Earth Planet. Sci. Lett. 695 (2026) 120308

journal homepage: www.elsevier.com/locate/epsl

Contents lists available at ScienceDirect

Earth and Planetary Science Letters

&PLANETARY
SCIENCE LETTERS

J

A machine learning diagnostic test for nonstationary ETAS aftershock

models

Giuseppe Petrillo®"¢, Luca Dal Zilio (2 %P

2 Earth Observatory of Singapore, Nanyang Technological University, 50 Nanyang Ave, Singapore, 639798, Singapore
b Asian School of the Environment, Nanyang Technological University, 50 Nanyang Ave, Singapore, 639798, Singapore

©CNRS, ENS de Lyon LPENSL, UMR5672, Lyon Cedex 07, Lyon, 69342, France

ARTICLE INFO ABSTRACT

Editor: Dr H Thybo

Keywords:

Statistical seismology
Aftershock sequences
ETAS model
Nonstationary modelling
Anomaly detection
Unsupervised learning

Nonstationary extensions of the Epidemic Type Aftershock Sequence (ETAS) model, in which the background rate
and triggering productivity vary in time, are increasingly used to infer transient post-seismic processes from earth-
quake catalogs. Their flexible parameterization, however, raises an identifiability problem: an improved statisti-
cal fit may stem from parameter trade-offs rather than from a genuine change in the seismic regime. We present
a diagnostic that pairs penalized nonstationary ETAS inference with an independent, model-agnostic anomaly-
detection analysis, and ask whether inferred parameter transients are accompanied by observable changes in
catalog properties. We apply it to the aftershock sequence of the 2025M,, 7.1 Dingri earthquake in southern Ti-
bet, for which independent geodetic and mechanical constraints are available. An empirical-Bayes nonstationary
ETAS inversion, with smoothing weights selected by ABIC, yields time-varying background rate and triggering
productivity, with the strongest variations about 8-10 days after the mainshock. Using an Isolation Forest ap-
plied to temporal, magnitude, depth, and spatial features, we find no coherent anomaly during this interval.
Semi-synthetic experiments that perturb only the temporal occurrence rate, consistent with the temporal ETAS
formulation, together with feature-ablation tests, show that the detector responds primarily to temporal-rate
changes and recovers the injected transient when present. The absence of a corresponding anomaly in the real
catalog indicates that the inferred parameter variations should be interpreted with caution. More broadly, the
results show the value of validating nonstationary ETAS inferences against independent, model-agnostic diag-
nostics.

1. Introduction

into estimates of time-dependent hazard and constraints on fault system
behaviour.

Aftershock sequences are among the most information-rich records
of fault mechanics and post-seismic stress evolution available from seis-
mological observations. The temporal and spatial organization of af-
tershocks reflects a complex interplay between coseismic static stress
changes, dynamic stress perturbations from passing seismic waves, and
a spectrum of post-seismic processes including afterslip (Avouac, 2004;
Lippiello et al., 2019; Petrillo et al., 2020), viscoelastic relaxation (Jagla
et al., 2014a; Jagla, 2014b), and pore-fluid pressure diffusion (Wes-
nousky, 2006; Wang et al., 2012; Freed, 2005; Gentili et al., 2024).
Understanding how these processes govern aftershock occurrence car-
ries direct implications for post-mainshock seismic hazard assessment
and short-term probabilistic forecasting (Gerstenberger et al., 2005; Fal-
cone et al., 2020; Mizrahi et al., 2024). Statistical models of aftershock
clustering play a central role in this effort, providing the quantitative
framework through which observable seismicity patterns are translated
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The Epidemic Type Aftershock Sequence (ETAS) model (Ogata,
1988, 1998) has become the standard statistical tool for characterizing
earthquake clustering. In this self-exciting point process formulation, the
conditional seismicity rate is decomposed into a stationary background
term and a sum of triggering contributions from all past events, with
productivity scaling exponentially with magnitude and temporal decay
governed by the Omori-Utsu law (Utsu et al., 1995). ETAS models have
been applied across a broad range of tectonic environments, from con-
tinental and subduction-zone mainshock-aftershock sequences (Ogata,
1988; Helmstetter and Sornette, 2003; Zhuang et al., 2002; Petrillo and
Zhuang, 2024; Schneider et al., 2025) to earthquake swarms (Hainzl
and Ogata, 2005; Petrillo and Taroni, 2025; Petrillo et al., 2026) and
induced seismicity (Shcherbakov, 2024). Beyond descriptive character-
ization, ETAS has also been used for short-term earthquake forecast-
ing, beginning with the pioneering work of Console et al. (2003), and
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later forming the basis of several operational forecasting approaches
(Gerstenberger et al., 2005; Mizrahi et al., 2024), and its parameters —
background seismicity rate, triggering productivity, and temporal decay
exponents — serve as effective macroscopic descriptors of the seismic re-
sponse to stress perturbations (Helmstetter and Sornette, 2003; Marsan
and Lengliné, 2008).

The classical ETAS formulation assumes that the background rate
and triggering parameters remain stationary throughout the observa-
tion window. This assumption is likely violated in the dynamic envi-
ronment that follows a large mainshock, where transient post-seismic
processes — accelerated afterslip, pore-pressure diffusion, and progres-
sive viscoelastic relaxation — can modulate background seismicity lev-
els over time (Marsan and Lengliné, 2008; Helmstetter and Sornette,
2003). Nonstationary extensions of the ETAS model, in which selected
parameters are allowed to vary continuously with time, have been de-
veloped to address this limitation (Kumazawa and Ogata, 2013; Hainzl
and Ogata, 2005). Such formulations have proved valuable for detecting
fluid-triggered swarm sequences (Hainzl and Ogata, 2005; Petrillo et al.,
2024), characterizing the temporal evolution of post-seismic seismic-
ity (Kumazawa and Ogata, 2013), and identifying transient increases in
background activity that may signal evolving physical forcing. In princi-
ple, time-varying ETAS parameters can serve as indirect statistical prox-
ies for physical processes that are difficult to observe directly.

Despite this interpretive appeal, nonstationary ETAS models face a
fundamental identifiability challenge. The background rate y and trig-
gering productivity K are structurally coupled in the ETAS conditional
intensity, and time-varying parameterizations can redistribute likeli-
hood gain between these terms without implying any observable change
in the seismicity. Information-theoretic criteria such as the Akaike In-
formation Criterion (AIC) or its Bayesian counterpart (ABIC) penalize
model complexity, but they do not distinguish between genuine physi-
cal transients and statistical artifacts of a flexible parameterization (Ku-
mazawa and Ogata, 2013). The risk of overinterpreting flexible statisti-
cal models — attributing physical significance to parameter variations
that may reflect internal trade-offs, spline flexibility, or residual catalog
incompleteness effects — has received limited systematic attention in
the ETAS literature. This represents a critical methodological gap. As
nonstationary ETAS formulations are increasingly applied to infer post-
seismic processes, robust protocols are needed to distinguish physically
meaningful nonstationarity from model-induced artifacts, and to clar-
ify under which conditions improved likelihood can be interpreted as
evidence of genuine structural change in seismicity.

