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Abstract 

This study proposes a methodology for developing an integrated risk index at municipal 

level, applied to the entire territory of the Lombardy region. The conceptual framework 

adopts a pragmatic approach based on the formula R = H × D (Risk = Hazard × Damage), 

integrating diverse institutional datasets—from national or regional geoportals—with 

empirical evidence drawn from the regional damage register (Ra.S.Da.). The methodology 

harmonises data relating to six types of risk: wildfires, seismic, hydraulic, hydrogeologi-

cal, avalanches and adverse weather events. The main methodological steps included nor-

malising the data to a common scale. The normalised risk values associated with each 

analysed phenomenon were aggregated using an additive approach, yielding a single in-

tegrated risk index for each municipality in Lombardy. The results highlight marked spa-

tial variability in risk, enabling the identification of areas where multiple hazard factors 

coexist. The final output consists of a composite risk map implemented within an interac-

tive WebGIS platform, designed as a reproducible and transparent decision-support tool 

to assist stakeholders in designing tailored civil protection plans. This article aims to high-

light the wide range of risks considered and guide both local and regional stakeholders in 

the design of ad hoc civil protection plans. This work synthesises the joint efforts of re-

searchers and decision makers, aiming to develop a reproducible, adjustable, and trans-

parent decision support tool. 
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1. Introduction 

According to the last report published by the World Economic Forum (WEF), the 

world’s population is now increasingly exposed to risk due to the interplay of multiple 

anthropogenic, socio-economic and environmental factors that contribute to increasing 

the vulnerability of regions and communities [1]. In this context, climate change often acts 

as a veritable risk multiplier [2], amplifying pre-existing fragilities and intensifying the 

frequency and intensity of extreme events [3]. Among the main factors increasing expo-

sure and vulnerability are rapid and unplanned urbanisation processes [4], which 
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encourage se�lement in inherently hazardous areas (such as floodplains or unstable 

slopes) [5], and increase soil sealing [6,7], reducing natural drainage capacity [4] and rais-

ing the likelihood of hydrogeological instability [8]. At the same time, environmental deg-

radation and biodiversity loss compromise the protective function of natural ecosystems 

[9]. Further critical factors include population growth, poverty and socio-economic ine-

qualities, which often force vulnerable sections of the population to live in precarious and 

poorly served areas, reducing their capacity to adapt and respond [5,10]. Moreover, infra-

structure is often obsolete or inadequate and was not designed to cope with current cli-

matic conditions, as well as geopolitical dynamics and conflicts that undermine territorial 

stability and access to essential services [11]. Taken together, these interlinked factors 

make communities more fragile and increase risk at a faster rate than mitigation and pre-

vention measures can reduce their effects [12]. 

In this perspective, urban areas represent critical points [13]. Cities concentrate stra-

tegic infrastructures, economic activities, and essential services, amplifying potential 

losses and cascading impacts during disruptive events [8,13]. At the same time, rural and 

remote municipalities are often characterised by limited accessibility, lower redundancy 

of infrastructures, and reduced emergency response capacity, which may increase vulner-

ability even in contexts of lower population density [4]. As a result, risk should be inter-

preted through an urban–regional lens, where urban cores, peri-urban areas, agricultural 

plains, and mountainous se�lements are functionally interconnected through mobility 

networks and service provision systems. Under this framework, localised events—such 

as floods, landslides, or infrastructure failures—can generate impacts that propagate 

across administrative boundaries and affect the resilience of the entire territorial network 

[11,14]. 

As the world becomes increasingly exposed to risk, there has been growing interest 

in quantifying it, with many seeking to understand how to measure risk across a variety 

of contexts [15]. 

In the literature, the wide variety of approaches dealing with the risk assessment over 

recent decades can be grouped into four main categories: indices focused on individual 

risks, often characterised by a high degree of technical precision and applied to specific 

hazards such as seismic, hydro-meteorological or fire risk [16–18]; risk indices that work 

with integrated approaches, based on dimension reduction techniques enabling the com-

bination of geophysical and socio-economic variables into a composite natural risk index 

[6,19,20]; multi-risk approaches, which represent the cu�ing edge and seek to include 

domino effects and interactions between socio-physical components, often requiring dy-

namic weightings and participatory processes with stakeholders to reflect different oper-

ational priorities depending on the context and the type of threat [21–23]; and finally, so-

cial vulnerability indices, which emphasise socio-demographic components and commu-

nity resilience, highlighting the importance of disaggregating data to avoid underestimat-

ing vulnerable populations [24,25]. The displayed literature shows that the indices are es-

sential tools for disaster risk management processes. For example, they enable the identi-

fication of hotspots and priorities for action at different scales [22,26,27], support early 

warning systems [28,29] and facilitate the integration of risk reduction into governance 

and planning processes [30–32]. However, the increasing dynamism of risk can alter haz-

ard pa�erns and amplify pre-existing socio-economic vulnerabilities [2]. In this frame-

work, both the gap between calculated risk and perceived risk, which can influence public 

response and the effectiveness of prevention policies [33]and the limits of institutional 

capacity to cope with increasingly frequent extreme events [34]. 

This study proposes a methodology to develop an integrated risk index that was de-

veloped combining three main categories of regional information: (i) risk data directly 

provided by the Lombardy region; (ii) data related to territorial hazard provided by 
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Lombardy region and integrated with national datasets; and (iii) verified damage datasets 

derived from officially reviewed regional registry of damage (Ra.S.Da.) at the municipal 

level. In this paper, all data are harmonised at the municipal scale and standardised to 

ensure spatial comparability across municipalities of different sizes. Within this frame-

work, the research was carried out using a methodological approach divided into succes-

sive stages. Starting with the collection and harmonisation of data from institutional 

sources, municipal indicators were developed for the various types of risk under consid-

eration and subsequently standardised to ensure comparability. The individual indicators 

were then integrated into a composite index at municipal level. For this reason, in this 

study, the term “integrated” was used to refer specifically to the combination of multiple 

hazard-specific risk components within a common municipal-scale index, rather than to 

the explicit integration of all conventional risk dimensions (hazard, exposure, and vulner-

ability). The methodology is aimed at identifying a risk index that can serve as a guide for 

municipalities when drafting their Municipal Civil Protection Plan. To this end, the pro-

cedure integrates territorial data and hazard indicators, translating them into a synthetic 

index that can be compared across different risk scenarios. This index enables the Munic-

ipal Civil Protection Authority to define planning priorities, structure the operational re-

sponse model, and identify prevention and mitigation measures consistent with national 

and regional guidelines. Within this context, this study pursued three main objectives: (i) 

to develop a composite municipal risk index based on heterogeneous institutional da-

tasets, (ii) to explore spatial pa�erns of risk distribution and clustering across Lombardy’s 

municipalities through spatial statistical analysis, and (iii) to build a decision-support 

platform that can support local civil protection planning. 

The proposed framework aims to bridge the gap between the increasing availability 

of spatial risk information and the practical needs of territorial governance. By providing 

a standardised municipal-scale assessment and an accessible visualisation environment, 

the approach supports local authorities and civil protection practitioners in interpreting 

complex risk pa�erns and identifying areas requiring further investigation or targeted ac-

tions. Accordingly, this study aims to develop a reproducible municipal-scale risk assess-

ment framework capable of integrating heterogeneous risk information and translating 

complex spatial pa�erns into actionable knowledge for local risk governance. 

2. Materials and Methods 

The methodological workflow consists of five main phases: (i) identification of the 

study area, (ii) the conceptualisation of the methodological framework, (iii) the identifica-

tion of relevant risk phenomena based on the regional civil protection framework, (iv) 

data collection, harmonisation at the municipal level and construction of hazard-specific 

indicators, and (v) aggregation into an integrated risk index. The phases and their outputs 

are synthesised in Figure 1. 
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Figure 1. Schematic representation of the methodological framework adopted for the construction 

of the integrated municipal risk index, including data acquisition, hazard and damage assessment, 

normalisation procedures, and risk integration. 

