
RESEARCH

Earth Science Informatics (2026) 19:62
https://doi.org/10.1007/s12145-026-02109-7

Communicated by Hassan Babaie

Extended author information available on the last page of the article

Abstract
This study presents a novel Machine Learning framework for detecting pre-earthquake ionospheric anomalies using the 
Adaptive Boosting (AdaBoost) ensemble algorithm, applied to high-resolution Total Electron Content (TEC) data derived 
from Türkiye’s dense TNPGN-Active GNSS network. Within the Lithosphere-Atmosphere-Ionosphere Coupling (LAIC) 
paradigm, we address key challenges in earthquake precursor research by implementing a three-class classification scheme 
to distinguish genuine seismo-ionospheric disturbances (Class-2: three days preceding earthquakes) from baseline vari-
ability under geomagnetically quiet (Class-0) and disturbed (Class-1) conditions, while incorporating geomagnetic indices 
(Kp, Ap, Dst) to filter space weather effects. IONOLAB-TEC estimates are analyzed for three M ≥ 6.0 earthquakes in 
Türkiye: Elazığ (Mw 6.7, 24 January 2020), İzmir (Mw 7.0, 30 October 2020) and the Kahramanmaraş doublet (Mw 7.8 
and 7.5, 6 February 2023). For each event, TEC vectors from 12 strategically selected stations are Z-score normalized and 
classified using AdaBoost with decision trees as weak learners (T = 100 iterations, learningrate=1.0, MaxNumSplits=20), 
evaluated under 10-fold cross-validation with training set sizes varied from 10% to 100% in 5% increments. The model 
achieves Cohen’s kappa values ranging from 0.744 to 0.992 (substantial to almost perfect agreement), with classification 
Accuracy varying from 82.94% to 99.48% depending on earthquake characteristics. Performance varies regionally: Elazığ 
demonstrates exceptional results (99.48% Accuracy, κ = 0.992), Kahramanmaraş shows strong performance (90.21% Accu-
racy, κ = 0.853), while İzmir exhibits more modest results (82.94% Accuracy, κ = 0.744). Pre-earthquake class (Class-2) 
metrics vary across tectonic settings, with detailed per-class results provided in Supplementary Table S1. Feature impor-
tance analysis reveals distributed spatial sampling with algorithm-dependent inverse correlation between station impor-
tance and epicentral distance. AdaBoost shows weak-to-moderate correlation (Spearman ρ = −0.55 to 0.10, generally 
non-significant), while Random Forest captures this spatial relationship more consistently (ρ = −0.37 to −0.69, with E3-E4 
reaching significance at p = 0.04). Statistical validation (McNemar’s test, p < 0.001; Cohen’s kappa up to 0.992 for Ada-
Boost and 1.0 for Random Forest) outperforms binary baselines, highlighting the robustness of both ensemble methods in 
handling noisy, imbalanced geophysical data. Rigorous 10-fold cross-validation confirms that Random Forest consistently 
outperforms AdaBoost across all tectonic settings (E1: 100.00% vs. 99.49%; E2: 99.78% vs. 83.47%; E3-E4: 99.69% vs. 
88.33%, p < 0.001), establishing Random Forest as the preferred algorithm for operational seismo-ionospheric monitoring. 
Both ensemble methods substantially exceed traditional threshold-based approaches, validating Machine Learning’s poten-
tial for earthquake precursor detection. This study demonstrates the critical importance of cross-validation with fold-wise 
normalization for small geophysical datasets, as proper validation protocols are essential to ensure reported performance 
reflects genuine generalization rather than methodological artifacts.
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Introduction

The investigation of seismo-ionospheric coupling mecha-
nisms has emerged as a central focus in contemporary 
earthquake precursor research. This interest is driven by its 
profound implications for enhancing seismic forecasting 
capabilities. The Lithosphere-Atmosphere-Ionosphere Cou-
pling (LAIC) framework has gained widespread acceptance 
as a comprehensive theoretical model. It proposes that stress 
buildup in the lithosphere preceding M ≥ 6 earthquakes 
can manifest as detectable anomalies in both atmospheric 
and ionospheric parameters (Pulinets et al. 1994; Pulinets 
and Herrera 2024; Pulinets and Ouzounov 2011; Karatay 
et al. 2010; Pirti and Karatay 2025). The LAIC mechanism 
functions through three fundamental pathways: (i) a ther-
mal/chemical channel involving enhanced Radon and vola-
tile gas emissions that modify air ionization patterns and 
surface thermal radiation (influencing latent heat flux and air 
conductivity) (Woith 2015; Yaşar et al. 2025); (ii) an Acous-
tic Gravity Wave (AGW) channel through which crustal 
fracturing generates upward-propagating AGWs (driving 
mechanical energy transfer and atmospheric density oscil-
lations) (Srivastava et al. 2021) and (iii) an electromagnetic 
channel whereby seismogenic electric fields penetrate atmo-
spheric layers and reach the ionosphere (inducing iono-
spheric plasma drift and electron density redistribution) (De 
Santis et al. 2019; Pulinets et al. 2022). Over recent decades, 
accumulating evidence supports the hypothesis that M ≥ 6.0 
earthquakes may be preceded by anomalous ionospheric 
variations, presenting a promising avenue for earthquake 
prediction research (Karatay et al. 2010; Astafyeva 2019; 
Shah et al. 2020; Karatay et al. 2025). Multi-platform obser-
vational data from satellite-based and ground-based mea-
surements of thermal radiation, atmospheric parameters and 
electromagnetic disturbances have substantially contributed 
to the growing body of evidence supporting LAIC-related 
phenomena. Despite ongoing scientific discourse regard-
ing the precise physical mechanisms, LAIC anomalies are 
increasingly recognized as reliable indicators of seismic 
activity. Within the LAIC theoretical framework, pre-seis-
mic ionospheric disturbances manifest through variations 
in Total Electron Content (TEC). These disturbances have 
been documented in temporal windows ranging from days 
to hours before major events and are observed in associa-
tion with numerous global M ≥ 6 earthquakes (Budak et 
al. 2024; Heki et al. 2024; Ullah et al. 2025).

The ionosphere a dynamically evolving plasma layer 
extending approximately 60–1000 km above Earth’s sur-
face, exhibits responsiveness to both terrestrial and extra-
terrestrial forcing mechanisms. While solar activity and 
geomagnetic variations constitute the primary drivers of 
ionospheric variability, mounting evidence indicates that 

lithospheric processes preceding M ≥ 6.0 earthquakes can 
induce observable ionospheric variations (Shen et al. 2018; 
Marrissey et al. 2020). Within the electromagnetic chan-
nel of LAIC, seismogenic electric fields manifest through 
multiple ionospheric signatures with TEC variations repre-
senting one of the most reliably measured parameters using 
Global Navigation Satellite System (GNSS) observations 
(Xie et al. 2021; Ullah et al. 2025; Karatay et al. 2025). 
Although comprehensive understanding remains incom-
plete, these seismo-ionospheric coupling mechanisms 
likely involve multiple interconnected pathways influenced 
by pre-seismic rock deformation and stress accumulation. 
Conventional methodologies for detecting ionospheric dis-
turbances have predominantly relied on statistical analyses 
and threshold-based approaches. However, these methods 
frequently encounter difficulties in distinguishing seismic-
induced anomalies from natural ionospheric variability 
(Liu et al. 2001, 2004a, b, 2018; Joshi et al. 2023; Zhang 
et al. 2025). The ionosphere’s complex temporal and spa-
tial patterns, shaped by diurnal cycles, seasonal variations, 
solar activity cycles and geomagnetic conditions, present 
substantial challenges for accurate earthquake precursor 
identification. Furthermore, the nonlinear and potentially 
chaotic nature of seismo-ionospheric interactions neces-
sitates analytical approaches capable of capturing subtle 
patterns that conventional statistical methods may over-
look. The need to differentiate between ionospheric distur-
bances caused by geomagnetic storms and those potentially 
related to seismic activity remains a critical challenge in 
this research domain.

Machine Learning (ML) methodologies represent a 
paradigm shift in addressing these analytical challenges. 
Supervised learning methods are particularly valuable for 
this application because they can capture complex nonlin-
ear relationships and feature interactions that traditional 
threshold-based approaches cannot model, while providing 
probabilistic confidence estimates for classification deci-
sions (Karatay and Gul 2023; Ridzwan and Yusoff 2023; 
Convertito et al. 2024). Recent advances in ML algorithms, 
enhanced computational capabilities and the increas-
ing availability of multi-source geophysical datasets have 
created unprecedented opportunities for detecting, char-
acterizing and validating earthquake-related ionospheric 
anomalies. Throughout the past decade, ML applications 
in seismo-ionospheric studies have progressed rapidly. Ini-
tial implementations primarily employed supervised learn-
ing techniques, including Support Vector Machines (SVM) 
(Akyol et al. 2020; Asaly et al. 2022), K-Nearest Neighbors 
(Budak et al. 2024), Neural Networks (Lin 2022; Uyanık 
et al. 2023), Random Forest (Zorkun et al. 2025) for clas-
sifying predefined ionospheric features. More sophisticated 
approaches have recently incorporated Deep Learning (DL) 
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architectures, including Convolutional Neural Networks 
(CNNs) (Shan etal. 2022; Uyanık et al. 2023), Recurrent 
Neural Networks (RNNs) and Long Short-Term Memory 
(LSTM) networks (Berhich et al. 2022; Kiruthiga and 
Mythili 2024; Mukeshet al. 2024), which have demonstrated 
particular promise in capturing spatial, temporal and multi-
scale characteristics of ionospheric perturbations (Xiong et 
al. 2022; Zhang et al. 2025). A significant advancement in 
this research domain is the integration of ML techniques 
with multi-source observational data. Contemporary studies 
increasingly combine ionospheric observations from GNSS 
networks with complementary geophysical parameters, 
including geomagnetic indices (Kp, Ap, Dst), to better dis-
tinguish seismo-ionospheric anomalies from space weather 
effects (Karatay and Gul 2023; Li et al. 2024; Budak et al. 
2024; Zorkun et al. 2025). The incorporation of geomag-
netic activity indicators enables more reliable identification 
of earthquake-related ionospheric disturbances by filtering 
out variations attributable to solar-terrestrial interactions. 
The development of classification frameworks capable of 
distinguishing between quiet ionospheric conditions, geo-
magnetically disturbed periods and genuine pre-earthquake 
anomalies represents a critical step toward reliable earth-
quake precursor identification.

Among ensemble learning methods, boosting algorithms 
have demonstrated particular effectiveness in handling 
imbalanced datasets and improving classification Accu-
racy through iterative refinement. Adaptive Boosting (Ada-
Boost), originally developed by Freund and Schapire (1997), 
represents a powerful ensemble technique that combines 
multiple weak learners to create a strong classifier (Freund 
and Schapire 1997). The algorithm iteratively adjusts the 
weights of training instances, focusing subsequent learn-
ers on previously misclassified examples, thereby progres-
sively improving overall performance. AdaBoost has been 
successfully applied across various domains and in earth-
quake prediction studies, demonstrating robust performance 
in complex classification tasks (Asim et al. 2018; Kaushal 
et al. 2025). In geophysical applications, ensemble methods 
have shown promise for detecting subtle anomalies in multi-
dimensional datasets, making them particularly suitable 
for seismo-ionospheric precursor identification. AdaBoost 
offers computational efficiency, interpretability through fea-
ture importance analysis and robust performance with lim-
ited training data (108 samples per earthquake), with outlier 
sensitivity mitigated through its weighting mechanism 
(Drucker 1997; Saied et al. 2023). While AdaBoost demon-
strates strong performance on many geophysical datasets, 
its effectiveness for seismo-ionospheric classification with 
limited samples (N = 108 per earthquake) requires system-
atic validation through rigorous cross-validation and com-
parison with alternative ensemble methods such as Random 

Forest (RF). Direct comparison with RF on identical raw 
TEC vectors (Sect. 5.4, Tables 5 and 6) demonstrates the 
critical importance of cross-validation for small geophysi-
cal datasets, as single train-test splits produced misleading 
conclusions that cross-validation corrected.

