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A B S T R A C T

Anthropogenic sinkholes are rapid localized depressions caused by collapse above man-made underground 
cavities and are a growing urban hazard, amplified by ageing utilities and intense rainfall. Effective risk man
agement requires maps identifying where susceptibility is highest and where people and assets are exposed. Here, 
risk is expressed as a normalized screening-level index (0–1), not an annual probability; the hazard term (H) is a 
susceptibility proxy. Rome is underlain by a dense, partly abandoned network of excavated cavities (pozzolana 
quarries, catacombs, galleries) whose degradation, with sewer leakage and flash-flooding, has contributed to 
increasing sinkholes. From the ISPRA inventory, we selected 1834 occurrences (1960–2023); given heteroge
neous sources, results are interpreted as inventory-conditioned susceptibility. Events were integrated with 
~2800 mapped cavities and nine geological and anthropogenic predictors. Spatio-temporal analyses indicate 
post-2010 acceleration and clustering near cavities, sewer collectors, and flood-prone areas. An XGBoost 
workflow produced a high-resolution Sinkhole Susceptibility Map with District-based spatial cross-validation 
performance of ROC-AUC = 0.915 ± 0.04. SHAP interpretation shows susceptibility is dominated by cavity 
density/proximity and sewer-network variables, with secondary contributions from flood-prone areas. To 
translate hazard into impact (R = H × V × E), susceptibility was combined with building vulnerability and 
resident population at census-tract scale. The two highest risk classes include 1521 tracts (~23%), with more 
than 400,000 residents (~34%), and about €127 billion exposure, concentrated in Districts 1–2 and 5–7. The 
workflow supports screening-level prioritisation and is designed for local retraining and updates as new data 
become available.
Intended use and limitations: The susceptibility and risk maps presented here are derived from prediction models 
and are therefore subject to error and uncertainty related to input data quality/resolution and to modelling and 
classification choices. The results are valid at a general scale and are intended to prioritise areas where detailed 
geological/geotechnical investigations should be performed to characterise site-specific conditions and refine 
risk. Accordingly, the planning recommendations discussed in the manuscript refer to strategic/tactical priori
tisation (e.g., where to focus inspections, monitoring, and maintenance at tract/district scale) and to triggering 
targeted field verification, rather than to parcel-level design decisions. The maps are not suitable for parcel/ 
building-scale decisions or for regulatory/design purposes without field verification and consultation with the 
competent authorities, and they may be updated as new data become available and the models are revised. Note: 
if an HVH (High/Very-High) mask is present, it indicates investigation priority and does not constitute a binding 
hazard perimeter. Any site-specific action should be supported by dedicated surveys (e.g., geophysics, boreholes, 
CCTV sewer inspection) and engineering assessment.
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1. Introduction

Sinkholes are sudden ground collapses or subsidence features that 
develop where pre-existing natural (e.g., karst caves, fractured zones) 
and/or anthropogenic underground cavities (e.g., quarries, excavations, 
catacombs, hypogea) occur (Waltham et al., 2005; Brinkmann et al., 
2008). Sinkhole genetic classification schemes distinguish solution/ 
dissolution (e.g., karst phenomena in carbonate and evaporite rocks); 
suffusion (e.g., the downward migration of fine material in unconsoli
dated covers); deep-piping (e.g., deep erosion mechanism from below 
caused by the upwelling of aggressive CO2-rich fluids potentially 
affecting thick covers) (Beck, 2004; Nisio et al., 2007; Caramanna et al., 
2008; Gutiérrez et al., 2014; Puzzilli et al., 2024) producing collapses 
from submetric to hundreds of metres in diameter, and from a few to 
tens of metres in depth (Mostafiz et al., 2021). Beyond litho-structural 
controls, geothermal and seismic activity may facilitate void formation 
or reactivation, and faults can act as preferential pathways for CO2- 
enriched fluids in specific settings (Del Prete et al., 2010; Billi et al., 
2016; La Rosa et al., 2018; Puzzilli et al., 2024; Santo et al., 2019).

A substantial literature shows that anthropogenic sinkholes are 
linked to groundwater withdrawal, dewatering, and construction, and 
particularly in cities to the existence and progressive degradation of 
subterranean infrastructure (Gutiérrez et al., 2014; Parise and Vennari, 
2017). In urban environments they represent an increasing hazard with 
potentially severe damage to buildings and critical networks, and oc
casional loss of life (Ammirati et al., 2020; Sevil et al., 2020; Intrieri 
et al., 2023). In practice, many events result from collapses above his
torical cavities (quarries, underground structures, catacombs, and caves, 
Ciotoli and Nisio, 2023), and from deterioration of sewer and drainage 
systems that promotes suffusion and piping through leakage, surcharge, 
and transient pore pressure variations.

Man-made cavities are therefore a frequent site-specific predisposing 
factor in dense urban fabrics (Tufano et al., 2022). Triggering conditions 
can be amplified by intense rainfall, which increases infiltration and 
transient hydraulic loading (Scotto di Santolo et al., 2018; Kwak et al., 
2020; IPCC, 2023 and references therein). Because these processes are 
largely subsurface and can evolve rapidly, predicting the exact time and 
location of collapses remains extremely challenging for mitigation and 
planning.

Over the past two decades, the frequency of sinkholes reported on 
roads and ground surfaces has increased in several Italian cities, with 
Rome being among the most affected. In the last decade alone, reported 
sinkholes show a marked increase approaching or exceeding one hun
dred occurrences in the Rome urban area enclosed within the Grande 
Raccordo Anulare (GRA). Two millennia of excavation (e.g., pozzolana 
and tuff quarrying, catacombs, service galleries) generated a wide
spread, partly undocumented network of underground voids beneath 
the modern city (Bisconti et al., 2018; Ciotoli and Nisio, 2023). As a 
result, buildings and infrastructure may overlie unknown and/or un
explored cavities (Liu et al., 2023). Despite abundant evidence, opera
tionally robust susceptibility quantification and its translation into risk, 
through integrating of vulnerability and exposure, remain challenging 
for urban management and asset protection.

In this study, 1834 sinkhole occurrences (1960–2023) from the 
ISPRA database (>4000 entries since 1900) and a comprehensive set of 
geological, geomorphological and anthropogenic predictors were used 
to produce a city-wide sinkhole susceptibility map (SSM) within the 
GRA to encompass the modern urbanization and a potential gradual 
increase in land vulnerability. The map was developed using eXtreme 
Gradient Boosting (XGBoost), with spatial leave-one-group-out (LOGO) 
cross-validation at district level to limit optimism from spatial auto
correlation. Interpretability relies on SHapley Additive exPlanations 
(SHAP) and partial-dependence plots (PDP), which consistently high
light the joint role of cavity density/proximity and sewer proximity/ 
density as dominant drivers.

Previous efforts in Rome have mainly focused on inventories and 

susceptibility-oriented mapping (Ciotoli et al., 2015a, 2023). Here we 
extend this work by delivering a spatially robust susceptibility model 
and a citywide, census-tract screening risk product that integrates 
vulnerability and demographic/economic exposure, including tract- 
level indicators of Total Vaue (TV), economic Exposure (EE) and Eco
nomic Exposure Index (EEI).

This paper contributes to engineering geology by: (i) producing a 
city-wide, high-resolution susceptibility model for anthropogenic sink
holes using spatially blocked validation and probability calibration; (ii) 
translating susceptibility into a tract-scale screening risk index by inte
grating vulnerability and demographic/economic exposure to support 
prioritisation of inspections and maintenance; (iii) quantifying the 
concentration of exposed population and economic value to identify 
high-stakes hotspots for infrastructure and asset management; and (iv) 
strengthening transparency through explainable ML (SHAP/PDP) and 
uncertainty diagnostics, including a reporting-bias check.

2. Assessing the sinkhole susceptibility and risk

Because sinkholes depend on subsurface conditions and transient 
triggers, their timing is difficult to predict; in urban settings, ageing of 
underground infrastructure and high exposure further amplify impacts, 
making spatial susceptibility and risk assessment particularly chal
lenging. We adopt a two-step framework: (i) we model sinkhole sus
ceptibility (SSM) as the spatial propensity conditioned on predisposing 
factors (hereafter “predictors”), intentionally removing the time 
component (e.g., a sinkhole may occur in a given location over an un
specified horizon, conditional on local predisposing characteristics); (ii) 
we derive a census tract-scale screening risk index by integrating sus
ceptibility with vulnerability and exposure (R = H × V × E), where H is 
the susceptibility surface, and R is interpreted as a prioritisation metric 
(0–1), not an annual probability.

Over the past decade, a wide range of approaches have been pro
posed to develop SSMs from deterministic/physical stability models to 
data-driven methods. Physical models rely on site-specific parameters 
and numerical analysis, but their data requirements and cost often limit 
large-scale application (Tharp, 1999; Goodings and Abdulla, 2002).

