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11 Abstract

12  Climate change is intensifying aridity across desert regions, causing ecological stress and
13  threatening the stability of arid ecosystems. As keystone species are central to ecosystem
14  functioning, predicting shifts in their distribution can provide important insight into broader
15  ecological change. In the Negev Desert, Acacia populations have experienced widespread declines
16  attributed to reduced surface water availability. However, their future persistence remains
17  uncertain due to poorly defined survival thresholds and variability in climate projections. This
18  study applies Species Distribution Modelling (SDM) using MaxEnt to estimate present and future
19  habitat suitability of the three Acacia species in the Negev, Acacia tortilis, Acacia raddiana and

20  Acacia pachyceras, across multiple emission scenarios. Results indicate that suitable habitat for
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21  all species may initially expand westwards under mid-century or low-emission scenarios, but
22 contract under higher-emission scenarios later in the century resulting in overall habitat loss.
23  Model outcomes were sensitive to the geographic extent used for model calibration, with broader
24  extents overestimating suitability predictions by failing to capture the local ecological context.
25  Environmental drivers of species’ distributions were assessed using SDMs alongside climatic
26 niche analysis. A4. tortilisis a thermophilic specialist restricted to hotter environments, A.
27  raddiana shows broad tolerance across climatic gradients, and the narrow distribution of A.
28  pachyceras appears driven primarily by water availability. Notably, results revealed significant
29  climatic niche similarity between A. fortilis and A. pachyceras despite having non-overlapping
30  geographic ranges, suggesting that non-climatic factors may influence their realised distributions.
31  This study identifies key considerations for improving future predictions of Acacia distributions

32  inthe Negev.

33 1. Introduction

34  Acacia species are highly adapted to arid environments and inhabit many desert regions globally
35  (Uni et al., 2022)'. In the Negev Desert, they act as keystone species, providing essential habitat,
36  shade and food resources for many desert organisms and improving soil fertility through nitrogen
37 fixation (Wiegand et al., 1999)%. Therefore, changes in Acacia population size and distribution will
38 have significant implications for ecosystem functioning and biodiversity. Three Acacia taxa
39 inhabit the Negev: A. raddiana (Savi), A. tortilis (Forssk.), and A. pachyceras (O. Schwartz,
40  formerly gerrardii [Benth.] or negevensis [Zohary]) (Stavi et al., 2014)3. Their distributions are

41  strongly influenced by spatial variation in climate across the region.
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42  The Negev Desert spans multiple climate zones over a relatively short distance, transitioning from
43  the semi-arid north to the hyper-arid south. Within this range, the elevated Negev Highlands are
44  comparatively cooler and wetter, contrasting with the low-lying, hyper-arid Arava Valley which
45  runs along the eastern border with Jordan (Figure 1) (Portnov and Safriel, 2004™; Collins-Kreiner
46  and Wall, 2007®). The Negev forms the southern, arid end of an even steeper bioclimatic gradient
47  across the Israel-Palestine region, with pronounced latitudinal variation in precipitation,
48 temperature and topography (Prince and Jackson, 2020)°. This steep environmental gradient makes

49  the region an ideal study area for examining the climatic controls on Acacia species distributions.

50

51 Figure 1. a) Climatic zones across Israel-Palestine demonstrating the north-south aridity gradient
52  (modified from Portnov and Safriel, 2004)*. b) Map of the Negev desert and its subregions, featuring the

53  Negev Highlands and the Arava Valley (modified from Collins-Kreiner and Wall., 2007)

54  Acacia raddiana and A. tortilis in the Middle East are classified as Sudanian elements
55  originating from the Sudanian phytogeographic region of Africa that expanded northward into the
56  Saharo-Arabian desert (Danin, 1992)". In the Negev, these species occur at the northern edge of
57  their range and persist under very different ecological conditions compared to the East African
58  savannas (Shmida and Aronson, 1986)%. Although A. pachycera is native to the Middle East and
59  Arabian peninsula (Suleiman et al. 2017)°, the Negev desert also represents the northern limit of
60 its natural distribution. Differences in climatic regime and community composition suggest that
61  Negev populations occupy an environmentally distinct portion of the species’ broader realised
62  niche. Consequently, the Acacia populations of the Negev should be examined within the distinct

63  environmental context of this desert system.
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64  Identifying tree species that are capable of surviving under extreme conditions is increasingly
65 important as climate stress intensifies in dryland ecosystems. Acacia trees demonstrate strong
66  drought tolerance through their ability to continue photosynthesis during peak summer, unlike
67 many desert plants that become dormant during hot, dry seasons to conserve water (Uni et al.,
68  2022)!. However, despite their resilience to prolonged drought, acacias still require periodic
69  hydrological recharge above a minimum, yet unknown, threshold (Winters et al., 2018)!°. Water
70  supply is largely determined by episodic precipitation events, with a single flash flood able to
71  recharge subsurface moisture reserves sufficiently to sustain adult trees for many years (Babad et
72  al., 2024)'!. Hydrological conditions are especially critical during early stages of the acacia life
73  cycle as successful seedling establishment depends on moisture availability from winter flooding,
74  and prolonged drought following germination drought creates a high risk of seedling mortality
75 (Wiegand et al., 1999)%. Projected decreases in mean rainfall (Peleg et al., 2015)!'?, combined with
76  uncertainty in precipitation timing and intensity, raise serious concerns about whether recruitment
77  thresholds will be met in the future. Exceeding critical aridity thresholds can trigger abrupt

78  ecological transitions, accelerating desertification and habitat loss (Berdugo et al., 2021)!3.

79  Evidence suggests that recent conditions may already be failing to meet this hydrological
80 requirement. Significant declines have been documented across the Negev in recent decades (Stavi
81 etal., 2015)", attributed to reductions in surface and subsurface water availability caused by both
82  anthropogenic disturbances and climate change (Armoza-Zvuloni et al., 202105); Isaacson et al.,
83  2023(19), Regional climatic drying and decreasing precipitation have been identified as primary
84  drivers of Acacia decline, particularly in the southern Negev where warming and drying are most
85 intense (Stavi et al., 2014®); Isaacson et al., 2023(9). Anthropogenic disturbances that alter surface

86  water flow, such as roads and dam construction, have also been associated with increased mortality
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87 and reduced recruitment by disrupting flood-driven recharge processes (Ward and Rohner,

88  1997)17.

89  Acacia populations also face various biotic pressures, including parasitic plants, bruchid beetle
90 infestation and the decline of mammalian herbivores for seed dispersal (Or and Ward, 2003)!'8,
91  However, most studies conclude that reduced surface water availability remains the dominant
92  driver of widespread decline observed in recent decades (Stavi et al., 2014); Shrestha et al.,

93 2003(9).

94  In addition to climatic conditions, edaphic and landscape features mediate water availability for
95  acacia trees, as soil characteristics and landscape position influence infiltration, drainage, water
96 retention and loss (Patten and Ellis, 1995)%°. Due to the low rainfall in the Negev, acacia trees are
97  largely restricted to ephemeral stream beds (wadis), where soil moisture is higher than surrounding

98  slopes due to the concentration of runoff (Isaacson et al., 20239, Babad et al., 2024(D),

99  The three Negev Acacia taxa have distinct ecological characteristics. A. raddiana and A. tortilis
100 are prevalent throughout the region and are considered keystone species (Uni et al., 2021)?!. A4.
101 tortilis is typically associated with hotter, drier environments, particularly the Arava Valley,
102  demonstrating higher water-use efficiency under low soil moisture conditions which allows it to
103  persist in areas where water pulses are infrequent (Uni et al., 2023b)?. A. raddiana is the most
104  widespread, occupying a much broader climatic range and overlapping in distribution with both
105  other species (Wiegand et al., 1999)%. It is commonly found within main channels where soil
106  moisture is more stable (Uni et al., 2023b)?2. 4. pachyceras has a more restricted distribution,
107  occurring primarily in the Negev Highlands at cooler temperatures, and does not overlap with A.

