
1 

JUST ACCEPTED 
 

Received: 21/08/2025 

Received: 16/12/2025 

Accepted: 16/12/2025 

Data Availability Statement: Data will be made available by the corresponding author upon request. 

Competing Interest: The authors declare no conflict of interest in this manuscript. 

Guest Editor: Francesco Mantino 

ORCID 

AC: 0000-0002-6896-141X 
GC: 0000-0001-8383-4809 
LM: 0000-0001-6012-2964 
LR: 0000-0003-3243-1561 

 

Research article 

 

Environmental vulnerability in Italian mountain areas and its socioeconomic 

drivers 

 

Aurora Cavallo*,1, Giovanni Cannata1, Luigi Mastronardi2, Luca Romagnoli3 
1Universitas Mercatorum, Italy 

2University of Molise, Department of Economics, Campobasso, Italy 
3University of Molise, Department of Biosciences and Territory, Pesche (IS),  

*Corresponding author E-mail: a.cavallo@unimercatorum.it 

 

 

Abstract  

Mountain areas are exposed to multiple risks due to the complex interactions between environmental, 

social, and economic factors. This paper aims to assess the environmental vulnerability of mountain 

areas through a synthetic indicator and to identify the drivers of such vulnerability at the local level. 

It uses a multidimensional and spatial approach to define the main dimensions of vulnerability based 

on municipal data. Furthermore, a geographically weighted regression model is used to investigate 

the drivers of vulnerability. The results show that mountain areas are less environmentally fragile 

than lowland and hilly regions but have higher demographic, social, and economic vulnerability. 

However, southern mountains are more fragile due to the lower presence of protected areas and forest 

cover. The spatial model also reveals a trade-off between environmental preservation and 

demographic, social, and economic characteristics. These findings should be carefully considered in 

light of place-based planning strategies and policies in mountain areas, particularly in southern Italy. 
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Highlights:  

• Mountain areas are prone to multiple environmental hazard factors 

• A vulnerability index to analyse the environmental state of Italian mountain is defined 

• Several socio-economic drivers are investigated at the spatial scale 

• Mountain areas show a healthier environmental condition than hill and plain zones, with a trade-

off between environment and socio-economic features 

• The research findings provide useful insights for planning strategies 
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1. Introduction  

 

Research on human-environment vulnerability primarily considers large-scale environmental 

processes (Cutter et al., 2014; UNDRO, 1979) and identifies various areas of vulnerability, including 

economic, social, and environmental factors, as well as the complex relationships linking these factors 

to risk (Cutter, 2021). The spatial variation of vulnerability and the factors that cause it is pivotal to 

the development of policy measures aimed at strengthening the resilience of the most exposed 

communities (UNISDR, 2015). Vulnerability can be conceptualised as the consequence of multiple 

spatial marginalities that are interdependent in their dynamic evolution (Vendemmia et al., 2021). 

This approach facilitates the identification of differential degrees of spatial marginality, which is 

instrumental in the recognition of varied intensities and manifestations of vulnerability, thus enabling 

the formulation of targeted spatial policies (OECD, 2022). While this issue has been investigated 

more extensively in urban areas (Sun et al., 2022), vulnerability analysis remains a crucial aspect in 

marginal areas, particularly mountain areas, which are more exposed to environmental risks 

(Karpouzoglou et al., 2020).  

Vulnerability is a multidimensional concept (Bernués et al., 2022; Ford et al., 2018) linked to 

a population’s exposure to hazards and its ability to respond to and recover from the impacts of such 

risks (Thorn et al., 2020). Mountain communities have different capacities for resilience and recovery 

depending on their social and economic conditions (Jha et al., 2021). Therefore, in mountain areas, 

the incidence of multi-risk events and the causal links between risks are often deeply intertwined 

(Schmeller et al., 2022). For example, earthquakes can trigger secondary processes such as 
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avalanches or landslides, and droughts are deeply linked to fires. Multi-hazard risks pose a major 

challenge because they are expected to increase in intensity and frequency with global warming 

(Bankoff, Hilhorst, 2022). These risk categories need to be analysed separately because manageable 

threats can be addressed, while unavoidable ones can only be mitigated and are generally associated 

with environmental risks (Mastronardi et al., 2022).  

Multiple pressures have affected mountain areas in recent decades, including demographic 

decline and depopulation (González-Leonardo et al., 2022), abandonment of agricultural activities 

(Levers et al., 2018), and the dependence of local economies on tourism (Teare, 2021). Since the 

1950s, Italian mountains have experienced a demographic decline and population ageing, leading to 

an uneven socio-economic fabric and a severe lack of essential services. These conditions favour a 

vicious circle which accelerates population abandonment, reduces economic activities, and leads to 

the disintegration of the social fabric and the increase in land management costs (Pagliacci, Russo, 

2019).  

Italian mountain areas have multiple vulnerabilities. The impact of earthquakes is often 

devastating, and the fragile socio-economic structure of these places emerges as a critical factor in 

earthquakes, particularly in the Apennine areas (Pagliacci et al., 2021). Landslides have a significant 

impact in terms of loss of life and natural resources (Trigila, Iadanza, 2018), which can be exacerbated 

by the impact of climate change in inner areas, both in terms of frequency (Gariano et al., 2018) and 

intensity (Esposito et al., 2023). These events are also linked to the abandonment of agriculture, which 

has accelerated in mountain areas (Dax et al., 2021), leading to changes in land use and forest cover 

(Rumpf et al., 2022). These changes have been confirmed by future change models (Gobiet, 

Kotlarski, 2020). 

