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Appendix 1. Species and site data. 
 
Table A1. Species data. Species in grey writing were searched for but not 
recorded. 

Abbreviation                 Species Number of sites Number of 
thalli 

Col fas Collema fasciculare 0 0 
Col fla Collema flaccidum 7 1489 
Col fur Collema furfuraceum 3 397 
Col nig Collema nigrescens 2 16 
Col sub Collema subflaccidum 1 2 
Deg atl Degelia atlantica 5 356 
Deg plu Degelia plumbea 22 1603 
Fus ign Fuscopannaria ignobilis 0 0 
Fus med Fuscopannaria mediterranea 0 0 
Fus sam Fuscopannaria sampaiana 1 18 
Lep bur Leptogium burgessii 1 1 
Lep coc Leptogium cochleatum 0 0 
Lep cya Leptogium cyanescens 13 983 
Lep sat Leptogium saturninum 0 0 
Lob amp Lobaria amplissima 3 57 
Lob pul Lobaria pulmonaria 29 5652 
Lob scr Lobaria scrobiculata 34 4772 
Lob vir Lobaria virens 11 1747 
Nep lae Nephroma laevigatum 46 3132 
Nep par Nephroma parile 40 3875 
Nep res Nephroma resupinatum 0 0 
Pan con Pannaria conoplea 8 617 
Pan rub Pannaria rubiginosa 4 361 
Par tes Parmeliella testacea 0 0 
Par tri Parmeliella triptophylla 25 3431 
Pel col Peltigera collina 0 0 
Pse cro Pseudocyphellaria crocata 2 23 
Pse int Pseudocyphellaria intricata 0 0 
Pse nor Pseudocyphellaria norvegica 2 273 
Sti ful Sticta fuliginosa 7 2566 
Sti lim Sticta limbata 5 332 
Sti syl Sticta sylvatica 7 1047 

 

    
               

       



 
 
 
 
 
Table A2. Site data. Db is distance from border, and Do is distance to old sites. Age of old sites  
was set to 140 years. 
 

Site ID Site age Site area Habitat 
area  Db Do 

Number 
of Sum thalli 

  (yrs)  (hectare) (m2) (km) (km) species   
2 140 6.07 468 1 2 11 464 
4 65 0.01 52 3.8 3.3 1 2 
5 65 0.02 32 3.7 2.9 0 0 
6 50 0.06 111 3.6 2.9 0 0 
7 65 1.08 302 3.4 3 7 465 
8 65 0.68 401 3.3 3.1 3 99 
9 65 1.81 727 3.6 3.2 4 245 
11 90 0.06 3 2.6 2.3 4 956 
12 55 0.08 100 3.1 3.6 2 20 
13 30 0.02 27 2.1 4.1 0 0 
14 35 0.05 44 2.3 2.6 0 0 
15 95 0.06 64 1.7 3.3 0 0 
16 65 0.06 204 2.6 3.5 1 1 
18 65 0.37 244 2.6 3 4 247 
20 65 0.02 71 7.6 1.3 0 0 
21 40 0.1 21 7.7 1.1 0 0 
22 40 0.08 12 3.9 3.1 0 0 
23 60 0.05 71 5.6 1.3 1 11 
24 45 0.16 60 5 0.5 0 0 
25 45 0.2 77 4.8 0.3 0 0 
26 140 0.72 273 4.5 0.6 12 590 
27 100 0.53 184 7.6 0.4 5 138 
28 140 1.32 149 7.9 2 6 419 
29 65 0.2 112 7.1 1 1 24 
30 80 0.1 114 4 0.5 6 86 
31 70 0.08 56 5.2 0.4 0 0 
32 80 0.7 223 1.5 0.8 0 0 
33 115 1.08 444 1.3 0.7 0 0 
34 140 3.87 887 1.1 2 16 3142 
35 40 0.02 29 1 0.7 1 1 
36 60 2.12 307 1.5 0.4 5 684 
37 95 0.14 65 7.9 0.8 3 179 
38 50 0.04 64 5.2 2.9 0 0 

 



