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Featured Application

The workflow supports retrospective audit and calibration of magnitude-threshold classi-
fiers in strong-motion archives. It is not an operational earthquake early-warning imple-
mentation because the predictors are full-record peak parameters.

Abstract

Magnitude-threshold classifiers trained on multiple station records from the same earth-
quake are vulnerable to event-level data leakage, and comparisons across magnitude
boundaries can be misleading because the class definition and prevalence change. We
evaluated ten machine-learning classifiers using the official SMD-TR Metadata.csv and
IM_RotD50.csv files. Record metadata and orientation-independent horizontal RotD50
intensity measures were joined one-to-one by a waveform identifier (WFID), and earth-
quakes were grouped by the official earthquake identifier (EQID). The Mw-only cohort
contained 35,198 records from 3377 events and 965 stations. Events, rather than records,
were assigned to an 80% development subset and a locked 20% independent test subset.
Hyperparameters, classifier, and decision-score cutoff were selected within five event-wise
development folds at the prespecified Mw = 5.5 boundary using event-level F2. Linear
Discriminant Analysis (LDA; Isqr solver with automatic shrinkage) was selected in de-
velopment (mean F2 = 0.903, SD = 0.043; score cutoff = 0.703). On 676 independent test
events, including 23 positives, LDA achieved F2 = 0.779 (95% event-bootstrap interval
0.625-0.896), recall = 0.826, precision = 0.633, balanced accuracy = 0.905, MCC = 0.712, and
PR-AUC = 0.865 (TN = 642, FP = 11, FN =4, TP = 19). An Extra Trees regression sensitivity
analysis yielded event-level MAE = 0.171, RMSE = 0.229, and R? = 0.860. Boundaries from
Mw 5.0 to 6.0 are reported as separate descriptive tasks, not as evidence for an optimal phys-
ical threshold. Because the predictors are full-record RotD50 peak parameters, the findings
support offline calibration and audit rather than operational real-time early warning.

Keywords: strong-motion data; magnitude classification; event-wise validation; threshold
calibration; class imbalance; SMD-TR; machine learning; regression sensitivity

1. Introduction

Earthquake early warning (EEW) seeks to characterize an event before damaging
shaking reaches exposed locations. Operational systems therefore face two related but
distinct problems: estimating source or shaking parameters from short, causally available
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signal windows, and converting uncertain estimates into user-specific alert decisions [1-8].
Recent waveform-based machine-learning systems address the first problem with early P-
wave or raw-waveform inputs [1-5,9-16]. Decision thresholds address the second problem
and must reflect latency, false-alarm tolerance, missed-event consequences, site conditions,
and the needs of the protected system [6,7,17-19].

Magnitude M = 5.5 is frequently used as a practical reference in rapid magnitude
studies and application-specific warning frameworks [4,7,15,16]. It is not, however, a
universally optimal alert boundary. SASMEX, intensity-based alerting studies, and risk-
informed infrastructure applications illustrate that alert rules depend on distance, predicted
shaking, fragility, and risk tolerance rather than magnitude alone [17-19]. A magnitude
boundary is therefore a policy definition; changing it also changes the target labels and
class prevalence. Predictive scores from different label definitions cannot by themselves
establish that one physical boundary is superior.

A second methodological issue arises from the hierarchical structure of strong-motion
databases. One earthquake may generate many station records. A random record-level
split can place recordings from the same event in both training and test subsets, allowing
event-specific information to cross the partition. Grouped or blocked validation is needed
whenever observations share a higher-level source [20]. Model or cutoff selection on the
final test subset introduces an additional optimistic bias [21]. These concerns are especially
important at high magnitude boundaries, where only a few earthquakes may supply many
nominally separate records.

The SMD-TR database is a national archive containing strong-motion recordings,
metadata, and processed intensity measures from Tiirkiye [22]. The official Metadata.csv
and IM_RotD50.csv files provide earthquake and station metadata together with orientation-
independent horizontal RotD50 PGA, PGV, and PGD. Their explicit component convention
removes ambiguity about which ground-motion component is represented. These variables
support an offline classification benchmark, but full-record peaks are not equivalent to
causally available features from the first seconds of an EEW sequence.

