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Abstract

This study uses presence data and bioclimatic variables to predict distribution areas of the
Pinus brutia Ten., the pine species with the most significant natural distribution in Turkey.
The modeling was performed using the SSP2-4.5 and SSP5-8.5 scenarios based on the
HadGEM3-GC31-LL model, both current and future distributions. In addition, change
analysis was conducted to determine the changes that will occur over the years in the
potential distribution areas of the species. In addition to bioclimatic variables, the model
incorporated elevation, NDVI, human footprint, slope, and aspect as environmental lay-
ers. The model’s performance was evaluated to determine its effectiveness, and the values
in the area under the curve (AUC) from the receiver operating characteristics (ROC)
were analyzed. A Jackknife test was conducted to assess the contribution of each variable
included in the study to the model’s performance. The study found that, the SSP2-4.5
scenario shows a slight increase in suitable areas over time, with “not suitable>suitable”
regions increasing from 8.91 to 9.11%, while the SSP5-8.5 scenario indicates a net gain
of suitable areas by 1.07% despite a 1.94% increase in unsuitable areas from 2081 to
2100. Consequently, Red Pine might experience less competition and have better expan-
sion opportunities.
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Introduction

Climate encompasses the long-term weather patterns of a region, acting as a primary driver
of species distributions by influencing their physiological limits and shaping the ecosys-
tems they inhabit (Thomas 2010). Climate change, driven by human activities, is causing
significant alterations to these patterns, leading to shifts in species ranges and potential dis-
ruptions to ecological communities (Thomas 2010). It is widely recognized as the preemi-
nent environmental issue of our time (Huggel et al. 2022), manifesting as shifts in average
temperatures, altered precipitation regimes, and increased frequency of extreme weather
events (Misiou and Koutsoumanis 2022; IPCC 2022b). These changes impact the living
conditions of all organisms, threatening the ecological and biological assets of natural eco-
systems (Barik et al. 2023; Pecchi et al. 2020). As forest ecosystems play a crucial role in
mitigating these impacts (Bellard et al. 2012; IPCC 2022a). Understanding how tree species
distributions might respond to future climate change is essential for developing effective
conservation strategies.

According to the Sixth Assessment Report (AR6) of the Intergovernmental Panel on
Climate Change (IPCC), temperatures are rising on a global scale (IPCC 2022a). In addition
to adversely impacting species distributions, climate change—the most significant environ-
mental challenge we face today—threatens both species and genetic diversity, putting many
species at risk of extinction (HamadAmin and Khwarahm 2023; Zhao et al. 2020). The
increasing global temperatures could result in the extinction of crucial species native to for-
est regions (Friend et al. 2014). In these circumstances, it is crucial to identify the changes
species may undergo due to the likely impacts of global warming, in order to develop sus-
tainable strategies for their conservation and prevent their extinction (Ncube et al. 2020).
Turkey, distinguished by its diverse climatic and ecological attributes, serves as the natu-
ral habitat for flora from three significant phytogeographical zones: Mediterranean, Euro-
Siberia, and Irano-Turanian (Stvacioglu and Oner 2010; Tiirkes 1998). Semi-humid Aegean
and Mediterranean regions, which lack sufficient water, are expected to be among the worst
affected by the rise in temperature (Sivacioglu and Oner 2010; Tiirkes 1998).

Mediterranean forests offer numerous essential ecosystem services and goods that are
crucial for human societal resilience. Therefore, protecting them from the impacts of cli-
mate change is vital (Mechergui et al. 2021). Species in Turkey will respond in various ways
and to different extents to changes in climate and shifts in climatic regimes—such as pre-
cipitation, evaporation, and temperature patterns—which is likely to disrupt the structure,
composition, productivity, and geographical distribution of many ecosystems (Kumar 2012;
Marchant and Hooghiemstra 2004; Y. L. Wang 2012). The evolution and growth of trees,
species distributions, seasonal variations, invasive species issues, and the relative decline
or even extinction of specific species are all considered as consequences of climate change
(IPCC 2022a). However, most of these ecological changes may only become visible in the
decades and centuries following climate change (Chiarenza et al. 2023; Neale et al. 2023).