39 120 0.04 178 5.1 1.1 5 142 
40 65 0.14 104 6 2.6 2 86 
41 140 12 1674 2.8 2.1 13 2871 
42 60 0.44 128 2.5 4.7 6 2036 
43 65 0.4 646 5.4 4 4 705 
44 65 0.1 84 5.8 3.7 1 2 
45 100 0.62 373 6.4 3 3 377 
46 75 0.76 409 4.6 2.5 2 24 
47 105 1.99 595 3.7 2.6 7 420 
48 75 0.05 149 2.7 3.3 0 0 
49 90 0.69 134 4.2 4.3 6 17 
50 100 1.57 581 4.4 3.9 6 543 
51 80 0.05 98 2.6 6.1 3 5 
52 140 0.15 67 7.3 0.9 5 61 
53 55 0.05 50 2.4 5.7 2 20 
54 75 0.13 227 2.9 5.2 1 2 
55 85 0.2 59 2.9 5.2 3 203 
56 70 0.3 248 2 6.5 2 4 
57 55 0.2 203 6.9 1.8 1 616 
58 80 0.01 15 1 5.8 2 260 
60 95 0.01 88 4.5 3.4 1 21 
61 65 0.14 107 7.4 1.3 0 0 
62 75 0.01 29 4.2 1.9 0 0 
63 110 0.01 14 6.8 1.6 3 89 
64 140 0.03 25 5.4 1.3 3 79 
65 140 0.01 3 4.5 0.6 3 65 
66 60 0.04 160 6.5 0.3 0 0 
67 80 1.44 492 7.6 0.7 7 1142 
68 140 0.17 248 6.8 0.9 8 1101 
69 140 4 1203 1.7 1.7 12 3423 
70 60 1.44 334 2.1 0.5 5 215 
71 40 0.01 9 2.5 0.8 0 0 
72 140 3.68 804 3.3 1.7 20 6911 
73 60 2.57 311 1.5 0.7 0 0 
74 55 0.03 113 1.9 1.2 0 0 
75 60 0.12 286 1.3 1.3 3 39 
76 40 0.02 51 7.2 0.7 1 27 
77 65 0.08 53 5.8 3 1 14 
78 85 0.02 35 5.9 2.9 3 93 
79 65 0.11 60 6.1 2.7 0 0 
80 50 0.08 20 6.1 2.6 0 0 
81 80 0.54 270 5.2 3.9 3 141 
82 70 0.01 42 5.6 3.6 1 48 



83 70 0.3 54 5.7 2.9 1 194 
84 75 0.09 41 5.4 3.7 1 5 
85 70 0.2 96 3.5 4.4 3 235 
86 85 0.02 88 3 4.5 4 126 
87 85 3.48 365 2.7 4.6 6 1452 
88 55 0.2 248 7.6 1 0 0 
89 55 0.05 118 4.5 0.6 0 0 
90 55 0.18 68 1.8 5.7 3 108 
91 50 0.01 28 6.1 1.8 2 61 
92 50 0.39 67 5.8 2.1 2 30 
93 80 0.24 177 4 1.7 5 158 
94 65 0.9 120 3.1 1.8 3 273 
95 45 0.04 57 1.9 1 0 0 
96 120 0.36 49 4 4 1 25 
97 75 0.04 65 5.1 3 0 0 
121 75 0.13 98 4 4.3 0 0 
126 75 0.12 94 3 5 5 508 
127 55 0.02 22 3.8 4.5 0 0 

 
 
 
        

        
        
        
        
        
        
        
        
        
        
        
        
        

	
   	
  



Appendix 2. Modelling and calculating propagule pressure PP. 

The propagule pressure from a given source at a given distance is a function of the number of 

thalli th in the source population (the propagule emission assumed to be proportional to the 

number of recorded thalli), and the distance from the source. For the calculation of propagule 

pressure we need the proportion of propagules that reaches at least the distance r from the source 

j. The overall propagule pressure at a point in geographical space will be the sum of components 

from all sources. Hence, we obtain the function for overall propagule pressure PP at a target site 

i: 

PP!,! = th! 1− 2!!"dr!!
! 2!!"dr!

!
!!

2πr!
!!!

!!!                 

where the propagule pressure PP for the i’th site in i = 1, …, n sites, is the sum across all sites j = 

1, …, n, and j ≠ i. The number of thalli, thj, multiplied by the integrand over the domain rj, i.e. the 

distance from source j to target i, divided by the perimeter at distance rj.  Fortunately, the 

equation above simplifies into: 

PP!,! = th! 2!!!! 2πr!
!!!

!                                                                           

where 2!!!! is the proportion that reaches a perimeter of a circle of radius rj. The propagule 

pressure is then calculated for every site and for each of the four halving distances (10m, 100m, 

1000m and infinite), and subsequently used as predictor variable (Prediction B2) in analyses of 

the probability of a target species occurring at the site. 

