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Abstract
Context The landscape heterogeneity hypothesis
states that increased heterogeneity in agricultural
landscapes will promote biodiversity. However, this
hypothesis does not detail which components of
landscape heterogeneity (compositional or configurational) most affect biodiversity and how these compare to the effects of surrounding agricultural landuse.
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Objectives Our objectives were to: (1) assess the
influence of the components of structural landscape
heterogeneity on taxonomic diversity; and (2) compare the effects of landscape heterogeneity to those of
different types of agricultural land-use in the same
landscape across different taxonomic groups.
Methods We identified a priori independent gradients of compositional and configurational landscape
heterogeneity within an agricultural mosaic of northeastern Swaziland. We tested how bird, dung beetle,
ant and meso-carnivore richness and diversity
responded to compositional and configurational
heterogeneity and agricultural land-use across five
different spatial scales.
A. Ke
Department of Environmental Science, Policy and
Management, University of California at Berkeley,
Berkeley, CA 94720, USA
M. C. LaScaleia
Department of Biology, Tufts University, Medford,
MA 02155, USA
M. B. Lukhele  M. L. Mamba  M. D. Sibiya 
C. N. Magagula  T. Mahlaba  A. Monadjem
Department of Biological Sciences, University of
Swaziland, Kwaluseni M201, Swaziland

123

242

Results Compositional heterogeneity best explained
species richness in each taxonomic group. Bird and ant
richness were both positively correlated with compositional heterogeneity, whilst dung beetle richness was
negatively correlated. Commercial agriculture positively influenced bird species richness and ant diversity, but had a negative influence on dung beetle
richness. There was no effect of either component of
heterogeneity on the combined taxonomic diversity or
richness at any spatial scale.
Conclusions Our results suggest that increasing
landscape compositional heterogeneity and limiting
the negative effects of intensive commercial agriculture will foster diversity across a greater number of
taxonomic groups in agricultural mosaics. This will
require the implementation of different strategies
across landscapes to balance the contrasting influences
of compositional heterogeneity and land-use. Strategies that couple large patches of core habitat across
broader scales with landscape structural heterogeneity
at finer scales could best benefit biodiversity.
Keywords Landscape heterogeneity  Composition 
Configuration  Land-use  Biodiversity  Agriculture 
Africa  Scale  Conservation

Introduction
Agricultural landscapes are typically characterised as
heterogeneous mosaics comprised of ‘natural’ habitat
patches interspersed among patches of agricultural
land-use of varying intensity (Wright et al. 2012). The
effect of spatial heterogeneity on biodiversity is a
fundamental ecological concept, and there is evidence
that heterogeneous agricultural landscapes positively
influence biodiversity (Benton et al. 2003; Fuller et al.
2004; Fahrig et al. 2011). However, especially in the
developing world, heterogeneous agricultural landscapes are being increasingly developed for intensive
agriculture (Kastner et al. 2012), leading to landscape
simplification and biotic homogenisation (GámezVirués et al. 2015). The influence of landscape
heterogeneity on biodiversity in agricultural landscapes is thus an important consideration in determining land-use strategies best suited for conservation.
Landscape heterogeneity, however, is an ambiguous term that can capture different forms of spatial
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variation operating at different scales (e.g., Kotliar and
Wiens 1990; Li and Reynolds 1995). Here we
operationalize heterogeneity as the variability of the
landscape over space (Li and Reynolds 1995). In
agricultural landscapes, heterogeneity is typically
quantified across all land-cover types, because it is
the interplay of variation between agriculture and
other land-cover that is hypothesized to alter biodiversity (Fuller et al. 2004; Fahrig et al. 2011). While
landscape heterogeneity effects on faunal diversity
across all cover types have been demonstrated (Fahrig
et al. 2011; Perović et al. 2015), the landscape
heterogeneity that surrounds patches of natural habitat
may provide similar benefits for organisms. These
benefits can arise through several mechanisms, such as
providing a wider range of resources or through
altering the connectivity of the landscapes (Dunning
et al. 1992; Malanson and Cramer 1999; Tubelis et al.
2004; Steckel et al. 2014).
While there is increasing evidence that landscape
heterogeneity influences biodiversity, several gaps in
our knowledge remain. First, it is poorly understood
which components of landscape heterogeneity most
influence biodiversity. Two components of landscape
heterogeneity are formally recognised: (i) compositional heterogeneity, e.g., the diversity of land-cover
types; and (ii) configurational heterogeneity, which
reflects arrangement of land-cover across the landscape (Duelli 1997; Gustafson 1998; Fahrig et al.
2011). Isolating the role of compositional and configurational heterogeneity is important for the conservation of biodiversity. Each component emphasizes
different conservation strategies, due to the different
ways that composition (e.g., landscape complementation and supplementation) (Dunning et al. 1992) and
configuration (e.g., dispersal limitation, edge effects)
(Tscharntke et al. 2012) drive changes in biodiversity.
Second, disentangling the effect of the components of
landscape heterogeneity on biodiversity from the
impact of the surrounding agricultural land-use is
critical, particularly across agricultural land-uses of
varying intensity. There is evidence that the diversity
of cover types at the landscape scale i.e., higher
landscape compositional diversity, is critical for
maintaining diverse communities (Gámez-Virués
et al. 2015). In contrast, a number of studies have
demonstrated that agriculture reduces biodiversity and
that large contiguous areas of native vegetation are
required to maintain populations of native species
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(Schulze et al. 2004; Phalan et al. 2011; Kleijn et al.
2011). Thus, the amount and type of agriculture in the
landscape may have a greater influence on biodiversity
than heterogeneity itself.
The influence of landscape heterogeneity and
agricultural land-use on faunal diversity is also likely
to vary across taxonomic groups and spatial scales.
Different taxonomic groups interact with environmental variation at different scales, based on their inherent
dispersal abilities, resource requirements, and lifehistories (Henle et al. 2004; Maciejewski and Cumming 2016). Investigating the effects of landscape
heterogeneity and agricultural land-use on multiple
taxonomic groups at different spatial scales is thus
central in determining generalizable principles of the
influence of landscape patterns on biodiversity in
agricultural landscapes.
Our objectives were to: (1) assess the relative
influence of the components of structural landscape
heterogeneity, composition or configuration, on faunal
diversity in savanna patches within an agricultural
landscape and determine the spatial scale(s) of relevance; (2) disentangle the influence of structural
landscape heterogeneity on biodiversity from the
influence of variation in different agricultural landuses i.e., intensive commercial agriculture versus
subsistence agriculture; and (3) test the applicability
of managing landscape heterogeneity as a general
strategy in promoting diversity across different taxonomic groups. To address these objectives, we investigated biodiversity responses of multiple taxonomic
groups in savanna patches embedded across a large
gradient of agricultural intensification in southern
Africa. We chose birds, dung beetles, ants and mesocarnivores as taxonomic groups representing a range
of dispersal abilities, habitat requirements, life cycles
and trophic positions. We expected that the diversity
of the different taxonomic groups would display
differential responses to compositional and configurational landscape heterogeneity. Configurational
heterogeneity is thought to strongly affect species in
terms of limiting dispersal (Tscharntke et al. 2012).
Therefore, we predicted that configurational heterogeneity would influence the diversity of less mobile
taxa i.e., ants and dung beetles (Roslin 2000; Ness
et al. 2004). In contrast, we predicted that more
mobile, dispersive taxa i.e., birds and meso-carnivores
(Ferguson et al. 1983; Hockey et al. 2005), would be
most influenced by compositional heterogeneity and
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the breadth of resources available in the complementary habitats (Dunning et al. 1992). Finally, we
predicted that intensive commercial agriculture would
have a large, negative influence on faunal diversity.

