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Abstract

Context. To analyze the scales at which landscape structure influences ecological processes, two
approaches with different underlying ecological assumptions exist; the usual threshold method and

the weighted-distance method.

Objectives. We used abundance of species to test if the combination of weighted-distance and

threshold approaches improves the explained variance of landscape metrics.

Methods. We developed a workflow using the two approaches to calculate metrics computed at
multiple scales. The latter was developed using weighted metrics based on different weighted-
distance functions, and one metric could be selected for more than one spatial scale. Then, we tested
the explained variance of species distribution (the activity-density of Abax parallelepipedus) by
these two approaches applied independently and then together in modeling a specific ecological

response.

Results. The combination of metrics computed at multiple scales calculated by both weighted-
distance and threshold method improved the predictive performance of the models. More precisely,
adding metrics derived from the weighted-distance method to the threshold method significantly
increased the explained variance when using the same environmental variables. The mean R? values
of the selected model for the threshold method was 0.3440.10, 0.49+0.11 with the weighted-
distance method, and reached 0.71+0.07 with the two methods combined. These results demonstrate
the importance of combining metrics using the weighted-distance method and the threshold method.

In addition, activity-density was better explained by metrics selected at multiple scales.
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Conclusions. This study highlights the importance of combining threshold and weighted-distance
method at several scales to improve the explanation of ecological responses based on species

abundance.

Keywords: Abax parallelepipedus, multiscale approach, weighted distance, landscape metric
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Introduction

Many studies aim to elucidate the scale at which environmental variables explain the
abundance and diversity of species (Jackson and Fahrig 2015; Chandler and Hepinstall-Cymerman
2016). To incorporate landscape effects in models and the scale at which landscape effects occur,
landscape metrics are generally computed within buffers around sampling points (Miguet et al.
2016). As the evidence for a relation between the scale of effect and movement (Desrochers et al.
2010; Stuber et al. 2018), the buffers tend to be circular when there is no a priori information about
the movement capacity of species in the studied landscape. Metrics are calculated at different scales
according to the known or estimated dispersal abilities of species (Bertrand et al. 2016; Serckx et al.
2016).

To characterize landscape structure within buffers, maps of relevant landscape elements are
required (Burel and Baudry 2003). Based on landscape ecology theory (Burel and Baudry 2003;
Tscharntke et al. 2012), landscapes have two main components: composition and configuration
(Fahrig et al. 2011). Composition defines the proportion of different landscape elements, while
configuration represents spatial organization of these elements. In each buffer, landscape metrics
are then computed using the composition or configuration of landscape features (e.g., Bertrand et al.
2016). The final step defines the “best” scale at which the effect of landscape metrics on
biodiversity is highest based on model selection processes and criteria based methods (e.g.,
correlation coefficient, regression slopes, Akaike Information Criterion, model averaging or
posterior probability; Burnham et al. 2011; Jackson and Fahrig 2015; Stuber and Gruber 2020).

The problem with this approach is that most landscape metrics are scale dependent and
often multi-scaled (Wu 2004; Ostapowicz et al. 2008; Cushman et al. 2008; Stuber and Gruber
2020), which might influence the results (Miguet et al. 2016).There is no single adequate scale for
all landscape metrics, with wrong scale identification generating misleading results. Consequently,
an optimal relation between ecological processes and landscape metrics is still being sought in

landscape ecology (Jackson and Fahrig 2015). This issue has led to the emergence of multi-scale
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methods (Mayor et al. 2009; McGarigal et al. 2016) used to measure the different spatial scales at
which relations between landscape metrics and ecological processes are the most meaningful
(Gaucherel et al. 2007; Martin and Fahrig 2012; Miguet et al. 2017; Egerer et al. 2018; Remon et al.
2018).

Among the multi-scale analytical methods, two main approaches stand out that are based on
very different underlying biological assumptions: the classical threshold-based method and the
weighted-distance method (Jackson and Fahrig 2015; Miguet et al. 2016, 2017). The threshold
method is based on the computation of landscape metrics, and tests the relation between metric and
biodiversity variables using a statistical model at a variety of separate scales. This approach aims to
identify the scales at which the relation is meaningful. The main issue with this method is that it
assumes that the landscape metric has a constant effect up to the edge of the buffer, where it then
falls to zero (Miguet et al. 2017), which is biologically unrealistic (Jackson and Fahrig 2015). This
issue has led to the recent investigation of weighted-distance methods. These methods assume that
the landscape affects ecological process according to distance, following a predefined function
(Miguet et al. 2016, 2017). Computed landscape metrics are, thus, distance dependent from the
sampling site where the ecological response is measured. The distance weighted landscape variables
are obtained by weighting the spatial distribution of each metric by a decreasing function of the
distance from the point where the biological response is measured. However, this approach remains
primarily theoretical and under development; yet, recent developments in computing yield very
promising results (Peterson et al. 2011; Chandler and Hepinstall-Cymerman 2016; Miguet et al.
2017; Remon et al. 2018).

