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Abstract. We develop a harmonized earthquake forecast-
ing model for Europe based on the epidemic-type after-
shock sequence (ETAS) model to describe the spatiotem-
poral evolution of seismicity. We propose a method modi-
fication that integrates information from the 2020 European5

Seismic Hazard Model (ESHM20) about the spatial varia-
tion in background seismicity during ETAS parameter in-
version based on the expectation–maximization (EM) algo-
rithm. Other modifications to the basic ETAS model are ex-
plored, namely fixing the productivity term to a higher value10

to balance the more productive triggering by high-magnitude
events with their much rarer occurrence and replacing the
b-value estimate with one relying on the b-positive method
to observe the possible effect of short-term incompleteness
on model parameters. Retrospective and pseudo-prospective15

tests demonstrate that ETAS-based models outperform the
time-independent benchmark model as well as an ETAS
model calibrated on global data. The background-informed
ETAS variants using the b-positive estimate achieve the best
scores overall, passing the consistency tests and having a20

good score in the pseudo-prospective experiment. Our test
results also highlight promising areas for future exploration,
such as avoiding the simplification of using a single b value
for the entire region, reevaluating the completeness of the
used seismic catalogs, and applying more sophisticated af-25

tershock spatial kernels.

1 Introduction

After the occurrence of a high-magnitude earthquake, the ex-
pected behavior of its aftershocks and, in particular, the pos-
sibility of another large event are of interest to both the gen-30

eral public and governmental and private organizations, such
as civil protection services, first responders, and insurance
companies. Operational earthquake forecasting (OEF; Jordan
et al., 2011) was introduced as a term for “gathering and dis-
seminating authoritative information about the time depen- 35

dence of seismic hazards to help communities prepare for po-
tentially destructive earthquakes”. It is an evolving effort that
has seen significant progress in recent years. Several coun-
tries, including New Zealand (Christophersen et al., 2017),
the United States (Field et al., 2017; Jordan et al., 2011, 2014; 40

van der Elst et al., 2022), and Italy (Marzocchi and Lom-
bardi, 2009; Marzocchi et al., 2014) currently have systems
in place that produce authoritative earthquake forecasts (see
Mizrahi et al., 2024b, for a review of these OEF systems and
Hardebeck et al., 2024, for a review on aftershock forecast- 45

ing). Each of these systems uses different underlying models
to produce the forecasts and communicates the forecasts dif-
ferently (absolute or relative earthquake rates/probabilities,
maps, scenarios, etc.) and to different user groups at differ-
ent time intervals (continuously, daily, monthly, or only after 50

large events), and the forecasting systems are continuously
being modified and improved. In short, there is not a unique
agreed-upon best way to provide OEF, as has been shown re-
cently in an elicitation of expert views on this topic (Mizrahi
et al., 2024b). 55

However, what is clear is that to issue earthquake forecasts
operationally, time-dependent models that describe both the
spatial and temporal variability in seismicity are required.
Gathering historic and recent seismicity data, combined with
knowledge of seismotectonic properties of a region, allows 60

us to better understand spatial variability in earthquake oc-
currence in a time-independent manner (Danciu et al., 2021;
Crowley et al., 2021; Wiemer et al., 2016). In addition to
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the time-independent assessment of seismicity, the temporal
evolution of seismic sequences can be modeled using well-
established empirical laws, as has been done by several (gov-
ernmental or non-governmental) agencies on various scales
(Christophersen et al., 2017; Field et al., 2017; Jordan et al.,5

2011; Mizrahi et al., 2024a; Marzocchi and Lombardi, 2009;
Nandan et al., 2021; Omi et al., 2018).

The main objective of this paper is to develop a harmo-
nized forecasting model for Europe that represents the cur-
rent state of the art of time-dependent earthquake forecast-10

ing. The idea of a harmonized model is to take into account
not only the differences in data collection properties but also
physical properties of various tectonic regions to minimize
the effect of administrative borders on the output, providing
a unique set of parameters that, in a way, average seismicity15

properties in the observed region, hopefully benefiting from
the variety of events present in such a large dataset. This
model is meant to be simple and serve as the basis for the
development of future models and is not meant to overrule
other, national forecasting models where they are available20

(e.g., Italy; Marzocchi et al., 2014). We aim to identify the
shortcomings of a basic harmonized model and propose mod-
ifications that would remediate them with the goal of provid-
ing reliable earthquake probabilities incorporating long-term
seismicity rates as well as short-term clustering patterns.25

The current state-of-the-art models for time-dependent
earthquake forecasting are epidemic-type aftershock se-
quence (ETAS) models (Ogata, 1988). In the context of
ETAS models, any event triggered by its predecessor is
named an aftershock, which is not to be confused with the30

frequent interpretation of the term aftershock meaning an
event of smaller magnitude following its triggering event.
Having been introduced by Ogata in 1988, these models
have been around for several decades, implemented and used
by many agencies, and identified by experts in the study35

of Mizrahi et al. (2024b) as the preferred choice for a de-
fault model to be used for earthquake forecasting. Their main
strength is in explaining the aftershock-triggering behavior of
earthquakes, relying on the temporal and spatial decay of the
number of aftershocks with spatial or temporal distance from40

the main event, the productivity law, and the Gutenberg–
Richter (GR) law (Omori, 1900; Utsu, 1971; Gutenberg and
Richter, 1936). In ETAS, the seismicity rate ` is given as the
sum of the background rate µ and the aftershock rate g of all
previous events, following these laws. Specifically, we will45

use the formulation as in Nandan et al. (2021) and Mizrahi
et al. (2021b):

`(t,x,y)= µ+
∑
i:ti<t

g(mi, t − ti,x− xi,y− yi),

g(mi, t − ti,x− xi,y− yi)

=
e−(t−ti )/τ · k0e

a(mi−mc)

(t − ti + c)
1+ω((x− xi)2+ (y− yi)2+ deγ (m−mc))1+ρ

.

(1)

Training such a model for the European region poses a num-
ber of challenges, as has been laid out by Zechar et al. (2016). 50

A main challenge lies in the compilation of a dataset con-
taining a comprehensive record of earthquakes over a sig-
nificant period of time, especially considering the differing
formats and properties used in different countries or subre-
gions (e.g., magnitude types and their definitions, data com- 55

pleteness due to network density and other reasons, location
and magnitude precision). Moreover, it is desirable to lever-
age high-quality data (higher precision, completeness to a
lower magnitude) where available, without losing potentially
valuable information about high-magnitude events in peri- 60

ods and regions wherein data collection was not as precise
and complete. Data completeness is often quantitatively ex-
pressed through the completeness magnitude (mc), which is
the lowest magnitude above which all events are assumed to
be observed. A catalog of all recorded events is normally in- 65

complete, meaning that it also contains events belowmc, and
as the exact mc is not known, it is important to estimate mc
and remove events below mc. Underestimating it may bias
models trained on the data with an mc higher than assumed
(Seif et al., 2017), but overestimating it results in throwing 70

away complete and potentially useful data.
Multiple methods for estimating mc have been developed

and tested, mostly relying on the fact that, by the Gutenberg–
Richter law, the events in a complete catalog follow an expo-
nential distribution, with their cumulative count satisfying 75

N(m)= 10a−bm, (2)

where N(m) denotes the number of events with a magnitude
of m and above and a and b are parameters often referred to
as the a and b value. Note that the natural logarithm base is
also used, in which case 80

N(m)=N0e
−βm,N0 = 10a,β = b ln10. (3)

Although challenging, recent achievements in data col-
lection and harmonization have enabled the creation of a
Europe-wide earthquake catalog which we aim to use as a
basis for the calibration of a Europe-wide ETAS model in 85

this study. The main result that will be used in this study in
terms of data gathering is the catalog collected for the 2020
European Seismic Hazard Model (ESHM20; Danciu et al.,
2021), which provides harmonized information about seis-
mic activity on an overall European scale, relying on expert 90

knowledge about the differences in earthquake monitoring
and physical tectonic characteristics of the region in order
to harmonize the data and providing elicitation both on data
properties (such as mc) and division into subregions based
on their seismotectonic properties. Moreover, the ability to 95

fit ETAS models to datasets with varyingmc values, not only
originally developed for time-varying mc but also applica-
ble for any spatial variations in completeness, introduced by
Mizrahi et al. (2021b) allows for ETAS models to use the
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high-quality data in both (more recent) time periods and sub-
regions with lowmc values and potentially capture long-term
trends contained in periods and areas with higher mc values.

Besides a basic ETAS model, we will consider sev-
eral modifications and test them both retrospectively for5

self-consistency and pseudo-prospectively for comparison
against one another. While the main strength of ETAS mod-
els is in modeling aftershock behavior, it is expected that the
background rate varies significantly in space over a large area
such as Europe. One of our main proposed modifications fo-10

cuses on implementing the knowledge about spatial varia-
tions in the background rate inferred by ESHM20 (Danciu
et al., 2021) already during the inversion of ETAS parame-
ters, which could affect the parameters describing aftershock
behavior as well. These spatially varying background seis-15

micity rates are estimated leveraging both the area source
model and the background seismicity and active-faults model
from ESHM20, combined with equal weighting as proposed
by Danciu et al. (2021). Other modifications include fixing
the term dictating the productivity law to the b value of the20

catalog (Hainzl et al., 2013; van der Elst et al., 2022) to
balance the more productive triggering by high-magnitude
events (productivity law; Utsu, 1971) with their much rarer
occurrence (Gutenberg–Richter magnitude distribution law;
Gutenberg and Richter, 1936) as explained in Helmstetter25

(2003) and implementing the b-positive method (van der
Elst, 2021) for the estimation of the b value.

The outline of the remaining sections of this article is the
following: in Sect. 2, we briefly describe the ESHM20 cata-
log with both its more recent and its historic parts and then30

describe the selection of the time frame used in this study
due to computational limitations and high heterogeneity in
data quality between time periods. We introduce additional
data about long-term seismicity given by ESHM20 that will
be used as input to some model variants and the most recent35

catalog that will be used for model validation. The develop-
ment of a base model and modifications thereof are described
in more detail in Sect. 3, followed by a description of the
methods used for testing them (Sect. 3.3 and 3.4). Finally,
our results are presented and discussed in Sect. 4, divided40

into three parts, presenting the fitted parameters of the mod-
els, results of retrospective consistency tests, and results of
pseudo-prospective model comparison experiments.

