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Abstract. Geo-hydrological hazards, including floods and landslides, are among the most widespread hazards and a major 
cause of human loss worldwide. Their impacts are shaped by meteorological forcing and by long-term changes in exposure, 
vulnerability, and settlement patterns. Yet robust assessments of long-term fatality trends are rare because sufficiently long, 
accurate, and homogeneous records of damaging events are lacking. A key unresolved question is whether the human toll of 
geo-hydrological events has changed structurally through time, and which climatic, socio-economic, or policy factors best 15 
explain that change. Here we show, using a unique 1950–2024 catalogue of fatal events in Italy, that geo-hydrological risk 
underwent a marked transition, with fatalities and fatal days declining sharply until about 1970 and then stabilising at much 
lower levels. This decline was driven mainly by landslides, whereas flood-related losses showed weaker long-term change. 
The decline was not explained by specific risk policies or management programmes, as most of it preceded their 
implementation. Instead, precipitation was the main climatic driver of the remaining interannual variability, particularly for 20 
floods and days with fatal events. By contrast, population and gross domestic product did not account for the long-term 
trends once shared temporal changes were considered. Fatal days were less overdispersed and more predictable than 
fatalities, suggesting that meteorological factors control more directly the occurrence of dangerous conditions than the final 
death toll. Fatalities, instead, depend strongly on exposure, vulnerability, timing, location, and other event-specific 
circumstances. Together, these findings indicate that broad socio-economic dynamics can reduce geo-hydrological mortality 25 
even as hazardous processes persist, whereas meteo-climatic conditions continue to shape year-to-year risk. 
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1 Introduction 

Geo-hydrological hazards, including floods and landslides, are among the most widespread and damaging natural hazards 30 

worldwide, causing loss of life, damage to property and infrastructure, and environmental disruption. In the first two decades 

of this century, floods ranked first and landslides fifth among natural disasters by frequency (CRED UNISDR, 2016; CRED 

UNDRR, 2020). Because precipitation is the primary trigger of both floods and landslides, observed and projected increases 

in precipitation extremes under climate warming may increase geo-hydrological impacts (Field et al., 2012; Jiménez 

Cisneros et al., 2014; O’Gorman, 2015; Arnell and Gosling, 2016; Gariano and Guzzetti, 2016; Donat et al., 2016; Dottori et 35 

al., 2018; Hu et al., 2018; Haque et al., 2019; Li et al., 2019; Kreibich et al., 2022; Liu et al., 2024; Gariano and Rianna, 

2025). At the same time, population growth and expansion into hazardous areas can increase exposure and potential losses 

(Arnell et al., 2019; Coronese et al., 2019; Haque et al., 2019; Tellman et al., 2021; Kreibich et al., 2022; Intergovernmental 

Panel on Climate Change, 2023; Ozturk et al., 2022; Rentschler et al., 2023).  

Assessing long-term changes in the human impact of geo-hydrological events is difficult because long, accurate, 40 

homogeneous, and representative records are rare (Geiger and Stomper, 2020). Fatality catalogues may underrepresent low-

impact events, particularly in their earliest sections, and may be affected by changes in reporting practices, data availability, 

and event classification (Guzzetti, 2000; Haque et al., 2019; Jonkman et al., 2024; Patten and Bhaby, 2025). These 

limitations can lead to misleading conclusions about whether mortality is increasing, decreasing, or stable. Long national 

catalogues compiled with consistent criteria therefore provide valuable opportunities to examine how geo-hydrological risk 45 

has changed through time. 

Italy is a useful case study because it has a long history of damaging geo-hydrological events and a detailed national 

catalogue of floods and landslide events with human consequences (Salvati et al., 2010, 2018). Using the 1950–2024 portion 

of this catalogue, we examine whether geo-hydrological risk to the population changed structurally through time, whether 

floods and landslides followed the same temporal behaviour, and which climatic, socio-economic, or policy-related factors 50 

help explain the observed tendencies and changes. We analyse two complementary annual response variables: the number of 

fatalities, including deaths and missing persons, and the number of days with at least one fatal event. Fatalities measure the 

severity of the human consequences, whereas fatal days measure the occurrence of conditions that produced fatal outcomes. 

Comparing the two helps separate the occurrence of dangerous situations from the magnitude of their impacts. We examine 

the combined geo-hydrological series and its flood and landslide components using exploratory statistics, overdispersion and 55 

distributional analyses, trend and change-point tests, and two temporal modelling frameworks: Generalised Additive Models 

(GAMs; Hastie and Tibshirani, 1986; Wood, 2017, 2025) and Bayesian Dynamic Linear Models (DLMs; West and Harrison, 

1997; Petris et al., 2009). We then use time-adjusted GAMs to evaluate the role of precipitation, demographic and economic 

indicators, and policy timing, and we assess whether fatal days and fatalities differ in their predictability. 

The paper is organised as follows. Section 2 provides an appraisal of the literature on flood and landslide fatality series. 60 

Section 3 describes the catalogue of fatal geo-hydrological events in Italy used in the study, and Section 4 presents the 
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modelling methods used to analyse the time series. The results are reported in Section 5 and discussed in Section 6. Section 7 

concludes by summarising the main findings. 

2 Temporal trends in geo-hydrological fatalities 

Over the last three decades, analyses of flood and landslide fatalities have become central to understanding how geo-65 

hydrological mortality changes through time, how trends differ among regions, and whether observed patterns reflect 

changes in hazard occurrence, exposure, vulnerability, risk reduction, or data quality. Existing studies differ substantially in 

scope, data sources, event definitions and geographical coverage. 

For floods, much of the literature is global or continental in scope and commonly relies on international disaster databases, 

including EM-DAT (CRED/UNISDR, 2015; Tanoue et al., 2016; Hamidifar and Nones, 2023; Tin et al., 2024; Jonkman et 70 

al., 2024), NatCatSERVICE (Formetta and Feyen, 2019), the Dartmouth Flood Observatory (Hu et al., 2018), and Sendai 

Framework monitoring (Bubeck et al., 2025), often combined with exposure datasets (Tanoue et al., 2016; Formetta and 

Feyen, 2019). Regional and national flood-fatality studies have been conducted, for example in the Euro-Mediterranean 

region using the FFEM-DB catalogue for 1980–2020 (Papagiannaki et al., 2022), in the United States for 1959–2005 

(Ashley and Ashley, 2008), in Portugal using the DISASTER database and related hydro-geomorphological mortality 75 

records (Zêzere et al., 2014; Pereira et al., 2016, 2017), in Switzerland using national records of flood, debris-flow and 

landslide fatalities and the Swiss flood and landslide damage database (Hilker et al., 2009; Badoux et al., 2016), in Japan 

using historical documentary records and disaster statistics (Teramura and Shimatani, 2019), in China using national flood-

risk and flood-loss records (Ding et al., 2022), in Australia using the Natural Hazards Research Centre flood-fatality 

database, compiled from newspapers, historical accounts, and government and scientific reports, for 1788–1996 and 1997–80 

2008 (Coates, 1999; FitzGerald et al., 2010), and in Italy, using the CNR national catalogue of landslides and floods with 

human consequences, compiled from historical, archival, newspaper, technical, and scientific sources (Guzzetti et al., 2005; 

Salvati et al., 2010, 2016, 2018). The periods analysed vary broadly, ranging from historical catalogues that extend over 

several centuries, and in some cases back to BCE (Coates, 1999; Salvati et al., 2010, 2016, 2018), to multi-decadal records 

covering mainly the second half of the twentieth century and the early twenty-first century (Tanoue et al., 2016; Formetta 85 

and Feyen, 2019; Hamidifar and Nones, 2023; Jonkman et al., 2024; Tin et al., 2024; Bubeck et al., 2025; Petrucci et al., 

2026). 

