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Introduction14

Section S1 presents the data used in this study. It is subdivided into two subsection15

to cover both geodetic and seismic data.16

Section S2 presents an automatic SSE detection algorithm, used to visualize the17

segmentation of the Cascadia subduction zone.18

Section S3 offers a description of the physical intuition behind the modelling19

strategy.20
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Section S4 introduces the various forecasting models, both deterministic and21

probabilistic.22

In section S5 we describe the evaluation metrics.23

This files contains 5 Figures, 11 Tables, and the description of the Movie S1.24
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S1 Data25

S1.1 Geodetic data26

The geodetic input data is the slip potency with respect to the long-term loading (P )27

as described in [1]. Here we refer to it as slip potency, implying that it is the slip28

potency derived from detrended time series, i.e. referring to variations with respect to29

the long-term trend. For every patch j and time n, the slip potency Pjn is equal to30

Ajδjn, where Aj is the slipping area for the patch j that slipped an amount δjn at31

time n with respect to the long-term value. Under the assumption of constant shear32

modulus µ, Pjn is proportional to the seismic moment associated with the patch j.33

The seismic moment is logarithmically related to the equivalent moment magnitude,34

and is a standard quantity to effectively measure the size of a slipping event [2, 3]. δjn35

is already the result of several processing assumptions, and it is derived from GNSS36

position time series. The most relevant information and assumptions are the following:37

• The GNSS position time series from EarthScope (https://www.earthscope.org)38

include both final and rapid solutions, with data available up to 2 days before the39

current date.40

• The time series are detrended and corrected for instrumental and co-seismic offsets.41

The removal of a linear trend implies that the displacements are relative to the42

long-term motion.43

• The dataset is decomposed in independent components (ICs), and those relative to44

SSEs are automatically selected analyzing both their spatial distribution and the45

power spectrum of their time evolution. The number of ICs is automatically selected46

thanks to a variational Bayesian approach, and it can change from one day to the47

next depending on the input dataset.48

• The spatial distribution of the selected ICs is inverted on a triangular mesh [4] using49

a half-space elastic solution [5] to find the corresponding pattern on the fault. The50
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regularization parameter is automatically selected via a leave-one-out procedure [6,51

7].52

• The spatial distributions on the fault are recombined with the corresponding53

temporal evolutions to retrieve the full slip spatio-temporal history.54

• The slip spatio-temporal history is multiplied by the area of the slipping patches to55

obtain the slip potency spatio-temporal history.56

The above procedure is repeated every day starting from 2024/08/01. This means57

that we have a collection of solutions from 2024/08/01 to two days ago, each giving a58

slip potency spatio-temporal matrix of size 2M ×Nt, where M = 3339 is the number59

of patches used to discretize the fault, and Nt is the number of observed epochs from60

2007/01/01 up to the time t at which the analysis is conducted. For each patch we61

have access to the slip potency along both strike and dip, but, since we are studying62

a subduction zone, we decide to use only the along-dip information because it is one63

order of magnitude larger and provides a higher signal-to-noise ratio. The geodetic64

input for our analyses is collected into the matrix P of size M ×Nt.65

S1.2 Seismic data66

We use two tremor catalogs. The first one spans the time period ranging from67

2005/01/09 to 2014/12/30 [8] (catalog #1). The second one is the Pacific Northwest68

Seismic Network (PNSN, https://pnsn.org) tremor catalog that starts on 2009/08/0669

and is daily updated [9, 10]. The PNSN catalog is in fact made of two catalogs. With70

the implementation of an updated detection algorithm capable of providing also esti-71

mates of the tremor magnitude, all the seismic waveforms have been reprocessed by [9]72

starting from 2017-01-01. Such an algorithm is still used today to update the catalog.73

According to [9], when processing waveforms with both algorithms, the new procedure74

produced 55% more detections than the old one. When downloading data from the75

PNSN portal, only the new version is available starting from 2017/01/01. So, we have76
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a first PNSN catalog pre-2017 (catalog #2) and a second PNSN catalog post-201777

(catalog #3).78

Since the magnitude is not provided for all the events, we cannot use the moment79

rate (or slip potency rate). From the study of post-seismic sequences, it is well known80

that the cumulative number of aftershocks after a mainshock relaxes over time like the81

afterslip, which is aseismic slip [11, 12]. It thus seems reasonable to use the number of82

tremors in one day as a proxy for the slip rate.83

We handle the difference in detection capabilities of the three catalogs as follows.84

