
A Ten-Year Earthquake Occurrence Model for Italy

by W. Marzocchi, A. Amato, A. Akinci, C. Chiarabba, A. M. Lombardi,
D. Pantosti, and E. Boschi

Abstract The recent Mw 6.3 destructive L’Aquila earthquake has further stimu-
lated the improvement of the Italian operational earthquake forecasting capability
at different time intervals. Here, we describe a medium-term (10-year) forecast model
for Mw ≥5:5 earthquakes in Italy that aims at opening new possibilities for risk mi-
tigation purposes. While a longer forecast yielded by the national seismic-hazard map
is the primary component in establishing the building code, a medium-term earth-
quake forecast model may be useful to prioritize additional risk mitigation strategies
such as the retrofitting of vulnerable structures. In particular, we have developed an
earthquake occurrence model for a 10-year forecast that consists of a weighted aver-
age of time-independent and different types of available time-dependent models,
based on seismotectonic zonations and regular grids. The inclusion of time-dependent
models marks a difference with the earthquake occurrence model of the national seis-
mic-hazard map, and it is motivated by the fact that, at the 10-year scale, the con-
tribution of time-dependency in the earthquake occurrence process may play a
major role. The models are assembled through a simple averaging scheme whereby
each model is weighted through the results of a retrospective testing phase similar to
the ones carried out in the framework of the Collaboratory for the Study of Earthquake
Predictability. In this way, the most hazardous Italian areas in the next ten years will
arise from a combination of distinct models that place more emphasis on different
aspects of the earthquake occurrence process, such as earthquake clustering, historical
seismic rate, and the presence of delayed faults capable of large events. Finally, we
report new challenges and possible developments for future updating of the model.

Introduction

The seismic-hazard map is the primary and sole seismo-
logical piece of information used for risk mitigation in many
countries, being the foundation of the building code defini-
tion (e.g., Gruppo di Lavoro MPS, 2004). Conventionally,
seismic-hazard maps show the expected ground motion with
a certain probability in a time horizon shown in decades
(usually 50 years). However, the occurrence of the recent
L’Aquila earthquake (6 April 6 2009, Mw 6.3) has brought
new challenges for seismologists; in particular, it has been
argued that the development of short-term (days to weeks)
and medium-term (months to a few years) hazard models
may provide additional information to improve and direct
seismic risk mitigation in different ways and at different time
intervals (Jordan and Jones, 2010; van Stiphout et al., 2010;
Woo, 2010; Jordan et al., 2011). These new hazard models
and the derived mitigation actions are meant to increase risk
reduction strategies and not replace the primary information
that is a sound assessment of the building code based on a
long-term seismic-hazard map.

In principle, a conventional seismic-hazard model may
be extrapolated at shorter time intervals (days to a few years;

e.g., Mulargia, 2010), but we argue that this extrapolation
could lead to inaccurate results because the time evolution
of the seismicity may not be taken properly into account.
While seismic-hazard maps are usually based on time-inde-
pendent earthquake occurrence (henceforth, EO) models
(e.g., Gruppo di Lavoro MPS, 2004), at short-time intervals
the EO process is certainly time dependent, showing a
marked time and spatial clustering (e.g., Ogata, 1988; Rea-
senberg and Jones 1989, Kagan and Jackson, 2000; Console
et al., 2003; Gerstenberger et al., 2005; Lombardi and Mar-
zocchi, 2010a). At medium-term intervals, seismicity still
shows a significant time-space clustering (e.g., Kagan and
Jackson, 1991, 2000; Parsons, 2002; Faenza et al., 2003,
2008; Lombardi and Marzocchi, 2007; Marzocchi and
Lombardi, 2008), and other types of time dependency may
become important. Hence, we argue that each forecasting
time interval requires a specific EO model able to describe
the most relevant time-dependent processes at that specific
time scale. These differences notwithstanding, the EO mod-
els on different forecasting time intervals must be consistent
(Jordan et al., 2011).
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To date, many types of time-independent and time-de-
pendent EO models for medium-term forecasts have been
proposed. In order to use one, or a combination thereof, first
we need to evaluate their reliability and skill, as intended by
Jordan et al. (2011). A model is defined as reliable if its fore-
casts are accurate, that is, if the observations are compatible
with the forecasts. Among reliable models, the more precise
its forecasts, the higher the skill; in other words, the skill is a
measure of the model’s predictability. The evaluation of the
reliability and skill of EO models is the primary aim of the
experiments carried out in the framework of the Collabora-
tory for the Study of Earthquake Predictability (henceforth,
CSEP; Jordan, 2006; Zechar, Schorlemmer et al., 2010).
Basically, these experiments compare the real seismicity with
forecasts produced by EO models in different regions of the
world (Zechar, Schorlemmer et al., 2010). The recent CSEP
experiment, begun in Italy in August 2009, counts 18 differ-
ent models tested (Marzocchi et al., 2010), with initial results
to be available in 2014.

Here, we propose a first attempt to define the best
medium-term model for Italy. While different procedures
are possible (see Marzocchi and Zechar, 2011), we are pre-
senting a strategy that basically consists of two steps: first,
we will assess reliability and skill of all the available models
through CSEP-type tests on retrospective experiments.
Second, we will use these results to merge the EO models
objectively, in order to define the best EO model. In the last
section of the paper (A Closer Look at the Best EO Model),
we describe the best EO map, region by region, emphasizing
the most critical points for each area, while comparing the
results with the present knowledge of active fault activity
and Global Positioning System (GPS)–based deformation
patterns not yet used in the EO maps.

The intrinsic scientific interest notwithstanding, we re-
mark that this attempt has a clear practical objective, because
this map will be used to mitigate the medium-term seismic
risk in Italy. In fact, at the beginning of 2010, the Italian gov-
ernment decided to provide funding for reducing seismic risk
based on medium-term time scales (Interventi per la preven-
zione del rischio sismico; see Data and Resources section).
The planned government mitigation actions consist of retro-
fitting buildings and vulnerable structures over the next few
years, in those areas that contain the highest seismic risk,
while the Istituto Nazionale di Geofisica e Vulcanologia
(INGV) has been appointed to prepare a national EO model
on this time interval.

The Selected Models

Scientific literature reports many different kinds of EO
models, based on different assumptions and scientific com-
ponents. The range of models reflects the large epistemic un-
certainty still existing in the modeling of the earthquake
process (e.g., Marzocchi et al., 2010). We argue that any so-
called best EO model must properly take into account such a
large variability. While the number of models considered

here is limited due to some practical constraints, we aim at
presenting an approach that may be applied elsewhere and, in
future applications, when a larger number of models become
available. Here we choose the set of models according to
pragmatic and mandatory rules. In order to be taken into con-
sideration, an EO model must produce forecasts for the whole
Italian territory because the risk reduction program should
act on a national scale. Moreover, the model must be in a
specific format in order to facilitate the comparison with
other models and eventually their averaging. For this pur-
pose, we have taken advantage of the CSEP experiment that
started on 1 August 2009 (Marzocchi et al., 2010) and the S2
project (named “Development of a Dynamical Model for
Seismic Hazard Assessment at National Scale”) funded in
the framework of the agreement for the years 2007–2009 be-
tween INGV and the Dipartimento della Protezione Civile.
One of the objectives of the S2 project was to develop ex-
periments applied to available EO models in order to quantify
their reliability and skill (see The Retrospective Tests of the
Models: Reliability and Skill). The format of the EO forecasts
in CSEP and S2 initiatives is roughly the same, and it consists
of providing a number of events/probability in a specific spa-
tial grid (Fig. 1) that has been used for the CSEP experiment
in Italy. A last requirement is that each EO model candidate
must be based on reasonable physical assumptions.

