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Abstract. Earthquake ground-motion prediction is critical
for seismic design, risk assessment, and infrastructure re-
silience. Traditional empirical models often struggle to cap-
ture the complex, non-linear physical mechanisms of wave
propagation and site amplification, leading to high aleatory
variability and limited predictive accuracy. To address these
limitations, this study proposes a ground-motion prediction
model for the Italian region based on a Mixture-of-Experts
(MoE) framework, utilizing XGBoost regressors as special-
ized experts. To ensure a robust assessment of predictive gen-
eralization, the model is developed and verified using a strict
event-wise chronological splitting strategy on the ITACAext
2.0 dataset, which effectively eliminates event-level informa-
tion leakage. Compared with empirical ground-motion pre-
diction equations (GMPEs) and baseline machine-learning
models, the MoE-XGB framework achieves superior pre-
dictive accuracy, significantly reducing both inter-event and
intra-event variability across a wide spectral period range.
Beyond statistical performance, we employ SHAP (SHap-
ley Additive exPlanations) analysis to open the “black box”
of the model, demonstrating that the MoE-XGB framework
successfully learns and synthesizes physically sound seismo-
logical relationships, including magnitude scaling, geometric
attenuation, and site amplification. As a high-fidelity founda-
tional predictive engine, the MoE-XGB model provides ro-
bust, physically consistent, and fully decomposed statistical
inputs that serve as a reliable basis for future regional seismic
hazard assessments and performance-based engineering. The
proposed framework exhibits strong transferability and scal-

ability, offering a valuable reference for data-driven ground-
motion prediction in other seismically active regions.

1 Introduction

Italy experiences approximately 40000 earthquakes annu-
ally, with seismic activity affecting over 21 million residents
in high-risk areas across the peninsula. The 2016 central Italy
earthquake sequence caused nearly 300 deaths and billions
of dollars in losses, highlighting the critical role of precise
ground-motion prediction in hazard assessment and risk mit-
igation. With the advancement of urbanization in seismically
active zones and the aging of infrastructure, the limitations
of existing ground motion prediction equations (GMPEs) and
ground motion prediction models (GMPMs) have become in-
creasingly apparent.

GMPEs and GMPMs constitute core tools for modern seis-
mic hazard assessment, providing support for earthquake en-
gineering, emergency preparedness, and urban planning. His-
torically, empirical models have established fundamental re-
lationships between source parameters, propagation paths,
and site conditions. The NGA-West project in the United
States initially proposed five attenuation relations (Abraham-
son and Silva, 2008; Boore and Atkinson, 2008; Campbell
and Bozorgnia, 2008; Chiou and Youngs, 2008; Idriss, 2008),
establishing a benchmark for subsequent research. Based
on Italian strong-motion data, Scasserra et al. (2009) noted
that while Italian data show consistency with NGA GM-
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PEs regarding magnitude and site shear-wave velocity scal-
ing, short-period ground motions attenuate faster; thus, ad-
justments to the constant term, distance attenuation slope,
and fictitious depth term were necessary to improve appli-
cability. Building on this, Bindi et al. (2011) developed a
set of GMPEs for the Italian strong-motion database, cov-
ering magnitudes 4.0 to 6.9 and distances up to 200 km for
horizontal and vertical ground-motion parameters, with stan-
dard deviations between 0.34 and 0.38. However, this model
exhibited large variability in predicting small-to-moderate
magnitude events, indicating its limitations. To further im-
prove the model, Lanzano et al. (2019) revised the ITA10
ground-motion prediction model, extending the applicable
magnitude range to above 6.9 and vibration periods to 10,
using RotD50 as the ground-motion parameter. They intro-
duced fault distance and heteroscedastic variability models,
significantly improving the accuracy of near-field strong-
motion predictions while reducing the standard deviation at
intermediate-to-long periods by approximately 20 %. On this
basis, Michelini et al. (2019) utilized the GMPE of Bindi et
al. (2011), combined with data from the National Institute
of Geophysics and Volcanology (INGV), to develop post-
earthquake damage distribution maps, providing important
tools for post-disaster assessment. In recent years, the in-
troduction of machine learning has opened new possibili-
ties for ground-motion prediction, as it can capture nonlin-
ear relationships and complex interactions that are difficult
to model with traditional parametric methods. Mori et al.
(2022) employed Gaussian process regression (GPR), com-
bining approximately 16 000 accelerometer data points and
46 000 geological and geophysical data points, and consider-
ing stratigraphic and geomorphological conditions, to gen-
erate ground-motion prediction maps with a resolution of
50m x 50m. This method significantly improved the preci-
sion and accuracy of near-real-time prediction; notably, the
GPR model outperformed traditional GMPEs when account-
ing for the significant influence of topographic features and
local site conditions on ground-motion amplification pat-
terns.

Although ground-motion prediction models designed
specifically for Italy have been widely applied (Bindi et al.,
2006, 2014), existing methods still possess significant limita-
tions (Brando et al., 2020; Falcone et al., 2020a). First, these
models are typically developed for a single earthquake type
(mainly shallow crustal events), making it difficult to fully
adapt to diverse source types and complex geological con-
ditions (Agrawal and McCloskey, 2024). This restricts the
ability of models to characterize the diversity of Italian seis-
mic activity and regions where multiple source types jointly
constitute the overall seismic risk, thereby affecting the com-
prehensive assessment of seismic hazard. Second, prediction
accuracy is insufficient; particularly in complex scenarios in-
volving topographic amplification, site-specific effects, and
different source mechanisms, the models exhibit high vari-
ability, limiting their reliability. Furthermore, single-model
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approaches cannot fully leverage the complementary ad-
vantages of different modeling techniques, potentially miss-
ing opportunities to enhance prediction performance through
ensemble methods or expert system architectures. Existing
models are also limited in the scope of their output param-
eters. For example, the machine learning model of Mori et
al. (2022) predicts only limited ground-motion parameters
such as peak ground acceleration (PGA), peak ground ve-
locity (PGV), spectral acceleration at 0.3s (SA T =0.3),
spectral acceleration at 1s (SA T = 1), and spectral accel-
eration at 3s (SA T = 3), failing to provide comprehensive
ground-motion prediction values. This is particularly prob-
lematic for comprehensive hazard analyses, which require
determining multiple ground-motion parameters for differ-
ent structural types and performance objectives; a single out-
put parameter cannot meet the diverse needs of engineering
applications and risk assessment frameworks. Additionally,
due to regional differences in seismic wave propagation, site
effects, and source characteristics, models developed based
on a specific tectonic environment may fail in other regions,
limiting the applicability and robustness of prediction results.
This lack of validation across different tectonic environments
and source characteristics further raises concerns regarding
model transferability and reliability in international applica-
tions. In summary, future research needs to integrate multi-
source data, expand the range of prediction parameters, and
develop more universal and robust models to enhance the
comprehensiveness and accuracy of ground-motion predic-
tion.