Indirect spatial analyses include: proximity (Nearest Neighbor 
Analysis, NNA, Clark & Evans, 1954), clustering (Nearest Neighbor Hi
erarchical Spatial Clustering, NNHSC, Eck et al., 2005) and density 
(Silverman, 1986) methods that quantify event aggregation but do not 
provide multivariate predictive models; while semi-heuristic ap
proaches (Multi-Criteria Decision Analysis, MCDA) depend on experts 
judgement and subjective weighting (e.g., AHP) of various predisposing 
factors (Kaufmann and Quinif, 2002; Taheri et al., 2015; Subedi et al., 
2019). In contrast, data-driven, multivariate models (e.g., logistic 
regression, Lamelas et al., 2008; Taheri et al., 2019, Random Forest, 
Maximum Entropy, gradient boosting, Bianchini et al., 2022; Bausilio 
et al., 2022; Bilgilioglu et al., 2025) directly learn relationships between 
predictors and observed events, and can scale to complex urban settings; 
these workflows are increasingly supported by GIS processing and, in 
some cases, InSAR-derived ground motion observations (Intrieri et al., 
2023; Theron et al., 2018; Esposito et al., 2021; Gökkaya et al., 2026).

Here, we employ a city-scale machine-learning approach using 
XGBoost to combine geological, geomorphological, and anthropogenic 
predictors, and we assess generalization with spatial LOGO cross- 
validation to mitigate optimism due to spatial autocorrelation. Suscep
tibility identifies where sinkholes are more likely under current condi
tions; risk further accounts for potential consequences through 
vulnerability (building stock) and exposure (population and economic 
value), enabling. Evidence-based prioritisation for inspection, mainte
nance, and mitigation in dense urban environments.

3. Geological and geomorphological setting of the Rome area

The Municipality of Rome (1285 km2) lies on an alluvial plain 
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shaped by the Tiber River and its tributaries, bordered by the Sabatini 
Volcanic District (NW), the Alban Hills (SE), the Lucreti
li–Tiburtini–Prenestini Mountains (E) carbonate reliefs, and the Tyr
rhenian margin (W) (Fig. 1a-b). The present-day setting reflects 
Plio–Pleistocene tectonics, Paleo-Tiber fluvial dynamics, and Quater
nary volcanism, resulting in a heterogeneous volcanic-sedimentary 
succession that controls the lithotechnical properties of the urban sub
soil (Fig. 1b). In the investigated urban area, sinkhole occurrence is not 
related to carbonate dissolution (karst), but is mainly driven by the 
presence and progressive degradation of anthropogenic underground 
cavities excavated within pyroclastic and, secondarily, sandy-gravelly 
deposits.

From about 600 ka onward, the Sabatini and Alban volcanic districts 
emplaced extensive pyroclastic successions that were intensively quar
ried underground in historical times, creating laterally extensive hypo
gea systems within mechanically variable deposits. Post-glacial erosion 
shaped the main geomorphological domains (alluvial plain, terraces, 
fluvial valleys, and hills carved into an incised pyroclastic plateau), 
including the volcanic hills on the left bank of the Tiber that host the 
densest quarrying legacy and cavity networks.

Because carbonate bedrock does not outcrop within the investigated 
urban area and natural karst phenomena are absent, sinkhole predis
position in Rome is primarily attributable to the distribution and con
dition of historical and modern anthropogenic cavities, and to their 
interaction with the volcanic–sedimentary stratigraphic framework, and 
the morphology of the incised pyroclastic plateau. These cavities reflect 
more than two millennia of quarrying, funerary, and hydraulic activities 
and include quarries for construction materials, catacombs, hydraulic 
tunnels, aqueducts, drainage galleries, sewer infrastructure, and service 
chambers. Many excavation follow “room and pillar” geometries; pro
gressive degradation (e.g., weathering, collapses and lack of mainte
nance) can reduce residual safety factors and increase local void/solid 
ratios. Modern voids may also form through deterioration of water- 
supply and sewer networks, where exfiltration/infiltration promotes 
suffusion and piping in overlying soils.

From hydrogeological standpoint, Rome includes multiple units with 
heterogeneous permeability and complex stratigraphic relationships 
(Capelli et al., 2008). The basal aquiclude is locally dissected by tectonic 
structures and paleo-fluvial incisions, forming depressions filled by 
Palaeo-Tiber alluvial deposits and hosting multiple groundwater circu
lations (Mazza et al., 2016; La Vigna et al., 2016) (Fig. 1b).

Extensive impervious urban cover reduces infiltration and enhances 
runoff; during intense storms, discharge can exceed sewer capacity, 
generating sewer overflows and pluvial flooding with several major 
events reported over the past two decades (Di Salvo et al., 2017, 2018).

4. Materials and methods

4.1. Conceptual model of Anthropogenic Sinkholes in Rome

The methodological framework follows established principles of 
sinkhole susceptibility modelling, identifying areas prone to collapse by 
analysing the spatial relationships between past events and conditioning 
factors (e.g., predictors) (Galve et al., 2009; Basso et al., 2013; Ciotoli 
et al., 2016; Taheri et al., 2019; Subedi et al., 2019; Tufano et al., 2022; 
Bausilio et al., 2022; Bianchini et al., 2022). In the proposed risk 
framework (R = H × V × E), susceptibility is defined as the spatial 
propensity for sinkholes given predisposing factors, independent of 
time.

The conceptual model integrates geological and anthropogenic 
controls (cavities and utilities) and hydrological forcing (rainfall/flood- 
prone areas), guiding predictor selection and scaling to represent both 
structural predisposition and hydraulic triggering. Pre-existing under
ground cavities (e.g., catacombs, hypogea and quarries) and ageing 
sewer networks act as key predictors, particularly where leakage or 
surcharge can promote saturation, erosion and loss of ground support. 
Intense rainfall can increase hydraulic heads and pore pressure, mobi
lising fine material; suffusion and upward erosion may then toward the 
surface and trigger collapses (Di Salvo et al., 2017, 2018).

4.2. Inventory of anthropogenic sinkhole

Since 2008, ISPRA (Italian Institute for Environmental Protection 
and Research) and CNR-IGAG (National Research Council of Italy, 
Institute of Environmental Geology and Geoengineering) have devel
oped a comprehensive database of anthropogenic sinkholes in Rome, 
supporting (i) the analysis of environmental conditions leading to 
sinkhole formation, (ii) identification of areas most susceptible to 
collapse, and (iii) assessment of related urban risk. Data sources and 
counts are reported in Table S1.

The inventory was enriched with municipal archives, newspaper and 
online chronicles improving event documentation. The dataset includes 

Fig. 1. Regional morphological overview: a) the red rectangle outlines the study area within the municipality of Rome (black line); b) Simplified geological map of 
the Rome metropolitan area showing the spatial distribution of the sinkhole inventory (points) and anthropogenic cavities (polygons), overlaid on the main lith
ological units. Municipal districts (1–15) are reported for spatial reference. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)
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about 4000 documented sinkholes from the late 19th century to the 
present. The model used the 1960–2023 sinkhole subset (1834 events) 
excluding records with insufficient positional accuracy. Each event re
cord includes date, location (coordinates, accuracy class), source(s), and 
brief description. Ambiguous entries were cross-checked for consis
tency; unresolved duplicates were removed.

Figs. 2a-b show the spatial distribution of sinkholes (1960–2023), 
highlighting key anthropogenic and hydrological factors: underground 
cavities (quarries, catacombs) (Fig. 2a) and flood-prone areas and sewer 
networks (Fig. 2b). These layers serve as the primary context for sus
ceptibility modelling and help identify clusters in related to subsurface 
cavities and hydraulic infrastructure.

4.3. Spatial data

The SSM combines geological, geomorphological, hydrogeological 
and hydrological datasets (Table 1). Key predictors of sinkhole suscep
tibility include (see Fig. 3a-h): lithology, backfill thickness, InSAR 
ground-motion indicators, depth to the water table, flood-prone areas, 
underground cavities (quarries, catacombs, hypogea), and the sewer 
network.

In addition to the sinkhole inventory and predictors, socio- 
demographic and building-stock datasets were required for the risk 
mapping phase (Table 1). Census tracts from the 2021 Istituto Nazionale 
di Statistica (ISTAT), the Real Estate Market Observatory (Osservatorio 
del Mercato Immobiliare, OMI) of the Italian Revenue Agency, and 
building type/footprint data from the DBSN (Database di Sintesi 
Nazionale) of the Italian Military Geographic Institute were used to 
derive vulnerability (building stock) and exposure (population and 
economic indicators: TV, EE, EEI). These layers are consistent across the 
metropolitan area.

Datasets were harmonised to a metric projected CRS, processed with 
a common spatial workflow: geometry fixes, clipping, and rasterization 
at uniform resolution of 50x50m, followed by overlay and zonal ag
gregation to census tracts for modelling and reporting. Layer selection 
was based on: relevance to sinkhole processes and consistent coverage.

4.3.1. Geological predictors
The geo-lithological map of Roma Capitale was used to define 

outcropping lithologies (predictor: GEO). Lithology a key predisposing 
factor in Rome, particularly in relation to the occurrence of underground 

cavities (Nisio et al., 2017; Bisconti et al., 2018). Lithological units were 
grouped into five classes reflecting the formations most commonly 
quarried historically, based on cavity distribution (Fig. 1b) (Ciotoli 
et al., 2015a). This categorical reclassification preserves the main me
chanical and historical contrasts relevant to cavity development.

Human activity has significantly altered the natural landscape of 
Rome creating extensive anthropogenic deposits (backfill). Due to low 
geomechanical properties and variable compaction, backfill enhances 
collapse susceptibility. The backfill thickness map (predictor: Backfill, 
Fig. 3a) was obtained from Ciotoli et al. (2015b). Backfill thickness 
ranges from 0 to 36 m, with an average of 8 m.

