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Abstract

Species distribution in mountain ecosystems is strongly influenced by environmental conditions. In northern Pakistan, changes in
climate are increasingly affecting forest habitats. Although climatic factors are widely studied, the role of topography and hydrological
conditions in shaping habitat suitability remains poorly understood. This study utilized habitat suitability modelling to assess the
ecological preferences of Cedrus deodara (Roxb. ex D.Don) G.Don, a keystone Himalayan conifer and Pakistan’s national tree. Species
occurrence data were gathered from field surveys and online sources. A total of 39 climatic, topographic and hydrological variables
were analyzed, of which 16 were selected for the environmental species distribution model (E-SDM), while 6 climatic variables were
used for the climate-only species distribution model (C-SDM). The E-SDM produced more reliable habitat predictions after
incorporating topographic and hydrological variables. Although the C-SDM showed slightly higher AUC values (0.987 training; 0.925
testing), the E-SDM performed better in sensitivity (0.981), specificity (0.915) and TSS (0.904). Climatic variables mainly influenced
the C-SDM, whereas moisture availability and terrain conditions strongly influenced the E-SDM. These results indicate the importance
of local environmental conditions in determining the distribution of C. deodara. The E-SDM also identified a larger suitable habitat
area (21473 km?) compared to the C-SDM (17559 km?), including additional potential conservation regions. Future projections showed
relatively minor habitat shifts under SSP370, whereas SSP585 projected an initial expansion of suitable habitat by 2041-2070 (24378
km?), followed by a decline towards 2071-2100 (20756 km?) under intensified warming conditions. The study indicated climate-induced
habitat shifts, emphasizing the need to prioritize conservation and restoration efforts in climatically stable and environmentally suitable
regions identified in Khyber Pakhtunkhwa, Gilgit-Baltistan and Azad Jammu and Kashmir. Future suitable habitats projected under
SSP scenarios may support assisted regeneration, afforestation and long-term monitoring programmes to improve the persistence of C.
deodara under changing climate conditions.
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Introduction oil and bark extracts used for treating fever, dysentery,
diarrhoea and inflammation (Gacche & Dhole, 2006). Its

Cedrus deodara (Roxb. ex D.Don) G.Don, commonly oil is also utilized in soaps, perfumes and insect-resistant
known as Deodar or Himalayan Cedar, belongs to the products due to anti-moth and termite-resistant properties
family Pinaceae. C. deodara is recognized for its high- (Nirala et al., 2022; Monks et al., 1991). It is also used in
quality coniferous timber. The species occurs in dry Chinese herbal medicine and ornamental landscaping
temperate to subalpine Himalayan regions at elevations of  (Zhang et al., 2009; Negi, 2022). C. deodara is extensively
approximately 1200-3000 m, extending across northern used in furniture, construction and carpentry (Sher et al.,

Pakistan, western Nepal, eastern Afghanistan and south- 2023). The species also contributes significantly to
western Tibet (Naikoo et al., 2017; Bisht ez al., 2021). It is biomass carbon storage and climate change mitigation,
an evergreen conifer with horizontal branches, glaucous- with reported carbon dioxide mitigation potential (Sheikh
green needle-like leaves and barrel-shaped female cones etal., 2021; Wani et al., 2014; Ahmad et al., 2015).

(Chaudhary et al., 2011; Khan et al, 2013). C. deodara However, C. deodara forests in the Himalayan region

reaches 45-60 m in height and 0.8-1.1 m in diameter, with are particularly vulnerable to human influence and climate
a mean annual growth rate of 0.23 + 0.073 cm, wood change due to their limited range and evolutionary
density of 466 kg m~ and mean annual increment of 1.19 persistence in these sensitive habitats (Trew & Maclean,
m? ha™! (Nasir & Shah, 2014; Ahmad et al., 2018; Wani et 2021; Yadava et al., 2021). Global warming has triggered
al., 2014). The species prefers deep, humid and well- a 38% decline in the growth of C. deodara, driven by rising
drained soils but is sensitive to severe frost and cold winds temperatures, increased drought stress and shifting species
during early growth stages (Pandey et al., 2023). dynamics, making it a species with the highest

C. deodara has considerable ecological, cultural and Conservation Priority Index (Rana et al., 2020). Moreover,
economic importance. It is regarded as sacred in Hindu the upward migration of drought and fire-tolerant species
traditions and associated with Lord Shiva (Pathak et al, (e.g., Pinus roxburghii) intensifies threats to C. deodara at
2023). The species possesses medicinal properties, with its lower elevations (Bhattacharyya et al., 2023) and it is
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expected to migrate towards higher elevations and has the
potential to compete with subalpine and timberline species
(Durrani et al., 2024).

Species distribution modelling (SDM) approaches are
based on statistical or machine learning techniques used to
predict the potential distribution of species by analyzing
relationships between species occurrence records and
environmental variables (Merow et al., 2016; Warren et al.,
2020; Muscatello et al., 2021). These models integrate known
presence locations with climatic, topographic and ecological
factors to identify areas with suitable environmental
conditions for species survival, growth and persistence. SDM
techniques can explain species distribution patterns and
forecast potential shifts under different environmental and
climate conditions (Gonzalez-Aragon et al., 2024).

