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Abstract 6 

The acceleration of anthropogenic warming is fundamentally altering the climatic space available 7 

to foundational conifer species in European alpine environments. This study evaluates the potential 8 

impacts of future climate scenarios on the spatial distribution and elevational displacement of four 9 

key taxa (Abies alba, Larix decidua, Picea abies, and Pinus sylvestris) in the Italian Alps. We 10 

employed an ensemble modeling framework, integrating climatic and topographic predictors 11 

under two Shared Socioeconomic Pathways (SSP1-2.6 and SSP5-8.5) for mid- (2050) and late-12 

century (2070) time horizons. The projections indicate a universal trajectory of habitat contraction 13 

and forced upslope migration across all modeled taxa, primarily driven by temperature and 14 

precipitation seasonality. While A. alba demonstrated relative spatial stability under moderate 15 

warming, P. abies exhibited the highest vulnerability, with a projected 87.8% reduction in 16 

climatically suitable area by 2070 under the high-emission scenario. Elevational analyses revealed 17 

that A. alba, L. decidua, and P. sylvestris would require sustained upslope migration velocities 18 

exceeding 70 meters per decade to track their optimal thermal niches. Conversely, the severe niche 19 

deterioration for P. abies under extreme warming resulted in a projected net downward shift, 20 

indicating a potential restriction to localized topographic micro-refugia rather than a biological 21 

migration. The required climate velocities substantially exceed the natural seed dispersal capacities 22 

of these long-lived conifers, introducing a pronounced migration lag. Consequently, relying solely 23 



on natural regeneration may prove insufficient to maintain current distributions. Sustaining these 1 

alpine forests will likely require targeted climate-adaptive management, including the protection 2 

of micro-refugia and the evaluation of assisted migration. 3 
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1. Introduction 1 

Climate change is a major driver of ecological transformation worldwide, reshaping the structure, 2 

functioning, and spatial distribution of species, with particularly pronounced effects in mountain 3 

environments (Albrich et al., 2020; Weiskopf et al., 2020; Nolan et al., 2018; Beniston, 2003). In 4 

recent decades, increasing global temperatures, altered precipitation regimes, and the rising 5 

frequency of extreme climatic events have prompted shifts in the geographic and ecological ranges 6 

of numerous plant taxa (Bradley et al., 2024; Kelly & Goulden, 2008; Jentsch et al., 2007; 7 

Ghasemian Sorboni et al., 2026). Mountain forests in the Alps are experiencing an acceleration in 8 

dynamics driven by climate warming, where elevation and topographic complexity modulate the 9 

rate of species composition and structural changes (Thom & Seidl, 2022; Albrich et al., 2020). 10 

The Alpine region has experienced a temperature increase of approximately 2°C since the pre-11 

industrial era, a trend that is accelerating forest dynamics and modifying vegetation composition, 12 

as evidenced by the upward migration of species and shifts in the altitudinal limits of tree species 13 

(Dumont et al., 2025; Chersich et al., 2015; Pauli et al., 2003). Under such conditions, many forest 14 

taxa exhibit a tendency to track suitable climatic niches by shifting their distribution ranges toward 15 

higher latitudes or elevations (Vitasse et al., 2021; Boisvert-Marsh et al., 2014; Lenoir & Svenning, 16 

2014). This pattern is often described as an upslope shift, reflecting changes in the elevational 17 

distribution of species that can influence forest composition, species interactions, and stand 18 

structure. 19 

Coniferous species are dominant components of many forests in the European Alps. Taxa such as 20 

Abies alba, Picea abies, Pinus sylvestris, and Larix decidua comprise a considerable proportion of 21 

the mountain woodlands in central and southern Europe, contributing substantially to 22 

biogeochemical cycling, carbon sequestration, and ecosystem stability (Piaszczyk et al., 2026; 23 



Bledý et al., 2024; Walder et al., 2021; Moris et al., 2017; Knoke et al., 2007). However, due to 1 

their reliance on specific climatic conditions, these species exhibit vulnerabilities to rapid 2 

alterations in temperature and precipitation regimes (Izworska et al., 2025; Brichta et al., 2024; 3 

Rozenberg et al., 2020; Mamet et al., 2018; Langvall, 2011; Falk & Mellert, 2011; Rebetez & 4 

Dobbertin, 2004). 5 

Although species’ climatic niches may shift under climate change, the realization of these shifts 6 

often depends on species-specific dispersal capabilities. Dispersal limitations can impede species 7 

from migrating to newly suitable climatic zones at a sufficient pace, particularly within 8 

mountainous landscapes characterized by geographic barriers and abrupt environmental transitions 9 