  









Appendix 4. Statistical results from the generalized linear mixed model analyses. 

 

Fig. A5. The effect of site variables on the distribution of single lichen species and species 

richness within the study area, using generalized linear mixed models and Bayesian inference. 



Horizontal bars (posterior density distribution) show the effect of individual variables, with 

vertical lines and dots representing the range of highest posterior density (HPD) of 95% and 99%, 

respectively. A = site area, T = site age, Db = distance from border of study area, Do = distance 

from old site, PP = potential propagule pressure, and w denotes wind-adjusted variables.  

 

Table A3.  Summary statistics of variables with a probability of supporting the various 

hypotheses exceeding 0.975 (Table 2), and range and field variance of the Gaussian Markov 

Random Field. Model = terms included into the specific model. DIC = Deviance Information 

Criterion. Range = distance (km) until the correlation has dropped to 0.1. Field variance = the 

variability associated with the random field. 

Response	
   Model	
   DIC	
   Range	
   Field	
  
variance	
  

Collema	
  flaccidum	
   Intercept	
   51.8	
  
	
   	
  

	
  
GMRF	
   INF	
   8.01	
   73.729	
  

	
  
PP	
   44.8	
  

	
   	
  	
  	
   PP+GMRF	
   INF	
   5.02	
   675.130	
  
Degelia	
  plumbea	
   Intercept	
   104.3	
  

	
   	
  
	
  

GMRF	
   104.6	
   8.23	
   <0.001	
  

	
  
A+T	
   83.5	
  

	
   	
  
	
  

A+T+GMRF	
   83.4	
   13.24	
   0.002	
  
	
   A+T+PPw	
   80.9	
   	
   	
  
	
   A+T+PPw+GMRF	
   81.2	
   6.14	
   <0.001	
  

	
  
A+T+Dbw	
   81.5	
  

	
   	
  	
  	
   A+T+Dbw+GMRF	
   82.5	
   2.61	
   0.009	
  
Leptogium	
  cyanescens	
   Intercept	
   77.5	
  

	
   	
  
	
  

GMRF	
   77.8	
   16.45	
   0.873	
  

	
  
A	
   70.8	
  

	
   	
  	
  	
   A+GMRF	
   71.1	
   16.82	
   0.671	
  
Lobaria	
  pulmonaria	
   Intercept	
   118.2	
  

	
   	
  
	
  

GMRF	
   115	
   11.58	
   1.21	
  

	
  
T	
   86.8	
  

	
   	
  
	
  

T+GMRF	
   74.9	
   44.01	
   9.248	
  



	
  
T+PP	
   83.1	
  

	
   	
  	
  	
   T+PP+GMRF	
   76.8	
   42.46	
   7.79	
  
Lobaria	
  scrobiculata	
   Intercept	
   125	
  

	
   	
  
	
  

GMRF	
   126	
   2.80	
   0.064	
  

	
  
A+T	
   81.1	
  

	
   	
  
	
  

A+T+GMRF	
   81.4	
   4.57	
   1.994	
  

	
  
A+T+Db	
   78.6	
  

	
   	
  	
  	
   A+T+Db+GMRF	
   79.5	
   2.77	
   2.693	
  
Lobaria	
  virens	
   Intercept	
   69.8	
  

	
   	
  
	
  

GMRF	
   70.4	
   6.81	
   0.004	
  

	
  
A+T	
   37.0	
  

	
   	
  	
  	
   A+T+GMRF	
   36.3	
   5.99	
   <0.001	
  
Nephroma	
  laevigata	
   Intercept	
   132.3	
  

	
   	
  
	
  

GMRF	
   131.5	
   1.97	
   1.884	
  

	
  
A	
   117.2	
  

	
   	
  	
  	
   A+GMRF	
   117.6	
   2.00	
   2.025	
  
Nephroma	
  parile	
   Intercept	
   130.2	
  

	
   	
  
	
  

GMRF	
   131.1	
   4.18	
   0.376	
  

	
  
A+T	
   112.1	
  

	
   	
  	
  	
   A+T+GMRF	
   113.8	
   3.54	
   2.437	
  
Pannaria	
  conoplea	
   Intercept	
   56.7	
  

	
   	
  
	
  

GMRF	
   56.6	
   28.81	
   2.949	
  

	
  
T	
   33.5	
  

	
   	
  	
   T+GMRF	
   31.2	
   28.19	
   15.81	
  
	
   T+Db	
   32.1	
   	
   	
  