108  tortilis which occupies comparatively hotter environments.
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109  While previous research has examined the physiological and hydrological mechanisms of Negev
110  acacias, substantial uncertainty remains regarding their ecological thresholds and future responses
111 to climate change. In particular, it is unclear whether increasing aridity will favour these desert-
112  adapted species by expanding suitable desert habitat, or instead push populations beyond their
113  ecological tolerances and drive further decline. These responses are likely to differ between species

114  and across future climate scenarios.

115  Species Distribution Modelling (SDM) provides a useful framework for exploring these potential
116  responses. SDMs estimate a species’ suitable habitat by relating known species occurrence records
117  to environmental variables and projecting these relationships onto future climate scenarios to
118  estimate potential range shifts (Warren and Seifert, 2011)?3. The MaxEnt algorithm is a widely
119  used SDM approach for presence-only data, estimating suitability by contrasting environmental
120  conditions at occurrence locations with those at randomly sampled background points (Phillips et

121 al., 2006)2.

122  SDMs help identify the environmental drivers influencing species distributions, providing initial
123  insight into the factors that shape their ecological niche. To deepen the analysis of species’
124  ecological niches beyond distribution patterns, Warren et al. (2008)> introduced statistical
125  frameworks that quantify niche overlap between species and test the significance of these patterns.
126  Climatic niche overlap analysis is widely used to assess the degree of similarity or divergence
127  between the ecological niches of closely related taxa, rather than inferring this from geographic
128  distributions alone (Warren et al., 200829; Zhao et al., 2019?9). Since climatic niches do not
129  always align with geographic distributions (Cardillo and Warren, 2016)?’, it is useful to quantify

130 this statistically.
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131 A commonly applied framework for quantifying climatic niche overlap is the ‘PCA-env’ method
132  developed by Broennimann et al. (2012)?8. Principal Component Analysis (PCA) summarises
133  predictors into a reduced set of orthogonal axes representing the main gradients of environmental
134  variation, allowing species’ niches to be compared within a shared environmental space (Zhao et
135 al., 2019). Niche overlap between species is quantified using the Schoener’s D metric, ranging
136  from 0 (no overlap) to 1 (complete overlap), providing a standardised measure of similarity in
137  environmental space. Subsequently, the significance of these observed overlap values are
138  determined by two statistical tests (Warren et al., 2008)>. The niche equivalency test evaluates
139  whether two species occupy identical niches, while the niche similarity test assesses whether
140  niches are more similar than expected given the environmental background available to each

141  species (Xian et al., 2023)%.

142  These approaches have not yet been applied to acacias in the Negev, yet they can offer essential
143  insight for anticipating the long-term responses of these keystone species to future climate change,

144  with important implications for wider ecological change across the Negev.

145  To strengthen the robustness of future predictions, it is also important to critically evaluate the
146  modelling framework itself. Given that SDMs characterise species-environment relationships
147  relative to the environmental background, model outcomes are highly sensitive to the spatial extent
148  used to define that background (Vale et al., 2013)3°. Calibrating models using local extents has
149  been shown to better reflect real distributions because they capture region-specific environmental
150 relationships (Anselmetto et al., 2024)3'. However, this can result in niche truncation where only
151  aportion of the species' niche is represented, potentially reducing predictive accuracy under novel
152  future climates (Guisan et al., 2025)32. Models calibrated across broader extents are more likely to

153  capture the species’ full climatic range, but they tend to overgeneralise predictions because
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154  species-environment relationships vary across geographic contexts (McPherson and Jetz, 2007)33.
155  Thus, there is a trade-off between representing the broader climatic envelope and maintaining
156  regional ecological relevance. This study therefore considers multiple calibration extents to

157  provide more comprehensive and robust projections of future species distributions.

158  Overall, this study investigates the present and future distributions of 4. raddiana, A. tortilis,
159  and A. pachyceras in the Negev Desert under a range of climate scenarios. SDMs and climatic
160 niche analyses are used to identify the environmental drivers that shape species ecological niches
161  and their distributions. Understanding the roles of these factors in determining Acacia niches will
162  enable us to evaluate model predictions of current- and future species distribution. An evaluation
163  of calibration extent as a key modelling parameter should also improve the robustness of present-
164  and future predictions. The goal of this study is thus to answer the three following research

165  questions (RQs):

166 1. What are the key environmental factors shaping the distributions and niche characteristics
167 of the three Acacia species?

168 2. How might the distributions of the three Acacia species shift under future climate change?
169 3. How does the study area extent influence model outputs?

170

171 2. Methods

172
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173 2.1 Study Area

174  The study extent across Israel-Palestine was delineated to capture the north-south aridity gradient
175  of the Negev within its broader regional context. To align with the spatial coverage of available
176  occurrence data, the study area was constrained to national administrative boundaries (Level 0) for
177  Israel and Palestine obtained from the Global Administrative Areas database (GADM v4.1) via

178  the geodata R package (Hijmans et al., 2025)34.

179

180 2.2 Species Occurrence Data

181  Occurrence data for 4. tortilis and A. raddiana were downloaded from the Global Biodiversity
182  Information Facility (GBIF.org, 2025aG%); 2025b39). GBIF lacks a complete or reliable dataset
183  for 4. pachyceras due to its unresolved taxonomic classification and data scarcity in remote regions
184  (Suleiman et al., 2017®; Chanachai et al., 202437). Therefore, a localised national dataset for A4.
185  pachyceras was provided by the Acacia Research Centre, Dead Sea and Arava Science Centre
186  (DSASC) (Groner, 2025)%. Occurrence records were cleaned to remove incomplete or duplicate
187  records, then spatially thinned using a minimum distance threshold of 100m, corresponding to the
188  resolution of the environmental predictors in order to reduce sampling bias while retaining as much
189  data as possible (Castellanos et al., 2019%°; Kim et al., 202540). After thinning, 1045 spatially
190 independent occurrence records remained for A. tortilis, and 2171 for A. raddiana. Thinning was
191  notapplied to 4. pachyceras because the sample size was already small (134 records), and thinning

192  may reduce model performance where occurrence data are sparse (Ten Caten and Dallas, 2023)*!.
193

194


http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a Creative Commons Attribution 4.0 I nternational
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.

195  Figure 2. Study area with occurrence points of Acacia tortilis, A. raddiana, and A. pachyceras. Inset map

196  shows position within the Middle East.

197

198 2.3 Environmental Data

199  Climate data were obtained from the CHELSA bioclimatic dataset (Karger et al., 2017)*, selected
200 because it accounts for terrain-driven and orographic processes which improve climatic
201  representation in regions with complex topography and sparse meteorological coverage such as
202  the Negev Desert (Karger et al., 2017 #%; Prince and Jackson, 2020 ©). All 19 standard bioclimatic

203  variables were downloaded for initial analysis at a spatial resolution of 30 arc-second (~1 km).

