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Abstract

Statistical seismology originated in Japan 130 years ago. Through the marriage with stochastic point 
processes in about half a century, we can now provide on-line estimation, real-time forecasting and 
direct diagnosis of seismic activity. This manuscript describes the origin and recent development 
of the ETAS models, their relationship to forecasting problems, and their diagnostic studies of 
the physical phenomena of seismic activity. I will take this opportunity to focus on my research 
experiences and views.
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1. Introduction

I have always tried to demonstrate the usefulness of statistical methods by expressing many empirical laws 
and seismological hypotheses based on seismic statistics as statistical point process models. In this manuscript, 
I hope to convey the development of statistical seismology, which is closely related to the study of seismic activity, 
and its important role in earthquake prediction. I will follow the lead of the papers by Vere-Jones (2001, 2006) and 
would like to present my own research experience and views on how I have inherited the achievements of our 
predecessors. Therefore, it should be noted in advance that the references cited in this paper are mainly those of 
myself and my collaborators or are also those subjectively chosen. Some of the references cited in this paper are 
written in Japanese, including Report of the Coordinating Committee for the Earthquake Prediction (CCEP), but since 
artificially intelligent transformation software is making good progress these days, please refer to those reports as 
well if the readers are interested in. Readers might also be interested in an evaluation report of our research results 
up to about 2006 by an external committee (The Institute of Statistical Mathematics, 2006).

1.1 Statistical Point Processes

The late 1960s was a period of great exchange on point processes in the fields of probability theory, information 
theory and applications (see Lewis ed., 1972). Point processes have been studied extensively as a mathematical 
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representation of series of events and appositional marks (scalar quantities and vectors such as jumps or spatial 
locations) (e.g., Daley and Vere-Jones, 2003, 2008).

In this manuscript, we fix the lower earthquake magnitude threshold Mc, and consider all events with earthquakes 
above Mc. A new statistical point process model, other than the traditional Poisson processes and the renewal processes 
etc., the trigger model (Vere-Jones and Davies, 1966) was developed for seismicity applications, as a realization of 
the Neyman-Scott clustering process (Neyman and Scott, 1958). It consists of the primary events (mainshocks) 
following a stationary Poisson process, the secondary events (aftershocks) being induced only by the mainshocks, 
and the seismic activity being a superposition of the two. This is a probabilistic model that reflects the common 
knowledge of the seismological community at the time, but it was difficult to specify exactly which events in the 
data were mainshocks and which were aftershocks. Therefore, setting it up involves combinatorial complexity, and 
it was extremely difficult to compute them with the likelihood function.

Therefore, analyses of clustering point processes used inference based on the method of statistical moments 
(Vere-Jones and Davies, 1966; Vere-Jones, 1970). A student of Hawkes, Adamopoulos (1976), computed the trigger 
model and the Hawkes model (Hawkes, 1971) using the spectral Whittle likelihood of quadratic moments of the 
point-process (Bartlett, 1963), but the accuracy is poor unless the sample size is sufficiently large.

1.2 The Arrival of Point Processes in Japan

David Vere-Jones of New Zealand, a pioneer in working with seismic data using point process theory and 
models, visited Tokyo for several months in 1976 at the invitation of Hirotugu Akaike at the Institute of Statistical 
Mathematics (ISM), and he also visited Tokuji Utsu and other Japanese seismologists. The circumstances of this visit 
are described by Vere-Jones (2006) and by Ogata (2018). David gave us a series of special lectures on point processes 
at our institute. Immediately after listening to his lectures, we found an opportunity to develop new models using 
the central concept of point process prediction: namely, the “conditional intensity function”,

(1.1)

which is the derivative of the conditional probability of an event occurring in the future (t, t + Δ , where
 is the sequence of events times the history up to time t.

By modeling the conditional intensity function, we can consider forecasting for the times of future events. For 
example, with the conditional intensity function (1.1), we obtain the probability distribution  in a 
period from the time of the last event tn to the time of the next event, and its density function . The 
following ratio

. (1.2)

is called the Hazard equation. It has been shown that all general point processes are characterized by a conditional 
intensity function (Liptzel and Shryaev, 1978) by using the Hazard equation, with the exception of pathologically 
defined processes. Thus, solving Eq. (1.2) yields the distribution of time intervals between successive events 
corresponding to the given conditional intensity function.

Vere-Jones (1978) emphasized the importance of statistical models using conditional intensities of point 
processes and risk assessment around the metropolitan area, using a Japanese historical data around Kamakura 
area as an example, in a seminar given at the Earthquake Research Institute, the University of Tokyo, December 1976.

1.3 Likelihood and Simulation

In the early 1970s, the ISM time series research group (David called it the “Akaike school”) began to work on 
the identification of the Hawkes self- and mutually excited point processes (Hawkes, 1971), analogous to the 
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auto-regressive (AR) model (Akaike, 1969) for point processes.

. (1.3)

Incidentally, our interest in this model is described in an interview with Alan Hawkes (Hawkes and Chen, 2021): 
“Akaike was interested in this model because its conditional intensity function (1.3) is in the form of a linear 
regression of the time of occurrence of past events”.

In fact, Akaike’s interest was to estimate the parameter 𝜇 and the response function g(∙) of the Hawkes point 
process using the maximum likelihood optimization method and use of the Akaike Information Criterion (AIC); 
(Akaike, 1973),

AIC = (−2) max log likelihood + 2 × (dimension of the fitted parameters), (1.4)

where the maximum likelihood estimate (MLE) of parametric model among competing models is adopted to predict 
the future data.

Fortunately, in the field of information theory, the likelihood function (Rubin, 1973) had just been derived 
theoretically. Thus, it was an immediate challenge for us to numerically obtain the MLE of 𝜇 and a parameterized 
function g(∙).

On the advice of Hiro Akaike, Tohru Ozaki (1979) obtained the MLE of the coefficients numerically by maximizing 
the log-likelihood using an efficient quasi-Newtonian method such as the Davidn-Fletcher-Powell method, with 
g(∙) as an exponential function and the sample data simulated by Eq. (1.2).

Inspired by this, I worked on three topics. The following two results were submitted together as a thesis. The 
other one was related to the modeling of seismic data, which is described in the next section.

(i) Large-sample theory of the MLE and likelihood ratio of general point processes characterized by conditional 
intensity functions, including the Hawkes-type models, as described above. In other words, the convergence 
of the MLE, the error distribution, and the chi-square distribution of the likelihood ratio statistic were proved 
using the ergodic property of the martingale and the central limit theorem (Ogata, 1978).

(ii) Proposed a new simulation method for point processes directly using the conditional intensity function. Ozaki’s 
simulation method numerically solved the hazard equation, Eq. (1.2), iteratively until the convergence using 
Newton’s method; but when the conditional intensity function becomes complex, such as in the multivariate 
case, the solution is not stable. Therefore, I focused on the thinning method of Lewis and Shedler (1979). This 
is a simulation method for non-stationary Poisson processes and is essentially the same as the conventional 
rejection sampling method, which generates a sample from an arbitrary density function. I generalized the 
thinning method and extended it to general multivariate (multichannel) point processes. The validity of the 
method was proved using martingale theory. Also, the simulations of point process models were performed 
to demonstrate its accuracy using likelihood ratio tests (Ogata, 1981). This method is now used as a standard 
method in many applications, including space-time point processes.

1.4 Statistical Causality Analysis

The third topic was my subsequent research on seismic activity up to the present. Instead of excluding aftershocks 
and clustering activity from seismic data (declustering), extensions of the Hawkes-type model

. (1.5)

were used to analyze trends (e.g., long-term changes in data detection rates), periodicities (e.g., seasonal changes 
in precipitation), and causalities to determine the existence of induced effects from external data in other domains.
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The external input data represent the times uj and the labels ξ (uj), where the times {uj} can be evenly or irregularly 
spaced. Thus, the AIC was used to verify the seasonality of seismic activity in Japan and globally. Also, the causal 
relationship of seismic activity between shallow- and deep regions on plate boundaries (Ogata and Akaike, 1982; 
Ogata et al., 1982; Ogata and Katsura, 1986; Ogata, 1999). The self-excitation term g(. ; .) on the right side of Eq. (1.5) 
can be calculated efficiently in proportion to the number of earthquakes because a recursive structure can be used 
to calculate the likelihood function by using an exponential function multiplied by a polynomial, which is called a 
Laguerre-type function. The inverse power decay response function g (. ; .) appears in section 2.3.

For modeling the response function h(.) of external force data, various specific applications have been considered; 
ground current anomalies (Zhuang et al., 2005), water injection volume into gas fields (Lei et al., 2013), volumetric 
strain meter data (Kumazawa et al., 2016), anomalies in ultra-low frequency magnetic data (Han et al., 2017), and 
slow slip moment ratios (Nishikawa, 2023). The causality model (1.5) can be used to investigate the statistical 
relationship between anomaly data and the precursory nature of large earthquakes.

