10

15

20

25

30

Coseismic Surface Rupture Probabilities from Earthquake Cycle
Simulations: Influence of Fault Geometry

Octavi GomezNovell', FrancescoVisini?, José AntonioAlvarezGome?Z, Bruno Pacé, dulian Garcia
Mayordomd

Hnstituto Geoldgico y Minero despafia, IGMECSIC, Madrid, Spain

2 Istituto Nazionale di Geofisica e Vulcanologia, Chieti, Italy

8 Universidad Complutense de Madrid, Madrid, Spain
“Universit”™ Degli Studi AGabriele déAnnunzi oo di Chieti

Correspondence t@ctavi GémezNovell (cgomez.novell@igme.gs

Abstract. Earthquake surface ruptures are a significant hazard for critical infrastructure and society. Probabilistic Fault
Displacement Hazard Analysis (PFDHégesackles-this-hazard-usimnpirical anchumerical models to estimate theface
rupturelikelihood asthefirst componenbf-surface-rupturedlowever, empirical datasets are often incomplete and limited to

few geodynamic settings, reducing their accuracy forsgigzific analyses. Moreover, existing models do not capture the
influence of physical fault parameters, such as geometry, on suifatcee occurrence nor its spatial variabillye usethe

RSQSim rateand-state earthquake simulattir simulate seismicity across twelve alternative geometriestest faulthat
incorporate variations of fault connectivity at depth, dip and fault trace sinuasiting fora systematievaluaton of their

influence ornthe probability of primary surface ruptuend its spatial variability. Our results show that fault geometry is key

in controlling the probability of surface ruptuModelswith fault connectivityat depth and greater fault trace sinuosity yield
higher probabilities than their counterparts. Conversely, disconnected models limit rupture propagation across segments
reducing surface rupture capability in specific fault regidiss study demonstrates the importance of considering fault
geometrywhen assessing seismic hazards and confirms that earthquake cycle simulators offer a rédouséxogeneration

PFDHA models.

1 Introduction

Earthquake surface ruptures are a phenomenon that represents a critical hazard for infrastructures such as pipelines, bridc
and damsandplay a key role in shaping tectonically active landscapes. As such, forecasting the likefianddhe expected

surface displacement are essential components of hazard assessment strategies, especially for critical infrastrustures. This
evidenced by the fact that surface fault displacement hazard is currently well integrated in several international safety
frameworks (e-g-FEMA, 2015; IAEA, 2019, 2021, 2022025 Valentini et al.2025a, 2025

Probabilistic Fault Displacement Hazard Analysis (PFDHA), introduced by Youngs et al. (2003), is a methodology designed

to estimate the likelihood of surface rupture and displacement expected in a site or region. Over time, most PFDHA approache
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have relied on developing new and more updated empirical models that incorporate earthquakénddiféesetst tectonic
environments as they become available (evipss et al., 2013, 2024; Pizza et al., 2023; Takao et al., 2013; Visini et al., 2025;
Yang et al., 2021)

Empirical data shows that surface rupture is generally correlated with earthquake magnitude and, as such, the probability c
damage related to fault displacement at surface increases accordingly with magnitude. However, empirical models still preser
key limitations. First, the earthquake datasets used to derive regressions are geographically sparse and heterogeneou
distributed across regions and tectonic environments. As such, models usually incorporate data from multiple regions, makin
them lessaccurate for sitgpecific purposes. These models, in fact, highlight the importance of incorporating site or region
specific elements like faulting style or soil conditions for the probability of surface rupture. Second, current emmlgtzal mo

do not cansider spatial variability of fault displacement further limiting accuracy irsgiggific applications. Recent advances

have introduced numerical methods into PFDHA (dtammarella et al., 2024Yhese numerical solutions tackle intrinsic
limitations on sitespecific applicability of empirical approaches and do not require empirical earthquake datasets to develop

the regressions.

Despite the empirical models have been and are currently widely used, along with the numerical solutions, they lack the
capacity to incorporate and fully capture the physical parameters that govern fault ruptures and displacement. Intthis contex

physicsbased earthquake cycle simulat@wesngmodetdriven appoachescould improve forecasting capabilities for PFDHA

(e.q.,Valentini et al., 2025b) These simulators are algorithms that incorporate frictional and stress evolution laws governing
the seismic cycle to simulate seismicity in-pliefined fault systems. For one, this allows simulating earthquake ruptures and
rupture patterns consistentlyttviobservations (e.grichardsDingerandDieterich, 2012; ZielkandMai, 2023) For another,

the simulators generate large earthquake catalogues over many earthquake cycles, allowing robust statistical data exploitatic

capabilities for probabilistibased approaches like PFDHRecently,Daglish et al.(2025) developed a novedPFDHA

applicationthat combines for the first time historical earthquake data and phydiesed earthquake cycle simulatidos

evaluate road exposure and vulnerability to fault displacement in New Zehdagetail, the authors use the New Zealand

community fault modelo simulate earthquake ruptures atiuis,to generate fault surface displacement fiéidsn the on

fault simulated displacementshich are then used to evaluate their impact in the road network of the céimirgver,so
farfe-date no study hassednvestigated-the-applicability-earthquake cycle simulatorsdgstematicall\evaluate the impact

of fault-specific parametersuch as multiple realizations of fault geometriey the probability chddressurface rupture

probability-estimatesfor PFDHANcluding their spatial variabilityer-for-assessing-the-impact-of fasftecific parameters
en-such-estimate¥e hypothesize that these simulators can enhance PFDHA by allowing to model the impaespétafirt

characteristics like fault geometry, a more accurate representation of fault ruptures, and the inclusion of many seismic cycle:

to improve statistical representativeness.

In this study, we explore the feasibility of integrating earthquake cycle simulations into PFDHA using RSQSirand rate

state earthquake cycle simula{&ichardsDinger and Dieterich, 2012)Ve examine howariations in fault geometdy
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including segmentation, dip variability, and alestgke trace sinuosity (e.g., fault roughness linked to the traces at the top and
65 bottom of the faulf) affect surface rupture probability on the principal fault. Specifically, we undertake this worlage a ¢
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study at the Mt. Vettore Fault in Central Italy (Fig. 1).



Figure 1. Faul t trace of the Monte Vettore Faulet System ( MVI

compiled in the Central Apennines Database (CAD); FaurdValker et al. (2021). The fault level considers firsbrder
structuresi i.e., fault segment$ that have the potential of rupturing entirely but that have prominent end boundaries

70 that are considered as potential rupture barriers. The base hillshade has been created from the-rhOresolution
TINITALY 1.1 digital elevation model (Tarquini et al., 2023)

The Mt. Vettore Fault is a normal fault in the Central Apennines that was the source of the 261% Gkntral Italy
earthquake. The activity of the fault is geologically well known, with several studies focusing on the characterization of it
surface morphology, paleoseismic activity and seismotectonics Qing. et al., 2019; Galli et al., 2019; Lavecchia et al.,

75 2016; Puliti et al., 2020pespite thisihere is little consensedataon a preferrethe subsurface geometrgodel Dref the fault




is—ceurrenthynotavailablavhich makes it a suitable candidate to explore geometric implications for earthquake cycle models
and to confront ouresults with geological observations in the area.
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Our objectives are: 1) to assess the impact of fault geometry features such as depth connectivity, dip and trace sinuosity ¢
primary surface rupture occurrence; 2) to evaluate the consistency between sinals¢idnprobabilities and existing
empirical and numerical models, as well as with geological observations; and 3) to characterize the spatial varigiility of ru
probability along the fault trace. Our outcomes aim to advance the use of gigstcsmodels in fault displacement hazard

assessments, contributing to a more robust and-$peitific PFDHA methodological framework.