2 Data

The primary dataset used in this work is the ESHM20 cata-45

log (Danciu et al., 2021), which contains the combined cata-
logs of all agencies that record earthquakes in Europe, both
recent and historical, dating back to the 11th century. Due
to the variations in both the nature of earthquake occurrence
and its monitoring, the data are highly heterogeneous. For50

pre-instrumental times, the records are highly incomplete,
potentially even missing high-magnitude events and contain-

ing errors higher than 0.5 magnitude units for the magni-
tudes of the events that are in the record (Grünthal et al.,
2009; Grünthal and Wahlström, 2012). Constructing the cat- 55

alog focusing on the period starting with the 20th century al-
ready involved parameterizing earthquakes from macroseis-
mic data mixed with instrumentally recorded events com-
piled in 47 subregions and harmonizing the magnitudes cali-
brated in scales such as local magnitude, body-wave magni- 60

tude, surface-wave magnitude, moment magnitude, and max-
imum intensity into one equivalent to the moment magni-
tude (MW). This follows the methodology of Grünthal and
Wahlström (2012), applying a hierarchical strategy which
prioritizes existing MW-harmonized catalogs, followed by 65

moment tensor databases and local bulletins and finally data
from the International Seismological Centre (ISC) when no
local data are available. Magnitude conversions also follow
Grünthal and Wahlström (2012), with updates from recent
literature where applicable. 70

As the density and sensitivity of seismic networks gen-
erally improve over time, the magnitude and location preci-
sion increases (Danciu et al., 2021), as well as the number of
recorded events due to the ability to record lower-magnitude
events (the completeness magnitude mc decreases). How- 75

ever, neither the level of completeness nor this improvement
over time is spatially uniform. Between some regions, in the
same period, the mc difference can be up to 4 magnitude
units. Although a more precise magnitude resolution is avail-
able for part of the data, assuming a higher precision when it 80

is not available in parts of the catalog would produce incor-
rect estimates. The agreed-on precision is 0.2, as in Danciu
et al. (2021), used there also for the statistical fitting of the
seismicity parameters of the source models.

Due to computational limitations, poor quality, and incom- 85

pleteness of early data, making it unsuitable for the analy-
sis of aftershock behavior, the dataset needs to be narrowed
down to contain relatively recent information while ensuring
a sufficiently long time frame that enables the capturing of
longer-term triggering effects and seismicity patterns. High- 90

magnitude events that are present in historical parts of the
catalog are crucial to better understand the frequency of rare
seismic events that are not present in more recent time pe-
riods, and they help to identify additional spatial patterns
in background seismicity. However, these historical high- 95

magnitude events will seldom have aftershocks recorded due
to the incompleteness reflected in mc going as high as a
magnitude of 8. According to the completeness magnitudes
for different time periods and regions assessed by experts in
ESHM20 (Danciu et al., 2021) and visualized in Fig. S1 in 100

the Supplement, up to the early 1980s, the highest complete-
ness difference between regions in the same time period is
as high as 3 magnitude units; starting from the 1990s, this
difference lowers to 1.5 units of magnitude. Hence, we here
limit the catalog to the time period starting with the year 105

1980, with only events after 1990 considered to be poten-
tially triggered events (this is discussed in more detail later,
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in Sect. 3.2.1). The spatial distribution of the catalog con-
taining over 20 000 events in this time period is shown in
Fig. 1a (in red). While the aforementioned issues of earth-
quake monitoring in earlier parts of the catalogs are fewer
in the selected recent time period, the effect of neglecting to5

address them (such as assuming too low an mc or too high a
magnitude precision) could still potentially significantly bias
our later output (Seif et al., 2017).

By definition of the completeness magnitude, all events
of magnitude equal to or higher than mc are assumed to be10

recorded. The events of magnitude belowmc are also present
in the raw catalog, resulting in incompleteness in the data.
The incompleteness in this dataset below magnitude 4.6 is so
evident that it is already detectable through visual inspection
of Fig. 1b–c. Namely, under the assumption that the observed15

number of events does not have a significant trend over a
longer period of time, the cumulative count of events through
time would display roughly linear increasing behavior, with
rapid jumps in the count at a point indicating only the occur-
rence of a productive sequence of events. The changes in the20

slope of this linear increase shown in (c) indicate the chang-
ing completeness over that time period and an increase in
the rate of the cumulative earthquake count, suggesting that
completeness improves over time. In (b), both incomplete-
ness and discretization are discernible in the plot showing25

recorded magnitudes over time.
As mentioned earlier, the study of Danciu et al. (2021)

provides expert evaluations of the completeness magnitudes
by region and time period. Knowing these mc values allows
for accounting for the incompleteness of data later during30

model calibration as described in Mizrahi et al. (2021b). As
mc differs between regions and time periods, the distribution
ofm−mc(x,y, t) is shown in Fig. 1d instead of a distribution
of “pure” magnitudes to correct each magnitude for the cor-
responding incompleteness level. Lines representing b val-35

ues of 1.23 and 0.99 are shown, as these are the estimates
we use later in the calibration of ETAS models and simula-
tion of synthetic catalogs, with former being computed as a
“standard” maximum likelihood estimation with the binning
correction suggested by Tinti and Mulargia (1987) and the40

latter being the b-positive (van der Elst, 2021) estimate, also
with binning correction. The standard deviation estimated by
the method of Shi and Bolt (1982) of the b-value estimates
is 0.015 for the “traditional” and 0.036 for the b-positive
method.45

The catalog of Danciu et al. (2021) ends in 2015, and we
use it in full for model training. The continuation of the cat-
alog is given in Lammers et al. (2023) until 2022, and this
7-year period is used here for pseudo-prospective testing.
This new part of the catalog is not identical in composition50

to the catalog used for training, with the most prominent
difference being the completeness magnitude of 4.6 in the
overall dataset (demonstrated in Fig. 1b). The spatial distri-
bution of the testing catalog is shown in Fig. 1a (in green).
In truly prospective testing, such differences in both compo-55

sition methods and the content of the catalogs not only are
possible but rather are an expected occurrence, the effect of
which is not to be disregarded but rather leveraged to obtain
more robust models. While this would not necessarily hap-
pen in a network controlled by a single agency, except for im- 60

provements in completeness, our catalog is composed of sub-
regions and tremendous effort has been given, as described
earlier, to harmonize it, and thus near-real-time deployment
would possibly need to be replaced by an alternative for com-
pleteness and other properties. Note that in both the training 65

and the testing catalog, due to the binning of1m= 0.2 men-
tioned above, a completeness magnitudemc means that it ac-
tually contains events above mc−

1
21m=mc− 0.1.

Furthermore, in this study, alongside earthquake catalogs,
we aim to utilize the long-term seismicity rates introduced 70

by Danciu et al. (2021). These rates are provided for both the
area source model and the background seismicity and active-
faults model. The area source model is a classical seismo-
genic source model, describing seismicity as shallow crustal,
volcanic, in-slab subduction and deep, relying on recommen- 75

dations by regional and national experts with modifications
made to ensure compatibility in bordering (overlapping) ar-
eas. The background seismicity and active-faults model com-
bines the smoothed background seismicity model obtained
by estimating activity parameters (a and b value in the GR 80

law) for a declustered complete catalog and the model de-
scribing seismic productivity in the proximity of faults with
a fault-dependent magnitude threshold between them ensur-
ing avoiding double counting seismicity. As in ESHM20, the
annual seismicity rates for each spatial and magnitude bin 85

are obtained by combining the outputs of these two models,
with equal weighting. Summing the rates across all magni-
tude bins and accounting for differences in the completeness
magnitude and time duration yields overall daily background
seismicity rates for the spatial bins defined in the study. The 90

final rates per spatial bin are visualized in Fig. S2. Although
these rates are based on declustered seismicity, which should
closer correspond to the background rate in ETAS as after-
shock clustering has been removed, we want our models to
invert the overall background rate freely, therefore only using 95

this information as an input for relative spatial differences in
the background rate. By adding this extra input, we include
information from the historical periods of the ESHM20 cat-
alog for large events and seismicity in areas not represented
in the selected training part of the catalog (after 1980). 100

3 Methods

3.1 ETAS

Training an ETAS model on a given dataset means finding
the parameters in Eq. (1) that give the best fit to the data. The
inversion of the ETAS parameters µ, k0, a, c, ω, τ , d , ρ and 105

γ used here is based on an expectation–maximization (EM)
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Figure 1. Dataset used for model training (1980–2015, red dots) and testing (2015–2022, green dots); in (c)–(d) only the training dataset is
shown. (a) Map of events detected in the study area defined in ESHM20, which is outlined in white. The dot size increases with magnitude.
(b) Time evolution of recorded events’ magnitudes. The dot size increases with magnitude. (c) Cumulative count of recorded events through
time for different cutoff magnitudes. (d) Magnitude frequency distribution plot. The distribution of m−mc(x,y, t) is shown to correct
for varying levels of completeness. The lines show the fits of b values estimated by the standard maximum likelihood method (b = 0.99,
σ = 0.015) and b-positive method (b = 1.23, σ = 0.036).

algorithm (Veen and Schoenberg, 2008), with the varyingmc
adjustment (Mizrahi et al., 2021b). Conservatively using the
maximum value of mc across the entire catalog would result
in the loss of a large amount of valuable data, while assum-
ing a completeness magnitude lower than the true one could5

introduce biases into our calculations (Seif et al., 2017).
In this modified EM algorithm by Mizrahi et al. (2021b),

the difference between the overall lowest completeness mag-
nitude mref and the completeness magnitude at the location
and time of a given event mc(x,y, t) is taken into account10

for each event by estimating the ratio of the unobserved and
observed events (ζ ) and the ratio of events triggered by un-
observed and observed events (ξ ) based on the Gutenberg–
Richter magnitude distribution assumption. The algorithm
was implemented in Python by Mizrahi et al. (2023) and can,15

in principle, be used to calibrate basic ETAS models for any
given catalog.

As the computation of ζ and ξ relies on the GR law to
estimate the number of unobserved events, this method is
dependent on the estimated b value of the catalog. There-20

fore, we test both the classical maximum likelihood method
and the b-positive method (van der Elst, 2021), which is
meant to overcome incompleteness in data, primarily the
short-term aftershock incompleteness (STAI; Kagan, 2004).
In both cases, we adjust for magnitude binning as described25

in Tinti and Mulargia (1987), which is especially important
to avoid biases in the b value due to the relatively large bins
of 1m= 0.2.

In an ETAS model which produces a unique set of parame-
ters for the overall region, information and properties of spe- 30

cific faults and sequences are potentially lost, but the advan-
tage of global models is in their training datasets containing a
larger number of high-magnitude earthquakes (Bayona et al.,
2023). Another approach for mitigating the averaging behav-
ior of a global model is to update the aftershock behavior 35

described by ETAS with real-time data from an ongoing se-
quence when operationally issuing aftershock forecasts (Omi
et al., 2015; van der Elst et al., 2022). The implementation of
such a sequence-specific model updating, however, still in-
volves a number of expert decisions, and there is no agreed- 40

upon updating approach that yields the best overall perfor-
mance of a global model. For example, the OEF systems of
Italy, New Zealand, and the United States all use different ap-
proaches for updating their model parameters (Mizrahi et al.,
2024b). In Italy, individual models are not updated, but their 45

weights in the model ensemble are determined based on their
past performance (Marzocchi et al., 2012). In New Zealand,
ETAS parameters were fitted using data prior to 2012 (Harte,
2013) and have not been updated since. The USGS applies
sequence-specific forecasts, but applying one strategy for 50

all sequences increases performance in some cases but de-
creases it in others (van der Elst et al., 2022). While this is
a feasible direction for future European model development,
here we focus on developing a baseline, harmonized model
upon which such improvements could be built. 55
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3.2 Model variants

In addition to fitting an overall generic ETAS model to our
dataset, in this section we propose modifications that could,
in principle, be applied to any ETAS model. The models
compared in this study are as follows.5

– ETAS0. This basic ETAS model is a set of parameters
fitted to the ESHM20 dataset with no additional input
or constraints. The implementation relies on the EM al-
gorithm (Veen and Schoenberg, 2008) with varying mc
modifications (Mizrahi et al., 2021b). The background10

rate is modeled by a single parameter during EM param-
eter inversion, but more background events are simu-
lated in locations where background seismicity was ob-
served in the training catalog.

