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In this paper, we propose an innovative machine learning approach called NESTORE, which analyses seismic
clusters to forecast strong earthquakes of magnitudes similar or greater to those of the mainshock. The method
analyzes the seismicity in the first hours/days after the mainshock and provides the probability of having a strong
subsequent earthquake. The analysis is conducted at various stages of time to simulate the increase in knowledge
over time. We address the main problem of statistics and machine learning when applied to spatiotemporal
variation of seismicity: the small datasets available, on the order of tens or fewer instances, need a more accurate
analysis with respect to the classical testing procedures, where hundreds or thousands of data are available. In
addition, we develop a more robust NESTORE method based on a jackknife approach (rNESTORE), and we
successfully apply it to California seismicity.

1. Introduction
Many strong earthquakes are followed by one or more subsequent
large earthquakes (SLE) of magnitudes similar to the initial quake or
even stronger. Repeating earthquakes cause accumulated damage to
already weakened buildings and infrastructure; therefore, forecasting
their occurrence is a challenging task from the viewpoint of civil pro
tection to stop the continuous loss of lives. Studies have concentrated on
the value of Dm, defined as the difference in magnitude between the
mainshock and the strongest SLE (SSLE). The smaller Dm is, the higher is
the magnitude of the SSLE, and the more dangerous is the cluster. The
reason why the studies on this topic are based on Dm instead of on the
SSLE magnitude is that the self-similarity theory of seismicity is adopted,
which allows similar behavior to be assumed for shocks of different
magnitude. While after the end of the cluster the mainshock(s) can be
defined as the strongest earthquake(s), in real-time or near real-time
applications executed during the cluster, when a strong magnitude is
recorded, it is not known whether it is the mainshock or simply the first
strong earthquake, and a stronger event will follow. Our method is
designed to become a near real-time application, so we need additional
definitions. In the following section, we will speak of the o-mainshock
(the abbreviation for operative-mainshock), which represents the first
shock of the cluster over a given magnitude threshold. For large values

of the magnitude threshold, the o-mainshock often coincides with the
mainshock of the cluster or with the first mainshock if it is a swarm. In
addition, we will use the term “SSLE” instead of “strongest aftershock”,
to avoid confusion between aftershocks, that can be estimated only aposteriori as the earthquakes following the mainshock, and the SLEs,
that can also include the mainshock itself, if the o-mainshock is a strong
foreshock.
Båth (1965) proposed one of the first systematic empirical aftershock
studies in which he claimed that Dm is approximately constant and equal
to 1.2 (the so-called Båth law). However, several successive studies have
outlined the large variance of Dm (e.g., Shcherbakov and Turcotte,
2004). Shcherbakov and Turcotte (2004, 2014) and Shcherbakov et al.
(2018 and 2019) used early information on aftershocks that had already
occurred to extrapolate the expected magnitude of the SSLE. In partic
ular, Shcherbakov and Turcotte (2004) estimated it from the b value of
the Gutenberg-Richter distribution, while Shcherbakov (2014) and
Shcherbakov et al. (2018 and 2019) applied Bayesian analysis and
extreme value statistics and used the Omori-Utsu law (Shcherbakov,
2014; Shcherbakov et al., 2018) or ETAS (Shcherbakov et al., 2019) to
estimate the rate of aftershocks.
Many studies on Dm are based on b-value; Helmstetter and Sornette
(2003) showed a dependence of Dm on the inverse of the b-value. Gulia
and Wiemer (2019) also proposed a method for large SSLEs based on the
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b value. In particular, they were interested in negative values of Dm, i.e.,
cases in which the SSLE magnitude is greater than that of the o-main
shock. They observed, in clusters with negative Dm, a decrease in the b
value before the SSLE. In their paper, therefore, small values of b
correspond to low values of Dm, in contradiction with the Helmstetter
and Sornette (2003) model. Brodsky, (2019)outlined some limits of the
Gulia and Wiemer (2019) method, such as the small statistical database
for clusters with high SSLE and some degree of arbitrariness in b-value
estimation. Dascher-Cousineau et al. (2020) outlined the instability of
the results of the method on a test on the 2019 Ridgecrest cluster, in
which their results and Gulia et al.’s (2020) results were different, but
Gulia and Wiemer (2021) show some differences between their data
analysis and Dascher-Cousineau et al. (2020) one. Van der Elst (2020)
developed a more stable estimator of the b value, the b-positive,
partially confirming the results of Gulia and Wiemer (2019, 2020), but
he claimed that unbiased b-value changes may be too subtle to be used in
a real-time earthquake alarm system. Although the debate on the
method is still ongoing, the main problem in the applicability of the
method for real clusters of seismicity is the need, for correct estimation
of the b-value, for a huge number of earthquake records, which are often
not available in seismic catalogs.
Some studies have investigated the dependence of Dm on mainshock
characteristics. In particular, the dependence of Dm on the mainshock
magnitude has been investigated by several authors (e.g., Båth, 1965,
Vere-Jones, 1969, Tahir et al., 2012, Helmstetter and Sornette, 2003,
Gentili and Di Giovambattista, 2017, 2020); other studies have been
based on mainshock focal mechanisms (Rodríguez-Pérez and Zúñiga,
2016; Tahir et al., 2012; Gentili and Di Giovambattista, 2017); other
works have investigated the depth of the mainshock (Persh and Houston,
2004; Gentili and Di Giovambattista, 2017). The results are
region-dependent and may also be very different from one region to the
other. In this paper, we investigated the dependence on mainshock pa
rameters for the southern California clusters in Section 3.3.
Another approach to SSLE forecasting is based on machine learning
applied to seismicity following the mainshock. Vorobieva and Panza
(1993) and Vorobieva (1999) proposed a set of seismicity-based func
tions (features) representing premonitory phenomena. Features, also
referred to as attributes, variables, fields, or predictors, are the items of
data that are used in machine learning. They correspond to individual
measurable properties or characteristics of a phenomenon.
In seismicity analysis they may be functions of the number of
earthquakes in a given magnitude range, or of their energy, or of their
focal mechanism, etc. Vorobieva and Panza (1993) and Vorobieva
(1999) divided the clusters into two categories (classes): “type A" if,
given a mainshock of magnitude Mm, the SSLE in the cluster has a
magnitude Ma ≥ Mm-1; “type B" otherwise. For each feature, they found
a threshold so that if the feature is over the threshold, the feature votes
for a type A cluster. The final forecasting is obtained by a voting pro
cedure on the 7 or 8 independent features. The main drawback of the
Vorobieva and Panza (1993) and Vorobieva (1999) methods is that
forecasting requires a long time span T after the mainshock (10–40
days). In many cases (e.g., 71% in Italy), the SSLE occurs before the end
of T, and the method cannot be applied. In addition, the voting pro
cedure supplies a binary classification and not the probability of having
an A cluster; a combination of precursors does not always supply more
useful forecasting than a simple precursor (Grandori et al., 1984)
because lower performance of one precursor can decrease the quality of
results.
The results in literature indicate the need to develop a fast fore
casting method that can be applied for a large number of clusters, shortly
after the mainshock. Seismic catalogs provide data in a short time, and
machine learning methods allow relevant information to be extracted
quickly and reproducibly. In Gentili and Di Giovambattista (2017) we
proposed a decision-tree-based, machine learning approach to forecast if
the clusters are of type A or B. Our analysis was performed at different
time intervals Ti, ranging from 6 h to 7 days after the mainshock, to

