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S U M M A R Y
The most common earthquake forecasting models assume that the magnitude of the next
earthquake is independent from the past. This feature severely limits the capability to
forecast large earthquakes with high probabilities. Here we investigate empirically on the
magnitude-independence assumption, exploring if: (i) background and triggered earthquakes
have the same frequency–magnitude distribution, (ii) variations of seismicity in the space–
time–magnitude domain encode some information on the future earthquakes size. For this
purpose, and to verify the stability of the findings, we consider seismic catalogues covering
different space–time–magnitude windows, such as the Alto Tiberina Near Fault Observatory
(TABOO), the California and Japanese seismic catalogues. Our approach is inspired by the
nearest-neighbour method proposed by Baiesi & Paczuski and elaborated by Zaliapin et al.
to distinguish between triggered and background earthquakes. Here we implement the same
metric-based correlation to identify the precursory seismicity of any triggered earthquake;
this allows us to analyse, for each triggered earthquake, the space–time–magnitude distri-
bution of the seismicity that likely contributed to its occurrence. Our results show that the
magnitude-independence assumption holds reasonably well in all catalogues, with a remark-
able exception that is consistent with a previous independent study; this departure from the
magnitude-independence assumption shows that larger events tend to nucleate at a higher
distance from the ongoing sequence. We also notice that the reliability of this assumption
may depend on the spatial scale considered; it holds for seismic catalogues of large areas,
but we identify possible departures in small areas, reflecting different ways to release locally
seismic energy. Finally, we come across an important issue that may lead to misleading re-
sults in similar studies, that is, if a seismic catalogue appears overall complete above a fixed
magnitude threshold, it may still yield spurious signals into the analysis. Specifically, we show
that some significant departures from the magnitude-independence assumption do not survive
when considering spatiotemporal variations of the magnitude of completeness.

Key words: Persistence, memory, correlations, clustering; Probability distributions; Spatial
analysis; Statistical methods; Earthquake interaction, forecasting, and prediction; Statistical
seismology.

1 I N T RO D U C T I O N

The most reliable operational earthquake forecasting models are rooted in the idea that earthquakes (any of them or those above a certain mag-
nitude) can generate other earthquakes, and that the triggering probability depends on time, space and magnitude (Ogata 1998; Gerstenberger
et al. 2005; Marzocchi et al. 2017). The mathematical description of such a clustering process consists of a few well-known empirical scaling
laws such as the Gutenberg & Richter (1944), the Omori (1894) and the Utsu (1957) relationships (Ogata 1988; Ogata 1998; Reasenberg &
Jones 1989; Gerstenberger et al. 2005). These clustering models assume that the magnitude of any earthquake is independent from the past
(the magnitude-independence assumption hereafter) (Ogata 1988; Kagan & Knopoff 1987; Reasenberg & Jones 1989; Zhuang et al. 2002).
This implies that, in such models, the intensity function is magnitude separable, that is the magnitude distribution (usually, but not necessarily
described by the Gutenberg–Richter law) is not dependent on the past (Schoenberg 2003) . As an example, in the ETAS model (Ogata 1988;
Ogata 1998), the conditional seismic intensity λ can be written as:

λ(t, x, m|Ht ) = f (m) [μ(x) + �g(t − ti , ‖x − xi‖, mi )] , (1)
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where Ht = (ti , xi , mi ) : ti < t represents the history of the process up to time t, f(m) is the function describing the magnitude-frequency
distribution, μ(x) represents the background seismicity rate, and g is the triggering function describing the productivity of an event of
magnitude mi and the spatiotemporal distribution of its offspring. Eq. (1) clearly shows that the separability of the magnitude distribution
[f(m) is not influenced by past events] is implied by the magnitude-independence assumption, stating that all the magnitudes are randomly
drawn from the same magnitude-frequency distribution, no matter what the triggering event magnitude (mi ) is.

As a matter of fact, this assumption represents the strongest limitation to the capability to forecast large earthquakes in the short term
with clustering models (Michael 2012), because the probability of a large earthquake is constrained by the probability of sampling the right
tail of an exponential distribution. More in general, if the magnitude of an earthquake is purely random, that is, independent from the past
and from the boundary conditions, this would hamper any attempt to forecast large earthquakes with high probability.

The reliability of this assumption has been investigated in previous studies, returning somehow diverging results. For instance, Felzer
et al. (2004) and Helmstetter et al. (2003) show no difference in the frequency–magnitude distributions of triggered and background events, as
is implied by the magnitude-independence assumption. Conversely, more recent papers highlight some possible discrepancies with respect to
the magnitude-independence assumption. Zhuang et al. (2004) find different frequency–magnitude distribution for triggered and background
events, whereas Lippiello et al. (2008), Lippiello et al. (2012a) and Spassiani & Sebastiani (2016) find a pairwise correlation between
consecutive magnitudes. The physical motivation of such discrepancies with the magnitude-independence assumption is still unclear (e.g.
Shearer 2012; de Arcangelis et al. 2016). We note, however, that these results, though being statistically significant, do not seem to carry
out large probability gains with respect to the magnitude-independence assumption (Ogata et al. 2018). Moreover, the pairwise magnitude
correlation is around 0.1 or less and observed only over short time intervals (of the order of tens of minutes), after which it almost vanishes
(Corral 2006; Lippiello et al. 2012a). Also for the spatial distribution of the seismicity that precedes large shocks, the results seem to be
controversial. On one hand, Helmstetter & Sornette (2003) and Helmstetter et al. (2003) do not find any clear correlation between foreshock
features and the Felzer et al. (2004) find that the foreshocks area does not depend on the mainshock magnitude. On the other hand, Lippiello
et al. (2012b) and Lippiello et al. (2017) find possible evidence that the spatial distribution of the foreshock activity encodes information
on the magnitude of the following main shocks. Likewise, Shearer (2012) shows some differences in the spatial distribution of earthquakes
following larger shocks, with respect to what suggested by classical clustering models. The debate is still ongoing, and it is not yet clear
whether these discrepancies may eventually lead to significant improvement of the earthquake forecasting skill with respect to the use of the
magnitude-independence assumption.

In this work, we investigate on the reliability of the magnitude-independence assumption by analysing seismicity features in time-space
windows that are relevant for operational earthquake forecasting. Specifically, instead of investigating possible pairwise correlations between
consecutive earthquakes that may be very close in time, we analyse the characteristics of the whole seismic sequence that precedes earthquakes
with different magnitudes; the goal is to check if these sequences have similar features independent from the magnitude of the triggered
earthquakes. We use an innovative empirical approach, which has some features worth being remarked. First, it does not consider the arbitrary
distinction among aftershocks, mainshocks and foreshocks, but only between independent and triggered earthquakes; this is done through
a technique that minimizes the choice of arbitrary thresholds and parameters (these choices will be described in Section 3), avoiding the
subjective definition of space and time binnings. Second, it explores several dimensions of the triggering seismic activity, namely the magnitude
and the space–time distribution, through formal statistical testing methods. Third, it allows a check of the robustness and stability of the
results considering three independent catalogues that cover a different space–time–magnitude range, that is, the inland Japanese catalogue,
the South California catalogue, and the catalogue of a small and well monitored part of Central Italy (TABOO).

