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Abstract: Large carnivores are among the most threatened species in the world because of their natural low densities and need for expansive habitats. The brown bear (Ursus arctos) is the largest carnivore in the southwestern Asia, and faces threats in much of its range from conflict with humans
over shared resources and shrinkage of habitat. In this study, we surveyed for brown bear sign and
scat during spring–autumn from April 2013 to November 2015 in 24 randomly selected, 25-km2 grid
cells, and developed a model of potential brown bear occurrence in one of its globally southernmost
distribution ranges in Iran. To better understand its conservation needs and management priorities at
the landscape scale, we used a combination of field surveys to develop a Maximum Entropy (Maxent) model. The model was developed using 10 environmental and anthropogenic predictors. Potential
brown bear occurrence was strongly influenced by availability of water resources (54.1%) as the most
important variable; and distance to roads (16.1%), aspect (7.6%), and vegetation types (5.9%) were
the other important factors. The model showed an area of 581 km2 (35%) within the study area has
high to good bear-occurrence probability values; 86% of this area is located in 2 patches, each larger
than the average bear home range. Identification of these patches may support establishment of a reserve in the area, which would ensure long-term survival of the brown bear and sustainable water use
and resource extraction from Pistacia atlantica forests by resident and nomadic communities in the
region.
Key words: brown bear, human–wildlife conflict, Iran, Maxent, Pistacia atlantica, species distribution models, Ursus
arctos, Zagros Mountains
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Throughout the world, especially in densely populated
landscapes, human activities have often driven wildlife
from the most suitable habitats (Ehrlich and Pringle
2008). Characteristics such as wide-ranging behavior,
need for expansive habitats, high metabolic demands,
and natural low densities factor into making large carnivores the most threatened species in the world (Ripple
et al. 2014). These factors restrict large carnivores to inaccessible or remote areas in most of the world (Swenson
et al. 2000). However, because carnivores are among the
species most admired by the public, they have become
iconic flagship species for conservation (Ripple et al.
2014).
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The brown bear (Ursus arctos) is the most widely distributed Ursid in the world and is a ‘Least Concern’
species in the International Union for Conservation of
Nature Red List of Threatened Species (McLellan et al.
2017) on account of presence of healthy populations
in North America, Eastern Europe, and parts of Asia.
However, the status of bears in Iran (one of the southernmost extents of their range) is of greater concern
(Gutleb and Ziaie 1999). The brown bear is the largest carnivore of Iran, occupying forest and mountainous ecosystems of 2 main mountain ranges: Alborz and Zagros
(Gutleb and Ziaie 1999). As a ‘flagship’ species (one
chosen to represent broader conservation needs or goals;
Noss and Cooperrider 1994, Noss et al. 1996, Miller
et al. 1998), the brown bear has played an important role
in conservation plans; however, it has not been widely
studied in Iran (Gutleb and Ziaie 1999, Qashqaei et al.
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2014, Ashrafzadeh et al. 2016). The species faces conflict with humans over shared resources and shrinkage of
habitat, which requires immediate conservation attention
(Qashqaei et al. 2014, McLellan et al. 2017).
Predictive geographical models are useful tools for
assessing the spatial distribution of species, planning
wildlife conservation, assessing land use, and studying
invasive species (Guisan and Zimmermann 2000, Manly
et al. 2002, Thuiller et al. 2005, Pearce and Boyce, 2006).
They are also widely used to estimate potential habitat
quality (Nielsen et al. 2010), evaluate human–wildlife
conflict (Le Lay et al. 2001), and plan species reintroductions (Adhikari et al. 2012). An understanding of the
connection between spatial distribution of animals and
their habitats is fundamental to conservation of threatened
species and to conflict management (Lecis and Norris
2003). Food resources are vital factors affecting individual growth of animals and abundance of populations (Carbone and Gittleman 2002, Brasher et al. 2007). The abundance and availability of food resources are especially
important to brown bears during the warmer months of
the year, when their nutritional demand peaks as individuals accumulate fat to survive winter hibernation (Rode
et al. 2006, Berland et al. 2008).
In their globally southernmost distribution extent in
Fars Province, brown bears appear to be genetically distinct from the other populations in Iran, forming a distinct sub-clade (Ashrafzadeh et al. 2016). Brown bear
habitat in this region is semi-arid, and both humans and
bears compete for limited water and food resources. This
demand for resource use brings brown bears into occasional conflict with farmers and poses a great risk of bear
mortality due to lethal control measures (Qashqaei et al.
2014).
This study uses field surveys, remote sensing, Geographic Information Systems (GIS; Imam et al. 2009),
and maximum entropy (Maxent) approaches (Phillips
et al. 2004) to achieve information about the habitat used
by brown bear. Maxent is a general-purpose machinelearning method with a simple but precise mathematical formulation that makes predictions from speciespresence-only data and environmental variables (Phillips
et al. 2006). It can be run with small sample sizes and
is well-known for ease of model explanation, making
it a suitable candidate for studying a rare species with
minimum resources available in conservation (Phillips
et al. 2006, Pearson et al. 2007, Elith et al. 2011). In this
study, we model the probability of brown bear occurrence
in the Fars Province during the feeding season, using a
combination of field surveys and Maxent modeling, to
better understand the environmental and anthropogenic

