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ABSTRACT

Aim Processes and variables measured in ecology are almost always spatially
autocorrelated, potentially leading to the choice of overly complex models when
performing variable selection. One way to solve this problem is to account for
residual spatial autocorrelation (RSA) for each subset of variables considered and
then use a classical model selection criterion such as the Akaike information cri-
terion (AIC). However, this method can be laborious and it raises other concerns
such as which spatial model to use or how to compare different spatial models. To
improve the accuracy of variable selection in ecology, this study evaluates an alter-
native method based on a spatial cross-validation procedure. Such a procedure is
usually used for model evaluation but can also provide interesting outcomes for
variable selection in the presence of spatial autocorrelation.

Innovation We propose to use a special case of spatial cross-validation, spatial
leave-one-out (SLOO), giving a criterion equivalent to the AIC in the absence of
spatial autocorrelation. SLOO only computes non-spatial models and uses a thresh-
old distance (equal to the range of RSA) to keep each point left out spatially
independent from the others. We first provide some simulations to evaluate how
SLOO performs compared with AIC. We then assess the robustness of SLOO on a
large-scale dataset. R software codes are provided for generalized linear models.

Main conclusions The AIC was relevant for variable selection in the presence of
RSA if the independent variables considered were not spatially autocorrelated. It
otherwise failed because highly spatially autocorrelated variables were more often
selected than others. Conversely, SLOO had similar performances whether the
variables were themselves spatially autocorrelated or not. It was particularly useful
when the range of RSA was small, which is a common property of spatial tools.
SLOO appears to be a promising solution for selecting relevant variables from most
ecological spatial datasets.
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INTRODUCTION

Ecological processes in natura are inherently spatial, either

for environmental or intrinsic biological reasons (Legendre

& Fortin, 1989; Legendre, 1993; Koenig, 1999; Keitt et al.,

2002). Data collected in the field are thus usually spatially

autocorrelated. Spatial autocorrelation can alter the statistical

independence of residuals in regression models, leading to bias

such as falsified tests or likelihoods (Lennon, 2000; Bahn et al.,

2006; Hoeting et al., 2006; Dormann, 2007; but see Diniz-Filho

et al., 2003). Statistical methods able to capture the residual

spatial autocorrelation (RSA), so-called ‘spatial models’, are

required to correct for those biases (see Lichstein et al., 2002;

Fortin & Dale, 2005; Griffith & Peres-Neto, 2006; Dormann

et al., 2007; Betts et al., 2009; Beale et al., 2010; Saas & Gosselin,

2014). While such methods were shown to be efficient for the
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estimation of model parameters from spatial datasets, they are

mainly applied after the process of variable selection. This begs

the question of the validity of variable selection in the presence

of RSA.

Model selection has gained a wide audience in ecology

(Johnson & Omland, 2004), with the main aim of selecting

pertinent variables by comparing several models with different

subsets of variables and choosing which ones are most likely to

explain the observed pattern in relation to the studied process.

A few metrics have been proposed to help in this process, e.g.

Mallows’ Cp (Mallows, 1973), the Akaike information criterion

(AIC; Akaike, 1973) or the Bayesian information criterion (BIC;

Schwarz, 1978). These selection criteria usually reflect a balance

between the data fit and model complexity (George, 2000). The

principal difference between them comes from the penalty

accorded to the model complexity. For instance, Mallows’ Cp and

the AIC are almost equivalent and correspond to a penalty of 2

whereas the BIC corresponds to a penalty of log(n), where n is

the number of independent observations (George, 2000). BIC is

asymptotically consistent since it will select the true model as

n → ∞ (see Stone, 1979; George, 2000). An implicit assumption,

however, is the existence of a ‘true model’ in the set of candidate

ones (Stone, 1979; Shao, 1997; George, 2000). In biological sci-

ences this assumption is unrealistic because the number of vari-

ables affecting the processes can be very high, if not infinite (see

Burnham & Anderson, 2002). It will thus be better to allow the

dimension of the true model to increase with n (Stone, 1979),

which is a fundamental property of Mallows’ Cp and the AIC.

The presence of RSA invalidates the use of classical model

selection criteria such as Mallows’ Cp, the AIC or the BIC since

they are based on the overall likelihood assuming independent

residuals (Cordy & Griffith, 1993; Cassemiro et al., 2007).

