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Abstract. Eigenvector-mapping methods such as Moran’s eigenvector maps (MEM) are derived
from a spatial weighting matrix (SWM) that describes the relations among a set of sampled sites. The
specification of the SWM is a crucial step, but the SWM is generally chosen arbitrarily, regardless of
the sampling design characteristics. Here, we compare the statistical performances of different types of
SWMs (distance-based or graph-based) in contrasted realistic simulation scenarios. Then, we present
an optimization method and evaluate its performances compared to the arbitrary choice of the most-
widely used distance-based SWM. Results showed that the distance-based SWMs generally had lower
power and accuracy than other specifications, and strongly underestimated spatial signals. The opti-
mization method, using a correction procedure for multiple tests, had a correct type I error rate, and
had higher power and accuracy than an arbitrary choice of the SWM. Nevertheless, the power
decreased when too many SWMs were compared, resulting in a trade-off between the gain of accuracy
and the loss of power. We advocate that future studies should optimize the choice of the SWM using a
small set of appropriate candidates. R functions to implement the optimization are available in the
adespatial package and are detailed in a tutorial.

Key words: community ecology; community simulation; connection scheme; inference of ecological processes
from spatial patterns; Moran’s eigenvector maps (MEM); multiscale spatial patterns; optimization; principal
coordinates of neighbor matrices (PCNM); spatial autocorrelation; spatial eigenvector mapping (SEVM); spatial
weighting matrix; type I error rate inflation.

INTRODUCTION

Spatial (but also temporal or phylogenetic) autocorrela-
tion can be seen either as a curse or as an opportunity for
ecologists (Peres-Neto and Legendre 2010, Diniz-Filho
et al. 2012, Bauman et al. 2018). Indeed, the lack of inde-
pendence between observations (spatial autocorrelation,
SAC) causes standard statistical procedures to be too liberal
(inflated type I error rate; Legendre 1993, Diniz-Filho and
Bini 2005). Space, therefore, hinders the correct assessment
of a relation between the response variable(s) and a set of
predictors (spatial nuisance, Peres-Neto and Legendre 2010).
Yet, space was also shown to be a surrogate of the effect of
ecological processes on living communities (McIntire and
Fajardo 2009, Legendre and Legendre 2012, spatial legacy,
Peres-Neto and Legendre 2010). Hence, several spatially
explicit methods have been developed either to filter SAC
from residuals or to depict multiscale spatial patterns and
relate them to underlying ecological processes (Griffith
1996, 2004, Plotkin et al. 2000, Borcard and Legendre 2002,
Diniz-Filho and Bini 2005, Dray et al. 2006, 2012, Wagner
and Dray 2015). The advent of spatial eigenvector-based

methods has brought a major advance in this field (Griffith
1996), especially with the development of Moran’s eigenvec-
tor maps (MEM, Dray et al. 2006) that generalizes the ad
hoc principal coordinates of neighbor matrices (PCNM;
Borcard and Legendre 2002). MEM allow including multi-
scale spatial predictors in all kinds of univariate and multi-
variate models (e.g., generalized linear models, canonical
analyses).
MEM variables (also further referred to as spatial predic-

tors or spatial eigenvectors) are generated by the diagonal-
ization of a doubly centered spatial weighting matrix
(SWM) W. The matrix W is obtained as the Hadamard pro-
duct (element-wise product) of a connectivity matrix (B) by
a weighting matrix (A). The binary matrix B defines the
pairs of connected and unconnected sites (binary matrix),
while the matrix A allows weighting the connections, for
instance to define that the strength of the connection
between two sites decreases with the geographic distance
(Dray et al. 2006). The matrix B can be distance based,
when the connection status (i.e., 1 or 0) of each pair of sites
depends on the distance between them with respect to a
connection threshold distance (e.g., Euclidean distances;
db-MEM), as in the original PCNM method, but it can also
be based on geometrical connection schemes, such as the
Delaunay triangulation, Gabriel’s graph, relative neighbor-
hood graph, or a minimum spanning tree (graph-based
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MEM, hereafter gb-MEM; Dray et al. 2006, Legendre and
Legendre 2012). Connections can also be built on the basis of
landscape features (physical barriers, resistance to movement;
Taylor et al. 1993, Fortin and Payette 2002, Spear et al. 2010).
Several works have investigated how different specifica-

