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Abstract Ecological theory predicts a positive
influence of local-, landscape-, and regional-scale
spatial environmental heterogeneity on local species
richness. Therefore, knowing how heterogeneity
measured at a variety of scales relates to local species
richness has important implications for conservation
of biological diversity. We took a statistical modeling
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approach to determine which metrics of heterogeneity measured at which scales were useful predictors of
local species richness, and whether the heterogeneitylocal richness relationship was always positive. Local
plant species richness data came from 400-m2
vegetation plots in North and South Carolina, USA.
At each of four scales from within plots to across
regions, we used either GIS or field data to calculate
measures of heterogeneity from abiotic environmental variables, vegetation productivity data, and land
cover classifications. Among all predictors at all
scales, we found that no measure of heterogeneity
was a better predictor of local richness than mean pH
within plots. However, at scales larger than within
plots, measures of heterogeneity were correlated most
strongly with local richness, and each of the three
classes of variables we used had a distinct scale at
which it performed better than the others. These
results highlight the fact that ecological processes
occurring across multiple scales influence local
species richness differently. In addition, relationships
between heterogeneity and richness were usually,
though not always, positive, underscoring the importance of processes that occur at a variety of scales to
local biodiversity conservation and management.
Keywords Conservation  Elevation  Land cover 
Longleaf pine communities  Soil nutrient
availability  Spatial heterogeneity hypothesis 
Spectral variation hypothesis  Vegetation
productivity
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Introduction
Worldwide, landscapes increasingly include a mix of
relatively natural habitat in a mosaic of human land
uses. Thus, effective biodiversity conservation of
local sites requires understanding the influence of the
broader context in which they occur. Ecological
theory predicts that spatially varying environments
promote biodiversity locally because heterogeneous
environments allow more species to coexist locally
than homogenous environments allow. For example,
within a site, variation in resource availability can
reduce the effect of competitive exclusion, allowing
more species to coexist locally (Ricklefs 1977;
Chesson 2000; Snyder and Chesson 2004). This
predicted positive influence of local heterogeneity is
the so-called spatial heterogeneity hypothesis. Testing this mechanism experimentally and empirically
has become an important focus of ecological research
(Reynolds et al. 2007; Lundholm 2009).
Environmental heterogeneity, however, can affect
local diversity through different mechanisms acting at
different scales (Shmida and Wilson 1985; Ricklefs
1987; Snyder and Chesson 2004). In addition to local
variation, ecological theory predicts that heterogeneity
at larger scales can also influence local species
richness. Within a landscape, spatial variation in the
composition or configuration of vegetation can lead to
spatially-structured metapopulations, which can promote local population persistence via mechanisms
such as source-sink dynamics and the rescue effect
(Brown and Kodric-Brown 1977; Pulliam 1988).
Regionally, greater heterogeneity increases the size
of the regional species pool, or the species that are
available to colonize a given local area, which can also
lead to an increase in local species richness. Despite
the fact that theory predicts a positive influence of
environmental heterogeneity from local to regional
scales on local species richness, few studies have fully
investigated the relationship between local richness
and heterogeneity measured across multiple scales.
Our study integrates data from vegetation plots in the
southeastern US with variables derived from GIS and
remotely-sensed data in order to examine the relationship between local plant species richness and heterogeneity at local, landscape, and regional scales.
While a comprehensive examination of the effects
of heterogeneity measured at multiple scales on local
species richness is currently lacking, several studies
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have shown a positive relationship between heterogeneity variables measured at a single scale and species
richness. Usually, these studies measure heterogeneity
and species richness at the same scale, whether across
local sites, landscapes, or regions. Local metrics of
heterogeneity have usually come from field data
within or near the sites where species richness is
sampled. Most often, local heterogeneity has been
measured in terms of variation in soil resource
availability or vegetation structure (Gould and Walker
1997; Davies et al. 2005). Across landscapes, heterogeneity is often measured in terms of variation in land
cover or vegetation productivity and is often derived
from remote sensing or GIS data, although there is
considerable variation among studies in the variables
used (St-Louis et al. 2006; Parviainen et al. 2009). For
example, St-Louis et al. (2006) show that image
texture metrics describing variability in vegetation
productivity across a landscape are useful predictors of
bird richness in the same landscape in New Mexico.
Regionally, heterogeneity has been most often characterized in terms of topographic, climate or land
cover variation summarized within the boundaries of
ecoregions. Studies have found a positive relationship
between regional heterogeneity and regional richness
of a variety of taxa, including mammals (Kerr and
Packer 1997), birds (Hurlbert and Haskell 2003),
insects (Kerr et al. 2001), and plants (Jimenez et al.
2009). While these previous studies have demonstrated that heterogeneity metrics can be useful
predictors of species richness, there is no consensus
on which heterogeneity variables, scales of measurement, or metrics of heterogeneity are most relevant for
modeling species richness measured locally.
The relationship between local species richness and
environmental heterogeneity at different scales is especially relevant for conservation. Assessing the relationship between local richness and heterogeneity metrics
that are measured at a variety of scales will provide
important information about the scales at which habitat
variability is relevant for maintaining and conserving
species-rich sites. In addition, measures of heterogeneity could be important for informing assessments of
local biodiversity across large extents. Commonly-used
approaches for mapping biodiversity, such as indirect
mapping of biodiversity via habitat classification,
largely ignore variability within habitats and thus may
fail to capture aspects of the landscape that are important
to some species (Nagendra 2001). Thus, Palmer et al.
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(2002) proposed the ‘‘spectral variation hypothesis’’,
stating that heterogeneity measures derived from
remotely sensed images at a number of scales should
be related to species richness and could be used as a tool
for these biodiversity assessments. A comprehensive
look at the relationship between heterogeneity and local
species richness could inform the use of heterogeneity in
biodiversity assessments.
The aim of this study was to assess how local plant
species richness relates to heterogeneity at local,
landscape, and regional scales. We used data from
vegetation communities in North and South Carolina
(NC and SC), USA, to measure local plant species
richness (within 400 m2 vegetation plots). We then
used mixed-effects models to relate local plant richness to measures of heterogeneity encompassing
abiotic environmental variables, vegetation productivity, and land cover classes. For each of these three
types of predictor variables, we computed the same
suite of metrics at four scales: (1) within vegetation
plots, (2) within habitat patches surrounding plots, (3)
within neighborhoods spanning multiple habitat
patches surrounding plots, and (4) across regions in
which plots were situated. The metrics we computed
for land cover were variety and Simpson’s Index of
diversity (Simpson 1949), and for all other variables,
we computed variance, standard deviation, range, and
CV. We also computed the mean of each variable
except land cover at each scale as a measure of overall
resource availability and productivity for comparison
with heterogeneity metrics. We made this comparison
because the relationship between species richness and
overall resource availability and productivity are
important areas of research in ecology (Mittelbach
et al. 2001; Cornwell and Grubb 2003). Recently,
measures of central tendency of abiotic environmental
variables and productivity at a variety of scales have
been shown to be correlates of plant species richness
(Davies et al. 2005; Waring et al. 2006). Therefore,
comparing models with heterogeneity metrics as
predictors to those with means as predictors allowed
us to fully assess the utility of heterogeneity metrics.
Our goal was to analyze a broad range of heterogeneity metrics to determine which are most useful for
predicting local richness. At the same time, we chose
measures of heterogeneity similar to those used in
previous studies to allow comparison with those
studies. Furthermore, by calculating heterogeneity
using widely available data, we ensured that our
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methods could be applied to vegetation plots spanning
a large region. We asked:
1.