Italian mountain areas have the highest percentage of forests and protected areas in the country, 

along with lower levels of air pollution and land consumption (Uncem, 2025). Forests provide 

ecosystem services and socio-economic benefits (Dasgupta, 2021), and contribute to climate change 

mitigation (Callisto et al., 2019). Protected areas play a crucial role in biodiversity conservation and 

sustainable development (Acreman et al., 2020). Mountains are socio-ecological systems whose 

management and conservation are linked to human activity (Bretagnolle et al., 2019). As such, they 

have a positive impact on the provision of ecosystem services (Kokkoris et al., 2018), income (Sena-

Vittini et al., 2023), and employment (Acampora et al., 2023) through the enhancement of tourism 

(Lenart-Boroń et al., 2021), and sustainable, quality-conscious agricultural practices (Romano et al., 

2021).  

The relationship between socio-economic factors and environmental conditions is crucial in 

mountain areas. The weakness of socio-economic factors, such as depopulation, ageing, a decline in 

employment, and the cessation of business activities, impacts the abandonment of territory (Urso et 

al., 2019). Consequently, these areas are subjected to environmental vulnerability (i.e., landslides and 

hydrogeological instability), thereby increasing remoteness (Di Giovanni, 2016; Pilone, De Michela, 

2018). Many economic and social indicators can contribute to the measurement of vulnerability, but 

there are still research gaps regarding the identification of indicators that allow for the measurement 

of when a population or area is exposed to multiple environmental risks (Cong et al., 2023). This 

requires the need of appropriate spatial scales, including the local ones, to effectively address risk 

management and the concerns of stakeholders and local communities (Marsden, 2024). 
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The aims of the study are (1) to assess the environmental vulnerability of mountain areas 

through the definition of a synthetic indicator; and (2) to identify the drivers of such vulnerability at 

local level. This study addresses some gaps in the literature by using a multidimensional and spatial 

approach that has been less explored in the literature (Drakes, Tate, 2022; Schmeller et al., 2022), 

especially in mountain areas, which are more exposed to multiple risk and threat factors (Eckstein et 

al., 2021). The distinctive contribution of this research lies in the integration of environmental and 

socio-economic vulnerability at a spatial level, a critical aspect of human-environment interactions, 

into the assessment of mountain exposure to environmental risks (Pirasteh et al., 2024).  

The remainder of this paper is organised as follows. Section 2 describes the data and methods 

used for our analysis. Sections 3 and 4 present the results and discuss them. Finally, Section 5 provides 

the conclusions. 

 

 

2. Dataset and methods 

 

2.1. Dataset and variables definition 

To construct a composite vulnerability index, we analysed the available datasets on the 

selected variables for the Italian municipalities. On 1 January 2019, Italy was subdivided into 7960 

municipalities; our data refer to 7942 of them, due to missing data for the remaining 18. Our interest 

is in mountain areas, comprising 2514 municipalities classified as “Inner Mountain” (2397) or 

“Coastal Mountain” (117) by the Italian National Institute of Statistics (Istat). 

The variables and indicators considered are reported in Table 1. Apart from previous 

considerations described in Section 1, the selection of variables integrates environmental and socio-

economic aspects to ensure a comprehensive assessment of the multiple factors that shape 

vulnerability when using a spatial approach. Nevertheless, the choice of variables was heavily 

conditioned by the information available at the municipal level. We used the most recently data 

available for 2017-2019, with the exception of data pertaining to the 2020 so-called National Strategy 

for Inner Areas (IANS). When necessary, we normalised the original variables to eliminate the scale 

effects deriving from the very different size of the municipalities. 

 

Table 1. Original variables and indicators employed in the analysis, per domain. 

Variable Source* Indicator Acronym Domain** 

Earthquake hazard INGV 
Earthquake hazard 

classification 
𝐸𝐻 Environment 

Landslide hazard ISPRA 
Share of landslide hazard 

areas 
𝐿𝐻 Environment 

Flood hazard ISPRA Share of flood hazard areas 𝐹𝐻 Environment 

Monthly average 

precipitation 
CRU-UEA 

Abnormal Standardised 

Precipitation Index 
𝐴_𝑆𝑃𝐼 Environment 

Particulate matter 

pollution 
ISPRA Particulate matter pollution 𝑃𝑀10 Environment 

Waste collection ISPRA Per capita waste collection 𝑊𝐴 Environment 

Land consumption ISPRA Share of land consumption 𝐿𝐶 Environment 

Forest areas CLC Share of forest areas 𝐹𝐴 Environment 
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Protected areas 
UN-

WCMC 
Share of protected areas 𝑃𝐴 Environment 

Population aged 80+ Istat Share of population aged 80+ 𝐸𝑃 Demography 

Births and deaths Istat Natural growth rate 𝑁𝐺𝑅 Demography 

Degree of urbanisation Istat (Modified) Population density 𝑀𝑃𝐷 Society 

IANS Istat 
Time of travel to the nearest 

Pole 
𝑇𝑁𝑃 Society 

Local units Istat Local units per 1000 residents 𝑈𝐿 Economy 

Employees Istat Employees per 1000 residents 𝐸𝑀𝑃 Economy 

Note: *INGV, Italian Institute of Geophysics and Volcanology; ISPRA, Italian Institute for Environmental Protection 

and Research; CRU-UEA, Climatic Research Unit – University of East Anglia; CLC, Corine Land Cover; UN-WCMC, 

UN Environment Programme – World Conservation Monitoring Centre; Istat, Italian National Institute of Statistics. 

