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EXPLORING THE BIODIVERSITY PATTERNS OF ANATOLIA UNDER
CHANGING CLIMATIC CONDITIONS

SUMMARY

Global change poses an unprecedented threat to Earth’s biosphere. Global change
induced ecological crises—often described as the sixth mass extinction—have
become the most urgent issues for the fields of ecology and conservation science.
Particularly, rapidly changing climatic conditions exerts disrupting pressures on
global biodiversity. Spatially explicit assessments of biodiversity patterns occupy
important roles in the immense challenge facing researchers in understanding and
mitigating the effects of climate change on Earth’s biosphere. Anatolia, an
environmentally complex peninsula characterized by diverse climates and
heterogeneous topography, hosts rich biodiversity with high endemism and
intersects three biodiversity hotspots. Multiple reports highlight the underprotected
status of Anatolian biodiversity and habitats. Furthermore, research on biodiversity
patterns in Anatolia remains limited, particularly in terms of spatial assessments,
with little to no comprehensive studies available. This study primarily aimed to
assess the biodiversity patterns of Anatolia, in the context of climate change. To
achieve these goals, species distribution modeling—a widely applied tool in
ecology—was employed.

Species distribution modeling is a group of mathematical frameworks that relate
species occurrences to environmental conditions, thereby allowing researchers to
quantify and project species’ niches under certain assumptions. These models
require predictor variables that are relevant to species’ environmental niches. This
study focuses on climate change, therefore the 19 bioclimatic variables were
utilized as environmental predictors. Bioclimatic variables are various derivations
of precipitation and temperature that carry higher biological meaning. The
bioclimatic data were sourced from WorldClim 2, an open-access climatic data
repository. In order to project biodiversity patterns under climate change, future
climate data were obtained from the sixth phase of Coupled Model
Intercomparison Project. The averages of the outputs of six different climate
models were used to project species distributions for the time periods 2041-2060
and 2081-2100 under the shared socio-economic pathways, SSP1-2.6, SSP2-4.5,
SSP3-7.0, and SSP5-8.5.

Biodiversity data were sourced from the Global Biodiversity Information Facility,
an open-access repository that integrates datasets from various sources, including
field studies, museum specimens, and citizen science observations. The dataset
used in the study consisted of presence-only species occurrence records for
Turkiye, covering amphibians, birds, insects, mammals, and plants. A large portion
of these records originated from citizen science observations. Following an
extensive data filtering and preparation phase, species distributions were modeled
one by one and grouped by higher taxa.

To model species distributions, various machine learning and statistical methods
were employed. The approaches applied consisted of Maxent, random forests, and
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boosted regression trees which have been placed as the top performing methods in
multimodel benchmarks. Maxent is a Bayesian inference method that utilizes
information theoretic concepts to provide the least biased probability distribution
of the outcome variable given specified constraints set by the modeler. Random
forests are decision-tree based methods, in which multiple trees, that are fitted to
bootstrapped subsamples of training data with random subsamples of predictor
variables, are combined into an ensemble model. Similarly, boosted regression
trees are also decision-tree based models. However, in this approach, simpler trees
are iteratively fitted, with each subsequent tree focusing on the remaining
unexplained variance. Model fitting process involved a predictor selection phase
tailored to each species, split sample cross-validation phase, and a parameter
tuning phase before moving on to the fitting of the models. The models were
validated on the test sets by their true skill statistics and areas under the receiver
operating characteristic curves. Following the calculations of the uncertainty
measures, the models were combined into ensembles. Their outputs and
projections were utilized to produce biodiversity metrics indicating relative
biodiversity and change in biodiversity under different climate scenarios. The
spatial assessments of the biodiversity patterns were based on these metrics.
Modeling the distributions of large numbers of species from varying taxa opened
possibilities for complementary analyses. These included cohabitation analyses in
which niche overlap metrics were calculated for pairs of species from different
levels of ecological interactions and descriptive analyses of the bioclimatic
conditions of areas with varying levels of biodiversity.

The results included the distributions of 519 species. By taxa, these species
comprised of 5 amphibians, 118 birds, 126 insects, 5 mammalians, and 265 plants.
Each taxa displayed their own idiosyncratic biodiversity patterns at finer scales
across the study area. Though, the broad patterns shared among the taxa placed the
coastal regions of Turkiye as high biodiversity areas. These included the
Mediterranean, Aegean, Marmara, and Black Sea regions. At finer scales,
Cukurova Delta emerged as one of the areas with the highest levels of biodiversity.
The inner Anatolia and southeastern Anatolia were among the regions that
exhibited relatively low biodiversity. When the study results were compared to the
biodiversity range maps from the International Union for Conservation of Nature
(ITUCN)—despite fundamental differences in their objectives and methodologies—
the two approaches showed considerable agreement. Although each taxon
exhibited its own variations, insects showed the greatest deviations from the broad
biodiversity patterns shared among taxa. Insect biodiversity was distributed more
uniformly across the study area compared to other taxa, with relatively high
biodiversity in northeastern Anatolia, where other taxa did not exhibit similar
patterns. From a geographic perspective, the findings demonstrated strong
associations between high biodiversity patterns and environmental features such
as water bodies, forested areas, and topographical complexity. Avian diversity, in
particular, exhibited a strong affinity for water bodies. While plants also shared
this association, theirs was to a lesser extent. From the bioclimatic perspective,
high biodiversity areas showed associations with lower temperature seasonality,
higher precipitation, and higher precipitation seasonality.

The projections under future climatic conditions indicated general northward and
northeastward shifts in biodiversity patterns, with notable inter-taxon variations at
finer scales. These shifts intensified and expanded over successive time periods
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and climate scenarios with increasing radiative forcing. Such findings align with
global expectations for biodiversity shifts based on past ecological research. The
southern and southwestern coastal regions of Turkiye exhibited declining
biodiversity across climate scenarios. The Cukurova Delta, in particular, stood out,
showing significant biodiversity losses that became more pronounced under
successive climate scenarios. Conversely, the Black Sea region consistently
exhibited increasing biodiversity across all taxa, with these patterns intensifying
and expanding under successive scenarios. Moreover, complex biodiversity
patterns emerged around elevation gradients, water bodies, and forest cover,
highlighting the critical roles these features play in shaping biodiversity patterns
under changing climatic conditions. These patterns varied considerably depending
on taxon, geographic feature, location, and climate scenario. Elevational
biodiversity shifts toward higher altitudes were common, congruent with past
research. These patterns were often not simple, but rather nuanced. For example,
the projections for plant biodiversity showed increases across the Taurus
Mountains, except at the highest peaks, where biodiversity declined. Among the
uncertainty measures, multivariate environmental similarity surfaces analysis
identified southeastern Anatolia as the region that will host novel environmental
conditions in the future. The degree of model agreements among themselves varied
across taxa. However, broad patterns indicated relatively lower model agreement
along the coastal regions, particularly in the southern and southwestern coasts.

This study employed species distribution models to map the spatial biodiversity
patterns of Turkiye, addressing a notable gap in spatial approaches to biodiversity
analyses in Anatolia. The results highlighted the coastal regions of Tirkiye as high
biodiversity areas and the inner Anatolia and southeastern Anatolia as low
biodiversity areas across different taxa. The projections under future climate
scenarios indicated biodiversity shifts toward the north and northeast.
Additionally, geographical features such as elevation gradients, water bodies, and
forest cover were identified as playing critical roles in shaping biodiversity
patterns, particularly under changing climatic conditions. Species distribution
models have proven to be indispensable tools in ecological research. However,
they are not without limitations. Species’ responses to environmental change are
often complex and multifaceted, yet species distribution models capture only a
single aspect of this complexity. This study underscored the need for
multidisciplinary approaches that integrate multiple aspects of the issue for a
deeper understanding of biodiversity patterns under climate change. In conclusion,
this thesis provided a comprehensive spatial assessment of biodiversity patterns in
Anatolia in the context of climate change, contributing to our understanding of the
biodiversity in Anatolia. This study is expected to support future research, enhance
biodiversity assessments, and inform conservation decision-making processes in
Turkiye.
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DEGisEN iKLiMSleL KOSULLAR ALTINDA ANADOLU’NUN
BiYOCESITLILIK ORUNTULERININ ARASTIRILMASI

OZET

Kiiresel degisim, yeryiizii biyosferi i¢in benzeri goriilmemis bir tehdit
olusturmaktadir. Kiiresel degisimin neden oldugu ve siklikla altinc1 kitlesel yok
olus olarak adlandirilan kiiresel ekolojik kriz, 6zellikle koruma bilimi ve ekoloji
alanlar i¢in en acil ve en kritik meselelerden biri haline gelmistir. Hizla degisen
iklim kosullari, kiiresel biyogesitlilik tizerinde biiylik baskilar olusturarak
ekosistemleri tahrip etmekte ve bir¢ok tiirlin yasam alanlarini tehdit etmektedir.
Iklim degisikliginin Diinya’nin biyosferi iizerindeki etkilerini anlamak ve bu
etkileri hafifletmek konusunda yiriitilen arastirmalarda, biyogesitlilik
ortintilerinin mekansal agidan ayrintili bir sekilde degerlendirilmesi biiyiik bir
onem arz etmektedir. Cok gesitli iklimsel bolgelere ve karmasik bir topografyaya
sahip olan Anadolu, zengin biyogesitliligi ve gorece yiiksek endemizmi ile ekolojik
acidan dikkat ¢eken bir yarimadadir. Anadolu, ayni zamanda, kiiresel olgekte
yiiksek koruma Onceligine sahip ii¢ biyocesitlilik sicak noktasina ev sahipligi
yapmaktadir. Ancak, farkli raporlar Anadolu’daki biyogesitliligin ve dogal
habitatlarin yeterince korunmadigini ortaya koymaktadir. Buna ek olarak,
Anadolu’daki biyogesitlilik Oriintiileri {lizerine yapilan arastirmalar ozellikle
mekansal degerlendirmeler agisindan oldukca sinirhdir ve biitiinciil yaklagima
sahip, kapsamli ¢aligmalar neredeyse yok denecek kadar azdir. Bu tez, oncelikle
Anadolu’nun  biyogesitlilik  oriintiilerini  iklim  degisikligi  baglaminda
degerlendirmeyi hedeflemektedir. Bu dogrultuda, ekolojide yaygin olarak
kullanilan etkili bir analiz yontemi olan ekolojik nig modelleme yontemi
uygulanmistir.

Ekolojik nis modelleme, tiirlerin gevresel kosullarla olan iliskilerini matematiksel
cerceveler araciligiyla tanimlayan bir modelleme yontemidir. Bu yaklagim
sayesinde, belirli varsayimlar altinda tiirlerin ekolojik nisleri nicel olarak
degerlendirilebilir ve gelecege yonelik dagilim projeksiyonlar1 olusturulabilir. Bu
modeller, tiirlerin ¢evresel nisleriyle iliskili olan yordayic1 degiskenlere ihtiyag
duyar. Bu calismanin odag: iklim degisikligi oldugundan, analizlerde bagimsiz
degiskenler olarak 19 biyoiklimsel degisken kullanilmistir. Biyoiklimsel
degiskenler, sicaklik ve yagis gibi temel iklim parametrelerinin tiirevleri olup
biyolojik agidan daha anlamli gostergeler sunar. Biyoiklimsel veriler, acik erisimli
bir kiiresel iklim veri deposu olan WorldClim 2’den elde edilmistir. Biyogesitlilik
oriintiilerinin  degisen iklim kosullart altindaki durumlarint yansitabilmek
amaciyla, gelecek iklim verileri Birlestirilmis Model Karsilastirma Projesi’nin
altinct fazindan (CMIP6) temin edilmistir. 2041-2060 ve 2081-2100 dénemleri
icin farkli Ortak Sosyo-Ekonomik Rotalarini (Shared Socioeconomic Pathways -
SSP) temel alan dort farkli senaryo (SSP1-2.6, SSP2-4.5, SSP3-7.0 ve SSP5-8.5)
iizerine projeksiyonlar hedeflenmistir. Gelecege yonelik tir dagilim
projeksiyonlar1 olusturulurken, alt1 farkli iklim modelinin ¢iktilarinin ortalamalar
aliarak, sadece tek model ¢iktisinin getirecegi belirsizlikten arindirilmis sonuglar
tiretilmistir.
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Biyogesitlilik verileri, farkli kaynaklardan gelen tiir gézlem kayitlarini bir araya
getiren ve agik erisimli bir veri deposu olan Kiiresel Biyogesitlilik Danigma Tesisi
(GBIF) iizerinden temin edilmistir. Bu veri tabani; arazi ¢alismalari, miize
ornekleri ve vatandas bilimi gozlemleri gibi farkli kaynaklardan gelen kayitlar1 tek
cat1 altinda toplamaktadir. Bu ¢alismada kullanilan veri seti, yalnizca mevcudiyet
(presence-only) temelli tiir gozlem kayitlarindan olusmaktadir ve Tiirkiye’deki
amfibi, kus, bocek, memeli ve bitki tiirlerini kapsamaktadir. Calismada yer alan tiir
kayitlarinin 6nemli bir kism1 vatandas bilimi gézlemleri araciligiyla derlenmistir,
bu da genis Olcekli veri saglamanin yanm sira, dikkatli bir veri filtreleme ve
hazirlama siirecini gerektirmistir. Veri setinin kullanilabilirligini ve hassasiyetini
artirmak amaciyla, kapsamli bir veri filtreleme ve 6n igsleme siireci uygulanmistir.
Bu asamalar tamamlandiktan sonra, iist taksonomik siniflara gére gruplandirilarak,
tiirlerin nigleri tek tek modellenmistir.

Tiirlerin modellemelerinin gergeklestirilmesi i¢in, makine 6grenme ve istatistiksel
yontemlerden olusan g¢esitli yaklagimlardan yararlanilmistir. Bu ¢alismada
uygulanan yontemler arasinda Maxent, rastgele orman (random forests), ve
artirlmig regresyon agaclart (boosted regression trees) bulunmaktadir. Bu
yontemler, ¢oklu model karsilastirmalarinda en yuksek performans gdsteren
yaklagimlar arasinda yer almaktadir. Maxent, Bayesci ¢ikarim prensiplerine
dayanan ve enformasyon kurami kavramlarini kullanarak, modelci tarafindan
belirlenen kisitlamalar altinda, hedef degiskeninin en az yanh olasilik dagilimini
hesaplayan bir modelleme yontemidir. Rastgele ormanlar ise karar agaglarina
dayali bir makine 6grenme teknigidir; bu yontemde, egitim verisinin bootstrap
ornekleme yontemiyle alinan alt 6rneklemlerine dayali olarak {iretilen ¢ok sayida
karar agaci, rastgele secilen bagimsiz degiskenlerle olusturulur ve ardindan bir
topluluk modeli halinde birlestirilir. Benzer sekilde, artirilmis regresyon agaglar
da karar agaglarina dayalidir. Ancak bu yontemde daha basit agaclar yinelemeli
olarak egitilir ve her yeni agac, hedef degiskendeki model tarafindan
aciklanamayan varyansa odaklanarak modeli gelistirip, daha iyi tahminler
uretmeyi hedefler. Model olusturma siireci, her bir tiir i¢in 6zel olarak belirlenen
bagimsiz degisken se¢im asamasi, egitim-test veri ayrimi ile ¢apraz dogrulama
stireci ve model parametrelerinin optimize edildigi bir asama icermektedir.
Modellerin dogrulugu, gergek beceri istatistigi (true skill statistic) ve alici isletim
karakteristik egrisi altindaki alan (area under the receiver operating characteristic
curve) olgitleriyle degerlendirildi. Belirsizlik Olgiimleri hesaplandiktan sonra
modeller bir araya getirilerek topluluk modellerine doniistiiriildii. Bu modellerin
ciktilar1 ve projeksiyonlar kullanilarak, farkli iklim senaryolar1 altinda gorece
biyogesitliligi ve biyogesitlilik degisimini gosteren metrikler iretildi. Farklh
taksonomik gruplardan gelen, yiiksek sayida tiirtin dagilimlarinin modellenmis
olmasi, ek tamamlayict analizlerin gergeklestirilmesine olanak saglamistir. Bu
analizler arasinda, ekolojik etkilesimlerin farkli seviyelerinde bulunan turlerin gift
olarak nig Ortligme 6l¢iimlerinin hesaplandigi yasam alani paylasma analizleri ve
farkli biyogesitlilik seviyelerine sahip alanlarin biyoiklimsel kosullarinin
karsilastirilmasi ve betimsel analizleri yer almaktadir.

Calismanin sonuglari, toplamda 519 tiiriin mekansal dagilimlarin1 kapsamaktadir.
Taksonomik gruplara ayrilmis sekilde bu tiirler; 5 amfibi, 118 kus, 126 bocek, 5
memeli, ve 265 bitki tlirlinden olusmaktadir. Her takson, ¢alisma alan1 genelinde
kendine 6zgi biyogesitlilik oriintiileri sergilemis olsa da tiim taksonlar arasinda
paylasilan genis Olcekli egilimler belirli Oriintiiler olusturmustur. Bu egilimler
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dogrultusunda, Tiirkiye’nin kiyr bolgeleri yiiksek biyocesitlilige sahip alanlar
olarak belirlenmislerdir. Ozellikle Akdeniz, Ege, Marmara ve Karadeniz bélgeleri
yiiksek biyocesitlilik degerleriyle 6ne ¢ikan alanlar arasinda yer almaktadir. Daha
ince Olceklerde incelendiginde, Cukurova Deltas1 ¢alisma alanindaki en yiiksek
biyogesitlilik seviyelerinden birine sahip bolgelerden biri olarak belirlenmistir.
Buna karsilik, I¢ Anadolu ve Giineydogu Anadolu nispeten daha diisiik
biyogesitlilik seviyeleri sergilemislerdir. Calismanin sonuglari, Uluslararast Doga
Koruma Birligi’ne (IUCN) ait biyogesitlilik dagilim haritalar ile karsilastirilmistir.
Bu iki yaklasim, amaglar1 ve metodolojileri agisindan temel farkliliklar icermesine
ragmen, sonuglar arasinda 6nemli 6lgiide uyum gozlemlenmistir. Her takson kendi
farkli varyasyonlarini sergilese de genis Olgekli biyogesitlilik Oriintiilerinden en
biiyiik sapmay1 bocekler gostermistir. Bocek biyogesitliligi, diger taksaya kiyasla
caligma alan1 genelinde daha tekdiize bir dagilim sergilemis ve ayrica Kuzeydogu
Anadolu’da, diger taksanin gostermedigi gorece yliksek biyocesitlilik seviyeleri
sergilemistir. Cografi agidan degerlendirildiginde, biyogesitlilik seviyelerinin
yiiksek oldugu alanlar ile bazi cografi faktorler arasinda giiclii iliskiler tespit
edilmigtir. Su kaynaklari, ormanlik alanlar ve topografik karmasiklik biyogesitlilik
oriintiilerin sekillenmesinde belirleyici faktorler olarak one ¢ikmislardir. Ozellikle
kus ¢esitliligi su kaynaklariyla giiglii bir iligki gostermistir. Bitkiler de benzer
egilimler gostermis olsa da kuslara kiyasla bu iliskiler daha zayif kalmistir.
Biyoiklimsel a¢idan incelendiginde, yiiksek biyogesitlilik gosteren alanlarin belirli
iklimsel 6zelliklerle iliskilendigi goriilmiistiir. Bu bolgelerin, daha diisiik sicaklik
mevsimselligi, daha yiiksek yillik yagis miktar1, daha yiiksek yagis mevsimselligi
ile karakterize edildigi gOriilmiistiir.