In this paper, we present a new workflow approach by combining landscape metrics
computed at multiple scales using the weighted-distance method and the more classical threshold
method. More precisely, we propose a general framework and reuse existing methodological tools
in order to adapt it to a plurality of ecological data. Specifically, we tested various metrics known to

affect the activity-density of a forest specialist carabid species, Abax parallelepipedus, and we
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calculated the metrics using: 1) the threshold method, and 1i) the weighted-distance method and 1iii)
the threshold method combined with different weighted-distance functions. We compared the
results obtained using the metrics calculated only on the basis of the threshold method, the metrics
calculated only on the basis of the weighted-distance method, and the mix of the two.

A number of studies have been previously conducted on A. parallelepipedus (Work et al.
2011; Davies and Asner 2014; Miiller et al. 2014), particularly in our study area (Charrier et al.
1997, Petit and Burel 1998a; Betbeder et al. 2015). In this study, we analyze if landscape metrics
calculated by the combination of the weighted-distance method and threshold method at multiple
scales could better explain the ecological response of A. parallelepipedus density-activity than the
threshold-based method or weighted-distance method alone (Jackson and Fahrig 2015; Miguet et al.
2016, 2017). We know that A. parallelepipedus prefers forest habitat and hedges (Niemela 2001;
Davies and Pullin 2007; Roume et al. 2011). Therefore, we expect that heterogeneity indices
(Niemeld et al. 1992; da Silva et al. 2008) and the micro-climatic effects of the woody elements
(Forman and Baudry 1984; Vannier et al. 2011; Baudry and Burel 2019) will influence carabid

density activity.

Methods

Study Area
This study was conducted in Britany, Western France (Fig. 1A), in the ZAA (Zone Atelier
Armorique), which is a French Long Term Ecological Research site (LTER, Fig. 1C). The ZAA is
bordered by the sea (48° 36' N, 1° 32' W), and the climate is of oceanic temperate type, with mild
winters. The area is mainly agricultural, composed of small fields separated by a hedgerow network
called “bocage” (Baudry et al, 2000). Annual crops in this area are winter cereals and maize. In this

area, carabids are a key biodiversity component of long-term studies (Baudry and Burel 2019).
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Biological model sampling
A. parallelepipedus is a nocturnal, polyphagous and flightless forest carabid of medium size. It is
often a dominant species in deciduous forest communities (Loreau 1985, 1990; Fournier and Loreau
1999). Its annual period of adult activity, from April to October, is one of the longest for carabid
beetles, and this species is characterized by a continuous reproduction so that hibernation can be
withstood by both adults and third larval instars (Loreau 1985). A. parallelepipedus has a great
longevity as some individuals have been found to be at least four years old in the field (Loreau
1990). A. parallelepipedus is a slow-moving species and is mostly carnivorous. It prefers woody
habitats, such as woodlots and hedgerows with a high density of tree vegetation and connectivity of
hedgerow network (Charrier et al. 1997; Petit and Burel 1998a). It prefers fine grain hedgerow
networks (Vannier et al, 2011). This species is an efficient natural control agent of slugs in
agricultural environments, particularly in fields bordered by hedges (Symondson and Liddell 1993;
Symondson 1994).

A. parallelepipedus were sampled from 30 hedgerows in 2017 (Fig. 1C) using pitfall traps (i.e.,
plastic pitfall traps containing water, salt, and soap). A sample consisted of three pitfall traps placed
three meters apart per hedgerow. This method was easy to implement and produces high capture
rates (Luff 1975; Spence and Niemeld 1994). Traps were set up three times in 2017 (May 9, June 6,
and August 29) and were left open for 14 days. Catches by pitfall traps depend on both population
density and activity (Thomas et al. 1998), therefore, sampling is a measure of activity-density.
Activity-density is calculated as the mean value of catches in the three pitfall traps over the
sampling period. We selected the 30 hedgerows based on specific criteria. Specifically, they had to
be: (1) in landscape contexts covering a gradient of grain values (described in the metric section),
(2) at least 50 m long (to ensure that individuals sampled every 14 days come from this hedgerow),
(3) at least 400 m from another sampled hedgerow (to ensure the ecological independence of

sampling sites), and (4) with oak as the dominant tree species.
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Maps