simulate the increasing knowledge during the time after the o-main
shock. The features adopted were some new original features and some
features existing in the literature (Kossobokov et al., 1999; Vorobieva,
1999; Di Giovambattista and Tyupkin, 2002; Gentili and Bressan, 2008).
The algorithm needed a completeness magnitude for the clusters of Mm3, where Mm is the o-mainshock magnitude, like in Vorobieva (1999).
To avoid problems related to the voting procedure, we provided a
probability to have an A cluster that was the weighted mean of the bi
nary classification of each feature, using the Informedness of each
feature evaluated during the training phase as weight.
In Gentili and Di Giovambattista (2020), we proposed an improve
ment of the previous machine learning method, named NESTORE (Next
STrOng Related Earthquake). The algorithm has two different instances,
named NESTORE_M2 and NESTORE_M3, requiring a completeness
magnitude of Mm-2 and Mm-3, respectively. The reduction of the dif
ference in magnitude between Mm and Mc allowed us to analyze a larger
dataset. Therefore, the results were more stable for NESTORE_M2,
despite the smaller number of features used. The estimation of the
probability of having an A cluster was further improved, evaluating the
probability for each feature from the percentage of A clusters under and
over the threshold in the training set. These probabilities were combined
using a Bayesian approach (see Section 2.3 for more details).
The main idea in applying NESTORE to different parts of the world is
to test a set of features that have been successful elsewhere and take only
those that provide reliable information for the area under analysis.
Applying it to a different dataset, with different seismicity characteris
tics and catalog quality, also allows the training procedure to be tested
and improved in order to develop a more robust machine learning
procedure that can be successfully applied in previously analyzed re
gions to improve the performance of the classifier.
In this paper, we applied a revised version of the NESTORE_M2
method to California seismicity; the California catalogs are particularly
useful for testing the NESTORE method due to the availability of a
relatively large number of clusters in a tectonically homogeneous re
gion. In addition, we propose a new, more robust approach, called
rNESTORE, that can reduce overfitting problems (see Section 4.3).
2. NESTORE algorithm
NESTORE is a multiparameter machine learning approach analyzing
the evolution of seismicity at different time steps. Its main objective is
estimating, after a strong earthquake, the probability that the type of the
ongoing cluster is A. Machine learning algorithms are usually trained
and tested on hundreds (or thousands) of data. NESTORE is specifically
tuned for seismicity analysis problems, with few data – the number of
available clusters is often on the order of tens - and the characteristics of
the seismicity change over time. To take into account the low number of
available examples, NESTORE considers a set of features separately, and
only after the training it does merge the best features classification. In
addition, it uses one-level decision trees (in other words, a simple
threshold) to discriminate between the classes. In detail, we used a
linear classification decision tree implemented in the “fitctree” function
in Matlab. This approach simplifies the problem, reducing overfitting
due to the small training set. The analysis is performed on increasing
time intervals, starting a short time after the mainshock and ending at
the times T1…Tm (we will call these intervals T1… Tm), to simulate the
evolution of seismicity over time. Note that due to the particular prob
lem addressed, the number of A clusters decreases for longer time in
tervals. In fact, as the time after the o-mainshock increases, one or more
SLEs with magnitude Ma ≥ Mm-1 may be included in the time interval
Ti. In this case, the cluster has already been shown to be a type-A cluster;
therefore, no further forecasting can be done, and the cluster analysis
stops at step Ti-1.
NESTORE is composed of two main modules: the training module, in
which the parameters are adapted by a training procedure to the
analyzed seismicity, and the classification module, in which new
2
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examples are automatically classified in class A or B by using the pa
rameters tuned in the previous module. In the following, we will
describe the features adopted and the two modules of NESTORE. Note
that the general architecture of the algorithm is independent from the
particular features used, which can be tuned depending on the charac
teristics of the analyzed area, both in terms of seismicity and of available
data.

4. SLCum: Cumulative deviation of S from the long-term trend on
increasing length windows
]
∑ [
i • dt
(6)
abs S(ti ) − S(ti− 1 )
SLCum(i) =
(i − 1) • dt
i

2.1. Analyzed features

5. SLCum2: Cumulative deviation of S from the long-term trend on
sliding windows
∑ [
SLCum2(i) =
abs S([s1 + (i − 1) • dt , s1 + i • dt] ) − S([s1 + (i − 1)

where ti = s1 + i • dt, S(ti) is S calculated on the time interval [s1, ti] and
dt = 6 h.

In this version of the algorithm, we analyzed earthquakes with
magnitude M ≥ Mm-2 in the selected intervals Ti for the clusters with
Mm ≥ 4 (see section 3.3). We adopted the features of the instances
NESTORE_M2 in the paper by Gentili and Di Giovambattista (2020) and
one of the features of NESTORE_M3, modified to be used in this range of
magnitude. A detailed list of references on where these features were
first proposed in literature is available in Gentili and Di Giovambattista
(2017). To take into account the increase in the completeness magnitude
Mc immediately after stronger earthquakes of magnitude Mm, we
applied the Helmstetter et al. (2006) equation for Mc estimation in time
for California:
Mc = Mm − 4.5 − 0.75log10 (t)

i

• dt , s1 + (i − 1) • dt + dτ ] )

Mm− Mc− 4.5
0.75

(1)

where ti = s1 + i • dt, and Q(ti) is calculated on the time interval [s1, ti].

(2)

7. QLCum2: Cumulative deviation of Q from the long-term trend on
sliding windows
∑ [
QLCum2(i) =
abs Q([s1 + (i − 1) • dt , s1 + i • dt] ) − Q([s1 + (i − 1)
i

• dt , s1 + (i − 1) • dt + dτ ] )

]

where Q[a, b] is Q calculated on the generic interval [a, b].
8. Vm: Cumulative variation of magnitude from event to event
∑
∣mi − mi− 1 ∣
Vm (i) =

(10)

i

This feature has been modified compared with the old versions of
NESTORE because we now investigate earthquakes with magnitudes Ma
≥ Mm-2 and not Ma ≥ Mm-3, as in the previous versions.

(3)

where mi is the magnitude of the ith event.

9. N2: Number of events
According to Gentili and Di Giovambattista (2017 and 2020), we set
the first analysis 6 h (0.25 days) after the mainshock to balance the need
to have as many clusters as possible for our analysis (many SLEs occur in
the first hours after the mainshock) and the need to have a sufficiently
good statistic on the evolution of seismicity. The time intervals {T1…
T10} start at time s1 after the mainshock, and they end at the following
times: {0.25, 0.50, 0.75, 1, 2, 3, 4, 5, 6, 7} days, as in Gentili and Di
Giovambattista (2017).
S, Z, Q and N2 features are evaluated for all the time intervals.
QLCum, SLcum and Vm, conversely, due to their definition, require an
earlier time step, and are analyzed in the [T2, T10] time intervals.
QLCum2 and SLcum2 can be evaluated in the interval T2, but they are
coincident with QLCum and SLcum; for this reason, we evaluate them
only in the intervals [T3, T10].
The main idea for using these features is to detect a change in
earthquakes flow in terms of increased intensity and irregularity in
space, time and magnitude. Keilis-Borok and Rotwain, (1990) and

(4)

where rij is the distance between the generic ith and jth events.
3. Q: Normalized radiated energy
∑
Ei
Q(i) = i
Em

dt
dτ

(9)

i

2. Z: Linear concentration of events
)
(
mean 100.69mi − 3.22
( )
Z(i) =
mean rij

(7)

6. QLCum: Cumulative deviation of Q from a long-term trend on
increasing length windows
]
∑ [
i • dt
QLCum(i) =
(8)
abs Q(ti ) − Q(ti− 1 )
(i − 1) • dt
i