	
  	
   T+Db+GMRF	
   INF	
   	
   	
  
Parmeliella	
  triptophylla	
   Intercept	
   110.9	
  

	
   	
  
	
  

GMRF	
   110.6	
   31.97	
   1.478	
  

	
  
A	
   91.6	
  

	
   	
  	
  	
   A+GMRF	
   92.1	
   2.32	
   <0.001	
  
Sticta	
  fuliginosa	
   Intercept	
   51.8	
  

	
   	
  
	
  

GMRF	
   52.1	
   25.57	
   0.002	
  

	
  
T	
   29.4	
  

	
   	
  	
  	
   T+GMRF	
   INF	
   	
   	
  
Sticta	
  sylvatica	
   Intercept	
   51.8	
  

	
   	
  
	
  

GMRF	
   51.7	
   13.92	
   3.315	
  

	
  
A	
   35.6	
  

	
   	
  	
  	
   A+GMRF	
   35.6	
   1.37	
   <0.001	
  
Richness	
   Intercept	
   574.7	
  

	
   	
  
	
  

GMRF	
   373.8	
   0.92	
   2.048	
  

	
  
A+T	
   361.65	
  

	
   	
  	
  	
   A+T+GMRF	
   347.77	
   1.51	
   0.222	
  



T = Age of site, A = habitat area of site, Db = distance from border, Dbw = wind-adjusted 

distance from border, PP = potential propagule pressure, PPw = wind-adjusted potential 

propagule pressure, GMRF = Gaussian Markov Random Field.  (INF = are additions of GMRF 

associated with uncertain estimation of the spatial field). 

 

 

  



Appendix 5. Interpretation of the GMRF for species where distance-related 
predictor variables showed a significant contribution.   

 

Collema flaccidum colonization is clearly associated with high Propagule Pressure (PP) (Table 
A3). There is also a strong field described by the GMRF (Fig. A6C), although there are 
uncertainties associated with the field (Fig. A6D). These uncertainties are reinforced when 
conducting a joint estimation of PP and GMRF (Table A3), and the remaining GMRF becomes a 
flat field with some extreme peaks.  

Degelia plumbea is influenced by the distance from border (Dbw) or Propagule Pressure (PPw), 
both wind adjusted (Table 2). We did not find any additional dependency structures in the data. 
Before accounting for Dbw and PPw, the GMRF indicated an increased southern distributional 
tendency (Fig A6g).  However, the tendency is associated with a high uncertainty (Fig. A6h). 

Lobaria pulmonaria is influenced by PP after accounting for T (Table 2). The broad scaled 
pattern revealed by the GMRF (Fig. A7c) after adjusting for T, indicates a western affinity, 
although weak (Fig. A7d). When PP is included we find that DIC increases from 74.9 to 76.8 
(Table A3). This indicates that the variability explained by PP is mainly intensifying the general 
western affinity in the data.  

 

 

 

 

 

 



 

Fig. A6. Spatial patterns in colonization probability of Collema flaccidum and Degelia plumbea 
after accounting for site area and age. The figures show the posterior distribution of the range (A 
and E) and the field variance (B and F), with the realized heat map for the Gaussian Markov 
Random Field by a Matérn covariance (C and G), with pointwise standard deviation (D and H).  



 

Fig. A7. Spatial patterns in colonization probability of Lobaria pulmonaria after accounting for 
site area and age. The posterior distribution of the range (A) and the field variance (B), with the 
realized heat map for the Gaussian Markov Random Field by a Matérn covariance (C), with 
pointwise standard deviation (D).  

  



Appendix 6. The R codes used for the analyses of individual lichen species, with calculation of 
propagule pressure and Bayesian inference by INLA. The example is for Lobaria pulmonaria, 
and small adjustments will appear for other species, depending on the choice of propagule 
pressure model. # marks comments in italic to distinguish from code. 

