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Abstract1

Machine-learning (ML) classifiers are increasingly applied to regional seismic susceptibility map-2

ping, frequently reporting high discrimination metrics that imply a reliable link between surficial3

environmental proxies and earthquake locations. We argue that such claims are often conditioned4

on undocumented analytical choices rather than on a stable physical signal. Using the active5

Western Yunnan fault belt (97.0◦–103.5◦E, 22.0◦–28.5◦N) as a test bed, we execute a transparent,6

reproducible methodological audit of a complete ML susceptibility workflow. The audit proceeds7

through four linked stages: catalogue-provenance verification, leakage-aware predictor screening,8

predictor-coverage quality assurance (QA), and a multiverse evaluation of model behaviour across9

model families, spatial cross-validation (CV) designs, background-sampling strategies and target10

definitions. We find that a legacy working inventory contained 173 of 214 records (80.8%) that11

could not be verified against the formal China Earthquake Networks Center (CENC) bulletin, and12

we replace it with a formally verified catalogue spanning 2009–2023. Naïve spatial joining silently13

discarded the majority of mainshocks; coverage reconstruction recovered the matched sample from14

123 to 330 of 331 events (99.7%). Across twelve defensible analytical branches, the mean spatial15

area under the receiver-operating-characteristic curve (AUC) ranged from 0.55 to 0.79, with the16

highest values attached to the least stable configurations. Independent spatial point-process intensity17

models confirmed that the full surficial predictor stack provided little measurable incremental gain18

(∆D2 = +0.002) over a simple distance-to-fault baseline. We conclude that, under the tested19

non-circular surficial predictors, the apparent skill of regional ML susceptibility models is highly20

conditional on analytical specification. We provide an auditable reporting checklist and a predictor21

roadmap that prioritises deep geodetic and tectonic covariates for future work.22
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1 Introduction25

1.1 Distinguishing susceptibility screening from probabilistic hazard26

The spatial mapping of earthquake propensity, widely framed in the literature as seismic susceptibility27

mapping, occupies a specialised and sometimes contested niche relative to formal Probabilistic28

Seismic Hazard Assessment (PSHA) [Cornell, 1968, Bommer, 2002]. PSHA integrates magnitude–29

frequency distributions, empirically calibrated ground-motion prediction equations, and explicit30

fault slip rates to forecast the probability that ground shaking will exceed specified thresholds over31

defined time horizons. Susceptibility modelling pursues a narrower objective: it identifies spatial32

environments—typically discretised into regular raster grids—that share multivariate characteristics33

with historical epicentres. The foundations of PSHA have been progressively refined over five34

decades, from the original engineering risk framework [Cornell, 1968] and national hazard mapping35

efforts [Frankel, 1995] to continental-scale probabilistic models such as the European Seismic Hazard36

Model [Woessner et al., 2015], with continuing methodological debate over how hazard estimates37

are derived [Bommer and Abrahamson, 2006]. Susceptibility screening sits deliberately outside this38

apparatus. Consequently, binary susceptibility mapping does not yield an operational hazard product39

or actionable engineering design parameters. It serves instead as an exploratory screening heuristic,40

often aimed at uncovering complex, nonlinear relationships between geological or topographic41

proxies and regional seismicity. Clarifying this boundary is essential. The ML models evaluated42

here represent static spatial-tendency screening; we advance no claim of temporal forecasting,43

deterministic ground-motion prediction, or operational hazard deployment. Our objective is to44

interrogate the spatial proxies themselves and the analytical decisions that govern their apparent45

predictive value.46

1.2 Performance inflation and the reproducibility crisis47

Over the past decade, supervised ML algorithms—particularly Random Forest [Breiman, 2001],48

support vector machines, and gradient-boosting ensembles—have proliferated in geohazard suscepti-49

bility mapping, part of a broader adoption of data-driven methods across the solid-Earth sciences50

[Bergen et al., 2019]. The trend originated largely in landslide susceptibility research [Reichenbach51

et al., 2018, Lombardo and Tanyas, 2018, Goetz et al., 2015], where Random Forest and related52

ensembles captured the nonlinear feature interactions governing slope failure [Chen et al., 2014,53

Huang et al., 2020] and frequently outperformed classical statistical and multi-criteria approaches54

