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Abstract

The empirical Gutenberg-Richter (GR) relation corresponds to an exponential model of
magnitude distribution, the most widely used in the probabilistic assessments of seismic hazard
and related risk. However, due to the complexity of seismic processes induced by technological
activities, this model may not be applicable to anthropogenic seismicity (AS). Applying statistical
hypotheses testing procedures, we investigate 63 AS catalogs resulting from various
anthropogenic activities such as reservoir impoundment, underground mining, conventional and
unconventional hydrocarbon extraction, geothermal energy production, and underground gas
storage. In 30 cases (47.6%) the exponential model for magnitude is rejected. Furthermore, in 16
out of these cases, the magnitude probability density functions are complex, having either modes
or bumps or both. We discuss possible reasons for the discovered statistically significant
deviations of the actual magnitude distributions from the exponential distribution and hence
from the GR relation. We demonstrate that using the exponential distribution may lead to
unacceptable inaccuracy of seismic hazard estimates in AS. As a remedy, we recommend the use

of kernel nonparametric estimators of magnitude distribution.
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anthropogenic seismicity
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1. Introduction

The phenomenon of Anthropogenic Seismicity (AS) accompanying the energy and raw
materials subsurface projects is well known (Grigoli et al., 2017; Foulger et al., 2018; Lasocki &
Orlecka-Sikora, 2020). The socio-economic impacts of anthropogenic earthquakes are significant
and can threaten or prohibit the development of the associated industries, including those
promoted in the transition to the low-carbon future, such as geothermal energy production and
CO; sequestration. Seismic hazard and related risk assessment are the crucial information to
protect lives, livelihoods and critical infrastructure. Probabilistic Seismic Hazard Analysis (PSHA)
is the basic method of seismic hazard assessment in areas of natural and anthropogenic
seismicity. One of the key pieces of information for the PSHA is the Frequency-Magnitude
Distribution (FMD). The FMD presents the proportions of magnitude intervals in a population of
earthquakes. A model of this distribution has a fundamental impact on the results of the
estimation of probabilistic characteristics of the seismic process. The FMD models used in
seismology usually are derived from an empirical relationship known as the Gutenberg-Richter
(GR) relationship (Gutenberg & Richter, 1944). This law relates linearly the logarithm of the
number of earthquakes, N, in a region that are above a certain magnitude, M, as logN = a —
bM, with a being a constant characteristic of the seismogenic process in the region and b being
the ratio of weaker to stronger earthquakes. High b values indicate a higher proportion of smaller
to large earthquake magnitudes in contrast to the pattern observed with low b values. The GR
relation approximates the linear part of FMD that begins above the magnitude of completeness,

M, - the lowest magnitude of earthquakes, which are statistically all recorded in given monitoring
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conditions. The GR relation leads to exponential models of magnitude distributions, either

unlimited or with upper limits.

Deviations from the exponential Gutenberg—Richter (GR) distribution have long been
observed in mining environments (Kijko et al. 1987; Subbaramu et al., 1989; Johnston and
Einstein, 1990; Trifu et al., 1993; Feustel, 1997, Lasocki, 2001; Orlecka-Sikora & Lasocki, 2005;
Lasocki & Orlecka-Sikora, 2008, Urban et al., 2016), often attributed to the coexistence of two
types of events: those directly related to mining operations and those resulting from stress
redistribution within the mine. Similar observation of deviations from the GR law have been
made for seismicity triggered in the vicinity of reservoirs and were connected with mixing of
samples with different b-values (Urban et al., 2016). In these settings, temporal variability in b-
values has been documented prior to moderate events (M~4) (Mallika et al., 2013). In the context
of hydraulic fracturing, small-magnitude earthquakes frequently deviate from the GR relation
(Eaton et al., 2014; Huang and Beroza, 2015; Leptokaropoulos et al. 2020). A return to GR-like
behaviour after injection has ceased has been interpreted as evidence of stress triggering (Huang
and Beroza, 2015). Additionally, hydraulic fracturing may induce seismicity through fault
reactivation, indicated by an increase in event magnitude over time and a concurrent drop in b-
value (Davies et al., 2013). However, as Leptokaropoulos et al. (2020) point out, interpreting
magnitude distributions solely based on b-value variations in such cases may be misleading when
the underlying distribution deviates from exponentiality.

The multicomponent structure of the FMD in some anthropogenic seismicity cases were
evidenced observationally and proved statistically (e.g. Gibowicz & Lasocki(2001) and references

therein). Using the smoothed bootstrap test for multimodality (Silverman, 1986), Lasocki (2001)
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validated statistically hypotheses on the multimodality of the FMD of mining earthquakes.
Furthermore, he demonstrated that no parametric model of the FMD could fit such data to
ensure the required accuracy of the FMD representation in the probabilistic PSHA. In studies of
the FMD complexity for four the AS datasets from mine, geothermal energy production field and
reservoir impoundment statistically significant non-exponentiality of the FMDs was found (Urban
et al., 2016). In this study, we generalize these findings and hypothesize that FMD not following
the GR-born exponential distributions and often having a multimodal structure is a general
feature of the FMD-s of the AS. To get grounds on this hypothesis we investigate the FMD for
the AS catalogues that result from the anthropogenic activities of a wide range of technological
operations. We selected 18 AS episodes representing different impacting factors such as
reservoir impoundment, underground mining, conventional and unconventional hydrocarbon
extraction, geothermal energy production and underground gas storage from the datasets of the
AS hosted by the EPISODES platform (Orlecka-Sikora et al., 2020; Lasocki et al., 2022) of the
Thematic Core Service Anthropogenic Hazards (TCS AH), and developed within the European
Plate Observing System Program (EPOS-ERIC). EPISODES Platform opens the unique opportunity
for broad studies across technology of the AS by providing access to datasets called the episodes,
which encapsulate the geological, geophysical and technological information. Our testing scheme
is similar to that employed by Leptokaropoulos (2020) for his tests of the Geysers catalog. We
examine the fit of the FMD of the AS to the GR relations using the parametric Anderson—Darling
(AD) test (Stephens, 1974) for the exponential distribution. Subsequently, we examine the
complexity of the FMD, searching for multiple modes and bumps in the Probability Density (PDF).

For this purpose we employ the nonparametric smoothed bootstrap multimodality and



109

110

111

112

113

114

115

116

117

118
119

120

121

122

123

124

125

126

127

128

129

130

131

multibump tests (Silverman, 1986; Efron & Tibshirani, 1998) for the first time used to study
magnitude distribution by Lasocki (2001). We find that among the 63 of the analyzed AS
catalogues associated with various technological operations, in 30 cases (47.6%) the magnitude
distribution deviates significantly from the GR-born distribution. Furthermore, in 16 out of these
30 cases, (53.3%) the magnitude distribution is complex, with either more than one mode or
more than one bump, or both. We discuss possible reasons of the found complexity of magnitude
distribution. Finally, we recommend the use of the kernel nonparametric estimation of
magnitude distribution in the probabilistic seismic hazard analysis of AS, proposed by Lasocki et

al. (2000) and Kijko et al. (2001).

