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Abstract
Tunnel excavation through mountain ranges can alter groundwater regimes, affecting spring discharge and dependent eco-
systems. Anticipating these interferences is essential for environmental risk management, cost–benefit analysis, and effective 
mitigation planning. Conventional assessment methods are largely parametric, not physically based, and heavily dependent 
on expert judgment, introducing subjectivity and uncertainty. This study proposes a data-driven approach based on machine 
learning (ML), specifically a Random Forest (RF) model, to evaluate hydrogeological risk and spring vulnerability during 
the preliminary design phase of tunnels. The method exploits geological information typically available in early stages and 
is validated using two well-documented Italian case studies: The Bologna–Florence high-speed railway line, excavated in 
fractured sedimentary formations of the Northern Apennines, and the Gran Sasso highway tunnels, driven in karstified car-
bonate rocks of the Central Apennines. Both datasets are published, hydrogeologically validated, and supported by detailed 
pre- and post-excavation monitoring, ensuring robustness and consistency. The ML framework demonstrates strong predictive 
performance across standard classification metrics, including accuracy, precision, recall, F1-score, Matthews correlation 
coefficient (MCC), and area under the curve (AUC). While it employs input parameters comparable to those of parametric 
methods such as the drawdown hazard index (DHI), it differs by deriving parameter weights directly from data. Moreover, 
the use of Shapley additive explanations (SHAP) values enhances interpretability, mitigates black-box behaviour, and allows 
expert knowledge to be effectively integrated. The innovation, therefore, lies in offering a transferable and reproducible tool 
to support early-stage tunnelling decisions, representing a clear improvement over traditional qualitative or semi-quantitative 
approaches.

Keywords  Machine learning · Groundwater protection · Hydrogeological interference risk · Tunnel · Springs

Introduction

Estimating the impact of underground constructions against 
groundwater flow (Celico et al. 2005; Vincenzi et al. 2014; 
Preisig et al. 2014) and dependent ecosystems in mountain-
ous areas is one of the key analyses carried out during pre-
liminary investigations, both for environmental and socio-
economic purposes (Yang et al. 2009). The water drainage 
produced by tunnelling, modifying the hydrogeological 
budget of an aquifer, can adversely affect groundwater dis-
charge to springs and surface-water bodies and also induce 
a drawdown of hydraulic head with dewatering and impair-
ment of specific discharge of wells (Sjölander-Lindqvist 
2005; Attanayake and Waterman 2006; Vincenzi et al. 2009; 
Lv et al. 2020; Xu et al. 2021). Additionally, the induced 
drawdown and modification of groundwater flow patterns 
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could also affect water quality and geochemistry (Mossmark 
et al. 2015), with undesired effects on ecosystems (Kværner 
and Snilsberg 2011; Li et al. 2016). A preliminary assess-
ment of the tunnel drainage effects is also related to the 
proper management of drilling operations: significant and 
not adequately foreseen inflows can produce severe conse-
quences in underground works, forcing the interruption of 
the advancement and even the modification of the designed 
tunnel route, with evident issues arising in terms of workers′ 
safety conditions and costs increase (Schwarz et al. 2006; 
Chiocchini and Castaldi 2011).

In order to reliably assess the potential impacts of dewa-
tering hazard associated with tunnel drainage, preliminary 
(ante operam) environmental monitoring of potential recep-
tors is essential. This allows for meaningful comparison with 
post operam conditions while accounting for other effects 
such as climatic variability or groundwater withdrawals 
(Attanayake and Waterman 2006; Gargini et  al. 2008). 
Indeed, there are numerous cases of flow reductions in 
springs due to climate change (Casati et al. 2024; Filippini 
et al. 2024; Barbieri et al. 2023; Petitta et al. 2022; Sappa 
et al. 2018; 2019, Allocca et al. 2014; Fiorillo et al. 2015; 
Fiorillo and Guadagno 2012; Leone et al. 2021; Polemio 
and Casarano 2008) and these effects must be properly taken 
into account; however, the data collected during preliminary 
monitoring will be useful not simply as a testimonial refer-
ence point for any eventual future impact assessment but 
as an input for predictive models anticipating the impacts 
associated with excavation.

In the scientific literature, several cases address environ-
mental risk assessment of tunnelling-induced hydrogeologi-
cal interference; however, when it comes to risk analyses 
related to the impacts on springs, case studies are rather lim-
ited. This issue is often approached primarily in relation to 
the prediction of water inflows into tunnels, usually through 
numerical modelling. On the basis of the inflow estimated 
by the model, a corresponding drawdown of the piezometric 
surface is also considered, which in turn may lead to a reduc-
tion in spring discharge, or in some cases, to their complete 
drying up. Existing predictive models for the assessment of 
hydrogeological interference risk from tunnelling could be 
ranked as parametric, physically based (analytical or numeri-
cal), and statistical data-driven methods.

Parametric tools (PTs) offer a relatively robust, easy-to-
use, and cost-effective (though subjective and not physi-
cally based) means to gain a preliminary understanding of 
potential hydrogeological interferences on receptors. They 
achieve this by categorizing variables that link the rock 
mass system to potential tunnel inflows and by relating 
these inflows to their likely impacts on receptors. One of 
the most adopted parametric tools is the drawdown hazard 
index (DHI), originally defined in 2001 (Dematteis et al. 
2001) and then improved and fully explained in its intrinsic 

workflow by Dematteis et al. (2025), which, according to the 
general formulation of any environmental risk (Slejko 1993), 
relates the hazard, expressed by parameters of the rock mass 
subjected to excavation, the vulnerability, expressed by the 
hydrogeological connection between tunnel and springs, and 
the value of the receptors, expressed by the magnitude of 
the discharge of springs and the typology of the associated 
groundwater flow system. A probability impact degree for 
each spring, expressed by the DHI index, is associated with 
each receptor. Applications of DHI are reported by Torri 
et al. (2007) and Vincenzi et al. (2010). Filipponi and Jean-
nin (2010); Filipponi (2014) developed a parametric method, 
KARSTAlea, for the risk analysis in a karst setting, a par-
ticularly challenging task due to the difficulty in predicting 
hydrogeologic connections between underground work and 
springs through conduits. KARSTAlea involves construct-
ing a 3D model and identifying areas more subjected to risk 
through the study of geomorphological elements and field 
observations. Alternative methods have also been developed 
to predict groundwater inflows into crossing-rocks tunnels. 
Most of these approaches rely on the geological characteri-
zation of the rock mass, with the aim of identifying geo-
logical features that are likely to store groundwater and act 
as preferential flow paths. However, such methods require 
extensive datasets and detailed subsurface investigations to 
achieve a high level of accuracy. Further research based on 
these approaches is therefore essential for improving the reli-
ability of groundwater inflow assessments in tunnel engi-
neering (Heidari et al. 2016; Katibeh and Aalianvari 2009; 
Zarei et al. 2011).

Physically based models (PBMs) bring objectivity to the 
analysis also if they could be too simplistic, like analytical 
ones, or too complex and deserving high resources or com-
putational efforts, like numerical. Analytical and semiana-
lytical methods are widely employed to predict groundwater 
inflows into rock tunnels and other subsurface openings. The 
development of these methods typically requires the adop-
tion of simplifying assumptions and boundary conditions 
in order to formulate the governing equations (Frenelus 
et al. 2021). Several of them have been derived from Good-
man’s original equation (Goodman et al. 1965), incorpo-
rating different assumptions and simplifications to account 
for a wider range of hydrogeological conditions (El Tani 
1999, 2003; Farhadian et al. 2016; Perrochet and Dematteis 
2007; Karlsrud 2001; Gattinoni and Scesi 2010). Numerical 
methods have increasingly become powerful tools employed 
across diverse fields of engineering and scientific research. 
They are particularly valuable in the prediction and quan-
tification of groundwater inflows into tunnels constructed 
in various rock masses. As noted, these methods rely on 
mathematical models that describe the hydrogeological and 
geomechanical characteristics of the medium under consid-
eration (Molinero et al. 2002; Vincenzi et al. 2010; Amiri 
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and Asgari-Nejad 2022; Golian et al. 2018, Surinaidu et al. 
2014). A major drawback of numerical models is that they 
demand adequate data in both quantity and quality, which 
are often lacking during the preliminary design phase of a 
tunnel. According to Chiu and Chia (2012), numerical meth-
ods are frequently applied when hydrological conditions 
are complex, as they allow for a more reliable prediction of 
groundwater inflow. Indeed, in cases where geological and 
hydrogeological conditions are highly intricate, numerical 
approaches are often regarded as indispensable for approxi-
mating groundwater inflows into tunnels (Frenelus et al. 
2021).

Data-driven models (DDMs) represent a third possible 
approach to the preliminary evaluation of impacts, where the 
relationships between hazard and impact indicators, even if 
not physically resolved, are empirically derived from site-
specific or hydrogeological setting-specific real data such 
as the statistical study of Cesano et al. (2000). Achieving 
high precision with these methods requires vast amounts of 
relevant data. Consequently, as with numerical approaches, 
factors such as cost and time consumption may represent 
significant obstacles to obtaining accurate predictions (Li 
et al. 2017; Mahmoodzadeh et al. 2021).

Comparisons between different approaches are few: Vin-
cenzi et al. (2010) compared PTs (original version of DHI, 
Dematteis et al. 2001), DDMs (Cesano’s approach), and 
PBMs (by the use of MODFLOW code) for a preliminary 
design of a hydroelectric water derivation tunnel through a 
crystalline (metamorphic) setting in the Western Alps, but 
without the chance to retroactively validate the assessment. 
On the other hand, several comparisons between methods for 
calculating tunnel inflows are available, based on physically 
based analytical and numerical approaches (Butscher 2012; 
Liu et al. 2021; Mahmoodzadeh et al. 2021).

