
Article Not peer-reviewed version

Spatiotemporally Invariant Ionospheric

Feature Learning For Cross-Regional

Earthquake Prediction

Evangelos Chaniadakis * , Ioannis Contopoulos , Vasileios Tritakis

Posted Date: 20 November 2025

doi: 10.20944/preprints202511.1485.v1

Keywords: earthquake prediction; ionospheric precursors; machine learning; LAIC; spatiotemporal feature

learning; temporal validation; cross-regional generalization

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4743527
https://sciprofiles.com/profile/204263
https://sciprofiles.com/profile/2863313
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Article

Spatiotemporally Invariant Ionospheric Feature
Learning For Cross-Regional Earthquake Prediction
Evangelos Chaniadakis 1,2.*, Ioannis Contopoulos 1 and Vasileios Tritakis 1

1 Research Center for Astronomy and Applied Mathematics, Academy of Athens, 11527 Athens, Greece
2 School of Electrical & Computer Engineering, National Technical University of Athens, 15772 Athens, Greece
* Correspondence: evaggeloschaniadakis@mail.ntua.gr

Abstract

Earthquake prediction remains one of the central unsolved problems in geophysics, and ionospheric
variability offers a promising yet debated window into the earthquake preparation process through
lithosphere–atmosphere–ionosphere coupling. Progress has been hindered by methodological limita-
tions in prior studies, including the use of inappropriate performance metrics for highly imbalanced
seismic data, the reliance on geographically and temporally narrow data, and inclusion of inherent
spatial or temporal features that artificially inflate model performance while preventing the discovery
of genuine ionospheric precursors. To address these challenges, we introduce a global, temporally
validated machine learning framework grounded in thirty-five years of ionospheric observations from
thirty-seven stations. Our framework eliminates lookahead bias through strict temporal partitioning,
evaluates precursor sensitivity through systematic relaxation of the Dobrovolsky radius, and applies
ensemble feature selection that excludes spatial and temporal identifiers to prevent leakage and co-
incidence effects. Cross-regional validation shows that gradient boosting models yield the strongest
classification skill, with a weighted F1 score of 77%, and that ionospheric parameters account for a
substantial portion of earthquake magnitude variability. These findings provide quantitative support
for LAIC processes while revealing the multivariate nature of seismic precursors. Our study demon-
strates learnable, spatiotemporally invariant ionospheric precursors, though the 15.4% of undetected
earthquakes indicates that ionospheric monitoring alone is insufficient for operational deployment
and multimodal fusion with complementary precursor channels is required.

Keywords: earthquake prediction; ionospheric precursors; machine learning; LAIC; spatiotemporal
feature learning; temporal validation; cross-regional generalization

1. Introduction
Earthquakes represent one of the most destructive natural phenomena, posing a persistent threat

to human life due to their unpredictable nature. Despite extensive geophysical monitoring, short-term
earthquake prediction remains elusive [1], as seismic processes involve complex, nonlinear interactions
within the Earth’s crust that defy straightforward forecasting. Among the proposed mechanisms,
the Lithosphere-Atmosphere-Ionosphere Coupling (LAIC) model [2] describes a chain of interactions
through which stress accumulation in the crust may modify atmospheric and ionospheric properties.

However, existing research predominantly relies on case studies of isolated events or limited
datasets from few monitoring stations [3–6], often reporting high accuracy on small, imbalanced
datasets without rigorous controls for data leakage or temporal validation, lacking the large-scale,
cross-regional evidence required to distinguish true precursors from coincidental anomalies [7,8].

In this study we investigate whether ionospheric measurements, augmented by solar activity
indices, serve as reliable precursors for earthquake occurrence and magnitude estimation. Our primary
contribution is a comprehensive, multi-decadal dataset (1990–2025) from 37 global ionosonde stations
and worldwide seismic catalogs, revealing robust spatiotemporally invariant patterns across diverse
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tectonic settings. We employ imbalance-aware metrics and strict temporal splitting to prevent data
leakage, yielding credible performance estimates. Furthermore, we empirically validate the Dobrovol-
sky radius [9] through systematic relaxation and contraction testing, confirming its applicability for
ionospheric precursor detection.

2. Theoretical Foundation: Lithosphere–Atmosphere–Ionosphere Coupling
The Lithosphere–Atmosphere–Ionosphere Coupling (LAIC) framework [2,10] provides the physi-

cal basis for seismo-ionospheric interactions, describing how pre-seismic processes in the crust can
produce measurable ionospheric responses. The model identifies three principal coupling pathways
operating on distinct temporal and physical scales.

