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Abstract: Variations in the CO2 dissolved in water springs have long been observed near the epi-
centers of moderate and strong earthquakes. In a recent work focused on data collected during the
2017–2021 period from a monitoring site in the Northern Apennines, Italy, we noticed a significant
correlation between CO2 anomalies and moderate-to-weak seismic activity. Here, we extended this
analysis by focusing on data collected from the same site during a different period (2010–2013) and
by integrating the CENSUS method with an artificial neural network (ANN) in the already-tested
protocol. As in our previous work, a fit of the computed residual CO2 distributions allowed us to
evidence statistically relevant CO2 anomalies. Thus, we extended a test of the linear dependence
of these anomalies to seismic events over a longer period by means of binary correlations. This
new analysis also included strong seismic events. Depending on the method applied, we observed
different time lags. Specifically, using the CENSUS methodology, we detected a CO2 anomaly one
day ahead of the earthquake and another anomaly eleven days ahead. However, no anomaly was
observed with the ANN methodology. We also investigated possible correlations between CO2

concentrations and rain events and between rain events and earthquakes, highlighting the occurrence
of a CO2 anomaly one day after a rain event of at least 10 mm and no linear dependence of seismic
and rain events. Similar to our previous work, we achieved a probability gain of around 4, which is
the probably of earthquake increases after CO2 anomaly observations.

Keywords: CO2 anomalies; continuous monitoring; small earthquakes; statistical correlations; condi-
tional probability

1. Introduction

The first observations of high concentrations of CO2 in soil gas in correspondence with
faults and major fractures were made in the Caucasus [1], and one of the earliest examples
of the long-time monitoring of escaping gas during the occurrence of earthquakes was
carried out in southern Dagestan [2]. The possible link between earthquake occurrence
and gas release at the surface had been considered in relation to strong seismic events [3,4].
Water springs with elevated levels of dissolved CO2 have been observed worldwide around
seismic zones [5], and the presence of high concentrations of CO2 of predominantly man-
tellic and/or metamorphic origins has been considered a major factor controlling pore
pressure in fractures. Moreover, carbon dioxide degassing has been a recurrent, observed
phenomenon in many active tectonic regions [6,7]. Several observations of CO2 and H2
emanations nearby faults can prove to be a powerful means of identifying the state of the
activity of those same faults [8]. Therefore, models based on the dilatancy phenomenon
have been proposed to relate CO2 and other gaseous emissions to earthquakes [9]. A close
interplay between local magmatism and fluid release at the surface has been hypothesized
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also in Iceland [10], and the link there was explained by advancing a “dual-mechanism
model”. This model considers the reciprocal influence among fluids ascending from below
the brittle crust and plate motion building strain [11]. During earthquakes, deep-seated
fluids migrate upward through faults, resulting in micro-earthquakes.

CO2 excesses have also been observed in extensional domains [12]. The coincidence of CO2
emissions in highly seismic regions has been confirmed on occasion of major events [13,14], in
many aftershock evolutions [15–20], as well as with small seismic events [21]. The release
of deep-seated CO2 may occur by diffuse venting/soil degassing or concentrated flow
through lakes, vents, and hot and cold springs [22]. The amount of gaseous carbon escaping
into the atmosphere is under quantification at a global scale [23]. The flux of endogenous
CO2 can affect aquifer dynamics at a regional scale and can be traced by variations in the
total concentration of dissolved inorganic carbon and its isotope signature [24–27].

From a different perspective, high-pressure fluids can induce the movements of
faults [28]. Specifically, the rise of fluids along fault planes can contribute to weaken-
ing processes in rocks [29]. Techniques resolving changes in Vp and Vp/Vs during strong
seismic activity have recently suggested that a large volume of fluids pushed up, mo-
bilizing groundwater [30], both in Central [31] and Northern Italy [32]. These have a
potential impact on water precursory phenomena [33,34]. Simulation experiments have
also been performed in underground laboratories, which confirmed the influence of fluids
in the seismogenic process [35]. The occurrence of fluid-triggered seismicity has also been
proven [36]. Finally, a relationship between earthquake dilatancy and resistivity has been
proposed [37]. Moreover, pressure-impressed electric currents due to gas passage through
fractured asperities have been observed in laboratory experiments [38]. These experiments
were used to speculate a causal mechanism of the seismo-EM phenomena observed in
recent earthquakes [39].

Since the early 1990s, the potential relationship between CO2 degassing and earth-
quakes has been inferred by manual techniques in Italy [40]. The processing of continuous
CO2 time series began in the early 2000s with the operation of automatic monitoring sta-
tions [41–43]. This study aims to statistically assess the possible influence of low-magnitude
earthquakes on the release of CO2 at Gallicano, Northern Tuscany, where one of the au-
tomatic stations of the Geochemical Network of Tuscany (GNT) is currently monitoring
selected geochemical parameters in the water issued by the local thermo-mineral spring.
Following a satellite data processing procedure [44], we applied a new statistical interpre-
tative approach to investigate CO2 time series recorded by the Gallicano station during
the period of 2010–2013. This procedure relies on the selection of relevant gas anomalies
and on the identification of anomalies statistically correlated to small earthquakes, as has
already been successfully carried out for the CO2 time series collected during the period
of 2017–2021 [45]. Compared to this previous study, in this paper we have considered
the incorporation of artificial neural network (ANN) techniques in the identification of
possible geochemical anomalies. Moreover, for the period of 2010–2013, we have analyzed
not only weak main shocks, as had been performed in our past study [45], but also a
second set of main shocks that comprises strong (M5+) events with major aftershocks. The
earthquakes examined in this paper have been also characterized in terms of the ratio
between the epicentral distance from the spring and the linear length of the seismic source.
Finally, what is new in comparison with our previous work [45] is our verification of
rain magnitude’s influence on dissolved CO2 variations, using two levels of rainfall in
the procedure. We carried out this study with the multiple purpose of (i) validating the
results of the 2017–2021 period [45], (ii) comparing the performance of different statistical
approaches, and (iii) assessing in more detail any possible correlation between rainfall and
seismic events. This ultimately helps in building confidence in assessing and quantifying
mutual correlations among low-to-moderate seismic events, geochemical anomalies, and
rain events by the integration of advanced statistical methods in the “conventional” analy-
sis of hydrogeochemical data. The proposed statistical methods also allow for estimating
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the conditional probabilities of earthquake occurrence around the Gallicano site, which
represents a significant step forward in terms of forecasting improvement.

