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Key Points 16 

1. New database of paleoseismic events in the central Apennines (PaleoECA_2025)  17 

2. New Bayesian inversion algorithm with joint slip, length and age data (PaleoBayes) 18 

3. Uncertainties must be carefully considered when applying paleoseismic magnitude estimations 19 

to seismic hazard 20 

Abstract 21 

Paleoseismic data provide critical constraints on earthquake recurrence where instrumental 22 

records are limited, but magnitude estimation from geologic evidence requires careful 23 

treatment of measurement uncertainties. We develop a Bayesian method with application to 24 
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the estimation of paleoearthquake magnitudes in the central Apennines, Italy, by jointly 25 

analyzing rupture length (L), slip (S), and age (T) data from field investigations. Our 26 

framework incorporates empirical scaling relationships with their full uncertainty time-27 

dependent preservation probabilities, and physically informed priors. After the calibration 28 

of the best model, our analysis returns magnitude estimates that show agreement with 29 

existing parametric catalogs for some historical and instrumental earthquakes while 30 

revealing systematic differences with other key events. For the 1915 Fucino earthquake, our 31 

result (Mw 6.76±0.07) suggests slight overestimation in past research (Mw ~ 6.8-7.1). The 32 

method demonstrates stable performance across 44 paleoevents reported in a new, freshly 33 

released database (PaleoECA_2025), with credible intervals mostly in the range ± (0.1-0.3) 34 

reflecting measurement uncertainties and preservation bias. We observe that results depend 35 

critically on the chosen scaling laws (tested against, e.g., Wells and Coppersmith 1994, 36 

Leonard 2010). This approach provides a reproducible framework, also publicly available 37 

in the MATLAB software (PaleoBAYES), for quantifying uncertainties in paleoseismic 38 

databases. Discrepancies with some historical estimates highlight the importance of 39 

systematic, uncertainty-aware methods when deriving magnitudes from paleoseismological 40 

data. 41 

Introduction 42 

One of the main challenges in paleoseismology is constraining the age and offset of past 43 

earthquakes to estimate their magnitudes and the earthquake history of active faults. The coseismic 44 

offset and rupture length provide clues about the earthquake’s magnitude (e.g., Wells and 45 

Coppersmith, 1994; Leonard, 2014). This is especially important for silent faults where no 46 

instrumental or historical records are available. However, this process requires caution. Several 47 
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factors, such as secondary coseismic effects or subsequent exogenous phenomena are often 48 

difficult to distinguish from primary faulting. This may cause local exaggerated fault exposure or 49 

obliteration of its plain (Di Naccio et al., 2019; Kastelic et al., 2017). Furthermore, data sampling 50 

is not random but depends on preserving features, offset size, and accessibility issues. Larger 51 

offsets are more likely to be preserved and may be over-represented. To ensure robust estimates, 52 

rigorous statistical methods are required (Carafa et al., 2022; Bird, 2007). The variability along the 53 

strike of earthquake ruptures further complicates the use of single-site data to represent the entire 54 

event. Therefore, it is essential to develop methods that can account for this variability. For 55 

instance, Brozzetti et al. (2019) found that the rupture parameters for the 24 August 2016 56 

earthquake in central Italy are well within the values predicted by the empirical regressions. 57 

However, for the 30 October 2016 event, the maximum and average displacements (Dmax and Davg) 58 

divert significantly, with Dmax much higher and Davg significantly lower than the expected values 59 

from commonly used regression relationships (Wells and Coppersmith, 1994; Pavlides and 60 

Caputo, 2004). On the other hand, the Surface Rupture Length (SRL) approaches the empirical 61 

regressions better than Dmax and Davg. These aspects raise questions about the reliability of the 62 

regressions between magnitude and displacement, as the data used for constructing these equations 63 

may have similar issues. It has also been proven that the simultaneous use of independent 64 

measurements (length of surface rupture and displacement) reduces the estimated earthquake 65 

magnitudes and the associated uncertainty (Biasi and Weldon, 2006; Styron and Sherrod, 2021).  66 

This study aims to enhance the accuracy of estimating the magnitudes of past earthquakes using 67 

field geological data and advanced statistical methods. We explore the probability that an 68 

earthquake of magnitude Mw produces a surface displacement D along a fault with rupture length 69 

L. Empirical relationships exist linking magnitude with both displacement and fault length, and 70 
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these relationships form the basis of our analysis. In the context of paleoseismological data in the 71 

