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Abstract: Stick-slip phenomena roughly describe the behavior of a tectonic fault. A simplified model of stick-slip
events is often assumed in laboratory experiments and numerical simulations of laboratory earthquakes. This
work proposes a more advanced approach. The Discrete Element Method (DEM) was used to generate a numeri-
cal model for simulating the laboratory earthquakes in which the granular layer was taken into account. The pro-
posed model takes into account an irregular, random pattern of stress increase and decrease in such a system. At
5,000 selected, regularly spaced time points, the so-called “checkpoints”, 25 parameters were measured, describ-
ing the average state of all particles forming the numerical fault at a given moment. The created dataset was used
to train the Random Forest algorithm, and then, as part of the tests, this algorithm was used to predict subsequent
stick-slip events. The algorithm made predictions solely on the basis of information about the current parameters
of the particles. Importantly, the predictions made did not use the history of previous stick-slip events. Feature
Importance and SHapley Additive exPlanations (SHAP) were used to assess the contribution of individual parti-

cle physical parameters to the prediction results.
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INTRODUCTION

According to current knowledge, earthquakes
are unpredictable. At least, there is no general
rule that can predict the approach of an earth-
quake with a high degree of probability (the time
and magnitude of an event), or detect its precur-
sors (Beroza et al. 2021, Senatorski 2023, Kubo
et al. 2024). It is known that shear stress accumu-
lates on a fault and increases until a critical point
is reached, leading to a sudden failure. This pat-
tern repeats itself cyclically and is similar to the
stick-slip phenomenon, where the earthquake is
identified with the slip phase (Rouet-Leduc et al.
2017). On the basis of this periodicity, attempts
were made to predict the time and magnitude of

subsequent earthquakes, based on past measure-
ments of a given fault.

An example of this approach was the pre-
diction of the Parkfield earthquake in Califor-
nia (Rouet-Leduc et al. 2017). Based on seismic
data from 1857 to 1966, it was calculated that
the average time between subsequent quakes is
21.9 +3.1 years, and on this basis, the next major
quake was predicted for 1988-1993. Ultimately, it
occurred in 2004. This shows that this method-
ology can sometimes work and sometimes not
because there is too much randomness in earth-
quakes. This not only concerns the complex struc-
ture and physics of the faults, which are still not
fully explained, but also the influence of other
faults. Therefore, earthquakes can only describe
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stick-slip cycles in which the time and magnitude
of subsequent shocks are irregular (they take into
account the element of randomness).

In recent years, machine learning has shown
great promise for new quality and progress in
earthquake research. Machine learning algo-
rithms are great at dealing with large datasets
and can find hidden and non-obvious (linear and
non-linear) relationships and connections be-
tween data. One of the most pioneering and inno-
vative works in this field was the article published
by Rouet-Leduc et al. (2017). They performed ex-
perimental work on laboratory earthquake mod-
els and showed that, by using supervised machine
learning models based on the acoustic signal emit-
ted during stick-slip cycles, it is possible to predict,
with high accuracy, the moment of occurrence of
subsequent slip events. An extremely important
achievement of this work was predicting move-
ments within the fault not based on the histo-
ry of previous stick-slip events, but solely on the
basis of signals currently recorded in the model.

Machine learning is appearing more and more
often in such applications. For example, Bolton
etal. (2020) showed that machine learning can pre-
dict the timing and magnitude of laboratory earth-
quakes using acoustic emissions. The evolution of
acoustic energy is critical for earthquake predic-
tion, but the relationship between acoustic energy
and the fault zone leading to failure is still poorly
understood. In addition to physical laboratory ex-
periments, numerical simulations of laboratory-
scale shear fault experiments have also been per-
formed in recent years to study earthquake phys-
ics. Ren et al. (2019) used a rigid particle-based
Discrete Element Method (DEM) to predict the
macroscopic friction of the system. Their predic-
tions used signals from single particles. Mollon
et al. (2023) showed that laboratory rock shear ex-
periments exhibiting the stick-slip phenomenon
can be similar in nature to the dynamics of natu-
ral earthquakes. As for other examples of research
on similar topics, in the work of Zhou et al. (2018)
the process of stick-slip shear failure was investi-
gated. In Li and Zhou (2021) attempts were made
to predict the magnitude, location, and time of
the laboratory earthquake of granite. The predic-
tion model of stress drop was established based
on a backpropagation neural network considering

different system parameters. In the work of Zhou
et al. (2021) it was shown how the tectonic move-
ment rate, in situ stresses (e.g., normal stress) and
fault roughness may change during the long evolu-
tionary histories of seismogenic faults. In the work
of Li and Zhou (2022), the problem of understand-
ing the mechanism of stick-slip instability of faults,
which is of great significance for earthquake fore-
cast and seismic fortification, was addressed. In
the work of Zhou et al. (2023) mechanolumines-
cent material was developed to measure the full-
interface shear stress of the fault. The experimental
and numerical results showed that the fault inter-
face can be divided into shear stress-strengthening
zone and shear stress-weakening zone.