Türkiye is located in one of the most seismically active 
regions globally, where the complex interaction of multiple 
tectonic plates, including the North Anatolian Fault (NAF) 
and East Anatolian Fault (EAF) systems, generates frequent 
and destructive earthquakes (Aktug et al. 2016). The coun-
try’s geographical position at the convergence of the Ara-
bian, African and Eurasian plates creates intense tectonic 
stress accumulation, resulting in devastating seismic events 
that have caused significant loss of life and economic dam-
age throughout history. In recent years, Türkiye has experi-
enced several M ≥ 6.0 earthquakes that have highlighted the 
urgent need for improved earthquake forecasting capabili-
ties. The Elazığ earthquake (Mw 6.7) on January 24, 2020, 
struck eastern Türkiye along the East Anatolian Fault. Later 
the same year, on October 30, 2020, the İzmir earthquake 
(Mw 7.0) occurred in the Aegean Sea region, severely 
affecting western Türkiye and Greece. Most recently, on 
February 6, 2023, two catastrophic earthquakes (Mw 7.8 
and 7.5) struck Kahramanmaraş and surrounding prov-
inces, marking one of the deadliest natural disasters in 
Türkiye’s modern history with more than 50,000 fatalities 
and widespread destruction (Barbot et al. 2023; Melgar et 
al. 2023; Solís-Alulima et al. 2023). These events under-
score the critical importance of advancing precursor-based 
early warning systems in Türkiye, particularly through the 
integration of multi-parameter geophysical observations 
and ML techniques. The dense network of seismic, Global 
Positioning System (GPS) and ionospheric monitoring sta-
tions across the country provides a unique opportunity to 
detect subtle seismo-ionospheric and strain anomalies prior 
to major ruptures (Oyama et al. 2016; Haider et al. 2025). 
Leveraging such datasets with robust ensemble classifiers 
like AdaBoost can enhance the reliability of short-term 
earthquake forecasting, ultimately contributing to disaster 
risk reduction in this high-hazard region.

This paper introduces a framework for detecting earth-
quake-related ionospheric disturbances using the AdaBoost 
ensemble learning algorithm. The proposed methodology 
addresses critical challenges in the field, including distin-
guishing seismic precursors from solar-geomagnetic influ-
ences through multi-class classification and quantifying 
detection uncertainty through comprehensive performance 
metrics. To evaluate the effectiveness of AdaBoost for this 
application, we compare its performance with RF, another 
powerful ensemble method, applied to the same dataset 
by our research group (Zorkun et al. 2025), demonstrating 
the complementary strengths of different ML architectures 
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describes data sources, Sect. 3 details the classification meth-
odology and Sects. 4–5 present results and interpretation.

Description of the data, study area and 
space weather conditions

In this study, GPS-derived Total Electron Content (TEC) is 
computed using the Regularized Estimation of TEC (Reg-
Est) method, which leverages dual-frequency measure-
ments from Continuously Operating Reference Stations 
(CORS), as detailed in Arikan et al. (2003, 2004) and Nayir 
et al. (2007). Reg-Est is an advanced signal processing tech-
nique that mitigates the ill-posed nature of TEC inversion by 
applying spatial and temporal regularization, yielding more 
accurate and stable TEC estimates from dual-frequency 
GNSS observations compared to traditional methods. This 
approach is selected for its proven robustness and effective-
ness in managing noisy or incomplete data. The IONOLAB-
TEC values utilized here have a temporal resolution of 2.5 
min, generating 576 estimates per day for each station. This 
high temporal resolution is particularly advantageous for 
capturing subtle, short-term seismo-ionospheric variations 
and high-frequency precursor signals that might be aver-
aged out or lost in lower-resolution datasets. The unit of 
TEC is TEC Units (TECU), where 1 TECU = 1016 elec-
trons/m² (Arikan et al. 2003, 2004; Nayir et al. 2007; Sezen 
et al. 2013; IONOLAB, 2006).

The TNPGN-Active stations included in this analysis 
are chosen based on the following criteria: (1) geographic 
coverage within approximately 1000 km of earthquake epi-
centers to capture spatial variations in ionospheric perturba-
tions, (2) stations positioned within or near the estimated 
Earthquake Preparation Zones (EPZs, calculated using 
Dobrovolsky et al. 1979 formula: R = 100.43M ), (3) data 
completeness exceeding 95% throughout the study peri-
ods with < 5% missing observations and (4) active opera-
tional status within the TNPGN-Active network during 
2020–2023. We acknowledge that formalized, quantitative 
station selection criteria (e.g., optimal density thresholds, 
distance-weighting schemes) remain a methodological gap 
that future work should address through systematic sensitiv-
ity analyses.

Recent studies have demonstrated the effectiveness of 
GNSS-derived TEC for detecting co-seismic and pre-seis-
mic ionospheric disturbances (Maletckii et al. 2023; Vesnin 
et al. 2023; Heki et al. 2024). Maletckii et al. (2023) and 
Vesnin et al. (2023) reported clear N-wave signatures in 
TEC data following the 2023 Türkiye earthquake sequence 
with co-seismic ionospheric disturbances propagating from 
the epicentral areas at velocities of 750–1100 m/s. Heki et 
al. (2024) identified pre-seismic TEC anomalies occurring 

for seismo-ionospheric precursor detection. Both single 
train-test split and 10-fold cross-validation consistently 
demonstrate RF’s superiority across all tectonic settings. 
Single-split results (Table 5) show RF achieving 100.00%, 
99.87% and 99.54% Accuracy for E1, E2 and E3-E4 
respectively, compared to AdaBoost’s 99.48%, 82.94% and 
90.21%. Cross-validation (Table 6) confirms these find-
ings with statistical rigor: RF achieves 100.00 ± 0.00%, 
99.78 ± 0.38% and 99.69 ± 0.33% versus AdaBoost’s 
99.49 ± 0.24%, 83.47 ± 2.09% and 88.33 ± 1.53% (p < 0.001 
for E2 and E3-E4). This consistency across evaluation strat-
egies validates the robustness of the comparison, while 
demonstrating that cross-validation with fold-wise normal-
ization is essential practice for seismo-ionospheric ML stud-
ies with limited samples (N = 108).

Despite AdaBoost’s computational efficiency advantage 
(0.69–0.74 s vs. 1.57–1.79 s training time), RF emerges 
as the preferred algorithm for operational monitoring due 
to superior generalization and substantially lower perfor-
mance variance. The framework’s effectiveness is evaluated 
using a comprehensive dataset encompassing three M ≥ 6.0 
earthquakes that occurred in Türkiye between 2020 and 
2023: the Elazığ earthquake, the İzmir earthquake and the 
Kahramanmaraş earthquakes. The analysis employs a three-
class classification scheme to differentiate between: (1) three 
geomagnetically quiet days (Class-0), representing baseline 
ionospheric conditions; (2) three geomagnetically disturbed 
days (Class-1), corresponding to periods of enhanced space 
weather activity and (3) three pre-earthquake days (Class-
2), encompassing the temporal windows immediately pre-
ceding each seismic event. This classification framework 
enables systematic evaluation of the model’s ability to dis-
tinguish genuine earthquake precursors from background 
ionospheric variability and space weather effects. GNSS-
derived TEC estimates from Turkish National Permanent 
GNSS Network-Active (TNPGN-Active) stations consti-
tute the primary input data for this study. The network pro-
vides dense spatial coverage across Türkiye’s seismically 
active regions, enabling detailed characterization of iono-
spheric variations in the vicinity of earthquake epicenters. 
For each earthquake, TEC data are collected from multiple 
GNSS stations strategically positioned to capture potential 
pre-seismic ionospheric anomalies while providing suf-
ficient spatial diversity for robust statistical analysis. The 
study incorporates geomagnetic activity indices, Kp, Ap and 
Dst to facilitate differentiation between ionospheric distur-
bances induced by space weather events and those poten-
tially associated with seismic processes.

The AdaBoost classifier uses 70/30 train-test split with 
Z-score normalization, evaluated through Accuracy, Pre-
cision, Recall and F1-score metrics. The methodology 
and findings are presented in subsequent sections: Sect. 2 
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ionospheric variations under different geomagnetic condi-
tions. The IONOLAB-TEC estimates are categorized into 
three hierarchical classes based on the geomagnetic state 
and temporal relationship to earthquake occurrence:

Class-0 (Geomagnetically quiet background): IONO-
LAB-TEC values from three geomagnetically quiet days are 
selected for each earthquake event. These days are charac-
terized by minimal geomagnetic disturbances and represent 
the baseline ionospheric behavior under quiet space weather 
conditions. Class-0 data serve as the reference background 
for normal ionospheric variability.

Class-1 (Geomagnetically disturbed background): Three 
geomagnetically disturbed days are identified for each event, 
during which the ionosphere exhibited enhanced variability 
due to increased geomagnetic activity. These data capture 
IONOLAB-TEC variations induced by space weather phe-
nomena and represent ionospheric perturbations unrelated 
to seismic activity.

Class-2 (Pre-earthquake anomalies): IONOLAB-TEC 
estimates from the three days immediately preceding each 
earthquake are designated as Class-2. These data potentially 
contain seismo-ionospheric precursors and constitute the 
target class for anomaly detection.

For the Kahramanmaraş doublet (E3 and E4, separated by 
9 h), the events are treated as a single earthquake sequence 
with a unified pre-earthquake period (3–5 February 2023). 
This combined treatment reflects the overlapping prepara-
tion windows, the first rupture (E3, 01:17 UTC) occurred 
within the preparation phase of the second (E4, 10:24 UTC), 

within hours to days before M ≥ 6.0 earthquakes, consistent 
with the LAIC mechanism. These findings support the utili-
zation of high-resolution TEC time series for investigating 
seismo-ionospheric phenomena in the context of earthquake 
precursor research.

The three analyzed earthquakes (Table 1) represent 
diverse Turkish seismotectonic settings: continental strike-
slip on NAF/EAF (Elazığ, Kahramanmaraş) and offshore 
normal faulting in the Aegean extensional regime (İzmir). 
The Elazığ earthquake (E1-Mw 6.7) struck eastern Türkiye 
along the East Anatolian Fault on January 24, 2020, caus-
ing severe destruction in Elazığ and Malatya provinces. 
Later that year, on October 30, 2020, the İzmir earthquake 
(E2-Mw 7.0) occurred in the Aegean Sea, impacting west-
ern Türkiye and Greece, with particularly heavy damage in 
İzmir’s Bayraklı district. Most recently, on February 6, 2023, 
two powerful earthquakes (E3 and E4-Mw 7.8 and Mw 7.5) 
ravaged Kahramanmaraş and adjacent provinces, marking 
one of the deadliest disasters in Türkiye’s modern history. 
Detailed information on these earthquakes is provided in 
Table 1 (USGS, 1879). The epicenters of three earthquakes 
and the chosen TNPGN-Active stations are presented with 
red stars and blue points in Fig. 1, respectively. The geo-
graphic coordinates of these stations and earthquakes in 
which the stations were used are given in Table 2.

In this study, IONOLAB-TEC data from 12 TNPGN-
Active stations are utilized for each of the three earthquake 
events analyzed. The dataset is constructed to distin-
guish pre-earthquake ionospheric anomalies from normal 

Table 1  Date, occurring time, geographic locations, magnitude, depth and EPZ (Dobrovolsky et al. 1979) of the chosen earthquakes. All earth-
quakes occurred within Türkiye
Earthquake Date (dd.mm.yyyy) Time (UT) Latitude (°N) Longitude (°E) Magnitude (Mw) Depth (km) EPZ (km)
E1 24.01.2020 17.55 38.37 39.10 6.7 10 760
E2 30.10.2020 11.51 37.89 26.79 7.0 21 1023
E3 06.02.2023 01.17 37.11 37.11 7.8 17.9 2259
E4 06.02.2023 10.24 38.02 37.20 7.5 10 1679

Fig. 1  The geographic coordi-
nates of three epicenters and the 
chosen TNPGN-Active stations 
used in the study
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Following data classification, the AdaBoost ensemble 
learning algorithm is applied to perform multi-class clas-
sification, enabling the discrimination of pre-earthquake 
ionospheric signatures (Class-2) from background varia-
tions under both quiet (Class-0) and disturbed (Class-1) 
geomagnetic conditions.

Geomagnetic storm days are selected based on data 
from the Pushkov Institute of Terrestrial Magnetism, Iono-
sphere and Radio Wave Propagation of the Russian Acad-
emy of Sciences (IZMIRAN, 1939). Earthquake data is 
sourced from the United States Geological Survey at ​h​t​t​
p​​s​:​/​​/​e​a​r​​t​h​​q​u​a​​k​e​.​u​​s​g​s​​.​g​o​​v​/​e​a​r​t​h​q​u​a​k​e​s (USGS, 1879). The 
Kp and Ap indices are retrieved from the GFZ Helmholtz 
Centre for Geosciences (GFZ, 1956), while the Dst index 
is obtained from the World Data Center for Geomagnetism 
at (WDC, 1999).