Central Apennines, this region experiences the largest and most frequent earthquakes in the entire 72 

chain (Rovida et al., 2020; 2022). This characteristic has favored neotectonic studies, resulting in 73 

a substantial amount of paleoseismological data, i.e., displacement D, along with their associated 74 

uncertainties and a corresponding range for coseismic rupture length L, also with its uncertainties. 75 

This aspect is fundamental for understanding the relation between the energy released by an 76 

earthquake and the surface deformations. Assuming a tapered Gutenberg-Richter distribution for 77 

the regional seismicity, we want to explore the probability of observing a displacement D and 78 

define in this way a threshold magnitude as a pseudo-completeness of the paleoseismological 79 

catalog.  80 

The target area extends over 100 km along the extensional domain of the central Apennines, from 81 

the Campo Imperatore basin to the Aremogna-Cinque Miglia plain. We accomplish a Bayesian 82 

estimation of the magnitudes of paleo earthquakes that occurred in Central Italy during the last 83 

~25k years by combining multiple measurements onsite of the rupture length, displacement, and 84 

event age. This is based on a priori information, p(M), geological and structural constraints, and 85 

involves the simultaneous use of linear regression laws for rupture length and displacement. In this 86 

way, the rupture length and average displacement values are sampled by its own Probability 87 

Density Function, (p(L|M) and p(D|M)), describing its variability. 88 

Studied area and seismotectonic background. 89 

The central Apennines is one of the most seismically active regions in peninsular Italy. In recent 90 

times, several Mw+ 6.0 earthquake sequences have occurred, including the April 6, 2009 (Mw 6.1) 91 

event and the August-October 2016 sequence (Mw 6.0-6.5) (ISIDe Working Group, 2007; Latorre 92 

et al., 2022). Historical records also document devasting earthquakes, such as those on January 13, 93 
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1915 (Mw 7.1), February 2, 1703 (Mw 6.7), September 9, 1349 (Mw 6.8), November 27, 1461 94 

(Mw 6.5), and July 24, 1654 (Mw 6.3) (Rovida et al., 2020; 2022). Towards the Adriatic side, 95 

seismic activity is moderate. However, regional analyses, including those by Carafa and Bird 96 

(2016), suggest that the deformation in this area is extensional and accompanied by minor 97 

seismicity, which may include the Majella event on November 3, 1706 (MW 6.8). Additionally, 98 

trenching studies have provided evidence of surface coseismic ruptures from the Late Pleistocene-99 

Holocene period (Galli et al., 2008; Galli, 2020; Cinti et al., 2021; Lombardi et al., 2025). 100 

Geological, geodetic, and seismological data consistently indicate an active SW-NE tensional 101 

stress field with an estimated deformation rate ranging from 2.5 to 3.5 mm/year for the extension 102 

between the Tyrrhenian and Adriatic coasts (e.g., Carafa and Bird; 2016, Devoti et al., 2017; 103 

Carafa et al., 2020, Mariucci and Montone, 2024; Carafa and Barba, 2013; Pondrelli and 104 

Salimbeni, 2006). The active Pleistocene-Holocene extension began in the hinterland domain of 105 

the Apennines (Tyrrhenian side) and has since migrated eastward (Lavecchia et al., 1994; 106 

Carminati and Doglioni, 2012; Montone and Mariucci, 2016; Pondrelli and Morelli, 2008). This 107 

extension currently affects a narrow belt approximately 80 km wide that cuts through and is 108 

superimposed on post-Miocene thrusts and folds within the accretionary wedge (Patacca et al., 109 

2008). 110 

The extension of the Apennine crust is accommodated by seismogenic faulting in its brittle portion. 111 

The brittle-ductile transition (BDT) is located at depths greater than 12 to 16 km and becomes 112 

thicker towards the south and east as indicated by seismological studies and catalogs (Frepoli et 113 

al., 2017; Valoroso et al., 2013; Latorre et al., 2023; Chiarabba et al., 2005). In the past decades, 114 

several compilations of Pleistocene–Holocene active faults have been published (Galadini and 115 

Galli, 2000; Carafa et al., 2022; Lavecchia et al., 2022; Faure Walker et al., 2021), primarily 116 
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relying on long-term geomorphic expression, such as half-graben intramountain basins (e.g., 117 

Fucino and Sulmona basins), dislocated Late Pleistocene (<126 kyr)-Holocene breccias, or 118 

cumulated offset since the Last Glacial Maximum. The fault systems, striking from NW‐SE to 119 

NNW‐SSE, consist of high-angle normal and normal-oblique faults (Galadini and Galli, 2000; 120 

Lavecchia et al., 2022; Carafa et al., 2020) as well as inherited structures (Pizzi and Galadini, 2009; 121 