(Zani et al., 2023; Siefert et al., 2015; Meier et al., 2011; Zhu et al., 2011). Consequently, evaluating 10 

both potential shifts in climatic ranges and the ability of species to track these changes is critical 11 

for projecting the future dynamics of mountain forests. 12 

Focusing on the mountain forests of Northern Italy within the Italian Alps, the present research 13 

examines the potential shifts of four principal coniferous species: A. alba, P. abies, P. sylvestris, 14 

and L. decidua. Employing Species Distribution Modeling (SDM), the climatically suitable ranges 15 

for these taxa are projected under both current conditions and future climate scenarios. 16 

Furthermore, potential modifications in the altitudinal ranges of these species and their 17 

corresponding upslope velocities are evaluated to ascertain whether the potential dispersal capacity 18 

of these conifers can align with the velocity of regional climate change. 19 

2. Material and Methods 20 

2.1. Study Area and Species Occurrence Data 21 

Geographically, this research is situated in northern Italy, spanning from 6.5° to 14° E longitude 22 

and 43.5° to 47° N latitude. The region features a distinct topographical transition from the 23 



lowlands of the Po Valley to the high-elevation environments of the Italian Alps. These steep 1 

altitudinal gradients create significant environmental heterogeneity, supporting the extensive 2 

subalpine and alpine conifer forests that are vital to regional biodiversity and ecosystem stability. 3 

Primary occurrence data for the four target species were sourced from the Global Biodiversity 4 

Information Facility (GBIF). Because raw open-source biodiversity repositories often contain 5 

spatial artifacts, the downloaded records required quality control. Using the CoordinateCleaner 6 

package in R (Zizka et al., 2019), the dataset was filtered to exclude common spatial errors, 7 

including coordinate identical and zero coordinates. After cleaning and spatially restricting the 8 

occurrences to the target boundary, the finalized dataset retained 285 validated presences for A. 9 

alba, 1,673 for L. decidua, 834 for P. sylvestris, and 1,062 for P. abies (Fig. 1). To adequately 10 

parameterize the SDM, background points were generated following the framework established 11 

by Barbet-Massin et al, 2012. To optimize model calibration and mitigate spatial sampling bias, 12 

the number of randomly distributed background points was matched identically to the number of 13 

true presence records for each respective species across the study area. 14 
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Figure 1. Geographical extent of the study area in northern Italy (6.5°–14° E, 43.5°–47° N), highlighting the 1 

distribution of the validated occurrence records for the four target conifer species (A. alba, L. decidua, P. sylvestris, 2 

and P. abies).  3 

2.2. Environmental Predictors and Climate Scenarios 4 

To characterize the ecological niches of the target conifer species, we compiled a set of 5 

environmental predictors including both climatic and topographic variables. Baseline climatic 6 

conditions were established using 19 standard bioclimatic metrics extracted from the WorldClim 7 

2.1 database at a spatial resolution of 30 arc-seconds (Fick & Hijmans, 2017; Booth et al., 2013). 8 

Furthermore, to capture the pronounced topographic gradients that influence microclimatic 9 

conditions in alpine environments, a Digital Elevation Model (DEM) was incorporated into the 10 

analysis. Slope and aspect were subsequently derived from the DEM using spatial analysis tools. 11 

Future climate conditions were simulated in accordance with the Coupled Model Intercomparison 12 

Project Phase 6 (CMIP6). To mitigate the inherent uncertainties of individual climate models, an 13 

ensemble approach was implemented using five distinct General Circulation Models (GCMs): 14 

MRI-ESM2.0, EC-Earth3, CNRM-CM6-1, MIROC6, and MPI-ESM1.2. These models were 15 

projected across two Shared Socioeconomic Pathways (SSPs) to encapsulate a broad spectrum of 16 

future trajectories: SSP1-2.6 (a low-emission, sustainable development scenario) and SSP5-8.5 (a 17 

high-emission, fossil-fuel-dependent scenario). Projections were acquired for two future time 18 

horizons: mid-century (2041–2060) and late-century (2061–2080). 19 

2.3. Collinearity Assessment and Variable Selection 20 

Including highly correlated predictors can introduce multicollinearity, which severely 21 

compromises model calibration and the transferability of spatial projections (Brun et al., 2019; De 22 

Marco & Nóbrega, 2018). To address this, a systematic variable selection protocol was applied 23 



using the usdm package in R (Naimi, 2012). The initial pool of environmental predictors, 1 

comprising the 19 bioclimatic variables alongside slope and aspect, was subjected to a stepwise 2 