This study asks a narrower, reproducible question: how well do ten conventional
classifiers distinguish events above a prespecified Mw = 5.5 boundary when validation is
performed by an official earthquake identifier, model development is isolated from the final
test set, and missed events receive greater weight? The contributions are: (i) an audit and
one-to-one WFID joining of the official metadata and RotD50 files; (ii) an Mw-only cohort
with event-wise development, cross-validation, and independent testing; (iii) complete
preprocessing and hyperparameter disclosure; (iv) event-level F2, balanced accuracy, MCC,
PR-AUC, baselines, cost-ratio sensitivity, and bootstrap uncertainty; and (v) continuous-
magnitude regression as a sensitivity analysis. Results for Mw 5.0-6.0 remain separate
descriptive tasks.

2. Materials and Methods
2.1. Study Scope and Target Definition

The analysis is retrospective and uses completed strong-motion records. For event
i with reported moment magnitude Mi, the binary target at policy boundary T is
yi(T) = 1[Mi > T]. The primary boundary T = 5.5 was prespecified from its recurrent
use as a reference in the literature boundaries were restricted to one-decimal increments
because the catalogue magnitudes are themselves recorded to one decimal place; a cutoff
reported to finer precision would have no support in the target resolution [4,7,15,16]; it was
not selected by maximizing test performance. Eleven one-decimal boundaries from 5.0 to
6.0 were evaluated descriptively.
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The Each boundary defines a different outcome and prevalence. Cross-boundary
curves therefore describe sensitivity to the policy definition but are not used to claim an
optimal physical magnitude threshold. Classifier, hyperparameter, and score-cutoff choices
were made only within the development data. The independent test subset was opened
after the model at M = 5.5 had been locked.

2.2. Data Source, Audit, and Primary Cohort

We obtained the official SMD-TR Metadata.csv and IM_RotD50.csv files from the
DesignSafe-CI record [22]. Metadata.csv contains 95,890 rows. After removing one
blank RotD50 row, IM_RotD50.csv contains 45,175 valid records. Metadata.csv includes
45,176 records for which both horizontal components are marked as processed; the sole
processed horizontal metadata record without a RotD50 row is WFID 4125. It belongs to an
Mw 5.8 event that remains represented by other stations and was excluded transparently.
The WFID join was verified as one-to-one.

Because the source magnitudes were not homogenized by conversion equations [22],
the primary cohort retained only records reported as Mw. We also required valid EQID
and WFID values and positive finite Mw, epicentral distance, RotD50 PGA, RotD50 PGV,
and RotD50 PGD. These rules produced 35,198 records from 3377 events and 965 stations
(Table 1). No statistical imputation or positive-value outlier deletion was applied. PGA
was converted from g to cm/s? using 980.665 cm/s? per g; PGV, PGD, and Repi retained
their official units of cm/s, cm, and km (Table 2).

Table 1. Official SMD-TR RotD50 cohort construction and event-wise partition.

Stage Records Events Stations Purpose
Official SMD-TR metadata 95,890 9244 1022 All Metadata.csv rows
. . Complete official RotD50

Valid RotD50 rows joined by WFID 45,175 5911 969 PGA/PGV /PGD

Both horizontal components processed 45,175 5911 969 P/P requirement; WFID 4125
documented as absent

Final Mw RotD50 cohort 35,198 3377 965 All primary analyses

Development events 28,603 2701 953 Tuning and five-fold event CV

Independent test events 6595 676 843 Locked final evaluation

Table 2. RotD50 primary-cohort descriptive statistics at the record level.

Variable Mean SD Minimum 01 Median Q3 Maximum
Magnitude (Mw) 4.454 0.847 3.000 3.900 4.200 4.800 7.800
PGA-RotD50 (cm/s2) 3.688 24.930 0.012 0.285 0.670 1.779 1356.530
PGV-RotD50 (cm/s) 0.394 3.537 <0.001 0.013 0.033 0.099 176.060
PGD-RotD50 (cm) 0.314 3.172 <0.001 0.001 0.004 0.015 138.313
Repi (km) 104.832 69.690 0.600 57.000 88.000 137.000 566.000

The three motion predictors are the official RotD50 measures calculated from the
two horizontal components [22,23]. RotD50 is an orientation-independent median spec-
tral/peak measure and is therefore neither an arbitrarily selected single component nor a
maximum horizontal value. The analysis uses the supplied processed values and does not
recompute intensity measures from raw waveforms. The event-level magnitude distribu-
tion of the development and locked independent-test subsets is shown in Figure 1.
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Figure 1. Event-level magnitude distribution in the official RotD50 cohort, with the development
and locked independent-test subsets shown separately. The dashed line marks the prespecified
Mw = 5.5 boundary.