– ETASbg. In order to be consistent with the long-term15

model (ESHM20; Danciu et al., 2021) and to utilize the
information contained in the hazard model about spa-
tially varying seismicity rates, the parameter inversion
algorithm is modified to allow for variations in the back-
ground rate, keeping relative spatial information fixed.20

– ETASα . Due to the observed behavior of ETAS mod-
els to underestimate the productivity of high-magnitude
events, the parameter dictating the productivity law α =

a−ργ is fixed to α = β as a constraint during inversion.

– ETASbg,α . The two proposed modifications are com-25

bined.

– ETASb+0 , ETASb+bg , ETASb+α , ETASb+bg,α . These are the
four model variants introduced above, with the only dif-
ference being in the b-value estimation method (van der
Elst, 2021).30

– ETASUSGS. To add a comparison level and check for
the benefits of fitting an ETAS model specific to Eu-
ropean data, we use the parameters from the prior mod-
els described in van der Elst et al. (2022), applied by
the USGS AftershockForecaster software. This includes35

several simplifications and adjustments, namely, back-
ground seismicity and the aftershock spatial kernel is
taken from ETAS0 and the global average is considered
for other parameters.

– Poisson background model. We implement a time-40

independent model that takes the seismicity rate map
provided by ESHM20 (Danciu et al., 2021) and, for
each spatial cell in this map, forecasts a number of
events following the Poissonian distribution with the
corresponding rate in that cell as a mean. This is the null45

model against which comparisons are made in the test-
ing phase to check for the performance of added time-
dependent information during aftershock sequences.
The rate map by ESHM20 only considers data up to

2015 and contains no information from the later time 50

period set aside for pseudo-prospective testing.

3.2.1 ETAS0, ETASb+0

These two models are trained using the general ETAS
method, as introduced in Sect. 3.1, on the ESHM20 cata-
log filtered as described in Sect. 2. Although the full training 55

period includes data from between 1980 and 2015, the first
10 years are used as a “burn-in period” – these events are in-
terpreted as potentially triggering events, but we do not con-
sider them as possible aftershocks of previous earthquakes.
Without this “buffer” time period, the events near the begin- 60

ning of the selected time window would all be interpreted
as background events, having no preceding seismic activity
acting as their potential triggering events. Additionally, this
same auxiliary period will be used when simulating catalogs
for the purpose of retrospective consistency testing, since in 65

the simulated catalogs starting in 1990, we need both back-
ground events and aftershocks of seismicity that occurred
prior to 1990.

Having a unique set of parameters for all of Europe pro-
vides a harmonized model that describes the aftershock be- 70

havior in the region. For each event, the EM parameter in-
version algorithm also yields the probability that it is a back-
ground or a triggered event. This allows us to capture the
spatial variations in rates of background events despite the
fact that the background parameter µ is treated as a constant 75

during the parameter inversion. When simulating catalogs
that are later used for producing retrospective and pseudo-
prospective forecasts, we use this background rate informa-
tion by drawing the locations of background events generated
for the simulation period based on the probabilities that each 80

observed event in the training catalog is a background event.

3.2.2 ETASbg, ETASb+bg

We mentioned in Sect. 3.2.1 that the probabilistic branching
structure inferred during the parameter inversion stage can be
used to simulate new catalogs that will be consistent with the 85

observed background event rates at different locations. How-
ever, a desired property of our model would be the ability
to include the knowledge about variation in the background
rate already during the parameter inversion in order to esti-
mate the background probabilities of events more correctly 90

and also to achieve consistency of the background seismic-
ity rates with the ones in the long-term hazard model (Danciu
et al., 2021). This means that the time-independent seismicity
rates provided by the hazard model should match the time-
dependent ones when computed over very long periods of 95

time. For this reason, the model is adjusted to allow for the
now space-varying background rate:

`(t,x,y)= µ(x,y)+
∑
i:ti<t

g(mi, t − ti,x− xi,y− yi), (4)
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which similar to the ETAS formulation with an inhomo-
geneous background rate µ(x,y) suggested in Veen and
Schoenberg (2008), where µ is modeled by subdividing the
spatial observation window into n cells with a constant-
background rateµk , k = 1, . . .n. Here, we allow for the varia-5

tion between different locations to be fixed to the levels given
as input to the ETAS parameter inversion. More precisely,
during the expectation step in the calculation of the proba-
bility that one event triggered another one, the term µ repre-
senting the background contribution is replaced with10

µ(x,y)= ι ·µk, (5)

where ι is a parameter learned in the inversion, estimated in
every iteration as the total number of background events in
the entire area, and normalized per day and square kilometer
and µk is the long-term annual seismicity rate given as an in-15

put corresponding to the cell that contains the location (x,y).
The probability that event i triggered event j estimated in the
(n+ 1)th iteration is then given as

P (n+1)(i→ j)=
g(mi, tj − ti,xj − xi,yj − yi |θ

(n))

ι ·µk:j∈cell k +
∑
i:ti<tj

g

(mi, tj − ti,xj − xi,yj − yi |θ
(n))

, (6)

whereµk:j∈cell k is the long-term annual seismicity rate given20

as an input corresponding to the cell that contains the location
(xj ,yj ).

As ι is estimated in each iteration as the total estimated
number of background events per day and square kilometer,
it represents the overall background rate. Therefore, the in-25

formation that needs to be taken from the input background
level is not the absolute background rate in the corresponding
spatial cell, normalized per time and area unit, since multi-
plying two such values would result in a quick convergence
of this parameter to 0. Rather than that, we only take the rela-30

tive relationship between these rates among different spatial
cells by normalizing the values µk before inversion so that
1
n

∑n
k=1µk = 1, where n is the number of 0.1°×0.1° cells that

cover the area of interest, in our case n≈ 8× 105. For each
event in the catalog, we assign the corresponding background35

seismicity level within its respective bin, which is then used
as µk during the inversion.

3.2.3 ETASα , ETASb+α

In the literature, it has been observed that there is a tendency
in ETAS models to underestimate the productivity of large40

events (Hainzl et al., 2013), possibly due to anisotropy of
the aftershocks compared to the isotropic model (Helmstet-
ter et al., 2005; Hainzl et al., 2008; Zhang et al., 2020), co-
variance between the productivity parameters (Sornette and
Werner, 2005), or their underrepresentation in training data.45

Therefore, another proposed modification of the model is to
allow the productivity term α = a−ρ ·γ to be fixed to a given
constant. This term emerges from our ETAS formulation as

the exponent in the relationship between the magnitude of an
event and its expected number of aftershocks. 50

While the productivity law describes an increase in the
number of aftershocks with the magnitude of the main event,
the GR law explains that there are relatively fewer high-
compared to low-magnitude events. As described in Helm-
stetter (2003), the relationship between the two exponents of 55

these exponential relationships, α and β, determines whether
earthquake triggering is driven by low- or high-magnitude
events and stipulates that α = β balances the influence of
events of different magnitudes in earthquake triggering.

In the ETASα model variant, we apply this fixed α dur- 60

ing the inversion based on the EM algorithm, which natu-
rally affects all parameters. For this modification of the ETAS
model, we set α = β, as suggested in van der Elst et al.
(2022) when b < 1, where β is the GR parameter. When
estimating the b value with the b-positive method (van der 65

Elst, 2021) for the ETASb+α model variant, we obtain b > 1.
Therefore, following the recommendation by van der Elst
et al. (2022), in order to prevent the “exploding” behav-
ior of aftershock triggering, we fix the productivity term to
α = ln(10) (equivalent to fixing a = 1 in the base-10 formu- 70

lation).

3.2.4 ETASUSGS

The prior models used by the USGS AftershockForecaster
software are fitted separately for different tectonic regimes;
hence, more than one set of parameters exists. The se- 75

quences in the European dataset originate from various tec-
tonic regimes; therefore we use their “global average” set of
parameters. These parameters are expressed in an ETAS for-
mulation we call standard, as it is more common in the litera-
ture (Ogata, 1992; Omi et al., 2014; van der Elst et al., 2022), 80

where the temporal decay is given as (1t+c)−p, as opposed
to the formulation in Eq. (1) used here, where the tempo-
ral decay is described by the factor (1t + c)−(1+ω) · e−1t/τ .
The productivity law in the standard formulation (van der
Elst et al., 2022) is expressed as 10−α(mi−mc), where mi is 85

the magnitude of the triggering event, and in Eq. (1), it is
given as k0e

a(mi−mc) but is influenced by the spatial ker-
nel term

(
1x2
+ deγ (m−mc)

)−(1+ρ). As no spatial parameters
are specified in the parameter set given in the Aftershock-
Forecaster software documentation, we use the spatial kernel 90

inverted by ETAS0. Additionally, we use µ and the back-
ground locations inferred by ETAS0 because the USGS mod-
els are fitted only to aftershock sequences and do not account
for background seismicity. Keeping in mind the different mc
value, which in the USGS global average parameter set is 95

4.5, we translate the parameters into our formulation as in
Mizrahi et al. (2024a). Note that our version of the model is
a simplification of the actual model employed by the USGS
AftershockForecaster software and is not meant to replicate it
exactly; the aim of including the model in our study is solely 100
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to assess the usefulness of locally calibrated parameters com-
pared to globally calibrated ones.

3.3 Consistency testing

A basic set of tests that one can do to assess the consistency
of the models with past data is defined by the Collaboratory5

for the Study of Earthquake Predictability (CSEP; Zechar
et al., 2010; Savran et al., 2020, 2022a, b). Passing retrospec-
tive number, magnitude, space, and pseudo-likelihood tests
would imply that a model forecasts the occurrence of a simi-
lar number of similar magnitude events at places where they10

were observed in the training data.
Based on the background event occurrence and aftershock-

triggering laws inferred during the inversion of ETAS param-
eters, we simulate 10 000 synthetic catalogs for the training
period (1980–2015), with the first 10 years serving as a burn-15

in period introduced in Sect. 3.2.1 and the actual simulated
period starting in 1990. The simulation procedure was im-
plemented in Mizrahi et al. (2023) following the detailed de-
scription in Mizrahi et al. (2021b) and accounts for higher-
order aftershocks. First, the background events are simulated20

by drawing their count from a Poisson distribution with the
mean corresponding to µ, occurrence time from a uniform
distribution, and magnitude from a GR distribution (β esti-
mated from the data). For models with no additional back-
ground information given as input, the locations of the back-25

ground events are drawn from the locations of existing events
(with a Gaussian-distributed uncertainty), weighted by their
probabilities of being background events. For models with
informed background introduced in Sect. 3.2.2, the same
background input which is used during inversion is also used30

as the spatial distribution of simulated background events
to ensure long-term consistency with ESHM20 assessments.
Note that in both cases the total number of background events
is distributed according to the ETAS inversion output, but
their locations are drawn based on background probabilities35

inferred by ETAS inversion in the first case and uniformly
within each grid cell (0.1°×0.1°, latitude–longitude) defined
by ESHM20 in the latter case.