** Each background colour refers to a different synthetic index (described in Section 2.2). Green: SEVI; light orange: 

DWI; orange: SDI; light blue: EWI. 

 

We considered the impact of variables on the environmental, demographic, social and 

economic domains to justify their inclusion. The effects and related literature are reported in Table 2. 

 
Table 2. The effects of the employed variables as deduced from the literature. 

Variable Effects Reference literature 

Earthquake hazard 
Damage to buildings, 

Infrastructure, and people 
European 

Commission, 2021 

Landslide hazard / flood 

hazard 

Modify the natural 

environment and hit 

communities as a whole 

Aroca et al., 2022; 

Trigila, Iadanza, 2018 

Monthly average precipitation 

Too much rain triggers floods 

and landslides 

Long-term dryness: soil 

erosion, 

salinisation, and land 

degradation 

European 

Environment 

Agency, 2020 

Particulate matter pollution 
Danger to human health, 

especially in urban areas Brooks, Sethi, 1997 

Waste collection 
Negative effects on air, soil, 

and water pollution ISPRA, 2020 

Land consumption 
Non-reversible soil use 

or transformation ISPRA, 2018 

Forest areas 

Carbon dioxide capture, 

release of water vapour, 

conservation of plant and 

animal life and reduction of 

hydrogeological risk 

IPCC, 2023 

Protected areas 
Biodiversity and ecosystem 

conservation 
Geldmann et al., 2013; 

Stolton et al., 2015 

Population aged 80+ years 
Low dynamism and less 

available workforce 
Mottet et al., 2006 

Births and deaths 

Demographic decline, 

abandonment of productive 

activities, and loss of social 

capital 

Jha et al., 2021; Pilone, 

De Michela, 2018 

Degree of urbanisation 
Rurality condition and 

economic disadvantage  
De Rossi, 2018 
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Distance from the nearest 

Pole 

Remoteness from essential 

public services 
Uval, 2014 

Local units 
Resilience and vitality of the 

productive fabric  
Urso et al., 2019 

Employees Vitality of social capital Faggian et al., 2018 

 

 

The methodological approach consists of two phases, related to the two goals stated at the end 

of Section 1. They are described in the following subsections. 

 

2.2. Derivation of the synthetic indexes 

The first phase involved nine variables related to the environmental domain (Table 1). We 

maintained the original value (level of risk) of the indicators earthquake hazard (𝐸𝐻) and particulate 

matter pollution (𝑃𝑀10) and considered them quantitative variables. We derived landslide hazard 

(𝐿𝐻), flood hazard (𝐹𝐻), land consumption (𝐿𝐶), protected areas (𝑃𝐴), and forest areas (𝐹𝐴) by 

dividing the original values by the corresponding municipal areas. Waste collection (WA) is the annual 

waste per inhabitant (in kilograms). Finally, we calculated monthly average precipitation (A_SPI; the 

Abnormal Standardised Precipitation Index) as follows. The standardised precipitation index (𝑆𝑃𝐼) 

was determined as 𝑆𝑃𝐼 − 12 (12 months of accumulation) (Bordi et al., 2007) over a 30-year period 

and after the time series (one for each municipality). Then, we calculated the fraction of times for 

which |𝑆𝑃𝐼| > 1.5: 𝐴_𝑆𝑃𝐼 =
#|𝑆𝑃𝐼|>1.5

360
, giving the same consideration to drier and wetter periods 

when defining its contribution to vulnerability. 

We used the aforementioned indicators to build the synthetic environmental vulnerability 

index (𝑆𝐸𝑉𝐼). Seven of the indicators have a direct relationship to 𝑆𝐸𝑉𝐼; this means that an increase 

of an indicator leads to an increase in 𝑆𝐸𝑉𝐼, and vice versa. 𝐹𝐴 and 𝑃𝐴, however, are inversely linked 

to environmental vulnerability. Therefore, we modified their original values, denoted by 𝐹𝐴𝑖  and 

𝑃𝐴𝑖 , to become 𝐹𝐴𝑖𝑛𝑣,𝑖 = 1 − 𝐹𝐴𝑖  and 𝑃𝐴𝑖𝑛𝑣,𝑖 = 1 − 𝑃𝐴𝑖 , which range from 0 (no vulnerability, 

when the whole municipal territory is covered by forests and/or protected areas) to 1 (maximum 

vulnerability, in the absence of forests and/or protected areas). We also standardised all indicators to 

give each the same weight. The resulting index is defined for the 𝑖-th municipality (𝑖 = 1, … ,7942) 

as the mean 𝑆𝐸𝑉𝐼𝑖 =
∑ 𝑍𝐼𝑗,𝑖

9
𝑗=1

9
, where 𝑍𝐼𝑗 is the 𝑗-th standardised indicator. By definition, 𝑆𝐸𝑉𝐼 has a 

mean of 0 and variance that is less than 1 (because it is a linear combination of correlated standardised 

variables). 