2. Seismicity

The Gallicano spring (Figure 1) is located in a sector of northwestern Apennines
(Garfagnana Valley) where a NW–SE trending cluster of seismic activity is observed.
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extracted from the Googas online catalog http://hdl.handle.net/2122/3060 (accessed on 23 February 
2024). 

The area is characterized by an elevated seismic risk [48,49]. Several earthquakes with 
a magnitude (MW) larger than 5.5 occurred in this area. Strong historical events are indi-
cated by red circles in Figure 1. On the 14 August 1846, an earthquake with an estimated 
MW of 6.0 occurred around 60 km south of the Gallicano spring, near the Orciano Pisano 
village (Colline Pisane earthquake). Two historical earthquakes took place in the Mugello 
Valley, to the NE of Firenze (13 June 1542: estimated magnitude of 6.0; 29 June 1919: esti-
mated magnitude of 6.2). On the 5 June 1501, an earthquake with an estimated magnitude 
of 5.9 occurred near the Maranello village, in the Modena province, on the northwestern 
slopes of the Apennines. Lastly, the Lunigiana and Garfagnana Valleys experienced a cat-
astrophic event of an estimated magnitude of 6.5 on the 7 September 1920 [46]. 

We retrieved information on regional earthquakes in the period of 2010–2013 from 
the ISIDe catalog http://iside.rm.ingv.it (accessed on 23 February 2024), and we used the 
International Catalog of Earthquakes to estimate the moment magnitude of the strongest 

Figure 1. Location of the monitoring site at Gallicano (green pentagon). White dots = epicenters
of the seismic events considered in this study; yellow star = epicenter of the main seismic event in
Tuscany of 2010–2013; red dots = MW ≥ 6 earthquake after Rovida et al. [46] catalog (CPTI15 v.4.0);
red lines = normal faults; green lines = inverse faults; yellow transparent boxes = seismogenic
sources (after DISS Working group, 2021, version 3.3 [47]); and orange triangles = gaseous emissions
points extracted from the Googas online catalog http://hdl.handle.net/2122/3060 (accessed on 23
February 2024).

The area is characterized by an elevated seismic risk [48,49]. Several earthquakes
with a magnitude (MW) larger than 5.5 occurred in this area. Strong historical events
are indicated by red circles in Figure 1. On the 14 August 1846, an earthquake with an
estimated MW of 6.0 occurred around 60 km south of the Gallicano spring, near the Orciano
Pisano village (Colline Pisane earthquake). Two historical earthquakes took place in the
Mugello Valley, to the NE of Firenze (13 June 1542: estimated magnitude of 6.0; 29 June
1919: estimated magnitude of 6.2). On the 5 June 1501, an earthquake with an estimated
magnitude of 5.9 occurred near the Maranello village, in the Modena province, on the
northwestern slopes of the Apennines. Lastly, the Lunigiana and Garfagnana Valleys
experienced a catastrophic event of an estimated magnitude of 6.5 on the 7 September
1920 [46].

We retrieved information on regional earthquakes in the period of 2010–2013 from
the ISIDe catalog http://iside.rm.ingv.it (accessed on 23 February 2024), and we used the
International Catalog of Earthquakes to estimate the moment magnitude of the strongest
earthquakes https://earthquake.usgs.gov/earthquakes/search (accessed on 23 February
2024). Our database considered 4046 seismic events with a magnitude greater than or equal
to 0.7 that occurred within a radius of 50 km from the Gallicano site. They are reported by
small squares whose dimensions are proportional to their magnitudes on the geographical

http://hdl.handle.net/2122/3060
http://iside.rm.ingv.it
https://earthquake.usgs.gov/earthquakes/search
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area on the left of Figure 2. The seismic events were declustered following the Reasemberg
algorithm [50], using the publicly available routine of Z-map [51]; they are reported on
the geographical area in Figure 2, in the middle. Figure 2, on the top right, describes the
maximum curvature solution of the Gutenberg–Richter law, where gray events represent
the non-cumulative distribution. The resulting magnitude of completeness is 1.5, and, in
this region, b-value = 0.90 ± 0.05 and a-value = 3.909 ± 0.002 represent the coefficients of
the red line. Figure 2, on the bottom right, highlights the depth distribution of the seismic
events within the limit of 50 km chosen for this study.
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Figure 2. The distribution of the earthquakes from the dataset used in this analysis is on the left.
Brown line: Tyrrhenian coastline; blue line: main local faults; green pentagon: Gallicano monitoring
site; and yellow star: location of the most energetic seismic event occurred in the period of interest.
the Declustered earthquakes are distributed on the map in the middle. The frequency–magnitude
distribution and the earthquakes’ depth distribution are on the right.

We identified two groups of declustered earthquakes consisting of the largest earth-
quakes of the day. A first set of shocks was obtained by collecting events occurring around
the Gallicano spring (≤50 km) with a magnitude greater than or equal to 0.7, to which
aftershocks were added again (46 events in total). A second set of main shocks (Ml ≥ 1.5),
which also includes two main events (MW = 5.9 and MW = 5.8), occurred in the Modena
province, outside the Tuscany region (forty events in total). The identification of the first
set of events represents a major advancement of our previous study [45] and allows for a
deeper understanding of the possible influence of aftershocks on dissolved CO2. Moreover,
the selection criterion for both sets was their distance from Gallicano being limited by their
energy by three Dobrovolsky radii [52], as in [45]. The set of seismic events is reported in
Table 1 with colors to highlight differences between the two groups. MW was reported in
column 7 for the major events so as to directly calculate the fault linear length from [53],
as follows:

MW = 4.24 + 1.67log
(

L f

)
(1)

where Lf is the fault length, considered to be adapted to the normal and inverse fault
mechanisms commonly observed in Italy [54]. An Ml above 4 was also used with (1) when
the MW was not retrieved, as the difference between MW and Ml can be ignored [54] for
these magnitudes, while an approximate equation was used for the MW of the smaller
events [55]:

MW =
2
3

Ml + 1.15 (2)
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where the fault area A = Lf
2 is related to [53].

Mw = 4 + logA (3)

Table 1. The entire set of seismic events used in this study is differentiated with a red color for
the first group and with a green color for the second one. MW is reported in column 7 when it is
available from international databases or retrieved with Equation (2). Column 8 reports the distance
between the epicenter and Gallicano. Column 9 reports the linear lengths of the seismic sources
retrieved with Equation (1), when the MW is available from international databases (*), or retrieved
with Equation (3).