Chemical channel: Progressive crustal stress enhances microfracturing and radon release [11,12].
Radon decay increases ion production in the boundary layer, modifies atmospheric conductivity, and
perturbs the global electric circuit [13]. These electric field disturbances can map to ionospheric heights
and alter plasma density hours to days before an earthquake. Numerous case studies report elevated
radon emanation preceding seismic events [14,15].

Acoustic channel: Crustal deformation can excite acoustic–gravity waves (AGWs) that propagate
upward and amplify in the rarefied atmosphere [16,17]. Upon reaching the ionosphere, AGWs
modulate neutral dynamics, ion–neutral collisions, and vertical plasma transport, producing periodic
electron density variations. This channel primarily governs short-timescale (minutes to hours) co-
seismic and post-seismic disturbances [18,19], though pre-seismic AGW signatures have also been
reported [20].

Electromagnetic channel: Stressed rocks can generate electromagnetic emissions through piezo-
electric, electrokinetic, and defect-activated charge mechanisms [21,22]. These ULF–VLF fields may
propagate to or interact with the ionosphere, where they can heat electrons, modify temperature
anisotropy, and trigger plasma instabilities [23,24]. This pathway may operate throughout the prepara-
tion stage and thus provide some of the earliest signals.

In practice, these channels likely act concurrently, with their relative strengths depending on
earthquake parameters, geological context, and ionospheric conditions [25]. Because our dataset
includes both bottomside (foE, foF1) and topside (foF2, TEC) parameters, it is well suited to dif-
ferentiating the layer-specific signatures expected from the chemical, acoustic, and electromagnetic
coupling mechanisms.

3. Data
The possibility of ionospheric precursors to seismic events remains contentious due to conflicting

observations and lack of accepted physical mechanisms [26–28]. Our previous work on Schumann
resonance signals in the Greek region [29] attempted to move beyond isolated case studies of elec-
tromagnetic precursors toward a more holistic approach. Subsequently, our initial investigation of
ionospheric precursors at Athens station (AT138) using statistical correlation and machine learning
revealed marginally significant correlations but poor predictive performance (AUC ≈ 0.55, barely
above random). This failure stems from limited sample size, regional ionospheric peculiarities, and
noise from Athens’ exceptionally high seismic frequency causing overlapping precursor windows that
mask event-specific signals [1,30]. Recognizing these limitations, we transition here to a global-scale
investigation of ionospheric precursors, leveraging spatial and temporal diversity across 37 stations to
overcome the regional confounds that hindered localized analysis.

3.1. Rationale for Multi-Regional Analysis

Single-station studies face inherent limitations like local meteorological disturbances, space
weather effects, and instrumental artifacts can all masquerade as seismic precursors.

By analyzing data from 37 globally distributed stations simultaneously, we aimed to identify
patterns that transcend regional peculiarities. If seismo-ionospheric coupling is a real physical phe-
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nomenon, ionospheric precursors should appear systematically before earthquakes across different
regions and tectonic settings. Although signal strength may vary with local conditions, the underlying
coupling mechanisms should produce detectable signatures independent of location. Conversely, if
correlations observed in single-region studies resulted from coincidence or regional artifacts–such
as local electromagnetic interference or meteorological effects–these patterns would not replicate
consistently across a globally diverse station network. Our strategy transforms this investigation from
a search for isolated anomalies into a test of physical universality.

Figure 1 shows the spatial distribution of our ionospheric monitoring stations, selected exclusively
based on ionospheric data coverage exceeding a predetermined threshold. This criterion resulted in
higher station density in Europe and North America, where long-term ionosonde observations are
more readily available. Several stations are positioned in seismically active regions (like Athens), while
others occupy low-seismicity or aseismic areas (like Fortaleza). These station types contribute comple-
mentary data. Seismically active regions provide positive samples of ionospheric conditions preceding
earthquakes but offer limited quiet periods for negative sampling. Conversely, low-seismicity stations
yield abundant negative samples, ensuring a balanced class ratio, which is very helpful for the training
of our model.

Figure 1. Spatial distribution of the ionospheric monitoring stations used in this study.

3.2. Data Acquisition and Station Network

We compiled ionospheric and seismic data spanning 1990–2025 from a network of monitoring
stations distributed across latitudes and tectonic environments (Figure 1). Ionospheric measurements
were retrieved from the Lowell GIRO Data Center [31], including critical plasma frequencies (foF2,
foF1, foE, foEs), virtual reflection heights (hF2, hF, hE, hEs), propagation factors (MUFD, MD), scale
heights (hmF2, scaleF2), and total electron content (TEC).

