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SUPPLEMENTARY MATERIAL APPENDIX 1 

 

Validation of the method based on the use of hierarchical genetic distances 

Balkenhol et al. (2014) proposed the use of hierarchical genetic distances (HGD) as dependent variables 

in direct gradient analyses to statistically evaluate the influence of landscape features on hierarchical genetic 

structures inferred from STRUCTURE (Pritchard et al. 2000). However, the efficiency of the method was never 

explicitly evaluated through simulations (Landguth et al. 2015). To validate the procedure, we reproduced the 

artificial landscape proposed by Balkenhol et al. (2014) as an illustration of hierarchical genetic structures in the 

situation where movements are hindered by both highways and country roads (see fig. 1 in the original 

publication).  

We used CDPOP 1.2.11 (Landguth and Cushman 2010) to simulate gene flow among 600 randomly 

scattered individuals according to the relative resistance of landscape features to be crossed (Fig. A1). CDPOP 

was run for 200 generations with 20 neutral loci of 20 alleles each. We considered sexual reproduction, with 

multiple paternity, no selfing and no philopatry. Both males and females were allowed to mate with replacement. 

The simulated number of offspring per mating event was drawn from a Poisson distribution with mean λ = 2, 
resulting in an average of 3.97 offspring per female and per generation. Offspring sex was randomly assigned 

following a binomial distribution and an unbiased sex ratio. To avoid an overproduction of offspring in regard to 

the total number of available localities at each generation, we considered 40% mortality in the offspring 

population. Genotypes were randomly assigned at the beginning of simulations and the mutation rate, following 

the default kth-allele mutation model, was set to 0.0005. Mating and dispersal parameters were chosen so that 

highways and country roads acted as total and partial barriers to movement, respectively. We first computed 

pairwise effective distances based on least-cost paths (Adriaensen et al. 2003) from a resistance layer with a 

arbitrary pixel value of 150 for highways, 100 for country roads and 1 otherwise. The distances of mating 

movements were drawn from a probability distribution inversely proportional to a linear function, with the 

maximal dispersal cost distance that may be travelled set to 80. Mating movements were thus strictly limited by 

country roads and highways, although the use of an inverse linear function allowed a high probability of 

accessing distant mates (up to 80 cost distance units). For both males and females, dispersal distances were 

drawn from a probability distribution inversely proportional to a square function, with the maximal dispersal cost 

distance that may be travelled set to 110. Dispersal movements were thus strictly limited by highways but not by 

country roads, although the use of an inverse square function limited the probability of crossing such features. 

Table A1a provides CDPOP input parameters. 

  



Table A1a. Input parameters used to simulate genetic data in CDPOP. 

Parameter Input value Details 

xyfilename xy [Individual coordinates] 

agefilename N [Non-overlapping generations] 

matecdmat IBR 
[Pairwise effective distances based on least-cost paths] 

dispcdmat IBR 

mcruns 1 [Number of replicates] 

looptime 201 [Simulation run time] 

nthfile_choice List [Read nthfile_list value below] 

nthfile_list 1 [Unused parameter] 

nthfile_seq 200 [Output at the 200th generation] 

matemoveno 1 [Inverse linear function] 

matemoveparA 1 
[Unused parameters] 

matemoveparB 1 

matemovethresh 80 [Mating movements allowed up to 80 cost distance units] 

sexans Y [Sexual reproduction] 

Freplace Y 
[Mating with replacement] 

Mreplace Y 

philopatry N [No philopatry] 

multiple_paternity Y [Multiple paternity allowed] 

selfans N [No selfing] 

reproage 0 [Non-overlapping generations] 

Fdispmoveno 2 [Inverse square function] 

FdispmoveparA 1 
[Unused parameters] 

FdispmoveparB 1 

Fdispmovethresh 110 [Dispersal movements allowed up to 110 cost distance units] 

Mdispmoveno 2 [Inverse square function] 

MdispmoveparA 1 
[Unused parameters] 

MdispmoveparB 1 

Mdispmovethresh 110 [Dispersal movements allowed up to 110 cost distance units] 

offno 2 [Poisson distribution] 

lmbda 2 [Poisson mean parameter] 