2 Methods and modeling setup

In this section we explain the basic formulation and assumptions of the RSP itator(RichardsDinger and Dieterich,
2012)and the modeling setup followed in the earthquake cycle simulations, including the fault geometric models explored and
the initial parameter selection. We also detail the statistical approaches we conducted during the analyses of the simulatio
outputs taderive surface rupture statistics for each one of the model setups, as well as to compare with observations.

2.1. The RSQSim simulator

RSQSim is an earthquake cycle simulator that employs themdtstate friction (RSF) laws first introduced Byjeterich
(1979) and later works byRuina (1983) Tullis (1988) or Marone (1998)to model longterm earthquake catalogues in

predefined boundarglement fault geometries. In the RSF constitutive law,
T w DOE wae (@)

¢t is the shear stresssisting motion{l is the normal stressy is the steady state friction coefficiehtijs the slip speed/o
is the reference slip speetfis the state variabl®. is the characteristic slip distance, aahdb are the directand evolution

effect parameters of the RSF law, respectively.

In RSF, the relationship betwearandb coefficients(a-b) determines the fault slip behaviofa-b) < 0 implies velocity
weakening behavior, which is observed in most seismic islipe., stickslip. Conversely, &-b)>0 implies velocity

strengthening, which is related to stable slidirige., fault creep.

RSQSim works with discretized fault surfaces in the senBicef(1993)and the stresses are analyzed for each fault element
throughout the whole computation. To model the seismic cycle, RS@8isidersthree state$ healing, nucleation and
seismic rupturé that employ analytical equations to resolve the evolution of stresses, slip speed and the state variable at even
state(RichardsDinger and Dieterich, 2012)
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Although RSQSim is not a fully dynamic rupture simulator, the code incorporates approximations talyteastocs that
allow to model the coseismic phase of the earthquake cycle realistically. These approximations include reduction bf the direc
effect constant of the RSF laain slipping patches and the inclusion of a dynamic overshoot coeffigibitt) replicateshe

dynamic overshodtom fully dynamic rupture simulation&ichardsDinger and Dieterich, 2012)

All these features make RSQSim a strong tool to model not only simulated seismic sequences over many seismic cycles, bi

also to statistically analyze fault rupture patterns and fault interaction in fault systems at the earthquake cycle scale.

2.2. Fault geometry and trace sinuosity

We defined a set of fault plane geometric models that increase complexity in both fault connectivity and dip variability at
depth,andalongstrike trace sinuositfFig. 2). Fault trace sinuosity refers to the curvature of the fault traces at both the surface
and base of the seismogenic thickness, which result in fault plane geometric roughness. We use a detailed fault mesh wi
300mside triangular fault elements to bettapture geometric fault trace complexities. In all models the seismogenic depth

is «t at 12 km, which is consistent with studies in the region (e.g., Lavecchia et al., 2016).

In terms of fault connectivitywe define three levels. The simplest one is based on the segmentation of the Mt. Vettore fault,
as proposed in theault2SHACentral Apennines Databageaure Walker et al., 2021; Fig.. he fault model consists of

four fault surfaces completely disconnected from the top to the bottom of the seismogenic layer and with a constaft dip of 60
(Fig. 2). This model assumes that the obsemsadacesegmentation is preserved at depth. The seconddsgames that the

fault surfaces observed from the segmentation link at deptknat which is constistent with interpretations of the Wittore

by Lavecchia et al. (2016l .ike in the previous model, the dip is constant throughout the whole seismogenic layer at 60°. The
third levelhas the same characteristics as the second aeenin of linkage at depth, but with a listric geometry, from 60° to

30° between 7 and 12 km. The listric geomatrthese depths also consistent with modeling dataltawecchia et al. (2016)

The three levels are referred to @sfor DisconnectedC for Connected constant arid Connected listric, respectively,
througtout the text.

In terms of alonggtrike trace sinuosityve consider four levels to capture the complexity in the fault surface. The first level is
defined by fully linear fault traces at top and bottom, which define fully planar fault surfaces. From the second &vé&sirth |

the surface trace is based on thapped fault trace at surface from the CAD Datalfgige 1), with smoothing to remove
detailsbelow resolution of the 300m fault elements, while the bottom trace changes with different levels of complexity. The
second level considers a straight trace at depth, the third one corsssteosthed fault trace at depth, and the fourth preserves

the surfacdault trace at depthirhe four sinousity levels agefined as increasing numeric values for increasnrged-based

en-thesinuosity ofboththeir top and bottom fault trace. From no sinuosity to maximum sinuosity thesévelsare0, 0.3,




0.6referred-as-Linedinear—TFracdinear,—Tracesmoothand 1Tracetrace respectivelyBy combining all these levelsve
define a matrix of 12 fault models that we explore in our stuay. &Fi
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140 Figure 2. Geometric fault models explored in this study. Columns group models with the same fault connectivity and
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dip at depth, while rows group models with the same fault sinuosity defined by the fadtrface and bottomtrace.
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2.3. Model parameters
2.3.1. Initial stresses

The initial stresses that RSQSim uses for the modeling are the effective normal arstrebsagid, and T, respectively,
related through a st ahieceftheticomnsl awe fOUistgédbn coeffic
through the relationship between the principal stre@ggsand(0d). In an extensional regime, the maximum principal stress

0a follows a gravitational profilgié, = § gz, wherej is the rock density2600 kg/ni in this studyconsidering a lithostatic
gradient of 26 MPa/km in the Amatrice regidmontoneandMariucci, 2020)g is the gravitational acceleration ani$ depth

As such, the minimum principal stre®$ can be derived from the formulations Bipson(1985)
i — )

wh e r e °rinus the dip @ngle in an extensional setting. Followiag et al. (2024)from these equations we can compute

the initial and shear stresses on the fault plane (equ&mmd4, respectively)
Aee —— —— AT (3)
z —— OKjJ )
For this study, the initial stresses are uniform throughout the fault surfaces, computed for a depth equal to the half of the

seismogenic thickness (6 knijhe initial (.0 is set at129.5MPa and the initialJat 45.9 MPa. The friction coefficient

considered is 0.6.

2.3.2. Frictional parameters

Frictional parameters havecansiderable impact on the simulated catalogues with RSQSim, especiadyb)helationship

of the rate and state law. To objectively select the most suitable parameters, we employ a benchmarking method recentl
developed byGémezNovell et al.(2025). This approach ranks the performance of simulated earthquake catalogues by
guantifying their fit to a series of empirical benchmarks, namely earthquake scaling relationshipes stmape of a target

magnitudefrequency distributionvith a-b-value of 1

To find the most suitableset of (a-b) parameters, we run benchmarking tests for the two geometric end members
(DOBisconneted-Linearkinear and L1Listrie-TFraceTrace using an exploration parameter treesulting in 11 models for
each geometric configuratigifable 1). Fronthesebenchmark tests we obtain quality ranks for bgpdlometric endss a
function of @-b). To find the overall best model, we averagéh model rankfor each &-b) combination and select the better
performing one. In tablé we show the resulting ranks of eaehbj combination in a 1 scale ((beingthe best and 1 the

worst). The selected a and b values are 0.001 and 0.004, respectively.
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a b (a-b) D_oDﬁeenneeted _1@enneeted Final Rank
Linear-Linear listric Frace-Trace (mean)
0.001 0.002 -0.001 0.11 0.25 0.18
0.001 0.003 -0.002 0 0.05 0.03
0.001 0.004 -0.003 0.007 0 0
0.001 0.005 -0.004 0.18 0.16 0.17
0.001 0.006 -0.005 0.36 0.41 0.39
0.001 0.007 -0.006 0.23 0.21 0.22
0.001 0.008 -0.007 0.51 0.44 0.48
0.001 0.009 -0.008 0.51 0.38 0.45
0.001 0.01 -0.009 0.24 0.51 0.38
0.01 0.015 -0.005 1 1 1
0.001 0.015 -0.014 0.95 0.85 0.9

Table 1. Benchmarking ranks for the two endmember fault geometric models considering different rateand-state

coefficients (a and b), and the mean final rank for both.