2. Anthropogenic Seismicity Data and Methodology

2.1 Anthropogenic Seismicity Cases

For the FMD testing procedure we select eighteen episodes representing AS categorized by
the six different technological causative activities which can induce seismicity through various
physical processes: underground mining where excavation leads to stress redistribution (e.g.
Gibowicz and Kijko, 1994); reservoir impoundment which causes stress changes due to the filling
of the reservoir and pore pressure changes due to diffusion (Lizurek et al., 2021 and references
therein); conventional and unconventional hydrocarbon extraction where reservoir depletion
leads to pore pressure reduction and associated stress changes (McGarr et al., 2002); geothermal
energy production which affects subsurface stresses through both thermoelastic and poroelastic
effects (Orlecka-Sikora et al., 2020 and references therein) and underground gas storage where

triggering mechanisms include pore pressure buildup due to gas injection and potentially gas
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buoyancy (Vilarrasa et al., 2021). The data is selected to ensure an abundance of seismological

observations required for the statistical inference. The basic available seismic information for

each episode is a seismic catalog along with the information about the associated seismic

network. The data are paired with industrial information such as injection rates for episodes

related to hydraulic fracturing, mining areas and mining front advance in episodes related to

underground mining, and water level changes for AS related to the reservoir impoundment. The

basic parameters of the studied episodes along with their location are presented in Fig. 1. The

detailed description of data with the associated references are provided in the Supplementary

10 -

Technological activity
Conventional Unconventional Underground
Energy  Underground Resenvoll  hgrocarbon hydrocarbon
Production ~ Mining  Impoundment - gy¢raction extraction storage

&%ag@

Geothermal

Note 1.
Name Period [Start End] N M Range IR United States of America
(min y ¥ y”
Soultz-sous-Forets 2004 08/09/2004 — 24/09/2004  5ggq [-2.323] IR 3 ) @ ,
| souttz-sous-Forets 2005 04/02/2005 - 01/04/2005 3709 [-1.82.3] IR e il |
2 Cooper Basin 2005 11/09/2005 — 30/09/2005  g)g3 [-0.92.9] IR &
Cooper Basin 2012 10/11/2012 - 04/12/2012 20735 [-1.53.0] IR e
3 | The Geysers Prati9 & 29 10/12/2007 — 23/08/2014 1557 [1.43.2] IR D
4 | st. Gallen 14/07/2013 - 19/05/2015 347 [-1.23.5] DP Uzbekistan
5 | carbfix 29/11/2017 - 28/02/2018  10g1 [-0.94.3] wL Lt
LGCD copper ore mining ~ 10/12/2013 - 31/10/2021  gggg [0.94.0] MA
Pyhasalmi 01/10/2010 - 31/03/2011 7059 [2422] MA,BI Vietnam
Gisos—Cerville 06/03/2008 - 12/02/2009 77455  [-2.9 1.4] MA
9 | Groningen Field 26/12/1986 — 25/07/2022 137 [-0.8 3.6] GP @
10| LACQ Gas Field 13/08/1967 — 11/12/2009 489 [1.35.2) GP, IV ¥
11| Gazli Hydrocarbon Field 17/05/1991 — 26/11/1991 441 [0.13.1] GP RS
12| Cotton Valley 14/05/1997 — 14/05/1997 gsg  [-2.38-0.68]  FPP ok )
Song Tranh 24/08/2013 - 02/06/2017 7165 [-0.6 3.6] WL
Val DAgri 11/05/2005 - 12/06/2006 1620 [0.32.7] wL
Nouzlans an 12/05/1962 —09/12/2009 731 [1.24.9] WL
Starfish 09/04/2014 - 25/02/2015 53083  [-6.0-3.0] IT

Name — Name of EPISODE

Period — time period of dataset

N — number of observations in the analysed dataset

M Range — magnitude range of dataset

TF — Technology Factor

IR — Injection Rate, WL — water level, /V — Injection Volume, MA — Mining
Area, Bl - Blast Information, FPP - Fracking Proccess Parameters, GP — Gas
Production, IT —In Situ Temperature, DP — Downhole Pressure

Figure 1. Information about the episodes from the EPISODES Platform of EPOS TCS AH, selected for the FMD

testing procedure: time and magnitude range, number of earthquakes and value of the inducing technological

factor, along the episodes’ geographical distribution.
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Due to the specific properties of the AS, especially its dependence on spatial and temporal
changes of technological processes inducing this seismicity (Lasocki & Orlecka-Sikora, 2020), the
data selection is carried out according to an established scheme adapted to the AS
characteristics. First, for each catalog we identify seismicity clusters based on the spatial and
temporal evolution of the causative technological activity. This step results in the catalogs
fragmentation into the smaller sub-catalogs. For seismicity related to fluid injection with a
number of injection cycles we select the catalog according to those cycles and the temporal
evolution of each injection cycle. For earthquakes induced by underground mining, based on the
location of mining panels and mining front advance, if available, we extract the associated
hypocentral distribution and then proceed to further processing. For the reservoir impoundment
AS episodes, we relate datasets to the level of water in the reservoir. In the second step, we focus
on the stationarity of the AS process in the selected catalogs and sub-catalogs.

Particular attention is devoted to the estimation of the magnitude completeness level, Mc,
as its improper estimation may provide spurious rejections of the exponentiality of the observed
magnitude distributions. We use five tests to estimate the Mc: the Goodness of Fit test (Wiemer
& Wyss, 2000) at the 90% (GFT90), and 95% (GFT95) level, the modified Goodness of Fit test
(mGFT, Leptokaropoulos et al., 2013), the Maximum Curvature test (MaxCurv , Wiemer & Wyss,
2000) and the MBASS test (Amorese, 2007). For every examined catalog we compare the results
of the five tests and we found that the mGFT provides the highest or second highest value of Mc
in 51 of the 52 catalogs that we initially explored (Table A1). The GFT95 and MBASS methods also
provide high Mc values but also sometimes they fail to calculate an Mc. Furthermore, the GFT95

method provides in some cases unrealistic value for Mc, much higher than the values from other
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methods (e.g. The Soultz-Sous-Forets 2005 injection) and is not taken into account. The GFT90
method provides usually the lowest Mc-value and in two cases also fails to produce a result. The
MaxCurv method provides low Mc estimate in FMDs with low curvature (e.g., Cooper Basin 2005
and 2012, Starfish). Those observations lead us to use the mGFT test for our Mc estimations.

After determining the Mc for a catalog using the mGFT test, we assess its spatial variability.
To achieve this, we divide the study areaintoan N x N grid. Each grid cell must contain a minimum
of 20 earthquakes to calculate a reliable Mc value. This threshold is chosen to balance sample
size and spatial coverage, especially in cases with limited events. While low sample sizes may
introduce slight biases, Gong et al. (2024) show that the GFT90 method performs reasonably well
even with as few as 20 events. The mGFT method, being more conservative than GFT90, likely
overestimates Mc slightly, providing a cautious estimate. The selection of N was determined
empirically for each case to ensure that a sufficient number of events were retained for analysis.
In most cases, some spatial variability in Mc is observed. However, this approach ensures that
the overall calculated Mc is always equal to or greater than the highest Mc value within the grid.
While this approach is precautionary, we maintained this criterion to avoid introducing potential
biases in b-value or FMD model comparisons in marginal areas

In the next step, we focus on the stationarity of the AS process in the selected catalogs and
sub-catalogs. The AS process is intrinsically non-stationary but usually can be regarded as interval
stationary (Weglarczyk & Lasocki, 2009; Olszewska et al., 2017). We identify the stationary
intervals, based on cumulative number of earthquakes with M>Moc, versus time plots. The linear
parts of such plots indicate the constant seismicity rate. Before applying the statistical tests to

detect deviations from exponential distribution and detect complexity, each stationary period is
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examined with non-overlapping rolling windows of 60, 100, or 200 earthquakes, depending on
catalog size. It is confirmed that that within each window, the estimated Mc does not exceed the
overall calculated Mc.