 

library(INLA) 

library(fields) 

library(splancs) 

data.df<-read.table(paste("data",data.files[2],sep="/"),sep=";",header=T) #import data 

bord.df<-read.table(paste("data",data.files[1],sep="/"),sep=";",header=T) #import border of study 

y <- data1.df$Lobapulm #For the species Lobaria pulmonaria 

 

############################ 

#Calculating the Propagule Pressure PP 

############################ 

#Without wind adjustment 

######################## 

#Geographical coordinates 

xz<-cbind(x=data1.df$EW.koordinat,z=data1.df$NS.koordinat)*100 #coordinates; metric units 

wf <- diag(2) #without wind adjustment 

xz <- xz%*%wf 

 

#Geographical distances 

xd1 <- as.matrix(dist(xz,diag=T,upper=T)) 

diag(xd1) <- 1  

xdm <- 1/(2*pi*xd1) # The inverse circumference of a circle with radius r  



xdm1 <- xdm; diag(xdm1) <- 0  #By diag(.)=0 we omit the propagule produced at target site 

##Proportion of propagules that passes through each site, summed for all sources. 

#Without loss of propagules, i.e. h=0 

xdmy1 <- (apply(cbind(1:dim(xd1)[1]),1,function(v)sum(((1*y)*xdm1[,v]))))  

#With loss of propagules as a function of distance following the exponential kernel 

#h=0.1, i.e. halving distance of 10 meters 

xdmy4 <- (apply(cbind(1:dim(xd1)[1]),1,function(v)sum(((1*y)*(2^(-0.1*xd1[,v]))*xdm1[,v]))))  

#h=0.01, i.e. halving distance of 100 meters 

xdmy3 <- (apply(cbind(1:dim(xd1)[1]),1,function(v)sum(((1*y)*(2^(-
0.01*xd1[,v]))*xdm1[,v]))))  

#h=0.001, i.e. halving distance of 1000 meters 

xdmy2 <- (apply(cbind(1:dim(xd1)[1]),1,function(v)sum(((1*y)*(2^(-
0.001*xd1[,v]))*xdm1[,v]))))  

 

#Scaling PP’s to zero mean unit variance 

PPa <- (xdmy1-mean(xdmy1))/sd(xdmy1) 

PPb <- (xdmy2-mean(xdmy2))/sd(xdmy2)  

PPc <- (xdmy3-mean(xdmy3))/sd(xdmy3)  

PPd <- (xdmy4-mean(xdmy4))/sd(xdmy4)  

 

#The Propagule Pressure (PP)  

prowf1.df <- data.frame(PPa,PPb,PPc,PPd)  

 

############## 

#Wind-adjusted Propagule pressure (PPw) 

############## 



#Geographical coordinates 

xz<-cbind(x=data1.df$EW.koordinat,z=data1.df$NS.koordinat)*100 #coordinates; metric units 

wf<- diag(c(3,1)) #wind adjustment factor 

xz <- xz%*%wf #adjusted coordinates 

 

#Geographical distances 

xd1 <- as.matrix(dist(xz,diag=T,upper=T)) #Geographical distances in adjusted space 

diag(xd1) <- 1 

xdm <- 1/(2*pi*xd1) #The proportion of a circle perimeter with radius r in adjusted space 

xdm1 <- xdm; diag(xdm1) <- 0 #To omit propagules produced at the target site. 

#The proportion of propagules that passes through each observation from all directions 

#Without loss of propagules 

xdmy1 <- (apply(cbind(1:dim(xd1)[1]),1,function(v)sum(((1*y)*xdm1[,v])))) #h=0  

#With loss of propagules as a function of distance, following the exponential kernel 

#h=0.1; halving distance of 10 units in wind-adjusted space  

xdmy4 <- (apply(cbind(1:dim(xd1)[1]),1,function(v)sum(((1*y)*(2^(-0.1*xd1[,v]))*xdm1[,v]))))  

#h=0.01; havfing distance of 100 units in wind-adjusted space  

xdmy3 <- (apply(cbind(1:dim(xd1)[1]),1,function(v)sum(((1*y)*(2^(-
0.01*xd1[,v]))*xdm1[,v]))))  

#h=0.001; halving distance of 1000 units in wind-adjusted space  

xdmy2 <- (apply(cbind(1:dim(xd1)[1]),1,function(v)sum(((1*y)*(2^(-
0.001*xd1[,v]))*xdm1[,v]))))  

 

#Scaling of PPw to zero mean unit variance 

PPwa <- (xdmy1-mean(xdmy1))/sd(xdmy1) 

PPwb <- (xdmy2-mean(xdmy2))/sd(xdmy2)  



PPwc <- (xdmy3-mean(xdmy3))/sd(xdmy3)  

PPwd <- (xdmy4-mean(xdmy4))/sd(xdmy4)  

 

#The PPw 

prowf77.df <- data.frame(PPwa,PPwb,PPwc,PPwd)  

 

