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Abstract 

Environmental changes affect forest landscapes by altering the structure, 

composition, and distribution of their communities. These ongoing changes, 

referred to as “global change”, mainly consist of alterations in land use and 

climate. Post-abandonment natural reforestation is the main land-use change over 

the last century in the European Alps. Nonetheless, the region is expected to 

experience a shift toward a climate-change dominated stage. Climate change acts 

at several levels on the various components of a forest ecosystem by shifting 

species distribution and phenology and changing forest composition and 

structure. Indeed, land abandonment and the consequent natural reforestation 

may provide microrefugia by buffering thermal extremes, which are the main 

causes of species dieback.  

Landscape ecology provides useful tools and perspectives for the analysis of 

ecological effects of global environmental changes. In particular, the spatial 

nature of the discipline may provide useful insights into the relationship between 

spatial and temporal patterns and underlying ecological processes. Ecological 

models, such as species distribution models and land-use/land-cover change 

models, are fundamental tools for researchers to transfer knowledge and 

quantitative assessments of landscape modification to planners and policy 

makers. Nevertheless, particular attention should be paid to spatial and temporal 

scales (i.e., extent and resolution) for providing the right level of analysis for 

different purposes. 

This thesis aims at investigating the effects of global change in mountain forest 

ecosystems through spatial ecological models by focusing on the role of spatial 

and temporal scales. 

We first examined the implications of post-abandonment natural reforestation in 

the European Alps at different scales through a systematic review and meta-

analysis. We assessed the socioecological drivers of natural reforestation patterns 
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at different scales and discussed planning and management implications. 

Population density, road density, and the job sectors of workers were the variables 

most highly correlated with reforestation at the municipality scale. South-facing 

slopes of dry landscapes within remote municipalities had the greatest 

reforestation rate. We concluded by advocating for a dynamic harmonised 

geodatabase to capture the nonlinearity of past dynamics and forecast future 

trends. 

In a second paper, we analyzed past and future landscape patterns of a subalpine 

watershed of the Alps. Using a high temporal resolution and dividing the 

landscape into two elevational belts, we tried to disentangle past land-use and 

climate signals through transition matrices and landscape metrics. By integrating 

deep learning and Markov chain models, we forecast short-term (2050) and long-

term (2100) future Business as Usual scenarios. We observed a dominant gap-

filling through secondary successions in the lower part of the landscape, and an 

increasing rate through time of primary successions on unvegetated soil in the 

upper part. Future predictions suggested a saturation of open areas in the lower 

part of the watershed and stronger forest gain at upper elevations. Through a good 

spatial and temporal resolution, we highlighted the increasing role of climate 

change over the last years and on future forest dynamics. 

In the third and fourth paper, we dealt with species distribution models with the 

lens of spatial and temporal scales. In particular, in the third research paper we 

compared accuracy and reliability of current and future scenarios of climate 

change for tree species in the North-western Italy according to different species 

data (i.e., forest inventory) and climate predictors. We showed that fine models, 

built on local data species and predictors (i.e., regional climate models) may 

result in higher accuracy for current predictions. However, careful attention 

should be paid for future assessments because fine models may suffer from niche 

truncation, excluding possible suitable areas for a species.  

Lastly, in the fourth chapter, we trained landscape-scale species distribution 

models for several bird species along a gradient of temporal resolution. We 
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observed the greatest accuracy from dynamic models trained with a finer 

temporal resolution accounting for interannual variations and dynamism in 

species responses. In particular, migratory species showed higher model 

performance and similarity between spatial predictions than sedentary and 

partially migratory species. Still, long-living species with bigger body size 

showed no- to little- improvements in using dynamic approaches rather than static 

ones. 

In the conclusion section, the relevance of this multiscale approach for landscape 

and quantitative ecology and applications in forest landscape planning and 

restoration and in biodiversity conservation and monitoring were discussed, and 

limitations and future directions were highlighted.  
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Chapter 1 

Introduction 

1.1 Land-use change 

Forests cover 4.06 billion ha, corresponding to 31% of the global land area. They 

provide countless ecosystem services to humanity and host more than 80% of 

terrestrial plants and animals, acting as sanctums of biodiversity (FAO & UNEP, 

2020; FAO, 2022). Forests cover more than 40% of global mountain areas and 

are characterized by strong environmental gradients. Their conservation is a 

priority for both researchers and managers. Mountain ecosystems around the 

world are particularly sensitive to global environmental changes, specifically to 

climate and land-use changes (Rodman et al., 2019; Smith et al., 2022). 

Nevertheless, disentangling the role of climate and land use changes – the two 

main components of these changes – is challenging, especially in areas where a 

centennial or millennial exploitation was followed by a long period of land 

abandonment (Gehrig‐Fasel et al., 2007; Martin et al., 2013; Malfasi & Cannone, 

2020).  

There are many examples of processes that are controlled by both land-use and 

climate changes. For instance, wildfires are key factors in shaping landscape 

structure and driving species distribution, and their regime has been altered 

worldwide in the last decades (Pausas & Fernández-Muñoz, 2012; Heidari et al., 

2021; Buma et al., 2022). The characteristics of wildfire regimes (e.g., severity, 

occurrence, frequency, intensity) are driven by both climatic factors and 

landscape structure (Pausas & Fernández-Muñoz, 2012; Seidl et al., 2017; 

Mantero et al., 2020). While climate change extends the duration of the fire 

season and increases the frequency of dry years, it cannot explain the whole 

complexity of global fire-regime changes (Rodman et al., 2019; Pausas & Keeley, 

2021). For examples, land abandonment leads to fuel build-up and 

homogenization of forest landscape structure (Mantero et al., 2020; Stritih et al., 
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2021). Species distribution is another example of synergistic interplay between 

climate and land-use changes. Even if a conspicuous body of literature focuses 

on the species response to climate change (e.g., Newbold et al., 2020; Smith et 

al., 2022), land-use changes such as forest fragmentation or degradation have a 

major impact on the distribution of many different taxa (Krauss et al., 2010; 

Marjakangas et al., 2020; Betts et al., 2022). 

Land-use change is defined as the process by which humans alter the natural 

landscape structure with respect to how a land is used. Changes in land use affect 

land-surface properties and the provision of ecosystem services. They alter 

Earth’s biogeochemical cycles contributing to climate change as a feedback 

mechanism (Foley, 2005; Song et al., 2018). Social and cultural transformations 

are the leading causes of land-use change globally (Crawford et al., 2022). Two 

main divergent but correlated trends emerge when considering major global 

patterns. Usually, land-use changes emphasize the functional and economic role 

of land for human activities through agricultural expansion, but land 

abandonment is another major process that reduces the economic value of the 

land. Generally speaking, while tropical mountains are facing deforestation and 

agricultural expansion (Peters et al., 2019), post-abandonment natural 

reforestation is the main land-use change in high-income countries of the 

Northern Hemisphere (MacDonald et al., 2000; Martinuzzi et al., 2015; 

Plieninger et al., 2016). Indeed, major changes in the job sectors of workers and 

improvement of socio-economic conditions in high-income countries led to rural-

urban migration and abandonment of marginal areas, triggering compensating 

changes in trade flows and indirectly affecting land use in other countries 

(Lambin & Meyfroidt, 2011). At the landscape scale, topography, microclimate, 

road availability, and population become fundamental drivers of reforestation 

(Garbarino et al., 2020; Gelabert et al., 2022). Therefore, land abandonment can 

happen also in areas of the world where agricultural expansion is the main driver 

(e.g., Latin America, Africa, and tropical Asia; Crawford et al., 2022). 
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The complexity of post-abandonment natural reforestation processes affects both 

the temporal and spatial scale of analysis. Land abandonment in marginal 

agricultural landscapes of European mountains is a long-term dynamic, since 

remote areas with steep slopes and harsh edaphic conditions have been 

abandoned since the 19th century (MacDonald et al., 2000; Mietkiewicz et al., 

2017; Gelabert et al., 2022). Therefore, its analysis requires a proper temporal 

extent (> 50/100 years). Moreover, given the strong influence of land-use legacies 

and the fine-scale patchiness of secondary successions, a fine spatial resolution 

is needed to capture the heterogeneity of the new post-modern landscapes 

(Antrop, 2005). Aerial photographs are historical data sources that meet these 

requirements and, if complemented with historical maps such as the Habsburg 

cadastral land register and the Napoleonic cadastre, can depict the spatial 

structure of the landscapes back to the 1800s (Garbarino et al., 2020; Hohensinner 

et al., 2021). 

1.2 Climate, microclimate, and forests  

Human activity has altered the global climate circulation system through 

greenhouse gas emissions and changes in land use and land cover (Calvin et al., 

2023). The effects of climate change on forest ecosystems are manifold. The main 

consequence of climate change is global warming, with a mean increase in global 

temperature in the 2011-2020 decade of +1.1° C above the reference 1850-1900 

period (Calvin et al., 2023). However, global warming is not a homogeneous 

process across biomes, and land surface showed a higher increase in temperature 

(mean = +1.59° C) than the oceans (+0.88° C) (Calvin et al., 2023). For instance, 

mountain forest ecosystems in the Alps are considered hotspots of change and are 

expected to experience accelerated warming, increase in thermal and 

precipitation extremes, and reduction of snow precipitation below 2000 m 

(Gobiet et al., 2014; Gobiet & Kotlarski, 2020). Thermal exposure is one of the 

main ecological consequences of climate change (Hartmann et al., 2022; Pigot et 

al., 2023). It is expected that the area of each species’ geographical range at risk 

of thermal exposure will expand abruptly, even in a single decade for most of the 
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species (Pigot et al., 2023). Resilience mechanisms to overcome these risks 

comprise species movement and evolutionary adaptation. Indeed, the timing and 

rapidity of these abrupt changes may overwhelm the ecological and evolutionary 

processes that generally provide resilience to species and ecosystems under more 

gradual environmental changes (Chen et al., 2011; Vitasse et al., 2021; Smith et 

al., 2022). Even if shifts in elevation (Lenoir et al., 2008; Vitasse et al., 2021; 

Noce et al., 2023) and phenology (Richardson et al., 2013; Vitasse et al., 2021, 

2022) have been observed in response to climate change, species struggle to cope 

with the warming pace (Bertrand et al., 2011; Alexander et al., 2018; Pörtner et 

al., 2022). 

Most of the changes in climate are measured in terms of macroclimate, defined 

as climate conditions interpolated in space and time from weather stations at ~2.0 

m above ground, in free-air conditions (Lembrechts, Lenoir, et al., 2019; De 

Frenne et al., 2021; Haesen et al., 2021). The derived macroclimate data used in 

ecological assessment usually have a coarse grid resolutions of 1 km or more, 

like WorldClim (Fick & Hijmans, 2017) or CHELSA (Karger et al., 2017). 

Nonetheless, species experience climatic conditions at a finer scale, that can be 

defined as microclimate. Microclimate conditions can differ substantially from 

those depicted by macroclimate interpolations in the aforementioned datasets, 

and clear climatic gradients observed at coarse spatial resolution result in 

microclimate heterogeneity because of topography, soil, and vegetation influence 

(Dobrowski, 2011; De Frenne et al., 2021; Haesen et al., 2021). Forests act as a 

thermal buffer system, with higher minimum and lower maximum temperatures, 

since shading, transpiration, and mechanical constraints moderates extreme 

temperatures (Frey et al., 2016; Wolf et al., 2021; Gril et al., 2023). It has been 

proven that considering macroclimate within ecological modeling and climate 

change assessment leads to an overestimation of range shifts in response to 

climate change (Scheffers et al., 2014; Haesen et al., 2023; Maclean & Early, 

2023). Indeed, microclimate, far from being a brand new topic in ecology, is 

currently experiencing a renewed interest in forest landscape ecology nowadays 
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(Lenoir et al., 2017; Lembrechts, Nijs, et al., 2019; De Frenne et al., 2021; Haesen 

et al., 2021, 2023). 

As previously highlighted, abandoned rural landscapes in high-income areas of 

the world are currently dominated by land-use change and its legacies (Gehrig‐

Fasel et al., 2007; Ameztegui et al., 2016). Nevertheless, they are expected to 

shift soon to a stage where climate change will be the most important factor 

(Martin et al., 2013). To clearly assess the interplay between these two main 

drivers and reconstruct land-use legacies and climate change consequences is 

fundamental in mountain forests. Since forests help to slow the rate of climate 

change by removing carbon dioxide from the atmosphere, post-abandonment 

natural reforestation offers an opportunity for climate change mitigation (Navarro 

& Pereira, 2012; Massenberg et al., 2023). 

1.3 Beyond trees: forests as ecosystems and communities 

In addressing the various treats and challenges of global environmental change 

on forests, it is important to remember that forests are not just a mere collection 

of trees and plants, but a network of different populations that together form a 

biological community. Therefore, when addressing the impacts of global change 

on mountain forests, the effects of these changes on different taxa should be 

considered if the goal is to conserve or restore biodiversity (Barbet-Masin & Jetz, 

2015; Visconti et al., 2015). It is well known that biodiversity is a main 

component of ecological resilience (Arnoldi et al., 2018), defined as the ability 

of a system to maintain its functions, structures and feedbacks in the face of 

disturbances (Albrich et al., 2020). As resilient forest ecosystems are key to 

management and restoration practices, it is crucial to study the effects of climate 

and land use changes (e.g. land abandonment) on communities (Komatsu et al., 

2019; Albrich et al., 2020). 

Birds are among the most studied taxa in ecology and ecological modeling 

(Bonnet et al., 2002; Ducatez & Lefebvre, 2014; Zurell et al., 2022). Research on 

birds spans decades and even centuries, and new technologies such as 
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bioacoustics and computer vision are advancing bird ecology in recent years (e.g., 

Wang et al., 2023; Michielsen et al., 2024). The amount of comprehensive data 

on this taxon allows for large meta-taxonomic analyses to tackle important 

questions in ecology and conservation with high statistical power (Ducatez & 

Lefebvrem 2014). There are two reasons why comprehensive ecological research 

on birds is useful for global change studies. Because of their fundamental role in 

these ecosystems, the conservation and restoration of birds is key to increasing 

the resilience of forests. Therefore, monitoring the effects of global change on 

this taxon can help to mitigate such changes (Conroy et al., 2011). Second, due 

to their highly mobility, birds are usually able to respond to climate change, and 

the lag in species’ response to change in climate (i.e., climatic debt sensu Devictor 

et al., 2012) is a valuable indicator of forest ecosystem health; therefore, birds act 

as bioindicators (Samraoui et al., 2011; Lopez et al., 2023; Anderle et al., 2024). 

The distribution of birds – like that of all species – is mainly determined by 

environmental factors (also called environmental envelopes or environmental 

filters), species interactions, dispersal ability, and disturbance (Cunningham & 

Johnson, 2006; Sales et al., 2021; Bhagwat et al., 2024). The interaction between 

these components defines the ecological niche of a species (Sales et al., 2021). 

Environmental abiotic factors act at different scales to determine the occurrence 

and abundance of a species in a given location (Pearce-Higgins et al., 2015; 

Trautmann, 2018). Climatic patterns are important both at a continental or 

regional scales, by defining biomes and elevation belts, and at the landscape or 

local scales through meso- and microclimates (Betts et al., 2022). Climate change 

has been affecting several bird species by altering their range (Viterbi et al., 2020; 

Vitasse et al., 2021; Antão et al., 2022), phenology (Møller et al., 2008; Vitasse 

et al., 2021; Bates et al., 2023), and survival (Trautmann, 2018; Cannone et al., 

2023), thus significantly altering the inter- and intraspecific relationships of a 

species (Ahola et al., 2007; Pearce-Higgins et al., 2015). In the temperate 

mountains of the northern hemisphere, land abandonment and climate change are 

shifting forests upwards (Ameztegui et al., 2016; Malfasi & Cannone, 2020; 
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Vitasse et al., 2021). This process creates novel forests, usually at early 

successional stages, where birds can find new favorable habitats. Indeed, 

although general patterns of bird distribution are strongly influenced by the 

interaction between climate and land-use changes, forest, and landscape 

characteristics mediate local responses to environmental change (Northrup et al., 

2019; Rigo et al., 2024). Forest structure defines the spatial and physical template 

in which individuals and populations live (Bouvet et al., 2016; Rigo et al., 2024). 

Bird communities are closely linked to the characteristics of the forest 

environment. For instance, the presence of trees suitable for cavity production is 

a fundamental requirement for primary nesters such as woodpeckers (Pakkala et 

al., 2024; Rigo et al., 2024). Consequently, tree cavities are an essential 

requirement for the reproduction and survival of secondary cavity nesters (Baroni 

et al., 2020, 2021). Microclimate integration has been shown to be fundamental 

for investigating population and individuals distribution patterns at the landscape 

scale (Kim et al., 2022). Therefore, the ability to provide reliable and robust 

model predictions of bird distributions can aid global change ecology research by 

improving their conservation. 

1.4 A landscape ecology’s perspective  

1.4.1 Scales in ecology 

Given the strong spatial and temporal nature of environmental global changes, 

landscape-scale approaches are usually well suited for their analysis (Verburg et 

al., 2013). One of the main aim of landscape ecology is to infer and generalize 

processes while looking at spatial and temporal patterns (Naveh & Lieberman, 

2013). Nonetheless, exceptions, context dependencies, methodological issues, 

and limitations make this inference hard to make (Turner et al., 2001; Verburg et 

al., 2013). In this sense, the concept of “scale” (i.e., the spatial or temporal 

dimensions of an object or process) is a cornerstone in landscape ecology (Turner 

et al., 2001). Starting from the 1980s, ecologists realized that a single scale could 

not be universally defined to solve all ecological problems. Therefore, comparing 
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(i.e., multi-scale approach) or integrating (i.e., cross-scale approach) different 

spatial and temporal scales is a common approach in landscape ecology (Betts et 

al., 2006; Behrens et al., 2019). It has been said that “scale is the lens that focuses 

ecological relationships” (McGarigal et al., 2016), and organisms act at multiple 

scales when selecting habitats and developing responses to environmental 

changes. Ecologists need to transfer quantitative measurements and predictions 

at both broad (e.g., regional, continental) and fine (e.g., landscape) scales to 

inform practitioners on spatial reserve prioritization and ecological restoration 

(Guisan et al., 2013; Wan et al., 2017). 

1.4.2 Ecological models 

Rapid environmental changes and their ecological consequences call for an 

adequate understanding of past, current, and future dynamics of forest ecosystems 

and landscapes (Guisan et al., 2013; Albrich et al., 2020; McDowell et al., 2020). 

For this purpose, several spatial ecological models have been developed to 

quantify and infer different ecological processes. These models allow to generate 

and test hypotheses about the interaction of spatial (and temporal) patterns and 

ecological processes (Turner et al., 2001; Zurell et al., 2022). Models are usually 

classified into process-based and correlative approaches. Another important 

distinction can be made between static approaches, depicting equilibrium states 

and predicting stationarity, and dynamic approaches that simulate time-

dependent changes in the state of a system (Lantman et al., 2011; Dormann et al., 

2012; Zurell et al., 2022). For instance, many process-based landscape models 

have been developed to predict past and future changes from a mechanistic 

perspective (e.g., Mladenoff, 2004; Scheller et al., 2007; Seidl et al., 2012). 

Land-use and land-cover models are spatial models that play a pivotal role in 

exploring future trajectories of land change, stress past dynamics, and plan 

sustainable land restoration strategies (Wolff et al., 2018; Verburg et al., 2019). 

Many algorithms and approaches can be adopted in land-use change modeling. 

Amidst the variety of developed models, statistical models (e.g., FRAGSTATS, 

McGarigal & Marks, 1995; CLUE, Veldkamp & Fresco, 1996), agent-based 
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models (e.g., Parker et al., 2001), cellular automata models (e.g., Environment 

Explorer, de Nijs et al., 2004), and Markov chain models (e.g., Tattoni et al., 

2011; Al-Shaar et al., 2021) are the most common. Many applications integrate a 

land-use change quantification through simple and flexible Markov chains and a 

spatial allocation based on cellular automata, deep learning, or machine learning 

(Noszczyk, 2019). The scenarios resulting from this approach are usually called 

“Business as Usual”, since they are based on the continuation of current land-use 

practices and policies. Nonetheless, researchers and policy makers are also 

interested in alternative scenarios of land use based on political and social 

scenarios (i.e., socio-economic models). The main limitations of these models are 

the scarce validation of their prediction uncertainty and the limited representation 

of underlying social processes (Verburg et al., 2019). 

Species distribution models (SDMs) are correlative models that establish a 

relationship between the presence or abundance of a species to a suite of several 

socio-ecological covariates such as climate, soil, topography (Franklin, 1995; 

Guisan & Zimmermann, 2000; Zurell et al., 2022). Nowadays, SDMs are the 

most common predictive tools for assessing potential range shifts of tree species 

under different environmental change scenarios (Guisan et al., 2013; Zurell et al., 

2020, 2022). SDMs have been extensively used at several spatial and temporal 

scales on many plant and animal species worldwide (Newbold, 2018; Newbold 

et al., 2020; Maréchaux et al., 2021). Broad-extent and coarse-resolution models, 

primarily associated with climatic predictors, are more prevalent than local-extent 

and fine-resolution models, both in terms of spatial and temporal characteristics 

(Araújo et al., 2019). 

Since no right models for all ecological purposes exist, many tools can be 

integrated within a common framework to emphasize their strengths and limit 

their weaknesses (Mas et al., 2014; Mateo et al., 2019). Moreover, testing and 

comparing different spatial and temporal scales of models and their input 

variables may lead to a better representation of real patterns and to better 
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understanding underlying ecological processes (Behrens et al., 2019; Zurell et al., 

2022; Moudrý et al., 2023). 

1.5 Thesis objectives and outline 

The objective of this PhD thesis is to comprehensively analyze the impacts of 

global environmental changes, specifically land-use change and climate change, 

on mountain forest ecosystems. The analytical approaches stress the role of 

spatial ecological models across different spatial and temporal resolution and 

extent. The thesis is framed around four main objectives, corresponding to four 

different research chapters, as illustrated in Figure 1.1: 

(i) Investigating post-abandonment natural reforestation in the 

European Alps (Chapter 2): this chapter aims to explore the spatial and 

temporal scales of post-abandonment natural reforestation in the 

European Alps, examining its primary drivers and patterns. 

(ii) Analyzing past land-use changes and predicting future scenarios in 

a subalpine watershed of the Alps (Chapter 3): this chapter aims to 

assess past land-use changes and to predict future scenarios under a 

Business-as-Usual framework, emphasizing the role of temporal 

resolution of remote sensing-derived cover maps. 

(iii) Assessing spatial scale in correlative species distribution models in 

the Western Alps (Chapter 4): this chapter aims to evaluate the impact 

of spatial scale on the accuracy and reliability of correlative species 

distribution models for tree species within an administrative region of the 

Western Alps. 

(iv) Assessing temporal resolution in landscape-scale species distribution 

models in the North-western US (Chapter 5): this chapters aims to 

compare the accuracy and reliability of landscape-scale correlative 

SDMs across a gradient of temporal resolution in a mountain watershed 

in North-western US. 
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FIGURE 1.1. Conceptual framework of the four research papers in this thesis along a gradient of 

spatial (x axis) and temporal (y axis) scale. Examples of reference extent and resolution along the 

gradients are indicated in the axes. Rectangular shapes indicate the different research chapters, and 

the main analysis/objective is reported within the rectangles. 

The thesis consists of seven chapters: introduction (Chapter 1), research chapters 

(Chapters 2 to 5), a general discussion (Chapter 6), and conclusions (Chapter 7). 

Research chapters are organized as standalone research papers. Chapter 2 has 

been accepted for publication, Chapter 3 has been published, and Chapters 4 and 

5 have been submitted for publication. Chapter 2 “Global change in the European 

Alps: a century of post-abandonment natural reforestation at the landscape 

scale” aims at investigating the spatial and temporal scales of analysis of post-

abandonment natural reforestation and its main driver in the European Alps. 
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Chapter 3 “Land use modeling predicts divergent patterns of change between 

upper and lower elevations in a subalpine watershed of the Alps” analyzes the 

interplay of past and future land-use and climate changes in a subalpine watershed 

of the European Alps through aerial images and land cover classification. Chapter 

4 “Local forest inventory data improve species distribution model predictions” 

deals with the spatial scales of species data (i.e., forest inventories) and predictors 

(i.e., climate data) in regional-scale species distribution models by comparing 

fine- vs. coarse-scale models. Chapter 5 “Long-term data and temporal dynamic 

frameworks can improve landscape-scale species distribution models” focuses 

on the role of temporal resolution of species data (i.e., bird count) and predictors 

(i.e., microclimate) on the accuracy and prediction of landscape-scale species 

distribution models. Chapter 6 “General discussion” provides a section for 

linking research works and discuss the contribution of this thesis to global change 

literature, particularly the landscape ecology discipline. 
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Abstract 

Natural reforestation is one of the dominant processes in marginal mountain areas 

of the Northern hemisphere. There is a globally relevant need to predict where 

and when natural reforestation is likely to occur and what the ecological and 

social effects might be. We conducted a systematic review and meta-analysis of 

land use/land cover change (LULCC) case studies investigating spatial patterns 

of post-abandonment natural reforestation in the European Alps. We selected the 

Alps as representative of global change effects on forests due to their history of 

LULCC since the 19th century and. Our aim was to identify the most important 

socioecological influences on reforestation and discuss implications for planners 

and managers. At the regional scale, we summarised the spatiotemporal 

distribution and methodological approaches of the case studies. At the 

municipality scale, we explored the relationships between reforestation rate and 

socio-economic variables using multivariate statistics. At the landscape scale, we 
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assessed climate, topographic, and socio-economic drivers on reforestation using 

Random Forest regression. We observed a lack of studies in the northeastern 

region of the Alps. Population density, road density, and the proportion of 

workers employed in industrial vs. agricultural job sectors were the variables 

most highly correlated with reforestation. Reforestation rate was greatest in 

south-facing slopes of dry landscapes within remote and sparsely populated 

municipalities. We advocate for a dynamic harmonised LULCC geodatabase to 

capture the nonlinearity of past LULCC in training both correlative and process-

based models for landscape planning.  

Keywords: Alps, land abandonment, land cover change, land use, mountain 

landscapes, natural reforestation. 

Highlights 

• European Alps have a long history of LULCC research spanning 150 years. 

• The spatial distribution of LULCC studies is heterogeneous across the Alps. 

• Reforestation was greatest in remote and sparsely populated municipalities. 

• Reforestation was higher in south-facing slopes of dry marginal landscapes. 

• A dynamic harmonised LULCC database is needed to analyse post-

abandonment trends. 

2.1 Introduction 

Human action has been a dominant force shaping Earth systems for millennia, 

affecting the ecological structure of landscapes and the provision of ecosystem 

services (Ellis et al., 2013; Lewis & Maslin, 2015). During the Anthropocene, 

land use/land cover change (LULCC) and climate change has affected forest 

ecosystems by dampening species diversity and distribution, increasing tree 

mortality, and altering disturbance regimes (e.g., Seidl et al., 2017; Mantero et 

al., 2020; McDowell et al., 2020). To date, LULCC is considered to be the most 

important global change component in affecting terrestrial ecosystems, despite 
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predictions that in the future climate change will equal or surpass the role of 

LULCC (Oliver & Morecroft, 2014; Newbold, 2018). While tropical 

deforestation in areas where forests are increasingly being converted to 

agricultural lands is of great global concern (FAO, 2020; Fagan et al., 2022), the 

post-abandonment natural reforestation of former agricultural lands also 

represents a major land use change of global importance (Meli et al., 2017; Ward, 

2019). Despite local post-abandonment reforestation may occur in areas where 

the dominant LULCC processes at the regional scale are deforestation, 

urbanisation, and agricultural land expansion (e.g., Latin America, Africa, and 

tropical Asia; Crawford et al., 2022; Díaz et al., 2011), land abandonment is 

usually associated with high-income countries in the Northern hemisphere (e.g., 

Ramankutty et al. (2010) and Martinuzzi et al. (2015) for the US; MacDonald et 

al. (2000) and Plieninger et al. (2016) for Europe; Uchida et al. (2018) for Japan).  

The European Alps (hereafter, Alps) are paradigmatic in this sense; human 

settlements in the Alps became particularly important at the end of the Würm 

glaciation (i.e., 12 000 before present), with an increase of population starting 

from the Neolithic and Bronze Age (i.e., 8000 to 3000 BP) (Carcaillet, 1998; 

Favilli et al., 2010). During that period, evidence shows how slash-and-burn 

practices were largely adopted across the Alps to create open areas for pastures 

and agriculture (e.g., Carcaillet, 1998; Tinner et al., 2005; Carcaillet et al., 2009). 

Since then, Alpine landscapes have been modified by the exploitation of forests 

for timber and fuelwood, grazing, mining practices, and maintenance of 

agricultural land (Mietkiewicz et al., 2017). In the last millennium, societal 

changes and consequent land use are associated with historical shifts in climate 

(e.g., Medieval Optimum and Little Ice Age; Büntgen et al., 2016). The industrial 

revolution of  the 19th century led to an intense exodus from the marginal valleys 

of the Alps towards urban and industrial centres, resulting in widespread natural 

reforestation following agricultural abandonment (MacDonald et al., 2000; 

Mietkiewicz et al., 2017; Gelabert et al., 2022) and shaping new post-modern 

landscapes (Antrop, 2005). Nevertheless, patterns of abandonment may vary 
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locally, with an intensification of agriculture in districts with more favourable 

environments, greater productivity, and closer connections to transportation 

corridors and population centres, but an enduring abandonment of 

environmentally harsh and remote areas (MacDonald et al., 2000; Egarter Vigl et 

al., 2016). Therefore, even as the area used for agriculture has declined over time, 

the intensity of use has increased in the remaining agricultural areas. For example, 

livestock numbers in the Alpine countries have declined by 16% over the last 60 

years, but the density of livestock (LAU ha-1) has increased by 6% over the same 

period (-22% and +10% respectively for Europe as a whole) (FAOSTAT, 2022). 

Following agricultural abandonment in the Alps, secondary succession has led to 

a natural reforestation of areas that had been converted to croplands and pastures 

for millennia. At lower elevations, secondary succession consisted of in-filling of 

non-forest patches such as abandoned meadows, grasslands, and arable lands 

(Garbarino et al., 2020). At the treeline ecotone, LULCC is considered the most 

important factor determining treeline position and change in areas with a 

prolonged history of agriculture or resource exploitation (Gehrig-Fasel et al., 

2007; Garbarino et al., 2020; Anselmetto et al., 2021). Social and cultural 

transformations are the leading drivers of land use change at the global scale 

(Crawford et al., 2022), but topography, microclimate, road availability, and 

population become fundamental drivers of reforestation at the landscape scale 

(Garbarino et al., 2020; Gelabert et al., 2022). The synergic effect of social and 

ecological conditions can be difficult to disentangle, as is also true for the 

interplay between land use legacies and climate change (Gehrig-Fasel et al., 

2007; Ameztegui et al., 2016; Anselmetto et al., 2021). 

Post-abandonment natural reforestation can provide a restoration opportunity to 

establish trajectories towards ecologically functional landscapes (Navarro & 

Pereira, 2012; Plieninger et al., 2016), but this must be weighed against the threats 

for reduced biodiversity, increased risk of natural disturbances associated with 

closed-canopy forests, and potentially diminished cultural values. From a 

conservation point of view, large carnivores and old-growth specialist birds have 
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been favoured by the widespread natural reforestation of mountain ecosystems of 

the Alps (Chapron et al., 2014; Bani et al., 2019; Davoli et al., 2022). However, 

many plant and animal species associated with historical anthropic disturbances 

benefit from the presence of forest edges and semi-natural landscapes (Bani et 

al., 2019; Betts et al., 2019). Moreover, many landscapes experiencing post-

abandonment reforestation are particularly sensitive to natural disturbances, 

given the permeability of continuous forest cover associated with land 

abandonment (Mantero et al., 2020). For instance, many large wildfires struck 

the Western Italian Alps in 2017, affecting around 10 000 ha (Morresi et al., 

2022). Finally, post-abandonment reforestation dampens aesthetic and cultural 

functionalities of the so-called anthromes (anthropic biomes) (Halada et al., 2011; 

Egarter Vigl et al., 2016; Schirpke et al., 2021). Most of these abandoned 

landscapes, such as the larch wood pastures and terraced landscapes of the Alps 

– but also Satoyama in Japan and dehesa systems in the Iberic peninsula – are 

considered cultural landscapes, and concern over their conservation is increasing 

all over the world (Fischer et al., 2012; Perino et al., 2019). 

The complexity of natural reforestation processes and their socioecological 

outcomes demands proper analytical scales to quantify and model spatial and 

temporal patterns of change (Garbarino & Weisberg, 2020). Ecosystem 

functioning and recovery and the socio-economic conditions of land 

abandonment are key factors when choosing tools and scales. For instance, land 

abandonment is only a temporary condition in some regions of the world 

(Crawford et al., 2022), but it can be permanent or long lasting in many others, 

such as the Alps (MacDonald et al., 2000; Plieninger et al., 2016). In these long-

lasting abandoned ecosystems, natural vegetation recovery and reforestation have 

been ongoing over past decades to centuries, and land use legacies are still driving 

trajectories of change (McDowell et al., 2020). Given strong local influences of 

land use legacies and the fine-scale patchiness of secondary successional 

processes (i.e., in-filling of small, grass-dominated patches by woody species), 

fine spatial and at least decadal temporal resolutions are needed to capture their 
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heterogeneity (Orlandi et al., 2016; Meli et al., 2017). The Alps have been the 

subject of numerous landscape ecological investigations of LULCC. However, 

many case studies from this region report inferences developed from inconsistent 

remote sensing data sources and analytical approaches, lacking a common and 

harmonised approach. 

Based on this gap of knowledge and with the intention of providing a consistent 

framework for analysis, the overall aim of our study was to conduct a systematic 

literature review and meta-analysis of natural reforestation across the Alps over 

a range of scales from landscapes to large municipalities. Specifically, our 

objectives were (a) to collect methodological and spatiotemporal information on 

natural reforestation research across the region, (b) to analyse the relationship 

between socio-economic variables and forest gain at the municipality scale, (c) 

to explore and quantify influences of climate, topography, and anthropogenic 

drivers on natural reforestation processes at the landscape scale, (d) to discuss 

future directions in managing post-abandonment natural reforestation from a 

landscape planning perspective. 

2.2 Materials and methods 

2.2.1 Study area 

The Alps extend over 1200 km from southeastern France to northwestern Austria 

(Alpine Convention, 2018), showing significant topographic variability 

comprising extensive lowlands, steep valleys, and mountain peaks rising above 

4800 m a.s.l. The Alps host more than one-third of European flora, with several 

endemic taxa (Fauquette et al., 2018). Oak forests (Quercus spp.) dominate at 

lower elevations, silver fir (Abies alba Mill.) and beech (Fagus sylvatica L.) are 

associated with mesic regions, and Scots pine (Pinus sylvestris L.) with xeric 

slopes of the montane belt. European larch (Larix decidua Mill.), Norway spruce 

(Picea abies (L.) H. Karst.), and Stone pine (Pinus cembra L.) dominate the 

subalpine belt. Mean annual temperatures range from less than 0° to 10°. Annual 

precipitation in the region ranges from 400 to 3000 mm, with topographic effects 
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acting at different spatial scales (Isotta et al., 2014). Climate change is already 

affecting the region and is expected to increase summer and winter temperatures 

and alter precipitation regimes (Pörtner et al., 2022). Because of their long land 

use history and excellent availability of long-term data, the Alps are a perfect 

study system for investigating the phenomenon of  post-abandonment natural 

reforestation.  

2.2.2 Systematic review 

The workflow of this study consisted of two main phases (Figure 2.1): (i) a 

systematic review of the scientific literature to retrieve data on LULCC dynamics 

of diverse case study landscapes within the Alps (location, scale of analysis, 

methodology), and (ii) a meta-analysis of the selected case studies to quantify the 

influences of several key socioecological drivers on forest gain. To conduct our 

literature review, we searched the main scientific literature databases (Scopus, 

ISI Web of Science, and PubMed) on 10 February 2022. The search query as 

applied in Scopus was TITLE-ABS-KEY (("land use" OR “land-use” OR "land 

cover" OR “land-cover” OR "land abandonment" OR “landscape change”) AND 

forest* AND (alps OR "alp* region")). After combining the publications obtained 

from Scopus, WoS, and PubMed, our systematic review identified 458 unique 

articles. The first screening of titles and abstracts was used to remove duplicates 

and select only those landscapes located within the Alps. The remaining articles 

were then thoroughly read to ensure that inclusion criteria were met. We chose 

only case study landscapes that (i) analysed LULCC changes through a polygon-

based change detection, (ii) included forested areas, and (iii) had a spatial extent 

smaller than 200 000 ha. As a result, we obtained a total of 42 relevant articles 

for the meta-analysis (Table A2.1, Appendix A of Supplementary Materials). 
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Figure 2.1. Conceptual workflow of the study from the systematic literature review to the meta-

analysis. Q = scientific questions/objectives associated with each scale of analysis; A = analytical 

tools associated with each scale of analysis; p = number of papers in each methodological step; s = 

number of sites analysed in the present study for each scale (i.e., case studies at the regional scale, 

municipalities at the municipality scale, and landscapes at the landscape scale). 

2.2.3 Scales of Analysis 

From the selected articles, we derived a set of unique case studies. A single 

research article may have analysed multiple sites; also, the same site may have 

been investigated in several articles. In the latter case, we selected the study with 
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the longest temporal extent. We analysed several aspects of reforestation across 

three spatial scales (Figure 2.1). At the regional scale (reg) we included spatially 

defined case studies located within the Alpine Convention Perimeter (sites = 80) 

for which the forest gain was not reported in the articles. We used this scale to 

summarise methodological approaches and spatiotemporal characteristics of the 

studies across the entire region. As a reference, we used the Nomenclature of 

Territorial Units for Statistics (NUTS, 2021).  

The municipality scale (mun) consisted of spatially defined studies reporting 

forest change. We selected observed annual forest gain per site (% of increase 

year-1) as our measure of reforestation since it was the only forest gain variable 

common to all the studies. We derived this information either directly from the 

articles’ main text and supplementary materials or by calculating it from absolute 

or relative values whenever feasible. We assumed that, in the Alpine region, the 

forest gain over the last 100 years has been mostly related to post-abandonment 

natural reforestation (hereafter, reforestation) and climate change, with novel 

afforestation due to plantation forestry playing only a minor role (Gehrig-Fasel 

et al., 2007; Tasser et al., 2007, 2017; Garbarino et al., 2020). We chose relative 

over absolute increase because larger landscapes tended to be in close proximity. 

Had we used the absolute increase as our measure, our findings would have been 

biased towards large-area studies and therefore would have over-emphasized 

only a subset of the overall Alpine region. At this scale, we selected only 

landscapes that could be attributed to a municipality (108 municipalities) 

according to Local Administrative Units (LAU) level 1 (LAU, 2021).  

The landscape scale (lan) included landscape studies from which it was possible 

to derive precise spatial attributes such as geographic position and surface area (s 

= 21). Nevertheless, since few authors showed the land cover maps they used in 

their research, we made the simplifying assumption that study landscapes were 

circular in shape. We determined a circular buffer around the centroid of each 

landscape, with radius length calculated such that buffered areas would match the 
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study area extents reported in the literature and the centroid represented the 

coordinates provided by the authors. 

2.2.4 Socio-ecological predictors 

We selected a set of socio-economic, topographic, climate, and vegetation 

variables that we tested with respect to forest gain rate at the municipality and 

landscape scales (Table 2.1, Appendix B of Supplementary Materials). 

