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Abstract Managing induced seismicity risk is needed to enable the widespread adoption of geothermal
technologies, facilitating the transition towards a decarbonized energy sector. In April 2022, real-time moni-
toring and forecasting of induced seismicity were tested during a three-stage hydraulic stimulation in a deep
granite heat reservoir at the Utah FORGE site. Here, we analyze the recorded seismicity through statistical
inference, and investigate the possible fracturingmechanisms triggered by the injection operation. Our anal-
ysis indicates that seismicity is likely induced by opening of a tensile fracture. Through pseudo-prospective
forecasting, we then replay the Stage 3 stimulation and related induced seismicity as if it were happening in
real-time. We demonstrate that even if the physical processes are complex and likely difficult to disentangle
using seismicity alone, physics-based seismicity rate forecasting models show promise for stable forecasta-
bility of seismicity induced during hydraulic stimulation. Our results pave the way for Advanced Traffic Light
Protocols (ATLP) to become standard operational technology in the mitigation strategies of deep geothermal
projects.

Non-technical summary Geothermal energy has great potential to provide clean and renewable
power, but developing deep geothermal systems can sometimes trigger small, human-induced earthquakes.
Understanding andmanaging this induced seismicity is key to ensuring that geothermal energy remains both
safe and sustainable. In this study, we analyze seismic activity from a hydraulic stimulation experiment car-
ried out in 2022 at the Utah FORGE research site, where water was injected into hot granite to enhance heat
extraction. By analyzing the recorded earthquakes, we identify the likely fracturing mechanisms caused by
the injection and find that most of the seismicity was linked to the opening of small cracks in the rock. We
also testmodels designed to forecast seismic activity as it happens in real time. Despite the complexity of the
physical processes involved, thesemodels show strong potential for reliable forecasting. Our results highlight
how physics-based forecasting tools can support risk management strategies for future geothermal projects,
an important step toward a cleaner energy future.

1 Introduction
Enhanced geothermal systems (EGS, Olasolo et al.,
2016; Horne et al., 2025) promise to become an abun-
dant decarbonized energy source for heating and
baseload power, representing a key technology to com-
bat climate change. However, the widespread roll-out
of EGS is challenged by closely interrelated concerns
about induced earthquakes, decreasing societal accep-
tance, and economic viability due to insufficient pro-
duction rates and high costs (Mignan et al., 2019). To

∗Corresponding author: federica.lanza@sed.ethz.ch

develop an EGS reservoir, permeability is generally en-
hanced by hydraulic stimulation (Jia et al., 2022), where
fluids are injected under high pressure to cause the
rock mass to fail (by shearing or fracturing), thereby
improving fluid circulation at depth. Thus, induced
micro-seismicity is not an undesired by-product, but a
necessary tool to create a productive heat exchanger
in low-permeability reservoirs (Majer et al., 2007). If,
however, the stimulated fractures interact with pre-
existing fault systems, the increase in pore fluid pres-
sure could potentially induce earthquakes of signifi-
cant size (Schultz et al., 2020; Moein et al., 2023). The
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impact of such larger earthquakes (e.g., the 2006 ML
3.4 in Basel, Switzerland (Häring et al., 2008), the 2017
Mw 5.5 earthquake in Pohang, South Korea (Grigoli
et al., 2017) and the 2021 ML 3.4 earthquake in Stras-
bourg, France (Schmittbuhl et al., 2022)) on geothermal
projects worldwide is tremendous, with ripple effects
on decreased public and political support for the tech-
nology.
Thus, it is imperative that efforts are focused on the

development of strategies, tools, and guidelines to as-
sess, manage, and reduce the seismic risk (Trutnevyte
andWiemer, 2017; Grigoli et al., 2017; Zhou et al., 2024;
Schultz et al., 2025, 2022). In particular, the physical in-
terpretation of the geothermal reservoir evolution, to-
gether with robust real-time seismic monitoring and
forecasting, is paramount to understand the seismicity
response of the host rocks during an EGS operation.
Through the analysis of seismicity catalogs, hydraulic

parameters, and in-situ stress we can constrain the
geometry and kinematics of possible physical mech-
anisms. Examples of state-of-the-art physical source
models are opening (and shearing) of structures ei-
ther by tensile or mixed mode cracks (e.g., Nikkhoo
et al., 2016; Davis et al., 2020; Möri and Lecampion,
2023) or seismic/aseismic shearing caused by the in-
jection operation (Cappa et al., 2019; Danré et al.,
2024). The fracturing/slipmechanisms can bemodelled
via hybrid-stochastic (Rinaldi and Nespoli, 2017; Ritz
et al., 2022; Clasen Repollés et al., 2025) and physics-
based approaches (Rinaldi and Rutqvist, 2019; Zbinden
et al., 2020; Vaezi et al., 2024), both allowing inferences
into the seismological response rooted in physical pro-
cesses. However, computational demand limits their
applicability in a real-time scenario, especially con-
sidering the time needed for complex parameter esti-
mates through inversemodeling. Alternatively, simpler
and faster approaches are statistical forecasting mod-
els (Shapiro et al., 2010; Bachmann et al., 2011; Mignan
et al., 2017; Broccardoet al., 2017;Grigoratos et al., 2022;
Ritz et al., 2024) which, however, have poor capability to
discern the physical mechanisms. More recently, ma-
chine learning models (Yu et al., 2023; Mignan et al.,
2024) have also shown promise due to their flexibility
to deal with multi-variate problems where no clear pat-
terns are observable (Jordan and Mitchell, 2015). Data-
driven multi-model approaches offer the possibility to
run different models even with limited computational
resources and to combine their weighted outputs, min-
imizing the specific biases of each model. The use of
a fast forecasting tool is essential for the development
of Advanced Traffic Light Protocols (ATLP) that rely on
model forecasts to compute hazard or even risk, thus
helping to provide a probabilistic assistance to the op-
erator’s decision-making (Schultz et al., 2021; Király-
Proag et al., 2017).
Here, leveraging the stimulation activities conducted

at theUtahFORGEgeothermal testbed site (Moore et al.,
2019, 2023; Jones et al., 2024), we first discuss the main
temporal and spatial features related to the induced
seismicity recorded during the 2022 injection opera-
tions. We investigate the possible fracturing mecha-
nisms triggeredby the stimulationsbyfitting threeplau-

sible physical models, i.e. a high-pore pressure dif-
fusion model, an aseismic crack model, and a tensile
crack model as the causative process of the recorded
seismicity. Finally, we explore the potential of data-
driven statistical and machine learning models to fore-
cast the evolution of induced seismicity. We replay
the 2022 induced seismicity sequences through pseudo-
prospective forecasting. We demonstrate that despite
the complexity and difficulty in isolating the physi-
cal processes using seismicity alone, a physics-based
stochastic approach shows promise to reliably forecast
the occurrence of induced events. We then discuss our
findings in the context of the emerging ATLP and imple-
mentation of risk-based frameworks, as a viable path-
way to de-risking geothermal projects.