variables influencing the species’ level of reliance on resources shared with humans.

Study area
The study area is located in northern Fars Province in
the Pasargad Region of Iran and covers approximately
1,660 km2 (29°59 39 to 30°31 45 N and 52°17 35 to
52°18 58 E; Fig. 1). The area has 3 main mountain
ridges oriented northwest–southeast. Elevation ranges
from 1,600 to 3,200 m above sea level. Forests cover
73.6% of the study area, while 18.4% is rangeland, 6.4%
is under irrigated agriculture, 1.3% is under unirrigated
agriculture, and 0.3% is rocky area. Water resources, including springs, rivers, and livestock watering troughs,
are scarce and play an important role in wildlife distribution in the area. There are 2 rivers in the northern
boundary of the study area: Sooten and Ojan. The study
area is surrounded by paved and gravel roads and one
of the national roads (average traffic: 5 vehicles/min)
passes through it (Fig. 1). There are 53 villages at the
margins and 4 villages and several nomadic tribes inside the study area. The study area experiences cold to
hot semi-arid climate with a maximum temperature of
33°C in summer and a minimum of 0°C in winter. Mean
annual rainfall is 250 mm. Forest tree species include
Acer monspessulanum, Amygdalus scoparia, Ficus sp.,
Pistacia atlantica, Pistacia khinjuk, Prosopis cineraria,
and Ziziphus spina-christi; of these, P. atlantica and A.
scoparia are the dominant species. Agricultural lands and
orchards—primarily growing almond (Terminalia catappa), apricot (Prunus armeniaca), grape (Vitis vinifera),
peach (Prunus persica), plum (Prunus domestica), and
walnut (Juglans regia)—surround the study area. The
other large wildlife species in the area are leopard (Panthera pardus), striped hyena (Hyaena hyaena), wild boar
(Sus scrofa), wild (bezoar) goat (Capra aegagrus), and
wolf (Canis lupus). There is no official protection status
for the area and the land is mostly national, but approximately 8% of the study area land is privately owned.
Moreover, no regulated hunting of brown bear occurs in
Iran and poaching has seldom been reported within the
area. However, occasional retaliatory killing of bears in
response to crop damage, as well as mortalities due to
road accidents, have been reported from the area.

Material and methods
Sampling of the entire study area was not possible
given logistical and financial restrictions. To avoid bias
in sampling only in areas with better accessibility or
Ursus 29(1):13–24 (2018)
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Fig. 1. Location of the study area in Pasargad Region, Fars Province, Iran, where we conducted surveys of
24 randomly selected, 25-km2 grid cells (spring–autumn from Apr 2013 to Nov 2015) to develop a Maximum
Entropy model of potential brown bear (Ursus arctos) occurrence. The lines indicate the political boundaries
of different counties in the study area.