Variance Inflation Factor (VIF) analysis. A conservative threshold of VIF < 5 was established to 3 

iteratively eliminate redundant predictors while preserving maximum independent environmental 4 

variance. 5 

Following the stepwise elimination procedure, the final subset of non-collinear predictors varied 6 

slightly among the studied taxa (Table 1). The variable selection procedure retained nine 7 

independent predictors for each species, which were subsequently used for model calibration. All 8 

final selected variables demonstrated VIF values well below the predefined threshold of 5, 9 

ensuring strict statistical independence for the subsequent modeling phases. 10 

Table 1. Final set of environmental predictors retained for each conifer species after multicollinearity assessment, 11 

alongside their respective Variance Inflation Factor (VIF) values. 12 

Variable Code Environmental Predictor P. abies L. decidua A. alba P. sylvestris 

bio3 Isothermality 1.19 1.19 1.19 1.22 

bio4 Temperature Seasonality 2.87 2.95 2.81 4.17 

bio6 Minimum Temperature of the Coldest Month 3.61 3.76 3.60 - 

bio8 Mean Temperature of the Wettest Quarter - - - 3.87 

bio9 Mean Temperature of the Driest Quarter 4.31 4.28 4.17 3.28 

bio13 Precipitation of the Wettest Month 3.75 3.61 3.70 4.48 

bio15 Precipitation Seasonality 1.23 1.20 1.19 1.69 

bio18 Precipitation of the Warmest Quarter 3.99 4.12 4.14 4.76 

slope Slope 2.38 2.37 2.37 2.28 



aspect Aspect 1.01 1.01 1.01 1.01 
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2.4. Species Distribution Modeling and Ensemble Projection 2 

To estimate the climatically suitable areas, an ensemble modeling framework was implemented 3 

utilizing the sdm package in the R statistical environment (Naimi & Araújo, 2016). Because relying 4 

on a single algorithm can introduce considerable methodological bias (Li & Wang, 2013), four 5 

distinct modeling techniques were employed to capture varying species-environment response 6 

curves: Generalized Linear Models (GLM), Maximum Entropy (MaxEnt), Random Forest (RF), 7 

and Boosted Regression Trees (BRT). 8 

Model calibration and internal validation were executed through a five-fold cross-validation 9 

procedure. During each iteration, the presence and background datasets were randomly partitioned, 10 

with 70% of the data allocated for model calibration and the remaining 30% withheld for 11 

independent evaluation. 12 

Predictive performance was quantified using two standard discrimination metrics: the Area Under 13 

the Receiver Operating Characteristic Curve (AUC) and the True Skill Statistic (TSS) (Shabani et 14 

al.,2018). To minimize the propagation of errors from poorly fitted models and reduce overall 15 

uncertainty, final spatial projections were derived via ensemble forecasting rather than relying on 16 

individual model outputs (Grenouillet et al., 2011; Araujo & New, 2007). A strict pre-selection 17 

criterion was applied prior to ensembling; only individual model runs achieving an AUC > 0.70 18 

and TSS > 0.50 on the evaluation dataset were retained. 19 

The final consensus projections were generated using a weighted averaging approach. The 20 

contribution of each retained model to the final ensemble was weighted based on its evaluation 21 

TSS score. To further refine the ensemble, these weights were squared, a procedure that 22 

disproportionately increases the relative influence of highly accurate models while penalizing 23 



those closer to the minimum performance threshold. Finally, for downstream spatial analyses, the 1 

continuous habitat suitability predictions were converted into binary presence-absence maps using 2 

the threshold that maximizes the sum of sensitivity and specificity (max SSS) (Liu et al., 2015). 3 

2.5. Elevational Range Shifts and Upslope Velocity 4 

To quantify projected shifts in the altitudinal distribution of the target species, the binary suitability 5 

projections were spatially intersected with the DEM. For each species across all modeled time 6 

horizons and SSPs, the underlying elevation values of all pixels classified as suitable habitat were 7 

extracted. The altitudinal boundaries of the climatic niche were subsequently characterized by 8 

computing the central tendency (mean) and variability (standard deviation) of these extracted 9 

elevation values. 10 

Elevational displacement was quantified by calculating the difference in the mean suitable 11 

elevation between the baseline configuration and each respective future climate scenario. Based 12 

on these distributional shifts, the required upslope velocity was estimated to evaluate the 13 

theoretical migration rate necessary for these taxa to track their shifting climatic niches. This 14 

velocity was computed by dividing the projected altitudinal displacement by the temporal interval 15 

separating the baseline period and the future projection year. To standardize the metric for 16 

comparative analysis, the final upslope velocities were expressed as rates in both meters per year 17 

(m/year) and meters per decade (m/decade). 18 

3. Results 19 

3.1. Model Performance and Variables Contribution 20 

The species distribution models demonstrated robust predictive accuracy across the target taxa. 21 

Evaluation metrics indicated that RF consistently outperformed the other algorithms, achieving 22 

the highest discrimination capacity for all four species (peak AUC > 0.84; TSS > 0.58). Conversely, 23 



