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Abstract

To understand patterns of alpha, beta and gamma diversities in fragmented landscapes
we need to explore the three scale components in relation to potential drivers in a scale-
dependent manner. Often, the drivers themselves can be partitioned to alpha, beta and
gamma diversities. Thus, one can hypothesize that the scale-components of species diver-
sity and drivers’ diversity match, i.e., that species alpha diversity is mainly explained by
drivers’ alpha diversity, beta by beta and gamma by gamma. Here, we explore this ‘scale-
matching’ hypothesis for spiders in two fragmented agricultural landscapes. In each land-
scape, we sampled spiders and their potential prey in 12 patches. Then, we sub-sampled
pseudo-landscapes in which we calculated spider alpha, beta and gamma diversities using
multiplicative diversity-partitioning. Next, we used variance partitioning analysis to
explore the relative contribution of eleven explanatory variables from five thematic groups
(sampling intensity, area, connectivity, habitat diversity and prey diversity), while further
partitioning the habitat and prey diversities to their corresponding alpha, beta and gamma
diversities. We found considerable evidence for scale-matching, with spiders’ alpha and
beta diversities explained mostly by the corresponding alpha and beta diversities (respec-
tively) of prey and/or habitat. We further found a strong effect of connectivity on spider
beta diversity, but not on alpha and gamma diversities. For spiders gamma diversity, a
cross-scale effect was observed. Our results suggest that multiple drivers from multiple
scales interact in structuring patterns of spider alpha, beta and gamma diversities in agro-
ecosystems, yet the strongest effects are of those drivers that match in scale.
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Introduction

To protect biodiversity from the undesirable effects of climate and land-use change we need
to understand how diversity is distributed, and identify the main drivers affecting the dis-
tribution patterns. Species diversity in both natural systems and fragmented landscapes, is
affected by multiple processes operating at multiple scales. However, it is difficult to under-
stand the drivers’ effects on species diversity without first clarifying the scales at which
diversity and its drivers are linked and measured. Whittaker (1972) suggested that species
diversity can be described at three scales—within locations (i.e., alpha diversity), between
locations (i.e., beta diversity) and over the entire extent (i.e., gamma diversity). Usually,
alpha and gamma diversities are quantified directly from the data, while beta diversity is
expressed as either the gamma-to-alpha ratio (in the multiplicative approach, Jost 2007,
2010) or the gamma-to-alpha delta (in the additive approach, Crist and Veech 2006; Lande
1996). Alpha, beta and gamma diversities can be measured at different geographic grains
and extents, depending on the researchers’ choice and the specific study question. Nonethe-
less, since the three diversity components are related to one another, a better understanding
of alpha, beta and gamma diversity patterns could be obtained if they were all explored
simultaneously.

Similar to species diversity, many of the potential abiotic and biotic drivers of diversity
patterns can themselves be explored at multiple scales. Some drivers can be partitioned to
their diversity components in a similar manner to the partitioning of species diversity. For
example, habitat diversity may be explored over the entire landscape, at the patch scale or
as the turnover of habitats between patches (Giladi et al. 2011; Hortal et al. 2009; Tews
et al. 2004; Weibull et al. 2003; Wulf and Kolk 2014). Other drivers cannot be partitioned,
but can be quantified at different scales. For example, connectivity can be explored as a
property of an entire landscape (Urban and Keitt 2001), as the position and spatial context
of specific patches within the landscape (Giladi et al. 2011; Zulka et al. 2014), or as the
variance of patch-level connectivity. Likewise, area per-se effects can be explored as the
entire cover of natural habitat in the landscape (Hanski et al. 2013), as the area of a single
patch (i.e., species-area relationship, Rosenzweig 1995) or as properties of the distribution
of area among patches (e.g., area scale, Triantis et al. 2012). Since both species diversities
and potential driver diversities are scale-dependent it is important to explore which scale
components of diversity are explained by different scale components of the drivers.

Here we focus on a new and simple hypothesis—the scale-matching hypothesis—which
states that species alpha, beta and gamma diversities should be mainly affected by their
drivers’ corresponding scale-components. For example, if both species diversity and habi-
tat diversity can be partitioned into their scale components, scale matching would imply
that species alpha diversity is better explained by habitat alpha diversity than by habitat
beta or habitat gamma diversity.

