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Abstract 19 

Earthquake nowcasting has been proposed as a means of tracking the change in large 20 
earthquake potential in a seismically active area.  The method was developed using 21 
observable seismic data, in which probabilities of future large earthquakes can be 22 
computed using Receiver Operating Characteristic (ROC) methods.  Furthermore, analysis 23 
of the Shannon information content of the earthquake catalogs has been used to show that 24 
there is information contained in the catalogs, and that it can vary in time.  So an important 25 
question remains, where does the information originate?  In this paper, we examine this 26 
question using statistical simulations of earthquake catalogs computed using Epidemic 27 
Type Aftershock Sequence (ETAS) simulations. ETAS earthquake simulations are currently 28 
in widespread use for a variety of tasks, in modeling, analysis and forecasting.  After 29 
examining several of the standard ETAS models, we propose a version of the ETAS model 30 
that conforms to the standard ETAS statistical relations of magnitude-frequency scaling, 31 
aftershock scaling, Bath's law, and the productivity relation, but with an additional 32 
property.  We modify the model to introduce variable non-Poisson aftershock clustering, 33 
inasmuch as we test the hypothesis that the information in the catalogs originates from 34 
aftershock clustering.  We find that significant information in the catalogs arises from the 35 
non-Poisson aftershock clustering, implying that the common practice of de-clustering 36 
catalogs may remove information that would otherwise be useful in forecasting and 37 
nowcasting.  We also show that the nowcasting method provides similar results with the 38 
the ETAS models as it does with observed seismicity. 39 

  40 
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 42 

Plain Language Summary 43 

Earthquake nowcasting has been proposed as a means of tracking the change in the 44 
potential for large earthquakes in a seismically active area, using the record of small 45 
earthquakes.  The method was developed using observed seismic data, in which 46 
probabilities of future large earthquakes can be computed using machine learning methods 47 
that originally were developed with the advent of radar in the 1940s.  These methods are 48 
now being used in the development of machine learning and artificial intelligence models in 49 
a variety of applications.  In recent times, a method to simulate earthquakes using the 50 
observed statistical laws of earthquake seismicity has been developed, the Epidemic Type 51 
Seismicity Sequence "ETAS" model.  One of the advantages of the ETAS model is that it can 52 
be used to analyze the various assumptions that are inherent in the analysis of seismic 53 
catalogs of earthquakes.  In this paper, we analyze the importance of the space-time 54 
clustering that is often observed in earthquake seismicity.  We find that the clustering is the 55 
origin of information that makes the earthquake nowcasting methods possible.  We find 56 
that a common practice of "aftershock de-clustering", often used in the analysis of these 57 
catalogs, removes information about future large earthquakes. 58 

 59 

Key Points 60 

 Earthquake nowcasting was proposed as a means of tracking the change in the 61 
potential for large earthquakes in a seismically active area 62 

 We analyze the information contained in the space-time clustering that is often 63 
observed in earthquake seismicity 64 

 We find that "aftershock de-clustering of these catalogs removes information 65 
about future large earthquakes. 66 

 67 

 68 

Introduction 69 

Earthquake nowcasting (Rundle et al., 2019; 2021a,b,c; 2022; 2023; Rundle and 70 
Donnellan, 2020; Pasari 2019; 2020; 2022; Pasari and Mehta 2018; Chouliaris et al., 2023) 71 
is a relatively new method that uses elements of machine learning to track the current state 72 
of the potential for large earthquakes, as well as the recent past and near future.  It is based 73 
on the Receiver Operating Characteristic (ROC) method that was developed with the 74 
invention of radar in 1941 75 
(https://en.wikipedia.org/wiki/Receiver_operating_characteristic) relating to the 76 
observation of "signals" associated with reflections, or "events". 77 

In the nowcasting application, we compute the current large earthquake potential state 78 
(EPS), which is defined as the exponential moving average (EMA) of the inverted monthly 79 
rate of small earthquakes.  We then define a "signal", which is the current value of the EPS, 80 
and an "event", which is the occurrence or non-occurrence of a large earthquake within a 81 
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selected future time window TW.  In (Rundle et al., 2022; 2023), the value of TW  is typically 82 
1-3 years.   83 