For the remaining input parameters suclVa¥y, d andD. of the RSF law we use the default values defined by RSQSim.

Check the full parameter list of the simulated catalogues in the data repository of this pulflBaati@zNovell et al., 202B).

2.3.3. Fault slip rates

RSQSim requires to prescribe dlgies to each one of the fault elements for the simulation. In this study we use a tapered slip
rate distribution throughout the fault plafieig. 3)to minimize stress singularities at the fault edges generated by the back

slip loading approach that RSQSim employs (Seaw, 2019) Our customized slip rate distributions are tapered in an

elongated concentric shapeross the whole faultonsidering that the maximum slip rate is reached towards the bottom half

of the seismogenic thickness (betwee® 8m), following the example fronbelogkos et al. (2023Unlike Delogkos et al.

(2023, ourslip rate distribution is taperestross the whole fauibhstead of thdault segmentor several reasongirst, to

ensure consistency across models and avoid large differences in slip rate distributions between disconnected and connect

cases, which could introduce variability between catalogues and olssgeilg geometryrelated effectsSecondto better

test the control ofault geometry. That igo better test whether the observatiability patterns irslip alongstrike (e.qg.,

generalslip reduction at the fault segment tigge section 4)4£an emerge in our models from fault geometry alone, rathe

11



than from a prémposed slip rate profilefhird, toguarantee€onsisteny with higher order structurngecausedespitethe Mt.

Vettore fault is segmented, it is widely red@ad as a single fault structure in literatuseeFaureWalker et al., 2021).

We-alsoensure that surface slip rate in the central part of the trace is consistent with the geological slip rates derived from
surface studiei the central part of the fatiltaround 0.9nm-yr?, which is theupper bound of the minimum slip rqfeousse
190 Beltran et al., 2022)Fig. 3b)

The average slip ratef all fault elements i€ mm-yr®. This value is the median between the lower and upper bounds of the
minimum and maximum slip rates estimatedAmusseBeltran et al. (2022)espectively: 0.6 1L.4mm-yr: (0. 7 + 0. 2/ 1

mm-yrtand 1.20.2mm-yr?). SupplemenfiguresS1 andS2show the input slip rate data considered for each model.
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Figure 3. a) Slip rate distribution on the fault plane for the two endmember models of fault connectivity and sinuosity

195 explored in this study. b) Downdip slip rate distribution for the same endmember models as in panel (a). Each grey




200 2.4. Simulations

RSQSim models are run for 100,000 simulated years, of which we analyze only the last 50,000 years to ensure that the initi

stresses have evolved sufficiently from the initial conditions and that the earthquake cycle has stabilized. We also perform

magritude completenesanalysis to remove earthquakes below that magnitude following the maximum curvature approach,

and we also remove events that involve less than 10 fault elements. This is done to ensure that the rupture process of tl
205 simulated events isell resolved and thus the analyzed magnitudes are those thatfgsthineempirical relations (e.g., see

Zielke andMai, 2023)
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2.5. Catalogue analysis

The probabilities of surface rupture are obtained by filtering the catalogue data on the fault elements located atthe surfac
analyzed with respect to the data registered throughout the whole fault. The likelihood of surface rupture is compaited for th
whole fault as the quotient between the number of evemghitudem equal to a reference magnitudle(m=M) reaching

the surfacexnd the total number of eventsroEM occurredin the fault(light grey and dark grey histograms, respectively in
Figure 4a)Surface ruptures are accounted regardless of the number of surface fault elements involved or Thein sl

compute theonditional probability of surface rupture fm=M atthe whole fault by fitting a logistic regressitmthe discrete

data pointsasintroduced byYoungs et al. (2003)

0 — (5)

where P is the conditional probability of primary surface rupture aaartib are the fit coefficients of the regressiomt to
be confused with the RSF law coefficients.

We also analyze the probability of surface rupture variations along strike. For each fault element ansudacgpute the
ratio between the number of events o€ affecting that patch and the total number of eventa@ in the whole fault. In
figure 4b the dotted line is the number of event:@¥1 in each patch at the surface along strike, while the red line represents

the total number of events fmCM in the whole fault (reported as a line for better visualization).

For the different surface rupture probability analyses, we use different magnitude thresholds. Regressions are computed fc

Mw &4.0 to ensure all magnitudes are considevigtout biasing the regressions, including those with lower probability.

Along-strike surface rupture probabilities are computed for ®6v0 as these magnitudes have larger probability of surface

rupture andthus ensureabetter visualization of the spatial variabilggtterns along strikend the effect of fault segmentation.

We compare the regressions of surface rupture probability with theieshpurves for normal faults in the Great Basin by
Youngs et al. (2003and worldwide normal faults bRizza et al. (2023)and the numerical curves for normal faults by

Mammarella et al. (2024ronsidering th@hingbaijam et al. (201Acaling equations and sigpecific inputs for our study

14



240

area: a seismogenic depth of 12+1 km, a dip angle of 60+5° and the hypocentral depth ratio of Italian normal fawdts (i.e., pe
of hypocentral depths at around 67% of the seismogenic depthi)lzBemarella et al. (2024pr details on input parameters.

The analysis of the catalogusgerformed for their entire 50,000 year length as well as for shorter time windows to capture
potential variability in the earthquake rafese section 3.2l probabilities computed in the paper refer to primary surface

rupture on the principal fault; modeling secondary faulting ofafft deformation is beyond of our scope.
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Figure 4. Method to calculate the likelihood of surface rupture for discrete magnitudes in the a) whole fault and b)
along-strike in a given simulated catalogue. In panel (a)he likelihood of surface rupture is computed as the ratio
between the number of earthquakes of magnitude M rupturing the surface at any fault location and the total number
of events of that magnitude M occurring anywhere in the fault (rupturing the surfae or not). In panel (b), the
probability of surface rupture is computed for each fault element at surface and along strike using the same ratio as

for the whole fault but considering all magnitudes m equal or larger than a given magnitude threshold M (O M) .

2.6. Comparison with observations

We quantitatively compare the outputs of the simulations with surface geological observations of coseismic slip distribution
of the largest main shock of the 2016 earthquake seq@dastober N 6.5; Chiaraluce et al., 201 8nd thecumulative
throw for the past 18 kyr (approximately the age of Mie Vettorefault scarp in the Central Apenninduliti et al., 202
To do this, we assign each field measurement to the nearest surface fault element in the model. If multiple measurements fe

within the same element, their values are averaBedause each fault model has a slightly different geometry and mesh

16



255 configuration, the assignment of field data points to fault elements can vary, leading to small differences in the andeismic
cumulative throwprofiles.

The coseismic slip distribution of the 206, 6.5 earthquakebtained from the SURE 2.0 datab@¥erminen et al., 2022)
is compared against the reirfaceslip distributions along strike for all simulated earthquakes with magnitudes compatible

with the 2016 coseismic magnitudeiven that the maximum magnitudes ) of the simulated catalogues not exceed

260 M, 6.6 (seedetails insection 3.1.3)we use th€016 magnitudéo\We select such magnitudes followitige condition: Max
0.10M  Ogo1éwt 0.1.

The cumulative throw along strikis obtained fronthe measurements reported Byliti et al. (2020pn the main fauland

compared against trramulative throwof all events oMO5.5that rupturethe surface in the simulatiorBecause RSQSim

computes the net slip of earthquakes in the dip direction on all fault elements, we convérethemfault throw considering
265 the dip of the elements in the fault model (60°).

In both cases, the agreement between simulated values and observations is evaluated using the mean absoluteierror (MAE

i.e., the average of the differences between model and observation.