For this NESTORE version, to avoid incurring problems of incom
pleteness of the catalog, we need a difference Mm-Mc ≥ 2. Substituting 2
in place of Mm-Mc in eq. (2), we obtain t = 4.6 • 10− 4 days corre
sponding to 0.7 min. This is the shortest amount of time after the
mainshock for which we can assume that the catalog is complete and
NESTORE can be applied. We set a starting time s1 for the analysis of one
minute after the mainshock. The condition Mc ≥ 2 is satisfied because
we set the minimum Mm to 4; therefore, we are not interested in
earthquakes of magnitudes less than 2.
The features are evaluated on the events in the cluster with magni
tude ≥Mm-2 inside a time interval [s1, Ti] for Ti ≤ s2. The features used
in this version of NESTORE are as follows:
1. S: Normalized event source area
∑
S(i) =
10(mi − Mm )

]

where S[a, b] is S calculated over the generic time interval [a, b] and dτ
= 1 h. In contrast to SLCum, the window does not start at a fixed time
close to the mainshock origin time.

where t is the time expressed in days. The equation is valid for Mc ≥ 2.
Rearranging the eq. (1) we obtain
t = 10

dt
dτ

(5)

where Em is the energy of the mainshock and Ei is the energy of the ith
event. The energy E is evaluated from the magnitude by the Gutenberg
and Richter, (1956) equation:
3
Log10 (E) = M + 4.8
2
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Keilis-Borok and Kossobokov, (1990) observed a similar pattern before
strong mainshocks, while Vorobieva (1999) and Vorobieva and Panza
(1993) before stronger SLEs. This change has been interpreted as a
symptom of instability of a nonlinear system corresponding to
earthquake-generating faults (Vorobieva, 1999).

2.2.3. Good interval identification block
Even when a threshold is identified by the previous block, the per
formance of the decision tree may be poor. For this reason, the algorithm
evaluates the feature performance by the LOO (Leave one Out) method
applied to the training set. In particular, the following performance
evaluators are estimated: Accuracy, Precision, Recall and Informedness;
for further details on the parameters, see Gentili and Di Giovambattista
(2020). The first three evaluators are defined between 0 and 1 (1 is the
best and 0 the worst), and the last evaluator is defined between − 1 and 1
(1 is the best and − 1 the worst). The typical trend of these performance
evaluators in NESTORE applications is an increase in the evaluator value
as the observation time Ti increases, until a maximum, followed by a
constant value or a decrease if the observation time is longer. The al
gorithm selects the intervals Ti that satisfy the following conditions:

2.2. NESTORE training
NESTORE is a supervised training algorithm. In other words, it takes
in input a set of examples, together with the desired output class (the
training set). Fig. 1 shows the flowchart of the training of the algorithm
for one feature.
The algorithm is divided into several blocks: feature extraction, de
cision tree training, good interval identification, inheritance and
validation.

1. Accuracy, Precision, and Recall should be >0.5.
2. Accuracy should be greater than or equal to the one we can obtain by
a constant response corresponding to the most populated class (B
class).
3. Informedness should be >0.

2.2.1. Feature extraction block
The algorithm extracts the required feature from the input training
clusters. The procedure is repeated for each time interval T1, …Tm after
the mainshock. The feature extraction module outputs, for each time
period Ti, a vector with the value of the feature for each cluster of the
training set in the interval Ti: f(Ti). In addition, it supplies the class of
each cluster (not shown in the figure, for simplicity).

The first and last conditions guarantee good performance of the
feature, eliminating the less stable feature from the analysis. The second
condition is accuracy, a measure of the percentage of correct classifi
cations. It is used to avoid overestimations of the feature performance in
the case of unbalanced classes.
The “good interval” starts with the first Ti satisfying the previous
conditions (1–3) and ends with the Ti corresponding to the maximum of
Informedness (Ti = s2). Informedness is a measure of how informed the
classifier is about the class (for further details, see Gentili and Di Gio
vambattista, 2020).

2.2.2. Decision tree training block
The training is performed by binary decision trees. The tree depth is
set to 1 (one decision node with two leaves) to avoid any overfitting of
the data. A one node decision tree is simply a threshold. For the features
adopted, the output class is A if the feature is greater than or equal to the
threshold and B otherwise. If no tree is found solving the problem, the
value of the threshold is set to NaN (Not a Number).

2.2.4. Inherit and validation block
The last block is modified with respect to previous versions of the
algorithm by Gentili and Di Giovambattista (2020). In previous versions,
once a feature reached the maximum of Informedness, the threshold was
fixed to the current value. Analyses at longer time periods “inherited”
the feature values and the threshold of the interval s2. In other words, if
the maximum of Informedness was reached at a given Ti, for a given
threshold Thi, for Tj > Ti the features of each cluster were set to the
value they had for T = Ti and the thresholds were set to Thi. This
allowed feature with good-performance to be used even for times longer
than when performance was the best. Sometimes we observed, as Ti
increased, a drop in performance for inherited features and thresholds,
but we ascribed it to fewer clusters being available for longer times and
thus to lower test reliability. Further tests demonstrated that this is not
always correct because there is a selection effect on the clusters. In other
words, for some features, the type A clusters with later SSLEs belong to a
different population with respect to most A clusters. As time passes, the
percentage of these clusters increases in the dataset, causing a decrease
in feature performance.
For this reason, in this new version of NESTORE, the algorithm again
verifies the performances by applying an LOO method to the training set.
For all inherited thresholds and features, it checks whether the per
centage of A correctly classified (hit rate) is greater than the percentage
of B incorrectly classified as A (false alarm rate). If it does not occur for
some interval Ti, Ti is eliminated from the set of intervals for which the
feature can be evaluated.
The training algorithm outputs the following vectors for each
feature:
• Validity vector: A vector of the values of Ti for which the feature can
be used.
• Threshold vector: The values of the thresholds for each Ti.
• Probability vector: The probability of being an A cluster estimated as
the ratio between the number of A clusters and the total number of

Fig. 1. Flowchart of the NESTORE algorithm for one feature training.
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clusters. The probability is estimated separately under (pu) and over
(po) the threshold.
• NAB vector: The numbers N(A) and N(B) of clusters A and B in the
training sets for each Ti.

[N(B) ]N−

N
∏

pn
n=1

P(A|D1 …DN ) =
[N(B) ]N−

1

N
∏

pn + [N(A) ]N−

n=1

2.3. NESTORE classification

1

1

N
∏
(1 − pn )

(11)

n=1

where N(A) and N(B) are the number of A and B clusters in the training
set, respectively, for that particular time interval, stored in the NAB
vector.
By using this approach, the number of A and B clusters is taken into
account. This is very important for unbalanced classes, as in our case
(see section 3.3).