The landslide literature is more fragmented, but it also includes both global and regional and national analyses. Global 

studies rely on fatal landslide and multi-source landslide databases, including the Global Fatal Landslide Database (Froude 

and Petley, 2018) and the Unified Global Landslide Database (Gómez et al., 2023). National and regional studies have been 90 

conducted for China (Lin and Wang, 2018; Zhang and Huang, 2018), Bangladesh (Sultana, 2020), British Columbia (Strouth 

and McDougall, 2021), Japan (Shinohara and Kume, 2022), Portugal (Zêzere et al., 2014), Switzerland (Andres and Badoux, 

2019), Nepal (Petley et al., 2007), Colombia and the tropical Andes (Aristizábal and Sánchez, 2020), Turkey (Görüm and 
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Fidan, 2021), and Italy (Guzzetti, 2000; Guzzetti et al., 2005; Salvati et al., 2010, 2016, 2018). The temporal coverage of 

landslide studies is heterogeneous, ranging from long historical catalogues to recent multi-decadal inventories. The Global 95 

Fatal Landslide Database covers the period 2004–2016 (Froude and Petley, 2018), and the Unified Global Landslide 

Database covers 1903–2020 (Gómez et al., 2023). Görüm and Fidan (2021) analysed landslide fatalities in Turkey for 1929–

2019, Lin and Wang (2018) used a catalogue for China for 1950–2016, Sultana (2020) analysed a catalogue for Bangladesh 

for 2000–2018, and Shinohara and Kume (2022) examined landslide fatalities in Japan from 1945 to 2019. The Italian 

catalogue of landslides and floods with human consequences spans the period 91 BC–2025 (Salvati et al., 2018). 100 

The studies differ in the types of events considered. Flood analyses may include river, flash, urban, coastal or storm-surge 

floods, depending on the database used and on the scope of the study (CRED/UNISDR, 2015; CRED UNDRR, 2020; 

Tanoue et al., 2016; Formetta and Feyen, 2019; Hu et al., 2018; Hamidifar and Nones, 2023; Jonkman et al., 2024; Tin et al., 

2024; Bubeck et al., 2025). For landslides, the extent to which studies distinguish among landslide types and triggers varies 

and is not always explicit. Some global catalogues are defined by trigger or origin, such as fatal non-seismic landslides 105 

(Froude and Petley, 2018), whereas other global, national or regional studies are described more generally as fatal-landslide 

or landslide-fatality catalogues (Petley et al., 2007; Zêzere et al., 2014; Lin and Wang, 2018; Zhang and Huang, 2018; 

Andres and Badoux, 2019; Sultana, 2020; Aristizábal and Sánchez, 2020; Strouth and McDougall, 2021; Shinohara and 

Kume, 2022; Gómez et al., 2023). 

For floods, the overall picture is relatively consistent. Several studies report increasing numbers of recorded flood events 110 

and, in some cases, increasing or weakly increasing absolute fatalities (CRED/UNISDR, 2015; CRED UNDRR, 2020; 

Tanoue et al., 2016; Hu et al., 2018). However, a robust signal is a reduction in flood mortality when impacts are expressed 

as fatalities per event or as mortality rates relative to the exposed population. The pattern is reported in global and global-to-

regional flood analyses. Tanoue et al. (2016) analysed river-flood vulnerability worldwide over 1960–2013; Formetta and 

Feyen (2019) examined global vulnerability to climate-related hazards, including floods, for 1980–2016; Hamidifar and 115 

Nones (2023) analysed flood fatalities globally and by world regions over 1951–2020, with particularly high mortality in 

Southern, Eastern and South-Eastern Asia; and Jonkman et al. (2024) analysed global flood fatalities from EM-DAT over 

1975–2022. These studies show that annual death totals may be stable or without relevant trends, whereas fatalities per event 

and exposure-normalised mortality decline markedly. At regional and national scales annual death totals are often stable, 

weakly increasing, or dominated by event-to-event variability, whereas fatalities per event or mortality rates tend to decrease 120 

(Hu et al., 2018; Hamidifar and Nones, 2023; Jonkman et al., 2024). In a remarkably long Australian study, Coates (1999) 

showed that flood death rates declined systematically between 1788 and 1996, despite high annual variability. The decline is 

commonly interpreted as evidence of reduced vulnerability, associated with improved protection, forecasting, early warning, 

preparedness and emergency response, despite increasing exposure. Regional differences remain important: flood mortality 

is concentrated in low-lying, flat and coastal areas; tropical cyclones contribute disproportionately to deaths (Hu et al., 125 

2018); and mortality rates remain stable or increase in low-income countries (Jonkman et al., 2024). 
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For landslides, the evidence is less uniform, but several recurrent patterns emerge. At the global scale, Froude and Petley 

(2018) found no clear linear increase in fatal landslides or fatalities over 2004–2016, with an increase until about 2010 

followed by stabilisation or decline. Gómez et al. (2023), using the Unified Global Landslide Database, reported increasing 

events and fatalities from the mid-twentieth century to around 2010, followed by a marked decline, while recognising that 130 

both changes in disaster-risk management and changes in reporting may contribute to the pattern. In China, inventories show 

increasing fatal landslide occurrence and fatalities, although recent increases are partly attributed to improved data collection 

and the inclusion of smaller events (Lin and Wang, 2018; Zhang and Huang, 2018). Bangladesh and Nepal also show 

increasing fatal landslide impacts, with strong monsoon control (Petley et al., 2007; Sultana, 2020). In Colombia and the 

tropical Andes, long-term records indicate increasing reports and fatalities, but mortality is strongly distorted by a few 135 

catastrophic events. By contrast, British Columbia and Japan show clear long-term decreases in landslide mortality, 

including reductions in population-normalised rates (Strouth and McDougall, 2021; Shinohara and Kume, 2022), while 

studies for Portugal and Switzerland do not identify significant increasing trends (Zêzere et al., 2014; Andres and Badoux, 