2. Exploring Seismic Activity

2.1 Encounter with Statistical Seismology

 In search of applied problems of point processes, I joined the Seismological Society of Japan since around 
1980. I was particularly interested in the Seismic Activity Section meeting, where many reports on the analysis of 
microseismic activity were presented one after another. Statistical seismology, as a research field for describing 
and understanding earthquakes based on data, has been the main field of seismology in Japan since the Meiji era 
(1968-1912).

The main topics discussed in the field of statistical seismology since the synthesis paper by Aki (1956) include 
periodicity of earthquake occurrence, detailed study of aftershock activity, causal relationships with geophysical 
data such as pressure and tide level changes, epicentral movement, classification of seismic activity patterns, and 
comparison of different magnitude scales, b-values of G-R magnitude distributions. Many such studies on these 
have been conducted in Japan since the 1960s, and many of the results, especially on aftershock activity are still 
being referred to today. However, our main concern about the validity of the results of seismic activity analysis was 
the difficulty of statistical testing and reproducibility of hypotheses due to the clustering nature of earthquakes, 
such as aftershocks and cluster earthquakes.

On the other hand, statistical studies of aftershocks were ignored in the American seismological community, 
possibly because, unlike Japan, they do not have frequent large earthquakes. Richter did not appreciate aftershock 
studies and, contrary to Jefferys’ view, regarded aftershocks as useless data garbage (private communication 
with Tokuji Utsu). They seemed to believe that the “mainshock” activity, after removing the garbage aftershocks, 
should be used to predict large earthquakes. This belief was carried over into statistical studies of the quiescence 
of seismicity, the seasonality of earthquake occurrence and synchronization with the Earth’s tides, and the 
causality of anomalous phenomena from large earthquakes, in the second half of the 20th century. Therefore they 
performed various “de-clustering” methods (e.g., Matthews and Reasenberg, 1988; Wyss and Habermann, 1988; van 
Stiphout et al., 2012), which remove cluster members from the considered data in order to test the null hypothesis 
(i.e., stationary Poisson process) of the de-clustered data, and then make the scientific claim.

However, de-clustering methods vary and can lead to different results. This is not meaningful for the study 
of aftershock activity itself. In fact, long-term seismic activity is long-term memory dependent in time, with the 
autocorrelation of the inverse power decay in time, and fractal self-similarity in space (e.g., Mandelbrot and Wallis, 
1969; Ogata and Abe, 1991; Ogata and Katsura, 1981; Guo and Ogata, 1997).

Even the global series of large earthquakes of magnitude 7 or greater (see Fig. 1) have a long memory history 
dependence (Ogata and Abe, 1991; Ogata, 2017b, 2021). However, the Perez and Scholz (1984) and Pacheco and 
Sykes (1992) made the completely erroneous assumption that such a series of the large earthquakes should be 
stationary Poisson processes and falsifying the magnitudes of the Abe catalog (Abe, 1981), which is based on the 
original Gutenberg’s surface wave records. Similar concern are discussed by Di Giacomo and Storchak (2022) in 
comparison with the ISI-GEM catalog. Thus, I am concerned that the twentieth-century earthquake catalog of Engdahl 
and Villasenor (2002), which is based on the results of Perez and Scholz (1984) and Pacheco and Sykes (1992), is now 
widely used in earthquake engineering and used as the basic data for global earthquake damage history (Ogata, 2021).
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2.2 Development of Aftershock Studies in Japan

A large earthquake was followed by a series of small and medium-sized earthquakes, which later referred to 
as aftershocks. In Japan, the study of the large amount of aftershock data as important information has been 
instrumental in our understanding of the nature of seismic activity.

Aftershocks are extremely frequent immediately after the main shock and then gradually decrease over time, 
but it is difficult to return to the original level of activity even after a long period of time. Fusakichi Omori (Omori, 
1894) was the first to discuss the quantitative relationship between aftershock frequency and the time course of 
aftershocks, noting that the attenuation of aftershock frequency from the 1891 Nobi (Mino-Owari) earthquake “did 
not fit well with an exponential function, as would be expected from the attenuation of physical phenomena, but 
it did fit well with a hyperbolic curve” over 10 years.

In 1957, Tokuji Utsu studied aftershocks in Japan and around the world and found that the decay rate of the 
aftershock frequency per unit time obeys

, (2.1)

where t is the time elapsed since the main shock. A heuristic new method of Utsu was to plot the aftershock frequency 
𝜈(t) versus the elapsed time t on a double-logarithmic graph paper (see Fig. 2), and he discovered that the decay 
asymptotically rides on a straight line and obtained an estimate of the exponent p from the slope of the line. He 
then showed that the aftershocks of the Nobi earthquake continued to decay according to Eq. (2.1) for more than 
100 ~ 130 years to the present (e.g., Utsu et al., 1995). Utsu called Eq. (2.1) the “modified Omori formula”, but we 
refer to it as the “Omori-Utsu formula”. The hyperbola mentioned by Omori refers to p = 1.

(e)

(a)

(b)

(c)

(d)

Figure 1. Cumulative number of shallow earthquakes (a) with MS ≥ 7 in the world for the period 1897-1980 (Abe, 1981); 
(b) with MJMA ≥ 6 in the regional area around Japan for 1885-1980 (Utsu, 1985); (c) and (d) MS ≥ 7 in the low-
latitude region θ ≤ 20° and high-latitude region θ ≥ 20° of the world for the same period; (e) change over time 
in the epicentral longitude of the world’s major earthquakes, black circles correspond to M ≥ 7.8, white circles 
correspond to 7 ≤ M ≤ 7.8, and circle size corresponds to M (Utsu, 1999, Fig. 12.1), which is mostly taken from to 
Abe (1981). The notable problems were that the cumulative curve in the whole world in (a) looks like a broken 
line, but the cumulative in the divided region in (b) and (d) are different. Those in (b) and (d) are similar despite 
different catalogs. Also, the space-time earthquake magnitude does not seem to be uniform. Thus, the same 
artificial magnitude bias of during the different periods over the world is difficult to hypothesize (see Ogata, 2021).
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On the other hand, apart from the effect of missing aftershocks immediately after the mainshock, the interpretation 
of the coefficient c is still controversial. For example, in the case of a series with a complex rupture process (i.e., several 
triggered events are concentrated immediately after the main shock), the coefficient c may be related to the duration 
of the rupture and increases (Utsu, 1970; Utsu et al., 1995). I will discuss this again in section 4.2.

(a)

(b)

Figure 2. (a) The data for the first 10 years up to the end of the 19th century were compiled by Omori himself, and those for the 
remaining 95 years were compiled by Utsu (1985). Utsu used the double logarithmic plot for the aftershock study. The 
p-value estimate was obtained from the asymptotic slope of the plot, and the c-value is estimated from the degree 
of the curvature in the early part of the activity. This shows that the aftershock activity has continued for more 
than 120 years. (b) The lower panels show that the secondary aftershocks still obey the Omori-Utsu decay formula. 
These figures are taken from Utsu (1970). They were based on the inference by counting the number of aftershocks 
in time bins. Nowadays, the MLE method is used directly based on the occurrence times record (Ogata, 1983).

Figure 3. Five panels on the left: Ellipses contain 95% or more of the plotted aftershock epicenters within one month of 
the mainshocks falling within the ellipses. Right panel: Plot of aftershock area versus the mainshock magnitude. 
Open and closed circles and triangles represent large earthquakes in the region of Japan. The continuous black 
straight line is the linear regression indicating log Area = M – 3.7. Note that the fitted dashed line for inland 
earthquakes, representing intra-plate earthquakes, is different from that for inter-plate earthquakes. These 
figures are taken from Utsu (1969).
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Utsu (1970) also found secondary aftershocks (aftershocks of an aftershock, see Fig. 2) that increase dramatically 
after a large aftershock and then decay again, and found that such decay also follows the Omori-Utsu Eq. (2.1). 
This was a break with the conventional wisdom of the time that aftershocks were triggered only by mainshocks. 
In addition, Utsu and Seki (1954) and Utsu (1969) conducted a quantitative study of the relationship between 
the spatial extent of aftershocks and the magnitude of the main shock (Fig. 3); the empirical distribution of the 
magnitude differences between the main shocks and the largest aftershocks; and the statistical analysis of many 
other properties of aftershocks with respect to their various characteristics.

 Ogata (1983) then considers Eq. (2.1) and its extension with secondary aftershocks as the (conditional) intensity 
function (1.1) of a non-stationary Poisson process and proposes to obtain the MLE of the parameters K, c, and 
p and the additional parameters together with their error estimates directly from the occurrence time records 

 above a certain size of Mc. This method also uses the AIC when model comparison is required (Ogata, 
1983), when data immediately after the main shock are missing or when secondary aftershocks are included and so 
on. Today, when a moderate to large earthquake occurs, the predicted probability of aftershocks in time is calculated 
using Eq. (2.1) based on aftershock occurrence time data (e.g., Reasenberg and Jones, 1989; Hardebeck et al., 2024).