This paper presents the application of super-
vised machine learning to predict laboratory
earthquakes, but using the DEM numerical mod-
el. In general, the existing numerical and labora-
tory works assume a simplified model of stress ac-
cumulation on a fault. Here, an improved DEM
model was proposed to take into account the ran-
dom nature of stress changes in the fault and was
applied to the prediction of stick-slip phenom-
ena using supervised machine learning, using
only continuous measurements of the model state
(changes in energy, velocities, displacements and
others) to train the algorithm.

DATA COLLECTION
AND METHODOLOGY

Discrete Element Method

Among the many numerical methods used to de-
scribe the evolution of granular systems, the Dis-
crete Element Method (DEM) is one of the most
popular due to its ability to describe material be-
havior at the particle level. DEM models allow the
analysis of phenomena in a way that is not possible
in the laboratory, including access to data about
every particle inside the model at any time during
the simulation.

In general, the flowchart of each DEM simula-
tion (Fig. 1) starts by defining the model geometry,
and then the main program loop begins. At each
step, contacts between particles are checked, the
forces acting and the resulting displacements are
calculated, and then the geometry is updated. This
pattern is repeated until the end of the simulation.
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Fig. 1. General scheme of DEM simulation (O’Sullivan 2011)
The DEM is a numerical method for simulat-  Applied DEM model

ing brittle and granular materials, in particular
rock physics and nonlinear earthquake dynamics
(Cundall & Strack 1979). A unique feature of this
method is the consideration of all particles in the
system individually, depending on needs, along
with their linear and rotational movements. One
of the most popular DEM implementations is the
open-source software ESyS-Particle (Wang et al.
2006, Wang 2009, Weatherley et al. 2010, Abe
et al. 2014), used in this work.
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The proposed model had a size of 10 mm x 10 mm
x 1 mm and consisted of 2,465 particles that were
subjected to the force of friction. The model in-
cluded horizontal layers with different properties,
which were a schematic representation (Ferdowsi
2014) of the structure of a real fault (Fig. 2). The
upper and lower extreme layers represented un-
deformed bedrock and consisted of particles with
aradius of 0.2 mm.
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Fig. 2. Schematic representation of a DEM model of a numerical fault
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The two intermediate layers represented dam-
aged host rock and consisted of particles with ra-
dii from 0.1 to 0.3 mm. In the center of the model,
there was a granular layer with particles ranging
from 0.05 to 0.1 mm. Mature faults in the Earth
contain granular fault gouges created by the fric-
tion and fragmentation of bedrock at the core of
the fault zone. Interactions in the granular fault
zone play an important role in the dynamics of
the fault, the rate of stress build-up, the recur-
rence time between slip instabilities, stress drop,
and energy release (Ferdowsi 2014), therefore, the
presence of the granular zone was taken into ac-
count in the model.

The presented DEM model was too simplified
to directly refer to real tectonic faults. This mod-
el only schematically reflects the layered structure
of the real fault. However, it was characterized by
a similar grain size distribution in the inner lay-
ers to the distribution of particle sizes within fault
zones (Fig. 3). In fault zones, grain size distribu-
tion typically follows a power law distribution,
where a small number of large particles are found
alongside a large number of small particles, which
was shown, for example, by Muto et al. (2015). The
particle size distribution in the inner layers of the
model is presented in Figure 3 for particles with
radius smaller than 0.2 mm.

As already mentioned, the stick-slip cycle
roughly describes the phenomena occurring on
a tectonic fault, leading to a sudden failure. In such
an assumption (Fig. 4A), stress slowly increases

in the fault until it reaches critical strength. Then,
a sudden failure occurs and the accumulated ener-
gy isreleased, which is equivalent to an earthquake.
Then this process is repeated cyclically. However,
areal earthquake is a random phenomenon whose
occurrence is influenced by a huge number of fac-
tors. Therefore, a better description of this phenom-
enon is provided by an irregular cycle (Fig. 4B), in
which all variables and values change over time.