The rationale underlying the scale-matching hypothesis is based on strong theoretical
considerations. Niche theory posits that each species can survive within a limited niche
space, which differs from niche spaces that support other species. Locations with higher
alpha diversity of habitats are likely to provide a wider niche space, thus increasing the
number of species that can co-exist. Landscapes exhibiting high turnover of habitats
between patches are expected to support different communities in each patch, resulting in
high species beta diversity. Similar niche-based argument also stand for scale-matching
between trophic levels (e.g., predators and prey diversities, herbivores and plants, polli-
nators and plants). However, scale-matching between trophic levels may also arise under
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neutral dynamics if the number of species in each trophic level is restricted by the total
number of individuals of the trophic level (Hubbell 2001). For example, when the total
abundance of both predators and prey is higher in certain locations due to similar response
to higher overall productivity gradient, scale matching between the two trophic levels may
arise without any niche-based processes.

Despite the simplicity of the scale-matching hypothesis, we are not aware of any pub-
lication that explored it in full. One potential reason for the scarcity of studies is that its
statistical evaluation should ideally be based on sampling of species diversity and drivers
components at different scales and across multiple landscapes (Zhang et al. 2014). Studies
that sampled multiple landscapes within a single study usually focused on one (Jamoneau
et al. 2012; Papanikolaou et al. 2017) or two (Ekroos et al. 2010; Simmering et al. 2006) of
the scale components (i.e., either alpha, beta or gamma, or a combination of two of them).
When all three scale components have been measured, a limited set of drivers have been
considered (Hendrickx et al. 2009; Poggio et al. 2010). Furthermore, none of the manu-
scripts we found partitioned the diversity of habitats, prey, or other resources to their scale-
specific components. Finally, most the above studies relied on species richness, ignoring
any variation between species in abundances, biomass or cover. For example, Papanikolaou
et al. (2017) explored wild bees and plant diversity in 24 agricultural landscapes, and sam-
pled 79-314 plots per landscape. For species richness, they pooled the data from all the
plots in each landscape (i.e., gamma diversity), and found a strong correlation between
plant and bee richness. However, they have not explored if the mean per-plot richness of
bees and plants match across landscapes (alpha scale) or if within-landscape turnover of
bees and plants correlate to one another. In addition, they have not explored cross-scale
effects, e.g., is the mean per-plot richness of bees affected by the total gamma diversity of
plants?

In fact, scale-matching is usually assumed a priori when selecting variables to focus on.
For example, multiple studies at the patch or landscape scales found correlation between
insect and plant richness or diversity (Fournier et al. 2017; Kemp and Ellis 2017; Martinez
et al. 2015; Papanikolaou et al. 2017), between prey and predator richness and diversity
(Sandom et al. 2013; Yang et al. 2018) and between species and habitat diversity (e.g.,
Hortal et al. 2006). But most of these studies did not explore potential cross-scale effects.
Likewise, distance decay patterns are usually explored in relation to difference between
sites in environmental conditions. However, they are rarely explored in relation to the mean
condition of the pair of sites, which may be quite relevant if the two sites are close enough
spatially to be linked by dispersal. For example, Prober et al. (2015) found that plant beta
diversity explained beta diversity of soil microbes, and found no relation between plot
alpha diversity of plant and soil microbes. However, they have not explored potential cross-
scale effects. On the contrary, Gossner et al. (2016) found that pairwise beta diversity of
multiple taxa is correlated with the pairwise difference between sites in land-use intensifi-
cation trends (i.e., a beta-scale), but also with the mean land-use intensity of the two sites
(i.e., an alpha scale measure).

In addition to scale-matching effects, the diversity of a given driver at a given scale may
affect species diversity at a different scale, i.e., a cross-scale effect. If some species require
multiple habitats to survive throughout their lifetime (e.g., nesting vs. foraging habitats for
birds), higher gamma diversity of habitats will promote alpha diversity of more mobile
organisms. However, many cross-scale effects may be mediated by more direct scale-
matching components. For example, habitat gamma diversity may affect species gamma
diversity of habitat specialists, and species gamma diversity may then affect species alpha
diversity through mass effects (Leibold et al. 2004; Mouquet and Loreau 2002; Shmida and
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Wilson 1985). Empirical evidence for cross-scale effects is commonly found in studies that
explored the effect of the landscape context on patch-level diversity (Fahrig 2013; Mala-
vasi et al. 2016).