2.3 ETAS Model

In the mid-1980s, the Institute of Statistical Mathematics was reorganized from being under the direct control of 
the Ministry of Education into an inter-university research institute corporation. There, I organized a joint research 
seminar on “Mathematical Seismology” and a study group on complex systems and fractals with seismologists 
and conducted research on the characterization of seismic activity (Ogata and Katsura, 1991a; Guo and Ogata, 
1997), including self-similarity and the maximum likelihood method for the fractal dimension (concentration of 
point clouds).

I sought a practical point-process model for predicting seismic activity directly from the source data, rather than 
merely interpreting them. Most of the clues are empirical aftershock laws and observations explored and established 
by the Utsu studies described in the previous section. The Epidemic-Type Aftershock Sequence (ETAS) model was 
developed to forecast earthquake occurrence rates above a certain threshold magnitude Mc

, (2.2)

where  is the history of earthquake occurrence associated with the 
magnitude series. The response function ν(t) is the Omori-Utsu formula (2.1).

Depending on the magnitude size, larger earthquakes induce more aftershocks, and smaller earthquakes also 
induce a reasonable number of aftershocks. The conditional intensities at time t are the linear superpositions. The 
last exponential function in Eq. (2.2) reflects the spatial aftershock extent scaling of Utsu and Seki (1954), where 
the parameter 𝛼 represents the magnitude efficiency, which when large results in a typical mainshock-aftershock 
type earthquake series, and when small results in the second type earthquake swarm in the sense of Utsu (1970a,b), 
i.e., a number of relatively large earthquakes occur with their aftershocks in a short period. The first type earthquake 
swarm will be discussed later in connection with the non-stationary ETAS model in section 2.5.

The parameter 𝜇 is called the background seismic activity rate, which is the intensity of earthquake occurrence 
specific to a region. However, some of the background seismic activity may include contributing aftershocks from 
older large earthquakes that have not fully decayed. The five parameters 𝜃 = (𝜇, K, c, 𝛼, p) of the ETAS model (Ogata, 
1985, 1988, 1989) consist of the likelihood function

. (2.3)

Maximizing this function with respect to the parameters yields the MLE (see Fig. 4).
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The ETAS model is often used to simulate standard seismic activity on a region-by-region basis; a faster 
simulation method than the general point process simulation method described in Section 1.3 can be implemented 
through the branching process interpretation of the ETAS model (Zhuang et al., 2004).

In addition, the log-likelihood calculation of the ETAS model requires O(n2) operations for n number of seismic 
data in the first term of (2.3), but Ogata et al. (1993) used a recursive structure (Ogata and Akaike, 1982) for 
numerical integration with a double exponential integral approximation formula, which is accurate and fast with 
O(n) operations (Ogata, 2006a). A FORTRAN code and manual implementing this procedure are available from 
Ogata (2006c). A similar version is available in the R package from the Institute of Statistical Mathematics (2023).

2.4 Diagnosis using the ETAS model

Using the estimated ETAS model as a benchmark, we can find anomalous changes in actual seismic activity that 
cannot be explained by the model (Ogata, 1988). To see graphically whether seismic activity and aftershock activity 
are trending as forecasted, the expected cumulative number of earthquakes

(2.4)

that will occur by time t is plotted. Then, instead of comparing the empirical cumulative step function 
with the theoretical expected curve , the cumulative function of 

 can show the clear discrepancy between the predicted cumulative curve and the empirical 
data (e.g., Fig. 5). In fact, if the occurrence data is generated by the ETAS model, the latter cumulative function will 
be on a straight line with a slope of 1.0.

A qualitative recognition of the changes in the seismicity pattern can be obtained by simply comparing the 
two-stage ETAS models before and after a change point. In fact, we first apply the ETAS model to the first part of the 
data before the change point, and then forecast the data after the change point using the same MLE parameters. The 
transformed data may then deviate significantly downward or upward, indicating relative quiescence or activation.

Figure 4. Left panel: Aftershock epicenter map of the 2004 M6.8 Niigata-Chuetsu earthquake. Right panel: Aftershock 
sequence up to about one week after the main shock. The blue spiky curve is the conditional intensity rate of 
the estimated ETAS model, which becomes a red increasing function when integrated over time from the start. 
It nearly overlaps with the empirical cumulative function (black curve) of the aftershocks over the entire period.
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There are many anomaly findings by residual analysis as follows (Kumazawa et al., 2010, 2017, 2020; Ogata, 
1992, 1999, 2001b, 2001, 2005a,b,c, 2006a, 2007a,b, 2011a, 2017a, 2017d; Ogata et al., 2003a; Ogata and Toda, 2010; 
Ogata and Tsuruoka, 2016).

In general, a diagnostic analysis is considered successful when the process of data generation is well understood 
and a residual series with anomalous variation of scientific significance can be extracted. To confirm its significance, 
we use AIC to compare models (Ogata, 1992, 1999; Kumazawa et al., 2010, 2013). For example, the model with ΔAIC 
smaller models than the other model has exp{−ΔAIC/2} times more likely to be accepted relative to the other model 
(Akaike, 1985; Ogata, 2017). After confirming the seismicity anomalies relative to the ETAS model, see Section 3.1 
for our physical studies that caused the anomalies.

When multiple catalogs are available, as in the case of the 2004 M9 Sumatra earthquake, we can make a more 
careful study. Indeed, I found that the USGS catalog and the ISC catalog gave different results (Bansal and Ogata, 
2013; Ogata, 2021), namely, the activation and quiescence of the seismicity relative to the respective ETAS models. 
In fact, I found that the ISC catalog contains a magnitude shift for several years before the M9.0 event. The difference 
in the compilation between the ISC and NEIC catalogs after 1996 is due to the acceptance/rejection of amplitude 
data from the International Data Center (IDC) of the Comprehensive Nuclear Test Ban Treaty Organization (CTBTO). 
See Bansal and Ogata (2013) and Ogata (2021) for more details. Thus, we ultimately inferred relative activation 
rather than relative quiescence.

For the physical interpretation of the relative quiescence or activation obtained by the diagnostic ETAS analysis, 
see Section 3.1.

2.5 Non-stationary ETAS Model

Transient swarms of seismic activity mixed with normal seismic activity may not be well represented by the 
stationary ETAS models. Llenos et al. (2009), Nishikawa et al. (2021), and Mitsui et al. (2021, 2022) examined 
the ETAS anomalies to discuss slow slip, fault creep and magma intrusion-related seismic activity by identifying 
abnormal seismic activity in the diagnostic analysis.

(a) (c) (d)(b)

Figure 5. Example of diagnostic analysis. (a) Aftershock sequence from the great Rat Islands earthquake in the Aleutians. 
(b) If we fit an Omori-Utsu intensity rate for the first 1000 days and transform the time by the expected cumulative 
function, we get this cumulative plot. The deviation after the arrowed time is due to the largest aftershock, which 
is accompanied by additional aftershocks, called secondary aftershocks. (c) Thus, using the multiple Omori-Utsu 
model, we get a cumulative function that is almost on a straight line up to 2200 days, but then deviates upward. 
(d) If we fit the ETAS model, the graph is basically straight to the end, representing 15 years. The orange circled 
area is curious. If you look at the magnitude, it is a large earthquake, but there are almost no aftershocks. A nuclear 
test? At least, we confirmed that it was a real earthquake.
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It is difficult for the stationary ETAS model to fit transient earthquake swarm well. Therefore, Hainzl and 
Ogata (2005) and Kumazawa and Ogata (2013) used a non-stationary ETAS model of the form,

, (2.5)

where the background intensity rate 𝜇(t) and the aftershock productivity K(t) are time-dependent. Kumazawa and 
Ogata (2013, 2024a) assume that the functions are piecewise linear functions (line graphs) connecting the respective 
coordinates (𝑡𝑖, 𝜇𝑖)and (𝑡𝑖, 𝐾𝑖) where  and  for earthquake i (e.g., Fig. 6).

The 𝜇(t) function could reflect stress changes due to, for example, large ruptures outside the region, slow slip 
around the adjacent region, or dynamic triggering by pore pressure intrusion within the faults. The function K(ti) 
represents the rupture chain effect (aftershock induction efficiency) of a past earthquake that occurred in the region 
at time ti. The other parameters 𝛼, c, and p are assumed to be time-invariant and are determined according to the 
surrounding tectonic seismic activity.