2019). Across these regions, rainfall is the dominant trigger for fatal landslides, although earthquakes, volcanic activity and 

human disturbance can dominate mortality in specific catastrophic events. 140 

A comparison of flood and landslide studies shows that flood-fatality analyses have advanced further in separating event 

frequency, absolute mortality, exposure and vulnerability. Several flood studies distinguish between total deaths, fatalities 

per event, exposed population and exposure-normalised mortality, showing that absolute flood deaths may remain stable or 

vary irregularly while lethality and mortality rates decline (Tanoue et al., 2016; Hu et al., 2018; Formetta and Feyen, 2019; 

Hamidifar and Nones, 2023; Jonkman et al., 2024). Landslide studies provide more heterogeneous evidence, with fewer 145 

comparable normalised metrics and stronger dependence on national or regional inventories. This may partly reflect process 

differences: floods commonly affect areal or linear domains, and they may cross regional and national boundaries, whereas 

landslides are usually more localised features. It may also reflect differences in reporting sources, event definitions and 

catalogue completeness. For both geo-hydrological hazards, temporal trends are complicated by changing reporting 

practices, incomplete historical records, direct versus indirect deaths, and increasing digital and local information sources 150 

(Guzzetti, 2000; Tanoue et al., 2016; Tin et al., 2024; Lin and Wang, 2018; Froude and Petley, 2018; Gómez et al., 2023). 

Consequently, fatality trends may reflect not only hazard changes, but also exposure, vulnerability, preparedness, mitigation, 

emergency management and completeness of the catalogues. 

Flood and landslide fatality studies have used heterogeneous statistical approaches. For floods, Coates (1999), FitzGerald et 

al. (2010), Hamidifar and Nones (2023), and Tin et al. (2024) relied mainly on descriptive counts, period comparisons, 155 

moving averages, mortality rates, fatalities per event, and regional or demographic summaries. Formal statistical analyses 

included Mann–Kendall tests, Sen’s slope, estimated annual percentage change, chi-square tests, ANOVA, non-parametric 

regression, and multivariable logistic regression (Jongman et al., 2015; Hu et al., 2018; Jonkman et al., 2024; Liu et al., 

2024). Other studies combined fatalities with hydrological or hydraulic models, gridded population and GDP data, exposure 

estimates, bootstrapping, and sensitivity analyses to derive mortality or vulnerability rates (Jongman et al., 2015; Tanoue et 160 
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al., 2016; Formetta and Feyen, 2019). Other analyses incorporated flood-type classification, mortality fractions, exceedance 

or threshold analyses, and spatial comparisons involving topography, coastal proximity, income, population density, and 

tropical cyclones (Hu et al., 2018; Jonkman et al., 2024; Liu et al., 2024). Papagiannaki et al. (2022) focused on database 

design, coding, duplicate detection, missing-data analysis, and spatial harmonisation.  

For landslides, Petley et al. (2007), Petley (2012), Pereira et al. (2017), Zhang and Huang (2018), Sultana (2020), Aristizábal 165 

and Sánchez (2020), Strouth and McDougall (2021), and Gómez et al. (2023) relied on descriptive counts, running means, 

period comparisons, seasonality, and frequency–fatality or frequency–magnitude representations. Badoux et al. (2016), Lin 

and Wang (2018), Haque et al. (2019), and Shinohara and Kume (2022) used formal statistical tests and analyses, including 

Mann–Kendall tests, Sen or Theil–Sen slopes, regression, correlation analysis, and non-parametric tests. Additional analyses 

included 5-day aggregated time series, autocorrelation, rainfall correlations, space–time hotspot analysis, kernel density 170 

estimation, Geographical Detector methods, and non-parametric regression with bootstrap confidence bands (Froude and 

Petley, 2018; Haque et al., 2019; Görüm and Fidan, 2021; Remondo et al., 2026). Across both flood and landslide fatality 

studies, formal modelling of annual fatality counts remains uncommon, and count models, change-point methods, GAMs, 

and dynamic time-series models are rarely used. 

Overall, our literature analysis shows a gradual shift from descriptive summaries towards formal trend testing, exposure-175 

normalised indicators, and integrated spatial or hazard–exposure–vulnerability analyses, although explicit modelling of 

annual fatality counts remains uncommon. 

Catalogue completeness is recognised as a central limitation in flood and landslide fatality series.  For floods, Coates (1999) 

and FitzGerald et al. (2010) identified incompleteness arising from newspaper and public-report bias, uneven spatial and 

temporal coverage, remote-area under-reporting, missing demographic or circumstantial information, and the exclusion of 180 

indirect or delayed deaths. Global studies based on EM-DAT or NatCatSERVICE emphasised reporting thresholds, changes 

in data availability and reporting through time, under-representation of low-income countries and earlier decades, 

inconsistent event classification, country-level aggregation, and incomplete attribution of flood type, location, exposure, or 

indirect mortality (Tanoue et al., 2016; Hu et al., 2018; Formetta and Feyen, 2019; Hamidifar and Nones, 2023; Tin et al., 

2024; Jonkman et al., 2024; Liu et al., 2024). Jongman et al. (2015) also noted under-reporting and uncertainty in impact, 185 

exposure, and modelled hazard data. These limitations were partly addressed through temporal restrictions, event 

reclassification, exclusions, and comparisons among sources. Papagiannaki et al. (2022) provided the most systematic 

assessment, quantifying missing data, identifying duplicates, and comparing the Flood Fatalities in the Euro-Mediterranean 

Database (FFEM-DB) with other sources.  

For landslides, Petley et al. (2007), Petley (2012), Badoux et al. (2016), Pereira et al. (2017), Froude and Petley (2018), 190 

Haque et al. (2019), and Sultana (2020) discussed incompleteness qualitatively or semi-quantitatively, emphasising under-

reporting of small or older events, remote locations, delayed deaths, uncertain trigger attribution, language bias, and 

inconsistent media or institutional coverage. Petley (2012), Pereira et al. (2017), Aristizábal and Sánchez (2020), and Gómez 

et al. (2023) compared national or global catalogues with broader disaster databases such as EM-DAT, showing that general 
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disaster databases often miss low-fatality landslides. Lin and Wang (2018), Shinohara and Kume (2022), and Remondo et al. 195 

(2026) addressed completeness indirectly by separating events by event fatality magnitude, comparing overlapping sources, 

or using fatalities as a proxy for event magnitude to reduce temporal reporting bias. Badoux et al. (2016), Haque et al. 

(2019), Görüm and Fidan (2021), and Gómez et al. (2023) provided data-quality indicators, including verification rates, 

coordinate completeness, source overlap or consistency, and estimated under-reporting ranges. 

