Vienna, Austria | 3-8 May 2026 n©o)
E G U 26 ah: Ty
Machine Learning and Statistical Models Sharing
; ring is
GENERAL ASSEMBLY Applied to Earthquake Occurrence encouraged

S OICN

Forecasting strong aftershocks in New
/ealand with the machine-learning
NESTORE algorithm:

two different testiré approaches

L. Caravella” and S. Gentili*"
WNational Institute of Oceanography and Applied Geophysics - OGS




Method g?

Context:
Large earthguakes following a strong event pose a significant threat to civil “\Q
protection because they cause additional damage to already weakened

buildings, raising the risk of building collapse, and may lead to (more)
fatalities.
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NESTORE — (NExt STrOng Related Earthquake) is an 1] vag
algorithm based on machine learning approach developed o

by Gentili et. al (2023), available on GitHub (v1.0), 2

soon to be updated: see EGU PICO Gentili et al. 2026 " Contal baiforna, 1988

Two classes based on the difference in magnitude Dm
between the o-mainshock (the first large shock e.g. M>4)
and the strongest following earthquake

(Type A: Dm<1; Type B: Dm>1)
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Goal: Type A clusters probabilistic forecasting based on
features extracted from seismic catalogues in the first
hours/days after the o-mainshock
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Already applied for seismicity of: Italy, NE Italy, Greece,
California, Japan.
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Method — Chronological cluster selection
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Method — Chronological cluster selection
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Method — k-fold cluster selection
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Method — REPENESE

Algorithm for outlier removal (Gentili et al. 2025).
Needed to account for class imbalance e skewed distribution of class A.

e RE = RElevant features selection based on TPR, FPR, Precision (>0.5,
<0.5, >0.5)

e PE = class imbalance PErcentage. Percentage of A and B type samples
PA and PB for A and B classes

e NE = Neighborhood detection. For each sample of type A, the first N1
independent larger feature values are determined, the neighborhood
for the features is the set of all samples that have these feature
values. For type B samples, the first N1 smallest independent feature

values.

o SE = SElection. A sample is considered a possible outlier if N<P-Sn
where P = PA or PB, depending on the sample class. Outliers are only
those samples that are common for all relevant features and for all
different Ti.

Not Outlier (10>=7.5)
PA=0.32 PB=0.68

L]
=
=
-~ 1 Sn=10
i
=
=
4
LIy
Number of clusters
Outlier (3<3.2) N1=4

Sn=# of samples in the neighbor
N = # of samples of the same class
in the neighborhood
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Method — Stratified k-fold cross validation

Goal

Evaluate model performance reliability using all available clusters.
Dataset

Method:
o Split the valid dataset into K equally sized folds (here, K = 3)
e Balanced class distribution in each fold (stratified split)
o Each fold is used once as the test set and K— 1 times as part of the training set:
no overlap between test sets
e matlab cvpartition(..., 'KFold', K)

Training

Outcome:
o Every cluster is tested exactly once
e Training uses the complementary data for that fold
e Provides a more robust estimate of performance than a single random split

Training
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Dataset — about New Zealand .

. Continental crust
Oceanic crust
- LIP

1988-2025, how and why:
« ML from GNS Science (2022), up to 2020
o following years from online database (GNS Science,
1970), ML from orthogonal regression where missing

34°

« Shallow seismicity: max 50 km depth
38°
Clustering: M-dependent, window based:
« time by Gardner and Knopoff (1974)
 space by Christophersen (2006)

52 clusters, 14 A, 38 B 42°

Chronological division training-testing:
e Training: 1988-2013
« Testing: 2014-2025 (retrospective forecasting)

46°
k-fold: 3 folds

164°E 172°E 180°E
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Method — k-fold cluster selection

1988-2025, how and why: >0
« ML from GNS Science (2022), up to 2020
o following years from online database (GNS Science,

1970), ML from orthogonal regression where missing
« Shallow seismicity: max 50 km depth

Clustering: M-dependent, window based: 405
« time by Gardner and Knopoff (1974)
 space by Christophersen (2006)

52 clusters, 14 A, 38 B

Chronological division training-testing:
e Training: 1988-2013
« Testing: 2014-2025 (retrospective forecasting) s

k-fold: 3 folds

Study area

() Magnitude 7
o  Magnitude 6

Magnitude 5
Magnitude 4

Ly
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35°5
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Results — Testing

2014-2025

Average k-fold

Autotest

Cluster class & classification
Type B, misclassified
Type B
Type A, misclassified
Type A

Mg _JWp

N°A: 4, N°B: 11,
Correct classification: 100%

11/7/2010] 4

C =
L7

26/7/2012) LI

1]
K
v,

P
{:-

/T .
18/7/2013 &
237672005]
29/8/1996
_]*-‘

." And

24/4/1999 s

AR
-

Canterbury-
Christchurch
2010-2011
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Correct classification: 88%
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TPR

Results — ROC diagrams
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Precision

Results — Precision-Recall diagrams
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Conclusions

Application of NESTORE to NZ seismicity to forecast type A clusters

e Dataset issues:

o small dataset
o classes imbalance

o skewed distribution

NESTORE solutions:

o one-node decision tree statistically selected
o new approach for outlier removal: REPENESE

Chronological training-testing division (2014-2025): 100% correct classification

k-fold cross validation (average) at 12h:

o 88% correct classification
o TPR=0.77, FPR=0.08, PRE=0.76
o performances influenced by large number of outliers and outliers distribution within each fold

Canterbury-Christchurch 2010-2011 sequence correctly classified as Type A
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Thank you for your attention!

|caravella@ogs.it

Caravella, L., & Gentili, S. (2026). Machine Learning Forecasting of
Strong Subsequent Events in New Zealand Using the NESTORE

Algorithm. Forecasting, 8(1), 16.
https://doi.org/10.3390/forecast8010016
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Training module — Classifier(feature) quality

How “good” is the feature? Informedness before Ti selection Informedness after Ti selection
At each Ti, NESTORE estimates the performances ol m RN
by a LOO method and selects “good intervals” | i [
In WhICh: . - DZ: . - :9_02_ igmum ]
e Accuracy, Precision, and Recall > 0.5; L Ly Qe
. + Lcum?2
« Accuracy >=the one obtained by the 1 os -
-0.8f 1 0.8} —F—w l
constant response B; T T et
e Informedness > 0. ST e ST

How “good” is the threshold?

The Gini gain helps in understanding how much the threshold affects the classification of the positive class (type A),
i.e. how much the classes are mixed (Gini impurity) before and after the threshold application.

NB: This parameter at the moment is not used to select the features but only for quality evaluation.
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About the results — Outliers distribution

« Anomalous clusters are generally well separated in both space and time
e most occurred before 2012
« possible interpretation: outliers associated with catalogue inaccuracies between 1988-2011

We assume anomalous clusters
1.occur randomly and independently,
2. have a constant probability over time
3. do not influence one another.

The occurrence of anomalous clusters can be described by a Poisson distribution
« null hypothesis HO (outliers timing due to chance) vs (hypothesis H1 independent causes)

1988-2011: 24y, 4 outliers annual mean: 0.17 outliers/year
2012-2025: 13.37y, 1 outlier W= 2.23 outliers in 13.39
wer
Probability of having x=1 outlier: P(X = x) = o e * =0.24 hypothesis HO can’t be rejected at 5% level

i.e. occurrence of outliers statistically compatible with the
observed results.
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