Femalepercent 50 [Offspring sex randomly assigned following a binomial distribution 

and an unbiased sex ratio] EqualsexratioBirth N 

birthmortperc 40 [Percent mortality rate to avoid overproduction of offspring] 

agemortperc 100 [Non-overlapping generations] 

subpopmortperc 0|0|0|0|… [No mortality for any dispersing individual] 

muterate 0.0005 [Mutation rate] 

mutationtype random [Default kth-allele mutation model] 

loci 20 [Number of loci] 

intgenesans random 
[Genotypes randomly assigned at the beginning of simulations ] 

allefreqfilename N 

alleles 20 [Number of alleles per locus] 

mtdna N [Regular Mendel inheritance for all loci] 

cdevolveans N [No locus under selection] 



Fitness_AA fitvals50.txt 
[Unused parameters] 

Fitness_Aa fitvals50.txt 

Fitness_aa fitvals50.txt 

[Unused parameters] 

Fitness_AABB fitvals50.txt 

Fitness_AaBB fitvals50.txt 

Fitness_aaBB fitvals50.txt 

Fitness_AABb fitvals50.txt 

Fitness_AaBb fitvals50.txt 

Fitness_aaBb fitvals0.txt 

Fitness_AAbb fitvals0.txt 

Fitness_Aabb fitvals0.txt 

Fitness_aabb fitvals0.txt 

cdinfect N [No infection parameter answer] 

transmissionprob 0.5 [Unused parameter] 

cdclimate N [No dynamic landscape] 

cdclimgentime 5|10 

[Unused parameters] 

futurematecdmat EDcdmatrix16 

futuredispcdmat EDcdmatrix16 

Edmatans N 

gendmatans N 

gridformat general [General genotype output] 

 

We then used the Bayesian clustering algorithm implemented in STRUCTURE (Pritchard et al. 2000) to 

describe genetic structure among the 600 individuals at generation 200, following the approach described in 

Balkenhol et al. (2014). Two hierarchical levels were identified using the hierarchical clustering, as expected 

from the scenario proposed in the original publication (Fig. A1). At the first hierarchical level, three clusters were 

identified, strictly bounded by highways. Each cluster was further subdivided into two sub-clusters at the second 

hierarchical level, each sub-cluster being roughly delimited by country roads. Seven individuals were cross-

assigned though, indicating that country roads actually did not act as total barriers to movement. 
 

 

 

 

 

 

 

 

 



FigureA1. Inferred hierarchical genetic structure in simulated data. Each of the 600 individuals was assigned to 

one of the three clusters 1, 2 and 3 at the first hierarchical level, and to one of the two sub-clusters a and b at the 

second hierarchical level.  

 

 

Genotypes obtained from the CDPOP simulation were used to compute standard, non-hierarchical genetic 

distances between pairwise individuals using the Bray-Curtis percentage dissimilarity metric (Bc; Legendre and 

Legendre 1998), while Q-values obtained from STRUCTURE were used to compute hierarchical genetic 

distances (H1 and H2) at each hierarchical level, following the method by Balkenhol et al. (2014). As spatial 

predictors, we computed two independent pairwise distance matrices, each corresponding to the barrier effect of 

a specific landscape feature. To do so, we created two layers, one for each landscape feature: pixels were 

assigned a value of 100 when they corresponded to a road feature (highways or country roads, respectively) and 

1 otherwise. The two layers were used in CIRCUITSCAPE 3.5.8 (McRae and Shah 2009) to compute pairwise 

effective distances among individuals. Isolation-by-distance being incorporated into resistance surfaces, we did 

not include Euclidean distances as an additional explanatory variable (McRae 2006). Finally, we used non-linear, 

rank-based multiple linear regressions on distance matrices (Smouse et al. 1986) to assess the influence of both 

predictors on each dependent variable (Bc, H1 and H2). Analyses were conducted in R 2.11.1 (R Development 

Core Team 2014) using package „ecodist‟ (Goslee and Urban 2007) with 1000 permutations to assess 

significance. Results are provided in Table A1b. 
 

 

 

 

 

 



Table A1b. Results from non-parametric multiple regressions on distance matrices. For each dependent variable 

Bc, H1 and H2, the table provides the model fit (R²; ∗∗∗: P-value <0.001), and, for each predictor, the Pearson‟s 

correlation coefficients between predictors and each dependent variables (r), the beta coefficient (β) and the p-

value (p). Predictors that were confidently identified as responsible for a change in the dependent variable are in 

bold (see text below for details). 