Overall, our literature analysis shows that completeness assessment has progressed from qualitative acknowledgement of 200 

missing events towards source comparison, standardised coding, and quantitative data-quality indicators, but formal 

statistical completeness tests are rare. 

3 Data 

For our analysis, we use an updated version of the Italian catalogue of geo-hydrological events with human consequences, 

spanning 91 BC–2025 (Salvati et al., 2018). The complete catalogue lists 8,371 fatal or harmful events that caused 51,298 205 

fatalities, including 3,487 flood events with 36,274 fatalities and 4,884 landslide events with 15,024 fatalities. Floods include 

river and pluvial floods, whereas debris flows are classified as landslides, that also include shallow and deep-seated failures, 

earth flows, mud flows, and rock falls. Detailed descriptions and the methods and problems encountered in compiling the 

catalogue can be found in Guzzetti et al. (2005) and in Salvati et al. (2010, 2016, 2018). 

We restrict our investigation to 1950–2024 (Fig. 1), a period for which the catalogue is sufficiently homogeneous for 210 

quantitative analysis. During these 75 years, the national catalogue records 1,349 fatal geo-hydrological events causing 5,458 

fatalities (Table 1). By comparison, EM-DAT, the international disaster database curated by the Centre for Research on the 

Epidemiology of Disasters of the University of Louvain, Belgium, lists only 57 flood and landslide disasters in Italy over the 

same period, causing 3,594 fatalities. The Italian catalogue therefore captures many small and medium fatal events that are 

not represented in global disaster-level databases. The two most catastrophic events in the Italian catalogue are the Vajont 215 

landslide of 9 October 1963, with 1,917 fatalities, and the Stava mudflow of 19 July 1985, with 268 fatalities. Both were 

associated with major engineering works – a dam and two tailings dams, respectively – and are not representative of ordinary 

rainfall-triggered geo-hydrological mortality. We therefore exclude the two events associated to major engineering works 

from all statistical analyses. After these exclusions, the analysed series contains 3,273 fatalities on 868 fatal days. 

We use economic, demographic, and climatic data available from different sources for 1951–2024 as potential driving 220 

factors i.e., predictors (Fig. 2). We obtain annual gross domestic product (GDP) and population (POP) data from the 

Osservatorio sui Conti Pubblici Italiani (2025), and national mortality data (MOR) from the Italian National Institute of 

Statistics. We further obtain climate data, including total annual precipitation (TP) and mean annual temperature (TD), from 

the nationwide hydrological water-budget dataset BIGBANG 9.0 (Braca et al., 2025). Over 1951–2024, GDP increased 7.8-

fold, from €5.25 billion to €1.93 trillion, with broadly steady growth until 2008, followed by decline and partial recovery 225 

during 2009–2024. Over the same period, POP increased by 26%, from 46.91 million to 58.97 million, rising steadily until 
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1980, more slowly until 2018, and then declining slightly; since 1975, it has remained above the long-term mean. MOR was 

broadly stable between 9.1 and 10.8 ´ 105 individuals until 2019, after which it increased up to 12.5 ´ 105 in 2020, reflecting 

the impact of the COVID-19 pandemic. Unlike the socio-economic variables, TP showed no clear long-term trend, whereas 

TD increased almost continuously from 1978 onward (Fig. 2). 230 

4 Statistical methods 

4.1 Exploratory statistics, trends, and change points 

Annual fatalities and fatal days are count variables and may be overdispersed, i.e. the variance of the counts may exceed the 

mean (Cameron and Trivedi, 1990), especially when occasional high-fatality events occur. To check this, and to provide a 

simple comparison of changes over time, we first summarise fatalities, fatal days, mortality, and lethality for the entire 235 

period 1950–2024, and for three 25-year subperiods: 1950–1974, 1975–1999, and 2000–2024 (Table 1). We then assess 

monotonic trends in the series using Mann–Kendall tests (Mann, 1945). For each series, we calculate the Mann–Kendall 

statistic, its p-value, and Kendall’s τ, adopting α = 0.05 as the significance level. Before testing for trend, we evaluate 

temporal dependence using the lag-1 autocorrelation coefficient (ACF1) (Box and Jenkins, 1970) and the Ljung–Box test 

(Ljung and Box, 1978). When autocorrelation is not statistically significant, we apply the standard Mann–Kendall test. When 240 

autocorrelation is detected, we use a modified Mann–Kendall test that adjusts the variance of the statistic to account for the 

effective sample size (Hamed and Rao, 1998; Yue and Wang, 2004). We quantify the trend magnitude with the Sen slope 

estimator (Sen, 1968) and its confidence interval using standard non-parametric procedures. To assess temporal changes in 

trend behaviour, we analyse the full series (1950–2024) and the three 25-year sub-periods (1950–1974, 1975–1999, 2000–

2024). We further investigate abrupt changes using Pettitt’s (1979) test, and we use the Hurst (1951) exponent as an 245 

exploratory measure of persistence in the annual series (Table 2). 

4.2 Distribution analysis 

We model the empirical distributions of annual fatalities and fatal days using both a Poisson distribution, as a reference 

model, and a Negative Binomial (NB) distribution, which includes an additional dispersion parameter and allows the 

variance to exceed the mean. We compare the fitted distributions using the Akaike and Bayesian information criteria (AIC 250 

and BIC) and assess their agreement with the empirical distributions, including the upper tail, through Complementary 

Cumulative Distribution Functions (CCDFs) (Fig. 3). We further inspect the frequency of zero-count years to assess whether 

zero-inflated formulations are necessary. 
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4.3 Time series analysis 

To represent the historical evolution of fatalities and fatal-event days, we model the annual counts, !! as a function of time, " 255 

using Generalised Additive Models (GAMs, Hastie and Tibshirani, 1986; Wood, 2017, 2025). GAMs provide a flexible way 

to describe the expected annual counts as smooth functions of time, thereby capturing the main long-term structure of the 

series. Since the count series are overdispersed, we assume a Negative Binomial (NB) distribution, !! ∼ $ℬ('! , )), with 

constant overdispersion parameter ), and we model the expected value as log('!) = /" + 1(") where 1(") is a smoothing 

spline for time, with a spline basis dimension constrained to avoid overfitting. We calibrate the models to the 1950–2020 260 

portion of each series, from which we derive the fitted mean trend and the corresponding 95% confidence intervals (CI) for 

the expected counts i.e., the mean (Fig. 4). We also compute prediction intervals (PI) for annual counts, which incorporate 

the estimated overdispersion parameter () ) and therefore account for interannual variability. For the evaluation and 

projection period (2025–2030), we extrapolate the fitted models to obtain out-of-sample predictions of expected values and 

annual counts, with uncertainty quantified by CI for the mean and PI for individual future observations. Model predictions 265 

are evaluated in 2021–2024 and projected to 2030 (Fig. 4). 