This paper proposes a novel mixture of experts (MOE)
framework, employing XGBoost as the expert model, aimed
at addressing the fundamental limitations of existing ground-
motion prediction models and providing comprehensive pre-
dictions for ground motion in Italy. We designed a unified
modeling approach capable of adapting to multiple earth-
quake types and achieving prediction accuracy superior to
traditional single models, thereby providing more reliable
support for seismic hazard assessment. The mixture of ex-
perts model effectively captures the unique characteristics of
earthquakes of different magnitudes by training specialized
expert models based on earthquake data subsets partitioned
by magnitude. To determine the optimal model configura-
tion, we conducted systematic testing on the number of ex-
pert models, and the results indicated that employing three
expert models performed best across multiple evaluation
metrics. Specifically, we divided the optimized dataset into
three categories — small, medium, and large — based on mag-
nitude, and performed Bayesian optimization for each cat-
egory to construct expert models targeting different magni-
tude ranges. This hierarchical optimization strategy enables
the model to better adapt to magnitude-dependent ground-
motion characteristics, thereby significantly improving pre-
diction accuracy across the range of Italian seismic activity
(Wang et al., 2026).

The main contributions of this study are as follows:
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1. Development and validation of the MOE-XGB frame-
work: A ground-motion prediction model based on a
mixture of experts (MOE) framework is proposed, in-
corporating XGBoost as the expert submodel. Through
comparison with the existing GPR model, the signifi-
cant accuracy improvement of this model across multi-
ple ground-motion intensity measures is validated.

2. Application in multi-type earthquake scenarios: Based
on the ITACAext 2.0 dataset (Lanzano et al., 2024),
which has a larger sample size and broader coverage of
earthquake types, the MOE-XGB model was retrained
and evaluated. The results verify the high-precision pre-
diction capability of the model across diverse seismic
scenarios. Comparisons with the existing GPR model
and the traditional Bindi 2017 model demonstrate more
significant improvements in accuracy.

3. Independent testing and generalization capability val-
idation: Through testing on independent earthquake
events, it is further proven that the MOE-XGB model
maintains stable prediction performance when facing
unknown earthquake events, reflecting its strong gen-
eralization capability and robustness.

The significance of the development of the MOE-XGB
model is reflected not only in the improvement of predic-
tion accuracy but also in the innovation of seismic hazard
modeling methods, the deep understanding of magnitude-
dependent prediction strategies, and the practical application
in Italian seismic risk assessment. By overcoming the limi-
tations of existing methods, this study aims to lay the foun-
dation for the next generation of ground-motion prediction
models and to develop a more universal prediction frame-
work applicable to diverse seismic environments. In sum-
mary, the proposed framework exhibits good transferabil-
ity and scalability, offering a useful reference for fusion-
model-driven ground-motion prediction in Europe and other
regions.

2 Data sources and overview

The ITACAext flatfile version 2.0 (Lanzano et al., 2024)
dataset is a crucial resource for ground-motion prediction
research in Italy, containing 52706 records covering 2338
seismic events between 1972 and 2022, recorded by 2294
stations (Foti et al., 2011). This dataset integrates core data
from the ITACAext 2.0 database and supplements small-
magnitude velocity records from under-sampled regions in
Italy (e.g. Liguria, Piedmont, and western Sicily), while also
incorporating network records from neighboring countries
(e.g. France, Switzerland, Slovenia, Albania, and Montene-
gro) to improve the spatial and azimuthal coverage of events.
This study utilizes the SA flatfile, which contains the median
spectral acceleration (RotD50) of the horizontal components
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(5 % damping) and relevant metadata. RotD50 represents the
median spectral acceleration after the rotation of horizon-
tal components; it is calculated by rotating the two horizon-
tal components (north—south and east—west) of the seismic
record, computing the resultant spectral acceleration at all
possible angles, and taking the 50th percentile. It character-
izes direction-independent ground-motion properties and is
widely applied in earthquake engineering and ground-motion
prediction models.

The MORI dataset, compiled by Mori et al. (2026), in-
cludes seismological parameters, geophysical data, and mor-
phological data, which are used for the training of machine
learning models and ground-motion prediction. The seismo-
logical parameters consist of 15779 data points, including
PGA, PGV, and SA at 0.3, 1.0, and 3.0s. These data are
obtained from Italian (ESM, ITACAext 2.0) and European
databases, covering parameters such as moment magnitude
(M), epicentral distance (R), and hypocentral depth (H),
with a focus on shallow crustal events (H < 35km). The
geophysical data characterize site conditions using Vs3p (the
time-averaged shear-wave velocity in the top 30 m), combin-
ing field tests with the Vg30 map from Mori et al. (2020) as
supplementary data (Luzi et al., 2016, 2020). The morpho-
logical data include elevation (k) obtained from the ALOS
World 3D-30m digital elevation model (DEM) and terrain
gradient parameters (hy, hy, hyx, hyy) generated via GIS
ALOS (2021).

Figure 1 clearly shows that the ITACAext 2.0 dataset sig-
nificantly outperforms the MORI dataset in terms of data
density and comprehensiveness. The ITACAext 2.0 dataset
covers a wider range of source depths and magnitudes, and
the data volume far exceeds that of the MORI dataset. There-
fore, we select the ITACAext 2.0 dataset as the primary data
source for developing a ground-motion prediction model ap-
plicable to the Italian region to ensure the robustness and ap-
plicability of the model. Meanwhile, due to its unique data
distribution characteristics, the MORI dataset serves as an
independent test dataset for verifying model performance.

Dataset splitting: After screening, 45 080 valid records are
retained. To prevent information leakage between training,
validation, and test sets, we adopt an event-wise chronolog-
ical splitting strategy. All strong-motion records originating
from the same earthquake (identified by a unique Event-ID)
are assigned exclusively to a single subset. The events are
first sorted by their origin time, and the cumulative record
count is computed along this temporal axis. Split boundaries
are then drawn so that approximately 70 % of all records fall
into the training set, 10 % into the validation set, and 20 %
into the test set, proceeding chronologically from the earli-
est to the most recent event. This ensures that the model is
evaluated on future earthquakes relative to its training data,
mimicking a realistic prospective forecasting scenario.

Figure 2 illustrates the resulting partition using the ITA-
CAext 2.0 dataset. Panel (a) confirms that the three subsets
are temporally coherent: train, validation, and test periods are
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Figure 1. Comparison of data distribution for the ITACAext 2.0 (blue) and MORI (red) datasets.

contiguous in time, and no event is split across boundaries.
Panel (b) reports the pairwise event-ID overlap counts — diag-
onal elements are the number of events in each subset, while
all off-diagonal entries are zero, verifying the strict exclusiv-
ity of the event-wise assignment. Panel (c) further demon-
strates that the three subsets exhibit comparable distributions
of records per event (spanning approximately one to three or-
ders of magnitude on a logarithmic scale), indicating that the
natural heterogeneity of earthquake-event sizes is preserved
across the train/validation/test partitions. Any model perfor-
mance difference across subsets can therefore be attributed
to temporal generalization rather than to a distributional mis-
match in event sizes.

