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time interval. The method was tested on 87 large earthquakes (M = 6.6) from
the past 100 years, including the 2023 Turkey (M7.8) and 2025 Myanmar
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causing major casualties, the model achieved an accuracy within 100 km and
3 days, outperforming most existing approaches. Based on these results, we
also propose a prediction for a future earthquake in Japan.
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1. Introduction

Earthquakes have a large impact on human life.
Large earthquakes that happen in a densely
populated area may cause the deaths of more than
thousands of people. However, earthquake
prediction is a very difficult problem, and so far,
there is no reliable prediction model (Rundle et al,,
2002; Kerr, 2011; Denolle et al.,, 2014; Hall, 2023).
Some earthquake-prone countries have established
early warning systems, the main principle of which is
to monitor the pressure wave (P-wave) emitted from
the earthquake’s epicenter and to send a warning
before the destructive shear wave (S-wave) arrives.
Because the time interval between the two types of
waves is generally not more than 30 seconds, the
practical use of this type of early warning system is
very limited (Cyranoski, 2004). Recently, Bletery and
Nocquet (2023) presented a systematic analysis of
changes in the horizontal position of approximately
3000 geodetic stations and found that horizontal
movements of these stations exponentially
accelerated in a direction consistent with slow fault
slip near the eventual earthquake nucleation point in
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the last 2 hours before the earthquake ruptures.
Thus, an hour-level early warning system might be
built.

Studies of earthquake precursors have mainly
included research on seismic statistics, crustal
deformation, gravity, geomagnetic field, geoelectrical
properties, hydro geochemistry, underground fluid
dynamics, stress and strain, meteorological,
interferometric synthetic aperture radar (InSAR)
interferometry, and thermal infrared radiation (TIR)
abnormality (Cisternas et al, 2005; Friedmann,
2012; Tramutoli et al., 2013; Eleftheriou et al., 2016;
Moro et al, 2017). Among the proposed theories
about the origin, the abrupt release of greenhouse
gas (e.g.,, COz and CH4) has been suggested to explain
the emergence of anomalous TIR signals in some
correlations with the time and the place of
earthquake occurrence (Tramutoli et al, 2013;
Eleftheriou et al., 2016). Wei et al. (2013) found
significant thermal radiation anomalies before and
after earthquakes of magnitude (M) = 7.0. Thermal
radiation with abnormal duration, range, and
morphology is closely related to the geological
structure. Yue et al. (2022) further extracted pre-
seismic anomaly from multi-channel TIR remote
sensing images and indicated that the successful
prediction rate from 4-channel anomalies was
41.94%, which was much higher than that of one-
channel anomalies with the same distance range of
200 km. Ionospheric total electron content (TEC)
anomalies have been found to have occurred 8 hours


https://www.science-gate.com/
https://www.science-gate.com/IJAAS.html
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:roundtree318@hotmail.com
https://doi.org/10.21833/ijaas.2026.03.003
https://orcid.org/0000-0001-6565-6914
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://crossmark.crossref.org/dialog/?doi=10.21833/ijaas.2026.03.003&amp;domain=pdf&amp

Fu et al/International Journal of Advanced and Applied Sciences, 13(3) 2026, Pages: 21-32

before the Philippines earthquake (M7.6 on August
31, 2012), but these precursors may not always be
detectable before every large-scale earthquake (Lin,
2013). Han et al. (2022) found that the
atmospherically electric-field data obtained from the
calculation were found to be in good concordance
with the detected data of the Wenchuan (China)
M7.9 earthquake, implying that the atmospherically
electric-field anomalies may be used as earthquake
precursors. However, the accuracy of earthquake
prediction using these precursors still needs to be
verified, and in most cases, convincing evidence with
theoretical models is still lacking.

Among previous studies, the theory of the
harmonic oscillation wave driven by the tidal force
(HT wave) is particularly interesting. A method of
impending earthquake prediction using HT waves
was proposed by Qian et al. (2009). HT waves
primarily appear a few days before the main shock.
These HT waves may be a type of wave propagating
along the pore fluid in porous crustal rocks in an
acoustic mode, and therefore, they can be monitored
by measuring the changes in the georesistivity.
According to the time difference between the arrival
of the P-wave and that of the S-wave, the distance
between the station and the epicenter of the future
earthquake can be determined. Qian et al. (2009)
used this model to successfully predict the
Wenchuan (China) M7.9 earthquake. Based on the
RT wave model, we proposed a prediction method
by analyzing the associations between the major
earthquakes and the surrounding slightly smaller
earthquakes, and achieved a certain success rate.
However, direct evidence of HT waves is still lacking,
and it is hard to prove.

