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ABSTRACT

MODELING THE CURRENT AND FUTURE RANGES OF TURKISH
PINE (PINUS BRUTIA ) AND ORIENTAL BEECH ( FAGUS ORIENTALIS )
IN TURKEY IN THE FACE OF CLIMATE CHANGE

Yal -én, Semra
M.Sc., Department of Geodetic and Geographic Info. Technologies
Supervisor: Assoc. Prof. C.  Can Bilgin

Co-Supervisor: Prof . Dr . H. Lebnem D¢ z¢

December 2012, 98 pages

Climate change is widely recognized to have potential impacts on global biotic

and abiotic systems. One of the major impacts is expected on species
distributions. Species distribution models (SDMs) are used for estimating the
relationship between species occurrences at sites and environmental and/or
spatial characteristics of those sites. SDMs can be used to understand possible
responses of species to climate change. Despite some sources of uncertainty,
projections onto future  climate are useful and cost -effective tools for managers,
especially given the increasing urgency to inform management authorities
under the pressure of climate change. This thesis aims to model current and
potential future distributions of two economicall y and ecologically important
tree species, Turkish pine and oriental beech, in the face of climate change, and

to assess the effect of using different data sets and modeling methods in model

setups on SDM accuracy.

The BIOMOD 2 framework, implemented in t he open source software R (version

2.15.1) was used to build the distribution models . In model calibrations,
different data sets of response variables were used with ei ght different modeling
methods. Moreover, ensemble forecasting was carried out by using a

proportional weighted average of each model's predictions (trained models)
based on the AUC scores. Performances of the current predictions were

compared to 1/25.000 scale forest stand maps and evaluated using various



metrics. Future distributions for e ach species were projected according to IPCC
SRES emission scenarios A2 and B2 of the HadCM3 global circulation model.

Based on the results of the ensemble models, climatically suitable areas of
Turkish pine trees were predicted to shift to higher al titud es and toward the
north and north  eastern regions of Turkey. Potentially suitable areas for oriental
beech were expected mainly to be lost and its overall distribution was predicted

to be narrower in the future. While Turkish pine was likely to gain large
climatically suitable areas by 2080, expansion into suitable areas by oriental
beech in the f uture was predicted to be very limited. An important proportion of
habitats where Turkish pine and oriental beech currently occur were predicted

to become unsuitable in the future.

Overall, climate change is expected to have significant impacts on the
distributions of Turkish pine and oriental beech forests in Turkey. Depending
on whether fast dispersal to newly occurred suitable habitats will be possible or

not, it can be stated that serious ecological, economic and social consequences

will probably come  out.

Keywords: Climate Change, Species Distribution Models, Bl OMOD, MAXENT,

Turkish Pine, Oriental Beech



TI RKKYEODEKK KIRNUSBRWIIA() VE KAYIN ( FAGUS

ORIENTALIS ) ORMANILARININ MEVCUT VE GELECEKTE
YAYI LI LLARI NI'N kKLkKM DEK kK LMOKDLEKLKLKENNEM EGS¥kR E
Yal -én, Semra
Y¢sek Lisans, Jeodezi ve Cokrafi Bil gi
T e z néefi€isi: Assoc. Prof. C. Can Bilgin
Ortak Thetzi YPsi: Prof. Dr . H. Lebnem D¢z

Ar a l2@ZR, 98 sayfa

K¢resel i klim dekiliklikinin biyotik ve abiyo
et kileri genil-e kabul g°rmektedir. Bu etkile

t¢er dakél émlaré ¢zerinde olduku bekl enmektedi

terlerin admnlbaudédavéd araséndaki i lilkileri
uzamsal karakteristiklerini tahmin etmek i-in
terlerin kegresel i klim dekiliklikine karieé o
kullané&l abil mektedir. i Kkziemlidkdleiliklilisein ol
baské&dan dol ayé artan y°netici mercilerin
zorunluluku d¢legnegldekende, bazé belirsizlik
gel ecekteki i kl'im durumlaré ¢zerinde ya&peéelabil
ve y°neticiler i-in uygun maliyetl: ara-lar ha
ve ekol oji k odeakrearld &Mmrie@mli ik i aka- tge¢gregnegn, kézél
i imdi ki ve gelecekteki olasé& dakél é&mlarénén k
naséli kel ki ni modeldled mé&wir uv edrelka ridrkd amivei setl e
model | eme y°nteml erTDM Idwlklraud m&kyé@m ni ne etkiler

incelemeyi hedeflemektedir.