Fig. 2 shows the classification stage for generic Ti.
Given the set of clusters to be classified at a given time period Ti, the
features are extracted. For each feature, the validity vector, threshold
vector, and probability vector estimated in the training phase are used to
classify the input. If a feature f is reliable for that time period, its value is
compared with the corresponding threshold Thf. Instead of a simple
binary classification in the two classes A or B (respectively, if the f ≥ Thf
or f < Thf), the probability vector is used. This vector is a key point in
classification procedure, because it provides important information on
how to combine the output of different feature classifiers in the final
classification step. The probability of being an A cluster are calculated
separately under and over the threshold. While this probability would
ideally be 0 for f < Thf and 1 for f ≥ Thf, some features provide very good
performances above (or below) the threshold, where all clusters belong
to the same class, while the performances are poorer below (or above)
the threshold, where the classes are more mixed: in these cases the
probability can be close to 0.5. In order to score the features depending
on their performances, the feature classification block supplies the
probability pn = P(A|Dn), that is the probability of having a type A
cluster given a value Dn of the nth feature: pn corresponds to pu if the
feature is under the threshold and po if it is over.
The overall probability of having an A cluster is evaluated by using a
Bayesian approach (see Gentili and Di Giovambattista, 2020) to
combine different feature-based probabilities:

3. Earthquake catalog and cluster detection
3.1. Catalog and selected area
We adopted the SCSN earthquake catalog (Hutton et al., 2010)
available from 1932 to the present, where data are listed in ML units.
During these almost 90 years, the sensitivity and accuracy of location
and magnitude determination of the catalog have changed; changes are
related to the network geometry, instrument characteristics, and
monitoring and processing strategies over time. In Hutton et al. (2010)
paper, several periods with different catalog characteristics were iden
tified. For our analysis, we selected data from 1981 to the present
(corresponding to the last two periods in Hutton et al.’s paper) due to the
large increase in seismic stations in 1981, which produced an increase in
sensitivity and accuracy in parameter determination. Several authors
have pointed out the differences in the quality of the catalog, not only in
time but also in space. Unsurprisingly, for example, offshore data have a
higher completeness magnitude (Nandan et al., 2019), i.e., the network
is less sensitive offshore. To estimate the completeness magnitude of the
analyzed clusters, we proceeded in two ways: for clusters with a number
of events greater or equal to threshold ThMc, we evaluated the

Fig. 2. Classification for a given interval Ti.
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completeness magnitude by the maximum curvature method, to which,
as recommended by Woessner and Wiemer (2005), we added a correc
tion factor of 0.2. For a lower number of event clusters, we set a
maximum completeness magnitude considering the results in the liter
ature. In particular, we considered the completeness maps by Hutton
et al. (2010) and Lippiello et al. (2012) and the estimates of Godano
(2016) and Nandan et al. (2017).
In addition, we analyzed the completeness of southern California in
the years from 1981 to 2007, thanks to the data service available at the
CompletenessWeb
website
(http://www.completenessweb.gfzpotsdam.de/doku.php). Based on CompletenessWeb outputs and
considering the lower quality of offshore data (Nandan et al., 2019), we
selected the area shown in Fig. 3 (in green) for our analysis. Inside the
area, we set a conservative value of Mc = 3 when the completeness
magnitude cannot be evaluated due to too few earthquakes in the
cluster. In Fig. 3, red points correspond to the o-mainshocks of the A
clusters, and blue points correspond to the o-mainshocks of the B
clusters.
With a completeness magnitude that is not uniform across time and
space, we used the local completeness magnitude whenever possible
instead of the higher regional completeness magnitude. By doing so, we
obtained a higher number of clusters that met our completeness re
quirements (see introduction) and thus more reliable results in cluster
classification. On the one hand, a small ThMc would have allowed us to
perform the analysis based on the local completeness magnitude of a
large number of clusters, even the smallest ones. On the other hand, too
low a ThMc would have caused inaccurate completeness estimates due to
too few events in the cluster. In order to achieve a compromise between
these two different requirements, we chose a threshold ThMc = 80 events
by a trial and error approach.

(1985) proposed a popular link-based method in which the cluster is
seen as a set of events connected by links in space and time, whose extent
is a function (also) of the seismic moment of the mainshock and of the
last earthquake. Other methods are based on the probability of earth
quakes belonging or not belonging to a cluster; one example is the ETASbased stochastic model of Zhuang et al. (2002). More recently, Zaliapin
and Ben-Zion (2013) proposed a cluster identification method based on
the analysis of space-time and energy distribution of the entire catalog
(nearest-neighbor method). In this paper, we do not need a cluster
identification method only but also a method that, given an o-main
shock, forecasts if an SSLE with magnitude ≥Mm-1 will follow, sup
plying the space and time interval in which it will occur. For this reason,
we decided to adopt a window-based method, in which the window size
is a function of the o-mainshock magnitude. For the time window, we
used the Gardner and Knopoff functions:

3.2. Cluster identification

where d is the distance from the mainshock (in our case, the o-main
shock) and Mm is its magnitude. In the range of magnitude 4–7.5, where
the o-mainshocks occur, the Kagan function supplies a radius of the
cluster generally smaller than that of Gardner and Knopoff (15 times
smaller for Mm = 4). To choose the best function, we compared the
circular area of the clusters obtained by the two methods with the one
obtained by Zaliapin and Ben-Zion (2013) using the nearest-neighbor
(NN) method; the NN method is not a window-based method and
automatically adapts to the space-time characteristics of the area. Fig. 4
shows an adaptation from Zaliapin and Ben-Zion (2013); in particular,
the figure shows the area of the clusters as a function of the mainshock
magnitude found by the NN method in California. In the image, we

t = 100.032•Mm+2.7389 if M ≥ 6.5
t = 100.5409•Mm−

0.547

(12)

else

The time window is not particularly important in our analysis
because the SSLE often occurs from a few hours to a few months after the
mainshock; therefore, the cluster usually ends a long time after the
occurrence of the SSLE.
For the space window, we compared the Gardner and Knopoff
function
d = 100.1238•Mm+0.983

(13)

and to the Kagan (2002) function
d = 0.02 • 100.5•Mm

Cluster identification is a non-unique procedure, and several
methods exist in the literature, supplying different results. We will cite
here the most popular methods that have been applied to California. The
simplest methods available are window-based methods, in which the
cluster is identified as all events within a time and space window around
the mainshock, whose extent is generally a function of the mainshock
magnitude. Two examples of the functions adopted in California are
those of Gardner and Knopoff (1974) and Kagan (2002). Reasenberg

(14)

Fig. 4. Aftershock area for clusters in California according to Zaliapin and BenZion (2013). Red line: slope of the distribution by Zaliapin and Ben-Zion
(2013). Blueline: Kagan (2002) equation. Circles: aftershock area according
to Zaliapin and Ben-Zion’s (2013) paper. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of
this article.)

Fig. 3. Area selected for the analysis. Blue = B class red = A class. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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superimposed the circular area calculated by using the radius obtained
by the Kagan (2002) function (blue line). The Kagan function coincides
with an upper limit of the Zaliapin and Ben Zion distribution of the
cluster areas.
In addition, both in the Zaliapin and Ben-Zion (2013) results and in
Kagan (2002), the area of the cluster region scales with a magnitude of
A ≈ 10γMm with γ = 1. For this reason, we adopted the Kagan (2002)
equation for space-window evaluation.

due to uncertainty in magnitude estimation, the cluster type is uncer
tain. The algorithm for cluster identification extracted 79 (50 A and 29
B) clusters inside the selected area. After 6 h (the end of T1), we have a
total of 50 clusters, of which 21 are type A and 29 are type B. Of the 50
clusters, in 45 cases, the o-mainshock coincides with the mainshock,
while in 5, it is a foreshock of a following mainshock. Similar to Gentili
and Di Giovambattista (2017 and 2020), our analysis is performed every
6 h on the first day and every day for the first week after the mainshock.
During this period, while the number of B clusters remains unchanged,
the number of A clusters decreases from 21 to 7 because we do not
analyze the clusters at times Ti, in which the SSLE has already occurred.
Fig. 5a shows the number of A and B clusters in time: the dataset for T =
6 h is enough balanced and becomes unbalanced for longer times (for T
≥ 5, the number of B clusters is 4 times the number of A clusters).
The total number of recorded events in the clusters in California
depends on mainshock magnitude, on the cluster productivity and on
the completeness magnitude in the area. In our database it ranges from 1
to over 40,000 events. In the magnitude range Mm-2, useful for the
analysis, for clusters with completeness magnitude Mc ≤Mm-2, it ranges
from 0 to 22 events in the analyzed time period.
Fig. 5b, c and d show the magnitude of the o-mainshock for each