This first selection has identified a set of models that
satisfy these requirements. A full description of these models
can be found in the cited references. Here, we briefly describe
only the main features of two time-independent (Akinci,
2010;Gruppo di LavoroMPS, 2004) and four time-dependent
(Lombardi and Marzocchi, 2010b; Falcone et al., 2010,
Akinci et al., 2009) models considered in this study.

Time-Independent Models

HAZGRIDX (Akinci, 2010). The model is based on the as-
sumption that future earthquakes will occur near locations of
historical earthquakes; it does not take into account any
information from tectonic, geological, or geodetic data. It is
built on a spatially grid-based format using two catalogs: the
parametric catalog of Italian earthquakes (Catalogo Parame-
trico dei Terremoti Italiani [CPTI], CPTI04; Gruppo di La-
voro CPTI, 2004), which contains the larger earthquakes
(Mw 7.0 and larger) since 1100, and the catalog of Italian
seismicity (Catalogo della Sismicità Italiana, CSI 1.1), which
contains smaller earthquakes down to a local magnitude of
ML 1.0, with a maximum of ML 5.9 over the past 22 years
(1981–2003). The model assumes that earthquakes follow
the Gutenberg–Richter law, with a constant b-value. Seismi-
city rates in the model are determined by counting earth-
quakes with magnitude Mw ≥5:5 in each cell, with
dimensions 0.1° longitude × 0.1° latitude of a grid adopted
by the CSEP experiment in Italy (Fig. 1; see also Schorlem-
mer, Christophersen, et al. 2010). The gridded 10a values are
computed for each catalog using a maximum-likelihood
method (Weichert, 1980), and they are spatially smoothed
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using a two-dimensional Gaussian function with a 15-km
correlation distance (for more details, see Akinci, 2010). The
error in the epicenter location is assumed to be three times
larger than the correlation distance (Frankel, 1995).

MPS04 (Gruppo di Lavoro MPS, 2004). This model is the
reference model for the seismic-hazard map of Italy. The EO
model is composed of the temporal Poisson process applied
to a seismotectonic zonation (Meletti et al., 2008). The
frequency–magnitude distribution varies across the zones,
being a truncated Gutenberg–Richter distribution with dif-
ferent maximum magnitudes derived from the historical
seismicity (Gruppo di Lavoro CPTI, 2004) and tectonic
considerations (Meletti et al., 2008; see Data and Resources
section). The parameters of the original model are set using a
declustered seismic catalog (Gruppo di Lavoro CPTI, 2004).
Here, all calculations are run adding a correction factor that
takes into account possible aftershocks. This correction in-
creases each rate by a factor of 1.25 (Faenza and Marzocchi,
2010). In any case, we anticipate that the inclusion or not
of this correction factor will not change the final results
significantly.

Time-Dependent Models

DBM (Lombardi and Marzocchi, 2010b). The double-
branching model is a stochastic time-dependent model that
assumes that each earthquake can generate other earthquakes
through different physical mechanisms (Marzocchi and
Lombardi, 2008). Specifically, it consists of a sequential ap-
plication of two branching processes (Daley and Vere-Jones,
2004) in which any earthquake can trigger a family of later
events on different space–time scales. The first part of our
model consists of a well-known epidemic-type aftershock
sequence (ETAS) model (Ogata, 1988), describing the

short-term clustering of earthquakes due to coseismic stress
transfer. The second branching process works at larger
space–time intervals (typically about 30 years; Marzocchi
and Lombardi, 2008) with respect to the smaller domains in-
volved in short-term clustering, and it describes possible
further correlations between earthquakes not associated with
coseismic stress-perturbations.

DISS-BPT. The Database of Individual Seismogenic
Sources (DISS)–Brownian Passage Time (BPT) time-depen-
dent model has been set in the framework of the S2 project
with a clear and specific scientific goal: project participants
aim to verify whether a model fully based on a Brownian
passage time (BPT) model and applied to faults using the best
available knowledge currently available is close to providing
reliable large earthquake forecasts for the Italian region. The
scientific importance of this model is linked to the use of
similar EO models to forecast the largest earthquakes in
California (Field et al., 2009). Basically, the model is based
on a BPT model (Matthews et al., 2002) applied to the in-
dividual seismogenic sources (ISS) included in the DISS3
database (see Data and Resources section) and follows a
characteristic earthquake model for the frequency–magni-
tude distribution. ISS are determined on the basis of geolo-
gical and geophysical data and characterized by a set of
geometric, kinematic, and seismological parameters. Each
contains 115 individual sources, sixteen of which are not as-
sociated with any earthquake. Most of the fault slip rates are
not well constrained, and they are set to a conventional range
of 0:1–1:0 mm=yr. Only 44 out of 115 faults have slip rates
estimated from local geological data. The input parameters of
the BPT and the characteristic magnitude of each fault are
taken from the DISS3 database without critical review. We
use the mean value slip rate given by DISS3. For those 16

Figure 1. (a) Grid of the test area in this work and in the CSEP experiment (Schorlemmer, Christophersen, et al. 2010). (b) Probability of
detecting an earthquake with magnitude 3.7 or larger in the testing area (Schorlemmer, Mele, and Marzocchi, 2010).

A Ten-Year Earthquake Occurrence Model for Italy 1197



faults in which the latest earthquake is classified as Unknown
in the database, we assume 1500 years of elapsed time; this
value has been arbitrarily chosen in accordance with the
maximum length of the Italian historical seismic catalog.
The value of aperiodicity (coefficient of variation, COV)
assumed is 0.5 for each fault, according to Ellsworth et al.
(1999). The probability estimated for each fault is homoge-
neously partitioned over the cells of the grid that overlap the
projection of the same fault at the surface. These two last
features mark the difference between the DISS-BPT model
used here and the version developed in S2 by other research-
ers. We anticipate that the results reported here do not depend
on these changes.

LTST (Falcone et al., 2010). The long-term stress transfer
(LTST) model is obtained by a statistical renewal model that
mimics the recurrent (characteristic) behavior of faults and
by a physical-based model that considers fault interaction.
The recurrent behavior of the faults is based on the BPT mod-
el (Matthews et al., 2002) that quantifies the interevent time
probability distribution of earthquakes on individual sources.
This model is applied to seismogenetic sources, reported in
the DISS3 database (Data and Resources), for which the date
of the last event is known (104 faults). The fault interaction is
represented by the coseismic static permanent Coulomb
stress change (Stein et al., 1997) caused by each earthquake
reported in the catalog. This stress change can increase or
decrease earthquake probability based on a simple renewal
model. The final model accounts for the effects of all past
earthquakes that induced stress variations on the selected
faults. The final forecasts are obtained by adding a time-
independent background seismicity to the cells in which
no seismogenic sources have been identified; background
seismicity is estimated by past activity using the procedure
described by Frankel (1995).

HAZFX-BPT (Akinci et al., 2009). This model incorporates
both smoothed historical seismicity (Mw <5:5) and geologi-
cal information on faults (Mw ≥5:5). In the background
model, the seismicity rates are obtained for earthquakes
Mw <5:5 following the procedure described by Akinci
(2010). The earthquake recurrence rates of individual fault
for Mw ≥5:5 events are derived in a straightforward manner
from slip rate and magnitude, using the technique known as
the conservation of the seismic moment rate (Field et al.,
1999). Time dependency is introduced through a BPT model
(Matthews et al., 2002). The conditional probability of each
individual faults, Pcond, in a given T years is expressed in
terms of an effective Poisson annual rate, Reff , such that

Reff � − ln�1 − Pcond�=T: (1)

These rates are then converted into maps of earthquake
rate density by using an isotropic Gaussian filter with 15 km
of correlation distance (for more details see Akinci, 2010). In
this way, this procedure merges the earthquake potential of

adjacent faults and turns a fault-based estimate into a grid-
based estimate.