N.
Date and Time

[YYYY-MM-DD
hh:mm:ss]

Latitude
[◦]

Longitude
[◦]

Depth
[km]

Magnitude
Ml (INGV)

Magnitude MW
(2) (* USGS)

Distance from
Gallicano [km]

Lf
[km] D/Lf

1 2010-07-14 09:10:42 10.3630 43.8850 7.4 2.4 2.7 20.3 0.25 81.2
2 2010-11-03 15:28:48 10.5810 44.1110 10.3 1.9 2.4 13 0.17 76.47
3 2010-12-29 02:15:35 10.5100 43.9840 5.3 2.1 2.5 10.3 0.2 51.5
4 2011-04-15 01:39:15 10.4330 44.1290 10.7 1.5 2.1 7.8 0.12 65
5 2011-05-22 12:26:48 10.4610 44.0390 4.9 0.7 1.6 3.2 0.07 45.71
6 2011-06-19 14:35:34 10.8150 44.1520 6.5 3.6 3.5 32.2 0.63 51.11
7 2011-07-12 04:11:39 10.4320 44.0110 1.3 0.8 1.7 5.5 0.07 78.57
8 2011-07-17 21:50:57 10.5670 44.2390 17.0 2.4 2.7 22.5 0.25 90
9 2011-08-20 20:02:48 10.8930 44.0750 3.9 2.9 3.1 36.7 0.37 99.19

10 2011-09-19 06:24:16 10.7630 44.2720 9.8 2.6 2.9 35.4 0.29 122.07
11 2011-10-26 16:26:28 10.7760 44.1430 12.4 2.4 2.7 29.2 0.25 116.8
12 2011-11-06 01:33:59 10.6820 44.1480 17.5 2.3 2.7 32.2 0.23 140
13 2012-01-22 05:31:15 10.4740 44.1110 10.1 1.9 2.4 6.6 0.17 38.82
14 2012-03-19 19:33:03 10.1230 44.2420 5.0 2.7 2.9 32.5 0.32 101.56
15 2012-03-24 19:18:04 10.2730 44.3160 19.0 2.8 3 31.5 0.34 92.65
16 2012-04-12 23:01:48 10.5730 44.3130 22.3 3.1 3.2 30.5 0.43 70.93
17 2012-04-13 22:13:56 10.8960 44.0830 9.5 3.3 3.3 37.1 0.5 74.2
18 2012-05-18 20:10:52 10.1752 44.1757 9.1 2.4 2.7 24.5 0.25 98
19 2012-05-20 02:03:53 11.2280 44.8890 6.3 6 5.9 * 113.7 11.29 9.55
20 2012-05-29 07:00:03 11.0860 44.8510 8.1 5.8 5.8 * 103.4 8.57 12.06
21 2012-08-28 01:56:14 10.6605 44.0958 16.2 2.4 2.7 18.7 0.25 74.8
22 2012-11-26 19:18:55 10.6742 44.1178 21.6 3.2 3.3 20.5 0.46 44.56
23 2012-12-04 16:38:27 11.0090 44.1363 8.8 2.9 3.1 46.8 0.37 126.49
24 2012-12-16 11:24:27 10.4437 44.1258 7.0 1.6 2.2 7.5 0.13 57.69
25 2013-01-25 14:48:18 10.4458 44.1643 19.8 4.8 4.9 * 11.6 2.48 4.68
26 2013-02-09 02:19:10 10.3685 44.0785 6.1 1.7 2.3 5.6 0.15 37.33
27 2013-02-20 11:09:59 10.5300 44.1568 13.5 3.0 3.1 13.4 0.4 33.5
28 2013-03-29 12:59:21 10.4187 44.1222 8.4 1.7 2.3 7.2 0.15 48
29 2013-04-01 23:35:11 10.4763 44.1953 14.8 2.0 2.5 15.5 0.18 86.11
30 2013-04-05 03:23:42 10.5065 44.1662 15.0 2.3 2.7 13.2 0.23 57.39
31 2013-04-08 11:38:57 10.5160 44.1578 13.5 2.6 2.9 12.9 0.29 44.48
32 2013-05-02 17:10:14 10.4537 44.0837 6.8 1.5 2.1 3.1 0.12 25.83
33 2013-05-13 18:35:47 10.4462 43.8403 8.3 2.5 2.8 24.3 0.27 90
34 2013-06-03 15:33:12 10.4418 44.1193 10.0 1.8 2.3 6.7 0.16 41.87
35 2013-06-14 18:22:23 11.0543 44.2812 20.3 3.7 3.6 55.4 0.68 81.47
36 2013-06-15 19:41:16 10.1462 44.1482 10.4 3.4 3.6 * 25.2 0.31 81.29
37 2013-06-19 10:51:07 10.7138 44.4193 28.5 3.5 3.5 * 45.8 0.36 127.22
38 2013-06-21 10:33:57 10.1357 44.1308 7.0 5.1 5.1* 25.1 3.26 7.7
39 2013-06-23 13:24:01 10.2008 44.1683 9.2 4.4 4.4 * 22.3 1.24 17.98
40 2013-06-29 05:21:34 10.1698 44.1513 5.9 3.5 3.5 23.5 0.58 40.52
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Table 1. Cont.

N.
Date and Time

[YYYY-MM-DD
hh:mm:ss]

Latitude
[◦]

Longitude
[◦]

Depth
[km]

Magnitude
Ml (INGV)

Magnitude MW
(2) (* USGS)

Distance from
Gallicano [km]

Lf
[km] D/Lf

41 2013-06-30 02:57:42 10.1867 44.1595 6.1 4.5 4.5 * 22.8 1.43 15.94
42 2013-07-09 09:12:57 10.1777 44.1625 6.2 3.1 3.2 23.7 0.43 55.12
43 2013-07-12 18:07:22 10.1067 44.2017 10.0 3.5 3.5 30.6 0.58 52.76
44 2013-08-10 13:11:09 10.2393 44.1962 5.8 2.7 2.9 21.9 0.32 68.44
45 2013-08-14 15:35:50 10.1903 44.1758 9.3 3.5 3.5 * 23.5 0.36 65.28
46 2013-08-21 05:32:13 10.5807 44.2485 15.4 2.8 3 24.1 0.34 70.88
47 2013-10-03 19:07:15 10.3270 44.2150 10.1 2.2 2.6 19.5 0.21 92.86
48 2013-10-19 12:29:35 10.2638 43.6807 10.5 3.5 3.5 43.7 0.58 75.34
49 2013-10-25 09:17:00 10.5012 44.2582 19.8 3.1 3.2 22.8 0.43 53.02
50 2013-11-19 21:05:48 10.7003 43.9453 5.0 2.2 2.6 25.2 0.21 120

The distance from the epicenters to the Gallicano spring was reported in column 8,
and the linear length of the seismic sources was reported in column 9 of Table 1.

