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Introduction  

This Supporting information file provides:  

• Details about the analog model of megathrust earthquakes and data analysis (Text S1-
S2);   

• Figures complementing the main article (Figures S1-S11). 

 

Text S1. Analog model of megathrust earthquakes with two asperities  
Analog modeling is a laboratory experimental method that is used for studying various 
tectonic processes by means of scaled models. Seismotectonic analog models have been 
developed in parallel with the advent of high-resolution strain monitoring. One such 
monitoring technique is Particle Image Velocimetry PIV, a method that allows measuring 
deformation increments in the orders of meters when scaled to nature and thus equivalent to 
single earthquake displacements. 
We used the experimental setup for modeling megathrust seismicity from the Laboratory of 
Experimental Tectonics (LET) Università Roma Tre. The setup consists of a container with two 
fixed lateral sidewalls and a backstop made of Plexiglas and an aluminum base with tunable 
dip (Figure S10).  A 52 × 34 × 11 cm3 gelatin wedge (analog of the overriding plate) is placed 
carefully inside the container and underthrusted at constant rate of 0.01 cm/s by a 10° 
dipping, flat rigid plate (analog of the subducting plate) sliding on the base of the setup. 
The analog megathrust is represented by the interface between the gelatin wedge and the 
basal plate. The seismogenic zone is limited by updip and downdip aseismic zones, with 
dimensions that mimic the average geometry extracted from worldwide subduction zone 
statistics. The seismogenic zone is characterized by two velocity weakening patches 
(asperities) of equal size 16 x 14 cm2 (downdip and along strike directions, respectively) 
separated by a velocity strengthening patch (barrier) 16 x 6 cm2 long. Velocity weakening and 
strengthening behaviors are achieved with the gelatin on sandpaper and gelatin on plastic 
contacts, respectively (Corbi et al., 2013). After an initial stress buildup phase, the model 
experiences stick–slip frictional behavior. Stick- and slip phases represent analog interseismic 
periods and earthquakes, respectively. The frictional configuration used in this study produces 
analog earthquakes across single or twin asperities. 
This model is designed using a model/nature scale factor, L*, of 1.57 10–6 (i.e., 1 cm in the 
model corresponds to 6.4km in nature).  According to the “scaling theory applied to the study 
of geologic structures” (Hubbert, 1937), all lengths scale down from the prototype in a 
consistent way dictated by the same scaling factor L*. For example, the surface of the model is 
equivalent to 217 × 333 km2 (in trench parallel and orthogonal direction, respectively) when 
scaled to nature. In this case, L* is set a-priori while the properties (e.g., elasticity) of analog 
materials used as crustal analogs are tuned depending on this scaling factor (see Corbi et al., 
2013 and Rosenau et al., 2017 for additional details on scaling, including time).  

Text S2. Data analysis: from digital images to predictions 
1. Experimental snapshots. The initial data is composed by 3000, 8 bit (256 gray levels) 

2 MPx (1600x1200 px) digital images acquired from top-view with a framerate of 7.5 
fps. Digital images capture a 34x52 cm2 area representing the surface of the analog 
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model.  
2. PIV processing. Digital images are processed with a cross-correlation technique called 

Particle Image Velocimetry with the software MatPIV [Sveen, 2004]. MatPIV first divides 
digital images into smaller regions called interrogation-windows. Then it compares 
each interrogation window with the corresponding one in all couples of subsequent 
images. The algorithm proceeds by cross-correlating each couple of interrogation 
windows. The output of the latter routine is one displacement vector for each 
interrogation window pair forming part of the larger (> 1000 vectors) incremental 
displacement (or velocity) field between two images. To improve the resolution of our 
data we used a multi-pass technique, in which the procedure described is repeated 
multiple times with interrogation windows of progressively smaller sizes. In our 
processing, we used interrogation windows of 128x128 px down to 64x64 px, and 50% 
overlap. The output of such an analysis is a coordinates file plus 2 matrices (30x45) per 
couple of frames containing the trench orthogonal and trench parallel components of 
the surface displacement increments. These data can be considered equivalent to the 
horizontal components of geodetic (GNSS or InSAR) surface deformation data in 
nature. PIV data are available open access in Corbi et al. [2019]. 

3. Remove offshore data. This step is required for getting closer to real subduction 
zones GNSS network spatial distribution. To do so, we tentatively assume that the base 
of the seismogenic zone coincides with the coastline [e.g., Ruff and Thichelaar 1996; 
Rosenau et al., 2010; Saillard et al., 2017] and projected this distance to the surface of 
the analog model (see Figure 1a in the main text).  

4. Arrange the dataset into a predictors matrix X and responses matrix Y. Each 
column of X (3000 rows by 1508 columns) corresponds to “cumulative displacement 
measured at a synthetic GNSS station” and rows correspond to time-steps 
(increments). Y (3000 rows by 9 columns), reports “alarm” and “no-alarm” labels at 9 
target points distributed along the margin. For those target points we know their 
status: slip rate larger or smaller than the threshold velocity of 0.01 cm/s and the time 
of slip onset tso. For each event, we assign the label “alarm” at those timesteps that are 
comprised between tso-Δt and tso (where Δt indicates alarm duration), and “no-alarm” 
at the remaining ones. We consequently use as output to be predicted the status at 
these 9 target points. In our analysis we used Δt in the 1-5s range. 

