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The computation of Moran’s index of spatial autocorrelation requires the definition of
a spatial weighting matrix. The eigendecomposition of this doubly centered matrix
(i.e., one that forces the sums of all rows and columns to equal zero) has interesting
properties that have been exploited in various contexts: distribution properties of the
Moran coefficient (MC), spatial filtering in linear models, generalized linear models,
and multivariate analysis. In this article, this eigendecomposition is used to propose a
new view of MC based on its interpretation in the simple context of linear regression. I
use this interpretation to demonstrate the different properties of MC and also the inefficiency of this index in some situations involving simultaneous positive and negative
spatial autocorrelation. I propose some new statistics and procedures for testing spatial
autocorrelation, and conduct a simulation study to evaluate these new approaches.

Introduction
Identifying and estimating spatial autocorrelation are of prime interest in studies
dealing with georeferenced data (Getis 2008). The most commonly used global
measures of spatial autocorrelation are the Moran (1948) coefficient (MC) and
Geary (1954) ratio. Moran’s index of spatial autocorrelation has been used in many
fields to identify spatial structures. It has also formed the basis of several methodological developments, including local indicators of spatial association (Anselin
1995), bivariate indices of spatial correlation (Lee 2001), and spatial multivariate
analysis (Wartenberg 1985; Dray, Saı̈d, and Débias 2008). The computation of MC
requires the definition of a spatial weighting matrix W that indicates the strength of
the potential interaction between spatial units. The choice of W is a critical step in
spatial analysis and can influence the significance of testing procedures
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(Tiefelsdorf, Griffith, and Boots 1999). The eigendecomposition of this doubly centered matrix (i.e., one that forces the sums of all rows or columns to be equal to
zero) has interesting properties that have been exploited in various contexts. For
instance, the eigenvalues of W have been used to study the distribution of MC (de
Jong, Sprenger, and van Veen 1984; Tiefelsdorf and Boots 1995) and to furnish its
moment-generating functions (Cliff and Ord 1973, p. 34). Eigenvectors of this matrix can be used for spatial filtering purposes (Getis and Griffith 2002; Griffith 2003)
and introduced as spatial predictors in linear models (Griffith 1996, 2000a), generalized linear models (Griffith 2002, 2004a), and multivariate analysis (Dray, Legendre, and Peres-Neto 2006; Jombart, Dray, and Dufour 2009).
In this article, I propose a new way of looking at MC based on its interpretation
in the simple and classical context of linear regression. This particular regression
considers the eigenvectors of the doubly centered spatial weighting matrix W as
explanatory variables. Using this interpretation, I demonstrate various properties of
MC and highlight its inefficiency in some situations involving a mixture of positive
and negative spatial autocorrelation. I propose new statistics and procedures for
testing spatial autocorrelation, and conduct a simulation study to evaluate these
new approaches.

A classical approach using the MC
The MC is a very classical measure of spatial autocorrelation that has been popularized by Cliff and Ord (1973). In this part, I describe the mathematical formulation of the MC and focus on the definition of the spatial weighting matrix required
in its computation. Then, I present a permutation procedure that is widely used to
evaluate the significance of observed values of MC.

Definition
I consider the n-by-1 vector x 5 [x1 . . . xn]T containing measurements of a quantitative variable for n spatial units together with an n-by-n symmetric spatial weighting matrix W (Bavaud 1998). This matrix is a mathematical representation of the
geographical layout of the region under study. The values wij stored in matrix W are
spatial weights and provide a measure of the degree to which the units i and j are
correlated with each other. The simplest weighting matrix is a connectivity matrix,
so that wij 5 1 if spatial units i and j are neighbors, and wij 5 0 otherwise. More
sophisticated weighting matrices (Getis and Aldstadt 2004) are able to take into
account the distance between the spatial units or the length of the common boundary between the regions for areal data. The definition of this matrix should be relevant to the context of the applied problem and must be made before an analysis.
This matrix is usually symmetric (wij 5 wji), but the results presented here can be
generalized to a nonsymmetric matrix W using W 5 (W1WT)/2.
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The definition of MC (Moran 1948; Cliff and Ord 1973) using matrix notation is
MC ðxÞ ¼