Specifically, we aim to address the following scientific questions: (i) Are the magnitude distributions of triggered and background
earthquakes equivalent, as predicted by the magnitude-independence assumption? (ii) Is the preceding phase of larger triggered earthquakes
characterized by different time–space–magnitude features with respect to the preceding phase of smaller triggered earthquakes? The first
step of the analysis consists of separating the triggered and background earthquakes of a seismic catalogue. For each triggered event, we
then identify the set of one or more earthquakes which are thought to directly contribute to its occurrence. We address the first question
by statistically comparing the magnitude distribution of triggered and background earthquakes, whereas we address the second question by
analysing the space–time–magnitude seismicity patterns that precede small and large triggered earthquakes. In both cases, we apply our
analysis to a set of synthetic ETAS catalogues as well. Since the ETAS model is rooted in the magnitude-independence assumption (eq. 1),
the analysis of these catalogues is a sort of sanity check: the null hypothesis of each test, which is related to the magnitude-independence
assumption, should never be rejected for the ETAS catalogues.

2 S E I S M I C C ATA L O G U E S

The simultaneous use of different seismic catalogues allows us to explore the stability of the results on a wide space–time–magnitude
range. Specifically, we consider three seismic catalogues covering different space–time–magnitude windows: (1) the Alto Tiberina Near Fault
Observatory earthquake catalogue (TABOO, Chiaraluce et al. 2014), (2) the southern California catalogue (SOCAL, Hauksson et al. 2012),
(3) the Japanese catalogue (JMA catalogue). The TABOO earthquake catalogue is a high-quality and high-resolution data set recorded by
a dense seismic network in the area of the Alto Tiberina fault (northern Apennines, Italy), covering the period 2010–2015 and including
43 067 earthquakes. We have estimated a magnitude of completeness Mc of 0.7 (which leaves 4661 recorded earthquakes) and a b-value
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Figure 1. Seismicity maps of the three catalogues, from left to right: (1) TABOO catalogue, (2) SOCAL catalogue and (3) JMA catalogue.

equals to 0.96. The maximum magnitude is 3.8. The SOCAL data set is a relocated catalogue provided by SCSN for the period 1981–2014,
including 567 258 earthquakes. The estimated value for Mc is 3 (which leaves 14 472 earthquakes), whereas the estimated b-value is 1.02.
The maximum magnitude is 7.3. The JMA catalogue is provided by the Japan Meteorological Agency and includes 1 831 412 earthquakes;
we have extracted all the shallower earthquakes (less than 30 km; mostly inland) occurred after 1990. We estimate Mc = 2.5 (which leaves
18 004 earthquakes) and a b-value equals to 0.84. The maximum magnitude is 7.3.

For all the three catalogues, Mc is estimated as the first magnitude value such that the hypothesis of exponentially distributed data
cannot be rejected at a significance level of 0.05 (Lilliefors test, Lilliefors 1969; Clauset et al. 2009). The b-value has been estimated for
the exponentially distributed magnitudes by implementing the maximum-likelihood formula provided by Marzocchi & Sandri (2003). As a
matter of fact, the Mc estimated for each catalogue is an average value, which could not be truly representative for each space and time subset
of the whole seismic catalogue. This variability may introduce spurious signals in the data (Kagan 2004). Several factors can contribute to
increase Mc for specific portions of the catalogue:

(1) underreporting of small events after large earthquakes (short term aftershock incompleteness, STAI; Kagan 2004);
(2) lower local density of seismic stations (spatial variation of Mc, Wiemer & Wyss 2000);
(3) lower-quality and lower-density seismic stations available at older times (time-varying quality of the catalogue).

In this work, we address all these points in order to prevent the possibility that our findings are biased by the possible space and time
variability of the real magnitude of completeness. As regards the STAI issue, we remove all the events occurring within a short space–time
window from M6 + events. To limit any subjectiveness, we use different criteria for the definition of this window (see Appendix B for more
details). Depending on the catalogue under consideration, we handle the issues 2 and 3 by applying our analysis to events occurred within
a region characterized by a high seismic station density and/or to an excerpt of the catalogue which does not include old records that have
poorer quality. As an additional test, we verify the stability of the results imposing a more conservative overall minimum threshold magnitude
(M�

c ), that is, M�
c > Mc (TABOO: M�

c = 1.1 in place of Mc = 0.7; SOCAL: M�
c = 3.5 in place of Mc = 3; JMA: M�

c = 3 in place of Mc =
2.5). Using M�

c should minimize all the problems described above; at the same time, if the discrepancy between the magnitude distribution of
triggered and background earthquakes stems from a different physical process, then it should be preserved after this modification. If it is not,
it is likely a consequence of the underreporting of the smaller events caused by any of the three issues described above. Note that increasing
Mc of about 0.5 units lowers the number of data of about of factor of 3; this means that the number of data are still enough to carry out
meaningful statistical tests.

It is worth of noting that the three catalogues are optimal for the purpose of our work, for they cover different space, time and magnitude
windows. Fig. 1 shows the seismicity maps of the three recorded catalogues. For the sake of comparison with the expectation of typical
clustering models and to check if the adopted declustering technique introduces some spurious signals in our analysis, we also carry out our
analysis on a synthetic ETAS catalogue (see Appendix A for details about how we simulate it). Since we use a stochastic simulator program,
we generate multiple datasets. In Section 5, we show the findings relative to only one ETAS catalogue (7955 events with magnitudes in the
range 3–7.3), while we summarize the outputs from the other synthetic catalogues in the Supporting Information.

3 I D E N T I F Y I N G T R I G G E R E D E A RT H Q UA K E S A N D T H E I R P R E C E D I N G
S E I S M I C I T Y

3.1 Declustering method

Background earthquakes represent the independent component of seismicity, which is generally related to the regional tectonic strain rate.
On the contrary, triggered earthquakes occur in space–time clusters and are mostly caused by previous earthquakes. It is unlikely that any
earthquake can be either entirely due to tectonics or entirely triggered; therefore any method used to separate triggered and background