We used two raster maps with a resolution of 5 m x 5 m to calculate landscape metrics (Online
Resource 1). A preliminary map that was defined by 11 land use categories (Table 1) was obtained
by the photo-interpretation of aerial photography generated by LETG (Littoral, Environnement,
Télédétection Géomatique laboratory, Rennes) in 2017. These categories were selected following
the preferences of the species according to the literature (Loreau and Nolf 1993; Symondson 1994;
Charrier et al. 1997; Petit and Burel 1998a,b; Fournier and Loreau 1999; Pichancourt et al. 2006). A
second, wooded features map (hedgerows, woodlots), was used to calculate the grain metric (i.e.,
MD metric, described in the metrics section). This map represented the canopy cover of trees

extracted from aerial photographs by KERMAP (a private company) in 2016.

Metrics

Seven classes of landscape metrics (Table 2) led to the calculation of twenty-four metrics. They
were computed using CHLOE software (Boussard and Baudry 2017). Specifically, we calculated
(1) abundance of the different types of land cover (NV), which represent eleven metrics (each
representing a type of land use); (2) abundance of the interfaces between the woods and the other
land cover types (NC), which represent eight metrics (each representing a possible interface with
woods); (3) number of heterogeneous types of adjacent pairs of pixels (NC hete), a landscape-level
metric; (4) land cover diversity measured from the Shannon diversity index (SHDI), a landscape-
level metric; and two landscape-level heterogeneity metrics computing Shannon Diversity based on
the number of pixel pairs of different types; specifically, (5) HET, which is the overall
heterogeneity; (6) HET-Frag, which is the heterogeneity of dissimilar interfaces; and (7) a grain
metric (MD), a landscape-level metric representing the micro-climatic effects of the woody
elements. These seven class of metrics were selected according to the ecological preferences of A.

parallelepipedus. NV metrics is a composition metric and NC metric is a mixture of composition
9
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and configuration metric as it depends on how the land covers are distributed. These metrics were
selected knowing the influence of habitat and edge effect on carabids (Niemeld 2001; Davies and
Pullin 2007; Roume et al. 2011). NC metric is a mixture of composition and configuration metric
because it depends on how the land covers are distributed (Niemeld 2001; Davies and Pullin 2007).
The SHDI (used to measure the land cover diversity) and the two heterogeneity indices (HET and
HET-Frag, used to display the diversity of dissimilar interfaces) characterize the landscape
heterogeneity, which influences carabids (Niemeld et al. 1992; da Silva et al. 2008). The grain
metric (MD) represents micro-climatic effects of the woody elements, which are known to influence
the activity of the carabids. As mentioned in Betbeder et al. 2015, the grain metric integrates both
the density of hedgerows and the shape of the meshes of the network measured as the mean distance
to hedgerows (Forman and Baudry 1984, adapted by Vannier et al., 2011 for hedgerow networks).
Hedgerow networks have many discontinuities and, therefore, do not comprise “closed meshes”
(the space between hedgerows). The size of these meshes controls the local climate by reducing
wind speed and capturing the energy from the sun. We used the grain of the imagery as a surrogate
of these meshes to characterize the more or less open character of the landscape. Hedgerow density
alone is not sufficient as for similar densities the spatial distribution of hedgerows, thus the grain

metric, may be different.

Threshold method
The threshold method computes landscape metrics within buffers of different radii centered on the
same sampling point (Table 3). Metrics were computed in 35 nested concentric circles, at 50 m
increments from 50 to 1750 m (radius), following the recommendations of Jackson and Fahrig
(2015). Although A. parallelepipedus shows a preference for forest habitats, we do not know the
dispersal pattern of the individuals, we thus used circular vector buffers. Previous studies show that
the area prospected by an individual varies according to the habitat, and the dispersal power of

individuals was found to be low—on average 1 m per day and about 2 m per day for the most active
10
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males (Charrier et al. 1997; Marcus et al. 2015). The estimated life span is one to two years for
large carabid beetles (Coulon et al. 2011). Therefore, we can consider that with 250-280 days of
activity per year (from April to November) and an average displacement of 1 m per day (or 2 m in
exceptional cases for males), a buffer of 1750 m is able to capture all the displacements of the
individuals, on a theoretical high range. Beyond this distance, we assumed that woody elements do
not influence the activity-density of A. parallelepipedus (Petit and Burel 1998b; Betbeder et al.
2015; Bertrand et al. 2016). Care must be paid to the quantity of empty pixels (i.e., with NA values,
pixels outside the map) in a buffer for the calculation of metrics. To calculate metrics at 1750 m
(the largest buffer size), the proportion of empty pixels in our study varies between 0 and 40.36%.
Only two sites have a proportion of empty cells greater than 30%, and 17 sites have a proportion

less than 10%.