A natural approach to closing this gap is to complement parametric
ETAS inference with diagnostic tools that operate independently of the
statistical model used for fitting. Observable multivariate properties of
an earthquake catalog — including seismicity rate, magnitude statistics,
depth distribution, and spatial dispersion — constitute a model-agnostic
basis for detecting genuine structural changes in a seismic sequence.
Unsupervised anomaly detection algorithms, which identify outliers in
high-dimensional feature spaces without requiring prior labeling or as-
sumed distributions, offer an effective complement to parametric infer-
ence: if inferred parameter transients correspond to a genuine change
in the physical seismic regime, they should leave a detectable imprint
in directly observable catalog statistics. Conversely, the absence of any
coherent multivariate anomaly coincident with inferred parameter vari-
ations provides independent evidence that the apparent nonstationarity
may be a statistical artifact. To our knowledge, such cross-validation
between model-based inference and model-agnostic diagnostics has not
been systematically developed within the ETAS framework.

The aftershock sequence of the 2025M,, 7.1 Dingri earthquake in
southern Tibet provides an ideal case study for developing and test-
ing this framework. The earthquake struck Dingri County on 7 Jan-
uary 2025 within the Himalayan-Tibetan orogen, a region of active
north-south extension and east-west shortening driven by the ongoing
convergence of the Indian and Eurasian plates (Armijo et al., 1986;
Dal Zilio et al., 2021). Focal mechanism solutions and geodetic analy-
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ses consistently identify northward unilateral rupture on a west-dipping
normal fault — the Dengme Co Fault, marking the eastern bound-
ary of the Dengme Co Graben within the southern segment of the
Shenzha-Dingjie rift system (Qiao et al., 2025; Xu et al., 2025; Ma
et al., 2026). ALOS-2 line-of-sight surface displacements reveal a pro-
nounced asymmetric deformation pattern, with strong range-increase
on the hanging wall to the east and range-decrease to the west, diag-
nostic of west-dipping normal faulting (Fig. 1(a)). Field investigations
reported fault scarps up to 3 m high and widespread en échelon ten-
sion cracks, while geodetic and mechanical analyses indicate that coseis-
mic stress perturbations activated more than 50 previously unmapped
fault segments and induced an early viscoelastic response in the weak
middle-to-lower crust below approximately 20 km depth (Ma et al.,
2026; Wei et al., 2026). The earthquake generated an exceptionally
rich and spatially coherent aftershock sequence, tightly elongated along
the north-south fault trace (Fig. 1(b)), documented through rapidly de-
ployed dense seismic arrays and advanced detection techniques that pro-
duced high-resolution catalogs resolving tens of thousands of early after-
shocks (Yao et al., 2025). This combination of well-constrained rupture
geometry, independent geodetic constraints on post-seismic deforma-
tion (Ma et al., 2026; Wei et al., 2026), and catalog richness makes
the Dingri sequence particularly well-suited for testing whether sta-
tistically inferred nonstationarity can be robustly attributed to post-
seismic physical forcing, rather than to model flexibility or parameter
trade-offs.

In this study, we present and test a diagnostic framework that in-
tegrates penalized nonstationary ETAS inference with model-agnostic
unsupervised anomaly detection. We fit both stationary and nonstation-
ary ETAS formulations to the Dingri aftershock catalog and compare
their performance using information-theoretic criteria. We then assess,
independently of the ETAS model, whether the inferred temporal pa-
rameter variations coincide with observable structural changes in the
catalog, using an Isolation Forest algorithm (Liu et al., 2008) applied to
a multivariate feature representation of the seismicity. To evaluate the
sensitivity of the anomaly-detection step, we perform controlled tests
on semi-synthetic catalogs with injected temporal-rate perturbations of
progressively increasing amplitude. Although the present application is
limited to the Dingri sequence, the framework is general in principle and
potentially applicable to other aftershock sequences. Systematic evalua-
tion across multiple sequences and tectonic settings will nevertheless
be required to assess its robustness and transferability. The paper is
organized as follows: Section 2 describes the earthquake catalog and
the methods for stationary and nonstationary ETAS modeling; Section 3
presents the model fits and model-agnostic diagnostics; Section 4 reports
the semi-synthetic sensitivity tests; and Section 5 discusses the broader
implications and conclusions.

2. Data and methods
2.1. Earthquake catalog and magnitude of completeness

We analyze the seismic sequence associated with the 2025M,, 7.1
Dingri earthquake in southern Tibet, using the catalog of Yao et al.
(2025), which provides origin times and magnitudes for all events
recorded by the regional seismic network during the sequence (Fig. 1(b),
(o).

A reliable estimate of the magnitude of completeness M, is a pre-
requisite for ETAS modeling, since catalog incompleteness below the
detection threshold biases both the inferred background rate and the
triggering productivity (Helmstetter and Sornette, 2003). We estimate
M, using the coefficient of variation (CV) stabilization method (Godano
et al., 2024), in which the CV — defined as the ratio of the standard
deviation to the mean of the inter-event magnitude distribution — con-
verges to unity when the Gutenberg-Richter frequency-magnitude re-
lation holds (Davidsen and Green, 2011; Petrillo and Zhuang, 2023).
The completeness magnitude is identified as the lowest threshold above
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Fig. 1. Seismotectonic context and earthquake catalog for the 2025 Dingri aftershock sequence. (a) ALOS-2 coseismic line-of-sight (LOS) surface displacement. The
red star marks the mainshock epicenter; the black line indicates the mapped surface fault trace. (b) Spatial distribution of the aftershock sequence. Gray circles show
recorded events with marker size scaled to magnitude. The red star marks the mainshock epicenter. The aftershock cloud is tightly elongated in the north-south
direction along the fault system, consistent with the northward unilateral rupture propagation inferred from geodetic and seismic analyses. The inset shows the
major plate boundaries (red) and the location of the study area (purple box) within the central Himalaya and southern Tibet. (c) Temporal evolution of the catalog.
Events are plotted as a function of time since the mainshock, colored by magnitude. The red line shows the smoothed time-dependent completeness magnitude
M (1), estimated using the coefficient of variation (CV) stabilization method applied within a sliding window of 250 events. The completeness magnitude threshold
(M, = 2.5) is indicated by the black dashed line. All ETAS analyses are restricted to events above the local M_(¢) threshold.

which the estimated b-value stabilizes simultaneously with the CV ap-
proaching unity.