The presented above methods of selecting the samples for the goodness of fit tests, in our
opinion secured the study from the factors that might distort test results like over- or
underrepresentation of lower magnitudes in catalogs (Herrman & Marzocchi, 2020) and
incompleteness of catalog subsets (Marzocchi et al., 2020).

Finally, to ensure samples representativeness we accept the subcatalogs with minimum 60
events above the M. Based on our evaluation of the statistical power of exponentiality tests
(Supplementary Note 2.1), a sample size of at least 60 was identified as a reliable minimum
threshold for detecting deviations from exponentiality using the Anderson-Darling (AD) test.
Following this workflow, we determined 63 subsets containing altogether 22131 seismic events

(Fig. 1, Supplementary Note 1).

2.2 Testing scheme
The deviation of the FMDs of the selected catalogs from the GR law and the complexity of
the underlying magnitude distribution is explored with two approaches. First, the AD test
(Anderson & Darling, 1954; Stephens, 1974) checks whether the tested sample is drawn from the
exponential distribution with the b parameter estimated by the maximum likelihood method
(Aki, 1965; Bender, 1983) — the Ho! hypothesis, against the alternative that it is not drawn from
an exponential distribution. Our studies of the power of the exponentiality tests: the

Kolmogorov-Smirnov (KS) one-sample test (Slakter, 1965), the Lilliefors (LF) test (Lilliefors, 1967)

10
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and the AD test, presented in the Supplementary Note 2.1, indicate the AD test as the most

powerful. We use AD test at the significance level 0.05.

In the second step, the non-parametric smoothed bootstrap multimodality and multibump
tests (Silverman, 1986; Efron & Tibshirani, 1998; Lasocki & Papadimitriou, 2006) are applied to
datasets for which the Ho! hypothesis is rejected by the AD test. The multimodality test’s null
hypothesis is that the PDF of magnitude is modeless (Ho? hypothesis) with the alternative that
the PDF has at least one mode to the right from the global maximum that is at the catalog
completeness magnitude, M..The multibump test explores the null hypothesis, Ho?, that the
magnitude distribution does not have bumps. The existence of multiple modes or bumps

suggests mixing of components in a dataset (Cox, 1966).

These non-parametric smoothed bootstrap tests serve as an independent and supplementary
method for identifying the presence of features (modes and/or bumps) that may cause the AD
test to reject the exponential model of magnitude. These features are often located in the ranges
of larger magnitudes, poorly represented by not very big samples. The significance level of
complexity tests is hard to assess in the smaller sample frequencies of higher magnitudes (Cox,
1966). Moreover, unlike the AD test, the non-parametric smoothed bootstrap tests are not
modified to improve performance in the distribution tails. For these reasons we use these two
tests at the significance level 0.1. The details on all the applied tests are provided in

Supplementary Note 2.2.

These three tests study continuous random variables, which means that they cannot be used
when a sample contains repeated values. Magnitude is intrinsically a continuous random

variable, but seismic catalogs have repeated magnitude values due to round-offs. This problem
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is tackled by randomizing the reported magnitudes above the magnitude of completeness within

their round—off interval, M, using the proposed solution of Lasocki & Papadimitriou (2006):

Mrana = F~H{ulF (M +55) = F (M=) +r (M =3} @

where F is the CDF of the best fitted exponential distribution of magnitude, F~1 is its inverse
function, and u is a random value from the uniform distribution (0,1). This relationship preserves
the exponential properties of the magnitude PDF while incorporating randomness. In this work,
the round-off of the reported magnitudes was 0.1. In order not to lose the values that passed to
the [Mc-6M/2] interval, we reduce Mc by 8M/2. Finally, we repeat the randomization and testing
process ten thousand times, and take the p-value of the AD-test as the median of all ten thousand

p-values.

2.3 Example: testing the complexity of the FMD of the seismicity from the Cooper

Basin 2012 Episode.
We present the testing process on the example of the Cooper Basin 2012 Episode’s catalog.
The Cooper Basin 2012 Episode contains the AS dataset associated with the geothermal energy
production by hydraulic stimulation. The Cooper Basin geothermal field is located in the
northeast of South Australia near the Queensland border. Geothermal exploration there started
in 2002. The six deep wells were drilled into the granite to a depth level of 3629-4852 m. Four of
these wells are located in the Habanero field, the other two wells are at distances of 9 and 18
km, respectively, in the Jolokia and Savina fields. Several hydraulic stimulations were conducted

to enhance the hydraulic conductivity in the subsurface. Stimulation activities in the Habanero

12
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field were accompanied by intense seismic activity occurring on a single, subhorizontal fault
(Baisch et al., 2006; 2009). A fluid-injection experiment was performed in the Habanero 1 well in
2003 to stimulate a geothermal reservoir by 20000 m3 of water injected into the granitic crust at
4250 m depth. During reservoir stimulation about 27000 induced earthquakes were detected.
High-resolution relative hypocenter locations confirmed that the reservoir is dominated by a
single fracture zone. In September 2005, the Habanero 1 well was restimulated by injecting a
total amount of 22500 m3 of water into the 4421 m deep well. Maximum flow rates exceeded 31
L/s and the wellhead pressure reached peak value of about 62 MPa. The Habanero 4 well was
drilled in the year 2012 to a total depth of 4204 m. It intersects the previously stimulated
reservoir at a depth level of 4160 m (Baisch et al., 2006; 2009; 2015). The Habanero 4 well was
hydraulically stimulated by injecting 34 000 m3 of water. Maximum flow rates exceeded 60 L/s,

and the wellhead pressure reached peak values of about 50 MPa.

For monitoring the stimulation, a 24-station network was installed. The network includes the
permanent stations installed around the Habanero, Jolokia, and Savina well sites, consisting of
three-component geophones deployed in boreholes at depth levels of 78-370 m and one surface
seismometer (Baisch et al., 2015). Additionally, nine stations equipped with three-component 1
Hz surface seismometers were temporarily deployed to improve the coverage to the east and
northwest, respectively. Each seismic station was equipped with a three-channel 24-bit digitizer
recording continuously at a sampling rate of 500 Hz. The detailed description of the episode and
the seismic data enriched with the injection rate for Habanero 1 and 4 wells, the drillhole

trajectory of the wells, the position of the wells in the Cooper Basin geothermal field, time series
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of wellhead pressure from for wells, seismic velocity model, and the geological map of the Cooper

Basin site can be found on the EPISODES Platform (IS EPQOS, 2020).