Weighted-distance method
To compute the metrics for this method, a weight was applied to the pixels in the analyzed window
(i.e., a circular window representing the buffer), depending on the weighting-distance function
applied (Table 3). Thus, the threshold method is a special case of the weighted-distance method
(i.e., where the weight applied with distance was constant up to a threshold, at which point it
dropped to 0). As in other studies (Miguet et al. 2017), we did not know what the best function was
to characterize the distribution of individuals. Therefore, we chose four types of common ecological
functions (Table 3) to test different weights placed on landscape features, divided into two main
groups. We used functions that gave more weight to a local landscape effect (i.e., decreasing
functions, Hill et al. 1996; Stevens et al. 2010; Remon et al. 2018) than to a distant landscape effect
(i.e., Gaussian functions, Chandler and Hepinstall-Cymerman 2016). Decreasing functions can take
different forms, so we used the linear decreasing curve, assuming only a distance effect, and the
common decreasing curve, a variant shape giving slightly more weight to nearby landscape

elements. We also used two Gaussian functions that gave different weights to a landscape (i.e.,
11
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according to the distance at which the species may need its non-immediate environment such as

meadows to complete all or part of its life cycle).

Statistical and modeling approach

Two steps were required to analyze the data: the metric and scale identification, and then the
run of the global model. We ran three independent replicates, one using metrics as variables
calculated with the threshold method only, one using metrics as variables calculated with the
weighted-distance method only, and one using metrics as variables calculated with the combination
of the two. All statistical analyses were performed in R version 3.6.0 (R Core Team 2017). These

steps are detailed below.

Step 1. Metric and scale identification

The first step is to identify (but not yet select) at which scales the explanatory variables
(metrics) can be related to the activity-density of A. parallelepipedus. Since the distribution of data,
as well as the shape of the relation between a predictor and its dependent variables can be unknown,
a non-parametric modelling approach using a Multivariate Adaptive Regression Spline (MARS)
was used (Friedman 1991). MARS models allow the non-linearity of a relation to be captured in a
simple form by partitioning the space of a variable into several knots, and assigning a linear model
in this space (Friedman 1991). For each metric, we fit a MARS model between the activity-density
of A. parallelepipedus (i.e., 30 sampling points; Fig. 2, Step 1.1) and the metrics at each scale for
each method (i.e., threshold method only, the weighted-distance method only, and the combination
of the two). MARS models were fit using the R package ‘earth’ (Milborrow 2011). For each MARS
model, R? was calculated (Step 1.1). Then, using GAMs (General Additive Models), we fitted the

relation between R? obtained from MARS and scales (Fig. 2, Step 1.2). Finally, we identified the
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best scales (i.e., all scales with peak values, not only the highest peak, represented by red stars in

Fig. 2, Step 1.3).

Step 2. Global model

To select the variables computed at multiple scales explaining the activity-density of A.
parallelepipedus, since there could be many uninformative combinations of metrics at different
scales, we used LASSO optimization algorithm (Least absolute shrinkage and selection operator)
for variable selection and regularization (Tibshirani 1996). There are many advantages in using
LASSO method. First, it can provide a very good prediction accuracy, because shrinking and
removing the coefficients can reduce variance without a substantial increase of the bias. This is
especially useful when you have a small number of observations and a large number of features.
LASSO shrinks uninformative coefficient estimates to zero, which improves both model prediction
and interpretability. Moreover, LASSO is suited to perform variables selection on collinear
variables.