3.3. Cluster dataset for NESTORE analysis
The choice of the minimum magnitude for cluster analysis is chal
lenging. On the one hand, it is important to maintain this magnitude as
small as possible to enlarge the available dataset. On the other hand, by
selecting a magnitude that is too small, a large amount of noisy back
ground data may be added to the dataset. Considering that the NESTORE
algorithm needs a completeness magnitude at least equal to Mm-2 and
that most of the analyzed area has a completeness magnitude equal to 2,
we selected as o-mainshocks all earthquakes with magnitudes ≥4 not
preceded by other earthquakes with magnitudes ≥4. We eliminated
from our analysis the clusters with Dm in the interval [0.8–1.2], where

Fig. 5. Blue: B clusters; Red A clusters (a) number of A and B clusters for different time intervals Ti (b) Mm of the analyzed clusters. (c) Depth of the cluster
mainshock (d) Dm vs mainshock rake angle. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)
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cluster, its depth and the rake angle, respectively. The rake angles were
obtained for the o-mainshocks for which focal mechanisms were avail
able in the SCSN Focal Mechanism Catalog (Hutton et al., 2010). For
California, we did not find any relationship between the o-mainshock
magnitude or depth and the cluster class (see Fig. 5b and c). The rake
data show a general increase in Dm with the rake angle, but the data are
too few to be statistically relevant.

section 4.3, we show how we integrated the results on different datasets
to obtain for each feature a more accurate threshold and a more reliable
domain of applicability (rNESTORE). Finally, section 4.4 shows the test
of both NESTORE and rNESTORE on an independent database.

4. Results

The LOO method is a particular case of K-fold cross validation in
which each element of the dataset is tested separately by a classifier
trained by all other elements. In this way, the training set dimensions are
maximized. This approach is very useful for small dataset testing. Fig. 6
shows the performance of NESTORE obtained by the LOO method
through the Receiving Operating Characteristics (ROC) (Egan, 1975;
Sweets et al., 2000; Fawcett, 2006) and Precision-Recall (PR) (Fawcett,
2004; Davis and Goadrich, 2006; Saito and Rehmsmeier, 2015) graphs.
Both graphs are used to illustrate the performance of a binary classifier,

4.1. Leave One Out method

To test NESTORE on an independent test set, we applied Leave One
Out (LOO) method to the 50 cluster dataset (see section 4.1). The per
formances are evaluated on all data, testing each cluster after training
obtained by all other clusters. The performances of well-known clusters
in California are shown in detail (section 4.2). The LOO method results
allow us to evaluate the most successful features and their stability. In

Fig. 6. NESTORE performances for different Ti values using the LOO method. Time periods Ti are listed close to the corresponding star. Magenta stars: NESTORE
performances; blue dots: N2; violet small triangles: Q; and red larger triangles: Z. (a) ROC graph for NESTORE; (b) ROC graph for selected features; dashed line
correspond to random classifier; red and green circles outline performances in different time periods (c) Precision-Recall (PR) graph for NESTORE (b) PR graph for
selected features; dashed lines: random classifiers for different time periods: from up to bottom 0.25, 0.5, 0.75, 1, 2, 3, 4, 5 days; longer time period coincide with the
ones of 5 days. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
8

S. Gentili and R. Di Giovambattista

Physics of the Earth and Planetary Interiors 327 (2022) 106879

where one class is considered positive (in our case, we set class A as
positive) and the other negative. The ROC graph shows the True Positive
Rate (TPR - in our case, the ratio of the number of A clusters classified as
A and the total number of A clusters) versus the False Positive Rate (FPR
- in our case, the ratio between the B incorrectly classified as A and the
total number of B clusters). In other words, it shows relative trade-offs
between benefits (true positives) and costs (false positives). The diago
nal of the graph (see Fig. 6a, b) represents random guessing. Any clas
sifier that appears in the lower right triangle performs worse than
random guessing and should be discarded. Conversely, a classifier in the
upper left triangle supplies reliable results; the closer the classifier is to
the upper left corner, the better its performance. The upper left corner
corresponds to the ideal classifier, in which no B is erroneously classified
as A, while all As are correctly forecasted. The use of ROC graphs for
unbalanced datasets is debated; ROC graphs are insensitive to changes in
class distribution because both TPR and FPR are obtained by analyzing
only the positive class (class A in our case) or the negative class (our
class B), respectively, and are independent of the ratio of the number of
items in the two classes. While some authors consider this an advantage
(e.g., Fawcett, 2004) other authors (e.g., Saito and Rehmsmeier, 2015)
disagree, because large changes in the number of false positive FPs (in
our case, B misclassified as A) may not affect the FPR if the number of
correctly classified elements in the negative class is large. For this
reason, they suggest using the Precision-Recall plot, where instead of
FPR, Precision is shown. Precision is defined as the ratio of the number
of correctly classified positives to the total number of items classified as
positives, or in our case, the ratio of the number of clusters A to the
number of clusters classified as A. Since the number of clusters classified
as A includes FP, the position on the Precision-Recall graph depends on
the relative abundance of examples in each class (class skew). TPR and
Recall are synonyms but, for consistency with previous literature, we
will denote them as FPR in ROC graphs and as Recall in PR graphs.
Random guessing in the Precision-Recall graph (see Fig. 6c, d) depends
on the relative abundance of classes and is determined by the fraction of
positives in the dataset; in our case, the number of As decreases for
longer time periods and thus the random guessing line (dashed lines in
Fig. 6c, d), parallel to the x-axis, has a y-intercept that decreases as T
increases (the 0.25- and 5-day random guessing lines are specified in
gray in Fig. 6c, d). A classifier above the random guessing line provides
reliable results; the closer the classifier is to the upper right corner, the
better its performance. For the PR graph, the upper right corner corre
sponds to the ideal classifier, in which no Bs are misclassified as As,
while all As are correctly predicted.
In Fig. 6a and c, magenta stars correspond to the position in the ROC
diagram of the NESTORE classification for each time period T.
For all time periods, NESTORE’s performance is always in the upper
left triangle for ROC graphs, and above the corresponding random hy
pothesis line in PR graphs, i.e., in areas corresponding to reliable clas
sifiers. Comparing different Ti performances, the TPR (i.e. the Recall in
PR graphs) decreases for T > 3 days. This may be partially due to the
unbalancing of the classes in a small dataset: for T > 3 days, the number
of A clusters becomes less than 1/3 of the B clusters. The small dataset
causes training based on a few A examples: 7 or 8 (depending on Ti) if a
B cluster is tested and 6–7 if the test is performed on an A cluster.
Whereas the TPR, based on A clusters, the performances generally
decrease as the number of A clusters in the database decreases, the FPR,
based on B clusters, is generally not affected by changes in the training
set and fluctuates from 0.1 to 0.2. The PR graph shows a decrease in
Precision for T > 3 days related to the increase in B clusters classified as
A compared to correctly classified A clusters. In other words, due to the
higher number of B clusters in the training set, the decision trees tend to
classify most of the clusters as B, even though they are A. In Fig. 6b and
d the details for some features are shown. We selected these features
because they are representative of different performances of features in
our analysis. N2 (blue dots) is the higher performance feature, with TPR
ranging from 0.66 to 0.85, the Precision ranging from 0.63 to 0.82 and