D
ow

nloaded from
 https://academ

ic.oup.com
/gji/article-abstract/216/2/820/5151335 by U

niversità R
om

a Tre - Biblioteca di area scientifico-tecnologica user on 05 February 2019



Empirical evaluation of the magnitude-independence assumption 823

earthquakes unavoidably contains some degree of subjectivity (Zhuang et al. 2002). Although we argue that any reasonable choice to make
this distinction can hardly introduce some meaningful signals into the data set, we check this possibility by analysing the performance of
the declustering procedure applied to synthetic seismic catalogues where we know which earthquake belongs to the background and which
one is triggered. Here we implement the original statistical method proposed by Baiesi & Paczuski (2004) and elaborated by Zaliapin et al.
(2008) afterward, namely the Nearest-Neighbour (NN) Clustering Analysis. This choice is mostly motivated by the elegance of the procedure,
its simplicity, and its capability to identify the link between triggered and triggering earthquakes in a more objective way with respect to
the commonly used methods that involve subjective choices on the dimension of the space–time–magnitude windows for the identification
of foreshocks, main shocks and aftershocks (Van Stiphout et al. 2012). The approach invokes the use of a distance defined in the space–
time–magnitude domain to quantify the correlation between any couple of events. For an earthquake j, the distance with respect to any of its
ancestors i can be written as:

ni j = ti j r
d f
i j 10−bmi , (2)

where tij is the difference between i and j occurrence times, rij is the distance between the two epicentres, df is the epicentral fractal
dimension, b is the Gutenberg-Richter b-value and mi is the magnitude of the ancestor. The Nearest-Neighbour distance (NND) is then defined
as:

NNDi∗ j = min(ni j ), (3)

where i∗ is the one, among the ancestors, which minimizes nij and is defined as the nearest-neighbour of earthquake j. Triggered
events are then identified as those being unexpectedly close, that is strongly correlated, to their nearest neighbour. A threshold value τ for
the distance must be defined, such that all the NND values lower than τ pinpoint the strongly correlated earthquake pairs. As shown by
Zaliapin et al. (2008), the NND distribution is clearly bimodal, with one mode representing the triggered earthquakes and the other one the
background seismicity. The fit of a two-component Gaussian mixture model to the distribution returns a threshold value which separates
the two subpopulations. The clustered portion of seismicity is therefore extracted by simply keeping all those earthquakes whose distance
with respect to their nearest neighbour falls below τ . Hereafter we use the term distance referring to the distance among earthquakes in the
space–time–magnitude domain. Though the quality and stability of the NN method has already been deeply investigated (see the Auxiliary
material for Zaliapin & Ben-Zion 2013), we verify the stability of the method by running the same analysis with different values of the
parameters b and df.

3.2 The K-NN method

Although the NN procedure is sufficient to identify clustered and background seismicity, in this work we boost this method by introducing
the K-Nearest Neighbours (K-NN hereafter) variation that allows us to identify any possible distinctive patterns of the seismicity which
precedes triggered earthquakes of different magnitude. The rationale of K-NN technique is rooted in the fact that, from a physical point
of view, it is hardly conceivable that one triggered earthquake can be linked only to one single ancestor and the contribution of all other
ancestors is negligible; the idea that more ancestors contribute, at a different degree, to the triggering of one earthquake stands also behind
the class of ETAS models, which consider the cumulative triggering effect of the past earthquakes, not only of the most influential. In the
NN approach, the prerequisite for an earthquake to be triggered is to have a distance from its NN which is less than the identified threshold
τ : when this condition is met, we say that the two events are correlated. We use the same threshold-based approach to identify all the prior
events that are correlated to a given triggered event j: if K (K ≥ 1) ancestors are unexpectedly close to j (dij ≤ τ , where i is the ith of the
K-NN), we can assume that they all have contributed to the occurrence of that given event. This enables us to use the identified K-NN as
good candidates for the definition of the preceding seismicity of a given triggered earthquake. Throughout this paper we will refer to these
ancestors as triggering or K-NN earthquakes, and to a triggered earthquake with more than one triggering earthquake as a highly connected
earthquake. We intentionally avoid the common nomenclature which refers to foreshocks–main shock–aftershocks, for we do not impose any
limitations on the relative size, time, or location of earthquakes. Two conditions only must be met: (1) all the K-NN of a given earthquake must
have occurred before it; (2) their distance (in space–time–magnitude domain) from the triggered event must be less than τ . This approach
should minimize possible misinterpretations linked to arbitrary definitions of foreshocks–main shock–aftershocks. As regards the distinction
between triggered and background earthquakes, our method is equivalent to the NN method. The K-NN modification comes into play when
identifying the precursory seismicity of a given triggered earthquake: while the NN method only focuses on the correlation between an event
and its nearest neighbour (which is sufficient for declustering purposes), its K-NN variation focuses on all the strongly correlated K neighbours
of a given triggered event (as an alternative to foreshocks identification methods). In other words, by implementing the same metric-based
approach, we separate background and triggered events (NN method), and we identify the precursory seismicity of the latter (our add-on).

4 T E S T I N G T H E M A G N I T U D E - I N D E P E N D E N C E A S S U M P T I O N

In this section we describe the strategy to test the magnitude-independence assumption. Specifically, we aim to give answer to the following
two questions:
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(1) Q1: are the magnitude distributions of triggered and background earthquakes equivalent, as predicted by the magnitude-independence
assumption, or are they statistically different?

(2) Q2: Is the preceding phase of triggered larger earthquakes characterized by different time–space–magnitude features with respect to
the preceding phase of triggered smaller earthquakes?

4.1 Q1 – Looking for possible differences on the magnitude distribution of background and triggered earthquakes

The magnitude-independence assumption implies that the magnitude distribution of triggered and background earthquakes must be the same.
To verify this hypothesis, we implement multiple statistical tests, each one characterized by a different power (i.e. they are sensitive to
different kinds of variability between the two distributions). First, we apply the non-parametric two-sample Kolmogorov–Smirnov test (KS2
test, Smirnov 1939), which is aimed to detect any kind of difference between the two distributions; specifically, we test the null hypothesis
that the two distributions are samples from the same population by comparing the p-value of the test with the significance level α = 0.01
(notice that we use this low significance level across the paper to minimize the finding of spurious significant results that are more likely
when multiple tests are carried out). Then, we inspect whether the discrepancy, if any, is caused by the two distributions being different (one
of them is not exponential), by implementing the Lilliefors test (α = 0.01). If the null hypothesis of exponential distribution is not rejected,
we implement the t-test to verify whether the two distributions have different parameters (i.e. different b-values). More specifically, we use
the bootstrap t-test (Amorese et al. 2010), which is based on the t-test for samples with unequal variances (Welch 1947), the only difference
being that the standard errors are estimated by bootstrap. Following Amorese et al. (2010), the statistic is:

t = b1 − b2√
SE2

1 + SE2
2

, (4)

where b1 and b2 are the b-values being compared, SE1 and SE2 are the b-values standard errors estimated by bootstrap. If t ≥ 2.58, the
null hypothesis of equal b-values is rejected at a significance level of 0.01.

4.2 Q2 – Exploring the space–time–magnitude patterns: the K-NN analysis

We then proceed by analysing some statistical characteristics of the identified K-NN to inspect whether their space–time–magnitude distribution
depends on the magnitude of the triggered earthquake they precede. We implement a statistical approach based on a stacking method, which
allows us to combine information from many different sequences. For each K-NN property, we group its values by the triggered earthquake
magnitude (sorted in an ascending order); this results in one distribution of the property values of K-NN earthquakes for each magnitude of
the triggered events. Then, we summarize each distribution with the following statistics:

(1) the median of the K-NN magnitudes (median of the maximum K-NN magnitudes as stability test);
(2) the median of the K-NN elapsed times from the triggered earthquake;
(3) the median of the K-NN unnormalized and normalized spatial distances from the triggered earthquake;
(4) the interquartile (75–25 percentile) range of the K-NN unnormalized and normalized spatial distances from the triggered earthquake.

