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[1] Time-invariant, long-range, and short-range forecasting models were fitted to the
earthquake catalogue of Greece for magnitudes 4.0 and greater to optimize their ability to
forecast events of magnitude 6.0 and greater in the period 1966—1980. The

models considered were stationary spatially uniform and spatially varying Poisson
models, a long-range forecasting model based on the precursory scale increase
phenomenon with every earthquake regarded as a precursor according to scale, and
epidemic type short-range forecasting models with spatially uniform and spatially
varying spontaneous seismicity. Each of the models was then applied to the catalogue for
1981-2002, and their forecasting performance was compared using the log likelihood
statistic. The long-range forecasting model performed substantially better than the
time-invariant models, and the short-range forecasting models performed substantially
better again. The results show that the information value to be gained from modeling
temporal and spatial variation of earthquake occurrence rate, at both long and short range,
is much greater than can be gained from modeling spatial variation alone.
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1. Introduction: Earthquake Forecast and Its
Verification

[2] A variety of approaches have been applied to the
forecasting of earthquakes. Some are based on empirical
observations of precursory phenomena, others on physical
modeling of the earthquake process, and a third class on
statistical analysis of patterns of seismicity.

[3] Regarding the third class, there is growing interest in
the use of space-time point process models to describe
regional earthquake occurrence. In such models, the earth-
quake catalogue for a region is regarded as the realization of
a point process described usually by a generalized Poisson
distribution with each event characterized by its location-
time-magnitude coordinates (x, y, ¢, m), and the process as a
whole is defined by a limited number of free parameters.
Specification of the parameters allows the computation of
the earthquake occurrence rate density on a continuous
space-time-magnitude domain. This formulation allows
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the estimate of the likelihood function of an earthquake
catalogue, and the assessment of the maximum likelihood
(ML) parameters of the model. Another possibility given by
such formulation is the computation of the likelihood ratio
(performance factor) of two models based on a given
catalogue, as a measure of their relative information value,
with one model considered as a null hypothesis [Rhoades
and Evison, 1979, 1989; Evison and Rhoades, 1997; Kagan
and Jackson, 2000]. This allows a systematic approach to
improvement of the models through formal testing of the
value of proposed refinements. Such an approach is now
being applied in regional earthquake likelihood model
(RELM) testing in southern California (D. Schorlemmer
and M. C. Gerstenberger, RELM Testing Center, submitted
to Seismological Research Letters, 2005; D. Schorlemmer et
al., Earthquake likelihood model testing, submitted to
Seismological Research Letters, 2005; R. Console et al.,
Real time forecasts through an earthquake clustering model
constrained by the rate-and-state constitutive law: Compar-
ison with a purely stochastic ETAS model, submitted to
Seismological Research Letters, 2005).

[4] Progress is being made with developing the Epidemic
Type Aftershock Sequence (ETAS) branching model of
seismicity that offers a quantification of earthquake inter-
actions. The ETAS model has been used in many studies to
describe or predict the spatiotemporal distribution of seis-
micity and reproduces many properties of real seismicity
(see Ogata [1998], Console and Murru [2001], Console et
al. [2003], and Helmstetter and Sornette [2002, 2003] for
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reviews). In this model the clustering of earthquakes is
described by a process in which every earthquake is a main
shock with its own aftershock sequence decaying according
to the modified Omori law, and with magnitude distribution
following the Gutenberg-Richter law. Although the decay in
time, described by the Omori law, may have temporal
variations up to very large timescales, this model is con-
ventionally considered to be a short-range forecasting
model because the temporal variation of an earthquake’s
contribution to the subsequent seismicity rate is greatest
immediately after the earthquake occurs.

[5] Console and Murru [2001] and Console et al. [2003]
showed that a simple clustering model of the ETAS type
exhibits a much higher likelihood than the time-invariant
Poisson hypothesis. Most of the information value of such
models derives from their ability to forecast small after-
shocks. Here we examine their ability to forecast the largest
earthquakes in a catalogue.

[6] Progress is also being made with long-term forecast-
ing models based on patterns of seismicity that evolve on a
timescale of a few years to a few decades. Of principal
interest here is a model based on the precursory scale
increase phenomenon [Evison and Rhoades, 2001, 2004]
and the associated predictive scaling relations. Rhoades and
Evison [2004, 2005] fitted such an EEPAS (Every Earth-
quake a Precursor According to Scale) forecasting model, to
the New Zealand earthquake catalogue, and subsequently
applied it, with most parameters unchanged, to recent
periods of the catalogues of California and Japan. In both
cases it was shown to be more informative than a baseline
Poisson model fitted to earlier periods of the same cata-
logues. It has also been fitted at lower magnitudes to the
National Research Institute for Earth Sciences and Disaster
Prevention (NIED) catalogue of the Kanto region, central
Japan, with similar results [Rhoades and Evison, 2006]

[7] Although the ETAS and EEPAS models are numeri-
cally different, it is intriguing to speculate that they might
both be linked to the physical process of earthquake
triggering by coseismic stress changes. In this regard, it
has been shown that earthquake triggering (e.g., ETAS, rate-
and-state friction) models are sufficient to explain some
general features of the precursory scale increase phenome-
non, i.e., an increase in the number and average magnitude
of earthquakes before a main shock [Helmstetter et al.,
2003]. However, the same models have not been shown to
offer any specific explanation of the associated predictive
scaling relations.

[8] A number of methods dealing with precursory seis-
micity changes that are not applied in this study have
already been published in the seismological literature during
the last few decades. For instance, a series of numerical
algorithms to make intermediate term earthquake predic-
tions have been developed by a Russian group under the
direction of V. I. Keilis-Borok using pattern recognition
techniques [Keilis-Borok, 1990, 1996]. Belonging to this
series, the M8 intermediate-term earthquake prediction
algorithm was designed by retroactive analysis of dynamics
of seismic activity preceding the greatest, magnitude 8.0 or
more, earthquakes worldwide, hence its name [Keilis-Borok
and Kossobokov, 1987].