Methods
Study area
Our study was conducted in the Lowveld region of
northeastern Swaziland (Fig. 1a, b), located within the
Maputaland-Pondoland-Albany (MPA) biodiversity
hotspot recognized for its high biodiversity and
endemism (Perera et al. 2011). The region experiences
mild, dry winters (8–26 °C; 0–50 mm) and hot, wet
summers (15–33 °C; 200–500 mm) (Goudie and Price
Williams 1983). The dominant vegetation type in the
region is savanna, with fine-leaved Vachellia and
Senegalia tree species on basaltic soils in the east and
dense stands of broad-leafed Spirostachys africana
and Combretum spp. on granitic soils in the west
(Goudie and Price Williams 1983). Northeastern
Swaziland is an important conservation region with
2–3% of land under formal protection, including both
government- and privately-owned protected areas
(Monadjem et al. 2003). Commercial agriculture in
the region is almost exclusively intensive sugarcane
monocultures (Esterhuizen 2015). Finally, a number
of rural settlements surrounded by subsistence rain-fed
agriculture occur across the region (Bailey et al. 2016).
Our
study
area
included
approximately
30 km 9 100 km of tropical savanna in the Lowveld
region, and captured variation across the savanna
vegetation type and competing land-uses.
Sampling landscape selection
Land-cover mapping
To quantify landscape heterogeneity in our study area,
we needed a classification system that delineated the
dominant and ecologically distinct land cover-types.
The best publicly available dataset was the GlobeLand30 product (Jun et al. 2014), which is a
30 m 9 30 m resolution land-cover dataset comprising eight land-cover classes of relevance to our study
region: Cultivated, Forest, Grassland, Shrubland,
Water, Wetland, Urban and Bare (Fig. S1). However,
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b Fig. 1 a Map of southern Africa showing the location of

Swaziland in green. b Map of Swaziland demonstrating the
extent of the study area. c Major land-cover classes and the
spatial arrangement of the sampling landscapes within the study
area, relative to protected areas. Land-cover classes include
Commercial Agriculture in red, Subsistence Agriculture in
orange, Savanna in light green, Woodland in dark green and
Water in blue. Buffers at 1000-m, 1500-m, 2-km, 3-km, 4-km
are shown for each sampling landscape. d A typical 2-km radius
study landscape demonstrating the placement of the five
50-m 9 50-m survey plots in a 550-m 9 550-m savanna
sampling grid