4.3.2. Soil deformation predictor
InSAR data (predictor: INSAR; Fig. 3b), were used to analyze ground 

motion (subsidence/uplift) from Persistent Scatterers (PS) in terms of 
mean velocities (mm yr− 1). The dataset, covering 2005–2020, spatial 
patterns and velocities, interpolated via Simple Kriging (SK).

4.3.3. Hydrogeological/hydrological predictors
Depth to the water table (PIEZO, Fig. 3c) (La Vigna et al., 2016; 

Mazza et al., 2016) can predispose areas to sinkhole formation under 
two common conditions: i) seasonal fluctuations and changes in hy
draulic gradient can trigger suffusion and ii) erosion in loose materials, 
leading to collapse. Flooding data (#732) was obtained from Di Salvo 
et al., 2017 (Fig. 2b). During the last 15 years, Rome was affected by 
short-lived but intense rainfall events (often >40 mm h− 1) causing 
recurrent floods, amplified by malfunctioning or undersize sewer/ 
drainage systems and, in peripheral districts, by network gaps. In many 
sectors, the natural drainage channels have been obliterated and effec
tively replaced by the sewer system, reducing conveyance capacity 
during extreme rainfall events. Surface water ponding increases local
ized infiltration and can reproduce near void erosive effect analogous to 
those generated by leaking sewer collectors. The inventory of flooded 
areas for the period 2001–2014 (Di Salvo et al., 2018) was used to 
compute FloodDist predictor map (Fig. 3d), defined as the Euclidean 
distance from the nearest flooded area. This continuous distance field 
was aggregated to census tracts for modelling.

4.3.4. Anthropogenic predictors
The distribution of the underground cavities is obtained from the 

ISPRA repository (Fig. 2a, Nisio et al., 2017; Bisconti et al., 2018). 

Fig. 2. Locations of sinkholes, point cavities and cavity envelopes (a); locations of point floods, flooded areas and sewer network (b).
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Cavities are mapped as points where the underground envelope is un
known, and as polygons where speleological surveys have allowed the 
reconstruction of the underground geometry. Underground cavities, 
mapped by ISPRA (Fig. 2a), were processed to derive two covariates for 
the susceptibility model: the cavity density map (DensCav, Fig. 3e) 
computed by using kernel density algorithm from point and polygon 
data, and the distance to cavities map (CavDist, Fig. 3f), computed by 
using Euclidean distance from each cell centroid to the nearest cavity 
envelope. The sewer network (Fig. 2b) provided two predictors: the 
distance to sewer network map (SewDist, Fig. 3g), computed as the 
Euclidean distance from each cell centroid to nearest sewer collector, 
with a 20 m buffer to correct misalignments, and the sewer density map 
(DensSew, Fig. 3h) computed via kernel density algorithm from the 
sewer pipes.

All anthropogenic predictors were co-registered and aggregated to 
census tracts for modelling.

4.3.5. Census tracts
ISTAT census tracts referring to 2021 were used as spatial units for 

risk mapping. Tracts served to extract zonal statistics from the suscep
tibility surface and to aggregate risk and exposure data. The national 
mosaic is distributed as shapefiles dataset WGS 84 / UTM 32 N (see 
Table 2). The census tract layer contains 7463 polygons, but for the 
analysis we considered 6630 census tracts (88.9%) and 833 (11.1%) 
were excluded due to lack of model support or exposure data. Tracts 
were cleaned for geometry artifacts.

4.3.6. DataBase di Sintesi Nazionale (DBSN)
The DBSN provides national geospatial data for thematic analyses. 

DBSN integrates data from national authoritative sources, e.g., Revenue 
Agency (cadastral maps and OMI references), ISTAT, and other minis
terial datasets, with open data and targeted photo interpretation from 
orthoimages to fill the gaps where derived information is lacking.

For this study, the DBSN building footprint layer and building type/ 
use attributes were used to quantify economic exposure. Building foot
prints were harmonised to the project CRS, quality-checked for geom
etry errors, and spatially intersected with OMI value zones (€/m2). This 
enabled the calculation of Total Value (TV) and Economic Exposure (EE) 
at building level summarised by census tracts and districts.

4.3.7. OMI database
The OMI database from the Revenue Agency maps territorial value 

zones, reporting property values (€/m2) by type and condition. OMI 
value zones were combined with spatial layers (e.g., census tracts, 
building footprints), using an area-weighted overlay, to calculate eco
nomic Total Value (TV) and Economic Exposure (EE) as the portion 
realised by actual building footprints under OMI prices. Indicators were 
summarised for tracts and districts and reported by risk classes for 
interpretation. Full formulas and diagnostics are given in Section 7.2 of 
the Supplementary Materials.

4.3.8. Extreme rainfall data
Heavy rainfall data (1960–2021) were provided by the Regional 

Functional Center (“CFR”) of the Regional Civil Protection Agency. The 
CFR operates a real-time monitoring network that acquires the main 
meteorological variables (air temperature and humidity, atmospheric 
pressure, wind, etc.), precipitation (cumulative and intensity) and hy
drometric parameters (river levels and flow rates). Measurements are 
transmitted every 15-min via radio links from 232 remote throughout 
Lazio, including 207 rain gauges. Data from rain gauge stations within 
study area were used to catalogue extreme rainfall events and quantify 
rainfall induced flooding.

4.4. Sinkhole susceptibility map (SSM)

The SSM was produced through three steps: (i) preliminary spatial 
analysis, (ii) model training and selection, and (iii) validation and 
interpretation (Fig. 4). The outcome is a continuous probability surface 
(0–1) at 50 × 50 m resolution, generated with machine-learning and 
geospatial workflows, validated under spatial leave-one-group-out 
(LOGO) spatial cross-validation.

4.4.1. Preliminary data analysis and geospatial integration
To guide predictor development, we performed exploratory analyses 

on sinkhole spatial patterns and their correlations with other predictors. 
Average Nearest Neighbor (ANN) and Nearest Neighbor Hierarchical 
Spatial Clustering (NNHSC) were used to assess clustering patterns of 
sinkholes, cavities, and flood-prone areas (Ebdon, 1985; Eck et al., 
2005). Additionally, Proximity Analysis (PA) and Density Analysis (DA) 
were used to examine potential relationships between events and key 
anthropogenic layers, such as underground utilities and infrastructures, 
and to derive first-order intensity surfaces (Silverman, 1986) that can 
represent a first preliminary model of sinkhole susceptibility. All dataset 
were harmonised to EPSG:32633 and rasterised at 50 × 50 m resolution, 

Table 1 
Data Layers used in sinkhole susceptibility and risk modelling.

Data Layers Source Scale Publication date Risk component Availability

Sinkhole locations ISPRA database unpublished Hazard (vector point) NA
Lithology Geo-litological map of Roma 

Capitale
1:50.000 2020 Hazard (Predictor) 

(vector polygon)
www.urbanistica.comune.roma.it/prg-2008-vigente/ela 
borati-gestionali/g9-1-carta-geolitologica.html

Backfill thickness Map of the anthropogenic 
deposits of Rome

1:10.000 Ciotoli et al., 
2015b

Hazard (Predictor) Raster NA

InSAR Ministry of the Environment 
and Energy Security

1:10000 2011 Hazard (Predictor) (vector 
point)

Pcn.minambiente.it/viewer

Depth of the water 
table

Hydrogeological map of Roma 
Capitale

1:50.000 La Vigna et al., 
2016

Hazard (Predictor) 
Raster

www.urbanistica.comune.roma.it/prg-2008-vigente/ela 
borati-gestionali/g9-3-carta-idrogeologica.html

Flooded areas Pluvial flood hazard in the city 
of Rome

1:150000 Di Salvo et al., 
2017

Hazard (Predictor) 
(vector point/polygon)

NA

Underground 
cavities

Map of underground cavities in 
Rome

1:20.000 Bisconti et al., 
2018

Hazard (Predictor) 
(vector point)

www.isprambiente.gov.it/it/attivita/suolo-e-territ 
orio/cartografia/carta-delle-cavita-sotterranee-di-roma

Sewer network Roma Capitale 1:10.000 NA Hazard (Predictor) 
(vector polyline)

NA

Census tracts ISTAT (Istituto Nazionale di 
Statistica)

1:2000 2021 Vulnerability/Exposure 
(vector polygon)

https://www.istat.it/notizia/basi-territoriali-e-variab 
ili-censuarie/

*OMI database Revenue Agency NA 2004 Exposure (vector polygon) https://www.agenziaentrate.gov.it/portale/schede 
/fabbricatiterreni/omi/banche-dati/quotazioni-immobili 
ari

**DBSN database Italian Military Geographic 
Institute

NA 2025 Building type and 
Footprint (vector polygon)

https://www.igmi.org/en/Home?set_language=en
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https://www.agenziaentrate.gov.it/portale/schede/fabbricatiterreni/omi/banche-dati/quotazioni-immobiliari
https://www.igmi.org/en/Home?set_language=en


Fig. 3. Spatial predictors used for sinkhole susceptibility modelling in the Rome metropolitan area. Panels show: (a) simplified lithology (five classes); (b) backfill 
thickness (m); (c) ground deformation from InSAR (change in ground height, mm); (d) water-table depth (m); (e) Euclidean distance to flood-prone areas (m); (f) 
kernel density of mapped anthropogenic cavities (n); (g) Euclidean distance to mapped cavities (m); (h) Euclidean distance to the sewer network (m); (i) sewer- 
network kernel density (n/m2). District boundaries (1–15) and the Grande Raccordo Anulare are shown for spatial reference.
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and extracted at presence and pseudo-absence locations for modelling 
and prediction.