In order to overcome the intrinsic subjectivity of more 
popular methods, like in other applications of environmen-
tal risk assessment where the complexity of the relation-
ships between input (hazard and vulnerability parameters) 
and output (impacts and associated probability) is not man-
ageable by process-based models, artificial intelligence or 
machine learning (ML) could represent a viable alternative 
to DDMs, only in cases where robust validation and training 
datasets are available (Dal Seno et al. 2024; Liu et al. 2021; 
Mondini et al. 2023; Orland et al. 2020).

The application of ML techniques in hydrological model-
ling has grown significantly over the past decade, driven by 
advances in data availability and algorithmic development 
(Rajaee et al. 2019; Refsgaard et al. 2022; LaBianca et al. 
2024). ML methods have also undergone development, mov-
ing from classical methods to more complex and powerful 
ones. The contribution of ML is paramount in addressing 
data with complex, nonlinear relationships not easily hab-
dled by PBM tools owing to factors such as heterogeneity, 

overall simplicity of conceptual models, and paucity of 
available data (Gonzalez and Arsanjani 2021). Moreover, 
ML methods typically require less computational effort com-
pared to PBMs.

Machine language methods can address classification and 
regression issues, the first with the aim to assign a label 
or category to an observation, the second with predicting a 
continuous value based on input data, and are categorized 
as unsupervised or supervised (Ayodele 2010). Unsuper-
vised learning works without external guidance, using a 
data-driven algorithm to identify patterns and relationships 
between variables, thereby grouping the dataset into clus-
ters. In supervised learning, the algorithm correlates inde-
pendent variables (parameters) with a target variable, such 
as the presence or absence of any effect originating from 
any hazard against receptors, e.g. contamination or dam-
age. Existing hydrogeological applications of ML meth-
ods include: identification of groundwater potential zones 
in mountainous regions (Dahal et al. 2023), groundwater 
level predictions (LaBianca et al. 2024; Aderemi et al. 2023, 
Barzegar et al. 2017; Chang et al. 2016; Sahoo and Jha 2013; 
Tapoglou et al. 2014), groundwater vulnerability assessment 
(Afshar et al. 2007; Sajedi-Hosseini et al. 2018), groundwa-
ter budgeting (Gorgij et al. 2017; Pradhan et al. 2019), and 
groundwater quality and quantity (Nourani et al. 2024). For 
a review of supervised and unsupervised ML methods in 
hydrogeological applications, refer to Dhapre et al. (2025).

Among the most advanced ML tools are methods based 
on deep neural networks such as “deep learning” (Goodfel-
low et al. 2016). These models are composed of many layers 
that allow the network to learn more complex and abstract 
representations of the data. For example, among applica-
tions relevant in relation to the presented research, could be 
considered the contributions of Dal Seno et al. (2024), who 
compared statistical methods, classical and advanced ML 
methods, including artificial neural networks, for evaluating 
rainfall thresholds for the activation of landslides in North-
ern Apennines (Italy).

The paper aims to develop a data-driven ML–based 
method, applicable to various hydrogeological settings of 
fractured/karst aquifers, through the training and valida-
tion compared to published and verified data on springs 
impact, and contrasting it with an existing widely adopted 
risk assessment tool (DHI). In order to address the raised 
issue of binary classification—impact versus no impact on 
receptors based on various indicators of the hazard and vul-
nerability conditions—a supervised Random Forest (RF) 
classification model was adopted. The data from environ-
mental monitoring of drilled tunnels, both located in Italy, 
were used as training and validation sets for the model: the 
Florence-Bologna high-speed railway connection (Northern 
Apennines) and the Gran Sasso highway tunnel (Central 
Apennines). Figure 1 illustrates the workflow adopted in 
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this study, describing the steps followed for data processing 
and the training of the ML algorithm.

Materials and methods

In keeping with the main goal of the study, the availability of 
comprehensive pre- and post-construction monitoring data-
sets is essential for evaluating the real effects of tunnelling 
on groundwater flow and associated dependent ecosystems. 
Without such datasets, any meaningful or quantitative analy-
sis would be severely limited or even impossible. Also, it 
must be emphasized that, for reasons of privacy and indus-
trial confidentiality, it is not an easy task to identify free 
access datasets where spring impacts are examined accord-
ing to objective scientific output.

Two main transportation tunnel projects, both located 
in Italy, have been chosen by the authors: the Bologna-
Florence high-speed railway connection and Gran Sasso 
twin tunnels highway, both through the Apennines chain. 
Throughout the paper these two projects will be defined 
as BF (Bologna-Florence tunnel) or GS (Gran Sasso tun-
nels). The choice of BF and GS comes from the fact that 
they are among the few existing major tunnelling projects 
associated with detailed and published spring monitoring 
data both before and after construction. Both the general 
technical description of these two infrastructures and the 
results of spring monitoring are well documented by vari-
ous papers and reports (Celico et al. 2005; Gargini et al. 
2006, 2008; Petitta and Tallini 2002; Vincenzi et al. 2014), 
which provided an extensive database. The uniqueness and 
completeness of these data made them an ideal foundation 
for the authors’ study, enabling a robust and scientifically 

sound evaluation of tunnelling impacts in complex geo-
logical settings.

The geological complexity and variability of the Apen-
ninic chain have permitted the authors to apply the method in 
two very different hydrogeological settings. The Apennines 
represent a classic thrust-fold belt of sedimentary rocks, 
structured by a series of nappes that have been stacked upon 
each other as a result of the compressive forces generated 
by the collision between the African and Eurasian tectonic 
plates during the Alpine orogenesis (Boccaletti et al. 2011; 
Carminati and Doglioni 2012; Castellarin 2001; Vai and 
Martini 2013). Whereas the northern branch of the chain is 
lithologically dominated by sedimentary silico-clastic units 
(turbidites), along with clayey complexes (Ricci Lucchi 
1978, 1981, 1986; Tinterri and Tagliaferri 2015), the cen-
tral and southern branches denote a high proportion of karst 
carbonate aquifers (Celico et al. 2005; Boni et al. 1986). 
Both BF and GS were excavated according to a conventional 
blast-and-drill approach, thus they basically act as draining 
tunnels: BF affected groundwater flow systems of fractured 
sandstones of turbiditic units, whereas GS affected the main 
karst massif of the whole Apennine chain.

Bologna‑Florence high‑speed railway tunnel (BF)

The BF was drilled between 1996 and 2005. A total of 
seven main tunnels were excavated through and below the 
main divide of the northern Apennines, between Emilia-
Romagna and Tuscany region for a total tunnel length of 
73 km (Fig. 1). On the Emilia-Romagna side, the tunnels 
were built by direct excavation, owing to the more clayey 
and soft nature of the rocks, whereas on the Tuscany side 
they were built using the traditional blast-and-drill approach.

The dominant lithology along the line is represented by 
turbidites, alternance of arenitic and pelitic layers, both 
silicoclastic and marly-calcareous (Zuffa 1980; Ricci Luc-
chi 1986; Bruni et al. 1994; Zattin et al. 2000; Argnani and 
Ricci Lucchi 2001). These units were stacked, from Upper 
Cretaceous to Upper Pliocene, by the compression between 
Eurasian and African plates; subsequently, during the Late 
Pliocene to Quaternary, the chain was dissected by exten-
sional faults, playing a significant role in the formation of 
intramontane basins, like the Mugello and Florence plains 
(Fig. 1). The conceptual model of groundwater flow systems 
in turbidites was proposed by Gargini et al. (2008) with the 
identification, through the aid of springs monitoring, of local 
(slope) and trans-watershed circulation patterns; with the 
latter often being controlled by post-orogenic extensional 
faults, which are the main drivers of tunnel drainage and 
spring impact (Vincenzi et al. 2009, 2014). The distribu-
tion of hydraulic conductivity in these units is highly het-
erogenous and anisotropic, being related to the pattern of 
fractures and to the ratio between arenitic (more fragile and 

Fig. 1   Workflow for the development of a machine learning algorithm
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prone to fracturing) and pelitic layers (A/P ratio; Antolini 
and Cremonini 1991; Benini et al. 1991; Gargini et al. 2006).

The considered sector of the project is related to three 
of the main tunnels on the Tuscan side (Vaglia, Firenzu-
ola, Raticosa), the longest ones of the route are associated 
with huge groundwater inflows and environmental impacts 
linked to turbiditic aquifer units (Vincenzi et  al. 2009, 
2014). During the excavation of the tunnelsm relevant water 
inflows occurred (Table 1). The tunnels were designed to 
abate the hydraulic head in order to guarantee the stability 
and durability of the concrete lining. During the excava-
tion, the recorded specific linear drainage rate of the tunnel 
depends on the progressive intersection of the main tectonic 
lineaments with aquifer role, represented by post-orogenic, 
enlarged extensional faults and fractures (Fig. 2).

From Table 1, it is apparent how Firenzuola and Vaglia 
tunnels resulted in being more productive in hydrogeological 
terms: the first one is linked to the main extensional tectonic 
lineaments and to the occurrence of higher A/P value turbid-
itic units, while the second one, is assoicated with the disso-
lution effect and consequent enlargement of fractures in the 
local calcareous turbidites. The groundwater drainage pro-
duced scattered and locally relevant impacts, like spring and 
stream seasonal or perennial drying-up and induced draw-
down on public and domestic wells (Vincenzi et al. 2014; 
Canuti et al. 2009). Based on detailed monitoring of 160 
springs, both in ante operam and post operam conditions, it 
was ascertained that a total of 68 springs were impacted by 
the tunnel drainage with various intensity, producing either 
a decrease in flow rate, low flow season (summer for the 
local climatic setting) or complete irreversible desiccation.

