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Abstract 25 

The study of stopover sites has received a lot of attention in avian ecology, being especially 26 

important for many long-distance migrants, some of which have to pause several times during 27 

migration. The survival of many migratory birds depends primarily on food availability at these 28 

stopovers. However, previous studies show that there is a lack of knowledge about site selection 29 

where migratory birds stop to refuel energy stores. In the present study, a Bayesian expert system 30 

has been used to incorporate environmental parameters, to determine their relationship with the 31 

presence of barnacle geese at stopover sites. Data on stopover sites was obtained from satellite-32 

tracked barnacle geese (Branta leucopsis) for three different breeding populations in the Western 33 

Palearctic (i.e. Russian, Svalbard and Greenland). The results from the present study showed that 34 

the posterior probability of presence at the stopover sites obtained from the Bayesian model was 35 

close to one. Therefore, the Bayesian expert system detected the stopover sites of the geese 36 

correctly and can be used as a proper method for modelling the presence of barnacle geese at the 37 

stopover sites in the future. This study introduces a new method into movement ecology to 38 

identify and predict the importance of different environmental parameters for stopover site 39 

selection by migratory geese. This is particularly important from both a conservation and an 40 

agro-economic point of view with the goal of reducing possible conflicts between geese and 41 

agricultural interests.  42 

Keywords: Foraging habitat, GPS locations, human disturbance, roosting areas, site safety 43 
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1. Introduction 50 

Stopovers are places along a migration route where birds mostly rest and forage to replenish 51 

energy reserves before continuing their journeys (Newton, 2008). Having such breaks during 52 

migration is especially important for Arctic-nesting geese as many of them are partial capital 53 

breeders and may bring body stores to the breeding grounds, in order to survive initial adverse 54 

conditions and produce a clutch of eggs soon after arrival (Gauthier et al., 2003). However, there 55 

is a lack of knowledge about the selection of these sites, where birds choose to stop and forage 56 

(Newton, 2008). 57 

Habitat selection is greatly influenced by a variety of environmental parameters, which includes 58 

food availability and the costs related to predation or disturbance risks, e.g. from farmers, as well 59 

as inter- and intra-specific competition (Chudzińska et al., 2015). Since, herbivore species follow 60 

peaks in the availability of high-quality forage, it is presumed that variation in this resource 61 

drives annual migration (Owen, 1980; Shariatinajafabadi et al., 2014; van der Graaf et al., 2006). 62 

Sites selected by the geese were generally located in a lowland region and far from woodland 63 

edges, possibly to minimize predation risk (Jankowiak et al., 2008; Roder et al., 2008; Rosin et 64 

al., 2012). Moreover, geese prefer large fields that are remote from human settlements (Rosin et 65 

al., 2012). The negative impact of human settlements on foraging sites has been attributed by 66 

farmers, domestic dogs, foxes, traffic volumes and windfarms (for more information see Jensen 67 

et al., 2008; Keller, 1991; Langston, 2013; Rosin et al., 2012)  68 

Lakes and coastal waters are usually used by geese as roosting and daily resting sites during 69 

migration (Rosin et al., 2012). Distance to open water (i.e. sea or lakes) is related to energy 70 

expenditure as geese must use additional energy to move from a roosting site to a distant 71 

foraging site. It is also shown in studies that goose occurrence declined significantly with the 72 
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increase in distance from feeding sites to open water (Jensen et al., 2008). Therefore, geese 73 

primarily use fields that are closer to roosting sites (e.g. Jensen et al., 2008).   74 

It is seen that effective conservation and management of migratory birds, requires species 75 

distributional data to determine the distribution of stopovers and the pathways used between 76 

them (Faaborg et al., 2010). It is recommended that specific attention should be given to stopover 77 

sites, as the functional role of a given stopover site in meeting the needs of migrants is highly 78 

dynamic with respect to resource availability, landscape context, the physiological condition of 79 

the migrants and mortality risks (Mehlman et al., 2005). Moreover, recent technological 80 

advances, such as satellite tracking, allow to track birds throughout the annual cycle, determine 81 

their migratory routes and map the often remote stopovers with great accuracy (Klaassen et al., 82 