2.1. Study Area Identification 

The study area encompasses the entire Lombardy region, located in northern Italy, 

as shown in Figure 2. It is the fourth-largest Italian region by area (23,844 km2) and the 

most populous, with 10,065,694 residents as of 1 January 2026 [35]. Lombardy comprises 

1502 municipalities, ranging from sparsely populated mountain hamlets to densely inhab-

ited metropolitan areas. The region exhibits a highly diverse physiography, encompassing 

several Alpine sectors, the Po Plain, and the northern Apennine units of the Oltrepò Pa-

vese. This environmental heterogeneity, coupled with marked variations in population 

density, exposes Lombardy to a wide range of natural and anthropogenic risks. 

 

Figure 2. Location of the study area within the Lombardy Region (Northern Italy). 
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2.2. Conceptual Framework 

This study’s conceptual framework is built on an operational approach. It aligns with 

planning provisions in key legal sources currently in force in Italy, such as the Civil Pro-

tection Code [36] and National [37,38] and Regional Laws [39]. By consulting these official 

sources, it was possible to identify the types of risk explicitly considered relevant within 

our institutional framework. This approach defined a scope of analysis aligned with actual 

planning requirements and consistent with the main event scenarios envisaged at the re-

gional level for Lombardy. 

The adopted approach for compiling the index was pragmatic and data driven. It 

focused on collecting and utilising available data from all sources and formats for each 

natural phenomenon that may pose a risk. For each identified risk, the most reliable and 

geographically comprehensive datasets available from official national and regional 

sources were selected, with a preference for datasets that offer both high spatial resolution 

and consistent coverage across the entire study area. When multiple data formats existed 

(risk, hazard, or damage), priority was given to those that are routinely used in institu-

tional planning or that best reflect the official methodology prescribed by regulatory 

frameworks [21]. Particular emphasis was placed on using official and publicly verified 

information to ensure reproducibility and acceptance by stakeholders [40]. In situations 

where only partial or indirect data were available, complementary sources were inte-

grated to fill information gaps [41]. Since these datasets are heterogeneous in nature and 

content, the conceptual framework assumes that the available information can describe 

different components of risk: (i) risk data already produced by public authorities, (ii) data 

on physical hazard or the probability of occurrence of the phenomenon, and (iii) empirical 

evidence of impact through verified damage data. All formats of data were converted to 

a risk value using the formula: 

� = � ×  � (1)

This formula expresses the risk (R) as a function of hazard (H) and expected damage 

(D), which has deep roots in disaster risk research and has been widely adopted in both 

policy and scientific communities [42,43]. 

Therefore, for each municipality, the risk values associated with individual risk-in-

ducing phenomena were calculated separately and subsequently aggregated through an 

additive sum, resulting in a synthetic integrated risk index defined by the following for-

mula: 

�� =  � ��,� (2)

The integrated risk index (� �) is computed as the sum of the risk values (��,�) associ-

ated with each type of event (k) within municipality (i). The resulting value represents the 

cumulative contribution of all considered hazards at the municipal scale. This approach 

provides a concise, comparable measure of the overall territorial risk profile that can be 

directly interpreted for decision-making and municipal planning. This notation—where i 

denotes the municipality and k the hazard type—retains the same meaning in the equa-

tions that follow throughout the manuscript. 

2.3. Data Sources and Classification of Calamitous Events 

In constructing the integrated risk index, only the main types of natural risks relevant 

to Lombardy civil protection planning were considered, i.e.,  wildfire, seismic, hydraulic, 

hydrogeological, avalanche and adverse weather risks. For each phenomenon, datasets 

from institutional sources were collected, prioritising information already available as risk 

or hazard indicators. The data used in this study were obtained from national sources 

(e.g., “Flood risk management Plan” [44]) and the regional geoportal [45]. 
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In some cases, the risk-related information was only partially available, which pre-

vented a direct and comparable assessment of risk at municipal level. To address this lim-

itation, an empirical impact score was derived from the Ra.S.Da. (Raccolta Schede Danni) 

database, an official damage reporting system managed by the Lombardy Region. Oper-

ational since 2003, Ra.S.Da. enables municipalities and other authorised public bodies to 

systematically report damage to public assets caused by natural disasters through a stand-

ardised digital platform. The system supports post-event damage assessment, emergency 

management, and civil protection planning by providing an institutional and continu-

ously updated repository of verified damage records. Each report contains three main 

categories of information: (i) administrative and spatial metadata (e.g., municipality, 

province, and reporting authority), (ii) event descriptors (event type, occurrence date, and 

damage description), and (iii) damage-related economic information [46]. In this study, 

the Ra.S.Da. database was used to derive an empirical impact score for each risk category, 

complementing institutional datasets and enabling the construction of a consistent and 

comparable municipal-scale integrated risk index. 

The data used in our study covers the period from 2003 to 2025. However, in 2021, a 

new interface was developed to align the nomenclature of Ra.S.Da model with Civil Pro-

tection Code [36] requirements and administrative changes occurred over time. Conse-

quently, Ra.S.Da records have varied over time, necessitating a harmonisation process to 

ensure spatial and semantic consistency of the datasets. The harmonisation process was 

conducted following a structured sequence of steps. 

(1) Updating municipal nomenclature: all the municipal nomenclature was updated ac-

cording to the most recent official register [47] to account for administrative changes 

that occurred during the observation period (mergers, name changes). For example, 

the original municipality names (Canevino, Ruino and Valverde) were harmonised 

and replaced with the current administrative denomination Colli Verdi, established 

through the merger of the three municipalities and effective since 1 January 2019. 

(2) Standardising event-type nomenclature based on a semantic analysis: harmonisation 

was achieved by aligning the terminology used in the first damage records dataset 

(2003–2021) with the official risk classification adopted in the Civil Protection Code 

[36], which was implemented in the second Ra.S.Da. dataset (2021–2025). Specific 

event descriptions, e.g., “frana” (landslide), were consequently reassigned to their re-

spective institutional risk categories, e.g., “rischio idrogeologico” (hydrogeological 

risk), thus preserving their original meaning while ensuring comparability with the 

damage datasets employed in the analysis. 

(3) Qualitative review of ambiguous entries: records with generic classifications “altre 

emegenze” (other emergencies) were reviewed and reclassified through a double-

blind analysis, involving two independent researchers with a third researcher resolv-

ing any disagreements [48]. The re-labelling was done by reading the description of 

each Ra.S.Da. record and manually assigning it to a different category wherever pos-

sible. 

Once the data from Ra.S.Da. registry was cleaned and harmonised, the damage data 

were aggregated at the municipal level and transformed into a specific damage score (D) 

for each risk, thus obtaining a set of indicators that are comparable and can be integrated 

with other available datasets. Specifically, for each municipality i and each event type k, 

the D was defined as: 

��,�
��� =

��,�

��

 (3)

where ��,� represents the number of Ra.S.Da. records in which the municipality is iden-

tified as i and the event type is classified as k, while ��  indicates the total number of 

Ra.S.Da. records associated with municipality i, regardless of the event type. The damage 
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score was initially calculated as the relative frequency of reports associated with the event 

in question. Subsequently, municipalities with no reports were assigned a baseline value, 

whilst positive values were normalised using a min–max transformation within the inter-

val [a,b]. 

��,���� = �

��

 � + (� − �)
��,�

��� −  ��,���

��,��� −  ��,���

          
��,�

��� = 0

��,�
��� > 0

 (4)

where Dk,norm represents the normalised damage index for the municipality i, Dk max and Dk 

min are the minimum and maximum positive damage values observed in the dataset, and 

(a) and (b) are the lower and upper bounds of the normalisation interval, respectively. 

Formula (4) was designed to preserve the distinction between the absence and presence 

of the analysed phenomenon. Municipalities with a raw score equal to zero were auto-

matically assigned a baseline value �� = 0.01. In our case, all positive observations were 

subsequently rescaled using min–max normalisation over the chosen interval [0.02, 0.99]. 

This approach ensures that the value 0.01 is uniquely associated with the absence of the 

phenomenon, while all observed occurrences are mapped onto a continuous and strictly 

higher range. 