Gran Sasso highway tunnel (GS)

The GS is located in central Italy (Abruzzo region) and con-
sists of two parallel one-way tunnels (twin tunnels), exca-
vated using the traditional blast-and-drill approach between 
1969 and 1982 (Fig. 3), and having approximately the same 
length in the range 10,175–10,121 m. GS connects the Tyr-
rhenian and Adriatic sides of the Central Apennines, along 
the highway from Rome to Teramo, through the upper part 

of the Gran Sasso carbonate massif, at an elevation range of 
931–894 m asl.

The Gran Sasso Massif has the highest elevation in the 
whole Apennines (maximum elevation at Corno Grande, 
2914 m asl) with a tectonic framework characterized by an 
imbricated structural system, formed during the Apennine 
orogenesis in the Late Miocene to Early Pliocene (Vezzani 
and Ghisetti 1998), with the massif overthrusted eastward 
above less permeable turbiditic and silty units. Subsequently, 
during the Late Pliocene to Quaternary, this sector of the 
Apennines was also affected by extensional faults, associated 
with the opening of the Tyrrhenian Sea, causing a differen-
tial tectonic subsidence in the southwestern sector of the 
massif (Cavinato et al. 1994; D’Agostino and Tozzi 1995). 
The extensional faults played a significant role in the for-
mation of intramontane basins (Cavinato and Celles 1999), 
which developed from the Late Pliocene onward and were 
filled with unconsolidated fluvio-lacustrine deposits. From a 
hydrogeological standpoint, the Gran Sasso Massif is identi-
fied as a calcareous-karst hydrogeological massif covering 
an area of approximately 700 km2 (Petitta and Tallini 2002). 
The karst dissolution, associated with geomorphological 
factors (intramontane basins, development of epikarst), is 
a relevant factor regarding the direct and focused recharge 
and the very high bulk permeability (Adinolfi Falcone et al. 
2008, 2012; Amoruso et al. 2011, 2013, 2014; Barbieri et al. 
2005; Boni et al. 1986; Ford and Williams 1989; Lorè et al. 
2002). The massif is hydraulically partitioned by faults act-
ing as hydraulic barriers, with strong internal variation of 
the hydraulic head (Barbieri et al. 2005; Celico et al. 2005; 
Amoruso et al. 2012). The total spring discharge of the 
whole karst massif has been estimated as being up to 20–25 
m3/s (Tallini et al. 2014) and is distributed throughout many 
springs surrounding the block along the permeability thresh-
olds and having contact with lower permeability units; the 
main base springs of the system (San Calisto, Capo Pescara) 
are located at the southern edge of the massif.

The drilling of the tunnels, with a relevant hydrostatic 
pressure of around 600 m of groundwater, involved the 
northern and upper sector of the massif. The active recharge, 
associated with the high permeability and hydraulic loading, 
induced several strong inrushes, with flow rates exceeding 
20 m3/s (Celico et al. 2005). After the completion of the 
drilling, the twin tunnels continue to drain about 1.5 m3/s, 
with two thirds on the Adriatic side and one third on the 
Thyrrenian side of the massif. Several main springs were 
impacted throughout the area, even at distances of about 
35 km from the tunnels. The global impairment of total 
spring discharge was estimated in 7% of the pristine con-
ditions (Petitta and Tallini 2002; Petitta et al. 2010, 2015, 
2022); the high permeability and size of the aquifer, associ-
ated with the location of the tunnels at a relevant elevation 
(actually GS is not a base tunnel like BF), induced a spring 

Table 1   Data on tunnel lengths and water inrush on the Tuscan side. 
The mean monthly discharge is calculated from the completion of the 
tunnel up to the last recorded data point

Tunnel Tunnel 
length 
(km)

Peak 
inrush 
(m3/s)

Mean monthly 
discharge (m3/s)

Specific 
discharge m3/
(s × km)

Raticosa 10.4 0.018 0.029 0.0028
Firenzuola 15.0 0.5 0.375 0.025
Vaglia 18.5 0.018 0.125 0.0068
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Fig. 2   Groundwater inflows 
during the excavation of 
the Firenzuola tunnel were 
observed at the intersections 
with tectonic structures. Modi-
fied from Canuti et al. (2009)

Fig. 3   Location of Bologna-Florence high-speed railway line, springs 
and hydrogeological map, hydrogeological interpretation based on 
the hydrogeological map 1:500,000 from WMS by Servizio Geolog-
ico d’Italia – ISPRA, with the degree of hydrogeological impact on 

springs as derived from environmental monitoring (geology redrawn, 
simplified, and modified from Vincenzi et  al. 2014). a Map of the 
tunnels north of the Mugello basin. b Map of the tunnels south of the 
Mugello basin
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discharge decrease but not a complete desiccation. In con-
trast to the BF project, environmental monitoring was not 
performed (the design is around 30 years older than BF), but 
it was possible to estimate the impacts through successive 
detailed hydrogeological studies comparing the springs’ his-
torical monitoring with modern collected data and ground-
water budget analysis (Tallini et al. 2001). A total number of 
213 springs were censored from historical data throughout 
the whole massif; however, only 50 of these were available 
for the impact evaluation by Tallini et al. (2001); of these, 
28 springs were classified as affected by an impact (Fig. 3).

Choice of risk parameters

The hydrogeological interference between tunnelling (haz-
ard associated with tunnel inflow) and springs (receptors at 
risk), acting in a complex and site-specific interplay between 
each other, is related to many different factors; these factors 
express the vulnerability of the receptors, e.g. the degree of 
hydrogeological connection between the hazard (tunnel) and 
the receptors. Lithological, sedimentological, tectonic, and 
hydrogeological elements concur, in a complex and setting-
specific way, the determination of the associated hazard and 
vulnerability in relation to the intrinsic heterogeneity and 
anisotropy of the rock mass. On the other hand, in the pre-
liminary stage of a tunnel design, the details of geological 
information and data are scarcel however, at the same time, 
it is urgent to appreciate in a robust way the possible associ-
ated risk.

The choice of parameters, or indicators, considered more 
relevant in affecting the risk associated with the impact of 
springs from tunnelling, was based on existing methods and 
the availability in the preliminary phase of tunnel designing. 
At this stage, only geologic and hydrogeological maps, along 
with geological sections, borehole logs and spring surveys, 
are available, whereas specific geotechnical and hydrologic 
observations during the excavation are completely missing. 
A total of 10 parameters were considered (Table 2), sug-
gested mainly by the most adopted available parametric 

method—the DHI, as originally formulated by Dematteis 
et al. (2001) and successively reviewed or revisited by Dem-
atteis et al. (2025), Attanayake and Waterman (2006), and 
Liu et al. (2015). Of the 10 parameters, four are related to 
hazard (tunnel inflow potential), and six are related to spring 
vulnerability (degree of hydrogeological connection between 
tunnel and spring). DHI, a parametric tool, was considered 
a starting point, owing to its completeness in the choice of 
parameters and the relative range; also, the aim of this study 
is to procure an assessment according to a fully data-driven 
process. A rating was assigned to each parameter according 
to a dimensionless scale ranging from 0.1 to 1 for hazard-
related parameters and from 1 to 2 for vulnerability-related 
ones, as originally proposed by the DHI method. Two of the 
vulnerability parameters are dimensional and expressed in 
terms of their physical magnitude, while the last one (geol-
ogy) is a categorical variable ranging from 1 to 5.

Hazard parameters

The hazard parameters drive the probability of a groundwa-
ter inrush in the tunnel. They refer to the event representing 
the hazard posing a risk to the receptor (spring). The trace of 
the tunnel is divided into 100-m-long sectors (as originally 
proposed by the DHI method), and the ratings are assigned 
to each parameter, considering the associated prevalence 
along the sector, as can be seen in the example in Fig. 4.

Fracture frequency (FF)

Fracture frequency (FF) influences both the bulk hydraulic 
conductivity of fractured aquifers (Snow 1969, 1970) and 
local increases in groundwater discharge associated with 
fault zones or intensely fractured rock. Major tunnel inflows 
often originate from enlarged fractures, fracture zones, or 
faults, which may act either as conduits or hydraulic bar-
riers separating groundwater bodies with significant head 
differences. For example, during the GS tunnel construc-
tion, a sudden inrush encompassing tens of m3/s occurred 

Table 2   Parameters with the 
associated rating chosen as 
input for the ML method. All 
parameters, except EL and G, 
were initially considered by 
the DHI method, either in the 
original or revisited version 
(Dematteis et al. 2001,2025); 
some were modified or 
introduced by other authors (as 
indicated in the references)

Risk component Parameter Rating Reference

Hazard Fracture frequency (FF) 0.1–1  Liu et al. (2015)
Rock mass permeability (MK) 0.1–1 -
Overburden (OV) 0.1–1  Liu et al. (2015)
Inflow potential (IP) 0.1–1 -

Vulnerability Distance from the tunnel (DT) Dimensional (m)  Attanayake and Waterman (2006)
Differential elevation (EL) Dimensional (m) -
Groundwater flow system (GFS) 1–2  Attanayake and Waterman (2006)
Topographic effect (TE) 1–2 -
Permeable channels (PC) 1–2  Attanayake and Waterman (2006)
Geology (G) 1–5  Liu et al. (2015)
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at the Valle Fredda fault owing to a 200-m hydraulic head 
differential, causing casualties and complete tunnel flooding 
(Lunardi and Catalano 2006).