the dataset does not distinguish between different
types of agricultural land-use, with no distinction
made between intensive commercial (sugarcane) and
subsistence agriculture (rain fed small-holder agriculture) (Fig. S1). This distinction is highly relevant for
our study region. Additionally, the dataset did not
distinguish savanna, but rather classifies ‘‘natural’’
vegetation as grassland or forest (Fig. S1). Our study
region falls distinctly within the savanna biome of
southern Africa, and savanna is the dominant vegetation cover. Due to these thematic issues and the lack of
other fine-grained land-cover datasets with good
accuracy (Jacobson et al. 2015), we developed a
land-cover dataset from current satellite imagery that
matched the extent of the study region and distinguished between cover classes that we deemed
relevant in our landscapes (sensu Wulder and Coops
2014).
We used Google Earth Engine (GEE) (Google
Earth Engine Team 2015) to perform supervised pixelbased classification on Landsat 8 annual TOA-corrected percentile composite imagery (Goldblatt et al.
2016). We used a classification and regression tree
(CART) classifier to predict the occurrence of the
land-cover types across the study area at a
* 50 m 9 50 m resolution (Gislason et al. 2006;
Goldblatt et al. 2016). To train the classifier we
provided user-defined points and polygons of known
land-cover. Our final training dataset consisted of over
3600 training points and 155 training polygons from
five land-cover classes: Commercial Agriculture,
Subsistence Agriculture, Savanna, Woodland, and
Open Water (Fig. 1c). The woodland land-cover
category included woody gullies and riparian zones,
but did not reflect bush encroached savanna. The
correct classification of training and test datasets for
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each land-cover class was 80.78% for commercial
agriculture, 67.92% for subsistence agriculture,
87.04% for savanna, 99.22% for water and 71.65%
for woodland. The overall validity of the classification
was 79.15%, and rivals that of the accuracy of the
GlobalLand30 at 83.5% (Jun et al. 2014).
The two datasets were qualitatively quite similar,
and both show overlap in the extent of comparable
land-cover classes (Fig S1). Additionally, despite a
difference between the GlobalLand30 and GEE classifications in both the spatial resolution (30 m vs.
50 m) and thematic resolution (8 vs. 5 cover classes),
across multiple spatial scales for our selected study
sites, * 30% of 35 calculated landscape metrics of
seven different types were significantly correlated
(rp [ 0.50; p value \ 0.04) (Table S1).
Sampling across composition and configuration
gradients
To test the effects of the different components of
landscape heterogeneity on faunal diversity in savannas, we stratified our sampling sites to capture
independent gradients of compositional and configurational heterogeneity (Pasher et al. 2013). We used a
moving window analysis to quantify compositional
and configurational heterogeneity within a 2-km
radius from each cell in the land-cover dataset for
stratification purposes. We chose this radius for
stratifying our sampling as being sufficiently broadscale to capture variation in responses amongst the
more mobile taxa, but still sufficiently fine-scale to be
relevant for less mobile taxa (see Ekroos et al. 2016).
Within the 2-km buffer we calculated: the Shannon
diversity index of land-cover types (SHDI), landcover richness (LCR), total length of edge between
land-cover classes (TE), total number of patches (NP),
large patch index (LPI), patch cohesion (COHESION)
and patch division (DIVISION) (Supplementary
material). To represent compositional heterogeneity,
we chose the commonly used SHDI and LCR indices,
and to represent configurational heterogeneity we used
the remaining landscape metrics, which represented
both edge effect and connectivity processes (Cushman
et al. 2008; Fahrig et al. 2011; Schindler et al. 2013).
We used principal components analysis (PCA) to
derive a single descriptive orthogonal principal component representing compositional heterogeneity and
a single orthogonal principal component representing
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configurational heterogeneity. All cells were then
ranked based on their PCA value for compositional
and configurational heterogeneity.
With these rankings, we used stratified sampling in
a partially factorial manner to sample savanna habitats
embedded across gradients of compositional and
configurational heterogeneity. To do so, we first
identified all savanna locations at least 550 m x
550 m in size (see Biodiversity Sampling below).
From this sample, we randomly chose sampling
locations (subject to land access approval) that were
in the upper and lower quartiles of compositional and
configurational heterogeneity (\ 25 and [ 75% for
each combination) and supplemented this factorial
sampling with locations of moderate heterogeneity
(25–75% quantile). This stratification ensured that we
sampled landscapes characterized by (1) both high, (2)
both low, (3) high and low, and (4) moderate
compositional and configurational heterogeneity.
These ‘‘treatments’’ were longitudinally stratified by
creating three blocks longitudinally across the study
site to control for potential variation across our
extensive * 3000 km2 study area. Our final selection
included 15 sampled landscapes based on a 2-km
radius, one replicate of each ‘‘treatment’’ in each
longitudinal block, with an additional landscape added
for birds (Fig. 1c). Only two sampling landscapes had
\ 1 km minimum distance between them (sites 14
and 15 Fig. 1c), and was due to logistical constraints
of land access. While this design maximized the
independence of sampling compositional and configurational gradients in the region, there was still a weak
correlation between the compositional and configurational components in these sampled landscapes
(rp = 0.48; p-value = 0.06) (Fig. S2). The moving
window analysis and subsequent landscape stratification was conducted in R statistical software V 3.2.4 (R
Core Team 2015) with functions from the SDMtools
package (VanDerWal et al. 2014).
Biodiversity sampling
In each sampling landscape, we surveyed faunal
diversity within a 550 m 9 550 m grid centered in
savanna. Each grid was composed of five
50 m 9 50 m plots, with one plot located in the
center of the grid and one at each of the four corners
(Fig. 1d), totaling 75 plots across 15 landscapes (80
plots across 16 landscapes for birds). The center point
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of each plot was marked with a GPS. All sampling
took place during the dry season between June and
July of 2016. Although sampling throughout the year
would have been preferable, the biodiversity sampled
was representative of the communities (Fig. S3).
We surveyed birds using 10 min point counts,
where every species seen or heard within a 50 m
radius of the center of the plot was counted and
identified. Attention was paid to avoid double counting the same individuals. Point counts were conducted
by experienced observers (MDS, CR and AM),
occurred between dawn and 3.5 h after sunrise, and
were not conducted under rainy or windy conditions.
We repeated point counts on each plot over four
consecutive days, resulting in 320 point counts for the
study. Each plot was surveyed once daily and we
randomized the sampling order of the plots and
alternated observers between plots on consecutive
days, to further reduce bias. Raptors, waterbirds and
birds transiting through the plots were excluded from
the analysis, as these birds are selecting habitat at a
larger scale than the plot.
Dung beetles and ants were collected by pitfall
trapping. We placed nine pitfall traps 20 m apart in a
3 9 3 grid, with the middle pitfall trap located on the
center coordinate of the plot. Each pitfall trap was
constructed from a clear plastic cup (9.5 cm diameter
and 12 cm depth) sunk into the ground with the cup lip
flush (Brown and Matthews 2016). Bait was rolled into
porous fabric and suspended over the pitfall on a piece
of wire. Five of the pitfall traps were baited with fresh
cow dung, while the other four were baited with a
50/50 mixture of cow dung and chicken liver to attract
detritivorous dung beetles and ants (Tshikae et al.
2013). We added approximately 20 ml of dilute
detergent to each cup as a non-polar solution to trap
insects falling into the pitfall traps (Tshikae et al.
2013). A total of 675 pitfall traps were distributed
throughout the sampling landscapes. We kept pitfall
traps active for 4 days, and emptied and rebaited after
48 h. We counted and sorted all dung beetles and ants
into morpho-species under a dissecting microscope.
The classification of individuals into morpho-species
was confirmed by experts (Francois Roets and CNM).
To survey meso-carnivores we used motion-sensor
camera traps (Truth Cam 35, Primos, Springfield,
USA). We defined meso-carnivores as any mammalian predator in the order Carnivora with a mass
\ 15 kg (Prugh et al. 2009). We placed three cameras
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2016) in R statistical software V 3.2.4 (R Core Team
2015).