2.3. Event Identification and Data Partitions

The official EQID was used as the grouping variable and WFID as the record-level join
key. All records sharing an EQID were retained in the same subset and cross-validation
fold. Magnitude was internally consistent within every retained EQID group, so no fallback
event identifier was required.

EQID groups were split once into 80% development (2701 events; 28,603 records)
and 20% independent test (676 events; 6595 records) using random seed 42. Stratification
preserved the observed event support for <5.0, each 0.1-magnitude level from 5.0 through
5.9, and >6.0. There was no event overlap. The development subset was then assigned
to five fixed event-wise folds. All feature, hyperparameter, classifier, and score-cutoff
decisions used only these folds. At Mw = 5.5, development and test contained 87 and
23 positive events, respectively. Figure 2 summarizes the complete leakage-free workflow.

Locked Step 3
RotD50 cohort

Development events Tune models + score
5 event-wise folds cutoff onlyat Mw =5.5

Freeze model
and cutoffs

Independent event
test opened once

Figure 2. Leakage-free analysis workflow. Metadata and RotD50 records are joined by WFID,
grouped by EQID, separated into development and locked test events, and evaluated only after
development-stage selection.

2.4. Predictors and Preprocessing

The predictors were PGA-RotD50, PGV-RotD50, PGD-RotD50, and epicentral distance
(Repi). Because all four variables were positive and strongly right-skewed, log10 transfor-
mation was applied within each scikit-learn (version 1.8.0, running under Python 3.12.13)
pipeline. Standardization was fitted within each training fold for SVM, logistic regression,
KNN, Gaussian Naive Bayes, and LDA; tree-based models used the log-transformed values

https:/ /doi.org/10.3390/app16178404


https://doi.org/10.3390/app16178404

Appl. Sci. 2026, 16, 8404

50f12

without standardization. No transformation parameter was estimated from a validation or
test fold.

PGA, PGV, and PGD are full-record maxima, not short-window P-wave attributes.
Repi provides source-station geometry, but the models do not separately estimate
geometric-spreading or anelastic-attenuation coefficients. They are predictive classifiers,
not physical ground-motion models. The effect of this design choice is considered in the
interpretation and the Limitations section (Section 5).

2.5. Models, Tuning, and Event Balancing

Ten scikit-learn classifiers were compared: Random Forest (RF), Gradient Boosting
(GB), Extra Trees (ET), AdaBoost (ADA), support vector classification with an RBF kernel
(SVM), logistic regression (LR), k-nearest neighbors (KNN), Gaussian Naive Bayes (NB),
Decision Tree (DT), and Linear Discriminant Analysis (LDA) [24]. The algorithm variants,
candidate grids, and selected settings are given in Table 3; the complete machine-readable
configuration and tuning log are supplied with the code.

Table 3. Candidate grids and selected classifier configurations at Mw = 5.5.

Model Candidate Grid Selected Setting Scaling/Weight

RF Depth none/12; leaf 1/4; 300 trees; depth 12; leaf 4; sqrt No scaling; weighted
features sqrt

GB Trees 100/200; rate 0.05/0.1; depth 2 200; rate 0.1; depth 2 No scaling; weighted

ET Pepth none/12; leaf 1/4; 300 trees; depth None; leaf 4; sqrt No scaling; weighted

eatures sqrt

ADA Trees 100/200; rate 0.05/0.2 200; rate 0.2 No scaling; weighted

SVM RBF; C 0.5/2; gamma scale/0.1 RBEF; C 2; gamma scale Standardized; weighted

LR Cco0.1/1/10 C 0.1; Ibfgs; max_iter 3000 Standardized; weighted

KNN k 7/21; uniform/distance k 21; uniform Standardized; capped

NB var_smoothing 10711 /107°/10~7 1011 Standardized; weighted

DT Depth 4/8/none; leaf 1/10 Depth §; leaf 10 No scaling; weighted

LDA svd or Isqr; shrinkage none/auto Isqr; automatic shrinkage; Standardized; capped

equal priors

Hyperparameters were tuned at the prespecified Mw = 5.5 boundary using
five event-wise development folds and mean event-level F2. To prevent earthquakes
with many stations from dominating training, at most 25 records per event were retained
in each training fold. Inverse-event-size and inverse-class-frequency weights were used by
estimators that accept sample weights; KNN and LDA were fitted to the common capped
sample because they do not accept this argument. Final classifier and score-cutoff selection
were also event-level.

