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1 Mathematical description of the Brownian Bridge  

The movement model explained in the Material and Methods section of the main paper, simulates 

group-specific movements at hourly intervals. However, to make the animal trajectories generated 

from our model more realistic, we added Brownian motion to each of the line segments representing 

hourly steps. We substituted these line segments by a Brownian bridge using 6 endpoints (i.e., 10 min. 

intervals) for each set of consecutive point locations 𝒖. Let 𝜏𝑡0 = 𝑡 and 𝜏𝑡6 = 𝑡 + 1. Then a Brownian 

bridge starting at 𝑥𝑡 at time 𝜏𝑡0 and passing through point 𝑦𝑡 at time 𝜏𝑡6, 𝜏𝑡6  >  𝜏𝑡0, is given by: 

𝑊𝜏𝑡0, 𝑥𝑡
𝜏𝑡6,𝑦𝑡(𝜏𝑡) = 𝒙𝑡 +𝑊(𝜏𝑡 − 𝜏𝑡0) −

𝜏𝑡 − 𝜏𝑡0
𝜏𝑡6 − 𝜏𝑡0

⋅ (𝑊(𝜏𝑡6 − 𝜏𝑡0) − 𝒚𝑡 + 𝒙𝑡) 

And hence the resulting Wiener process at hour 𝑡 can be written as the vector 

𝑊𝜏𝑡0,𝑥𝑡
𝜏𝑡6,𝑦𝑡(𝜏𝑡) =  [𝒖𝑔𝜏𝑡0 , 𝒖𝑔𝜏𝑡1 , . . . , 𝒖𝑔𝜏𝑡6] 

 

2 Prior specification of hierarchical abundance models 

For all the hierarchical abundance models (HMs) considered in our simulation study, we chose vaguely 

informative priors for detection parameters 𝜃𝑑𝑒𝑡, i.e., 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 1), and a weakly informative 

𝐶𝑎𝑢𝑐ℎ𝑦(0, 10) prior for the site-abundance 𝜆. The Stan codes for each HM fitted in our study can be 

found online at https://github.com/MartijnUH/RWsim_abundance_models. These models were fitted 

using four parallel MCMC chains, with 2000 iterations, which included 1000 iterations that were 

discarded as burn-in iterations. In total our simulation study consisted of 900 different scenarios, for 

which we fit 40 models each (i.e., one for each simulation replicate). To make it computationally 

efficient to fit all these models, we used the high-performance computing (HPC) clusters provided by 

the VSC (Flemish Supercomputer Center). We ran our models in parallel using 8 threads, with 36 nodes 

https://github.com/MartijnUH/RWsim_abundance_models
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per thread. Moreover, we broke up the likelihood statement in partial sums and divided the 

calculations over 8 threads per chain using Stan’s reduce_sum built-in function.  

3 Predictive performance, goodness-of-fit and MCMC convergence 

To evaluate the predictive performance and the goodness-of-fit of competing HMs, we calculated 

respectively the leave-one-out expected log predictive density1 (LOO ELPD; Supplementary fig. S1), 

and Bayesian P-values2,3 (Supplementary fig. S2) in the generated quantities block of Stan. We derived 

the Bayesian P-values as follows: for each posterior sample, 𝑠 = 1, 2, . . . , 4000, we generated data 𝑦𝑖𝑗
(𝑠)

 

and retrieved expected values 𝐸𝑖𝑗
(𝑠)

, then calculated 

𝑇(𝑠) =∑∑
(𝑦𝑖𝑗

(𝑠)
− 𝐸𝑖𝑗

(𝑠)
)2

𝐸𝑖𝑗
(𝑠)

𝑗𝑖

 

The proportion of samples for which 𝑇(𝑠) exceeds the value of the same statistic, computed with actual 

data 𝑦𝑖𝑗  rather than 𝑦𝑖𝑗
(𝑠)

, is the Bayesian P-value 𝑃𝐵. Note that expected values 𝐸𝑖𝑗
(𝑠)

, needed to 

calculate 𝑇(𝑠), depend on the HM,  

𝐸𝑖𝑗
(𝑠) =

{
 
 

 
 1 − (1 − 𝑝(𝑠))

𝑁𝑖
(𝑠)

       𝑖𝑓   𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 − 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 𝑚𝑖𝑥𝑡𝑢𝑟𝑒 

𝑁𝑖
(𝑠)
⋅ 𝑝(𝑠)                     𝑖𝑓    𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 − 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 𝑚𝑖𝑥𝑡𝑢𝑟𝑒

𝑁𝑖
(𝑠) ⋅ 𝑝(𝑠)                     𝑖𝑓       𝑃𝑜𝑖𝑠𝑠𝑜𝑛 − 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 𝑚𝑖𝑥𝑡𝑢𝑟𝑒

 

Finally, we assessed the model convergence by the proportion of divergent chains (Supplementary fig. 

