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Abstract 

In this paper, we present a simple model to forecast global focal mechanisms. This model 

is based on a simple discrete counting distribution of the global centroid moment tensor 

catalog and it also includes, using a Bayesian scheme, the a priori information from the 

Anderson theory of faulting. Our model is tested in hindcasting mode against independent 

data of global large earthquakes with     . We obtained statistically significant good 

agreement between model and data using consistency test, demonstrating that this simple 

model can satisfactorily forecast focal mechanisms at the global scale.  The defined testing 

procedure can be used to test the model in prospective mode against future events. These 

forecasts may inform short- to long-term hazard quantifications that require a finite source 

characterization, as well as real-time source inversion algorithms.   

 

1. Introduction 

The capability of providing accurate forecasts about unobserved data plays a central role in 

science. The accuracy of the forecast can be measured only by producing quantitative tests 

of the model’s forecasts against independent data: “The essence of science is validation by 

observation” (AAAS, 1989).  

A forecast model of the earthquakes’ focal mechanism is a fundamental part of both 

Probabilistic Seismic Hazard Analysis (PSHA) and S-PTHA (Probabilistic Tsunami Hazard 

Analysis for Seismic sources). In the case of PSHA, such a model is important because the 

ground motion prediction equations depend on the style of faulting (normal, reverse, 
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strike-slip, see for a review Gerstenberger et al., 2020). Also, advanced PSHA accounting 

for near-source directivity (Chioccarelli and Iervolino, 2014) and/or the efforts toward 

physics-based PSHA, based on computational seismology (Mert et al., 2016) requires a full 

characterization of finite sources. For long-term S-PTHA, the fault plane is instead always 

necessary to estimate the deformation in the bottom of the sea, to initiate propagation 

models (Grezio et al., 2017). More recently, short-term hazard quantification procedures 

have been proposed to inform tsunami warning procedures (e.g., the “Probabilistic 

Tsunami Forecasting” PTF, Selva et al., 2019; Lovholt et al., 2019), when scientists try to 

forecast the amplitude of the tsunami wave just after the occurrence of a strong 

earthquake, when only the information about magnitude and hypocenter is available. A 

reliable focal mechanism forecast model can substantially improve the performance of 

these forecasts, especially in complex tectonic settings (Selva et al., 2021), but it can also 

help to optimize real-time inversion algorithms as well as urgent computing procedures 

(e.g. Wald et al. 1999), providing useful information to increase the velocity and accuracy 

of inversions and improve the forecast of potential effects. 

Several attempts exist about building models to forecast the focal mechanism adopting the 

Kostrov (1974) approach, both for large global models (Kagan and Jackson, 2014) and 

national models (Roselli et al., 2018). This approach is based on the averaging of the 

seismic moment tensor of the earthquakes surrounding the zone or the spatial cell of 

interest. The average depends both on the magnitude and the distance of the 

earthquakes: larger magnitude events have a predominant role in this type of averaging. 

The final output of that approach is the average moment tensor at a certain spatial point, 
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which can be also used to infer the probability distribution of the style of faulting (Roselli 

et al., 2018).  

The approach based on the averaging of the moment tensor can be inappropriate in the 

case of multimodal distribution, i.e. in zones where complex geological settings allow 

earthquakes with a different style of faulting. Besides, it cannot manage the uncertainty 

arising from a few or even no data. 

In this work, differently from the global earthquake forecast model described in Kagan and 

Jackson (2014), we implement a simpler counting process based on the multinomial and 

Dirichlet distribution, following the implementation strategy proposed in Selva et al. 

(2016). This approach allows us to easily compute the probability associated with each 

strike, dip, and rake combination, by discretizing the 3D parameter space in discrete 

intervals. This approach is suitable in zones where more than one type of focal mechanism 

is allowed since unimodality is not assumed. This is particularly important in complex 

tectonic settings such as the Mediterranean, the Caribbean, or the Indonesian archipelago 

(e.g., Basili et al., 2013, 2021; Selva et al., 2016, 2021). The counting process is then 

included in a Bayesian inference model, allowing to include prior information and 

efficiently manage the lack of data.   