2.6. Event Scores, Metrics, and Uncertainty

A fitted classifier produced a score for each station record, and the event score was
the arithmetic mean of all scores sharing an EQID. The decision-score cutoff was selected
from out-of-fold development event scores; for the selected LDA model it was 0.703.
F2 was primary because it weights recall more strongly than precision and reflects the
stated preference against missed above-boundary events. We also evaluated false-negative-
to-false-positive cost ratios of 2:1, 5:1, and 10:1 without using the independent test for
cutoff choice.
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Formally, the score of an event is the arithmetic mean of the scores of its records
(Equation (1)), and, for confusion counts TP, TN, FP, and FN, the recall-weighted F-score,
balanced accuracy, and Matthews correlation coefficient are defined in Equations (2)—(4):

1
Se = 72 Si 1)
N ice
Precision - Recall
Fg=(1+p5)- =2 2
p ( TP ) p? Precision + Recall’ P @
1 TP TN
BA_2(TP+FN+TN+FP> ®)

MCC — TP-TN — FP-FN )
/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

Reported event-level metrics are accuracy, balanced accuracy, precision, recall (sen-
sitivity), specificity, F1, F2, Matthews correlation coefficient (MCC), and area under the
precision-recall curve (PR-AUC). PR-AUC and MCC are included because accuracy and
ROC-oriented summaries can be misleading under severe class imbalance [25,26]. Con-
fusion counts and the majority-class accuracy baseline are reported. Uncertainty on the
independent event test was estimated using 2000 nonparametric bootstrap resamples of
events; 2.5th and 97.5th quantiles define 95% intervals.

2.7. Regression-First Sensitivity Analysis

To avoid training a separate target for each magnitude boundary, Random Forest,
Gradient Boosting, and Extra Trees regressors were fitted to continuous Mw using the same
capped, event-weighted development data. Models were compared by event-level MAE
across the same five folds. Extra Trees had the lowest mean development MAE and was
locked before evaluation on the independent events. Its continuous predictions were then
thresholded at the prespecified Mw = 5.5 boundary. This is a sensitivity analysis rather
than a physical source-magnitude model.

2.8. Reproducibility

All stochastic steps use random seed 42. The reproducibility materials include source-
file checksums, the deterministic cohort-construction script, the derived-cohort checksum,
the EQID split and fold manifests, executable model code, package requirements, selected
hyperparameters, complete numeric outputs, event predictions, bootstrap replicates, and
figure generation. The third-party Metadata.csv and IM_RotD50.csv files are obtained
directly from DesignSafe-CI and are not redistributed by the authors. The Data Availability
Statement provides the DOI of the code-and-results archive.

3. Results
3.1. Data Audit

The primary cohort contained 35,198 records from 3377 EQID-defined events and
965 stations. The median event contributed five records (interquartile range 2-12), and
the maximum was 244, confirming that ungrouped record counts would heavily weight
a small number of well-recorded earthquakes. Event-wise splitting removed direct same-
earthquake partition leakage. The final cohort spans 19 August 1976 to 22 February 2023
and contains 110 events with Mw > 5.5.
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3.2. Development-Set Model Selection at M = 5.5

At the prespecified Mw = 5.5 boundary, LDA had the largest mean event-level F2
across the five development folds (0.903, SD 0.043; Table 4), narrowly followed by SVM
(0.902, SD 0.044). LDA mean recall was 0.955, precision 0.747, balanced accuracy 0.972,
MCC 0.838, and PR-AUC 0.931. The selected configuration used the Isqr solver with
automatic shrinkage and equal class priors; its development-selected score cutoff was 0.703.
The near tie with SVM limits claims of algorithmic superiority and supports interpreting
selection as a deterministic development-stage decision.

Table 4. Five-fold development performance at the prespecified Mw = 5.5 boundary (event level;
mean £ SD).

