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ABSTRACT

Tiirkiye, with its rich biodiversity and unique climatic/topographic characteristics, serves as a
land bridge between Asia and Europe. Brown bear (Ursus arctos) is the largest carnivore species
in Anatolia. Unfortunately, due to climate change and landscape transformation, brown bear
habitats are fragmenting and becoming increasingly isolated, posing a significant conservation
concern for the species' future. This thesis comprises the chapters examining the various
ecological facets of brown bears across Tiirkiye. Considering bioclimatic, topographic, and
anthropogenic environmental variables, the distribution of brown bears across the country was
estimated using an ensemble modeling approach. Potential habitat suitability under different
climate change scenarios was also investigated. The results indicate bears are primarily
distributed in the Euro-Siberian biogeographic region, followed by Irano-Turanian, and
Mediterranean. Climate change is expected to lead to a substantial loss of brown bear habitats.
Additionally, it is projected that established protected areas might become insufficient to
safeguard the species in the face of future habitat loss, leading to a conservation gap. I modeled
the structural connectivity of brown bear habitats across the country, identified priority linkages
and core patches, and discussed the potential impact of climate change on the ecological
network of brown bears across Tiirkiye. Ultimately, the Western Black Sea and Eastern
Anatolia core patches exhibited a relatively intact structure, while the Mediterranean region was
identified as critical in terms of habitat configuration and fragmentation. Climate change is
predicted to have significant impacts on brown bear ecological network. Then, I analyzed the
spatiotemporal dynamics of human-brown bear conflict across Tiirkiye. A conflict risk map was
generated, and the role of protected areas in mitigating conflict was evaluated. The findings
revealed significant variations in conflict frequency by years, seasons, bear seasons, and
regions. Conflict risk was found to be particularly high along the Black Sea coast and Eastern
Anatolia. The primary cause of human-bear conflicts was identified as the confinement of bears
to areas, with limited resources, leading them to seek anthropogenic food alternatives.
Additionally, the peripheries of protected areas represented hotspots for human-bear conflict.
In the next chapter, I analyzed the population structure and genetic variation of brown bears
across Middle East. Results indicated that the Sarikamis population exhibited a more isolated
pattern and lower genetic diversity compared to the Western, Eastern, and Iranian populations.
However, high genetic variation was detected across the region. Furthermore, environmental
heterogeneity and geographic distance were identified as significant patterns driving the genetic
differentiation of populations. Lastly, considering the findings from all preceding chapters, I
discuss pro-active wildlife management approaches that promote coexistence. This
comprehensive study aims to provide a holistic conservation approach for brown bears by
examining their suitable habitats, ecological connectivity, population structure, strategies to
mitigate human-bear conflict, and climate adaptation strategies. My results highlight the urgent
need for effective conservation measures to safeguard Tiirkiye’s brown bears in the face of
climate change, habitat loss, and human-bear conflict.
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OZETCE

Tiirkiye zengin biyogesitliligi ve barindirdigi klimatik/topografik 6zellikleriyle Asya ve Avrupa
arasinda onemli bir kara kopriisiidiir. Bozayilar (Ursus arctos) Tirkiye boyunca dagilim
gosteren en biiylik karnivorlardir. Ne yazik ki iklim degisikligi ve arazi doniistimii nedeniyle
bozayilarin habitatlar1 giinden giine pargalanarak izole hale gelmekte ve bu durum tiirlin
gelecegi acisindan 6nemli bir koruma endisesi yaratmaktadir. Bu tez, Tirkiye genelindeki
bozayilarin gesitli ekolojik ydnlerini inceleyen farkli boliimlerden olusmaktadir. Ilk kisimda,
biyoklimatik, topografik ve antropojenik degiskenler kullanilarak bozayilarin iilke boyuncaki
dagilimlar1 ekolojik nis modellemesi yaklagimiyla modellenmis ve cesitli iklim degisikligi
senaryolar1 kullanilarak gelecekteki potansiyel habitat uygunluklar1 incelenmistir. Buna gore,
en yaygin dagilim, sirasiyla, Avrupa-Sibirya, Iran-Turan ve Akdeniz biyocografik bolgelerinde
goriiliirken, iklim degisikliginin bozay1r habitatlarinda O6nemli bir kayba yol agacag:
tahminlenmigtir. Dahasi, mevcut korunan alanlarin ise gelecekteki habitat kayb1 géz oniinde
bulunduruldugunda yetersiz kalarak bir koruma bosluguna yol agacag1 éngoriilmiistiir. Ikinci
kisimda, ekolojik nis modelleme ¢iktilar1 kullanarak bozayi habitatlarinin iilke boyuncaki
yapisal baglantisalligi modellenmis, 6ncelikli koridor ve ¢ekirdek habitatlar tespit edilmistir.
Ek olarak, iklim degisikliginin yakin gelecekte bozayilarin Tiirkiye boyuncaki ekolojik agina
potansiyel etkisi tartisilmistir. Nihayetinde, Bati Karadeniz ve Dogu Anadolu c¢ekirdek
habitatlar1 gorece biitlinliiklii bir yap1 sergilerken Akdeniz bdlgesinin 6zellikle yapisal
baglantisallik a¢isindan durumunun kritik oldugu ve iklim degisikliginin yakin gelecekte
bozayilarin ekolojik baglantisallig1 lizerine 6nemli etkileri olacagi tahminlenmistir. Tezin bir
diger boliimiinde ise, iilke boyuncaki insan-bozayi catismasinin zamansal ve mekansal
dinamikleri incelenerek, catisma risk haritasi ¢ikarilmis, bu baglamda korunan alanlarin rolii
degerlendirilmistir. Sonuglara gore, ¢catisma frekanslar1 yillara, mevsimlere, ay1 periyotlarina ve
bolgelere gore anlaml farkliliklar sergilerken, ¢atisma yogunlugunun ise 6zellikle Karadeniz
sahilleri ve Dogu Anadolu boyunca arttig1 tespit edilmistir. insan-bozay1 ¢atigmalarmin altinda
yatan temel faktOriin ise bozayilarin yetersiz kaynak igeren sinirli alanlara hapsolmasi sonucu
insan iligkili besin arayisina girmesi oldugu goriilmiis ve korunan alanlarin etraflariin insan-
bozay1 ¢atigsmasi agisindan sicak noktalar1 temsil ettigi bulgulanmistir. Bir sonraki boliimde,
Orta Dogu’daki bozayilarin popiilasyon yapisi ve genetik cesitliligi analiz edilmistir. Sonuglara
gore, Sartkamis populasyonunun, Bati, Dogu ve Iran populasyonlarma kiyasla her ne kadar
daha izole bir patern ve diisiik genetik ¢esitlilik sergiledigi gortilse de, bdlge boyunca genetik
varyasyonun yiiksek oldugu tespit edilmistir. Dahasi, ¢evresel heterojenite ve cografik uzakligin
populasyonlarin genetik farklilagmasinda anlamli rolleri oldugu tespit edilmistir. Tez
caligmasinin son boliimiinde ise tiim bu edinilen veriler 15181nda, birlikte yasami destekleyecek
proaktif yaban hayat yonetim yaklagimlari tartisilmistir. Sonug olarak, bu ¢alisma bozayilarin
uygun habitatlarini, ekolojik baglantisalligini, populasyon yapisini, insan-bozay1 ¢atismasini
hafifletme yollarin1 ve iklimsel uyum stratejilerini tartigarak biitlinliikli bir koruma yaklagimi
sunmay1 amaglamistir. Calisma bozayilarin iklim degisikligi, habitat kayb1 ve insan-ay1
catigmasina kars1 etkili koruma 6nlemlerine ihtiya¢ oldugunu vurgulamaktadir.
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Chapter 1

1. General Introduction

Brown bear (Ursidae, Carnivora) is one of the most widely distributed terrestrial
carnivores throughout Europe, Asia, and North America. Their number worldwide is estimated
to be more than 200,000 individuals (McLellan et al., 2017). Brown bear is a generalist species.
This opportunistic omnivore has high dietary plasticity (Trujillo et al., 2022), and a flexible
trophic niche. Plant roots, grasses, leaves, fleshy fruits, hard mast, insects, fish, birds, reptiles,
and mammals comprise their diet, but they Falso feed on carrion (Penteriani & Melletti, 2020).
They have no natural non-human predators except in specific incidental cases. Brown bears
prey on many species and keep some of these prey populations in check (Niedziatkowska et al.,
2019), so they provide important indirect ecosystem functions (Diserens et al., 2020). In
addition to that, they provide many other ecosystem services such as seed dispersal, and
ecosystem engineering (Garcia-Rodriguez et al., 2021; Zysk-Gorczynska et al., 2015). They
have large area requirements that cover the home ranges of many other species, so brown bears
are also defined as an umbrella species (Linnell et al., 2000). They have adapted to very
different climates and topographic features. Throughout their distributional range, they can live
in a diversity of biomes such as forests, shrublands, tundra, grasslands, and deserts (McLellan
et al., 2017). They are distributed from sea level to altitudes above 5,000 meters (Garshelis,
2022). Furthermore, these iconic species are also flagships for conservation efforts due to their
ecological importance and charisma (Ashrafzadeh et al., 2019). However, brown bears’ slow
population growth makes their populations highly vulnerable to long-term changes in

environmental conditions (Ripple et al., 2014).

Rapid industrialization, urbanization, and continuous population growth present two of
the most formidable challenges to our planet: climate change and biodiversity crisis (Bellard et
al., 2012; Sekercioglu et al., 2011a; Urban, 2015). It is estimated that a large proportion of plant

and animal species will face serious range shifts and global extinctions if the temperature
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increases continue to rise at their current rates that are substantially higher compared to pre-
industrial levels (IPCC, 2014). Simultaneously, extensive human land use practices are causing
substantial changes in land cover and resulting in significant habitat loss (Powers and Jetz,
2019). Anthropogenic factors such as deforestation are the main drivers of the destruction of
habitats (Pecl et al., 2017; Tucker et al., 2018). These two major forces, climate change and
landscape transformation, often disrupt critical aspects of a species’ viability, such as feeding,
denning, and reproductive areas (Gonzalez-Bernardo et al., 2020a; Penteriani et al., 2019). The
changes in a species’ behavior and distribution, have profound effects on entire ecosystems
(Dar et al., 2021; Martinez Cano et al., 2016; Zarzo-Arias et al., 2019). Consequently, brown
bears suffer from these changing conditions. For these reasons, it is estimated that brown bears,
which have already lost a large part of global their distribution in the last 150 years (Servheen,
1990), will experience serious range contractions in the future as well (Su et al., 2018; Dai et
al., 2021a; Ashrafzadeh et al., 2022; Dai et al., 2019a; Dar et al., 2021; Penteriani et al., 2019;
Mohammadi et al., 2021). This habitat fragmentation also disrupts the connectivity between
suitable habitats. However, landscape connectivity is highly important for wildlife (Crooks et
al., 2011). Connectivity between different core patches means high gene flow, which promotes
genetic diversity, enhancing the adaptation ability of populations, dispersal, colonization
success, and chances of long-term survival (Mohammadi et al., 2021; Calderon et al., 2024;
Benazzo et al., 2017; Smith et al., 2020). However, it should be noted that despite all the
mentioned threats, brown bear has high ecological flexibility and they often develop
behaviorally plastic responses to human impact (Martin et al., 2010). However, disappearing
suitable habitats and natural resources force brown bears to adapt to new areas, most of which
are severely modified by people, making human-brown bear conflict (HBC) inevitable. The
accessibility and abundance of anthropogenic food sources, such as open landfills, orchards,
and beehives, exacerbate this problem even further. In addition to increasing brown bears'
vulnerability to anthropogenic and natural environmental changes, this predicament also fosters
negative attitudes toward their conservation. Therefore, determining the factors contributing to
HBCs and improving conservation strategies geared towards fostering co-existence are critical

for the persistence of brown bear populations and healthy ecosystems.

In order to plan effective wildlife management strategies, it is crucial to thoroughly
understand the habitat suitability dynamics of brown bears and the factors influencing their

ecology, both presently and under changing conditions. It also requires insights into the
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ecological networks of the species and the identification of priority areas for their conservation.
Additionally, comprehending the spatiotemporal dynamics of human-bear conflicts is essential
for devising effective conservation plans. Therefore, this thesis aims to investigate the various
aspects of the interactions between this charismatic species, human activities, and the changing
environment within the unique ecosystems of Tiirkiye, which are facing a severe biodiversity

crisis (Sekercioglu et al., 2011a, b), compounded by the impacts of climate change.

1.1. Aim and Rationale of The Thesis

The core of this thesis is based on a field research on brown bears across Tiirkiye. The
six separate chapters include ecological niche modeling, connectivity modeling, the assessment
of human-brown bear conflict, population genetics, and the conservation implications of my

findings.

In Chapter 2, I conducted ecological niche modeling of brown bears across Tiirkiye
using occurrence records obtained from fieldwork. With the ensemble modeling approach, I
estimated the current potential distribution of brown bear using bioclimatic, topographic, and
anthropogenic variables, and discussed the roles of these predictors. Furthermore, I projected
the potential habitat suitability of brown bear in the near future, taking into account different
climate change scenarios, and examined the effectiveness of established protected areas in

terms of habitat suitability of brown bear.

In Chapter 3, I modeled the structural connectivity of brown bears across the country by
combining ecological niche modeling and connectivity modeling. While the quality of core
patches and their linkages and prioritized conservation areas were determined, the impacts of

climate change on bears’ future ecological network were examined.

The focus of Chapter 4 is human-brown bear conflict in Tiirkiye. News media articles
between 2017 and 2023 were compiled and the spatiotemporal dynamics of HBCs were
discussed. Furthermore, conflict risk modeling across the country was performed using conflict
event locations and bioclimatic and anthropogenic variables that have the potential to direct

HBC:s.

In Chapter 5, RAD-Seq was performed with the DNA samples extracted from scats,

bloods and tissues of brown bears throughout Anatolia and Iran, and the population structure,
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genetic diversity and isolation patterns were examined with this genome-wide data. This
chapter provides preliminary insights into the population genetics of brown bears across

Southwest Asia.

In Chapter 6, I discussed the conservation implications in light of the findings, made
suggestions for the future, and addressed the main points of effective wildlife management for

brown bears.

1.2. Study Area

As a mountainous country in southwestern Asia, Tiirkiye (35-42° N and 25-45° E) plays
a pivotal role as a vast land bridge connecting the Eastern Palearctic to Europe. Tiirkiye covers
783,562 km?, 97% of its surface area in Asia and 3% in Europe. The country has two main
montane belts, including North Anatolian mountain chains and the Taurus mountains south of
the study area. They represent big barriers and separate the inner and coastal parts of the
country. The topographic surface of it is highly rugged with the altitude ranging from -2 m to
5,137 m a.s.l. (mean 1,130 m).

The country’s diverse range of geology, plant communities, and climatic zones provides
critical habitats for various animal species. Tiirkiye encompasses three of the world’s thirty-six
biodiversity hotspots: Caucasus, Irano-Anatolian, and Mediterranean basin (Sekercioglu et al.,
2011; Noroozi et al., 2019; Giir, 2022). The country hosts more than 20,000 animal species and
~11,000 vascular plants, one-third of which are endemic (Ergiiner et al., 2019;
https://www.iucn.org/content/biodiversity-turkey). Tiirkiye is also covered by three different
biogeographic regions, Euro-Siberian, Irano-Turanian, and Mediterranean, which differ from
each other due to their climatic and topographic properties (Noroozi et al., 2019). Although
there are transition zones between them, each region has different vegetation regimes,
geographical characteristics, and human usage patterns (Noroozi et al., 2019). Climate change
is expected to affect each region differently (Ozturk et al., 2015; Demircan et al., 2017).
Tiirkiye’s climate regimes contain temperate, continental, and Mediterranean climates in
northern, central, and southern parts, respectively (Akman & Ketenoglu, 1986). While annual
precipitation varies highly among the regions, the average precipitation is 618.9 mm (MGM,
2022). The region with the highest precipitation is Eastern Black Sea, and the region with the

least precipitation is Southeastern Anatolia. Between 1970-2022, the annual average minimum
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temperature was 7.9 °C, and the average maximum temperature was 19.2 °C (MGM, 2022).
Unfortunately, Tiirkiye is estimated to experience a temperature increase of 0.5 to 1.5 °C in the
by 2037 (Dalfes et al., 2007) and is seriously affected by climate change (Ozturk et al., 2015;
Newbold et al., 2020).

Mediterranean climate prevails in the Mediterranean biogeographic region. It is
characterized by dry summers, warm and rainy winters, and irregular precipitations. According
to the K&ppen Climate Classification, while Csa (Hot-Summer Mediterranean) and locally Csb
(Warm-Summer Mediterranean) climate classes are common throughout Western Anatolia,
Dsa (Hot-Summer Mediterranean Continental) climate class can be seen throughout the
southern regions. From sea level to higher elevations, macquis and Turkish pine forests (Pinus
brutia Ten.) give way to black pine (Pinus nigra) and cedar forests (Cedrus libani A. Rich.),
respectively. Apart from them, pine (Pinus pinea L.), Taurus fir (Abies cilicica Carr),
Mediterranean cypress (Cupressus sempervirens L.), junipers (Juniperus L.), common yew
(Taxus baccata L.), hawthorn (Crataegus L.), Taurus fir (Abies cilicica), and oak (Quercus L.)
species comprise the other members of the tree community. At higher altitudes, tree-line gives
way to alpine meadows. Apart from brown bears, other mammalian carnivorous species,
including gray wolf (Canis lupus), golden jackal (Canis aureus), Eurasian lynx (Lynx lynx),
caracal (Caracal caracal), red fox (Vulpes vulpes), wild cat (Felis silvestris), jungle cat (Felis
chaus), beech marten (Martes foina) and marbled polecat (Vormela peregusna) live in the
Mediterranean basin. Additionally, ungulate species such as fallow deer (Dama dama), red deer
(Cervus elephus), roe deer (Capreolus capreolus), wild boar (Sus scrofa), wild goat (Capra

aegagrus) are also important components of the mammal community.

In the Euro-Siberan region, climate characteristics are complex and diverse. A
transitional climate prevails in the parts of the region covering Marmara. In this region, the
influence of the Mediterranean climate in the south decreases towards the north. The Euxinian
climate, characterized by high precipitation during all months, is observed throughout the Black
Sea region (Colak & Rotherdam, 2006). Continental climate manifests itself in the inner parts
of the mountain ranges that form a set parallel to the Black Sea coast. This region contains
approximately one-third of Tiirkiye’s forests and is the region with the most forests in the
country. Broad-leaved forests extend along the Black Sea coast from the Istranca Mountains to

the Georgia border. Beech (Fagus sp.), chestnut (Castanea sativa, Mill), linden (Tilia sp.), oaks
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(Quercus sp.), maple (Acer L.), ash trees (Fraxinus excelsior L.), junipers (Juniperus L.), alder
(Alnus sp.), hornbeam (Carpinus betulus L.), and poplar trees (Populus L.) are important
members of the forest composition here. Furthermore, the coniferous members that exist in
mixed forest at low altitudes and in coniferous forests at high altitudes are Turkish pine, black
pine, oriental spruce (Picea orientalis), fir trees (Abies nordmanniana), and Scots pine (Pinus
sylvestris). There is high food richness for bears in this region. Cherries (Prunus sp.), berries
(Fragaria vesca), blackberries (Rubus fruticosus), chestnuts (Castanea sativa), cranberry
(Vaccinium sp.), mulberry (Morus sp.), plums (Prunus sp.), hazelnuts (Corylus avellana),
walnuts (Juglans regia), apples (Malus domestica), rosehips (Rosa canina), and many other
fruits are part of the bears’ diet. Apart from brown bears, large or meso carnivores such as gray
wolf, golden jackal, lynx, wildcat, red fox and ungulate species including wild boar, red deer,

roe deer, chamois (Rupicapra rupicapra), and wild goat live in the region.

The Irano-Turanian region covers Central and Eastern Anatolia. In this region with a
high endemism rate (Noroozi et al., 2019), mostly continental climate prevails. It is
characterized by low precipitation, hot and dry summers as well as cold winters and high diurnal
temperature differences. However, it has substantial diversity at the micro-scale. For example,
according to the Koppen Climate Classification, the mountainous regions of Eastern Anatolia
have Dsb (Warm-Summer Mediterranean continental) climate class, while moving towards
Northeastern Anatolia, the climate is mostly Dfb (Warm-Summer Humid continental), and Dfc
(Subarctic) at higher altitudes. In the Southeastern Anatolia region and its surroundings, Csa
climate class (Hot-Summer Mediterranean) prevails. The elevation dramatically increases from
west to east in the region. Steppe plant communities mostly prevail in Central Anatolia. The
forest cover in the region is quite low compared to the other two regions. Forests area mainly
mixed and evergreen coniferous. Oak (Quercus sp), black pine (Pinus nigra), Scots pine (Pinus
sylvestris), junipers (Juniperus sp.) and hornbeam (Carpinus sp.) are the main members of the

tree community. At higher altitudes, there are large montane meadows.
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Chapter 2

2. Ecological Niche Modeling of Brown Bears Across Tiirkiye

2.1. Introduction

Species occupy both geographical and environmental space, influenced by biotic and
abiotic factors, as well as species inherent traits, such as adaptability and mobility (Soberon &
Peterson, 2005). Species distribution modeling (SDM), also known as ecological niche
modeling (ENM), is a critical tool to decipher how these factors shape species distribution
patterns. ENM delineates environmental space using key environmental predictors, which are
then projected onto geographical space (Sillero et al., 2021). It offers invaluable insights into
habitat vulnerability, connectivity, and forecasting the impact of climate change (Penterani et
al., 2019; Dar et al., 2021; Mohammadi et al., 2021). There are many definitions of ecological
niche from past to present. While Grinnel defined the niches as a feature of the environment
(Grinnel, 1917), Elton defined the niche as a feature of the ecosystem, taking into account
bionomic variables (Elton, 1927). Hutchinson categorized the ecological niche, which he
defined as a feature of species, into fundamental niche and realized niche, and stated it as n-
dimensional hypervolume (Hutchinson, 1957). While Soberon & Peterson, (2005) define a
niche by considering abiotic factors (e.g., climate, topography, soil characteristics, etc.), biotic
factors (e.g., competition, parasitism, etc.), and the movement abilities of species, they have
further clarified the difference between the fundamental and realized niche. Accordingly, while
the fundamental niche is the entirety of the ideal living conditions of a species, the realized
niche represents the area at the intersection of all three factors and provides a snapshot of the
ecological and environmental conditions experienced by the species at any given time (Soberon

& Peterson, 2005).

Although there are different ENM models such as mechanistic, correlative, and hybrid,
the most frequently used ones to predict the realized niche are correlative models. Correlative
models are divided into three main categories depending on the occurrence record type: 1)
presence-absence models, ii) presence-background models, and iii) presence-only models

(Sillero et al., 2021). During fieldwork, the strategy for collecting data on the presence and
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absence of the target species is essential. Mostly, only presence data is used in ENMs because
it requires much more extensive observations to conclude that a species is absent from an area.
This means much more time in the field and long-term monitoring efforts, and therefore more
resources are needed. On the other hand, the discrimination capacity and model accuracy of
presence-absence models between occupied and non-occupied areas depend on the absence
records as well as the presence ones (van Proosdij et al., 2016). Thereby, artificial absence
points are generated as a strategy. Presence-background models generate habitat suitability by
comparing existing background with the environmental conditions in which the occurrence
record was collected, and they do not require any absence data. Lastly, in presence-only models,

only presence data is used (Sillero et al., 2021).

With their adaptability, omnivorous diet, and wide-ranging mobility, brown bears
(Ursus arctos) inhabit diverse ecological niches across Tiirkiye. Their habitats span a wide
range of elevations and include mixed shrublands, mixed and evergreen coniferous forests,
broad-leaved forests, and open rocky areas (Ambarli et al., 2016). Given their ecological
significance and trophic role, brown bears serve as an ideal model for upscaling local habitat
models (Scharf & Fernandez, 2018). Unfortunately, brown bears, a species with slow
population growth and large body size, are predicted to be highly sensitive to climate change in
the future (Ashrafzadeh et al., 2022; Dai et al., 2021a; Dar et al., 2021; Penteriani et al., 2019;
Su et al., 2018). Considering Tiirkiye’s vulnerability to climate change (Ozturk et al., 2015), it
can be expected that there will be a similar fate for Anatolian brown bears. In addition, human-
brown bear conflict across the country has increased in recent years as a result of the growing
human population and consumption, and the concomitant decrease in bear habitat size and
quality (see Chapter 4). As they lose their favorable habitats, brown bears, which have relatively
higher adaptability to human-related factors, wander around the areas close to human
settlements, orchards, and pastures (Cozzi et al., 2016; Zarzo-Arias et al., 2021; Kemahl1 et al.,
2023). Until now, there has been limited ecological information available about brown bears in
Tiirkiye (Can & Togan, 2004; Ambarli, 2016; Ambarli et al., 2016; Cilingir et al., 2016; Cozzi
et al., 2016; Ambarli et al., 2018; Suel, 2019; Tavsanoglu et al., 2021; Dagtekin et al., 2023;
Kemahli et al., 2023), and no comprehensive data exists regarding their ecological niche
throughout the country. For all these reasons, examining the current distribution of brown bears
across the country and the effects of climate change on their habitat suitability is important to

improve effective conservation strategies for the future.
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This chapter aims to achieve three primary objectives: (1) determine the current
potential distribution of brown bears across Tiirkiye; (2) project and assess potential habitat
suitability under various CO; emission scenarios for both 2050 and 2070; (3) reevaluate the
efficacy of established protected areas in light of the habitat suitability of brown bear habitats,

considering both present day and future conditions.

2.2. Materials and Methods
2.2.1. Data Collection

The data obtained to perform ENM is of great importance for a good estimation. For
instance, the sampling design should cover the entire study area, data acquisition should occur
homogeneously, and there should be no bias in terms of the predictors to be used, such as habitat
types, and climate conditions (Syfert et al., 2013; Inman et al., 2021). For this reason, it is
important to know the ecology of the target species well before sampling. Between May 2020
and October 2021, I conducted extensive fieldwork with our research team to gather data on
brown bear signs across Tiirkiye (Fig. 2.1). The data collection process involved a systematic
random design, leading to the recording of 608 presence points (Fig. 2.2). The presence points
were determined based on various signs such as footprints, rubbing tree, hair samples and scat
samples (Fig. 2.1). To record the precise geographical coordinates of the occurrence records,

we employed ArcGIS Survey123 (ESRI, USA).

Figure 2.1: Presence signs of brown bears including a rubbing tree, footprints, and scat
samples.
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Figure 2.2: Occurrence records (n = 608) in the study area and the borders of the biogeographic
regions.

In SDMs, the clustering level of occurrence points creates bias and causes noise in the
model (Aiello-Lammens et al., 2015). To prevent this and to homogenize the species
distribution, thinning approaches are applied (Naimi et al., 2014; Aiello-Lammens et al., 2015).
This filtering can also be performed by taking environmental criteria into consideration and
may give better results (Varela et al., 2014). Spatial autocorrelation (SA) is based on Tobler’s
Law (Tobler, 1970), which states that everything is related to everything else, and that nearby
things are more closely related than distant things. Spatial autocorrelation can generate bias,
causing over-fitting or inflated performance metrics (de Oliveira et al., 2014; Wenger & Olden,
2012). For all these reasons, to mitigate potential spatial clustering effects, I utilized the Mantel
test, implemented using the ecospat package (Boavida et al., 2016; Broennimann et al., 2018).
The spatial correlogram for environmental predictors reveals a positive autocorrelation in
occurrence records extending up to 21.83 km (Fig. 2.3). Consequently, only 87 occurrence
records were retained by considering the mentioned distance as the final dataset for the

subsequent ENM (Fig. 2.4).
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Figure 2.3: Minimum and average (dashed line) non-significant autocorrelated distances of
variable predictors.

Figure 2.4: The presence records as a final dataset (n = 97) after spatial filtering.



12
Chapter 2: Ecological Niche Modeling of Brown Bears Across Tiirkiye

2.2.2. Environmental Variables

Table 2.1: Environmental variables used for ecological niche modeling of brown bears in
Tirkiye. The bold variables were selected to run the final model.

Category Database Predictors Unit Source
Bioclimatic Worldclim BIO1, Annual Mean °C
Temperature
B102, Mean Diurnal Range °C
BIO3, Isothermality -
BIO4, Temperature Seasonality °C
BIOS, Max Temperature of °C
Warmest Month
BIOG6, Min Temperature of Coldest | °C
Month
BIO7, Temperature Annual Range °C
BIOS8, Mean Temperature of °C
Wettest Quarter
BIOY, Mean Temperature of °C
Driest Quarter
BIO10, Mean Temperature of °C
Warmest Quarter https:/www.worldclim.org/data/cmip6/cmip6_clim2.5m.heml
BIO11, Mean Temperature of °C : . : - o
Coldest Quarter
BIO12, Annual Precipitation mm
BIO13, Precipitation of Wettest mm
Month
BIO14, Precipitation of Driest mm
Month
BIO1S, Precipitation Seasonality -
BIO16, Precipitation of Wettest mm
Quarter
BIO17, Precipitation of Driest mm
Quarter
BIO18, Precipitation of Warmest mm
Quarter
BIO19, Precipitation of Coldest mm
Quarter
Topographic SRTM Elevation m https://www.worldclim.org/data/worldclim21.html
Aspect Radians
Slope Radians
Terrain Ruggedness Index (TRI) -
Anthropogenic | Corine Land Distance to farmland km https://land.copernicus.eu/pan-european/corine-land-
Use Land cover/clc2018
Cover 2018 Distance to forest km
Open Street Distance to road km http://download.geofabrik.de/europe/turkey.html
Map
- Distance to villages km
HydroRIVERS Distance to water km https://www.hydrosheds.org/products/hydrorivers
- HydroSHEDS
SEDAC Population Density No.of https://sedac.ciesin.columbia.edu/data/set/gpw-v4-
people/km2 population-density-rev11
Human Footprint Index HFI https://sedac.ciesin.columbia.edu/data/set/wildareas-v3-2009-
human-footprint

The ENM incorporated various environmental predictors including climatic,
topographic, and anthropogenic variables (Table 2.1). I sourced 19 bioclimatic layers from the
Worldclim database (Fick & Hijmans, 2017) with 2.5 arc-min resolution (approximately 4.6
km at the equator). It is known that the spatial resolution of environmental variables affects
ENM performance (Wenger & Olden, 2012; Gillingham et al., 2012). This resolution was
chosen considering the size of the study area and the dispersal ability of the brown bear, which
is a generalist species with a relatively high adaptation to environmental change. Topographic

variables, including Elevation, Slope, Aspect, and Terrain Ruggedness Index (TRI), were
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derived from the Shuttle Radar Topography Mission (SRTM) elevation data
(http://www.worldclim.org/). Due to the difference between Euclidean distance and arc
distance, it is important to calculate topographic variables in the appropriate coordinate system
(Sillero & Barbosa, 2021). Therefore, the Slope, Aspect, and TRI (Riley et al., 1999) rasters
were derived after projecting to Lambert Azimuthal Equal-Area (ETRS 1989 LAEA), then
projected again in WGS84.

