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Abstract

We introduce the Axial Seamount Eruption Forecasting Experiment (EFE), a real-time initia-
tive designed to test the predictability of volcanic eruptions through a transparent, physics-based
framework. The experiment is inspired by the Financial Bubble Experiment, adapting its principles
of digital authentication, timestamped archiving, and delayed disclosure to the field of volcanol-
ogy. The EFE implements a reproducible protocol in which each forecast is securely timestamped
and cryptographically hashed (SHA-256) before being made public. The corresponding forecast
documents, containing detailed diagnostics and probabilistic analyses, will be released after the
next eruption or, if the forecasts are proven incorrect, at a later date. This procedure ensures full
transparency while preventing premature interpretation or controversy surrounding public predic-
tions. Forecasts will be issued monthly, or more frequently if required, using real-time monitoring
data from the Ocean Observatories Initiative’s Regional Cabled Array at Axial Seamount. By
committing to publish all forecasts, successful or not, the EFE establishes a scientifically rigor-
ous, falsifiable protocol to evaluate the limits of eruption forecasting. The ultimate goal is to
transform eruption prediction into a cumulative and testable science founded on open verification,
reproducibility, and physical understanding.

1 Introduction

This document describes the Axial Seamount Eruption Forecasting Experiment (EFE), launched within
the Geohazards Crises Observatory (www.geohazards-observatory.com) to test and advance physics-
based approaches for the prediction of volcanic eruptions. The design of the EFE is inspired by, and
emulates, the Financial Bubble Experiment [1-4], which pioneered a transparent, real-world testing
framework for forecast validation in the context of financial crises. The motivation for the EFE
arises from the limitations of existing methods in operational volcano forecasting. Despite remarkable
advances in high-precision, real-time monitoring, there remains no universally accepted or reliable
framework for diagnosing and forecasting eruptions as they unfold. A prevailing view within both
academic and operational communities is that long-term eruption forecasts are generally not feasible.
An important objective in volcanology is therefore to develop physics-based models that provide a
sound scientific foundation for eruption forecasting [5].

The Eruption Forecasting Experiment (EFE) aims to rigorously test the following two hypotheses.

e Hypothesis H1: Imminent volcanic eruptions can be forecasted in real time by diagnosing
characteristic precursory patterns that reveal the system’s approach to catastrophic failure.

e Hypothesis H2: The timing of volcanic eruptions can be probabilistically forecasted with a
reliability exceeding that of chance, within well-defined confidence bounds.
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The Eruption Forecasting Experiment (EFE) is based on a physics-based failure forecast model that
has previously been applied only retrospectively to volcano monitoring datasets [6,7]. This experiment
represents the first application and testing of the model using real-time data prior to an eruption,
providing an opportunity to objectively evaluate its forecasting performance. Because retrospective
analyses are susceptible to various forms of bias—including data snooping, hindsight reinterpretation,
and post hoc model adjustment—the EFE is designed as a real-time forecasting experiment to minimise
such biases. Only forecasts that are documented and timestamped in advance of the events can provide
a truly unbiased test of predictive capability.

The EFE implements a transparent protocol for digital authentication and delayed disclosure of
forecasts. Each forecast is securely timestamped and its content cryptographically hashed using the
SHA-256 algorithm on a GNU/Linux platform. The resulting hash digests are made public immediately,
while the complete forecast documents are released only after the predicted event has occurred. This
approach ensures scientific integrity by providing verifiable proof of forecast issuance and eliminating
any possibility of retrospective modification or model adjustment, thereby establishing a rigorous basis
for evaluating predictive performance.

This project applies and extends a suite of physics-based models to diagnose critical transitions in
volcanic systems. These methods, developed and tested over the past decade in the broader context
of rupture and failure forecasting across diverse geophysical systems [6-12], are here applied to the
Axial Seamount volcano. The site provides an exceptional natural laboratory owing to its dense
instrumental network [13-16], which includes geodetic measurements of seafloor uplift and continuous
seismic monitoring that together capture the deformation and seismic activity. The combination of
rich observational datasets and advanced diagnostic tools enables a rigorous, physics-based evaluation
of volcanic eruption predictability. The EFE team is continuously developing and validating the
forecasting approaches, which will be progressively implemented and enhanced in future releases.