We inspect initially the number of earthquakes in relation to the injection rate and identify
two periods of injection followed by a slightly delayed seismic response. These periods refer to
an initial injection period before the main injection between 13 and 14 November 2012 and a
main injection cycle between 16 and 30 November of 2012 (Fig. 2a). Seismicity is related to a
single pre-existing surface (Baisch et al., 2009; 2015) and therefore we define clusters only by
investigating the earthquake epicentral distribution. In the first injection period (P1) we define
one cluster around the injection well (Fig. 2d; 3a) while in the second (P2) we identify the

migration of seismicity away from the injection well (Fig. 2e; 3b).
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Figure 2. Investigation of seismicity along with causative technology (inj. rate) and Mc calculation of the Cooper
Basin 2012 Episode a. Seismic activity per 8 hours along with injection rate (top), b. estimation of the magnitude of
completeness with the mGFT method (Leptokaropoulos et al., 2013) for the 1% injection period, P1 (Nov 13 — Nov
14) and, c. for the second injection period, P2 (Nov 16 — Nov 30), d. spatial distribution of the magnitude of
completeness over a gridded area for the 1 injection period, P1 and e. for the second injection period, P2. The

injection well is represented by the white diamond and the earthquake epicenters by circles in d and e.
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In the next step, we estimate an M. of —0.8 for the first injection period and an Mc of 0.0 for
the second (Fig. 2b-c). To assess the spatial variability of Mc, we applied a 5 x 5 grid for the first
injection period and a 10 x 10 grid for the second. During the first injection period (Fig. 2d), Mc
values range from —1.2 to —0.8, confirming that the calculated value of —0.8 for the entire area is
appropriate. For the second injection period, Mc values across the grid vary between —1.3 and —
0.4 (Fig. 2e), demonstrating that the overall Mc calculation of 0.0 using the mGFT method
adequately accounts for spatial variability. We proceed to analyze the seismic activity in the
selected clusters. We identify one stationary period for the P1 period, P1C11 (Fig. 3a; 3c—red
color), and two stationary periods for the main injection period P2, P2C12 and P3C13 (Fig. 3b-c—

yellow and green colors). As a final result we receive the three samples.
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Figure 3. Spatial and temporal distribution of stationary periods a. epicentral distribution of earthquakes for the
first injection period and b. for the second injection period. Colored circles represent the clusters that were chosen
for analysis based on (c) while gray circles represent earthquakes that were not used in the final analysis. c.
Identification of the seismicity stationary periods. The identified stationary periods are colored with the same colors

that are used on the epicentral maps

After this step the exponentiality of magnitude distribution is tested. The results are

summarized in Table 1. The exponentiality of the distribution can be rejected for the first (P1C11)
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and third sample (P3C13) as the p-values of the AD test (H3) are below 0.05. The multimodality
test does not indicate modes of magnitude density in both P1C11 and P3C13 (HZ > 0.1) but the
magnitude density of the data from P3C13 very likely has bumps. Therefore, the complexity of
the magnitude distributions is ascertained only for P3C13.

The step-by-step procedure for selecting appropriate subcatalogs, as presented for the
Cooper 2012 episode catalog, is similarly applied to each of the selected EPISODES catalogs and

detailed in Supplementary Note 1 (Figs. S1-586).

3. Results

3.1.Geothermal energy production

Following the procedure described above we determine fourteen clusters from the eight
geothermal energy production episodes from the Soultz-sous-Foréts stimulation in France, from
the Carbfix Reykjavik Energy Episode with geothermal energy production and CCS (Carbon
Capture and Storage) - one of the most successful examples of CO2 sequestration processes in
the world, from Sankt Gallen experiment in Switzerland, from The Geysers geothermal field in
USA - one of the largest geothermal fields worldwide, and from the mentioned above Cooper
Basin Episode in Australia (Supplementary Note 1). The selected clusters from each episode that
were analyzed contain between 76 and 3186 earthquakes, with magnitudes ranging from -1.6 to
3.5. In seven clusters (50% of the considered datasets), the exponentiality of magnitude

distribution is rejected (Table 1). Out of these seven samples, the complexity of the magnitude
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distribution in the form of the presence either modes or inflections in the density function is

confirmed in three cases.

Table 1. Significance of the hypotheses of the exponentiality and the complexity of the FMD of earthquakes in the
clusters from the seismicity episodes related to the geothermal energy production available on the EPISODES
Platform. Statistically significant p values of Anderson-Darling (Ho!) and the non-parametric smoothed bootstrap
multimodality (Ho?) and multibump (Ho®) tests are highlighted in bold. The type of magnitude is provided next to the
EPISODE name

p value of the significance of the

Episode Cluster ~ Number of Range of Hypothesis:
l earthquakes | Magnitudes | Hot Ho? Ho3
Cooper Basin 2005 (M)
P1C1 1031 -0.2-29 0.0005 0.160 0.040
P2C1 686 -0.2-23 0.0477 0.257 0.575
P3C1 803 -02-24 0.0158 0.355 0.403
P4C2 208 -0.3-1.3 0.2086 - -
P5C2 206 -0.3-2.2 0.4529 - -
Cooper Basin 2012 (M)
P1C11 503 -0.8-0.5 0.0213 0.781 0.893
P2C12 3186 0.0-23 0.1482 - -
P3C13 2855 0.0-3.0 0.0464 0.215 0.092
The Geyshers (Mw)
P1C11 108 2.0-29 0.3059 - -
Soultz-sous-Foréts 2004 (ML)
P1C1 532 03-23 0.0117 0.119 0.335
Soultz-sous-Foréts 2005 (ML)
P1C1 721 -04-23 0.0098 0.043 0.030
Carbfix (ML)
P1C1 108 0.8-2.3 0.3059 - -
P2C2 76 09-2.0 0.1048 - -
Sankt Gallen (ML)
P1C1 174 -0.6-3.5 0.6048 - -
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3.2. Underground mining

We use three episodes from the EPISODES Platform. These are the GISOS—CERVILLE Solution

Mining in France and two cases of underground hard rock mining: the Legnica-Glogow Copper

District (LGCD) in Poland, and the Pyhasalmi Mine in Finland. We examine the FMD of 24 spatio-

temporal clusters from these three episodes. The number of events in the clusters ranges from

67 to 551 and magnitudes range is from -1.0 to 4.0 (Table 2; Supplementary Note 1). The

exponential distribution of magnitudes is rejected for fifteen clusters (62.5%). From those fifteen

cases, in seven cases the statistical tests signify the complexity of magnitude distribution.

Table 2. Significance of the hypotheses of the exponentiality and the complexity of the FMD of earthquakes in the

clusters from the seismicity episodes related to mining exploitation available on the EPISODES Platform.

Statistically significant p values of Anderson-Darling (Ho!) and the non-parametric smoothed bootstrap

multimodality (Ho?) and multibump (Ho®) tests are highlighted in bold. The type of magnitude is provided next to the

EPISODE name.

Episode Cluster

P1C1
P1C2
P2C2
P1C4
P1C5
P1C6
P2C6
P3C6
P1C7
pP2C7
P1C8
P2C8
P1C9
P1C10

Number of
earthquakes

146
136
125
79
84
73
90
87
89
67
82
165
94
86

Range of
Magnitudes
LGCD (Mw)
2.1-32
1.9-29
1.9-3.0
1.8-33
1.5-3.7
1.7-3.6
1.7-29
1.7-35
1.7-3.7
1.7-39
1.7-33
1.7-3.4
1.9-4.0
1.8-35

p value of the significance of the

Ho!

