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Abstract—Large-Scale Travelling Ionospheric Disturbances (LSTIDs) are wave-like ionospheric fluctua-
tions, generally triggered by geomagnetic storms, which play a critical role in space weather dynamics.
In this work, we present a machine learning model able to forecast the occurrence of LSTIDs over the
European continent up to three hours in advance. The model is based on CatBoost, a gradient boosting
framework. It is trained on a human-validated LSTID catalogue with the various physical drivers, including
ionogram information, geomagnetic, and solar activity indices. There are three forecasting modes
depending on the demanded scenarios with varying relative costs of false positives and false negatives.
It is crucial to make the model predictions explainable, so that the output contribution of each physical
factor input is visualised through the game-theoretic SHapley Additive exPlanation (SHAP) formalism.
The validation procedure consists of a global-level evaluation and interpretation step, firstly, followed
by an event-level validation against independent detection methods, which highlights the model’s predic-
tive robustness and suggests its potential for real-time space weather forecasting. Depending on the oper-
ating mode, we report an improvement ranging from +72% to +93% over the performance of a rule-based
benchmark. Our study concludes with a comprehensive analysis of future research directions and actions to
be taken towards full operability. We discuss probabilistic forecasting approaches from a cost-sensitive
learning perspective, along with performance-centric model monitoring. Finally, through the lens of the
conformal prediction framework, we further comment on the uncertainty quantification for end-user risk
management and mitigation.

Keywords: Large Scale Travelling Ionospheric Disturbances / Ionosphere / Forecasting / Explainable Artificial
Intelligence / Machine Learning

1 Introduction

1.1 Real-time TID monitoring

Travelling Ionospheric Disturbances (TIDs) are one of the
phenomena responsible for the degradation of GNSS positioning
quality, they have an impact on radio communication and
direction-finding radar precision. Thus, in addition to being of
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scientific interest, they have been studied for many decades to
mitigate their impact (Hines, 1960; Chan & Villard, 1962; Davis,
1971; Hunsucker, 1982; Afraimovich et al., 2000). TIDs are usu-
ally the ionospheric signature of atmospheric gravity waves
(AGWs) propagating in the thermosphere. Anyhow, some TIDs
are generated by other phenomena, such as Perkins instability
(Makela & Otsuka, 2012). TIDs are generally classified accord-
ing to their physical characteristics, such as group velocity,
period, azimuth, amplitude, and wavelength (Georges, 1968;
Hunsucker, 1982). The two most studied kinds of TIDs are
medium-scale (MSTIDs) and large-scale (LSTIDs), categorised
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by their spatial scales. Most MSTIDs have horizontal velocities
between 100 and 250 m/s, wavelengths in the order of several
hundred kilometres, and a period of 15-60 minutes. On the other
hand, LSTIDs are defined by a horizontal scale of more than
1000 km, speeds between 400 and 1000 km and periods in the
30-180 min range. LSTIDs are usually produced in the auroral
oval during the enhanced periods of geomagnetic storms, then
propagate equatorward along the field lines. Although the exact
physical generation mechanism of LSTIDs is still not fully
understood, one possible cause may be the AGWs generated
by the thermospheric heating during solar storms. The two pro-
cesses that contribute to the generation of AGWs are Joule and
particle heating (Banks, 1977) and Lorentz forces. According
to Oyama & Watkins (2012), Lorentz forces correlate to the
increased wind velocity, while Joule and particle heatings are
responsible for temperature perturbations. As the auroral electro-
jet is related to both phenomena, indicators of the strength of
such electric current should be representative of LSTID genera-
tion. Borries et al. (2009) demonstrated that there is a correlation
between the Auroral Electrojet Index (AE) (Kamide & Akasofu,
1983) and the LSTID amplitude. Even if most of LSTID events
are related to increased geomagnetic activity and energy injec-
tion at high latitudes and thus propagating toward equatorial
latitudes, there have been observations of both poleward LSTIDs
(Habarulema et al., 2015, 2016; Ngwira et al., 2019) and occur-
rences during quiet times related to secondary gravity waves
generated by deep tropospheric convection (Zhou et al., 2012).
MSTIDs are normally observed during both geomagnetically
disturbed and quiet times, generated mostly by lower atmo-
spheric (meteorological) sources (see, e.g., Azeem et al,
2015). MSTIDs are also triggered by natural and man-made
impulsive events in the lower atmosphere (Hunsucker, 1982),
such as earthquakes (Haralambous et al., 2023), volcanic erup-
tions, tsunamis (Savastano et al., 2017), explosions, or rocket
launches. Recently, the MSTIDs generated following the explo-
sion of the Hunga Tonga-Hunga Ha’apai submarine volcano
have attracted much attention in the scientific community
(Themens et al., 2022; Verhulst et al., 2022). TIDs can be observed
by leveraging different sounding instruments: ionosondes (Bow-
man, 1965; Maeda & Handa, 1980; Verhulst et al., 2022) and
TEC derived from Global Navigation Satellite System (GNSS)
(Saito et al., 1998; Zakharenkova et al., 2016; Guerra et al.,
2024), which are two of the most widely exploited techniques.