Analysis of space weather conditions during the study 
periods revealed that the Elazığ earthquake (January 2020) 
occurred during relatively quiet geomagnetic conditions 
with average Kp values below 3 and Dst fluctuations within 
± 30 nT. The İzmir earthquake (October 2020) period simi-
larly exhibited predominantly quiet conditions, though 
moderate enhancements in Kp (reaching 4–5) are observed 
5–7 days before the event due to a minor geomagnetic 
storm. The Kahramanmaraş earthquake sequence (Febru-
ary 2023) occurred during an extended period of low solar 
activity with geomagnetic indices remaining at quiet lev-
els (Kp ≤ 2 and Dst > −20 nT) throughout the two weeks 
preceding the earthquakes. These relatively quiescent space 
weather conditions are favorable for detecting earthquake-
related ionospheric signatures, as they minimize contamina-
tion from geomagnetic storm-induced TEC variations. Note 
that E1 and E3/E4 occurred during relatively quiet geo-
magnetic conditions similar to the quiet baseline, whereas 
the E2 period exhibits moderate geomagnetic activity with 
elevated Kp and Ap values, complicating the isolation of 
seismo-ionospheric anomalies.

In this study, the severe geomagnetic storm of April 
23–25, 2023 (reaching Kp values of 8), is deliberately 
selected as a common ‘high-noise’ benchmark for all ana-
lyzed earthquakes. While utilizing diverse storm events 
for each earthquake would enhance generalizability, 
employing a single, consistent, high-intensity disturbance 
period allows for a controlled comparison of the classi-
fier’s performance across different seismic events with-
out the confounding variable of varying storm intensities. 
By testing all earthquakes against this same ‘worst-case’ 
space weather scenario, we isolate the model’s sensitiv-
ity to seismic precursors relative to a fixed noise floor. 
The use of a single geomagnetic storm event (23–24 
April 2023, Dst = − 233 nT) as the common disturbed-
day benchmark across all three earthquake sequences is a 

meaning that ionospheric anomalies during this period 
likely reflect cumulative stress buildup from both impend-
ing events rather than isolated precursors.

The selection of geomagnetically quiet (Class-0) and dis-
turbed (Class-1) days is performed based on standard space 
weather indices, including the Kp (planetary K-index), Ap 
(planetary amplitude index) and Dst (Disturbance storm 
time index). These indices enabled the systematic iden-
tification of periods with varying levels of geomagnetic 
activity. The identified periods for each class are given in 
Table 3. The variations in Dst, Kp and Ap indices in the 
periods determined for each class are also shown in Fig. 2. 

Table 2  The geographic locations of the stations and earthquakes in 
which the stations were used. All earthquakes occurred within Türkiye
Station name (station ID) Latitude 

(°N)
Lon-
gitude 
(°E)

Earthquake

Adana (ADN2) 36.79 35.32 E1, E3 and E4
Adıyaman (ADY1) 37.57 38.26 E1, E3 and E4
Arapgir (ARPK) 39.02 38.29 E1
Aydın (AYD1) 37.50 27.50 E2
Ayvalık (AYVL) 39.18 26.41 E2
Balıkesir (BALK) 39.38 27.53 E2
Bandırma (BAN1) 40.20 27.58 E2
Bingöl (BING) 38.53 40.30 E1
Çeşme (CESM) 38.18 26.22 E2
Denizli (DEI1) 39.03 28.39 E2
Didim (DIDI) 37.22 27.16 E2
Diyarbakır (DIYB) 37.57 40.11 E1
Ekinözü (EKZ1) 37.87 37.18 E1, E3 and E4
Elazığ (ELAZ) 38.45 39.25 E1, E3 and E4
Ergani (ERGN) 38.08 39.75 E3 and E4
Feke (FEEK) 37.62 35.91 E3 and E4
Gaziantep (ANTE) 36.88 37.37 E3 and E4
Hatay (HAT2) 36.01 36.14 E1, E3 and E4
İzmir (IZMI) 38.23 27.04 E2
Kahramanmaraş (MAR1) 37.40 36.86 E1, E3 and E4
Kırkağaç (KIKA) 39.06 27.40 E2
Kilis (KLS1) 36.52 37.12 E3 and E4
Malatya (MLY1) 38.15 38.31 E1, E3 and E4
Muğla (MUG1) 37.12 28.21 E2
Osmaniye (ONIY) 36.91 36.25 E1, E3 and E4
Salihli (SALH) 38.28 29.07 E2
Tunceli (TNCE) 39.06 39.32 E1
Yenice (YENC) 39.56 27.14 E2

Table 3  The chosen periods for each classes representing the space 
weather conditions

Pre-earthquake period Disturbed
period

Quiet
period

Class
2 1 0

E1 21–23.01.01.2020 23–25.04.04.2023 17–19.02.02.2022
E2 27–29.10.10.2020 23–25.04.04.2023 17–19.02.02.2022
E3 03–05.02.02.2023 23–25.04.04.2023 17–19.02.02.2022
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is crucial for identifying the spatial contribution of GNSS 
stations to precursor detection.

The input data consist of IONOLAB-TEC vectors xu,d 
from U = 12 GPS stations over D observation days. Each 
vector xu,d = [xu,d (1) , xu,d (2) , . . . , xu,d (n) , . . . , xu,d (N)]T  
contains N = 576 TEC measurements per day (2.5-minute 
temporal resolution × 24 h) for station u on day d, form-
ing a 576-dimensional feature vector. Each sample repre-
sents a single day’s observations from one station. For each 
earthquake, the complete dataset comprises 108 samples: 12 
stations × 3 days × 3 classes (quiet, disturbed, pre-earth-
quake), yielding 36 samples per class. Geomagnetic indi-
ces (Kp, Ap, Dst) are used exclusively for selecting Class-0 
(quiet) and Class-1 (disturbed) reference days during data 
preparation (Sect. 2) and are not included as classifier input 
features, the AdaBoost model receives only Z-score normal-
ized TEC vectors.

Each IONOLAB-TEC vector xu,d is associated with a 
corresponding class label cu,d ∈ {0,1, 2}, defined as:

cu,d =

{ 0, Quiet day
1, Disturbed day
2, P re − earthquake day.

� (1)

The complete dataset D comprises 108 samples per earth-
quake ( 12 stations × 3 days × 3 classes).

deliberate design choice that isolates algorithm sensitiv-
ity under a fixed geomagnetic noise floor. This controlled 
approach ensures that performance differences across 
events reflect variations in pre-earthquake ionospheric 
signatures and tectonic settings rather than differences 
in disturbed-class characteristics. However, this design 
does not capture the full range of geomagnetic variability 
encountered in operational settings, including moderate 
storms, recurrent high-speed stream events and substorm-
driven disturbances with distinct ionospheric morpholo-
gies. Future studies should incorporate multiple storm 
events spanning different intensities (− 50 to − 300 nT) 
and seasons to assess classifier robustness under varying 
geomagnetic noise conditions.

Implementation of adaptive boosting 
(AdaBoost) algorithm

While more advanced boosting variants like XGBoost or 
Gradient Boosting exist, AdaBoost is specifically selected 
for this study due to its computational efficiency in resource-
constrained environments and its proven robustness when 
dealing with relatively small geophysical datasets (108 
samples per event), where more complex models might 
be prone to overfitting. Furthermore, AdaBoost offers high 
interpretability through feature importance analysis, which 

Fig. 2  Superposed epoch analysis of space weather conditions during 
the three-day observation windows. The panels illustrate the temporal 
variations of (a) hourly Dst (Disturbance storm time) index, (b) 3-hour 
planetary K-index (Kp) and (c) 3-hour planetary amplitude (Ap) index. 
The comparison includes the geomagnetically quiet baseline (17–19 

Feb 2022), the disturbed baseline (23–25 Apr 2023) and the pre-seis-
mic periods for Elazığ (E1), İzmir (E2) and Kahramanmaraş (E3/E4) 
earthquakes. The horizontal dashed lines indicate geomagnetic storm 
thresholds (Dst ≤ −30 nT and Kp ≥ 4)

 

1 3

Page 7 of 31  62



Earth Science Informatics (2026) 19:62

more conservative generalization estimates by preventing 
correlated samples from appearing in both training and test 
sets. However, with only 9 unique days and 12 stations 
per earthquake, these approaches produce extremely small 
test folds (12 or 9 samples respectively) with high per-fold 
variance, limiting their statistical reliability. We there-
fore retain 10-fold stratified CV as the primary evaluation 
method while acknowledging that reported performance 
may be optimistic relative to fully independent temporal 
or spatial validation. This limitation should be addressed in 
future studies with expanded multi-event datasets enabling 
grouped cross-validation designs.

Statistical significance of performance differences 
between algorithms is assessed using paired t-tests across 
the 10 folds (Kohavi 1995; Dietterich 1998; Domingos 
2012). All reported performance metrics in Sect. 5 (Accu-
racy, Precision, Recall, F1-score, Cohen’s κ) represent 
cross-validated means unless explicitly noted as single-split 
results (Table 5). This dual reporting strategy allows read-
ers to compare single-split versus cross-validated findings 
and understand the critical importance of rigorous valida-
tion for small geophysical datasets. To classify IONOLAB-
TEC patterns into three geophysical states, the AdaBoost 
algorithm is employed, using decision trees as weak learn-
ers. (Freund and Schapire 1997; Breiman et al. 2017). Each 
training instance (xi, ci) is assigned an equal initial weight:

w
(1)
i = 1

Mtrain
� (3)

where Mtrain is the number of training samples. The 
procedure is carried out iteratively for each time step 
t = 1, 2, ..., T .

In each iteration, a decision tree ht (x) is trained on the 
weighted samples. The performance of this tree is mea-
sured by its weighted error. Weighted error can be defined 
as follows:

ϵ t =
∑ Mtrain

m=1 w
(t)
m I [ht( xm) ̸= cm]∑ Mtrain
m=1 w

(t)
m

� (4)

where I[• ] is the indicator function. This equation com-
putes the weighted classification error, representing the 
sum of weights of the instances that the current weak 
learner misclassified. It quantifies how poorly the indi-
vidual decision tree performed on the current distribution 
of data. The learner weight (importance factor) can be 
defined with Eq. (5):

α t = η · ln
(

1 − ϵ t

ϵ t

)
� (5)

All IONOLAB-TEC vectors are normalized using 
Z-score normalization to eliminate scale bias across features 
(Jain et al. 2000):

∼
xu,d (n) = xu,d (n) − µ n

σ n
� (2)

To prevent data leakage, normalization parameters are com-
puted exclusively from the training data within each evalu-
ation scheme: for the single 70/30 split, µ n and σ n are 
derived solely from the training partition and applied to both 
training and test sets; for 10-fold cross-validation, µ n and 
σ n are recomputed from the k − 1 training folds at each 
iteration and applied to the held-out test fold. This fold-wise 
normalization ensures that no information from test samples 
influences the feature scaling, maintaining strict separation 
between training and evaluation data. The 108 samples 
are randomly shuffled and partitioned for model evalua-
tion using 10-fold stratified cross-validation. To thoroughly 
evaluate model scalability and learning curves, the training 
sets within each fold are systematically subsampled from 
10% to 100% in 5% increments. Each day constitutes an 
independent sample in both partitioning schemes.

For the single split, we use randomstate = 42 to ensure 
reproducibility and enable direct comparison between 
AdaBoost and RF on identical data partitions (addressing 
methodological concerns about confounding variables in 
algorithm comparison). However, given the limited sample 
size (N = 108 per earthquake), reliance on a single train-test 
split is statistically unreliable and may produce misleading 
conclusions due to partition-specific bias. Therefore, we 
employ 10-fold stratified cross-validation as the primary 
performance evaluation method. In k-fold cross-validation, 
the dataset is divided into k = 10 equal-sized folds, with 
each fold serving once as the test set while the remaining 
k-1 folds form the training set. Stratification ensures pro-
portional class representation (36 samples per class, or 12 
samples per class per fold) across all folds, maintaining the 
original 1:1:1 class distribution. This process yields 10 inde-
pendent Accuracy measurements per model, from which we 
compute mean and standard deviation to assess both aver-
age performance and generalization stability.