[v] More recently a group of researchers have applied a
new approach to earthquake forecasting based on a Pattern
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Informatics (PI) method to various zones of the world like
California and Japan [Chen et al., 2006; Holliday et al.,
2005; K. Z. Nanjo et al., Pattern informatics and its
application for optimal forecasting of large earthquake in
Japan, submitted Pure Applied Geophysics, 2005]. This
technique can be used to detect precursory seismic activa-
tion or quiescence and make earthquake forecasts. It quan-
tifies temporal variations in seismicity patterns with the
objective to reduce the areas of earthquake risk relative to
those given by long-term hazard assessments.

[10] Every forecast hypothesis needs a robust statistical
validation, to be carried out on data sets that are different
from those used for their set up [Console, 2001]. This
statistical validation should take into account not only the
number of successes, but also the rate of false alarms and
missed alarms produced by the method under analysis. The
concept of probability gain [4ki, 1981, 1989] has received a
considerable credit for this purpose. The retrospective and
forward validation of the M8 and other methods developed
by the same above mentioned group is mainly based on this
concept.

[11] Another forecast verification procedure is based on
the Relative Operating Characteristic (ROC) diagram that
has been long used for forecast verification in the atmo-
spheric sciences (e.g., in binary forecasting of tornadoes, El
Nifios) The ROC diagram considers the fraction of failures
to predict and the fraction of false alarms. Molchan [1997]
has used a modification of this method to evaluate the
success of intermediate term forecasts. The Akaike infor-
mation criterion (AIC) has also become quite popular
among seismologists as a method for comparing two or
more forecasting models [see, e.g., Ogata, 1998]. This
method takes into account the different number of free
parameters to be assessed under different hypotheses, and
can be used without an independent data set for testing.

[12] In this study we are using the above mentioned
performance factor, i.e., the ratio between the likelihood
of the same earthquake catalogue under two different
hypotheses. Here we want to stress the fact that the concept
of likelihood considers the probability density of the events
that have actually occurred, as well as the integral of that
density over the total spatiotemporal considered [Console
and Lombardi, 2002]. In this respect the likelihood ratio
takes full account of the quantity of alarms, and penalizes
models that make this number larger.

2. Time-Invariant Models of Seismicity

[13] Conceptually, the simplest models are time-invariant,
and are based on the notion that earthquakes continually
recur on the same sources. Time-invariant models are
widely used in probabilistic seismic hazard analysis as a
basis for engineering design of structures, where the time
frame of interest is the expected life of the structure, usually
from a few decades to a few centuries. In practice, the
models are complex because of the incorporation of several
different kinds of data, including instrumental, historical
and paleoseismicity, rates of fault slip and Earth deforma-
tion patterns, and subjective judgments of various kinds.
The long time frame of interest and the model complexity
have put barriers in the way of systematic testing, so that the
information value of many recent refinements is unknown.
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In contrast, the simple time-invariant models considered
here are derived solely from the earthquakes in the instru-
mental catalogue.

[14] Time-invariant models of seismicity play two roles in
this study. First, they are needed as reference models against
which time-varying models can be compared. Second, they
are used as models of the spontaneous component of
seismicity (i.e., to initiate new clusters) within short-term
clustering models. We consider two different time-invariant
models, which are both forms of a stationary Poisson
model. These are the spatially uniform Poisson (SUP) and
spatially varying Poisson (SVP) models. The former model
has value mainly as a model of least information.

[15] For the magnitude distribution of both models, we
assume the validity of the Gutenberg-Richter law:

w(x,y,m) =, (x,y)B8e 2 me), (1)

where |(x, ¥, m) is the space density of earthquakes of
magnitude equal to or larger than m; po(x, v) = p(x, y, my) is
the space density of earthquakes of magnitude equal to or
larger than m,; B is a characteristic parameter of each
seismogenic area, supposed to be approximately indepen-
dent of time and of the space coordinates; 3 is linked to the
well-known b parameter by the relationship 3 = 5 In(10).
[16] The space-magnitude density of earthquakes is

No (X, 3, m) = g (x, ) m=mo), (2)

In both equations (1) and (2) the choice of m, is not critical,
provided that the set of data is complete above it.

[17] Inthe SVP model, we regard the space density p(x, »)
as a continuous, smooth function of the geographical
coordinates (x, y). It is obtained by a Gaussian smoothing
of the catalog, following the method introduced by Frankel
[1995] (see Appendix A). In the SUP model the space
density is uniform, and hence independent of location (x, y).
It is given by the number of events of magnitude above m
in each cell divided by the total surface area considered. In
both models the catalogue used in the smoothing process is
not declustered.

3. Short-Range Forecasting Models Based on
Earthquake Clustering

[18] Here we consider the short-term clustering properties
of earthquakes and give a brief outline of the method for
modeling the interrelation of any earthquake with any other.
Though the interaction among earthquakes can be physi-
cally justified by the modification in the stress field caused
by a dislocation on a fault, this method is based on a purely
statistical approach. The details are given by Ogata [1998],
Console and Murru [2001], and Console et al. [2003,
2006].