GLM generally exhibited the lowest predictive performance, notably falling below the predefined 1 

ensemble inclusion thresholds (AUC < 0.70; TSS < 0.50) during specific runs for P. sylvestris. 2 

Overall, the ensemble models for L. decidua yielded the highest evaluation scores (maximum AUC 3 

= 0.88; TSS = 0.61 via RF), while P. sylvestris models displayed the widest variance in accuracy 4 

across the tested algorithms (AUC: 0.69–0.87; TSS: 0.33–0.58) (Fig. 2). 5 

The relative influence of the selected environmental predictors varied notably among the species, 6 

though temperature and precipitation seasonality broadly dominated the model parameterizations 7 

(Fig. 3). For A. alba and L. decidua, Temperature Seasonality (bio4) and Minimum Temperature 8 

of the Coldest Month (bio6) emerged as the primary geographic constraints, contributing 30.0% 9 

and 26.3% to their respective models. In contrast, precipitation metrics exerted a stronger influence 10 

on P. abies, with Precipitation Seasonality (bio15) acting as the most influential predictor (18.3%), 11 

followed by secondary contributions from bio6 (9.2%) and bio4 (6.4%). P. sylvestris exhibited a 12 

distinct environmental response profile heavily driven by topography; slope was the predominant 13 

predictor (19.9%), followed by Isothermality (bio3; 13.9%) and Mean Temperature of the Driest 14 

Quarter (bio9; 10.1%). Across all species models, aspect consistently demonstrated a negligible 15 

contribution to the spatial predictions. 16 
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Figure 2. Predictive performance of the species distribution models for the four target conifer species (A. alba, L. 2 

decidua, P. sylvestris, and P. abies). Model accuracy is evaluated using AUC (top panel) and TSS (bottom panel). 3 
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Figure 3. Relative environmental predictor importance for the four target conifer species (A. alba, L. decidua, P. 2 

sylvestris, and P. abies). The plots represent the mean contribution of climatic and topographic variables across the 3 

ensemble SDM iterations. 4 

3.2. Current and Future Projections 5 

Spatial projections of habitat suitability yielded distinct baseline extents for the four conifer 6 

species.  Under current climatic conditions, A. alba exhibited the largest suitable area within the 7 

study region (38,474 km²), followed by L. decidua (30,157 km²). In contrast, P. sylvestris and P. 8 

abies occupied comparatively narrower climatic niches, with baseline suitable areas of 17,241 km² 9 

and 13,975 km², respectively. 10 



Across all evaluated future climate scenarios and time horizons, the ensemble models projected a 1 

universal trajectory of habitat contraction, though the magnitude of these shifts varied considerably 2 

by taxon and emission severity. A. alba demonstrated the highest relative stability (Fig. 4). Under 3 

the low emission SSP1-2.6 scenario, its suitable habitat was projected to decrease by 12.9% by 4 

2050 and 15.0% by 2070. However, under the high-emission SSP5-8.5 scenario, range reductions 5 

became more pronounced, culminating in a 44.1% net decline (21,349 km²) by 2070, driven by a 6 

loss of over 54% of its baseline habitat against minimal anticipated gains. 7 

L. decidua and P. sylvestris displayed more severe contraction patterns. For L. decidua, SSP1-2.6 8 

resulted in a relatively stable mid-to-late century reduction of approximately 22.8%. Under SSP5-9 

8.5, this contraction accelerated, reaching a 62.0% net loss by 2070 as gross habitat loss (65.9%) 10 

vastly outpaced potential expansion (3.9%) (Fig. 5). Similarly, P. sylvestris faced projected range 11 

reductions of 26.5% by 2050 under SSP1-2.6. By 2070 under SSP5-8.5, its suitable area contracted 12 

by 54.8% to 7,694 km²; although the models predicted moderate habitat gains of roughly 21% for 13 

this species, these local expansions were insufficient to offset the projected widespread loss of its 14 

current distribution (Fig. 6). 15 

Among the modeled taxa, P. abies exhibited the sharpest decline in suitable climatic space. By 16 

2050 under SSP1-2.6, its range contracted by 36.4% (to 8,885 km²), with negligible projected gains 17 

(1.9%). This downward trajectory intensified significantly under the SSP5-8.5 scenario, where the 18 

species lost 55.8% of its suitable area by mid-century. By 2070 under this high-emission pathway, 19 

the models projected an 87.8% net reduction, leaving only 1,706 km² of suitable habitat as nearly 20 

88% of its baseline distribution became climatically unsuitable (Fig. 7). 21 
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Figure 4. Spatial projections of A. alba under current climatic conditions and four future scenarios (SSP1‑2.6 and 2 