Gelecekteki iklim kosullarina yonelik projeksiyonlar, biyogesitlilik driintiilerinde,
ince Olgekte taksa arasi farkliliklar gozlemlense de genel olarak kuzeye ve
kuzeydoguya dogru bir kayma oldugunu ortaya koymustur. Ayrica, iklim
senaryolarinda artan 1sinimsal zorlama ve ilerleyen zaman dilimleri ile birlikte, bu
degisimlerin giderek daha da belirginlestigi ve genisledigi gorilmiistiir. Bu
bulgular, ge¢mis ekoloji ve iklim arastirmalarinda ortaya g¢ikan biyocesitlilik
degisimlerine dair kiiresel beklentilerle uyumludur. Tirkiye’nin giliney ve
giineybat1 kiy1 bolgelerinde biyogesitliligin, iklim senaryolarini takiben daha da
yogunlasarak, azalma egilimi gosterdigi tespit edilmistir. Bu bolgeler arasinda,
Cukurova Deltasi, yiiksek biyogesitlilik kayiplari ile dikkat gekici bir 6rnek olarak
one cikmistir. Buna karsin, Karadeniz bolgesi, tiim taksa icin, biyocesitliligin
arttig1 bir bolge olarak belirlenmis, ve bu artiglar sirasiyla iklim senaryolar1 ve
zaman dilimlerini takiben yogunlagma ve genisleme gostermislerdir. Bunlarin yani
sira, topografik gradyentler, su kaynaklari, ve orman ortiisii gibi faktorler etrafinda
karmasik biyocesitlilik Oriintiileri ortaya ¢ikmistir. Bu bulgular, degisen iklim
kosullar1 altinda, bu ¢evresel faktorlerin biyogesitliligin sekillenmesinde kritik
roller oynadiklarina isaret etmektedir. Ancak, bu oriintiilerin; taksona, cografi
faktore, konuma ve iklim senaryosuna bagli olarak onemli Olciide degisiklikler
gosterdigi gozlemlenmistir. Biyogesitliligin topografik gradyentler etrafinda
yuksek rakimlara dogru kaydig: tespit edilmistir ki bu durum, gegmis ekolojik
arastirmalarin bulgular1 ile tutarlidir. Ancak, bu degisimler her zaman basit,
dogrusal egilimler sergilememekte, aksine zaman zaman daha karmasik ve niiansh
oriintiiler ortaya ¢ikarmaktadir. Ornegin, bitkilere iliskin projeksiyonlar, genel
olarak Toros Daglar1 boyunca biyogesitlilik artig1 gdsterirken, en yliksek zirvelerde
biyocesitliligin azaldigin1 ortaya c¢ikarmistir. Belirsizlik analizleri arasinda, ¢ok
degiskenli ¢evresel benzerlik yuzeyleri (multivariate environmental similarity
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surfaces) analizleri, Giineydogu Anadolu’nun gelecekte, giiniimiizde ¢alisma alani
kapsaminda yasanmamis, yeni biyoiklimsel kosullara ev sahipligi yapacagini
ortaya koymustur. Model ¢iktilarinin kendi aralarindaki uyusma dereceleri taksaya
gore degisiklikler gostermistir. Ancak, genis 6l¢ekli egilimler incelendiginde, kiy1
bolgelerinde, 6zellikle gliney ve gilineybati kiyilarinda, modeller arast uyusmanin
daha diisiik oldugu goriilmiistiir.

Bu c¢alisma, ekolojik nis modellerini kullanarak Tiirkiye’nin mekansal
biyogesitlilik Oriintiilerini haritalamis ve Anadolu’da biyogesitlilige yonelik
mekansal yaklasimlar konusundaki énemli bir boslugun doldurulmasi yoniinde
adim atmustir. Elde edilen sonuglar, Tirkiye’nin kiy1r bolgelerini ylksek
biyogesitlilige sahip alanlar olarak &ne cikarirken, I¢ Anadolu ve Giineydogu
Anadolu’yu gorece diisiik biyogesitlilige sahip alanlar olarak belirlemistir.
Gelecekteki iklim senaryolarina yonelik projeksiyonlar, biyogesitliligin kuzeye ve
kuzeydoguya dogru kayma egilimi gosterdigini tespit etmislerdir. Bunun yani sira,
topografik gradyentler, su kaynaklar1 ve orman Ortlisii gibi cografi unsurlarin
biyogesitliligin sekillenmesinde énemli roller oynadiklari belirlenmistir. Ozellikle
degisen iklim kosullar1 altinda, bu unsurlarin biyogesitlilik dagilimin gii¢li bir
sekilde etkiledikleri goriilmiistiir. Ekolojik nis modelleme bir arag¢ olarak, global
degisim arastirmalarindaki Onemini bir kez daha vurgulamistir. Ancak, bu
modellerin belirli limitleri oldugunu unutmamak gerektigi belirtilmelidir. Turlerin
cevresel degisimlere verdigi tepkiler ¢ogu zaman c¢ok yonlii, dinamik ve
karmagiktir. Buna karsin, ekolojik nis modelleri bu karmasikligin yalnizca bir
yoniinii ele alabilmektedir. Dolayisiyla, biyogesitlilik oriintiilerinin degisen iklim
kosullar1 altindaki dinamigini daha kapsamli bir sekilde anlamak i¢in biitiinciil, ok
disiplinli yaklasimlara ihtiya¢ duyuldugu agiktir. Sonug olarak, bu tez ¢alismasi,
iklim degisikligi baglaminda Anadolu’nun biyogesitlilik oriintiilerine yo6nelik
kapsamli bir mekansal degerlendirme sunmus ve bolgenin biyocesitliligi tizerine
onemli bilgiler saglamistir. Bu caligmanin, gelecekteki arastirmalara destek
olmasi, biyocesitlilik degerlendirmelerine katkida bulunmasi, ve Tiirkiye’deki
doga koruma politikalarmin sekillendirilmesine bilimsel bir dayanak olmasi
beklenmektedir.
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1. INTRODUCTION

1.1 Global Change and Ecological Crises

The impacts of global change on Earth’s biodiversity are among the most pressing
issues in contemporary ecology (Pereira et al., 2012). The ongoing biodiversity
crisis, often referred to as the sixth mass extinction, demands urgent attention
(Barnosky et al., 2011). Unlike previous mass extinction events primarily driven
by geological or astronomical events, the current biodiversity crisis is
unprecedented in its rapid rate of biodiversity loss and its causation by human
activities, including habitat destruction, climate change, and global resource
exploitation. Biodiversity loss can trigger complex ecological cascades, where the
extinction of a single species can disrupt entire ecosystem functions, leading to
potential collapse of food webs, reduced ecosystem resilience, and diminished
capacity for critical ecosystem services. Climate change, which is at the focus of
this study, is one of the most significant drivers of this crisis. Its impacts, as well
as the responses of Earth’s biosphere to these impacts, are each multifaceted,
adding layers of complexity to the problem (Bellard et al., 2012). The problem lies
in understanding and predicting how biodiversity patterns will change under
changing climatic conditions (Barnard & Thuiller, 2008). This is a highly active
and dynamic area of research with diverse approaches and innovative ideas (Bektas
etal., 2024; Chevalier et al., 2024; Zurell, Schifferle, et al., 2024). To inform better
decision-making in implementing preventative measures against the threats posed
by global change, a deeper understanding of the mechanisms shaping biodiversity
under changing climatic conditions is essential. One of the greatest challenges
researchers face in addressing this question is uncertainty, which manifests at
multiple levels. Climate change is human-driven, and the extent of climatic shifts
depends on human action—a practically unpredictable factor. Additional
uncertainty arises from the diverse ways species may respond to changing climate,
including spatial, temporal, physiological, or adaptive changes (Bellard et al.,
2012). To address these challenges, one path forward is to build knowledge around

the problem. Species distribution modeling is a widely used tool in ecology that



contributes to this effort. These models form the core of this study’s methodology,
and the following section introduces them.

1.2 Species Distribution Models

Species distribution models (SDMs) are sets of mathematical equations that relate
occurrence records of species or other biological systems to predictor variables
presumed to influence their distributions (Guisan & Thuiller, 2005). Within the
scientific community, SDMs are known by various names, including ecological
niche models, habitat suitability models, and range maps, each with subtle
differences in their intended meanings. Although similar modeling approaches
have historical roots going back, SDMs as they are recognized today emerged in
the late 20" century, driven by advancements in statistical methods that
accommodate non-linearity and the development of geographic information
systems (GIS), which provided enhanced data capabilities (Elith & Leathwick,
2009). Their popularity has further increased with the growing accessibility of

computational resources and educational materials.

SDMs are versatile tools employed to answer a wide range of questions, including
species distributions under paleoclimatic change (Gur, 2013), range dynamics of
mutualist species (Adedoja et al., 2024), and population dynamics of invasive
species (Maduna et al., 2024). More pertinently, they have become ubiquitous for
investigating biodiversity patterns in the context of climate change (Gir, 2022;
Lawler et al., 2009; Zurell et al., 2018). In a similar fashion, this study examines
shifting biodiversity patterns in response to changing climatic conditions under the

assumption that species track their niches.

SDMs often require considerable amounts of data to effectively model species
distributions. In recent years, biodiversity databases have amassed a vast number
of species occurrence records. A review of these databases revealed that spatially
unique plant records have been growing at an exponential rate, a trend researchers
have likened to ‘Moore’s Law’ (Feng et al., 2022). The abundance of biodiversity
data, coupled with the wide availability of environmental predictors, has
significantly lowered the barriers to the effective application of SDMs. As data

becomes more abundant and widely available, it brings promising potential for



scientific discovery, but it is crucial to uphold good data practices and standards,
particularly in the age of big data.

While SDMs are powerful tools for ecological research, they inherently face
several methodological limitations. A primary constraint is their reliance on the
assumption of species-environment equilibrium, which may not always reflect the
dynamic nature of ecological systems. Non-equilibrium states can introduce
significant inaccuracies in model predictions. Another constraint for SDMs is the
difficulty in accounting for biotic interactions. Although joint species distribution
modeling techniques have been developed to address some of these challenges
(Pichler & Hartig, 2021), their applicability is often limited, particularly in broad-

scope studies like this one.

Extrapolative applications, such as projections, pose additional challenges for
SDMs. In these contexts, the use of distal predictors—those that indirectly
influence species distributions—can introduce significant biases. To mitigate this,
it is generally advised to use predictors with direct effects on species distributions,
especially when projecting beyond the temporal or spatial extent of the training
data (Araujo et al., 2019).

The limitations of SDMs are discussed more extensively in the Discussion section.
The common aphorism of British statistician George Box states, “All models are
wrong, but some are useful.” (Box, 1976). Similarly, while SDMs have their
limitations, their utility and power as one of the few practical methods to forecast
species distributions remain undeniable (Elith & Leathwick, 2009).

1.3 Biodiversity Patterns

Investigating the mechanisms that shape biodiversity patterns has long been a
foundational focus in ecological research (Hutchinson, 1959; Macarthur & Wilson,
1967). Anatolia, a peninsula with intriguing biodiversity dynamics, is home to
three biodiversity hotspots and hosts immense species richness with high levels of
endemism. Moreover, it has experienced remarkable biodiversity shifts driven by
paleoclimatic cycles (Gir, 2017; Médail & Diadema, 2009), providing climatic
refugia within its environmentally complex areas and highlighting its value as a

critical site for ecological research.



Climate change threatens Anatolia’s biodiversity, including its hotspots (Trew &
Maclean, 2021), high levels of endemism and rare species (Ohlemiller et al.,
2008). Turkiye does not seem prepared for this challenge, ranking 178" out of 180
countries in the ‘Biodiversity & Habitat’ category of the Environmental
Performance Index (Block et al., 2024). Biodiversity in Anatolia appears to be not
only underprotected but underexplored as well. Spatial approaches are particularly
lacking in examining biodiversity patterns. Improved knowledge of Anatolia’s
biodiversity patterns can guide policymakers and enhance efforts to protect and

conserve its biodiversity.

Answers to the question what shapes biodiversity patterns are rather partial,
contextual, and complex. Many mechanisms contribute; spanning evolutionary,
ecological, and environmental processes. Among these, climate plays a prominent
role; whether through water-energy dynamics (Hawkins et al., 2003) or
environmental heterogeneity (Udy et al., 2021), it acts as a determinant of
biodiversity gradients. This study centers on climate to spatially assess biodiversity
patterns, which naturally couples the study to geographic axes. Topography is
frequently discussed in relation to biodiversity gradients, particularly at smaller
scales, where it is often associated with these gradients—and Anatolia, with its
complex topography, is relevant to such discussions. However, topography is
correlated with multiple different factors, including temperature and precipitation
gradients and environmental isolation. These correlations can lead to confusion
when attempting to understand causal mechanisms, and they can cause further
problems under extrapolative applications, such as future projections. Therefore, it

is as important as ever to ground statistical associations in causal models.

1.4 Scope and Aims of the Study

To the best of the author’s knowledge, comprehensive broad-scale spatial
biodiversity assessments of Anatolia remain absent in the current scientific
literature. Consequently, an exploration of spatial biodiversity patterns to fill this
apparent gap has been the first and foremost motivation of this study. This
exploratory work was implemented through SDMs based on climatic variables.
While a variety of factors influence species distributions, such as biotic interactions

and landcover, this study focused solely on the climatic component.



The scientific community assesses biodiversity along multiple axes, including
genetic, taxonomic, ecosystemic, and functional dimensions. This study’s concept
of biodiversity is limited to species richness, specifically that of amphibians, birds,
insects, mammals and plants, with occurrence data sourced from the Global

Biodiversity Information Facility (GBIF) (Figure 1.1).
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Figure 1.1: Occurrence records from GBIF grouped by taxa plotted as density
maps; a) amphibians, b) birds, ¢) insects, d) mammals, €) plants.

In the context of climate change, species distributions were projected to future time
periods under different climate scenarios, with the aim of assessing shifts in
biodiversity patterns associated with changing climatic conditions. These results
aim to provide high-resolution biodiversity maps that reveal both broad-scale and
fine-scale biodiversity patterns and guide better decision-making in conservation
and protection efforts.

Anatolia is a climatically complex region, making it a suitable candidate for
studying biodiversity-climate relations. An additional aim of this study is to
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explore the dynamics between climate and biodiversity, providing insights into the

climatic patterns that influence biodiversity gradients.

To summarize, this study aims: i) to explore the spatial biodiversity patterns of
Anatolia; ii) to assess potential biodiversity shifts under changing climatic
conditions; iii) to provide high-resolution maps describing biodiversity patterns to
inform conservation practices; and iv) to examine the relationship between climate

and biodiversity patterns.



2. METHODS

2.1 Study Area
The study area encompasses Anatolia, extending from 35.90°N to 42.03°N latitude
and from 25.90°E to 45.00°E longitude (Figure 2.1).

Study Area
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39°N-

38°N-

Figure 2.1: Map of the study area, Anatolia. Smaller map on the top right locates
the study area within the broader scale of Western Palearctic.

Anatolia is environmentally complex. It is topographically heterogeneous, with an
elevation gradient starting from sea level and going over 5,000 meters. Climatic
diversity is another factor that contributes to this complexity. Anatolia is a region
with a multitude of climates and microclimates. All this heterogeneity, richness,
and complexity endow Anatolia with diverse habitats and microhabitats, which in
turn promote biodiversity. Anatolia hosts multiple biodiversity hotspots which
makes it a compelling subject of ecological study.



2.2 Climate Data

Every living being has ranges of climatic conditions within which they survive,
grow and reproduce (Ecology: From individuals to ecosystems, 2020, p. 33),
(Begon & Townsend, 2020, Chapter 2). Ecologists have been using climate to
explain species’ distributions ever since the field has been established (Grinnell,
1917). It has been projected that Earth’s climate will change in the upcoming years
and the extent of this change will depend on the socioeconomic pathway
humankind will take (Calvin et al., 2023). Ecologic theory posits numerous and
complex ways for individual species to react to these climatic changes. One
striking prediction is that species’ distributions will change with climatic
conditions (Wiens et al., 2010). It is for these reasons, this study bases its

environmental predictors on climate.

Bioclimatic parameters were deemed more appropriate for the particular purposes
of the study. These are variables that are derived from temperature and
precipitation and have more precise biological meaning (Table 2.1). Bioclimatic
variables have been used widely in species distribution modeling (Dumlupinar et
al., 2023; Oeser et al., 2024).

Bioclimatic data were sourced from WorldClim 2 (Fick & Hijmans, 2017) as the
averages for the years 1970-2000 at 2.5 arc-minutes resolution. These are the data
used in the modeling procedure.

Two future time periods were chosen as 2041-2060 and 2081-2100, mainly due to
convention and data availability. As the mid-century and the end of century have
been popular periods for projections among climate scientists and ecologists.
Model outputs from the sixth phase of Coupled Model Intercomparison Project
(CMIP6) were the source for future bioclimatic data. Six models were chosen from
CMIP6 with the aim of representing different climate modeling approaches
(Boucher et al., 2018; Peano et al., 2020; Shiogama et al., 2019; Tang et al., 2019;
Volodin et al., 2019; von Storch et al., 2017). Among these modeling approaches
are earth system models which take an holistic outlook to modeling and include
many processes such as biogeochemical cycles, and global circulation models
which model how air moves through the atmosphere, focusing on the physics of

vortices. Mean averages of the outputs of these six models, again at 2.5 arc-minutes



resolution, were used as the final bioclimate product for species distribution
projections. This climate ensemble, as opposed to a single model outputs, was
preferred to remedy the uncertainty that comes from using model projections as

source for analysis (Palmer, 2022).

Table 2.1: Bioclimatic variables and their descriptions.

Variable Description

Biol Annual Mean Temperature
Mean Diurnal Range

Bio2 (Mean of monthly (max temp — min temp))
Bio3 Isothermality (BIO2/BIO7) (x100)

Bio4 Temperature Seasonality (standard deviation x100)
Bio5 Maximum Temperature of Warmest Month
Bio6 Minimum Temperature of Coldest Month
Bio7 Temperature Annual Range (BIO5-B106)
Bio8 Mean Temperature of Wettest Quarter

Bio9 Mean Temperature of Driest Quarter

Biol0 Mean Temperature of Warmest Quarter
Bioll Mean Temperature of Coldest Quarter
Biol2 Annual Precipitation

Biol3 Precipitation of Wettest Month

Biol4 Precipitation of Driest Month

Biol5 Precipitation Seasonality (Coefficient of Variation)
Biol6 Precipitation of Wettest Quarter

Biol7 Precipitation of Driest Quarter

Biol8 Precipitation of Warmest Quarter

Biol9 Precipitation of Coldest Quarter

Another type of uncertainty comes from the fact that future climatic conditions
depend on the socioeconomic output of human civilization. Because one can not
model human behavior, various shared socioeconomic pathways (SSPs) were
taken as different scenarios. These scenarios are SSP1-2.6, SSP2-4.5, SSP3-7.0
and SSP5-8.5 from the proposed pathways of IPCC (Calvin et al., 2023), ordered
from the least greenhouse gas emitting scenario to the most greenhouse gas
emitting scenario. By combining two future time periods with these four pathways,
8 different projections are produced. Including the predictions for contemporary

climatic conditions, this study generates 9 different distributions for each species.



2.3 Biodiversity Data

Species occurrences data were obtained from Global Biodiversity Information
Facility (GBIF). GBIF combines various datasets from different sources such as
expert designed surveys, museum specimens or citizen science observations. It is

an open access data repository available to all researchers.

To gather the biodiversity data for the study, species occurrences in the study area
were filtered to include presence-only observations that have coordinates and have
no geospatial issues (GBIF.org, 2024a, 2024b, 2024c, 2024d, 2024e). Taxonomic
grouping of the study were set to Plants (Plantae), Birds (Aves), Mammals
(Mammalia), Amphibians (Amphibia), and Insects (Insecta). Taxonomic
breakdown of the dataset for species and observations are given in Table 2.2. The
majority of the species had single or a few observations which are unfit for SDM
purposes.

Table 2.2: Number of species and observations in the data organized by taxa.

Taxa Species Observations
Amphibians 43 1,990
Birds 540 2,334,283
Insects 6,948 132,450
Mammals 287 4,159
Plants 7,671 147,657

While the data used in the study is an amalgamation of various datasets from
different surveying efforts, the majority of the data points come from citizen

science observations.

2.4 Data Preparation

In the context of SDMs, species occurrence data often reveal a particular set of
problems. These are spatial autocorrelation, sampling bias and lack of sufficient
observations (Aragjo et al., 2019; Segurado et al., 2006; Soley-Guardia et al.,
2024). This section reports the methods applied to reduce and remedy their effects

to model biases.
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2.4.1 Evaluating the sufficiency of sample sizes

The law of large numbers implies that, in a stochastic system, as sample size
increases, expected deviation from the true distribution decreases (Probability and
Measure, 2012, p. 5), (Billingsley, 2012, Chapter 1). Implication of this for species
distribution modeling is a notion of a sample size threshold below which the
deviation of modeled distribution from true distribution is unacceptably large for
the standards of scientific establishment. Determining of this threshold of
minimum required observations for SDMs has lead to lengthy discussions and
analyses (Collart & Guisan, 2023; Moudry et al., 2023; Santini et al., 2021;
Stockwell & Peterson, 2002; Thibaud et al., 2014; van Proosdij et al., 2016).
Taxonomically broad scope of this study requires a generally applicable threshold.
A weak consensus seems to be that a minimum of 30 observations is an appropriate
cutoff for SDMs (Habitat Suitability and Distribution Models, 2017, p. 116),
(Guisan et al., 2017, Chapter 7).