3 Model

The mixture of experts (MOE) model is a machine learn-
ing technique that collaboratively processes complex tasks
through multiple specialized “expert” models; it has per-
formed exceptionally well in the fields of natural language
processing and computer vision in recent years. Given the
nonlinearity of ground-motion data and its spatial hetero-
geneity, this study introduces the MOE framework into
ground-motion prediction, aiming to enhance prediction ac-
curacy and stability.
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3.1 Model overview

The MOE architecture was first proposed by Jacobs et al.
(1991) and has recently been fully utilized in the open-source
large language model DeepSeek. DeepSeek (DeepSeek-Al
et al., 2024) utilizes MOE to achieve efficient training and
inference, enhancing performance and scalability. Its core
concept is “divide and conquer”, where a complex task is
decomposed into subtasks processed by specialized expert
models, and the results are then integrated through a gating
mechanism. In earthquake engineering, ground-motion data
possess high nonlinearity and spatial heterogeneity, making
it difficult for traditional single models to comprehensively
capture these characteristics. This study innovatively applies
the MOE framework to ground-motion prediction, employ-
ing multiple expert models to capture multi-scale features
and dynamically selecting and combining experts through
a gating network. This design enables the model to adap-
tively handle seismic events with different tectonic environ-
ments, magnitudes, and propagation paths, providing a new
paradigm for ground-motion prediction.

To achieve precise prediction of PGA and SA, this study
proposes the MOE-XGB model, which combines the advan-
tages of the XGBoost algorithm and neural networks, as
shown in Fig. 3. The MOE-XGB model enhances predic-
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Figure 2. Chronological event-wise data split for the ITACA dataset. (a) Cumulative record count over time, with dashed lines and colors
separating train (blue), validation (orange), and test (red) subsets. (b) Event-ID overlap matrix verifying strict isolation with zero leakage
across subsets. (¢) Records per event distribution confirming that event-size heterogeneity is consistently preserved across all partitions.

tive performance through collaborative division of labor, re-
solving the difficulty single models face in comprehensively
capturing all information. The model consists of two main
parts: expert models and a gating network. Through abla-
tion experiments comparing the performance of 1, 2, 3, and
4 expert models, it was found that the test results of 3 ex-
pert models performed best across various metrics. Com-
prehensively considering prediction accuracy and computa-
tional efficiency, the number of expert models was finally
determined to be 3. The expert models are based on the XG-
Boost algorithm, which excels at processing structured data
such as earthquake magnitude, focal depth, and Vi3g. This
study assigns three XGBoost expert models to each SA pe-
riod, employing three different parameter settings to capture
diverse data features, ensuring adaptation to various seismic
scenarios. The gating network is a compact neural network
that assigns weights to each expert based on input earth-
quake features. Its processing procedure involves extracting
feature representations g (x) through multi-layer linear trans-
formations and non-linear activation functions (ReLU), and
then calculating the weights w(x) using the Softmax func-
tion. The final prediction is the weighted sum of the ex-
pert outputs, expressed as the base-10 logarithm of the pre-
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dicted value log;,y. The specific implementation is shown in
Egs. (1)-(3):

g(x) = Linears (ReLU(Linear; (ReLU(Linear; X)))) (D)

w(x) = Softmax(g(x)) 2)
K

logp9 =Y [w(g@e) - f1(x)] 3)
k=1

where: Linear; transforms the input dimension to 64 dimen-
sions; Linear, transforms 64 dimensions to 32 dimensions;
Linears transforms 32 dimensions to the number of experts;
x represents the input feature vector; g(x) represents the la-
tent feature representation; wy (x) represents the weight as-
signed to the experts by the gating network; f, (x) represents
the prediction result of the kth expert model; K is the number
of expert models; and J represents the predicted value of the
ground-motion parameter.

This study selects 9 feature parameters, including moment
magnitude, hypocentral depth, epicentral distance, Vg3, sta-
tion elevation, and the latitude and longitude information of
both the earthquake and the station. To provide a complete
and unambiguous specification of the model inputs, Table 1
summarizes the full set of predictors used in the MOE-XGB
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Figure 3. Schematic diagram of the MOE-XGB model structure.

framework, detailing their definitions, physical units, data
sources, and the specific preprocessing steps applied.

Furthermore, the relative roles and physical consistency
of these predictors in controlling the ground-motion predic-
tions are systematically evaluated through a SHAP-based in-
terpretability analysis in Sect. 4.4.

3.2 Bayesian optimization

To enhance the performance of the MOE-XGB model in
ground-motion spectral acceleration prediction, this study
adopts Bayesian optimization to determine optimal hyperpa-
rameters for each expert model, with the objective of mini-
mizing the mean squared error (MSE) of the validation set.
The goal is to generate a unique set of optimal hyperparame-
ters for the XGBoost expert models at each SA period, ensur-
ing parameter diversity through different dataset partitions.
The optimization process begins by loading the ground-
motion dataset, containing 10 features (e.g. moment mag-
nitude, hypocentral depth, and epicentral distance). To gen-
erate hyperparameters targeting different seismic scenarios,

Nat. Hazards Earth Syst. Sci., 26, 3541-3558, 2026

J. Dai et al.: MoE-based ground motion prediction in Italy

f (Determine the Expert ModeD \

.
: i Dataset
|

| T
— —| —Small magnitade— T
¥ earthquake dataset |

L
| |
Moderate magnitude |
| earthquake dataset |

- —

| Large magnitude
I _leathquake dataset

——— =
|
I -
! I
! I
| | I
| 1
| Bayesian Optimization |
T
rm == +-—-——-—————- A
! |
¥ 2 v
| Bayesian 2 | | Bayesian 3 I
Stmall magnitude Moderate Targe-magnitude
earthquake ‘magnitude carthquakes
M <4.0, near-field earthquake M> 7.0, far-field,
\ Soft soil conditions_ \-..405M 510, \.bard soil conditions |

Expert Model 3,

the training and validation sets are classified by magnitude
into three parts: small earthquakes (M < 4), moderate earth-
quakes (4 < M < 6), and large earthquakes (M > 6). These
sub-datasets are combined to form three groups of optimiza-
tion datasets, targeting small, moderate, and large earthquake
scenarios, respectively, to generate corresponding optimal
hyperparameters. Bayesian optimization is conducted inde-
pendently for each SA period, using the validation set MSE
as the objective function, and calculating hyperparameter
performance by training and evaluating the XGBoost model.
The entire process uses only the training and validation sets,
without the test set, thereby avoiding the risk of data leak-
age. Specifically, each optimization iteration explores a pre-
defined hyperparameter search space to control model com-
plexity and prevent overfitting. The explicitly optimized hy-
perparameters and their designated search ranges include the
learning rate (0.01 to 0.3), maximum tree depth (3 to 10),
number of estimators or boosting rounds (100 to 1000), sub-
sample ratio of training instances (0.6 to 1.0), feature sam-
pling ratio per tree (0.6 to 1.0), as well as the L1 and L2
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Table 1. Summary of predictors used in the MOE-XGB model.
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Predictor (Variable Name)  Definition and Unit