2014; Pedrana et al., 2015). For instance, the migration routes and location of stopover sites of 83 

bar-headed geese (Anser indicus) in China (Guo-Gang et al., 2011) and Svalbard barnacle geese 84 

has been determined (Griffin, 2008) with the use of satellite tracking. 85 

Moreover, species distribution modelling (SDM) has been widely applied to quantify the 86 

relationship between species distribution and environmental parameters and to predict species’ 87 

occurrence across un-sampled areas (Guisan and Thuiller, 2005; Miller, 2010). Currently, a 88 

variety of statistical models are being used for modelling species distributions (see review by 89 

Guisan and Thuiller, 2005). However, an intensive field survey for generating in-situ data is 90 

costly in terms of time and resources (James et al., 2001). In such cases, expert knowledge can 91 

be a less expensive source of information where there is insufficient field data for remote 92 

breeding and wintering areas (Murray et al., 2009). In addition, Bayesian statistics provide a 93 

mechanism to incorporate such knowledge into species distribution models (Choy et al., 2009). 94 

With the use of a priori probability of occurrence (prior knowledge), conditional to the value of 95 
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each environmental parameter (likelihood function) which is obtained based on experts’ rules, 96 

the Bayesian expert system could be formulated (Skidmore, 1989).  97 

Bayesian method has been argued to be advantageous over frequentist statistics and its use in 98 

ecological studies has been encouraged (Ellison, 1996). For instance, the Bayesian method has 99 

the ability to incorporate various kinds of uncertainty into the analysis (e.g. uncertainty of the 100 

estimate) even for unknown parameters (Taylor et al., 1996). Moreover, the results that are 101 

presented in Bayesian frameworks can be understood more easily by decision-makers. Also, 102 

additional environmental parameters can be quickly incorporated into a Bayesian expert system 103 

as data layers and the posterior probability can be kept updated (Skidmore, 1989; Wade, 2000). 104 

However, despite the beneficial aspects of using the Bayesian method, it has been used relatively 105 

rarely in ecological studies (McCarthy, 2007). 106 

The Bayesian approach can also be applied in habitat distribution modelling (Guisan and 107 

Zimmermann, 2000; Niamir et al., 2011). Aspinall (1992) applied a GIS-based Bayesian 108 

modelling method for predicting the spatial distribution of red deer (Cervus elaphus) in Scotland. 109 

Moreover, Kynn (2005) also incorporated expert knowledge as prior knowledge, to a Bayesian 110 

logistic regression for modelling species habitat distribution. Nevertheless, as far as we know, 111 

this method has never been used to model stopover selection of migratory birds.  112 

The present study investigates stopover behaviour of 37 satellite-tracked barnacle geese from 113 

three different populations in the Western Palearctic, transiting between temperate and high 114 

Arctic latitudes. Considering the practical advantages of Bayesian statistics, such as taking 115 

uncertainty into account and simplicity in explaining the results (Wade, 2000) we were interested 116 

to assess, whether a Bayesian expert system can appropriately model stopover site selection of 117 

barnacle geese during spring migration, by utilizing the detailed knowledge of goose ecologists.  118 
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2. Material and Method 119 

2.1. Satellite tracking data and stopover sites 120 

Barnacle geese from three long-distance migratory populations in the Western Palearctic (Russia, 121 

Svalbard and Greenland) were captured at their overwintering sites and equipped with solar 122 

GPS/ARGOS transmitters attached to the back of the birds, using a nylon elasticated harness. 123 

The transmitters used in this study were 30g Solar GPS 100 PTT (PTT-platform transmitter 124 

terminal; Microwave Telemetry, Inc., Columbia, MD, USA) for the Russian birds and a mix of 125 

30g and 45g PTTs for the Svalbard and Greenland birds (Table 1). In total 30 full data tracks for 126 

12 individuals of the Russian population (2008-2011), 20 full data tracks for 18 individuals of 127 

the Svalbard population (2006-2011) and 7 full data tracks for 7 individuals of the Greenland 128 

population (2008-2010) were collected during spring migration (Table 1). The barnacle goose 129 

tracking data has been stored in Movebank (www.movebank.org: Russian population: 130 

