2019 USEIT: Applying Machine Learning Techniques to Forecast Earthquake
Probabilities on Different Sections of the San Andreas Fault
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Abstract

Model Design and Analysis

As part of the 2019 Undergraduate Studies in Earthquake Information Technology
internship program, the Machine Learning (ML) team focused on using different ML
algorithms to develop an earthquake probability forecast for events of Mw 7.0 or greater
for the next 30 years on the San Andreas Fault System (SAFS). Using the Rate-State
earthQuake Simulator (RSQSim), a physics-based faults system model, we were able
to obtain a 1 million-year catalog for the individual faults in the SAFS. Since the SAFS
hasn’t experienced a seismic event of Mw 7.0 or greater in the previous 100 years, we
based the next 30-year forecast on the previous 100-year intervals from the million-year
catalog. We applied three different machine learning algorithms to forecast
time-dependent earthquake probabilities from the million-year catalog — logistic
regression, neural network, and a random forest classifier. These algorithms determine
the marginal probability of a rupture on a specified fault section given information about
the state of the SAFS. We compare the different approaches using a log-likelihood
proper score relative to a naive time-independent forecast.

● Logistic Regression - 33 logistic regression models were created for each subsequent
fault section.
● Random Forest classifier - calculates probabilities by counting the number of trees
that predicted ruptures and divides them by the total number of trees used in the forest.
● Neural Network - designed with 33 inputs, a hidden layer of 33 nodes, and an output
layer with 1 dimension. The inputs represent each sub-section of the fault system. The
hidden layer uses a rectifier activation function. The output layer has a sigmoid
activation function in order to produce probability outputs.

Results
● We generated log-likelihood ratios which compare the performance of the
models to the time-independent forecast.
● Surprisingly, for our dataset, we found that the models all perform worse
than the time-independent forecast. This result is surprising as we believed
that machine learning models should have more accurate probabilities than
a time-independent forecast.
● These values may be promising as the random forest, and the logistic
regression performs very similarly to the time-independent forecast. We
believe that there is still hope in creating machine learning models that
perform better than a time-independent forecast.

Receiver Operating Characteristic (ROC) Curve:
● Graphical understanding to see how all three Machine Learning methods perform in
predicting the possibility of an earthquake occuring in any of the 33 faults sections
● Allows us to differentiate whether our models were able to predict the false positive
rate vs. the true positive rate overall.

Figure 3

Legend for all models:
● Grey - ROC Curve for 33 fault sections
● Blue - Average ROC Curve
● Red - Baseline ROC Curve
Figure 5

The primary data set:
● Generated
from
an
one-million year RSQSim
catalog
● Ten-year sample windows
● 0 when a rupture occurs in
the current window
● Is used to generate a
time-independent
probabilities table, and a
time-dependent
transition
probabilities table, sum of
ruptures table.

Figure 4

Data

Figure 3,4,5: ROC graphs for each of the
33 fault sections, with an average ROC
curve displayed for each of the Machine
Learning methods.

Figure 7: A comparison of all three models performance using the time
independent model as a benchmark. The error bars of all 3 models are
contained within a range less than zero.

Summary

Probability Comparison
After producing probability outputs from all three models, we compared their outputs given
the same inputs. In general, the logistic regression model and random forest classifier
produced higher probabilities than the neural network model.

Figure 1: All the 33 section of the San Andreas Fault
System, including San Andreas Fault, San Jacinto Fault,
Hayward Fault, and Elsinore fault.

Exploratory data analysis
● Covariance matrix heatmap
generated from
primary
dataset (Fig.2)
● Displays high joint variability
around Big Bend, San
Jacinto Valley, and Elsinore
● Thus, we select conditional
probability models to solve
our
problem
to
take
covariance of fault sections
into account
● We
verify
data
by
cross-validation
and
compare the conditional
probabilities with the naive
independent probabilities.
Figure 2: The covariance matrix heatmap generated from the
1-million year RSQsim data of 33 SAF sections.
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No ruptures on any faults
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Rupture only on Big Bend
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52

2

Rupture only on San
Gorgonio
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7

Rupture only on Carrizo

62

23

8

Rupture on entire San
Andreas Subsystem

2
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2

Rupture on entire Hayward
Subsystem
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23

4

Rupture on Peninsula

23

5

34

Rupture on Big Bend and
Carrizo

52

23

64

Rupture on Julian

63

79

78

Rupture on San Jacinto
Subsystem

53

83

6

Rupture on coyote mountain

36

29
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Figure 6: A comparison in probability output between all 3 models.

● The most significant result of this year’s research is the fact that the
logistic regression and the random forest models were about the same as
the time-independent forecast with the neural network being the
underperformer.
● As these simulations become more representative of the real world, then
the probabilities generated through machine learning techniques will
become more significant.
● We can not undermine the importance of simulator generated data. With
the amount of real-world earthquake data being so small, it would have
made the implementation of these models much more difficult and
inaccurate.
● The models that we have created could be used, in the future, to assess
probabilities and get an idea of when the drought might end. Future work
might focus on looking at multiple states and earthquake histories rather
than just one.
● Future work might focus on looking at multiple states and earthquake histories
rather than just one, and in doing so might answer more questions about
whether or not the drought we are experiencing is significant or rather a typical
phenomenon.

● Machine learning applications in earthquake science are in their infancy,
and we can expect for them to advance greatly in future years with
regards to predictive capabilities.
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