The region-time-length (RTL) algorithm has been
widely used for investigating precursory seismicity
changes before large and moderate earthquakes
(Gambino et al., 2014). Recently, machine learning
methods, e.g., decision tree (DT), shallow neural
network (SNN) with the contemporary deep neural
network (DNN), long short-term memory (LSTM)
neural networks, gated recurrent network (GRU),
support vector machine (SVM), or random forest to
identify patterns in meta-databases have been
proposed to improve earthquake forecasting
(Yousefzadeh et al, 2021; Berhich et al, 2022;
Klyuev et al., 2022). Wang et al. (2023) suggested
that some small earthquakes contain information
related to a possible future large earthquake, and
machine learning methods provide a promising
avenue for improving the forecasting of large-scale
earthquakes. A new list of earthquake catalogs has
been developed through supervising machine-
learning results with unprecedented detail. Using
unsupervised machine learning methods to analyze
complex data of seismicity might be a feasible way to
improve earthquake prediction performance
(Beroza et al., 2021; Herrera et al., 2022; Mousavi
and Beroza, 2022; Zhang et al., 2022; Mousavi and
Beroza, 2023; Dascher-Cousineau et al., 2023; Liu et
al,, 2023a).
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Coupling between triggering earthquake (TGE)
and triggered earthquake (TDE) has been well
documented (Cisternas et al., 2005; Liu et al., 2023b).
Earthquakes could be triggered by local alternations
in the stress field (static triggering), by the adjacent
earthquakes, or by the stress induced by the passage
of a surface (Rayleigh and Love) wave from a far-
away but large-scale earthquake (dynamic
triggering) (Velasco et al, 2008). Although only
about 2-3% of global main shocks could cause
remote triggering in each region (Parsons et al,
2014), in our previous study, we found that large
earthquakes of magnitude = 7 were generally
associated with several precursor earthquakes of
magnitude > 5.6. However, no quantitative relation
was proposed previously. Here, we further indicate
that the associations could be described by several
regression equations. Based on the regression
equations, a novel prediction method was proposed.
We further investigated large-scale earthquakes over
the past 100 years and found that 63%-89% of them
fit the model, and the forecasting accuracy achieved
100 km and 3 days. Strengths and weaknesses of our
prediction method were further discussed by
comparing with other prediction strategies,
especially the machine learning methods. The
research is very similar to the problem-solving
approach, which is an old metric. However, different
from previous studies, our algorithms can predict
the epicenter and the occurrence time
simultaneously. And the prediction accuracy
acquired with our model is better than most other
prediction strategies.

2. Methodology
2.1. Data acquisition

Global earthquakes with M = 8.0 over the past
100 years (and some earthquakes with M of 6.6-7.9
that have caused significant casualties worldwide;
TDESs), as well as triggering earthquakes (TGEs) with
M = 4.0 within 3000 km and 300 days around them,
have been summarized (Table S1 of the
supplementary materials). The TGEs within 200 km
of the epicenter of each TDE are listed in Table S2
(see supplementary materials). Information about
epicenters and occurrence times of these
earthquakes was acquired from the U. S. Geological
Survey (USGS) Web page
(earthquake.usgs.gov/earthquakes). The distance
from the triggering epicenter to the triggered
epicenter was calculated using the GPScalc(sh3) V1.2
software (Elmeligy Abdelhamid et al., 2015). The
time interval between TGE and TDE was calculated
in Microsoft Excel 2013.

2.2. Data refinement
The data has been refined as follows: If a

subsequent earthquake with a smaller magnitude
(within one order of magnitude) occurs within a
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radius of 50 km after the occurrence of the first TGE,
this indicates that the first earthquake activated a
seismic structure less than 50 km away. The
occurrence of the subsequent earthquake
(aftershock) means that tectonic stress was largely
released and therefore may not activate other faults
at long distances. In this case, we exclude the first
earthquake from our analysis.

If the subsequent earthquake with a reduction of
more than one order of magnitude occurs within a
radius of 50 km after the occurrence of the first TGE,
this indicates that the tectonic stress was only partly
released, and therefore, it may still activate other
faults at long distances. In this case, we do not
exclude the first earthquake from our analysis.