‘‘Migration timing in barnacle geese (Barents Sea), data from Kölzsch et al. 2015 and 131 

Shariatinajafabadi et al. 2014’’, DOI:10.5441/001/1.ps244r11 (ii) Svalbard population: 132 

‘‘Migration timing in barnacle geese (Svalbard), data from Kölzsch et al. 2015 and 133 

Shariatinajafabadi et al. 2014’’, DOI:10.5441/001/1.5k6b1364 (iii) Greenland population: 134 

‘‘Migration timing in barnacle geese (Greenland), data from Kölzsch et al. 2015 and 135 

Shariatinajafabadi et al. 2014’’, DOI:10.5441/001/1.5d3f0664. 136 

For each GPS track, stopover sites were defined as an area where the geese would remain within 137 

a radius of 30 km for at least 48 h (for more information see Shariati-Najafabadi et al., 2015). In 138 

total, 64 stopover sites were identified along the Russian flyway (2008-2011), 32 along the 139 

Svalbard flyway (2006-2011), and 14 along the Greenland flyway (2008-2010) for 12, 18 and 7 140 

geese, respectively, during the spring migration (see Table 1 and Figure 1). Also, from the 141 

Russian and Svalbard barnacle geese that were tracked for more than 1 year, only two 142 
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individuals have occupied the same stopover sites from year to year. Nevertheless, none of them 143 

arrived at this stopover sites and breeding sites on the same date as in other years. 144 

Table 1. Bird ID, tracking year for spring migration and the number of stopover sites for 12 Russian 145 
barnacle geese from 2008 to 2011, 18 Svalbard barnacle geese from 2006 to 2011 and 7 Greenland 146 
barnacle geese from 2008 to 2010. 147 

 148 

Russian population (n=12) Svalbard population (n=18) Greenland population (n=7) 

Bird ID Track year No. of 

stopover 

sites 

(sum=64) 

Bird ID Track year No. of 

stopover 

sites 

(sum=32) 

Bird ID Track year No. of 

stopover 

sites 

(sum=14) 

78033 2009-2011 3 33103 2011 1 65698 2009 2 

78034 2009-2011 4 33953 2010 2 70563 2010 2 

78035 2009-2011 3 33954 2010 1 78199 2010 2 

78036 2009-2010 3 64685 2006 1 78207 2008 2 

78037 2009 2 64687 2006-2007 2 78208 2008 2 

78039 2009-2011 7 70564 2007 1 78209 2008 1 

78041 2008-2010 6 70565 2007 1 78210 2008 3 

78043 2008-2010 10 70566 2007 1    

78044 2008-2010 10 70567 2007 1    

78045 2008 4 70618 2007 1    

78046 2008-2009 2 70619 2007 2    

78047 2008-2010 10 78198 2008 5    

   78378 2008-2009 3    

   86824 2009 1    

   86828 2009 1    

   170563 2007 3    

   178199 2008 3    

   186827 2009 2    

 149 

  150 
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 151 

Figure 1. The blue, green and red arrows show spring migration routes from wintering to breeding sites 152 
for the Russian, Svalbard and Greenland barnacle goose populations, respectively. The black triangles, 153 
squares, and circles denote the stopover sites for 12 Russian geese from 2008 to 2011, 18 Svalbard geese 154 
from 2006 to 2011 and 7 Greenland geese from 2008 to 2010, respectively. 155 

2.2. Environmental parameters  156 

A set of environmental parameters known to be important in determining stopover selection of 157 

barnacle geese have been reviewed (Amano et al., 2006; Jensen et al., 2008; Rosin et al., 2012; 158 

Si et al., 2011). The selected parameters have been categorized into four groups based on Rosin 159 

et al. (2012): human disturbance (1), site safety (2), distance from the roosting area (3) and the 160 

foraging habitat (4) (Table 2). Distance to roads, cities, towns and wind farms were used as 161 

indicators of human disturbance, distance to the forest as an indicator of site safety from 162 
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predators, and distance to river, inland water and ocean as the proximity to roosting areas. The 163 

maps of roads, cities, town, rivers, ocean area and inland waters were derived from ESRI (2016), 164 

and the wind farm data was obtained from “The wind power (2016).  165 

Also, in the present study, factors like the site elevation, greenness factor, percentage of 166 

grassland/cropland, percentage of salt marsh and snow cover, at each stopover site were used to 167 

describe foraging habitat. Study involved extracting site elevation from a digital elevation model 168 