204  Bioclimatic variables were selected based on their ecological relevance to Acacia species; highly
205 correlated predictors (|Pearson’s 1| > 0.8) were excluded. BIO12 (Annual Precipitation) was
206  selected as it represents long-term water input to the system, influencing soil moisture availability
207  and species’ survival thresholds (Behroozian et al., 2025)*. BIO15 (Precipitation Seasonality)
208  captures how rainfall is distributed throughout the year, reflecting the ecological importance of
209  rainfall variability and pulse dynamics for germination, growth, and seedling establishment (Babad
210 et al., 2024)'". BIO5 (Maximum Temperature of the Warmest Month) was selected to represent
211 upper thermal limits, while BIO11 (Mean Temperature of the Coldest Quarter) captures lower
212  thermal constraints. BIO2 (Mean Diurnal Range) was retained as it did not exhibit high collinearity

213  and also captures an additional dimension of climatic variability.

214  To better represent fine-scale environmental variation, particularly for 4. pachyceras which
215  occupies a smaller geographic area, climatic layers were resampled from 1km to 100m resolution

216  using bilinear interpolation. Importantly, resampling did not add new information: it only redfined

10
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217  the structure by subdividing grid cells, allowing environmental gradients to be represented at a

218 finer scale.

219  Variables representing the local terrain were considered to capture fine-scale controls that are not
220  represented by climatic predictors. Although topography was initially considered, elevation was
221  found to be strongly correlated with temperature-related variables due to the altitudinal control on
222  temperature (Shanan et al., 1967)*. As temperature is a more direct driver of Acacia physiological

223  limits, climatic predictors were prioritized.

224  Terrain influences at the local scale were captured through proximity to ephemeral stream
225  channels. A high-resolution stream network was constructed by integrating official drainage line
226  data from the Jewish National Fund (Hebrew University of Jerusalem GIS Centre, 2025)* with
227  OpenStreetMap waterway vectors (OSM contributors, 2025)* to capture smaller tributaries. This
228  was then rasterised and converted to a Euclidean distance surface using the GDAL Proximity

229  algorithm .

230  Soil texture (sand and clay content) and bulk density are relevant predictors as they influence
231  water-holding capacity and infiltration (Dung et al., 2020)*”. These variables were obtained from
232  the SoilGrids database (Poggio et al., 2021)* using the geodata R package (Hijmans, 2025)34, and
233  a composite 0-30 cm layer was created by averaging values from the 0-5, 5-15, and 15-30 cm
234  depth intervals. This represents the biologically active upper soil profile which is the primary
235 interface for water infiltration and the most critical zone for seedling establishment (Wiegand et

236 al., 1999)2.

237  SoilGrids layers, provided at 30 arc-second (~1 km) resolution, were resampled to 100m to match

238  the spatial resolution of the environmental predictors. Isolated missing data cells in soil rasters

11
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239  were infilled using GDAL’s Inverse Distance Weighting (IDW) algorithm with a 100-pixel search
240  radius, a robust method for interpolating continuous soil surfaces (Igaz et al., 2021)*. These soil
241  properties were held constant for future projections as they typically change over much longer time
242  scales and are therefore commonly treated as static in SDMs (Zangiabadi et al., 2021)%°. After
243  preliminary model runs, clay content was excluded as a predictor due to its negligible contribution.

244  The final predictor set is summarised in Table 1.

245  Table 1. Final environmental variables used in this study

Category Variable

Bioclimatic BIO2 (Mean Diurnal Range) (°C)

BIOS (Maximum Temperature of Warmest Month (°C)

BIO11 (Mean Temperature of Coldest Quarter) (°C)

BIO12 (Annual Precipitation) (mm)

BIO15 (Precipitation Seasonality) (%)

Edaphic Sand Content (%)
Bulk Density (g/cm?)
Hydrological Distance to Streams (m)
246
247

248 2.4 Species Distribution Modelling

249  MaxEnt model outputs represent relative habitat suitability on a continuous scale from 0—1 for
250  each grid cell (Elith et al., 2010)°'. Model performance was evaluated using the Area Under the

251  Receiver Operating Characteristic Curve (AUC) which measures the model’s ability to

12
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252  discriminate between presence locations and background conditions (Elith et al., 2010)°!, with

253  values closer to 1 indicating higher discriminatory ability.

254  An 80/20 training—testing data split was applied, with 80% of occurrence records used for model
255  calibration and 20% for validation (Dyderski et al., 2025 2; Lu et al., 2025 33). 10,000 background
256  points were used to characterise the available environmental space across the study area (Elith et
257  al., 2010)°'. Model uncertainty was assessed using the standard deviation across 10 bootstrap

258  replicates, which quantifies variability in predictions across repeated model runs.

259  Percent contribution values provided by MaxEnt were used as the primary metric for comparing
260 variable influence as they reflect the relative weight each predictor had in shaping model
261  predictions ( Lu et al., 2025)3, with permutation importance and jackknife tests providing
262  supplementary validation. Response curves were examined to assess the marginal effect of
263  individual variables on predicted suitability, holding all other variables at their mean sample value

264  (Thampan et al., 2025)°*.

265 Finally, binary habitat suitability maps were produced by applying the Maximum Training
266  Sensitivity plus Specificity threshold (MTSS), which maximises the correct classification of
267 presences and absences based on background points and has been identified as an effective

268  threshold for presence-only data (Wang et al., 2024)%.

269

270 2.5 Climatic Niche Overlap Analysis

271  Climatic niche overlap was quantified using the ‘PCA-env’ framework of Broennimann et al.
272  (2012). The PCA was implemented using the ade4 package in R (Dray and Dufour, 2007). The

273  environmental space was characterised by principal components derived from the five bioclimatic

13
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274  variables used in the SDM (BIO2, BIOS, BIO11, BIO12, BIO15) and elevation derived from the
275 DEM. Elevation was included due to its ecological relevance and because PCA accommodates for
276  correlated predictors. The PCA was calibrated on 10,000 randomly sampled background pixels
277  from the study area. The first two principal components, which captured the majority of
278  environmental variation, were used to define a shared two-dimensional climatic space, onto which
279  species occurrence records were projected. Following Broennimann et al. (2012)?3, a 100x100 cell
280 Ilattice was used to bound the climate space, and kernel density smoothing was applied to estimate
281  the relative density of species occurrences across climate space and reduce sampling bias,

282  implemented using the ecospat package (Di Cola et al., 2017)%7,

283  Niche overlap between species was quantified using Schoener’s D (0 = no overlap; 1 = complete
284  overlap), and the statistical significance of these overlap values was evaluated using two
285 randomisation tests with 100 permutations implemented in the ecospat package (Di Cola et al.,
286 2017 *7; Warren et al., 2008 ). The Niche Equivalency Test assesses the null hypothesis that the
287  species' niches are identical; rejecting this (p<0.05) indicates that differences between their
288  climatic niches are statistically significant. The Niche Similarity Test assesses the null hypothesis
289  that niches are no more similar than would be expected by chance given the environmental
290 background available to each species. A significant result (p<0.05) indicates that the niches are

291  more similar than expected by chance (Xian et al., 2023)%.

292

293 2.6 Future Climate Projections

294  Future climate projections were obtained from the CHELSA v2.1 dataset which provides

295  Dbioclimatic projections for three CMIP6 Shared Socioeconomic Pathways: SSP1-2.6, SSP3-7.0

14
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296  and SSP5-8.5 (Karger et al., 2017)*2. SSP1-2.6 represents a low-emissions, sustainability-focused
297  pathway with strong mitigation and relatively limited warming (~2.6 W/m?) by 2100. SSP3-7.0
298  reflects a medium-to-high emissions pathway characterized by weak international cooperation and
299  continued reliance on fossil fuels (~7.0 W/m? by 2100). SSP5-8.5 represents a very high-
300 emissions, worst-case scenario, fossil-fuel intensive pathway with strong radiative forcing

301  (~8.5W/m?) by the end of the century (O’Neill et al., 2017)38.