A comprehensive nowcasting system for TIDs has been
developed in the frame of the “Warning and Mitigation Tech-
nologies for Travelling Ionospheric Disturbances” (TechTIDE)
project, funded by the European Commission Horizon 2020
Programme. The TechTIDE services monitor MSTIDs and
LSTIDs over Europe in near real-time, implementing a variety
of complementary methodologies based on the real-time pro-
cessing of observations acquired by the ground-based network
of GNSS receivers, digisonde stations, and continuous Doppler
sounding systems with the corresponding drivers from the near-
Earth space and the lower atmosphere (Belehaki et al., 2020).
Two examples of TechTIDE nowcasting methodology for
TID detection based on high-frequency (HF) measurements
are HF-TID and HF Interferometry (HF-INT). The HF-TID
method (Huang et al., 2016; Reinisch et al., 2018) leverages
Digisonde to Digisonde (D2D) measurements. The method
assumes the ionosphere as a moving undulated mirror, which
allows the extraction of TID parameters through the Doppler

frequency- and angular-sounding technique (Paznukhov et al.,
2012). The HF-INT method (Altadill et al., 2020) analyses
the time series of parameters derived from single ionosonde
measurements. Specifically, it searches for periodic features in
the maximum usable frequency (MUF(3000)F2), a parameter
that accounts for peak electron density and height. If the method
successfully detects periodic features, it proceeds with the cross-
correlation of measurements gathered by different ionosondes.
By searching for the time lag of max correlation, it is possible
to derive the propagation velocity of a TID. In terms of
GNSS-based techniques, one of the most widely used tech-
niques to detect LSTID is manually highlighting them in latitu-
dinal keograms (Zakharenkova et al., 2016; Nykiel et al., 2024).
In contrast to HF-based techniques, the process here is not
autonomous but rather requires human interpretation. Keograms
are plots that show the detrended TEC (dTEC) measurements as
a function of time and latitude (Eather et al., 1976; Tsugawa
et al., 2003). dTEC measurements are usually obtained by
applying a detrending technique to the time series of the geom-
etry-free linear combination of phase measurements collected
by GNSS geodetic receivers (Afraimovich et al., 2013; Guerra
et al., 2024). The three introduced techniques will be leveraged
to investigate three specific case events in the validation section.

Besides the scientific interest, TIDs have a disruptive effect
on HF communications, HF-based navigation, and GNSS posi-
tioning systems (Timoté et al., 2020; Poniatowski & Nykiel,
2020). That is why a strong effort was dedicated to developing
near-real-time detection techniques for LSTIDs (Belehaki et al.,
2020). However, TIDs and their excitation sources do not have
a one-to-one correspondence, so the real-time monitoring and
prediction of TIDs based on the physical formation mechanisms
remains high difficult. For this reason, there is a demand to cre-
ate an algorithm that is capable of predicting the occurrence of
LSTIDs and provide alerts to help mitigate their impact on the
scientific and commercial interests.

1.2 From monitoring to forecasting

Statistical analyses and investigations of the source mecha-
nisms of TIDs have been carried out, showing modelling and
prediction capabilities based on a deep learning algorithm for
monitoring MSTIDs (Liu et al., 2022). Yet, an accurate fore-
casting method has not been established. Thus, we turn our
attention to the development of a machine learning (ML) model
that can leverage different input features, representing geomag-
netic and ionospheric conditions. Many different ML models
have been used for space weather forecasting applications
(Camporeale, 2019). To the best of our knowledge, ML fore-
casting models related to ionospheric applications have only
been developed for TEC and scintillation forecasting (e.g.,
Cesaroni et al., 2020; McGranaghan et al., 2018; Iban &
Sentiirk, 2022; Asamoah et al., 2024).

Statistical and ML-based time series forecasting is becoming
an increasingly relevant technique in the context of space
weather. Statistical methods like autoregressive integrated
moving average (ARIMA) can analyse the past ionospheric data
to identify trends and periodicities, providing insights for future
predictions (Filjar, 2021). Long Short-Term Memory (LSTM)
networks handle the sequential nature of time series data, learn-
ing complex patterns over time to forecast LSTID occurrence
and possibly estimating their intensity, capturing long-term
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dependencies and non-linearities present in the data (Liu et al.,
2020). In the vast landscape of time-series analysis, time-series
classification — a task involving training a model from a collec-
tion of time series — has recently obtained a lot of attention.
Many algorithms are designed to perform time series classifica-
tion, among which we mention: distance-based approaches
(such as k-nearest neighbours, support vector machine, and
dynamic time warping), shapelet transforms, dictionary
approaches (like ROCKET or Bag-of-Patterns), interval-based
approaches (such as time-series forest), deep learning, and
model ensembles (such as hierarchical vote collective of trans-
formation-based ensembles).

In this work, we employ a gradient boosting algorithm to
face a multivariate time-series classification problem. This
approach can be highly effective; however, it requires careful
consideration of the specific characteristics that are inherent in
the time series data. This class of algorithms provides significant
advantages, including the ability to handle heterogeneous data
and model complex non-linear relationships. Additionally, they
are robust against partly relevant features, which are common in
time series data. However, boosting models do not inherently
account for the time-ordering and non-stationarity of the data,
unless specific preprocessing (e.g., moving averages, differenc-
ing) is applied. Model validation is another critical issue, about
any ML model applied to time series, since traditional k-fold
cross-validation becomes inappropriate due to the temporal
dependency.