 

Dependent variable Predictors    r β p 

Bc 
Highways 

18.3 % *** 
0.427 0.550 <0.001 

Country roads 0.412 -0.128 <0.001 

H1 
Highways 

20.8 % *** 
0.454 0.676 <0.001 

Country roads 0.435 -0.228 <0.001 

H2 
Highways 

2.8 % *** 
0.156 -0.148 <0.001 

Country roads 0.166 0.311 <0.001 

 

 

In any case, predictors were positively correlated with dependent variables (r ranging from 0.156 to 

0.454). When considering standard genetic distances (Bc) and hierarchical genetic distances at the first 

hierarchical level (H1), multiple linear regressions were significant and explained 18.3% and 20.8% of variance 

Bc and H1, respectively. Both predictors showed significant relationships with the dependent variables, although 

country roads were always associated with a negative beta coefficient. This discrepancy between the sign of the 

beta coefficients and the zero-order correlations with the dependent variables is indicative of suppression (Lewis 

and Escobar 1986, Paulhus et al. 2004): only highways were thus confidently identified as drivers of genetic 

differentiation in these two models. When considering hierarchical genetic distances at the second level (H2), the 

multiple linear regression was significant and explained 2.8% of variance in the dependent variable. Both 

predictors showed significant relationships with the dependent variable, although highways were associated with 

a negative beta coefficient, while the zero-order correlation was positive. As previously, this discrepancy is 

indicative of suppression: in this model, only country roads were thus confidently identified as a driver of 

genetic differentiation. 

This simulation study indicates that secondary landscape features, that is, features responsible for a 

decrease in gene flow at inferior hierarchical levels, cannot always be confidently identified as drivers of genetic 

differentiation when using standard genetic distances. On the contrary, using HGD can help identify both 

primary and secondary landscape features, at superior and inferior hierarchical levels respectively. However, 

collinearity among predictors may yield erroneous conclusions: for instance, negative beta coefficients could 

have suggested that country roads were not barriers to gene flow, although both the sign of zero-order 

correlations and the visual assessment of observed genetic structures clearly indicated the opposite (Table A1b; 

Fig. A1). This observation highlights the need for a thorough investigation of patterns of multicollinearity, for 

instance through the use of commonality analyses (Ray-Mukherjee et al. 2014, Prunier et al. 2015). 
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Identification and withdrawal of foreign individuals  

In Centre region, red deer has been managed for decades, with some populations restocked with 

individuals from Scotland, Germany or Poland (Colyn et al. 2015). We assumed that neither recently introduced 

individuals nor first generation hybrids had any substantial contribution to gene flow in the study area: they were 

thus to be identified and discarded to avoid any bias in subsequent biological interpretation of results. 

Preliminary analyses indicated that individuals from Centre shared a specific genetic signature (“native” 

individuals) and were easily identified using a simple genetic clustering approach. We thus ran STRUCTURE 

(Pritchard et al. 2000) using a complementary genetic dataset of 216 individuals (Zachos et al. 2016) from 

Scotland (n = 42), Germany (n = 131) and Poland (n = 43). STRUCTURE was used with the admixture model 

and the correlated allele frequency model, without prior population information. Runs were performed with a 

burn-in period of 200.000 and 200.000 subsequent MCMC repetitions. The number K of clusters ranged from 1 

to 10 and 5 runs were performed for each value. ΔK statistic (Evanno et al. 2005) was obtained via 

STRUCTURE HARVESTER (Earl and vonHoldt 2012) and was used to infer the optimal K-value. Twenty runs 

were then performed with this optimal K-value and the ten best runs were compiled using CLUMPP (Jakobsson 

and Rosenberg 2007) to get final averaged individual Q-values for each cluster. Individuals were assigned to the 

cluster for which their Q-value was the higher, provided this value was higher than 0.75. We used a more 

stringent threshold than for the assignment of native individuals (0.75 vs 0.6; see main text) because we expected 

little admixture between foreign and native individuals. We considered as part of our final dataset individuals 

that could be considered as “native”, that is, assigned to the cluster comprising only French individuals.  