First, we reduce each catalog i to a tremors rate spatio-temporal matrix Ri, with the85

same number of spatial features as the number of patches M , and number of time-86

stamps equal to the total number of days spanned by the catalog. We merge the three87

catalogs and use catalog #1 until 2009/08/06, corresponding to the first date for which88

catalog #2 is available. We adjust the tremors rate Ri multiplying it by a factor γi.89

This factor is equal to 1 for catalog #3, which is the most recent and complete and90

is thus used as a reference. A direct comparison of the two PNSN catalogs shows no91

differences in epicentral density [9], so it seems appropriate to simply use a factor of92

γ2 = 1.55 to account for the 55% extra detections of the new catalog. The factor γ1 is93

estimated comparing the tremor activities of the catalogs #1 and #2 for the period94

where both are available. We find the patches and times for which both catalogs have95

detections and calculate the ratio between the number of events of the catalog #2 and96

the number of events of the catalog #1. This allows us to refer catalog #1 to catalog97

#2. We then multiply this ratio by γ2 = 1.55 to refer catalog #1 to the reference98

catalog #3. We obtain a value of γ1 = 5.7. We finally multiply the tremors rate (which99

we assumed to be proportional to the slip rate) by the area over which the tremors100

occurred to get a quantity proportional to the slip potency rate. We collect these101

values in a matrix R of size M × Nt, and for brevity we refer to it as tremors rate102

even if it has been multiplied by an area.103
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From Figures 1c, 1e, and 1g we see that the catalog #1 does not have a detection104

capability comparable to the other catalogs. This may limit our capabilities of finding105

good seismo-geodetic analogs (see Section S4.3) for the period spanned by catalog #1.106

A uniformly derived high-quality catalog would certainly be beneficial.107

S2 Automatic SSEs catalog108

To identify the most active segments of the Cascadia subduction, we implement an109

automatic SSEs detection algorithm to build an SSE catalog. From this catalog, we110

evaluate the moment released by each patch during an SSE, and thus the total moment111

released over all experienced SSEs (Figure 1a).112

The procedure goes as follows. We use three parameters to define an active113

patch: two time-windows w and d, and an activation threshold ∆Pthreshold. At a114

given time index n, we define a patch j as active if the average in the window115

w before n is significantly lower than the average in the window w after a time116

d. In practice, given the vector pjn = [Pj n−w+1, . . . , Pjn] we calculate its mean117

µ
(1)
j (n) and standard deviation σ

(1)
j (n), where the superscript (1) indicates that these118

quantities refer to the first window w, the subscript j indicates the patch of inter-119

est, and n is the time index of reference. We calculate the same quantities for the120

vector pj n+d+w = [Pj n+d+1, . . . , Pj n+d+w], and call them µ
(2)
j (n) and σ

(2)
j (n). If121

µ
(2)
j (n)− 3σ

(2)
j (n) > µ

(1)
j (n) + 3σ

(1)
j (n), the patch is active at the time index n. This122

provides a Boolean spatio-temporal matrix A of active patches. We then create a graph123

to connect adjacent patches and use it to define SSEs. If a patch becomes active at124

the time index n, we open an SSE instance that collects all patches that are active at125

that time and that are adjacent to each other. If any of these adjacent patches was126

already active, this is the continuation of an ongoing SSE. If none of the adjacent127

patches was active, this is a marked as a new SSE. At a given time index, we can have128

multiple SSEs active if they are disjoint. If there are common patches between an SSE129
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at time n + 1 and an SSE at time n, we keep the SSE active, otherwise we flag it as130

terminated. This procedure so far provides a list of potential SSEs and gives tenta-131

tive start and end time indices for each patch j in the SSE i. We indicate them with132

ñ
(i) start
j and ñ

(i) end
j , respectively. We further introduce a threshold criterion because133

we may get several false detections. If during the period marked as active at least134

one patch of those belonging to the SSE experienced a maximum variation in slip135

potency larger than or equal to ∆Pthreshold = 5 × 106 m3 the SSE is kept, otherwise136

the SSE is discarded. This threshold corresponds to a magnitude of ≈ 5.4 associated137

with a single patch and allows us to remove spurious or very small and likely noisy138

events. To better evaluate the start of the event, for each active patch we search for139

the minimum of the slip potency in the window
[
ñ
(i) start
j − w + 1, ñ

(i) start
j

]
. For the140

end of the event, we pick the time where the slip potency is maximum in the window141 [
ñ
(i) end
j , ñ