[Lombardo and Mai, 2018, Feizizadeh et al., 2014]. However, even within this well-suited domain,55

variable-importance rankings and probability outputs from such models are known to be biased or56

poorly calibrated unless explicitly corrected [Strobl et al., 2007, Niculescu-Mizil and Caruana, 2005],57

a caution that becomes more acute when the framework is transferred to a physically less direct58

problem. This framework has since migrated into seismic applications, although cautionary results59
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in adjacent earthquake problems show that elaborate models do not necessarily outperform simple60

baselines [Mignan and Broccardo, 2019]. Yet a landslide inventory reflects visible surficial phenomena61

directly governed by slope, aspect, hydrology and weathering, whereas mainshock earthquakes are62

crustal ruptures originating at depths that commonly range from 5 to 20 km. Substituting shallow63

surficial proxies—digital elevation models, vegetation indices—for deep tectonic drivers introduces a64

substantial theoretical weakness that is easy to overlook when headline metrics are strong. The65

depth distribution of seismogenic rupture is itself governed by crustal temperature and composition66

rather than by surface morphology [Magistrale, 2002], which makes the physical basis for shallow67

proxies in earthquake screening considerably weaker than in landslide applications.68

The flexibility of ML algorithms also makes them sensitive to modelling choices regarding catalogue69

provenance, predictor definition, pseudo-absence sampling and cross-validation design. The geo-70

sciences are grappling with a reproducibility crisis that opaque ML workflows exacerbate [Kapoor71

and Narayanan, 2023]. In spatial domains, models can overfit to spatial autocorrelation—a direct72

consequence of Tobler’s first law of geography, under which nearby observations are more similar73

than distant ones [Tobler, 1970], and the central concern of classical spatial statistics [Cressie,74

1993]—and report optimistic metrics that decline sharply when projected onto independent geo-75

graphic data [Ploton et al., 2020, Roberts et al., 2017, Meyer and Pebesma, 2022]. The community76

needs frameworks that expose these vulnerabilities rather than concealing them behind tuned77

hyperparameter grids.78

1.3 Data leakage and circular predictors79

A primary driver of inflated performance in spatial seismicity modelling is data leakage. As80

formalised by Kapoor et al. [2024] in the REFORMS checklist, spatial leakage extends well beyond81

the inadvertent overlap of training and test samples. In seismic susceptibility pipelines, leakage82

commonly arises through earthquake-derived predictors—kernel-density-estimation (KDE) maps of83

past events, proximity buffers to historical epicentres, or localised b-value grids computed from the84

target catalogue. When such circular predictors enter the feature stack, the model can bypass the85

physical proxy relationship and trivially recover the coordinate distribution of the input catalogue.86

This near-tautology produces metric inflation. Avoiding it requires strict leakage-aware predictor87

screening, ensuring that no feature mathematically encodes the target variable before training.88

1.4 Catalogue provenance as a first-order uncertainty89

Unlike visible surficial hazards, earthquake records depend on the density of instrumental networks,90

time-varying magnitude-of-completeness (Mc) thresholds, and declustering algorithms [Woessner91

and Wiemer, 2005, Wiemer and Wyss, 2000]. The Gutenberg–Richter frequency–magnitude relation92

[Gutenberg and Richter, 1944] and its maximum-likelihood b-value estimation [Aki, 1965] underpin93

the determination of Mc, yet both are sensitive to catalogue quality and to spatial and stress-regime94

variation in the size distribution [Schorlemmer et al., 2005, Zúñiga and Wiemer, 1994]. Even the95

epicentral coordinates themselves carry non-trivial uncertainty unless events have been relocated96

with double-difference or comparable methods [Yang et al., 2005]. An underreported vulnerability in97
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regional susceptibility studies is reliance on undocumented or legacy working inventories. A legacy98

catalogue used within a closed research group may inadvertently contain synthetic events, merged99

historical macroseismic data with large location uncertainties, or unverified magnitude conversions100

[Wang et al., 2020]. Because binary classifiers map high-resolution predictor pixels directly onto101

epicentral coordinates, coordinate offsets or the inclusion of non-mainshock events (quarry blasts,102

aftershock swarms) corrupt the training target. Establishing an unbroken, transparent evidence103

chain—from a formally verified institutional bulletin through completeness analysis and spatial104

declustering—is therefore a first-order requirement.105

1.5 Specification-curve analysis106

To confront these uncertainties we adopt specification-curve analysis and multiverse reporting107