3. Hydrogeological and Hydrogeochemical Setting

The Gallicano spring emerges, with an average outflow of 1.5 L/s, on the Apuan side
of the Serchio basin, in the bed of the “Turrite di Gallicano” river (right tributary of the
Serchio river), in correspondence with a NW–SE-trending synthetic quaternary fault of the
Serchio graben [49]. Regarding the low thermality of the waters (T~24 ◦C), De Stefani [56]
reports the following: “. . .. . .they are less saline and less hot waters due to the greater
quantity of superficial and river waters that mix in them”. Chemical analyses available in
the literature [57,58] indicate, for the Gallicano spring, a Cl-SO4-Ca chemical composition
and a salinity between 3 and 4 g/L. Near the spring, in the bed of the “Turrite di Gallicano”
river, gaseous emissions have been reported for a long time [56], with an abundant presence
of helium (7940 ppb dissolved in water and 2360 ppb directly from the gaseous vents),
attributed to the presence of a fault crossing [57].

Within a seismic prevention/prediction program, financially supported by the Re-
gional Government of Tuscany, Italy, for studying possible geochemical precursors to
seismic activity [59], the Gallicano spring was selected as a suitable site for the installation
of a continuous automatic monitoring station of selected chemical–physical parameters
of the water (for the selection criteria, see [41]). The automatic station was installed on
the 15 April 2003, and it is still operative, with two considerable periods of inactivity
(1 December 2008–30 June 2010 and 21 October 2013–12 December 2016). In addition to
continuous monitoring, since 2003, the spring has been sampled every month for chemical
and isotopic analyses [41].

To describe the deep hydrogeological structures which, in the Serchio river basin,
constitute the locus of the deep hydrothermal circulation feeding also the Gallicano spring
and to understand the mode of this circulation, the hydrostructural model of the northern
Apennines in Figure 3A (modified after [60]) and the circulation model in Figure 3B were
considered. In this model, the geological formations have been grouped into three hydro-
geological units based on their permeability characteristics. The following hydrostructural
elements are distinguished, from top to bottom: impermeable cover (IC), carbonate aquifer
system (CAS), and impermeable substratum (IS).
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Figure 3. (A) Hydrostructural model of the Northern Apennines (modified after [60]). (B). Circulation
model of the Gallicano hydrothermal system (al = alluvium; IC = impermeable cover; CAS = carbonate
aquifer system; cr = non-metamorphic carbonate rocks; er = evaporites; mcr = permeable metamorphic
carbonate rocks; and IS = impermeable substratum). Not to scale.

The impermeable cover (IC) consists of shales and sandstones of Tuscan nappe and by
the clayey complex of the Liguride formations and Pliocene—Quaternary clay. It should
be highlighted that the IC, thus defined with respect to the underlying CAS, hosts modest
aquifer levels, which do not modify its hydrogeological role but are, in any case, sites of
superficial circulation which feed springs characterized by near-ambient temperatures,
very low salinity (<200 mg/L), and predominant Ca-HCO3 facies (type-A water in Figure 4).
The IC allows for connections between the underlying CAS and the outside, especially in cor-
respondence with the cataclastic bands associated with NW–SE-trending antithetic quaternary
faults; the latter can act as recharge zones as well as ascent paths for hydrothermal fluids.
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Pieve Fosciana spring; white square: Barga spring; grey dots: Bagni di Lucca spring; yellow square:
type-A water; and blue diamond: type-B water.

The CAS is composed of Mesozoic evaporitic and carbonate rocks belonging to non-
metamorphic (subset Ss1) and metamorphic (subset sS2) Tuscan units, intercalated by
low-permeability layers, which cause aquicludes and aquitards (at). If the low-permeability
limit outcrops along their entire perimeter, the hydrostructures of the CAS give rise to
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perched aquifers feeding depression, contact, and overflow springs, characterized by near-
ambient water temperatures, low or high salinity (up to 1.6 g/L), and chemical composition
varying from HCO3-Ca to SO4-Ca (type-B water in Figure 4). If the low-permeability limit
deepens, the hydrostructures of the CAS feed hydrothermal circuits. It is noteworthy that
the considerable depth of the low-permeability limit on the north-eastern side of the Serchio
graben ensures the high piezometric loads and hydraulic gradients associated with these
hydrostructures, allowing the large development of hydrothermal circuits in the Serchio
Valley. In the eastern sector of the Serchio Valley (Apennines), the CAS is sandwiched
between the impermeable cover (IC) and the low-permeability substratum (IS) and feeds
thermo-artesian springs with AN ascent pattern through cataclastic belts associated with
the NW–SE fault systems of the eastern side of the Serchio graben. The abundant presence
of the IC ensures considerable protection to deep-circulating water, limiting possible mixing
with the cold and hyposaline waters of more superficial circulation mechanisms. On the
Apuan side, the CAS outcrops abundantly, while the IC is downthrown by the NW–SE
normal faults that border the western side of the Serchio graben system. Therefore, the
IC acts as a hydraulic barrier for water from the deep circulation system that rises to
the surface, by overflow, driven by the synthetic neotectonic faults of the Serchio graben.
Due to the lack of an impermeable cover, cold and dilute waters of superficial circulation
mechanisms recharged by local rainwater are locally allowed to mix with deep waters.
For this reason, the thermo-artesian springs of Pieve Fosciana (T = 36 ◦C) and Bagni di
Lucca (T = 54 ◦C), which emerge on the eastern side of the basin, have higher temperatures
than the thermo-mineral springs that emerge on the western side, such as the Gallicano
spring. The ternary diagrams of Figure 4 allow one to identify the chemical facies of a
thermo-mineral spring based on reciprocal relationships between the main anions and
cations (Pieve Fosciana: Cl-Na facies; Bagni di Lucca: SO4-Ca facies; Gallicano and Barga:
Cl-Na-Ca facies) acquired by interaction with the anhydrite and/or halite layers of a deep
Triassic carbonate–evaporite reservoir [41,43].

The impermeable substratum, IS, is the low-permeability limit of the CAS and is
represented by the Paleozoic basement. It mainly consists of quartzites, conglomerates,
sandstones, and phyllites.