Model F2 F1 Recall Precision Balanced MCC PR-AUC
Accuracy

LDA 0.903 £+ 0.043 0.836 + 0.057 0.955 + 0.047 0.747 + 0.081 0.972 +0.023 0.838 + 0.055 0.931 4+ 0.030
SVM 0.902 + 0.044 0.847 + 0.056 0.943 4+ 0.039 0.770 + 0.074 0.967 £+ 0.021 0.846 + 0.056 0.869 + 0.086
RF 0.892 £+ 0.051 0.840 + 0.058 0.931 4+ 0.048 0.766 + 0.067 0.961 + 0.025 0.839 + 0.058 0.910 4+ 0.058
LR 0.889 + 0.055 0.809 + 0.071 0.954 + 0.049 0.704 + 0.092 0.970 4+ 0.026 0.812 + 0.070 0.917 +0.033
ET 0.888 4+ 0.054 0.832 4+ 0.063 0.931 4+ 0.048 0.753 + 0.076 0.960 + 0.025 0.831 + 0.063 0.922 4+ 0.049
GB 0.882 4+ 0.097 0.818 4+ 0.091 0.931 4+ 0.105 0.731 4+ 0.088 0.960 + 0.054 0.818 + 0.095 0.891 4+ 0.062
DT 0.878 + 0.051 0.798 + 0.067 0.942 + 0.042 0.694 + 0.083 0.964 + 0.022 0.801 + 0.065 0.816 +0.117
KNN 0.878 £+ 0.062 0.773 + 0.069 0.965 £+ 0.052 0.645 + 0.072 0.974 4+ 0.028 0.781 &+ 0.068 0.933 4+ 0.043
ADA 0.852 4+ 0.057 0.769 + 0.058 0.919 + 0.066 0.664 + 0.069 0.952 4+ 0.033 0.772 + 0.058 0.877 +0.073
NB 0.663 £ 0.056 0.519 + 0.037 0.816 4+ 0.088 0.382 + 0.027 0.886 £+ 0.043 0.538 + 0.045 0.537 £ 0.156

Figure 3 compares all ten classifiers at the primary Mw = 5.5 task. Figure 4 then shows
LDA development F2 across the separate one-decimal boundary tasks from Mw 5.0 to
6.0. Values at different boundaries are not a ranking of magnitude policies because event
support and target labels change with the boundary.

Prespecified primary boundary: Mw = 5.5

LDA SVM KNN ADA
Classmer

o o L
o oY o

Event-level F2
o
N

(CV mean = SD)

o
(N}

0.

o

Figure 3. Five-fold development event-level F2 for all ten classifiers at the prespecified Mw = 5.5 task.
LDA and SVM were nearly tied; LDA was selected by the locked development rule. The selected
LDA model is shown in green, and all other classifiers are shown in gray; error bars denote the
fold-wise standard deviation.

3.3. Locked Independent Event Test

The locked LDA model was evaluated once on 676 previously unseen events (Table 5).
Twenty-three events met Mw > 5.5. Nineteen were detected, four were missed, and 11
lower-magnitude events were false positives (TN = 642, FP = 11, FN =4, TP = 19; Figure 5).
Event-level F2 was 0.779, F1 was 0.717, recall was 0.826, precision was 0.633, balanced
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accuracy was 0.905, MCC was 0.712, and PR-AUC was 0.865. Accuracy was 0.978, compared
with a majority-negative accuracy baseline of 0.966.

&
©

Event-level F2
(CV mean = SD)
o
0

o
~

0.6

5.0

Descriptive boundary sensitivity — LDA

Primary Mw = 5.5

52 53 54

55 56 57 58 59 6.0

Prespecified magnitude boundary (Mw)

Figure 4. Five-fold development event-level F2 of the selected LDA model across separate magnitude-

boundary tasks. Error bars show fold SD; the dashed line marks the prespecified Mw = 5.5 task, and

boundaries are not ranked as physical policies.

Table 5. Locked independent-event performance at Mw = 5.5. LDA confidence intervals are

2000-replicate event-bootstrap intervals; regression values are descriptive point estimates.