3 Results

In this section we describe the madsultsfrom the simulated catalogues as well as the results from the probability of surface
270 rupture analyses

3.1. Observations on the simulated earthquake catalogues
3.1.1. Agreement with scaling relations

As afirst step and to ensure optimal performance of the simulated earthquake catalogues for the different fault medkls explo
we analyze how well the simulated cataloguestchthe predicted values of the rupture asessmic moment scaling

275 relationship byLeonard (2010jor normal faults. Figure 5 shows the analysis for the two geometric end members analyzed
for the modelparametrizationD0Biscennected-linedinear and L1.Connected-listrictracrace. The analysis for the

complete set of geometric models can be fourfijire S3.

Figure 5 shows thatll models have a good agreement with the scaling relationship thesithulated events fall within the
two standard deviation range dietrelationship. The agreement between model and empirical data improves in higher

280 magnitudes (higher rupture areas) with most events faliogndthe mean value of the scaling relationship. This behavior is

17
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linked to the better numerical resolution of the fault rupture process for higher rupturéhateéagolve a largenumber of
fault elementgZielke and Mai, 2023)
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Figure 5. Rupture areai_seismic moment scaling relationship from the simulated catalogues of the two enmmber

models of fault connectivity and sinuosity explored in this study, These scaling relationships are plotted together with

3.1.2. Hypocenter depth of the earthquakes

We analyze the hypocenter depth of the earthquakes in the simulations for earthquak€s5f M The hypocen
distribution isprimarilyprimarly influenced by the geometric assumptions, particularly fault connectivity at depth. Significant
changes in earthquake nucleation depth happen between the disconnected and connected models, regardless of the fault
variability (constant or listric). Ithe disconnected models, hypocenters show a depth distribution closely correlated with the

slip rate depth distribution, peaking at around 9 km (Fig. 3b and Fig. 6). Conversely, in the connected models, hypocente
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depth is less influenced by slip rate and more by the connection depth of the fault segments, with a peak located8etween 7

km, corresponding to the linking depth of the segments.
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Regarding sinuosity, its influence on the depth hypocenter distribution is weaker than fault connectivity, but stilleoticeab
Introducing fault sinuosity increases the number ofevept®®5 s hal | ower than the peak of
an effect that is more evident in connected models than the disconnectedfamemdels with surface fault sinuosity,

increases irtrace sinuosity at the seismogenic depéad to a more balanced, smoother, hypocenter depth distribution

km)

Depth (

Depth (km)

Depth (km)

Depth (km)

0.0 2.5 5.0 0.0 2.5 5.0 0.0 2.5 5.0
EQ density le—4 EQ density le—4 EQ density le—4

Interestingly, the listric fault dip slightly reduces shallower nucleations of smaller magnitudes betywe&n0MFig. 6).
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The dashed curve corresponds to the empirical hypocentral depth distribution for extensional faults in Italy from
Mammarella et al. (2024.

We compare the hypocenter degthtribution of the simulations with the probability density function (PDF) of the empirical
hypocenter depth distribution for normal faults in Itélgm Mammarella et al. (2024(Fig. 6). The hypocenter depth

distributions modeled are generally consistent with the empirical ones for all models. Among those, the connected models
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especially those with listric geometiy) ; show the best agreement, with coincident peak hypocenter depths between 6 and 9
km.
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The same observations apply for the hypocenter depths of smaller magnitude earthigMaikes (see figure 8), implying

thatthe control of geometry in earthquake nucleation depth affects all magnitude ranges.

3.1.3. Magnitudefrequency distributions and maximum magnitudes

The magnitude frequency distributions (MFDs) of the simulated catalogues show a clear impact of the fault geometry into the
shape of the MFDs and earthquake frequency. The shape of the MFDs is primarily controlled by the fault sinuosity. In the
depthconneted models, the earthquake frequency decreases with decreased sinuosity, up to almost one order of magnitud
between engnember sinuosity models (Fig. 7a). For instance, itCtmnected-constaniodel, the number of MO4 events

drops from around 12,00events to 3,000 between theuosity level fracetraceand Olinearlinear models, respectively.
Moreover, decreasing sinuosity deviates the MFD shape from a GutdRiobtgr to a characteristic shape, with a pronounced
event deficit in the middle magnitude range (from4/b to 6). Conversely, in the disconnected models, the impact of sinuosity

is more limited. The shape of the MFD remains invariable with a slight characteristic geometry, while earthquake frequency
decreases modestly with decreasing sinuosity. For irestémcM,04 the earthquake number changes from 10,000 to 8,400

in thelevel ltracetraceandOlinearlinearmodels, respectively.

The maximum magnitude is directly proportional to the fault connectivity at depth and inversely proportional to fautly sinuosi
The connected models (baflzenstant-difandLlistric) yield higher Mhax values overall compared to the disconnected ones,

with values varying from M 6.4 to around 6.6 in the connected models, apd®bN to 6.46 in the disconnected (Fig. 7b).
Among all models, theconnected-listriones are those with higher magnitudes ald.5, which is expected given that the
available areéor rupture is larger. Contrarily, fault sinuosity results in a decrease of 0.1 to 0.2 magnitude units between end
member modelss(nuosity levels Brearlinearandliracetrace of a same depthonnectivity model (Fig. 7b). Such sinuosity
introduces roughness to the fault surfaces that might attenuate stress transfer and rupture propagation, decreasied the expec

maximum magnitudes.

For comparison, we evaluated whether the maximum magnitudes of the simulated catalogues reachSteafthquake
produced by the Mt Vettore fault. None of the disconnected models reach the observed magnitudeisihe inearlinear
model yields the highest Mxamong themat-M,, 6.46. In theCeonnected-constant-dmodels, only the two with lower
sinuosity,-COlinearlinearand C0O.3racelinear produce events comparable to the 2016 earthquake, withvisllues of M,
6.59 and 6.51, respectively. In contrast, all sinuosity modéieintistric categoryreach or exceed the magnitude of the 2016

event.
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3.2. Probability of surface rupture
3.2.1. Regressions of surface rupturprobability for the whole fault

Earthquake surface rupture probabilities are magnitiegendent, increasing accordingly with increasing magnitude.
However, the probability of surface rupture is independent of the number of earthquakes occurred in the analyzed period
Figure 8 shows the variation in total earthquake rate (i.e., the sum of earthquake rates across all magnitude bing) over eque
length time windows along the catalogue, as a function of earthqueiaeerupture probability. The figure demonstrates that
periods with higher arthquake productivityof a given magnitud® meaning a higher number of earthquake® not
necessarily correspond to higher surface rupture probabititieatmagnitudebin. In other words, surface rupture probability

is primarily controlled by earthquake magnitude, not by how many events occur in a given time window.
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Figure 8. Rateindependent probabilities of surface rupture for the two enémember geometric models. The catalogue

is split into 18 kyr-long sub-catalogues resulting from moving 18 kyslong time windows throughout the whole 50 kyr

of the catalogue. Each sulzatalogue from a timewindow is colored by the logarithm of the total earthquake rate (M
365 04.0) for that whole time window.

We fit logistic regressions to the magnitegfeecific likelihood of surface rupture data points (see figh&! for data points

used to fit the regression3he logistic regressior{§ig. 9)quantify the influence of fault connectivity and sinuosity on surface

ruptureprobability. As shown in Table 2, the regressions for each model are expressed by the regression caeéfficibnts
370 (intercept and slope, respectively; not to be confused with the rate and state friction law coefficients), the coéfficient

determination¥and the pvalue indicating statistical significance.

The regression analysis shows that earthquake magnitude is a statistically significant predictor of probabilitg ofigtunfac
across all fault geometric configurations exploreddfuesO 0 . .OMRreover, texpresses the quality of the fits, which show

good fit values ranging from 0.5 to 0.7 depending on the fault geometric model, but most frequently between 0.6 and 0.7.

