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Abstract
Knowledge of species’ habitat requirements, and the environmental conditions
and resources needed for survival and reproduction are key factors in effective
conservation management. We used species distribution modeling to study
golden eagle (Aquila chrysaetos) habitat requirements. Additionally, we devel-
oped two different models to determine suitability at the nest-site and territory
levels. We estimated the maximum number of predicted territories to infer the
potential carrying capacity by developing a simulation based on our nest and ter-
ritory models. As the species is known to avoid human disturbance, we also eval-
uated the potential risk of wind farms to predicted golden eagle territory areas.
Our results show that slope preference (>10�) and avoidance of human settle-
ments are key factors at nest sites, explaining 50% and 21% of the variance in the
nest model, respectively. At the territory level, avoidance of human habitation is
the most important factor (51%). As expected, areas predicted to have high occu-
pancy probability are most abundant in northern Finland, where most of the cur-
rent population breeds. Based on our simulation results, the species has an
estimated 170,000 km2 of modeled habitat available that could carry 492–554 ter-
ritories in Finland depending on the population size and habitat quantity, which
dictate territory size. When examining wind farms at different stages of planning,
we found that 18.9% of them were close to core areas in known nesting terri-
tories, and 1.4%–6.7% were close to core areas in simulated potential territories.
Our results demonstrate how wind farms impact golden eagle population in
Finland and must be considered in current and future planning.
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INTRODUCTION

Biodiversity conservation is often in conflict with human
activities as agriculture, forestry, recreation, and hunting

can threaten biodiversity (Young et al., 2005). In forests,
intensive forest utilization has caused multiple biodiver-
sity conflicts (Hellström, 2001). The two most essential
European Union legislations for biodiversity protection
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are the Bird (European Parliament and Council, 2009),
and Habitats Directives (European Commission, 1992).
The objective of the Habitats Directive is to ensure spe-
cies maintain favorable conservation status as viable
components of their natural habitats over the long term.
Thus, long-term preservation of sufficiently large areas is
important for the population growth and breeding suc-
cess to attain good conservation status. The Birds
Directive focuses on the conservation of naturally occur-
ring bird species in the European Union. It covers the
protection, management, and control of these species and
their habitats and sets rules for their exploitation. This
protection includes bird species and their eggs, nests, and
habitats. Species monitoring is central to assessing biodi-
versity threats (Harju et al., 2011; Legge et al., 2018) and
helps meet Directive criteria. Land use changes and habi-
tat loss can be evaluated by studying species’ habitat
requirements and distribution (Wiens et al., 2017).

The golden eagle (Aquila chrysaetos) is classified as vul-
nerable (VU, International Union for Conservation of
Nature, Government of Finland, 1997) in Finland due to its
small population (Hyvärinen et al., 2019), and the species
is listed in Annex I of the Birds Directive (European
Parliament and Council, 2009). Finland currently hosts
350–478 breeding pairs, with protection relying on annual
monitoring of nesting sites and breeding success; ~91% of
known territories are checked every year (Ollila, 2020,
2021). In Finland, the golden eagle breeds mainly in Scots
pine (Pinus sylvestris)-dominated forests located in topo-
graphically elevated landscapes near open areas suitable
for hunting (Below & Ollila, 2000), and the distribution is
concentrated in the northern part of the country. The spe-
cies is known to strongly avoid human disturbance in the
core area of the territory (Ponnikas, 2014) and expansion to
southern Finland is considered unlikely due to high human
density, commercial forest management, and recreation
(Ollila, 2019; Ollila & Koskimies, 2008).

Human-caused land use changes (e.g., urban and
agricultural areas) within nesting areas can degrade con-
ditions required for habitat, leading to territory abandon-
ment or reduced breeding success (Whitfield et al., 2007
and references therein). Wind energy is a significant land
cover change that may threaten golden eagle habitat
quality and viability. Based on life history traits,
habitat specialization, exposure, and conservation status,
the golden eagle has been suggested to be the second
most sensitive regularly breeding bird species in Finland
to wind power (Balotari-Chiebao et al., 2021). Wind
farms can have negative effects on birds by causing dis-
turbance, lowered territory quality due to the infrastruc-
ture, barriers to movement, and increased mortality due
to collisions (Balotari-Chiebao et al., 2021; Mork�un�
et al., 2020; Smith & Dwyer, 2016; Wiens et al., 2017).