Table 1 summarises the dataset used for each event type; the nature of the infor-

mation (risk, danger, or damage), and the institutional source are also specified to ensure 

the maximum transparency and replicability of the process. A more detailed table con-

taining all the links to the sources is included as Appendix A. In addition, a GeoPackage 

containing the geospatial datasets that can be redistributed under their original licences, 

the derived hazard-specific layers, the final integrated risk index, and the associated QGIS 

project is provided as Supplementary Material to facilitate the reproducibility and further 

exploration of the analysis. 

Table 1. Overview of the datasets used in the study, including the hazard type considered, data 

format, and source (see the complete list in Appendix A). 

Event Type Nature of Information Official Sources Vector Layer 

Wildfire risk Risk 
Rischio Incendio 

Boschivo 
Rischio_AIB_Comuni  

Seismic risk 
Hazard 

Classificazione sis-

mica dei Comuni 
Classificazione_sismica_dei_comuni 

Damage Ra.S.Da.  

Hydraulic risk 
Hazard PGRA  Pericolosita_RP_CR 

Damage Ra.S.Da.  

Hydrogeological 

risk 

Hazard PAI, ISPRA 

Dissesti_poligonali; a00000009—

Mosaicatura_ISPRA_2024_aree_pericolosita_frana_P

AI 

Damage Ra.S.Da.  

Avalanche risk 
Hazard PAI, ISPRA 

Dissesti_poligonali; a00000009—

Mosaicatura_ISPRA_2024_aree_pericolosita_frana_P

AI 

Damage Ra.S.Da.  

Adverse weather 

risk 
Damage Ra.S.Da.  

2.4. Calculation of Risk Values for Each Event Type 

The methodological workflow adopted for the development of the integrated risk 

index was based on the OECD guidelines for the construction of composite indicators, 
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which include the harmonisation, normalisation, and aggregation of heterogeneous vari-

ables [49]. As shown before in Table 1 (Section 2.3), the sources provided varied infor-

mation: sometimes expressed as risk values, sometimes as hazard levels, or as historical 

damage data. A differentiated methodological procedure was defined according to the 

type of source data to ensure the harmonisation between the risk values of each event 

type. All variables were standardised to a comparable scale using different types of mon-

otonic linear transformations, preserving the ordinal structure of the data and ensuring 

invariance with respect to the original unit of measurement. 

The following subsections describe the methodological procedures adopted for each 

of the data scenarios identified. Each subsection begins with a general description of the 

processing strategy applied to that specific data typology, followed by a detailed account 

of the operations performed for each of the risk categories considered in this study. 

2.4.1. Risk Data 

The risk information was expressed through ordinal qualitative classes representing 

progressively increasing levels of risk. Values were rescaled within a predefined interval 

to ensure consistency and comparability with the other risk indicators included in the in-

tegrated index, following the principle of transforming heterogeneous variables onto a 

common measurement scale [49]. The adoption of predefined normalisation bounds rep-

resents a methodological choice supported by the composite indicator literature, which 

recognises the use of fixed reference values to harmonise variables originating from dif-

ferent datasets and measurement systems [50]. Furthermore, adopting harmonised nu-

merical scales reduces the risk of implicit weighting effects that may arise from heteroge-

neous scaling procedures, ensuring that each risk component contributes to the final inte-

grated index according to its intrinsic variability rather than differences in the normalisa-

tion process [51]. 

To preserve the original classification schemes, the normalisation was based on the 

theoretical minimum and maximum classes defined by the institutional datasets rather 

than on the classes effectively observed in the study area. This approach ensures method-

ological consistency across all municipalities and maintains the relative significance of 

each risk category, even when some classes are not represented within the analysed da-

taset. 

The normalisation was performed according to the following equation: 

�� = � + (� − �)
�� − ����

���� − ����

 (5)

where is ��  the normalised risk value associated with municipality � , ��  is the corre-

sponding ordinal risk class, ���� and ���� denote the theoretical minimum and maxi-

mum classes of the original classification, and a and b represent the lower and upper 

bounds of the normalised scale. Normalisation bounds were predefined as part of the har-

monisation procedure to place heterogeneous indicators on numerically comparable 

scales. In particular, the bounds were selected to prevent variables derived through dif-

ferent processing pathways from acquiring disproportionately different numerical ranges 

and, consequently, from exerting unintended implicit weights during additive aggrega-

tion. This was particularly relevant for the event type, which data were directly available 

as a risk indicator, unlike the other components derived through the two-step combina-

tion of hazard and damage. In our case, the values were set to 0.0001 and 0.55. This pro-

cedure was applied to the wildfire risks dataset. The reclassification, normalisation and 

assessment procedures were carried out directly within the GIS environment using Py-

thon code. All scripts developed for the analysis are provided as Supplementary Material. 

Wildfire risk. The dataset for the wildfire risk was derived from the vector layer “Ris-

chio_AIB_Comuni” (cf. Table 1, Section 2.3). The vector layer is distributed by the regional 
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geoportal under the CC-BY 4.0 license. The qualitative risk classes were converted into 

ordinal numerical values that reflect increasing levels of risk, as shown in Table 2. Then, 

the quantitative score was linearly normalised with Equation (5). 

Table 2. Reclassification scheme adopted for wildfire risk classes and corresponding normalised 

scores. 

Risk Class Score 

Class 1 1 

Class 2 2 

Class 3 3 

Class 4 4 

Class 5 5 

2.4.2. Hazard Data 

The original hazard layers—shown in Table 1, Section 2.3—were processed using ge-

oprocessing procedures developed in Python, designed to aggregate the data at the mu-

nicipal administrative level and subsequently normalise the resulting values. The hazard 

datasets were provided in two different formats. Some indicators, such as seismic hazard, 

were characterised by a single value assigned to the entire municipal territory, whereas 

others represented hazard conditions through spatially distributed classes or hazard 

zones, with different levels of intensity associated with specific areas within the munici-

pality. 

For hazard datasets provided as a single value associated with the entire municipal 

territory, the hazard component was directly derived from the value assigned to each mu-

nicipality. Since the original hazard information was expressed through ordinal classes, 

these classes were first converted into quantitative scores according to their relative sever-

ity, ensuring that higher values corresponded to increasing hazard conditions. The result-

ing raw hazard values were subsequently normalised using Equation (6) to obtain com-

parable municipal hazard indicators. 

��,���� = � + (� − �)
�� − ����

���� − ����

 (6)

where is ��,���� the normalized hazard value associated with municipality �, �� is the 

corresponding ordinal hazard class, ���� and ���� denote the theoretical minimum and 

maximum classes of the original classification, and a and b represent the lower and upper 

bounds of the normalised scale. This procedure was applied to the seismic data. 

Seismic hazard. The dataset for the seismic risk was derived from the vector layer 

“Classificazione_sismica_dei_comuni” (cf. Table 1, Section 2.3). The vector layer is distrib-

uted by the regional geoportal under the CC-BY 4.0 license. In accordance with national 

legislation, the region provides a list of municipalities, together with their classification 

into one of the four zones—in descending order of hazard—into which the national terri-

tory has been reclassified. Hazard classes were first reclassified so that higher numerical 

values corresponded to higher risk levels, as Zone 1 indicates the highest seismic risk zone 

and Zone 4 the lowest risk area. Specifically, the original qualitative classes were reas-

signed to a quantitative score as shown in Table 3. The municipal hazard score was calcu-

lated by applying Formula (6). 
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Table 3. Reclassification scheme adopted for seismic hazard classes and corresponding normalised 

scores used in the analysis. 

National Classification Score 

Zone 1 4 

Zone 2 3 

Zone 3 2 

Zone 4 1 

For hazard datasets provided as spatially distributed information, the hazard com-

ponent was calculated by processing the geographic layers containing the spatial distri-

bution of hazard classes within the municipal boundaries. Specifically, for each munici-

pality, identified by the national municipality identifier (ISTAT code), the area values are 

aggregated, distinguishing them by hazard class c and assigning increasing weights cor-

responding to hazard severity. In this way, a weighted index is calculated relative to the 

total municipal value. The formula applied in this study is summarised below: 

��,�
��� = �

��,�

��,���

�� (7)

where ��,�
��� represents the raw hazard score associated with hazard type � in munici-

pality �, computed as the weighted contribution of the areas exposed to the different haz-

ard classes. In this formulation, ��,� denotes the municipal subarea affected by the hazard 

class under consideration, ��,��� is the total municipal area, and Kc is the weight assigned 

to the corresponding hazard class according to its relative severity. 