n xT HHWHHx
n xT HWHx
¼
;
1T W1 xT HHx
1T W1 xT Hx

ð1Þ

where H 5 (I  11T/n) is a centering operator, I is the n-by-n identity matrix, and 1 is
the n-by-1 vector of ones. H is an orthogonal projector, and hence H 5 H2 (i.e., H is
idempotent).
A testing procedure
Normal approximations (Cliff and Ord 1973) to the distributions of MC can be
based on the assumption that data are independent realizations either from a normal distribution (assumption N), or from an unknown distribution for which all
random permutations can be considered (assumption R). An assessment of the significance of observed values of MC is performed either by employment of the assumption that the statistic follows a normal distribution or by simulation
experiments that randomize the locations of a set of observed values. Assumptions
for the normal approximation are rarely encountered in applications (e.g., Tiefelsdorf 2002); thus, I focus on a Hope (1968) type permutation test, which uses a
randomly selected subset of the n! possible permutations.1 It involves the following
steps:
(1)
(2)
(3)
(4)

(5)

compute MC for a set of observed values x;
randomize the values within x;
compute MC for the permuted values;
repeat steps (2) and (3) a large number of times (e.g., 4,999 times) to construct
a distribution of MC according to the hypothesis of spatial independence (H0)
and,
compare the observed statistic to the distribution obtained by permutation,
and make the appropriate statistical decision.

The fifth step involves various different procedures corresponding to the specific alternative hypotheses (H1). If the alternative hypothesis is the presence of
positive autocorrelation, using a significance level equal to a, the P-value is estimated as (number of random values equal to or greater than the observed value11)/
(number of permutations11). The null hypothesis is rejected if the P-value is less
than the significance level a. I refer to this procedure hereafter as cg (g for greater).
If the alternative hypothesis is the presence of negative autocorrelation, using a
significance level equal to a, the P-value is estimated as (number of random values
equal to or less than the observed value11)/(number of permutations11). Again,
the null hypothesis is rejected if the P-value is less than the significance level a. I
refer to this procedure hereafter as cl (l for less). Finally, if the alternative hypothesis
is the presence of autocorrelation (positive or negative), a two-sided test can be
used. The estimation of the P-value is equivalent to the cg procedure, except that
random and observed values are first centered (using the average of the random
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values) and then transformed to their absolute values. I refer to this procedure
hereafter as ct (t for two-sided).
Eigenfunctions of a spatial weighting matrix
de Jong, Sprenger, and van Veen (1984) show that the upper and lower bounds of
MC for a spatial matrix W are given by lmax(n/1TW1) and lmin(n/1TW1), where lmax
and lmin are the extreme eigenvalues of X 5 HWH. Hence, the eigenvectors of X
are vectors with a unit norm (for convenience, this reduces the Rayleigh quotient
denominator to 1) maximizing MC. The eigenvalues of this matrix are equal to the
MCs indexing spatial autocorrelation (postmultiplied by a constant) and can be
either positive or negative. Eigenvectors associated with high positive (or negative)
eigenvalues have high positive (or negative) autocorrelation. The eigenvectors associated with eigenvalues with extremely small absolute values correspond to low
spatial autocorrelation and are not suitable for defining spatial structures (Dray,
Legendre, and Peres-Neto 2006).
The diagonalization of a spatial weighting matrix consists of finding the normalized vectors ui, stored as columns in the matrix U 5 [uij] 5 [u1 . . . un], satisfying
O ¼ HWH ¼ ULUT ¼

n
X

lk uk uTk ;

ð2Þ

k¼1

where K 5 diag(l1 . . . ln), uTk uk ¼ jjuk jj2 ¼ 1, and uTk uj 5 0 for k6¼j. Note that double centering of X implies that the eigenvectors uk are centered and that at least one
eigenvalue is equal to zero.
Introducing these eigenvectors into the original formulation of Moran’s index
(1) leads to
Pn
T
T
n xT HWHx
n xT ULUT x
n
k¼1 lk x uk uk x
MC ðxÞ ¼ T
¼
¼
: ð3Þ
xT Hx
1 W1 xT Hx
1T W1 xT Hx
1T W1
Considering
the vector z containing the z-score transformation of x (i.e.,
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
P
P
zi ¼ ðxi  x Þ= varðxÞ, where x ¼ n1 ni¼1 xi and varðxÞ ¼ n1 ni¼1 ðxi  xÞ2 ) and using the properties of idempotence of H, (3) is equivalent to
Pn
Pn
2
T
T
T
n
n
k¼1 lk z uk uk z
k¼1 lk jjuk zjj
¼
:
ð4Þ
MC ðxÞ ¼ T
n
zT z
1 W1
1T W1