5. Split data in training and testing sets. In this step we assume that the initial 1500 
rows of X and Y are used for training and the following 1500 rows for testing. This split 
corresponds to using 50% of the dataset used for training and the following 50% for 
testing. 

6. Simple filter for initial features selection. To reduce the number of features we first 
check how effective each feature (independently from other features) is at separating 
classes contained in each column of Y. For this purpose we apply the t-test on each 
feature and compare p-value. Only the training fractions of X and Y are used. This 
procedure is simple and computationally fast. Features are then ranked in order of 
“effectiveness” and a fraction proportional to the number of alarms (e.g., 90 features 
over the initial 1508 for a target located point above one asperity and 5 s long alarm) is 
sent to sequential features selection algorithm in next step. 

7. Sequential features selection. Sequential features selection also allows reducing the 
number of relevant features for prediction, but differently from the previous filter, it 
takes in consideration features interaction. To perform sequential features selection 
we use sequentialfs Matlab function and we choose applying a forward feature search 
(i.e., proceeding by adding features) until the stopping criterion is reached. In our case 
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the stopping criterion is reached when a combination of 30 features is reached. Then 
the algorithm identifies the minimum of the misclassification error and the 
corresponding features. To evaluate and compare the performance of each feature 
combination subset, we apply 2-fold cross-validation to the training set. The result of 
sequentialfs consists of the best combination of features that, amongst all other 
features combinations, provides the best predictions in the training part of the 
dataset. 

8. Simulated Annealing hyperparameters search. Before training the Machine 
Learning model we have to set hyperparameters as they determine how the model 
will be built. In particular, we explore the number of training cycles, learning rate, 
maximum number of splits and cost using a Simulated Annealing search that aims at 
minimizing the sum of false discovery rate (FP/TP+FP) and false positive rate 
(FP/FP+TN), again applying 2-fold cross-validation to the training set. 

9. Train the Machine Learning model. In this step, a predictive model is created from a 
weighted combination of multiple binary classification trees. To train our model we 
used the fitcensemble Matlab function specifying the best features and 
hyperparameters to use, and selecting RUSboost method to take into account the class 
imbalance of our dataset. 

10. Predict alarm/no-alarm state. In this step we apply the predictive model to an initial 
fraction (i.e., 1/3) of testing data. The outcome of this step is a vector containing 
predicted alarm/no-alarms. 

11. Model update ad concatenate. Steps 6-10 are repeated shifting in time the training 
and testing (Figure S3). The 200s duration predictions are obtained by concatenating 
the three model updates. The shifting training window method has a twofold 
advantage in our case: a) it helps compensating for a slight drift of displacement time 
series; and b) allows comparing predictive models that, for a given training window 
length, have all the same number of data for testing. 

 
Additional steps 

a. Subsample according to density of stations. After step 4 we remove a fraction of 
stations to obtain the desired density of stations on a regularly spaced grid (Figure 
S11). This task influences the number of columns of X. 

b. Training window length.  Another task right after step 4 consists in selecting the 
desired training window length (Figure S3). This task influences the number of rows of 
X. 
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Supporting Figures 

 Figure S1: Basic Machine Learning training-testing scheme. 
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Figure S2: Confusion matrix for binary classification. 
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Figure S3: Training (blue) and testing (magenta) schemes for various training window lengths. 
In all model configurations (density of stations, training window length and alarm duration), 
predictions have 200s duration, obtained by concatenating the three model updates. 
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Figure S4: Impact of number of updates on AUC-PR for target point 8, 6 stations/dm2, training 
window length of 200 s and alarm duration between 1 s and 5 s. 1 update corresponds to a 
testing window length of 200 s (i.e., 50% of the data used for training and 50% for testing) 
while 6 updates correspond to a testing window length of 33.3 s (i.e., 85% of the data used for 
training and 15% for testing). 
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Figure S5: Impact of density of stations (panel a) and training window length (panel b) on ML 
prediction performances. Blue to light green colors highlight alarm durations from 1 s to 5 s. 
This figure complements figure 4a in the main text.  
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Figure S6: Same as figure 1e in the main text but for an ideally available network of stations 
spanning homogeneously both onshore and offshore. 
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Figure S7: Impact of offshore stations. AUC-PR of each ensemble is represented as boxplots. 
The bottom and top edges of tick lines indicate the 25th and 75th percentiles while the 
bottom top edges of tick lines indicate the 5th and 95th percentiles. White points indicate the 
mean. Different colors refer to different network configurations reported in legend. 
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Figure S8: Effect of alarm duration on predictions. Predicted (blue line) and observed (red 
lines) alarms are reported for one target point. Each panel correspond to a different alarm 
duration reported in each panel title together with precision, true positives and false positives. 
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Figure S9: Impact of sampling interval. AUC-PR of each ensemble is represented as boxplots 
The bottom and top edges of tick lines indicate the 25th and 75th percentiles while the 
bottom top edges of tick lines indicate the 5th and 95th percentiles. White points indicate the 
mean. 
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Figure S10: Oblique view of the experimental setup (modified from Corbi et al., 2019).  
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Figure S11: Geodetic network configurations. Filled and empty symbols highlight synthetic 
GNSS stations used or neglected for each of the investigated densities of stations, respectively. 