[19] It is widely recognized that the occurrence of a
seismic event has influence on the probability of occurrence
of future ones. In our clustering models we assume that all
previous earthquakes can induce further seismic activity as
in the epidemic model (ETAS) introduced by Ogata [1989,
1998]. Hence the expected resultant rate density of seismic
events, taking into account the influence of the previous
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inducing earthquakes (x;, y;, t;, m;: i =
written as

1, ..., N), can be

N
>\(X:J’a t7m) :ﬁxo(xayvm) + ZH(t - tl')>\i(X7y7 Z m)7 (3)

i=1

where f,. is a factor called the ““failure rate (i.e., the ratio
between the expected number of independent events and the
total number of events), \o(x, ¥, m) represents the time-
invariant background seismicity expressed as in (2), ¢; is the
occurrence time of the earthquakes, the total number of
which is N, H(?) is the step function, and N\(x, y, £, m) is the
single contribution of the previous earthquakes. The first
and the second term on the right hand side of (3) represent
the time-invariant “spontaneous” and the time-varying
“induced” seismicity, respectively. The rate density corre-
sponding to any ecarthquake is the sum of these two
components. We consider two different versions of (3), in
which the spontaneous component \og(x, y, m) represents
either the SUP or SVP model. The corresponding epidemic
models are denoted SUP-E and SVP-E, respectively. The
form of the induced seismicity component is the same for
both models.

[20] We hypothesize that the contribution of any previous
earthquake (x;, y;, t;, m;) to the occurrence rate density of the
subsequent earthquakes is decomposable (for ¢ > ¢;) into
three factors, respectively representing the time, space and
space magnitude distribution, as

>\i(x7y7 Z m) = Kh(t - tl')/-(x — XY _yi)BeOmligm7 (4)

where K and « are constant parameters and A(¢) and f(x, y)
are the time and space densities, respectively.

[21] For the time dependence, we adopt in a general way
the modified Omori law [Ogata, 1989] that is to be applied
to any of the subsequent earthquakes with respect to all the
previous ones:

h(t) = (t+¢)77, (5)

where ¢ and p are characteristic parameters of the process. If
p > 1, h(f) can be normalized to integrate to 1 by applying
the constant factor (p — 1) ", but if p < 1, the integral of
h(f) is infinite, implying that each earthquake induces an
infinite number of subsequent earthquakes, although only a
finite number in any finite time interval. Here we do not
restrict p to be greater than 1, because we wish to optimize
the fit of (5) over small values of ¢.

[22] We model the spatial distribution of the induced
seismicity by a function fix — x;, y — ;) that has circular
symmetry around the location (x;, y;) of a triggering event
of magnitude m; and is normalized to 1. In polar
coordinates,

) (g-1) d2a-1)
f(”79)—7m7 (6)
where 7 is the distance from (x, y) to (x;, ;) and d is equal to
dy 107 m2 g4 that the average triggering distance of the
aftershock zone is proportional to the square root of the
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main shock rupture area, as observed in real data [Kagan,
2002]. In this way, d depends on the magnitude of the
triggering event. The free parameters d and ¢ control the
shape of the distribution.

[23] As to the dependence on the magnitude m; of the
previous earthquakes, we are introducing here a general-
ization of the Reasenberg and Jones [1989] hypothesis
(see Appendix B), that is coincident with our algorithm
only if a = 3.

[24] The set of parameters has to be adjusted in order to
reach the best fit of the respective models to the data. The
procedure adopted in this study reflects that used by
Console and Murru [2001] and Console et al. [2003] and
previously introduced by Ogata [1998]. It consists in
searching for the maximum of the log likelihood function
of a realization of seismic events described by a catalogue

5 v iy my j =1, .., N}

N ,
InL =" In[\(x;,3,5,m;) Vo] —/ / / />\(x7y, t,m)
J=1 XY 7T M

- dxdydtdm, (7)
where V, = [x[y[r[s dxdydidm is a coefficient whose
dimensions are equal to those of the inverse of the rate
density N(x;, y;, t;, m;).

4. Long-Range Forecasting Model Based on the
Precursory Scale Increase

[25] In the seismicity of well-catalogued regions from a
variety of tectonic settings, major shallow earthquakes are
usually preceded in the long term by an increase in both
the magnitude level and the rate of occurrence of minor
earthquakes, in an area not much larger than that later
occupied by the epicenters of the major earthquake and
its aftershocks. This is the precursory scale increase (V)
phenomenon. Evison and Rhoades [2004] presented 47
examples of the W phenomenon and from each one of
them tabulated the main shock magnitude, M,,, the
precursor magnitude Mp (defined as the average magni-
tude of three largest precursory earthquakes), the precur-
sor time Tp (the time between the onset of W and the
main shock) and the area Ap of the region in which the
phenomenon was observed. They showed that all of these
variables are linked by simple scaling relations, and that
Mp is predictive of the magnitude, time and location of
the major earthquake through linear regressions of M,
logTp and logdp on Mp.

[26] The EEPAS forecasting model, introduced by
Rhoades and Evison [2004, 2005], is a space-time point
process model which adopts the ¥ predictive scaling
relations, but sets aside the problem of recognizing the ¥
phenomenon before the major earthquake occurs. It applies
the predictive relations to all earthquakes, regarding each as
a long-term precursor of larger earthquakes to follow later.
The probability of future earthquake occurrence is derived
directly from past earthquakes in the catalogue, with every
earthquake making a transient contribution, as in the epi-
demic models described above. The general form of the
model is identical to equation (3), but the second term no
longer represents induced seismicity. Rather, it quantifies
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the strength of the evidence that a long-term seismogenic
process is taking place for an earthquake at a given time,
magnitude and location. The contribution of the ith earth-
quake to the rate density is

Ni(x, 3, 8,m) = win(m;)fii(£)gui(m)hi(x,y), (8)
where w; is a weighting factor, ) is a normalization function
to ensure that the forecast is consistent with the Gutenberg-
Richter law, and f1;, g1;, and h;; are probability densities for
time, magnitude and location, respectively. The time density
/1 1s lognormal and takes the form

. 1 x| L (log(t — 1) —ar — brm; 2
fli(t)i(l‘*lj)()’]‘ln(lo)\/iﬂ'_( p|: 2( or ) :|7
9)

where az, by, and o7 are parameters. The magnitude density
g1, s normal and takes the form

(m) = ! ex ! <m7— M — me’)z (10)
81i ou /—21_( p 2 ou )

where ay,, by, and o,, are parameters. The location density
hy; is bivariate normal with circular symmetry and takes the
form

1 —x) + ()
hi(x,y) = 2od 10Pm XP [— 203100 ;o (1)

where o, and b, are parameters. The normalization function
is

2
) = 20 exp 5 (an + (b~ 1+ %) |, 12
where 3 is as in (1) and E(w) is the mean weight of
earthquakes in the catalogue, which can be estimated at any
time by the average over past earthquakes.