To complement the overarching long-term trend captured by the GAMs, we implement Bayesian Dynamic Linear Models 

(DLMs, West and Harrison, 1997; Petris et al., 2009). DLMs provide a state-space alternative in which the log-mean count 

evolves through a time-varying latent state, allowing the model to adapt to local year-to-year changes in the series of the 

annual counts, !!. Consistent with the GAM formulation, we assume that the annual counts, !! follow a Negative Binomial 270 

distribution, !!~$ℬ('! , )). In this formulation, the log-mean is governed by a time-varying latent state 3!: log('!) = 3!. To 

capture the unobserved temporal dynamics, we model the latent state as a first-order random walk, 3! ∼ $(3!#$, 4%&), where 

4% is the evolution standard deviation, controlling the degree of stochastic variation permitted between consecutive years and 

estimated via MCMC. We calibrate the model on the 1950–2020 portion of the series to estimate the posterior distributions 

of the latent states and the variance components. For the projection period 2025–2030, we project the random walk forward 275 

in time. We then use the posterior predictive simulations to obtain Bayesian credible intervals (CrI) for the expected means, 

''()  and for the simulated future counts (Fig. 4). We use DLMs only for temporal analyses, because their state-space 

formulation is specifically suited to sequential data and to the representation of unobserved temporal dynamics through time-

varying parameters. 

4.4 Predictors 280 

To assess the association of annual counts, !! with the available economic, demographic, and climatic predictors (Fig. 2), we 

use GAMs.  

For each response–predictor pair, we first fit an univariable model  !! ∼ 1(5!). To adjust for temporal trends, we employ a 

comparative framework comprising three models: a time-only model, a single-predictor model, and a model including both 

time and the predictor. Specifically, we compare 6*: log('!) = /" + 1("), 6+: log('!) = /" + 1(5!), and 6,: log('!) =285 
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/" + 1(") + 1(5!). A predictor is retained when the smooth term 1(5!) in 6, meets these criteria: 8 < 0.05, and, relative to 

6*, Δ>-./0 ≥ 0.02 (change in deviance explained), and ΔABC ≤ −2. We then fit multivariable negative binomial GAMs 

including combinations of year, TP, TD, log(GDP), log(POP), and MOR. The comparison between the models distinguishes 

raw associations from associations that remain after shared temporal trends are accounted for.  

To examine whether fatalities and fatal days were temporally associated with risk-management policies and programmes 290 

(Fig. 1G), we define binary indicators around selected policy dates. Specifically, we consider indicators for the policy year, 

for years within 0–F after policy implementation, and for years within ±	F of policy implementation, with k = 2, 4, 6, and 10 

years. These windows allow us to test both post-implementation associations and associations centred on implementation. 

We then fit NB GAMs with a log link. The baseline model was 6": log('!) = /" + 1("), where '! = I(!!) and 1(") is a 

penalized regression spline representing the smooth effect of calendar year. The augmented model is 6$: log('!) = /" +295 

1(") + /$J!, where J! is the binary policy indicator. Model improvement relative to the long-term trend is evaluated using 

/$, its 8-value, ΔABC, and the change in deviance explained, Δ>. We further assess significance using 1,000 permutations of 

the policy years. 

4.5 Predictability 

To compare the temporal structure of fatalities and fatal days, and to assess whether either series can be anticipated more 300 

reliably, we evaluate predictability using two complementary approaches. The first is based on information theory (Shannon, 

1948; Song et al., 2010) and assesses intrinsic predictability by quantifying how much information past states provide about 

future states. The annual series are discretised into empirical-quantile states, and conditional entropy is used to measure how 

much the uncertainty of the next state is reduced by the knowledge of one or two previous states. This provides measures of 

stored information and maximum achievable predictability. The approach is suitable for short, skewed and overdispersed 305 

count series because it evaluates temporal memory without assuming a specific regression model. The second approach 

evaluates operational predictability (Tashman, 2000; Gneiting and Raftery, 2007) through rolling one-step-ahead forecasts 

and examines whether a statistical model can exploit the temporal information in the series to make probabilistic predictions. 

We fit GAMs using expanding training windows, so that only data available before year t are used to predict year t. This 

design mimics an operational forecasting setting and accommodates overdispersed annual counts and non-linear temporal 310 

change. Forecast skill is quantified using the mean negative log predictive probability, referred to here as average predictive 

surprise. Lower values indicate that the model assigned a higher probability to the observed counts and therefore achieved 

better forecast performance. Together, the two approaches distinguish intrinsic, or potential, predictability from the 

forecasting skill achieved by a specific statistical model. 
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5 Results 315 

5.1 Exploratory statistics, trends, and change points 

Over the 75-year period 1950–2024, after excluding the catastrophic Vajont and Stava events associated with major 

engineering works, geo-hydrological events caused 3,273 fatalities on 868 fatal days, 3.1% of the total number of days in the 

period, or one fatal day every 32 days. Landslides caused 1,927 fatalities on 547 fatal days (2.1%, one fatal day every 48 

days), and floods caused 1,346 fatalities on 381 fatal days (1.4%, one fatal day every 72 days) (Table 1). Landslides 320 

therefore dominate the human toll in the catalogue, although floods remain an important component of fatal geo-

hydrological risk. The temporal structure of the series is strongly non-stationary. Geo-hydrological fatalities and fatal days 

are much higher during 1950–1974 than during 1975–1999 and 2000–2024, indicating a marked reduction in risk after the 

early decades of the record (Table 2). All annual count series are overdispersed, but the magnitude of overdispersion differs 

between fatalities and fatal days. Fatality counts are highly variable because a few years contain multi-casualty events 325 

(Table 1). Fatal days are much less overdispersed, because a high-fatality event generally contributes only one fatal day.  

Trend analyses show significant decreases for the combined geo-hydrological series and for landslides alone, whereas flood-

related series display weaker or non-significant trends. Mann–Kendall tests identify significant decreasing trends for geo-

hydrological fatalities and fatal days over the full period, with Sen’s (1968) slopes of about -3.2 fatalities per decade and -1.2 

fatal days per decade. Inspection of Table 2 indicates weak to moderate temporal dependence, with limited short-term 330 

autocorrelation and some longer-term persistence. Hurst exponents for the full 1950–2024 series range from 0.569 to 0.723, 

indicating persistent behaviour in all six series, with the strongest persistence for geo-hydrological and landslide alone fatal 

days.  