2 Utah FORGE
The U.S. Department of Energy Utah FORGE is a dedi-
cated international underground field-scale laboratory
in Utah. Its purpose is to develop, test, and accelerate
breakthroughs in EGS projects regarding drilling tech-
niques, injection strategies, earthquake monitoring,
risk communication, and prove that safe and sustain-
able development of geothermal energy in the deep un-
derground is possible (Moore et al., 2019, 2023; Pankow
et al., 2020; Wannamaker et al., 2020; Ramadan et al.,
2026). Utah FORGE is located in a sparsely populated
area on the western flank of the Mineral Mountains in
the vicinity of Milford in Beaver County, Utah, a small
community of ~1,400 people (Figure 1). It is close to the
active Blundell geothermal plant in the Roosevelt Hot
Springs (Gwynn et al., 2016; Jones et al., 2024) within
Utah’s Renewable Energy corridor. Utah FORGE sits
on alluvial fan deposits of 300-1000 m in thickness with
the target EGS reservoir created in the underlying base-
ment granitoid rocks, where temperatures exceed 190°C
at less than 3 km depth. The stress field of the FORGE
site has been studied in detail by Xing et al. (2022) using
the fracture orientation and breakouts of the log data of
the first drilled deviatedwell 16A (78)-32. The azimuthal
orientation of the tensile fractures indicates an NNE-
SSW general trend of SHmax with a variability between
N10°E-N50°E that is compatiblewith aN25°E orientation
of the regional SHmax. Well log analysis suggests a 25°
clockwise rotation of the principal stress axes around
SHmax, with the stressmagnitude of Sv = 62-65MPa, SHmin
= 40-45 MPa and SHmax = 47-78 MPa estimated at true
vertical depth of 2,500 m given the stress depth gradi-
ents derived by Xing et al. (2022). The range of vari-
ability of SHmax implies the possibility of a transition be-
tween Sv and SHmax as maximum principal stress, with a
consequent change from normal to strike-slip faulting
regime.
Between April 17 and 21, 2022, a stimulation of well

16A (78)-32 (Figure 1) was conducted in three consecu-
tive stages (McLennan et al., 2023; Niemz et al., 2024)
with the purpose of demonstrating reservoir growth
and providing seismic imaging to guide the location of
the drilling of the production well (16B (78)-32), which
was not yet drilled at that time. During the stimula-
tion, a total of ~1,600 m3 pressurized fluids were in-
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Manual catalog
Number of events Mc (MAXC+0.2) (Mw) b-value N ≥ Mc

Stage 1 823 -1.09 1.95 ± 0.16 126
Stage 2 1322 -1.29 1.36 ± 0.04 658
Stage 3 5283 -1.19 1.14 ± 0.02 2438

Table 1 Overview of the statistical analysis of the manually inspected catalog.

jected into the target reservoir at ~2.4 km depth through
open-hole and perforated intervals, following stepwise
pressure increases followed by rapid shut-ins, reach-
ing maximum pressures of 42.3–49.8 MPa. For addi-
tional operational details of the injection, please re-
fer to Text S1 in the Supplementary Materials. Seis-
mic monitoring relied both on a surface network of
five surface broadband stations (red triangles in Fig-
ure 1), three accelerometers, of which one was placed
in a shallow well (68-32) operated by the University of
Utah Seismograph Stations (University of Utah, 1962), a
temporary high-density nodal array arranged in dense
rectangular patches covering the footprint of the Utah
FORGE site (Whidden et al., 2023), and surface fiber op-
tics (Distributed Acoustic Sensing, DAS) (Moore et al.,
2023). In addition, three deep boreholes (> 1.6 km)
were equipped with downhole geophone strings and
fiber-optic cable forDAS that allowedprecise location of
induced microseismicity (Moore et al., 2023; Rutledge
et al., 2022; Dyer et al., 2023a). Not all the geophones
were operational during the first two stages, and the
monitoring network was fully operational only during
the third stage.
For our study, we use the downhole catalog of Dyer

et al. (2023b), which contains 21,937 located micro-
seismic events: 7,428 events were manually checked
across all three stages, while 14,509 events are generally
smaller, poorly located, and with approximate magni-
tude estimates that were obtained with automatic boot-
strappingmethods. The results presented here relate to
themanually inspected events, which yields the highest
quality in terms of both locations andmagnitude calcu-
lation (Figures 2, S1). The results for all the events with
assigned magnitudes and irrespective of the quality of
their locations are reported in the Supplementary Infor-
mation (see Figure S2 and Table S1). During stages 1-3,
the largest eventswereMw -0.10, -0.23, and 0.62, respec-
tively.

3 Methods

3.1 Calculation of Magnitude of complete-
ness (Mc) and b-value evolution in time

The magnitude of completeness is assessed using the
Maximum curvature method as described in Wiemer
(2000). Thismethoddefines the completeness threshold
of a catalog as the point of maximum curvature of the
non-cumulative frequency-magnitude curve. This ro-
bustness and ease of applicability of the method, how-
ever, tends to underestimate Mc, especially for grad-
ually curved frequency-magnitude distributions (e.g.,
for catalogs with a fine magnitude binning or catalogs

with a small magnitude range). To avoid this underes-
timation, we apply a commonly used correction of +0.2
Mw (Woessner andWiemer, 2005). The corrected max-
imum curvature provides a robust and not overly con-
servative estimate for all the stages investigated. The b-
value is then estimated using the maximum-likelihood
estimate with correction for binning (Marzocchi and
Sandri, 2009).
To estimate the temporal variation of the b-value, we

use a moving window with a length set to a fixed num-
ber of events and a 10% overlap. Different window sizes
have been tested (see Figure S3), and the results pre-
sented in the main article are for 200 events ≥ Mc (ex-
cept for stage 1, as it has only 100 events above com-
pleteness). In each window, Mc is set to the value cor-
responding to that stage (Table 1), ensuring the same
number of events across all windows. A comparison of
the temporal evolution of the b-value obtained using a
fixed Mc versus a variable Mc for each window reveals
that the overall patterns and values remain largely sim-
ilar between the two approaches (Figure S4). In Fig-
ure 2b, c, d, the b-value of each subset is plotted at the
time of the last event of the subset-catalog. A more re-
cent approach to calculate the b-value (b+)with less bias
linked to short-term aftershock incompleteness (STAI)
shows little difference in the overall patterns of tran-
sient b-values for the three stages investigated, suggest-
ing that STAI is not affecting the catalog in FORGE (Fig-
ure S5). The statistical parameters of the catalog (Mc,
b-value and error on b-value) are estimated using the
SeismoStats package (Mirwald et al., 2025).