tions of SWMs influence the results of spatial analyses (e.g.,
Stetzer 1982, Florax and Rey 1995, Kostov 2010, Griffith
2017). The choice of the SWM has been shown to greatly
influence the accuracy of parameter estimations and the spa-
tial patterns detected in different types of space-time fore-
casting models, such as Lagrange Multiplier tests, in
econometrics (Stakhovych and Bijmolt 2008), spatial
autoregressive models (Griffith and Lagona 1998), and in
spatial eigenvector-based methods too, especially for irregu-
lar sampling designs (Dray et al. 2006, Patuelli et al. 2011,
Griffith 2017). However, a thorough evaluation (in terms of
type I error rate, power, and accuracy) is still lacking to
understand how spatial eigenvector-based methods are
affected by the specification of the SWM with respect to the
type of sampling design, the strength of the SAC, and the
scale of the pattern. A recent review revealed that most stud-
ies used a single – and seemingly arbitrarily chosen – SWM
(Bauman et al. 2018). Bauman et al. (2018) also highlighted
that only 58% of the studies describe clearly the specification
of the SWM, and that over 60% of these studies used either
db-MEM or the original PCNM approach without justifica-
tion, even if the latter lacks mathematical formalism, is very
sensitive to irregular sampling designs, and present a lower
statistical power than its MEM counterpart (Dray et al.
2006). Although Dray et al. (2006) proposed a procedure to
select an optimal SWM among a set of candidates, this
approach was based on the computation of an Akaike infor-
mation criterion extended to the case of multivariate
response data (Godinez-Dominguez and Freire 2003) which
suffers from poor theoretical bases and does not test the
candidate matrices against a null model. Hence, this proce-
dure returns an optimal SWM even if there is no spatial
structure in the response data, so that its use has been dis-
couraged (Bauman et al. 2018).
Here, we address the issue of the selection of the SWM.

We first compare contrasted types of SWMs in terms of type
I error rate, statistical power, and R² estimation accuracy
for: (1) random and clustered sampling designs, (2) weak
and strong degrees of SAC, and (3) broad and fine spatial
scale patterns. Then, we propose a new procedure that opti-
mizes the selection of the SWM. Finally, we evaluate the
performances of this new procedure and compare it to the
most common current practices.

MATERIAL AND METHODS

Comparing the performance of spatial weighting matrices

We defined a 90 9 90 grid and sampled 120 cells (sites)
following a clustered (three clusters of 40 sites) or a random
sampling design (right portion of Fig. 1 for an illustration
and Appendix S2: Section 1 for methodological details). For
each sampling type, we built 21 contrasting SWMs as a com-
bination of connectivity and weighting matrices (see below)
and compared their performance (i.e., type I error rate,
statistical power, and R² estimation accuracy).

Connectivity matrix (B).—The connectivity matrix (B) was
generated using four connection schemes (graph-based
MEM, hereafter gb-MEM: Delaunay triangulation, del,
Gabriel graph, gab, relative neighborhood graph, rel, and
minimum spanning tree, mst), and one distance threshold
(db-MEM; see Appendix S1: Fig. S1). The latter corre-
sponded to the smallest distance that kept all sites connected
(i.e., the connectivity criterion used in PCNM; db in
Appendix S1: Fig. S1). The graph-based connection schemes
are inclusive, so that all the links of mst are included in rel,
included in gab, itself included in del. Hence, the number of
connections increases along these graphs (Legendre and
Legendre 2012).