However, in practice these criteria were still used without

accounting for RSA (see, e.g., Kühn et al., 2009). This may lead

to the selection of overly complex models having a much

larger number of variables than necessary (Hoeting et al., 2006;

Cassemiro et al., 2007; Diniz-Filho et al., 2008). As acknowl-

edged by Dormann et al. (2007), variable selection in the pres-

ence of RSA has received surprisingly little interest so far in the

literature. Identifying the relevant variables in the presence of

RSA thus remains challenging. The classical strategy for variable

selection in the presence of RSA consists of first accounting for

RSA in all candidate models and then to compare them with

a classical model selection criterion. The computed criterion

is this time valid since RSA has been removed. For instance,

Hoeting et al. (2006) underlined the need to account for RSA

when using the AIC for variable selection in a geostatistical

modelling framework, as did Diniz-Filho et al. (2008) who

compared two methods for accounting for RSA. This approach,

however, has three main drawbacks: first, models accounting for

RSA need a much longer computation time, making model

selection very difficult when the number of variables is large;

second, the variables that are finally selected may depend on the

method used to account for RSA (see Diniz-Filho et al., 2008);

and third, most ‘spatially explicit methods’ may lead to a ‘spatial

confounding’ effect between the variables and the spatial term,

hiding the importance of some spatially autocorrelated variables

(Reich et al., 2006; Betts et al., 2009; Bini et al., 2009; Hodges &

Reich, 2010; Paciorek, 2010; Hughes & Haran, 2013). This latter

effect is less well known but is of primary interest when one

wants to perform variable selection with spatially autocorrelated

variables, which probably happens in most real applications.

Yet another method based on a modification of a cross-

validation procedure has been frequently used for model evalu-

ation in the presence of RSA and should also be used for variable

selection in this context. Cross-validation usually consists in

splitting the initial dataset in two subsets (see Arlot & Celisse,

2010, for an overview), one is used to estimate model parameters

(the training set) and the other one is used to evaluate the

predictive power of the model (the validation set). A critical

prerequisite is that the training and validation sets should be

independent (Arlot & Celisse, 2010), at least under the model

being evaluated. Otherwise, the difference between the observa-

tion and the prediction may be unreliable (Altman, 1990). In a

spatial context, most observations are related to each other, so

training and validation sets are rarely independent, which highly

reduces the power of cross-validation to evaluate a model. An

intuitive way to solve this problem consists in splitting the

spatial data into several non-overlapping geographical areas that

are used as training and validation sets, a technique often

referred to as spatial cross-validation (see Chung & Fabbri, 2003;

Brenning, 2005; Pinkerton et al., 2010; Russ & Brenning, 2010;

Hijmans, 2012; Bahn & McGill, 2013). It is also necessary that

the distance between the training and the validation areas is

greater than the range of RSA (i.e. the distance at which a pair

of observations are independent) of the model evaluated in

order to guarantee full independence (Brenning, 2005; Russ &

Brenning, 2010). Unfortunately this minimal distance between

the training and validation sets is almost always ignored (see,

e.g., Chung & Fabbri, 2003; Pinkerton et al., 2010; Russ &

Brenning, 2010; Bahn & McGill, 2013). Spatial cross-validation

is actually a spatial version of delete-d cross-validation (Geisser,

1975), where d is the number of observations in the validation

set. If there is no true model, which is expected in ecological

applications, delete-d cross-validation is only useful for variable

selection when d = 1, i.e. when a simple leave-one-out (LOO)

cross-validation (Allen, 1974; Stone, 1974) is used (see Shao,

1997). The current form of spatial cross-validation considering

d >> 1 should thus not be useful for variable selection in this

context. The special case of d = 1 would, however, provide

a useful criterion since LOO cross-validation is known to be

asymptotically equivalent to the AIC (Stone, 1977).

In this paper we thus propose to evaluate the performance of

the spatial LOO (SLOO) cross-validation for variable selection

in the presence of RSA. The selection criterion is computed

by applying LOO in a spatial context, i.e. by using a threshold

distance between the training and the validation sets that

removes some data in order to eliminate the bias due to RSA.

This approach has recently been used by Le Rest et al. (2013),

though these authors did not provide either a suitable calculus

of the selection criterion or an evaluation of its performance.