To fit the global model, metrics at their best scales were used as predictors of the density-
activity of A. parallelepipedus. To test our hypotheses, we built three models: (1) one with the
metrics obtained from the threshold method only, (2) one with the metrics obtained from the
weighted-distance method only, and (3) one with the metrics from both the threshold method and
weighted-distance method. LASSO models were fit using the R package ‘glmnet’ (Friedman et al.
2011). The R? obtained by LASSO selection procedure for each of the three sets of variables (i.e.,
those identified using the threshold method, the weighted-distance method, and the combination of
the two) were bootstrapped 1000 times to obtain a mean value and a standard deviation. Residuals
of the different models were checked to make sure that there was not evidence of residual spatial
autocorrelation. The results are represented using partial dependence plots (Friedman 1991). These

plots show how the selected predictors in the selected model influenced the dependent variable
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(Greenwell 2017) and whether the relations between the dependent variables and selected predictors

were linear, monotonic, or more complex.
Results

Step 1

Considering the seven defined class metrics, a total of 24 metrics were calculated because
the NV metric is subdivided into 11 (one for each land use type), and the NC metric is subdivided
into eight (eight different interfaces with woods are referenced in our landscape). Considering the
35 spatial scales, 840 variables for each method were thus calculated. In total, 4200 metrics were
computed in Step 1: 840 for the threshold method and 3,360 for the weighted-distance method (i.e.,
840 for each of the functions referenced in Table 3). For the threshold method, out of 840 possible
variables, 76 were selected. For each of the 24 metrics, the average number of scales selected was
3.17+1.04. For the weighted-distance method, out of 840 possible variables for each function,
respectively 55, 61, 49 and 58 variables were selected for the Decreasing Curve, Decreasing Linear,
Gaussian and Adjusted Gaussian functions. The average number of scales selected was respectively
2.14+0.98, 2.39+1.21, 2.014+0.91 and 2.26+1.23 for the Decreasing Curve, Decreasing Linear,

Gaussian and Adjusted Gaussian functions.

Step 2

The mean R? value (+ standard deviation) of the three models using LASSO were 0.34+0.10
with the metrics derived from the threshold method only, 0.49+0.11 with the metrics derived from
the weighted-distance method only and 0.7140.07 with the metrics derived from the weighted-
distance method and threshold method. The metrics selected using LASSO procedure were mainly
related to (1) interface metric between wood and dirt-roads (NC 1-12) at 1200 m for the threshold

method only (Fig. 3A) and 1500 m for the weighted-distance method only and the combination of
14
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weighted-distance and threshold method (Fig. 3B); (2) landscape density metrics (NV 16: meadow
density) at 550 m and 1750 m for the threshold method only (Fig. 3C) and 950 m for the weighted-
distance method only and for the combination of weighted-distance and threshold method (Fig. 3D);
(3) dirt-road density (NV 12) at 1350 m for the combination of weighted-distance and threshold
method only (Fig. 3E). Overall, for both the threshold method only, the weighted-distance method
only, and the combination of weighted-distance and threshold method, metrics were selected at
different scales (i.e., from an intermediate scale of 550 m to 1750 m). The interface metric, NC 1-
12, had the highest relative importance in models and greatly improved the explanation of A.
parallelepipedus density-activity when it was calculated using weighted-distance method
(decreasing curve, Fig 3B). Among the three selected metrics, two metrics were found in all of the
final models (NC 1-12 and NV 16). The main difference was the method used and the scale selected
(Fig. 3).

For each model, the selected metrics are summarized in Figure 4. For the threshold method
only, the partial dependence plots (Fig. 4A and B) showed dissimilarities for the density of
meadows (NV 16). At the local scale (550 m, Fig. 4A), the activity-density decreased and reached a
plateau, whereas it increased and reached a plateau at the landscape scale (1750 m, Fig. 4B). For the
combination of weighted-distance and threshold method, the density of meadows (NV 16; Fig. 4D)
showed similarities to the weighted-distance method only (i.e., after the activity-density decreased
and reached a plateau, Fig. 4H) but used a decreasing linear function.

For the combination of weighted-distance and threshold method, the dirt-road density (NV
12; Fig. 4E) was selected at 1350 m. The activity-density decreased and reached a plateau.
The partial dependence plots of the selected metrics highlight some similarities between the three
methods. More specifically, these plots show the influence of the interface between wooded features
(mainly hedgerows) and dirt-road (i.e., NC 1-12) on the activity-density of A. parallelepipedus. The
interface between wood and dirt-road shows that, after a plateau was reached, activity-density

increased (Fig. 4C, Fig. 4F and Fig. 4G) when using a decreasing curve function at 1500 m for the
15
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345  combination of the weighted-distance method and the weighted-distance method only (Fig. 4F and
346 4G respectively), and 1200 m for the threshold method only (Fig. 4C) .