Anthropogenic factors that had the potential to influence the distribution of brown bears
were also taken into account as distal variables. These included Distance to Farmland, Distance
to Forest, Distance to Roads, Distance to Villages, and Distance to Water sources, as well as
Population Density and the Human Footprint Index (HFI). I generated Forest and Farmland
layers by using the Corine Land Use Land Cover 2018 Vector Dataset (CLC, 2018). To generate
the Forest layer, I combined Broad-leaved forest, Coniferous forest, Mixed forest, and
Transitional woodland/shrub attributes and extracted these layers. To generate the Farmland
layer, I combined the attributes named Non-irrigated arable land, Permanently irrigated land,
Rice fields, Vineyards, Fruit trees and berry plantations, Olive groves, Pastures, Annual crops
associated with permanent crops, Complex cultivation patterns, Land principally occupied by
agriculture with significant areas of natural vegetation, Agro-forestry areas, and extracted
these layers. Then, I generated the proximity layers named Distance to Forest and Distance to
Farmland using the Euclidean Distance Tool in ArcGIS by arranging their cell size and extent.
I selected and extracted 1% to 4™ “order river” attributes from the HydroRIVERS database
(Lehner & Grill, 2013) since this vector layer appropriately covers all water sources across the
country, from small springs in/around forests and agricultural fields to large rivers. 1 selected
the motorways, primary, secondary, and trunk roads and their linked roads attributes from the
Open Street Map. I generated the proximity layers named Distance to waters and Distance to
roads by using the Euclidean Distance Tool in ArcGIS. I obtained the Population Density and
the Human Footprint Index (HFI) rasters (Venter et al., 2016) from the Socioeconomic Data
and Application Center (SEDAC) database. All variables were properly resampled, cropped,

and masked based on the study area.

2.2.3. Multicollinearity

To account for multicollinearity among the occurrence data frame, data was analyzed

using R (version 4.2.2). Variables exhibiting a correlation coefficient greater than 0.7 and a
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variance inflation factor exceeding 10 were excluded from further analysis. This process was
conducted using the corrplot (Wei & Simko, 2021) and usdm packages (Naimi,2023).
Following this, sixteen variables were retained for subsequent modeling, including Distance to
Forest, Distance to Farmland, Distance to Roads, Distance to Villages, Distance to Water,
Population Density, Human Footprint, Aspect, Slope, TRI, Annual Mean Temperature (BIO1),
Mean Diurnal Range (Mean of monthly (max temp - min temp)) (BIO2), Isothermality (BIO3),
Mean Temperature of the Wettest Quarter (BIOS), Mean Temperature of the Driest Quarter
(BIOY), and Annual Precipitation (BIO12).
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Figure 2.5: Correlation matrix of environmental predictors for ecological niche modeling.
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Figure 2.6: Cluster dendrogram of environmental predictors for ecological niche modeling.

2.2.4. Future Forecasting

ENM makes it possible to evaluate the potential ecological niche of the target species.
For future projections, I downloaded bioclimatic variables with a resolution of 2.5 arc-minutes
from WorldClim 2.1., based on the CMIP6 (Coupled Model Intercomparison Project Phase 6)
data, as featured in the sixth assessment report (AR6) of the IPCC (IPCC, 2023). General
circulation models (GCMs) are mathematical models generated by considering the dynamics of
atmospheric and oceanic parameters across the planet and account for various energy sources,
e.g., radiation, throught the Naiver-Stokes equations (Temam, 2024). These inputs are then used
to simulate the Earth’s atmosphere (Rogelj, 2013). In this part, I choose three widely used
GCMs; MIROC6 (Watanabe et al., 2020), CNRM-CM6-1 (Voldoire et al., 2020), and MPI-
ESMI1-2-LR (Giorgetta et al., 2020) since they were already experienced to predict accurate
ENMs across Europe in other studies (Canturk & Kulag, 2021; Giir, 2022; Naimi et al., 2022).
The main differences between these GCMs are their resolution, the numerical methods they
use, and the climate parameters (IPCC, 2023). The mentioned GCMs simulate the atmosphere

and ocean data and provide different resolutions in polar and equatorial regions.

For all three GCMs, I downloaded three different Shared Socio-economic

Pathways/Representative Concentration Pathway climate change scenarios including
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SSP1/RCP2.6 as an optimistic future, SSP3/RCP7.0 as a moderate future and SSP5/RCP8.5 as
a pessimistic future for both 2050 (average for 2041-2060) and 2070 (average for 2061-2080)
to project future habitat suitability. In the optimistic scenario based on lower emissions, average
temperatures are expected to increase by 2 °C by 2100, while in the pessimistic scenario based

on the highest emissions, average temperatures are estimated to increase by 5.5 °C by 2100

(Pant et al., 2021).

2.2.5. Ecological Niche Modeling

Species distribution modeling literature, which has been growing rapidly over the last
decade in particular, offers a fairly wide range in the number of modeling techniques. However,
the differences between models can be dramatic, depending on the technique being used.
Therefore, choosing suitable models might be difficult. The ensemble approach significantly
increases the prediction performance by combining results from different modeling techniques
and thus presents the relationships that are aimed to be captured by the model by separating
them from background noise (Hao et al., 2020). To predict both current and future potential
distributions of brown bears across Tiirkiye, I employed an ensemble forecasting approach
using the biomod?2 package in R v4.2.2. (Thuiller et al., 2009). Biomod? is a versatile modeling
platform capable of integrating up to ten distinct modeling algorithms, resulting in an ensemble
model. I applied statistical and machine learning models, including Generalized Linear Model
(GLM) (McCullagh & Nelder, 1989), Generalized Additive Model (GAM) (Hastie &
Tibshirani, 2017), Maximum Entropy (Maxent) (Phillips et al., 2017), Random Forest (RF)
(Breiman, 2001), Artificial Neural Network (ANN) (Lek & Guégan, 1999), Multivariate
Adaptive Regression Spline (MARS) (Leathwick et al., 2015), Generalized Boosted Model
(GBM) (De’ath, 2007), Classification Tree Analyses (CTA) (Vayssieres et al., 2000), Flexible
Discriminant Analysis (FDA) (Hastie et al., 1994), and Surface Response Envelope (SRE)
(Busby, 1991). While some of the algorithms are regression-based, some are machine learning-
based. Reproducing ENM results is important and depends on the processing of occurrence
data, environmental data and their processing, model calibration, and repeatability of model
transfer processes (Feng et al., 2019). Therefore, the default settings of the algorithms were

selected to simplify the interpretation and reproducibility of the results.

The modeling process began with the random generation of 1,000 pseudo-absence

points (Pant et al., 2021). It is known that ENMs are affected by the number of pseudo-absences
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(Barbet-Massin et al., 2012). There is an intense discussion on this issue in the literature
(Barbet-Massin et al., 2012; Sillero et al., 2021; Kanagaraj et al., 2013; Wisz & Guisan, 2009;
Papes & Gaubert, 2007). There are some studies suggesting the use of varying numbers of
pseudo-absence for regression and classification techniques (Franklin et al., 2010); therefore,
there is no definitive rule (Wisz & Guisan, 2009). However, the pseudo-absence number
depends on the extent of species distribution and it must capture environmental variability in
the study area, especially for generalist species. Subsequently, the dataset was split into training
(80%) and testing (20%) (Pant et al., 2021). I conducted three cross-validation iterations using
a bootstrap approach for each model, and pseudo-absence points were generated three times to
mitigate random bias (Thuiller et al., 2009). Although pseudo-absence points were randomly
generated throughout the entire environmental space, this approach was used to prevent false-

absence generation that affects model performance (Bedia et al., 2013).

The predictive performance of ENMs is evaluated by considering classification
capacity, discrimination capacity, and calibration capacity (Sillero et al., 2021). Classification
capacity, which is the ability of the model to correctly classify occupied areas and non-occupied
areas by considering a threshold is measured by metrics such Cohen’s Kappa and True Skill
Statistics (TSS) (Allouche et al., 2006). To assess discriminatory capacity, I employed TSS, a
prevalence-independent metric for species data (Allouche et al., 2006). TSS considers both
omission and commission errors, yielding values between -1 (no better than random) and +1
(perfect agreement). Discrimination capacity, which measures the comparison of occupied vs.
non-occupied areas, is evaluated by considering the Area Under the Curve (AUC) in the plot of
Receiver Operating Characteristic (ROC). The AUC value has a range between 0.5 and 1. While
a value of 0.5 indicates that the model does not give a better result than random chance, a closer
value to 1 indicates a better model performance (Hosmer Jr. et al., 2013). Biomod?2 offers the
opportunity to choose from individual models based on different algorithms (Hao et al., 2020).
To reduce uncertainty and generate a final model, I selected models with TSS scores greater
than 0.6, using a weighted average approach (Aratjo and New, 2007; Thuiller et al., 2009).
Subsequently, I produced 19 ensemble maps encompassing three distinct GCMs and scenarios
for two time periods (i.e., 2050s and 2070s) in addition to the present day. Binary transformation
was performed using a threshold that maximizes TSS to generate predictive outputs (Thuiller
etal., 2019). The consensus method, based on the weighted approach, increases model accuracy

(Marmion et al., 2009) and creates a binary map depicting occupied and non-occupied areas,
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taking into account the threshold value (Thuiller et al., 2009). To analyze changes in the range
size between current and future scenarios, I generated output rasters depicting gain (range
expansion), stable (no change), no occupancy, and loss (range contraction) areas through a

comparative analysis of binary maps.

To quantify the changes in habitat range by latitude, I utilized the top 65 percentile of
probability maps for each scenario (average of three GCMs) for both 2050 and 2070. I
converted these rasters to polygons, and I generated 500 random points within each polygon
using the Create Spatially Balanced Points tool in ArcGIS, as well as occupied areas for the
present day. I analyzed the mean values of the points for longitude and latitude to assess the
spatial variance of suitable habitats. Additionally, I categorized suitable habitats into four
elevational ranges: 1) < 1000 m, i1) 1000-2000 m, 1i1) 2000 — 3000 m, iv) > 3000 m to investigate
the altitude-related shifts in suitable patches.

Lastly, I evaluated the status of established protected areas for both current and future
projections, based on an average of three GCMs. There are various PA classifications in Tiirkiye
(Birben, 2020; NCNP, 2022). Therefore, I selected the related PA types in terms of their
relevance for brown bear ecology and extracted them as follows: National parks, Nature
conservation areas, Special environment protection areas, Wildlife enhancement areas, Locally
important wetlands, Nationally important wetlands, RAMSAR areas, and Protection forests.

These types represent 71% of the protected areas across Tlirkiye.

2.3. Results

2.3.1. Current Potential Distribution of Brown Bears

Ten ecological niche models evaluated varied in their predictive performance, with
SRE, GAM, and CTA exhibiting the lowest AUC values, and SRE, GAM, and ANN
demonstrating the lowest TSS values (Fig. 2.7). In contrast, GBM, RF, and GLM algorithms
consistently exhibited the highest AUC and TSS values (Fig. 2.7). The ensemble model which
combined the strengths of these algorithms, demonstrated excellent predictive ability, with an
AUC of 0.92 and TSS of 0.71 (Fig. 2.7). The ensemble model’s results indicated that
approximately 20% of Tiirkiye’s land area, totaling 156,712 square kilometers, is currently
suitable for brown bear habitation. The most suitable habitats were predicted in the Euro-

Siberian (47%), Irano-Turanian (43%), and Mediterranean (9%) biogeographic regions,
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respectively (Fig. 2.8). Forests covered 49% of these suitable habitats, while farmlands

comprised 17%.
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Figure 2.7: Receiver operating characteristic (ROC) area under the curve (AUC) (top) and True
skill statistics (TSS) (bottom) values as the predictive performance of different modeling
techniques used in the ecological niche modeling.
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Figure 2.8: The potential current distribution of brown bears across Tiirkiye derived from the
ensemble model (top); the binary map based on the current ensemble model for Tiirkiye
(bottom).

Environmental variables played varying roles in the models. The Distance to Forest was
the most influential variable, contributing 27%, followed by the Mean Diurnal Range (BIO2)
at 17%, and Annual Mean Temperature (BIO1) and Isothermality (BIO3) at 10% each (Fig.
2.9). Brown bear presence probability decreased with increasing distance to forests (Fig. 2.10).
Additionally, as human population density (1%) increased, bear presence probability decreased,
aligning with expectations (Fig. 2.10). However, the Distance to Water (%?2) and Distance to
Villages (%0.2) had relatively lower importance (Fig. 2.9). The importance of Distance to
Roads was 3%, and the Human Footprint was 1% (Fig. 2.9). Topographic variables including
Aspect, TRI and Slope had the lowest importance (Fig. 2.9). Among bioclimatic variables,
Isothermality (BIO3) (10%), Mean Temperature of the Wettest Quarter (BIO8) (5%), and Mean
Temperature of the Driest Quarter (BIO9) (2%) negatively influenced brown bear presence
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probability. Interestingly, Annual Mean Temperature (BIO1) and Mean Diurnal Range (BIO2)
showed optimum values for brown bear presence probability at around 7°C and ~9°C,

respectively (Fig. 2.10).
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Figure 2.9: Percent contribution of environmental predictors to the final ensemble model for
ecological niche modeling of brown bears across Tiirkiye.
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Figure 2.10: Response curves of the environmental predictors in the ensemble model for
ecological niche modeling of brown bears across Tiirkiye.

To predict the potential distribution of brown bear for present day, firstly, I used the
static anthropogenic predictors in addition to dynamic bioclimatic variables. However, this
could have led to more conservative estimates. Therefore, I decided to improve another
ensemble model by using only bioclimatic variables. While doing this, I kept all model settings
and package versions the same. While this bioclimatic ensemble model showed a much more
optimistic estimate (Fig. 2.11), it offered much lower model accuracy metrics compared to the
previous model involving anthropogenic variables. For instance, the AUC and TSS values of
the previous ensemble model were 0.92 and 0.71, respectively, while the AUC and TSS values
of the bioclimatic ensemble model were 0.84 and 0.58, respectively. While the bioclimatic
ensemble model included the BIO15 (Precipitation Seasonality) variable in addition to the ones
of the previous model, the importance of the variables also differed (Fig. 2.12). While the
ensemble model, including anthropogenic variables, emphasized that ~20% of the country

represents the suitable habitat for brown bears, this ratio increased to 27% of the country in the
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bioclimatic ensemble model (Fig. 2.11). Therefore, the rest of the discussion is based on the
ensemble model, in which anthropogenic variables were included, as it provides more robust
predictions, and the outputs of this ensemble model will be used as input in the next chapter of

the thesis.
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Figure 2.11: The potential current distribution of brown bears across Tiirkiye derived from the
bioclimatic ensemble model (top); the binary map based on the bioclimatic ensemble model for
Tiirkiye (bottom).
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Figure 2.11: Percent contribution of bioclimatic predictors to the bioclimatic ensemble model.

Raspenss cursss for Ursus's modsls

fomen Flzpz Tal EL
] /P'
| '
5 [
10 L -
(JUSE S — . .
5
i)
330 [T Lim [
i E . o ; & B = =
£ A e s W o W o o il it o L L b
taziis Tazits taziin [
-
- b
-
i ™
i = .
| -==
-
Y
- =
-
B T
o 1 n L} 1 n LD IR N ——
@ & ' = i & &= & o & EY @ e £ e & & 5
tazts Tzt
-
i /_." r-
s
o,
S I —— 1 ! !
P4 s o 'i-d' b= & o -
— x| 1 camclial il (el

Figure 2.12: Response curves of the environmental predictors in the bioclimatic ensemble
model.
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2.3.2. Potential Future Habitat Suitability for Brown Bears

These findings suggest that brown bears’ suitable habitats face considerable
vulnerability to climate change. The most susceptible predictions among GCMs in terms of
potential habitat suitability of brown bears in 2050 and 2070 were MIROC6, CNRM-CM6-1,
and MPI-ESM1-2-LR models, respectively (Fig. 2.13, Fig. 2.14). Under an optimistic scenario,
habitat loss in 2050 ranged from 30% (MPI-ESM1-2-LR) to 56% (MIROCS6), while in the
pessimistic scenario, it ranged from 37% (MPI-ESM1- 2-LR) to 65% (MIROC6) (Fig. 2.14,
Table 2.2). The situation worsened in 2070, with habitat loss ranging from 50% (MPI-ESM1-
2-LR) to 82% (MIROC6) under the pessimistic scenario (Fig. 2.13, Fig. 2.14, Table 2.2).
However, the rate of range expansion remained relatively low, with habitat gain ranging from
0.2% to 1% in 2050 (Table 2.2). In 2070, while the percentage of gain areas increased slightly
under the optimistic and moderate scenarios, it remained low in the pessimistic scenario (Table
2.2). Despite some potential for habitat gain, the overall outlook indicated a significant range

contraction in all scenarios.
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Figure 2.13: Habitat suitability maps of brown bears in Tiirkiye derived from MIROCS6,
CNRM-CM6-1, and MPI-ESM1-2-LR GCMs by considering the optimistic (RCP 2.6),
moderate (RCP 7.0), and pessimistic (RCP 8.5) future scenarios for 2050 and 2070.
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Figure 2.14: Ensemble forecasting of the future range change by considering optimistic (RCP
2.6), moderate (RCP 7.0), and pessimistic (RCP 8.5) scenarios for brown bears of Tiirkiye in
both 2050 and 2070 based on MIROC6, CNRM-CM6-1, and MPI-ESM1-2-LR GCMs.
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Table 2.2: Future potential habitat suitability in the whole country for three different GCMs by considering optimistic (RCP 2.6), moderate (RCP
7.0) and pessimistic (RCP 8.5) scenarios.

MIROC6 CNRM-CM6-1 MPI-ESM1-2-LR
Time Scenario Loss (%)  Gain Stable (%)  Range Change Loss (%)  Gain Stable Range Change Loss (%) Gain Stable Range Change (%)
(%) (%) (%) (%) (%) (%) (%)
2050 RCP 2.6 56.79 0.30 42.92 -56.49 42.20 0.97 56.83 -41.23 30.66 0.51 68.84 -30.15
RCP 7.0 51.01 0.16 48.84 -50.85 45.64 0.73 53.64 -44.91 34.24 1.30 64.47 -32.94
RCP 8.5 65.29 0.21 34.50 -65.08 50.92 0.67 48.40 -50.25 38.28 0.89 60.83 -37.40
2070 RCP 2.6 58.82 0.44 40.74 -58.38 39.63 1.04 59.33 -38.59 31.76 0.97 67.27 -30.80
RCP 7.0 63.63 0.28 36.08 -63.35 55.64 0.72 43.64 -54.92 43.59 1.00 55.41 -42.59
RCP 8.5 82.33 0.06 17.61 -82.26 70.77 0.16 29.07 -70.62 50.33 0.62 49.05 -49.71

Table 2.3: Future potential habitat suitability in three biogeographic regions of Tiirkiye for both 2050 and 2070 by considering optimistic (RCP
2.6), moderate (RCP 7.0) and pessimistic (RCP 8.5) scenarios.

2050 Euro-Siberian Irano-Turanian Mediterranean
GCM Scenario Loss (%) Gain (%) Stable (%) Range Change (%) Loss (%) Gain Stable (%)  Range Change (%) Loss (%) Gain Stable (%) Range Change (%)
(%) (%)

CNRM-CM6-1 RCP 2.6 32.80 1.80 65.4 -31.00 51.57 0.22 48.22 -51.35 46.56 0.22 53.11 -46.34
RCP 7.0 37.40 1.18 61.42 -36.22 54.21 0.34 45.45 -53.86 47.89 0.22 51.88 -47.67
RCP 8.5 41.27 1.16 57.58 -40.11 60.73 0.27 39.00 -60.47 54.66 0.11 45.23 -54.55

MPI-ESM1-2-LR RCP 2.6 25.84 0.78 73.38 -25.07 32.30 0.29 67.41 -32.01 47.34 0.11 52.55 -47.23
RCP 7.0 30.04 1.89 68.07 -28.16 35.92 0.86 63.23 -35.06 47.56 0.33 52.11 -47.23
RCP 8.5 32.02 1.36 66.62 -30.67 41.42 0.51 58.07 -40.91 55.32 0.22 44.46 -55.10

MIROC6 RCP 2.6 47.47 0.16 52.38 -47.31 66.50 0.29 33.20 -66.21 59.20 0.89 39.91 -58.31
RCP 7.0 43.40 0.16 56.44 -43.24 58.44 0.17 41.39 -58.26 55.32 0.11 44.57 -55.21
RCP 8.5 53.58 0.09 46.33 -53.49 77.09 0.29 22.62 -76.80 70.18 0.33 29.49 -69.85

2070 Euro-Siberian Irano-Turanian Mediterranean

GCM Scenario Loss (%) Gain (%) Stable (%) Range Change (%)  Loss (%)  Gain Stable (%)  Range Change (%) Loss (%)  Gain Stable (%) Range Change (%)

(%) (%)

CNRM-CM6-1 RCP 2.6 27.93 1.91 70.16 -26.02 51.37 0.29 48.34 -51.08 44.68 0.11 55.21 -44.57
RCP 7.0 43.02 1.18 55.80 -41.84 68.51 0.29 31.20 -68.22 60.20 0.22 39.58 -59.98
RCP 8.5 57.24 0.31 42.45 -56.93 83.91 0 16.09 -83.91 78.71 0.11 21.18 -78.60

MPI-ESM1-2-LR RCP 2.6 26.36 1.49 72.16 -24.87 33.99 0.59 65.43 -33.40 48.78 0.11 51.11 -48.67
RCP 7.0 37.04 1.36 61.60 -35.69 47.48 0.78 51.74 -46.70 58.65 0.22 41.13 -58.43
RCP 8.5 39.62 1.00 59.38 -38.62 57.41 0.34 42.25 -57.07 71.62 0.00 28.38 -71.62

MIROC6 RCP 2.6 48.11 0.24 51.65 -47.87 69.83 0.39 29.78 -69.44 62.31 1.55 36.14 -60.75
RCP 7.0 50.64 0.49 48.87 -50.16 75.38 0.05 24.57 -75.33 75.17 0.22 24.61 -74.95

RCP 8.5 71.82 0.00 28.18 -71.82 92.67 0.15 7.19 -92.52 87.92 0.00 12.08 -87.92
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Table 2.4: The average range change of three different GCMs for each biogeographic region
of Tiirkiye for both 2050 and 2070 by considering optimistic (RCP 2.6), moderate (RCP 7.0)
and pessimistic (RCP 8.5) scenarios.

2050

Scenario Euro-Siberian Irano-Turanian Mediterranean
RCP 2.6 -34.46 -49.85 -50.63

RCP 7.0 -35.87 -49.06 -50.04

RCP 8.5 -41.42 -59.39 -59.83

2070

RCP 2.6 -32.92 -51.30 -51.33

RCP 7.0 -42.56 -63.41 -64.45

RCP 8.5 -55.79 -77.83 -79.38

The gain areas in both future time points were primarily in the Euro-Siberian region,
whereas the Mediterranean and Irano-Turanian regions showed lower gains (Table 2.3). On
average across the three climate models, the Mediterranean, Irano-Turanian, and Euro-Siberian
regions were projected to experience the most habitat loss for both 2050 and 2070, respectively
(Fig. 2.15 & Table 2.3). Specifically, range contraction estimates for 2050 ranged from 34% to
41% for Euro-Siberian, 49% to 59% for Irano-Turanian, and 51% to 60% for the Mediterranean
biogeographic regions depending on the scenario (Fig. 2.14, Table 2.3). In 2070, the situation
was projected to be even more dire, with range contraction estimates of 32% to 56% for Euro-
Siberian, 51% to 78% for Irano-Turanian, and 51% to 79% for Mediterranean regions of
Tiirkiye (Fig. 2.14, Table 2.3). This implies that large portions of brown bear’s suitable habitats,
primarily in the Mediterranean and Irano-Turanian regions, are at risk of being lost in the near

future.

The model revealed an interesting relationship between elevational ranges and potential
habitat suitability, both in the present and the near future. Currently, 16% of suitable areas were
below 1000 m, while 39% were found in each of the 1000-2000 m and 2000-3000 m elevational
ranges, and 6% were above 3000 m (Fig. 2.15a). However, the proportion of suitable areas
within these elevational ranges varied, with 11% below 1000 m, 17% in the 1000-2000 m range,
37% in the 2000- 3000 m range, and 27% above 3000 m currently representing suitable patches
(Fig. 2.15a). Future projections based on the average of three GCMs suggested that potential
habitat loss by 2050 will range from 46% to 71% for elevations below 1000 m, from 46% to
52% for the 1000-2000 m range, from 44% to 54% for the 2000-3000 m range, and from 32%
to 41% for elevations above 3000 m, depending on the scenario (Fig. 2.15b). By 2070, the
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potential habitat loss is expected to be even higher, with estimates ranging from 50% to 75%
for elevations below 1000 m, from 47% to 63% for the 1000-2000 m range, from 46% to 75%
for the 2000-3000 m range, and from 37% to 62% for elevations above 3000 m, depending on
the scenario (Fig. 2.15b). These findings indicate that climate change will significantly affect
brown bear habitat suitability at different elevational ranges. Moreover, the range shift of
potentially suitable habitats suggests that climate change will alter the habitat suitability of

brown bears by altitude (Fig. 2.15c), with a clear northward shift and to higher elevations in

response to climate change effects (Fig. 2.16).
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Figure 2.16: The spatial variation of the range in Tiirkiye of brown bears by considering current
and different future scenarios. The distribution of brown bears exhibited a north shift in Tiirkiye
under future projections.

2.3.3. Potential Habitat Suitability and Protected Areas

Currently, 25.27% of all suitable patches were within selected protected areas, but this
overlapping proportion is expected to decrease in the future, varying between 16.94% - 17.14%
in 2050 and 11.31% - 16.75% in 2070, depending on the scenario (Fig. 2.17a). Similarly, 6.99%
of the selected protected areas in Tiirkiye are currently suitable for brown bears, but this ratio
1s projected to decrease from 4.34% to 4.74% in 2050 and from 3.13% to 4.63% in 2070 under
different scenarios (Fig. 2.17b). These findings indicate that a conservation gap in the future

will occur for suitable habitats of brown bears.
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Figure 2.17: a) The protected area ratio in suitable habitats for both present day and future
projections. b) Suitable habitats ratio in the selected established protected areas across the
country for present day and future scenarios.

2.4. Discussion

Identifying the present and future distributions of species is critical to figuring out their
interactions with the environment. In this way, we can learn the needs of species and understand
their landscape responses to climate change and anthropogenic factors. In this study, I evaluated
the distribution of brown bears in Tiirkiye with a high agreement using an ensemble model.
While doing this, I used climatic, topographic, and human-related variables because these
factors are important in evaluating the habitat condition of brown bears (Mateo- Sanchez et al.,
2014; Dai et al., 2019a; Mohammadi et al., 2021; Dar et al., 2021). The ensemble model
suggested that approximately 20% of Tiirkiye’s land area is currently suitable for brown bear
habitation. This estimate aligns with the findings of previous studies that utilized different
methodologies and data sources. For instance, Ambarli et al. (2016) and McLellan et al. (2017)

suggested that brown bears could inhabit 20-30% of Tiirkiye’s land area, primarily in the
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northern and eastern parts of the country, with suitable habitats in the southern regions are
fragmented. My model also identified the Euro-Siberian, Irano-Turanian, and Mediterranean
biogeographic regions as the most suitable for brown bears, respectively, in agreement with

previous research.

Performing the assessment vulnerability of brown bears provides an important baseline
to know how their response to climate change and land use land cover (LUCC) change. In this
context, ENM as an ecological tool not only provides us with information on suitable areas by
considering the changing predictors but also shows thoroughly the effects of these predictors
on the brown bears. Thus, it is quite useful in terms of conservation biology and wildlife
management. Contrary to GCMs, future simulations of LULC involve much more uncertainty
in predicting the future situation. The anthropogenic factors I used in the model were static.
However, as previously emphasized, combining static variables with high driving potential with
dynamic climatic variables yields much better results than excluding them altogether (Stanton
etal., 2012). I confirmed these insights with the improved model, demonstrating that combining

static anthropogenic predictors with dynamic bioclimatic variables provided better estimates.

Human dominance in pristine areas is increasing every year, and interventions to LULC
are significantly accelerating the fragmentation process today (Mantyka-Pringle, 2015; Santos
et al., 2021). Indeed, land cover and human-related variables were found key factors in my
ensemble model. Distance to Forest emerged as the most influential variable affecting brown
bear presence probability. This result is consistent with the species’ reliance on forested habitats
for sheltering, foraging, and denning (Recio et al., 2021; Ziotkowska et al., 2016). The negative
relationship between bear presence probability and distance to forests suggests that brown bears
prefer areas closer to forests, highlighting the importance of maintaining and connecting

forested landscapes for brown bear conservation.

Temperature-related variables, such as Mean Diurnal Range (BIO2) and Annual Mean
Temperature (BIO1), were significant predictors, with brown bears exhibiting an optimum
presence probability at specific temperature ranges. This finding underscores the importance of
climate in shaping brown bear distribution patterns. However, the model predicted that brown
bears living in Tiirkiye will experience warmer annual mean temperatures in the future than
present day, indicating that bears have to cope with impacts associated with rising temperatures

(Fig. 2.18). Increased temperatures can cause thermal stress on brown bears by altering their
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thermoregulatory behavioral responses (Sawaya et al., 2017). For instance, brown bears can
exhibit more nocturnal activities in this case (McLellan & McLellan, 2015). Furthermore, the
most crucial factor in managing the denning entry/exit time of brown bears is the ambient
temperature (Evans et al., 2016), and long-term changing temperatures lead to shorter periods
of denning, which modulates the bears’ energy budget (Gonzalez-Bernardo et al., 2020a). The
denning activity of bears can vary depending on the spatial features, and brown bears in the
Mediterranean region, in particular, may not hibernate every year due to rising temperatures
and low snow cover (personal communication). Regular monitoring of the habitats and behavior
of brown bears is a critical necessity to understand their responses to climate change. All
mentioned factors may significantly decrease cub survival rates (Pigeon et al., 2016) and may

negatively affect population viability.
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Figure 2.18: The average values for Annual Mean Temperature (BIO1) in the potential suitable
habitat patches for each GCMs in the future based on binary products of the ensemble model.
The black-dashed line represents the average value for the present day.