Di Domenica et al., 2012; Porreca et al., 2020) that mainly dip towards SW. A visual representation 122 

of the investigated region is provided in Figure 1. 123 
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 124 

Figure 1: Map of the study area showing the measurement points of paleoearthquakes in the 125 

central Apennines (PaleoECA_2025 database), the surface-active fault traces (SFTD), and 126 

the maximum coseismic rupture length derived by the Fault Sources Database, (FSD) 127 

available in Di Naccio et al., 2025.  128 
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Geological model - input data 129 

We collected coseismic deformation data through a comprehensive review of paleoseismological 130 

and historical records dating back to 1986 (Serva et al., 1986). We excluded data where the offset 131 

measurements were reported as cumulative displacement or slip per event, as these values often 132 

represent an average over multiple ruptures rather than a single event. 133 

The resulting database contains 125 records of individual earthquakes that occurred in central Italy 134 

over the last ~25k years. Each record includes information on the event age, displacement, rupture 135 

length, and associated uncertainties with data gathered from 52 measurement sites along 13 active 136 

faults (Carafa et al., 2020; 2022; Di Naccio et al., 2025). 137 

For each of these 13 active faults, we identified 44 individual earthquake events (En), labeling 138 

them from the most recent (E1, representing the last earthquake) to the oldest one (E7, the 139 

maximum number of events recorded for a given fault). Correlations between events within a fault 140 

system were established only when explicitly stated by the authors, to avoid subjective 141 

interpretation. This cautious approach was adopted despite the availability of several statistical 142 

methods developed in recent times (Ramsey, 2009). These methods either analyze pairs of 143 

overlapping probability curve distributions (DuRoss et al., 2011) or explore multiple correlation 144 

scenarios based on the ranges of event ages (Cinti et al., 2021). In both approaches, the likelihood 145 

of event correlation remains heavily dependent on expert judgment. To mitigate subjectivity, a 146 

recent method has been introduced that accounts for all contributing probability density functions 147 

(PDFs), yielding a mean distribution that serves as the final PDF for that event (Gòmez-Novell et 148 

al., 2023). 149 

Defining rupture length presents its own challenges. Fault scarps often reflect the cumulative effect 150 

of multiple earthquakes, making it difficult to isolate the contribution of individual events. 151 
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Additionally, exogenic processes, as well as the influence of highly urbanized and vegetated 152 

environments, can impact the preservation of these features. For our analysis, we adopted the fault 153 

model developed by Carafa et al. (2022) and Di Naccio et al. (2025) for central Italy. We assume 154 

that the maximum rupture length corresponds to the entire extent of the seismogenic fault. The 155 

minimum rupture length was estimated by measuring the distance between points where the En 156 

earthquake is observed or by analyzing clear ruptures in topography data.  157 

Then, using a probabilistic approach, we estimate the PDF distribution for the offset and rupture 158 

length associated with a new database of 44 paleoearthquakes: indeed, a comprehensive database 159 

of past earthquakes derived from paleoseismological data is crucial for advancing our knowledge 160 

of ongoing tectonic processes, earthquake sources, and seismic behavior, especially where seismic 161 

catalogs are limited. Nonetheless, in studying complex geological processes, it is necessary to use 162 

a solid probabilistic approach that rigorously explores the uncertainties of the model components, 163 

such as throw and age reported in the paleoseismological investigations. Specifically, we 164 

accomplish a Bayesian estimation of magnitudes of paleo-events that occurred in central Italy 165 

during the last ~25k years by combining multiple measurements onsite of the rupture length, throw, 166 

and event age.  167 

Methods  168 

We estimate paleoearthquake magnitudes (𝑀) from field observations of rupture length (𝐿), 169 

average slip (𝑆), and time elapsed since occurrence (𝑇) using a Bayesian framework. A visual 170 

summary of our algorithm is provided in Figure 2.  171 
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 172 

Figure 2: Visual summary of the PaleoBAYES algorithm for the estimation of 173 

paleomagnitudes given the values of the observed rupture length (L), slip (S), and age (T) 174 

from field investigations. 175 

 176 
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The approach begins with Bayes’ theorem, which updates prior beliefs about 𝑀 with new data to 177 

derive a posterior probability distribution. For 𝑛 measurements of a single event in paleoseismic 178 

trenches, the theorem expresses the posterior 𝑃(𝑀|𝐿௜ , 𝑆௜, 𝑇௜) as proportional to the product of the 179 

likelihood of observing the data given 𝑀 and the prior probability of 𝑀. To derive this rigorously, 180 

we start with the joint probability of all measurements: 181 

P(𝑀, {𝐿௜, 𝑆௜, 𝑇௜}௜ୀଵ
௡ ) =  P( {𝐿௜, 𝑆௜ , 𝑇௜}௜ୀଵ

௡ ∣∣ 𝑀 )P(𝑀)                                                                           (1) 182 

where 𝑃(𝑀) represents prior knowledge (e.g., Gutenberg-Richter distribution or uniform for large 183 

earthquakes). Assuming conditional independence between measurements - meaning 𝐿௜, 𝑆௜, and 184 