By evaluating spatial and temporal environmental
constraints through different methods and algorithms
(Pearson et al., 2007), SDMs provide spatially explicit
predictions that are widely used to assess habitat
suitability, understand species-environment relationships
and examine responses to climate change. SDMs can also
help identify marginal populations, suitable sites for
species reintroduction and priority areas for conservation.
Their ability to predict habitat suitability under varying
environmental conditions has made them useful tools for
biodiversity conservation, resource management and
ecological planning (Thakur ef al., 2021).

Populations of C. deodara have declined in the
Himalayan region due to rising temperatures, forest
disturbance and increasing human pressure (Kumar &
Pandey, 2024). In Pakistan, deforestation, habitat degradation
and environmental change further threaten species by limiting
its natural regeneration (Zeb et al., 2019; Hayat et al., 2021).
Species distribution models are increasingly used to examine
how environmental conditions influence habitat suitability
and future distribution patterns, providing useful information
for forest conservation and management planning (Huang et
al,, 2024). In the present study, SDM techniques were applied
to evaluate the habitat suitability of C. deodara, an
ecologically and economically important Himalayan conifer
(Pandey et al., 2023).

This study assumed that adding topographic and
hydrological variables to climatic factors may improve
SDMs for C. deodara in northern Pakistan. These variables
are often overlooked and crucial terrain influences on
species distribution in mountainous areas are not well
understood. By integrating high-resolution environmental
data and future climate projections, this study addresses
these gaps to produce more accurate predictions of habitat
suitability under changing climate conditions. The
objectives of this study were to (i) identify the topo-
climatic factors influencing the distribution of C. deodara,
(il)) compare the performance of climate-only and
environmental species distribution models, and (iii) predict
current and future habitat suitability under different climate
change scenarios in northern Pakistan. The findings
support conservation and reforestation planning under
rising climate and human pressures. This research aligns
global sustainability efforts, supporting Sustainable
Development Goal (SDG) 15 (Life on Land) by promoting
ecosystem sustainability and biodiversity conservation and
SDG 13 (Climate Action) by advocating sustainable forest
management practices to mitigate climate change impacts.
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Materials and Methods

Study area: The study covered northern Pakistan between
69.5°E-78°E and 32.5°N-37.5°N, with a total area of
279649 km? (Fig. 1). The region includes rugged mountain
systems, foothill landscapes and low-elevation plains.
Considerable variation in elevation, temperature and
moisture conditions occurs across the area, particularly
within the western Himalayan belt (Ali et al., 2021). Forest
cover in Pakistan remains limited, occupying nearly 3.725
million hectares or about 4.7% of the country’s total area
(Ali et al, 2023). The study region is primarily
characterized by coniferous forests, including Himalayan
moist temperate, dry temperate and sub-tropical pine
forests. Other prominent forest types include subtropical
broad-leaved evergreen forests, mixed forests, linear
plantations and trees on private lands (Rasheed et al,
2017). The study area was selected because it represents
natural distribution range of C. deodara in Pakistan. The
region contains diverse climatic, topographic and
hydrological conditions suitable for evaluating habitat
variability and future climate-driven distribution shifts.

Climate: Pakistan, especially the northern region is
significantly susceptible to the negative impacts of climate
change, particularly due to rising temperatures, variability
of monsoons, melting Himalayan glaciers and a rise in both
the frequency and intensity of extreme weather events and
natural disasters (Malik et al., 2012; Fahad & Wang, 2020).
The eastern part of the southern region predominantly
receives rainfall during the monsoon season (June to
September), whereas the northern and western areas
depend on winter precipitation (December to March). The
summer monsoon accounts for 60% of the total annual
rainfall. Most of the region experiences arid to semi-arid
conditions, with annual precipitation generally below 250
mm. However, in the northern study area, rainfall varies
between 760 and 2000 mm. This northern region is
characterized by towering mountains and extensive
glaciers, where winter temperatures can drop to -50°C
(Chaudhry, 2017; Latif et al., 2017).

Species occurrence data collection: Species occurrence
points were recorded through systematic field surveys
conducted between March 2023 and December 2024.
Surveys were carried out along accessible forested routes
within the known and potential range of C. deodara.
Geographic coordinates of each occurrence were recorded
using a handheld GPS device. The secondary data for
presence points were noted using online data sources, i.e.,
the Global Biodiversity Information Facility (Anon.,
2025). To ensure consistency with the climatic and
topographic data used in this study, coordinates were
verified duplicate records were removed. Occurrence
points were spatially filtered to reduce sampling bias and
ensure consistency with the 1 km? environmental raster
resolution. After filtering, 160 unique occurrence points,
each representing a distinct location within the
environmental raster layer, were selected to model the
habitat suitability of C. deodara in Pakistan (Fig. 2).
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Fig. 1. Map depicting the study area in northern Pakistan, showing the regional extent within Asia and Pakistan, along with elevation

distribution and elevation classes across the study region.
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Fig. 2. Map of the study area showing recorded occurrence points
of C. deodara and probability of occurrence derived using
bioclimatic and topographic data.