The first generation of aftershocks is simulated by gener-
ating aftershocks of all events in the “starting” generation –40

their number, location, timing, and magnitude are determined
by the productivity law, spatial decay, temporal decay, and
GR law, respectively. Further generations of aftershocks are
simulated iteratively by simulating aftershocks of all events
in all previous generations until the number of events in the45

new generation becomes 0. Here, the auxiliary burn-in period
(see Sect. 3.2.1) from 1980 to 1990 of the observed catalog is
used together with a set of simulated background events be-
tween 1990 and 2015 as a starting generation of events. For
all models, the maximum magnitude during the simulation50

phase is set to mmax = 10.0, which, due to the binning value
of 1m= 0.2, corresponds to mmax = 10.1. Magnitudes are
simulated based on the GR law with the b value estimated

with adjustment for rounded values and binned to 0.2 to be
consistent and comparable to the observed (training) catalog. 55

The number test (N test) consists of counting the number
of events in each catalog to get an approximation of the dis-
tribution of the forecasted number of events, which is then
checked against the observed number of events in the true
(observed) catalog. The quantile score of the test is computed 60

as the probability of observing the true number of events un-
der the assumption that the number of events follows the dis-
tribution approximated by the simulations. This hypothesis is
then rejected when the quantile score is below 0.05 or above
0.95 (extreme 10% of the forecasted distribution). 65

Similarly, the magnitude test (M test) and the space test
(S test) compare the number of observed and forecasted
events taking into account their magnitudes and locations,
respectively. In the magnitude test, the distribution of de-
viations of each simulation’s magnitude distribution from a 70

“theoretical” magnitude distribution described by the set of
all events across all simulations is compared to the same de-
viation for the magnitude distribution in the observed cata-
log. This deviation is calculated as the sum of squared log-
arithmic residuals between the normalized observed magni- 75

tudes and the theoretical magnitudes’ histogram. Both when
estimating the b value and here, because of differences in mc
in space and time, we observem−mc(x,y, t) instead of pure
magnitudes, as these differences should follow an exponen-
tial distribution. 80

In both spatial and pseudo-likelihood (PL) tests, the prop-
erty of interest in the simulated catalogs and the observed
catalog is not their length (as in the N test) nor a metric de-
scribing the deviation of a magnitude distribution from the
theoretical one (as in D∗ statistic for the M test) but rather 85

the pseudo-likelihood computed as the sum of the approxi-
mate rate density over all spatial bins. The pseudo-likelihood
test combines space–magnitude gridding to obtain an overall
comparison of the consistency between forecasted and ob-
served catalogs. Unlike the number test, these tests are de- 90

fined as one-sided, meaning that the hypothesis that the true
magnitude or spatial distribution follows the one in simula-
tions is only rejected when the quantile score is above 0.9 in
the M test or below 0.1 in the S test and PL test.

In addition to performing the N test, to compare the ob- 95

served and modeled overall count of events during the train-
ing period (1990–2015) in more detail, the same consistency
check can be done for smaller subsets of this time inter-
val. Here, we perform this check for the cumulative count
of events in increasing time intervals, all starting at the be- 100

ginning of the training period, by comparing the observed to
simulated counts of events between 1990 and every year in
the training period. As in the N test, we consider the model
to be consistent with the observation at any given point if the
observed count of events at that point falls within the 90% 105

confidence interval, bounds of which are estimated by the
5th and 95th percentiles of the cumulative counts of events
in the simulated catalogs.
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Due to the varying completeness magnitude, each event
is given a weight during the inversion of ETAS parameters
correcting for the estimated number of unobserved events at
the time and location of that event. The simulated catalogs
contain events above mref, the minimum mc across the entire5

catalog, while the observed catalog only contains the events
above the corresponding mc(x,y, t). To make the synthetic
catalogs comparable with the observed catalog, we cut off
the synthetic catalogs to contain only events above the corre-
sponding mc(x,y, t) values.10

While the same tests can be performed pseudo-
prospectively, meaning with test data that the model was
not trained on (in our case, that is the data after 2015), to
check for consistency with the training data, we focus on per-
forming the tests retrospectively. Apart from providing a san-15

ity check and indicating potential shortcomings of a model,
retrospective consistency testing enables evaluating its per-
formance on long-term data, which is not available in the
post-training time period (in our case 7 years versus the 35-
year-long training period). These tests are performed for each20

model separately.

3.4 Pseudo-prospective testing

To compare the performance of the models in terms of their
forecasting power, we set up a pseudo-prospective forecast-
ing experiment. Each model is used to simulate 100 000 syn-25

thetic catalogs for consecutive 1 d testing windows in the 7-
year-long testing period. The simulations are created simi-
larly to the procedure described in Sect. 3.3, with the starting
set of events consisting of the full training catalog and the
portion of the testing catalog up to the time window for which30

the forecast is made. The aftershocks of all these events are
then simulated based on the modeled aftershock behavior to
create the first generation of aftershocks, and further gener-
ations are simulated iteratively until convergence. For each
time window, the corresponding simulations are used to find35

a distribution of the number of events in each spatial bin.
Having estimated the forecasted distribution of the num-

ber of events in each spatial bin (j = 1, . . .,N ) for every time
window (indexed with i), the forecast can now be compared
to reality by checking the probability of the observed num-40

ber of events in that space–time bin (ni,j ) given by the esti-
mated distribution. This is done for each spatial bin and then
summed over all spatial bins, resulting in the log-likelihood
score of a model for a forecasting time horizon given as in
Nandan et al. (2019) and Nandan et al. (2022):45

LLimodel =

N∑
j=1

ln
(
P imodel(ni,j )

)
. (7)

Note that when the estimated probability of ni,j events occur-
ring in a spatial bin is 0, this log-likelihood score would not
be finite. For this reason, after simulating the synthetic cata-
logs and observing the distribution of the number of events in50

each spatial cell, we slightly alter this distribution by taking
a small probability (∼ 10−7), called the “water level”, and
distribute it over the bins (up to a maximum bin nmax) with
a zero count, adjusting the event counts in all other bins to
retain the property that the sum of probabilities of all event 55

counts is 1. If this water level is too high, the originally sim-
ulated distribution will be overwritten by one that is closer
to being uniform. Correct high-probability forecasts would
thus receive a substantially lower log-likelihood score. On
the other hand, if the water level is a very low value, we pe- 60

nalize its usage heavily. Although the score should reflect
the fact that the model failed to forecast the observation, a
penalty larger by many orders of magnitude than all other
log-likelihood score differences would overrule the differ-
ences between models in all other observed bins. 65

The range of water level values that allow us to meaning-
fully distinguish models is chosen using the first 2 years of
the testing dataset as an initial validation set. For this, we vi-
sually inspected the results obtained with different water lev-
els with the first 2 years of data, using plots similar to those in 70

Fig. S4. We then eliminated water level ranges which yielded
undesirable behavior. For instance, for some water levels, the
ETAS models score lower than the time-independent model
both when events do and do not occur. Too high a water level
leads to the subtraction of too large a number from the prob- 75

ability in non-empty event count bins, yielding much lower
scores when water level is not used, while still scoring lower
than the benchmark when water level is used, even though
it is high, due to the uniform distribution of water level over
remaining bins. Water levels being too low on the other hand 80

and the fact that the water level is distributed uniformly over
all empty bins result in an extremely low score when “unfore-
casted” event counts do occur. In our selection of the water
level, we ensure that the bins that use the water level achieve
a score still orders of magnitude lower than that of the bench- 85

mark (time-independent Poissonian) model, which assigns a
non-zero probability everywhere, while not being overly pe-
nalizing when events do occur.

Within this experiment, the spatial bins are set to 0.1°×
0.1° (latitude–longitude); the time window is 1 d; and events 90

with magnitudes 4.6 and above are considered, which is the
generally valid completeness magnitude in the testing part
of the catalog. Since the experiment is pseudo-prospective,
the new part of the catalog is available and 7 years of data
since 2015 can be used for validation and testing, result- 95

ing in 2558 testing windows for which each model produces
100 000 synthetic catalogs.

As mentioned earlier, the baseline against which all model
variants are tested is the Poisson background model, for
which generating synthetic catalogs is not needed. Within 100

each spatial cell, the number of events is considered to follow
a Poisson distribution with a mean of λj = µj,ESHM, where
µj,ESHM is the daily seismicity rate in the j th spatial cell
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given by ESHM20. The log likelihood in Eq. (7) becomes

LLiESHM20 =

N∑
j=1

ln
(
P iESHM20(ni,j )

)

=

N∑
j=1

ln
λ
nj
j e
−λj

nj !
, for every time window i. (8)

The metric used for comparison of the models is simply
the difference between their log-likelihood scores, called the
information gain (IG). For each time window, we have a5

value of IG of one model over another, and while the cumu-
lative information gain is indicative of models’ performance
through time, we test whether one model outperforms an-
other by testing whether the mean information gain (MIG)
between that pair of models is significantly positive using a10

paired one-sided t test.

4 Results and discussion

4.1 Model fit

As mentioned in Sect. 3, fitting an ETAS model to the data
means finding a unique set of parameters describing the ob-15

served aftershock-triggering behavior. The set of inverted pa-
rameters for each of the described ETAS model variants is
given in Table 1. The parameter µ describes the overall rate
of background events, and it is estimated by counting the to-
tal number of background events and normalizing it per day20

and square kilometer. The count of background events is ob-
tained by summing the probabilities pBG that are assigned to
each event during the parameter inversion, weighted by the
estimated ratio of unobserved and observed events ζ intro-
duced in Sect. 3.1 to account for incompleteness.25

As the parameters can be grouped into those describing
temporal decay, spatial decay, and the productivity law, the
curves of each can be plotted separately as in Fig. 2. These
curves represent the modeled aftershock-triggering behavior
and are compared to the observed aftershock-triggering be-30

havior in the observed catalog, represented by dots. How-
ever, since the true triggering relationship between events in
the observed catalog is unknown, for counting aftershocks
triggered by an event of a certain magnitude at a given tem-
poral and spatial distance, we rely on the probabilistic trig-35

gering structure inferred during the expectation step of the
EM algorithm. Therefore, the observed aftershock-triggering
behavior is, in fact, dependent on the inverted triggering pa-
rameters.