on each plot; two were situated near the centre along
separate game trails and not baited, the third was
positioned in a far corner of the plot and baited with a
chicken neck. The bait was wrapped in chicken wire
and secured to the ground with metal stakes, and
replaced every second day or more frequently when
the bait was removed by an animal. The cameras were
set to record for four consecutive days, resulting in 900
trap nights from the placement of 225 cameras across
the entire study. We examined the photographs to
identify and determine the presence of meso-carnivore
species in each plot.
To compare the effects of landscape heterogeneity
on faunal diversity in savanna, we calculated the
species richness per plot for each taxonomic group.
We examined species rarefaction curves for each
taxonomic group (Fig. S3), which indicated that birds
and meso-carnivores were slightly under-sampled. We
thus estimated species richness for these two taxonomic groups with a first-order jackknife estimator.
We also calculated Shannon’s diversity index per plot
for birds, beetles and ants for which we had the relative
abundance, to test for effects on community evenness
(Table 1). The Hellinger transformation was applied
to abundance data prior to analysis (Borcard et al.
2011). All diversity metrics were calculated with
functions from the vegan package (Oksanen et al.

Landscape metrics
The interpretation of the effects of principal components of configurational and compositional heterogeneity is not ecologically intuitive across different
scales. To aid interpretation, we chose to model the
effects of individual landscape metrics on faunal
diversity. We used Shannon diversity index of landcover types (SHDI) as the single metric of compositional heterogeneity, as it is commonly used to
represent compositional landscape diversity (Cushman et al. 2008). We calculated SHDI at five different
spatial scales, with buffer radii of 1-, 1.5-, 2-, 3- and
4-km centered on each landscape (Table 1; Fig. 1c).
We then determined which of the previously considered configurational heterogeneity metrics (TE, NP,
LPI, COHESION or DIVISION) was the least correlated with SHDI and again we calculated these for
each spatial scale. The total number of patches (NP)
was consistently the least correlated metric across all
spatial scales (rp = 0.67–0.48) (Table S2), and was
thus chosen to represent configurational heterogeneity
(Table 1). Finally, to contrast the effects of landscape
heterogeneity on faunal diversity with the influence of
variation in agricultural land-use in the same

Table 1 Summary statistics for biodiversity sampling and the range of values for independent predictor variables across all sampled
spatial scales
Taxon

No. plots
(n)

Total species
richness

No.
individuals

Diversity
(H’ ± SD)