Climatic and topographic data: Bioclimatic data from
the Climatologies at High Resolution for the Earth’s Land
Surface Areas (CHELSA) version 2.1 was utilized to
evaluate the habitat suitability of C. deodara. This dataset
includes 19 ecologically relevant climatic variables derived
from spatially interpolated historical climate data spanning
1981-2010 (Karger et al., 2021). CHELSA offers high-
resolution estimates of temperature and precipitation at a
30 arc-second grid scale, using statistical downscaling for
temperature and orographic predictors with bias correction
for precipitation (Karger et al., 2017; Beck et al., 2020).
Future climate projections were obtained from the
GFDL-ESM available through CHELSA datasets. The model
simulates interactions among atmospheric, oceanic, terrestrial
and sea ice systems together with biogeochemical processes.
Owing to its ability to represent large-scale climate variability,
GFDL-ESM has been widely applied in CMIP-based climate
assessments (Dunne et al., 2020; Zhao et al., 2018).

To assess future habitat shifts of C. deodara, two
Shared Socioeconomic Pathways (SSPs), SSP370 and
SSP585, were selected for the periods 2041-2070 and
2071-2100. These scenarios represent moderate and high-
emission trajectories and were used to examine potential
long-term changes in habitat suitability relevant to
conservation planning. SSP370 depicts a medium-to-high
emissions trajectory characterized by regional rivalry,
limited international cooperation and weak climate policies.
In contrast, SSP585 represents a fossil-fueled development
pathway resulting in very high greenhouse gas emissions
and strong radiative forcing by the end of the century
(Higgins et al., 2023).

The elevation dataset, with a spatial resolution of 30 arc
seconds, was obtained from the WorldClim database (Fick
& Hijmans, 2017). The terra package (Hijmans, 2025) in R
(v4.4.2) software (R Core Team, 2025) was used to derive
topographical and hydrological features, including slope,
aspect, hillshade, drainage and flow-related variables. A
total of 20 topographic and hydrological variables were
extracted to be used in the SDM of C. deodara.

Data processing: SDM was carried out using two
approaches. First, a Climate-Only Species Distribution
Model (C-SDM) was developed using bioclimatic variables
from the baseline period (1981-2010) and future climate
projections (2041-2070 and 2071-2100) under SSP370 and
SSP585 scenarios. This model was primarily used to
evaluate the influence of climate variables on species
distribution and to assess potential habitat shifts under future
climate change conditions. Secondly, an Environmental
Species Distribution Model (E-SDM) was developed by
integrating climatic, topographic and hydrological variables.
The inclusion of environmental variables aimed to account



for terrain-related factors that influence species distribution
in mountainous ecosystems. Using both approaches enabled
a comparison between climate-driven and environment-
integrated predictions. Moreover, it assessed the added
contribution of topographic and hydrological factors in
improving SDM and prediction accuracy for C. deodara.

Environmental predictors were loaded into R as a
multi-layer raster stack. Environmental values for each
presence location were extracted and missing values were
removed to maintain data integrity. A total of 1000 pseudo-
absence points were sampled within the study extent. The
number of pseudo-absences was selected based on model
sensitivity analyses to maintain a balanced presence-to-
absence ratio. Environmental data for C. deodara
occurrence points were extracted, missing values were
removed and a binary response variable was assigned (1 for
presence, 0 for pseudo-absence).

Environmental variables with minor variance were
removed to reduce multicollinearity and a correlation matrix
was computed (Wei & Simko, 2024). Environmental
variables with a Pearson correlation coefficient exceeding 0.7
were then excluded to minimize multicollinearity and retain
independent predictors, following established
recommendations in species distribution modelling (Dormann
et al, 2013). The C-SDM maintained 6 of 19 bioclimatic
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variables (Bio2, Bio7, Bio8, Bio9, Bio13 and Bio15) while E-
SDM for C. deodara incorporated 16 of the 39 environmental
variables (Table 1). SDM was performed using the dismo
package (Hijmans et al., 2024). All analyses were performed
using R (R Core Team, 2025) software (version 4.4.2).

Model training, validation and performance
evaluation: The final dataset included selected
environmental predictors, geographic coordinates and
presence-absence labels. A 10-fold cross-validation
approach was used in SDM. The dataset was partitioned
into 10 folds, preserving the proportion of presence and
pseudo-absence points. Each fold produced a test set once,
while the remaining nine were used for training. After
testing, a fixed random seed (set.seed(42)) was applied to
ensure reproducibility of the sampling process. In each
iteration, the dataset was split into training and testing
subsets and a binomial logistic regression model was
applied using the glm function (Hijmans et al., 2024). The
fitted model generated probability scores for both training
and test datasets, representing the likelihood of C. deodara
presence at each location. Habitat suitability of C. deodara
was predicted in raster format using environmental
variables, where values ranged from O (unsuitable habitat)
to 1 (highly suitable habitat).