The larger the magnitude of the TGE is, the larger
the geographic area it can affect, so the greater the
distance between the TGE and TDE is, and the longer
the time interval between the TGE and TDE is. We
roughly analyzed correlations between the
magnitude and distance (from TGE to TDE) and
between the magnitude and time interval (from TGE
to TDE). Then we found that, for TDEs with M = 6.0,
the distances usually range from 300 km to 3000
km; for TDEs with M = 5.7, the time intervals usually
range from 50 days to 300 days. To obtain better
regression equations, the data with too low distances
(< 300 km for M = 6.0) or too low time intervals (<
50 d for M = 5.7) were ruled out [marked with "(L)"
and crossed out in Table S1 of the supplementary
materials]. Too large time intervals (> 365 days)
were also ruled out. The low-magnitude earthquakes
were excluded because most small earthquakes with
M < 4.0 were merely aftershocks of some large-scale
earthquakes with M > 5.0.

2.3. Correlation and statistical analysis

The correlations between the magnitude and
distance (TGE to TDE) and between the magnitude
and time interval (TGE to TDE) were calculated. The
F-test was performed to analyze all the correlations
and to determine whether the data pairs fit the
regression model (linear, quadratic, logarithmic, and
exponential regressions were tested). The regression
equation, the correlation coefficient, and the P-value
were obtained by using SPSS v19.0 and Microsoft
Excel 2013. The P-value threshold and R? threshold
for the statistical significance of claims of
correlations were 0.05 and 0.5, respectively.

2.4. Prediction method and prediction accuracy
estimation

Concentric circles around all the TGEs were
drawn with the distances obtained from the
regression equations as the radii. In terms of the
equation selection, the effect of the first/second or
the last TGE may reach large distances, so the
maximum distance value obtained from the
equations should be selected, and the distance values
of the remaining TGEs should be selected to intersect
with (be tangent to) it as much as possible. However,
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in some cases, the distances between TEGs and the
TDE were too close (less than 1200 km), the second
largest distance or the third largest distance
obtained from the equations may be selected. There
are multiple intersections for multiple TGEs. The
predicted epicenter of TDE should be in the area
with the highest degree of overlap.

For each TGE, the calculated time intervals are a
range (the left boundary is the minimum value
obtained from the equations, and the right boundary
is the maximum value obtained from the equations),
which can be defined as a time frame. Each TGE has
its corresponding time frame (drawn with Microsoft
Excel 2013), and the TDE often occurred at the
intersection of multiple time frame boundaries.
There may be multiple intersections for multiple
TGEs. The predicted occurrence time of TDE should
be within the time frame intersection with the
highest degree of overlap.

3. Results

3.1. Associations between major earthquakes
and surrounding earthquakes

Regression analysis revealed that the distances
between TGEs and the TDE were concentrated
within four bands, which can be described by four
quadratic regression equations with R2 values of >
0.5, although for all the data points only a weak
correlation (R? < 0.5 but P < 0.01) was found (Fig.
1a). Interestingly, for all these quadratic equations,
the distances reached their maximum values around
a magnitude of 6.5. As the magnitude increased
further, the distance decreased. They were not
linearly correlated.

The time intervals between TGEs and the TDE
were linearly and positively correlated with the
magnitude. Although some values were too large or
too small (for all the data points in Fig. 1b, no
significant correlation was found), approximately
one-third of the data perfectly fell near three straight
lines, which can be described by three linear
equations with R2 values of > 0.95 (Fig. 1b). Because
each TDE is associated with multiple TGEs, and one
or two of them may have larger effects than the
others, and the fact that TDE were too large or too
small might be explained.

For the TGEs with magnitudes of 4.3-7.5, the
calculated distances based on four quadratic
regression equations and the calculated time
intervals based on three linear regression equations
are summarized in Table S3 of the supplementary
materials.

3.2. Validation of the prediction model using
historical large-scale earthquakes

Through these regression equations, we have
verified 14 earthquakes with magnitudes greater
than 6.6. For the M9.0 Kamchatka (Russia)
earthquake on Nov. 5, 1952 (Fig. 2a), there were
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three TGEs associated with it, and there were two
TGEs within 110 km of the TDE's epicenter. Circles
centered on the TGEs outside a radius of 200 km are
marked in red. Their overlapping regions are
marked in pink. The time frames for the TGEs
outside a radius of 200 km and the TGEs within 200
km of the TDE's epicenter are denoted by the light-

red and light-blue squares, respectively. The purple
triangle indicates the occurrence time of the TDE.
The blue triangle indicates the occurrence time of
the TGE within 200 km from the TDE's epicenter or
the middle value in the time frame of the TGE (Fig.
2).