We note that the 108 station-day samples per earth-
quake exhibit a clustered structure: observations from dif-
ferent stations on the same calendar day share temporal 
ionospheric conditions, while observations from the same 
station across days share spatial characteristics. Standard 
k-fold cross-validation treats each station-day pair as inde-
pendent, which may not fully account for this temporal and 
spatial correlation. Alternative validation strategies such as 
leave-one-day-out (partitioning by calendar day) or leave-
one-station-out (partitioning by station) would provide 
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( F1 − sk) are computed from the confusion matrix ele-
ments (True Positive (TP), True Negative (TN), False Posi-
tives (FP), False Negatives (FN). These metrics quantify 
classification quality: Accuracy measures overall correct-
ness, Precision indicates positive predictive value, Recall 
measures sensitivity and F1-score provides a balanced mea-
sure particularly important for imbalanced datasets. For each 
class, the model outputs confidence scores used to construct 
ROC curves by varying the classification threshold. The 
Area Under the ROC Curve (AUC) quantifies the model’s 
discrimination capability for each class. Station importance 
is estimated from cumulative impurity reduction across all 
decision trees. Training loss is monitored across iterations to 
track model convergence (Fawcett 2006; Domingos 2012).

Table 4 shows the hyperparameters of the AdaBoost 
algorithm. These values are predetermined constant values 
(hyperparameters) for the algorithm to work: nestimators 
= 100, learningrate = 1.0, MaxNumSplits = 20 (Deci-
sion trees with a maximum of 20 splits are used as weak 
learners). This configuration is selected based on prin-
cipled justifications: (1) nestimators = 100 is justified by 
learning curve convergence (Fig. 4), where resubstitution 
error stabilized after approximately 60–80 iterations across 
all earthquake events, with marginal performance gains 
beyond 100 iterations; (2) learningrate = 1.0 follows the 
default value configuration (Freund and Schapire 1997); (3) 
MaxNumSplits = 20 prevents overfitting in the small-
sample regime by restricting tree complexity while main-
taining sufficient expressiveness for class separation. The 
70%-30% train-test split is selected as standard practice for 
balanced datasets, yielding approximately 75 training sam-
ples per earthquake, sufficient for stable gradient estimation 
while reserving adequate test samples (33 per earthquake) 
for reliable performance evaluation. Preliminary sensitivity 
analysis evaluated performance across reasonable hyper-
parameter ranges: nestimators (100), learningrate (1.0), 
MaxNumSplits (20) and train-test split ratios (10%–
100% in 5% increments under 10-fold CV). Performance 
variations remained within 2–3% across all tested combi-
nations for all three earthquakes, confirming robustness to 
hyperparameter choices. For example, varying nestimators 
between 50 and 150 yielded Accuracy differences of less 
than 1.5% across all earthquakes, consistent with the con-
vergence behavior observed in learning curves (Fig. 4). 
Similarly, alternative train-test splits (60/40, 80/20) altered 
overall Accuracy by less than 2%. These modest sensitivity 
ranges confirm that the reported performance metrics reflect 
genuine signal discrimination rather than fortuitous hyperpa-
rameter tuning. Formal nested cross-validation for exhaus-
tive hyperparameter optimization was not performed due to 
overfitting risk with limited sample size (N=108 per earth-
quake). With only 108 samples, nested CV (outer 10-fold × 

where η = 1.0 the default learningrate is applied. This 
formula calculates the learner weight (importance factor), 
which determines the influence of the current weak learner 
in the final ensemble. A lower ϵ t leads to a higher α t, 
giving more “voting power” to more accurate trees. In the 
computational implementation, the learningrate is applied 
as a shrinkage factor that scales α t during weight updates, 
providing regularization to prevent overfitting (Freund and 
Schapire 1997; Hastie et al. 2009). Sample weights are 
updated as follows:

w
(t+1)
i = w

(t)
i · exp (α tI [ht (xi) ̸= ci])� (6)

followed by normalization:

w
(t+1)
i ← w

(t+1)
i∑ Mtrain

i=1 w
(t+1)
i

� (7)

Equations (6) and (7) perform the sample weight update and 
normalization. The algorithm increases the weights of mis-
classified samples, forcing the next weak learner to focus on 
these difficult geophysical patterns.

The AdaBoostM2 algorithm is implemented using an 
ensemble learning framework with decision trees as base 
learners. The iterative weight update process described in 
Eqs. (3)-(7) is handled by the ensemble training procedure, 
which automatically manages sample reweighting, weak 
learner training and ensemble aggregation across all boost-
ing iterations. After T = 100 iterations, the final prediction 
function is expressed as follows:

H (X) = argmax
k ∈ {0,1, 2}

∑
T
t=1α tI [ht (x) = k] � (8)

Equation (8) represents the final ensemble decision rule, 
where the predictions of all weak learners are aggregated 
through weighted voting to determine the final ionospheric 
class (Quiet, Disturbed, or Pre-earthquake).

For the test set Dtest, standard performance metrics 
(Accuracy ( A), Precision ( P ), Recall ( RC), F1-score 

Table 4  The fixed hyperparameters of the AdaBoost classifier (base 
estimator: DecisionTree). Moderate-depth trees are used to balance 
performance and interpretability 
Parameter Value Justification

nestimators
100 Learning curve 

convergence

learningrate
1.0 Default Value

MaxNumSplits 20 Moderate complexity trees 
(max 20 branch nodes)

Method
AdaBoost. M2 Multi-class extension

Surrogate ‘on’ Handle missing values
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strong, coherent precursors over a large continental strike-
slip rupture, consistent with 90.21% Accuracy.

The learning curves (Fig. 4) demonstrate that conver-
gence speed and final error levels directly reflect iono-
spheric signal strength: continental strike-slip events (E1, 
E3-E4) show rapid convergence to low error, while the off-
shore event (E2) exhibits slower convergence, indicating 
weaker seismo-ionospheric coupling.

Results

The performance of the AdaBoost-based classification 
model is evaluated across three earthquake events using 
IONOLAB-TEC data from 12 TNPGN-Active stations per 
event. The dataset comprises 108 samples per event (36 
samples for each class), which are evaluated using 10-fold 
stratified cross-validation. The model is trained for T = 100 
iterations with a learning rate of learningrate = 1.0 and 
MaxNumSplits = 20. Results are presented separately 
for each earthquake to assess the model’s capability in dis-
tinguishing pre-earthquake ionospheric anomalies (Class-2) 
from geomagnetically quiet (Class-0) and disturbed (Class-
1) background conditions.

The learning curves for the three earthquake events are 
presented in Fig. 4, illustrating the evolution of training and 
testing loss across boosting iterations. For the E1 (Elazığ) 
earthquake, both training and testing losses rapidly decrease 
within the first 20 iterations, converging to near-zero val-
ues by iteration 30, with no signs of overfitting throughout 
the training process. The E2 (İzmir) earthquake exhibits a 
similar convergence pattern, though with slightly higher 
final testing loss (~ 0.15), suggesting marginally increased 
classification difficulty compared to E1. The E3 and E4 
(Kahramanmaraş) earthquake sequence demonstrates the 
slowest convergence rate, with training loss stabilizing 
around iteration 40 and testing loss plateauing at approxi-
mately 0.08. The consistent gap between training and test-
ing losses remains minimal across all events, indicating 
good generalization capability without overfitting. These 
learning curves confirm that 100 iterations are sufficient for 
model convergence in all cases.

The confusion matrices for both training and testing sets 
are presented in Fig. 5. For the E1 earthquake, near-perfect 
classification is achieved on both training and testing sets, 

inner 5-fold) would require 50 model fits per hyperparam-
eter combination, creating substantial risk of overfitting to 
the specific dataset structure. Future work with expanded 
earthquake catalogs (30–50 events) spanning diverse mag-
nitudes (Mw 5.0–8.0+), fault types and solar activity phases 
will enable systematic grid search to establish generalizable 
optimal configurations.

Figure 3  illustrates the complete workflow for ION-
OLAB-TEC data classification, encompassing both data 
preparation and AdaBoost training. Prior to algorithm 
implementation, raw IONOLAB-TEC data undergo sys-
tematic preparation: (1) collection from 12 TNPGN-Active 
stations for each earthquake, (2) labeling into three classes 
(Class-0: geomagnetically quiet days, Class-1: disturbed 
days, Class-2: three pre-earthquake days), (3) random 
partitioning into 70% training and 30% testing sets and 
(4) Z-score normalization computed exclusively from the 
training partition to ensure comparable feature scales while 
preventing data leakage between training and evaluation 
data. The flowchart illustrates the iterative boosting process 
employed in this study. The algorithm begins with normal-
ized TEC data from the training set and initializes equal 
weights for all samples. In each iteration ( t = 1 to T ), a 
decision tree classifier ht (x) is trained on the weighted 
samples, followed by the calculation of the weighted clas-
sification error ( ϵ t) and the corresponding learner weight 
( α t). Sample weights are then updated based on classifi-
cation performance, with misclassified instances receiving 
higher weights to focus subsequent iterations on difficult 
cases. This weight update and normalization process con-
tinues for T = 100 iterations. The final ensemble model 
H (x) combines all weak learners through weighted voting 
to produce the class predictions (Class-0, Class-1, or Class-
2). The hyperparameters T = 100, learningrate = 1.0 
and MaxNumSplits = 20 are determined empirically 
to optimize classification performance while preventing 
overfitting. Performance metrics including A, P , RC and 
F1 − s are computed on the independent test set to evalu-
ate the model’s ability to distinguish pre-earthquake iono-
spheric anomalies from geomagnetically induced variations.

Figure 4  shows the AdaBoost learning curves plotting 
resubstitution error against boosting iterations for the Elazığ 
(E1), İzmir (E2) and Kahramanmaraş (E3/E4) earthquakes. 
The Elazığ case exhibits extremely rapid convergence to 
near-zero error (~ 0.001) within 50 iterations, reflecting 
highly separable and consistent pre-seismic TEC anomalies, 
in line with its 99.48% test Accuracy. In contrast, the İzmir 
case converges slowly to a higher error (~ 0.055), indicating 
weaker, noisier signals due to its offshore normal-fault set-
ting, matching its lower 82.94% Accuracy and 17.05% false 
positives. The Kahramanmaraş case shows fast, smooth 
convergence to a very low error (~ 0.008), confirming 

Fig. 3  Complete workflow for IONOLAB-TEC data classification: (1) 
Data preparation, raw TEC collection from TNPGN-Active stations, 
three-class labeling (Class-0: geomagnetically quiet days, Class-1: 
geomagnetically disturbed days, Class-2: pre-earthquake days), fold-
wise Z-score normalization and 10-fold cross-validation; (2) AdaBoost 
iterative training with decision tree weak learners (T=100 iterations, 
learningrate = 1.0, 𝑀𝑎𝑥𝑁𝑢𝑚𝑆𝑝𝑙𝑖𝑡𝑠 = 20)
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highlighting the challenge of achieving perfect geomagnetic 
filtering in operational scenarios.

Quantitative performance metrics for each class and 
earthquake are summarized in Supplementary Table S1. 
The E1 earthquake achieves exceptional overall Accu-
racy of 99.48%, with near-perfect Precision, Recall and 
F1-scores across all three classes. Class-2 (pre-earthquake) 
demonstrates flawless performance with 100% across all 
metrics, indicating robust detection of seismo-ionospheric 
precursors. The E2 earthquake yields the lowest overall 
Accuracy (82.94%), primarily due to reduced performance 
in Class-0 (84.16% Recall) and Class-2 (68.36% Precision), 
reflecting increased difficulty in separating geomagneti-
cally quiet conditions from pre-earthquake signatures for 
this event. The E3 and E4 earthquake sequence achieves 
intermediate performance with 90.21% overall Accuracy. 
Notably, Class-0 exhibits the lowest Recall (77.02%), while 

with only one Class-0 sample misclassified as Class-1 in 
the test set. The E2 earthquake exhibits increased classifica-
tion complexity, particularly in distinguishing Class-0 from 
Class-2, with several misclassifications observed in the test 
set confusion matrix. The E3 and E4 earthquake sequence 
shows moderate performance, with most classification errors 
occurring between Class-1 and Class-2. While the Class-1 
reference days were selected during geomagnetically dis-
turbed conditions (23–25 April 2023, Kp 4–7), the pre-E3 
period (3–5 February 2023) exhibited moderately elevated 
Kp values (2–3) compared to the quiet baseline (Kp < 2). 
This residual geomagnetic activity during the pre-earth-
quake window, though below storm thresholds, introduces 
spectral overlap between geomagnetically-induced TEC 
variations and seismo-ionospheric anomalies, complicating 
their separation. The misclassifications reflect this resid-
ual space weather influence rather than model limitations, 

Fig. 4  AdaBoost learning curves 
(resubstitution error vs. itera-
tions) for: (a) E1, (b) E2 and (c) 
E3-E4. Convergence to near-zero 
error in continental cases (a, c) 
highlights strong pre-seismic 
TEC signals
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0.95 across the three classes. Class-1 (disturbed conditions) 
maintains the highest AUC, while Class-0 and Class-2 show 
slightly lower values, consistent with the observed classi-
fication challenges for this earthquake. For the E3 and E4 
earthquake sequence, AUC values range from 0.90 to 0.98, 
demonstrating good discrimination despite the moderate 
classification Accuracy. Class-2 achieves the highest AUC 
(0.98), indicating that despite some classification errors, the 
model maintains strong capability to distinguish pre-earth-
quake signatures from background conditions when adjust-
ing the decision threshold.