The research described in this paper was conducted in the
context of the EU-funded Travelling Ionospheric Disturbances
Forecasting System (T-FORS) project. T-FORS aims at provid-
ing new models able to interpret a broad range of physical
observations, and issue forecasts and warnings for LSTIDs
several hours before their onset. Within the project, different
prediction approaches are selected for LSTIDs and MSTIDs
in recognition of their different origins and mechanisms of
generation. Regarding LSTIDs, ML models were trained on
existing databases to estimate their probability of occurrence.

The paper is organised as follows: Section 2 describes the
data used and their pre-processing, the model characteristics,
including its various configurations, and the explainability
framework. Section 3 provides a detailed discussion of model
training and validation, both globally and on an event-based
level. Section 4 discusses the feasibility of integrating the model
into an operational framework. Finally, Section 5 presents the
conclusions.

2 Data and methods

The main objective of the model presented in this paper is to
predict the occurrence of LSTIDs over Europe. The model faces
the complexity of the physical processes leading to the genera-
tion and propagation of LSTIDs through the solar wind, the
magnetosphere, and the high-latitude ionosphere. The challenge
is to provide forecasting of LSTIDs occurrences with a proper
time horizon, namely up to three hours ahead. A model that
only has input on the temporal evolution of physical observ-
ables deemed important for the study of the phenomenon, and
not spatial data, can only make predictions in an “average”
sense. This is why we will treat the problem as if everything

were concentrated around a point located at 50° latitude and
9° longitude (which identifies roughly the barycentre of the
European continent), even though an LSTID is not such a loca-
lised phenomenon.

To pursue this scientific objective, we framed the task as a
multivariate  time-series  binary  classification  problem,
involving:

e Multiple time series, ranging from geomagnetic indices
and solar wind and activity data to ionosonde measure-
ments, considered to be the physical drivers of the
LSTIDs and used as input.

e A classification output — whether an LSTID event is start-
ing within the next three hours.

2.1 Physical drivers

Selecting appropriate inputs based on domain knowledge is
a crucial step for the development of a forecasting model. Given
that LSTIDs are primarily produced by Joule and particle heat-
ing following particle precipitation in the auroral regions during
geomagnetic disturbances, inputs related to solar phenomena,
solar wind, magnetospheric characteristics, and geomagnetic
activity are expected to play an important role. Solar phenomena
such as coronal mass ejections and co-rotating interaction
regions are the ultimate source of these disturbances, with their
effects propagating to Earth through the solar wind. Therefore,
solar observations and solar wind and magnetospheric parame-
ters are potentially useful inputs.

Intensive data processing from all domains in the helio-
sphere and the near-Earth space has demonstrated that geomag-
netic storms (CME-CIR/HSS-related events), auroral activity,
polar cusp electrons and protons, and the interhemispheric cir-
culation are phenomena that are most likely to drive the LSTID
activity (Buresova et al., 2019; Jonah et al., 2020).

Various geomagnetic indices — such as Dst, Kp, and AE —
were considered. These indices pertain to geomagnetic activity
in different regions: Kp is a planetary index calculated from
mid-latitude observations (Bartels et al., 1939), Dst relates to
the equatorial ring current considering geomagnetic measure-
ments at low-latitude, and AE to the auroral region (Kauristie
et al.,, 2017). Indices like Dst and Kp, with time resolutions
of 1 and 3 h, respectively, introduce significant delays. The
Kp index has a major problem of being calculated only every
three hours. To mitigate this issue, Hp 60 or Hp 30 (Yamazaki
et al., 2022) or SYM-H (e.g., Li et al., 2011) can be used
instead.

For auroral activity, the AE indices are currently not avail-
able for operational use. SuperMAG indices such as SMR
(Newell & Gjerloev, 2012; Bergin et al., 2020), produced at
one-minute cadence, can resolve spatial and temporal variations
more effectively due to greater station density and temporal
resolution. In the European sector, electrojet activity indicators
(IU, IL, IE) from the International Monitor for Auroral Geomag-
netic Effects (IMAGE) magnetometer network (Tanskanen,
2009) offer high temporal resolution and detailed spatial cover-
age, capturing significant spatio-temporal behaviour during
strong events in the Northern European sector.

Using solar wind observations allows for longer-term fore-
casts compared to using only magnetospheric indices. However,
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Table 1. Physical drivers along with a brief description.

Feature name Description

IE, IU Auroral electrojet indices

HF-INTgy High-frequency interferometry index, identifying activity over the European network of ionosondes
(see Sect. 2.2)

SZA Solar zenith angle, namely the angle between the local zenith and the line of sight from that point to the Sun

F10.7 Solar radio flux at 10.7 cm (2800 MHz)

p, VX, Bz Solar wind and interplanetary magnetic field, measured by ACE and/or DSCOVR spacecrafts at
the Lagrange point L1 and projected to the bow shock nose

SMR Partial ring current index

Newell Coupling function that quantifies the energy transfer from the magnetosphere to the ionosphere

Hp30 Half-hourly geomagnetic index

SEC (Athens, Juliusruh,

Priihonice, Rome, San Vito)
Azimuth (Athens, Juliusruh,
Priihonice, Rome, San Vito)
Velocity (Athens, Juliusruh,
Priihonice, Rome, San Vito)

Spectral energy contribution (%) of the perturbation (one feature per ionosonde)
Azimuth (degrees from true North) of the perturbation (one feature per ionosonde)

Velocity of the perturbation (one feature per ionosonde)

long-term forecasts are less reliable due to uncertainties about
solar wind propagation and its interactions with the magneto-
sphere. The T-FORS project focuses primarily on developing
short-term forecasting models, where magnetospheric features
are the most important external drivers. Nevertheless, solar wind
and solar activity proxies have to be included to account for
their influence on background ionospheric conditions. There-
fore, we employ the standard F10.7 index (Tapping, 2013) for
the background level of solar activity, and we rely on in situ
measurements from L; to take into account the solar wind
conditions.