As expected, genetic clustering performed with a complementary set of foreign genotypes allowed 

identifying two main clusters. From the 216 foreign individuals, 212 were assigned to the first cluster while four 

could not be assigned to any cluster (maximum Q-value < 0.75). From the 726 individuals that were actually 

sampled in Centre region, 714 were assigned to the second cluster, while three were assigned to the first cluster, 

thus considered as recently introduced animals, and nine could not be assigned with certainty (maximum Q-

value < 0.75), thus considered as first-generation hybrids. Only the 714 “native” individuals from the second 

cluster were retained for subsequent analyses. 

 

Identification and withdrawal of related individuals  

In red deer, dispersal is usually male-biased, leading to aggregations of females in matrilineal groups 

(Clutton-Brock et al. 1982). Males also show philopatric behaviour during rut so that harvested individuals are 

likely to be relatives. However, the inclusion of family members in the STRUCTURE software is known to 

produce strong evidence of population structure, even in the absence of any genetic structure (Anderson and 

Dunham 2008). To avoid such a bias, we only considered adult individuals in our genetic dataset. Furthermore, 

we used COLONY2 (Jones and Wang 2010) to identify full-sib and parent-offspring groups among collected 

individuals. We used the full-likelihood approach based on the 714 “native” individual multilocus genotypes, 



assuming that males were polygamous and females were monogamous. All individuals were considered as 

possible offspring and we defined no a priori candidate parental genotypes. Allele frequencies were directly 

determined from the genetic dataset. Only parentage and full-sibship relationships with associated inclusion 

probability higher than 0.95 % were considered as relevant. Furthermore, we only kept congruent results from 

three independent long runs with different seed numbers to identify sibship groups. We finally retained only one 

randomly chosen individual per group. A total of 45 individuals were discarded (two fathers, three mothers and 

40 full-sibs), resulting in a final dataset of 669 samples (347 males and 322 females). 
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Table A3. Number of alleles (A; in bold, mean effective number of alleles), observed and expected 

heterozygosity (Ho and He) and fixation index (f; in bold, mean fixation index) are given for each locus for four 

populations (Choeurs-Bommiers CB, Lancosme LA, Loches LO and Orléans OR) of N individuals each in 

Centre region. Discarded markers are in grey. 

 

 
 

Pop N A Ho He f   N A Ho He f   N A Ho He f 

 Cer14    ETH3    OarFCB5   
OR 31 3 0.710 0.663 -0.071  31 2 0.065 0.063 -0.017  31 8 0.839 0.788 -0.065 

LO 43 6 0.558 0.584 0.045  43 3 0.302 0.326 0.071  43 7 0.767 0.696 -0.102 

LA 44 5 0.523 0.571 0.084  44 4 0.409 0.444 0.078  44 8 0.818 0.798 -0.025 

CB 34 5 0.588 0.609 0.034  34 2 0.118 0.112 -0.048  34 8 0.824 0.815 -0.011 

Tot 152 4.75     0.023 
 

152 2.75     0.021 
 

152 7.75     -0.051 

 CSSM16    INRA35    RT1   
OR 31 5 0.387 0.475 0.186  31 7 0.710 0.755 0.061  31 7 0.871 0.805 -0.082 

LO 43 5 0.651 0.651 0.000  43 10 0.837 0.850 0.015  43 8 0.651 0.591 -0.101 

LA 44 4 0.614 0.510 -0.203  44 8 0.750 0.802 0.065  44 7 0.750 0.750 0.000 

CB 34 5 0.588 0.628 0.063  34 9 0.794 0.853 0.069  34 6 0.765 0.721 -0.061 

Tot 152 4.75     0.012  152 8.5     0.052  152 7     -0.061 

 Haut14    BM1818    T156   
OR 31 7 0.807 0.782 -0.031  31 4 0.613 0.622 0.015  31 6 0.710 0.782 0.092 