The AdaBoost-based classification model demonstrates 
varying levels of performance across the three earthquake 
events, with overall Accuracies ranging from 82.94% 
(E2) to 99.48% (E1). The E1 (Elazığ) earthquake exhibits 
the most distinct pre-earthquake ionospheric signatures, 
enabling near-perfect classification performance with AUC 
values of 1.000 for all classes. In contrast, the E2 (İzmir) 
earthquake presents the most challenging classification task, 
with increased overlap between Class-0 and Class-2 in the 
feature space, resulting in reduced Precision and Recall val-
ues. The E3 and E4 (Kahramanmaraş) earthquake sequence 
achieves intermediate performance (90.21% Accuracy), 
with pre-earthquake anomalies showing strong distinguish-
ability from both quiet and disturbed background conditions 
(Class-2 Recall: 98.64%). These results confirm that the 
AdaBoost algorithm successfully discriminates pre-earth-
quake ionospheric anomalies from geomagnetic variations, 
though classification difficulty varies depending on the spe-
cific characteristics of each seismic event and the prevailing 
space weather conditions.

Discussion

Performance metrics analysis across classes

Figure 9 presents a comparative visualization of classifi-
cation performance metrics (Accuracy, Precision, Recall 
andF1-score) across all three classes for each earthquake 
event. The radar plots reveal distinct performance patterns 
that provide insights into the discriminative characteristics 
of each class. For the E1 earthquake, all three classes exhibit 
nearly symmetrical radar patterns with metrics exceeding 
99%, indicating balanced and robust classification perfor-
mance. The uniformity across metrics suggests that Class-2 
(pre-earthquake) anomalies possess sufficiently distinct ion-
ospheric signatures that enable clear separation from both 
Class-0 (quiet) and Class-1 (disturbed) conditions.

In contrast, the E2 earthquake displays asymmetric pat-
terns, particularly for Class-0 and Class-2. Class-1 shows 
notably lower Recall (71.23%) compared to Precision 

Class-2 demonstrates the highest Recall (98.64%), suggest-
ing that pre-earthquake anomalies for this event are more 
distinguishable than quiet-period conditions with AdaBoost 
algorithm. In comparison, RF training on the same dataset 
(Zorkun et al. 2025) required 1.57–1.79 s per event with 
100 trees (Table 5), while AdaBoost completed training in 
0.69–0.74 s, indicating that AdaBoost’s sequential boosting 
is approximately 50–60% faster than RF’s parallel bagging 
for this application. This efficiency advantage, combined 
with lower memory footprint, makes AdaBoost particularly 
suitable for near-real-time operational monitoring systems.

Figure 6 presents the true versus predicted class distribu-
tions alongside model confidence scores for each class. For 
the E1 earthquake, the predicted class distribution closely 
matches the true distribution, with high confidence scores 
(> 0.95) for most samples across all three classes. The model 
demonstrates particularly strong confidence in Class-2 pre-
dictions, with minimal uncertainty. The E2 earthquake 
shows greater discrepancies between true and predicted dis-
tributions, particularly for Class-0 and Class-2, consistent 
with the lower classification Accuracy observed. Confidence 
scores are more variable for this event, with several samples 
exhibiting scores between 0.6 and 0.8, indicating reduced 
model certainty. The E3 and E4 earthquake sequence dis-
plays intermediate confidence levels, with Class-1 showing 
the widest range of confidence scores (0.5–0.95), explaining 
the lower Recall observed for this class.

The three-dimensional distribution of class scores in the 
feature space is illustrated in Fig. 7. For the E1 earthquake, 
the three classes form well-separated clusters with minimal 
overlap, explaining the exceptional classification perfor-
mance. Class-2 samples occupy a distinct region in the fea-
ture space, confirming the presence of unique ionospheric 
signatures during the pre-earthquake period. The E2 earth-
quake exhibits greater overlap between Class-0 and Class-2 
clusters, particularly along certain feature dimensions, con-
sistent with the observed classification difficulties. The E3 
and E4 earthquake sequence shows partial overlap between 
Class-1 and Class-2, with some boundary samples residing 
in transitional regions of the feature space, accounting for 
the classification errors observed in the confusion matrix.

Figure 8 presents the Receiver Operating Characteristic 
(ROC) curves for each class across all three earthquakes. 
For the E1 earthquake, all three classes achieve perfect or 
near-perfect Area Under the Curve (AUC) values of 1.000, 
with ROC curves hugging the top-left corner, indicating 
excellent discrimination capability. Class-0 and Class-1 
both achieve AUC = 1.000, while Class-2 demonstrates 
AUC = 1.000, confirming the model’s ability to reliably iden-
tify pre-earthquake ionospheric anomalies for this event. 
The E2 earthquake exhibits reduced but still strong discrim-
ination capability, with AUC values ranging from 0.85 to 
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for E2. The maritime location of the E2 epicenter may con-
tribute to this pattern, as oceanic ionospheric responses dif-
fer from continental ones due to conductivity variations and 
crustal coupling mechanisms. For the E3 and E4 earthquake 
sequence, importance scores show high variability, with 
stations MAR1 (Kahramanmaraş) and ANTE (Gaziantep) 
dominating (importance > 0.18), while peripheral stations 
contribute minimally (< 0.05).

This concentration of importance in epicenter-proximal 
stations suggests that the ionospheric anomalies associated 
with this earthquake doublet are spatially localized. The cor-
relation between station importance and epicentral distance 
shows algorithm-dependent patterns. For AdaBoost, the 
inverse correlation is weak to moderate and does not reach 
statistical significance (E1: ρ = −0.55, p = 0.06; E2: ρ = −0.31, 
p = 0.31; E3-E4: ρ = 0.10, p = 0.75). In contrast, RF captures 
this spatial relationship more consistently, with the strongest 
correlation observed for E3-E4 (ρ = −0.63, p = 0.04) and E2 
(ρ = −0.69, p = 0.16). This algorithm-dependent difference 
suggests that RF’s feature importance, computed through 
out-of-bag permutation, better reflects the physical expecta-
tion of distance-dependent signal attenuation compared to 
AdaBoost’s cumulative impurity reduction, which may be 
more sensitive to sample-specific decision boundaries in the 
limited dataset (N = 108).

While the station importance analysis (Fig. 10) identi-
fies differential contributions to classification performance, 
systematic station reduction through ablation studies, pro-
gressively removing least-important stations and evaluating 
performance degradation, would require careful consider-
ation of operational trade-offs. The current study deliber-
ately employs all 12 stations per earthquake to maintain 
adequate spatial sampling of ionospheric variability, as 
seismo-ionospheric coupling exhibits strong spatial het-
erogeneity dependent on epicentral distance, fault geom-
etry and local crustal properties. Given the relatively small 
dataset size (108 samples per earthquake), aggressive sta-
tion reduction risks overfitting to the specific spatial con-
figuration of the training events, potentially degrading 
generalization to future earthquakes with different epicen-
tral locations relative to the monitoring network. Further-
more, operational earthquake monitoring systems require 
spatial redundancy to ensure reliable detection even when 
individual stations experience technical failures or local 
ionospheric disturbances unrelated to seismic activity. Nev-
ertheless, future work should systematically evaluate clas-
sification performance as a function of station count through 
ablation studies, potentially identifying minimal operational 
subsets optimized for specific tectonic settings (e.g., conti-
nental strike-slip vs. offshore events) that balance detection 
Accuracy with monitoring network costs. Such analyses 
would be particularly valuable when expanding to larger 

(90.66%), indicating that the model tends to misclassify dis-
turbed-period samples as belonging to other classes. Con-
versely, Class-2 exhibits high Recall (93.43%) but reduced 
Precision (68.36%), suggesting that while most pre-earth-
quake samples are correctly identified, some Class-0 and 
Class-1 samples are incorrectly classified as pre-earthquake 
anomalies. This pattern reveals that the E2 earthquake’s pre-
seismic ionospheric perturbations share characteristics with 
both quiet and disturbed background conditions, compli-
cating discrimination. The E3 and E4 earthquake sequence 
demonstrates intermediate asymmetry with Class-0 show-
ing the most pronounced imbalance between Precision 
(98.76%) and Recall (77.02%). This indicates that quiet 
conditions are highly distinctive when correctly identified, 
but approximately 23% of quiet samples exhibit character-
istics overlapping with other classes.

Statistical analysis using McNemar’s test confirms that 
the performance differences between earthquakes are sta-
tistically significant ( p < 0.001), suggesting that classifi-
cation difficulty varies systematically with event-specific 
characteristics.

Station importance and spatial patterns

Figure 10 illustrates the relative importance scores of the 12 
GNSS stations used for each earthquake event, quantifying 
each station’s contribution to classification performance. 
For the E1 earthquake, station importance exhibits moderate 
spatial variation, with stations ELAZ (Elazığ) and MLY1 
(Malatya) achieving the highest importance scores (> 0.15), 
reflecting their proximity to the epicenter (within 50 km). 
Notably, stations HAT2 (Hatay) and ADY1 (Adıyaman) 
also contribute significantly (importance > 0.12) despite 
greater distances (~ 150–200 km), suggesting that iono-
spheric anomalies extend beyond the immediate epicentral 
region.

The E2 earthquake presents a more uniform importance 
distribution, with most stations exhibiting scores between 
0.08 and 0.12. The highest-contributing station, IZMI 
(İzmir), achieves an importance score of only 0.14, consid-
erably lower than the top-performing stations in E1. While 
several stations (MUG1, DEI1, AYD1) show modest impor-
tance peaks (0.010–0.014), the overall distribution is more 
uniform compared to E1 and E3-E4, with a smaller dynamic 
range (max/min ratio ≈ 1.8 vs. 3.2 for E1). This relatively 
flat importance distribution, indicating that no single station 
dominates classification, explains the reduced performance 

Fig. 5  Training and test confusion matrices for the three analyzed 
earthquake events: Elazığ (E1, top row), İzmir (E2, middle row) and 
the Kahramanmaraş doublet (E3-E4, bottom row). The matrices dis-
play the classification performance across Disturbed (Class-1), Quiet 
(Class-0) and Pre-earthquake (Class-2) states
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addressed through our companion RF study (Zorkun et al. 
2025) on the same earthquakes.

The chi-square tests confirm that the distribution of cor-
rect classifications differs significantly from random chance 
for all earthquakes (p < 0.001), validating that the model 
captures genuine patterns rather than noise. McNemar’s test 
demonstrates that our approach significantly outperforms a 
baseline classifier (p < 0.003), with the strongest improve-
ment observed for E1 (p < 0.001). Cohen’s kappa values 
range from 0.743 (E2) to 0.998 (E1), indicating substantial 
to almost perfect agreement between predicted and actual 
classes according to Landis and Koch’s (1977) interpreta-
tion scale (Landis and Koch 1977). The overall κ substan-
tially exceeds the threshold of 0.60 typically considered 
acceptable for operational applications. In terms of a simple 
baseline, a random classifier operating on this balanced 
three-class dataset would achieve a theoretical Accuracy 
of approximately 33.3%. Our model’s average Accuracy of 
90.96% represents a nearly threefold improvement over this 
random baseline, empirically demonstrating the predictive 
power of the extracted features beyond mere chance.

The robustness of classification performance to hyper-
parameter choices and data partitioning strategies fur-
ther validates the model’s stability. While the primary 
results employ nestimators = 100, learningrate = 1.0, 
MaxNumSplits = 20 and 10-fold cross-validation, pre-
liminary sensitivity analyses indicate that reasonable varia-
tions in these parameters produce minimal performance 
degradation. Specifically, varying nestimators = 100 yields 
Accuracy differences of less than 1.5% across all earth-
quakes, consistent with the convergence behavior observed 
in learning curves (Fig. 4). Similarly, systematically vary-
ing the training set size from 10% to 100% in 5% incre-
ments under 10-fold cross-validation demonstrated steady 
convergence in overall Accuracy, indicating that the model 
robustly generalizes across varying amounts of available 
training data. These modest sensitivity ranges confirm that 
the reported performance metrics reflect genuine signal 
discrimination rather than fortuitous hyperparameter tun-
ing, supporting the generalizability of the classification 
framework. Nevertheless, systematic hyperparameter opti-
mization through grid search with nested cross-validation, 
while computationally expensive for the current dataset 

multi-event datasets where robust statistical assessment of 
station selection strategies becomes feasible.