#expanded data frame for the Bayesian inference 

data1.df <- data.frame(data1.df,prowf1.df,prowf77.df,y) 

################ 

  



 

#################### 

#The Bayesian inference 

#################### 

 

data1.df<-data1.df #data obtained from the PP calculation  

#Coordinates at 1K scale relative to the south-western corner of the study area 

xy<-cbind(x=data1.df$EW.koordinat-min(data1.df$EW.koordinat),z=data1.df$NS.koordinat-
min(data1.df$NS.koordinat))/10  

 

#The dataset for the Bayesian inference 

data2.df<-
data.frame(y=as.numeric(data1.df$y>0),east=scale(xy[,1]),north=scale(xy[,2]),Time=scale(data1.
df$Alder),Area=scale(log(data1.df$BarkBergm2,2)),Do=scale(log(data1.df$d1x,2)),Dow=scale(l
og(data1.df$d1xw,2)),Db=scale(log(data1.df$d13,2)),Dbw=scale(log(data1.df$d13w,2)),PPa=dat
a1.df$PPa,PPb=data1.df$PPb,PPc=data1.df$PPc,PPd=data1.df$PPd,PPwa=data1.df$PPwa,PPwb
=data1.df$PPwb,PPwc=data1.df$PPwc,PPwd=data1.df$PPwd,idd=1:length(data1.df$x77d)) 

 

#Preparing the data for the Bayesian inference, both with and without Gaussian Markov 
#Random Field 

#Create and plot the mesh where the GMRF will be evaluated: 

plot(xy,col="red",asp=1,ylim=c(-3,18),xlim=c(-3,18)) #The observations plotted at 1K scale 

mesh<-inla.mesh.create.helper(as.matrix(xy),max.edge=c(100,200))  

plot(mesh,add=T) 

 

# A is a weight matrix between observations and mesh points (vertices) 

A<-inla.spde.make.A(mesh,loc=as.matrix(xy))  



#Creating a spde (stochastic partial differential equation) model object for Matern correlation 
#across the mesh 

spde<-inla.spde2.matern(mesh,alpha=2)  

 

#Creating an index for the objects 

mesh.index<-inla.spde.make.index(name="field",n.spde=spde$n.spde)  

 

#Stacking the data for the analyses 

st.est<-inla.stack(data=list(y=data2.df$y), 

                   A=list(A,1), 

                   effects= 

                     list(c(mesh.index,list(intercept=1)), 

                          list(data2.df[,-1])), 

                   tag="est") 

 

#The analyses as they produce results for main text and appendices 

#Backgroundmodel 

formula<-y~-1+intercept+Time+Area#+f(field,model=spde) 

formula1<-y~-1+intercept+Time#+f(field,model=spde) 

 

inla.result<-inla(formula, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 



inla.result$summary.fixed 

 

inla1.result<-inla(formula1, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

inla1.result$summary.fixed 

 

#Extracting the posterior distribution, and the 95% and 99% credibility intervals 

a<-inla.tmarginal(function(x)x,inla.result$marginals.fixed$Area) 

a1<-inla.tmarginal(function(x)x,inla1.result$marginals.fixed$Time) 

hpda<-inla.hpdmarginal(0.95,inla.result$marginals.fixed$Area) 

hpda1<-inla.hpdmarginal(0.95,inla1.result$marginals.fixed$Time) 

hpdb<-inla.hpdmarginal(0.99,inla.result$marginals.fixed$Area) 

hpdb1<-inla.hpdmarginal(0.99,inla1.result$marginals.fixed$Time) 

 

#Extracting the probability of the coefficient being negative 

ta<-inla.pmarginal(0,inla.result$marginals.fixed$Area) 

ta1<-inla.pmarginal(0,inla1.result$marginals.fixed$Time) 

 

 

#Describe the various models, without the effect of area 

formula3<-y~-1+intercept+Time+Db #Distance from border 

formula4<-y~-1+intercept+Time+Dbw #Distance from border wind-adjusted 



formula5<-y~-1+intercept+Time+Do #Distance from old 

formula6<-y~-1+intercept+Time+Dow #Distance from old, wind- adjusted 

 

#Adding nearest border 

inla.result<-inla(formula3, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

a3<-inla.tmarginal(function(x)x,inla.result$marginals.fixed$Db) 

hpda3<-inla.hpdmarginal(0.95,inla.result$marginals.fixed$Db) 

hpdb3<-inla.hpdmarginal(0.99,inla.result$marginals.fixed$Db) 

ta3<-inla.pmarginal(0,inla.result$marginals.fixed$Db) 