𝑇௜ for a given 𝑀 are independent - the likelihood factorizes into 185 

𝑃( {𝐿௜, 𝑆௜, 𝑇௜}௜ୀଵ
௡ ∣∣ 𝑀 ) = ∏ 𝑃( 𝐿௜ , 𝑆௜, 𝑇௜ ∣∣ 𝑀 )௡

௜ୀଵ .                                                                                (2) 186 

We further decompose 𝑃(𝐿௜, 𝑆௜, 𝑇௜|𝑀) by separating the time-dependent probability that an event 187 

be detected in paleoseismic trenches after a time 𝑇௜ from the physical scaling laws (𝐿௜ , 𝑆௜|𝑀): 188 

𝑃( 𝐿௜ , 𝑆௜, 𝑇௜ ∣∣ 𝑀 ) = 𝑃( 𝐿௜ ∣∣ 𝑀 )𝑃( 𝑆௜ ∣∣ 𝑀 )𝑃( 𝑇௜ ∣∣ 𝑀 ).                                                                  (3)  189 

Here, 𝑃(𝑇௜|𝑀) simplifies to 𝑃(𝑇௜) = 𝑒ିఒ்೔, as we assume that the probability of detection for large 190 

events is dominated by time rather than magnitude. 𝜆 is a suitable constant depending on historical 191 

and paleoseismic recordings quality, erosion and environmental characteristics supporting offset 192 

preservations over time (see a detailed explanation at the end of this paragraph). Combining these 193 

steps, the unnormalized posterior becomes 194 

𝑃( 𝑀 ∣∣ {𝐿௜ , 𝑆௜ , 𝑇௜ }௜ୀଵ
௡ ) = 𝑃(𝑀) ∏ ൣ𝑃( 𝐿௜ ∣∣ 𝑀 )𝑃( 𝑆௜ ∣∣ 𝑀 ) 𝑒ିఒ்೔൧௡

௜ୀଵ .                                            (4) 195 

The normalized posterior divides this by the marginal likelihood (the integral of  𝑃 over 𝑀), 196 

ensuring probabilities sum to unity: 197 
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𝑃( 𝑀 ∣∣ {𝐿௜, 𝑆௜ , 𝑇௜ }௜ୀଵ
௡ ) =

ൣ∏ ௉൫ 𝐿௜ ∣∣𝑀 ൯௉൫ 𝑆௜∣∣𝑀 ൯௘షഊ೅೔೙
೔సభ ൧௉(ெ)

∫ൣ∏ ௉൫ 𝐿௜ ∣∣𝑀 ൯௉൫ 𝑆௜ ∣∣𝑀 ൯௘షഊ೅೔೙
೔సభ ൧௉(ெ) ௗெ

.                                                      (5) 198 

The likelihood terms 𝑃(𝐿௜|𝑀) and 𝑃(𝑆௜|𝑀) are modeled as log-normal distributions based on 199 

empirical scaling laws: 200 

൜
logL୧ = a୐ + b୐M + ϵL,         ϵL ∼ N(0, σ୐),

logS୧ = aୗ + bୗM + ϵS,          ϵS ∼ N(0, σୗ),
                                                                               (6) 201 

where 𝑎௅ , 𝑏௅ , 𝑎ௌ, 𝑏ௌ are regression coefficients. 𝜎௅ , 𝜎ௌ quantify observational uncertainty and also 202 

consider quadratically, via error propagation, single field measurement. 𝑁(0, 𝜎 ) represents the 203 

normal distribution with zero mean and sigma as standard deviation. Coefficients are retrieved 204 

from Wells and Coppersmith (1994) for normal fault types, from Pavlides and Caputo (2004), 205 

Leonard (2010) for continental regions with dip slip faulting and Thingbaijam et al. (2017) for 206 

further physics-based constraints.  207 

Explicitly, the likelihoods are 208 

𝑃(𝐿௜|𝑀) =
ଵ

ටଶ஠஢ಽ
మ

exp ቀ−
(୪୭୥ ௅೔ି௔ಽି௕ಽெ)మ

ଶ஢ಽ
మ ቁ                                                                                    (7) 209 