Then, the values normalisation was done using the following formula: 

��,���� = �

��

 � + (� − �)
��,�

��� − ����

���� −  ����

          
��,�

��� = 0

��,�
��� > 0

 (8)

where ��,���� is the normalised hazard value. Municipalities for which no hazard is ob-

served are assigned the baseline value ��= 0.01, while all positive hazard values are re-

scaled within the interval [a, b] through a min–max transformation [0.02, 0.99]. The terms 

����  and ���� identify the minimum and maximum positive hazard values observed 

across the study area for the k event type and are used to preserve the relative differences 

among municipalities while ensuring comparability with the other indicators included in 

the integrated risk assessment. 

The previously described steps are executed sequentially by a Python code, and only 

the final value is automatically wri�en to a new field within the GIS layer. All scripts de-

veloped for the analysis are provided as Supplementary Material. This procedure was 

applied to flood, hydrogeological, and avalanche risk data. 

Hydraulic hazard. The dataset for flood hazard was derived from the PGRA docu-

mentation, distributed through the regional geoportal under the CC-BY 4.0 license. The 

vector layer used was “Pericolosità_RP_CR” (cf. Table 1, Section 2.3). Since overlapping 

polygons associated with different hazard scenarios were present in the original dataset, 

a hierarchical prioritisation clipping procedure was applied based on the classes reported 

in the CODSCENAR a�ribute field. So, in cases of spatial overlap, polygons associated 

with higher hazard levels were given precedence over those with lower hazard levels. The 

clipping procedures were implemented through a Python script within QGIS environ-

ment. The resulting hazard layer was then spatially associated with municipal boundaries 

to identify the portions of municipal territory affected by flood hazard. Municipal hazard 

values were subsequently calculated as a weighted function of the extent and severity of 

the hazard classes using Equation (7) and were finally normalised using Equation (8) to 

obtain the hazard component employed in the integrated risk assessment. Table 4 shows 
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the correspondence between hazard classes and their assigned weights. The weights were 

assigned in proportion to the return periods to which the hazard categories refer. 

Table 4. Hydraulic hazard classes and corresponding weights adopted for the calculation of the 

municipal hazard component. 

Hazard Class Kc 

H—high 1 

M—medium 0.25 

L—low 0.1 

Hydrogeological hazard. The dataset for hydrogeological hazard was derived by in-

tegrating the regional hydrogeological instability inventory—contained in PAI documen-

tation distributed through the regional geoportal under the CC-BY 4.0 license in the vector 

layer “Dissesti_poligonali” (cf. Table 1, Section 2.3).—with information from the Italian 

Landslide Inventory (IFFI)—maintained by ISPRA. A spatial join was performed to link 

ISPRA hazard data to Lombardy regional polygons, enabling the use of consistent hazard 

classes across the Italian territory. Features unrelated to landslide processes were ex-

cluded from the original dataset, while the remaining landslide polygons were spatially 

associated with the corresponding IFFI records and subsequently linked to municipal ad-

ministrative boundaries. The hazard classes reported in the “per_fr_ita” a�ribute field 

were converted into numerical weights that reflect increasing severity levels. Municipal 

hazard values were then computed as the weighted contribution of landslide-affected ar-

eas relative to the total municipal area using Equation (7) and subsequently normalised 

following Equation (8) to obtain the hazard component used in the risk assessment frame-

work. Table 5 shows the correspondence between hazard classes and their assigned 

weights. The weights are assigned following a semantic logic. 

Table 5. Hazard classes considered for hydrogeological instability and associated weights used for 

the computation of the municipal hazard index. 

Hazard Class Kc 

Very high 4 

High 3 

Medium 2 

Moderate 1 

Avalanche hazard. The avalanche hazard was assessed using the same datasets and 

the procedure as the hydrogeological hazard assessment. Since both indicators originate 

from the regional hydrogeological instability inventory, the only methodological differ-

ence concerns the selection of the hazard features: in this case, only the polygons belong-

ing to avalanches were selected. 

To obtain the corresponding risk indices at the municipal level, each hazard value 

was multiplied by the damage score in accordance with Formula (1) in Section 2.3. This 

made it possible to obtain a municipal-level risk index for each event type. 

Once the final integrated risk index had been obtained, two complementary analyses 

were performed to assess, respectively, the robustness of the methodological choices and 

the spatial structure of the resulting index. As the hydraulic, hydrogeological and ava-

lanche hazard components rely on numerical weights assigned to ordinal hazard classes, 

the influence of these weights on the resulting municipal values was tested through a sen-

sitivity analysis. The effect of weighting represents an important source of uncertainty in 

composite indicators and spatial multi-criteria models, and testing alternative weighting 

configurations can therefore provide useful information on the robustness of the resulting 
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outputs [52–54]. First, a Monte Carlo approach was used to generate 1000 alternative 

weighting configurations by randomly varying the non-reference weights within ±20% of 

their baseline values, while maintaining the weight associated with the highest hazard 

class as the reference and preserving the original ordinal hierarchy among classes. For 

each simulation, the municipal hazard values were recalculated and re-normalised using 

the same procedure adopted for the baseline analysis. Variability was assessed through 

the coefficient of variation and mean absolute difference from the baseline, while Spear-

man’s rank correlation coefficient was used to evaluate the stability of the municipal rank-

ing. Second, an equal-weight scenario was used as a stress test to assess the dependence 

of the municipal ranking on the adopted weighting structure by removing the prioritisa-

tion among hazard classes. Spearman’s rank correlation coefficient and the mean absolute 

difference from the baseline were used to compare the two configurations. Both analyses 

were implemented through a dedicated Python script, which is provided as Supplemen-

tary Material to ensure reproducibility. 

2.4.3. Damage Data 

For events without institutional datasets describing hazard or risk levels on a coher-

ent scale, the risk is calculated by assuming a uniform hazard value across the entire study 

area. In methodological terms, the hazard component was set equal to 1 for all municipal-

ities, under the assumption that the available information only allowed the reconstruction 

of the territorial distribution of observed impacts rather than the physical probability of 

occurrence of the phenomenon itself. Under this assumption, the final risk value coincides 

with the municipal damage score derived from the Ra.S.Da. records: 

��,� = ��,� (9)

��,�  represents the risk value for the hazard type k associated with the municipality 

�, while ��,� corresponds to the normalised damage score calculated from the frequency 

of recorded damage events. This methodological approach was applied exclusively to ad-

verse weather phenomena. 

Adverse weather phenomena. The damage score data were directly spatially associ-

ated with the municipalities in which the reported impacts occurred, ensuring a consistent 

spatial linkage between recorded damage and administrative units. This procedure ena-

bles the coherent integration of this hazard category within the composite risk index, 

while maintaining methodological consistency and comparability with all other hazard 

types considered in the study. 

Given the heterogeneity of the available regional datasets, different processing pro-

cedures were required to derive comparable risk values for each hazard category. Alt-

hough the original data sources differed in terms of structure and information content 

(hazard, risk, or damage data), all indicators were ultimately transformed into standard-

ised municipal-level risk values. A summary of the adopted processing workflow is pro-

vided in Table 6. 

Table 6. Summary of the methodological framework adopted for the calculation of municipal risk 

indices, including the hazard component, damage indicator, normalisation procedure, and final risk 

formulation for each hazard type. 

Type of Event Initial Variable Processing Procedure Damage Score Final Risk Value 

Wildfire Risk 
Reclassification of qualitative risk classes 

and normalisation. 
Not required ��,�������� 

Seismic Hazard 
Reclassification of qualitative seismic 

zones and normalisation. 

Municipal dam-

age score 
��,������� ×  ��,�������  
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Hydraulic Hazard 

Removal of overlapping hazard classes, 

municipal aggregation and normalisa-

tion of hazard value. 