Here, a compressive force was applied to the
DEM model in the direction of the y-axis, and
a shear force was applied in the direction of the
x-axis. Periodicboundary conditions were applied.
The simulation time step was selected according
to the Courant formula (O’Sullivan & Bray 2004,
O’Sullivan 2011) to ensure numerical stability. It
is known that predicting stick-slip cycles (labora-
tory earthquakes) is possible in the case of stick-
slip cycles appearing in laboratory experiments,
such as (Rouet-Leduc et al. 2017), or in numerical
experiments (Ren et al. 2019). However, in such
cases, a simplified model (with constant confining
force and constant shear velocity) of the system
is generally adopted (Fig. 4A). Here, the simula-
tion followed a novel applied force scheme. In the
model prepared for the purposes of this work, the
random nature of forces acting on the system was
achieved (Fig. 4C). This was done by randomizing
the critical strength and time to failure after each
slip event. Therefore, each simulation performed
with this model was characterized by a unique cy-
cle of the force and stress changes in the model.
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Fig. 3. Particle size distribution in the model follows a power law distribution

https://journals.agh.edu.pl/geol


https://journals.agh.edu.pl/geol

Non-history-based DEM model for predictions of numerical earthquakes

259

Strength

Stress

\J

*-., Swength _.--

Stress

\j

5000 4
4000

3000 A r

Stress

2000 1

1000 +

/

500000

200000 300000 400000

Simulation time step

0 100000

Fig. 4. The stick-slip cycle roughly describes the increases and decreases in stress on a tectonic fault (Ferdowsi 2014). In the sim-
plest assumption, such a cycle is considered regular (A), but in reality, it is a largely random and irregular phenomenon (B).
In this work, a numerical fault model was created in which the irregular and random nature of stress changes (C) was recreated

For comparison with other scientific studies,
in the work by Rouet-Leduc et al. (2017), the lab-
oratory system was a two-fault configuration that
contained fault gouge material submitted to dou-
ble direct shear. In Ren et al. (2019), a DEM model
was used, and the constant confining stress was
applied to the model from above and the shear-
ing constant velocity was applied from below. In
the work of Ma et al. (2022) the stick-slip behavior
of a slowly sheared granular system was examined
using Discrete Element Method simulations. The
granular gouge was confined by two rough parti-
cle walls used to apply the shear loading and nor-
mal pressure. The normal pressure was applied to
the top wall. The granular gouge was sheared by
moving the bottom wall in the x direction with
a constant velocity.

Here, in the presented model, a constant shear-
ing velocity was applied to the model from the bot-
tom, and a compressive force from the top. The
innovation introduced here was that the force
was not constant, but time-varying, which pro-
vided additional variability of forces and stresses
inside the model. At the beginning of the simula-
tion, the maximum value of the force F was ran-
domly selected from an arbitrary range (F, = 1,000,
F, = 5,000) and the time of action of the force ft
was randomly selected from an arbitrary range
(ft, = 1,000, ft, = 60,000) of time steps. Then the
force was increased linearly to a value of F over

time ff. A uniform distribution was used for the
sampling. Then the randomization procedures
were repeated in the same way until the end of the
simulation time. Regardless of the changes in the
compressive force applied at the top of the sample,
a constant shear rate was applied to the bottom of
the sample at all times, which did not change. The
proposed mechanism introduced additional, ran-
dom changes in the forces and stresses in the mod-
el, because, in reality, over long time, real faults are
subject to variable rather than constant forces.
Due to the cost of calculations, the model was
a small equivalent of a real fault. However, it was
shown that stick-slip phenomena in both exper-
imental and numerical models obey Gutenberg
Richter’s law and show similar b-values (Dahmen
et al. 2011, Dorostkar 2018). Additionally, Kana-
mori and Anderson (1975), Prieto et al. (2004)
showed that earthquakes have a fractal nature.
This means that the phenomenon of the millime-
ter or centimeter scale is similar to the phenome-
non of the meter or kilometer scale (Riviére et al.
2018). This justifies conducting research on small
laboratory and numerical models. Here, in the
presented model, if a large number of time steps
is considered (like 5,000,000 time steps in the
Figure 5A), the number of events (understood as
decreases in forces, and therefore stresses in the
system) resulting from stick-slip cycles obey the
Gutenberg-Richter law (Fig. 5B).