Figure 2 illustrates the temporal availability of ionospheric data across a representative sample of
stations over the entire observational period, overlaid with the timing and magnitudes of earthquakes
within each station’s monitoring range. The visualization reveals substantial variability in both data
coverage and earthquake occurrence across stations and time periods.
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Figure 2. Temporal availability of ionospheric data (blue shaded regions) and seismic events (red circles, scaled by
magnitude) across a small sample of our stations.

Because ionospheric anomalies can arise from both lithospheric processes and space weather
disturbances, we integrate space weather indices to distinguish genuine seismo-ionospheric coupling
from solar-driven ionospheric variability that could otherwise generate false precursor signals. Space
weather parameters were obtained from NASA’s OMNIWeb service [32], including solar flux indices
(F10.7), geomagnetic activity indices (Kp, Dst), and additional solar wind parameters.

Seismic catalogs were obtained from the United States Geological Survey (USGS) Earthquake
Hazards Program [33], covering all events with magnitude M ≥ 2.0 across the globe over the same
timespan as the ionospheric dataset. We retrieve earthquakes down to that extent to accurately identify
seismically quiet periods, defined as intervals with no events M ≥ 2.5, for constructing negative

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 November 2025 doi:10.20944/preprints202511.1485.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.1485.v1
http://creativecommons.org/licenses/by/4.0/


5 of 18

samples. Our prediction targets, however, focus exclusively on potentially damaging earthquakes. We
classify periods as earthquake-positive only when events with M ≥ 4.5 occur, ensuring that models
learn to predict seismically significant events rather than minor tremors. This threshold balances
the need for sufficient training samples with the practical requirement to forecast earthquakes of
operational relevance.

4. Preprocessing Pipeline
Transformation of raw ionospheric measurements and earthquake catalogs into machine learning-

ready features requires a systematic preprocessing pipeline addressing spatial-temporal alignment,
class balance, and feature extraction while preventing data leakage. Our approach comprises four
sequential stages designed to maximize signal extraction while maintaining methodological rigor.

4.1. Spatial Filtering via Dobrovolsky Radius

For each ionosonde station and earthquake event, we apply spatial filtering based on the Dobro-
volsky radius [9], an empirical formula estimating the earthquake preparation zone:

RDob(M) = 100.43M km (1)

where M denotes earthquake magnitude. This relation, derived from crustal strain observations,
provides a physically-motivated threshold for identifying potentially coupled ionosphere-lithosphere
interactions. We parameterize the effective radius as Reff(M) = α × RDob(M), where the relaxation
factor α undergoes systematic optimization (detailed in Section 7.1). Only earthquakes with epicenter-
station distance d ≤ Reff(M) and magnitude M ≥ 2.5 are retained, filtering approximately 856,000
events into station-specific candidate sets.

4.2. Temporal Window Construction

After thorough experimentation on the window size, we choose to construct 30-day observation
windows preceding each earthquake, selected to capture the characteristic timescale of ionospheric
precursors reported in the literature (1–30 days before events) [2]. Each earthquake M ≥ 4.5 generates
one positive sample with its associated 30-day ionospheric time series ending immediately before the
event. To establish class balance and enable supervised learning, we generate an equal number of
control (negative) samples by randomly selecting 30-day windows during seismically quiet periods at
each station, defined as intervals with no earthquakes above M ≥ 2.5 within Reff during or immediately
following the window. This balanced sampling strategy ensures 1:1 positive-negative ratios while
preserving the natural temporal distribution of seismic activity.

4.3. Feature Extraction via Multi-Scale Statistical Aggregation

From each 30-day window, we extract statistical moments across multiple temporal scales (1, 3, 7,
14, and 30 days) for our ionospheric parameters (foF2, TEC, hmF2, etc.) and space weather indices
(Kp, Dst, F10.7, solar wind parameters). For each parameter p and timescale t, we compute mean,
standard deviation, minimum, maximum, median, skewness, and kurtosis, yielding hundreds of
candidate features per sample. This multi-scale representation captures both short-term fluctuations
and longer-term trends potentially indicative of LAIC processes, enabling the learning algorithm to
discover optimal temporal integration patterns.