(i) end
j + d+ w

]
. We now have a collection of proposed SSEs. To account for142

the possible coalescence of SSEs, we merge two SSEs if they share at least one patch143

at a given time for which they are active.144

The whole procedure is repeated “backward” in time. In fact, the active times in145

the matrix A refer to the end of the first w window, and this may introduce a bias in146

the start and end times. We thus repeat the procedure, but we flip the time series left-147

right (to move backward in time) and up-down (so that we can still use the criterion148

µ
(2)
j (n)−3σ

(2)
j (n) > µ

(1)
j (n)+3σ

(1)
j (n) to determine the significance in the slip potency149

difference between two time windows w).150

We finally combine the two lists of SSEs obtained with the forward and backward151

analyses. In this step, we take all the events that are uniquely in the forward and152

backward catalogs, plus we merge all the events that are shared between the two153

catalogs.154

Figure 1 shows the cumulative moment released by a given patch when summing155

up the contributions from all the SSEs to which it participated between 2007/01/01156
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and the first available date in the prospective experiment, namely 2024/08/01. This157

allows us to get a segmentation for further analyses.158

S3 Physical intuition159

The fault portion experiencing SSEs shows a clear along-strike segmentation, with a160

Northern segment (between 47°N and 49°N) slipping more frequently than the central161

segment (between 44°N and 47°N) [1, 13, 14]. This difference in returning period may162

be due to the higher loading rate in the Northern portion and to the geometrical con-163

figuration of the megathrust, with a clear change in strike at about 47°N. Despite the164

lower convergence rate, the Southern segment (between 41°N and 44°N) is character-165

ized by more frequent events, but they are smaller and close to the noise level, possibly166

because frictional properties of the fault interface do not allow high concentration of167

stresses along this portion of the fault. We further notice that SSEs occur at a depth168

range of approximately 30-45 km [15]. These observations lead us to the segmentation169

proposed in Figure 1. See Section S2 for more details about the automatic detection170

of SSEs and the calculation of the total slip reported in Figure 1.171

As a first approximation, we can imagine that each slipping segment is a spring-172

slider, connected to the other sliders and loaded by the long-term tectonic motion.173

Concatenated spring-sliders form a so-called Burridge-Knopoff (BK) model [16]. In the174

simplest case, with a simple velocity weakening friction law [17], the variables needed175

to fully characterize the state of the system are the slip with respect to the steady176

loading and the slip velocity of each block. We can multiply the slip and slip velocity177

by the corresponding slipping area to get the slip potency and slip potency rate [3],178

which are directly proportional to the seismic moment and moment rate in the case179

of constant shear modulus.180

We do have the slip potency, but unfortunately, we do not have direct access to181

the slip potency rate. The slip potency derived from geodesy is too noisy to take182
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a reliable time derivative, and causal filtering would introduce time delays in the183

signal, detrimental for real-time applications. We exploit the fact that the cumulative184

number of events often correlates with the observed geodetic deformation [11, 12] (see185

also Section S1.2), and take the tremors rate as a proxy for the slip rate. We then186

multiply the tremors rate by the area over which the tremors occurred to get a quantity187

proportional to the slip potency rate.188

[17] showed that a system made of two sliders coupled with a spring and governed189

by a velocity weakening friction law can undergo chaotic behavior, and hints of chaos190

have been detected for the Cascadia SSEs system [2]. The simple spring-slider model191

is to seismology as the Lorenz63 model is to atmospheric science [18]. And as natural192

occurring analogs can be used in atmospheric science to make weather forecasts [19]193

and study the characteristic patterns associated with extreme events [20], we start194

having a sufficient number of SSE cycles to apply similar methods to the study of fault195

frictional failure. Naturally occurring analogs are past states that are similar to the196

current state of the system, and in our case the state of the system is determined by197

the slip potency and the proxy of the slip potency rate derived from the tremors rate.198

S4 Forecasting models199

S4.1 Deterministic forecasting models200

• Persistence: The future is equal to the last observed value, i.e., P̂
(t)
j (h) = P