Raptors can be negatively affected at the population level
due to long lifespans, low reproduction, delayed maturity,
and displacement effects on breeding success (Smith &
Dwyer, 2016; Watson, 2018), making this group of birds
particularly vulnerable to wind farms.

At the same time, demand for renewable energy is
increasing globally (Santangeli et al., 2018; Smith &
Dwyer, 2016). In Finland, the National Energy and
Climate Strategy aims to increase renewable energy use
(Huttunen, 2017). The national long-term aim is a
carbon-neutral society (Huttunen et al., 2022), which has
led to increased interest in green energy, specifically wind
energy (Balotari-Chiebao et al., 2021). Due to frequent
conflicts during environmental impact assessments, the
Finnish Metsähallitus Parks and Wildlife published a
guide on best practices for assessing and mitigating wind
farm impacts on golden eagles (Metsähallitus., 2022).

Here, we study the habitat requirements of the
Finnish golden eagles. We broadened species distribution
models (SDMs) to include habitat associations at the ter-
ritory level. We also utilized these SDM results to simu-
late territories to estimate the current and maximum
carrying capacity. The current carrying capacity was used
to gain knowledge of potentially missed missing terri-
tories that represented a knowledge gap in eastern
Finland. The territory model revealed previously
undetected nest sites, and we aimed to replicate this with
the simulation. We simulated the maximum carrying
capacity to estimate the upper limit for future territories,
though these results carry greater uncertainty due to
smaller territory size and lower quality. We then identi-
fied possible threats of human land use to the amount of
habitat for golden eagles, focusing on wind farm con-
struction. Our study will help to identify drivers of
conflict between human activities and biodiversity con-
servation, supporting better mitigation strategies. Lastly,
we estimated the carrying capacity of the golden eagle
within Finland by simulating the maximum count of ter-
ritories. This will be an important factor in assessing the
favorable conservation status of the species, which has
not previously been analyzed for this population.

METHODS

We estimated the number of territories using a territory
simulation approach. The simulation was based on previ-
ously developed SDMs that identified optimal nesting and
territory conditions for golden eagles in Finland
(Figure 1). The SDMs differed in their environmental pre-
dictors and spatial scale; for example, the territory model
used predictors averaged within a 4-km radius to reflect
core territory use. The nest model defined the simulation
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starting points, while the territory model set the minimum
area required per territory. Two simulation scenarios
(A and B) were used to address different questions: (A) the
maximum territory capacity in Finland, and (B) the cur-
rent coverage and number of golden eagle territories.

Study area and species data

The study area covered all of Finland except the most
southeastern region (Tikkanen et al., 2018: fig. 1). It
included both favorable and unfavorable land cover

categories, such as urban areas and water bodies. We
used golden eagle nest data from Finnish Metsähallitus
Parks and Wildlife, collected between years 2012 and
2021. We excluded fallen and destroyed nests, artificial
nests, and those nests located within 50 m of each other
(retaining the most recent site) to reduce spatial autocor-
relation and human bias. In total, 856 nests were used in
the modeling. Approximately 760 sites were used for
model training and 85 randomly selected sites for testing
in each validation round for both models. The majority of
the nests were located in northern Finland, where the
species is more abundant.

F I G U R E 1 A schematic illustration of the materials, simulation rules, and the end results of the carrying capacity simulation of the
Finnish golden eagle population.
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Land cover data

Environmental predictors were sourced from open
datasets (Table 1):

1. Multi-Source National Forest Inventory (MS-NFI)
(Natural Resources Institute Finland, 2019)

2. Corine Land Cover 2018 dataset and the Shoreline10
dataset (Finnish Environment Institute, 2018; Finnish
Environment Institute, 2021)

3. Topographic database 2018 and 2021, and Digital
elevation model (National Land Survey of

Finland, 2018; National Land Survey of
Finland, 2021)

Geographic analyses were conducted using QGIS
3.16.7 (QGIS Development Team, 2021), GRASS 7.8.5
(GRASS Development Team, 2020), and R 3.5.2 (R Core
Team, 2019). The main principles for creating environ-
mental predictors are outlined below; detailed instruc-
tions are provided in Appendix S1.