We first give a full description of the method and the way to
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compute the selection criterion. Then, we use a simulation

approach to evaluate how SLOO performs compared with the

AIC in selecting a continuous variable that affects the studied

process while avoiding another one that does not affect the

process. We quantify in particular the relative effects of: (1) the

RSA, (2) the threshold distance used to calculate SLOO, and

(3) the spatial autocorrelation in the explanatory variables.

In ‘Application to a real case study’ we use SLOO with different

threshold distances on a real data set composed of 28 envi-

ronmental variables suspected to influence the abundance

of a diurnal raptor species, the common buzzard Buteo buteo

(Linnaeus, 1758). This case study illustrates the utilization of

SLOO and its robustness for the selection of variables in a

species distribution model. Finally, Appendix S1 in the Support-

ing Information provides computing codes and an example

based on the simulations showing how to calculate SLOO with

R software from generalized linear models (GLMs).

THE SPATIAL LEAVE-ONE-OUT METHOD

The SLOO method relies in practice on four steps. The first step

removes one observation from the initial dataset (the grey cross

in Fig. 1). The second step removes all the observations that are

spatially correlated with this removed observation, i.e. removes

all data inside a buffer of a radius equal to the range of the RSA of

the model considered (see for example the grey buffer in Fig. 1).

All remaining observations (black points in Fig. 1) constitute the

training set and are used in a GLM framework to estimate the

parameters. A prediction (step three) is then made at the location

of the removed observation (validation set, grey point in Fig. 1)

using the estimated parameters of the GLM. The fourth step

calculates a score between the observed value and the predicted

one. This procedure is repeated for every single observation of

the dataset, which allows calculation of an overall criterion of fit.

Note that LOO is a special case of SLOO when the threshold

distance used is null and SLOO is thus asymptotically equivalent

to the AIC in absence of RSA (Stone, 1977), allowing a direct

comparison between these two selection criteria.

The criterion of the SLOO (equation 1) is based here on

likelihood instead of the classical sum of squares of errors,

because it is more adapted for non-normally distributed

response variables (see Knafl & Grey, 2007, for details of the

likelihood versus least square cross-validation) and is therefore

more suitable for GLMs. In practice, we compute the probability

P for a discrete response variable (or the density probability for

a continuous one) of the left out observed value yi according to

the predicted one ŷi by using the training set. This is achieved by

using the theoretical distribution of the model (normal, bino-

mial, Poisson, etc. . . .). The sum of the logarithm of these prob-

abilities leads to an overall cross-validated log-likelihood for the

model, which is the selection criterion to be maximized.

SLOO P y yi i

i

n

log Lik log= ( )[ ]
=
∑ ˆ

1

(1)

All simulations and analysis were performed using R version

2.13.0 (R Core Team, 2013; http://www.R-project.org). Full

details on how to calculate this criterion with R and an example

can be found in Appendix S1.

SIMULATIONS

We conducted the first simulation on a 100 pixel × 100 pixel

regular grid approximating a continuous field and iterated the

following process 10,000 times.

1. Generate three Gaussian random fields (GRFs) with a spheri-

cal spatial structure with mean equal to zero, variance (sill)

equal to one, no nugget effect and a range chosen randomly

between 1 and 100 pixels.

2. Generate the response variable Y such as:

Y = +GRF GRF1 2β . (2)

GRF1 was considered as unavailable (unknown process)

and was used to generate RSA from its spatial properties. GRF2

played the role of an available and influential variable, and the

parameter β reflected its actual importance. β was taken from

N(0,1), which allowed us to scan a wide range of values avoiding

values that were too high. High β (> 2) were irrelevant since they

always led to select the influential variable (GRF2) in the model

whatever the selection criterion used. GRF3 did not affect the

response Y in equation 2 and can be considered as an available

but non-influential variable. A random sample of 500 observa-

tions from the 100 × 100 grid was considered as the available

dataset.

3. Run two variable selection procedures (one using the AIC

and one using SLOO) with GRF2 and GRF3 being the candidate

variables of the model. Note that SLOO was computed by using

the range of GRF1 as threshold distance.

Figure 1 One example of spatial leave-one-out on a grid of
100 pixels × 100 pixels having 500 observations. Here the
threshold distance is set arbitrarily to 15 pixels (radius of the grey
buffer). The grey cross is the point left out, i.e. the validation set,
and the black points are the training set.