3000 1
2800 1
2600 1
2400 1
2200 A
2000 1
1800 1
1600 1
1400 A
1200 A
1000 A1
800 1
600 1
400 1
200 1

Distance (km)

y =-445.33x2 + 5795.9x - 16313
R*=0.7328; P<0.01

y=-350.13x2 + 4618.9x - 13416
R?*=0.7188; P<0.01

y =-230.24x2 + 3025.9x - 8796.1
R?=0.7753; P<0.01

y =-154.32x2 + 2021.4x - 6031.5
R*=0.5236; P<0.01

300 1

250 A

200 1

150 1

Time interval (d)

100 1

50 1

y =125.04x - 501.21
R?=0.984; P<0.01

y=105.43x - 428.25
R?=0.9564; P<0.01

y=104.49x - 460.11
R?=0.9759; P<0.01

(b)

Fig. 1: Regression analysis between magnitude and (a) the distance from triggering earthquakes to triggered earthquakes,
and (b) the time interval between TGEs and TDEs

A circle centered on the earliest TGE with a
radius equal to the maximum distance obtained from
the equations was drawn. Then, circles centered on
the other TGEs intersected with it. The predicted
epicenter of TDE should be in the intersection area
with the highest degree of overlap. The occurrence
time of the TDE was 243 days after the earliest TGE,
which was exactly the middle value in the time frame
of the first M6.1 TGE (calculated from the purple
equation in Fig. 1b). For the M9.5 Chile earthquake
on May 23, 1960 (Fig. 2b), a circle centered on the
second/last TGE (M7.1) with a radius equal to the
maximum distance obtained from the equations was
drawn. There were also five TGEs within 93 km of
the TDE's epicenter. The first M8.1 TGE occurred on
May 21, 1960. The second TDE occurred 2 days later,
and this time was exactly located on the left
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boundary of the time frame for the M6.1 TGE. The
M9.1 Sumatra (Indonesia) earthquake on Dec. 26,
2004 (Fig. 2c), was associated with five TGEs and
five TGEs = 4.5 within 120 km. The location of the
TDE was determined by drawing a circle centered on
the earliest TGE with a radius equal to the maximum
distance. The last TGE was M4.9, and the left
boundary of its time frame was exactly the time
when the TDE occurred. The M9.1 Tohoku-Oki
(Japan) earthquake on Mar. 11, 2011 (Fig. 2d), was
associated with three TGEs outside of 200 km and
five TGEs = 5.9 within 74 km. The location of the TDE
was determined by drawing a circle with the earliest
TGE as the center and with a radius equal to the
second largest distance between the other two TGEs.
The TGE earthquake happened 2 days after the first
M7.3 TGE.
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Fig. 2: Prediction and verification of four representative earthquakes with magnitudes M = 9.0: (a) the M9.0 Kamchatka
(Russia) earthquake on Nov. 5,1952; (b) the M9.5 Chile earthquake on May 23, 1960; (c) the M9.1 Sumatra (Indonesia)
earthquake on Dec. 26, 2004; and (d) the M9.1 Tohoku-Oki (Japan) earthquake on Mar. 11,2011

The M8.0 Kanto (Japan) Sep. 1, 1923 (Fig. 3a),
was associated with four TGEs. The location of the
TDE was determined by drawing a circle centered on
the earliest TGE with a radius equal to the maximum
distance. And the left boundary of its time frame was
only one day after the occurrence time of TDE. The
M?7.5 Tangshan (China) earthquake on July 28, 1976
(Fig. 3b), was associated with ten TGEs. The location
of the TDE was determined by drawing a circle
intersecting the earliest TGE as the center and with a
radius equal to the maximum distance between nine
cycles of the other nine TGEs. It had three close time
frame boundaries of 202, 203, and 204 days
(average of 203 days), while the TDE occurred on the
202rd day, with a forecasting error of 1 day. For the
M7.7 Bhachu (India) earthquake on Jan. 26, 2001
(Fig. 3c), a circle centered on the last TGE with a
radius equal to the second largest distance obtained
from the equations was drawn. It had a two-timed
frame boundaries of 234 and 241 days (average of
237 days), while the TDE occurred on the 235t day,
with a forecasting error of 2 days. The M8.4 Peru
earthquake on Jun. 24, 2001 (Fig. 3d), was associated
with four TGEs. A circle with the last TGE as the
center and the second largest distance as the radius
was drawn. The right boundary of the time frame for
the earliest TGE was 237 days, and the left boundary
of the time frame for the subsequent TGE was 226
days. Their average value was 232 days. The TDE
occurred on the 235t day after the earliest TGE, with
a forecasting error of 3 days. The M7.0 Haiti
earthquake on Jan. 13, 2010 (Fig. 4a), was associated
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with seven TGEs. The location of the TDE was
determined by drawing a circle with the last TGE as
the center and with a radius equal to the maximum
distance intersected by six cycles of the other six
TGEs. The occurrence time of the TDE was 254 days
after the earliest TGE, which was one day before the
middle value in the time frame of the M5.5 TGE on
Aug. 15, 2009 (calculated from the purple equation
in Fig. 1b). The M7.8 Nepal earthquake on Apr. 25,
2015 (Fig. 4b), was associated with four TGEs. A
circle with the last (M5.3) TGE as the center and the
maximum distance as the radius was drawn. The
right boundaries of the time frames for two TGEs
were 261 and 268 days, while the left boundary of
the time frame of another TGE was 258 days. The
average value was 262 days. The TDE occurred on
the 265t day after the earliest TGE, with a
forecasting error of 3 days. The M7.8 Turkey
earthquake on Feb. 6, 2023 (Fig. 4c), was associated
with three TGEs.