375
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Model Sinuosity a a error b b error r2 p-value

Okinearlinear -30.4 133 53 2.3 0.7 0.02
DB q 0.3Fracelinear 255 111 46 20 0.7 0.02
0.6Fracesmooth 258 115 46 2.1 0.7 0.03
1Tracetrace -19.6 84 35 15 0.6 0.02
Okinearlinear 220 95 37 16 0.7 0.02
CConnected 0.3Fracelinear -153 59 28 1.1 0.5 0.01
eonstant 0.6hracesmooth 197 7.6 36 1.4 0.6 0.01
1Tracetrace 282 121 51 2.2 0.7 0.02
Okinearlinear -19.7 8.0 34 14 0.6 0.02
LCennected 0.3Fracelinear 222 86 40 15 0.7 0.01
hstrie 0.6Tracesmooth 215 85 38 15 0.6 0.01
1Tracetrace -31.3 137 55 2.4 0.7 0.02

Table 2. Logistic regression coefficients a and b, respective errors, coefficient of determinaticrand p-value of each

model explored in the study.

For all models, wrface rupture probability regressions (Fig. 9) show a sharp increase bé&tw&ahand\V,, 6.0. AboveM,,

6.0, nearly altupturesreachthe surface, while beloM,, 5.0, fewer than 1i®0%do.

380 Surface rupture probabilities are largely impacted by geometry, both in terms of fault connectivity at depth and sinuosity.
Disconnected models generally give more negative intercepts and higher alapéb ¢oefficients of the regressiansot to

be confused with GutenbeRichter distribution paramet§rsvhich means that surface ruptures in these configurations require

larger magnitudes. Connected models, especially those with constdt)digenerally show less negative intercepts and

lower slopes, indicating that connectivity facilitates lower magnitudes to rupture the surface.
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level Omodels as reference, i.e., each line is the result of subtracting fleeel 0Omodel from the corresponding sinuosity

model.

Fault sinuosity also plays a key role in surface rupture probabilities. For a same connectivity level, the models Wiithout fau
trace sinuosity (i.e.level Ginearlineal) consistently return lower surface rupture probabilities for the range,o5-§
compared to the models with sinuosity (Fig. Jhis observations especiallyapparentn theconnected models, where the
surface rupture probability differences between sinuosity end members can exceed 0.3 B-&@aMye (Fig. 9b). Increasing

fault sinuosity also results in steeper regression sldpesdfficients; table 2) in the connected models, thus shifting and
narrowing the range affected by these differences towards larger magnitudes. For instandeésdnitheted-constant-dip

group, theCliracetrace model yields higher slopes than th@linearlinear (b coefficients) increasing from 3.7 to 5.1,
respectively. Contrastingly, the disconnected models show smaller differences regardless of their sinuosity, with maximum
variation in predicted probabilities between sinuosity end members around 0.1 (Fig.i®Buddests that fault sinuosity has

a secondary role en segments are disconnected at depth.
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When comparing equal sinuosity levels (FE§S5 in the Supplement we identify that considering fault trace sinuosity,
always returns higher probabilities in the range @f9vb (0.1-0.2 differences in probability) for thecernectednodel-with
censtant-dipConversely, when removing sinuosity\el Ginearlineal), theDdisconnectethodel returns higher probabilities
(differences up to 0.3 in probability), whileconnected-consta@nd Leonnected-listrianodels produce nearly identical
regressions (differences <0.05 in probability). This behavior is reflected in the logistic coefficients, Wwitlttmornected

linearlinear model being the one with the highest slope5(34), while in the connected counterparts the highest slopes are
for the sinuosity level fracetracemembers (e.go= 5.5 in theLeonnected-listrianodel). Moreover, introducing fault dip
variability slightly dampens probability of surface rupture for thg 346 range in the models with sinuosity. This results in
probability reductions up to 0.15 and by a shift in the regressions towards larger magnitudessSgyjcas shown by more

negativea regression coefficients (Table 2).

Hypocenter depth, governed by the geometric assumptions of the models, is the principal cause for changes in surface ruptu
probabilities.In the connected models, introducing fault trace sinuosity increasdsribigyof shallow nucleations of larger
magnitude eveni@round M, 6), which explains the higher surface rupture probabilities and steeper logisticasgi@sosity
increasegFig. 6). Conversely, lower sinuosity models nucleate smaller magnitudes in shallower locations, which results in
flatter logistic slopes and more gradual increases in probability. In the disconnected models, the relative invariability in
hypocenter depth distutions explains the convergence in their regressions regardless of their geometry. In addition,
introducing fault dip variability at depth slightly reduces the density of shallower nucleations, which shifts the regression

slightly towards larger magnitudes; that is, surface rupture becomes more likely only for larger magnitude events.

In summary, the larger impacts in the regressions are related to the consideration of fault trace sinuosity (espewadly the o
surface) and with the linkage of fault segments at depth together. Considering both parameters consistently returns highe
suface rupture probabilities for the M-6 range and steeper regression slopes compared to considering just one. In contrast,
removing surface trace sinuosity or introducing listric geometry in connected models reduces surface rupture probabilities.

while varying sinuosity of the fault at the base of the seismogenic depth has a limited impact on these probabilities.

3.2.2. Spacevariable surface rupture probabilities

Figure 10 shows the surface rupture probabilities along strike for all the models explored in this study a@ifor M v e n't s

those with higher chance of surface rupture according to the regressions (Flie §kometric connectivity of the faults at
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depth has the largest control on the spatial distribution of the surface rupture probabilities along fault &Sgutringthat

435 fault segments are disconnected at depth results in kpagialrupture probabilities compared to the connectedlels.
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DisconnectedD, models show peak probabilities from 0.45 to 0.52, depending on the sinuosity. In contrast, connected models
show probabilities ranging from 0.67 to 0.88, and from 0.62 to 0.91 faicthenected-constaahdL connected-istritnodels,

respectively.

The disconnected assumption implies a large control of the segmentation on the spatial variability of the surface rupture
probabilities. This configuration generates regions along the fault, like the Mt. Porche segment (Fig. 10) where psobabilitie
are close to zero. This indicates that the disconnected geometry does not favor the generation or propag@t®n odM i n  t |
segment. Conversely, the connected models produce higher surface rupture probabilities and showtakeatisgibution

that tapers toward the fault tips. This pattern mirrors the slip rate distribution (Fig. 3), which is not obsemned for

disconnected model.

Regarding theeffect of sinuosity, this parametdras little influence on thepatial distribution of the probability in the
disconnected modelHowever in the connected models the relationship between surface trace and bottaigtificantly
impacts this distributiorAmong theCeonrnectedonstanandL connectedistric scenarios, theinuosity level 0.8acelinear

configuration yields the highest spatial probabilitiesis is attributed to a higher proportion of shallow nucleations (<7km;

peak of hypocenter depth) of earthquakes®™ 6 . 0 levelrD.3rbchl@ear models (Fig. 6). These shallow nucleations

might be réated to the fact that, in this fault model, the sinuosity increases sharply from the linking depth of the segments (at
7km) toward the surface. Conversely, thiauosity levels 0.6racesmooth and liracetrace—medelsshow more gradual
sinuosity changes, which might reduce the generation of shallow large magnitude nucleations, thus lower spatial probabilitie:
(Fig. 10).

While the influence of sinuosity on spatial probabilitidéfers from the trends observed in theagnitudedependent
regressionslescribed in section 3.2.hoth approaches provide complementary insigBfstial probabilities aggregate all
events with magnitudes equal toalyove thegiven thresholdNly O ,®ffering an estimate of where a large event is more
likely to rupture. Converselyregressions are evaluated for discrete magnitude dndsindicate how surface rupture
probabilities scale with individual event magnitudes. This means that, unlike the regressions, the spatial probabiiitfes not
correlate with earthquake nucleation depth but also with the magnitude range above tioédtheggured by the catalogue

(i.e., the numbenof earthquakes with magnitudes above that threshold). Therefore, for models with similar predominant
nucleation depths (i.esinuosity levels 0-3racelinearto liracetracein both Ceennected-consta@mnd Leonnected-listric

configurations) those with larger (i.e., lower sinuosity) will show higher spatial probabilities.
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4 Discussion

In this section we discuss the implications of considering different geometric fault models into the simulated stdlistics of
earthquake catalogues. We also discuss the agreement of our simulations with observations as well as their methodologic
applicabaility to PFDHA.