𝑃(𝑆௜|𝑀) =
ଵ

ටଶ஠஢ೄ
మ

exp ൬−
(୪୭୥ ௌ೔ି௔ೄି௕ೄெ)మ

ଶ஢ೄ
మ ൰,                                                                                     (8) 210 

representing the conditional probability density function (PDF) of 𝐿 and 𝑆 given 𝑀. Note that we 211 

expect they are log-normal distributed when conditioned on 𝑀. We check the reliability of this 212 

assumption by assessing the performance of the log-normal distribution in fitting the empirical 213 

cumulative distribution function of throws (𝑆) using the Kolmogorov-Smirnov test for three recent 214 

available coseismic datasets with measurements collected just after the occurrence of the Paganica 215 

Mw 6.3 2009, Amatrice Mw 6.2 2016 and Norcia Mw 6.6 2016 earthquakes. The Log-Normal 216 
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distribution performs satisfactorily in competition with the Gamma and Weibull functions and 217 

clearly better than exponentials and power laws. Results are shown in Figure 3.  218 

 219 

 220 

Figure 3: Cumulative probability distributions of throws in the Amatrice (A), Norcia (B) and 221 

Paganica (C) region. The output of the Kolmogorov-Smirnov test (KS) for the fit procedure 222 
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realized using 5 different distributions shows that the Weibull, Gamma and Log-Normal 223 

functions can grasp well the trend of data (from Brozzetti et al., 2019; Nurminen et al., 2022).  224 

 225 

The posterior is evaluated numerically by discretizing 𝑀 into a grid (in our case on the central 226 

Apennines, from 5.0 to 7.5 in 0.01 increments). For each 𝑀௝, the un-normalized posterior 𝑃൫𝑀௝൯ 227 

combines the prior, likelihoods, and preservation weights across all measurements. The 228 

normalized posterior provides a probability density function of the paleoseismic magnitude. It is 229 

typically unimodal, often almost Gaussian when likelihoods dominate the prior function. Its peak 230 

defines the maximum a posteriori (MAP) estimate, while the 95% credible interval quantifies 231 

uncertainty thorough the approximate amplitude in magnitudes of the distribution. Wider intervals 232 

arise from sparse data, conflicting measurements, or older ages (𝑇௜), as ancient evidence is 233 

downweighed by 𝑒ିఒ்೔, where 𝜆 =  0.1  (likelihood set such that only in exceptional conditions a 234 

paleoearthquake can be identified if occurred more than 30-40k years ago) and the time is 235 

expressed in thousand years before present. This approach inherently balances empirical scaling 236 

laws, temporal preservation bias, and observational uncertainty to deliver probabilistic magnitude 237 

estimates. 238 

Best model selection 239 

As a last step, we need to identify the best model combination for the scaling laws utilized in the 240 

Bayesian algorithm among the Wells & Coppersmith (1994), Pavlides & Caputo (2004), Leonard 241 

(2010) and Thingbaijam & al. (2017), and the a priori distribution of large event magnitudes 242 

(uniform or Gutenberg-Richter law). To do it, we introduce the cost function  243 
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𝐶(𝑀, 𝜎; 𝑀௉)  =  ∑
(ெ೔ିெು೔)మ

ఙ೔
మ

ே
௜ ୀ ଵ                                                                                                     (9) 244 

which provides a measure of the ability of each combination of scaling laws to enhance the 245 

performance of our algorithm in reproducing a set of magnitudes (𝑀௜) for known seismic events 246 

(𝑀௉௜) given their uncertainties (𝜎௜). The lower the output of the cost function, the better the model. 247 

In our case, we identify the best model on its performance in reproducing a set of 4 known 248 

magnitudes for which independent parametric and seismological measurements are available, i.e., 249 

Fucino Mw 6.9 1915, Paganica Mw 6.3 2009, Amatrice Mw 6.2 2016 and Norcia Mw 6.6 2016 250 

earthquakes (Valensise and Pantosti, 2001; Rovida et al., 2022). A visual representation in the case 251 

of the Fucino 1915 earthquake is reported in Figure 4.  252 

 253 

Figure 4: Estimation of the magnitude of the 1915 Fucino earthquake using different scaling 254 

laws for rupture lengths and throws (Wells and Coppersmith (1994) in yellow/orange, 255 

Pavlides and Caputo (2004) in marine/blue, Leonard (2010) in aquamarine/green and 256 