(DEM) generated by Global Multi-resolution Terrain Elevation Data 2010 (GMTED2010) at 7.5-169 

arc-second (225 meters) resolution. The greenness factor, which is referred to as the satellite-170 

derived “green wave index” (GWI) (Shariatinajafabadi et al., 2014) was calculated from the 171 

MODIS 16-day composite NDVI dataset (MOD13A2) with a 1 km spatial resolution for the 172 

period from 2006 to 2011 (Beck et al., 2008; Huete et al., 2002; Shariati-Najafabadi et al., 2015). 173 

In addition, the study analysis included extracting the land cover types (i.e. forest, grassland/ 174 

cropland and salt marsh) from Envisat’s Medium Resolution Imaging Spectrometer 175 

(http://www.esa.int) and measuring the percentage of each land cover at each stopover site. The 176 

percentage of snow cover (April-Jun) was obtained from MODIS/Terra Snow Cover Daily L3 177 

Global for each 0.05 degree grid cell (c. 5 km by5 km). Raster data were converted to vector, and 178 

the parameters have been extracted from a 15 km radius around each stopover site, which is the 179 

distance of the foraging range for barnacle geese (Pendlebury et al., 2011). The study analysis 180 

was performed using ArcGIS ver. 10.3.1 and ENVI-IDL ver. 5.3. 181 

 182 

 183 

 184 

 185 
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Table 2. Environmental parameters (n=14) used to model the stopover selection of barnacle geese. 186 

Category Parameter 

1)Human disturbance 

Distance-to-cities (km) (>50,000 citizens) 

Distance-to-town (km) (<50,000 citizens) 

Distance-to-local road (km) 

Distance-to-major roads incl. highways (km) 

Distance-to-wind farms (km) 

2)Site safety Distance-to-forest (km) 

3)Roosting areas 

Distance-to-inland water/lake (km) 

Distance-to-ocean (km) 

Distance-to-river (km) 

4)Foraging habitat 

Elevation (m)  

Greenness factor (GWI) 

Percentage cover of grassland/ cropland 

Percentage cover of salt marsh 

Percentage cover of snow  

 187 

2.3.Bayesian expert system 188 

The researchers of the current study are aware of the non-independent quality of the study’s data 189 

set (pseudo-replication). However, this can be a problem with frequentist statistical methods and 190 

not with Bayesian. For frequentist procedures, the underpinning assumption is that data is 191 

random and parameters are fixed, while it is vice versa under a Bayesian approach (Dobson and 192 

Barnett, 2008). It was discussed by Ellison (1996) that assuming a fixed value of the parameter 193 

of interest obtained from random sampling is not logical from an ecological perspective. This is 194 

partly because of pseudo-replication in the design and analysis of ecological field experiments 195 

(Hurlbert, 1984). While using Bayesian statistics, the study did not face this problem because 196 

data is fixed and once created cannot be recreated (Dobson and Barnett, 2008). 197 

In the present study, a forward chaining expert system, which is a data-driven approach, has been 198 

used to infer the posterior probability of presence of barnacle geese at a location of stopover site 199 

based on the predictors and expert knowledge (Niamir et al., 2011; Skidmore, 1989). With the 200 
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use of forward chaining strategy, the expert system is able to reach a solution via a sequential 201 

evaluation of all hypotheses or evidence (Naylor, 1989). 202 

Our hypothesis implies that the site (Xij) is selected by barnacle geese (H). Bayes’ theorem is 203 

used to predict the probability (H) that barnacle goose stopover selection occurs at a site (Xij), 204 

given an environmental explanatory variable: 205 

𝑃(𝐻|𝐸𝑏) =
𝑃(𝐸𝑏|𝐻) × 𝑃(𝐻)