To implement the ROC method, we establish an arbitrary threshold value for the EPS 84 
curve, and categorize the "signals" and "events" into 4 categories, thereby building a 85 
"confusion matrix" or "contingency table".  A "signal" is a value of the EPS curve either 86 
above or below the value of the arbitrary threshold.   87 

There are four possibilities.  1) If the "signal "is above the threshold, and a large  88 
earthquake does occur within the following TW  years ("event"), the "signal" is a True 89 
Positive (TP).  2) If the "signal "is above the threshold, and a large earthquake does not 90 
occur within the following TW  years ("event"), the "signal" is a False Positive (FP).  3) If the 91 
"signal "is below the threshold, and a large earthquake does occur within the following TW  92 
years ("event"), the "signal" is a False Negative (FN).  4) If the "signal "is below the 93 
threshold, and a large earthquake does not occur within the following TW  years ("event"), 94 
the "signal" is a True Negative (TN).   95 

The initial threshold value is established at the lowest value of the EPS curve, all points 96 
on the timeseries curve are evaluated, and the confusion matrix is built for that value of the 97 
threshold.  The threshold is then incrementally increased, and a new confusion matrix is 98 
built for that new threshold.  This process continues until the maximum value of the EPS 99 
curve is reached.  Typically one chooses several hundred threshold values, each resulting in 100 
its characteristic confusion matrix.  From these confusion matrices, the ROC curve is then 101 
constructed by plotting the True Positive Rate (TPR), against the False Positive Rate (FPR), 102 
where: 103 

 104 

𝑇𝑃𝑅 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, 𝐹𝑃𝑅 =  

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
      (1) 105 

 106 

From these quantities, we can also compute the Positive Predictive Value, or Precision 107 
(PPV), which is defined as: 108 

 109 

𝑃𝑃𝑉 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
      (2) 110 

 111 

The precision can be regarded as the probability of a future large earthquake occurring 112 
within the following TW  years if the EPS curve is at, or above, a reference value on the EPS 113 
curve.   114 

As discussed by Rundle et al. (2023), the fact that one can compute the PPV value 115 
implies predictability for large earthquakes.  This in turn implies that there is Shannon 116 
information (Shannon, 1948) contained within seismic catalogs.  An important question is, 117 
from where does this information arise?  What property of the catalogs is associated with 118 
this information content?  This is the question that we seek to answer in the current paper.   119 

The hypothesis that we consider here is that the information arises from the non-120 
Poisson clustering of the earthquake data, typically as a result of aftershocks following large 121 
earthquakes, or as swarms or "bursts".  More specifically, we find that information is 122 
associated with the relative quiescence that follows aftershock activity, meaning that 123 
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removing aftershocks obscures the boundary between an "active" phase vs. a "quiescent" 124 
phase.  125 

To test this hypothesis, we turn to earthquake simulations in the form of Epidemic Type 126 
Aftershock Sequences (ETAS) models.  These models are constructed using the standard 127 
statistical relations of magnitude-frequency scaling, aftershock scaling, Bath's law, and the 128 
ETAS productivity relation.  We then apply the nowcast method to these ETAS models and 129 
discuss the results.   130 

Epidemic Type Aftershock Sequence (ETAS) Models 131 

Overview of Current ETAS Models.  The Epidemic-Type Aftershock Sequence (ETAS) is 132 
a statistical model for the spatial and temporal distribution of seismic activity for a given 133 
geographical region. Apparent from the name, the model’s focus is on aftershocks and 134 
capturing the observed clustering following a mainshock. The framework that the ETAS 135 
model provides has found use beyond modeling single aftershock sequences, to compute 136 
catalogs of events (Zhuang et al., 2015). Once the model has been calibrated for a specific 137 
spatial and temporal region it can be used in forecasting seismic activity in various 138 
seismically active regions (Zhuang, 2011; Mancini et al., 2021). 139 

The ETAS model focuses on the clustering of aftershocks following mainshocks. It does 140 
this by differentiating between two different types of events: background and triggered. 141 
The production of events is treated as a branching process where background events occur 142 
spontaneously due to some external loading process (i.e. tectonic loading, subsurface fluid 143 
injection, etc.) that have the potential to trigger future events. It is important to note that 144 
triggered events can themselves trigger future events leading to self-exciting cascades.  145 