For cases (1)–(3), we consider the median of such distributions because it is the most robust estimator of the central value for unknown
parent distributions markedly asymmetrical, and with a small dataset.

For case (4), we consider the interquartile range as a robust estimator of the K-NN spatial dispersion: in fact, a lower interquartile range
implies a lower variability in the distances (the K-NN illuminate a narrower area) and vice versa. In this sense, it could be thought of as a
proxy for the K-NN area. Note that this is different from case (3), where we look at the median distance between the triggered earthquake and
its K-NN, no matter how the latter are dispersed. As regards the spatial distances, we account for them as they are (unnormalized), and we also
normalize them to the dimension of the fault of the largest K-NN for each triggered earthquake. With this normalization we aim to remove
the spatial signal due to the occurrence of triggering earthquakes of different magnitude, that is, we avoid to have a large spatial distribution
of the K-NN simply because one of them has a large magnitude. In this way, we focus only on the possibility that the spatial distribution of
the K-NN, independently from their magnitude, encodes some information about the magnitude of the triggered earthquake. Let us consider a
specific triggered earthquake j, for which we have identified K nearest-neighbours. The normalized distance of the triggered earthquake with
respect to its ith nearest-neighbour (i ∈ [1, K]) is calculated as:

ND(i, j) = dist(i, j)

10a+b∗logMi∗
o

, (5)

where dist(i, j) is the distance, in km, between the triggered earthquake and the i-th nearest-neighbour, and the index i∗ indicates the
largest nearest-neighbour with seismic moment Mi∗

o . The latter has been derived by rearranging eq. (7) in Hanks & Kanamori (1979), which
relates moment magnitude to seismic moment [N m]:

Mo = 10
3
2 (Mw+10.7) × 10−7 (6)

The expression at the denominator of eq. (5) is the relation proposed by Mai & Beroza (2000) which provides an estimation of the
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Figure 2. Histogram of the nearest-neighbour distance (NND) values with superimposed the two-component Gaussian mixture model and the estimated
threshold value (dashed line). The latter separates the triggered earthquakes (NND values lower than the threshold) from the background earthquakes (NND
values higher than the threshold). As regards the TABOO catalogue, the bimodality is less marked compared to the other two data sets, for the background
events are poorly represented. This is expected, due to the short time window covered by this catalogue. Nevertheless, a two-component Gaussian mixture
model returns a better fit than a single-component Gaussian mixture model: in fact, the Akaike information criterion (AIC) is 1.8044 × 104 and 1.8236 × 104,
respectively.

Figure 3. An example of the application of the K-NN method. The figure shows the space–time domain of the K-NN identified for the M 6.3 Big Bear
earthquake. (a) The detection of the K-NN relies on the same threshold-based technique rooted in the NN method: they are all strongly correlated—their
distance fall below the threshold in the NND distribution—to the triggered earthquake they precede (each red cross represents the distance between Big Bear
earthquake and one of its K-NN). (b) Magnitude and temporal domain of the K-NN: the first, in order of time, is the M7.3 Landers earthquake. (c) K-NN spatial
domain. .

Table 1. Proportion of highly connected events out of triggered events.

Catalogue Highly connected events ( per cent)

TABOO 89
SOCAL 80
JMA 82
ETAS 89

Percentage of triggered earthquakes strongly correlated to more than one ancestor.
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Table 2. Statistical comparison of the distributions of background and triggered earthquake magnitudes.

Triggered Background

Catalogue
p-value KS2

Test Bootstrap t N
p-value

Lilliefors Test b-value N
p-value

Lilliefors Test b-value

TABOO 9.1561e-06 5.7104 3772 0.1120 0.9213 889 0.1100 1.1496
SOCAL 1.4144e-10 6.8615 8917 0.2312 0.9752 5555 0.3942 1.1043
JMA 5.3010e-09 6.4581 10984 0.5271 0.8091 7020 0.0360 0.8929
ETAS 0.3310 0.5719 5291 0.3152 1.0034 2664 0.1113 1.0171

For each catalogue, the table displays: the p-value of the two-sample Kolmogorov–Smirnov test, the bootstrap t statistics, the number of data in the two
distributions (N), the p-value of the Lilliefors test, and the estimated b-value. Bold values for the p-value of the two-sample Kolmogorov–Smirnov test indicate
a significant difference between the magnitude distributions of triggered and background events. Bold values for the bootstrap t statistics are indicative of a
statistically significant difference between the two b-values.

Table 3. Statistical comparison of the distributions of background and triggered earthquake magnitudes after STAI removal.

Triggered Background

Helmstetter method
Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value

SOCAL 3.1974e-06 4.8087 8218 0.1416 1.0128 5555 0.3399 1.1043
JMA 6.6144e-04 3.8094 8883 0.4633 0.8393 7020 0.0270 0.8929

t > 1 day
Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value
SOCAL 6.2993e-05 4.4870 7360 0.2822 1.0188 5555 0.3697 1.1043
JMA 0.0016 3.4410 8766 0.8218 0.8444 7019 0.0410 0.8930

r > Fault Length & t > 1 week
Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value
SOCAL 1.1162e-05 4.7494 6182 0.2117 1.0108 5555 0.2081 1.1043
JMA 0.0017 3.3836 7727 0.3796 0.8441 7020 0.0250 0.8929

r > Fault Length & t > 3 months
Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value
SOCAL 4.6191e-06 4.8139 4790 0.3041 1.0018 5554 0.2495 1.1043
JMA 0.0018 3.6459 6463 0.7545 0.8375 7016 0.0490 0.8928

For each catalogue, the table displays: the p-value of the two-sample Kolmogorov–Smirnov test, the bootstrap t statistics, the number of data in the two
distributions (N), the p-value of the Lilliefors test, and the estimated b-value. The methods used for removing the STAI issue are described in Appendix B.
Bold values have the same meaning as in Table 2.

Table 4. Statistical comparison of the distributions of background and triggered earthquake magnitudes after having removed multiple sources of magnitude
incompleteness.