Median
richness/plot

Bird

80

86

2759

2.42 ± 0.36

15

4

28

Beetle

75

30

1680

1.36 ± 0.58

5

0

10

Ant

75

43

3381

0.99 ± 0.41

4

0

9

Mesocarnivore

75

6

–

–

1

0

3

Variable
SHDI

Scale

Min
richness/plot

Max
richness/plot

1-km

1.5-km

2-km

3-km

4-km

0.14–0.75

0.16–0.81

0.17–0.86

0.20–0.96

0.22–1.03

NP

18–59

48–134

69–255

194–578

378–987

AG

0.00–12.97

0.00–19.13

0.00–22.45

0.00–34.06

0.00–33.14

SUB

0.80–37.39

1.50–53.95

1.58–62.21

2.35–67.10

2.67–66.91

The abundance of meso-carnivores was not determined, and Shannon diversity could not be calculated. Predictor variables are
Shannon diversity index of land-cover (SHDI), number of patches (NP) and the percentage cover of commercial agriculture (AG) and
the percentage cover of subsistence agriculture (SUB). Further explanations of the variables can be found in the text

123

248

landscape, we determined the amount of agriculture in
the buffer. Specifically, we calculated the percentage
cover of two different agricultural land-use types i.e.,
commercial sugarcane agriculture (AG) and subsistence agriculture (SUB) at each spatial scale by
dividing the total area under each agricultural landuse by the total area of the buffer. All landscape metric
calculations were performed in Fragstats software V
4.2 using the eight neighbor rule for delineating
patches (McGarigal et al. 2012).
Data analysis
We used mixed effects models to test the response of
each taxon to the fixed effects of compositional
(SHDI) and configurational (NP) heterogeneity and
agricultural land-use i.e., percent cover of commercial
(AG) and subsistence (SUB) agriculture at each scale.
Each of the 75 sampling plots (80 for birds) was
treated as a sampling unit and we included sampling
grid as a random effect to account for spatial
dependence within the sampling grids. For birds,
beetles and ants, the metrics of both richness and
diversity were approximated by a normal distribution,
so we fitted linear mixed effects models (LMM). To
model species richness for meso-carnivores, we used a
negative binomial distribution with a log link function,
as the response variable was non-normal and overdispersed when fitted to a Poisson distribution. For
each response variable (richness and diversity) per
taxonomic group we tested a candidate set of 21
models comprising the fixed effect of either SHDI,
NP, AG or SUB at each spatial scale (1-, 1.5-, 2-, 3and 4-km) against a null model (Table S3; Fig. S4).
Spatial autocorrelation between the sampling grids
was found to be a concern in our dataset for all taxa
(Moran’s I = 0.28–0.68; p-value \ 0.001), except for
birds (Moran’s I = 0.12; p-value = 0.09). We applied
a Matérn correlation matrix to the random effect of
sampling grid to all models (including birds), which
removed the spatial autocorrelation from the model
residuals (Royle and Wikle 2005). We conducted our
generalized mixed effects models in R statistical
software V 3.2.4 (R Core Team 2015) with the nlme
package (Pinheiro et al. 2017) and used the spaMM
package (Rousset and Ferdy 2014) to fit the autocorrelation structure. All predictors were scaled and
centered so that model estimates were comparable.
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We compared all models within each candidate set
using the Akaike’s Information Criterion corrected for
small sample size (AICc) (Burnham and Anderson
2002). We considered the model with the lowest AICc
score as the best model, but considered all models that
fell within \ 2 AICc of the best model as competing
models. If the best model fell within \ 2 AICc of the
null model, then these models were considered to have
predictive power similar to the null (Burnham and
Anderson 2002). The parameters of competing models
were considered significant if their 95% confidence
interval did not overlap zero (Table S3). Additionally,
we tested the additive and interactive effects for the
fixed effects of SHDI and NP for spatial scales
determined most appropriate from the model selection. No additive or interactive model showed an
improvement on the AICc score of the original best
model for that scale, and we thus excluded them from
our analysis for simplicity.
Finally, to look for a generalizable trend across
multiple taxonomic groups we tested the effects of
compositional (SHDI) and configurational (NP)
heterogeneity and agricultural land-use (AG and
SUB) across all taxa combined at each scale. We
fitted linear mixed effects models as species richness
and Shannon diversity (H’) approximated a normal
distribution and included sampling grid corrected for
spatial autocorrelation as a random effect. We
included taxonomic group as an additional random
intercept (an additive effect accounting for inherent
differences in richness and diversity between taxa) and
as a random coefficient (emphasizing that the effect of
a particular landscape variable can differ between
taxa) (Hurst et al. 2013). The inclusion of a random
coefficient allows for both marginal (overall) and
conditional (taxon-specific) predictions about the
response of faunal diversity to landscape heterogeneity (Hurst et al. 2013). For each response variable
(richness and diversity), we tested the same 21
candidate models comprising the fixed effect of either
SHDI, NP, AG or SUB at each spatial scale (1–4 km)
against a null model. Meso-carnivores were not
included in the combined model, as they did not show
a response in the individual models and the response
variable was highly non-normally distributed. Again,
we used a comparison of the AICc values, as described
above, to determine the best models for both species
richness and diversity, and profiled the 95%

Landscape Ecol (2018) 33:241–255

confidence intervals to determine parameter significance (Table S4).