On the other hand, bears may choose more rugged areas or higher altitudes to avoid
human impact (Goldstein et al., 2010; Piédallu et al., 2019; Suel, 2019; Zarzo-Arias et al.,
2019). These areas represent low-risk high- quality habitats by providing food and shelter.
However, increasing road access to pristine areas has become one of the most significant issues

in recent years across Tiirkiye (Bilici & Akay, 2021). The increased road network in pristine
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areas means an increasing human footprint and an accelerated fragmentation process (Cushman
et al., 2013; Kimmig et al.,2020; Lecis et al., 2022). In the model, unexpectedly, I determined
that the presence probability of bears decreased as the distance to road increased; however, its
contribution was low (3%). This pattern means that the roads may represent an ecological trap
for the brown bears (Lamb et al., 2017). Brown bears frequently use the roads for their traveling
to their feeding and reproduction areas. Although the main highways represent an ecological
barrier to bear movement, it has been shown that the roads with less traffic, such as secondary
roads, can support bear movement (Northrup et al., 2012; Skuban et al., 2017). Furthermore,
increased road density at lower altitudes, coupled with factors like human presence, is known
to increase the risk of mortality for brown bears (Parsons et al., 2023). Road density, affecting
individual circadian behavior (Ordiz et al., 2014), can act as a barrier influencing connectivity
(Epps & Keyghobadi, 2015; Karamanlidis et al., 2012), leading to negative effects at the
population level. In the densely populated Western Black Sea region with a high bear
population, it was shown that bears utilize habitats with higher risks compared to other wild
mammals (Dagtekin et al., 2023). The pursuit of anthropogenic food sources, such as garbage
dumps (Cozzi et al., 2016), can alter the seasonal habitat use patterns of bears (Dagtekin et al.,
2023) and result in demographic consequences (Kemahli et al., 2023). Lastly, the model
indicated that as population density and HFI increase, the presence probability of brown bears
decreases (Fig. 2.10). There was a significant decrease in the presence probability of bears in
the moderate and high-level patches in terms of HFI. Hence, it is important that human activity

should not be enhanced in areas with an HFI value < 5. (Venter et al., 2016).

The results of the future habitat suitability projections indicate that brown bears in
Tiirkiye face substantial challenges due to climate change. Under both optimistic and
pessimistic scenarios, brown bear habitat is projected to contract, with the Mediterranean and
Irano-Turanian regions experiencing the most significant losses. This is concerning, as these
regions currently support a considerable portion of the brown bear population in Tiirkiye. The
magnitude of habitat loss by 2070 under the pessimistic scenario, with estimates ranging from
50% to 82%, highlights the urgency of conservation efforts to mitigate the impacts of climate
change on brown bear populations. Additionally, the limited potential for range expansion in
the future indicates that brown bears may face difficulties in finding new suitable habitats to
compensate for the losses. In recent years, deforestation in Tiirkiye has been rapidly increasing,

and the density of aged forests, especially in core habitats, is decreasing daily (TOD, 2022).
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This situation not only disrupts the habitat of many species throughout the forest ecosystem but
also leads to various indirect effects on brown bears. Although brown bears have developed
various adaptations, such as changing the time periods in which they use young and aged forest
areas, to avoid overheating, such patterns have gender differences (Stewart et al., 2013). As
forest degradation increases and habitat quality are disrupted, it may lead to additional stresses
for the species, such as infanticide and overheating (Nellemann et al., 2007; Rogers et al., 2021;

Ordiz et al., 2017).

In Tiirkiye, brown bears use various vegetation types, and their diets are largely
composed of plants rather than livestock (Ambarli, 2016). However, climate change will impact
the brown bears and their food resources by either changing their shifts or reducing their
abundance (Penteriani et al., 2019; Pérez- Girdn et al., 2024). Furthermore, climate change will
compel bears to seek alternative food sources by altering the ripening times of the fruits they
commonly feed on during the hyperphagic period (Pérez- Girdn et al., 2022). This will lead
bears to forage for anthropogenic food sources more frequently, indicating an increasing
human-wildlife conflict (see Chapter 4). Especially in geographies with scattered settlements,
such as the Euro-Siberian region, this will result in increased crop damage, house break-ins,
and damage to beehives (Ambarli & Bilgin, 2008; Dai et al., 2019b; see Chapter 4) while in
areas like the Irano-Turanian region including wide pastures, it may lead to increased livestock
predation (Kusak & Sekercioglu, 2021, see Chapter 4). On the other hand, brown bears will
face various risks in foraging available food resources by making large seasonal movements
(Penteriani et al., 2019). Brown bears play crucial roles as providers of important ecosystem
services, such as seed dispersal, contributing to the distribution of seeds over long distances
(Garcia-Rodriguez et al.,, 2021). However, several studies predict that these reciprocal
interactions between brown bears and their food sources might be disrupted due to climate

change (Pérez-Giron et al., 2024).

According to my findings, brown bears seem to be stuck in fragmented areas of the
Mediterranean compared with Euro-Siberian and Irano-Turanian regions. For instance, the
Northwest Mediterranean (e.g., around of Mount Ida), the southwest Mediterranean, including
Mugla's forests, and the Western Taurus Mountains, were manifested as fragmented areas.
Moreover, the southernmost population of brown bears in the world is in the Turkish pine

forests of the west Mediterranean (Soyumert et al., 2020) and these areas are particularly
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susceptible to climate change (Dalfes et al., 2007). The Mediterranean region of Tiirkiye is
often exposed to severe wildfires, many of which are human-induced (Tavsanoglu & Pausas,
2022). Major habitat losses caused by such fires may affect microevolutionary processes (Harris
et al., 2023). Hence, wildfires that seriously threaten the core habitats of brown bears in this
region may have more dramatic effects on the current and future distributions of bears than
initially perceived (Cunningham & Ballard, 2004; Khosravi et al., 2022). There is a need for
additional preventive and deterrent measures to conserve the natural areas in this region. In the
Mediterranean, determining the variables driving the movement ability of bears at a fine scale
by conducting monitoring with camera traps and developing conservation strategies to support

coexistence are of urgent importance.

There are similar habitat loss and range shift risks not only for brown bears but also for
the future of other species in Tiirkiye. For example, it has been determined that the broad-leaf
forest species beech (Fagus orientalis), which is included in a significant part of brown bear
suitable habitats, will also show a northward shift (Dagtekin et al., 2020) and substantial range
contractions in the future (Ayan et al., 2022). A similar trend has been shown for Carpinus
betulus (Varol et al., 2022). For another mammal species, Anatolian ground squirrels, it has
been predicted that climate change and human dominance will cause habitat loss of up to 77%
in their existing habitats, including Anatolia (Giir, 2022). Additionally, habitat loss and range
shift risk for brown bears due to climate change are not limited to Tiirkiye. The suitable areas
of brown bears only within protected areas in Central Asia are predicted to decrease by
1,103,912 km? in the near future (Su et al., 2018). Similarly, it has been shown that the amount
of suitable habitat for Ursus arctos pruinosus and Ursus arctos isabellinus in the Hindi Kush
Himalayan region will decrease significantly due to climate change and will shift to higher
altitudes (Dai et al., 2021a). In the Chaharmahal and Bakhtiari regions, which have a significant
brown bear population in Iran, it has been predicted that up to 45% of suitable habitats loss will
be experienced in the pessimistic scenario until 2050 (Ashrafzadeh et al., 2022). It is thought
that there will be a habitat decline of up to 91% in 2070 for bears in Sanjiangyuan National
Park in China (Dai et al., 2019a). Similarly, in the Western Himalayas, brown bears are
predicted to face a dramatic habitat loss (> 90%) in case of a pessimistic future, while less than
quarter of the area (< 23%) would be lost in the low emission scenarios, and there would be a
range shift to higher altitude (Dar et al., 2021). The global distribution of brown bears and their

densities have constantly decreased by more than 50% since the 1850s (Servheen, 1990). All



38
Chapter 2: Ecological Niche Modeling of Brown Bears Across Tiirkiye

these projections have indicated the increasing vulnerability of brown bears to climate change
globally and the need for urgent and transboundary conservation actions (Almasieh et al., 2019;

Kopatz et al., 2021; Reljic et al., 2018).

Elevation-based analysis revealed that climate change will affect brown bear habitat
suitability at different elevations. Although brown bears are typically a high altitude species,
their habitat preferences can be influenced by human land usage or the shifting of natural food
sources (Lamamy et al., 2019; Penteriani et al., 2019; Schrag et al., 2008). Lower elevations
below 1000 m are projected to experience the highest potential habitat loss, while higher
elevations above 3000 m are expected to be less affected. It should be noted that deforestation
rates in the lowlands <1000 m are too high because of forest conversion to human settlements
and agricultural areas. Besides, since the pastoralist lifestyle is common in Tiirkiye’s higher
altitudes, the undisturbed habitats in the 1000-3000m elevational range are at risk of human
activities. According to my results, the potential distribution of brown bears in Tiirkiye will
shift northward because of climate change in the near future. The northward shift and the shift
of suitable habitats by altitudes suggest that brown bears may need to adapt to changing
elevation zones to cope with climate change effects. This highlights the importance of
maintaining landscape connectivity to facilitate brown bear movement across elevational

gradients and core patches.

The decline in habitat overlap with Tiirkiye’s protected areas is a significant concern for
brown bear conservation. Protected areas play a crucial role in conserving biodiversity and
providing refuge for species threatened by habitat loss. Ecological processes have spatial and
temporal dynamics. Therefore, the status of protected areas should be planned by considering
the changing climate and land use/land cover. The PAs in Tiirkiye are greatly inadequate in
coverage and are under serious anthropogenic threats (Sekercioglu et al., 2011a,b; Birben, 2020;
Atmis et al., 2018). In chapter four, of this thesis, I examine of Human — Brown bear conflicts
across the country, showing that the areas around PAs in Tiirkiye are hotspots for human-bear
conflicts. Similar conservation gaps have been estimated in other regions (Mukherjee et al.,
2021; Su et al.,, 2018). The projected decrease in habitat overlap with protected areas
underscores the need for adaptive management strategies that consider the changing distribution
of brown bear habitats and the potential need for new protected areas or adjustments to

established ones.
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There are some limitations to this study. Although the study area is extensive, the
presence data obtained has good spatial coverage. However, considering the habitat use
flexibility of brown bears, generating a better dataset covering the whole country would
strengthen the accuracy of the models. In this context, the importance of actively developing
public databases with the contributions of official institutions and citizen science observations
is critical (Tiago et al., 2017; Adler et al., 2020). The anthropogenic variables I used were not
considered for future projections, which in some cases may be substantial. Thus, these results
may offer a more conservative projection for the future. The patches considered as core habitats
were binary map products based on the ensemble model and should be thoroughly re-evaluated
by expert opinion during the planning of conservation strategies. In this model, biotic
interactions were not considered. Vegetation covers may change drastically due to climate
change (Kelly & Goulden, 2008; McKenney et al., 2007), while plant species and the natural
prey of bears may also exhibit range shifts (Ali et al., 2021; Khosravi et al., 2021). Therefore,
joint effects of biotic interactions should also be considered in future projections (Lucas et al.,
2023). Lastly, the models were carried out at a coarse, country scale, but fine-scale studies are
essential to understand the effects of climate change and anthropogenic interactions and to

improve landscape-specific conservation strategies.

2.5. Conclusion

In this chapater, I performed the ensemble approach by using the biomod?2 package to
evaluate the current species distribution and future habitat suitability of brown bears across
Tiirkiye. To do this, I used bioclimatic, topographic, and anthropogenic variables that shape the
distribution of bears. While brown bears are distributed in three different biogeographic regions
of Tirkiye, they are primarily found in the Euro-Siberian, Irano-Turanian regions, with the
Mediterranean region a distant third. The variables that most contributed to the model were
Distance to Forest, Mean Diurnal Range (BIO2), Annual Mean Temperature (BIO1), and
Isothermality (BIO3), in that order. I projected potential habitat suitability for both 2050 and
2070 by considering three different climate change scenarios, which were optimistic, moderate,
and pessimistic. I found that climate change would lead to a serious loss in the potential habitats
of brown bears in the near future. Accordingly, the Mediterranean, Irano-Turanian, and Euro-
Siberian were the regions where this loss would be the highest, in that oder. Furthermore, I have

shown that brown bears will exhibit a northward shift under climate change and that their range
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contraction varies based on elevation. Both the future range shift of brown bears and the
decreasing ratio of suitable patches indicated that evaluating the status of core habitats and
protected areas is a necessity. Ultimately, identifying vulnerable habitats by using current and
future projections; and modeling of the wildlife corridors to enhance the connectivity among
the suitable patches is an urgent issue for the conservation of brown bears across the country.
The results emphasize the importance of proactive conservation measures, including habitat
protection, restoration, and climate adaptation strategies, to ensure the long-term survival of
brown bear populations in Tiirkiye. Additionally, my findings can inform conservation planning

and policy development to mitigate the impacts of climate change on this iconic species.
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Chapter 3

3.  Structural Connectivity of Brown Bear Habitats Across Tiirkiye

3.1. Introduction

As human dominance globally increases, the fragmentation of natural habitats has
greatly accelerated (Haddad et al., 2015). Human land use changes land cover, and it causes the
degradation of suitable habitats for many species and loss of biodiversity by generating
anthropized areas (Crooks et al., 2017). Altering habitat configuration also exacarbates climate
change effects (Elsen et al., 2020). While fluctuations in bioclimatic variables affect habitat
quality, it forces species to range shift by modulating their dispersal patterns (Pecl et al., 2017;
Chapter 2). Large carnivores are one of the most vulnerable species against all mentioned factors
because of their large body sizes, low reproduction rates, slow population growth, and low
density (Ripple et al., 2014; Di Minin et al., 2016). They are keystone species that require large,
integrated protected areas to meet their ecological needs. Therefore, identifying suitable habitats
for species under different future projections by considering the synergistic effects of
anthropogenic and climatic predictors allows us to determine key corridors and vulnerable
habitats, helps understand species' responses against climate change, and improve effective
conservation strategies (Mohammadi et al., 2021; Dai et al., 2021a; Dar et al., 2022).
Furthermore, one of the Aichi Biodiversity Targets is to facilitate movement among

metapopulations (CBD, 2022: Target 11).

Evaluating broad-scale landscape connectivity is very important to cope with the
adverse effects of habitat loss and fragmentation on wildlife (Crooks et al., 2011). Maintaining
connectedness is important as the restoration and preservation of suitable habitats for the long-
term conservation of large carnivores because the viability of populations requires ecological
linkages between their core habitats (Fletcher et al., 2016). Connectivity is the degree to which
landscape facilitates or impedes movement, a necessary conservation element for population
persistence, range expansion, prey-predator dynamics, genetic diversity, and demographic
exchange among populations (Littlefield et al., 2019; Baggio et al., 2011; Cushman et al., 2018).

Landscape connectivity can be classified as structural and functional connectivity (Liang et al.,
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2022). While functional connectivity considers the behavioral responses of species to landscape
features (Fletcher et al., 2016), structural connectivity focuses on the analysis and configuration
of the landscape structure (Rodrigues et al., 2022; Vlkova et al., 2024). Connectivity among
habitat patches is greatly affected by anthropogenic activities such as deforestation and
urbanization (Olsoy et al., 2016). Therefore, detecting such spatial areas for target species is
critical for effective species conservation. Species distribution modeling is one of the essential
ecological tools to determine species-specific needs under climate change and landscape
transformation (Chapter 2; Austin & Van Niel, 2011). Identifying the locations that support the
ecological network of species by using the results of species distribution models as input for
connectivity analysis and removing the anthropogenic factors that can represent the barrier to
conservation management in those locations help the persistence of species (Mohammadi et al.,
2021; Mateo-Séanchez et al., 2015a). Hence, landscape connectivity models are a practical tool

for prioritizing critical habitats and linkages to improve the movement capability of species.

Furthermore, increased human activity in fragmented bear habitats accelerates human-
bear conflicts (HBCs) and leads people to take a negative attitude toward conservation efforts
as a challenge to co-existence (Morales-Gonzallez et al., 2020; Dai et al., 2021b). I showed in
Chapter 2 that when the suitable habitats of Anatolian brown bears and established protected
areas are evaluated, a conservation gap will occur in the near future. In addition, protected areas
across Tlrkiye are already under human pressure and represent a hotspot for HBCs (Atmis et
al., 2018, Chapter 4). As an umbrella species, conserving suitable habitats for brown bears is
crucial to healthy ecosystem function (Morales-Gonzélez et al., 2020). Habitat connectivity of
brown bears is one of the research questions that has not yet been studied in Tiirkiye. For all
these reasons, the main motivations of this chapter were to determine the ecological network of
brown bears across Tiirkiye and to evaluate structural connectivity among the patches, and to
examine climate change effects on brown bear ecological network to help strengthen the linkage

among core habitats.

3.2. Materials and Methods

3.2.1. Resistance Surfaces

Landscape resistance surfaces reflect the local cost of movement of a species through
an environment (i.e. cost-map) and represent landscape permeability (Zeller et al., 2012). To

generate resistance surfaces, I used habitat suitability maps from the ensemble model in Chapter
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2 to generate resistance surfaces for evaluating the connectivity network. For the future
projections, I obtained different probability maps for each scenario from each GCM. To avoid
uncertainty among the GCMs, I took the mean value of three different GCMs after I rescaled
the rasters for each scenario by using the linear method in Rescale by Function Tool in ArcGIS.
Then, I selected the top 65 percentile of the rasters as suitable habitats to generate binary maps.
Since many carnivore species exhibit male-biased dispersal (Peck et al., 2017; Shirane et al.,
2019), I determined the area of the patches, then excluded the areas lower than 83 km?, based
on the mean size of male brown bears’ home ranges in northeastern Tiirkiye (Ambarh et al.,
2016). These habitat patches represent the nodes in the context of circuit theory. I transformed
habitat suitability values from average habitat suitability maps of three GCMs for each scenario
into resistance rasters (Keeley et al., 2016). To do this, I carried out a transformation function

as follows:
100 - 99 x ((1 - exp(-c x h)) / (1 — exp(-¢)))

where /4 is the habitat suitability value in a cell and c is a constant that governs the shape
of the function (Trainor et al., 2013). Since bears have high movement capability and can move
even in less suitable habitats, the relationship between habitat suitability and resistance is not
strictly linear, so I set ¢ to 4 (Shokri et al., 2021). I rescaled the resistance values to range
between 1 and 1000 by linear interpolation, which states that the cells that had higher values
have higher resistance, and vice versa (Fig. 3.1). All maps used in the connectivity analysis
were projected to Lambert Azimuthal Equal-Area (ETRS 1989 LAEA), and all resistance

surfaces were resampled at 1x1 km spatial resolution.



Chapter 3: Structural Connectivity of Brown Bear Habitats Across Tiirkiye

44

0 100 200 400 Kilometers Resistance B Medium

T N T Bl very ow | High
B Lo Very high

Present-day

RCP7.0 2050 RCP7.0 2070

RCP8.5 2050 RCP8.5 2070

Figure 3.1: Resistance surfaces used for the connectivity modeling.
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3.2.2. Habitat Connectivity

There are different methods to evaluate landscape connectivity, such as least-cost path
(Adriaensen et al., 2003), resistance kernels (Compton et al., 2007, Cushman & Landguth,
2012), circuit theory (Dickson et al., 2019), centrality analyses (Estrada & Bodin, 2008), and
factorial least-cost path (Cushman et al., 2009). In this study, I simulated the potential dispersal
of brown bears across Tilirkiye for current and future conditions by combining the circuit and
graph theories. First, I calculated least-cost paths (LCP) using resistance surface and core
habitats as input for each scenario via the Linkage Mapper Tool (McRae and Kavanagh, 2011).
Linkage Mapper maps least-cost paths connecting adjacent core patches by considering
resistance surface, and LCP follows a route with minimum cost-weighted distance (CWD),
meaning the least energy cost for dispersal movement. On the other hand, Circuit Theory (CT)
combines the circuits with movement ecology. It considers the landscape to predict the
movement patterns of a random walker between sources, which are nodes, or are core patches
in this case, and target cells (McRae et al., 2008). According to CT modeling, if the patches are
in an unfamiliar landscape, the cells providing proper ecological requirements have low
resistance values. The patches that hinder ecological processes have high resistance values, so
higher current densities indicate increased movement probability. While LCP gives a single
optimal path among the patches, CT calculates multiple paths since it assumes that animals can
decide for each cell. Briefly, LCPs analysis produces vector corridors between pairwise nodes
and ignores strength, thus providing insights into landscape configuration (Wang et al., 2022).
To estimate current flow centrality metrics and determine pinch-points within LCPs, I used
Circuitscape implemented through Linkage Mapper (McRae et al., 2014). Pinchpoint analysis
identifies the bottlenecked areas on the landscape for connectivity and indicates the areas for
conservation priority since there is no alternative dispersal path to them (Dutta et al., 2016). 1
used the Pinchpoint Mapper Tool in Linkage Mapper to identify these areas by experimenting
with a 200 cost-weighted km width. In addition, I used Centrality Mapper tools to identify the
most critical core patches and corridors. Centrality Mapper was utilized to assess the
significance of core habitat areas and the least-cost corridors in maintaining a connected
network. Raster centrality using Circuitscape was calculated with the all-to-one method.
Current flow centrality measures the importance of a link or core area for maintaining
connectivity across the network. This involved a precise calculation of the flow of a 1-amp

current across all pairs within the corridor network, with the cost-weighted distance of the least-
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cost corridor acting as the resistance between core areas (Suksavate et al., 2019). In other words,
this measurement assigns a higher centrality score to a patch where many paths in the network
pass through, compared to a patch where a few paths pass through. Moreover, I divided the
centrality values by core patch size to obtain the area-corrected centrality score, which
emphasizes the importance of small patches that aid connectivity (Mallory & Boyce, 2019;
Greenspan et al., 2021). Lastly, I used the Barrier Mapper Tool to detect the barrier areas for
connecting the suitable patches with detection radiuses ranging from 5 to 10 km and a radius

step value of 1 km.

3.3. Results

3.3.1. Current Ecological Network of Brown Bears Across Tiirkiye
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Figure 3.2: Brown bears’ core habitat patches acros the country.

I identified 61 core habitats with an area ranging from 86.83 to 64,215 km? for present
day across the country (Fig. 3.2, Table 3.1). The total area of core habitats was 134,885 km?,
which was 13.9% less than the total area of suitable patches for living brown bears in Tiirkiye
(156,712 km?, Chapter 2) since I removed the suitable patches smaller than male bears’ home
range size as core habitats. I determined that while there are only five core patches with a total
area of 3,579 km? in Thrace, there are 56 core patches with a total area of 131,306 km? in
Anatolia (Fig. 3.2). Corridor mapping identified 106 LCPs to connect the core habitats for
present day (Table 3.2). Mean Euclidean distance (EucD) (the straight-line distance from one
node's edge to another) between the core habitats was 45 km (SD = 48, range = 1 — 228 km);

mean cost-weighted distance (CwD) (the cumulative cost incurred while traversing the LCPs)
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was 19,161 weighted km (SD= 26,729, range = 197.5 — 163,100 km); and mean LCP length
(actual distance traveled walking along the LCP) was 53 km (SD = 56, range = 1 — 260 km)
(Fig. 3.4, Table 3.2).

Table 3.1: Detailed information about the 61 core habitat patches across Tiirkiye.

Area Current centrality Area-corrected current
. corelb  (km2)  (amps)  centrality
Merig (1) 200.85 98.37 0.49
Istranca Mountains (2) 2986.58 231.31 0.08
Samsun (3) 957.14 891.94 0.93
Cildir (4) 209.59 60 0.29
Ganos Mountains (5) 114.67 135.72 1.18
Kocaeli Hills (6) 505.5 284 0.56
Akgakoca Mountains (7) 234.59 60 0.26
Tagova (8) 153.51 516.65 3.37
Akdag (Ladik) (9) 390.7 266.66 0.68
Gelibolu (10) 94.32 83.6 0.89
Samanli Mountains (11) 321.79 158.36 0.49
Kartepe (12) 166.82 349.96 2.1
Karacabey (13) 104.85 171.12 1.63
Uludag (14) 86.83 253.26 2.92
Eceabat (15) 182.5 60 0.33
Biga (16) 216.61 168.02 0.78
Tortum (17) 117.78 92.03 0.78
Karlik Mountain (18) 107.99 200.11 1.85
Kagizman (19) 344.7 72.87 0.21
Bogazkale (20) 121.94 134.84 1.11
Biga Mountains (21) 1052.56 131.2 0.12
Kop Mountain (22) 676.49 87.08 0.13
Western Black Sea block (23) 37323.68 1112.56 0.03
Pasinler (24) 182.79 124.43 0.68
Yirce Mountains (25) 1276.37 671.6 0.53
Paland6ken Mountain (26) 178.06 134.88 0.76
Cat (27) 158.01 141.64 0.9
Mount Ida (28) 1550.56 220.25 0.14
Tirkmenbaba Mountain (29) 255.28 455.54 1.78
Akdagmadeni (30) 884.64 199.96 0.23
Varto (Akdogan Mountains) (31) 172.11 199.98 1.16
Hinis (Akdogan Mountains) (32) 462.31 194.08 0.42
Odunpazar1 (33) 482.93 354.97 0.74
Karagoban (Akdogan M.) (34) 283.63 112.37 0.4
Bulanik (Akdogan M.) (35) 98.11 98.54 1
Murat Mountain (36) 561.04 359.08 0.64
Karacavus Mountains (37) 156.67 143.8 0.92
Ahlat (38) 336.69 77.56 0.23
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Ahir Mountain (39) 152.76 314.93 2.06
Bulkaz Mountain (40) 95.12 168.68 1.77
Bing6l Mountains (41) 305.17 339.34 1.11
Hasan Mountain (42) 108.15 169.05 1.56
Karaoglan Mountain (43) 113.44 237.2 2.09
Civril (Akdag) (44) 162.63 171.42 1.05
Saksak Mountain (45) 219.69 246.22 1.12
Nemrut Mountain (46) 110.5 177.52 1.61
Sultan Mountains (47) 1007.52 279.2 0.28
Yesilyurt (48) 319.76 214.97 0.67
Egirdir (49) 480.29 290.1 0.6

Yazlica Mountain (50) 158.9 60 0.38
Eastern Anatolia block (51) 64215.1 1168.31 0.02
Sarimsak Mountain (52) 232.52 238.63 1.03
Aladaglar (53) 137.13 247.64 1.81
Loras Mountain (54) 109.2 89.42 0.82
Kizildag (55) 957.98 256.61 0.27
Bozburun Mountain (56) 313.08 144.15 0.46
Hakkari Mountains (57) 4104.74 60 0.01
Zorkun Upland (58) 153.32 152.26 0.99
Amanos Mountains (59) 353.63 60 0.17
Beydaglar1 (60) 102.37 62.95 0.61
Geyik Mountains (61) 7252.1 250.46 0.03
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Table 3.2: Detailed information about 106 mapped linkages between core habitats across Tiirkiye.

Merig (1) Istranca Mountains (2) 83.25 33251.48 92.05 399.44 361.22 66.11 9406.61 3.53
Merig (1) Ganos M. (5) 56.95 18505.66 65.53 324.97 282.42 33.19 4355.31 4.25
Merig (1) Gelibolu (10) 60.31 17956.31 66.33 297.75 270.73 37.44 3200.04 5.61
Istranca Mountains (2) Ganos M. (5) 67.62 20249.49 75.64 299.48 267.71 108.5 8848.96 2.29
Istranca Mountains (2) Kocaeli Hills (6) 88.41 26226.81 95.63 296.65 274.26 228 11883.4 2.21
Samsun (3) Tasova (8) 11.41 243245 12.73 213.13 191.12 295.9 623.92 3.9

Samsun (3) Akdag (Ladik) (9) 10.28 2158.17 12.41 210.04 173.85 221.19 398.81 5.41
Samsun (3) Western Black Sea block (23) 8.14 1429.78 9.49 175.74 150.74 843.45 341.27 4.19
Samsun (3) Eastern Anatolia block (51) 38.74 9638.83 47.8 248.84 201.66 363.34 1754 5.5

Cildir (4) Eastern Anatolia block (51) 25.19 5841.09 30.14 231.91 193.79 60 2606.41 2.24
Ganos M. (5) Gelibolu (10) 5.18 2674.94 9.07 516.3 294.89 69.75 782.01 3.42
Kocaeli Hills (6) Western Black Sea block (23) 14.55 3607.44 15.83 247.92 227.92 280 2811.16 1.28
Akcakoca Mountains (7) Western Black Sea block (23) 5.08 1167.92 6.24 229.95 187.11 60 158.09 7.39
Tasova (8) Akdag (Ladik) (9) 6.72 1587.5 8 236.2 198.44 211.99 205.71 7.72
Tasova (8) Eastern Anatolia block (51) 29.25 6220.8 33.97 212.69 183.13 465.41 1256.71 4.95
Akdag (Ladik) (9) Bogazkale (20) 129.9 75114.94 156.1 578.27 481.21 40.13 26354 2.85
Samanli Mountains (11) Iznik (12) 17.6 2524.97 20.41 143.46 123.69 147.8 1220.28 2.07
Samanli Mountains (11) Yirce Mountains (25) 32.64 14978.99 49.56 458.89 302.26 108.92 9215.5 1.63
Iznik (12) Uludag (14) 4.41 1641.45 5.83 372.04 281.65 36.57 518.9 3.16
Iznik (12) Western Black Sea block (23) 2.49 601.04 2.83 241.48 212.53 310.62 223.23 2.69
Iznik (12) Yirce Mountains (25) 38.01 12172.14 41.97 320.23 290.02 144.94 3005.67 4.05
Karacabey (13) Biga (16) 74.75 31451.32 85.43 420.76 368.17 68.31 12648.4 2.49
Karacabey (13) Karlik Mountain (18) 65.05 30879.62 78.11 474.72 395.32 68.73 12645.7 2.44
Karacabey (13) Yirce Mountains (25) 49.78 24440.52 58.46 490.93 418.11 145.2 12317.7 1.98
Uludag (14) Western Black Sea block (23) 3.46 785.18 5.41 226.93 145.03 224.52 121.9 6.44
Uludag (14) Yirce Mountains (25) 37.65 9571.51 43.14 254.21 221.86 185.44 2714.86 3.53
Eceabat (15) Biga Mountains (21) 10.57 2451.27 12.31 231.89 199.08 60 536.31 4.57
Biga (16) Karlik Mountain (18) 1 497.83 241 497.83 206.23 96.63 145.65 3.42
Biga (16) Biga Mountains (21) 19.79 4102.28 22.73 207.34 180.5 67.56 699.29 5.87
Biga (16) Mount Ida (28) 10.79 2258.44 11.83 209.25 190.94 43.53 339.03 6.66
Tortum (17) Pasinler (24) 24.38 12163.83 33.49 498.99 363.26 44.61 10833.8 1.12
Tortum (17) Eastern Anatolia block (51) 10.61 4108.97 14.9 387.24 275.79 79.45 1276.28 3.22
Karlik Mountain (18) Yirce Mountains (25) 129.11 54170.71 142.5 419.57 380.15 90.75 32150.9 1.68
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Karlik Mountain (18) Mount Ida (28) 59 1284.17 8.66 217.84 148.36 84.1 326.14 3.94
Kagizman (19) Pasinler (24) 89.55 31741.89 119.91 354.46 264.71 2542 9869 3.22
Kagizman (19) Eastern Anatolia block (51) 237 9147.38 25.8 386.03 354.58 60.33 1796.97 5.09
Bogazkale (20) Western Black Sea block (23) 90.72 60061.57 100.85 662.06 595.54 67.95 16277.2 3.69
Bogazkale (20) Akdagmadeni (30) 86.33 56242.41 113.27 651.51 496.55 60.24 144924 3.88
Bogazkale (20) Aladaglar (53) 228.03 163100 248.56 715.36 656.25 41.35 712674 2.29
Biga Mountains (21) Mount Ida (28) 17.35 3594.26 21.73 207.2 165.43 74.83 964.01 3.73
Kop M. (22) Cat (27) 29.88 9380.38 33.83 313.92 277.3 43.28 1080.73 8.68
Kop M. (22) Eastern Anatolia block (51) 17.27 4405.8 23.38 255.13 188.41 70.89 1033.63 4.26
Western Black Sea block (23) Yirce Mountains (25) 43.27 11687.04 50.63 270.08 230.85 162.56 1213.11 9.63
Western Black Sea block (23) Tiirkmenbaba Mountain (29) 44.73 21353.58 47.41 477.43 450.36 216.03 20790.6 1.03
Pasinler (24) Palanddken Mountain (26) 11.58 2257.69 13.24 194.98 170.49 78.49 1229.34 1.84
Pasinler (24) Hinis (Akdogan Mountain) (32) | 42.82 13613.44 51.46 317.95 264.57 40.36 5382.98 2.53
Yirce Mountains (25) Mount Ida (28) 145.69 56696.78 160.47 389.16 353.32 87.2 328424 1.73
Yirce Mountains (25) Tiirkmenbaba Mountain (29) 42.54 14759.75 46.14 346.95 319.88 224.93 8238.23 1.79
Yirce Mountains (25) Murat Mountain (36) 72.63 39112.51 100.01 538.55 391.08 133.26 12002.4 3.26
Palanddken Mountain (26) Cat (27) 13.01 2891.95 15.9 222.35 181.89 90.76 823.87 3.51
Palanddken Mountain (26) Hinis (Akdogan M.) (32) 35.01 13170.93 41.53 376.23 317.17 40.51 2413.71 5.46
Cat (27) Eastern Anatolia block (51) 14.95 4712.46 17.9 315.28 263.28 89.24 918.84 5.13
Mount Ida (28) Murat M. (36) 208.69 94466.05 257.89 452.65 366.3 90.84 45696.8 2.07
Tiirkmenbaba Mountain (29) Odunpazari (33) 12.44 3560.16 15.73 286.19 226.37 326.62 1043.32 3.41
Tiirkmenbaba Mountain (29) Murat M. (36) 50.89 28690.2 58.53 563.81 490.21 83.5 8488.04 3.38
Akdagmadeni (30) Eastern Anatolia block (51) 61.92 19489.65 69.67 314.73 279.75 165.43 4986.22 3.91
Akdagmadeni (30) Sarimsak Mountain (52) 165.64 103300 184.52 623.34 559.56 53.87 22726.1 4.54
Akdagmadeni (30) Aladaglar (53) 166.19 105900 178.94 637.32 591.91 60.39 82759.5 1.28
Varto (Akdogan M.) (31) Hinis (Akdogan M.) (32) 3.42 518 5 151.68 103.6 153.67 76.44 6.78
Varto (Akdogan M.) (31) Eastern Anatolia block (51) 5.54 1051.5 7 189.84 150.21 186.29 312.26 3.37
Hinis Akdogan M.) (32) Karagoban (Akdogan M.) (34) | 5.68 1120.5 9 197.2 124.5 93.61 884.11 1.27
Odunpazari (33) Murat M. (36) 49.16 28050.78 57.94 570.58 484.13 54.37 12320 2.28
Odunpazar (33) Ahir Mountain (39) 45.29 22912.02 55.14 505.91 415.51 97.13 7027.45 3.26
Odunpazari (33) Sultan Mountains (47) 47.04 20391.45 52.77 433.45 386.43 171.82 5495.06 3.71
Karagoban (Akdogan M.) (34) | Bulanik (Akdogan M.) (35) 2222 8702.14 249 391.62 349.5 39.35 6084.59 1.43
Karagoban (Akdogan M.) (34) Karagavus M. (37) 28.2 7813.79 31.9 277.06 244.95 31.78 2690.65 2.9