Geology, Geophysics and Environment, 2025, 51 (3): 255-270



260

Klejment P.

200000

175000 -

150000 -

125000

100000 -

Number of Events

75000 A

50000 -

25000 A

0-

0 500

1000 1500 2000 2500 3000 3500 4000
Magnitude of Force

Fig. 5. Distribution of the number of events in the DEM model

Methodology for applying machine learning

Supervised machine learning, which is ideal for
analyzing structured datasets, was used. The Ran-
dom Forest (RF) machine learning algorithm was
used, which has already proven its worth in work-
ing with this type of problems (Rouet-Leduc et al.
2017). The dataset created as a result of collecting
information about particles creating a numeri-
cal fault during the simulation was divided into
a training part and a testing part. In the train-
ing part, the algorithm compares the input data
(independent variables) and the predicted output
(dependent variable) in order to learn linear and
non-linear relationships. In the testing dataset,
the algorithm receives only independent variables
and must predict the final variable itself (in this
case, time to failure). The algorithm’s performance
was assessed using a metric specific to regression
(Géron 2019, Raschka & Mirjalili 2019, Liu 2020):
coefficient of determination R, (1). R, is the pro-
portion of the variance in the dependent variable
predicted from the independent variable, with the
best possible result being 1.0 (100%) and the worst
possible being 0 (0%). R, can be also negative when
the chosen model does not follow the trend of the
data, so fits worse than a horizontal line:

2
R :1_M (1)
z(yl _yrnean)2

where y, is the simulation results, and y,,, is the
predictions of machine learning algorithms.
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The influence of individual parameters on
the dependent parameter was determined using
two techniques: Feature (Gini) Importance and
SHapley Additive exPlanations (SHAP) (2). In
Feature (Gini) Importance, the higher the result,
the greater the impact of a given microparameter
on the prediction results. Feature Importance is
calculated as the (normalized) total criterion re-
duction resulting from this feature. SHAP comes
from game theory and permits the explanation of
the influence of input parameters on the output of
a machine learning algorithm:

=)
I

;[val(Su{i})—val(S)] ()

where S is a subset of the features used in the mod-
el, p is the number of features, val(S) is the predic-
tion for feature values in set S that are marginal-
ized over features that are not included in set S,
and the SHAP value for feature value j is the val-
ue of the j-th feature contributed @, to the predic-
tion of this particular instance compared to the
average prediction for the dataset (Strumbelj &
Kononenko 2014).

Numerical simulations were performed using
ESyS-Particle, GenGeo and Paraview. Analysis
and visualization of results and application of the
machine learning algorithm were performed us-
ing Python3 and its libraries (Matplotlib, Seaborn,
Pandas, Scikit-learn and others).
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RESULTS
Recording of the signal from particles

The primary goal of the simulations was to try to
predict irregular stick-slip cycles (time to failure).
Here, the time to failure is the time between suc-
cessive stress (force) drops in the created numeri-
cal system DEM described above. Slip events were

previous cycles (which is impossible due to the
randomness implemented in the model), but on
the basis of continuous measurements of the cur-
rent state of the particles creating the numerical
slip. Twenty-five (25) features describing the av-
erage state of particles were measured (Table 1).
These features were related to the total displace-
ment from the beginning of the simulation, the
displacement from the previous time step, veloc-

to be predicted not on the basis of the history of

Table 1

ity, force and kinetic energy.

Presentation of 25 features, independent parameters, used to train the RF algorithm