Results
We recorded a total of 165 species in the four
taxonomic groups, with birds being the most speciesrich group, including 86 species and accounting for
52% of all recorded species (Table 1). Ants displayed
the next highest species richness at 43 morphospecies, followed by dung beetles with 30 recorded
species and meso-carnivores with six recorded
species. Ants and dung beetles tended to occur in
patchy distributions with large numbers on certain
plots, affecting community evenness and hence lower
values of diversity (Table 1).
Responses to landscape heterogeneity and landuse
All best models of species richness for birds, dung
beetles and ants included an exclusive and significant
effect of compositional heterogeneity (Shannon diversity index of land-cover types, SHDI) (Table 2;
Fig. 2). A significant positive response to increasing
SHDI occurred for species richness of birds and ants,
and the best fitting model for both taxa was at the 1-km
scale (Fig. 2c, d). Additionally, a significant response
to increasing SHDI was demonstrated by birds at the
1.5-km scale and by ants at both the 1.5- and 2-km
scales. Species richness of dung beetles showed a
significant negative response to increasing SHDI, with
the best fitting model at the 1.5-km scale (Fig. 2b), and
a significant competing model at the 2-km scale. Only
in one model did configurational heterogeneity (number of patches, NP) demonstrate a significant effect on
species richness (ants), and was positively correlated
with ant richness at the 1-km scale. The percentage
cover of commercial agriculture (AG) at the 1-km
scale was a competing model explaining bird richness
and demonstrated a significant positive effect. The
percentage cover AG at the 3-km scale was a
competing model explaining dung beetle richness,
and had a significant negative effect. Species richness
of meso-carnivores was not significantly affected by
landscape heterogeneity or the amount of agricultural
land-use across all spatial scales, and no model
showed an improvement of C 2 AICc units on the
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null (Table 2). The best model explaining species
richness of all taxa combined was the null model. The
conditional estimates of species richness in these
models were highly varied in magnitude and extent,
and indicated a tendency for taxonomic groups to vary
in their response.
For Shannon diversity of birds, SHDI at the 1-km
scale was again the best model and demonstrated a
significant positive effect (Table 3). Shannon diversity of ants was positively and significantly affected by
the percentage cover of commercial agriculture (AG)
at the 2-, 1- and 1.5-km scales, with the best model at
the 2-km scale. The competing model set explaining
Shannon diversity of dung beetles contained the null
model. The best model explaining Shannon diversity
of all taxa combined was again the null model.

Discussion
Compositional heterogeneity was consistently the best
predictor of faunal diversity metrics; however, the
magnitude, direction and scale(s) of influence varied
between the taxonomic groups. We also found that
commercial sugarcane influenced measures of bird
and ant diversity. There was no effect of landscape
heterogeneity on combined taxonomic diversity; these
differences in response to landscape structure contradict promoting landscape heterogeneity as a general
strategy for diversity conservation in agricultural
landscapes.
An important caveat in describing the effects of
landscape heterogeneity on faunal diversity is the
inter-related nature of the compositional and configurational components and the landscape metrics used
to describe them. In our study area, Shannon diversity
of land-cover types was correlated with total amount
of edge, large patch index and patch cohesion
(Table S1). This pattern suggests that what we
perceive as a response of biodiversity to compositional
heterogeneity may be a more complex response to the
type, amount and connectivity of habitat. Thus, despite
establishing a priori a near independent gradient of
compositional and configurational heterogeneity in
our study landscape, it was still difficult to reliably test
for a dominant effect of either component. This pattern
is not limited to our study landscape and has been
demonstrated before in both real and simulated
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Table 2 Best-fitting linear
mixed-effects models (i.e.,
lowest Akaike’s
Information Criterion AICc
score and all models with
DAICc value \ 2) showing
the response of species
richness for each taxonomic
group and (b) all taxa
combined to the effects of
compositional (SHDI) and
configurational (NP)
heterogeneity, and the
amount of agricultural landuse in the landscape, i.e., %
commercial agriculture
(AG) and % subsistence
agriculture (SUB) across all
scales
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Model

K

DAICc

AICc

b

SE

95% CI

Meso-carnivore richness
SUB(1-km)

6

178.29

0

- 0.23

0.18

- 0.66

0.07

SHDI(1-km)

6

178.68

0.39

- 0.23

0.16

- 0.59

0.09

Null

5

178.75

0.46

SHDI(1-km)

6

518.93

0.00

2.00

0.66

0.58

3.42

SHDI(1.5-km)

6

520.42

1.49

1.83

0.67

0.39

3.27

AG(1-km)
Null

6
5

520.61
525.19

1.68
6.26

1.77

0.66

0.36

3.18

SHDI(1.5-km)

6

325.90

0.00

- 0.91

0.40

2 1.77

2 0.06

SHDI(2-km)

6

326.08

0.18

- 0.90

0.41

2 1.76

2 0.04

AG(3-km)

6

326.28

0.39

- 0.88

0.41

2 1.74

2 0.02

AG(2-km)