Spatial leave-one-out cross-validation
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4. Record which variables (GRF2 and/or GRF3) were selected

for each selection criterion used, i.e. either by minimizing the

AIC or by maximizing SLOOlogLik.

Note that the ‘true model’, i.e. the one holding the two in-

fluential variables (GRF1 and GRF2) and avoiding the non-

influential one (GRF3), could never be selected since GRF1 was

considered as unavailable; thus the term ‘best model’ was used to

qualify the model holding the influential variable (GRF2) and

avoiding the non-influential one (GRF3).

Binomial regression models were used to represent graphically

either the probability of selecting the best model, the probability

of selecting the influential variable (GRF2) or the probability of

selecting the non-influential one (GRF3), by considering alterna-

tively the AIC or SLOO and depending on varying levels of RSA.

The range of RSA was first used as a factor having 100 modalities

(between 1 and 100 pixels) and then smoothed using cubic smooth-

ing splines in order to provide an easier graphical representation.

Effect of the residual spatial autocorrelation

Figure 2 shows that the probability of selecting the best model,

i.e. one holding the influential variable (GRF2) and avoiding the

non-influential one (GRF3), was always higher using SLOO than

the AIC except when the range of RSA was higher than 60 pixels

(i.e. it had a width of 60% of the grid),a value at which most of the

training set was removed (see ‘The spatial leave-one-out method’

and Fig. 1). Indeed in our simulated area, the farthest distance

between two locations was about 140 pixels (the diagonal of the

grid), which explained why the capacities of SLOO decreased

with threshold distance between 60 and 70 pixels. SLOO could

thus not be used when the RSA was higher than 70.We also found

that the probability of selecting the best model decreased as RSA

increased, considering either the AIC or SLOO (Fig. 2).

Using the AIC, the probability of selecting the influential

variable (GRF2 in Fig. 3) was always high and actually slightly

increased with the range of RSA. But on the other hand, the

probability of selecting the non-influential one (GRF3 in Fig. 3)

dramatically increased with the range of RSA. These results were

expected since AIC is known to select overcomplex models in

presence of RSA (Hoeting et al., 2006; Cassemiro et al., 2007;

Diniz-Filho et al., 2008). Conversely, using SLOO, the prob-

ability of selecting the influential variable (GRF2 in Fig. 3)

decreased with increasing RSA and the probability of selecting

the non-influential one (GRF3 in Fig. 3) slightly increased as

RSA increased (up to a certain limit, see comments above) but

remained rather low. However, it was not possible to determine

if these effects were due to RSA because the range of RSA was

also the threshold distance used in the SLOO, which caused a

decrease in the number of observations in the training set (see

‘The spatial leave-one-out method’ and Fig. 1), also decreasing

the statistical power of the SLOO. The effect of the threshold

distance was thus investigated with another simulation.

Effect of the threshold distance used in the
absence of RSA

The first simulation procedure (see ‘Effect of the residual spatial

autocorrelation’) was modified in order to separately study the

threshold distance: here there was no RSA (i.e., GRF1 had no

spatial structure), and varying threshold distances were used

for SLOO, chosen randomly between 1 and 100 pixels (as for the

range of GRF1 in the first simulation).

The probability of selecting the influential variable in the

absence of RSA using SLOO was very close to AIC performances

whatever the threshold distance used (see GRF2 in Fig. 4),

except when the threshold distance was higher than half of the

extent of the study area (see ‘Effect of the residual spatial

autocorrelation’ for an explanation). Moreover the probability

of selecting the non-influential variable using SLOO (see GRF3

in Fig. 4) was only slightly increased by the threshold distance

used. Overall the threshold distance used in SLOO only slightly

affected the probability of selecting the variables, and was thus

not the cause of the important decrease in the probability of

selecting the influential variable when increasing the range of

RSA (GRF2 in Fig. 3). This latter result may be explained by

pseudo-replication caused by RSA, leading naturally to a loss of

Figure 2 Probability (P) of selecting the best model depending
on the range of the residual spatial autocorrelation (RSA), by
using two selection criteria: the Akaike information criterion
(AIC, dotted lines) and the spatial-leave-one-out (SLOO, solid
lines). Black lines are cubic smoothing splines and grey lines
consider the range of RSA as a factor (measure of the variability).

