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Abstract

The “Every Earthquake a Precursor According to Scale” (EEPAS) model uses minor earth-
quakes in a catalogue to forecast major earthquakes, based on the precursory scale increase
phenomenon and associated predictive scaling relations. It has previously been applied to
regional earthquake catalogues for medium-term forecasting of earthquakes with target
magnitudes exceeding thresholds in the range M 5.0–6.0 using previous earthquakes about
two magnitude units below the target threshold, depending on the completeness of the
catalogue. Here, we apply it to the ISC-GEM global earthquake catalogue and test its ability
to forecast earthquakes with target magnitudes exceeding M 7.5, i.e., the largest and most
important earthquakes for assessing earthquake hazard. We use background models based
on both smoothed seismicity and spatial variation of strain rate estimates. The models
are fitted to the period 1994–2013, with 85 target earthquakes, and tested on the period
2014–2019, with 19 target earthquakes. The EEPAS model shows larger information gains
over a smoothed seismicity model than in most regional applications. Also, a hybrid com-
posed of EEPAS, smoothed seismicity and the strain rate outperforms a hybrid consisting
only of smoothed seismicity and strain rate components. These preliminary results suggest
that EEPAS may be useful for forecasting the largest earthquakes globally but should be
followed up by transparent prospective testing. There are several avenues for improvement
of EEPAS modeling.

Keywords: earthquake forecasting; statistical seismology; earthquake likelihood model;
strain-rate model; earthquake hazard

1. Introduction
The largest earthquakes in the world can cause both widespread strong shaking and

serious induced perils, such as landslides and tsunamis. Learning how to forecast them is
important for understanding the time variation of seismic hazard and risk and is key for
enhancing earthquake preparedness and countermeasure planning.

Improved forecasting of large earthquakes is not easily achieved. There is no known
single observation that can be used to forecast the occurrence of a large earthquake within
narrow time and space limits with high probability. Therefore, earthquake forecasting exists
in a low-probability environment [1]. However, the last three decades have seen progress in
the development of synoptic forecasting models, which estimate the expected earthquake
occurrence as a function of time, magnitude and location within a region of surveillance.
This progress has been encouraged by prospective testing experiments of the Collaboratory
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for the Study of Earthquake Predictability (CSEP) [2,3]. Some models have already proved
useful for public earthquake forecasting and in hazard and risk applications. The overriding
scientific goal is that, with further development of individual models, the formation of
hybrids and the inclusion of new and improved data inputs, the information gains will
progressively accumulate to increase the usefulness of the best forecasting models on all
timescales. This is the “brick by brick” approach to earthquake forecasting enunciated by
Jordan [1]. Here, we describe a small step towards achieving the overriding goal.

Earthquake forecasting models can be grouped by timescale into short-term, medium-
term and long-term models [4]. Short-term models typically have a time horizon ranging
from hours to months. They most commonly aim to capture the temporal and spatial
variation of seismicity associated with short-term clustering, including the phenomena of
foreshocks, mainshocks and aftershocks. Well-known models in this class are the Epidemic
Type Aftershock model [5] and the Short-Term Earthquake Probability model [6]. Some
models including non-seismic precursory phenomena and physics-based modelling also
belong to this class [7,8]. Long-term models typically have a time horizon of decades to
millennia. These models are commonly applied for probabilistic seismic hazard analysis [9]
and aim to estimate the spatial variation of the long-term average rate of earthquake occur-
rence in a region, usually based on expected recurrence of ruptures on known faults and/or
spatial smoothing of the locations of past earthquakes [10,11]. Medium-term forecasting
models cover the gap between these two classes by offering a time horizon ranging from
months to decades. A well-studied model in this class is the “Every Earthquake a Precursor
According to Scale” (EEPAS) model [12]. It aims to capture temporal and spatial variation
of seismicity associated with medium-term clustering.

The EEPAS model provides the medium-term component of practical earthquake
forecasts issued following major earthquakes in New Zealand since 2011 [13]. It has
previously been fitted to and tested on other regional catalogues, but not to a global
catalogue [12,14–16]. EEPAS has been included in regional CSEP testing in California, New
Zealand and Japan [17–19]. Here, we scope its potential for global forecasting by fitting
it to a global catalogue, with a view to submitting it for future transparent testing and to
planning technical elaborations of the model to improve its forecasting performance.

The availability of a homogeneous earthquake catalogue with a low magnitude of
completeness over a long period is necessary for developing dependable forecasting models.
An advantage of global catalogues is that they contain frequent large earthquakes to test
forecasting models against. Regional earthquake forecasting experiments have tended to
adopt low target magnitude thresholds (e.g., M5.0 for medium- and long-term models,
and M4.0 for short-term models) to obtain statistically significant results within a testing
period of a few years. However, with such low thresholds, not all target earthquakes
contribute significantly to hazard and risk. A disadvantage of global catalogues is their lack
of completeness at low magnitudes; the smaller events play an important role in forecasting
the larger earthquakes in EEPAS. Careful choice of input and target magnitude thresholds
is needed to obtain sufficient completeness at lower magnitudes to support fitting of a
global EEPAS model.

The EEPAS model is usually fitted with the Proximity to Past Earthquake (PPE)
smoothed seismicity model as background. The PPE model has a rate density that varies
continuously in space and time. Here, as an alternative and additional background model,
we consider a gridded earthquake likelihood model based on a global strain rate model [20].
This is a natural step because strain rates and earthquakes are physically linked, and it
has already been shown that combining strain rates with smoothed seismicity produces
improved earthquake likelihood models [21,22]. The strain rate model is derived from
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Global Navigation Satellite System (GNSS) data over the period 1990–2013 and does not
incorporate time variation.