Here, we aim to explore the scale-matching hypothesis for spider diversity in two
fragmented agricultural landscapes from Israel. Although many species are likely to be
adversely affected by fragmentation, fragmented landscapes still have the potential to sup-
port a considerable proportion of the natural flora and fauna (Gavish et al. 2012; Menden-
hall et al. 2014). We analyzed the three diversity components in relation to multiple explan-
atory variables from five thematic groups (sampling intensity, area, connectivity, habitat
diversity and prey diversity). We further partitioned habitat diversity and prey diversity to
their corresponding diversity components. If the scale-matching hypothesis is supported,
we predict that spider alpha, beta and gamma diversities would be mainly explained by
their corresponding diversity components of habitat and prey diversities. We further pre-
dict that all scale components should be affected by variables relating to the sampling and
area drivers, yet connectivity (as measured here) will mainly explain spider beta diversity.
As we only have 2 landscapes, we used a subsampling approach in which we create multi-
ple ‘pseudo-landscapes’ for each real landscape and explore the scale-matching hypothesis
in these pseudo-landscapes. Although the low number of true replicates may influence our
conclusions for this specific case-study, scale-matching is usually assumed a-priory when
selecting drivers, and as far as we know, has not been explored (or even properly formu-
lated) before.

Methods
Study sites and sampling

We focused our sampling in the fragmented landscapes of the Southern Judea Lowland
(SJL), Israel, located at the sharp transition zone between the Mediterranean ecosystem
in the north of Israel, and the arid ecosystem in the south. Within SJL, we focused on
two 3.2x4 km (1280 ha) landscapes (Dvir and Lachish), both fragmented by agricultural
activity, with wheat as the main crop. Both landscapes contain remnant natural patches of
various sizes and shapes, in which we sampled spiders and other invertebrates (as potential
prey). Sampling took place during the hot summer months (June—early September 2007).
The samples were distributed between the landscapes following a three-day cycle (with one
additional landscape that is not included in this analysis). We used aerial photographs with
1 m? resolution to manually digitize all the natural vegetation patches within each land-
scape. We then selected 12 patches in each landscape, with patch area ranging from 0.110
to 3.900 ha (mean: 1.099) in Dvir and from 0.060 to 2.808 ha (mean: 0.882) in Lachish
(see online resource 1).

We took a total of 158 samples in each landscape and increased our sampling inten-
sity with patch size in three area-based steps (online resource 1). Each patch was visited
at least twice during the sampling season. Due to the semi-destructive sampling method
(see below) sampling locations were not revisited, and instead nearby new sampling loca-
tions were selected each visit. Each sample covered an area of 0.5x0.5 m, and contained
a single habitat. The list of 9 predefined habitats contained four structurally simple ones
(exposed soil, annual plants < 15 cm tall, annual plants > 15 cm tall and rosette plants) and
five structurally complex habitats (two of these patch types were defined by the presence of
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a common perennial; either Sarcopoterium spinosum, or Hyparrhenia hirta, and the others
by the main vegetation structure, bushes > 35 cm tall, shrubs <35 cm tall and thistles). The
simple and complex habitats differ considerably in conditions and in spiders’ community
structure (Gavish and Ziv 2016).

To obtain a single sample of arthropods (including spiders), we used the vacuum option
of a leaf blower, with a 0.5 mm mesh sleeve covering the suction tube (Stewart and Wright
1995). All the sucked debris was collected and sorted in the lab, where all arthropods
larger than 0.5 mm were extracted using a set of sieves. Spiders were identified to the spe-
cies or morphospecies level, while all other arthropods (potential prey) were identified to
the order or family level (see Gavish et al. 2012 for a more detailed description of the
sampling methods). As we were not interested in within-patch species turnover, we pooled
all samples within a patch to represent its spider and potential prey local communities, and
used these local communities when estimating the mean alpha-diversity over all patches.

In addition, in each patch we took 4—11 line transects to estimate the relative cover of
each habitat (online resource 1). The number of transects increased with patch size, for a
total of 85 transects per landscape. Starting locations and angles were randomly chosen,
ensuring that the entire transect fell within the patch (and not closer than 5 meters from
the edge). Each transect was 20 m long, and we recorded the dominant habitat in 160 cells
(each with an area of 0.25x 0.25 m) located on both sides of the line. We included the nine
habitats listed above, with the addition of bare-rock cover (which was not sampled for spi-
ders). We pooled the data from all transects taken within a patch to calculate the relative
cover of each habitat in each patch. Transect surveys were conducted during September
2007, immediately following the arthropod sampling.

Data preparation

Our approach was to use the sampled patches in the two real landscapes to create pseudo-
landscapes by choosing various sub-samples of the patches. For that purpose, within each
of the two landscapes, we listed all possible sub-samples of 3, 4, 5, 6, 7, 8, and 9 patches
and analyzed data from each of these sub-samples as a pseudo-landscape. Thus within each
real landscape we created totals of 220, 495, 792, 924, 792, 495, and 220 pseudo-land-
scapes in each of the seven patch-cardinalities (i.e., 3-9 patches respectively).