(t)
jNt

201

and ∆M̂0 jt(h) = 0.202

• Expectance: We collect all time windows of length h in the past observations and203

we take their average to get the expected evolution of the next time window of length204

h. This gives a value around 0 as expected, since we are using detrended data. This205

can be seen as a climatological model in atmospheric science, where the expected206

value is the average of past observations. Since we do not have a well defined period207

or season, we simply take the expected value of past observations.208
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• Persistent rate: The future is obtained as an extrapolation of the best linear fit209

performed over the past 7 days, with the idea of trying to capture the onset of a210

rupture: P̂
(t)
j (h) = P

(t)
jNt

+ hṖ
(t)
j Nt−7:Nt

where Ṗ
(t)
j Nt−7:Nt

indicates the slope of the211

best linear fit for patch j in the time window [Nt − 7, Nt].212

• Auto-Regressive (AR): We exploit the fact that the slip potency is obtained via213

an independent component (IC) analysis and fit the best AR model to the inverted214

ICs. The optimal order of the AR model is automatically selected via the corrected215

Akaike Information Criterion, and the maximum order is set to 21, i.e. we use216

maximum the past 3 weeks of data. We use the Julia implementation in the package217

StateSpaceModels.jl [21].218

S4.2 Probabilistic forecasting model219

We implement a Brownian Passage Time (BPT) model [22]. It is derived from the220

Brownian oscillator: a 1-dimensional stochastic differential equation with constant221

loading rate perturbed by a Wiener process. When the state of the system (in this222

case representative of the stress on the fault) hits a fixed failure value, the state drops223

to a fixed ground level. With no perturbations, the state is represented by a periodic224

saw-tooth pattern. The higher the perturbation, the higher the aperiodicity, typically225

measured via the coefficient of variation α. This is defined as the ratio between the226

standard deviation (σBPT) and the average (µBPT) of the recurrence time Trecurrence.227

The recurrence time is defined as the time elapsed from a drop in the state (i.e., an228

event) to the next. For every segment, we define an occurrence of an event as a moment229

in time for which in the next h days the segment released a magnitude larger than230

M̃w. Once an event time is detected, the search for the next event skips the following231

w = 90 days, meaning that we accept only recurrence times larger than w. This seems232

a reasonable assumption, given that the returning time of SSEs in Cascadia has been233

previously identified between 8 and 22 months [14], and it allows us to keep just the234

onset of a failure.235
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For every day t for which a solution is available, we estimate the recurrence time236

for each segment for a set of threshold magnitudes M̃w ranging from 6.0 to 6.5, equally237

spaced every 0.1 points of magnitude. This means that, with the new information238

coming in at time t, we reevaluate the recurrence time and adjust the corresponding239

mean and coefficient of variation. We finally calculate the elapsed time since the last240

event larger than M̃w and we refer to it with the symbol τBPT.241

The cumulative distribution function of the inverse Gaussian distribution242

f(x;µBPT, λBPT) with mean µBPT and shape parameter λBPT = µBPT/α
2 gives the243

probability that failure will have occurred by the time τBPT:244

Prob(Tfailure ≤ τBPT) = F (τBPT) =

∫ τBPT

0

f(x;µBPT, λBPT)dx (S1)245

We can use the information that failure did not occur until now, i.e. in the time246

τBPT after the last event, to estimate the conditional probability of having a failure247

in the next h time span:248

Prob(Tfailure ≤ τBPT + h|Tfailure > τBPT) =
F (τBPT + h)− F (τBPT)

1− F (τBPT)
(S2)249

Since we have µBPT, λBPT, τBPT, and h, we can calculate this probability, which250

will constitute the baseline for our probabilistic forecast assessment.251

S4.3 Naturally occurring analogs (NOA) forecasting models252

To define naturally occurring analogs we need to declare which observables we use to253

characterize the state of the system. Inspired by the ideas delineated in the Section S3,254

we test four different cases:255

• Global geodesy (abbreviation: gl g): We search for analogs of P over the whole256

fault, with similar states (i.e., analogs) defined as those points during the past such257

that their Euclidean distance from the last column of P is in the bottom 1%.258
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• Global seismo-geodesy (abbreviation: gl sg): As for the global geodesy case,259

but now we search for small distances with respect to the vector made of both the260

normalized slip potency and the normalized tremor rate times area at time Nt. For261

each dataset, we use a min-max normalization approach for each patch.262

• Segmented geodesy (abbreviation: seg g): Given the 30 segments263

(Figure 1 and Section S3), for each segment i we search for analogs of264 [
PA−1

i Nt
, PAi Nt , PA+1

i Nt

]T
, where A−1

i and A+1
i indicate the areas of the along-265

strike neighbor segments. If the segment i is at the extreme North or South, i.e. it266

does have only one neighbor along-strike, we reduce the vector to 2-dimension.267