4.4.2. Predictor selection
To avoid multicollinearity among predictors, Variance Inflation 

Factor (VIF) test was applied (O'Brien, 2007). Variables with VIF > 10 
were removed iteratively until all predictors met the threshold. Given 
that tree-based models like XGBoost handle collinearity better than 
linear models, the VIF filter was complemented by correlation checks 
and out-of-fold permutation/SHAP importance analysis, ensuring that 
informative but correlated features were not inadvertently discarded 
(Leigh et al., 2012).

4.4.3. Susceptibility modelling
A two-stage workflow was adopted: AutoML screening followed by 

specialized gradient boosting modelling. AutoGluon (Erickson et al., 
2020) was used to establish a baseline across multiple algorithms, while 
XGBoost emerged as top performer compared with ensemble trees (e.g., 
Random Forest; Breiman, 2001) (Fig. 4). The maximization of the model 

performance was obtained through separate optimization of XGBoost 
hyperparameters using Optuna Bayesian optimization (Takuya et al., 
2019).

The final model was trained on presence/absence data (1960–2023) 
with nine predictors. Pseudo-absences were generated at a 1:1 ratio with 
presence data, ensuring a minimum 100 m distance from known sink
hole (derived from the ANN mean spacing, ~117 m, rounded to 100 m) 
to reduce spatial dependence. The categorical geological predictor 
(GEO) was one-hot encoded (drop-first). Class imbalance was addressed 
within XGBoost using class weighting.

To assess spatial autocorrelation and to evaluate the model's trans
ferability across independent urban sectors, we used a leave-one-group- 
out cross-validation (LOGO-CV) approach, where each district served as 
a spatial fold. This technique was adopted to reduce spatial leakage 
driven by local spatial autocorrelation and near-duplicate neighbour
hood contexts, and ensure model generalization.

Although districts are not geomorphological units, they capture 
coherent urban-infrastructure domains (building stock and maintenance 
regimes, sewer-network configuration and ageing, road layout/traffic 
loads and accessibility) that are mechanistically relevant to anthropo
genic sinkholes and to inventory detectability. In each iteration, the 
model was trained on all districts except one and tested on the held-out 
district, yielding one fold per district (District-based LOGO-CV) to assess 
spatial transferability and reduce spatial leakage. Model predictions 
were generated on a 50 × 50 m grid; on the full prediction grid, the 
prevalence of sinkhole-occupied cells is 1559/170520 = 0.00914 
(0.91%), which we use to contextualize PR-based performance (preva
lence-based PR baseline ≈ 0.009 and PR-lift where applicable). For fold- 
wise evaluation, absences were generated as 1:1 paired negatives (one 

Table 2 
Table shows a summary of the factors used to figure out structural vulnerability. 
This includes the number of classes and the score given to each class based on 
how vulnerable it is thought to be.

Attribute Classes Score

Construction age <1960, 1960–2000, >2000 3–2-1
Structural material Masonry, reinforced concrete, other 3–2-1
Use category Residential, productive/commercial 2–1

Fig. 4. Workflow of the application of geospatial analysis for modelling and mapping process.
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absence per presence), constrained to be at least 100 m from any positive 
cell to reduce label ambiguity near known events. Model performance 
was quantified using ROC-AUC, PR-AUC, and the Brier score on the 
paired test sets (reporting medians and confidence intervals across 
folds). Probability calibration was further assessed using fold-wise reli
ability plots.

Model interpretation was based on SHAP (SHapley Additive Expla
nations; Bilgilioglu et al., 2025), which attributes an additive contri
bution to each predictor for each prediction (Ribeiro et al., 2016). Global 
relevance of predictors was assessed using mean absolute SHAP values 
and beeswarm plots. For tree-based classifiers, SHAP contributions are 
commonly expressed on the model output scale (log-odds); for inter
pretative consistency, we additionally transformed SHAP contributions 
into approximate probability variations. Positive SHAP values increase 
the predicted probability of sinkhole occurrence (susceptibility), while 
negative values decrease it, allowing a direct assessment of each pre
dictor's contribution.

For local relationships, SHAP dependence (PDP-style) were used to 
assess non-linearities, thresholds, and saturation effects (e.g., Bilgilioğlu 
et al., 2025). Dependence plots were smoothed with LOWESS regression 
to identify trends and crossover points in predictor effects. Each 50x50m 
grid cell was assigned a probability of sinkhole occurrence (0 = very low 
to 1 = very high), generating a spatially robust, calibrated susceptibility 
surface. This surface integrates machine-learning prediction, spatial 
cross-validation, and explainable analysis, providing an operational 
basis for subsequent risk mapping.

4.5. The sinkhole risk map

The risk was conceptualised as R = H x V x E, where hazard (H) is a 
hazard proxy derived from tract-aggregated susceptibility (mean SSM), 
vulnerability (V) represents the fragility of the building stock, and 
exposure (E) quantifies what is at stake. All components are computed 
for all census tracts and normalized to [0,1] prior to combination, pro
ducing a screening level risk index for prioritisation, not a probabilistic 
damage model, and it should not be interpreted as an annual probability 
of collapse.

Hazard (H). The Zonal Statistics tool in ArcGIS Pro was used to assign 
the mean susceptibility value (SSM) to census, representing the average 
spatial propensity for sinkholes in each unit.

Vulnerability (V). Buildings are stratified by age (pre-1960; 
1960–2000; post-2000), material (masonry; reinforced concrete; other), 
and use (residential; commercial/productive). Each category receives a 
score in {1,2,3} (3 = more vulnerable), following Table 2.

For every census tract the mean area-weighted score of each attribute 
was first normalized to the interval 0/1. A composite vulnerability index 
V = 0.4Vage + 0.3Vmat + 0.3Vuse was then calculated, giving greatest 
weight to construction age (0.40), intermediate weight to structural 
material (0.30) and building use (0.30). These weights reflect both 
expert judgement and the relative frequency of past sinkhole damage in 
the Roman dataset. A fragility-curve approach would require a sinkhole 
intensity measure and calibrated damage data, which are not available 
city-wide scale for Rome. Fragility curves are well established for 
seismic loading because a standard intensity measure (e.g., PGA or 
spectral acceleration) and extensive damage datasets exist. Therefore, 
adopting generic fragility curves would not be meaningful within the 
scope of this screening-level study. Vulnerability (V) was implemented 
as a proxy layer of relative building fragility based on building-stock 
attributes (age, material, use), because city-wide fragility curves are 
not currently available for sinkhole-induced ground loss in Rome. 
Therefore, V is not a probabilistic damage function, and the resulting 
risk map is a screening-level prioritisation index rather than a loss- 
estimation product. Once suitable intensity-measure and damage data
sets become available (e.g., systematic inspection-based damage re
cords), the proxy V layer can be replaced by fragility-informed functions 
within the same H × V × E framework.

Exposure (E). Two complementary exposure views are considered 
and calculated: 

1. Demographic exposure (population density)

Let population density per census tract (PopDenst) be residents per 
km2. To mitigate the impact of extreme values, a log transform and 
min–max normalisation was applied (Eq. (1)): 

Epop
t =

log10(PopDenst + 1)
log10(maxPopDenst + 1)

(1) 

2. Economic exposure (stock and realised value)

Economic indicators are computed city-wide from OMI (see Sections 
4.3.7 and 7.2 in the Suppl. Mat.): 

• Total Value (TV) per tract (t), TVs(€/yr notional units), obtained via 
area-weighted OMI overlay on tracts.

• Economic Exposure (EE) per tract, EEs, obtained by intersecting 
building footprints with OMI zones and aggregating building-level 
values.

For mapping and comparability, a robust normalisation (e.g., 
5th–95th percentiles) was used and scaled to the range [0,1] (Eqs. (2) 
and (3)): 

ETV
t =

TVt − P5(TV)
P95(TV) − P5(TV)

, 0,1 (2) 

EEE
t =

EEt − P5(EE)
P95(EE) − P5(EE)

, 0,1 (3) 

Tract-scale risk as Rt = Ht × Vt × Et were computed with parallel 
views for population (Epop

t ) and economic exposure (ETV
t , EEE

t ); classifi
cation for maps uses Jenks or Q5 and does not alter the continuous 
values.

4.5.1. Integration of economic value with the risk map
Economic indicators were integrated with the risk map by aggre

gating TV (census tract-level total stock) and EE (building-based 
exposed value) to ISTAT census tracts across the entire tract system. TV 
and EE are computed via area-weighted overlay with OMI zones (see 
Section 4.3.7), then summarised at tract and district scales. Risk classes, 
defined using Jenks, have a descriptive role (e.g., percentile caps, 
quantile ranks) and do not alter TV or EE. This preserves a neutral 
economic computation while keeping outputs consistent with the risk 
structure. In addition, comparative tract-level indices (e.g., city share, 
city/min–max and municipality/min–max scales) and diagnostics (OMI 
coverage, densities, building counts, and building-weighted “prestige” 
€/m2) are reported to interpret the spatial concentration of value.

4.6. Uncertainty overview

Uncertainty in the products of this study arises from two main 
components: (i) predictor datasets and their pre-processing, and (ii) the 
susceptibility modelling and validation workflow. Predictor uncertainty 
reflects: (a) completeness and positional accuracy of source inventories 
(sinkholes, cavities/hypogea, sewer network), (b) parameterisation 
choices for derived surfaces (e.g., kernel density, distance metrics), (c) 
spatial/temporal mismatches among datasets, and (d) scale and aggre
gation effects introduced by harmonising predictors to a 50 × 50 m grid 
and aggregating to census tracts (MAUP/boundary smoothing).