The decline is concentrated mainly in the earlier part of the record, with little systematic change thereafter. After 1975, most 

Hurst exponents are closer to random behaviour, although some persistence remains in the flood-related series. Pettitt’s 335 

(1979) tests locate significant change points in 1970 for geo-hydrological fatalities and in 1966 for geo-hydrological fatal 

days, and the significant change points for the landslide series also cluster between 1966 and 1970. By contrast, the change 

points identified for the flood series are not statistically significant, indicating weaker evidence for a discrete shift in flood 

fatalities or flood fatal days. These results indicate a transition from an initial higher risk regime to a lower and more stable 

regime. After this transition, the series are broadly stable, with no comparable long-term decline. Overall, the evidence 340 

supports a non-stationary system characterised by an early structural shift followed by relative stability, with stronger and 

more coherent signals for geo-hydrological events and landslides than for floods. 

5.2 Distribution analysis 

The distributional analysis provides an order-free summary of the annual counts. It deliberately ignores the temporal 

sequence of the observations and assumes, for this purpose only, that the counts are drawn from a single stationary 345 

distribution, to describe the dispersion and tail behaviour of the series. Under this simplifying assumption, a NB distribution 
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provides a better representation than a Poisson distribution for all fatality and fatal-day series, for geo-hydrological events, 

floods and landslides. This result is consistent with the overdispersion reported in Table 2. The improvement is strongest for 

fatality counts, for which the Poisson distribution greatly underestimates the observed variability. Fatal days are less 

dispersed but still depart from the Poisson assumption and are better represented by the NB distribution. Zero-count years 350 

are absent for the combined geo-hydrological and landslide series and are very limited in the flood series. The CCDFs 

(Fig. 3) further show that fatalities have heavier upper tails than fatal days. Most years have relatively few deaths, but a 

small number of years account for very large mortality, especially in the geo-hydrological and landslide series. This pattern 

reflects why annual fatalities are harder to model and project than fatal days: fatalities depend not only on the occurrence of 

hazardous conditions, but also on event-specific exposure, vulnerability, timing, location and response. Fatal days have a 355 

steeper tail decay and a narrower range of values, quantifying the greater regularity and more limited variability of the 

occurrence of fatal conditions compared with the severity of their consequences. 

5.3 Temporal modelling and short-term projections 

Inspection of Fig. 4 shows that GAMs and DLMs reproduce the same broad evolution identified in the exploratory analyses. 

For geo-hydrological fatalities and fatal days, both approaches confirm the marked decline from 1950 to about 1970, 360 

followed by lower values. The landslide series show a similar pattern, whereas the flood series exhibit weaker temporal 

structure. GAMs emphasise the long-term smooth transition, whereas DLMs follow short-term fluctuations more closely 

because the latent state is allowed to evolve from year to year. Model evaluation over 2021–2024 indicates that yearly 

observations fall within the predictive intervals and that median predictions are generally close to observed values. For 

2025–2030, the two approaches agree that annual counts are likely to remain within the comparatively low range observed in 365 

recent decades, but they do not always agree on their short-term direction. In particular, the GAM projections for fatalities 

are broadly stable or weakly decreasing, whereas the corresponding DLM projections increase in response to recent 

fluctuations. The direction of the projected change in fatalities is model-dependent and should not be interpreted as a robust 

trend. Projections for fatal days are more consistent between the two approaches. The independent observations for 2025 

(red squares in Fig. 4, Bianchi and Salvati, 2026), which were not used for model fitting, lie close to the central estimates 370 

and within the uncertainty intervals. 

Projection uncertainty remains substantial, especially for fatalities (Fig. 5). GAM prediction intervals are consistently wider 

than the corresponding confidence intervals because they include both uncertainty in the estimated mean response and 

residual year-to-year variability. The widths of the DLM credible intervals are of a similar order of magnitude, but their 

relationship to the GAM intervals varies among series and projection years. Direct comparisons should be made cautiously 375 

because the intervals arise from different model structures and represent uncertainty differently. Overall, uncertainty in 

realised annual counts remains large, particularly for fatalities, which have more dispersed distributions and longer upper 

tails than fatal days. The projections should therefore be interpreted as probabilistic envelopes of plausible short-term 

outcomes, not as deterministic annual forecasts. 
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5.4 Climatic, economic, demographic, and policy predictors  380 

Univariable GAMs linking the geo-hydrological, flood and landslide series to individual predictors show that no single 

predictor explains a large fraction of the variability in fatalities or fatal days. Mean annual temperature (TD) shows no clear 

association, and the relationships with the economic and demographic variables — GDP, POP and MOR— are largely 

removed once temporal trends are accounted for. By contrast, total annual precipitation shows a persistent, albeit modest, 

signal, with the clearest effects for floods, weaker effects for landslides, and intermediate effects for geo-hydrological events. 385 

The relationships are stronger for fatal days than for fatalities. Multivariable GAMs confirm the persistent role of 

precipitation forcing, particularly for flood fatalities and flood fatal days, and provide little or no evidence for independent 

economic-demographic effects once shared temporal trends are accounted for. In the multiple models, fatalities remain 

harder to represent than fatal days, consistent with the interpretation that meteo-climatic conditions help determine when 

dangerous events occur, but do not fully explain the magnitude of the human consequences. 390 

The policy-timing analysis provides little evidence that the main decline is aligned with specific environmental or risk-

management policies. Inspection of Fig. 1G shows that most of the reduction in fatalities and fatal days occurred before the 

introduction of modern civil-protection, land-management, flood-risk, and hydrogeological-risk programmes. This is 

confirmed by the GAM analyses for time windows of k = 2, 4, 6, and 10 years. Across 378 policy-window models, 348 cases 

(92%) show no clear evidence of alignment, whereas 30 cases (8%) show local associations, including 13 with lower counts 395 

and 17 with higher counts near policy dates. Only 35 models (9%) have ΔAIC ≥ 2, 14 (4%) have ΔAIC ≥ 4, and 5 (1%) have 

ΔAIC ≥ 6. The largest improvements are local, with maximum ΔAIC values of about 8 and increases in deviance explained 

of less than 0.10. Overall, the policy indicators produce occasional model improvements, but do not reproduce the timing of 

the structural decline as consistently as the long-term temporal component. 

5.5 Predictability of fatalities and fatal days 400 

The predictability analyses show clearer operational forecast performance for fatal days than for fatalities, suggesting that 

fatal days are generally more predictable. State-based metrics indicate only weak intrinsic predictability, with small 

differences between fatal days and fatalities and bootstrap confidence intervals that commonly include zero. The clearest 

contrast is obtained from the rolling forecast analysis, where fatal days consistently have lower predictive surprise than 

fatality counts. Mean predictive surprise is about 1.5–2.0 bits lower for fatal days than for fatalities across the geo-405 

hydrological, landslide, and flood series, with bootstrap confidence intervals above zero for the difference between fatality 

surprise and fatal-day surprise. Year-by-year differences are mostly positive, confirming that fatalities more often produce 

larger forecast errors than fatal days. 
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6 Discussion 

Collectively, our analyses show a clear structural transition in geo-hydrological risk to the population of Italy during 1950–410 

2024. Annual fatalities and fatal days declined markedly from the 1950s to about 1970 and then stabilised at substantially 

lower levels (Fig. 1). This pattern is supported by descriptive statistics (Table 1), non-parametric trend and change-point 

tests (Table 2), and two independent modelling frameworks, GAMs and DLMs (Fig. 4). The decline is driven mainly by 

landslides, whereas flood fatalities and flood fatal days show weaker and statistically less robust long-term changes. Because 

fatal days declined less sharply than fatalities, the transition cannot be interpreted simply as the disappearance of hazardous 415 

conditions. Rather, fatal geo-hydrological events became less likely to produce large numbers of deaths and missing persons, 

suggesting a change in the relation between hazardous processes and human consequences. 