the FPR ranging from 0.10 to 0.14. Q, accordingly with the results of
LOO method, is a low-hit rate and low false alarm feature, reaching FPR
= 0 for some interval Ti = 0.5–0.75 days; for the same time intervals, the
precision is high, reaching the value of 1. If this feature for some of the
clusters is under the threshold, this information is not particularly
relevant, but if it is over the threshold, the cluster is very likely to be a
type A. This information is quantitatively stored in the probability
vector that concurs in NESTORE classification. For the interval T1 (from
1 min to 0.25 days after the mainshock), the feature is unreliable (FPR =
TPR = 0). The Precision cannot be shown, because no element is clas
sified as A. In other words, the decision tree classifies all clusters as B and
the feature is useless. The Z feature supplies performances in the range
0.25–0.75 days close to the diagonal of the ROC graph. For T = 1 day,
the performances are the worst and correspond to the bottom right
corner of the ROC graph (FPR = 1 and TPR = 0). This is also confirmed
by the PR graph.
4.2. Case studies
In this section, some examples of the well-known clusters in Cali
fornia with mainshock magnitudes greater than 5.8 are shown. To be
shown, the clusters, if of type A, need to have the SSLE at least 6 h after
the mainshock.
Table 1 shows the selected clusters. The last column of the table
shows NESTORE forecasting; A/B represents the classification changes
depending on the time interval Ti (see Fig. 7).
For Superstition Hill and Ridgecrest clusters (1995 and 2019), the omainshock does not coincide with the mainshock, but it is a foreshock. In
this case, NESTORE correctly forecasts the stronger earthquake(s)
following the foreshock.
Fig. 7 shows the performances of the method on the clusters in
Table 1. The symbols are red for type A clusters and blue for type B
clusters. The algorithm correctly identifies all A clusters, starting 6 h
after the mainshock. Note that the algorithm stops classifying when an
event with magnitude Ma ≥ Mm-1 occurs. The classification of Ridge
crest 2019 stops after 12 h because an earthquake of magnitude 5.4
occurred on July 5, 2019–16 h after the o-mainshock. Regarding the B
clusters, NESTORE correctly classifies the Westmoreland and Sierra
Madre clusters. The Hector Mine cluster (blue circles) is incorrectly
classified (Prob(A) > 0.5) for short time periods Ti but becomes correct
one day after the mainshock when more information is available. The
algorithm fails in the classification of North Palm Spring 1986. In both
the Hector Mine and North Palm Spring clusters, the algorithm shows
values of probability in the range 0.4–0.6 for some Ti, which, accord
ingly with Gentili and Di Giovambattista (2017), are bounds of uncer
tain classification.
Regarding the North Palm Spring cluster (blue triangles in Fig. 7), the
classification is always A, even if it decreases in time. The extremely
high value of all features (for example, N2 is two times the threshold for
T = 6 h) makes this cluster an outlier with respect to the behavior of the
other clusters. The presence of some outliers in the dataset may influ
ence the values of the threshold and therefore the classifier reliability.
For this reason, a comparison among different training set outputs is
necessary to define more reliable parameters.
Ridgecrest 2019, a cluster correctly classified as A, can be considered
a retrospective forecast because the training set is composed only of
clusters occurring before July 2019. In other words, if we trained NES
TORE a few days before the cluster, by using all available data, we would
have had a correct forecast.
4.3. A robust classifier – rNESTORE
We investigated differences in the thresholds found by different
training sets in the training phase of the LOO method. The training sets
are very similar: there is a difference of two clusters from one training
set to the other for T = 0.25 days. Therefore, what is interesting is not
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Table 1
Case studies for southern California. The date, latitude, longitude and magnitude are listed, followed by the date and magnitude of the SSLE. Abbr: abbreviation of
cluster’s name, in Fig. 7 legend. Type: class of the cluster. NESTORE forecasting: NESTORE classification starting 6 h after the mainshock. A/B: if classification changes
in time.
Cluster

Abbr.

o-Main date
yyyy/mm/dd

Lat

Lon

Westmorland
North Palm Springs
Whittier Narrows
Superstition Hill
Sierra Madre
Ridgecrest
Hector Mine
Ridgecrest

W
NPS
WN
SH
SM
R95
HM
R19

1981/04/26
1986/07/08
1987/10/01
1987/11/24
1991/06/28
1995/08/17
1999/10/16
2019/07/04

33.1
34.00
34.06
33.09
34.27
35.78
34.60
35.71

−
−
−
−
−
−
−
−

115.62
116.61
118.08
115.79
117.99
117.66
116.27
117.50

Mm

SSLE date
yyyy/mm/dd

Ma

Type

NESTORE forecasting

5.8
6.0
5.9
6.2
5.8
5.4
7.1
6.4

1981/04/26
1986/07/17
1987/10/04
1987/11/24
1991/06/28
1995/09/20
1999/10/16
2019/07/06

3.7
4.5
5.3
6.6
4.3
5.8
5.8
7.1

B
B
A
A
B
A
B
A

B
A
A
A
B
A
A/B
A

“A” “B” and “unknown” for intermediate values of the feature. For this
classifier, at least two different thresholds are necessary. However, this
approach is beyond the scope of this paper due to the small number of
clusters available for training. Instability of type (2) causes the failing of
the classifier in obtaining reliable results; it occurs when, due to a low
amount of data for some training sets, an overfitting occurs. Table 2
shows for each feature and each time interval the percentage of training
sets for which a reliable threshold has been found.
We developed a more stable classifier for future classification, called
rNESTORE, also considering the small number of available data and the
effect of outliers. To do this, we selected only the values of T for which at
least 95% of the classifiers found a reliable threshold (in boldface in the
table). Table 3 shows the mean and standard deviation (in parentheses)
of the values of the thresholds for different training sets in the selected
time intervals. For feature N2, which can assume only integer values, the
standard deviation is 0. SLcum and QLcum2 features have been elimi
nated from the table because they do not show reliable results for any
value of T. The value of the mean of the thresholds of Table 3 is used as
threshold vector for rNESTORE. In other words, rNESTORE adopts a
technique known in statistics as “Jackknife resampling” for estimating
the threshold value (Efron and Stein, 1981). The probability vector
values are estimated from the original complete dataset, as the ratio of A
clusters and total number of clusters under (pu) and over the threshold
(po) and are shown in Table 4. Boldface numbers correspond to intervals
Tt for which the threshold has been calculated for the current interval Ti
feature. For longer time periods, the same threshold is used, inherited
from the last interval Tt; the probability vector, vice-versa, is calculated
for every time interval, to take into account the different number of A
clusters available.
Figs. 8a, c show the performances rNESTORE on the complete orig
inal dataset. It is important to note that this is a test on internal coher
ence of the dataset (self-test) and not on the entire classifier, because, in
this case, the training set and test set are coincident. Testing a classifier
by the same dataset used for the training can provide biased perfor
mances because it does not consider overfitting issues. However, such a
test can be useful in understanding whether feature values are mutually
consistent.
rNESTORE performances (Figs. 6a and c) are very stable when

Fig. 7. Tests of NESTORE classification on clusters with Mm ≥ 5.8. Each cluster
is tested using all other clusters for training. Red: A clusters. Blue: B clusters.
Legend: W=Westmorland; NPS = North Palm Springs; WN=Whittier Narrows;
SH = Superstition Hill; SM = Sierra Madre; R95 = Ridgecrest 1995; HM =
Hector Mine; R19 = Ridgecrest 2019. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of
this article.)