Here, we extend the implementation of this approach by introducing full management of 

prior information, and by extending the forecast model worldwide, and we define a testing 

framework that allows us to measure its forecasting performance and to optimize its 

parametrization. To estimate the parameters of our model we use the global centroid 
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moment tensor catalog (Dziewonski et al., 1981; Ekstrom et al., 2012) from 2004 to 2018, 

which also includes the information of the two nodal planes associated with each 

earthquake. In order to take under control the problem of independence between prior 

and posterior, as well as between model and data for testing the model, differently from 

Selva et al. (2016) we do not include data from mapped faults. 

Once built the model to produce the forecasts, our scope is also to test the forecasting 

capability using independent data. To this end, we use the catalog prepared by Selva and 

Marzocchi (2004), containing the global event with magnitude Ms≥7 in the years 1900-

1989, together with the preferred nodal plane. Similar to the testing approach adopted by 

Kagan and Jackson (2015), we define a metric based on the likelihood. However, in our 

case, to check the consistency of the model, we use the same philosophy that the CSEP 

(Collaboratory for the Study of Earthquake Predictability) testing center (Schorlemmer et 

al., 2018), already applied to other global seismological forecast models (Taroni et al., 

2014; Strader et al., 2018). Finally, comparing different parametrizations of the model, we 

define the best performance configuration that can be tested in forwarding mode, against 

future data.  

 

2. Methods 

2.1 Parameter discretization 

The first step in the model building is to define the spatial grid of our model. In each cell, a 

single forecast will be produced. We start from a global 1°x1° grid (64.800 cells), then we 
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modify the latitude of the cell centers according to the Lambert cylindrical equal-area 

projection (Snyder, 1987) to have a spatial cell with the same area (approximately 7.871 

Km2). 

Also the 3D parameter space for the strike, dip, and rake angles is here discretized. To this 

end, we chose regular intervals: 8 intervals for the strike, 4 intervals for the dip, and 4 

intervals for the rake (see Table 1).  

We use regular intervals for the amplitude of each angle; all combinations of angles are 

considered possible, leading to 8x4x4=128 combinations for fault geometry and 

mechanism. Considering the potential explosion of the number of potential alternative 

choices about this binning in a 3D environment, we prefer to avoid any further 

optimization and we select bins similarly to Selva et al. (2016), but simplifying the selection 

by avoiding angle transformation. This binning has been considered sufficient to propagate 

the natural variability of fault geometry and focal mechanism in tsunami hazard 

quantifications (Basili et al., 2021). 

2.2 The probabilistic model 

Our goal is to build a testable probabilistic model of the joint distribution of strike, dip, and 

rake angles in each cell. Therefore we want to assign at each joint interval of those angles a 

probability. Here, we adopt a Bayesian inference scheme to quantify this probability 

distribution and its uncertainty (Gelman et al., 2013). The implicit assumption of our model 

is that the faulting mechanism of future earthquakes will be similar to one of the events 

that happened in the past in the same zone, independently of their magnitude. 
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The multinomial distribution is the simplest and more general probability distribution that 

meets our scope: it assigns a probability value to k different categories, i.e. in our case the 

k angles intervals, without any constrain to their relationship. The maximum likelihood 

estimation of the parameters of that distribution from a set of observations consists of 

setting the probability of each category to the percentage of observations falling in each 

category.  

By discretizing the values of the strike, dip, and rake, we can easily define a finite set of 

categories, with all combinations of           .  However, some correlations among angles 

exist. A simple correlation can be modeled by adopting Anderson's theory of faulting 

(Anderson, 1951), which foresees a correlation between dip and rake angles. This a priori 

information can improve the parametrization of the multinomial model. In the Bayesian 

framework, the multinomial distribution is the conjugate of the Dirichlet distribution; then, 

adopting this framework, is quite easy to merge a priori information and observations in a 

unified distribution. The conjugacy of the multinomial and Dirichlet distribution was 

already used in the geophysical model (e.g., Marzocchi et al., 2008; Selva and Sandri, 2013) 

because of its simplicity. If we model the a priori information with Dirichlet distribution, 

and the observations with a multinomial distribution, we still obtain a Dirichlet distribution 

with parameters: 
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where    
      

 is the k-th parameter of the Dirichlet posterior distribution,   
       

 is the k-

th parameter of the a priori Dirichlet distribution and    counts the number of 

observations falling in the k-th category (Gelman et al., 2013).  