𝑃(𝐸𝑏)
                                                                                       Equation 1 

where 𝑃(𝐻|𝐸𝑏) is the posterior probability of presence. 𝑃(𝐸𝑏|𝐻) is the conditional probability 206 

that a piece of evidence (Eb) (a specific environmental condition) occurs given that the site Xij 207 

has been selected as a stopover site. These are estimated according to expert knowledge and 208 

listed in Table A1. P(H) is the probability a priori that a concrete site is selected. P(H) was 209 

initially set to one. On iterating with further pieces of evidence (environmental parameters), 210 

𝑃(𝐻|𝐸𝑏): 𝑏 = 1 replaces P(H) in equations 1. 211 

P(Eb) is the probability of the evidence alone, and was calculated from the following equation: 212 

𝑃(𝐸𝑏) = ∑ 𝑖 = 1𝑛 𝑃(𝐸𝑏|𝐻𝑖) ∗ 𝑃(𝐻𝑖)                                                                  Equation 2-1                                                         213 

To put it more clearly in the terms used in this manuscript: 214 

 215 

𝑃(𝐸𝑏) = 𝑃(𝐸𝑏|𝐻) ∗ 𝑃(𝐻) + 𝑃(𝐸𝑏|−𝐻) ∗ 𝑃(−𝐻)                                             Equation 2-2 216 
 217 
where H is the hypothesis that a site is selected by the geese and –H is the hypothesis that the site 218 

is not selected. In other words, it is not a summation across the pieces of evidences for the same 219 

hypothesis, but it is a summation across the hypotheses for the same piece of evidence. 220 

2.4.Model assessment 221 

During the study analysis, the posterior probability of presence at each stopover site has been 222 

calculated. The most likely hypothesis for each stopover site is the hypothesis with the maximum 223 
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posterior probability (Skidmore, 1989). A zero (0) probability means that there is no chance of 224 

presence at stopovers, while a probability of one (1) means that it is highly likely to occur. The 225 

value 0.5 is the central point and the probabilities above it are more likely to occur, whereas the 226 

probabilities lower than 0.5 are less likely to occur (O'Hagan et al., 2006). Therefore, the 227 

Bayesian expert system has modelled the stopover selection correctly if the posterior probability 228 

of presence at stopover sites is higher than 0.5.  229 

3. Results  230 

When all parameters were included in the model, the mean of the posterior probabilities for 231 

presence 𝜇𝑃(𝐻|𝐸𝑏) at the stopover sites was below 0.5 for all three populations (Russian: 232 

𝜇𝑃(𝐻|𝐸𝑏)  = 0.25; Svalbard: 𝜇𝑃(𝐻|𝐸𝑏) = 0.21; Greenland: 𝜇𝑃(𝐻|𝐸𝑏) = 0.34; Table 3). Next, 233 

the study repeated the analysis by removing one parameter at a time from the Bayesian model 234 

and then evaluated the posterior probability of presence. The results showed that the posterior 235 

probability of presence was close to one when salt marsh was removed from the Bayesian model 236 

(Table 3). 237 

 238 

 239 

 240 

 241 

 242 

 243 
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Table 3. The mean of the posterior probabilities for presence at the stopover sites for three populations of 244 
barnacle geese (by removing one parameter at a time from the Bayesian model). The 𝜇𝑃(𝐻|𝐸𝑏) > 0.5 are 245 
in bold type.  246 

 247 

 248 

 249 

 250 

 251 

 252 

 253 

 254 

 255 

 256 

𝜇𝑃(𝐻|𝐸𝑏) : mean of posterior probability of presence 257 
 258 

4. Discussion 259 

The Bayesian expert system correctly identified the presence of barnacle geese at stopover sites 260 

using environmental parameters and expert knowledge. The resultant posterior probability of 261 

barnacle goose presence was rather low when all 14 parameters were included in the model (see 262 

Table 3). However, excluding the salt marsh from the model increased the probability of 263 

presence – in other words saltmarsh is not strongly linked with the presence of migrating geese. 264 

With reference to the conditional probabilities generated by the current study’s avian experts 265 

(Table A1), it is most likely that barnacle geese choose sites with more than 50% salt marsh and 266 

grassland/ cropland coverage. Therefore, our study reveals a close match between experts’ 267 

opinion and the reality for the grassland/cropland land cover since on average 60% of the 268 

stopovers’ areas were covered by the grassland/cropland. In addition, note that saltmarsh 269 

Removed parameter 
Russian pop. Svalbard pop. Greenland pop. 