Ecological and socio-economic constraints can be considered the two main 

drivers of post-abandonment reforestation (Garbarino et al., 2020; Gelabert et al., 

2022). We compared the observed forest gain as synthesized from the articles in 

our meta-analysis to the recent forest cover change rate derived from satellite 

remote sensing using the Corine Land Cover (CLC; European Commission, 

1994) for the period 2000–2018.  The CLC has been widely applied for mapping 

habitats, assessing biodiversity, analysing landscape fragmentation and 

developing future land use scenarios (e.g., Lehsten et al., 2015). Nevertheless, the 

CLC has performed poorly in estimating agricultural abandonment and 

quantification of forest expansion, especially related to small patches (i.e., < 5 

ha) processes (Kuemmerle et al., 2016; Pazúr & Bolliger, 2017; Lieskovský & 

Lieskovská, 2021). Our aim was to assess our long-term fine scale dataset derived 

from discrete study site locations against this widely used medium resolution 

wall-to-wall dataset. We excluded 1990 CLC to include Switzerland, for which 

data are unavailable for the first year of analysis (Appendix B of Supplementary 

Materials). At the landscape scale we explored more general patterns by adopting 

a series of ecological drivers at 1-km spatial resolution and socio-economic 

variables. We selected this coarse spatial resolution due to the exploratory 

objective of our study and the uncertainty in attributing spatial position to the 

landscapes. 

TABLE 2.1. Socioecological predictors used in the study, divided by category. Job sectors are 

classified as primary (i.e., agricultural/natural resource), secondary (i.e., manufacturing), and  

tertiary (i.e., service). 
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Category Variable Data 

source 

Spatial 

resolution 

Data 

level 

Socio-

economic 

-Population- 

Population density 

(1961, 1971, 1981, 1991, 

2001, 2011, 2020) 

Eurostat Municipality lv2 

lv3 

Population change 

(1961-2020) 

Eurostat Municipality lv2 

lv3 

Population rate of change 

(1961-2020) 

Eurostat Municipality lv2 

lv3 

Socio-

economic 

-Agriculture- 

Job sectors employment 

(primary, secondary, 

tertiary) 

Alpine 

Convention 

atlas 

Municipality lv2 

Relative change in number 

of farms 

(1990-2000) 

Alpine 

Convention 

atlas 

Municipality lv2 

Socio-

economic 

-Remoteness- 

Tourism density OSM Municipality lv2 

Road density 

(primary, secondary, 

tertiary) 

OSM Municipality lv2 

Cost of movement 

(min, mean, max) 

OSM + 

MERIT 

DEM 

1 km lv3 

Distance from cities 

(min, mean, max) 

OSM 1 km lv3 

Distance from towns 

(min, mean, max) 

OSM 1 km lv3 

Topography Elevation 

(mean, standard 

deviation) 

MERIT 

DEM 

1 km lv3 

Slope 

(mean, standard 

deviation) 

MERIT 

DEM 

1 km lv3 

Topographic position 

index 

(mean, standard 

deviation) 

MERIT 

DEM 

1 km lv3 

Heat load index 

(mean, standard 

deviation) 

MERIT 

DEM 

1 km lv3 

Climate 

-Mean values- 

Precipitation 

(annual, summer, winter) 

CHELSA 

timeseries 

1 km lv3 
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(median, standard 

deviation) 

Mean temperature 

(annual, summer, winter) 

(median, standard 

deviation) 

CHELSA 

timeseries 

1 km lv3 

Minimum temperature 

(annual, summer, winter) 

(median, standard 

deviation) 

CHELSA 

timeseries 

1 km lv3 

Maximum temperature 

(annual, summer, winter) 

(median, standard 

deviation) 

CHELSA 

timeseries 

1 km lv3 

Climate 

-Slope of 

change- 

Slope of precipitation 

change 

(1979-2013) 

CHELSA 

timeseries 

1 km lv3 

Slope of mean 

temperature change 

(1979-2013) 

CHELSA 

timeseries 

1 km lv3 

Slope of minimum 

temperature change 

(1979-2013) 

CHELSA 

timeseries 

1 km lv3 

Slope of maximum 

temperature change 

(1979-2013) 

CHELSA 

timeseries 

1 km lv3 

Vegetation Forest cover change 

(2000-2018) 

Corine 

Land 

Cover 

Municipality lv2 

 

We analysed municipality and landscape scales separately because there were 

few articles in our database that provided sufficient spatial precision to allow for 

a fine-scale analysis of topographic and climate predictors (landscape scale). 

Nevertheless, we did not want to lose information about the case studies where 

values of forest gain were provided, but the spatial positioning was not precise 

(municipality scale). For this reason, we used the latter to analyse broad socio-

economic drivers and the differences between forest gain values in the articles 

and forest gain reported by the CLC. 
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2.5 Statistical analysis 

At the municipality scale (mun), we analysed the multivariate correlation 

between observed forest gain, socio-economic conditions, and satellite-derived 

forest gain through Principal Component Analysis (PCA). We transformed the 

data to meet normality assumptions either through logarithmic or square-root 

transformations.  

At the landscape scale (lan), we created a Random Forest (RF) regression model 

using principal components of socio-ecological drivers as predictors and the 

annual forest gain (% year-1) as the response variable. Due to the p>n problem of 

machine learning, related to a low number of rows, we reduced the feature 

dimensionality through PCA prior to fitting RF models. We performed a PCA for 

each group of environmental drivers: socio-economic (Table B2.1 

Supplementary Materials), climate (Tables B2.2, B2.3 Supplementary Materials), 

and topographic (Table B2.4 Supplementary Materials), considering statistically 

significant principal components (PCs) that accounted for 75% of the variability. 

We measured statistical significance using p-values derived from a Monte Carlo 

permutation test on 10 000 runs with randomized data. We adopted a nested 

fivefold repeated spatial cross-validation to tune the RF model and evaluate its 

performance (Lovelace et al., 2019). For tuning hyperparameters (number of 

variables tried at each split, number of trees, minimum node size, and sample 

fraction), we developed an optimization algorithm based on a random search 

within a search space using 50 steps. To evaluate the models and select the model 

of best fit, an outer 3-fold cross-validation resampling strategy was used. Mean 

absolute error (MAE), mean squared error (MSE), and root-mean-square error 

(RMSE) were estimated by averaging the values obtained from the resulting 300 

models. We assessed variable importance of the RF model using the permutation 

method (Breiman, 2001). We ran a second RF regression using the main variables 

associated with the most influential PCs to derive partial dependence plots 

(Goldstein et al., 2015) on the marginal effect of each variable on the annual 

forest gain rate. 
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PCA was conducted in PC-Ord v7.08 (McCune & Mefford, 1999). All other 

analyses were conducted in R version 4.1.2 (R Core Team, 2021). See Table B2.5 

in Supplementary Materials for R packages used in the analyses.  

2.3 Results 

2.3.1 Spatiotemporal characteristics of case studies 

We retrieved 42 papers that met our inclusion criteria. We observed an increasing 

trend of publication until 2020, with more than 50% of publications occurring 

between 2007 and 2017. The topic is strongly multidisciplinary, with multiple 

research objectives including ecosystem services evaluation (e.g., Schirpke et al., 

2013), natural disturbances risk analysis (e.g., Zgheib et al., 2020), land use 

change (e.g., Tasser et al., 2017), species distribution modelling (e.g., Carlson et 

al., 2014a), and assessment of reforestation drivers (e.g., Garbarino et al., 2020). 

We chose 80 eligible case studies according to our requirements (Figure 2.2). The 

total extent covered by the 80 sites was 9257 km2, corresponding to 5.17% of the 

whole Alpine region surface area (~ 179 014 km2) and the mean distance between 

each landscape was 210.71 km. The case studies belonged to 6 different countries 

(Austria, France, Germany, Italy, Slovenia, Switzerland), 25 different provinces 

(NUTS level 3), with Italy emerging as the most represented country (s = 48, 60% 

of the total). We observed 17 provinces with more than one case study, with 

Trento (s = 16) and Bolzano-Bozen (s = 14) being the most studied. In addition 

to having the greatest number of study landscapes, Italy had the largest 

landscapes in terms of mean surface area. However, Austrian and French studies 

investigated LULCC with a longer temporal extent and a finer temporal 

resolution, often integrating historical maps (Figure 2.3a). On average, we 

observed a comparable number of land cover classes within countries. Countries 

were similar in the numbers and types of case study characteristics used (Figure 

2.3a). 
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FIGURE 2.2. Location of the case studies within the Alpine region (Alpine convention perimeter). 

Point symbol shading indicates the analytical scale. Green polygon shading shows the forest gain 

at NUTS lv3 derived from Corine Land Cover for the period 2000-2018. The inset map shows the 

location of the European Alps within Europe. AT = Austria, CH = Switzerland, DE = Germany, FR 

= France, IT = Italy, LI = Liechtenstein, SI = Slovenia. 

The largest site was Gemona (Italy; 114 800 ha), the smallest was Längenfeld 

(Austria; 100 ha) (Figure 2.3b). Most of the studies derived forest gain data from 

both historical maps and aerial photos. Historical maps included the Siegfried 

map (Topographic Atlas of Switzerland), the Hasburgic map, and the Napoleonic 

cadastral map. Temporal extent (last year – first year) ranged from 12 years 

(Agordino, Italy) to 195 years (Waidhofen, Austria), with a mean value of 103 

years and a standard deviation of 54 years (Figure 2.3c). Regarding the temporal 

resolution, most studies (n = 25) adopted 2 or 4 different maps to analyse forest 

cover dynamics, with a maximum of 8 different time steps observed and an 

average value of 3.5 ± 1.5 (Figure 2.3d). Most studies (n = 14) examined 5 land 

cover classes, with a minimum of 2, a maximum of 21, and a mean of 5.8 ± 3.0 

(Figure 2.3e).  
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FIGURE 2.3. Summary of case study characteristics (s = 80). (a) Radar plot on nine variables 

grouped by country (number of tools = number of different data sources and tools used to derive 

land cover information, historical maps = number of studies using historical maps, land cover 

classes = number of analysed land cover classes, level of detail = level of details about reforestation 

and spatial positioning provided for the study sites). Sources of land cover information. Violin plots 

and box plots display frequency distributions, median, and interquantile range for the (b) spatial 

extent of the landscapes; (c) temporal extent of the studies; (d) temporal frequency; (e) number of 

land cover classes. 

2.3.2 Socio-economic drivers at the municipality scale 

We analysed the relationship between observed forest gain and a set of socio-

economic drivers at the municipality scale through principal component analysis. 

The first and second components accounted for 34.4 and 16.3% of the total 

variation, respectively, while the third component accounted for the 14.8% 

(Figure 2.4, Figure C2.1 and Table C2.1 Supplementary Materials). The first PC 

axis was strongly associated with long-term (i.e., more than 60 years) dynamics 

such as the observed forest gain (negative association) and population (1961, 

2020) and road density (positive association). The second component was mostly 

associated with recent dynamics such as job sectors (positive association with 
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agricultural/natural resource and manufacturing sectors employees, negative 

association with the service sector employees), recent forest change through 

CLC, and recent farm change. Sites that experienced a higher forest gain were 

likely to have had lower population both in 1961 and 2020 and to have more 

workers in the agricultural/natural resource sector. Manufacturing sector 

employees (Pearson’s r = – 0.29), agricultural/natural resource sector employees 

(r = 0.27), road density (r = – 0.28), and population density in 1961 (r = – 0.26) 

emerged as the most correlated variables to the observed forest gain. Forest gain 

derived from CLC analysis of the last 20 years (2000-2018) appeared to be 

uncorrelated (perpendicular) to the observed forest gain rate (r = – 0.03) (Figure 

2.4). 

 

FIGURE 2.4. Results of the principal component analysis at the municipality scale (s = 108). PC1 

vs PC2. Principal components were significant (p < 0.001, Monte Carlo permutation test on 10 000 
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runs with randomized data). Country centroids are shown as orange crosses: AT = Austria, CH = 

Switzerland, FR = France, IT = Italy, SI = Slovenia. Forest gain gradient is represented as a 3D 

response surface and contour lines obtained through non-parametric regression against PC1 and 

PC2 scores. Flexibility was optimized according to the highest cross-validated fit (xR²). 

2.3.3 Socio-ecological drivers at the landscape scale 

Prior to fitting the landscape-scale RF regression model, we reduced the number 

of variables through a principal component analysis, retrieving 8 principal 

components (Appendix B and Figure C2.2 Supplementary Materials). The 

climate PC associated with precipitation (Precipitation) was the most important 

in explaining forest gain, followed by human related variables (Remoteness and 

Population), and topography (especially the second PC, Topography_2). Climate 

change proved unimportant for predicting the forest gain rate (Figure 2.5a). Due 

to the small number of observations at this scale (s = 21), errors calculated 

through the 300 iterations are quite noticeable (Figure C2.3 Supplementary 

Materials). From the second RF regression model, we calculated partial-

dependence plots for the main drivers of each of the four most important PCs. In 

particular, we assessed annual median precipitation (Precipitation; Figure 2.5b), 

minimum distance from towns (Remoteness; Figure 2.5c), population density of 

1961 (Population; Figure 2.5d), and mean heat load index (Topography_2; Figure 

2.5e). Forest gain rate was generally higher in landscapes with lower annual 

precipitation and population density, more than 50 km from towns, and on south-

facing slopes. 
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FIGURE 2.5. Results of the RF regressions at the landscape scale (s = 21). (a) Variable importance 

of the RF regression on the principal components; partial dependence plots on (b) annual 

precipitation, (c) minimum distance from towns, (d) population density of 1961, (e) mean HLI. 

2.4 Discussion 

2.4.1 Reforestation rate and pattern across the Alps 

Post-abandonment natural reforestation is a widespread phenomenon in many 

countries of the Northern hemisphere (Ellis et al., 2013; Haddaway et al., 2014; 

Crawford et al., 2022). The Alps provides an excellent study region for 

investigating this global phenomenon due to its long history of land use followed 

by more than one century of abandonment (MacDonald et al., 2000; Mietkiewicz 

et al., 2017). In our literature review, we observed a good availability of 

spatiotemporal forest cover data for the Alps. The case studies utilized covered a 

surface area of more than 5% of the Alpine Convention area, and inclusion of 

grey literature studies would most likely have encompassed a greater area. High 

research interest in spatial analysis of reforestation has resulted in a 

multidisciplinary set of analytical perspectives and methods for us to synthesize 

in our review. We observed an unbalanced spatial density and location of case 

studies, probably due to the magnitude and perception of human action 

(Haddaway et al., 2014), with the Western Alps showing the highest density of 

studies. It is possible that the increased concern regarding post-abandonment 

reforestation and its ecological and economic effects have been greater in the 
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Western rather than in the Eastern Alps because depopulation and rural exodus 

took place earlier in the Western sector (Batzing et al., 1996). For instance, Tasser 

et al. (2017) reported the twenty years between 1960 and 1980 as the most 

relevant period of land abandonment for the Stubai Valley (AT), consistent with 

the twenty years indicated by Krausmann et al. (2003) for all of Austria (1950-

1970). Furthermore, the Slovenian Julian Alps experienced land abandonment 

after 1945, only a half-century after the less favourable land was tilled at the 

beginning of the 20th century (Andrič et al., 2010). Conversely, in the Western 

Alps the industrial sector had already begun to supersede agriculture by the 

second half of the 19th century (Batzing et al., 1996; Farvacque et al., 2019). 

Given the generally long-time frames since land abandonment has occurred 

within the region, it is not surprising that we observed an average temporal extent 

of around a century from among the case studies. This time span may be 

particularly relevant for studies of post-abandonment reforestation, since the 

mean time required by passive restoration to recover biogeochemical functions 

has been measured globally as 35.5 ± 33.1 years, depending on factors such as 

ecosystem resilience, the type and intensity of land use legacy, and local edaphic 

conditions (Meli et al., 2017). Therefore, satellite remote sensing timeseries (e.g., 

Landsat) and derived products (e.g., Corine Land Cover , CLC), spanning the last 

30-40 years and lacking in fine spatial resolution, provide only a partial insight 

into this global process. Historical maps and aerial photos are fundamental tools 

to assess ecological responses to past land abandonment, given their longer 

temporal extent and finer (i.e., 1-10m) spatial resolution (Garbarino et al., 2020). 

The first aerial photos emerged around World War II, and thus correspond well 

with the timing of abandonment in many landscapes. On historical aerial photos, 

cultural landscapes are often recognizable by the presence of patches of pasture 

enclosed in a forest matrix (Orlandi et al., 2016). The spatial mosaic of cultural 

landscapes is generally characterized by an interspersion of small patches with 

several ecological functions and structures. For this reason, they are often 

described as hotspots of ecosystem services worldwide (e.g., larch wood pastures 
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in Austrian landscapes; Schirpke et al., 2013). Since post-abandonment 

reforestation usually consists of in-filling of these non-forested patches, a fine 

spatial resolution is crucial to monitor the loss of ecotones and the spatial 

simplification of a landscape.  

Another important temporal feature to consider is the temporal resolution (i.e., 

the frequency of temporal observations for a given landscape). Even if satellite-

based products have a higher  temporal resolution (i.e., weeks/days), decadal land 

cover maps derived from aerial photos have the potential to inform managers and 

planners (Schneeberger et al., 2007; Carlson et al., 2014b) by capturing the 

nonlinearity of past LULCCs for more accurate prediction of future change 

scenarios (Carlson et al., 2014a). For instance, a series of aerial photos led to 

improved accuracy of future Business as Usual LULCC scenarios, by 

disentangling land use change- and climate change-dominated periods 

(Anselmetto et al., 2021). Also, correlations between temporal trade-offs of 

ecosystem services and the spatial arrangement of the landscape can be detected 

using multiple time steps of aerial photography (Egarter Vigl et al., 2016). 

2.4.2 Drivers of reforestation across spatial scales 

Land abandonment is associated with regional socio-economic processes, but it 

also depends on conditions particular to a given landscape (i.e., climate, 

topography, infrastructures) that increase cultivation costs (Ameztegui et al., 

2016; Crawford et al., 2022). On average, forest area increased at a net rate of 

+0.64% year-1 across the case studies. This value was higher than the one 

described by Bebi et al. (2017) for the entire Alps (+0.37% year-1 from 1930) and 

the average annual rate of change reported by FAO (2020) for Europe (+0.29% 

year-1 from 1990 - 2020). At the municipality scale (mun), road and population 

density in 1961 had a strong negative correlation with forest gain. A sparse road 

network influences the cultivation cost, and marginal areas with weak 

infrastructure are the first to be abandoned (MacDonald et al., 2000; Ren et al., 

2019). These abandonment patterns have been defined in the Forest Transition 

Theory (Mather, 1992; Díaz et al., 2011). Sometimes, good road infrastructure 



46 

 

and increase in population lead to recultivation of abandoned areas (Crawford et 

al., 2022). We found a weak correlation between satellite-derived forest gain 

(2000-2018) and observed forest gain in the last century. This confirms our 

hypothesis that long-lasting human exploited areas that experienced a centennial 

land abandonment (i.e., Alps, Japanese Satoyama landscapes, or Spanish dehesa), 

characterised by a complex interspersion of patches, should be evaluated with a 

longer temporal extent and finer spatial resolution. Recent satellite-derived 

products suffer from a temporal mismatch between the diachronic analysis period 

and the duration of secondary successional processes. 

The proportion of workers employed in the primary (i.e., agriculture and forestry) 

and secondary sector (i.e., industry) were respectively positively and negatively 

correlated to forest gain. This contradicts other findings that showed how national 

increase of workers in the off-forest sectors (i.e., secondary and tertiary) displaces 

land use outside borders, leading to an off-set of deforestation in other countries 

of the world and promoting reforestation (Pendrill et al., 2019). Employment data 

used in the study were taken for the year 2000, representing a momentary 

condition in a dynamic process. Moreover, mountain municipalities often occupy 

both the bottom part of a valley and its slopes, and the depopulation dynamics of 

a single farm, village, or slope could have affected reforestation rate more than 

depopulation when considered at the scale of the entire municipality. 

Nevertheless, analyses at the municipality scale are useful for landscape planning 

and decision systems in view of the increasing debate on wildness versus 

wilderness and passive restoration management (e.g., Meli et al., 2017; Ward, 

2019; Schulte to Bühne et al., 2022).  

Very few studies, from our literature review, provided spatially explicit data to 

perform exhaustive meta-analysis at the landscape scale (lan) because land cover 

maps were often an intermediate product of the analysis. Therefore, we used the 

annual forest gain rate as a proxy for landscape scale forest dynamics. Given the 

different time span of observations, the low number of landscapes, and the 

inability to accurately locate the case studies, our results offer a partial insight 
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into global change effects on forest dynamics. Nevertheless, our results 

highlighted agriculturally unfavourable areas as hotspots of post-abandonment 

reforestation. In particular, sites characterized by a lower precipitation were more 

likely to experience intense forest gain, probably because landscapes with harsher 

ecological conditions and lower productivity are prone to be abandoned first, thus 

leading to a longer process of natural reforestation (MacDonald et al., 2000; 

Garbarino et al., 2020). It is interesting to note the increase of forest gain with an 

annual precipitation higher than 1200 mm. This high reforestation rate associated 

to a high primary production might occur in relatively high-elevation areas 

(hence, higher primary production) that had been agriculturally marginal by 

virtue of stony soils, colder temperatures, or shorter growing seasons. Human 

variables emerged as the second (i.e., remoteness) and third (i.e., population) 

most important driver, with higher forest gain in remote areas of low population 

that are also far from towns. Regarding topographical features, higher values of 

forest gain associated with high heat load values indicate a suitability for 

reforestation of southern slopes, where croplands and pasture had been 

concentrated in the past (Garbarino et al., 2020). 

Climate change was one of the least important variables in the RF model. This 

supports the hypothesis that broad scale dynamics such as reforestation and forest 

gain are still mostly driven by land abandonment rather than climate change, even 

if a shift towards climatic-driven changes is expected (Martin et al., 2013; 

Ameztegui et al., 2016; Anselmetto et al., 2021). Global change affects 

abandoned mountain areas generating divergent processes of vegetation 

dynamics, with an in-filling of abandoned open areas at lower elevations, but with 

fragmentation of open areas and tree encroachment in the upper elevations 

(Gehrig-Fasel et al., 2007; Kulakowski et al., 2011; Anselmetto et al., 2021). In 

the lower mountain elevations, the rate of woodland expansion is gradually 

decelerating due to saturation of available space (Campagnaro et al., 2017). 

Above the treeline, active shrub and tree encroachment on semi-natural and 

natural alpine grasslands and unvegetated areas are likely due to warmer 
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conditions during the growing season related to climate change (Bani et al., 2019; 

Choler et al., 2021).  

2.4.3 Methodological insights: a plea for consistency  

Natural rewilding of landscapes with a long history of intensive human land use 

may create novel ecosystem conditions that require adequate monitoring, 

planning, and management to provide the services demanded by the society 

(Ward, 2019; Schulte to Bühne et al., 2022). Hence, there is a relevant need to 

quantify and predict where and when reforestation is likely to occur, and at what 

rate. Despite the availability of numerous case studies in the Alps, we observed 

the absence of a common protocol to analyse post-abandonment reforestation. 

Some papers encompassed more than one landscape (e.g., Zimmermann et al., 

2010; Egarter Vigl et al., 2016; Tattoni et al., 2017; Garbarino et al., 2020) and 

integrated data from different previous studies, but without a regional scale 

approach. For this reason, we highlight the need for a harmonised geodatabase 

produced through a common land cover classification. We believe that a 

harmonised and dynamic land use change geodatabase encompassing an entire 

mountain region could serve as an accurate foundation for answering to several 

socioecological questions with global implication. 

Landscape planning requires a profound knowledge of the land use history to 

assess forest ecosystem resilience and trajectories of change (Garbarino et al., 

2020; McDowell et al., 2020). For instance, it would be useful for species 

distribution models to integrate dynamic scenarios of LULCC, characterized by 

fine spatial resolution and long temporal extent, with alternative climate scenarios 

(Martin et al., 2013; Carlson et al., 2014a). Policy decisions may benefit from a 

multi-scale assessment of reforestation (Schulte to Bühne et al., 2022). 

Regionally, an in-depth analysis of reforestation suitability can be used to 

quantify wall-to-wall reforestation probability or ecosystem services provision 

maps using logistic regressions with models trained on long-term data at the 

landscape scale (e.g., Díaz et al., 2011; Pellissier et al., 2012; Gelabert et al., 

2022). This information may be integrated at the landscape scale, where 
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reconstructing past dynamics of change may improve resources allocation and 

contrast land use legacies and climate change (Holl & Aide, 2011; Garbarino et 

al., 2020). A common LULCC dataset for the Alps can provide a monitoring tool 

for mountain ecosystem services such as cultural values, carbon sequestration, 

hydrologic regime, protection from natural disturbances, biodiversity, and 

conservation. Being able to reconstruct the history of LULCC and predict future 

scenarios of post-abandonment  reforestation in mountain regions can drive the 

choice between passive restoration (i.e., rewilding) and active restoration of semi-

natural ecosystems such as grasslands and agroforestry systems (Navarro & 

Pereira, 2012). 

2.5 Conclusions 

Abandoned rural landscapes in high incomes areas of the world such as the 

European Alps are expected to face a shift from land use change- to climate 

change-dominated stages (Martin et al., 2013). Indeed, assessing the long-term 

history of change and its land use legacy on forest dynamics should be the first 

step to plan future resilient landscapes (Beller et al., 2020; Garbarino & 

Weisberg, 2020). We observed several case studies across the Alps dealing with 

post-abandonment natural reforestation with the potential to fulfil this aim. The 

multidisciplinary nature of this topic is represented by studies which utilized 

disparate data sources and quantitative tools (e.g., historical maps, aerial photos, 

GIS environment) and research objectives (e.g., quantification of forest gain, 

driver of reforestation, future forecasting, analysis of multiple ecosystem 

services). Many studies have encompassed more than 100 years of change using 

a fine spatial resolution (i.e., 1-10 m) and with the potential to have a sufficient 

temporal resolution (i.e., 10-20 years). The importance of anthropic drivers for 

post-abandonment natural reforestation appeared both at the municipality and 

landscape scale. Population density, both in the past and currently, and the 

remoteness (i.e., road availability, distance to cities) of the municipalities and 

landscapes clearly emerged from our analyses, outdoing the role of climate 

change-related variables. In particular, reforestation rate was greatest in south-
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facing slopes of dry landscapes within remote and sparsely populated 

municipalities. 

We advocate for a dynamic harmonised LULCC geodatabases integrating 

landscape case studies across the entire mountain region. Despite the high 

availability of data for the Alpine region, a comprehensive fine scale analysis 

across the entire region is still lacking. Therefore, there is a need to incorporate 

case studies from the grey literature and new landscapes where the density of 

available data seems scarce. We believe such a database can provide the 

foundation for predicting future trajectories of change both within the same 

region (e.g., Gelabert et al., 2022) and in other mountain regions where post-

abandonment natural reforestation is a more recent process (i.e., China, India; 

Ren et al., 2019).  
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Supplementary Materials 

Appendix A2 – European Alps LUC studies Database (EALUC) 

TABLE A2.1. Alpine LUC studies database. References follow the table. AT = Austria, CH = Switzerland, DE = Germany, FR = France, IT = Italy, LI = 

Liechtenstein, SI = Slovenia. As source maps we report all sources of geospatial information listed by the papers; AP = Aerial photos, CM = Cadastral maps, HM 

= Historical maps, Sat = Satellite, TM = Topographic maps, TP = Terrestrial photos. In cases where papers report results for more than one landscape, first and last 

year refer to the oldest and the newest observations within all the landscapes. In cases where papers report results for more than one landscape, mean values of 

temporal extent, temporal frequency and spatial extent are reported. If the study analyses one landscape, values refer to the features of that landscape. Spatial 

resolution was reported only if provided in meters, not as a nominal scale. 
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Andrič et al. 2010 The Holocene SI HM, CM 179 8180 lv1,2,3 
Anselmetto et al. 2021 Ecosystems IT AP 52 5500 lv1,2,3 
Carlson et al. 2014a Diversity and Distribution FR AP 56 12 200 lv1,2,3 
Carlson et al. 2014b Ecological Applications FR AP 61 15 000 lv1,2 
Dalla Valle et al. 2009 Mountain Research and Development IT AP 12 65 916 lv1 
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Didier 1 2001 Forest Ecology and Management FR HM, AP 86 5320 lv1,2,3 
Egarter Vigl et al. 2016 Landscape Ecology AT, CH, FR, IT HM, AP 155 20 467 lv1,2 
Fedrigotti et al. 2016 Global NEST Journal IT HM, AP 152 ~ 20 000 lv1,2 
Garbarino et al. 2006 IUFRO Landscape Ecology Conference IT AP 46 ~ 4000 lv1,2,3 
Garbarino et al. 2011 European Journal of Forest Research IT AP 42 1137 lv1,2,3 
Garbarino et al. 2013 Landscape Ecology IT AP 44 3250 lv1,2,3 
Garbarino et al. 2014 Journal of Mountain Science IT AP 46 4150 lv1,2,3 
Garbarino et al. 2020 Landscape Ecology IT AP 54 1261 lv1,2,3 
Gellrich et al. 2008 Agricultural Systems CH AP 41 6300 lv1 
Hohensinner et al. 2021 Frontiers in Environmental Science AT HM, AP, Sat 195 5430 lv1,2,3 

Knevels et al. 2 2020 Mitteilungen der Österreichischen Geographischen Gesellschaft AT HM, AP 195 NA lv1,2 
Kulakowski et al. 2011 Oikos CH AP 46 4500 lv1,2 

Lieskovský & Bürgi 3 2018 Regional Environmental Change CH HM, AP 137 12 610 lv1 
Lopez-Saez et al. 2016 Science of The Total Environment FR HM, AP 163 403.5 lv1,2,3 
Mainieri et al. 2020 Anthropocene FR HM, AP 188 135 lv1,2,3 
Malek et al. 2014 Land IT TM, AP 21 114 800 lv1,2 

Marage & Brun 4 2007 Acta Botanica Gallica FR HM, AP 185 5700 lv1 
Mietkiewicz et al. 2017 Journal of Vegetation Science CH HM, AP, TP 100 28 400 lv1,2 

Niedertscheider et al. 5 2017 Ecosystems AT HM 138 25 000 lv1,2 
Orlandi et al. 2016 Biodiversity and Conservation IT AP 55 4078 lv1,2,3 
Pellissier et al. 2013 Applied Vegetation Science CH AP, plots 25 NA lv1 
Piégay & Salvador 1997 Global Ecology and Biogeography Letters FR HM, AP 160 NA lv1 
Ranzi et al. 2002 Hydrology and Earth System Sciences IT AP 40 31 108 lv1,2 
Schirpke et al. 2012 Ecological Informatics AT, CH, DE, FR, IT AP 27 17 333 lv1,2 
Schirpke et al. 2013 Journal of Biodiversity Science, Ecosystem Services & Management AT HM, AP 57 510 lv1,2,3 
Sitzia & Trentanovi 2011 Biodiversity and Conservation IT HM, AP 147 16 000 lv1 
Tappeiner et al. 2008 Ecosystems AT HM, AP 142 13 849 lv1,2 

Tasser et al. 6 2007 Agriculture, Ecosystems and Environment AT, IT HM, AP 157 22 923 lv1 
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Tasser et al. 2009 Landscape Ecology IT HM, AP 135 5272 lv1 
Tasser et al. 2017 Land Use Policy AT HM, AP 150 26 500 lv1,2 
Tattoni et al. 2010 IForest - Biogeosciences and Forestry IT HM, AP 147 19 400 lv1,2 

Tattoni et al. 7 2017 Science of The Total Environment IT HM, AP 75 7681 lv1,2,3 
Vogel & Conedera 2020 Plant, Soil and Environment CH AP, TM NA NA lv1 
Wallentin et al. 2008 Ecological Modelling AT AP, LiDAR 52 100 lv1,2,3 
Zgheib et al. 2020 Global Environmental Change FR HM, AP 157 30 900 lv1,2 
Zgheib et al. 2022 Regional Environmental Change FR HM, AP 159 21 633 lv1 
Zimmermann et al. 2010 Agriculture, Ecosystems and Environment AT, CH, DE, FR, IT HM, AP NA 19 575 lv1,2 

 

Footnotes: 
1 This study comprises a regional case study and a landscape case study. 
2 This article is in German. 
3 European study with six different case studies. In our study we considered the case study number 4 in Lenk (CH). 
4 This article is in French. 
5 Spatial maps reported in this study derived from Patek M (2013) Waldentwicklung und Biomassenvera  ̈nderung in Neustift im 

Stubaital in Tirol seit 1834. Diploma thesis, University of Vienna. 
6 We considered the four municipalities and not the landscape case study because it used a different methodology (permanent plots). 
7 This study analysed several landscapes from both peer-reviewed and grey literature (degree thesis, technical reports). 
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Appendix B2 – Supporting Information on materials and methods 

Refinement on socio-ecological predictors 

At the municipality scale, we calculated relative annual CLC-derived forest gain 

by subtracting the final forest cover of 2018 from the initial forest cover of 2000, 

relativised to the 2000 cover, and divided by the temporal extent of 18 years. 

Among the socio-economic drivers at the municipality scale, we obtained 

population data from Eurostat data for the years 1961, 1971, 1981, 1991, 2001, 

2011, and 2020 (https://ec.europa.eu/eurostat/web/nuts/local-administrative-

units). We then derived population density, change, and rate of change. We 

obtained information on employment by job sector (primary, secondary, tertiary) 

and relative change in number of farms (1990-2000) from Alpine Convention 

atlas (https://www.atlas.alpconv.org/). At the municipality scale, road density 

was integrated as an indicator of landscape connectivity and remoteness. At the 

landscape scale, we used this road dataset along with a digital elevation model 

(DEM) to compute cost of movement (Alberti, 2019). We used Open Street Map 

(OSM) as reference data, considering primary, secondary, and tertiary roads. 

From OSM, we also derived cities (i.e. the largest settlement or settlements within 

a territory, including national, state and provincial capitals, and other major 

conurbations) and towns) above 800 m a.s.l (available at 

https://wiki.openstreetmap.org/wiki/Key:place#Populated_settlements,_urban). 

We defined towns as important urban centres, between a village and a city in size 

and having a good range of shops and facilities which are used by people from 

nearby villages. From these two point-datasets we derived continuous maps 

through a variable-bandwidth smoothing kernel interpolation as a proxy for 

remoteness and the possible past magnitude of rural exodus (Davis & Baddeley, 

2018). 

We calculated several topographic variables from the MERIT DEM (Yamazaki 

et al., 2017) at 3sec spatial resolution resampled at 1 km. Specifically, we derived 

the elevation, slope, heat load index (HLI) or the incident radiation of the sun 

https://ec.europa.eu/eurostat/web/nuts/local-administrative-units
https://ec.europa.eu/eurostat/web/nuts/local-administrative-units
https://www.atlas.alpconv.org/
https://wiki.openstreetmap.org/wiki/Key:place#Populated_settlements,_urban
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according to the aspect (McCune et al., 2002), and topographic position index 

(TPI), indicating the position of a focal cell relative to its neighbours.  

We obtained climate variables from the CHELSA v1.2 timeseries from 1979 to 

2013 at 30 arc sec spatial resolution (Karger et al., 2017, 2018), using the median 

and standard deviation of seasonal (winter and summer) and annual values related 

to annual precipitation and minimum, mean, and maximum temperatures. 

Moreover, we also calculated the slope of linear models developed from the four 

timeseries as a proxy of climate change.   

All R packages used in the analysis are listed in Table B2.5. 
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TABLE B2.1. Summary of the Principal Component Analysis for socio-economic variables at the 

landscape scale (lan). Loadings scaled to unit length. The most correlated variables to each principal 

component (1-6) are highlighted in the table (green for positive correlation, orange for negative 

one). Grey cells refer to PCs that were not used in the analyses. P-values, Eigenvalue and % of 

explained variation are reported. Movecost = cost of movement (Alberti, 2019); Cities = distance 

from cities (Padgham et al., 2017); Towns = distance from towns (Padgham et al., 2017); Pop. dens. 

= population density. 

Variable PC1 PC2 PC3 PC4 PC5 PC6 

Movecost min 0.186 -0.222 0.083 0.542 0.204 0.358 

Movecost mean 0.202 -0.257 0.048 0.489 -0.052 0.092 

Movecost max 0.194 -0.255 0.068 0.387 -0.409 -0.516 

Cities min 0.132 -0.271 -0.452 -0.096 0.193 -0.028 

Cities mean 0.125 -0.277 -0.457 -0.108 0.139 -0.046 

Cities max 0.119 -0.282 -0.458 -0.117 0.088 -0.070 

Towns min 0.001 0.385 -0.317 0.238 -0.078 0.095 

Towns mean 0.000 0.382 -0.326 0.229 -0.105 0.106 

Towns max -0.001 0.378 -0.335 0.220 -0.135 0.113 

Pop. dens. 1961 -0.263 -0.204 -0.112 -0.074 -0.484 0.164 

Pop. dens. 1971 -0.278 -0.175 -0.117 -0.043 -0.458 0.084 

Pop. dens. 1981 -0.313 -0.139 -0.068 0.052 -0.186 0.103 

Pop. dens. 1991 -0.322 -0.110 -0.025 0.106 0.062 0.103 

Pop. dens. 2001 -0.322 -0.097 -0.014 0.116 0.147 0.067 

Pop. dens. 2011 -0.323 -0.096 -0.018 0.107 0.141 0.026 

Pop. dens. 2020 -0.323 -0.091 -0.016 0.113 0.151 0.032 

Pop. dens. change -0.314 -0.047 0.016 0.163 0.343 -0.014 

Pop. change rate -0.285 0.146 -0.110 0.199 0.158 -0.704 

p-value 0.001 0.001 0.234 1.000 1.000 1.000 

Eigenvalue 8.890 4.660 2.28 1.33 0.63 0.13 

% of variance 49.4 25.9 12.69 7.38 3.5 0.71 
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TABLE B2.2. Summary of the Principal Component Analysis for climate variables at the landscape 

scale (lan). Loadings scaled to unit length. The most correlated variables to each principal 

component (1-6) are highlighted in the table (green for positive correlation, orange for negative 

one). Grey cells refer to PCs that were not used in the analyses. P-values, Eigenvalue and % of 

explained variation are reported. P = precipitation, Tmean = mean temperature, Tmin = minimum 

temperature, Tmax = maximum temperature. 

Variable PC1 PC2 PC3 PC4 PC5 PC6 

Annual P median -0.080 0.104 0.496 0.010 -0.023 0.032 

Annual P st.dev. -0.100 0.025 0.419 0.367 0.111 -0.152 

Summer P median -0.087 0.266 0.323 0.101 -0.204 0.412 

Summer P st.dev. -0.071 0.101 0.369 0.485 0.009 -0.226 

Winter P median -0.035 -0.023 0.353 -0.550 0.244 -0.021 

Winter P st.dev. -0.073 -0.107 0.368 -0.461 -0.130 0.256 

Annual Tmean median 0.268 -0.137 0.061 0.066 0.032 0.118 

Annual Tmean st.dev. 0.236 0.197 0.002 -0.048 -0.445 -0.095 

Summer Tmean median 0.270 -0.132 0.051 0.074 0.014 0.099 

Summer Tmean st.dev. 0.224 0.229 0.079 -0.088 0.205 -0.251 

Winter Tmean median 0.259 -0.170 0.069 0.052 0.056 0.085 

Winter Tmean st.dev. 0.113 0.380 -0.079 0.045 0.188 0.145 

Annual Tmin median 0.263 -0.152 0.069 0.075 0.012 0.124 

Annual Tmin st.dev. 0.164 0.304 -0.046 -0.007 -0.439 0.232 

Summer Tmin median 0.264 -0.147 0.057 0.087 -0.013 0.145 

Summer Tmin st.dev. 0.240 0.141 0.097 -0.144 -0.002 -0.439 

Winter Tmin median 0.253 -0.183 0.090 0.041 0.070 0.065 

Winter Tmin st.dev. 0.135 0.366 -0.044 0.001 -0.109 0.101 

Annual Tmax median 0.273 -0.117 0.052 0.062 0.034 0.109 

Annual Tmax st.dev. 0.254 0.102 0.037 -0.141 -0.213 -0.376 

Summer Tmax median 0.273 -0.115 0.054 0.051 0.051 0.035 

Summer Tmax st.dev. 0.204 0.273 0.041 -0.123 0.263 -0.096 

Winter Tmax median 0.262 -0.164 0.052 0.048 0.057 0.109 

Winter Tmax st.dev. 0.068 0.363 -0.117 0.041 0.509 0.305 

p-value 0.001 0.001 0.001 1.000 1.000 1.000 

Eigenvalue 12.12 5.44 3.40 1.66 0.51 0.46 

% of variance 50.51 22.66 14.16 6.91 2.13 1.93 
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TABLE B2.3. Summary of the Principal Component Analysis for climate change variables at the 

landscape scale (lan). Loadings scaled to unit length. The most correlated variables to each principal 

component (1-6) are highlighted in the table (green for positive correlation, orange for negative 

one). Grey cells refer to PCs that were not used in the analyses. P-values, Eigenvalue and % of 

explained variation are reported. P = precipitation, Tmean = mean temperature, Tmin = minimum 

temperature, Tmax = maximum temperature. 