From the topographic database (National Land
Survey of Finland, 2018), we used the building, road,
river, lake, and pond locations. These data were

T A B L E 1 Environmental predictors chosen to be used in species distribution modeling, their data source, and the reasoning for using
them (references for previous studies of golden eagle modeling).

Territory model Nest model Similar predictors used Source

Distance to settlements Distance to settlements Ponnikas (2014), Singh et al. (2016),
� tef�anescu and B�alescu (2017), Tikkanen
et al. (2018)

Topographic database

Distance to summer
cottages

Distance to summer cottages Tikkanen et al. (2018) Topographic database

Distance to main roads Distance to main roads Tikkanen et al. (2018) Topographic database

Distance to forest roads Distance to forest roads Tikkanen et al. (2018) Topographic database

Lake density within
4-km radius

Distance to lakes, rivers, and
ponds

Singh et al. (2016), Tikkanen et al. (2018) Topographic database
and Shorelines10

Elevation Elevation Ponnikas (2014), Singh et al. (2016),
� tef�anescu and B�alescu (2017), Tikkanen
et al. (2018)

Digital elevation model

Averaged slope within
4-km radius

Slope Ponnikas (2014), Singh et al. (2016),
� tef�anescu and B�alescu (2017), Tikkanen
et al. (2018)

Digital elevation model

Aspect Singh et al. (2016), � tef�anescu and B�alescu
(2017)

Digital elevation model

Peatbog density within
4-km radius

Peatbog edge distance Ponnikas (2014), Singh et al. (2016),
Tikkanen et al. (2018)

Corine Land Cover 2018 dataset

Open area edge density
within 4-km radius

Open area edge density
within 4-km radius

Ponnikas (2014), Singh et al. (2016),
� tef�anescu and B�alescu (2017)

Corine Land Cover 2018 dataset

Sparse forest density within
4-km radius

Singh et al. (2016), Tikkanen et al. (2018),
� tef�anescu and B�alescu (2017)

Corine Land Cover 2018 dataset

Pine tree volume density
within 4-km radius

Pine saw timber volume Ponnikas (2014), Tikkanen et al. (2018) National Forest Inventory

Canopy cover density
within 4-km radius

Forest canopy cover National Forest Inventory

Pine tree stem residual
biomass
density within 4-km
radius

Pine tree stem residual
biomass
density within 4-km radius

National Forest Inventory

Forest stand age density
within 4-km radius

Forest stand tree age Tikkanen et al. (2018) National Forest Inventory

Forest stand basal area
density within 4-km radius

National Forest Inventory

Note: In addition to commonly used predictors, we selected some additional predictors based on expert opinion in Finland, such as estimated pine tree stem
residual biomass.
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appropriate given the rural locations of most nest sites
and minimal changes in building density. Lake density
was derived from the Shorelines10 dataset (Finnish
Environment Institute, 2021). For multiple polygon and
line classes (e.g., roads and cottages), distance rasters were
calculated. Slope and aspect were derived from the digital
elevation model (National Land Survey of Finland, 2021)
using QGIS tools. Average slope was tested as a predictor,
calculated using an 81 circular cell neighborhood with the
r.neighbors tool in GRASS, via QGIS. To describe forest
land cover, we used variables from the MS-NFI dataset
(Natural Resources Institute Finland, 2019): stand basal
area (in square meters per hectare), pine tree volume
(in cubic meters per hectare), pine saw timber volume
(in cubic meters per hectare), pine tree stem residual bio-
mass (10 kg/ha), stand age (in years), and canopy cover
(in percent). We used 2019 data, due to minimal changes
in protected nest sites. Corine data (Finnish Environment
Institute, 2018) were used to identify peatbogs (class 43),
open areas on mineral land (classes 19–22, 33–37, 39, 41,
and 43–44), and sparse forests (classes 33–37). From these,
we calculated edge distance and density variables
(e.g., sparse forest density). Density variables were calcu-
lated by resampling and rasterizing data, then summing
raster cell values within 81 circular cell neighborhood,
resembling a ~4-km radius. Values were normalized by
dividing by the total area of the 4-km circle (51.53 km2) to
smooth results and reduce irregularities from missing data.
Some rasters used only edge values to calculate edge den-
sity. All environmental predictors were clipped to the
same extent and saved in ASCII format in QGIS, as
required by the MaxEnt program.