For the second phase, we built three more synthetic measures that can be considered proxies 

for the demographic, social, and economic features of Italian municipalities. We used them to analyse 

the relationships among environmental vulnerability, as expressed through the 𝑆𝐸𝐹𝐼 measure, and 

the socio-economic fabric at a local scale. 

The demographic weakness index (𝐷𝑊𝐼) includes the share of population aged 80+ years and 

the natural growth rate. The latter is defined as the difference between the number of births and deaths 

in a given year, divided by the average amount of the resident population and multiplied by 1000. 

The social disadvantage index (𝑆𝐷𝐼) is defined as vulnerability caused by the scarcity of so-

called essential services (health, education, and mobility services). Thus, this index can be based on 
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the degree of urbanisation and the IANS classification, as both reflect social distress due to a lack of 

services. The degree of urbanisation is expressed through transformation of the population density 

(𝑃𝐷). Because 𝑃𝐷 is hypothesised to be inversely linked to the presence of essential services, we first 

calculated the square root of 𝑃𝐷 to reduce the variability and then took the inverse of that result. 

Consequently, the modified population density employed is 𝑀𝑃𝐷𝑖 = 1 √𝑃𝐷𝑖⁄ . With regard to the 

IANS classification, the indicator employed is the time of travel (by public transport), in minutes, to 

reach the nearest Pole (in the context of the IANS, a Pole indicates a municipality where all the 

essential services are present). 

Finally, the economic weakness index (𝐸𝑊𝐼) includes the number of local units of firms per 

1000 residents and the number of employees per 1000 residents. 

Just like for 𝑆𝐸𝑉𝐼, we calculated DWI, SDI, and EWI by standardising each component. We 

employed the mean values of each index as independent variables in the local spatial model. 

 

2.3. The spatial econometric model 

As discussed in Section 1, the social, institutional, and economic characteristics of local 

communities directly influence the evolution of ecosystems and environmental condition (Carrer et 

al., 2020; Jha et al., 2021; Stotten et al., 2021; Whitaker, 2023). To model this relationship, we used 

a geographically weighted regression (GWR) model (Fotheringham et al., 2002). Given a set of 

multivariate observations, geographically set in 𝑛 sites (or zones or locations), on 𝑃 independent 

variables and one dependent variable, GWR belongs to the class of spatially varying coefficient 

(SVC) models. They consider spatial heterogeneity in the coefficients and are employed especially 

when large samples are available (Murakami et al., 2020). Most of the approaches to SVC problems, 

however, are affected by the ‘degeneracy problem’: they use spatially varying local functions that are 

too smooth and produce map representations of the coefficients that fail to capture local-scale 

coefficient variations. Thus, GWR is a very useful tool because it is not affected by degeneracy. It 

allows for more realistic modelling of local characteristics based on the choice of several local 

kernels. 

Formally, GWR is a non-parametric model based on a sequence of locally linear regressions, 

built to produce estimates for every point in space using a sub-sample of data information from nearby 

observations (LeSage, 2004). The GWR model gives rise to 𝑛 distinct local regressions, one for each 

site. Drawing on Tobler’s first law of geography (Tobler, 1970), which states that nearby phenomena 

tend to occur in a more similar way than distant ones, we adopted this local spatial model because 

estimating a single parametric value for the entire observed area – as in conventional (non-spatial) 

regression – would be impractical. 

The observations in each of the distinct equations are based on a set of local weights. Hence, 

each observation has importance that decays as distance from site i under consideration increases. 

The 𝑖-th local GWR can be expressed, in matrix-vector form, as: 

 

𝑾𝑖(𝑏)𝒚 = 𝑾𝑖(𝑏)𝑿𝜷𝑖 + 𝜺𝑖 (1) 

 

where 𝒚 = [𝑦1, 𝑦2, … , 𝑦𝑛]′  is the 𝑛 × 1 vector of the dependent variable; 𝑿 = [𝒙0 𝒙1 … 𝒙𝑃] is the 

𝑛 × (𝑃 + 1) matrix of the independent variables, with 𝒙0 = 𝟏𝑛, the 𝑛 × 1 vector of ones, in order to 
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include in the equation, the intercept term 𝛽𝑖,0; 𝜷𝑖 = [𝛽𝑖,0, 𝛽𝑖,1, … , 𝛽𝑖,𝑃]′ is the (𝑃 + 1), a dimensional 

vector of the 𝑖 -th local model parameters; 𝑾𝑖(𝑏) = diag(𝑤𝑖,11(𝑏), 𝑤𝑖,22(𝑏), …, 𝑤𝑖,𝑛𝑛(𝑏)) is an 

𝑛 × 𝑛 diagonal matrix that, in the 𝑗-th position of the main diagonal, contains the distance-based 

weight measuring the distance between observations at sites 𝑖 and 𝑗; and 𝜺𝑖 is the error term relating 

to 𝑖-th local regression: 𝜺𝑖~𝑀𝑉𝑁(𝟎, 𝜎2𝑰𝑛) 