3.2 Derivation of the seismicity cloud’s spa-
tial features with Principal Component
Analysis (PCA)

Principal Component Analysis (PCA) is generally used
for dimensionality reduction and consists of finding a
new coordinate system in the data space described by
an orthonormal basis, the principal components, ob-
tained as eigenvector of the data covariance matrix or
via singular value decomposition of the datamatrix (Jol-
liffe and Cadima, 2016). In our three-dimensional ap-
plication, PCA fits an ellipsoid from the distribution of
earthquake coordinates. The axes of the ellipsoid are
the principal components, i.e. eigenvectors in the data
space, scaledby the eigenvalues that give the varianceof
the data along each axis. A small value of any axis of the
ellipsoid implies a small variance of the data along that
direction, i.e., the ellipsoid can collapse to a plane or
even a line when one or two of the three axes are small
(Quinn and Ehlmann, 2019). This technique infers the
best-fit geometrical shape of the earthquakehypocenter
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Figure 1 a) Map of the Utah FORGE geothermal site, in Utah, USA. The high-quality manually checked events recorded
during the 2022 Utah FORGE stimulation are shown with solid circles, color-coded by stage. The blue square illustrates the
surface location of the stimulation well (16A (78)-32). All wells drilled to date (78A-32, 78B-32, 68-32, 56-32, 16A (78)-32, 16B
(78)-32) are indicated by black squares, while the seismic stations of the seismic network currently active are shownwith red
triangles. b) 3D rendition of the site highlighting the dipping granitoid layer (dark gray surface), the injectionwell 16A (78)-32
(blue line), the productionwell 16B (78)-32 (red line), and the instrumentedmonitoringwells 78-32, 56-32, and 58-32 (dashed
black lines); at the surface, topography is indicated by contours lines.

distribution as ellipsoidal, planar, or linear structures.
Please refer to Quinn and Ehlmann (2019) and Supple-
mentary Text S1 for a detailed derivation of the PCA in
the case of a 3D distribution of data points.
We computed the PCA using the singular value de-

composition implemented in the Matlab routine svd for
Stage 3 only. We used all manually revised earthquakes
above magnitude Mw = -1.5 to prevent small and proba-
bly less well-located events from introducing noise into
the fit. The fitted ellipsoid has 1 standard deviation axis,
i.e. singular values, si = (74.9, 54.7, 16.5)m,which corre-
sponds to proportion of variance πi = (0.63, 0.33, 0.03).
Therefore, the analysis suggests that the distribution of
seismicity is planar since the variance in the direction
orthogonal to the plane is only 3%. In this case, the first
and second column eigenvectors of u1 and u2 define the
plane, and the third eigenvector u3 = (u13, u23, u33) is
the vector orthogonal to the plane and defines univo-
cally the equation of the plane in the earthquake coor-
dinate system u3•x+u3•µX = 0, whereµX is the earth-
quake hypocenter centroid and x a set of spatial coordi-
nates. The geometry of the plane in strike and dip geo-
logical convention canbeeasily calculatedbyprojecting
the normal vector (positive upwards) to the fitted plane
onto a horizontal plane and the depth axis, for strike
and dip angles, respectively, and obtaining (Quinn and
Ehlmann, 2019):

(1)(strike, dip) = (tan−1 u13

u23
− π

2 , cos−1 u33

‖u33‖
)

3.3 Fracturingmechanismsmodels
Here, we briefly describe three plausible physical mod-
els that we considered as the causative process of the
recorded seismicity: (1) a penny-shaped tensile crack
model, (2) a high pore-pressure diffusionmodel, and (3)
an aseismic crack model.

Fitting a penny-shaped tensile crackmodel. To fit the
time and space evolution of seismicity, we use a simple
penny-shaped crack model and assume that seismicity
is triggered at the expanding edges of the 3D crack. In
this way, the earthquake migrating front (R(t)) tracks
the expansion of the penny-shaped crack of radius a.
For such crack geometry (Davis et al., 2020), the volume
of the tensile fracture is proportional to the crack radius
according to the equation (Tada et al., 2000):

(2)Vcrack = 8(1 − ν)
3µ

p0a3

= kpsca3

where, n andm are the Poisson ratio and the rock rigid-
ity, respectively, and po is the overpressure inside the
tensile crack, crack, kpsc = 8(1−ν)

3µ p0 . Assuming that
there is no leak-off and all the volume injected acts as
an expanding the crack we can assume that Vcrack(t) =
Vinj(t) and obtain amodel that links themigrating front
of earthquakes and the volume injected through time:

(3)R(t) = (Vinj(t)
kpsc

)
1
3
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The model has radial symmetry and depends on the
injected volume Vinj(t) =

∫ t

o
Q(t′)dt′,where Q(t) is the

injection rate and t is the time from the injection onset.

Fitting a high-pore pressure diffusion model. The
seismicity evolution in space and time could occur on
an already existing fault, where seismic slip is triggered
bypressurizationof the fault due to the volume injected.
Earthquakes could thus be triggered by an increase in
the pore-pressure that lowers effective normal stress
and yield asperity to slip if they are already in a crit-
ical stress state according to the Mohr-Coulomb fail-
ure criterion (Parotidis et al., 2003; Talwani and Acree,
1984). Assuming pore-elasticity and a pulse-like pres-
sure perturbation, it has been calculated that the seis-
micity front will migrate with a parabolic diffusion-like
profile in a spatiotemporal evolution according to

(4)R(t) = (4πDf t)
1
2

where Df is the seismic diffusivity coefficient for the
earthquake migrating front and t is the time from the
injection onset (Shapiro et al., 1997). Additionally,
with the same previous modelling assumptions, at the
end of the injection operation, a back-front of seismic-
ity shadow develops with a functional shape given by
(Parotidis et al., 2004):

(5)R(t) = (6Dbf t

(
t

te
− 1

)
ln

(
t

t − te

)
)

1
2

where te is the time of the end of the injection opera-
tion, and Dbf is the diffusivity of the earthquake migrat-
ing back-front.

Fitting an aseismic crack model. In recent years, it
has been shown that injection of pressurized fluids into
fault structures can also induce aseismic slip together
with the occurrence of regular earthquakes (Guglielmi
et al., 2015). The volume injected on a fault can cause
fault unclamping and create the condition for an aseis-
mic rupture to start (Cappa et al., 2019; Lengliné et al.,
2017). The stress concentrationat thepropagating aseis-
mic rupture edges can trigger seismicity on brittle as-
perities punctuating the fault (Cappa et al., 2019). A
recently developed model describes this process as an
aseismic shear crack inducedby the fault pressurization
that propagates along the fault plane punctuated by ve-
locity weakening asperities (Danré et al., 2024). The lat-
ter slips seismically when overrun by the aseismic rup-
ture front. This model thus predicts a parabolic depen-
dence of the distance of the earthquakemigrating front
with the volume injected as

(6)R(t) = (kdVinj(t))
1
2

where kd is a parameter that depends on fault and fluid
properties (Danré et al., 2024). A similar empirical
model that uses simpler assumptions but with a simi-
lar volume distance functional form is also presented
in Lengliné et al. (2017).

3.4 Mohr-Coulomb Criterion
The Coulomb-Mohr failure criterion states that slip oc-
curs when the shear stress is higher than the effective
normal stress minus the cohesion coefficient on the
source fault:

(7)τ > fsσeff
n − Co

where fs is the coefficient of internal friction, and
σeff

n = σn − P , is the normal stress minus the pore-
pressure P . Here, we evaluate this criterion using the
Mohr circle representation of shear and effective nor-
mal stress on the fault given the in-situ principal stress
magnitude, for normal hydrostatic condition, andby ac-
counting for the overpressure induced by the injection
operation.