2. Materials and Methods
2.1. Precursory Scale Increase and the EEPAS Model

The precursory scale increase (Ψ) phenomenon [23] is an increase in the rate of occur-
rence and magnitude of minor earthquakes observed to occur in the medium term before
the occurrence of major earthquakes in well-catalogued regions. The medium term here
ranges from months to decades, depending on the magnitude of the major earthquake
(mainshock). Each identification of Ψ is associated with a mainshock magnitude Mm, a
precursor magnitude MP, a precursor time TP and a precursory area AP that encompasses
the precursory earthquakes, mainshock and aftershocks. TP is the time between the onset
of precursory seismicity and the occurrence of the mainshock, and MP is the average of the
three largest precursory earthquake magnitudes.

The EEPAS model is based on three empirical predictive scaling relations derived
by Evison and Rhoades [23] using 47 identifications of Ψ from the catalogues of Japan,
California and northern Mexico, Greece and northwest Türkiye, and New Zealand. Further
examples of Ψ have been identified in Australia and in synthetic earthquake catalogues
generated by physics-based earthquake simulators [24,25]. The predictive relations for Mm,
TP and AP, given MP, are:

Mm = aM + bM MP; log TP =aT + bT MP; and log AP =aA + bA MP, (1)

where aM, bM, aT , bT , aA and bA are linear regression parameters.
The EEPAS model [12] is not aimed at identifying the Ψ-phenomenon. Instead, it

regards every earthquake as a precursor of larger events expected to follow it in the medium
term. Taking its magnitude as an instance of MP, it uses the Ψ predictive relations to forecast
the distribution of the time of occurrence t, magnitude m and location (x, y) of the expected
following events. For a precursory earthquake at time ti, with magnitude mi and location
(xi, yi), the associated probability densities take the form

f (t|ti, mi) =
H(t − ti − l)

(t − ti)σTln (10)
√

2π
exp
[
−1

2

(
log (t − ti)− aT − bTmi

σT

)]
, (2)

where l is a time lag between the time of occurrence of an earthquake and its inclusion in
the model, H(s) = 1 if s > 0 and zero otherwise, and aT , bT and σT are time parameters;

g(m|mi) =
1

σM
√

2π
exp

[
−1

2

(
m − aM − bMmi

σM

)2
]

, (3)

where aM, bM and σM are magnitude parameters; and

h(x, y|xi, yi, mi) =
1

2πσ2
A10bAmi

exp

[
− (x − xi)

2 + (y − yi)
2

2σ2
A10bAmi

]
, (4)

where bA and σA are area parameters. Equation (2) is based on the predictive relation for
TP, assuming a lognormal distribution for the time of occurrence. Equation (3) is based on
the predictive relation for Mm, assuming a normal distribution for magnitude. Equation (4)
is based on the predictive relation for AP, assuming a circular bivariate normal distribution
for location. There is an obvious connection between the parameters aM, bM, aT , bT and bA

in the EEPAS model and the parameters of the same name in Equation (1), but the EEPAS
parameters are fitted independently of the Ψ scaling relations.
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The contribution of the ith precursory earthquake to the EEPAS model rate density is
given by

λi(t, m, x, y) = wi f (t|ti, mi)g(m|mi)h(x, y|xi, yi, mi). (5)

where wi is a weighting factor that allows some precursory earthquakes to be more highly
weighted than others.

The time-varying component of the EEPAS model is a normalized sum of the con-
tributions from all precursory earthquakes with a magnitude not less than a threshold of
completeness m0 and time of occurrence ti not less than a starting time t0:

λEEPTV(t, m, x, y) = ∑
ti≥t0,mi≥m0

η(mi)λi(t, m, x, y)
∆(m)

, (6)

where t0 is the starting time of the earthquake catalogue, η is a normalizing function
and 1/∆(m) compensates for missing contributions from precursory earthquakes with
magnitudes less than m0, which are not in the input catalogue. Here,

∆(m) = Φ

(
m − aM − bMm0 − σ2

Mβ

σM

)
, (7)

where β = bEEPln 10 and bEEP is the Gutenberg–Richter b-value [26] that best relates the
number of input earthquakes to the number of target earthquakes.

The rate density λEEPTV is defined for target magnitudes m above a magnitude cutoff
mc and for epicentral locations (x, y) within a region of surveillance R. Typically, mc is cho-
sen to be about 2 units larger than m0 to ensure satisfactory completeness of the precursory
earthquake contributions for all target magnitudes. Allowing for multiple background
models, the EEPAS model forecasts the rate density through a convex linear combination
of λEEPTV with nB background rate densities {λBi, i = 1, nB} :

λEEPAS(t, m, x, y) =
nB

∑
i=1

µBiλBi(t, m, x, y) + λEEPTV(t, m, x, y), (8)

where µBi is the proportional contribution of λBi to the mixture. If µ = ∑nB
i=1 µBi, then the

proportional contribution µEEPTV of λEEPTV to the mixture is 1 − µ. This contribution is
accounted for in the normalizing function η, defined for a given magnitude v by

η(v) =
bM(1 − µ)

E(w)
exp

[
−β

(
aM + (bM − 1)v +

σ2
Mβ

2

)]
, (9)

where β is related to the b-value as in Equation (7) and E(w) is the mean weight of earth-
quakes above the input magnitude threshold m0. The normalizing function ensures that in
the long run the forecasted earthquakes and the earthquakes in the catalogue have similar
average rates of occurrence and magnitude distributions [12].