The (local) parameter estimates for the model in Equation (1) are obtained through weighted 

least-squares and written as: 

 

𝜷̂𝑖 = [𝑿′𝑾𝑖
2(𝑏)𝑿]−1𝑿′𝑾𝑖

2(𝑏)𝒚 (2) 

 

where, as usual, 𝑿′ indicates the transpose of 𝑿. The result in Equation (2) depends on a bandwidth, 

b, which characterises the chosen local kernel function and determines the weights to be assigned to 

the neighbouring observations of site i. The usual choice for the weights exploits Euclidean distance 

and a Gaussian distance-decaying kernel (Lu et al., 2022): 

 

𝑤𝑖,𝑗𝑗(𝑏) = exp {(−𝑑𝑖𝑗 𝑏⁄ )
2

} (3) 

 

with 𝑑𝑖𝑗 representing the Euclidean distance between zones 𝑖 and 𝑗. The choice of an optimal value 

for the bandwidth is a crucial point for any GWR. The task is typically solved by means of a leave-

one-out cross-validation (LOOCV) procedure to minimising the cross-validation score, 𝐶𝑉: 𝐶𝑉 =

∑ [𝑦𝑖 − 𝑦̂−𝑖(𝑏)]2𝑛
𝑖=1 , where 𝑦̂−𝑖(𝑏)  is the fitted value for 𝑦𝑖  which derives from an estimation 

procedure leaving out the 𝑖-th observation. 

The LOOCV step is computationally very demanding, as are also the calculations required by 

the diagnostics, commonly based on an adjusted 𝑅2 (𝑅𝑎𝑑𝑗
2 ) and/or a corrected Akaike information 

criterion (𝐴𝐼𝐶𝑐). These steps involve a high number of repeated calculations on large matrices, which 

often makes the use of a GWR unfeasible in the presence of big databases. For these reasons, many 

possible alternatives to ‘classical’ GWR have been proposed in the scientific literature (for a review 

and comparison among different methods, see Lu et al., 2022). 

To analyse our data, we chose to employ the scalable GWR model (ScaGWR) proposed by 

Murakami et al. (2020). This method replaces the standard non-linear kernels present in GWR 

analysis with a linear multiscale kernel of the form: 

 

𝑤𝑖,𝑗𝑗
(𝑆𝑐𝑎𝐺𝑊𝑅)(𝛼, 𝛾) = 𝛼 + ∑ 𝛾𝑘 [𝑤𝑖,𝑗𝑗

(𝑄)
(𝑏∗)]

4/2𝑘
𝐾

𝑘=1

 (4) 

 

where 𝑤𝑖,𝑗𝑗
(𝑄)

(𝑏∗) is a base kernel, assumed to be a decreasing function of distance 𝑑𝑖𝑗 and have a value 

of 1 for 𝑑𝑖𝑗 = 0; 𝑏∗ is a fixed bandwidth; 𝐾 is the maximum order of the polynomials defining the 

multiscale kernel; and 𝑄 is the number of neighbours of site 𝑖, a fixed number for every local kernel 

of the type in Equation (4). It is used to determine the threshold for the base kernel. Letting 𝑑𝑖(𝑄) be 

the distance between site 𝑖 and its 𝑄-th nearest neighbour, it will be 𝑤𝑖,𝑗𝑗
(𝑄)(𝑏∗) = 𝑤𝑖,𝑗𝑗(𝑏∗) if 𝑑𝑖𝑗 ≤
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𝑑𝑖(𝑄), and 𝑤𝑖,𝑗𝑗
(𝑄)

(𝑏∗) = 0. Having fixed 𝑏∗, 𝐾, and 𝑄, the estimated parameters are 𝛼, a global weight 

parameter, and 𝛾,which weights the local terms of Equation (4). 

There are two especially relevant advantages of the ScaGWR model. First, it drastically 

reduces the computational burden to find parameter estimates. Specifically, 𝑤𝑖,𝑗𝑗
(𝑆𝑐𝑎𝐺𝑊𝑅)(𝛼, 𝛾) are 

defined at a cost of complexity 𝑂(𝑛𝑄) instead of 𝑂(𝑁2), and the LOOCV procedure for estimating 

𝛼  and 𝛾  has a cost, which is quasi-linear with respect to 𝑛 . Second, ad hoc simulations have 

highlighted that the local parametric estimates obtained through ScaGWR are at least as good, in 

terms of the root mean square error (RMSE), as those obtained through classical GWR. This means 

that they can be usefully employed in cases like ours: with an 𝑛 close to 8000, there can be problems 

in running a standard GWR algorithm. 

 

 

3. Results 

 

Table 3 reports the mean values of the environmental indicators introduced in Table 1. 

Mountain areas show the highest values for 𝐸𝐻, 𝐿𝐻, 𝐹𝐴, and 𝑃𝐴. However, they show the lowest 

values for 𝑃𝑀10 and 𝐿𝐶, indicators that are related to a better environmental condition. The remaining 

indicators for the mountain areas are near or equal to the national mean. Maps showing the 

geographical distribution of the original indicators in Mountain Areas (MAs) are reported in Figure 

A.1 in the Appendix. 