For individual fault sources, we use the integrated data-
set from DISS3 that includes both ISS and macroseismic
well-constrained sources (MWS; Data and Resources). The
detailed information of the fault geometry (dip, length,
width) and its seismic behavior (slip rate, maximum magni-
tude) are taken by Basili et al. (2008), Akinci (2010), and
Akinci et al. (2010). According to Ellsworth et al. (1999),
the value of COV is set equal to 0.5 for each fault. For the
16 out of 232 sources of DISS3 that are not associated with
any earthquake (latest earthquake referred to as “unknown”),
the elapsed time is imposed to 1500 yr, assuming that the last
event occurred around 500 A.D. (Akinci et al., 2009).

The Retrospective Tests of the Models:
Reliability and Skill

The models described in the section The Selected Mod-
els are based on different assumptions and account for dif-
ferent geological and geophysical information. In order to
gain some insight into how these models may perform in
forecasting future large events, we run a retrospective CSEP-
type testing experiment (Werner et al., 2010). The goal of
this testing experiment is to assess the (retrospective) relia-
bility and skill of each model. More details about the CSEP
testing procedures may be found in Schorlemmer et al.
(2007) and Zechar, Gerstenberger, and Rhoades (2010).

CSEP experiments are truly prospective, in that they are
meant to compare forecasts and future seismicity. Of course,
this testing phase may require many years to be completed
(as noted previously, the first CSEP results for Italy will be
available in 2014). Meanwhile, we can get some preliminary
information about the models that produce the most reliable
and skillful forecasts through a retrospective test (Werner
et al., 2010), that is, using earthquakes that already occurred.
Retrospective tests do not represent the optimum strategy to
test models and forecasts because some sort of retrospective
(conscious or unconscious) adjustment or overfit can never
be ruled out. In other terms, this means that the results of
retrospective tests may represent an upper limit or, even
worse, an optimistic estimation of the real forecast capability
of the models. This testing phase aims at showing unreliable
models (models that produce inaccurate forecasts) and the
retrospective skill of each model. In this way, we may assign
a weight to each model depending on how these models have
performed in this experiment. Most of the work presented
here has been done in the framework of the S2 project.

As for prospective tests, retrospective experiments also
require the definition of the rules of the game (see Schorlem-
mer, Christophersen, et al., 2010, for the rules of the game
for the Italian CSEP experiment). These are

• Set of models under testing: MPS04, HAZGRIDX, HAZFX-
BPT, DBM, DISS-BPT, and LTST.

• Testing period: 1 January 1950 to 31 December 2009.
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• Testing area: the area is the same as that considered during
the real CSEP experiment in Italy (see Fig. 1). In the next
figures, we report the results only for the Italian territory.

• Authorized seismic catalog for the testing phase: the
CPTI08 catalog used for the CSEP experiment (provided
by the Gruppo di Lavoro CPTI Working Group) integrated
for the last part of the testing period with the data of the
Centroid Moment Tensor (CMT) catalog. In contrast to pre-
vious versions, CPTI08 is not declustered; and, in accor-
dance with the CSEP experiment (Marzocchi et al., 2010;
Schorlemmer, Christophersen, et al., 2010), we consider
all earthquakes for the testing phase, without removing
possible aftershocks.

• Forecasting time intervals: 10 years. The first forecast
spans from 1 January 1950 to 31 December 1959; the sec-
ond forecast goes from 1 January 1960 to 31 December
1969, and so on, for a set of six forecasts per model.

• The forecast: each model has to provide the probabilities of
1, 2, and 3 or more earthquakes, or P(1), P(2), and P(3+),
respectively, in each specific space–time-magnitude bin.
Each bin always has a time length of 10 years, while the
magnitude considered is only one class (Mw ≥5:5), and the
spatial dimension is each cell of the CSEP grid reported in
Figure 1 (see Schorlemmer, Cristophersen, et al., 2010;
Schorlemmer, Mele, and Marzocchi, 2010). Note that this
aspect marks a difference with respect to the CSEP experi-
ments in which the seismic rate and different magnitude
bins are taken into consideration. While this difference
does not lead to substantially different interpretation of the
results, the use of probability instead of the seismic rate has
an important aspect that deserves to be mentioned: the use
of probability implies that the uncertainty associated with
the expected number of events is already incorporated in
the calculations by the EO model.

• Learning information for calibrating the models: ideally,
all models should use only information available before
the forecast starting date (i.e., for the first forecast, before
1 January 1950). In practice, this is impossible for models
that use geological information or a seismotectonic zona-
tion (MPS04, HAZFX-BPT, DISS-BPT, and LTST). Unfortu-
nately, this objective advantage is neither quantifiable nor
reducible; on the other hand, a rigid application of the pro-
spective rules would lead us to not consider the national
seismic-hazard map (MPS04), which is hard to justify
for practical applications. For this reason, we keep a prag-
matic attitude, simply keeping in mind the objective advan-
tage of these models when they are evaluated and
compared to the others. Hopefully, future applications of
this procedure using the results of the CSEP experiments
(truly prospective) may reduce this subjectivity as new data
for the testing phase become available.

We do not use the results of the retrospective analysis of
time-independent EO models carried out by Werner et al.
(2010) for two reasons. First, the S2 experiment uses a slight
different testing procedure/format with respect to CSEP,

making the results of the two experiments difficult to com-
pare. Second, because time dependency may play an impor-
tant role in a 10-year forecast, the S2 experiment also
includes time-dependent models, while the Werner et al.
(2010) paper does not.

The six forecasts for each model are reported in Figure 2.
The models present a large variability being based on quite
different physical assumptions and geological components.
The variation of the forecasts of each time-independent mod-
el is only due to the inclusion of more data to calculate the
expected seismic rate. The largest differences are observed
for the time-dependent models (DBM, LTST, HAZFX-BPT,
and DISS-BPT), because the forecasts may significantly
change through time, even on a wide area, as a consequence
of recent seismicity; for instance, the DBM model shows
forecasts that vary through space and time, due to the effects
of long-term earthquake clustering. All forecasts are com-
pared with the real seismicity using the tests described in the
Appendix. Here, we just remark that the N- and L-tests are
basically goodness-of-fit tests that check the forecast relia-
bility for each model, whereas the R-test checks if the fore-
cast of one (reliable) model is significantly better (higher
skill) than the forecast of another (reliable) model.

In Figure 3, we show the log-likelihood for the different
models as a function of the six forecasts and, in the legend,
the cumulative values. From Figure 3 we see that one model
(DISS-BPT) has a log-likelihood equal to infinity (i.e., an
earthquake occurred when the model forecasted zero prob-
ability). The LTST model has lower finite log-likelihood
values with respect to the other models. This is likely due to
the smaller spreading of the spatial distribution of forecasts
given by the LTST model, which fail to predict the location of
some real events (see also Fig. 2).