Because waveform overlap and coda interference in the immediate
post-mainshock phase can suppress the detection of small events, we
allow M, to vary in time. The time-dependent completeness M, (¢) is
estimated within a sliding window of 250 events and decreases mono-
tonically as the aftershock rate decays and catalog detectability recov-
ers (De Arcangelis et al., 2018). The time-dependent estimate reaches a
maximum value of max, M,(r) = 2.5. To treat the earliest post-mainshock
interval conservatively, and because the first M_.(¢) estimate is only
available after the first 250-event window, all ETAS analyses are per-
formed using the constant threshold M, = 2.5. Thus, only events with
M > 2.5 are retained over the entire observation window.

2.2. Stationary ETAS model

We model the temporal clustering of the aftershock sequence using
the temporal ETAS model (Ogata, 1988, 1998), in which seismicity is
represented as a self-exciting point process: each earthquake can trigger
further events, and the rate of occurrence at any instant depends on the
full history of past events. The conditional intensity function takes the

form

M| H)=pu+ Y K explatm; —m)lt—t; +c)?, @

j:tj<t

where H, denotes the history of events prior to time ¢, 4 is the stationary
background seismicity rate, K is the triggering productivity, a controls
the scaling of productivity with earthquake magnitude, and ¢ and p are
the parameters of the Omori-Utsu temporal decay kernel (Utsu et al.,
1995). The reference magnitude m, is set equal to the completeness
threshold.

The five parameters 6 = (u, K, a, c, p) are estimated by maximizing
the log-likelihood

N T
tog L0) = Y log it | 1,) = | a1 )
i=1 0
where [T}, T] is the observation window and N is the total number of
events. Approximate parameter uncertainties are estimated from the ob-
served Fisher information matrix, computed as the inverse of the numer-
ical Hessian of the negative log-likelihood evaluated at the maximum-
likelihood solution. Model selection is based on the Akaike Information
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Criterion (AIC = —2log L + 2k, where k is the number of free param-
eters). Parameter estimation was performed by numerical maximum-
likelihood optimization. We note that ETAS likelihood surfaces may ex-
hibit parameter trade-offs and weak identifiability, potentially leading
to relatively flat regions near the optimum (Veen and Schoenberg, 2008;
Petrillo and Zhuang, 2024; Schneider et al., 2025). These issues are gen-
erally more pronounced in high-dimensional space-time ETAS formula-
tions than in purely temporal models such as the one considered here.
To assess the robustness of the inversion, the optimization was repeated
using different initial parameter values, yielding very similar parameter
estimates and log-likelihood values. Model adequacy is assessed through
residual analysis using the time-rescaling theorem (Zhuang and Ogata,
2006). Event times are mapped to transformed times

1
T; =/ Mt | H,)dt, 3)
Ty
which, for a correctly specified model, should constitute a homogeneous
Poisson process with unit rate. Systematic departures of the {;} from
this expectation indicate model misspecification.

2.3. Nonstationary ETAS model

The stationary formulation assumes that the background rate y and
triggering productivity K remain constant throughout the observation
window. In the post-mainshock environment, however, transient physi-
cal processes — including accelerated afterslip, pore-pressure diffusion,
and viscoelastic stress relaxation — may modulate seismicity at rates
that cannot be captured by a single constant background term. To allow
for this possibility, we consider a nonstationary extension of the ETAS
model in which y and K are allowed to vary continuously in time, while
the Omori-Utsu decay parameters (¢, p) and the productivity-magnitude
scaling parameter « are held constant. Fixing the decay parameters lim-
its identifiability issues arising from the structural trade-off between K
and a, and avoids over-parameterization (Kumazawa and Ogata, 2014).

The conditional intensity of the nonstationary model is

M| M) = u() + Z K(t)) expla (m; — My)] gt = 1), )

jitj<t

where g(Ar) is the Omori-Utsu temporal kernel. In the stationary model,
the normalized kernel
(p—1ecr!

gan =L

Brtop At >0, 5)

is used. In the nonstationary implementation, we adopt the unnormal-
ized form g(Atr) = (At + ¢)? and absorb the normalization constant into
K(¢); this reparameterization preserves the analytic tractability of the
integral of the triggering term while leaving inference on temporal vari-
ations of K(r) unchanged.

The time dependence of x and K is parameterized via multiplicative
anomaly factors relative to constant reference values (p¢, Kiof)s

u) = Href qy(t)7 K@) = K. ep QK(I)’ (6)

following the approach of Kumazawa and Ogata (2014). Following this
empirical-Bayes formulation, the reference values (y,.¢, K,r) and the pa-
rameters (c, a, p) are held fixed at the stationary maximume-likelihood so-
lution (the kernel normalization being absorbed into K, ), so that only
the two anomaly functions ¢,,(r) and gk (1) are estimated in the nonsta-
tionary inversion. Fixing the stationary parameters provides common
reference scales for the nonstationary inversion and prevents additional
trade-offs associated with jointly re-estimating ¢, «, and p. The reference
values y,; and K., however, are multiplicative scaling constants rather
than temporal means or centering constraints. Because non zero-mean
constraint is imposed on s u(1) or s (D), their constant components may
shift the effective levels of u(¢) and K (¢) relative to the corresponding sta-
tionary estimates. To enforce positivity and enable smooth, data-driven
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inference, the anomaly factors are expressed as exponentials of cubic
spline functions,

qx (0 =eXp(SK(f)), (7)

where s,(7) and sk (¢) are represented by natural cubic interpolating
splines defined on six equally spaced knots spanning the analysis in-
terval [T}, T'], including both endpoints. The knot locations are

4,(1) = exp (s,(1)).

’k=To+k5;l(T—To), k=1,...,6.

The estimated coefficients correspond to the values of each log-
anomaly function at the six knots. The two spline functions therefore
contribute six free coefficients each, for a total of 12 estimated spline
coefficients. Between adjacent knots, each function is represented by
a piecewise cubic polynomial with continuous first and second deriva-
tives. Natural boundary conditions are imposed at the endpoints,

sZ(TO) = SZ(T) =0, s’Ié(TO) = s'lé(T) =0.

No additional constraints are imposed on the spline coefficients. Pos-
itivity of the anomaly factors is ensured by the exponential transforma-
tion in Eq. (7). The same knots and spline parameterization are used for
every pair of smoothing weights in the ABIC search.