[Steegen et al., 2016, Simonsohn et al., 2020]. In standard ML pipelines, investigators often tune108

hyperparameters and select the single processing branch that maximises AUC on a hold-out set;109

this configuration is then published, suppressing a landscape of equally defensible alternatives. A110

specification curve instead explores the universe of defensible decisions—spatial CV block designs,111

background sampling strategies, model families, target magnitude definitions—and plots the full112

distribution of outcomes. In this paradigm, wide variance across the curve is not a search for113

an optimal deployable configuration but a diagnostic of structural instability in the underlying114

proxy-to-seismicity relationship.115

1.6 Research objectives116

We pose four linked research questions for the Western Yunnan fault belt:117

1. RQ1 (Provenance). How does catalogue-provenance verification alter the evidence chain,118

and what is the unverifiable fraction of a localised legacy inventory?119

2. RQ2 (Coverage). How does predictor-coverage reconstruction recover usable mainshock120

samples and prevent silent spatial-domain truncation?121

3. RQ3 (Sensitivity). How sensitive are binary ML susceptibility claims to shifts in model122

family, spatial CV design, background sampling and target definition under a multiverse123

framework?124

4. RQ4 (Baseline). Do formal point-process intensity models support a strong spatial signal in125

surficial proxies, or do they confirm the limits of topographic data relative to fault proximity?126

By resolving these questions in sequence we aim to provide an auditable template for evaluating127

spatial ML models and to identify the deeper physical covariates needed for credible regional tectonic128

mapping.129
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2 Study area and data130

2.1 Tectonic setting131

The Western Yunnan fault belt lies at the dynamic southeastern margin of the Tibetan Plateau,132

shaped by the far-field convergence of the Indian and Eurasian plates. The region exhibits intense133

crustal deformation, complex strike-slip and thrust architectures, and elevated background seismicity134

[Leloup et al., 1995, Yang et al., 2012]. This setting produces frequent moderate-to-large mainshocks,135

making it a high-value domain for earthquake-propensity screening. A single-county footprint such136

as the Baoshan administrative boundary offers too few events for stable ML training and suffers137

from severe edge effects. The expanded Western Yunnan domain, bounded by 97.0◦–103.5◦E and138

22.0◦–28.5◦N, captures a continuous seismotectonic regime, stabilises spatial-block CV partitions,139

and provides a contiguous geographic boundary for evaluating predictive algorithms (Fig. 1).140

Figure 1: Study area and tectonic context for the Western Yunnan fault belt. The expanded domain
(97.0◦–103.5◦E, 22.0◦–28.5◦N, blue box) is overlaid on 184 real active fault traces from the Global Earthquake
Model (GEM) database (red) and the verified mainshock epicentres (Mw ≥ 3.4, symbols scaled and coloured
by magnitude). A 100 km scale bar and north arrow are shown. Fault geometry, epicentres and the domain
extent are plotted from the project spatial data.
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2.2 Formal catalogue verification141

To establish an auditable evidence chain we discarded ambiguous legacy working inventories that142

lacked definitive temporal or spatial tracking. The target variable was derived exclusively from the143

formally verified China Earthquake Networks Center (CENC) unified bulletin [China Earthquake144

Networks Center, 2023]. The extracted dataset spans the temporal window from 2009 to 2023145

(2009-01-12 to 2023-12-28). We isolated verified mainshock epicentres, applied completeness filtering146

and spatial declustering, and retained only natural tectonic events, explicitly removing quarry blasts,147

duplicate entries and unverified historical coordinates.148

2.3 Predictor stack149

We assembled a parsimonious set of non-circular surficial proxies and structural constraints. Active-150

fault distance provides the primary tectonic structural constraint [Garcia-Pelaez et al., 2018].151

Topographic variables (elevation, slope and aspect derived from NASA SRTM 30 m DEMs [Farr152

et al., 2007]) proxy long-term uplift and erosional signatures. Mean Normalised Difference Vegetation153

Index (NDVI) for 2009–2023 [Didan, 2015] proxies surface stability, and broad categorical lithology154

was extracted from the Global Lithological Map [Hartmann and Moosdorf, 2012].155

3 Methods156

3.1 Catalogue-provenance audit and declustering157

The audit began with a spatial and temporal cross-check between the legacy working inventory158

and the formal CENC bulletin. We flagged events exhibiting unverified coordinate offsets (> 0.1◦),159

undocumented magnitude shifts, or missing temporal origins; all legacy records failing the cross-check160

were deprecated (Fig. 2). The formal catalogue then underwent statistical completeness evaluation161

using the Entire Magnitude Range and goodness-of-fit approaches [Woessner and Wiemer, 2005].162

After determining the completeness threshold (Mc = 3.4), the catalogue was declustered with the163

Gardner and Knopoff [1974] windowing technique using Uhrhammer [1986] spatial and temporal164

parameters, isolating independent mainshocks from dependent aftershock cascades.165

The full provenance and quality-control sequence is summarised in Table 1, which records the166

catalogue version, raw and retained event counts, the verification decision, and the final use of each167

source in the evidence chain.168

6

https://doi.org/10.5194/egusphere-2026-3866
Preprint. Discussion started: 28 September 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 2: Catalogue provenance audit. (a) Of 214 legacy working-inventory records, 173 (80.8%) could not
be verified against the formal bulletin. (b) Quality-control funnel for the formal CENC catalogue (2009–2023):
the expanded bulletin (1365 events) is filtered to the study domain (827), then to the Mc = 3.4 completeness
threshold (540), and finally declustered to 331 independent mainshocks.
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Table 1: Catalogue provenance and quality-control (QC) summary. The legacy working inventory is
deprecated; the formally verified CENC bulletin (2009–2023) is processed through completeness filtering and
Gardner–Knopoff declustering to the modelling target.