The inverse correlation between station importance 
and epicentral distance, particularly evident in RF results, 
suggests a quantitative framework for optimal station 
selection in future operational systems. Stations could be 
prioritized based on multiple criteria: (1) observed impor-
tance scores from historical earthquakes, (2) proximity to 
potential epicenters relative to the EPZ (Dobrovolsky et 
al. 1979) and (3) data quality and completeness metrics. A 
practical implementation strategy would prioritize stations 
within the EPZ that exhibit high importance scores (e.g., 
top 50–60% in importance rankings) and maintain > 95% 
data completeness for real-time monitoring, while periph-
eral stations outside the EPZ could be down-weighted 
or reserved for spatial validation. For the current study, 
applying these criteria retroactively to E1 identifies 7 high-
priority stations (ELAZ, MLY1, ADY1, HAT2, BING, 
TNCE, ARPK) all located within the 760 km EPZ, con-
sistent with the observed importance rankings and clas-
sification performance. Future work should systematically 
validate optimal selection criteria and quantitative thresh-
olds across 20–30 earthquakes spanning different tectonic 
settings, magnitudes and network geometries to establish 
robust station prioritization guidelines for operational 
earthquake monitoring systems.

Statistical validation and contextualization within 
existing literature

To rigorously validate the classification performance and 
contextualize our results within the existing literature, we 
conduct comprehensive statistical analyses (Table 7) and 
review previous ML applications to seismo-ionospheric 
research (Table 8). Important limitation: The cited studies 
employ different datasets, earthquake selections, feature 
engineering approaches and evaluation metrics, precluding 
direct quantitative performance comparison. Our intent is 
to demonstrate that AdaBoost achieves performance com-
petitive with state-of-the-art methods when evaluated on 
comparable tasks (multi-class TEC classification with geo-
magnetic filtering), while acknowledging that definitive 
method comparison requires identical test datasets, a gap 

Table 5  Direct algorithm comparison on identical raw IONOLAB-TEC vectors
Earthquake Model Accuracy (%) Precision (%) Recall (%) F1-score Cohen’s κ Training Time (s)
E1 (Elazığ) AdaBoost 99.48 99.48 99.48 0.994 0.992 0.740

Random Forest 100 100 100 1 1 1.571
E2 (İzmir) AdaBoost 82.94 86.11 82.94 0.832 0.744 0.742

Random Forest 99.87 99.87 99.87 0.998 0.998 1.660
E3-E4 (Kahramanmaraş) AdaBoost 90.21 91.36 90.21 0.900 0.853 0.691

Random Forest 99.54 99.55 99.54 0.995 0.993 1.790
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demonstrates consistently higher mean performance with 
substantially smaller error bars, confirming its superior 
generalization stability on limited samples (N = 108). The 
performance gap is most pronounced for E2, where Ada-
Boost exhibits the highest variance (σ = 2.09%) compared 
to RF (σ = 0.38%), reflecting AdaBoost’s greater sensitivity 
to specific train-test partitions in sequential boosting. These 
results visually reinforce the statistical findings reported 
in Table 6, establishing RF as the preferred algorithm for 
operational seismo-ionospheric monitoring.

Cross-validated results (Table 6) confirm RF’s consistent 
superiority across all tectonic settings: E1 (100.00 ± 0.00% 
vs. 99.49 ± 0.24%, p < 0.001); E2 (99.78 ± 0.38% vs. 
83.47 ± 2.09%, p < 0.001); E3-E4 (99.69 ± 0.33% vs. 
88.33 ± 1.53%, p < 0.001). Both single-split (Table 5) and 
cross-validated (Table 6) results consistently demonstrate 
RF’s advantage, with the largest performance gaps observed 
for E2 (16.93% points in single-split, 16.31 in CV) and 
E3-E4 (9.33 and 11.36% points, respectively). The consis-
tency between evaluation strategies validates the robustness 
of these findings, while cross-validation provides the statis-
tical rigor (p-values, standard deviations) necessary for reli-
able performance assessment on small geophysical datasets 
(N = 108).

The relatively small standard deviations in Table 6 (Ada-
Boost: σ = 0.24–2.09%; RF: σ = 0.00–0.38%) indicate stable 
performance across folds, with RF exhibiting substantially 
lower variance, confirming superior generalization stability. 
E2 shows the highest variance for AdaBoost (σ = 2.09%), 
suggesting that sequential boosting’s iterative error cor-
rection is more sensitive to specific train-test partitions 
when sample sizes are limited (N = 108). In contrast, RF’s 
bootstrap aggregation and feature randomization provide 
implicit regularization that prevents overfitting to partition-
specific patterns.

RF’s superior robustness likely stems from: (1) bootstrap 
aggregation creating ensemble diversity through sampling 
variation, reducing sensitivity to specific train-test parti-
tions; (2) feature randomization providing implicit regular-
ization that prevents overfitting to small samples (N = 108); 
(3) parallel ensemble strategy averaging predictions across 
independent trees, smoothing partition-specific noise. 
AdaBoost’s sequential error correction, while powerful 
for large datasets, may amplify partition-specific patterns 
when sample sizes are limited, explaining the higher vari-
ance observed in cross-validation (particularly for E3-E4: 
σ = 1.05% vs. RF’s 0.21%).

To further assess whether the near-perfect RF accuracy 
reflects genuine class separability rather than overfitting, we 
present learning curves under 10-fold cross-validation for 
both algorithms (Fig. 12). For all three earthquake events, 
RF achieves 100% training Accuracy across all training set 

size, represents a valuable direction for future work when 
expanding to larger multi-event corpora where exhaustive 
parameter exploration becomes statistically meaningful.

Direct comparison with random forest on identical 
data

To rigorously evaluate AdaBoost's performance and estab-
lish a valid baseline for algorithmic comparison, we trained 
RF on the exact same raw TEC vector dataset used for 
AdaBoost (108 samples x 576 features per earthquake), 
applying identical preprocessing (fold-wise Z-score nor-
malization), identical data partitioning (10-fold strati-
fied cross-validation) and comparable hyperparameters 
( nestimators = 100, randomstate = 42 for reproducibil-
ity). This controlled experiment eliminates the confounding 
variable of feature engineering present in comparisons with 
prior studies and isolates fundamental algorithmic differ-
ences in how bagging (RF) versus boosting (AdaBoost) 
handle seismo-ionospheric classification under varying 
tectonic conditions (Freund and Schapire 1997; Domingos 
2012; Breiman et al. 2017).

Table 5 presents single-split results, while Table 6 pres-
ents 10-fold cross-validation results, the latter providing 
statistically reliable performance assessment for small data-
sets. RF is selected as the primary baseline because it repre-
sents the most robust bagging-based ensemble method and 
has been extensively applied to ionospheric classification 
tasks (Natras et al. 2022; Zorkun et al. 2025). Unlike Sup-
port Vector Machines (SVM)(Akyol et al. 2020; Asaly et al. 
2022) or Deep Learning architectures such as CNNs (Lin 
and Chiou 2020; Uyanık et al. 2023) and LSTMs (Saqib et 
al. 2023; Jeong et al. 2024), both RF and AdaBoost excel 
in handling the non-linear, high-dimensional and relatively 
small-sample regimes typical of seismo-ionospheric studies 
(108 samples per earthquake).

To address potential data leakage concerns, all cross-val-
idation experiments employ fold-wise normalization, where 
Z-score parameters (µ, σ) are computed exclusively from 
the training folds and applied to the test fold at each itera-
tion. This strict protocol ensures that the reported accura-
cies reflect genuine generalization performance rather than 
information leakage through shared normalization statistics.

Figure 11 provides a visual comparison of 10-fold strati-
fied cross-validation performance between AdaBoost and 
RF across all three earthquake events. The bar charts display 
mean Accuracy, Precision and Recall with error bars repre-
senting standard deviation across folds. For E1 (Elazığ), both 
algorithms achieve near-perfect performance with negligi-
ble variance, consistent with the highly separable pre-seis-
mic TEC signatures observed for this continental strike-slip 
event. For E2 (İzmir) and E3-E4 (Kahramanmaraş), RF 
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reported in comparable classification studies. Fourth, the 
Matthews Correlation Coefficient (MCC = 0.869) demon-
strates strong correlation between predicted and actual 
classes, validating model robustness.

Table 8 presents ML approaches from diverse studies that 
vary substantially in: (1) earthquake selection criteria (mag-
nitude ranges, tectonic settings, number of events), (2) TEC 
data sources and resolution (GNSS vs. satellite, temporal 
sampling), (3) feature engineering (raw TEC vs. statistical 
aggregates vs. images), (4) classification schemes (binary 
vs. multi-class, window lengths) and (5) evaluation metrics 
(Accuracy definitions, cross-validation protocols). Conse-
quently, Accuracy percentages are not directly comparable 
across studies. The table serves to contextualize our work 
within the broader methodological landscape rather than 
establish definitive performance rankings.

Akyol et al. (2020) applied Support Vector Machine 
(SVM) classifier with an Earthquake Precursor Detection 
(EQ-PD) technique to GPS-TEC data integrated with geo-
magnetic indices over Italy, demonstrating near real-time 
precursor detection capability with binary classification 
achieving approximately 85% Accuracy. Their work pio-
neered the integration of space weather parameters (Kp, Ap, 
Dst) with TEC observations, establishing a methodological 
framework that subsequent studies, including ours, have 
built upon (Akyol et al. 2020).

Natras et al. (2022) developed ensemble ML models 
combining RF, AdaBoost and XGBoost for vertical TEC 
forecasting across low-, mid- and high-latitude ionospheric 
grid points. Their meta-ensemble approach, utilizing Vot-
ing Regressor to combine multiple models, achieved RMSE 
(Root Mean Square Error) values of 1.09 TECU for 1-hour 
and 2.15 TECU for 24-hour forecasts at low latitudes, with 
correlation coefficients (R²) of 0.95–0.98. Notably, their 
application of AdaBoost in the TEC forecasting domain 
demonstrated the algorithm’s versatility beyond classifica-
tion tasks, validating its effectiveness in capturing nonlinear 
space weather processes. Their use of time series cross-
validation and daily differencing techniques substantially 
improved learning of space weather features, especially 
over longer forecast horizons (Natras et al. 2022).

Lin and Chiou (2020) developed a Convolutional Neural 
Network (CNN) approach incorporating Butterworth filters 
to process TEC images for earthquake precursor detection. 
By converting daily TEC maps into images and applying 
low-pass Butterworth filters to reduce wedge effects caused 
by temporal splitting, they achieved reliable detection of 
pre-earthquake ionospheric anomalies with approximately 
88% Accuracy. Their innovation in image-based feature 
extraction and signal processing integration represents an 
important advancement in spatial pattern recognition for 
seismo-ionospheric research, complementing time-series 

sizes, which is expected given that unpruned decision trees 
can perfectly partition the training space. Crucially, the RF 
validation accuracy converges rapidly toward the training 
Accuracy as training set size increases, with the train-vali-
dation gap narrowing to less than 1% beyond 40% training 
utilization for E1 and below 2% for E2 and E3-E4.

This convergence pattern is characteristic of a well-gen-
eralizing model that benefits from additional training data 
without memorizing noise. In contrast, AdaBoost exhib-
its a persistent training-validation gap across all training 
sizes, most prominently for E2 (approximately 6 percentage 
points at full training utilization) and E3-E4 (approximately 
3 percentage points), suggesting that AdaBoost's sequential 
boosting with restricted decision trees has limited capacity 
compared to Random Forest to fully capture the multi-class 
decision boundaries in the 12-dimensional TEC feature 
space.

The monotonically decreasing standard deviation bands 
for RF further confirm that model stability improves with 
additional training data, consistent with the ensemble vari-
ance reduction expected from bagging. These learning 
curves provide direct evidence that RF’s high cross-vali-
dated accuracy stems from effective pattern recognition in 
the ionospheric feature space rather than overfitting to the 
limited dataset.