T¢e¢r dakél ém modell erii -aléité&ré&l masénda bir a-
¢czerinde -al édmn 2 Bl OMgul amas & k uMotleh n 8 | mé& |
kalibrasasyonla r € nd a, farkl é ysaent&lter d e ksid kkiezn f ar k| &

yo°ntemiyel e kulylradncél, métiotpélrul uk ( R@8meki hsi ABCt &
kal an al an )Ydeeykiekrllgekréia mee@ €81 €kl &€ ortalama (ekit|

\Y



kullané&l arak ger -Ggknlceellti mbbml | tdiercker |l endir mel e

ol - ekl i sayésal mel -ere haritalaré& ile karlil
sé&nanméiteér. Téerlerin gelecek yayél &bl aré | F
senaryol ar & ile eretil mil HadCM3 keresel i
projeksiyonlaré& ¢retil nmadddlrl.e rTiopebOugeRd8d ,t a h mi n
yell ar énda kPanzga®nr-¢/lkeany € p habitaar ibtgylekn g&d &lIrmé |
dekel en al an bRhegr klveklier s et i vV e emi syon sen
hesaplanméiteér.

Toplul uk model l erinin sonucuna gor e, kézél -a

uygun al anl ar én daha y ¢ kTs¢erkk i yebnf al daepgd®K u v e

bl gelerine, kayacaké tahmiamé&edi i misiet iprot akay &=
uygun alanlarén -okunlukla yok olacaké ve to
daralacaké/ k¢-¢l eceki tahmin edilmiltir. 2080¢
ol ar ak uygun al anl ar a sahip ol abil eceki °ng
gel ecekte bulabileceki uygun al anlmgigmng rkokki s é&n
aka- téeréeneégn de geéenegmgzdeki habitatl arénén ge
uygun ol mayan hale geleceki tahmin edilmiltir.
Genel ol ar ak, ke¢resel i klim kideké&li-ikmi kienikiay:
ormanl aré& ¢zerinde ©°nemli derecede et kil ol a
yeni oluliabilecek uygun habitatl ar a bu t erl e
ol amayacakéna dayanar ak, ciddi ekol ojik, e k

dokabil ecekimideliirr.

Anahtar Kelimeler: Kkl im DekilikIliki, Teér Dakél ém Mod

MAXENT, Kézeél - am, Kayén
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To my parents

Essentially, all models are wrong, but some are useful.

George E. P. Box
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CHAPTER |

INTRODUCTION

1.1. Climate change in Turkey

The whole Mediterranean Basin, including the Anatolian Peninsula, is
considered as one of the most vulnerable zones to climate change (IPCC, 2007).
Climate change will affect Turkey through diminishing water resources and
increasing rates of climate -relate d natural disasters and ecological degradation,
such as frequent forest fires, drought, floods, desertification, and erosion (Talu

et al ., 2011). Therefore, many sectors, including forestry, energy, tourism and

agriculture, will likely experience the impac ts of climate change.

1.1.1. Observed Changes in Climatic Variables

Advances in weather and climate observation systems, and the availability of
long-term climate data sets provide information to understand the climate
change. Wit h t hi set a.i (009) Toaduced -a study using
temperature and precipitation data of Turkish stations in the period of 1950 o}
2004. They found that Turkey experienced a general cooling trend in mean

annual and seasonal surface air temperatures from early 1960s until the m id -
1990s, generally with the lowest temperature values on 1992 01993 owing to the
eruption of Mount Pinatubo. A significant warming trend has been observed

since 1993, whereas maximums of temperature in the recorded history were

observed inrecentyears(Ta yan-, 2009) (Figure 1).
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Figure 1 Mean temperature in the period of 1950 2004 (S1 = rural and
suburban stations, S2 = large urban stations; LPF = low pass filter; 365 -day MA=
moving average signals, 365 -day) ( Tayan-, 2009)

Toros (2012) showed that a higher increase has been observed in temperatures
of the warm period compared to the temperatures of the annual and cold
periods (Figure 2) . Moreover, since the sixties, the intensity and frequency of
heat waves have increased si x to sevenfold than previously known for the

eastern Mediterranean region (Kuglitsch etal ., 2010).
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A recent study also demonstrated a general decrease in the annual number of

frost days at most stations over Turkey in the 1950 02010 periods (Erlat et al.,
2012). A significant de crease particularly between 2000 and 2010 indicates a
stronger warming during the first decade of the 21th century (Figure 3).
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Figure 3 Inter-annual and inter -decadal variations in numbers of frost days over
Turkey during the p eriod 1950 -2010 relative to the long -term average (Erlat et al.,
2012)