At the preliminary design stage, FF can be estimated from 
geological logs, outcrop surveys, or proxies such as the inter-
section with major tectonic lineaments. The FF rating ranges 
from 0.1 to 1 (Table 3), with intermediate values allowed. A 
minimum value of 0.1 is adopted, following the DHI method, 
assuming that a completely unfractured rock mass is unrealis-
tic. An example of FF rating assignment is shown in Fig. 4a.

Rock mass permeability (MK)

The MK parameter represents the relative bulk perme-
ability (K) of the rock mass within each tunnel sector. In 

preliminary studies, direct permeability measurements are 
usually unavailable; therefore, MK is assigned based on 
expert judgment using qualitative geological indicators. 
For example, in turbiditic formations, the arenite/pelite ratio 
may be used as a proxy, whereas in carbonate formations, 
the degree of karstification is relevant. These interpreta-
tions may be supported by available borehole test data (e.g., 
Canuti et al. 2009).

The MK rating defines five discrete hydrogeological 
units (Table 4): aquitard, fractured aquifer with low to high 

Fig. 4   Location of Gran Sasso highway tunnel, springs and hydrogeological map. The hydrogeological interpretation is based on the hydrogeo-
logical map 1:500,000 from WMS by Servizio Geologico d’Italia – ISPRA and Petitta and Tallini (2002)

Table 3   Rating values for FF. The indicated values, along with the 
criterion, are an example derived from DHI

Criterion Rating

Lack of faulting and absence of karst corrosion 0.1
Low intensity of fracture and/or hydrothermal weathering 0.4
High intensity of fracture and/or hydrothermal weathering 0.8
Main fault and/or damage zone with fractures 1

Table 4   Rating values for MK (Freeze and Cherry 1979; Domenico 
and Schwartz 1997; Fetter and Kreamer 2021)

Degree of permeability K (m/s) Rating

Very low (aquitard units)  < 1 × 10–8 0.1
Low (aquitard units) 1 × 10–8 < MK < 1 × 10–6 0.25
Medium (poorly permeable 

aquifer)
1 × 10–6 < MK < 1 × 10–5 0.5

High (permeable fractured aquifer 
– Low karstification degree (dif-
fuse stage)

1 × 10–5 < MK < 1 × 10–3 0.75

Very high (highly permeable 
fractured aquifer: Active karst 
(mature stage)

 > 1 × 10–3 1



Hydrogeology Journal	

permeability, and karst aquifer. No intermediate values 
are allowed. Reference hydraulic conductivity values are 
reported in Table 4. Despite its simplification, this approach 
is consistent with common hydrogeological mapping prac-
tices. An example is shown in Fig. 4c.

Overburden (OV)

The rock overburden above the tunnel (OV) indirectly affects 
inflow hazard, being inversely correlated to the aperture of 
fractures, and thus affecting the aptitude to produce ground-
water inflows (Bandis et al. 1983; Barton et al. 1985). The 
criterion of rating assignment to different ranges of over-
burden (Table 5) is related to the decreased rate of fracture 
aperture versus depth (Bandis et al. 1983). The assignment 
of the rating is based on the preliminary altimetric profile 
of the tunnel in relation to the morphological section along 
the trace (Fig. 4a).

Inflow potential (IP)

The IP-derived parameter was introduced by Dematteis 
et al. (2001) and quantifies the likelihood of the groundwa-
ter inflow occurrence in a certain sector of a tunnel. IP is 
calculated following Eq. (1):

where FF, MK and OV are the previously described param-
eters, and the plastic zone (PZ) is defined as the thickness 
of the enhanced permeability annular halo induced by the 
drilling around the tunnel. PZ is affected by the diameter 
and type of excavation and the quality of the rock mass; 
for example, the tunnel boring machine (TBM) drilling 
approach produces a thinner plastic zone compared to those 
that are drilled and blasted. In the original formulation of 
the DHI method, the assigned value for PZ was equal to 0 or 
1 if, respectively, the diameter of the expected plastic zone 
was considered lower or higher than twice the diameter of 
the tunnel.

In the original DHI method, IP is a matrix-based param-
eter derived from the combination of the rock engineering 
system evaluation (RES, Hudson 1992) and the fully coupled 
model approach (Jiao 1995). Inside the rock mass, a set of 

(1)IP =
41 × FF + 22 ×MK + 17 × OV + 20 × PZ

100

interactions between various parameters potentially affecting 
IP occurs that is based on single binary relationships, and 
concurrence via the iteration of mutual relationships. IP, also 
if derived and not independent, was considered as the input 
parameter, along with FF, MK and OV, because ML allows 
for this adding process, referred to as “feature engineering” 
(Zheng and Casari 2018) and potentially capable of enhanc-
ing the predictive model’s performance. However, please 
note that the presented study does not use PZ as an inde-
pendent parameter, like FF, MK and OV. This is because of 
the fact that the analysed tunnels were both excavated with 
a drill and blast approach and because the parameter was 
considered not to be so physically based and relevant as the 
other three. For the derivation of the IP parameter, a value 
of PZ = 1 was used for all tunnel sectors. An example of the 
IP rating assignment can be seen in Fig. 3d.

Vulnerability parameters

Vulnerability parameters define and quantify the hydrogeo-
logical connection between a receptor (spring) and a sec-
tor of the tunnel according to topographic and hydrogeo-
logical factors encompassed by the parameters listed in the 
following.

Tunnel–spring spatial relationship (distance, DT; elevation, 
EL)

The spatial relationship between the tunnel and a given 
spring is provided by two parameters: the geometric pro-
jected horizontal distance between the tunnel and the spring 
(DT) and the differential elevation of both (EL). “Tunnel” is 
considered to be the centre of the sector specifically involved 
in the evaluation. DT (m) refers to the minimum linear dis-
tance between the spring (location of the orifice) and the 
centre of the tunnel sector; EL (m) refers to the vertical com-
ponent of the minimum linear distance between the spring 
(location of the orifice) and the center of the sector. Differ-
ent from the original DHI approach, where the geometrical 
distance was expressed by a discrete rating based on the 
range of distances, here a continuous numerical count is 
introduced to improve the accuracy (Table 6 shows the rating 
of DHI approach).

Table 5   Rating values for OV

Overburden thickness (m) Rating

 ≥ 200 0.1
200 > OV ≥ 100 0.25
100 > OV ≥ 50 0.5
 < 50 1

Table 6   Rating values for DT Distance (m) Rating

 > 800 0
600 < DT ≤ 800 0.1
400 < DT ≤ 600 0.2
200 < DT ≤ 400 0.4
100 < DT ≤ 200 0.8
 ≤ 100 1
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Typology of groundwater flow system (GFS)

The GFS characterizes the extent, depth, and flow pattern of 
the aquifer feeding the spring. Shallow and local systems are 
more sensitive to nearby tunnels, whereas deep and regional 
systems may be affected even at greater distances. In the 
DHI method, GFS is rated in a simplified manner (1 or 2), 
depending on the aquifer volume involved.

For this study, GFS classification was derived from 
hydrological analyses of the BF case (Gargini et al. 2008; 
Segadelli et al. 2021) and from hydrochemical and iso-
topic surveys of the GS case (Tallini et al. 2000; Petaccia 
and Rusi 2008). Five original GFS classes were mapped 
to ratings 1 (local), 2 (regional), or 1.5 for intermediate 
cases (Table 7).

Topographic effect (TE)

The TE parameter considers the geomorphological loca-
tion of the spring in relation to the tunnel. In Fig. 5, the 
rationale for the rating assignment is explained, accord-
ing to the relative position of the tunnel and the spring in 
regards to the main axis of the valley and slopes. The two 
cases presented in Fig. 5 differ in terms of the location of 
the tunnel in respect to the valley bottom: shallow tunnel 
route through the slope (case 1) or deep tunnel route below 
the valley (case 2). The rating attribution is based on the 
modification proposed by Dematteis et al. (2025) regard-
ing the original formulation of Dematteis et al. (2001).

Permeability channels (PC)

This parameter takes into account the occurrence of main 
conductive (enlarged) faults, fracture zones or karst con-
duits connecting the tunnel’s sector and the receptor. The 

connection is considered active if PC is intercepted by 
the sector and contemporarily is located inside a 200-m 
buffer zone in respect to the spring. The choice of distance 
is derived from the size of spring-head protection zones 
defined with geometric criterion in order to propose a 
buffer along which it is more likely to be an hydrogeologi-
cal interference between the spring and the permeability 
channel (Table 8).

The PC vulnerability parameter does not duplicate the 
FF hazard parameter because the first one affects the con-
nection between the tunnel and the receptor, whereas the 
second one is in relation to the inflow potential of the 
sector.

Geology (G)

The parameter is categorical and indicates the lithology 
associated with the aquifer discharging to the given spring. 
The rating is related to the five main lithologies associated 
with any aquifer unit (Table 9). Springs could be located 
inside outcropping areas of aquitards or aquitard units (like 
shale or mudstone), which are likely associated with shallow 
debris or regolith; in such a case, the minimum rating will 
be assigned. In other instances, springs could be discharging 
from talus or debris covering a bedrock and the assignment 
to the type of aquifer (unconsolidated or hard-rock below) 
could be uncertain; in that case a rating of 2 will be con-
sidered, with the GFS independent rating contributing to a 
better definition.

The values indicated here are indicative of the most 
common and general lithologies encountered in the train-
ing datasets. Any other possible lithology, not listed in the 
table, could be accommodated, always taking into account 
the scale between 1 and 5.

Collinearity and parameter selection

Multicollinearity occurs when two or more predictor vari-
ables in a model are strongly correlated. In this study, 
multicollinearity was assessed through the analysis of the 
correlation matrix, which measures the strength of linear 
relationships among variables. The results are shown in 
Fig. 6.