Data Source

M Moment magnitude (dimensionless) ITACAext 2.0

H Hypocentral depth (km) ITACAext 2.0

Repi Epicentral distance (km) ITACAext 2.0

V30 Time-averaged shear-wave velocity in the top 30 m (m s~1)  ITACAext 2.0/ Field surveys
h Station elevation (m) ALOS World 3D-30m DEM
Lateq Earthquake latitude (°) ITACAext 2.0

Loneggq Earthquake longitude (°) ITACAext 2.0

Latg Station latitude (°) ITACAext 2.0

Long¢ Station longitude (°) ITACAext 2.0

regularization terms on weights (0 to 10 and 1 to 10, respec-
tively). This comprehensive search ensures that the three ex-
pert models obtain unique, well-regularized hyperparameter
configurations, enhancing the model’s adaptability and pre-
diction accuracy for different seismic scenarios.

4 Results
4.1 Model evaluation framework

To rigorously evaluate the predictive performance and gen-
eralization capability of the proposed MoE-XGB model,
a comprehensive statistical evaluation framework is estab-
lished. This framework is grounded in standard residual diag-
nostics and mixed-effects regression, evaluated strictly under
out-of-sample, event-wise independent testing conditions to
prevent any event-level information leakage and guarantee
unbiased verification.

Predictive performance is first assessed using total resid-
uals. Consistent with the data preprocessing strategy and
the reference empirical models (e.g., Bindi, 2017), the total
residual R, for the sth station recording of the eth earth-
quake event is calculated as the difference between the base-
10 logarithms of the observed and predicted ground-motion
intensity measures (IMs):

Res = 10g10(Y0bs,es) - loglo(Ypred,es) “@

where Yops es represents the actual observed IM value and
Ypred,es denotes the corresponding value predicted by the
model based on the input features.

Furthermore, to align with standard ground-motion predic-
tion equation (GMPE) evaluation protocols, the total resid-
uals derived from the unseen test events are decomposed
into event-specific and site/path-specific components using
a standard mixed-effects linear regression:

Res =c+ne + €5 (5)

where ¢ represents the overall fixed model bias; 7, is the
random inter-event residual capturing the average source-
specific deviation for earthquake event e; and €. is the ran-
dom intra-event residual capturing the site- and path-specific
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deviation for recording s. The random variables 71, and €,
are assumed to be independent and normally distributed with
a mean of zero. Their respective standard deviations are de-
noted as 7 (inter-event variability) and ¢ (intra-event vari-
ability). The total aleatory variability o of the prediction
model is subsequently quantified as:

o =/t +¢? ©)

Based on this mathematical framework, all subsequent
performance metrics, residual scattering distributions, and
aleatory variability spectra are computed and analyzed un-
der strict event-wise independent conditions in the following
subsections.

4.2 Comparison of model performance

To ensure a rigorously fair, apples-to-apples comparison with
the baseline Gaussian Process Regression (GPR) study, the
proposed MoE-XGB model is first evaluated under the iden-
tical benchmark protocol (designated as Track A). In this
track, the 30 October 2016 Central Italy M, 6.5 earthquake
event, which comprises 241 strong-motion station record-
ings, is utilized as the strictly held-out independent test set.
This significant event was entirely excluded from all model
development, training, and cross-validation phases to elimi-
nate any potential event-level information leakage.

As shown in Fig. 4 and Table 2, compared with the
GPR model using an exponential kernel function, the pro-
posed MOE-XGB model exhibits lower RMSE across all
ground-motion parameters. Specifically, MOE-XGB reduced
the RMSE by 12.9 % for PGA, 13.3 % for PGV, 15.2 % for
SA (0.3s), 16.7 % for SA (1.0s), and 17.2 % for SA (3.05s).

To compare the residual performance of the MOE-XGB
and GPR (exponential) models in magnitude—distance space
under a unified standard, we plotted residual comparison fig-
ures. Figure 5 displays magnitude on the horizontal axis;
each subplot corresponds to the residuals of different pre-
diction metrics, including PGA, PGV, SA (0.35s), SA (1.05s),
and SA (3.05s). In the figures, green scatter points represent
the prediction residuals of MOE-XGB, and red scatter points
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Figure 4. Comparison of RMSE between the GPR (exponential) model and the MOE-XGB model across different ground-motion parameters.

Table 2. RMSE performance of different models.

Model PGA (Gal) PGV (cms~!) SA(T =0.3s)(Gal) SA (T =1.0s)(Gal) SA (T =3.0s) (Gal)
GPR (exponential) 0.312 0.303 0.331 0.305 0.293
MOE-XGB 0.273 0.264 0.286 0.257 0.249

represent the prediction residuals of GPR. In this way, we
demonstrate the spatial distribution characteristics of differ-
ent models in ground-motion prediction from multiple di-
mensions, facilitating a more intuitive comparison of their
predictive performance under different magnitude and source
distance conditions.

In the overall statistical results of the five prediction met-
rics (PGA, PGV, SA (0.3s), SA (1.0s), and SA (3.09)),
MOE-XGB and GPR (exponential) exhibit significant differ-
ences in residual distribution. For residuals with an absolute
value greater than 1 (|6] > 1), the proportions correspond-
ing to the five prediction metrics of MOE-XGB are 0.17 %,
0.13%, 0.21 %, 0.08 %, and 0.08 %, respectively, with an
overall average of only 0.13 %; whereas the corresponding
proportions for GPR are 1.27 %, 0.51 %, 0.97 %, 0.59 %, and
0.68 %, respectively, with an overall average of 0.80 %. Com-
pared to GPR, MOE-XGB reduces large residual points by
approximately 83.8 %, demonstrating more robust predictive
capability within the magnitude—distance space.

In the statistics for residuals with an absolute value greater
than 0.5 (|§] > 0.5), the residual proportions for MOE-XGB
are 2.95 %, 2.45 %, 3.80 %, 2.99 %, and 2.53 %, respectively,
with an overall average of 2.94 %; whereas the corresponding
proportions for GPR are 9.66 %, 7.79 %, 9.97 %, 7.46 %, and
7.09 %, respectively, with an overall average of 8.39 %. Ev-
idently, MOE-XGB also possesses significant advantages in
controlling moderate-amplitude residuals, reducing residual
points by approximately 65.0 % compared to GPR.