In Fig. 2a, the curves show the temporal decay in after-40

shock behavior described in ETAS as

N(1t)=
exp(−1t/τ)
(1t + c)(1+ω)

, (9)

and the dots represent the “observed” aftershock behavior
by showing counts of pairs of events (i,j), where i trig-

gered j with probability pij and 1t = tj − ti , computed as 45∑
jpij · ζ(j). In the top row, the different curves represent

triggering laws that were inferred on different datasets: the
European catalog used in the present study, Swiss seismicity
(Mizrahi et al., 2024a), Californian seismicity (Mizrahi et al.,
2021a), and parameters used by the USGS AftershockFore- 50

caster software (spatial kernel is taken from ETAS0 as men-
tioned in Sect. 3.2.4); in the bottom row, the different curves
represent the laws inferred by different ETAS variants. In a
similar fashion, the spatial decay depicted in Fig. 2b shows
the number of triggered aftershocks at distance1x described 55

in the ETAS model as

N(1x)= ((1x)2+ d exp(γ (m−mc))
−(1+ρ). (10)

As there is a dependency of the spatial decay on the mag-
nitude, there is a curve describing this law for each magni-
tude bin. In Fig. 2b, we show m= 4.0. The line in Fig. 2c 60

shows the dependency of the number of triggered events on
the magnitude of the triggering event, described in ETAS for-
mulation with the productivity law

N(m)= k0 exp(a(m−mc)). (11)

65

Discussion of the model fit

Comparing multiple models trained on the European dataset
based on the ETAS parameters shown in Table 1, we con-
sistently observe that the background term µ is higher in
models that allow for background term variation during the 70

inversion. This is in agreement with the idea that using an
informed-background term µ during inversion allows mod-
els to recognize more events in active areas as background
events, while they would be interpreted as triggered events
(triggered by other events in the same active area) without 75

the added background information (Nandan et al., 2021).
That more events are interpreted as background events rather
than aftershocks also manifests in the fact that informed-
background model variants have lower overall productiv-
ity. This is seen in the branching ratio η, which reflects 80

the average number of aftershocks per triggering event be-
ing lower for the background-informed models when com-
pared to their constant-background counterparts. Further-
more, the lines in the bottom row of Fig. 2c are almost paral-
lel in between informed and non-informed-background ver- 85

sions of the same model variants, but the line describing the
informed-background variant is always below the line for the
corresponding model without an informed background.

While the background-informed model variants have over-
all lower productivity than their equivalents without back- 90

ground information used during the inversion, another, more
obvious difference in the productivity law is seen between
the corresponding models with and without a fixed α term.
Fixing this parameter to the GR β value directly affects the
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Table 1. Inverted ETAS parameters for each of the eight ETAS variants described in Sect. 3. Additional parameters include the b value,
productivity term α = a− ργ , and the branching ratio η.

Model ETAS0 ETASα ETASbg ETASbg,α ETASb+0 ETASb+α ETASb+bg ETASb+bg,α ETASUSGS

log10µ
∗
−7.94 −8.08 −7.24 −7.22 −7.75 −7.91 −7.05 −7.04 −7.94

log10k0 −1.63 −2.51 −1.40 −2.07 −1.63 −2.50 −1.39 −1.98 −2.63
a 1.59 3.11 1.79 3.27 1.68 3.17 2.05 3.39 2.87
log10c −2.65 −3.01 −2.37 −2.43 −2.58 −2.90 −2.27 −2.32 −2.57
ω −0.11 −0.15 −0.04 −0.05 −0.10 −0.14 −0.02 −0.03 −0.03
log10τ 3.66 3.9 3.44 3.78 3.67 3.91 3.46 3.80 12.26
log10d 0.92 0.54 0.90 0.69 0.90 0.53 0.86 0.70 0.92
ρ 0.61 0.55 0.81 0.82 0.64 0.57 0.87 0.89 0.61
γ 0.92 1.52 0.88 1.20 0.94 1.51 0.96 1.22 0.92

b 0.99 0.99 0.99 0.99 1.23 1.23 1.23 1.23 1
α 1.03 2.28 1.08 2.28 1.08 2.30 1.21 2.30 2.28
η 1.00 4.46 0.75 3.03 0.83 0.97 0.60 0.65 4.04

∗ Spatially varying, showing the approximated average (ι in Eq. 5).

Figure 2. Plots of the model fit. In the first row, triggering laws inferred with the ETAS0 model are shown, including lines representing models
for other areas for comparison. In the second row, modifications introduced in Sect. 3.2 are compared. (a) Temporal decay. (b) Spatial decay.
Due to the dependency of the spatial decay law on the magnitude of the triggering event, there is a curve describing this law for every
magnitude, here m= 4.0. (c) Productivity law. PDF: probability density function.

productivity law plot as the slope of the lines is exactly α, re-
sulting in a steeper slope which indicates relatively higher
productivity assigned to high-magnitude triggering events
compared to low-magnitude triggering events. Fixing α also
drastically increases the branching ratio η. In non-informed-5

background model variants, this increase in productivity is
counterbalanced with a lower background rate. Interestingly,
the informed-background model variant with the standard b-

value estimate shows increased productivity and an increased
background rate when α is fixed. Unlike for ETASα and 10

ETASbg,α , in models with a fixed α and b-positive estimate
of the b value, the branching ratio remains lower than 1 due
to α being fixed to ln(10) instead of β (van der Elst et al.,
2022), since b > 1.

Furthermore, model variants relying on the b-positive es- 15

timate of the b value consistently display a higher back-
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ground seismicity level and lower overall productivity but a
higher productivity term α than their counterparts using the
traditional b-value estimator. All these differences must be
due to what the model infers about unobserved events be-
low mc(x,y, t) from the observed ones by applying the GR5

law. A higher b value leads to a larger number of expected
unobserved aftershocks of observed events. Thus, when
mc(x,y, t) > mref, the observed high-magnitude events’ pro-
ductivity is inflated, while lower-magnitude events’ produc-
tivity is not (or less) inflated, explaining the larger α for10

b-positive variants. The higher background rate and lower
branching ratio of b-positive variants suggest that the parts
of the catalog that are less complete and hence more inflated
when the b value is high exhibit this behavior. To decide
whether this is caused by differently behaving seismicity in15

certain areas or time periods or whether this indicates that
seismicity behaves differently for higher-magnitude events
compared to lower-magnitude ones, further research is re-
quired.

Apart from differences among models in interpreting20

events as background or triggered, a trend in some of the
other parameters can also be observed. In the spatial distri-
bution of aftershocks, models with fixed productivity tend to
have higher γ but lower d values, interpreting more of the
events at shorter distances as aftershocks of low-magnitude25

events and more of events further away as aftershocks of
high-magnitude events. For the temporal distribution of af-
tershocks, the higher ω in background-informed models im-
plies a slower decay of the number of aftershocks, whereas
the fixed productivity variants have lower ω values, resulting30

in a faster decay. However, τ is larger for fixed productivity
variants and lower for background-informed variants, mean-
ing that the tapering of the distribution will occur later in the
former case (after about 103.66 d, which corresponds to ap-
proximately 12.5 years) and sooner in the latter (103.44 d or35

around 7.5 years).
When comparing the laws described by ETAS models’

parameters, we observe differences not only among model
variants introduced in our study but also among models cal-
ibrated on distinct datasets. While the time kernels appear40

quite similar across models for different regions, with the
inclusion of multiple “European” models, a notable dispar-
ity arises in the spatial kernel when comparing the Euro-
pean models to those trained for Switzerland (Mizrahi et al.,
2024a) or California (Mizrahi et al., 2021a), as can be seen45

in the top row of Fig. 2b. Specifically, we note a lower fre-
quency of observed aftershocks at shorter distances from the
triggering event, with a subsequent decay starting at slightly
greater distances. Since we observe this difference when
comparing to models calibrated on other datasets but not50

when comparing multiple European models, one possible ex-
planation for this observation could be differences in the lo-
cation determination of events, due to lower location preci-
sion and possible short-term incompleteness (close in time
and space to triggering events) in some areas in this highly55

heterogeneous catalog. This idea is supported by the fact that
the difference between spatial kernels diminishes with an in-
crease in the magnitude of the triggering event.

Additionally, the comparison between the ETAS variants
fitted to the European dataset and the adjusted ETAS param- 60

eters used by the USGS AftershockForecaster software re-
veals that the productivity law is more similar to those in-
ferred by ETAS variants with fixed α values, which is ex-
pected given that α is fixed to 1 (log base 10, in our formu-
lation this corresponds to α = ln10) in all sets of parameters 65

used by USGS models. Another difference is in the temporal
kernel, which in the case of ETASUSGS does not have a ta-
pered exponential form. This results in relatively more after-
shocks forecasted for periods long after the triggering event;
in Table 1, all models have a τ value between 103 and 104, 70

whereas in ETASUSGS, it is set to 1012, corresponding to a
period of 5 billion years (effectively, this means there is no
taper).

4.2 Results of consistency tests

To visualize the output of CSEP consistency tests, the PyC- 75

SEP implementation Savran et al. (2022a, b) provides the
option of displaying the modeled behavior of the events as
a histogram created based on the set of a large number of
synthetic catalogs given as the output of a model (catalog-
based forecast) and comparing it to the observed value in the 80

observed catalog represented by a dashed vertical line.
In our case, the distribution of the number of events is ap-

proximated by counting the lengths of all simulated catalogs
and the vertical line is the size of the catalog which was used
in training for the inversion of ETAS parameters. Figure 3a 85

shows the visualization of the N test for ETAS0, with the
histogram describing the model’s distribution of the number
of events, whereas the vertical line represents the number of
events in the observed catalog.

The quantile scores for all tests and all model variants ex- 90

cept for ETASα and ETASα,bg, the retrospective simulations
of which do not converge, are shown in Fig. 3b and represent
the position of the dashed line showing the observed property
with regards to its forecasted value shown by the histogram
(see Fig. 3a). Quantile scores between 0.05 and 0.95 indicate 95

that the N test has been passed, while values below 0.05 or
above 0.95 indicate that a model has failed the test. In case
of the S test and PL test, the tests are one-sided; therefore,
the models with quantile scores above 0.1 pass the tests. The
M test is also one-sided but defined so that the models with 100

quantile scores below 0.9 pass the test.
In Fig. 4, forecasted and observed cumulative counts

through time are compared for all ETAS models inverted in
the European dataset that produced converging retrospective
simulations. At points in time where the true (observed) event 105

count is within the blue-shaded area, we consider the fore-
cast to be consistent with the observation. The comparison
between the observed count curve and the shaded area at the
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Figure 3. (a) The number test (N test) for ETAS0: histogram represents the modeled distribution of the number of events in the training
period approximated by the counts of events in 10 000 simulated catalogs with completeness levels as in the training catalog. Dashed vertical
line indicates the event count observed in the training catalog. (b) Table containing the quantile score of the models introduced in Sect. 3
for each of the consistency tests. Red color indicates failure (extreme 10% quantiles): for two-sided tests (N test), these are the lowest and
highest 5% quantile scores, and for one-sided tests, these are either scores above 0.9 (highest 10%;M test) or below 0.1 (lowest 10%; S test,
PL test). Blue color indicates that the model passes the test; cells that are grey are ones where the model does not fail the test but due to the
extreme quantile should be further investigated.

rightmost time point in every subplot corresponds with the
N test, the result of which is shown in Fig. 3.

Apart from the event count analysis in time shown in
Fig. 4, the spatial distribution of the retrospective forecasts
is visualized in Fig. 5 for models ETAS0 and ETASbg (up-5

per row) and compared with the observed spatial distribu-
tion of the events in the training catalog during the same pe-
riod (lower row). The color of each spatial cell in the maps
corresponds to the mean number of events in that cell over
100 000 simulations. The number of events is counted during10

the full 25-year-long training period, and only events above
mc(x,y, t) are considered.