Weighting matrix (A).—Different weighting matrices (A)
were combined to each B matrix. We defined (1) a neutral
weighting function (fbin; that is, no weight added to the
connections), (2) a linear function flin = 1�(d/dmax), (3) a
concave-down function fdown = 1�(d/dmax)

a, and (4) a con-
cave-up function fup = 1/dmax

a, where d is the Euclidean dis-
tance between two sites, dmax is the maximum distance
between two sites, and a = 5 and 0.5 in fdown and fup, respec-
tively (see plot of the weighting functions in Appendix S1:
Fig. S2). The weighting function fPCNM = 1�(d/4t)2 was used
with the db-B matrix, where t is the threshold distance below
which two sites are connected, and 4 is an empirical value
beyond which the eigenvectors remain stable (Borcard and
Legendre 2002). This combination of db and fPCNM corre-
sponds to the PCNM criteria used in the framework of
MEM (db-MEMPCNM; see Dray et al. 2006).
For each SWM, we only considered the MEM variables

associated to positive eigenvalues (hereafter “positive MEM
variables”), as most studies focus on contagious ecological
processes (i.e., displaying positive SAC). Using MEM vari-
ables associated to negative or to all eigenvalues yielded very
similar results (not shown).

Type I error rate

A random univariate response variable y was generated in
the sampled cells from four distributions: uniform, normal,
exponential, and cubed exponential (Anderson and Legen-
dre 1999, Manly 2007). We then generated MEM variables
using the 21 above-described types of SWM. A global test of
significance of y against each SWM was performed sepa-
rately by 999 permutations (i.e., regressing y against the
entire set of positive MEM variables). The above-described
simulation procedure was repeated 1,000 times by resam-
pling different sets of 120 cells within the 90 9 90 grid, and
the type I error rate was the proportion of significant results
(significance level of 0.05).

Statistical power and R² estimation accuracy

The SWMs were then evaluated on the basis of their sta-
tistical power and R² estimation accuracy in a set of scenar-
ios where the response variable y was spatially structured.
We considered different sampling designs (clustered or ran-
dom, see previous section), degrees of SAC (low or high),
and spatial scales (broad or fine) in these simulations
(Fig. 1; Appendix S2: Section 3 for details). Note that we
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did not consider regular sampling designs (e.g., equally
spaced sites on a transect or grid), as spatial eigenvectors
built with different SWMs detect roughly the same struc-
tures in this context (see Discussion). The response variable
(y) was regressed on the global set of positive MEM vari-
ables generated from the same 21 SWMs, and a forward
selection with double stopping criterion (Blanchet et al.
2008) was performed separately on the significant SWMs to
select a suitable subset of spatial predictors. Then, y was
regressed on the forward selected MEM variables of each
significant SWM and the spatial contribution (R²) to the
overall variability of y was computed for the significant
SWMs. The R² estimation accuracy of each SWM (hereafter
DR²) was defined as the difference between the true R² value
(R²ref) and the R² estimated by the forward selected MEM
variables of a given SWM (R²sim; that is, DR² = R²sim�R²ref),
so that negative and positive values indicated underestima-
tion and overestimation of the true spatial signal, respec-
tively. The complete simulation procedure was repeated
1,000 times by resampling different sets of 120 cells in the
90 9 90 grid, and the power was computed for each SWM
as the proportion of simulations returning significant global
R². The R² estimation accuracy was the mean DR² of the sig-
nificant simulations. The complete simulation procedure is
detailed in Appendix S2: Section 3.

Optimizing the selection of the spatial weighting matrix

Optimization method.—When a number of potential candi-
date SWMs is considered, it is expected that the probability

to accidentally detect a spatial signal for a given response
variable will increase with the number of candidates. As a
consequence, we proposed a procedure to optimize the selec-
tion of a SWM while maintaining a correct type I error rate.
After defining a set of potential SWMs, our method consists
in (1) performing a global test (based on the R² of the model
considering all MEM variables as explanatory variables) on
each candidate matrix with a P-value correction for multiple
tests (corrected by the number of SWMs compared), (2) run-
ning a forward selection with double stopping criterion
(Blanchet et al. 2008) on the significant SWMs to define the
best subset of eigenvectors for each one of them, and (3)
selecting the optimal SWM as the one for which the best
subset of eigenvectors yields the highest adjusted R². In this
paper, the P-value is corrected by the �Sidak correction
(�Sid�ak 1967), where PS = 1�(1�P)k, with PS = the corrected
P-value, P = the uncorrected P-value, and k = the number of
tests (i.e., the number of SWMs), but other correction meth-
ods can be considered.
The optimization method has been implemented in R