4.1. Impact of fault geometry on the earthquake catalogues

Fault geometry plays a key role on the characteristics of the resulting simulated earthquake catalogues. The deptty connectivi
assumptions primarily influence the earthquake nucleation depth; while disconnected models nucleate earthquakes primaril
following the depthvariable fault slip rate distribution prescribed to the models, the connected models primarily nucleate

earthquakes at the depth where the fault segments merge. The sinuosity, on the other hand, favors shallower larger magnitu

earthquake nucleations in models with depth connectivity.

Delogkos et al. (2023)ecently investigated the impact of variable fault geometries and slip rates on simulated RSQSim
earthquake catalogues and found outcomes consistent with those in ouFstuzhe, thg show howpre-imposing variable

slip rate distributions, tapered toward the fault edges, enables a more realistic modeling of hypocenter depth distribution.
anotherthey demonstratéhat increasing fault complexity (e.g., through the inclusion of antithetic structufeslt trace
sinuosity not only promotes shallower earthquake nucleathn also results in a more distributed hypocepéttern across

depth, rather than aingle dominant nucleation levelOur models exhibit these same features. In addition, the depth
distributions of more complex models (i.e., connected and with sinuosity) show better agreement with empirical déstribution

from Mammarella et al. (2024tompared to simpler configurations (Fig. 6).

In terms of earthquake catalogue statistics, we observe that the explored geometric features imply large differggces in M
and MFD shape. Higher connectivity generally increases thg dde to the larger available rupture areas and a reduction in
rupture segmentation barriers. In this context, there are models, especially the disconnected ones, that fail to reproduc
magnitudes observed in the system, such as the Mt Vettore 2QB5Mearthquake. This discrepancy indicates that the
disconnected models underperform in terms gfMompared to their connected counterparts, and could serve as a criterion

for assessing fault metplausibility in the region.

Sinuosity, on the other hand, tends to reduce thg b acting as a frictional barrier that can inhibit slip and preclude full
growth of large earthquakes over the entire f@ikterich and RichardBinger, 2010) This explains why smooth faults yield
characteristic MFDs, while rough or geometrically more complex faults produce MFDs closer to a Gefcliemg(e.g.,
Delogkos et al., 2023pieterichandRichardsDinger (2010)already observed that fault roughness progressively shifts the
characterist peak to shorter integzvent times and increases the rates in the magnitude gap between théapoarat the
characteristic domains of the MFD. However, fault roughness alone does not fully overcome the tendency towards

characteristic behavior, as we also observe in our results. According to the authors, other model parameters such as fract
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segmentation have a stronger impact on aiding this earthquake deficiency, and therefore is a feature that should ine explored
future investigations.

4.2. Geometric controls on surface rupture probabilities

One of the key outcomes of our analysis is that fault geometric assumptions are the primary control on surface rupture
probabilities. Moreover, our findings are transferrable beyond the modeled case because they are independent of the earthque
rate alonghe catalogues.

Hypocenter depth is the key driver of surface rupture probability changes in our models. This observation is consistent with
the conclusions on the numerical approach introduceddiymarella et al. (2024)he authors identified the seismogenic

depth as the main factor controlling the surface rupture probabilities, which controls the hypocenter depth. In lire with thi
the relatively short seismogenic depth in our models, combined with stable nucleation depths, explain why regressions shov
sharpincreases in probability in a relatively narrow magnitude range betwgéralid 6. Shorter seismogenic depths nucleate
shallower earthquakes, favoring the saturation of the seismogenic layer faster and thus allowing ruptures of a same magnituc
to reachthe surface easier than for deeper seismogenic depths.

Another important factor regarding nucleatiorihe locationrelative tothe faultplane The slip ratedistribution tapered to

the whole fault generateslip rate concentrations in the fault segment edges that lead to a significant nuednénaiake

nucleations in these regions (see figurg 8 phenomena that has been widely described in simulStoas/, 2019)However,

the impact of thesearthquakess minimal in the surface rupture probabilities. First, most of these nucleations correspond to

low magnitude earthquakes (M-5), which nucleate atonsistent depths vhitdepth distributions in the reqgion (see figu# S

andrarely generate surface ruptures (Fig. #ay. larger magnitudesWO 5. 0, t hese anomal ous nuc

reduced (Fig. B. Second even though local probability increases at segment boundriged 0)could be linked tdhe few

MyO 6.0 earthguake nucleation at fault edges, these can

segment connection at depguchgeometric controls on nucleation have been previously described in the Mt. Vettore fault.

For instance, Lavecchia et al. (2016) documents that the 2016 Mw 6.0 Amatritgueke nucleated at an inEgment

zone, where two fault segments link at depth. Thaxein if surface rupture probabilities alesimike are slightly affected by

anomalousarthquake nucleatioim a full PEDHA applicatiorthe fault displacement hazard is ultimately driven by the slip

recorded in each sit@ur models show that both coseismic and cumulative throw taper toward segment edges (Figs. 11 and

12) independently of nucleation location, suggesting that localized incifageface rupture probability are unlikely to bias

fault displacement hazard.

Fault geometry, especially trace sinuosity and segmentation, also has a critical impact on earthquake rupture behavio
Geometricoughnessck asaphysical barrier that affeshow ruptures propagae.g.,DieterichandRichardsDinger, 2010;
Zielke andMai, 2025) For instance, introducing fault trace sinuosity in our mobiglderslateral rupture propagation and

instead favors alondip rupture, which raises the probability of surface ruptureimectedtonfigurations. Likewise, fault
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connectivityfavors segmento-segmentrupture propagation. When combined with no sinuosity (eegl Ginearlineal)

surface rupture probabilities are reduced as ruptures are able to propagate laterally, which is not observed for tteedisconne
counterparts that still preserve lateral geometric barriers (segmentation). Similarly, listric fault geometries genarally red
the probabilities of surface rupture in the regressions because the fault area available is larger, requiring largersn@agnitud

reach the surface.

These modeling results are consistent with numerous field observations indicating that fault surface geometry straisgly contro
rupture propagation and slip patteiiesg., Lettis, 2002; Rockwe#ind Klinger, 2013; Rodriguez Padilla et al., 202&pr
example, the recent study BRodriguez Padilla et al. (2024howed that geometrical features, such as®tep width, are

key locations for rupture arrest. This is consistent with the observed drop in surface rupture probabilitie® of 8. 0
earthquakes across the stamer between the Mt. Porche and the Mt. Bove segments (Fig. 10). This agreement between
simulation and observatiomsinforces the reliability of earthquake simulators for characterizing fault rupture behavior at the
surface. In addition, earthquake simulators offer the opportunity to systematically quantify the influence of fault geometric
features on rupture propagation, such as earthquake jump distance as a function of the fault slip. This is an isstib¢hat migh

investigated in the future.

Our results also indicate that surface fault trace geometry has a stronger influsragndndedependentupture probability

thanthe subsurface faulirace. In this sense, constraining fault traces at surface should be prioritized over subsurface traces.
This finding supports recent conclusionsdiglke andMai (2025) who demonstrated homodels witha same surfacéult

trace produce lorterm fault behavior results that anterchangeablesven if their subsurface geometry differs significantly.

That said, fault segment connectivity at depth, especially when paired with surface fault trace sinuosity, remains a dominan

factor controlling surface rupture probabilities in our models and therefore should not be neglected.