Municipal dam-

age score 

��,���������

× ��,���������  

Hydrogeological Hazard 

Integration of regional and ISPRA da-

tasets, conversion of qualitative classes 

into numerical scores, municipal aggre-

gation and normalisation of hazard value 

Municipal dam-

age score 

��,���������������  

×  ��,���������������  

Avalanche Hazard 

Integration of regional and ISPRA da-

tasets, conversion of qualitative classes 

into numerical scores, municipal aggre-

gation and normalisation of hazard value 

Municipal dam-

age score 

��,���������

× ��,���������  

Adverse weather 

phenomena 
Damage 

Calculation of municipal damage score; 

hazard assumed equal to 1 

Municipal dam-

age score 
��,���.�������  

2.5. Aggregation of Risks Value 

Prior normalisations ensure that the indicators are standardised on a common scale, 

the order is maintained, heterogeneous phenomena can be compared, and a clear distinc-

tion is made between the presence and absence of a phenomenon, as shown in Formulas 

(4) and (8) presented in the subchapters before. The final integrated risk index was con-

structed through an additive aggregation procedure following Formula (2) in Section 2.2. 

The aggregation was performed at the municipal scale, assuming that each hazard con-

tributes independently to the overall territorial risk profile. The derived expression is: 

 �� = ���������,� + � �������,� + � ���������,� + � ���������������,� + ����������,�

+ ����.�������,� 
(10)

The additive aggregation approach was selected to preserve the contribution of each 

individual hazard while generating a synthetic, easily interpretable indicator suitable for 

territorial comparison and civil protection planning. Unlike multi-hazard approaches 

based on cascading or interacting effects, the proposed methodology does not model in-

terdependencies among hazards; instead, it provides an integrated representation of the 

cumulative territorial criticalities affecting each municipality. 

Since numerical risk indices may be difficult to interpret for non-technical users, the 

continuous risk values were subsequently transformed into five qualitative risk classes. 

The classification was performed using the Natural Breaks (Jenks) method, which identi-

fies class boundaries by maximising differences between groups while minimising varia-

bility within each class [55]. This approach facilitates the communication of risk pa�erns 

and supports decision-making activities by providing an intuitive representation of the 

spatial distribution of risk levels [56]. 

Once the final integrated risk index had been obtained, two complementary analyses 

were performed to assess, respectively, the robustness of the methodological choices and 

the spatial structure of the resulting index. First, a sensitivity analysis, aimed at verifying 

the potential implicit weighting resulting from the specific normalisation applied to the 

datasets for which risk data were directly available (Section 2.4.1). Second, a spatial auto-

correlation analysis. The sensitivity analysis was carried out using Monte Carlo approach, 

by perturbing the contribution of the relevant risk component by ±20% across 1000 simu-

lations and assessing the stability of the ranking of the municipalities relative to the refer-

ence configuration using Spearman’s rank correlation coefficient. Spatial autocorrelation 

analysis was performed to determine whether its geographical distribution showed a sta-

tistically significant spatial structure rather than a random pa�ern. Global Moran’s I was 

first calculated to assess overall spatial autocorrelation, using a first-order Queen contigu-

ity matrix and row-standardised spatial weights. A first-order Queen contiguity spatial 

weights matrix was adopted, defining municipalities as neighbours when sharing either 
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a boundary or a vertex. This approach is widely used to investigate spatial dependence 

among administrative units and has been applied in studies addressing natural hazards, 

disaster vulnerability, and spatial risk pa�erns [57,58]. In particular, Queen contiguity was 

considered appropriate for the present analysis because the objective was to identify spa-

tial clustering among directly adjacent municipalities rather than to model the distance-

dependent propagation of a specific physical process. No distance-decay function was 

therefore applied. As with other spatial analyses conducted within geographically 

bounded study areas, potential boundary effects may occur because municipalities lo-

cated along the regional border have a necessarily truncated neighbourhood structure [59]. 

Nevertheless, the spatial weights matrix was intentionally restricted to Lombardy munic-

ipalities to maintain consistency with the regional scope of the analysis. The statistical 

significance of the spatial autocorrelation was evaluated through 999 random permuta-

tions of the municipal index values. Local spatial clustering was subsequently investi-

gated using the Getis-Ord Gi* statistic, which identifies statistically significant concentra-

tions of high values (hotspots) and low values (coldspots). Gi* results were classified at 

the 90%, 95% and 99% confidence levels according to their z-scores. The combined use of 

spatial autocorrelation and local clustering statistics is widely applied to distinguish 

global spatial dependence from geographically localised concentrations of high and low 

values, including in natural-hazard applications [60]. Campione d’Italia was excluded ex-

clusively from these analyses because it has no contiguous neighbours within the Lom-

bardy municipal dataset; consequently, 1501 municipalities were analysed. The analyses 

were implemented through a dedicated Python script, provided as Supplementary Mate-

rial to ensure reproducibility. 

2.6. The WebGIS 

To enhance the practical applicability of the proposed framework and support local 

governance processes, the results were implemented within a WebGIS platform designed 

for the interactive exploration of risk information at the municipal scale. In addition to the 

qualitative risk classes, the WebGIS interface provides a graphical summary of the indi-

vidual risk components contributing to the overall risk index for each municipality. Spe-

cifically, the relative contribution of each hazard category is displayed through a histo-

gram, allowing users to immediately identify the dominant risk factors within the selected 

administrative unit and facilitating a more comprehensive interpretation of the results. 

3. Results 

3.1. Risk-Specific Municipal Risk Maps 

The hazard-specific risk assessment revealed marked spatial differences across Lom-

bardy. Figure 3 illustrates the municipal-scale distribution of risk values for the six ana-

lysed hazard categories, highlighting how different processes contribute to territorial risk 

pa�erns. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 3. Spatial distribution of the normalised municipal risk indices for the hazard categories con-

sidered in the study: (a) wildfire risk, (b) seismic risk, (c) flood risk, (d) hydrogeological risk, (e) 

avalanche risk, and (f) adverse weather phenomena risk. All indicators were normalised to ensure 

comparability among heterogeneous datasets and support the construction of the integrated risk 

framework. 

The spatial distribution of hazard components reveals marked heterogeneity across 

the study area, with significant differences among municipalities depending on a multi-

tude of environmental and anthropogenic factors (Figure 3). The observed pa�erns reflect 

the influence of the specific drivers underlying each risk category. Some risk categories 

are primarily controlled by different environmental factors. The spatial distribution of 
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seismic risk (Figure 3b) reflects the regional geological and tectonic se�ing, including 

proximity to seismogenic structures and local site effects related to the capacity of geolog-

ical formations to amplify seismic waves. Meanwhile, wildfire risk (Figure 3a) is closely 

linked to the distribution of vegetated and forested areas, in which fuel availability is a 

key predisposing factor for fire occurrence and propagation. 

On the other hand, physiographic conditions play a primary role in shaping the dis-

tribution of hydraulic, hydrogeological and avalanche-related risks. Hydraulic risk (Fig-

ure 3c) is mainly concentrated along major river corridors and lowland areas, where hy-

drological dynamics interact with extensive urbanisation processes, increasing both expo-

sure and the potential severity of impacts. Similarly, hydrogeological risk (Figure 3d) is 

strongly influenced by terrain morphology, slope conditions and geomorphological insta-

bility, resulting in higher values in mountainous and foothill municipalities. Avalanche 

risk (Figure 3e) exhibits the most spatially constrained distribution, being almost exclu-

sively associated with high-altitude municipalities where topographic and climatic con-

ditions favour avalanche occurrence. 

Anthropogenic factors also contribute significantly to the spatial variability of risk. 

The highest values associated with adverse weather phenomena (Figure 3f) are predomi-

nantly observed in the densely urbanised lowland sector of the region, where the concen-

tration of population, infrastructure and economic activities increases the likelihood of 

damage and disruption following extreme meteorological events. Urbanisation likewise 

contributes to the spatial pa�ern of flood risk, amplifying the consequences of hazardous 

processes in areas characterised by high levels of soil sealing and land-use transformation. 

Overall, the results highlight how the spatial pa�erns of risk emerge from the interaction 

among multiple natural and anthropogenic drivers, whose relative importance varies 

with the hazard process considered. 