In each pseudo-landscape we calculated the mean alpha, the beta and the gamma diver-
sities of the dependent variable, spider diversity. As the patches differed in the total number
of individuals and sampling intensity, we used the effective diversity based on Shannon
diversity (Shannon diversity: — Zi | [PSJ- - In(P; J-)]], see notations below), as recommended
for unequal weights (when samples differ in their total abundances) (Jost 2007). We have
used Shannon’s effective diversity (i.e., the exponent of the weighted mean of Shannon
diversity) and not species richness since patches can differ considerably in relative abun-
dances despite having similar species composition.

To calculate the effective diversity we first estimated the mean patch-level alpha diver-
sity (D,) of a pseudo-landscape using:

p.=en(-Z(w e, ne)) W

j=1 s=1

with P ; being the relative abundance of species s in patch j, and the weights W; as the total
number of individuals in the patch divided by the total number of individuals in all patches.
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Next, we pooled the data from all the patches in the pseudo-landscape to estimate gamma
diversity (D,):

D, = exp(- ZS: (Pys-In (Ps,+))) 2)

with § being the total number of species in the pseudo-landscape, and P, , the relative
abundance of species s from the total number of individuals in the pseudo-landscape.
For the calculation of beta diversity, we followed the multiplicative diversity partitioning
framework based on effective numbers (Jost 2007) and estimated the spider beta diversity
(Dp) as the ratio of the gamma and alpha diversities:

Dy =D,/D, (3)
For each pseudo-landscape we calculated values for 11 different explanatory variables
relating to sampling intensity (1 variable), area (2), connectivity (2), prey diversity (3),
and habitat diversity (3). The sampling intensity variable was defined as the total number
of samples taken in all patches together. The first area-related variable was the total area of
all patches. The second area-related variable was the “area evenness”—the effective diver-
sity of the area distribution by using Eq. (2) above, with the relative area of each patch as
the proportions. Larger values of area evenness indicate a more even distribution of area
between the patches. Connectivity was defined as the length of the edge-to-edge minimum
spanning tree that connects all the patches in the pseudo-landscape (Urban and Keitt 2001),
where larger values indicate less connectivity. This connectivity index is sensitive to the
distribution of patches in the landscape, yet it does not account for the area of each patch.
Thus, we also calculated a clumping index by dividing the total area of all the patches
in the pseudo-landscape by the area of the minimum-convex polygon around all patches,
returning larger values if the patches are large relative to the inter-patch distances (i.e., high
connectivity). Both connectivity measures are at the gamma scale.

The calculations of alpha, beta and gamma diversities of prey and habitat heterogene-
ity followed the same procedure as described above for spider diversity with the following
substitutions. For prey, we used relative abundance of insect family (or order) instead of
species abundance. For habitat diversity, we used the relative cover of each habitat type
instead of species abundance with the relative number of transects per patch as the patch
weight.

Statistical analysis

To explore the general dependency of spider diversity on each of the explanatory vari-
ables we first fitted a separate least-square linear regression model for each of the spider
diversity components (alpha, beta or gamma) as dependent variable against each of the
eleven explanatory variables in turn. We repeated this analysis for each of the seven patch-
cardinalities, separately in each landscape, for a total of 462 linear models (3 dependent
variables X 11 explanatory variables X 7 patch-cardinalities X 2 landscapes).

Then, we used multiple linear regressions and hierarchical variance partitioning to
explore the relative importance of each of the 11 explanatory variables and to test the
scale-matching hypotheses. We repeated the following procedure separately for each of
the two landscapes (Dvir and Lachish), the three dependent variables (spider alpha, beta
and gamma diversities), and the seven patch-cardinalities (3—9 patches) for a total of 42
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analyses. In each analysis we used the information from all relevant pseudo-landscapes
and first fitted a multiple linear regression model of the dependent variable against all 11
explanatory variables. We then explored the relative importance of each variable using the
LMG method (R package ‘relaimpo’) that can deal with correlated variables and returns
independent relative importance values, which can be summed over variables accord-
ing to scale or thematic group (Groemping 2006). The summation property is extremely
important here, as it allows aggregating the relative importance values by thematic group
or by scale. To ensure comparability of the variance partitioning among the 42 analyses we
maintained all of the explanatory variables in all multiple linear regression analyses.

To explore whether the variance partitioning results can arise by chance, we permutated
the values of the dependent variable (spiders’ alpha, beta or gamma) 100 times for each
of the 42 analyses, and for each permutation we re-run the multiple linear regression and
LMG analyses. We then calculated the mean explained variance over the 100 permutations
and compared it to the explained variance of the original, non-permutated dataset.