Continuous Geochemical Monitoring during the 2010–2013 Period

By elaborating the time series collected during the period of 2010–2013, we achieved
an accurate definition of the geochemical background of the natural system. Table 2 and
Figure 5 show the descriptive statistic and the continuous geochemical signals, respectively,
of water temperature (◦C—box A), electrical conductivity (µS/cm—box B), pH (box C),
redox potential (mV—box D), and the concentration of dissolved CO2 (%—box E) acquired
by the automatic station in the period of 2010–2013. The box F of Figure 5 shows the rainfall
(mm) trend recorded at the Gallicano pluviometric station https://www.sir.toscana.it/
pluviometria-pub (accessed on 23 February 2024).

Table 2. Descriptive statistic for the parameters monitored continuously at the Gallicano station.

Mean Median Minimum Maximum Std. Dev

Temperature (◦C) 22.5 22.6 20.4 23.7 0.76

Electrical Conductivity (µS/cm) 5444 5571 4007 6088 461

pH 6.97 6.97 6.89 7.07 0.03

ORP (mV) 387 393 171 461 38.8

CO2 (%) 2.37 2.19 1.46 5.06 0.60

https://www.sir.toscana.it/pluviometria-pub
https://www.sir.toscana.it/pluviometria-pub
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Figure 5. Geochemical parameters measured continuously in the Gallicano station (blue lines)
compared with seismic events: (A) temperature (◦C); (B) electrical conductivity (µS/cm); (C), pH;
(D) redox potential (mV); (E) CO2 (vol.% of the headspace of the measurement cell). Red lines: tem-
poral trend of the mobile average of each parameter (average on a 30-day window). (F) Rainfall (mm)
recorded at the Gallicano pluviometric station data from https://www.sir.toscana.it/pluviometria-
pub (accessed on 23 February 2024).
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Water 2024, 16, 739 11 of 23

The signals of temperature (Figure 5A) and electrical conductivity (Figure 5B) are
consistent over time, with the highest values recorded in the months of October, before the
autumn rains. The effects of rainfall on these signals appear with seasonal decreases but also
with an abrupt fall (up to 1 ◦C) after intense rainfall events. This agrees with the circulation
model (Figure 2B), according to which rainfall directly feeds the cold hyposaline superficial
circulation which, in turn, due to the lack of CI, dilutes the deep component before it rises
to the surface. This mixing also involves an increase in pH (Figure 5C), which shows an
anti-correlated trend to the two previous signals. The redox potential (Figure 5D) has an
average value of 387 mV, indicative of predominantly oxidized conditions in the aquifer.
The discontinuous trend of this parameter is not real but is due to the long stabilization
times needed for the electrode after each monthly cleaning operation.

Regarding the %CO2 signal, four “macroscopic” CO2 anomalies can be recognized
in Figure 5E. A slight increase in dissolved CO2 was observed at the beginning of April
2012, followed by a sharp decrease in the middle of the month. Months later, sharp drops
in concentration were observed in October 2012 and a significant peak towards the end
of November. All three variations almost reached a 1% CO2 concentration. Finally, from
the end of May 2013, a sharp rise in dissolved CO2 was observed, which increased by
approximately 1.5%. Three of the four macroscopic anomalies preceded the most significant
seismic events around the Gallicano spring. The variation in April 2012 anticipated the
strong events in Modena on the 20 and 29 May 2012 (MW = 5.9 and 5.8); the variation in
November 2012 anticipated the event that occurred in Pieve Fosciana (MW = 4.9); and the
variation in May 2013 anticipated the events that occurred under the Apuan Alps chain
(MW = 5.1, 4.4, and 4.5). The three abrupt variations anticipated all seismic events with a
magnitude M > 4, reported in Figure 5E using red circles, taking place within one or two
months from the variations.

The significant variations in dissolved CO2 observed in May 2013, approximately
one month before the Apuan Alps’ seismic event (MW = 5.1), can be interpreted using
the described hydrogeological model. A possible decrease in permeability during the
preparatory phase of an earthquake has been suggested [41]. In fact, the phases of crustal
deformation that precede earthquakes can induce permeability variations in the deeper
layers of the CAS and contribute to a greater release of gases towards the surface, including
CO2. Therefore, water from the deep circulation system may reach the surface with a higher
concentration of CO2 before a seismic event. Moreover, minor variations in dissolved
CO2 concentrations are generally observed during extended rainfall, as observed in our
research for the months of October 2010, 2011, and 2012, in which they were all negative
and 0.2–0.5% in amplitude. This depends on the fact that hydrothermal circuits, richer in
dissolved CO2, are diluted by cold-water circuits, with less concentration of dissolved CO2,
fed by rainfall infiltrated trough carbonate outcrops and main disjunctive lines (Figure 3B).
However, the other negative and positive variations in CO2 concentrations in Figure 5E
lack of a visual association with seismic or rain events. Finally, there are no settlements near
the spring nor are there any known anthropogenic influences on the concentration of CO2.
Thus, several sudden minor variations remain unexplained at this level of the analysis.

4. Statistical Methods

A first attempt to assess the statistical correlation between mild-to-moderate seis-
mic events and small-amplitude CO2 anomalies in Gallicano was recently carried out
based on data collected during the period of April 2017–March 2021. The CO2 anoma-
lies, highlighted by fitting the residual component of the signals with Pearson type-VII
functions, were tested in our previous work for their linear dependence to seismic events
by binary correlations [45]. In that framework, correlations were used also to estimate
the conditional probabilities of seismic events, allowing for a sort of “earthquake fore-
casting experiment” based on continuous geochemical signals. Continuing with the same
approach, here, we focus on the possible binary correlation between geochemical anoma-
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lies and mild-to-moderate seismic events that occurred around Gallicano in the period of
2010–2013.

4.1. Processing of CO2 Time Series to Highlight Anomalies

Similar to [45], we fitted the CO2 residual signal using a Pearson type-VII function by
defining a threshold over which CO2 fluctuations had a 99% probability of being anomalies.
We followed and compared two distinct approaches. Firstly, we decomposed the time series
according to the Census I method [61], and then we trained an ANN [62] to reproduce a
synthetic signal of the CO2. The residual signal was obtained by a comparison of real (i.e.,
CO2 time series acquired by the station) and synthetic data (i.e., CO2 time series built by
the ANN).