SSP5‑8.5 for 2050 and 2070). Panels include (A) binary projection, and (B) continuous suitability maps based on 3 

ensemble predictions.  4 
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Figure 5. Spatial projections of L. decidua under current climatic conditions and four future scenarios (SSP1‑2.6 and 1 

SSP5‑8.5 for 2050 and 2070). Panels include (A) binary projection, and (B) continuous suitability maps based on 2 

ensemble predictions.  3 
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Figure 6. Spatial projections of P. sylvestris under current climatic conditions and four future scenarios (SSP1‑2.6 and 2 

SSP5‑8.5 for 2050 and 2070). Panels include (A) binary projection, and (B) continuous suitability maps based on 3 

ensemble predictions.  4 
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Figure 7. Spatial projections of P. abies under current climatic conditions and four future scenarios (SSP1‑2.6 and 2 

SSP5‑8.5 for 2050 and 2070). Panels include (A) binary projection, and (B) continuous suitability maps based on 3 

ensemble predictions.  4 
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3.3. Altitudinal Displacement and Upslope Velocity 2 

The spatial intersection of suitable area projections with topographic data revealed a widespread 3 

trend of altitudinal displacement across the modeled taxa. Under baseline climatic conditions, the 4 

mean elevations of climatically suitable areas were localized at 785.0 m for P. sylvestris, 1193.4 5 

m for A. alba, 1432.7 m for P. abies, and 1685.0 m for L. decidua. Under future climate scenarios, 6 

three of the four species; A. alba, L. decidua, and P. sylvestris, exhibited consistent, pronounced 7 

upward shifts in their optimal climatic niches (Table. 2). 8 

For A. alba, L. decidua, and P. sylvestris, the magnitude of upslope displacement escalated with 9 

both projection time and emission severity. By 2050 under the low SSP1-2.6 scenario, these 10 

species showed mean elevational increases ranging from 191.4 m to 205.0 m, translating to upslope 11 

velocities between 76.6 m and 82.0 m per decade. Under the high-emission SSP5-8.5 scenario by 12 

2070, altitudinal shifts became substantially larger. A. alba projected the most extreme long-term 13 

displacement, with a mean elevation increase of 438.7 m (97.5 m/decade). This was followed by 14 

P. sylvestris with a shift of 389.8 m (86.6 m/decade) and L. decidua with an upward movement of 15 

354.4 m (78.8 m/decade) under the same future conditions. 16 

In contrast, P. abies demonstrated a distinct and comparatively restricted elevational response. 17 

Under the SSP1-2.6 scenario, the species experienced a moderate upward shift of 85.6 m by 2050 18 

(34.2 m/decade), which slightly receded to a net displacement of 75.9 m by 2070. Notably, under 19 

the extreme SSP5-8.5 scenario by 2070, the mean elevation of climatically suitable areas for P. 20 

abies declined to 1409.0 m. This represented a net downward displacement of 23.6 m relative to 21 

baseline conditions, yielding a negative migration velocity of -5.3 m/decade (Fig. 8). 22 



Table 2. Projected altitudinal displacement of the climatically optimal niche for the four target conifer species. Values 1 

indicate the mean elevation of suitable area under baseline conditions and future climate scenarios (SSP1-2.6 and 2 

SSP5-8.5) across the 2050- and 2070-time horizons, alongside the net elevational shift by the late century. 3 

Species Baseline Scenario 2041-2060 2061-2080 Net Shift (to 2070) 

A. alba 1193.4 SSP1-2.6 1394.3 1375.6 +182.2 m 

  SSP5-8.5 1466.9 1632.1 +438.7 m 

L. decidua 1685.0 SSP1-2.6 1890.0 1885.2 +200.2 m 

  SSP5-8.5 1957.7 2039.4 +354.4 m 

P. sylvestris 785.0 SSP1-2.6 976.3 975.7 +190.7 m 

  SSP5-8.5 1050.6 1174.8 +389.8 m 

P. abies 1432.7 SSP1-2.6 1518.3 1508.6 +75.9 m 

  SSP5-8.5 1533.3 1409.0 -23.6 m 

 4 
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Figure 8. Estimated upslope migration velocities (m/decade) of climatically suitable area for the modeled conifer 6 

taxa. Velocities represent the rate of altitudinal displacement toward the 2050 and 2070 projection horizons under 7 

low-emission (SSP1-2.6) and high-emission (SSP5-8.5) scenarios. 8 



4. Discussion 1 

4.1. Divergent Responses of Alpine Conifers 2 

Our projections suggest that the dominant conifer species of the Italian Alps are unlikely to respond 3 

to future climatic warming as cohesive ecological units, instead exhibiting highly species-specific 4 

spatial and elevational adjustments. The contrast between the relative persistence of suitable 5 

climatic conditions for A. alba and the pronounced contraction projected for P. abies indicates that 6 

subalpine forests may not undergo a simple upslope displacement while maintaining current 7 

community structure. Because co-occurring species differ substantially in climatic sensitivity and 8 

dispersal-mediated tracking capacity, their asynchronous responses are likely to progressively 9 

decouple existing assemblages (Alexander et al., 2016; Travis et al., 2013; Morin et al., 2008). 10 