Overall, no strong correlations are observed among most 
variables, with the notable exception of IP and FF, which 
exhibit a very high correlation coefficient (0.96), which is 
expected given the formulation of IP, in which FF is the 
dominant contributing factor (Eq. 1). Despite this, all param-
eters identified in the previous steps were retained as features 
in the model. Random Forest is a tree-based algorithm, and 
decision trees are robust to variable scaling because splits are 
performed using threshold values rather than absolute mag-
nitudes (Hastie et al. 2009). As a result, data normalization 

Table 7   Rating values for GFS (right-hand column) with a compari-
son with the hydrological (BF site) or geochemical (GS site) classifi-
cation (see main text for references)

Site classification Group Groundwater flow system Rating

BF springs SH Local high-elevation system 1
SL Local low-elevation system 1.5
SS Local slope system 1
TH Regional high-elevation system 1.5
TL Regional low-elevation system 2

GS springs 2 Local system 1
1–4 Mixed contributions between 

shallow deposits and deep 
circuits

1.5

3–5 Regional system 2
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is generally unnecessary, and the algorithm is also relatively 
robust to multicollinearity. This robustness, however, may 
lead to some degree of informational redundancy. Neverthe-
less, all parameters were included to allow a direct compari-
son with the DHI methodology. The exclusion of additional 
geological and hydrogeological parameters (e.g., fracture 
orientation, recharge rate, aquifer thickness) that could play 

an important role is due both to their absence in the available 
datasets and to the intention of testing an approach closely 
aligned with that of the DHI.

Fig. 5   Three hazard parameters from the DHI method applied to the 
Firenzuola tunnel (Canuti et  al. 2009). The rock mass permeability 
(MK, green), fracture frequency (FF, red), and inflow potential (IP, 
blue) were calculated on 100-m sectors. Geology: FMA: Marnoso-
Arenacea Formation; FMA3: Premilcuore member; FMA4: Galeata 

member; FMA5: Collina member; FMA7: Bassana member; FMA8: 
Nespoli member; MVV: Villore Varicoloured Marl Formation; AQR: 
Acquerino Formation; TCG: Carigiola Stream Formation; AVC: Var-
icoloured Clay-Limestone Formationcas: Casaglia chaotic Unit

Table 8   Rating values for PC 
rating

Permeability channels Rating

No intersection 1
Intersection 2

Table 9   Rating values for G rating

Lithology Rating

Not aquifer lithology (e.g. mudstone, shale, marls) 1
Unconsolidated deposits covering bedrock (debris, alluvium, 

colluvium)
2

Sedimentary or crystalline 3
Volcanic 4
Karst 5
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The Random Forest (RF) approach

To apply an ML-based data-driven tool for the risk assess-
ment of a spring to impact induced from tunnelling, an RF 
algorithm was adopted. The process was applied in a Python 
environment. The RF algorithm is a ML-supervised learn-
ing method finalized for both regression and classification 
approaches. In this case, the classification algorithm was 
used.

Starting from an original dataset formed by specimens 
(elements) and the definition of possible target categories 
for each of them (for example, presence or absence of a 
certain consequence against a specimen), the RF algorithm 
will learn from a subset of the original dataset of elements, 
defined as the training set. It will be tested on the remain-
ing part of the dataset, defined as the test set. In the specific 
application, the specimens or elements are represented by 
springs, and the binary target category is the presence or 
absence of an impact due to tunnelling.

Random Forest uses multiple decision trees (Fig. 7) and 
assigns the majority of the predictions to the predicted (more 
likely) category (Breiman 2001). The hyperparameters of 
the RF model are listed in Table 10. These parameters con-
trol the structure, randomness, and performance trade-offs 
of the forest, and are often tuned during model optimization. 
Their meaning and general ranges are presented, followed 
later by the main hyperparameters relevant to this study and 
the details of their fine-tuning process.

A certain ratio for splitting between the training and 
testing sets is chosen. The splitting proportion depends on 
the amount of available data and may range from 50/50 to 
90/10% (Kuhn and Johnson 2013). In the presented case 
study, 70–30% is adopted (the dataset is of medium to small 
size).

A high number of simulation models is run (100 in the 
presented case study), each trained with a different asso-
ciation of specimens (fixed as 70% of total population of 
specimens) and validated against the complementary test 
set, changing the random seed each time for the choice of 
the specimens (Fig. 8). The random seed process splits the 
specimens randomly between the training and the test sets. 
In this way, the potential information provided by each 
specimen is randomly used in order to avoid losing any 
information about situations that cause impacts or nonim-
pacts to the receptors. The choice of the limited number of 
simulation models (100) is due to the relatively low number 
of specimens. The final output is represented by 100 dif-
ferent probability distributions linked to each simulation. 
Thus, each specimen (spring) will have an average and a 
standard deviation of the RF probability related to the 100 
simulations. Each simulation corresponds to a different ML 
model. The data splitting was performed in Python using the 
train_test_split function, and the proportion between class 
1 (impact) and class 0 (no impact) was preserved between 
the training and test sets by using the stratify argument. This 
approach also helps to reduce prediction bias. In the dataset, 
impacted sources represent approximately 30% of the total, 
indicating a moderate class imbalance.

The most essential hyperparameters were selected, 
along with their corresponding ranges for this model, as 
shown in Table 11. Tuning was performed using the Grid-
SearchCV function from the Python package scikit-learn 
(Table 12). The ranges represent all possible combina-
tions that were analyzed, while the final value corresponds 
to the one that maximizes the scoring metrics. Through 
trial and error, the tested hyperparameters were found to 
be the most sensitive for classification. Other hyperpa-
rameters, which were not fine-tuned, were kept at their 
default values. Although these could be included in the 
GridSearchCV function, their potential gains are marginal.

A split is performed at each node of the decision tree 
(Fig. 9); each node corresponds to a parameter taken into 
consideration for the evaluation and potentially leading 
to the final target category assignment. Each slice tries 
to unify the dataset towards one of the target categories, 
creating homogeneous subsets (Breiman et al. 1984). The 
target categories indicate the result, which is the answer 
that was sought (impact – no impact). There are different 
slicing criteria that measure the quality of the split accord-
ing to the RF classification: the Gini impurity (GI), the 
entropy (H), and the log-loss (Table 10). Gini impurity 
(GI) is the default criterion and was considered sufficient 
as the splitting criterion for the measurement of the quality 
of the split; it represents the likelihood of misclassifying 
a randomly selected element from the dataset, according 
to the distribution of target categories within the dataset. 

Fig. 6   Correlation matrix. IP: inflow potential; OV: overburden; 
MK: rock mass permeability; FF: fracture frequency; PC: permeabil-
ity channel; GPS: groundwater flow system; G: geology; TE: topo-
graphic effect; EL: elevation; DT: distance
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The splitting in the decision tree aims to minimize GI, 
given by (2):

where pi is the probability of choosing the element i to be 
selected for splitting (Breiman 2001; Rodriguez-Galiano 
et al. 2014; Lauzon and Gloaguen 2024). At the end of the 
path, nodes are reached that indicate the outcome of one 
category over the other. The results and the classification of 
the predetermined number of trees were averaged.

A threshold must be chosen to indicate whether 
an element will be assigned the occurrence or the 

(2)GI = 1 −

n
∑

i=1

p2
i

nonoccurrence of a certain consequence (impact or no 
impact). In the presented case study, a threshold of 0.5 
has been adopted: this means that if > 50% of the trees 
leading to an adverse consequence (impact) were assigned 
to an element (spring), the given element was considered 
to be adversely impacted. With 100 models, the average 
of the RF probability values was computed. Some mod-
els indicated impact, while others indicated nonimpact 
regarding the same spring. Both pieces of information 
were considered when assessing the risk for the individual 
spring. For model evaluation, the standard scoring met-
rics listed in Table 12 were used. Given the presence of 
100 different models, cross-validation was performed, 
and the mean and standard deviation of each scoring 

Fig. 7   A diagram summariz-
ing the different steps for the 
creation and evaluation of a 
Random Forest model
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Table 10   Overview of the main hyperparameters of the Random Forest Classifier (derived from Python package scikit-learn). Each hyperparam-
eter is briefly described along with its recommended range of values

Hyperparameter Description Typical/default values

n_estimators Number of trees in the forest 100 (default), common range: 100–1000
Slicing criterion Function to measure split quality ‘gini’ (default), ‘entropy’, ‘log_loss’
max_depth Maximum depth of a tree. Prevents overfitting None, 10–100
min_sample_split Minimum samples required to split a node 2 (default), 2–10
min_sample_leaf Minimum samples required at a leaf node 1 (default), 1–5
min_weight_fraction_leaf Minimum weighted fraction of sum of weights at a leaf node 0.0 (default), typically near 0.0
max_features Max number of features to consider when splitting ‘sqrt’ (default), ‘log2’, float (0–1)
max_leaf_node Grow trees with max number of leaf nodes None (default)
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metric were computed. The schematic representation is 
presented in Fig. 8.

Following the run of the model, the most relevant param-
eter to predict the final outcome category was chosen. There 
are several ways to calculate the feature importance and 
parameter effect of a model, both at a global level, with the 
aim of explaining the behaviour of the entire model across 
the whole data distribution, or at a local level, with the aim 
to explain individual predictions or classifications (Molnar 
et al. 2020).