2.3.1. Likelihood
The log-likelihood of the nonstationary model has the same form as
Eq. (2), with A now given by Eq. (4):

N

T
log L(0) = Y log A(; | H,) — / A | H,)dt. ®)
i=1 Ty

The integral of the intensity function is decomposed into background
and triggering contributions. The background integral is evaluated nu-
merically on a fixed time grid using trapezoidal quadrature:

T T
/ WD) 1 = g / g, (1) dt. ©
Ty Ty

The triggering integral admits a closed-form expression by exploiting
the analytic antiderivative of (t —; +¢)™:

T N
Y K@M ¢ 1, + )P dr =Y K(t))e ™M1, (10)
To jiaj<t j=1
with
(T—tj+c)l"’—c1‘”
= , P#FL
I = 11
J T-t;+c an
1og<—), p=1.
c

2.3.2. Penalized inference and smoothing selection

The spline representation introduces a large number of degrees of
freedom and therefore requires regularization to avoid overfitting local
fluctuations in the earthquake catalog. Separate roughness penalties are
imposed on the background-rate and productivity anomaly functions
through the integrated squared curvature of their logarithms,

T T
R(w,, wx) = w, /T [s7)]” dt + wy /T [sh ) dt, a2
0 0

where w, > 0 and wg > 0 are independent smoothing hyperparameters
that control the regularization of s,(f) and s () separately. The spline
coefficients are obtained by maximizing the penalized log-posterior

0(0) = log L(0) — 5 R(w,,, w), (13)

with (per, Kpef» €, @, p) fixed at the stationary maximum-likelihood solu-
tion and the curvature integrals in Eq. (12) evaluated numerically on a
dense grid. Eq. (12) is equivalent to a zero-mean Gaussian smoothness
prior z(6 | w,, wg) « exp[—% 6" A(w,, wg) 6] on the spline coefficients,
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where the precision matrix A collects the discretized curvature opera-
tors scaled by w,, and wy.

Following Kumazawa and Ogata (2014), the smoothing hyperparam-
eters are selected by minimizing the Akaike Bayesian Information Crite-
rion (ABIC), an empirical-Bayes criterion defined through the marginal
likelihood

ABIC(w,, wg) = -2 log/ LO)z(O | w,, wg)do + 2nhyp€r, (14

where nygp,., = 2 is the number of smoothing hyperparameters. For each
pair (w,, wg) the marginal likelihood is approximated by a Laplace ex-
pansion about the maximum-a-posteriori estimate §, which yields the
explicit, directly computed form

ABIC(w,,, wg) = — 2log L(f) + R(9) — logdet *A(w,,, w)
+ logdet H(O) + 2 npyper (15)

where H(9) is the Hessian of the penalized negative log-posterior —Q at
0 (w-independent additive constants are omitted). Here, det * denotes
the generalized determinant of the positive-semidefinite spline precision
matrix. The constant and linear components of a natural cubic spline
have zero curvature and therefore span a two-dimensional null space
of each roughness matrix. These components were retained as unpenal-
ized coefficients, whereas only the positive eigenvalues of the rough-
ness matrices entered the prior-normalization term. Eigenvalues were
retained when p; > max(107'%, 1078 max; |p; |). With six coefficients for
each spline, R, and Ry each have rank 4 and nullity 2; hence the com-
bined 12 x 12 matrix A = blockdiag(w, R,,, wg Ry ) has rank 8 and nullity
4 for positive smoothing weights. No ridge regularization was applied
to A. Thus,

logdet TA = 2 log(w,p, ;) + z log(wg pi ;)
Py, j>0 PK, j>0

and this quantity enters Eq. (15) through the prior-normalization term
—logdet *A. The unpenalized components remain included in the full
posterior Hessian H(0). The prior-normalization term —logdet *A and
the posterior-Hessian term +logdet H jointly account for the effective
flexibility of the spline representation. Here, det* denotes the gen-
eralized determinant obtained from the positive eigenvalues of the
roughness-penalty precision matrix, with its null-space components ex-
cluded. These two terms balance improvement in the penalized like-
lihood against the effective complexity associated with each pair of
positive smoothing weights. The hyperparameters were explored on
the grid w,, wy € {107%,5x1073,1072,5x 1072,10~!,5x 1071,1,5,10},
spanning four orders of magnitude, and the pair yielding the minimum
ABIC was retained.

2.4. Model-agnostic anomaly detection

To assess independently whether statistically inferred parameter
transients correspond to genuine structural changes in the seismicity,
we complement the ETAS analysis with a model-agnostic unsupervised
anomaly detection procedure. This step does not use the ETAS model in
any way: it operates directly on observable catalog properties and pro-
vides an external consistency check on the interpretation of time-varying
parameters.

The earthquake catalog is partitioned into consecutive non-
overlapping time windows of duration Ar =0.5 days. For each win-
dow k we construct a p = 13-dimensional feature vector x, comprising:
(1) event count N, and seismicity rate N,/Ar; (2) magnitude statis-
tics: mean magnitude, maximum magnitude, and fraction of events with
M > 4.5; (3) depth statistics: mean, median, and standard deviation of
focal depths; (4) spatial statistics: mean latitude and longitude, their
standard deviations, and a spatial dispersion proxy oy, o},,. Although
the event count and seismicity rate are linearly related for a fixed bin
width, both quantities are retained as a simple consistency check within
the feature set. We verified that removing the rate feature produces neg-
ligible changes in the resulting anomaly scores. The threshold M = 4.5
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was selected as a pragmatic indicator of the occurrence of relatively
large events while retaining sufficient statistics within individual tem-
poral bins.

This representation transforms the point process into a multivariate
time series {x,} that captures the macroscopic evolution of the seismic
sequence across multiple observable dimensions simultaneously.

To reduce the influence of heavy-tailed fluctuations, each feature is
standardized using robust median absolute deviation (MAD) normaliza-
tion,

) _ ; )
0 _ 0.6745 (x;”” — median(x"))

k MAD(x()) ’ (16)

yielding a robustly standardized feature matrix Z € RK*?.

Anomaly detection is performed using the Isolation Forest algorithm
(Liu et al., 2008), an ensemble method based on random recursive parti-
tioning of the feature space. Each tree in the ensemble isolates individual
observations by randomly selecting a feature dimension and a random
split value. Anomalous observations, which occupy sparse regions of
the feature space, tend to require fewer splits to isolate and therefore
have shorter average path lengths. For an ensemble of T = 500 trees,
the anomaly score is

s(zy) = 2*E[h(zk)]/C(K)’ 17)

where E[h(z,)] is the mean path length over trees and ¢(K) =2Hg_; —
2(K — 1)/K is a normalization constant based on the harmonic num-
ber Hy_,. Higher scores indicate greater anomalousness. We use the
scikit-learn implementation of the Isolation Forest with 7" = 500 trees
(n_estimators= 500), subsampling max_samples= 256, automatic con-
tamination (contamination = ’auto’), all features considered at each
split (max_features= 1), and a fixed random seed (random_state= 42)
for reproducibility. In practice we report the detector output through
the scikit-learn decision function, which is an affine, monotonically
decreasing transform of the path-length score of Eq. (17) centered so
that the average bin has a value near zero. To preserve the convention
that larger values denote stronger anomalies, we plot the negative of the
decision function. Consequently, negative plotted values do not corre-
spond to “negative anomalies”; they simply identify bins that are more
typical of the catalog than the average bin.