Species distribution modeling

Species distribution modeling (SDM, also called habitat
suitability modeling) relates the presence or absence of
species to environmental factors and enables the evalua-
tion of species–habitat associations. These associations
enable spatial prediction of areas with environmental
conditions favorable to the species. Therefore, SDMs can
be used to study species’ habitat requirements and distri-
butions, and to assess human-induced land use impacts
(Elith et al., 2011; Guisan & Thuiller, 2005). Due to these
features, SDMs have been widely used tools in ecology
since the 1990s (Guisan et al., 2017). Nowadays, multiple
methods are available for SDM (Elith et al., 2011). One
widely used method—especially in raptor studies (Glenn
et al., 2017; Ponnikas, 2014; Redon & Luque, 2010;
� tef�anescu & B�alescu, 2017)—is based on the maximum
entropy principle and is available in the MaxEnt program
(Elith et al., 2006; Phillips et al., 2006; Venne &

Currie, 2021). The program utilizes presence-only species
records to estimate a probability of occurrence, which
can be interpreted as a relative index of environmental
suitability for the species. Thus, MaxEnt does not require
absence data, which is helpful when the species has a
sparse distribution. We used MaxEnt version 3.4.3
(Phillips et al., 2021) to model the relative probability of
occurrence across the study area.

The nest model was built using predictor variables
that best described the nest tree and its vicinity (i.e., core
territory, mean 41.3 km2; Tikkanen et al., 2018). Territory
model variables were selected to reflect broader
territory use (mean 297.1 km2; Tikkanen et al., 2018) and
were informed by previous studies (Ponnikas, 2014;
Singh et al., 2016; � tef�anescu & B�alescu, 2017; Tikkanen
et al., 2018). The best territory model was made more
descriptive by selecting landscape-level predictors
(e.g., means) and by increasing the regularization multi-
plier compared to the nest model.

We reduced multicollinearity by removing predictors
with lower importance when Spearman’s rank pairwise
correlations exceeded 0.7 (Dormann et al., 2013). MaxEnt’s
auto features were used to generate response curves, and
20,000 background points were applied to minimize
overfitting. A bias file was used to account for uneven sam-
pling effort, in addition to spatial filtering (Kramer-Schadt
et al., 2013). This layer was created by buffering and
rasterizing a 20-km radius around known nest sites,
reflecting areas with more intensive search effort.

To address model uncertainty, we used 10-fold cross-
validation to assess performance variation and prediction
stability. We also performed a sensitivity analysis by test-
ing multiple regularization multipliers to evaluate model
complexity effects. Regularization multipliers were tested
in 0.5-step increments and selected based on the lowest
Akaike information criterion (AIC) to minimize overfitting
(Merow et al., 2013; Morales et al., 2017). Model accuracy
was evaluated using area under the receiver operating
curve (AUC). All environmental variables used in the final
models can be found in Tables 2 and 3. Variable impor-
tance was assessed using predictor contribution, permuta-
tion importance, and Jackknife tests. To evaluate models,
AUCs were maximized for explanatory power, and AICs
were minimized to optimize regularization. Nine final
models were produced: six territory models and three nest
models, each with slightly different predictor compositions
and regularization levels.

Carrying capacity simulation

We used the results of nest and territory models as the
base for territory simulations, which were then used to
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analyze carrying capacity. This approach was adapted
from a methodology developed at the Natural
Resources Institute Finland (LUKE) for wolf territory
simulations (Vesa Nivala). This Python code, run in
ArcGIS for Desktop 10.6.1 (ESRI, 2018), enabled the
use of area-specific thresholds during simulation. It
also allowed territory sizes to fluctuate during
simulation runs.

For the simulation, the best territory and nest models
were aggregated using the median and the maximum cell
values, respectively, from 100 m × 100 m resolution to
1 km × 1 km resolution. Median values reduced the
influence of extreme values, maximum values ensured
that high-quality areas were retained, and aggregation
reduced simulation runtime. The territory model was
used to determine whether simulated territories contai-
ned enough modeled habitat, defined by cumulative
threshold values (Table 4).