3.5 Forecastingmodels
Despite their relative importance, the occurrence of
physical mechanisms (e.g., crack vs. aseismic) has not
yet been quantified in the context of hazard. Hence, in
the context of ATLP, we limited testing to three differ-
ent models in which we incrementally account for the
physics of pore pressure propagation. The threemodels
(Empirical, Physics-Informed Machine Learning, and
Stochastic Hydro-mechanical) are chosen as candidates
forATLP; thesemodels are relatively simple andcompu-
tationally efficient, allowing for a large number of sim-
ulations.
The first model is purely empirical (referred to as

EM) and simply links injection rate with seismicity rate
(i.e., the seismogenic indexmodel - Shapiro et al., 2010;
Shapiro, 2015; Kwiatek et al., 2024), where themodel pa-
rameters are estimated via a Maximum Likelihood Es-
timate (Broccardo et al., 2017; Clasen Repollés et al.,
2025).
The second model, a Physics-Informed Machine

Learning model (PI-ML), is a modified version of the
multi-LASSO model presented by Mignan et al. (2024).
In addition to the data-driven time series (e.g. flow rate,
pressure, seismicity-rate, as well as their derivates and
combinations), and the planned flow-rate in the fore-
casting period, we added time series of the forecasted
pressure evolution based on standard analytical solu-
tions: given a particular dataset at time tlearn, we invert
these analytical solutions for the pressure propagation.
The calibrated flow model is then run for t>tlearn , and
the solution used to produce a seismicity forecast. For
these solutions, permeability and porosity are assumed
constant. More details about the analytical solutions
can be found in Clasen Repollés et al. (2025). Introduc-
ing additional time series in the forecast part provides
the m-LASSO model with further information and po-
tentially better forecast (e.g. allowing to easily repro-
duce decay of seismicity during shut-in). The physics-
informed approach also allows us to easily simulate a
multi-cycle approach for the same injection stage as it
easily accounts for the pressure variation between cy-
cles. For multi-stage, the weights between time-series
may vary.
Finally, the third model is a 1D hybrid-

hydromechanical approach recently developed by
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Figure 2 Statistical analysis of the manually inspected catalog. a) Frequency-magnitude distribution. Inverted triangles
denote the estimated magnitude of completeness for each stage. b-d) Temporal evolution of the b-value and injection rate
for stage 1, 2 and 3 (100 or 200 events windowwith completeness pre-filter), seismicity rate in 15minutes bins, and hydraulic
data (pressure and flow rate).

Clasen Repollés et al. (2025). The developed package
allows the use of different fluid flow models; in this
work, we use a 1D numerical fluid flow solution with
both reversible and irreversible permeability changes.
Elastic effects are simulated following a Barton-Bandis
aperture model (Barton et al., 1985), while irreversible
effects in aperture are accounted for once a threshold
pressure is exceeded (Clasen Repollés et al., 2025). The
final permeability is calculated as a function of the
aperture following a parallel plate model (Zimmerman
and Bodvarsson, 1996). Seismicity can be simulated
with two approaches: one based on an analytical
derivation (CAPS model) and the second one based on
a Monte Carlo approach (SEED model). Here, we opted
to use the faster CAPS approach (originally referred to
as HM1dnum-CAPS, here in short as HM1D), generally
a preferred choice in real-time forecasting scenarios.
More details about the implementation, as well as
several tests for different datasets at different scales
can be found in Clasen Repollés et al. (2025). While the
model HM1D does not account explicitly for penny-
shaped tensile crack model and/or aseismic crack
model, we considered it analogous in terms of physical
complexity as it accounts for permeability changes on
pressure threshold (i.e. equivalent to tensile opening)
and seismicity based on a Mohr-Coulomb criterion.
For testing the model, we employed a pseudo-

forecasting approach (e.g. Ritz et al., 2024), in which we
gradually fed the models with new information. The
models are unaware of the recorded pressure and seis-
micity after tlearn with the exception of the planned (ac-
tually recorded in this case) flow rate. Statistical testing
is done bymeans of a generalizedN-test and by compar-
ing the probability gain with respect to the simplest EM
model. The generalized N-test checks how well a given
model is able to reproduce the final recorded number
of events above completeness and gives information on
how much data is needed before this is achieved. The

probability gain instead compares for each run in the
pseudo-forecast test how well a model performed with
respect to EM in reproducing the observed rate of seis-
micity after tlearn. More details about the testing strategy
can be found in Clasen Repollés et al. (2025). We per-
formed two pseudo-forecast tests: the first by provid-
ing the model with a fixed magnitude of completeness
(Mc) defined a-priori on the full seismicity dataset, and
the second one in which each model computes the Mc
based on the data fed.
All themodel parameters for the differentmodels are

provided in the Supplementary Information inTable S2.

4 Results

4.1 Temporal evolution of the Gutenberg-
Richter b-value

We computed the b-value temporal evolution of the cat-
alogs for each of the three stages (Table 1, Figure 2a).
Stage 1 (Figure 2b), performed in the open part of the
well in a 60-m-long interval, does not have enough
events to draw conclusions and displays very high b-
values which could be artificially inflated from the large
incompleteness of the monitoring network. In Stage 2,
we observe an increase in the b-value during the ramp-
up phase of the injection, followed by a sharp decrease
starting around the time of the sudden stop in the in-
jection (Figure 2c). This behavior closely resembles the
modelled behavior of seismicity during the propagation
of a pressure front in a homogeneous reservoir, with an
increase in the b-value during the injection phase, fol-
lowed by a decay of the b-value after shut-in (Ritz et al.,
2022). During the injection phase in Stage 3, the b-value
decreases, which could indicate that seismic events fo-
cus on pre-existing faults or fractures (Ritz et al., 2022),
before showing a complex behavior during and after the
shut-in phase (Figure 2d). This complex post-injection
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behavior suggests that physical processes are still hap-
pening in the post-shut-in phase, and that Stage 3 is af-
fected by processes beyond just the homogeneous prop-
agation of a pressure front. An increase in the b-value
after shut-in of Stage 3 could hint at re-triggering of as-
perities in the vicinity of the injection point (Ritz et al.,
2022). For both Stages 2 and 3, the injection occurred
through discrete, single cluster perforated intervals in
the well casing. For Stages 1 and 2, a friction reducer
was added to water (slickwater), while Stage 3 featured
the injection of a crosslinked polymer fluid systemwith
micro-proppant to increase fluid viscosity at the tem-
perature of the reservoir (Jones et al., 2023).