The posterior predictive distribution represents the final output of our probabilistic 

forecasting model, providing the best estimation of the probability    of having one event 

in the k-th among the   angle intervals. The posterior predictive distribution is 

proportional to the parameters   
      

, i.e.: 

   
  

      

   

       
   

                  

We outline that, differently from Kagan and Jackson [2014], for each cell we use only the 

observations of the events falling in the cell: we do not need to average the information of 

events far from the cell. Where no observations are available, the informative a priori 

distribution represents the base for the forecast.  

When data are available, the prior information is re-shaped according to observations. 

How many observations are required to change the prior distribution depends on the 

strength assigned to the prior model. This subjective strength is here set testing the 

forecasting capability over the available dataset in hindcasting mode. Also, eq. 2 shows 

that    are independent of each other, without any restriction but summing to 1. This 

means that one or more combinations of angles can be possible: this possibility can be 

very useful in the case of complex geological settings, where more than one focal 

mechanism is allowed. 
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2.3 Testing procedure 

The robustness of any probabilistic model must be tested against independent 

observations. This testing procedure is here used to calibrate the model and to test it in 

pseudo-prosepcitive mode, but it can be used to forward test the model in prospective 

mode, when data will become available.  

The idea is to follow the indications of the first truly prospective earthquake forecasting 

experiment (RELM experiment: Schorlemmer and Gerstenberger, 2007): define a metric, 

the log-likelihood score, useful both to test the consistency of the model with the 

observations and also to compare the performance of different parametrizations of the 

model. In our case, the log-likelihood score is defined by: 

                    

 

   

                        

where   is the number of spatial cell with at least one event,           is the set of   

observations: each observation    correspond to a vector that indicates the number of 

observed events in each k-th category (a specific combination of strike, dip, and rake);   is 

the vector of parameters that characterize the model and        is the probability of    , 

computed in the spatial cell where    was observed (   depends on the parameters vector 

 , and it is a probability calculated through the multinomial distribution). To clarify this 

equation, we discuss a simple example. If we have only four categories (i.e. four intervals 

for the angle); our observation is the vector             , and our model gives these 
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probabilities for each category                     . Assuming a multinomial distribution, 

the final probability is        
  

        
                      . 

To perform a consistency test, i.e. a test that checks if the observations are compatible 

with the model, we must first build the test statistics. This distribution can be obtained by 

sampling synthetic observations according to the probability given by the model, building 

     synthetic datasets consistent with the model, from which we can evaluate the 

corresponding synthetic log-likelihood values      . Then, the log-likelihood obtained by 

the observations       is compared to the distribution of      .  This type of test is called 

L-test (Schorlemmer et al., 2007); once obtained through      simulations the vector of 

the simulated log-likelihoods       and then the observed log-likelihood      , the p-

value of this test is simply                    , i.e. the ratio between the number of 

simulated log-likelihoods smaller than the observed one and the total number of 

simulations. If the p-value is too low (e.g. <0.05), the hypothesis that the model is 

compatible with the observations must be rejected. Indeed, in this case, the observed log-

likelihood is smaller than most of the one of the synthetic datasets, meaning that it is 

unlikely that the observations can be considered randomly sampled from the model.  

We can use the observed log-likelihood       also to compare different parametrizations 

of the model: the larger the log-likelihood, the better the model.  

 

3. Data and the prior distribution 

3.1 Learning dataset 
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As a learning dataset, we use the global Centroid Moment Tensor catalog (CMT, 

Dziewonski et al., 1981; Ekstrom et al., 2012), with all the events without any selection of 

magnitude and with a maximum depth of 70 Km. Using all events, without any constraints 

in the magnitude, allow us to capture the possible multimodal behavior of the angles' 

distribution in zones with complex geological settings. From this catalog, we assign each 

event to a spatial cell using the centroid’s longitude and latitude, and we consider both the 

associated nodal planes (strike, dip, and rake of each nodal plane). To avoid overlaps with 

the testing catalog, we select only the event from 2004 to 2018, for a total number of 

26.232 events.  