A cutoff of 30 is applied to the biodiversity data where species with less than 30
observations have been removed from the dataset. After this procedure, numbers
of species left by higher taxa were 22 for mammals, 410 for birds, 10 for

amphibians, 738 for plants and 575 for insects.

2.4.2 Spatial autocorrelation

Lack of sampling design in surveying efforts can lead to biases in species
occurrence records. One way this can cause problems for SDMs is spatial
autocorrelation. Spatial autocorrelation (SA) is when values of a variable are
spatially dependent on one another. SDMs with spatial autocorrelation will
perform poorer relative to ones without SA. SA is common in ecology; so, effects
and remedies of it have been discussed extensively (Dormann, 2007; Guélat &
Kéry, 2018; Segurado et al., 2006).

Occurrence data involved in this study is heavily weighted towards undesigned
sampling. Therefore, it is necessary to reduce the effects of SA to build accurate
models. One common way of addressing the issue of SA is spatial thinning of
occurrence records (Segurado et al., 2006). Spatial thinning is systematic removal
of occurrence records in a way that keeps a single record within a specified
distance. This thinning distance is usually decided based on expert knowledge

11



about the species or higher taxa that are the foci of their corresponding studies
(Gr, 2022; Oeser et al., 2024). Given that this study involves multiple higher level
taxa that are different from each other, deciding on a thinning distance for each
species is impractical. Therefore another approach is taken where appropriate
thinning distances are calculated for each species (Assis, 2020; Boavida et al.,
2016). For each species, their occurrence coordinates, with their corresponding
georeferenced bioclimatic values, were extracted using R package raster (Hijmans,
Etten, et al., 2023). Then, Euclidean distances between occurrence records have
been calculated using R package ecodist (Goslee & Urban, 2023). For each
bioclimatic variable and with 5 km increments up to 500 km, correlations of
bioclimatic values with geographic distances have been calculated using linear
models. These calculations resulted in minimum distances that did not have
statistically significant autocorrelation® for each variable. Mean averages of these
19 distances were taken as thinning distance and species occurrence records were
thinned using R package spThin (Aiello-Lammens et al., 2019). This process is

repeated for each species.

2.4.3 Pseudo-absences

When building SDMs from presence-only occurrence data, many modeling
approaches require there to be pseudo-absences included with species presence
records (Barbet-Massin et al., 2012). These are intended to take the role of records
of locations where species are absent. Pseudo-absences are sometimes called
background samples as well.

To generate pseudo-absences, random samples are taken from the whole study area
except the locations with species presence records (Barbet-Massin et al., 2012),
using the R package terra (Hijmans, Bivand, et al., 2024). Number of pseudo-
absences should be high enough to sample the whole range of environmental
conditions in the study area. Increasing the number of pseudo-absences seems to
improve model performances up to a point but also comes with increasing
computational burden (Valavi et al., 2022). Taking into account the bioclimatic
heterogeneity and complexity of Anatolia, a relatively large number of 30,000

pseudo-absences are sampled for each species in the dataset in order to cover the

! The threshold for statistical significance is set at 0.05.
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entire range of bioclimatic conditions in the study area. Large numbers of pseudo-
absences can cause class overlap problems in some SDM techniques such as
random forests which are a type of modeling algorithm this study implements in

its analyses. This problem is handled in section 2.5.3.

2.5 Model Building

Machine learning methods have been popular tools for building SDMs. They
perform well in modeling species’ relations to their environment and similar tasks.
In addition, they have become more accessible due to increasing availability of
computational resources, big data and educational resources. This study takes
advantage of machine learning methods in building SDMs.

Valavi et al. (2022) performed a multi-model comparison on SDM benchmarks.
Methods that performed the best were boosted regression trees, maxent and a
modified version of random forests. These three machine learning methods were
used in building the SDMs of the study. An ensemble approach is taken where
models built by different algorithms are combined in order to reduce the

uncertainty that can come from the outputs of a single model.

2.5.1 Predictor selection and multicollinearity

As elaborated before in section 2.2, bioclimatic variables are all different
derivations of precipitation and temperature. This makes it likely that they have
multicollinearity among each other. Multicollinearity is when multiple predictor
variables of a model have linear relations among themselves (Alin, 2010). It is a
problem that can cause all sorts of trouble such as unreliable predictor coefficients
or inaccurate predictions during extrapolations. Since the SDMs of the study are
needed to project onto future time periods, change in relations with time between
collinear predictors would bias the projections and result in inaccurate species
distributions for the future time periods. Therefore, it is made sure that the
predictors used in modeling have less than 0.7 Spearman correlation among

themselves (Dormann et al., 2013).

To determine which predictors explain the species occurrences the best, univariate
generalized additive models were fitted and bioclimatic variables were ranked

according to their Akaike Information Criterion (AIC) scores (Akaike, 1974). This
13



process is repeated for each species in the dataset. For each species, among the
combinations of predictors that do not have multicollinearity, the combinations
with the best AIC scores were selected to be the predictors for that particular

species using the R package mecofun (Zurell, 2020).

2.5.2 Maxent

Maxent stands for maximum entropy. It describes the states of a system with the
highest entropy which is often associated with disorder, randomness or uncertainty
in different fields. Edwin Jaynes appropriated this descriptive concept into a
statistical inference method called maximum-entropy inference (Jaynes, 1957a,
1957b). He postulated that the best approximation of a probability distribution that
one has incomplete information of, is the least biased one, conditional on the partial
information one has about the distribution. And this approximation is the

probability distribution that maximizes the entropy?.

Finding the maximum entropy distribution can be arduous mathematical work.
Fortunately, machine learning algorithms have been developed that are proven to
converge to maximum entropy probability distributions. Phillips et al. (2006)
adapted maximum-entropy inference to species distribution modeling with the
name Maxent. Maxent excels at SDMs with presence-only data (Elith et al., 2011)
and has been used extensively and successfully to model species’ distributions

(Gdr, 2022; Maduna et al., 2024).

First, data were partitioned into 75% training set and 25% test set. Before fitting
the models, hyperparameter tuning processes were put in place to determine the
optimal parameter settings for the best performing models. Using R packages
maxnet (S. Phillips, 2021) and enmSdmX (Smith, 2024), different models were
fitted with a range of regularization parameters and combinations of different
Maxent features. Regularization is essentially smoothing of the fitted curves; it
decreases the complexity of the model and increases its generalizability (Elith et
al., 2011). Maxent features are different ways of modeling relationships between
predictor and response variables. These are briefly; linear (I) models the means of

predictors, quadratic (q) models the variances of predictors, product (p) models the

2 The entropy being discussed here is Shannon entropy from Information theory (Shannon, 1948).
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interactions between predictors, threshold (t) models immediate responses below
or above some predictor thresholds and hinge (h) is a combination of t and | that
can use | features between different predictor thresholds (Elith et al., 2011; S. J.
Phillips et al., 2006; S. J. Phillips & Dudik, 2008). Among these different models,
the best one was selected according to their scores on the corrected Akaike
Information Criterion (AICc). AICc is a correction on AIC that penalizes
complexity more harshly at small sample sizes and as sample sizes increase AICc
gets closer to AIC (Burnham & Anderson, 2004). If the model passed the
evaluation criteria which is elaborated on section 2.6.1, then the model training
process was repeated with 100% of the data as training set. The resulting model
was picked as the final model. If the model failed the evaluation criteria, then it

was discarded.

2.5.3 Random forests

Random forests are ensembles of decision trees that bring many trees together to
model the relationship between response variable and predictors (Breiman, 2001).
One of the defining features of random forests is that they use a new subsample of
the data when building each tree (Breiman, 1996). Similarly, at every branch split,
only a random subsample of the available predictors is used. These features force
individual trees in random forests to be substantially different from each other.
Random forests are unlikely to overfit to training data as correlation between trees
are broken due to these features. Random forests can be built as categorical
classification trees or regression trees. Interpreting the response variable of this
study as species’ presences and absences categories or as Os and 1s for absences
and presences are both valid. For this study, Os and 1s are selected since regression
tends to perform better (Malley et al., 2012) and aligns more suitably with the

structure of the study.

Large number of pseudo-absences have been generated in this study due to the
reasons given in section 2.4.3. A common problem faced when building random
forest SDMs with high pseudo-absences is class overlap. Class overlap problem
shows itself when deep trees struggle separating presence and absence records with
very similar environmental values. It can have a major negative effect on model

performance (Valavi et al., 2022). Among the available remedies to this problem,
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this study went with the shallow tuning process (Valavi et al., 2021). Shallow-
tuned random forests (henceforth RF) allow presence and absence records with
similar environmental values to be branched together by reducing the depth of the

trees and performing broader splits.

Before starting the model building process, data were partitioned into 75% training
and 25% test set. To tune the tree depth, models with a range of different depths
have been fitted using R package ranger (Wright et al., 2023). These models had
tree numbers of 5000 and numbers of predictors to be sampled (mtry) as the square
root of total number of predictors. Models were then tested with a 5-fold cross
validation and ranked according to their areas under the receiver operating
characteristic curves (Konowalik & Nosol, 2021). The best scoring model was
tested against the initially separated test set. If the model passed the evaluation
criteria (section 2.6.1), the training process was repeated with 100% of the data as

training set. If it failed the criteria, the model was discarded.

2.5.4 Boosted regression trees

Boosted regression trees (BRT) combine multiple simple regression trees, utilizing
boosting techniques from machine learning (Schapire, 2003), to infer relationships
between variables in the data. For BRT, tree fitting is a stagewise process unlike
RF where tree fitting processes are in parallel and independent of each other. In
BRT models, each tree is dependent on the trees fitted prior to itself. BRT
iteratively fit trees on bootstrapped subsamples of data where each new tree
focuses on the unexplained variance by the former trees (Elith et al., 2008). This

iterative improvement of the model is done on a loss function by gradient descent.

In order to build a BRT model, a number of parameter values have to be decided,
such as number of trees (nt), learning rate (Ir) and tree complexity (tc). Number of
trees is the total number of trees at the end of the modeling phase and Ir is the
weight of each tree’s contribution to the model. It is preferable to have low Ir and
high nt, going down the loss function in smaller steps is often better (Elith et al.,
2008). Although, this comes with a computational cost. Tree complexity refers to
the number of branches meaning splits of the data. Heuristic at the root of BRT is
that many broad rules of thumb are better than few intricate, complex models.
That’s why BRT design principles dictate simple trees. So, the options considered
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are tc of 1 or 2. A tc of 2 allows interactions between predictors to be modeled at
the cost of increased complexity. Since it is reasonable to assume interactions
between bioclimatic parameters affecting species occurrences, a tc of 2 was used

throughout the study.

After data were partitioned into 75% training and 25% test set, hyperparameter
tuning phases have been processed to determine optimal nt at fixed low Ir.
Increasing number of trees at steps of 50 trees were iteratively fitted using R
package dismo (Hijmans, Phillips, et al., 2023). These models were trained and
tested on 10-fold cross validation folds. Number of trees that minimizes the
holdout deviance was set as optimal nt as higher nt would not have increased model
performances. Models with optimal parameters were evaluated against the
previously left-out test set. Those that passed the evaluation criteria (section 2.6.1)
were re-trained with 100% of data. Models that failed the evaluation criteria were

discarded.

2.6 Model Evaluation and Assessment of Uncertainty

2.6.1 Model performance criteria

Models fitted with optimal parameters were tested against previously separated test
sets and expected to perform above thresholds on two different evaluation criteria
(Araujo et al., 2019). These two criteria are true skill statistic (TSS) and area under
the receiver operating characteristic curve (AUC) as they seem to perform well in
a wide variety of settings with presence-only data (Konowalik & Nosol, 2021).
TSS is calculated by subtracting 1 from the sum of sensitivity and specificity
(Allouche et al., 2006). Sensitivity refers to the probability that a model will
correctly predict a presence. It is the number of true positives divided by the sum
of true positives and false negatives. Inversely, specificity refers to the probability
that the model will correctly predict an absence. So, it is the number of true
negatives divided by the sum of true negatives and false positives (Fielding & Bell,
1997). All three modeling techniques of the study output probabilistic predictions.
In order to evaluate model performance using TSS, conversion of model outputs
to binary predictions of presence and absence was required. Using a threshold that

maximizes sum of sensitivity and specificity, all probabilistic predictions were
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converted to binary presence and absence predictions. This particular threshold
was chosen as it is one of the best performing ones (Liu et al., 2005). After the
conversions, TSSs of the models were calculated with R package mecofun (Zurell,
2020).

Unlike TSS, AUC is a threshold independent metric. All possible thresholds are
used to create a receiver operating characteristic (ROC) curve. ROC curve is
plotted on sensitivity at vertical axis and 1 — specificity on horizontal axis (Fielding
& Bell, 1997). A 45 degree straight line in this plot would be equivalent to random
predictions. Area under the ROC curve (AUC) is interpreted as the performance
score of models. AUCs of the study models were calculated using R package
mecofun (Zurell, 2020). Both AUC and TSS have been shown to be prevalence
independent metrics (Allouche et al., 2006). But these notions have been
challenged as well (Leroy et al., 2018). Although imperfect, they seem to be
popular choices within studies that use SDMs (Farashi et al., 2017; Gillespie et al.,
2024; Ke et al., 2024; Zurell et al., 2018). Models that performed both above 0.7
on AUC (Aradjo et al., 2005) and above 0.4 on TSS (Landis & Koch, 1977) were
kept, the rest were discarded.

2.6.2 Dealing with uncertainty

Projecting SDMs to future climatic scenarios involves going outside of training
data to new environmental conditions. Leaving domain of interpolation in to
extrapolation comes with all sorts of uncertainty that challenge projections and
their interpretability (Chevalier et al., 2024; Santini et al., 2021; Soley-Guardia et
al., 2024; Wolpert & Macready, 1997; Yates et al., 2018; Zurell et al., 2020).
Fortunately, there are ways to handle uncertainty and clarify the limitations it
imposes on projections. Following subsections are elaborations on the methods

applied to engage with uncertainty.

2.6.2.1 Ensemble modeling

Ensembles are integrations of different models or ranges of different conditions to
circumvent possible downfalls that might come about due to an unforeseen
idiosyncrasy of a single model or a single set of initial conditions. Ensemble

approach is particularly common in modeling of complex phenomena, especially
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if extrapolation is involved in corresponding study. A standard way to build an
ensemble of SDMs is combining outputs of different modeling methods. Although
recently, there have been more sophisticated ensemble efforts such as merging
SDMs with genomics (Barratt et al., 2024) or stacking SDMs and expert range
maps together (Oeser et al., 2024), the ensemble of this study is limited to
combining outputs of the models mentioned in section 2.5.

Study models Maxent, RF and BRT produce probabilistic predictions which are
difficult to interpret. In addition, one of the evaluation criteria TSS had been
calculated with binary present/absent predictions. Therefore, it would make sense
to use the type of predictions that the models have been evaluated on. For these
reasons, the probabilistic outputs of the models were converted into binary
present/absent predictions using the threshold from before (see section 2.6.1) that
maximizes the sum of specificity and sensitivity (Liu et al., 2005). Then, mean
averages of the binary predictions among models were calculated and taken as the
final outputs for analyses (Dormann et al., 2018). These model-averaged ensemble

predictions are referred to as committee averages hereafter.

2.6.2.2 Variation of agreement between models

Whether different models agree or disagree on predictions provide useful insights
on uncertainty of outputs. Agreement of models can vary with changing
environmental inputs that are used to produce predictions. To quantify this
variation of agreement between models, standard deviations among different
model predictions for each species were calculated for all environmental
conditions included in the different climate scenarios of the study (Habitat
Suitability and Distribution Models, 2017, p. 234), (Guisan et al., 2017, Chapter
14). Species’ standard deviations were combined by higher taxa for each climate
scenario. The results for different climate scenarios then combined together to
broadly assess how agreement between models change with different bioclimatic
conditions for each higher taxa.

m
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Equation 2.1 demonstrates the process where a;; is the standard deviations matrix
of species i for the climate scenario j. Since this analysis is grouped by higher taxa,
n refers to the set of species in a particular higher taxa and m is the set of different
climate scenarios. After the calculations, the results were mapped for the study
area by each taxa using R packages ggplot2 (Wickham et al., 2024) and tidyterra
(Hernangbmez et al., 2024) to assess the geographical distribution of model

agreements.

2.6.2.3 Novel environments

Novel environments are environmental conditions that are not included in model
training data but are realized in data used for projections. For the case in this study,
projection data consist of the 8 future bioclimatic scenarios. Novel environments
are calculated with multivariate environmental similarity surfaces (MESS) method
(Elith et al., 2010) using R package predicts (Hijmans, Phillips, et al., 2024). Model
outputs projected to these environments should be interpreted with extra care.
Because models extrapolate out of the dataset in those environments and this may
bring about an additional layer of uncertainty to the projections.

Since every species’ training data possess different sets of bioclimatic predictors
that best explain the corresponding species’ occurrences, an overall assessment of
novel environments that is valid for every species is not a straightforward act. An
approach was taken where each species’ novel environments were combined by
taxa for every climate scenario. The process is given in equation 2.2 where E; is
the novel environments matrix for ith species and n is the set of species in the

higher taxa.

E; (2.2)

n
=1
This process was repeated for each taxon and each climate scenario. The results

were plotted using R package ggplot2 (Wickham et al., 2024).

2.7 Biodiversity Metrics
Biodiversity is an equivocal term in natural sciences. It can be used to refer to

different concepts such as taxonomic diversity, phylogenetic diversity, functional
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diversity or ecosystemic diversity. In this study, species richness is taken as the
notion of biodiversity due to taxonomic perspective and data structure of the study.
Henceforward, biodiversity refers to species richness unless otherwise is stated.
Following subsections articulate the methods used to quantify biodiversity in order

to assess biodiversity patterns in changing climate.

2.7.1 Total species richness
For each species, predictions were made over the study area using SDMs. Then
this process was repeated for each climate scenario. Grouped by higher taxa and
separately grouped by each climate scenario, committee average predictions
(section 2.6.2.1) were summed over for each geographic cell in the study area. This
way, the total species richness of specific geographic cells was attained.

- (2.3)

Equation 2.3 outlines the process where P; is the matrix of committee average
predictions for the ith species within the set of species n, representing a particular
higher taxon. Total species richness was divided by n to account for the different
numbers of species each taxon has in the dataset. The process in equation 2.3 was
repeated for every higher taxon and every climate scenario. These calculations
resulted in geographic distributions of species richness which are then plotted
using R package ggplot2 (Wickham et al., 2024). The consequent maps exhibit the
relative biodiversity of different regions.

2.7.2 Difference in total species richness

The methods in section 2.7.1 resulted in biodiversity values for both the baseline
climate period 1970-2000 and the different future climate scenarios for every taxa.
This brings about the possibility of assessing changes in biodiversity patterns with
changing climate. In order to realize this possibility, the biodiversity matrices of
1970-2000 climate were subtracted from the biodiversity matrices of each future
climate scenario one by one.

is1 P Xt wP
n n

(2.4)
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Equation 2.4 clarifies the process where (P; is the matrix of committee average
predictions of the ith species within the set of species n representing higher taxa
for the future climate scenario, and likewise , P; is the matrix of committee average
predictions of the ith species within the set of species n representing higher taxa
for the baseline climate scenario of 1970-2000. For each taxa, baseline predictions
were subtracted from each of the future climate predictions one by one. Resulting
matrices were mapped over the study area. These difference maps indicate the

future changes in biodiversity from the baseline climate of 1970-2000.

2.8 Ecological Cohabitation Analyses

Modeling the distributions of hundreds of species from diverse higher taxa unlocks
possibilities for gaining insights into ecological communities. To explore these
possibilities, an approach of pairwise niche similarity assessments were taken.
Pairs of insects/plants and birds/plants were selected due to relatively higher
potential community relations such as forming trophic levels or pollination
interactions (Galiana et al., 2024). For each bird and insect species, pairwise niche
similarities with each plant species were calculated one by one using Warren’s I
statistic (Warren et al., 2008). | statistic calculates the differences between each
prediction for two species using Hellinger distances and combines these
differences into a single statistic ranging between 0 and 1 where 1 means identical

distributions; 0 means no overlap.