 𝜇𝑃(𝐻|𝐸𝑏)   𝜇𝑃(𝐻|𝐸𝑏)   𝜇𝑃(𝐻|𝐸𝑏)  

Pop > 50000 0.2543 0.2091 0.3400 

Pop < 50000 0.2543 0.2091 0.3400 

Local road 0.2543 0.2091 0.3400 

Major road 0.2543 0.2091 0.3400 

Wind farm 0.2567 0.1925 0.3238 

Forest 0.2548 0.2091 0.3404 

Inland water 0.2538 0.2093 0.3388 

Ocean 0.2547 0.2086 0.3402 

River 0.2549 0.2092 0.3405 

Elevation 0.2535 0.2084 0.3374 

GWI 0.2530 0.2089 0.3399 

Grass/crop 0.2588 0.2100 0.3369 

Salt marsh 0.8307 0.9110 0.9038 

Snow cover 0.2362 0.1818 0.3089 
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comprises only 10% of the stopover areas. As presented in Figure 2, salt marsh covered much 270 

smaller parts of the study area and stopover sites compare to grassland/cropland. 271 

 272 

 273 

 274 

 275 

 276 

 277 

 278 

 279 

 280 

 281 

 282 

Figure 2. A representative example showing the difference between the coverage area by the salt marsh 283 

(A) and grassland/ cropland (B) land covers in the study area. The left-hand column shows the difference 284 

between the coverage area by salt marsh (A) and grassland/ cropland (B) land covers at the three sampled 285 

stopover sites belonging to individuals’ ID 78033 (year 2009) from the Russian population (yellow 286 

circle), 86824 (year 2009) from the Svalbard population (red circle) and 78209 (year 2008) from the 287 

Greenland population (black circle).  288 
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However, it is known that salt marsh is an important foraging habitat for barnacle geese (Prins 289 

and Ydenberg, 1985; van der Graaf et al., 2004). Instead, our findings may indicate that experts 290 

are under-estimating the importance of small areas of salt marsh. Thus, a smaller area of salt 291 

marsh within a mosaic of other land covers at stopover sites may provide important habitat for 292 

barnacle geese. More specifically, the individual geese are may be utilizing small linear fringes 293 

of marsh surrounding an island, for example. This results hint at two potential disadvantages for 294 

the expert system: Firstly that an expert may have a poor ability extrapolating beyond their 295 

region of knowledge (Murray et al., 2009), and secondly that the questions used to elicit 296 

responses from experts may not be explicit and obvious to an expert given the context of 297 

extrapolating beyond their region of knowledge. 298 

The probability of presence at a site is rarely calculated by ecologists because the statistical 299 

methods used by most ecologists are not well-suited to this objective (McCarthy, 2007). 300 

Frequentist statistical methods are not strictly suitable for predicting whether a species is present 301 

or absent because they are strictly limited to assessing long-run averages, rather than predicting 302 

individual observations (Quinn and Keough, 2002). However, as discussed by McCarthy (2007), 303 

the Bayesian approach provides a satisfactory answer to this question. The advantage with 304 

Bayesian statistics is that it can incorporate prior information and update the probability once 305 

evidence is available (i.e. the probability that the null hypothesis is true). The importance of prior 306 

knowledge can be understood with reference to an example provided by McCarthy (2007): if a 307 

researcher visits a habitat that appears to be an excellent habitat for frogs, then a failure to detect 308 

them on a single visit would not necessarily make the researcher believe that the frog was absent. 309 

However, if the researcher visited a habitat that was very unlikely to be a proper location for this 310 

species, even a single failure to detect the frog might be enough to convince the researchers of 311 
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their assumption that this is not an appropriate habitat for frogs. The current study focussed on 312 

the probability that barnacle geese present at the stopover sites, which can be answered by 313 