302  All available CMIP6 future climate layers were downloaded for two time periods (2041-2070 and
303  2071-2100) in order to capture both mid-century and longer-term climate trajectories. Ensemble
304  projections were calculated as the mean across all five CMIP6 GCMs available from CHELSA
305 (GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0, UKESM1-0-LL), to reduce
306 individual model bias and provide more robust estimates of future conditions (O'Neill et al., 2017

307  3%; Dyderski et al., 2025 *2).

308

309 2.7 Calibration Extent Sensitivity Analysis

310  To assess the influence of calibration extent on model predictions, two additional models were
311 developed for Acacia tortilis using progressively broader domains. This enabled comparison

312 across three extents (Figure 2):

313 1. Local extent: target range (original study area used for all species).

314 2. Intermediate extent: a regional domain approximating the Saharo-Arabian
315 phytogeographic zone, including the Sinai Peninsula and adjacent parts of the Arabian
316 Peninsula and North Africa

15
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317 3. Wide extent: a broad African domain approximating the full observed climatic range of the
318 species.
319

320 Figure 3. Calibration extents used for species distribution modelling of Acacia tortilis:

321  a) Local, b) Intermediate, ¢) Wide

322  This sensitivity analysis was conducted only for 4. fortilis because this species has a wide
323  geographic distribution and is the most thermophilic species, with the ability to thrive in much
324  higher temperatures than those available within the local study area (Uni et al., 2023a). Therefore,
325  the wide extent aims to capture the full thermal range of the species to reduce the risk of niche

326 truncation and extrapolation in future projections (Guisan et al., 2025)32.

327 However, given that 4. tortilis peripheral populations of the Negev occur within a distinct
328 phytogeographic and climatic context relative to their core African distribution (Shmida and
329  Aronson, 1986)8, the intermediate extent was selected as a regional domain, informed by

330 phytogeographical boundaries.

331 Occurrence data obtained from GBIF was thinned to one occurrence per grid cell. For the expanded
332  extents, environmental variables were downloaded at five times coarser spatial resolution than the
333  original 1km CHELSA data, while the local extent retained the original 1km data resampled to a
334  100m analysis grid. Only climatic predictors were included in the broader extent models as edaphic
335  variables and distance-to-streams are not meaningful at coarser spatial resolutions. All models
336  were subsequently projected onto the local study area to enable direct comparison of present-day

337  suitability and future projections.

338
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339

340

341

342

343

344
345

346

3. Results

3.1 Final Model Results

3.1.1 Model Output

The relative roles of environmental predictors varied largely among the three species (Table 2).

Table 2. Relative percent contribution of each environmental variable to the MaxEnt models and model

AUC values.
A. tortilis A. raddiana A. pachyceras
Variable Percent contribution in MaxEnt (%)
BIO2 4.5 3.2 2.4
BIOS 73.3 41.3 10.1
BIO11 7.1 2.3 0
BIO12 3.5 353 22.4
BIO15 2.3 1.2 26.2
Sand Content 3.6 7.7 0.4
Bulk Density 53 2.5 10
Distance to Streams 0.4 6.6 28.5
AUC
0.948 0.873 0.994
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347  Temperature emerged as the dominant driver of the distribution of A. fortilis. The distribution of
348  A. raddiana was largely determined by both temperature and precipitation gradients, with a
349  moderate role of distance to streams. In contrast, A. pachyceras was primarily influenced by

350 distance to streams and precipitation-related variables.

351  3.1.2 Environmental Variables: Spatial Patterns and Responses

352  Environmental predictors display clear spatial gradients across the study area (Figure 4).
353  Temperature variables (BIOS and BIO11) are highest in the eastern Arava Valley and the south,
354  and generally lower across the central Negev and Highlands. Annual precipitation (BIO12) shows
355 a pronounced latitudinal gradient, decreasing from wetter conditions in the north to drier
356  conditions in the south. Although elevation was not included as a predictor in the final models, it
357  strongly influences climatic gradients and provides important spatial context for species
358  distributions, especially the low-lying Arava Valley and elevated Negev Highlands, closely

359 aligning with temperature patterns (Figure 4(1)).

360 CHELSA ensemble projections across all future scenarios indicate increasing temperatures across
361  the study area and overall declines in annual precipitation. Future bioclimatic change is displayed
362 in Figure 4(a-e), using one representative future scenario to demonstrate the prevailing projected

363 trajectory of climate change across the region.

364

365  Figure 4. Spatial distribution of environmental variables across the study area. Panels a—h show predictor
366  variables used in the model. Panel i (elevation) is included for context but not used as a model predictor.
367  Inset maps show late-century (2071-2100) projections for bioclimatic variables under SSP3-7.0, as a

368  representative example of future climatic change.
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369

370 Response curves reveal differences in how each species responds to environmental gradients
371 (Figure 5). Suitability for A. tortilis increases with higher maximum temperatures (BIO5), whereas
372  A. raddiana maintains high suitability across a broader BIOS5 range. A. pachyceras shows higher
373  suitability at lower BIOS5 values, although suitability remains high at warmer temperatures,

374  showing that no upper thermal threshold is captured by the model.

375  Responses to BIO11 are similar for A. tortilis and A. raddiana, with suitability increasing at higher
376  BIOI1 values, although there is an unexpected sharp decline at the highest values, potentially
377  resulting from a model artifact rather than a true ecological limit. For A. pachyceras, BIO11 shows

378  aflat response curve, reflecting its 0% contribution to the model (Table 2).

379  Precipitation variables further differentiate species responses, with all species showing higher
380  suitability under drier conditions but with varying degrees of sensitivity. 4. pachyceras shows
381  highest suitability restricted to low BIO12 values, while A. fortilis remains suitable across a wider
382  precipitation range, and A. raddiana shows an intermediate response. Precipitation seasonality
383  (BIOI15) is the highest contributing variable for A. pachyceras and its response curve shows a clear
384  peak in suitability at intermediate seasonality values. This pattern is reflected spatially, as its

385  distribution closely aligns with areas of intermediate BIO15 values shown in Figure 4(e).

386  Species show higher suitability at moderately sandy soils and lower bulk density, with more
387  extreme responses for A. pachyceras. However, variables with low contribution, such as sand
388  content for 4. pachyceras, are unlikely to represent strong ecological drivers and should not be

389  over-interpreted. While edaphic variables provide useful context, the analysis is primarily focused
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390  on climatic influences which represent the dynamic drivers of species’ niche responses to climate

391  change.
392
393

394  Figure 5. Comparative response curves of variables across species models

395

396 3.2 Suitability Predictions

397  3.2.1 Present-day suitability

398  Present-day suitability predictions reveal distinct spatial distributions across the three species,
399  with 4. tortilis concentrated along the eastern Arava Valley, 4. raddiana showing a broader and
400 more widespread distribution spanning both central and eastern areas, and A. pachyceras restricted
401  to a smaller, more central area of the Negev Highlands (Figure 6). Model predictions showed low
402 uncertainty across all three species, with standard deviation values generally below 0.15 in areas
403  of predicted suitability and close to zero elsewhere, indicating strong agreement across model

404  replicates.