4.2 Geometrical distribution of seismicity
and its fracturingmechanisms

For Stage 3, given the more complete network and
the complex b-value time evolution, we further inves-
tigate the spatial and temporal evolution of seismicity.
Time-distance plots for Stages 1 and 2 are provided in
the Supplementary Materials (Figure S6) but not fur-
ther analyzed here. Throughout the following analy-
sis, we translate the earthquake hypocenters to a Uni-
versal Transverse Mercator coordinate system (Carte-
sian: East, North and Vertical) centered at the check-
shot point to roughly have the injection point as origin
of the coordinate system. We refer to Figure 3 in the
main text and to Movie S1 for a visual representation
of the observations described below. The seismicity in
Stage 3 started to be recorded around the check-shot
point immediately after the start of the injection opera-
tion (Figure 3a)with small eventswithmagnitudes rang-
ing between Mw -2.0 and -0.5. Seismic events markedly
expanded with a move-out pattern. A minor further ex-
pansion is seen in the post-injection phase where the
largest magnitude was recorded (Figure 3a). Within an
hour from the start of the injection, the hydraulic stim-
ulation ramped up to 58 L/s and 50MPa - which is larger
than the SHmin needed for fracture propagation. During
this time, recordedmagnitudes ranged betweenMw -2.0
and 0.2. In this stage, the seismic activity mainly con-
centrated in an elliptical patch of roughly 100 x 100 m2

and 50 m above and northward of the injection point.
Small magnitude events also appear ~100 m offset SW-
ward from the injection point and branching off the
main cloud (Figure 3b). Then, as the flow rate was kept
constant for half an hour and then further increased
to ~67 L/s for the next hour, the pressure started to
gradually drop to 30 MPa, a slightly lower value than
SHmin. In this phase, the earthquake activity increased
both in terms of earthquake counts andmagnitude (Fig-
ure 3a). The earthquake cloud gradually expanded with
a move-out pattern from the two patches previously ac-
tivated with a slightly more pronounced vertical migra-
tion. Large magnitude events (up to Mw ~0.5) occurred
in the SW-ward offset branch and upward to the initial
seismicity. During this phase, earthquakes started to
move sideways and branch off the main central patch
in NW- and NE-ward direction forming a wing-like dis-
tribution of seismicity visible in map view in Figure 3b
and Figure 3c. At about one hour and 45 min from the

injection operation onset, the well was shut-in for less
than five and a half hours, and then was flowed back
(open to atmospheric conditions). The shut-in opera-
tion coincided with only a small decrease in the earth-
quake rate which slowly faded out in the next 16 hours
(Figure 3a). After the shut-in, however, the seismicity
showed aminor expansion for thenext 10 hours primar-
ily in the vertical direction, right above themain central
cloud activated at the beginning of the injection. There,
earthquakes distributed in a planar patch slightly offset
to the East and with an opposite dip compared with the
main cloud of seismicity below (Figure 3b, c). This new
branch of seismicity hosted the larger earthquakes, up
to Mw ~0.6, six hours after the start of operation.
Overall, some general patterns can be observed: (1)

Seismicity started around the injection point with small
magnitude events and gradually expanded covering a fi-
nal extension of 300 m in the SSW-NNE direction, 150
m in the ESE-WNW direction, and 300 m in the verti-
cal direction (Figure 3a) – we note that the average lo-
cation error reported in the catalog is ~40 m; (2) The
magnitude of events increased linearly during the in-
jection peaking at Mw ~0.6 after the shut-in and during
the flow-back operations (6 hours after the start of op-
eration; Figure S7); (3) The expansion of the seismicity
cloud is primarily in the vertical and NNE-ward direc-
tions during the injection operation, while after shut-
in the migration is more pronounced upward with the
occurrence of Mw =0.6 earthquakes in the topmost por-
tion of the cloud (Figure 3b, c); (4) The large magni-
tude earthquakes occurred always peripherally; and (5)
The general trend of the seismicity cloud is NNE-SSW
subparallel to the orientation of SHmax (N25°E), but with
two pronouncedwing-like lobes of seismicity at the end
edges of the main cloud and at different depths.
We then study the first order geometrical features of

the seismicity cloud by using the Principal Component
Analysis (PCA) on the hypocenter distribution. In our
three-dimensional application, PCA results in a fitted
planewith strike =N15° -195°E and anESE dipping plane
at an angle of 80° as shown inFigure 3b, c. The strike ori-
entation of the fitted plane is rotated 10° counterclock-
wise with respect to the N25°E average orientation of
SHmax (Figure 3b, c), but it falls in the range of strike ori-
entations of the tensile fracturemeasured from thewell
log data (Xing et al., 2022). The distribution of the seis-
micity lies within a plane that is sub-parallel to the Sv -
SHmax plane and orthogonal to SHmin.
Based on these results, we explore three possible sce-

narios to explain the spatial and temporal evolution of
earthquake activity in terms of fracture evolution. In
the first scenario, seismicity is the result of the fractur-
ing and stress change due to the opening and growth of
a hydro-fracture. Alternatively, the injection operation
activates seismic slip on an existing fault, and seismic-
ity occurs as a response of high pore-pressure diffusion
that lowers the effective normal stress. Lastly, we con-
sider the case where aseismic slip is induced by fault
pressurization that in turn triggers seismicity on a pre-
existing fault plane.
For all three models, the fit is performed through a

nonlinear least-squares algorithm over the duration of
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Figure 3 a) Migration of seismicity along Northing direction vs. absolute time of Stage 3. Symbol size and color-code in-
dicate the magnitude of earthquakes; the largest event is marked with a yellow star. Top: Histogram with number of earth-
quakes in total (light color) and above Mc (dark color) binned every 15 minutes along with flow rate and pressure. b) Map
view of the seismicity. c) Three-dimensional distribution of seismicity. Symbols size scales with magnitude and color-code
is hours since the start of the injection; the dashed line in the colorbar indicates the shut-in time. Thick black line is the well
16A (78)-32 trajectory and regional principal stresses direction are shownwith arrows (Xing et al., 2022). The shaded plane is
a best fit plane through PCA analysis, see text for details.

the volume injection operation (three hours), on time
bins of 15 minutes in which the average volume and
the 99th percentile of the earthquake migrating front
are calculated. For the diffusion model, we extend the
parabolic curve to ten hours after the start of injection.
The fit of the earthquake back-front is performed from
the end of the injection operation (2.7633 hours since
the start of injection) again using 15-minute time bins
and the 1st percentile of distribution of the distance.
The best fit parameter of the penny-shaped crackmodel
is kpsc = 0.010(0.009, 0.011) with an adjusted R-squared
of R

2 = 0.97. The diffusion model fit returns Df =
0.15(0.14, 0.17) m2

s and a R
2 = 0.96 for the migrating

front and Dbf = 0.047(0.038, 0.055) m2

s and a R
2 = 0.12

for the post-injection phase. The aseismic crack model
has the best fit parameters kd = 0.86(0.74, 0.99)m−1 and
a R

2 = 0.89.