Model-related uncertainty reflects class imbalance, residual spatial 
autocorrelation, and fold-to-fold variability under spatial cross- 
validation. Reliability is assessed via calibration diagnostics, while 
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explainability is supported by SHAP summaries (with standard caveats 
on collinearity and interactions). Temporal heterogeneity is also ex
pected because reporting intensity and georeferencing quality improve 
over time; the pre-1960 exclusion adopted for consistency may under- 
represent older collapses and conditions inference toward modern 
urban fabrics. Detailed methods and fold-wise metrics with confidence 
intervals are provided in the Supplementary Material §S7.

4.6.1. Reporting bias sensitivity check
Given the heterogeneity of the inventory sources (archival docu

ments, press/news, citizen reports, and field surveys), we assessed 
urban-density/accessibility reporting bias through a multi-scale grid 
analysis. We overlaid three fishnets (100 m, 200 m, 400 m) and 
computed, for each cell, sinkhole presence (binary) and count for each 
cell. As proxies for reporting intensity, we used road density, built-up 
fraction, and log-transformed population density. We then (i) summar
ised presence rate and mean sinkhole counts across predictor quintiles 
and (ii) fitted logistic regressions of cell presence against standardized 
proxies, reporting odds ratios (OR) and 95% confidence intervals. Re
sults were consistent across scales, confirming a non-uniform reporting 
probability that increases in more accessible and urbanized areas (§S7 in 
Suppl. Mat.).

4.7. Software

All geospatial data management and cartographic processing were 
performed in ArcGIS Pro 3.5.2 (Copyright ©2025 Esri Inc.). Average 
Nearest Neighbor (ANN), proximity distances, and kernel density sur
faces were produced with the Spatial Statistics toolset in ArcGIS Pro 3.5. 
Nearest Neighbor Hierarchical Spatial Clustering (NNHSC) was con
ducted with CrimeStat v4.02 (National Institute of Justice, 2019). Some 
plots are created by Grapher v25.2 (Copyright © 1992–2025, Golden 
Software, LLC) and Surfer v30.1 (Copyright © 1993–2025, Golden 
Software, LLC).

Machine-learning modelling and the generation of the final suscep
tibility and risk surfaces were implemented in Python using AutoGluon 
(Erickson et al., 2020) with XGBoost as the selected estimator. Hyper
parameter Optimization used Optuna; model interpretation relied on 
SHAP; data handling and plotting used pandas, NumPy, GeoPandas, 
rasterio, scikit-learn, and Matplotlib. Custom Python scripts were 
developed and executed in PyCharm (JetBrains) to (i) run spatial LOGO- 
CV, (ii) compute tract-level zonal statistics and economic indicators (TV, 
EE, EEI) via area-weighted overlays with OMI zones, and (iii) export 
figures (SVG/PNG) and tabular outputs (CSV). Analyses were run in a 
Conda environment on Windows; spatial processing used projected co
ordinates (WGS 84 / UTM zone 33 N; EPSG:32633).

5. Results

5.1. Pattern analysis of sinkhole events, cavities, floods in the Rome urban 
area

Table 3 reports the results of the ANN analysis applied to sinkhole 
distribution, and to the main point/linear predictors. For all datasets, 
the NNR test indicate a statistically significant deviation from complete 
spatial randomness (CSR) (z-score < − 2.58 and/or > 2.58). Sinkhole, 
underground cavities and floods exhibit clustered patterns (NNR < 1), 
with mean observed distances lower than expected under randomness, 
whereas the sewer network shows a dispersed pattern (NNR > 1) 
consistent with a planned, city-wide infrastructure.

Overall, these metrics support the presence of strong local controls 
on sinkhole occurrence, especially in relation to cavities/utilities and 
flood-prone settings. The sinkhole OAD was used to run the Hot Spot 
Analysis (NNHSC) in Crimestat IV software, which highlights the main 
clusters in central and densely urbanized areas (e.g., districts 1, 2, 5 and 
7) (Fig. S1 in Suppl. Mat.).

Fig. 5 shows that sinkholes concentrate in districts 1–2 and in the 
eastern/south-eastern sectors (districts 5–7), with secondary concen
trations in the western sector (districts 11, 14). Cavities are most 
frequent in eastern districts (4–5–7-8), consistent with the quarrying 
legacy, while pluvial-flood impacts are prominent in Districts 1–2–7-13 
(see Section 5.2).

Notably, districts 1, 5 and 11 combine sinkhole occurrence with 
flood proneness, suggesting that pluvial processes can amplify insta
bility in sectors already predisposed by underground voids, Conversely, 
districts 2, 6 and 9 show low values of all three predictors, consistent 
with few recorded sinkholes, while districts 8 and 13 show higher cavity 
number than sinkholes.

A preliminary proximity analysis (Near Distance tool in ArcGIS Pro) 
was then used to quantify spatial relationships between the sinkhole and 
three key predictors: cavities (Fig. 6a), sewer systems (Fig. 6b) and flood 
prone areas (Fig. 6c). The graphs report the number and percentage of 
sinkholes within distance classes from the nearest predictor and provide 
a first-order proxy of spatial association.

Most sinkholes (60.6%) occur within 100 m of mapped cavities, 
whereas only ~1.5% are beyond 1 km (Fig. 6a). About 26.3% fall within 
0–100 m of sewers (Fig. 6b); the multivariate model confirms the exis
tence of a real short-range effect of SewDist despite network ubiquity 
(see PDP/SHAP in §5.3). For FloodDist, 21.3% occur within 0–100 m, 
with a significant proportion occurring within 100–300 m. This suggests 
that flood-related impacts may extend beyond mapped polygons (see 
Fig. 6c).

5.2. Spatio-temporal analysis of sinkholes occurrence in the Rome area

Sinkholes showed a clear evolution from 1960 to 2023. Between 
1960 and the 1990s the phenomenon remained relatively stable with 
low frequency (≈100 cumulative sinkholes per decade) and annual 
maxima typically around 10–15 events. Sinkhole occurrence increases 
markedly after the 1990s (exceeding 25–30 per year) and accelerate 
after 2010, peaking in 2018 (n = 196).

Over 1960–2021, the rise in sinkholes broadly co-occurs with a 
period of more frequent extreme-rainfall events (Fig. 7), consistent with 
rainfall acting as an episodic trigger in already predisposed sectors. A 
change in the joint pattern becomes evident around 2006–2008: after a 
brief hiatus in reported extreme rainfall events, storm frequency re
sumes and is followed by a sustained increase in sinkholes. This 
behaviour is consistent with an “amplifier” role of the extreme rainfalls 
in areas already predisposed by underground voids and ageing infra
structure, where repeated storm sequences progressively weaken un
derground voids and obsolete infrastructure. The dynamics peak in the 
2010s, with the maximum number of sinkholes recorded in 2018 (n. 
196). Notably, this peak follows the maximum in extreme rainfall events 
in 2016, suggesting a plausible multi-year cumulative effect rather than 
a purely synchronous response. Overall, the post 2010 acceleration in 
sinkholes aligns with a period of clustered extreme rainfall (as high
lighted by the ten-year moving average in Fig. 7), contrasting with the 
comparatively sparse extremes observed between 1960 and 1990.

After 2018, sinkholes count decrease but remain above pre-2000 

Table 3 
Analysis of the spatial pattern of the point and linear datasets using the ANN 
tool.

OAD 
(m)

EAD 
(m)

NNR Z-score P- 
value

Pattern

Sinkholes 117 217 0.540 − 37.677 0.000 Clustered
Cavities 77 175 0.438 − 56.831 0.000 Clustered
Floods 277 343 0. 805 − 10.055 0.000 Clustered
Sewer 

Network
847 571 1.482 15.038 0.000 Dispersed

OAD, observed average distance; EAD, expected average distance; NNR, nearest 
neighbouring ratio.
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levels. The short post-2018 record prevent robust trend attribution, and 
the interplay of episodic storm clustering and possible operational fac
tors (e.g., maintenance cycles, reporting practices, pandemic-related 
slowdowns) superimposed on a persistently susceptible background 
may also contribute.

District-level 5-year moving averages confirms low frequency regime 
up to ≈1990 and a pronounced increase after 2010, with peaks between 
2015 and 2020 (Fig. S2 in Suppl. Mat.). The inter-district variability 
indicates that the post-2010 acceleration is not spatially uniform and 
likely reflects local differences in predisposition and infrastructure 
conditions (e.g., cavity presence, building density, water-network per
formance), with extreme rainfall acting as a key episodic trigger.

5.3. Susceptibility map

The sinkhole and cavity density maps provide a first-order, in
ventory-based proxy of susceptibility (Fig. 8a-b). High density cavity 
zones largely coincide with the districts most affected by sinkholes 
(notably Districts 1, 2 and 7), reflecting historical excavation of volcanic 
tuffs and the resulting subsurface void systems.

In the central and eastern sectors, where sinkholes density reaches 
high values, the spatial overlap between sinkholes and cavity density 
reinforces the central role of anthropogenic cavities as a key predis
posing factor. However, sinkholes also occur in areas with a lower cavity 
density, likely due to additional mechanisms such as erodible lithol
ogies, backfill and sewer-related infiltration/erosion processes, espe
cially in the western part of the city.