2.
3.

Is local plant species richness correlated with
environmental heterogeneity measured at local
and larger scales and is the relationship always
positive as predicted by ecological theory?
What is the best way to measure heterogeneity at
each scale for predicting local plant richness?
Is there a characteristic scale at which heterogeneity appears to have the greatest effect on local
plant richness?

Based on previous studies, we hypothesized that
heterogeneity would predict local plant species richness
at all scales, and that the direction of the heterogeneityrichness relationship would be positive at each scale.
Because the ecological processes influencing local
species richness differ at each scale, we predicted that
the heterogeneity measure most related to local richness
would differ by scale and correspond with findings of
previous studies. In particular, within plots, we
expected heterogeneity of soil resource availability to
be the best predictor of plant richness because several
previous studies have shown those variables to be
important predictors within vegetation plots (Gould and
Walker 1997; Davies et al. 2005) Within habitats and
across multiple-patch neighborhoods, we expected
heterogeneity of vegetation productivity to be the best
predictor of richness because other researchers have
shown variability in productivity at those scales to be a
good predictor of species richness (St-Louis et al. 2006).
Because previous studies have demonstrated that
regional land cover heterogeneity relates to richness
(Kerr et al. 2001), we predicted that either measures of
topographic or land cover heterogeneity would be the
best regional predictor of local richness. Finally,
because heterogeneity measured locally corresponds
spatially with local measures of richness, we expected
that local measures of heterogeneity would show the
greatest effect on local species richness of all heterogeneity measures in our study.