In the period of 1951 02004, winter precipitation in the western provinces of

Turkey has declined significantly, whereas fall precipitation has increased at

stations that mostly lie in the northern parts of central Anatolia (Dalfes etal.,

2007) . Consistent with | ocal -Ruizuetdal .e(®80]ll),accor di
precipitation has decreased in the western coastline of Turkey, despite an

observed positive trend in northern Turkey between 1950 and 2002 (Figure 4).
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Figure 4 Annual precipitation changes in the Mediterranean region between
1950 and 2002. Colors show the magnitude of changes in precipitation, in mm.
Black isolines: areas with significant trends (p < 0.05) ( Gar-Ruzatal., 2011)

Additionally, in the perio d of 1989 -2009, the amount of water potential of

Turkey was reduced from 178.15 billion to 163.79 billion m 3 due to a decrease

in surface flows (Yéldéz, 2010). Besides, 30%
|l ost since 1976 (Sarékaya & Bishop, 2010).

1.2 .2. Climate Change Projections in Turkey

In Tur keyos Nati onal Climate Change Adaptati on
(2010), projected seasonal precipitation change (%) and seasonal temperature

change (UC) were examined accordingdohd region
simulations of ECHAMS5, HadCM3 and CCSM3, the A1FI simulation of CCSM3

and the Bl simulation of CCSM3 in the 2071 -2100 period compared to the

1961 -1990 period (Talu et al., 2010).

The increases in temperature estimated by three GCMs for the same s cenario
(A2) are relatively close to each other for all seasons (Table 1). Simulations
mostly indicate larger increases in temperature in eastern Turkey than in

western Turkey.
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Figure 5 Mean temperature anomaly of the Anatolian Peninsula in the period of
the period of 2000 -2100 ( ¥ z d e mal.r201&)t

In the face of climate change, precipitation can be subject to high inter annual
and seasonal variability, with long and intense dry periods, or extreme rainfall
and floods (IPCC, 2007). Table 2 shows the projected seasonal precipitation
change (%) according to the five different simulations in 2071 -2100 period
compared with the 1961 -1990 period (Talu

agree that there will be less annual precipitation in future compared to the

et al., 2010). Simulations mainly

present day. Northern half of Turke vy is expected to experience a much bigger

decrease in summer precipitation than the southern half.



Table 2 Projected seasonal precipitation changes (%) in 2071  -2099 period over
1961 -1990 period based on different scenario sim  ulations. N indicates the

northern half of Turkey and S indicat  es the southern half of Turkey (Talu et al.,
2010)

Winter Spring Summer Autumn
Scenario GCM N S N S N S N S
A2 ECHAM5 130 -170 15 -230 -23.0 -300 -40 40

HadCM3 -25 -260 -1.0 -28.0 -480 -61.0 3.0 21.0
CCsM3 -6.0 -320 -21.0 -36.0 -33.0 -620 -6.0 -23.0
AlF CCSM3 -06 -350 -300 -470 -570 -70.0 -15 -10.0
Bl CCSM3 -06 -140 -100 -28.0 -19.0 -400 -7.0 -16.0

Future simulations with RegCM3, forced by the general circulation model
fvGCM and based on the SRES A2 emission scenario (Dalfes, 2007), showed

that in the period 2071  -2100 precipitation will likely decrease along the Aegean

and Mediterranean coasts and in  crease along the Black Sea coast of Turkey
whereas Central Anatolia shows little or no change (Figure 6 -a, and 6 -b). Most
significant decline in precipitation will be observed on the southwestern coast

while the Caucasian coastal region is expected to rece ive substantially more
precipitation. Winter precipitation is projected to decrease along the
Mediterranean coast.

The annual temperature of Turkey in the period 2071 -2100 will increase over
the whole country; especially the Aegean Region is expected to e Xperience
temperature increases up to 6 UC. Addi tionall

was estimated to be higher in the eastern half of the country during this period
(Dalfes etal., 2007) (Figure 6 -c and 6 -d).
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1.2. Climate Change Impac  ts on Forest Ecosystems

Forests are significant terrestrial ecosystems globally, covering over 30 percent
of the total land area of Earth, and providing habitat for many species and

numerous goods, benefits and services to people (FAO, 2010).