In addition, focusing only on the six scale-specific prey and habitat variables, for each
analysis we calculated the ratio between the mean explained variance per scale-matching
variable and the mean explained variance per cross-scale variable. For example, for the
models with spiders’ beta diversity as the dependent variable, we took the mean of the
explained variance by preys’ beta and habitats’ beta for scale-matching. We took the mean
of preys’ alpha, preys’ gamma, habitats’ alpha and habitats’ gamma for cross-scale. We
took the ratio of the two, with values above 1 indicating the scale-matching explaining
more per variable than cross-scale.

Finally, to focus exclusively on scale matching, we fitted for each dependent variable (in
each landscape and patch cardinality) a set of 3 multiple regression models, the first with
preys’ alpha and habitats’ alpha as explanatory variables, the second with preys’ beta and
habitats’ beta as explanatory variables and the last with preys’ gamma and habitats’ gamma
as explanatory variables. For each model we calculated the total explained variance. We
compared the models performance using Akike Information Criteria corrected for small
sample size (AICc). If scale matching is more important than cross-scale we expect the
scale-matching model to have the highest explained variance and the smallest AICc.

All analyses were done in R statistical platform (R Core Team 2016). We report in the
main text only the results for 9 patches, yet the results for all patch cardinalities can be
found in Online Resource 2.

Results
General results

The numbers of spider species and prey groups did not differ much between Lachish and
Dvir, yet differences in total abundances were observed. In Dvir we sampled a total of
2026 spider individuals from 114 species or morphospecies, along with an additional 6274
other invertebrates, representing 19 different orders or families. In Lachish, we sampled
3742 spider individuals from 115 species and 5875 other invertebrates from 18 families
or orders. Online Resource 1 in the supporting information contains the area and sampling
intensity in each patch, the relative cover of each habitat, and the abundance in each patch
of each spider species or prey group.
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Spider mean alpha diversity did not change much with the number of patches (Online
Resource 2), but it was higher in Dvir than in Lachish for all patch-cardinalities. Both beta
and gamma diversity increased with the number of patches in both landscapes. Similar
to alpha diversity, gamma diversity was also consistently lower in Lachish than in Dvir
(Online Resource 2, Fig. S1).

Alpha, beta and gamma diversity change with drivers

In both landscapes, spider alpha, beta and gamma diversities were correlated with explan-
atory variables from all five thematic groups: habitat diversity (Fig. 1), prey diversity
(Fig. 2), area, connectivity, and sampling (Online Resource 2).

In both landscapes, there were positive correlations between species diversity com-
ponents and the scale-corresponding habitat diversity components, as predicted by the
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Fig.1 The change of spider alpha, beta and gamma diversities with habitat alpha, beta and gamma diversi-
ties, in each of the landscapes. Solid lines are linear models (with 0.95 confidence intervals), red lines are
statistically significant (P <0.5), and blue lines are non-significant. (Color figure online)
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in each of the landscapes. Solid lines are linear models (with 0.95 confidence intervals), red lines are statis-
tically significant (P <0.5), and blue lines are non-significant. (Color figure online)

scale-matching hypothesis. That is, spiders’ alpha diversity increased with habitat alpha
diversity, spiders’ beta diversity increased with habitat beta diversity and spiders’ gamma
diversity increased with habitat gamma diversity (Fig. 1). However, we also found consid-
erable cross-scale effects in both landscapes. In some cases, the cross-scale effects were
positive (e.g., spiders’ alpha diversity increased with habitat gamma diversity and spiders’
gamma diversity increased with habitat alpha diversity, Fig. 1). In others, they were nega-
tive (e.g., spiders’ alpha diversity decreased with habitat beta diversity).

The response of spider diversity to prey diversity differed among the two landscapes. In
Lachish we found the expected positive trends of scale matching (Fig. 2b). We also found
both positive and negative cross-scales responses. However, in Dvir, where prey diver-
sity contributed very little to the overall explained variance (Fig. 3), scale matching was
observed only for beta diversity (Fig. 2a). Instead, spider alpha diversity did not vary sig-
nificantly with prey alpha diversity, while spider gamma diversity actually decreased with
prey gamma diversity.
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Fig.3 The results of the variance partitioning analysis for spider alpha, beta and gamma diversity in Dvir
(a, ¢, e) and Lachish (b, d, f). a, b The explained variance when the 11 explanatory variables are aggregated
by the thematic group. ¢, d The explained variance when the prey/habitat variables are aggregated accord-
ing to scale (and the remaining variables according to thematic group). e, f The ratio between the mean
explained variance per scale-matching variable and the mean explained variance per cross-scale variable
(for prey and habitat variables)

Spider alpha, beta and gamma diversities also responded to variation in the explan-
atory variables from the area, connectivity and sampling thematic groups (Online
Resource 2, Figures S4 and S5). In general, the responses of spider alpha and gamma
diversities to various explanatory variables followed a similar trend whereas the
response of spider beta diversity was of the opposite direction. For example, spider
alpha and spider gamma increased with the total area, the clumping index and the total
number of samples. By contrast, spider beta diversity decreased with the same explana-
tory variables. Patterns in relation to area evenness and minimum spanning tree were
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more complex. These results potentially reflect beta being the gamma to alpha ratio in a
multiplicative diversity partitioning framework (e.g., if both alpha and gamma increase
in relation to a certain variable, but alpha is increasing faster than gamma, beta would
show a decreasing trend).