At the global level, the permutation feature importance 
(PFI) was calculated. PFI is based on the idea of permut-
ing the values of a parameter (referred to as “feature” in 
the definition) and observing how much the model’s perfor-
mance deteriorates (Breiman 2001). PFI is a method used 

to assess the influence of each variable on a model’s predic-
tions. The idea is straightforward: each feature is taken in 
turn and its values in the test dataset are randomly shuffled, 
thereby breaking any relationship between that variable and 
the target. The model’s performance is then recalculated; if 
the metric decreases significantly, it indicates that the model 
relies heavily on that feature, whereas a small change sug-
gests a negligible impact. This approach provides an intui-
tive measure directly linked to model effectiveness and is 
applicable to any type of algorithm. In this case, accuracy 
was used as the performance metric. As a local method for 
evaluating feature effects, a Shapley additive explanations 
(SHAP) value was used. The SHAP value, derived from 
cooperative game theory, is a method for fairly distributing 
the contribution of each parameter in a predictive model. It 
quantifies the parameter’s relevance by calculating its aver-
age marginal contribution across all possible combinations 
of parameters (Lundberg and Lee 2017). The dataset analysis 
followed a two-step process: first, the BF and GS monitoring 
datasets were analyzed separately; then, they were merged 
into a single dataset comprising 210 spring elements.

Comparison with drawdown hazard index (DHI)

As a comparison with the RF method, the DHI parametric 
tool was applied to the same datasets. The final output of the 
method is the DHI, derived as follows:

where all the parameters have been previously described. 
DHI was evaluated for each spring according to the score 
indicated in Table 13. The thresholds were identified in 
Dematteis et al. (2001) by analyzing observed impact cases 
in the study areas. Both the RF and the DHI approaches rely 
on similar input data and adopt the same scoring framework.

For the comparison, the bootstrap confidence interval 
(CI) was adopted. The bootstrap CI is a statistical tech-
nique used to assess the variability of a metric without 

(3)DHI = IP ×
(GFS × DT × TE × PC)

16

Fig. 8   Scheme of operation of the 100 simulations. The dataset is 
divided 100 times into training and test sets. Metrics are calculated 
for each simulation, and the mean and standard deviation are calcu-
lated. In addition, there will be 100 different probabilities of the RF, 
from which the mean and standard deviation will be calculated again. 
The final boxplot summarises the results of a single spring

Table 11   Selected RF hyperparameters of RF with corresponding 
adopted values

Hyperparameter Range (list) Final value

n_estimators 440–500 490
max_depth 4–10 8
min_samples_split 2; 5; 10 2
min_samples_leaf 1; 2; 4 1
Max_features “auto”; “sqrt”; “log2” “sqrt”

Table 12   Main scoring criteria used for RF model tuning with Grid-
SearchCV and for model robustness and evaluation

TP = true positive; TN = true negative; FP = false positive; FN = false 
negative

Scoring Formula

Accuracy (A) TP+TN

TP+FN+TN+FP

Precision (P) TP

TP+FP

Recall (R) TP

TP+FN

F1 2×P×R

P+R

Matthew correlation coefficient (MCC) TP×TN−FP×FN
√

(TP+FP)(TP+FN)(TN+FP)(TN+FN)
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assuming a specific data distribution. It generates many 
resampled datasets with replacement, computes the metric 
on each, and derives an empirical distribution from which 
confidence intervals (typically 95%) are obtained. When 
comparing two methods, the bootstrap can be applied to 
the difference in metrics, providing a robust and intui-
tive way to determine whether one model significantly 
outperforms the other. Model performance was evaluated 
using F1, which balances precision and recall, and MCC, 
a robust metric for overall performance that handles class 
imbalance effectively.

Results

The dataset analysis followed a two-step process: a first 
application to the original datasets was treated separately, 
followed by a unified application to both datasets considered 
as a whole.

The probability distribution of impact associated with 
each application (probability mean and standard deviation 

for each spring), derived from the decision trees, was used 
to create the boxplots presented in Fig. 10. Three types of 
outcomes result in comparison with a 0.5 threshold (50% 
of decision trees addressing an impact):

•	 Group 1: springs with a distribution entirely above the 
0.5 threshold (see Spring ID 2 in Fig. 10);

•	 Group 2: springs with a distribution entirely below the 
0.5 threshold (see Spring ID 14 in Fig. 10);

•	 Group 3: springs with a mixed distribution (see Spring 
ID 17 in Fig. 10).

Figure 10 shows 30 springs, out of the total datasets; this 
is to show just one example of the results. The remainder 
of the boxplots are shown in Figs. S4–S11 of the electronic 
supplementary materials (ESM). The evaluation metrics of 
the application of the RF model to the BF and GS original 
datasets (first step) are presented in Table 14, along with 
the results of the merged dataset and the results of the DHI 
applied to the two case studies. The validation results for 
the two individual models are presented in Table 15. The 
first model (BF) was validated with data from the GS and 
vice versa.

The receiver operating characteristic (ROC) curve is a 
plot that illustrates the diagnostic ability of a binary classi-
fier by showing the trade-off between the true positive rate 
(TPR) and the false positive rate (FPR) at different threshold 
settings. It helps compare models and evaluate the balance 
between sensitivity and specificity. The area under the curve 
(AUC) measures performance: the closer to 1, the better the 
model (Zweig and Campbell 1993).

The ROC curves related to the 100 models of the RF 
application, according to the two steps, are shown in Fig. 11, 
along with the quantification of the AUC of the 100 mod-
els’ mean and standard deviation. In Fig. 12, the parameter 
importance and parameter effect analysis via the SHAP val-
ues and PFI values are shown. The graph associates high 
SHAP values with the impact category, while negative val-
ues are related to nonimpacts (the graph can also be set in 
reverse).

For the BF dataset, there are 48 springs from group 
1, 81 springs from group 2, and 31 springs from group 3 
(Fig. 10a). The AUC value is 0.90 ± 0.03 (Fig. 11a). The 
SHAP value (Fig. 12a) reveals the relevance of inflow poten-
tial (IP), followed by fracture frequency (FF), and, in third 
place, by the differential elevation (EL) parameter. High val-
ues of IP and FF and low values of EL are associated with 
positive SHAP values, corresponding to an impact outcome 
(Impact). Concerning the other parameters, a positive SHAP 
value is directly correlated with GFS, OV, and MK, whereas 
an inverse correlation is observed with DT values. The PFI 
method shows that IP, FF, and EL are the features that most 
affect accuracy (Fig. 12b).

Fig. 9   Rating assignment for the GE parameter. Modified from Dem-
atteis et al. (2025)

Table 13   DHI classes and meaning (Dematteis et al. 2001)

DHI class Index score Probability of impact

1  ≤ 0.16 Negligible
2 0.16 < DHI ≤ 0.24 Low
3  > 0.24 High
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Fig. 10   Boxplot of the probability distribution of impact for each spring in the original dataset, based on 100 models. a First 30 springs of the 
BF dataset; b First 25 springs of the GS dataset; c First 30 springs of the whole (BF + GS) dataset. The actual observed impacts are indicated
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For the GS application, there is an improvement in the 
evaluation metrics results regarding the BF case (Table 14). 
There are 25 springs from group 1, 20 springs from group 2, 
and 5 springs from group 3 (Fig. 10b), and the AUC value is 
0.99 ± 0.02 (Fig. 11b). The SHAP analysis (Fig. 12c) results 
differ from the BF case dataset: the most relevant parameter 
is GFS, followed by DT and MK, whereas the least impor-
tant ones are OV, FF, and G. A high GFS value is positively 
correlated with SHAP values, as is the case for MK and DT. 
The PFI method shows that accuracy changes the most with 
GFS, EL, and DT (Fig. 12d).

In the second step, the same procedure was carried out 
by combining the two datasets (Fig. 10c; Fig. 11c). The 
AUC value is 0.93 ± 0.03. The SHAP analysis (Fig. 12e) 
indicates that IP has major relative weight, followed by FF 
and then GFS. The least indicative value for prediction is 
OV. A direct correlation with the SHAP values is derived 
from IP, FF, GFS, CP, MK, TE, and OV. Regarding EL 
and DT, the values are more dispersed compared to the 
analysis of the first step on separate datasets. Concerning 
the sensitivity analysis (PFI), the parameters that most 
influence the A value are again IP, followed by GFS and 
FF (Fig. 12f).

For each spring, the associated impact risk was 
assessed according to two approaches: the first, consid-
ers the “impact” values exceeding the “high” probability 
threshold of DHI (0.24, Torri et al. 2007); the second, 
considers the “impact” values exceeding the “Low” prob-
ability threshold of DHI (0.16, Torri et al. 2007). In this 
way, on the basis of accuracy, precision, recall, F1, and 
MCC, it was possible to adopt the same evaluation met-
rics for both approaches.

The results of the comparison are shown in the 
lower half of Table 14. The evaluation metric values 
are higher when the 0.16 threshold of low probability is 

used. Figure 13b shows, using a Radar Chart, the graph-
ical comparison between the ML model and the DHI 
approach. Bootstrap confidence intervals (CIs) were 
computed to assess the performance of the RF model 
against the DHI-based methods using thresholds of 0.16 
and 0.24, with both the MCC and F1 score. The results 
indicate that RF consistently outperforms both DHI 
thresholds across all metrics. Specifically, for MCC, the 
mean differences were 0.286 (95% CI [0.119, 0.451]) 
for RF vs DHI, 0.16 and 0.276 (95% CI [0.111, 0.438]) 
for RF vs DHI 0.24, indicating statistically significant 
improvements. Similarly, for the F1-score, RF achieved 
a mean gain of 0.131 (95% CI [0.035, 0.224]) against 
DHI 0.16 and 0.119 (95% CI [0.028, 0.209]) against 
DHI 0.24. In all cases, the confidence intervals did not 
include the value “zero”, confirming the superiority of 
RF. MCC was prioritized as a robust global measure, 
particularly suitable for unbalanced data, whereas F1 
provided a balanced assessment of precision and recall. 
The results are summarized in Table 16.