LO 43 5 0.837 0.727 -0.152  43 5 0.721 0.764 0.056  43 6 0.558 0.589 0.052 

LA 44 7 0.705 0.758 0.070  44 4 0.455 0.586 0.225  44 8 0.886 0.827 -0.072 

CB 34 6 0.758 0.810 0.065  34 5 0.382 0.482 0.206  34 7 0.735 0.727 -0.011 

Tot 152 6.25     -0.012  152 4.5     0.125  152 6.75     0.015 

 MM12    CSSM14    T193   
OR 31 4 0.290 0.318 0.088  31 2 0.097 0.094 -0.035  31 5 0.774 0.703 -0.101 

LO 43 4 0.651 0.682 0.046  43 3 0.605 0.545 -0.110  43 6 0.628 0.660 0.048 

LA 44 4 0.546 0.638 0.145  44 3 0.614 0.639 0.039  44 5 0.591 0.567 -0.042 

CB 34 4 0.794 0.717 -0.108  34 3 0.677 0.550 -0.230  34 5 0.706 0.656 -0.075 

Tot 152 4     0.043  152 2.75     -0.084  152 5.25     -0.042 

 CSPS115    CSSM66    T26   
OR 31 4 0.581 0.569 -0.020  31 5 0.613 0.681 0.100  31 11 0.839 0.855 0.020 

LO 43 6 0.465 0.484 0.039  43 5 0.721 0.759 0.050  43 9 0.674 0.827 0.185 

LA 44 6 0.227 0.211 -0.075  44 7 0.796 0.802 0.008  44 10 0.864 0.867 0.003 

CB 34 6 0.677 0.632 -0.071  34 5 0.727 0.764 0.048  34 8 0.853 0.792 -0.077 

Tot 152 5.5     -0.032  152 5.5     0.051  152 9.5     0.033 

         
  



Pop N A Ho He f   N A Ho He f   N A Ho He f 

 CSSM19    ILSTS06    T268   
OR 31 8 0.807 0.763 -0.057 

 
31 9 0.839 0.863 0.028 

 
31 7 0.774 0.823 0.059 

LO 43 9 0.791 0.798 0.009 
 

43 7 0.767 0.787 0.025 
 

43 7 0.628 0.704 0.108 

LA 44 7 0.750 0.824 0.089 
 

44 8 0.818 0.857 0.046 
 

44 5 0.750 0.757 0.009 

CB 34 6 0.706 0.774 0.088 
 

34 9 0.758 0.803 0.056 
 

34 6 0.706 0.674 -0.048 

Tot 152 7.5     0.032  
152 8.25     0.039  

152 6.25     0.032 

 CSSM22    CelJP27    T501   
OR 31 3 0.258 0.262 0.014 

 
31 6 0.452 0.598 0.245 

 
31 8 0.548 0.504 -0.089 

LO 43 4 0.512 0.560 0.087 
 

43 6 0.814 0.723 -0.126 
 

43 8 0.465 0.527 0.118 

LA 44 4 0.500 0.589 0.150 
 

44 6 0.818 0.795 -0.029 
 

44 7 0.568 0.576 0.014 

CB 34 4 0.382 0.394 0.029 
 

34 7 0.647 0.673 0.038 
 

34 8 0.706 0.685 -0.031 

Tot 152 3.75     0.070  
152 6.25     0.032  

152 7.75     0.003 

 ETH225    
OarFCB304 

        
OR 31 6 0.613 0.646 0.052 

 
31 6 0.807 0.689 -0.171 

      
LO 43 6 0.767 0.742 -0.034 

 
43 6 0.837 0.766 -0.093 

      
LA 44 6 0.659 0.718 0.082 

 
44 7 0.909 0.810 -0.122 

      
CB 34 8 0.559 0.633 0.117 

 
34 6 0.677 0.734 0.079 

      
Tot 152 6.5     0.054   152 6.25     -0.077             
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Figure A4. Histograms of studentized residuals resulting from MRDM on standard genetic distances (Bc) and 

untransformed hierarchical genetic distances (H1 to H3). 
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Figure A5. Predicted values of classical genetic distances (Bc; panel a) and predicted probabilities of individuals 

coming from distinct clusters in datasets H1 to H3 (panels b to d) in function of each z-transformed predictor (Z-

scores). Non-significant predictors are in dashed lines. 
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To check whether clusters inferred by STRUCTURE at the third hierarchical level were artefactual 

because of the possible confounding effect of isolation-by-distance (Frantz et al. 2009), we further investigated 

spatial patterns of genetic variability at this level using spatial principal component analysis (sPCA; Jombart et 

al. 2008). Spatial principal component analysis is a spatially-explicit multivariate method seeking principal 

components that optimize the variance of individual allelic frequencies while taking spatial autocorrelation of 

data into account. We separately considered genotypes assigned to clusters A2a and A2b on the one hand, and to 

clusters B2a and B2b on the other hand. In each case, we used a Delaunay triangulation connexion network. 