In summary, MOE-XGB exhibits a more concentrated
residual distribution, with the majority of residuals concen-
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trated in the |§| < 0.5 interval, significantly outperforming
GPR. Combined with the graphical results, it can be fur-
ther observed that the residuals of MOE-XGB are distributed
more tightly around the § = 0 axis overall, while the residuals
of GPR present a wider distribution range and a higher pro-
portion of large residual points. This fully demonstrates that
MOE-XGB possesses more prominent advantages in both
the accuracy and stability of ground-motion prediction.

To comprehensively evaluate the prediction residual char-
acteristics of the MOE-XGB and GPR (exponential) mod-
els under five ground-motion intensity measures (PGA, PGV,
and spectral acceleration at T = 0.3, 1.0, and 3.05s), this pa-
per selected two statistical metrics for comparative analy-
sis: peak density and peak position. Among them, peak den-
sity reflects the degree of concentration of residuals around
zero; a higher value indicates that the model prediction er-
rors are more concentrated. Peak position characterizes the
symmetry of the residual distribution; a value closer to zero
indicates smaller systematic bias. The MOE-XGB model ex-
hibits higher peak density across all intensity measures, indi-
cating a more concentrated residual distribution. Meanwhile,
the peak position of MOE-XGB is closer to zero, indicat-
ing that the model does not exhibit significant systematic
bias. These features are also intuitively reflected in Fig. 6:
the residual distribution of MOE-XGB (top row) is generally
sharper and more symmetrical, whereas the GPR model (bot-
tom row) presents flatter and more diffused characteristics.

In summary, the MOE-XGB model not only possesses
higher prediction accuracy but also comprehensively outper-
forms the GPR model in terms of the concentration, symme-
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try, and stability of residual distribution, demonstrating its
potential advantages in ground-motion parameter modeling.

Table 3. Performance comparison and sensitivity to data splitting

strategy.

4.3 Comprehensive model evaluation Model Validation Strategy RMSE R SD

. MOE-XGB  Record-wise split 0225 0956 0.265
T(? eV.aluate the robustness, scalability, and temporal gener- MOE-XGB  Event-wise evaluation 0347 0844 0338
alization of the proposed MoE-XGB model on a broader Bindi 2017  Event-wise evaluation ~ 0384 0.810 0372
regional scale, the framework is trained and verified using GPR Event-wise evaluation ~ 0.395 0.794  0.391

the expanded official ITACAext 2.0 dataset (designated as
Track B). In this track, model development and hyperparam-
eter optimization are performed directly utilizing the chrono-
logically partitioned training and validation subsets. Follow-
ing this phase, the finalized MoE-XGB model is evaluated
strictly on the held-out chronological test dataset. As estab-
lished in Sect. 2, this test dataset consists entirely of unseen
“future” earthquakes that occurred after the training timeline.
Evaluating the framework exclusively on these chronologi-
cally subsequent events effectively eliminates any potential
event-level information leakage, providing an unbiased veri-
fication of the model’s true generalization capability.

https://doi.org/10.5194/nhess-26-3541-2026

To explicitly quantify the impact of the validation design,
a sensitivity analysis is conducted. Table 3 compares the per-
formance metrics of the models under the previously adopted
random record-wise split versus the new, strict event-wise
chronological evaluation.

As expected, migrating from a random record-wise split
to the strict event-wise split yields a decrease in the apparent
performance of the MoE-XGB model (e.g., the Root Mean
Square Error (RMSE) increases from 0.225 to 0.347, and
the Pearson correlation coefficient (R) decreases from 0.956
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to 0.844). This shift explicitly confirms that random record-
wise partitioning suffers from event-level information leak-
age, which previously led to overly optimistic estimates. By
removing this leakage, the updated event-wise metrics now
objectively reflect the model’s true predictive capacity for
completely unknown earthquakes.

Crucially, as demonstrated in Table 3, even under this
stringent, fully independent event-wise evaluation frame-
work, the proposed MoE-XGB model consistently outper-
forms both the machine-learning baseline (GPR) and the em-
pirical benchmark (Bindi 2017). For instance, the MoE-XGB
model achieves an RMSE of 0.347, which remains signifi-
cantly lower than that of Bindi 2017 (0.384) and the GPR
model (0.395). Similarly, the MoE-XGB model maintains a
higher correlation coefficient (R = 0.844) compared to the
baselines (0.810 and 0.794, respectively), alongside a lower
standard deviation (0.338 vs. 0.372 and 0.391). This rigor-
ous sensitivity analysis explicitly confirms that, although the
absolute metrics have been corrected to reflect true general-
ization, the relative superiority and robust predictive advan-
tages of the proposed MoE-XGB framework remain strongly
supported.

Building upon the performance metrics presented in Ta-
ble 3, the total residual analysis further substantiates the pre-
dictive superiority of the proposed MoE-XGB model under
strict event-wise independent testing. Figure 7 presents the
total residual scatter plots for the three models across differ-
ent spectral periods. Visually, the residuals of the MoE-XGB
model are more densely concentrated around the zero mean,
exhibiting no obvious systematic bias.

Rather than focusing solely on average metrics, it is cru-
cial to evaluate a model’s robustness against severe mispre-
dictions. To quantitatively assess this, we analyze the fre-
quency of large prediction deviations — specifically, instances
where the absolute total residual exceeds 1.0 (which cor-
responds to an order-of-magnitude difference between the
observed and predicted intensity). For the PGA period, the
MOoE-XGB model produces only 71 such large residuals,
whereas the GPR and Bindi 2017 models produce 127 and
131 instances, respectively. This represents significant reduc-
tions of approximately 44.1 % and 45.8 %.

This enhanced capability to constrain extreme prediction
deviations is consistently maintained across the spectral ac-
celeration periods. For SA (T = 0.3 s), the number of large
residuals for MoE-XGB (60 points) is reduced by 53.8 %
compared to GPR (130 points), and by 3.2% compared
to Bindi 2017 (62 points). For SA (T =1.0s), MoE-XGB
yields only 20 such deviations, corresponding to reductions
of 64.9% and 13.0 % against GPR (57 points) and Bindi
2017 (23 points). Similarly, at the long period of SA (T =
3.0s), the MoE-XGB model exhibits a clear advantage with
only 15 large residual occurrences, representing reductions
of 83.5 % and 44.4 % compared to GPR (91 points) and Bindi
2017 (27 points).
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To further investigate the physical consistency of the pro-
posed model and its ability to isolate prediction uncertainty,
the total residuals are decomposed into inter-event (7.) and
intra-event (€,5) components using the mixed-effects linear
regression defined in Eq. (5). Both residual components are
plotted against earthquake magnitude (M) to evaluate source
scaling and statistical decoupling.