From an autocorrelation to a correlation coefficient
As the eigenvectors uk have unit norm and are centered, whereas the vector z has
unit variance and is centered, the equation (4) can be rewritten as
Pn
n
2
n
n X
k¼1 lk  cor ðuk ; zÞ  n
¼ T
MC ðxÞ ¼ T
lk cor2 ðuk ; zÞ:
ð5Þ
n
1 W1
1 W1 k¼1
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Moran’s index for a given eigenvector uk is equal to MC ðuk Þ ¼ ðn=1T W1Þlk .
Therefore, (5) can be rewritten as
MC ðxÞ ¼

n
X

MC ðuk Þcor2 ðuk ; zÞ:

ð6Þ

k¼1

The term cor2 (uk, z) represents the part of the variance of z that is explained by uk
in the linear model z 5 bkuk1ek, where bk is the regression coefficient and ek is the nby-1 vector of error terms. This quantity is equal to b2k/n. By construction (equation [2]),
the eigenvectors uk are orthogonal and uncorrelated (Griffith 2000b), and therefore the
regression coefficients of the linear models z 5 bkuk1ek are those of the multiple regression model z ¼ Ub þ e ¼ b1 u1 þ    þ bn un þ e, where b 5 [b1 . . . bn]T is the nby-1 vector of regression coefficients and e is the n-by-1 vector of error terms. Griffith
(2004b) uses this property to formulate a new eigenvector stepwise selection procedure
that minimizes sequentially the residual MC instead of maximizing the fit of the model.
The interpretation of MC in the context of multiple linear regression allows us
to restate the following well-known properties of this measurement:






The maximum value of MC is obtained if all of the variation of z is explained by
the eigenvector u1 corresponding to the highest eigenvalue l1. In this case,
cor2 (u1, z) 5 1 (and cor2 (uk, z) 5 0 for k6¼1), and the maximum value of MC,
which can be deduced from (6), is equal to MCmax 5 l1(n/1TW1).
The minimum value of MC is obtained if all of the variation of z is explained by
the eigenvector un, which corresponds to the most negative eigenvalue ln. This
minimum value is equal to MCmin 5 ln(n/1TW1).
If the variable of interest is not spatialized (population parameter Ru2k ;z ¼ 0), the
expected value of the variance explained by each eigenvector is equal to
EðRu2k ;z jRu2k ;z ¼ 0Þ ¼ Eðcor2 ðuk ; zÞÞ ¼ 1=ðn  1Þ(Kendall and Stuart 1961, p.
341), where Ru2k ;z is the coefficient of determination associated to the regression model z 5 bkuk1ek for a given sample (Ru2k ;z is the population parameter).
For instance, if the values in z are randomly permuted, we should obtain this
result on average. Combining the set of n! random permutations (assumption R)
Pn
n
n
with (6) implies that ER ðMC Þ ¼ 1T W1ðn1Þ
k¼1 lk ¼ 1T W1ðn1Þ traceðOÞ. AcT
1 W1
1
cordingly, traceðOÞ ¼  n , and thus ER ðMC Þ ¼  n1.

Spatial heterogeneity and the MC
The MC is a global statistic in the sense that it estimates the overall degree of spatial
autocorrelation for an entire study area. Conceivably, different spatial patterns
could lead to the same value of MC. Interpretating MC in the linear regression
framework allows one to make some intuitive suppositions about the sign and the
significance of MC. Different situations may be encountered, and I illustrate some
of them in the following scenarios, also depicted in Fig. 1:


Positive and significant autocorrelation can be obtained if z is highly correlated
with an eigenvector associated with a large or moderate positive eigenvalue
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(a)

(b)

x1

MC = 0.776 ( p = 0.001)
(c)

x2

MC = −0.785 (p = 0.001)
x3 = (x1 + x2)/2

−2.64 to −1.45
−1.45 to −0.27
−0.27 to 0.92
0.92 to 2.11
2.11 to 3.29

MC = −0.024 (p = 0.819)

Figure 1. A simple example portraying the mapping of the values for three sample vectors
and the computation of MC for a regular 30-by-30 square grid (the spatial weighting matrix
was constructed with a rook neighbor definition and was row standardized). Testing procedures cg, cl, and ct were used for vectors (a) x1, (b) x2, and (c) x3, respectively.
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(Fig. 1a). It can also be obtained if z is moderately correlated with a set of
eigenvectors associated with large or moderate positive eigenvalues.
Negative and significant autocorrelation is obtained if z is highly correlated
with an eigenvector associated with a high or moderate negative eigenvalue
(Fig. 1b). It can also be obtained if z is moderately correlated with a set of
eigenvectors associated with high or moderate negative eigenvalues.