mean of particles’
total displacement in
the X direction

Feature2

tmx_s

standard deviation

of particles’ total
displacement in the X
direction

Feature3

tmy_m

mean of particles’
total displacement in
the Y direction

Feature4

tmy_s

standard deviation
of particles’ total
displacement in the Y
direction

Feature5

tmz_m

mean of particles’
total displacement in
the Z direction

Feature6

tmz_s

standard deviation
of particles’ total
displacement in the
Z direction

mean of particles’ one
step displacement in
the X direction

Feature8

omx_s

standard deviation

of particles’ one step
displacement in the X
direction

Feature9

omy_m

mean of particles’ one
step displacement in
the Y direction

Featurel0

omy_s

standard deviation
of particles’ one step
displacement in the Y
direction

Featurell

omz_m

mean of particles one
step displacement in
the Z direction

Featurel2

omz_s

standard deviation
of particles’ one step
movement in the

Z direction

mean of the X
component of the
particles’ velocity

Featurel4

VX_S

standard deviation of
the X component of
the particles’ velocity

Featurel5

vy_m

mean of the Y
component of the
particles’ velocity

Featurel6

vy_s

standard deviation of
the Y component of
the particles’ velocity

Featurel?7

vZ_m

mean of the

Z component of the
particles’ velocity

Featurel8

vZ_s

standard deviation of
the Z component of
the particles’ velocity

mean of the X
component of the net
force acting on the
particles

Feature20

fx_s

standard deviation of
the X component of
the net force acting on
the particles

Feature2l

fy_m

mean of the Y
component of the net
force acting on the
particles X

Feature22

fy s

standard deviation of
the Y component of
the net force acting on
the particles

Feature23

fz m

mean of the

Z component of the
net force acting on the
particles

Feature24

fz_s

standard deviation of
the Z component of
the net force acting on
the particles

. One step .
Total displacement displacement Velocity Force Energy
Featurel Feature7 Featurel3 Featurel9 Feature25
tmx_m omx_m vX_m fx_m ek

particles’ average
kinetic energy
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Fig. 6. Information about 25 features describing the state of the system at a given moment was collected in 5,000 checkpoints
regularly selected during the simulation, using the concept of a moving time window. The collected data was used to train
the RF algorithm to predict the time to subsequent slip events in the stick-slip cycle

During the simulation, a so-called checkpoint
was established at every 1,000th time step. At each
checkpoint, the features described above were mea-
sured. This is the concept of the so-called sliding
time window (Fig. 6). The obtained data was used
to train the RF supervised machine learning algo-
rithm, and on the testing dataset, the algorithm
used these features to predict the time remaining
until the next event. Tests of the algorithm were
performed on a sequence of stick-slip events not
seen by the model, and predictions were made only
on the basis of information from individual time
windows. This means that predictions based on the
physical characteristics of the model did not use
the history of previous events.

Time to failure predictions
in the separate experiments

Eight separate simulations were performed: Ex-
periment 1, Experiment 2, Experiment 3, Experi-
ment 4, Experiment 5, Experiment 6, Experiment 7,

and Experiment 8. Each was characterized by an
individual course of stick-slip cycles due to the
random external force implemented in the mod-
el - random magnitude, and random duration. The
time course from cycles in the form of time remain-
ing until the next slip events in each experiment is
presented in Figure 7.

In each experiment, 80% of the initial simu-
lation time was allocated to training the RF algo-
rithm. The R, metric was used as the prediction
quality metric. On the training set, the algorithm
learned the applicable rules very well in each of
the eight experiments, obtaining R, equal to 0.99
(Fig. 8). Testing was performed in the final 20% of
the simulation duration. Here, the algorithm had
to predict completely new data and predict future
events that were largely random. The best fit was ob-
tained for Experiment 1 with the metric R, = 0.51.
In this case, it can be said that the algorithm was
able to predict the future with a fair degree of accu-
racy in the stick-slip cycle.
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An attempt to make universal predictions

The results presented in Figure 8 correspond to
the situation where each experiment was treat-
ed as a separate event and the RF algorithm was
trained separately for each experiment. The next
step attempted a more universal approach. Four
experiments, 1-4, were devoted exclusively to
training the algorithm, and the trained algorithm
was tested for experiments 5-8. The results are

shown in Figure 9 and are promising. As shown,
the shape of the prediction approximately corre-
sponds to the shape of the stick-slip cycles from
numerical simulations, and the time gradually
decreases as the next event approaches. However,
the issue of precision leaves much to be desired.
Nevertheless, the results seem interesting, espe-
cially since the algorithm makes predictions only
on the basis of the current signal recorded among
the particles.
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The algorithm was trained for experiments 1-4, and experiments 5-8 were a set of new test data for it
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In-depth analysis of the impact of
features on predictions

Features from Table 1, i.e., mean and standard devia-
tion of particles’ total displacement (tmx_m, tmx_s,
tmy_m, tmy_s, tmz_m, tmz_s), mean and stan-
dard deviation of particles’ one step displacement
(omx_m, omx_s,omy_m, omy_s,0mz_m, 0mz_s),
mean and standard deviation of the particles’ veloc-
ity (vx_m, vX_s,vy_m,Vvy_s,vz_m,Vz_s), meanand

standard deviation of the net force acting on the
particles (fx_m, fx_s, fy_m, fy_s, fz_m, fz_s), and
particles’ average kinetic energy (ek), were also cal-
culated individually for individual layers (Fig. 2),
adding the symbols of individual layers t1, t2, t3,
t4,and t5 in the designations. In this way, a dataset
of 150 features was obtained. Feature Importance
was used and the 20 most important features from
the new dataset were presented for each of the eight
experiments (Table 2).