Mathematically, this is expressed as a conditional intensity. 146 

 147 

𝜆(𝑀, 𝑥, 𝑦, 𝑡) = 𝑠(𝑀) [0(𝑥, 𝑦) + ∑ 𝜅(𝑀𝑖)𝑔(𝑡 − 𝑡𝑖)𝑓(𝑥 − 𝑥𝑖 , 𝑦 − 𝑦𝑖; 𝑀𝑖)

{𝑖: 𝑡𝑖<𝑡}

] 

(3) 148 

Technically speaking, this is a "marked" branching process, meaning that every event 149 
that occurs is marked with a magnitude, M.  This magnitude is determined by 𝑠(𝑀) =150 
𝛽𝑒𝛽(𝑀−𝜇), the probability density function (pdf) form of the Gutenberg-Richter distribution.  151 
Here 𝜇 is the completeness magnitude and 𝛽 = 𝑏 ln 10 is related to the b-value. When and 152 
where events occur is determined by the expression in the brackets.  153 

Background events in this model are assumed to follow a Poisson distribution (Gardner 154 
and Knopoff, 1974) with 𝜇(𝑥, 𝑦) being the rate (i.e. the background rate) which is constant 155 
in time but allowed to vary spatially. The summation term describes the triggering process. 156 

Here 𝜅(𝑀) = 𝐾𝑒𝛼(𝑀−) is the productivity relation, it represents the mean number of 157 
offspring of an event with magnitude M.  158 

The terms 𝑔(𝑡 − 𝑡𝑖) and 𝑓(𝑥 − 𝑥𝑖 , 𝑦 − 𝑦𝑖; 𝑀𝑖) are density functions for the occurrence 159 
time and location of an event triggered by the i-th event, respectively. Various functional 160 
forms have been used for 𝑓(𝑥 − 𝑥𝑖 , 𝑦 − 𝑦𝑖; 𝑀𝑖) (Zhuang at al., 2011) while 𝑔(𝑡 − 𝑡𝑖) is taken 161 
to be the probability density form of the Omori-Utsu Law: 162 
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𝑔(𝑡) =
𝑝−1

𝑐
(1 +

𝑡

𝑐
)

−𝑝
     (4) 163 

Before implementing this model, one must first determine “reasonable” model 164 
parameters. We say "reasonable" because certain combinations of model parameters can 165 
lead to a critical state where cascades of triggered events will fail to terminate. For more 166 
information on criticality in the ETAS model refer to (Zhuang et al., 2012). Often though, the 167 
ETAS model is employed in the study of seismicity for a specific geographical region and 168 
time window where an empirical catalog already exists.   169 

To determine model parameters which best describe the desired catalog, a log-170 
likelihood function is chosen and maximized to give a maximum likelihood estimator (MLE) 171 

of the model parameters, 𝜃.  For a review of the log-likelihood function refer to (Zhuang et 172 
al., 2011; 2012, 2015) and (Veen et al., 2008;  Lombardi, 2015) for computational methods 173 
to maximize the log-likelihood function Another example is the recent paper by Mancini 174 
and Marzocchi (2023) that discusses how to fit an ETAS model ("SimplETAS") to a given 175 
region.  Still another is the paper by Hardebeck (2013). 176 

While the ETAS model performs well at modelling earthquake catalogs, the 177 
determination of model parameters is far from a trivial task. The spatial and temporal 178 
windows chosen, as well as the completeness magnitude used, can all lead to substantial 179 
variations in the MLE parameters (Seif et al., 2017). Furthermore, the notion of an 180 
aftershock within the ETAS model has some ambiguity, in the sense that it is not so clear 181 
when the aftershock cascade terminates and the events become "background". 182 

Whether we choose an aftershock to be direct offspring of an event or the entire 183 
sequence of triggered events (i.e. directly triggered offspring plus indirectly triggered) can 184 
lead to deviations in the observed Omori-Utsu p-value. If instead, the aftershocks are 185 
determined from the ETAS catalog using conventional methods usually employed for 186 
empirical catalogs, still different results are obtained (Helmstetter and Sornette, 2003). 187 