Stéphane Dray



Spatial Autocorrelation as a Linear Regression Problem

Null and nonsignificant autocorrelation is obtained if z is only slightly correlated with eigenvectors. Null autocorrelation also can result when z satisfies
simultaneously the conditions for positive and negative autocorrelation. In this
P
case, positive and negative elements in nk¼1 MC ðuk Þcor2 ðuk ; zÞ cancel each
other out, resulting in a null and nonsignificant autocorrelation (Fig. 1c).

In other words, varying the coefficients and the magnitude of noise in the linear
P
combination nk¼1 bk uk þ e results in these different scenarios.
The third situation can also be interpreted in the context of nonstationarity. Due
to spatial heterogeneity, the degree of autocorrelation may vary significantly across
space. Local statistics (Anselin 1995), such as local MCs (MCi), provide estimates of
the dependency relationships across space. The decomposition of the global MC
into a sum of local MCi allows estimation of the contribution of each observation:
MC ðxÞ ¼

n
1 X
MCi ðxÞ;
1T W1 i¼1

where MCi ðxÞ ¼ zi

n
X

wij zj :

ð7Þ

j¼1

Usually significance tests of local MCis are based on the normal approximation; see Tiefelsdorf (2002) or Lee (2009) for alternatives. The three preceding scenarios can be interpreted using these local statistics. A positive and significant
autocorrelation corresponds to the situation in which many local MCi values are
both positive and significant (Fig. 2a). Negative and significant autocorrelation
corresponds to the situation in which many local MCi values are both negative and
significant (Fig. 2b). The third situation (null and nonsignificant autocorrelation)
could lead to several different interpretations. For instance, if many local MCis are
positive and significant, whereas many others are negative and significant, their
sum (i.e., the global MC) would be null. This case corresponds to pockets of spatial
nonstationarity. However, the example presented in Fig. 1c leads to a different situation in which the global MC is nonsignificant because the local MCis are null and
nonsignificant (Fig. 2c).
This third situation is quite problematic and highlights the inadequacy of a
global MC and its local MCis for detecting spatial structures in some situations involving mixtures of positive and negative spatial autocorrelation. Structures of this
kind can occur in various fields, usually as the consequence of several processes
acting simultaneously that influence the level of autocorrelation. The spatial distribution of species abundance is a variable of interest in ecology (Legendre 1993).
Environmental factors that influence this distribution are usually spatially structured
at a broad scale and thus induce positive autocorrelation. Biotic processes, such as
competition between individuals or species, act at the community level and can
create negative autocorrelation. In most situations, the spatial heterogeneity of a
species distribution is due to the simultaneous impacts of these two processes and
thus could simultaneously include positive and negative spatial autocorrelation.
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Frequency

(a)
400
289 (32.11%)

200
0
−10

−5
0
5
Standard deviate of local MCi

10

Frequency

(b)
400
267 (29.67%)

200
0
−10

−5
0
5
Standard deviate of local MCi

10

Frequency

(c)
400
25 (2.78%)

200

16 (1.78%)

0
−10

−5
0
5
Standard deviate of local MCi

10

Figure 2. The distribution of the standard deviate of the local MCi for the three sample vectors mapped in Fig. 1. In (a), x1, 32.11% of the local MCis are significant (i.e., greater than the
0.95 normal quantile), whereas 29.67% are significant for (b) x2. For (c), x3, 2.78% of the
negative and 1.78% of the positive local MCis are significant, using a bilateral test. Dotted
lines represent the critical values of the test: 0.95 (a), 0.05 (b), and 0.025 and 0.0975 (c)
normal quantiles.

Classical tools are not suitable for identifying such complex structures, and I
propose new statistics and testing procedures based on rewriting the MC in the
context of linear regression.
New testing procedures against the alternate hypotheses of spatial autocorrelation
As indicated by (6), an MC is the sum of positive and negative autocorrelation:
MC ðxÞ ¼

n
X

MC ðuk Þcor2 ðuk ; zÞ

k¼1

¼

n
X

MC ðuk Þcor2 ðuk ; zÞ þ

n
X

k¼1;

i¼1;

MCðuk Þ < ER ðMC Þ

MC ðuk Þ > ER ðMCÞ

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
negative autocorrelation

MC ðuk Þcor2 ðuk ; zÞ :

|ﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ{zﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄﬄ}
positive autocorrelation