It is not clear at what level of niche similarity or range overlap it becomes valid to
infer that two species cohabitate. Therefore, multiple thresholds were used while
cohabitation analyses were being conducted. For each bird and insect species, the
number of plant species with which they have an | statistic above 0.66 and 0.33
were calculated separately. In addition, mean averages of their | statistics above
the two thresholds are calculated as well. Although overlaps in geographical range
or environmental space do not imply biotic interactions or community formation,
they highlight species that coexist with the highest and lowest number of other
species. These numbers, in turn, create a particular gradient from generalist to

specialist species.
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2.9 The Climatic Perspective on Biodiversity

Biodiversity maps from Section 2.7.1 facilitated the exploration of bioclimatic
conditions that govern high-biodiversity areas. Biodiversity matrices from the
baseline period (1970-2000) were filtered to isolate high-biodiversity quantiles,
grouped by taxon. Rather than a single threshold, multiple cut-offs were applied,
corresponding to top 5%, 10%, and 20% of the biodiversity metric® (Lu & Jetz,
2023). The bioclimate corresponding to these high-biodiversity intervals were then
extracted and summary statistics were produced for each bioclimatic parameter
grouped by taxa and intervals. Then the distributions of each bioclimatic parameter
were plotted comparing the different taxa and different biodiversity thresholds,
using R package ggridges (Wilke, 2024). All statistical analyses were conducted
on R programming language version 4.3.1 (R Core Team, 2023) unless otherwise

is stated.

3 Due to the low sample size of mammals, top 3%, 10%, and 20% cut-offs were used, in order to
differentiate the high-biodiversity intervals of mammals.
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3. RESULTS

After applying the filters from the section 2.4 and discarding the models that failed
the evaluation criteria (section 2.6.1), a total number of 519 species left in the study
for further analyses. Taxonomic breakdown of the remaining species is given in
table 3.1, and the full species list is given in table E.1 of Appendix E.

Table 3.1: The final number of species left after data processes and modeling,
organized by taxa.

Taxa Species
Amphibians 5
Birds 118
Insects 126
Mammals 5
Plants 265

3.1 Biodiversity Patterns of Anatolia in a Changing Climate

3.1.1 Maps

3.1.1.1 Amphibians

For amphibians, the coasts appear as high-biodiversity areas (Figure 3.1),
encompassing the Mediterranean, Aegean, Marmara, and to a lesser extent Black
Sea regions. Inland transitions generally correspond to reduced biodiversity,
although high biodiversity persists further inland for the Aegean region. Pockets
of high biodiversity also occur around water bodies such as lakes and river basins.
In addition, certain high-elevation forest covers exhibit increased biodiversity due
to the presence of Rana macrocnemis, a species with contrasting bioclimatic
preferences to other amphibians in the dataset. Given the limited number of species
in the amphibian dataset, individual species’ effects on biodiversity patterns can

be more distinguishable.
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Figure 3.1: Amphibian biodiversity of Anatolia according to SDMs based on
1970-2000 bioclimate.

Biodiversity projections under future climate scenarios indicate a general
biodiversity shift toward the north and northeast (Figures A.la through A.1lh).
Certain patches in the coastal regions of Mediterranean and Aegean exhibit
reduced biodiversity. These reductions expand under increasing radiative forcing
in different Shared Socioeconomic Pathways (SSPs) and over successive time
periods. Similarly, the increases in biodiversity expand under SSPs with higher

radiative forcing and over successive time periods.

To visualize the change in biodiversity, difference maps (section 2.7.2) are
presented in Figures 3.2a through 3.2h. Increases in biodiversity, along with
expansions of areas with high biodiversity are evident in the coastal Black Sea
region. This pattern consistently expands and intensifies under higher radiative
forcing with successive time periods. The region around the city of Ordu is where
the increase in biodiversity is the largest in terms of area. The pockets of high
biodiversity around water bodies and high-elevation forest covers that were
previously discussed show declining biodiversity. In their stead, patches of
increased biodiversity emerge further inland in Aegean region and in southeastern
Marmara region. For high radiative forcing scenarios in 2081-2100 periods, the
Coruh River basin and region around Lake Van exhibit significant increases in
amphibian biodiversity (Figures 3.2g, 3.2h). For Thrace, patches in the northern
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end, off the coast of Igneada show increased biodiversity for high radiative forcing
SSPs. Conversely, areas around Lake Gala exhibit reduced biodiversity for high

radiative forcing SSPs.
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Figure 3.2: Change in amphibian biodiversity patterns under different future
climate scenarios according to SDMs; a) SSP1-2.6 for 2041-2060 period, b)
SSP2-4.5 for 2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5
for 2041-2060 period, e) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-
2100 period, g) SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100
period.

3.1.1.2 Birds

Bird biodiversity is positively associated with water bodies such as lakes, river
basins, and streams (Figure 3.3). Coastal areas of the Mediterranean, Aegean,
Marmara, and Black Sea regions again exhibit high biodiversity. Where steep

elevation gradients occur, high biodiversity sharply declines at higher elevations.
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Figure 3.3: Bird biodiversity of Anatolia according to SDMs based on 1970-
2000 bioclimate.

The projections under future climate scenarios generally display high bird
biodiversity for the northern coastal areas (Figures A.2a through A.2h). While
complex patterns occasionally do emerge among different future scenarios, the
biodiversity trends generally align with successive SSPs and time periods. The
apparent broad pattern of change from the difference maps is that of a shift in
biodiversity from the south and southwest to the north and northeast (Figures 3.4a
through 3.4h). The Black Sea region exhibits significant increases in biodiversity,
which expand and intensify under higher radiative forcing SSPs and over
successive time periods. However, certain areas within the Black Sea region, such
as the Bafra plain and the Sinop peninsula, do not display biodiversity increases
and remain neutral. The Cukurova Delta consistently shows reductions in
biodiversity across all SSPs and time periods. Similarly, avian biodiversity
decreases in the Mediterranean and Aegean coastal regions, as well as in river
basins. In contrast to the biodiversity reductions observed in the Mediterranean,
Aegean and Marmara regions, high-elevation areas and forest covers emerge as
refuges, exhibiting higher biodiversity values that increase with successive SSPs.
This biodiversity pattern is exemplified in a portion of Aegean region, including
the Boz and Aydin mountains and parts of the Menderes Rivers basins, where
biodiversity changes are projected under successive SSPs for the end of the century

(Figure 3.5). Although avian biodiversity generally increases across the Taurus
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Mountains, the highest peaks of Tauruses remain neutral in biodiversity, even
under the highest-radiative-forcing SSPs.
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Figure 3.4: Change in avian biodiversity patterns under different future climate
scenarios according to SDMs; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for
2041-2060 period, c) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060

period, ) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g)

SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.

Water bodies and change in biodiversity appear to have complex relationships.
While Lake Van exhibits substantial increases, Lakes Beysehir, Egirdir, and
Kovada are mostly neutral in biodiversity change. Moreover, Lakes Ulubat and
Iznik show reductions in biodiversity in higher radiative forcing SSPs. In addition,
certain high-biodiversity refuges emerge in locations close in distance to Lake
Ulubat such as Thlamur Forests and Kapidag Peninsula. The Marmara region
encompasses several relatively high-elevation forested areas that show increasing
biodiversity. The northern Euphrates basin, a relatively high-biodiversity area

under baseline bioclimatic conditions, contracts and eventually disappears as a
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high-biodiversity pocket under SSPs with increasing radiative forcing by the end
of the century (Figures A.2e, A.2f, A.2g, A.2h).

38.6°N

38.4°N ;
38.2°N '-‘ .
38.0°N

37.8°N- - YW .-‘

' '
27.5°E 28.0°E 28.5°E 27 5°E 28.0°E 28.5°E 27.5°E 28.0°E 28.5°E 275k 28.0°E 28.5°E

Biodiversity _

0.2 0.4 06
Elevaticn . -

400 800 1200 1600

27.5°E 28.0°E

Figure 3.5: Change in avian biodiversity patterns and elevation map for the
region of the Boz and Aydin Mountains and parts of Menderes Rivers system
basin under different future climate scenarios for the 2081-2100 time period; a)
SSP1-2.6, b) SSP2-4.5, ¢) SSP3-7.0, d) SSP5-8.5, €) Elevation map of the area in
meters at 2.5 arc-minute resolution (Fick & Hijmans, 2017).

3.1.1.3 Insects

Insect biodiversity displays a broader distribution relative to the other taxa in the
study (Figure 3.6). The southern coastal areas exhibit the highest levels of
biodiversity, with the Aegean and Marmara regions following at noticeably lower
levels than the south. In the Aegean region, biodiversity gradually decreases
moving inland, with a sharp decline upon reaching inner Anatolia. This sharp
decline appears to be delineated by several mountains and hills. With the exception
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of the southeast and inner Anatolia which exhibit low levels of biodiversity, a large
portion of the study area displays medium levels of biodiversity. Pockets of high
biodiversity occur throughout the study area, often corresponding to forest covers,

water bodies, and high elevation areas.
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Figure 3.6: Insect biodiversity of Anatolia according to SDMs based on 1970-
2000 bioclimate.

The projections under future climate scenarios present a general shift of
biodiversity from the south to the north (Figures A.3a through A.3h). Beyond the

northern shift, broad patterns of biodiversity distributions remain relatively stable.
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Figure 3.7: Change in insect biodiversity patterns under different future climate
scenarios according to SDMs; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for
2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060

period, ) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g)

SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.

The northern Black Sea region displays biodiversity increases which intensify and
expand under higher-radiative-forcing SSPs and over successive time periods
(Figures 3.7a through 3.7h). The Marmara region, extending into the northern
Aegean, also exhibits increased biodiversity, particularly in high-elevation areas
and forest covers. Outside of the Marmara and Black Sea regions, large portions
of Anatolia show reductions in biodiversity. Amid these widespread reductions
across the study area, certain pockets act as biodiversity refuges. These refuges are
generally associated with high-elevation areas, forest covers, and water bodies.
The relationships between these refuges and biodiversity patterns can be complex.
The Taurus Mountains, in part, exhibit biodiversity increases under lower-forcing
SSPs but these gains contract to smaller areas under higher-forcing SSPs. A similar

biodiversity pattern emerges around Lake Beysehir, where the initial biodiversity
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increases are not only lost but shift to reductions under the highest-forcing SSPs.
In contrast, Lake Van retains its biodiversity increases and even gains further with
successive SSPs. Pockets of high biodiversity within inner Anatolia gradually
contract and vanish under higher-forcing SSPs by the end of the century (Figures
A.3e through A.3h). In a similar fashion, Eastern Anatolia gradually decreases in
biodiversity under successive SSPs. High mountains are generally able to retain
their biodiversity levels, though these areas contract toward the peaks under

higher-forcing SSPs.

3.1.1.4 Mammals

While mammal biodiversity is high in coastal areas, particularly along the
Mediterranean, Aegean and Marmara regions, the highest levels of biodiversity are
generally located slightly inland in forested areas at low to medium elevations, but
not at high elevations (Figure 3.8). Biodiversity gradually drops moving further
inland to inner Anatolia and it is the lowest in the southeast. Inland Anatolia
contains fragmented pockets of relatively high biodiversity, often associated with

forest covers and river basins.
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Figure 3.8: Mammal biodiversity of Anatolia according to SDMs based on 1970-
2000 bioclimate.

Biodiversity distributions under future climate scenarios exhibit expansions of

high biodiversity areas in the Black Sea region, along with contractions in the
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Aegean and Mediterranean (Figures A.4a through A.4h). These patterns expand
and intensify over successive SSPs and time periods; particularly in the Aegean

and Mediterranean, and, to a lesser extent, in the Black Sea regions.
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Figure 3.9: Change in mammal biodiversity patterns under different future
climate scenarios according to SDMs; a) SSP1-2.6 for 2041-2060 period, b)
SSP2-4.5 for 2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5
for 2041-2060 period, e) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-
2100 period, g) SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100
period.

Difference maps reveal biodiversity reductions in the areas previously identified
as high-biodiversity zones within the Aegean and Mediterranean regions (Figures
3.9a through 3.9h). Complementarily, biodiversity increases occur in higher-
elevation forest covers and plateaus, extending toward the Tauruses in the
Mediterranean and further inland to the east in the Aegean. In the highest radiative-
forcing climate scenarios, most of these biodiversity increases vanish, besides a
few small pockets in the Tauruses, Kaz Mountains, and the forested areas in the

northeastern Aegean near Kitahya (Figures 3.9g, 3.9h). The Black Sea region
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mostly exhibits biodiversity increases, along with decreases in a few patches.
Goruh River basin shows the largest increase in biodiversity. Thrace splits into
two; the northern part with increases and the southern with decreases. Under the
highest forcing SSPs, biodiversity decreases expand into the northern Thrace,
leaving only small patches with biodiversity increases. Lake Van consistently
displays increases, while pockets of increased biodiversity within the inner
Anatolia gradually contract and vanish under SSPs with increasing forcings. One
exception to this pattern is an environmentally complex area near Yozgat which
displays increased biodiversity even under the SSP 5-8.5 for the 2081-2100 period
(Figure 3.9h).

3.1.1.5 Plants

For plants, the coastal areas exhibit the highest levels of biodiversity, which
gradually decline as one moves inland (Figure 3.10). In the Aegean region,
however, high biodiversity extends further inland compared to the other regions.
Along elevation gradients, biodiversity decreases with increasing altitude.
Additionally, biodiversity demonstrates a positive association with water bodies
such as river basins and lakes. Eastern Anatolia and the southeast display the

lowest levels of biodiversity.
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Figure 3.10: Plant biodiversity of Anatolia according to SDMs based on 1970-
2000 bioclimate.

35

Bio-
diversity

o 0.4

0.2



42°N -
41°N -
40°N -
39°N -
38°N -
37°N -
36°N - a e

42°N -
41°N -
40°N -
39°N-
38°N -
37°N -

36°N - b f
42°N -
41°N -
40°N -
39°N -
38°N-
37°N-
36°N - C g
42°N - o
if,
41N -
40°N -
39°N -
38°N -
37°N- 3
36°N - d h
25°E 30°E 35°E 40°E 45°E 25°E 30°E 35°E 40°E 45°E

Figure 3.11: Change in plant biodiversity patterns under different future climate
scenarios according to SDMs; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for
2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060
period, ) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g)
SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.

Under future climate scenarios, plant biodiversity shifts toward the north and
northeast, away from the south and southwest (Figures A.5a through A.5h). From
another perspective, biodiversity transitions from lower to higher elevations. These
trends generally expand and intensify under successive SSPs and across successive

time periods.

The Black Sea region exhibits the highest biodiversity increases (Figures 3.11a
through 3.11h). Significant biodiversity reductions appear along the coastal areas,
deltas, and river basins of the Mediterranean and Aegean regions.
Complementarily, plant biodiversity increases in higher-elevation areas, as one
moves inland in the Mediterranean and Aegean regions. The Taurus Mountains

display biodiversity increases, except at the highest peaks where biodiversity
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slightly decreases. Similarly for the Aegean region, high-elevation areas show
increased biodiversity such as the Aydin Mountains, Boz Mountains, and Mount
Kaz. Additionally, the northeastern portion of the Aegean region exhibits
widespread biodiversity increases across SSPs. Inner Anatolia also shows
biodiversity increases, though these gains contract and become concentrated
around refuges such as Lake Tuz and higher-elevation areas and plateaus around
the Kizilirmak Basin under higher-radiative-forcing SSPs. Northeastern Anatolia
generally displays biodiversity increases, except in the highest elevation areas,
which mostly remain neutral. In contrast, southeastern Anatolia displays
biodiversity reductions throughout, except for Mount Karaca where biodiversity
increases. For the 2081-2100 time period, the northern part of the Euphrates-Tigris
Rivers Basin exhibits biodiversity reductions, which expand under successive
SSPs. Lake Van consistently displays significant biodiversity increases. Plant
biodiversity increases in northern Thrace across future climate scenarios.
Conversely, biodiversity remains mostly neutral in southern Thrace, except for the

highest-forcing SSPs, where southern Thrace exhibits biodiversity reductions.

3.1.2 Uncertainty

The maps of novel environments are provided in Figures B.1 through B.5 of
Appendix B. The southeast emerges as the region hosting novel environmental
conditions on the largest scale. These areas of novel environments expand under
successive SSPs and over successive time periods. Agri hosts novel bioclimatic
conditions that expand in area under successive climate scenarios. Under the
highest-forcing SSPs, the Aras and Kura River Basins in the northeast become
home to novel climatic conditions. Similarly, novel environments emerge in the
southwest of the study area under the highest-forcing SSPs, with additional

occurrences in the southern regions around Antalya and the Cukurova Delta.
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Figure 3.12: Sum of standard deviations among the model predictions divided by
the number of species in the taxa grouped by taxa; a) Amphibians, b) Birds, c)
Insects, d) Plants.

Generally, variations among models are highest in environmentally complex areas
such as the coastal regions and areas near water bodies (Figure 3.12). The same
cannot be said about elevation gradients, as higher-elevation areas mostly exhibit
low variations. Amphibians models follow these general variation patterns (Figure
3.12a). For birds, the northern regions, The Black Sea and Marmara exhibit the
highest variations (Figure 3.12b). In contrast, Insects models display higher
variations in the southern and western coastal areas (Figure 3.12c). For plants,
variations are high across all coastal areas. Additionally, the high variations among
plants models extend further inland in the Aegean region (Figure 3.12d). Due to
the limited number of models, variation maps could not be created for the
mammals. Changes in variations across different climate scenarios are given in
Appendix B (Figures B.6 through B.9). The variations remain mostly stable
throughout different scenarios. Although, there are tendencies for certain areas
near water bodies such as the Cukurova Delta and Euphrates-Tigris Basins to
decrease in variations under the highest-forcing SSPs. For Insects, the variations
increase in the northern Aegean and southern Marmara regions as the radiative
forcing of SSPs becomes stronger (Figures B.8e, B.8f, B.8g, B.8h). Conversely for
plants, the variations in the southern Aegean river basins decrease under the
highest-forcing SSPs (Figure B.9h).
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3.2 Bioclimate of Biodiversity

Annual mean temperature distributions in high-biodiversity areas exhibit
increasingly distinctive bimodal patterns as biodiversity quantiles rise (Figure
3.13). The more pronounced double peaks at higher biodiversity quantiles indicate
a possible association between temperature seasonality and Anatolian biodiversity.
For the highest biodiversity quantiles, birds and insects show higher peaks at
elevated temperatures, suggesting an association between higher temperatures and

biodiversity.
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Figure 3.13: Distributions of annual mean temperature (BIO1) in °C of high
biodiversity areas grouped by taxa. On the left, three letters represent the taxa and
the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.

Annual precipitation distributions shift toward the right as biodiversity quantiles
rise, indicating an association between higher precipitation and biodiversity
(Figure 3.14). A secondary, smaller peak emerges around 1000 mm of precipitation

with increasing biodiversity quantiles, across all taxa.
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Figure 3.14: Distributions of annual precipitation (B1012) in mm of high
biodiversity areas grouped by taxa. On the left, three letters represent the taxa and
the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.

Distributions of other bioclimatic variables are presented in Figures C.1 through
C.17 and their summary statistics in Tables C.1 through C.15 of Appendix C. The
distributions of temperature seasonality (BIO4; Figure C.3) generally decreases,
shifting toward the left as biodiversity quantiles rise. This, interpreted together
with annual temperature distributions (Figure 3.13), point to a picture of high
biodiversity conditions in which multiple climates, with low intraclimatic
temperature variations, occur. Jetz et al. (2004) found similar patterns for avian
diversity. In contrast to temperature seasonality, precipitation seasonality increases

as biodiversity quantiles rise (Figure C.13).

3.3 Niche Similarities of Cohabitating Species

Among the bird-plant pairs, Curruca cantillans (Subalpine Warbler) tops the niche
similarity list, scoring over 0.66 in | statistic with 145 different plant species (Table
D.1). The Warbler’s average | statistic with these 145 plant species is 0.80,
indicating a high level of bioclimatic niche similarity. Curruca cantillans has a
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wide range across the Western Palearctic and predominantly prefers the western

and southern coastal regions of Anatolia (Figure 3.15).
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Figure 3.15: The distribution of Curruca cantillans (Subalpine Warbler),
according to SDMs based on 1970-2000 bioclimate.

When a Warren’s I threshold of 0.33 is considered instead of 0.66, Emberiza cirlus
(Cirl Bunting) and Dendrocoptes medius (Middle Spotted Woodpecker) share the
top spot in bird-plant pairs list with 247 plant species each. The mean averages of
| statistics with these 247 species is 0.62 for the Bunting and 0.61 for the
Woodpecker.