functions available in the adespatial package (Dray et al.
2018) (details and R tutorial in Appendix S3). These func-
tions provide also alternate optimization procedures (e.g.,
minimizing residual SAC instead of maximizing adjusted
R²) that can be more suitable depending on the objective of
the analysis (see details in Appendix S2: Section 4 and
illustration in Appendix S3).

Performance of the optimization method.—The type I error
rate, power, and accuracy of this optimization method were

FIG. 1. Schematic definition of the simulation design used for evaluating power and accuracy. The response variables were generated
with spatial patterns structured either at broad or fine spatial scales, with a strong or a weak degree of SAC on a grid of 8,100 cells
(90 9 90). Then, 120 cells were sampled either randomly distributed, or following a clustered sampling design. The sampled values were
then considered as the response variable (y) to assess the statistical performances of the different types of SWMs and of the optimization
method (see Appendix S2: Section 3). The type I error rate evaluation used the same design but considered a random y.
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calculated through 1000 repetitions using the same simula-
tion design and scenarios as before. To assess the effect of
the P-value correction, and because optimizing the selection
of the SWM has so far been done without control of false
discovery rate (Bauman et al. 2018), the type I error rate of
the optimization method was computed with and without
the P-value correction.
Five contrasting candidate SWMs were used in the opti-

mization procedure: gab and mst (B matrices) associated
with the flin and fdown functions (A matrices), and the
db-MEMPCNM. The power and accuracy of our optimiza-
tion procedure were compared to those of the arbitrary
choice of db-MEMPCNM (i.e., the most common current
practice), and to those of the random selection of a SWM
among a set of 57 SWMs (see details in Appendix S2:
Section 5). This allowed assessing the benefits of optimizing
the choice of the SWM with respect to a randomly chosen
SWM or the common choice of db-MEMPCNM.
All analyses were conducted in the R environment (ver-

sion 3.4.3., R Core Team 2017) using the packages vegan
(Oksanen et al. 2017), spdep (Bivand 2006), and adespatial
(Dray et al. 2018). The R code of the study is provided in
Data S1.

RESULTS

Comparing the performance of spatial weighting matrices

The four random distributions yielded similar results.
Hence, we only present the results of the uniform distribu-
tion (the other results are available in Appendix S4:
Table S1).
Fig. 2a displays the type I error rate for each combination

of B and A matrices, and shows that all the tested SWMs
presented a correct type I error rate (between 0.04 and 0.06),
regardless of the sampling design considered.
Fig. 2c, e show the R² estimation accuracy and statistical

power of the SWMs tested with a strong degree of SAC,
respectively. Regardless of the degree of SAC, the spatial
scale, or the type of sampling design, the gb-MEM (del, gab,
rel, and mst) systematically yielded a higher accuracy of R²
estimation than the db-MEM (except for the strong degree
of autocorrelation at broad scale, for the random sampling
design). Among the db-MEM, the PCNM and binary
weighting functions were nearly always associated to the
strongest model underestimations. These underestimations
were maximal when y displayed a fine-scale pattern. Overall,
the db-MEM always performed poorly compared with at
least one type of gb-MEM.

High degree of SAC.—With a clustered sampling design, the
gb-MEM slightly underestimated the real R² (DR² down to
�0.07 with mstbin), while the db-MEM led to more severe
underestimations (DR² down to �0.36 with db-MEMPCNM;
Fig. 2c). The results were very similar using the random
sampling design, with a slight underestimation for the gb-
MEM (DR² down to �0.09), except for the del-B matrix that
led to strong underestimations when considering a fine-
scaled pattern, regardless of the A matrix (mean DR² of
�0.34). The db-MEM, again, yielded strong R² underestima-
tions (DR² down to �0.37).