To estimate the changes in the time functions involved in the non-stationary ETAS model (2.5), we need the 
number of the unknown coefficients to be twice the number of earthquake data. On the other hand, since the 
conditional intensity function (2.5) is linear with respect to the coefficients, the log-likelihood function (2.3) is 
convex and unimodal with respect to the coefficients (Ogata, 1978), which has the advantage that the inverse 
analysis can be numerically stable regardless of high dimensionality. Together with the smoothness constraints of 
the penalty function, the penalized log-likelihood function (Good and Gaskins, 1971) is as follows

(a)

(b)

Figure 6. Aftershocks of the 2018 M6.7 Hokkaido Iburi-East Earthquake. (a) Epicenters of M ≥ 1.5 from M 6.7 on September 6, 
2018 to March 16, 2019. The red disks show the epicenters for 4 days period from October 1, 2018, which is 24 days 
after the main shock. (b) The non-stationary ETAS model estimation for M ≥ 2.0 events. The red and blue curves 
show the background intensity and the aftershock productivity with 95% error, respectively. Events during the 
period of the pink band correspond to the red disk events in panel (a). Note that the background rate of the ETAS 
model increased sharply without being triggered by a significantly large aftershock.
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which has the advantage of having a unique maximum a posteriori (MAP) solution so that the inverse analysis can 
be robust regardless of high dimensionality. Kumazawa and Ogata (2013, 2014) proposed a method to invert the 
time variation of the model parameters using a Bayesian smoothing method to determine appropriate weights 
w𝜇 and wK. The Akaike Bayesian Information Criterion (ABIC) (Akaike, 1980) is used to objectively estimate these 
weights (hyperparameters). In addition, the reproducibility of the data was verified by simulation experiments 
(Kumazawa and Ogata, 2013).

Predicting the termination period of active swarm activity from the background rates of non-stationary ETAS 
is particularly useful information for local people in the areas of geothermal or active water-induced seismicity.

2.6 Space-time ETAS models

The space-time ETAS model, an extension of the temporal ETAS model (2.2), includes the epicenter variable (xi, yi), 
predicts the spatial propagation of earthquake clusters in real time, showing where the risk is at the next moment 
and where and how it has been active in the past. In a general form,

predicts earthquake occurrence rates above a certain cutoff magnitude Mc, where 
 is the history of past earthquake occurrence associated with the magnitude series.

Various spatial factors  have been considered in this context. For example, Kagan (1991), Musmeci 
and Vere-Jones (1992), Ogata (1993), Rathbun (1993, 1996), Lombardi and Marzocchi (2010a,b) Falcone et al. (2010) 
and so on. Among them, different isotropic spatial factors have been considered such as Gaussian-type short-range 
decay with distance from the epicenters, inverse power decay with distance and their mixtures.

By the AIC comparison for goodness of fit, Ogata (1998, 2013, 2015) and Ogata and Zhuang (2006) show that the 
following mixed type is the best fit among the three types of spatial factors proposed by Ogata (1993) for seismicity 
in and around Japan. In addition, this is extended for possible anisotropic triggering spatial factors of the centroid 
coordinate as shown in Figs. 3 and 7, which is practically the best fit performance compared with the AIC. Finally, 
the following model is obtained

(2.6)

which is the best for practical application to the data sets in and around Japan. Here, before applying the maximum 
likelihood procedure to the space-time ETAS model (2.6), we need to prepare the following treatment. Namely, the 
two-dimensional normal distributions are applied to the epicenter data of all detected aftershocks immediately 
following a predetermined large earthquake (e.g., either within 1 day for estimation or within 1 hour for prediction; 
see Fig. 7). Specifically, AIC is used to select the best fit of the mean vector  and the variance-covariance 
matrix 𝑆𝑗. This is done to predict the anisotropy of the aftershock pattern using the appropriate elliptical 
approximation and the centroid coordinate of the aftershock domain. For all other earthquakes smaller than the 
predetermined magnitude, we keep the original epicentral coordinate (𝑥𝑖, 𝑦𝑖) and the unit matrix I for the matrix 𝑆𝑗. 
Finally, I obtain the MLE for seven parameters (𝜇, K, c, 𝛼, p, d, q). The FORTRAN codes to implement the present 
procedure and the English manual are available (Ogata et al., 2021).

2.7 Hierarchical Space-Time ETAS Model

As more and more small earthquakes are recorded and databases become richer, the regional nature and 
complexity of earthquake occurrence patterns become more pronounced, and detailed statistical understanding 
and prediction become more difficult. To extract essential and reliable information, it is necessary to consider 
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heterogeneous prediction models in time and space, and studies using these statistical models have become 
inevitable. Hierarchical Bayesian methods are needed to handle such large models with a large number of unknown 
coefficients of the parameters (2.6) for inverse problems and prediction.

The characteristic parameters (𝜇, K, 𝛼, p, q) of the space-time ETAS model (2.6) were represented by location-
dependent functions to describe the spatial heterogeneity of seismic activity (Ogata et al., 2003). This model 
was referred to as the full Hierarchical Space-Time ETAS (full HIST-ETAS) model, which allows detailed regional 
characteristics to be obtained (Ogata et al., 2003; Ogata, 2004, 2011b,c). When only characteristic parameters (𝜇, K) 
are dependent, then it is called a restricted HIST-ETAS model.

The parameters are represented by piecewise linear functions (Delaunay surface functions) on a Delaunay 
triangular partition connecting the coordinates of the epicenters of adjacent earthquakes, and can represent highly 
accurate changes, especially in earthquake concentration areas (see Fig. 8).

Similarly, Ogata et al. (2019) constructed and estimated a hierarchical space-time ETAS model with a 3D Delaunay 
tetrahedron partition in a rectangular parallelepiped volume beneath the Tokyo metropolitan area to a depth 
of 100 km (see Fig. 9). Also, this model is added by the external effects in the 3D volume from the M9 Tohoku 
earthquake.

However, the total parameter coefficients of the HIST-ETAS model are several times (up to five times) larger 
than the data size. For stable optimal estimation of the model, the variability of the Delaunay surface function 
coefficients must be limited by imposing a smoothing penalty for large fluctuations, so the optimal prior distribution 
of the constraints among the parameter coefficients must be obtained to optimize the constraining weights 
(hyperparameters) using empirical Bayesian methods and the Akaike Bayes information criterion. Therefore, a 
penalized log-likelihood function (Good and Gaskins, 1971) is used to smooth the Delaunay surface functions instead 
of the line graphs (2.6). The coefficients of the Delaunay surface functions that maximize the penalized log-likelihood 
are then determined. This procedure is equivalent to obtaining the MAP distribution as the tomographic inversion 
but requires the use of empirical Bayesian methods and the Akaike Bayesian Information Criterion (ABIC) (Akaike, 

Figure 7. Space-Time ETAS Model. Left panel: An illustration of the iso-surface of the conditional intensity (occurrence 
rates) of the Space-Time ETAS Model. Given a history of earthquake occurrences prior to time t, the conditional 
intensity function is defined by the occurrence rate at time t and location (x, y). Right panels: The spatial triggering 
effect Sj is defined for some pre-specified large earthquake j. For the anisotropy of the aftershock regions, I 
estimate the variance-covariance matrix for the first short period after the mainshock using the AIC selection 
procedure. This model has 7 parameters to be estimated, and we maximize the log-likelihood function to obtain 
the MLE. See Ogata (1998, 2013, 2015) and Ogata and Zhuang (2006).
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1980) to fit the posterior function to the appropriate strength of the smoothness constraints in terms of the 
penalized log-likelihood.

We numerically obtain the MAP using the Laplace approximation (normal distribution approximation) of the 
posterior function at each iteration step and compute the ABIC that should be minimized by each set of constraint 
penalty weights. Details of our method can be found in Ogata et al. (2003) and Ogata (2004, 2011). A program and 
computational manual for estimation, short-term forecasting, and simulation implementation can be found in 
Ogata et al. (2021).

In addition, the following modeling can be used for more in-depth diagnostic analysis. Ogata et al. (2003) and 
Ogata (2004, 2011) propose that once the optimal MAP solution  of the HIST-ETAS model is obtained, the 
3D unknown function  in a piecewise linear function on the Delaunay tetrahedral partition (Delaunay 
volume function) is considered to represent a space-time anomaly from the estimated HIST-ETAS model, and then 

 is re-fitted. Finding the optimal MAP solution  of the space-time Delaunay volume 
function by the ABIC smoothing shows the possibility of visualizing the space-time anomalous times and regions 
such as the quiescence or activation of seismic activity relative to the HIST-ETAS model. However, to clearly visualize 
such anomalies, the magnitude threshold of the original data set needs to be lowered to increase the information. 
To pursue this possibility, it is expected that the missing data correction, which will be discussed for the time case 
in Section 4.2, will be pursued appropriately for the space-time case.

In another way of space-time diagnostic analysis, the stochastic de-clustering method (Zhuang et al., 2002) 
together with the stochastic reconstruction method (Zhuang et al., 2004) can be applied to show either reproducibility 
or non-reproducibility of empirical statistical features obtained from the data.