Legacy working
inventory

214 41 (19.2%) undocumented Rejected
(80.8%
synthetic)

Deprecated;
audit evidence
only

CENC expanded
bulletin

1365 1365 2009–2023 Accepted Source
catalogue

Within study
domain

827 827 2009–2023 Accepted Spatial subset

After Mc = 3.4
filter

540 540 2009–2023 Accepted Completeness-
filtered

GK-declustered
mainshocks

331 331 2009–2023 Accepted Modelling
target

3.2 Leakage-aware predictor screening169

We enforced a leakage-aware feature-selection protocol aligned with REFORMS [Kapoor et al., 2024].170

Circular predictors—any spatial variable mathematically derived from the target catalogue—were171

rejected, including earthquake-density and KDE grids, proximity to historical epicentres, and172

interpolated b-value grids. Only independent non-circular proxies (fault distance, terrain, NDVI173

and coarse lithology) were retained for the final modelling stack (Fig. 3).174

Figure 3: Leakage-aware predictor screening matrix. Earthquake-derived circular features (density/KDE,
distance to past epicentres, local b-value grids) are removed because they encode the target labels; independent
non-circular proxies are retained.

The complete predictor inventory, data sources, leakage classification and retention decision are175

given in Table 2.176
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Table 2: Predictor stack and leakage classification. Earthquake-derived features are circular and removed;
independent geographic and structural proxies are retained for the final 7-factor stack.

Earthquake density
/ KDE

Target
catalogue

— High Removed

Distance to past
epicentres

Target
catalogue

— High Removed

Local b-value grid Target
catalogue

— High Removed

Distance to active
faults

GEM / CEA vector Low Retained

Elevation NASA SRTM 30 m Low Retained
Slope Derived

(SRTM)
30 m Low Retained

Aspect Derived
(SRTM)

30 m Low Retained

NDVI (mean
2009–2023)

MODIS
MOD13Q1

250 m Low Retained

Lithology (coarse) GLiM 1:3.75 M Low Retained

3.3 Predictor-coverage QA177

Automated spatial joining can introduce silent data loss. We conducted a coverage QA audit to178

quantify mainshocks dropped because of missing predictor pixels (for example, gaps in NDVI or179

boundary clipping in DEMs), and we reconstructed the raster footprints to match the 97.0◦–103.5◦E180

bounding box, preventing spatial-domain truncation (Fig. 4).181

Table 3 quantifies per-layer coverage before and after reconstruction and the resulting matched-182

presence fractions.183

Table 3: Predictor-coverage QA before and after raster-footprint reconstruction. Coverage QA recovers the
predictor-complete matched sample from 123 to 330 of 331 mainshocks.

Elevation / slope / aspect 0.379 0.97 Recovered
NDVI 0.249 0.96 Recovered
Distance to faults 1.000 1.000 Complete
Lithology 1.000 1.000 Complete
Matched mainshocks 123 (37.2%) 330 (99.7%) Recovered

3.4 Binary ML screening and specification-curve analysis184

We evaluated binary classification sensitivity across three model families: Random Forest [Ploton185

et al., 2020], logistic regression, and histogram-based gradient boosting. Rather than maximising186

AUC, we tracked performance across twelve defensible analytical branches:187

1. Cross-validation. Standard random CV (diagnostic only) versus spatial-block CV with188
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Figure 4: Predictor-coverage reconstruction QA. (a) The matched, predictor-complete mainshock sample
rises from 123 (37.2%) to 330 (99.7%) of 331 events after reconstruction. (b) Per-layer raster coverage before
and after QA; terrain and NDVI coverage rise above the 0.95 QA target while fault and lithology layers were
already complete.