Figure 8 illustrates the random inter-event residuals (7,)
across different spectral periods. As formulated in Eq. (5),
1. isolates the average source-specific deviation for each in-
dependent earthquake. Visually, the 7, values of the MoE-
XGB model cluster tightly around the zero-bias baseline, ex-
hibiting a remarkably flat trend line across the entire mag-
nitude spectrum. In contrast, traditional empirical models
like Bindi 2017, constrained by rigid functional forms, of-
ten exhibit distinct upward or downward bias trends at the
lower and upper magnitude bounds. The superior flatness of
the MoE-XGB trend demonstrates that the gating network
effectively optimizes the weights of specialized experts for
different magnitude regimes, thereby eliminating systematic
under- or over-estimation in source scaling.

Furthermore, Fig. 9 presents the random intra-event resid-
uals (e.5) also plotted against magnitude (M). This specific
visualization is designed to verify the statistical decoupling
between the source term and the path/site effects. Ideally,
intra-event residuals — which capture wave attenuation and
site amplification — should be completely independent of
earthquake size. Across all evaluated periods, the €. scat-
ter of the MoE-XGB model exhibits a highly uniform, sym-
metric distribution around zero, maintaining consistent dis-
persion (homoscedasticity) from small to large magnitudes.
This indicates a rigorous mathematical decoupling within
the MoE-XGB architecture: the source information is en-
tirely absorbed by the inter-event term, leaving no residual
magnitude-dependent pollution in the intra-event variance.
Such strict orthogonality further confirms the robust physi-
cal generalization of the framework.

To further validate the statistical properties of the predic-
tion errors, Fig. 10 compares the probability density distribu-
tions of the total residuals for the three models across repre-
sentative spectral periods. In standard ground-motion predic-
tion modeling, residuals are theoretically required to follow a
normal distribution to be compatible with probabilistic seis-
mic hazard analysis (PSHA). Visually, the residual distribu-
tions of all three models conform well to this standard nor-
mal assumption, exhibiting classic bell-shaped curves cen-
tered near zero.

However, a distinct differentiation in predictive precision
is evident from the shape of these density curves. Across all
evaluated periods, the probability density curve of the MoE-
XGB model is consistently taller and narrower than those
of the GPR and Bindi 2017 models. Quantitatively, for the
PGA, the MoE-XGB model achieves a lower standard de-
viation (0.377) compared to the baseline GPR (0.421) and
empirical Bindi 2017 (0.423) models, representing signif-

https://doi.org/10.5194/nhess-26-3541-2026



J. Dai et al.: MoE-based ground motion prediction in Italy 3551
© MOE-XGB @ GPR(exponential) @ Bindi2017
v - 5=t ar e =41 ar e =21 A - 6=1
. N | g 2 ) = 2t | & 2t
2 o CTMMMME T £ of MMM T £ of TR < of RGN
ot < ol ¢ ® Hl < Hl
4 -4 -4 -4
4r e =1 4r S ar R 4 e =41
« 21 P PYTT T I : % 21 Babid i 5 Il TT 2:___“’ NP ﬁ 2 1M s -8 g
£ of MR £ of MO £ of RNy~ < of Comumiilryt
-2t < ot © 2t © 2t
-4 -4 -4 -4
4r e =1 aor 5=+1 ar R S| ar R
2t a 2t ~ 2t = 2}
< H < § ¥ Il . " I 4
S 1111110 = 1111 -t 117111 =t 111/ LT A
-2t < 2t © a2t © 2t
45 35 45 55 55 35 45 55 35 35 45 55 35 35 45 55

Moment magnitude

Figure 7. Variation of residuals with moment magnitude for different models based on the ITACAext 2.0 dataset for PGA and different SA

periods.

icant reductions in prediction dispersion of approximately
10.5 % and 10.9 %, respectively. This pattern of reduced vari-
ance is strictly maintained at longer spectral periods. For in-
stance, at SA (T = 0.3 s), the standard deviation of the MoE-
XGB model is well constrained to 0.358, outperforming GPR
(0.412) by 13.1 % and Bindi 2017 (0.388) by 7.7 %.

A narrower distribution with a higher peak density statis-
tically confirms that the prediction errors of the MoE-XGB
model are more densely concentrated around the mean (zero
bias). This explicitly demonstrates that the proposed frame-
work not only preserves the physical Gaussian assumption
required for downstream hazard engineering but also signif-
icantly reduces the overall aleatory variability (uncertainty)
of the predictions relative to conventional machine-learning
and empirical approaches.

To intuitively demonstrate the practical engineering appli-
cability of the models, Fig. 11 presents a direct comparison
between the predicted response spectra and the actual mea-
sured strong-motion records. To rigorously prevent data leak-
age and evaluate true temporal generalization, we selected
two recent, unseen earthquake events from the strictly held-
out chronological test dataset for this demonstration. The key
physical parameters of these two events, including magni-
tude, source-to-site distance, and focal depth, are detailed in
the subplots of Fig. 11.

https://doi.org/10.5194/nhess-26-3541-2026

As illustrated in the two panels of Fig. 11, the con-
tinuous response spectra predicted by the proposed MoE-
XGB model exhibit remarkable consistency with the actual
ground-truth recordings across the entire period range (from
0.01 to 4.0 s). Through an in-depth comparison across differ-
ent spectral bands, a distinct differentiation in the predictive
capabilities of the models can be clearly observed:

In the high-frequency, short-period region (approximately
0.1-0.5s): Due to local site amplification effects and com-
plex non-linear source mechanisms, actual response spectra
typically generate severe resonance peaks in this interval.
Within this band, the traditional empirical Bindi 2017 model,
constrained by its rigid functional form, fails to adaptively
capture these highly non-linear spectral peak features, result-
ing in obvious overestimation. The baseline GPR model also
deviates from the true spectral shape due to degraded gen-
eralization capabilities on unseen earthquakes. In sharp con-
trast, the prediction curve of the MoE-XGB model is tightly
coupled with the actual strong-motion records in this range,
reproducing the predominant periods and peak amplitudes
with exceptional precision. This holds critical engineering
significance for accurately assessing the seismic demand on
rigid structures and low-rise buildings.

In the mid-to-long-period region (1.0-4.0s): Ground
motion gradually transitions to being controlled by low-
frequency wave propagation and attenuation. In this interval,

Nat. Hazards Earth Syst. Sci., 26, 3541-3558, 2026
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Figure 8. Inter-event residual analysis for different models based on the ITACAext 2.0 dataset for PGA and different SA periods.

the prediction curves of the traditional empirical model and
the standard machine-learning model exhibit noticeable devi-
ations and gaps from the actual records. However, the MoE-
XGB model manages to smoothly and stably trace the natural
attenuation trend of the actual records in this low-frequency
band.

As established in the mixed-effects regression framework
in Sect. 4.1 (Egs. 5 and 6), the total aleatory variability (o)
of the ground-motion models can be decomposed into inter-
event (7) and intra-event (¢) standard deviations. Evaluat-
ing the continuous evolution of these variability components
across the entire spectral period range provides essential in-
sights into the physical interpretability and engineering reli-
ability of the models.