Bulanik (Akdogan M.) (35) Karacavus M. (37) 12.52 3316.46 15.07 264.81 220.06 64.05 707.88 4.69
Bulanik (Akdogan M.) (35) Ahlat (38) 19.71 10409.39 21.66 528.02 480.67 33.68 2877.27 3.62
Murat M. (36) Ahir Mountain (39) 21.19 5812.85 2431 274.37 239.08 188.91 1477.77 3.93
Murat M. (36) Bulkaz Mountain (40) 32.55 12507.16 38.31 384.29 326.45 107.28 2293.18 5.45
Karacavus M. (37) Eastern Anatolia block (51) 5.74 1048 7 182.74 149.71 131.76 311.34 3.37
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Ahlat (38) Eastern Anatolia block (51) 10.97 4847.72 22.66 442.11 213.97 61.44 2129.5 2.28
Ahir Mountain (39) Bulkaz Mountain (40) 23.76 8225.59 25.8 346.24 318.85 49.98 1825.09 4.51
Ahir Mountain (39) Civril (Akdag) (44) 28.12 11755.69 44.53 418.13 264.02 50.43 213391 5.51
Ahir Mountain (39) Sultan Mountains (47) 60.96 25776 63 422.85 409.14 89.08 9655.55 2.67
Ahir Mountain (39) Egirdir (49) 66.46 27764.37 87.5 417.74 317.32 94.34 16130 1.72
Bulkaz Mountain (40) Civril (Akdag) (44) 15.72 2778.26 17.9 176.73 155.22 120.1 345.59 8.04
Bing6] Mountains (41) Karaoglan Mountain (43) 36.95 6578.59 41.11 178.04 160.02 164.67 1041.74 6.32
Bingdl Mountains (41) Saksak Mountain (45) 45.93 9450.86 57.11 205.75 165.48 122.29 1800.69 5.25
Bing6]l Mountains (41) Eastern Anatolia block (51) 1 330 2 330 165 331.72 119.08 2.77
Hasan M. (42) Karaoglan Mountain (43) 1 197.5 1 197.5 197.5 103.3 197.5 1
Hasan M. (42) Yesilyurt (48) 53.02 11638.85 60.77 219.51 191.53 83.47 2342.69 4.97
Hasan M. (42) Eastern Anatolia block (51) 42.8 12912.34 64.33 301.72 200.74 91.32 2464.49 5.24
Karaoglan Mountain (43) Saksak Mountain (45) 3.85 956 6 248.18 159.33 146.43 257.34 3.71
Civril (Akdag) (44) Egirdir (49) 43.55 23718.08 57.01 544.65 416.02 112.31 9258.08 2.56
Saksak Mountain (45) Nemrut Mountain (46) 12.37 2455.06 15.31 198.55 160.33 163.72 429.87 5.71
Nemrut Mountain (46) Yesilyurt (48) 20.04 4601 21 229.56 219.1 131.32 144543 3.18
Sultan Mountains (47) Egirdir (49) 40.44 10113.55 46.56 250.09 217.23 69.25 5663.03 1.79
Sultan Mountains (47) Loras Mountain (54) 40.55 17396.86 52.21 429.04 333.19 58.08 2545.93 6.83
Sultan Mountains (47) Kizildag (55) 21.03 7118.38 26.97 338.42 263.94 110.17 1819.77 3.91
Yesilyurt (48) Sarimsak Mountain (52) 149.77 44530.69 164.24 297.34 271.14 155.16 12071.7 3.69
Egirdir (49) Kizildag (55) 9.19 1913.93 11.24 208.38 170.25 147.15 422.66 4.53
Egirdir (49) Bozburun Mountain (56) 23.59 6540.74 26.04 277.31 251.17 65.69 2036.81 3.21
Egirdir (49) Beydaglar (60) 144.41 68326.9 158.84 473.16 430.16 31.47 34787.6 1.96
Yazlica Mountain (50) Eastern Anatolia block (51) 9.11 1966.5 11 215.89 178.77 60 1009.72 1.95
Eastern Anatolia block (51) Hakkari Mountains (57) 20.08 6475.32 29.49 322.44 219.61 60 457.75 14.15
Sarimsak Mountain (52) Aladaglar (53) 77.92 32805.54 88.6 421.04 370.28 96.7 5580.19 5.88
Sarimsak Mountain (52) Zorkun Upland (58) 68.26 24210.17 82.28 354.7 294.23 111.54 10874.5 2.23
Aladaglar (53) Zorkun Upland (58) 112.01 58106 175.05 518.74 331.93 72.99 17948.6 3.24
Aladaglar (53) Geyik Mountains 217.31 74095.86 259.66 340.97 285.35 163.86 214144 3.46
Loras Mountain (54) Geyik Mountains 30.05 14372.7 33.56 478.28 428.32 60.76 1790.66 8.03
Kizildag (55) Bozburun Mountain (56) 14.25 4245.66 15.9 297.96 267.04 53.88 953.81 4.45
Kizildag (55) Geyik Mountains (61) 12.54 2552.64 15.49 203.53 164.85 142.01 644.43 3.96
Bozburun Mountain (56) Beydaglar1 (60) 97.03 60374.45 123.11 622.24 490.4 34.43 41397.7 1.46
Bozburun Mountain (56) Geyik Mountains (61) 17.42 5896 18 338.54 327.56 74.29 1401.84 4.21
Zorkun Upland (58) Amanos Mountains (59) 3.59 889.32 4.83 247.79 184.2 60 192.16 4.63
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The centrality of each core area and linkage was determined by aggregating the
cumulative flow of the iterative 1-amp current. The mean core habitat patch centrality score
was 238 (SD = 223, ranged = 60 — 1,168) (Table 3.1). Patch centrality score, which indicates
the most essential patches to maintaining landscape-wide connectivity, was especially higher
in the Black Sea and Eastern Anatolia regions (Fig. 3.3). Eastern Anatolia block, Western Black
Sea block, and Samsun, respectively, had the highest current centrality scores (Fig. 3.3, Table
3.1). On the other hand, I obtained standardized measures to consider the contribution of small
habitat patches to connectivity, and the centrality values dramatically changed. The mean area-
corrected centrality score for core habitat patches was 0.86 (SD = 0.71, range = 0.01 — 3.37)
(Table 3.1). Tasova, Uludag, and Karaoglan Mountain had the highest area-corrected centrality
score (Fig. 3.3, Table 3.1). When I considered the area-corrected centrality, the importance of
small patches connecting the Mediterranean to the Black Sea and Marmara in the west of the
country and the stepping stones patches connecting to the Eastern Anatolia habitat block

increased (Fig. 3.3).
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Figure 3.3: The centrality scores (top) and area-corrected centrality scores (bottom) of core
patches and paths across the country.
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The mean corridor centrality score was 120 (SD = 107, range = 25 — 843) in the linkage
network of brown bears for the present day (Table 3.3). While path centrality varied across the
country (Fig. 3.3), the linkages between Samsun — Western Black Sea block, Tasova — Eastern
Anatolia block, and Bing6l Mountains — Eastern Anatolia block, respectively, had top highest
current flow centrality (Table 3.3). To evaluate the quality of paths among the core habitat
patches, there are different quality metrics commonly used, such as Absolute Resistance
(CwD:LCP), Absolute Distance (CwD:EucD), Effective resistance (R), and the ratio of cost-
weighted distance to effective resistance (CwD:R). Therefore, I separately considered distinct
metrics to determine the highest quality corridors. Absolute distance measures the ratio of the
cost-weighted distance of the LCP to Euclidean distance between the patches; the higher values
indicate the movement difficulty from one patch to another (Dutta et al., 2016). The mean
absolute distance value was 345 (SD = 134, range = 144 — 715) for the present day (Fig. 3.4,
Table 3.2). The linkage that exhibited the highest absolute distance values was between
Bogazkale to Akdagmadeni and Aladaglar in Central Anatolia since inner Anatolia has more
resistance to the movement of brown bears (Fig. 3.4, Table 3.2). In contrast, the lowest absolute
distance value was between Samanli Mountains — Iznik, and between the scattered core patches
(e.g. Varto, Hinis) throughout the Akdogan Mountains (Fig. 3.4, Table 3.2). Absolute resistance
gives the resistance per length unit cost along the least-cost path corridors among patches, and
higher values indicate increased difficulty for movement (Dutta et al., 2016). The mean absolute
resistance value for linkages of core patches was 283 (SD = 116, range = 104 — 656) (Fig. 3.4,
Table 3.2). The lowest absolute resistance was determined in the linkages between core patches
throughout the Akdogan Mountains (e.g. Varto — Hinis — Karagoban), and Samanli Mountains
— Kartepe (Fig. 3.4, Table 3.2). Effective resistance measures the connectivity degree between
connected patches, and the degree is influenced by proximity to other core areas, the number of
connections, and the resistance matrix (Keeley et al., 2021). Lower effective resistance values
indicate low resistance to movement. The mean value of effective resistance was 7,560 (SD =
13,277, range =76 — 82,759) (Fig. 3.4, Table 3.2). Except for a few paths in Central and Western
Anatolia, most of the paths exhibited low to mid-effective resistance values (Fig. 3.4, Table

3.2).
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3.3.2. Barriers Hindering Movement and Key Restoration Areas

Barrier Mapper identifies barriers throughout a corridor network that can significantly
impact the quality and placement of the corresponding corridors. To provide a brief summary
of the findings across the radii and multiple patch pairs, I calculated the sum of improvement
scores indicating the barriers that isolate multiple pairs of patches (Yang et al., 2022). The
improvement score states how much connectivity could improve via habitat restoration. Higher
improvement scores represent worse barriers to the movement among the patches. Barrier
mapping showed that there are major barriers to the dispersal of brown bears, especially in the
central Anatolia (Fig. 3.5). According to my results, connecting core habitats in inner Anatolia,
such as Bogazkale, Akdagmadeni, and Aladaglar to each other and Western Black Sea block is
difficult (Fig. 3.5). Moreover, the intersection of Murat Mountain, Tiirkmenbaba Mountain, and

Odunpazari represents the biggest connectivity barrier in the Western Tiirkiye (Fig. 3.5).
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Figure 3.5: The barriers among the core patches and the restoration areas to strength
connectivity across Tiirkiye.
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I calculated adjacent paired bottlenecked corridors via the Pinchpoint mapper.
Pinchpoint mapper identifies the areas along the most cost-effective routes. The movement-
restricted areas represent the pinchpoints, and the restriction derives from unfavorable habitat
conditions for brown bears. Therefore, higher pinch-point values indicate the priority areas for
conservation. In addition, the areas with higher significance for restoration obtained from the
Barrier Mapper tool and Pinchpoint values represent the priority areas for restoration. The
model found that many such critical areas across the country facilitate the ecological connection
of brown bear habitats. For instance, in western Tiirkiye, the intersection of Mount Ida, Biga
Mountains and Karlik Mountain core patches were of great importance in order for the brown
bear populations not to remain isolated in this area and to increase their population viability
(Fig. 3.5). Similarly, the area among Kocaeli Hills, Kartepe, and Uludag is critical to connect
these fragmented patches in the Marmara region to the Western Black Sea block (Fig. 3.5). The
connection of Akcakoca Mountains to Western Black Sea block is also important (Fig. 3.5).
The most significant connection for restoration is in the Central Black Sea; this area is the most
important brown bear habitat connection in Tiirkiye connects the Western Black Sea habitat
block to the Eastern Anatolia block, the two most important blocks in the country. The core
patches called Samsun, Akdag (Ladik), and Tasova between the Kiire Mountains and the Canik
Mountains, and the conservation of natural areas around them is an emergency priority to
enhance connectivity (Fig. 3.5). Another significant restoration area is around the Tiirkmenbaba
Mountain and between Kizildag — Egirdir. Other areas that have high significance for
restoration are the regions between Bozburun Mountain — Geyik Mountains, and Zorkun
Mountain — Amanos Mountains in the Mediterranean. In the East of the country, the connection
of rugged patches to each other and the Eastern Anatolian main habitat block has significant
restoration value, including the Bing6l Mountains, Akdogan Mountains, Karagavus Mountain,
Yazlica Mountain, Saksak Mountain, Hasan Mountain, Tortum, Pasinler, and Palanddken

Mountain.

3.3.3. Climate Change Effects on the Ecological Network of Brown Bears

Climate change will affect the habitat connectivity network of brown bears in Tiirkiye.
Climate change caused fragmentation in each future scenario by increasing the number of core
patches (Fig. 3.6). For present day, brown bears had 61 core patches, which increased to 76-82
and 65-79 depending on the scenario for 2050 and 2070, respectively (Table 3.3). In addition,
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the area of total core patches dramatically declined as climate change effects increased. The
loss ratio of total core patches compared with present day changes from 43% to 51%, and from
43% to 68%, depending on the scenarios, for 2050 and 2070, respectively (Table 3.3).
Furthermore, the area of the largest component greatly decreased in any scenario in the near
future, also decreasing component integrity. Due to the increasing number patches because of
fragmentation, the path number will increase in the future (Table 3.4). Moreover, despite the
increasing number of core patches in the near future, the mean LCP length increased in each
future scenario (Table 3.4). Lastly, compared with the present day, the path centrality score will
increase as climate change effects increase (Fig. 3.6, Table 3.4). All these results showed that
climate change-driven shifts will cause the disruption of the ecological network of brown bears

across Tirkiye in the near future.
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Figure 3.6: Climate change effects on the centrality of core patches and paths.



Chapter 3: Structural Connectivity of Brown Bear Habitats Across Tiirkiye

59

Table 3.3: Properties of core habitats under different climate change scenarios.

Area o

Present-day 61 134,885 NA 64,220 2,211 +£9,407 238 £223 0.86+0.71
RCP2.6, 2050 76 76,779 -43.08 22,578 1,010+ 3,036 401 + 338 1.57 £1.68
RCP7.0, 2050 79 77,462 -42.57 22,580 981 £2,978 431 + 355 1.70£2.10
RCP8.5, 2050 82 66,541 -50.67 21,507 811 +2,675 481 + 356 2.25+2.36
RCP2.6, 2070 79 77,143 -42.81 22,859 976 £ 2,963 452 + 383 1.82 £2.09
RCP7.0, 2070 76 63,674 -52.79 22,144 838 +£2,797 422 +320 1.89+1.95
RCP8.5, 2070 65 42,979 -68.14 8,930 661 £+ 1,663 342 + 255 147 +1.11

Table 3.4: Properties of linkages under different climate change scenarios.

: D, dea Ah
) 0. O o ] ; 0 eighted : . R

ore ) P
Present-day 106 53+ 56 120 + 107 45 £ 48 19,161 £26,729 345+134 283 £ 117 7,560+ 13,277 3.89+2.06
RCP2.6, 2050 131 49 + 61 211 +£200 41 +49 17,289 +27,483 316+129 258 £ 115 7,032+12,290 3.58+1.98
RCP7.0, 2050 141 53 + 66 220+218 44 + 55 18,809+ 31,142 322+ 131 264+ 114 7,526 £ 13,611 3.58+1.70
RCP8.5,2050 152 55 + 68 238 £222 46 + 59 20,061 +£32,815 328 +137 270+ 116 8,215+ 15,531 3.73+1.77
RCP2.6, 2070 134 50 £ 59 244 4+ 262 42 + 50 18,107 £ 28,294 319 £ 135 260 + 123 7,274+ 13,135 3.67+1.82
RCP7.0,2070 136 57 £ 65 215+ 208 49 + 56 20,883 +£ 32,663 331 +136 273 +£ 116 8,001 £ 14,500 3.66+2.04
RCP8.5,2070 113 78 + 96 179 £ 173 67 + 85 30,596 +£ 52,392 324 + 138 270 £ 120 12,687 £23,298 3.83 +£2.27
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34. Discussion

I present a landscape-level habitat structural connectivity map and the potential areas
for maintaining the movement of brown bears across Tiirkiye. Various resistance states can be
considered for landscapes, such as movement difficulty, increased mortality, and behavioral
avoidance. Large human-dominated areas such as dams, highways, and settlements lead to high
resistance as they cause increased mortality (Rahimi & Dong, 2023; see Chapter 4). [ used the
habitat suitability maps I previously obtained (Chapter 2) to generate resistance surfaces, also
known as friction layers, as the input for connectivity modeling. This approach provides a more
objective map compared to the approaches containing expert opinion (Brown, 2014). Moreover,
continuous resistance surfaces are better when modeling landscape structure (Stoddard, 2010),
and it is common practice to parameterize habitat suitability models to generate resistance maps
(Mohammadi et al., 2021; Rezaei et al., 2022; Mallory & Boyce, 2018). Additionally, the use
of habitat suitability models is the best option to assess structural connectivity when telemetry
or genetic data are not available (Mateo-Sanchez et al., 2015a; Mateo-Sanchez et al., 2015b;
Mohammadi et al., 2021). I eliminated the suitable patches that were not enough for a male bear
average home range size (83 km? Ambarli et al., 2016) to consider more integrated core
habitats. Therefore, the results here regarding connectivity offer a robust evaluation. However,
home range may vary seasonally and regionally (Pop et al., 2018), and differs between sexes
because of female philopatry in the dispersal of brown bears (Proctor et al., 2004). On the other
hand, whether habitat suitability reflects the movement of the target species across the
landscape depends on the predictors that produce the suitability map and their scale (Dar et al.,
2021). Furthermore, SDMs may incorrectly predict potential species distributions when the data
for both sexes are pooled, leading to overestimates, particularly for females (Gantchoff et al.,

2019).

My findings show that brown bears in Tiirkiye are structured into three main habitat
blocks, including the Western Black Sea, Eastern Anatolia, and the Mediterranean, the last of
which is significantly more vulnerable to climate change (Chapter 2; Ozturk et al., 2015;
Newbold et al., 2020). In addition to these, I observed that there are three other important
separate patches for bears in the Amanos Mountains, around Mount Ida, and the Hakkari
Mountains (Fig. 3.2). Many stepping stones that are scattered between these core patches can

provide connectivity. Considering the area-corrected centrality, Uludag, Kartepe and Ahir
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Mountain in the West; Karaoglan Mountain, Nemrut Mountain and Hasan Mountain in the East;
and Tasova in the central Black Sea region are critical stepping stones for connectivity (Fig.
3.3). However, the potential contributions of these locations in terms of mitigation should be
examined with detailed field surveys, and their existing connectivity should be evaluated by
considering restoration measures (Tobgay & Mahavik, 2020). Although some small patches are
not currently known to host brown bear populations, they are suitable habitats that should be
protected as they contribute significantly to landscape connectivity. The importance of these
small patches should not be underestimated, as the dispersal of individuals across the landscape
depends on the availability of local resources. On the other hand, although the centrality of the
Hakkari Mountains was relatively low (Fig. 3.3), this mountain range is the extension of the
Zagros Mountains, and it is known that this region as a belt continuing towards Iran constitutes
a suitable habitat for brown bears (Mohammadi et al., 2021; Ashrafzadeh et al., 2022; Rahimi
& Dong, 2023). Therefore, transboundary landscape connectivity should be examined here, and
transboundary measures should be implemented to support uninterrupted movement.
Unfortunately, southwest Asian brown bears have now lost much of their historical range, and
brown bears in the Zagros Mountains across Iran are experiencing local extinction (Karami et
al., 2015). Thus, transboundary conservation management is important for the persistence of
the local population there by facilitating genetic dispersal and bears’ continued movement in

response to climate change impacts.

In Tiirkiye, I detected 106 linkages among 61 core patches (Table 3.2). Across Anatolia,
brown bears mostly prefer forested areas (Chapter 2). While forested areas represent more
conductive areas, they included reproduction and establishment, and resistance increased in
non-forested areas (Fig. 3.1). However, bears can also be common in cropland and near human
settlements that act as moderately permeable barriers (Cozzi et al., 2016; Gantchoff & Belant,
2017; Morales-Gonzallez et al., 2020) since bears can be highly adaptable to landscape
transformation (Bombieri et al., 2021; Cozzi et al., 2016). This situation increases the risk of
human-bear conflict (see Chapter 4) and poses a threat to population viability (Penteriani et al.,
2018). However, because of this foraging behavior of bears, lower quality corridors may have
importance for connectivity (Greenspan et al., 2021). For instance, although the Circuitscape
algorithm is based on a random walk between the cells, representing the broadest possible
connection (McRae et al., 2008), brown bears rely on their perceptual environment knowledge

for habitat usage (Donatelli et al., 2022; Lamb et al., 2020). The feeding spots, such as open
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garbage dumps or near the orchards where they can easily find food, can mediate bears’
dispersal routes (Cozzi et al., 2016). Spatial structure and configuration of habitats ultimately
affect individual movement (Parsons et al., 2022; Kemahl1 et al., 2023). Hence, it is necessary
to evaluate the landscape-specific dispersal ability with fine-scale studies. Although the main
roads represent mostly a barrier for movement, bears may prefer some roads along their feeding
and breeding areas depending on various factors such as traffic density (Find’o et al., 2019).
Only 34 of 106 linkages among the core patches were not bisected by main roads. In addition
to roads providing human access to pristine areas, roads bisect the core habitats, and they are
one of the main reasons for bear casualties across the country, especially in the Black Sea and
Eastern Anatolia regions (Chapter 4). Providing wildlife overpasses in locations where brown
bears’ cross the main roads most frequently would reduce bear-vehicle collesions (Proctor et
al., 2015), also saving human lives. This study suggests some important locations in this
context. For instance, the linkages between the Ak¢akoca Mountain — Western Black Sea block,
Iznik — Uludag, Eceabat — Biga Mountains, Akdogan Mountains — Eastern Anatolia block,
Palanddken — Akdogan Mountains, and Kop Mountain — Eastern Anatolia block were bisected
by highways. It should be noted that many bears use highways as boundaries of their habitat
(Cushman et al., 2013; Mateo-Sanchez et al., 2014; Proctor et al., 2015; Gonzélez-Bernardo et
al., 2023) and such roads may lead to sex-bias filtering (Garcia-Sanchez et al., 2021). Therefore,
in these mentioned linkages, bear crossing areas can be determined by monitoring, and effective
precautions such as overpasses, underpasses, wildlife fences, and non-structural methods (e.g.
warning signs and speed limits) can be taken to facilitate movement (Sawaya et al., 2014;

Rytwinski et al., 2016).

The status of protected areas at the global scale is far from maintaining the world’s
biodiversity (Yang et al., 2020; Elsen et al., 2020; Mingarro et al., 2023) and unfortunately,
Tirkiye is no different (Sekercioglu et al., 2011a,b; Atmis, 2018). While the globally agreed
target for countries is to conserve 17% of land and inland water areas in protected areas, all of
Tiirkiye terrestrial protected areas cover only 7.7% of the country’s land area (NCNP, 2022),
and only 5.5% of this area is enough to meet the ecological requirements of brown bears
(Chapter 2). In Chapter 2, I show that if the established protected areas are not reconsidered and
redesigned, a conservation gap will occur for potential future bear habitats because of climate
change driving range shifts. It has been shown in other studies that protected area status is very

important for dispersal ability of large carnivores (Elliot et al., 2014; Haddad et al., 2003).



63
Chapter 3: Structural Connectivity of Brown Bear Habitats Across Tiirkiye

Although only 6.7% of core habitats detected in this study have protected area status, 41 of 106
LCPs between the core habitats pass on the protected areas. Furthermore, six significant areas
for restoration to enhance the connectivity were determined around the protected areas (e.g.,
the regions between Egirdir & Kizildag Mountain, Bozburun Mountain — Geyik Mountain,
Hasan Mountain —Karaoglan Mountain, Saksak Mountain — Karaoglan Mountain, Pasinler —
Palandoken Mountain, Karacavus Mountain — Eastern Anatolian block) (Fig. 3.5). Increasing
the effectiveness of protected areas by including the mentioned stepping stones and enforcing
regulations more strictly within and around the protected areas will contribute to long-term

population establishment and successful bear recolonization.

The impact of climate change on wildlife is increasing daily. Although the habitats of
specialist species are particularly seriously threatened (Ma et al., 2018), the current landscape
transformation also has devastating consequences for generalist and wide-ranging species such
as brown bears (Su et al., 2018; Dai et al., 2019a; Ashrafzadeh et al., 2022). In this chapter,
ecological niche modeling and connectivity modeling were integrated to understand the effects
of climate change-driven shifts on the ecological networks of brown bears. Considering
potential habitat suitability in the near future, I previously showed that bears’ suitable habitats
will shift northward and towards higher altitudes (Chapter 2). These results show that the size
of bears’ core habitats will decrease in the future and will be more fragmented. As habitat
fragmentation increases, the landscape resistance to bear movement will also increase in the
near future. Fragmentation affects the number of pinchpoints and creates new barriers along the
dispersal routes. Three LCPs are longer than 200 km, twelve are between 100 and 200 km,
sixty-two are between 50 and 100 km, and thirty-five are shorter than 50 km (Table 3.2). Female
bears can have dispersal distances of up to 90 km and male bears up to 467 km (Steen et al.,
2006). However, it is important to note that this dispersal distance is strongly dependent on
habitat continuity, quality, connectivity, and resource availability. With climate change effects,
LCP length among the patches is increasing, and the colonization of new patches is becoming
a challenge (Fig. 3.6). These lead to a decrease in gene flow and demographic exchange among
fragmented habitats over time, resulting in more isolated populations (Benazzo et al., 2017).
Demographic exchange, which is important for the success of species’ recolonization and
expansion, is particularly critical for brown bears because of females’ philopatric patterns
(Steen et al., 2006; Zedrosser et al., 2007). Isolated populations will accelerate the local

extinction of species that will have high ecological requirements due to climate change. For
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example, a study performed on Himalayan brown bears predicted that climate change will cause

an increase in the number of isolated patches (Dar et al., 2023), as I predict here for Tiirkiye.

As a limitation, it should be noted that circuit theory does not incorporate scale
dependency of dispersal capability (Mohammadi et al., 2021). Dispersal ability significantly
affects a species’ recolonization success (Dar et al., 2022; Landguth et al., 2012). While this
study only provides insight into structural connectivity, more reliable data such as satellite
tracking (Recio et al., 2021; Whittington et al., 2022) and landscape genetics (Ashrafzadeh et
al., 2018; Draheim et al., 2018) are needed for connectivity prioritization. With such data, the
most suitable restoration points can be effectively determined. When determining restoration
points, restoration of alternative paths, as well as the optimal path, may be beneficial and should
be considered. Considering that connectivity designs should include large areas (Theobald et
al., 2012), the contributions of these evaluations of structural connectivity are important for
conservation management. However, I should point out that conservation strategies based on
resistance surfaces produced through empirical modeling at a finer scale and verified by expert
opinion are an urgent need, especially for highly human-dominated areas such as the shrinking
natural areas of the Mediterranean and Marmara regions. Distributions of species may be
limited by factors such as intraspecies competition and resource availability, which are not
included in this model (Duquette et al., 2017; Penteriani et al., 2019; Lucas et al., 2023).
Understanding movement between habitat patches and developing effective management for
population persistence are urgent priorities to mitigate the effects of climate change and

landscape transformation.