The niche similarity list features Carpocoris mediterraneus (Red Shield Bug) at
the top for the insect-plant pairs (Table D.2). Red Shield Bug shares similar
bioclimatic niches with 147 different plant species, scoring above 0.66 in | statistic
with each of them. Average | statistic for these 147 pairs is 0.79. The Red Shield
Bug is a polyphagous vegetarian, capable of feeding on a variety of plant species
(Kogakoglu & Candan, 2023). For the 0.33 threshold, Calopteryx virgo (Beautiful
demoiselle) is at the top of the niche similarity list, scoring above 0.33 | statistic
with 247 different plant species. Average | statistic, for the 247 pairs, is 0.60. The
full niche similarity tables for both bird-plant and insect plant pairs are given in

Appendix D.

41






4. DISCUSSION

4.1 Anatolian Biodiversity

This study utilized SDMs to analyze and evaluate biodiversity patterns in Anatolia
from a bioclimatic perspective. The results revealed the spatial distributions of
biodiversity across different timeframes and potential climate scenarios, while also
providing insights into biodiversity patterns from an environmental perspective.
The findings displayed general patterns of high biodiversity concentrated along the
coastal regions, with considerable deviations among different taxa (Figures 3.1,
3.3, 3.6, 3.8, 3.10). Among these, insects exhibited the greatest deviation,
displaying significant biodiversity across northeastern Anatolia (Figure 3.6).
Water bodies, forested areas, and elevation gradients consistently appeared among

the high-biodiversity patterns.

There is a notable lack of research adopting spatial or bioclimatic approaches to
the study of species richness in Anatolia. However, there have been previous
studies with similar scopes such as the designation of ‘important areas’ for specific
taxa such as birds and plants (Magnin & Yarar, 1997; Ozhatay et al., 2008). In
these studies, designation of important areas involves multiple criteria that extend
beyond biodiversity alone. Despite this conceptual difference, there is considerable
overlap between the high biodiversity areas identified in this study and the
important areas for both birds and plants. Nevertheless, discrepancies exist, such
as Yiksekova, which is deemed an important bird and plant area but does not
display particularly high species richness according to the results of this study. A
possible explanation for this disagreement is the use of different criteria such as
conservation status, species rarity, and threat levels, in the identification of
important areas. Another study, focusing on the species richness of forest-
dependent birds on a global scale (Buchanan et al., 2011), presents a biodiversity
pattern that shows notable similarities to the avian biodiversity patterns observed
in this study. However, the focus on the forest-dependent birds limits the extent of
comparability between the two studies. Many of the highest avian biodiversity

areas identified throughout the thesis, such as the Cukurova Delta—deemed one
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of the most ornithologically exciting places in Anatolia (The Birds of Turkey,
2008, p. 39), (Kirwan & Aydemir, 2008)—fall outside the scope of the latter study.
These conceptual mismatches further underscore the need for more spatial

biodiversity analyses with broader scopes.

The International Union for Conservation of Nature (IUCN) publishes distribution
maps for the taxa it evaluates for extinction threat. These are broad maps, created
with the intention to provide quick references for where the taxa occur. They are
also helpful for assessing species richness patterns. In this study, a combination of
IUCN maps, representing species richness (IUCN, 2024) were compared to the
biodiversity results generated here (Figure 4.1). The biodiversity map from this
study combines the results of amphibians, birds, insects, mammals and plants.

Whereas, the IJUCN dataset consists of amphibians, birds, mammals, and reptiles.
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Figure 4.1: Species richness biodiversity patterns of Anatolia according to a) the
SDMs for the taxa of amphibians, birds, insects, mammals, reptiles; and b) IUCN
maps for the taxa of amphibians, birds, mammals, reptiles. Note the differences
in the coordinate systems; WGS84 for this study, and Mollweide for IUCN.
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Figure 4.1 shows a broad alignment in biodiversity patterns between the two maps.
Both maps display high diversity in the southern coastal areas such as the
Cukurova Delta, and again display high diversity around the water bodies in the
southern Marmara region. Conversely, Inner Anatolia and the southeast exhibit
relatively low biodiversity on both maps. In addition, IUCN offers Area of Habitat
(AoH) maps which are created with refinements on the standard IJUCN maps using
habitat and elevation data. AoH maps are only available for the 2021 datasets of
birds and mammals (IUCN, 2021). Comparisons were made once more, this time
separately for birds and mammals, between the maps from this study and the IJUCN
AoH maps (Figure 4.2; Figure 4.3).
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Figure 4.2: Avian species richness patterns of Anatolia according to a) the SDMs
and b) the IUCN AoH maps. Note the differences in the coordinate systems;
WGS84 for this study, and Mollweide for IUCN.
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Figure 4.3: Mammal species richness patterns of Anatolia according to a) the
SDMs and b) the IUCN AoH maps. Note the differences in the coordinate
systems; WGS84 for this study, and Mollweide for IUCN.

For birds and mammals, the agreements between the maps are much less
pronounced. Possible explanations for these low alignments could be the migratory
dynamics of the taxa and the different modeling approaches adopted by the
methods which require different interpretations of the results. These issues are
further discussed in section 4.2.3. In addition, the low species count and sample

sizes for the mammalian dataset pose a handicap for this study.

4.2 Biodiversity Projections, Uncertainty and the Limitations

The biodiversity projections of the study displayed a general poleward shift,
consistent with established expectations (Parmesan et al., 1999; Parmesan & Yohe,
2003). Shifts in biodiversity patterns were particularly prominent around elevation
gradients. Altitudinal shifts are a common ecological response to temperature

warming and they have been well-documented in previous studies (Sekercioglu et
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al., 2008; Sun et al., 2021; Telwala et al., 2013). Water bodies and forested areas
also played significant roles in shaping the projected changes in biodiversity
patterns. Similarly, precipitation gradients which are strongly influenced by
topography, were closely associated with biodiversity patterns. Water-energy
dynamics have been studied previously as key predictors of species richness
patterns (Hawkins et al., 2003).

The reliability of SDMs in projecting climate change impacts has been extensively
questioned (Santini et al., 2021; Sinclair et al., 2010). Biological responses to
climatic changes can be complex and multifaceted; involving combinations of
spatial, physiological, phenological, or genetic adaptations (Bellard et al., 2012).
Although novel approaches have been proposed for integrating phenological or
genetic dimensions (Barratt et al., 2024; Zurell, Zimmermann, et al., 2024), SDMs
by themselves focus solely on the spatial extent of possible responses. There are
several factors that can cause problems for SDM projections; these problems are

discussed in the following subsections.

4.2.1 Temperature as a proximal predictor and the divergence between
statistical and causal models
SDMs should be based on proximal predictors or those with well-understood
surrogate relations to avoid unexpected biases and inaccuracies (Aradjo et al.,
2019). Temperature is one of the most frequently used predictors in ecological
climate change studies. The effects of temperature on species distributions and
biodiversity have several proposed explanations; two are explored here. First, as
the energy in the environment: temperatures can be either too hot or too cold for a
species to sustain necessary biological processes (Humboldt, 1850), which in turn
shapes biodiversity patterns (Menéndez et al., 2006). Second, as free energy for
plant productivity: as temperatures rise with increasing solar radiation in the
photosynthetic wavelengths, plant productivity increases, which in turn promotes
biodiversity (Hutchinson, 1959). Both mechanisms likely play roles in shaping
biodiversity patterns. However, the greenhouse effect—the primary driver of the
temperature increases—affects only radiation in infrared wavelengths. So, while
temperatures rise, plant productivity remains relatively stable, not taking into

account the minor positive effect of higher CO. concentrations in the atmosphere.
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This disparity creates a complex causal mechanism concerning temperature and
biodiversity (Figure 4.4), which most statistical models fail to account for. This
limitation could lead to inaccuracies in SDM projections, particularly for energy-

limited ecosystems such as those found in the Karadeniz region.

Greenhouse Effect

:

Infrared Photosynthetic
Radiation Radiation
Ambient Temperature Plant
Energy P Productivity
Biodiversity

Figure 4.4: Causal graph illustrating the proposed temperature-biodiversity
mechanism. Arrows represent one-way directional causal relations.

4.2.2 Niche truncation and Anatolia as the study extent

National borders might not represent the most appropriate spatial extent for
addressing certain research questions or focusing on specific taxa when building
SDM:s. If the species whose niche is being modeled continues to occur beyond the
borders of the study area—and the external area contains novel environmental
conditions not represented within the study area—then the resulting species’ niche
is truncated. This issue, known as niche truncation, is a common problem in SDMs
(Aragjo et al., 2019). A similar issue arises when unsampled areas within the study
borders contain novel environmental conditions where the taxon of interest occurs,
unbeknownst to the modeler. In such cases, the modeler is once again confronted
with a truncated niche. Niche truncation can lead to inaccurate projections because

full range of environmental tolerances are not included in model training.
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When a study centers around a region as opposed to a particular taxon, avoiding
niche truncation becomes highly unlikely. No matter how the extent is defined,
some species’ niches are likely to extend beyond the environmental conditions of
the study area. Anatolia is unique in this context, as it encompasses a wide range
of climatic conditions and is bordered by natural boundaries. Consequently, it is
reasonable to assume that Anatolia contains fairly large portions of the climatic
niches of most species it hosts. In addition, Anatolia is bordered by large seas
within its latitudinal range, throughout which climate changes more sharply.
Species inhabiting both sides of the sea may exhibit local climatic adaptations. In
such cases, modeling the full niche corresponds to an average of multiple local
niches, potentially leading to inaccuracies. Whereas, modeling the truncated niche
in those cases corresponds to the climatic niche of a particular population within
the species, which is arguably more meaningful in certain contexts such as studies
prioritizing regional biodiversity where colonization from outside the region is

discounted.

4.2.3 Further issues in species distribution modeling

Biodiversity data is a crucial component of species distribution modeling. This
study relied on the GBIF repository for species occurrence records, which include
numerous citizen science observations. Citizen science data is likely to contain
more errors than data collected through scientifically designed sampling. Another
issue associated with this type of data is biased sampling, which can occur
spatially, temporally, or along other axes. For example, ‘interesting’ species may
be sampled more frequently, while elusive species may be undersampled.
Remedies for spatial oversampling are discussed in the Methods section. While not
applicable to this study, methods for partially addressing spatial undersampling
have been proposed recently (Bracho-Estévanez et al., 2024). These advancements
are promising for improving the performance and broader applicability of SDMs.
Regarding temporal sampling biases, assuming milder weather conditions are
sampled more frequently, a weighted samples approach could help mitigate these
biases. However, determining appropriate weights presents its own challenges, and
many observations lack the necessary date information. Date information

introduces another consideration: taking tailored actions for specific taxa with
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migratory dynamics, such as filtering bird records to include only observations
from the breeding season, which could potentially enhance SDM performances.
Another consideration regarding occurrence record dates is that the climate data
used in the modeling corresponds to the 1970-2000 period (Fick & Hijmans, 2017),
whereas species observation dates may not align with this timeframe. While this
discrepancy may pose minimal issues in the early 21st century, it could become
more problematic later in the century as species increasingly fall out of equilibrium
with their niches due to the accelerated rate of climate change. Since SDMs
fundamentally assume that species are in equilibrium with their niches, this
misalignment could considerably impact model performances.

Another point of consideration is species’ dispersal limitations. This study did not
impose spatial constraints on species’ future distributions. It is unclear how to
determine the accurate distances given the immense dispersal variability within the
taxa. A common approach involves estimating an average dispersal distance per
unit time for a particular species and using this to calculate a buffer around the
current distribution based on the projected time frame (Guisan & Thuiller, 2005).
However, this approach is likely to underestimate species’ dispersal distances,
because dispersal patterns are better described by fat-tailed distributions
(Maximum Entropy and Ecology, 2011, p. 66), (Harte, 2011, Chapter 3). In these
types of distributions, probabilities of extreme values decay much more slowly and
statistics like mean averages become less meaningful (Statistical Consequences of
Fat Tails, 2022, p. 22), (Taleb, 2022, Chapter 3). Furthermore, selection bias can
lead to an underestimation of dispersal capability. For example, seeds that disperse
the furthest from the origin may fail to germinate because areas further away from
the origin are more likely to be environmentally unsuitable, meaning that these
long-distance dispersal events often go undetected, leading to an underestimation
of dispersal capability. More sophisticated methods for integrating dispersal into
SDMs using custom probability distributions exist (Engler et al., 2012), though
they require more detailed information about the taxa.

SDMs tend to perform better when modeling specialist species compared to
generalist species (Goedecke et al., 2020). This is because, with the same amount
of data, occurrence records of specialist species, confined to narrow environmental

conditions, carry a stronger signal, whereas those of generalist species are more
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prone to statistical noise. This imbalance can introduce bias into overall
biodiversity assessments, such as those conducted in this study. Nevertheless, the
assumption that generalist species, on average, have more occurrence records than
specialist species suggests that the impact of this bias may be less significant than

initially anticipated.

Missing predictors that determine species’ niches can negatively impact SDM
performances. Although this study may have omitted other important predictors
beyond climate, it is also unclear whether the full influence of climate on species
distributions has been incorporated into the modeling process. For instance,
climate change is expected to increase the frequency of extreme events such as
wildfires, hurricanes, droughts, and floods, all of which can notably affect species
distributions (Bellard et al., 2012). These types of events are difficult to fully
account for in SDMs because the climate data used in modeling mostly consists of
averages. While SDMs may indirectly capture some aspects of extreme events,

their full impacts are absent from projections.

One particular limitation of SDMs is their susceptibility to misinterpretation. It is
important to recognize that SDMs are built upon observations that would make up
the realized niche. However, species often do not fill their niches for many
different reasons, and in some cases, they may even occupy niches that extend
beyond their fundamental niches. An example of the latter is sink populations—
populations that persist in unsuitable environments by relying on immigration from
other populations that are within their fundamental niche to sustain their numbers.
While SDMs are trained on these realized niches, their outputs are not exactly the
extensions of those realized niches. Nor can it be said that they infer the
fundamental niches in their outputs. In the ecology community, SDMs are referred
to by various names, including ecological niche models, habitat suitability models,
climate envelopes, range maps, and spatial models (Elith & Leathwick, 2009).
Although all of these terms come close, none fully encapsulates the meaning of
SDM outputs. Because SDMs do not fully correspond to existing ecological terms,
their outputs should be interpreted with careful consideration of their capabilities

and limitations.
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4.3 Biodiversity Assessments in the Age of Global Change

Biodiversity is a multidimensional concept, conventionally assessed through three
components; genetic, species, and ecosystem diversity (Burgess et al., 2024).
SDMs provide only a narrow window into the problem of biological response to
environmental change, focusing only on a single species at a time. There appears
to be no privileged biological level upon which all aspects of the issue supervene.
That is why global change ecology should embrace diverse methodologies
(Enquist et al., 2024). Collaborative and integrative approaches represent
important paths forward. The emerging transdisciplinary field of macrogenetics is
a good example, combining genetics and ecology to analyze biodiversity for
conservation implications (Schmidt et al., 2023). Promising approaches also
leverage concepts from diverse disciplines, such as applying machine learning to
integrate incompatible models (Oeser et al., 2024) or using ecological niche theory
to spatially incorporate intraspecific variation for conservation purposes (Hanson
et al., 2020). Accounting for variation both within and among biological systems
is a recurring theme in contemporary scientific challenges. Hierarchical Bayesian
modeling may be an underutilized tool in such challenges, as it is inherently
capable of incorporating variation across multiple levels (Statistical Rethinking,
2020, p. 400), (McElreath, 2020, Chapter 13).

Conservation biology is confronted with major challenges of the Anthropocene
(Bellard et al., 2012). The results of this study suggest major asynchronous shifts
in species’ distributions, which could have important implications for
conservation. While ecosystems are known to be resilient to certain perturbations
(Holling, 1973), the response of ecosystems to interventions that alter the
compositions of ecological communities is much less understood. Communities as
wholes tracking niches together in sync is a naive assumption. The projections of
this study imply that most ecological communities or ecosystems will encounter
new species, lose existing species, or often experience both, to varying extents,
depending on different climate scenarios. This problem highlights the need for a
complementary approach to the traditional habitat conservation perspective. In
addition to identifying existing habitats and communities for conservation, it is
also necessary to determine environmental conditions that promote biodiversity as

a complementary environmental approach and incorporate these insights into
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conservation practices. The future of Earth’s biosphere is vast and filled with
uncertainties, emphasizing the importance of adopting diverse and comprehensive

conservation strategies.

This study utilized SDMs to assess biodiversity patterns in Anatolia under a
changing climate. SDMs, while not without their limitations, have been and
continue to be one of the most valuable tools in ecological studies. By emphasizing
the importance of spatial and environmental approaches to biodiversity
assessments, this study employed diverse tools to project changes in biodiversity
patterns across Anatolia, offering insights that could inform future conservation

efforts.
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Figure A.1: Amphibian biodiversity projections of Anatolia according to SDMs
based on future climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-
4.5 for 2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for
2041-2060 period, e) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100
period, g) SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure A.2: Bird biodiversity projections of Anatolia according to SDMs based
on future climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for
2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060
period, ) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g)
SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure A.3: Insect biodiversity projections of Anatolia according to SDMs based
on future climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for
2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060
period, ) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g)
SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure A.4: Mammal biodiversity projections of Anatolia according to SDMs
based on future climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-
4.5 for 2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for
2041-2060 period, e) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100
period, g) SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure A.5: Plant biodiversity projections of Anatolia according to SDMs based
on future climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for
2041-2060 period, c) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060
period, ) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g)
SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure B.1: Novel environments for amphibians according to MESS based on
future climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for
2041-2060 period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060
period, ) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g)
SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure B.2: Novel environments for birds according to MESS based on future
climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for 2041-2060
period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060 period, €)
SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g) SSP3-7.0

for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure B.3: Novel environments for insects according to MESS based on future

climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for 2041-2060

period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060 period, €)

SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g) SSP3-7.0
for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure B.4: Novel environments for mammals according to MESS based on
future climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for
2041-2060 period, c) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060
period, e) SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g)
SSP3-7.0 for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure B.5: Novel environments for plants according to MESS based on future
climate scenarios; a) SSP1-2.6 for 2041-2060 period, b) SSP2-4.5 for 2041-2060
period, ¢) SSP3-7.0 for 2041-2060 period, d) SSP5-8.5 for 2041-2060 period, €)
SSP1-2.6 for 2081-2100 period, f) SSP2-4.5 for 2081-2100 period, g) SSP3-7.0

for 2081-2100 period, h) SSP5-8.5 for 2081-2100 period.
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Figure B.6: Sum of standard deviations among the amphibian model predictions
grouped by future climate scenarios and the baseline climate; a) SSP1-2.6 for
2041-2060 period, b) SSP2-4.5 for 2041-2060 period, ¢) SSP3-7.0 for 2041-2060
period, d) SSP5-8.5 for 2041-2060 period, €) SSP1-2.6 for 2081-2100 period, f)
SSP2-4.5 for 2081-2100 period, g) SSP3-7.0 for 2081-2100 period, h) SSP5-8.5
for 2081-2100 period, i) The historical bioclimate values for the 1970-2000
period.
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Figure B.7: Sum of standard deviations among the bird model predictions
grouped by future climate scenarios and the baseline climate; a) SSP1-2.6 for
2041-2060 period, b) SSP2-4.5 for 2041-2060 period, ¢) SSP3-7.0 for 2041-2060
period, d) SSP5-8.5 for 2041-2060 period, €) SSP1-2.6 for 2081-2100 period, f)
SSP2-4.5 for 2081-2100 period, g) SSP3-7.0 for 2081-2100 period, h) SSP5-8.5
for 2081-2100 period, i) The historical bioclimate values for the 1970-2000
period.
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Figure B.8: Sum of standard deviations among the insect model predictions
grouped by future climate scenarios and the baseline climate; a) SSP1-2.6 for
2041-2060 period, b) SSP2-4.5 for 2041-2060 period, ¢) SSP3-7.0 for 2041-2060
period, d) SSP5-8.5 for 2041-2060 period, €) SSP1-2.6 for 2081-2100 period, f)
SSP2-4.5 for 2081-2100 period, g) SSP3-7.0 for 2081-2100 period, h) SSP5-8.5
for 2081-2100 period, i) The historical bioclimate values for the 1970-2000
period.