Discussion of the consistency test results

Due to the large branching ratio of η > 1 in ETAS variants
with the productivity term α fixed to β, the number of events15

quickly explodes when simulating over a long-term period,
as, on average, every event in the synthetic catalog will pro-
duce more than one aftershock in each generation of the
simulation process. Therefore, the procedure does not con-
verge and we consider the models ETASα and ETASbg,α to20

be failing the retrospective consistency tests. This suggests
that our approach of fixing the productivity parameter α to
β during the inversion process is not suited to produce mod-
els that are consistent with reality in the long term, unless
b > 1 (β > ln(10)), in which case we fix α to ln(10) < β,25

keeping the branching ratio below 1, even though α is fixed
to a higher value than the one inverted without a constraint.
Still, with the ETASb+α and ETASb+bg,α models, while the
median number of events simulated is similar to that with
ETASα and ETASbg,α , respectively, some simulations con-30

tain more explosive sequences, resulting in a higher uncer-

tainty in the modeled number of events (Fig. 4, second and
third columns). To avoid an underestimation of the produc-
tivity of large events without overestimating the overall pro-
ductivity, differently parameterized productivity laws could 35

be considered in the future. For instance, the logarithm of the
aftershock productivity might be better described as increas-
ing quadratically rather than linearly with the magnitude of
the triggering event.

Furthermore, a branching ratio larger than 1 might be 40

present during an ongoing sequence but is not sustainable
over a longer term. Thus, considering sequence-specific pa-
rameters or distinct productivity for mainshocks and non-
mainshocks, as done in the ETAS model employed by the
USGS (van der Elst et al., 2022), would be a promising as- 45

pect to explore in the future. In ETASUSGS, a high branching
ratio is also observed that could result in such exploding be-
havior during synthetic catalogs’ simulation. However, due
to the untapered temporal kernel that forecasts a relatively
higher, when compared to the tapered ones, number of after- 50

shocks in periods even after τ ≈ 103 d, many of the simulated
aftershocks will be assigned a timing outside of our period
of interest, effectively resulting in a much smaller branching
ratio. This effect is so significant that these simulations not
only converge but also significantly underestimate the num- 55

ber of events. Mancini and Marzocchi (2023) also success-
fully fit an ETAS model with the productivity term fixed to β
but with no taper in the temporal kernel, resulting in a lower
effective branching ratio than the one present in ETASα and
ETASbg,α . 60

In synthetic catalogs simulated based on the ETAS0
model, around 30% of the simulations have a higher event
count than the observed value, and therefore the N test is
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Figure 4. Cumulative count of events (median with 90 % confidence interval) simulated by each European model, compared to the observa-
tion. ETASα and ETASbg,α , which fail to produce converging retrospective simulations, are excluded. ETASUSGS is shown in Fig. S3.

passed. However, the distance between the true observed
magnitude distribution from the theoretical distribution esti-
mated jointly from all the simulations is significantly higher
than the distance between the observed magnitude distribu-
tion in each simulation and the theoretical distribution. The5

disagreement between the modeled and true magnitude dis-
tribution could be the result of either the true distribution not
following a GR law with a single b value but rather a mixed
distribution with b values varying in space and/or time or a
bias caused by incompleteness potentially still present in the10

catalog. The same inconsistency in magnitude distributions
can be observed in ETASbg, which applies the same b value
of around 0.99 but fails the number test by significantly over-
estimating the event count mostly due to the relatively low
uncertainty.15

The magnitude distribution seems better in the ETAS vari-
ants that rely on the b-positive method for b-value estimation,
which all pass the M test. This is consistent with a visual es-
timation that the b-positive (b = 1.23 in Fig. 1d) estimate fits
the data better. However, due to a significant underestimation20

of the event count, ETASb+0 fails the N test, and ETASb+α
is on the significance threshold between passing and failing.
On the other hand, ETASb+bg and ETASb+bg,α pass all the con-
sistency tests but with a much higher quantile in the M test,
implying a greater distance between the observed and fore-25

casted magnitude distributions while using the same b-value
estimate as ETASb+0 and ETASb+α . This is most likely due to
the dependence of the test on the event count in simulated

catalogs which is, as mentioned earlier, underestimated by
ETASb+0 and ETASb+α . 30

This correlation between the N and M test is being ana-
lyzed in more detail and avoided by modifying the M test in
Serafini et al. (2024); it is here further highlighted by the fact
that ETASUSGS, in contrast to ETAS0 and ETASbg, passes
the M test, despite all models using very similar b values 35

of 1 and 0.99. A similar correlation is also present in the
S test, as evidenced by the fact that ETASUSGS and ETAS0,
which use an identical spatial distribution of background
events and aftershocks, achieve significantly different scores.
Except for models that significantly underestimate the event 40

count (ETASUSGS and ETASb+0 ) and therefore do not have
reliable S-test scores, the quantile of the observed likeli-
hood computed in spatial consistency tests is in the upper
tail of the distribution of likelihoods of the synthetic cata-
logs. This indicates that the forecasts describe the observed 45

data “suspiciously well”, which does not necessarily imply
failure of the test but suggests that the model requires further
testing (Schorlemmer et al., 2007) due to being too smooth;
i.e., the events occur too close to likelihood peaks without
the expected scatter. Similar behavior is observed in pseudo- 50

likelihood consistency tests as well. These findings suggest
that the results of theM , S, and PL tests should be interpreted
with caution and models should not be hastily rejected or ac-
cepted based solely on their performance in these specific
tests when their N test is failed. 55

Further insight into the modeled and observed event count
consistency is provided by their cumulative comparison
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Figure 5. Comparison of the spatial distribution of events retrospectively forecasted by ETAS0 (left) and ETASbg (right) for the training
period (1980–2015); color indicates the number of events in every spatial bin above the corresponding mc(x,y, t) for the duration of the
entire 25-year period. In the bottom row, observed events are added to both maps. Note that events above mc(x,y, t) are shown for both
the forecasts and the observations. White areas indicate no simulated events, with most areas outside the region of interest but also in some
spatial bins within the region with zero events in 10 000 simulations.

through time shown in Fig. 4. In general, event counts be-
gin to be more consistent starting with the year 2005, which
coincides with the latest change in completeness magnitude
in some of the regions (see Fig. S1). In more recent periods,
when the differences in completeness levels between regions5

in the catalog are smaller, all models display consistency cor-
responding to their final N -test result: ETAS0, ETASb+bg , and

ETASb+bg,α forecast the event count as being consistent with

the observation; ETASb+0 heavily underestimates the event
count; and ETASb+α is on the significance threshold of under-10

estimating it, with the median forecasted count being as low
as for ETASb+0 . ETASbg is the only model overestimating the
event count, and it does so in every time period starting from
2005 and demonstrates a lower uncertainty range.

Overall, we can conclude that ETAS models with fixed α15

values not using the b-positive method to estimate the b value
clearly fail the long-term consistency tests. Among the re-
maining models, all models but ETASb+0 and ETASbg pass
the N test, which is often considered the most crucial of

consistency tests. ETASbg and ETAS0, which use the same 20

b value, fail the magnitude test, while the models which use
the b-positive estimator pass it. The S-test scores do not pro-
vide a conclusive comparison between models, but a visual
inspection of retrospective forecasts they produce shown in
Fig. 5 suggests that background-informed models are less 25

prone to overfitting the spatial distribution to existing events
in the training catalog. The spatial distribution of ETAS0
replicates the existing catalog because background events are
simulated at a higher rate in areas where a higher background
probability was inverted during the fitting of ETAS param- 30

eters. Thus, we can consider only variants applying the b-
positive estimate and using ESHM20 background seismic-
ity levels as adequate choices for a first harmonized ETAS
model for Europe. The other consistency tests provide ad-
ditional information about the potential limitations of these 35

models, which shall be addressed in future efforts to improve
the models, most important of which is the potentially over-
simplified magnitude distribution applying a single b value.
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4.3 Results of pseudo-prospective tests

To compare the pseudo-prospective performance of 1 d fore-
casts issued by the models, we visualize their cumulative in-
formation gain in Fig. 6a. As introduced in Sect. 3.4, the log-
likelihood score of a model is the logarithm of likelihoods5

summed over space, and it is therefore always negative. The
information gain is the difference between the log-likelihood
scores of two models and is positive when the first model as-
signed a higher probability of the actual occurrence than the
second model. The reference log-likelihood score to which10

we compare others in Fig. 6a is the one of the Poissonian
time-independent base model. To determine whether one of
the models is significantly outperforming another one, we ap-
ply the paired one-sided t test to the information gain val-
ues of the individual forecasting periods. In this way, we de-15

cide for each model pair whether the mean information gain
(MIG) between the two models over all testing periods can be
considered significantly positive (Fig. 6d, color indicates the
MIG and a dot indicates the significance in the level of out-
performing, similarly to the way pairwise information gain is20

shown in Iturrieta et al., 2024). The information gain is also
shown when computed over the entire region of interest as
just one spatial bin in Fig. 6b, with the significance matrix
shown in (e).

The most prominent observation is the positive mean25

information gain of all ETAS models when compared to
the time-independent Poissonian model with an ESHM20-
informed background and p values below 0.05 showing that
for all models except ETASbg,α and ETASUSGS this posi-
tive score is significant. The three best performing models30

are ETAS0, ETASb+bg , and ETASb+0 , which all significantly
outperform all variants with a fixed productivity term and
ETASbg, with this result being almost always significant or
near the critical p value according to the t test. Another ma-
jor result is that all ETAS-based models significantly outper-35

form the time-independent model when no spatial binning is
used, with variants with a fixed productivity term α achieving
the best score.

To analyze the performance of the models more thor-
oughly, we observe the spatial component of their log-40

likelihood scores by visualizing the total information gain
over time for each spatial cell separately. The maps in
Fig. 7a–b show the information gain between ETAS0 and the
time-independent model and between ETASb+bg,α and ETAS0,
respectively. The spatial cells are joined into larger ones for45

better readability of the map. The more active areas show
more pronounced total IG values, while no distinct spatial
trends can be observed.

Discussion of the pseudo-prospective test results

That ETAS models outperform the time-independent model50

in 1 d forecasting experiments is a result that highlights the
core strength of ETAS models of modeling the short-term

clustering behavior of earthquakes. These models show a
substantial improvement in predictive skill over the time-
independent model, and this predictive skill shows up during 55

periods of clustering (as can be seen when comparing Fig. 6a
and c). The highest jump in information gain is observed in
late 2018, coinciding with the occurrence of an earthquake
with a magnitude of 6.8 in the Ionian Sea late at night, fol-
lowed by 14 events on the next day and over 30 within the 60

week. In contrast, a larger event with a magnitude of 7.0 in
the Aegean Sea in late 2020 is not coupled with such a jump,
possibly as it was followed by only 10 observed events dur-
ing the first week, 4 of which occurred on the day of the main
event, which happened in the middle of the day, and do not 65

“participate” in evaluating the models, as forecasts are pro-
duced in a 1 d window, with a cutoff at midnight.