Variable PC1 PC2 PC3 PC4 PC5 PC6 

Annual P slope -0.214 0.472 -0.194 -0.399 -0.092 0.198 

Summer P slope -0.108 0.352 -0.622 -0.016 0.552 0.065 

Winter P slope -0.175 0.395 0.414 -0.506 -0.230 0.112 

Annual Tmean slope -0.354 -0.168 -0.028 0.133 -0.094 0.401 

Summer Tmean slope -0.338 0.215 0.067 0.291 -0.067 -0.309 

Winter Tmean slope -0.309 -0.327 -0.052 -0.303 0.120 -0.214 

Annual Tmin slope -0.328 -0.214 -0.223 0.007 -0.368 0.210 

Summer Tmin slope -0.355 0.106 -0.101 0.211 -0.103 -0.352 

Winter Tmin slope -0.279 -0.329 -0.321 -0.246 -0.216 -0.179 

Annual Tmax slope -0.328 -0.078 0.231 0.276 0.281 0.584 

Summer Tmax slope -0.296 0.305 0.226 0.347 -0.026 -0.244 

Winter Tmax slope -0.264 -0.229 0.359 -0.299 0.579 -0.203 

p-value 0.001 0.100 0.999 1.000 1.000 1.000 

Eigenvalue 7.090 2.24 1.29 0.71 0.45 0.19 

% of variance 59.08 18.64 10.79 5.94 3.76 1.54 
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TABLE B2.4. Summary of the Principal Component Analysis for selected topographic variables 

at the landscape scale (lan). Loadings scaled to unit length. The most correlated variables to each 

principal component (1-6) are highlighted in the table (green for positive correlation, orange for 

negative one). Grey cells refer to PCs that were not used in the analyses. P-values, Eigenvalue and 

% of explained variation are reported. 

Variable PC1 PC2 PC3 PC4 PC5 PC6 

Elevation st.dev. mean -0.239 -0.295 0.071 0.083 0.068 0.155 

Elevation st.dev. min -0.293 -0.084 0.204 -0.048 0.057 0.031 

Elevation st.dev. max -0.239 0.221 0.339 -0.110 0.187 0.021 

HLI median min 0.076 -0.317 0.460 -0.217 0.227 -0.535 

HLI st.dev. min -0.231 -0.228 -0.344 0.023 -0.064 -0.009 

HLI st.dev. mean -0.281 0.008 -0.319 0.010 -0.192 -0.240 

HLI st.dev. max -0.201 0.290 -0.247 -0.005 -0.280 -0.387 

Slope median min -0.234 -0.280 0.018 -0.014 0.205 0.163 

Slope median mean -0.297 -0.060 -0.031 -0.196 0.076 -0.216 

Slope median max -0.255 0.207 -0.052 -0.395 -0.099 -0.153 

Slope st.dev. min -0.254 -0.246 -0.132 0.103 -0.010 0.099 

Slope st.dev. mean -0.298 -0.062 0.049 0.151 -0.123 0.030 

Slope st.dev. max -0.194 0.277 0.290 0.253 -0.207 0.389 

TPI median min 0.142 -0.304 0.002 -0.674 -0.463 0.334 

TPI median max -0.100 0.336 -0.300 -0.388 0.621 0.263 

TPI st.dev. min -0.255 -0.263 -0.051 0.042 0.097 0.161 

TPI st.dev. mean -0.301 0.010 0.184 0.022 -0.018 -0.085 

TPI st.dev. max -0.194 0.284 0.334 -0.180 -0.249 0.089 

p-value 0.001 0.001 1.000 1.000 1.000 1.000 

Eigenvalue 10.21 4.47 1.44 0.58 0.35 0.32 

% of variance 56.71 24.85 7.97 3.23 1.95 1.78 
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TABLE B2.5. List of R packages used in the analysis  with citations. 

Package 
name 

Version Citation Purpose 

corrplot v0.92 Wei & Simko, 2017 Creation of correlograms 

iml v0.11.0 Molnar et al., 2018 Variable importance and variable 
effects 

mlr3 v0.13.3 Lang et al., 2019 Random Forest regression and 
accuracy evaluation (lv3) 

movecost v1.3 Alberti, 2019 Computation of cost of movement 

osmdata v0.1.9 Padgham et al., 2017 Download Open Street Map data 

sf v0.9-8 Pebesma, 2018 Manipulation of spatial vector data 

spatstat v2.1-0 Baddeley et al., 2015 Computation of variable-bandwidth 
smoothing kernel interpolation 

terra v1.5-21 Hijmans, 2022 Manipulation of spatial raster data 

tidyverse v1.3.1 Wickham et al., 
2019 

Manipulation of data 

tmap v3.3-2 Tennekes, 2018 Creation of maps 
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Appendix C2 – Supporting Information on Results 

TABLE C2.1. Summary of the Principal Component Analysis at the municipality scale (mun). 

Loadings scaled to unit length. The most correlated variables to each principal component (1-6) are 

highlighted in the table (green for positive correlation, orange for negative one). Grey cells refer to 

PCs that were not used in the analyses. P-values, Eigenvalue and % of explained variation are 

reported. 

Variable PC1 PC2 PC3 PC4 PC5 PC6 

forest gain (obs) -0.292 0.110 0.085 0.550 -0.299 -0.127 

farms change -0.148 0.242 0.503 -0.203 0.239 0.702 

primary -0.146 0.584 -0.151 -0.332 0.023 -0.170 

secondary 0.388 0.215 -0.216 0.252 0.251 -0.002 

tertiary -0.228 -0.575 0.260 -0.078 -0.242 0.042 

tourism density 0.185 -0.002 0.488 -0.443 0.053 -0.601 

road density 0.424 -0.045 0.198 0.071 -0.180 0.040 

forest gain (CLC) -0.114 -0.310 0.022 0.193 0.832 -0.161 

population density 61 0.474 -0.145 -0.056 -0.049 -0.052 0.170 

population density 20 0.465 0.003 0.199 0.170 -0.030 0.089 

population change -0.034 0.303 0.531 0.455 0.037 -0.186 

p-value 0.001 0.001 0.001 0.963 0.994 1.000 

Eigenvalue 3.79 1.79 1.63 1.08 0.96 0.55 

% of variance 34.45 16.29 14.78 9.83 8.72 4.95 
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FIGURE C2.1. Results of the principal component analysis at the municipality scale (n = 108). 

PC1 vs PC3. Principal components were significant (p < 0.05, Monte Carlo permutation test on 10 

000 runs with randomized data). AT = Austria, CH = Switzerland, FR = France, IT = Italy, SI = 

Slovenia. 
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FIGURE C2.2. Correlogram for the 8 environmental variables used as predictors in the RF 

regression. Positive and negative correlation values higher than 0.5 are reported in the figure. 
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FIGURE C2.3. Accuracy results (root mean squared errors) of Random Forest regression on 

Principal Components at the landscape scale (lan). Results of 300 models created through nested 

spatial cross-validation.  
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Abstract 

The synergic influence of land use and climate change on future forest dynamics 

is hard to disentangle, especially in human-dominated forest ecosystems. Forest 

gain in mountain ecosystems often creates different spatial–temporal patterns 

between upper and lower elevation belts. We analyzed land cover dynamics over 

the past 50 years and predicted Business as Usual future changes on an inner 

subalpine watershed by using land cover maps, derived from five aerial images, 

and several topographic, ecological, and anthropogenic predictors. We analyzed 

historical landscape patterns through transition matrices and landscape metrics 

and predicted future forest ecosystem change by integrating multi-layer 

perceptron and Markov chain models for short-term (2050) and long-term (2100) 

timespans. Below the maximum timberline elevation of the year 1965, the 

dominant forest dynamic was a gap-filling process through secondary succession 

at the expense of open areas leading to an increase of landscape homogeneity. At 

upper elevations, the main observed dynamic was the colonization of unvegetated 

soil through primary succession and timberline upward shift, with an increasing 

https://doi.org/10.1007/s10021-021-00716-7
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speed over the last years. Future predictions suggest a saturation of open areas in 

the lower part of the watershed and stronger forest gain at upper elevations. Our 

research suggests an increasing role of climate change over the last years and on 

future forest dynamics at a landscape scale. 

Keywords: land use change modeling, land abandonment, natural park, alpine 

forest, multilayer perceptron, Markov chain. 

Highlights 

• Alpine forest gain shows two different landscape patterns depending on the 

elevation.  

• Primary successions at upper elevations are increasing due to climate change.  

• Future LUC scenarios suggest an expansion of dense forests mostly at upper 

elevations. 

3.1 Introduction 

Mountain ecosystems and populations around the world are increasingly affected 

by the combination of changes in climate and land use (Bugmann et al., 2007; 

Lasanta et al., 2017). Tropical mountains, for instance, are facing expansion and 

intensification of agriculture and an over-exploitation of natural resources (Peters 

et al., 2019). In contrast, temperate mountain forest dynamics, especially in 

Europe, are controlled by land-abandonment processes (Chauchard et al., 2007) 

that, along with gradual effects of climate change, are expected to modify 

landscape structures and ecosystem services supply in the future (Van der Sluis 

et al., 2019). Nevertheless, it is hard to disentangle the role of climate and land 

use changes (hereafter, CC and LUC), since they influence in synergy, especially 

in highly exploited landscapes (Clavero et al., 2011).  

At lower elevations, LUC plays the most relevant role through secondary 

successions represented by in-filling of open areas and forest gaps at the expense 

of abandoned meadows, grasslands and arable lands (Gautam et al., 2004; 
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Garbarino et al., 2014; Malandra et al., 2019). The loss of these areas is strongly 

related to the abandonment of marginal areas during the twentieth century and to 

the decline of traditional land uses and practices (Chauchard et al., 2007; Tattoni 

et al., 2017).  

In the upper part of mountain watersheds, the limit of tree distribution, that is, the 

treeline, is one of the most studied ecotones where the role of long-term CC can 

be assessed since it is mainly limited by heat availability (Körner, 2015; Fajardo 

et al., 2019). However, other environmental variables such as soil and topography 

also proved to be important treeline drivers (Holtmeier & Broll, 2020). Several 

studies have shown evidence of wood encroachment on upper grasslands (Barros 

et al., 2017; Malfasi & Cannone, 2020) and of treeline upward shift in different 

ecosystems around the world (Fang et al., 2009; Elliott, 2011; Ameztegui et al., 

2016). Land abandonment effect is often highlighted as the main driver of the 

treeline upward shift, but it is expected to be equalized by the CC, which will 

become the most important in future years (Gehrig-Fasel et al., 2007).  

Vegetation maps and aerial photographs are fundamental historical data sources 

for the comprehension of past dynamics and future trajectories of forests. These 

spatially explicit datasets are useful for LUC detection and can be used to assess 

the contribution of climate and land use on forest gain (Cousins et al., 2015; 

Filippa et al., 2019; Ridding et al., 2020). A long time-series dataset with a fine 

temporal resolution is a crucial aspect for setting observed current changes in a 

comprehensive historical context in order to produce more realistic future 

predictions of a process that is highly variable and nonlinear (Becker et al., 2007; 

Tattoni et al., 2017).  

Many approaches and classification methods can be adopted in LUC forecast 

modeling. Six types of models exist (sensu Lantman et al., 2011): (i) agent-based; 

(ii) artificial neuron networks (ANNs); (iii) cellular automata (CA); (iv) 

economics-based; (v) Markov chains (MCs); and (vi) statistical. Since there is 

not a ‘right model’ for all ecological purposes, different tools can be integrated 

in a single framework to boost their strengths and minimize their weaknesses 
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(Mas et al., 2014). Another important decision that must be made in forecast 

modeling is the one between scenario-based simulation models and Business as 

Usual (BaU) ones. BaU models base their predictions according to the 

continuation of current land use practices and policies. BaU models are data-

driven tools that permit to: (i) forecast landscape trajectories according to past 

situations and (ii) stress past dynamics. There are two model types that can be 

considered adequate to carry out this task: Markov chains (MCs) and artificial 

neuron networks (ANNs). MCs are widely used to model both anthropogenic and 

natural or semi-natural LUC at different spatiotemporal scales (Muller & 

Middleton, 1994; Tattoni et al., 2011; Al-Shaar et al., 2021). MCs forecasts are 

based on previous changes and on the assumption of the persistence of historical 

dynamics, thus they are reliable tools for BaU scenarios. Their main strengths are 

simplicity and flexibility and the ability to describe complex and lengthy 

processes of land use dynamics as simple transition probabilities (Lantman et al., 

2011; Iacono et al., 2015). However, these models are not spatially explicit 

(Noszczyk, 2019), and because of these aspects they are often combined with 

other models such as ANNs and CAs (Tattoni et al., 2011; Ozturk, 2015).  

ANNs are machine learning algorithms built around several layers of 

interconnected neurons, similar to human brains (Noszczyk, 2019). Therefore, 

they can recognize patterns and facilitate the development of irregular 

relationships between past and future LUC (Lantman et al., 2011). ANNs are 

usually connected to suitability maps, expressions of transition potential from one 

state of the system to another. Their principal limitations are the ‘black box’ 

approach and the time required to build them. They have different applications 

on LUC modeling like urban growth, natural trends, habitat loss (for example, 

Gontier et al., 2010; Tattoni et al., 2011; Fattah et al., 2021). Though the 

interaction between MCs and ANNs has been thoroughly analyzed, few studies 

use more than two or three land cover maps (that is, time steps) to predict future 

dynamics, oversimplifying the complexity of LUC over time.  
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In this study, we analyzed past dynamics and future trajectories of LUC using 

five land cover maps and a nonlinear BaU modeling approach to test our three 

hypotheses on an inner subalpine watershed: (i) post-abandonment forest gain at 

lower and upper elevations shows different landscape patterns; (ii) primary 

successions at higher elevations are becoming more important in the last decades 

due to increasing climate change and decreasing land abandonment effects; (iii) 

forest canopy closure at lower elevations and the availability of open areas at the 

treeline ecotone will favor a stronger forest gain at higher elevations. We had the 

opportunity to test our hypotheses at the Mont Avic Natural Park, Aosta valley 

(hereafter, MA), a human-dominated forest ecosystem with a history of intense 

forest exploitation and a relatively low agro-pastoral impact. 

3.2 Materials and methods 

3.2.1 Study Area  

MA is located on the southwest part of Aosta Valley, a mountainous autonomous 

region in northwestern Italy. The Natural Park covers more than 5800 ha and 

contains Chalamy and Champorcher valleys. It was created in 1989 to protect 

natural resources in the upper part of the valleys, where high value landscapes 

had not been strongly modified by humans because of their rough terrain. For this 

reason, the main human disturbance is not livestock grazing as in many other 

alpine valleys, but forest cutting for mining activities (Mont Avic, 2018). The 

climate is Alpine, with annual average temperatures ranging from 1 to 3 °C and 

precipitations (800–1200 mm year-1) mainly concentrated in autumn and spring 

(Tiberti et al., 2019). The valleys belong to the ‘Mont Avic Ophiolitic Complex’, 

and the prevailing lithology is serpentine (D’Amico et al., 2008). Deciduous trees 

such as beech Fagus sylvatica L., chestnut Castanea sativa Mill., downy oak 

Quercus pubescens Willd. and birch Betula pendula Roth prevail below 1100 m 

a.s.l. and are sporadic over 1500 m a.s.l. Three coniferous forest species (Larix 

decidua Mill., Pinus sylvestris L. and Pinus mugo Turra subsp. uncinata) 
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dominate the landscape in the upper montane and subalpine zones (1100–2000 m 

a.s.l.).  

The study area (about 5500 ha and with an elevation gradient between 500 and 

2600 m a.s.l.) contains only the Chalamy watershed and some neighboring areas 

and lies on four different elevation zones: lowland (500–800 m a.s.l.), montane 

(801–1500 m a.s.l.), subalpine (1501–2200 m a.s.l.) and alpine (2201–2600 m 

a.s.l.) (Figure 3.1).  

 

FIGURE 3.1. Study area location on the Italian Alps and elevation zones. The black line indicates 

the elevation threshold based on dense forest treeline in 1965. 

Elevations above 2600 m a.s.l. were excluded from analyses because conditions 

are considered unfavorable for plant species; in this way, the analyses were 

limited to the vegetated areas, reducing the weight of unvegetated soil (Garbarino 

et al., 2020). For the analysis of trends and successions, three areas were chosen: 

(i) the full study area (5478 ha), (ii) the upper elevations (1230 ha) and (iii) lower 

elevations (4248 ha). The threshold between upper and lower areas was 

determined based on the maximum elevation of the dense forests in the oldest 

available aerial image (that is, 1965), corresponding to a medium elevation of 

2182 m a.s.l. 
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3.2.2 Image Analysis and Environmental Predictors  

Historical forest dynamics were evaluated by using land cover maps obtained 

from the classification of five aerial images spanning 52 years (Table S3.1 

Supplementary Materials). Historical aerial photographs were orthorectified and 

segmented. A supervised classification based on an initial set of polygons was 

then performed, and lastly a manual classification of residual unclassified 

polygons (Garbarino et al., 2020). Five land cover classes (LCCs) were 

considered: dense forest (FO), sparse forest (SF), grassland (GR), urban surface 

(UR) and unvegetated (UV). The land cover class ‘dense forest’ includes high (‡ 

80%) canopy cover stands; the ‘sparse forest’ class represents lower (< 80%) 

canopy cover stands and shrublands, which have a similar spectral signature and 

pixel texture and are therefore hard to separate in this landscape. The unvegetated 

class is a residual class that includes rocks, bare soil, gravel, sand and water. 

Urban surfaces were not considered in further analyses because our main goal 

was to explore natural forest dynamics, independent of the marginal expansion 

of human settlements in the lower part of the valley. Among the maps, overall 

accuracy (OA) ranged from 78% (1988) to 92% (2017) with a Cohen’s Kappa 

coefficient between 0.71 and 0.89, respectively (Table S3.1 Supplementary 

Materials). 

Several environmental predictors of land use change (Table 3.1) were produced 

such as topographic variables (elevation, aspect, slope, heat load index (HLI), 

topographic wetness index (TWI), topographic position index (TPI), terrain 

ruggedness index (TRI), roughness, curvature), anthropogenic variables (cost of 

movement, Euclidean distance to buildings and roads), the distance from 

preexisting forest and sparse forest edges and the likelihood of class transitions. 

The choice of predictors was based on a preliminary literature search and expert 

knowledge (for example, Rutherford et al., 2008; Dubovyk et al., 2011; Garbarino 

et al., 2020). A neighborhood size of 8 was used for all the GIS variables 

computed at the neighborhood level. We derived the accumulated cost of 

movement through Tobler’s hiking on-path function using slope and buildings 
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from Open Street Map as starting points. The cost was expressed as hours 

required for the movement. Almost all the predictors were produced in R 

environment: Cost of movement was implemented with the movecost package 

(Alberti, 2019), the heat load index was calculated with the spatialEco package 

(Evans, 2020), and the topographic wetness index was calculated according to 

Beven’s classical topmodel with the dynatopmodel package (Metcalfe et al., 

2018). The likelihood of transitions was calculated in the TerrSet environment 

(Eastman, 2016). 

TABLE 3.1. Environmental Predictors Used in the Study with the Unit, Description and Source 

Predictor Name Tipology Unit Description Source 

Elevation Topographic m Elevation 

above sine 

level 

DTM 

Aspect cosine Topographic -1 to +1 Easterness 

(aspect relative 

to west) 

DTM 

Aspect sine Topographic -1 to +1 Northerness 

(aspect relative 

to south) 

DTM 

Slope Topographic ° Proxy for 

diffuse solar 

radiation and 

growth 

limitations 

DTM 

Curvature Topographic - Rate of change 

of slope  

DTM 

Roughness Topographic m  The largest 

inter-cell 

difference of a 

central pixel 

and its 

surrounding 

cell 

DTM 

Heat Load 

Index 

Topographic 0 to 1 Incident 

radiation of 

sun according 

to the aspect; 

McCune and 

Grace 2002 

DTM 
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Topographic 

Wetness Index 

Topographic - Proxy for the 

moisture 

accumulation 

and 

availability 

DTM 

Topographic 

Position Index 

Topographic - Index of the 

position of a 

cell according 

to the 

neighbors 

DTM 

Terrain 

Ruggedness 

Index 

Topographic - Amount of 

elevation 

difference 

between 

adjacent cells 

of a DEM; 

Riley et al., 

1999 

DTM 

Euclidean 

distance from 

buildings 

Anthropogenic m Proxy for the 

accessibility of 

the site 

OSM 

Euclidean 

distance from 

roads 

Anthropogenic m Proxy for the 

accessibility of 

the site 

OSM 

Cost of 

movement 

Anthropogenic h Proxy for the 

accessibility of 

the site that 

considers 

buildings and 

orography 

according to 

the Tobler's 

hiking 

function 

OSM 

+ 

DTM 

Distance from 

pre-existing 

forests 

Ecological m Proxy for land 

abandonment 

dynamics and 

seed sources 

Land 

Cover 

Distance from 

pre-existing 

sparse forests 

Ecological m Proxy for land 

abandonment 

dynamics and 

seed sources 

Land 

Cover 

Likelihood of 

class transitions 

Ecological 0 to 1 Likelihood of 

class 

transitions 

Land 

Cover 
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according to 

past 

observations; 

computed in 

TerrSet 

 

3.2.3 Historical Landscape Pattern Analysis  

The historical patterns were evaluated looking at both quantity and allocation of 

changes. The quantification was assessed in the R environment by producing 10 

transition matrices regarding all the possible combinations between land cover 

maps. This procedure was conducted for the full landscape and the upper and 

lower parts of the landscape (Table S2 Supplementary Materials). The qualitative 

and spatial dynamics were assessed with landscape metrics, produced with the R 

package landscapemetrics (Hesselbarth et al., 2019). These two analyses allowed 

a more comprehensive insight into the nature of ecological successions. We 

considered four landscape metrics for the comparison between higher and lower 

elevations: edge density, patch density, contagion and Shannon’s evenness index. 

The Shannon’s evenness index was preferred over diversity indices because it 

does not include the richness, which is a meaningless variable in our landscape 

since the number of classes does not change over the years. 

3.2.4 Landscape Pattern Forecast  

Future changes were predicted for both short (that is, 2050) and long-term (that 

is, 2100) predictions using a GIS modeling approach in TerrSet environment 

within the panel ‘Land Change Modeler’ (LCM), conveniently implemented with 

other TerrSet tools. This framework joins two separate models: MC and multi-

layer perceptron (MLP) (Figure 3.2).  
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FIGURE 3.2. Conceptual workflow of the LCM model adopted at Mont Avic. A combination of 

MC (Markov chain) and MLP (multi-layer perceptron) models. 

First, a ‘transition probability matrix’ was produced through the use of MC model 

that expresses the likelihood of change from one state to another in a consecutive 

way, by providing two distinct land cover maps (Jokar Arsanjani et al., 2013). A 

MC is a system of elements that pass through one state to another over a discrete 

time space (Balzter 2000) consistent with the Markov property: 

 𝑃(𝑋𝑡+1 = 𝑖𝑠+1|𝑋𝑡 = 𝑖𝑠 , 𝑋𝑡−1 = 𝑖𝑠−1, . . . , 𝑋0 = 𝑖0)  =  𝑃(𝑋𝑡+1 = 𝑖𝑠+1|𝑋𝑡 = 𝑖𝑠) (3.1) 

For all times t = 1,2,3,... and for all states s = s0, s1, ..., st, s. Accordingly, Xt+1 

depends upon Xt, but it does not depend upon Xt-1, ..., X1, X0. The transition 
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probability matrix P reports the probability that each land cover type would be 

found after a certain number of time units for k states: 

 
𝑃 = (

𝑝11 . . . 𝑝1𝑘

. . . . . . . . .
𝑝𝑘1 . . . 𝑝𝑘𝑘

) 
(3.2) 

where pij are calculated according to Eq. (3.1). 

An assumption to the original MC formulation is the time homogeneity between 

observations. If time intervals are not equal, different estimation techniques are 

available (see Takada et al., 2010 for the implementation of yearly matrices). 

Second, a spatially explicit model was trained to produce a suitability map that 

describes the likelihood of change among the different cells. For this study, we 

applied a MLP model, one of the most common types of ANN (Sangermano et 

al., 2012) that consists of an input layer, one or more hidden layers and an output 

layer, where every neuron in each hidden layer is connected to other neighboring 

layers’ neurons (Ozturk, 2015). MLP is a non-parametric algorithm; thus, it 

allows multicollinearity and meaningless variables to be excluded. 

The model consists of a series of submodels that represents specific transitions. 

For this study, only the main dense forest dynamics, that is, the transitions from 

SF, GR and UV to FO, were considered when training MLP. Model 

parameterization is a crucial part of the process and requires adjusting especially 

the start learning rate and the hidden layer nodes in order to produce the highest 

accuracy (Eastman et al., 2005). The explanatory variables in the submodels can 

be both static and dynamic. Static variables do not change over time, while 

dynamic variables are recalculated during the prediction. In this study, we 

considered all the variables as static except for the distance from forest and sparse 

forest areas. It is common in landscape ecology studies (Mishra, 2016; Ozturk, 

2015) to consider distance from buildings and roads as dynamic variables, but 

since the area did not show great urbanization, these variables were counted as 

fixed. The MLP model also applies a Jackknife test to measure the relevance of 

each variable in driving the changes.  
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The joining of the two models (MLP-MC) allows for the change allocation 

prediction according to the amount of change (MC model) and the potential for 

change (MLP model). A common experimental approach is to predict future 

cover classes based on the oldest and newest land cover maps (for example, Al-

Shaar et al., 2021; Mirici, 2018). In this research, we compared this standard 

model (hereafter, SM; 1965 as a starting date for the calibration period) with an 

optimized model (OM) that considered the ability in predicting future land cover 

for the year 2017. To do this, all possible combinations between maps before 

2017 were tested to extract all the change detection matrices (Markov chain’s 

probability transition matrices and area matrices) of LU change (Table S3.3 

Supplementary Materials). Note the numbers in this table refer to probabilities of 

change according to MC, and consequent areas, while the numbers in Table S3.2 

Supplementary Materials are observed transitions in the past. By using the 

‘Markov’ tool of TerrSet, the probability transition matrices were calculated 

considering the classification accuracy as a measure of uncertainty called 

proportional error, which in this study was based on the mean of the OAs of the 

calibration periods. We then validated these MCs by comparing observed and 

predicted land cover values for 2017 using Pearson’s Chisquare test according to 

the Eq. (3.3): 

 
𝛸2 =  ∑

(𝑂𝑖 − 𝐸𝑖)
2

𝐸𝑖

𝑛

𝑖=1

 
(3.3) 

where n = 4 (FO, SF, GR and UV classes were considered); Oi is the observed 

value of land cover; Ei is the expected one obtained from the MC model. The 

initial state chosen for this OM was the one with the lowest Pearson’s Chi-square 

in respect of the 2017 prediction. 

We predicted the 2017 land cover map according to the SM and the OM with 

reference to 2006 to validate the results (Verburg et al., 2004). The process was 

conducted with the TerrSet tool ‘Validate’, which provides an assessment of the 

spatial prediction according to four components of the kappa index of agreement 
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(KIA): Kstandard, Kno, Klocation and Klocationstrata (Table S3.4 

Supplementary Materials). The combination of these four kappa indices allows 

the overall success rate to be assessed and to understand the strength factors of 

the prediction (that is, allocation and quantity). 

Once this MLP-MC validation had been performed, two BaU predictions were 

assessed for both the SM (1965–2017 calibration period) and OM (initial state 

selected according to Pearson’s ChiSquare results and final state as 2017), one 

for the short-term (2050) and one for the long-term timespan (2100). The two 

models were also averaged to evaluate mean trends. The transition potential 

matrices obtained with the MC were applied to all the LCCs (Table S3.3 

Supplementary Materials). The future allocation (MLP-MC model) considered 

only the major transition (all-to-FO) to obtain superior results (Ozturk, 2015) and 

to gather just future forest dynamics. Three class metrics (edge density, patch 

density, mean core area) based on FO class were performed to compare past and 

future dynamics. 

3.3 Results 

3.3.1 Historical Landscape Pattern 

Historical landscape dynamics were measured with quantitative and spatial 

metrics, according to transition matrices and landscape metrics. Figure 3.3 shows 

the evolution of the five LCCs area from 1965 to 2017 on the total landscape. The 

most important trend is the expansion of dense forest, from 1778 ha in 1965 to 

2978 ha in 2017, corresponding to an increase at a rate of + 1.3% year-1. The 

biggest loss was experienced by unvegetated areas, more than 36% of their 

surface and a decrease at a rate of –0.7% year-1 (from 1876 to 1194 ha). According 

to the Producer’s Accuracy, the most uncertain class is SF, while other classes 

are relatively accurate. 
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FIGURE 3.3. Historical land cover maps (1965, 1975, 1988, 2006, 2017) and area of each land 

cover class over time. Urban class was removed from the analysis. The error bars represent the 

Producer’s Accuracy of the different classes (Table S1 Supplementary Materials). 

Temporal (Figure 3.3) and spatial (Figure 3.4) LUC patterns at MA emerged as 

being not linear. FO increase between 1975 and 2006 was constant (+ 2.0% year-

1 in the period 1975–1988 and + 1.5% year-1 between 1988 and 2006), while it 

decreased in the last 11 years (+ 0.6% year-1). SF decreased between 1975 and 

2006, but showed an improvement in the last 11 years (2006–2017), with an 

increase rate of + 2.1% year-1. 
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FIGURE 3.4. Land cover classes area for the lower (a) and upper (b) elevations at MA from 1965 

to 2017. The error bar represents the Producer’s Accuracy of different classes (Table S1 

Supplementary Materials). 

At lower elevations, the decreasing trend of edge density, patch density and 

Shannon evenness and the increase of the contagion index suggest a 

simplification of spatial pattern due to the forest gain (Table 3.2). In the upper 

part of the landscape, the most relevant class over the period remains UV, thus 

facing a decrease at a rate of –0.4% year-1 in the 50 years (from 1082 ha in 1965 

to 891 ha in 2017). SF and GR increased over the period with a rate of + 7.8% 

year-1 and + 1.6% year-1, respectively (Figure 3.4b). Looking at the transition 

matrices (Table S3.2 Supplementary Materials), UV contributed to increasing 

especially the GR (168 ha exchanged between 1965 and 2017) and then SF (46 

ha). Landscape metrics (Table 3.2) indicate an opposite trend with respect to the 

lower elevations, corresponding to fragmentation and plant colonization of UV 

areas. Biggest changes—represented in Figure S3.4 and Table 3.2—were 

experienced in the last years, especially from 2006 to 2017; UV surface decreased 

at a rate of –1.1% year-1 in this period, more than nine time faster than the 

previous 40 years –0.14% year-1, Shannon evenness increase in this period (+ 

3.4% year-1) was more than ten times higher with respect to the previous period 

(+ 0.3% year-1). 
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TABLE 3.2. Landscape Metrics for Past Classes in the Upper (above 2182 m a.s.l.) and Lower 

(below 2182 m a.s.l.) Parts of the Landscape and Trend Over Time. 

 
LANDSCAPE METRICS 

 
Edge Density 

(m ha-1) 

Contagion 

(%) 

Patch Density 

(N 100ha-1) 

Shannon 

Evenness (-) 

Years Low High Low High Low High Low High 

1965 372.0 76.5 39.1 79.4 155.0 29.6 0.81 0.30 

1975 387.0 108.

0 

39.5 75.8 146.0 41.5 0.80 0.33 

1988 365.0 96.1 43.6 76.1 130.0 29.9 0.74 0.34 

2006 285.0 165.

0 

51.8 73.6 131.0 72.9 0.64 0.35 

2017 197.0 189.

0 

59.2 65.5 82.4 63.3 0.57 0.48 

TREND ↘ ↗ ↗ ↘ ↘ ↗ ↘ ↗ 

 

3.3.2 Model Outcomes 

The Pearson’s Chi-square analyses show that the highest predictive power for 

2017 projection was the one obtained from the 1975–2006 period, with a value 

of 40.1. Thus, we selected 1975 as the initial state for the OM. The mean accuracy 

of MLP models was about 60% (Table S3.4 Supplementary Materials). All the 

kappa values for the 2017 validation (1965–2006 and 1975–2006 calibration 

periods) are greater than 0.80, reaching 0.88 peaks for Klocation and 

Klocationstrata in the SM (Table S3.4 Supplementary Materials). Predictions can 

thus be considered strong, and both the optimized and standard MLP-MC models 

can be applied to predict future dynamics.  
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Figure 3.5 shows the relative importance of the most relevant driving variables 

common to all the MLP models (distance from FO, the likelihood of class 

transitions, the cost of movement and the TWI) according to the Jackknife test of 

MLP models. These four driving factors contribute to more than 99.8% of the 

total accuracy. There are little differences between the models regarding the 

driving variables explanatory power, and the relevance order is the same. 

 

FIGURE 3.5. Drivers’ relevance corresponding to the amount of accuracy gained by including the 

variable in the model according to backward stepwise constant forcing based on the mean of 

standard (1965–2006 and 1965–2017) and optimized (1975–2006 and 1975–2017) models. The 

error bars represent the standard deviation. 

3.3.3 Landscape Pattern Forecast  

Predicted forest gain is higher for the OM (19752017 calibration period) than the 

SM (1965–2017) (Figure 3.6). Initial FO expansion (2017–2050) shows an 

increase at a rate of + 0.29% y-1 and + 0.16% y-1, respectively, for the OM (3258 

ha in 2050) and SM (3139 ha). Between 2050 and 2100, the OM’s trend remains 

quite constant (+ 0.33% y-1, 3802 ha), while it increases for the SM (+ 0.33% y-

1, 3674 ha). SF class shows an initial growth until 2050 for the two models, then 
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a decrease related to FO transitions, confirmed by the mirrored behavior of FO 

and SF transitions and by the potential matrices (Table S3.3 Supplementary 

Materials), which reflects a great inclination of SF classes toward FO. UV, the 

second biggest class in 2017, will be outclassed by SF before 2050. GR cover 

was predicted as decreasing in a similar way according to the two models: about 

–0.30% y-1 for the period 2017–2050, about –0.55% y-1 for the period 2050–2100.  

 

FIGURE 3.6. Observed and predicted land cover with Markov chain model based on standard 

model (1965–2017 calibration period) and optimized model (1975–2017 calibration period). The 

geometric line represents the mean between the two models; the geometric ribbon represents the 

range described by the two models. 

Dense forest gain was forecast toward upper elevations, especially in the long-

term prediction (Figure 3.7). Class metrics relative to the dense forest stands 

reflect different future forest dynamics at lower and upper elevations (Table 3.3). 

Below the timberline, edge density and patch density were predicted to decrease 

between 1965 and 2100 (–50% and –80%, respectively), while mean core area 

was forecast to increase tenfold over the years. Edge density and patch density 
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showed a divergent trend in the upper part of the landscape, while mean core area 

showed an increase where in 1965 there were no dense forests. 

 

FIGURE 3.7. Land cover predictions for future scenarios (2050, 2100) based on the standard model 

(calibration period 19652017) and on the optimized model (calibration period 1975–2017). 



99 

 

 

TABLE 3.3. Metrics for the Class Dense Forest (FO) for Past and Future. 

 
FOREST METRICS 

Years Edge Density (m ha-1) Patch Density (N 100ha-1) Mean Core Area (ha) 

Low High Low High Low High 

Mean Opt Std Mean Opt Std Mean Opt Std Mean Opt Std Mean Opt Std Mean Opt Std 

1965 212.0 - - 0.02 - - 20.30 - - 0.08 - - 1.42 - - 0.00 - - 

1975 201.0 - - 0.27 - - 17.80 - - 0.33 - - 1.65 - - 0.00 - - 

1988 237.0 - - 0.02 - - 11.60 - - 0.08 - - 3.27 - - 0.00 - - 

2006 182.0 - - 0.41 - - 6.10 - - 0.24 - - 8.81 - - 0.02 - - 

2017 136.0 - - 1.54 - - 7.20 - - 1.13 - - 8.49 - - 0.05 - - 
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2050 123.0 127.

0 

119.0 24.90 32.70 17.10 6.10 6.3

9 

5.8

0 

6.88 9.4

6 

4.2

9 

9.17 8.71 9.62 0.38 0.1

8 

0.5

8 

2100 108.5 101.

0 

116.0 34.25 38.60 29.90 4.00 3.1

5 

4.8

4 

5.30 5.8

4 

4.7

5 

15.85 19.60 12.10 1.65 1.2

5 

2.0

4 

TREND ↘ ↗ ↘ ↗ ↗ ↗ 
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3.4 Discussion 

3.4.1 Historical Landscape Pattern  

Forest gain following land abandonment is a common dynamic in temperate 

mountain areas (Kamada & Nakagoshi, 1997; Gautam et al., 2004; Benayas et 

al., 2007). Considering dense (FO) and sparse (SF) forest classes together, we 

observed an overall increase at a rate of + 0.56% year-1 (1965–2017 period) that 

is similar to the mean value recently observed by Garbarino et al., (2020) for other 

landscapes of the Alps and Apennines (+ 0.60% year-1) and to the reforestation 

rate of temperate areas reported by Sitzia et al. (2010) of 0.59 ± 0.30% year-1. The 

FO class alone shows a higher past overall increase (+ 1.30% year-1). The length 

of time since abandonment affects forest density; thus, the value we observed 

highlights an important role of land abandonment (Tasser et al., 2007; Orlandi et 

al., 2016). 

We observed a divergent pattern of change between lower and upper elevation in 

our study area. Landscape metrics and transition matrices display an increase of 

homogeneity at lower elevations due to the expansion of dense forests led 

especially by gap-filling processes to the detriment of sparse forests (SF) and 

grasslands (GR) (Tables 3.2, S3.2 Supplementary Materials). The increase of 

dense forests started in 1975, while between 1965 and 1975 their amount 

remained quite stable, and the SF class increased from 1164 to 1353 ha (Figure 

3.3). Looking at the transition matrices, these starting dynamics seem to be linked 

to a mutual exchange of surface between the two land classes (SF/FO). The 

observed pattern may be explained by the slowness of initial forestation processes 

and the occurrence of the final stage of forest use and rural economy. However, 

the limited SF class accuracy could have led to an overestimation of the transition 

from SF to FO and vice versa. The forest gain appears to recede in the last years 

(1990–2020) maybe due to a saturation of available open areas. The faster decline 

of edge density and patch density at lower elevations between 2006 and 2017 is 
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associated to the intensification of canopy cover closure. This process is probably 

favored by longer vegetation periods with warmer spring temperatures and by 

land use legacies (Richardson et al., 2013; Filippa et al., 2019). In contrast, the 

upper elevations appear to be more fragmented, as demonstrated by the increase 

of Shannon’s evenness and edge density, and a decrease of contagion index. This 

was due to the encroachment of unvegetated soil by grasslands, and woody 

vegetation (88% of the total upper area was occupied by unvegetated soil in 1965, 

71% in 2017), where the role of land use is expected to be lower (Figure 3.4b). 