It is possible to identify potential distribution areas of a species by machine-learning
methods and bioclimatic data (Arslan et al. 2020; Climent et al. 2021). Several species
distribution models (SDMs) are used to predict distribution areas or understand ecological
issues. Forest management strategies can be more realistic using climate-based SDMs to
understand which tree species will tolerate the effects of climate change (Sandoval-Martinez
etal. 2023). Recent studies evaluating species distribution models (SDMs) confirm that flex-
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ible, nonparametric algorithms like MaxEnt, Random Forest (RF), and Boosted Regression
Trees (BRT), which deliver high AUC scores and spatial adaptability crucial for mapping
species under climate variability, consistently outperform simpler traditional regression-
based methods such as Generalized Linear Models (GLM) and Generalized Additive Mod-
els (GAM) in presence-only data scenarios (Ahmadi et al. 2023; Yudaputra, Astuti, and
Cropper 2019; Valavi et al. 2023). To control model complexity and prevent overfitting,
MaxEnt employs regularization parameters such as feature classes and regularization mul-
tipliers to reduce biases in occurrence datasets effectively and makes geographic extrapola-
tion easier (Amindin et al. 2024; Valavi et al. 2021; Soley-Guardia, Alvarado-Serrano, and
Anderson 2024). This capability is crucial for species with restricted distributional data. For
this reason, the MaxEnt program was employed in the present study.

According to Turkey’s forest inventory data, the Turkish Red Pine (Pinus brutia Ten.) is
the species that have the most extensive distribution in Turkey, with a natural distribution
over 5.215.292 hectares. The species accounts for almost 40—50% of the afforestation work
carried out in the country (OGM 2021). A member of the Pinaceae family, the Pinus brutia
Ten. is naturally distributed in Turkey, Greece, Syria, Lebanon, Iraq, and Cyprus where the
Mediterranean climate predominates with its arid, semi-arid, humid, and semi-humid char-
acteristics (Yaltirik and Efe 2000). The species is also encountered in certain parts of the
Western Black Sea region which have microclimates that show similarities with the Medi-
terranean climate. Also, its high-quality timber, rapid growth, and resilience to drought, the
many uses of its wood, the limited demands it makes on its surroundings, its ability to resist
fires, and other similar qualities have made the Pinus brutia Ten. one of the most used spe-
cies in afforestation efforts in Turkey (Oktem 1987; Yaltirik and Boydak 1993).

Despite the critical role of Pinus brutia Ten. in Turkey’s forest ecosystems, there is limited
knowledge on how its distribution might shift under future climate conditions, especially
in response to diverse climate scenarios. This study fills a gap by using species distribution
modeling (SDM) to provide high-resolution projections of Pinus brutia Ten.’s potential
habitat across varying climate futures. This study intends to map current and projected dis-
tributions using the MaxEnt algorithm and climate data. This will provide new information
on species resilience in the Mediterranean and semi-humid Aegean regions most vulnerable
to climate impacts.

The species’ distribution areas were modeled for 2041-2060 and 2081-2100 under SSPs
scenarios. The research questions are as follows:

1) What is the current and future potential distribution of Pinus brutia Ten in Turkey?

2) How can the future distribution of Pinus brutia Ten. be altered?

Materials and methods

Occurrence and environmental data

The coordinates of 108 points selected to represent the natural geographical distribution
area of the Pinus brutia Ten. in Turkey were obtained from the Biological Diversity and
Non-Wood Forest Products Database, GBIF, and previous literature records (OGM 2021,

Davis 1965; GBIF 2024). These points were then indicated in the WGS84 coordinate sys-
tem using Google Satellite Hybrid base maps with a high spatial resolution of 5 m to clarify
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the presence data accuracy accessed in ready form via the latest version of the QGIS pro-
gram, version 3.34.11 (QGIS 2024) (Fig. 1).