The sensitivity analysis indicated a high robustness of the hydraulic, hydrogeological 

and avalanche hazard components to variations in the weights assigned to the hazard 

classes. For each component, all 1000 Monte Carlo simulations produced valid weighting 

configurations while preserving the predefined ordinal hierarchy among hazard classes. 

The hydraulic component, calculated for 702 municipalities with mapped hazard ar-

eas, showed a mean coefficient of variation (CV) of 0.96% and a mean absolute difference 

from the baseline of 0.0011. The hydrogeological component, involving 668 municipali-

ties, showed even lower variability, with a mean CV of 0.37% and a mean absolute differ-

ence of 0.0001. Similarly, the avalanche component, affecting 162 municipalities, showed 

a mean CV of 0.18% and a mean absolute difference of 0.0002. These results indicate that 

the normalised municipal hazard values were only marginally affected by the tested var-

iations in the weighting schemes. 

The stability was particularly evident when considering the relative ranking of mu-

nicipalities. For the hydraulic component, the mean Spearman’s rank correlation coeffi-

cient between the baseline and simulated results was ρ = 0.99995, with values ranging 

from 0.99984 to 1.00000. Similarly, the hydrogeological component showed a mean ρ = 

0.99996 (range: 0.99988–1.00000), while the avalanche component showed an almost in-

variant ranking, with a mean ρ = 1.00000 and a minimum value of 0.99999. Therefore, 

despite the random perturbation of the class weights, the relative ordering of municipali-

ties remained essentially unchanged across the simulations. As summarised in Table 7, 

the performed analysis indicates that the results are highly robust within the tested pa-

rameter ranges. Variations in the weighting schemes produced only minor changes in the 

normalised hazard values and had a negligible effect on the relative prioritisation of mu-

nicipalities. The particularly high Spearman coefficients show that the spatial ranking is 

not driven by the exact numerical values assigned to the hazard classes, but remains stable 

under alternative plausible weighting configurations. These results support the use of the 
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adopted weighting schemes within the proposed framework, while not implying that they 

represent the only possible parameterisation. 

The complementary equal-weight stress test further confirmed the stability of the 

three hazard components when the baseline prioritisation among hazard classes was com-

pletely removed. The hydraulic component showed Spearman’s rank correlation of ρ = 

0.98958 between the baseline and equal-weight configurations, with a mean absolute dif-

ference of 0.06497. An even higher stability was observed for the hydrogeological compo-

nent (ρ = 0.99940; mean absolute difference = 0.00100) and the avalanche component (ρ = 

1.00000; mean absolute difference = 0.00047). Municipal rankings therefore remained 

highly consistent even under the deliberately restrictive assumption of equal weights. Alt-

hough the hydraulic component showed a comparatively larger change in absolute val-

ues, its very high rank correlation indicates that removing the original hazard-class prior-

itisation had only a limited effect on the relative ordering of municipalities. 

The two complementary sensitivity analyses supported the robustness of the 

adopted weighting scheme, with municipal rankings remaining highly stable under both 

moderate weight perturbations and an equal-weight configuration. 

Table 7. Summary of the Monte Carlo-based sensitivity analysis and equal-weight stress test for the 

hydraulic, hydrogeological and avalanche hazard components. CV indicates the mean coefficient of 

variation in simulated municipal values; Spearman’s ρ measures the stability of municipal rankings 

relative to the baseline configuration. 

Hazard Municipalities 
Mean CV 

(%) 

Monte Carlo 

MAD 

Mean 

Spearman ρ 
Min ρ Max ρ 

Equal-Weight 

ρ 

Equal-

Weight 

MAD 

Hydraulic 702 0.9631 0.001104 0.999952 0.999835 1 0.989579 0.064965 

Hydrogeological 668 0.3660 0.000112 0.999963 0.999880 1 0.999398 0.001004 

Avalanche 162 0.1798 0.000179 0.999998 0.999994 1 0.999996 0.000466 

3.2. Integrated Risk Index 

The aggregation procedure—obtained following Formula (10)—produced a munici-

pal integrated risk index. The spatial distribution of the integrated risk index reveals 

marked variation, with some areas characterised by significantly different levels of risk, 

as shown in Figure 4. 
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(a) 
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Figure 4. Integrated municipal risk index resulting from the aggregation of hazard-specific risk com-

ponents. Higher values indicate municipalities characterised by a greater combined contribution of 

multiple hazard sources and associated damage records. (a) Map of Lombardy region (b) Focus on 

the municipalities of central-western (c) and central-eastern Lombardy. 

The spatial distribution of the integrated risk index highlights a clear and structured 

pa�ern across the study area, with the highest values concentrated in specific and geo-

graphically coherent zones. In fact, higher values tend to cluster in municipalities charac-

terised by the coexistence of multiple relevant hazard conditions, as shown in Figure 4b,c. 

Although both areas display similarly high values of the integrated risk index, the under-

lying risk composition differs substantially. In the area shown in Figure 4b, elevated index 

values are primarily driven by the adverse weather phenomena risk and wildfire compo-

nents. Conversely, the hotspot identified in Figure 4c is mainly characterised by the com-

bined contribution of wildfire, adverse weather, and hydrogeological risk. These differ-

ences highlight how comparable integrated risk levels may result from distinct combina-

tions of phenomenon-specific risk factors across municipalities. 
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In order to complement the spatial analysis with a quantitative assessment of the 

distribution of the values obtained, Table 8 shows the number of municipalities and the 

corresponding percentage falling into each of the five risk classes identified. 

Table 8. Distribution of municipalities across the five integrated risk classes, reporting the number 

and percentage of regional area associated with each category. 

R Value Risk Class no. of Municipality Percentage of Regional Area 

≤0.1727 Low 226 14.95% 

0.1727–0.3435 Moderate 347 24.44% 

0.3435–0.4849 Medium 371 28.20% 

0.4849–0.6479 Medium-High 441 26.99% 

>0.6479 High 117 5.44% 

The classification of the integrated index into five qualitative categories made the re-

sults easier to interpret for urban planning and civil protection purposes. Most munici-

palities fall within the intermediate classes, with 347 municipalities classified as moderate 

and 371 as medium risk, corresponding respectively to 24.44% and 28.20% of the regional 

area. A further 441 municipalities belong to the medium-high class, covering 26.99% of 

Lombardy, while 226 municipalities are classified as low risk, accounting for 14.95% of 

the regional territory. The highest risk class includes 116 municipalities and represents 

5.44% of the total regional area. 

The sensitivity analysis showed high robustness of the integrated index to variations 

in the wildfire risk contribution, with a mean Spearman correlation of 0.9899 (minimum = 

0.9695), a mean CV of 4.19%, and a mean absolute difference from the baseline of 0.0151. 

Although the normalisation bounds represent predefined methodological choices aimed 

at harmonising indicators derived through different processing pathways, they may po-

tentially introduce implicit weighting effects. However, the sensitivity analysis showed 

that variations in the wildfire risk contribution had only a limited influence on the inte-

grated index, indicating that the adopted normalisation bounds did not substantially af-

fect the municipal ranking or introduce a dominant implicit weighting effect. 

Furthermore, the spatial autocorrelation analysis showed that the geographical dis-

tribution of the integrated risk index is not random. Global Moran’s I was positive and 

statistically significant (I = 0.271; expected I = −0.001; permutation z-score = 17.182; pseudo-

p = 0.001), indicating that municipalities with similar integrated risk values tend to be lo-

cated close to one another. In other words, the municipal risk values show a significant 

clustered spatial pa�ern rather than being randomly distributed across Lombardy. 

The Getis-Ord Gi* analysis allowed these local spatial concentrations to be identified 

more precisely. A total of 182 municipalities (12.12%) were included in statistically signif-

icant clusters of high integrated risk values: 38 municipalities (2.53%) were classified as 

hotspots at the 99% confidence level, 79 (5.26%) at the 95% level, and 65 (4.33%) at the 90% 

level. Conversely, 209 municipalities (13.92%) were associated with statistically significant 

concentrations of low values, including 100 coldspots (6.66%) at the 99% confidence level, 

59 (3.93%) at the 95% level, and 50 (3.33%) at the 90% level. The remaining 1110 munici-

palities (73.95%) did not belong to statistically significant local clusters. 