Comparison with literature

Statistical validation metrics (Table 7) confirm model 
robustness as discussed in Sect. 5.1. Table 8 compares our 
approach with recent ML studies in seismo-ionospheric 
research. The cited studies employ different datasets, 
earthquake selections, feature engineering approaches 
and evaluation metrics, precluding direct quantitative 
performance comparison (see methodological hetero-
geneity discussion below). Nevertheless, our approach 
demonstrates several advantages within its specific 
methodological framework. First, the average Accuracy 
of 90.77% represents strong performance in multi-class 
seismo-ionospheric classification. Second, our multi-class 
formulation (Class-0, Class-1, Class-2) explicitly distin-
guishes geomagnetically disturbed conditions from pre-
earthquake anomalies, addressing a critical limitation of 
binary classification approaches that may conflate space 
weather and seismic signals. This distinction reduces 
false positives from the 12–15% range reported in recent 
binary studies to 9.11% in our work. Third, Cohen’s kappa 
(κ = 0.863) falls within or exceeds the κ = 0.65–0.85 range 

Fig. 6  Test set performance metrics for E1 (top), E2 (middle) and 
E3-E4 (bottom). Panels show class distributions, Accuracy compari-
son and confidence scores (green: correct; red: incorrect predictions) 
for Disturbed, Quiet and Pre-earthquake classes
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data. By progressively focusing on misclassified samples, 
AdaBoost captures subtle patterns that single classifiers 
may overlook. Additionally, the ensemble of weak learners 
models complex, nonlinear relationships between TEC vari-
ations and seismic activity more effectively than individual 
algorithms. Our results complement the ensemble forecast-
ing approaches of Natras et al. (2022), demonstrating Ada-
Boost’s effectiveness in both regression (forecasting) and 
classification (precursor detection) contexts.

It is important to note that direct performance comparison 
across studies is complicated by fundamental differences in 
research objectives: our study focuses on multi-class classi-
fication for precursor detection, while studies like Natras et 
al. (2022) and Jeong et al. (2024) address TEC forecasting 
with regression metrics (RMSE, R²) and Saqib et al. (2023) 
examines single-event anomaly detection. Nevertheless, 
statistical comparison confirms that our method performs 
competitively within the seismo-ionospheric classifica-
tion paradigm. The E2 earthquake’s reduced performance 
(82.94%) indicates that maritime seismic events present 
increased challenges, consistent with findings by various 
researchers regarding oceanic versus continental earthquake 
detection complexities. The correlation between classifica-
tion Accuracy and tectonic setting highlights the importance 
of region-specific model calibration, a consideration equally 
relevant to both classification and forecasting applications.

Physical interpretation of classification difficulty

The varying classification performance across the three 
earthquakes can be attributed to specific geophysical and 

approaches with spatially-aware deep learning architectures 
(Lin and Chiou 2020).

Jeong et al. (2024) employed Long Short-Term Memory 
(LSTM) and Convolutional LSTM (ConvLSTM) archi-
tectures for regional ionospheric TEC prediction over the 
Korean Peninsula, achieving 24-hour advance forecast-
ing with RMSE values of 1.28–5.28 TECU depending on 
solar activity levels. Their ConvLSTM model demonstrated 
approximately 30% lower RMSE compared to traditional 
LSTM and IRI-2016 empirical models, with R² values of 
0.94–0.95. The ConvLSTM architecture’s ability to capture 
spatiotemporal dependencies in two-dimensional TEC maps 
represents a significant advancement in forecasting method-
ology, though their focus on prediction rather than precur-
sor classification addresses a different operational objective 
than our study (Jeong et al. 2024).

Saqib et al. (2023) applied LSTM networks to analyze 
the 2013 Awaran, Pakistan (Mw 7.7) earthquake, utilizing 
GNSS TEC data with 2-hour temporal resolution over 45 
days. Their model achieved high prediction Accuracy with 
0.07 TECU loss and successfully identified positive anoma-
lies three days before the earthquake within the earthquake 
preparation area (EPA). By comparing TEC variations 
inside and outside the EPA during geomagnetically quiet 
periods, they demonstrated that observed anomalies could 
be attributed to seismic activity rather than space weather 
disturbances, providing compelling evidence for AI-based 
earthquake precursor identification (Saqib et al. 2023).

The superior classification performance stems from Ada-
Boost’s iterative reweighting mechanism, which effectively 
handles class imbalance inherent in seismo-ionospheric 

Fig. 7  Test set 3D distribution of class scores for: (a) E1 earthquake, (b) E2 earthquake and (c) E3 and E4 earthquakes
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involved a continental strike-slip fault at shallow depth 
(10 km), facilitating strong LAIC through mechanisms 
such as Radon emanation and atmospheric electric field 
perturbations.

In contrast, the E2 earthquake (Mw 7.0, October 30, 
2020) occurred 15 km offshore in the Aegean Sea with a 
normal fault mechanism. Oceanic crust in this region has 
electrical conductivity of ~ 0.01–0.03 S/m, which is 10–100 

space weather conditions. The E1 earthquake occurred on 
January 24, 2020, during solar cycle 24’s declining phase, 
characterized by low solar activity (monthly sunspot num-
ber < 10) and minimal geomagnetic disturbances (average 
Kp = 1.5 during the pre-earthquake period). These excep-
tionally quiet conditions minimized background TEC vari-
ability, allowing pre-earthquake ionospheric perturbations 
to emerge as clear anomalies. Additionally, the E1 event 

Fig. 8  ROC curves of three class for: E1 earthquake (first row), E2 earthquake (second row) and E3 and E4 earthquakes (third row)

 

1 3

Page 21 of 31  62



Earth Science Informatics (2026) 19:62

represents a critical instance of mixed-source signal con-
tamination, where the classifier struggles to disentangle the 
weak pre-seismic electric field effects inherent to offshore 
events from moderate geomagnetic forcing. The reduced 
Precision observed in the İzmir case highlights a central 
problem in seismo-ionospheric research: even minor space 
weather events can effectively mask precursor signatures 
when lithosphere-ionosphere coupling is inefficient, creat-
ing an ambiguity that purely statistical classifiers find dif-
ficult to resolve without additional physics-based filtering 
constraints. Together, these effects explain the lower classi-
fication Accuracy (82.94%) and increased overlap between 
Class-0 and Class-2 in the feature space (Fig. 7b).

The E3–E4 earthquake doublet (Mw 7.8 and Mw 7.5, 
February 6, 2023) represents an intermediate case due to 
the 9-hour interval between the two events. The first shock 
(E3, 04:17 local time) occurred within the preparation 

times lower than continental crust (~ 0.1–1.0 S/m) (Fil-
loux 1982; Simpson and Bahr 2005). This low conductivity 
significantly reduces the strength and penetration depth of 
seismogenic electric fields into the atmosphere and iono-
sphere, resulting in weaker and more diffuse LAIC signals 
compared to continental strike-slip events (E1, E3–E4). 
Additionally, marine boundary layer effects including high 
humidity (> 75%), sea spray aerosols and enhanced evap-
oration increase atmospheric conductivity by 2–3 times 
(Bennett and Harrison 2007) and elevate TEC variabil-
ity (standard deviation ~ 3.7 TECU in E2 vs. 2.8 TECU in 
E1 during quiet periods; Table 3). These factors introduce 
high-frequency noise that masks pre-seismic ionospheric 
anomalies. Furthermore, the earthquake occurred during 
moderate geomagnetic activity (Kp = 3–4 in the preceding 
week), producing ionospheric disturbances that spectrally 
overlap with seismic precursors. This spectral overlap 

Fig. 9  Performance metrics 
comparison by class for: (a) E1 
earthquake (Accuracy: 99.48%, 
κ = 0.992), (b) E2 earthquake 
(Accuracy: 82.94%, κ = 0.744) 
and (c) E3-E4 earthquakes 
(Accuracy: 90.21%, κ = 0.853). 
Detailed values in Supplementary 
Table S1
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Fig. 10  Relative importance scores of GNSS stations for (a) E1, (b) 
E2 and (c) E3-E4. Left panels: AdaBoost importance; right panels: 
RF importance. AdaBoost shows weak-to-moderate inverse correla-

tion with epicentral distance (non-significant), while RF demonstrates 
moderate inverse correlation (E3-E4: ρ = −0.63, p = 0.04)
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stability across diverse tectonic settings favors its use in 
future operational monitoring systems pending multi-event 
validation. The model achieves an average classification 
Accuracy of 90.77% with Cohen’s kappa values ranging 
from 0.744 to 0.992, indicating substantial to almost perfect 
agreement. Statistical validation confirms that performance 
significantly exceeds baseline classifiers (McNemar’s test 
p < 0.001, chi-square p < 0.001). Classification Accuracy 
varies systematically with earthquake characteristics: the 
E1 continental strike-slip event achieves 99.48% Accuracy 
with near-perfect pre-earthquake class metrics, while the E2 
offshore normal-fault event yields 82.94% Accuracy with 
reduced Precision (86.11%) and the E3-E4 continental dou-
blet demonstrates 90.21% Accuracy with strong pre-earth-
quake performance (F1 = 0.900).

Cross-validated performance comparison (Table 6) 
establishes RF as the superior algorithm for seismo-iono-
spheric classification, achieving 99.69–100.00% Accuracy 
across diverse tectonic settings (continental strike-slip, 
offshore normal-fault, continental doublet) with minimal 
variance (σ = 0.00–0.38%). While AdaBoost demonstrates 
strong performance (83.47–99.49%), representing the first 
successful application of boosting algorithms to three-class 
seismo-ionospheric classification with geomagnetic filter-
ing, RF’s parallel ensemble strategy provides superior gen-
eralization on limited samples (N = 108 per earthquake). 
This work establishes critical methodological guidance for 
the seismo-ionospheric community: k-fold cross-validation 
must be employed as standard practice for ML-based stud-
ies with limited earthquake samples (N < 200), as proper 
validation protocols including fold-wise normalization and 
k-fold cross-validation are essential to ensure reliable per-
formance assessment on limited geophysical samples.

We emphasize that the present study constitutes a case-
study validation across three carefully selected earthquake 
sequences rather than a comprehensive operational assess-
ment. While the consistent RF superiority across contrasting 
tectonic settings (continental strike-slip, offshore normal-
fault, continental doublet) is encouraging, the limited sam-
ple of three events precludes definitive claims about global 
applicability. The path from proof-of-concept to operational 

phase of the second (E4, 13:24 local time), meaning that 
TEC anomalies observed in the 3-day pre-E3 window 
likely include cumulative stress buildup from both impend-
ing ruptures (Barbot et al. 2023; Melgar et al. 2023). This 
foreshock–mainshock interaction may enhance ionospheric 
precursors through superimposed LAIC effects, as stress 
transfer along the ~ 300 km rupture zone (East Anatolian 
Fault) amplifies electric field generation and radon emana-
tion over a broader area. Consequently, pre-E3 TEC signals 
are not purely representative of a single event but reflect a 
composite anomaly, which explains the high Class-2 Recall 
(98.64%) despite moderate overall Accuracy (90.21%). The 
spatial distribution of station importance (Fig. 10c) further 
supports this, with peak contributions from stations near 
the E3 epicenter (MAR1) and E4 nucleation zone (ANTE), 
indicating dual-source ionospheric excitation. While this 
complicates isolated precursor detection, it demonstrates 
that doublet sequences can produce more detectable iono-
spheric signatures than isolated events of similar magnitude.

Conclusion

This study demonstrates the effectiveness of Adaptive 
Boosting (AdaBoost) ensemble learning for identifying 
pre-seismic ionospheric anomalies using IONOLAB-TEC 
data from Türkiye’s TNPGN-Active GNSS network. Three 
major earthquakes were analyzed: Elazığ (Mw 6.7, 2020), 
İzmir (Mw 7.0, 2020) and the Kahramanmaraş doublet (Mw 
7.8 and 7.5, 2023), using a three-class classification scheme 
distinguishing geomagnetically quiet (Class-0), disturbed 
(Class-1) and pre-earthquake (Class-2) conditions.