3.5. Conclusion

In this chapter, I presented my findings on the structural connectivity of brown bear
habitats across Tiirkiye. Developing conservation strategies to prevent degradation and
identifying priority habitats is much cheaper and more effective than habitat restoration
(Fedorca et al., 2019). Therefore, the results of this study provide support for urgent and
essential decisions regarding conservation management in Tiirkiye. According to my findings,
the two main habitat blocks across Tiirkiye; Eastern Anatolia and the Western Black Sea,
remain relatively intact and have not yet been degraded. Although this is positive for the

connectivity of brown bear populations, which can have a high potential for expansion due to
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their opportunistic omnivores with long dispersal distances (Zarzo-Arias et al., 2019; Garcia-
Rodriguez et al., 2021), the situation is critical in the Mediterranean. This spatially explicit
modeling framework also demonstrates the effects of climate change on the structural
connectivity of brown bear populations. Model results show that climate change will disrupt
the ecological network of bears across the country in the future and reduce the connectivity of
habitat patches. Functional connectivity studies that consider factors such as population density,
biotic interactions, and dispersal limitation are needed to understand the effects of climate
change and landscape transformation on Anatolian brown bears. Monitoring efforts using

camera traps and GPS collaring will allow more precise corridors to be defined.
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Chapter 4

4. Human - Brown Bear Conflicts Across Tiirkiye

4.1. Introduction

Human dominance causes loss of quality and degradation in brown bear habitats. Brown
bears rely on their perceptual environmental knowledge for habitat usage (Donatelli et al., 2022;
Lamb et al., 2020) and develop plastic strategies (Cozzi et al., 2016; Deacy et al., 2017; Pereira
et al., 2021; Ogurtsov et al., 2024). By comparing the potential risks people present with the
benefits of the food they provide, they can forage in human-modified areas with high risk
(Parsons et al., 2022). Therefore, they exhibit synantrophic behavior (Peirce & van Daele, 2006;
Cozzi et al., 2016). Conflict causes at the global scale include increasing anthropogenic
activities such as logging, overgrazing (Fernandez et al., 2012; Fortin et al., 2016),
fragmentation of bear habitats (Khosravi et al., 2023; Kudrenko et al., 2022), seasonal
decreasing local resources (Zarzo-Arias et al., 2021; Schrag et al., 2008), attraction to areas
around human settlements (Cozzi et al., 2016; Lamb et al., 2017), human-associated food
conditioning (Naves et al., 2018; Cozzi et al., 2016), decreased tolerance to bears (Obbard et
al., 2014), increasing bear populations (Can & Togan, 2004).

Human-bear conflict is a common phenomenon across Tiirkiye that originates from
different reasons, most importantly habitat fragmentation and patchiness (Ambarli et al., 2016)
and an increase in human footprint in prime forest habitats, especially along the Black Sea
(Ambarli et al., 2018). As brown bears are forced to live in increasingly human-dominated
landscapes, bear-related incidents near human settlements are on the rise, posing a significant
threat to human-brown bear coexistence. This situation not only makes brown bears more
vulnerable to natural and anthropogenic environmental change but also fosters negative
attitudes toward their conservation (Kurth et al., 2024). Unfortunately, our knowledge of the
spatial distribution and factors driving these conflicts in Tiirkiye remains limited. Obtaining
spatial information on human-brown bear conflicts (HBCs) can help us detect ecological traps
or sink habitats by determining the factors responsible for these conflicts (Broekhuis et al.,

2017) and to develop conservation and management strategies to reduce HBCs (Khosravi et al.,
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2023; Can et al., 2014). Therefore, this chapter aims to quantify the spatial and temporal trends
of HBCs across Tiirkiye and increase our understanding of the social and ecological dynamics
underlying these conflicts. Understanding these dynamics is crucial not only for brown bear
conservation but also for fostering harmonious coexistence between humans and bears in

Tiirkiye's unique ecosystems.

4.2. Materials and Methods
4.2.1. Data Collection

To determine the dynamics of HBCs in Tiirkiye, I collected and reviewed news stories
on brown bear-human encounters between 2017-2023. To this end, I conducted Google
searches using the following keywords: “bear + sighting”, “bear + attack”, “bear + attack +
human/barn/beehive/orchards/crops/fence/yard/damages”, “bear + mortality” + “bear + road
accidents” in Turkish. All positive hits (i.e. conflict events) were geo-referenced based on the
location information. In cases where location information was absent, I tried to reach out to
eyewitnesses or sought confirmation from the local village chief (muhtar), who serves as the
representative of the state in Turkish villages. When direct eyewitnesses were unavailable, 1
assigned a georeferenced point randomly within a five kilometer radius of the potential event
location (Kimmig et al., 2020). I classified conflicts into seven categories in relation to the
nature and cause of the conflict: 1) Attack on livestock (Livestock), ii) Attack on bechives
(Beekeeping), ii1) Damage to crops, iv) Encounters/attacks during human activity in forests (i.e.
gathering resource/food, trekking, camping, logging, picnic), v) Road accidents involving
brown bears and vi) Illegal/Inadvertent poaching. I classified the conflicts not falling into these
classes as “vii) Other”. I used Chi-square goodness-of-fit tests to determine significant
differences between conflict types and whether the overall distribution of conflicts deviated
from a uniform distribution. I also used the Chi-square test for significant differences between
conflict events across years, seasons, and the three major biogeographic regions in Tirkiye;

Euro-Siberian, Irano Anatolian, and Mediterranean (Davis, 1971; Noroozi et al., 2019).
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Figure 4.1: Distribution and the number of recorded conflict events and types across Tiirkiye
between 2017-2023.

4.2.2. Environmental Variables

I used a combination of anthropogenic variables and key bioclimatic predictors,
including Distance to Forest, Distance to Farmland, Distance to Water, Distance to Road,
Distance to Villages, Distance to Protected areas, Population Density, Human Footprint Index,
Slope, Net Primary Productivity, Maximum Temperature, Minimum Temperature, Mean
Temperature, Precipitation, and Frequency of Wet Days (Table 4.1). Based on the literature, 1
selected these 15 environmental predictors with a high potential to influence HBCs. For
instance, roads, villages, and farmlands can be hotspots in terms of HBCs since they exhibit
high-risk, low-gain landscape features for bears and represent ecological traps in most cases
(Bombieri et al., 2021; Parsons et al., 2022). Water sources such as springs and rivers are
important locations for both wildlife as well as human activity such as livestock, camping etc
(Parsons et al., 2022). Brown bears rely on forested habitats for foraging, sheltering, and
denning (Recio et al., 2021; Zidtkowska et al., 2016); so forests were included in the model.
Population Density and Human Footprint Index are important to understand the potential role
of human dominancy in terms of HBCs in rural areas (Dai et al., 2019b) Protected areas that
have low human footprint play a crucial role in conserving biodiversity and providing refuge
for species threatened by habitat loss (Tammeleht et al., 2020; Dai et al., 2020). The model
included the slope variable since a high slope represents low human access as a general pattern

(Goldstein et al., 2010). Bioclimatic variables, including minimum, maximum, mean
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temperatures, precipitation, frequency of wet days, and net primary production features, drive
the abundance, richness, and accessibility of natural resources of brown bears as well as human
land usage (Penteriani et al., 2019; Zarzo-Arias et al., 2021; Pérez-Girén et al., 2024). I included
the rasters I used in Chapter 2, named Distance to Forest, Distance to Farmland, Distance to
Road, Distance to Villages, Distance to Water, Slope, and Human Footprint Index. I generated
the proximity layer named Distance to Protected Areas by using the layers containing
previously selected protected areas attributes (see Chapter 2) with the Euclidean Distance Tool
in ArcGIS. In this chapter, I downloaded Population density data from WorldPop in contrast to
Chapter 2. I downloaded the Minimum Temperature, the Maximum Temperature, the Mean
Temperature, the Frequency of Wet Days, the Precipitation data from CRU TS Version 4.04
(Climatic Research Unit, University of East Anglia) data source (Harris et al., 2020).
Considering the dramatic increase in extreme weather events every year since the 2000s (Walsh
et al., 2020), I chose the CRU database because it covers the relevant time range (2010-present)
for these predictors, unlike Worldclim (1970-2000) database. I downloaded yearly Net Primary
Productivity (NPP) data between 2016-2022 from the Terra/Modis database. Then, I took the
average of these years as a final NPP raster file. Before the modeling, I resampled the rasters
with the Nearest or Bilinear interpolation approach depending on the rasters’ cell size and

cropped and masked them based on the study area.

I checked multicollinearity among the variables using usdm (Naimi, 2023) and corrplot
(Wei & Simko, 2021) packages (Fig. 4.2, Fig. 4.3) and excluded them if they displayed high
correlation (|r] > 0.7) and high variance inflation (e.g., VIF > 5) (Fig. 4.2, Table 4.1) (Dormann
et al., 2013; Elith et al., 2006). Ultimately, 13 variables were retained except the Mean

Temperature and the Minimum Temperature predictors.
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Table 4.1: Environmental variables used for risk modeling of human — brown bear conflict
across Turkiye. The bold variables were selected to run final model.

Source

Corine Land Use Land
Cover 2018

HydroRIVERS —
HydroSHEDS
Open Street Map

Nature Conservation and
Natural Parks

SEDAC

WorldPop

Climatic Research Unit
(CRU TS Version 4.04)

Worldclim SRTM Data
TERRA/MODIS

Variable
Distance to Forest

Distance to Farmland
Distance to Water

Distance to road

Distance to Protected
areas

Human Footprint
Index

Population Density

Distance to Villages

Maximum
Temperature
Minimum Temperature

Mean Temperature
Precipitation
Frequency of Wet
Days
Slope

Net Primary
Productivity

Unit

km

HFI

No. of
persons/km?
km

°C
°C
°C
mm day!

Day

g Cm?yr!

Link

https://land.copernicus.eu/pan-european/corine-land-
cover/clc2018

https://www.hydrosheds.org/products/hydrorivers

https://www.openstreetmap.org/

https://www.arcgis.com/apps/View/index.html?appid=5{39781
46c4643438ab446620275269

https://sedac.ciesin.columbia.edu/data/set/wildareas-v3-2009-
human-footprint

https://hub.worldpop.org/project/categories?id=18
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https://www.worldclim.org/data/worldclim21.html
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Figure 4.2: Correlation matrix of environmental predictors for human — brown bear conflict

risk modeling.
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Figure 4.3: Cluster dendrogram of environmental predictors for human — brown bear conflict
risk modeling.

4.2.3. Human — Brown Bear Conflict Risk Modeling

Human-brown bear conflict risk modeling was based on 296 geo-referenced conflict
records (Fig. 4.1). I used the spThin package in R (version 4.3.2) (Aiello-Lammens et al., 2015)
to filter the spatial clustering of points at the 10 km scale across the study area. 201 conflict

events were used as the final dataset for conflict risk modeling.

I used species distribution modeling to determine the distribution of human-brown bear
conflict risk probabilities across Tiirkiye using the biomod?2 package in the R. Specifically, I
employed eleven different algorithms as follows: 1) Generalized Linear Model, 2) Generalized
Additive Model, 3) Maximum Entropy, 4) Random Forest, 5) Artificial Neural Network, 6)
Multivariate Adaptive Regression Spline, 7) Generalized Boosted Model, 8) Classification Tree
Analyses, 9) Flexible Discriminant Analysis, 10) Surface Response Envelope, and 11) eXtreme

Gradient Boosting Training (Chen et al., 2015).

Modeling was performed by generating 1,000 random pseudo-absence points and
splitting the collected data into training (80%) and testing (20%) datasets (Pant et al., 2021). To
avoid sampling bias, pseudo-absence points were generated three times for each model and
cross-validated per model using bootstrapping (Carvalho et al., 2021). I evaluated and
compared the performance and accuracy of each model considering AUC and TSS. To

determine risk probabilities across Tiirkiye and to reduce the uncertainty among algorithms, I
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constructed a final ensemble conflict risk model by weight averaging the eleven different
algorithms as implemented in the biomod?2 (Thuiller et al., 2014). I averaged predictions across
three replicated runs for each model and selected model runs with a TSS > 0.5 for generating
the ensemble model. The probability map obtained from the ensemble model was rescaled by
using the linear method in Rescale by Function Tool in ArcGIS. Then, the scale was classified
with equal five intervals as follows: no-risk areas (< 0.2), low-risk areas (0.2 — 0.4), moderate-

risk areas (0.4 — 0.6), high-risk areas (0.6 — 0.8), and extreme risk areas (> 0.8).

To better understand the conflict risk probabilities and human activity around protected
areas, I created two separate buffered layers around each selected protected area: a layer
spanning an area of i) a 5 km radius and ii) a 10 km radius from the border of each PA attributes.
I then determined conflict risk probabilities, settlement density, and the HFI index within these
layers. Finally, I presented the contribution of each variable to the ensemble model and used
the response curves to visualize the relationship of each variable to the predicted risk

assessment.

4.3. Results

4.3.1. Spatio-Temporal Pattern of Human — Brown Bear Conflicts

I collected 296 conflict events across Tiirkiye from 2017 to 2023 (Fig. 4.1). The annual
number of HBCs averaged 42.3 + 16.8, ranging from 26 to 70 across the seven-year period
(Table 4.2). Statistical analysis using the Chi-square test confirmed significant variability in
HBC frequency among years (x’=46.868, df=6, p-value=2.00e-08) (Table 4.2). This trend was
further evident for specific conflict types, including crop damage (x’=20.667, df=6, p-
value=0.002) and human activity in forest (x’=44.075, df=6, p-value=7.14e-08) (Table 4.2).
Notably, the highest number of conflict events were recorded in 2023 and 2021, respectively
(Fig. 4.4; Table 4.2).
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Conflict events by year
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Figure 4.4: Number of conflict events across years.

Table 4.2: The frequency of conflict events by years and their statistical comparison.

Conflcit Type 2017 2018 2019 2022 2021 2022 2023 X? df p-value
Livestock | 5 9 12 13 21 14 11 11.929 6 0.06356
Beekeeping | 9 5 12 7 11 11 17 8.6944 6 0.1915
Damage to Crops | 1 1 4 1 7 8 11 20.667 6 0.002105
Human activity in forest | 6 3 3 5 8 4 24 44075 6 7.14E-08
Road accident | 4 7 4 2 9 2 6 8.4118 6 0.2095
Poaching | 1 0 4 2 4 1 1 52 6 0.5184
Others | 0 1 0 0 5 0 0 11.231 6 0.0815
Total | 26 26 39 30 65 40 70 46.858 6 2.00E-08

Seasonal analysis revealed Autumn, Summer, Spring, and Winter as the seasons with
the most frequent encounters, respectively (Fig. 4.5). A statistically significant difference in
HBC frequency was observed among seasons (x’=82.568, df=3, p-value=2.20e-16) (Table 4.3).
Interestingly, the individual conflict types except beekeeping, others, and poaching exhibited

significant seasonal variations (Table 4.3).
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Conflict events by season
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Figure 4.5: Number of conflict events across seasons.

Table 4.3: The frequency of conflict events by seasons and their statistical comparison.

Conflcit Type Winter Spring  Summer Autumn X2 df p-value
Livestock | 6 13 23 43 36.553 3 5.72E-08

Beekeeping | 9 23 18 22 6.7778 3 0.07933
Damage to Crops | 2 8 7 16 12.212 3 0.006691
Human activity in forest | 6 2 16 29 32.811 3 3.53E-07
Road accident | 2 5 9 18 17.059 3 0.000687

Poaching | 1 1 7 4 7.6154 3 0.05467

Others | 0 3 3 0 3.6 3 0.308

Total | 26 55 83 132 82.568 3 2.20E-16

Seasonal trends revealed an increase in HBCs during Summer and Autumn, coinciding
with the bears’ hyperphagia period. In Tiirkiye, hibernation typically occurs by late December,
depending on altitude, with emergence from dens in mid-spring for cub-rearing or mating.
While being primarily herbivorous and avoiding humans during this period, brown bears feed
with berries and hard mast (e.g., beech, oak, common hazel) in late summer and autumn,
respectively (Ciucci et al., 2014). Accordingly, the dataset was categorized into seasons:
Denning (January 1 — April 15), Mating (April 16 — June 30), and Hyperphagia (July 1 —
December 31). As expected, most HBCs occurred during the hyperphagia season followed by
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the mating, and denning seasons, respectively (Fig. 4.6). Statistical analysis confirmed a
significant difference in HBC frequency across bear seasons (x°=203.22, df=2, p-value=2.20e-
16) (Table 4.4). Furthermore, individual conflict types also exhibited significant differences
between them. Despite a general pattern of brown bears avoiding humans during mating and
denning, the Human Activity in Forest conflict type doubled in frequency during hyperphagia
(Table 4.4). Additionally, an increased incidence of brown bear involvement in road accidents

was observed during this period (Fig. 4.6).
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Figure 4.6: Number of conflict events across brown bear seasons.

Table 4.4: The frequency of conflict events by bears seasons and their statistical comparison.

Conflcit Type Denning Hyperphagia Mating X2 df p-value
Livestock | 4 60 21 58.188 2 2.32E-13
Beekeeping | 9 42 21 23.25 2 8.94E-06
Damage to Crops | 2 23 8 21.273 2 2.40E-05
Human activity in forest | 0 46 7 65.821 2 5.09E-15
Road accident | 0 26 8 28.767 2 5.70E-07
Poaching | 1 10 2 11.231 2 3.64E-03
Others | 0 3 3 2 2 3.68E-01
Total | 16 210 70 203.22 2 2.20E-16
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A statistically significant variation (x’=121.82, df=6, p-value=2.2e-16) was observed in
the frequency of different conflict types across the country. Livestock attacks (n=85) constituted
the most frequent events, followed by beekeeping-related conflicts (n=72), human activity in
the forest (n=53), road accidents (n=34), and crop damage (n=33) (Fig. 4.1). Although the total
number of conflicts exhibited substantial variation across biogeographic regions (Fig. 4.7), no
significant correlation was found with area size (r = 0.005; p-value = 0.997). Despite having
the smallest area, the Caucasus and Western Black Sea habitats within the Euro-Siberian region
(146,694 km?) exhibited the highest number of conflicts (n=191), translating to a rate of 0.13
events per 100 km?. This rate was significantly higher compared to the Irano-Turanian region
(n=101, 480,937 km?, 0.02 conflict events per 100 km?) (Fig. 4.7; Table 4.5). Conversely, the
Mediterranean region recorded the least number of conflicts (n=4, 153,073 km?, 0.003 conflict
events per 100 km?) (Table 4.5). The dominant conflict types differed between regions. While
beehive and livestock attacks were most prevalent within the Euro-Siberian region, livestock
attacks and human activity in forests were more common in the Irano-Turanian region.
Additionally, road accidents exhibited a higher frequency in the Euro-Siberian region compared

to other ones (Table 4.5).
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Figure 4.7: Number of conflict events across biogeographic regions.
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Table 4.5: The frequency of conflict events by regions and their statistical comparison.

Conflict Type Number Euro-Siberian Irano-Turanian Mediterranean X2 df p-value

Livestock | 85 51 34 0 45977 2 1.04E-10
Beekeeping | 72 53 17 2 5725 2 3.70E-13
Damage to Crops | 33 21 12 0 18.5 2 9.61E-05
Human activity in forest | 53 30 23 0 26.393 2 1.86E-06
Road accident | 34 26 8 0 28.757 2 5.70E-07

Poaching | 13 6 1 38462 2 0.1462

Others | 6 4 1 3.00 2 0.2231
Total | 296 191 101 4 177.29 2 2.20E-16

Financial losses were incurred in 135 conflict cases for diverse reasons, but the major
ones were livestock predation (n=34, 25.2%) and apiary destruction (n=71, 52.6%). Notably,
67% of incidents involving financial loss occurred during the hyperphagia period. Of the 296
recorded HBCs, 103 (34.8%) involved human attacks, resulting in 95 injuries and 14 fatalities
(Fig. 4.8a). The majority of conflict events leading to human attacks stemmed from livestock
herding (n=47, 45.6%), followed by agricultural activities (n=15, 14.6%), trekking (n=12,
11.7%), gathering mushrooms (n=9, 8.7%), berry picking (n=6, 5.8%), vehicle collisions (n=3),
logging (n=2), poaching (n=2), apiary maintenance (n=1), and other miscellaneous activities
(n=6). Attacks within farmlands were relatively frequent (14.6%). The recorded gender
distribution of humans that were attacked showed 96 male and 6 female victims, with their age
demographics presented in (Fig. 4.9b). Conversely, 64 conflict events (21.6%) resulted in
brown bear casualties, encompassing 23 injuries and 42 fatalities. Road accidents (n=30) and

poaching (n=12) were the primary reasons that led to brown bear casualties.

Death and Injuries

Frag.eroy

Pl e Iz e I e

Huran Ags

Figure 4.8: a) Number of dead or injured people or bears across encounters. b) The histogram
of the age of people across encounters.
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4.3.2. Conflict Modeling and The Factors Affecting Human — Brown Bear
Conflicts

An evaluation of eleven different algorithms revealed that SRE and CTA exhibited the
lowest AUC and TSS values (Fig. 4.9). Conversely, GBM, xGBoost, and RF algorithms
achieved the highest AUC values, while GBM, GLM, and GAM algorithms achieved the
highest TSS values (Fig. 4.9). The ensemble model, which aggregated predictions from all
eleven algorithms, yielded a weighted average AUC of 0.93 and a weighted average TSS of

0.73, demonstrating its overall strong discriminatory power (Fig. 4.9).
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Figure 4.9: Receiver operating characteristic (ROC) area under the curve (AUC) (top) and True
skill statistics (TSS) (bottom) values as the predictive performance of different modeling
techniques were used in human—brown conflict risk modeling.

The ensemble model identified four key predictors contributing to conflict risk:
Maximum Temperature (31%), Net Primary Productivity (16%), Population density (14%), and
Distance to Forest (12%) (Fig. 4.10). Response curves for these predictors are presented in (Fig.
4.11).
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Figure 4.10: Percent contribution of environmental predictors to the final ensemble model for
predicting human-brown bear conflicts across Tiirkiye.
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Analysis of the ensemble conflict risk model revealed that an area of 146,604 km?
(18.71% of the country) is under potential human-brown bear conflict risk. High-risk areas were
primarily concentrated along the Black Sea coast and in Eastern Tiirkiye (Fig. 4.12). The binary
map indicated that 6.73% of conflict areas are located within protected areas (Fig. 4.12).
Furthermore, analysis of buffer zones with radii of 5 km and 10 km around PAs’ centers
revealed that 21.7% and 38.4% of all conflict areas lie within a 5 km and 10 km radius of these
protected zones, respectively (Fig. 4.15). Additionally, the buffer zone analysis identified high
human activity (HFI > 10) and many human settlements (>6,000 settlements) surrounding PAs
(Table 4.6).
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Figure 4.12: Ensemble model for risk probability of human — brown bear conflict across
Tirkiye (top). Binary map of conflict risk across Tiirkiye based on ensemble model (mid). The
scaled conflict risk probability across the country (bottom).
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Figure 4.13: Binary map of conflict risk across Tiirkiye based on ensemble model for 5 km
(top) and 10 km (bottom) buffer zones around selected protected areas.

Table 4.6: The anthropogenic impacts around the protected areas, and 5 km and 10 km buffer
zones around their border.

Variable Protected areas — No Protected areas — 5 Protected areas — Whole country
Buffer Zone km Buffer zone 10 km Buffer zone
Human Footprint Index 9.81+£5.80 10.94 £ 6.37 11.11 £ 6.41 11.19 £ 6.01
(HFI)
Number of human 1200 6609 13400 51689
settlements
4.4. Discussion

Data provided by social media and traditional media sources can provide resources for
various research questions in conservation biology, such as the understanding of spatio-

temporal dynamics of HBCs (Eid & Handal, 2017; Nayeri et al., 2022). In this study, I improved
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a model of the spatial pattern of HBCs in Tiirkiye. This is the first comprehensive study to
document and assess nationwide cases of human-brown bear conflicts based on the previously
published version of this dataset (Sikdokur et al., 2024). Brown bear is one of Tiirkiye’s most
abundant and widely distributed large mammals, and HBCs are a common occurrence across
the country (Can & Togan, 2004). Several factors have been proposed to explain the frequent
occurrence of HBCs in Tiirkiye, including habitat fragmentation and patchiness, increased
development and construction in forest habitats, and higher bear density, especially along the

Black Sea region of Tiirkiye (Ambarh et al., 2018).

The ensemble model identified high-conflict risk areas and the majority of HBCs
concentrated along the Black Sea coast and partly Eastern Anatolia, highlighting these regions
as a hotspot for such interactions. Several factors that contribute to conflicts in these areas are
listed below. First, the Black Sea region harbors the highest forest cover in Tiirkiye, providing
suitable habitat for large bear populations. Second, human activities significantly contribute to
conflict risk. Historically characterized by rural lifestyles and human settlements within
forested areas (Kog et al., 2015), the region also sees the most beekeeping activity in Tiirkiye
(Koday & Karadag, 2020). Unsafely placed apiaries within/around forests are readily accessible
to bears, as evidenced by the fact that 74% of beehive attacks occur in this region. This issue
urgently requires mitigation strategies. Third, anthropogenic impact is rapidly growing in the
region. Ongoing non-forestry activities (e.g. tourism, mining, energy facilities) in forested areas
lead to fragmentation of habitats and increased human access. Additionally, seasonal pastoralist
migrations to high altitudes within the Euro-Siberian and Irano-Turanian regions coincide with
the bears’ hyperphagia period, leading to increased livestock attacks. For instance, similar
observations were reported in China’s Sanjiangyuan region, where nomadic herding
contributed to higher bear damage (Dai et al., 2020; Dai et al., 2021b). Lastly, in areas with
high conflict frequency, public negative perceptions of bears are escalating (personal

observation).

While population estimates indicate that Anatolia harbors more bears than many other
parts of Europe and Asia, with over 3,000 individuals estimated across the Euro-Siberian and
Irano-Turanian regions (Ambarh et al., 2016), a direct link between population growth and
increased conflict risk currently lacks robust scientific evidence because systematic population

monitoring of brown bears across the country has not yet been carried. In addition, this study
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did not include public attitude surveys (Ambarli & Bilgin, 2008; Chynoweth et al., 2016) or
news content analyses in terms of attitudes and perceptions (Frank et al., 2015; Hughes et al.,
2020; Nanni et al., 2020). Conducting such research and implementing appropriate measures

remain crucial.

Human — wildlife conflicts are an expected outcome whenever people and animals share
the same space (Bombieri et al., 2023; Nayeri et al., 2022). The mean annual rate of bear attacks
on people in Tiirkiye was calculated to be 14.7 attacks per year, surpassing continent-wide rates
in North America (11.4 attacks/year) and Europe (10 attacks/year, excluding Romania)
(Bombieri et al., 2019). Apart from human casualties, bear casualties were also high, with
21.62% of all encounters ending with harm to bears. Most bear casualties were the result of
road accidents (n=30). The frequency of human-brown bear encounters may show different
patterns depending on sex and age. Factors that direct these patterns are bear density, high
ecological benefit for bears in risky areas (Parsons et al., 2022; Donatelli et al., 2022), life stage
of individuals (Elliot et al., 2014), natural food availability (Bautista et al., 2023), and habitat
quality (Ordiz et al., 2013). Hence, HBCs frequency displays landscape-specific characteristics.
Additionally, although brown bears generally show nocturnal or crepuscular activity
(Kaczensky et al., 2006), anthropogenic factors affect their patterns. For instance, they may
exhibit more diurnal activity in areas that have a lower human footprint (Donatelli et al., 2022).
On the other hand, females with cubs and subadult individuals may use high-risk areas more
frequently than do adult males (MacHutchon et al., 1998; Gibeau et al., 2002). Male bears, with
a polygamous mating system and sexual dimorphism, generally have a tendency to take more
risks than females (Andersson, 1994). Therefore, especially subadult males may spend more
time in high-risk areas compared to solitary females or adult males (Lamb et al., 2020) since
adult males dominate high-quality habitats to maximize their fitness (Andersson et al., 1994).
Brown bears have a despotic social organization (Elfstrom et al., 2014). Infanticide is a
widespread behavior in bears and male dominant bears often exhibit the killing behavior of
cubs of other males. For this reason, especially in small areas where the bear population is
dense, females with cubs can take risks and forage in human-modified landscapes compared to
other bear groups (Steyaert et al., 2013). Yet there is no clear pattern of bear behavior varying
with age and sex at the global scale. Unfortunately, since I obtained my data from media
coverage, I could not develop a detailed analysis of the sex and age status of bears in the context

of HBCs. However, it should be noted that a database that would be developed on brown bear
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deaths at the national scale would not only reveal ecological traps but will also enable sex and

age-specific comparisons and the detection of areas that serve as potential filters.

Environmental variables to improve conflict risk modeling were selected by considering
the literature. For instance, the maximum, minimum, and mean temperature values drive the
spatio-temporal dynamics of HBCs because they direct the bears’ biology and foraging
behavior. Temperature-related changes can affect the seasonal food resources of brown bears
(Penteriani et al., 2019; Zarzo-Arias et al., 2021; Roberts et al., 2014; Garcia-Mozo et al., 2012;
Afif-Khouri et al., 2011; Nestby et al., 2011; Caprio & Quame, 2011; Bautista et al., 2023).
Furthermore, brown bears can change their food preferences depending on temperature
fluctuations (Zarzo-Arias et al., 2021; Kozakai et al., 2011; Deacy et al., 2017). Ultimately, the
main temperature variables affect HBC frequency by forcing the bears to visit human-
dominated areas (Lewis et al., 2015). Besides, temperature can modulate factors influencing the
length of hyperphagia or cub-rearing season and entry/exit times of denning (Gonzalez-
Bernardo et al., 2020b), affecting the likelihood of encountering humans (Ordiz et al., 2017).
Similarly, the predictors of Precipitation and Frequency of Wet Days affect both bear foraging
strategy and human activities (Su et al., 2018; Pigeon et al., 2016). It is evident that they affect
conflict events, including trekking, logging, road accidents, and human activity in forests
(Dagtekin et al., 2024; Parsons et al., 2022). Additionally, these variables drive the bears’ food
sources abundance and richness in natural areas (Garcia-Mozo et al., 2012; Afif-Khouri et al.,
2011). Lastly, Net Primary Productivity, which refers to the variation in the amount of energy
available in the landscape from vegetation, is crucial because it indicates the productivity of
brown bear habitats (Galetti et al., 2009; Rettler, 2018; Bowersock et al., 2024). Changes in
NPP can lead to insufficient productivity in forest and grassland ecosystems, prompting the

bears to turn to anthropogenic sources (Bowersock et al., 2024).

When examining the importance of variables to the model, I observed that the Maximum
Temperature (31%), and NPP (16%) variables contribute the most to the model. The results
indicate that high temperatures increase the risk of HBCs throughout Tiirkiye (Fig. 4.11). This
may imply that HBCs will continue with an increasing trend in the future, considering Tiirkiye’s
future vulnerability to climate change (Ozturk et al., 2015; Demircan et al., 2017). NPP
exhibited a positive relationship with increased conflict probability. This is an indication that

human modification can modulate NPP in natural areas, as well as increase human-wildlife
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conflict.