Table 2
Feature Importance for the 20 features arranged in ascending order and calculated for each of the eight experiments 1-8
Experiment 1 Experiment 2 Experiment 3 Experiment 4
tmy_s_t3 0.007 tmx_m_t3 0.006 tmy_m_t3 0.011 tmx_s_t5 0.010
tmy_m_t4 0.008 tmx_m_tl 0.007 tmy_s_tl 0.012 vy_m 0.010
ek_t3 0.009 vy_m_t5 0.007 tmx_m_t5 0.013 vy_m_t4 0.011
tmx_s_t4 0.009 vy_m_t3 0.008 tmx_s 0.013 tmx_s_tl 0.011
tmx_m_tl 0.010 tmx_m_t4 0.010 tmx_m_t2 0.013 tmy_m 0.012
tmy_s_t4 0.010 tmx_s_t5 0.010 tmy_s 0.014 tmy_s_t2 0.012
tmy_m_tl 0.012 tmx_m 0.013 tmx_s_t5 0.015 tmx_m 0.014
tmy_m_t2 0.013 tmy_s_t2 0.017 vy_m_t4 0.015 tmy_s_t4 0.016
tmy_m_t3 0.014 vy_m_t4 0.026 tmx_s_t3 0.018 tmy_m_tl 0.017
tmy_s_t5 0.015 tmx_s_t3 0.030 tmx_m_tl 0.020 tmy_s_t5 0.018
tmx_m_t4 0.015 tmx_s_t2 0.032 VX_S 0.020 tmx_s_t2 0.022
tmy_s 0.028 omy_m 0.034 tmy_s_t3 0.023 tmx_s 0.023
fy_s_t4 0.035 vx_m_t3 0.038 tmx_m_t3 0.042 omy_m_t3 0.029
vy_m_t3 0.043 tmy_s_t3 0.040 tmx_m_t4 0.043 tmx_m_t3 0.035
tmx_s_tl 0.048 tmy_s_t4 0.041 tmx_s_t2 0.044 tmy_s 0.044
tmx_s_t3 0.052 tmx_s_t4 0.043 tmx_s_tl 0.045 tmx_s_t3 0.067
tmx_s_t5 0.063 tmy_s_tl 0.056 vy_m_t3 0.048 tmx_s_t4 0.086
tmx_s_t2 0.093 tmx_s 0.119 tmx_s_t4 0.133 tmy_m_t2 0.111
tmy_m_t5 0.110 tmx_s_tl 0.150 omy_m_t4 0.144 tmx_m_t5 0.117
vy_m_t4 0.275 tmy_m_t2 0.234 tmy_m_t2 0.182 tmy_s_t3 0.208
Experiment 5 Experiment 6 Experiment 7 Experiment 8
tmx_s 0.013 tmx_s_t4 0.010 vy_m_t3 0.005 vy_m_t4 0.014
tmy_s_tl 0.015 tmx_m_tl 0.011 tmx_m_t3 0.006 vy_m 0.015
vy_m_t3 0.017 omy_m_t4 0.011 tmx_m_t2 0.006 tmx_s 0.016
omy_m 0.018 tmy_s_tl 0.012 tmx_s_tl 0.010 tmx_s_t2 0.017
tmy_s 0.019 tmx_m_t4 0.013 tmy_s 0.012 tmy_m_t1 0.017
tmx_s_tl 0.019 vX_s_t2 0.015 tmy_m_t2 0.015 tmy_s_t4 0.018
tmx_m 0.019 vy_m_t3 0.016 tmx_s 0.015 VX_S 0.018
omy_m_t4 0.021 tmy_s 0.017 tmy_s_t4 0.017 omy_m_t3 0.019
tmx_m_t3 0.021 tmy_m_t3 0.021 tmx_m_t5 0.026 vy_m_t3 0.020
tmy_m_t2 0.027 tmx_m_t5 0.026 tmx_s_t4 0.036 tmx_s_t5 0.021
tmx_s_t2 0.032 VX_S$ 0.028 tmx_s_t3 0.037 tmx_m_t4 0.022
vy_m_t4 0.035 omy_m_tl 0.031 tmy_s_t2 0.041 tmy_s_t5 0.028
tmx_m_t4 0.041 tmx_s_t3 0.034 tmy_s_tl 0.046 tmx_m_t2 0.032
omy_m_tl 0.042 tmx_s 0.035 tmx_m_tl 0.053 tmx_s_t3 0.036
tmx_s_t3 0.044 vx_s_tl 0.040 tmx_s_t2 0.054 tmy_s_t3 0.040
ek_t2 0.051 tmx_s_t5 0.048 tmx_m_t4 0.056 tmy_s_t2 0.041
tmy_m_t3 0.058 tmx_s_t2 0.055 tmx_s_t5 0.070 tmy_m_t5 0.057
fy_s_t2 0.066 tmx_s_tl 0.092 vx_m_t3 0.090 omy_m 0.058
tmy_s_t3 0.095 tmy_m_t2 0.130 tmy_s_t3 0.107 tmx_s_t4 0.123
tmx_s_t5 0.128 tmy_s_t2 0.208 tmy_m_t3 0.220 tmy_m_t2 0.215