2.2. PPE Model

EEPAS has usually been applied with a single smoothed seismicity background model
based on proximity to the epicenters of past earthquakes (PPE) [12,27]. The PPE model has
rate density

λPPE(t, m, x, y) =
βexp[−β(m − mc)]

t − t0
∑

mi≥mc ;t0≤ti<t

[
a(mi − mc)

1
π

(
1

d2 + r2
i

)
+ s

]
(10)

https://doi.org/10.3390/geosciences16070267

https://doi.org/10.3390/geosciences16070267


Geosciences 2026, 16, 267 5 of 20

where β is as in (7); ri is the distance in km between (x, y) and (xi, yi); a is a normalization
constant; d is a smoothing distance parameter; and s is a small constant to allow for
earthquakes occurring far from past earthquakes. The likelihood calculation for the PPE
model has a component that depends on integrating the rate density over the time, region
of surveillance and magnitude range of the target sets of earthquakes used for fitting and
testing. In previous regional modeling, this integration was performed using great-circle
distances between points but with an otherwise flat-Earth approximation of the Earth’s
surface. Such an approximation has sufficient accuracy if the maximum distance between
any two points in the region of surveillance is only a small fraction of the circumference of
the Earth. In the global model, it is necessary to take the finite area and curvature of the
Earth’s surface into account when performing this integration.

2.3. ISC-GEM Earthquake Catalogue

The ISC-GEM earthquake catalogue, developed by the International Seismological
Centre (ISC) and the Global Earthquake Model (GEM) project, is a global catalogue be-
ginning in 1900 [28]. Version 10.0 of the catalogue, which is used here, covers the period
1900–2019. The catalogue is considered complete for magnitude 6 and above from 1964
on [29]. Accordingly, the input data for this study is restricted to earthquakes with magni-
tude M ≥ 5.95 and depth ≤ 40 km from 1964–2019. The aim is to forecast target earthquakes
with magnitude M ≥ 7.45. For the purposes of model fitting and testing, this period is
divided into a warm-up period from 1964 to 1993 to accommodate the precursors to target
earthquakes, a fitting period from 1994 to 2013 with 85 target earthquakes, and a testing
period from 2014 to 2019 with 19 target earthquakes. Figure 1 shows the locations of
relevant earthquake subsets in the ISC-GEM catalogue.

 

Figure 1. Earthquakes with magnitude M ≥ 5.95 and depth ≤ 40 km in the ISC-GEM catalogue in
the period 1964–2013 (green dots) and target earthquakes with magnitudes M ≥ 7.45 in the fitting
period 1994–2013 (red stars).

2.4. GSR Model

We use the second invariant of the global strain rate model (GSRM v2.2) by
Kreemer et al. [20]. GSRM v2.2 was derived from more than 24,000 velocity observations
using GNSS data from the period 1990–2013. GSRM v2.2 has been used in the Global
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Earthquake Activity Rate (GEAR1) model for global shallow earthquakes with magnitude
M ≥ 6 [21].

The gridded strain rates are defined in cells 0.1 degrees in latitude and longitude
between longitudes 87.5◦ N and 87.5◦ S. This restricts the region of surveillance R for all
models in our study to be the entire globe except for the polar regions with latitudes greater
than 87.5◦. The gridded strain rates are zero in many cells. We convert these rates into a
time-invariant global strain rate (GSR) earthquake likelihood model [30,31] for magnitudes
M ≥ 7.45, which is fitted to the period from 1994 to 2013. A multiplicative modeling
technique [32] is used for the conversion. We start with a simple baseline model—the
Stationary Uniform Poisson (SUP) likelihood model defined on the same grid. SUP is
time-invariant and is based on a spatially uniform earthquake occurrence rate density and
an exponential magnitude distribution discretized into bins of width 0.1 units. SUP has
two parameters, a Gutenberg–Richter b-value and a normalization parameter that matches
the total expected number of target earthquakes to the observed number. These were both
fitted to the period 1994–2013. The multiplicative modeling method creates a multiplicative
hybrid of SUP and the strain rate model.

ΓGSR(j, k) = ΓSUP(j.k)exp(a) fi[ρ(j)], (11)

where ρ(j) denotes the strain rate in a spatial cell j, Γ(j, k) denotes the expected number
of earthquakes in a spatial cell j and magnitude bin k of a gridded earthquake likelihood
model over a period of T days, and fi is an order-preserving function of the form

fi(ρ) = b[log(1 + ρ)]c. (12)

The parameters a, b and c are fitted to optimize the log-likelihood of the GSR model, given by

ln LGSR =
N

∑
n=1

ln ΓGSR(jn,kn)− N̂GSR, (13)

where there are N target earthquakes in cells and bins {(jn, kn), n = 1 . . . ., N}, and N̂GSR

denotes the total expected number of target earthquakes, i.e., the sum of all the cell and bin
rates in the model. The discrete Poisson likelihood [31] has an additional term involving
the factorial of the observed number of events in each cell and bin. We ignore that term
here because it does not affect either the maximum likelihood estimation of parameters or
the information gain of one model over another [33].

The GSR likelihood model does not have a zero expected number of earthquakes in
any cell and bin pair. The magnitude distribution in the GSR model is inherited from that
of the baseline SUP model, which, considering the Gutenberg–Richter relation, is assumed
to be exponential. The spatial distribution of the GSR model’s expected number of target
earthquakes per cell is displayed in Figure 2.