known higher bear densities, we used a systematic random sampling approach (Guisan and Zimmermann 2000,
Duveiller et al. 2008). Using a Universal Transverse Mercator grid system, we identified 84 sampling grid cells of
25 km2 (5 × 5 km) for organizing the field survey and
sampled 24 of these cells randomly. The grid cell size approximated 20% of the average annual home-range size
of adult female brown bears, as recommended in previous studies (Laymon and Barrett 1986, Schulz and Joyce
1992). There are no data available on home range sizes of
bears in Iran; therefore, we used mean female home-range
size from Croatia, corresponding to 107 km2 (SD = 35.7;
range = 78–147; N = 3; Huber and Roth 1993), which
was used in a brown bear habitat-modeling study in the
Central Apennine mountains (Posillico et al. 2004). The
sample included those marginal grid cells located partly
outside the study area boundary.
Ursus 29(1):13–24 (2018)

Between April 2013 and November 2015, we conducted field surveys within each of the 24 sampled cells.
During spring, summer, and autumn of each year, we
recorded any direct observation of bears or indirect evidence (footprint or scat) of their presence, and georeferenced each occasion using handheld Global Positioning System units. We visited each grid cell once per
season (i.e., 3 visits/cell); the search effort was equal and
randomly distributed across each cell to avoid bias. We
used 6 camera traps, which were moved within the 24
surveyed grid cells to assess brown bear presence. We
randomly placed one unbaited camera trap in each grid
cell for approximately 14 days for the entire study period.
We estimated brown bear diet using a combination of
scat analysis and direct observations. We identified food
items in scats collected in the sampling grids by creating a reference collection of grasses, fruit seeds (e.g., A.
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Table 1. Number and frequency of occurrence (FO) of
food items in brown bear (Ursus arctos) scat (n = 48)
collected during surveys of 24 randomly selected, 25km2 grid cells conducted spring–autumn (Apr 2013–
Nov 2015) in the Pasargad Region, Iran.
Food item
Grasses
Premature orchard fruits
Ripened orchard fruits
Animal remains
Pistacia atlantica
Amygdalus scoparia

Number

FO (%)

15
19
27
8
38
29

31
40
56
17
79
60

scoparia, P. atlantica, and orchard fruits) and animal remains. We then calculated frequency of occurrence (FO)
of each food item (Raine and Kansas 1990):
FO =

Frequency of item
×100
Total number of scats

Analysis of 48 brown bear scats in the study area revealed P. atlantica (79% FO), orchard fruits (96% FO),
and A. scoparia (60% FO) as the identified food items
with greatest FO (Table 1). Observations of brown bear
feeding also confirmed the importance of these food items
in the species’ diet. In our model, we included variables
related to the distribution of P. atlantica forests and fruit
orchards. Wild animals played a minor role in the diet, so
we did not include any variables related to animal food
resources.
We selected 10 environmental and anthropogenic variables for their potential importance in bear distribution
based on knowledge of bear ecology, diet (see above), and
the published literature (Kobler and Adamic 2000, Carter
et al. 2010, Graham et al. 2010). The environmental and
anthropogenic variables used in this study were elevation, slope, aspect, distance to water resources, distance
to roads, distance to settlements, distance to orchards,
normalized difference vegetation index (NDVI), vegetation type, and vegetation production (Kusak and Huber
1998, Kobler and Adamic 2000, Imam et al. 2009). Vegetation types included (1) P. atlantica –Amygdalus sp.; (2)
A. monspessulanum –Amygdalus sp.; (3) A. scoparia –P.
khinjuk; (4) A. scoparia –A. monspessulanum; (5) Amygdalus sp. –P. atlantica; (6) Amygdalus sp.–P. khinjuk;
(7) P. atlantica –A. scoparia; (8) P. cineraria –Ziziphus
spina-christi; (9) A. scoparia; (10) Amygdalus spp.; and
(11) Ficus sp. We measured vegetation production and
classified it in 4 classes (0–25%, 25–50%, 50–75%, and
75–100%) using NDVI.
We calculated vegetation cover density by NDVI
values from digital analysis of satellite data (IRS-P6,