Climate play s an essential role in forest ecosystems. Observations, experiments
and models strongly indicate that climate change will alter the functioning and
structure of forest as well as forest location, composition, and productivity
(Gunderson et al., 2012; Allen et al., 2010; Linder et al., 2010; Dawson et al.,
2011; Bellard et al., 2012). Forests are specifically sensitive to climate change
because the long -life time of trees does not allow them to adapt for abrupt
change (Lindner et al., 2010). Therefore, local extinctions and loss of important

functions and services are predicted (Keene, 2012).

Furthermore, threats to forest ecosystems such as pest outbreaks, fires, storm
damage, and drought will likely become worse due to climate change (Seidl et
al., 2011). Prieto et al. (2009) conducted an experiment about effects of
droughts and warming on recovery process of a plant community after fire
disturbances. They found that drought and warmer temperature in
Mediterranean areas may affect recovery after a disturban ce due to lower level
of plant establishment and reduced growth rates. Moreover, it is expected that

fire regimes will trigger more intense attacks of insects such as bark beetles
(Hernandez, etal.2012).

As a result, climate change is expected to have n egative consequences for
organisms and people that depend on forest ecosystems. It is particularly
urgent to develop adaptation strategies, since current forest stands will suffer

from changes in climatic conditions that are projected to change extremely
throughout their | ethle20llne ( Kol str°m

There have been few studies examined climate change effects on forest s in
Turkey. One of the research, which was conducted by Nature Conservation
Centre, aimed to determine the impacts of climate change on forest areas in
Seyhan Basin located in the south of Turkey and to designate the

vulnerabilities of forest ecosystems where detrimental effects of climate change
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are expected to eba.c20k0). Olheryedennch Based on dynamic
vegetation models aimed to model possible effects of climate change major tree
species of natural Turkish forests (Fer, 2011). Moreover, Beton (2011)
conducted a study about effects of climate change on distribution of four

endemic plant species in Anatolia.

1. 3. Species Distribution Modeling

One of major impacts of climate change is predicted to be on species
distributions  (IPCC, 2007). Climate is an important determinant of species
distributions. It sets the limits to the distribution of species at the regional to
global levels (Meier et al., 2012). Thus, changing climate has a profound
influence on species ranges (Pearson & Dawson, 200 3). Under changing
climatic conditions, species may adapt to new conditions on site, shift their

distributions, or go extinct (Parmesan 2006; Massot et al. 2008).

Species distribution models (SDMs) estimate the relationship between species
presence records at sites and the environmental and/or spatial characteristics

of those sites (Franklin, 2009). They have become an important tool in ecology,
biogeography, evolution , and conservation biology (Guisan & Thuiller 2005).
SDMs have been used to project the po tential effect of climate change on
species distributions for more than a decade now (Eeley et al ., 1999; Beaumont
& Hughes, 2002; Neilson et al ., 2005; Renwick etal., 2012).

There are four steps followed in the modeling process for SDMs (Figure 6). The

first step is to collect, process, error -check and format the data that are
necessary as input. After preparation of occurrences and environmental
variables, the next step is to use a modeling algorithm
ecological niche as a function of environmental variables. In this step, model
calibration, including selecting suitable model parameters, evaluating trained
models with statistical methods and setting thr eshold for binary prediction,

takes place.

11



The next step is to project the prediction and to evaluate how well the model
predicts independent data. The last step is to transfer modeled conditions to
predict environmental suitability across a new region o r for a different time

period (e.g. under future climate simulations) (Peterson etal ., 2011).

Many habitat modeling methods are available to simulate spatial distribution of
a species (Table 3). Deciding on which modeling method to use in any given
situat ion should be based on the available biological and environmental data

and the end use purpose of the model (Wintle et al., 2005).

There are three main levels of biological data used in species distribution

modeling: presence -only, presence dabsence and pr esence-pseudo absence data.
Presence-only data are the most common form of observation data, and are

usually available from museums and herbaria, atlases, species lists, incidental

observation databases and radio  -tracking studies (Pearce & Boyce, 2006). Th e
problem of t hoen | &y @dr edsaetnac ei s t hat observations
tend to be biased toward towns and roads and the variation in survey effort

between different environments and geographical areas cannot be controlled or

adjusted in model fitting (Wintle et al., 2005). Since reliable absence data often

are not avail-absencépdedddba are usabskncd nstead
data is a set of localities chosen from the study area that are used in place of

real absence data (Pearson, 2007).