Figure 12 illustrates the period-dependence of these vari-
ability components (o, 7, and ¢ in natural logarithm (In)
scale) for the proposed MoE-XGB model, alongside the GPR
and Bindi 2017 reference models. All MoE-XGB residuals
presented here are computed exclusively from the strictly
held-out chronological test events, ensuring that the reported
variabilities reflect true out-of-sample uncertainty without
any event-level information leakage.

As shown in Fig. 12a, the MoE-XGB model achieves
a significant reduction in the total standard deviation (o)
across almost the entire period spectrum. For instance, at
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PGA (T =0.015s), o is reduced from 0.973 (Bindi 2017) and
0.969 (GPR) down to 0.868 for the MoE-XGB model. This
overall reduction is fundamentally driven by the framework’s
ability to constrain specific variance components. Figure 12b
presents the inter-event variability (7). The MoE-XGB model
exhibits highly competitive performance in modeling source-
specific deviations. While the empirical Bindi 2017 model
performs slightly better in certain intermediate periods (e.g.,
at T =0.3s, T =0.485 for Bindi vs. 0.564 for MoE-XGB),
the MoE-XGB model effectively lowers the inter-event un-
certainty at both short-period and long-period ranges (e.g.,
at PGA, 7 drops from 0.604 for Bindi to 0.599 for MoE-
XGB; at T = 1.0s, from 0.509 to 0.492). This indicates that
the mixture-of-experts gating mechanism is highly adaptable
to varying earthquake magnitudes and rupture complexities
across broad frequency bands. Most crucially, as depicted
in Fig. 12¢, the MoE-XGB model demonstrates a predom-
inant advantage in constraining intra-event variability (¢).
The MoE-XGB model yields significantly lower ¢ values
compared to both the GPR and Bindi 2017 models across all
evaluated spectral periods. At PGA, the MoE-XGB model
achieves a ¢ value of 0.675, massively outperforming the
GPR (¢ =0.796) and the empirical baseline (¢ = 0.816).
This structural decrease explicitly confirms that the inde-
pendent tree-based experts within the framework capture the
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Figure 9. Intra-event residual analysis for different models based on the ITACAext 2.0 dataset for PGA and different SA periods.

highly non-linear geometric spreading and local site am-
plification effects much more effectively than rigid empiri-
cal equations. Ultimately, this substantial reduction in intra-
event variance drives the overall drop in aleatory variability,
translating directly to narrower and more precise confidence
intervals for Probabilistic Seismic Hazard Analysis (PSHA).

4.4 Model interpretability and physical consistency

While the MoE-XGB framework serves as an effective op-
timization of current mainstream machine learning models,
evaluating its physical consistency is equally crucial to en-
sure that the framework captures meaningful seismological
relationships rather than purely data-driven artifacts. To this
end, a global interpretability analysis was conducted using
SHapley Additive exPlanations (SHAP). Figure 13 presents
a composite visualization of the SHAP analysis across four
representative intensity measures: PGA, and spectral acceler-
ations (SA) at T = 0.3, 1, and 3 s. The top row (Fig. 13a—d)
displays SHAP beeswarm plots illustrating the distribution
of feature effects, while the bottom row (Fig. 13e-h) presents
the corresponding SHAP summary bar plots representing the
mean absolute global importance of the predictors.

The SHAP bar plots reveal the relative roles of the pre-
dictors in controlling the ground-motion outputs. Consis-
tently across all IMs, source-to-site distance (Rpypo) and
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magnitude (My) dominate the predictions, aligning with
fundamental ground-motion attenuation principles. Further-
more, the quantitative analysis successfully captures the
frequency-dependent evolution of feature importance. For
high-frequency IMs, distance plays the most critical role;
in the PGA model, Rpypo ranks first with a mean absolute
SHAP value of 0.42, closely followed by My, (0.31). Con-
versely, as the spectral period increases, the global impor-
tance of magnitude expands significantly. For SA (T = 15s)
and SA (T = 35s), M, surpasses Rpypo to become the primary
driving feature, reaching a peak mean SHAP value of 0.42 at
T =3 s (compared to 0.28 for Rhypo). This physically consis-
tent shift reflects the seismological fact that large-magnitude
earthquakes excite proportionally more low-frequency (long-
period) seismic energy. Additionally, spatial parameters such
as station latitude and longitude demonstrate notable impor-
tance, particularly at short periods (ranking third and fourth
for PGA, with SHAP values of 0.11 and 0.09, respectively),
indicating the model’s ability to implicitly capture unmod-
eled regional path or local site effects.

The SHAP beeswarm plots (Fig. 13a—d) further validate
the physical directionality of these learned features. In these
plots, each point represents a single seismic record, with
its color denoting the original feature value (red for high,
blue for low) and its horizontal position indicating the SHAP
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impact on the model output. The relationships learned by
the MoE-XGB model strictly adhere to expected physical
laws across all analyzed parameters. For magnitude (My,),
high feature values consistently yield substantial positive
SHAP values across all periods, demonstrating that larger
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earthquakes correctly drive higher predicted ground motions,
which reflects expected magnitude scaling. Regarding dis-
tance (Rnypo), high feature values representing long distances
cluster strongly on the negative side of the SHAP axis, while
short distances show positive impacts, accurately capturing
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Figure 13. SHAP-based global interpretability analysis of the MoE-XGB model for predicting ground motion intensity measures. The top
row (a—d) displays SHAP beeswarm plots for PGA, SA (T =0.35s), SA (T = 15s), and SA (T = 3s), respectively, illustrating the distribution
and direction of feature effects on the model output (red indicates high feature values, while blue indicates low feature values). The bottom
row (e=h) presents the corresponding SHAP summary bar plots, ranking the global importance of each predictor based on its mean absolute
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the geometric spreading and anelastic attenuation of seismic
waves. In terms of site conditions (Vs3g), lower values cor-
responding to softer soils generally extend into the positive
SHAP region, effectively modeling local site amplification
effects. Conversely, high Vg3 values representing stiff soil
or rock correspond to negative or neutral SHAP impacts, in-
dicating de-amplification. By explicitly mapping these de-
pendencies, the quantitative SHAP analysis confirms that the
MOoE-XGB framework achieves its robust predictive capa-
bilities by correctly learning and synthesizing complex, yet
physically sound, source, path, and site effects across diverse
spectral periods.
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5 Discussion

To explicitly position the proposed MoE-XGB framework
within the current landscape of Italian ground-motion mod-
eling, it is essential to compare its performance with recent
advanced approaches. Table 4 summarizes the methodolog-
ical differences and quantitative residual variabilities (o in
log; units) between our proposed framework and the recent
XGBoost-based model developed by Mori et al. (2026).