4.4. Quality Assurance and Temporal Integrity

We impose strict quality thresholds to ensure data completeness and reliability. Ionospheric
parameters from GIRO are confidence-graded on a 0–100 scale reflecting measurement reliability based
on ionogram autoscaling quality, signal-to-noise ratio, and validation against manual scaling. We
retain only measurements with confidence grades ≥ 80, filtering out uncertain or poorly-constrained
values that could introduce noise into the learning process. Subsequently, our temporal windows must
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contain at least 80% valid high-confidence measurements after accounting for ionosonde outages and
data gaps, ensuring robust statistical aggregation in feature extraction.

Additionally, we enforce non-overlapping constraints such that no two samples (positive or
negative) share temporal coverage, preventing autocorrelation artifacts and train-test leakage. In
our conservative approach we trade quantity for quality, yielding approximately a thousand high-
confidence samples (for relaxation factor α = 1.0) distributed across 37 stations and 35 years.

5. Feature Selection and Data Leakage Mitigation
High-dimensional feature spaces extracted from ionospheric time series risk violating the require-

ment that sample size substantially exceeds feature dimensionality (n ≫ p). When n ≲ p, the curse
of dimensionality arises, whereby models overfit noise and exploit spurious correlations rather than
genuine signal. Additionally, periodic solar-driven variability introduces coincidence bias–a form of
data leakage where models exploit temporal patterns unrelated to physical lithosphere-atmosphere-
ionosphere coupling (LAIC).

5.1. Exclusion of Spurious Spatiotemporal Features

We first exclude all inherent spatiotemporal features (date, season, latitude, etc.) that encode no
physical information about LAIC processes.

Beyond this standard practice, we also come across a subtler issue. Space weather indices such as
F10.7, Kp, and Dst exhibit strong 27-day and annual periodicities driven by solar rotation and Earth’s
orbital motion. When these solar periodicities coincidentally align with the quasi-periodic temporal
distribution of earthquakes over the 11-year solar cycle, models can exploit this spurious correlation as
an indirect temporal marker of earthquake occurrence – a form of data leakage unrelated to physical
LAIC coupling.

To identify and exclude such spurious predictors, we conduct a two-dimensional correlation
analysis. For each space weather feature, we compute both its absolute correlation with earthquake
occurrence periodicity, which quantifies potential for temporal leakage, and its absolute correlation
with ionospheric parameters, which measures genuine physical coupling to the ionosphere. Features
exhibiting strong correlation with earthquake periodicity serve as potential temporal proxies for
seismic occurrence and are therefore excluded to prevent data leakage. Features exhibiting strong
correlation with ionospheric parameters reflect genuine solar-ionospheric coupling and are retained to
account for space weather-driven ionospheric variability.

Figure 3 reveals that certain space weather indices correlate strongly with seismic event periodicity,
marking them as spurious predictors requiring systematic exclusion. F10.7 solar flux indices, however,
exhibit minimal correlation with earthquakes but strong correlation with ionospheric parameters,
aligning with LAIC’s physical premise that solar activity modulates ionospheric background conditions.
We therefore retain F10.7 features while excluding periodicity-correlated indices, ensuring our feature
set captures ionosphere-earthquake coupling rather than coincidental temporal patterns.
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Figure 3. Correlation of space weather features with earthquake periodicity and ionospheric parameters. Each
point represents a space weather feature, with color indicating the ratio of ionospheric to seismic correlation. The
optimal region (upper-left, highlighted) contains features with strong ionospheric coupling but weak earthquake
periodicity correlation, minimizing temporal leakage.

5.2. Ensemble-Based Feature Ranking

For the remaining ionospheric features, we employ multiple feature importance methods to
avoid relying on any single approach. Tree-based models evaluate features based on how well they
split the data, while permutation importance measures how much prediction quality degrades when
each feature is shuffled. Mutual information captures arbitrary non-linear dependencies between
features and earthquake occurrence, and ANOVA F-statistics test for differences in feature distributions
between earthquake and non-earthquake cases.

We normalize the importance scores from each method and average them to create a consensus
ranking. Features are selected based on their consistency across methods–those that rank highly in
multiple approaches and show stable importance scores. We choose this strategy to ensure the selected
features are genuinely informative rather than artifacts of a particular algorithm.

The final feature set exhibits a multi-timescale structure capturing sustained anomalies and
temporal variability patterns across ionospheric parameters, alongside the solar F10.7 indices selected
for their strong ionospheric correlation and minimal spurious association with seismic periodicity,
which seems to align with LAIC hypothesis.