The results of the fit of the three models are shown
in Figure 4, where volume has been transformed to
time to compare the tensile crack and aseismic crack
models to the diffusion model which has only time de-
pendence. All three models nicely fit the data during
the injection phase as testified from the high values of

the adjusted R-squared, where the penny-shaped crack
model has a slightly higher value (R2 = 0.97) compared
with the other two models (R2 = 0.96 and R2 = 0.89, for
the diffusion model and aseismic crack model, respec-
tively). The penny-shaped model better fits the migrat-
ing front of earthquakes at the beginning of the injec-
tion but slightly underestimates the final distance at the
end of the injection, while the aseismic crack model
presents the opposite behavior. The diffusionmodel fits
the seismicity front during the injectionwell but overes-
timates the evolution of the seismicity front in the post-
injection phase. The diffusion model also fits the earth-
quake back-front poorly, suggesting that pore-pressure
diffusion is not the primary mechanism driving the ob-
served space and time evolution of the seismicity. A dif-
fusionmodel fit (not included in the figure) of thewhole
migrating front returns a good fit in the post-injection
phase but underestimates the migrating front in the
first three hours of the injection phase. However, the
analysis of the time-distance evolution of the seismicity
seems to indicate that the penny-shaped model is the
best for modeling the entire injection phase, although
the high pore pressure diffusion model fits better the
first hour of injection phase and has a comparable R2.
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Figure4 Timevs. distanceplot andmodel fits. Circles are earthquakesand their size is proportional tomagnitude. Distance
is the 3D Euclidean distance calculated to the check-shot point. Gray squares are the 99th percentile of the earthquake front
calculated until injection operations stop, binned every 15minutes (seemethods for details). Triangles are the 1st percentile
of the earthquake back-front after injection stops, binned every 15 minutes. The ellipses in the main figure highlight the
two subsets of 300 events for which a frequency-magnitude distribution is shown in the inlet (Mc fixed to that of the whole
catalog).

However, indication of a propagating fracture is also
supported by the presence of low b-values at the edges
of the earthquake propagating front (Figure 4 and Fig-
ure S4) and a roll-off for largemagnitude earthquakes in
the magnitude-frequency distribution for large magni-
tude with respect to the fitted Gutenberg-Richter model
(Figure 2a) (Passarelli et al., 2015). We caution that this
analysis is not altogether conclusive, andwe cannot rule
out the hypothesis of slip on a fault with presumably
aseismic slip involved.

4.3 Pseudo prospective forecasts
The spatio-temporal analysis of Stage 3 highlights that
complex physicalmechanisms are at play. The pressure
evolution is most certainly affected also by the stimula-
tion approach (e.g. open hole vs. perforations and slick-
water vs. polymer fluid system with micro-proppants).
Similarly, the evolution of seismicity could be further
linked to stimulation approach, making it non-trivial
to reproduce the evolution of seismicity rate, b-value,

and spatial extent of seismicity. In order to keep sim-
plicity in testing the models for time-dependent fore-
casting, we introduced physical processes in a gradual
approach, with: (i) the Empirical model – EM, repre-
senting the basic approach (seismicity rate simply de-
pendent on injection rate), (ii) a Physics-Informed Ma-
chine Learning – PI-ML, representing the potential link
to pressure propagation, and (iii) a Stochastic Hybrid
Hydro-mechanical – HM1D, that potentially accounts
for stress changes. Although the models only aim at
forecasting the seismicity rate, they do share some sim-
ilarity with the spatial models presented earlier (Fig-
ure 4).

We run two pseudo-forecast tests, with a tlearn grad-
ually increasing every 2 minutes and for the case of
fixed Mc at -1.19 and Mc internally computed by the
model based on the dataset at a given tlearn. Figure 5
shows the forecasted cumulative number of events and
frequency-magnitude distribution at four select snap-
shots at different times (i.e., tlearn 14:30, 15:00, 15:30,
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Figure 5 Four snapshots of the pseudo-forecast test with fixed Mc at different tlearn (14:30, 15:00, 15:30, 16:00 UTC). Each
panel shows on top the cumulative number of events simulated and recorded before tlearn (black dashed – line) as well as the
forecast cumulative number of eventswith stochastic variability in the shaded area (greenHM1D, purple PI-ML, blue EM). The
bottom of each panel compares the recorded frequency-magnitude distribution with the fitted curve at tlearn as well as the
forecasted distribution at the end of the stimulation.
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16:00 UTC) for the case of fixed Mc. For the case of
variable Mc, we refer to Figure S8. At the beginning of
the stimulation (tlearn = 14:30; Figure 5a), when few data
points are available to calibrate the model, the HM1D
model tends to predict a large number of events (about
2,700), while both EM and PI-ML predict only around
500 events. The estimated b-value is 1.23, 1.18, and 1.25
for HM1D, PI-ML, and EM, respectively. Figure 5b (tlearn
= 15:00) shows similar trends, with the HM1D decreas-
ing the final forecasted number of events to be closer to
the measured one, and both PI-ML and EM only chang-
ing slightly. The forecasted b-value is 1.15, 1.11, and
1.17, for HM1D, PI-ML, and EM, respectively. Figure 5c
(tlearn = 15:30) shows already results of models during
the initial decrease of the flow rate: only the HM1D
model predicts an increased number of events, while
both PI-ML and EMmodels expect the seismicity rate to
decrease substantially (hence no increase in total num-
ber of events). The forecasted b-value is at this time 1.05,
1.02, and 1.07, for HM1D, PI-ML, and EM, respectively.
As new data are provided (Figure 5d; tlearn = 16:00), the
PI-ML can predict a better decay of seismicity at a later
stage, in a similar way to HM1D, and with forecasted
b-value similar to the previous step as 1.07, 1.04, and
1.07, for HM1D, PI-ML, and EM, respectively. During
the shut-in phase (Figure 5c-d), the EMperforms partic-
ularly poorly at fitting the overall evolution of seismicity
during the learning phase, with the model always over-
estimating the observed rate to achieve the cumulative
number of events at tlearn.
While visually the four snapshots already provide a

sense of the efficacy of the HM1D, a proper statistical
comparison gives a better evaluation of themodels’ per-
formance. Figure 6a and 6c show the models’ perfor-
mance for the pseudo-forecast test with fixed Mc at -
1.19 for all the runs (i.e., with tlearn gradually increas-
ing every 2 minutes). The main panel of Figure 6a
shows the evolution of the cumulative log-likelihood,
clearly indicating a better performance (i.e., smaller
negative value) for the HM1D model after 1 hour from
the start of injection. The bottom panels show the col-
ored sequence representing the Probability Gain (PG)
with respect to the model EM normalized for the best
performing model. Dark green indicates the best per-
formingmodel: with the exception of the first hour, the
HM1Dmodel performsmuch better when compared to
EM, while the forecasting performance of PI-ML is only
slightly better than EM.
Figure 6c shows the generalized N-test, with themain

panel showing the forecasted number of events at each
tlearn for all models (green HM1D, purple PI-ML, blue
EM) with the horizontal black dotted line indicating the
final observed number of events. The bottom panels
show all cases whether the median forecasted number
of events falls within a 95% confidence interval, with
blue indicating that at the given tlearn the models fore-
cast exactly the observed final number of events (i.e.,
50% of an empirical cumulative distribution function
- ECDF). Red color indicates a failed N-test. Results
show that only the HM1D model can forecast the final
number of events above magnitude of completeness,
mostly within the 95% confidence interval, while both

EM and PI-ML tend to underestimate the final number
of recorded events and with a too small variable around
the median value.
Figures 6b and d show the statistical test for the case

when the models are free to calculate Mc at tlearn. Re-
sults are somewhat similar to the previous case, al-
though illustrates how simplemodels requires less data
to get closer to the final observed cumulative number
of events (only 0.5 hours for EM and PI-ML compared
tomore than 1 hour for HM1D). However, even the case
of variable Mc shows that the HM1D model clearly per-
forms better during the decrease of the flow rate.