https://journals.agh.edu.pl/geol


https://journals.agh.edu.pl/geol

vy_m_t4
tmy_m_t5
tmx_s_t2
vy_m_t3
tmy_s
tmx_s_t5
tmx_s_t3
tmx_s_tl
tmy_m_tl

Sum of 141 other features +10.35

0 2 4 6 8 10
mean(|SHAP value|)

tmy_m_t2
tmx_s_t4
vy_m_t3
omy_m_t4
tmx_s_tl
tmx_m_t3
tmy_s_tl
vy_m_t4
tmx_m_t4

Sum of 141 other features +12.64

mean(|SHAP value])

tmx_s_t5
tmy_m_t3
fy_s_t2
vy _m_t3
ek _t2
tmx_m_t4
tmy s t3
tmy_s_tl
tmx_m_t3

Sum of 141 other features

0.0 25 5.0 75 10.0 125 15.0 175
mean(|SHAP value|)

tmy_m_t3
tmy_s
tmy_s_t3
tmx_s_t5
vX_m_t3
tmy_m_t2
tmx_m_t4
tmx_m_tl
tmy_s_t4

Sum of 141 other features

mean(|SHAP value|)

tmx_s_tl
tmy_m_t2
tmx_s
tmy_m_t3
tmy_s_t3
tmy_ s tl
tmy s t4
tmx_s_t2
tmx_s_t3

Sum of 141 other features +9.1

0 2 4 6 8 10
mean(|SHAP value|)

tmx_s_t3
tmx_s_t2
tmx_m_t3
tmy_s tl

Sum of 141 other features

0 2 4 6 8 10 ©
mean(|SHAP value|)

tmy_s t2
tmy_m_t2
tmx_s_t5
tmy_m_t3
tmx_s_tl
tmx_s_t3
omy_m_tl
tmx_m_t4
tmy_s t1

Sum of 141 other features +14.33

0 2 2 6 8 10 12 14
mean(|SHAP value|)

tmy_m_t2
tmx_s_t4
tmy_s_t5
vy_m_t3
tmx_m_t2
tmx_m_t5
tmx_s_t3
tmy s t3
omy_m

Sum of 141 other features

0.0 25 5.0 7.5 10.0 125 15.0 175
mean(|SHAP value|)

Fig. 10. The average value of the SHAP function for the features that most influence the prediction quality of the machine learning algorithm for all eight experiments: 1 (A), 2 (B), 3 (C), 4 (D), 5 (E), 6 (F), 7 (G), and 8 (H)
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Fig. 11. The use of the SHAP function to analyze the impact of individual features on the final predictions of the machine learning algorithm, taking into account the impact of individual layers in the model for all eight
experiments: 1 (A), 2 (B), 3(C), 4 (D), 5 (E), 6 (F), 7 (G), and 8 (H)
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It turns out that in most cases the tmy and tmx
functions had some of the greatest influence on
the predictions, i.e., the total displacement from
the beginning of the simulation to a given mo-
ment in the direction of the x- and y-axes. This
rule is repeated for each experiment, but the de-
tails are different for each experiment. Respec-
tively, the three highest Feature Importance coef-
ficients for each experiment were as follows:

— Experiment 1: tmx_s_t2 (0.093), tmy_m_t5

(0.110), vy_m_t4 (0.275);

— Experiment 2: tmx_s (0.119), tmx_s_t1 (0.150),

tmy_m_t2 (0.234);