82



42°N -
41°N-
40°N -
39°N -
38°N -
37°N-
36°N -

42°N-
41°N =
40°N -
39°N -
38°N -
37°N-
36°N -
42°N =
41°N -
40°N -
39°N -

Variations
Among
Model
Predictions

38°N - =
37°N-
36°N -

42°N-
41°N -
40°N -
39°N -
38°N -
37°N-
36°N -

42°N -

20

I10

Figure B.9: Sum of standard deviations among the plant model predictions
grouped by future climate scenarios and the baseline climate; a) SSP1-2.6 for
2041-2060 period, b) SSP2-4.5 for 2041-2060 period, ¢) SSP3-7.0 for 2041-2060
period, d) SSP5-8.5 for 2041-2060 period, €) SSP1-2.6 for 2081-2100 period, f)
SSP2-4.5 for 2081-2100 period, g) SSP3-7.0 for 2081-2100 period, h) SSP5-8.5
for 2081-2100 period, i) The historical bioclimate values for the 1970-2000
period.

83






APPENDIX C

Mean Diurnal Range (Mean of monthly (max temp - min temp)) - BIO2
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Figure C.1: Distributions of Mean Diurnal Ranges (BIO2) in °C of high
biodiversity areas grouped by taxa. On the left, three letters represent the taxa and
the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.



Isothermality (BIO2/BIO7) (x100) - BIO3
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Figure C.2: Distributions of Isothermalities (BIO3) of high biodiversity areas

grouped by taxa. On the left, three letters represent the taxa and the numbers

following them indicate the top 20%, 10%, and 5% of the biodiversity values,
corresponding to the (100 — number)th quantile.
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Figure C.3: Distributions of temperature seasonalities (B104) of high
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biodiversity areas grouped by taxa. On the left, three letters represent the taxa and

the numbers following them indicate the top 20%, 10%, and 5% of the

biodiversity values, corresponding to the (100 — number)th quantile.
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Figure C.4: Distributions of maximum temperatures of warmest months (BIO5)
in °C of high biodiversity areas grouped by taxa. On the left, three letters
represent the taxa and the numbers following them indicate the top 20%, 10%,
and 5% of the biodiversity values, corresponding to the (100 — number)th

quantile.
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Min Temperature of Coldest Month - BIO&
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Figure C.5: Distributions of minimum temperatures of coldest months (B106) in

°C of high biodiversity areas grouped by taxa. On the left, three letters represent

the taxa and the numbers following them indicate the top 20%, 10%, and 5% of
the biodiversity values, corresponding to the (100 — number)th quantile.
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Temperature Annual Range (BIO5-BIO6) - BIO7
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Figure C.6: Distributions of temperature annual range (BIO7) in °C of high
biodiversity areas grouped by taxa. On the left, three letters represent the taxa and
the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.



Mean Temperature of Wettest Quarter - BIO8
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Figure C.7: Distributions of mean temperatures of wettest quarters (B108) in °C

of high biodiversity areas grouped by taxa. On the left, three letters represent the

taxa and the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Mean Temperature of Driest Quarter - BIO9
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Figure C.8: Distributions of mean temperatures of driest quarters (BIO9) in °C

of high biodiversity areas grouped by taxa. On the left, three letters represent the

taxa and the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Figure C.9: Distributions of mean temperatures of warmest quarters (B1010) in
°C of high biodiversity areas grouped by taxa. On the left, three letters represent
the taxa and the numbers following them indicate the top 20%, 10%, and 5% of
the biodiversity values, corresponding to the (100 — number)th quantile.
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Figure C.10: Distributions of mean temperatures of coldest quarters (BIO11) in
°C of high biodiversity areas grouped by taxa. On the left, three letters represent
the taxa and the numbers following them indicate the top 20%, 10%, and 5% of
the biodiversity values, corresponding to the (100 — number)th quantile.
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Precipitation of Wettest Month - BIO13
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Figure C.11: Distributions of precipitation of wettest months (BIO13) in mm of
high biodiversity areas grouped by taxa. On the left, three letters represent the
taxa and the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Precipitation of Driest Month - BIO14
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Figure C.12: Distributions of precipitation of driest months (BIO14) in mm of
high biodiversity areas grouped by taxa. On the left, three letters represent the
taxa and the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Precipitation Seasonality (Coefficient of Variation) - BIO15
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Figure C.13: Distributions of precipitation seasonalities (BIO15) of high
biodiversity areas grouped by taxa. On the left, three letters represent the taxa and
the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Precipitation of Wettest Quarter - BIO16
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Figure C.14: Distributions of precipitation of wettest quarters (BIO16) in mm of
high biodiversity areas grouped by taxa. On the left, three letters represent the
taxa and the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Precipitation of Driest Quarter - BIO17
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Figure C.15: Distributions of precipitation of driest quarters (BIO17) in mm of
high biodiversity areas grouped by taxa. On the left, three letters represent the
taxa and the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Precipitation of Warmest Quarter - BIO18
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Figure C.16: Distributions of precipitation of warmest quarters (B1O18) in mm

of high biodiversity areas grouped by taxa. On the left, three letters represent the

taxa and the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Precipitation of Coldest Quarter - BIO19
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Figure C.17: Distributions of precipitation of coldest quarters (BIO19) in mm of
high biodiversity areas grouped by taxa. On the left, three letters represent the
taxa and the numbers following them indicate the top 20%, 10%, and 5% of the
biodiversity values, corresponding to the (100 — number)th quantile.
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Table C.1: Summary statistics of bioclimatic variables corresponding to the 95%
quantile of amphibian biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 9.340 13.828 15.921 15.805 18.146 20.010
bio2 3.308 7.813 8.579 8.642 9.589 12.373
bio3 21.483 31.587 33.339 33.661 35.640 43.391
bio4 457.649  626.012 654538 648.333  675.054  757.496
bio5 24.160 27.348 29.817 29.646 31.924 34.700
bio6 -3.668 2.240 3.920 4.082 5.840 11.700
bio7 15.300 24.428 25.712 25.564 26.900 30.728
bio8 1.222 7.933 9.083 9.270 10.872 14.450
bio9 11.134 21.695 24.133 23.493 25.927 28.135
biol0 17.299 21.828 24.161 23.881 25.983 28.256
bioll 1.222 6.139 8.182 8.214 10.489 14.067
biol2 480.000 651.000 711.000 745334  811.000 2,236.000
biol3 72.000 109.000  130.000  135.441  151.000  272.000
biol4 0.000 4.000 7.000 13.976 22.000 93.000
biol5 25.425 46.502 72.462 67.000 87.390 99.976
biol6 200.000 286.000 337.000 357.757  405.000  783.000
biol7 4.000 19.000 33.000 53.192 77.000  341.000
biol8 4.000 20.000 36.000 56.108 78.000  486.000
biol9 163.000 243.000 325.000 333.929 397.000 663.000
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Table C.2: Summary statistics of bioclimatic variables corresponding to the 90%
quantile of amphibian biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 1.774 13.212 14.084 14.762 16.610 20.010
bio2 3.308 8.640 10.019 9.902 11.262 13.866
bio3 21.483 33.129 35.655 35.367 37.754 43.391
bio4 457.649  655.813 686.051 682.497  718.404  810.591
bio5 22.532 27.878 30.002 29.968 32.179 36.828
bio6 -4.440 0.492 1911 2.149 3.655 11.700
bio7 15.300 25.859 27.956 27.819 30.100 34.500
bio8 -0.305 6.179 7.643 7.656 9.465 14.450
bio9 7.052 21.166 22.619 22.740 25.239 28.629
biol0 15.894 21.516 22.776 23.230 25.334 28.629
bioll -0.305 5.041 6.165 6.676 8.442 14.067
bio12 478.000 644.000 699.000 737.316  769.000 2,292.000
biol3 60.000 109.000 128.000  129.478  144.000  278.000
biol4 0.000 6.000 10.000 14.961 17.000  100.000
biol5 18.993 48.016 65.092 63.009 79.024 99.976
biol6 159.000 283.000 329.000 340.300  375.000  813.000
biol7 4.000 29.000 44.000 57.205 66.000  348.000
biol8 4.000 31.000 47.000 62.750 70.000  508.000
biol9 158.000 258.000 322.000 324908 370.000 677.000
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Table C.3: Summary statistics of bioclimatic variables corresponding to the 80%
quantile of amphibian biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 6.617 13.064 14.000 14.643 16.509 20.010
bio2 3.308 8.576 9.890 9.844 11.212 13.866
bio3 21.483 33.005 35.535 35.277 37.637 43.391
bio4 457.649  653.343 684.951 681.127  716.830 1,006.276
bio5 20.304 27.612 29.772 29.782 32.066 36.828
bio6 -8.820 0.348 1.800 2.054 3.540 11.700
bio7 15.300 25.772 27.780 27.728 30.028 40.696
bio8 -0.305 6.086 7.633 7.651 9.457 20.117
bio9 7.052 20.858 22.481 22.550 25.121 28.629
biol0 14.433 21.342 22.660 23.089 25.231 28.629
bioll -2.307 4.924 6.082 6.568 8.249 14.067
biol2 323.000 642.000 698.000 741503  771.000 2,292.00
biol3 56.000 107.000 127.000 128.373  144.000 278.000
biol4 0.000 7.000 11.000 16.072 18.000  100.000
biol5 18.993 44970 63.494 61.515 78.544 99.976
biol6 138.000  280.000 327.000 337.706 ~ 373.000  813.000
biol7 4.000 29.000 45.000 60.710 73.000  348.000
biol8 4.000 31.000 49.000 67.019 77.000  605.000
biol9 59.000 251.000 319.000 321.739 368.000 677.000
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Table C.4: Summary statistics of bioclimatic variables corresponding to the 95%
quantile of avian biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 12.668 14.159 16.847 16.513 18.568 20.010
bio2 3.383 7.464 8.399 8.419 9.402 11.381
bio3 21.970 31.092 33.039 33.304 35.410 41.359
bio4 457.733 618216  649.111 642.732  670.396  746.500
bio5 23.700 28.005 30.547 30.037 32.133 34.700
bio6 1.600 2.800 4.986 4.886 6.371 11.700
bio7 15.400 23.800 25.500 25.152 26.540 28.920
bio8 7.177 8.549 10.383 10.198 11.491 20.117
bio9 11.289 22.367 24.869 24.116 26.335 28.283
biol0 19.995 22.419 24.937 24.524 26.413 28.283
bioll 5.338 6.636 9.405 8.995 10.912 13.967
biol2 480.000 645.000 711.000 752.637 810.000 2,224.00
biol3 71.000 112.000 131.000 137.471 152.000 269.000
biol4 1.000 3.000 6.000 13.499 19.750 87.000
biol5 23.234 48.139 75.698 68.831 89.027 99.578
biol6 194.000 293.000 341.000 364.233  411.000  792.000
biol7 5.000 17.000 29.000 52.027 72.750  331.000
biol8 6.000 18.000 31.000 55.662 73.000  605.000
biol9 162.000 240.000 332.000 334.809 399.000 627.000
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Table C.5: Summary statistics of bioclimatic variables corresponding to the 90%
quantile of avian biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 11.358 13.719 15.273 15.747 18.066 20.010
bio2 3.308 7.823 8.753 8.827 9.762 12.614
bio3 21.483 31.624 33.388 33.782 35.740 43.391
bio4 457.649  628.150 663.949  657.397 686.736  776.425
bio5 23.068 27.580 29.592 29.758 32.200 36.556
bio6 -0.812 2.000 3.300 3.768 5.284 11.700
bio7 15.300 24.496 26.168 25.990 27.476 31.924
bio8 6.078 7.952 9.390 9.500 10.861 20.117
bio9 7.443 21.670 23.739 23.343 25.994 28.629
biol0 18.880 21.870 23.759 23.921 26.065 28.629
bioll 3.309 6.012 7.471 8.020 10.142 14.067
biol2 480.000 646.000 703.000 758.420  801.000 2,292.00
biol3 66.000 106.000 124.000  130.630  147.000  278.000
biol4 0.000 5.000 11.000 17.086 24.000 92.000
biol5 21.845 42.453 60.532 61.977 84.519 99.976
biol6 181.000  280.000 327.000 346.973  387.000  813.000
biol7 4.000 22.000 48.000 64.161 87.000  348.000
biol8 4.000 22.000 49.000 69.658 87.000  605.000
biol9 158.000 234.000 303.000 320.335 374.000 677.000
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Table C.6: Summary statistics of bioclimatic variables corresponding to the 80%
quantile of avian biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 8.956 12.870 13.954 14.646 16.627 20.010
bio2 3.308 8.367 9.545 9.522 10.702 13.524
bio3 21.483 32.317 34.221 34.295 36.445 43.391
bio4 457.649  649.506  685.272  689.429  723.704 1,043.345
bio5 22.084 27.372 29.536 29.640 32.056 36.828
bio6 -9.080 0.304 1.908 1.977 3.624 11.700
bio7 15.300 25.567 27.472 27.662 29.996 40.356
bio8 0.449 7.023 8.135 8.553 10.083 20.117
bio9 1.193 20.585 22.370 22.261 25.265 28.629
biol0 16.759 21.285 22.691 23.174 25.359 28.629
bioll -3.555 4.704 6.131 6.437 8.410 14.067
bio12 245.000 608.000 681.000 713.408 764.000 2,292.00
biol3 41.000 86.000 115.000 117.217  140.000  278.000
biol4 0.000 6.000 13.000 18.454 25.000 94.000
biol5 15.534 33.884 53.819 55.627 78.587 99.976
biol6 104.000 236.000 302.000 311.265 361.000  813.000
biol7 4.000 29.000 55.000 67.611 89.000  348.000
biol8 4.000 30.000 58.000 75.893  100.000  605.000
biol9 51.000 207.000 273.000 288.797 355.000 677.000
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Table C.7: Summary statistics of bioclimatic variables corresponding to the 95%
quantile of insect biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 13.504 16.066 17.783 17.279 18.695 20.010
bio2 6.031 8.658 9.689 9.664 10.686 12.796
bio3 25.772 33.365 35.688 35.628 37.812 43.391
bio4 527.898  645.813 668.902 667.268 690.259  780.408
bio5 26.175 30.764 32.136 31.825 33.252 36.556
bio6 0.828 3.432 4.812 4.796 5.940 10.050
bio7 20.300 25.730 26.984 27.029 28.432 32.296
bio8 5.313 8.444 9.855 9.808 10.969 14.217
bio9 19.086 24.505 25.861 25.460 26.745 28.629
biol0 21.135 24.602 25.949 25.560 26.785 28.629
bioll 5.313 8.050 9.789 9.386 10.839 13.225
biol2 539.000 692.000 757.000 775.392  836.000 1,172.00
biol3 73.000 125.000 146.000 150.571  168.000  245.000
biol4 1.000 4.000 6.000 8.230 11.000 47.000
biol5 29.045 62.446 82.021 75.812 88.907 99.976
biol6 206.000 331.000 378.000 397.128  456.000  627.000
biol7 7.000 20.000 29.000 34.764 46.000  149.000
biol8 7.000 21.000 30.000 36.100 47.000  158.000
biol9 184.000 329.000 376.000 390.095 455.000 627.000
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Table C.8: Summary statistics of bioclimatic variables corresponding to the 90%
quantile of insect biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 7.306 14.235 16.340 16.260 18.106 20.010
bio2 4.200 8.562 9.683 9.648 10.813 13.055
bio3 24.000 33.011 35.319 35.168 37.372 43.391
bio4 488.418 652.462 679.002 675.944 707.161  811.485
bio5 24.528 29.100 31.417 31.110 32.960 36.828
bio6 -6.364 2.212 3.460 3.811 5.204 11.250
bio7 17.400 25.763 27.284 27.299 29.110 32.684
bio8 -1.941 7.757 8.557 8.948 10.244 14.342
bio9 15.446 22.733 24.838 24.513 26.147 28.629
biol0 16.617 22.768 24.945 24.679 26.249 28.629
bioll -1.941 6.393 8.170 8.301 10.083 13.967
bio12 509.000 667.000 714.000 738.266 ~ 790.000 1,172.00
biol3 72.000 118.000 136.000 139.301  152.000  245.000
biol4 1.000 5.000 7.000 10.056 13.000 49.000
biol5 28.210 56.947 76.686 71.551 84.832 99.976
biol6 203.000 309.000 349.000 366.463  408.000  627.000
biol7 5.000 22.000 32.000 40.630 53.000  158.000
biol8 5.000 23.000 35.000 42.088 54.000 171.000
biol9 163.000 288.000 347.000 354.734  405.000 627.000
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Table C.9: Summary statistics of bioclimatic variables corresponding to the 80%
quantile of insect biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 3.762 13.055 14.060 14.254 16.606 20.010
bio2 3.308 8.752 10.188 9.933 11.178 13.631
bio3 21.483 32.967 35.168 34.973 37.123 43.391
bio4 457.649  661.294 696.988 696.602 732.608  977.657
bio5 20.564 27.428 29.700 29.703 32.132 36.828
bio6 -11.040 0.312 1.876 1.428 3.616 11.700
bio7 15.300 26.080 28.463 28.274 30.713 37.308
bio8 -5.827 5.747 7.559 6.889 9.307 15.507
bio9 11.362 20.750 22.561 22.506 25.241 28.629
biol0 13.067 21.283 22.726 22.873 25.338 28.629
bioll -5.827 4.924 6.142 5.965 8.389 14.067
biol2 471.000 636.000 692.000 724.161 760.000 2,292.00
biol3 65.000 105.000 125.000 126.647  143.000  278.000
biol4 0.000 6.000 10.000 13.851 16.000 92.000
biol5 18.817 46.892 64.187 63.199 79.105 99.976
biol6 162.000 277.000 325.000 333.974 371.000  813.000
biol7 4.000 28.000 40.000 52.910 61.000  348.000
biol8 4.000 30.000 46.000 59.515 71.000 519.000
biol9 123.000 244.000 317.000 319.541  367.000 677.000
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Table C.10: Summary statistics of bioclimatic variables corresponding to the
97% quantile of mammal biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 11.080 13.301 14.580 15.022 16.794 19.095
bio2 7.740 10.526 11.077 11.082 11.653 13.204
bio3 32.313 36.714 37.546 37.776 38.919 43.391
bio4 585.581 672915 708.554 697.136 724.098  750.987
bio5 24.740 29.548 31.304 31.274 33.050 35.924
bio6 -1.340 0.236 1.400 1.961 3.346 8.100
bio7 22.800 28.286 29.584 29.314 30.508 32.884
bio8 2.949 5.379 6.878 7.064 8.644 13.783
bio9 10.858 21.944 23.367 23.531 25.540 27.336
bio10 18.695 22.109 23.579 23.715 25.588 27.336
bioll 2.949 4.905 6.257 6.798 8.533 12.200
bio12 565.000 683.000 736.000 778.070  843.000 1,916.00
biol3 92.000 133.000 146.000  154.536  173.000  245.000
biol4 2.000 6.000 8.000 8.659 10.000 94.000
biol5 27.843 69.181 77.134 75.639 83.375 99.976
biol6 251.000 334.000 382.000 402.689 461500  668.000
biol7 17.000 29.000 34.000 36.370 41.000  307.000
biol8 17.000 31.000 38.000 39.669 46.000  443.000
biol9 246.000  333.000 382.000 401.263 461.500 627.000
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Table C.11: Summary statistics of bioclimatic variables corresponding to the
90% quantile of mammal biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 7.163 13.488 14.409 15.101 16.908 20.010
bio2 3.308 8.593 9.990 9.869 11.193 13.866
bio3 21.483 33.197 35.734 35.399 37.666 43.391
bio4 457.649 652930 683.691 681.076 717.942  820.534
bio5 21.804 28.118 30.532 30.241 32.451 36.384
bio6 -5.440 0.920 2.225 2.534 4.020 11.700
bio7 15.300 25.776 27.792 27.707 29.959 34.500
bio8 -1.208 6.517 7.855 7.953 9.693 15.507
bio9 7.285 21.658 23.138 23.044 25.487 28.527
biol0 15.191 21.817 23.286 23.562 25.566 28.527
bioll -1.208 5.414 6.480 7.051 8.801 14.067
biol2 483.000 659.000 708.000 753.517  780.000 2,278.00
biol3 70.000 116.000 133.000 135.717  147.000  278.000
biol4 1.000 6.000 9.000 14.015 15.000 97.000
biol5 22.994 54.137 69.703 66.389 80.717 99.976
biol6 188.000  300.000  340.000 355.828  388.000  800.000
biol7 5.000 27.000 38.000 54.098 58.000  348.000
biol8 6.000 29.000 42.000 59.498 61.000 516.000
biol9 172.000 277.000 335.000 340.097 384.000 677.000
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Table C.12: Summary statistics of bioclimatic variables corresponding to the
80% quantile of mammal biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 3.879 12.095 13.618 13.919 15.850 20.010
bio2 3.308 8.816 10.424 10.181 11.568 14.059
bio3 21.483 33.506 35.889 35.550 37.724 43.391
bio4 457.649  660.243  696.507 693.662 733.746  846.308
bio5 18.780 27.532 29.472 29.489 31.650 36.828
bio6 -8.416 -1.284 1.116 1.028 2.860 11.700
bio7 15.300 26.196 28.760 28.460 30.992 34.760
bio8 -4.514 3.971 7.012 6.566 8.873 20.117
bio9 3.695 20.047 22.005 21.999 24.520 28.629
biol0 12.093 20.671 22.184 22.493 24.617 28.629
bioll -4.514 3.665 5.497 5.642 7.473 14.067
bio12 173.000 616.000 680.000 712554  753.000 2,292.00
biol3 36.000 94.000 118.000 120.737  139.000  278.000
biol4 0.000 7.000 12.000 15.701 17.000  100.000
biol5 20.927 45.358 58.975 59.496 75.666 99.976
biol6 89.000 254.000 308.000 318.600  357.000  813.000
biol7 1.000 31.000 46.000 58.795 66.000  348.000
biol8 1.000 34.000 52.000 66.770 74.000  605.000
biol9 89.000 231.000 291.000 305.217 354.000 677.000
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Table C.13: Summary statistics of bioclimatic variables corresponding to the
95% quantile of plant biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 13.344 14.532 16.585 16.515 18.271 20.010
bio2 6.031 8.294 9.133 9.191 10.064 12.185
bio3 25.772 32.750 34.579 34.791 36.930 42.062
bio4 527.898  637.656  662.731 657.854 679.331  726.716
bio5 25.500 28.968 31.246 30.778 32.482 34.892
bio6 1.500 2.790 4.476 4.442 5.694 9.417
bio7 20.650 25.268 26.344 26.335 27.551 30.408
bio8 6.469 8.260 9.286 9.559 10.645 14.217
bio9 15.949 23.050 24.845 24.543 26.178 28.231
biol0 20.967 23.051 24.931 24.724 26.247 28.256
bioll 5.708 6.783 8.925 8.808 10.500 13.217
biol2 509.000 653.000 721.000 745.708 814500 1,147.00
biol3 72.000 115.000 135.000 141.604  158.000  245.000
biol4 1.000 4.000 6.000 10.581 12.000 47.000
biol5 29.045 55.998 78.661 71.994 86.700 99.578
biol6 203.000 298,500 345.000 372.200 428.000  627.000
biol7 10.000 20.000 29.000 42.325 54500  151.000
biol8 10.000 21.000 30.000 43.619 56.000  164.000
biol9 172.000 266.000 343.000 355.846 426.500 627.000
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Table C.14: Summary statistics of bioclimatic variables corresponding to the
90% quantile of plant biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 12.453 14.006 16.103 16.066 17.947 20.010
bio2 4.492 8.223 9.252 9.327 10.498 12.821
bio3 24.725 32.444 34.633 34.702 37.154 43.391
bio4 475363 640.506 671.604 666.199 694.012  757.709
bio5 24.500 28.410 30.964 30.576 32.751 35.696
bio6 0.700 2.254 3.396 3.850 5.218 11.500
bio7 17.000 25.265 26.716 26.726 28.358 32.036
bio8 5.905 7.828 8.720 9.206 10.490 14.450
bio9 11.647 22.324 24.605 24.106 26.024 28.517
biol0 20.050 22.397 24.679 24.369 26.119 28.517
bioll 4.950 6.322 8.015 8.238 9.987 14.067
bio12 509.000 656.000 707.000 735.219  788.000 1,206.00
biol3 70.000 112.000 131.000 134.479  149.000  245.000
biol4 1.000 5.000 8.000 12.725 16.000 66.000
biol5 23.057 51.313 72.962 67.659 84.667 99.976
biol6 198.000 293.000  340.000 354.608  397.000  627.000
biol7 6.000 22.000 33.000 49.415 63.000 217.000
biol8 7.000 23.000 36.000 51.293 63.000 266.000
biol9 163.000 256.000 334.000 336.380 392.000 627.000
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Table C.15: Summary statistics of bioclimatic variables corresponding to the
80% quantile of plant biodiversity.