The general timberline upward shift in MA study area for FO categories was 

measured as + 2.3 m year-1 (maximum dense forest elevation of 2182 m a.s.l. in 

1965, 2302 m a.s.l. in 2017). These results are comparable to the treeline 

migration (+ 2.0–3.0 m year-1) described in many European mountain areas 

(Walther et al., 2005; Lenoir et al., 2008; Ameztegui et al., 2016; Leonelli et al., 

2016). Treelines in the Canadian Rocky Mountains showed a similar behavior 

(that is, treeline advance and tree density increase), but the upward shift rate was 

lower (Trant et al., 2020). The transition from unvegetated to vegetated classes 

(primary succession) increased in magnitude in the last decade (+ 15.9 ha year-1), 

compared to the previous period (+ 2.7 ha year-1). The acceleration of primary 

succession processes at MA may reflect the leading role of the CC, which is 

probably equaling the relevance of LUC and is expected to become the dominant 

driver of change, especially at upper elevations (Gehrig-Fasel et al., 2007; Filippa 

et al., 2019). A particular case of transition in the upper part is the expansion of 

sparse forests and shrubs, which highlights a fast woody intrusion in the subalpine 

and alpine zone. The SF class increase is due to the transition from unvegetated 

soil (46 ha), which can be considered a primary succession, and from grassland 

(37 ha), a secondary succession (Table S3.2 Supplementary Materials). Mountain 

areas with past heavy exploitation followed by abandonment typically show a 

similar pattern, with gap-filling processes at lower elevations (Malandra et al., 

2019), and an upward shift of treeline and woody encroachment at upper 

elevations (Harsch et al., 2009; Malfasi & Cannone, 2020). 
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Historical land use legacies on forest structure and landscape patterns is a well-

known process (Garbarino & Weisberg, 2020). New forests that developed in the 

last 50 years through encroachment on grasslands and meadows show a higher 

proportion of larch among seedlings, young, and dominant trees layers, whereas 

mountain pines dominate forest patches developed on unvegetated areas (primary 

succession). 

3.4.2 Landscape Pattern Forecast 

Our land cover change models predict a future change that is consistent with the 

historical one. Gap-filling dynamics will be dominant at lower elevations and a 

fragmentation will continue in the upper part of the catchment (Table 3.3). 

However, the overall forest gain and the expansion of FO class alone are 

predicted to slow down in the future (2017–2100) according to the two models at 

a mean rate of + 0.31% year-1 (Figure 3.6). These predictions are considered 

realistic because of a reduction of space availability for forest gain at lower 

elevations and the slow processes at the timberline ecotone. Moreover, future 

predictions tend to allocate forest gain at upper elevations more than to the 

detriment of grasslands located in the lower portion; this may be explained by the 

present utilization of these meadows that do not persuade the MLP-MC model to 

forecast future forest gap-filling in these areas (Figure 3.7). A decrease in forest 

edge and patch densities is predicted by our models. Mean core area, instead, 

shows different behaviors, with a regular increasing trend for the standard model 

and a higher increase for the optimized model that suggests strong future gap-

filling dynamics causing a further saturation of available open habitats. 

At upper elevations, the density of forest patches is predicted to follow two 

different future patterns: a linear expansion of trees (standard model) and a rapid 

expansion of small patches followed by a decrease in the number of patches 

(optimized model), maybe due to a closure of the patches. Since the two models 

differed only for the starting period, the amount of dense forests of 1965 and 1975 

influences the future forest gain prediction. 



104 

 

According to long-term future predictions, sparse forests will be replaced by 

dense ones in our study area (Figure 3.7, Table S3.3 Supplementary Materials). 

However, it is important to consider that the prevailing serpentine lithology of 

the catchment limits soil fertility and subsequently slows down the growth and 

establishment of trees (Kim & Shim, 2008). Nevertheless, the increase in extreme 

drought frequency due to CC may counteract the expensive dynamics of forest, 

leading to different and complex treeline dynamics, ignored by models like MLP-

MC (Allen et al., 2010). Other extreme events, such as wildfires, heavy rains with 

potential of landslides, insect disturbances and their interaction, are expected to 

increase in frequency and intensity according to climate and LU changes and may 

dampen future predictions reliability (Barros et al., 2017; Seidl et al., 2017). 

3.4.3 Models Discussion: MC, MLP-MC and Driving Factors 

LUC historical patterns show a nonlinear trend in our study area, so we adopted 

a non–linear modeling approach to make predictions. Assessment of future 

dynamics based on past land use data proved to be a useful tool not only for 

predicting future trends, but also for amplifying and better understanding past 

dynamics, especially with a fine temporal resolution. Still, forest landscape 

ecological forecasting studies often lack a common design and rely on a few maps 

or low time frequency. Our methodological approach based on the selection of 

the initial stage with the Pearson’s Chi-square highlights that land use dynamics 

between 1965 and 1975 were different from the recent ones. Furthermore, by 

looking at general trends it is possible to notice that the slope of transition remains 

constant from 1975 to 2006 for almost all LCCs. This means that the OM focuses 

on the most relevant degree of change. 

The distance from preexisting forest edges is the most important driver for the 

forest cover change (Figure 3.5). The proximity to closed canopy affects seed 

recruitment and creates favorable microsites for forest gain in different forest 

ecosystems (for example, Günter et al., 2007; Garbarino et al., 2020). 
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The second driving variable according to its relevance is the evidence likelihood, 

which represents the future transition probability based on past observations. 

Another important driver appears to be the cost of movement according to the 

Tobler hiking function that joins anthropogenic and topographic aspects to 

determine the accessibility of land for human activities and is thus a proxy for 

site remoteness that is strictly related to historical human legacies such as 

harvesting and pasturing. 

Prediction of forest landscape changes through historical aerial images and 

environmental driving variables can be important to satisfy the increasing request 

of future LUC scenarios to guide decision making (Guan et al., 2008; Tattoni et 

al., 2011; Stürck & Verburg, 2017). With this study, park managers can 

understand future trajectories of forests under BaU scenarios. Our predictions 

confirm the hypothesis under which climate change and land abandonment 

promote gap-filling dynamics at lower elevations and woody encroachment at 

upper elevations, leading to an overall loss of open habitats (Barros et al., 2017). 

This may cause different cascading effects such as loss of biodiversity, increased 

risk of fire ignition and propagation due to landscape uniformity and fuel buildup, 

and the loss of cultural landscapes and management techniques (Lasanta et al., 

2017; Mantero et al., 2020). In European mountains, the loss of a-diversity caused 

by the decline of open habitats is mostly related to least concern species with low 

vagility, while the past forest gain led to an enrichment in forest specialist birds 

and mammals (Guliherme & Pereira, 2013; Martínez-Abraín et al., 2020). 

3.5 Conclusions 

Our data provide evidence of divergent land use change dynamics between lower 

and upper elevations in a subalpine watershed of the Alps over the last 50 years. 

Secondary succession gap-filling processes dominate at lower elevations, 

whereas primary successions and treeline advancement are stronger at upper 

elevations and have accelerated in recent years. Climate and land use change 

effects are difficult to disentangle, but our predictions suggest that the influence 
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of climate will be stronger than land use legacies on future upper elevation forest 

dynamics. Our results are in line with other studies in mountain watersheds and 

represent a possibility of a BaU forecasting approach in alpine ecosystems. One 

caveat to this approach is the assumption that socioeconomic conditions will 

endure in the future. It is important to remark that different land use scenarios 

might arise unpredictably because of changes in agricultural and forestry policies 

(for example, the European Union’s Common Agricultural Policy, CAP). In some 

mountain regions, recent pastoral promotion is leading to an increase in domestic 

density and traditional land uses (Lasanta et al., 2016). 

However, it is rather difficult that an abrupt change in socioeconomic patterns 

will occur in a remote and marginal area such as MA, where the soil conditions 

have always been a limitation for pastoral practices as a consequence of the toxic 

and unfertile serpentine lithology (D’Amico et al., 2008). Long fine-resolution 

time series allowed a good evaluation of past dynamics on a subalpine watershed 

and led to the evidence of the role of climate change at upper elevations. We 

believe that this approach should be applied to reconstruct time series of land use 

change over a wide range of mountain forest ecosystems. As shown in this study, 

a higher number of LC maps over the years can be crucial to assess the role of 

climate change and land abandonment in alpine landscapes and to predict future 

dynamics. Moreover, the application of a nonlinear model along with different 

LC maps allowed a thorough model calibration, avoiding the traditional approach 

in which the adopted calibration period is given by the oldest and newest land 

cover classification. The relatively low agro-pastoral activity at Mont Avic and 

the high classification accuracy of the unvegetated class are important to 

emphasize the role of climate-driven primary successions. The main limitation of 

our work is the low accuracy of the SF class, which includes both rare woody 

areas and shrubs, which can lead to some mistakes in the accuracy assessment 

and future projection. Climate change is expected to be the most relevant process 

in the near future, overcoming LUC in alpine forests and our results suggest that 

it is likely that forest gain at upper elevations will increase in the future, with 
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consequences on habitat composition, biodiversity, natural disturbance regime 

and forest management. 
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Supplementary Materials 

TABLE S3.1. Description (source and color) and accuracy of the five aerial images used to produce 

land cover maps. 

1965 

Image Description Rossi S.r.l B/W 

Class PA% UA% 

FO 90 82 

SF 50 86 

GR 83 75 

UR 100 100 

UV 96 80 

OA% 81 

K 0.75 
     

1975 

Image Description GCR S.p.a. Color 

Class PA% UA% 

FO 94 86 

SF 56 91 

GR 100 82 

UR 43 100 

UV 96 83 

OA% 85 

K 0.80 
     

1988 

Image Description GCR S.p.a. B/W 

Class PA% UA% 

FO 91 81 

SF 57 72 

GR 71 88 

UR 100 80 

UV 85 71 

OA% 78 

K 0.71 
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2006 

Image Description AGEA Color 

Class PA% UA% 

FO 100 94 

SF 56 90 

GR 93 88 

UR 100 100 

UV 90 82 

OA% 90 

K 0.86 
     

2017 

Image Description GeoEye-1 Color 

Class PA% UA% 

FO 95 93 

SF 79 83 

GR 94 94 

UR 100 100 

UV 95 95 

OA% 92 

K 0.89 
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TABLE S3.2. Transition Matrices regarding all the possible combinations between land cover maps for the overall landscape and the lower and upper elevations. 

 

OVERALL LANDSCAPE 

TRANSITIONS FROM 1965  TRANSITIONS FROM 1975 
                 

 
 1975          

  FO SF GR UR UV tot          

1965 

FO 1412.45 293.68 27.19 2.70 41.73 1777.75          
SF 258.97 729.46 79.68 1.57 94.34 1164.02          

GR 47.23 119.76 437.35 1.41 51.88 657.63          
UR 0.40 0.41 0.73 2.32 0.33 4.19          
UV 55.84 209.75 78.05 1.05 1529.92 1874.61          
tot 1774.89 1353.06 623.00 9.05 1718.20 5478.20          

                 
 

 1988  
 

 1988 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 

FO 1521.53 204.26 13.37 6.11 32.4 1777.67  

1975 

FO 1570.68 165.27 11.29 3.64 23.96 1774.84 
SF 513.95 523.65 42.43 2.63 80.12 1162.78  SF 544.30 642.66 48.18 3.06 113.51 1351.71 

GR 103.98 148.97 347 4.14 53.15 657.24  GR 72.26 132.17 359.56 3.77 54.92 622.68 
UR 0.61 0.53 0.82 2.04 0.19 4.19  UR 1.38 1.40 1.13 4.37 0.77 9.05 
UV 96.44 203.76 75.65 1.38 1497.17 1874.40  UV 47.97 139.80 59.11 1.46 1469.88 1718.22 
tot 2236.51 1081.17 479.27 16.30 1663.03 5476.28  tot 2236.59 1081.30 479.27 16.30 1663.04 5476.50 
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2006 2006 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 

FO 1625.28 90.00 11.30 11.95 39.22 1777.75  

1975 

FO 1634.65 85.99 11.62 8.85 33.80 1774.91 
SF 785.98 265.24 29.98 4.36 78.46 1164.02  SF 869.83 322.86 39.68 6.68 114.11 1353.16 

GR 193.33 121.92 255.38 15.18 71.82 657.63  GR 161.39 113.41 255.61 13.92 78.74 623.07 
UR 0.88 0.10 0.15 3.04 0.02 4.19  UR 2.66 0.35 0.12 5.40 0.52 9.05 
UV 198.10 187.79 138.08 3.88 1346.76 1874.61  UV 135.26 142.43 127.86 3.56 1309.11 1718.22 
tot 2803.57 665.05 434.89 38.41 1536.28 5478.20  tot 2803.79 665.04 434.89 38.41 1536.28 5478.41 

                 
 

 2017  
 

 2017 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 

FO 1668.41 82.64 7.94 8.31 10.45 1777.75  

1975 

FO 1687.11 66.06 7.24 5.4 9.1 1774.91 
SF 854.32 267.63 17.93 2.99 21.15 1164.02  SF 946.82 341.77 24.43 4.34 35.81 1353.17 

GR 226.12 178.01 209.64 12.10 31.76 657.63  GR 191.3 173.29 214.42 11.78 32.28 623.07 
UR 0.99 0.08 0.21 2.86 0.05 4.19  UR 3.33 0.68 0.36 4.45 0.23 9.05 
UV 226.91 296.31 218.35 2.07 1130.97 1874.61  UV 148.38 242.9 207.62 2.36 1116.96 1718.22 
tot 2976.75 824.67 454.07 28.33 1194.38 5478.20  tot 2976.94 824.70 454.07 28.33 1194.38 5478.42 

                 
TRANSITIONS FROM 1988  TRANSITIONS FROM 2006 

  2006          

  FO SF GR UR UV tot          

1988 

FO 2046.50 115.13 19.29 10.52 45.15 2236.59          
SF 587.78 335.22 42.86 6.17 109.26 1081.29          

GR 65.82 83.03 244.08 12.00 74.34 479.27          
UR 6.13 0.57 1.42 7.43 0.75 16.30          
UV 96.32 130.63 127.17 2.24 1306.68 1663.04          
tot 2802.55 664.58 434.82 38.36 1536.18 5476.49          
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  2017    2017 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1988 

FO 2108.20 99.73 11.33 6.84 10.49 2236.59  

2006 

FO 2574.35 185.44 16.11 5.23 22.66 2803.79 
SF 666.42 349.28 27.17 3.59 34.84 1081.30  SF 257.76 346.71 24.08 0.59 35.90 665.04 

GR 86.25 141.79 209.51 9.59 32.13 479.27  GR 40.38 103.75 229.52 4.78 56.46 434.89 
UR 6.57 1.11 1.47 6.96 0.19 16.30  UR 11.22 3.48 5.91 17.30 0.50 38.41 
UV 107.85 232.58 204.58 1.30 1116.73 1663.04  UV 93.23 185.31 178.45 0.43 1078.86 1536.28 
tot 2975.29 824.49 454.06 28.28 1194.38 5476.50  tot 2976.94 824.69 454.07 28.33 1194.38 5478.41 

                 
LOWER ELEVATIONS 

TRANSITIONS FROM 1965  TRANSITIONS FROM 1975 
                 

 
 1975          

  FO SF GR UR UV tot          

1965 

FO 1412.45 293.67 27.19 2.70 41.73 1777.74          
SF 258.95 716.42 76.31 1.57 91.40 1144.65          

GR 47.23 111.11 344.52 1.41 24.27 528.54          
UR 0.40 0.41 0.73 2.32 0.33 4.19          
UV 55.73 196.04 45.53 1.05 494.37 792.72          
tot 1774.76 1317.65 494.28 9.05 652.10 4247.84          

                 
 

 1988  
 

 1988 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 
FO 1521.53 204.26 13.36 6.11 32.40 1777.66  

1975 
FO 1570.68 165.24 11.29 3.64 23.86 1774.71 

SF 513.95 510.63 38.75 2.63 77.45 1143.41  SF 544.30 619.08 44.12 3.06 105.74 1316.30 
GR 103.97 135.85 258.67 4.14 25.52 528.15  GR 72.25 124.62 263.82 3.77 29.50 493.96 
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UR 0.61 0.53 0.82 2.04 0.19 4.19  UR 1.38 1.40 1.13 4.37 0.77 9.05 
UV 96.44 190.65 40.10 1.38 463.94 792.51  UV 47.97 131.71 31.34 1.46 439.64 652.12 
tot 2236.50 1041.92 351.70 16.30 599.50 4245.92  tot 2236.58 1042.05 351.70 16.30 599.51 4246.14 

                 
 

 2006  
 

 2006 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 

FO 1625.28 89.99 11.30 11.95 39.22 1777.74  

1975 

FO 1634.65 85.98 11.62 8.85 33.68 1774.78 
SF 785.98 253.56 26.45 4.23 74.42 1144.64  SF 869.64 304.67 34.38 6.58 102.48 1317.75 

GR 193.33 103.86 187.39 15.05 28.91 528.54  GR 161.39 98.63 185.44 13.73 35.16 494.35 
UR 0.88 0.10 0.15 3.04 0.02 4.19  UR 2.66 0.35 0.12 5.40 0.52 9.05 
UV 197.73 166.46 49.80 3.81 374.92 792.72  UV 135.08 124.34 43.53 3.52 345.65 652.12 
tot 2803.20 613.97 275.09 38.08 517.49 4247.83  tot 2803.42 613.97 275.09 38.08 517.49 4248.05 

                 
 

 2017  
 

 2017 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 

FO 1668.41 82.63 7.94 8.31 10.45 1777.74  

1975 

FO 1687.11 65.96 7.24 5.40 9.07 1774.78 
SF 854.28 252.12 15.29 2.98 19.98 1144.65  SF 946.41 317.09 19.25 4.34 30.67 1317.76 

GR 224.95 141.14 140.64 11.97 9.84 528.54  GR 190.12 140.16 140.58 11.62 11.87 494.35 
UR 0.99 0.08 0.21 2.86 0.05 4.19  UR 3.33 0.68 0.36 4.45 0.23 9.05 
UV 226.25 250.48 50.53 2.02 263.44 792.72  UV 148.10 202.59 47.18 2.33 251.92 652.12 
tot 2974.88 726.45 214.61 28.14 303.76 4247.84  tot 2975.07 726.48 214.61 28.14 303.76 4248.06 
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TRANSITIONS FROM 1988 TRANSITIONS FROM 2006 
                 

  2006          

  FO SF GR UR UV tot          

1988 

FO 2046.50 115.12 19.29 10.52 45.15 2236.58          
SF 587.51 314.70 35.90 6.02 97.91 1042.04          

GR 65.82 68.68 175.88 11.82 29.50 351.70          
UR 6.13 0.57 1.42 7.43 0.75 16.30          
UV 96.22 114.44 42.53 2.24 344.08 599.51          
tot 2802.18 613.51 275.02 38.03 517.39 4246.13          

  2017    2017 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1988 

FO 2108.20 99.72 11.33 6.84 10.49 2236.58  

2006 

FO 2574.09 185.36 16.10 5.23 22.64 2803.42 
SF 665.51 320.31 21.89 3.59 30.75 1042.05  SF 257.40 307.40 17.81 0.59 30.77 613.97 

GR 85.51 110.02 135.57 9.40 11.20 351.70  GR 39.31 77.27 138.13 4.66 15.72 275.09 
UR 6.57 1.11 1.47 6.96 0.19 16.30  UR 11.22 3.34 5.79 17.23 0.50 38.08 
UV 107.63 195.11 44.34 1.30 251.13 599.51  UV 93.05 153.10 36.78 0.43 234.13 517.49 
tot 2973.42 726.27 214.60 28.09 303.76 4246.14  tot 2975.07 726.47 214.61 28.14 303.76 4248.05 

                 
                 

UPPER ELEVATIONS 

TRANSITIONS FROM 1965  TRANSITIONS FROM 1975 
                 

 
 1975          

  FO SF GR UR UV tot          

1965 
FO 0.00 0.01 0.00 0.00 0.00 0.01          
SF 0.02 13.04 3.37 0.00 2.94 19.37          
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GR 0.00 8.65 92.83 0.00 27.61 129.09          
UR 0.00 0.00 0.00 0.00 0.00 0.00          
UV 0.11 13.71 32.52 0.00 1035.52 1081.86          
tot 0.13 35.41 128.72 0.00 1066.07 1230.33          

                 
 

 1988  
 

 1988 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 

FO 0.00 0.00 0.01 0.00 0.00 0.01  

1975 

FO 0.00 0.03 0.00 0.00 0.10 0.13 
SF 0.00 13.02 3.68 0.00 2.67 19.37  SF 0.00 23.58 4.06 0.00 7.77 35.41 

GR 0.01 13.12 88.33 0.00 27.63 129.09  GR 0.01 7.55 95.74 0.00 25.42 128.72 
UR 0.00 0.00 0.00 0.00 0.00 0.00  UR 0.00 0.00 0.00 0.00 0.00 0.00 
UV 0.00 13.11 35.55 0.00 1033.20 1081.86  UV 0.00 8.09 27.77 0.00 1030.21 1066.07 
tot 0.01 39.25 127.57 0.00 1063.50 1230.33  tot 0.01 39.25 127.57 0.00 1063.50 1230.33 

                 
 

 2006  
 

 2006 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 

FO 0.00 0.01 0.00 0.00 0.00 0.01  

1975 

FO 0.00 0.01 0.00 0.00 0.12 0.13 
SF 0.00 11.67 3.53 0.13 4.04 19.37  SF 0.19 18.19 5.30 0.10 11.63 35.41 

GR 0.00 18.06 67.99 0.13 42.91 129.09  GR 0.00 14.78 70.17 0.19 43.58 128.72 
UR 0.00 0.00 0.00 0.00 0.00 0.00  UR 0.00 0.00 0.00 0.00 0.00 0.00 
UV 0.37 21.33 88.28 0.07 971.81 1081.86  UV 0.18 18.09 84.33 0.04 963.43 1066.07 
tot 0.37 51.07 159.80 0.33 1018.76 1230.33  tot 0.37 51.07 159.80 0.33 1018.76 1230.33 
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2017 2017 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1965 

FO 0.00 0.01 0.00 0.00 0.00 0.01  

1975 

FO 0.00 0.10 0.00 0.00 0.03 0.13 
SF 0.04 15.51 2.64 0.01 1.17 19.37  SF 0.41 24.68 5.18 0.00 5.14 35.41 

GR 1.17 36.87 69.00 0.13 21.92 129.09  GR 1.18 33.13 73.84 0.16 20.41 128.72 
UR 0.00 0.00 0.00 0.00 0.00 0.00  UR 0.00 0.00 0.00 0.00 0.00 0.00 
UV 0.66 45.82 167.82 0.05 867.51 1081.86  UV 0.28 40.30 160.44 0.03 865.02 1066.07 
tot 1.87 98.21 239.46 0.19 890.60 1230.33  tot 1.87 98.21 239.46 0.19 890.60 1230.33 

                 
TRANSITIONS FROM 1988  TRANSITIONS FROM 2006 

  2006          

  FO SF GR UR UV tot          

1988 

FO 0.00 0.01 0.00 0.00 0.00 0.01          
SF 0.27 20.52 6.96 0.15 11.35 39.25          

GR 0.00 14.35 68.20 0.18 44.84 127.57          
UR 0.00 0.00 0.00 0.00 0.00 0.00          
UV 0.10 16.19 84.68 0.00 962.57 1063.54          
tot 0.37 51.07 159.84 0.33 1018.76 1230.37          

  2017    2017 

  FO SF GR UR UV tot    FO SF GR UR UV tot 

1988 

FO 0.00 0.01 0.00 0.00 0.00 0.01  

2006 

FO 0.26 0.08 0.01 0.00 0.02 0.37 
SF 0.91 28.97 5.28 0.00 4.09 39.25  SF 0.36 39.31 6.27 0.00 5.13 51.07 

GR 0.74 31.77 73.94 0.19 20.93 127.57  GR 1.07 26.48 91.39 0.12 40.74 159.80 
UR 0.00 0.00 0.00 0.00 0.00 0.00  UR 0.00 0.14 0.12 0.07 0.00 0.33 
UV 0.22 37.46 160.24 0.00 865.58 1063.50  UV 0.18 32.20 141.67 0.00 844.71 1018.76 
tot 1.87 98.21 239.46 0.19 890.60 1230.33  tot 1.87 98.21 239.46 0.19 890.60 1230.33 
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TABLE S3.3. Markov Chain’s transition matrices for the validation period and the future prediction. Probability matrices, area matrices and proportional errors 

used for the 2017 LC map validation are provided too. 

2017 MODELIZATION 
TRANSITIONS FROM 1965 (PROBABILITIES)  TRANSITIONS FROM 1975 (PROBABILITIES)  TRANSITIONS FROM 1988 (PROBABILITIES) 

                        2017                 
  FO SF GR UV tot                 

1965-1975 

FO 0.45 0.34 0.08 0.13 1.00                 
SF 0.42 0.27 0.12 0.19 1.00                 

GR 0.28 0.31 0.20 0.21 1.00                 
UV 0.20 0.27 0.12 0.41 1.00                 
tot 1.36 1.19 0.51 0.94 4.00                 

prop error = 0.16                       
 2017   2017           FO SF GR UV tot    FO SF GR UV tot         

1965-1988 

FO 0.66 0.27 0.02 0.05 1.00  

1975-1988 

FO 0.68 0.23 0.02 0.06 1.00         
SF 0.59 0.27 0.05 0.09 1.00  SF 0.62 0.20 0.05 0.14 1.00         

GR 0.24 0.30 0.34 0.12 1.00  GR 0.31 0.26 0.25 0.17 1.00         
UV 0.11 0.21 0.08 0.60 1.00  UV 0.14 0.18 0.08 0.60 1.00         
tot 1.60 1.06 0.48 0.86 4.00  tot 1.75 0.87 0.40 0.97 4.00         

prop error = 0.2        prop error = 0.17                2017  
 2017  

 2017 

1965-2006 

 FO SF GR UV tot  

1975-2006 

 FO SF GR UV tot  

1988-2006 

 FO SF GR UV tot 

FO 0.82 0.15 0.01 0.02 1.00  FO 0.84 0.13 0.01 0.02 1.00  FO 0.79 0.15 0.02 0.04 1.00 

SF 0.58 0.34 0.03 0.06 1.00  SF 0.56 0.34 0.03 0.07 1.00  SF 0.52 0.35 0.04 0.10 1.00 

GR 0.07 0.29 0.56 0.09 1.00  GR 0.08 0.26 0.56 0.10 1.00  GR 0.08 0.23 0.54 0.15 1.00 

UV 0.00 0.14 0.09 0.77 1.00  UV 0.00 0.12 0.10 0.78 1.00  UV 0.04 0.12 0.12 0.72 1.00 

tot 1.47 0.91 0.69 0.93 4.00  tot 1.48 0.85 0.70 0.97 4.00  tot 1.43 0.85 0.71 1.01 4.00 

prop error = 0.14        prop error = 0.12        prop error = 0.16                                                     
TRANSITIONS FROM 1965 (AREA)  TRANSITIONS FROM 1975 (AREA)  TRANSITIONS FROM 1988 (AREA) 

                        2017                 
  FO SF GR UV tot                 

1965-1975 

FO 796.40 605.07 142.53 230.92 1774.91                 
SF 568.88 369.33 156.39 258.26 1352.86                 

GR 177.01 192.72 124.51 129.19 623.42                 
UV 348.89 466.22 198.41 704.31 1717.82                 
tot 1891.18 1633.33 621.83 1322.67 5469.01                 

 
                       

 2017   2017         
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  FO SF GR UV tot    FO SF GR UV tot         

1965-1988 

FO 1481.50 609.37 43.38 101.97 2236.22  

1975-1988 

FO 1525.10 518.80 55.68 136.41 2236.00         
SF 635.66 294.74 50.93 99.80 1081.12  SF 668.20 216.46 50.49 145.97 1081.12         

GR 115.87 145.45 161.94 56.14 479.40  GR 150.77 126.75 119.66 82.26 479.44         
UV 178.76 351.70 133.69 998.72 1662.87  UV 230.31 296.16 132.86 1003.54 1662.87         
tot 2411.78 1401.26 389.94 1256.63 5459.61  tot 2574.38 1158.17 358.70 1368.18 5459.43                                 2017  

 2017  
 2017 

1965-2006 

 FO SF GR UV tot  

1975-2006 

 FO SF GR UV tot  

1988-2006 

 FO SF GR UV tot 

FO 2301.05 419.44 19.07 64.21 2803.76  FO 2354.32 370.10 24.11 55.23 2803.76  FO 2213.85 425.33 52.15 112.43 2803.76 

SF 386.27 224.60 18.31 36.69 665.88  SF 370.03 227.80 19.98 48.08 665.88  SF 344.86 230.99 26.57 63.46 665.88 

GR 31.06 124.46 243.56 37.17 436.24  GR 36.64 112.64 244.78 42.18 436.24  GR 35.16 98.94 235.53 66.66 436.29 

UV 0.00 213.49 144.78 1175.28 1533.56  UV 0.00 177.76 152.14 1203.81 1533.71  UV 63.80 190.95 178.22 1100.90 1533.86 

tot 2718.38 982.00 425.71 1313.35 5439.44  tot 2760.99 888.29 441.01 1349.30 5439.59  tot 2657.67 946.21 492.46 1343.44 5439.79 

 

2050 MODELIZATION 
                              

TRANSITIONS FROM 2017 (PROBABILITIES)  TRANSITIONS FROM 2017 (PROBABILITIES) 

                2050  
 2050 

1965-2017 

 FO SF GR UV tot  

1975-2017 

 FO SF GR UV tot 

FO 0.81 0.16 0.01 0.02 1.00  FO 0.84 0.13 0.01 0.02 1.00 

SF 0.70 0.26 0.02 0.02 1.00  SF 0.69 0.27 0.02 0.03 1.00 

GR 0.22 0.36 0.37 0.05 1.00  GR 0.25 0.33 0.37 0.05 1.00 

UV 0.04 0.20 0.15 0.60 1.00  UV 0.06 0.17 0.15 0.62 1.00 

tot 1.78 0.98 0.56 0.69 4.00  tot 1.84 0.90 0.55 0.72 4.00 

prop error = 0.15        prop error = 0.12       
               
               

TRANSITIONS FROM 2017 (AREA)  TRANSITIONS FROM 2017 (AREA) 

                2050  
 2050 

1965-2017 

 FO SF GR UV tot  

1975-2017 

 FO SF GR UV tot 

FO 2408.52 484.15 38.11 46.75 2977.53  FO 2510.36 383.80 38.11 45.26 2977.53 

SF 578.65 215.18 13.98 14.72 822.54  SF 565.99 218.71 15.71 22.13 822.54 

GR 100.90 162.02 168.05 22.78 453.75  GR 113.25 150.72 165.74 24.05 453.75 

UV 50.74 236.89 184.83 721.53 1193.99  UV 68.65 202.02 179.93 743.38 1193.99 

tot 3138.83 1098.23 404.98 805.77 5447.81  tot 3258.24 955.26 399.50 834.81 5447.81 

               
               
               

2100 MODELIZATION 
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TRANSITIONS FROM 2017 (PROBABILITIES)  TRANSITIONS FROM 2017 (PROBABILITIES) 

                2100  
 2100 

1965-2017 

 FO SF GR UV tot  

1975-2017 

 FO SF GR UV tot 

FO 0.79 0.16 0.02 0.03 1.00  FO 0.82 0.13 0.02 0.03 1.00 

SF 0.87 0.09 0.02 0.02 1.00  SF 0.87 0.09 0.02 0.03 1.00 

GR 0.59 0.22 0.13 0.06 1.00  GR 0.62 0.20 0.12 0.06 1.00 

UV 0.28 0.20 0.14 0.38 1.00  UV 0.30 0.18 0.14 0.39 1.00 

tot 2.53 0.68 0.31 0.48 4.00  tot 2.61 0.60 0.29 0.50 4.00 

prop error = 0.15        prop error = 0.12       
               
               

TRANSITIONS FROM 2017 (AREA)  TRANSITIONS FROM 2017 (AREA) 
 2100  

 2100 

1965-2017 

 FO SF GR UV tot  

1975-2017 

 FO SF GR UV tot 

FO 2352.84 490.70 56.28 78.01 2977.83  FO 2455.57 389.16 54.79 78.01 2977.53 

SF 715.69 77.24 12.50 17.11 822.54  SF 711.74 72.71 14.23 23.85 822.54 

GR 267.37 99.86 60.43 26.09 453.75  GR 280.71 89.06 55.17 28.72 453.66 

UV 337.66 239.99 164.77 451.57 1193.99  UV 354.14 216.59 162.86 460.52 1194.11 

tot 3673.56 907.79 293.98 572.78 5448.11  tot 3802.16 767.53 287.05 591.11 5447.84 
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TABLE S3.4. KIA (Kappa Index of Agreement) obtained from the 2017 LC validation process.  

 

  

  

2017 
validation 

Kappa values Description 

Standard 
model 
(1965-
2006) 

Optimized 
model 
(1975-
2006) 

Kstandard 
Measure of correctly assigned proportion relating 

to the proportion correct by chance 
0.81 0.80 

Kno 
Measure of correctly classified proportion relative 

to the expected proportion according to a 
simulation 

0.84 0.83 

Klocation 
Measure of success of simulation in specify the 

allocation relating to the maximum possible success 
0.88 0.86 

Klocationstra
ta 

Measure of the allocation success within predifined 
strata 0.88 0.86 
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Chapter 4 

Local forest inventory data improve species 

distribution model predictions 

Nicolò Anselmetto, Donato Morresi, Simona Barbarino, Nicola Loglisci, 

Matthew G. Betts, Matteo Garbarino 

This chapter has been submitted to the Agricultural and Forest Meteorology 

journal. A preprint version is available at 

http://dx.doi.org/10.2139/ssrn.4696875 

Abstract 

The increasing role of modeling for planning forest ecosystems’ conservation and 

restoration calls for robust assessments of response (i.e., species data such as 

forest inventories) and predictor (e.g., climate) variables. The aim of this study is 

to predict current and future probability of occurrence for different tree species 

comparing inventory and climate data at different spatial scales.  

We built species distribution models (SDMs) for 22 tree species of Piedmont, an 

Alpine administrative region of north-western Italy. We compared a local forest 

inventory with a 250-m spatial resolution at the extent of Piedmont versus a pan-

European one (EU-Forest) at 1-km resolution. We compared a regional climate 

model (RCM) calibrated on the Italian extent versus a commonly applied global 

climate dataset (CHELSA v1.2). We defined as fine scale the combination of 

local species data and RCM and as coarse scale the combination of EU-Forest 

and CHELSA. We evaluated models using spatial-block cross-validation and 

external validation through several metrics. We predicted the probability of 

occurrence for current and future under two climate scenarios. 

Models built with local species data outperformed models built using broad 

species data. Spatial predictions were different in probability of occurrence and 

http://dx.doi.org/10.2139/ssrn.4696875
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binary maps for current and future scenarios. Species showed individualistic 

responses in terms of differences between the local and coarse models both in 

terms of spatial predictions and estimated magnitude of changes, especially for 

species with peculiar local history.  

Our results highlight the importance of fine-resolution predictors in SDMs. We 

advocate for adequate testing of response and predictor variables within SDMs 

for ecologists and forest practitioners. Fine-scale models showed better 

performance in terms of current probability of occurrence compared to forest 

maps for the Piedmont region, but coarse-scale models encompass a greater 

portion of a species’ niche and therefore grant higher transferability to novel 

future conditions. 

Keywords: climate change, mountain forest ecosystems, regional climate 

models, local inventories, spatial scales, species distribution models. 

Highlights 

• Fine predictors and responses can improve performance of tree distribution 

models. 

• Models trained with local forest inventories outperformed a continental 

dataset. 

• No statistically significant differences in accuracy between climate datasets. 

• Spatial mismatch between predictions, geographical range, and local forest 

maps. 

• Differences in magnitude of future changes depended on the scale of 

variables. 

4.1 Introduction 

It is well known that forest ecosystems provide essential ecosystem services such 

as biodiversity conservation, food and timber production, water regulation, and 

carbon sequestration (Mori et al., 2017). Climate and land use changes are already 
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altering the distribution, abundance, and phenology of forest species at different 

scales (Vitasse et al., 2021) with significant consequences for the resilience of the 

communities that depend on these ecosystems (Forzieri et al., 2022; Smith et al., 

2022). Global forest policies commonly attempt conserving forest systems as an 

active climate mitigation strategy (Fagan et al., 2020; Begemann et al., 2021). 

Therefore, understanding past, current, and future dynamics of forest ecosystems 

is critical for understanding and monitoring species- and ecosystems-response to 

climate change at different spatiotemporal scales (Guisan et al., 2013; Albrich et 

al., 2020; McDowell et al., 2020). Quantitative predictions lie at the heart of 

informed decision-making and responsible management, anticipating ecological 

shifts and preparing for necessary interventions such as assisted migration of 

animals and plants (Twardek et al., 2023) and ecological restoration (SER, 2002). 

Global forest governance is characterized by a complex cross-scale interaction of 

institutions (e.g., from the United Nations [UN] to sub-national levels), actors 

(e.g., public and private stakeholders), targets (e.g., biodiversity, human rights, 

climate crisis), and norms (Begemann et al., 2021; Sharma et al., 2023). Amidst 

this framework, predictive spatial modeling emerges as a powerful tool for 

adaptive planning and management (Zurell et al., 2022). However, ecologists and 

forest practitioners need reliable and informative models at both broad (regional 

to continental) and fine (landscape to regional) scales to allow for spatial reserve 

prioritization and ecological restoration (Wan et al., 2017; Buenafe et al., 2023). 

Species distribution models (SDMs) are now the most common predictive tools 

for assessing potential range shifts of tree species under future scenarios 

(Franklin, 1995; Guisan et al., 2013; Zurell et al., 2020, 2022). SDMs are 

correlative models that establish a relationship between the presence or 

abundance of a species to a suite of several socio-ecological covariates. These 

covariates include, but are not limited to, climate data, soil features, topography, 

land use, and socioeconomic drivers (Franklin, 1995; Guisan et al., 2013). These 

models have been extensively used at several spatial and temporal scales to study 

the potential ecological impact of climate change on various plant and animal 
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species worldwide (Newbold, 2018; Maréchaux et al., 2021; Zurell et al., 2022). 

Broad-extent and coarse-resolution models, primarily associated with climatic 

predictors, are more prevalent than local-extent and fine-resolution models, 

which often emphasize habitat characteristics (Araújo et al., 2019). However, 

regardless of the scale or resolution, the accuracy and reliability of the models 

hinge on the source of response (i.e. species data such as ecological inventories) 

and predictor (e.g., climate) variables used in model calibration and validation 

(Bobrowski & Udo, 2017; Araújo et al., 2019; Zurell et al., 2020).  