We tested two simulation scenarios that represented
an optimistic maximum carrying capacity (simulation A)

and a realistic current carrying capacity (simulation B).
Both simulations were run 10 times to calculate average
and median results (Figure 1). In simulation A, we used a
minimum cumulative threshold (described in detail
below) from the best territory model (Table 4) and a min-
imum area of 124 km2 as required conditions before a
territory was retained or discarded (Figure 1). Territory
expansion was limited to a maximum distance of 15 km
from the center to emulate circular shapes and reflect the
largest probable territory size (Tikkanen et al., 2018).

In simulation B, we used the same cumulative
threshold but randomly selected a target territory size
between 124 and 450 km2. These values were based on
minimum territory sizes from known nest sites and the
maximum sizes from GPS transmitter location data
(Tikkanen et al., 2018). If a territory failed to meet the
cumulative threshold of modeled habitat before
reaching the maximum area, it was discarded, and a
new center was randomly selected. Territory sizes were
more flexible in simulation A, but stricter size

T A B L E 2 The importance of environmental variables in the
best nest model for the Finnish golden eagle population.

Predictor

Percent
contribution

(%)

Permutation
importance

(%)

Slope 49.9 49.7

Distance to settlements 21.1 20

Forest tree age 4 0.6

Distance to main roads 3.9 7

Open area edge density
within 4-km radius

3.8 3.9

Forest canopy cover 3.6 0.9

Elevation 2.5 2.8

Aspect 2.3 2.6

Peatbog edge distance 1.8 2.6

Distance to lakes, rivers,
and ponds

1.7 2.6

Pine tree stem residual
biomass within 4-km radius

1.4 2.4

Pine saw timber volume 1.4 1.2

Forest stand basal area
density within 4-km radius

1 0.6

Distance to summer
cottages

0.8 1.8

Distance to forest roads 0.7 1

Sparse forest density within
4-km radius

0.2 0.4

Note: Shown is also the deterioration of the model if the values in the
predictor variable were arranged randomly and the area under the receiver
operating curves of the models were compared.

T A B L E 3 The importance of environmental variables in the
best territory model for the Finnish golden eagle population.

Predictor

Percent
contribution

(%)

Permutation
importance

(%)

Distance to settlements 50.9 26

Distance to main roads 9.2 11.1

Averaged slope within
4-km radius

7.3 14.6

Lake density within
4-km radius

6.4 9.1

Open area edge density
within 4-km radius

6.3 5.4

Pine tree volume density
within 4-km radius

3.8 1.3

Distance to summer
cottages

3.6 4.9

Distance to forest roads 3.4 4.9

Elevation 2.3 6.8

Canopy cover density
within 4-km radius

2.3 4.2

Pine saw timber volume
density within 4-km
radius

2.2 5.1

Peatbog density within
4-km radius

1.7 4.7

Forest stand age density
within 4-km radius

0.6 1.9

Note: Shown is also the deterioration of the model if the values in the
predictor variable were arranged randomly and the area under the receiver
operating curves of the models were compared.
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constraints were imposed in simulation B based on
randomly selected targets.

We calculated cumulative thresholds by summing
predicted occurrence probability values within known
territories (radius of 11.6 km from the nest) in the best
territory model (Table 4). We used territories occupied
during five study years (2017–2021) and entirely within
the study region. To account for regional variation, we
used average threshold values from Finnish biogeo-
graphical provinces (Finnish Biodiversity Information
Facility, n.d.). Predicted occurrence probability values
were generally higher in northern Finland, where more
golden eagle nest sites are located. Biogeographical prov-
inces were chosen because they reflect ecological regions
rather than administrative boundaries (Finnish
Biodiversity Information Facility, n.d.). Territories
partly outside Finland were excluded from minimum
value calculations. Territory boundaries were defined
midway between nest sites in densely nested areas, fol-
lowing Thiessen polygon separation (Fielding &
Haworth, 2010).

During each simulation run, starting points used as
territory centers were randomly selected from areas with
predicted probability of occurrence >0.5 in the best nest

model. To avoid placing centers too close together, we
applied minimum distances of 4.9–12.7 km, based on the
average nest distances. For each starting point, this was
calculated before placing it in the study area to form sim-
ulated territories. Once high-quality areas were placed,
centers were selected in lower quality areas (<0.5
probability).