Bayesian analysis (Dobson and Barnett, 2008; McCarthy, 2007).  314 

The informative prior probabilities were used to model the presence of geese at stopovers in this 315 

current study using a forward chaining Bayesian expert system. Alternatively, the model can be 316 

started with no information (objective or non-informative prior), and the posterior derived from 317 

the first experiment can then be used as the prior for the next one (Ellison, 2004). However, it is 318 

a possibility that the potential stopover sites, which are predicted by the model will never be used 319 

by the geese. This is because, beside environmental parameters, there are other factors, such as 320 

population growth, which may affect stopover selection. For instance, it has been observed that 321 

barnacle geese skipped stopover sites in the Baltic Sea area, as a response to a population 322 

explosion and increased competition for food, which in turn has caused the energy deposition 323 

rate to fall below the limit of usefulness in time-selected migration (Eichhorn et al., 2009).  324 

Nowadays, geese are highly dependent on agricultural food resources, and due to increasing 325 

population sizes, there are often conflicts with farmers in different European countries (Cope et 326 

al., 2003; Jensen et al., 2008). Solving of such conflict needs regional and even internationally 327 

coordinated management plans and the latter depends on the correct identification of stopover 328 

sites (Jensen et al., 2008; Madsen et al., 2014). Moreover, the study reveals that there is a lack of 329 

knowledge concerning the distribution of migratory bird stopover areas in general and their 330 

overlap with wind turbines, which implies difficulties for conservation planning (Piorkowski et 331 

al., 2012). Although studies suggest that one way to reduce the impact of wind turbines is to 332 

avoid the construction of turbines near to major migration stopovers and flyways (Smallwood et 333 

al., 2009). Moreover, it has been reported by Langston (2013) and Rees (2012) that geese (e.g. 334 
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barnacle geese) are considered to be particularly sensitive to disturbance displacement and 335 

collision risk, which is caused by wind farms. Therefore, to reduce the possible conflicts between 336 

avian migratory concentrations and the siting of wind farm developments, Pocewicz et al. (2013) 337 

developed a model to predict the potential stopover sites for wetland, riparian and sparse 338 

grassland birds. It was suggested at a Meeting of Parties of the Agreement on the conservation of 339 

African-Eurasian migratory waterbirds (AEWA, 2015) that providing of management plans 340 

especially for all three barnacle goose populations (breeding in Greenland, Svalbard and 341 

Russian/Baltic/North Sea, respectively) is necessary to mitigate conflicts with agricultural, air 342 

safety and ecological interests, whilst ensuring their favourable conservation status. However, it 343 

is rarely likely that any environmental decision making, would take all possible situations into 344 

consideration. Thus, it becomes necessary to take uncertainty into account and update the 345 

decisions based on new information (Ellison, 1996). This process is possible under adaptive 346 

population management (Lee, 1994), which is based on changing decisions, according to the 347 

consequences of previous decisions via feedback loops. Moreover, the forward chaining 348 

Bayesian learning and decision-making process can be equivalent to this adaptive management. 349 

In other words, once the decision is made based on prior information, the observed consequence 350 

is treated as a new source of information (new prior probability) for the next experiment 351 

(likelihood) that leads to new decisions and changing management plans accordingly (Ellison, 352 

1996).  353 

To our knowledge, this is the first time that expert knowledge has been incorporated into an 354 

expert system for modelling bird site selection. The present study concentrated on the spring 355 

migration routes. However, one of the advantages of the new technologies (e.g. satellite GPS 356 

transmitters, GPS logger, etc.; (Fiedler, 2009)) is that it can be run throughout the annual cycle, 357 
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to include spring and autumn migration routes and stopover sites, wintering and breeding sites, 358 

which is important for an internationally coordinated management and conservation plan to set 359 

up a network of protected areas and improve linkages. 360 

5. Conclusion 361 

This study modelled the presence of barnacle geese at stopover sites with the use of Bayesian 362 

expert system and environmental parameters. The parameters were categorized in four groups of 363 

human disturbance, site safety, distance from the roosting area and the foraging habitat. The 364 