what is stable but what it is not stable. If the difference of two in 50
examples may influence the feature, it indicates that the feature is not
stable. The instability may be of two types: (1) the feature threshold is
defined by NESTORE but is (slightly) different from one training set to
the other, and (2) the threshold is not defined for some training sets. The
first instability may be related to (a) a finite and (relatively) small
number of clusters with a feature value close to the edge between the
two classes or to some local minima in the choice of the threshold
confused with the absolute minimum because of the small dataset or (b)
to an interval of feature values in which the classes are truly mixed. For
instability of type (1), however, most clusters are well classified and are
not affected by the change in threshold value. In case (a), perhaps a
larger training set may reduce the fluctuations, adding constraints to the
threshold value. In case (b), a three-class classifier is needed, the classes

Table 2
Percentage of training sets in which each feature was considered reliable for each time period. Bold face: over 95%.
T [days]

S

Z

SLcum

QLcum

SLcum2

QLcum2

Q

Vm

N2

0.25
0.50
0.75
1
2
3
4
5
6
7

0
0
0
0
0
0
0
100
100
100

88
100
100
28
3
0
0
0
0
0

0
0
0
14
13
13
14
11
11
11

0
100
67
0
0
0
0
0
0
0

0
0
0
14
100
100
72
8
8
8

0
0
0
0
0
0
0
0
0
0

62
76
78
93
93
92
94
97
100
100

78
100
100
100
100
97
0
0
0
0

100
100
100
100
100
100
11
0
0
0
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Table 3
Mean and the standard deviation (in parentheses) for the thresholds for the cells in Table 2 with value >95%. Boldface numbers correspond to intervals Tt.
S
6h
12 h
18 h
1d
2d
3d
4d
5d
6d
7d

Z

QLcum

0.020(0.007)
0.020(0.007)

0.18(0.02)

SLcum2

Q

0.0916(0.004)
0.0916(0.004)
0.0885(0.0006)
0.0885(0.0006)
0.0885(0.0006)

Vm

N2

0.45(0.02)
0.45(0.02)
0.45(0.02)
0.45(0.02)
0.45(0.02)

2.5(0)
2.5(0)
2.5(0)
2.5(0)
2.5(0)
2.5(0)

0.0154(0.0004)
0.016 (0.002)
0.016 (0.002)

Table 4
pu and po values for the cells in Table 2 with value >95%. Boldface numbers correspond to intervals Tt.
S
pu
6h
12 h
18 h
1d
2d
3d
4d
5d
6d
7d

Z
po

QLcum

SLcum2

pu

po

pu

po

0.14
0.14

0.61
0.61

0.06

0.58

pu

0.10
0.10
0.04
0.04
0.04

0.06
0.06
0.06

Q
po

pu

0.72
0.7
0.04
0.04
0.04

changing Ti, and they are all in the upper left triangle close to the upper
left corner for ROC and well above the random guessing line for PR. In
particular the quality of the classifier increases from 0.25 to 0.50
decrease in the following 3 days and again increases starting with 5
days, thanks to the use of Q and S features, they supply the best per
formances. The best performances are obtained for ROC graph at 5–7
days, while for PR graph at 0.5 days with the following similar values
respectively: TPR = Recall = 0.86 FPR = 0.07 Precision = 0.75 at 5–7
days and TPR = Recall = 0.85 FPR = 0.14 Precision = 0.81 at 0.5 days.
Figs. 8b, d show the performances of features N2, Q and Z for different
time intervals T. N2 performances in Figs. 8 and 6 are coincident due to
the good stability of the feature. Conversely, the Q and Z performances
are enhanced in Figs. 8b and d with respect to the corresponding Figs. 6b
and d due to the elimination of incorrect thresholds found in a few da
tabases and to the better choice of reliability intervals. In particular,
unreliable performances have been eliminated because the features are
no longer used for the corresponding intervals (see Fig. 8 and Tables 2
and 3). Of particular interest is the elimination of the Q feature for Ti <
6 days. The seemingly good performance of the feature, in terms of
Precision, Recall, and FPR was evaluated by the LOO method using only
trainings in which the feature was considered reliable; however, there
were training in which the results were so poor that the feature was
eliminated as unreliable. rNESTORE was able to highlight this instability
and remove it from the list of reliable features for small periods of time.
To understand how feature thresholds fluctuate throughout the
different training sets, Fig. 9a shows the threshold found by the corre
sponding trainings for the Z feature for T = 12 h. Even if most experi
ments found a threshold of approximately 0.02, in a few cases, the
values are different; in particular, in four cases, the threshold is ~0.04.
Fig. 9b shows the fluctuations of the threshold of the Q feature for T = 6
days. The Q feature in most cases is 0.0155. However, in 10 cases it is
0.015. In only one case, the threshold is set to 0.027.
Comparing Figs. 6 and 8, the choice of the thresholds of 0.02 for Z
and of 0.0154 for Q improves the performances of the features.

Vm
po

N2

pu

po

pu

po

0.23
0.21
0.19
0.19
0.19

0.80
0.75
0.72
0.62
0.67

0.21
0.10
0.11
0.11
0.11
0.11

0.82
0.81
0.76
0.73
0.67
0.63

0.67
0.67
0.67

4.4. Test on an independent dataset
To test rNESTORE on an independent database, we used for northern
California the Comprehensive Earthquake Catalog (ComCat - available
at the web-site: https://earthquake.usgs.gov/earthquakes/search/),
expressed also in ML magnitude (like SCEC catalog) and the SCEC cat
alog itself from 2020 to present. Fig. 10a shows the map of the analyzed
area and the positions of the o-mainshock of the clusters, while Fig. 10b
shows the completeness magnitude of the ComCat catalog in the selected
region (green upper polygon). The completeness magnitude was ob
tained by using Zmap software (Wiemer, 2001) and the maximum cur
vature method.
For the test set California data, we evaluated the completeness
magnitude directly on the cluster when at least 80 earthquakes were
available by using the maximum curvature method; otherwise, we used
a completeness magnitude of 3.5 for norther California to be compatible
with Fig. 10b and of 3 for Southern California, like for the training data
set. We added a correction factor of 0.2 to both magnitudes. Due to the
high completeness magnitude of the catalog, this test set is small: it is
composed of 11 clusters, of which 3 are of class A and 8 are of class B for
T = 6 h. Some clusters are on the coast, while others are in the eastern
California or on the California-Nevada border.
Table 5 shows the selected clusters. Fig. 11 shows the comparison of
the performance of NESTORE (Fig. 11a, c, e) and rNESTORE (Fig. 11b, d,
f) for the 11 clusters. In particular, Fig. 11a and b show the estimated
probability of being a cluster A for the two methods in time. Red symbols
correspond to type A clusters and blue symbols to type B clusters. For T
= 6 h, an A cluster is misclassified, but the classification becomes correct
for longer times. The main difference between the classifiers is for Ti = 2
and 3 days, when rNESTORE correctly classifies Ocotillo Wells clusters
as type B, with a Prob(A) < 0.5, while NESTORE fails in the classifica
tion. Note that while the ROC graph, being insensitive to the relative
abundance of A and B clusters, has an identical response regarding
NESTORE results for Ti of 2 and 3 days (Fig. 11c), the PR graph provides
a different representation because the Precision depends on this abun
dance (Fig. 11 e). Neither the ROC graph nor the PR provides any in
formation for T > 3 days because no more A clusters are available in the
11
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Fig. 8. rNESTORE performances for different Ti values (self-test). Time periods Ti are listed close to the corresponding star. Magenta stars: NESTORE performances;
blue dots: N2; violet small triangles: Q; and red larger triangles: Z. (a) ROC graph for NESTORE; (b) ROC graph for selected features; dashed line correspond to
random classifier (c) PR graph for NESTORE (d) PR graph for selected features; dashed lines: random classifiers for different time periods: from up to bottom: 0.25,
0.5, 0.75, 1, 2, 3, 4, 5 days longer time period coincide with the ones of 5 days. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

test set for those periods. Both methods correctly classify all clusters for
time intervals 0.5–1 day, which corresponds to Recall = 1, Precision = 1,
and FPR = 0.