Given these considerations, the data employed span 9 years,
from 2014 to 2022, covering different phases of the solar cycle.
The features selected stem from the time series describing the
physical drivers described in Table 1.

2.2 HF-INT LSTID catalogue

In a supervised learning setting — where the algorithm learns
to associate inputs with the corresponding output (usually result-
ing from human supervision) and optimises itself to reduce
errors (minimising a loss function) — we leveraged a refined
version of the TechTIDE catalogue generated by the HF-INT
method (Altadill et al., 2020). This LSTID catalogue is based
on the real-time results of the HF-INT method, which takes
MUF(3000)F2 data from 10 European ionosondes and searches
for coherent periodicities among the ionosondes. If there are at
least 3 ionosondes with coherent periods, the method calculates
the period, amplitude, SEC, velocity, and azimuth of LSTID
propagation over those ionosondes with coherent periods, using
spectral and cross-correlation analysis. To evaluate if there is an
LSTID over the whole network, the HF-INTy; activity index is
defined as the product of the activity level over a single
ionosonde multiplied by the area or the number of ionosondes
showing activity.

To refine the HF-INT results and ensure the reliability of the
data to be included as input to the ML models, a validation by
an expert is carried out to produce the HF-INT LSTID catalogue
(Segarra et al., 2024). To generate this catalogue, the expert
looks for the consistency of the azimuth propagation for the

different ionosondes during an LSTID event. The catalogue
provides the averages of the LSTID characteristics: period,
amplitude, SEC, velocity propagation over all ionosondes for
the entire duration of the event; it also includes information
about the onset time, duration, and a quality indicator (accord-
ing to the Data availability) of the event.

We now turn to a discussion of the limitations of this
approach. First, it should be kept in mind that this catalogue
is geographically coarse-grained, to the extent that an event does
not refer to a specific location in the European sector. Since a
TID is a more localised phenomenon by nature, the approxima-
tion of considering an LSTID as an event propagating over the
entire continent induces an inevitable limitation in model
performance, due to the poor spatial resolution of the ionosonde
network. Furthermore, it should be noted that, although this is a
flexible method for LSTID detection, it still has limitations: this
means that there is a degree of subjectivity in the compilation of
the catalogue, introducing elements of non-robustness, espe-
cially in correspondence with not particularly strong events.

As a final point, we observe that a large-scale disturbance
propagating at a speed of between 300 m/s and 800 m/s takes
approximately between 3.6 and 1.3 h, respectively, to travel
from the auroral oval to mid-latitudes, such as those at the centre
of the European continent. This implies that the model can
benefit from appropriately engineered variables to help it learn
patterns occurring on time scales of several hours.

2.3 Data pre-processing

To help the model better represent the phenomenon and to
exploit physical knowledge where possible, feature engineering
techniques were used.

First, time series data often contains fluctuations that can
obscure an underlying trend. Moving averages (MAs) can
smooth out such noise, making it easier for the model to identify
patterns, focusing more on the underlying signal rather than the
noise. Also, when the actual data deviates significantly from the
MA, it can indicate a change in the underlying pattern. Lastly,
MAs for near real-time data are inherently lagging indicators,
since they just reflect past data: this characteristic can help
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Figure 1. CatBoost working principle, which learns subsequent trees to reduce the error made by the previous ones, thus minimizing the loss

function in equation (1).

confirm trends and make more stable predictions by relying on
established patterns rather than reacting to short-term fluctua-
tions. We utilised various time windows (2, 3, 12 h) to enhance
the model’s predictive power by selecting at least one window,
maximising the cross-correlation with the target variable, and
identifying crossings between short- and long-term moving
averages to capture trend changes effectively. The choice of
these time windows is also compatible with the arguments given
in Section 2.2 regarding the typical propagation times of
LSTIDs over the European sector. MAs are evaluated for the
auroral electrojet indices, IE and IU, and the HF-INTgy index,
since for these variables the greatest need for signal stabilisation,
as well as for enhancing the correlation with the target variable,
arose.

Furthermore, we induce a decomposition of the auroral
indices time series signal according to its first derivative — in
other words, we search for ascending, descending, and station-
ary phases of the respective physical quantities. To do so, we
smooth the time series first and then categorise it via a clustering
algorithm. We apply an exponential moving average (EMA) fil-
ter to the input series to effectively smooth out short-term fluc-
tuations and highlight longer-term trends. This constitutes a
causal filter, meaning that each point in the filtered series is
computed using only past and present values. After filtering,
we evaluate log-differences of the smoothed series: these differ-
ences standardise variations and make them more amenable to
the k-means clustering algorithm. The latter then segments the
data into three categories, which should correspond to different
trends in the data: ascending, stationary, or descending phases.