All the SWMs displayed high statistical power except for
the db-MEM at fine scale and for the del-B matrix at fine
scale for a random sampling design (i.e., for the above-
mentioned cases of strong R² underestimation; Fig. 2e).

Low degree of SAC.—The results with a low degree of SAC
were very similar, except for a general tendency toward a
lower statistical power for all SWMs, and a more accurate
R² estimation for both the gb-MEM and db-MEM. Yet, the
db-MEM still underestimated the R², regardless of the spa-
tial scale or sampling design considered (see details for the
low degree of SAC in Appendix S1: Fig. S3a, c).

Optimizing the selection of the spatial weighting matrix

Fig. 2b shows the type I error rates of the optimizing
method with and without P-value correction. Without cor-
recting the P-value for multiple tests, optimizing the choice
of the SWM among the five candidates tested inflated the
type I error rate (0.18 for both sampling designs), while the
method presented a correct type I error rate when correcting
the P-value for the number of SWMs tested (0.01 and 0.02
for the clustered and random sampling designs, respec-
tively). As expected, without P-value correction, the type I
error rate inflation increased with the number of SWMs
tested (results not shown).
In all simulation scenarios, the optimization method had

a higher or equal power (Fig. 2f) and was more accurate
(Fig. 2d) than the random choice of a SWM and the arbi-
trary choice of db-MEM (db-MEMPCNM). Indeed, while the
mean DR² of the optimization was always close to 0, the
mean DR² of the random choice and the db-MEM went
down to �0.33 and �0.37, respectively, hence causing severe
underestimations of the spatial signal.
db-MEM performed the worst in most cases, mostly when

the sampling design was clustered and for detecting fine-
scaled patterns. The statistical power of this practice was
particularly low for detecting fine-scaled patterns, and so
was the power of the random choice of a SWM (although
less markedly).
The benefit of the gain of precision of the optimization

method was more marked for high degrees of SAC (see
results for the low degree of SAC in Appendix S1: Fig. S3b,
d), and more specifically for the fine-scaled patterns, both
for clustered and random sampling designs (Fig. 2d). More-
over, at fine scales, the power of the optimization method
was ~1, while the powers of the random choice and the db-
MEM both went down to ~0.5 (Fig. 2f). Increasing the
number of candidate SWMs in the optimization procedure
enhanced the R² estimation accuracy but also decreased the
statistical power, as the corrected significance threshold
became more severe (i.e., smaller; results not shown).

DISCUSSION

Properly defining the SWM to be used in spatially explicit
analyses of ecological data is important to avoid biases,
accurately capture and study the multiscale distribution pat-
terns of living organisms. To do so, it is crucial to evaluate
the practices related to the most crucial step of these meth-
ods, that is, the selection of a SWM. Bauman et al. (2018)
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showed that few studies considered this issue and that
around half of the published works did not describe pre-
cisely how they defined the SWM in their study. It was also
highlighted that an arbitrary choice of db-MEM – often the
original PCNM method – was made in the great majority of
the studies that specified their SWM. The PCNM method
has, however, long been shown to lack mathematical formal-
ism, to generate less spatial predictors (therefore displaying
a lower statistical power), and to be particularly sensitive to
irregular sampling designs (Dray et al. 2006). It is, therefore,
fundamental to define good practices to wisely choose the

SWM for spatial data analysis based on eigenvector-based
methods.
Our results showed that the gb-MEM always displayed a

higher accuracy in R² estimation and nearly always had a
higher statistical power than the db-MEM (the power and
accuracy of db-MEM were particularly low when weighted
by the neutral or PCNM functions). This result can easily
be understood, as distance-based connectivity criterions
connect all sites aside from a distance corresponding either
to the minimum distance necessary to keep all sites con-
nected (i.e., the largest edge of a minimum spanning tree) or