Modified ETAS Model with Variable Clustering.  In a modified model that we consider 188 
here, we start with the same basic equations as the current ETAS models.  Specifically, our 189 
basic ETAS equation for the rate of earthquake production is an implementation of the 190 
standard approach: 191 

 192 

𝜆(𝑀, 𝑥, 𝑦, 𝑡)  =  𝑠(𝑀) [ 𝜆0(𝑥, 𝑦) + ∑
𝐾10𝛼𝑀𝑖

(∆𝑡𝑖 + 𝜏)𝑝𝑡𝑖<𝑡  
1

(∆𝑟𝑖 + 𝜉)2𝑞]    (5) 193 

 194 

where: 195 

∆𝑡𝑖  =  𝑡 − 𝑡𝑖      (6) 196 

 197 

∆𝑟𝑖  =  √(𝑥 −  𝑥𝑖)2  +  (𝑦 −  𝑦𝑖)2)    (7) 198 

 199 

Parameters 0, K, , p, q, , and  are the usual parameters in ETAS models, t is time, and 200 
(xi, , yi) are the spatial locations of the ETAS earthquakes (Table 1).  Furthermore,  is the 201 
magnitude of the smallest earthquake (catalog completeness magnitude), and Mi is the 202 
magnitude of the event at time ti.  All parameter values used in this paper are given in Table 203 
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1.  Of course magnitudes are picked from a Gutenberg-Richter distribution with parameter 204 
b.    205 

To build catalogs, we start with a relation to compute the "bare" or "unrenormalized" 206 
time to the next earthquake.  Later we describe how the variable clustering (renormalized 207 
clustering) is computed.  The (Poisson) equation to determine the time to the next 208 
earthquake is the following, where 𝑇𝑆 is a time scale: 209 

 210 

∆𝑡 =  − 𝑇𝑆 𝑅 (𝐿𝑜𝑔(1 − 𝑅 ∗ 𝜁))     (8) 211 

 212 

and where: 213 

 214 

𝑅 =  ((
𝜆(,𝑥,𝑦,𝑡)

𝜆(𝑀,𝑥,𝑦,𝑡)
))

𝜂
 ≤  1      (9) 215 

  216 

Here: 𝜁 = Random number drawn from a uniform distribution.  Note in particular that the 217 
equation for t arises from the inversion of a Poisson cumulative distribution function, and 218 
that the natural Log term in parenthesis is  0.  The role of R can be seen to reduce the time 219 
interval to the next earthquake after a large earthquake occurs. 220 

In our implementation here, the number of events in the simulation catalogs is chosen 221 
to be the same as for the California catalog, given the same completeness magnitude 𝜇.  As 222 
we describe below, the time scale 𝑇𝑆 plays no important role since all event times will be 223 
proportionately rescaled so that the resulting catalog is the same total duration as the 224 
observed California catalog, thus matching the long term rate of seismicity in the region. 225 

For the spatial locations of events, we use the following algorithm.  We first determine 226 
whether an event is a random "background" event, or whether it arises as an "aftershock" 227 
of a previous "sufficiently large" event.  To determine this difference, we establish a counter, 228 
, which is set to zero,  = 0, at the beginning of the catalog simulation.   229 

If no "sufficiently large" earthquake occurs as the next event, the counter is 230 
decremented by 1, i.e.,        -1.  At negative values of the counter , all earthquakes are 231 
considered to be "background" events.  At positive values of counter , events are 232 
considered to be "aftershocks".   233 

By "sufficiently large", we mean an earthquake whose magnitude is: 234 

 235 

𝑀 >   +  𝑀𝐵       (10) 236 

 237 

where 𝑀𝐵 is the Ba th's law constant ~ 1.2, the average difference between a mainshock 238 
and its largest aftershock.  239 

If such a large enough earthquake does occur, we compute the expected number N of 240 
aftershocks: 241 