Among the main sources of species data, ecological inventories assume a pivotal 

role in understanding the status and trends of forest ecosystems and populations 

across different spatiotemporal scales (Tomppo et al., 2010; Tinkham et al., 

2018). Their primary advantage lies in their statistical sampling scheme, which 

provides reliable information on true presences and absences at a specific extent 

and resolution (Pecchi et al., 2019; Ellis-Soto et al., 2021). Forest inventories, for 

instance, often include multiple stand attributes (e.g., basal area) that allow for a 

comprehensive assessment of ecosystem resources and services, and can inform 

decision-making for timber production, biodiversity conservation, and carbon 

sequestration (Tomppo et al., 2010). When it comes to climate predictors, 

limited-area high-resolution models (e.g., regional climate models, RCMs), serve 

as valuable tools for the dynamical downscaling of general circulation models 

(GCMs) to fine scales with very high resolution (VHR). This process offers 

detailed and reliable insights into the local variability of climate variables within 

specific local areas (Giorgi et al., 2009). Many studies have been exploring RCMs 

at the so-called convection-permitting, convection-resolving, convection-

allowing, or kilometer-scale grid spacing (Kendon et al., 2014; Ban et al., 2014; 

Liu et al., 2017; Berthou et al., 2020; Fumière et al., 2020). The main 

characteristic of these types of simulations is the explicit resolution of deep 

convection at grid spacings below 4 km, without using any kind of 

parameterization. These studies demonstrate that kilometer-scale modeling offers 

significant advantages in representing climate, and the costs are justified when 
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focusing on local to regional scales (Ban et al., 2021). The importance of VHR 

climate data has been recently increasing in several fields, including climate 

change research, environmental monitoring, agriculture, and water resource 

management (Crespi et al., 2018; Mauri et al., 2022).  

Robust standards for assessing the ecological reliability and statistical accuracy 

of distribution models are crucial given the increasing body of SDMs studies 

predicting current and future species distribution and habitat suitability (Araújo 

et al., 2019; Zurell et al., 2020). The spatial resolution and extent of predictors 

and response variables are particularly important when fitting and evaluating 

SDMs (e.g., Betts et al., 2006; Elith & Leathwick, 2009; Patiño et al., 2023). 

Simultaneously, the dynamical downscaling of GCMs to RCMs increase their 

reliability within the calibration area by pairing the synoptic scale of GCM fields 

and the mesoscale resolution fields simulated by RCMs (Fumière et al., 2020; 

Ban et al., 2021; Mauri et al., 2022). Several studies have compared modeling 

algorithms (e.g., Valavi et al., 2022), response variables (e.g., Waldock et al., 

2022), and predictors (e.g., Lembrechts et al., 2019a; Patiño et al., 2023) in SDMs 

but, to our knowledge, few comparisons (e.g., Simon et al., 2023) examine 

different combinations of predictors and response data at different scales to model 

current and future probability of occurrence of species at fine scales appropriate 

for regional and local planning and decision making.  

Therefore, the general aim of this paper was to predict current and future 

probability of occurrence for different tree species of Piedmont, an administrative 

region of the western Italian Alps, using fine-scale SDMs. We defined as fine 

scale the combination of species data (i.e., forest inventory) for the Piedmont 

region with fine spatial resolution and local extent and an RCM with a local 

calibration area and extent such as Italy (Figure 4.1). Our main research question 

was: how does the spatial scale of response (i.e., species data) and predictor 

variables affect prediction success and reliability in SDMs? To address this 

question, we compared SDM frameworks built using (i) a local forest inventory 

(250-m resolution at the extent of Piedmont, 25 387 km2) versus a broad 
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European forest inventory (1-km resolution at the extent of the European Alp, 

179 014 km2) and (ii) a local climate dataset based on an RCM versus a widely 

applied climate dataset based on GCM. Our final aim was to analyze future 

scenarios of climate change for the main tree species of Piedmont by comparing 

magnitude of change estimated from the fine and coarse predictors and response. 

We conclude by discussing the potential applications of local species data and 

predictors and fine-scale approaches within SDMs in ecology and forestry. 

 

FIGURE 4.1. Combinations of response (local versus broad species data) and climate (regional 

climate model, RCM, versus general circulation model, GCM) data according to the spatial 

resolution and spatial extent (for response) and area of calibration and spatial extent (for climate). 

We defined as fine scale the combination of local species data (fine resolution and local [Piedmont 

region] extent forest inventory) and a regional climate model (fine area of calibration and local 
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[Italy] extent). We defined as coarse scale the combination of continental species data (coarse 

resolution and broad [European Alps] extent forest inventory) and a general circulation model 

(coarse area of calibration and broad [global] extent). We defined as hybrid scales the other 

combinations between response and climate data. In particular, Hybrid1 is the combination of local 

species data and GCM, Hybrid2 is the combination of broad species data and RCM, and Hybrid3 

is the combination of broad species data at the local extent and GCM. We defined a gradient from 

the fine to the coarse scale and placed the hybrid combinations along it. 

4.2 Materials and methods 

4.2.1 Study area 

Piedmont is an administrative region of north-western Italy covering 25 387 km2 

(Figure 4.2). Around 43% of its area (11 000 km2) lies in the montane belt, with 

two mountain regions; the western Alps and the northern Apennines. Piemonte 

hosts more than 1 billion trees belonging to 52 different species; its forests cover 

9 770 km2 with a forest cover of 38.5%, but in mountain areas the forest cover 

increases to reach 57% (6631 km2) (Camerano et al., 2017). The main tree species 

in the region are the sweet chestnut (Castanea sativa Mill., 22% of the total forest 

area), European beech (Fagus sylvatica L., 15%), black locust (Robinia 

pseudoacacia L., 12%), and European larch (Larix decidua Mill., 10%) 

(Camerano et al., 2017). Like many areas in Europe, the millennial history of 

human practices in the region (e.g., logging for timber and fuelwood, mining, and 

creation of semi-natural ecosystems) shaped the structure and composition of its 

forests since the Neolithic (Mietkiewicz et al., 2017; Zanon et al., 2018). For 

instance, in the subalpine elevation belt of the Alps, European larch has been 

favored over stone pine (Pinus cembra L.) and other competing species because 

of its suitability for wood pastures; indeed, its fast growth and timber quality 

make it a target species for timber production while its light canopy allows forage 

grass to grow underneath (Garbarino et al., 2011). At lower elevations, sweet 

chestnut cultivation was introduced by the Romans and then expanded in 

Medieval times (A.D. 100 to A.D. 600) in areas naturally occupied by oak stands 

(Quercus spp.) (Conedera et al., 2004). Due to socio-economic changes that led 
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to land abandonment starting from the Industrial Revolution, forests are 

expanding to the detriment of former croplands, vineyards, and grasslands 

(Batzing et al., 1996; Plieninger et al., 2016; Anselmetto et al., 2024).  

 

FIGURE 4.2. Maps of the (a) Alps and (b) Piedmont Region with occurrences of local inventory 

and the broad inventory (EU-Forest; Mauri et al., 2017).  

4.2.2 SDM framework overview 

Below we describe the SDM framework according to the ODMAP (Overview, 

Data, Model, Assessment, and Prediction) protocol for Species Distribution 

Models (Zurell et al., 2020; see Supplementary Material Table A.1 for further 

details). We assumed that the distribution of our 22 focal tree species is mostly 

driven by climate, topography, and soil characteristics. We know that human 

legacy has had a major role in current distribution, but we did not include those 

variables in our models due to a lack of spatially explicit data at a regional scale. 

We also assumed that (i) species are at (pseudo-) equilibrium with the 

environment (i.e., the species occupies all suitable habitats where it can disperse), 

(ii) inventory sampling is adequate and representative, with negligible detection 

errors, (iii) in forest inventories, tree individuals below a certain diameter at 

breast height are not recorded, and we assume that this procedure does not bias 
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species identification, and (v) the current distribution’s delimiting factors will 

also form the niche of the species in the future (i.e., niche conservatism). 

All the analyses were conducted in R version 4.2.3 (R Core Team, 2023) (See 

Supplementary Table A4.2 Supplementary Materials for R packages used in the 

analyses). 

4.2.3 Species occurrence data 

We compared a local forest inventory led by IPLA (Istituto per le Piante da Legno 

e l’Ambiente; Camerano et al., 2017) in the early 2000s for the Piedmont region 

to a broad inventory that comes from a harmonization of national forest 

inventories at the European scale called EU-Forest (Mauri et al., 2017). We 

cropped EU-Forest to the extent of the Alpine Convention Perimeter (Alpine 

Convention, 2018).  

The local species data is a collection of forest plots from the early 2000s that was 

used to inform forest management plans of Piedmont Region (Piani Forestali 

Territoriali, PFT; Camerano et al., 2017). Plots encompass 36 species and 14 164 

occurrence points at a spatial resolution of 250 m. The EU-Forest project emerged 

from a collaboration between JRC (Joint European Research Center) and 21 

European Countries. This dataset is the result of merge and harmonization of 

National forest inventories and pre-existing European datasets, and it collects 

occurrence (presence/absence) data of 242 tree species and a total of 1 000 525 

occurrence records. EU-Forest has a spatial resolution of 1 km2 and is aligned to 

the European INSPIRE-compliant 1 km x 1 km grid (European Parliament, 

2007). We also compared models trained with the broad species data clipped on 

the extent of the Piedmont Region to the broad species data at the extent of the 

entire Alps to evaluate the utility of broad inventories in local contexts. We did 

this to account for different spatial (i.e., geographical range) and ecological (i.e., 

niche) extents for a coarse-resolution species dataset. Our hypothesis was that 

coarse-resolution species data clipped to a smaller extent before model calibration 

will perform poorly due to niche truncation.  
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We selected 22 species that were common between the two datasets (Table 4.1). 

Both the datasets were re-projected to the coordinate reference system ETRS89 / 

LAEA Europe (EPSG: 3035). To overcome the uneven sampling intensity and 

point clustering, we applied a spatial filter to the presence points using a custom 

function. A distance of 500 m was considered as the minimum distance between 

the points, to harmonize the sampling intensity between presence and absence 

data.  

TABLE 4.1. List of the 22 tree forest species assessed in this study and their prevalence 

(presence/total number of occurrences) according to the local and broad inventories for both the 

local (Piedmont) and broad (Alpine) extent.  

Species 

code 

Common 

species 

name 

Scientific 

species name 

Forest 

type 

Prevalence 

Local 

spec.data 

Broad 

spec.data 

Local ext.  

Broad 

spec.data 

Broad ext. 

aa Silver fir Abies alba Conifer 0.056 0.051 0.201 

ag Black alder Alnus glutinosa Broadleaf 0.016 0.057 0.019 

ap Sycamore Acer 

pseudoplatanus 

Broadleaf 0.087 0.102 0.086 

at Field maple Acer campestre Broadleaf 0.024 0.046 0.044 

bp European 

birch 

Betula pendula Broadleaf 0.034 0.091 0.039 

cb European 

hornbeam 

Carpinus 

betulus 

Broadleaf 0.034 0.016 0.059 

cs Sweet 

chestnut 

Castanea 

sativa 

Broadleaf 0.371 0.199 0.025 

fe European 

ash 

Fraxinus 

excelsior 

Broadleaf 0.139 0.027 0.024 

fo Manna ash Fraxinus ornus Broadleaf 0.054 0.040 0.011 

fs European 

beech 

Fagus sylvatica Broadleaf 0.246 0.080 0.135 

ld European 

larch 

Larix decidua Conifer 0.153 0.072 0.048 

pa Norway 

spruce 

Picea abies Conifer 0.064 0.011 0.124 

pc Swiss stone 

pine 

Pinus cembra Conifer 0.013 0.002 0.004 

pn Black pine Pinus nigra Conifer 0.008 0.010 0.014 
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ps Scots pine Pinus sylvestris Conifer 0.067 0.022 0.032 

pt Common 

aspen 

Populus 

tremula 

Broadleaf 0.038 0.003 0.001 

pv Wild cherry Prunus avium Broadleaf 0.165 0.021 0.002 

qf Pedunculate 

oak 

Quercus robur Broadleaf 0.086 0.011 0.004 

qp Downy oak Quercus 

pubescens 

Broadleaf 0.070 0.002 0.017 

qr Sessile oak Quercus 

petraea 

Broadleaf 0.130 0.016 0.006 

rp Black locust Robinia 

pseudoacacia 

Broadleaf 0.197 0.019 0.002 

su Rowan Sorbus 

aucuparia 

Broadleaf 0.042 0.002 0.000 

 

4.2.4 Environmental predictors for SDMs 

4.2.4.1 Climate data 

We tested two different climate datasets in our SDM framework (Table 4.2). 

First, we applied VHR (Very High Resolution) climate data from the Euro-

Mediterranean Center on Climate Change (CMCC) for the Piedmont region 

available from the Highlander project (https://highlanderproject.eu/). The dataset 

was based on a dynamic downscaling of current (1989-2013) ERA5 reanalysis 

(Hersbach et al., 2020), originally available at ~31 km spatial resolution, to 

obtain a final resolution of ~1.8 km through a regional climate model called 

COSMO (Raffa et al., 2021). We identified this climate dataset as the local 

climate dataset. For the future period (2051-2070) we utilized another climate 

dataset developed within the Highlander project through a dynamic downscaling 

of CMCC-CM global model to 0.02° (~1.8 km) spatial resolution according to 

IPCC scenarios RCP8.5 (Raffa et al., 2023) and RCP4.5 (Raffa & Mercogliano, 

2022). The dynamical downscaling makes use of the same RCM (COSMO-CLM) 

used for ERA5. Pre-processing on this dataset consisted of a bias-correction 

procedure to remove overestimation or underestimation of the model in 

comparison to the observed data, for every timestep (every day) and every grid 

https://highlanderproject.eu/
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point, due to systematic errors originated (Watanabe et al., 2012). We applied a 

simple pixel-based additive bias correction method for temperatures and a 

multiplicative one for precipitation. Climate data are part of the project 

Highlander and are available at https://dds-dev.highlander.cineca.it/app/datasets.  

The second dataset derived from CHELSA (Climate at high resolution for the 

Earth’s land surface areas) v1.2 (Karger et al., 2017). CHELSA consists of 

downscaled general circulation models output temperature and precipitation 

estimates at a horizontal resolution of 30 arc sec (~1 km at the Alps latitude). The 

temperature downscaling algorithm is based on statistical downscaling of 

atmospheric temperatures from ERA-Interim using a temperature lapse rate based 

on elevation. The precipitation downscaling algorithm includes orographic 

predictors such as wind, valley exposition, and boundary layer height. Final data 

consist of monthly temperature and precipitation and derived parameters. We 

cropped the gridded variables at the extent of the Alps, and we identified this 

dataset as broad climate dataset. The future climate data derived from downscaled 

CMIP5 climatologies (Karger et al., 2017, 2018). We selected six different 

models (CESM1-CAM5, CMCC-CM, CNRM-CM5, CSIRO-Mk3.6.0, GISS-

E2-H, HadGEM2-AO) based on the quality of current prediction on the Alps and 

Europe (Zubler et al., 2016) but also considering dissimilarities between models 

to capture uncertainties in modeling future climate scenarios (Knutti et al., 2013; 

Sanderson et al., 2015). 

For each of the two climate datasets, we calculated monthly average values for 

the current (1989-2013) and future (2051-2070) periods and the 19 bioclimatic 

predictors (Hijmans et al., 2005; Table A4.3 Supplementary Materials). We 

considered 1989-2013 as the current since it was the common temporal extent of 

both local and broad climate datasets. We assessed two different future IPCC 

RCPs (RCP4.5 and RCP8.5) for the 2051-2070 period. Climate data were 

resampled through a nearest neighbor method to 250 m. That means that they 

operated at the native resolution (1 km and ~1.8 km for the broad and the local 

dataset, respectively). To test for correlation between the variables of the two 

https://dds-dev.highlander.cineca.it/app/datasets
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climate data sets, the centroids of every cell were extracted and examined using 

Pearson’s correlation. To visualize geographical discordance between the two 

climate data sets, variables were intersected performing cell by cell subtraction 

of broad climate minus local climate. 

4.2.4.2 Other environmental predictors 

We derived topography from the Multi-Error Removed Improved-Terrain 

(MERIT) digital elevation model (DEM; Table 4.2). The MERIT DEM is 

available at 3sec spatial resolution (~90 m at the equator). This dataset derives 

from multiple satellite data and several filtering techniques used for the bias 

correction of height error components from previous spaceborne DEMs 

(Yamazaki et al., 2017). We derived the median and standard deviation of five 

topographic metrics from MERIT DEM resampled at 250 m. We calculated the 

elevation, slope, heat load index (HLI) or the incident radiation of the sun 

according to the aspect (McCune et al., 2002), topographic position index (TPI), 

indicating the position of a cell according to its 8 surrounding cells neighbors, 

and terrain ruggedness index (TRI), that expresses the amount of elevation 

difference between adjacent cells of a DEM (Riley et al., 1999) (Table 4.2). 

We included soil pH and organic carbon content (OCC) at 250-m spatial 

resolution derived from SoilGrids250m (Table 4.2; Hengl et al., 2017). This 

dataset provides global predictions for standard numeric soil properties such as 

bulk density, pH, soil texture fractions, and organic carbon at different depths (0, 

5, 15, 30, 60, 100 and 200 cm). The gridded maps were interpolated combining 

150 000 soil profiles and 158 remote sensing-based soil covariates (e.g., MODIS 

land products and DEM derivatives) within random forest models and 

multinomial logistic regression algorithm. 

TABLE 4.2. Environmental predictors used in SDMs. 
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Group Variable Data source Native 

spatial 

resolution 

Reference 

Topography 

  

Elevation MERIT DEM 3'' (~90m) Yamazaki 

et al. 2017 
(median) 

Slope MERIT DEM 3'' (~90m)   

(median, 

standard 

deviation) 

Heat load index MERIT DEM 3'' (~90m) 

(median, 

standard 

deviation) 

Topographic 

position index 

(median, 

standard 

deviation) 

MERIT DEM 3'' (~90m) 

Climate 

  

Monthly 

precipitation 

CHELSA 

timeseries 

1 km Karger et 

al. 2017, 

2018 

Raffa et al. 

2021 

Raffa et al. 

2023 

  

(Jan, Mar, Apr, 

May, Jun, Sep, 

Oct) 

COSMO 0.02° 

(~1.8km) 

 

Mean diurnal 

range 

CHELSA 

timeseries 

1 km 
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COSMO 0.02° 

(~1.8km) 

Isothermality CHELSA 

timeseries 

1 km 

COSMO 0.02° 

(~1.8km) 

Temperature 

seasonality 

CHELSA 

timeseries 

1 km 

COSMO 0.02° 

(~1.8km) 

Temperature 

annual range 

CHELSA 

timeseries 

1 km 

COSMO 0.02° 

(~1.8km) 

Mean 

temperature of 

CHELSA 

timeseries 

1 km 

wettest quarter COSMO 0.02° 

(~1.8km) 

Mean 

temperature of 

CHELSA 

timeseries 

1 km 

driest quarter COSMO 0.02° 

(~1.8km) 

Precipitation of 

wettest month 

CHELSA 

timeseries 

1 km 

COSMO 0.02° 

(~1.8km) 
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Precipitation of 

driest month 

CHELSA 

timeseries 

1 km 

COSMO 0.02° 

(~1.8km) 

Precipitation 

seasonality 

CHELSA 

timeseries 

1 km 

COSMO 0.02° 

(~1.8km) 

Soil 

  

pH (0-15 cm) SoilGrid250m 250m Hengl et al. 

2017 
Soil organic 

Carbon (0-15 

cm) 

SoilGrid250m 250m 

 

4.2.5 SDMs architecture, assessment, and predictions 

4.2.5.1 SDM architecture 

We built species distribution models using Bayesian additive regression trees 

(BART) through the embarcadero R package v1.2.0 (Carlson, 2020). BART 

is a machine learning modeling procedure based on an ensemble of trees, similar 

to boosted regression trees and random forest. In addition, BART employs a sum-

of-trees model within a Bayesian framework; trees are first constrained as weak 

learners by priors, then updated through an iterative Bayesian backfitting Markov 

Chain Monte Carlo (MCMC) algorithm which generates a posteriori distribution 

of predicted classification probabilities instead of a single estimate (Chipman et 

al., 2010; Carlson, 2020). Overfitting results are lower than other similar 

methods, and several studies showed the better predictive power of this model 

compared to ensemble models with multiple algorithms (e.g., Baquero et al., 
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2021; Konowalik & Nosol, 2021; Plant et al., 2021). We used BART’s default 

settings (Table A4.1 Supplementary Materials). 

We reduced the number of initial variables (Table 4.2) through a variable pre-

selection based on the correlation between variables and the variance inflation 

factor (VIF) through the function vifcor of the usdm package (Naimi et al., 

2014).  The function first pairs variables with a linear correlation higher than a 

pre-selected threshold and excludes the one with a greater VIF. The procedure is 

iterated until no pair of variables with a high correlation remains. We used a 

Pearson’s correlation of 0.9 as the threshold at which one of a correlated pair was 

excluded. Our aim was to avoid highly correlated variables and speed-up the 

computation time even if BART is considered to be robust against 

multicollinearity. We assessed spatial autocorrelation using automatic 

variograms through the R package automap (Hiemstra et al., 2009). 

4.2.5.2 SDMs assessment 

We assessed models accuracy, calibration, and realism. The former was 

statistically tested through internal (5-fold spatial block cross-validation) and 

external validation on a fully independent dataset (GBIF + LUCAS; Mauri et al., 

2022). We determined the block-size dimension by constructing empirical 

variograms for measuring spatial autocorrelation. When the mean range of spatial 

autocorrelation was > 15 000 m, we used 10 000 m as block-size dimension. We 

retrieved several accuracy metrics such as the Area Under the receiving operator 

Curve (AUC), True Skill Statistic (TSS), Sensitivity, Specificity, and the F1 

score. The AUC is a threshold-independent metric that shows the relationship 

between false-positive and true-positive rates. The TSS and F1 score are 

threshold-dependent accuracy metrics that depend on the sensitivity and 

specificity of the models. TSS values > 0.6 are considered to be useful to 

excellent, AUC scores > 0.8 are considered to be good to excellent. We assessed 

the calibration (i.e., the agreement between predicted probabilities of occurrence 

and observation of presence and absence) and generalizability of the models 

through Pearon’s correlation coefficient (COR). We calculated the correlation 
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between the observation (presence/absence dichotomous variable) and the 

predictions (range of probabilities). COR is therefore a threshold-independent 

metric similar to AUC, but it accounts for the distance between the prediction and 

the observation (Elith et al., 2006). Realism was assessed from an ecological 

point of view through variable importance (vimp) and a visual comparison of the 

spatial predictions for the current time to the European geographic range of 

different species developed by the Joint Research Center (JRC) of the European 

Union (Caudullo et al., 2017) and the EU-Trees4F dataset (Mauri et al., 2022). 

We ran generalized linear mixed models (GLMMs) on accuracy (AUC, TSS, F1) 

and calibration (COR) results to test for significant differences among 

frameworks, species data, and climate using the species as a random effect. 

4.2.5.3 SDMs predictions 

The main output of the modeling consisted of predictions of relative probability 

of occurrence. We also derived the uncertainty based on the 5th and 95th 

percentile of the probability distribution obtained through the Bayesian approach. 

We converted continuous probability maps into binary maps for ecological 

assessment and quantification of species range shifts. The threshold selection for 

binary maps is a crucial step in species distribution mapping (Hintze et al., 2021). 

Therefore, we tested three different widely applied thresholds; minimum training 

presence (MTP, sometimes also called lowest presence threshold), 10th 

percentile of the predicted values (P10), and maximum of TSS (maxTSS). We 

chose the latter since it was the most conservative approach.  

4.2.5.4 Post-processing analysis 

We post-processed models output using Corine Land Cover (CLC; European 

Commission, 1994) to mask out unvegetated areas (i.e., urban areas, rocks, and 

water). We then focused on two combinations of response and predictors; we 

defined as fine scale the combination of local species data and local climate data 

(RCM) and as coarse scale the combination of the broad species data and broad 

climate data (CHELSA) at the extent of the Alpine region (Figure 4.1). Finally, 
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we assessed changes in terms of probability of occurrence of the different tree 

species between each one of the two future climate scenarios (RCP4.5 and 

RCP8.5 for 2051-2070) and the current. 

4.3 Results 

4.3.1 Climate data comparison 

We compared the spatial distribution and seasonal trends of mean temperature 

(Figure 4.3a, c) and precipitation (Figure 4.3b, d) to characterize differences 

among the two climate datasets. The broad climate dataset was consistently hotter 

than the local one (min difference = 0.52 °C, mean difference = 7.28 °C, max 

difference = 10.04 °C; Figure 4.3a, c). Differences in temperature between these 

datasets tended to decrease with elevation (R2 = 0.78, slope =-0.18 °C every 100 

m of elevation gain), with average differences in the mountains (> 800 m) of 5.68 

± 1.49 °C (mean ± standard deviation) and up to 8.15 ± 0.56 °C in the flat areas 

of the Po Valley (Figure 4.3a). This was not as much the case for precipitation 

patterns (R2 = 0.53, Figure 4.3b), that seemed to be more related to continentality. 

Dry continental sectors, like the inner Alps (e.g., upper Susa Valley) and Po 

Valley, exhibited higher values in the broad dataset, while wetter sectors such as 

Cuneo province (South of Piedmont) and Ossola (the Northern extremity of 

Piedmont) showed higher values in the local climate dataset. The seasonal trends 

showed consistent differences in mean monthly temperatures, where the broad 

dataset was hotter in every month, especially during the summer months (Figure 

4.3c). Values showed similar left-skewed distributions, with lower values 

associated with upper elevations.  

We assessed spatial and temporal trends for the two future scenarios (Figure B4.1 

Supplementary Materials for RCP4.5 and Figure B4.2 Supplementary Materials 

for RCP8.5). We derived average values of monthly temperatures and 

precipitation between the six CMIP5 models included within the broad climate 

dataset. We observed a higher degree of similarity in temperature spatial patterns 

and seasonal trends (monthly local ~ monthly broad with intercept = -0.82, slope 
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= 1.12, and R2 = 0.99 for RCP 4.5; intercept = -0.25, slope = 1.10, and R2 = 0.99 

for RCP 8.5), but lower correspondence for precipitation (intercept = -40.5, slope 

= 1.97, and R2 = 0.40 for RCP 4.5; intercept = -41.2, slope = 1.94, and R2 = 0.65 

for RCP 8.5). The broad climate dataset was hotter than or equal to the local one 

during winter, especially for RCP 4.5, but colder in summer. Seasonal trends of 

precipitation showed differences between the two RCPs, especially for the local 

climate data. 

 

FIGURE 4.3. Spatial (a, b) and temporal (c, d) distribution of mean temperature (a, c) and 

precipitation (b, d) of the two climate datasets (local climate = COSMO-CLM and broad climate = 

CHELSA v1.2) for the period 1989-2013. The broad climate dataset was consistently hotter than 

the local, but with similar seasonal trends. Differences in precipitation patterns seemed to be more 

related to continentality. 
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4.3.2 Model performance and predictions 

We compared model performance in terms of accuracy and calibration for 

different frameworks based on different responses (local species data versus 

broad species data) and predictors (local climate versus broad climate). Models 

trained with local inventories outperformed those trained with broad inventories 

both in terms of accuracy (AUC, F1) and calibration (COR) (Figure 4.4a, b). Most 

models trained with local species data had an AUC >0.8 and a TSS >0.6, showing 

good model performance. AUC but not F1 and COR was significantly higher for 

models trained with broad inventories at the broad extent than those at the local 

extent (Figure 4.4a, b). The only significant difference we observed when 

validating against an external dataset (i.e., GBIF, LUCAS) was in terms of the 

AUC (Figure 4.4b). We did not observe significant differences between models 

based on different sets of climate datasets.  

The 5th and 95th percentiles were 0.58 and 0.97 for AUC (mean = 0.81, median 

= 0.83), 0.11 and 0.93 for TSS (mean = 0.55, median = 0.57), 0.04 and 0.70 for 

F1 (mean = 0.31, median = 0.29), and 0.00 and 0.67 for COR (mean = 0.31, 

median = 0.29). On average across the frameworks, we observed the best model 

performances for Swiss stone pine (AUC = 0.98, COR = 0.49), European larch 

(AUC = 0.93, COR = 0.67), and manna ash (AUC = 0.92, COR = 0.39), while 

the worst were European aspen (AUC = 0.60, 0.07), sycamore (AUC = 0.70, COR 

= 0.19), and field maple (AUC = 0.71, COR = 0.12), despite large differences can 

be observed relatively to the modeling framework. When comparing AUC 

(accuracy) and COR (calibration), local models outperformed broad ones 

especially for sessile oak (Δ AUC = 0.27 and Δ COR = 0.34), European aspen (Δ 

AUC = 0.21), and silver fir (Δ AUC = 0.18 and Δ COR = 0.24). Broad models 

significantly outperformed local ones only on black pine (Δ AUC = -0.19 and Δ 

COR = -0.13) and Norway spruce (Δ COR = -0.13). Details and p-values of 

generalized models for accuracy and calibration can be found in Table B4.1 

Supplementary Materials.  
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FIGURE 4.4. Validation results from (a) internal 5-fold spatial block cross-validation and (b) 

external validation on a fully independent dataset for accuracy (AUC, TSS, and F1 score) and 

calibration (COR). Letters represent the results of significant generalized linear mixed models 

(Table B.1 Supplementary Materials). Decreasing the scale detail (from fine to coarse with all the 

combinations in between) leads to a decrease in model accuracy for some accuracy and calibration 

metrics. Hybrid1 refers to the combination of local species data and GCM, Hybrid2 is the 

combination of broad species data and RCM, and Hybrid3 is the combination of broad species data 

at the local extent and GCM. 

We assessed the ecological reliability of model outputs and we observed 

individualistic patterns in terms of spatial predictions (Figures 4.5 and B.4.6 to 

B.4.8 Supplementary Materials), variable importance (Figures B.4.9 to B.4.11 

Supplementary Materials), and correlation between spatial predictions (Table 

B4.2 Supplementary Materials). Coarse-scale models for sweet chestnut 

overestimated the occurrence of the species (Figure 4.5). Patterns of over- and 

underestimation for European beech (Figure B4.6 Supplementary Materials), 

European larch (Figure B4.7 Supplementary Materials), and Scots pine (Figure 

B.4.8 Supplementary Materials) were more difficult to decipher. Variable 

importance was similar among models for species such as black alder, sweet 

chestnut, European larch, black pine, and downy oak (Figures B.4.9 to B.4.11 

Supplementary Materials). Correlation between spatial predictions ranged 

between -0.01 (sessile oak, RCP 8.5) and 0.88 (European larch) with a mean value 
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of 0.47, a median value of 0.49, and a standard deviation of 0.22 (Table B4.2 

Supplementary Materials). 

 

FIGURE 4.5. Comparison between the current potential suitable range of sweet chestnut Castanea 

sativa expressed by the two scales (Fine = local species data + local climate in blue and coarse scale 

= broad species data + broad climate at the extent of the Alpine region in pink). The two outputs 

were compared to the Piedmont Forest Map of 2016 (filtered only for the selected forest type, in 

orange) and the geographic range for Europe (light blue polygons) derived from Caudullo et al. 

(2017). Panel a) shows an overview of the entire administrative area, panels (b) and (c) show two 

closeups corresponding to the Northern (b) and Southern Piedmont (c). Coarse-scale models 

seemed to overpredict the distribution of sweet chestnut, especially compared to the main stands of 

the species within Piedmont. 

4.3.3 Current and future probability of occurrence of tree species  

The species showed individualistic responses between the fine-scale and coarse-

scale models for current and future (2051-2070) both in spatial predictions 

(Figures 4.6, B.4.12 to B.4.14 Supplementary Materials) and estimated changes 

in probability of occurrence (Figures 4.7, B.4.15 Supplementary Materials). 

Coarse-scale models generally exhibited changes in the probability of occurrence 



150 

 

closer to zero, while fine-scale models showed more significant positive or 

negative values (Figure 4.7). 

 

FIGURE 4.6. Probability of occurrence of four species (sweet chestnut, European beech, European 

larch, and Scots pine) for current and future (RCP 4.5 and RCP 8.5) scenarios for fine-scale (local 

species data + local climate, upper rows) and coarse-scale (broad species data + broad climate at 

the alpine extent, lower rows) models. Very different patterns emerged between species in terms of 

current and future probability of occurrence. 

Sweet chestnut (Figures 4.5, 4.6a), oaks (Figure B.4.14 Supplementary 

Materials), and silver fir (Figure B.4.12a Supplementary Materials) showed 

discrepancies in terms of spatial prediction patterns between the two models, 

while European beech (Figure 4.6b), European larch (Figure 4.6c), and Scots pine 

(Figure 4.6d) displayed consistency. In terms of absolute changes in probability 

of occurrence, models consistently indicated decreasing probabilities for sweet 
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chestnut, Scots pine, and sycamore, and increasing probabilities for black alder 

and European hornbeam. European beech showed differing predictions, 

increasing in the fine-scale model and remaining stable in the coarse-scale model 

(Figure 4.6b). European larch and Norway spruce followed an inverse pattern, 

with the fine-scale models predicting a median net loss and the coarse models 

predicting stability or slight increase. Downy oak, the most thermophilic of the 

oak species, was predicted to gain probability of occurrence according to fine-

scale models, while the other two species were predicted to experience a more 

severe net loss under RCP 4.5 than under RCP 8.5. 

Among the fine-scale models, we observed the highest gain for European beech 

(median = +0.18 and +0.22 for RCP4.5 and RCP8.5, respectively) and sessile oak 

(median = +0.14 and +0.11 for RCP4.5 and RCP8.5, respectively) and the highest 

loss for black locust (median = -0.18 and -0.14 for RCP4.5 and RCP8.5, 

respectively) and sweet chestnut (median = -0.14 and -0.08 for RCP4.5 and 

RCP8.5, respectively). We observed the greatest differences between the 

frameworks for European beech, black alder, and sessile oak, while the smallest 

disparities were found for sweet chestnut, downy oak, and European larch. 
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FIGURE 4.7. Boxplots representing the change in probability of occurrence of thirteen species 

according to the two climate scenarios (RCP 4.5 and RCP 8.5) and the input dataset (fine = local 

species data + local climate, coarse = broad species data + broad climate at the extent of the Alps). 

cs = sweet chestnut, fe = European ash, fs = European beech, ld = European larch, pa = Norway 

spruce, ps = Scots pine, qf = pedunculate oak, qp = downy oak, qr = sessile oak, rp = black locust. 

Delta between -0.05 and 0.05 were removed to enhance differences between the frameworks. 

Coarse-scale model predictions seemed to be closer to 0 than fine-scale ones. 
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4.4 Discussion 

In this study, our aim was to evaluate the role of spatial scales in Species 

Distribution Models (SDMs) for local planning and management. Species 

Distribution Models (SDMs) along with future scenarios of climate and land use 

have the potential to be a fundamental part of spatially explicit landscape 

conservation and restoration for numerous species (Guisan et al., 2013; Mateo et 

al., 2019; Zurell et al., 2022). However, most predictive SDMs are typically 

conducted at coarse spatial scales (i.e., continental to global extent and kilometers 

resolution), which is hardly useful for reserve selection at fine scales, or in 

considering where to move organisms in assisted migration. 

4.4.1 The role of spatial scale in SDMs 

Our study demonstrates that SDMs built at different scales yield different spatial 

predictions and accuracies. Fine-scale models trained with local species data 

consistently outperformed coarse-scale and hybrid-scale models based on a broad 

European species data (EU-Forest inventory; Mauri et al., 2017). This was 

especially evident by using internal spatial-block cross-validation. Our results 

highlight the distinctive characteristics of different scales of response and 

predictor variables (Anderson & Raza, 2010; Mateo et al., 2019). Fine-scale 

models can better capture local conditions, benefiting from dynamically 

downscaled RCM climate data and finer spatial resolution of species data (i.e., 

inventory). Nevertheless, models fitted with species data from a partial section of 

a species’ ecological niche can suffer from niche truncation and express truncated 

response curves (Sánchez-Fernández et al., 2011). Conversely, coarse-scale 

models, while encompassing a broader portion of the species niche, can lead to 

higher commission errors due to increased false positives (see for instance sweet 

chestnut within our study). These behaviors were especially evident when 

comparing future expected changes in probability of occurrence (Figures 4.7, 

B4.15 Supplementary Materials), where coarse-scale models predicted a 
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magnitude of changes in probability closer to zero and fine-scale models 

predicted higher negative values.  

While our study found that climate data did not significantly affect model 

performance, the characteristics of climate data can impact spatial outcomes in 

terms of probability of occurrence and binary maps (Bobrowski & Udo, 2017; 

Patiño et al., 2023). Patiño et al. (2023) showed the potential of finer-resolution 

climate data in detecting warming trends and mesorefugia by comparing 

CHELSA with its downscaling version for Canary Islands (~100 m) even if their 

performance did not show significant difference. Indeed, it is recommended to 

account for climate uncertainty by using ensembles of multiple dissimilar 

regional climate models when projecting into the future (Knutti et al., 2013). For 

instance, a recent pan-European study on tree species distributions applied 11 

different RCMs at ~10 km resolution to project future change scenarios (Mauri 

et al., 2022). However, in our study, we used data from a single climate model 

for future local climate, which can be a limitation. 

The choice of scale in SDMs is a critical factor, and fine-scale models performed 

better in capturing local conditions in our study. Nevertheless, when fine-scale 

response data are not accessible, coarse-scale data can still offer valuable insights, 

especially for certain species.  Given the absence of consistent improvement 

patterns across different extents of broad inventories, we recommend that 

researchers opt for broader extents to mitigate the risk of niche truncation in such 

cases, especially when predicting future conditions. Hierarchical approaches 

integrating variables at different scales have been proposed as a solution to 

address spatial mismatches in SDMs predictions (Pearson et al., 2004; Mateo et 

al., 2019; Simon et al., 2023). However, it is worth mentioning that hierarchical 

modeling has not shown consistent predictions improvement compared to 

common approaches, especially because of challenges in their validation (El-

Gabbas & Dormann, 2018; Simon et al., 2023). 

Our choice of using Bayesian Additive Regression Trees (BART) was supported 

by preliminary tests, which demonstrated comparable accuracy to ensemble 
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models, as highlighted by previous studies (e.g., Baquero et al., 2021; Konowalik 

& Nosol, 2021; Plant et al., 2021). We also experimented with different subsets 

of predictor variables (no filtering, principal components, VIF and correlation 

filter) and chose a variable reduction approach based on variable importance, as 

it offered faster computation and facilitated ecological assessment. 

4.4.2 Current and future probability of occurrence of the main tree species 

Our study provides insights into the reliability of different tree species' 

predictions under various frameworks. Comparisons with local forest maps, 

European geographic range (Caudullo et al., 2017), EU-Trees4F (Mauri et al., 

2022), and literature revealed both consistent and divergent results. Our results 

corroborated existing literature (Hanewinkel et al., 2013; Dyderski et al., 2018; 

Mauri et al., 2022), indicating a probability increase for silver fir, particularly 

under the fine-scale RCP 4.5 scenario, and European beech in fine-scale models. 

Conversely, probability losses were observed for European larch, especially in 

fine-scale models, as well as for Scots pine and Norway spruce, the latter being 

more pronounced in the fine-scale models. Notably, many of the studies we used 

as reference did not mask unvegetated areas at high elevations or in urban regions. 

By doing that, they included as suitable areas that we expected to be not suitable 

in the future 50-100 years. This consideration is particularly important for 

montane and subalpine species such as the European larch. 

Overall, many species showed different responses to the spatial scales of 

predictors. We discuss two examples for tree species with an important history of 

use within Piedmont: sweet chestnut and European larch. Our analysis of sweet 

chestnut exhibited significantly different spatial predictions between fine-scale 

and coarse-scale models, yet the extent of probability of occurrence loss remained 

similar. In the current scenario, the fine-scale model showed greater ecological 

reliability, designating hilly and low mountain regions as the most suitable 

habitats for the species. This aligns with local traditional silvicultural practices 

that have historically favored sweet chestnut in these areas due to its value in 

fruit, timber, and fuel wood production, a practice also observed in other Alpine 
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regions such as Canton Ticino, Switzerland (Conedera et al., 2004; Camerano et 

al., 2017). Conversely, coarse-scale models emphasized lowland areas (i.e., the 

Po Valley), as the most climatically suitable regions, but these models may 

overlook the influence of traditional land use. The anticipated future decline in 

the probability of occurrence can likely be attributed to the widespread expansion 

into areas with lower climatic suitability that were previously dominated by 

stands of sessile and downy oaks (Conedera et al., 2004; Camerano et al., 2017). 