These results complement the integrated risk map by distinguishing municipalities 

with high or low index values from statistically significant spatial clusters. In fact, an in-

dividual municipality with a high integrated risk value is not necessarily a hotspot: Getis-

Ord Gi* identifies a hotspot only when high values are spatially concentrated in a munic-

ipality and its neighbouring municipalities. Similarly, coldspots represent significant spa-

tial concentrations of low values. The results therefore confirm that the integrated risk 

pa�ern has a significant regional spatial structure, while also identifying the specific areas 
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where concentrations of high and low municipal risk values are statistically significant. 

This spatial organisation is consistent with the geographical behaviour of natural hazards, 

which are governed by environmental controls that extend beyond municipal boundaries. 

Natural hazards are intrinsically controlled by physical and environmental factors, such 

as geology, topography, hydrology and climate, which are spatially continuous and there-

fore do not conform to administrative boundaries [61,62]. Consequently, neighbouring 

municipalities frequently share similar territorial characteristics and may exhibit compa-

rable levels of hazard and integrated risk. The presence of statistically significant hotspots 

and coldspots is consistent with the geographically coherent distribution of the environ-

mental factors underlying the analysed phenomena, indicating that the resulting index 

retains a significant spatial structure at the regional scale. In this sense, the observed spa-

tial autocorrelation suggests that the integrated index preserves the underlying spatial 

organisation of the analysed natural processes. 

3.3. WebGIS Operational View and Municipal Profiles 

To support the interpretation and operational use of the results, the integrated risk 

index was implemented within a WebGIS environment designed to provide interactive 

access to both the synthetic indicator and its underlying components. The WebGIS appli-

cation is freely accessible at the following link: h�ps://arcg.is/18nD9X3 (accessed on 1 Sep-

tember 2026). 

As shown in Figure 5, the WebGIS viewer allows users to explore risk conditions at 

the municipal scale through dynamic cartographic visualisations, facilitating the consul-

tation of both the overall integrated risk index and the individual hazard-specific indica-

tors. This approach improves the transparency of the methodology by allowing users to 

understand which factors most significantly contribute to the final risk score in different 

areas. 

 

Figure 5. Interface of the WebGIS viewer developed for the dissemination and interactive visualisa-

tion of the municipal risk assessment. The platform allows users to explore the integrated risk index 

and the contribution of individual hazard components for each municipality through interactive 

maps and graphical summaries. 

The WebGIS was developed to overcome some of the limitations of traditional static 

maps, enabling users to interact directly with spatial data through zoom, filtering and 
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query functions [63]. The employment of a web-based interactive framework also en-

hances the usability of the results for decision-makers and civil protection practitioners 

[64]. By integrating multiple datasets into a single geospatial environment, the WebGIS 

facilitates the identification of spatial pa�erns, supports comparative analyses among mu-

nicipalities and enables a more immediate interpretation of territorial risk conditions. 

Consequently, the platform represents not only a dissemination tool but also a valuable 

support for evidence-based decision-making in risk assessment, emergency planning, and 

territorial monitoring [65]. 

4. Discussion 

4.1. An Integrated Approach to Risk Assessment to Support Decision-Making 

In recent years, several studies have proposed approaches based on composite indi-

cators to support natural risk assessment and spatial planning. Among these, Anelli et al. 

(2022) [6] developed a composite index for assessing urban resilience in the Rome metro-

politan area, whilst Tocchi et al. (2025) [21] proposed an integrated framework for identi-

fying spatial hotspots by combining different risk components. Similarly, Shi et al. (2026) 

[22] used aggregated indicators to assess risk in over 4000 schools in the Shanghai metro-

politan area. Other studies have further demonstrated the applicability of indicator-based 

approaches for operational planning. For example, Pilone et al. (2019) [66] proposed a 

semi-quantitative framework to support local authorities in territorial resilience planning, 

while Skoulidou and Kazan�i (2024) [67] developed an indicator-based methodology for 

urban hazard resilience, highlighting the importance of transparent and reproducible as-

sessment procedures for decision support. Likewise, recent research by Parizi et al. (2024) 

[68] emphasises the need for integrated and spatially explicit methodologies to strengthen 

disaster risk management and recovery planning. 

Our work proposes an approach aimed at developing an integrated risk index at the 

municipal level, designed not to model the interactions among different phenomena, but 

rather to synthesise heterogeneous information into a single decision-support tool. Unlike 

many existing frameworks, which integrate hazard, exposure and vulnerability dimen-

sions or explicitly analyse multi-risk interactions, the proposed methodology focuses on 

harmonising official institutional datasets into a single municipal-scale indicator that can 

be readily interpreted and periodically updated within the context of civil protection plan-

ning. The main objective is to provide a spatial representation of risk that is easily inter-

pretable and directly applicable in the context of civil protection and local planning activ-

ities. In particular, the integrated representation allows municipalities characterised by 

similar overall risk levels but driven by different combinations of risk-generating phe-

nomena to be distinguished, thereby providing additional information to support the pri-

oritisation of mitigation and preparedness measures. 

The results highlight how combining the various components considered makes it 

possible to identify spatial pa�erns that would be unlikely to emerge from a separate anal-

ysis of the individual phenomena. In this sense, the integrated index can serve as a useful 

tool for spatial screening, aimed at the preliminary identification of areas requiring spe-

cific further analysis or priority action. The robustness analyses indicate a high methodo-

logical stability of the framework, while the spatial autocorrelation analysis shows that 

the resulting integrated index exhibits a statistically significant regional spatial structure., 

supporting its application for municipal-scale territorial planning and Civil Protection ac-

tivities. However, the distribution of the index must also be interpreted in the light of the 

specific characteristics of the study area. The risk values obtained reflect a combination of 

phenomena whose distribution is closely linked to the climatic, morphological, hydrolog-

ical and environmental characteristics of the territory. Consequently, the Integrated Risk 

Index has an intrinsically regional component, and its values must be interpreted 
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primarily in relative terms within the area under analysis. In this sense, analysing the in-

tegrated index alongside the individual standardised municipal indicators makes it pos-

sible not only to identify the areas characterised by the highest overall values, but also to 

understand which components contribute most significantly to the local risk profile. The 

numerical value of the index should not be interpreted as an absolute measure that can be 

directly transferred between different geographical contexts; any inter-regional compari-

sons would require the application of consistent standardisation criteria and the availa-

bility of comparable datasets. Furthermore, the use of official datasets, an entirely open-

source workflow and a reproducible methodological framework enhance the operational 

applicability of the proposed approach and facilitate its transferability to other regional 

contexts where comparable institutional data are available. 

4.2. Potential Applications for Civil Protection Planning 

One of the most interesting aspects of the proposed methodology concerns its oper-

ational applicability. Unlike approaches that rely heavily on complex models or hard-to-

obtain datasets, the framework developed makes use primarily of information already 

available from public bodies and local authorities. This feature makes the approach par-

ticularly well-suited to support the planning activities required by the Italian civil protec-

tion system, which assigns municipalities a central role in forecasting, prevention and 

emergency management. Using the municipality as the territorial unit of analysis enables 

the results to be directly aligned with the administrative levels at which civil protection 

plans are developed. The integration of the results within a WebGIS platform also enables 

the processed dataset to be transformed into an operational tool to support public admin-

istrations [69]. From this perspective, the index should not be interpreted solely as a car-

tographic product, but as an integrated knowledge base useful for guiding processes re-

lating to the prioritisation of interventions, the allocation of resources and the updating of 

planning tools. 