347
348 Discussion

349 We tested the power of the combination of the weighted-distance method and threshold-
350  method to obtain landscape metrics computed at multiple scales to explain a specific ecological
351  response. Compared to the threshold-based method only, as shown by Miguet et al. (2017), we
352 demonstrated that using landscape metrics computed at multiple scales (i.e., the same metric could
353  be selected at different scales) with the weighted-distance method better explained the density-
354  activity of A. parallelepipedus. The mean R? of the model explaining A. parallelepipedus activity-
355  density using metrics identified with metrics computed at multiple scales using threshold method
356  only was 0.3440.10 and was lower than previous studies conducted at the same study site (around
357 0.5, Betbeder et al. 2015). However, Betbeder et al. (2015) used radar SAR (Synthetic Aperture
358  Radar) image-based variables to characterize the internal structure of hedgerows. The analyses
359  performed using metrics computed at multiple scales identified through the weighted-distance

360 method yielded better results with a mean R? equal to 0.49+0.11. By combining metrics computed
361  at multiple scales using both the threshold method and the weighted-distance method, we greatly
362  improved the variance explained of A. parallelepipedus activity-density and reached 0.71+£0.07. The
363  high R? values is attributed to the use of weighted metrics at different spatial scales, which were
364  tested individually according to the distance functions. No published study or ecological hypothesis
365  supports that each metric computed at multiple scales should have the same distance function,

366  which our results confirm (Peterson et al. 2011; Chandler and Hepinstall-Cymerman 2016; Miguet
367 etal. 2017; Remon et al. 2018). More precisely, our statistical and modelling processes only

368  retained the functions and the scales that best explained the ecological response (Step 1, Fig. 2).
369 Interestingly, two of the three selected metrics were the same. The main difference was the use of
370  metrics using weighted-distance functions and multiple scales, which greatly improved metric

16

Accepted manuscript



371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

importance. Out of the three metrics selected by the combination of the weighted-distance method
and threshold method, two were computed using decreasing linear and curve functions. This result
further emphasizes the important contribution of the metrics computed at multiple scales using
weighted-distance method to the more ‘classical’ threshold method. The improvement of models
through computing metrics using the decreasing linear and decreasing curve functions supported the
results of Miguet et al. (2017) who evaluated four species, including a carabid (i.c., Pterostichus
melanarius).

Interfaces including wood (NC 1-12) strongly influence the distribution of A.
parallelepipedus (Charrier 1997; Niemela 2001; Roume et al. 2011). The activity-density of A.
parallelepipedus increased with the importance of the interface between wood and dirt-road at a
large scale when using a decreasing curve. To the best of our knowledge, previous studies have not
included this specific interface with wood in their analyses, nor have they included a decreasing
curve to calculate this metric (Duflot et al. 2014; Bertrand et al. 2016). This result highlighted the
role of dirt roads adjacent to wooded elements as potential ecological corridors in fragmented
landscapes (Burel 1989; Vermeulen 1993, 1994; Niemela 2001; Pichancourt et al. 2006) and could
suggest that dirt roads bordered by woody habitats could provide high quality corridors for A.
parallelepipedus (Charrier et al. 1997).

Metrics computed at multiple scales based on landscape element density for the combination
of the weighted-distance method and threshold method also showed expected results. The amount
of meadows (NV 16) is negatively related to A. parallelepipedus density-activity at < 950 m. The
negative relation of this landscape element might be attributed to the high specialization of A.
parallelepipedus for woody elements and the sensitivity of this species to fragmentation (Petit and
Burel 1998b). Interestingly, for metrics using threshold method alone, the density of meadows (NV
16) had a positive effect at broader scale (1750 m). This result suggests that meadows could act as
an ecological filter (e.g. against herbicides) when they are adjacent to hedgerows (Vermeulen 1993,

1994; Niemela 2001; Pichancourt et al. 2006), particularly in agricultural landscapes, such as our
17
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study area (Fournier and Loreau 1999; Aviron et al. 2018). These results clearly support the
necessity of integrating multiple spatial scales for one or more variables in models to understand
ecological processes (Niemeld et al. 1992). In this study, spatially, we worked on raster maps where
the resolution is constant (5 X 5 m). Therefore, when the metrics were calculated in a buffer, the
number of pixels increased, so the spatial resolution did not change. Since our resolution was
constant whatever the spatial scale considered. The metrics were then comparable. However, due to
lack of information, we did not take into consideration the temporal dimension and the stationarity
of landscape metrics (Fortin et al. 2003; Remmel and Csillag 2003) that may influence the
conclusions of this study. More generally, our results suggested that the surrounding environment
were the main factors explaining A. parallelepipedus density-activity (5/8 metrics were selected at
distances <1350 m). This result is often sought in landscape ecology, because landscape
composition and heterogeneity represent the main drivers of species and diversity distributions
(Batary et al. 2011; Vasseur et al. 2013; Kennedy et al. 2013; Shackelford et al. 2013).