Results are shown in figure A6. When comparing these results to Fig. 1d (main text), we can see that clusters 

inferred by STRUCTURE and by sPCA are highly similar, which suggests that the genetic clustering at the third 

hierarchical level was trustworthy. 

 

 

Figure A6. Analyses of genotypes assigned to the 

third hierarchical level using sPCA. Large white and 

black squares stand for highly negative and positive 

scores respectively. Small squares stand for low sPCA 

scores. Red lines stand for A20, A71 and (in dashed 

line) A85 highways. (a) Map of the first global sPCA 

scores for genotypes assigned to clusters A2a or A2b 

when using STRUCTURE. (b) Map of the first global 

sPCA scores for genotypes assigned to clusters B2a or 

B2b when using STRUCTURE. 
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To illustrate how a suppressor may inflate the unique contribution of other predictors, we provide a 

detailed explanation of the logistic regression commonality analysis at the third hierarchical level.  

In the full model (including all predictors), roads acted as a classical suppressor (that is, U was almost 

totally counterbalanced by the sum of C; Table A7a, full model). As a classical suppressor, roads artificially 

inflated the contribution of other predictors. When focusing on the common effects [open,roads] and 

[roads,highways] for instance (in bold in Table A7b, full model), we can predict that the unique contributions of 

open and highways are respectively inflated by 0.0003 and 0.0012 by the inclusion of roads in the model. 

Indeed, by definition, negative commonalities quantify the amount of predictive power that would be lost by 

other predictors if the suppressor variable was not considered in the regression model. On the contrary, when 

considering the common effect [urban,roads] (also in bold), positive and thus indicative of a synergistic 

association between urban and roads, we can predict that removing roads from the model will increase the 

unique contribution of urban by 0.0012 because the part of variance in the dependent variable that was attributed 

to both urban and roads would be totally attributed to urban.    

When removing the suppressor roads from the null model, we can see that, as expected, the unique 

contributions of open and highways respectively decreased by 0.0003 and 0.0012, while the unique contribution 

of urban increased by 0.0012 (Table A7a). However, the removal of roads also led to the apparition of a new 

suppressor: urban. Indeed, the increase of the unique contribution of urban was offset by the increase of 

(negative) common contributions with other predictors (notably rivers, as indicated in bold in Table A7b, 

reduced model). As exemplified here, commonalities are indeed specific to a given model because of particular 

patterns of bivariate correlations. This observation was notably discussed in Prunier et al. (2015). 

 

Table A7a. Unique, common and total contributions of each predictor in the full and in the reduced model. 

Model Pred Unique Common Total 

Full 

open 0.0004 0.0005 0.0009 

urban 0.0004 0.0002 0.0006 

rivers 0.0037 0.0020 0.0057 

roads 0.0044 -0.0034 0.0010 

highways 0.0024 0.0005 0.0029 

Reduced 

open 0.0001 0.0008 0.0009 

urban 0.0016 -0.0010 0.0006 

rivers 0.0043 0.0014 0.0057 

highways 0.0012 0.0017 0.0029 

 

 

 



Table A7b. Detailed commonalities in the full and in the reduced model. 