Table 1. Details of environmental variables used for environmental species distribution modelling of C. deodara and correlation-based variable selection.

No. Variable name Description Category Decision
1. Aspect The compass direction (0-360°) that a slope faces. Topographic Retained
2. Aspect difference Variation in aspect between adjacent cells. Topographic Removed
3. Biol Annual mean temperature Climatic Removed
4. Bio2 Mean diurnal range (mean of monthly max temp - min temp) Climatic Retained
5. Bio3 Isothermality (Bio2 / Bio7) (* 100) Climatic Removed
6. Bio4 Temperature seasonality (standard deviation * 100) Climatic Removed
7. Bio5 Max temperature of warmest month Climatic Removed
8. Bio6 Min temperature of coldest month Climatic Removed
9. Bio7 Temperature annual range (Bio5 - Bio6) Climatic Retained
10. Bio8 Mean temperature of wettest quarter Climatic Retained
11. Bio9 Mean temperature of driest quarter Climatic Retained
12. Biol0 Mean temperature of warmest quarter Climatic Removed
13. Bioll Mean temperature of coldest quarter Climatic Removed
14. Biol2 Annual precipitation Climatic Removed
15. Biol3 Precipitation of wettest month Climatic Removed
16. Biol4 Precipitation of driest month Climatic Removed
17. Biol5 Precipitation seasonality (coefficient of variation) Climatic Retained
18. Biol6 Precipitation of wettest quarter Climatic Removed
19. Biol7 Precipitation of driest quarter Climatic Removed

20. Biol8 Precipitation of warmest quarter Climatic Retained

21. Biol9 Precipitation of coldest quarter Climatic Removed

22.  Compound topographic index The potential for water accumulation in a landscape. Hydrological ~ Removed

23. Cumulative aspect Sum of aspect values over a defined area Topographic Removed

24. Cumulative slope Sum of slope values over a defined area Topographic Removed

25. Drainage density Total length of streams per unit area, indicating drainage efficiency Hydrological Retained

26. Elevation Height above sea level, measured in meters Topographic Removed

27. Flow accumulation Number of upstream cells contributing to flow at a given location Hydrological Retained

28. Flow direction Direction of water movement based on elevation gradients Hydrological Retained

29. Hillshade Simulated illumination of terrain based on light source angle Topographic Retained

30. Plan curvature Curvature of the terrain surface in the horizontal plane, influencing water flow  Topographic Retained

31. Profile curvature Curvature in the vertical plane, affecting erosion and deposition processes Topographic Retained

32. Relative elevation Elevation relative to surrounding terrain features Topographic Removed

33. Roughness Variation in elevation values, indicating surface irregularity Topographic Removed

34. Slope Steepness of the terrain, measured in degrees or percent rise Topographic Removed

35. Slope gradient index Measure of slope variability across a region Topographic Removed

36. Stream power Energy of flowing water, influencing erosion potential. Hydrological Retained

37. Terrain ruggedness index Quantifies terrain complexity based on elevation differences Topographic Removed

38. Topographic position index  Differentiates valleys, mid-slopes and ridges based on elevation differences Topographic Retained

39. Topographic wetness index  Indicates soil moisture potential based on slope and flow accumulation Hydrological Retained
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Fig. 3. Performance evaluation metrics for C-SDM and E-SDM in predicting the distribution of C. deodara in the study area.

The predictive performance of C-SDM and E-SDM
was evaluated using multiple accuracy measures. Area
under the curve (AUC) was used to assess the ability of the
models to distinguish presence from absence locations.
Sensitivity and specificity were also calculated to evaluate
classification accuracy (Shabani, 2018; Muscatello et al.,
2021). Sensitivity represented correctly predicted presence
records, whereas specificity indicated correctly classified
pseudo-absence points. Predicted probabilities were
converted to binary classifications using a 0.75 threshold
to reflect a high-confidence prediction of species presence.
Values above 0.75 were classified as presence (1) and
below as absence (0). True Skill Statistic (TSS), a
comparatively more realistic and practical method
(Shabani, 2018) was also computed. After cross-validation,
mean values for AUC, sensitivity, specificity and TSS were
calculated across all folds for overall model evaluation.
Model performance metrics were plotted using circlize
package in R (R Core Team, 2025; Gu et al., 2014).

Results

Model performance evaluation: Model evaluation
showed that both the C-SDM and E-SDM effectively
predicted the distribution of C. deodara in northern
Pakistan. The C-SDM achieved a mean AUC of 0.987
(training) and 0.925 (testing), with slight overprediction. It
showed high sensitivity (0.97) and specificity (0.90) and a
TSS of 0.86, indicating strong overall performance (Fig. 3).
The E-SDM, which incorporated topographic and
hydrological variables, produced a mean AUC 0f0.977 and

a testing AUC of 0.86. Although the test AUC was slightly
lower, it showed higher sensitivity (0.981), specificity
(0.915) and a greater TSS (0.904) than the C-SDM (Fig. 3).
These results suggest that adding topographic and
hydrological predictors improved the model’s ability to
identify suitable habitats.