blocks from 0.25◦ to 1.0◦ and leave-one-subregion-out. Spatial blocking enforces physical189

distance between training and validation folds, mitigating the optimism induced by spatial190

autocorrelation [Roberts et al., 2017, Brenning, 2012].191

2. Background sampling. Uniform random pseudo-absence generation versus presence-buffered192

minimum-distance sampling.193

3. Target definition. Models trained on the strictly declustered Mc ≥ 3.4 catalogue versus194

subsets and unfiltered variants.195

3.5 Point-process intensity baselines196

To avoid the sensitivities of pseudo-absence generation, we fitted formal spatial point-process197

intensity models [Renner et al., 2015, Baddeley et al., 2015]. A full 7-factor Poisson spline model was198

compared against a baseline using only distance to active faults, plus intercept-only and terrain-only199

baselines. Performance was quantified by deviance explained (D2) and the top-20% spatial-area200

event-capture rate, both under spatial-block CV.201
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4 Results202

4.1 Catalogue-provenance rejection203

The provenance audit (Fig. 2a) exposed structural flaws in the legacy inventory. Of 214 unverified204

entries historically used for localised susceptibility mapping, 173 were flagged as synthetic, heavily205

offset, or lacking temporal origins—an 80.8% rejection fraction. Because binary classifiers map206

predictor space directly onto coordinates, contamination at this level invalidates derived mapping207

artefacts. Transitioning to the CENC 2009–2023 dataset and applying Mc = 3.4 filtering and208

Gardner–Knopoff declustering (Fig. 2b) secured a final target of 331 independent mainshocks.209

4.2 Coverage recovery210

Overlaying the 331 mainshocks onto the uncorrected predictor stack dropped 208 events through211

boundary clipping in the DEM and NDVI layers, leaving a matched presence of only 123 events212

(37.2%) that systematically excluded peripheral fault zones. Reconstructing the raster footprints213

to the defined bounding box raised the matched-presence fraction to 99.7% (330 of 331; Fig. 4).214

Coverage QA is therefore not a cosmetic preprocessing step but a prerequisite for valid spatial215

sampling.216

4.3 Specification-curve sensitivity217

The specification-curve analysis (Fig. 5) reveals strong sensitivity to analytical configuration. The218

mean spatial AUC across the twelve branches ranged from 0.55 to 0.79. This range indicates that219

reported AUC values in this domain are governed substantially by the analyst’s specification—CV220

design, absence buffering, target definition—rather than by a stable physical signal in the surficial221

proxies. Moving from optimistic random CV to spatial-block CV systematically reduced the AUC.222

The histogram-based gradient-boosting model attained a high mean AUC (0.79) but with a large223

inter-fold standard deviation (±0.22), indicating instability rather than dependable performance;224

we therefore treat this high value as an unstable outlier, not a ranking of the best model (Fig. 6).225

A representative subset of the twelve specification branches is reported in Table 4, which lists the226

model family, cross-validation design, mean AUC, inter-fold standard deviation, and the viability227

flag assigned during screening.228
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Figure 5: Specification-curve analysis. Mean spatial AUC for twelve defensible analytical branches (model
family × cross-validation × background sampling), ordered by AUC. Error bars are inter-fold standard
deviations; dashed reference lines mark random (0.50), modest (0.65) and useful (0.70) discrimination. The
highest mean (0.79) is attached to the least stable branch (SD ±0.22). The figure is a sensitivity diagnostic,
not a ranking.

Figure 6: Binary-model sensitivity decomposition. Random Forest (full 7-factor) AUC declines monotonically
as the cross-validation design becomes stricter, from 0.681 under diagnostic random CV to 0.513 under
leave-one-subregion-out validation. Inter-step changes are annotated.
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Table 4: Representative branches of the specification curve for the Random Forest (full 7-factor) and
comparison models. Random CV is diagnostic only; the high-AUC buffered branch is flagged as unstable
rather than preferred.

RF full 7-factor Random CV
(diagnostic)

0.681 0.009 Diagnostic
only

RF full 7-factor Spatial block
0.25◦

0.656 0.045 Cautious

RF full 7-factor Spatial block
0.50◦

0.627 0.033 Weak

RF full 7-factor Spatial block
1.00◦

0.603 0.053 Weak

RF full 7-factor Leave-one-
subregion-out

0.513 0.072 Weak

MaxEnt-style
logistic

Spatial block
0.25◦

0.629 0.048 Weak

LR full 7-factor Spatial block
0.50◦

0.586 0.043 Weak

HistGB full 7-factor Buffered
spatial 0.25◦

0.790 0.224 Unstable
(high SD)

4.4 Point-process baseline performance229

The point-process intensity evaluation (Fig. 7) isolated the predictive power of the covariates without230

pseudo-absence artefacts. The distance-to-fault baseline achieved D2 = 0.001 and a top-20% capture231

of 0.163. The full 7-factor surficial model shifted these only to D2 = 0.003 and a top-20% capture232

of 0.187. The incremental gain (∆D2 = +0.002; ∆ top-20 = +0.024) represents little measurable233

improvement, and both models fell below the random spatial expectation of 0.200 for top-20%234

capture, indicating weak discrimination under these predictors.235

The full baseline comparison is summarised in Table 5. Across the intercept-only, distance-to-fault,236

terrain-only and full 7-factor models, the deviance explained remains far below practically useful237

levels and the top-20% capture stays at or below the random expectation.238

Table 5: Spatial point-process baseline comparison for region B4 at 0.20◦ resolution under spatial-block
cross-validation. The best full-model result (D2 = 0.0032, top-20% capture = 0.187) provides little incremental
gain over fault proximity.