𝑁 =  10𝑀 − 𝜇 − Δ𝑀𝐵      (11) 242 

 243 
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We then set the counter  = N, and continue this process, computing the time to the 244 
next aftershock, until the counter decreases to a value below 0, unless a sufficiently large 245 
aftershock having magnitude occurs: 246 

  247 
𝑀𝐴  >   +  𝑀𝐵      (12) 248 

 249 

If such a large aftershock does occur, we compute the expected number NA of events 250 
from that aftershock: 251 

𝑁𝐴 =  10𝑏(𝑀𝐴− 𝜇 − Δ𝑀𝐵)     (13) 252 

If at that point, NA > , we reset  = NA, otherwise we continue with the decrementing 253 
process.  By this mechanism, we allow large aftershocks to extend the cascade of 254 
aftershocks beyond what would occur only from the mainshock.  Thus, aftershocks can have 255 
aftershocks as well.  Once the aftershock process is complete, and there is no further 256 
extension of the aftershock count, the counter    reaches zero and continues into negative 257 
numbers if no new aftershock occurs that is large enough to also produce aftershocks. 258 

To choose the locations of the background events, we pick the epicenters at random 259 
from the existing catalog of locations of observed earthquakes.  For large mainshocks, we 260 
pick from the epicenters of the few largest earthquakes in the catalog.  For smaller 261 
mainshocks, we pick from any epicenter in the catalog. 262 

For the aftershock locations, once the counter is positive, we carry out a random walk 263 
with step size  measured in degrees, around the epicenter of the mainshock, until the 264 
counter reaches zero.  We then revert to picking locations at random from the existing 265 
catalog of observed locations.  In this paper, we have no need for the spatial locations, so 266 
this aspect will not be discussed further. 267 

Enhanced (Non-Poisson) Clustering of the Catalog.  Once the basic catalog is built, 268 
we scale the times to the same interval as the USGS catalog, from 1960 to the present. This 269 
is done by building an ETAS catalog with the same number of events, with the same 270 
completeness level, as the USGS catalog for California.  We then scale all the times of the 271 
ETAS events in the catalog to the time interval 1960-present.   272 

We enhance the clustering of the aftershocks so as to reproduce the observed temporal 273 
scaling with an Omori-Utsu p-value near 1, as observed in nature.  This process involves the 274 
use of a geometric scaling factor 𝑓 <  1, so that scale-invariant clustering is produced.  The 275 
factor f  1- , where  is a small (positive) random number drawn from a uniform 276 
distribution between 0 and a maximum value of .   277 

We choose a clustering factor f < 1 and apply it recursively across all magnitude scales.  278 
We identify ”cycles” of mainshocks and their inter-event “aftershocks”.  We then apply the 279 
clustering algorithm to the “aftershocks”.  We begin with the smallest earthquake that can 280 
have aftershocks and apply the clustering algorithm recursively to all cycles of increasing 281 
magnitude up to the largest possible aftershock, which is determined using Ba th’s law. This 282 
moves all the ”aftershocks” geometrically closer to the first “mainshock”, with the exception 283 
of the last “aftershock”. 284 

As mentioned above, some of the current ETAS models can demonstrate aftershock 285 
cascades that fail to terminate.  In addition, there can be differences in Omori-Utsu p-values 286 
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that are seen in the directly triggered aftershocks, and the indirect aftershocks.  Both of 287 
these are problems that do not occur in our modified ETAS model, an important constraint 288 
since our hypothesis is that it is the aftershocks, or lack of them, that is the origin of the 289 
(Shannon) information entropy.   290 

In general, the statistics of of the modified ETAS model are in basic agreement with the 291 
statistics of the observed data, although there can be inevitable small statistical variations 292 
between different computational runs using the same input parameters.  In the figures 293 
below we show a comparison between the statistics of the USGS California catalog and our 294 
modified ETAS model.   295 

Nowcasting with California Earthquakes 296 

In previous papers, we have described the nowcasting model, which tracks the current 297 
state of the complex dynamical earthquake system in space and time (e.g., ).  Construction 298 
of a nowcast diagram uses the California earthquake catalog since 1960-present within 5o 299 
latitude and longitude of Los Angeles, California.  Details are discussed in Rundle et al. 300 
(2022), and the reader is referred to that paper for details.   301 