A circle with the last TGE as the center and the
maximum distance as the radius was drawn. There
were also five TGEs = 4.0 within 82 km of the TDE's
epicenter. The last TGE within 200 km occurred 238
days after the earliest TGE, and the TDE occurred on
the 241st day. The recent M7.7 Myanmar earthquake
on Mar. 28, 2025 (Fig. 4d), was associated with three
TGEs. A circle with the last TGE as the center and the
third distance as the radius was drawn. The left
boundary of the last TGE was 113 days, and the TDE
occurred on the 114t day after the last TGE, with a
forecasting error of 1 day.
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In Sichuan province, China, the M7.9 Wenchuan
(China) earthquake on May 12, 2008 (Fig. 5a), was
associated with three TGEs. A circle with the earliest
TGE as the center and the second largest distance as
the radius was drawn. Both the right boundary of the
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93 and 103 days (average of 98 days; Fig. 5b), while
the TDE occurred on the 101st day, with a forecasting
error of 3 days. The M6.6 Luding (China) earthquake
on Sept. 5, 2022, had two-time frame boundaries of
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while the TDE occurred on the 160t day, without a
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Fig. 5: Prediction and verification of fnaj or earthquakes in Sichuan, China: (a) the M7.9 Wenchuan earthquake on May 12,
2008; (b) the M6.6 Lushan earthquake on Apr. 20, 2013; and (c) the M6.6 Luding earthquake on Sep. 5, 2022

3.3. Prediction accuracy

In the past 100 years, earthquakes of M = 9.0 and
earthquakes that have caused significant casualties
(e.g. the M8.0 Kanto earthquake in 1923, the M9.5
Chile earthquake in 1960, the M7.5 Tangshan
earthquake in 1976, the M9.1 Sumatra earthquake in
2004, the M7.9 Wenchuan earthquake in 2008, the
M?7.0 Haiti earthquake in 2010, the M9.1 Tohoku-Oki
earthquake in 2011, and the M7.8 Turkey
earthquake in 2023) all met our model (Table 1).

Besides the above earthquakes, we predict a
future earthquake in Japan based on this model. The
right boundary of the M6.0 TGE (Jan. 21) is very
close to the left boundary of the M6.1 TGE (Apr. 2),
and the TDE may occur on those two days.
Alternatively, the right boundary of the M6.1 TGE
(Apr. 2) is very close to the middle value of the M6.0
TGE (May 31), and the TDE may occur on those two
days. The purple dot indicates the joint of the two
main fault zones in Japan, which is very close to the
intersection area with the highest degree of overlap.
Thus, the purple dot might be the future epicenter of
TDE. Considering that the major earthquakes in
recent decades have all occurred on the west side of
the main fault zone in Japan, the actual epicenter
may be located about 100 km west of the purple dot
(Fig. 6). In summary, the location of the TDE can be
determined by multiple TGEs, with the distance

27

calculated based on four quadratic regression
equations. TDEs often occurred at the intersection of
multiple time frame boundaries or 1-3 days after the
first or last TGE within 200 km. Based on this
method, we were able to predict the epicenter
locations of TDEs with a success rate of 89% (77/87)
and the occurrence times of TDEs with a success rate
of 63% (55/87) (Table S4 of the supplementary
materials). It can be summarized from Table 1 that
the forecasting error range for large-scale
earthquakes in densely populated areas was within
100 km and 3 days. However, the epicenter may not
be a reliable marker of the spatial localization of
large events. For example, the centroid of released
deformation of the M9.1 Sumatra earthquake on Dec.
26, 2004, was located at least 200 km north of the
seismological epicenter (Vigny et al, 2005).
Nevertheless, the centroid data are not always
available. The accurate forecast error of the distance
needs further investigation.