Anthropogenic variables also contribute significantly (in total ~41%) and direct conflict
risk modeling across the country, but all variables are in close interaction with each other.
Among them, Population Density (14%) and Distance to Forest (12%) were the variables that
contributed the most to the model, respectively. These findings agree with the literature
(Hipolito et al., 2020; Pop et al., 2023). Considering the rapid increase in logging and other
interventions in Tirkiye’s forests in recent years, it can be said that the number of HBCs will
increase in the future unless necessary precautions are taken. For the last two decades, Tiirkiye’s
forests have been faced with very serious deforestation (Hansen et al., 2013), and in parallel
with this, the logging industry has also exhibited large growth (TIM, 2023). This unsustainable
increase in logging and the resulting deforestation and forest degredation are affecting the
quality of existing forest habitats and increasing the fragmented areas (TOD, 2022). Wrong
forestry policies, improper industrial afforestation practices, and non-forestry use permits can
significantly increase the conflict risk in forests and their periphery. Logging activities in forests
have the potential to seriously affect the habitat usage of large carnivores (Colton et al., 2021).
In addition to feeding and sheltering habitats for brown bears, forests also serve as buffers that
protect brown bears from overheating (Nellemann et al., 2007; Rogers et al., 2021). Summer
and winter temperatures, which can reach extreme levels due to climate change since the early
2000s (Walsh et al., 2020), are also changing the usage patterns of brown bears in patches
containing young and aged forests (Stewart et al., 2013). Road and human presence also direct
their habitat usage (Roever et al., 2010). Such human interventions in forest habitats may have
consequences that will increase the likelihood of conflict by changing the habitat usage and

circadian rhythms of brown bears (Donatelli et al., 2022).

Proximity to villages emerged as a significant variable contributing to the conflict risk
model. Villages attract bears due to the presence of orchards, crops, and garbage dumps in their
vicinity. Orchards and accessible crops readily attract bears, potentially converting agricultural
fields into ecological traps. When space and food availability are restricted in natural habitats,
wide-ranging mammals like bears may shift towards human-dominated landscapes offering
predictable and easily obtainable food sources with lower foraging costs (Bautista et al., 2023;
Kemabhl: et al., 2023). Indeed, bear-human interactions in local populations exhibit intriguing

patterns shaped by factors such as nutrient availability and human activity. The Sarikamig
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population in Eastern Anatolia presents a unique case area. The district garbage dump bordering
fragmented Scotch pine (Pinus slyvestris) forests provides a readily accessible food source for
bears, serving as a major feeding area. Few natural resources and increasing human presence in
the region further encourage bears towards this feeding strategy. Analyses of GPS collar data
reveal individual variations in behavior (Cozzi et al., 2016). While some bears exhibit sedentary
behavior, spending most of their time near the garbage dump, others maintain migratory
patterns within their natural habitats, covering larger distances (Cozzi et al., 2016; Kemahli et
al., 2023). Thus, inter-individual variability influences movement patterns. Similar hotspots as
feeding areas for bears, such as the picnic area in the Nemrut Crater Lake of Bitlis, attract bears
with human garbage. Unfortunately, many similar locations exist across the country. Unlike
Tiirkiye, central European countries strictly prohibit supplementary feeding near settlements to
prevent food conditioning (Huber et al., 2008). Conversely, numerous garbage piles exist near
rural settlements in Tirkiye, coupled with improper waste disposal/storage instruments,
habituating bears to human-derived food (Lewis et al., 2015). This problem demands urgent
attention from authorities such as rural municipalities. While supplementary feeding might act
as a stopgap solution in cases of insufficient natural resources, as seen in Sarikamis,
unfortunately, bears in these locations have become dependent on human-derived food. For
example, during the hyperphagia period, over thirty-five bears can be observed simultaneously
feeding at the Sarikamis garbage dump (Chynoweth et al., 2016). Such artificial feeding can
modulate bear body size and energy budgets (Robbins et al., 2004). Fluctuations in energy
budgets due to diet-induced thermogenesis during hibernation may potentially cause additional

stress (Erlenbach et al., 2014).

Crop and orchard damage by brown bears is a common phenomenon in Tiirkiye,
although media coverage on this issue is relatively limited. This underrepresentation likely
introduces bias into my dataset, as only sensational cases like bear attacks on humans tend to
gain media attention. While this chapter relies on media data, it is important to note that the
actual number of HBCs in Tiirkiye likely exceeds what is reported in the media. While
acknowledging the limitations of solely relying on media data, this study highlights its
relevance in identifying human-caused mortality and conflict hotspots for large carnivores,
particularly in scenarios where comprehensive research funding is scarce and official

authorities refrain from publishing confidential data (Nayeri et al., 2022).
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Most human-induced conflicts stem from direct human activities in forested areas,
including logging, poaching, and recreational activities. Accidental road kills also contribute
significantly to bear mortality. Human Footprint Index (HFI) serves as an indicator of
cumulative human pressure on the environment. Interestingly, the ensemble model revealed
that conflict risk was highest in areas with low to moderate human footprint based on HFI
(Venter et al., 2016), whereas areas with very high human pressure exhibited lower risk, likely
because these areas do not meet brown bears' ecological requirements (Fig. 4.11). Overall, the
average HFI within and around protected areas in Tiirkiye is remarkably high (9.81 £ 5.80)
(Table 4.6). Furthermore, the high level of human activity within and around PAs potentially
explains the relatively high rate of bear attacks on humans. Echoing these findings, Lamb et al.
reported that humans are the primary cause of brown bear mortality in areas exceeding an HFI
of twelve. They further suggest that maintaining population stability requires an additional
increase of 1-2% in immigrant brown bears for each unit increase in HFI (Lamb et al., 2020).
The established PAs offer limited protection for natural bear habitats, with only a small cover
of forested areas in the Black Sea and Eastern Anatolia regions being protected. Additionally,
some of these protected forests are subject to legal logging and mining threats (Atmis et al.,
2018; Atmis et al., 2024). Compounding these challenges, the immediate vicinity of PAs in
Tiirkiye is densely populated, with 26% of all human settlements located within a 10 km radius
of the selected PAs (Table 4.6). Based on the model results, areas around PAs appear to be
hotspots for HBCs due to their vulnerability to human pressure. Therefore, stricter regulations
and restrictions on human activities within and around PAs are essential to mitigate human-

wildlife conflicts.

Although there were 34 road accident cases, distance to roads had a surprisingly
relatively low contribution to the conflict risk model. Brown bears utilize roads for various
purposes such as migration (Cozzi et al., 2016), dispersal (Boulanger & Stenhouse, 2014), and
daily activities (Kite et al., 2016). Additionally, there are many attractive feeding spots for bears
around roads, such as maize fields and orchards (Robertson et al., 2013). This complex interplay
positions roads as critical components and potential ecological traps leading to higher conflict
events (Lamb et al., 2017). This is particularly the case in the Black Sea region of Tiirkiye,
where road construction through forested areas is rapidly expanding (e.g., Yesil Yol Project)
(WWF, 2015; URL1). Despite the complexity of bear-road interactions, the impact of roads can
vary depending on the landscape (Find'o et al., 2019), sex of bears (Graham et al., 2010), traffic
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volume (Chen & Koprowski, 2019; Jacobson et al., 2016), and daytime (Steen et al., 2020).
Roads can also skew bear demographics by introducing gender (Steyaert et al., 2013; Graham
et al., 2010; Lewis et al., 2011) and age-related (Boulanger & Stenhouse, 2014) biases,
potentially leading to demographic imbalances. Furthermore, road barriers (Kusak et al., 2009)
that have high traffic volume (Waller & Servheen, 2005; Graves et al., 2006) can negatively
impact gene flow and decrease genetic diversity (Fedorca et al., 2019; Thatte et al., 2020). Bears
often favor denning in areas with higher slopes and distance from human influence and roads
(Gonzalez-Bernardo et al., 2020a). They can affect cub survival in low-quality habitats with
dense populations, as bears may be forced to abandon or avoid denning near roads (Elfstrom &
Swenson, 2009). The results revealed that most vehicle collisions occurred in the Black Sea
region (n=26 in Euro-Siberian, n=8 in [rano-Turanian), where roads increasingly bisect forests.
Examining seasonal patterns, 76.4% of road accidents occurred during the hyperphagia period,
likely due to increased foraging activity along roads. Although these findings approximate road
accident estimates, more data is needed to generate a high-resolution risk map. Collaboration
between traffic police, gendarme, the General Directorate of Highways, and the General
Directorate of Nature Conservation and National Parks is crucial to map precise locations of
wild animal road kills and create a more robust risk map. Subsequently, this detailed risk map
can inform mitigation and interventions such as decreased speed limits in hotspots, speed
control cameras, warning signs, and the construction of wildlife overpasses/underpasses (Kusak

et al., 2009).

4.5. Conclusion

The results of this chapter indicate that the frequency of HBCs has been increasing
across Tiirkiye, resulting in human and bear casualties, financial losses, and a negative public
attitude toward conservation efforts. Conflict frequencies showed different patterns by years,
seasons, bear seasons, and regions. Core habitats and migration routes of brown bears
increasingly intersect with human settlements in Tiirkiye. This chapter underscores that the high
incidence of HBCs in Tiirkiye predominantly arises from limited protected area coverage,
insufficient natural habitats and resources available to brown bears, and the escalating
encroachment of human activities in and around vital wildlife habitats. Addressing these critical
factors will be pivotal in preserving sustainable bear populations in Tiirkiye and achieving a

harmonious coexistence between humans and brown bears.



91
Chapter 5: Population Genetics of Brown Bears in Southwest Asia

Chapter 5

5.  Population Genetics of Brown Bears in Southwest Asia

5.1. Introduction

The ability of an individual to move from one region to another depends on the dispersal
ability of the species (Stoen et al., 2006). It is affected by many biotic and abiotic variables such
as landscape configuration, climate conditions, competition, population density, and resource
availability (Cushman et al., 2006; Ma et al., 2018; Thatte et al., 2020; Calderon et al., 2024).
Although this dispersal ability can vary depending on the species’ movement capacity under
these conditions, it can be effective or non-effective (Burgess et al., 2016). Effective dispersal
results in gene flow, whereas the disperser fails to pass its genes to the next generation in
another region in the case of non-effective dispersal (Cayuela et al., 2018). In this context,
landscape genetics uses analytical approaches developed to investigate microevolutionary
processes driven by habitat fragmentation (Balkenhol et al., 2015). For instance, the barriers
caused by anthropogenic or natural factors may have a serious effect on the gene flow between
populations (McRae, 2006; Mateo-Sanchez et al., 2015a; Carvalho et al., 2018). Ultimately,
small and isolated populations carry a high risk of extinction, as they are more sensitive to

environmental and demographic changes.

Gene flow increases population genetic diversity and homogenizes genetic variation
(Matosiuk et al., 2019; Kopatz et al., 2021). Genetic diversity decreases over time in fragmented
habitats, while demographic isolation induces population genetic structuring (Slatkin, 1987).
This situation causes reproductive isolation and speciation over time (Feder et al., 2012). Loss
of genetic variation in isolated and small populations and increased frequency of rare
deleterious alleles because of inbreeding reduces the ability of the species to respond to novel
environmental challenges (Robinson et al., 2019). Therefore, avoidance of inbreeding and
spatial heterogeneity are important influences on species distribution (Hamilton & May, 1977).
Gene flow positively affects the species adaptation in most cases. While some diet-generalist
and high-plasticity species, such as brown bears, can adapt to landscape-derived factors

relatively more easily (Cozzi et al., 2016), the destruction of connectivity can be much more
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devastating for this species (Benazzo et al., 2017).

Population differentiation mainly depends on the balance between the strength of
selection and gene flow. Their contribution to the shaping of genetic diversity depends on
factors such as population size and connectivity (Murphy et al., 2018). Genetic differentiation
can be the result of drift becoming stronger in a fragmented landscape. In this case, an increase
in gene flow positively affects population health (Prunier et al., 2017). On the other hand, long-
term habitat change can enable species to adapt to new conditions through natural selection if
they contain a slow rate of degradation and the ecological needs of species (Franks &
Hoffmann, 2012). It leads to local adaptation. Changing environments can cause niche
differentiation. If the local conditions are similar, they can cause niche overlap among the
populations. However, as the conditions change, distinct environments cause increased niche
divergence (Ashrafzadeh et al., 2018; Moreira & Smith, 2023). In this case, the isolation

patterns can explain observed genetic diversity.

Changing climate and human interventions on the landscape continue to cause habitat
fragmentation. Ultimately, the habitats are fragmented and the movement of individuals is
restricted. In case of long-term isolation, loss of genetic diversity due to genetic drift increases
further, resulting in inbreeding depression (Lacy, 1987). Large carnivores are particularly
vulnerable to factors that can modulate such population dynamics. They require large
undisturbed areas. Furthermore, factors such as hunting, human-wildlife conflict, and vehicle
collisions also negatively affect population dynamics by increasing mortality rates (Boulanger
& Stenhouse, 2014; Gosselin et al., 2015; Khosravi et al., 2023). These influences may be age-
mediated, sex-mediated, life-history specific, or landscape specific (Shirane et al., 2019; de
Jong et al., 2023, Peck et al., 2017) These dynamics direct microevolutionary processes and can
reduce the adaptability of populations, push them to develop different behavioral strategies, and
affect the fitness of individuals and the reproductive success of populations. One of the main
ways to cope with such dynamics is to maintain habitat connectivity and to facilitate the
demographic exchange of populations (Kopatz et al., 2021). Brown bears have been historically
distributed throughout Southwest Asia. In addition to Tiirkiye, they are found in mixed and
evergreen forests along the Zagros and Albroz Mountains in Iran (Mohammadi et al., 2021).
However, all these core habitats are seriously shrinking due to the human footprint (Chapter 2,

Ambarli et al., 2016; Ashrafzadeh et al., 2018; Mohammadi et al., 2021; Ashrafzadeh et al.,
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2022). Besides, Southwest Asia is one of the most vulnerable regions to climate change in the
future (Newbold et al., 2020; Ozturk et al., 2015). Three key factors have been identified as
driving the evolution of brown bears: northward expansions, dispersal primarily driven by
males, and limited interaction between local populations (Endo et al., 2021). So far, there are
few studies on the genetic diversity of brown bears in Southwest Asia, including Anatolia and
Iran (Cilingir et al., 2016; Ashrafzadeh et al., 2016; Ambarh et al., 2018; Ashrafzadeh et al.,
2018; Kemahl et al., 2023). In this chapter, I analyzed the population structure of brown bears
across Tiirkiye and Iran and examined their genetic diversity as well as the potential importance

of isolation patterns on population structuring.

5.2. Materials and Methods
5.2.1. Sample Collection, DNA Extraction, Sequencing and Mapping

First, we collected 566 scat samples and four tissue samples opportunistically from dead
individuals during our field work across Anatolia. We stored the scat samples in a refrigerator
during fieldwork and then stored them in laboratory freezer. We preserved the muscle samples
in the alcohol. Second, Prof. Irfan Kandemir from Ankara University shared with us six tissue
samples obtained opportunistically and with the necessary permissions. Third, I used eleven
sequences obtained from tissue samples of Iranian brown bear. Finally, I used sixteen sequences
obtained from the blood samples belonging to the brown bears living in Sarikamis, Kars region
of Tiirkiye. The information about the process of the collection and sequencing of these blood

samples can be found in Kemahli et al., (2023) .

Total genomic DNA from the scat samples and tissue samples were extracted using the
QIAmp DNA Stool (or Tissue) Mini Kit following the manufacturer’s protocol. Brown bear
DNA was confirmed by assessing each sample's Cq values after qPCR amplification with the
GIOP primer pair (Paetkau & Strobeck, 1998). DNA concentration of each sample was
quantified with the Qubit 2.0 Fluorometer and Qubit dsSDNA BR Assay Kit. The degradation
status was checked on 1.5% agarose gel. Then, the adequate samples were normalized to a
concentration of 20 ng/ul. Ninety-three scat and five tissue samples were chosen based on their
spatial distribution across Tiirkiye. The plate was sent to Floragenex Inc. (Oregon, USA) for
the Restriction Site Associated DNA Sequencing (RAD-Seq). In RAD-seq, which represents a
reduced representation of the genome, the target genome is fragmented via restriction enzyme

and sequenced with the next-generation sequencing (NGS) platform. Here, 150 bp paired-end



94
Chapter 5: Population Genetics of Brown Bears in Southwest Asia

sequence reads were generated using the SbfI restriction enzyme. The RAD protocol was
described in Ali et al., (2016). Sequencing was performed on the Illumina NovaSeq 6000
platform, and the resulting reads were sorted into individually matched forward and reverse

fastq files using unique 8 bp barcodes.

I conducted alignment and filtering process according to the pipeline outlined in Saglam
et al., (2021). I used the Burrows-Wheeler Alignment (BWA) tool and used the Ursus arctos
reference genome (UrsArc2.0, GCA_023065955.2) for all subsequent analyses. I aligned
demultiplexed sequences for all individuals to the reference genome BWA-minimal exact
match (MEM) algorithm implemented in BWA software. I outputted alignment maps as
Sequence Alignment/Map (SAM) files, converted them to Binary Alignment/map (BAM) files
using Samtools, sorted proper pairs, and removed duplicates by using Picard, and indexed them
with Samtools v1.14 (L1 et al., 2009). All analyses were carried out in the Kog¢ University
Advanced Computing Center High-Performance Computing Cluster. Some of the sequences
from the scat samples were resequenced due to low read counts. The sorted bam files derived
from different fastq files belonging to the same individuals were first merged using Samtools,
and the same steps were performed as explained above. Lastly, each sample’s raw aligned reads,
properly paired reads and duplicates removed aligned reads number was presented in (Table

5.1).

5.2.2. Genotyping, Population Structure, and Diversity

I conducted the population genetic analyses using the probabilistic framework
implemented in ANGSD, where genotype uncertainty is incorporated (Korneliussen et al.,
2014). I carried out a framework using the Samtools genotype likelithood model (-GL 1),
considering minimum base quality of 20 (-minQ 20) and mapping quality of 10 (-minMapQ
10), and generated a beagle likelihood file (-doGlf 2) for admixture analysis. I designated
polymorphic sites with a high probability of being variable (-SNP_pval 1e-6), inferred major
and minor alleles from the genotype likelihoods (-doMajorMinor 1), estimated allele
frequencies (-doMaf 1), required sites to be present half percent of individuals (-minind),
dropped reads with high depth across samples (-setMinDepth 220), discarded the reads without
unique mapping (-uniqueOnly 1), bad reads (-removed_bads 1), unmapped reads (-

only_proper_pairs 1).
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I examined the population structure using Principal Component Analysis (PCA), which
fits orthogonal principal components (PC) that summarize overall variability between
individuals. All filters described above were performed by assuming the reference variant as
ancestral. The covariance matrix was generated using by PCAngsd (Meisner & Albrechtsen,
2018) to infer eigenvalues. Eigenvector decomposition and plots were performed in R.
Moreover, to infer ancestral proportions of individuals, I performed admixture analysis using
NGSadmix (Skotte et al., 2013) based on the beagle file output including genotype likelihoods
by assuming K values ranging from 1 to 10 and by repeating 30 times per K with different
random seeds to avoid convergence to local optima. The optimal value of K was selected by
calculating AK with the Evanno method (Evanno et al., 2005) in CLUMPAK (Kopelman et al.,

2015). The final admixture plots were visualized in R.

To evaluate genetic diversity among the populations, I calculated several measures of
genetic variation including Watterson’s theta (Ow) (Watterson, 1975), pairwise nucleotide
variation (7) (Tajima, 1989a), and neutrality test Tajima’s D (Tajima, 1989a) by using a method
implemented in ANGSD. I first calculated the site frequency spectrum (SFS), summarizing the
distribution of different allele frequencies along the genome, based on computed genotype
likelihoods by using realSFS with the arguments as follow: -GL 1 -doSaf 1 -minMapQ 20 -
minQ 20 -uniqueOnly 1 -remove_bads 1 -only_proper_pairs 1 -baq 2. Before computing SFS,
I generated a consensus sequence of polar bear genomes (Cahill et al., 2013) in ANGSD (-minQ
20 -minMapQ 20) by using -doFasta 1 in order to consider the ancestral state of each nucleotide
position. I utilized folded SFS to calculate genome-wide diversity metrics by using thetaStat in
ANGSD. Lastly, I estimated allele frequency differentiation between populations using the Fst

metrics after calculating unfolded SFS for each population and 2D-SFS across four populations.

To infer the effects of the isolation patterns, including isolation by distance (IBD) and
isolation by environment (IBE), I calculated pairwise linear genetic distance among the
individuals using genotype likelihoods with ngsDist (Vieira et al., 2016). I generated a pairwise
geographic distance matrix with distGeo function from the geosphere package in R (Hijmans
et al., 2017). In addition, I downloaded 19 bioclimatic variables from the Worldclim database
(Fick & Hijmans, 2017). I extracted the values of variables for each point with raster package
(Hijmans, 2015). I generated an environmental dissimilarity matrix based on bioclimatic

variables. I performed a Mantel test via the vegan package (Dixon, 2003), and determined
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regression coefficients and their significance based on Pearson’s correlation coefficient method
with 9,999 random permutations in order to understand the isolation patterns' effects on genetic
differentiation. I additionally employed the partial Mantel test to evaluate how one factor

influences genetic distance while controlling for another factor.

5.3. Results
5.3.1. RAD Sequencing and Filtering

After the quality checks from the extracted samples, 93 scat samples were sent for
sequencing, and 69 of them were resequenced. Half of the tissue samples from Tiirkiye were
found qualified and sent for sequencing. In addition, 10 Iranian Brown bear sequences were

used. The reading results of the sequences are shown in Table 5.1.

W

Elevation ® Scat No of duplicates removed aligned reads
<1000 m B Tissue B  <100,000
I 1000 - 2000 m 4 Blood 100,000 - 500,000

I 2000 - 3000 m
I 3000 - 4000 m
I 4000 m

® 500,000

Figure 5.1: Sampling locations by type and by numbers of duplicates removed aligned reads
across Middle East including Anatolia and Iran.
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Table 5.1: Sample information including ID, sample type, city, assigned population name,
and reads number.

Sample ID Sample No of raw No of proper No of duplicates
Material aligned reads paired reads removed aligned
reads
BTR006_M Blood Sarikamis (Kars) Sarikamis 12650404 12565947 5206573
BTRO002_F Blood Sarikamis (Kars) Sarikamis 6440080 6332358 4922402
BTR029_M Blood Sarikamis (Kars) Sarikamis 10365366 10296408 4335066
BTR003_M Blood Sarikamis (Kars) Sarikamis 5522199 5430880 4264910
BTR005_M Blood Sarikamis (Kars) Sarikamis 9337713 9274505 3901341
BTR019_ M Blood Sarikamis (Kars) Sarikamis 4908036 4827195 3814521
BTRO032_F Blood Sarikamis (Kars) Sarikamis 4377447 4305069 3422681
BTR054_M Blood Sarikamis (Kars) Sarikamis 4286334 4214608 3342886
BTR060_M Blood Sarikamis (Kars) Sarikamis 3631023 3570815 2845993
IBB5 Tissue Shahroud Iran 14324985 13916126 2781722
BTR061_M Blood Sarikamis (Kars) Sarikamis 3467212 3408711 2712815
BTRO030_F Blood Sarikamis (Kars) Sarikamis 3222526 3168546 2524924
BTRO055_M Blood Sarikamis (Kars) Sarikamis 2883325 2835183 2273247
BTRO058_N Blood Sarikamis (Kars) Sarikamis 2566439 2523553 2032007
BTR059_M Blood Sarikamis (Kars) Sarikamis 2499400 2457580 1976084
BTR040_F Blood Sarikamis (Kars) Sarikamis 2421653 2380305 1911285
BTR056_M Blood Sarikamis (Kars) Sarikamis 2333279 2294979 1847829
BTR227 Tissue Ankara West 5941809 5750615 1846793
BTR226 Tissue Bolu West 5248009 5074423 1636547
1IBB221 Tissue Shahrekora Iran 6998437 6801870 1370468
1BB223 Tissue Amol Iran 6409918 6211070 1295466
IBB225 Tissue Amol Iran 5907516 5738142 1169752
BTR221 Tissue Hakkari East 3015479 2909167 946517
IBB9 Tissue Semnan Iran 2813558 2732886 841642
IBB12 Tissue Semnan Iran 4085436 3986711 748241
BTR422 Tissue Tunceli East 2293970 2218796 726508
IBB4 Tissue Shiraz Iran 2550106 2482254 717036
IBB6 Tissue Semnan Iran 3636902 3540676 702198
IBB10 Tissue Damghan Iran 3472383 3382513 662425
BTR601 Scat Bursa West 3899989 3687434 656022
BTR577 Scat Van East 4189332 4124392 599460
BTR550 Scat Hakkari East 4516555 3780878 589966
BTRO057 Scat Bilecik West 3709116 3677319 554767
BTR409 Scat Tunceli East 3304883 3214958 539974
IBB15 Tissue Shahroud Iran 2941901 2869746 528114
BTR295 Scat Sinop West 3652679 3632402 518586
BTR216 Scat Duzce West 2580958 2551532 434912
BTR205 Scat Bolu West 2462198 2361554 399468
BTR186 Scat Kiitahya West 2243615 2225587 398295
BTR337 Scat Erzincan East 2582117 2561335 389721
BTR436 Scat Sivas East 2320787 2305742 382398
BTR439 Scat Sivas East 2611001 2599853 377561
BTRO045 Scat Bolu West 1554537 1425940 347404
BTR358 Scat Artvin East 1797953 1780082 343092
BTR431 Scat Sivas East 2171032 2158508 341144
BTRO053 Scat Bilecik West 2299011 2288833 337839
BTR066 Scat Eskisehir West 2164272 2150834 327668
BTR113 Scat Antalya Med 1950055 1809619 321327
BTR406 Scat Trabzon East 2747235 2727572 296284
BTR369 Scat Artvin East 1818511 1707616 289280
BTR012 Scat Eskisehir West 2468351 2451643 284657
BTR442 Scat Yozgat East 1508413 1483170 277708
BTR094 Scat Mugla Med 1377829 1226604 272566
BTR161 Scat Antalya Med 1361889 1081893 264435
BTR499 Scat Bitlis East 1651623 1636064 257540
BTR131 Scat Bolu West 1176268 1157763 247591
BTR095 Scat Mugla Med 1132908 1086347 240651
BTR324 Scat Giresun East 2345867 2291380 234730
BTR619 Tissue Sarikamis (Kars) Sarikamis 1316013 1310345 223133
BTR513 Scat Sirnak East 1495735 1482468 216250
BTR485 Scat Mus East 1478045 1469556 214160
BTR134 Scat Bolu West 991118 862734 212208
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BTR256 Scat Zonguldak West 984113 960208 208616
BTR410 Scat Tunceli East 1266051 1252905 198955
BTR097 Scat Antalya Med 896331 778454 192742
BTR522 Scat Hakkari East 699494 651802 189614
BTRO051 Scat Sakarya West 1338007 1327107 188571
BTR322 Scat Ordu East 923332 915006 185706
BTR612 Scat Kahramanmaras Med 508833 493642 182506
BTR191 Scat Eskisehir West 661836 555348 173768
BTR217 Scat Sakarya West 707289 652703 171265
BTR510 Scat Sirnak East 973215 959286 164610
BTR542 Scat Hakkari East 1429235 1383236 162172
BTR390 Scat Bursa West 857327 849450 159224
BTR375 Scat Ardahan East 565619 470702 156906
BTR554 Scat Hakkari East 620135 600048 148016
BTR091 Scat Balikesir West 694055 660912 142086
BTR459 Scat Tunceli East 854023 784610 141318
BTR200 Scat Ankara West 718638 644691 138911
BTR592 Scat Erzincan East 854314 848318 136920
BTR212 Scat Duzce West 737065 586361 135839
BTR250 Scat Zonguldak West 718224 713911 132927
BTR593 Scat Erzincan East 996303 991166 127150
BTR350 Scat Erzurum East 895495 889964 125306
BTR604 Scat Bursa West 895311 870641 124211
BTR331 Scat Tunceli East 683846 681228 120176
BTR305 Scat Tokat East 534210 463036 119166
BTR607 Scat Osmaniye Med 564157 559532 118888
BTR092 Scat Balikesir West 488846 441912 111836
BTR170 Scat Karaman Med 483049 440468 110660
BTR451 Scat Bingol East 1780072 1773137 106257
BTR198 Scat Eskisehir West 547478 544378 105860
BTR273 Scat Ankara West 450531 390970 105130
BTR301 Scat Tokat East 631446 607552 103698
BTR609 Scat Osmaniye Med 474973 470476 102270
BTR278 Scat Kastamonu West 514017 401592 101520
BTR574 Scat Hakkari East 1008991 1002766 91590
BTR353 Scat Artvin East 802409 797459 88829
BTR143 Scat Mersin Med 345722 340254 77134
BTRO075 Scat Erzurum East 169952 145150 75826
BTR447 Scat Sivas East 1079722 1073264 74658
BTR380 Scat Ardahan East 768620 763595 70429
BTR344 Scat Bayburt East 299797 294850 67794
BTR388 Scat Mugla Med 429599 427368 64410
BTR378 Scat Ardahan East 368889 360447 58369
BTR220 Scat Mersin Med 388014 341982 58064
BTR281 Scat Corum West 819043 812734 58022
BTR304 Scat Tokat East 284878 282056 57074
BTR365 Scat Artvin East 662217 658562 56634
BTR271 Scat Cankiri West 203583 161597 55387
BTR232 Scat Karabuk West 963891 959971 53755
BTR140 Scat Sakarya West 563015 558448 47238
BTR445 Scat Sivas East 417250 414736 45678
BTR126 Scat Antalya Med 271463 269999 41951
BTR240 Scat Bartin West 143510 141121 36815
BTR141 Scat Mersin Med 82676 61986 36206
BTR425 Scat Sivas East 70240 66895 34405
BTR463 Scat Bingol East 253983 83736 11250
IBB11 Tissue Lordegann Iran 33249 31970 6280
BTR309 Scat Tokat East 77107 19626 2668
BTR238 Scat Bartin West 22487 4520 2574
BTR245 Scat Kastamonu West 2072 166 134
BTR148 Scat Mersin Med 6353 0 0
BTR178 Scat Konya Med 10423 0 0
BTR259 Scat Zonguldak West 2927 0 0
BTR341 Scat Bayburt East 3485 0 0
BTR345 Scat Bayburt East 6396 0 0
BTR372 Scat Ardahan East 6650 0 0
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Since many scat samples have low coverage, they cannot be successful in explaining
the overall variation in the sample set as a common issue. Therefore, I first picked up the
individuals with more than 100,000 duplicates removed aligned reads. I generated this 100k-
sample set with the sequences from 90 Tiirkiye samples (20 bloods, 65 scats, 5 tissues) and 10
Iranian brown bear samples (Fig. 5.1). I performed SNP calling by using filtering criteria as
follow: -GL 1 -doMajorMinor 1 -minMapQ 20 -minQ 20 -only_proper_pairs 1 -remove_bads
1 -doCounts 1 -doGlf 2 -doMaf 1 -uniqueOnly 1 -minMaf 0.05 -SNP_pval 1e-6 -minInd 50 -
setMinDepth 220. Ultimately, I was only able to obtain 15 SNPs, which was insufficient for

further analyses.

I decided to revise this sample set and created a new one containing the individuals with
500,000 duplicates removed aligned reads. This 500k-sample set (n=36) included 26 samples
(16 blood, 4 tissue, 6 scat samples) from Tiirkiye and 10 tissue samples from Iran. As a result

of SNP calling applied with the same filtering criteria (-minlnd 18), I detected 96,379 SNPs.
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Figure 5.2: The PCA plot for the Brown bear samples (n=36) across Tiirkiye and Iran.