Methods
Study area
The Southeast Coastal Plain of the United States
provides a good context in which to study the
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relationship between habitat heterogeneity and plant
species richness. The region is home to a rich diversity
of plant species, 27% of which are endemic there
(Sorrie and Weakley 2001). Many plant communities
occur in the region, including longleaf pine (Pinus
palustris) savannas and flatwoods, shrub wetlands
(‘‘pocosins’’), bottomland hardwood forests, and tidal
marshes. Vegetation is greatly influenced by soil
characteristics and elevation. Species-rich longleaf
pine ecosystems occur on more sandy soils, while
pocosin vegetation occurs where soil organic matter
content is high. Subtle differences in these soil
characteristics as well as elevation and geographic
location can result in large variation in local plant
species richness within and among plant communities
in the region (Christensen 2000; Peet 2006).
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Agency (EPA) 2004, Fig. 1). These plot data are part
of the Carolina Vegetation Survey (CVS) database,
and were collected between 1998 and 2007. CVS is a
long-term inventory and characterization of plant
composition in the natural communities of the Carolinas and has followed a consistent data collection
protocol (Peet et al. 1998). Plots in the database are
located throughout NC and SC, but are not uniformly
distributed throughout the region (Fig. 1). Although
CVS plots vary in size from 100 to 1000 m2, all the
plots used for this study contain four intensively
sampled 10 9 10 m2 quadrats, in which the identity of
each vascular plant species has been recorded and
environmental data have been collected. Our measure
of plant species richness was the total number of plant
species across the four intensively sampled quadrats,
for an effective plot size of 400 m2.

Species richness data
Heterogeneity data
Species richness data came from 150 vegetation plots
in NC and SC, in Omernik’s Level III Middle Atlantic
Coastal Plain ecoregion (Environmental Protection
Fig. 1 Study area in the
Middle Atlantic Coastal
Plain ecoregion
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We characterized heterogeneity using three types of
variables: abiotic environmental variables, variables
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related to vegetation productivity, and land cover
classes (Table 1). Each of these variables was measured
at four scales for each plot location: within each
vegetation plot (hereafter, ‘‘within-plot’’), within the
habitat patch on which each plot was located (‘‘withinhabitat’’), within circular neighborhoods surrounding
each plot (‘‘neighborhood’’), and across regions
(‘‘regional’’; see Table 1). Land cover heterogeneity
was not measured within vegetation plots because plots
were explicitly located in areas assumed to be representative of a single vegetation community type, and
because the size of plots prohibited measurement of
variation in land cover given the resolution of the GIS
and remotely-sensed data we used for that variable.
To characterize within-plot heterogeneity, we used
habitat data collected at the time of plot sampling.
One soil sample was collected within each of the four
intensively sampled quadrats and soil chemistry
analysis was performed on the samples by Brookside
Laboratories, Incorporated, New Knoxville, Ohio.
Within-plot abiotic variables used were soil pH and
percent organic matter content sampled within each
quadrat in each plot. As a local-scale productivity
measure, we used basal area of all stems greater than
2.5 cm dbh, which was measured within each quadrat. To calculate heterogeneity for the soil variables
and basal area, we computed the variance, standard
deviation, range, and coefficient of variation (CV) of
values from the quadrats in each plot.
We used GIS to delineate extents across which
within-habitat, neighborhood, and regional scale heterogeneity metrics would be calculated (Table 1; Fig. 2).

For both within-habitat and neighborhood scales, we
measured heterogeneity within three radius lengths
from plot locations: 150, 450, and 1380 m of plot
locations. To delineate neighborhoods, we employed
three, progressively larger, circular buffers with those
radii surrounding each plot location, resulting in areas of
7, 64, and 600 ha, respectively (Fig. 2a). We chose
these sizes because they approximate the neighborhoods
recommended by Riitters et al. (2000) as appropriate
scales for summarizing landscape patterns. For the
within-habitat scale, we used these three radii surrounding each plot, extracting only the group of contiguous
pixels surrounding each plot that were mapped as a
single vegetation type in the 2001 National Land Cover
Database (NLCD, Homer et al. 2007, Fig. 2b, c). Thus,
for each radius length, habitat patch sizes differed
among plots and had mean sizes of 5, 37, and 235 ha,
respectively. To delineate regions, we used single Level
IV ecoregion polygons within the EPA’s Middle
Atlantic Coastal Plain ecoregion. There were 17 of
these regional polygons containing vegetation plots in
our study area. These regions ranged from 38,000 to
705,000 ha (380–7050 km2) in size, and had a mean
area of 182,100 ha (1821 km2).
We used three types of environmental variables to
measure heterogeneity from GIS and remotely sensed
data at within-habitat, neighborhood, and regional
scales. First, as an abiotic factor at each of these
scales, we calculated topographic heterogeneity using
a 1999 digital elevation model (DEM) from the
National Elevation Database (U.S. Geological Survey
[USGS] 1999). Second, we used the normalized

Table 1 Scales, extents, predictor variables, and metrics included in this analysis
Levela