Variable Min 1st Qu. Median Mean 3rd Qu. Max
biol 10.230 13.297 14.097 14.872 16.608 20.010
bio2 3.308 8.427 9.645 9.683 11.017 13.866
bio3 21.483 32.748 35.015 34.940 37.271 43.391
bio4 457.649  648.460 684.336  680.582  718.243  829.767
bio5 22.640 27.652 30.093 29.862 32.200 36.828
bio6 -1.948 0.588 1.908 2.322 3.624 11.700
bio7 15.300 25.556 27.464 27.540 29.888 34.500
bio8 3.014 6.603 7.854 8.114 9.657 20.117
bio9 6.359 21.302 22.629 22.777 25.243 28.629
biol0 17.657 21.636 22.843 23.313 25.341 28.629
bioll 2.543 5.084 6.164 6.808 8.403 14.067
biol2 480.000 636.000 696.000 738.680  774.000 2,292.00
biol3 60.000 102.000 124.000 125.882  143.000  278.000
biol4 0.000 6.000 11.000 17.187 22.000 95.000
biol5 19.015 39.835 61.686 59.811 79.084 99.976
biol6 162.000 272.000 322.000 332.567  371.000  813.000
biol7 4.000 29.000 46.000 64.226 79.000  348.000
biol8 4.000 31.000 48.000 69.947 87.000  605.000
biol9 152.000 236.000 308.000 314.372 366.000 677.000
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APPENDIX D

Table D.1: Birds/Plants cohabitation values according to pairwise Warren’s I
statistics. uWI_0 is mean | statistic, uWI_66 mean | statistic of species that
scored above 0.66, no_66 is number of species with | statistic over 0.66, uwWIl_33
is mean | statistic of species that scored above 0.33, no_33 is number of species
with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwl 66 no 66 uwl_33 no_33
Curruca cantillans 0.612 0.804 145 0.718 215
Pelecanus crispus 0.594 0.757 139 0.671 224
Falco eleonorae 0.609 0.807 138 0.703 220
Curruca melanocephala 0.623 0.770 132 0.661 243
Tyto alba 0.602 0.776 130 0.676 226
Larus canus 0.604 0.779 128 0.673 229
Cygnus olor 0.597 0.764 124 0.663 229
Cisticola juncidis 0.584 0.806 122 0.690 212
Puffinus yelkouan 0.597 0.794 122 0.669 229
Phalacrocorax aristotelis 0.587 0.788 121 0.662 227
Strix aluco 0.595 0.745 118 0.639 241
Ficedula hypoleuca 0.577 0.732 116 0.632 231
Microcarbo pygmaeus 0.581 0.724 116 0.625 237
Sylvia melanocephala 0.593 0.746 112 0.633 240
Luscinia luscinia 0.578 0.751 111 0.639 231
Calidris alba 0.576 0.759 109 0.643 227
Hippolais icterina 0.569 0.786 109 0.649 224
Ichthyaetus audouinii 0.547 0.796 107 0.667 204
Tringa erythropus 0.561 0.752 106 0.639 222
Mergus serrator 0.555 0.779 98 0.631 224
Emberiza cirlus 0.591 0.758 95 0.621 247

117



Table D.1 (continued): Birds/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwl 66 no 66 uwl_33 no_33
Psittacula krameri 0.572 0.733 94 0.610 239
Sylvia borin 0.545 0.744 93 0.615 224
Dendrocoptes medius 0.589 0.752 92 0.616 247
Hydrocoloeus minutus 0.542 0.761 92 0.617 223
Thalasseus sandvicensis 0.525 0.780 85 0.625 208
Calidris ferruginea 0.503 0.755 80 0.610 201
Pluvialis apricaria 0.516 0.757 80 0.606 211
Lymnocryptes minimus 0.511 0.761 78 0.605 210
Numenius arquata 0.526 0.741 78 0.601 219
Limosa lapponica 0.505 0.752 76 0.597 210
Calidris alpina 0.537 0.704 75 0.593 227
Rallus aquaticus 0.536 0.699 74 0.590 229
Arenaria interpres 0.500 0.752 73 0.596 206
Crex crex 0.513 0.729 73 0.589 218
Hydroprogne caspia 0.507 0.739 72 0.589 215
Regulus ignicapilla 0.549 0.720 72 0.589 240
Calidris canutus 0.487 0.750 71 0.584 206
Certhia brachydactyla 0.552 0.738 70 0.588 240
Chroicocephalus genei 0.522 0.716 70 0.591 221
Scolopax rusticola 0.514 0.712 70 0.586 220
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Table D.1 (continued): Birds/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwWl 66 no 66 uwl_33 no_33
Phasianus colchicus 0.550 0.723 69 0.578 242
Calonectris diomedea 0.455 0.752 67 0.586 192
Stercorarius parasiticus 0.494 0.745 66 0.584 207
Regulus regulus 0.549 0.735 65 0.579 242
Larus cachinnans 0.497 0.724 63 0.577 212
Numenius phaeopus 0.471 0.740 63 0.569 203
Asio flammeus 0.514 0.706 62 0.578 222
Sitta krueperi 0.541 0.731 62 0.576 239
Ficedula albicollis 0.541 0.749 59 0.566 244
Hippolais olivetorum 0.529 0.722 58 0.594 223
Larus fuscus 0.485 0.742 56 0.578 202
Phylloscopus orientalis 0.496 0.721 56 0.602 203
Gavia arctica 0.481 0.724 55 0.561 212
Sylvia ruppeli 0.499 0.723 52 0.600 207
Calidris temminckii 0.521 0.686 46 0.568 230
Cygnus columbianus 0.498 0.725 46 0.543 223
Platalea leucorodia 0.525 0.726 43 0.574 229
Charadrius alexandrinus 0.512 0.723 42 0.558 229
Halcyon smyrnensis 0.496 0.710 41 0.581 212
Picus canus 0.481 0.721 41 0.545 217
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Table D.1 (continued): Birds/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwl 66 no 66 uwl_33 no_33
Pluvialis squatarola 0.445 0.736 41 0.544 197
Pelecanus onocrotalus 0.519 0.704 40 0.574 225
Porzana parva 0.527 0.703 40 0.569 232
Pycnonotus xanthopygos 0.441 0.710 40 0.569 193
Bucephala clangula 0.455 0.712 39 0.550 198
Erythropygia galactotes 0.479 0.735 37 0.573 205
Burhinus oedicnemus 0.502 0.718 36 0.546 228
Dendrocopos leucotos 0.509 0.720 36 0.558 230
Glareola pratincola 0.510 0.732 35 0.549 231
Mergellus albellus 0.485 0.696 34 0.564 210
Anser albifrons 0.493 0.716 32 0.536 227
Emberiza caesia 0.481 0.742 31 0.581 206
Falco columbarius 0.488 0.695 27 0.535 226
Lanius excubitor 0.468 0.698 27 0.521 219
Certhia familiaris 0.354 0.725 25 0.499 148
Netta rufina 0.483 0.695 24 0.535 218
Panurus biarmicus 0.458 0.718 24 0.501 221
Loxia curvirostra 0.419 0.737 23 0.500 188
Haematopus ostralegus 0.445 0.684 21 0.518 203
Poecile palustris 0.378 0.747 21 0.508 168
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Table D.1 (continued): Birds/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwWl 66 no 66 uwl_33 no_33
Apus affinis 0.385 0.744 20 0.514 179
Haliaeetus albicilla 0.494 0.696 20 0.535 231
Phoenicopterus roseus 0.458 0.709 19 0.512 220
Chlidonias niger 0.486 0.677 16 0.549 218
Gallinago media 0.441 0.674 16 0.520 197
Pyrrhula pyrrhula 0.316 0.717 15 0.494 115
Dryocopus martius 0.345 0.741 14 0.485 148
Gavia stellata 0.387 0.714 14 0.496 172
Prinia lepida 0.358 0.737 13 0.488 172
Ceryle rudis 0.332 0.742 11 0.458 159
Buteo lagopus 0.394 0.715 10 0.494 192
Ichthyaetus ichthyaetus 0.397 0.711 10 0.492 184
Acrocephalus melanopogon 0.465 0.683 9 0.523 215
Tringa stagnatilis 0.466 0.674 9 0.518 219
Aythya marila 0.377 0.703 8 0.484 174
Calidris falcinellus 0.463 0.686 7 0.486 237
Passer moabiticus 0.306 0.728 7 0.439 137
Tetraogallus caspius 0.257 0.747 7 0.496 76
Carpodacus erythrinus 0.257 0.744 6 0.480 72
Merops persicus 0.310 0.696 5 0.430 137
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Table D.1 (continued): Birds/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwl 66 no 66 uwl_33 no_33
Oenanthe pleschanka 0.411 0.677 5 0.493 193
Phylloscopus nitidus 0.202 0.709 5 0.474 51
Perdix perdix 0.152 0.746 4 0.493 47
Phylloscopus sindianus 0.136 0.679 3 0.473 26
Rhodospiza obsoleta 0.226 0.700 3 0.493 43
Linaria flavirostris 0.092 0.702 2 0.508 22
Vanellus spinosus 0.463 0.669 2 0.538 209
Cygnus cygnus 0.427 0.674 1 0.505 199
Sylvia mystacea 0.211 0.714 1 0.459 40
Carpospiza brachydactyla 0.086 0 0.440 30
Charadrius leschenaultii 0.252 0 0.371 54
Charadrius morinellus 0.280 0 0.373 95
Elanus caeruleus 0.209 0 0.411 38
Oenanthe xanthoprymna 0.088 0 0.396 20
Oxyura leucocephala 0.392 0 0.445 203
Porphyrio porphyrio 0.416 0 0.481 200
Sitta tephronota 0.079 0 0.457 30
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Table D.2: Insects/Plants cohabitation values according to pairwise Warren’s |
statistics. uWI_0 is mean | statistic, uWI_66 mean | statistic of species that
scored above 0.66, no_66 is number of species with | statistic over 0.66, uwWIl_33
is mean | statistic of species that scored above 0.33, no_33 is number of species
with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwl 66 no 66 uwl_33 no_33
Carpocoris mediterraneus 0.630 0.790 147 0.698 231
Mantis religiosa 0.625 0.781 144 0.684 235
Nezara viridula 0.629 0.812 144 0.709 227
Libellula fulva 0.621 0.769 141 0.671 238
Orthetrum coerulescens 0.622 0.780 141 0.686 231
Zelus renardii 0.621 0.805 139 0.698 228
Onychogomphus forcipatus 0.617 0.780 137 0.682 231
Charaxes jasius 0.585 0.772 136 0.684 215
Vespa orientalis 0.589 0.799 136 0.708 209
Polyphylla fullo 0.597 0.800 132 0.692 218
Pelopidas thrax 0.581 0.786 127 0.682 214
Gonepteryx cleopatra 0.556 0.755 126 0.666 210
Leptotes pirithous 0.582 0.732 126 0.638 232
Empusa fasciata 0.578 0.728 124 0.640 228
Pararge aegeria 0.568 0.757 121 0.657 216
Epallage fatime 0.562 0.742 115 0.642 220
Chalcolestes parvidens 0.598 0.750 112 0.632 243
Rhaphigaster nebulosa 0.579 0.736 110 0.630 234
Nemoptera sinuata 0.533 0.746 108 0.649 203
Nomophila noctuella 0.559 0.771 108 0.640 222
Gegenes pumilio 0.519 0.738 106 0.650 198
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Table D.2 (continued): Insects/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwl 66 no 66 uwl_33 no_33
Erythromma viridulum 0.551 0.787 104 0.655 210
Anacridium aegyptium 0.543 0.798 101 0.659 205
Mustha spinosula 0.539 0.704 93 0.613 218
Trithemis arteriosa 0.504 0.727 93 0.625 199
Zerynthia cerisy 0.536 0.723 92 0.622 215
Aeshna mixta 0.554 0.724 89 0.604 236
Coccinella septempunctata 0.575 0.742 87 0.604 246
Sympetrum meridionale 0.543 0.720 87 0.614 221
Anax imperator 0.572 0.738 84 0.604 245
Calopteryx virgo 0.576 0.742 84 0.604 247
Orthetrum chrysostigma 0.487 0.741 84 0.625 191
Ceriagrion georgifreyi 0.557 0.722 79 0.598 236
Graphosoma italicum 0.569 0.750 79 0.598 246
Anax parthenope 0.491 0.742 75 0.592 203
Coreus marginatus 0.545 0.730 69 0.576 238
Spilostethus pandurus 0.467 0.753 69 0.594 193
Orthetrum taeniolatum 0.479 0.722 68 0.610 196
Aeshna isoceles 0.500 0.714 64 0.579 213
Trithemis festiva 0.457 0.736 64 0.604 187
Gomphus schneiderii 0.473 0.718 61 0.600 193
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Table D.2 (continued): Insects/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwWl 66 no 66 uwl_33 no_33
Iris oratoria 0.545 0.715 61 0.579 240
Zizeeria karsandra 0.513 0.707 60 0.589 216
Hipparchia algirica 0.530 0.755 52 0.564 236
Erythromma lindenii 0.529 0.721 51 0.575 229
Coenagrion scitulum 0.511 0.736 50 0.551 231
Oxythyrea cinctella 0.525 0.752 50 0.565 234
Cordulegaster picta 0.530 0.735 49 0.563 241
Diplacodes lefebvrii 0.434 0.739 49 0.578 185
Trithemis annulata 0.432 0.739 49 0.581 182
Polistes dominula 0.528 0.687 48 0.580 228
Polyommatus ottomanus 0.492 0.719 30 0.512 242
Orthetrum sabina 0.403 0.748 29 0.549 178
Bombus terrestris 0.424 0.705 28 0.534 183
Brachythemis fuscopalliata 0.451 0.715 26 0.555 197
Carabus scabrosus 0.377 0.727 25 0.522 143
Maniola telmessia 0.423 0.721 25 0.524 196
Platycnemis kervillei 0.390 0.746 24 0.506 183
Aglais io 0.382 0.712 22 0.508 156
Coenagrion puella 0.395 0.710 20 0.482 171
Fabriciana adippe 0.438 0.717 19 0.493 209
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Table D.2 (continued): Insects/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwl 66 no 66 uwl_33 no_33
Platycnemis dealbata 0.448 0.714 19 0.521 205
Nymphalis antiopa 0.331 0.704 18 0.500 123
Pyrrhocoris apterus 0.460 0.695 18 0.518 215
Hipparchia mersina 0.460 0.724 17 0.541 211
Cordulegaster insignis 0.374 0.700 14 0.482 146
Onychogomphus lefebvrii 0.382 0.732 14 0.513 180
Hipparchia fatua 0.477 0.714 13 0.555 208
Melanargia galathea 0.331 0.701 13 0.484 131
Argynnis paphia 0.429 0.703 12 0.492 203
Speyeria aglaja 0.280 0.729 11 0.489 87
Orthetrum albistylum 0.418 0.709 10 0.515 197
Coenonympha arcania 0.312 0.701 9 0.472 116
Eristalis tenax 0.466 0.668 9 0.536 214
Polyommatus menalcas 0.292 0.717 9 0.484 93
Anax ephippiger 0.372 0.730 8 0.491 165
Melitaea athalia 0.306 0.735 7 0.465 114
Chazara persephone 0.150 0.758 6 0.506 42
Plebejus argus 0.163 0.719 6 0.482 46
Melitaea collina 0.319 0.705 5 0.437 135
Sympecma fusca 0.408 0.704 5 0.452 208
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Table D.2 (continued): Insects/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwWl 66 no 66 uwl_33 no_33
Agrodiaetus admetus 0.178 0.689 4 0.487 53
Brenthis daphne 0.338 0.691 4 0.440 140
Episyrphus balteatus 0.416 0.664 4 0.506 191
Eumedonia eumedon 0.103 0.709 4 0.489 31
Lycaeides idas 0.106 0.732 4 0.488 32
Parnassius apollo 0.145 0.740 4 0.487 41
Pseudochazara mniszechii 0.125 0.725 4 0.492 40
Polyommatus poseidon 0.122 0.707 3 0.480 28
Zerynthia deyrollei 0.184 0.712 3 0.449 61
Arethusana arethusa 0.111 0.693 2 0.476 33
Hipparchia parisatis 0.126 0.666 2 0.438 23
Leptoglossus occidentalis 0.416 0.669 2 0.486 201
Lycaena thetis 0.084 0.723 2 0.504 19
Lycaena virgaureae 0.073 0.672 2 0.486 21
Parnassius mnemosyne 0.169 0.668 2 0.456 36
Polyommatus carmon 0.095 0.740 2 0.489 24
Polyommatus firdussii 0.062 0.753 2 0.517 16
Polyommatus ripartii 0.086 0.680 2 0.474 23
Polyommatus wagneri 0.069 0.678 2 0.494 17
Pseudochazara beroe 0.077 0.742 2 0.509 20
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Table D.2 (continued): Insects/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwl 66 no 66 uwl_33 no_33
Pseudochazara mamurra 0.136 0.693 2 0.468 34
Syrichtus poggei 0.185 0.762 2 0.438 52
Agriades corydonius 0.040 0.669 1 0.450 10
Coenonympha saadi 0.081 0.732 1 0.441 33
Erebia aethiops 0.110 0.761 1 0.488 26
Kirinia climene 0.049 0.776 1 0.498 11
Lycaena alciphron 0.056 0.780 1 0.500 14
Palaeochrysophanus candens 0.071 0.670 1 0.496 20
Plebejus amanda 0.116 0.751 1 0.478 22
Pseudochazara geyeri 0.053 0.793 1 0.536 13
Pseudochazara thelephassa 0.100 0.715 1 0.473 33
Agrodiaetus iphigenia 0.038 0 0.407 12
Brenthis hecate 0.028 0 0.399 9
Clossiana euphrosyne 0.101 0 0.444 29
Glaucopsyche astraea 0.058 0 0.405 8
Melitaea arduinna 0.160 0 0.429 35
Melitaea persea 0.079 0 0.446 19
Nymphalis xanthomelas 0.294 0 0.375 84
Onychogomphus assimilis 0.449 0 0.504 210
Orthetrum cancellatum 0.419 0 0.478 209
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Table D.2 (continued): Insects/Plants cohabitation values according to pairwise
Warren’s I statistics. uWI 0 is mean I statistic, uWI 66 mean I statistic of
species that scored above 0.66, no_66 is number of species with | statistic over
0.66, uWI_33 is mean | statistic of species that scored above 0.33, no_33 is
number of species with | statistic over 0.33. Sorted by no_66 in descending order.

species uwl_ 0 uwWl 66 no 66 uwl_33 no_33
Polyommatus hopfferi 0.099 0 0.439 18
Pontia chloridice 0.269 0 0.379 90
Pseudochazara pelopea 0.077 0 0.438 21
Quercusia quercus 0.145 0 0.405 39
Sympetrum flaveolum 0.151 0 0.455 29

129






APPENDIX E

Table E.1: The names of the species, included in the analyses, sorted

alphabetically.