Finally, each time series is brought to the same time resolu-
tion, i.e., half an hour, which is that of the one with the lowest
time resolution. A mean or median aggregation is chosen when
resampling the data, depending on the specific distribution of
values in each series: by default, we use a mean aggregation;
however, in the presence of outliers, we prefer a median aggre-
gation. This standardisation step is useful for stabilising the
signal against noise while also reducing computational and
memory complexity.

2.4 Model, evaluation, and optimisation

The proposed model stems from an efficient, fast, and scal-
able gradient-boosting on decision trees framework, CatBoost,
which uses oblivious (or symmetric) trees as the base learner
(Dorogush et al., 2018). An oblivious tree is limited to a single
symmetrical split, with either side being balanced by the algo-
rithm’s built-in feature importance measurement. This feature,
compared to classic trees, leads to an efficient implementation,

which guarantees the ability to apply fast and stable models with
a natural regularisation property. The model works by training a
series of learners serially using the boosting method and accu-
mulating the outputs of all learners as a result (Fig. 1), thereby
improving the accuracy and applicability of the algorithm. The
loss function used for training is a log-loss function, which for a
N-class problem is defined as

S wilerlog () + (1 — e log (1 - )
L—-H . LW

i=1

p; being the probability estimate relative to class ¢;, and w;
being class weights (more on this in Sect. 3). This is nothing
more than the negative log-likelihood of the classifier, given
the true label.

The benefits of using the CatBoost ML framework imply
that the required data preprocessing is quite minimal. Indeed,
the model natively handles categorical variables, missing
values, and automatic feature scaling. Regarding missing
values, in tree-like models, they can be treated just like other
values, i.e., the model can assign them to a branch of the tree.
Letting the model handle missing values is an effective and
efficient approach, which also keeps the pre-processing pipeline
cleaner and faster. The latter is further kept simple by the frame-
work’s ability to handle categorical variables, avoiding the need
for expensive pre-processing as with other models that insist on
numerical inputs. Finally, another advantage of the framework
comes from the automatic feature scaling, implying that all
features are internally scaled, avoiding extensive data
transformation.

To yield sound estimates of the model generalisation error,
we employ a cross-validation approach during model training,
appropriately tailored for time series, whose samples are not
independent and identically distributed. This approach provides
train/test indices to split data samples in train/test sets; in each
split, test indices are higher than the previous ones and shuffling
of the instances is not applied. In the k-th split, one gets the first
k folds as a train set, and the (k + 1)-th fold as a test set. Hence,
unlike standard cross-validation methods, successive training
sets are supersets of those that come before them.

Model hyperparameters — parameters that influence the
model training process, but are not directly learnt from the data
— are fine-tuned within an efficient optimisation framework,
Optuna (Akiba et al., 2019). The latter allows for sampling
hyperparameters and pruning unpromising trials via a Tree-
structured Parzen Estimator (TPE) algorithm (Watanabe, 2023).
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This sampling algorithm pinpoints an optimal configuration by
means of a Gaussian mixture model to learn model hyperparam-
eters. We will comment on the results in Section 3.

To monitor the optimisation process and quantify the perfor-
mance of the model, several evaluation metrics were used:
precision, recall, F;-score, ROC- and PR-curve, ROC- and
PR-AUC, confusion matrix, and Brier score.

Recall (or sensitivity) defines the fraction of true positive
samples being predicted as positive among the original samples,
namely

def TP
RE ————, (2)
Tp+Fy
where Tp and Fy denote true positives and false negatives,
respectively. Precision is the fraction of true positive samples
among the samples predicted as positive, namely

p Tp

=, 3
TP+FP ()

Fp being false positives. F-score considers both precision and

recall, finding a trade-off between the two in the form of a har-

monic mean, or

def 2 _ 2PR
R'+P' P+R’

F (4)

Furthermore, the Receiver Operating Characteristic (ROC)
curve depicts the performance of the classifier at different deci-
sion thresholds, plotting the True Positive Rate (TPR) against
the False Positive Rate (FPR). The Area Under the ROC-Curve
(ROC-AUC) provides an aggregate measure of performance
across all possible classification thresholds.

Similarly, the Precision-Recall (PR) curve plots the preci-
sion against the recall for different decision thresholds, and
the Area Under the PR-Curve (PR-AUC) provides an aggregate
measure of performance across all possible classification thresh-
olds. Compared to ROC-AUC, PR-AUC is a better measure of
success in prediction when the classes are imbalanced, because
it focuses specifically on the performance with respect to the
minority class.

Out of true/false positive/negative, one can then provide a
succinct overview of the model’s classifications. The confusion
matrix for a binary classifier consists of a 2 x 2 matrix compar-
ing the actual target values with those predicted by the model.
This gives a holistic view of how the classifier is performing
and what kind of errors it is making.

Finally, from a probabilistic prediction perspective, we also
focus on the Brier score, which is a strictly proper score function
that measures the probabilistic accuracy. It is defined by

1 N

Bdéfﬁ ;(Pi_oi)zv (5)

where p; € [0, 1] is the prediction probability of the occur-
rence of the i-th event, and o; is equal to 1 if the event
occurred, O otherwise.