6

326.79

0.90

- 0.84

0.41

- 1.72

0.04

SHDI(3-km)

6

327.63

1.73

- 0.75

0.43

- 1.66

0.16

AG(4-km)

6

327.73

1.84

- 0.72

0.42

- 1.62

0.18

- 0.73

0.43

- 1.64

0.18

Bird richness

Beetle richness

AG(1.5-km)

6

327.79

1.90

Null

5

328.11

2.22

SHDI(1-km)

6

306.54

0.00

0.68

0.24

0.16

1.20

NP(1-km)

6

307.49

0.95

0.67

0.27

0.09

1.24

SHDI(1.5-km)

6

307.65

1.12

0.62

0.26

0.07

1.17

SHDI(2-km)
Null

6
5

308.28
310.14

1.74
3.60

0.59

0.27

0.02

1.16

5

1588.39

0.00

Ant richness
The parameter estimates
and 95% confidence
intervals are shown for the
competing models.
Significant parameters are
indicated in bold. The
DAICc for the null model is
also indicated

All taxa richness
Null

landscapes (Griffith et al. 2000; Fortin et al. 2003;
Proulx and Fahrig 2010).
Additionally, having used a land-cover dataset with
only five land-cover classes, the gradient of compositional heterogeneity was limited. For example, the
broad classifications of savanna and subsistence
farming overlook inherent compositional heterogeneity within these cover types. Savannas are dynamic
ecosystems where vegetation structure and composition are strongly affected by drivers such as fire and
herbivory (Archibald et al. 2005; Asner et al. 2009). In
recent years changes in these key drivers have been
linked to severe bush encroachment in the region,
which is negatively affecting species diversity and
may have contributed to some of our observed
biodiversity patterns (Roques et al. 2001; Sirami and
Monadjem 2012). A dataset that delineates these broad
land-cover classifications into multiple ecologically
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distinct land-covers and captures the dynamic heterogeneity of the savanna land-cover class may be
helpful. However, given the correlation between our
land-cover dataset and public access datasets, we are
confident that the effects of landscape composition on
taxonomic diversity should be consistent despite the
few cover classes.
Responses to landscape heterogeneity and landuse
Bird and ant richness responded positively to increasing compositional heterogeneity between the 1- and
2-km scales. A greater breadth of resources made
available through landscape complementarity at these
scales (Dunning et al. 1992) was likely more influential on their richness than the shape and arrangement of
those resources. More specifically, birds and ants
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(a)

(b)

(c)

(d)

Fig. 2 a Map of Swaziland demonstrating the location of the
study area and the extent of the savanna land-cover class in
green. Protected areas boundaries are shown in black and all
other land-cover classes are represented in white. b Heatmap of
predicted dung beetle species richness in relation to increasing
Shannon landscape diversity (SHDI) at the 1.5-km scale for all
savanna pixels. c Heatmap of predicted bird species richness in
relation to increasing Shannon landscape diversity (SHDI) at the

1-km scale for all savanna pixels. d Heatmap of predicted ant
species richness in relation to increasing Shannon landscape
diversity (SHDI) at the 1-km scale for all savanna pixels.
*Predictions of species richness are based on the best model for
each taxonomic group and extrapolated across savanna pixels
only. Note the contrasting effects of SHDI on different
taxonomic groups

appeared to benefit from having commercial agriculture in the landscape, as higher compositional heterogeneity was positively correlated with the amount of
sugarcane at these scales (Table S5). This was further
supported by a positive response of bird richness to

increasing amounts of commercial agriculture at the
1-km scale. For birds this may be related to food
availability in the margins of agricultural fields and
increased water availability from irrigation (Wilson
et al. 1999). Ants may benefit from altered soil
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Table 3 Best-fitting linear mixed-effects models (i.e., lowest
Akaike’s Information Criterion AICc score and all models with
DAICc value \ 2) showing the response of Shannon Diversity
(H’) for each taxonomic group and (b) all taxa combined to the
Model

K

AICc

DAICc

effects of compositional (SHDI) and configurational (NP)
heterogeneity, and the amount of agricultural land-use in the
landscape, i.e., % commercial agriculture (AG) and %
subsistence agriculture (SUB) across all scales
b

SE

95% CI

Bird diversity
SHDI(1-km)

6

72.10

0.00

0.09

0.04

0.01

0.18

SHDI(1.5-km)

6

73.33

1.23

0.08

0.04

- 0.01

0.17

AG(1-km)

6

73.40

1.31

0.08

0.04

- 0.01

0.17

SUB(1-km)

6

74.02

1.92

0.07

0.04

- 0.01

0.16

SHDI(2-km)

6

74.05

1.95

0.07

0.04

- 0.01

0.16

Null
Beetle diversity

5

75.24

3.15

AG(3-km)

6

114.26

0.00

- 0.19

0.10

- 0.40

0.02

AG(4-km)

6

115.20

0.94

- 0.16

0.10

- 0.38

0.05

Null

5

115.26

0.99

AG(2-km)

6

80.89

0.00

0.16

0.04

0.07

0.26

AG(1-km)

6

81.01

0.12

0.16

0.04

0.06

0.25

AG(1.5-km)