The strong influence of fault geometry in earthquake surface rupture statistics contrasts with the frequent lack dsconstrain

on the subsurface geometric features of faults, often very expensive and difficult tolmedgtion frequentchallenges in

the identification of primary fault traces and uncertainties in fault trace loczdinm@lso become a limitation for therrect

characterization of fault geometries and, thus, for the implementatitme @roposed approacho tackle these issu@s a

hazard evaluation contexdxploratory analyses represent the most suitable apprBacimstance,sés noted byZielke and

Mai (2025) exploring multiple realizations of fault geometriescluding fault trace hypothesamay be a practical solution

to account for the epistemic uncertainties linked to the poor knowledge of subsurface fault geometries.
4.3. Comparison with empirical and numerical regressions

Our surface rupture probability regressions are generally closer to those derived from numerical apMaaumesella et
al., 2024)than those fronempricalempicial earthquake datéPizza et al., 2023; Youngs et al., 200@n the one hand,
simulation and numerical approaches generally show steeper slopes than the empirical regressions dspeififault

modeling assumptions. That is, in both approximatibasnodelsre constrainetb a single seismogenic defft2 km),fault
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dimensions and similar hypocenter depth distribution. This is further corroborated by the higher coincidence between the
COeonnected—constarand L Oconnected-listriclinedinear regressions and the numerical regressions. The geometric
considerations of theinuosity level Bnearlinear models are closer to the ones Mammarella et al. (2024where fault
sinuosity is not considered. Interestingly, such a coincidence between regressions is not observéfoschenected

linearlinearmodel probably because thtict fault segmentation limits earthquake lateral growth

On the other hand, empirical regressions are based on mixed datasets of global earthquakes occurring on faults with differel
seismogenic depths, hypocentral distributions and geometries, which may smooth out the regress$ading, déveral fault
systems would return regressiasigserto the empirical oness they wouldesult froma broader rangef tectonic settings
andparametershatdo not change so much in a sinfgelt systemTo prove this, we tested how mixing fault models with
different geometries and seismogenic depths influences the regressions3@eig.We combine the catalogues from six
different geometric models into a unified dataset to better approximatestzatpe(multifault system) analyses in PFDHA.

These models are selected to capturéthedesberadestange of variability in regression behavior (Fig. 9), and we include

two new models with seismogenic depths that differ from those assumed in our study. This analysis shows how mixing fault
models with differenseismogenic depth and geometric considerations generally smoothes out the regression slopes and shift

them toward larger magnitudes, similar to what is observed for empirical regressio8&s)g.

Generally speaking, the regressions of surface rupture we obtain are visibly off the empirical and numerical regression:

available in literature. There are several modeling factors and assumptions that may contribute to this effect.

First, the geometric components explored in this study are a sample of the whole spectrum of potential geometrical
complexities to be combined and explored. Here we focused on fault connectivity argtal@ceomplexities, but smaller

scale variability might also be explored. For instarielke and Mai (2016) demonstrated how incorporating spéatch
geometrical roughnessi.e., roughness at spatial scale below fault element simpacts earthquake behavior in earthquake
rupture simulations. Similarly, exploring the impact of fractal roughnessAifaim et al.(2019)might provide new insights

into fault surface rupture behavior.

Second, the model parameters, namely the uniformity in the initial stresses aaddmstiEe coefficientsalb), are
considerable simplifications. Initial stresses are uniformly distributed throughout all elements in the simulations, while in
reality stresses change at depth (e.g., normal stress increases as a function of depth and is also dependent oedtuid)pore pr
This implies that stress conditions equivalent to 6 km depth are assigned to all fault elements, including near surface. Evel
though in RSQSim the initial stress conditions evdhreughoutthe simulation, these initial conditions affect how ruptures

propagate (e.gLiao et al., 2024)thus how they manifest at the surface.

We assumed uniform stresses to prevent shallominated hypocenter nucleations caused by small stress values near surface
in heterogeneous stress models. As identifiedLiap et al. (2024) heterogeneous stresses would shift the hypocenter

nucleations to unrealistically shallow depths, ultimately increasing the probability of surface rupture for all models. Even
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though deptivariable stresses might yield more realistic fault slip distributions, we decided to prioritize accuracy in nucleation
depth given its impact in our analysis. Building on this idtaghes et al. (2024)sed uniform initial stresses for RSQSim
based tsunami models to avoid shallow nucleation depths of heterogeneous stress models and to ensure more conservat

(higher) wave heights for the hazard assessment, even if their earthquake slip patterns are less realistic.

Similarly to the initial stresses, RSF law coefficients a and b have been assumed uniform for all fault elements wjth velocit
weakening conditionsa(b<0). In nature, however, these coefficients follow depth dependent profiles, with typical regions
near surface under velocity strengthening conditiafs>Q; e.g. Lapusta et al., 2000)Vhile introducing such variability can
improve some catalogue features like the depth distribution of earthquakes (especially when paired withridbleth
stressed;iao et al., 2024and rupture propagation, it would also add complexity to our anaBaiaon the depth variability

of RSFparameterss generally not available in most regions, which would likely require adopting unvalidated assumptions in

the model parametrization.

The roles of stress and frictional parameters are definitely topics to be explored in the future given the demonstriated impac
they have shown in simulated catalogues (&glopgkos et al., 2023; Gomédvell et al., 2025a; Liao et al., 2024s an

example, wénave tested the influence of varyireghl) in the regressiorsf our endmember models used for the benchmarking

tests (see Table 1). 8\bbserve that these parameters hasteoaginfluencein the probabilities of surface rupture (FEpS?

in theSupplement butnotso much irthe shapes of the regressions. In general, more negatdyelécrease the probabilities

of surface rupturey shifting the regressions toward larger magnitutheaddition, the regression variability linked to tlae (

b) variations depends on the fault geometric model; higher indbenected-istrigeometry compared to thetisconnected

(Fig. S9S7). This lower sensitivity to geometric changes in the disconnected model is consistent with the observations made
in section 3.2 Although the(a-b) parameters used in our studye the ones that better matetagnitudearea empirical
relations we underscor¢he importance of constraining these physical parameters where earthquake simulatiomrgudies

conducted

Despite the modeling factors, it is important to remark that part of the misfit between simulated and empirical regessions m
also be linked to observational biases affecting empirical data. That is, surface ruptures with short rupture lengths, smal
displacements or those occurred in remote regions or historical times are more likely to be underreported or missing in

databases. These omissions can ultimately lead to underestimated empirical reg€gssionsuses fdower surface rupture

probabilities in empirical modelsan berelatedto nearsurface soil conditiond=or instancethe presence of soft sediments

uncompressed rocks loose materials can lead to fault offset attenuadimthaccommodation through warping or folding

ultimatelydecreasing the imprint @venrecognition capabilities of surface ruptures

A final limitation is that out study focuses solely onfanlt surface displacements, while distributagturingandoff-fault

deformatiorare importantcomponerg of empirical PEDHA models. While the implementatiorsa€h componenis beyond

our scopeour work can serve as a basis for future work in this direction. For insthac@mulated surface displacements on
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the principal fault can beombined withempirical distributed faulting regressiofes.g, Visini et al., 2025)to develop

probabilistic models of distributed fault ruptures. An example of that is the work by Daglish et al. (2025), where tiey use t

simulated offault displacementt®d scale acroskult displacement based on empirical data on surface rupturing earthquakes.

4.4. Suitability of the models based on observations

We compare how well our models reproduce surface geological observations of the fault to test the suitability of our model
parameters and future applicability PFDHA.

4.4.1. Cosesismic ruptures

We compare thenodeledalongstrike coseismic surface slip distributiond large magnitudeesventswith the observed
coseismic slip of the 2018, 6.5 Mt. Vettore earthquake (Fig. 11Qpverall, thesimulatedcoseismicslip valuesagree with
observations along mosf the fault except inthe southern sectaf Mt. Vettore. In this region, the simulated models
systematically underestimate the slip recorded during the 2016 event, which was described as an anomalously high slip b
several authors (e.d3rozzetti et al., 2019; Puliti et al., 2020; Villani et al., 20I&)e causes for this high surface slip have

been attributed to local fault geometric features such as persistent fault dip irregularities éBrbegttti et al., 2019pll

features that we did not consider in our modeltiher authors have considered also the influence of gravitational processes
on the total slip recorded in this sector of the fault (&g.Naccio et al., 2019)a phenomena that is not considered in
earthquake cycle modeling.