Variance partitioning

The total explained variance of spiders alpha, beta or gamma diversity in the LMG anal-
yses ranged between 0.393 and 0.940, with a mean of 0.698 (+0.023 SE). However,
when permuting the dependent variables, the total explained variance was considera-
bly lower and ranged between 0.011 and 0.052, with a mean (+SE) of 0.026 +0.002
(Online Resource 3), suggesting that the observed relation between the explanatory and
dependent variables are unlikely to arise by chance alone. The patterns reported below
were consistent in relation to the number of patches (online resources 2, 4, 5).

In Dvir, spider alpha diversity was mostly affected by sampling effort, the total area
and the alpha component of habitat diversity, while all components of prey diversity
contributed very little (Table 1). Spider beta diversity was mainly explained by the
clumping index, the beta components of habitat and by sampling and total area. The
overall explained variance of spider gamma diversity was lower than that for alpha and
beta diversities, yet the explained variance was more evenly distributed among the dif-
ferent explanatory variables, scales, and thematic groups.

In Lachish, spider alpha diversity was mainly explained by prey alpha, along with
the sampling and area variables, and the other scaling components of prey diversity
(Table 1). Spider beta diversity was mainly affected by prey beta diversity, the total
number of samples and the minimum spanning tree. For spider gamma diversity, alpha
habitat and the area evenness were the most important variables.

The two landscapes differed considerably in the overall contribution of variables
from the 5 thematic groups. The two landscapes differed in the relative contributions
of habitat and prey, with the first being dominant in Dvir and the second in Lachish
(Fig. 3a,b). In addition, the area variables were more important in Lachish, while the
sampling variables explained more variance in Dvir.

We found considerable support for the scale-matching hypothesis. Overall, in both
landscapes the combined contribution of the variables that exhibited scale-matching
exceeded the variance explained by cross-scale diversity components in 81% of cases
(34 out of 42 variance partitioning analyses). In 23 out of 42 analyses the scale-match-
ing component was the most important among the six compared groups (sampling, area,
connectivity, alpha, beta and gamma). In both landscapes, most of the support for scale
matching was found for spider alpha and spider beta. First, for alpha and beta the vari-
able that explained the most variance from the 6 prey and habitat variables was the scale
matching one (see bold in Table 1). Second, for all but gamma spiders in Lachish, the
matching scale component explained more variance than any of the cross scale compo-
nent (Fig. 3c,d). Third, the ratio between the mean explained variance per scale match-
ing variable and the mean explained variance per cross-scale variable was larger than
one in all cases (Fig. 3e,f). For spiders alpha and beta diversities, the ratios ranged from
1.60 to 1.83, suggesting that scale matching variable explained at least 60% more vari-
ation than cross scale variable, while for spiders gamma diversity the ratio was only
slightly larger than one.
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Table 1 Results for the LMG analysis with 9 patches for Dvir and Lachish for each dependent variable (spi-
der’s alpha, beta or gamma). (Color figure online)

Landscape Dvir Lachish

Dependent (spider) Alpha Beta Gamma Alpha Beta Gamma
F value 47.21 294.44 19.46 139.00 76.70 64.54
p value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Explained variance

Total number of samples 0.18 0.17 0.06 0.10 0.14 0.08
Total area 0.12 0.14 0.05 0.10 0.10 0.09
Area evenness 0.02 0.01 0.01 0.13 0.02 0.14
Minimum spanning tree 0.01 0.01 0.02 0.01 0.11 0.02
Clumping index 0.08 0.17 0.02 0.08 0.03 0.06
Alpha habitat | 013 om 005 | 006 003 011
Beta habitat 0.03 0.14 0.09 0.02 0.02 0.02
Gamma habitat 0.11 0.06 0.08 0.03 0.03 0.08
Alpha prey 0.01 0.06 0.07 0.15 0.11 0.08
Beta prey 0.02 0.06 0.02 0.10 0.17 0.02
Gamma prey 0.01 0.02 0.04 0.09 0.04 0.06
Total 0.71 0.94 0.51 0.88 0.80 0.77
R%in permutations 0.05 0.05 0.05 0.05 0.05 0.05