6. Temporal Data Splitting and Distribution Balance
6.1. The Critical Importance of Temporal Validation

Temporal validation is fundamental to earthquake precursor research, yet frequently violated
in the literature, leading to severe data leakage and unrealistic performance estimates. Random
cross-validation – the standard approach in machine learning – is fundamentally inappropriate for
time series prediction tasks because it allows models to train on future information and test on past
events, directly contradicting operational deployment scenarios where only historical data informs
future predictions [34]. This temporal leakage enables models to exploit artifacts of the data collection
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process and retrospective labeling, producing artificially inflated metrics that collapse when deployed
prospectively. Only strict temporal splitting – where all training data precedes validation and test data
– provides honest estimates of real-world predictive capability.

6.2. The Distribution Shift Problem

As shown in Figure 4, our dataset exhibits pronounced temporal clustering, with certain
years (highlighted in red) experiencing substantially elevated seismic activity while others remain
relatively quiet.

Figure 4. Global temporal distribution of earthquakes showing pronounced year-to-year variability.

Naive temporal splitting – partitioning data by chronological cutoffs without regard to class
distributions – introduces distribution shift when earthquake frequency varies significantly over
time. This temporal variability creates a fundamental statistical problem. When high-activity years
fall disproportionately in the test partition, models can achieve spurious predictive performance
by learning the temporal density pattern of earthquake occurrence rather than genuine ionospheric
precursors.

Figure 5. Regional-temporal heatmap of earthquake frequency across some stations and years. Darker regions
indicate elevated seismic activity, demonstrating heterogeneous temporal patterns across locations.

Such models exploit the marginal probability shift between training and test distributions as an ar-
tifactual signal, yielding artificially inflated metrics that fail to generalize under stationary deployment
conditions where the base rate remains constant. Earthquake occurrence varies substantially across
not only time, as shown in Figure 4, but also space. Figure 5 reveals that some stations experience
clustered seismic activity in specific years, while others show more uniform temporal distributions.
This spatiotemporal heterogeneity requires stratified data splitting to prevent models from exploiting
temporal density patterns as artifactual prediction signals.
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6.3. Stratified Temporal Splitting

We implement a stratified temporal split with training (50%), validation (10%), and test (40%)
partitions that maintain chronological order while balancing seismic activity levels. Years are cat-
egorized by earthquake frequency at each station into low, medium, and high activity strata, then
allocated proportionally to each split to ensure consistent positive-negative ratios. This prevents
models from exploiting temporal density patterns rather than learning genuine ionospheric precursors,
while strict temporal partitioning (training precedes validation precedes test) eliminates lookahead
bias and provides performance estimates generalizable to prospective deployment.

7. Methodology
Our methodology employs a systematic machine learning pipeline to investigate seismo-

ionospheric coupling through spatiotemporal feature learning. The approach unfolds in two primary
phases: optimization of the physical filtering parameter (Dobrovolsky relaxation factor) followed by
comprehensive model comparison using state-of-the-art classifiers. This dual-phase structure allows us
to first refine the physical constraints on the data before evaluating algorithmic performance, ensuring
that model comparisons are conducted on an optimally configured dataset.

7.1. Optimization of Dobrovolsky Relaxation Factor

The Dobrovolsky radius [9], defined as RDob(M) = 100.43M km, estimates the spatial extent of
earthquake preparation zones based on elastic strain theory. However, this empirical formula was
derived from surface deformation measurements and may not accurately represent the range over
which lithospheric processes couple to the ionosphere through electromagnetic and atmospheric
pathways. Given uncertainties in the physical mechanisms underlying LAIC and potential differences
between surface strain fields and ionospheric perturbation zones, we treat the Dobrovolsky radius as a
baseline requiring empirical calibration rather than a fixed physical constraint.

We parameterize the effective radius as Reff(M) = α × RDob(M), where α is the relaxation factor
varied from 0.4 to 3.0 in increments of 0.1. For each α, we generate a distinct dataset by filtering
seismic events such that only those with epicenter-station distance d ≤ Reff(M) are labeled positive
(M ≥ 3.5). This creates a family of datasets with progressively larger positive class sizes as α increases,
trading potential signal dilution for increased sample diversity. The relaxation factor investigation
presents a methodologically complex challenge. As α varies, multiple interdependent factors change
simultaneously including sample size, spatial coverage, class balance, and the physical relevance of
included earthquake-ionosphere pairs. This creates a high-dimensional optimization landscape where
sophisticated modeling approaches risk conflating algorithmic artifacts with genuine physical signal.