6

81.10

0.21

0.16

0.04

0.06

0.25

Null

5

88.10

7.21

5

535.70

0.00

Ant diversity

All taxa diversity
Null

The parameter estimates and 95% confidence intervals are shown for the competing models. Significant parameters are indicated in
bold. The DAICc for the null model is also indicated

properties, resulting from increased nutrient rich
runoff from irrigation (Cerdà et al. 2009). However,
at the scales considered significant (1–2 km) the
amount of sugarcane in the landscape was never
greater than 23% of total area. Thus, whilst having
intensive commercial agriculture as a component of a
landscape appears to positively modify resource
availability for several taxonomic groups, it is likely
that as the area under intensive cropping increases and
landscapes become more homogenous these benefits
may no longer be realized (Hurst et al. 2014).
Ant richness was also positively affected by
landscape configurational heterogeneity (number of
patches) at the 1-km scale. This fits with our prediction
that higher configurational heterogeneity should positively affect taxonomic groups with lower dispersal
abilities (Tscharntke et al. 2012). In landscapes with
high levels of configurational landscape heterogeneity
the spatial proximity between patches decreases,
enabling colonization of neighbouring patches and
the coexistence of many species (Holling 1973;
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Perović et al. 2015). For less mobile taxa, it is
probable that the benefits of landscape compositional
heterogeneity may only be realised if the landscape is
equally configurationally diverse.
Dung beetle richness decreased with increasing
compositional heterogeneity at 1.5- and 2-km scales.
This relationship likely occurred because in our
landscapes increasing compositional heterogeneity
was correlated with increased land under sugarcane
farming (Table S5), which is generally not suitable for
large herbivorous dung producers. This inference was
also supported by a significant negative response to the
amount of sugarcane farming at the 3-km scale. Dung
beetle communities thrive in areas with abundant and
diverse herbivores (Nichols et al. 2008, 2009), a
situation commonly found in African savannas (Du
Toit and Cumming 1999). Thus, for certain taxonomic
groups increasing compositional heterogeneity may
adversely affect diversity by decreasing core habitat
and the resources it supports (Fahrig 2013).
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Bird species diversity was positively influenced by
landscape compositional heterogeneity at the 1-km
scale. Additionally, ant diversity responded positively
to increasing amounts of intensive commercial agriculture at scales between 1 and 2 km. Diverse
biological communities can promote resilience
through mechanisms of redundancy and complementarity (Tscharntke et al. 2005). Hence, resource
complementarity facilitated by moderate amounts of
commercial agriculture may positively influence
ecosystem resilience by promoting diversity of certain
key taxonomic groups.
Finally, meso-carnivore richness showed no significant response to landscape metrics at any scale. Some
meso-carnivores species have been shown to benefit
from agriculture and human settlement due to an
increased prey base (DeVault et al. 2011; Schuette
et al. 2013). In our study system, meso-carnivores may
have been able to disperse easily throughout the
relatively undeveloped landscape. Thus, meso-carnivores may simply not respond at the scales we
considered. Alternatively, their diversity could have
been influenced by other processes such as mesopredator release (i.e., the removal of top-predators) or
differences in vegetation structure (Chalfoun et al.
2002). The lack of an observed response may also stem
from low statistical power associated with the
observed low total species richness of this taxonomic
group.
Compositional heterogeneity was generally a better
predictor of faunal diversity than the type and amount
of agricultural land-use. Compositional heterogeneity,
however, is related to variation in the underlying landuses in the landscape, and is perhaps a more useful
measure of the influence of landscape structure on
biodiversity as it encompasses variation in the amount
of multiple land-uses at the same time. The strong
influence of compositional heterogeneity in our study
suggests that taxonomic diversity is indeed responding
to variation among multiple competing land-uses, and
hints that mechanisms such as resource complementation and supplementation may be driving biodiversity patterns in our system.
Conservation implications
To maximise taxonomic diversity in agricultural
mosaics, there is a need to determine how best to
integrate compositional diversity of land-uses at
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different spatial scales. Land-use conservation strategies need to be multi-scaled when considering multiple taxa (Ekroos et al. 2016), and perhaps require the
implementation of different strategies at different
scales to balance the contrasting influences of compositional heterogeneity. These strategies may include
the integration of moderate amounts of agriculture
amongst other land-covers to bolster resource complementarity and the preservation of small patches of
habitat to facilitate colonisation at finer scales. However, at larger scales (* 2-km) it may be necessary to
have landscapes that support core areas of natural
habitat, ensuring the persistence of large patches of
savanna habitat for species that are sensitive intensive
agriculture (i.e., herbivores, dung beetles). Not only
may such multi-scale strategies better capture taxonomic diversity, they have the potential benefit of
preserving different ecological processes that are
known to increase population persistence across
multiple scales (Ekroos et al. 2016).

Conclusions
Our results highlight that the effects of landscape
heterogeneity can vary among functionally diverse
taxonomic groups and can operate at different scales.
Scale-dependent and taxon-dependent responses like
these may provide challenges for implementing conservation strategies aimed at promoting biodiversity in
agricultural landscapes, yet understanding this complexity may help guide more effective conservation
biodiversity in working landscapes.
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