When mixing a gridded likelihood model Γ with a continuous model such as EEPAS
or PPE, it is necessary to reconcile the gridded rates of the likelihood model with the rate
densities of the continuous model. For this purpose, we regard the rate density of the
gridded model as being constant within each spatial cell and exponentially distributed in
magnitude. The rate density of a gridded likelihood model is thus given by

λ(t, m, x, y) =
Γ
(

jx,y, km
)

βexp(−βm)

Ajx,y T[exp(−βmmin(km))− exp(−βmmax(km))]
, (14)
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where β is defined as in Equation (7), jx,y is the spatial cell containing (x, y) and Ajx,y is
its area, in km2; and km is the magnitude bin containing m with lower and upper limits
mmin(km) and mmax(km), respectively.

Figure 2. Spatial distribution of the logarithm of the expected number of earthquakes with magnitude
M ≥ 7.45 in cells of the GSR likelihood model fitted to the ISC-GEM catalogue over the period
1964–2013.

3. Results
3.1. Fitting

Eight different global models were fitted to optimize their performance in forecasting
target earthquakes in the period 1994–2013. These are the SUP model, the PPE model, the
GSR model, a mixture of these two (GSR-PPE) and EEPAS models with one or both of PPE
and GSR as background.

The EEPAS model was fitted in two ways: first with PPE as background and secondly
with both PPE and GSR as background. The EEPAS time-varying component optimized
for a PPE background is denoted EEPTV1, and that for a PPE and GSR background is
denoted EEPTV2. EEPAS with PPE as background, which is the usual EEPAS model, is here
called PPE-EEPAS to distinguish it from the EEPAS models with other background model
selections—GSR-EEPAS, in which the PPE background is replaced by GSR, and GSR-PPE-
EEPAS1, in which the background is a combination of GSR and PPE. These mixtures were
all formed using the EEPTV1 model parameters for the time-varying component. Only the
GSR-PPE-EEPAS2 model uses the EEPTV2 model parameters.

As in previous applications of EEPAS, a lag-time l of 50 days was set for optimization
of the PPE and EEPTV models to prevent these models from responding to short-term
clustering (e.g., foreshocks and aftershocks), because we are interested here in medium-
term, not short-term, forecasting. Aftershocks in the input data set were downweighted in
the fitting of EEPTV, as described in [12]. The Gutenberg-Richter b-value for the PPE, GSR
and SUP models (b in Table 1) was estimated using the maximum likelihood method [34]
applied to earthquakes with M ≥ 7.45 over the period 1964–2013. The estimation of the
Gutenberg-Richter b-value for the normalization function (9) of the EEPTV model (bEEP in
Table 1) was based on the ratio of the number of earthquakes with M ≥ 7.45 to the number
exceeding M ≥ 5.95 over the period 1964–2013.
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Table 1. Gutenberg–Richter b-values (b and bEEP) fitted to the period 1964–2013, and PPE model
parameters (a, d and s) fitted to the period 1994–2013.

Parameter Fitted Value

b 1.13
bEEP 0.93

a 0.45
d 45.5 km
s 5.61 × 10−13

The remaining parameters were fitted using the downhill simplex method [35] to
maximize the space-time point process log-likelihoods of the various models [36,37]. For a
given model A, the log-likelihood is

ln LA =
N

∑
i=1

ln λA(tni , mni , xni , yni )− N̂, (15)

where the target earthquakes are at {(tni , mni , xni , yni ); i = 1, . . . , N} and N̂ is the expected
number of target earthquakes, i.e., the integral of λ(t, m, x, y) over the fitting period, target
magnitude range and region of surveillance. The likelihood function thus rewards models
with high rate densities at the times, magnitudes and locations of the target earthquakes
and penalizes models that forecast too many target earthquakes overall. If a model forecasts
too few target earthquakes, its likelihood can be increased by increasing the rate density by
a constant factor everywhere.

First, the three parameters of the PPE model were optimized (resulting in the values in
Table 1). Then, with these parameters fixed, five parameters of the PPE-EEPAS model—aM,
aT , σA and bA of EEPTV1 (Table 2) and µPPE of PPE-EEPAS (Table 3)—were simultaneously
optimized, with the other parameters of EEPTV1—bM, σM, bT and σT—set at values
derived from previous studies (see Table 2). The fixed value of 1.0 for bM serves to make the
difference between a precursor magnitude and the associated target earthquake magnitude
distribution independent of magnitude. The other fixed parameters are taken from statistics
of the fitted Ψ scaling relations [23], which were derived from multiple regional catalogues.
The value of bT is from the regression parameter of the same name in (1) and the values
σM and σT are from the residual standard deviations of the regressions of Mm and logTP,
respectively, on MP. The purpose of this limited optimization was to avoid overfitting of
parameters to only 85 target earthquakes. The models GSR-PPE, GSR-EEPAS and GSR-
PPE-EEPAS1 were formed by optimizing the relevant mixing parameters from among µGSR,
µPPE and µEEPTV (Table 3) with all other parameters fixed. Finally, the GSR-PPE-EEPAS2

model was formed by simultaneously refitting the EEPTV parameters aT and σA (EEPTV2

in Table 2) and the mixing parameters µGSR and µPPE (Table 3). The spatial distribution of
a 20-year PPE model forecast is displayed in Figure 3, and that of a 20-year PPE-EEPAS
model forecast in Figure 4. These figures illustrate how the models have high rate densities
close to the locations of their respective inputs—the previous events with M ≥ 7.45 in the
case of PPE and those with M ≥ 5.95 in the case of PPE-EEPAS. In both cases, the rate
density at locations remote from the input events is controlled by the power law decay of
the PPE model spatial kernel (Equation (10)).