In Figure 4, we compare observed earthquakes for each
EOmodel with the expected number of earthquakes. The aver-
age number of earthquakes for each model is calculated as

hNi≈−X
i

ln�1 − Pi�0��; (2)

where Pi�0� � 1 − �Pi�1� � Pi�2� � Pi�3��� for the i-th
cell. This approximation holds reasonably well when prob-
abilities and the expected number of events are small (and
consequently similar), as in the present case. In Figure 4,
we see that LTSTandDISS-BPT grossly fail to predict the num-
ber of observed events. The LTST’s forecasts lead to a much
higher average number of expected events, while DISS-BPT
goes in the opposite direction, underestimating the expected
number of earthquakes. As implicit in their nature, the ex-
pected number of earthquakes presents no significant varia-
tions through time for time-independent EO models, while
different kinds of time-variation are seen for time-dependent
EO models. These varying trends reflect basic differences in
the physical and geological components included in the time-
dependent models.
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The agreement between forecasts and observations in
terms of number of events—that is, spatial bins that have
experienced one or more earthquakes—is quantitatively
evaluated by the N-test (see Appendix). In Figure 5, we show
the values of δ (percentage of simulations generated by the
models in which the number of events is less or equal than
the observed number) for each forecast, and in the legend we
report the cumulative values of δ for the entire testing period.
Forecasts of the model are not reliable if δ < 0:025 (the num-
ber of observed events is significantly less than expected) or

δ > 0:975 (the number of observed events is significantly
more than expected). The cumulative N-test confirms that
the LTST and the DISS-BPT are not able to predict the number
of events for the entire testing period. Looking at each fore-
cast, DISS-BPT does not pass the N-test for two out of six
forecasts. On the other hand, the N-test rejects the LTST mod-
el in the first testing time interval and shows that the LTST
model constantly forecasts a higher number of earthquakes
for all time intervals. The low reliability of DISS-BPT and
LTST explains most of the large variability in the expected

Figure 2. Forecasts of the six models for six decades: 1950s–2000s. (Continued)
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number of earthquakes reported in Figure 4. The reliable
models present variability, in terms of the expected number
of earthquakes, which is less than what would be expected by
pure chance from a Poisson process. In particular, if we cor-
rect the rates of the MPS04 model to account for the presence
of possible aftershocks (see the description of the model in
the MPS04 [Gruppo di Lavoro MPS, 2004] section), the total
variability among the four reliable models is of a few ex-
pected earthquakes.

In Figure 6, we report the results of the L-test, both
for each specific forecast and the entire testing period. The
L-test, as described in the Appendix, also considers the spatial
component of forecasts, as well as the number of events taken
into account by theN-test (see also Zechar, Gerstenberger, and
Rhoades, 2010). The results show a scarce fit (when γ < 0:05)
of the spatial distribution for MPS04 and DISS-BPT. The LTST
model passes the L-test, although it shows a low spatial fit of
the observed events (Fig. 2). These results might appear

Figure 2. Continued.
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surprising, because LTST has low log-likelihood scores
(Fig. 3) and it has been rejected by theN-test (Fig. 5); actually,
this apparent inconsistency can be explained as an effect of the
systematic overestimation of the number of events given by
the LTST model (Fig. 4; also Schorlemmer et al., 2007).

Only models DBM, HAZFX-BPT, and HAZGRIDX
passed both tests at a 0.01 significance level. The failure
of model MPS04 deserves specific attention, being the basis
of the national seismic-hazard map (MPS04). In particular,
the failure of the L-test is due to earthquakes that occurred

offshore, where MPS04 provides a very low probability.
However, offshore earthquakes were not the original targets
of MPS04 because the national seismic-hazard map is used to
set the building code; as a general consideration, we may say
that target earthquakes inland or offshore should have a
different weight in the testing procedures if the model is or-
iented toward seismic risk mitigation. Hence, we run the tests
in a smaller area covering only onshore areas. In this case,
MPS04 passes both tests; therefore, we have decided to keep
this model as well for the next stages of the analysis.

Figure 2. Continued.
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The two models mostly based on faults, LTST and DISS-
BPT, fail at least one of two tests. The same results are found
considering only inland earthquakes. It may be surprising
that the DISS-BPT model fails the L-test, because the fault
distribution on the DISS3 database has been defined by also
including the most recent earthquakes that are the target
events in the testing procedure. This is probably due to:
(1) an erroneous geometry of the inferred seismic sources;
(2) epicenter uncertainties move some earthquakes off the
source projection at the surface; and (3) some Mw ≥5:5
sources are still unknown—and thus the source model is
incomplete. Failure of the L-test notwithstanding, the most
remarkable point is that this model fails the N-test. In other
words, even somehow fixing the problem of spatial distribu-

tion, this model forecasts many fewer earthquakes than were
observed. The failure of LTST and DISS-BPT to forecast the
right average number of earthquakes may be a symptom of
our still-limited knowledge of many relevant active faults and
paleoseismological data (e.g., completeness of the fault
database, realistic modeling of the seismic source from the
geometry of the faults, accurate estimation of the relevant
fault parameters such as slip rate, slip per event, timing of
paleoearthquakes, etc.).

To summarize, only HAZGRIDX, DBM, HAZFX-BPT,
and MPS04 pass to the next step of the testing phase, the

Figure 3. Log-likelihood test of the six EO models considered
in this study for each forecast (10 years each). The legend reports
the cumulative log-likelihood; -Inf refers to an infinite negative
likelihood.

Figure 4. Observed (black line) and the average number of
events expected by the models.

Figure 5. N-test results. The variable δ represents the percen-
tage of simulations generated by the models in which the number of
events is less or equal than the observed number. The two horizontal
dotted lines indicate the 0.05 significance level of the test. The le-
gend reports the cumulative significance level of the test for the
whole testing period.

Figure 6. L-test results. The variable γ represents the percen-
tage of simulations generated by the models in which the simulated
log-likelihood is smaller than the observed log-likelihood. A value
of γ < 0:05 indicates a significant difference between forecast
and model.

A Ten-Year Earthquake Occurrence Model for Italy 1203



R-test (see Table 1). The R-test is used to see if a model H1

performs significantly better than a model H2 (or not) under
specific assumptions (see Appendix; also Schorlemmer et al.,
2007). A positive log-likelihood difference means that H1

performs better than H2. The fourth column reports whether
the log-likelihood difference is statistically significant, ac-
cording to the Schorlemmer et al. (2007) interpretation of
the R-test. In this view, a model performs significantly better
than another if the p-value of the R-test is greater when the
log-likelihood is positive and smaller when we compare the
same models in the opposite order (negative log-likelihood).
More details can be found in Schorlemmer et al. (2007) and
the Appendix of this paper.

The R-test results of Table 1 indicate that HAZFX-BPT
has the best performances because its results are always bet-
ter than the other three models in terms of log-likelihood.
Models DBM, MPS04, and HAZGRIDX follow in order of
performances, with DBM being better than MPS04 and
HAZGRIDX and MPS04 being better than HAZGRIDX. The
last column of the table reports the probability gain per event
(PGpe), defined as

PGpe � exp
�
lH1

− lH2

N

�
; (3)

where lH1
− lH2

is the difference between the two log-
likelihoods and N is the number of target earthquakes. This
quantity gives an immediate picture of how model H1 per-
forms better than model H2. The intrinsic subjectivity of any
weight assignment procedure notwithstanding, we argue that
PGpe may represent a natural weight for each model.

Despite the fact that HAZFX-BPT appears to be the best
performing, it is worth noting that differences in terms of
log-likelihood (Fig. 3) are not statistically significant.
Moreover, we have to keep in mind that HAZFX-BPT has
the objective advantage of including information from faults
that are well known and mapped because they produced large
earthquakes in the testing period. In fact, from Figure 3, we
can see that HAZFX-BPT performs better than DBM in the
three decades in which the largest earthquakes occurred
(Friuli, 1976; Irpinia, 1980; L’Aquila 2009). MPS04 has

similar advantages because the zonation has been made by
also taking into account the occurrence of the earthquakes in
the testing period. The small PGpe difference among the
models corroborates the view that no model is significantly
better than the others. From a scientific point of view, we
note that the two time-dependent models (HAZFX-BPT and
DBM) are the best performing, even though the differences
with the time-independent MPS04 are not statistically signif-
icant using the R-test, in the form suggested by Schorlemmer
et al. (2007). On the other hand, as noted before, MPS04 has
some objective advantage with respect to DBM that is fully
prospective. For example, it only uses information available
before the date in which the forecast is issued. Such an
advantage smooths the real difference in the forecasting
capability of DBM and MPS04. Using a different procedure,
Lombardi and Marzocchi (2009) showed that DBM is signif-
icantly better than a time-independent smoothed seismicity,
but the results reported here do not yet prove the significance
and importance of the time-dependency in a forecasting time
interval of 10 years. Hopefully, future tests with a larger
dataset may bring much more robust conclusions on this
important issue.