However, density mapping is driven only by the spatial distribution 

of observed events and does not explicitly integrate multiple condi
tioning factors; these may under- or overestimate susceptibility where 
reporting and spatial sampling are heterogeneous. We therefore adopt a 
machine learning framework to combine multiple predictors (e.g., cav
ity density/proximity, sewer distance/density, flood distance, InSAR, 
piezometry, backfill thickness, lithology) and to quantify their relative 
contribution through explainable modelling (SHAP).

AutoGluon was first used for comparative training and screening of 
alternative algorithms. XGBoost was selected as the best performing 
model; a stratified 80/20 hold-out validation gives ROC-AUC = 0.957 
and high classification accuracy (TPR = 92.4%; FPR = 14.2%; Fig. 9a-b), 
while district-based LOGO-CV provides the geographically independent 
assessment (Fig. S3a-c in Suppl. Mat.).

Under LOGO-CV, model performance remains stable across spatial 
folds, with mean ROC-AUC = 0.915 ± 0.04 and PR-AUC = 0.90 ± 0.05, 
indicating robust discrimination under spatial transfer despite the low 
prevalence on the full prediction grid (~0.9%). Probability calibration is 
satisfactory (mean Brier ≈ 0.15; Fig. S3c). Spatial cross-validation pro
vides a more conservative estimate of generalization, supporting oper
ational use for city-scale susceptibility mapping.

SHAP global importance ranks predictors by mean absolute contri
bution (Fig. 10a-b). SHAP bar analyses show that susceptibility is 
dominated by cavity and sewer predictors: higher cavity/sewer densities 
and shorter distances systematically increase the predicted probability 
(Fig. 10a). Flood distance contributes secondarily (higher susceptibility 
near flood-prone corridors), while InSAR, piezometry, backfill and li
thology act mainly as modulators with smaller residual effects (details 
and PDPs in Fig. S4a-h in Suppl. Mat.). Overall, the model indicates an 

Fig. 5. Bar chart shows the number of sinkholes, cavities and floods per district.

Fig. 6. Spatial relationship among sinkhole location and the presence of cavities (a), sewer network (b) and floodings (c), respectively. The numbers on the bars 
indicate the percentage of sinkholes in their respective distance class.
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infrastructure-driven susceptibility pattern, modulated by hydro
geological and lithotechnical context.

The SHAP beeswarm plot summarizes how predictors affect the 
estimated sinkhole susceptibility (Fig. 10b): positive SHAP values in
crease the predicted likelihood (red dots), whereas negative values 
decrease it (blue dots). Distance-based predictors indicate that closer 
proximity to cavities, sewer lines and flood-prone areas increases local 
susceptibility (positive SHAP values). In contrast, density predictors (e. 
g., cavity density and sewer density) display the expected aggregation 
signal, with high values producing strong positive SHAP contributions. 
InSAR deformation shows low-amplitude and non-monotonic effects: 
small positive velocity anomalies (≈ 0–2 mm yr− 1), correspond to mildly 
positive SHAP values, whereas subsidence tends to be associated with 
slightly negative contributions, suggesting a secondary but informative 

diagnostic role. The water table's depth shows limited influence overall, 
with shallow water table conditions associated with small positive SHAP 
values and deeper conditions close to neutral, consistent with the 
reduced impact of hydraulic processes (i.e., changes in pore pressure in 
saturated rocks or terrains). Backfill thickness tends to increase sus
ceptibility for low-moderate values, while very thick (likely engineered/ 
compacted) fills show weaker or negative contributions. Among litho
logical variables, tuff and cinerites show near-zero residual contribution 
once anthropogenic predictors are accounted for, whereas sand and 
conglomerates exhibit a small positive effect, suggesting higher sus
ceptibility to erosion/suffusion processes and/or undetected voids. The 
SHAP beeswarm confirms that susceptibility is primarily driven by 
anthropogenic subsurface structures and infrastructures, with geological 
and hydrogeological conditions acting as secondary modulators.

Fig. 7. Temporal evolution of sinkhole formation in Rome (1960–2021). Annual number of recorded sinkholes (red line) with a 10-year moving average (black 
dashed), highlighting long-term trends. Blue bars show the annual count of extreme rainfall events (plotted on the secondary right-hand y-axis) to allow visual 
comparison between sinkhole frequency and storms. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)

Fig. 8. Density maps of the sinkhole (left) and cavity (right).
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Fig. 9. Model performance under 80/20 hold-out validation. (a) Receiver Operating Characteristic (ROC) curve for the stratified 80/20 test split, showing high 
discriminative ability of the XGBoost model (ROC-AUC = 0.957). (b) Normalized confusion matrix (% by row) illustrating the trade-off between true positive rate 
(TPR = 92.4%) and false positive rate (FPR = 14.2%). The curve lies well above the no-skill diagonal, confirming the model's strong capacity to distinguish between 
zones with and without sinkhole occurrence. A complementary spatially independent validation (Leave-One-District-Out cross-validation) is reported in fig. S5 of the 
Supplementary Material, yielding consistent and geographically robust performance.

Fig. 10. (a) SHAP summary bar chart ranking the predictors according to their average absolute impact on model predictions (mean |SHAP|). The graph shows that 
The density and proximity of underground cavities and sewer network are the most influential factors, followed by flood distance, InSAR deformation, water table 
depth, and backfill thickness. Lithological classes show minor residual effects, acting as background predisposing factors. (b) SHAP beeswarm plot shows the di
rection and magnitude of each predictor's contribution to sinkhole susceptibility. Points to the right (positive SHAP values) increase the predicted probability, while 
points to the left decrease it. Colors indicate feature values (blue = low, red = high). Proximity to cavities and sewers (low distance values) and high densities of these 
features produce strong positive SHAP values, confirming their dominant role. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)
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Partial dependence plots (PDPs) are reported in the Section 3.2 of the 
Supplementary Materials (Fig. S4 a-h in Suppl. Mat.) and describe the 
marginal predictor effects and potential threshold/saturation behav
iour; they are interpreted jointly with SHAP due to feature dependence. 
To complement the global SHAP summaries, we report four represen
tative local SHAP waterfall explanations (High-TP, Mid-TP, Low-TN, 
Mid-FP; Fig. S5a-d) showing how predictors combine to generate indi
vidual grid-cell probabilities.

The final susceptibility map (SSM) derived from the optimized 
XGBoost model identifies the areas of Rome most prone to anthropo
genic sinkholes (Fig. 11). For cartographic readability, the SSM is dis
played using five Jenks natural-breaks classes (see classification 
statement in Section 5.4). High–very-high susceptibility concentrates in 
the historic core and along the E–SE sectors, with additional medium
–high sectors along major river corridors and selected western districts 
(Fig. 11). The remaining districts generally fall into the medium-low and 
low susceptibility classes, particularly true of the northern and periph
eral areas. Overall, the SSM shows spatial consistency with the recorded 
sinkhole distribution (black dots), supporting its use as an operational 
screening product.

Pie chart (Fig. S6 in Suppl. Mat.) reports the area share by suscep
tibility class. While susceptibility indicates where the hazard is greatest, 
it does not account for building vulnerability and exposure; these 
components are introduced in the risk mapping stage.

Accordingly, heatmaps in fig. S7 (§5 in Suppl. Mat.,) summarise 
district-scale sinkhole risk distribution in terms of: (i) number of census 
tracts, and (ii) total surface area, and (iii) total population across the five 

risk classes.

5.4. Sinkhole risk assessment

As a preliminary exercise, we produced a bivariate map combining 
susceptibility and resident population at the census tracts scale (§6 and 
Fig. S8 in Suppl. Mat.). The spatial co-location between the two variables 
was assessed using Lee's (L) bivariate spatial association (Fig. S9 in 
Suppl. Mat.), which shows significant local association across most of 
the urban fabric (≈70% of the investigated area), with High–High 
clusters concentrated in the centre and southeast sectors.

We then derived tract-scale risk (R ∈ [0,1]) by combining H, V and E 
and aggregating the grid-based surface to census tracts; maps use five 
Jenks classes for readability (Fig. 12). Tract-level risk was obtained via 
zonal statistics (mean R) by aggregating the grid-based risk surface to 
census tracts for reporting and summary statistics. For cartographic 
readability, both the susceptibility (Fig. 11) and screening- level risk 
(Fig. 12) are also displayed using five Jenks natural breaks classes 
(ArcGIS Pro); breakpoints are rounded to the second decimal for legend 
clarity without affecting the underlying continuous indices. The result
ing classes are:≤ 0.07 (Very-low), 0.07–0.17 (Low), 0.17–0.30 (Me
dium), 0.30–0.40 (High), 0.40–1.0 (Very-high). Overall, 1521 census 
tracts (≈ 23% of the total) fall within the very high and high (VH-H) risk 
classes, covering approximately 8% of the total area while involving 
25% of the resident population (≈440,000 inhabitants).

Fig. 11. Sinkhole Susceptibility map (SSM) of the Rome urban area (UTM 33 N o EPSG:32633). The map shows the spatial probability of anthropogenic sinkhole 
occurrence classified into five susceptibility levels (Very Low to Very High). Black dots represent recorded sinkholes (1960–2023). High and very high susceptibility 
zones are concentrated in central and eastern districts (1–2, 5–7), with additional clusters in the southern (8–9) and western sectors (11, 14–15). These areas 
correspond to sectors characterized by dense networks of underground cavities, sewer infrastructure, and anthropogenic fills. Classes: Jenks natural breaks (5 
classes), rounded to 0.01.