 
Table 3. Mean values of the environmental indicators employed in this study. 

Altimetric zone 𝐸𝐻 𝐿𝐻 𝐹𝐻 𝐴_𝑆𝑃𝐼 𝑃𝑀10 𝑊𝐴 𝐿𝐶 𝐹𝐴 𝑃𝐴 

Plain 5.50 0.09 0.14 0.13 3.60 476.43 0.17 0.05 0.06 

Hill 6.96 0.47 0.16 0.14 2.19 427.25 0.10 0.25 0.14 

Mountain 7.19 0.54 0.15 0.13 1.64 455.01 0.04 0.61 0.27 

Italy 6.64 0.39 0.15 0.14 2.39 449.02 0.10 0.31 0.16 

Note: 𝐸𝐻  is based on four-class classification (low, medium, high, very high). 𝐿𝐻  is the share of landslide hazard 

municipal areas. 𝐹𝐻 is the share of flood hazard municipal areas. 𝐴_𝑆𝑃𝐼 is the fraction of times (over a 30-year period) 

for which the Standardised Precipitation Index exceeds the value of 1.5. PM_10 is presented as µg/m³. 𝑊𝐴 is presented 

as kilograms per capita. 𝐿𝐶 is the share of municipal land consumption. 𝐹𝐴 is the share of forest municipal areas. 𝑃𝐴 is 

the share of protected municipal areas. 

 

Table 4 shows the 𝑆𝐸𝑉𝐼 median, mean, and standard deviation (SD) for each altimetric zone 

and for Italy as a whole. 𝑆𝐸𝑉𝐼 decreases gradually when moving from plain to hill to mountain areas. 

Within the individual zones, the variability is quite high, as indicated by the SDs. 

 
Table 4. Descriptive statistics for the Synthetic Environmental Vulnerability Index (𝑆𝐸𝑉𝐼). 

Altimetric zone Median Mean SD 

Plain 0.178 0.193 0.274 

Hill 0.067 0.043 0.336 

Mountain -0.212 -0.220 0.330 

Italy 0.022 0.000 0.357 
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At the municipal level, Figure 1 illustrates the 𝑆𝐸𝑉𝐼 values for mountain areas. There are 

some critical situations in north-western Italy, and some in the central and southern parts of the 

country. 

 
Figure 1. Spatial distribution of the Synthetic Environmental Vulnerability Index (𝑆𝐸𝑉𝐼) in Italian mountain 

areas. 

 

 

 

 

Table 5 provides details for the municipalities with a 𝑆𝐸𝑉𝐼 > 0 (i.e., the most fragile ones). 

There is still an apparent decrease in terms of the percentage of municipalities involved and their 

surface area when going from plain to mountain areas. The population living in fragile areas is higher 

in hill municipalities in both absolute and relative terms. 

 

Table 5. The main features of municipalities with a Synthetic Environmental Vulnerability Index (𝑆𝐸𝑉) > 0. 

Altimetric zone 
Number of 

municipalities 

Surface 

area (km2) 
Population 

Plain 
1650 

(78.31) 

32,666.95 

(46.75) 

9,909,398 

(33.49) 

Hill 
1912 

(57.57) 

41,763.60 

(33.34) 

11,150,821 

(47.58) 

Mountain 
642 

(25.54) 

11,916.28 

(11.21) 

2,925,309 

(39.60) 

Italy 
4204 

(52.93) 

83,346.83 

(28.64) 

23,985,528 

(39.70) 

Note: the percentage is presented in parentheses. 

 

Notably, although mountain areas exhibit the lowest overall incidence of environmental 

fragilities, approximately one quarter of their municipalities are affected. These municipalities 
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account for only 11.21% of the total surface area, yet they host a substantial share of the population, 

comparable to the national average. 

For our second aim, we first derived the demographic, social, and economic variables to build 

the covariates of model (1); their mean values are presented in Table 6. Focusing on mountain areas, 

it is evident that the situation here is the worst. From a demographic point of view, mountain areas 

have the highest (absolute) values for 𝐸𝑃 and 𝑁𝐺𝑅, meaning that the percentage of population aged 

80+ years is the highest while the natural growth rate is the lowest. Mountain areas also have the 

highest values for the variables that indicate the degree of urbanisation and remoteness (𝑀𝐷𝑃 and 

𝑇𝑁𝑃, respectively). This means that in these areas there is a high presence of municipalities that are 

scarcely populated (𝑀𝑃𝐷 ≥ 0.08 km2/inhabitant, i.e., 𝑃𝐷 ≤ 150 inhabitants/km2), which can be 

considered rural areas (Eurostat, 2025). There are also a higher proportion of inner area municipalities 

which are distant from the nearest Pole, where public and private services are limited or totally 

lacking. 

 
Table 6. Mean values of the demographic, social and economic variables by altimetric zone 

Altimetric zone 𝐸𝑃 𝑁𝐺𝑅 𝑀𝑃𝐷 𝑇𝑁𝑃 𝑈𝐿 𝐸𝑀𝑃 

Plain 5.90 -3.44 0.07 19.37 6.71 26.55 

Hill 7.35 -6.10 0.10 30.22 6.49 19.96 

Mountain 8.15 -7.70 0.18 41.59 6.74 19.31 

Italy 7.22 -5.90 0.12 30.93 6.63 21.50 

 

 

Table 7 shows the descriptive statistics of the independent variables in our ScaGWR model 

(1) by altimetric zone. Mountain areas present the highest medians for all three indexes, meaning that 

these areas are characterised by strong demographic, social, and economic weaknesses. The high SDs, 

especially for demographic and economic dimensions, indicate a certain amount of internal 

variability. Thus, mountain areas likely experience different scenarios. 