Figure 3 Probability (P) of selecting the influential variable
(GRF2) and the non-influential one (GRF3) depending on the
range of the residual spatial autocorrelation (RSA), by using two
selection criteria: the Akaike information criterion (AIC, dotted
lines) and the spatial leave-one-out (SLOO, solid lines). Black
lines are cubic smoothing splines and grey lines consider the
range of RSA as a factor (measure of the variability).

K. Le Rest et al.
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power by decreasing the true number of degrees of freedom (see

Legendre, 1993).

Effect of the spatial autocorrelation of the variables

The first simulation (see ‘Effect of the residual spatial

autocorrelation’) also showed that the probability of selecting

the variables depended on their own spatial autocorrelation. In

the presence of RSA, the probability of selecting the non-

influential variable using the AIC also increased with its own

spatial autocorrelation (Fig. 5). Lennon (2000) found a similar

result by considering correlations and levels of significance on

explanatory variables. Thus in the presence of RSA, both the

amount of RSA and the amount of spatial autocorrelation of the

explanatory variables could affect the probability of selecting the

variables when using the AIC. SLOO, conversely, showed less

sensitivity to RSA; in particular, the probability of selecting the

non-influential variable was not affected by its own spatial

autocorrelation (see Fig. 5).

Effect of sample size and the number of
explanatory variables

We also analysed the effect of sample size on the initial simula-

tion set (from 100 to 10,000). Ten thousand observations led to

a dramatic increase in the probability of selecting the non-

influential variable using the AIC, which sharply increased

the difference between the AIC and SLOO in selecting the best

model (see Fig. S2(c) in Appendix S2); conversely, reducing the

number of observations (to 100) led to a reduction in the dif-

ference between the AIC and SLOO (see Fig. S2(a) in Appendix

S2). This could be explained by the fact that observations were

chosen randomly on the grid and were thus far apart for small

sample size, which reduced the impact of RSA.

Including higher numbers of explanatory variables (10 influ-

ential variables and 10 non-influential ones) did not affect the

previous results (compare Fig. S3 in Appendix S3 with Fig. 3).

This was expected because the variables were independent.

APPLICATION TO A REAL CASE STUDY

We applied the AIC and SLOO to a dataset from a French

national survey of breeding diurnal raptors (Thiollay &

Bretagnolle, 2004; Le Rest et al., 2013). Our aim was to identify

the environmental variables affecting abundance of the most

abundant raptor that breeds in France, the common buzzard B.

buteo. We used 1206 sampled quadrats of 5 km × 5 km (Fig. 6)

and 28 environmental variables suspected of influencing raptor

abundance (19 climatic and 9 land-use variables). The climatic

variables came from the Bioclim dataset (Hijmans et al., 2005;

http://www.worldclim.org/bioclim) and the land-use variables

came from the Corine land-cover dataset (http://www.eea

.europa.eu). A principal component analysis (PCA) was per-

formed separately on each environmental dataset (climate and

land use) because high correlations occurred between initial

environmental variables. These principal components were then

used in place of the initial environmental variables for analysis.

The principal components were labelled as follows: ‘ClimDim.x’

denoted the xth principal component from the climate dataset

and ‘ClcDim.x’ was used in the same way for the land-cover

dataset.

Variable selection was performed by assuming a Poisson dis-

tribution in a GLM framework. An automated forward step-by-

step algorithm was used in order to reduce the computation

time. We first used the AIC without accounting for RSA and

Figure 4 Probability (P) of selecting the influential variable
(GRF2) and the non-influential one (GRF3) in the absence of
residual spatial autocorrelation but according to the threshold
distance used for spatial leave-one-out (SLOO, solid lines). Results
for the Akaike information criterion (AIC, dotted lines) are given
for an easier visual comparison. Black lines are cubic smoothing
splines and grey lines consider the threshold distance as a factor
(measure of the variability).

Figure 5 Probability (P) of selecting the non-influential variable
(GRF3) depending on its own range of spatial autocorrelation and
the range of residual spatial autocorrelation (RSA) by considering
two selection criteria: the Akaike information criterion (AIC, in
black) and the spatial leave-one-out (SLOO, in grey). The surface
plots are obtained from cubic smoothing splines accounting for
each dimension and also accounting for the interaction between
them.