Spatial distribution of C. deodara habitat suitability:
SDMs revealed that in Azad Jammu and Kashmir (AJK),
suitable habitats of C. deodara are present in Muzaffarabad,
Neelum Valley, Poonch and Bagh districts. The temperate
forests of Neelum Valley are extraordinarily suitable for C.
deodara. In the Gilgit-Baltistan (GB) region, habitat
suitability was recorded in the Gilgit, Skardu, Hunza,
Diamer, Astore and Ghanche districts. Among these,
Diamer, especially near Chilas, demonstrates strong
suitability of habitat. Hunza and Astore also support suitable
habitat conditions, where stable populations occur in
sheltered valleys and mountain slopes with favourable
moisture and temperature conditions (Fig. 4).

Khyber Pakhtunkhwa province (KPK) represented a
major stronghold for C. deodara, particularly in Swat,
Shangla, Upper Dir, Lower Dir, Kohistan, Mansehra,
Abbottabad and Torghar districts. Swat district
(specifically Malam Jabba and Kalam regions) already
exhibit higher habitat suitability of C. deodara. Similarly,
the Kaghan Valley in Mansehra district is also an important
habitat. The forests of Kohistan and Dir may further
support C. deodara populations, although their distribution
may be more fragmented due to topographical variations
and human activities.



w w w
(3} [} ~

Latitude

w
N

w
w

70 72 74 76 78
Longitude

Fig. 4. Current habitat suitability predictions for C. deodara in
northern Pakistan.

In Punjab province, C. deodara habitat suitability is
primarily found in Murree hills, where the species grows
in the surrounding forest reserves (Fig. 4). The total study
area assessed for habitat suitability spanned 279649 km?.
Based on C-SDM, a total of 17559 km? (6.28%) was
identified as suitable for C. deodara, indicating significant
habitat limitations under climatic constraints alone. In
contrast, E-SDM estimated a larger suitable area (7.68%)
of 21473 km? (Table 2).
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Table 2. Summary of habitat suitability projections for
C. deodara under current and future climate scenarios.

Climate Period Suitable  Unsuitable  Suitable
model area (Km?) area (Km?) area (%)
C-SDM  Current 17559 262090 6.28
E-SDM  Current 21473 258176 7.68
SSP370 2041-2070 17816 261833 6.37
SSP370 2071-2100 18946 260703 6.77
SSP585 2041-2070 24378 255271 8.71
SSP585 2071-2100 20756 258893 7.42
Habitat suitability projection under future climate

scenarios: Future climate scenarios projected both gains
and losses in suitable habitat for C. deodara, with
expansions primarily occurring in higher elevation zones
and northeastern regions of the study area, particularly
within the Himalayas and upper Hindukush regions. The
extent of fluctuation varies across different periods (Fig. 5).
Under the SSP370 scenario, habitat suitability projections
indicated variations over time. By 2070, the total suitable
habitat is projected to be 17816 km?, while 261833 km? is
classified as unsuitable. By 2100, the suitable habitat is
expected to increase to 18946 km?, reducing the unsuitable
area to 260703 km?. Projections showed a marginal
expansion of C. deodara habitat under the SSP370 scenario,
with a gradual increase in suitability over time (Fig. 5).
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Fig. 5. Temporal and spatial variations in C. deodara habitat distribution within the study area as predicted by E-SDM under SSP370

for the period (a) 2041-2070 and (b) 2071-2100.
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Fig. 6. Temporal and spatial variations in C. deodara habitat distribution within the study area as predicted by E-SDM under SSP585

for the period (a) 2041-2070 and (b) 2071-2100.
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Table 3. Contribution of environmental variables in C-SDM and E-SDM for C. deodara habitat suitability.

No. Variable C-SDM contribution (%) E-SDM contribution (%)
1. Aspect - 0.21
2. Biol3 2.51 Removed/Correlated
3. Biol5 28.27 1.83
4. Biol8 Removed/Correlated 0.1
5. Bio2 18.34 0.39
6. Bio7 38.48 0.44
7. Bio8 3.51 0.47
8. Bio9 8.87 1.43
9. Drainage density - 0
10. Flow accumulation - 0.55
11. Flow direction - 2.36
12. Hillshade - 38.56
13. Plan curvature - 0.55
14. Profile curvature - 0.86
15. Stream power - 1.44
16. Topographic position index - 0.33
17. Topographic wetness index - 50.48
Under the SSP585 scenario, habitat suitability Discussion

projections exhibited more evident fluctuations over time.
By 2070, the total suitable habitat is expected to increase
significantly to 24378 km?, reducing the unsuitable area to
255271 km?. However, by 2100, the suitable habitat is
projected to decline to 20756 km?, with 258893 km?
classified as unsuitable. This trend suggests a substantial
expansion of C. deodara habitat by mid-century, followed
by a contraction towards the end of the century (Fig. 6).