The average ROC curve of the combined approach 
(the mean value of the 100 models) was subsequently 
used to select three relevant thresholds. Several thresh-
old triplets were randomly generated, along with the 
associated partial ROC curve. The optimal set of thresh-
olds was identified by maximizing the AUC value of 
the best-performing partial ROC curve segments (Titti 
et al. 2022). The values of the three selected thresholds 
are reported in Table 17, while the segment fractiona-
tion of the ROC curve is illustrated in Fig. 14. An aver-
age probability value (APV), with a corresponding risk 
class, is associated with each analysed element (spring) 
in relation to the established thresholds. The results of 
the classification for all springs can be found in Table S1 
and Figs. S5–S11 of the ESM.

Table 14   Evaluation metrics 
for Random Forest (RF) and 
drawdown hazard index (DHI) 
application to original datasets. 
The metrics for the DHI are 
based on different thresholds

Method Case study Accuracy (%) Precision (%) Recall (%) F1 (%) MCC (%)

RF BF 83 ± 4 77 ± 7 80 ± 9 78 ± 6 64 ± 9
GS 92 ± 6 92 ± 7 94 ± 9 93 ± 6 85 ± 11
BF + GS 85 ± 3 80 ± 5 86 ± 6 83 ± 4 70 ± 7

DHI BF 0.24 70 70 48 57 37
BF 0.16 70 61 74 67 41
GS 0.24 62 100 32 48 41
GS 0.16 68 100 32 60 50

Table 15   Validation values 
of the two individual models 
against the other dataset

Case study Accuracy (%) Precision (%) Recall (%) F1 (%) MCC (%)

BF validation 56 ± 5 56 ± 3 95 ± 9 70 ± 4 3 ± 15
GS validation 61 ± 2 52 ± 6 25 ± 8 33 ± 6 12 ± 4
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Sensitivity analysis and discussion

The comparative analysis of the results of different RF mod-
els and of the relative relevance of parameters in affecting 
the impact probability sheds a data-driven light on the rela-
tionship between hazard and receptors in the risk assessment 
of hydrogeological interference induced from tunnelling.

The sensitivity (S) of each parameter in affecting the out-
put of the three RF models and the DHI method is shown in 
Fig. 15. The sensitivity, or relative weight of the parameter, 
was calculated as follows: for the RF model, SHAP values 
were employed. The SHAP values were summed, and each 
parameter was subsequently normalized. For the DHI, the 
variation between the minimum and maximum value of each 
parameter was calculated and normalized with respect to the 
maximum possible DHI value.

Sensitivity analysis for BF model

The relative contribution to S from the hazard and vul-
nerability parameters is, respectively, 67.5 and 32.5%. In 
terms of hazard, the main role, and relatively major S value, 
derives from parameter IP and FF, with values respec-
tively of 38 and 23%. This is hydrogeologically reasonable 
because, in the framework of the risk paradigm, they are 
connected to the magnitude of the hazard (e.g. higher like-
lihood of water influx in the tunnel strongly related to the 
degree of fracturing). The dominance of FF in affecting the 
hazard, in respect to MK (much less relevant with an S value 
of 2%), is likely due to the geological setting, dominated 
by turbiditic sedimentary aquifers. These aquifers consist 
of the alternance of arenitic and pelitic layers with a strong 
contrast in geomechanical properties where the first potential 
aquifer is more prone to brittle behaviour and the second is 
more ductile. Moreover, it was found that faults, with associ-
ated higher fracture frequency, are the elements that guide 

the more active groundwater inrushes in the tunnel cross-
cutting the effects of the permeability of single rock mass 
units. Vulnerability parameters appear to play a more mar-
ginal role, with relatively greater importance assigned to EL 
(9%) and DT (6%); by the way they are now differentiated 
from each other, in terms of relative weight, respect to the 
DHI approach. TE and MK emerge as the least influential 
parameters, with an S value lower than 3%. The relationship 
between each parameter and the impact probability is always 
directly proportional.

Sensitivity analysis for GS model

The relative contribution to S from the hazard and vulner-
ability parameters is, respectively, 28.5 and 71.5%; thus, 
owing to the karst nature of the setting, the hydrogeologi-
cal connection plays the dominant role. This is important 
because it demonstrates that two very different geologi-
cal settings have been analysed; thus, the final global 
approach could be considered more robust. The general 
relevance of hazard parameters decreases in respect to the 
BF model. The major relative weight is now provided by 
MK along with IP (both with an S value of 14%), with an 
associated decreased sensitivity for FF. The paramount 
role of karstification in the GS setting pushes MK to the 
upper rim of the specific S range for hazard with the main 
role in affecting the IP (a single maximum value of MK 
was assigned to all sectors of the tunnel owing to the 
relevance of dissolution in the carbonate units). Tunnel 
sectors are so far from many impacted springs that the 
relative weights of sector-specific hazard parameters, like 
FF and OV, is poorly relevant. A different combination 
of the relative weight of parameters is also observed for 
vulnerability. The most relevant parameters of all, includ-
ing also the hazard, are GFS with an S value of 27% (in 
respect to 5% for the BF site); the typology of groundwater 

Fig. 11   ROC curve for the three RF model applications: a BF; b GS; c BF + GS. The blue line represents the mean of the 100 models, and the 
light blue fringe denotes the standard deviation envelope around the mean
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flow systems becomes the key vulnerability factor affect-
ing impact to springs, regarding the simple geometrical 
distance between tunnel and receptors (still however rel-
evant). Most of the more productive impacted springs are 
connected to the regional GFS and located far away from 

the tunnel at a distance in the range of 15–35 km. The 
relative weight for PC is also higher in respect to the BF 
setting (S value respectively 11 and 4%), which is the con-
sequence of the unfeasibility of an univoque assignment of 
the spatial relationship between a sector and a spring (for 

Fig. 12   SHAP values for the BF model (a), GS model (c), and the 
combined BF + GS model (e); and PFI values for the BF model (b), 
GS model (d), and the BF + GS model (f). IP: inflow potential; OV: 

overburden; MK: rock mass permeability; FF: fracture frequency; PC: 
permeability channel; GPS: groundwater flow system; G: geology; 
TE: topographic effect; EL: elevation; DT: distance
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the high degree of hierarchization of the karst groundwater 
flow system). Thus, the most conservative approach was 
chosen by assigning the maximum rating to all the springs. 
The relationship between each parameter and the impact 
probability is always directly proportional with the excep-
tion of vulnerability parameters EL and DT (Fig. 12); this 
is due to the occurrence of negative EL values—i.e., when 
the tunnel is located at a higher elevation than the spring, 
with a consequent reduction of the impact probability, and 
the presence of impacts in the distal springs, at the termi-
nation of the flow system, is located far apart.

Sensitivity analysis for the “combined” model

The setting-specific role of each parameter is obviously 
smoothed down. The relative contribution to the S from 
hazard and vulnerability parameters is, respectively, 50.5 
and 49.5%. In terms of hazard, IP and FF parameters are the 
most relevant, whereas OV is the least relevant. In terms of 
vulnerability, GFS is the most relevant parameter, followed 
by the geometrical ones (EL and DT). The relationship 

between each parameter and the impact probability is always 
directly proportional, with the exception of EL and DT, as 
derived from the GS application as previously explained.

Sensitivity analysis for DHI method

The comparison with the RF models is shown in Fig. 15. The 
relative contribution to the S from hazard and vulnerability 
parameters is, respectively, 32 and 68%. The inflow potential 
(IP) is the most relevant in terms of hazard, whereas, among 
the vulnerability parameters, all (TE, GFS, DT, PC) have the 
same S value (17%), but are much higher in respect to the 
RF approach (every model). The DHI method dampens out 
all vulnerability parameters at the same weight, with all the 
four parameters having values ranging from 1 to 2, which 
affects the final DHI value in the same proportion.

Results of the SHAP and PFI plots

The two case studies provide unique insights. In the BF case, 
the SHAP plot and PFI indicate that the most informative 

Fig. 13   Identification of the 
thresholds (red dotted lines) that 
maximise the sum of partial 
AUC values in relation to the 
average ROC curve

Table 16   Results of the bootstrap confidence intervals between the 
RF and the two DHI thresholds

Metric DHI threshold ΔRF-DHI (mean) 95% CI

MCC 0.24 0.286 (0.119, 0.451)
MCC 0.16 0.276 (0.111, 0.438)
F1-score 0.24 0.131 (0.035, 0.224)
F1-score 0.16 0.119 (0.028, 0.209)

Table 17   Threshold values and 
corresponding categorization 
into risk classes

Class APV thresh-
old values 
range

A 0–0.16
B 0.16–0.45
C 0.45–0.78
D 0.78–1
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parameters are IP and FF. These are associated with rela-
tively low-permeability units (alternation of arenitic and 
silty-clayey layers), but with a relevant occurrence of 
extensional fault zones, which increase the FF locally and 

frequently, and, consequently, the IP values. Most ground-
water flow paths are therefore established within these frac-
tures; when the tunnel intersects them, hydraulic connec-
tions are created, leading to impacts on the springs. In the 

Fig. 14   Radar chart relative to: a Comparison of three RF classification models; b Comparison between the global (BF + GS) RF classification 
model and DHI parametric method

Fig. 15   Sensitivity levels of each parameter in the three RF models 
and the DHI. Some parameters are absent in the DHI, while others 
are absent in the GS because they have no decision-making weight 
in the models. IP: inflow potential; OV: overburden; MK: rock mass 

permeability; FF: fracture frequency; PC: permeability channel; GPS: 
groundwater flow system; G: geology; TE: topographic effect; EL: 
elevation; DT: distance
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GS case, the most influential parameters are GFS and DT. 
This does not imply that IP and FF are unimportant; rather, 
in the GS case study, their values are consistently high, 
resulting in limited variability because they are categori-
cal variables. Accordingly, when the model trained on the 
BF dataset is applied to the GS case, it predicts all springs 
as impacted, reflecting the uniformly high IP and FF val-
ues. Under conditions of similarly high IP and FF, the other 
parameters become discriminative between those springs 
impacted and those nonimpacted.