ETAS0 and ETASb+0 have the highest MIG values, fol-
lowed by ETASbg and the three remaining b+ variants, while
the lowest scores by time-dependent models fitted on the 70

European data are achieved by ETASα and ETASbg,α . The
two variants also failed the retrospective tests due to ex-
plosive behavior, but in the short term the score is rela-
tively worse only in the spatially sensitive testing, indicat-
ing that the anisotropy is the main issue here, as discussed 75

below. Due to observations made in the analysis of retro-
spective tests, preference should be given to models apply-
ing the ESHM20-informed-background rate map and models
using the b-positive estimate. Both ETASb+bg and ETASb+bg,α
satisfy these constraints and also score well in the pseudo- 80

prospective experiment, suggesting that they can be consid-
ered adequate choices for short-term earthquake forecasting.
This is further supported by the result that no spatial trend
in model performance can be identified, and thus the models
do not seem to be overfitting certain particular subregions. 85

ETASb+bg,α also has the highest MIG score in the pseudo-
prospective experiment with no spatial binning, making it
a potential winner model, provided its spatial component is
further analyzed and improved, in accordance with conclu-
sions following below. 90

As mentioned in Sect. 3.4, in order to compute a log-
likelihood score of a model for a day and spatial bin where
none of its simulations placed events, a water level proba-
bility is distributed evenly over such bins. The information
gain plot corresponding to the one shown in Fig. 6a for dif- 95

ferent water levels is given in Fig. S4. Our sensitivity anal-
ysis shows that the selection of this parameter influences
the significance of the performance difference between the
time-dependent models and the time-independent benchmark
(which never uses the water level), but the order between 100

ETAS variants is barely affected. While this dependency on a
subjective choice is an undesired effect, the ability of a model
to outperform the time-independent model for a range of wa-
ter levels is not an artifact of the parameter because it was
ensured that the information gain between any ETAS vari- 105

ant and the time-independent model is negative whenever the
water level is used.
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Figure 6. (a–b) Cumulative information gain through time, for consecutive non-overlapping 1 d windows over 7 years in the testing catalog.
All models are compared to the Poissonian time-independent model, which acts as the null model. In (a), spatial binning of 0.1°× 0.1°
(latitude–longitude) is applied. (b) No binning. (c) Seismicity in the testing catalog, with magnitudes through time. (d–e) Matrix of mean
information gain of each model compared to all other models. Information gain in position (i,j) compares the score of the model in column j
to that of the model in row i. Significant level of outperforming determined by paired one-sided t tests for each pair of models is indicated
by a dot.

Furthermore, in Fig. S5 we show the same information as
in Fig. S4 but only apply the water level when the probabil-
ity assigned by a model to the observed number of events
is 0. While this is infeasible in a truly prospective setting as
it is unknown whether or not the water level will be needed,5

it confirms that, for higher water levels, models lose accord-
ing to score in number bins (most often 0) where simulations
place a non-zero probability, but it is reduced to take the wa-
ter level to distribute over other bins. However, the trend that
still persists whether or not we only apply the water level 10
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Figure 7. Total information gain per 1°×1° (latitude–longitude) spatial cell. Models compared: (a) ETAS0 and time-independent Poissonian
model and (b) ETASb+bg,α and ETAS0.

when necessary is that if the penalty is too high for none of
the simulations producing the observed number of events, the
time-dependent models overall lose according to score com-
pared to the time-dependent benchmark.

To replace the water level with an actual model output, one5

should perform a larger number of simulations, posing a sig-
nificant computational challenge. Other possibilities could be
investigated in the future, with a promising strategy of replac-
ing simulations recently proposed by Mizrahi and Jozinović
(2024). Another way to avoid using the water level is to ob-10

serve spatial bins large enough to contain a meaningful fore-
cast even in the 1 d window we are observing at the expense
of evaluating the spatial distribution at a high resolution. An
extreme example is shown in Fig. 6b, where the information
gain is computed solely based on the event count, treating15

all of Europe as a single spatial bin. Since there is no spatial
binning, the water level is seldom used, and the information
gain to the time-independent benchmark is more significantly
positive than before.

However, in this case, the order of ETAS models is highly20

affected, with variants applying a higher α achieving the best
scores, suggesting that they are forecasting the number of
events better but placing them wrongly and thus being out-
performed in the space-sensitive testing. Since the spatial dis-
tribution of background events does not differ between the25

two model groups (inverted α versus fixed higher α), the per-
formance difference must arise from the location of after-
shocks. The use of isotropic kernels for the spatial distribu-
tion of aftershocks may lead variants with fixed α values to

place a higher number of aftershocks in circles with larger 30

radius, in most of which nothing is observed. In the future,
more complex models should be explored that place after-
shocks in a more elliptical shape instead of a circular one or
along known fault planes.

5 Conclusions 35

In this paper, we calibrated and evaluated multiple variants
of ETAS models in a highly heterogeneous dataset which
summarizes the recorded seismicity in Europe over the 35-
year-long period between 1980 and 2015. The main result
of 7 years of pseudo-prospective 1 d forecasting experiments 40

is that ETAS-based models provide a significant informa-
tion gain when compared to the time-independent bench-
mark model that underlies the ESHM20 hazard model. Addi-
tionally, the best-performing ETAS-based models inverted in
the European dataset outperform the time-dependent ETAS 45

model using globally calibrated parameters. Besides a basic
ETAS variant, we propose several modifications that, dur-
ing model calibration, allow for the use of additional spa-
tial information or fixing the productivity term of the model
formulation. We found that fixing the productivity term to a 50

higher value, which is suggested in the literature to overcome
the underestimation of the productivity of high-magnitude
events, can result in a highly overestimated branching be-
havior of events when the b value is relatively low. However,
for short-term forecasts compared solely regarding the event 55

count, these models achieve the best performance. Therefore,
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in future studies, other techniques to address the estimation
of the aftershock productivity of large events should be fur-
ther explored, such as accounting for known relationships be-
tween tectonic setting and aftershock productivity (Dascher-
Cousineau et al., 2020; Page et al., 2016; Davis and Frohlich,5

1991; Marsan and Helmstetter, 2017), fitting and applying
sequence-specific aftershock productivity parameters (as in
van der Elst et al., 2022), or combining with more precise
aftershock spatial distribution modeling (Field et al., 2017;
Reverso et al., 2018). For ETAS variants that leverage infor-10

mation about the spatially varying background rate already
during the inversion, we found that the inferred parameters
differ from those inferred using the basic approach, resulting
in more events being interpreted as background events and
fewer as aftershocks. The background-informed ETAS vari-15

ants do not outperform their counterparts with non-informed-
background rates in pseudo-prospective testing, but in ret-
rospective testing they demonstrate better behavior regard-
ing visual inspection of the spatial distribution of events and
achieve the best scores if combined with the b-positive es-20

timate of the b value. The background component contains
additional information about long-term seismicity patterns,
seismotectonic properties of the area, and seismicity in areas
not represented in either the training or the testing parts of
the catalog. For this reason, what could be the main strength25

of this method is hidden by the very limited size and time
period of available testing data.

Retrospective long-term consistency tests provide an ad-
ditional characterization of the strengths and weaknesses of
each model variant, highlighting that some of the proposed30

model variants adequately capture the number of events over
longer time periods. The magnitude consistency tests con-
ducted for models using both the traditional maximum like-
lihood estimator of the b value and the b-positive estimator
favor the latter approach but highlight potential areas of im-35

provement of the proposed models. The simplification of us-
ing a single b value to describe the magnitude distribution
of all of Europe, as well as the assessment of the space–
time variation in the catalog completeness provided through
ESHM20, may need to be revisited. Aside from the poten-40

tial improvements of the issued forecasts by revisiting the
completeness assessment, b-value variations, and strategies
for sequence-specific model updating, our proposed mod-
els could be improved by adding further complexity, such as
considering an anisotropic spatial kernel of aftershock behav-45

ior and utilizing information such as earthquake focal mech-
anisms or finite fault rupture models (Böse et al., 2023).

In the process of real-time dissemination of earthquake
forecasts, developing the underlying model is only the first
step. The forecasts produced as the output of the introduced50

models are yet to be tested in a truly prospective manner.
Recent CSEP efforts to establish a standardized open experi-
ment format and the corresponding software support for per-
forming such tests have resulted in the formation of the float-
ing experiments (Iturrieta et al., 2023), providing a suitable55

environment for future evaluation of the properties of pro-
posed models.

Another challenge in delivering earthquake forecasts op-
erationally is the fashion of doing so: visualization and com-
munication of models’ outputs are a topic of ongoing discus- 60

sion among seismologists and communication experts (Field
et al., 2016; Becker et al., 2018; Savadori et al., 2022; Schnei-
der et al., 2023). Both the layout and content of the final
products depend on the use case in terms of the areas for
which they are developed and the end users they serve, rang- 65

ing from the wider public to civil protection services to insur-
ance companies. The main authority to communicate earth-
quake forecasts and act on them remains local agencies and
experts with knowledge specific to their area of interest. The
role of the pan-European models presented here is to provide 70

a harmonized global alternative less limited by administra-
tive borders and information in areas where it would other-
wise not be available.
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Mizrahi, L. and Jozinović, D.: Modeling the Asymptotic Behav-
ior of Higher Order Aftershocks with Deep Learning, Seismol.
Res. Lett., 95, 3295–3305, https://doi.org/10.1785/0220240028,
2024.

Mizrahi, L., Nandan, S., and Wiemer, S.: The Effect of Declustering40

on the Size Distribution of Mainshocks, Seismol. Res. Lett., 92,
2333–2342, https://doi.org/10.1785/0220200231, 2021a.

Mizrahi, L., Nandan, S., and Wiemer, S.: Embracing
data incompleteness for better earthquake forecast-
ing, J. Geophys. Res.-Sol. Ea., 126, e2021JB022379,45

https://doi.org/10.1029/2021JB022379, 2021b.
Mizrahi, L., Schmid, N., and Han, M.: lmizrahi/e-

tas: ETAS with fit visualization, Zenodo [code],
https://doi.org/10.5281/zenodo.7584575, 2023.

Mizrahi, L., Nandan, S., Mena Cabrera, B., and Wiemer, S.: sui-50

ETAS: Developing and testing ETAS-based earthquake forecast-
ing models for Switzerland, B. Seismol. Soc. Am., 114, 2591–
2612, https://doi.org/10.1785/0120240007, 2024a.

Mizrahi, L., Dallo, I., van der Elst, N. J., Christophersen, A., Spas-
siani, I., Werner, M., Iturrieta, P., Bayona, J. A., Iervolino, I.,55

Schneider, M., Page, M. T., Zhuang, J., Herrmann, M., Michael,
A. J., Falcone, G., Marzocchi, W., Rhoades, D. A., Gersten-
berger, M., Gulia, L., Schorlemmer, D., Becker, J., Han, M., Ku-
ralte, L. D., Marti, M., and Wiemer, S.: Developing, Testing,

and Communicating Earthquake Forecasts: Current Practices 60

and Future Directions, Rev. Geophys., 62, e2023RG000823,
https://doi.org/10.1029/2023RG000823, 2024b.

Nandan, S., Ouillon, G., Sornette, D., and Wiemer, S.: Forecasting
the full distribution of earthquake numbers is fair, robust and bet-
ter, arXiv [preprint], https://doi.org/10.48550/arXiv.1903.07079, 65

17 March 2019.
Nandan, S., Kamer, Y., Ouillon, G., Hiemer, S., and Sornette, D.:

Global models for short-term earthquake forecasting and pre-
dictive skill assessment, Eur. Phys. J.-Spec. Top., 230, 425–449,
https://doi.org/10.1140/epjst/e2020-000259-3, 2021. 70

Nandan, S., Ouillon, G., and Sornette, D.: Are Large
Earthquakes Preferentially Triggered by Other Large
Events?, J. Geophys. Res.-Sol. Ea., 127, e2022JB024380,
https://doi.org/10.1029/2022JB024380, 2022.