The Italian record (Fig. 1) shows that geo-hydrological mortality can decline markedly even while floods and landslides 

persist. The finding is consistent with broader evidence that vulnerability and event lethality can decrease, particularly in 

high-income or better-prepared settings. For floods, exposure-normalised mortality or fatalities per event have declined in 420 

several global analyses, even where total flood occurrence or exposure increased (Tanoue et al., 2016; Hu et al., 2018; 

Formetta and Feyen, 2019; Hamidifar and Nones, 2023; Jonkman et al., 2024). Similar patterns have been reported for 

landslides in British Columbia and Japan, where landslide fatalities declined markedly despite population growth or 

continuing rainfall-triggered landslide occurrence (Strouth and McDougall, 2021; Shinohara and Kume, 2022). These 

findings caution against attributing fatality trends solely to changes in hazard intensity. For risk management, the results 425 

emphasise the importance of maintaining vulnerability reduction, improving preparedness, and recognising that 

meteorological variability continues to shape year-to-year risk. 

The predictor analysis helps explain the structural decline in geo-hydrological risk to the population in Italy. Once the 

temporal trend is accounted for, most apparent associations weaken sharply, indicating that economic and demographic 

variables such as GDP, population, and mortality do not exert a systematic independent effect on residual year-to-year 430 

variability. Their contribution appears instead to be expressed mainly through the broader historical transition in exposure, 

vulnerability, preparedness, and risk management. By contrast, mean annual precipitation remains the most consistent driver 

of residual interannual variability. Its effect is strongest for floods, especially for days with flood fatalities, where the 

connection between rainfall and dangerous conditions is most direct; weaker and less stable for landslides, whose occurrence 

also depends on local geomorphological, hydrological, and exposure conditions; and intermediate for the combined geo-435 

hydrological series. This difference indicates that the combined geo-hydrological signal should not be interpreted as a 

uniform response of all hazardous processes. The stronger association between precipitation and fatal days than between 

precipitation and fatalities suggests that meteo-climatic forcing mainly controls when potentially dangerous conditions occur. 

By contrast, the event death toll depends on the intersection between the event and people, infrastructure, behaviour, 

warnings, emergency response, and other event-specific circumstances. This may also explain why fatal days show lower 440 

uncertainty and higher predictability than fatalities. 
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The timing of the main decline of geo-hydrological risk is also informative. The main reduction in fatalities and fatal days 

preceded the establishment of modern policies and programmes for environmental management, civil protection, and 

natural-risk reduction (Fig. 1G). The policy-timing analysis indicates that the decline in geo-hydrological risk to the 

population cannot be explained simply by specific legislation, technical measures, mitigation programmes, or research 445 

programmes. A more plausible explanation is the broader socio-economic transformation of Italy after the Second World 

War, driven by urbanisation, economic growth, improved housing, better infrastructure and communication systems, changes 

in occupational structure, and reduced dependence on highly vulnerable rural settings. In this view, socio-economic 

development acted primarily as a risk mitigation measure by reducing exposure and vulnerability over the long term, 

whereas precipitation, through meteo-climatic forcing, remained the dominant driver of residual interannual variability. In 450 

this respect, Italy fits a broader pattern of high-income countries in which socio-economic development does not eliminate 

geo-hydrological hazards but progressively reduces their direct human consequences. This interpretation is consistent with 

the literature showing that, in economically advanced countries, geo-hydrological fatalities have declined even where 

hazardous processes remain active (Jongman et al., 2015; Formetta and Feyen, 2019; Jonkman et al., 2024).  

The distributional and predictability analyses reinforce this distinction between hazardous conditions and human 455 

consequences. Data show that fatalities have heavier upper tails than fatal days, because fatality counts combine the 

occurrence of hazardous conditions with the contingent number of people exposed and killed. Fatal days are less affected by 

event severity and therefore provide a more stable measure of dangerous conditions through time. Consistently, the 

predictability analyses indicate that fatal days have lower forecast surprise than fatalities. This suggests that days with fatal 

events retain more stable temporal structure, whereas the number of people killed on those days depends more strongly on 460 

where and when events occur, who is exposed, how vulnerable they are, and how warnings and emergency response unfold. 

Our GAMs and DLMs were designed to characterise recent dynamics, support short-term projections, and provide 

quantitative evidence for risk-management planning, not to produce long-term environmental and climate-change scenarios. 

Any environmental and climate-related signal present during 1950–2024 is captured implicitly by the time-varying model 

components and by the precipitation covariate. The short-term projections are consistent with persistence of the recent 465 

lower-risk regime through 2030, with no indication of a return to the much higher fatality levels of the 1950s and 1960s. 

Extrapolating decades ahead under changing climatic, environmental, and socio-economic conditions would require different 

modelling assumptions and scenario-based inputs. Inspection of Fig. 5 shows that projection uncertainty remains substantial, 

especially for fatalities, and rare catastrophic events may still occur even when expected annual risk is low. The projections 

should therefore be interpreted as conditional extrapolations of the recent lower-risk regime, not as precise annual risk 470 

forecasts. They reflect the continuation of the temporal dynamics estimated from the historical data, in the absence of strong 

predictor effects indicating a different near-term trajectory. In addition, the main model estimates exclude the two 

catastrophic engineering-related events, namely the Vajont landslide and the Stava mudflow disasters. They should therefore 

be interpreted as estimates of ordinary geo-hydrological mortality, not as upper bounds on all possible fatal events. 
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7 Conclusions 475 

Using an updated version of the long national catalogue of fatal geo-hydrological events in Italy (Salvati et al., 2018), we 

show that mortality from geo-hydrological events, including floods and landslides, changed markedly during the 75-year 

period 1950–2024. Fatalities and fatal days both declined strongly from the 1950s to about 1970 and then remained at 

substantially lower levels, although with year-to-year variability. The transition was driven mainly by landslides, whereas 

flood fatalities and flood fatal days showed weaker, not statistically significant long-term change. Over the full period, geo-480 

hydrological events caused 3,273 fatalities on 868 fatal days, corresponding to 3.1% of all days between 1950 and 2024. 