4., Discussion

The lithosphere of the Earth is not completely
rigid, and the tectonic plate interaction is affected by
the characteristics of the plates, the angle of
subduction, and the geological conditions (Nur and
Mavko, 1974; Peltzer et al, 1999; Delorey et al,,
2015).
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Table 1: Success rate of the proposed forecasting model for large-scale earthquakes in densely populated regions

Prediction of the epicenter by which TGEs, with which

Predicted time (d) after the first

Time M Location distance (km) (actual distance; km) TGE (actual time)
52.623°N 159.779°E . . .
1952/11/5 9.0 (Kamchatka, Russia) First TGE with max dis. of 2545 (2626) 243 (243)
60.908°N 147.339°W (Alaska, First TGE with max dis. of 2322 (2326)
1964/3/28 92 USA) Second TGE with max dis. of 2255 (2391) 183 (184)
1923/9/1 8.0  35.274°N 139.344°E (Japan) Last TGE with second dis. of 1647 (1565) 198 (197)
5 o First TGE with third dis. of 1114 (1031)
1941/11/19 8.0 32.129°N 131.944°E (Japan) Second TGE with second dis. of 1786 (1702) 204 (203)
1946/12/21 83  33.123°N 135.905°E (Japan) First TGE with second dis. of 1536 (1471) 204 (202)
1952/3/4 8.1  42.084°N 143.899°E (Japan) First TGE with second dis. of 1728 (1653) 239 (236)
2011/3/11 9.1  38.297°N 142.373°E (Japan) Second TGE with third dis. of 1134 (1167) 217-219 (218)
2008/5/12 7.9 31.002°N 103.322°E First TGE with second dis. of 810 (867) 113 (115)
’ (Sichuan, China) ’
30.308°N 102.888°E . . . .
2013/4/20 6.6 (Sichuan, China) First TGE with third dis. of 1009 (961) 93-103 (101)
29.679°N 102.236°E . .
2022/9/5 6.6 (Sichuan, China) Last TGE with second dis. of 422 (326) 157-163 (160)
39.570°N 117.978°E . . .
1976/7/28 7.5 (Tangshan, China) First TGE with max dis. of 1784 (1786) 202-204 (202)
2001/1/26 7.7 23.419°N 70.232°E (India) Last TGE with second dis. of 1316 (1400) 234-241 (235)
2005/10/8 7.6 345?33%;3}%“ E First TGE with second dis. of 1034 (935) 168-203 (185)
2023/2/6 7.8 37.174°N 37.032°E (Turkey) Last TGE with max dis. of 1784 (1776) 238 (241)
2015/4/25 7.8 28.231°N 84.731°E (Nepal) Last TGE with max dis. of 1896 (1814) 258-268 (265)
2004/12/26 9.1  3.295°N 95.982°E (Indonesia) First TGE with max dis. of 2322 (2230) 203 (203)
2012/4/11 8.6  2.327°N 93.063°E (Indonesia) Second TGE with max dis. of 2471 (2505) 214-228(218)
1985/9/19 8.0 18'19%?8)1(1030')533 w First TGE with third dis. of 1009 (1092) 173 (171)
2017/9/8 8.2 15.022°N 93.899°W (Mexico) Second TGE with max dis. of 2178 (2138) 224-244 (234)
2010/1/13 7.0  18.443°N 72.571°W (Haiti) Last TGE with max dis. of 2255 (2292) 255 (254)
1960/5/23 9.5 38.143°S 73.407°W (Chile) First TGE with third dis. of 1095 (1077) 176-178 (177)
o o First TGE with max dis. of 2431 (2416)
1970/8/1 8.0 1.597°S 72.532°W (Peru) Last TGE with max dis. of 2541 (2600) 205 (206)
1985/3/4 8.0 33.135°S 71.871°W (Chile) First TGE with third dis. of 1114 (1144) 135-137 (134)
2001/6/24 8.4 16.265°S 73.641°W (Peru) Last TGE with second dis. of 1813 (1829) 226-237 (235)
o o . First TGE with max dis. of 2381 (2451) )
2010/2/27 8.8 36.122°S 72.898°W (Chile) Second TGE with max dis. of 2381 (2415) 169-184 (175)
2014/4/2 8.2 19.610°S 70.769°W (Chile) Last TGE with second dis. of 1804 (1889) 233-235(233)
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Fig. 6: Predicted location and possible occurrence time of a future earthquake in Japan based on the proposed regression

model and the spatial overlap of calculated epicentral distances

Rocks initially respond to these forces by
deforming elastically. Then rocks can get stretched
and form cracks or fractures along fault lines in
regions where they are subjected to severe stress.
These flaws are areas of vulnerability where the
built-up stress can be discharged. When the
cumulative tension on the rocks reaches their elastic
limit, they can no longer deform elastically and
instead fracture and slide along fault lines. It can
result in the abrupt release of energy in the form of