5.3.2. Genomic Population Structure

The ordination plot from PCAngsd, based on a set of 96,379 SNPs, indicated that the
Sarikamis population clustered together (Fig. 5.2). While PC1 explained 10.3% of the total

variation, the ratio was 4.43% for PC2. The first component clearly separated the Sarikamis
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samples from the other individuals. Iran populations clustered closer to the eastern population
compared to the Sarikamis population along PC1 and mostly separated from western
individuals along PC2. Remarkably, Zagros individuals (IBB221, IBB4) in the Iranian
population were separated from other Albroz individuals, except for IBB10, and were included

in PC2.
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Figure 5.3: Delta K value and probability for each K by Evanno’s method.

Admixture analyses showed a significant population structure. It suggested that the
pattern of ancestry was best represented by K=2 as the most likely based on Evanno’s method
(Fig. 5.3), and at K=2 the Saritkamis population was distinct from the others (Fig. 5.4).
Remarkably, while the Sarikamis population exhibited lower amounts of mixed ancestry
compared with remaining Anatolia populations, East population, and Western Anatolia
populations displayed higher amounts of mixed ancestry at each K. In addition, Iranian bears
were separated from each other as of K=3, and Zagros and Albroz populations formed their
own distinct cluster (Fig. 5.4). Similarly, western Anatolian bears form their own distinct cluster
at K=4, and this different pattern lasts in the case of K=5, except for BTR295 (Sinop). It should
be noted that unequal number of individuals from different populations can lead to misleading
conclusions about admixture. Therefore, I created a subset including 5 individuals from each
population (total=20, 5 for East, West, and Saritkamis populations, 3 Albroz + 2 Zagros
individuals for Iran), and checked the results after generating the beagle file. The NGSadmix

gave the same pattern in terms of the most likely grouping (K=2).
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Figure 5.4: Admixture plot for West, East, Sarikamis, and Iran populations from K=2 to K=5.

5.3.3. Genetic Diversity, Differentiation, and Isolation Patterns

Genetic diversity was assessed in four populations (East, West, Iran, Sarikamis)
encompassing 36 individuals using various indices (Table 5.2). Watterson's theta (6w),
reflecting the total number of heterozygous sites, ranged from 16x10™ to 21x10™, with the
highest values observed in West and Iran populations. Conversely, Saritkamis and East
populations shared the lowest Ow. Pairwise nucleotide differences (r) varied between 19x10*
and 22x10™* (Table 5.2) All populations displayed similar and relatively high mean © values
(Fig 5.5). All populations exhibited a positive mean Tajima's D, indicating a higher prevalence
of high frequency variants than expected under the neutral model of evolution. However, the
values differed significantly across populations, ranging from 0.12 to 0.76. West and Iran
populations exhibited the lowest mean Tajima's D, while East and Sarikamis populations

showed the highest values (Fig 5.5).
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Table 5.2: Various diversity indices including Watteron’s theta (6w), pairwise nucleotide (m),
and Tajima’s D for each population.

Population n Watterson’s Theta, Pairwise nucleotide ~ Tajima's D
ow differences, ©
East (Anatolia) | 5 16 x 10 19x 10* 0.755
Iran | 10 20 x 10* 21 x 10 0.121
Sarikamis \ 16 16 x 10 20x 10 0.598
West (Anatolia) \ 5 21 x 10* 22 x 10* 0.230
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Figure 5.5: Violin plots for Tajima’s D, pairwise nucleotide differences (m ), and Watterson’s
theta (Ow) indices of the populations.
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Pairwise Fsr values ranged from 0.08 to 0.17 (Fig. 5.6). While the highest pairwise Fsr
was observed between West and Iran populations, the lowest pairwise Fsr value was seen
between Sarikamis and East populations. Pairwise Fst value was 0.14 between West and
East/Sarikamis and 0.17 between West and Iran populations. However, the Fst value comparing
the Sarikamig population and others was 0.08 for the East and 0.12 for Iran populations. Lastly,
the pairwise Fst value between the populations of Iran and East was 0.1 and relatively lower

(Fig. 5.6).
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Figure 5.6: Pairwise Fst between brown bear populations.

Mantel test of pairwise genetic distance based on ngsDist and pairwise geographic
distance revealed a significant relationship (Mantel test, R=0.41, p<0.001), suggesting a pattern
of isolation by distance. However, this relationship remained non-significant after controlling
for environmental conditions (partial Mantel test, R=0.18, p=0.06). On the other hand, genetic
distance was strongly related to environmental distance (Mantel test, R=0.50, p<0.001),
suggesting a pattern of isolation by environment, and this relationship remained highly

significant after controlling for geographic distance (partial Mantel test, R=0.35, p<0.005).

5.4. Discussion

With advances in sequencing technology, the analysis of genetic markers has provided
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important insights to elucidate diversity and demographic formation in populations (Hohenlohe
et al., 2021). Brown bear continue to be an important model species for population genetics and
evolutionary studies (Valdiosera et al., 2007) and is, therefore, referred to as a paradigm species
(Hewitt 2004). Non-invasive methods that do not harm organisms, such as collecting fecal
samples, offer important opportunities in terms of genetic monitoring (Taberlet et al., 1997). In
this chapter, brown bear DNA sequences, mostly obtained from fecal samples, as well as blood
and tissue samples, were analyzed with the goal of discovering population structure and genetic
variation across the study area. SNP markers were obtained from RAD-Seq of brown bear
genomes. However, it should be noted that the sequence information obtained from most scat
samples did not provide sufficient data for further analysis. Of the 93 scat samples, 69 of which
were resequenced, only 6 of them contained over 500,000 duplicates removed aligned reads.
Various factors may have caused this. Although it has many advantages as a non-invasive
approach (De Barba et al., 2010), it offers much lower readings compared to the tissue and
blood samples, making this source of limited use. One reason for this can be the decrease in
DNA quality because of environmental exposure of the collected scats to external factors. For
example, in a study conducted with brown bear scats, it was reported that genotyping success
showed significant seasonal variation and was lower in the summer months, some of the
possible reasons being increased UV exposure and humidity (Kopatz et al., 2020). Another
reason can be the high allelic drop-out, which is a common problem encountered when working
with scat samples (McKelvey & Schwartz, 2004). Besides, many organisms in the scat can
break down brown bear DNA, leading to degradation. As a result, population structure and
genetic diversity analyses were conducted with a subsample of 36 brown bear sequences, 16 of
which were obtained from blood, 14 from tissue, and 6 from scat material. The individuals in
this sample set were assigned to four different populations: Iran (Zagros (2), Albroz (8)); West
(Sinop, Ankara, Bolu, Bilecik, Bursa); East (Tunceli (2), Van, Hakkari(2)); and Sarikamis (16).
It should be noted as an important deficiency that no individual from the Mediterranean region
(e.g. Ida Mountains, Beydaglari, Geyik Mountains, Amanos Mountains etc.) could be included

in this study.

Brown bears have a wide distribution across Anatolia (Chapter 2). While the recent
studies showed that the haplotypes of brown bears in Anatolia were divided into three different
maternal lineages, namely Clade 1, Clade 3 and Clade 7 (Cilingir et al., 2016; Celtik, 2023),
Calvignac et al. (2009) reported that Iranian brown bears exhibited quite different haplotypes,
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they placed between western and eastern lineages (Ashrafzadeh et al., 2016). Lastly, Celtik
(2023) showed that the bears in Iran are genetically close to bears in Tiirkiye based on
evolutionary lineages. Moreover, the latest study conducted on the Sarikamis population
reported that although the genetic diversity in this population is higher compared to the other
bear populations in the world, the Sarikamis population exhibits a highly isolated character
(Kemahli et al., 2023). The results represented here are also in agreement with the previous
study, confirming the unique isolated character of the Sarikamis population (Kemahli et al.,
2023). According to the admixture analysis, the Sarikamis population exhibited low levels of
admixture, unlike other regions of Tiirkiye (Fig. 5.4). Only three individuals in the Sarikamig
region showed mixed ancestry at K=2. On the other hand, it was observed that the Iran
population shared a common ancestry with the East and West populations, while the Sartkamis
population showed a distinct pattern, especially when compared to the Iranian population as of
K =3 (Fig 5.4). Kemahl1 et al. (2023) reported that Sarikamig brown bears remain genetically
different even from the Georgian population, with which they have a relatively strong contact
potential. According to the PCA results, Zagros and Albroz samples were separated from each
other, which confirms the results of the previous study showing a clear distinction between

Albroz and Zagros bears (Ashrafzadeh et al., 2018).

It is known that changing environmental conditions and anthropogenic factors can break
the connections between individual subpopulations (Sawaya et al., 2014; Proctor et al., 2015;
Lara-Diaz et al., 2021). This may explain the isolated character of the Sarikamis population.
However, to make further inferences for the Sarikamis population, sequences of individuals
throughout the study area, especially from regions close to the Caucasus, are needed. On the
other hand, the West population differs from the Saritkamis and East populations based on PCA
(Fig. 5.2). Detecting gene flow between populations is essential to ensure population
persistence and to make wildlife corridors effective (Ma et al., 2018; Calderon et al., 2024).
Therefore, examining gene flow between the populations in the region is urgently needed to
assist in brown bear conservation. It should be noted that there is significant sex bias in the
dispersal of brown bears (Steen et al., 2006; Zedrosser et al., 2007), but this depends on local
conditions. While females can disperse over long distances mainly in undisturbed habitats
(Swenson et al., 1998; Jerine & Adamic; 2008), gene flow is generally maintained by males
(Peck et al., 2017). Although the high admixture seen in the East and West populations is

thought to be a result of gene flow between populations, analytical methods to test this have not
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been applied across this chapter. An example of how effective wildlife corridors are important
in reducing the substantial effects of habitat degradation is the Cantabrian brown bear
population. Recently, it was reported that this brown bear population, which was divided into
two different nuclei approximately 100 years ago, avoided being isolated because of the
maintenance of gene flow provided by conservation measures (Gonzalez et al., 2016). The
southernmost population of brown bears in the world is in the Mediterranean part of Tiirkiye,
and bear habitats in this region are highly vulnerable (Chapter 2). The impact of climate change
and landscape transformation on the genetic diversity of brown bears throughout the
Mediterranean may be greater than expected. The connection of this region with the Euro-
Siberian and Irano-Turanian regions has been decreasing dramatically (see Chapter 3),
especially in the last decades. The absence of data from the Mediterranean region in the sample
set prevents us from gaining insights into the effect of a decrease in landscape continuity on
genetic diversity. Considering that the human footprint across the Mediterranean region is
predicted to cause natural habitat loss much faster than in other regions (Chapter 2),
understanding the genomic vulnerability (or genetic offset) (Fitzpatrick & Keller, 2015) of the

region's population is a critical future priority.

The analysis of intraspecific polymorphism through Tajima's D revealed a consistent
pattern across all brown bear populations. Positive Tajima's D values suggest a past population
bottleneck followed by expansion (Tajima, 1989b), indicating a departure from neutrality after
the last glacial period. This implies that these populations did not maintain constant sizes and
experienced genetic exchange through migration. It is also known that brown bears have lost
most of their historical habitat throughout the Middle East (Calvignac et al., 2009; de Jong et
al., 2023). As a matter of fact, recent increases in the effective population size for the Sartkamis
population were reported by Kemahli et al. (2023). Iran and West populations exhibited
significantly lower Tajima's D values compared to the East and Sarikamis populations.
Although these results indicate that brown bear populations across Southwest Asia may have
experienced significant demographic fluctuations (i.e. contraction, expansion, recolonization),
historical analysis of change in demographic formation is a gap in the literature. Therefore,
elucidating the demographic processes that drive the genetic formation of brown bear
populations throughout Southwest Asia is an important suggestion for the future. It is
noteworthy that genetic diversity is quite high across the Tiirkiye and Iran populations. While

Ow and mt values were higher in the West and Iran populations than in the East and Sarikamis
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populations, the situation was the opposite in terms of Tajima's D value. This indicates that
genetic diversity is relatively lower in the Sarikamis and East populations, but the frequency of
rare variants is higher (Tajima, 1989a). However, Kemahli et al. (2023) have previously
reported that the Sarikamis population has higher diversity than other bear populations in the
world based on genome-wide variation. Ambarli et al. (2018) found a similar result in the bears
of the Kackar Mountains located northwest of Sarikamis. All these findings indicate that
Southwest Asia represents an important genetic reserve. Ow and © estimators also provide us
with important insights into the trajectory of genetic diversity. Accordingly, while Ow > 1 is
considerably larger than the value in the East and Sarikamis populations, the same pattern is
observed in the Iranian and West populations, but this difference has decreased much more and
approached stable genetic diversity (Table 5.2). While 6w > & is a signal of loss, Ow < =&
indicates an increase of genetic diversity, and equality indicates that genetic diversity remains
stable (Peek et al., 2021). This decreasing genetic diversity in the Sarikamig and East
populations may lead to the accumulation of detrimental alleles over time. Therefore, ensuring
habitat connectivity of these populations across the country, as well as their continuity to the

Caucasus and Iran, is an important conservation priority (Chapter 3).

Fst values can reflect processes of divergence and migration. According to pairwise Fst
results, the highest differentiation is between the West and Iran populations, while it is lower
between the Sarikamis and East populations and the East and Iran populations (Fig. 5.6).
Therefore, Fst results indicate that connectivity continues between geographically adjacent
populations, but also indicate that geographical distance and environmental dissimilarity may
play a role in genetic differentiation. Therefore, I also tested whether geographical distance or
environmental heterogeneity influenced it. In Isolation by distance (IBD), genetic
differentiation is a function of the genetic distance between individuals or populations, based
on the assumption that the greater geographic distance, the greater the differentiation (Wright,
1943). IBD does not consider environmental heterogeneity or landscape resistance. On the other
hand, Isolation by Environment (IBE) assumes that the environmental conditions to which
organisms are exposed may also play a role in genetic differentiation through divergent
selection (Wang & Bradburd, 2014). Both IBD and IBE can modulate genetic variation by
affecting the gene flow between populations. According to my findings, while genetic variation
by IBD between populations was significant, it was non-significant when environmental

heterogeneity was considered. However, IBE has a significant role in the differentiation of
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populations, and this pattern was confirmed even when geographic distance was considered as
a constraint. Additionally, environmental heterogeneity made more contributions to shaping
population differentiation than geographic distance for brown bear populations. This indicates
that the environmental conditions to which populations are exposed may increase their local
adaptation. To evaluate such a prediction more comprehensively, there is a need to apply
genotype-environment association (GEA) analyses such as (partial) Redundancy analysis,
BayEnv, and Latent Factor Mixed Model (Forester et al., 2018). GEA methods help to
determine the frequencies of alleles whose frequencies have unusually strong correlations with
environmental variables. The alleles that display local adaptation have higher frequency since
they increase fitness, otherwise, the allele causing decreasing in fitness will have a lower
frequency (Lewontin & Krakauer, 1973). It should be noted that IBE may increase genomic
vulnerability by inhibiting the exchange of beneficial alleles. Although brown bear exhibits a
slow life history, habitat degradation and isolation of brown bear populations can cause genetic
differentiation in just a few generations (Straka et al., 2012; Benazzo et al., 2017; Kemahl et
al., 2023). Moreover, various human-induced landscape features may affect the behavior and
movement patterns of brown bears (Cozzi et al., 2016; Colton et al., 2021; Gonzélez-Bernardo
et al., 2023) and this induction may lead to some adaptive variations. Kemahli et al. (2023)
reported that distinct genotypes that may play a role in adaptation in such different behavioral

groups may be outliers in the Sarikamis population.

The reduction of the connectivity of populations by through human impact is critical,
and it seriously reduces the probability of genetic exchange among them. For instance, it has
been reported that the loss of connection between European bear populations since Neolithic
times due to human-induced habitat loss has caused a 40-fold population decrease in the
Apennine bears (Benazzo et al., 2017). Today, the effects that lead to the loss of genetic
variation continue with increasing mortality rates in correlation with the expansion of road
networks and human settlements, deforestation, poaching, and human-brown bear conflict
(Boulanger & Steenouse, 2014; Gosselin et al., 2015; Lamb et al., 2020). Various landscape
features, such as roads, act as filter on individuals, reducing demographic exchange and
inducing spatial genetic structure (Lecis et al., 2022). Populations may not be able to develop
microevolutionary responses in such a limited time to adapt to increased human-caused
mortality, and they may quickly disappear at the local scale, given decreasing reproductive

rates. Therefore, it is critical to implement measures to support human-bear coexistence. In this



109
Chapter 5: Population Genetics of Brown Bears in Southwest Asia

chapter, the genetic structure and genetic diversity of brown bear populations were examined
by analyzing the genetic data obtained from individuals across Tiirkiye and Iran. These results
provide important and preliminary insights into the population structure across the region.
Analysing larger samples in the future is critical in understanding the genetic structure,
demographic history, gene flow, selection, interaction with the environment, and responses to
climate change of brown bear populations. This type of conservation genetics research will help
ensure the long-term persistence of brown bear populations by improving conservation
management strategies. Genetic monitoring to be carried out for this purpose are essential for
detecting populations that exhibit inbreeding and vulnerability to extinction. With these data,
populations that have high conservation priority can be identified and action plans for the

conservation of brown bears can be implemented.
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Chapter 6

6. Conservation Implications for Brown Bears Across Tiirkiye

In Chapter 2, I assessed the potential distribution of brown bears across the country and
investigated their potential future distribution under various climate change scenarios. My
analyses project a serious range contraction is for brown bears in the future, and it is important
to evaluate the existing protected areas of Tiirkiye by reconsidering potential brown bears’
distribution in the future in order to prevent conservation gaps. In Chapter 3, I modelled the
structural connectivity of brown bears’ habitats across the country and discussed potential
priority patches and linkages. Moreover, climate change expected to disrupt the ecological
network of brown bears in Tiirkiye in the future. In Chapter 4, I analyzed the spatiotemporal
dynamics of human—brown bear conflicts across the country and generated a conflict risk map.
I found that HBCs were caused by limited protected area coverage and insufficient natural
habitats and resource availability. Finally, in Chapter 5, I conducted a preliminary assessment
of population structure and genetic diversity of brown bears across Middle East. Considering
all these findings, in this chapter I discuss the conservation implications for brown bears across

Tiirkiye.

Brown bears are included in conservation plans as an umbrella species because their
high ecological requirements cover the needs of many other species. These predators, at the top
of the trophic chain, have a wide range of diet. They perform many ecosystem services and are
indicator species for habitat quality. As a result, they are also considered as flagship species for

conservation efforts.

Forests are the most important land cover for sheltering, feeding, and breeding of brown
bears (Zidtkowska et al., 2016; Stewart et al., 2013) and almost half of the potential suitable
habitats of brown bears across Tiirkiye are located in the forest ecosystems (Chapter 2).
Tiirkiye’s wildlife and pristine areas are experiencing a growing crisis in recent years
(Sekercioglu et al., 2011a,b) and consequently the major threat to brown bear core habitats
throughout Tiirkiye is deforestation. The primary cause of deforestation is the allocation of

forest areas to non-forestry uses. As of the end of 2020, a total of 748,000 ha of forest area has
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been allocated to mining, energy, and tourism usage (GDF, 2022). Among these uses, mining
is one of the most worrying ones. While a mere 1,186 mining licenses were granted between
1923-2002, a staggering 386,000 concessions have been issued in the last 15 years alone
(URL2), with permits even covering over 110,000 hectares of forest land in the past decade
(GDF, 2022). Of the current total of over 15,000 active licenses nationwide (MAPEG, 2020),
hundreds include areas crucial for brown bears such as pastures, forests, and even protected
areas (TEMA, 2022). Another major threat to bear habitats is the degradation of natural areas
caused by the construction of power plants, power transmission lines, and large dams (WWF,
2010; Sekercioglu et al., 2011a,b). The allocation of forest areas to the energy sector across the
country exceeded 30,000 ha in 2020 alone (Atmis et al., 2024). In particular, the construction
of large dams inundates large natural areas (Wu et al., 2019; Li et al., 2021), while power plants
(i.e. hydroelectrical power plants, wind power plants, coal power plants etc.) cause the road
network to expand and the human footprint to increase (Venter et al., 2016). They lead to the
degradation of remote ecosystems and reduce sustainability. Ultimately, this disrupts local
connectivity for many species, as well as the displacement of individuals (McCaffery et al.,
2018). Considering the bears’ core habitats, many road projects (i.e. the Anatolia Highway,
Yesil Yol Project) have been found to both restrict movement within patches and disrupt the
linkages among them (Chapter 3, 4). While the connectivity modeling for brown bears across
the country has been performed for the first time, it is important to improve conservation
management by selecting areas that overlap with the results of such connectivity analyses for
other species. Moreover, maintaining functional corridors may be more effective than creating
new PAs in some cases (Cushman et al., 2006). Therefore, in addition to maintaining the quality
and extent of core patches, efforts to support coexistence and the development of linkage
networks are important priorities. In this context, mitigation of road impacts is one of the
primary interventions. For this purpose, recording vehicle collisions including wildlife, in
cooperation with various official authorities will enable the improvement of much more
effective protection. Warning signs, animal detection systems, wildlife-friendly road designs,
lighting in areas with high vegetation cover, fencing, overpasses, and underpasses for wildlife
(i.e., green bridges, tunnels, culverts, viaducts), and reducing traffic volumes on roads bisecting
core habitats are some of the mitigation strategies (Kusak et al., 2009; Rytwinski et al., 2016;

Huijjser et al., 2016; Psaralexi et al., 2022).

Finally, another main threat to wildlife is wildfires, which have turned into mega-fires
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in recent years (Aydin-Kandemir & Demir, 2023; El Garroussi et al., 2024). They constitute
one of the major risks, especially in the Mediterranean region but also in the rest of the country
(Dasdemir et al., 2021). Compared to the past, the frequency of wildfires is increasing in
correlation with the rise in human footprint, which is the cause of many wildfires, and the
amount of burned area has also gone up significantly (GDF, 2022). For instance, while the mean
forest area burnt per fire was 3.30 hectares between 2009 and 2020, this amount increased to
49.95 hectares in 2021 (TOD, 2022). The amount of are lost to wildfires each year is a quarter
of the forest area allocated to non-forestry usage, which show the impact of this threat (TOD,

2022).

Ultimately, there is an urgent need to implement strict conservation precautions to
prevent deforestation across the country. Hunting of brown bears is illegal in Tiirkiye. In fact,
harvesting is not one of the major causes of mortality for brown bears (Chapter 4). Since the
major causes of bear mortality across the country are linked to ecological traps due to landscape
transformation, the situation can only be reduced by much more comprehensive actions, not by

regulatory policies (Lamb et al., 2017).

Increasing the connectivity of species’ populations may be one of the most important
approaches to alleviate their extinction rates (Rodrigues et al., 2022). There are some efforts in
Tirkiye. For example, in Saritkamis, Kars, there is a project to create Tiirkiye’s first wildlife
corridor is one of them (KuzeyDoga, 2012). The correct aims to connect the fragmented bear
habitats in Sarikamig to the main habitat block in the Eastern Black Sea. Indeed, Chapter 3 and
5 emphasize the importance of these endeavors. It can be important to develop similar
restoration efforts, especially for core patches in the Mediterranean region (Soyumert et al.,
2020; Hepcan et al., 2009; Giilci & Akay, 2015). Ensuring the continuity of the natural areas
between Mugla forests and Amanos along the Taurus Mountains, and the habitats in Mount Ida
and Marmara with the Western Black Sea forests are among the important bear conservation
strategies in the long term (see Chapter 3, Ambarl et al., 2016). Consequently, restoration
efforts to improve the adaptability of brown bears should be prioritized as an important

conservation approach.

Administrative borders do not make sense for wildlife. Consequently, the distributions
of populations can include a wide range and involve multiple jurisdictions, especially for

species that can travel long distances, such as brown bears (Reljic et al., 2018; Almasieh et al.,
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2019; Greenspan et al., 2021; Recio et al., 2021). For instance, eight out of ten brown bear
populations in Europe are located within the borders of different countries (Chapron et al.,
2014). Frontier regions might represent areas where there is less scientific research, mainly for
security reasons. Therefore, cooperative management efforts, including systematic monitoring,
are especially needed in such locations (Almasieh et al., 2019). For example, Tiirkiye’s border
regions with Iran and the Caucasus regions are important areas for carnivores, such as lynx,
brown bear, and another flagship species, leopard (Karatas et al., 2021). While there is
ecosystem and habitat continuum in these regions (Dagtekin et al., 2020), barriers placed by

humans may prevent animal movement (Pokorny et al., 2017).

Protected areas (PAs) are the cornerstones of biodiversity conservation (Gray et al.,
2016). By reducing habitat loss, PAs represent a refugia for threatened species and ensure the
persistence of essential ecosystem services. Although the number of PAs has increased globally
in recent years (Juffe-Bignoli et al., 2014), only 16.1% of the planet's land mass and 8.2% of
the seas are protected (UNEP-WCMC, 2023). Despite its rich biodiversity, Tiirkiye faces
conservation challenges, as only 13.7% of its total area is protected, with a mere 7.8% of
terrestrial (NCNP, 2022), and the percentage of PAs across the country could not have reached
the desired CBD target (http://www.cbd.int/sp/targets). Unfortunately, the governance of PAs
in Tiirkiye is extremely complex legally and administratively (Birben, 2020; Yildiz & Aydin,
2023). For instance, some areas have more than one protection status (Atmis, 2018; WWF,
2021). These complexities bring some governance and cooperation issues for PA management
(Atmis, 2018), as well as harmony issues with [UCN criteria (Atmis, 2018; Yildiz & Aydin,
2023). Different types of PAs have different conservation. For example, there is a significant
difference in the restrictions between nature reserve areas and nature parks in terms of human
activity. Less legal protection and a lack of conservation enforcement, such as rangers in natural
areas, make them more susceptible to anthropogenic impacts (Khosravi et al., 2022; Appleton
et al., 2022). This conservation bias can have serious effects on wildlife. While 8% of the
Earth’s forests are designated as PAs (Schmitt et al., 2009), this ratio is lower in Tiirkiye’s
forests (Birben, 2020). Due to climate change, species may undergo dramatic range shifts
(Chapter 2, Chen et al., 2011; VanDerWal et al., 2013), and the management of PAs must,
therefore, be dynamic. Otherwise, the conservation value of PAs may decrease significantly
(Lemes et al., 2014). Thus, PAs should increase the connectivity between habitats and facilitate

recolonization in response to climate change. Although the majority of large carnivores are
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globally in decline (Ripple et al., 2014), many populations throughout Europe are recovering
(Chapron et al., 2014), and the main factors for the recovery are pan-European agreements,
strict laws, and socioeconomic regulations (Trouwborst, 2010; Jongman et al., 2011). There is
an urgent need for such strict actions to prevent wildlife from facing local extinction across

Tiirkiye.

There may be some biases in the design of PAs due to various reasons. For instance,
these biases may be the result of different conservation goals arising from more political and
anthropocentric considerations. Avoiding such biases is critical for optimal conservation, as is
minimizing the human impact on PAs (Stewart et al., 2007). As seen in the case of brown bears,
most high-quality and low-risk habitats are located in topographically remote areas (Chapter
2). Therefore, transforming such areas into effective PAs will significantly contribute to
reducing human impact on bear habitats. However, especially in recent years, the area covered
by PA attributes that prioritize conservation sensibility (e.g., nature reserve areas, protection
forests, wildlife enhancement areas) has decreased dramatically throughout the country, while
the area covered by those that prioritize the utilization function (e.g. national parks, nature
parks, nature monuments) are increasing both in number and size (Atmis, 2018). In many cases,
it may be politically difficult to design new PAs (Mohammadi et al., 2021), so a suggested
strategy instead is to strengthen the connectivity of good-quality core habitats and enhance the
conservation function of established PAs (Cushman et al., 2006). When evaluating the
effectiveness of PAs, another important factor is to consider the spatial configuration of PAs to
strengthen the connectivity of species that require large undisturbed areas, such as brown bears.
Thus, strategies to interconnect PAs in areas that exhibit connectivity for multiple species
should be prioritized (de Sousa Miranda et al., 2021). Moreover, climatic suitability should also
be considered in PA design. Otherwise, the irreversible loss of these reserves, which serve as

buffers against climate change, may limit future conservation efforts (Burrows et al, 2014).

Although the human-bear conflict frequency is lower in the PAs across the country, it is
obvious that the conflict risk 1s highly concentrated around the PAs (Chapter 4). PAs,
unfortunately, cover only a small portion of sutaible habitat around them in most cases.
Increasing human activity around the PAs poses the risk of turning them into paper parks and
ecological traps (Maiorano et al., 2019), and this is a significant threat for brown bears in the

long term. PAs do not necessarily alleviate the fragmentation of the landscape around them as
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PAs continue to play a role in attracting human activities (Lawrence et al., 2021; Kubacka et
al., 2022). If the prioritization in the planning of PAs in Tiirkiye continues to be the societal
utilization function, around of these locations will continue to be hotspots for HBCs. To be
effective, PAs require strict governance, including law enforcement (Critchlow et al., 2017).
For instance, the presence of rangers is one of the most important deterrents to ongoing illegal
human activity in primary habitats and ensures the stability of conservation efforts (Appleton
et al., 2022; Moore et al., 2018). Moreover, the presence of rangers is an important source of
data for collecting conflict/mortality records, occurrence points, biological samples, and
incidental observations from the field (Critchlow et al., 2017; Moore et al., 2018; Kuiper et al.,
2020). Therefore, the systematic assortment of these efforts will be valuable for generating
reliable scientific evaluations. For example, as part of long-term population monitoring
programs, it is recommended to document bear deaths and use this information and sample
collections to create long-term genetic databases (Parsons et al., 2022). The success of PAs is
measured by how well they prevent the loss of natural areas (Pressey et al., 2015) Thereby,
efforts such as studies involving camera traps or other monitoring methodologies will provide
important insights to assess the protection effectiveness of both established PAs and new
potential areas for vulnerable wildlife species (Soyumert et al., 2020; Dagtekin et al., 2023;
Kemahli et al., 2023).

Resolving HBCs requires recording and analyzing cases, the evaluation of financial
costs and preventive measures. Wildlife-related damage compensation is one of the
coexistence-enhancing approaches implemented in various countries (Ravenelle & Nyhus,
2017). Although there are some court decisions in cases of damage arising from HBCs in
Tiirkiye, there is no systematic compensation program carried out by official authorities.
However, such compensation can be available in cases covered by insurance (e.g., TARSIM,
https://tarsim.gov.tr/en). Damage compensation plans might be a helpful instrument in reducing
conflict by enabling local people to adopt a more tolerant attitude (Hipdlito et al., 2020).
Damage compensation is paid posteriori in most countries (Bautista et al., 2019). However,
when damage verification processes are unreliable and slow, such instruments may lead to
abuse (Dickman et al., 2011; Bautista et al., 2019). In most European countries, more budgets
are devoted to prevention than compensation against bear damages, which is more sustainable
for the health of humans and bear populations. Therefore, for such a community development

plan to mitigate conflict events in Tiirkiye; 1) strict monitoring must be implemented to prevent
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abuse, ii) preventive precautions be a prerequisite for compensation, iii) there should be
transparency in budget management, and iv) regional socio-cultural aspects should be taken

into consideration (Bautista et al., 2019; Redpath et al., 2017).

