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Introduction 

What is the variation in species 
composition explained by 
environmental variables, and is it 
significant? This is a frequently 
encountered question by 
community ecologists, which can 
be rather easily solved e.g. by 
means of constrained ordination, 
if suitable data are available.  

    The problem arises in the 
presence of spatial 
autocorrelation in residuals, which 
is known to inflate tests of 
significance and bias estimates of 
explained variation. Spatially more 
autocorrelated variables tend to 
explain more variation in species 
composition than spatially less 
autocorrelated ones, and tend to 
be more often significant (Lennon 
2000). 

    The idea is simple – using 
constrained ordination, we want 
to know how much the real 
environmental variable explains 
more variation in species 
composition than would explain 
randomly generated surrogate 
variable with the same degree of 
spatial autocorrelation (Fig. 1). 

Case study   
(vegetation of subtropical broadleaf forest in Taiwan) 
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Question 

Which measured soil or topographical 
variables are best explaining species 
composition in subtropical broadleaf 
forest in Taiwan, if we correct for the 
effect of spatial autocorrelation? 

 
Data 
• Vegetation of subtropical broadleaved forest in 25ha Lienhauchih 

Forest Dynamics Plot, Taiwan (Fig. 2); 
• 625 plots (20 × 20 m), 153 264 individuals of woody species with 

DBH ≥ 1 cm; 
• 20 environmental variables - 4 topographical (aspect, slope, 

elevation, convexity) and 16 soil variables (chemistry and 
texture). 

 

Analysis 
• RDA using Hellinger-transformed species composition data 
• Moran’s I – spatial autocorrelation of environmental variables; 
• R2 - variation explained by each environmental variable 

separately; 
• R2

perm – mean variation explained by random autocorrelated 
variable (generated by Deblauwe’s et al. algorithm); 

• adj R2
auto – explained variation adjusted for spatial 

autocorrelation, calculated by Ezekiel’s formula; 
• P – standard significance of variable calculated Monte-Carlo 

permutation test; 
• Pauto – significance calculated by MC test based on null 

distribution of R2
perm ; 

• forward selection – selection of significant variables using both 
standard test of significance and significance adjusted for spatial 
autocorrelation. 

 
 

Results 
• Variation explained by individual 

environmental variables is positively 
related to their spatial autocorrelation 
(Fig. 3a).  

• The same is true for mean variation 
explained by randomly generated 
variables with the same level of 
autocorrelation as real variables    
(Fig. 3b).  

• Variation adjusted for spatial 
autocorrelation is considerably lower, 
mainly for spatially more 
autocorrelated variables (Fig. 3c).  

• Forward selection using standard MC 
permutation test selected all 
environmental variables as significant 
to the model (Table 1).  

• Forward selection based on 
significance adjusted for spatial 
autocorrelation selected only two 
variables – C/N ratio and convexity 
(Table 2). 

 

Conclusions 

Two the most important 
environmental variables are soil C/N 
ratio and convexity. 

After correcting for autocorrelation 
the importance of large-scale 
variables considerably decreased. 

Main aims 

• To introduce the concept of 
variation adjusted for effect of 
spatial autocorrelation. 

• To demonstrate the use of this 
concept on real vegetation data 
from 25ha forest permanent plot 
in Taiwan. 
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Figure 2. Lienhuachih Forest Dynamics Plot, Taiwan. 

(Photo credit: D. Zelený) 

Figure 3 
Relationship between variation explained by environ-
mental variables and their spatial autocorrelation. 
Red arrow in panel (c) indicates difference between 
unadjusted and adjusted R2.  
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Figure 1 
Spatial distribution of a) real environmental variable 
(soil C/N ratio) and b) 18 random permutations with 
the same autocorrelation structure, using algorithm 
of Deblauwe et al. (2012). 

Table 2 
Results of forward selection using modified test of significance and R2 adjusted for autocorrelation.  

  variables order         R2     R2Cum  AdjR2Cum         F  pval   AdjR2Auto AdjR2AutoCum pvalAuto 

1       C_N     3 0.17947589 0.1794759 0.1781588 136.27080 0.005 0.127685385    0.1276854    0.001 

2    convex    18 0.04725920 0.2267351 0.2242487  38.01443 0.005 0.042437456    0.1735031    0.001 

3         K    13 0.02905935 0.2557944 0.2521992  24.24848 0.005 0.007382459    0.1855525    0.267 
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Theoretical background  
(needs closer look) 

The idea is closely related to the test of significance in 
the presence of spatial autocorrelation using toroidal 
shift permutation. This method generates null 
distribution of expected variation explained by 
permuted variables with the same level of 
autocorrelation, and compares it to the variation 
explained by a real variable.  

    To generate random spatially autocorrelated 
variables we used the solution introduced by 
Deblauwe et al. (2012) based on dual-tree complex 
wavelet spectra, which is suitable in the presence of 
autocorrelation in different scales. For each real 
environmental variable we generated large number 
(999) of surrogate variables with the same degree of 
autocorrelation, and calculated mean variation in 
species composition explained by these surrogates. 
Using analogy of Ezekiel’s formula (Peres-Neto et al. 
2006) we adjusted the R2 explained by real variable for 
mean R2 explained by randomly generated 
autocorrelated surrogates.  

    Together with the test of significance, this concept 
was used also for forward selection of environmental 
variables corrected for spatial autocorrelation. 

    The issue of spatial autocorrelation is not black and 
white - some see it as a nuisance which needs to be 
corrected, others see it as a legacy of something which 
is worth to be studied by itself (Legendre 1993). 
Although we acknowledge that both views have their 
merits, in this study we follow only the first one, 
leaving it on potential users to decide whether it’s 
suitable for their needs.  

Table 1 
Results of forward selection with standard test of 
significance (red are significant variables included in 
test) 

   variables order          R2     R2Cum  AdjR2Cum          F  pval 

1        C_N     3 0.179475889 0.1794759 0.1781588 136.270802 0.001 

2     convex    18 0.047259203 0.2267351 0.2242487  38.014429 0.001 

3         Mn    11 0.037689038 0.2644241 0.2608706  31.818462 0.001 

4      water     2 0.025063614 0.2894877 0.2849038  21.870757 0.001 

5       clay    16 0.018857186 0.3083449 0.3027581  16.876329 0.001 

6         pH     1 0.014393170 0.3227381 0.3161627  13.133736 0.001 

7          N     5 0.015060558 0.3377987 0.3302858  14.032537 0.001 

8         Fe     9 0.011488764 0.3492874 0.3408366  10.875891 0.001 

9         Zn    10 0.011899269 0.3611867 0.3518382  11.455695 0.001 

10        Mg    12 0.008913811 0.3701005 0.3598416   8.688814 0.001 

11     slope    19 0.004960599 0.3750611 0.3638469   4.865832 0.001 

12        Ca     7 0.004718145 0.3797792 0.3676181   4.655608 0.001 

13         P     6 0.004277023 0.3840563 0.3709511   4.242695 0.001 

14        Cu     8 0.003929374 0.3879856 0.3739394   3.916441 0.001 

15      slit    14 0.004034353 0.3920200 0.3770451   4.041122 0.001 

16      sand    15 0.004775943 0.3967959 0.3809222   4.813915 0.001 

17  meanelev    17 0.003682027 0.4004780 0.3836874   3.727954 0.001 

18         K    13 0.003404409 0.4038824 0.3861759   3.460847 0.001 

19         C     4 0.002978026 0.4068604 0.3882329   3.037575 0.001 

20    aspect    20 0.001972951 0.4088334 0.3892583   2.015781 0.001 
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