ð8Þ
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Hence, I propose two new statistics:
S  ðxÞ ¼

n
X

MC ðuk Þcor2 ðuk ; zÞ and

ð9Þ

k¼1;

MC ðuk Þ < ER ðMC Þ

S þ ðxÞ ¼

n
X

MC ðuk Þcor2 ðuk ; zÞ;

ð10Þ

k¼1;

MC ðuk Þ > ER ðMCÞ

which are strict measurements of negative and positive spatial autocorrelation, respectively. By definition, we have MC ðxÞ ¼ S  ðxÞ þ S þ ðxÞ.
Using these new statistics, a permutation procedure to test against the alternative hypothesis of negative spatial autocorrelation is exactly equivalent to the previously described procedure cl, except that the S  (x) statistic is used instead of
MC(x). I refer to this procedure hereafter as c  . The new c1 procedure to test
against the alternative hypothesis of positive spatial autocorrelation is exactly
equivalent to the previously described cg procedure, except that the S1(x) statistic is used instead of MC(x). Finally, I propose a two-sided test that considers the
alternative hypothesis of positive or negative autocorrelation. The procedure involves several steps:
(1)

(2)

(3)

The c  procedure is used to test against the alternative hypothesis of negative autocorrelation. The P-value P  (i.e., the probability of obtaining a
given value of S  (x) equal to or less than the observed value by chance alone)
is estimated.
The c1 procedure is used to test against the alternative hypothesis of positive
autocorrelation. The P-value P1 (i.e., the probability of obtaining a given value of
S1(x) equal to or greater than the observed value by chance alone) is estimated.
These two P-values are then combined to compute a global P-value for the twosided test. This P-value is given by 2  min(P  , P1) (Manly 1997, p. 72). The
null hypothesis is rejected if the P-value is less than the significance
level a.
I refer to this two-sided testing procedure hereafter as c1  .

Illustrations
I present a simulation study and an empirical example to illustrate the use of the
new procedures. The simulation study was carried out to evaluate and compare the
relative merits of the standard and new procedures, in terms of power and type I
error under various conditions. The empirical example involves the analysis of
mosquito counts for 120 sites sampled in Kenya. This real data set illustrates nicely
the simultaneous presence of positive and negative autocorelation, and I show how
this mixture can be identified and interpreted.
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Designed simulation studies
I considered a regular 10-by-10 grid. The spatial weighting matrix W was constructed with a rook neighbor definition and was row standardized. Spatially autocorrelated data were generated as simultaneous autoregressive random variables
(e.g., Haining 1990, p. 117). I used the following steps to obtain a sample with a
given autocorrelation level r: (1) generate a vector y containing 100 iid normally
distributed random values, (2) compute the inverse matrix (I  rW)  1, and (3) premultiply the vector y by the matrix obtained in (2) to obtain autocorrelated data in
the vector x (i.e., x 5 (I  rW)  1y). Note that for this particular specification of the
spatial weighting matrix, the range of feasible values for r is ]  1; 1[.
In a first study, simple spatial structures were generated for 13 different values
of r (in sequence, with successive increments of 0.15, between  0.9 and 0.9). In a
second study, complex spatial structures were generated by adding two autocorrelated vectors (one with positive autocorrelation level r1 and one with negative
autocorrelation level r2): x ¼ ðI  r1 WÞ1 y1 þ ðI  r2 WÞ1 y2 . For the first vector, I
took six values of r1 between 0.15 and 0.9, with successive increments of 0.15. For
the second vector, three values of r2 were used ( 0.3,  0.6,  0.9). Hence,
3  6 5 18 combinations were investigated. For each value (or combination of
values) of the autocorrelation level(s), 5,000 samples were generated. For each
sample, the testing procedures (cl, cg, ct, c  , c1, c1  for the first study and ct,
c1  for the second one) were conducted with 4,999 random permutations.
For each value (or combination of values) of the autocorrelation level(s), I report the rate of rejection of the null hypothesis at significance level a 5 0.05 over
the 5,000 generated samples for each testing procedure.
An empirical example
This real data set concerns the analysis of mosquito counts (Anopheles gambiae
s.l.) in the urban area of Karima (Kenya). These data were kindly provided by Dr.
B. Jacob (University of Alabama, Birmingham). One hundred and twenty sites
were sampled, and a Thiessen polygon tessellation was superimposed on the area
to construct the spatial weighting matrix. Two sites were considered to be neighbors if they shared a common Thiessen polygon boundary. The neighborhood
structure was then edited to remove unlikely geographic neighbors, and lastly the
spatial weighting matrix was row standardized. Autocorrelation statistics
(MC, S1, S  ) were computed for log-transformed counts and tested with 4,999
permutations.
Results
Results for the two simulation studies are presented in Figs. 3 and 4. In the case of
simple structures, the new procedures are as powerful as the standard approaches
based on MC. The second simulation study and the empirical example show the
inefficiency of the standard two-sided procedure ct to detect the presence of a
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Figure 3. Results of the simulation study for simple spatial structures. Influence of the autocorrelation level r on the rejection rates of the null hypothesis at significance level a 5 0.05
based on 5,000 independent simulations. Results are reported for the cg, c+ (a),cl, c  (b)
and the ct, c+  (c) procedures.