Occam’s Razor suggests that the simplest explanation with equal explanatory power is preferable
to a more complex one [35]. Guided by this principle, we adopt a deliberately simple approach. We first
identify the 15 most important features across a viable range (α = 1.0 to 2.0) using the ensemble-based
ranking methodology from the feature selection section, then train a single Random Forest classifier
with fixed hyperparameters across all configurations. This design isolates the effect of α by holding
both feature set and modeling strategy constant, ensuring performance differences reflect changes in
the spatial filtering criterion rather than algorithmic or feature selection artifacts. Training proceeds
on temporal splits with performance assessed on a balanced test set to ensure metric comparability
across configurations.

Evaluation employs a multi-metric framework capturing complementary aspects of classification
performance. Area Under the ROC Curve (AUC) quantifies discrimination capacity independent
of threshold selection [36], Matthews Correlation Coefficient (MCC) measures prediction quality
accounting for class imbalance [37], weighted F1-score balances precision and recall weighted by
class support [38], and Cohen’s Kappa assesses agreement beyond chance expectation [39]. Dataset
size is tracked to contextualize the bias-variance tradeoff [40], where smaller α produces physically
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constrained but sparse samples (high variance, low bias) and larger α increases sample size while
systematically introducing spatial noise (low variance, high bias).

Performance exhibits a non-monotonic relationship with α, peaking at α = 1.0 across all primary
metrics (Figure 6). This empirically validates the original Dobrovolsky formulation, suggesting that
the characteristic strain radius directly corresponds to the effective LAIC influence zone without
systematic scaling. Values below unity impose overly restrictive filtering that excludes genuine
precursory signals, while values above unity progressively incorporate distant events where seismo-
ionospheric coupling attenuates below detectable levels, diluting signal with uncorrelated ionospheric
variability. The optimal convergence at α = 1.0 provides empirical support for the Dobrovolsky radius
as the appropriate spatial filter for global ionospheric precursor detection.

Figure 6. Results from the Dobrovolsky relaxation factor α systematic analysis.

7.2. Model Selection and Hyperparameter Tuning

With the optimal α fixed, we compare machine learning architectures with fundamentally different
learning strategies for spatiotemporal feature patterns. Tree-based ensembles (Random Forest, Extra
Trees, Histogram Gradient Boosting) excel at capturing non-linear feature interactions through recur-
sive partitioning without requiring feature scaling or parametric assumptions. Sequential boosting
methods (XGBoost, LightGBM, CatBoost, AdaBoost, Gradient Boosting) iteratively refine predictions
by fitting residual errors, often achieving superior generalization through adaptive regularization [41].
Kernel methods (SVM) and neural networks (MLP) offer complementary strengths in handling high-
dimensional feature spaces through explicit kernel transformations and learned hierarchical repre-
sentations, respectively. Simple baselines (Logistic Regression, Gaussian Naive Bayes, K-Nearest
Neighbors, Decision Tree) provide essential reference points for evaluating whether model complexity
yields genuine predictive gains.

For our hyperparameter optimization we employ RandomizedSearchCV to efficiently explore
algorithm-specific parameter distributions [42]. Cross-validation is implemented through GroupTi-
meSeriesSplit, which partitions data into chronologically ordered folds where training sets strictly
precede validation sets and station groups remain intact within folds. This design ensures that hyper-
parameters are selected based on genuine temporal generalization rather than artificial patterns arising
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from random splits or spatial leakage. In our optimization we target weighted F1-score to balance
precision and recall under the imbalanced class distribution inherent to rare-event prediction.

7.3. Evaluation Protocol

Model assessment employs a comprehensive metric ensemble designed for imbalanced classi-
fication. Beyond the previously defined AUC, MCC, weighted F1-score, and Cohen’s Kappa, we
compute balanced accuracy to equalize class contributions, geometric mean (G-mean) of sensitivity
and specificity for joint class-wise performance, and average precision for recall-oriented evaluation.
This multi-metric framework guards against over-optimization on any single criterion, a pervasive
pitfall in imbalanced learning [43]. Our evaluation proceeds on the temporally held-out test set,
with balanced undersampling ensuring metric stability while validation splits guide hyperparameter
selection. Confusion matrices, ROC and precision-recall curves provide us with distributional insights
into prediction quality, while feature importance analysis for interpretable models elucidates which
ionospheric patterns drive predictions.

8. Experimental Results
We present results across two complementary tasks: binary classification (earthquake occurrence

prediction) and regression (magnitude estimation), evaluating machine learning algorithms under
strict temporal validation protocols.