LISS-III dated 11 Sep 2010, Path-072, Row-050) using
the supervised maximum-likelihood classification technique (Imam et al. 2009). We imported satellite imagery
data for the study area into ILWIS 3.0 in image format for
geometric correction. We used a 1:25,000-scale digital topographic map of the study area for creating a digital elevation model (DEM). We calculated slope and aspect layers from the DEM layer using ArcGIS 10.0 (ESRI, Redlands, California, USA) Spatial Analyst extension. We
generated other layers such as roads, settlements, water
resources, orchards, and hypsometric classes from topographic maps of the area. We used the Euclidean Distance
tool in ArcGIS 10.0 to measure the shortest distances
from bear presence points to roads, settlements, water
resources, and orchards. We produced all environmental maps with raster format using geo-statistical methods
with the same spatial resolution (30 m) and stored them in
GIS environment, then converted them to ASCII format
in ArcGIS 10.0 to run in Maxent 3.3.3k (Phillips 2005,
2008). We used the regularization multiplier value of 0.1
to avoid over-fitting (Phillips et al. 2004). The maximum
number of background points was 10,000; we used 2 feature types (Hinge-Quadratic and Hinge) to select the best
predictive model based on the largest area under the curve
(AUC; Phillips and Dudik 2008, Stabach et al. 2009). We
did not consider other features because the ones tested
avoid over-fitting of the model and are more biologically
sound (Elith et al. 2008, 2010; Kuemmerle et al. 2014;
Bleyhl et al. 2015). We used 70% of the occurrence data
for training and reserved 30% for testing model performance (Flory et al. 2012). Presence-only data usually are
used in species distribution modeling (Pearce and Boyce
2006). However, data sets of species occurrence used to
run the model are often spatially biased toward easily
accessed areas (Araujo and Guisan 2006, Phillips et al.
2009). We tried to avoid this bias by choosing systematic
random sampling, and by using kernel-smoothing techniques to correct observation bias (Tsuda and Noble 2004;
Elith et al. 2006, 2010; Horne et al. 2007; Fourcade et al.
2014). We produced bias grids by deriving a Gaussian
kernel density map of the occurrence locations, rescaled
from 1 to 20 (Elith et al. 2010).
To evaluate the importance of each environmental and
anthropogenic variable, we used jackknife analysis of
regularized training gain, AUC, and test gain (Yang et al.
2013; Fig. 2). In addition, we used the AUC of a receiver
operating characteristic plot to validate the model (Elith
et al. 2006, Phillips and Dudik 2008, Stabach et al. 2009,
Stachura-Skierczyńska et al. 2009, Anderson and Gonzalez 2011, Yang et al. 2013; Fig. 3). An AUC value
>0.9 is considered a very good model-prediction result,
Ursus 29(1):13–24 (2018)
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Fig. 2. Result of jackknife test for evaluating the relative contribution of the predictor environmental and anthropogenic variables to the Maximum Entropy occurrence model of brown bear (Ursus arctos), developed
from surveys of 24 randomly selected, 25-km2 grid cells in the Pasargad Region, Iran, conducted spring–
autumn from April 2013 to November 2015. AUC is area under the curve; NDVI is normalized difference vegetation index.

Ursus 29(1):13–24 (2018)
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Fig. 3. Receiver operator characteristic curve of sensitivity versus specificity of brown bear (Ursus arctos)
habitat, used to validate the Maximum Entropy occurrence model developed from surveys of 24 randomly
selected, 25-km2 grid cells in Pasargad Region, Iran, conducted spring–autumn from April 2013 to November
2015. AUC is area under the curve.

while scores of 0.7–0.9 are considered good, and AUC
<0.7 are considered uninformative (Baldwin 2009). We
calculated permutation importance, specified by changing the predictor’s values between presence and background points and observing the affected AUC, for each
variable (Songer et al. 2012). We used the logistic output format because it can be considered as estimating a
species’ presence probability and it improves model calibration (Phillips and Dudik 2008, Stachura-Skierczyńska
et al. 2009, Elith et al. 2011). Maxent uses weights associated with environmental and anthropogenic variables to
maximize the average probability of the point localities,
notified as the training gain, and to compute the distribution over the entire studied geographic space (Buehler and
Ungar 2001, Phillips 2005, Stachura-Skierczyńska et al.
2009). The final potential species distribution map has a
range of values from 0 to 1, which are classified into 4
categories of potential habitats including ‘high potential’
(>0.6), ‘good potential’ (0.4–0.6), ‘moderate potential’
(0.2–0.4), and ‘least potential’ (<0.2; Phillips 2005, Yang
et al. 2013).