Metric LDA Classifier Ti:f%f;islig?d Interpretive Note
Accuracy 0.978 [0.966, 0.988] 0.987 Majority baseline 0.966
Balanced accuracy 0.905 [0.817, 0.974] 0.846 Balances sensitivity and specificity
Precision 0.633 [0.454, 0.794] 0.889 False-alarm reliability
Recall 0.826 [0.652, 0.963] 0.696 19 of 23 positives detected
F1 0.717 [0.558, 0.836] 0.780 Equal precision/recall weight
F2 0.779 [0.625, 0.896] 0.727 LR baseline 0.806; no test reselection
MCC 0.712 [0.557, 0.833] 0.780 Imbalance-aware correlation
PR-AUC 0.865 [0.733, 0.954] 0.871 Ranking under imbalance
Confusion counts 642/11/4/19 651/2/7/16 TN/FP/FN/TP

Locked independent events — LDA, Mw = 5.5

0

Observed class

1

11

19

Predicted class

Figure 5. Confusion matrix for the development-selected LDA classifier on the locked independent

event test at Mw = 5.5. Darker cell shading indicates a larger number of events in the corresponding cell.
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Event-bootstrap uncertainty remained material: the 95% interval was 0.625-0.896
for F2, 0.652-0.963 for recall, 0.454-0.794 for precision, 0.817-0.974 for balanced accuracy,
0.557-0.833 for MCC, and 0.733-0.954 for PR-AUC. A logistic-regression baseline using
its own development-selected cutoff obtained test F2 = 0.806. It was not substituted for
LDA because changing the selected model after observing test results would invalidate the
locked-test design.

3.4. Regression Sensitivity

Extra Trees had the smallest development regression error (mean event-level MAE
0.170, SD 0.006; mean RMSE 0.233; mean R? 0.863). On the locked test events, its MAE
was 0.171 magnitude units, RMSE was 0.229, and R? was 0.860. Applying Mw = 5.5 to
the continuous predictions yielded F2 = 0.727, recall = 0.696, precision = 0.889, TN = 651,
FP =2,FN =7, and TP = 16. This sensitivity analysis is reported without using its test result
to revise classifier selection.

3.5. Predictive Feature Importance

Post-lock record-level permutation importance on records from independent test
events showed the largest decrease in F2 after shuffling PGD-RotD50 (mean 0.757, SD
0.017; Figure 6), followed by Repi (0.104, SD 0.012), PGV-RotD50 (0.018, SD 0.005), and
PGA-RotD50 (0.003, SD 0.004). These values describe the dependence of the fitted LDA
pipeline on correlated predictors in this cohort; they were not used for feature selection
and do not identify causal physical contributions.

Post-lock descriptive permutation importance

Repi_km .

PGV_RotD50_cm_s I'

Predictor

PGA_RotD50_cm_s2

0.0 0.2 0.4 0.6 0.8
Mean decrease in record-level F2

Figure 6. Post-lock record-level permutation importance of the selected LDA pipeline on records
belonging to independent test events. Importance is the decrease in F2 and is descriptive rather
than causal.

4. Discussion

The event-wise RotD50 analysis indicates that the data do not support an optimal
Turkish magnitude boundary defined to sub-decimal precision, because catalogue magni-
tudes are recorded only to one decimal place. Mw = 5.5 is instead treated as an externally
chosen policy reference, while the scientific result concerns event-level performance and
uncertainty under a locked development-to-test protocol using official RotD50 inputs.

Event-wise partitioning is consequential because 35,198 records represent 3377 earth-
quakes, and a single event contributed as many as 244 records. Keeping official EQID
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groups intact provides a more credible estimate of transfer to unseen earthquakes than a
random station-record split [20]. Isolating 676 events for final testing further reduces selec-
tion bias [21]. Although the test now includes 23 positive events at Mw = 5.5, the bootstrap
intervals still preclude fine-grained claims of superiority among near-tied models.

The use of F2 makes the risk preference explicit: a missed above-boundary event
is treated as more consequential than an additional false positive. Reporting precision,
recall, MCC, PR-AUC, confusion counts, and cost-ratio sensitivity exposes the trade-off
rather than hiding it in accuracy or F1 [25,26]. However, the appropriate cost ratio is
an application decision. A railway, hospital, industrial plant, and public alerting au-
thority may rationally choose different rules based on downtime, fragility, and expected
shaking [7,18,19]. Magnitude classification alone is therefore not an alert policy.