Scale

Extent or radius

Abiotic variableb

Productivity variableb

Land cover variablec

1

Within-plot

400 m2 plot

Soil pH and OMd

Basal area

N/A

1

Within-habitat

150 m radius

Elevation

NDVI

Land cover

450 m radius

Elevation

NDVI

Land cover

1380 m radius

Elevation

NDVI

Land cover

1

2
a

Neighborhood

Region

150 m radius

Elevation

NDVI

Land cover

450 m radius

Elevation

NDVI

Land cover

1380 m radius

Elevation

NDVI

Land cover

Ecoregions

Elevation

NDVI

Land cover

Indicates level of predictor in mixed-effects models

b

Mean, variance, standard deviation, range, coefficient of variation were calculated

c

Simpson’s diversity index and variety were calculated

d

Soil organic matter (%)
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b Fig. 2 An example showing how heterogeneity was calculated

at neighborhood and within-habitat scales for 150, 450 and
1380-m radius lengths. a For the neighborhood scale,
heterogeneity metrics were calculated across circular buffers
surrounding each plot. b For the within-habitat scale, first, a
habitat was defined for each radius length surrounding a plot by
extracting a group of contiguous pixels mapped as a single
vegetation type in the 2001 National Land Cover Database.
c Next, heterogeneity metrics at the within-habitat scale were
calculated across those patches. a and c show 2001 neighborhood and within-habitat scales overlaid on GAP 2001 land
cover

difference vegetation index (NDVI) as a measure of
productivity at each of these scales. NDVI is an
often-used index of greenness calculated from
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reflectance in the near infrared and red portions of
the electromagnetic spectrum that has been shown to
correlate well with aboveground net primary productivity (Pettorelli et al. 2005). It is especially useful as
a proxy for productivity at larger scales across which
direct measurements of productivity are not possible.
For within-habitat and neighborhood scales, we used
NDVI data from 14 Landsat TM images from the
growing seasons of 2000–2002 that had previously
been mosaicked as part of the 2001 NLCD land cover
classification (Homer et al. 2004). Across ecoregions,
we used NDVI from the MODIS sensor aboard the
EOS AM and EOS PM satellite platforms
(MOD13Q1, collection 5.0, NASA 2008). For each
pixel in the MODIS data, we calculated the mean
NDVI value from all images from 2001 to 2007.
Therefore, our measure of productivity at the regional
scale is an aggregate representing longer-term persistent patterns of productivity. We used this single
mean image to extract heterogeneity metrics at this
scale. Third, for land cover heterogeneity metrics, we
used the 2001 Gap Analysis Program’s (GAP) land
cover map (Southeast Gap Analysis Project 2008).
The DEM, Landsat NDVI and GAP data have 30 m
resolution. MODIS NDVI data have a resolution of
250 m.
Within the three sizes of habitat patches and
circular neighborhoods, as well as region polygons,
we calculated the mean, range, variance, standard
deviation, and coefficient of variation of all elevation
and productivity values (Table 1). We also calculated
the variety of land cover classes, as well as Simpson’s
Index (Simpson 1949) of land cover diversity.
Simpson’s Index was used because it has been shown
to be less sensitive to rare cover types, and thus to
classification errors in land cover data, relative to
other diversity indices (Nagendra 2002). Therefore,
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while land cover variety represents the richness of
land cover types, Simpson’s Index emphasizes the
evenness component of land cover diversity.
Analysis
To address our first question about whether plant
species richness is correlated with measures of heterogeneity at local and larger scales, we used linear
mixed-effects models (Zuur et al. 2009). We fit mixedeffects models using maximum likelihood estimation
using region as a random effect and with random
intercepts. By grouping the data into regions, these
mixed-effects models incorporated similarities among
vegetation communities sampled in our plot data in a
more ecologically meaningful way than would incorporating a measure of simple geographic distance. In
our models, the response was always within-plot
species richness. For within-plot, within-habitat,
neighborhood, and regional scales, we fit separate
univariate models for each heterogeneity metric
(Simpson’s Index or variety for land cover; variance,
standard deviation, range, or CV for abiotic variables
and productivity), and compared those to a univariate
model incorporating the mean value of each variable at
the same scale. Means were not calculated for land
cover because land cover data were categorical.
Within-plot, within-habitat, and neighborhood metrics
were treated as level-1 predictors, while regional
metrics were level-2 predictors in our mixed-effects
models. We calculated correlation between pairs of
predictor variables for each variable, scale, and radius.
To determine which type of distribution or transformation to use for species richness as the response,
we fit linear mixed-effects models using normal
distributions with both untransformed and log-transformed species richness as the response, as well as
generalized linear mixed models using Poisson
distributions. We compared the results of these three
using AIC to determine which type was most
appropriate for our species richness data. To compare
these models, we scaled the AIC from the log-normal
models to the raw response for comparison. We fit all
linear mixed-effects models using the lme function in
the nlme package (Pinheiro et al. 2009) in R (R
Development Core Team 2009). To determine
whether to model the relationship as linear or to use
a higher-order polynomial relationship, we fit generalized additive models (GAMs) to the species
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richness data using a smoother for each predictor and
examined the general shape of the relationship using
the mgcv package (Wood 2006) in R.
We used the approach of Burnham and Anderson
(2002) to compare models containing each heterogeneity metric or mean and determine the best model
for each variable at each scale and radius. For models
using regional variables as predictors, we computed
AICc based on a sample size equal to the number of
regions (level-2 groups). We used an extra sum-ofsquares F-test to compare models containing each of
the heterogeneity metrics for each variable type at
each scale and radius to the unconditional means
model, which contains no predictors but still accounts
for structure in the data because data are grouped by
region.
We addressed our second research question once
we had established the best metric for each variable at
each radius and scale. We used the Burnham and
Anderson approach to determine the best predictor of
plant species richness among all variables and radii at
each scale. To quantify the proportion of variation in
the species richness data explained in each of the
univariate models, we calculated level-1 and level-2
pseudo-R2 statistics from the variance components of
the mixed-effects models (Singer and Willett 2003).
We addressed our third question about the scale at
which heterogeneity has the greatest effect on local
richness in two ways. First, we compared AICc
values for all models to determine the best overall
predictor. Second, for each variable class (abiotic,
productivity and land cover) we quantified the
relative effects of level-1 and level-2 heterogeneity
measures on plant species richness using bivariate
mixed-effects models. For each of the three classes of
variables, we used the best heterogeneity metric,
whether level-1 or level-2, and combined it with a
corresponding metric calculated at the other level.
Thus, the two predictors had the same units in each
model, and the ratio of level-1 to level-2 coefficients
in a given model was equivalent to the relative
influence of the two predictors. We took a Bayesian
approach for this part of our analysis because
frequentist methods for calculating the variance of
the ratio of two parameters are only approximate. In
contrast, the Bayesian approach allowed us to estimate the ratio directly by capturing the uncertainty in
parameter estimates and propagating that uncertainty
through to the ratio (Gelman and Hill 2007). We used
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the arm (Gelman et al. 2009) package of R, which
interfaces with WinBUGS (Lunn et al. 2000). We
used Markov chain Monte Carlo (MCMC) sampling
to fit mixed-effects models with random intercepts
containing local and regional variables. Our models
had locally uniform priors for fixed effects and noninformative priors for random effects, and we sampled for 10,000 iterations. This approach allowed us
to calculate ratios of level-1 to level-2 coefficients in
each model and quantify the relative effect of each
predictor. Thus, for each class of variable, we
determined the relative influence of the two scales
of heterogeneity on richness.
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Table 2 Best predictor for each variable and radius at each
scale, based on model selection
Scale