For almost all parameters, a single directional relationship 
is observed: in the SHAP plots, increasing parameter values 
correspond to higher impact probabilities. In contrast, DT 
and EL exhibit a bidirectional behaviour. For DT, this is 
related to specific cases, such as the Tirino springs, located 
approximately 35 km south of the tunnel, which nonetheless 
experienced an impact on discharge. Although impact proba-
bility generally decreases with increasing distance, the Gran 
Sasso tunnel affects a regional karst aquifer, allowing even 
distant springs to be affected. EL, by contrast, is inversely 
related to impact probability: Smaller vertical distances are 
associated with higher likelihood of impact. However, this 
relationship is also affected by the horizontal distance from 
the tunnel: proximity increases the plausibility of hydraulic 
connection, whereas greater distances reduce the likelihood 
that a spring belongs to the same flow system affected by 
the tunnel.

Model performance evaluation

The metrics value of the RF model results is higher with 
respect to the DHI application with both chosen thresholds 
(Table 14). Concerning DHI, if there is also an increase in 
recall as the impact threshold is lowered, a parallel decrease 
in accuracy, and thus in the occurrence of false positives, is 
observed. This indicates that an increase in the DHI value 
corresponds to a higher probability of impact; however, a 
high DHI value alone does not necessarily indicate a source 
that can be impacted. Failing to distinguish a high DHI value 
for one parameter from that of another may result in high 
predicted probabilities where no actual impact is observed. 
The analysis of the ROC curves (Fig. 11) indicates a high 
level of model performance across the three case studies, as 
expressed by the proximity to the unity value for AUC. The 
BF validation shows better metrics, with a high recall. For 
the GS model, the ROC curve shows exceptionally good per-
formance with really high evaluation metrics, but the effect 
of model overfitting must be taken into account, employing 
caution in the analysis. Substantially, the model is able to 
detect almost all impacted springs (high recall), but with 
quite low precision in other situations (Table 15), and the 
validation yields extremely low values for various metrics 

(accuracy, precision, F1, MCC). In this situation, usually 
the model would be considered overfitted, because it fails to 
generalize its application to case studies other than its own.

Nevertheless, the reciprocal validation of the two separate 
models does not provide good metrics (Table 15), owing to 
the fact that the associated impacts are controlled by differ-
ent processes. The need to unify the models arises from the 
necessity to merge together the contributions of parameters 
with different relative relevance in the different settings. The 
ROC curve of the unified model is slightly better than the 
single BF case and worse than the GS case. Unlike GS, how-
ever, the model does not appear to be overfitted, as inferred 
from the shape of the ROC curve.

Risk class

The classification of the different springs involved in the 
analysis into distinct impact-risk classes is necessary for 
the cost–benefit assessment of an underground project. The 
potential occurrence of an impact must be addressed either 
through the substitution of the resource (if exploited) or by 
introducing modifications to the project design. To this end, 
the ROC curve was used to identify the different thresholds. 
The division of the average ROC curve is based on changes 
in its slope, indicating points where the true positive rate 
slows down, while the false positive rate increases. The three 
thresholds and the corresponding three classes in Table 17 
were used to define four distinct risk classes (Table 18). Fur-
thermore, by using these thresholds, it is possible to assess 
the position of each spring in the probability boxplot and to 
quantify the associated uncertainty.

Conclusions

A data-driven machine learning Random Forest (RF) model 
for the risk assessment of hydrogeological interference 
(impact) against springs derived from tunnelling has been 
provided. The model is based on entry values of parameters 
related either to the hazard, e.g. the probability of having 
a relevant water inflow in the tunnel, or of the vulnerabil-
ity of the receptors exposed to risk (springs), related to the 
degree of hydrogeological connection between the tunnel 
and the receptor. The parameters are derived from existing, 

Table 18   Risk classes. Classes 
are taken from Table 17

Class Risk

A Very low
B Low
C Medium
D High
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not physically based parametric approaches commonly used 
in professional applications (DHI method), alongside the 
introduction of additional ones, not taken into account by 
DHI, but considered relevant regarding the possibility of 
affecting both hazard and vulnerability.

The model was trained and calibrated independently, 
versus two datasets originating from the environmental 
monitoring of spring discharge associated with the tunnel 
excavation in two different geological settings: a sedimen-
tary fractured aquifer and a carbonatic karst aquifer. In both 
cases, actual hydrogeological interference was verified by 
different approaches through a comparison with ante operam 
(before excavation) observed conditions. Site-specifically 
trained models show good performance, but they appear to 
be site-dependent and overfitted. This is particularly evident 
in the karst case application, where the model, on its own, 
fails to have predictive utility.

The consequent merging of the two separate models 
into a unified one helps to balance out discrepancies, also 
with the inclusion of a new parameter that is related to the 
lithological composition of the aquifer and contributes to 
improving the final predictability score. The predictive 
power of the unified model is good, as evidenced by the 
metrics in Table 14; furthermore, the model demonstrates a 
strong performance as indicated by a high AUC. The most 
relevant parameters affecting the hazard are the IP, strongly 
controlled in a combined way by fracture frequency and rock 
mass permeability, whereas the most relevant parameters 
in affecting vulnerability are the typology of the ground-
water flow system discharging to the spring and the geo-
metrical relationships (distance, relative elevation) between 
the spring and the tunnel. The results of the ML model 
have been compared with the output of the parametric DHI, 
unravelling the original subjectivity of weights assigned to 
different parameters.

Machine learning generally demonstrates higher accuracy 
compared to the DHI, according to the key evaluation met-
rics. Both approaches (data-driven and parametric) exhibit 
strong and comparable sensitivity of parameters related 
to the hazard component of hydrogeological risk, particu-
larly within the IP. Conversely, a marked difference arises 
in relation to the affecting vulnerability parameters: While 
the relative weight provided by the DHI method to the four 
parameters is equal, the ML approach emphasizes the role of 
groundwater flow systems associated with springs over other 
purely topographical or geometrical parameters, related to 
the distance or differential elevation between the spring and 
tunnel. These differences lead to divergent prediction out-
comes between the two approaches.

To the best of current knowledge, this represents the first 
release of a data-driven general-purpose model to assess 
impacts from tunnelling. The presented approach, useful for 
a preliminary assessment of the associated risk of impact, 

deserves further validation with other settings but has the 
advantage of being data-driven; thus, in some way, it is 
physically based on the complex hydrogeological processes 
affecting the transfer of hydrogeologic impact from the tun-
nel to the receptors (springs). The adopted parameters are 
tailored to base tunnels that could interact with deep ground-
water flow systems. For the method to be applied to differ-
ent scenarios, the parameters should be reweighted accord-
ingly—for example, a shallow tunnel may have a greater 
impact on shallower groundwater flow systems compared 
to deeper ones. Nevertheless, the method provides a reliable 
risk analysis that supports the designer in the early stages 
of the project, enabling the effective identification of high-
risk areas where further investigations can be subsequently 
focused. The presented approach could be considered a start-
ing point subjected in the future to continual improvement 
with the addition of new datasets, coming from different 
geological settings.

Although ML is often considered a black box, and so not 
able to identify and quantify the physical process explain-
ing a given observation, in many applications involving 
the hydrology of groundwater flow, where complexity, 
anisotropy and heterogeneity are dominant, ML is surely 
a powerful tool to unravel the mystery associated with the 
assessment. For the case of hydrogeological interference 
by a tunnel, up to now, in the early stage of the design, 
approached only by subjective parametric methods, the 
objective quantification of the relative weights of parameters 
that affect the risk is relevant and contributes to identify-
ing which are the key indicators deserving better considera-
tion in the early investigations. In a complex scenario such 
as tunnel excavation, finding ways to simplify information 
and identify connections between different parameters is 
extremely important.

Limitations and future work

The analysed case studies are linked to the complex geol-
ogy of the Italian territory and are constrained by the avail-
ability of well-documented and objective investigations on 
actual impacts and by the disclosure agreements of main 
projects. The Bologna-Florence (BF) case is associated with 
the hydrogeology of turbiditic complexes, while the Gran 
Sasso (GS) case involves a carbonate system. In studies set 
in metamorphic and/or volcanic environments, the method-
ology may produce potential false positives and false nega-
tives. Nevertheless, it is believed that in similar geological 
settings, the approach could achieve reliable results. The 
presented research should be considered a starting point 
of an ongoing job; any further availability of well docu-
mented and verified investigations is welcome in order to 
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validate the model, both in cases with comparable geologi-
cal conditions and in settings with different geology. In the 
latter scenario, if performance is low, a detailed analysis 
could identify which parameters are most informative. The 
underlying idea is to demonstrate that, with appropriate data, 
the model can outperform one of the most commonly used 
methods. Improving pre- and post-operational monitoring 
would therefore contribute to the creation of a higher-quality 
dataset.

Another critical aspect is data uncertainty and accessi-
bility. The two case studies benefited from comprehensive 
hydrogeological and geological data coverage. High-quality 
geological sections and environmental monitoring allowed 
for precise identification of the relevant parameters for each 
spring. In studies with more limited environmental data, 
there is a significant risk of error, particularly regarding the 
GFS parameter. This parameter uncertainty must be coupled 
with careful interpretation by the user. In ambiguous situ-
ations, adopting the most conservative parameter estimates 
to assess impact probability may be advisable, subsequently 
guiding further data collection in higher-risk areas.
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