8.1. Classification Performance: Model Comparison

The following Table 1 summarizes classification performance on the balanced temporal test set.
Gradient Boosting emerged as the optimal classifier, demonstrating strong discriminative ability and
substantially outperforming random chance across all metrics.

Table 1. Classification performance on temporal test set.

Model F1-W MCC AUC Bal-Acc
Gradient Boosting 0.767 0.543 0.828 0.768
Random Forest 0.755 0.524 0.815 0.757
XGBoost 0.753 0.511 0.831 0.754
Extra Trees 0.753 0.511 0.816 0.754
AdaBoost 0.724 0.469 0.815 0.728
Hist Gradient Boosting 0.727 0.458 0.809 0.728
LightGBM 0.716 0.457 0.804 0.721
KNN 0.712 0.429 0.774 0.713
SVM (RBF) 0.704 0.416 0.768 0.706
Logistic Regression 0.698 0.398 0.749 0.699
Naive Bayes 0.682 0.373 0.741 0.684
Elastic Net 0.691 0.384 0.735 0.691
Neural Network 0.666 0.345 0.771 0.669
Deep Neural Network 0.658 0.316 0.724 0.658

Tree-based ensembles exhibited competitive performance, validating the suitability of recursive
partitioning architectures for capturing non-linear ionospheric-seismic relationships. Notably, even
simple baselines achieved meaningful predictive capacity. Logistic Regression’s strong performance
suggests linear separability exists in the feature space, consistent with LAIC theory predicting sys-
tematic ionospheric deviations preceding earthquakes. Neural networks underperformed relative to
tree-based methods, confirming established machine learning principles that decision trees excel on
modest-sized tabular datasets where sample efficiency and interpretability are critical, while deep
learning requires substantially larger data volumes to overcome its higher capacity and variance. The
strong baseline performance validates that genuine signal exists in ionospheric precursors, while the
superiority of boosting methods demonstrates the value of sequential error correction in this noisy,
imbalanced prediction task. Figure 7 presents the confusion matrix for our optimal Gradient Boosting
classifier on the held-out test set.
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Figure 7. Gradient Boosting confusion matrix on temporal test set.

8.2. Regression Analysis: Magnitude Prediction

To assess the quantitative predictive power of ionospheric precursors, we trained regression
models to estimate earthquake magnitude from the same feature set originally curated for binary
classification. While this feature set was optimized for discriminating earthquake occurrence rather
than predicting continuous magnitude values, the analysis provides insight into whether ionospheric
anomalies encode information about event intensity beyond simple presence-absence patterns. Gradi-
ent Boosting demonstrated superior performance with R2 = 0.350 and MAE of 0.664 magnitude units,
substantially outperforming all other approaches despite its modest predictive capacity, as shown in
Figure 8. This result merits careful interpretation. Ionospheric features alone here seem to explain
35% of magnitude variance, a substantial fraction given that earthquake size depends on complex
tectonic factors.
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Figure 8. Taylor diagram showing regression model performance. The reference point represents perfect
predictions. Models closer to the reference with higher correlation and lower normalized standard deviation
demonstrate superior magnitude prediction capability.

This validates LAIC theory by confirming a genuine, learnable relationship between pre-seismic
ionospheric state and impending event magnitude. However, the moderate predictive power and
the MAE of 0.664 magnitude units–sufficient to distinguish major (M > 6) from moderate (M = 4–5)
events but inadequate for narrow magnitude bands–underscore that ionospheric monitoring cannot
serve as a standalone predictor. Operational forecasting possibly requires integration of complementary
LAIC indicators to achieve adequate predictive accuracy.

8.3. Feature Importance and Physical Interpretation

To evaluate predictor stability across different model architectures, we compared normalized
feature importances from our five best-performing tree-based models (Figure 9).

Figure 9. Normalized feature importance comparison across selected tree-based models.
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Normalizing importances within each model allowed fair cross-model comparison. Our models
generally exhibit consensus in feature rankings, in their feature importance rankings, with moderate
concentration of importance among the first half subset of features and a gradual decline across the
remainder. This pattern suggests some degree of structured learning rather than purely distributed
signal, though no single feature dominates.

Feature importance decays gradually across the ranking, with a notable transition emerging near
the midpoint that separates apparently informative predictors from marginal contributors. Among
the top features, two thirds use temporal windows ≤14 days while only one third extend beyond
14 days, and the mean window increases from ≈ 13 days in the highest-ranked tier to ≈ 20 days
in the lowest-ranked. This progression suggests that rapid ionospheric variations provide stronger
discriminative signals than longer-term trends.