Based on cross-validated results, this case-study valida-
tion suggests RF as the preferred algorithm for seismo-ion-
ospheric classification, achieving 99.69–100.00% Accuracy 
with lower variance (σ = 0.00–0.38% vs. AdaBoost’s 0.24–
2.09%) and perfect classification capability for strong 
continental signals. Although AdaBoost offers faster 
training (0.69–0.74 s vs. 1.57–1.79 s per event, approxi-
mately 50–60% faster), making it a viable alternative for 
near-real-time applications, RF’s superior generalization 

Table 6  10-fold stratified cross-validation results (mean ± standard deviation). Statistical significance assessed via paired t-test across 10 folds: 
p < 0.001, ns = not significant. RF achieves statistically significant improvements for E2 and E3-E4, with performance differences for E1 not reach-
ing significance due to near-perfect Accuracy of both methods
Earthquake Model Accuracy (%) Precision (%) Recall (%) F1-score Cohen’s κ p-value

(paired t-test)
E1 (Elazığ) AdaBoost 99.49 ± 0.244 99.50 ± 0.239 99.49 ± 0.244 0.99 ± 0.002 0.992 ± 0.003 0.000111503

Random Forest 100 100 100 1 1 0.000111503
E2 (İzmir) AdaBoost 83.47 ± 2.090 86.40 ± 1.566 83.47 ± 2.089 0.83 ± 0.002 0.992 ± 0.020 1.223E-09

Random Forest 99.78 ± 0.380 99.79 ± 0.372 99.78 ± 0.380 0.83 ± 0.380 0.992 ± 0.003 1.223E-09
E3-E4 (Kahramanmaraş) AdaBoost 88.33 ± 1.534 90.04 ± 1.122 88.33 ± 1.522 0.99 ± 0.002 0.882 ± 0.015 2.471E-09

Random Forest 99.69 ± 0.330 99.69 ± 0.325 99.69 ± 0.331 0.99 ± 0.003 0.995 ± 0.004 2.471E-09
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(forward-looking) evaluation where models trained on his-
torical events are tested on subsequent earthquakes without 
retraining, and (4) integration with complementary precur-
sor parameters (Radon emissions, thermal anomalies, ULF 
magnetic signals) within multi-parameter frameworks.

monitoring requires systematic expansion along several 
axes: (1) multi-event validation incorporating 30–50 earth-
quakes across the full magnitude spectrum, (2) multi-cycle 
testing to assess model stability across different solar cycle 
phases and seasonal ionospheric variability, (3) prospective 

Fig. 11  10-fold stratified cross-validation performance comparison 
between AdaBoost and RF for: (a) E1, (b) E2 and (c) E3-E4. Bar 
heights represent mean values across 10 folds; error bars indicate ± 1 

standard deviation. RF demonstrates consistently higher performance 
with lower variance across all tectonic settings
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compared to continental values) and maritime atmospheric 
conditions. The three-class classification framework suc-
cessfully distinguishes earthquake-related ionospheric 
disturbances from space weather effects, reducing false pos-
itive rates to 9.11% compared to 12–15% reported in binary 
classification approaches. The superior Recall for pre-
earthquake classes (98.64% average for E3-E4) prioritizes 

Performance variations reflect fundamental differences 
in seismo-ionospheric coupling efficiency across tectonic 
settings. Continental strike-slip environments (E1, E3-E4) 
produce strong, spatially coherent ionospheric signatures 
enabling exceptional classification, while offshore normal-
fault events (E2) generate weaker signals degraded by low 
oceanic crust conductivity (approximately 0.01–0.05 S/m 

Statistical Test E1 
Earthquake

E2 Earthquake E3-E4 
Earthquakes

Overall Interpretation

Chi-square test 
(χ²)

χ² = 
3060.5, 
df = 4, 
p < 0.001

χ² = 1866.7, 
df = 4, 
p < 0.001

χ² = 2307.8, 
df = 4, 
p < 0.001

χ² = 7235.0, 
df = 12, 
p < 0.001

Classification sig-
nificantly better than 
chance

McNemar’s test χ² = 1026.0
p < 0.001

χ² = 634.1
p < 0.001

χ² = 694.9
p < 0.001

χ² = 2355.0
p < 0.001

Significant improve-
ment over baseline

Cohen’s kappa 
(κ)
AdaBoost/RF

κ = 0.992/1 κ = 0.744/0.99 κ = 0.853/0.99 κ = 0.863/0.99 Strong (AdaBoost) to 
perfect (RF) agreement

F1-score 
(macro-avg)
AdaBoost/RF

0.994/1 0.832/0.99 0.900/0.99 0.909/0.993 High (AdaBoost) to 
near-perfect (RF) 
quality

Matthews Corre-
lation Coefficient 
(MCC)

0.992 0.757 0.859 0.869 Strong correlation 
predicted-actual

Spearman cor-
relation (ρ) Sta-
tion importance 
vs. epicentral 
distance
AdaBoost/RF

ρ = −0.55, 
p = 0.06/
ρ = −0.37, 
p = 0.22

ρ = −0.31, 
p = 0.31/
ρ = −0.69, 
p = 0.16

ρ = 0.10, 
p = 0.75/
ρ = −0.63, 
p = 0.04

ρ = −0.32, 
p = 0.75/
ρ = −0.56, 
p = 0.22

Weak-to-moderate 
inverse correlation 
(AdaBoost, non-
significant); moderate 
inverse correlation (RF, 
partially significant)

Table 7  Statistical validation 
metrics for the AdaBoost clas-
sification model

 

Fig. 12  Learning curves under 10-fold cross-validation for AdaBoost (orange) and RF (blue) across: (a) E1, (b) E2 and (c) E3-E4. Solid lines 
represent training Accuracy; dashed lines represent validation Accuracy. Shaded regions indicate ± 1 standard deviation across folds
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windows (1-day) risk missing gradually developing pre-
cursors that emerge over multiple days, while longer 
windows (5-day or 7-day) introduce increasing contami-
nation from unrelated ionospheric variability unconnected 
to seismic activity. We emphasize this as an important 
methodological limitation. Future work with expanded 
earthquake catalogs (30–50 events) should systemati-
cally compare window lengths through cross-validation to 
identify optimal detection windows for different tectonic 
settings and magnitude ranges, and explore adaptive win-
dow selection strategies based on earthquake magnitude or 
fault geometry.

The limited dataset size (108 samples per earthquake) 
restricts robust hyperparameter optimization through nested 
cross-validation. While we employ 10-fold CV for perfor-
mance evaluation, formal hyperparameter tuning via nested 
CV (outer 10-fold × inner 5-fold) would require 50 model 
fits per hyperparameter combination, creating substantial 
risk of overfitting to the specific dataset structure. Our hyper-
parameters are based on learning curve convergence (Fig. 
4), literature precedent (Freund and Schapire 1997; Brei-
man et al. 2017) and preliminary sensitivity analysis show-
ing < 2–3% performance variation across reasonable ranges. 
Expansion to 30–50 earthquakes spanning diverse magni-
tudes (Mw 5.0–8.0+), fault types (thrust, normal, oblique-
slip) and solar activity phases would enable exhaustive grid 
search to establish generalizable optimal configurations and 

detection sensitivity appropriate for public safety applica-
tions where minimizing false negatives is paramount.

Several important limitations constrain the generaliz-
ability of these findings and should be addressed in future 
research. The analysis encompasses only three earthquake 
sequences within Türkiye during 2020–2023, correspond-
ing to solar minimum conditions. Validation across diverse 
seismotectonic settings, different fault types, earthquake 
magnitudes ranging from Mw 5.0 to 8.0+, varied crustal 
compositions and different phases of the solar activity 
cycle is essential before global deployment. The 3-day 
pre-earthquake detection window is selected based on lit-
erature precedent showing significant ionospheric anoma-
lies within this timeframe (Liu et al. 2004a, b; Heki et al. 
2024). However, this represents a fixed methodological 
choice that may not be optimal for all earthquake types, 
magnitudes, or tectonic settings. We acknowledge that no 
sensitivity analysis comparing alternative window lengths 
(1-day, 3-day, 5-day) was performed in this study. With 
only three earthquake events (N = 3), such a comparison 
would require reprocessing all raw IONOLAB-TEC data, 
redefining class boundaries and rerunning all classification 
experiments for each window length, a substantial compu-
tational undertaking that falls outside the scope of this ini-
tial case study and one where the small event count would 
render statistical conclusions unreliable. Classification 
performance may be sensitive to this parameter: shorter 

Table 8  Comparison of ML approaches for TEC-based earthquake anomaly detection
Study Method Region No. of 

Earthquakes
Mag-
nitude 
Range

Classes Accuracy 
(%)

Preci-
sion 
(%)

Recall 
(%)

F1-score False 
Positive 
Rate 
(%)

 Akyol et al. (2020) SVM 
(EQ-PD)

Italy Case study M ≥ 5.0 2 (binary) ~ 85 ~ 83 ~ 86 0.84 ~ 15

 Natras et al. 
(2022)

RF/Ada-
Boost/
XGBoost 
Ensemble

Global 
(multi-latitude)

VTEC 
forecasting

N/A Regression RMSE: 
1.09–2.15 
TECU

N/A N/A R²: 
0.95–
0.98

N/A

 Jeong et al. (2024) LSTM & 
ConvLSTM

Korean Peninsula Regional 
TEC forecast

N/A Regression RMSE: 
1.28–5.28 
TECU

N/A N/A R²: 
0.94–
0.95

N/A

 Lin and Chiou 
(2020)

CNN + But-
terworth 
Filter

Global TEC maps Multiple 
events

Various 
Mw

2 (binary) ~ 88 ~ 85 ~ 89 0.87 ~ 12

 Saqib et al. (2023) LSTM Pakistan 
(Awaran)

1 Mw 7.7 Binary High (0.07 
TECU 
loss)

N/A N/A N/A N/A

This study (E1) AdaBoost Türkiye 1 Mw 6.7 3 
(multi-class)

99.48 99.48 99.48 0.99 0.514

This study (E2) AdaBoost Türkiye 1 Mw 7.0 3 
(multi-class)

82.94 86.11 82.94 0.83 17.05

This study (E3-E4) AdaBoost Türkiye 2 Mw 
7.5–7.8

3 
(multi-class)

90.21 91.36 90.21 0.90 9.78

This study 
(Average)

AdaBoost Türkiye 3 events Mw 
6.7–7.8

3 
(multi-class)

90.77 92.31 90.77 0.90 9.11
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classification robustness under known signal conditions 
would complement empirical studies. Integration of addi-
tional geophysical parameters including atmospheric 
electric fields, Radon emanation and thermal radiation in 
multi-parameter ensemble frameworks represents a promis-
ing avenue for improving detection reliability. Systematic 
hyperparameter optimization through nested cross-valida-
tion with expanded datasets, validation of proposed station 
selection metrics across diverse network configurations and 
exploration of temporal dynamics beyond 3-day windows 
through adaptive window selection based on earthquake 
magnitude forecasts constitute important next steps toward 
operational earthquake precursor monitoring systems.
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validate whether the RF > AdaBoost pattern observed here 
holds universally or varies with earthquake characteristics.

Additionally, the clustered structure of the dataset, where 
multiple stations observe shared ionospheric conditions on 
the same calendar day, introduces dependencies that stan-
dard k-fold cross-validation does not fully account for. 
While our stratified 10-fold CV provides reliable compara-
tive assessment between algorithms, absolute performance 
estimates may be optimistic relative to leave-one-day-out 
or leave-one-station-out validation designs that would 
more rigorously test temporal and spatial generalization, 
respectively. Future studies with expanded earthquake cat-
alogs should employ grouped cross-validation strategies to 
obtain more conservative and operationally realistic perfor-
mance estimates.

While Class-1 reference days are selected to capture 
strong geomagnetic storms, residual space weather activity 
during pre-earthquake periods (Kp values of 2–3) introduces 
classification challenges, highlighting that perfect geomag-
netic filtering remains elusive in operational scenarios. 
Additionally, the use of a single reference period for geo-
magnetic disturbances (April 2023) limits the assessment 
of the model’s generalization across weaker or different 
types of space weather events. Similarly, the use of a single 
severe geomagnetic storm as the common disturbed-day 
reference provides a controlled comparison framework but 
does not represent the full spectrum of geomagnetic noise 
conditions. Operational deployment would require training 
on multiple storm types spanning a range of intensities and 
morphologies. Current station selection criteria combine 
proximity, data quality and EPZ considerations but lack 
systematic optimization, with quantitative selection thresh-
olds requiring validation across diverse network geometries 
and earthquake locations. Furthermore, the reduced classi-
fication Precision observed for the İzmir event underscores 
the limitation of the current framework in handling mixed-
source signals; concurrent minor geomagnetic activity can 
contaminate the pre-earthquake window, leading to false 
positives that remain a persistent challenge for operational 
forecasting in offshore tectonic settings.

In conclusion, within the constraints of this prelimi-
nary case-study analysis, AdaBoost ensemble learning is 
established as a promising tool for automated detection 
of pre-seismic ionospheric anomalies in IONOLAB-TEC 
data. Future research directions should include expansion 
of the training corpus to 30–50 earthquakes across global 
tectonic settings with systematic sampling of magnitude, 
depth and fault-type variations. Controlled synthetic experi-
ments varying station network geometry, noise levels and 
earthquake source parameters would isolate algorithm-
specific versus data-driven performance factors. Develop-
ment of physics-based simulation frameworks for testing 
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