warning application, because the probability of a new dangerous
earthquake after a first strong event may be estimated in advance. A
careful analysis of the features and the time periods in which they are
relevant for classification can be helpful in understanding the SSLE
preparation process. In particular, at short mainshock timescales (6–12
h) the N2, Z, QLcum, and Vm features provide good results (see Table 2).
This result for California can be compared with those for northeastern
Italy-western Slovenia (Gentili and Di Giovambattista, 2020), corre
sponding to Alpine and Dinaric seismicity, and with those for all Italy,
dominated by Apennine seismicity (Gentili and Di Giovambattista,
2017). The N2, Vm, and Z features showed good short-term performance
after o-mainshock for all three studies. N2 is the number of events with
magnitude ≥Mm-2 after mainshock, Vm corresponds to the cumulative
change in magnitude between successive events, and Z represents the
linear concentration of events. The three studies, while corresponding to
very different seismotectonic characteristics, show that high cluster
productivity, irregularity in the magnitude distribution over time, and

5. Discussion and conclusions
In this paper, the NESTORE machine learning algorithm has been
applied to California seismicity for type A clusters forecasting. The al
gorithm analyzes several features of the cluster seismicity at increasing
time intervals from the o-mainshock and uses, for each time interval,
only features that provide best performances. Each feature is used to
train a decision tree and estimate the probability to be an A cluster; the
probabilities estimated from different features are merged using a
Bayesian approach to obtain the NESTORE response. The best perfor
mances were obtained for time periods ≤3 days. In particular, the best
performances are obtained for a time interval of 0.5 days (12h) after the
mainshock, which makes the algorithm very attractive for an early
12
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Fig. 9. Feature thresholds for (a) the Z feature for T2 = 12 h and (b) the Q feature for T9 = 6 days.

Fig. 10. (a) Green: polygons of analyzed regions; upper polygon: Comcat catalog; and downer polygon: SCEC catalog. Positions of the o-mainshocks of the analyzed
clusters; dots: training set; circles: test set; blue symbols: B class; and red symbols: A class. (b) Completeness magnitude of the ComCat catalog over time in the
corresponding polygon. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Table 5
Case studies for the independent test set. The date, latitude, longitude and magnitude are listed, followed by the date and magnitude of the SSLE. Abbr: abbreviation of
cluster’s name, in Fig. 11 legend. Type: class of the cluster. NESTORE forecasting: NESTORE classification starting 6 h after the mainshock: A/B if the classification
changes in time.
Cluster

Abbr.

o-Main date
yyyy/mm/dd

Lat

Lon

Morgan Hill
Central California
Alum Rock
Chalfant Valley
Mono County
Hawthorne, Nevada
Walker Lake
Mina, Nevada
Ocotillo Wells
San Bernardino
Coso Junction

MH
CC
AR
CV
MC
HN
WL
MN
OC
SB
CJ

1984/04/24
1986/01/26
1986/03/31
1986/07/20
1990/10/24
2011/04/11
2016/03/22
2020/05/18
2020/05/10
2020/06/04
2020/06/04

37.31
36.8
37.48
37.57
38.06
38.38
38.66
38.16
33.02
35.62
36.15

−
−
−
−
−
−
−
−
−
−
−

121.68
121.28
121.69
118.44
119.12
118.75
118.78
118.10
116.02
117.43
117.98
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Mm

SSLE date
yyyy/mm/dd

Ma

Type

NESTORE forecasting

6.2
5.5
5.7
5.9
5.8
4.1
4.1
4.3
3.3
5.5
4.2

1984/09/26
1986/01/26
1986/12/11
1986/07/21
1990/11/05
2011/04/17
2016/03/22
2020/05/22
2020/05/12
2020/06/08
2020/06/07

4.4
4.0
4.1
6.4
4.3
4.6
2.8
2.7
1.2
4.1
3.5

B
B
B
A
B
A
B
B
B
B
A

B
B
B
A
B
A
B
B
A/B
B
A/B
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Fig. 11. Tests of the robust classifier on the independent test set for NESTORE and rNESTORE. Red symbols: A clusters, Blue symbols: B clusters. MH = Morgan Hill;
CC=Central California AR = Alum Rock; CV=Chalfant Valley; MC = Mono County; HN=Hawthorne Nevada; WL = Walker Lake; MN = Mina Navada; OC=Ocotillo
Wells; SB=San Bernardino; CJ = Coso Junction (a) Probability to be A vs time for NESTORE (b) Probability to be A vs time for rNESTORE (c) ROC graph showing
NESTORE performances (d) ROC graph showing rNESTORE performances. (e) PR graph showing NESTORE performances (f) PR graph showing rNESTORE per
formances. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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event concentration are clues to the process of preparing for a strong
subsequent earthquake (SSLE). Note that in previous work Vm was
evaluated in the magnitude range [Mm-3, Mm], while in this work the
smaller range [Mm-2, Mm] is used, without affecting the performance of
the feature.
Other features are characterized by zone-dependent performance or
have been more rigorously evaluated through NESTORE enhancements.
The Q feature, for example, which depends on the cumulative radiated
energy, in previous works was considered reliable even for small time
intervals. rNESTORE allows us to highlight its instability in California
for short time periods and then use this feature only for longer time
periods. QLcum, on the other hand, which corresponds to the deviation
of Q from the long-term trend, provides good results for both California
and NE Italy-Western Slovenia, while it needs longer time intervals for
Italian seismicity (Apennines).
Summarizing, we obtained the following results:
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1. We tested the performance of the algorithm using the LOO method,
on fifty clusters recorded in the SCEDC earthquake catalog from
1981 to 2020 and showed the results on the ROC and PR graphs. All
tests showed that the performance of NESTORE was reliable for all
time periods because it was in the upper left triangle of the ROC
graph, and above the corresponding random guess line for the PR
graph. In particular, we found the best performance of FPR = 0.17,
TPR = Recall = 0.80 and Precision = 0.76 for Ti = 0.5 days (12 h),
while for time periods Ti > 3 days, the performance worsened due to
instability of some features.
2. For 8 known clusters with Mm > 5.8, we showed the performances of
NESTORE over time: we had 6 correct classifications for all Ti, one
classification starting to be correct after one day, and one outlier. The
successful classification of Ridgecrest 2019 can be considered a
retrospective forecast because the training was performed using only
information from previous clusters.
3. Using a jackknife approach, we developed a more robust classifier,
called rNESTORE, whose performance was compared with NESTORE
one on a small independent set: rNESTORE supplies better perfor
mances for time intervals of 2–3 days. Both algorithms provide the
best performances for intervals of 0.5–1 day. Although the results
should be verified in the future on a larger database, they are
encouraging because all the clusters are classified correctly. In
particular, the good performances for the 0.5 days test are in good
agreement with the test of point 1.
4. Accurate analysis with rNESTORE, together with results from pre
vious applications on different seismotectonic regimes, allows us to
indicate high cluster productivity, irregularity in magnitude distri
bution over time, and event concentration as precursors of an SSLE.
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