One limitation of this study was that sampling did not cover the full period of activity of A.
parallelepipedus (Pichancourt et al. 2006; Niemela et al. 1992; Magura 2000), which would have
provided a better understanding of how this species is distributed in the landscape. Another issue
may lie in the automated selection process of LASSO variables, which may hide common metrics
used to explain ecological processes. As for example the grain metric MD (Forman and Baudry
1984; Vannier et al. 2011), which has been demonstrated to explain A. parallelepipedus density-
activity (Betbeder et al. 2015), but was not found in our selected metrics. Finally, our ecological
results are based on small sample sizes, and thus should be interpreted with caution. But
nevertheless, the framework and workflow can be useful across systems and taxa when sample sizes
are appropriate for individual studies' goals.

To improve the results, several solutions can be considered. For the sake of simplicity, we
have also considered in Step 1 the identification of scale of interest on a variable by variable basis.

This method ignores the potential for covariates to be synergistically effected by others. Although
18
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our final results show a strong explanatory power of the models, the models could be improved in
this way. Regarding the weighted-distance analysis, first, it was limited when not all scales were
available. Specifically, when the scale was changed, the maximum distance in the metrics using
weighting functions also changed, but did not generate the best scale for the effect (i.e., the weight
given by the function). Miguet et al. (2017) overcome this problem by deducing a cumulative
distance function from the weighting function, which corresponded to “the proportion of the
landscape weight that is modelled within each distance”. This approach made it possible, for
example, to determine at which scale 50% of the landscape effect is contained, with the decision
threshold being left to the experimenter. Second, even when our results generated high R? values
and support known results based on the published literature for A. parallelepipedus, we used four a
priori weighted-distance functions (decreasing linear, decreasing curve, Gaussian, and adjusted-
Gaussian functions). Other ecological functions should be tested according to the species (Remon et
al. 2018). It would also be interesting to test these methods using variables derived from remotely
sensed data that reflect the internal structure of landscape elements (such as hedgerow structure and
crop phenology, Betbeder et al. 2015). Third, the interpretation and extrapolation of the results in
other studies must consider the metrics used. Indeed, metrics could be very sensitive to
compositional changes and when sites with different compositions are compared or lumped,
differences may be driven by a subtle imbalance in the composition differences (e.g., inclusion of
an additional minor land cover category) rather than an actual ecological difference (Fortin et al.
2003; Cushman et al. 2008). Moreover, using more than two categories increases the possible
configurations beyond a reasonable ability to enumerate all possibilities and thus making
comparisons among maps or sites challenging (Boots 2003; Csillag and Boots 2005; Turner 2005).
Caution should also be taken in the consideration of non-linear relations between metrics with
changes to composition and configuration (Hargis et al. 1998). Changing the extent, the grain, the
composition and/or the configuration may result in a change in the metric value. Thus, correlating

metrics with physical measurements may be biased, particularly if the underlying structures are not
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properly controlled for. Finally, in this study, while it might be interesting to implement all
calculated metrics at once in a LASSO model, we did not consider this option. Indeed, we
calculated 24 metrics at 35 scales following different calculation modes (landscape metrics
computed using threshold and weighted-distance method with 4 different functions) and we
obtained 4200 metrics (840 per mode). Although LASSO is a robust method when presenting a
dataset with a small number of rows compared to a large number of variables (Tibshirani 1996), it
does not work with so many variables. However, as soon as the number of explanatory variables is
reduced, LASSO method is particularly interesting and Steps 1.2 and 1.3 can be avoided to select

the best scales.

Conclusions

This study demonstrated the utility of combining metrics computed at multiple scales using
threshold and weighted-distance method at several scales to calculate variables and explain
ecological responses of species, such as activity-density. This study highlights with an in situ
experiment the promising advances offered by metrics computed at multiple scales using weighted-
distance method in combination with more traditional metrics computed at multiple scales using
threshold method. Compared metrics computed at multiple scales using threshold method or
weighted-distance method separately, the combination of these two methods significantly improved
explained variance of the activity-density of A. parallelepipedus. Combining metrics computed at
multiple scales using the two methods to calculate the explanatory variables results in a coefficient
of determination of the final model of 0.71. This result confirms our hypothesis and the ecological
interest of using metrics computed at multiple scales using weighted-distance method to improve
the predictive power of explanatory landscape variables in models. Because we tested this approach
on a well-known species, its utility for other species must also be explored, such as more generalist
species like Pterostichus melanarius (Fournier and Loreau 2002; Retho et al. 2008), as well as with

other weighted-distance functions and other taxa. Indeed, several functions frequently derived from
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species dispersal kernels explain the effects of landscape as a function of distance, such as the

negative exponential function (e.g., butterflies, Baguette 2003; Remon et al. 2018) and power law