Defining and Building the Best Model

In theory, the concept of best model may sound easy to
understand, but, in practice, what “best” means is far from
obvious. The selection of the best model is very common in
many fields, and there is no unique strategy to accomplish
this goal in a rational way. To this purpose, it is worth re-
marking the recent example of two important initiatives,
namely the Collaboratory for the Study of Earthquake Pre-
dictability (CSEP) experiments and the Unified California
Earthquake Rupture Forecast (UCERF), that follow different
attitudes in obtaining—or suggesting the best procedure to
define—the best model. Marzocchi and Zechar (2011) de-
scribe in detail this important issue. Here, we report only the
main features. The basic distinction of the CSEP and UCERF
approach is mostly related to a key issue, how much of
what we know about small-to-moderate earthquakes can be

Table 1
Results of the R-Test for the EO Models

Model H1 Model H2

Log-Likelihood
Difference [lH1

− lH2
]*

Is [lH1
− lH2

]
Statistically Significant?† PGpe‡

DBM HAZGRIDX + 17.75 NO 1.66
DBM MPS04 + 10.52 NO 1.35
HAZFX-BPT DBM + 11.81 NO 1.40
HAZFX-BPT HAZGRIDX + 29.56 YES 2.33
HAZFX-BPT MPS04 + 22.33 NO 1.89
MPS04 HAZGRIDX + 7.22 NO 1.23

*The log-likelihood difference [lH1
− lH2

] between the models for the whole testing period.
†Results of the statistical test (significance level of 0.01) according to the interpretation of the

R-test made by Schorlemmer et al. (2007).
‡PGpe, probability gain per event of the first model with respect to the second one.
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extrapolated from the largest earthquakes. The largest earth-
quakes are not frequent, therefore the CSEP experiments
mostly rank EOmodels by taking into account smaller events.
On the other hand, UCERF implicitly assumes that the largest
earthquakes may have peculiarities (for instance, they might
occur only in specific areas) that make them different from
smaller events. Because only very little data of large earthquakes
are available, UCERF builds the best model by adopting a signif-
icant amount of expert judgments. Expert judgment is necessary
when data are weak and in the presence of large uncertainties,
yet, contrarily, it usually moves the model against parsimony
and testability, which are two main concepts of science.

In order to achieve the best EO model for the Italian case,
there are a couple of relevant constraints/conditions that we
must consider. First, the available models are in the CSEP
format, and we have enough past target earthquakes to test
the models retrospectively. Second, the still limited number
of known active faults and paleoseismological and other pos-
sibly relevant data prevent us from seeking a broader consen-
sus model through some sort of expert judgment procedure.
These constraints and conditions lead us to the decision of
achieving the best model through a weighted average of
those models that produced reliable forecasts in the retro-
spective experiments (see The Retrospective Tests of the
Models: Reliability and Skill). In this case, the best model
is implicitly defined as the model that produces the best fore-
casts, according to a metric measurement established by the
statistical tests adopted. The weighted average has several
similarities with the logic-tree approach widely used in seis-
mic-hazard assessment. Here, the weight of each model is not
arbitrarily assigned, as is usually done in logic-tree applica-
tions, but it is assessed using the skill of the forecasts in the
retrospective test. This procedure is similar to what Rhoades
and Gerstenberger (2009) proposed: to mix two short-term
models that were focused on different aspects of the earth-
quake occurrence process.

In general, the use of the weighted average of the models
has some features and limitations that deserve mention. First,
the model average does not necessarily imply being closer to
reality. For instance, if we assume that the set of models used
to calculate the average also includes the true model (assum-
ing that a “true” model may exist), each kind of average will
produce forecasts that are worse than the forecasts of the sin-
gle true model. In other words, in practical applications we
never know which is the true model because of the ubiqui-
tous presence of epistemic uncertainty, but we emphasize
that the models’ average is not necessarily better than each
single model. Second, and related to the previous point, if the
epistemic uncertainty plays a major role, the variability
among the forecasts becomes of great interest because it
may be considered a measure of epistemic uncertainty. Third,
the results of the average depend on the selection of the mod-
els. For instance, if we consider a large number of models
based on very similar components, the final importance of
these components in the average map tends to be over-
weighted. Ideally, the selected models should be representa-

tive of the different views of the earthquake occurrence
process or account for the correlation among the forecasts.
Fourth, the average among models may account for different
aspects of the earthquake generation process (see Rhoades
and Gerstenberger, 2009). For instance, some models are
able to well describe the space–time clustering at different
scales, while other models may incorporate time recurrence
on major faults. In this case, the average model may or may
not provide more exhaustive forecasts that account for these
different aspects. Fifth, the combination of probabilities
through the average operator, in some cases, might pose con-
ceptual problems both from a theoretical and philosophical
point of view. Nonetheless, when probabilities are very
small, as in the present case, the difference between probabil-
ity and the expected number of earthquakes becomes negli-
gible; therefore, the average of probabilities can be seen as
the average of the expected number of events.

In the section The Retrospective Tests of the Models:
Reliability and Skill, we have seen that four out of six mod-
els, HAZFX-BPT, DBM, HAZGRIDX, and MPS04, show reli-
able forecasts. The R-test indicates that all models perform
similarly. Hence, we conclude that, at the present state of
knowledge, all EO models may be considered equally skilled.
Therefore we define the best model as the average model
(named AVE) that represents the average of the four EO mod-
els HAZFX-BPT, DBM, MPS04, and HAZGRIDX. In order to
check whether the model AVE is more skilled than any of the
single models, we run the same experiment carried out for
each model and described in section The Retrospective Tests
of the Models: Reliability and Skill. The results of the N- and
L-test are reported in Figure 7; the plot shows that the model
AVE produces accurate forecasts for the past six decades. The
results of the R-test are reported in Table 2, showing the high-
er skill of the model AVE with respect to the other models.

The AVE model has a small increase of skill with respect
to HAZFX-BPT. This can be due to the fact that HAZFX-BPT
has the clear advantage of using information of the testing
phase (i.e., the location and geometry of the faults that
produced the largest earthquakes during the past 60 years);
this leads the HAZFX-BPT model to perform particularly
well in forecasting the largest earthquakes of the testing
phase (Fig. 3).

In Figure 8, we show a map of future seismicity fore-
casts in Italy (2010–2019) predicted by the AVE model. In
Figure 9, we report the (COVof the map, the ratio of the stan-
dard deviation and average of the models’ forecasts. This
map highlights the areas where forecasts of individual mod-
els are similar or different. In particular, COV� 0means that
the forecasts of all EO models are identical; COV � 1 means
that the standard deviation of the forecasts of all EO models is
comparable to the average (areas with a large epistemic un-
certainty). The most striking evidence one can see from the
maps is that a large part of central Italy presents low COV
values, while the southern part is characterized by higher
COV values. This spatial variability indicates areas where EO
models have a strong or weak consensus. For example, some
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high values, as noted in the Puglia region and offshore from
Sicily, are probably consequences of the seismotectonic
zonation adopted by MPS04. In reality, the MPS04 assigns
very small probabilities in these regions because they are out-
side of the tectonic zonation, while other models do not.
Other high values of COV in southern Italy may be explained
by the use of time-independent and time-dependent models.
In fact, while southern Italy has been historically character-
ized by a high level of seismicity (high probability in time-
independent models), a time-dependent model based on clus-
tering (e.g., DBM) tends to provide comparatively higher
probabilities in other areas that have been recently character-
ized by higher earthquake frequency, like central Italy (see

Faenza et al., 2003; Cinti et al., 2004; Lombardi and Mar-
zocchi, 2009). Note that the scarce number of reliable models
(4) prevents us from providing a more complete character-
ization of the epistemic uncertainty, for instance, through
quantiles or an empirical distribution.