• Segmented seismo-geodesy (abbreviation: seg sg): As268

for the segmented geodesy case, but we search for analogs of269 [
P̃A−1

i Nt
, P̃Ai Nt , P̃A+1

i Nt
, R̃A−1

i Nt
, R̃Ai Nt , R̃A+1

i Nt

]T
, where P̃ and R̃ indicate270

the normalized slip potency and tremors rate times area. Time series associated271

with each segment are individually normalized using a min-max normalization.272

The only hyper-parameter involved is the number of analogs to retain. We set it273

to 1% of Nt, a value already successfully used in various geophysical contexts when274

searching for analogs in daily data to study extreme events with recurrence times of275

similar duration as the ones considered here [2, 23]. To avoid using highly correlated276

recent states, we automatically select a Theiler window via the first zero of the auto-277

correlation function [24]. Compared to an AR approach, we have the advantage that278

we can look as far back as data allows, so that we have recent information via the279

present state and past information via the analogs at a sufficient distance back in time280

to avoid recent high correlations.281

S5 Evaluation metrics282

For deterministic forecasts, we use the Mean Absolute Error (MAE) between283

∆M̂0 At(h) and ∆M0 At(h), with t = 1, . . . , T − h. We also split the times t =284
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1, . . . , T − h into active and inactive periods, to evaluate the performance separately.285

An active time is defined as a day such that ∆M0 A(h) > M̃0, where M̃0 is a threshold286

moment corresponding to a desired threshold magnitude M̃w. This allows us to also287

evaluate the confusion matrix and associated quantities like precision, recall, accu-288

racy, and F1-score. For a given segment, the confusion matrix depends on the decided289

moment threshold M̃0 and on the forecasting horizon h. A day is a true positive if290

both ∆M0 A(h) > M̃0 and ∆M̂0 A(h) > M̃0, a true negative if ∆M0 A(h) ≤ M̃0 and291

∆M̂0 A(h) ≤ M̃0, a false positive if ∆M0 A(h) ≤ M̃0 and ∆M̂0 A(h) > M̃0, and a292

false negative if ∆M0 A(h) > M̃0 and ∆M̂0 A(h) ≤ M̃0. We recognize that there is293

a severe class imbalance, with many inactive times and few active times. This may294

lead to artificially high accuracy values. For example, for the Northern segment and295

M̃w = 6.3 we find an accuracy larger than 90% for all tested forecasting horizons and296

for all models except the persistent rate one. This shows that even the persistence297

model, which gives no alarms at all, can get a very high accuracy, simply because of298

the large proportion of inactive times.299

Furthermore, according to this definition of active and inactive times, we will have300

multiple days in a row labelled as active, even if the SSE is still the same and is301

unraveling over several weeks. This may lead to artificially low recall values. Taking302

once again the Northern segment and M̃w = 6.3, we find that the expectation model303

is the one with the highest recall, with a maximum value of 32% for h = 21 days.304

Among the non-trivial models, the segmented seismo-geodesy one obtains the highest305

recall, with values ranging between 6.2% to 21%. We realize that these small values306

are artificially low because of our definition of active times. Since we have only two307

SSEs in the tested period, remembering that the recall is given by the ratio between308

the number of retrieved events over the total number of events, we should expect only309

recall values of 0%, 50% or 100%. Having a value of 21% does not mean that we identify310

only about 1 SSE every 5. In fact, both events have been correctly identified at all311
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forecasting horizons, as shown in Figure 4. But not all active times have been correctly312

identified (only about one in five active times in the best case). A more appropriate313

estimation of the goodness of a model can be obtained with probabilistic forecasts,314

and not just binary evaluations of the presence or absence of an event. Since we also315

have an ensemble forecast via the analogs approach, we can estimate the probability316

of having a certain slip potency in the future (see Movie S1), or the probability of317

having a magnitude larger than a certain desired alarm threshold in the next h days318