0.6210
0.1200
0.0807
0.0311
0.0185
0.0860
0.0085
0.7331
0.1350
0.0247
0.3580
0.0107
0.0147
0.0410

Hypothesis:

Ho?2

0.241
0.223

0.710

0.281

0.416
0.024
0.859

Ho3

0.493
0.383

0.608

0.661

0.573
0.042
0.887
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P2C10 86 1.8-3.3 0.3813 = =

Pyhasalmi (ML)
P1C1 212 -0.9-0.2 0.0228 0.112 0.199
P2C1 127 -09-1.1 0.0058 0.010 0.010
P1C2 70 -1.0--0.1 0.0340 0.059 0.897
P2C2 150 -1.0-1.2 0.0380 0.010 0.010
P3C2 149 -1.0-0.0 0.0370 0.029 0.897
Gisos-Cerville (Mw)

P1C1 541 -0.7-1.0 0.0172 0.060 0.114
P2C1 547 -0.7-1.0 0.0302 0.099 0.194
P3C1 185 -0.7-1.4 0.1293 - -

P4C1 551 -0.7-1.3 0.0085 0.467 0.917

3.3 Reservoir Impoundment.

The catalogs related to the reservoir impoundment are represented by three episodes from
the Song-Tranh reservoir in Vietnam, the Val d’ Agri reservoir in Italy, and the Vouglans reservoir
in France. The clusters in the area of the Song-Tranh reservoir are adopted from Lizurek et al.
(2017) and Orlecka-Sikora et al.(2023). We examine the seismicity clusters close to the reservoir
Val d’Agri after Valoroso et al. (2009). In case of the Vouglans reservoir, we select the earthquake
cluster around the area of the reservoir. The identify eight clusters contain from 75 to 249
earthquakes, with magnitudes from 0.2 to 3.3 (Table 3). The AD test rejects the FMD
exponentiality of magnitude distribution for one cluster, from the Val d’Agri area. The complexity

tests do not provide grounds to reject the hypotheses Ho? and Ho>.

3.4 Conventional and unconventional hydrocarbon extraction, underground gas
storage.

We investigate five episodes related to the exploitation of underground reservoirs. The

Cotton Valley episode describes the seismic process associated with the unconventional

hydrocarbon extraction (Rutledge, 2004; IS EPOS, 2019). The three conventional hydrocarbon
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extraction episodes examined here are the Groningen field, the LACQ field and the Gazli field.
The Groningen gas field is a giant natural gas field located near Slochteren in Groningen province
in the Netherlands. It has been discovered in 1959 and nowadays it is the largest natural gas field
in Europe and one of the largest in the world. The analyzed catalog contains the data of seismicity
since the end of 1986 with the local magnitude range, M;, from -0.8 to 3.6. The Gazli field episode
is related to the gas extraction in the area of Gazli in Uzbekistan (Plotnikova et al., 1996; Adushkin
et al., 2016). The catalog contains the seismic data from 1976 to 2015. For the FMD exponentiality
and complexity tests we select a catalog from a local experiment in 1991, with M,, range from
0.1 to 3.1. The LACQ filed episode is related to a seismic swarm in the vicinity of a deep
conventional gas extraction in Aquitaine, France. Due to the changes in the seismic network in
LACQ, we establish two periods (pre and after 1996) with different levels of magnitude
completeness. The last episode in this group is the Starfish experiment undertaken in an
underground salt mine in Grand Est, France to assess the influence of thermal loading of high-
frequency gas storage operations cycles on the stability of salt cavities. This episode contains
acoustic emission data with magnitudes between -6.0 and -3.0 related to four heating cycles. In
the present group of AS, we identify seventeen clusters with 64 to 953 earthquakes of
magnitudes from -4.8 to 3.7. The statistical test rejects the exponential distribution of
magnitudes in seven clusters (41.2%). The complexity of the magnitude distribution is

ascertained in six cases (Table 3).

Table 3. Significance of the hypotheses of the exponentiality and the complexity of the FMD of earthquakes in the
clusters from the seismicity episodes related to the reservoir impoundment, the conventional and unconventional

hydrocarbon extraction, underground gas storage, available on the EPISODES Platform. Statistically significant p
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395 values of Anderson-Darling (Ho*) and the non-parametric smoothed bootstrap multimodality (Ho?) and multibump

396  (Ho®) tests are highlighted in bold. The type of magnitude is provided next to the EPISODE name.

p value of the significance of the
Hypothesis:
Ho? Ho? Ho?

Episode Cluster ~ Number of Range of
earthquakes | Magnitudes

P1C1 200 0.9 -3.2 0.2750 = =
P2C2 249 1.0-3.3 0.4498 - -
P3C3 122 0.8-2.0 0.2704 = =
o VadAgi)
P1C1 159 02-21 0.0168 0.459 0.674
P2C1 75 02-21 0.4065 = =
P2C2 85 0.2-17 0.1650 - =
P4C1 200 0.2-27 0.4247 - -

P1C1 138 1.8-3.0 0.1300 - =

P1C1 108 2.2-3.7 0.1270 - -
P2C1 125 1.8-3.4 0.1955 = -

P3C1 63 1.8-3.0 0.0864 - -
- Gromngem(Mw)
P1C1 123 1.2-35 0.7866 = -

P2C1 175 0.9-3.6 0.2163 - -

P3C1 70 0.6-2.3 0.1348 = -

P4C1 118 0.6 -3.4 0.4529 = -

P1C1 129 0.8-2.7 0.3385 = =

P1C1 68 -20--1.4 0.4569 = =
P2C1 217 -2.0--0.7 0.0096 0.030 0.018
P3C1 64 -20--1.4 0.0022 0.008 0.039

P1C11 359 -4.2--3.4 0.0006 0.005 0.260
P1C12 282 -4.3--3.0 0.0051 0.359 0.693
P2C1 953 -4.6 --3.5 0.0005 0.012 0.267
P3C1 697 -4.8--3.4 0.0005 0.033 0.040
P4C11 853 -4.7 --3.3 0.0005 0.002 0.726
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P4C12 434 -4.6 - -3.7 0.1507

4. Discussion
We found that among the 63 of the analyzed FMDs of AS associated with various technological
operations, 30 (47.6%) reveal non-exponential underlying distribution. From these 30 of FMDs,

16 show distribution complexity, with either modes or bumps, or both.

The AS process varies in time and space. The significant deviations of AS FMD-s from the GR
based models can result from this variety and indirectly from diversity of technological factors
inducing or triggering anthropogenic earthquakes and transient responses to the surrounding
tectonic environment. The technological processes related to energy and raw materials geo-
projects are often complex, liable to vary and change. They involve many various technological
factors at the same time, e.g. fluid pressure, fluid injection rate, number of active injection and
production wells etc., or e.g. amount of exploited ore, rate of mining, type of mining methods —
longwall, room and pillar mining, block caving, and further, stress concentrations due to gob area,
etc. The situation becomes even more complex in the cases where such projects are carried out

in the vicinity of the fault systems that are heterogeneric and complex (e.g., Styles et al. (2014)).

Deviations of magnitude distributions from the exponential distribution were also discovered
in natural seismicity. The applicability of the GR law is suggested to depend on the study area
being sufficiently large, not only exceeding the source dimensions of the largest expected
earthquake but also broad enough to encompass complex and variably oriented fault systems,
ensuring the statistical validity of the G—R relationship (Krushelnitskii et al., 2024; Shebalin et al.,

2024). An appropriate spatiotemporal scale should be large enough to reflect the tectonic
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context without merging distinct FMD behaviors from different b-values, yet fine enough to
preserve statistical validity (e.g. Herrmann et al., 2022). Therefore, it was recommended to use
in the FMD studies a spatiotemporal selection of the high quality data above the catalogue
completeness (Herrmann et al.,, 2022; Geffers et al., 2022) with proper sample sizes and
magnitude ranges, typically of three units of magnitude (Marzocchi & Sandri, 2003), and the use
of moment magnitudes, My, instead of local magnitudes, M (Herrmann & Marzocchi, 2021).
Ideally, M\, would be calculated directly from the seismic signal though it is not always possible
in the catalogs provided by the EPISODES platform. In these catalogs, My values sometimes may
be derived from M;, where the relationship between M, and M, is segmented polynomial
(Goertz-Allmann et al., 2011; Edwards & Douglas, 2015). Our analysis indicates that M, catalogs
generally maintain the linearity for M>Mc, at smaller magnitudes, consistent with findings by
Bethmann et al., (2011) and Deichmann (2017). The trend holds for the majority of our M| based
catalogs, except for the Song Tranh 2, Carbfix and St. Gallen episodes, which include maximum

magnitudes above M3.0 but contain very few events above this magnitude (Tables 1; 2; 3).