Fault trace sinuosity at surface clearly improves agreemgtthe 2016cosesmic slip observationseeducing the mean
absolute error (MAE) bp0-40% (Fig. 11) Sinuosity generates geometric barriers along fault surfaces that likely attenuate
stress transfer and rupture growth, decreasing earthquake slip at the surface in comparison to the smoother fault surface
Another relevant observation is that sinuosity gates highespatial variabilityi i.e., alongstrike fluctuations in the
coseismic slip distributions compared to the smoother fault models. However, the simulated cosesmic distiileutidas
eventshow overall less dispersion, higher convergence and higher predictability in all models with fault trace sinuosity,
regardless of the depth geometric assumptions (E)g.These findings are consistent with RSQSim simulations performed

by Allam et al. (2019)on fractally rough faults, which established a quantitative link betweenffaatal roughness and
earthquake propertiesich asncreasingcoseismic slip variabilityAll these features are consistent with observations on

earthquake behaviandsuggest that geometrically rougher surfaces might be more realistic in simulatiregh@oseents.
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While thesurface fault tracelays a crucial rolén the coseismic slip response of the modelsjrtigact of thetrace at the

base of the seismogerdepth is more modest, leaving MAE values practically invariable agrodsls; i.e., MAE variations
in the order of <10 cm slifiFig. 11). We observehis behavior beyond the coseismic observatibosinstance e variations
in MFD shape and My, as well as the surface rupture regressions are less significant across models that share the same fau

trace at surface than compared to those that consider a straight fauljwithoeit sinuosity. Such similarities in the
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670 catalogues that share the same fault trace at surface but with varying geometry at depth is a model behasigaithat is

consistent with recent analyses made withMi@Qsim earthquake cycle simulator Eyelke andMai (2025)
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Figure 11. Comparison between the observ urf ismic slip along strike of the 2 ntral Ital

earthquake on the Mt. Vettore main fault (from Nurminen et al., 2022) and the stack of surface coseismic slip profiles
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from simulated events of similar magnitude in the whole 50 kytong catalogue. Each column groups the results of

models with the same connectivity and dip at depth and the rows group models by their sinuosity level. The agreement
between observation and simulations is represented by the mean absolute error (MAE): the average of differences

between the simulated slip values and the observed ones. Lower MAE means better agreement. Along strike distances

are calculated from the NW toSE (see map in figure 1).

Regarding the fault connectivity, we do not observe a significant impact on the agreement with coseismic observations.
However, some models, especially the disconnected ones, fail to reproduce magnitudes in the order of the 2016 event, contra
to the connected counterparts (Fig. 7b). This issue inherently limits the performance of the disconnected models imgeproduci

coseismic behavior.

Our findingson coseismic rupture behavibave importanimplicationsfor both seismic hazard anith particular PFDHA.
The common practice aimplifying faulttraces for modeling purposésemoving fault geometric roughnéssnightlead to
less realisticsimulations of surface displacement. This limitation is especially reldgafifult displacement forecasts in

PFDHA, where capturing the spatial behavior of the surface ruptures is key.

As discussed earliemtroducinglocal scale faulgeometric complexigscould help aid geometric discrepancies observed in
the coseismic slip distributiorad the southern end of the fault (Fig. 1Hpwever, resolving more detailed geometries implies
a much higher faulliscretizatiorlevel that directly translates into higher computational demavidk its translation to more

accurateandrealisticsimulationss not necessarily straightforward.

4.4.2. Cumulative throw

The comparison between simulated and obsecusdulative throwhighlights several important insights regarding model

performance and fault behavior.

In all models, the simulatedumulative throw of MCb.5 eventsfor 18 kyr time windows of the cakague considerably
overestimatethe measured values forost of the fault trageexcept forthe southern sector, where itusderestimated (Fig.

12). The alongstriketrend of thecumulative throws comparable to the simulated one, especially in the stgment regions
where both simulated and obsenaonulative throwdrop. This evidences that the simulations are able reproduce geometric
slip patterns that are observed in these critical regions along fault. Importantlyntesegmentegions control earthquake
surface rupture probabilities, especially in disconnected geometric configurafienfr the coseismic slipthe large
discrepancy in the southern tip of the fahls islikely due to geometric complexities of the fault at depth that have not been

accounted in our mode{see section 4.4.1).

The variability between the simulateand observed¢umulative throw across modeks significantly smallerthan for the
coseismiccase, WithMAE valuesthat vary around 1€415% -between geometric assumptiofisg. 12) Even though the

geometric assumptions of the different models slightly affect the fiutoulative throwobservations, there is no clear
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correlation between model fit and geometric assumptlarfact, cumulative throw is mainly correlated to the intial slip rate
conditions of the model (Fig. 3), which are virtuadlyuaeguallacross all geometric configurations. The tapered shape in the
cumulative throw toward the fault edges replicating that of the slip rate evidences this corfeigtid?). RSQsim employs

the backslip approchin whichthe total amount of slip at the end of the simulatian bepredicted by the product of the slip

710 rate and the catalog lendiissuming all slip is seismic)

Slight variations in the MAE come from geometric assumptions that: 1) might act as local barriersdddslijpor remoing
variability in the cumulative throwcurve accordingly, and 2) chandbe triangularmesh configuration at the surfadbus

changingthefield data points that are assigned to efacift element (see details in section 2.6)

Generallyspeakingcumulative throws a less reliable measurement to confront simulations with because it is subject to long
715 term geologic phenomemmt related to tectonicsuch as erosion or gravitational movements. Erosion is quite important in

the Mt. Vettore region. For instance, the erosive phenomena in the Ussita Valley (northernFsgctir obliterates

geomorphic footprints of lorterm fault activity as recognizable by the lackofmulative throwdata in theprofile (e.g. Puliti

et al., 2020)Gravitational phenomena such as landslides are also present in tmedvigtain setting of the fault, which can

severelymodify tectonic deformatiovidencege.g.,Di Naccio et al., 2019Along this line of reasoning, a large part of the
720 systenatic overestimationfrom the simulatedcumulative throwalong fault can be explained by the absence of erosion

correction in our models, a feature that is beyond the sufapés work

Overall, althouglcumulative throwtrends are partially captured, their value as a modeling constraint is limited due-to long

term geomorphic modification and data gaps. Accounting for geonadrghg.,erosivel  corrections as well as increasing

data sample points in future work would help widen the applicability of geomorphic markers to constrain earthquake
725 simulations. Nonetheless, the impact of this issueasageable our study becausaatchingsingle earthquake (coseismic)

behavior ismore relevantor PFDHA than the longerm cumulativeone
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4.5. Insights on applicability of earthquake simulators to PFDHA

This study demonstrates that earthquake cycle simulators like RSQSim are a valuable tool for advancingrPFiakAth

Daglish et al(2025)- While the current models are implemented for a specific fault system, our methodological approach

provides insights that are transferable to PFDHA applications in general.

First, our simulations produce coseismic slip patterns that are reasonably coherent with observed data on {2046 M
Vettore earthquake.

Second, even though we have omitted toergn geomorphic processes and structural complexities at depth, the cumulative

throw is partially captured by our models atscspatial trends are preserved with respect to observations (e.g., segment limits).
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Third, the hypocenter depth distributions modeled match the regional observations in Italy and demonstrate its colatrolling ro

in the probability of surface rupture, findings that are in agreement with previous numerical approximations.
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Figure 12. Comparison between the measured cumulative throw along the main fault of the Mt. Vettore fault system
745 for the past 18 kyr (from Puliti et al., 2020) and the simulated cumulative throw (MO 5. 5) for 18 kyr
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