[27] When a magnitude threshold of completeness m,, is
applied, an adjustment must be made to compensate for the
missing contribution from earthquakes with magnitude
below m, as explained by Rhoades and Evison [2004]
(see Appendix C).

[28] In previous applications of the model, two different
weighting strategies have been applied: a strategy in which
all earthquakes are assigned equal weights and one in which
aftershocks are down weighted. Only the latter strategy is
employed here, because it tends to improve the performance
of the model by a small margin. The weights w; take values
in the interval [0,1] and are derived from the rate densities
of a quasi-static baseline model, fashioned after a model
proposed by Jackson and Kagan [1999], and a model
incorporating aftershocks, which bears many similarities
to the epidemic model described above, but has some
intentional differences. These models each have a set of
parameters, (a, d, and s) and (p, ¢, oy, v, K, and 0),
respectively, which must be fixed or estimated before the
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Map of Greece showing (a) the polygonal region of surveillance and main tectonic features

and (b) epicenters of earthquakes with M > 4.0 in the period 1966—2002.

EEPAS model is fitted [Rhoades and Evison, 2004]. See
Appendix C for details.

5. Application to the Catalogue of Greece

[20] In this study we fit and test the models described
above using the non declustered instrumental catalogue of
the seismicity of Greece [Papazachos et al., 2005] from
1966 through 2002, focusing on the polygonal region of
surveillance shown in Figure 1.

[30] The study area is a well-catalogued seismically
active region incorporating a variety of tectonic styles. It
belongs to the extensional back-arc Aegean region that
includes south Bulgaria and former Yugoslavia, northern
and central Greece, southern Aegean volcanic arc, and the
southwestern and central western Turkey (Figure 1). The
Aegean region is one of the most active tectonic regions of
the Alpine-Himalayan belt, with its most prominent tectonic
feature the subduction of the eastern Mediterranean litho-
sphere under the Aegean Sea [Papazachos and Comninakis,
1970] along the Hellenic Arc. The seismicity is very high
throughout the arc, which is dominated by thrust faulting
with a NE-SW direction of the axis of maximum compres-
sion. A belt of thrust faulting runs along the southwestern
coasts of Yugoslavia and continues south along the coastal
regions of Albania and northwestern Greece, resulting from
continental collision between Outer Hellenides and the
Adriatic microplate. The direction of the maximum com-
pression axis is almost normal to the direction of the
Adriatico-lonian geological Zone. Between continental col-
lision to the north and oceanic subduction to the south, the
dextral strike-slip Cephalonia Transform Fault (CTF) is
observed [Scordilis et al., 1985] in agreement with the
known relative motion of the Aegean and eastern Mediter-
ranean. McKenzie [1978] showed that the northward motion
of the Arabian plate pushes the smaller Anatolian plate

westward along the North Anatolian Fault, continuing along
the North Aegean Trough (NAT) region, which is the
boundary between the Eurasian and south Aegean plates.
Right-lateral strike-slip motion associated with the North
Anatolian Fault (NAF) appears to become more distributed
in the north Aegean Sea, which is characterized by a
combination of right-lateral shear and extension. This
motion is transferred into the Aegean but in a southwesterly
direction. The long-term seismogenesis of the recent
large earthquakes in this region has been discussed by
Papadimitriou et al. [2006].

[31] The catalogue considered for the analysis (see the
polygon in Figure 1) is complete and homogeneous for
magnitudes M > 4.0 from 1966 up to date. Inside the region
of surveillance, 16,410 earthquakes are listed in the cata-
logue for the period analyzed, which we split into two
subsets: a learning period from 1966 through 1980 com-
prising 4476 earthquakes, and a test period from 1981
through 2002 comprising 11,934 earthquakes. To avoid
edge effects, the catalogue from 1950 on, including earth-
quakes outside the region of surveillance but within the
latitude range 33.0°-42.5°N and longitude range 18.0°—
30.0°E, was used to generate the forecasts for all time-
dependent models. Though this early part of the catalogue
cannot be considered complete, its inclusion has some effect
on the expected rate of the earthquakes especially at the
beginning of the analyzed period. In this respect, the
completeness of the early part of the catalogue is not a
critical issue, because only the events of larger magnitude
have a stronger and longer duration. In a similar way, it is
important to consider also the events outside the edges of
the analyzed area, but close to it, for their possible contri-
bution to the expected rate of earthquakes inside the
polygon.

[32] The log linear frequency versus magnitude plot of
earthquakes in the learning set deviates markedly from the
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Figure 2. Frequency magnitude relation for earthquakes in
the region of surveillance in the learning period 1966—
1980. The line shown has slope b = 1.3.

usual Gutenberg-Richter relation (Figure 2). The observed
nonlinearity would be only partially explained by postulat-
ing catalogue incompleteness below M 4.5. The maximum
likelihood estimate of the b value [Aki, 1965] varies
significantly with the choice of lower magnitude threshold
(Figure 3), and takes values ranging from 1.0 to 1.7, with an
average of 1.3, for magnitude thresholds within the range
4.0 to 5.0. The models to be compared all have b value as a
parameter, but are sensitive to its value in different magni-
tude ranges. The time-invariant models depend only on the
b value above magnitude 6.0, which is close to 1. The short-
range forecasting models are sensitive to the b value across
the range of magnitudes, but the larger an earthquake is, the
more it contributes to the hazard. The EEPAS model is also
sensitive to the b value across the range of magnitudes
through the normalization function (equation(12)), but earth-
quakes in the range 4.0 < M < 5.0 contribute most to the
rate density for 6.0 < M < 6.5. The normalization thus
depends on a value that will give a good estimate of the
number of earthquakes with M > 6.0 from the number in
the range 4.0 < M < 5.0. After all these factors were
taken into account, 1.3 was adopted as the b value for the
data above M 4.0 as average over all the magnitude range
for the time-invariant, short-range and long-range fore-
casting models.