12
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Modeling algorithms used commonly in species distribution modeling are
classified into three main groups: envelope, machine learning and regression
based algorithms. Examples of climate envelope methods are BIOCLIM and
surface range envelope (SRE). BIOCLIM is an envelope method that identifies
all areas that exhibit similar climate profiles to the occurrence locations of the
species (Pearson, 2007). SRE is similar to BIOCLIM. It produces a climatic
envelope based on data within defined percentiles (e .g. 5-95 % percentile) of the
maximum and minimum range for each predictor variable (Beaumont &
Hughes 2002). In both BIOCLIM and SRE, v ariable interactions are not

considered; thus they are primarily useful for estimation of ranges but not for

more detail ed maps of species distribution (Beaumont et al ., 2005). Moreover,
all envelope methods are sensitive to missing data and spatial error (Wintle et
al., 2005).

Examples of machine learning techniques are artificial neural networks (ANN),
classification tree  analysis (CTA), generalized boosting model (GBM), random
forest ensemble classifier (RF), and maximum entropy (MAXENT). Artificial
neural networks (ANN) is an advanced and powerful rule -based modeling
technique, inspired from the structure, processing and learning ability of the
brain (Manel et al., 1999). An ANN contains an input layer, predefined hidden
layers (intermediate) and an output layer, composed of independent neurons

and connected each other (Ripley, 1996). In a feed -forward neural network,
each layer use previous layer as inputs of multivariate functions to generate the
outputs (Marmion et al., 2009) . To avoid overfitting in neural networks, a
predefined cross -validation method is implemented. Once the complete network

is built, different weigh ting factors of the multivariate linear functions are
chosen by minimizing the quadratic error of the estimate (Marmion et al.,
2009). Their robustness to noisy data and their ability to represent linear and

non -linear functions are some of the advantages of ANN. However, tuning the
parameters requires great knowledge and effort that make ANNSs difficult to use
(Lorena etal., 2011).

Classification tree analysis (CTA) is a rule -based method that generates a
binary tree through a recursive data -splitting tech nique, iteratively creating

homogenous subgroups (Breiman etal ., 1984; Venables & Ripley, 2002).

14



Each split is based on a single variable, while the goal is to minimize variance
within each group (Roberts & Hamann, 2012). Cross -validation is used to
prun e the tree by balancing the number of terminal nodes and the explained
variance (Breiman et al., 1984; Miska & Jan, 2005) . The advantage of CTA is
that it allows capturing of non -additive behavior and complex interactions
(Marmion etal., 2009). However, C TA has a tendency to produce overly complex
models that lead to spurious interpretations (Breiman etal., 1984).

Random forest (RF) (Breiman, 2001) is a machine learning method that
generates multiple trees with bootstrapping technique using randomly sele cted
subsets of the observation and predictor variables. Final predictions either
average probabilities over multiple classification trees or tally them using a

voting system (Prasad et al. 2006). A selective algorithm limits the number of
implemented para meters in each tree. Despite the number of trees employed in

the combination, RFs do not overfit (Breiman, 2001). RFs have been successful

in a wide range of applications (Cutler etal ., 2007).

Generalized boosting method (GBM) is a non  -parametric technique that is
highly efficient in fitting the data (Ridgeway, 1999; Friedman, 2001). It used
boosting technique that is a numerical optimization for minimizing a loss
function (such as deviance) by  adding at each step a new tree that best reduces
the loss function (Ridgeway, 1999; Elith et al ., 2008). Environmental variables
are input into a first regression tree, which maximally reduces the loss
function. For each following step, the focus is on the residuals. For example, at
the second step a tree is fitted to the residuals of the first tree. The model is

then updated to contain two trees, and the residuals from these two trees are

calculated. The sequence is repeated as long as necessary (Elith et al., 2008).

MAXENT uses the principle of maximum entropy on presence -only data to
estimate a set of functions that relate environmental variables and habitat
suitability in order to approxi mate the
distribution (Phi llips et al. 2006). It is a discriminative modeling technique,
meaning it fits species occurrences relative to available habitat in a model as
uniform as possible between two probability densities (the single constraint

that the mean of the function for ea ch variable and the mean of the observed

15
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data defined in feature space  (Elith et al. 2011). Although MAXENT was
designed to use presence -only data, it also performs well when compared to
presence dabsence procedures that utilize both real and pseudo -absence data
(Elith etal. 2006).

Examples of regression based techniques are flexible discrimination analysis

(FDA), generalized linear model (GLM) and generalized additive model (GAM).

FDA is a supervised discriminant analysis and an extension of the well -know n
linear discriminant analysis (Hastie et al., 1994). It uses a nonparametric
regression method for classification of predictors and a mixture of normals for
obtaining a density of estimation for each class. In contrast to linear
discriminant analysis, it uses a mixture of Gaussians to model a class rather

than a single Gaussian (Hastie  etal., 1994).