Briefly, the method begins with the seismicity data in the seismically active region 302 
around Los Angeles, and applies an exponential moving average (EMA) to the monthly rate 303 
of small earthquakes in the region, using a number of weights N = 36 months, in this case.  304 
We also apply a correction to optimize the ROC skill of the nowcast, and to approximately 305 
correct for small earthquake counts not present in the catalog.  In that method,  we used 306 
earthquakes having M3.3 since 1960.   307 

After applying the EMA and small earthquake correction, the result is a smoothed 308 
version of the monthly rate of small earthquakes, which resembles an "upside-down" 309 
version of the earthquake cycle of stress accumulation and release, as has been pointed out 310 
in Rundle et al. (2022).  Inverting this smoothed seismicity curve, we obtain the nowcast 311 
timeseries curve, examples of which will be shown in the figures, in which seismic 312 
activation is at the bottom of the diagram (many earthquakes such as aftershocks), and 313 
quiescence is at the top.  Thus we see that quiescence is the precursor to large earthquakes.   314 

Figure 1 shows a number of important details, where we note in passing that the 315 
Gutenberg-Richter b-value was found to be b = 0.99.  Figure 1a is a plot of the magnitude of 316 
earthquakes as a function of time, and clearly shows the clustering in time that small 317 
earthquakes are known to exhibit.  This clustering is a combination of both expected 318 
"Poisson" clustering (Gross and Rundle, 1988) as well as "non-Poisson" clustering.  Figure 319 
1b is a plot of the stacked aftershocks from all the 104 earthquakes M > 5.5, showing a p-320 
value of 1.02.  To create this plot, aftershocks were identified and labeled using the 321 
procedure discussed previously for identifying ETAS aftershocks.   322 

Figure 1c shows the nowcast, along with the middle plot (Figure 1d) showing the 323 
precision (Positive Predictive Value  PPV), and the last plot at right (Figure 1e) showing 324 
the Shannon information entropy (Rundle et al., 2023).  Both the precision and the 325 
information of the data are represented by the solid line.  The 50 cyan curves in each of the 326 
Figures 1d and 1e are computed by randomizing the nowcast curve using a bootstrap 327 
procedure (random sampling with replacement), then computing the precision and 328 
information.  Mean and standard deviation of the cyan curves are indicated by the dashed 329 
and dotted lines. 330 
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Also shown in Figures 1d and 1e are the maximum probability gain, MaxPG = 272.3%, 331 
and the maximum information gain, MaxIG = 1.897 bits. We define probability gain as: 332 

 333 

 MaxPG  max( (PPV()/<PPVR()>) - 1)    (14) 334 

 335 

where PPV() is precision, and <PPVR()> is the mean precision of the random PPV curves.   336 

Self information I is defined as (Shannon, 1948; Cover and Thomas, 1991): 337 

 338 

𝐼(Θ) =  − 𝐿𝑜𝑔2(𝑃𝑃𝑉)      (15) 339 

 340 

where the information units are in "bits".  Information gain is defined as: 341 

 342 

 MaxIG  max(<IR()> - I())     (16) 343 

 344 

where I() is information entropy, and <IR()> is mean information entropy.  Both PPV and 345 
I are functions of the Earthquake Potential State (EPS  ). 346 

In summary, it is clear from Figure 1c that the "precursor" to large earthquakes is 347 
anomalous or relative quiescence, which is the reason earthquakes are so hard to 348 
anticipate.  Just as clearly, if one "de-clusters" the catalogs, as is common practice in many 349 
papers analyzing seismicity (e.g., Rundle et al., 2021a), the chance of detecting this 350 
anomalous quiescence will be reduced.  In the following section, we provide an analysis of 351 
this problem. 352 

Nowcasting with ETAS Earthquakes 353 

To analyze the effect of non-Poisson clustering on the nowcast method, we begin by 354 
adopting a simplified version of our ETAS model as defined above.  Specifically, we set the 355 
values p = 0 and  = 0 in equation (5), which basically allows only Poisson clustering arising 356 
from equation (5).  What remains is the non-Poisson clustering that arises as a result of the 357 
clustering process described previously.   358 