The WorldClim version 2 database was used to model the current and predicted potential
distribution areas for the future (Fick and Hijmans 2017). The bioclimatic variables with a
spatial resolution of 30 s (about 1 km?), Wordclim data, and Digital Elevation Model (DEM)
obtained with the exact resolution used to identify the current distribution were downloaded
from https://worldclim.org/data/bioclim.html (Hijmans et al. 2005). The slope and aspect
were created from the DEM and used as an environmental layer. Accordingly, the human
footprint map was used to develop the prediction model. These maps provide insights into
human pressures, aiding in monitoring environmental changes and highlighting factors that
can disrupt ecological systems (Venter et al. 2016; Oriicii et al. 2023). The human footprint
data was sourced from the NASA Socioeconomic Data and Applications Center (SEDAC)
in GeoTIFF (.tif) format, featuring a resolution of 1 km? (Venter et al. 2018). In addition, the
Normalized difference vegetation index (NDVI) was obtained from the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS) and used to improve the model.

The latest version of HadGEM, the HadGEM3-GC31-LL climate model, was used to pre-
dict Pinus brutia Ten’s future distribution area. The present study uses SSPs climate change
scenarios referred to in the AR6 for potential future predictions of the species. According to
the purposes of the study, the SSP2-4.5 and SSP5-8.5 scenarios for the periods 2041-2060
and 2081-2100 were selected.

Modelling

To resolve the issue of multicollinearity (Zhang and Liu 2017), R was used to apply the
Pearson correlation test to 19 bioclimatic and environmental variables for the presence data
and background locations. Based on the result of this test, one of those variables with a
correlation coefficient of (r)+=0.8 was removed from the model (Cao et al. 2016; Yang et al.
2013) according to the ecological relevance.
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Fig. 1 Study area and presence data for the species
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MaxEnt 3.4.1 version was performed with the occurrence data of Pinus brutia Ten. The
random test percentage was defined as 25% (27 items), and the training data represented
75% (81 items) of the occurrence data. The replicated run type was chosen as a ‘crossvali-
date’. The number of replicates was set as 10. ‘Linear,” ‘quadratic,” threshold, and ‘hinge’
modeling procedures using 10,000 background points as random selection to create the best
performance to model current and future distribution (Barry and Elith 2006; Pearson et al.
2007; Elith et al. 2011). Response curves were created, and the regularization multiplier
value was set as 0.5. The model’s performance was evaluated to determine its effectiveness,
and the values in the area under the curve (AUC) from the receiver operating characteristics
(ROC) were analyzed (Y. Wang et al. 2007). The AUC value derived can be interpreted as
the estimated probability of selecting a random grid cell within a properly adjusted model.
AUC measures model success across thresholds. I[f AUC>0.5, it outperforms random esti-
mation (Phillips and Elith 2010). AUC values closer to 1 indicate better model sensitivity
and separation (Zhao et al. 2018). AUC>0.9 shows excellent performance, 0.9>AUC>0.8
signifies good performance, and AUC<0.8 reflects poor performance (Gasso et al. 2012;
Coban, Oriicii, and Arslan 2020). In this study, the Jackknife Test, which enables assessing
the significance levels for each independent variable, was used to assess the contributions of
various environmental variables (Shcheglovitova and Anderson 2013).

The presence of a species is indicated by a value between 0 and 1 for the prediction
model. The value is closer to 1 represent the higher potential habitat for the species in
the area. Choosing thresholds involves three factors: discriminative capacity, comparabil-
ity, and objectivity, as exemplified by prediction studies rely on specificity, sensitivity, and
mission error to set thresholds, with current errors including omission and commission,
while the former excludes commission errors. The current has been performed by the MTTS
(maximum training sensitivity plus specificity) corporate with three factors of criteria selec-
tion (Bai et al. 2022; Liu et al. 2019). MTTS, projected area, threshold value, and balance
training omission were applied to reclassify the MaxEnt outputs into not suitable and suit-
able habitats using the ‘Reclassify tool’ of 3.34.11 software. Then, the current and future
optimal habitats were examined as km? under the climate change scenarios. In the potential
distribution maps developed for the present and the future, the areas were classified accord-
ing to their suitability for the distribution of the species as represented in MTTS.