When comparing models for a different species, such as the European larch, we 

observed a different outcome. Current probability of occurrence was relatively 

consistent between the two modeling frameworks (r = 0.88), but the fine-scale 

model displayed greater suitability at lower elevations, particularly in the 

Southern and Northern sectors of the study area. In spatial predictions more than 

in model performance, the effect of climate data emerged. Therefore, we 

attributed this discrepancy to differences in climate scenarios but also to possible 

niche truncation. Additionally, the relative variable importance exhibited similar 

patterns between the frameworks, with a slightly greater emphasis on temperature 

in the coarse-scale model. In terms of future scenarios, both models projected a 

decline in the probability of occurrence at lower elevations, but the fine-scale 

model predicted a more substantial loss compared to the coarse-scale model. The 

fine-scale result is in line with results from the literature (Dyderski et al., 2018; 

Mauri et al, 2022), likely due to the comprehensive representation of European 

larch in Piedmont region, encompassing a wide array of the environmental 

conditions across its entire geographic range because of the historical use of the 

species across several altitudinal and ecological gradients (Garbarino et al., 

2011).  

One key limitation of our approach is the absence of accounting for dispersal 

constraints in future scenarios, a factor highlighted in recent research (Mauri et 

al., 2022). 
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4.4.3 SDMs as tools for local forest management 

As previously discussed, SDMs can be particularly important for implementing 

assisted migration and ecological restoration within local reforestation plans 

(Wan et al., 2017; Begemann et al., 2021; Twardek et al., 2023). Advancements 

in forest planning should therefore account for spatial scales of response and 

predictive variables within predictive models, especially given the increasing 

research on microclimate variation based on fine-scale topography and canopy 

cover (Lembrechts et al., 2019b; DeFrenne, et al., 2021; Haesen et al., 2023).  

We advocate for adequate testing of species data (i.e., forest inventories) and 

predictor variables within SDMs for forest planning and management. Fine-scale 

models are valuable for current predictions, particularly when local data sources 

and response data align with the scale of application. Moreover, in our study area, 

fine-scale models appeared to magnify local anthropogenic signals associated 

with the traditional use of sweet chestnut. This result emphasizes the difficulties 

in aligning meaningful spatial scales of ecological processes with available 

climate data, a major challenge especially in long-lasting human-dominated 

mountain systems such as the Alps, where human activities have profoundly 

altered ecosystem spatial patterns (Batzing et al., 1996; Plieninger et al., 2016; 

Zanon et al., 2018). Coarse-scale models, on the other hand, can be trained over 

broader geographic extents, covering a larger portion of a species' niche 

(Anderson & Raza, 2010; Sánchez-Fernández et al., 2011). We should still note 

that SDMs usually refer to the species level, but many adaptation strategies take 

place at the level of genotypes and populations, which are defined at local spatial 

scales. This multi-scale approach can be particularly useful in complex forest 

policy frameworks, where various model scales correspond to different policy 

levels. Indeed, multi-scale approaches can enhance the discussion with 

stakeholders and increase the robustness of predictions (Begemann et al., 2021; 

Sharma et al., 2023). 



158 

 

4.5 Conclusions 

In this study, we explored the importance of spatial scales in Species Distribution 

Models (SDMs), shedding light on their core relevance in ecological research and 

forest management within the context of climate change. Our findings highlight 

the need to adopt fine scales in SDMs. Models built upon local species data (i.e., 

forest inventory) consistently outperformed their coarser counterparts, while 

high-resolution regional climate models allowed for precision in capturing local 

conditions, making them indispensable for current predictions, ecological 

assessments, and localized forest management. 

Fine-scale models not only enhanced accuracy but also magnified local 

anthropogenic influences by emphasizing the profound impact of local traditional 

practices like sweet chestnut and European larch silvicultural systems. In 

contrast, coarse-scale models may miss these nuances, favoring climatic 

suitability over intricate local practices. Therefore, incorporating fine-scale data 

is essential when it aligns with the study's scale of application. 

However, we acknowledge that fine-scale models do not come without problems. 

Niche truncation can occur when response data encompass only a portion of a 

species' ecological niche, potentially affecting future predictive accuracy. 

Therefore, ecologists and forest practitioners should carefully choose the scale of 

response data based on the study's scope and the species under investigation. In 

terms of climate data, while they did not significantly affect model performance, 

their resolution can impact the spatial outcomes of probability of occurrence and 

binary maps. Indeed, using fine-resolution climate data may enhance the 

detection of local warming trends and mesorefugia. 

In the light of the ongoing climate and land use changes, SDMs have an 

increasingly important role in forest planning and management. Considering 

differences in spatial scales, integrating fine-scale models and microclimate data, 

and using hierarchical approaches can enhance the accuracy and reliability of 

species distribution models for ecologists, policymakers, and forest practitioners. 
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Supplementary Materials 

Appendix A4 – Supplementary materials and methods 

Table A4.1 shows relevant information for this study according to the ODMAP 

protocol suggested by Zurell et al. (2020). More details on R packages used and 

the meaning of bioclimatic variables can be found in Table A4.2 and Table A4.3, 

respectively. 

TABLE A4.1. ODMAP protocol for the study (sensu Zurell et al., 2020). 

ODMAP element Contents 

OVERVIEW   

Authorship Authors: Nicolò Anselmetto*, Donato Morresi, 

Simona Barbarino, Nicola Loglisci, Matthew G Betts, 

Matteo Garbarino 

Contact email: *nicolo.anselmetto@unito.it 

Title: Fine-scale tree inventory data improve species 

distribution model predictions 

Model objective Objective: mapping/forecast/comparison of 

biodiversity and climate data. 

Target outputs: continuous occurrence probabilities, 

binary maps, and change in occurrence 

probability/range size. 

Taxon The 22 most common tree species in the alpine region 

of Piemonte, northwestern Italy. 

Location European Alps/Piedmont Region (NW Italy). 

Scale of analysis Spatial extent (Lon/Lat: Longitude 4.88° E - 16.47° 

E, Latitude 43.43° N - 48.37 ° N for the Alps; 

Longitude 6.63° E - 9.21° E, Latitude 44.06 ° N - 

46.46 ° N for Piemonte Region). 

Spatial resolution: 250 m x 250 m. 

Temporal resolution and extent: we modelled 

current (1989-2013) and future (2051-2070) potential 

distribution. For the future, we selected two climate 

scenarios (RCP4.5 and RCP8.5). 

Type of extent boundary: rectangular (Alps) and 

political (Piedmont Region). 
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Biodiversity data 

overview 

Observation type: standardised monitoring (forest 

inventories, FIs) for calibration) and random 

observation for validation. 

Response/Data type: presence/absence data. 

Type of predictors Climate, topography, and soil. 

Conceptual model/ 

Hypotheses 

We modelled the potential distribution of species 

based on their climatic niche and we integrated 

topographic and soil variables to refine these 

predictions at 250 m. We considered the main abiotic 

drivers (climate, topography, soil) and we masked the 

unvegetated surfaces (urban, rocks, water) to 

constrain the distribution of species. We did not 

account for biotic drivers such as competition and 

facilitation and seed dispersal. We accounted for 

abundancy (i.e., relative basal area) of the local FI 

(LFI) led by IPLA for Piedmont by assigning weights 

to the machine learning model. We wanted to 

compare (i) different forest inventories and (ii) 

different climate datasets in species distribution 

models of trees at the local scale. The last aim was to 

forecast future change of distribution for the species. 

Assumptions We assumed that species were at pseudo-equilibrium 

with the environment. We assumed that climate 

drives most of the potential distribution of tree 

species. We assumed independence of species 

observations given the nature of the analyzed taxum. 

We assumed the climatic niches to be constant for 

future forecasting and that the correlation structure 

between predictors does not change between current 

and future time. We assumed neglectable observation 

bias issues both from an ecological and spatial point 

of view and we excluded imperfect detection because 

of the standardized and all encompassing monitoring 

approach of FIs. We masked unvegetated areas to 

further constrain species distribution but we 

intentionally included grasslands, meadows, prairies, 

and croplands to account for possible future forest 

gain due to post-abandonment or policy. We did not 

encompass the entire realised niche of the species 

when projecting into future time to account for 

population differences within a small region. 
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SDM algorithms Algorithms: the final SDMs were fitted using 

Bayesian Additive Regression Trees (BARTs). We 

selected this particular machine learning algorithm 

because of its capability of providing model 

uncertainties based on posterior probabilities 

(Carlson, 2020), its flexibility, and its good 

accuracy/calibration. 

Model complexity: no parameters were chosen for 

SDMs tuning since BART proved to provide similar 

results than ensemble modeling and fine tuned 

machine learning algorithms (e.g., RF) with default 

settings, allowing for good accuracies while 

preventing excessive overfitting (e.g., Baquero et al., 

2021). 

Model workflow For the local forest inventory, we used the abundance 

(i.e., relative basal area) as weights within the 

regression algorithm. 

Software, 

codes and data 

Software: all analyses were conducted using R 

version 4.2.3 (R Core Team, 2023) with packages in 

the Supplementary Material. 

Code availability: Codes are available upon request. 

Data availability: Data are available upon request. 

  

DATA   
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Biodiversity data Taxon names: Abies alba Mill., Acer campestre L., 

Acer pseudoplatanus L., Alnus glutinosa (L.) Gaertn., 

Betula pendula Roth, Carpinus betulus L., Castanea 

sativa Mill., Fagus sylvatica L., Fraxinus excelsior 

L., Fraxinus ornus L., Larix decidua Mill., Picea 

abies (L.) H. Karst., Pinus cembra L., Pinus nigra 

J.F.Arnold, Pinus sylvestris L., Populus tremula L., 

Prunus avium L., Quercus petraea (Matt.) Liebl., 

Quercus pubescens Willd., Quercus robur L., Robinia 

pseudoacacia L., Sorbus aucuparia L. 

Detalis on taxonomic reference system: standard 

biologic taxonomy. 

Ecological level: species. 

Biodiversity data source: Piedmont Local Forest 

Inventory led by IPLA and EU-Forest (Mauri et al., 

2017) for calibration, GBIF and LUCAS 

(EUROSTAT, 2017) for validation. 

Sampling design: uniform (IPLA LFI, EU-Forest 

AFI; LUCAS for validation) or unknown (GBIF for 

validation). We assumed the data position to be 

precise within the pixel dimension of 250 m. 

Prevalence per taxon: Abies alba Mill. (0.06/0.20), 

Acer campestre L. (0.02/0.04), Acer pseudoplatanus 

L. (0.09/0.09), Alnus glutinosa (L.) Gaertn. 

(0.02/0.02), Betula pendula Roth (0.03/0.04), 

Carpinus betulus L. (0.03/0.06), Castanea sativa 

Mill. (0.37/0.03), Fagus sylvatica L. (0.25/0.14), 

Fraxinus excelsior L. (0.14/0.02), Fraxinus ornus L. 

(0.05/0.01), Larix decidua Mill. (0.15/0.05), Picea 

abies (L.) H. Karst. (0.06/0.12), Pinus cembra L. 

(0.01/0.00), Pinus nigra J.F.Arnold (0.01/0.01), Pinus 

sylvestris L. (0.07/0.03), Populus tremula L. 

(0.04/0.00), Prunus avium L. (0.17/0.00), Quercus 

petraea (Matt.) Liebl. (0.13/0.01), Quercus pubescens 

Willd. (0.07/0.02), Quercus robur L. (0.09/0.00), 

Robinia pseudoacacia L. (0.20/0.00), Sorbus 

aucuparia L. (0.04/0.00). The first number indicates 

the prevalence in the LFI dataset, the second refers to 

the AFI (EU-Forest at the local extent). 
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  Country mask: rectangular bounding box for the 

Alpine Region (France, Italy, Switzerland, 

Luxembourg, Germany, Austria, Slovenia). 

Administrative box on Piedmont Region (Italy). 

Data cleaning/filtering: to overcome the uneven 

sampling intensity and point clustering, we thinned 

points using a custom function. A distance of 500 m 

was considered as the minimum distance between the 

points, to harmonize the sampling intensity between 

presence and absence data. 

Potential biases: spatial density of occurrence data 

varies within the study area  and  across  different  

species  for the EU-Forest dataset resulting in over- or 

under-represented areas. The spatial precision of 

point positioning could be low but we consider it to 

be <250m (pixel dimension). 

Data partitioning A 5-fold spatial cross validation was used to partition 

the data for model validation. Spatial partitioning of 

data followed a spatial blocking with a variable 

blocking factor based on the median of five ranges 

over which observations are independent. The ranges 

are determined by constructing empirical variograms 

for measuring spatial autocorrelation. When the range 

was > 15 000 m, we used 10 000 m as block-size 

dimension. 
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Predictor variables Predictor variables: 

▪ Climate: monthly mean, maximum, and minimum 

temperature and monthly precipitation and 19 

bioclimatic variables. Monthly values were averaged 

over the time (1989-2013 for current, 2051-2070 for 

future). We compared two datasets; an Alpine 

Climate Dataset (ACD) from CHELSA v1.2 (Karger 

et al., 2017) for the Alpine space and a Local Climate 

Dataset (LCD) derived from the Very High 

Resolution (VHR) climate data derived from a 

dynamic downscaling through the Regional 

Circulation Model COSMO (Raffa et al., 2021) for 

Piedmont Region as part of the European project 

Highlander. 

▪ Topography: mean and standard deviation of 

elevation, slope, heat load index, topographic position 

index, and topographic roughness index. 

▪ Soil: pH and soil organic carbon between 0 and 15 

cm depth. 

Data sources:  

▪ Climate: time series of temperature and 

precipitation were downloaded from CHELSA v1.2 

(https://chelsa-climate.org/downloads/). Bioclimatic 

variables were derived from these predictors. 

COSMO-CLM data are available in the Highlander 

project portal (https://dds-

dev.highlander.cineca.it/app/datasets). 

▪ Topography: elevation was downloaded from the 

spaceborn improved-terrain MERIT DEM 

(https://hydro.iis.u-

tokyo.ac.jp/~yamadai/MERIT_DEM/). All the other 

topographic variables were derived from elevation 

(DEM). 

▪ Soil: soil variables were downloaded from the 

SoilGrids250m v2.0 (https://soilgrids.org/). 

Spatial resolution of raw data: the original 

resolution of topography was 3" (~90 m at 45° of 

latitude). The original resolution of the ACD was 1 

km. The original resolution of the LCD data was 

0.02° (~1.8 km at 45° of latitude). Soil variables were 

available at 250-m resolution. 
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  Map projection: all layers were reprojected in 

EPSG:3035 coordinate reference system. 

Temporal resolution and extent of raw data: 

current climate referred to 1989-2013, future climate 

referred to 2051-2070. We used average monthly 

values and derived annual and seasonal bioclimatic 

variables. We considered topography and soil to be 

stable variables over long-term. 

Data preprocessing: all data were resampled to 250 

m to match the spatial resolution of the LFI grid. 

Dimension reduction: we used variance inflation 

factor (VIF) and Pearson's correlation to reduce the 

number of variables and their multicollinearity. 

Transfer data for 

projection 

Scenarios: we projected future presence probability 

under two IPCC's scenarios; RCP4.5 and RCP8.5. 

MODEL   

Variable pre-selection 

Multicollinearity 

We reduced the number of initial variables through a 

variable pre-selection based on the correlation 

between variables and the variance inflation factor 

(VIF) through the function vifcor of the package 

usdm (Naimi et al., 2014).  The function first pairs 

variables with a linear correlation higher than a pre-

selected threshold and excludes the one with a greater 

VIF. The procedure is iterated until no pair of 

variables with a high correlation remains. We used 

Pearson’s as correlation method and 0.9 as 

coefficient. Our aim was to avoid highly correlated 

variables and speed-up the computation time even if 

BART is considered to be robust against 

multicollinearity. 

Model settings We used BARTs with default settings of the 

embarcadero package; in particular, 200 trees, 

1000 posterior draws, 100 Markov Chain Monte 

Carlo iterations, 100 possible values used in decision 

rules. 

Model estimates Variable importance (vimp) was calculated. 

Non-indipendence 

correction/analyses 

Spatial autocorrelation was considered when 

calculating the accuracy through the 5-fold spatial 

block cross validation procedure, using the mean 

range of spatial autocorrelation as block-size 

dimension. When the range was > 15 000 m, we used 

10 000 m as block-size dimension. We assessed 
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spatial autocorrelation using automatic variograms 

fitted through the R package automap (Hiemstra et 

al., 2009). 

Threshold selection We converted continuous probability maps into 

binary maps. We derived the binary maps using the 

value that maximized the TSS as threshold. We tested 

three different widely applied thresholds; minimum 

training presence (MTP, sometimes also called lowest 

presence threshold), 10th percentile of the predicted 

values (P10), and maximum of TSS (maxTSS). From 

an ecological perspective, we considered MTP to be 

too permissive, and presences were too widely 

distributed. Comparing the P10 and maxTSS 

approach, we observed a high degree of similarity 

between the two, and we selected the latter since it is 

considered the most conservative approach (Hintze et 

al., 2021). 

ASSESSMENT   

Performance statistics Performance was assessed by accuracy and 

calibration both on validation data using a 5-fold 

spatial block cross validation with the mean range of 

spatial autocorrelation as block-size dimension and on 

truly independent data derived from GBIF and 

LUCAS. We used a rectangular bounding box for the 

spatial extent of independent data to include points 

just outside the administrative Piemonte Region and 

evaluate the applicability and transferability of the 

models outside the calibration area. We analyzed and 

tested different accuracy metrics to compare 

biodiversity and climate data. We employed both 

threshold-dependent (TSS, Specificity, Sensitivity) 

and -independent (AUC) metrics. We used the 

threshold that maximized the TSS as threshold. We 

used Pearson's correlation (COR) to test for 

calibration and generalizability. 

Plausibility check We compared the maps resulting from our models 

with distribution maps from European Atlas of Forest 

Tree Species. We also used variable importance plots 

(vimps) to check the plausibility of the predictions. 
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PREDICTION   

Prediction output Prediction unit: we derived continuous probability, 

uncertainty, and binary maps.  

Post-processing steps: we used Corine Land Cover 

(CLC) to mask unvegetated areas (i.e., urban areas, 

rocks and water). 

Uncertainty 

quantification 

Uncertainty maps derived based on the 5th and 95th 

percentile of the probability distribution obtained 

through the Bayesian approach. 

 

 

TABLE A4.2. List of R packages used in the analysis with citations. 

Package name Version Citation Purpose 

ade4 v1.7-22 Dray & Dufour, 2007 Perform PCA 

automap v1.1-9 Hiemstra et al., 2008 Creation of variograms 

blockCV v3.1-3 Valavi et al., 2019 Spatial block cross-validation 

corrplot v0.92 Wei et al., 2017 Creation of correlograms 

doParallel v1.0.17 Corporation & Weston, 2022 Parallelization of multiple 
tasks 

embarcadero v1.2.0 Carlson, 2020 Training of BART's SDMs 

emmeans v1.8.7 Lenth, 2023 Compute joint tests of models 
and perform post-hoc 

fitdistrplus v1.1-11 Delignette-Muller & Dutang, 
2015 

Test and assess distributions 
of models performance 
metrics 

foreach v1.5.2 Microsoft & Weston, 2022 Parallelization of multiple 
tasks 

GenAlgo v2.2.0 Coombes, 2020 Compute Mahalanobis 
distance between vectors 

ggplot2 v3.4.3 Wickham, 2016 Creation of graphs 

ggradar v0.2 Bion, 2023 Creation of radar plots 

ggridges v0.5.4 Wilke, 2022 Creation of ridgeline plots 

lme4 v1.1-34 Bates et al., 2014 Fit generalized linear mixed-
effects model on models 
performance 

modEvA v3.82 Barbosa et al., 2013 Models accuracy assessment 
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overlap v0.3.4 Ridout & Linkie, 2009 Calculate the coefficient of 
overlapping between two 
distributions 

raster v3.6-23 Hijmans, 2023 Manipulation of spatial raster 
data 

sf v1.0-8 Pebesma & Bivand, 2023 Manipulation of spatial vector 
data 

terra v1.7-39 Hijmans, 2023 Manipulation of spatial raster 
data 

tidyverse v1.3.1 Wickham et al., 2019 Manipulation of data 

tmap v3.3-2 Tennekes, 2018 Creation of maps 

usdm v2.1-6 Naimi et al., 2014 Variable selection based on 
VIF 

 

TABLE A4.3. List of the 19 bioclimatic predictors calculated for the LCD and ACD. 

Code Meaning Formula 

bio_01 Annual mean temperature - 

bio_02 Mean diurnal range Mean of monthly (max temp - min temp) 

bio_03 Isothermality (bio_02/bio_07) * 100 

bio_04 Temperature seasonality Standard deviation of monthly mean 
temp. * 100 

bio_05 Maximum temperature of the warmest 
month 

- 

bio_06 Minimum temperature of the coldest 
month 

- 

bio_07 Temperature annual range bio_05 – bio_06 

bio_08 Mean temperature of the wettest 
quarter 

- 

bio_09 Mean temperature of the driest 
quarter 

- 

bio_10 Mean temperature of the warmest 
quarter 

- 

bio_11 Mean temperature of the coldest 
quarter 

- 

bio_12 Annual precipitation - 

bio_13 Precipitation of the wettest month - 

bio_14 Precipitation of the driest month - 



178 

 

bio_15 Precipitation seasonality Coefficient of variation of monthly 
precipitation 

bio_16 Precipitation of the wettest quarter - 

bio_17 Precipitation of the driest quarter - 

bio_18 Precipitation of the warmest quarter - 

bio_19 Precipitation of the coldest quarter - 
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Appendix B4 – Supplementary Results 

The Appendix B4 contains information about predictors (Figures B4.1 and B4.2 

about future climate, Figures B4.3 to B4.5 show variograms about the spatial 

autocorrelation of the selected predictors) and model outputs. Table B4.1 contains 

information about the GLMM outputs on cross-validation and independent model 

performance to assess differences among frameworks and species and climate 

data. Reliability is reported both in terms of visual comparison to different data 

sources (Figures B4.6 to B4.8) and relative variable importance (Figures B4.9 to 

B4.11). Figures B4.12 to B4.14 show current and future (RCP 4.5 and RCP 8.5) 

probability of occurrence for the species not reported in the main text. Finally, 

Figure B4.15 reports boxplots of change in probability of occurrence for the 

species not reported in the main text. 

  



181 

 

TABLE B4.1. Transformation, family, and p-values resulting from the GLMM models for the 

comparison of performance metrics (AUC, TSS, F1, and Pearson’s correlation) according to species 

data (local vs broad inventory), climate data (local vs broad climate), and a combination of the two 

(frameworks, n = 5). 

Cross-validation 

Metric Grouping factor Transformation Family p-value   

AUC framework none Gamma 0.004 ** 

 
species data - - 0.002 ** 

 
climate data - - 0.900 ns 

TSS framework none Gaussian 0.998 ns 

 
species data - - 0.761 ns 

 
climate data - - 0.959 ns 

F1 framework logarithmic Gamma <0.001 *** 

 
species data - - <0.001 *** 

 
climate data - - 0.299 ns 

COR framework none Gaussian <0.001 *** 

 
species data - - <0.001 *** 

  climate data - - 0.397 ns 

Independent validation 

Metric Grouping factor Transformation Family p-value   

AUC framework square root Gaussian 0.023 * 

 
species data - - 0.003 ** 

 
climate data - - 0.200 ns 

TSS framework square root Gaussian 0.451 ns 

 
species data - - 0.133 ns 

 
climate data - - 0.691 ns 

F1 framework logarithmic Gaussian(log) 0.446 ns 

 
species data - - 0.121 ns 

 
climate data - - 0.962 ns 

COR framework logarithmic Gaussian 0.371 ns 

 
species data - - 0.050 ns 

  climate data - - 0.781 ns 
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TABLE B4.2. Correlation between spatial predictions for current, RCP 4.5, and RCP 8.5 scenarios 

between the fine-scale and the coarse-scale models. 

  Pearson correlation 

Species Current RCP 4.5 RCP 8.5 

Silver fir 0.57 0.51 0.44 

Black alder 0.55 0.61 0.53 

Sycamore 0.50 0.24 0.21 

Field maple 0.29 0.42 0.44 

European birch 0.50 0.49 0.56 

European hornbeam 0.73 0.63 0.60 

Sweet chestnut 0.73 0.47 0.61 

European ash 0.19 0.40 0.39 

Manna ash 0.61 0.78 0.82 

European beech 0.83 0.65 0.69 

European larch 0.88 0.88 0.89 

Norway spruce 0.64 0.50 0.49 

Swiss stone pine 0.38 0.64 0.63 

Black pine 0.18 0.31 0.39 

Scots pine 0.51 0.29 0.22 

Common aspen 0.23 0.08 0.12 

Wild cherry 0.26 0.21 0.25 

Pedunculate oak 0.67 0.60 0.70 

Downy oak 0.27 0.36 0.31 

Sessile oak 0.06 0.04 -0.01 

Black locust 0.78 0.70 0.72 

Rowan 0.24 0.39 0.48 
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FIGURE B4.1. Spatial (a, b) and temporal (c, d) distribution of mean temperature (a, c) and 

precipitation (b, d) of the two climate datasets (LCD = COSMO-CLM and ACD = CHELSA v1.2) 

for the period 2051-2070 under the RCP4.5 scenario. 
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FIGURE B4.2. Spatial (a, b) and temporal (c, d) distribution of mean temperature (a, c) and 

precipitation (b, d) of the two climate datasets (LCD = COSMO-CLM and ACD = CHELSA v1.2) 

for the period 2051-2070 under the RCP8.5 scenario. 
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FIGURE B4.3. Experimental and fitted model variograms for 18 variables. a) to i) selected 

bioclimatic variables for the ACD; j) to p) precipitation for the selected months for the ACD; q) 

and r) the first two selected bioclimatic variables for the LCD. 
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FIGURE B4.4. Experimental and fitted model variograms for 18 variables. a) to g) remaining 

selected bioclimatic variables for the ACD; h) to n) precipitation for the selected months for the 

ACD; o) median elevation; p) and q) median and standard deviation of the HLI; r) soil pH.  
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FIGURE B4.5. Experimental and fitted model variograms for 18 variables. a) and b) median and 

standard deviation of slope; c) soil organic Carbon; d) and e) median and standard deviation of TPI. 
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FIGURE B4.6. Comparison between the current potential suitable range of European beech Fagus 

sylvatica expressed by the two scales (Fine = local species data + local climate in blue and coarse 

scale = broad species data + broad climate at the extent of the Alpine region in red). The two outputs 

were compared to the Piedmont Forest Map of 2016 (filtered only for the selected forest type) and 

the geographic range for Europe derived from Caudullo et al. (2017). Panel (a) shows an overlook 

of the entire administrative area, panels (b) and (c) show two closeups corresponding to the (b) 

Northern and (c) rectangular red boxes in panel (a). 
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FIGURE B4.7. Comparison between the current potential suitable range of European larch Larix 

decidua expressed by the two scales (Fine = local species data + local climate in blue and coarse 

scale = broad species data + broad climate at the extent of the Alpine region in red). The two outputs 

were compared to the Piedmont Forest Map of 2016 (filtered only for the selected forest type) and 

the geographic range for Europe derived from Caudullo et al. (2017). Panel (a) shows an overlook 

of the entire administrative area, panels (b) and (c) show two closeups corresponding to the (b) 

Northern and (c) rectangular red boxes in panel (a). 
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FIGURE B4.8. Comparison between the current potential suitable range of Scots pine Pinus 

sylvestris expressed by the two scales (Fine = local species data + local climate in blue and coarse 

scale = broad species data + broad climate at the extent of the Alpine region in red). The two outputs 

were compared to the Piedmont Forest Map of 2016 (filtered only for the selected forest type) and 

the geographic range for Europe derived from Caudullo et al. (2017). Panel (a) shows an overlook 

of the entire administrative area, panels (b) and (c) show two closeups corresponding to the (b) 

Northern and (c) rectangular red boxes in panel (a). 
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FIGURE B4.9. Radar plots of the relative variable importance for each species. Variables were 

grouped into four groups (Table 4.2) using the mean value of the relative importance of the different 

variables. 
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FIGURE B4.10. Radar plots of the relative variable importance for each species. Variables were 

grouped into four groups (Table 4.2) using the mean value of the relative importance of the different 

variables. 
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FIGURE B4.11. Radar plots of the relative variable importance for each species. Variables were 

grouped into four groups (Table 4.2) using the mean value of the relative importance of the different 

variables. 
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FIGURE B4.12. Probability of presence of six species (silver fir, black alder, sycamore, field 

maple, European birch, and European hornbeam) for current and future (RCP 4.5 and RCP 8.5) 

scenarios for fine-scale (local species data + local climate, upper rows) and coarse-scale (broad 

species data + broad climate at the alpine extent, lower rows) models. 
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FIGURE B4.13. Probability of presence of six species (European ash, manna ash, Norway spruce, 

Swiss stone pine, black pine, and wild cherry) for current and future (RCP 4.5 and RCP 8.5) 

scenarios for fine-scale (local species data + local climate, upper rows) and coarse-scale (broad 

species data + broad climate at the alpine extent, lower rows) models. 



196 

 

 

FIGURE B4.14. Probability of presence of five species (pedunculate, downy, and sessile oak, black 

locust, and rowan) for current and future (RCP 4.5 and RCP 8.5) scenarios for fine-scale (local 

species data + local climate, upper rows) and coarse-scale (broad species data + broad climate at 

the alpine extent, lower rows) models. 
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FIGURE B4.15. Boxplots representing the suitability change of nine species according to the two 

climate scenarios (RCP 4.5 and RCP 8.5) and the input dataset (fine = local species data + local 

climate, coarse = broad species data + broad climate at the extent of the Alps).  aa = silver fir, ag = 

black alder, ap = sycamore, at = field maple, bp = European birch, cb = European hornbeam, fo = 

manna ash, pc = Swiss stone pine, pn = black pine, pt = Common aspen, pv = wild cherry, su = 

rowan. 
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Abstract 

Species Distribution Models (SDMs) are among the most employed statistical 

models in conservation biology, global change assessment, and spatial 

prioritization. It is common to model heterogeneity in the data with coarse scale 

temporal macroclimate, which fails to represent conditions at an individual scale 

but neglects the thermal conditions experienced by most organisms. Further, most 

SDMs use occurrence data from short-term studies but make long-term 

predictions to future conditions implying stationarity in the environmental 

conditions. Our aim was to compare four modeling frameworks that varied the 

temporal extent (short term [1 year] versus long term [10 years]) and resolution 

of occurrence and microclimate data. We expected that long-term data and fine-

resolution models should provide more accurate model predictions because they 

integrate variability in population sizes under varying conditions. 

We used a 10-year (2010-2019) time series of annual bird observations across 

184 plots in the H.J. Andrews Experimental Forest, Cascade Range, Oregon 

(USA) to construct response variables, and gridded maps of microclimate 

temperatures of below-canopy hourly data and LiDAR-derived vegetation 

variables as predictors. We evaluated each model through a temporal leave-one-
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out cross-validation to assess model performance and tested for differences in 

model performance as function of the modeling scenarios and functional traits of 

the species. 

Temporally dynamic (long-term) models with higher resolution outperformed 

short-term approaches both in terms of accuracy and calibration. Model 

performance and similarity between spatial predictions were higher for migratory 

species than for sedentary and partially migratory species. Models for small bird 

species performed better as the temporal resolution increased, whereas for long-

lived species with larger body sizes dynamic approaches yielded no or little 

improvement. We advocate for increasing the temporal range of response and 

predictor variables in SDMs to boost accuracy and reliability of landscape-scale 

species distributions, especially when dealing with highly mobile and short-lived 

organisms. 

Keywords: species distribution models, birds distribution, old-growth forests, 

long-term observations, microclimate, temporal resolution. 

5.1 Introduction 

Species Distribution Models (SDMs) have emerged as indispensable tools in 

ecological research, finding widespread applications in conservation biology 

(Guisan et al., 2013; Bai et al., 2020; Zurell et al., 2022), global change 

assessment (Bellard et al., 2013; Dyderski et al., 2018; Newbold et al., 2020), and 

spatial prioritization (Carroll et al., 2010; Adams et al., 2012; Bicknell et al., 

2017), growing rapidly in popularity over the past two decades (Zurell et al., 

2020, 2022). While SDMs have provided valuable insights into the potential 

impacts of climate change and the identification of critical conservation areas, 

they have mainly operated at a coarse spatiotemporal scale (Araújo et al., 2019). 

Most of SDMs are trained at broad spatial and temporal extent, primarily 

associated with free-air climatic datasets with a resolution of 30 arc seconds, such 

as the widely used WorldClim (Fick & Hijmans, 2017) and CHELSA (Karger et 

al., 2017). Indeed, these models have frequently overlooked the finer details of 
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ecological dynamics, particularly in terms of temporal and spatial resolution. 

From a spatial perspective, most SDMs operate at a broad scale. Global-scale 

models are usually used to delimitate and characterize biomes (e.g., Moonlight et 

al., 2020) or assess global patterns of species occurrence and abundance (e.g., 

Newbold et al., 2020), while regional-scale models focus on the climatic 

distribution of individual species (e.g., Hermosilla et al., 2022). However, 

conservation initiatives often necessitate a more nuanced approach that operates 

dynamically at the landscape scale (Guisan et al., 2013; Mateo et al., 2019). 

Indeed, since models may not match the scale of the problem, only 1-5% of 

correlative SDM studies produced clear management decisions (Guisan et al., 

2013; Araújo et al., 2019). 

Microclimate is an emerging topic with recently increasing popularity in 

ecological analyses. Recent studies have emphasized the need of including 

microclimatic data in SDMs, as neglecting this crucial factor can lead to 

overestimates of the effects of global changes across various spatial scales 

(Lenoir et al., 2017; Lembrechts et al., 2019; Haesen et al., 2023; Maclean & 

Early, 2023). Haesen et al. (2023) demonstrated the benefits of integrating 

microclimatic data into SDMs for plant species across Europe. Indeed, the effect 

of forest cover and topography can buffer or even decouple microclimates from 

free-air climate conditions (De Frenne et al., 2021; Lembrechts, 2023). In old-

growth mountain forests, characterized by complex forest structures and 

topography, the abiotic conditions experienced by organisms can differ extremely 

from above-canopy conditions and can show strong gradients within a short 

distance (Frey et al., 2016; Wolf et al., 2021; Máliš et al., 2023). Distributions of 

long-living static organisms such as trees depend more on longer term patterns of 

air temperature, and adults can persist outside their optimal climatic niche for 

many years, but success during critical life history phases such as seedling 

establishment is strongly influenced by inter- and even intra-annual shifts in 

microclimate (Lembrechts et al., 2019). Conversely, animals have the potential 

to buffer their environment through movement. In general, larger organisms tend 
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to have broader environmental ranges and, consequently, a greater capacity to 

buffer their environment. This capacity is contingent on the conditions offered by 

their habitat (e.g., Pincebourde & Casas, 2019). Small animals, on the other hand, 

often operate within more confined ecological niches. 

Conventional SDMs are typically static in time, integrating species occurrence 

and environmental variables that are either a single frame in time (low temporal 

extent) or an average of several annual or seasonal conditions (coarse temporal 

resolution) (Milanesi et al., 2020). By doing that, these models struggle to capture 

the temporal variability of ecological systems, such as inter- or intra-annual 

climate fluctuations or shifts in resource availability, assuming equilibrium and 

predicting stationarity (Milanesi et al., 2020; Zurell et al., 2022). Nevertheless, 

mobile species, particularly birds and mammals, often exhibit significant year-to-

year variations in their distribution patterns because they can cope with those 

temporal fluctuations, especially at the landscape scale (Chávez-González et al., 

2020). This dynamism necessitates a shift towards dynamic landscape-scale 

SDMs that incorporate temporal variability and microclimatic data, offering a 

more realistic representation of species distribution in the face of global change 

(Lembrechts et al., 2019). 

Based on these gaps of knowledge, the aim of this study is to model the 

distribution of several bird species across ten years within an experimental forest 

in the Cascades Range of North-West USA, characterized by large patches of old-

growth stands. Our general objectives were (i) to compare the accuracy, 

calibration, and predictions of different modeling frameworks based on a gradient 

of temporal resolutions to assess the reliability of dynamic models, (ii) to evaluate 

the transferability of these models to different years, and (iii) to examine the 

dissimilarities in spatial predictions. We did this by testing four different 

correlative SDM frameworks: (i) a framework based on a random year of species 

observations and environmental conditions, (ii) a framework based on average of 

microclimate conditions across ten years using presences in a plot where a species 

was recorded at least once and temporal abundance (number of occurrences/10 
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years) as weight within the models, (iii) a long-term ensemble of annual models 

through an average of probability of occurrence for each year, and (iv) a fully 

dynamic SDM approach accounting for spatiotemporal autocorrelation. 

A central hypothesis guiding this research is that species with distinct functional 

traits may respond differently to modeling frameworks. We hypothesized that (i) 

migratory species would benefit more from dynamic models than sedentary 

species; and (ii) large birds with greater longevity should show worse results than 

smaller birds, and their accuracy should increase using a finer temporal 

resolution. 

5.2 Material and methods 

5.2.1 Study area 

The study area is the H.J. Andrews Experimental Forest (HJA), situated within 

the Willamette National Forest of western Oregon, US (44.23°N, 122.188° W; 

Figure 5.1). Encompassing 6400 hectares in the Cascade Range, the forest's 

elevation spans from 407 to 1632 m a.s.l. Douglas fir (Pseudotsuga menziesii 

(Mirb.) Franco) and western hemlock (Tsuga heterophylla (Raf.) Sarg.) dominate 

the lower elevation, while the upper portion of the watershed features Pacific 

silver fir (Abies amabilis (Douglas ex Loudon) J. Forbes), noble fir (Abies 

procera Rehder), and mountain hemlock (Tsuga mertensiana (Bong.) Carr.). 

Most of the area consists of old-growth forest stands with complex vertical 

structure and age-class distributions and a smaller portion is covered by mountain 

meadow and shrubland. Approximately 25% of the HJA consists of closed-

canopy second growth forest (25-70 years old) planted or naturally regenerated 

following clearcut, shelterwood or partial retention harvests (Kim et al., 2022). 

These second growth stands are characterized by distinct canopy and understory 

strata, the former dominated by Douglas fir (or noble fir at higher elevations) and 

the latter by shade-tolerant juvenile trees and shrubs (Figure 5.1b). The climate 

at HJA is marine temperate with an annual mean temperature of 9°C. Annual 

precipitation ranges from 1660 to 2810 mm and occurs especially from October 
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to April. Elevation, topography, and vegetation structure drive microclimate 

conditions within the area (Figure 5.1c; Frey et al., 2016; Wolf et al., 2021).  

For this study, we used bird and microclimate sampling locations (n = 184) 

according to a systematic and stratified sampling design (Schulze et al., 2023), as 

previously described by Frey et al. (2016), Wolf et al. (2021), and Kim et al. 

(2022). The points were stratified across gradients in elevation (460–1558 m), 

vegetation structure (plantations, n = 66 vs. primary forest, n = 118) and distance 

from roads.  