By publicly documenting all forecasts, whether successful or not, the EFE aims to establish a
reproducible framework for evaluating eruption predictability. Our goal is to build a transparent and
cumulative approach to volcano forecasting, grounded in physical understanding, statistical testing,
and open scientific scrutiny. While we fully intend to release all results, we will do so only after the
next eruption has occurred. This delay prevents premature speculation about the forecasts or methods
and protects the integrity of the experiment until its performance can be objectively assessed. In the
meantime, the ongoing monitoring allows us to evaluate how the model performs in real time and, if
necessary, to make carefully documented adjustments to improve its robustness before the eruption.
We also believe that presenting a complete set of forecasts together, rather than releasing them one
by one, offers a clearer picture of the overall performance of our approach. Finally, to be convincing,
the experiment must report every case—both successes and failures—so that its predictive skill can be
judged without bias.

2 Experimental Design

Our proposed protocol for the experiment is as follows:

e Forecast release schedule. We will issue forecasts on a regular schedule announced in advance
on the website of the Geohazards Crisis Observatory (www.geohazards-observatory.com). The
first release is planned for 8 November 2025. Thereafter, we aim to provide forecast updates at
least once a month, or more frequently as conditions warrant.

e Continuous monitoring and analysis. We plan to continuously analyse real-time monitoring
data from Axial Seamount, including geodetic measurements of seafloor uplift and continuous
seismicity records, from the Ocean Observatories Initiative (OOI) Regional Cabled Array (RCA),
funded by the US National Science Foundation [17]. Together, these data capture the deformation
and seismic activity associated with magmatic processes preceding eruptions.

e Forecast preparation. When a confident forecast is identified based on our diagnostic models,
we summarise the result in a dedicated document (e.g. a .pdf file) containing the key diagnostics,
model parameters, and probabilistic estimates of eruption timing.

e Digital fingerprinting. The forecast document will not be publicly released immediately.
Instead, we will compute its digital fingerprint using a modern cryptographic hash function
(SHA-256) under a GNU/Linux environment, in compliance with current recommendations by the
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National Institute of Standards and Technology. This produces a unique alphanumeric signature
for the file, such that any modification of the content would yield a different hash value, thereby
ensuring integrity verification. For long-term authenticity and proof of timing, the hash can
optionally be submitted to a trusted time-stamping authority (RFC 3161) or anchored to an
append-only public ledger (e.g. OpenTimestamps).

e Meta-document creation. We will maintain a master “meta-document” (this document),
which includes a brief description of the methods and datasets, the SHS-256 hash of each forecast
file, and the corresponding forecast issuance date. Each version of the meta-document is uploaded
to a publicly accessible archive (e.g. arXiv.org), thereby generating an independent timestamp
issued by a trusted third party. The initial version (v1) establishes the official start date of the
experiment.

e Versioned releases. As new forecasts are generated, we will update the meta-document with
the corresponding SHS-256 hashes and issuance dates, and upload it again to the same repository.
The server automatically creates version numbers (v2, v3, etc.) while preserving all previous
versions to ensure transparency. Each new version contains the cumulative list of all previous
SHS-256 hashes and publication dates.

e Final disclosure. After the forecasted event has occurred, we will publish the complete set
of forecast documents in an open-access repository (e.g. arXiv.org) and on the website of the
Geohazards Crisis Observatory (www.geohazards-observatory.com). The corresponding hash
digests will be cross-verified to demonstrate consistency with the original hashes recorded in the
meta-document. A summary of all forecasts and their outcomes will also be included in the final
release.

This rigorous protocol ensures two key principles of scientific integrity:
1. All forecasts, successful or not, will ultimately be revealed.

2. No selective reporting or modification of forecasts is possible, since each version is permanently

timestamped and publicly archived.

Once the forecast documents are made public, we will evaluate their quality and assess how the
results test the two hypotheses introduced above. This will involve developing statistical criteria to
define what constitutes a successful diagnosis of an impending eruption and a successful probabilistic
forecast of its timing. The long-term goal is to develop, test, and improve physics-based models to aid
in effective eruption forecasting.