The regression sensitivity addresses the concern that threshold-specific labels impede
comparisons across boundaries. Extra Trees achieved test MAE = 0.171 and R? = 0.860 in
this cohort, but its thresholded F2 was 0.727 compared with 0.779 for the locked classifier.
Both approaches use the same four full-record variables and national archive; regression
is therefore a corroborative sensitivity analysis, not independent validation or a reason to
reselect a model.

Epicentral distance and RotD50 peak motions provide a compact predictive description
but only limited physical interpretability. The model does not estimate source, path,
site, geometric-spreading, or anelastic-attenuation terms separately. PGD dominance in
permutation importance may reflect correlation structure, scaling, the full-record processing
convention, and cohort selection, as well as magnitude dependence. A physically structured
extension could compare learned residuals with a ground-motion model and include site,
regional, or monotonic constraints.

A defensible present application is retrospective quality assurance: a network analyst
can ingest a completed event catalogue, verify units and component definitions, form
event groups, run event-wise validation, inspect false negatives and false positives at a
prespecified boundary, and decide whether a classifier is stable enough for further study.
Translation to live EEW would require a separate end-to-end pipeline using causally trun-
cated waveform windows, measured feature latency, evolving multi-station aggregation,
site-specific shaking or impact predictions, and prospective testing. The current results do
not validate those steps.

5. Limitations

Several methodological limitations arise from the chosen predictors and modeling
framework. The predictors rely on full-record RotD50 peaks, meaning their availability
can follow, rather than precede, damaging motion; thus, no early P-wave window, latency,
packet-loss, or real-time truncation experiments were performed. Second, the results are
specific to the official horizontal RotD50 intensity measures and their published processing
pipeline. Other component definitions, response-spectrum periods, and raw-waveform
feature constructions were not compared, and PGA was converted from g to cm/s? using a
fixed standard-gravity factor. Additionally, the models use conventional algorithms with
a deliberately restricted four-feature set that excludes raw waveforms, time—frequency
attributes, site conditions, depth, focal mechanism, azimuth, network latency, and explicit
physical attenuation. Consequently, the permutation importance is predictive, not causal.

Another set of limitations concerns the cohort selection and target variable uncertain-
ties. Although 45,175 records had valid RotD50 values, restricting the analysis to reported
Mw reduced the cohort to 35,198 records. This complete-measure, Mw-only selection may
not represent all historical network operations or earthquakes recorded only under other
magnitude scales. Furthermore, the primary analysis relies on reported Mw without quan-
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tifying catalogue-magnitude uncertainty, inter-agency revisions, alternative conversion
relations, or label noise near the Mw = 5.5 boundary.

Finally, the validation strategy and the nature of the operational threshold present
certain constraints. The independent test is event-disjoint but not external, chronolog-
ical, spatially held out, or prospectively collected. Because it contains 23 events at or
above Mw = 5.5, station, network, and regional dependencies may remain, and the event
bootstrap cannot create information about unobserved regions or larger earthquakes. Ul-
timately, M = 5.5 is a prespecified reference, not a recommended national alert rule. Real
operational decisions should combine short-window source estimates with expected site
shaking, uncertainty, infrastructure fragility, and stakeholder-specific false-negative and
false-positive costs.

6. Conclusions

This event-wise study provides a reproducible benchmark for offline magnitude-
threshold classification using official SMD-TR RotD50 intensity measures. After forming a
35,198-record Mw cohort from 3377 EQID-defined events and isolating 676 events for final
testing, LDA achieved event-level F2 = 0.779, recall = 0.826, precision = 0.633, balanced
accuracy = 0.905, MCC = 0.712, and PR-AUC = 0.865 at the prespecified Mw = 5.5 boundary.
Extra Trees regression produced test MAE = 0.171 and R? = 0.860 as a sensitivity analysis.

The main methodological conclusion is that official event grouping, development-only
selection, class-imbalance-aware metrics, explicit risk preferences, baselines, and event-level
uncertainty materially strengthen the evidential basis of a magnitude-threshold classifier
study. Because the feature set consists of full-record RotD50 peaks, the work supports
retrospective calibration and audit only. Real-time EEW relevance requires prospective
validation with truncated waveforms, measured latency, physical or impact-informed
modeling, and external events.
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