4.3. Limitations, Replicability and Future Developments 

As with any approach based on integrating multiple indicators, the proposed meth-

odology has certain limitations. Firstly, the datasets used are drawn from different sources 

and do not always have consistent levels of detail, scales of measurement or classifica-

tions. This has required specific harmonisation and standardisation procedures which, 

whilst necessary to ensure the comparability of the data, inevitably involve a simplifica-

tion of the actual complexity of the phenomena. A second issue concerns the very nature 

of the index, which is based primarily on a combination of hazard-related information 

and historically observed damage. Components such as social vulnerability and response 

capacity have not been explicitly considered and represent possible avenues for future 

development. A further limitation concerns the application of the methodology to munic-

ipalities with large territorial extents. In these cases, using a single municipal-scale risk 

value may reduce the model’s ability to represent the internal spatial variability of hazard 

conditions, potentially leading to a less accurate assessment. In the end, the adopted ap-

proach does not account for possible interactions among different phenomena and there-

fore does not constitute a multi-hazard assessment in the strict sense. The results should 

be interpreted as a summary measure of integrated risk, obtained by aggregating different 

risk components. Although these relationships are not directly modelled in the current 

approach, the use of observed damage data may indirectly incorporate some effects re-

sulting from interconnected processes, without allowing their individual contributions to 

be distinguished. Future developments could therefore explicitly model such interactions, 

extending the proposed integrated framework towards a more comprehensive multi-risk 

perspective. 
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Despite these limitations, one of the framework’s main strengths lies in its replicabil-

ity. The methodology is, in fact, based on standardised procedures for processing, classi-

fication and aggregation that can be easily applied to other geographical contexts or up-

dated by integrating new datasets. This feature is particularly relevant in a context where 

regional information bases are subject to continuous updates and expansion. Future re-

search activities could therefore focus on the automatic integration of regional information 

flows, the inclusion of vulnerability indicators, and the development of dynamic risk 

monitoring systems capable of periodically updating the cartographic outputs and sum-

mary indicators produced. 

5. Conclusions 

This study developed an integrated municipal-scale risk index for Lombardy Region 

to support civil protection planning and territorial risk assessment. By combining hetero-

geneous institutional datasets with historical damage information derived from the Re-

gional Damage Assessment Database (Ra.S.Da.), the proposed framework provides a syn-

thetic representation of multiple natural hazards within a common analytical framework. 

The results highlighted a marked spatial variability in risk conditions across Lombardy. 

Although several municipalities exhibited similar integrated risk levels, the analysis re-

vealed that these values often originated from different combinations of hazard-specific 

components, reflecting the region’s diverse physiographic and environmental character-

istics. This confirms the importance of complementing synthetic indicators with the anal-

ysis of their constituent risk factors. 

From a methodological perspective, the proposed framework demonstrates how het-

erogeneous geospatial datasets characterised by different formats, classifications and lev-

els of completeness can be harmonised into a coherent risk assessment workflow. The re-

liance on institutional datasets and reproducible GIS-based procedures makes the meth-

odology easily transferable to other territorial contexts and suitable for periodic updates 

as new information becomes available. Beyond its scientific contribution, the proposed 

index provides an operational decision-support tool capable of assisting public authorities 

in identifying priority areas for risk reduction, emergency planning and resource alloca-

tion. The integration of the results within a WebGIS environment further enhances acces-

sibility and facilitates the communication of complex risk information to planners and 

decision-makers. For this reason, the results should not be interpreted as an engineering 

assessment, but rather as a synthetic representation of integrated risk derived from the 

aggregation of multiple risk components. The proposed framework is intended as a plan-

ning-support tool, balancing the need for effective communication of complex risk infor-

mation with methodological rigour. 

As said before, the proposed framework presents some limitations. In particular, the 

current version does not explicitly incorporate exposure variables or social vulnerability 

indicators and does not account for cascading interactions among hazards. Future re-

search could address these aspects through the integration of demographic, socio-eco-

nomic and infrastructural datasets. A further development of the proposed framework 

concerns the possibility of explicitly taking into account the interactions between different 

types of risk. In the current approach, individual phenomena are analysed separately and 

incorporated into the overall index, without modelling any causal relationships between 

them. However, natural hazards are not necessarily independent, and one event may trig-

ger, facilitate or amplify other phenomena, giving rise to cascade or chain reactions. The 

future integration of such interactions would therefore enable the proposed framework to 

be expanded towards a more comprehensive representation of multi-risk dynamics. Fur-

thermore, the adoption of automated data-update procedures could support the develop-

ment of dynamic risk monitoring systems capable of providing continuously updated 
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information for civil protection activities. Overall, the proposed methodology demon-

strates that institutional datasets and historical damage records can be effectively trans-

formed into an integrated, transparent and replicable risk assessment framework, sup-

porting evidence-based territorial planning and strengthening risk-informed decision-

making processes. 

Software and Computational Environment: All GIS processing, spatial analyses, and map produc-

tion were performed using QGIS 3.34.3 “Prizren” (QGIS Development Team). Python scripts devel-

oped for data processing and analysis were executed within the QGIS Python environment using 

Python 3.9.18 and the corresponding PyQGIS API. GitHub.com was used solely as a web-based 

platform for hosting and sharing the scripts and associated materials; the repository release used 

for the present study was version 2.0 (v2.0). 
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Abbreviations 

The following abbreviations are used in this manuscript: 

Ra.S.Da Regional registry of damage (Raccolta Schede Danni) 

GIS Geographic Information System 

WEF World economic forum 

PGRA Flood risk management plan (Piano di Gestione del Rischio Alluvioni) 

IFFI Italian landslides inventory (Inventario dei Fenomeni Franosi in Italia) 

ISTAT Italian National Institute of Statistics (Istituto nazionale di statistica) 

ISPRA 
Institute for Environmental Protection and Research (Istituto Superiore per la Protezione e 

la Ricerca Ambientale) 

Appendix A 

Table A1. Data sources used in the study, including the corresponding providers, and web links for 

data access and download. 

Event Type 
Nature of 

Information 
Sources Website (Accessed on 1 April 2026) 

Wildfire risk Risk 
Rischio Incen-

dio Boschivo 

https://www.geoportale.regione.lombardia.it/metadati?p_p_id=detail-

SheetMetadata_WAR_gptmetadataportlet&p_p_lifecy-

cle=0&p_p_state=normal&p_p_mode=view&_detailSheet-

Metadata_WAR_gptmetadataportlet_identifier=r_lombar%3A14bacf34-

9999-4054-a38a-f1e25cc8982e&_jsfBridgeRedirect=true  

Seismic risk Hazard 

Classificazione 

sismica dei Co-

muni 

https://www.geoportale.regione.lombardia.it/en-

GB/metadati?p_p_id=detailSheetMetadata_WAR_gptmetadataport-

let&p_p_lifecycle=0&p_p_state=normal&p_p_mode=view&_detail-

SheetMetadata_WAR_gptmetadataportlet_identifier=r_lom-

bar%3A9e36ef24-bbb0-46d1-995c-7c50679ff096&_jsfBridgeRedirect=true 

Hydraulic risk Hazard PGRA 

https://www.geoportale.regione.lombardia.it/en-GB/download-pac-

chetti?p_p_id=dwnpackageportlet_WAR_gptdownloadport-

let&p_p_lifecycle=0&p_p_state=normal&p_p_mode=view&_dwnpack-

ageportlet_WAR_gptdownloadportlet_metadataid=r_lom-

bar%3A9913a827-9889-4160-a50b-d483fdc5e719&_jsfBridgeRedi-

rect=true 

Hydrogeological 

risk 

Hazard PAI 

https://www.geoportale.regione.lombardia.it/en-GB/download-pac-

chetti?p_p_id=dwnpackageportlet_WAR_gptdownloadport-

let&p_p_lifecycle=0&p_p_state=normal&p_p_mode=view&_dwnpack-

ageportlet_WAR_gptdownloadportlet_metadataid=r_lom-

bar%3A5ec89c18-6f87-414b-9189-f09fc40886c3&_jsfBridgeRedirect=true 

Hazard ISPRA https://idrogeo.isprambiente.it/app/page/open-data  

Avalanche risk 
Hazard PAI 

https://www.geoportale.regione.lombardia.it/en-GB/download-pac-

chetti?p_p_id=dwnpackageportlet_WAR_gptdownloadport-

let&p_p_lifecycle=0&p_p_state=normal&p_p_mode=view&_dwnpack-

ageportlet_WAR_gptdownloadportlet_metadataid=r_lom-

bar%3A5ec89c18-6f87-414b-9189-f09fc40886c3&_jsfBridgeRedirect=true 

Hazard ISPRA https://idrogeo.isprambiente.it/app/page/open-data  
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