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Final Remarks

Trench-perpendicular transects (162) covering most subduction zones, including GNSS stations and reported SSEs.

Structural parametersSlab parameters Kinematic parametersSeismogenic zone parameters
Age at the trench (age)

Azimuth of the velocity of 
convergence (Azi_Vc)

Velocity of convergence (Vc)

Obliquity angle of the velocity 
of convergence (ang_Vc)

Trench sediment thickness near 
the transect (Tsed)

Long wavelenght sea�loor 
roughness (Rough)

Length of the subduction zone (L)

Length of the associated seismogenic 
segment (L_segm)

Width of the seismogenic zone (W)

Upper plate strain (UPS) Number of GNSS stations near 
the transect (N_stations)

Ocurrence of 
slow-slip events (SSEs)

Mean dip angle (dip_ang)

Instrumental parameter
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?Based on:
Heuret et al. (2011, 2012);

Brizzi et al. (2018); Crisosto & Tassara (2024);
the Submap database (https://submap.fr) ; 

the Nevada Geodetic Laboratory GNSS stations 
data (Blewitt et al. 2018).

Based on SSEs reported by:
Kano et al. (2018) and Dascher-Cousineau 

and Bürgmann (2024)
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- XGBoost & Log. 
Regression predict 

most correctly (Accuracy)

XGBoost > Log. 
Regression > CatBoost. 

Important for imbalanced 
classes (F1)

Log. Regression distinguish 
the best between 

positive and negative 
classes (AUC)

Log. Regression and XGBoost 
are the best with lower 
values, indicating better 
con�idence (Log-Loss)
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SSE potential categories based on joint and univariate probabilities.

Schematic representation of a subduction zone
 including SSEs (Lay et al., 2012).
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What is a slow-slip event (SSE)?
A SSE is a phenomenon that involves gradual and aseismic release of tectonic stres, bridging 
the gap between the rapid rupture of regular earthquakes and the steady sliding along fault interfaces.

Why are SSEs relevant?
- SSEs may trigger or precede large earthquakes, in�luencing seismic hazard.

- SSEs are common in megathrusts, both on the shallow plate interface (<10 km depth) and 
   on the deep plate interface (25–60 km)

- Understanding SSEs is key to linking aseismic slip with interseismic coupling and seismic activity.

Research gap and question
Not all subduction zones are equally instrumented — yet understanding where SSEs might occur is key 
for seismic hazard.

Can we infer the potential for SSEs using nonlinear relationships 
between subduction zone parameters?

1. Global subduction zones 
transect database

Compilation of global subduction segments and
 transects de�inition

Inclusion of slab, seismogenic zone, kinematic, 
structural and instrumental parameters

Binary target: SSE present / absent

2. Data preprocessing

Parameter assignation to the transects, 
cleaning and formatting

Standarization / normalization for 
machine learning (ML) analysis

Categorical encoding (e.g., UPS and SSEs)

3. Feature selection

Correlation analysis to reduce 
multicollinearity

Preliminary Random Forest ranking to 
identify high-impact features

Retain variables with highest 
explanatory power

4. Models training and algorithms implementation

Dataset (162 transects)

Training set (80%) Test set 
(20%)

Logistic
 regression

XGBoost

CatBoost Hyperparameter optimization via k-fold cross-validation

5. Models evaluation

Performance metrics: Accuracy, F1, ROC-AUC

Feature importance analysis using SHAP
(Lundberg, et al., 2017)

Comparison across models and 
potential inferences

Features selection and exploration

N_stations

UPS

Machine learning (ML) models

age

ang_Vc

- Low correlation between variables (max 0.55), 
indicating relative independence

- Potentially unique contribution of each variable to the model

- Lower risk of multicollinearity, better stability

- Informative diversity that may improve model performance

- Improves model ef�iciency while maintaining important variables

- Key features: Tsed

dip_ang

Vc

Azi_Vc

Metrics summary

General trends and features relevance
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Highlighting potential undetected SSE zones through model-based inference

Joint in�luence of feature pairs on SSE probability

Univariate in�luence of key parameters on SSE probability

Feature effects on model predictions

Global feature importance

Transects were grouped into four SSE potential 
categories using thresholds from joint and 

univariate probabilities, without considering
instrumental in�luence (N_stations)

Joint probability of two features > 50%

Yes

No

Univariate probability > 50% 
(other feature)?

Yes Very high

No High

At least two features from the 
univariate analysis > 50%?

Yes Moderate

LowNo

- Limited database size (162 transects) may affect model generalization and
   robustness. However, good metrics were obtained.

- SSE completeness likely varies regionally. The number of GNSS stations is 
   used as a proxy to consider this detection bias.

- Future work will include evaluating the continuum spectrum between slow 
   and fast ruptures behavior.

- Complementary datasets (e.g., Low-Frequency earthquakes, swarms, 
   repeaters) will enhance SSE potential assessment and model 
   robustness/validation.

- ML models perform well; XGBoost and Logistic Regression show highest 
   scores for predicting SSE occurrence.

- Key predictors are: number of stations, convergence rate, and dip angle. This 
   highlights both detection bias and tectonic controls.

- Nonlinear relationships dominate, reinforcing the relevance of machine 
   learning (ML) approaches for understanding complex SSE patterns.

- Model outputs enable logic-based inference, guiding interpretations and future 
   monitoring strategies.