2.5 Interpretation and explanation

An artificial intelligence system that cannot justify how the
results have been generated from the data, i.e., a black-box
model, is difficult to interpret and trust. Therefore, once our

model has been trained, we employ an explanatory framework
to assess the influence of the various features on the model out-
put, both from a global and from a local, event-level
perspective.

A global explanation, i.e., the effect of features on the
overall model, can serve as feature importance and help
select features that actually impact the model performance,
considering not only the effect of individual variables, but also
the synergistic interplay between them. On the other hand, a
local explanation, i.e., the explanation of prediction for an
individual sample, allows one to infer and visualise the pri-
mary features influencing the prediction results in a single
sample as well as the degree of influence of the corresponding
features.

Explainable Artificial Intelligence (XAI) aims to help under-
stand how models make decisions in the prediction process and
provide guidance for feature selection and model optimisation
by improving model transparency. In our case, the SHapley
Additive exPlanation (SHAP) method (Lundberg & Lee,
2017), derived from coalitional game theory, was used to inter-
pret the classification model. This explanatory framework is
based on Shapley values, which assume that each feature is a
player in a game where the prediction is the payout, allowing
us to fairly attribute the payout among features. Fairness in this
case refers to the following conditions:

e All the gains from cooperation are distributed among the
players; none is wasted.

e Players who make equal contributions receive equal
payoffs.

e The game cannot be divided into a set of smaller games
that together achieve greater total gains.

e A player that makes zero marginal contribution to the
gains from cooperation receives zero payoff.

and determine the importance of an individual (i.e., a feature) by
calculating the contribution of that individual to cooperation
(i.e., the model output). According to SHAP, the predicted
values of the model are interpreted as a linear function g of
the variables, namely

g©) =00+ 02 )

Here, z € R" is the n-dimensional features’ vector, ¢, € R
denotes the model baseline value and ¢, € R is the SHAP
value of the feature z; which represents the average marginal
contribution to the model output. The larger the absolute SHAP
value, the greater the influence of the feature on the predicted
value of the model, and its positivity or negativity represents
the direction of influence.

From their properties, it follows that the SHAP values of all
the input features sum up to the difference between the baseline
(expected) model output and the current model output for the
prediction being explained. An effective way to see this is
through a force plot, which starts at the background prior expec-
tation for a probability of LSTID occurrence, E[f(X)], and then
adds features one at a time until the current model output, f{(x), is
reached. We will discuss the application of this local explana-
tion technique in Section 3.3.
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2.6 Operating modes and probabilistic forecasting

In the development phase of the model, we envisage three
operating modes, descending from as many decision thresholds,
i.e., the values dichotomising the output. Indeed, these thresh-
olds are designed to perform a classification when applied to
the probabilistic output of the model. The way to identify these
cuts is to look at the PR-curve, described in Section 2.4. This
allows the end user to choose the output that best reflects their
needs, as described in the cost-sensitive perspective of
Section 4.1.

Based on that, we consider the following modes:

e Balanced, which does not consider the relative cost of
false positives and false negatives, strikes a balance
between precision and sensitivity (recall), i.e., maximising
the F;-score.

e High precision, which aims to achieve a great proportion
of true positives among all the cases that the model iden-
tifies as positive. This model should be preferred when the
cost of false positives (i.e., LSTID is predicted, but it does
not occur) is the most significant.

e High sensitivity, which aims to achieve a great proportion
of true positives among all the actual positive instances.
This model should be preferred when the cost of false
negatives (i.e., no LSTID is predicted, but it occurs) is
the most significant.

Beyond these modes, which return a binary output, the model
can operate in a probabilistic forecasting fashion. Probabilistic
forecasting methods, in general, become relevant whenever
there is a certain level of uncertainty in a system that cannot
be reduced, which is mostly the case when complex systems
are involved. Forecasts based on probabilistic models can
ensure that robust decisions are made during alert management
operations (Krzysztofowicz, 2024).

As we anticipated, classification is a post hoc decision layer
on top of a probabilistic prediction, which outputs a score
between 0 and 1 associated with the event. Once the model is
calibrated, the output score can be interpreted as a conditional
probability estimate P(y|X) for each class (i.e., the probability
of occurrence of an LSTID), and can therefore be provided
directly as a model output — in this way, it becomes possible
for the user to directly choose the action to undertake, based
on the level of risk they wish to accept. A classifier is said to
be calibrated if a prediction of a class with a score p € [0, 1]
is correct (100-p)% of the time. Formally, the classifier
fX—Y is calibrated, if

P(Y=ylP=p)=p, Vpelo1]. (7)
Here ¥ denotes the class prediction for x, to which corresponds
a predicted probability P = f(x), being (x, y) € (X, Y¥) a couple
of random variables from the input and output domains (Filho
et al., 2023).

From this point of view, it becomes obvious that it is essen-
tial that, before performing classification, one should have the
best possible probabilities to work with, especially for cost-
sensitive decisions. Unfortunately, standard estimator routines
do not necessarily provide this, often returning a ranking/score
rather than a probability, and calibration should be performed.

Table 2. Hyperparameters and their values after optimisation.