Similar explanations of the non-exponentiality of magnitude distribution can also be found for
AS cases. E.g., Igonin, et al. (2018) interpreted the observed bilinear magnitude distribution of
the hydraulic fracturing-induced earthquakes close to Fox Creek, Alberta in Canada, as the result
of the superposition of spatial clusters with different b values.

4.1 Mixtures of exponential distributions

Dublanchet (2020) has shown theoretically and through numerical simulations that b value
variations are related to normal stress observed in a mechanical model of fault, consisting of a
frictional interface between elastic slabs, characterized by a heterogeneous distribution of critical
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slip distance of the rate-and-state friction law. He has shown that b value increases with the
logarithm of normal stress as presented in the schematic diagram in Fig. 4a. According to
Dublanchet (2020) considerations, the FMD at the initial normal stress g,, = gy, is characterized
by an exponent b (black line in Fig. 4a). Because of variations in o,,, we observe changes in the b
value from b to b’ or from b to b’ (marked by red and blue in Fig. 4a). In the case of AS, the rate
of stress changes due to the technological operations is high and the amplitudes of these changes
are significant. Such stress changes evolution for the AS case can be observed in Fig. 4b showing
the variations of the relative stress magnitude R = (g, — 0,) /(07 — 03), where gy, g5, 05 are the
principal stresses, for the cluster of seismicity induced by the reservoir impoundment in the Song
Tranh 2 (ST2) reservoir in Vietnam (Orlecka-Sikora et al, 2023). The magnitudes of AS are
generated under nonstationary stress conditions, i.e., in the extreme case each of the magnitude
could represent the random variable coming from an exponential distribution of a different
exponent according to the inference of Dublanchet (2020). Thus, the use of the GR-based
distribution with one specific b value to model the FMD of the AS dataset covering a timespan of

the technological operation is questionable.

a. increase b.
of g, 1.0
4] above:dy modified slope b’ % . :
o = =g
e A ﬁ =1
- decrease of g, modified slope b"' g md
qh,) %.D below o E gD 0.6
€2 S ®©
> Q z 0.4
= o
0.2
M, May Jun Jul Aug Sep 2014
Magnitude M Date

Figure 4. a. Schematic representation of how changes in normal stress, on, affect the slope (b-value) of the

frequency-magnitude distribution (FMD), adapted from Dublanchet (2020). The black solid line represents the
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initial FMD,-with b-value b; increases or decreases in stress lead to modified slopes b' and b". b Empirical example
illustrating the evolution of relative stress magnitude R=(01-02)/(01-03), where o1, 02 and o3 are the principal
stresses, over time for anthropogenic seismicity near the Song Tranh 2 reservoir in Vietnam. The gray shaded areas
are the 95% confidence intervals The variability in R supports the dynamic stress conditions hypothesized in panel

(a), demonstrating the relevance of the schematic model to real AS cases.

Indeed, a mixture of exponential distributions with different exponents can, under
specific conditions, produce a distribution whose complexity will be detected by goodness-of-fit
tests. However, mixtures of the exponential distribution are monotone (Jewell, 1982; Heckman
1990), that is the PDF cannot exhibit modality. In about half of our cases (16 cases) in which the
null hypothesis Ho! was rejected, the probability density complexity was also ascertained. The
disparities between them and the GR-born exponential distribution could not result from the
mixing of samples drawn from exponential distributions of different b values. However, in the
second group of 14 cases, the modality was not confirmed; hence, the hypothesis that the results

of the AD test were related to the mixture of the exponential distributions was not discarded.

To get insight into whether the observed FMDs are exponential mixtures or not we perform
Monte Carlo simulations. We generate samples of 100, 200 and 500 magnitudes drawn from
exponential distributions of various b values from 0.5 to 1.5. Then, we mix the samples with
different exponentials in equal proportions (50% from each b-value), to create combined
distributions of 200, 400 and 1000 samples that representing all possible combinations of b-
values. The proportion is selected based on the real observations of b value time variations in AS
clusters, where we observe that in most of the datasets about 50% of time periods experience
lower values of b and 50% have higher values of b (the Supplementary Note 3). The results of
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tests for the 200, 400 and 1000 element samples are presented in Fig. 5. We see that the
exponentiality of distribution is rejected only when the mixed sample is big (400 and 1000
elements) and it consists of data from two exponential distributions with strongly different b-
values (0.5 and > 1.4 for 400 element samples, and 0.5 and > 1.1 or 0.6 and > 1.3 for 1000 element

samples).

200 initial samples 400 initial samples 1000 initial samples
(100 samples from b1 + 100 samples from bz) (200 samples from b1 + 200 samples from bz) (500 samples from b1 + 500 samples from bz) p value

(c)

0506 070809 1 111213 1415 0506 070809 1 1112131415 0506 070809 1 1112131415

by b, b,

Figure 5. The results of the AD testing the hypothesis of exponentiality of the distribution gathered from the
mixture of the two exponential distributions with b; and b, parameters. Panels show results for a 200, b 400, and

¢ 1000 samples, with each dataset composed of equal proportions from b, and b,.

To see whether such big changes of b-value occur in AS, we segment the original data in AS
clusters into 60-earthquakes of non-overlapping, consecutive subclusters and calculate the b
value for these subclusters. The number of earthquakes in the subclusters is selected as a
compromise between the test power requirements and the need to observe the largest b
variations. The b-value varies in the subclusters. The range of differences between b-values from
particular clusters is from 0.01 to 0.97 (the Supplementary Note 3.1, Fig. S90-593). According to
the results presented in Fig. 5, these b variations for most of the sample sizes of AS subclusters

would not cause rejection of the null hypothesis by the AD test. Nevertheless, for many AS-tested
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datasets with sample size below 400, the AD test rejected the hypothesis of an exponential
distribution of magnitude. This indicates that the ascertained non-exponentiality of the AS FMDs

does not result from the mixing of samples drawn from different exponential distributions.

4.2 Geological and technological constraints
One possible mechanism responsible for the complex magnitude distribution is localized

geological control. In many anthropogenic environments, seismicity occurs in highly confined
zones influenced by specific stratigraphic layers, lithological contrasts, or fault structures. These
features may concentrate stress and facilitate repeated rupture of similar size, reminiscent of the
characteristic earthquake hypothesis proposed for natural tectonic systems (e.g., Wesnousky,
1994). Under such conditions, the seismogenic volume in case of anthropogenic seismicity is
limited by geology and by engineered interventions, which can further confine rupture sizes and
stress accumulation patterns. Repetitive technological operations such as cyclic fluid injection,
pressure drops, or mining step advances can introduce artificial loading patterns that repeatedly
induce earthquakes within narrow magnitude bands. These operational thresholds or activation
conditions may lead to pseudo-modal behavior in the magnitude distribution. It is also important
to emphasize that the exploitation of georesources is typically managed to maintain seismic risk
below an acceptable threshold. As part of this risk mitigation strategy, operators often adjust
technological parameters (e.g., fluid injection schedules or extraction rates, Kwiatek et al., 2019)
in response to the observed seismicity development, thereby intentionally suppressing the
occurrence of larger-magnitude events. These interventions may further influence the resulting

FMDs by altering the underlying stress regime and energy release dynamics.
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While mixtures of exponential distributions remain monotonic (Jewell, 1982; Heckman,
1990), a mixture of an exponential and a peaked distribution, such as a normal or lognormal
produces a distribution with modes or, at least, bumps. This could occur if the catalog combines
background seismicity governed by exponential decay, and clustered or repeating events around

a characteristic magnitude (e.g., due to local failure modes or geomechanical constraints).