results from the study indicate that the posterior probabilities of presence at the stopover sites 365 

were low when all parameters were included in the model. However, removing salt marsh from 366 

the model considerably increased the posterior probability of presence. The study also reveals 367 

that the Bayesian expert system correctly identifies the presence of barnacle geese at stopover 368 

sites and can be used to predict the potential stopping locations. The correct identification of 369 

stopover is highly important to reduce conflicts between migratory geese and farmers, due to 370 

population expanding of the geese and their dependency on agricultural food. Moreover, 371 

predicting stopover site for migratory birds may help to solve the possible conflicts with wind 372 

farm developments.  373 
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Table A1. Environmental parameters and their corresponding conditional probability which was included 532 
in the Bayesian expert system to calculate the posterior probability of presence at the stopover sites for 533 
three flyway populations of barnacle geese.  534 

Parameter Category P (E|H) P (E|-H) Parameter Category P (E|H) P (E|-H) 

Distance-to-

cities (km)  

(>50,000 

citizens) 

0-0.1 0.06 0.94 

Distance-to-

ocean (km) 

 

0-0.5 0.92 0.08 

0.1-0.5 0.24 0.76 0.5-1 0.9 0.1 

0.5-1 0.56 0.44 1-5 0.78 0.22 

1-5 0.67 0.33 5-10 0.51 0.49 

5-10 0.97 0.03 10-50 0.32 0.68 

10-50 1 0 >50 0.15 0.85 

>50 1 0    

        

Distance-to-

cities (km)  

(<50,000 

citizens) 

0-0.1 0.07 0.93 

Distance-to-

river (km) 

 

0-0.5 0.96 0.04 

0.1-0.5 0.25 0.75 0.5-1 0.98 0.02 

0.5-1 0.7 0.3 1-5 0.75 0.25 

1-5 0.9 0.1 5-10 0.58 0.42 

5-10 1 0 10-50 0.43 0.57 

10-50 1 0 >50 0.33 0.67 

>50 1 0    

        

Distance-to-

local road 

(km) 

0-0.1 0.46 0.54 

Elevation (m) 

0-50 0.89 0.11 

0.1-0.5 0.81 0.19 50-150 0.65 0.35 

0.5-1 0.95 0.05 >150 0.28 0.72 

1-5 1 0     

5-10 1 0 
Greenness 

factor (GWI) 

<0.2 0.2 0.8 

10-50 1 0 0.2-0.6 0.74 0.26 

>50 1 0 >0.6 0.68 0.32 

        

Distance-to-

major roads 

incl. high 

ways (km) 

0-0.1 0.3 0.7     

0.1-0.5 0.62 0.38 Percentage 

cover of 

grassland/ 

cropland 

0-25 0.18 0.82 

0.5-1 0.88 0.12 25-50 0.4 0.6 

1-5 1 0 50-75 0.72 0.28 

5-10 1 0 >75 0.88 0.12 

10-50 1 0     

>50 1 0 

Percentage 

cover of salt 

marsh 

   

    0-25 0.22 0.78 

Distance-to-

wind farms 

(km) 

0-0.1 0.1 0.9 25-50 0.5 0.5 

0.1-0.5 0.27 0.73 50-75 0.92 0.08 

0.5-1 0.33 0.67 >75 0.98 0.02 

1-5 0.6 0.4     

5-10 0.67 0.33 Percentage 

cover of 

snow 

0-10 0.96 0.04 

10-50 0.83 0.17 10-50 0.66 0.34 

>50 0.93 0.07 >50 0.19 0.81 

        

Distance-to-

forest (km) 

0-0.5 0.28 0.72 

 

   

0.5-1 0.76 0.24    

1-5 0.83 0.17    

5-10 1 0    

10-50 1 0    

>50 1 0    

       

Distance-to-

inland water 

(km) 

0-0.5 0.99 0.01    

0.5-1 0.91 0.09    

1-5 0.67 0.33    

5-10 0.43 0.57    

10-50 0.22 0.78    

>50 0.17 0.83    

P (E|H): The conditional probability of presence; P (E|-H): The conditional probability of absence 535 