The partitioning of the total explained variance to each variable is shown. Gray filled cells are those that
contribute to scale-matching, blue filled cells for cross-scale, while empty cells do not correspond to any
specific scale. The variable with the largest explained variance among the six prey/habitat variables is given
in bold

Model selection analysis

The LMG results are mirrored in the model-selection analyses, where the scale-match-
ing model explained more variance than any of the cross-scale models for spider alpha
and beta (Fig. 4, left and middle columns). However, for spider gamma diversity, a
cross-scale model of alpha diversity was selected over the scale-matching model (Fig. 4,
right column). This is also evident in the scale-matching models receiving an AICc
weight of 1 for spider alpha and beta, while cross-scale alpha model receiving high
AICc weights for spider gamma.
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Fig.4 The results from the model-selection analysis for spiders alpha, beta and gamma diversity in each
landscape. Three models where fitted in each panel, each with the habitat and prey variables at the alpha,
beta or gamma scale. Bars are the explained variance, red text below bar lines are the delta AICc values and
blue text above bar lines are the AICc weights. (Color figure online)

Discussion

The main aim of this paper is to test the scale-matching hypothesis using spider diversity
and a set of 11 explanatory variables from five thematic groups (sampling, area, connectiv-
ity, habitat diversity and prey diversity) in two fragmented agricultural landscapes. In gen-
eral, we found considerable evidence for the scale-matching hypothesis, with alpha, beta
and (less so) gamma diversities of spiders being mainly explained by their respective prey
and/or habitat diversities (Table 1; Figs. 3, 4). We further found a strong effect of connec-
tivity on spider beta diversity, but not on alpha and gamma diversities (Table 1; Fig. 3).
We found a noticeable difference between Dvir and Lachish in the relative importance of
the different thematic groups, with habitat variables being more important in Dvir (Fig. 3a)
and prey variables being more important in Lachish (Fig. 3b). It is possible that the larger
number of prey individuals per spider in Dvir (6274/2026=3.10 prey individuals per spi-
der individual) versus Lachish (5875/3742=1.57) results in stronger competition for prey
in Lachish. Also, spider guild structure (sensu: Cardoso et al. 2011) differs between the two
landscapes with web building spider taking a larger proportion of the total abundance in
Lachish than in Dvir (20.4% vs. 7.6%, respectively). Although spiders are generally con-
sidered generalist predators, they may exhibit high levels of specificity at the taxonomic
resolution we applied here. If so, web building spiders may be more specific in the groups
of prey they target, causing a stronger effect of prey diversity on spider diversity. Alterna-
tively, the two landscapes differ in their alpha and gamma habitat diversities (Fig. 1), with
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relatively low values in Dvir (alpha: 2.48-3.05, gamma: 2.83-3.45, Fig. 1) and high values
in Lachish (alpha: 3.56-4.34, gamma: 4.5-5.92). These differences do not reflect a consid-
erable change in the proportional cover of perennials, but rather a high representation of
exposed soil in Dvir in comparison to high proportion of annuals and thistles in Lachish. In
other words, the within-patch matrix is generally more hostile in Dvir than in Lachish, pro-
viding less cover from predation by reptiles and birds. Spider species that are more sensi-
tive to predation survive mostly in patches with higher habitat diversity (safer within-patch
matrix), resulting with a strong correlation between spider and habitat diversities.

Both habitat (Heikkinen and MacMahon 2004; Robinson 1981; Rypstra et al. 1999; Uetz
1991) and prey (Nentwig 1986; Sanders et al. 2015) may be considered as resources for
spiders, and can thus be considered under a niche-related framework. If niche processes are
dominant in structuring the spider community, we expect to find strong evidence of scale-
matching. Indeed, despite the differences between landscapes in the relative importance
of prey and habitat, patterns of scale matching were similar. We found evidence of scale
matching in the linear regression analyses of either habitat (both landscapes, Fig. 1a,b) or
prey (Lachish, Fig. 2b). In the variance partitioning analyses we observed scale-matching
for spiders’ alpha and beta (Fig. 3c,d), with scale-matching variable explaining 1.60 to 1.83
times as much of the variance in spider diversity than a cross-scale variable (Fig. 3e,f).
Finally, the model selection analyses revealed that the scale-matching model was the best
model for both alpha and beta diversity of spiders in both landscapes (Fig. 4).