Change analysis was conducted to compare the current potential distribution area with
the predicted distribution areas using the intersection tool of QGIS 3.34.11 software. Distri-
bution areas were calculated in km?> and change maps were created. In this way, the extent
and direction of the changes in the predicted distribution areas were calculated by compar-
ing them against current suitability.

Results and discussion

According to the Pearson correlation test, BIO3, BIO7, BIOS, BIO10, BIO16, BIO17, BIO
18 and elevation, aspect, slope, NDVI and human footprint were used in the model (Fig. 2).

In Fig. 3, the AUC values indicate that the training data achieved a high result of 0.968,
while the test data yielded an acceptable score of 0.931. This suggests that the model is both
sensitive and descriptive.
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Fig. 3 Average omission and reliability of the prediction of Pinus brutia Ten

Table 1 presents the replicated MaxEnt model results, including training and test data
metrics, as well as the MTTS values. The MaxEnt model was executed with 10 replicates
for Pinus brutia Ten., and the results were averaged to minimize variability and provide

robust predictions.
(BIO7) achieved the most substantial gain when considered independently. As a result, it is

regarded as the most informative variable. On the other hand, the environmental variable

Figure 4 illustrates that the Jackknife test demonstrates the annual temperature range
that most significantly reduces the gain when excluded is NDVI, suggesting it holds unique

information not captured by other variables.

The model results show that MTSS was calculated as 0.108 for the thresholds for identi-
fying suitable and not suitable habitats for Pinus brutia Ten. The suitable habitat is 1-0.108,
the not suitable habitat is 0.108-0. The predicted current potential distribution map for the
Pinus brutia Ten. is shown in Fig. S5A. An analysis of the current distribution map derived

from the model outputs indicates a strong resemblance to natural distribution areas. (https:

@ Springer


https://www.euforgen.org/species/pinus-brutia/

New Forests (2025) 56:25 Page 7 of 16 25

Table 1 Replicated MaxEnt Replicates Training AUC Test AUC MTSS

results values 1 0.9673 0.9521 0.087
2 0.9692 0.9444 0.101
3 0.9673 0.9379 0.0934
4 0.9672 0.9664 0.1425
5 0.9674 0.954 0.106
6 0.9725 0.8673 0.1057
7 0.967 0.9444 0.0928
8 0.9673 0.9582 0.1006
9 0.9668 0.9522 0.1285
10 0.967 0.9317 0.124
Average 0.9679 0.9409 0.1082
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Fig.5 Current and future potential distribution areas of Pinus brutia Ten

/Iwww.euforgen.org/species/pinus-brutia/). Indeed, the distribution of Pinus brutia Ten. in
Turkey is observed to extend across extensive territories.

Examining the predicted geographical distribution illustrated in the model maps for
SSP2-4.5 during 2041-2060 (Fig. 5B) and 2081-2100 (Fig. 5C). The prediction indicates
that the distribution of the species is projected to expand towards the north, whereas suit-
able habitats in the western region are likely to diminish. Currently, identified suitable areas,
encompassing an expanse of 130,333 km?, are projected to increase to 191,562 km? by
2060. However, it is anticipated that these areas will subsequently decrease to 186,310 km?
by 2100 under the SSP2-4.5 scenario.