Finally, non-stationary stress conditions and dynamic b-values may also be responsible for
complex magnitude distributions. As previously noted in the manuscript, the work of Dublanchet
(2020) demonstrates how stress evolution can modulate the b-value through time. In
anthropogenic settings where stress evolves rapidly and non-linearly due to engineering
operations, each earthquake could effectively sample a slightly different exponential distribution.
When aggregated, this may lead to complex magnitude distributions that are inconsistent with a
single b-value model. Furthermore, we emphasize that our statistical testing shows that even
mixtures of exponential distributions with different b-values do not result in multimodal or
bump-containing distributions. Thus, the observed complexity in many magnitude distributions
cannot be attributed to simple mixing alone.

4.3 Role of mixture of stable and unstable slip

We would like to focus the attention on some of our observations that may be relevant for
the further delving into the problem. Some earlier studies hypothesized that the different
fracturing processes during the technological operations, variations in rock types, fault networks,
mitigation protocols to reduce the occurrence or magnitude of AS, and the temporal evolution
of human activities progress, can alter the magnitude distribution (Lasocki, 2001; Gibowicz &

Lasocki, 2001; Lasocki & Orlecka-Sikora, 2008; Eaton et al., 2014; Eaton & Maghsoudi, 2015;
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Urban et al., 2016). We analyzed the laboratory experiments of Shu et al. (2023) on the temporal
evolution of the slip of asperities on a faulting interface. Even for the uniformly distributed
asperities under the constant normal load and the various constant displacement rates imposed
on the system, the resulted slip event magnitude distributions, although mimic the GR relation,
are identified by the AD and multimodal tests as non-exponential and complex. Shu et al. (2023)
proposed a novel experimental setup with a PMMA plate sliding on a customized surface with
asperities modeled by numerous identical spherical PMMA beads embedded in a softer polymer
base. The spatio-temporal interactions of asperities were quantified in the experiments as
collective slip episodes mimicking fault ruptures including both stable and unstable slips. We
examine the catalogues of slip episodes recorded for various mechanical conditions, available in
Shu et al. (2023). The slip event is characterized there as a single rupture with the slow slip in the
sense that the ratio of its size with respect to its duration is much lower than the Rayleigh wave
speed of the material of the interface. Fig. 6 with the results of the FMD tests shows that the
FMD exponentiality does not depend on the value of the normal loads and the displacement
rates imposed on the system. Moreover, the p value of statistical inference depends on the
number of observations in a sample — the larger sample the smaller p value, with the Spearman
correlation coefficient Ry, yqiue n» = —0.73. The results are stable after the exclusion of the large
stick-slip events at the global fault scale, which reach the boundaries of the model and
accordingly are limited in size. For eighteen from nineteen samples the p value of the hypotheses
stating about the FMD multimodality (Ho?) are lower than 0.05 confirming that the magnitude
distribution is complex. These results indicate that the interplay of stable and unstable slips may

be responsible for the nonlinear shape and the complexity of the magnitude distribution.
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Figure 6. a. Frequency magnitude distribution of slip events on asperities along an analogue fault interface during
stick-slips at different loading rates under different normal load during the laboratory experiments performed by
Shu et al. (2023), b. together with the p values of the significance of the hypotheses of the FMD exponentiality
and c. their relation to the sample size. Statistically significant p values of Anderson-Darling test marked by the

circles are size and color-coded.

4.4 Practical implications for seismic hazard assessment

Our results show that relying on the GR relationship for the AS often leads to an incorrect
estimation of magnitude distribution and, consequently, to under- or overestimation of seismic
hazard and related risk. This deviation may stem from physical processes or instrumental
limitations. Regardless of its cause, the inability to apply the GR model requires adopting a non-
parametric approach for robust analysis and interpretation as no existing magnitude distribution
models are known to follow credibly non-linear and complex distributions. Therefore, the best
solution for the magnitude distribution estimation in AS is to use the kernel nonparametric

density estimator (KDE), for the first time proposed by Lasocki, et al. (2000) and Kijko, et al.
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(2001), and further developed by Orlecka-Sikora & Lasocki (2005) and Lasocki & Orlecka-Sikora
(2008). For the interval estimation of the nonparametric estimate of the magnitude distribution,
the iterated bias-corrected and accelerated method (IBCa method) has been developed (Orlecka-
Sikora, 2004; 2008). The present version of this estimator, implemented in applications accessible
on the EPISODES platform, utilizes Gaussian adaptive kernels (see: Supplementary Note 4), but

works on its improvements are on the way.

Fig. 7 presents the results of the estimation of complex magnitude distribution by means of
KDE and the maximum likelihood estimator (MLE) with the exponential model, and the estimates
of related basic seismic hazard parameters: R(M, D) - the exceedance probability of magnitude

M in a time D, defined as:

R(M,D)=1—exp[-A-D-(1—-CDF(M))], (2)

where A is the mean activity rate, and T(M) - the mean return period defined as the reciprocal
of the rate of occurrence of earthquakes of magnitude M or greater (e.g. Lomnitz, 1974; Baker,

2008):

T(M)={A- (1 — CDF(M))} . (3)

The CDF(M), R(M, D), and T(M) are estimated from synthetic datasets which include a
mixed sample from two exponential distributions with different b values and a mixed sample
from the exponential and normal distributions accounting for the characteristic-earthquake
hypothesis (Igonin et al., 2018). They are also estimated using the empirical CDF (ECDF) from a
real AS dataset, associated with the geothermal energy production —the Soultz-Sous-Forets 2004

episode in EPISODES Platform (EOST &GEIE EMC, 2018). For both synthetic datasets the KDE
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estimates are much closer to the actual CDF, R, and T, than MLE estimates (Fig. 7). E.g., for the
dataset from model 1, the actual exceedance probability R for the magnitude M =4inD =1
time units is 0.17, whereas the MLE estimate is equal 0.12. This divergence is also reflected in T
estimate, i.e. for the magnitude M =4 we have T = 5 but the parametric estimate is 8 time units
(Fig. 7a—c). On the contrary, the KDE estimates are practically the same as the true values of CDF,
R, and T functions.

In the case of model 2, both the actual value and the KDE estimate of the exceedance
probability, R for the magnitude M =4 in D = 1 time units is close to 1.0, whereas MLE
significantly underestimates R, being equal to 0.47. The real value of the mean return period
T for M = 4 is 0.2 time units, the nonparametric estimate provides exactly the same value, but
the parametric estimate is 1.5 time units.