5 Discussion

5.1 Inferences of seismicity mechanisms
from stimulation

For Stage 3 of the 2022 stimulation at Utah FORGE, the
space and time distribution of earthquakes in Figure 4
would suggest, with no clear winner, either seismicity
induced by an expanding hydro-fracture (tensile crack),
or aseismic and seismic slip on an already existing fault.
For further discrimination, it is important to consider
the geometrical characteristics of the distribution of
earthquake hypocenters with respect to the stress field
measured at the injection site.
A hydro-fracture, generated from the injection oper-

ation in the local stress field configuration, opens in the
direction of SHmin and expands in the Sv and SHmax di-
rections either for a normal or strike-slip stress regime.
A tensile dislocation plane is expected to be parallel
to the Sv and SHmax plane and opening orthogonal to
SHmin, therefore generally compatible with the geom-
etry of the fitted plane from PCA, even in a scenario
with the rotation of the stress field discussed in Xing
et al. (2022). The seismicity triggered at the expanding
crack edges occurs on optimally oriented faults at a cer-
tain angle from the edges of the tensile fracture plane.
This angle depends on the friction properties and forms
on wing-like bands of seismicity in 2D (Hill, 1977) or
in 3D on a nearly hyperbolic surface (Passarelli et al.,
2015) adjoining the tensile fractures. The planar con-
figuration in Figure 3, the presence of wing-like lobes
of seismicity at a different depth, the upward and side-
ward migration sub-parallel to Sv and SHmax, with lit-
tle spreading in the orthogonal direction, and the fur-
thermigration in the post-injection phase are all indica-
tive of seismicity due to hydrofracturing (Schultz et al.,
2020). Furthermore, the expected spatial and tempo-
ral evolution of the earthquake hypocenters in a time-
distance diagram is characterized by a seismicity mi-
gration front and a back-front whereminor or no earth-
quake activity occurs (Dahm et al., 2010), and thus com-
patible with the migration pattern depicted in Figure 4.
The gradual increase of magnitude of events during the
injection (Figure 3a and S7) and the minor migration
in the post-injection phase, where also larger magni-
tude events occurred (Figure 3a and 4), are in line with
the proposed correlation between seismic moment and
tensile-crack volumes often found for dike intrusions in
volcanic regions (Grandin et al., 2011; White and Mc-
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Figure 6 Cumulative log-likelihood, probability gain with respect to EM, and generalized N-test for the pseudo-forecast
test with fixed Mc (panels a and c) and with variable Mc (panels b and d). Green HM1D, purple PI-ML, and blue EM. Vertical
dashed lines indicate the period when the flow rate was decreased. Horizontal dashed line in panels c and d indicates the
final number of observed events.

Causland, 2016). Additionally, the 40-50MPaof pressure
reached at the injection interval (Figure 3a) at the be-
ginning of the injection operation (roughly for the first
hour), equates or exceeds the magnitude of SHmin and
it is compatible with the formation of a hydro-fracture.
The subsequent drop of pressure at the peak of the flow
rate is more complex to univocally interpret, with pos-
sible explanations as an indication of leak-off of fluids
from the hydro-fracture or a depressurization due to
the increase in the volume of the hydro-fracture. Cor-
respondingly, the circulation phase that occurred after
Stage 3 also injected at pressures above the hydraulics
fracturing gradient. The available surface array data
show that events induced by the circulationmostly clus-
ter at themargins of the clouds induced during themain
stimulation (Niemz et al., 2024).

In the scenarios of seismic andaseismic slip ononeor
more pre-existing faults, we assume that the fitted pla-
nar geometry can depict either a strike-slip or a normal
fault, given the uncertainties on the determination of
the in-situ stress field previously discussed. We further
assume that slip occurs at first order on this simplified
planar geometry and that the wing-lobes of seismicity
described before can be considered as local complexi-
ties in the fault plane geometry. We use the Coulomb-
Mohr failure criterion and Anderson’s theory of fault-
ing to assess the condition under which the slip can oc-
cur on the fitted plane for a normal or a strike-slip fault
(Lengliné et al., 2017; Petruccelli et al., 2019; Turcotte
and Schubert, 2014). The fitted plane in Figure 3b, c has
strike s = 15◦ and dip δ = 80◦ , and it is not optimally
oriented with respect to the stress field discussed ear-
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lier, where Sv = (62-65) MPa, SHmin = (40-45) MPa, and
SHmax = (47-78) MPa, and SHmax has strike N25°E. In the
normal faulting stress configuration (Sv > SHmax > SHmin),
the optimally oriented fault plane has a dip angle of 60o
for a friction coefficient of fs = 0.85 and strike parallel
to SHmax; while in strike-slip stress configuration (SHmax >
Sv > SHmin), the optimally oriented fault plane has strike
N0°E. From the Anderson theory of faulting (Turcotte
and Schubert, 2014), we can calculate the friction an-
gle for the geometry of the fitted plane for strike slip as
fs = |cot (2(σ − s)) |= |cot 2(−10)|= 2.75 or for normal
faulting fs = | 1

tan 2δ |= 2.75, in both cases a large fric-
tional ratio is unphysical for the Earth rocks for lownor-
mal stress cases (Byerlee, 1978). The large value of the
retrieved coefficient of friction indicates that either nor-
mal or strike-slip on the inferred structures can occur
only under very low normal stress conditions which are
not attained under normal hydrostatic pore-pressure.
This near-zero effective normal stress condition can be
attained when the injection pressure reached 40 MPa,
circa 15 minutes after the start of the injection opera-
tion for both a strike-slip and a normal fault. Zero ef-
fective normal stress condition points to opening of a
tensile fracture, suggesting that hydrofracturing could
indeed be the most likely explanation of the seismic-
ity at Utah FORGE 2022 stimulation. Detailed informa-
tion on moment tensors would provide valuable con-
straints to the style of slip at Utah FORGE. While full
moment tensors could not be retrieved, Rutledge et al.
(2025) used P, Sv, and Sh polarities and amplitude ratios
recorded on the deep borehole geophones to constrain
20 focal mechanisms. The inclusion of the amplitude
ratios also helps to better constrain the focal mecha-
nisms, where the combination of Sh/P and Sv/P ratios
helps constrain the fault plane’s strike and dip, respec-
tively. The majority of focal mechanisms are strike-slip
with a mean strike of N5°E ±8° closely aligned with the
N15°E trend of the seismicity found in the PCA analysis.
There is also a small subset of normal faulting mecha-
nisms located at greater depths. The pattern of failure
planes nearly aligned with the trend of the event cloud
and SHmax direction is consistent with the observed mi-
croseismic shearing being closely associated with fluid
driven crack growth (Hill, 1977; Passarelli et al., 2015).
Insights into the seismic response can also be derived