[33] The time-invariant models, SUP and SVP, were
normalized to the total number (19) of earthquakes with
M > 4.0 in the learning set. For the SVP model, the spatial
distribution of seismicity p(x, y) was fitted to the learning
period of the catalogue by interpolation from a grid of
100 x 120 cells, each having a size of 10 x 10 km, centered
on the point 38°N, 24°E. For the short-range forecasting
models, SUP-E and SVP-E, we fixed some of the param-
eters in order to restrict the number of degrees of freedom
and get a more robust fit. Specifically, we imposed g = 1.5,
and o = 3, with b = 1.3. The other parameters of the SUP-E
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Figure 3. Maximum likelihood estimate of the Gutenberg-
Richter b value in the region of surveillance for 1966—1980,
and its uncertainty (2 standard errors), as a function of
minimum magnitude threshold.

and SVP-E models were fitted to the learning set, using
maximum likelihood. In order to get a more robust determi-
nation of the free parameters, all the earthquakes with M >
4.0 in the learning set have been considered as target events
in the best fit. The fitted values are listed in Table 1.

[34] Itis instructive to compare the parameters of the SUP-
E and SVP-E models. The value of £, is lower for SUP-E than
for SVP-E, reflecting the lack of spatial information in the
time-invariant component. The value of p is lower also,
which means that the time distribution of the so-called
induced seismicity has a longer tail, perhaps compensating
for the lack of spatial information in the time-invariant
component.

[35] For the long-range forecasting model, EEPAS, we
again fixed some of the parameters in order to get a more
robust fit. We imposed b,, = 1 (a value which is consistent
with perfect scaling of magnitudes and which removes the
magnitude dependence from the normalization function 1),
b7=10.40, and b, = 0.35. The latter two values are the slopes
of regressions of log 7Tp on Mp and log Ap on Mp,
respectively, obtained from 47 examples of the ¥ phenom-
enon by Evison and Rhoades [2004]. We also imposed f, =
0, after checking that this value was close to optimal. In
addition, several parameters of the aftershock model used in
the determination of the weights w; were fixed at the values
used in previous studies [Rhoades and Evison, 2004, 2005]:
namely, ¢ = 0.03 day, p = 1.2, oy =0.0056, and 6 = 0.7. The
three parameters of the baseline model (a, d, s) and the
remaining two parameters of the aftershock model (v, k)

Table 1. Fitted Parameters of the Short-Range Forecasting
Models, SUP-E and SVP-E, Optimized Over the Period 1966—
1980, and a Threshold Magnitude m,. = 4.0

SUP-E SVP-E
K, days”™"! 0.000642 0.000656
¢, days 0.00976 0.0197
p 0.907 1.033
d, km 1.600 1.548
£ 0.144 0.456
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Table 2. Fitted Parameters of the Long-Term Forecasting Model
EEPAS and the Associated Baseline and Aftershock Models
Optimized Over the Period 1966—1980
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Table 4. Performance of Models on 1981-2002 Data Set

m. = 6.0 (Number of m. = 6.5 (Number of
Target Events 24) Target Events 8)

EEPAS Associated Models Model AlnL/N G AInL/N G
Parameter Value Parameter Value SUP 0.0 1.00 0.0 1.00
SVP —0.16 0.85 —0.33 0.72
a (1)'38 g 09'18374 EEPAS 1.26 351 0.98 2.66
aM 1'00 s 250 >< 1077 SUP-E 1.81 6.11 1.16 3.19
U; 0.44 v o421 SVP-E 1.71 5.99 1.15 3.16
0y 3.34 K 0.0477

were fitted by maximum likelihood to the learning period.
Then, with these parameters all fixed and with m. = 6.0, the
free parameters of the EEPAS model were fitted to the
learning period, again using maximum likelihood. The fitted
parameter values are listed in Table 2.

[36] Comparing the fitted values with those in previous
applications of the EEPAS model, a notable feature of
Table 3 is the relatively low value of ar = 1.0 (c.f. ar =
1.50 in Table 1 and 1.32 in Table 4 of Rhoades and Evison
[2005]). If all other parameters were equal, this would
indicate a typical precursor time, which is less than half
as long as in New Zealand and Japan. However, the value of
o7 here (0.44) is nearly double that used in previous studies
(0.23), suggesting a relatively high variability of precursor
time within the present region of surveillance. It can
probably be attributed to the fact that the strain rates differ
significantly between different regions of our study area
[Papazachos and Kiratzi, 1996], and that the variability of
the strain rate is reflected in that of the precursor time.

[37] The aim is to establish the predictive power of the
short-range and long-range forecasting models relative to
the time-invariant models for earthquakes of significant
impact on the population, neglecting the obvious value of
the short-range models in forecasting conventional after-
shock activity soon after main shocks. Thus we consider the
likelihood of the observed earthquakes under the various
models taking as target events only the strongest earth-
quakes. We have arbitrarily selected two different lower
magnitude thresholds: m. = 6.0 and m. = 6.5, in each case
adopting an upper magnitude threshold of m, = 8.0 (which
is substantially larger than 7.5, the greatest magnitude in the
catalogue since 1950). The numbers of target earthquakes in
the learning set are 19 and 7, respectively. In the testing set
the numbers are 24 and 8, respectively.