405

406  Figure 6. Present-day binary suitability maps for a) 4. fortilis, b) A. raddiana, and ¢) A. pachyceras using
407  each model’s unique Maximum Training Sensitivity plus Specificity (MTSS) threshold (0.166, 0.348, and

408  0.119, respectively).

409
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410  3.2.2 Future Projections Across Scenarios

411 Across all species, projections for 2041-2070 show expansion of suitable habitat primarily in
412  central and western areas as well as contraction in the east. By 2071-2100, gains are reduced and
413  overall habitat loss increases, particularly under SSP5-8.5, leaving suitability restricted to smaller

414  areas in the western Negev.

415  The magnitude of change varies among species. A. raddiana shows the largest mid-century
416  expansion of suitable habitat across scenarios. A. fortilis exhibits more redistribution than net
417  expansion, with gains in western areas offset by losses in eastern regions. 4. pachyceras follows a

418  similar trend, but with the least extensive overall changes .

419

420

421  Figure 7. Projected suitability changes for 4. tortilis, A. raddiana, and A. pachyceras under SSP1-2.6
422  (best-case scenario) and SSP5-8.5 (worst-case scenario) for 2041-2070 and 2071-2100. The same species-
423  specific MTSS thresholds used for the present-day binary maps were applied. Colours indicate loss (pink),

424  gain (blue), and areas remaining suitable in both present and future (green).

425  The SSP3-7.0 projections (not shown) followed the same direction of change, representing an intermediate

426  shift between SSP1-2.6 and SSP5-8.5, suggesting a progressive response to increasing emissions.

427
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428 3.3 Niche Overlap Analysis

429  3.3.1 Climatic Niches in PCA Space

430 The PCA1-PCA2 axes and variable loadings show that PC1 is strongly weighted by precipitation
431  variables (BIO12 and BIO15), while PC2 broadly reflects the temperature—elevation gradient. A.
432  raddiana shows the widest spread across environmental gradients, representing a broader climatic
433 niche. The niche of A. tortilis is largely nested within that of A. raddiana, concentrated at lower
434  PC2 values consistent with hotter, low-elevation environments. 4. pachyceras is more tightly
435  clustered at low PC1 and low-to-mid PC2 values, occupying a small subset of the climate space

436  used by the other species, representing a narrower niche breadth.
437

438  Figure 8. PCA of environmental space across the study area. a) Smoothed convex hulls around the main
439  cluster of occurrence points representing the climatic niches of 4. fortilis (red), A. raddiana (blue), and A.
440  pachyceras (purple). b) Environmental variable loadings on PC1 and PC2; numerical variable loadings are

441  provided in Appendix A.

442

443 PCI1 and PC2 explained 82.6% of total environmental variation, indicating that most climatic
444  structure was captured in two dimensions. Adding PC3 increased cumulative variance explained
445  to 93.7%, but niche patterns in PC1-PC3 space were highly similar, confirming that PC1-PC2

446  adequately represents interspecific niche relationships.

447
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448  3.3.2 Quantitative Niche Overlap Metrics
449  Table 3. Climatic niche overlap between species pairs quantified by Schoener’s D (0 = no overlap, 1 =
450  complete overlap), and results of niche equivalency and similarity tests. Significant result (p<0.05)
451  indicated in bold

Species Pair Schoener’s D | Equivalency | Similarity

p-value p-value

A. tortilis vs A. raddiana 0.172 0.406 0.307

A. tortilis vs A. pachyceras | 0.177 0.455 0.010

A. raddiana vs A. pachyceras | 0.016 0.554 0.099
452

453  All species pairs show relatively low overlap (Table 3), although notably 4. fortilis and A.
454  pachyceras show the highest overlap (D=0.177), and significant niche similarity. This is surprising
455  since their geographic distributions do not overlap. The similarity between other species pairs was
456 insignificant and equivalency tests were non-significant for all pairs, thereby failing to reject the

457  null hypothesis of niche equivalency.

458

459 3.4 Calibration Extent for A. tortilis

460  3.4.1 Mitigating Niche Truncation at the Local Scale

461  Projected increases in maximum temperature (BIOS5) exceed the current maximum observed

462  within the local study area (39.25°C), particularly under high-emission scenarios. This indicates
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463

464

465

466

467

468

469

470

471

472
473
474

475

476

477

478

that future projections involve novel climatic conditions not represented in the model training data,

especially in the eastern Arava Valley where temperatures are already highest in the study area.

To address this, the wide calibration extent was designed to capture the full range of thermal
conditions under which Acacia tortilis is known to occur, incorporating occurrence records with
BIOS values up to 44.75°C. For the intermediate extent, the maximum BIOS value at an occurrence
record is 41.66°C. This extent acts as a middle ground, expanding the thermal range beyond the

local study area while limiting excessive geographic expansion.

Figure 9. Model calibration extent for 4. fortilis: a) local, b) intermediate and ¢) wide, overlaid on BIOS
maps. Occurrence points in red show locations where BIOS5 exceeds the local maximum; black points fall

within the local BIOS range.

3.4.2 Model Performance and Suitability Across Extents

Table 4. Model AUC across calibration extents

Extent AUC of model
Local 0.948
Intermediate 0.909
Wide 0.837
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480

481
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483

484

485

486
487

488

489

490

491

492

493

494

495

496

497

Expanding the calibration extent reduced present-day model performance, with AUC decreasing
as extent increased (Table 4). Furthermore, present-day suitability predictions differed
substantially across extents (Figure 10). The model based on the local extent closely aligned with
known occurrence records, while the intermediate-extent and wide-extent models suggested

progressively broader suitability, including areas in the north and west where the species is absent.

Figure 10. Predicted present-day suitability for Acacia tortilis from models calibrated with different

extents: a) local, b) intermediate and ¢) wide; all projected onto the local study area.

3.4.3 Future Suitability Projections

All models predict suitability to shift further westward with more extreme climatic scenarios,
however the magnitude of these changes varied among calibration extents (Figure 11). The local
model projects the most drastic changes, whereas the wide-extent model shows the least change
across scenarios, with contraction of suitability in the east occurring only in the worst-case scenario

for the wide-extent.
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498  Figure 11. Binary maps of predicted suitable habitat for Acacia tortilis under present climate conditions
499  and late-century projections (2071-2100) for two emission scenarios: SSP1-2.6 (best-case) and SSP5-8.5

500 (worst-case) across model calibration extents. Binary suitability used extent-specific MTSS thresholds.

501

502 4. Discussion

503

504 4.1 RQI1 - Present-day Species Distributions and Climatic Niches

505 4.1.1 Interpreting SDMs: Environmental drivers of species distributions

506 The SDMs for all three species showed high predictive performance, indicating that their
507  distributions are strongly structured by environmental conditions. However, the dominant

508 predictors differed among species, suggesting distinct ecological constraints and climatic niches.