FIG. 2. Type I error rate, R² estimation accuracy, and statistical power of the different SWMs (a, c, e), the optimization method used
with a forward selection criterion, the random choice of a SWM, and the arbitrary choice of db-MEMPCNM (b, d, f), at broad and fine spa-
tial scales and for different types of sampling design (“Clustered” and “Random”). These are the results for the high degree of SAC (see re-
sults with a low degree of SAC in Appendix S1: Fig. S3). a, c, e: The gray vertical bars correspond to the mean of the type I error rate (a),
mean DR² (i.e., R²sim�R²ref) (c), and statistical power (e) of the different A matrices within each B matrix (x-axis). The symbols give the
detailed values for the combinations of the matrices B and A. Squares: fbin, black circles: flin, triangles: fdown, diamonds: fup, orange circles:
fPCNM. b: Type I error rate of the procedure with (“Corr.”) and without (“Uncorr.”) the Sidak correction of the global P-value for multiple
tests. d, f: R² estimation accuracy (d) and statistical power (f) of the optimization procedure with P-value correction (“Opt”), the random
choice of a SWM among 57 candidates (“Rand”), and the db-MEMPCNM (“db”). a, b: The dashed line is the correct type I error rate (i.e.,
0.05). c, d: Negative and positive values of DR² correspond to underestimations and overestimations of the actual R² (i.e., R²ref), respectively.

October 2018 OPTIMIZING SPATIAL PATTERN DETECTION 2163
S
ta

tistica
lR

ep
orts



to any threshold distance greater than that. With irregular
and clustered sampling designs, this threshold distance is
likely to connect too many sites, therefore, avoiding a proper
detection of fine to medium-scaled spatial patterns. This will
cause distant sites, potentially belonging to different clusters
of sites (from a biological or ecological standpoint), to be
artificially connected, hence leading to misspecifications
of the SWM and poor detection of spatial patterns. The
db-MEM definition is therefore unsuitable for a proper
detection of spatial patterns in a set of irregularly dis-
tributed sites. Unlike db-MEM, gb-MEM does not present
the constraint of building connectivity with respect to a dis-
tance threshold potentially defined by a single pair of distant
sites. Therefore, this family of MEM yields more realistic
connections, regardless of the regularity/clustering of the
sampled sites, and provided higher R² estimation accuracy
and statistical power in our simulation study.
The connections based on the Delaunay triangulation,

however, performed poorly in different scenarios. This was
most likely caused by long-distance connections known to
be generated at the edges of the sampling design by the
Delaunay criterion (Kenkel et al. 1989). These edge effects
artificially connect distant sites, hence misspecifying the
SWM and causing the observed underestimations. The
Delaunay triangulation should, therefore, be avoided, unless
used with an edge effect correction (e.g., Lane et al. 1994).
A solution could be to use minimum planar graphs (MPG)
(Fall et al. 2007), a generalization of Delaunay triangulation
that accounts for the resistance to connect sites, hence pro-
viding least-cost paths and avoiding excessively long links as
those obtained with del in this study.
The optimization procedure that we proposed to select

the SWM achieved a higher R² estimation accuracy than
the random choice of a SWM, hence highlighting the
importance of the SWM selection. However, the optimiza-
tion had a high false discovery rate when not associated to
a P-value correction for multiple tests, which confirmed
our expectation. Previous studies following Dray et al.
(2006) and Borcard et al. (2011) to select a SWM (based
on the AIC), therefore, not only probably had an inflated
type I error rate when selecting spatial eigenvectors (see
Bauman et al. 2018) but likely also for the selection of the
best SWM. The latter inflation was caused by the lack of
an adapted control for the potentially very high number of
candidate SWMs tested (up to ~100 in Borcard et al.
2011). This type I error rate inflation issue also occurred in
additional simulations with varying parameters values (e.g.,
different values used as a exponent in the concave-down or
concave-up functions, or different threshold distances in
db-MEM, Borcard et al. 2011). This issue can be solved by
correcting the global P-value according to the number of
SWMs tested before selecting a subset of predictors (see
details of these additional simulations in Appendix S2:
Section 2).
The P-value correction can quickly become very severe,