 

inla.result<-inla(formula4, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

hpda4<-inla.hpdmarginal(0.95,inla.result$marginals.fixed$Dbw) 

hpdb4<-inla.hpdmarginal(0.99,inla.result$marginals.fixed$Dbw) 

a4<-inla.tmarginal(function(x)x,inla.result$marginals.fixed$Dbw) 

ta4<-inla.pmarginal(0,inla.result$marginals.fixed$Dbw) 

 

#Adding nearest old site 



inla.result<-inla(formula5, 

           data=inla.stack.data(st.est,spde=spde), 

           family="binomial",Ntrials=1,  

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

a5<-inla.tmarginal(function(x)x,inla.result$marginals.fixed$Do) 

hpda5<-inla.hpdmarginal(0.95,inla.result$marginals.fixed$Do) 

hpdb5<-inla.hpdmarginal(0.99,inla.result$marginals.fixed$Do) 

ta5<-inla.pmarginal(0,inla.result$marginals.fixed$Do) 

 

inla.result<-inla(formula6, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

a6<-inla.tmarginal(function(x)x,inla.result$marginals.fixed$Dow) 

hpda6<-inla.hpdmarginal(0.95,inla.result$marginals.fixed$Dow) 

hpdb6<-inla.hpdmarginal(0.99,inla.result$marginals.fixed$Dow) 

ta6<-inla.pmarginal(0,inla.result$marginals.fixed$Dow) 

 

#Calculating PP 

#PP; select between PPa, PPb, PPc, PPd (h = 0, 0.1, 0.01, and 0,001, respectively) 

formula7<-y~-1+intercept+Time+PPa 

 

 



inla.result<-inla(formula7, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

inla.result$dic$dic 

a7<-inla.tmarginal(function(x)x,inla.result$marginals.fixed$PPa) 

hpda7<-inla.hpdmarginal(0.95,inla.result$marginals.fixed$PPa) 

hpdb7<-inla.hpdmarginal(0.99,inla.result$marginals.fixed$PPa) 

ta7<-inla.pmarginal(0,inla.result$marginals.fixed$PPa) 

 

#PPw; selects between PPwa, PPwb, PPwc, PPwd (h = 0, 0.1, 0.01, and 0,001, respectively) 

formula8<-y~-1+intercept+Time+PPwa 

inla.result<-inla(formula8, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

inla.result$dic$dic 

a8<-inla.tmarginal(function(x)x,inla.result$marginals.fixed$PPwa) #Posterior distribution 

hpda8<-inla.hpdmarginal(0.95,inla.result$marginals.fixed$PPwa) #95% credibility interval 

hpdb8<-inla.hpdmarginal(0.99,inla.result$marginals.fixed$PPwa) #99% credibility interval 

ta8<-inla.pmarginal(0,inla.result$marginals.fixed$PPwa) #Probability of a negative coefficient 

 

 



#The probabilities of negative effects, i.e. the results that goes into Table 2 for Lobaria 
pulmonaria 

write.table(rbind(ta,ta1,ta3,ta4,ta5,ta6,ta7,ta8),"Table2Lobapulm.csv",sep=";") 

 

################################################ 

#Figure 5 Main text 

################################################ 

par(mfrow=c(1,1)) 

spnam<-c("Lobaria pulmonaria") 

nam<-c("A","T","Db","Dbw","Do","Dow","PP","PPw") 

 

plot(a[,1],rep(8,length(a[,1])),pch=18,col=gray(1+-
ifelse(abs(sum(sign(hpdb)))>0,1,1)*(a[,2]/max(a[,2]))),xlim=c(-
2,4),ylim=c(1,8),frame=F,xlab=spnam,yaxt="n",ylab="") 

points(a1[,1],rep(7,length(a1[,1])),pch=18,col=gray(1+-
ifelse(abs(sum(sign(hpdb1)))>0,1,1)*(a1[,2]/max(a1[,2])))) 

abline(v=0,lty=2) 

points(hpda,rep(8,2),pch="|") 

points(hpda1,rep(7,2),pch="|") 

points(hpdb,rep(8,2),pch=16) 

points(hpdb1,rep(7,2),pch=16) 