509  For A. tortilis, the model was strongly dominated by BIO5 (maximum temperature of the warmest
510  month), indicating that temperature conditions are the primary constraint on its distribution.
511  Suitability declined sharply at cooler temperatures, reflecting their known thermophilic nature and
512  restriction to hot desert environments (Uni et al., 2021)?!. This explains the speciess’ absence from
513 the central Arava, (fig) where altitude is raised and temperatures are slightly warmer, and from the
514  whole Negev, for the same reason. The minimal contribution of distance to streams is consistent
515  with evidence that A. tortilis has high water-use efficiency and is well adapted to environments
516  with more infrequent water pulses and low soil moisture (Uni et al., 2023b)?2. Suitability remained
517  high across a broad precipitation gradient, reflecting its distribution into northern wetter areas as

518  long as temperature is high, the conditions of the Arava in the east (Figure 4(d, b)).
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519  The model for 4. raddiana reflects its widespread distribution and broader ecological niche (Ward
520 etal., 2011)%, with strong contributions from both temperature (BIO5) and precipitation (BIO12)
521  suggesting its distribution is influenced by a balance of climatic factors rather than a single
522  dominant constraint. The importance of precipitation likely reflects the strong north—south
523  precipitation gradient across the study area, as A. raddiana occurs widely across the south but is
524  absent from wetter northern areas. Response curves show that A. raddiana maintains high
525  suitability across a broader range of temperatures than A. tortilis, reinforcing its wider climatic
526 tolerance. Distance to streams shows a higher contribution than A. fortilis, consistent with evidence
527  that A. raddiana is less drought tolerant and more associated with main channel environments

528  where water availability is higher (Uni et al., 2023b)?2.

529  For A. pachyceras, precipitation variables and distance to streams were the strongest predictors,
530  while temperature variables provided limited contributions. Although the species is associated
531  with higher elevations and cooler environments, weak contributions for temperature in the model
532  suggest that it may not be directly constrained by thermal limits to the same degree as A. tortilis.
533 Instead, its strong association with proximity to streams indicates greater dependence on local
534  water availability. Experimental evidence supports this interpretation. When Uni et al.
535 (2021)?! grew all three species under uniform, hot desert conditions in a controlled irrigation
536  experiment, 4. pachyceras showed the strongest growth and greener canopies when provided with
537  high irrigation. The species' success in a hot environment when provided with sufficient water
538  suggests that temperature alone is not a strict physiological constraint, but water availability may

539  Dbe the key ecological constraint for this species.

540 However, the interpretation of SDMs must account for the statistical properties of the modelling

541  framework, particularly for the A. pachyceras model. Relative Occurrence Area, defined as the

27


http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a Creative Commons Attribution 4.0 I nternational
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.

542  proportion of the study region occupied by a species, affects model performance (Tessarolo et al.,
543  2021)%'. Species with smaller Relative Occurence Area often yield inflated performance metrics
544  (AUC) because presence points occupy a narrow portion of environmental space, resulting in an
545 increased proportion of correctly predicted background absences across the wider background.
546  Therefore, the high AUC value for A. pachyceras model (0.994) likely reflects its small geographic
547  range within the study area, rather than showing strong ecological representation. Its restricted
548  range may also explain why some predictors became especially prominent. When the background
549 extent in an SDM is large relative to the species’ range, models tend to simplify and become
550 dominated by a small number of variables that provide the strongest regional discrimination
551  (VanDerWal et al., 2009)%%. In the study area, BIO12 follows a clear north-south precipitation
552  gradient, creating strong contrast between the dry southern habitat of A. pachyceras and the wetter
553  northern background (Figure 4(d)). Similarly, BIO15 (Precipitation Seasonality) provides strong
554  contrast because the species occupy a narrow band of intermediate BIO15 values relative to the
555  broader variation across the study area. Furthermore, because climatic conditions are relatively
556  uniform at small spatial scales, localised environmental variables may become relatively more
557  important for distinguishing presences from background (Pearson and Dawson, 2003)%3. Thus, the
558  prominence of distance to streams for A. pachyceras may reflect its genuine dependence on water

559  proximity, but it may also be amplified by the statistical artifact caused by its restricted range.

560 Some response-curve features may also reflect SDM mechanisms rather than true ecological
561  thresholds. MaxEnt applies regularisation to limit model complexity and reduce overfitting (Elith
562 etal., 2010)°'. As aresult, response curves may show sharp declines in suitability at environmental
563  extremes where data are scarcely represented, or flat responses for variables that contribute little

564  to the model, which likely explains the response curves observed for BIO11.
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565

566 4.1.2 Climatic niche relationships among species

567  SDM results offer some insight into ecological niche differentiation among species; A. tortilis
568  appears primarily constrained by temperature, 4. pachyceras shows stronger dependence on local
569 water availability, and A. raddiana shows a broader climatic tolerance. However, given the
570  modelling limitations mentioned, ecological interpretation should not rely solely on SDM variable
571 importance. PCA provides an alternative framework for comparing species’ niches while avoiding
572  potential biases associated with SDM predictor contributions (Warren et al., 2008)?. By reducing
573  wvariables into major climatic gradients, it creates a shared environmental space in which climatic

574  niche overlap can be quantified.

575  A. raddiana overlaps geographically with both other species, yet low Schoener’s D values indicate
576  low climatic niche overlap. This likely reflects differences in niche breadth, which describes the
577 range of environmental conditions a species can tolerate or utilise (Slatyer et al., 2013)%4. A.
578  raddiana is the most widespread species and occupies a broad range of environmental conditions,
579  whereas 4. tortilis and A. pachyceras are more climatically restricted with narrower, more
580  specialised niches. This is evident in the PCA, wherethe niches of A. tortilis and A4.
581  pachyceras appear as subsets nested within that of A. raddiana. The particularly low Schoener’s
582 D (showing niche overlap) between A. raddiana and A. pachyceras (D=0.016) likely reflects the
583  contrast in niche breadth between these species, resulting in low climatic niche overlap despite

584  geographic sympatry.

585  Although overlap values were low, equivalency tests failed to reject the null hypothesis for all

586  species pairs, meaning there is insufficient evidence to conclude that their climatic niches are
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587  significantly distinct. Notably, the only statistically significant result was the niche similarity test
588  between A. fortilis and A. pachyceras, which also showed the highest overlap (Schoener’s D)
589  value. This is surprising as they do not overlap geographically and suggests that these two species
590 may share more similar fundamental climatic requirements than their current distributions
591  imply. Their geographical separation has generally been attributed to the elevation—temperature
592  gradient, with 4. fortilis confined to hotter lowlands and 4. pachyceras to cooler high-elevation
593  areas (Uni et al., 2021)?!. The PCA does capture this pattern, with 4. pachyceras concentrated at
594  aslightly higher PC2 range (lower temperature, higher elevation), however its niche is still nested

595  within that of 4. fortilis, signifying climatic niche overlap.

596  Combining the SDM and climatic niche results provides insight into the relationship between the
597  two species. The SDM response curves indicate that 4. fortilis distribution is strongly temperature-
598  limited (BIOS). However, 4. pachyceras retains high predicted suitability at higher BIOS5 despite
599  being largely absent from these warmer environments (Figure 5(b)). In other words, the model
600 does not indicate that A. pachyceras is incapable of occupying warmer environments to the same
601  extent that 4. fortilis appears incapable of occupying cooler areas. This reinforces the view that

602 temperature is not the primary limitation for A. pachyceras.

603  Their significant climatic niche overlap and these SDM results raise the possibility that their
604  geographic separation may be driven by factors other than climatic constraints. One possible
605 hypothesis is competitive exclusion, whereby one species restricts the realised distribution of
606  another with similar ecological requirements (Connell, 1961)%°. A. pachyceras may be
607  physiologically capable of persisting in hotter lowland environments but excluded by 4. tortilis
608 under these conditions. Conversely, at higher elevations where temperature limits A. fortilis,

609 reduced competitive pressure may allow A. pachyceras to persist. This would help explain why
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610  the two species show climatic similarity without geographic co-occurrence. Because correlative
611 SDMs do not explicitly incorporate interspecific competition, they may overestimate species’
612  distributions where their realised ranges are constrained by biotic interactions (McPherson and
613  Jetz, 2007)33. The projected suitable areas for A. pachyceras in this study may reflect its
614  fundamental niche, defined as the range of conditions it could occupy in the absence of biotic
615  constraints, rather than its realised distribution shaped by competition and other biotic factors

616  (Wiens et al., 2009)%.