3 Monitoring Datasets

3.1 Site description

Axial Seamount is a submarine basaltic volcano located approximately 500 km offshore Oregon,
USA [16]. It has experienced three eruptive episodes over the past three decades, in 1998, 2011,
and 2015. The volcano has been continuously monitored by a network of seafloor instruments [14],
and since 2014 by the OOI-RCA, which includes bottom pressure recorders, tiltmeters, and seismome-
ters [17] (see Fig. 1). This unique geophysical dataset provides an unprecedented opportunity to
investigate pre-eruptive unrest processes and to test quantitative models for eruption forecasting. The
2015 eruption was previously anticipated about seven months in advance, within a one-year window,
based on pattern recognition in the geodetic time series [14]. This forecast was formulated empiri-
cally from the observed inflation pattern rather than derived from a physics-based model. However,
subsequent applications of this technique have not produced reliable forecasts due to variable inflation
rates [18], highlighting the need for physics-based forecasting frameworks [19]. Within the current
EFE project, we aim to perform ex-ante prospective forecasting of the next eruption of this volcano
using our new physics-based failure forecast model with the continuous monitoring datasets of seafloor
uplift and seismicity. All datasets in this version include observations updated to 4 November 2025.

3.2 Seafloor uplift data

Seafloor uplift measurements at Axial Seamount are obtained in real time from a network of four
high-precision bottom pressure recorders (BPRs) deployed in and around the caldera [16]. The cabled
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Figure 1: Bathymetric map of the summit caldera of Axial Seamount showing the network of cabled bottom
pressure recorders (BPRs; red circles) and seismometers (black squares) installed as part of the Ocean Obser-
vatories Initiative (OOI) Regional Cabled Array (RCA).



instruments record absolute pressure at a rate of 1 Hz. The raw pressure data are converted to
depth and then de-tided using harmonic tide models. The drift of the OOI-RCA pressure sensors is
constrained to less than 0.5 cm yr~!, based on comparisons with self-calibrating BPR instruments and
remotely operated vehicle-based relative pressure measurements referenced to a stable site [16,20-22].
To suppress oceanographic noise (with amplitudes of about £5 cm), differential BPR records are also
computed by subtracting measurements at a reference station located outside the caldera (MJO3E in
Fig. 1) from the station at the center of the caldera (MJO3F in Fig. 1), reducing the residual noise to
about 1 cm and better isolating the true geophysical signal of volcanic inflation and deflation [16]. Tt
is important to note, however, that the differential BPR data is relative (MJO3F relative to MJO3E),
and it likely includes some (small) component of slip across the seismically active eastern caldera fault.
Fig. 2 shows the temporal evolution of seafloor displacement inferred from the single-station BPR
record at the centre of the caldera and from differential BPR measurements.
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Figure 2: Seafloor uplift measurements at Axial Seamount were obtained from the OOI-RCA bottom pressure
recorder (BPR) data repository [14,16]. (a) Time series recorded by the bottom pressure recorder (BPR) at
the caldera centre (MJO3F in Fig. 1). (b) Differential BPR data derived by subtracting measurements at the
reference site east of the caldera (MJO3E in Fig. 1) from those at the caldera centre (MJO3F). The major offset
on the left side of the plots is the deflation that occurred during the 2015 eruption.

3.3 Seismicity data

Seismic data are recorded by the OOI-RCA at Axial Seamount [15]. Earthquake detection is performed
automatically using a short-term/long-term root-mean-square trigger algorithm applied to traces high-
pass filtered at 4 Hz. Triggered signals from at least eight channels across four stations are grouped into
a single event within a 1.5 s window to ensure robust multi-station detections. Automated classifiers
exclude fin-whale calls and (co-eruption) seafloor explosions based on spectral ratios and waveform en-
velope correlations. P- and S-phase arrivals are refined using polarisation criteria and a kurtosis-based
picker, and events are initially located with HYPOINVERSE (Klein, 2022) using a one-dimensional
velocity model derived from caldera tomography. The formal absolute location uncertainties are typi-
cally ~0.2 km horizontally and ~0.3 km vertically.