Generalized linear models (GLM) are mathematical extensions of linear models
which are capable of capturing nonlinear relationships via a link function
(Guisan & Zimmermann, 2000). They provide a less restrictive form than
classic multiple regressions by providing error distributions for the dependent
variable. In the case of nonlinearity of the response with a predictor variable, a
transformation takes place  where polynomial terms allow for the simulation of
skewed and bimodal responses, functions or hierarchical sets of models. An
automatic forward stepwise procedure is used to compute the best model by
minimizing the Akaike information criterion (AIC) value or the Bayesian
information criteria (BIC) to reduce redundancy in variables and (most of time)
multicollinearity (Thuiller, 2003).

Generalized additive models (GAM) are nonparametric extensions of GLM, using
smoothing equations to generalize the data and fit to local data subsets (Guisan
& Zimmermann, 2000). The smooth functions are computed independently for
each explanatory variable and added to construct the final model. The step

forward variable selection of GAM is generally based on AIC (Thuiller, 200 3).
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1.3.1. Ensemble Modeling

One difficulty with the use of species distribution models is that the number of
techniques available is large and is increasing steadily, making it difficult to

select the most appropriate methodology for research needs (El ith et al., 2006;
Heikkinen et al., 2006; Marmion et al. 2009). The performance of individual
SDMs varies widely among methods and species (Elith et al. 2006). For those
reasons, when models are used to project distributions of species into
independent situations, which is the case for projections of species
distributions under future climate change scenarios, making the choice of an
appropriate model is  even more difficult (Pearson et al., 2006; Thuiller, 2004,
Ara¥% o et al., 2005).

A solution for this inter -model variability is to use ensembles of forecasts by
simulating across more than one set of initial conditions, model classes, model
parameters, an d boundary conditions (Ara¥“% o &
resulting range of uncertainties with bounding box, consensus and
probabilistic methodologies rather than lining up with a single modeling
outcome (Ara¥%hj o & New, 2007) . C mite sesuftssoll s
different methods, alternative parameterizations of the same method, or

multiple iterations of stochastic methods provide a composite robust estimate

met ho

of potential speciesd distributiebah.2009.Ar a¥%j o &

1.3.2. Eva luation of Models

One fundamental issue in the development of distribution models is the
assessment of predictive accuracy (Guisan & Thuiller 2005; Barry & Elith
2006). An assessment of model performance can also provide a basis for
comparing alternative m odeling techniques (Loiselle et al. 2003; Segurado &
Araujo 2004; Pearson et al. 2006) and enables the user to investigate how
different properties of the data and/or the species affect the accuracy of
predictive maps generated by the model (Kadmon et al., 2003; Segurado &
Araujo 2004; Reese et al. 2005). There are different evaluation methods of

SDMs which are currently used in SDMs studies.
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Confusion Matrix : Models generating presence dabsence are usually evaluated

by comparing the predictions with a set of validation sites and constructing a
confusion matrix that records the number of (a) true positive, (b) false positive,

(c) false negative and (d) true negative cases predicted by the model (Table 4).

Table 4 Confusion matrix (n is the overall number of cases).

Validation data set

Presence Absence
Model Presence a b
Absence c d

Overall accuracy : One simple measure of accuracy that can be derived from the

confusion matrix is the proportion of correctly predicted sites (eqn. 1).

a+d
Overall accuracy = Q)
Sensitivity & Specificity : Two alternative measures that are often derived from
the confusion matrix are sensitivity and specificity. Specificity is calculated as
the ratio of correctly predicted absences to the total number of absences (eqgn.
2), and sensitivity as the ratio of corr ectly predicted presences to their total
number (eqgn. 3).
Specificity = d 2
pecificity = 7—— @3]
Sensitivity = — 3)
ensitivity = Py

18



False Positive Rate (Type | Error): False positive rate is calculated as the

proportion of false positive predictions versus the number of actual negative

sites, which equalsto 1 - specificity (egn. 4).

d
Fal iti te = —— 4
alse positive rate p 4)

Receiver Operating Characteristic Curve:  The area under the ROC curve (AUC)

is often used as a single threshold  -independent measure for model performance

(Fielding & Bell 1997). ROC curves are constructed by using all possible

thresholds to classify the scores into confusion matrices, obtaining sensitivity

and specificity for each matrix, and then plotting sensitivity against the
corresponding proportion of false positives (¢
value is independent from prevalence and considered a highly effect ive measure

for the performance of ordinal score models (Allouche et al., 2006). The range of

AUC is from 0 to 1. A model providing excellent prediction has an AUC higher

than 0.9, a fair model has an AUC between 0.7 and 0.9, and a model is

considered poor if its AUC is below 0.7 (Swets, 1988).