We emphasize the importance of considering the
spatial variability of the agreement among forecasts for risk
mitigation actions. For instance, let us consider two cities
with exactly the same low probability of large earthquake
occurrences (i.e., the same value in the AVE map), with the
second having a larger uncertainty; this means that the latter
may have a much greater probability of experiencing a large
shock with respect to the first one.
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Figure 7. Retrospective analysis of the AVE model: (a) log-likelihood; (b) number of predicted vs. observed earthquakes; (c) N-test
results; and (d) L-test results. The legend reports the cumulative log-likelihood in (a) and the cumulative significance level of the N-test and L-
test for the whole testing period in (c) and (d), respectively.

Table 2
Results of the R-Test for the EO Models Relative to the Comparison of the

Average (AVE) Model, with Respect to the Single Models*

Model H1 Model H2

Log-Likelihood
Difference �lH1

− lH2
�

Is �lH1
− lH2

� Statistically
Significant? PGpe

AVE HAZGRIDX + 29.91 YES 2.35
AVE MPS04 + 22.68 YES 1.91
AVE DBM + 12.16 YES 1.42
AVE HAZFX-BPT + 0.347 NO 1.01

*Column descriptions are the same as for Table 1.
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A Closer Look at the Best EO Model

In this section we examine the average EO map in the
framework of the Italian tectonics. We also discuss the re-
gions of the map showing the highest probability of occur-
rence, including information and evaluations based on data
not considered in the present EO models. Figure 10 reports
the EO map of Figure 8, and the details of the area discussed
in this section. The main goal of this section is to describe in
detail the different tectonic regions of Italy, where the aver-
age model shows either high EO probabilities or large varia-
bility among the different models.

Eastern Alps and Prealps

This belt shows an EO probability that is clearly high,
with respect to the rest of the Alpine belt (area 1 in Figs. 8
and 10). This is consistent with what is known from the ac-
tive tectonics of the central Mediterranean region, where the
Adriatic plate moves northward, creating compression along
the Alps. GPS data confirm these kinematics, although it
must be noted that a detailed estimate of the strain rate along
the whole Alpine belt is not yet available, due to poor
network coverage. Good constraints are available only for
the eastern Alps, thanks to the regional GPS network FredNet
(D’Agostino et al., 2005).

Individual seismogenic sources are relatively well de-
fined in this region, with a continuous belt where ML >6

earthquakes are expected from Friuli to Garda Lake (Fig. 8).

The high occurrence probability in this area comes from
all the models, with HAZFX-BPT suggesting a higher poten-
tial for the western sector. This includes the Montello fault
system where an ML 6.5 is expected by some authors (e.g.,
DISS, see Data and Resources).

Northern Apennines

In this area (area 2 in Figs. 8 and 10), ML 5–6 earth-
quakes (or even slightly larger) are frequent in the historical
catalog. Nonetheless, in the last 60 years only a few ML >
5:5 events occurred (Parma region, 1971, and the Colfiorito
earthquakes in 1997). This area includes both compressional
earthquakes of the external front (Parma, Reggio Emilia,
Bologna, Forlì, Adriatic coast, etc.), occurring mostly at a
15–20-km depth, and shallow (5–10 km) normal faulting
events in the internal sector of the Apennines, that is, Umbria
and Tuscany (Mugello, Garfagnana, High Tiber Valley, etc.).
This latter sector was very active at the beginning of the
twentieth century (Monterchi 1917, Mugello 1919, Garfag-
nana 1914 and 1920) but did not experience significant
events in the decades to follow until the Umbria earthquakes
in 1979 (Norcia), 1984 (Perugia–Gubbio), and 1997
(Colfiorito).

Our results show that the highest probability of occur-
rence is in the Apennines close to Forlì, where the four
models agree. The area near Parma and Garfagnana have
probabilities slightly higher than the surrounding re-
gions (Fig. 8).

Figure 8. Occurrence probabilities of M >5:5 earthquakes in
the AVE model for 2010–2019. This model is derived as an equally
weighted average of the four models that passed the tests (see text
for explanation).

Figure 9. Plot of the spatial coefficient of variation (COV) of
the four models used (see text for explanation).
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Central Apennines

This Apennine range (area 3 in Figs. 8 and 10) shows a
generally higher EO probability compared to the adjacent
peri-Tyrrhenian and peri-Adriatic areas. All models consis-
tently define the axial belt of the central Apennines (south of
Colfiorito to L’Aquila) as one of the most hazardous regions
in Italy. This derives from both the frequent ML 5–6 earth-
quakes that have occurred in the last few decades and from
some large (ML ∼ 6:5–7) infrequent events (1703, 1915).
Notably, this region also contains the best active faults map-
ping in Italy, leading to the development of some local
hazard models (e.g., Pace et al., 2006; Akinci et al., 2010)
that use more geological information with respect to the na-
tional models. According to some time-dependent models,
after the L’Aquila earthquake of 2009, the probabilities of
events in adjacent regions have increased. This includes
the area called “reatino” (from Rieti, Latium) where the
microseismicity rate has increased significantly after the
L’Aquila event.

In the southern part of the central Apennines, we note a
region with a high probability of occurrence (southern
Latium, Abruzzo, and Molise), where a long seismic swarm
started after the L’Aquila earthquake, and some major active
faults are known. These faults have been silent for many
centuries, at least since the large 1349 earthquake.

Gargano

The Gargano promontory appears to be an area of high
probability (Fig. 8 and area 4 in Fig. 10) mainly due to the
seismic sources used in HAZFX-BPT and (indirectly) in
MPS04. On the other hand, it also represents an area where
models show some uncertainty (Fig. 9). This may partially be
due to the fact that, as described earlier in this paper, the
knowledge of the seismic sources reported in DISS3 is lim-
ited, especially for repeat times and the elapsed time since the
last event. Interestingly, GPS data (Avallone et al., 2010)
show low strain accumulation in this area and suggest that
the tectonic loading of this area is low. This could imply that

Figure 10. Larger-scale view of selected areas from Figure 8, discussed in the section A Closer Look at the Best EO Model. Locations,
cities, and earthquakes mentioned in the text are shown. Open squares, city locations; full circles, major earthquakes.

1208 W. Marzocchi, A. Amato, A. Akinci, C. Chiarabba, A. M. Lombardi, D. Pantosti, and E. Boschi



repeat times of large earthquakes in this area are very long,
likely more than 1000 years.

Southern Apennines and Calabria

Apart from the southern Latium area described
previously, the whole southern Apennine region shows
relatively low probabilities in the AVE model for the next
10 years (area 4 in Figs. 8 and 10). However, Figure 9 shows
that this is the region with the largest uncertainty, due to the
sizable differences among the four models. Actually, both the
standard MPS04 map and the fault-based HAZFX-BPT model
show high probabilities in local patches of the seismic belt.
The averaging tends to lower these values, due to a low re-
cent seismic activity that tends to diminish the expected num-
ber of events for the DBMmodel. It is worth noting that many
large earthquakes (ML 6.5–7) of past centuries have occurred
in this sector of the Apennines (Matese 1805; Irpinia 1694,
1732, 1930, 1962, and 1980; Val d’Agri, 1857) and that the
knowledge of active faults in this area is incomplete and de-
bated. For instance, according to DISS3, the 1857 earthquake
also ruptured a northern fault segment (see Burrato and
Valensise, 2008) that, according to other studies, is a kind
of seismic gap (Moro et al., 2007). These two different inter-
pretations lead to two completely different scenarios in terms
of probability of occurrence, and this also validates the large
uncertainty shown by the AVE model. A similar circumstance
occurs for the Molise sector, where high probabilities are
found by HAZFX-BPT and the AVE model has lower values.