Spatial leave-one-out cross-validation
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then, in order to access the robustness of the SLOO for this

dataset, we tested several threshold distances for SLOO, from

0 to 630 km (respectively, the minimum and the maximum

distance at which SLOO could be used) every 15-km step (the

minimal distance between actual observations). In each case,

only the best model, either minimizing AIC or maximizing

SLOOlogLik, was retained for simplicity.

Use of the AIC without accounting for RSA led to the selec-

tion of 23 variables in the model (Fig. 7). All but one of these

variables was also selected by using LOO (SLOO 0 in Fig. 7), i.e.

without a threshold distance. The variable that was not selected

by LOO only reduced the AIC by 0.14 units, which meant that

these two models were almost equivalent. This was expected

because of the asymptotic equivalence between these two cri-

teria (Stone, 1977). Increasing the threshold distance used for

the SLOO then led to the selection of fewer variables in the

model until reaching 15 variables when using a threshold dis-

tance of 45 km (SLOO 45 in Fig. 7). The expected range of RSA

was given by the residuals of the full model since it gave the

spatial autocorrelation that could not be accounted for by the

available variables. It was between 40 and 50 km (see Fig. 8),

emphasizing the fact that SLOO led to the selection of more

variables in the model when the threshold distance used was

lower than the range of RSA. Conversely when the threshold

distance reached and exceeded the range of RSA (i.e. from 45 to

255 km in Fig. 7), SLOO selected a stable set of variables, with

only very marginal differences (differences of SLOOlogLik < 1).

This was in line with the fact that SLOO accounted for RSA

when the threshold distance was equal to or higher than the

range of RSA. Above a threshold distance of 255 km, variables

selected in the model became unstable and their number

decreased dramatically for threshold distances above 300 km

(i.e. one-quarter of the extent of the studied area), which

suggested that the SLOO was not efficient, with too large a

threshold distance.

Figure 6 Map of the 1206 sampling quadrats of 5 km × 5 km
over France (projection: Lambert azimuthal equal area, ETRS89,
EPSG3035). The minimum and maximum distances between
observations are, respectively, 15 and 1200 km.

Figure 7 List and number of variables selected in the model by using two selection criteria: the Akaike information criterion (AIC) and
the spatial leave-one-out used with different threshold distances (SLOO xxx). The abbreviation SLOO xxx denotes the use of SLOO with a
threshold distance of xxx km. Labels ClimDim.x and ClcDim.x denote the xth principal component axis resulting from PCAs done on each
type of environmental variables [either climatic (ClimDim) or land cover (ClcDim)], which highly reduces collinearity problems between
initial variables. The black line represents the number of variables selected in the best model depending on the selection criterion
considered and the marks identify the labels of the variables selected.

K. Le Rest et al.
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The common buzzard is present over the entire territory of

France (Thiollay & Bretagnolle, 2004). This species is thus par-

ticularly adapted over all climatic constraints of that country.

That is why we expected that climatic variables should play a

rather small role in explaining the abundance of this species.

However, almost all principal components of climatic variables

were selected by using the AIC on this dataset, which could

suggest the opposite. These climatic variables were also highly

spatially autocorrelated and we showed in the simulations that

the spatially autocorrelated variables have more chance of being

selected by using the AIC in the presence of RSA. The fact that

several variables were selected by using the AIC but not selected

by using the SLOO with a correct threshold distance should

thus be evidence of spatial autocorrelation present in both the

residuals and the explanatory variables.

DISCUSSION

In the simulations, using the AIC for variable selection in the

presence of RSA led to the selection of unnecessary variables

in the regression models. These results were consistent with

the conclusions of Diniz-Filho et al. (2008). However, this

only occurred when the explanatory variables considered were

themselves spatially autocorrelated (see Fig. 5). This could be

explained by the fact that two random variables are more likely

to be correlated (based on the absolute value of their correla-

tion coefficient) when they are both spatially autocorre-

lated (Liebhold & Sharov, 1998). The correlation between the

explanatory variables and the residuals of the regression model

was thus inflated in the presence of spatial autocorrelation. The

highly spatially autocorrelated variables were then selected more

often (see Fig. 5). Conversely, SLOO had similar performances

whether the variables were themselves spatially autocorrelated

or not (see Fig. 5), providing a great alternative to the AIC for

variable selection in the presence of spatial autocorrelation.