Analysis of variable contribution: Habitat suitability
patterns of C. deodara differed between C-SDM and E-
SDM due to the influence of climatic, topographic and
hydrological variables. The C-SDM predicted suitability
mainly from climatic conditions, whereas the E-SDM
produced more ecologically detailed predictions after
incorporating terrain and moisture-related variables. In the
C-SDM, Bio7 (38.48%) and Biol5 (28.27%) showed the
highest contributions, indicating the importance of annual
temperature range and precipitation seasonality. Bio2
(18.34%) and Bio9 (8.87%) also contributed substantially,
reflecting the influence of seasonal temperature and
moisture conditions on species distribution (Table 3).

In contrast, the inclusion of topographic and
hydrological variables in the E-SDM shifted the dominant
factors controlling habitat suitability. The Topographic
Wetness Index (50.48%) emerged as the most influential
factor, while Hillshade (38.56%) underscored the role of
terrain shading and solar radiation. Flow Direction (2.36%)
and Stream Power (1.44%) also played minor roles in
shaping C. deodara habitat in the study area. Climatic
factors in E-SDM played a comparatively smaller role,
with Biol5 (1.83%), Bio9 (1.43%) and Bio8 (0.47%)
exhibiting reduced influence. Bio7, which was the primary
driver in C-SDM, contributed only 0.44% in E-SDM, by
underlining the shift toward topography-driven habitat
suitability (Table 3).

Understanding the ecological determinants of C.
deodara distribution is important for its conservation and
prediction of the impacts of environmental changes
(Bhattacharyya et al, 2023). This study employed the
SDM technique to evaluate the habitat suitability of C.
deodara in Pakistan under current and future climate
scenarios. The study analyzed key environmental
variables and projected habitat shifts based on both
present and future climate scenarios. The produced
habitat suitability map provides information about the
potential distribution of this ecologically vital tree
species. The model identified arecas with different
suitability levels for C. deodara, predominantly located
in northern mountainous regions of Pakistan, covering the
Himalayas, Karakoram and Hindu Kush ranges. These
regions provide favourable temperature and moisture
conditions for the growth of C. deodara.

The findings of this study align well with previous
studies on the natural distribution of C. deodara in
Pakistan, particularly its prevalence in the western
Himalayas and mountainous regions (Ahmed ef al., 2010;
Ahmed et al., 2011; Ali et al., 2016; Sajad et al., 2021,
Zaman et al., 2018). This study identified the ecological
factors shaping the distribution of C. deodara in Pakistan
under changing climate scenarios and illustrated areas for
focused conservation efforts. High-suitability regions
with known ranges could be future habitats for
reforestation, afforestation and species introduction
programs, especially in response to climate change (Chen
et al., 2022). Moreover, the current distribution modelling
of C. deodara also serves as a proxy for the habitat
patterns of ecologically similar temperate coniferous
species, including Pinus wallichiana, Picea smithiana
and Abies pindrow. Additionally, it reflects the broader
distribution of associated flora comprising key genera
such as Quercus, Acer, Juniperus, Cotoneaster and
Viburnum (Rahman et al., 2023).



Under current climatic conditions, C. deodara is
mostly found in western and northern mountainous regions
of Pakistan, especially within KPK, GB and AJK. This
spatial pattern shows the species’ dependence on temperate
climates and specific temperature and precipitation
regimes essential for survival. Past studies have revealed a
strong correlation between the ecological niche of C.
deodara and the prevailing climatic and topographic
gradients in these regions (Ahmed et al., 2010; Chaudhary
et al., 2011; Khan et al.,, 2013; Nasir & Shah, 2014; Wani
et al, 2014; Ahmad et al., 2018; Shah et al., 2018; Zaman
et al, 2018; Sheikh et al., 2021; Nirala et al., 2022; Ali et
al., 2023; Bhattacharyya et al., 2023; Pandey et al., 2023).

Under the SSP370 scenario, suitable habitat of C.
deodara showed only minor changes over time. This
suggests that moderate warming may still support the
persistence of the species in higher elevation areas where
environmental conditions remain suitable. However, the
limited expansion indicates sensitivity of the species to
shifts in seasonal temperature and precipitation patterns. In
northern Pakistan, C. deodara is associated with cool,
moist montane environments. Under SSP585, suitable
habitat is projected to expand during 2041-2070,
particularly at higher elevations of the Himalayan and
Hindu Kush regions. This pattern suggests that rising
temperatures may drive the upslope expansion of C.
deodara into higher-elevation areas that are currently
limited by low temperatures. However, by 2071-2100,
suitable habitat is projected to decline, suggesting that
continued warming and increasing moisture stress may
reduce habitat suitability at lower elevations and constrain
further upward expansion.