The information gain [38] per earthquake of one model A over another model B is
estimated here by

IG(A, B) =
ln LA − ln LB

N
. (16)
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This is the mean information gain over all target earthquakes. From (15) and (16), the
information gain for the ith target earthquake is given by

IGi(A, B) = ln λA(tni , mni , xni , yni )− ln λB(tni , mni , xni , yni )−
N̂A − N̂B

N
. (17)

Table 2. Parameters of the EEPTV1 and EEPTV2 models as fitted to the period 1994–2013.

Parameter EEPTV1 EEPTV2 Fitting Range

aM 1.45 1.45 * 1.0–1.5
bM 1.00 * 1.00 *
σM 0.32 * 0.32 *
aT 1.20 1.36 1.0–2.0
bT 0.40 * 0.40 *
σT 0.23 * 0.23 *
σA 4.45 2.95 0.1–10
bA 0.43 0.43 * 0.2–0.6

* Fixed parameter.

Table 3. Models, mixing parameters (see Equation (8)) and information gains per earthquake (IG)
over SUP in the fitting period 1994–2013.

Model Name Model Components µGSR µPPE µEEPTV IG

PPE PPE 1.0 1.67
PPE-EEPAS PPE + EEPTV1 0.26 0.74 2.21

GSR GSR 1.0 1.77
GSR-PPE GSR + PPE 0.58 0.42 2.12

GSR-EEPAS GSR + EEPTV1 0.35 0.65 2.37
GSR-PPE-EEPAS1 GSR + PPE + EEPTV1 0.32 0.10 0.58 2.38
GSR-PPE-EEPAS2 GSR + PPE + EEPTV2 0.32 0.14 0.54 2.41

Figure 3. Spatial distribution of the logarithm of the expected number of earthquakes with magnitude
M ≥ 7.45 per cell in a gridded PPE model forecast for the period 1994–2013, based on input data in
the period 1964–1993.

The definition in (16) is strictly appropriate for an independent testing period in
which all parameters are fixed. For the fitting period, no adjustment is made here for
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differences in the number of fitted parameters between models, because the number of
fitted parameters to be counted is ambiguous in some cases; the models have up to 18
adjustable parameters, but no more than five are simultaneously optimized in any fitting
run. Neglecting the number of fitted parameters means that the IGs in the fitting period
are slightly overestimated. In any case, the IGs in an independent testing period are more
reliable indicators of model performance than those in the fitting period.

Figure 4. Spatial distribution of the logarithm of the expected number of earthquakes with magnitude
M ≥ 7.45 per cell in a gridded PPE-EEPAS model forecast for the period 1994–2013, based on input
data in the period 1964–1993.

Table 3 shows the fitted component weights (mixing parameters) and information
gain per earthquake, IG, of each of the other models over SUP. SUP is used as the reference
here because it contains no temporal or spatial information on earthquake occurrence. The
other models all contain spatial and, in most cases, temporal information, so they tend to
have positive IGs relative to SUP. PPE and GSR contain the same magnitude information
as SUP. PPE and GSR contain very different spatial information (see Figures 2 and 3). GSR
contains no temporal information. PPE contains only weak temporal information, which
changes as target earthquakes are added to the catalogue. EEPTV contains strongly varying
temporal information as well as different spatial and magnitude information than all other
models. The high values of the mixing parameter µEEPTV (>0.5) in all models containing
EEPTV show that there is a strong contribution from EEPTV to these hybrid models. This
is further supported by the fact that all models containing EEPTV have higher IGs than all
models that do not.

Table 3 further shows that GSR has a greater IG than PPE, and GSR-EEPAS has a
greater IG than PPE-EEPAS. Also, GSR-PPE, in which µGSR and µPPE are similar (0.58 and
0.42, respectively), has an appreciably greater IG than either of its components, GSR and
PPE, as individual models. However, the GSR-PPE-EEPAS models have much smaller
values of µPPE (0.1 and 0.14) than of µGSR (0.32) and have IGs not much greater than GSR-
EEPAS. This indicates that GSR is better than PPE as a single background model for EEPTV.
It is not surprising that GSR-PPE-EEPAS2 has the highest IG of all, given that EEPTV2 was
optimized for a GSR-PPE background.
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3.2. Testing

The performance of the models was next assessed in forecasting target earthquakes in
an independent period. The models were tested, with all parameters fixed, over the period
2014–2019, which included 19 target earthquakes with M ≥ 7.45. For this purpose, the
log-likelihood, expected number of target earthquakes and information gain per earthquake
relative to SUP were evaluated for each model.

The expected number of earthquakes N̂ and IG of each model are given in Table 4. All
models expected more target earthquakes than occurred in the test period, reflecting the
higher rate of target earthquakes in the fitting period than in the testing period. However, the
expected numbers for all models except PPE do not differ significantly from the observed
number at the 0.05 level of significance, according to the standard CSEP N-test [31]. The
CSEP N-test assumes a Poisson distribution for the number of earthquakes [31]. It is known
that earthquakes are usually more clustered than a Poisson distribution; a negative binomial
distribution with higher variance than the Poisson distribution [39] is widely accepted as a
more realistic distribution for earthquake numbers. The expected number (31.5) of the PPE
model is consistent with the observed number (19) if a negative binomial distribution with
any variance greater than 1.35 times that of the Poisson distribution is assumed.