from the b-value spatial and temporal evolution. Dy-
namic changes in the system can be associated with
changes in the b-values and thus can be used as a di-
agnostic tool of the hydraulic fracturing processes at
play during injection operations (Ritz et al., 2022). Dur-
ing Stage 3 at Utah FORGE, the low b-value at the edge
of the propagation front (Figure 4) can also suggest the
opening of a new fracture as it highlights areas of in-
creased stresswhich are consistentwithhigh stress con-
centrations at the tip of expanding cracks (Scholz, 2015).
However, in the post-shut-in phase, the b-value trends
are complex, with a peak of b-value of 1.5 ~1 hour af-
ter the occurrence of the larger magnitude event. This
suggests that a simple pore-pressure diffusion is not the
onlymechanismat theorigin of the recorded seismicity.
Although it is difficult to draw conclusions simply from
the b-value evolution, further growth of hydraulic frac-

tures andflow/percolationoffluids throughpre-existing
fracture network after shut-in has been observed before
in low permeability reservoirs, such as tight granitoid
rocks (Niemz et al., 2021).
Overall, these interpretations are consistent with

those fromprior induced seismicity cases. Typically, in-
duced earthquakes are observed on pre-existing faults
with (near) critically-stressed orientations (Schoenball
et al., 2018; Hennings et al., 2019). In wastewater dis-
posal settings, smaller changes in pore pressure tend
to reactivate the most susceptible faults first (Fan et al.,
2019; Stokes et al., 2023). However, the hydraulic frac-
turing process aims to create a new fracture network.
Thus, cases of induced seismicity caused by hydraulic
fracturing tend to observe two types of seismic response
(Schultz et al., 2017; Konstantinovskaya et al., 2021):
those delineated perpendicular to the minimum stress
direction (i.e., stimulated fractures) and those reacti-
vated along critically-stressed orientations (i.e., fault
reactivation). Stimulation into low permeability for-
mations restricts pressure diffusion to along the frac-
ture network, which has the potential to intersect pre-
existing faults for reactivation (Galloway et al., 2018).
In these cases, fault reactivation is often more prob-
lematic, as it is associated with largermagnitude events
(Eaton et al., 2018;Wang et al., 2020). Overall, these con-
cepts support our assertion that events at Utah FORGE
are predominantly stimulated fractures. We note that
an independent examination of the growth of earth-
quake magnitudes also concluded that fracture growth
was the predominant mechanism for Stage 3 (Schultz
et al., 2025).

5.2 Implications for forecasting and risk
management

The complexity of the seismic response is also seen in
the performance of the forecastingmodels. The empiri-
calmodel (EM),which is basedmainly on thefluid injec-
tion volume, is not as successful in forecasting the seis-
micity decay after shut-in. On the other hand, a physics-
informed machine learning model (PI-ML) is shown to
provide more reliable forecasts especially for the post-
shut-inphase (Figure 5d). However, amodel incorporat-
ing permeability changes (HM1D) strongly outperforms
the simplified approach, and it is capable of correctly
forecasting the observed seismicity rate and cumulative
number of events, especially during the flow rate reduc-
tion, although more data are needed before reliable re-
sults are achieved (~1 hour for the given dataset, Fig-
ure 6). The prediction of the post-injection/trailing seis-
micity is paramount for managing induced seismicity
risks (Schultz et al., 2022). In the context of ATLP, where
real-time data and seismicity forecasting models are
used to estimate the seismic risk and to plan decision-
making policies, forecasting models need to be compu-
tationally efficient while physically sound (Grigoli et al.,
2017; Mignan et al., 2017; Broccardo et al., 2019). All
the models tested here are capable of running much
faster than the time in between tlearn (i.e. less than 2
minutes). The pseudo-forecast tests in the current work
were run on a basic laptop, and on average both EM and
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PI-ML models take only a few seconds, while HM1D,
depending on the amount of data to invert, takes be-
tween 30 and 100 seconds for the current setup. More
details about the model performance can be found in
Clasen Repollés et al. (2025) that clearly demonstrated
the usability of HM1D for real-time application and for
different scales. It is worth noting that EM could be im-
proved by imposing an exponential decay of the seis-
micity rate at the start of the decreasing flow rate se-
quence: this would increase the final forecasted num-
ber of events and would allow themodel to successfully
pass the generalized N-test, at least during the active in-
jection phase (Figure 13c in ClasenRepollés et al., 2025).
Also, the EM model employed here follows the sim-
plified Maximum Likelihood Estimate (MLE) method
to infer the model parameters, while a full Bayesian
approach would provide a more variable distribution,
hence statistically performing much better than MLE
(Clasen Repollés et al., 2025).
While HM1D does not include all the physical mech-

anisms that could have caused the seismicity during
Stage 3 of the Utah FORGE 2022 stimulation (namely
tensile and aseismic crack development), the results of
the pseudo-forecast tests clearly show that addingmore
physics can provide a better forecast. It is worth not-
ing, however, that the model requires a very large num-
ber of parameters, which in real-time would not be triv-
ial to estimate with a global inversion. The model was
developed by Clasen Repollés et al. (2025), bearing in
mind the applicability in real-time, hence the inversion
approach based on differential evolutionary algorithm
is limited in the parameter space as a global search of
minima would require much longer computation time.
In this sense, we argue that the Stochastic hydrome-

chanical model proposed by Clasen Repollés et al.
(2025) shows great potential in an operational setting,
meeting both the requirements of speed and robust-
ness of the forecast as physics (namely permeability
changes) strongly controls the evolution of flow rate
and pressure, and subsequently generation of seismic-
ity. However, it is important also to note the flexibil-
ity of a PI-ML approach: a future generation of the
model could, for example, embed the same flow rate
model based on a 1Dnumerical implementation includ-
ing permeability changes and it could be extended to a
1D radial profile as HM1D. This would provide a LASSO
model with a better evolution of pressure in space, and
potentially similar forecasting capability as HM1D but
with a strongly reduced number of parameters to cal-
ibrate and hence more flexibility of use in real-time.
However, it is worth mentioning that here we used a
seismicity catalog that went through several manual
and automatic checks (Dyer et al., 2023b). Unfortu-
nately, real-time catalogs often present artefacts that
could strongly affect the forecasting capability of any
model.

6 Conclusions
Our work demonstrates that a comparison between the
stress field, hydraulic parameters, and spatio-temporal
distribution of the seismicity cloud is key to constrain-

ing the triggering mechanism of seismicity. The study
of the seismic response of the reservoir during the 2022
stimulation suggests that most likely a new hydraulic
fracture opened in Stage 3 as a result of high-pressure
injection. Empirical statistical seismicity rate models
were able to adequately forecast the evolution of seis-
micity until the shut-in phase. Afterwards, a better
physics-based understanding is to be integrated into
the models in order to reproduce the observed seis-
mic response. This is possible through machine learn-
ing models, where speed, needed for real-time perfor-
mance, can be combined with assumptions of physical
processes.
We demonstrate that a pathway to adoption of ATLP

based on data-driven and physics-based forecasting
models is now within reach, assuming the entire seis-
micity processing (waveform to catalog) is accurate.
This marks an important step towards improving real-
time risk mitigation strategies and making future EGS
projects safer and more socially accepted.
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