(a)

(b)

Figure 8. Delaunay triangulation mesh and optimal MAP solutions. (a) By constructing a Delaunay triangle tessellation 
mesh based on the location of the global earthquake (global CMT catalog Mw ≥ 5.4) with some selected points, 
the HIST-ETAS model is optimized using ABIC. Restricting the optimal MAP inversion solution to the area around 
the Japanese archipelago and linearly complementing it, the image of 𝜇(x,y) is shown in the upper right panel. 
(b) Similarly, an interpolated view of the HIST-ETAS optimal MAP solution can be obtained from the Delaunay 
triangle tessellation for the JMA data (MJMA ≥ 5) around the Japanese islands, but at a higher resolution.
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2.8 Evaluating long-Term and Short-Term Forecasts

The estimated background seismic activity rate  of the HIST-ETAS model in inland Japan is invariant 
over long-term intervals; it is independent of the learning target period, even when it includes or excludes the 
aftershock periods of the 2011 M9 Tohoku-oki earthquake. The high background rate retrospectively and apparently 
predicts the locations of large earthquakes with magnitude M6 or greated, including the locations of historically 
damaging earthquakes (Ogata, 2022). In addition, the background rate map appears to be consistent with the 
stress accumulation rates (see upper panels in Fig. 10) obtained from the GNSS data by Nishimura (2017) which 
also appears to correspond well with the major active fault alignments of M7 class or above. Thus, the lower panels 
show the 30-year probability forecast of an M ≥ 6 inland earthquake. The apparent different probability patterns 
between the background rates and the geodetic-based variation in northern Japan is still under consideration for 
the evaluation. But, for example, Ogata (2022) specifically confirmed that in inland Japan, the background intensity 

 of the full HIST-ETAS model provides better long-term (i.e., about 30 years) forecast of the locations 
of large M ≥ 6.0 earthquakes than the estimated spatial 2D Poisson intensity , and further than the 
background rate  of the restricted HIST-ETAS model.

Short-term forecasts  can be seen in the videos on YouTube by searching for “Yosihiko Ogata 
YouTube” https://www.youtube.com/channel/UCgfwpUeA-ztl5m5PsmnfOtA.

The performance score for short-term forecast is evaluated using the log-likelihood score (information gain 
score),

(2.7)

of the considered HIST-ETAS models up to the last earthquake i. Here, for the MAP solution of the HIST-ETAS 

Figure 9. The HIST-ETAS and Omori-Utsu models are combined. The 3D models are constructed on Delaunay tetrohedron 
tessellation under the Kanto region. The effect of the M9 earthquake off the coast of Tohoku cannot be ignored. 
The 4 panels on the right show the predicted background intensities as of June 2018. The predicted 3D intensity 
rates are shown in 2D images intersecting the horizontal plane and the upper plate planes. Namely, these are 
images of the predicted intensities intersected by the 10 km and 20 km depth section planes, the Pacific plate 
plane, and the Philippine Sea plate plane. The plus signs indicate earthquakes that occurred in the vicinity of 
each surface during the following six months. The medium-term forecast proved to be quite successful.

https://www.youtube.com/channel/UCgfwpUeA-ztl5m5PsmnfOtA
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models relative to the uniform Poisson intensity within the inland, which is based on the JMA inland data up to 
the year S = 2018, I have tested the performance of the short-term forecast for the incidence ti in the period for 
the future 5 years from 2019. Also, the size of the difference between the increase and decrease of the compared 
score values can evaluate the details of the superiority or inferiority of the forecast results of certain earthquake 
occurrence times and locations. For predicted events, the performance of a model with a difference of log L − log L0

in information scores is L/L0 times more feasible than another model with a score of L0 (Akaike, 1985; Ogata, 2017). 
I usually assume that the best fitted model is not always closest to the true with respect to the real data, but the 
other models may be useful in some periods and locations, so that I am reluctant to compare models by the average 
information gain score per event.

For example, Ogata (2024a) reports that the full HIST-ETAS model is generally superior for the recent period 
2019-2023. However, this performs poorly for the recent period after the 2024 M7.6 Noto Peninsula earthquake. 
In terms of the spatial performance of the cumulative log-likelihood scores (2.7), the simple (i.e., non-Bayesian) 
space-time ETAS model performs better in regions with low seismic activity during the learning period up to the 
2011 Tohoku earthquake, such as the Noto Peninsula region, eastern Fukushima Prefecture, northeastern Ibaraki 
Prefecture, and the eastern offshore area of Yamagata Prefecture. These correspond to the regions of very low 
background seismic activity. The HIST-ETAS models also do not perform well for volcanic swarms in the regions 
off the east coast of the Izu nor the Japanese Alps in central Japan.

On the other hand, in Collaboratory for the Study of Earthquake Predictability (CSEP; Schorlemmer, 2018), 
Nanjo et al. (2012) reported the prospective short-term forecasts performance of the models for the aftershocks of 

(a)

(d)

(b)

(c)

Figure 10. (a) The estimated background intensity 𝜇(x,y) of the HIST-ETAS model in the interior per square kilometer per 
day of an earthquake with M ≥ 4. The extremes vary by a factor of 100. (b) The distribution of maximum shear 
strain rates for the period 2005-2009 at a high spatial resolution calculated by Nishimura (2017) using GNSS 
data. This shows a high correlation with 𝜇(x,y) except for the circled areas where the strong stresses from plate 
subduction are included. (c) The expected 30 year probability of M ≥ 6 earthquakes per degree square, obtained 
by assuming the G-R law with b = 0.9, which is the MLE over the entire area of Japan. (d) The same 30-year 
probability recalculated from the corrected stress rates for the component pushed off the plate (Nishimura, 
2024). Similarly, the background seismicity in California is given and discussed in Ogata (2017a).
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the 2011 M9 Tohoku-oki earthquake from the learning period before the Tohoku-oki earthquake is poorly evaluated 
for all submitted different space-time ETAS models due to significantly high activations compared to the models 
after the M9 event (Ogata et al., 2013).

3. Diagnostic Analysis and Earthquake Physics

Since about the 1960s, there have been dramatic advances in the physics of earthquakes including the development 
of the theory of plate tectonics, which is the cause of stress accumulation in earthquake generation, and the theory 
of elastic repulsion, which states that the cause of earthquake shaking is the rapid discrepancy motion of fault 
planes. For each major earthquake, a fault motion model has been obtained by analyzing seismic waves. In this 
century, geodetic changes have been obtained from satellite observations, and the physical elucidation of the mode 
of earthquake occurrence and earthquake dynamics has progressed. Thus, seismic catalogs are now understood to 
represent the time and location of rupture onset, and the area and amount of slip of the ruptured fault. Data such 
as the direction of the fault plane and orthogonal plane, and the center of gravity of the fault have also been added. 
These data are used to study seismic activity.

3.1 Relative seismicity quiescence and relative activation

When seismic activity in an area appears to be quiescent, it may simply mean that aftershock activity from past 
earthquakes has ceased, or that aftershock activity from past earthquakes that should have been more active is 
inactive for some reason.

As a seismicity anomaly, Matsu’ura et al. (1995) prospectively reported a lower activity rate than the expected 
decay rate by the Omori-Utsu law for aftershocks of the 1995 M7.3 Kobe earthquake before its largest aftershock of 
M5.4. Similarly, for the aftershock activity of the 2005 M7.0 off the west coast of Fukuoka Prefecture, Ogata (2005a) 
reported a quiescence relative to the ETAS model before the maximum aftershock of M5.8 occurred.

The ETAS model allows us to account for such effects and to argue for a relative quiescence of the decaying 
aftershock activity relative to the expected level of activity (Matsu’ura, 1986; Ogata, 1988, 1989, 1992). In contrast, 
this is different from the quiescence for conventionally de-clustered events which is tested by the stationary Poisson 
hypothesis. Conventional de-clustering algorithms can lead to diverse and different results (e.g., Llenos et al., 2023), 
making it difficult to properly discuss data containing large aftershock activity from moderate to large earthquakes, 
and the accuracy of the results cannot be expected.

However, the relative quiescence is not always a precursor to a large earthquake or a moderate to large 
aftershock. I examined 76 aftershock sequences of past large earthquakes in Japan (Ogata, 2001b). See Ogata (2001); 
http://bemlar.ism.ac.jp/ogata/JGR01supplement/ for detailed records. Relative quiescence was observed in about 
45% of the aftershock sequences, which is not particularly unusual. However, if the quiescence is prolonged for 
more than three months, the probability of an earthquake of the same or greater magnitude as the main shock 
occurring within 6 years is several times higher than for normal aftershocks in the vicinity of the aftershock area 
(e.g., within 200 km) in Japan (Ogata, 2001) or 3 ~ 4 times higher than probability gain induced by the space-time 
ETAS model (Ogata, 2017b).