(Figure 4). To evaluate the goodness of a probabilistic forecast, we use the Brier score319

for various levels of alarm magnitude threshold.320

We evaluate the skill score of every model against a baseline model. We define the321

skill score (SS) as:322

SSmetric(model, ref) = 1− metric(model)

metric(ref)
(S3)323

where metric is MAE for deterministic models and Brier for probabilistic models,324

model is one of the forecasting methods listed before (see Section S4), and ref is the325

specific reference model to compare the tested model against.326

S6 Figures327
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Fig. S1 As Figure 3 for the active and inactive times, but for M̃w = 6.0 (panels a-d) and M̃w = 6.1
(panels e-h).
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Fig. S2 As Figure 3 for the active and inactive times, but for M̃w = 6.2 (panels a-d) and M̃w = 6.4
(panels e-h).
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Fig. S3 As Figure 3, but for the central segment and for M̃w = 6.2 because for h = 7 days and
h = 14 days there were no active days when using M̃w ≥ 6.3.
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Fig. S4 As Figure 3, but for the Southern segment and with M̃w = 6.0 because there were no active
dates with M̃w > 6.0 for all tested forecasting horizons but h = 21 days.
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Fig. S5 As Figure 2a but showing the forecasted moment in the next h days using the neighbor that
provides the maximum moment released in the specified forecasting horizon. Differently from Figure
2a, we show all tested forecasting horizons.
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S7 Tables328

Table S1 MAE skill score of each model vs. the persistence and expectation models for the Northern
segment for various forecasted horizons. Non-negative skill scores are highlighted in bold, and for each
forecasted horizon the value of the best performing model is underlined.

Northern segment
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - 47% 34% 22% 12% 14%
Expectation -90% -51% -28% -13% -16% - - - - -

Persistent rate -140% -140% -140% -160% -210% -26% -58% -90% -130% -170%
AR 4.5% 5.0% 9.3% 15% 15% 50% 37% 29% 25% 27%

NOA gl g -3.3% 3.6% 7.3% 16% 18% 46% 36% 27% 26% 29%
NOA gl sg -9.6% 1.3% 6.8% 14% 16% 42% 35% 27% 24% 28%
NOA seg g 0.65% 6.9% 9.5% 17% 20% 48% 38% 29% 27% 31%
NOA seg sg 1.7% 9.9% 15% 18% 15% 48% 40% 33% 28% 27%

Table S2 MAE skill score of each model vs. the persistence and expectation models for the Northern

segment for various forecasted horizons for active times, defined using M̃w = 6.3. Non-negative skill
scores are highlighted in bold, and for each forecasted horizon the value of the best performing model is
underlined.

Northern segment

active times (i.e., t | ∆M0 At > M̃0, with M̃0 such that M̃w = 6.3)
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - -54% -66% -54% -53% -56%
Expectation 35% 40% 35% 35% 36% - - - - -

Persistent rate -46% -25% -22% -25% -37% -120% -110% -87% -92% -110%
AR -1.7% 2.0% 5.1% 7.0% 10% -57% -63% -46% -43% -40%

NOA gl g 8.7% 16% 15% 19% 19% -41% -39% -30% -24% -26%
NOA gl sg 13% 17% 16% 18% 18% -34% -38% -30% -26% -28%
NOA seg g 6.8% 8.6% 11% 14% 17% -44% -52% -37% -32% -30%
NOA seg sg 37% 29% 26% 26% 19% 2.5% -17% -14% -14% -26%
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Table S3 MAE skill score of each model vs. the persistence and expectation models for the Northern

segment for various forecasted horizons for inactive times, defined using M̃w = 6.3. Non-negative skill scores
are highlighted in bold, and for each forecasted horizon the value of the best performing model is underlined.

Northern segment

inactive times (i.e., t | ∆M0 At ≤ M̃0, with M̃0 such that M̃w = 6.3)
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - 53% 47% 37% 31% 31%
Expectation -110% -89% -58% -44% -46% - - - - -

Persistent rate -160% -190% -200% -240% -310% -20% -51% -90% -130% -180%
AR 5.7% 6.2% 11% 19% 18% 56% 50% 44% 44% 43%

NOA gl g -5.5% -1.7% 3.3% 14% 17% 50% 46% 39% 40% 43%
NOA gl sg -14% -5.2% 2.5% 12% 15% 47% 44% 38% 39% 42%
NOA seg g -0.49% 6.2% 9.0% 19% 22% 53% 50% 43% 44% 46%
NOA seg sg -4.7% 1.9% 9.1% 13% 13% 51% 48% 43% 40% 41%

Table S4 Brier skill score of each model vs. the BPT model for the Northern segment for various forecasted

horizons for two threshold magnitudes, M̃w = 6.1 and M̃w = 6.2. Non-negative skill scores are highlighted in
bold, and for each forecasted horizon the value of the best performing model is underlined.