Variable and radius (m)

Best model

Within-plot

pH

Mean

OM

Mean

Within-habitat

Results
Neighborhood

Correlations among predictors for a variable, scale,
and radius ranged from strongly positive (1.00) to
strongly negative (-0.92), and were generally strongest at smaller scales and radius lengths (Appendix 1
in Electronic Supplementary Material). Fitting GAMs
to smoothed predictors suggested linear relationships
between species richness and all of the metrics except
mean within-plot pH. A quadratic relationship was
suggested for mean pH, so we used a quadratic term
in all models containing that variable. In addition, our
comparison of AIC among normal, log-normal, and
Poisson distributions indicated that the linear mixedeffects model with normal distribution and logtransformed species richness was most appropriate,
so we present results from those models here.
Within plots, the means of each variable predicted
richness better than measures of heterogeneity. At
within-habitat, neighborhood, and regional scales, a
heterogeneity metric was always a better predictor of
species richness than the mean when the unconditional means model (the model containing no
predictors but still accounting for regional structure
in the data) was not selected (Table 2). Within
habitats, for elevation, NDVI, and land cover,
heterogeneity metrics were the best predictors and
better than the unconditional means model. Across
neighborhoods, for elevation, but not NDVI or land
cover, heterogeneity metrics were the best predictors
of plant species richness and were better than the
unconditional means model. At the regional scale, for
elevation and land cover, but not NDVI, measures of
heterogeneity were the best predictors and were
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Regional