True SKill Statistic:  The true skill st atistic (TSS), an established approach for

assessing the accuracy of weather forecasts, compares the number of correct
forecasts, minus those attributable to random guessing, to that of a

hypothetical set of perfect forecasts (eqn.5).

TSS = sensitivity + specificty — 1 5)

It takes into account both omission and commission errors and success as a
result of random guessing, and ranges from -1 to +1, where +1 indicates perfect
agreement and values of zero or less indicate a performance no better than

random.
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1.4. Aimofthe S tudy

Forest ecosystems are one of the most important terrestrial ecosystems.
However, climate change is anticipated to affect forests by altering both forest
processes and biodiversity and in doing so change forest location, composition,
and productivity. It is urgent to integrate possible effects of climate change on
forest ecosystems into conservation plans/strategies. In order for this
integration to occur, reliable information on how species will be affected from

climate change is required.

This study aims to model current and potential future distributions of two
economically and ecologically important tree species, Turkish pine ( Pinus
brutia, in Turkish K& z € ) and @riental beech ( Fagus orientalis, in Turkish
K a y g in the face of climate change, a nd to assess the effect of using different
data sets and modeling methods in model setups on species distribution

models accuracy.
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CHAPTER I

MATERIAL AND METHODS

2.1. Studied Species

2.1.1. Turkish Pine (Pinus brutia)

Turkish Pine, Pinus brutia , is a fast growing tree species found especially in
Eastern Mediterranean region: Turkey, Greece, Cyprus, Syria and Lebanon. A

few small populations can be found in Iran and Irag and around the Black Sea:
Georgia, Russia and Ukraine (Figur e 7). More over, one of the variety (var.
eldarica ) is found in Afganistan. Most of its distribution is found in Turkey
(Boydak et al ., 2006).

S gt j
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Figure 8 Current distribution of Turkish pine (source: EUFORGEN 2009,
www.euforgen.org )
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In Turkey, Turkish pine forms extensive forests, especially in regions where the
Mediterranean climate prevails. Main distribution of Turkish pine lays out the
areas where hot/very hot summers and mild winters, year -round temperate
effect of the sea air an d moderate rainfall concentrated in the winter months

are. Moreover, it is commonly found in fire -related ecosystems of the eastern
Mediterranean region. It has not any soil type preferences; it can grow all on all
types of soil. Generally it is found in p ure stands, besides some regions it is
also found in mixed stand with cedar, black pine and juniper (Boydak et al.,
2006; Atalay etal., 1998).

I n Mediterranean region of Turkey, it is dis
where it is generally found below 130 0 m a.s.l. with some exceptions; for

example in Anamur -Sar édana regi on, it i -$650frmo unn d up t
southern aspects of Taurus Mountains, it can be found in areas where the sea
maritime influences reach through valleys; for example through Seyhan Val ley

to north Feke, or through G°ksu River to Mut.

in parts of Southeastern Anatolia, for instanct
and Adé ybBoydaknetdl., 2006, Atalay etal. 1998). In the Aegean region, it
shows a wide dis tribution from sea level up to 800 -1000 m. Following Gediz,
Beyek Mender es, and K¢-¢k Menderes vall eys, t

Anatolia. In Thrace, it is found along the northern coast of the Marmara Sea

(Kel an and Gelibol u) wbm(Boydaktetay.r2006,sAtaap ett o 4 0
al. 1998). Along the coasts and valleys of the Black Sea region, it is found up to

800-1000 m altitude. Especially it occurs along the Kelkit, Yenice and Sakarya

valleys. In Kelkit valley, it is found as pure stands up t 0 600 m altitude and as

mixed stands between 600 -800 m altitudes ( Boydak et al., 2006). Overall, the

elevation range of Turkish pine varies according to the region: in the

Mediterranean region, 0 381500 m; in the Aegean region, 0 81000 m; and in the

Black Sea region, 0 6600 m ( Boydak et al., 2006, Atalay etal. 1998).

Turkish pine is the most widely distributed coniferous species in Turkey,
covering 5.4 million hectares (OGM, 2006). It is an important forest tree species
in Turkey for both economic and ecologi cal reasons. Itis valuable for its timber

products as well as for soil stabilization and as wildlife habitat.
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The wood of these Mediterranean pines is used for many purposes:

construction, industry, carpentry, firewood and pulp.