28

seismic waves, which causes an earthquake. Rapid
seismic wave creation is caused by this quick release
of accumulated stress, and these waves travel
throughout the earth in all directions (Nur and
Mavko, 1974; Peltzer et al, 1999; Delorey et al,
2015). Our algorithm fits the theory of elasticity,
which states that the flaws are relatively elastic. The
multiple TGEs may generate combined effects on
vulnerable rock formation in the fault line, so that
the stress may surpass the threshold, and the TDE
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would be triggered. The plates are like teeterboards
of rocks floating on the mantle. The larger the
magnitude of the TGE is, the larger the plate it can
shake, so the greater the distance between the TGE
and TDE is. In addition, the larger the magnitude of
the TGE is, the greater the shift it causes on the other
side of the plate boundary, and therefore, the longer
the interval between the TGE and TDE is.

Many articles suggested that faulting is a non-
linear process which 1is very sensitive to
unmeasurable fine details of the state of the earth
crust in a large volume, not merely in the immediate
vicinity of the hypocenter (Huang et al, 2017;
Lambert et al.,, 2021; Nandan et al., 2022). Here, we
found that the distances between TGEs and the TDE
were non-linearly correlated with the magnitude,
which may be described by four quadratic regression
equations.

Thus, there is a chance that any small-scale
earthquake will eventually grow into a large event.
But not all large earthquakes trigger other
earthquakes (Huang et al, 2017). A recent article
showed the complexity of forecasting and specified
that forecasting should model putative time
variations of regional or local strain fields and other
related fields that might be associated with
seismicity (Nandan et al,, 2022). To precisely predict
the time of an earthquake, we need to know the
exact stresses applied to the fault throughout its
sliding history. The static and transient deformation
changes may hasten the occurrence of future
earthquakes (Lambert et al, 2021). The spatio-
temporal distribution of seismicity can change due to
the activation of previously inactive faults. By a
mechanism known as dynamic stress
transfer/triggering, earthquakes, especially big ones,
can occasionally set off smaller, farther-off
earthquakes. This indicates that a new earthquake
may be caused by the energy of the seismic wave
that passes through, usually in areas that are already
sensitive and prone to frequent earthquakes (e.g.,
volcanic zones). However, not every significant
earthquake sets off another one (Huang et al., 2017;
Lambert et al., 2021; Nandan et al., 2022). Consistent
with this viewpoint, it is not always possible to find
multiple precursor earthquakes before every large-
scale earthquake in our analysis. Only 89% of large-
scale earthquake epicenters and 63% of occurrence
times can be accurately predicted by our model.

The georesistivity decreases sharply within a
time frame of several hours to 2 days before the
earthquake, and when it drops to an extremum, a
large earthquake will occur in 6-42 hours. Qian et al.
(2009) predicted the Wenchuan (China) M7.9
earthquake successfully by wusing this model.
However, they did not predict the location of the
epicenter. The maximum thermal infrared anomalies
appear at 1 day to 6 months before large-scale
earthquakes of M = 7.0 (Wei et al., 2013). While pre-
seismic anomalies from multi-channel infrared
remote sensing images may predict large
earthquakes within 200 km and one month (Yue et
al, 2022). Akhoondzadeh and Marchetti (2022)
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developed a Mamdani fuzzy inference system (FIS)
with the data of anomalies to predict earthquake
magnitude. They found that the highest value of
anomalies was often found about one month before
the earthquake. Neural network algorithms are
usually used to forecast the maximum magnitude of
future events in a certain region. However, the time
frame ranges from one week to one year, depending
on the geological structure. For example, an LSTM
neural network can forecast the maximum
magnitudes of earthquakes in the Yunnan-Sichuan
region in China (Wang et al, 2023). While for
earthquake-prone countries, such as Iran, the
machine learning algorithms by the methods of
Support Vector Machine (SVM) may predict the
magnitude of the biggest future earthquake in the
next week (Yousefzadeh et al,, 2021). The slope unit-
based logistic regression and geospatial statistics
have been used for assessment of earthquake-
induced landslide inventories, but not for future
earthquake prediction (Pokharel et al, 2021).
Therefore, the prediction accuracy of 100 km and 3
days acquired with our model is better than most
current baseline models and publicly available
benchmark datasets. Another merit of our prediction
method is that it can predict the epicenter and the
occurrence time simultaneously. However, our
algorithms cannot forecast the magnitude, which
could just be compensated for by the machine
learning methods.