After selecting a starting point, the territory expanded
randomly into one of the four cardinal directions to
maintain a more realistic territory shape. Expansion con-
tinued until territory conditions were met. Then a new
random location was selected, and the process was
repeated until no selectable area remained. Territory cen-
ters and expansions were not allowed in water bodies or
urban areas, as these are rarely included in golden eagle
territories. These landscape classes were excluded from
the 1 km × 1 km simulation grid. Each simulation run
allowed a maximum of two attempts to include a cell,
preventing expansion into low probability or already
occupied areas.

New territory analysis for maximum
carrying capacity

We estimated new territory areas from simulated terri-
tories to assess maximum carrying capacity. This was
done by excluding existing (i.e., currently occupied) terri-
tories from the simulation results and by calculating the
mean number of remaining territories assumed to be
large enough for golden eagle occupancy. In this
substudy, we defined true territories as Thiessen polygons
with a 9.2-km radius from the nest. Territories with
nesting during the last five study years (2017–2021) were
considered recently occupied and were removed from the
simulated results. Simulated territories smaller than
266.2 km2 (r = 9.2 km) were excluded to retain only
potentially viable territories. The 9.2-km radius for buff-
ering nest sites was chosen to match the average territory
size in previously created Thiessen polygon territories.

Wind farms

To study the association between modeled habitat areas
for golden eagles and planned wind farm locations, we
compared the distances between wind farm projects and
both existing nests/territories and simulated potential
new territories. Planned wind farm data were obtained
from the Finnish Wind Power Association (n.d.). From
these data, we identified 419 wind farm projects in plan-
ning or early construction stages from 2021 onwards. We
estimated how many wind farms were located within

T A B L E 4 Cumulative territory model minimum thresholds
used in the territory simulation.

Biogeographical
province (in Latin) Cumulative threshold

Tavastia australis 23.6

Ostrobottnia media 24.4

Lapponia enontekiensis 79.2

Lapponia inarensis 26.2

Lapponia kittilensis 62.0

Karelia borealis 37.0

Ostrobottnia kajanensis 43.8

Regio kuusamoënsis 26.0

Karelia ladogensis 23.6

Savonia borealis 32.7

Lapponia sompiensis 54.7

Satagundia 14.0

Regio aboënsis 23.6

Ostrobottnia australis 19.6

Ostrobottnia ouluensis 20.6

Ostrobottnia ultima 37.3

Tavastia borealis 14.2

Note: In southern Finland, the threshold values were calculated as the
average of minimum values of several biogeographical provinces due to the
small number of occupied territories.
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golden eagle territories and core areas around nests that
had been occupied (either nested or decorated) during
the preceding 10 years (2012–2021). Based on the results
of Tikkanen et al. (2018), golden eagle territory use is typ-
ically located ~3.7 km from the territory center 50% of
the time, and ~11.6 km from the territory center 95%
of the time. The nest site and territory center are often
located close to each other (0.9–3.8 km, mean = 2.5 km).
Therefore, we calculated the number of wind farms
located within (1) 3700 m and (2) 11,600 m of known
nesting sites and simulated territory starting points iden-
tified as potential new territories.

RESULTS

Species distribution modeling

Nest model

In this study, nine SDM were created, of which three
were nest models. The best nest model had an AUC of
0.891. In this model, slope and permanent settlements
had the greatest effect on the prediction performance,
while forest stand mean age, distance to main roads, den-
sity of open area, and canopy cover contributed to a
lesser extent.

Based on response curves showing the effects of
environmental variables on the model’s predicted prob-
ability of occurrence, slope steepness had a positive
relationship with nesting and was the most important
predictor in the model. Greater distance to main roads
and settlements also increased the predicted probabil-
ity (see Appendix S3: Figure S1). Especially short dis-
tances to human activity decreased the probability
rapidly. Forest stand age, open area edge density, and
forest canopy cover each had slight positive effects,
increasing the predicted probability of occurrence. The
averaged model predicted the best nesting areas mainly
in northern Finland, with smaller areas identified in
western central Finland and southern Finland
(Figure 2).