There are different comm on names used for Pinus brutia such as Turkish red
pine, Turkish pine and  Calabrian pine. Throughout this study, Turkish pine is

used for refering Pinus brutia .

2.1.2. Oriental Beech (Fagus orientalis)

The oriental beech, Fagus orientalis , is a temperate deciduous tree in the beech
family Fagaceae. It is a shade tolerant climax species that occur in Turkey, the
Caucasus, northern Iran and the parts of south -eastern Europe (Figure 8). Its
core distribution starts near the Bulgarian -Turkis h border, expands eastward
through the Northern Anatolian Mountains and extends north along the

coastline of the Black Sea until the Crimean Peninsula (Atalay, 1992).

I — T
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Figure 9 Distri bution of Oriental beech (Source: EUFORGEN 2009,

www.euforgen.org.)



In Turkey, the species is distributed in northern Thrace and south of the
Marmara Sea, and throughout the Black Sea Region, where it is possible to find
oriental beech both in pure and m ixed stands with conifers and other

deciduous broadleaved trees.

There are also isolated natural populations on the northern aspects of the
Murat Mountains in the inner Aegean Region as well as in the Amanos

Mountains in the eastern Mediterranean Region ( Atalay, 1992).

The optimum elevation for oriental beech is between 700 and 1200 m whereas

it can be found between 0 and 2000 m a.s.l. Aspect is an important topographic

factor for oriental beech as it usually occurs in northern and north -eastern
aspects with a medium slope. It is vulnerable against extremes of low and high
temperatures. Therefore, dry summer months and early/late frost are the main
constraints for its distribution (Atalay, 1992). Furthermore, the other constraint

for its distribution is R hododendron, a competitive species in the Black Sea
Region where human caused disturbances have enhanced its spreads, further
constraintsthe occurrence of &bEsemc2006). Kspecialgirzits early
years, oriental beech cannot compete with a lay er of dense rhododendron.

This species covers some 1.7 million ha in Turkey, and is an economically
important tree species with more than 6 million m3 annual wood production
increment (OGM, 2006). As a one of the dominant forest species in Turkey,

oriental beech has a wide range of uses in forest industry (Atalay, 1992).

2.2. Spatial Scale: Extent and Resolution

Spatial extent of this study encompass es the whole of Turkey, placed between

26A45A E longitwdeAamNd | ad6Atude. Turke?dof covers
land surface with highly diverse geographical and environmental features. The

spatial resolution used was 1 km 2, a value that is considered  sufficiently fine to

identify environmental differences and forest distributions at the regional scale

(Pearson et al ., 2003). The cell (pixel) size for all GIS raster datasets was set as

1] 1 km.
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2.3. Data Collection and Preparation

Two types of data are required to build species distribution models: species
occurrence/absence data and raster formatted GIS datasets summarizing
environmental variables. This section outlines the steps for collecting and
proc essing data used in the models. All data preparatio n was carried out with
ArcGIS Desktop v: 10.1  (ESRI Inc., Redlands, CA).

2.3.1 Species Occurrence Data

Species occurrence data, also called response variables, are point localities
defined by x and y coordinates that specify the geographical distribution of a
species. It is used in the training and testing of the species distribution models

that were sampled on the principle that selected samples should represent all
environmental diversity of targeted species distribution and they should be far

enough to one another to exclude possible auto  -correlation between them.

1:25.000 scale digital forest stand maps for Turkish  pine and o riental beech
were obtained from the General Directorate of Forestry, and used for extracting
response variables. These maps are h  ighly accurate and rely on 1:15,000 scale
air photos and field observations by forestry personnel. They show a species as
present when it has 10% or more crown closure (which approximates

abundance) in a stand.

The following working scheme was used for the both Turkish red pine and
oriental beech (Figure 9). Polygons of stand maps were converted to raster data
to avoid unequal sampling intensity of species occurrence. Firstly, all polygons

of stand maps were aggregated for reducing processing time. After this, stand
maps were intersected with a vector grid that was snapped with the raster data

at a resolution of 1] 1 km.
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For each grid cell, areas occupied by each species were calculated and grids
t hat were covered by a species on more
selected. Those selected grids wer e assigned as presence of the respective

species.

Figure 10 Converting stand polygons into a raster layer

Occurrence data were derived from the presence data as randomly selected 500
points for each species. The selection of po  ints was adjusted to be at least 5 km

apart for eliminating the autocorrelation between points (Figure 10).

Figure 11 Randomly selected presence data of both species
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