However, SLOO became less efficient when the threshold dis-

tance increased (see Fig 4). This phenomenon resulted from the

fact that increasing the threshold distance reduced the number

of observations in the training set. When the training set had

only a few observations, the estimated parameters were quite

unstable between samples and SLOOlogLik was improved by

chance. For the same reasons, SLOO could not be used when the

threshold distance exceeded half of the extent of the studied area

(there were no observations in the training set).

The results of the case study were highly concordant with the

simulations despite the important theoretical constraints that

the simulations are never entirely verified with a real dataset, e.g.

random sampling in space, stationarity and isotropy. Even if the

truth remains unknown for the real dataset, we found evidence

that use of the AIC led to unnecessary climatic variables being

kept to explain the abundance of the common buzzard (see

Fig. 7). It was no coincidence that these variables were also

highly spatially autocorrelated. The spurious inclusion of mean-

ingless variables in a model may lead to misguided statistical

inference (Johnson & Omland, 2004). This is particularly sig-

nificant when variables are used to outline ecological processes,

for example when they are used to predict the spatial response of

species to climate or land-use changes. Using the AIC for vari-

able selection in this case study thus reduced the ability of the

data collected to bring relevant ecological information about

species. Conversely, SLOO appeared useful for variable selection

as soon as the threshold distance exceeded the range of RSA.

It was, however, not relevant when the threshold distance was

lower than the range of RSA since many unnecessary variables

were still selected in the model. Moreover, SLOO became unsta-

ble when the threshold distance exceeded one-quarter of the

extent of the studied area (about 250 km here, see Fig. 6).

The modification of LOO by removing the non-independent

data between the training and validation sets was initially pro-

posed in non-spatial settings (see Chu & Marron, 1991; Burman

et al., 1994). It has already been mentioned that removing

too much data may have an impact on the effectiveness of the

expected prediction error and a limit of one-quarter has also been

invoked by Burman et al. (1994). SLOO thus appears to be a safe

technique for variable selection when the range of RSA does not

exceed one-quarter of the extent of the studied area. This limit is

not so restrictive since spatial tools (such as the variogram esti-

mation) become less recommended when the range of RSA

exceeds one-third of the extent of the studied area, and unreliable

when it exceeds one-half (Rossi et al., 1992; Dungan et al., 2002).

It is easy to use since it computes GLMs and only needs the range

of RSA as additional spatial information (used as threshold

distance). A prerequisite is, however, to correctly estimate the

range of RSA.We propose using the range of RSA on the residuals

of the full model, i.e. the model including all available variables,

because it gives the RSA that cannot be accounted for by the

available variables. Note that this strategy may underestimate

the true range of RSA by including unnecessary spatially

autocorrelated variables in the model.Caution must also be taken

in establishing the threshold distance used with SLOO, and one

must keep in mind that if SLOO appears robust when estimating

the range of RSA at an upper limit, it may not be robust against

underestimation (see Fig. 7).The performance of SLOO may also

Figure 8 Variogram of the (deviance) residuals of the full model
(including all the 28 environmental variables) to explain the
abundance of the common buzzard Buteo buteo.

Spatial leave-one-out cross-validation
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depend on how the space has been sampled. All spatial tools are

affected by irregular sampling and we do not expect there to be

more concerns with SLOO than with other methods. Further

investigation of the performance of SLOO on irregular spatial

datasets remains necessary to confirm this claim.

In most situations, SLOO can be used for variable selection

in the presence of RSA instead of computing all candidate models

in a spatially explicit framework. However, even if it has a real

advantage in terms of computation time it does not address

the problem of correctly modelling the RSA. This can be seen

as both an advantage and an inconvenience: an advantage

because it avoids the choice between the many spatially explicit

methods that are available, which may give different results (see

Diniz-Filho et al., 2008), but an inconvenience because it pre-

vents us understanding the unknown ecological processes that

generated the RSA. Finding and describing spatial patterns of the

RSA is often critical. Indeed, it reflects the spatial patterns not

accounted for by available variables and is thus highly valuable,

especially for predictive purposes when one could use it to inter-

polate at unsampled locations. SLOO is thus only the first step in

the statistical analysis. Once the variables have been selected, it

remains to use a spatially explicit framework to correctly model

the RSA (e.g. by introducing a spatial term that is orthogonal to

the variables considered; see Reich et al., 2006; Hughes & Haran,

2013) and make correct inference from the dataset.
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Appendix S3 Extending simulations for a higher number of

variables.
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