Before applying these two procedures, the raw data were filtered with appropriate
moving median-smoothing methods [63,64] to filter out the outliers (Table 2). The CO2
residual signal obtained from the comparison between the CO2 measured signal and a
CO2 synthetic signal was analyzed to detect anomalous variations. Two kinds of synthetic
signals were generated using CENSUS and ANN. The CO2 residuals were compared with
several distribution functions to obtain the best fit. Then, the anomalies were defined by
the cumulative probability function as having a 95–99% probability of not belonging to
the distribution.

4.1.1. Decomposition of CO2 Time Series by Census I Method

We decomposed the CO2 time series with the Census I method [61], as implemented
in the statistical software STATISTICA 12.0 [65]. This procedure allowed us to detrend the
CO2 signal for external influences based on a reference analysis spanning 3 months. More
details on the procedure can be found in [41]. Data series of CO2 irregular components and
residuals are plotted in Figure 6 together with selected earthquakes for comparison.
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4.1.2. Creation of Synthetic CO2 Time Series by ANN

The ANN has already been used to detect CO2 anomalies in another spring of GNT [42].
In the current study, an ANN was used in parallel with Census I to compare their respective
performances. The ANN method relies on a progressive learning process that emulates
the training process of the human brain [66]. For this study, we used the multi-layer
perceptrons’ network (MLP) method [67], as implemented in the STATISTICA 12 software,
also suitable for non-Gaussian data distributions [68].

CO2 anomalies were identified on the residual signal after a comparison of the mea-
sured signal and the synthetic signal processed by ANN analysis. To reproduce the syn-
thetic CO2 signal, we trained the ANN with the signals recorded by the station for water
temperature, electrical conductivity, and redox potential. We provided air temperature and
rainfall data downloaded from http://www.sir.toscana.it/ (accessed on 23 February 2024)
as the input, using the measured CO2 signal as the optimization target. We used 70% of the
total dataset for training, 15% for validation (15%), and the remaining 15% for the test sets.
One hundred synthetic models were retrieved by ANN, and the best reconstruction of the
CO2 signal was determined based on the best correlation between the synthetic and the
original signals. Figure 6B shows that the best reconstruction by ANN failed to describe
the CO2 recordings in the last 4 months of the time series. Accordingly, we excluded this
observation period from further investigations.

4.2. Meteorological Data

Operative since 2000, the automatic meteorological station of Gallicano (179 m asl)
is located in the municipality of Gallicano, E-NE of the spring, at a distance of about
800 m. This station collects cumulative rain data every 5 min. In this work, we used
meteorological data from the web archive of the Gallicano pluviometric station https:
//www.sir.toscana.it/pluviometria-pub (accessed on 23 February 2024). The data from
June 2010 to October 2013 agree with the estimated value of about 1800 mm/yr for the
previous 20 years. The Gallicano station was flooded after the exceptional rain event of the
21 October 2013 (318.8 mm of rain recorded in a single day; Figure 5F).

Previous studies ([41]) have demonstrated that local precipitations may dilute the CO2
concentration of the deep-water component feeding the Gallicano spring. Because of this
mixing relationship, we tentatively identified a couple of rain time series in correspondence
with daily rain amounts of 10 and 20 mm, under the hypothesis that these thresholds could
pinpoint the onset of meteoric-dominated conditions.

5. Results

The identification of CO2 anomalies was not simple due to the complex variability in
the observable phenomena and their dependence on several environmental parameters,
such as mixing with deep and shallow water, and, therefore, on meteorological parameters.
The main starting approach was to attempt to apply some methods to subtract from the
signal the possible seasonal and external dependence. The irregular component obtained
from Census I and the residuals obtained from ANN were two attempts to reduce the CO2
input dataset. Then, the next step was to statistically determine what were the possible
anomalies in these residuals’ time series. Moreover, the final step was to correlate them
with the seismic events selected around the Gallicano spring.

5.1. CO2 Anomalies

Both time series distributions were modeled by several functions, and the best fits
were obtained, in both cases, using the Pearson type-VII function [69], which means that
such distributions exhibited peaked and symmetric distributions which were preliminary
modeled using Gaussian and Lorentzian functions. However, these widely recognized
functions failed to accurately depict the tails of the data. The Pearson type-VII function [69],
which is essentially a Lorentzian function raised to a power, proved more adept at realisti-
cally handling tails than both Gaussian and Lorentzian functions, thanks to its adjustable

http://www.sir.toscana.it/
https://www.sir.toscana.it/pluviometria-pub
https://www.sir.toscana.it/pluviometria-pub
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power parameter. The outcome was an improved confidence level in the fitting, also with a
straightforward cumulative integral. The parametric distribution function was as follows:

P(x) =
AΓ[m]

Γ
⌈

m − 1
2

⌉√
π(2m − 1)

[
1 +

(
x − µ)2

σ2(2m − 1)

]−m

(4)

where A is a multiplicative factor, Γ is the function gamma of Euler, µ the average, and σ2

its variance. The best fit for the distribution by Census I was obtained using the parameters
m = 1.51, µ = 3.5 × 10−4, σ2 = 5.76 × 10−3, and A = 13.699. The distribution was described in
56 intervals minus four parameters so as to have 52 degrees of freedom. χ2 was 6.9, which
ensured an approximation with a goodness > 99%. The best fit for the distribution by ANN,
excluding the last 140 samples (days) in which the time series was not well described, was
obtained using the parameters m = 1.99, µ = 2.0 × 10−4, σ2 = 4.55 × 10−3, and A = 28.611.
The distribution was described in 51 intervals minus four parameters to have 47 degrees of
freedom. χ2 was 9.4, which ensured an approximation with a goodness > 99%.

The anomalies were identified by setting thresholds that correspond to well-defined
probabilities of occurrence. The cumulative probability corresponding to a threshold value
was calculated to evaluate the probability of each test input overcoming such a value. The
cumulative of the probability distribution (4) was summed through Gauss’s hypergeometric
function [70]:

Pr(x) =
1
2
+

(x − µ)

σ
[
π(2m − 1)]1/2

Γ[m]

Γ[m − 1/2] 2F1

[
m;

1
2

;
3
2

;−
(
x − µ)2

σ2(2m − 1)

]
(5)

The probability for the CO2 residual time series’ fluctuations to be considered anoma-
lies was chosen to equal 99%. Thus, Equation (5) produced a ∆x = 0.07409 for the Census
I residuals and a ∆x = 0.2278 for the ANN residuals. The symmetry of the distribution
required positive and negative thresholds around the averages µ, which were defined as
x+ = 0.07444 and x− = −0.07374 and x+ = 0.2280 and x− = −0.2276 for Census I and ANN
cases, which produced 23 and 21 CO2 anomalies, respectively. The residual time series
were transformed into binary series with a time step of one day, where “1” appeared when
the datum went beyond these thresholds and “0” when it appeared somewhere else. The
probability of an anomalous measurement was defined by its frequency:

P =
N(1)
Ntot

(6)

with Ntot being the number of days, equal to 1208 for the measurement retrieved by Census
I and 1068 for that retrieved by ANN. Thus, probabilities of 0.019 and 0.020 occurred for
the two sets of anomalies, respectively.