Table 4. Expected number of target earthquakes (N̂) and information gain per earthquake (IG) over
SUP of models in the testing period 2014–2019.

Model Name N̂ IG

SUP 25.5 0.00
PPE 31.5 * 1.22

PPE-EEPAS 25.7 2.03
GSR 25.4 1.77

GSR-PPE 28.6 1.86
GSR-EEPAS 24.7 2.27

GSR-PPE-EEPAS1 25.4 2.23
GSR-PPE-EEPAS2 24.8 2.29

* N̂ differs significantly from the observed N (p < 0.05) in the Poisson test.

Comparing the IGs in Tables 3 and 4, the PPE model has a markedly lower IG in the
testing period than in the fitting period. Also, all models that have PPE as a component
have lower IGs in the testing period than in the fitting period. In the testing period, the
GSR-PPE-EEPAS1 model has a lower IG than GSR-EEPAS, but GSR-PPE-EEPAS2 still has
the highest IG of all.

The CSEP t-test [33], a specialized application of the paired Student t-test, is designed
to estimate the uncertainty of the mean information gain per earthquake and to assess
the statistical significance of the information gain of one model over another. The t-test
is applied in Figure 5 to examine the statistical significance of the performance of other
models relative to the best background model combination of GSR-PPE in the testing
period. It is seen that the models GSR-EEPAS, GSR-PPE-EEPAS1 and GSR-PPE-EEPAS2

significantly outperform GSR-PPE in the testing period, and in turn, GSR-PPE outperforms
the PPE and SUP models. Figure 5 shows both the mean and median of the information
gain per earthquake over the 19 target earthquakes. For all model comparisons, the median
lies within the confidence interval for the mean, indicating that the IGs are not overly
influenced by a small number of target earthquakes. However, the robustness assessment
remains preliminary. Longer testing periods or prospective CSEP-style testing are needed
to further verify the stability of the model ranking.
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Figure 5. Mean (circles) and median (triangles) of the information gain per earthquake of other
models relative to GSR-PPE in the testing period 2014–2019, with 19 target earthquakes. Error bars
represent 95% confidence limits of the mean, using the t-test [33]. If an error bar does not intersect
the zero vertical dashed line, there is a statistically significant difference in the performance of the
model relative to GSR-PPE at the 0.05 level, according to the t-test.

4. Discussion
4.1. Comparison with Regional EEPAS Modelling

This study is important because it is the first time EEPAS has been applied to forecast
the highest magnitudes in a global catalogue. Previous applications to regional cata-
logues have had much lower target magnitude thresholds, with about 90% of the target
earthquakes being less than one magnitude unit above the threshold, according to the
Gutenberg–Richter relation.

The performance of EEPAS in forecasting global earthquakes above magnitude 7.45
in this study can be compared to that in regional studies with lower target magnitude
thresholds [12,14,15,17,18]. The results here indicate that EEPAS may be as effective in global
as in regional forecasting. Indeed, the IGs of PPE-EEPAS over PPE in fitting and testing, at
0.54 (Table 3) and 0.81 (Table 4), respectively, are at the high end of values found in regional
applications. This is consistent with a study of EEPAS in Japan [14], which found that IG of
PPE-EEPAS over PPE increases with increasing mc. On the other hand, the IGs of GSR-PPE-
EEPAS over GSR-PPE here, ranging from 0.26–0.29 in fitting (Table 3) and from 0.37–0.43 in
testing (Table 4), are typical of the IGs of PPE-EEPAS over PPE in regional studies.

4.2. Insights from Power Spectral Densities

The two-dimensional spatial power spectral density (2-D PSD), the spatial counterpart
of the familiar time-series spectrum [40–42], can give insights into, but not fully explain, the
connection between mixing parameters in hybrid models (Table 3) and spatial resolution.
The 2-D PSD (see Appendix A) shows how the variance of a gridded field is distributed
over spatial frequencies, which measure how often a pattern is repeated per unit of distance.
Low spatial frequencies are associated with long wavelengths that can capture broad,
slowly varying structure; high spatial frequencies are associated with short wavelengths
that can capture fine texture/noise. Figure 6 displays 2-D PSDs of the spatial distributions
of PPE, GSR and PPE-EEPAS models of Figures 2–4. It shows that the PPE-EEPAS model
concentrates most of its power at low spatial frequencies (<1 cycle/degree), PPE also has
power at intermediate frequencies (1–2 cycles/degree), while GSR maintains strong power
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at higher frequencies (≈3–4 cycles/degree), capturing finer spatial variability close to the
grid-resolution limit. Apparently, the relatively smooth low-frequency spatial variation of
the PPE-EEPAS model, combined with its strong temporal variation, allows it to match the
patterns of earthquake occurrence in the catalogue better than either PPE or GSR. However,
the strong power of GSR at high spatial frequencies, where PPE-EEPAS is weak, allows it to
make an important contribution to the GSR-PPE-EEPAS hybrids, with the result that these
are the best performing models of all.

Figure 6. 2-D power spectral density of (a) PPE, (b) GSR and (c) PPE-EEPAS model as fitted to
the ISC-GEM global earthquake catalogue for earthquakes of magnitude M ≥ 7.45 over the period
1994–2013. The color bar is log10(PSD) in dB; warmer colors represent higher power.

4.3. Effects of Global Catalogue Limitations

The limited completeness and duration of global earthquake catalogues present a
challenge to global forecasting using the EEPAS model. These limitations affect the choice
of magnitude thresholds, the length of the available warm-up period, the number of target
earthquakes in the fitting and testing periods and the expected completeness of precursory
earthquake contributions to the EEPTV model. They also affect the fitting and performance
of models, but in an unknown way.