(e.g., carabids or birds, Miguet et al. 2017; butterflies, Baguette 2003; Fric and Konvicka 2007).
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Figure captions

Fig. 1 (A) Location of Brittany in France. (B) Location of Zone Atelier Armorique (ZAAR) in Britany
(48° 30'N, 1° 34' W). (C) Sampling point locations. The borders of the study area are shown in dark

grey in (B); black icons represent the 30 points where carabid beetles were sampled.

Fig. 2. Statistical and modeling scheme for the step 1 “metric and scale identification” (MARS:
Multivariate Adaptive Regression Spline, TM: threshold method, DWM: weighted-distance method,
GAM: General Additive Model). For each metric, the model with the highest R-squared (R?)

represented the best scale.

Fig. 3. Graphs showing the R? values depending on the scale (Fig. 2, Step 1.2) of the five selected
metrics. Metric terms: NV 1 = density of landscape element 1, NC i-j = Interfaces i-j, 1 = Wood, 12 =

Dirt-roads, 16 = Meadows.

Fig. 4. Partial dependence plots between the activity-density of Abax parallelepipedus and the
selected metrics using the threshold method (A—C), the combination of weighted-distance and
threshold methods (D-F) and the weighted-distance method (G—H). Metric terms: NV i = density of

landscape elements i, NC i-j = Interfaces i-j, | = Wood, 12 = Dirt-roads, 16 = Meadows.

Online Resource 1: Raster maps of the land use categories and the wooded features.
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Table 1. Percentage of each land cover type in the study area for 2017.

Land cover type Percentage (%)
Meadow (16) 30.55
Maize (7) 21.94
Cereals (8) 20.85
Wood (1) 16.64
Artificial areas (13) 5.14
Dirt-road (12) 2.03
Uncultivated (4) 1.06
Water (2) 1.01
Other crop (9) 0.63
Rails road (14) 0.08
Grass strip (17) 0.08
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Table 2. Metrics computed with CHLOE software, i represents the elements of a specific land cover
type, i-j the interfaces between two elements of a specific land cover type, d represents the distance
chosen for the metric calculation, wd represents the weighted-distance function used, n represents the

number, p represents the proportion.

Formula Formula
Metric Description
(Threshold Method) (Weighted-distance method)
NV i Number of pixels of class i n(i) Z wd (i)
NC i-j Number of pair values i-j n(i,j) Z wd (i, j)
Number of pair values where i Z n(i,j Zz wd (i, j
NC-hete . p @7 @7
# with i #] with | #
Shannon diversity of the land ) ) _z p() x In(p(D)
SHDI cover — Z p(@) X In(p(i)) S
with p(i) = Sywa
HET Heterogeneity metric (i.e., - Z p(i,)) - z p(i,j) x In(p(i, ))
SHDI for pair values) - ; oy 2wd(i))
X In(p(i, ) with p(i, j) = ¢
Structural heterogeneity metric 0.1 % (e ) _Z p(i, /)  In(p(i. )
HET-frag  (i.e., SHDI for heterogenous - ZP +J) > IPAL)
P with i # j and p(i, j) = 22240
pair values) J p(; ] Y wd
i d in(d, 100
MD The grain metric 72 min(d, 100) L wd X min( )
n > wd
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Table 3. Summary of the threshold and the four weighted-distance functions used for the weighted-
distance method. Terms and formulae are presented (radius: radius for a given buffer size). The
center of the weight pixel window is the sampling point (the lighter the color, the more important
the effect is).

) Effect of a landscape metric (Y axis) according Pixel Weight
Function . ) i ] )
Formula to the distance from the sampling point (X (the center of window is
term
axis). Sampling point is at distance 0. the sampling point)
Threshold radius D
Decreasing distancey 314
. = 1
Linear ( radius )
Decreasing radius
distance x (—)
Curve radius X —radius
. 2
) distance—(radlus/z)
Gaussian T radus,
e 4
. 2
Adjusted- distance—(radlus/lz)
Gaussian e radius/,
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Figure 2 Click here to access/download;Figure;Fig2.png *
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Figure 4 Click here to access/download;Figure;fig4.png *
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