Fatalities and fatal days convey complementary information. Fatal days measure the occurrence of conditions that produce 

fatal consequences, whereas fatalities measure the severity of the consequences. Fatal days are less overdispersed, have less 

heavy tails, are more stable, more predictable, and more clearly associated with precipitation, especially for floods. Fatalities 

have heavier upper tails, are more variable and less predictable because they also depend on where and when events occur, 485 

who is exposed, how vulnerable people are, and how warnings, behaviour, infrastructure, and emergency response interact 

during individual events.  

Mean annual precipitation was the most coherent driver of residual interannual variability, particularly for flood fatal days. 

By contrast, the apparent effects of gross domestic product, population, and national mortality weaken once shared temporal 

trends are accounted for. The main decline in risk preceded most modern environmental, civil-protection, flood-risk, and risk 490 

mitigation policies and programmes, and the policy-timing analysis provided little evidence that specific policy and 

programme dates explain the structural transition. We interpret the historical reduction in geo-hydrological mortality 

primarily as evidence of broad vulnerability reduction associated with post-war socio-economic transformation. Generalised 

Additive Models and Bayesian Dynamic Linear Models reproduce the transition and support short-term persistence of the 

recent lower-risk regime through 2030. However, uncertainty remains substantial, especially for fatalities. Lower recent 495 

mortality should therefore not be confused with the disappearance of geo-hydrological hazard, nor with an upper bound on 

future catastrophic events. 

Code and data availability 

Economic and demographic series (GDP, POP, MOR) are available from https://osservatoriocpi.unicatt.it/ocpi-servizi-serie-

storiche and general national mortality (MOR) from the Istituto Nazionale di Statistica (ISTAT, https://seriestoriche.istat.it/ 500 

(1861-2014), https://demo.istat.it/app/?i=ISM (2011-2024). Climate series (TP, TD) are available from 

https://www.isprambiente.gov.it/pre_meteo/idro/BIGBANG_ISPRA.html. For statistical analyses and modelling we used R 

programming language (version 4.5.2; R Core Team, 2021), RStudio (version 2026.01.1+403; Posit team, 2025) and Stan 

(version 2.32.5; Stan Development Team, 2023), implemented in R via RStan (version 2.32). The following R packages 

were used: AER (1.2.16), Kendall (2.2.2), MASS (7.3.65), mgcv (1.9.4), modifiedmk (1.6), pdp (0.8.3), ppcor (1.1), pracma 505 

(2.4.6), trend (1.1.6) and zyp (0.11.1). 
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Figure captions 

Figure 1: Time series of the yearly number of fatalities (deaths and missing persons) and fatal days caused by (A, D) geo-730 
hydrological events (floods and landslides); (B, E) landslides, and (C, F) floods in Italy 1950-2024. (G) Main environmental 
(black) and risk management (violet) policy and programmes. Legend for G: 1, Final report of the “Commissione de 
Marchi”, Interministerial commission for the study of hydraulic engineering and soil protection, 1970; 2, Law n. 183/1989, 
with regulations for the organisational and functional reorganisation of soil protection, 1989; 3, Law 225/1992, establishment 
of the National Civil Protection Service, 1992; 4, Law 267/1998, Sarno decree, with mandatory flood and landslide zoning, 735 
1998; 5, Law 365/2000, Soverato decree, establishment of weather radar national network, 2000; 6, DPCM 27/2/2004, 
operational guidelines for the management of the civil protection national alert system for hydrological, hydraulic, and 
geomorphological risk, 2004; 7, Directive 2007/60/EC on the assessment and management of flood risks, 2010; 8, 
Legislative Decree 49/2010, Implementation of Directive 2007/60/EC on the assessment and management of flood risks, 
2010; 9, Law 100/2012, Conversion into law, with amendments, of Decree-Law 59/2012, containing urgent provisions for 740 
the reorganisation of civil protection, 2012; 10, Prime Ministerial Decree 2/5/2014, establishing the Task Force against 
hydrogeological instability and for the development of water infrastructure, 2014; 11, Decree Law 133/2014, Urgent 
measures for the opening of construction sites, the implementation of public works, the digitisation of the country, the 
simplification of bureaucracy, the hydrogeological instability emergency, and the resumption of productive activities, 2014; 
12, Legislative Decree 1/2018, new Civil Protection code, 2018; 13, Prime Ministerial Decree 20/2/2019, National Plan for 745 
the mitigation of hydrogeological risk, restoration, and protection of environmental resources, 2019; 14, PNRR, Component 
4 (M2C4), Protection of the territory and water resources, 2022. 

Figure 2: Climate and economic and demographic drivers in Italy, 1951–2024. Upper panels show (A) annual total 
precipitation (TP), (B) mean annual temperature (TD), (C) population (POP), (D) general national mortality (MOR), and (E) 
gross domestic product (GDP). Black lines show 7-year running means. Lower panels (F-J) show the corresponding 750 
deviations from the long-term means. Darker shading are values above the mean and lighter shading values are below the 
mean. 

Figure 3: Fitted Negative Binomial (NB) Complementary Cumulative Distribution Functions (CCDFs), and their 
uncertainty envelopes (shaded areas), for (A) annual fatalities and (B) days with fatalities associated with geo-hydrological 
hazards (red), floods (blue), and landslides (green) in Italy, 1950–2024, excluding the Vajont (1963) and Stava (1985) 755 
events. See text for explanation. 

Figure 4: GAM and DLM fits to annual fatalities and fatal days in Italy, 1950-2030. Left panels show GAMs and right 
panels DLMs for geo-hydrological, landslide, and flood fatalities (A–F) and fatal days (G–L). Thick coloured lines are 
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model estimates, and black lines are 7-year running means. Shaded bands are 95% confidence intervals (CI) and prediction 
intervals (PI) for GAMs, and credible intervals (CrI) for DLMs. Solid vertical lines mark Pettitt change points; dotted and 760 
dashed lines mark the start of evaluation (2021) and project (2025), respectively. Red squares indicate observed values for 
2025. See text for explanation. 

Figure 5: Uncertainty in GAM and DLM estimates during the evaluation (2021–2024) and projection (2025–2030) periods. 
Rows show geo-hydrological events, G (A, B), landslides, L (C, D), and floods, F (D, E); columns show annual fatalities, f 
(left) and fatal days, d (right). Plots summarize 2,500 (randomly selected from 10,000) simulated values per series and year 765 
sampled from GAM confidence (CI) and prediction (PI) intervals, and from DLM posterior distributions (CrI). Boxes 
represent interquartile range (25th–75th percentiles) with the median shown by the central line. Whiskers extend to the most 
extreme values within 1.5 times the interquartile range, excluding outliers. See text for explanation. 
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Figure 3
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Figure 4
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Figure 5
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