Triggered Background

Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value

SOCAL (Region 1) 0.5417 2.4294 2301 0.0432 0.9741 1014 0.4512 1.0704
JMA (Year ≥2000) 8.9018e-07 5.3895 10984 0.4068 0.8163 7020 0.2519 0.9159

Triggered Background

Helmstetter method
Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value
SOCAL (Region 1) 0.5768 2.4518 2295 0.0480 0.9729 991 0.6366 1.0678
JMA (Year ≥2000) 0.0143 2.8748 5067 0.8723 0.8596 3716 0.1090 0.9159

t > 1 day
Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value
SOCAL (Region 1) 0.5386 2.4031 2292 0.0281 0.9722 966 0.5792 1.0667
JMA (Year ≥2000) 0.0286 2.4995 5023 0.5524 0.8668 3716 0.2276 0.9159

r > Fault Length & t > 1 week
Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value
SOCAL (Region 1) 0.9996 1.1002 1344 0.4615 1.0229 1014 0.6947 1.0704
JMA (Year ≥2000) 0.0477 2.1630 4265 0.7991 0.8710 3716 0.2548 0.9159

r > Fault Length & t > 3 months
Catalogue p-value KS2 Test Bootstrap t N p-value Lilliefors Test b-value N p-value Lilliefors Test b-value
SOCAL (Region 1) 0.9989 1.1284 907 0.9430 1.0167 1014 0.7505 1.0704
JMA (Year ≥2000) 0.1185 2.1627 3345 0.2831 0.8698 3715 0.1909 0.9158

For each catalogue, the table displays: the P-value of the two-sample Kolmogorov–Smirnov test, the bootstrap t statistics, the number of data in the two
distributions (N), the p-value of the Lilliefors test, and the estimated b-value. The methods used for removing the STAI issue are described in Appendix B. The
spatial variability of magnitude incompleteness in SOCAL is handled by selecting events within Region 1, while in the case of the JMA catalogue the temporal
variation of the record quality is handled by considering only the events occurred after 2000 (see Section 5.2). Bold values have the same meaning as in Table 2.
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Empirical evaluation of the magnitude-independence assumption 827

Table 5. Statistical comparison of the distributions of background and triggered earthquake magnitudes with higher Mc.

Triggered Background

Catalogue p-value KS2 N p-value Lilliefors b-value N p-value Lilliefors b-value

TABOO 0.0333 1608 0.2824 0.9183 287 0.4401 1.1622
SOCAL 0.1390 2752 0.6735 0.9843 1692 0.5532 1.0600
JMA 0.3625 4279 0.3414 0.8135 2521 0.3297 0.8501

For each catalogue, the table displays: the p-value of the two-sample Kolmogorov–Smirnov test, the number of data in the two distributions (N), the p-value
of the Lilliefors test, and the estimated b-value. Here we have imposed a minimum threshold magnitude which is higher than the magnitude of completeness
estimated for the whole catalogue (see Section 2).

Figure 4. Effect of the normalization applied to the distances between the K-NN and their triggered event. (a) Same as Fig. 3. Now, the area of influence of
the largest among the K-NN (M7.3 Landers earthquake) is displayed: it corresponds to a circle of radius equal to the Landers fault rupture length [estimated
with eqs (5) and (6)]. All the distances between Big Bear earthquake and its K-NN are normalized by this value. (b) K-NN of the M7.3 Landers earthquake.
Now, the largest precursor has a magnitude equals to 3.6, hence its fault rupture length is much lower. (c) Effect of the normalization for cases depicted in (a)
and (b). The occurrence of a large precursor (Landers event) strongly affects the distance values after the normalization: most of the normalized distances for
case (a) are now mapped on the same range of case (b). By removing the footprint of large K-NN, we make the distances comparable. .

subsurface rupture length through source-scaling laws based on finite-fault source inversion. The coefficients a and b, the least-square fits
intercept and slope respectively, change depending on the fault type (see table 2 in Mai & Beroza 2000). In this work, we use a = −5.5 and b
= 0.36 for the SOCAL catalogue (dominant fault type: strike-slip), a = −5.71 and b = 0.38 for TABOO and JMA catalogues (dominant fault
type: dip-slip) and a = −5.20 and b = 0.35 for ETAS catalogue (all fault types). In order to test the stability of our findings, we also consider a
different scaling law linking fault rupture length to earthquake size (Wells & Coppersmith 1994). According to the magnitude-independence
assumption, the medians and the interquartile range considered in the four cases should not depend on the magnitude of the triggered
earthquakes. For each case, we verify this assumption using the Kendall-tau test (Kendall 1948), a non-parametric test that verifies if the
quantity of interest is somehow correlated with the magnitude of the triggered earthquake (Appendix C). In order to prevent any bias caused
by the lack of data, we calculate the correlation coefficient and the relative p-value only for those distributions with at least 10 data (the
minimum sample size required for a correct estimation of the median of a distribution). We reject the null hypothesis of no-correlation if the
calculated p-value is lower than α = 0.01, which represents the significance level adopted. When dealing with K-NN spatial distances, we opt
for the one-tail test, as we are only interested into a positive correlation with respect to the triggered event magnitude (a negative one would
be not supported by physical evidence). We also remark again that the stability of the results across the seismic catalogues is also important
here, because it minimizes the problem of finding ’significant’ results simply because we are carrying out many tests.
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828 A. Stallone & W. Marzocchi

Table 6. K-NN analysis.

Kendall’s tau Catalogues

TABOO SOCAL JMA ETAS

K-NN magnitude τ 0.2523 0.3577 0.4662 –0.1859
p-value 0.0624 0.0112 8.8895e-05 0.1904

K-NN elapsed times from the triggered earthquake τ 0.1011 –0.2903 –0.2065 0.0689
p-value 0.4375 0.0218 0.0657 0.5727

K-NN unnormalized spatial distances from the triggered earthquake τ –0.1828 0.3978 0.3954 –0.2336
p-value 0.9276 6.9777e-04 1.4867e-04 0.9769

K-NN normalized spatial distances from the triggered earthquake τ –0.3161 0.4710 0.3954 –0.1294
p-value 0.9945 6.1966e-05 1.4867e-04 0.8649

K-NN spatial dispersion (unnormalized distances) τ –0.2817 0.0323 –0.0202 –0.2538
p-value 0.9880 0.4067 0.5762 0.9849

K-NN spatial dispersion (normalized distances) τ –0.4065 0.1398 –0.4359 –0.1496
P-value 0.9995 0.1396 1 0.8986

For each catalogue and for each K-NN property, the table displays the correlation coefficient and the p-value returned by the Kendall-tau test.

5 R E S U LT S A N D D I S C U S S I O N

5.1 Separating background and triggered seismicity

In the first part of our analysis, we implement the NN Clustering Analysis within each catalogue. As input parameters for eq. (2), we use an
average value for the epicentral fractal dimension (df = 1.2, as found in Kagan 1991) and the maximum-likelihood estimate of the b-value for
each catalogue. We verify the stability of the method by running our analysis with different values for the input parameters: b-value = 1 and df

= 1.6, as estimated for Southern California (Corral 2003). The stability test findings are available in the Supporting Information. Fig. 2 shows
the results of the NN procedure applied to the different seismic catalogues. For all the three cases, the distribution of the nearest-neighbour
distance values is apparently bimodal, with two local maxima. By fitting a two-component Gaussian mixture model, we have estimated the
threshold value which separates the two modes (intersection point of the two Gaussian components). The mode corresponding to values of the
nearest-neighbour distance lower than the identified threshold is identified as the clustered portion of seismicity; the other one corresponds
to the background earthquakes (events being unusually far from their nearest-neighbour).