The resulting anomaly score time series {s,} provides a model-
independent indicator of multivariate departures from the typical seis-
mic regime. If the nonstationary ETAS model captures genuine tran-
sient processes, elevated anomaly scores are expected in the same tem-
poral interval where u(r) or K(r) exhibit strong variations. Conversely,
the absence of a coherent anomaly in that interval would indicate that
the inferred parameter variations are not associated with a macroscopic
change in observable catalog properties, and may instead reflect param-
eter trade-offs or statistical overfitting.

3. Results

Fig. 1(c) shows the temporal evolution of earthquake magni-
tudes during the Dingri sequence together with the estimated time-
dependent completeness magnitude M, (7). Inmediately after the main-
shock, M, reaches values up to 2.5, reflecting strong waveform over-
lap and reduced detectability in the early post-seismic phase. As the
sequence evolves, M, (r) decreases progressively as aftershock rates de-
cay and catalog detectability recovers, consistent with the transient
detection effects described by De Arcangelis et al. (2018). All subse-
quent ETAS analyses are restricted to events exceeding the local M,(r)
threshold.

3.1. ETAS model fits
The stationary ETAS model provides a good description of the tempo-

ral clustering observed during the Dingri sequence. Maximum likelihood
estimation yields the following parameter values: background rate y =
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Fig. 2. Stationary ETAS model fit and residual diagnostics for the Dingri sequence. (a) Maximum-likelihood conditional intensity A(¢) (blue line, left axis, logarithmic
scale) as a function of time since the mainshock. The intensity was obtained from a single stationary ETAS model fitted over the entire observation window using
all events satisfying M > M_(t) and was evaluated on a dense temporal grid using the full event history available prior to each evaluation time. Gray circles show
earthquake occurrence times, with marker size proportional to magnitude (right axis). The model captures the sharp post-mainshock seismicity rate increase and its
subsequent Omori-Utsu decay. (b) Time-rescaling residual analysis. Black dots show the cumulative event count N(z) as a function of transformed time z; the dashed
line gives the expectation N(z) = 7 for a correctly specified model, and the shaded band indicates the approximate 95% confidence envelope for a unit-rate Poisson
process. The close agreement indicates that the stationary ETAS model provides an adequate description of the temporal clustering.

9.639 +2.73 events/day, productivity parameter K = 0.0495 +0.0125,
Omori-Utsu parameter ¢ = 0.0209 + 0.0114 days, magnitude scaling ex-
ponent « = 0.97 + 0.084, and temporal decay exponent p = 1.42 +0.192,
with AIC,, = —9074.4. The value p > 1 indicates a rapid decay of after-
shock activity following the mainshock, while the relatively large value
of ¢ suggests a delayed onset of Omori-Utsu decay compared to typical
aftershock sequences (Utsu et al., 1995). The productivity parameter K
is notably elevated, pointing to efficient secondary triggering through-
out the sequence.

The stationary ETAS parameters were estimated once over the en-
tire observation window using all events satisfying the time-dependent
completeness criterion M > M_(r). The conditional intensity shown in
Fig. 2(a) was subsequently evaluated on a dense temporal grid using
this single maximum-likelihood parameter set and the complete event
history available prior to each evaluation time. No moving-window, seg-
mented, or piecewise ETAS inversions were performed. Fig. 2(a) shows
the resulting conditional intensity A(r) from the fitted stationary model.
The model captures the sharp seismicity rate increase immediately fol-
lowing the mainshock and its subsequent gradual decay, consistent with
Omori-Utsu behavior. The background rate u contributes substantially
to the total intensity throughout the observation window, reflecting a
level of sustained seismic activity that exceeds what can be attributed
to direct aftershock triggering alone. Residual analysis confirms model
adequacy: the transformed event times {r;} are consistent with a ho-
mogeneous Poisson process with unit rate, with no systematic depar-
tures from the expected exponential distribution of inter-event intervals
(Fig. 2(b)).

We next fit the nonstationary ETAS model described in Section 2.3,
allowing both u(f) and K(¢) to vary through log-spline anomaly factors
while holding (c, a, p) constant.

ABIC minimization over the explored two-dimensional smoothing
grid selects finite smoothing weights,

wy, =0.01, wg =0.01,

indicating that the data support a moderately regularized representa-
tion of both anomaly functions rather than the unsmoothed solution
obtained in the original implementation. The corresponding minimum
value of the criterion is ABIC;, = —9115.4. The resulting conditional
intensity (Fig. 3(a)) reproduces the overall post-mainshock evolution of
the sequence while remaining substantially smoother than the uncon-
strained estimate of the original submission. The inferred background-
rate anomaly function (Fig. 3(c)) is largest immediately after the main-
shock and decreases rapidly during the first few days of the sequence.
Around 6-8 days after the mainshock, the model infers a modest in-
crease in the productivity anomaly function, coinciding with a sec-
ondary burst of seismic activity visible in the catalog. Subsequently, u(r)
exhibits a moderate increase between approximately 8 and 10 days after
the mainshock, although this feature is not associated with a comparably
pronounced seismic activation and therefore remains difficult to inter-
pret physically. Time-rescaling diagnostics confirm that the nonstation-
ary representation provides an adequate fit across the full observation
window (Fig. 3(b)).

Because the nonstationary solution is obtained by penalized
maximume-a-posteriori inference rather than ordinary maximum likeli-
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Fig. 3. Nonstationary ETAS model results for the Dingri sequence. (a) Conditional intensity A(r) (blue line, logarithmic scale) as a function of time, with the earthquake
catalog in the background (gray circles, marker size proportional to magnitude). The pronounced short-timescale variability reflects the combined contribution of
time-varying background rate and triggering productivity. (b) Time-rescaling residual analysis, as in Fig. 2(b), confirming adequate model fit across the full observation
window. (c) Estimated time-dependent background rate () (blue solid line) and productivity parameter K, (7) (orange dashed line), both on a logarithmic scale, as a
function of time since catalog start. u(r) decreases rapidly over the first days following the mainshock, while K () increases during the early sequence before evolving
more slowly. The seismic catalog is shown in the background for reference. The stationary values yu,.; and K, are fixed multiplicative reference scales rather than
centering constraints; consequently, the time-dependent estimates are not required to fluctuate around or intersect their stationary counterparts.

hood, a formal AIC comparison with the stationary model is not strictly
justified, and we do not report one. Both models yield transformed-
time residuals consistent with a unit-rate Poisson process (Figs. 2(b) and
3(b)). The nonstationary formulation has, by construction, additional
temporal flexibility and therefore at least as much descriptive capacity
as the stationary model; whether this added flexibility corresponds to
a genuine, physically distinct change in the seismic regime is precisely
the question addressed by the independent diagnostic of the following
subsection.