In the context of the SSP5-8.5 scenario, Fig. SD illustrates the period spanning from 2041
to 2060, whereas Fig. SE depicts the time frame from 2081 to 2100. The areas classified
as suitable are estimated at 180,650 km? for 2041-2060 and 157,031 km? for 2081-2100.
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Figure 6 shows the current and future distribution areas as percentages. The graph dem-
onstrates that the suitable areas are projected to expand in alignment with climate change
scenarios over time. Whereas, when examining suitable areas in the future, a reduction is
anticipated between the years 2081 and 2100.

In summary, projections indicate that the distribution area of the species is expected
to expand relative to the currently suitable regions under the climate change scenarios.
Conversely, it appears that the areas deemed unsuitable will encompass a larger expanse
under the SSP5-8.5 scenarios during the periods of 2081-2100. Predictions indicate that the
appropriate areas are projected to shift northward under climate change conditions.

Change analysis

The results illustrate the magnitude and direction of the anticipated alterations in the pro-
jected potential distribution of the species for the periods from 2041 to 2060 and from 2081
to 2100 under the SSP2-4.5 and SSP5-8.5 climate change scenarios (Fig. 7). The calcula-
tions for the period between 2041 and 2060 under the SSP2-4.5 scenario indicate a gain
of 69,552 km?, coupled with a loss of 8,323 km?. Similarly, from 2081 to 2100, there is a
reported gain of 71,103 km? and a loss of 15,127 km?.

The calculations for the period between 2041 and 2060 under the SSP2-8.5 scenario
indicate a gain of 60,456 km?, coupled with a loss of 10,140 km?. Similarly, from 2081 to
2100, there is a reported gain of 55,488 km? and a loss of 28,791 km?.

Figure 8 illustrates the percentage change across all climate change scenarios and
time frames. For the SSP2-4.5 scenario, the regions classified as “not suitable>suitable”
increased from 8,91% during 2041-2060 to 9.11% in 2081-2100. Additionally, the “suit-
able>not suitable” areas rose from 1.07% in 2041-2060 to 1.94% in 2081-2100. In the
SSP5-8.5 scenario, the areas gained between 2041 and 2060 account for 7.75%, while the
areas lost a total of 1.30%. When examining the period from 2081 to 2100, the increase in
unsuitable areas is 3.69%, compared to a gain of 7.11%.

The climate models used in this study predict a rise in surface temperatures of 3.8—
4.2 °C under the SSP2 scenario and 4.7-5.1 °C under the SSPS5 scenario by 2100 (Riahi et
al. 2017). This further emphasizes the importance of temperature variations in influencing

83%
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17% i i ﬁ 21%
1970-2000 2041-2060 2081-2100 2041-2060 2081-2100
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Fig.6 Current and future distribution areas of Pinus brutia Ten. (%) according to climate change scenarios
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shifts in species distribution. A related study indicated that by 2050, there will be a signifi-
cant reduction in the Turkish Red Pine, Cedar, Black Pine, and Juniper found in the Seyhan
Basin (Zeydanli et al. 2011). According to the findings of the community models examined
by Yalcin (2012), the regions that are climatically suitable for Pinus brutia Ten. are pro-
jected to migrate toward the northern and northeastern areas of Turkey. Furthermore, it is
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anticipated that a substantial proportion of the current habitats of Pinus brutia Ten. could
become unsuitable in the future, and climate change is expected to impact the Pinus brutia
Ten. forests in Turkey profoundly.

P. asperata will move northward from its present distribution area, whereas P. chinensis
will have a small effect on Yuan et al. (2022) predicted the future distribution of two Pinus
species: P. asperata and P. chinensis. Their research indicated that P. asperata is expected to
migrate north from its current range, while P. chinensis will experience minimal changes to
its distribution due to climate change effects. Martinez-Sifuentes et al. (2020) noted in their
study that the conservation of P. greggii populations is vital for in situ restoration efforts
under future climate conditions, as projected by the HadGEM2-ES climate model. Addi-
tionally, a study by Petrenko et al. (2022) examined the potential future impacts of climate
change on Pinus koraiensis, revealing that optimal conditions for this species may disappear
in various parts of its distribution under both pessimistic and optimistic climate scenarios.
This study is consistent with prior research regarding plant migration due to global warming
(Abdelaal et al. 2019; Arslan et al. 2020; Li et al. 2020). These studies indicate that plants
are likely to migrate to higher latitudes and altitudes. Likewise, our research suggests that
Pinus brutia Ten. habitat changes are likely to occur in the mountainous areas to Turkey’s
north, west, and east.