Basal area

Mean

Elevation 150

*

Elevation 450

Standard deviation

Elevation 1380

Variance

NDVI 150

*

NDVI 450

Standard deviation

NDVI 1380

Standard deviation

Land cover 150

Simpson’s

Land cover 450

Simpson’s

Land cover 1380

Simpson’s

Elevation 150

Variance

Elevation 450

Standard deviation

Elevation 1380
NDVI 150

Variance
*

NDVI 450

*

NDVI 1380

*

Land cover 150

*

Land cover 450

*

Land cover 1380

*

Elevation

Range

NDVI

*

Land cover

Variety

See Appendix 2 in Electronic Supplementary Material for full
model comparison results and statistics for each variable and
radius at each scale
Asterisk (*) indicates the unconditional means model was
better than models containing any of the metrics as predictors

better than the unconditional means model. See
Appendix 2 in Electronic Supplementary Material
for full model results and all statistics for the
comparison among univariate mixed-effects models.
We compared the best predictors within each scale
(Table 3). Of all variables at the within-plot scale,
mean pH was the best predictor of species richness.
Within habitats, the standard deviation of NDVI at
450 m was the best predictor and had a negative
relationship with species richness (Fig. 3a). Across
neighborhoods, the variance of elevation at 150 m
was the best predictor, and was positively related to
species richness (Fig. 3b). Across regions, land cover
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Table 3 Model comparison among the best univariate models for each scale, extent, and radius (see Table 2)
Loglikelihood

Ka

AICc

D
AICc

wi

Unconditional means

-668.13

3

1342.42

14.40

0.00

Mean pH

2644.21

5

1296.70

0.00

1.00

0.57

0.24

Inverted U

Mean OM

-664.54

4

1337.35

40.65

0.00

0.24

0.03

Neg. linear

-0.04

0.12

Neg. linear

0.16

0.03

Pos. linear
Pos. linear

Scale

Model

Within-plot

Withinhabitat

Neighborhood

Regional

Radius

Mean basal area

-659.87

4

1328.02

31.32

0.00

Unconditional means

-668.13

3

1342.42

5.53

0.03

Level2 R2 b

Level1 R2 b

Shape

Elevation heterogeneity

450 m

-664.97

4

1338.22

1.34

0.20

Elevation heterogeneity

1380 m

-666.71

4

1341.69

4.80

0.04

0.13

0.01

NDVI heterogeneity

450 m

2664.31

4

1336.89

0.00

0.39

20.02

0.06

Neg. linear

NDVI heterogeneity

1380 m

-666.28

4

1340.83

3.94

0.06

0.02

0.02

Neg. linear

Land cover heterogeneity

150 m

-665.66

4

1339.59

2.70

0.10

-0.10

0.04

Neg. linear

Land cover heterogeneity

450 m

-665.75

4

1339.77

2.88

0.09

-0.12

0.04

Neg. linear

Land cover heterogeneity

1380 m

-0.10

0.04

Neg. linear

Unconditional means

-665.72

4

1339.72

2.83

0.10

-668.13

3

1342.42

9.19

0.01

Elevation heterogeneity

150 m

2662.47

4

1333.22

0.00

0.58

20.05

0.08

Pos. linear

Elevation heterogeneity

450 m

-664.15

4

1336.57

3.35

0.11

0.11

0.05

Pos. linear

Elevation heterogeneity

1380 m

-663.12

4

1334.51

1.29

0.31

0.08

0.06

Pos. linear

Unconditional means

-668.13

3

1342.42

4.10

0.09

Elevation heterogeneity

-664.72

4

1340.77

2.45

0.21

0.45

0.00

Pos. linear

Land cover heterogeneity

2663.49

4

1338.32

0.00

0.70

0.57

0.00

Pos. linear

Boldface indicates the best univariate model for a given scale, based on D AICc
a

Number of parameters estimated in the model

b

Indicates the pseudo-R2 values calculated from components of the variance matrix

variety was the best predictor of plant species
richness, and the relationship was positive (Fig. 3c).
A comparison of AICc from models using these four
predictors showed that mean within-plot pH was the
best overall predictor of plant species richness. The
variance of elevation across a neighborhood with
radius 150 m was the best overall heterogeneity
metric.
Results from the MCMC analysis show that the
same type of heterogeneity had varying effects at
neighborhood or within-habitat (level-1) and regional
(level-2) scales. Because the best measure of land
cover heterogeneity was regional land cover variety,
we used a model combining that metric with the same
metric calculated in neighborhoods within 1380 m of
plot locations. The posterior distribution of the ratio
of the coefficients for within-habitat and regional
heterogeneity in that model had a median of 0.90 and
a 95% credibility interval below 1.00 (Fig. 4a). This
distribution indicates that on average for land cover, a

one-unit change in heterogeneity surrounding vegetation plots corresponded to the same change in
species richness as a 0.90-unit change in regional
heterogeneity does. Therefore, regional land cover
heterogeneity had a greater correlation with species
richness than local land cover heterogeneity. For the
bivariate elevation model, we combined variance
measured across a 150-m radius neighborhood with
regional elevation variance. The posterior distribution
of the ratio of level-1 to level-2 coefficients had a
median of 1.04, with a lower limit of the 95%
credibility interval greater than 1.00 (Fig. 4b). Therefore, a one-unit change in elevation heterogeneity in
neighborhoods nearly always had a greater effect on
species richness than an equivalent regional change.
Finally, we combined standard deviation of NDVI in
habitat patches within 450 m of vegetation plots with
regional NDVI standard deviation. The posterior
distribution of the ratio was highly skewed, with a
median of 0.02, and a credibility interval between
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b Fig. 3 The

relationship between species richness and:
a within-habitat NDVI heterogeneity, measured as the standard
deviation of NDVI across habitat patches, b neighborhood
elevation heterogeneity, measured as the variance in elevation
across neighborhoods, c regional land cover heterogeneity,
measured as the variety of land cover classes. The lines
represent the fitted values for the population. In c the light dots
represent all data, and dark dots represent fitted values for
groups