We also assume that the constant-in-time background rate of activity 0(x,y)= constant 359 
for simplicity.  Other parameter values are described in Table 1.  We consider two cases, the 360 
first (and baseline) case having  = 0.005, the second case having  = 0.0005.  It will be seen 361 
that larger values of   are associated with increased non-Poisson clustering.   362 

It should be emphasized that in both cases, for   = 0.005 and for  = 0.0005, the same 363 
non-clustered catalog was used as the base catalog, after which the clustering algorithm 364 
was applied to compute the resulting two catalogs.  Following the computation of the 365 
clustered catalogs, the nowcasting process was then applied.  Figures 2 and 3 shows the 366 
application of the same nowcasting method to clustered ETAS catalogs having  = 0.005 and 367 
 = 0.0005.  The steps used in the applications are the same as were used in Figure 1 for the 368 
California catalog, as can be seen by comparing Figures 1-3.   369 

Figures 2 and 3 show the magnitude-time plots (Figures 2a and 3a), and the Omori-Utsu 370 
aftershock decay from 128 aftershocks having M > 5.5 in Figures 2b and 3b.  Figures 2c and 371 
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3c show the nowcast, Figures 2d and 3d show the precision PPV() as a function of 372 
earthquake potential state , together with the mean precision from 50 randomized 373 
nowcast curves PPVR().  Figures 2e and 3e show the Shannon information I(), as well as 374 
the information from the 50 randomized nowcast curves.  Figures 2 and 3 should be 375 
compared directly to Figure 1. 376 

Listed in these figures, we can see that MaxPG for California earthquakes is 236.4%, 377 
compared to values of  83.7% for  = 0.005, and  35.3% for  = 0.0005.  The corresponding 378 
values of MaxIG is  1.75 bits for California; 0.877 bits for  = 0.005; and 0.436 bits for  = 379 
0.0005.  Although the MaxPG and MaxIG are not as great for the ETAS case with 0.005 as for 380 
California, this is primarily due to the fact that the random PPV is larger for the ETAS case 381 
than for California.  But the trend of higher MaxPG for larger values of  is clear. 382 

 383 

Discussion 384 

We emphasize that the point of our modified ETAS model is not to present a method to 385 
optimally fit California data, but rather to examine the effect of non-Poisson clustering in 386 
the catalog. In all models, Poisson clustering continues to exist.  We also note that many 387 
other authors have discussed the importance of seismic quiescence, which clearly can only 388 
be identified in comparison to activation.  These authors include Kanamori (1981); Weimer 389 
and Wyss (1994); Wyss and Haberman (1988); Chouliaris (2009); Katsumata (2011); 390 
Huang et al. (2021); Ben-Zion and Zaliapin (2020); Varotsos et al. (2011; 2014; 2020); 391 
Zaliapin and Ben-Zion (2022). 392 

We have presented a simplified version of an ETAS model that exhibits a combination of 393 
both Poisson and non-Poisson clustering of earthquakes in Figures 2 and 3.  In the first 394 
case, with  = 0.005, shown in Figure 2, the nowcasting results are similar to the results 395 
shown for the California catalog (Figure 1).  Temporal clustering of events and Omori 396 
aftershock decay are similar as well.  This is an example of machine learning applied to the 397 
earthquake problem, using both ETAS catalogs as well as the actual California catalog. 398 

Comparing the results from the two ETAS catalogs (Figures 2 and 3), it can be seen that 399 
both precision and information content increase as non-Poisson clustering increases.  This 400 
implies that de-clustering earthquake catalogs, as is often done today, removes information.  401 
The information evidently lies in the anomalous quiescence that follows the clustered 402 
events, so that removing the clustered events obscures the quiescence "precursor".   403 