5.2. Correlations

Binary time series of seismic and rainfall events were defined during the same period
as the identified anomalies. The respective symbol “1” appeared when earthquakes were
selected and when rainfalls went beyond the thresholds of 10 mm and 20 mm, and “0”
was used in other cases. Then, Pearson correlation coefficients R were calculated, which
assumed values between −1 and 1, with a negative R meaning an anti-correlation, R = 0 no
correlation, and a positive R denoting a correlation. A total of six time series was considered
in this study, comparing them two-by-two, for a total of twelve correlation coefficient
histograms: both Census I and ANN CO2 anomalies with the first set of earthquakes and,
after, with the second ones, as defined in Section 2; following this, both Census I and ANN
CO2 anomalies were compared with rainfall amounts of 10 mm and 20 mm; and, finally,
both series of earthquakes were compared with rainfall amounts of 10 mm and 20 mm.
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Formally defining CO2 anomalous events with (EC), earthquake events with (EQ), and
rainfall events with (ER), the Pearson correlation coefficients are as follows:

R(Ei ; Ej) =

(ΣEi×Ej)
Ntot

− P(Ei)P
(
Ej
)√

P(Ei)[1 − P(Ei)]P
(
Ej
)[

1 − P
(
Ej
)] (7)

where E = {EQ, EC, ER}, i and j run over the number of considered days, and ∑ Ei × Ej
runs over each couple of different events, summing their coincidences. Both P(Ei) and P(Ej)
were defined by (6). When, as in this case, a correlation is calculated between binary series,
it is called a Matthews correlation [71], and Equation (7) holds [72]. R-histograms were
obtained by introducing a time shift ∆t, which lasted from 1 to 20 days earlier and later
than the anomalous event, thus

R(Ei; Ej(∆t)) =
(ΣEi×Ej(∆t))

Ntot
− P(Ei)P

(
Ej
)√

P(Ei)[1 − P(Ei)]P
(
Ej
)[

1 − P
(
Ej
)] (8)

∆t in (8) indicates that the time of the event Ej is given by i × t + ∆t, where i × t is the time
step of the event Ei. P(Ej) = N(Ej = 1)/Ntot does not depend on ∆t. A conditional probability
of the event Ei, given the observation of Ej, can be demonstrated to be related to the R
coefficient [73]. Thus, when ∆t < 0, the event Ej precedes the event Ei, and the conditional
probability becomes a forecasting probability written as

P(Ei | Ej(∆t)) = P(Ei) + R(Ei; Ej(∆t))

√√√√P(Ei)[1 − P(Ei)]

[
1

P
(
Ej
) − 1

]
(9)

Equation (9) retrieves the probability of Ei following the observation of the Ej anomaly
by ∆t. The ratio P(Ei|Ej(∆t))/P(Ei) defines the event Ei’s probability increase that is ob-
served after the Ej anomaly measurement; this is, for definition, the probability gain Gij(∆t).

The 12 cross-correlation histograms were plotted with a time step ∆t of ±1 to a ∆t of
±20 days. The correlations between rainfalls and earthquakes are reported in Figure 7. The
four combinations of two couples of time series show no significant correlation between the
rainfalls and the considered seismic phenomena, as the p-value associated with each peak
is greater than 0.05. The plot of Figure 8 reports four new correlation histograms between
seismic and CO2 events, where a significant peak is observed having time differences of
0, −1, −10, and −11 days in Figure 8A, and −1 and −11 days in Figure 8B. Being ∆t
the time difference TCO2 − TEQ, the CO2 anomalies anticipated the earthquakes by one
day and by eleven days. The cross-correlation peaks are around 0.08. We evaluated the
significance of the 0.08 correlation peak by the p-value, resulting in p < 0.05, which tells
us that the alternative hypothesis cannot be discarded. Based on Equation (9), such peaks
are equivalent to increased probabilities that a seismic event may occur the same day,
one day, 10 days, and 11 days after a CO2 anomaly, i.e., P(EQ|EC). Compared with the
frequency of the earthquakes, in our case, P(EQ) = 0.0323, with the conditional probability
P(EQ|EC) = 4.14 P(EQ) being a probability gain of G ≈ 4.

The histograms in Figure 9 describe the four correlations of combined time series between
rainfalls and CO2 anomalies. Here, another correlation peak at ∆t = TCO2 − TRain = +1 days
descends when CO2 anomalies are identified by Census I, indicating CO2 anomalies
following rainfalls by one day, with a high significance (p-value < 0.01). More weakly and
even less defined in time are the peaks occurred when CO2 anomalies are identified by
ANN. In these cases, less significant (p-values even < 0.05) correlation peaks are observed
for events on the same day, +1 day, and +4 days from rainfall, indicating that rainfalls tend
to anticipate CO2 anomalies by up to 4 days. This last, less clear result is probably due to
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the way in which CO2 anomalies are recovered by ANN, a method which takes into account
rain time series themselves, therefore already partially subtracting rainfall contributions.

1 
 

 
Figure 7. The four correlation histograms with ∆t from −20 to 20 days, obtained between (A): first
group of earthquakes and rainfalls > 10 mm; (B): main shocks and rainfalls > 10 mm; (C): first group
of earthquakes and rainfalls > 20 mm; and (D): main shocks and rainfalls > 20 mm. No significant
correlation peaks appear.
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Figure 8. The four correlation histograms with ∆t from −20 to 20 days, obtained between (A): CO2

Census I and first group of earthquakes; (B): CO2 Census I and main shocks; (C): CO2 ANN and
first group of earthquakes; and (D): CO2 ANN and main shocks. Significant correlation peaks
(p-value < 0.05) appear in (A,B) at ∆t = −1 and −11 days, which means that the CO2 anomalies
anticipate the earthquakes.
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Figure 9. The four correlation histograms with ∆t from −20 to 20 days, obtained between (A): CO2