mixture of positive and negative autocorrelation. In this context, the new procedure
c1  is much more powerful and demonstrates its usefulness.
Designed simulation studies
The results of the first simulation study are portrayed in Fig. 3. Rejection rates of the
null hypothesis correspond to type I error when r 5 0, or to power (r6¼0 for c1 
and ct; ro0 for c  and cl; r40 for c1 and cg). All procedures have an acceptable
type I error (the range of variation is 0.0462–0.0504). Results obtained with the new
procedures c  , c1, and c1  are consistent with those obtained using the standard
procedures cl, cg, and ct. The highest observed difference is equal to 0.1002 (ct
versus c1  for r 5 0.3). Power increases substantially with the level of autocorrelation (40.98 for jrj  0:6).
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Figure 4. Results of the simulation study for complex spatial structures (i.e., the sum of two
autocorrelated vectors). Influence of the autocorrelation levels r1 and r2 on the rejection
rates of the null hypothesis at significance level a 5 0.05 based on 5,000 independent simulations. Results are reported for the ct (a) and the c1  (b) procedures.

For the second simulation study (Fig. 4), only the two-sided testing procedures
are considered, and the rejection rates of the null hypothesis correspond to power.
For a given value of r2, the power of the two procedures is lowest when jr2 j ¼ jr1 j
(except for c1  and r2 5  0.6, where the power is 0.5072 for r1 5 0.45 and
0.5218 for r1 5 0.6). For all combinations of autocorrelation parameters, the power
of the c1  procedure is always greater than the power of the standard procedure
ct. The average power difference equals 0.103 (the maximum difference is 0.4158
for r1 5 0.9 and r1 5  0.9).

An empirical example
The standard global test is not significant (MC 5 0.0794, P 5 0.1074 for the ct procedure), which implies the absence of spatial autocorrelation. The new procedures
reveal a significant positive autocorrelation (S1 5 0.2607, P 5 0.0238 for the c1
procedure) and a nonsignificant negative autocorrelation (S  5  0.1813,
P 5 0.644 for the c  procedure) component. The two-sided procedure c1  leads
to a significant autocorrelation (MC 5 0.0794, P 5 2  0.0238 5 0.0476). These
results could be explained by two counteracting spatial effects (Jacob, Griffith, and
Novak 2008): environmental factors indicating suitable aquatic habitats induce
positive spatial autocorrelation, whereas competitive factors result in negative spatial autocorrelation. These two factors tend to have equal impacts leading to their
nondetection by classical autocorrelation procedures.
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Discussion and conclusions
The simulation studies show that the new procedures have acceptable type I errors,
and that they are as powerful as standard procedures for simple spatial structures.
The new procedures are more powerful than standard procedures in a context of
simultaneous positive and negative autocorrelation. In the past, such situations may
have led researchers to consider their data to be independent (as they could not
reject the hypothesis of the absence of spatial autocorrelation using standard procedures) when both positive and negative autocorrelation were present simultaneously. The consequences of this incorrect inference affect the choice of
appropriate statistical methods, or model misspecification, and need to be handled better in future analyses. Scientists are usually concerned with the question of
positive spatial autocorrelation, and so negative autocorrelation is often ignored.
Griffith (2006) identifies this problem of ‘‘hidden negative spatial autocorrelation’’
and shows how spatial filtering techniques could help in this context. The new
procedures proposed in this article could be useful in these situations because they
provide an effective way to measure and test complex spatial structures in which
positive and negative spatial autocorrelation are present simultaneously. The S1(x)
and S  (x) statistics could also be considered as possible alternatives to the criteria
proposed by Tiefelsdorf and Griffith (2007) to select eigenvectors in the context of
spatial filtering.
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