Beekeeping is one of the most important agricultural activities in Tiirkiye (GDARP,
2022). Although highly productive beekeeping is carried out across the country, there is an
aggregation in the number of hives, especially along the Black Sea region (Koday & Karadag,
2020). This creates one of the important conflict types in regions with dense bear populations
because access to hives provides a high-energy award with low effort for bears. For instance,
Naves et al., (2018) have shown that damage to beehives is positively related to apiary size and
surrounding vegetation. To minimize attacks on beehives, deterrent precautions must be taken.
Various precautions, such as practical elevated bear-proof beehive platforms, mesh fences, and
electrified fences, are highly effective in preventing bear damage and should be promoted (Can
et al., 2014; Di Vittorio et al., 2016). A similar situation is also valid for raising livestock. The
use of well-trained, appropriate sheepdogs (such as the giant breed Anatolian sheep dog created
for protection from bears and wolves) accompanying the shepherds and the construction of
more sheltered barns are important preventive practices that will reduce livestock predation by
wildlife (Kusak & Sekercioglu, 2021; Dai et al., 2019b). On the other hand, individual
avoidance behaviors of people living in settlements overlapping with brown bear habitat against
possible encounters also make a difference (URL3; URL4). Therefore, it is important to educate

people about ensuring their own safety in ways that do not threaten wildlife.

Another major problem for wildlife across the country is improper waste disposal and
storage. Garbage dumps and unsanitary disposal areas on the periphery of natural landscapes
transform them and cause significant environmental problems. Moreover, pristine areas and
places around them, such as camping and recreation spots, cause food conditioning in brown
bears and make them accustomed to humans (Braunstein et al., 2020; Chynoweth et al., 2016).
Garbage is accessible throughout the year and displays clustered distribution, making it
attractive to bears (van Bommel et al., 2020). Such places represent notable ecological traps
and pose many dangers. For example, these points increase interspecific competition and
injuries, disease spread, and exposure to environmental contaminants (Plaza & Lambertucci,
2017). They can also inhibit ecosystem services provided by species (e.g. seed dispersal)

(Tavsanoglu et al., 2021). Thus, using appropriate garbage storage instruments (e.g., bear-
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resistant trash cans) at such points and increasing the public’s environmental awareness in the
context of waste management will reduce human—wildlife conflict by making the vicinity of

human settlements less energetically beneficial for foraging (Lewis et al., 2015).

Although brown bears are defined as an umbrella species, it should be noted that
conservation practices focusing only on them will undoubtedly be inadequate. More dynamic
conservation plans are needed for more effective area protection (Mukherjee et al., 2021; Diaz-
Fernandez et al., 2023). This requires more dynamic conservation plans that aim to holistically
reduce the human influence on nature. Furthermore, strategies to conserve biodiversity include
protecting the network of important habitats for many species, and this integration both
positively improves responses to climate change and increases management efficiency (Asaad
et al., 2017). In addition, protecting biodiversity depends on the awareness and efforts of local
communities. Therefore, supporting and educating local communities and including them in

conservation efforts are among the priorities that need to be reconciled (Pascual et al., 2021).

Increasing temperatures in the future are predicted to limit the denning time of bears
(Gonzélez-Bernardo et al., 2020). This situation, combined with decreasing natural resources,
may lead to the modulation of the species’ energy budget (Pigeon et al., 2016). For instance,
bears give birth to and feed their cubs during the denning period. It is expected that cub survival
will decrease because of shorter denning times (Pigeon et al., 2016). Considering the decrease
in resources and the fact that bears are opportunistic species, it is inevitable that human-wildlife
conflict will increase (Penteriani et al., 2019). For all these reasons, monitoring the dens of bear
populations, especially in vulnerable habitats, should be noted as a future suggestion to help
improve conservation strategies. Unfortunately, our planet is getting warmer and civilization is
moving away from optimistic future emission targets day by day. This is predicted to lead to
dramatic habitat loss over large areas for many species, like brown bears (Chapter 2). Serious
restrictive and deterrent precautions are required to deal with climate change. To deal with such
a global problem, in situ conservation efforts may not be sufficient to conserve the species
(Greenwood et al., 2016). Mitigating climate change to increase the success of in situ
conservation requires a struggle and cooperation on a global scale. Therefore, it is important to

include adaptation to climate change in conservation strategies.

The disappearance of species at the top of the trophic chain, such as brown bears, from

their habitats will inhibit the extent to which many ecosystem functions are performed. Bears
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not only serve to disperse seeds in their habitat (Garcia-Rodriguez et al., 2021), but they also
have many other roles. For example, brown bears generate deep gashes in trees to remove their
parasites and search for food (Gonzalez-Bernardo et al., 2021). Zysk-Gorczynska et al. (2014)
showed that tree wounds perpetrated by bears attract saproxylic insects and insectivorous birds
with bears acting as niche constructors and ecological engineers. Hilderbrand et al. (1999)
showed that brown bears can become an important vector of salmon-derived nitrogen in riparian
ecosystems. Bears also exhibit scavenging (Elgmork & Tjerve, 1995). Bears can compete with
other sympatric omnivores and put pressure on their populations (Diserens et al., 2020). Bears
can modulate the density of ungulate populations, especially for agricultural pests like wild
boars (Niedziatkowska et al., 2019). Brown bears, a charismatic species, are also a flagship for
conservation practices and, therefore, contribute to the destination image of PAs. Tattoni et al.
(2024) showed that the advertising equivalent of this contribution exceeded the amount of
payments spent to manage the brown bear in the Apennines. Hence, brown bears can be
important conservation targets in terms of ecotourism. Consequently, ensuring the continuing
presence of brown bears in their habitats will stabilize ecological processes and increase the
resilience of ecosystems against both climate change and landscape transformation (Diserens

et al., 2020).

With growing landscape transformation and changing climate conditions altering brown
bears’ distributions and patterns of space use, bears are rendered more vulnerable to global
change. It is essential to understand how bears respond to human-induced variability to establish
conservation plans that will promote coexistence. Proactive management is a wide-ranging
framework that includes the upkeeping of suitable habitats, landscape connectivity, population
persistence, conflict mitigation practices, and climate adaptation strategies. Using this
framework, it is imperative to build a body of knowledge for different facets of bear ecology in
Tiirkiye and apply this knowledge for effective on-the-ground conservation of brown bears and

their habitats across the country.
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APPENDICES

Appendix A: The checklist for ODMAP (Overview, Data, Model,
Assessment, and Prediction) protocol for ecological niche modeling of
Eursian brown bears (Ursus arctos) across Tiirkiye

ODMAP Elements Contents

Model
Objective

Objective: Ecological Niche Modeling (ENM) of brown bears across Tiirkiye

Target outputs: Potential current and future habitat suitability maps

Taxon

Brown bear, Ursus arctos, Ursidae, Carnivora, Mammalia

Location

Tiirkiye, Soutwest Asia

Scale of
analysis

Overview

Spatial extent: 25.65708, 44.83208, 35.82458, 42.10792 (xmin, Xmax, ymin,
ymax)

Temporal extent:

Occurrence records — from 2020 to 2021

Bioclimatic predictors (WorldClim) — from 1970 to 2000.

Forest, Farmland, Water layers — from 2018;

Distance to protected areas, Distance to roads, Distance to villages, Human
Footprint Index, Population density — from 2020;

Type of extent boundary: Political (Republic of Tiirkiye)

Biodiversity
data
overview

Observation type: Presence points including footprints, scat samples, hair
samples, rubbing tree signs (n=608)
Response/Data type: Presence-only

Type of
predictors

Bioclimatic, Topographic, Anthropogenic

Conceptual
model /
hypothesis

Brown bear distribution is driven by climatic, topographic and human-related
factors.

Data
collection

Data source: Between May 2020 and October 2021, extensive fieldwork was
conducted by our research team to gather data on brown bear presence signs
across Tiirkiye

Absence-data: 1 used presence-only data for modeling. Pseudo-absence
generation was performed using biomod?2.

Data filtering: 1 used ecospat package in R to avoid spatial clustering of
occurrence records (Boavida et al., 2016; Broennimann et al., 2018).

Predictor
variables

Variables

1. Bioclimatic variables — BIO1: Annual mean temperature (°C), BIO2:
Mean diurnal range (°C), BIO3: Isothermality, BIO4: Temperature
seasonality (°C), BIOS: Max. Temperature of Warmest Month (°C),
BIO6: Min. Temperature of Coldest Month (°C), BIO7: Temperature
Annual Range (°C), BIO8: Mean Temperature of Wettest Quarter
(°C), BIO9: Mean Temperature of Driest Quarter (°C), BIO10: Mean
Temperature of Warmest Quarter (°C), BIO11: Mean Temperature of
Coldest Quarter (°C), BIO12: Annual Precipitation (mm), BIO13:
Precipitation of Wettest Month (mm), BIO14: Precipitation of Driest
Month (mm), BIO15: Precipitation Seasonality, BIO16: Precipitation
of Wettest Quarter (mm), BIO17: Precipitation of Driest Quarter
(mm), BIO18: Precipitation of Warmest Quarter (mm), BIO19:
Precipitation of Coldest Quarter (mm)




2. Topographic Variables — Elevation (m), Slope (°), Aspect (radians),
Terrain Ruggedness Index (TRI)

3. Anthropogenic Variables — Distance to forest (km), Distance to
farmland (km), Distance to road (km), Distance to villages (km),
Distance to water (km), Population Density (no. of people/km?),
Human Footprint Index (HFI-value)

Data Sources

1. Corine Land Cover 2018 -
https://land.copernicus.eu/en/products/corine-land-cover/clc2018

2. Worldclim - https://www.worldclim.org/

3. SEDAC - https://sedac.ciesin.columbia.edu/data/set/gpw-v4-
population-density-revl1

4. SEDAC - https://sedac.ciesin.columbia.edu/data/set/wildareas-v3-
2009-human-footprint

5. Open Street Map - http://download.geofabrik.de/europe/turkey.html

6. HydroRIVERS — HydroSHEDS -
https://www.hydrosheds.org/products/hydrorivers

7. Elevation - https://www.worldclim.org/data/worldclim?21.html

Spatial resolution of raw data:
Population density (30 arc-sec), Human footprint index (~1 km), BIO1-19 (2.5
arc-min), Corine Land Cover database (100 m), Elevation (2.5 arc-min)

Projection: WGS84

Data processing:

e Bioclimatic variables were downloaded from WorldClim database with
2.5 arc-min resolution (approximately 4.6 km at the equator). These
layers were masked and cropped according to Turkiye’s border.

e The forest layer was generated by using the Corine LULC 2018 vector
database. To do this, Broad-leaved forest, Coniferous forest, Mixed
forest, and Transitional woodland/shrub attributes were combined and
extracted. Then, the proximity layer called Distance to forest was
generated using Euclidean Distance Tool in ArcGIS by arranging its
cell-size and extent.

e The farmland layer was generated by using the Corine LULC 2018
vector database. To do this, the attributes named Non-irrigated arable
land, Permanently irrigated land, Rice fields, Vineyards, Fruit trees
and berry plantations, Olive groves, Pastures, Annual crops associated
with permanent crops, Complex cultivation patterns, Land principally
occupied by agriculture with significant areas of natural vegetation,
Agro-forestry areas were combined and extracted. Then, the proximity
layer called Distance to farmland was generated using the Euclidean
Distance Tool in ArcGIS by arranging its cell size and extent.

e 1% to 4" order river attributes were extracted since this vector layer
appropriately covers important water sources across the country, from
small springs in/around forests and agricultural fields to large rivers.
Then, the proximity layer named Distance to water was generated by
using the Euclidean Distance Tool in ArcGIS.

e The motorways, primary, secondary, and trunk roads and their linked
roads attributes were extracted from the Open Street Map. Then, the
proximity layer named Distance to roads was generated by using the
Euclidean Distance Tool in ArcGIS.

e The Slope, Aspect and Terrain ruggedness index rasters were derived
from the Shuttle Radar Topography Mission (SRTM) Elevation data.
They were derived after projecting to Lambert Azimuthal Equal-Area



https://land.copernicus.eu/en/products/corine-land-cover/clc2018
https://www.worldclim.org/
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http://download.geofabrik.de/europe/turkey.html
https://www.hydrosheds.org/products/hydrorivers
https://www.worldclim.org/data/worldclim21.html

(ETRS 1989 LAEA), and then projected WGS84 again (Sillero and
Barbosa, 2021).

e All variables were properly resampled, cropped, and masked based on
the study area.

Transfer data | All topographic and anthropogenic variables were kept static.
for projection | The bioclimatic variables with a resolution of 2.5 arc-minutes from WorldClim
2.1., based on the CMIP6 (Coupled Model Intercomparison Project Phase 6)
data, as featured in the sixth assessment report (AR6) of the IPCC
(Intergovernmental Panel on Climate Change).
Three widely used GCMs; MIROC6 (Watanane et al., 2020), CNRM-CM6-1
(Vodoire et al., 2020), and MPI-ESM1-2-LR (Giorgetta et al., 2020) since they
were already used to predict accurate ENMs across Europe in other studies
(Canturk & Kulag, 2021; Giir, 2022; Naimi et al., 2022).
For all three GCMs, three different Shared Socio-economic
Pathways/Representative  Concentration Pathway scenarios including
SSP1/RCP2.6 as an optimistic future, SSP3/RCP7.0 as a moderate future and
SSP5/RCPS.5 as a pessimistic future were downloaded for both 2050 (average
for 2041-2060) and 2070 (average for 2061-2080) to project future habitat
suitability.
Assumptions v T assumed that species are at equilibrium with the environment.
v Occurrence records were collected by avoiding any observational bias
during the fieldwork.
v' The filtering process is performed to avoid spatial clustering of
occurrence records.
v Predictor variables are incorporated in the model after checking any
error.
v Multicollinearity among the environmental predictors was checked.
Algorithms Ten SDM algorithms available in biomod?2 package were used.
e Artificial Neural Network (ANN)
e Flexible Discriminant Analysis (FDA)
e Generalised Additive Model (GAM)
e  Generalised Boosting Model (GBM)
e  Generalised Linear Model (GLM)
e  Multiple Adaptive Regression Splines (MARS)
e  Maxent Entropy (Maxent)
e Random Forest (RF)
e  Surface Range Envelope (SRE)
e C(lassification Tree Analysis (CTA)
Model complexity: I chose these algorithms to yield complex response surfaces
while preventing overfitting.
Model To mitigate potential spatial autocorrelation effects, I utilized the Mantel test,
workflow implemented using the ecospat package (Boavida et al., 2016; Broennimann et

al., 2018).

The spatial correlogram for environmental predictors reveals a positive
autocorrelation in occurrence records extending up to 21.83 km. Consequently,
only 87 occurrence records were retained as the final dataset for subsequent
ecological niche modeling.

I selected thirty environmental variables, including bioclimatic, topographic,
and anthropogenic predictors that have a high potential to drive their distribution
(Su et al., 2018; Dai et al., 2019a; Dai et al., 2021a; Dar et al., 2021; Mukherjee
et al., 2021, Mohammadi et al., 2021; Ashrafzadeh et al., 2022).

I checked for multicollinearity and excluded the variables with correlation
coefficients (|r]) >0.7 and variance inflation factor (VIF) > 10 by using usdm
and corrplot package in the R environment (Wei & Simko, 2021; Naimi, 2023).
Ultimately, I used 16 environmental variables to perform modeling.




Assessme
nt

To predict both current and future distributions of brown bears across Tiirkiye,
I employed an ensemble forecasting approach using the biomod2 package.

The modeling process began with the random generation of 1,000 pseudo-
absence points.

Subsequently, the dataset was split into training (80%) and testing (20%)
datasets.

I conducted three cross-validation iterations using a bootstrap approach for each
model.

Pseudo-absence points were regenerated three times to mitigate random bias.
To reduce uncertainty and generate a final model, I selected models with TSS
scores greater than 0.6, using a weighted average approach (Aratijo and New,
2007; Thuiller et al., 2009).

I performed future forecasting with the ensemble model by considering three
different CO; scenarios for two different future time, 2050 and 2070.

I produced nineteen ensemble maps encompassing three distinct GCMs and
scenarios for two time periods (2050s and 2070s) in addition to the present day.
Binary transformation was performed using a threshold that maximizes TSS to
create predictive outputs (Thuiller et al., 2019).

To analyze changes in the range size between current and future scenarios, the
range size function within the biomod2 package was employed.

Software, Modeling platform: R (version 4.2.2) environment with biomod2 package.
codes, and Dataset and Code: The datasets used and/or the R codes during the current
data study are available on reasonable request.
Data Occurrence records were split out as training (80%) and testing (20%) datasets.
partioning
Variable e Iselected all environmental variables that have a high potential to drive
selection brown bear distribution based on the literature. For instance, roads,
villages, and farmlands can represent important ecological traps and
affect their foraging behavior as well as population persistence (Lamb
et al., 2017; Parsons et al., 2022).
e Brown bears rely on forested habitats for cover, foraging, and denning
(Recio et al., 2021; Ziotkowska et al., 2016); so they were included in
the model. Population density and Human footprint index are important
to understand the potential role of human dominancy in their
distribution (Dai et al., 2019a). Topographic variables called Elevation,
Slope, Aspect, and TRI were included in the model since they are
highly associated with human land usage as well as bear behavior
(Goldstein et al., 2010). Bioclimatic variables also drive the abundance,
richness, and accessibility of natural prey and food sources of brown
bears (Zarzo-Arias et al., 2020; Pérez-Giron et al., 2022; Pérez-Giron
et al., 2024; Penteriani et al., 2019).
e I checked multicollinearity using usdm and corrplot packages among
the variables and excluded them if they displayed high correlation
(correlation coefficient > 0.7) and variance inflation (VIF >10).
Ultimately, 16 variables were retained.
Model Reproducing ENM results is important and depends on the processing of
settings occurrence data, environmental data and their processing, model calibration, and
repeatability of model transfer processes (Feng et al., 2019). Therefore, the
default settings of the algorithms were selected to simplify the interpretation and
reproducibility of the results.
Model e True Skill Statistics was employed to assess the discrimination capacity
estimates of the model. ROC was taken into account for the occupy vs. non-
occupy comparison.
e The variable importance of the ensemble model was calculated.
Plausibility The ensemble model's response curve and the predictors' ecological plausibility

check

were checked.




Ensemble

The models with TSS scores greater than 0.6 were selected using a weighted

Prediction

model average approach to generate an ensemble model (Aradjo and New, 2007).
Non- None

independence

Threshold TSS maximization threshold was considered for binary predictions.
Performance | 1 evaluated model performance based on TSS value from 90 models run.
Statistics

Prediction I used continuous predictions of occurrence probability for brown bears living
output in Tiirkiye.

Uncertainty The ensemble approach significantly increases the prediction performance by
quantification | combining results from different modeling techniques and thus presents the

relationships that are aimed to be captured by the model by separating them from
the background noise (Hao et al., 2020).




Appendix B: The checklist for ODMAP (Overview, Data, Model, Assessment,
and Prediction) protocol for conflict risk modeling of human - brown bear
(Ursus arctos) encounters across Tiirkiye



ODMAP Elements

Overview

Contents

Model Objective: Human — Brown bear conflict (HBC) risk probability across Tiirkiye
Objective Target outputs: Conflict risk map across the country
Taxon Brown bear, Ursus arctos, Ursidae, Carnivora, Mammalia
Location Tiirkiye, Soutwest Asia
Scale of Spatial extent: 25.65708, 44.83208, 35.82458, 42.10792 (xmin, Xxmax, ymin, ymax)
analysis Temporal extent:
e  Conflict risk events: 2017 — 2023
e  Forest, Farmland, Water layers: 2018
e  Minimum temperature, Maximum temperature, Mean temperature, Precipitation, Wet-
day frequency: 2011 — 2019
e Distance to protected areas, Distance to roads, Distance to villages, Human Footprint
Index, Population density: 2020
e  Net Primary productivity: 2016 — 2022
Type of extent boundary: Political (Republic of Tiirkiye)
Biodiversity Observation type: Conflict events information obtained from media coverage + Communicating

data overview

with local people (n=296)
Response/Data type: Presence-only

Type of Bioclimatic, Land Cover, Topographic, Anthropogenic
predictors
Conceptual Human — Brown bear conflict events are driven by climatic and human-related factors. While
model / bioclimatic factors can drive their natural prey, denning time, and foraging behaviors,
hypothesis anthropogenic and topographic factors can limit their dispersal and foraging activity.
Data Data source: I conducted Google searches using the following keywords: “Bear + sighting”, “bear
collection + attack”, “bear + attack + human/barn/bechive/orchards/crop/fence/yard/damages”, “bear +
mortality”, “bear + road accidents” in Turkish.
All conflict events were geo-referenced based on the location information.
Absence-data: I used presence-only data for modeling. Pseudo-absence generation was performed
using biomod?2.
Data filtering: I used spThin package in R to avoid spatial clustering of conflict event points
(Aiello-Lammens et al., 2015)
Predictor Variable
variables Bioclimatic variables — Bioclimatic variables — Minimum temperature (°C), Maximum

temperature (°C), Mean temperature (°C), Precipitation (mm/day), Wet-day frequency (day), Net
primary productivity (g C m?2 yr'!).

Topographic Variables — Slope (°)

Land Cover Variables — Distance to forest (km), Distance to farmland (km), Distance to water
(km)

Anthropogenic Variables — Distance to protected areas (km), Distance to roads (km), Distance
to villages (km), Population Density (no. of people/km?), Human Footprint Index (HFI-value)

Data Sources

1. Corine Land Cover 2018 - https://land.copernicus.eu/en/products/corine-land-
cover/clc2018

2. Climatic Research Unit (CRU TS Version 4.04) -
https://crudata.uea.ac.uk/cru/data/hrg/cru_ts 4.04/

3. WorldPop - https://neo.gsfc.nasa.gov/view.php?datasetld=MOD17A3H Y NPP
Net Primary Productivity (1 Year - TERRA/MODIS) -
https://neo.gsfc.nasa.gov/view.php?datasetid=MOD17A3H Y NPP

4. SEDAC - https://sedac.ciesin.columbia.edu/data/set/wildareas-v3-2009-human-
footprint

5. Open Street Map - http://download.geofabrik.de/europe/turkey.html

6. HydroRIVERS — HydroSHEDS -
https://www.hydrosheds.org/products/hydrorivers

7. Slope - https://www.worldclim.org/data/worldclim21.html

8.  Protected areas of Tiirkiye -
arcgis.com/apps/View/index.html?appid=5f3978146c4643438ab446620e275269



https://land.copernicus.eu/en/products/corine-land-cover/clc2018
https://land.copernicus.eu/en/products/corine-land-cover/clc2018
https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.04/
https://neo.gsfc.nasa.gov/view.php?datasetId=MOD17A3H_Y_NPP
https://neo.gsfc.nasa.gov/view.php?datasetId=MOD17A3H_Y_NPP
https://sedac.ciesin.columbia.edu/data/set/wildareas-v3-2009-human-footprint
https://sedac.ciesin.columbia.edu/data/set/wildareas-v3-2009-human-footprint
http://download.geofabrik.de/europe/turkey.html
https://www.hydrosheds.org/products/hydrorivers
https://www.worldclim.org/data/worldclim21.html
https://www.arcgis.com/apps/View/index.html?appid=5f3978146c4643438ab446620e275269

Spatial resolution of raw data:

Population density (30 arc-sec), Human footprint index (30 arc-sec), Corine Land Cover database
(100 m), Elevation (2.5 arc-min), Net primary productivity (0.25 degrees), Minimum temperature
(0.5 degrees), Maximum temperature (0.5 degrees), Mean temperature (0.5 degrees), Precipitation
(0.5 degrees), Wet-day frequency (0.5 degrees),

Projection: WGS84

Data processing:

I downloaded the data from the publicly available data sources.

I generated the forest layer by using the Corine LULC 2018 vector database. To do this,
I combined and extracted the Broad-leaved forest, Coniferous forest, Mixed forest, and
Transitional woodland/shrub attributes. Then, I generated the proximity layer called
Distance to forest using Euclidean Distance Tool in ArcGIS by arranging its cell-size and
extent.

I generated the farmland layer by using the Corine LULC 2018 vector database. To do
this, I combined the attributes named Non-irrigated arable land, Permanently irrigated
land, Rice fields, Vineyards, Fruit trees and berry plantations, Olive groves, Pastures,
Annual crops associated with permanent crops, Complex cultivation patterns, Land
principally occupied by agriculture with significant areas of natural vegetation, Agro-
forestry areas, and extracted them. Then, I generated the proximity layer called Distance
to farmland using the Euclidean Distance Tool in ArcGIS by arranging its cell size and
extent.

I extracted 1% to 4™ order river attributes from HydroRIVERS database since this vector
layer appropriately covers important water sources across the country, from small springs
in/around forests and agricultural fields to large rivers. Then, I generated the proximity
layer named Distance to water by using the Euclidean Distance Tool in ArcGIS.

I selected the motorways, primary, secondary, and trunk roads and their linked roads
attributes from the Open Street Map and extracted them. Then, I generated the proximity
layer named Distance to roads by using the Euclidean Distance Tool in ArcGIS.

A spatial point data frame was created based on the center of all human settlements
throughout Turkiye. Then, I generated the proximity layer named Distance to villages by
using the Euclidean Distance Tool in ArcGIS.

I downloaded the Minimum temperature, the Maximum temperature, the Mean
temperature, the Wet-day frequency, the Precipitation data from CRU data source. I
resampled them with bilinear interpolation and cropped and masked based on the study
area.

I downloaded one-year net primary productivity data between 2016-2022 data from the
Terra/Modis database. Then, I took the average of these years as a final net primary
productivity raster file

I downloaded the vector data called Protected areas of Tiirkiye. There are various
protected area attributes in Tiirkiye (NCNP, 2020), so, the relevant protected area
attributes in terms of brown bear ecology were selected and extracted as follows: national
parks, nature conservation areas, special environment protection areas, wildlife
enhancement areas, locally important wetlands, nationally important wetlands, Ramsar
areas, and preservation forests. Then, I generated the proximity layer named Distance to
protected areas using the Euclidean Distance Tool in ArcGIS.

I derived the Slope raster from the Shuttle Radar Topography Mission (SRTM) elevation
data. It was derived after projecting to Lambert Azimuthal Equal-Area (ETRS 1989
LAEA), and then projected WGS84 again (Sillero and Barbosa, 2021).

I downloaded the Human Footprint Index raster from the relevant data source.

I downloaded Population Density raster from the relevant data source.

All variables were properly resampled, cropped, and masked based on the study area.

Assumptions

ANANEN

Conflict events data was gathered from media coverage. If direct eyewitnesses could not
be contacted or found, a random location was assigned within 5 km of the event as a
georeferenced point (Kimmig et al., 2020).

The filtering process was performed to avoid spatial clustering of occurrence records.
Predictor variables were incorporated in the model after checking any error.
Multicollinearity among the environmental predictors was checked.




Assessm
ent

Algorithms

Eleven SDM algorithms available in biomod?2 package were used.
e  Artificial Neural Network (ANN)
e  Flexible Discriminant Analysis (FDA)
Generalised Additive Model (GAM)
Generalised Boosting Model (GBM)
Generalised Linear Model (GLM)
Multiple Adaptive Regression Splines (MARS)
Maxent Entropy (Maxent)
Random Forest (RF)
Surface Range Envelope (SRE)
Classification Tree Analysis (CTA)
eXtreme Gradient Boosting Training (XGBOOST)

Model complexity: 1 chose these algorithms to yield complex response surfaces but prevent
overfitting.

Model
workflow

e  Tusedto spThin package in R (Aiello-Lammens et al., 2015) to filter the spatial clustering
of points based on 10 km across the study area. 201 conflict events were used as the final
dataset for modeling.

e Ichecked the multicollinearity and excluded the variables with correlation coefficients |r|
> (.75 and variance inflation factor (VIF) > 5 by using usdm and corrplot package in the
R (Wei & Simko, 2021; Naimi, 2023). Ultimately, 13 variables were retained.

e To predict human — brown bear conflict risk across Tiirkiye, I employed an ensemble

approach using the biomod?2 package.

The modeling process began with the random generation of 1,000 pseudo- absence points.

Subsequently, the dataset was split into training (80%) and testing (20%) datasets.

I conducted three cross-validation iterations using a bootstrap approach for each model.

Pseudo-absence points were regenerated three times to mitigate random bias.

To reduce uncertainty and generate a final model, I selected the models with TSS scores

greater than 0.5, using a weighted average approach (Araujo and New, 2007; Thuiller et

al., 2009).

Software,
codes, and
data

Modeling platform: R (version 4.3.2) environment with biomod2 package.
Dataset and Code: The datasets used and/or the R codes employed for this study are available
based on a reasonable request.

Data
partioning

Occurrence records were split out as training (80%) and testing (20%) datasets.

Variable
selection

e I selected 15 environmental variables that have high potential to drive HBC based on
literature. For instance, roads, villages, and farmlands are hotspot in terms of HBC since
they exhibite high risk - low gain landscape feature for bears and represent ecological
traps (Bomberi et al., 2021; Parsons et al., 2022; Khosravi et al., 2023). Water sources
such as springs and rivers are important locations for both wildlife as well as human
activity such as livestock, trekking etc (Parsons et al., 2022). Brown bears rely on forested
habitats for sheltering, foraging, and denning (Recio et al., 2021; Zidétkowska et al.,
2016); so forest was included in the model. Population density and Human footprint index
are important to understand the potential role of human dominancy in terms of HBC in
rural areas (Dai et al., 2019b). Protected areas that have low human footprint play a
crucial role in conserving biodiversity and providing refuge for species threatened by
habitat loss (Tammeleht et al., 2020; Dai et al., 2020). The slope variable was included
in the model since a high slope represents low human access as a general pattern
(Goldstein et al., 2010). Bioclimatic variables, including minimum, maximum, mean
temperatures, precipitation, wet-day frequency, and net primary production features,
drive the abundance, richness, and accessibility of natural prey and food sources of brown
bears (Zarzo-Arias et al., 2020; Pérez-Girdn et al., 2022; Pérez-Gir6n et al., 2024).

e  Multicollinearity was chekced using usdm and corrplot packages among the variables
and excluded them if they display high correlation (correlation coefficient > 0.7) and
variance inflation (VIF > 5). Ultimately, 13 variables were retained.

Model settings

Reproducing ENM results is important and depends on the processing of occurrence data,
environmental data and their processing, model calibration, and repeatability of model transfer
processes (Feng et al., 2019). Therefore, the default settings of the algorithms were selected to
simplify the interpretation and reproducibility of the results.

Model
estimates

e  True Skill Statistics was employed to assess the discrimination capacity of the model.
ROC was taken into account for conflict vs. non-conflict areas comparison.
e  The variable importance of the ensemble model was calculated.

Plausibility

The ensemble model's response curve and the predictors' ecological plausibility were checked.




check

Prediction

Ensemble The models with TSS scores greater than 0.5 were selected using a weighted average approach to
model generate an ensemble model (Aratjo and New, 2007).

Non- None

independence

Threshold TSS maximization threshold was considered for binary predictions.

Performance I evaluated model performance based on TSS value from 90 models run.

Statistics

Prediction I used continuous predictions of risk probability for human — brown bear conflicts across Tiirkiye.
output

Uncertainty The ensemble approach significantly increases the prediction performance by combining results

quantification

from different modeling techniques and thus presents the relationships that are aimed to be captured
by the model by separating them from background noise (Hao et al., 2020).