As discussed in Section 2.3, an improved fit achieved through in-
creased model flexibility does not in itself establish that the inferred
parameter variations reflect genuine physical changes in the seismic
regime. Parameter trade-offs and identifiability limitations can produce
apparent nonstationarity even in the absence of external physical forc-
ing, and the following subsection addresses this ambiguity through in-
dependent, model-agnostic diagnostics.

3.2. Model-agnostic anomaly detection

We apply the Isolation Forest procedure described in Section 2.4 to
the Dingri catalog to assess whether the parameter transients inferred
by the nonstationary ETAS model are accompanied by observable struc-
tural changes in the seismicity.

Fig. 4 shows the anomaly score time series as a function of time
since the mainshock. The interval between 8 and 10 days — where the
nonstationary ETAS model infers the most pronounced variations in
u(t) — does not exhibit any elevated or coherent cluster of anomaly
scores. The temporal evolution of the score is relatively smooth across
the full observation window, with fluctuations of comparable magni-
tude distributed throughout the sequence rather than concentrated in
the 8-10 day interval.

The heatmap of robust feature z-scores (Fig. 5) corroborates this pic-
ture across individual catalog dimensions. Seismicity rate, magnitude
statistics, depth distribution, and spatial dispersion all display variabil-
ity over time, but none of these features undergoes a systematic shift
specifically during the 8-10 day window. In particular, the absence of a

coherent, cross-feature anomaly pattern during this period indicates that
no distinct seismic regime transition is detectable in first-order catalog
statistics.

The discrepancy between the statistical evidence for nonstationar-
ity provided by the ETAS model and the absence of any correspond-
ing multivariate anomaly in directly observable properties suggests that
the inferred parameter variations reflect internal parameter trade-offs or
the capacity of the spline representation to absorb subtle rate fluctua-
tions, rather than a macroscopic change in the physical seismic regime.
We emphasize that this finding does not invalidate the nonstationary
ETAS fit: the model remains a valid statistical description of the data.
Rather, it demonstrates that a favorable information criterion is not
sufficient grounds for attributing physical significance to time-varying
ETAS parameters, and that independent diagnostic validation is an es-
sential complementary step.

4. Validation on semi-synthetic catalogs
4.1. Construction of temporal-rate semi-synthetic catalogs

A potential limitation of the anomaly-detection analysis is that the
absence of a pronounced anomaly in the Dingri sequence could reflect
insufficient detector sensitivity rather than the absence of a genuine
structural change. To evaluate this possibility, we constructed a fam-
ily of semi-synthetic catalogs designed specifically to mimic the type
of perturbation that a temporal ETAS model would naturally generate.
Starting from the original Dingri catalog, we selected the interval be-
tween 8 and 10 days after the mainshock, corresponding to the period
where the nonstationary ETAS inversion inferred the largest temporal
deviations from the stationary solution. Within this interval, additional
synthetic events were generated according to a Poisson process with
rate

Aadd =a Anbs’ (18)

where 4., denotes the observed seismicity rate in the selected window

and a = (0.5,1.0,1.5,2.0,2.5) is a prescribed amplification factor control-
ling the perturbation strength. For each synthetic event, the occurrence
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Fig. 4. Model-agnostic anomaly detection applied to the Dingri aftershock sequence using Isolation Forest. The anomaly score is shown as a function of time since the
mainshock, computed in non-overlapping temporal bins of width At = 0.5 days; higher values indicate greater multivariate departure from the background seismic
regime. The shaded band marks the 8-10 day interval where the nonstationary ETAS model infers the most pronounced variations in x(). Anomaly scores within
this window are below the sequence average, with no distinct peak or elevated cluster, indicating that the inferred parameter transients are not accompanied by a

detectable structural change in directly observable catalog properties.

time was sampled uniformly within the 8-10 day interval. To avoid
introducing artificial anomalies in any other catalog property, magni-
tudes, focal depths, and epicentral coordinates were inherited from ran-
domly selected real earthquakes already present in the same time win-
dow. As a result, the synthetic catalogs differ from the original catalog
only through an increase in the temporal occurrence rate. No spatial mi-
gration, depth shift, magnitude perturbation, or other structural modifi-
cation was imposed. Five semi-synthetic realizations (Sim1-Sim5) were
generated using progressively larger amplification factors, producing a
family of catalogs characterized by increasingly strong temporal-rate
perturbations while preserving the original magnitude, depth, and spa-
tial distributions.

4.2. Feature-ablation validation

To identify which catalog properties control the anomaly-detection
response, we performed a feature-ablation analysis in which the Iso-
lation Forest was applied independently to different groups of catalog
features. Four feature families were considered:

1. Temporal features: event count and seismicity rate.

2. Magnitude features: mean magnitude, maximum magnitude, and
fraction of events with M > 4.5.

3. Depth features: mean depth, median depth, and depth standard de-
viation.

4. Spatial features: mean latitude and longitude, their standard devia-
tions, and the spatial-dispersion proxy o, 6},-

For each feature family, the catalog was divided into non-
overlapping windows of duration At = 0.5 days, robustly standardized
using median absolute deviation normalization, and analyzed using
the same Isolation Forest configuration adopted throughout this study.
Fig. 6 compares the resulting anomaly-score evolution for the origi-
nal catalog and the five semi-synthetic realizations. The strongest re-
sponse is observed for the temporal-feature subset (Fig. 6(a)). As the
perturbation amplitude increases from Sim1 to Sim5, the anomaly score
systematically rises within the 8-10 day interval, demonstrating that
the Isolation Forest successfully detects localized increases in seismic-
ity rate. By contrast, the magnitude, depth, and spatial feature subsets

(Fig. 6(b)—(d)) exhibit only minor fluctuations and show no systematic
increase with perturbation strength. This behaviour is expected because
these catalog properties were intentionally preserved during the gener-
ation of the semi-synthetic catalogs and therefore do not contain any in-
jected anomaly. The feature-ablation experiment demonstrates that the
Isolation Forest is sensitive to the type of perturbation expected from
a temporal ETAS model while remaining largely insensitive to feature
groups that are unaffected by the synthetic modification. The detector
therefore responds specifically to temporal-rate anomalies rather than
producing spurious multivariate signals. These results provide an impor-
tant validation of the anomaly-detection framework. The method suc-
cessfully identifies temporal-rate perturbations of the same type that
would be associated with transient changes in ETAS parameters. Conse-
quently, the absence of a comparable anomaly in the real Dingri catalog
cannot be attributed to insufficient detector sensitivity, but instead sug-
gests that the temporal variations inferred by the nonstationary ETAS
model are not associated with a macroscopic change in observable cat-
alog properties.