Northern segment

SSBrier(model, BPT) for M̃w = 6.1 SSBrier(model, BPT) for M̃w = 6.2
Model h (days) h (days)

7 14 21 28 35 7 14 21 28 35
Persistence 14% 14% 18% 21% 31% 4.6% 3% 2.6% -0.7% 8.6%
Expectation -98% -46% -2.1% 5.1% 9.4% -70% -28% -20% 3.2% 2.7%

Persistent rate -260% -240% -170% -180% -180% -360% -260% -240% -250% -300%
AR 14% 14% 18% 23% 33% 4.6% 3% 2.6% -0.7% 8.6%

NOA gl g 19% 31% 34% 41% 44% 9.1% 19% 20% 24% 26%
NOA gl sg 14% 28% 33% 38% 42% 9.7% 18% 18% 20% 22%
NOA seg g 20% 26% 30% 40% 48% 7.9% 13% 18% 20% 29%
NOA seg sg 34% 37% 44% 46% 42% 30% 31% 37% 31% 23%

Table S5 As Table S4, but for threshold magnitudes M̃w = 6.3 and M̃w = 6.4.

Northern segment

SSBrier(model, BPT) for M̃w = 6.3 SSBrier(model, BPT) for M̃w = 6.4
Model h (days) h (days)

7 14 21 28 35 7 14 21 28 35
Persistence -17% -42% -29% -21% -25% -20% -2.4% -12% -11% -29%
Expectation -39% -18% 5.3% 16% -1.4% -160% 3.3% 0.00% 10% -9.8%

Persistent rate -460% -390% -300% -270% -420% -440% -200% -200% -180% -320%
AR -17% -42% -29% -21% -25% -20% -2.4% -12% -11% -29%

NOA gl g -13% -22% -7.4% 7.7% -2.0% -21% 8% 3.2% 13% -5.3%
NOA gl sg -10% -25% -11% 2.0% -12% -21% 4.6% 1.2% 7.9% -13%
NOA seg g -15% -28% -8.5% 3.0% 1.9% -20% 4.8% 4.3% 12% -1.4%
NOA seg sg 18% 0.75% 13% 17% -9.4% 3.7% 17% 20% 21% -7.4%
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Table S6 As Table S1, but for the central segment and with active times defined using M̃w = 6.2.

Central segment
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - 39% 32% 25% 16% 1.9%
Expectation -65% -47% -34% -19% -1.9% - - - - -

Persistent rate -110% -130% -150% -170% -180% -29% -54% -88% -130% -170%
AR 2.6% 4.0% 4.6% 6.2% 9.6% 41% 35% 29% 21% 11%

NOA gl g -15% -8.4% -4.5% 2.1% 5.6% 30% 26% 22% 18% 7.4%
NOA gl sg -23% -11% -7.3% 1.8% 6.6% 25% 25% 20% 17% 8.3%
NOA seg g -4.8% -0.97% -1.1% 3.3% 7.4% 36% 31% 25% 19% 9.1%
NOA seg sg -15% -8.3% -3.1% 1.2% 8.2% 30% 26% 23% 17% 9.9%

Table S7 As Table S2, but for the central segment and with active times defined using M̃w = 6.2.

Central segment

active times (i.e., t | ∆M0 At > M̃0, with M̃0 such that M̃w = 6.2)
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - -420% -26% -36% -49% -44%
Expectation 81% 21% 27% 33% 31% - - - - -

Persistent rate -74% -1.5% -6% -15% -20% -800% -28% -44% -72% -72%
AR 4.8% -4.2% 2.2% 5.1% 6.1% -400% -31% -33% -41% -35%

NOA gl g 10% 9.0% 9.6% 10% 14% -370% -15% -23% -34% -23%
NOA gl sg 38% 35% 39% 33% 29% -220% 18% 16% -0.23% -2.3%
NOA seg g 9.7% 11% 10% 14% 16% -370% -13% -23% -28% -21%
NOA seg sg 6.4% 10% 21% 24% 25% -390% -13% -8.3% -13% -7.6%

Table S8 As Table S3, but for the central segment and with inactive times defined using M̃w = 6.2.