As C. deodara depends on stable moisture conditions,
prolonged warming may also affect regeneration and long-
term stand stability. The projected decline under late-
century SSP585 therefore indicates that initial habitat gains
under warm conditions may not remain stable under
prolonged climate stress. While moderate warming may
expand habitat suitability in high-altitude areas, more
extreme climate scenarios may lead to more habitat
modifications and range shifts (Kumar & Khanduri, 2024;
Balu et al., 2023; Bouahmed ef al., 2019).

Habitat suitability of C. deodara is influenced by
specific niche preferences and association among
environmental variables (Khan et al., 2013; Nirala et al.,
2022; Bhattacharyya et al., 2023) as revealed by SDM. C-
SDM indicated that seasonal temperature range, daily
variability and precipitation patterns define the species'
niche. In contrast, the E-SDM shifted the pattern and the
Topographic Wetness Index, along with Hillshade,
emerged as the principal predictors, emphasizing the roles
of soil moisture, water availability and terrain shading.

The E-SDM demonstrated better ecological
discrimination capacity. This indicates that the E-SDM
was more effective in correctly identifying both suitable
and unsuitable habitats of C. deodara across the
heterogeneous mountainous landscapes of northern
Pakistan. The relatively higher AUC in C-SDM mainly
reflects the strong predictive influence of broad-scale
climatic variables, particularly temperature range and
precipitation seasonality. However, climate-only models
may oversimplify habitat suitability in mountainous
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ecosystems where local terrain conditions strongly
regulate microclimate, soil moisture availability, solar
radiation exposure and water flow patterns. The inclusion
of topographic and hydrological variables in E-SDM
improved the modelling outputs by capturing fine-scale
environmental heterogeneity that directly influences
species establishment and persistence.

This interpretation is further supported by the variable
contribution analysis, where Topographic Wetness Index
and Hillshade emerged as dominant predictors in E-SDM,
while climatic variables contributed comparatively less.
These findings indicate that moisture retention, terrain
shading and hydrological processes play an important role
in shaping the habitat suitability of C. deodara in the study
area. Therefore, E-SDM provided a more balanced and
ecologically meaningful prediction of species distribution
compared to the C-SDM. The inclusion of multiple
environmental variables improved ecological niche
prediction in mountainous landscapes (Ali et al., 2023).

Distribution of C. deodara is closely linked with
elevation, slope conditions and local climate. Growth and
regeneration decline under severe thermal conditions,
particularly at very low or high temperatures. Seasonal snow
contributes to moisture retention, whereas irregular
precipitation patterns may alter growth cycles and increase
susceptibility to pests. Moist north-facing slopes and
moderate terrain gradients generally favour C. deodara
establishment, whereas steep slopes may limit seedling
survival due to reduced soil stability and moisture retention
(Kim et al., 2018; Sheikh et al., 2021; Moulatlet et al., 2022;
Pandey et al.,, 2023). In mountainous environments, terrain
and moisture-related conditions can strongly influence
habitat suitability and may locally override broader climatic
controls (Kim et al., 2018; Moulatlet et al., 2022).

Several factors contributed in the decline of C.
deodara in the study region. Forest clearing, illegal timber
extraction and pressure from non-timber resource use
continue to reduce natural stands. Changes in precipitation
patterns and increasing climatic variability may further
affect regeneration and long-term survival. In some areas,
habitat fragmentation, invasive species (Lantana camara
and  Parthenium  hysterophorus, etc.) pathogen
susceptibility and land degradation have also affected
population stability. Poor seedling establishment under
intensive grazing pressure remains an additional concern
for natural regeneration (Zeb et al, 2019; Hayat et al.,
2021; Ansari et al., 2022; Bhattacharyya et al., 2023).

Long-term protection of C. deodara forests will
require management approaches adapted to future
environmental conditions. The present study identified
areas likely to remain suitable under future climate
scenarios, which may support conservation, assisted
regeneration and reforestation activities. Differences in
habitat suitability among SSP scenarios also indicate that
management priorities may vary spatially across northern
Pakistan (Durrani ef al., 2024). In contrast, areas projected
to lose suitability may require restoration measures, stricter
control of anthropogenic activities, protection of local
moisture regimes, and improved connectivity among
fragmented forest patches. Conservation efforts should
also include the least suitable areas, address underlying
limitations and facilitate species migration. SSP-based
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projections enable proactive strategies to sustain C.
deodara populations amid changing climatic conditions
(Abrha et al., 2024).

Several regions of Pakistan may support future
expansion of C. deodara under suitable environmental
conditions (Khan et al., 2013; Xiao et al, 2022). In
northern KPK and GB, areas such as Shangla, Upper Dir
and Chitral contain favourable elevational and climatic
conditions for the species (Abbas et al, 2023). The
modelling results also identified suitable habitats in parts
of Punjab, including Murree, Galyiat and Margalla hills. In
AJK, elevated regions of Poonch and Muzaffarabad,
particularly Neelum Valley and Upper Jhelum Valley, also
showed potential for afforestation and regeneration
activities. Successful introduction requires assessing flora,
fauna and soil properties like drainage and nutrient
availability to minimize ecosystem disruption (Ahmad et
al.,, 2018; Gilani et al., 2020). Climate projections must
also be considered to prioritize areas maintaining long-
term suitability (Bouahmed ef al., 2019).