The forecasting error may be a little large for
some earthquakes. However, if combined with the
analysis of local earthquake zones, TDEs may be
located more accurately (within 20 km), such as the
M6.6 Luding (China) earthquake (Fig. 5c), the
epicenter of which was successfully forecasted in our
previous study. Briefly, the Longmen Mountain fault
zone includes three parallel fault zones. In 2008 and
2013, two earthquakes of M = 7.0 occurred in the
middle zone and the east zone, respectively.
Therefore, the accumulated stress energy has been
released. And the northeast zone was relatively
fragile (Chen et al, 2008), where no large-scale
earthquake has occurred since 1786, and the stress
has been accumulated for a long time (Chen et al,
2008; Hubbard and Shaw, 2009). This area is the
joint of the west Longmen mountain fault zone, the
Xianshui river fault zone, and the An’ning river fault
zone. Similarly, stress accumulation and the seismic
migration near the Tangshan (China) fault (Shao et
al, 2021), the north Anatolian (Turkey) fault
(Steinmann et al., 2022), and the Japan Trench fault
(Kodaira et al., 2021) have also been analyzed.

For the countries in the Circum-Pacific seismic
belt (such as Indonesia, Japan, and Chile), before
each large earthquake, several precursor
earthquakes within 200 km of the epicenter of the
TDE were usually found. TDEs often occurred at 1-3
days after the first or the last TGE within 200 km.
This fact may help us to improve the prediction
accuracy, especially if region-specific machine
learning  algorithms were combined. The
mechanisms of earthquakes are complex, and
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therefore most predictions (or some simple
correlations) are "still the stuff of science fiction."
Though good correlations have been acquired in this
study by some selections on the data, for all the data
points, only a weak or no correlation was found. So, a
data processing mechanism is required in conditions
of a deficiency of statistical information. Analyzing
laboratory and field data with artificial intelligence
and other related algorithms may maximize the
information retrieved from the data and improve the
prediction power that can be acquired from different
observations. Recently, two articles present an
advance in methods of achieving a high level of
serviceability and reliability of the earthquake
correlation system (Rundle et al., 2021; Tehseen et
al, 2021). Bao et al. (2021) proposed a deep
convolutional neural network (CNN; Jozinovi¢ et al,,
2020) and designed a three-dimensional feature
map that could be adopted to solve the problems of
earthquake magnitude classification by
incorporating high-dimensional information with the
shallow features. Furthermore, noise simulation
technology and synthetic minority over-sampling
techniques (SMOTE; Xu et al.,, 2019; Banerjee et al,
2020) could be adopted to overcome the imbalance
problems of the seismic data (Bao et al.,, 2021). More
mathematical analysis on anomalies and the
correlations among earthquakes is needed in the
future.

Considering that only 63%-88% of large-scale
earthquakes can be accurately predicted by our
algorithms, and there are certain errors in the time
and location ranges, we should not issue evacuation
warnings to the public based on this prediction
model. But high-risk populations (such as those
living in dangerous buildings) and vulnerable
facilities (such as nuclear power plants) should make
some preparation beforehand, and crowded places
(such as tourist attractions) should be closed in the
critical period.

5. Conclusions

In this study, we first reported the quantitative
associations between precursor earthquakes
(triggering earthquakes; TGEs) and triggered
earthquake (TDE). Regression analysis revealed that
the distances between TGEs and the TDE were
concentrated within four bands, which can be
described by four quadratic regression equations
with R? values of > 0.5. And the time intervals
between TGEs and TDE were linearly and positively
correlated with the magnitude, which can be
described by three linear equations with R2 values of
> 0.95. Based on the regression equations, a
prediction method was proposed. Then we
retrospect 86 large earthquakes (M = 6.6) over the
past 100 years to testify to the adequacy of our
model for practical earthquake forecasting. And we
found that, although we are only able to predict only
63%-88% of large-scale earthquakes, earthquakes
of M = 9.0 and earthquakes that have caused
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significant casualties all met our model with a
prediction accuracy of 100 km and 3 days.

However, our algorithms cannot forecast the
magnitude. And the region-specific earthquake
triggering mechanisms are not included in our
model. We thus should consider many other
characteristics to obtain an effective prediction, for
instance, the TIR radiation emitting or reference to
the machine learning prediction results.
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