 One possible cause of relative quiescence is in the period when “slow slip” occurs within a nearby fault, 
causing stress shadows in the aftershock region. In such cases, there is a possibility that such slow slip may be a 
precursor to triggering a nearby fault rupture. We have been able to confirm several such slow slips by analyzing 
anomalous changes in GNSS geodetic data (e.g., Fig. 10) (e.g., Ogata, 2007a, 2010a, 2011a; Kumazawa et al., 2010), 
and I hope to analyze many cases so that we can monitor them in real time. Similarly, “relative activation” can be 
defined (Ogata, 2005, 2007, 2011a; Kumazawa and Ogata, 2013). In particular, Kumazawa et al. (2010) discussed 
the coexistence of a quiescent region and an activated region as precursors to the M9 Tohoku-oki earthquake. 
Specifically, following is found in many scenarios for retrospective interpretations of their physical significance 
that assume precursory slow slips on the down-dip extension of the focal fault solution of the forthcoming large 
earthquake, causing precursory changes in the patterns of the Coulomb Failure Stress (CFS) in a wide area around the 
focal event (Figs. 11 and 12), and also changes from the trend of time series of geodetic baseline distances between 
GNSS stations around the focal area (Figs. 12 and 13) (see details in Kumazawa et al., 2010, 2017, 2020; Ogata, 1992, 

http://bemlar.ism.ac.jp/ogata/JGR01supplement/
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1999, 2001b, 2001, 2005a,b,c, 2006a, 2007a,b, 2011a, 2017a, 2017d; Ogata et al., 2003a; Ogata and Toda, 2010; Ogata 
and Tsuruoka, 2016). In general, the transformed times of aftershocks may be uniform over the aftershock period, 
but they are often not locally uniform in either time or space as shown in Fig. 13. If we take the aftershock sequence 
and use the time transformation (2.4) using the Omori-Utsu formula to look at the spatiotemporal distribution 
within the aftershock swarm in a plot of latitude or longitude coordinates xi versus , we 
can see that the transformed occurrence times may be uniform throughout the period, but each subregion may 
have different space-time patterns (Ogata, 2010, 2017a; Ogata and Toda, 2010; Ogata and Tsuruoka, 2016) as shown 
in Fig. 13. Ogata (2010) attempted to characterize these patterns using six scenarios derived from the rate- and 
state-dependent friction law of Dieterich (1994). Spatiotemporal local quiescence/activation patterns and local 
cluster drifts in the aftershock zone can be observed prior to a large aftershock. Such pattern anomalies suggest 
that local rupture, local slow slip, or fluid intrusion may be occurring within the aftershock zone.

From about 1990 to the present, as a member of the Coordinating Committee for Earthquake Prediction (CCEP), 
I have had many opportunities to analyze numerous case studies in and around Japan and have published many 
reports on them in the Report of the Coordinating Committee for Earthquake Prediction (CCEP; http://cais.gsi.
go.jp/YOCHIREN/report.html). These have been summarized in Ogata (2007b, 2017d), and the details of the most 
of them have been published in international journals. Except for a few cases, the analysis reports are ex post rather 
than prospective. If the location of the main shock and its fault solution are known, it is possible to retrospectively 
interpret geodetic data and changes in seismic activity by assuming slow slip on the down-dip extension of the main 
fault, as shown in Figs. 11 and 12 (see also Ogata, 2007a, b, 2008, 2010a, b, 2011).

Figure 11. A physical scenario of the interaction between two neighboring earthquakes. On the upper left is the fitted 
ETAS for the aftershock series for the first week of the 2004 M6.8 Chuetsu earthquake. The red curve is the 
fitted cumulative ETAS curve. However, about six months later, the aftershocks lower than the expected rate 
during the period of two years, and the 2007 M6.8 Chuetsu-oki earthquake occurs nearby.
The preceding earthquake activity in the Chuetsu-oki region supports the slow slip before the event, as it 
moves deeper (top 3rd column panel) and the contraction of the GNSS baseline distance along the coast slows 
down (top and bottom in the 4th column panel). We can then assume that this slow slip (green ellptical circles 
in the middle and bottom third column panels) promoted the main rupture and created a stress shadow in 
the aftershock area of the 2004 Chuetsu earthquake. As shown in the lower right four panels, the preceeding 
slow slip on a part of the Chuetsu earthquake fault not only promoted its main rupture, but also reduced the 
aftershock activity of the Chuetsu earthquake. The relative quiescence in the top panel of the second column 
is because the stress shadow covered the aftershock area of the 2004 Chuetsu earthquake and suppressed the 
aftershock activity.

http://cais.gsi.go.jp/YOCHIREN/report.html
http://cais.gsi.go.jp/YOCHIREN/report.html
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Therefore, to prospectively link relative quiescence/activation and slow slip phenomena to earthquake forecasting 
in ETAS in the future, we need to explore the detection of seismicity anomalies and crustal deformation anomalies 
in advance and implement statistical models and methods that can efficiently detect them. However, in most cases, 
especially in the inland regions of Japan, slow slips are difficult to detect and reverse due to their small size and the 
many post-seismic movements caused by neighboring earthquakes.

As a solution to this problem, we can investigate how the stress changes by hypothetical slow slip fault models 
fit the earthquake occurrence patterns as well as the geodetic displacements of the GNSS stations. By constructing 
such a fault model and using the crustal deformation analysis method as shown in Figs. 11 and 12, the goodness 
of fit can be used as a constraint weight in the criteria for inverse analysis. Such forward inference has serious 
problems requiring a large amount of modeling effort as well as computational load, but it may be possible with 
the development of computer technology.

 For medium- and short-term forecasting of a large interplate earthquake, episodic slow slip on a plate boundary 
may be a promising precursor (e.g., Nishikawa and Nishimura, 2023: Dascher-Cousineau and Burgmann, 2024). 
As discussed in Section 3.1, it must be discriminated from post-seismic or periodic slip. To empirically evaluate the 
probability gain (see Section 4.3) of a large earthquake occurrence, these slip types must be statistically classified 
based on the spatiotemporal pattern of seismic activity. See also the case for the relative quiescence discussed in 
Sections 3.1 and 4.3.

Figure 12. Precursor scenario for the 2004 M6.8 Chuetsu earthquake. Assuming that the Chuetsu earthquake was preceded 
by slow slip (the fault model is deep within the Chuetsu earthquake fault), we confirmed that the quiescence and 
activation of seismic activity in the 8 years preceding the Chuetsu earthquake correspond well to the positive 
and negative regions of the ΔCFS, when applied to the ETAS model (left diagrams). Although not shown here, 
local seismic activity was examined for each clustered sub-region containing a sufficient number of events 
for ETAS analysis, with harmonic results. The rectangle in the center is a model of the deep extension of the 
Chuetsu earthquake fault. This fault is assumed to slip slowly as in the similar mechanism solution of the main 
earthquake. The red and blue contours, warm and cold colors, represent positive and negative ΔCFS, respectively, 
for the major stress field in this region. When the crustal deformation (time series of baseline distance) is now 
considered using GPS data, it is consistent with slow slip except for the baselines including the three closest 
stations to the fault (the red and white circled characters in the panels). The predicted residual displacements 
of the baseline distance time series are positively correlated with the coseismic displacements of M6.8 except 
for the three most proximal stations.
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3.2 Earthquake Swarms and Non-stationary ETAS Model

Subsequent studies have extended the ETAS model to a wide range of seismic anomalies. Seismic activity can 
increase or decrease in response to changes in crustal stresses caused by seismic or non-seismic slip of surrounding 
faults, and it is also known that fluid intrusion into the fault gap can cause a swarm of seismic activity. Transient 
swarm earthquakes mixed in a normal ETAS system can be estimated indirectly by calculating their significance from 
the poor estimation results of the stationary ETAS model. For example, there are several reports on the relationship 
between earthquake swarms and slow slip at plate boundaries (e.g., Nishikawa and Ide, 2018; Nishikawa et al., 2021, 
Nishikawa et al., 2023).

These suggest that a non-stationary ETAS model in which the parameter 𝜇(t) in Eq. (2.5) varies with time can 
be well fitted (Kumazawa et al., 2010, 2016, 2017; Kumazawa and Ogata, 2013, 2014). The time variation of the 
parameter 𝜇(t) can provide a quantitative physical relationship between the weakening of a sticking fault due to 
the intrusion of fluids, such as magma or hydrothermal fluids, into the fault system and the rate of earthquake 
occurrence. For example, Kumazawa and Ogata (2013) applied non-stationary ETAS model to induced earthquakes 
in northern Japan immediately after the 2011 M9 Tohoku-oki earthquake and were able to provide supporting 
evidence that some of these inland earthquakes were caused by a reduction in fault strength due to fluid intrusion 
induced by the earthquake ground motions of the M9 Tohoku-oki earthquake. The reproducibility of the data was 
verified by simulation experiments.

Figure 14 illustrate frequent transient slow slips off the east coast of the Boso Peninsula and its northern part (off 
the east coast of Ibaraki Prefecture) have been reported in significant numbers by, tiltmeter anomaly records, GNSS 
geodetic recording anomalies, and highly frequent repeating (recurrent) earthquakes. Fitting the non-stationary 
ETAS model to these areas corresponds to sharp peaks in 𝜇(t) values of background seismicity for most of the 
anomalies (Kumazawa and Ogata, 2024a).

In addition, the non-stationary ETAS model was used to investigate the predictability of earthquake swarms 
associated with magma intrusion in volcanic and geothermal regions (Fig. 14). Velocity changes in volumetric 
strainmeter records installed by the Japan Meteorological Agency (JMA) were reported to show a high correlation 
between the strain changes associated with magma ascent and the occurrence of earthquake swarms off the east 
coast of the Izu Peninsula. Kumazawa et al. (2016) found that the temporal changes in background seismic activity 

Figure 13. Examples of plots of homogeneous/heterogeneous space-time aftershock locations where latitude/longitude vs. 
time transformed by Eq. (2.4) for the Omori-Utsu formula, which are studied by Ogata (2010). The transformation 
by Eq. (2.4) is illustrated in the first column panel. 
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in the non-stationary ETAS model were more sensitive to strain changes than the activity of the swarm itself. 
Here the volumetric strainmeter records are calibrated by removing the effects of, atmospheric pressure, ocean 
tides, groundwater level changes due to precipitation, and the coseismic changes.