[38] The likelihood statistics are given in Table 3 where
for each model we list the value of AlnL/N, where AlnL is
the difference between the log likelihood of the model in

Table 3. Results of Fitting the Models to the 1966—1980 Data Set

m. = 6.0 (Number of m. = 6.5 (Number of
Target Events 19) Target Events 7)

Model AInL/N G AlnL/N G

SUP 0.0 1.00 0.0 1.00
SVP 0.47 1.60 0.62 1.86
EEPAS 1.30 3.65 0.61 1.83
SUP-E 1.57 4.81 2.01 7.46
SVP-E 1.73 5.64 2.40 11.02

question (InL), calculated using equation (7), and the log
likelihood of the model of least information (SUP model),
and N is the number of earthquakes with M > m,_ in the
region of surveillance over the learning time period. The
probability gain per earthquake G = exp(AInL/N) is also
reported in Table 3, because it has been preferred by the
authors of some previous studies [Helmstetter et al., 2006].
In some ways AInL/N gives a more meaningful score,
because it is additive rather than multiplicative, while G is
much more sensitive to very high scores for individual
earthquakes.

[39] These statistics are a measure of the information rate
per earthquake of each of the models, relative to SUP,
although the values may be biased by the fitting of the
models to this data set. The values in Table 3 indicate that
the information value of the models increases from SUP
in the order SVP, EEPAS, SUP-E, SVP-E for m.= 6.0. Thus
the spatially varying time-invariant model is more informa-
tive than the spatially uniform time-invariant model, the
long-range forecasting model is more informative than the
time-invariant models, and the short-range forecasting mod-
els are more informative still.

[40] To obtain an unbiased evaluation of the information
value of the models, we must test them on a new and
independent data set [Console, 2001]. Here we use the time
period 1981-2002 in a quasi-prospective way. In this
testing phase, the likelihood of each model is evaluated
using the parameters obtained from the learning phase. The
results are given in Table 4.

[41] The information rate per earthquake is markedly
reduced for the SVP and SVP-E models with m,. = 6.0,
indicating that the larger earthquakes have a different spatial
distribution in the test period than in the learning period. In
contrast, the information value of the EEPAS model is
similar to the learning period. Table 4 demonstrates that
both the long-range and short-range forecasting models
have a much higher information value than the time-
invariant models. However, the information value of the
models now increases in a different order SVP, SUP,
EEPAS, SVP-E, SUP-E.

[42] A more detailed analysis of the single contribution of
each target event to the information value of the forecasts is
shown in Figure 4. Figure 4 shows the evolution of the
performance factor, i.e., the likelihood relative to the model
SUP, for each of the models SVP, EEPAS, SUP-E and SVP-E
over the test period (1981-2002). Each vertical step corre-
sponds to a target event, and the step is positive if the
occurrence rate predicted by the model is larger than that
predicted by the SUP model (i.e., the model forecasts the
event). Conversely, the step is negative if the expected
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Figure 4. Evolution of the performance factor of the SVP,
EEPAS, SUP-E, and SVP-E models with respect to the SUP
model computed in steps of 20 days for the test period
(1981-2002): (a) for a target magnitude threshold M. = 6.0
and (b) for a target magnitude threshold M, = 6.5.

occurrence rate for the clustering model is smaller than that
of the Poisson model (i.e., the model fails to forecast the
event). The line segment between any two consecutive steps
describes the trend of the performance factor in the nonoc-
currence time periods. Its slope is positive if the occurrence
rate predicted by the model is smaller than that predicted by
the SUP model, and vice versa.

[43] As seen in Figure 4, the large performance factor of
the short-range forecasting models is mainly due to a
limited number of earthquakes that occurred as part of a
cluster, i.e., they occurred in the influence space time
volume of previous events. For the target magnitude thresh-
old M,, = 6.5 this circumstance occurred only twice of a
total of 8 events. For the target magnitude threshold
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Figure 5. Observed rate of earthquake occurrence (num-
ber of earthquakes per 20 day period) for M > 4 (points)
compared with expected rates of occurrence under the
models SUP/SVP, EEPAS (M > 6), and SUP-E for the test
period 1981-2002 (lines). Only the left-hand ordinate scale
applies to the observed numbers, and only the right-hand
scale applies to the EEPAS model. Both ordinate scales
apply to the other models.

3.00 10.00 100.00

Figure 6. Average rate of earthquake occurrence for M >
6.35 over the year 1995 under the EEPAS model, using data
up to the end of 1994. The rate is expressed relative to a
reference scale (RTR) in which there is an expectation of
1 earthquake per year exceeding any magnitude m in an area
of 10™ km?. The star marks the epicenter of the M6.6
earthquake of 13 May 1995, 0847:17.0 UT.
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Figure 7. Instantaneous rate of earthquake occurrence
(RTR) for M > 6.35 at 0840 UT on 13 May 1995 under the
SVP-E model. The star marks the epicenter of the 6.6
Kozani earthquake of 13 May 1995, 0847:17.0 UT. See
Figure 6 caption for definition of RTR scale.

M,, = 6.0, 8 events of a total of 24 exhibited a performance
factor larger than 10. In some cases a high performance
factor arose because of the large expected rate density for
earthquakes with M > 6.0 which themselves can be con-
sidered aftershocks of larger earthquakes. This was the case
for two clusters which occurred in 1981 and for another in
1983. In the first cluster, the M6.4 event of 25 February
1981, with coordinates 38.14°N, 23.09°E, was preceded the
previous day by a stronger M6.7 event, and followed 9 days
later by another 6.3 event. In the same year, the M6.5 event
of 27 December 1981, with coordinates 38.81°N, 24.94°E
was preceded 8 days earlier by its M7.2 main shock. Finally,
the M6.2 event of 23 March 1983, which occurred on the
Cephalonia fault segment, was the strongest aftershock of
the M7.0 main shock of 17 January 1983. In other cases a
high performance factor arose because of the occurrence of
small foreshocks which occurred just prior to an earthquake
with M > 6.0.