More to the south, Calabria shows some areas with high
probabilities in the AVE model, including the Messina
Straits, for which all models agree. It is worth noting that
the Pollino area (at the boundary between the southern Apen-
nines and Calabria), often depicted as a seismic gap area
(Cinti et al., 2002), does not show up as a critical area in
the AVE model. Accordingly, GPS data does not show a sig-
nificant deformation in the area south of the 1857 fault (Aval-
lone et al., 2010).

Sicily

Apart from the Messina Straits region, described with
Southern Apennines and Calabria, eastern Sicily shows med-
ium probability values in all four models (area 5 in Figs. 8
and 10). It is worth remarking that at least two large historical
earthquakes did occur in this area, but knowledge of the
active faults in this area is still poor, with some of them
probably hidden in the Ionian Sea. Central and western Si-
cily, where some moderate events occurred in the Tyrrhenian
offshore and in the Belice area (as in 1968), do not show high
probabilities for the next decade.

Discussion and Final Remarks

The main goal of the paper is to present an original earth-
quake occurrence map of Italy for the next 10 years. The
map benefits from recent activities, like the start of the CSEP

experiment in Italy and the results of the S2 project funded by
INGV/Dipartimento della Protezione Civile (2009–2010), in
which different earthquake occurrence models have been
tested to check their retrospective reliability and skill to repro-
duce the occurrence of past large earthquakes in Italy. The
golden rule for evaluating EO models is through real prospec-
tive tests (e.g., Jordan, 2006). Nonetheless, prospective tests
take time to be accomplished. In Italy, the first results of the
CSEP experiment begun in 2009 will not be available until
2014. In order to provide a first reliable ranking of the fore-
casting performances of the available EOmodels, we have run
a retrospective CSEP-type analysis (e.g., Werner et al., 2010;
Woessner et al., 2011). Specifically, the retrospective analysis
presented in this paper is applied to the EOmodels available in
a specific format to make the models comparable.Many other
models are already available, but they cover only part of the
Italian territory (e.g., Pace et al., 2006), have a nonhomoge-
neous format (e.g., Rotondi, 2010), and their retrospective
tests (see Werner et al., 2010) are not straightforwardly com-
parable to the ones presented here. Nevertheless, the upcom-
ing prospective CSEP results, to include other tectonic areas,
will certainly have a major influence on this type of initiative.

The finalmap is aweighted average of the EOmodels that
have produced reliable results in the past decades for the entire
Italian territory. In principle, the models may be ranked ac-
cording to their retrospective skill, but in the present cases
all reliable models seem to be almost equally skilled. We also
provide a map of uncertainty that is of fundamental impor-
tance for decision makers to select optimal risk-mitigation ac-
tions. The average map, being time dependent, requires
regular updates and is to include future developments of mod-
els, knowledge, and data. In this respect, we emphasize that
the models used here only marginally account for fault distri-
bution, and other information, like the deformation field, is
not included at all. We think that significant improvements
in the skill of the forecasts might be achieved using new
reliable geological information. In particular, geological in-
formation may be of paramount importance to constrain sig-
nificantly better the spatial distribution of large earthquakes
and the frequency–magnitude distribution of each area. At
the present state of knowledge, although representing a un-
ique effort and useful basis, the present nationwide reference
compilation of M ≥5:5 seismic sources (DISS3; Data and
Resources) is still largely incomplete and mostly contains
sources that produced an earthquake in historical times.
Sources that may be responsible for future ones are possibly
lacking. Besides the identification of the sources,many efforts
must still be made to estimate the source parameters (slip
rates, elapsed time, frequency–magnitude distribution, etc.)
and understand how the geometry observed in the field may
be used to forecast future large events.

Data and Resources

Legge 24 giugno 2009, n. 77, articolo 11: Interventi per
la prevenzione del rischio sismico (Law 77, article 11) is
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available from http://www.camera.it/parlam/leggi/09077l.htm
(last accessed March 2012). Funding from this law has been
available since 2010.

Plots were made using the Generic Mapping Tools, ver-
sion 4.2.0 (www.soest.hawaii.edu/gmt, last accessed April
2007; Wessel and Smith, 1998). Three out of six earthquake
occurrencemodels have used the Italian fault databaseDISS3,
freely available at http://diss.rm.ingv.it/diss/ (last accessed
December 2011). The CPTI08 seismic catalog was used
for the testing phase and Collaboratory for the Study of Earth-
quake Predictability (CSEP) experiment (provided by the Cat-
alogo Parametrico dei Terremoti Italiani [CPTI] Working
Group) and integrated for the last part of the testing period
with the data of the Centroid Moment Tensor (CMT) catalog
(http://www.globalcmt.org/CMTsearch.html, last accessed
January 2011). The CPTI08 catalog has been released only
for CSEP activities. The new catalog (CPTI11, Rovida et al.,
2011) is available at http://emidius.mi.ingv.it/CPTI11/ (last
accessed March 2012). Tectonic zonation is from http://
zonesismiche.mi.ingv.it/documenti/App2.pdf (last accessed
March 2004; in Italian).
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Appendix

The Test of the Earthquake Occurrence Models

The strategy adopted here is along the lines of the testing
procedures established by Regional Earthquake Likelihood
Models (RELM)/Collaboratory for the Study of Earthquake
Predictability CSEP projects (Schorlemmer and Gerstenber-
ger, 2007; Schorlemmer et al., 2007), introducing specific
changes in order to optimize the methodology to test EOmod-
els suitable for seismic-hazard assessment. The main differ-
ence with the CSEP tests is the forecast format. Here, the
models produce the probability to have 0, 1, 2, and 3 or more
earthquakes in a defined space–time–magnitude bin, while
CSEP experiments use the expected number of earthquakes
per bin.
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We perform two evaluations: (a) a goodness-of-fit test of
consistency of each EO model with observed data, and (b) a
comparison test of all pairs of EO models consistent with ob-
servations, for quantitatively evaluating the relative perfor-
mance. Note that sharing the same RELM/CSEP philosophy
leads to the possibility of comparing the results obtained in
the S2 project with other similar initiatives carried out under
the CSEP umbrella. All tests will be applied to a well-defined
testing area reported in Figure 1 (Schorlemmer, Christopher-
sen, et al., 2010; Schorlemmer, Mele, and Marzocchi, 2010).
Both area and grid are the same as were used in the Italian
CSEP experiment that started in August 2009.

The hypothesis under testing is expressed as a forecast
of earthquake occurrences per specified bins Bs��i;j;k� �
�Ti; Sj;Mk� in time (Ti), space (Sj), and magnitude �Mk�
of the whole spatiotemporal–magnitude window under test-
ing. For each bin, we define a binary variable es that assumes
either the value of 0 or, in the case that at least one earthquake
occurs inside the bin Bs, the value of 1. Hereinafter, we dis-
tinguish the terms “earthquake” and “event,” the latter repre-
senting the occurrence of one or more earthquakes in a
specific bin. Each EO model (named Hm) provides a prob-
ability P�esjHm�, that is, the probability to have the outcome
es (at least one or no earthquake) for any specific bin.