Therefore, Kumazawa et al. (2016) propose a model that forecasts the conditional intensity rate of the extended 
ETAS model from the corrected volumetric strain records, and then links it to the forecasting the frequency of 
earthquake swarms. Thus, when the starting location of a swarm earthquake is given, we can accurately forecast 
the conditional intensity rate about half a day after the volumetric strainmeter change data (see Fig. 14). The 
results show the prospect of improving the forecasting performance of seismicity in seismic activity with external 
triggering factors by appropriately incorporating external data such as geodetic data. At the same time, it suggests 
the possibility of developing space-time inversion of crustal stress information from information such as seismic 
swarm activity and strainmeters.

In addition, we quantitatively investigated the seismicity diversity in the central Kyushu region, including the 
foreshocks and aftershocks of the 2016 M6.4 and M7.3 Kumamoto earthquakes by applying various point process 
models, including the ETAS and non-stationary ETAS models, from the seismic activity in the aftershock area before 
and after the earthquake. A detailed analysis of the foreshock and aftershock series was also performed for the 2018 
Hokkaido Eastern Iburi earthquake, the study of which clearly showed that a portion of the aftershock activity was 
of swarming type and explicitly showed the portion of partial fluid intrusion (Fig. 6), (Kumazawa et al., 2019).

Seismic activity in the northern Noto Peninsula began in late 2020, followed by the M6.5 earthquake in May 
2023, and then the M7.6 earthquake on New Year’s Day 2024. The mechanism of this series of seismic activity until 
just before the M7.6 event was analyzed by Kumazawa and Ogata (2024b) using the non-stationary ETAS model and 

Figure 14. Offshore Izu Peninsula earthquake swarm. The three lower left panels show the MAP results of the non-stationary 
ETAS model for M ≥ 2.0 data from 1985 to 2019. The red curves in the lower left panels are the estimated 
background intensity of the non-stationary ETAS model with 95% confidence error, and the eight periods with 
arrows are considered swarm in Kumazawa et al. (2016). The central eight panels are magnified from those fitted 
by the non-stationary ETAS model and separately represent the groups indicated by the arrows, and the black 
curve is the MAP solution for the background intensity 𝜇(t). The panels in the right eight panels are the 𝜇(t)
solution (black curve) and the prediction based on the rate of change of volumetric strain (red curve). The latter 
data are provided by the JMA, which continuously records the volumetric strain at the locations marked with 
an asterisk. The prediction function for the 𝜇 value calculated from the volumetric strain change zs depends on 
the distance d(x,y) from the strainmeter to the initial location of the swarm earthquake, and all other constant 
parameters being equal. All are in good agreement with the previously obtained non-stationary ETAS 𝜇 values, 
where the y-axis is the logarithmic scale.
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various spatiotemporal statistical models. In the aftershock series of the M6.5 event in 2023, it was estimated that 
the region immediately before the M5.9 maximum aftershock showed a quiescence, and the background seismicity 
increased immediately after the mainshock, then decreased, and finally increased again after a short time (Ogata 
and Kumazawa, 2024a, b). This suggests that the fluid that was injected into the ground by the seismic motion 
immediately after the M6.5 earthquake was processed and the fluid pressure increased again.

A similar method was applied to a series of 2010-2014 earthquake swarms in southern Italy (Petrillo et al., 2024).

4. Magnitude Series Forecasts

The simplest statistical model is exponential distribution with respect to magnitude, namely, the Gutenberg-Richter 
law (G-R law) (Gutenberg and Richter, 1956), and they showed that the coefficient b value is different in different 
parts of the world. This value is also known to be different in different parts of Japan (Ogata, 2011b their Figs. 3 
and 4; 2011c their Fig. 3) and can vary with time even in the same location. In particular, the temporal variation 
of b-values is thought to reflect changes in the stress field in the region based on the rock fracture experiments 
and is expected to provide a useful information for earthquake forecasting. For example, Suyehiro (1966) showed 
that b-values can differ significantly between foreshocks and aftershocks. Traditionally, the coefficient b has been 
estimated as the slope of a line using least squares or other methods based on a logarithmic plot of magnitude 
versus cumulative number of aftershocks. Utsu (1965) proposed the estimator by the method of moments, which 
Aki (1965) soon showed it being the MLE and gave a theoretical estimation error.

According to Utsu (1971), the number of papers describing the b-value at that time was not less than 250. 
At present, more than 50 years have passed since then, and it is assumed that a considerable number (possibly more 
than ten thousand) of papers have been written in retrospect. This means that it is difficult to discuss on b-value 
changes except on a case-by-case basis in space and time when applying the simple b-value estimate (i.e., reciprocal 
mean magnitude) to extremely heterogeneous geology and complex stress changes. I find it much difficult to make 
predictions using b-values and I describe some b-value related issues in subsection 4.1.

4.1 Discrimination of Foreshocks

The ETAS model (2.2) is the probability of an earthquake above a certain magnitude threshold. However, the 
magnitude distributions associated with the ETAS model are not forecasted, where the magnitude sequence is 
independently and identically distributed according to the G-R law for a given b-value. Namely, it follows an 
exponential distribution above a certain lower threshold magnitude Mc.

Thus, the simplest model for forecasting aftershock rates, both in terms of occurrence times and magnitudes is 
 that of Reasenberg and Jones (1989). Here the ETAS model (2.2) can be considered 

instead of the Omori-Utsu formula (e.g. Omi et al., 2014).
In practice, the UCERF3-ETAS method (Field et al., 2017; US Geological Survey, 2022), which implements medium- 

and long-term forecasts, uses characteristic magnitude distributions of intrinsic earthquakes for earthquake fault 
segments throughout California, and an upper bound for the space-time ETAS model. For the magnitude sequences, 
the space-time ETAS model is combined with a tapering G-R distribution. However, the magnitude sequence remains 
independently distributed.

In fact, the magnitude time series may in some cases depend on historical data such as earthquake occurrence 
patterns. The key clue is the probabilistic discrimination of “foreshocks”. When a new earthquake cluster starts 
in a region, I want to prospectively predict the probability that it will be of the “foreshock” type in real time. 
Ogata et al. (1995, 1996) separate earthquake clusters and link all those closer than a certain space-time distance 
to the earthquake catalog of M ≥ 4.0 (single-link method).

The largest earthquake in each cluster is called the main shock, and if the magnitude difference between the main 
shock and the largest foreshock in the cluster is greater than 0.45, the foreshock is called a foreshock type. In other 
words, we estimate the probability that an earthquake that is 0.45 magnitude larger than the largest earthquake 
in the cluster so far will occur within one month. The magnitude difference should be as large as common sense 
dictates, but since this would reduce the proportion of foreshock-type clusters in the total cluster, we chose 0.45 
for a meaningful statistical discussion (Ogata et al., 1995).
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Namely, Ogata et al. (1995, 1996) defined earthquake clusters and proposed a formula for evaluating the 
probability of a significantly larger earthquake occurring in a month based on the statistical identification of the 
space-time-magnitude configuration patterns of previous earthquakes within the cluster.

In the 17 years period since we proposed such a formula, Ogata and Katsura (2012) validated the forecasting 
results. The performance was much better than the constant probability of a foreshock based on the log-likelihood 
ratio criterion. In particular, the results of the discrimination results were quite clear when restricted to clusters 
of earthquakes with large main shocks (e.g., Mmain ≥ 6.5). That is, when compared to the empirical constant 
probability foreshock forecast using the log-likelihood ratio criterion (equivalent to the information gain score), 
the performance was far superior.

Subsequently, Nomura and Ogata (2020, 2023) created a model to evaluate the probability of each magnitude 
larger than the largest earthquake to date in a cluster. They then calculated and tested online the probability of the 
larger earthquakes for ongoing seismic activity throughout Japan and also the world, by an assumed magnitude 
and 30-day imminence, based on recent forecasting experiments using the JMA catalog and USGS global catalogs.

Thus, the probabilistic identification of clusters that may be foreshock-type can be a valid forecast (Ogata, 2017b; 
Ogata et al., 2018). The superiority of the forecast is verified by the log-likelihood ratio criterion (information gain 
score) compared to the forecast results of the standard G-R distribution model (5.1) (Ogata et al., 2018; Nomura 
and Ogata, 2020, 2023).

From a different perspective to support the magnitude dependence, Ogata and Katsura (2014) created the 
first type of synthetic catalog by sequentially inputting the magnitude time series from the JMA catalog into the 
ETAS model and using the time of occurrence and epicenter coordinates, while the second type was created by 
bootstrapping the magnitude sequences from the JMA catalog and inputting them into the ETAS model. The second 
type of synthetic catalog was created to ensure independence and input into the ETAS model. Each synthetic catalog 
satisfies the properties of the spatio-temporal characteristics of the foreshock statistics (Helmstetter et al., 2003), 
but the data assuming independence of the magnitude series show significantly worse probability gain of foreshocks 
than the original JMA data.