[44] In contrast, the high value of the performance factor
for the long-range forecasting model is the result of a larger
number of relatively small gains. For a majority of earth-
quakes with M > 6.0, the performance factor is greater than
1, but there are no really large performance factors for
individual earthquakes, such as are seen for the short-range
forecasting models.

[45] For a better understanding of the difference between
the various models we compare the observed rate of M >
4.0 events with expected rates of earthquake occurrence
under each model, as a function of time (Figure 5). The
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expected rate is constant for the SUP and SVP models,
slowly varying for the EEPAS model, and rapidly varying
for the SUP-E and SVP-E models. The rate for the SVP-E
model is not shown in Figure 5 but is very similar to that for
SUP-E. The observed rate is more variable than any of the
modeled rates.

6. Examples of Forecasts Pertaining to
Particular Earthquakes

[46] The rate of earthquake occurrence (M > 6.35) under
the long-range and short-range forecasting models is illus-
trated for particular times and subsets of the region of
surveillance in Figures 6—10. For easy comparison, the
rates are expressed relative to a reference (RTR) scale in
which there is an expectation of one earthquake per year
exceeding any given magnitude m in an area of 10™ km?.
Figures 6—8 refer to a region surrounding the epicenter of
the M6.6 Kozani earthquake of 13 May 1995 at
0847:17.0 UT. The EEPAS forecast, based on the catalogue
up to the end of 2004 and averaged over the whole of the
year 1995, is shown in Figure 6. Figures 7 and 8 show the
rate of occurrence under the SVP-E model at two instants of
time 7 min apart, 0840 and 0847 UT, respectively. The
Kozani main shock occurred 17 s after 8.47 am. As Figure 6
shows, the average rate of occurrence under the EEPAS
model for 1995 was about 0.5 RTR, and for this magnitude
range, there would be little variation of the EEPAS model
forecast over a time period as short as 1 year. The instan-
taneous rate under the SVP-E model at 0840 on 13 May

41°

40°

RTR

0.00 0.01 0.10 0.30 1.00 10.00 100.00

3.00

Figure 8. Instantaneous rate of earthquake occurrence
(RTR) for M > 6.35 at 0847 UT on 13 May 1995 under the
SVP-E model. The star marks the epicenter of the 6.6
Kozani earthquake which occurred 17 s later. See Figure 6
caption for definition of RTR scale.
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Figure 9. Average rate of earthquake occurrence (RTR) for
M > 6.35 over the year 1995 under the EEPAS model, using
data up to the end of 1994. The star marks the epicenter of the
M®6.4 Aigion earthquake of 15 June 1995 at 0015:49.0 UT.
See Figure 6 caption for definition of RTR scale.

1995 was about 0.1 RTR (Figure 7), with no recent earth-
quakes in the vicinity contributing to the epidemic compo-
nent of the model. However, following the occurrence of a
foreshock of magnitude 4.5 at 0843 UT, the rate was raised
to about 100 RTR (Figure 8), which gave a large boost to
the performance of the SVP-E model. The proximity of the
foreshock to the main shock, in both time and location,
caused the short-range forecasts of both the SVP-E and
SUP-E models to be far superior to the long-range forecast
of the EEPAS model. However, a foreshock occurring so
close in time (4 min before) would hardly be useful for a
real-time forecast, for two reasons. First, it is not generally
practicable to produce a short-range forecast within such a
short time interval, and second, every small earthquake in
the catalogue, whether a foreshock or not, would in princi-
ple have a similar short-term impact on the estimated rate of
occurrence.

[47] Another major earthquake in 1995 was the 6.4
Aigion earthquake of 15 June 1995. The EEPAS model
forecast for 1995 in the vicinity of the epicenter of this
earthquake is shown in Figure 9. As Figure 9 shows, the
EEPAS model gave an average rate of about 3 RTR for
1995 at the epicenter. Figure 10 shows the instantaneous
SVP-E model forecast just before the occurrence of the
Aigion main shock at 0015:49.0 UT on 15 June 1995. On
this occasion, no foreshock occurred sufficiently close to the
time and location of the main shock to boost the rate to a
high value. As Figure 10 shows, the rate under the SVP-E
model was about 0.5 RTR. The long-range forecast provided
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by the EEPAS model was therefore more informative for this
event than the short-range forecast.

7. Conclusion

[48] These present tests of the relative performance of
time-invariant, long-range and short-range forecasting
models illustrate that the preparation of a major earth-
quake is often signaled by precursory changes in the
patterns of earthquake occurrence in time, space and
magnitude. Even though the precursory signals are noisy,
they are strong enough so that both long-range and short-
range time-varying estimates of earthquake occurrence are
far superior to time-invariant estimates. It is likely that
the time-varying estimates will provide opportunities for
improved planning of countermeasures against earth-
quakes on various timescales.

[49] The present study points to opportunities for future
research aimed at improving the long-range and short-range
forecasting models. Two immediate prospects are evident.
First, short-range forecasting could perhaps be improved by
adopting a long-range forecasting model, rather than a time-
invariant model, for the spontaneous component of seismic-
ity. Second, long-range forecasting could perhaps be
improved by allowing for the fact that any forecasted
earthquake is likely to have its own aftershocks, and that
some of the aftershocks may be above the magnitude
threshold that is of interest. Finally, the likelihood-based
approach adopted here and elsewhere allows a systematic
approach to improved forecasting by the formal testing of

RTR
100.00

1
0.00 0.01 3.00

0.10

0.30 1.00 10.00

Figure 10. Instantaneous rate of earthquake occurrence
(RTR) for M > 6.35 at 0015 UT on 15 June 1995 under the
SVP-E model. The star marks the epicenter of the 6.4
Aigion earthquake which occurred 49 s later. See Figure 6
caption for definition of RTR scale.
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proposed model refinements, and may lead, in the long run,
to much improved forecasting models on a variety of
timescales, that make use not only of earthquake catalogue
data, but of other related geophysical data and modeling.