Full model Coefficient % Total Reduced model Coefficient % Total 

open 0.0004 3.44 open 0.0001 1.82 
urban 0.0004 3.42 urban 0.0016 21.13 

rivers 0.0037 30.82 rivers 0.0043 55.83 

roads 0.0044 36.65 
   

highways 0.0024 19.52 highways 0.0012 15.64 

open, urban -0.0001 -0.63 open, urban -0.0001 -1.35 

open, rivers 0 0.24 open, rivers 0 0.04 

urban, rivers -0.0004 -3.42 urban, rivers -0.0013 -16.34 

open, roads -0.0003 -2.29 
   

urban, roads 0.0012 9.96 
   

rivers, roads 0.0006 4.55 
   

open, highways 0.0004 3.06 open, highways 0.0002 2.66 

urban, highways -0.0004 -3.42 urban, highways -0.001 -12.38 

rivers, highways 0.0015 12.46 rivers, highways 0.0011 14.35 

roads, highways -0.0012 -9.61 
   

open, urban, rivers 0.0001 0.69 open, urban, rivers 0 0.57 

open, urban, roads 0 -0.23 
   

open, rivers, roads 0 -0.21 
   

urban, rivers, roads -0.0008 -6.93 
   

open, urban, highways 0.0001 0.92 open, urban, highways -0.0001 -1.4 

open, rivers, highways 0.0002 1.37 open, rivers, highways 0.0001 1.6 

urban, rivers, highways 0.0021 17.26 urban, rivers, highways 0.0008 10.53 

open, roads, highways -0.0002 -1.38 
   

urban, roads, highways -0.0005 -4.42 
   

rivers, roads, highways -0.0004 -3.37 
   

open, urban, rivers, roads 0 -0.33 
   

open, urban, rivers, highways 0.0007 5.83 open, urban, rivers, highways 0.0006 7.3 

open, urban, roads, highways -0.0002 -1.81 
   

open, rivers, roads, highways 0 -0.35 
   

urban, rivers, roads, highways -0.0013 -10.59 
   

open, urban, rivers, roads, highways -0.0001 -1.21       

Total 0.0121 100 Total 0.0077 100 
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Linear (rather than logistic) regression using H1 as a dependent variable. 

The difference in amounts of variance explained in regressions based on classical genetic distances 

(Bray-Curtis Bc) and regressions based on HGD (at least at the two first levels) was important (3.85% and 

18.74%, respectively; see Tables 2 and 3 in main text). We identified three possible explanations for this 

discrepancy: (i) linear R² and logistic pseudo-R² are not comparable (that is, pseudo-R² artificially boosts 

explained variance when compared to a classical linear regression), (ii) the process of computing HGD 

artificially boosts the explained variance because it homogenizes fine-scale variation, or (iii) classical linear 

regressions based on standard genetic distances rely on inadequate assumptions in the case of stratified genetic 

structures. To disentangle these possible explanations, we ran a linear regression (rather than a logistic one) 

using HGD computed at the first hierarchical level (that is, variable H1) and compared the outputs with the linear 

regression using Bc as a dependent variable (as in main text). This procedure, although unusual, was advocated 

by Hellevik (2007), since “violating the homoscedasticity assumption seems to be of little practical importance, 

as an empirical comparison of results shows nearly identical outcomes for the two kinds of significance tests”. 

Results (regression coefficients and commonalities) are shown in Table A8. 

 

Table A8. For each linear model (with Bc or H1 as a dependent variable), the table provides the model fit (Linear 

R²) as well as beta weights and commonalities (unique, common and total contributions) of each predictor. 

 Linear R² Pred β Unique Common Total 

Bc 0.0385 open 0.103 0.009 0.016 0.024 

  urban 0.058 0.001 0.020 0.021 

  rivers -0.045 0.001 0.002 0.004 

  roads 0.035 0.001 0.016 0.017 

  highways 0.079 0.003 0.021 0.024 
H1 0.1432 open 0.116 0.011 0.051 0.062 

  urban 0.053 0.001 0.083 0.085 

  rivers -0.011 0.000 0.033 0.033 

  roads 0.117 0.009 0.072 0.081 

  highways 0.201 0.019 0.095 0.114 
 

 

When using H1 as the dependent variable, the linear R², although lower than the pseudo-R² of 18.74% 

obtained from a logistic regression (see results in main text), is still much higher than when using Bc (rejection 

of the first hypothesis). Furthermore, all regression coefficients and unique effects are very similar (rejection of 

the second hypothesis), except for linear landscape features (roads and highways), that show higher unique 

contribution to H1 than to Bc. These results support the third hypothesis, stating that classical linear regressions 



based on standard genetic distances rely on inadequate assumptions in the case of a stratified genetic structure. 

The observed spatial pattern of genetic differentiation is indeed driven by open but also by linear landscape 

features (roads and highways), the latter being well captured by HGD but poorly by Bc, since boundary-based 

detection methods (from which HGD are derived) allow the detection of local sharp genetic variations while 

classical direct gradient analyses based on standard genetic distances, assuming that all sampled individuals 

come from a single continuous population, rather give insight into the importance of landscape permeability on 

overall genetic variation and may overlook sharp genetic variations. 
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Commonality analysis is about correlation, not causation. 