As a next step, we implement our K-NN modification: for each triggered earthquake, we identify all its K (K ≥ 1) strongly correlated
ancestors, whose distance is lower than the identified threshold. As an example, Fig. 3 depicts the space–time domain of K-NN identified
for the M6.3 Big Bear earthquake. In Table 1 we show the percentage of highly connected events out of triggered events for all the three
catalogues. It is clear that a large part of triggered events is strongly correlated to more than one ancestor, which motivates us to implement
the K-NN analysis in Section 5.3. As regards the skill of the declustering method, we apply the NN method to the synthetic ETAS catalogue
for which we know whether an earthquake belongs to the background or it is triggered. For the synthetic ETAS catalogue used in this paper,
the NN method identifies correctly the 97.7 per cent of the earthquakes. As regards the other synthetic catalogues that are used to check the
stability of the results, this proportion ranges from 96.8 to 98.6 per cent. This result further proves that the NN procedure is a valuable method
for separating triggered and background earthquakes in a catalogue.

5.2 Magnitude distribution of triggered and background earthquakes

Table 2 shows the p-values derived from the KS2 test, which verifies if the magnitude distributions of triggered and background earthquakes
are the same. Additionally, it displays the p-values of the Lilliefors test for testing the hypothesis of exponentially distributed data and
the t-statistics for the bootstrap t-test. We find a statistically significant difference between the distributions of triggered and background
magnitudes (with a significance level α = 0.01) for all the three seismic catalogues, but not for the ETAS catalogue. All background and
triggered catalogues are overall exponentially distributed, and the difference is only due to different b-values, as suggested by the bootstrap
t-test (t is always ≥2.58). Specifically, the background events are characterized by higher b-values, in agreement with Zhuang et al. (2004);
if we interpret the b-value as a stress indicator (Scholz 1968), this would imply that the stress is higher during seismic sequences than for
background earthquakes.

To verify whether the observed discrepancy is attributable to physical processes or to some kind of magnitude incompleteness, we handle
the latter through a comprehensive analysis. When analysing SOCAL and JMA catalogues, STAI should properly taken into account, as they
both are characterized by a maximum magnitude of 7.3. To do that, we implement all the methods described in Appendix B. Results are
shown in Table 3: though the p-value of KS2 test has strongly increased, the difference between the magnitude distributions of triggered and
background earthquakes remains significant. This implies that the STAI after a large earthquake may affect the results but it cannot justify
entirely the difference between the two distributions. We now investigate on other types of magnitude incompleteness, analysing the impact of
the spatial variability of the network density in SOCAL, and the time variability of the quality of JMA. In this respect, we apply our analysis
to the following catalogue subsets:
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Empirical evaluation of the magnitude-independence assumption 829

Figure 5. K-NN magnitudes analysis for the ETAS and the instrumental catalogues. For each unique value of the triggered event magnitude, the corresponding
distribution of K-NN magnitude values is summarized by its 25th and 75th percentiles (lower and upper edge of the grey box, respectively). The black dots
represent the median of the distributions. The correlation coefficient and the p-values returned by the Kendall-tau test are also shown. A p-value ≤0.01 indicates
a significant correlation between the median of the distributions and the triggered event magnitude. .

Table 7. K-NN magnitude analysis after STAI removal.

Catalogues Kendall’s tau Methods of STAI removal

Helmstetter
method t > 1 day

r > Fault length
and t > 1 week

r > Fault length
and t > 3 months

SOCAL τ 0.1698 0.0591 –0.1000 0.1118
p-value 0.2532 0.7084 0.5061 0.4747

JMA τ 0.3211 0.3034 0.3362 0.1182
p-value 0.0098 0.0151 0.0094 0.3837

For SOCAL and JMA catalogues, the table displays the correlation coefficient and the P-value returned by the Kendall-tau test for the analysis of the K-NN
magnitudes.

D
ow

nloaded from
 https://academ

ic.oup.com
/gji/article-abstract/216/2/820/5151335 by U

niversità R
om

a Tre - Biblioteca di area scientifico-tecnologica user on 05 February 2019



830 A. Stallone & W. Marzocchi

Figure 6. Analysis of the K-NN elapsed times from the triggered earthquake for the ETAS and the instrumental catalogues. For each unique value of the
triggered event magnitude, the corresponding distribution of K-NN �t is summarized by its 25th and 75th percentiles (lower and upper edge of the grey box,
respectively). The black dots represent the median of the distributions. The correlation coefficient and the p-values returned by the Kendall-tau test are also
shown. A p-value ≤0.01 indicates a significant correlation between the median of the distributions and the triggered event magnitude. .

(1) [SOCAL] region with a higher density of seismic stations (we select Region 1 defined in Lippiello et al. 2012a);
(2) [JMA] subcatalog starting from 2000 January 1 (starting year of the installation of modern seismic networks in Japan (Nanjo et al.

2010).

Results are summarized in Table 4. As it can be noticed, by properly taking into account all the possible sources of magnitude
incompleteness that apply to a specific catalogue, the difference between the distributions of triggered and background magnitudes is not
significant anymore. As suggested by the bootstrap t-test, the two b-values are now comparable. We reach the same conclusion by using M�

c
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Empirical evaluation of the magnitude-independence assumption 831

Figure 7. Analysis of the K-NN unnormalized spatial distances from the triggered earthquake for the ETAS and the instrumental catalogues. For each single
value of the triggered event magnitude, the corresponding distribution of distances is summarized by its 25th and 75th percentiles (lower and upper edge of the
grey box, respectively). The black dots represent the median of the distributions. The correlation coefficient and the p-values returned by the Kendall-tau test
are also shown. A p-value ≤0.01 indicates a significant correlation between the median of the distributions and the triggered event magnitude. .

instead of Mc (see Section 2). Results are shown in Table 5. Although some authors advocate different physical motivations to explain this
difference (Zhuang et al. 2004; Shearer 2012; Lippiello et al. 2017), the results of this paper show that a discrepancy from the magnitude-
independence assumption may be due to different sources of magnitude incompleteness, which cannot be detected by looking at the catalogue
as a whole. A significant difference between magnitude distribution of triggered and background earthquakes persists only for the TABOO
catalogue, even when addressing the STAI issue (we have removed all the earthquakes occurred 1 and 7 d after M ≥ 3 events). This result
may indicate that the spatial scale is important to evaluate the reliability of the magnitude-independence assumption. Specifically, in the area
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832 A. Stallone & W. Marzocchi

Figure 8. Analysis of the K-NN normalized spatial distances from the triggered earthquake for the ETAS and the instrumental catalogues. For each unique
value of the triggered event magnitude, the corresponding distribution of distances is summarized by its 25th and 75th percentiles (lower and upper edge of the
grey box, respectively). The black dots represent the median of the distributions. The correlation coefficient and the p-values returned by the Kendall-tau test
are also shown. A p-value ≤0.01 indicates a significant correlation between the median of the distributions and the triggered event magnitude. .

covered by the TABOO catalogue, the difference between the magnitude distributions of triggered and background earthquakes may stem
from the existence of two different modes to release seismic energy, as proposed by Chiaraluce et al. (2007).