617

618

619 4.2 RQ2 - Future Distribution Projections

620  Future projections indicate a redistribution of suitable habitat toward central and western parts of
621  the Negev during the 21st century, with moderate mid-century expansion followed by increasing
622  contraction and fragmentation under late-century high-emission scenarios. This shift suggests that
623 moderate warming may initially create more climatically suitable areas, but as climatic stress
624 intensifies, environmental conditions may exceed physiological tolerance thresholds and

625  ultimately result in range contraction.

626  Differences across scenarios highlight the importance of climate trajectory. The Negev is projected
627  to become warmer and drier, reflected in the CHELSA projections used in this study which show
628  declining precipitation and rising temperatures (Figure 4), trends that intensify under higher-
629 emission scenarios. In the models, low-emission scenarios (SSP1-2.6) predict modest shifts and
630  westward expansion, whereas high-emission pathways (SSP3-7.0 and SSP5-8.5) produce greater

631  habitat loss and fragmentation. This is likely driven by the crossing of ecological aridity thresholds,
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632 beyond which species persistence becomes unstable and habitat loss accelerates (Berdugo et al.,
633  2021)'3. Given that Acacia survival depends on episodic flood-driven recharge and rainfall events
634  for seedling recruitment (Wiegand et al., 2003 ¢7; Shrestha et al., 2003 !°), a continued reduction
635 in runoff-generating events would reduce recharge opportunities and limit recruitment success.
636  Acacia declines in the southern Negev have been attributed to warming and drying (Stavi et al.,
637  2014)3, suggesting these survival thresholds may have already been breached there. The shift from
638 overall expansion under low-emission scenarios to contraction under high-emission scenarios
639  suggests the presence of critical climatic thresholds between emission pathways. This highlights
640 the importance of emissions trajectories in determining future outcomes, with habitat viability

641  being contingent on staying below high-emission limits.

642  Late-century predictions show increasing habitat loss with retreat from eastern and southern
643  regions, particularly for A. tortilis and A. raddiana. However, the extremity of these changes in
644  local-scale models may be influenced by niche truncation resulting from the restricted climate
645 range of the study area (Thuiller et al., 2005)%. As both species occur across a broader range in
646  Africa (Ba et al., 2002)%, their full climatic niche is not captured within the local study area.
647  Thuiller et al., (2005)% note that models calibrated on truncated extents may overestimate future
648  range expansion as they have to extrapolate into non-analogue climates. Therefore, the westward
649  redistribution, especially the most pronounced predictions for A4. tortilis, should be interpreted

650 cautiously as it is likely exaggerated.

651  A. pachyceras retains the smallest area of suitable habitat under future projections. This reinforces
652  the view that range-restricted species are particularly vulnerable to habitat loss under climate

653  change (Thuiller et al., 2005)%. Furthermore, the smaller distance in its overall shifts may mean
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654  that A. pachyceras is already confined to a narrow geographic range in which it can persist, whether

655  constrained by climatic or biotic factors, with limited ability to expand elsewhere.

656  Even with overall increasing regional aridity, future projections show that the Highlands remain
657  relatively cooler and wetter than surrounding lowlands (Figure 4). Consequently, projected
658 climatic changes in this area are less likely to exceed ecological thresholds for persistence,
659  explaining why future suitable habitat for all three species is consistently concentrated in this
660 region. However, if the previously discussed competitive exclusion hypothesis applies, the
661  overlapping suitability predicted in the Highlands may not be fully realised. Following the
662  hypothesis, if 4. fortilis shifts its distribution to the Negev Highlands, A. pachyceras could be
663  competitively excluded, meaning its modelled future distribution may be overestimated. In fact,

664 this species may even become extinct within the studied area.

665

666 4.3 RQ3 — Model Calibration Extent Sensitivity

667  Considering that the local-scale model is potentially constrained by niche truncation, 4. tortilis
668 was modelled across broader spatial extents to assess how the study area domain influences
669 predictions. As extent increased, model performance (AUC) declined and the model predicted
670 larger areas of suitable habitat in the target range, exceeding the species’ current observed
671  distribution. This aligns with findings that continental models tend to overestimate suitability when
672  projected to regional margins, whereas regionally calibrated models better capture local ecological
673 limits (Vale et al., 2013)3°. This happens because large extents incorporate diverse vegetation
674  zones and a wide range of ecosystem processes which may not reflect the ecological conditions

675 affecting a focal population (Anderson and Raza, 2010)7°. Species—environment relationships
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676  have been found to vary geographically due to local adaptation, habitat shifts and differences in
677  limiting factors across regions (McPherson & Jetz, 2007)3. In this study, 4. tortilis in the local
678 target range represent peripheral populations occurring in a climatic regime that differs
679  substantially from their African core (Ba et al., 2002)%°. Consequently, calibration across the wide
680 extent integrates environmental relationships across multiple biogeographic contexts, likely
681  producing overestimated suitability within the target range. The intermediate extent shows a closer
682  alignment with the actual present-day distribution, likely because the calibration is restricted to a

683  more coherent phytogeographic and environmental context.

684  However, both intermediate and wide models predicted suitability north of 32°N where 4. tortilis
685  does not occur. This is likely because expanded extents include occurrences under a broader range
686  of climatic conditions, producing response curves with high suitability across a wider temperature
687  range (BIOS5 and BIO11). As a result, the model becomes more permissive, predicting suitability
688 in areas beyond the species’ observed northern limit, where climates may resemble conditions
689  occupied by the species elsewhere in the wider range. This highlights how expanding the
690 calibration extent alters the background environmental contrasts used by the model, leading to

691  more generalised estimates of climatic suitability rather than capturing the specific local realised

692 niche.

693  Results for future projections align with evidence from Anselmetto et al. (2024)3' that locally
694  calibrated models predict greater magnitudes of future change. The authors highlight the key trade-
695  off that while local models better reflect present-day realised distributions, they suffer from niche
696  truncation when extrapolated to the future. This creates uncertainty in the accuracy of future
697  predictions from the local model. Nevertheless, all models converge on a pattern of reduced

698  suitability in eastern parts of the study area under severe warming scenarios. This suggests that
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699  although 4. rortilis is highly adapted to heat, extreme future temperatures will likely exceed its
700 tolerance limits in the east. The fact that this climatic threshold is eventually revealed by all model

701  calibrations shows that it is not just an artifact of niche truncation from the local model.

702  Finally, expanding calibration extent introduces additional uncertainty associated with global
703  occurrence datasets. GBIF records are subject to spatial sampling bias, misidentification, and
704  uneven survey effort (Beck et al., 2014)7!. Taxonomic complexity within Acacia, particularly
705  following its reclassification into Vachellia and Senegalia, further complicates accurate species
706 identification in broad-scale datasets (Suleiman et al., 2017)°. Specifically, the classification of A.
707  pachyceras remains taxonomically unresolved, with some authorities synonymizing it under
708  Vachellia gerrardii subsp. Negevensis (Ragupathy et al., 2014 72; POWO, 2026 73). Here, Acacia
709  raddiana is treated as a species distinct from A. tortilis, following its recognition in studies of the
710  Middle East (Danin, 1992)7, although it has been previously classified as A. tortilis subsp.
711 raddiana (Brenan, 1957)74. This leads to records being stored under inconsistent names across
712 different regions and time periods. Furthermore, limited monitoring and under-sampling in arid
713  regions results in incomplete records (Chanachai et al., 2024)37. These limitations create bias and

714 inconsistency in occurrence data, reducing the reliability of broad-scale models.