Central segment

inactive times (i.e., t | ∆M0 At ≤ M̃0, with M̃0 such that M̃w = 6.2)
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - 40% 33% 29% 23% 8.8%
Expectation -66% -50% -40% -30% -9.7% - - - - -

Persistent rate -110% -130% -170% -200% -220% -29% -55% -90% -130% -190%
AR 2.5% 4.3% 4.8% 6.5% 10% 41% 36% 32% 28% 18%

NOA gl g -16% -9.1% -5.9% 0.21% 3.5% 30% 27% 25% 23% 12%
NOA gl sg -24% -13% -12% -5.1% 1.2% 25% 25% 20% 19% 9.9%
NOA seg g -4.9% -1.4% -2.2% 0.81% 5.3% 37% 32% 27% 24% 14%
NOA seg sg -15% -9.0% -5.5% -3.9% 4.1% 31% 27% 25% 20% 13%
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Table S9 As Table S1, but for the Southern segment and with active times defined using M̃w = 6.0.

Southern segment
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - 33% 25% 21% 20% 14%
Expectation -49% -34% -27% -26% -16% - - - - -

Persistent rate -98% -130% -170% -220% -260% -33% -69% -110% -160% -210%
AR 11% 12% 11% 9.6% 12% 40% 34% 30% 28% 24%

NOA gl g -22% -12% -11% -10% -7.1% 18% 17% 12% 12% 8%
NOA gl sg -33% -21% -18% -19% -14% 11% 9.5% 6.6% 5.5% 2.3%
NOA seg g -1.3% 2.2% 2.3% 3.1% 3.4% 32% 27% 23% 23% 17%
NOA seg sg -3.5% 1.1% 1.4% 0.18% 2.0% 31% 26% 22% 21% 16%

Table S10 As Table S2, but for the Southern segment and with active times defined using M̃w = 6.0.

Southern segment

active times (i.e., t | ∆M0 At > M̃0, with M̃0 such that M̃w = 6.0)
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - -170% -270% -530% -500% -710%
Expectation 63% 73% 84% 83% 88% - - - - -

Persistent rate -68% -66% -120% -59% -33% -360% -510% -1300% -860% -970%
AR 43% 71% 35% 23% 43% -55% -8.2% -310% -360% -360%

NOA gl g 61% 65% 71% 70% 64% -6.0% -28% -84% -78% -190%
NOA gl sg 67% 56% 73% 80% 84% 9.9% -60% -70% -23% -26%
NOA seg g 48% 29% 62% 65% 82% -41% -160% -140% -110% -48%
NOA seg sg 47% 30% 70% 72% 81% -45% -160% -91% -70% -53%

Table S11 As Table S3, but for the Southern segment and with inactive times defined using M̃w = 6.0.

Southern segment

inactive times (i.e., t | ∆M0 At ≤ M̃0, with M̃0 such that M̃w = 6.0)
SSMAE(model, persistence) SSMAE(model, expectation)

Model h (days) h (days)
7 14 21 28 35 7 14 21 28 35

Persistence - - - - - 35% 26% 24% 21% 15%
Expectation -53% -35% -31% -27% -18% - - - - -

Persistent rate -99% -130% -170% -230% -270% -30% -69% -110% -160% -210%
AR 10% 11% 11% 9.5% 11% 41% 34% 32% 29% 25%

NOA gl g -24% -12% -14% -11% -8.0% 19% 17% 13% 12% 8.2%
NOA gl sg -36% -22% -22% -20% -15% 11% 9.6% 7.0% 5.5% 2.3%
NOA seg g -3.0% 2.0% 0.13% 2.6% 2.4% 33% 27% 24% 23% 17%
NOA seg sg -5.2% 0.94% -1.0% 0.41% 1.0% 31% 26% 23% 21% 16%
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S8 Movie329

Observed vs. forecasted slip potency in the next h = 21 days for the Northern segment.330

The blue dot indicates the last observed value (labelled as “present”). The black dots331

show the observed future evolution of the slip potency as per the solution retrieved 21332

days in the future. Green dots show the weighted mean of the analog-based segmented333

seismo-geodesy model. The green lines indicate the evolution of all analogs used (1%334

of Nt). The hot colormap indicates the probability to have a certain value according335

to the evolution of the analogs used.336
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