Ogata, Y.: Statistical Models for Earthquake Occurrences and 75

Residual Analysis for Point Processes, J. Am. Stat. Assoc., 83,
9–27, https://doi.org/10.1080/01621459.1988.10478560, 1988.

Ogata, Y.: Detection of precursory relative quiescence before
great earthquakes through a statistical model, J. Geophys. Res.-
Sol. Ea., 97, 19845–19871, https://doi.org/10.1029/92JB00708, 80

1992.
Omi, T., Ogata, Y., Hirata, Y., and Aihara, K.: Estimating the ETAS

model from an early aftershock sequence, Geophys. Res. Lett.,
41, 850–857, https://doi.org/10.1002/2013GL058958, 2014.

Omi, T., Ogata, Y., Hirata, Y., and Aihara, K.: Intermediate- 85

term forecasting of aftershocks from an early after-
shock sequence: Bayesian and ensemble forecasting ap-
proaches, J. Geophys. Res.-Sol. Ea., 120, 2561–2578,
https://doi.org/10.1002/2014JB011456, 2015.

Omi, T., Ogata, Y., Shiomi, K., Enescu, B., Sawazaki, K., and Ai- 90

hara, K.: Implementation of a Real-Time System for Automatic
Aftershock Forecasting in Japan, Seismol. Res. Lett., 90, 242–
250, https://doi.org/10.1785/0220180213, 2018.

On the after-shocks of earthquakes, 2nd report, Rep. Imp. Earthq.
Inv. Com., 30, 3–29, 1900. 95

Page, M. T., van der Elst, N., Hardebeck, J., Felzer, K., and Michael,
A. J.: Three Ingredients for Improved Global Aftershock Fore-
casts: Tectonic Region, Time-Dependent Catalog Incomplete-
ness, and Intersequence Variability, B. Seismol. Soc. Am., 106,
2290–2301, https://doi.org/10.1785/0120160073, 2016. 100

Reverso, T., Steacy, S., and Marsan, D.: A Hybrid ETAS-
Coulomb Approach to Forecast Spatiotemporal After-
shock Rates, J. Geophys. Res.-Sol. Ea., 123, 9750–9763,
https://doi.org/10.1029/2017JB015108, 2018.

Savadori, L., Ronzani, P., Sillari, G., Di Bucci, D., and 105

Dolce, M.: Communicating Seismic Risk Information:
The Effect of Risk Comparisons on Risk Perception
Sensitivity, Frontiers in Communication, 7, 743172,
https://doi.org/10.3389/fcomm.2022.743172, 2022.

Savran, W., Bayona, J. A., Iturrieta, P., Asim, K., Bao, H., 110

Bayliss, K., Herrmann, M., Schorlemmer, D., Maechling, P.,
and Werner, M.: pyCSEP: A Python Toolkit for Earthquake
Forecast Developers, Seismol. Res. Lett., 93, 2858–2870,
https://doi.org/10.1785/0220220033, 2022a.

Savran, W. H., Werner, M. J., Marzocchi, W., Rhoades, D. A., 115

Jackson, D. D., Milner, K., Field, E., and Michael, A.: Pseudo-
prospective Evaluation of UCERF3-ETAS Forecasts during the

https://doi.org/10.1785/0220230247
https://doi.org/10.4401/ag-5350
https://doi.org/10.1785/0220140143
https://doi.org/10.1785/012003098
https://doi.org/10.5880/GFZ.EMEC.2021.001
https://doi.org/10.1785/0220230199
https://doi.org/10.1002/2016JB013807
https://doi.org/10.1785/0120110327
https://doi.org/10.1785/0220240028
https://doi.org/10.1785/0220200231
https://doi.org/10.1029/2021JB022379
https://doi.org/10.5281/zenodo.7584575
https://doi.org/10.1785/0120240007
https://doi.org/10.1029/2023RG000823
https://doi.org/10.48550/arXiv.1903.07079
https://doi.org/10.1140/epjst/e2020-000259-3
https://doi.org/10.1029/2022JB024380
https://doi.org/10.1080/01621459.1988.10478560
https://doi.org/10.1029/92JB00708
https://doi.org/10.1002/2013GL058958
https://doi.org/10.1002/2014JB011456
https://doi.org/10.1785/0220180213
https://doi.org/10.1785/0120160073
https://doi.org/10.1029/2017JB015108
https://doi.org/10.3389/fcomm.2022.743172
https://doi.org/10.1785/0220220033


22 M. Han et al.: Towards a harmonized operational earthquake forecasting model for Europe

2019 Ridgecrest Sequence, B. Seismol. Soc. Am., 110, 1799–
1817, https://doi.org/10.1785/0120200026, 2020.

Savran, W. H., Werner, M. J., Schorlemmer, D., and Maech-
ling, P. J.: pyCSEP: A Python Toolkit For Earthquake Fore-
cast Developers, Journal of Open Source Software, 7, 3658,5

https://doi.org/10.21105/joss.03658, 2022b.
Schneider, M., Wein, A., Elst, N. v. d., McBride, S. K., Becker,

J., Castro, R. R., Diaz, M., Gonzalez-Huizar, H., Hardebeck,
J., Michael, A., Mixco, L., Page, M., and Palomo, J.: Visual
Communication of Aftershock Forecasts Based on User Needs:10

A Case Study of the United States, Mexico and El Salvador,
OSFPreprints [preprint], https://doi.org/10.31219/osf.io/5qam4,
2023.

Schorlemmer, D., Gerstenberger, M. C., Wiemer, S., Jackson, D. D.,
and Rhoades, D. A.: Earthquake likelihood model testing, Seis-15

mol. Res. Lett., 78, 17–29, https://doi.org/10.1785/gssrl.78.1.17,
2007.

Seif, S., Mignan, A., Zechar, J. D., Werner, M. J., and Wiemer, S.:
Estimating ETAS: The effects of truncation, missing data, and
model assumptions, J. Geophys. Res.-Sol. Ea., 122, 449–469,20

https://doi.org/10.1002/2016JB012809, 2017.
Serafini, F., Naylor, M., Bayliss, K., Werner, M., Iturrieta, P., Bay-

ona, J. A., Mizrahi, L., and Han, M.: Comparing consistency tests
for magnitude distributions, in preparation, 2024.

Shi, Y. and Bolt, B. A.: The standard error of the magnitude-25

frequency b value, B. Seismol. Soc. Am., 72, 1677–1687,
https://doi.org/10.1785/BSSA0720051677, 1982.

Sornette, D. and Werner, M. J.: Constraints on the size of the
smallest triggering earthquake from the epidemic-type after-
shock sequence model, Båth’s law, and observed aftershock30

sequences, J. Geophys. Res.-Sol. Ea., 110, 2004JB003535,
https://doi.org/10.1029/2004JB003535, 2005.

Tinti, S. and Mulargia, F.: Confidence intervals of b values for
grouped magnitudes, B. Seismol. Soc. Am., 77, 2125–2134,
https://doi.org/10.1785/BSSA0770062125, 1987.35

Utsu, T.: Aftershocks and Earthquake Statistics (II) : Further Inves-
tigation of Aftershocks and Other Earthquake Sequences Based
on a New Classification of Earthquake Sequences, Journal of the
Faculty of Science, Hokkaido University, Series 7, Geophysics,
3, 197–266, 1971.40

van der Elst, N. J.: B-Positive: A Robust Estimator of Af-
tershock Magnitude Distribution in Transiently Incomplete
Catalogs, J. Geophys. Res.-Sol. Ea., 126, e2020JB021027,
https://doi.org/10.1029/2020JB021027, 2021.

van der Elst, N. J., Hardebeck, J. L., Michael, A. J., McBride, 45

S., and Vanacore, E.: Prospective and retrospective eval-
uation of the U.S. Geological Survey public aftershock
forecast for the 2019–2021 Southwest Puerto Rico Earth-
quake and aftershocks, Seismol. Res. Lett., 93, 620–640,
https://doi.org/10.1785/0220210222, 2022. 50

Veen, A. and Schoenberg, F. P.: Estimation of Space-Time
Branching Process Models in Seismology Using an EM-
Type Algorithm, J. Am. Stat. Assoc., 103, 614–624,
https://doi.org/10.1198/016214508000000148, 2008.

Wiemer, S., Danciu, L., Edwards, B., Marti, M., Fäh, D., 55

Hiemer, S., Wössner, J., Cauzzi, C., Kästli, P., and Kremer,
K.: Seismic hazard model 2015 for Switzerland, Swiss Seis-
mological Service (SED) at ETH Zurich, Zurich, 164 pp.,
https://doi.org/10.12686/a2, 2016.

Zechar, J. D., Gerstenberger, M. C., and Rhoades, D. A.: 60

Likelihood-Based Tests for Evaluating Space-Rate-Magnitude
Earthquake Forecasts, B. Seismol. Soc. Am., 100, 1184–1195,
https://doi.org/10.1785/0120090192, 2010.

Zechar, J. D., Marzocchi, W., and Wiemer, S.: Operational earth-
quake forecasting in Europe: progress, despite challenges, B. 65

Earthq. Eng., 14, 2459–2469, https://doi.org/10.1007/s10518-
016-9930-7, 2016.

Zhang, L., Werner, M. J., and Goda, K.: Variability of ETAS
Parameters in Global Subduction Zones and Applications to
Mainshock-Aftershock Hazard Assessment, B. Seismol. Soc. 70

Am., 110, 191–212, https://doi.org/10.1785/0120190121, 2020.

https://doi.org/10.1785/0120200026
https://doi.org/10.21105/joss.03658
https://doi.org/10.31219/osf.io/5qam4
https://doi.org/10.1785/gssrl.78.1.17
https://doi.org/10.1002/2016JB012809
https://doi.org/10.1785/BSSA0720051677
https://doi.org/10.1029/2004JB003535
https://doi.org/10.1785/BSSA0770062125
https://doi.org/10.1029/2020JB021027
https://doi.org/10.1785/0220210222
https://doi.org/10.1198/016214508000000148
https://doi.org/10.12686/a2
https://doi.org/10.1785/0120090192
https://doi.org/10.1007/s10518-016-9930-7
https://doi.org/10.1007/s10518-016-9930-7
https://doi.org/10.1007/s10518-016-9930-7
https://doi.org/10.1785/0120190121

	Abstract
	Introduction
	Data
	Methods
	ETAS
	Model variants
	ETAS0, ETAS0b+
	ETASbg, ETASbgb+
	ETAS, ETASb+
	ETASUSGS

	Consistency testing
	Pseudo-prospective testing

	Results and discussion
	Model fit
	Results of consistency tests
	Results of pseudo-prospective tests

	Conclusions
	Code and data availability
	Supplement
	Author contributions
	Competing interests
	Disclaimer
	Special issue statement
	Acknowledgements
	Financial support
	Review statement
	References