The most consistently important features capture temporal contrasts, comparing early versus late
portions of observation windows (e.g., hmF2_anomaly_early_vs_late_7d) or quantifying short-term
variability (e.g., foE_anomaly_std_7d). The top 10 features consist exclusively of dynamic measures,
with static summaries appearing only after feature importance has started to decline. This preference
for dynamic signatures over baseline conditions suggests that pre-seismic processes manifest as
transient ionospheric disturbances rather than sustained deviations in mean state.

Feature importance varies noticeably across models despite similar overall performance, reflecting
algorithmic differences in split criteria and regularization rather than fundamental disagreement
about predictive structure. The gradual decay in importance from top to bottom features, without
sharp discontinuities, suggests multivariate redundancy where multiple features encode partially
overlapping information.

9. Conclusions and Next Steps
We investigate ionospheric precursors across 35 years of data from 37 globally distributed stations.

The geographic and temporal scope, combined with temporal validation, enables assessment of
precursor generalization beyond the regionally focused case studies that dominate existing literature.

Our gradient boosting classifier achieves a weighted F1 score of 77%, detecting 84.6% of earth-
quakes with a false alarm rate of 30.9%. This performance reflects the fundamental trade-off in
earthquake prediction, as our decision threshold prioritizes sensitivity over specificity, accepting
approximately one false alarm for every three correct warnings to minimize missed events.

Feature importance analysis consistently identifies short-term hmF2 gradients and foE/TEC vari-
ability as the strongest predictors across algorithms and geographic regions, suggesting that earthquake
preparation manifests as transient ionospheric disturbances rather than sustained baseline shifts.

The magnitude prediction task yields moderate performance (R2 = 0.35), reflecting three con-
straints. First, LAIC theory identifies ionospheric disturbances as one of several coupled precursory
channels, alongside radon emanation, atmospheric electric fields, and electromagnetic emissions.
Single-modality ionospheric observations cannot fully constrain rupture size, which depends on the
integrated response across all channels. Second, our features–curated for classification–use statistical
aggregates that effectively capture binary transitions but may not resolve the continuous variations that
differentiate earthquake magnitudes. Finally, the power-law distribution of earthquake magnitudes
creates exponentially fewer high-magnitude training examples, biasing predictions toward lower
magnitudes precisely where operational value is greatest.

Future work should integrate additional LAIC-coupled observations to test whether multimodal
approaches reduce false alarms and missed detections, while developing regression-specific features
that preserve temporal dynamics and spectral structure–rather than collapsing data into statistical
aggregates–to better capture magnitude-dependent signatures.

Our study demonstrates that ionospheric measurements encode learnable precursory information
with spatiotemporally consistent patterns across global station networks. While the false alarm rate
indicates limitations for standalone operational deployment, the cross-regional generalization and
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84.6% detection rate support the inclusion of ionospheric monitoring in multi-sensor earthquake
observation systems.
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The following alphabetically sorted abbreviations are used in this manuscript:

AdaBoost Adaptive Boosting Kp Planetary K-index
AGW Acoustic-Gravity Wave LAIC Lithosphere-Atmosphere-Ionosphere Coupling
ANOVA Analysis of Variance LightGBM Light Gradient Boosting Machine
AUC Area Under the ROC Curve M Earthquake Magnitude
CatBoost Categorical Boosting MAE Mean Absolute Error
Dst Disturbance Storm Time index MCC Matthews Correlation Coefficient
F1 Harmonic mean of Precision and Recall MD Maximum usable frequency factor
F10.7 Solar radio flux at 10.7 cm MLP Multi-Layer Perceptron
foE Critical frequency of E layer MUFD Maximum Usable Frequency Distance
foEs Critical frequency of sporadic E R2 Coefficient of Determination
foF1 Critical frequency of F1 layer RBF Radial Basis Function
foF2 Critical frequency of F2 layer ROC Receiver Operating Characteristic
hE Virtual height of E layer scaleF2 F2 layer scale height
hEs Virtual height of sporadic E SVM Support Vector Machine
hF Virtual height of F layer TEC Total Electron Content
hF2 Virtual height of F2 layer ULF Ultra Low Frequency
hmF2 Height of max. density in F2 VLF Very Low Frequency
KNN K-Nearest Neighbors XGBoost eXtreme Gradient Boosting
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