Intercept only 0.0000 0.139 —
Distance-to-fault only 0.0011 0.163 reference
Terrain only 0.0012 0.150 No
Full 7-factor spline 0.0032 0.187 Marginal (∆D2 = +0.002)
Random expectation — 0.200 —
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Figure 7: Point-process intensity baseline evaluation at 0.20◦ resolution under spatial-block CV. (a) Deviance
explained (D2) and (b) top-20% area event-capture rate for intercept-only, distance-to-fault, terrain-only and
full 7-factor spline models. The full surficial stack provides little incremental gain over fault proximity, and
all models fall below the 0.20 random expectation.

4.5 Audit-scorecard synthesis239

The synthesis is presented as an audit scorecard (Fig. 8). Drawing together the catalogue funnel240

(Table 1), the predictor and leakage inventory (Table 2), the coverage recovery (Table 3), the241

specification-curve branches (Table 4) and the point-process baselines (Table 5), the dataset passed242

the catalogue-provenance, sample-support and coverage gates, but the modelling architecture did not243

pass the model-triangulation, background-stability and baseline-superiority gates. The accompanying244

roadmap recommends deprecating circular and purely surficial predictors in favour of deep geodetic245

and tectonic covariates.246

5 Discussion247

5.1 Methodological uncertainty rather than model failure248

The dominant finding of this audit is not a narrative of algorithmic failure but a demonstration of249

how strongly ML susceptibility outputs depend on opaque, frequently unreported analytical choices.250

Under the specification-curve framework [Simonsohn et al., 2020], an investigator could report an251

AUC approaching 0.80 by choosing favourable cross-validation folds and a flexible algorithm such252

as histogram-based gradient boosting (Table 4, Fig. 5). Subjecting the same dataset to strict253

spatial-block cross-validation and presence-buffered background sampling reduced the discrimination254

to weak levels near 0.55, and the monotonic decline with stricter validation is itself diagnostic (Fig.255

6). In single-pipeline studies such contrasts are commonly suppressed in favour of the highest metric.256
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Figure 8: Audit synthesis. (a) Audit-gate scorecard: the workflow passes catalogue-provenance, sample-
support and coverage gates but does not pass the model-triangulation, background-stability and baseline-
superiority gates. (b) Future predictor roadmap deprecating circular and purely surficial features in favour of
deep geodetic and tectonic inputs.
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Our results function as an empirical caution to the spatial-hazard community: a point estimate257

of model accuracy is difficult to interpret in isolation unless it is accompanied by a sensitivity258

decomposition that explicitly bounds the uncertainty introduced by cross-validation design, target259

filtering and background generation. This argument does not single out any one algorithm; rather,260

it identifies the reporting convention itself as the weak link. The same flexibility that allows ML261

models to capture nonlinear structure also allows them to absorb spatial autocorrelation and produce262

confident-looking surfaces that do not survive geographic extrapolation [Ploton et al., 2020, Roberts263

et al., 2017]. The remedy is procedural and cultural as much as it is technical: preregistration of264

the analytical universe, transparent reporting of all defensible branches, and explicit separation of265

diagnostic random CV from spatially honest validation.266

A second, related point concerns the interpretation of variance itself. In conventional model selection,267

the configuration with the highest mean validation score is preferred and its variance is treated as268

noise to be minimised through additional tuning. In an audit framing the variance is the signal. A269

relationship that is physically real and spatially generalisable should be comparatively insensitive to270

whether the validation blocks are 0.25◦ or 1.0◦ across, or to whether pseudo-absences are drawn271

uniformly or buffered. The observed spread of roughly 0.24 AUC units across our branches is272

therefore not a menu from which to select the most attractive number; it is a direct measurement273

of how little of the apparent skill is anchored to the proxies and how much is an artefact of the274

analyst’s degrees of freedom.275

5.2 Surface proxies and deep tectonics276

The point-process evaluation (Fig. 7, Table 5) confirmed that the common suite of surficial277

topographic predictors—elevation, slope, NDVI and coarse lithology—provided little incremental278

predictive power over a basic distance-to-fault heuristic. While ML has proven effective for surficial279

hazards such as landslides, where gravity, hydrology and surface materials directly govern failure280