— Experiment 3: tmx_s_t4 (0.133), omy_m_t4

(0.144), tmy_m_t2 (0.182);

— Experiment 4: tmy_m_t2 (0.111),

(0.117), tmy_s_t3 (0.208);

tmx_m_t5

— Experiment 5: fy_ s t2 (0.066), tmy_s_t3
(0.095), tmx_s_t5 (0.128);
— Experiment 6: tmx_s_tl (0.092), tmy_m_t2

(0.130), tmy_s_t2 (0.208);

— Experiment 7: vx_m_t3 (0.090), tmy_s_t3

(0.107), tmy_m_t3 (0.220);

— Experiment 8: omy m (0.058), tmx_s_t4

(0.123), tmy_m_t2 (0.215).

However, there is no clear influence of individ-
ual layers on the algorithm’s predictions.

The results after applying the average SHAP
function for all eight experiments are similarly dis-
tributed (Fig. 10 on the interleaf), confirming the
leading role of the total displacement in influencing
the final predictions. SHAP values, not averaged,
but individual for individual features, are present-
ed in Figure 11 (on the interleaf).

It is discernible that for the vx speed, lower
feature values result in a lower SHAP value, i.e.,
a smaller impact on the model result. However,
in the case of total displacements, tmx or tmy, no
general dependencies are visible.

DISCUSSION AND CONCLUSIONS

Short-term deterministic earthquake predic-
tion is impossible according to the current state
of knowledge. No general rules have been discov-
ered that can predict the time and magnitude of
the next event with a high degree of probabili-
ty (Senatorski 2023). Machine learning, which

is great at finding hidden and non-obvious rela-
tionships between data, offers new opportunities.
For example, supervised machine learning meth-
ods help to create new generations of earthquake
catalogs (Beroza et al. 2021, Kubo et al. 2024). It
represents progress in probabilistic earthquake
prediction (Beroza et al. 2021). However, there is
still a lack of complete information about earth-
quake physics. For practical reasons, direct access
to faults for measurements is limited. Laboratory
and numerical experiments help to understand
such phenomena. Datasets collected in repeatable
laboratory conditions and during numerical sim-
ulations are a natural environment for the appli-
cation of machine learning. As shown in previous
works (Rouet-Leduc et al. 2017, Ren et al. 2019,
Huang et al. 2024), machine learning can be very
effective in such predictions. However, real faults
are extremely complex structures that form in-
teracting systems (Senatorski 2023), an example
of which can be triggered earthquakes (Ferdow-
si 2024). Therefore, simplified laboratory and nu-
merical setups are not able to recreate all the nu-
ances present in reality.

Machine learning helps by automatical-
ly searching for patterns and relationships from
huge datasets, especially non-linear relationships
and this work is a continuation of scientific re-
search in this area. Its new contribution consists
of proposing a numerical model in which the ex-
ternal forces acting on a numerical fault change in
a random and irregular manner. Based on eight
numerical experiments, it was possible to use the
Random Forest algorithm for predictions both on
individual experiments and on their entirety. Very
good R, statistics were achieved on the training
set, while the results on the test set are promis-
ing, but require further research. Feature Impor-
tance and the SHAP value were used to determine
the contribution of individual features to the final
predictions and it was found that the highest con-
tribution comes from total shifts from the x- and
y-axes directions.

All readily available parameters in the DEM
model describing the state of particles (25 fea-
tures) were used to obtain the largest possible
dataset for the machine learning algorithm and to
improve the quality of prediction.
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Some of these parameters are available only in
simulation and are difficult or impossible to mea-
sure in real measurements, which should lead to
a reduction in the number of parameters used in
future simulations, e.g. to those related to velocity
and acceleration (because they are related to acous-
tic emission). It is a well-known fact that machine
learning algorithms often perform well within the
dataset on which they were trained and tested, but
fail on completely new data. The random nature of
the changes in the force acting on the model made
these cycles challenging for the algorithm, but it can
be seen that the shape of the curves in Figure 7 is
roughly reproduced. The R, coefficients were equal
to: Experiment 5 — 0.006, Experiment 6 - 0.204,
Experiment 7 - 0.363, Experiment 8 - 0.154, re-
spectively. This indicates that the algorithm needs
more data to better learn the relationships in the
dataset. Reducing the resolution of the time win-
dow and extending the simulations themselves
would provide more data and therefore should im-
prove the quality of the predictions.
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