G. Ciotoli et al.                                                                                                                                                                                                                                  Engineering Geology 368 (2026) 108740 

13 



5.5. Economic value exposure in risk classes

Following Section 4.6, the Total Value (TV) and the Economic 
Exposure (EE) were estimated for all census tracts by integrating the 
OMI unit prices (€/m2) with building footprints and the OMI-covered 
areas. The computation was carried out for the entire census-tract 

(without applying risk masks), allowing a consistent assessment of 
how economic value relates to the spatial distribution of risk classes 
(Fig. S10 in Suppl.Mat.). TV and EE show strong spatial concentration, 
with central/semi-central districts (1, 2, 7, 12) accounting for ~42% of 
citywide TV and ~ 50% of EE (Fig. 13). At tract scale, both indicators are 
highly skewed, with few tracts concentrating a large share of value 

Fig. 12. Sinkhole screen-level risk map of metropolitan Rome area (UTM 33 N o EPSG:32633).

Fig. 13. Total value (TV) and Exposed Economic value (EE) by district. Bars show TV (orange) and EE (blue); y-axis is logarithmic (B€). TV is the theoretical total 
value from OMI unit prices, whereas EE is the actually exposed value based on buildings intersecting OMI areas. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)
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(Fig. 14; Fig. S11 in Suppl. Mat.).
At the census-tract scale, economic indicators are markedly hetero

geneous (Fig. 14 a-b): TV is sharply concentrated in the historic centre 
and dense residential and commercial areas, while EE shows similar 
hotspots with a slightly more diffuse pattern, reflecting where assets are 
effectively exposed. Both maps reveal a skewed distribution in which a 
limited number of tracts concentrate a large share of TV, whereas most 
of the urban fabric shows relatively low intensity. The top 15 census 
tracts by TV are reported in Fig. S11 (Suppl. Mat.) and jointly account for 
about 322 billion euros, highlighting the strong concentration of eco
nomic value in a limited number of tracts.

To characterise exposure intensity by class, we computed the EE/TV 
ratio as a synthetic measure of relative exposure intensity, expressing 
the share of total economic value that is effectively exposed to hazard 
within each risk class (Fig. 15). While TV dominate in the very-low and 
low classes due to their spatial extent (together ≈ 2880 B€), EE/TV in
creases with risk level, indicating a higher fraction of value effectively 
exposed in the most hazardous areas. The mean EE/TV increases from 
~0.26 (very-low/low classes) to ~0.35 (very-high class), suggesting 
that exposure grows faster than total value as hazard level increases. The 
joint interpretation of TV and EE offers a more comprehensive repre
sentation of potential economic impacts, allowing urban sectors to be 
prioritised based not only on their physical hazard but also on the 
magnitude and concentration of the economic value at stake.

Finally, EE hotspots were mapped using Getis–Ord Gi* (with EVCT =

A x EVOMI). The analysis scale was selected via Incremental Spatial 
Autocorrelation (peak ≈ 1.5 km) (Fig. S12 in Suppl. Mat.). Hotspots 
identify clusters of census tracts with unusually high exposure (€/m2 ×

surface area) (Fig. S13 in Suppl. Mat.) and should be interpreted jointly 
with the susceptibility map to prioritise inspections, maintenance, and 
asset protection. Further details are reported in Section 7 of the Sup
plementary Material.

6. Discussion

Sinkhole occurrence in Rome shows pronounced spatial clustering 
and a marked post-2000 acceleration, consistent with the combined 
effect of legacy subsurface cavities, ageing utilities, and intense rainfall. 
The following discussion interprets (i) the observed clustered patterns 
and their controls, (ii) how the dominant predictors shape the final 
susceptibility model (Fig. 11), and (iii) why integrating susceptibility 
with vulnerability and exposure is necessary to prioritise the sectors 
where impacts are potentially greatest.

Fig. 14. Bivariate maps of economic value by census section in Rome. (a) Total value (TV) and (b) Exposed economic value (EE). Colors encode a 5 × 5 scheme 
where rows are risk classes (1 = Very Low to 5 = Very High) and columns are city-wide quintiles of the mapped value. Quintile thresholds (M€): TV — Q1 ≤ 130, Q2 
130–210, Q3 210–350, Q4 350–600, Q5 ≥ 600; EE — Q1 ≤ 25, Q2 25–50, Q3 50–100, Q4 100–150, Q5 ≥ 150. TV is derived from OMI €/m2 prices; EE represents the 
value actually exposed based on buildings intersecting OMI areas. Base layers: GRA ring road, census tracts, and districts.

Fig. 15. Mean ratio between economic exposure (EE) and total value (TV) 
across risk classes. The increasing trend highlights that the proportion of the 
total economic value exposed to hazard rises with risk level.
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6.1. Cluster patterns and Hotspots in Sinkhole formation

The spatial sinkhole distribution is significantly non-random, with 
major clusters in the historic centre and in the eastern/south-eastern 
sectors (Fig. S1; Fig. 5).

6.1.1. Reporting bias and interpretation of clustering
We acknowledge that the sinkhole inventory aggregates heteroge

neous sources and may reflect spatially variable reporting probability. 
To quantify the direction of this effect, we performed a sensitivity 
analysis comparing sinkhole presence/counts to standard proxies of 
observation efforts (road density, built-up fraction and population). 
Results indicate that sinkhole presence increases with accessibility/ur
banization (odds ratios per +1 SD typically on the order of ~1.5–1.8), 
suggesting that part of the observed clustering may be influenced by 
observation intensity (Supplementary §S8, Fig. S14 and Table S2). 
Accordingly, we interpret the susceptibility output as a screening-level, 
inventory-conditioned (“reported”) susceptibility rather than a com
plete census of all collapses. Proximity patterns indicate that sinkholes 
tend to occur near cavities, sewer systems and flood-prone areas (Fig. 6), 
supporting the interaction between pre-existing underground structure 
and hydraulic forcing. Temporally, the rise in sinkholes after 2010 
broadly co-evolves with the increase in extreme rainfall (Fig. 7), 
consistent with rainfall acting as an episodic amplifier in predisposed 
sectors. We avoid inferring recent stabilisation, because trend attribu
tion would require longer post-2018 records and explicit controls for 
reporting/maintenance effects.

6.2. Relationship between underground cavities, flood-prone areas, and 
sewer infrastructure

The model indicates that sinkhole susceptibility in Rome is primarily 
controlled by the clustering and proximity of underground cavities and 
their interaction with ageing sewer infrastructure, with flood prone 
settings acting as an important amplifier (Figs. 10, 11; Fig. S4a-h in 
Suppl. Mat.). Leaks and surcharge in deteriorated sewers can promote 
saturation, erosion and suffusion, reducing ground stability especially 
where these drivers co-occur.

A high density of underground cavities is the main predisposing 
factor (Fig. 8b), concentrated in historically quarried pyroclastic for
mations. (i.e., tuff/pozzolana) in central and eastern districts. Local 
instability is enhanced by clusters of isolated hypogea and by inter
connected cavity networks, which can reduce residual safety margins 
even under modest disturbances (e.g., vibrations, water infiltration). 
Consistently, PDPs show a steep increase in susceptibility with cavity 
density up to a saturation range (Fig. S4a in Suppl. Mat.) and a strong 
near-field effect for cavity distance that attenuates with increasing dis
tance (Fig. S4c in Suppl. Mat.).

Sewer proximity and density provide the second dominant control 
with ≈ 27% of sinkholes falling within 100 m of a sewer line (Fig. 6b), 
and the dependence plots indicate near-range effects compatible with 
leakage-driven erosion and cumulative influence where multiple col
lectors co-occur (Fig. S4b,d), consistent with a widespread network 
affected by heterogeneous ageing and maintenance.

Flood-prone areas exacerbate these mechanisms by increasing 
ponding, infiltration and hydraulic forcing. Proximity to flood-prone 
boundaries shows an influence extending over a few hundred meters, 
and the post-2010 rise in sinkhole frequency is temporally consistent 
with an increase in extreme rainfall (Fig. 7). In line with previous 
studies, intense storms and flooding can act as effective triggers in 
predisposing settings (Hettiarachchi et al., 2018; Hyatt and Jacobs, 
1996; IPCC, 2023 and references therein). In our dataset, about 65% of 
sinkholes lie within 200–300 m of flood-prone boundaries (Fig. 6c; 
Fig. S4f in Suppl. Mat.), supporting an extended flood-related effects. 
Future work could better constrain this component by combining event 
rates with longer climatic series and documented infrastructure changes.

Other predictors play a secondary role: InSAR shows limited sys
tematic signal on sinkhole presence (Fig. S4e in Suppl. Mat.). PIEZO and 
Backfill have weak marginal effects (Fig. S4g,h in Suppl. Mat.), and li
thology mainly acts as local amplifier among the predictors (Fig. 10a,b). 
Once cavity and sewer effects are accounted for, tuffs/cinerites show 
minimal to negative residual contribution, whereas sands and con
glomerates retain a small positive residual, plausibly linked to erosion/ 
suffusion processes in more permeable substrates. Overall, geological 
predisposition frames background susceptibility, while cavities, sewer 
leaks, and flood dynamics control the spatial intensity and (through 
triggering) the temporal expression of sinkhole occurrence.