[Reichenbach et al., 2018], earthquakes are deep-seated tectonic ruptures. It is physically implausible281

that surface vegetation indices or shallow topographic gradients control seismogenic energy release at282

depths exceeding 10 km. The modest statistical correlations sometimes observed in regional studies283

are most plausibly artefacts of spatial autocorrelation—mountains coinciding spatially with the284

faults that built them—rather than causal drivers. Distance to active faults remained the single most285

informative covariate in every baseline comparison, which is consistent with the physical expectation286

that proximity to mapped structures, not surface cover, governs the first-order spatial distribution287

of moderate seismicity. The implication is not that ML is unsuited to seismotectonic problems but288

that the input representation must change: an algorithm cannot recover a deep physical relationship289

from data that only describe the surface.290

5.3 A roadmap for future ML seismic mapping291

Not passing the baseline-superiority gate motivates a shift in regional susceptibility mapping. The292

predictor roadmap in Fig. 8 deprecates circular parameters and purely surficial topography as293

primary signals and prioritises physically grounded tectonic constraints. Future arrays should294
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integrate geodetic crustal strain rates from dense GNSS networks, active-fault slip-rate and activity-295

class constraints, three-dimensional crustal velocity structure, Moho-depth variation, Vs30 and296

site-condition proxies [Wald and Allen, 2007], basin or Quaternary sediment thickness, gravity and297

magnetic anomalies, heat flow, and distance to historical rupture zones. Crucially, these covariates298

cannot be derived from the same earthquake catalogue that defines the target, so they avoid the299

circularity that inflates surficial models. Feeding ML algorithms data that represent the physical300

state of the crust would allow the field to move from spatial pattern-matching toward physically301

interpretable discrimination. We also note that several of these covariates are now openly available302

at regional scale, so the principal barrier is one of workflow discipline and data integration rather303

than fundamental data scarcity.304

5.4 Why provenance contamination is uniquely damaging305

It is worth dwelling on the mechanism by which an unverified catalogue corrupts a susceptibility306

model, because the failure is more insidious than ordinary label noise. In a conventional classification307

problem, random label errors degrade performance gradually and are partially absorbed by a well-308

regularised model. Provenance contamination behaves differently. Synthetic or heavily offset events309

do not scatter randomly across the predictor space; they cluster according to whatever procedure310

generated them—often near pre-existing events, along administrative boundaries, or at rounded311

coordinates. A flexible classifier readily learns these artificial regularities and reports them as312

skill. The 80.8% unverifiable fraction we documented is therefore not equivalent to 80.8% random313

noise; it is a large, structured signal that competes with, and can overwhelm, any genuine tectonic314

relationship. This explains why provenance verification must precede every other modelling decision:315

no amount of careful cross-validation, regularisation or feature engineering downstream can recover316

a target variable that was compromised at the source. The audit ordering we adopt—provenance317

first, then coverage, then sensitivity, then baseline triangulation—is not arbitrary but reflects this318

dependency, in which each later gate is meaningful only if the earlier gates have passed.319

5.5 Background sampling and the pseudo-absence problem320

A further source of instability, partly hidden inside the specification curve, is the generation of pseudo-321

absences. Binary susceptibility classifiers require negative examples, yet the absence of a recorded322

earthquake at a location is not evidence that the location is seismically quiescent; it may simply323

reflect the finite observation window or network detection limits. Different background-sampling324

conventions—uniform random draws, presence-buffered minimum-distance sampling, or target-group325

backgrounds—define different negative classes and therefore different decision boundaries. In our326

experiments, switching between uniform and presence-buffered backgrounds moved the apparent327

AUC by an amount comparable to switching the entire model family, which is a striking result: a328

preprocessing choice that is frequently relegated to a single unexamined line of code exerts first-order329

influence on the headline metric. Point-process intensity models are attractive precisely because they330

dispense with arbitrary pseudo-absences and instead model the spatial intensity of events directly331

against a quadrature scheme [Renner et al., 2015, Baddeley et al., 2015]. That the point-process332

baselines also showed little incremental skill from surficial proxies therefore strengthens, rather than333
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merely echoes, the binary-model conclusion: the weak signal is not an artefact of pseudo-absence334

design but persists under a framework that avoids it entirely.335

5.6 Toward a practical reporting standard336

The constructive contribution of this work is a small set of reporting practices that any spatial-ML337

hazard study can adopt without specialised infrastructure. Authors should state the provenance of338

the target inventory explicitly, including the source bulletin, the download date and the verification339

procedure, and should report the fraction of records discarded. They should quantify and report340

sample loss during spatial joins rather than silently working with whatever events survive the overlay.341