S3) and the 𝑅̂-statistic (Supplementary fig. S4), and the sampling efficiency in the bulk (Supplementary 

fig. S5) and tail (Supplementary fig. S6) of the posterior distribution by the effective sample size  

4 95% credible interval coverages and root mean square errors for 

model paramters 

In the main paper, we show the direction of bias and the proportion of simulations yielding a |relative 

bias| < 0.5 for estimated detection parameters 𝜃𝑑𝑒𝑡, abundances 𝜆, site use frequencies 𝜆𝑢𝑠𝑒, and 

trends in 𝜆 for all of the models. Here, we also show summary tables that display the 95% credible 
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interval (CI) coverages and root mean square errors for BernP, BP and PP models (Supplementary 

tables S1, S2 and S3). 

 

5 Supplemental tables 

Supplementary table S1. Summary table for estimator quality of detection parameters 𝜃𝑑𝑒𝑡 obtained 

from three Bayesian hierarchical models (BernP, BP, PP). Cells display the 95% CI coverage and the root 

mean square error based on forty simulation replicates (note that the highest CI coverages and lowest 

root mean square errors in each scenario are indicated in bold). 

   

 

 

 
 95% CI coverage Root mean square error 

HRA (km2) N 𝝆 BernP BP PP BernP BP PP 

0.65 

(closure) 

600 
0.7 0.00 2.50 0.00 0.16 0.04 0.27 

0.95 0.00 7.50 0.00 0.10 0.03 0.24 

300 
0.7 0.00 2.50 0.00 0.16 0.05 0.27 

0.95 0.00 12.50 0.00 0.10 0.03 0.24 

 

0.65  

600 
0.7 0.00 5.00 0.00 0.08 0.04 0.17 

0.95 0.00 27.50 0.00 0.07 0.03 0.18 

300 
0.7 0.00 17.50 0.00 0.09 0.04 0.19 

0.95 0.00 32.50 0.00 0.07 0.03 0.20 

 

2.61  

300 
0.7 0.00 32.50 0.00 0.05 0.02 0.11 

0.95 0.00 40.00 0.00 0.05 0.02 0.13 

150 
0.7 0.00 35.00 0.00 0.05 0.03 0.13 

0.95 0.00 47.50 2.50 0.05 0.02 0.15 

10.38 

150 
0.7 0.00 60.00 0.00 0.04 0.01 0.09 

0.95 0.00 77.50 0.00 0.04 0.01 0.09 

50 
0.7 0.00 67.50 0.00 0.05 0.02 0.11 

0.95 0.00 85.00 7.50 0.05 0.01 0.10 

41.58 

30 
0.7 0.00 70.00 0.00 0.04 0.01 0.08 

0.95 0.00 57.50 0.00 0.04 0.01 0.09 

10 
0.7 0.00 85.00 0.00 0.04 0.01 0.09 

0.95 0.00 77.50 2.50 0.05 0.01 0.12 

Median 0.00 37.50 0.00 0.05 0.02 0.13 
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Supplementary table S2. Summary table for estimator quality of  abundances 𝜆 obtained from three 

Bayesian hierarchical models (BernP, BP, PP). Cells display the 95% CI coverage and the root mean 

square error based on forty simulation replicates. 

   

 

 
  95% CI coverage Root mean square error 

HRA (km2) N 𝝆 BernP BP PP BernP BP PP 

0.65 

(closure) 

480 
0.7 0.00 0.00 5.00 1.83 10.22 1.30 

0.95 0.00 0.00 2.50 1.90 15.40 1.43 

240 
0.7 0.00 0.00 7.50 0.98 4.27 0.69 

0.95 2.50 0.00 7.50 1.01 7.98 0.74 

 

0.65  

480 
0.7 0.00 40.00 0.00 2.73 3.19 2.59 

0.95 0.00 30.00 0.00 2.86 8.91 2.76 

240 
0.7 0.00 47.50 0.00 1.39 2.41 1.34 

0.95 0.00 37.50 0.00 1.43 8.50 1.40 

 

2.61  

240 
0.7 5.00 7.50 7.50 0.90 6.09 0.83 

0.95 0.00 12.50 0.00 1.15 13.11 1.10 

120 
0.7 2.50 20.00 12.50 0.48 3.63 0.44 

0.95 0.00 25.00 5.00 0.58 7.88 0.72 

10.38 

120 
0.7 100.00 0.00 92.50 0.20 15.01 0.27 

0.95 20.00 2.50 45.00 0.39 11.26 0.39 

60 
0.7 92.50 2.50 85.00 0.12 9.62 0.15 

0.95 32.50 22.50 65.00 0.22 6.79 0.61 

41.58 

60 
0.7 17.50 0.00 17.50 0.76 17.48 0.74 

0.95 90.00 2.50 85.00 0.14 12.91 0.63 

30 
0.7 37.50 0.00 32.50 0.32 11.97 0.50 

0.95 82.50 7.50 82.50 0.12 8.64 0.64 

Median 2.50 5.00 7.50 0.83 8.78 0.73 
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Supplementary table S3. Summary table for estimator quality of site use frequencies 𝜆𝑢𝑠𝑒 obtained 

from three Bayesian hierarchical models (BernP, BP, PP). Cells display the 95% CI coverage and the root 

mean square error based on forty simulation replicates. 