Results
We recorded 121 locations of brown bear presence during the feeding seasons (spring, summer, and autumn)

from April 2013 to November 2015 in 24 grid cells across
the study area. We also captured 19 photos of bears by
camera traps in 350 trap-nights of effort.
Results of AUC for hinge and hinge-quadratic features
were 0.764 and 0.848, respectively. Therefore, we selected the hinge-quadratic feature as the best model for
predicting brown bear occurrence. The Maxent model
predicted a map of brown bear occurrence based on available data sets with mean AUC of 0.848, which shows
good discrimination capacity of the model (Fig. 3). Distance to water resources was the most influential of the
environmental and anthropogenic variables in the Maxent model, contributing 54.1% to the model’s response;
distance to roads, aspect, and vegetation type contributed
16.1%, 7.6%, and 5.9%, respectively (Fig. 2). The jackknife test of variable importance in the model showed the
largest gain when distance to water resources was used
in isolation. Distance to water resources decreased gain
the most when it was omitted, indicating that this variable
contained information not present in any other variables
(Fig. 2). Response curves (Fig. 4) show how each environmental and anthropogenic variable responded to predicted occurrence, and also their correlation with other
variables. The classified predicted distribution map (Fig.
5) indicates an area of 581 km2 (35%) of the Pasargad
Region has high to good potential; 86% of this area is
Ursus 29(1):13–24 (2018)
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Fig. 4. Response curves of the most influential predictors for brown bear (Ursus arctos) occurrence in Pasargad Region, Iran, as derived from the Maximum Entropy model developed from surveys of 24 randomly selected, 25-km2 grid cells conducted spring–autumn from April 2013 to November 2015.

Ursus 29(1):13–24 (2018)

20

WATER PREDICTS BROWN BEAR OCCURRENCE IN IRAN r Ansari H. and Ghoddousi

Fig. 5. The classified predicted distribution map of brown bear (Ursus arctos) in Pasargad Region, Iran, as
derived from the Maximum Entropy model developed from surveys of 24 randomly selected, 25-km2 grid cells
conducted spring–autumn from April 2013 to November 2015.

located within 2 patches larger than an average female
bear home range (107 km2 ). Approximately, 697 km2
(42% of the area) showed medium potential, while 382
km2 (23%) showed the least potential for brown bear occurrence.

Discussion
Although brown bears show a wide range of responses
to environmental and anthropogenic variables throughout
their global range (Apps et al. 2004), our study suggests
water is the most important predictor of brown bear distribution in arid landscapes. Water scarcity is among the
most vital issues for wildlife and especially large carnivores in arid regions (Abade et al. 2014). The strong association of bear presence close to surface water within this
study area suggests water management is important in