 

points(a3[,1],rep(6,length(a3[,1])),pch=18,col=gray(1+-
ifelse(abs(sum(sign(hpdb3)))>0,1,1)*(a3[,2]/max(a3[,2])))) 

points(a4[,1],rep(5,length(a4[,1])),pch=18,col=gray(1+-
ifelse(abs(sum(sign(hpdb4)))>0,1,1)*(a4[,2]/max(a4[,2])))) 

points(hpda3,rep(6,2),pch="|") 



points(hpda4,rep(5,2),pch="|") 

points(hpdb3,rep(6,2),pch=16) 

points(hpdb4,rep(5,2),pch=16) 

 

points(a5[,1],rep(4,length(a5[,1])),pch=18,col=gray(1+-
ifelse(abs(sum(sign(hpdb5)))>0,1,1)*(a5[,2]/max(a5[,2])))) 

points(a6[,1],rep(3,length(a6[,1])),pch=18,col=gray(1+-
ifelse(abs(sum(sign(hpdb5)))>0,1,1)*(a5[,2]/max(a5[,2])))) 

points(hpda5,rep(4,2),pch="|") 

points(hpda6,rep(3,2),pch="|") 

points(hpdb5,rep(4,2),pch=16) 

points(hpdb6,rep(3,2),pch=16) 

 

points(a7[,1],rep(2,length(a7[,1])),pch=18,col=gray(1+-
ifelse(abs(sum(sign(hpdb7)))>0,1,1)*(a7[,2]/max(a7[,2])))) 

points(hpda7,rep(2,2),pch="|") 

points(hpdb7,rep(2,2),pch=16) 

 

points(a8[,1],rep(1,length(a8[,1])),pch=18,col=gray(1+-
ifelse(abs(sum(sign(hpdb8)))>0,1,1)*(a8[,2]/max(a8[,2])))) 

points(hpda8,rep(1,2),pch="|") 

points(hpdb8,rep(1,2),pch=16) 

text(-2,8:1,label=nam) 

################### 

 

 

 



 

############ 

#The analyses of the spatial field; results that goes into Appendix Table A3 

############ 

formula<-y~-1+intercept 

formula<-y~-1+intercept+f(field,model=spde) 

formula<-y~-1+intercept+Time 

formula<-y~-1+intercept+Time+f(field,model=spde) 

formula<-y~-1+intercept+Time+PPa#+f(field,model=spde) 

formula<-y~-1+intercept+Time+PPa+f(field,model=spde) 

 

inla.result<-inla(formula, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

inla.result$dic$dic 

summary(inla.result) 

 

result<-inla.spde2.result(inla.result,"field",spde,do.transf=TRUE) 

inla.emarginal(function(x)x,result$marginals.range.nominal[[1]]) #The expected range 

inla.emarginal(function(x)x,result$marginals.variance.nominal[[1]]) #The expected field variance 

 

 

 



 

############### 

#Plot for Appendix Fig.A7 

############### 

formula<-y~-1+intercept+Time+f(field,model=spde) 

inla.result<-inla(formula, 

            data=inla.stack.data(st.est,spde=spde), 

            family="binomial",Ntrials=1, 

 control.predictor=list(A=inla.stack.A(st.est),compute=TRUE), 

 control.compute=list(dic=T)) 

 

result<-inla.spde2.result(inla.result,"field",spde,do.transf=TRUE) 

#Panel of marginal posterior distribution of range and field variance 

par(mfrow=c(2,2)) 

plot(result[["marginals.range.nominal"]][[1]],main="Nominal range, posterior 
density",type="l",xlim=c(0,100)) 

plot(result[["marginals.variance.nominal"]][[1]],main="Nominal variance, posterior 
density",type="l") 

#Panels for the field and the standard deviation 

proj<-inla.mesh.projector(mesh,dims=c(100,100)) #Projector from mesh to regular grid 

in.o<-inout(proj$lattice$loc,bord.df) #The plot area 

random.mean<-inla.result$summary.random$field$mean #The field as part of the linear 
predictor 

tt<-inla.mesh.project(proj,random.mean) #The field projected onto the regular grid 

tt[!in.o]<-NA #Points outside the border = NA 

random.sd<-inla.result$summary.random$field$sd #The standard deviation of the field 



tsd<-inla.mesh.project(proj,random.sd) #Standard deviation projected onto the regular grid 

tsd[!in.o]<-NA #Points outside border = NA 

 

image.plot(proj$x,proj$y,tt,asp=T,ylab="Northing",xlab="Easting",main="Field") 

image.plot(proj$x,proj$y,tsd,asp=T,ylab="Northing",xlab="Easting",main="SD") 