715 Ultimately, restricting calibration extent to the local study area provides more realistic predictions
716  and enables more reliable data across the three species, making it the most appropriate choice for
717  examining Negev Acacia distributions. Importantly, the fact that all calibration extents show
718  declining suitability under severe warming scenarios strengthens confidence that the projected
719  eastern habitat loss represents a real climatic threshold rather than an artefact of local niche

720 truncation.

721
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722 4.4 Limitations and Future work

723 A key limitation of correlative SDMs is that they rely solely on statistical associations between
724  occurrence data and environmental variables to infer species—environment relationships, without
725 accounting for the underlying physiological and biological mechanisms that drive these
726  relationships (Wilkinson et al., 2019)7. For instance, the three Acacia species exhibit different
727  water-use strategies and stomatal responses to drought which influence their tolerance to water
728  stress (Uni et al., 2023b)?*2. By failing to represent these physiological traits, correlative SDMs
729  may not accurately capture species’ true responses to environmental change. Mechanistic (process-
730  based) or hybrid models, which explicitly incorporate physiological constraints and responses,

731 could be used for future work to improve these predictions (Kearney and Porter, 2009)7.

732  Correlative SDMs are also unable to incorporate biotic interactions that may strongly influence
733  species distributions (Dolos et al., 2015)”7. Mistletoe infestation, seed predation by bruchid beetles
734  and reductions in herbivore-mediated seed dispersal have all been linked to Acacia population
735  decline as they affect mortality and recruitment (Wiegand et al., 1997)78. In addition, interspecific
736 interactions may shape species’ realised distributions, as hypothesised in this study for A. tortilis
737  and A. pachyceras. Further investigation into their interaction could help clarify whether this
738  contributes to their geographic separation. Joint Species Distribution Models offer a way to
739  incorporate species co-occurrence interactions, but they typically require presence-absence or
740  abundance data, rather than the presence-only records used in this study (Wilkinson et al., 2019)7°.
741 Therefore, future research could improve predictive accuracy by integrating alternative modelling

742  approaches and collecting more comprehensive occurrence data from surveyed sites.
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743 A further limitation relates to the quality and consistency of occurrence data, as discussed, which
744  introduces uncertainty into model predictions especially at broader extents, highlighting the

745  importance of adopting local-scale approaches in future modelling efforts.

746  Finally, this study estimates potential climatic habitat suitability, however realised distributions
747  may be constrained by dispersal limitation, land-use change, or anthropogenic barriers. Although
748  acacia trees are legally protected in Israel (Armoza-Zvuloni et al., 2021)'5, infrastructure
749  development can inadvertently disrupt natural flood regimes and reduce water availability (Ward
750  and Rohner, 1997)!"7. Future work could create more realistic projections by intersecting predicted
751  suitable habitat with land-use and urban extent data to identify where redistribution is both

752  climatically suitable and physically plausible.

753

754 5. Conclusions

755  This study investigated the environmental drivers shaping the present and future distributions of
756  three Acacia species in the Negev using SDMs and climatic niche analysis. Results reveal that 4.
757  tortilis is primarily temperature-limited, 4. raddiana exhibits a broader climatic niche, spanning a
758  wide range of temperature and precipitation gradients, while 4. pachyceras occupies the narrowest

759  climatic niche and appears to be primarily influenced by water availability.

760  Despite their distinct geographic separation, 4. fortilis and A. pachyceras showed significant niche
761  similarity and overlap in PCA space, suggesting that climatic conditions alone may not fully
762  explain their realised distributions. While model outputs indicate that A. tortilis is strictly bound
763  tohigh temperatures, 4. pachyceras shows no clear restriction to cooler conditions and temperature

764  does not appear to be a primary limiting factor. Consequently, this study proposes that the absence
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765  of A. pachyceras from warmer regions may be driven by competitive exclusion by 4. tortilis in
766  areas where their niches overlap. This warrants further investigation and underscores the need for

767  using modelling frameworks that incorporate biotic interactions in future research.

768  Future projections indicate that suitable habitat may initially expand westwards under moderate
769  mid-century warming, but contract substantially under higher-emission late-century scenarios as
770  climatic conditions increasingly exceed species tolerance thresholds. The convergence of all model
771  calibrations on eastern habitat contraction under severe warming confirms this as a robust
772  ecological signal. The magnitude and timing of projected shifts remain uncertain, but the direction

773  of change is consistent across model configurations.

774  This study also demonstrates that model predictions are highly sensitive to calibration extent.
775  Broader extents produced more generalised climatic relationships and overestimated present-day
776  suitability within the target range, a consequence of integrating environmental relationships across
777  biogeographic contexts that do not reflect the distinct climatic and hydrological regime of these
778  peripheral Negev populations. Local-scale calibration is therefore the most appropriate approach
779  for modelling Acacia in the Negev, and necessary given the inconsistencies and limitations in

780  global occurrence datasets.

781  Ultimately, by characterising species-specific climatic constraints and informing the selection of
782  appropriate modelling frameworks, this study advances understanding of Acacia niche dynamics
783  in the Negev and provides a basis for refining future projections. Given their role as keystone
784  species in Negev desert ecosystems, accurate predictions of Acacia dynamics are essential for
785 anticipating broader ecological change across this landscape and guiding future conservation

786  priorities.
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Figure 1. a) Climatic zones across Isracl-Palestine demonstrating the north-south andity gradient
(modified from Portnov and Safricl, 2004)*. b) Map of the Negev desert and its subregions, featuring the

Negev Highlands and the Arava Valley (modified from Collins-Kreiner and Wall., 2007)°
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Figure 4. Spatial distribution of environmental vanables across the study arca. Panels a—h show predictor

variables used in the model. Panel 1 (elevation) is included for context but not used as a model predictor.
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Inset maps show late-century (2071-2100) projections for biochimatic vanables under SSP3-7.0, as a

representative example of future climatic change.
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Figure 6. Present-day binary suitability maps for a) A. tortilis, b) A. raddiana, and c) A. pachyceras using
each model’s unique Maximum Training Sensitivity plus Specificity (MTSS) threshold (0.166, 0.348, and

0.119, respectively).
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Figure 7. Projected suitability changes for A. tortilis, A. raddiana, and A. pachyceras under SS5P1-2.6
(best-case scenario) and S5P5-8.5 (worst-case scenano) for 2041-2070 and 2071-2100. The same species-
specific MTSS thresholds used for the present-day binary maps were applied. Colours indicate loss (pink),

gain (blue), and areas remaining suitable in both present and future (green).
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Figure 8. PCA of environmental space across the study area. a) Smoothed convex hulls around the main

cluster of occurrence points representing the climatic niches of A. fortilis (red), A. raddiana (blue), and A.

pachyceras (purple). b) Environmental vanable loadings on PC1 and PC2; numerical vanable loadings are

provided in Appendix A,
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Figure 11. Binary maps of predicted suitable habitat for Acacia tortilis under present climate conditions
and latc-century projections (2071-2100) for two emission scenarios: SSP1-2.6 (best-case) and SSP5-8.5

(worst-case) across model calibration extents. Binary suitability used extent-specific MTSS thresholds.
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