Such individualistic redistribution may promote a reorganization of the subalpine belt, facilitating 11 

the emergence of novel species combinations and alter competitive interactions (Svenning & 12 

Sandel, 2013; Singer & Parmesan, 2010). Similar dynamics have been associated with the 13 

development of no-analog communities, where shifts in species overlap can substantially modify 14 

ecosystem functioning (Alexander et al., 2015; Le Roux & McGeoch, 2008). 15 

4.2. Climatic and Topographic Constraints 16 

The variable importance profiles indicate that the projected spatial dynamics of these alpine 17 

conifers are shaped by markedly different environmental constraints, providing a mechanistic basis 18 

for their divergent distributional responses. For A. alba and L. decidua, thermal regimes, 19 

particularly temperature seasonality (bio4) and minimum temperature of the coldest month (bio6), 20 

emerge as dominant predictors. Winter temperature minima are recognized as critical controls on 21 

high-elevation forest dynamics, influencing processes such as dormancy release, frost damage, and 22 

seedling establishment (Körner, 2021). The prominence of these variables in the models suggests 23 



that projected warming may relax historical thermal limitations, thereby facilitating upward shifts 1 

in climatically suitable conditions for these taxa, consistent with their relatively high modeled 2 

upslope velocities. 3 

In contrast, the distribution of P. abies appears to be more strongly constrained by moisture 4 

availability, with precipitation seasonality (bio15) identified as the most influential predictor. This 5 

pattern is consistent with the documented sensitivity of P. abies to drought stress and soil moisture 6 

deficits, which can limit both growth and regeneration (Obladen et al., 2021; Lévesque et al., 2013; 7 

Ditmarova et al.,2009). Under scenarios of intensified warming, the combination of reduced 8 

climatic suitability and a modeled net-negative migration velocity suggests that altered 9 

precipitation regimes and associated hydraulic constraints may hinder the species’ capacity to track 10 

shifting climatic envelopes, potentially increasing its vulnerability to secondary disturbances such 11 

as bark beetles (Marini et al., 2017; McDowell et al., 2015; Parolo & Rossi, 2008). 12 

Unlike the other taxa considered, the projected distribution of P. sylvestris is strongly mediated by 13 

topographic conditions, with slope exerting a dominant influence. As a light-demanding, early-14 

successional species, P. sylvestris frequently occupies steep or edaphically marginal environments 15 

where competitive pressure from shade-tolerant canopy species is reduced (Houston Durrant et al., 16 

2016). The importance of slope in the predictive models therefore suggests that its realized niche 17 

in the Italian Alps is structured not only by macroclimatic gradients but also by topographically 18 

mediated competitive interactions. Consequently, future distributional shifts of this species are 19 

likely to depend on the spatial availability of suitable topographic refugia that allow it to maintain 20 

a competitive advantage under changing climatic conditions. 21 

4.3. Spatial Bottlenecks and Habitat Contraction 22 



The ensemble projections indicate a consistent contraction of climatically suitable habitat across 1 

the study region, with the most pronounced reductions occurring under the SSP5–8.5 scenario. 2 

This pattern reflects, in part, the geometric constraints imposed by alpine landscapes, where the 3 

spatial availability of suitable environments may decline with elevation as species track shifting 4 

climatic conditions upslope (Dullinger et al., 2012; Colwell et al., 2008). Such topographically 5 

mediated limitations are particularly evident in the projections for P. abies, which is expected to 6 

experience an estimated 87.8% reduction in suitable area by 2070 under severe warming. This 7 

contraction coincides with a modeled inability to maintain positive upslope migration rates, 8 

suggesting that climatic displacement may outpace the species’ capacity to track newly emerging 9 

suitable conditions. 10 

For taxa already confined to upper subalpine and alpine zones, continued altitudinal displacement 11 

is likely to compress populations into progressively narrower elevational bands (Duan, 2026). 12 

Rather than facilitating a simple upward redistribution of existing populations, these constraints 13 

may promote increasing spatial fragmentation, potentially limiting the extent to which high-14 

elevation expansion can compensate for losses at lower elevations (Auld et al., 2022; Ettinger & 15 