5. Discussion
5.1. Stationary model performance and parameter interpretation

The stationary ETAS model provides a statistically adequate descrip-
tion of the Dingri aftershock sequence, with well-behaved time-rescaling
residuals and parameter estimates that are physically interpretable. The
estimated temporal decay exponent p = 1.42 is above the typical range of
1.0-1.3 reported for continental aftershock sequences (Utsu et al., 1995;
Helmstetter and Sornette, 2003), indicating a relatively rapid decay of
aftershock activity following the mainshock. The Omori onset parameter
¢ =0.0209 days reflects a slight delay in the onset of power-law decay,
which is common in sequences where catalog incompleteness masks the
earliest post-mainshock events (De Arcangelis et al., 2018). The elevated
background rate y = 9.639 + 2.73 events/day suggests that a substantial
fraction of the observed seismicity cannot be attributed to direct after-
shock cascades, possibly reflecting the tectonic loading environment of
the southern Tibetan rift system and the activity of adjacent fault seg-
ments (Armijo et al., 1986; Bischoff and Flesch, 2018). Moreover, this
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Fig. 5. Temporal evolution of multivariate seismic features used for anomaly detection, expressed as robust z-scores computed using median and MAD normalization
within each 0.5-day bin. Rows correspond to the 13 catalog features: event count, seismicity rate, magnitude statistics (mean, maximum, fraction M > 4.5), depth
statistics (mean, median, standard deviation), and spatial dispersion proxies (mean latitude and longitude, their standard deviations, and ¢}, 6,,,). Columns represent
successive temporal bins. Warm and cool colors indicate positive and negative deviations from the median background. Elevated z-scores are concentrated in the
first two days after the mainshock, particularly in depth variability and spatial spread, consistent with the initial diversity of the early aftershock distribution. No
coherent cross-feature anomaly pattern is observed in the 8-10 day interval, supporting the absence of a distinct multivariate regime shift during that period.

value should be interpreted as the effective ETAS background parameter
for the analyzed post-mainshock catalog, rather than as an estimate of
the long-term tectonic seismicity rate of the region. Because the catalog
begins immediately after the mainshock, part of the seismicity assigned
to the background component may reflect the well-known trade-off be-
tween background and triggering terms in ETAS models.

5.2. Nonstationary model: improved fit or parameter trade-off?

The empirical-Bayes nonstationary ETAS model yields a stable, mod-
erately regularized solution: the ABIC criterion selects finite smoothing
weights for both anomaly functions, and the inferred u(¢) and K (¢) vary
smoothly in time while leaving the transformed-time residuals consis-
tent with a unit-rate Poisson process. A central question is whether these
inferred temporal variations correspond to a physically distinct change
in the seismic regime, or whether they instead reflect the intrinsic de-
scriptive flexibility of the spline parameterization and the residual non-
uniqueness of the background-triggering decomposition.

Three considerations bear on this question.

First, although the empirical-Bayes ABIC analysis selects finite
smoothing weights for both anomaly functions, the inferred temporal
variations remain relatively modest and do not correspond to obvious
changes in independently observable catalog properties. The introduc-
tion of temporal flexibility therefore improves the statistical descrip-
tion of the occurrence process without necessarily identifying a physi-
cally distinct seismic phase. This distinction is important because ETAS
parameters are effective descriptors of seismicity and need not map
uniquely onto individual physical mechanisms.

Second, following Kumazawa and Ogata (2014), the stationary ETAS
parameters (4., K¢, ¢, @, p) are held fixed during the nonstationary in-
version, and only the anomaly functions ¢,,(t) and g (#) are estimated.
This choice reduces the trade-offs between the background rate, pro-
ductivity, and Omori-law parameters that can otherwise arise when all
components are allowed to vary simultaneously. Nevertheless, the sepa-
ration between g, (#) and g (¢) remains an effective statistical decompo-
sition rather than a unique physical attribution, and the resulting tem-
poral variations must therefore be interpreted with caution. To further

assess the potential influence of parameter trade-offs, we performed an
additional nonstationary inversion in which the triggering productiv-
ity was held fixed and only the background-rate anomaly function was
allowed to vary. This choice has been advocated in situations where
external forcing processes, such as fluid migration, geothermal forc-
ing, or earthquake swarms, are expected to primarily affect the back-
ground seismicity rate rather than the triggering efficiency (Llenos and
Michael, 2013, 2016). It also reduces the trade-offs between produc-
tivity and background rate that have been discussed in previous ETAS
studies (Hainzl et al., 2013). The resulting model provided residual
diagnostics comparable to those obtained when both anomaly func-
tions were allowed to vary. This result suggests that the absence of a
catalog-scale anomaly is robust with respect to the specific parameter-
ization adopted for the nonstationary ETAS model and is not driven
by the simultaneous estimation of both background-rate and productiv-
ity anomalies. The approximately antisymmetric evolution of u(r) and
K (t) in Fig. 3(c) is also consistent with residual covariance between the
background and triggering components. A full analysis of the joint un-
certainty and covariance of the nonstationary spline coefficients could
help quantify this dependence and assess whether the individual pa-
rameter variations are statistically distinguishable within the assumed
ETAS formulation. The model-agnostic diagnostic proposed here is not
intended to replace such an analysis, but instead addresses the comple-
mentary question of whether the inferred temporal variations coincide
with a detectable change in directly observed catalog properties. Fu-
ture applications should therefore combine propagation of the full co-
variance of the nonstationary coefficients with model-agnostic catalog
diagnostics.

Third, and most importantly, the model-agnostic Isolation Forest
analysis provides an independent external check that is free of these
structural trade-offs. The absence of any coherent multivariate anomaly
in seismicity rate, magnitude statistics, depth distribution, or spatial dis-
persion during the 8-10 day interval where u(r) varies most strongly
indicates that the inferred parameter transient is not accompanied by
a macroscopically observable change in the character of the seismicity.
The semi-synthetic validation experiments confirm that the detection
framework has sufficient sensitivity to recover anomalies of comparable
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Fig. 6. Feature-ablation analysis of the Isolation Forest anomaly detector. The anomaly score is computed separately using four feature subsets: (a) temporal features,
including event count and seismicity rate; (b) magnitude features, including mean magnitude, maximum magnitude, and the fraction of events with M > 4.5; (c) depth
features, including mean, median, and standard deviation of focal depth; and (d) spatial features, including mean latitude and longitude, their standard deviations,
and the spatial-dispersion proxy o}, 6,,,. The shaded band marks the 8-10 day interval in which the nonstationary ETAS model infers its strongest temporal parameter
variations. The original Dingri catalog does not exhibit a coherent anomaly localized within this interval. By contrast, the semi-synthetic catalogs show a systematic
increase in anomaly score from Sim1 to Sim5 within the shaded interval, primarily in the temporal-feature subset (a), demonstrating successful detection of the
injected temporal-rate perturbation. The magnitude, depth, and spatial subsets (b—d) show no comparable systematic response, as these catalog properties were
preserved in the semi-synthetic experiments. The anomaly score is defined as the negative of the scikit-learn Isolation Forest decision function, so that larger

values indicate more anomalous time bins.

amplitude when they are genuinely present, ruling out methodological
insensitivity as an alternative explanation.