Hyperparameter Optimised value
Iterations 4,997
Learning rate 0.0344
Depth 5
Minimum training samples in a leaf 44
Weights (neg. class, pos. class) (1, 2.1874)

L” regularisation 4.9454

To improve model calibration, we leveraged Venn-ABERS pre-
dictors — a form of conformal prediction with the ability to out-
put not only better-calibrated probability estimates, but also a
measure of confidence in these estimates (Vovk & Petej,
2012). Venn-ABERS predictors perform two isotonic regres-
sions (using the greatest convex minorant of the cumulative
sum diagram): one for the negative class, leading to scores py,
the other for the positive class, leading to scores p;. These
two form an interval within which the true probability is deemed
to be located. A single-valued probability can be obtained by
combining these results, for example, via

)4
p=—7T-—7—. 8
1+p —p (®)

The p; — po the interval can be interpreted as a confidence range
for the probability estimate p.

Calibration is then assessed by means of the Brier score and
reliability diagrams, which plot the observed frequency of an
event against the forecast probability of an event.

3 Results and discussions

As mentioned in Section 2.4, an optimisation framework
enters the model development loop, acting on some of the mod-
el’s hyperparameters. Those subjects to optimisation:

e The maximum number of trees (iterations) that can be
built — more trees should lead to greater accuracy, but also
to longer training and inference time.

e The learning rate used for reducing the gradient step — a
smaller (or larger) rate signifies that each tree offers a
smaller (or larger) update to the model, resulting in grad-
ual learning (or speeding up the learning process).

e The depth of the trees — the greater the depth, the greater
the complexity.

e The minimum number of training samples in a leaf of a
tree — the model will not search for new splits in leaves
when the sample count less than this value.

e The weight for the positive class, used as a multiplier in
the loss function in equation (1) to penalise mistakes in
positive samples more — a higher class-weight means put-
ting more emphasis on a specific class.

o The strength of the L? regularisation term of the loss func-
tion — it serves as an additional handle to control the bias
of the model towards a specific class.

The values of these hyperparameters upon optimisation are
shown in Table 2.
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Figure 2. Model output (high-precision mode), target variable (derived from catalogue), and time series of some of the physical drivers for
11-15 March 2022.

Optuna sets a very reasonable configuration for the hyperpa-
rameters, choosing around 5,000 weak learners with a relatively
shallow structure to avoid overfitting. Another expedient in this
sense is the selection of a minimum number of instances per leaf
of the order of a few tens. The framework then fine-tunes the
model by playing with a weight that is a little more than double
for the positive class with respect to the negative one, while
attempting to balance false positives by providing a moderate
L? regularisation.

Once the iterative optimisation process for model hyperpa-
rameters is finished, we can visualise its output, relating it to
the physical drivers and target variable that were the subject
of the model’s learning process. An example of what is obtained
is shown in Figure 2, referring to the days from 11 to 15 March
2022, in which we see the output of the model in relation to the
target variable and the time series of some physical drivers. We
notice that the target variable is constructed from the HF-INT
catalogue. Indeed, from the latter it derives the start and end 0 T T ‘ ‘ ‘
time of the LSTID event, but extends it by 3 h before the onset ' '
time, so that the algorithm learns the purpose of the modelling: . . o
estimating the occurrence of an LSTID in the next 3 h. Flgu.rfe 3. PR-curve of the model (blu.e line). .]:')o.ts identify high-

As discussed in Section 2.6, based on the PR-curve (Fig. 3), precision (red), balanced (orange), and high-sensitivity (blue) modes.
we can identify three operational regimes of the model, which
single out:

Precision

Recall

However, before we can make any use of the model, a valida-

o A high-precision mode (red), achieving 80% precision  tion step is imperative. Validation of an ML model is a gover-
without sacrificing too much sensitivity (i.e., predicting  nance procedure to ensure the model produces adequate results
no less than one in three actual events) — this is obtained  for its data, by both quantitative and qualitative goals. This step
with a decision threshold at 0.85. includes testing of the model’s soundness and fit for scientific

e A balanced mode (orange), offering a versatile solution purposes, including identification of potential risks and limita-
that works in a variety of situations, but neither markedly  tions. Also, validating a classification model with imbalanced
precise nor sensitive — this is obtained with a decision  training data requires special attention to ensure that the model’s
threshold at 0.68. performance is correctly evaluated.

e A high-sensitivity mode (blue), achieving 60% recall The validation framework we employed includes a global
without totally compromising the precision of the model  evaluation and interpretation step (Sect. 3.1) based on SHAP
(i.e., at least one in two predicted events occurring) — this ~ values and confusion matrices, then a metrics evaluation
is obtained with a decision threshold at 0.54. phase (Sect. 3.2), based on precision, recall, and F;-score, as
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Figure 4. Confusion matrices for the balanced (a), high-precision (b) and high-sensitivity (c) modes; matrices are normalised by rows.

introduced in Section 2.4. Moreover, the model’s performance
will also be assessed by considering specific case events for
which we can compare the output of the model with indepen-
dent methods for identifying LSTIDs (Sect. 3.3).

3.1 Global validation and interpretation

We performed a preliminary validation of the model, eval-
uating the confusion matrices corresponding to the three operat-
ing modes, as discussed in Sections 2.4 and 2.6. The matrices
reported in Figure 4 are normalised by rows. The balanced
mode (Fig. 4a) correctly identifies 51.3% of the LSTIDs
reported in the HF-INT catalogue, while ensuring a moderate
incidence of false positives, amounting to 4.5% of the non-
LSTID events.