5.3 Analysis of the seismicity that precedes triggered earthquakes

For each K-NN feature, that is, each feature of the seismicity that precedes triggered earthquakes, we group its values by the triggered event
size, a stacking process which results in as many distributions as the single values of triggered events magnitudes. Then, we summarize each
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Empirical evaluation of the magnitude-independence assumption 833

distribution by its median (or by its interquartile range in the case of the spatial dispersion) and we inspect whether it is significantly correlated
to the triggered event magnitude. This is done by implementing the Kendall-tau test, whose results (the correlation coefficient tau and the
estimated p-value) are reported in Table 6. As regards the normalization of the spatial distances, Fig. 4 shows an example related to Landers
and Big Bear earthquakes.

5.3.1 K-NN magnitudes

For the JMA catalogue, the Kendall-tau test returns a significant correlation (α = 0.01) between the median of the K-NN magnitudes and the
magnitude of the triggered earthquake, while for the SOCAL catalogue such a positive correlation has a p-value of 0.012; conversely, TABOO
does not show any significant correlation. Fig. 5 shows the plot of the K-NN magnitude as a function of the magnitude of the triggered
earthquake for the ETAS catalogue and the three seismic catalogues. To investigate whether such a correlation is a real physical signal or it is
due to short-term incompleteness after a large earthquake, we apply the STAI procedures described previously and we rerun the Kendall-tau
test. After removing the STAI periods, we notice that the correlation between the median of the K-NN magnitudes and the magnitude of the
triggered earthquake mostly vanishes (see Table 7). As an additional test, we also consider the median of the maximum K-NN magnitudes,
which may be a better indicator of the energy released by the seismic sequence and which is barely affected by the short-term incompleteness
after large earthquakes; in this case, we do not find any significant correlation (see Table S2 in the Supporting Information). This further
corroborates the hypothesis that the magnitude distribution of the seismicity that precedes a triggered earthquake does not have a prognostic
value for the magnitude of the latter. Although this result appears in contradiction with findings by Lippiello et al. (2012a), Spassiani &
Sebastiani (2016) and Corral (2006), which found a pairwise correlation between the magnitude of consecutive earthquakes, we stress again
that in this work we are investigating a different time interval and this may justify the differences. Specifically, the pairwise correlation
found by Lippiello et al. (2012a) is more evident for time intervals of few tens of minutes (see fig. 3 in Lippiello et al. 2012a), whereas,
considering the whole seismic sequence which precedes an earthquake, we are investigating on a time interval of the order of hours or more
(Fig. 6).

5.3.2 K-NN elapsed times from the triggered earthquake

We do not find any significant correlation in this case, as expected by the magnitude-independence assumption. Fig. 6 shows the plot of the
K-NN time intervals from the triggered earthquake as a function of the magnitude of the latter, for the ETAS catalogue and the three real
seismic catalogues.

5.3.3 K-NN spatial distances from the triggered earthquake

Figs 7 and 8 show the plot of the median of the K-NN unnormalized and normalized spatial distances from the triggered earthquake as
a function of the magnitude of the latter. The results highlight a positive significant correlation for the K-NN unnormalized distances for
SOCAL and JMA catalogues. The analysis of the K-NN normalized distances confirm this trend for both the catalogues. This correla-
tion, not explained by the magnitude-independence assumption (as showed by the plot of the ETAS catalogue), implies that the largest
triggered earthquakes preferentially nucleate farther away from the ongoing seismic sequence. This is in agreement with the findings
of van der Elst & Shaw (2015), who show that the largest aftershocks tend to nucleate in the outer regions of the parent aftershock
zone.

This empirical result may also provide a possible answer to the scientific question posed by Field et al. (2017) in their Fig. 7:
what is the likelihood that a large earthquake nucleates from within the fault area that has just ruptured? According to our results, the
larger triggered earthquakes tend preferentially to nucleate in the outer region of the seismic sequences, that is, outside the blue area
in the fig. 7 of Field et al. (2017). Finally, the lack of such a correlation for the TABOO catalogue could be due to the much smaller
events (and so smaller dimension of the ruptures that becomes comparable to the location uncertainty) with respect to the other two
catalogues.

5.3.4 K-NN spatial dispersion

The results of the test are showed in Figs 9 and 10. For all the catalogues, the Kendall-tau test has returned no significant correlations
between the spatial dispersion (interquartile range) of the K-NN and the magnitude of the triggered earthquake, using either unnormalized
or normalized distances. This is in agreement with the expected behaviour under the magnitude-independence assumption (ETAS). It is
worth noting that these results are not in contradiction with those reported in 5.3.3: in fact, in that case we assess how close the triggered
earthquake nucleates with respect to the region occupied by the K-NN, no matter how this region is extended. Now, we focus our attention
on the spatial dispersion of the K-NN. Differently from Lippiello et al. (2012a) and Lippiello et al. (2017), we do not find any evidence that
the K-NN spatial distribution encodes information on the magnitude of the triggered earthquake. However, we highlight that any comparison
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834 A. Stallone & W. Marzocchi

Figure 9. Analysis of the K-NN unnormalized spatial distances from the triggered earthquake for the ETAS and the instrumental catalogues. For each unique
value of the triggered event magnitude, the corresponding distribution of distances is summarized by its 25th and 75th percentiles (lower and upper edge of
the grey box, respectively). The blue dots represent the interquartile range of the distributions. The correlation coefficient and the p-values returned by the
Kendall-tau test are also shown. A p-value ≤0.01 indicates a significant correlation between the interquartile range of the distributions and the triggered event
magnitude. .

of these results should take into account the different spatial windows considered: in Lippiello et al. (2012a) and Lippiello et al. (2017),
the differences with respect to the magnitude-independence assumption are mostly noticeable for areas with less than 1 km of radius (see
fig. 5 in Lippiello et al. 2017), whereas in this work we are exploring much wider areas with interquartile differences of about 10 km
(see Fig. 9).
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Empirical evaluation of the magnitude-independence assumption 835

Figure 10. Analysis of the K-NN normalized spatial distances from the triggered earthquake for the ETAS and the instrumental catalogues. For each unique
value of the triggered event magnitude, the corresponding distribution of distances is summarized by its 25th and 75th percentiles (lower and upper edge of
the grey box, respectively). The blue dots represent the interquartile range of the distributions. The correlation coefficient and the p-values returned by the
Kendall-tau test are also shown. A p-value ≤0.01 indicates a significant correlation between the interquartile range of the distributions and the triggered event
magnitude. .