We observe also the significant differences in the parametric and nonparametric estimates
of R and T for the real dataset. For the M = 3 we receive the parametric estimate of R close to
0 while for the nonparametric estimate it is approximately 0.90. The mean return period, T
estimated by MLE is 0.3 days but when we apply the nonparametric approach T is equal to more
than 100000 days. The above examples show that when the FMD is complex, the classic, GR
model-based approach results in systematic very significant estimation errors. AS is controlled by
a time changeable production process therefore assuming the GR relation-born magnitude
distribution for AS is in many cases not valid. A short-term, detailed analysis of the seismic

hazards for AS must assess time-variations of probabilistic distributions of source parameters.
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Figure 7. Probability Density Function of magnitudes CDF (M), the exceedance probability in D time R(M,D =
1) and the mean return period T (M) for a. - c. the synthetic 400-elements dataset drawn from the mixture of the
two exponential distributions with the exponents of b = 0.7 and b = 1.1 in equal proportions (model 1); d. — f. the
synthetic 400-elements dataset drawn from the mixture of the exponential and normal distributions with the
parameters: the exponent b = 1.1, the expected value u = 4.5 and the standard deviation ¢ = 0.3, in equal
proportions (model 2); g. — i. the real dataset: the SOULTZ-SOUS-FORETS 2004 episode in EPISODES Platform,
containing 3266 earthquakes between September 13 and 16 2004, with a M = 0.3. In both models, the CDF, R,
and T are the average over 100 000 simulations. The GR Maximum Likelihood Estimator found an average b value

of 0.86 for the model 1, 0.62 for the model 2 and 0.55 for the real dataset.
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5. Summary and Conclusions

We analyzed 63 FMDs resulting from 18 AS episodes associated with various technological
activities and found that nearly half (47.6%) does not accord with the exponential distribution,
hence does not follow the Gutenberg - Richter relation. Among these, 16 exhibit complex
features such as multiple bumps or modes. Similar deviations have been reported in previous
studies and in natural seismicity, often attributed to the mixing of seismic zones or clusters with
different b-values. Our simulations show that such mixing leads to testable deviations from
exponentiality only when sample sizes are large or the particular b-values are significantly
different. The analysis of b values in the selected FMDs suggests that the mixing cannot explain
the observed deviations. Moreover, the mixtures of exponential distributions which are
monotonic, hence cannot explain the observed complex features in the mentioned sixteen cases.

Our study shows that in many cases there are complex magnitude distributions and this
complexity reflects the dynamic industrial processes and in some case complex geological
settings. In such cases the use of classical GR model can impact seismic hazard assessment. The
comparative analysis with real and synthetic datasets shows that using a kernel nonparametric
density estimator (KDE) outperforms traditional MLE in capturing the true characteristics of
complex AS magnitude distributions. KDE should therefore be considered a standard tool for
estimating seismic hazard parameters. Additionally, we highlight the potential of an adaptive
kernel method that accounts for data sparsity as a more advanced alternative (Orlecka-Sikora
and Lasocki, 2005).

Future work should aim to bridge the gap between statistical observations and the underlying

physical processes driving induced seismicity. The complexity observed in FMDs, including
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deviations from exponentiality and multimodal patterns, suggests the involvement of distinct
rupture processes or evolving fault conditions that merit further investigation. The assumption
of an exponential frequency—magnitude distribution is fundamental for applying the Gutenberg—
Richter model and interpreting b-values. Kijko et al., (2001) showed that when this assumption
is violated, applying the G-R model can lead to significant underestimation of seismic hazard,
and they advocated for nonparametric approaches that do not rely on the exponentiality of the
FMD. Alternative approaches have also shown promise: for example, a particle filter approach
(lwata and Nanjo, 2024) effectively captures the temporal variability of b-values, while a moving
window combined with a kernel of the arithmetic mean can account for spatial variability (Pardo-
Iguzquiza and Dowd, 2024). These approaches are particularly well-suited for analyzing induced
seismicity, where both temporal and spatial variations are intrinsic features. Incorporating an
improved non-parametric approach and machine-learning approaches may better capture
evolving distributional characteristics without strict parametric assumptions. Ultimately,
embedding these tools into real-time monitoring systems could support adaptive strategies

aimed at minimizing seismic hazard.
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Data and Resources
All data used in the analysis are available on the EPISODES platform of the Thematic Core Service

Anthropogenic Hazards of the European Plate Observing System (Orlecka-Sikora et al., 2020):

https://episodesplatform.eu/?lang=en. This data is licensed under the Creative Commons

Attribution 4.0 International License, CC:BY. All data needed to evaluate the conclusions in the
paper are presented in the main text of the paper and the Supplementary Notes. Figures were
made by Matlab software, License Number: 40837060 and Statistica 13 software, Licence

Number: ANS009K287811A136-4 and by Python’s Matplotlib library (Hunter, 2007).

Code availability
The used codes in the paper are available on the EPISODES platform of the Thematic Core Service

Anthropogenic Hazards of the European Plate Observing System (Orlecka-Sikora et al., 2020):

https://episodesplatform.eu/?lang=en.
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Appendix A — Magnitude of completeness methods comparison

Table A1 The results of the five examined methods for the magnitude of completeness (M) calculations of the
selected catalogs. The highest calculated M for each catalog is colored by green and the second highest by yellow.
The method of mGFT, noted by a star (*), is selected for all catalogs because it provides almost consistently the

highest or second highest estimation. Outlier values are filled with a dark blue and not considered.

Catalog Mc method
MaxCurv | GFT10 GFT5 mGFT * | MBASS
Cooper 2005 — North cluster -04 -0.5 1.2 -0.2 -0.2
Cooper 2005 — South cluster -0.5 -0.5 0.6 -0.3 -0.3
Cooper 2012 — 1st injection -1 -1.1 -0.9 -0.8 -1
Cooper 2012 — 2nd Injection -1 -1.1 -0.3 0 -0.6
Soultz-Sous-Forets 1993 -1.7 -1.8 -1.7 -1.6 -1.5
Soultz-Sous-Forets 2004 -1.2 -1.3 0.4 0.3 -1.1
Soultz-Sous-Forets 2005 -0.7 -1 0.7 -04 -0.7
St. Gallen -0.6 -0.6 -0.6 -0.6
The Geyshers - Prati 9 and 29 1.4 1.6 2 2
Carbfix — Center (Blue) 0.9 0.8 09 0.8 0.9
Carbfix — Center (magenta) 0.9 0.8 0.8
Carbfix — East (green) 1 1.1 1 0.9
Carbfix — East (red) 0.9 0.9 0.9 0.9
Carbfix — North (yellow) 1.1 1.2 1 1.1
Carbfix — North (cyan) 1.2 1
Cotton Valley -2.1 -2.1 -2 -2.1
Groningen 1992-2011 1.2 1.1 1.2 1.2 14
Groningen 2011-2015 0.9 0.8 0.9 0.9
Groningen 2015-2022 0.6 0.5 0.6
LACQ 1969-1996 24 2.2 2.2
LACQ 1996-2009 1.8 1.7 3.3 1.8 1.8
Gazli 1991 0.5 0.7 0.8 0.8
Starfish 1st cycle — Period 1 -4.8 -4.4 -3.6 -4.2 -4.8
Starfish 1st cycle — Period 2 -4.4 -4.4 -4 -4.3 -4.3
Starfish 2nd cycle -5.1 -5 -4.6 -4.6 -4.8
Starfish 3rd cycle -5.1 -5.1 -4.8 -4.8 -5
Starfish 4th cycle — Period 1 -5.2 -5.1 -4.9 -4.7 -5
Starfish 4th cycle — Period 2 -5.1 -5 -4.7 -4.6 -4.8
Gisos — CERVILLE 2008 -1.2 -1.3 -0.9 -0.7 -1.2
Gisos — CERVILLE 2009 -1.1 -1.2 -0.9 -0.7 -1.1
Pyhasalmi — NE cluster -1.4 -1.2 -0.9 -1.1
Pyhasalmi — NW cluster -1.1 -1.1 -1 -1.1
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LGCD - Cluster 2
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