wildlife conservation in arid environments; this supports
findings from studies of bears in Europe and North America as well (Stratman et al. 2001, Mertzanis et al. 2008).
Although water is widely available in most of the brown
bear’s global range, it has also been reported as a determinant variable in northern Pindos, Greece (Mertzanis
et al. 2008). Fars Province is probably the southernmost
extent of brown bear distribution in the world (McLellan et al. 2017) and water availability may have been
the limiting factor in range extension of this species further to the south. With continued aridization of Iran due
to climate change (Kousari et al. 2011), the geographic
range of brown bears may be expected to further contract. Although 25 water bodies were known to exist in
the study area, many of them have dried up in recent years
because of drought, and bears have restricted access to
the few remaining water sources because of presence of
Ursus 29(1):13–24 (2018)
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nomadic tribes near those springs. Therefore, conservation initiatives must overcome this constraint by allocating fair access to the water resources for local communities and wildlife. Providing access to water for wildlife
may also reduce conflict between carnivores and humans.
In our model, distance to roads contributed negatively
to brown bear occurrence. Roads facilitate human access
to brown bear habitats and may reduce habitat quality
through use of shared resources. Clevenger et al. (1992)
found distance to the nearest paved roads as an important
predictor in Cantabria Mountains of northern Spain and
Mueller et al. (2004), also reported that bears avoided
roads in North America. Most of the orchards and farms
in our study area are flood-irrigated, and agricultural
lands can provide bears with sources of food and water even though bears avoid human presence. Such areas
are known to play an important role as seasonal key food
resources (Mertzanis et al. 2008, Qashqaei et al. 2014)
despite the fact that they pose a threat to bears’ survival
as a result of lethal control methods used by the farmers (Qashqaei et al. 2014). Peters et al. (2015) also noted
that selection of orchards by bears can increase the conflict in Central Europe and this has been observed also in
black bears (U. americanus) in Montana, USA (Merkle
et al. 2013). Brown bears’ preference for higher elevations, where human access is limited, was apparent in our
model. Other studies have also found that brown bears
prefer densely forested areas further away from settlements (Kobler and Adamic 2000) and reported that there
are high probabilities of finding bears at higher elevations
(Apps et al. 2004, Posillico et al. 2004). On our study site,
P. atlantica and A. scoparia forests provide food (based on
results of scat analysis) and cover for brown bears to evade
human detection. The forests of the Zagros Mountains
are threatened by continued droughts, extensive land-use
changes, wildfires, and disease outbreaks in recent years
(Sagheb-Talebi et al. 2014). Therefore, conservation of
brown bears will require long-term protection of fragile
forests of the Zagros Mountains, including limitation of
human exploitation pressure, which should be regarded
as a conservation priority.
Although our model discrimination is good and the
roles of the variables tested are plausible regarding habitat requirements of brown bear in arid areas, we recognize limitations of our field survey and analysis, which
limits interpretation of our results. Our diet analysis is
based on a small number of scats, and the total signs or
observations of bears collected during the study are also
rather limited. We believe this is due to studying a carnivore at the edges of its global distribution. Brown bear
population density is low and bear sign is difficult to loUrsus 29(1):13–24 (2018)
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cate. Moreover, this species is rather elusive as a result
of human–bear conflict, which further hinders location of
scat and other signs (Qashqaei et al. 2014). We acknowledge that inferences made based on such small samples
may be weak and incomparable to the studies in North
America or Europe. Also, animal remains in bear diet
were ignored in this study, which were related to livestock. However, there were no reports of bear attacks on
livestock in the study area, suggesting that bears were
only scavenging livestock carcasses (Decak et al. 2005,
Kunovac et al. 2008). Livestock pastoralists in our study
area use shepherds and guard dogs to protect their herds
day and night, and therefore, the chance of bear attacks
on livestock is minimal. Unfortunately, we were unable to
assign a variable for this food component in the bear diet.
However, proximity to farms may influence scavenging
behavior of bears as well.

Management recommendations
Our study suggests that brown bear habitat in the Pasargad Region retains the characteristics to support a number
of bears; however, with continued aridization of the region, water scarcity and conflict with local people might
threaten the survival of this phylogeographically distinct
population (Kousari et al. 2011, Ashrafzadeh et al. 2016).
This study can serve as a major spatial analysis of brown
bear habitat distribution to assist conservation planning.
The 2 habitat patches with high to good bear-occurrence
probability values identified in this study may function
as the core zones of a protected area within the Pasargad Region. Unfortunately, the road passing through the
study area separates these 2 patches. However, our study
may also provide conservation managers evidence to support efforts to secure underpasses for bear movement between these 2 patches. Other recommended short-term
measures that would have immediate effects are collaborative management of shared water resources by different
stakeholders during the drought conditions, such that both
local communities and wildlife would prosper. Such activities include supporting and involvement of the local
communities in installation of water troughs for livestock
and wildlife, restoration of depreciated springs, and management of the time and place of water use by resident
and nomadic herders in the region.
Also, we recommend adoption of non-lethal mitigation methods in human–bear conflict, including installation of electric fences around orchards and insuring
farms against bear attacks by a community-managed
or community-operated insurance program. Moreover,
avoiding expansion of the existing road system and
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restricting forest activities during the denning season are
necessary. Long-term measures in conservation of brown
bear include collaborative management and protection of
its habitat (P. atlantica forests) by the local communities and governmental authorities. This can be achieved
by controlling harvest of forest products and livestock
grazing, restricting changes in land use, and increasing
public awareness and educating local communities about
human–bear conflict.
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