The test of consistency with observations and relative
performance of EO models is based on a direct comparison
of probabilistic forecasts (given by each EO model) and
observed occurrences in a testing time interval, independent
of the time period (learning) used to set up each EO model
under testing.

The Number-of-Events Test

The number-of-events test (N-test) is based on the com-
parison of expected and observed frequency of events
(Schorlemmer et al., 2007). The null hypothesis is that these
two numbers come from the same distribution. We formalize
this procedure as follows.

By following the procedure proposed by Albarello and
D’Amico (2008), for each EO modelHm, we simulate L syn-
thetic realizations of events es in spatiotemporal–magnitude
space, according to the discrete probabilistic function
P�esjHm�. Specifically, each synthetic dataset consists of a
sequence of stochastic realizations of variable es, generated
by the probability function P�esjHm�. Then, for each simula-
tion we compute the number of sites that have experienced
one or more earthquakes in each temporal bin Ti,
(N̂i;Hm

1 ;…; N̂i;Hm
L ), by summing the values of variable es in

all spatiomagnitude bins �Sj;Mk�. Finally, we evaluate an
eventual disagreement between the observed number N�

i
(i.e., the number of sites in which at least one earthquake
occurred during the time period Ti) and the theoretical distri-
bution (N̂i;Hm

1 ;…; N̂i;Hm
L ) by computing the quantile score

δHm
i given by

δHm
i � jN̂i;Hm

k =N̂i;Hm
k ≤ N�

i ; k � 1;…; Lj
L

: (A1)

ModelHm can be rejected at significance level α for time bin
Ti if δ

Hm
i is lower than α=2 or larger than 1 − α=2.

Note that, unlike the N-test developed for RELM/CSEP
evaluation (Schorlemmer et al., 2007), this test does not
check the number of earthquakes that have occurred in
each temporal bin, but considers events as previously
defined (i.e., the reliability to have at least one earthquake).
This implicitly means that we focus our attention on the
reliability of having earthquakes in each interval time, re-
gardless of the possibility of having more than one event.
In this way we neglect the physical mechanisms, such as the
co-seismic stress transfer, responsible for the space–time
short-term clustering of earthquakes. This choice is particu-
larly suitable for seismic-hazard models, for which the
emphasis is more on the occurrence (or not) of large earth-
quakes rather than on the exact number occurring in a fixed
time period. This test does not account for the spatial
distribution of the forecasts and earthquakes; this means that
a model may pass the N-test if it accurately predicts the
number of events but not their spatial location. The spatial
location will be considered by the L-test (see The Likeli-
hood Test).

We emphasize that the use of P�esjHm� instead of the
rate of events, as in CSEP experiments, also has another im-
portant advantage. Specifically, we do not need to assume
that the number of events in each bin follows a Poisson dis-
tribution, like in Schorlemmer et al. (2007). As a matter of
fact, this assumption may lead to significant biases in the
results, in particular for the time-dependent clustering mod-
els (see Lombardi and Marzocchi, 2010c).

The Likelihood Test

Likelihood computations are a very common statistical
tool for the evaluation of a statistical model. Unlike the N-
test, the likelihood test (L-test) permits evaluation of the
agreement of magnitude–spatial features, beside the tempor-
al evolution, between forecasts and observations.

The formulation of the L-test, presented in the following
discussion, assumes the statistical independence of events es
(see Schorlemmer et al., 2007).

For each time bin Ti, the likelihood of independent
events es for the EO model Hm is given by

Li;Hm
�

Y
�s∈B��

P�es � 1jHm�
Y

�s∈ ~B��
�1 − P�es � 1jHm��;

(A2)

or, in logarithmic scale, by

li;Hm
�

X
�s∈B��

log�P�es � 1jHm��

�
X
�s∈ ~B��

log�1 − P�es � 1jHm��; (A3)
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where B� is the set of spatiotemporal–magnitude bins in
which at least one earthquake occurs and ~B� is the comple-
mentary set, consisting of bins with no earthquakes.

By following Kagan and Jackson (1994), we compare
the time history of observed log-likelihood values l�i;Hm

with
the corresponding values (l̂li;Hm

;…; l̂li;Hm
) computed on L

synthetic stochastic realizations of variables es, simulated
in agreement with model Hm and similarly to the N-test.
Model Hm can be quantitatively tested by quantile

γHm
i � jl̂ki;Hm

=l̂ki;Hm
≤ l�i;Hm

; k � 1;…; Lj
L

(A4)

and rejected at a significance level α, if γHm
i < α (the

observed log-likelihood is much smaller than what would
be expected by the model). If γHm

i is very high, the observed
likelihood is much higher than the mean value expected by
the model. Because this situation leaves room for the possi-
bility that a model is good but smooths its forecast too much
(see Schorlemmer et al., 2007, for details), high quantile
values are not considered for model rejection (one-tailed
test). The L-test takes into account both the spatial compo-
nent of forecasts and the rate (Zechar, Gerstenberger, and
Rhoades, 2010). It is generally true that the simulated log-
likelihoods l̂ki;Hm

are greater or smaller than the observed log-
likelihood l�i;Hm

, when the numbers of simulated events are
more or less than the observed events, respectively. This
allows the forecasts to pass the L-test, whenever the spatial
distribution of forecasts fails to predict the occurrence of real
events (see Zechar, Gerstenberger, and Rhoades, 2010).

It is worth highlighting a main assumption of this test—
that there is spatial independence among bins. In other words,
it is assumed that the occurrence of earthquakes in a specific
bin during the testing phase does not alter the conditional
probability in adjacent bins. This assumption may be debata-
ble, in particular for the occurrence of small-magnitude earth-
quakes. Here, we assume that the effect on the L-test may be
considered negligible when large-magnitude earthquakes are
considered.

Likelihood-Ratio Test

The previous two tests permit the evaluation of the
goodness of fit of an EO model using observations. By per-

forming these tests on two competitive models,H1 andH2, it
cannot be ruled out that both models are consistent with the
observed data. In this case, it is advisable to investigate their
comparative performance, using a further test.

A measure that can be used to compare the performance
of two models on a testing dataset is the likelihood-ratio test,
outlined by Kagan and Jackson (1994). This measure con-
sists of a pairwise comparison between models that are con-
sistent with both the N- and L-tests. The statistic of the
likelihood-ratio test is given by the difference in log-
likelihoods (computed on whole temporal intervals) of
two competitive forecasts, H1 and H2:

R12 � lH1
− lH2

: (A5)

This indicates which model fits the data better: if
R12 > 0, then H1 provides more likely forecasts; if R12 < 0,
then H2 performs better. Supposing that R12 > 0, we have to
judge the statistical significance of a better performance by
modelH1. Originally, the likelihood-ratio test was conceived
for nested models. In comparing earthquake forecast models,
most of the times the models are not nested, complicating the
interpretation of the test. Schorlemmer et al. (2007) sug-
gested one possible strategy to test the significance of the
R-test results. Specifically, L synthetic realizations of events
es are produced assuming that H1 is the right model and the
likelihood ratios (R̂H1;1

12 ;…; R̂H1;L
12 are calculated for the simu-

lated catalogs. Then, the same procedure is followed, assum-
ing that H2 is the right model and the likelihood-ratios
(R̂H2;1

21 ;…; R̂H2;L
21 ) are calculated for the simulated catalogs.

Using this procedure, the model H1 is significantly better
than H2 if the fraction of synthetic likelihood-ratios
(R̂H1;1

12 ;…; R̂H1;L
12 ) is large (for instance, higher than 0.10) and

the fraction of synthetic likelihood-ratios (R̂H2;1
21 ;…; R̂H2;L

21 ) is
small (for instance, less than 0.01).
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