HilleRisLambers, 2017; Dirnböck et al., 2003). Such dynamics highlight the importance of 16 

landscape configuration and connectivity in mediating the persistence of alpine forest species 17 

under accelerating climate change. 18 

4.4. Climate Velocity and Dispersal Capacity 19 

A central implication of the modeled velocity estimates is the pronounced mismatch between the 20 

rate of climatic niche displacement and the dispersal capacities of the studied taxa. Under the 21 

SSP5–8.5 scenario, maintaining occupancy within climatically suitable environments would 22 

require upward migration rates on the order of approximately 80–110 m per decade for species 23 



such as A. alba, L. decidua, and P. sylvestris. However, recent trait-based classifications categorize 1 

the natural seed dispersal of these taxa as highly localized, with mean distances typically restricted 2 

to 40–150 m per dispersal event (Class 4; Lososová et al., 2023; Vittoz & Engler, 2007). When 3 

compounding these restricted dispersal distances with the prolonged generation times required for 4 

long-lived conifers to reach reproductive maturity, their realized decadal migration rates are 5 

mathematically insufficient to pace with severe warming. This constraint is corroborated by 6 

paleoecological reconstructions and contemporary observations, which consistently indicate that 7 

historical migration rates are substantially slower than projected climate shifts (Bisbing et al., 8 

2020; Feurdean et al., 2013; Svenning & Skov, 2007). The discrepancy between required velocity 9 

and biological capacity is therefore deeply rooted in fundamental dispersal limitations, delayed 10 

population turnover, and the challenges associated with successful seedling establishment in newly 11 

suitable environments. 12 

This divergence suggests the likelihood of a pronounced migration lag, whereby the velocity of 13 

regional climate change exceeds the capacity of populations to track shifting suitable conditions 14 

through natural regeneration processes. Because spatial projections delineate potential climatic 15 

suitability rather than realized colonization dynamics, such biological constraints imply that future 16 

distributions may contract more strongly than indicated by the models alone. In particular, 17 

populations at trailing, lower‑elevation margins may undergo prolonged climatic stress and 18 

localized decline, whereas leading‑edge expansion typically occurs more slowly, creating an 19 

imbalance between loss at the rear edge and gains at the advancing front (Vilà‐Cabrera et al., 2019; 20 

Gilbert et al., 2019; Rehm et al., 2015; Hampe & Petit, 2005). 21 

4.5. Niche Collapse and Micro-Refugia in P. abies 22 



A notable feature of the ensemble projections is the elevational response of P. abies under the high-1 

emission SSP5–8.5 scenario. By 2070, the models estimate a net downward shift in the mean 2 

elevation of suitable habitat, resulting in a negative migration velocity (−5.3 m per decade). This 3 

pattern does not imply an active downslope redistribution of the species; rather, it reflects a 4 

pronounced contraction and fragmentation of its previously continuous high-elevation climatic 5 

niche. As optimal thermal and hydrological conditions shift beyond the elevation range where 6 

suitable environments currently occur, large portions of the upper subalpine zone are projected to 7 

become climatically unsuitable. 8 

Consequently, the remaining areas classified as suitable are disproportionately concentrated in 9 

localized micro-refugia at lower elevations, leading to a downward shift in the statistical centroid 10 

of suitable habitat (Dobrowski, 2011). These refugial environments, often associated with cold-air 11 

pooling, north-facing slopes, or deeply incised valley systems, can partially decouple local 12 

microclimates from broader regional warming trends (Pastore et al., 2022; Morelli et al., 2020; 13 

Scherrer & Körner, 2010; Daly et al., 2009). Such topographically mediated buffering may 14 

facilitate the short-term persistence of remnant populations, although long-term viability will 15 

likely depend on the extent to which these fragmented habitats maintain demographic connectivity 16 

and support successful regeneration under continued climatic change. 17 

4.6. Methodological Limitations 18 

While the ensemble SDM framework provides a spatially explicit reference for anticipating 19 

potential climatic redistribution, its correlative structure entails well-recognized methodological 20 

limitations. A primary assumption underlying the projections is the temporal stability of species–21 

environment relationships, effectively invoking climatic niche conservatism over the modeled 22 

period (Peterson, 2011). This assumption does not explicitly account for the potential influence of 23 



phenotypic plasticity or localized adaptive responses, which may partially mediate species 1 

persistence under changing environmental conditions (A. Lee‐Yaw et al., 2021; Morin et al., 2008). 2 

Moreover, by emphasizing macroclimatic and broad topographic predictors, the models delineate 3 

potential climatic suitability rather than realized distributional outcomes (Marcer et al., 2013). 4 