In conclusion, our results suggest that earthquake catalogs should not be de-clustered 404 
prior to analysis, so that information is not removed.  We note that we plan to use ETAS 405 
models together with AI-enhanced models to explore the utility of AI and deep learning in 406 
the problem of anticipating earthquake hazard in future publications. 407 
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Table 1.  ETAS Parameters and Values 530 
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Figure 1.  Data for 15,838 California earthquakes with magnitude M  3.3.  a) 548 
Magnitude vs. time for California earthquakes from 1960 - present (9/2023).  b) Omori-549 
Utsu decay for 104 mainshocks having magnitudes M  5.5.  c)  a) Shows the optimized 550 
state variable as a function of time, an enlarged version of Figure 1d.  d) Shows the Positive 551 
Predictive Value, PPV or Precision.  Magenta curve is the PPV for the state variable shown in 552 
c), where the vertical axis is the threshold TH.   The cyan lines represent the PPV for 50 553 
random time series.  Mean of the time series is the solid black line, and 1 confidence is 554 
shown as the dashed lines.  e). Magenta curve is the corresponding self information I, 555 

equation (15), on the horizontal axis as a function of the threshold value TH on the vertical 556 
axis.  Again, the cyan curves are the self-information for the ensemble of 50 random time 557 
series, with mean (solid black line) and 1 confidence as the dashed lines. 558 
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Figure 2.  Data for 16,001 ETAS California earthquakes with magnitude M  3.3, and 567 
with a clustering factor  = 0.005.  a) Magnitude vs. time for ETAS California earthquakes 568 
from 1960 - present (9/2023).  b) Omori-Utsu decay for 128 ETAS mainshocks having 569 
magnitudes M  5.5, p-value over the interval shown by the red dashed line is p = 1.12.  c) 570 
Shows the optimized state variable as a function of time, an enlarged version of Figure 1d.  571 
d) Shows the Positive Predictive Value, PPV or Precision.  Magenta curve is the PPV for the 572 
state variable shown in c), where the vertical axis is the threshold TH.   The cyan lines 573 
represent the PPV for 50 random time series.  Mean of the time series is the solid black line, 574 
and 1 confidence is shown as the dashed lines.  e). Magenta curve is the corresponding self 575 

information I, equation (15), on the horizontal axis as a function of the threshold value TH 576 
on the vertical axis.  Again, the cyan curves are the self-information for the ensemble of 50 577 
random time series, with mean (solid black line) and 1 confidence as the dashed lines. 578 
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Figure 3.  Data for 16,001 ETAS California earthquakes with magnitude M  3.3, and 587 
with a clustering factor  = 0.0005.  a) Magnitude vs. time for ETAS California earthquakes 588 
from 1960 - present (9/2023).  b) Omori-Utsu decay for 128 ETAS mainshocks having 589 
magnitudes M  5.5, , p-value over the interval shown by the red dashed line is p = 0.86.  c) 590 
Shows the optimized state variable as a function of time, an enlarged version of Figure 1d.  591 
d) Shows the Positive Predictive Value, PPV or Precision.  Magenta curve is the PPV for the 592 
state variable shown in c), where the vertical axis is the threshold TH.   The cyan lines 593 
represent the PPV for 50 random time series.  Mean of the time series is the solid black line, 594 
and 1 confidence is shown as the dashed lines.  e). Magenta curve is the corresponding self 595 

information I, equation (15), on the horizontal axis as a function of the threshold value TH 596 
on the vertical axis.  Again, the cyan curves are the self-information for the ensemble of 50 597 
random time series, with mean (solid black line) and 1 confidence as the dashed lines. 598 
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ETAS Parameter Description Input Value 

M Magnitude Variable 

𝜇 Completeness Magnitude 3.3 

𝛥𝑀𝐵 Ba th’s Law 1.2 

K Productivity Law 1.0 

𝛼 Productivity Law Fixed at 𝛼 = 0 

q Spatial Omori Law 1.5 

p (input) Temporal Omori Law Fixed at p = 0 

p (observed) Omori Aftershock Scaling Variable Near 1.0 

b (input) Gutenberg-Richter 0.95 

b (observed) Gutenberg-Richter Variable Near 0.95 

𝜀 Controls Recursive Scaling 0.005, 0.0005 

𝑇𝑆 Time Scale 0.1 days 

 
Correlation Time in 
Temporal Omori Law 

1 year 

 
Correlation Length in 

Spatial Omori Law 
100 km 

𝜆0 Background Rate Fixed = 5 

𝜂 Exponent in Rate Ratio 1.5 
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