The varying completeness of the catalogue over time affects the choice of magnitude
thresholds m0 and mc. The small difference here of 1.5 magnitude units between mc and mc

is necessitated by these limitations. This is less than in previous EEPAS applications and
leads to low completeness ∆(m) of precursory earthquake contributions at the lower end
of the target magnitude range (Equation (7)). Figure 7 shows ∆(m) as a function of target
earthquake magnitude for the fitted parameters of EEPTV1 and EEPTV2, and the proportion
of target earthquakes expected to exceed a given magnitude m. It is seen that ∆(m) < ~0.5 for
target magnitudes < 7.75, i.e., for about half of all expected target earthquakes. The EEPTV
model includes compensation for missing precursors below the input magnitude threshold
(Equation (6)), so that it does not underestimate the expected number of target earthquakes.
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However, the fitted parameters and performance would undoubtedly be different if the
catalogue were complete enough to permit a lower value of m0.

Figure 7. Completeness of precursory earthquake contributions above the input magnitude threshold
m0 = 5.95 as a function of target earthquake magnitude, in the EEPTV1 and EEPTV2 models (solid
line) according to the function ∆(m) of Equation (7), and the proportion of target earthquakes expected
to exceed a given magnitude (dashed line) according to the Gutenberg–Richter relation.

It is not possible to specify a minimum satisfactory difference between mc and m0,
because ∆(m) also depends on the parameters aM, bM and σM of the magnitude distribution
and the Gutenberg–Richter parameter bEEP (Equation (7), Tables 1 and 2). A difference of
about two magnitude units is usually aimed for. That would mean increasing mc to about
7.95 in this case. The precursory earthquake set would then be nearly complete for all target
earthquakes (Figure 7), but the number of target earthquakes for fitting and testing the
models would be drastically reduced to unacceptable levels. Given these considerations,
no alternative values of m0 and mc were entertained. The present threshold combination
represents a compromise between catalogue completeness and sample size.

The choice of the warm-up, fitting and testing periods represents a further compromise.
Reserving an adequate warm-up period and enough target earthquakes for fitting the
models limits the number of target events in the testing set. A longer period of testing, with
more target events, would give a more robust result. However, the results obtained here
can be corroborated in time by testing against future extensions of the catalogue.

The limited length of the warm-up period, which is 30 years in this study, also affects
the completeness of precursory earthquake contributions in the EEPAS model. It is ex-
pected that some precursory earthquakes to target events would have occurred before the
beginning of the warm-up period. The lead time t − t0 from the beginning of the catalogue
to the time of a target earthquake from 30 years to 50 years in the fitting set varies and
from 50 years to 55 years in the testing set. The completeness of precursory earthquake
contributions within in the time period covered by the catalogue depends on both the time
distribution parameters—aT , bT and σT—and the magnitude distribution parameters—aM,
bM and σM—of EEPTV (Table 2). The proportional completeness p(L, m) of precursory
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earthquake contributions as a function of lead time L and target earthquake magnitude m
was shown in [43] to be

p(L, m) =
c(L, m)

c(∞, m)
, (18)

where

c(L, m) =
∫ mu

m0

[
Φ
(

log(L)− aT − bTν

σT

)]
η(ν)g(m|ν)10−bEEPνdν, (19)

where Φ is the standard normal cumulative distribution function, the logarithm is to base
10, and bEEP is the Gutenberg–Richter b-value (Table 1). The magnitude density g was
defined in (3) and the normalizing function η in (9).

Figure 8 shows the completeness as a function of the lead time for target earthquake
magnitudes ranging from 7.5 to 10.0, for the fitted parameters of EEPTV1 (Table 3). At the
beginning of the fitting period, the lead time is 30 years. The precursory earthquakes are then
more than 65% complete for target earthquake magnitudes ≤ 8.5, but less than 50% complete
for target earthquake magnitudes ≥ 9.0. At the beginning of the testing period, the lead time
is 50 years. By that time, the completeness at higher magnitudes has markedly improved,
being greater than 70% for magnitudes ≥ 9.0 and greater than 40% for magnitudes ≥ 9.5.
No compensation is made here for incompleteness due to the limited lead time. Technical
development of the EEPAS model is required to implement compensation for variable lead
times for target earthquakes during the fitting and testing periods.

Figure 8. Completeness of precursory earthquake contributions as a function of lead time for target
earthquakes with selected magnitudes from M 7.5 to M 10.0 in the fitted EEPTV1 model.

4.4. Space-Time Trade-Off of Precursory Seismicity

The fitted value of aT is larger, and the value of σA smaller, in EEPTV2 than in EEPTV1

when the models are optimized with different background components (Table 2). This
illustrates a well-known feature of Ψ and EEPAS—the space-time trade-off of precursory
seismicity [24]. For many major earthquakes in real and synthetic earthquake catalogues, it
is possible to make multiple different identifications with radically different values of AP

and TP. Statistical analysis of many such multiple identifications has shown that high values
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of AP are associated with low values of TP, and vice versa. There is an approximately even
trade-off between time and area [25]. In the EEPAS model, precursor times are proportional
to 10aT (Equation (2)) and precursory areas to σA

2 (Equation (4)). The space-time trade-off
can be exploited to improve forecasting by mixing EEPAS models with (aT ,σA) pairs chosen
from points along the even-trade-off line [44]. This technique has been applied in the 2022
revision of the New Zealand National Seismic Model, which is intended to apply to the next
100 years, with the EEPAS model used to estimate the spatial distribution of earthquake
occurrence for the first 20 years [45,46]. Such mixing is not attempted here; how to exploit
the space-time trade-off in an optimal way is a problem for future research.