As shown in Table 4, Mori et al. (2026) achieved an im-
pressive total residual variability (e.g., 0 =0.294 at PGA)
by employing complex finite-fault distance metrics (e.g.,
Rip, Ry) and high-resolution DEM-based geomorphomet-
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Table 4. Performance comparison and sensitivity to data splitting strategy.

indicator Mori et al. (2026) ‘ This study
XGBoost MOoE-XGB MoE-XGB
(Independent single-event evaluation)  (Chronological regional evaluation)
OPGA 0.294 0.273 0.377
OPGV 0.280 0.264 0.331
OSA(T=0.35) 0.308 0.286 0.358
OSA (T=1s) 0.299 0.257 0.303

ric predictors on a highly filtered subset of 90 major events.
When evaluated under a conceptually comparable baseline —
our strictly independent single-event evaluation targeting the
M,, 6.5 Central Italy earthquake — the proposed MoE-XGB
model yields a highly competitive o of 0.273 at PGA and
0.257 at SA (T = 1.0s), demonstrating its strong predictive
accuracy.

Furthermore, the broader capability of the MoE-XGB
framework is demonstrated through our chronological re-
gional evaluation. While the total variability in this scenario
is numerically higher (PGA o = 0.377), this explicitly re-
flects the massive scale and extreme heterogeneity of the
testing conditions. This evaluation encompasses 1987 highly
heterogeneous events, including a vast number of complex
small-magnitude tremors with inherently high aleatory vari-
ability, evaluated on completely unseen “future” events. Most
importantly, unlike models dependent on detailed rupture
characterizations, the MoE-XGB framework is deliberately
designed to rely exclusively on readily accessible parameters
(e.g., point-source distances and scalar Vg3p). Obtaining ac-
curate finite-fault rupture geometries in the immediate after-
math of a seismic event is notoriously difficult. Thus, relying
on this fundamental predictor subset provides the MoE-XGB
model with a distinct operational advantage for rapid post-
earthquake emergency response and automated ShakeMap
generation. Nevertheless, the findings of Mori et al. (2026)
offer a valuable reference; integrating their advanced geo-
morphometric features into the MoE routing mechanism rep-
resents a highly promising direction to further enhance the
model’s predictive precision without compromising its re-
gional scalability.

6 Conclusions

The MOE-XGB model proposed in this study demon-
strates significant advantages in ground-motion prediction
compared to the traditional GPR and Bindi 2017 models.
Through multiple evaluation metrics, such as RMSE, the R
value, and standard deviation (SD), we verified the superior-
ity of MOE-XGB in terms of prediction accuracy and stabil-
ity. Particularly in the residual analysis of short and long peri-
ods, the MOE-XGB model exhibited more precise and con-
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sistent prediction results under different seismic event and
station conditions. Compared with the GPR and Bindi 2017
models, the prediction residuals of MOE-XGB are smaller,
and across multiple periods, the model can better capture
ground-motion characteristics, displaying strong adaptability
and stability.

Furthermore, this study further verified the generaliza-
tion capability of the MOE-XGB model in various ground-
motion scenarios through intra-event and inter-event resid-
ual analyses. The intra-event residual analysis indicates that
MOE-XGB provides more precise prediction results under
different station conditions for the same seismic event, ex-
cluding the risk of data leakage and ensuring the indepen-
dence and reliability of model evaluation. The inter-event
residual analysis further indicates that MOE-XGB can ef-
fectively handle variations between different seismic events,
demonstrating stronger model consistency and stability.

By validating on the latest ground-motion records in the
ITACAext 2.0 dataset, we ensured that the model still pos-
sesses high prediction accuracy when facing unknown data.
This design avoids the limitations of the dataset, particularly
against the backdrop where the traditional dataset is updated
only until 2022, MOE-XGB demonstrated good adaptability
and performance when facing the latest seismic events.

Overall, the MOE-XGB model exhibits significant advan-
tages by virtue of its excellent predictive capability, stabil-
ity, and high accuracy, especially in practical engineering
applications in the field of ground-motion prediction. Fur-
thermore, high-precision ground-motion prediction models
form the foundation for Probabilistic Seismic Hazard Anal-
ysis (PSHA) (Weatherill et al., 2024) and serve as a cor-
nerstone for assessing future seismic risks. Future research
can further explore the application of MOE-XGB in different
seismic scenarios, especially in complex ground-motion en-
vironments and broader seismically active regions, to verify
its applicability and scalability in a wider range of engineer-
ing problems.

This study proposes a ground-motion prediction model
for the Italian region based on a Mixture-of-Experts (MoE-
XGB) framework. To ensure rigorous evaluation and address
potential event-level information leakage, the model was de-
veloped and verified using a strict event-wise chronologi-
cal splitting strategy on the expanded ITACAext 2.0 dataset.
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The comprehensive statistical evaluation and physical inter-
pretability analysis yield the following primary conclusions:

First, under strictly independent testing conditions on un-
seen “future” earthquakes, the MoE-XGB model consis-
tently outperforms the baseline Gaussian Process Regression
(GPR) and the empirical Bindi 2017 models. By adaptively
routing inputs to specialized tree-based experts, the frame-
work accurately captures both high-frequency peak char-
acteristics and low-frequency attenuation trends, exhibiting
a remarkably tight fit with actual measured strong-motion
records.

Second, mixed-effects residual decomposition confirms
that the MoE-XGB architecture achieves a physically sound
decoupling of source and path/site effects. The framework
significantly reduces both inter-event (r) and intra-event
(¢) variabilities across all evaluated spectral periods. Com-
pared to traditional models, the substantial reduction in
the overall aleatory variability (o) explicitly translates to a
higher concentration of prediction errors around the zero-
bias mean, successfully maintaining the critical Gaussian
distribution assumption. Furthermore, global interpretability
analysis using SHAP successfully opens the “black box™ of
the machine-learning regressor, quantitatively mapping the
physically consistent directional impacts and the frequency-
dependent evolution of magnitude scaling, geometric spread-
ing, and local site amplification.

Finally, while the MoE-XGB model demonstrates superior
predictive accuracy, we explicitly acknowledge that transi-
tioning from a predictive ground-motion engine to a com-
prehensive Probabilistic Seismic Hazard Analysis (PSHA)
workflow involves specific complexities, such as modeling
spatial cross-correlation and extended rupture geometries.
Accordingly, the current framework is proposed as a high-
fidelity foundational predictive engine rather than an im-
mediate, off-the-shelf PSHA tool. Nevertheless, by provid-
ing robust median predictions alongside explicitly decom-
posed 7 and ¢ standard deviations, the essential outputs of
the MoE-XGB model are structurally compatible with stan-
dard open-source hazard engines (e.g., OpenQuake). The
practical feasibility of integrating this MoE architecture into
simulation-based PSHA workflows has already been suc-
cessfully demonstrated in prior operational assessments in
other regions, such as Chile. Future research will focus on
extending the framework to explicitly incorporate complex
rupture geometries and spatial correlation models, ultimately
advancing its full integration into regional seismic hazard and
risk mapping in Italy.

Code and data availability. The
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from https://data.ingv.it/dataset/
404+#additional-metadata (last access: 8 December
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