Ogata (2018) investigated the information gain score of three types of spatio-temporal conditional probability 
models in forecasting the magnitude of future earthquakes relative to an independently distributed G-R model with 
a constant b-value. The first one is a spatially smoother b-value model; the second is a model in which the reciprocal 
of the b-value (i.e., the denominator of the MLE) forecasts by auto-regression of nearby magnitude sequences; and 
the third is a model that forecasts magnitude based on foreshock identification methods within earthquake clusters.

 The forecasting performance of the three models shows that, except for the last model, the information gain 
score did not exceed the basic G-R law in the Japan area. These experiments may indicate that the temporal and 
spatial smoothing models for b-values are not suitable for forecasting the magnitude sequence of the new rupture, 
suggesting that it can only be captured by short-term local changes.

4.2 Data Heterogeneity and the ETAS Models

The JMA source catalog of the Japan region for the period since 1923, a database of earthquake occurrence 
patterns that has been greatly expanded over the long period of time, is spatiotemporally heterogeneous with the 
development of observing systems. We model the non-uniformity of the source catalog and consider a detection 
function for detected data (Ogata and Katsura, 1993) for long-term and for aftershock sequences (Ogata and Katsura, 
2006). The detection distribution density function for earthquakes of magnitude M is proposed to be modeled by 
an exponential function (the G-R law) multiplied by a cumulative normal distribution (error function) with mean 
𝜇 and standard deviation 𝜎 (see left plots in Fig. 15). Here, µ represents the magnitude value at which 50% of the 
earthquakes are detected, and 𝜎 represents the range of magnitudes at which earthquakes are partially observed. 
In my experience, 𝜎 reflects the size of the area of aftershock activity and the spatiotemporal heterogeneity of the 
stations that recorded the seismic waves.

Model-fitted results will be biased if the spatial and temporal heterogeneity of earthquake detection rates and 
the lack of data immediately following a relatively large-magnitude earthquake (mainshock) are not considered. 
Thus, the number of usable data is limited by the magnitude limit to ensure uniformity, which has been solved by 
setting an appropriate lower magnitude limit or avoiding problematic time spans.
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However, Ogata and Katsura (2006) proposed a solution to the data deficiency by incorporating the simultaneous 
estimation model of seismic detection rate and time variation of b-value of Ogata and Katsura (1993) into the 
Omori-Utsu model. To characterize the non-stationarity of the magnitude time series of detected earthquakes, we 
assume parameters b(t), 𝜇(t) and 𝜎(t) that depend on the elapsed time t. The Bayesian model is considered and 
applied for these smoothing estimates by using the ABIC. See Omi et al. (2013, 2014), Ogata and Kumazawa (2024a,b) 
and others, for the Reasenberg-Jones-type real-time aftershock forecasting methods that account for missing 
measurements immediately after the main shock.

A conventionally used approach is to set the time dependence of the lower magnitude limit Mc to be detectable with 
a probability (97.5%) greater than, say, µ + 2𝜎, for example, and then fit the ETAS model (e.g., Helmstetter et al., 2006; 
Page et al., 2016). However, even in this upper range of magnitudes, earthquakes are missed. Therefore, parameter 
estimation requires considering the detection rate as a function of earthquake magnitude, as in Ogata and Katsura 
(2006) and Omi et al. (2013).

The calibrated ETAS model is the underlying ETAS model multiplied by the detection rate of aftershocks with 
M ≥ Mc. Thus, we can obtain the MLE of the underlying ETAS model by maximizing the log-likelihood function of 
the calibrated ETAS model using the inhomogeneous aftershock data immediately after the main shock (Fig. 15).

We can also apply the calibrated non-stationary ETAS model and compare its goodness of fit with the stationary 
ETAS model using the ABIC minimization procedure (Ogata, 2024a,b; Ogata and Kumazawa, 2024a,b).

Aftershocks can occur in two ways: statically, due to the change in shear stress, and dynamically, due to the 
reduction in fault strength caused by pore fluid pressure (Nakagomi et al., 2021; Hardebeck and Harris, 2022, 
Hardebeck et al., 2024). We want to investigate whether a statistical model can quantitatively categorize them 
based on the temporal distribution of aftershocks. The key clue is to estimate the temporally varying background 
intensity of aftershock activity, and the non-stationary ETAS model seems to be effective in this respect (Ogata and 
Kumazawa, 2024a,b). A more detailed analysis would be possible if the problem of missing aftershocks could be 
overcome. We would like to deepen our understanding of the process of aftershock generation in conjunction with 

Figure 15. Time evolution of the aftershock detection rate immediately after the 2024 M7.6 Noto Peninsula earthquake 
and ETAS model estimation [Ogata and Kumazawa, 2024]. The left panels illustrate the detection rate 
models. Upper middle panel: red and green curves shows the 50% detection rate µ values and µ+2𝜎 values, 
respectively, and blue curve is the detection rate of aftershocks with M ≥ 2.0. Lower middle panel: Red and 
blue curves with errors show the change in 𝑏 and σ values. Right panel: Green curve, detection rate for M ≥ 2.0 
aftershocks; black and red curves show the apparent and the underlying ETAS intensity function for M ≥ 2.0 
aftershocks. Gray dots in all panels show magnitude-time of all detected earthquakes. All curves are ABIC 
optimal MAP solutions. 
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the magnitude dependence of the spatiotemporal distribution of aftershocks, since a certain pattern of temporal 
variation of b-values is also observed in aftershock sequences.

4.3 Multi-Element Probability Predictions

In Section 2.8, it was explained that reasonable long-term forecasts of large earthquakes can be obtained from 
the background rate 𝜇(x,y) of the HIST-ETAS model. In addition to this, the probability gains of the multi-element 
probability forecast equation are expected to increase when information is available on the probability gains 
associated with, for example, foreshock identification (short-term forecast) and to relative quiescence (medium-term 
forecast). The multi-element probability forecast equation (Utsu, 1979; Aki, 1981; Ogata, 2013, 2017a,b) is expected to 
increase significantly in practical use. In retrospective studies, Utsu (1979) calculated the multi-element probability 
forecast for the 1978 M7.6 Izu-Oshima-Kinkai earthquake, and Cao and Aki (1983) also calculated the probability 
for four large M7 to M8 earthquakes in China. Although the 1975 M7.3 Haichen event is considered a successful 
forecast, while the 1976 M7.8 Tangshan event is considered a failure, Cao and Aki (1983) show that both have the 
probability of about 10% per day of the immediately preceding the day of the event. Both cases have a very high 
probability per day given the expected magnitude size from medium and longer term forecasts. There seem to be 
deep political reasons why it is taught that China was lucky at Haicheng and that a harsh, unpredictable reality 
struck back at Tangshan (Mearns and Sornette, 2021).

Recently, I also calculated the retrospective results of the multi-element probability forecasts for the 2016 M7.3 
Kumamoto earthquake (Ogata, 2017a,b). These studies made me realize the importance of developing model-based 
residuals to increase the probability gain (Ogata, 2013, 2017a,b).

The concept of multi-element prediction has been found theoretically in statistical seismology studies. However, 
multi-element probability prediction has not been operational for 40 years. This is mainly because the seismological 
community’s desired goal for “earthquake prediction” in the past has been to enthusiastically discover anomalous 
phenomena with a high probability gain of causing earthquakes, and such prediction is very limited due to low 
alarm rate, resulting in an overwhelming number of large earthquakes occurring unexpectedly (low alarm rate). 
Therefore, we need to systematically collect as many anomalies as possible, even if they have low probability 
gains (low success rate).

5. Final Remarks

Hiro Akaike once said, “Statistical models are like the telescopes and microscopes of data analysis.” It is well 
known that since ancient times, the driving force behind scientific discovery has been methodological innovation, 
such as the discovery and improvement of telescopes and microscopes. The proof of a scientific hypothesis is 
determined by the results of its predictions. Although the subjects of statistical science are truly complex systems, 
appropriate statistical models not only fulfill predictions to a certain extent, but also reveal new scientific facts, also 
called “anomalies” or “unexpected” that were not considered when the model was created, from real data. Statistical 
models and the graphical and pictorial representations based on them can serve as a scientific method to clearly 
show what is barely visible and what is not, leading to new insights.

I have tried to demonstrate the usefulness of statistical methods by expressing a number of empirical laws based 
on seismic statistics and physical hypotheses of seismology as statistical point process models. For example, the 
ETAS model and its extensions, which were constructed based on empirical aftershock activity to forecast not only 
reasonable short-term rates from a database of earthquakes, offers the possibility of being used as a benchmark 
to detect subtle anomalies in seismic activity. We hope that we have conveyed the development of statistical 
seismology, which is closely related to the study of seismic activity, and its importance in forecasting.
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