Species Taxa  Species Taxa  Species Taxa
Abutilon theophrasti Plantae Allium rotundum Plantae Asio flammeus Aves
Acer negundo Plantae Amaranthus retroflexus  Plantae Asparagus acutifolius Plantae
Acrocephalus Anacamptis Asphodelus ramosus Plantae
Aves o Plantae
melanopogon papilionacea _
Asplenium ceterach Plantae
Aegilops biuncialis Plantae Anacamptis pyramidalis ~ Plantae
Astragalus hamosus Plantae
Aegilops caudata Plantae Anacridium aegyptium  Insecta
Avena barbata Plantae
Aegilops cylindrica Plantae Anagyris foetida Plantae
Avena fatua Plantae
Aegilops geniculata Plantae Anax ephippiger Insecta _
Avena sativa Plantae
Aegilops neglecta Plantae Anax imperator Insecta _
Aythya marila Aves
Aegilops tauschii Plantae Anax parthenope Insecta .
Ballota nigra Plantae
Aesculus hippocastanum  Plantae Anemone blanda Plantae _ _
Bellis perennis Plantae
Aeshna isoceles Insecta Anemone coronaria Plantae
Beta lomatogona Plantae
Aeshna mixta Insecta Anser albifrons Aves
Bituminaria bituminosa  Plantae
Agave americana Plantae Apus affinis Aves .
Bombus terrestris Insecta
Aglais io Insecta Arbutus andrachne Plantae
Brachythemis
) Insecta
Agriades corydonius Insecta Arbutus unedo Plantae fuscopalliata
Agrodiaetus admetus Insecta Arenaria interpres Aves  Brenthis daphne Insecta
Agrodiaetus iphigenia Insecta Arethusana arethusa Insecta Brenthis hecate Insecta
Ailanthus altissima Plantae Argynnis paphia Insecta Briza maxima Plantae
Albizia julibrissin Plantae Arisarum vulgare Plantae Bucephala clangula Aves
Alcea rosea Plantae Arum italicum Plantae Bufotes viridis Amphibia
Alkanna tinctoria Plantae Arundo donax Plantae Burhinus oedicnemus Aves
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Species Taxa  Species Taxa  Species Taxa
Buteo lagopus Aves  Centaurea calcitrapa Plantae Citrullus lanatus Plantae
Calendula arvensis Plantae Ceratonia siliqua Plantae Clematis cirrhosa Plantae
Calepina irregularis Plantae Cercis siliquastrum Plantae Clematis vitalba Plantae
Calidris alba Aves  Ceriagrion georgifreyi Insecta Clinopodium vulgare Plantae
Calidris alpina Aves  Certhia brachydactyla Aves  Clossiana euphrosyne Insecta
Calidris canutus Aves  Certhia familiaris Aves  Coccinella
Insecta
septempunctata
Calidris falcinellus Aves Ceryle rudis Aves
Coenagrion puella Insecta
Calidris ferruginea Aves  Chalcolestes parvidens  Insecta
Coenagrion scitulum Insecta
Calidris temminckii Aves Chamaenerion
o Plantae )
angustifolium Coenonympha arcania Insecta
Calonectris diomedea Aves
Charadrius alexandrinus  Aves  Coenonympha saadi Insecta
Calopteryx virgo Insecta
Charadrius leschenaultii  Aves  Colchicum variegatum Plantae
Campanula glomerata Plantae
Charadrius morinellus Aves  Conium maculatum Plantae
Campanula
) Plantae o o
rapunculoides Charaxes jasius Insecta Cordulegaster insignis Insecta
Capparis spinosa Plantae Chazara persephone Insecta Cordulegaster picta Insecta
Capsella bursa-pastoris  Plantae Chelidonium majus Plantae Coreus marginatus Insecta
Carabus scabrosus Insecta Chlidonias niger Aves  Cornus mas Plantae
Carpocoris | Chroicocephalus genei Aves  Cornus sanguinea Plantae
nsecta
mediterraneus
Chrozophora tinctoria Plantae Coronilla varia Plantae
Carpodacus erythrinus ~ Aves
Cichorium intybus Plantae Corylus avellana Plantae
Carpospiza
Aves  Cirsium vulgare Plantae Cotinus coggygria Plantae
brachydactyla
. . Cisticola juncidis Aves  Crataegus monogyna Plantae
Carthamus tinctorius Plantae
_— Cistus creticus Plantae Crex crex Aves
Cedrus libani Plantae
. . Cistus laurifolius Plantae Crithmum maritimum Plantae
Celtis australis Plantae
Cistus salviifolius Plantae Cucumis melo Plantae
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Species Taxa  Species Taxa  Species Taxa
Cupressus sempervirens  Plantae Echium plantagineum Plantae Falco eleonorae Aves
Curruca cantillans Aves  Echium vulgare Plantae Felis catus Mammalia
Curruca melanocephala  Aves  Elanus caeruleus Aves  Ficariaverna Plantae
Cydonia oblonga Plantae Emberiza caesia Aves  Ficedula albicollis Aves
Cygnus columbianus Aves  Emberiza cirlus Aves  Ficedula hypoleuca Aves
Cygnus cygnus Aves  Empusa fasciata Insecta Ficus carica Plantae
Cygnus olor Aves Epallage fatime Insecta Filipendula vulgaris Plantae
Cynanchum acutum Plantae Epilobium hirsutum Plantae Foeniculum vulgare Plantae
Cynodon dactylon Plantae Episyrphus balteatus Insecta Fraxinus angustifolia Plantae
Cynoglossum creticum Plantae Erebia aethiops Insecta Galega officinalis Plantae
Cytinus ruber Plantae Erica arborea Plantae Galium aparine Plantae
Daphne sericea Plantae Erinaceus concolor Mamma Gallinago media Aves
Datura stramonium Plantae Eristalis tenax Insecta Gavia arctica Aves
Daucus carota Plantae Eryngium maritimum Plantae Gavia stellata Aves
Dendrocopos leucotos Aves Erythromma lindenii Insecta Gegenes pumilio Insecta
Dendrocoptes medius Aves  Erythromma viridulum Insecta Geranium dissectum Plantae
Digitalis ferruginea Plantae Erythropygia galactotes Aves  Glareola pratincola Aves
Diplacodes lefebvrii Insecta Eumedonia eumedon Insecta Glaucium flavum Plantae
Dracunculus vulgaris Plantae Euphorbia characias Plantae Glaucopsyche astraea Insecta
Dryocopus martius Aves  Euphorbia helioscopia Plantae Glebionis coronaria Plantae
Ecballium elaterium Plantae Euphorbia peplus Plantae Gomphus schneiderii Insecta
Echinops ritro Plantae Euphorbia rigida Plantae Gonepteryx cleopatra Insecta
Echinops spinosissimus ~ Plantae Fabriciana adippe Insecta Graphosoma italicum Insecta
Echium italicum Plantae Falco columbarius Aves  Gundelia tournefortii Plantae
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Species Taxa  Species Taxa  Species Taxa
Haematopus ostralegus ~ Aves llex aquifolium Plantae Linaria flavirostris Aves
Halcyon smyrnensis Aves Iris oratoria Insecta Loxia curvirostra Aves
Haliaeetus albicilla Aves  Juniperus communis Plantae Luscinia luscinia Aves
Hedera helix Plantae Kirinia climene Insecta Lycaeides idas Insecta
Heliotropium Lactuca serriola Plantae Lycaena alciphron Insecta
Plantae
europaeum
Lagurus ovatus Plantae Lycaena thetis Insecta
Hibiscus trionum Plantae
Lamium amplexicaule Plantae Lycaena virgaureae Insecta
Hipparchia algirica Insecta
Lamium purpureum Plantae Lymnocryptes minimus Aves
Hipparchia fatua Insecta
Lanius excubitor Aves Lysimachia arvensis Plantae
Hipparchia mersina Insecta
Lantana camara Plantae Lythrum salicaria Plantae
Hipparchia parisatis Insecta
Larus cachinnans Aves Malva sylvestris Plantae
Hippolais icterina Aves
Larus canus Aves  Maniola telmessia Insecta
Hippolais olivetorum Aves
Larus fuscus Aves Mantis religiosa Insecta
Hordeum bulbosum Plantae
Lathyrus aphaca Plantae  Marrubium vulgare Plantae
Hordeum spontaneum Plantae
Lathyrus cicera Plantae Medicago arabica Plantae
Hydrocoloeus minutus Aves
Lathyrus inconspicuus Plantae Medicago orbicularis Plantae
Hydroprogne caspia Aves
Lathyrus oleraceus Plantae Medicago polymorpha Plantae
Hyla orientalis Amphib
Laurus nobilis Plantae Medicago radiata Plantae
Hypericum
Plantae [avandula stoechas Plantae Medicago rigidula Plantae
androsaemum
. Leptoglossus Melampyrum arvense Plantae
Hypericum perforatum Plantae Insecta
occidentalis
. Melanargia galathea Insecta
Hypericum
. o Plantae [eptotes pirithous Insecta
triquetrifolium Melia azedarach Plantae
- Libellula fulva Insecta
Ichthyaetus audouini Aves Melissa officinalis Plantae
) Limodorum abortivum Plantae
Ichthyaetus ichthyaetus  Aves Melitaea arduinna Insecta
Limosa lapponica Aves
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Species Taxa  Species Taxa  Species Taxa
Melitaea athalia Insecta Oenanthe xanthoprymna  Aves Pallenis spinosa Plantae
Melitaea collina Insecta Olea europaea Plantae Pancratium maritimum  Plantae
Melitaea persea Insecta Onychogomphus Panurus biarmicus Aves
o Insecta
assimilis
Mentha pulegium Plantae Papaver rhoeas Plantae
Onychogomphus
Mercurialis annua Plantae . Insecta Pararge aegeria Insecta
forcipatus
Mergellus albellus Aves Parentucellia latifolia Plantae
Onychogomphus
B Insecta
Mergus serrator Aves  lefebvrii Parnassius apollo Insecta
Merops persicus Aves  Ophrys speculum Plantae  parnassius mnemosyne  Insecta
Microcarbo pygmaeus ~ Aves  Ophrys sphegodes Plantae  passer moabiticus Aves
Morus nigra Plantae Opuntia ficus-indica Plantae  peganum harmala Plantae
Muscari comosum Plantae Orchis anatolica Plantae  pelecanus crispus Aves
Muscari neglectum Plantae Orchis italica Plantae pelecanus onocrotalus ~ Aves
Mustha spinosula Insecta  Orthetrum albistylum Insecta  pejophylax bedriagae Amphibia
Myrtus communis Plantae Orthetrum cancellatum  Insecta pejophylax ridibundus ~ Amphibia
Nemoptera sinuata Insecta Orthetrum chrysostigma  Insecta  pe|opidas thrax Insecta
Nerium oleander Plantae Orthetrum coerulescens  Insecta  perqix perdix Aves
Netta rufina Aves  Orthetrum sabina Insecta  phalacrocorax
) ) Aves
. aristotelis
Nezara viridula Insecta Orthetrum taeniolatum  Insecta
) Phasianus colchicus Aves
Nomophila noctuella Insecta Osyris alba Plantae
. Philadelphus coronarius  Plantae
Numenius arquata Aves  Oxalis pes-caprae Plantae
. Phillyrea latifolia Plantae
Numenius phaeopus Aves  Oxythyrea cinctella Insecta
Phlomis herba-venti Plantae
Nymphalis antiopa Insecta Oxyura leucocephala Aves
Phoenicopterus roseus Aves
Nymphalis xanthomelas  Insecta Palaeochrysophanus Insecta
candens Phragmites australis Plantae
Oenanthe pleschanka Aves
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Species Taxa  Species Taxa  Species Taxa
Phylloscopus orientalis ~ Aves  Polyommatus firdussii Insecta Pseudochazara Insect
nsecta
mniszechii
Phylloscopus sindianus ~ Aves  Polyommatus hopfferi Insecta
Pseudochazara pelopea  Insecta
Phytolacca americana Plantae Polyommatus menalcas  Insecta
Pseudochazara
Picnomon acarna Plantae Polyommatus ottomanus  Insecta Insecta
thelephassa
Picus canus Aves  Polyommatus poseidon Insecta . .
Psittacula krameri Aves
Pinus brutia Plantae Polyommatus ripartii Insecta - .
Pteridium aquilinum Plantae
Pinus nigra Plantae Polyommatus wagneri Insecta .
Ptilostemon
Plantae
Pinus sylvestris Plantae Polyphylla fullo Insecta Chamaepeuce
Pistacia lentiscus Plantae Pontia chloridice Insecta  Puffinus yelkouan Aves
Pistacia terebinthus Plantae Populus alba Plantae Punica granatum Plantae
Pistacia vera Plantae Porphyrio porphyrio Aves  Pycnonotus xanthopygos ~ Aves
Plantago major Plantae Portulaca oleracea Plantae PYracantha coccinea Plantae
Platalea leucorodia Aves  Porzana parva Aves  Pyrrhocoris apterus Insecta
Platanus orientalis Plantae Prinia lepida Aves  Pyrrhulapyrrhula Aves
Platycnemis dealbata Insecta Prosopis farcta Plantae Pyrus communis Plantae
Platycnemis kervillei Insecta Prospero autumnale Plantae PYyrus spinosa Plantae
Plebejus amanda Insecta  Prunella vulgaris Plantae Quercus cerris Plantae
Plebejus argus Insecta Prunus cerasifera Plantae Quercus coccifera Plantae
Pluvialis apricaria Aves  Prunus laurocerasus Plantae Quercus ithaburensis Plantae
Pluvialis squatarola Aves  Prunus persica Plantae Quercus petraea Plantae
Poecile palustris Aves  Prunus spinosa Plantae Quercus pubescens Plantae
Polistes dominula Insecta Pseudochazara beroe Insecta Quercusia quercus Insecta
Polygonum aviculare Plantae Pseudochazara geyeri  Insecta Rallus aquaticus Aves
Polyommatus carmon Insecta Pseudochazara Rana macrocnemis Amphibia
Insecta
mamurra
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Species Taxa  Species Taxa  Species Taxa
Raphanus raphanistrum  Plantae Sherardia arvensis Plantae Sympecma fusca Insecta
Regulus ignicapilla Aves  Silybum marianum Plantae Sympetrum flaveolum Insecta
Regulus regulus Aves  Sitta krueperi Aves  Sympetrum meridionale  Insecta
Reseda lutea Plantae Sitta tephronota Aves  Syrichtus poggei Insecta
Rhaphigaster nebulosa Insecta Smilax aspera Plantae Tetraogallus caspius Aves
Rhododendron luteum Plantae Solanum nigrum Plantae Thalasseus sandvicensis ~ Aves
Rhodospiza obsoleta Aves  Solanum villosum Plantae Thinopyrum
. . Plantae
intermedium
Ricinus communis Plantae Sonchus oleraceus Plantae
Tilia tomentosa Plantae
Robinia pseudoacacia Plantae Sorghum bicolor Plantae
Tordylium apulum Plantae
Rosa canina Plantae Spartium junceum Plantae
Trachystemon orientale  Plantae
Ruscus aculeatus Plantae Spermophilus
Mamma )
xanthoprymnus Tribulus terrestris Plantae
Salvia sclarea Plantae
Speyeria aglaja Insecta Trifolium campestre Plantae
Salvia verbenaca Plantae
Spilostethus pandurus Insecta Trifolium cherleri Plantae
Salvia verticillata Plantae
Stachys cretica Plantae Trifolium fragiferum Plantae
Salvia viridis Plantae
Stachys lavandulifolia Plantae Trifolium hirtum Plantae
Sambucus ebulus Plantae
Stercorarius parasiticus  Aves  Trifolium purpureum Plantae
Santolina
) Plantae ) o )
chamaecyparissus Sternbergia lutea Plantae Trifolium resupinatum Plantae
Sarcopoterium spinosum  Plantae  Strix aluco Aves  Trifolium spumosum Plantae
Scandix pecten-veneris Plantae Styrax officinalis Plantae Trifolium stellatum Plantae
Sciurus anomalus Mamma Sus scrofa Mamma Tringa erythropus Aves
Scolopax rusticola Aves  Sylvia borin Aves  Tringa stagnatilis Aves
Scolymus hispanicus Plantae Sylvia melanocephala Aves  Trithemis annulata Insecta
Sedum album Plantae Sylvia mystacea Aves  Trithemis arteriosa Insecta
Senecio vulgaris Plantae Sylvia ruppeli Aves  Trithemis festiva Insecta
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Species Taxa  Species Taxa  Species Taxa
Tyto alba Aves  Viburnum tinus Plantae Vinca major Plantae
Urtica dioica Plantae Vicia eriocarpa Plantae Viscum album Plantae
Urtica urens Plantae Vicia ervilia Plantae Vitex agnus-castus Plantae
Vanellus spinosus Aves  Viciafaba Plantae Vitis vinifera Plantae
Verbascum sinuatum Plantae Vicia hybrida Plantae Xanthium spinosum Plantae
Veronica cymbalaria Plantae Vicia lutea Plantae Zelus renardii Insecta
Veronica multifida Plantae Vicia narbonensis Plantae Zerynthia cerisy Insecta
Veronica persica Plantae Vicia orientalis Plantae Zerynthia deyrollei Insecta
Vespa orientalis Insecta Vicia peregrina Plantae Zizeeria karsandra Insecta
Viburnum lantana Plantae Vicia sativa Plantae Ziziphus jujuba Plantae
Viburnum opulus Plantae Vicia villosa Plantae
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