Census I and rainfalls > 10 mm; (B): CO2 Census I and rainfalls > 20 mm; (C): CO2 ANN
and rainfalls > 10 mm; and (D): CO2 ANN and rainfalls > 20 mm. Significant correlation peaks
(p-value < 0.05) appear more markedly in (A,B) at ∆t = +1 and less markedly in (C,D), which means
that more intense rainfalls are followed by CO2 anomalies.
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6. Discussion and Conclusions

A first statistical processing of water-dissolved CO2 data acquired continuously at
the thermo-mineral spring of Gallicano, Italy, disclosed their positive correlation with
earthquakes, where significant dissolved gas variations anticipated small seismic events
by two days [45]. The extended procedure to obtain CO2 vs. rainfalls and earthquakes
vs. rainfalls time series showed only a slight correlation between the CO2 anomalies and
precipitation (in particular, rainfall occurred 1 day before the CO2 anomalies), while it
highlighted the complete absence of correlation between seismic and meteoric events. The
evidence of a lack of any relationship between earthquakes and rainfall is reinforced by the
results shown in Figure 7. It reports no significant correlation peaks at different time lags
from −20 to 20 days for all the combinations of seismic main shocks or strongest shocks
with 10 mm or 20 mm rainfall events.

Moreover, the results about the significance of the peaks in Figure 8 still underline
the trend of observing significant dissolved CO2 variation events before small earthquakes
around the Gallicano site. However, some differences in the result of −2 days observed for
the years from 2017 to 2021 exist with the time lags being −1 and −11 days in these cases,
considering both main shocks and strongest shocks. Such differences were probably due to
the different geological settings of the seismic events, which occurred at different hypocen-
ters with respect to the hypocenters of the previously considered period. Specifically, time
lags of −10 and −11 days can be linked to seismic events of magnitudes generally higher
than the events’ magnitude in the previously considered period. Noteworthy is the fact
than an increase in the correlation coefficient was also observed for the time lags of −10 and
−11 days in Figure 4 (middle) for the 2017–2021 period, which resulted not significant in
our previous analysis [45]. It was also observed, for the extreme magnitudes in this study,
that an M5.1 event was anticipated by an anomaly observed 20 days before, and, in our
previous study, an M3.5 event was anticipated by an anomaly observed 3 days before. The
ratio between the epicenter of an earthquake and the spring’s distance and the linear length
of the seismic source apparently decreases with increased earthquake magnitudes (Table 1),
a phenomenon which agrees with the evidence that CO2 anomalies related to closer seismic
sources and/or larger seismic events can be detected earlier, at the point of monitoring. A
time lag of 0 days was also observed only when strongest shocks were considered, meaning
that the aftershocks were, in this case, contributing to such a peak. Correlation peaks were
not observed when ANN was used to select dissolved CO2 concentration anomalies, which
should mean that this method was unable to select significant dissolved gas variations
possibly related to earthquakes.

Finally, the results of Figure 9 strongly confirm the observation of dissolved CO2
concentration anomalies one day after rainfall events. The weak correlation peak (+1 day)
observed in our previous study became very significant when dissolved CO2 concentration
anomalies were selected by Census I for the period of 2010–2013, independently from
whether the rainfall consisted of 10 or 20 mm cumulative rain events. Significant results,
even if a little less so, were observed when selecting CO2 anomalies by ANN, this time
only for 20 mm cumulative rain events, which further underlined the poor effectiveness
of this method. CO2 variations subsequent to rainfall events agree with the groundwater
circulation model developed by [41] for the Gallicano spring. According to this model,
rainfall directly feeds a shallow circulation of water that is cold and poor in CO2, which
mixes with hydrothermal circuits, richer in CO2, developed in a deep evaporitic-carbonatic
reservoir. The mixing between the two components occurs before the outflow of water to
the surface (Figure 3B).

In conclusion, we proposed a cross-correlation analysis between seismic events and
rainfalls, seismic events and CO2 anomalies, and rainfalls and CO2 anomalies, highlighted
in the thermo-mineral waters of Gallicano spring, a site in which automatic and continuous
monitoring has been carried out since 2003. We focused our analysis on the time series
collected during the period of June 2010–October 2013.
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We processed CO2 time series with both the Census and ANN methods to reconstruct
two synthetic trends. Then, we fit residual distributions using Pearson type-VII functions to
evidence anomalous fluctuations in dissolved CO2 contents. These anomalies were defined
based on a threshold according to which the values had a 99% probability of not happening
by chance. By cross-correlating the binary series of CO2 anomalies and earthquakes with
a low-to-moderate magnitude, positive correlations were highlighted for CO2 anomalies
that occurred 1 and 11 days before the earthquakes, unlike our previous analysis, of the
period of 2017–2021, which provided an anticipation of the anomalies with respect to the
earthquakes 2 days earlier. Nevertheless, the probability gain resulted again to be around
4. We also expanded the same statistical approach to double the amount of cumulative
precipitation and to an earthquake set also containing aftershocks. We estimated negligible
correlations among any seismic and rain event sets compared to the CO2 vs. earthquakes
case, confirming the results from our previous study. Instead, a strong correlation appeared
between rainfall and CO2, occurring mainly one day after intense rainfalls, which reinforces
the slight evidence which emerged in our previous work. The time lag of 1 day between
CO2 anomalies and earthquake observations in this work is similar to the time lag of 2 days
obtained when studying the 2017–2021 period [45]. Moreover, a new time lag of 10–11 days
was observed here with another significant correlation, which fits two different earthquake
sets around Gallicano, which could be related to the generally higher magnitude of the
earthquakes considered in this research. For what concerns the correlation between CO2
anomalies and rainfalls, which were weakly observed in our past study [45], here, they
were confirmed with a strong significance.

Figure 3B reports how mixing thought between hydrothermal circuits, richer in dis-
solved CO2, and cold-water circuits, with less concentration of dissolved CO2, is conceived.
Since the deep-water contribution is richer in CO2 (we obtain this information via chemical
analyses), an increase in CO2 may arise from deeper levels of the reservoir, as a result of
changes in permeability associated with the preparatory phases of earthquakes. Moreover,
diffused water from significant rainfalls can quickly intercept the rising spring water in the
more superficial layers, so as to produce the observed negative anomalies. Overall, this
study suggests that statistical methods are an efficient tool for supporting the “standard”
analysis of hydrogeochemical data in the search of correlations between seismicity and
variations in observational data. Furthermore, it also emphasizes that the availability of
continuous time series is an essential prerequisite to advance the mere observation of
“anomalous” data towards the identification of reliable precursors of seismic events.
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