 

Table 7. Descriptive statistics of the independent variables in model (1) by altimetric zone 

  𝐷𝑊𝐼    𝑆𝐷𝐼    𝐸𝑊𝐼  

Altimetric zone Median Mean SD  Median Mean SD  Median Mean SD 

Plain -0.46 -0.41 0.66  -0.44 -0.55 0.71  -0.09 -0.18 0.88 

Hill -0.09 0.04 0.81  -0.09 -0.00 0.83  0.23 0.08 0.83 

Mountain 0.12 0.30 1.11  0.58 0.46 0.70  0.26 0.05 1.01 

Italy -0.15 0.00 0.93  -0.09 0.00 0.85  0.14 0.00 0.91 

 

Figure 2 displays the spatial distribution of the three aforementioned indexes in mountain 

areas. At a local scale, 𝐷𝑊𝐼 and 𝐸𝑊𝐼 exhibit a clear increasing gradient moving from northern to 

southern Italy (with a few exceptions for 𝐷𝑊𝐼 in the most southern part of the country). There is much 

more widespread heterogeneity for 𝑆𝐷𝐼, which does not display any particular clusters but does show 

the presence of a majority of municipalities where essential services are absent. 
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Figure 2. Spatial distribution of the (a) Demographic Weakness Index (𝐷𝑊𝐼), (b) Social Distress Index (𝑆𝐷𝐼), 

and (c) Economic Weakness Index (𝐸𝑊𝐼) in Italian mountain areas. 

   
(a) (b) (c)  

 

 

The most important calculation regarding the ScaGWR model involves the linear multiscale 

kernel defining the model weights, as shown in Equation (4). Thus, by defining 𝑑(𝑄)
𝑚𝑒𝑑 as the median 

of the 𝑄-nearest neighbour distances and following the algorithm proposed by Murakami et al. 

(2020), we set 𝑏∗ = 3−
1

2 ∙ 𝑑(𝑄)
𝑚𝑒𝑑. For the two remaining parameters to be fixed in Equation (4), that is 

𝐾 (the maximum order of the polynomials) and 𝑄 (the number of neighbours), we tried different 

combinations and compared the results based on 𝐴𝐼𝐶𝑐 and 𝑅𝑎𝑑𝑗
2 . The best combination was 𝐾 = 3 

and 𝑄 = 150. Figure 3 presents the main results for the estimated model (1). In particular, values for 

the parametric estimates of the single independent variables are displayed and only coefficients that 

are significant at the 5% level are shown. 

 

Figure 3. Values for the (a) Demographic Weakness Index (𝐷𝑊𝐼), (b) Social Distress Index (𝑆𝐷𝐼), and (c) 

Economic Weakness Index (𝐸𝑊𝐼) in model (1) that are significant at the 5% level. 

   
(a) (b) (c) 

 

In Figure 3a, the significant positive relationship linking 𝐷𝑊𝐼 and 𝑆𝐸𝑉𝐼 is evident in many 

northern Italian municipalities. This could be due to the effect of the negative values expressing minor 

environmental vulnerability and the contextual negative 𝐷𝑊𝐼 values present in the majority of these 

municipalities. This is the best possible combination because demographic vitality favours a healthy 
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environment (Pilone, Demichela, 2018; Stotten et al., 2021). There is an exception in some parts of 

the Trentino-Alto Adige region: although 𝑆𝐸𝑉𝐼  and 𝐷𝑊𝐼  have the same sign, the corresponding 

model coefficients are negative, suggesting that in this part of the country a favourable demographic 

status does not improve the state of the environment. Central Italy is characterised by a mainly inverse 

relationship between demographic weakness and environmental vulnerability. Most of the 

municipalities present a favourable environmental situation, indicating that they are experiencing 

depopulation and/or ageing phenomena. The estimated coefficients for southern Italy are mainly 

negative. However, it is worth noting the positive cluster between the Molise, Campania, and 

Basilicata regions, which is the result of the worst possible combination – have high values for both 

𝐷𝑊𝐼 and 𝑆𝐸𝑉𝐼. 

The map concerning 𝑆𝐷𝐼 (Figure 3b) shows that almost all of the coefficients have a negative 

sign. remember that this indicates an inverse link between 𝑆𝐷𝐼 and 𝑆𝐸𝑉𝐼, apart from the algebraic 

values taken by the variables. Because the dependent variable, 𝑆𝐸𝑉𝐼, is mostly lower than the mean, 

it follows that, as expected, rural and inner area municipalities are characterised by a higher SDI. This 

means that municipalities where essential services (health, education, and mobility) are lacking still 

exhibit a favourable environmental state. 