3.2 Calibration and Testing datasets 

To test the model, we use the Pacheco and Sykes (1992) catalog of the large shallow 

earthquake, spanning from 1900 to 1989; it contains all the worldwide events with 

magnitude Ms≥7 and depth≤70 Km. Selva and Marzocchi (2004) estimated, for each event 

in the catalog, the fault geometry and mechanisms: this association was made using the 

information of the nodal solutions of the CMT catalog (until 2003) and the known features 

of local faults and tectonic field (to select the fault plane). We outline that the CMT 

information used to select the preferred nodal plane is independent of our learning 

dataset (our learning dataset starts in 2004, when Selva and Marzocchi (2004) was 

published). To ensure the maximum reliability of the selected fault plane, we use only the 

events with the largest accuracy in this selection (flag “A” in Selva and Marzocchi, 2004). 

We obtain a final catalog with 309 events (see Fig. 1). The first part of this catalog, 1900-

1944, is used to calibrate the parameters of our model (i.e. the prior distribution), and 
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referred to as “calibration dataset”; the second part of this catalog, 1945-1989, is used for 

the final testing of the model and referred to as “testing dataset”. 

3.3 Compute the Prior distribution 

To compute the   
       

 parameters for the a priori distribution, we use the information of 

the Anderson theory of faulting (Anderson, 1951). From this theory we know that the 

preferred dip for the normal events (rake = 90°) is approximately 60°, the preferred dip for 

the strike-slip events (rake = 0° or 180°) is 90° and the preferred dip for the inverse events 

(rake = -90°) is approximately 30°. Then, from this information, we can obtain an a priori 

probability for the dip, given the rake. Consequently, using mathematical notation, the 

probability          is not uniform along with the different    dip intervals, because it 

depends on the given    rake interval. 

To model this dependency of the a priori distribution from the dip given the rake 

        , we use a truncated Gaussian distribution over all possible values of the angle (0° 

- 90°) and centered in the preferred dip angle: 60° for normal events (rake interval -135:-

45), 30° for inverse events (rake interval 45:135) and 90° for strike-slip events (rake 

intervals -45:45 and 135:180 ∪ -180:-135). The standard deviation (SD) of these truncated 

Gaussian distributions, which represents the uncertainty on the preferred dip angle, will be 

a part of the optimization procedure defined over the calibration dataset: we test four 

different standard deviations: 10°, 15°, 20°, and 25°.  

Since we do not have any preferred value for the strike and rake, we use a uniform a priori 

distribution for these angles, i.e.       and       are all equal for each strike    and rake 
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   intervals, that are            and            where      and      are the 

number of intervals in strike and rake, respectively.  

Then,   
       

 can be set as: 

  
       

                                          
        

    
                       

where    ,    and    are the strike, rake, and dip intervals corresponding to the k-th 

parameter   
       

, and           is the parameter that rules the confidence that we have in 

the a priori distribution: larger         , larger the confidence (it is also called “equivalent 

number of data”, Marzocchi et al. , 2008). Also this parameter is selected optimizing the 

forecasting performance over the calibration dataset. 

 

4. Results and Discussion 

After these computations, our model needs another two free parameters to be set:  

        , the parameter that rules the confidence that we have in the a priori distribution, 

that controls the number of independent data in the likelihood that are required to change 

our prior idea, and SD, the standard deviation of the Gaussian distribution that models the 

uncertainty on dip given the rake. We compute different parametrizations of our model 

according to different possible values of these parameters,          ranging from 0 to 100, 

and SD equal to 10°, 15°, 20°, and 25°. We use the performance over the calibration 

dataset to optimize and test these parameters. We test our model against the calibration 

dataset, that is the worldwide large shallow earthquake, spanning from 1900 to 1944, with 
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magnitude Ms≥7 and depth≤70 Km, with an assigned high-quality fault plane. The results of 

these tests, performed using the procedure described in § 2.3, are shown in Fig. 2. 

The panel (a) of this figure shows the p-value of the consistency test of the model, as a 

function of the parameter          and the four different standard deviations (SD). In our 

test          span from 0 to 100; small values of this parameter corresponds to a low 

weight of the a priori distribution in the final model, while large values of the parameter 

correlate to the high weight of the a priori.  