Territory model

The AUC of the best performing territory model was
0.826, indicating good performance (values >0.7 are con-
sidered acceptable). In this model, the distance to settle-
ments, main roads, slope steepness, lake density, and
density of open area edges were the most important pre-
dictors. Longer distances to settlements had the largest
positive effect on the model’s prediction (>50%). Based

on the Jackknife test, settlement distance and slope were
important variables, as removing them considerably
reduced model performance.

In the territory model, steeper slopes increased the
modeled probability of occurrence, according to the pre-
dictor response curves (see Appendix S3: Figure S2).
Additionally, a greater distance to main roads, summer
cottages, and forest roads increased the predicted proba-
bility of occurrence. Lake density had a negative effect on
occurrence probability, whereas open area edge density
and pine tree volume had positive effects. The map of the
mean predicted probability of occurrence illustrates

F I G U R E 2 Nest model relative predicted probability of
occurrence distribution of the Finnish golden eagle population.
This represents a scaled result calculated from the goodness value
of a location averaged over the entire research area, where the
value of 1 is given to the location with the best goodness value
(cloglog-value). Southeastern parts of Finland and the Åland
Islands have been omitted from the study area as they were not
modeled due to lack of observed golden eagle nesting sites.
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modeled territory areas for golden eagles (Figure 3). The
best territory model emphasized areas in northern Finland,
much like the best nest model. Thus, most of the predicted
area is located in the north, while central and southern
Finland also contain smaller amounts of predicted territory
area. These locations are highlighted more clearly in the ter-
ritory model than in the nest model.

Comparison of the results obtained from the
nesting and territory models

We compared the result maps of the nest and territory
models to provide an overview of their differences in

predicted areas (Figure 4). The territory model predicts
broader areas, whereas the nest model shows high proba-
bility values concentrated in smaller areas, as expected.
The predictions of the two models were highly correlated
(Spearman rank order correlation = 0.94, p < 0.0001).

Territory simulations

The number, shape, and size of the true nest-based terri-
tories obtained from our simulations deviated from the
boundaries of the territories estimated as Thiessen poly-
gons. In each iteration, the first territories in a new area
often formed circular shapes, but later territories some-
times became narrow, crescent-like areas because they
filled the remaining unused space (Figure 5). The average
number of predicted territories was ~724 in simulation A
and ~490 in simulation B (Table 5). This indicates the
potential for the number of territories to grow, as
the optimistic maximum carrying capacity exceeded the
current population size in Finland.

In both simulations, the largest number of territories
was formed in Lapland, specifically in the provinces of
Lapponia inarensis, Lapponia sompiensis, and Ostrobottnia
ultima. Simulation A predicted an average territory area of
~161.4 km2, and simulation B predicted ~278.0 km2

(Figure 5). The total number of territories in both simula-
tions was slightly different from the numbers of known ter-
ritories (479 occupied territories in 2017–2021), and the
largest differences in territory numbers were noted in
Ostrobottnia kajanensis province (Table 5). The simulations
identified all known occupied areas of golden eagles (except
for two cliff nests in Lapland). This supports the interpreta-
tion that the newly identified territories are located in areas
predicted as high probability of occurrence.

New territory analysis

The total number of known occupied territories in
2017–2021 was 479, and new predicted territories identi-
fied in simulations varied between A 13–44 and B 30–75
territories; thus, the size of the potential population can
be estimated at 492–554 territories, assuming the average
territory size varies between 160 and 280 km2 (Table 6).
When the number of new predicted territories was com-
bined with the number of known occupied territories, we
could arrive at a rough estimate of the potential carrying
capacity of the population.

In both simulations, the largest number of new terri-
tories was located in eastern and central Finland
(Ostrobottnia kajanensis, Ostrobottnia media, and Karelia
borealis). Generally, more space for new territories was

F I G U R E 3 Territory model relative predicted probability of
occurrence distribution of the Finnish golden eagle population.
This represents a scaled result calculated from the goodness value
of a location averaged over the entire research area, where the
value of 1 is given to the location with the best goodness value
(cloglog-value). Southeastern parts of Finland and the Åland
Islands have been omitted from the study area as they were not
modeled due to lack of observed golden eagle nesting sites.
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