Taken together, these considerations indicate that the statistical pref-
erence for the nonstationary model should not be interpreted as direct
evidence for a physically distinct post-seismic regime. The inferred u(r)
and K (1) variations are an effective, non-unique statistical description of
the occurrence process; the decisive point is that, although the validated
detector is sensitive to temporal-rate transients of the relevant type and
amplitude, it identifies no corresponding change in any directly observ-
able catalog property during the interval where the ETAS parameters
vary most.

5.3. Relation to independent geodetic and mechanical constraints

The Dingri earthquake was accompanied by complex post-seismic
deformation, including stress redistribution and transient crustal load-
ing documented through geodetic and mechanical analyses (Ma et al.,
2026). Such processes are precisely the kind of physical forcing that
nonstationary ETAS models are designed to detect, and the geodetic ev-
idence provides an important independent reference against which the
statistical inferences can be evaluated.

The fact that the nonstationary ETAS model does not recover a sta-
tistically robust, physically interpretable signal despite the presence of
documented post-seismic deformation is itself informative. It suggests
that the statistical imprint of transient stress redistribution on the tem-
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poral organization of the Dingri aftershock catalog is subtle enough to
be indistinguishable from internal model artefacts at the level of tem-
poral clustering statistics alone. This does not mean that post-seismic
processes did not influence the seismicity; rather, it highlights a funda-
mental limitation of temporal ETAS models in resolving low-amplitude
physical forcing against the background of statistical uncertainty and
parameter trade-offs. Richer model formulations that simultaneously in-
corporate geodetic constraints or physics-based stress histories — rather
than inferring them indirectly from seismicity statistics — may be better
positioned to detect such signals (Freed, 2005).

5.4. Implications for nonstationary ETAS modeling practice

The results of this study have direct methodological implications for
the growing body of work that uses nonstationary ETAS extensions to
infer time-dependent physical processes from earthquake catalogs.

Information-theoretic model selection criteria such as AIC and ABIC
are widely used to justify flexible parameterizations, but they evaluate
goodness of fit relative to model complexity without assessing whether
the inferred variations are physically interpretable or externally observ-
able. Our results show that an ABIC-selected nonstationary ETAS repre-
sentation can improve the statistical description of the occurrence pro-
cess while leaving no detectable imprint in independent catalog observ-
ables. This is a sobering result: it implies that the bar for claiming physi-
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cal significance of nonstationary ETAS parameters should be higher than
a favorable information criterion alone.

We propose that independent, model-agnostic diagnostic
validation — of the kind implemented here through unsupervised
anomaly detection — should become a standard component of non-
stationary ETAS analyses. The specific implementation using Isolation
Forest is straightforward, requires no assumptions about the functional
form of parameter variations, and can be applied to any earthquake
catalog for which multi-dimensional metadata (depth, location, magni-
tude) are available alongside event times. The semi-synthetic validation
protocol introduced here provides a principled way to calibrate the
sensitivity of such diagnostics to the specific catalog at hand, ensuring
that negative results can be interpreted with confidence.

More broadly, this work underscores a fundamental distinction that
is sometimes conflated in the literature: statistical nonstationarity — in
the sense of a significant improvement in model fit achieved by allow-
ing parameters to vary — is a necessary but not sufficient condition
for inferring physically distinct seismic phases. The sufficient condition
requires that the inferred variations are consistent with independent,
model-agnostic evidence and are not attributable to structural proper-
ties of the statistical model itself. Establishing this distinction is particu-
larly important in the context of operational seismic hazard assessment,
where nonstationary parameter estimates may be used to update time-
dependent seismicity forecasts (Gerstenberger et al., 2005).

6. Conclusions

We have developed and applied a diagnostic framework for evalu-
ating the physical robustness of nonstationary ETAS aftershock models,
integrating penalized likelihood inference with model-agnostic unsuper-
vised anomaly detection. Application to the aftershock sequence of the
2025M,, 7.1 Dingri earthquake in southern Tibet leads to the following
principal conclusions.

1. The stationary ETAS model provides a statistically adequate descrip-
tion of the Dingri aftershock sequence, with physically plausible pa-
rameter estimates and well-behaved residual diagnostics. The esti-
mated parameters are consistent with a rapidly decaying aftershock
sequence superimposed on an elevated background seismicity rate
characteristic of the active southern Tibetan rift environment.

2. The nonstationary ETAS extension, fitted by empirical-Bayes penal-
ized inference, yields a stable solution in which the ABIC criterion
selects finite smoothing weights for both anomaly functions, pro-
ducing moderately regularized estimates of the time-varying back-
ground rate and triggering productivity. Because this solution is
obtained by penalized maximum-a-posteriori inference rather than
ordinary maximum likelihood, it is not compared with the stationary
model through a formal information criterion; both models nonethe-
less yield time-rescaling residuals consistent with a unit-rate Poisson
process.

3. Independent, model-agnostic Isolation Forest analysis of multivari-
ate catalog features reveals no coherent anomaly in seismicity rate,
magnitude statistics, depth distribution, or spatial dispersion during
the interval where the nonstationary model infers the strongest pa-
rameter variations. Controlled semi-synthetic validation experiments
confirm that the detection framework has sufficient sensitivity to re-
cover anomalies of comparable amplitude when they are genuinely
present in the catalog, ruling out insufficient detector sensitivity as
an explanation for the negative result.

4. The inferred nonstationarity in the Dingri sequence is not accom-
panied by a macroscopically observable change in any directly
measured catalog property, and is robust to the nonstationary
parameterization adopted (including an inversion in which only the
background rate is allowed to vary). The time-varying ETAS param-
eters should therefore be regarded as an effective statistical descrip-
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tion rather than as direct evidence for a physically distinct seismic
regime.

5. A favorable fit is not sufficient evidence for attributing physical sig-
nificance to time-varying ETAS parameters. We propose that model-
agnostic diagnostic validation should become standard practice in
nonstationary ETAS analyses, particularly when parameter tran-
sients are used to support claims about post-seismic physical pro-
cesses. The diagnostic proposed here is general in principle and can
be applied to other aftershock sequences for which event times,
magnitudes, depths, and locations are available; a systematic, multi-
sequence evaluation against cases with and without independent ev-
idence for post-seismic forcing is an important direction for future
work.
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