Field data and ground truthing confirm that habitat
fragmentation is primarily driven by deforestation and
development (Debebe et al, 2023). The current research
highlights key hotspots for targeted conservation strategies to
protect ecological communities linked to C. deodara (Ma et
al, 2023). Conservation efforts should prioritize
reconnecting fragmented areas, address degradation,
implement assisted regeneration in low-density stands and
promote natural vegetation recovery (Kassa et al., 2023).
Protecting erosion in moist (north-facing) slopes,
safeguarding seedlings and regulating grazing are necessary
conservation measures. Mitigation strategies include climate-
resilient planning, sustainable forestry and community
involvement through education. Effective habitat suitability
modelling for conservation necessitates addressing
methodological challenges, fostering interdisciplinary
collaboration, validating predictions with independent data,
ensuring accessibility of results and enhancing capacity
building (Merow et al., 2016; Zingraff-Hamed et al., 2018;
Zellmer et al., 2019; Bishop et al., 2021).

SDMs are mostly valuable for predicting species
distributions in  data-limited scenarios. However,
overfitting can introduce complexity and overemphasize
certain environmental predictors (Warren et al., 2020). To
mitigate this, cross-validation was employed, which
partitioned data into training and testing sets. Cross-
validation enhances model generalizability, while field
verification ensures reliability by identifying biases
(Merow et al., 2016). Model performance was assessed
through AUC, sensitivity, specificity and TSS, confirming
optimal  predictive  accuracy  (Shabani, 2018).
Strengthening SDM’s credibility requires transparency,
sensitivity analyses and recognition of model limitations.
An adaptive management framework requires an iterative
approach, continuous monitoring and context-specific
planning to ensure effective conservation outcomes.
Integrating social and economic considerations, promoting
policy incorporation and refining species modelling
techniques further enhance conservation strategies
(Benson & Stephenson, 2018; Williams & Brown, 2014).

Limitations of SDMs depend on factors like data
quality, spatial resolution and assumptions. Addressing
biases through validation and incorporating relevant
environmental factors is crucial for developing actionable
conservation plans based on SDMs. Enhanced data

collection and thorough validation with independent
datasets improve model reliability and applicability (Baker
et al, 2024). Similarly, ensemble modelling techniques
reduce uncertainty by combining predictions from multiple
model simulations, enhancing overall reliability and
accuracy (Mabher ef al., 2021).

Future studies should integrate land-use change, forest
fragmentation and anthropogenic disturbances with topo-
climatic variables to better evaluate the long-term habitat
stability of C. deodara in northern Pakistan. Ensemble and
machine learning approaches using high-resolution
environmental datasets could reduce prediction uncertainty
and improve modelling reliability in complex mountainous
landscapes (Allan et al., 2018; Benson & Stephenson,
2018; Bishop et al., 2021; Abbas et al., 2023). The strong
influence of Topographic Wetness Index and Hillshade
observed in this study highlighted the need for field-based
investigations on soil moisture availability, slope exposure
and regeneration dynamics across different elevational
zones. Long-term ecological monitoring in projected future
suitable areas, in GB, upper KPK and AJK, would help
validate predicted distribution shifts under changing
climate conditions. Incorporating remote sensing datasets,
species interactions and ecosystem-level processes may
further improve the ecological interpretation of SDMs.

Conclusion

This study assessed the present and future habitat
suitability of C. deodara in northern Pakistan using species
distribution modelling. This research represents one of the
first integrated habitat suitability assessments of C.
deodara in northern Pakistan that combines climatic,
topographic and hydrological variables with future climate
projections. It was concluded that habitat suitability is
strongly  influenced by temperature variability,
precipitation patterns and terrain-related moisture
conditions. The inclusion of topographic and hydrological
variables improved the ecological interpretation of habitat
suitability, particularly in the complex mountainous
landscapes of the Himalaya, Hindukush and Karakoram
regions. Areas within KPK, GB and AJK were identified
as the main suitable habitats for C. deodara under current
conditions. Future climate projections indicated shifts in
habitat distribution, with some higher elevation regions
becoming more suitable under moderate warming, while
prolonged warming under extreme climate scenarios may
reduce habitat stability in several existing forest zones.
These projected changes suggest that future conservation
planning for C. deodara should account for both climatic
trends and local environmental conditions. The findings of
this study provide a useful basis for forest management and
conservation planning in northern Pakistan. Regions
projected to remain climatically suitable, particularly in
GB, upper KPK and AJK, should be prioritized for
conservation, assisted regeneration and reforestation of C.
deodara. Protecting natural moisture regimes, reducing
forest degradation and controlling unsustainable land-use
activities will be important for long-term population
stability. Continuous ecological monitoring and integration
of land-use and high-resolution environmental data may
further improve adaptive management and future habitat
predictions in mountainous ecosystems.
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