Thingbaijam and al. (2017) in red/bordeaux) and large magnitude distributions (uniform - 257 
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right curves - vs Gutenberg-Richter law on the left for each couple). The best model, 258 

magnitude and associated uncertainty are highlighted in red and by the vertical dashed line.  259 

 260 

Based on the output of this procedure, henceforth in the manuscript we assess paleomagnitudes 261 

using the scaling laws for normal faulting earthquakes reported in Thingbaijam et al. (2017) 262 

assuming large magnitudes be distributed according to the Gutenberg-Richter law. 263 

Results and Discussions  264 

In this study, we compiled a dataset of 44 paleo- and historical earthquakes and derived their 265 

magnitude probability density functions (PDFs) using the methodology outlined earlier. The 266 

resulting PDFs (Figures 5–7, Table 1) are generally symmetrical, though not perfectly so, and 267 

exhibit magnitude uncertainties ranging between 0.1 and 0.3. While these uncertainties may appear 268 

substantial, they are reasonable given the multiple sources of error incorporated into our analysis, 269 

including measurement uncertainties in fault throw and rupture length, variability in scaling laws, 270 

epistemic uncertainty in fault property scaling relationships, and the choice of prior magnitude-271 

frequency distribution. 272 

Our magnitude estimates obtained using the scaling relationships of Thingbaijam et al. (2017) and 273 

assuming a Gutenberg-Richter distribution for large Apennine earthquakes with b-value = 1.0, 274 

show broad consistency with parametric magnitude estimations, generally agreeing within 2σ error 275 

bounds. For instance, our estimate for the 1915 Fucino earthquake (Mw 6.76 ± 0.07) seems to be 276 

consistent with recent reassessments (Mw 6.7, Paolucci et al., 2016) rather than earlier, higher 277 

estimates (up to Mw 7.1, Rovida et al., 2020; 2022). However, some results deviate from 278 

expectations - most notably, our estimate for the 2009 L’Aquila (Paganica) earthquake (Mw 5.96 279 

± 0.05) is significantly lower than the widely accepted Mw 6.2-6.3 inferred from seismological 280 

analyses (e.g., Walters et al., 2009). This discrepancy may stem from the limited number of 281 

coseismic surface ruptures measured, which, when combined with the event’s recent occurrence, 282 

could introduce a downward bias in magnitude estimation. 283 
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In the case of the Paganica Mw 6.3 2009 event, the surface expression of faulting was notably 284 

heterogeneous, ranging from warping and open fissures without measurable slip to distributed 285 

offset along synthetic splays (Boncio et al., 2010; EMERGEO working group, 2010). Such 286 

deformation patterns, often indicative of shallow or incomplete slip propagation, are particularly 287 

difficult to interpret. Consequently, the surface geological signal may not reliably capture the full 288 

extent of coseismic slip, leading to an underestimation of the earthquake magnitude. Moreover, 289 

areas with evidence of surface rupture may have gone unsampled, either due to accessibility issues 290 

or environmental conditions, such as dense vegetation, that hindered systematic mapping and 291 

introduced spatial sampling bias. These limitations became even more impactful when dealing 292 

with paleoearthquakes. In many cases, the occurrence of multiple surface-rupturing earthquakes, 293 

postseismic erosion, and the development of angular unconformities obscure the identification of 294 

horizontal events, the estimation of coseismic offset, and the reconstruction of a complete 295 

paleoseismic history. This issue becomes increasingly evident and impactful for more ancient 296 

events, as exogenous processes have had more time to erase geological evidence of past ruptures. 297 

This is the reason why we address this temporal bias accounting for time-dependent preservation 298 

in our inversion. 299 

While recent earthquakes can be studied through target geological surveys that allow reasonably 300 

constrained estimation of surface rupture lengths, despite the logistical and environmental 301 

challenges, this approach becomes significantly less reliable for paleo-earthquakes. Empirical 302 

regressions based on surface rupture length tend to provide more reliable magnitude estimates than 303 

those relying on surface displacement, as also observed for the 2016 Norcia earthquake (Brozzetti 304 

et al., 2019), where the displacement measurement was highly variable and affected by local site 305 

conditions. The inherited variability in surface expression, combined with the poor preservation 306 

potential of coseismic features in unconsolidated deposits, complicates both the recognition and 307 

correlation of paleoseismic events across different sites. To account for this uncertainty, we 308 

adopted two end-member scenarios for each event: the worst scenario, assuming rupture of the 309 

entire fault, and a more conservative alternative constrained by the observed distance between sites 310 

where the same event was recognized and sampled. 311 

The variability among different versions of our model assuming different scaling laws (see Figure 312 