6 C O N C LU S I O N S

We have investigated on the magnitude-independence assumption that stands behind the most common short-term earthquake forecasting
models. This assumption states that the preceding phase of large and small earthquakes is not distinguishable. We have used a well-established
procedure to separate background and triggered earthquakes. However, as any method relying on a declustering technique, the latter may
influence the statistical analysis of instrumental catalogues. Though we have done multiple tests to assure an unbiased description of the
observed seismicity, the method we have used brings unavoidably a certain degree of uncertainty. We have minimized this potential source
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836 A. Stallone & W. Marzocchi

of bias considering only results that were found in independent seismic catalogues and survived to a careful analysis of the possible technical
problems that may have induced them. Overall, the magnitude-independence assumption holds reasonable well across different seismic
catalogues and using different observations, with one important departure that may be used to improve earthquake forecasting. In particular,
after separating background and triggered earthquakes using the K-NN method, we may give an answer to the two questions posed in the
Section 4.

(1) Q1: The magnitude distributions of the triggered and background earthquakes are not statistically different, if all possible sources
of magnitude incompleteness are properly taken into account. Those consist of short-term incompleteness and spatiotemporal variations in
the magnitude of completeness, the latter being attributable to an heterogeneous seismic stations density and to a time-dependent catalogue
quality. A significant difference is found only for the TABOO catalogue, indicating that the spatial scale may play a role; specifically, in the
TABOO area this difference may be due to two different modes to release seismic energy.

(2) Q2: The statistical analysis of the K-NN earthquake properties in the space–time–magnitude domain has shown an overall lack
of evidence against the magnitude-independence assumption, with one remarkable exception. In particular, we have found a statistically
significant correlation of both the unnormalized and normalized distances between the triggered earthquake and the preceding K-NN
earthquakes, which is not implied in the magnitude-independence assumption. Such a correlation may be explained by a preference of larger
events to nucleate at a higher distance from the ongoing sequence. Noteworthy, this feature may be implemented in operational earthquake
forecasting models, leading to a better spatial definition of the probability of occurrence of the largest earthquakes during a seismic sequence.

As a final remark, we have found that the statistical analysis of a seismic catalogue with an overall Mc may be still plagued by
some undesired fictitious signals. In fact, the analysis of the SOCAL and JMA seismic catalogues has returned some spurious departures
from the magnitude-independence assumption that have vanished after a careful consideration of the space–time variation of magnitude of
completeness. This issue may be of some guidance for future similar analyses.
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for simulation purpose. The spatial distribution of background earthquakes is a probability density map based on a density grid derived from
a real data set. Here we use the Southern California background earthquake rate grid provided with the code. The times of occurrence of
background events are randomly generated and their magnitudes are randomly drawn from the Gutenberg–Richter law. In the original code,
earthquakes with a magnitude larger than 6.5 are modelled as planar sources. We change that by modelling all the events as point sources (the
space–time–magnitude metric that we use assumes that earthquakes are point sources). We use the program to simulate a 20-yr-long catalogue
in Southern California, with magnitudes ranging from 3 to 7.9 (but any earthquake with magnitude ≥2 can trigger its own offspring). We
impose [0.001 100] as the range of possible distances, in km, between triggered and triggering earthquakes, based on the evidence from the
SOCAL catalogue. We leave unchanged the remaining parameters needed for the simulation as indicated in the code. These are summarized
in Table A1.

Table A1. Input parameters for the stochastic simulator program.

Gutenberg–Richter
Law

Omori’s Law
Aftershocks decay

with distance

b-value c p a n

1 0.095 1.34 0.008 1.37

A P P E N D I X B : M E T H O D S F O R S TA I R E M OVA L

In this work, we implement several methods to remove the STAI issue. The first two only define the temporal window of events to be removed
after a large shock (M6 + earthquake), while the third specifies the critical window in both the temporal and spatial domain:

(1) Rearranging eq. (15) in Helmstetter et al. (2006), we find the time (in days) after a large shock such that the catalogue can be considered
complete:

t = 10
M∗−4.5−Mc

0.75 , (B1)

where M∗ is the main shock magnitude and Mc is the magnitude of completeness estimated for the whole catalogue;
(2) We remove all the events occurred 1 d after a large shock;
(3) We remove all the events occurred 1 week/3 months and within one fault length from a large shock. The fault length is estimated with

the Mai & Beroza (2000) empirical scaling relationships.

A P P E N D I X C : K E N DA L L - TAU T E S T

The Kendall-tau test (Kendall 1948) is a non-parametric test which returns a measure of rank correlation between the variables x and y. Unlike
the Pearson correlation test, it is not based on any assumptions about the distributions of x and y and about their relationship. The value τ is
found as the difference between the number of concordant pairs and the number of discordant pairs. An observation pair is concordant when
both the variables go in the same direction (namely they both increase or decrease). If this is not the case, the pair is discordant. A high value
of τ implies that x and y tend to be correlated, as they both go in the same direction. The Kendall-tau-b variation includes an adjustment for
the ties (identical values in the vector) issue.

Let us consider two variables x and y. First, we rank the values of the two variables; then, we find the concordant and discordant pairs
among all the possible 2-tuples. For i < j, a pair is concordant if:{

xi > x j yi > y j

xi < x j yi < y j
. (C1)

On the contrary, it is discordant if:{
xi > x j yi < y j

xi < x j yi > y j
. (C2)

We define:

V = (xi − x j )(yi − y j ). (C3)

The Kendall score S is calculated by adding 1 when V is positive, –1 when V is negative, and 0 (ties) if V = 0. We have that:

S =
∑
i< j

sgn(xi − x j ) ∗ sgn(yi − y j ). (C4)
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The Kendall’s rank correlation coefficient τ is then simply derived by normalizing the score S by the number of possible pairs
combinations:

τ = S
N (N−1)

2

, (C5)

where N is the number of observations.
When there are ties in the data, the Kendall-tau-b variation is considered::

τb = S[
(D − Tx )(D − Ty)

] 1
2

, (C6)

where D = N (N−1)
2 , Tx = ∑

i
ti (ti −1)

2 and ti is the number of ties in the x variable. Ty is calculated in a similar manner.
The value of τ spans from −1 to 1 and gives a measure of the correlation between the x and y variables. For N < 50, the true distribution

of the Kendall score can be derived and the relative p-value (termed exact p-value) can be calculated. For N > 50, the asymptotic normal
probabilities are determined knowing that

Z = S[
var(S)

] 1
2

(C7)

follows approximately a normal standard distribution for large N (e.g. Kalbfleisch 2012), where here:

var(S) = N (N − 1)(2N + 5) − ∑
x ti (ti − 1)(2ti + 5) − ∑

y ti (ti − 1)(2ti + 5)

18

+

[∑
x ti (ti − 1)(ti − 2)

][∑
y ti (ti − 1)(ti − 2)

]
9N (N − 1)

+

[∑
x ti (ti − 1)

][∑
y ti (ti − 1)

]
2N (N − 1)

. (C8)

The derived p-value can be therefore used to assess if the two variables are statistically independent or not. In this work, we have
implemented the Kendall-tau-b method (to handle ties) in order to look for a possible correlation between the medians of the distributions of
the K-NN properties values and the target event magnitudes.
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