Fine-scale processes likely to shape future range dynamics, including shifting competitive 5 

interactions, edaphic heterogeneity, soil biotic feedbacks, and anthropogenic land-use change, 6 

remain unresolved within this modeling framework (Maclean et al., 2023; Srivastava et al., 2019; 7 

Lembrechts et al., 2018). 8 

Importantly, both the spatial projections and the derived upslope velocity estimates operate under 9 

an implicit assumption of unrestricted dispersal. Given the substantial migration rates required to 10 

track projected climatic shifts, dispersal limitation and landscape fragmentation are likely to 11 

constrain the capacity of these conifers to fully occupy emerging suitable habitats at higher 12 

elevations (Feurdean et al., 2013; Meier et al., 2011). Consequently, the projected habitat 13 

contractions should be interpreted as indicative of potential climatic exposure rather than definitive 14 

forecasts of realized range change. To the extent that leading-edge expansion is limited by dispersal 15 

while trailing-edge populations decline under deteriorating conditions, actual range reductions 16 

may exceed those inferred from climatic suitability alone (Lenoir & Svenning, 2014; Zhu et al., 17 

2011). 18 

4.7. Conservation and Management Implications 19 

The pronounced dispersal lags indicated by our projections suggest that management strategies 20 

relying solely on autonomous natural regeneration may be insufficient to track the rapid spatial 21 

redistribution of subalpine conifer forests under severe climate warming. Because the migration 22 

velocities required for A. alba, L. decidua, and P. sylvestris substantially exceed their documented 23 



natural dispersal capacities, maintaining their functional presence within the regional forest 1 

landscape may necessitate the consideration of targeted, climate-adaptive interventions. Given that 2 

natural dispersal modes are insufficient to pace with these shifting envelopes, human-mediated 3 

translocation (Class 7; Lososová et al., 2023), which represents the only dispersal mode capable 4 

of spanning the required 500–5000 m geographic distances, has been proposed as a critical 5 

mechanism to bridge this gap. While such assisted population migration could theoretically 6 

overcome biological dispersal limitations, its ecological risks and long-term outcomes remain 7 

subject to ongoing debate (Twardek et al., 2023; Palik et al., 2022; Williams & Dumroese, 2013; 8 

McLachlan et al., 2007). 9 

In contrast, the projected trajectory for P. abies suggests that conservation strategies should place 10 

particular emphasis on the identification and strict protection of topographic micro-refugia. These 11 

localized environments, characterized by buffered microclimatic conditions, may provide critical 12 

short-term persistence zones for remnant populations where broader macroclimatic suitability 13 

declines (Stark & Fridley, 2022; Suggitt et al., 2018; Patsiou et al., 2014). Safeguarding such 14 

refugial habitats will be paramount to maintaining regional genetic diversity and preserving the 15 

functional resilience of the alpine forest matrix during periods of rapid climatic transition. 16 

5. Conclusion 17 

This study employed an ensemble species distribution modeling framework to assess the projected 18 

spatial and elevational dynamics of four dominant conifer species in the Italian Alps under future 19 

climate scenarios. The results reveal a consistent pattern of habitat contraction accompanied by 20 

species-specific upward redistribution of climatically suitable environments. While A. alba 21 

displayed relative persistence under moderate warming, both L. decidua and P. sylvestris are 22 

projected to experience substantial long-term reductions in suitable habitat. P. abies emerged as 23 



the most climate-sensitive taxon, with projections indicating an estimated 87.8% decline in 1 

suitable area by 2070 under the SSP5–8.5 scenario. For this species, the occurrence of negative 2 

migration velocity reflects fragmentation and downslope displacement of the statistical centroid 3 

of suitable habitat rather than an active redistribution, highlighting the potential confinement of 4 

future populations to localized topographic micro-refugia. 5 

Beyond spatial redistribution, the estimated upslope velocities underscore a critical mismatch 6 

between the rate of climatic niche displacement and the dispersal capacities of long-lived conifers. 7 

Under severe warming, maintaining occupancy within climatically suitable environments would 8 

require migration rates frequently exceeding 80 m per decade, values that substantially exceed 9 

empirically observed dispersal dynamics. This divergence suggests that realized future forest 10 

distributions may contract more strongly than climatic suitability projections alone would indicate, 11 

particularly where dispersal limitation and demographic inertia constrain leading-edge expansion. 12 

Collectively, these findings emphasize that climate-driven forest reorganization in alpine regions 13 

is likely to be governed not only by shifts in environmental suitability but also by the interaction 14 

between topographic constraints, dispersal processes, and microclimatic buffering. In this context, 15 

adaptive management approaches, such as the protection of climatic micro-refugia and the cautious 16 

evaluation of assisted migration strategies, may play an important role in sustaining ecosystem 17 

functioning and biodiversity in high-elevation forest systems under accelerating climate change. 18 
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