On the contrary, in both landscape we found limited support in the variance portioning
and model selection analyses for scale-matching at the spider gamma scale. In the vari-
ance partitioning alpha variables explained more variance than gamma in Lachish, and
roughly the same amount in Dvir (Fig. 3c,d). Although the mean explained variance value
per scale-matching variable was larger than that for cross-scale (Fig. 3e,f), the actual values
were very similar. The model selection analysis revealed that spider gamma diversity is
better explained by alpha diversity of prey and habitat than by any other scale components
(Fig. 4). The cross-scale effects may arise from dependency between the different diver-
sity components. Under fixed gamma diversity, higher alpha diversity is usually accom-
panied by a lower beta diversity, despite the mathematical independence of the alpha and
beta under multiplicative partitioning (Baselga 2010). Indeed, we observed opposite trends
of alpha and beta against many explanatory variables. In addition, increasing alpha diver-
sity of resources may allow more species to sustain viable populations in each patch. This
increase in species occupancy level (number of patches in which the species is found), may
translate to higher gamma diversity, since species meta-populations are less susceptible to
extinction. In Dvir, we also observed a relatively strong effect of habitat gamma diversity
on spider alpha diversity (Fig. 3c). Increasing the habitat gamma diversity may results in
different patches supporting large populations of different species. Then, inter-patch disper-
sal of individuals (e.g., mass-effect dynamics) may allow species whose preferred habitat is
not found in a certain patch to sustain a population there through immigration from nearby
patches where their preferred habitat is found (Leibold et al. 2004; Mouquet and Loreau
2002; Shmida and Wilson 1985).

Dispersal limitation is expected to increase beta diversity (Kneitel and Chase 2004).
Indirectly, increased dispersal limitation may decrease gamma and alpha diversities as
well. Alpha diversity may decline because of decreased colonization rates and reduced res-
cue effects (Brown and Kodric-Brown 1977; Kneitel and Chase 2004; Leibold et al. 2004,
Mouquet and Loreau 2002). In our study, we estimated connectivity with two gamma-scale
variables, the minimum spanning tree (larger values mean less connectivity and greater
dispersal limitation) and the clumping index (larger values mean more connectivity and
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smaller dispersal limitation). As expected, in both landscapes, connectivity had a cross-
scale negative effect on spider beta diversity, and a much weaker positive effect on alpha
and gamma. However, the landscapes differ in the contribution of specific connectivity
measures to the beta-diversity-connectivity relationship. In Dvir we observed a strong neg-
ative trend of spider beta diversity with the clumping index (online resource 2), whereas in
Lachish we observed a strong positive trends of spider beta diversity with the increasing
length of the minimum spanning tree. The variance partitioning analysis further strengthen
these results, given that clumping was more important in Dvir and the spanning tree was
more important in Lachish (Table 1). Furthermore, connectivity mainly affected spider
beta diversity and contributed little explained variance to spider alpha and gamma diversi-
ties (Fig. 3).

In a more methodological approach, Zhang et al. (2014) correctly claimed that exploring
the dependency of alpha, beta and gamma diversities on multiple environmental and spatial
variables requires multiple landscapes, as each landscape returns a single value for each
diversity component. Here we have used information from two landscapes to create two
sets of multiple ‘pseudo-landscapes’. Clearly, one cannot claim that the pseudo-landscapes
are truly independent from one another or that the sub-sampling increased the actual num-
ber of replicates in our study. At the end, our conclusions are restricted to the two land-
scapes we had data for. However, scale-matching is a simple and fundamental hypothesis,
which remained largely unexplored. In fact, many studies implicitly assume scale-matching
by selecting explanatory variables to be included in the analysis and the scale at which they
are measured. In our study, we examine this assumption in a simple two-landscape system
and present an approach of partitioning drivers that can be generally used to test the scale-
matching hypothesis in greater details in multiple-landscape cases.

Within the limits of our analysis we found agreement with the scale matching hypoth-
esis, mainly at the alpha and beta scales, as well as evidence for cross-scale effects at the
gamma scale. We further found that including variables from multiple thematic groups and
multiple scales is required if we wish to explain diversity patterns. The drop in explained
variance when randomizing the scale components of spider diversities suggests that the
relations we have found are unlikely to arise by chance. If we are to better understand the
spatial distribution of species diversity, we need to better understand the scaling proper-
ties of diversity. When doing so we need to remember that scaling of diversity is not lim-
ited only to species, but relates to various other aspects such as the distribution in space
and time of patches, resources and habitats and to the way we choose to quantify them.
Moreover, we believe scale-matching is a fundamental hypothesis in ecology, which we too
often tend to take for granted. We hope that exploring multiple scale components of both
diversity and drivers would increase our understating of diversity pattern and our ability to
conserve them.
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