Discussion

1.4 9 10-5 and 5.2 9 101 (Fig. 4c). Thus, the ratio
of level-1 to level-2 coefficients in this model was
highly variable, likely because regional NDVI heterogeneity was not a significant univariate predictor.
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Local species richness is structured by different
ecological processes acting at different scales (Shmida and Wilson 1985; Levin 2000). We investigated
the relationship between local plant species richness
and variables measured across a variety of spatial
scales in order to better understand these processes.
Our results emphasize that (a) heterogeneity measured at a range of scales is correlated with local
species richness, and (b) the strength and shape of the
relationship depends on the heterogeneity variable
used and the scale at which it is measured.
Within vegetation plots, mean pH was the best
predictor, and predicted species richness better than
any other variable or metric used in this study at any
scale. By relating heterogeneity and richness measured within the same local sampling units, this
portion of our study tested the spatial heterogeneity
hypothesis, but found no support for it. Heterogeneity
likely matters at this scale, and several previous
studies have indeed found support for the spatial
heterogeneity hypothesis (e.g., Davies et al. 2005;
Jimenez et al. 2009). This result also contradicted our
hypothesis that plot-level heterogeneity would be the
best overall predictor. The level of environmental
variation within plots may be too small to capture
with the metrics and variables we used, or with the
precision recorded in the CVS database. The inherent
characteristics of the vegetation plots used in this
analysis could account for the fact that the means of
variables were better predictors than heterogeneity
metrics within plots. Because Carolina Vegetation
Survey plots were located to inventory sites that are
characteristic of a single vegetation community and
environmental setting, variation in environmental
variables within plots is likely minimal and any
single plot likely does not capture the heterogeneity
present within communities. Sampling within transects spanning a gradient of community and abiotic
characteristics, as has been done in previous studies
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Fig. 4 Posterior distributions of the ratio of level-1 to level-2
coefficients from MCMC analysis for: a land cover heterogeneity, b elevation heterogeneity, and c NDVI heterogeneity