4.5. Seismicity-Rate Dependence of Time Distribution

Another known feature of Ψ and the EEPAS model is that TP in the Ψ scaling relation
for time (Equation (1)) and the parameter aT in the EEPTV time distribution (Equation (2))
depend on the long-term seismicity rate. Christophersen et al. [24] found in a study of
EEPAS fitted to physics-based synthetic catalogues that when the slip rates on all faults
in the earthquake simulator were systematically varied by a factor ρ, the variation in 10aT

was inversely proportional to ρ. In the present study, this means that the precursor times
for large earthquakes in continental regions are expected to be much longer than those in
plate-boundary regions. The restricted length of the global catalogue limits the ability of
EEPAS to forecast rare large earthquakes in inactive continental regions.

The strain rate model is treated here as a time-invariant background model, although
it is not necessarily time-invariant in the long run. A study in the New Zealand region has
shown that strain rates explain the locations of recent large earthquakes (M ≥ 4.95) better
than those of 40–70 years ago [47]. If the same pattern holds for global earthquakes, updating
the GSR model will be necessary to maintain its forecasting capability for future earthquakes.

4.6. Reproducibility and Prospective Testing

The results presented here can be reproduced using the EEPAS software package,
version eepas_dev43g (see Data availability statement). To independently reproduce the
results requires considerable effort involving efficient programming, but not necessarily
high-performance computing. The main steps are: (A) computation of the log likelihood
(15) of each model for a given parameter set; and (B) finding the maximum-likelihood
estimates of the parameters of each model. The calculation of the expected number of
earthquakes is the most challenging part of step A, especially the spatial integration over a
polygonal testing region, which usually requires numerical approximation. Step B can be
accomplished using standard available numerical optimization software.

For a global model, integration of the EEPAS spatial contributions is straightforward be-
cause the variances of the bivariate normal densities are small enough that they all integrate
to 1 over the whole earth’s surface. The PPE spatial kernels 1/

(
d2 + r2

i
)

(Equation (10)) are
not integrable over an infinite planar surface; their integrals over the Earth’s surface are of
the form

I =
∫ π

0

2πr2sin α

d2 + α2r2 dα, (20)

where r is the radius of the Earth. This integral can be approximated using the trapezoidal
rule. For a gridded likelihood model like GSR, the expected number of earthquakes is
obtained by simply summing over the cell expectations.

Future work will aim to confirm the forecasting performance of our models by sub-
mitting them to a rigorous and transparent prospective CSEP-style forecasting experiment,
in which the testing is independent of the software that generated the models. This will
address several limitations of the present study, including its retrospective nature, the
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limited data available for testing, and the difficulty of verifying every aspect of the software
used or of independently reproducing the results.

5. Conclusions
An initial investigation of EEPAS modelling using a global catalogue suggests that a

global EEPAS model can be effective in world-wide forecasting of very large earthquakes
with similar information gains over time-invariant or slowly evolving background models
as in regional applications. The target magnitude threshold for global forecasting cannot
be lowered much below 7.5, given the present length and limited completeness of global
catalogues. Future improvements to EEPAS modelling, especially optimization of the
space-time trade-off, allowance for earthquake rate dependence of the mean of the EEPAS
time distribution and compensation for the variable lead-times of target earthquakes, are
expected to improve both regional and global forecasting using the EEPAS model. This
study has demonstrated that using a strain rate background model as well as, or instead
of, a smoothed seismicity background model improves EEPAS forecasts. Attempting
further improvements to background modeling is another way of improving EEPAS model
performance. Future transparent CSEP-style testing will consolidate understanding of the
forecasting performance of the global models presented here.
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CSEP Collaboratory for the Study of Earthquake Predictability
2-D PSD Two-Dimensional Power Spectral Density

Appendix A
2-D PSD

Let z[n, m] denote a rate-density grid with longitude index n = 0, . . . , N − 1 and
latitude index m = 0, . . . , M − 1, with grid spacings ∆λ and ∆ϕ in degrees, and let Z[k, ↕]
denote its two-dimensional discrete Fourier transform (2-D DFT). Its 2D PSD is then
estimated by:

S( fλ, fϕ) =
∆λ ∆ϕ

MN
| Z[k, ↕] |2, (21)

with spatial frequencies fλ = k
N ∆λ and fϕ = ↕

M ∆ϕ in cycles/degree. A spatial frequency
f corresponds to a wavelength of Λ = 1/ f degrees. Like the sampling limit in time, the
spatial Nyquist limits,

fN,λ =
1

2 ∆λ
, fN,ϕ =

1
2 ∆ϕ

, (22)

are the highest spatial frequencies that can be represented without aliasing for a given
grid spacing. With our grids sampled at ∆λ = ∆ϕ = 0.1◦, the spatial Nyquist limits are
fN,λ = fN,ϕ = 1

2∆ = 1
2×0.1◦ = 5 cycles/degree, so features finer than ~0.2 degrees cannot

be reliably resolved. Thus, the physically meaningful frequency range is f ∈ [0, 5] cy-

cles/degree. We use the radial average Srad( fr) with fr =
√

f 2
λ + f 2

ϕ , which averages power
in all directions and shows how total spatial variance changes with frequency, making it
easier to compare dominant spatial scales among the models (Figure 6).
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