They should present a specification curve, or at minimum a table of AUC across cross-validation342

designs and background-sampling choices, so that readers can see the range of defensible outcomes343

rather than a single tuned number. And they should report at least one transparent physical344

baseline—distance to mapped faults is a natural choice in the seismic case—so that incremental345

gains from elaborate feature stacks are interpretable. None of these practices requires more data or346

more computation than current studies already expend; they require only that the analytical degrees347

of freedom be made visible. Adopting them would not eliminate negative results, but it would348

make negative and positive results equally informative, which is the central aim of an audit-oriented349

methodology.350

5.7 Generality and transferability of the audit351

Although our test bed is the Western Yunnan fault belt, the audit structure is deliberately region-352

agnostic. Each gate—provenance, coverage, multiverse sensitivity and baseline triangulation—353

addresses a failure mode that is generic to presence-background spatial ML, not specific to south-354

western China. Investigators working in other seismotectonic settings, or indeed in adjacent fields355

such as landslide and flood susceptibility, can apply the same sequence: verify the provenance of356

the target inventory, quantify silent sample loss during spatial joins, report the full specification357

curve rather than a single tuned model, and benchmark against a transparent physical baseline.358

The checklist we provide is intended to be portable in exactly this way.359

5.8 Limitations360

Several limitations frame our conclusions. The analysis is constrained by the sample sizes available361

from instrumental catalogues in Western Yunnan over the 2009–2023 window; a longer or denser362

catalogue might sharpen the spatial signal, although it would not alter the leakage and coverage363

principles. The strict completeness threshold (Mc = 3.4) removes micro-seismicity that could,364

in principle, better delineate hidden fault networks, but incorporating unverified micro-events365

would reintroduce location uncertainty and provenance risk. Our predictor set is intentionally366

restricted to widely used non-circular surficial proxies; we did not test the deep geophysical covariates367

recommended in the roadmap, precisely because evaluating them is the proposed next step rather368

than a current result. Finally, spatial susceptibility maps—even if methodologically improved with369

deep geophysical proxies—remain static spatial heuristics and cannot substitute for dynamic PSHA370
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workflows.371

6 Conclusion372

We deployed a transparent, reproducible audit framework to evaluate the validity and stability of373

machine-learning seismic susceptibility mapping in the Western Yunnan fault belt. Four conclusions374

follow.375

First, catalogue integrity is decisive. A localised legacy inventory contained 80.8% unverifiable records;376

transitioning to a formally verified bulletin (CENC, 2009–2023) is a non-negotiable precondition for377

credible modelling. Second, coverage QA prevents silent truncation: naïve spatial joins discarded378

roughly two-thirds of valid mainshocks, and explicit boundary reconstruction restored the matched379

sample from 123 to 330 of 331 events. Third, high sensitivity demands specification reporting:380

binary AUC ranged from 0.55 to 0.79 across defensible cross-validation and background regimes,381

and the highest values were the least stable, so single-point AUC estimates without fold-instability382

reporting can mask structural weakness. Fourth, the tested surficial proxies offered little measurable383

incremental gain over simple fault proximity in independent point-process baselines, indicating that384

future work should prioritise deep geodetic and structural inputs.385

By formalising these audit gates and providing a portable reporting checklist, we offer the community386

an auditable workflow to help ensure that future ML spatial models are geophysically grounded,387

transparent, and resilient to methodological artefacts.388

Data and Code Availability389

The processed data tables, catalogue-provenance audit outputs, predictor-coverage quality-assurance390

results, model-screening summaries, specification-curve data, point-process baseline outputs, main-391

table source data, and supplementary result files supporting this study are available at Zenodo:392

https://doi.org/10.5281/zenodo.21067519 [Wang et al., 2026]. The internal analysis source code is393

not included because it is part of an internal project workflow. The model specifications, parameter394

settings, validation design, predictor definitions, and quality-control procedures needed to evaluate395

the analysis are described in the Methods section and Supplement. Third-party raw datasets are396

not redistributed in the archive; their sources and access routes are documented in the manuscript,397

Supplement, and data notice included with the archive. The formal earthquake catalogue is available398

from the China Earthquake Networks Center [China Earthquake Networks Center, 2023]; active399

fault traces are from the Global Earthquake Model database [Garcia-Pelaez et al., 2018]; topographic400

data are from NASA SRTM [Farr et al., 2007]; vegetation indices are from MODIS MOD13Q1401

[Didan, 2015]; and lithology is from the Global Lithological Map [Hartmann and Moosdorf, 2012].402
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