Large values of the p-values (e.g., > 0.05) correspond to an acceptable consistency 

between model and observations. The results consist of a monotonically increasing 

function for all the SD, with models not rejected for any             for SD=15°, 20°, and 

25°. The bad results for SD=10° imply that the a priori distribution needs a certain degree 

of variability for the angles related to the Aderson theory of faulting, providing a non-

negligible probability of jumping among the different categories defined (4 bins with 22.5° 

width are foreseen for dip angle, see Table 1). On the one hand, the prior distribution is 

not only required (for           , all models would be rejected), but it requires a 

minimum weight. On the other hand, the larger the weight to the prior is, the larger the 

consistency between models and data. 

Checking the consistency with the observations is only the first step, since it verifies that 

observations are among the ones that the model foresees. The second step is to compare 

all the parametrizations of the model that are consistent (e.g. p-value > 0.05) using the log-

likelihood. A large log-likelihood means that the observations are not only consistent with 
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the model, but that they are likely (they have large probabilities). Thus, comparing the log-

likelihood of the two models allows us to find the best performing model (Schorlemmer et 

al., 2007; Taroni et al., 2018).  

The results are reported in Fig. 2b. The maximum of the log-likelihood is reached for 

            and       . The parabolic shape of the log-likelihood functions for all the 

SD is not unexpected: large values of          , which lead to high p-values in the 

consistency test, correspond to accurate, but less precise, forecasts. To increase the 

precision, we need to give less weight to the prior distribution and then more weight to 

the local observations. Indeed, if          is too large, the model distribution does not 

deviate from the prior also in areas in which there are many data (≳ 20), reducing model 

precision. However, the available local observations must be sufficient to coherently 

constrain the model. Indeed, when           is too small, the prior distribution is 

overwhelmed even with few data (e.g. ≲ 20), again resulting in a reduction of the model 

precision. Similar behavior is observed for SD, with peak performance for intermediate SD 

(15-20°), and reduced performance when the modeled uncertainty is too small (10°) or too 

large (25°).  

The model with             and SD=20° is also a consistent parameterization of the 

model (p-value≈0.45), thus the choice of these parameters appears to be the best 

compromise between consistency but also a precise forecast; this model is slightly better 

than the model with             and SD=15°: blue and black curves in Fig. 2b are almost 

overlapping, but for             the black one is slightly higher. 
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We finally test this model in pseudo-prospective mode (hindcasting) with the testing 

dataset, i.e. events from 1945 to 1989. To compare with more basic models, we also test in 

this condition a model that uses only prior information (no observations) and a model that 

uses only data (no prior), as a benchmark. In Table 2 we summarize the results of this last 

test: the model with             and SD=20° is not only consistent with observations (p-

value=0.27), but it also has a larger log-likelihood with respect to the other two models, 

demonstrating that a better model is obtained when prior information is mixed with 

observations. Notably, both models based solely on prior or on data are rejected (P-value < 

0.05). 

We finally set up a model using all the CMT catalog events (1976-2018) and the best 

combination of the prior parameters, i.e.             and SD=20°. This model is the best 

candidate for forecasting future focal mechanisms. This model can be tested in forwarding 

mode adopting the same strategy described above, but using future data. This final model 

is freely available in an online repository (see Data Availability Statement for the link). To 

illustrate the final model, in Fig. 3 we show the number of observations falling inside each 

cell and their distribution, and the rake of the most probable faulting mechanism in each 

cell; in both cases, we report only the cells with at least one observation. It is evident that 

the most likely mechanisms are coherent with the global tectonics, with a prevalence of 

inverse mechanism in subduction zones, an alternate between strike-slip and normal faults 

along the oceanic ridges, and mixed mechanisms in complex tectonic settings. Of course, in 

each cell, also all the other combinations of the strike, dip, and rake are possible, and 

multiple peaks (multimodality) are perfectly feasible.  
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5. Conclusions 

We built a simple global earthquake focal mechanism model, merging the information 

from the global CMT seismic catalog with a priori information from the Anderson theory of 

faulting. This model is able to forecast faulting geometry and mechanism worldwide. This 

information is fundamental in short- to long-term hazard models, as well as for source 

inversion or seismic and tsunami urgent computing. We tested our model against 

independent observations, focusing on the strong shallow earthquakes of the Pacheco and 

Sykes (1992) catalog, obtaining statistically significant good results. Noteworthy, the 

testing procedure described in the paper can be adopted to test the performance against 

future data, for example using the same rules used in the testing dataset described here, 

that is Global or Regional CMT solutions for large (Mw≥7) and shallow (depth≤70 Km) 

seismicity.  