(e.g., Gould and Walker 1997) may better facilitate
examination of the effect of local heterogeneity on
local species richness.
Across neighborhoods, elevation heterogeneity
showed a positive relationship with local plant
species richness. Neighborhood-scale elevation heterogeneity was the strongest heterogeneity predictor
overall, and had a greater influence on richness than
regional elevation heterogeneity. This result suggests
that processes occurring across neighborhoods have a
greater effect on local species richness than processes
occurring within habitats or at regional scales. For
example, greater variability among habitats across
neighborhoods could result in increased source-sink
dynamics among habitat patches, which act to
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maintain local population sizes via the rescue effect
(Brown and Kodric-Brown 1977; Pulliam 1988).
Alternatively, our results may reflect a scenario
related to species pool theory, which states that there
are environmental and geographic factors that act at
different scales to determine local species composition and richness (Kelt et al. 1995; Belyea and
Lancaster 1999). Heterogeneity measured across
neighborhoods in this study may be similar to the
scale at which plants disperse from neighboring
habitat patches. The positive relationship we found
between neighborhood heterogeneity and local richness suggests that heterogeneity at this scale could be
associated with decreased constraints on dispersal.
The fact that elevation heterogeneity was the best
predictor at the neighborhood scale is contrary to our
hypothesis that heterogeneity of plant productivity
would be the best predictor at this scale. Previous
studies measuring heterogeneity at similar ecological
scales have often measured heterogeneity in terms of
vegetation productivity (e.g., St-Louis et al. 2006).
However, elevation heterogeneity is likely an important predictor on the Southeast Coastal Plain because
different vegetation communities result from subtle
changes in elevation, and this variation can lead to
considerable differences in plant species richness and
composition (Peet 2006).
Within habitats, NDVI heterogeneity showed a
negative relationship with species richness. In fact,
the dominant relationship for heterogeneity variables
measured within habitats was negative (Table 3). The
negative relationship is contrary to our hypothesis
that the heterogeneity-richness relationship would be
positive at all scales. The negative relationship we
found could be because habitats with more variation
in productivity also have lower overall productivity.
Within habitats, mean and standard deviation of
NDVI are negatively correlated, although the strength
of the relationship is relatively weak (Appendix 1 in
Electronic Supplementary Material). This negative
relationship may also be a direct result of the way in
which patches were delineated in this study. We
delineated patches based on areas of contiguous
vegetation according to NLCD land cover data.
Because relatively species poor communities in the
Southeast, such as pocosin, exist within larger
expanses of vegetation, patch sizes for these vegetation types are likely higher. Consequently, there is
more potential for variation and heterogeneity within
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these larger patches. Indeed, patches surrounding
plots with lower than average values of NDVI
heterogeneity had a mean size of 30.4 ha, while
those with higher values of NDVI heterogeneity had a
mean size of 38.9 ha. In addition, Fig. 3a suggests
that a few outliers could be responsible for the
negative relationship between local species richness
and elevation heterogeneity at the habitat scale.
Land cover heterogeneity across regions showed a
positive relationship with local richness and had a
stronger effect on richness than land cover heterogeneity within habitats. Heterogeneity measured across
regions represents variability in the number of habitat
types within an ecoregion, which are partially the
result of longer-term processes, such as soil formation, that influence the total pool of species available
to colonize any local area. Therefore, the positive
regional heterogeneity-local richness relationship we
found could be because regional heterogeneity acts to
increase local species richness by increasing the
number of species in the regional species pool,
providing a larger group of species available before
dispersal and environmental filters. The fact that land
cover heterogeneity was the best predictor at the
regional scale is consistent with our hypothesis and
other studies (e.g., Kerr and Packer 1997).
Land use patterns in the Southeast Coastal Plain
could also account for the heterogeneity-richness
relationships seen here. In this analysis, the neighborhood and regional scales incorporated variability
across both areas of human land use and relatively
natural areas. In the region, historical conversion to
agriculture and other human development occurred
first in the most fertile longleaf pine communities,
where highest plant richness naturally occurs (Frost
2006). Therefore, the positive correlation between
richness and heterogeneity at neighborhood and
regional scales could be because the richest communities are also the ones in the most fragmented
landscapes.
Our results suggest that measures of heterogeneity
may be generally useful in predictive models of local
biodiversity. Some such models have already incorporated heterogeneity (e.g., Ewers et al. 2005);
however, there is no consensus about how or at
which scales to measure heterogeneity. In our study,
heterogeneity measures across broad extents better
predicted richness than the means of variables such as
NDVI, elevation and land cover. Therefore,
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incorporating those heterogeneity measures could
help predict richness. Specifically, by showing that at
within-habitat and neighborhood scales, local richness could be predicted by variation in unclassified
spatial data (elevation and NDVI), we found support
Palmer et al.’s (2002) spectral variation hypothesis,
as a tool that can inform surveys of species richness.
Our study examines whether heterogeneity variables are useful predictors of plant species richness.
This study does not aim to develop the best multivariate models to predict richness, but rather to
examine the richness-heterogeneity relationship using
a range of readily available heterogeneity metrics
derived from ecologically meaningful variables
across a variety of scales. Indeed, other factors, most
notably disturbance history, certainly have an important influence on plant species richness in the region
and should be included in any comprehensive modeling effort.
Overall, this study provides a comprehensive
examination of the relationship between heterogeneity and local richness. The results of this analysis are
broadly consistent with, but extend the findings of
other studies that have examined the relationship of
heterogeneity and species richness measured at a
single scale for many taxa (St-Louis et al. 2006;
Jimenez et al. 2009; Lundholm 2009). Our results
show that measures of heterogeneity at multiple
scales are related to local species richness and the
relationship is usually, though not always, positive.
The strength and shape of the relationship vary by
scale, highlighting the fact that local species richness
is determined by different processes operating at
different scales, from local to regional.
These results have important implications for how
biodiversity conservation is accomplished. Because
we found that heterogeneity at large scales was
correlated to local richness, our study suggests that
conservation of biodiversity consider processes that
occur at a variety of scales surrounding those sites.
The within-habitat scale, measured within contiguous
vegetation at extents of less than 1 ha to 600 ha,
corresponds most closely to a single forest stand or
conservation preserve. The neighborhood scale measured variability across vegetation and non-vegetation surrounding plots, and might approximate the
scale of a preserve plus the surrounding land uses,
while the regional scale, measured at extents of
38,000–705,000 ha, is close to the scale of a large
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watershed. The influence of heterogeneity across
these broad scales on local richness indicates that
conservation efforts must consider the larger landscape, including human land uses, when aiming to
conserve local sites. Indeed, these results provide
support for ecosystem management, which works to
achieve conservation while integrating broad-scale
ecological and social factors across regional extents
(Christensen et al. 1996), as an effective approach for
conserving local richness. As habitat fragmentation
increasingly segments the landscape, an empirical
understanding of how large-scale heterogeneity contributes to small-scale species diversity will be of
vital importance to future conservation.
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