however, as the number of tests not only increases with the
B matrices compared but also with the number of connec-
tivity distance thresholds of db-MEM or the number of
parameters within each A matrix, the latter being generally
used to weight each of the tested B matrices. In our simula-
tions, the cost of the optimization procedure was nearly

inexistent in most cases. However, we only performed the
optimization on the basis of five SWMs. Comparing a
higher number of candidates rapidly lowered the statistical
power of the procedure (results not shown). A trade-off is
thus necessary between the benefit and the cost of the opti-
mization, that is, the gain of accuracy against the loss of
statistical power.
In this study, the optimization was performed using a cri-

terion associated to the fit of spatial predictors to a response
variable (adjusted R²). This procedure is relevant for any
framework focusing on capturing all the spatial patterns of
y (e.g., variation partitioning, Borcard et al. 1992, Peres-
Neto and Legendre 2010). However, the questions regarding
the selection of the best SWM and an optimal subset of spa-
tial predictors are also relevant when the objective is to
remove residual SAC in a model considering additional
explanatory variables (e.g., environmental; see spatial eigen-
vector mapping, Diniz-Filho and Bini 2005). In this case,
the most adapted eigenvector-selection method should aim
to minimize the residual SAC with a small number of spatial
predictors (MIR method in Bauman et al. 2018) (Griffith
and Peres-Neto 2006, Bauman et al. 2018), and we recom-
mend to perform the optimization of the SWM with the
same criterion (see details in Appendix S2: Section 4 and
illustration in Appendix S3). In both previous cases, the
selection of the SWM is based on the selection of a subset of
spatial eigenvectors (maximizing the fit or minimizing the
residual SAC), as subsequent analyses will consider only this
subset of predictors. However, some other methods require
the complete set of spatial eigenvectors (e.g., Moran spectral
randomizations, Wagner and Dray 2015, or smoothed
MEM, Munoz 2009). In this case, the optimization of the
SWM should be performed on the basis of the whole set of
MEM variables without considering any procedure of selec-
tion of a subset of eigenvectors (details in Appendix S2:
Section 4 and Appendix S3).
It is worth mentioning that optimizing the choice of the

SWM when the sampling design is roughly regular is less
interesting, as the MEM variables originating from different
SWMs detect roughly the same patterns (Dray et al. 2006).
In those cases, rook (shared edge) or queen (shared edge or
vertex) neighbor definitions or db-MEM can be used, for
instance (see Appendix S3). For irregular sampling designs,
visualizing the different connection schemes would help
identifying B matrices worth being tested and compared. In
addition, considering the landscape ecology (e.g., natural
barriers) should help improving the definition of the connec-
tivity among sites in matrix B. Regarding the A matrix, plot-
ting connectivity against distance and visualizing the curve
of the different functions with several values of parameter
(Appendix S1: Fig. S2) should also help choosing appropri-
ate weighting functions and parameter values. Note that our
study is not exhaustive and other functions (e.g., negative
exponential functions) and connectivity schemes (e.g., k
nearest neighbors) may be relevant. Visualizing the B and A
matrices bearing in mind the above-mentioned trade-off
between power and accuracy should be a fundamental step
to reduce the number of candidates and improve the perfor-
mance of the optimization.
Finally, it has been shown that explicitly integrating the

resistance to movement/dispersal in spatial weighting (or
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connectivity) matrices allowed obtaining much more precise
results than simple distance-based criteria (e.g., Rayfield
et al. 2010, Hanks and Hooten 2013, Saura et al. 2014,
Ver Hoef et al. 2018). Incorporating the cumulative effects
of landscape fragmentation and land use change into con-
nectivity matrices makes the distance between locations
more ecologically realistic and the integration of landscape
connectivity in spatial eigenvector methods is an exciting
challenge.
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