 

FIGURE 5.1. (a) Location of the study area (H.J. Andrews Experimental Forest) within the 

Northwestern US and the Cascade Range. (b) Map of the vegetation height (from CHM) and 

sampling locations for birds occurrence and temperature data loggers. (c) Mean of maximum daily 

spring temperatures and elevation belts. 
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5.2.2 SDM framework overview 

In the next sections, we describe the SDM framework according to the ODMAP 

(Overview, Data, Model, Assessment, and Prediction) protocol for Species 

Distribution Models (Zurell et al., 2020) (refer to the Supplementary Materials 

for additional details). We operated under the following assumptions: (i) the 

distribution of our focal bird species within the landscape is mostly driven by 

microclimate conditions and forest structure (Kim et al., 2022); (ii) species are at 

(pseudo-) equilibrium with the environment (i.e., the species occupies all suitable 

habitats within the landscape); (iii) bird count sampling is both adequate and 

representative, with negligible detection errors, and unbiased species 

identification, (iv) vegetation and forest structure remain static over time (10 

years).  

All the analyses were conducted in R version 4.2.3 (R Core Team, 2023) (See 

Supplementary Materials for R packages used in the analyses). 

5.2.3 Species data 

We used a 10-year avian point count inventory spanning from 2010 to 2019 and 

based on the work of Kim et al. (2022). Avian point count surveys, each lasting 

10 minutes, were conducted between 5:00 and 10:30 a.m. at 184 designated 

points during the breeding season from May to July (Figure 5.1b). Surveyors 

visited each point up to six times from 2010 to 2013 and up to 4 times from 2014 

to 2019 (see Kim et al., 2022 for additional details). We considered 37 species 

(49% of the 75 species detected in total) for which model calibration and 

validation was possible. This exclusion was due to some species having only 

observed presences or absences for a limited number of years, rendering us 

unable to effectively calibrate and validate species distribution models at the 

landscape scale. 

To complement our avian data, we obtained functional traits (i.e., morphological, 

ecological, and geographical traits) for each species from the AVONET dataset 

(Tobias et al., 2022). We applied a principal component analysis (PCA) as a data 
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reduction analysis to reduce the number of variables. Further information 

regarding species codes, names, and functional traits can be found in the 

Supplementary Materials. 

5.2.4 Environmental predictors 

5.2.4.1 Climate data 

To assess the microclimate conditions of the landscape, we used data from 184 

temperature and light data loggers placed at bird count stations. The sensors we 

used were HOBO Pendant® Temperature/Light Data Logger (Onset Computer 

Corporation), affixed to posts at 1.5 m above the ground, facing south, and 

shielded by a radiation shield made with PVC pipes (see Frey et al., 2016 for 

detailed specifications). Data loggers collected temperature and light intensity 

every 20 minutes. We filtered and cleaned temperature data to exclude errors.  

For our analysis, we used undercanopy daily minimum, mean, and maximum 

temperatures from 2009 to 2019. We derived a set of temperature metrics (n = 

56), including monthly and seasonal minimum, mean, maximum, and standard 

deviation, growing degree days (GDD), and cooling degree days (CDD). Notably, 

we calculated these metrics using monthly values from the month of July of the 

previous year to the month of June of the reference year to capture the 

microclimate of one year before species observation. For instance, when referring 

to the microclimate of 2015, we considered data from the 1st of July 2014 to the 

30th of June 2015. To create comprehensive microclimate maps for the 

landscape, we followed the procedure outlined by Wolf et al. (2021). We used 

BRT models trained on the different microclimate variables as responses and 

vegetation, elevation, and microtopography (i.e., slope, aspect, topographic 

wetness index, and topographic position index) as predictors (Frey et al., 2016; 

Wolf et al., 2021). We generated these maps at 25-m resolution. Further details 

about vegetation variables can be found in Supplementary Materials. 

5.2.4.2 Vegetation structure 
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We obtained several vegetation variables (n = 10) from a LiDAR flight (Oregon 

Lidar Consortium, 2016) operated between May and June 2016 using a Leica 

ALS80 sensor and capturing an average of 12.64 points per square meters 

(Oregon Lidar Consortium, 2016). The derived variables encompassed canopy 

cover, canopy point density, and several height metrics. We resampled vegetation 

structure raster data to 25-m resolution to ensure consistency. 

5.2.4.3 Variable pre-selection 

From an initial pool of 66 variables, we performed variable pre-selection by 

considering the correlation between variables (threshold = 0.90) and the variance 

inflation factor (VIF). This pre-selection was executed for each year (n = 10), and 

we retained variables occurring more than 5 times. Our aim was to speed-up the 

computation time and avoid highly correlated variables even if BRT is considered 

to be robust against multicollinearity. We obtained a final set of 41 variables 

(microclimate variables n = 32, vegetation structure variables n = 9) for our 

analysis (detailed information can be found in Supplementary Materials). 

5.2.5 Species distribution modeling 

We built species distribution models using boosted regression trees (BRTs) 

through the dismo R package v1.3-14 (Hijmans et al., 2023) and the 

dynamicSDM R package v1.3.2 (Dobson et al., 2023), both acting as wrappers 

for the gbm package (Greenwell et al., 2019). BRTs are machine learning models 

based on an ensemble of trees and are widely recognized as effective methods in 

species distribution modeling. Within a BRT framework, multiple decision trees 

sequentially predict residuals from the preceding tree. This boosting forward-

fitting technique enhances the diversity of trees in an ensemble, improving 

predictive performance and resulting in an additive regression model (Elith et al., 

2008). Several studies showed good to excellent predictive performance of BRTs 

in SDMs compared to other fine-tuned models or ensemble modeling methods 

(e.g., Elith et al., 2008; Valavi et al., 2022) We used BRTs optimization to 
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improve modeling performances of the different frameworks (refer to the 

Supplementary Materials). 

We employed four distinct modeling frameworks based on their temporal extent 

and resolution, spanning from fully static to fully dynamic approaches to assess 

the interplay between species occurrence and environmental conditions.  

5.2.5.1 Random year 

We used the Random Year (RAY) approach to obtain the coarsest combination 

of temporal resolution and extent, capturing species response and environmental 

conditions within a single year of data collection (Figure 5.2a). We randomly 

selected one year from the 10 years of available data for calibration, creating a 

snapshot in time of species distribution. This accessible approach aligns with 

standard SDM applications, and we applied the RAY framework to 37 different 

species. 

5.2.5.2 Temporal occupancy 

We adapted our second modeling framework from the temporal occupancy 

framework described by Snell Taylor et al. (2021) (Figure 5.2b). The Temporal 

Occupancy (TOC) approach combines average environmental conditions 

(temporal extent = 10, temporal resolution = 1) with dynamic species responses 

(temporal extent = 10, temporal resolution = 10). By weighting BRT models with 

the proportion of times a species was observed over the 10 years (i.e., temporal 

abundance), this approach accounts for inter-annual variability. This approach is 

accessible for annual monitoring datasets. We applied the TOC framework to 32 

different species. 

5.2.5.3 Long-term ensemble 

We built Long-term Ensemble (LTE) models by creating year-specific models 

correlating year-specific response to predictors, and then averaging them (Figure 

5.2c). We paired response and predictors at the same temporal resolution (1 year), 

and an unweighted average produced the final prediction. This approach requires 
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both observations and predictor values to be collected at the same temporal 

resolution. This ensemble modeling strategy provides a nuanced understanding 

of temporal dynamics. We applied the LTE framework to 37 different species. 

5.2.5.4 Dynamic model 

For the last model, we applied a fully dynamic (DYN) model sensu Milanesi et 

al. (2020). To apply this framework, we used the R package dynamicSDM R 

package v. 1.3.2 (Dobson et al., 2023) (Figure 5.2d). First, we split the dynamic 

dataset into 5 spatiotemporal blocks accounting for both temporal and spatial 

autocorrelation, then we calibrated the models by using the default BRT settings. 

During calibration, each unique block is excluded through a jack-knife procedure 

(Bagchi et al., 2013). The model uses each spatiotemporal block as the testing 

dataset in numerical order and all the other blocks as training data. The calibration 

procedure returns a list of fitted BRT models equal to the length of blocks. We 

then derived both the mean and the uncertainty of the 5 resulting BRT models. 

As the previous approach, this approach works with fine temporal resolution (1 

year) and long temporal extent (10 years). We considered DYN to be even more 

dynamic than LTE since it is not limited to annual dynamics but considers lagging 

effects through complex interactions and spatiotemporal autocorrelation. We 

applied the DYN framework to 37 different species. 
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FIGURE 5.2 Workflow of the different temporal frameworks applied in the study. (A) Random 

Year = static SDM built using a random year of occurrences and environmental variables. (B) 

Temporal Occupancy = static SDM built using the temporal occupancy (n° annual observations/n° 

years) of a species for each sampling location as weight within the BRT model and the average of 

the environmental conditions as predictors. (C) Long-term ensemble = dynamic SDM built as an 

average of annual models. (D) Dynamic SDMs = fully dynamic model built using all the 

observations and environmental conditions accounting for spatiotemporal autocorrelation through 

modeling blocks. 
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5.2.6 Model performance and spatial predictions 

To evaluate the accuracy and calibration of the models, we adopted a temporal 

leave-one-out cross-validation procedure (Wenger & Olden, 2012; Roberts et al., 

2017), excluding in turn one year from the modeling process and using it as the 

testing sample. We retrieved three accuracy metrics: the Area Under the receiving 

operator Curve (AUC), True Skill Statistic (TSS), and F1 score. The AUC is a 

threshold-independent metric that illustrates the relationship between false-

positive and true-positive rates. TSS and F1 score are threshold-dependent 

accuracy metrics that depend on the sensitivity and specificity of the models. In 

general, models with TSS > 0.6 and AUC > 0.8 are considered to be good to 

excellent. We assessed the calibration (i.e., the agreement between predicted 

probabilities of occurrence and observation of presence and absence) and 

generalizability of the models through Pearson’s correlation coefficient (COR). 

We calculated the correlation between the observation (presence/absence 

dichotomous variable) and the predictions (range of probabilities). COR is 

therefore a threshold-independent metric similar to AUC, but it accounts for the 

distance between the prediction and the observation (Elith et al., 2006).  

We tested accuracy and calibration against functional traits of bird species such 

as movement life history (sedentary, n = 11; partially migratory, n = 5; or 

migratory, n = 21) and body size (derived through principal component analysis 

of species’ functional traits). We used linear mixed-effect models on accuracy 

(AUC, TSS, and F1) and calibration (COR) results to assess significant 

differences among modeling frameworks, movement life history, and body size. 

We incorporated nested random effects (species within families) to account for 

phylogenetic similarity between the species. We graphically checked 

assumptions of residuals' normality and homoscedasticity. We performed 

Tukey's post-hoc tests on significant effects (p < 0.05) with Bonferroni 

adjustment. 

The primary output of the modeling consisted of predictions of relative 

probability of occurrence. For dynamic frameworks (i.e., LTE and DYN), we also 
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derived the uncertainty based on the 5th and 95th percentile of the probability 

distribution. We compared the wall-to-wall spatial predictions resulting from the 

different frameworks to assess Spearman’s rank correlation between the 

modeling frameworks, and tested the correlation results against the movement 

life history and body size through linear mixed-effect models. We incorporated 

nested random effects (species within families) to account for phylogenetic 

similarity between species, and graphically checked assumptions of residuals' 

normality and homoscedasticity. We performed Tukey's post-hoc tests on 

significant effects (p < 0.05) with Bonferroni adjustment.  
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5.3 Results 

5.3.1 Model performance and functional traits 

Dynamic models (LTE and DYN) had better performance than static approaches 

(RAY and TOC) for all the metrics for the 37 species (Figures 5.3, 5.4). Migratory 

species had the highest accuracy and calibration, followed by sedentary ones. In 

general, model performance was acceptable to good for most of the species (26 

species with AUC > 0.6 and TSS > 0.3), with five showing excellent accuracy 

results with dynamic frameworks (AUC > 0.8, TSS > 0.5, and COR > 0.4). 

Overall, models showed an average AUC of 0.69 ± 0.12 (mean ± standard 

deviation), an average TSS of 0.36 ± 0.18, an average F1 of 0.50 ± 0.23, and 

average COR (calibration) of 0.26 ± 0.17. 

Predictions improved for 86.5% of the species when using dynamic models rather 

than static models. We observed an increasing performance trend in terms of 

mean, median, and extreme values through RAY to DYN both in terms of AUC 

(Figure 5.3a, b) and COR (Figure 5.3b, c). In particular, the drop-off of accuracy 

in calibrating fully dynamic versus random year (DYN – RAY) models was 

particularly evident for sedentary species, with an average drop-off in AUC of 

0.097 (5th percentile = -0.046, 95th percentile = 0.159; Figure 5.3a) and in COR 

of 0.119 (-0.069, 0.268; Figure 5.3c). While validating partially migratory 

species, we observed the lowest drop-offs of AUC (0.073) and COR (0.067), but 

higher variability (standard deviation of 0.090 and 0.073, respectively). We 

compared AUC and COR to visualize the trade-offs between accuracy and 

calibration of the different models (Figure 5.3b). AUC and COR are correlated, 

and centroids of dynamic models (LTE, DYN) stood out from the others. In 

particular, three different clusters of accuracy appeared; dynamic models for 

migratory species, static models for migratory and dynamic models for sedentary 

species. We observed no statistical differences between the two dynamic 

frameworks for both AUC and COR in sedentary species. AUC, but not COR, of 

LTE models on partially migratory species was greater than DYN. 
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FIGURE 5.3 Results of temporal leave-one-out cross-validation of the different models according 

to the four modeling frameworks and three different movement behaviors (sedentary, partially 

migratory, and migratory) of birds. (A) violin plots of AUC results, (B) mean (centroids) and 95th-

percentile ellipsoids of AUC and Pearson’s correlation (COR), and (C) violin plots of COR results. 

Letters indicate post-hoc results on linear mixed-effect models. Gradients of improvement in model 

performance through an increase in the temporal complexity (dynamicity) of the models are visible 

for AUC and COR both in their mean and median values and in the upper and lower extremes. 

Accuracy was negatively related to increasing body size. Large birds with low 

values of the PC1 showed significantly lower values of COR and F1 than smaller 

birds (greater PC1 values), but AUC and TSS were not significant (Figure 5.4). 

The interaction between body size and modeling framework was significant for 
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AUC, TSS, and COR. Larger birds showed similar COR and F1 between static 

and dynamic models, with temporal occupancy performing better than dynamic. 

Temporal occupancy models had the lowest slopes, meaning they mostly 

performed the same across the body size gradient.  

 

FIGURE 5.4 Relationship between models performance from temporal leave-one-out cross-

validation according to the four modeling frameworks and species’ body size (negatively correlated 

with the PC1 x axis). Panels indicate (a) AUC, (b) Pearson’s correlation (COR), (c) F1 score, (d) 

True Skill Statistic. P values and R2 are reported in the panels. The arrow below indicates the body 

size gradient across the x axis. The importance of dynamic models emerges especially for short-

living smaller birds with a high PC1 value. 

5.3.2 Spatial predictions 

We compared the spatial predictions of continuous probability of occurrence 

across modeling frameworks, body size, and movement life history. Migratory 

species showed the greatest degree of similarity between modeling frameworks 

(mean = 0.70 ± 0.03), followed by sedentary (0.58 ± 0.04) and partially migratory 
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(0.43 ± 0.06) species. We observed the greatest similarity between model 

predictions of the two dynamic approaches for migratory species (0.78 ± 0.04) 

and the lowest between the two static models for partially migratory species (0.29 

± 0.09). The long-term ensemble framework showed most similarities to the other 

models (0.73 ± 0.04 with temporal occupancy and 0.63 ± 0.04 with both dynamic 

and random years). The Spearman’s correlation of predicted probability of 

occurrence was not significantly correlated with body size (p = 0.23) and the 

interaction factor between body size and modeling framework (p = 0.06). 

 

FIGURE 5.5 Spearman’s rank correlation on spatial predictions of probability of occurrence 

between modeling frameworks based on body size (PC1) (upper right corner) and movement life 

history (lower left corner). Letters indicate post-hoc results on linear mixed-effect models. 

Migratory species had the greatest degree of similarity between modeling frameworks. Long-term 

ensemble framework was the most similar to all the other models. 
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Visual comparisons between the spatial predictions were performed for the 37 

species (Figure 5.6 and Supplementary Materials). In general, the static 

frameworks showed smaller gradients of probability values, with random year 

returning low values of probability and temporal occupancy returning high 

values. We observed greater probability gradients across the landscape in 

dynamic models; their predictions also exhibited the highest degree of similarity. 

 

FIGURE 5.6 Spatial predictions of probability of occurrence for (a) Wilson’s warbler (WIWA), 

(b) red crossbill (RECR), and (c) hairy woodpecker (HAWO) according to the four modeling 

frameworks. Maps for the other species can be found in the Supplementary Materials for both raw 

and normalized data. 

5.4 Discussion 

5.4.1 Temporal resolution in SDMs 

In this study we compared four species distribution modeling (SDM) frameworks 

across a temporal scale gradient ranging from short to long temporal extent and 

from coarse to fine temporal resolution. Along this temporal gradient, we 

considered the random year (RAY) approach to be the simplest and most static 

and the fully dynamic (DYN) approach to be the most dynamic. In between, the 

temporal occupancy (TOC) framework is characterized by good temporal extent, 
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but coarser temporal resolution, and the long-term ensemble (LTE) approach is 

similar to DYN and can be considered as dynamic.  

Our results showed that model accuracy and calibration were positively 

correlated with increasing temporal scale detail, with static models having the 

worst performance for every metric. AUC and COR did not show significant 

differences between LTE and DYN, but F1 and TSS did. Our results were in line 

with other papers showing better performance in dynamic SDMs than static 

SDMs (Reside et al., 2010; Elston et al., 2017; Milanesi et al., 2020; Briscoe et 

al., 2021; Bradter et al., 2022; Dobson et al., 2023). Reside et al. (2010) compared 

models trained on long temporal extent climate data (i.e., 30 years) against 

models trained with one month to one year data previous the birds observation 

highlighting the importance of the temporal match between predictors and species 

response. In our study, we showed how fully dynamic SDMs (DYN) proved to 

be even better than long-term ensemble since it is not limited to annual dynamics 

but considered lagging effects through complex interactions accounting for 

spatiotemporal autocorrelation. 

Researchers are moving toward increasing spatiotemporal reliability of both 

response and predictive variables (Mannocci et al., 2017; Lembrechts, Lenoir, et 

al., 2019; Milanesi et al., 2020). Many applications have been developed for 

highly mobile marine animals (e.g., Mannocci et al., 2017; Pennino et al., 2019) 

but bird models benefitted from this approach too (Reside et al., 2010; Bradter et 

al., 2022; Conlisk et al., 2022). Our results support the hypothesis that models for 

highly mobile taxa such as birds show a clear and significant improvement in 

using fine temporal microclimate data that better represent real habitat conditions 

of these species (Lembrechts, Nijs, et al., 2019; Haesen et al., 2023). We observed 

that for most of the species, the two temporal dynamic approaches (i.e., LTE and 

DYN) provided similar results in terms of probability of occurrence. This result 

proves the similarity between these two frameworks and the difference between 

temporally static and dynamic models. Still, even if we assessed model temporal 
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transferability through temporal cross-validation, we believe that an independent 

validation would be useful to strengthen our considerations. 

Regarding the models, since we used self-tuned models through cross-validation 

for all the frameworks, we expected the modeling results not to be biased due to 

parametrization efforts. Moreover, the DYN model was the least flexible, since it 

was not possible to implement cross-validation tuning of hyper-parameters as 

freely as the others. That said, this confirms that accounting for dynamic 

covariates and responses really boost modeling results. 

5.4.2 Functional traits 

We tested the accuracy and calibration performance of the modeling frameworks 

against several functional traits of the bird species. We observed significant 

differences among both movement life history and body size. As hypothesized, 

an increase in the temporal complexity of the frameworks resulted in increasing 

accuracy and calibration for migratory birds, but sedentary species benefitted 

more from the increasing temporal detail than the migratory ones. 

For partially migratory species LTE slightly outperformed DYN in terms of 

AUC, but not Pearson’s correlation while for sedentary species, LTE and DYN 

performance was similar. The increase of model performance in using DYN 

versus LTE was particularly evident for migratory species, probably because of 

the lagging effects these models account for. Migratory species are more 

heterogeneously present in time than sedentary species, that are supposed to show 

greater stationarity (MacLean & Beissinger, 2017). Indeed, migratory species 

might depend more on variations with a lagging effect longer than one year 

(Visser et al., 2015). 

In general, large birds can move around more in response to microclimate 

variability. By doing that, these organisms have broader environmental ranges 

and are better in buffering their environment (Scheffers et al., 2014; Pincebourde 

et al., 2021). Smaller birds, instead, may have access to a larger spectrum of 

buffered microhabitats (Huey et al., 2012). Therefore, in any given snapshot a 
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survey might not find those species in portions of the landscape that they occupy 

sporadically over the longer term. Our results did not highlight this effect. There 

are many ecological and statistical reasons for that. First of all, by averaging 

seasonal bird observations, we might lose very detailed information at an intra-

annual level. Site fidelity may be another important driver at the annual scale. 

Moreover, for some of those old-growth specialistic species, vegetation and forest 

structure might be more important than climatic variables. 

Spatially, we should consider that, even if 25m can be considered a fine 

resolution, some of the bird dynamics and processes happen at a finer resolution. 

Indeed, also the temporal resolution we applied did not explicitly consider intra-

annual variations, especially in the species data. For this reason, we expect that 

even finer spatiotemporal details might be required for SDMs at the landscape 

scale. For instance, Bradter et al., (2022) decomposed spatial, temporal, and 

spatiotemporal components revealing the importance of and intra-annual climate 

variability for bird species distribution and its modeling. 

5.4.3 Implications for ecology and biological conservation 

Quantitative and conservation ecology research is moving toward an increase of 

models reliability to better quantify the effects of global changes on ecosystem 

structure and species distribution (Navarro Cerrillo et al., 2021; Zurell et al., 

2022; Garbarino et al., 2023). The rapid increase in data availability at different 

spatial (i.e., from microclimate to global circulation models) and temporal (i.e., 

from sub-hourly microclimate data collection to historical climate reconstruction) 

is pushing ecological models to promising frontiers, such as real-time accurate 

distribution modeling (e.g., Conlisk et al., 2022).  However, the temporal scale in 

SDMs is still often underestimated (Milanesi et al., 2020; Zurell et al., 2022). 

Our results highlight that long-term monitoring and data collection of fine-scale 

environmental predictors is crucial to build reliable models for practical 

applications. The concept of scale is the foundation of landscape ecology (Wiens, 

1989). Body size has been considered as a proxy of several functional traits in 
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ecology for many years. It is true that small species with short life span and low 

mobility are more sensitive to fine-scale variations in both time and space, while 

long-living organisms react to longer and broader changes because of their higher 

mobility at the local extent (Huey et al., 2012; Scheffers et al., 2014). Therefore, 

we argue that landscape-scale prioritization and monitoring would benefit from 

models calibrated at a fine spatial and temporal scale. Microclimate is a trend 

topic in ecology nowadays and its data collection is very well suited to account 

for temporal dynamics within SDMs (Lembrechts et al., 2019; De Frenne et al., 

2021). Dynamic approaches might be of particular interest in regions and 

landscapes with a greater mosaic complexity (e.g., mountain ranges, ecotones and 

transition zones; Milanesi et al., 2020; De Frenne et al., 2021) and when dealing 

with global change (Milanesi et al., 2020; Bradter et al., 2022). Indeed, recent and 

predicted future shifts in climate and land use are characterized by rapid dynamics 

and large intra- and interannual variations (Scheffers et al., 2014; Raymond et al., 

2020).  

Moreover, we think that integrating dynamic SDMs at various spatial and 

temporal scales would be important to build models that are both accurate and 

reliable in studying species response to global changes (Mateo et al., 2019; Zipkin 

et al., 2021; Banks-Leite et al., 2022). For instance, by further accounting for the 

macroecology of a species (e.g., distance from range borders or centroids, thermal 

stress, etc.) within landscape-scale models, we expect predictions to be more 

accurate and sound for conservation purposes. 

5.5 Conclusions 

Our results suggest that integrating dynamic covariates and species response 

should be preferred whenever possible. Particularly, models for highly mobile 

species (e.g., migratory species) had the highest accuracy and calibration when 

trained with data able to reflect the inter-annual variability of forest ecosystems. 

We are aware that population and microclimate data needed to parameterize 

dynamic models at the landscape scale are scarce and that static species 
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distribution modeling applications will remain important because of their easier 

implementation. Nevertheless, we advocate for accounting for temporal 

resolution and population and climate variability whenever possible. Moreover, 

researchers should be aware of the different aims and objectives these tools have. 

If regional- to global-scale applications might be calibrated with data with coarse 

spatial and temporal scale, the reliability and soundness of landscape-scale 

applications would strongly benefit from fine variables in species distribution 

models. Indeed, this approach can be applied to different spatial extents and 

resolutions for many taxa such as birds, large mammals, and trees, for which the 

availability of fine data is usually good. 
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Supplementary Materials 

Appendix A5 – Supplementary Methods 

TABLE A5.1. ODMAP protocol for the study (sensu Zurell et al., 2020). 

ODMAP element Contents 

OVERVIEW   

Authorship Authors: Nicolò Anselmetto*, Matteo Garbarino, David 

Bell, Christopher Daly, Clinton W. Epps, Hankyu Kim, 

Joseph A. LaManna, Damon B. Lesmeister, Taal Levi, 

Brooke Penaluna, Mark Schulze, Marie I. Tosa, Matthew 

J. Weldy, Matthew G. Betts 

Contact email: *nicolo.anselmetto@unito.it 

Title: Long-term data and temporal dynamic frameworks 

can improve landscape-scale species distribution models 

Model objective Objective: mapping/interpolation. 

Target outputs: continuous occurrence probabilities. 

Taxon 37 bird species. 
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Location H.J. Andrews Experimental Forest, Cascade Mountains, 

Oregon (US). 

Scale of analysis Spatial extent (Lon/Lat): Longitude ° 122.18 W, 

Latitude ° 44.24 N. 

Spatial resolution: 25 m x 25 m. 

Temporal resolution and extent: 2010-2019 with 

different temporal resolution for the different modeling 

frameworks. 

Type of extent boundary: administrative (perimeter of 

the H.J. Andrews Experimental Forest). 

Biodiversity data 

overview 

Observation type: repeated observations (field surveys). 

Response/Data type: presence/absence data. 

Type of predictors Microclimate and vegetation. 

Conceptual 

model/ 

Hypotheses 

As forests (especially old-growth) strongly buffer 

temperatures, we hypothesized that bird species are 

particularly sensitive to the undercanopy microclimatic 

conditions derived from data loggers. We hypothesized 

that their response would vary according to their 

movement life history and their body size. 

Assumptions We assumed that the distribution of our focal bird species 

within the landscape is mostly driven by microclimate 

conditions and forest structure. We assumed that species 

are at (pseudo-) equilibrium with the environment (i.e., 

the species occupies all suitable habitats within the 

landscape). We assumed that bird count sampling is both 

adequate and representative, with negligible detection 

errors, and unbiased species identification. We also 
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considered vegetation and forest structure to be static over 

the time of the analysis (10 years).  

SDM algorithms Algorithms: we fitted Boosted Regression Trees (BRTs) 

models. BRT proved to be robust against multicollinerity 

and is among the most reliable machine learning 

approaches in SDMs. 

Model complexity: We used BRTs optimization to 

improve modeling performances of the different 

frameworks. 
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Model workflow We employed four distinct modeling frameworks based 

on their temporal extent and resolution, spanning from 

fully static to fully dynamic approaches to assess the 

interplay between species occurrence and environmental 

conditions.  

We used the Random Year (RAY) approach to obtain the 

coarsest combination of temporal resolution and extent, 

capturing species response and environmental conditions 

within a single year of data collection. We randomly 

selected one year from the 10 years of available data for 

calibration, creating a snapshot in time of species 

distribution.  

We adapted our second modeling framework from the 

temporal occupancy framework described by Snell Taylor 

et al. (2021). The Temporal Occupancy (TOC) approach 

combines average environmental conditions (temporal 

extent = 10, temporal resolution = 1) with dynamic 

species responses (temporal extent = 10, temporal 

resolution = 10). By weighting BRT models with the 

proportion of times a species was observed over the 10 

years (i.e., temporal abundance), this approach accounts 

for inter-annual variability. 

We built Long-term Ensemble (LTE) models by creating 

year-specific models correlating year-specific response to 

predictors, and then averaging them. We paired response 

and predictors at the same temporal resolution (1 year), 

and an unweighted average produced the final prediction.  

We applied a fully dynamic (DYN) model using the R 

package dynamicSDM R package v. 1.3.2 (Dobson et al., 

2023). First, we split the dynamic dataset into 5 
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spatiotemporal blocks accounting for both temporal and 

spatial autocorrelation, then we calibrated the models by 

using the default BRT settings. During calibration, each 

unique block is excluded through a jack-knife procedure 

(Bagchi et al., 2013). The model uses each spatiotemporal 

block as the testing dataset in numerical order and all the 

other blocks as training data. The calibration procedure 

returns a list of fitted BRT models equal to the length of 

blocks. We then derived both the mean and the 

uncertainty of the 5 resulting BRT models. 

Software, 

codes and data 

Software: all analyses were conducted using R version 

4.2.3 (R Core Team, 2023), packages are described in the 

Supplementary Materials. 

Code availability: code will be publicly available in 

Figshare. 

Data availability: species predictions will be available in 

Figshare, predictors and response variable are available in 

the H.J. Andrews data catalog 

(https://andrewsforest.oregonstate.edu/data). 

https://andrewsforest.oregonstate.edu/data
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DATA   

Biodiversity data Taxon names: Turdus migratorius, Pheucticus 

melanocephalus, Certhia americana, Setophaga 

nigrescens, Poecile rufescens, Corvus corax, Junco 

hyemalis, Hesperiphona vespertina, Regulus satrapa, 

Perisoreus canadensis, Empidonax hammondii, 

Dryobates villosus, Catharus guttatus, Setophaga 

occidentalis, Vireo huttoni, Geothlypis tolmiei, Colaptes 

auratus, Contopus cooperi, Pandion haliaetus, 

Troglodytes pacificus, Spinus pinus, Dryocopus pileatus, 

Empidonax difficilis, Sitta canadensis, Loxia curvirostra, 

Bonasa umbellus, Selasphorus rufus, Dendragapus 

fuliginosus, Cyanocitta stelleri, Catharus ustulatus, 

Myadestes townsendi, Chaetura vauxi, Ixoreus naevius, 

Vireo gilvus, Piranga ludoviciana, Cardellina pusilla, 

Setophaga coronata. 

Detalis on taxonomic reference system: BirdLife 

International (2020). 

Ecological level: species. 

Biodiversity data source: avian point count inventory 

spanning from 2010 to 2019, based on the work of Kim et 

al. (2022).  

Sampling design: systematic and stratified sampling 

design (Schulze et al., 2023). The points were stratified 

across gradients in elevation (460–1558 m), vegetation 

structure (plantations, n = 66 vs. primary forest, n = 118) 

and distance from roads.  
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  Administrative mask: administrative box on the H.J. 

Andrews Experimental Forest (Oregon, US). 

Data cleaning/filtering: we considered as "present" when 

a species was observed at least once during the 4 to 6 

annual visits. Surveyors visited each point up to six times 

from 2010 to 2013 and up to 4 times from 2014 to 2019 

(see Kim et al., 2022 for additional details). We 

considered 37 species (49% of the 75 species detected in 

total) for which model calibration and validation was 

possible.  

Potential biases: by averaging the seasonal bird 

observations and considering it as the annual values, 

temporal mismatches might be introduced. Also, few bird 

observations were conducted at the beginning of July and 

annual microclimate conditions were calculated using 

monthly values from the month of July of the previous 

year to the month of June of the reference year to capture 

the microclimate of one year before species observation. 

By doing that, it is possible that July temperature of the 

point count year might be more relevant to distributions 

than July from the year prior. We did not consider that to 

matter at the annual scale. 

Data partitioning A 5-fold spatial cross validation was used to partition the 

data for dynamic SDMs model calibration. Spatial 

partitioning of data followed a spatial blocking with a 

variable blocking factor based on the median of five 

ranges over which observations are independent. The 

ranges are determined by constructing empirical 

variograms for measuring spatial autocorrelation. 

Temporal partitioning was used for both calibration 
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(dynamic SDMs) and validation (all the modeling 

frameworks). 

Predictor 

variables 

Predictor variables: 

▪ Microclimate: monthly and seasonal mean, maximum, 

and minimum undercanopy temperature, CDD, and GDD. 

Microclimate values were spanned 10 years (July 2009 - 

June 2019). Datasets derived from Schulze et al. (2023). 

▪ Vegetation: we used 10 vegetation variables 

encompassing canopy cover, canopy point density, and 

several height metrics. See Supplementary Information 

for further details.  

Data sources:  

▪ Microlimate: raw data derived from the 184 were 

HOBO Pendant® Temperature/Light Data Logger (Onset 

Computer Corporation) affixed to posts at 1.5 m above 

the ground, facing south, and shielded by a radiation 

shield made with PVC pipes. We derived gridded data 

using BRTs (Wolf et al., 2021). Data are available at 

https://andrewsforest.oregonstate.edu/data. 

▪ Vegetation: LiDAR flight (Oregon Lidar Consortium, 

2016) operating between May and June 2016 using a 

Leica ALS80 sensor and capturing an average of 12.64 

points per square meters (Oregon Lidar Consortium, 

2016). 

Spatial resolution of raw data: microclimate data 

derived from 184 data loggers. The original resolution of 

the vegetation data was at 5m. 
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  Map projection: all layers were reprojected in 

EPSG:26910 (NAD83 / UTM zone 10 N) coordinate 

reference system. 

Temporal resolution and extent of raw data: current 

microclimate data spanned from July 2009 to June 2019. 

We used average monthly and seasonal mean, minimum, 

and maximum values and also derived CDD and GDD for 

different temperatures and months. We considered 

vegetation variables to be stable variables over long-term. 

See the Supplementary Materials for details. 

Data preprocessing: all data were resampled to 25 m. 

Dimension reduction: we used variance inflation factor 

(VIF) and Pearson's correlation to reduce the number of 

variables and their multicollinearity. 

Transfer data for 

projection 

We transferred projection in time (across the 10 years) to 

validate model performance through a leave-one-out 

cross-validation procedure. 

MODEL   

Variable pre-

selection 

Multicollinearity 

We reduced the number of initial variables through a 

variable pre-selection based on the correlation between 

variables and the variance inflation factor (VIF) through 

the function vifcor of the package usdm (Naimi et al., 

2014).  The function first pairs variables with a linear 

correlation higher than a pre-selected threshold and 

excludes the one with a greater VIF. The procedure is 

iterated until no pair of variables with a high correlation 

remains. We used Pearson’s as correlation method and 0.9 

as coefficient. Our aim was to avoid highly correlated 
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variables and speed-up the computation time even if BRT 

is considered to be robust against multicollinearity. 

Model settings We used BRT and we perform an optimization to improve 

modeling performances of the different frameworks by 

varying the interaction depth, number of trees, shrinkage 

(also called learning rate), number of folds, and bag 

fraction. BRTs were built using dismo v1.3-14 (for RAY, 

TOC, and LTE frameworks) or dynamicSDM (for the 

DYN framework) v1.3.2 R packages. 

Model estimates Variable importance plots (vimps) were produced. 

Non-indipendence 

correction/analys

es 

Spatial autocorrelation was considered when calibrating 

dynamic SDMs models. 

Threshold 

selection 

We did not produce binary maps. 

ASSESSMENT   

Performance 

statistics 

Performance was assessed by accuracy and calibration 

using a temporal leave-one-out cross-validation 

procedure. We used a rectangular bounding box for the 

spatial extent of independent data to include points just 

outside the administrative Piemonte Region and evaluate 

the applicability and transferability of the models outside 

the calibration area. We analyzed and tested different 

accuracy metrics to compare species' life history traits and 
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modeling frameworks. 

We employed both threshold-dependent (TSS, F1) and -

independent (AUC) metrics. We used the value that 

maximized the TSS as threshold for TSS and F1 

calculation. We used Pearson's correlation (COR) to test 

for calibration and generalizability. 

Plausibility check Maps of modelled predictions were checked by experts 

for an ad-hoc subset of species. We also used variable 

importance plots (vimps) to check the plausibility of the 

predictions. 

PREDICTION   

Prediction output Prediction unit: we derived continuous probability (0-1). 

Uncertainty was produced for the dynamic approaches 

(LTE and DYN).  

Post-processing steps: none. 

Uncertainty 

quantification 

Uncertainty maps for LTE and DYN derived based on the 

5th and 95th percentile of the probability distribution. 
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TABLE A5.2. List of the 37 species used in model calibration, validation, and prediction with their code, common and scientific name, family and order, migratory 

behavior, and information about models fitting. Taxonomic information derived from BirdLife International (2020). 

Species 

code 

Common Name Scientific Name Family Order Movem. life 

history 

LTE 

#years 

RAY 

cal.y 

TOC 

Y/N 

DYN 

Y/N 

AMRO American Robin Turdus migratorius Turdidae Passeriformes Migratory 9 2015 Yes Yes 

BHGR Black-headed 

Grosbeak 

Pheucticus melanocephalus Cardinalidae Passeriformes Migratory 8 2011 Yes Yes 

BRCR Brown Creeper Certhia americana Certhiidae Passeriformes Sedentary 10 2014 Yes Yes 

BTYW Black-throated 

Warbler 

Setophaga nigrescens Parulidae Passeriformes Migratory 9 2010 Yes Yes 

CBCH Chestnut-backed 

Chickadee 

Poecile rufescens Paridae Passeriformes Sedentary 6 2012 No Yes 

CORA Common Raven Corvus corax Corvidae Passeriformes Partially 

Migratory 

7 2010 Yes Yes 
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DEJU Dark-eyed Junco Junco hyemalis Passerellida

e 

Passeriformes Migratory 10 2019 Yes Yes 

EVGR Evening 

Grosbeak 

Hesperiphona vespertina Fringillidae Passeriformes Partially 

Migratory 

5 2018 Yes Yes 

GCKI Golden-crowned 

Kinglet 

Regulus satrapa Regulidae Passeriformes Migratory 9 2012 No Yes 

CAJA Canada Jay Perisoreus canadensis Corvidae Passeriformes Sedentary 6 2011 Yes Yes 

HAFL Hammond's 

Flycatcher 

Empidonax hammondii Tyrannidae Passeriformes Migratory 10 2011 Yes Yes 

HAWO Hairy 

Woodpecker 

Dryobates villosus Picidae Piciformes Sedentary 7 2015 Yes Yes 

HETH Hermit Thrush Catharus guttatus Turdidae Passeriformes Migratory 10 2016 Yes Yes 

HEWA Hermit Warbler Setophaga occidentalis Parulidae Passeriformes Migratory 10 2019 No Yes 

HUVI Hutton's Vireo Vireo huttoni Vireonidae Passeriformes Sedentary 4 2016 Yes Yes 
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MGWA MacGillivray's 

Warbler 

Geothlypis tolmiei Parulidae Passeriformes Migratory 10 2011 Yes Yes 

NOFL Northern Flicker Colaptes auratus Picidae Piciformes Partially 

Migratory 

7 2014 Yes Yes 

OSFL Olive-sided 

Flycatcher 

Contopus cooperi Tyrannidae Passeriformes Migratory 9 2012 Yes Yes 

OSPR Osprey Pandion haliaetus Pandionidae Accipitriformes Migratory 5 2012 Yes Yes 

PAWR Pacific Wren Troglodytes pacificus Troglodytid

ae 

Passeriformes Migratory 10 2015 Yes Yes 

PISI Pine Siskin Spinus pinus Fringillidae Passeriformes Sedentary 8 2016 Yes Yes 

PIWO Pileated 

Woodpecker 

Dryocopus pileatus Picidae Piciformes Sedentary 7 2012 Yes Yes 

PSFL Pacific-slope 

Flycatcher 

Empidonax difficilis Tyrannidae Passeriformes Migratory 10 2013 Yes Yes 
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RBNU Red-breasted 

Nuthatch 

Sitta canadensis Sittidae Passeriformes Migratory 10 2016 Yes Yes 

RECR Red Crossbill Loxia curvirostra Fringillidae Passeriformes Partially 

Migratory 

9 2018 Yes Yes 

RUGR Ruffed Grouse Bonasa umbellus Phasianidae Galliformes Sedentary 7 2013 Yes Yes 

RUHU Rufous 

Hummingbird 

Selasphorus rufus Trochilidae Caprimulgifor

mes 

Sedentary 4 2010 Yes Yes 

SOGR Sooty Grouse Dendragapus fuliginosus Phasianidae Galliformes Sedentary 5 2013 Yes Yes 

STJA Steller's Jay Cyanocitta stelleri Corvidae Passeriformes Sedentary 5 2019 No Yes 

SWTH Swainson's 

Thrush 

Catharus ustulatus Turdidae Passeriformes Migratory 9 2019 No Yes 

TOSO Townsend's 

Solitaire 

Myadestes townsendi Turdidae Passeriformes Partially 

Migratory 

9 2011 Yes Yes 

VASW Vaux's Swift Chaetura vauxi Apodidae Caprimulgifor

mes 

Migratory 5 2013 Yes Yes 
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VATH Varied Thrush Ixoreus naevius Turdidae Passeriformes Migratory 10 2015 Yes Yes 

WAVI Warbling Vireo Vireo gilvus Vireonidae Passeriformes Migratory 7 2012 Yes Yes 

WETA Western 

Tanager 

Piranga ludoviciana Cardinalidae Passeriformes Migratory 7 2010 Yes Yes 

WIWA Wilson's Warbler Cardellina pusilla Parulidae Passeriformes Migratory 10 2016 Yes Yes 

YRWA Yellow-rumped 

Warbler 

Setophaga coronata Parulidae Passeriformes Migratory 10 2014 Yes Yes 
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TABLE A5.3. List of environmental variables used in the models with variable group (either 

microclimate or vegetation structure) and data source, unit, and brief description and ecological 

meaning. 