Finally, the parametric estimates for EWI in Figure 3c indicate that there is a trade-off between 

economic activities and environmental state. Similarly to 𝐷𝑊𝐼 , the Trentino-Alto Adige region 

stands out as a situation that is potentially very favourable, but this is not confirmed by the model 

results: the negative coefficient estimates do not seem to allow for good compatibility between the 

economy and the environment. 

 

 

4. Discussion 

 

Large portions of Italian mountain areas are characterised by social, economic, and 

demographic vulnerability. In terms of environmental vulnerability, apart from seismic and landslide 

risks, the overall environmental conditions are better thanks to the presence of vast wooded areas, 

extensive protected areas, lower atmospheric pollution, and less land consumption. These results 

reveal local diversity at a detailed administrative level, highlighting the role of a local approach to 

territorial vulnerability analysis (Shepherd, Dissart, 2022). This evidence reveals diversity at the local 

level on a detailed administrative scale, highlighting the need for a local approach to analysing 

territorial vulnerability. At a local level, there is some critical vulnerability in north-western Italy and, 

to a lesser extent, in some parts of central and southern Italy. In Piedmont, these vulnerabilities stem 

from demographic and environmental issues and the role of local mountain policies, which are 

characterised by deep fragmentation (Chilla et al., 2018). In both the southern Apennine areas and 

the Piedmont section, demographic and economic decline has been observed as confirmed by the 

recent Uncem (2025) report. 

The results reveal strong demographic, social, and economic weaknesses. This dynamic can 

be explained by considering how population ageing is linked to less autonomy, with birth and 

mortality rates being an important element in classifying marginality (Cotella, Vitale Bovarone, 

2020). Moreover, in Italy’s mountain areas there is a correlation between population loss, an increase 

in the number of elderly people, low income, and a general reduction in the supply of services (De 
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Rossi, 2018). The positive relationship between 𝐷𝑊𝐼 and 𝑆𝐸𝐹𝐼 in many municipalities in north-

eastern Italy indicates a trade-off between lower environmental vulnerability and social demographic 

sustainability. In the central Apennines there is a positive environmental situation and a very worrying 

demographic situation. The mountains of southern Italy often present negative situations in terms of 

both environmental vulnerability and demographic weakness (Galderisi et al., 2022). 

These elements are linked to economic aspects: depopulation and economic decline are highly 

correlated with distance to essential services (Camarero, Oliva, 2019). Furthermore, the number of 

enterprises and the level of employment are linked to the vitality of the local production system and 

rural development (Urso et al., 2019) and are useful for explaining the resilience of socio-economic 

systems in marginal areas (Faggian et al., 2018). The peripherality of mountain areas is linked to 

limited accessibility to essential services through a vicious circle of self-reinforcement, which 

negatively affects vulnerability (Cerea, Marcantoni, 2016). The difficult accessibility, distance from 

the main centres that provide essential services, increasing state of abandonment and degradation of 

the built heritage, and prevalence of the agricultural sector over other productive sectors contribute 

to explain the poor performance in socio-economic indicators, as discussed by De Rossi (2018). This 

framework has contributed to increasing marginality and a marked deterioration of social conditions, 

particularly in the mountain areas of southern Italy (Storti et al., 2020). These results seem to indicate 

a trade-off between the social and demographic fabric and environmental quality. While more intense 

land use might promote economic development, it might not be sufficient to prevent population loss 

and thus might have a negative impact on the provision of some ecosystem services (Vidal et al., 

2013).  

 

 

5. Conclusions 

 

We investigated the environmental state of Italian mountain areas based on a synthetic 

vulnerability index and identified the socioeconomic drivers of such vulnerability at the local level. 

Rural development, agricultural planning, and environmental policies should consider the spatial 

distribution of vulnerability across mountain areas. Management policies that are more attentive to 

the characteristics of mountain areas are needed. Moreover, the relationship between environmental 

vulnerability and socio-economic structures must be analysed in depth – at the local level – to guide 

rural development and spatial planning policies, thus contributing to a more integrative and 

sustainable management of mountain areas. These systems require more effective governance models 

to combine environmental risk management with human activities.  

Some limitations of the study need to be mentioned. We chose variables and adopted a 

synthetic index to incorporate the multifactorial, interactive, and spatial dimensions that characterise 

vulnerability in mountain areas. However, this also represents a critical issue related to the possibility 

of applying the model to different territorial contexts and to the limited availability of data at the 

municipal level, particularly economic data. From a methodological point of view, some limitations 

may arise from the possible conservative behaviour of GWR parametric estimators, which can lead 

to a very low rejection rate of the null hypothesis of no effect for local model variables. 

Future research efforts can be made at the local level to investigate the causes and related 

aspects for the most vulnerable municipalities and the relationship between environmental 
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vulnerability and the socioeconomic drivers. This could involve qualitative analysis, including 

multidisciplinary analysis. This is relevant for cases where there is low environmental vulnerability 

and good demographic, social, and economic conditions, such as the Trentino Alto Adige region. 

However, it is also crucial for regions for which we identified environmental vulnerability: the 

Apennine area (i.e., Basilicata) and in the north-western Alpine area, such as Piedmont. 
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Appendix 

Figure A.1. Geographical distribution of the original environmental indicators in Italian mountain areas. 
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Source: the data are compiled from INGV, ISPRA, CRU-UEA, CLC, UN-WCMC, and Istat. 