For each event, P- and S-wave seismic moments M, were estimated from phase amplitudes following
established techniques for marine microearthquakes, and the moment magnitude M, was computed
as [23]:

2
M, = 3 log,o Mo — 10.7, (1)

where M is in dyne-cm. Moment magnitudes range from —1.7 to 3.4, with an average of 0.2. The
catalogue magnitude is calculated as the median of the seismic moments measured across all con-
tributing stations, ensuring consistent scaling among events. The magnitude of completeness M. is
estimated to be 0.05 based on the maximum curvature method applied to the Gutenberg-Richter



frequency-magnitude distribution [24]. Fig. 3a shows the magnitude-time sequence of earthquakes at
Axial Seamount after the 2015 eruption.
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Figure 3: Seismic measurements at Axial Seamount from the OOI-RCA Earthquake Catalogue [15,25]. (a)
Magnitude-time sequence of earthquakes at Axial Seamount; the red line indicates the completeness magnitude
of the catalogue. (b) Time series of cumulative Benioff strain derived from equation (2) with ¢ = 1/2.

We extract those events with M, > M. and then compute the cumulative measure of seismic

energy release as:
N(t)

Qp(t) =Y B, (2)
i=1

where the energy release E of the ith earthquake is estimated from log,, F = 1.5 M,, + 4.8 [26] and
N(t) is the cumulative number of earthquakes up to time ¢. The power exponent g controls the relative
weighting of small versus large events: ¢ = 0 corresponds to the cumulative event count, ¢ = 1/3 yields
a measure proportional to the fault length, ¢ = 1/2 gives a quantity scaling with the square root of
seismic energy, ¢ = 2/3 relates to the rupture area, and ¢ = 1 leads to the cumulative energy release.
Here, we adopt ¢ = 1/2, corresponding to the so-called Benioff strain [8,27], with the resulting time
series shown in Fig. 3b. Data gaps in the seismic catalogue were filled using piecewise cubic Hermite
interpolation, which preserves the local trends without introducing artificial oscillations; tests with
linear interpolation yielded similar results.

4 Forecasting Methods

4.1 Theory

Our theory for volcano forecasting builds on the log-periodic power-law singularity (LPPLS) for-
mulation, which has proven effective in describing rupture dynamics in heterogeneous geophysical
systems and has recently been validated, in retrospect, using a global dataset of 109 geohazard
events [6,7,11,12]. The LPPLS model captures two essential ingredients of rupture dynamics: (i)
the positive feedback mechanism, represented by a general power law acceleration that leads to a
super-exponential trajectory culminating in a finite-time singularity, and (ii) the partial breakdown of
continuous scale invariance into discrete scale invariance, which arises from the intermittent damage
and rupture processes in heterogeneous materials. Importantly, the LPPLS model leverages the os-
cillatory patterns inherent in rupture dynamics, transforming what is traditionally perceived as noise
into valuable predictive information. The first-order expansion of the general LPPLS formulation is
given by [6, 8]:

Qi) = A+ {B+Ccoslwln(t. —t) — ¢]} (t. — t)™, (3)



where (2(t) is the observable quantity (e.g. displacement, earthquake count, and seismic energy release),
t is time, t. is the critical time, m is the critical exponent, w is the angular log-periodic frequency,
¢ is a phase shift, and A and B, and C are constants. The LPPLS model embodies a log-periodic
correction to the general power law acceleration of the system as it approaches eruption, capturing
the varying rates of inflation observed during volcanic unrest. The critical exponent m must satisfy
0 < m < 1 for the deformation and seismicity to remain finite while their first derivatives diverge at
the critical time t., corresponding to a finite-time singularity. When the calibration of the LPPLS
model yields m > 1, this should not be interpreted as the model describing a decelerating or stabilising
regime, but rather as a diagnostic indication that no finite-time singularity is foreseeable within the
current horizon of analysis. The fitted ¢, does not correspond to an impending rupture but instead
defines the horizon t. — t5 over which no meaningful forecast can be made. In this sense, the LPPLS
framework remains valuable not for modelling stabilisation itself, but for revealing its own predictive
limitation—indicating that the observed dynamics fall outside the accelerating regime that the model
is designed to capture.

4.2 Procedures

The LPPLS model involves seven parameters, 8 = {t., m, w, A, B, C, ¢}, with the critical time ¢,
being the primary parameter of interest. A stable and robust calibration scheme [28] is employed to
fit the LPPLS model to the monitoring datasets of Axial Seamount in order to infer ¢.. For each
monitoring dataset, the time series is extracted over the interval [to, t2], where to is set to 19 May
2015, marking the end of the during-eruption period identified from deformation measurements [14] and
earthquake focal mechanism analyses [29], and t2 corresponds to the current time when the forecast is
made. The optimal starting time ¢1 (tp < t; < t2) for LPPLS calibration is then determined using the
Lagrange regularisation approach [30], providing an estimate of the potential onset of the crisis (around
2019-2020; specific dates will be reported in the forecast results). The LPPLS model is subsequently
calibrated using the data within [¢;, 2] to estimate ¢, through a nonlinear fitting procedure [28].