Here, we illustrate how a predictor with no causal relationship with the criterion may still have a large 

unique (direct) contribution to model fit in a given dataset, but a negligible (and thus only indirect) contribution 

to model fit with the addition of a (causal) variable. We used the following R-script (Fig. A9a) to create an 

illustrative dataset (Fig. A9b) where predictors x2 and x3 have direct causal relationships with the criterion y 

while predictor x1 has indirect causal relationship with the criterion through a pathway involving x3. The 

corresponding causal graph is shown in Fig. A9c. 

 In the first analysis (run 1), only x1 and x2 are considered as possible drivers of the criterion. In the 

second analysis (run 2), all predictors (x1, x2 and x3) are considered as possible drivers of the criterion. Results 

of linear regressions and commonality analyses are shown in table A9. 
 

 

Figure A9. (a) R-script used to create the illustrative dataset.  (b) Illustrative dataset. (c) Graphical representation 

of causal relationships between variables.   

(a)  x1=rnorm(20,0,5) 

x2=rnorm(20,0,5) 

x3=0.8*x1+rnorm(20,0,5) 

y=0.6*x2+0.5*x3+rnorm(20,0,5) 

 

(b) 

(c) 
 

 

 

 

 

 

 

 

 

 

 

 

y x1 x2 x3 

-13.594 -8.957 -4.450 -7.440 

-6.354 1.149 -3.225 -5.760 

-9.076 -12.598 -10.746 -4.546 

3.634 1.133 -1.457 -1.351 

6.573 5.950 -4.225 9.683 

4.860 8.466 -0.604 10.326 

-2.025 3.749 -6.041 2.826 

-2.910 -5.153 -4.443 -3.875 

-5.326 -5.595 0.151 -4.202 

0.764 6.510 1.319 4.879 

-2.182 -5.565 -6.701 -1.930 

3.614 -2.250 -0.832 -1.986 

10.785 -2.988 10.349 -0.204 

8.407 -5.337 3.853 9.902 

-9.005 -4.492 -4.454 -2.676 

-0.854 0.199 -0.020 -4.238 

3.163 -7.987 6.058 -4.213 

-3.068 -2.792 2.544 -4.047 

6.999 -5.011 7.861 -8.380 

4.289 -1.358 0.913 -1.329 



Table A9. Classical results of commonality analyses for runs 1 and 2. The table provides multiple R² and, for 

each predictor (Pred),  Pearson‟s zero-order correlation (r), beta weight ( ), p-value (p), unique effect (U), 

common effect (C) and total contribution (T). 

 

 

In the first analysis (Run1), the linear regression explained 58.6% of variance in the criterion. Predictors 

x1 and x2 had negligible common contribution (2.7%) but large unique contributions  , respectively explaining 

12.5% and 43.4% of variance in the criterion. In the second analysis (Run2), the linear regression explained 

72.2% of variance in the criterion. The addition of x3 (a true causal driver of y according to our causal graph, 

uniquely contributing to 13.6% of variance in the criterion) drastically changed the results for x1. Although its 

total contribution remained unchanged (T = r² = 15.2%), the unique contribution of x1 indeed dropped from 

12.5% to 0.1% with the addition of x3. On the contrary, its common contribution reached 15.1%: in this new 

configuration, x1 only indirectly contributed to the variance in the criterion.  

Although consistent with the indirect pathway linking x1 and y (Fig. A9c), this result indicates that CA 

may in no circumstances be considered as a way to inform causal relationships among variables, as some 

important but unknown variables (here x3) may have been overlooked. Commonalities being specific to a given 

model (Prunier et al. 2015), CA can only be used as an efficient way of assessing the reliability of model 

parameters (beta weights, p-values) in face of suppression or redundancy. 

   

Run R² Pred r   p U C T 

1 0.586 x1 0.390 0.354 0.037 0.125 0.027 0.152 

  x2 0.679 0.660 0.001 0.434 0.027 0.461 

2 0.722 x1 0.390 0.048 0.782 0.001 0.151 0.152 

  x2 0.679 0.669 0.000 0.446 0.014 0.461 

  x3 0.519 0.479 0.013 0.136 0.134 0.270 
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