4) underscores the importance of rigorously assessing uncertainties in paleoseismic magnitude 313 
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estimation, particularly when these data are used to inform seismic hazard assessment. Given their 314 

inherent constraints, we emphasize that reliable magnitude estimates using paleoseismic 315 

investigations would require extensive fault trenching and multiple measurements to reduce 316 

uncertainty to a meaningful range (i.e., at least ± 0.5-1.0 magnitude units). Accordingly, we 317 

advocate for the use of at least a 2σ confidence interval when interpreting our magnitude estimates. 318 

Additionally, the completeness of our dataset, although difficult to estimate rigorously, 319 

approximately equal to Mw 6.4 implies that smaller paleoevents (Mw 6+) are likely strongly 320 

underrepresented. Specifically, we identify it as the sharp detection transition highlighted using 321 

the exceedance probability associated with the product of all the probability density functions 322 

(Figure 8). This limitation restricts the utility of paleoseismology for seismic hazard analysis at 323 

least in the context of the central Apennines, Italy, as the mere identification of a paleoearthquake 324 

provides little more information than confirming the occurrence of surface-rupturing events in the 325 

region. Ultimately, precise magnitude estimation remains a significant challenge, particularly 326 

when all relevant sources of uncertainty are properly accounted for - as they must be in any 327 

rigorous assessment. 328 

 329 
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Figure 5: Probability density functions of 16 paleoearthquakes belonging to the 330 

PaleoECA_2025 database. They are estimated assuming the magnitudes of large 331 

earthquakes follow the Gutenberg-Richter law with b-value = 1.0 and the scaling laws for 332 

rupture lengths and throws retrieved by Thingbaijam et al. (2017).  333 

 334 

Figure 6: Probability density functions of 16 paleoearthquakes belonging to the 335 

PaleoECA_2025 database. They are estimated assuming the magnitudes of large 336 

earthquakes follow the Gutenberg-Richter law with b-value = 1.0 and the scaling laws for 337 

rupture lengths and throws retrieved by Thingbaijam et al. (2017).  338 

 339 

 340 
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 341 

Figure 7: Probability density functions of 12 paleoearthquakes belonging to the 342 

PaleoECA_2025 database. They are estimated assuming the magnitudes of large 343 

earthquakes follow the Gutenberg-Richter law with b-value = 1.0 and the scaling laws for 344 

rupture lengths and throws retrieved by Thingbaijam et al. (2017).  345 

 346 

 347 

 348 

 349 

 350 

 351 

 352 

 353 

 354 

 355 

 356 
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Table 1: List of paleoearthquakes with fault code according to Di Naccio et al. (2025) in 357 

column one (see Figure 1 for correspondence). The number of earthquakes (E) are listed in 358 

increasing time; the mean value of the Bayesian probability density function and its 359 

uncertainty expressed as 2𝝈 are reported in the second and third columns.  360 

Fault Code                  Mw         2𝝈 

F0104N E1                 6.20       0.28      

F0104N E2                 6.30       0.28       

F0104N E3                 6.00       0.48       

F0110N E1                 6.16       0.48       

F0110N E2                 6.15       0.48       

F0112N E1                 6.76       0.14       

F0112N E2                 6.95       0.20       

F0112N E3                 6.87       0.48       

F0114N E1                 6.38       0.24       

F0114N E2                 6.49       0.22       

F0114N E3                 6.36       0.48       

F0114N E4                 6.51       0.28       

F0114N E5                 6.39       0.28       

F0114N E6                 6.36       0.48       

F0114N E7                 6.42       0.48       

F0115N E1                 5.70       0.48       

F0115N E2                 5.77       0.34       

F0117N E1                 6.30       0.48       

F0118N E1                 6.02       0.48       

F0118N E2                 6.02       0.48       

F0120N E1                 6.26       0.34       

F0120N E2                 6.35       0.34       

F0121N E1                 5.96       0.10       

F0121N E2                 6.41       0.18       

F0121N E3                 6.41       0.24       

F0121N E4                 6.34       0.28       

F0121N E5                 6.27       0.48       
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F0122N E1                 6.81       0.28       

F0122N E2                 6.55       0.24       

F0122N E3                 6.39       0.24       

F0122N E4                 6.24       0.34       

F0126N E1                 6.37       0.48       

F0126N E2                 6.50       0.48       

F0127N E1                 6.39       0.48       

F0127N E2                 6.43       0.48      

F0128N E1                 6.22       0.28       

F0128N E2                 6.24       0.34       

F0128N E3                 5.98       0.34       

F0128N E4                 6.10       0.48       

F0128N E4 (E4+E5)  6.11       0.48       

F0128N E5                 5.98       0.48       

F0128N E5 (E4+E5)  6.00       0.48       

F0128N E6                 6.00       0.48      

F0128N E7                 6.11       0.48   

 361 

 362 

 363 
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 364 

Figure 8: Frequency-size distribution of paleomagnitudes in the PaleoECA_2025 database. 365 