Appendix A: Smoothing in the SVP Model

[50] In the SVP model, the smoothing algorithm intro-
duced by Frankel [1995] is adopted. First, the region to be
analyzed is subdivided into square cells of appropriate size.
The number of earthquakes N, in cell k represents the
maximum likelihood estimate of N, for that cell (for earth-
quakes above mg). The grid of N; values is spatially
smoothed by multiplying these values by a Gaussian func-
tion with correlation distance d. For each cell k, the
smoothed value N, is obtained from

5y S (-1
D CXP(_Aiz/dz)

where A, is the distance between the centers of the kth and
Ith cells. In equation (6), N is normalized to preserve the
total number of events. The optimal parameter d for the
Gaussian function is obtained by means of the criterion
outlined by Console and Murru [2001]. It consists of a trial
and error search for the maximum likelihood of a
subcatalogue containing about half of the total number of
events, under the model obtained from the other half.

[5s1] The values of NV, obtained so far still change abruptly
from one cell to another. In order to obtain a continuous
function, the single value of po(x, y) is computed by
interpolation between the four cells whose centers surround
the point (x, y). The result is given as number of events per
cell size, in the total time spanned by the catalog. In order to
have it in units of number of events per unit time and per
unit area, it must be divided by the total time of the input
catalog and the area of a cell.

Appendix B: Number of Aftershocks

[52] Reasenberg and Jones [1989] (RJ) analyzed numer-
ous aftershock sequences in California. They counted the
number of aftershocks which occurred after main shocks
within suitably defined space and time volumes of influ-
ence. Their analysis leads to the conclusion that the number
N of aftershocks so defined depends on the main shock
magnitude through

N = Nol0Ptm=m),

where N, is a parameter characterizing the productivity of a
given sequence, b is the slope of the Gutenberg-Richter
frequency-magnitude distribution, m is the main shock
magnitude, and m is the completeness magnitude above
which the aftershocks are catalogued.

[53] The main physical implication of the RJ model is that
for b = 1 the number of aftershocks is proportional to size of
the fault area, if we assume that the log of the fault area and
the log of the seismic moment scale with m and 1.5m,
respectively.
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[s4] The importance of this model consists in the pres-
ence of the » parameter in the exponential modeling the
aftershock production. So, as the same b parameter appears
with a minus sign also in the frequency-magnitude distri-
bution, it follows that the total number of aftershocks
produced by all the main shocks of a given magnitude class
is the same as that produced by a magnitude class smaller or
larger by one unit.

Appendix C: Adjustment and Weighting in the
EEPAS Model

[55] An adjustment to the EEPAS rate density is neces-
sary when a lower magnitude threshold m is applied to the
precursory earthquakes. To compensate for the missing
contribution from earthquakes below magnitude m,, the
estimated rate density \(¢, m, x, y) should be inflated by a
factor of 1/A(m), given by

A(m) :@(’”“‘M‘bM’”" “’@B), (1)

oM

where @ is the standard normal integral.

[s6] Weights in the EEPAS model are computed using a
quasi-static baseline model and an aftershock model
[Rhoades and Evison, 2004]. In the baseline model, which
is fashioned after a model proposed by Jackson and Kagan
[1999], the rate density Xy depends on Proximity to Past
Earthquakes (PPE) in the catalogue. The PPE model has the
form

No(t, m7x7y) = fo(t)go(m)ho(x,y), (C2)
where f is the time function, g, is the magnitude density

and h is the density for location. The time function is given
by

_ 1
Ct—t

Jo(o)

(C3)

The magnitude density is that implied by the Gutenberg-
Richter frequency-magnitude law:

go(m) = Bexp[—p(m —m.)], (C4)
where (3 is defined as in equation (1). Finally, the function /¢

is the sum, over all earthquakes from time ¢, up to, but not
including, time ¢, of smoothing kernels of the form

hoi(r;) = a(m; — mc)% (ﬁ) +s, (C5)
where r; is the distance in km between (x, ) and the
epicenter (x;, y;) of the ith earthquake; a is a normalization
constant; d is a smoothing distance; and s is a small constant
to allow for earthquakes far from past earthquakes.

[57] The aftershock model (with rate density \) is of the
form

N(t,m,x,) = vho(t,m,x,y) + 5> _N(t,mx,y),  (C6)

=ty
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where \q is as above; v is the proportion of earthquakes that
are not aftershocks; k is a normalization constant; and \;
takes the form

N(t,m,x,y) = foi(t)gai(m) hai(x, y)- (€7)

Here, f5;, g»; and h,; are functions for time, magnitude and
location of the aftershocks of the ith earthquake. The time
distribution follows the modified Omori law, i.e.,

p—1

failt) = H(t = 1;) (R

(C8)

where #; is the time of the ith earthquake and ¢ and p are
parameters with ¢ > 0 and p > 1. The magnitude distribution
follows the Gutenberg-Richter law, with the stipulation that
the magnitude of an aftershock is smaller than that of its
main shock by at least § units, i.e.,

&i(m) = H(m; — & — m)Bexp[—B(m — m,)]. (C9)

Note that g,; is not a probability density in that it does not
integrate to 1. The spatial distribution of aftershocks is
given by

2 2
hyi(x,y) = ! |: (x —x)"+(y — i)

2703, 10m 202,10m

}, (C10)

where o, is a constant parameter.
[s8] To assign a low weight to aftershocks, the following
weighting factor is applied:

_ uNo(ti, mi, Xi, i)

= . cll
" N (i, mi, xi,y1) (€1
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