   

 

 
  95% CI coverage Root mean square error 

HRA (km2) N 𝝆 BernP BP PP BernP BP PP 

0.65 

(closure) 

480 
0.7 0.00 0.00 5.00 1.83 10.22 1.30 

0.95 0.00 0.00 2.50 1.90 15.40 1.43 

240 
0.7 0.00 0.00 7.50 0.98 4.27 0.69 

0.95 2.50 0.00 7.50 1.01 7.98 0.74 

 

0.65  

480 
0.7 0.00 15.00 0.00 11.22 8.00 11.09 

0.95 0.00 30.00 0.00 11.35 8.05 11.26 

240 
0.7 0.00 25.00 0.00 5.65 3.90 5.59 

0.95 0.00 42.50 0.00 5.69 7.31 5.65 

 

2.61  

240 
0.7 0.00 42.50 0.00 11.54 6.69 11.46 

0.95 0.00 55.00 0.00 11.80 9.78 11.74 

120 
0.7 0.00 37.50 0.00 5.83 3.79 5.78 

0.95 0.00 55.00 2.50 5.93 5.69 5.84 

10.38 

120 
0.7 0.00 60.00 0.00 14.25 9.60 14.16 

0.95 0.00 80.00 0.00 14.70 6.92 14.58 

60 
0.7 0.00 67.50 0.00 7.22 6.04 7.17 

0.95 0.00 87.50 5.00 7.41 3.64 7.21 

41.58 

60 
0.7 0.00 72.50 0.00 18.77 10.11 18.73 

0.95 0.00 62.50 0.00 19.37 10.99 19.18 

30 
0.7 0.00 80.00 0.00 9.38 6.40 9.29 

0.95 0.00 82.50 2.50 9.61 5.04 9.44 

Median 0.00 48.75 0.00 8.40 7.12 8.25 
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6 Supplemental figures 

 

Supplementary figure S1. LOO for all combinations of model used (BernP, BP, PP), population size N 

(30, 60, 120, 240, 480), closure (closure, non-closure), movement parameters 𝜎 (150, 300, 600, 1200) 

and 𝜌 (0.7, 0.95), and the emerging home range area in km2 (0.65, 2.61, 10.38, 41.58). Dots and 

horizontal lines represent means and standard errors for LOO in each scenario, while the vertical 

dashed line indicates the average LOO overall. 
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Supplementary figure S2. Bayesian P-values 𝑃𝐵 for all combinations of model used (BernP, BP, PP), 

population size N (30, 60, 120, 240, 480), closure (closure, non-closure), movement parameters 𝜎 (150, 

300, 600, 1200) and 𝜌 (0.7, 0.95), and the emerging home range area in km2 (0.65, 2.61, 10.38, 41.58. 

 



8 
 

 

Supplementary figure S3. Proportion of MCMC chains that ended with a divergence for all 

combinations of model used (BernP, BP, PP), population size N (30, 60, 120, 240, 480), closure (closure, 

non-closure), movement parameters 𝜎 (150, 300, 600, 1200) and 𝜌 (0.7, 0.95), and the emerging home 

range area in km2 (0.65, 2.61, 10.38, 41.58). 
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Supplementary figure S4. 𝑅̂-statistic for all combinations of model used (BernP, BP, PP), population 

size N (30, 60, 120, 240, 480), closure (closure, non-closure), movement parameters 𝜎 (150, 300, 600, 

1200) and 𝜌 (0.7, 0.95), and the emerging home range area in km2 (0.65, 2.61, 10.38, 41.58). 
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Supplementary figure S5. ESS bulk for all combinations of model used (BernP, BP, PP), population size 

N (30, 60, 120, 240, 480), closure (closure, non-closure), movement parameters 𝜎 (150, 300, 600, 1200) 

and 𝜌 (0.7, 0.95), and the emerging home range area in km2 (0.65, 2.61, 10.38, 41.58). 
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Supplementary figure S6. ESS tail for all combinations of model used (BernP, BP, PP), population size 

N (30, 60, 120, 240, 480), closure (closure, non-closure), movement parameters 𝜎 (150, 300, 600, 1200) 

and 𝜌 (0.7, 0.95), and the emerging home range area in km2 (0.65, 2.61, 10.38, 41.58).  
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