Our findings can be summarized in three main points: 

1) we provide a probabilistic framework in which focal mechanism forecast models can be 

properly tested; 

2) our simple model, looking at the good results of the statistical test, appears able to 

produce forecasts compatible with observations at the global level;  
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3) for our model, adding a priori information from the Anderson theory of faulting is 

necessary to achieve the compatibility with data, and it improves the overall performance 

of the model in areas with few (≲ 20) observations available; 

Following Selva et al. (2016), this model could be eventually updated with local knowledge 

about mapped faults. However, we think that a careful evaluation of the completeness of 

fault records and the robustness of fault description is required to produce an unbiased 

forecast. For this reason, this updating is here avoided at a global level. 

There is certainly space for future improvements of the proposed method. For example, 

apart from fault plane ambiguity, it does not take into account any other uncertainty in the 

input data (i.e. the seismic catalog). Another problem is related to independence among 

nearby discrete spatial cells and discrete angle combinations induced by the counting 

process. A future possible improvement for the model can be the possibility of including 

the uncertainties in the input data and introduce a certain degree of smoothing for the 

spatial and angles’ distributions.  

 

Data and Resources 

The final model is available at (last access October 2020):  

https://github.com/MatteoTaroniINGV/Testable-Worldwide-Earthquake-Faulting-

Mechanism-Model 

The learning catalog is available at (last access October 2020): 

https://github.com/MatteoTaroniINGV/Testable-Worldwide-Earthquake-Faulting-Mechanism-Model
https://github.com/MatteoTaroniINGV/Testable-Worldwide-Earthquake-Faulting-Mechanism-Model
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https://www.globalcmt.org/ 

The testing catalog is available at (last access October 2020): 

http://www.bo.ingv.it/~selva/EC0076/FM0076web.dat 

http://www.bo.ingv.it/~selva/EC0076/FM7789web.dat 
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Tables: 

Table 1: angles intervals for the strike, dip, and rake. These are right-open intervals, except 

the last for each angle. The last rake interval also includes -180:-135 because of symmetry 

reasons. The parenthesis “[“ and “(“ indicates that the bound of the interval is included or 

not included, respectively.  

Angle Intervals 

Strike [0:45) , [45:90) , [90:135) , [135:180) , [180:225) , [225:270) , [270:315) , 

[315:360] 

Dip [0:22.5) , [22.5:45) , [45:67.5) , [67.5:90] 

Rake [-135:-45) , [-45:45) , [45:135) , [135:180] ∪ [-180:-135) 

 

Table 2: p-value and log-likelihood of the final test. 

Model P-value Log-likelihood 

SD=20° ; 
nprior=20 

0.27 -563.1 

SD=20° ; only 
prior 

0.02 -728.0 

only data 0 -629.3 
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 List of Figures 

 

Figure 1: learning dataset (blue dots) and testing dataset (red dots). 

 

Figure 2: panel (a): p-value of the consistency test as a function of          for different 

standard deviations (red curve SD=10°, blue curve SD=15°, black curve SD=20°, green curve 

SD=25°)); panel (b) log-likelihood of the model as a function of          for different 

standard deviations (same colors of the panel (a)). 
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Figure 3: panel (a) shows the number of observations in each cell for the cell with at least 

one event, in a log10 scale; panel (b) shows the distribution of the number of observations 

per cell; panel (c) shows the rake of the most probable faulting mechanism for each cell 

with at least one observation: green for normal (rake interval -135:-45), blue for thrust 

(rake interval 45:135), and red for strike-slip (rake intervals -45:45 and 135:180 ∪ -180:-

135) fault style; white color represents cells with no events.   