(A) Survivor function of the summed (blue line) and multiplied (brown dashed line) 366 

probability density distributions of the magnitudes of paleoearthquakes. The product PDF 367 

highlights the sharp detection threshold of the catalog close to magnitude Mw 6.4. It suggests 368 

that most of the occurred paleoseismic events during the last 25k years below magnitude Mw 369 

6.5 are missing in our database. (B) Individual (shaded gray) and summed (red line) PDFs 370 

of the seismic events in PaleoECA_2025. (C) The same exceedance probability in semi-log 371 

scale highlighting a line with negative slope above magnitude Mw 6.4 corresponding to the 372 

right tail of the Gutenberg-Richter law. (D) Histogram of the mean values of the magnitude 373 

PDFs in the PaleoECA_2025 database.  374 

 375 

Conclusions 376 

 In this study, we present a Bayesian probabilistic framework to estimate the probability density 377 

functions (PDFs) of paleomagnitudes through the joint inversion of coseismic surface rupture 378 

lengths (L), slip (S), age (T) and associated uncertainties. Our approach is the first to systematically 379 
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integrate these parameters into a unified magnitude estimation scheme, leveraging a newly 380 

compiled database of 44 paleoseismic events from the central Apennines, Italy (PaleoECA_2025). 381 

Our approach is inspired to the works by Biasi and Weldon (2006) and Styron and Sherrod (2021) 382 

which we extend including the joint Bayesian inversion of the throws, rupture lengths and time 383 

elapsed since the occurrence of the paleoearthquake. We also introduce a more likely prior 384 

distribution of magnitudes (the Gutenberg-Richter law instead of a uniform probability), a rigorous 385 

testing procedure of the best combination of the scaling laws for accurate magnitude assessment 386 

and a precise normalization of posterior probabilities. As a further element of novelty and to 387 

facilitate reproducibility and fostering future research, we also release PaleoBAYES, an open-388 

source MATLab software implementing our Bayesian methodology. 389 

A key innovation of our work is the explicit treatment of epistemic and measurement uncertainties 390 

inherent in paleoseismological data, which are often overlooked in deterministic scaling 391 

relationships. By adopting a probabilistic framework, we account for observational errors in the 392 

field, incomplete preservation of surface ruptures, and variability in slip distributions, providing 393 

more robust magnitude estimates than traditional regression-based methods. Our results reveal 394 

discrepancies with some historical earthquake magnitudes, highlighting the importance of 395 

uncertainty-aware approaches in paleoseismology. For instance, the 1915 Fucino earthquake is 396 

estimated at Mw 6.76 ± 0.07, lower than classical seismological estimates (Mw > 6.8, Valensise 397 

and Pantosti, 2001; Rovida et al., 2020; 2022), but perfectly consistent with other studies (e.g., 398 

Gasperini et al., 1999; Paolucci et al., 2016). These findings highlight the need for caution when 399 

inferring paleoearthquake magnitudes for seismic hazard assessments, as systematic biases can 400 

significantly affect recurrence interval calculations. 401 
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For future works we will deal with the dominant issue of scaling laws calibration: current scaling 402 

relationships are often derived from global or regional datasets, which may not fully capture local 403 

tectonic behavior. New efforts should focus on expanding the Italian paleoseismic database to 404 

refine empirical correlations between rupture length, slip, and magnitude. Also, the elapsed time 405 

since a paleoearthquake influences the preservation of surface evidence in a much more complex 406 

way than modeled in our framework. Our Bayesian approach could be extended to incorporate 407 

erosion and sedimentation rates, further reducing systematic biases. Finally, probabilistic 408 

paleoseismic magnitude estimates, as demonstrated here through their variability, should be 409 

integrated into fault-specific hazard models, particularly in regions with sparse instrumental 410 

seismicity. 411 

This study advocates for progressive transition towards a more reliable assessment of 412 

paleomagnitudes - from deterministic interpretations to quantitative, uncertainty-quantified - 413 

especially when applied to seismic hazard analysis. With PaleoECA_2025 and PaleoBAYES, we 414 

respectively provide a new systematic investigation of paleoseismic events in the central 415 

Apennines and a shared toolbox hopefully contributing to future community-driven improvements 416 

in paleoseismic magnitude estimation. 417 
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