Variable group  

and data source 

Variable name Unit Description 

Microclimate  

(spatial 

interpolation 

of sensors data) 

CDD winter (0° C) - Cumulative cooling degree days (0° C 

threshold) between January and March; 

how much and for how long winter 

temperature were higher than 0° C 

CDD spring (0° C) - Cumulative cooling degree days (0° C 

threshold) between April and June; how 

much and for how long spring 

temperature were higher than 0° C 

CDD spring (10° C) - Cumulative cooling degree days (10° C 

threshold) between April and June; how 

much and for how long winter 

temperature were higher than 10° C 

GDD winter (5° C) - Cumulative growing degree days (5 °C 

threshold) between January and March; 

biologically relevant to plants and insects 

January max, mean, 

min T 

°C Mean daily minimum, mean, and 

maximum temperature of January 

February max T °C Mean daily maximum temperature of 

February 

March max and mean 

T 

°C Mean daily mean and maximum 

temperature of March 

April max T °C Mean daily maximum temperature of 

April 

May max T °C Mean daily maximum temperature of 

May 
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June max T °C Mean daily maximum temperature of 

June 

July max, mean, min T °C Mean daily minimum, mean, and 

maximum temperature of July 

August max, mean, 

min T 

°C Mean daily minimum, mean, and 

maximum temperature of August 

September max and 

mean T 

°C Mean daily mean and maximum 

temperature of September 

October max and 

mean T 

°C Mean daily mean and maximum 

temperature of October 

November max T °C Mean daily maximum temperature of 

November 

December max T °C Mean daily maximum temperature of 

December 

Spring mean of max T °C Mean daily maximum temperature 

between April and June; spring max. 

temperatures are relevant to birds 

Spring st.dev. of T °C Standard deviation of daily mean 

temperature between April and June; it 

reflects the T variability of the breeding 

season 

Summer mean of max 

T 

°C Mean daily maximum temperature from 

July to September; extreme temperature 

metric – relevant to many taxa 

Jan-Mar max and 

mean T 

°C Mean daily mean and maximum 

temperature between January and March 

Jan-Mar st.dev. of T °C Standard deviation of daily mean 

temperature between January and March 

Fall max T °C Mean daily maximum temperature 

between October and December; it 
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reflects conditions of late animal activity 

before winter 

Vegetation 

(LiDAR data) 

Biomass (Mg 

ha-1) 

Aboveground live biomass 

Closure (>2 m) % Canopy closure of all returns above 2, 10, 

or 40 meters 
Closure (>10 m) % 

Closure (>40 m) % 

Density (0-2 m) % Canopy point density of returns from 0 to 

2 and from 2 to 10 meters 
Density (2-10 m) % 

Height (mean) m Mean height of all 1st returns 

Height (st.dev.) m Standard deviation of height of all 1st 

returns 

Height (DEM) m Vegetation Height digital elevation model 

 

TABLE A5.4. List of R packages used in the analysis with citations. 

Package 

name 

Versi

on 

Citation Purpose 

ade4 v1.7-

22 

Dray & Dufour, 2007 Perform PCA 

data.table v1.14

.8 

Dowle & Srinivasan, 

2020 

Data manipulation 

dismo v1.3-

14 

Hijmans et al., 2023c Training of SDMs 

doParallel v1.0.

17 

Corporation & Weston, 

2022 

Parallelization of multiple tasks 

dplyr v1.1.

3 

Wickham et al., 2023 Data manipulation 
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dynamicS

DM 

v1.3.

2 

Dobson et al., 2023 Training of dynamic SDMs 

emmeans v1.8.

8 

Lenth, 2023 Compute joint tests of models and perform 

post-hoc 

factoextra v1.0.

7 

Kassambara & Mundt, 

2020 

Perform and assess PCA 

fitdistrplu

s 

v1.1-

11 

Delignette-Muller & 

Dutang, 2015 

Test and assess distributions of models 

performance metrics 

foreach v1.5.

2 

Microsoft & Weston, 

2022 

Parallelization of multiple tasks 

GGally v2.1.

2 

Schloerke et al., 2021 Extension to ggplot2 

ggplot2 v3.4.

3 

Wickham, 2016 Data visualization 

lme4 v1.1-

34 

Bates et al., 2014 Linear mixed-effects model fitting 

modEvA v3.9.

3 

Barbosa et al., 2013 Models accuracy assessment 

MuMIn v1.47

.5 

Bartoń, 2023 Pseudo-R-squared for Linear mixed-effect 

model 

PCAtest v0.0.

1 

Camargo, 2023 PCA test 

purrr v1.0.

2 

Wickham & Henry, 2023 Data manipulation 

raster v3.6-

23 

Hijmans, 2023a Spatial raster data manipulation 

sf v1.0-

14 

Pebesma, 2018 Spatial vector data manipulation 
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terra v1.7-

46 

Hijmans, 2023b Spatial raster and vector data manipulation 

tmap v3.3-

2 

Tennekes, 2018 Maps visualization 

tidyverse v2.0.

0 

Wickham et al., 2019 Data manipulation 

usdm v2.1-

6 

Naimi et al., 2014 Variable selection based on VIF 

 

TABLE A5.5. List of default settings of BRTs for dismo and dynamicSDM packages used in the 

calibration. 

Parameter Meaning dismo dynamicSD

M 

Interaction depth The maximum depth of each 

tree  

(i.e. highest level of variable 

interactions) 

1 or 5 depending 

on species 

prevalence 

Optimized 

1-4 

Number of trees The number of trees in 

boosted regression tree 

models 

Optimized 50-

5000 

5000 

Shrinkage (learning 

rate) 

Weight applied to individual 

trees 

0.001 0.001 

Number of folds The number of different folds 

to split the dataset into 

training and testing samples 

5 5 

Bag fraction The proportion of 

observations used in selecting 

variables 

0.75 Based on 

spatiotemp

oral cross-

validation 
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FIGURE A5.1. Principal component analysis on birds functional traits. The first PC axis is 

negatively associated to several body lengths measurements and body mass and explains the 73.3% 

of the total variance, being highly significant. The second axis is related to species movement and 

dispersal capacity (migratory behavior and hand-wing index, HWI) and shows no significance. 

Therefore, we only used PC1 and interpreted it as a proxy of body size.  
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FIGURE A5.2. Results of the test on the principal component analysis on birds functional traits. 
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Appendix B5 – Supplementary Results 

TABLE B5.1. Drop-off of different validation metrics grouped by migratory behaviors. Drop-off 

was calculated as the performance of the dynamic model (DYN) – the performance of the most 

static approach (RAY). 

Migratory 

behavior 

Metric 5th percentile Mean ± St. Dev 95th percentile 

Migratory 

  

  

  

AUC -0.020 0.081 ± 0.054 0.159 

TSS 0.002 0.125 ± 0.077 0.217 

F1 -0.038 0.068 ± 0.073 0.136 

COR -0.013 0.132 ± 0.089 0.271 

Partially 

migratory 

  

  

  

AUC -0.033 0.073 ± 0.090 0.169 

TSS -0.032 0.097 ± 0.103 0.199 

F1 -0.064 0.016 ± 0.060 0.070 

COR -0.034 0.067 ± 0.073 0.117 

Sedentary 

  

  

  

AUC -0.046 0.097 ± 0.094 0.199 

TSS -0.047 0.143 ± 0.132 0.309 

F1 -0.059 0.068 ± 0.083 0.179 

COR -0.069 0.119 ± 0.120 0.268 
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TABLE B5.2. Results of linear mixed models and post-hoc comparisons on accuracy against movement life history. 

  p-values         Post-hoc comparisons     

Accuracy metric Framework 

Migratory 

Behavior 

Framework x 

Migratory 

Behavior  

Movement life 

history   Random Year 

Temporal 

Occupancy 

Long-Term 

Ensemble 

Dynamic 

SDMs 

AUC 

<.0001*** 0.0025** 0.0135* 

Sedentary AB 0.6±0.02DADB 0.66±0.02ABCDADB 0.68±0.02ABC 0.69±0.02ABC 

 

Partially 

Migratory 
B 0.53±0.03DB 0.6±0.03CDADB 0.63±0.03BCDA 0.61±0.03CDA 

 

Migratory A 0.68±0.02CDA 0.68±0.02CDA 0.75±0.02AB 0.76±0.02A 

         C B A A 

TSS 

<.0001*** 0.0164* 0.0099** 

Sedentary AB 0.22±0.04DA 0.33±0.04ABC 0.33±0.04ABC 0.35±0.04ABC 

 

Partially 

Migratory B 
0.17±0.05CDA 0.25±0.05BCDA 0.26±0.05BCDA 0.27±0.05ABCDA 

 

Migratory A 0.34±0.03CDA 0.35±0.03CDA 0.44±0.03AB 0.47±0.03A 

         C B AB A 
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F1 

0.0016** 0.0404* 0.5747NS 

Sedentary AB 0.39±0.06 0.44±0.06 0.43±0.06 0.46±0.06 

 

Partially 

Migratory B 
0.28±0.09 0.29±0.09 0.29±0.09 0.29±0.09 

 

Migratory A 0.51±0.05 0.54±0.05 0.55±0.05 0.58±0.05 

         B AB AB A 

COR 

<.0001*** 0.0014** 0.0001*** 

Sedentary AB 0.13±0.04DADB 0.2±0.04BCDADB 0.23±0.04ABC 0.25±0.04ABC 

 

Partially 

Migratory B 
0.05±0.05DB 0.11±0.05CDADB 0.13±0.05CDADB 0.11±0.05CDADB 

 

Migratory A 0.24±0.03CDA 0.23±0.03CDA 0.34±0.03AB 0.38±0.03A 

            C B A A 
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TABLE B5.3. Results of linear mixed models and post-hoc comparisons on accuracy against body size. 

  p-values     R2     Post-hoc comparisons     

Accuracy metric Framework PC1 Framework x PC1  Marginal Conditional PC1 Random Year Temporal Occupancy Long-Term Ensemble Dynamic SDMs 

AUC 

<.0001*** 0.1200NS 0.0057** 0.11 0.49 

Intercept 0.63 0.67 0.71 0.72 

 

Slope 0.011 0.001 0.008 0.011 

              C B A A 

TSS 

<.0001*** 0.1906NS 0.0016** 0.10 0.49 

Intercept 0.28 0.33 0.38 0.40 

 

Slope 0.015 -0.001 0.011 0.014 

              C B AB A 

F1 

<.0001*** 0.0139* 0.3591NS 0.12 0.74 

Intercept 0.43 0.47 0.47 0.49 

 

Slope 0.031 0.026 0.033 0.033 

              B AB AB A 

COR 

<.0001*** 0.0197* <.0001*** 0.17 0.56 

Intercept 0.18 0.21 0.27 0.30 

 

Slope 0.017 0.005 0.019 0.026 

              C B A A 
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FIGURE B5.1. Results of temporal leave-one-out cross-validation of the different models 

according to the four modeling frameworks and three different movement behaviors (sedentary, 

partially migratory, and migratory) of birds. (A) violin plots of TSS results and (B) violin plots of 

F1 score results. 
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FIGURE B5.2. Principal component analysis on performance, Spearman’s correlation between 

predictions, (decreasing) body size, and range size. Species were grouped into the three categories 

of movement life history. AUC, F1, and COR refer to performance of the dynamic SDMs, the drop-

offs were calculated as RAY-DYN.  
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FIGURE B5.3. Variable importance according to movement life history (rows: sedentary, partially 

migratory, and migratory) and modeling framework (columns: random year, temporal occupancy, 

long-term ensemble, and dynamic SDMs). Variables were grouped into categories: CDD and GDD, 

Tmean = monthly or seasonal mean temperatures, T stdev = standard deviation of temperature, 

Tmax = monthly or seasonal maximum temperatures, Tmin = monthly or seasonal minimum 

temperatures, Vegetation = LiDAR-derived vegetation variables. 
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Appendix C5 – Probability Maps 

Some examples of maps about probability of occurrence according to the 

different modeling scenarios for five additional species of birds. 

 

FIGURE C5.1. Spatial predictions of probability of occurrence for American robin (AMRO) 

according to the four modeling frameworks. 
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FIGURE C5.2. Spatial predictions of probability of occurrence for the Black-headed Grosbeak 

(BHGR) according to the four modeling frameworks. 
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FIGURE C5.3. Spatial predictions of probability of occurrence for the brown creeper (BRCR) 

according to the four modeling frameworks. 
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FIGURE C5.4. Spatial predictions of probability of occurrence for the black-throated gray warbler 

(BTYW) according to the four modeling frameworks. 
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FIGURE C5.5. Spatial predictions of probability of occurrence for the chestnut-backed chickadee 

(CBCH) according to three modeling frameworks. 
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Chapter 6 

General discussions 

This thesis aims to analyze the main components of global environmental change 

on mountain forest ecosystems from a landscape ecology perspective (Figure 

6.1). The four research chapters (Chapter 2 to Chapter 5) represent different 

spatiotemporal scale approaches to a complex and compelling global issue that 

can contribute to the growing literature on this compelling global issue. We have 

provided different perspectives on the role of landscape ecology for analyzing 

mountain forest dynamics in the light of land-use and climate changes. In 

analyzing the effects of climate and land-use change on mountain forests, we 

explored two main foundations of the discipline of landscape ecology: (i) 

ecological scale and (ii) spatial ecological models, which formed the common 

threads of this work. 

 

Figure 6.1. Locations of the different case studies included in the thesis. (a) global overview of 

mountain ranges according to the Global Mountain Biodiversity Assessment (GMBA v1.4; 
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Snethlage et al., 2022). The panels (b) and (c) represent at the regional scale the European Alps 

(Chapters 2, 3, 4) and the Cascade Range (Chapter 5) respectively. Panel (d): elevation and contour 

lines of the H.J. Andrews Experimental Forest in the Cascades (Chapter 5). Panel (e): elevation and 

contour lines of the Chalamy watershed in the European Alps (Chapter 3). 

With Chapter 2 (Figure 6.1b) we aimed to assess the main drivers of post-

abandonment reforestation in the European Alps and in Chapter 3 (Figure 6.1e) 

we quantified 50 years of changes in land-use and predicted future trajectories in 

a subalpine landscape of the Italian Alps. In Chapter 4 (Figure 6.1b) we 

constructed correlative species distribution models (SDMs) for tree species to 

compare fine- and coarse-calibration models and to predict the probability of 

occurrence under different climate scenarios in the Northwest Italy. In Chapter 5 

(Figure 6.1c, d) we analyzed a different taxa – birds – and built long-term (10-

year) landscape-scale SDMs to compare their performance and predictions with 

static and short-term SDMs in a forest matrix of the Cascade Range (USA). 

A common thread discussed in the hole thesis was the emphasis on forest 

landscape planning and management. Although a global phenomenon, recent 

human-induced changes to natural resources have the potential to be managed 

locally or regionally in practice (Guisan et al., 2013). Therefore, the aim of three 

out of the four research chapters was to address changes in mountain forests at a 

scale which is finer than most of the global change studies but corresponding to 

the scale of management and decision-making. 

This Chapter discusses the contribution of this thesis to mountain forest 

ecosystems (Section 6.1) and ecological modeling (Section 6.2). Finally, general 

and specific limitations and possible approaches to address them are presented in 

Section 6.3. 

6.1 Mountain forest ecosystems: a global change research agenda 

The global change research agenda has growing rapidly in recent years, not only 

because of the growing interest and awareness of these topics, but also because 

of the easy access to data, resources, and computational power (Ripple et al., 
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2020; Pettorelli et al., 2021). Landscape ecology has the potential to provide 

useful tools for managers and planners (Stürck & Verburg, 2017). The climate 

and topography of a region not only directly influence ecosystem structure by 

providing the physical template for species to occur (i.e., the Grinnellian niche 

sensu Grinnell, 1924), but also indirectly by driving human actions and land use 

(e.g., MacDonald et al., 2000; Mietkiewicz et al., 2017). Although often 

neglected – or poorly incorporated – in global change ecology, the land use 

history of regions and landscapes is a critical step in integrating land use change 

into climate change ecology, and vice versa (Carlson et al., 2014; Garbarino & 

Weisberg, 2020). In particular, the magnitude and severity of global change on 

forests and communities is largely dependent on the number of concurrent global 

change drivers (Komatsu et al., 2019). The four case studies presented in this 

thesis are located in two different mountain ranges: the European Alps (Chapters 

2, 3, and 4; Figure 6.1b) and the Cascade Range (Chapter 5; Figure 6.1c). These 

two mountain regions have a peculiar human history, that has shaped the forest 

landscape structure over time. 

European Alps extend for 1200 km from east to west. They exhibit strong 

topographic variability, affecting temperatures and precipitation at different 

spatiotemporal scales (Isotta et al., 2014). These climatic gradients not only 

influence natural vegetation trajectories, but also the millennial history of land 

use of the region, especially after the Würm glaciation (Favilli et al., 2010; 

Mietkiewicz et al., 2017). While south-facing accessible slopes were mainly 

converted into pastures and crops (Kulakowski et al., 2011), steeper and cooler 

north-facing slopes were used for timber and charcoal production (Ludemann, 

2010; Garbarino et al., 2022). The legacy of land use eventually changed the 

species composition of both tree and understory communities (e.g., Orlandi et al., 

2016; Abadie et al., 2018). Beginning in the 19th century, the industrial revolution 

triggered an intense exodus from the marginal mountain valleys to urban and 

industrial centres in the lowlands (Batzing et al., 1996; MacDonald et al., 2000; 

Mietkiewicz et al., 2017). Following agricultural abandonment, secondary 
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succession has occurred in areas that had been converted to cropland and pasture 

for millennia (Gehrig-Fasel et al., 2007; Garbarino et al., 2020). The Chalamy 

watershed analyzed in Chapter 3 is a paradigmatic Alpine landscape. For 

centuries, it was heavily exploited for charcoal production (Garbarino et al., 

2022), a common dynamic in many European mountain ranges (e.g., Apennines, 

Carrari et al., 2016; Pyrenees, Saulnier et al., 2018). This long-lasting activity left 

a pervasive legacy in the landscape structure and composition, leading to a large 

species turnover from Norway spruce-dominated forests to young stands of 

pioneer pines, such as Scots pine and mountain pine (Pinus mugo Turra subsp. 

uncinata). Most of the area is now part of the Mont Avic Natural Park. 

The Cascade Range extends over 1,100 km from Lassen Peak, northern 

California (USA), through Oregon and Washington to the Fraser River in 

southern British Columbia (Canada). Although similar in size to the European 

Alps, its north-south orientation, parallel to the Pacific coast, generates a strong 

barrier to moist air coming from the ocean (Case & Peterson, 2005). Therefore, a 

strong climatic gradient exists between the western and eastern slopes. The west 

side is characterized by a wet maritime climate and highly productive temperate 

rainforests, while the east side, characterized by a continental climate, is 

dominated by dry grasslands and forests (Franklin & Dyrness, 1988). What 

history of land use is for the European Alps, fire is for the Cascades and other 

North American mountain ranges. Wildfire has historically shaped the spatial 

patterns and structure of forest ecosystems in the region (Hagmann et al., 2014; 

Larson et al., 2022). The disturbance regime in ponderosa pines Pinus ponderosa 

Douglas ex C. Lawson stands of the Eastern Cascades is one of the most studied 

fire regimes globally. It was characterized by frequent low-severity surface fires 

(Haugo et al., 2019; Littlefield et al., 2020; Larson et al., 2022). Traditional 

indigenous use of fire had contributed to maintain the natural spatial pattern of 

these ecosystems (Hessburg et al., 2005). Livestock and wild ungulate grazing, 

road and rail construction, grassland conversion to agriculture, urbanization, and 

rural development in the modern era have all contributed to the exclusion of fires 
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in the region (Hessburg et al., 2005; Parks et al., 2023). Since the 20th century, 

fire regimes have shifted towards high-severity crown fires, with hindered post-

fire recovery (Littlefield et al., 2020). Therefore, fire-tolerant large-diameter trees 

that were historically abundant in forests with low and moderate severity fire 

regimes are now much less common, with cascading effects on ecosystem 

functioning and biodiversity conservation, and concerns about a potential 

transition to non-forest ecosystems (Hagmann et al., 2014; LeFevre et al., 2020; 

Larson et al., 2022). There is wide variability in historical fire regimes across the 

western side of the range, with mean fire return intervals ranging from 6 to 165 

years (Johnston et al., 2023). Douglas-fir stands exhibited high- or mixed-severity 

infrequent events, mostly coupled with summer vapor pressure deficits. Increased 

dry conditions and a fuel build-up due to fire exclusion is currently leading to 

more frequent, larger, and severe wildfires in wetter parts of the Pacific 

Northwest (Reilly et al., 2017; Haugo et al., 2019; Merschel et al., 2021; Larson 

et al., 2022). 

This thesis underlines the importance of analyzing the history of land use and its 

legacies in mountain forests. Reconstructing the impact of land-use legacies on 

forest landscapes requires a multidisciplinary and multiscale approach (Gimmi & 

Bugmann, 2013; Garbarino & Weisberg, 2020). Landscape history not only 

explains the current configuration of forests, but also guides and influences the 

future ecosystem resilience to disturbance, management, and global change 

(Garbarino & Weisberg, 2020). The goal should not be to restore historical 

conditions for their own sake, but to characterize and assess the historical patterns 

that have shaped these forests over centuries in order to foster adaptation to 

projected environmental changes in climate, land use, and disturbance regimes 

(Hagmann et al., 2014; Szabó, 2015; Garbarino et al., 2022). Integration between 

historical and current global change drivers is key. We attempted to explicitly 

consider interactive drivers in Chapter 2, where we showed that climate change 

is still a minor driver of forest gain in the European Alps. The issue was also 

partially discussed in Chapters 3 and 4, but without ad hoc analysis. We argue 
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that such explicit integration should take place at different spatiotemporal scales 

if the aim is to define best practices in landscape planning and restoration. 

Past land uses play a strong role in shaping current mountain forest communities 

(Plue et al., 2008; Abadie et al., 2018). The time required for passive restoration 

to restore biogeochemical functions has been measured aa 35.5 ± 33.1 years, 

depending on ecosystem resilience, the type and intensity of land-use legacies, 

and local edaphic conditions (Meli et al., 2017). Even after centuries, current 

ecosystems reflect the past land uses in terms of soil conditions, species pool, or 

landscape structure (Flinn & Vellend, 2005; Dyer, 2010; Abadie et al., 2018). For 

instance, “recent” forests (i.e., forest stands originated from former croplands, 

pastures, or grasslands) often have lower organic matter, but higher nutrient 

content due to nutrient provision (Koerner et al., 1997; Flinn & Vellend, 2005). 

Moreover, forests that developed from former pasture had similar pattern and 

trajectories with “ancient” forests, whereas forests that originated from croplands 

had different species composition (Dyer, 2010). Given the rate of change induce 

by global change, high levels of biodiversity are essential to ensure rapid species 

turnover and avoid habitat loss (Allan et al., 2011).  

By integrating some of the issues addressed in this thesis, there is the potential to 

address changes in understory communities by integrating land-cover maps and 

SDMs. For instance, Braziunas et al. (2024) recently built SDMs for understory 

species by accounting for both shifts in climate and in forest structure in a 

protected area of the German Alps. Carlson et al. (2014) accounted for glacier 

retreat and forest expansion in SDMs by explicitly modeling future land-use 

scenarios in the French Alps. These studies provide examples of how climate 

change, land use change and landscape structure can be combined to inform 

decision-making in the context of global change. Starting from the methodology 

adopted in the different chapters of this thesis, it would be advisable to develop a 

multi-scale and multi-model approach for different landscapes through 

hierarchical SDMs (e.g., Mateo et al., 2019). At a regional scale, Gelabert et al. 

(2022) applied an interesting framework to produce wall-to-wall maps of 
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probability of land abandonment in mountain regions, which can be developed 

for the European Alps by refining the approach we used in Chapter 2. Future 

trajectories of land use and land cover for the region can be derived from a 

Business-as-Usual perspective similarly to the MLP-MC procedure applied in 

Chapter 3. Then, SDMs can be built for different taxa including land use as 

predictor variable, using a dynamic (sensu Chapter 5) modeling strategy. The 

resulting outcomes of this exercise may provide interesting insights for different 

ecological questions or hypothesis in the study of protected areas, microrefugia, 

and treeline ecotones, that we try to anticipate. 

Mountain forests are protected for the 14% of their area. The percentage of 

protected areas (PAs) in the Alps reaches 28% (53,000 km2), while 13% (18,831 

km2) of the Cascade Range is protected. PAs provide high quality habitats that 

are protected from deforestation and agricultural and urban expansion (Andam et 

al., 2008; de Moraes et al., 2017). Protected forests have global cascading effects 

through carbon sequestration and biogeophysical climate feedbacks (Watson et 

al., 2014). Furthermore, we have already discussed the importance of considering 

microclimate into ecological research and SDMs. PAs were more effective than 

unprotected areas in buffering thermal increases due to climate change across 

several biomes (Xu et al., 2023). By simultaneously providing microclimate and 

habitat conservation, PAs can host many microrefugia, defined as small areas 

where populations can persist in favorable microclimate conditions during 

periods of unfavorable climate (Ashcroft et al., 2012; Hannah et al., 2014; 

Finocchiaro et al., 2023). We argue that quantifying the potential gain in 

undisturbed habitat and predicting future microrefugia inside and outside 

protected areas would be useful for implementing conservation and restoration 

strategies in different forest biomes and ecosystems. The Convention on 

Biological Diversity proposed to reach 30% of global land surface protection by 

2030 (CBD, 2021). SDMs and land-use change models could be useful for spatial 

zonation and prioritization and may be integrated to assess the effectiveness of 

core areas, decide if and where to expand a PA, or outline important features to 
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protect (e.g., Guisan et al., 2013; Wan et al., 2017; Buenafe et al., 2023). 

Moreover, it is interesting to note that recent PAs (i.e., designated after the 60s) 

in the European Alps were mostly designated in marginal areas with predominant 

out-migration (Bender et al., 2017). This reinforces the strength of land 

abandonment and the resulting secondary succession in buffering thermal 

extremes caused by climate change. 

Another possible playground for studying land-use legacies and predicting future 

trajectories of land use and climate is the treeline ecotone. Treelines are generally 

advancing worldwide, although there is local variability (Harsch et al., 2009; 

Hansson et al., 2021). The main driver of this elevational and latitudinal shift is 

global warming, but abandonment plays a pivotal role in European mountains 

(Ameztegui et al., 2016; Gehrig-Fasel et al., 2017). Treelines are an important 

environment to study the effects of climate change and its interactions with land 

abandonment (Ameztegui et al., 2016; Garbarino et al., 2023). Aerial images have 

been used to map forest cover over time and assess changes in land cover and 

habitat availability (Nguyen et al., 2022; Wang et al., 2022; Birre et al., 2023). 

They can generate not only land cover maps, but also landscape metrics that can 

inform correlative models such as SDMs in delineating potential distribution of 

several species (e.g., see Hu & Tong, 2022 for a similar application). For instance, 

an interesting application of SDM would be to assess seedling probability of 

occurrence and distribution at the treeline scale. Seedling niches have narrower 

climate envelopes than those of mature trees, and regeneration requirements can 

vary substantially among species at a very fine scales (Canham & Murphy, 2016). 

Little is known about the creation of novel habitats and microrefugia at higher 

elevations that manifest tree and shrub encroachment, and insights from this work 

may be helpful in this sense. 
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6.2 Ecological modeling: a mere academic exercise or a useful 

resource? 

In the context of rapid and profound alterations to the Earth system, modeling is 

crucial to provide scenarios and anticipate expected shifts in ecological 

functioning. However, in a recent review, Zurell et al. (2022) found that only 1 

to 5% of correlative SDMs studies published since 1995 produced clear 

management decisions for conservation and restoration of animals. A quantitative 

review of all ecological models in decision making is lacking, but the actual 

numbers are expected to be in this order of magnitude. A legitimate concern may 

therefore be: is spatial ecological modeling a mere academic exercise or can it be 

a useful resource for decision-making?  

Several authors are confident that management decisions can be supported by 

models (Schuwirth et al., 2019; Dhyani et al., 2023) but decision-makers or 

managers sometimes perceive ecological models as useless or, even worse, as 

tools that can be misapplied to provide desired and incorrect predictions. 

Participatory modeling approaches with stakeholders and practitioners have been 

proposed as a way to overcome this problem (Parrott, 2017). Moreover, further 

challenges involve technical and ecological issues. For instance, many studies 

show a mismatch between the scale of application and the scale of management 

decisions (Guisan et al., 2013; Araújo et al., 2019). In Chapters 4 and 5, we tried 

to assess this issue in correlative models. We tried to increase the detail of the 

analysis at a local scale by incorporating finer resolution in space (Chapter 4) and 

time (Chapter 5). Local models for tree species better captured the current 

conditions at the extent of calibration, but it suffered from niche truncation when 

predicting future changes. We argued that different aims may be addressed using 

different scales, with current mapping better tackled through local inventories and 

fine-scale predictors and forecasting more suited to broad-scale patterns. Chapter 

5 provides a reproducible and scalable application of SDMs using long-term 

observation and fine-scale predictors to build dynamic models accounting for 



275 

 

microclimate. We believe this approach can be applied to different ecosystems 

and spatiotemporal extents, as also highlighted by Milanesi et al. (2020). 

As discussed in the previous section, modeling has the potential to account for 

interactions between land-use change, its legacies, and climate change (different 

drivers of global change) at different levels, from predictor variables to predicted 

outcomes. We believe that this thesis can provide a strong foundation for a 

comprehensive study of global change at the landscape to regional scale, 

incorporating multiple drivers and modeling tools. Nevertheless, it is hard to find 

the right balance between model complexity and the increase in model 

performance and reliability, given that adding detail beyond a certain threshold 

may result in a reduced payoff in model development (Loehle, 1990).  

6.3 Limitations and future perspectives 

Specific and general limitations are listed in this section, together with some 

possible solutions and future research to overcome them. 

The main weakness of Chapter 2 “Global change in the European Alps: a century 

of post-abandonment natural reforestation at the landscape scale” is the lack of 

harmonization among different data sources. For example, there were 

inconsistencies in the rate of forest gain, with some studies covering almost 200 

years and others only the last 40 or 50 years. Also, images, land cover classes and 

classification methods may have differed between studies or research groups. 

Nevertheless, we considered our results as the best approximation of the 

dynamics of forest gain across the European Alps, and further information can 

only be obtained through a systematic re-analysis based on classification sources. 

Producing a harmonized geodatabase of land-use changes at the landscape scale 

across the European Alps is one of the aims of future research. With this data, we 

aim to interpolate a wall-to-wall probabilistic occurrence of land abandonment 

and consequent reforestation to answer to research questions and address 

ecological hypotheses. Another interesting avenue for further investigation could 

involve examining land conversion and land-use legacies by exploring whether 
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the historical land use of the “recent” forests consists of unsuitable agricultural 

areas. 

In Chapter 3 “Land use modeling predicts divergent patterns of change between 

upper and lower elevations in a subalpine watershed of the Alps” we assumed 

that recent successional dynamics in the upper elevations (i.e., primary 

successions from unvegetated – or sparsely vegetated – areas to grassland or 

sparse forest) were mainly related to climate change. However, we did not 

explicitly test for climate in the analysis. This could be done directly by using it 

as a predictor variable in the model or indirectly by assessing correlations 

between past climate and land uses. Our main concern would be that is difficult 

to infer these relationships on one site only, and possible future research may be 

use the past and future maps obtained from a harmonized geodatabase to test for 

the influences of climate in the past and future. 

Chapter 4 “Local forest inventory data improve species distribution model 

predictions” and Chapter 5 “Long-term data and temporal dynamic frameworks 

can improve landscape-scale species distribution models” presented alternative 

applications of SDMs at local extent and compare this fine spatial (Chapter 4) 

and temporal (Chapter 5) scale to the common scale of SDM applications. 

Regarding Chapter 4, the higher performance from the local tree inventory may 

result from the precision of the data in terms of tree determination and plot 

location. The European inventory (i.e., EU-Forest) had a higher uncertainty of 

plot location that may have impacted the model performance. A possible way to 

overcome this issue would be to account for this uncertainty in predictor variables 

(e.g., Naimi et al., 2011, 2014).  

Another issue in using local observations is niche truncation (Suárez-Seoane et 

al., 2013; Rousseau & Betts, 2022), which can affect the scaling and extrapolation 

of models to different spatiotemporal resolutions and extents. However, local and 

coarse models built in Chapter 4 did not show significant differences in 

performance when tested on independent datasets (Figure 4.4). This can be an 

indicator of limited niche truncation that can minimize problems in current 
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predictions. Nevertheless, when projecting probability of occurrence under future 

scenarios, we tend to rely more on coarse models that better represent the entire 

niche of a species. One possible implementation that we did not test for is to 

explicitly assess the niche truncation and the niche differences between modeling 

frameworks, where we could have assessed species-specific differences among 

models. As for Chapter 5, models should not suffer from niche truncation if the 

aim is to predict distribution of birds at the same limited scale for a short period 

of time. Nevertheless, other critical drivers of population dynamics, such as 

dispersal, mortality, and reproduction might be important to address at this scale 

(e.g., Singer et al., 2016 for a community-level mechanistic model). Acevedo et 

al. (2017) proposed the use of residuals of regression as a proxy of population 

growth rate and the use of upper limits of abundance as a proxy of the 

environmental carrying capacity. Braziunas et al. (2024) built SDMs using forest 

structure layers resulting from the landscape model iLand (Seidl et al., 2012) to 

assess the role of landscape structure versus climate change in understory 

communities. Further research at this scale might include these approaches as 

well as macroecology in terms of distance to the niche edges (e.g., Banks-Leite 

et al., 2022). 

Generally, our models were calibrated at the species level but interest toward 

population and genetic levels is increasing, although 72% of ecological models 

still focus on species (Zurell et al., 2022). Future investigations may focus on 

populations or genetics, where the role of local observations and predictors may 

increase the reliability of the models by incorporating data that are at the 

appropriate scale for mechanisms operating at finer scale. Moreover, this thesis 

mainly presented correlative models, and no mechanistic approaches were 

developed. Nevertheless, given the increasing availability of observation and 

experimental data and computational resources, these two different worlds are 

more than ever easy to combine. Following up and learning from this work, multi- 

and cross-scale studies using multiple models and objectives are expected to 

increase the reliability and impact of ecological research, particularly ecological 
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modelling. The main highlights from this thesis are: (i) the integration of land use 

legacies and climate scenarios can help to unravel the drivers of change in 

mountain forest ecosystems; (ii) correlative SDMs and land use change models 

can act synergistically to link spatio-temporal patterns to ecological processes; 

(iii) fine-scale mechanistic models and population dynamics can be integrated 

into modelling frameworks to predict stages of landscape change; (iv) 

hierarchical SDMs can serve as a useful tool for policy makers and planners. 
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Chapter 7 

Conclusions 

The consequences of global environmental changes in forest ecosystems have 

been observed worldwide at several spatial and temporal scales, from landscape 

to global assessments. Quantitative predictions are powerful tools for informed 

decision-making and management, anticipating ecological shifts and preparing 

for necessary interventions. Therefore, ecologists and practitioners need models 

that are reliable and informative at different spatial and temporal scales. 

The four research papers presented in this thesis stress the essential role that 

models and scales play in ecological analysis. In particular, they emphasize the 

effects of different spatial and temporal scales in the accuracy and reliability of 

models predictions. This thesis calls for a reconsideration of the role of spatial 

and temporal scales into ecological models. In particular, the research papers 

emphasize the need for models with an appropriate scale both in terms of spatial 

and temporal resolution and extent. In long-lasting human-dominated mountain 

systems such as the Alps, long temporal extent (Chapter 2) and fine spatial 

resolution (Chapter 3) are needed to assess past and future patterns and 

consequences of post-abandonment natural reforestation. Moreover, we 

questioned the reliance on both (i) free-air climate variables with coarse spatial 

(Chapter 4) and temporal (Chapter 5) resolution as explanatory predictors and (ii) 

broad (Chapter 4) and static (Chapter 5) species data in species distribution 

modeling. 

The contribution of this research has implications for forest landscape planning, 

biodiversity conservation, landscape restoration, and landscape change 

monitoring, particularly when assessing climate and land-use change scenarios. 

However, some limitations arose during the research. In Chapter 2 we were not 

able to train spatially explicit models to predict probability of land abandonment 

and post-abandonment natural reforestation (see for example Gelabert et al., 2022 
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for reference) because of a lack of metadata from the literature. Chapter 3 

represents a single case study and, therefore, the generalizability is limited. 

Indeed, we expect interesting results from applying the same approach to bigger 

landscapes or to a set of multiple landscapes. Chapter 4 and 5 suffer from a lack 

of a cross-scale approach (i.e., hierarchical approaches). Indeed, this approach 

showed interesting and useful results in species distribution models, as showed 

by Mateo et al. (2019) and Banks-Leite et al. (2022). The same limitation is 

present in Chapters 2 and 3. 

Several promising future applications arise from the four research papers and 

from the discussed limitations. Combining the insights and approaches we 

applied in the research process can provide a more holistic perspective on of 

ecological dynamics. In particular, dealing with land use in species distribution 

models and future scenarios is often neglected. Carlson et al. (2014) showed the 

role that this integration can achieve. Microclimate is another trend topic, and 

useful insights can be provided by the analysis of the buffering effect on climate 

extremes on post-abandonment natural reforestation. Indeed, land abandonment 

may be an opportunity for climate change mitigation in many ways that are still 

overlooked. In conclusion, the main future research that emerges from this thesis 

is how cross-scale hierarchical models can serve as powerful tools for landscape 

planning, conservation, and climate change impact assessment. 
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