The monitoring data are aggregated on a weekly basis, with ¢; scanned in 7-day increments. For
the uplift datasets (single-station and differential BPR data), daily averages are first computed, and
then the median value within each 7-day interval is taken to represent the weekly observation, as the
median is less sensitive to fluctuations and outliers. For the seismicity dataset (cumulative Benioff
strain), the last recorded value within each 7-day interval is used to preserve the cumulative nature
of the series. To ensure statistical robustness, at least 30 data points are required within the LPPLS
calibration window, corresponding to a minimum duration of 210 days (to — ¢t; > 210 days). The
following parameter filters are also applied to enhance the robustness of the fitting: 0 < m < 2 and
2.5 < w < 25.

For probabilistic forecasting, three separate and complementary approaches are employed to derive
the predictive distributions of ¢., each based on different underlying principles:

e Bootstrap. Bootstrapping is performed by resampling the residuals from the ordinary least-
squares LPPLS fit to generate multiple synthetic datasets, each of which is used to recalibrate
the model. The resulting ensemble of ¢, estimates defines the predictive distribution, which is
obtained by applying an adaptive kernel density estimation to the ensemble [31].

e Quantile regression. Quantile regression is used to estimate the variability of the LPPLS
fit across multiple quantile levels [32], capturing a range of possible trajectories consistent with
the observation data. The ensemble of these quantile-based estimates forms another predictive
distribution of t., constructed through an adaptive kernel density estimation [31].

e Modified profile likelihood. The modified profile likelihood method constructs a likelihood
function for t. while integrating the effects of the other parameters. It provides a statistically
rigorous way to estimate ¢, and its confidence interval by explicitly accounting for the uncertainty
of other parameters in the LPPLS model [33]. The resulting likelihood function forms the basis
for constructing the predictive distribution of ¢..

Note that, for the bootstrapping approach, 20 ensemble realisations are generated to capture sampling
uncertainty; for the quantile regression approach, the quantiles are scanned in 5% increments, from
0.05 to 0.95, to construct the predictive distribution; for the modified profile likelihood approach,
the confidence interval is estimated from the maximum of the modified likelihood function at the 5%
significance level. Each method thus yields a predictive distribution of ¢., from which we report the



median (50th percentile) together with the 25th and 75th percentiles. The three predictive distributions
are compared to assess their consistency and subsequently synthesised to obtain an integrated forecast
of t.

In addition to forecasting t. using the latest data, we conduct a sensitivity analysis by systematically
shifting ¢, backward in time to examine how the predictive distribution of ¢, evolves with increasing
data availability. In this analysis, the starting time ¢; of the LPPLS calibration window is fixed at the
value determined from the latest dataset, which is based on the maximum amount of available data
and is therefore expected to provide the best estimate of the onset of the crisis (so far).

5 Forecast Results

Table 1 lists the cryptographic hash values (SHA-256) of the sealed forecast documents. Each hash
uniquely authenticates the corresponding forecast version at the time it was issued.

Table 1: SHA-256 cryptographic hash value of the sealed forecast document issued within the Axial Seamount
Eruption Forecasting Experiment (EFE). The hash uniquely authenticates the corresponding timestamped
forecast version.

Publication date | Document name | SHA-256 hash value
2025-11-08 efe_001. pdf 9eac807b0904db50530€9a6717004ea04f£3855c880aa04ef207e8e59034a328
Note: SHA-256 belongs to the SHA-2 family of cryptographic hash functions (https://en.wikipedia.org/wiki/SHA-2).

The following output shows the version of the program used to generate the cryptographic hash
values on our GNU/Linux system:

$ sha256sum --version

sha266sum (GNU coreutils) 9.4

Copyright (C) 2023 Free Software Foundation, Inc.

License GPLv3+: GNU GPL version 3 or later <https://gnu.org/licenses/gpl.html>
This is free software: you are free to change and redistribute it.

There is NO WARRANTY, to the extent permitted by law.

Written by Ulrich Drepper, Scott Miller, and David Madore.
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