Finally, it is essential to recognize the assumptions and limitations inherent in SDMs
when interpreting these results. For instance, SDMs generally assume that species are in
equilibrium with their current environments, potentially leading to lag effects where actual
distributions do not reflect environmental suitability (Schatz, Kramer, and Drake 2017).
Additionally, the exclusion of biotic interactions—such as competition and predation—can
significantly impact species distributions, as these models often focus solely on abiotic fac-
tors (Kissling et al. 2012). The accuracy of SDM outputs heavily depends on the quality
of input data; biased or incomplete occurrence data can result in misleading predictions
(Soley-Guardia, Alvarado-Serrano, and Anderson 2024). Furthermore, predicting distribu-
tions under novel environmental conditions can yield unreliable projections, particularly
when extrapolating beyond the training data’s range (Porfirio et al. 2014). Lastly, many
SDMs assume unlimited dispersal capabilities, disregarding geographic barriers and spe-
cies’ inherent limitations in tracking suitable habitats, which can lead to underestimations
of habitat loss (Thomas 2010).

Conclusions

The analysis includes predictions for the years 2041-2060 and 2081-2100, revealing that the
potential natural distribution areas of Pinus brutia Ten. are expected to expand significantly.
The maximum entropy method has revealed important insights into this species’ potential
adaptations to shifting climate conditions. Considering these predictions, it becomes crucial
to focus on the ecological sustainability of the species. To safeguard the continued exis-
tence of Pinus brutia Ten., carefully examining the intersections between current and future
habitats. Identifying populations and genotypes that are most resilient to potential climate
changes can support conservation efforts. In-situ and ex-situ gene conservation techniques
should be employed as precautionary measures to ensure the species’ survival.
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A combination of factors may explain the spread of red pine to a larger area in Turkey
between 2041 and 2060. Rising temperatures and improved climatic conditions are among
the crucial drivers of this change. In the SSP2-4.5 scenario, rising temperatures from 2041
to 2060 may create favorable conditions for red pine to thrive in areas that once experienced
colder or more restrictive climates. This species can adapt to warm climates, and increasing
temperatures may expand its range.

The potential for dispersal in high altitudes and inland areas might influence its distribu-
tion. Rising temperatures may enable red pine to expand into higher altitudes and cooler
regions of Turkey’s interior. Currently, these areas have restricted ranges because of unfa-
vorable climate conditions. Nonetheless, anticipated temperature rises could enhance the
suitability of these regions for red pine.

In the SSP2-4.5 scenario, changes in precipitation patterns may occur in the Mediter-
ranean region and Turkey. Red pine, known for its resilience to arid and semiarid environ-
ments, is likely to adapt more effectively to heightened drought and shifting precipitation
distribution. As a result, more sensitive species could face decline or displacement, while
red pine may expand its distribution area.

Furthermore, red pine is a fire-resistant species that regenerates well after fires. With cli-
mate change likely escalating the frequency and intensity of fires, creating, more prominent
openings in burned areas could enhance opportunities for red pine to establish itself in these
spaces.

Climate change could hinder the survival of certain tree species or restrict their distribu-
tion. Consequently, red pine might experience less competition and have better expansion
opportunities. Species more vulnerable to rising temperatures and drought conditions may
find themselves at a disadvantage compared to red pine. In summary, this study highlights
the possible challenges Pinus brutia Ten. might encounter over the next few decades due to
climate change. By gaining insight into the expected changes in the species distribution and
emphasizing ecological conservation, we can strive to alleviate the impacts and maintain the
natural diversity of this important tree species.
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