6.3. Combined effects and implications for urban stability

The combined influence of cavities, sewer infrastructure and flood- 
prone settings generates hotspots where geological predisposition and 
anthropogenic forcing overlap (Fig. 11) (Di Salvo et al., 2024). A dual 
control mechanism emerges across the city: (i) cavity-driven instability 
in volcanic terrains of the central-eastern districts (remnant of tuff/ 
pozzolana quarrying), where floods or leaks can accelerate hypogea 
roofs degradation; and (ii) sewer-driven erosion/suffusion in more 
erodible sedimentary-alluvial substrates in the western districts, where 
leakage and piping processes can trigger localized collapses even where 
mapped cavities are less dense.

From a risk-management perspective, this supports differentiated 
mitigation priorities: targeted sewer and drainage inspection and 
renewal where proximity/density effects dominate, and systematic 
mapping, monitoring and stabilisation of cavity system in sectors 
controlled by quarried void networks. The results indicate that sinkhole 
occurrence in Rome is consistent with the interaction of geological 
predisposition with legacy cavities and ageing infrastructure, supporting 
a multidisciplinary, screening-level prioritisation of subsurface in
spections and maintenance in densely urbanized sectors.

6.4. From susceptibility to risk

High-susceptibility corridors align with the tuff belt of the historic 
core and the eastern axis (legacy of pozzolana extraction) and co-locate 
with the major sewer collectors (Fig. 11). Flood-prone settings mainly 
act as an amplifier, especially along the right bank of the Tiber where 
pluvial flooding is recurrent during extreme rainfall.

Moving from susceptibility to risk requires integrating vulnerability 
(building fragility) and exposure (population and economic value) 
within the screening framework adopted in this study. Because both 
exposure and observation intensity covary with urbanization, we 
quantified a reporting bias component using a reference 200 m fishnet 
and logistic models of cell-level sinkhole presence (OR per +1 SD: road 
density ≈ 1.58, built-up fraction ≈ 1.66, population proxy ≈ 1.23), with 
scale-consistent direction across 100–400 m (Supplementary §S8, 
Fig. S14; Table S2). Accordingly, susceptibility should be interpreted as 
inventory-conditioned; nevertheless, the co-location of susceptibility, 
vulnerability and exposure provides a conservative basis to prioritising 
interventions.

When these components converge, a limited number of priority 
sectors emerge. The south-eastern districts (5 and 7) combine dense 
network of quarries/tunnels, dense sewer infrastructure and extensive 
post-World War II residential fabrics, yielding high susceptibility, high 
building vulnerability and high demographic exposure. The historic 
centre (Districts 1 and 2) concentrates both cavity system and pre-1960 
masonry stock. In the western sector (District 12), risk concentrates 
along the Tiber valley where loose alluvial deposits, utilities/tunnels 
and older building stock co-occur, while in the north-west (Districts 13 
and 14), quarried slopes contribute to more localized instabilities.

Heat-map summaries (Fig. S7 in Suppl. Mat.) show that higher-risk 
classes occupy smaller areas but host higher population density where 
hazard concentrates; therefore, areal statistics should be complemented 
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by normalized indicators (e.g., residents at risk per km2 / per tract) to 
reduce MAUP effects (Fotheringham and Wong, 1991). On the economic 
side, OMI-based Total Value (TV) and Economic Exposure (EE) confirm 
strong concentration: a few central/semi-central districts dominate 
citywide totals (Fig. 13), the Top-15 tracts by TV sum to ≈ 320 B€ 
(Fig. S11 in Suppl. Mat.), and tract-level maps highlight hotspots where 
high €/m2 coincide with large built footprints (Fig. 14a,b). While TV is 
dominated by very-low/low classes due to their spatial extent (≈ 2880 
B€), the EE/TV ratio increases with risk level, indicating higher relative 
exposure where hazard is greatest (Fig. 15). Getis–Ord Gi* hotspots of 
EE further delineate clusters of high exposure around the historic core, 
identifying operational clusters for inspections and preventive mainte
nance (Fig. S13 in Suppl. Mat.).

6.4.1. Combined interpretation and implications
The analysis of the anthropogenic sinkhole in Rome highlights three 

practical points at the interface between geological predisposition, 
anthropogenic forcing, and socio-economic exposure: 

• Underground systems as a primary driving force. Sinkhole hotspots 
co-occur with high cavity density/proximity and sewer proximity/ 
density, indicating that the condition of the subsurface (legacy voids 
and utilities) is a first-order target for mitigation, alongside surface 
works.

• Synergy among hazard, vulnerability, and exposure. High risk rarely 
arises from a single component alone: it concentrates where 
susceptibility-derived hazard, building fragility, and demographic/ 
economic exposure converge, supporting the use of a multiplicative 
screening index to prioritise interventions.

• Spatial asymmetry of risk. A limited share of census tracts concen
trates a disproportionate fraction of exposed residents and economic 
value, implying that prioritisation should explicitly account for both 
hazard intensity and value-at-stake.

Moving from susceptibility to risk is therefore operational: suscep
tibility expresses where sinkholes are more likely under the inventory- 
conditioned observation framework, whereas risk mapping integrates 
vulnerability and exposure to identify where impacts could be largest. 
The use of spatial cross-validation increases confidence that the main 
controls are not purely local artifacts; however, transfer to other cities is 
not guaranteed and would require local retraining and consistent in
ventory/predictors.

From a planning perspective, integrating hazard, vulnerability, and 
exposure reveals a multi-level risk structure that reflects urban 
morphology: compact central districts tend to concentrate population 
and economic assets, whereas peripheral areas mainly contribute to 
territorial expansion with lower exposure per unit area. In high-risk/ 
high-value sectors, priorities include sewer/drainage inspection and 
renewal, targeted survey/monitoring, stabilisation of known cavity 
systems, protection of heritage and critical assets, and continuous InSAR 
or hydrogeological monitoring of ground deformation; in peripheral 
sectors, regulation of new exposure growth (e.g., drainage/permeability 
management) and early identification of emerging hotspots are more 
appropriate.

Overall, the methodology provides an operational screening frame
work for sinkhole risks, integrating economic indicators (TV, EE, EEI) 
and population-normalized exposure to support cost-efficient mitiga
tion, while spatially constrain validation and explainable ML improve 
transparency and reproducibility. The approach is intended as a repli
cable workflow for screening-level resilience planning in complex 
metropolitan settings; cross-city validation and domain-adaptation 
strategies are left for future work.

These results have direct implications for engineering-geology 
practice in historic cities. Anthropogenic sinkholes emerge as a 
coupled problem driven by geological predisposition (lithotechnical 
units, backfills, alluvium), legacy cavities, and ageing underground 

utilities under intense rainfall. The resulting maps should be interpreted 
as screening tools to prioritise subsurface inspections and maintenance 
(e.g., sewer rehabilitation, cavity surveys) and to target field verification 
where hazard, vulnerability and exposure co-locate, bridging geo
scientific predisposition and asset-oriented risk management in complex 
urban settings.

7. Conclusions

Rome is underlain by an extensive network of man-made cavities. 
Together with ageing sewer infrastructure and intense rainfall events, 
this legacy has contributed to the rise of anthropogenic sinkholes over 
the last 40 years. By integrating susceptibility with building vulnera
bility and census-tract exposure, we produced the first city-wide, tract- 
scale screening risk map for the Rome metropolitan area.

Sinkhole susceptibility was modelled using XGBoost and 1834 ISPRA 
sinkholes records (1960–2023), with nine geological, hydrological and 
anthropogenic predictors, including mapped cavities. Under district- 
based spatial cross-validation, model performance was high and 
geographically consistent (ROC-AUC = 0.915 ± 0.04; PR-AUC = 0.90 ±
0.05), supporting the susceptibility surface as a robust hazard proxy for 
screening applications. SHAP analyses indicate that susceptibility is 
primarily controlled by cavity density and proximity, with secondary 
contributions from flood-related settings, InSAR deformation and 
groundwater depth.

The susceptibility map highlights hotspots in the historic centre and 
the E-SE sectors (Districts 1, 2, 5 and 7), consistent with ancient 
pozzolana quarrying, and additional medium-high sectors in Districts 12 
and parts of Districts 11 and 14, where the dense underground networks 
intersect loose alluvial deposits. Combining susceptibility, building 
vulnerability (age, materials and use) and demographic/economic 
exposure yields two highest-risk classes covering 1521 census tracts (≈
23% of the total urban area) and hosting more than 400,000 residents (≈
34% of the population). Economic overlays based on OMI values and 
building footprints suggest that these classes concentrate about 130 B€ 
of exposed value, likely higher along historical axes and near critical 
infrastructure. The resulting maps are intended to support prioritisation 
(inspection scheduling, maintenance planning, and targeted ground 
investigations), not parcel- or building-level design decisions without 
site-specific verification.

Key uncertainties remain, including incomplete inventory of cavities, 
evolving underground utility networks, and potential of non-stationarity 
extreme events. These motivate continuous updating of cavity mapping 
and reporting, and periodic model recalibration incorporating dynamic 
layers (e.g., InSAR and infrastructure-leakage proxies). We provide a 
reproducible workflow (data curation, predictor construction, spatially 
blocked validation, explainability and uncertainty diagnostics) that is 
transferable as a pipeline. However, the Rome-trained model should not 
be assumed to generalize out-of-the-box and should be retrained and 
recalibrated with local inventories and predictors before application 
elsewhere.
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