The high-precision mode (Fig. 4b) correctly identifies
36.1% of the reported LSTIDs, while ensuring a low incidence
of false positives, amounting to 1.3% of the non-LSTID events.

Lastly, the high-sensitivity mode (Fig. 4c) correctly identi-
fies 60.0% of the reported LSTIDs, but this comes at the cost
of a more pronounced incidence of false positives, amounting
to 8.6% of the non-LSTID events.

Beyond that, the SHAP formalism, introduced in
Section 2.5, helps us understand the model’s decision-making
process and validate its operation from a physical point of view.

The beeswarm plot in Figure 5 visualises the distribution of
SHAP values of the first 12 most important features. On the hor-
izontal axis, dots represent SHAP values of individual data
instances, providing crucial information about feature influence
on the model output. A wider spread or higher density of dots
indicates more significant variability or a more substantial
impact on the predictions. The colour mapping on the vertical
axis represents low or high values of the respective features,
helping in identifying patterns and trends in the distribution of
feature values across instances. Features are ranked by impor-
tance, allowing one to check that the model is drawing informa-
tion from the physical drivers one would expect to be most
impactful.

To summarise the entire distribution of SHAP values for
each feature, Figure 6 is plotted. This chart lets us evaluate
whether the features considered most relevant by the model
align with physical arguments; indeed, it shows the mean
absolute value of each feature over all instances, which is an
effective way to create a global measure of feature importance.

Among the most impactful variables (on average) on the
model’s decisions, we find the HF-INTgy index, solar zenith
angle, auroral electrojet indices, and solar radio flux. This
confirms that geomagnetic and solar activity comprise the main
drivers of LSTIDs.

The picture returned by the model using XAI methods is
non-trivial, especially given the non-linear nature of the phe-
nomenon and the model itself. As such, the SHAP formalism
proves to be an important tool in debugging ML methods with
sensible domain knowledge — i.e., known physics principles.

3.2 Classification performance

As described in Section 4.1, the way to use and evaluate the
model in a way that best suits the needs of the specific user is
through probabilistic forecasting, which, however, requires,
among other things, a precise quantification of the monetary
impacts of false positives and false negatives. In the absence
of such specific cost estimates, the user can rely on the three
operating modes discussed in Sections 2.6 and 3.1, depending
on whether they are more interested in mitigating:

e Alert fatigue (high-precision mode).

e An overly conservative estimate of the LSTID onset time
(high-sensitivity mode).

e Both of the above (balanced mode).

The cross-validated performance of the three modes in terms of
Precision, equation (2), Recall, equation (3), and F;-score,
equation (4), is reported in Table 3.

The analysis of these metrics shows that:

e In high-precision mode (decision threshold set to 0.85),
the model has a low false-positive rate, but reports slightly
more than one in three alerts, having to be reasonable con-
fidence in its prediction.

e In high-sensitivity mode (decision threshold set to 0.54),
the model correctly identifies 60% of the total alerts
to be actually issued, but one in two alerts is a false
positive.

¢ In balanced mode (decision threshold set to 0.68), the per-
formance of the model is somewhere between the other
modes, identifying a somewhat cost-agnostic model.

Page 9 of 19



V. Ventriglia et al.: J. Space Weather Space Clim. 2025, 15, 25

High
HF-EU
Solar zenith angle
HF-EU - 2h MAv -*
IU - 12h MAv
IU - 3h MAv o
=
F10.7 . g
g
IE - 12h MAv . %
&
HP-30
IU - variation
p (solar wind dens.)
|E - variation
IE - 3h MAv
- T r T - r T T T Low
-15 -10 -05 00 05 1.0 15 20 25
SHAP value (impact on model output)
Figure 5. Beeswarm plot of the first 12 features ranked by importance.
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Figure 6. Feature importance as the average impact on model output.

As a baseline to interpret the goodness of metrics in Table 3, we ~ 0.17, thus a F;-score of 0.29. Precision is quite high since the
can consider a naive, rule-based model: if the HF-INTgy index  catalogue is a human-validated version of the HF-INTgy index;
rises above 1.75, the model predicts the occurrence of an LSTID ~ however, recall is very low (only one in six predicted events
in the next 3 h; no LSTIDs are predicted otherwise. This very  occurs), thus pushing the F-score down. It becomes apparent
simple model achieves a precision of 0.79 and a recall of = how the model trades precision for recall, yielding a F;-score
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Table 3. Precision, recall, and F;-score for the positive class of the
three operating modes.

High-precision Balanced High-sensitivity
Precision 0.80 0.62 0.50
Recall 0.36 0.51 0.60
F,-score 0.50 0.56 0.55

gain ranging from +72% to +93%, depending on the operating
mode.

3.3 Event-level validation and interpretation

Breaking down model outputs into true positive and true
negative, and false positive and false negative, assumes that
the ground truth is known without uncertainty. This is, however,
not the case, since discrepancies between the model prediction
of an LSTID and the unreported occurrence of events, as well
as the unreported occurrence of physical drivers along with a
positive prediction and an actual occurrence of an event, might
occur. In this section, we take an in-depth look at three events
(listed in Table 4), which fall outside the model’s training
period, to investigate the reasons behind any discrepancy
between the model’s prediction and the HF-INT catalogue, or
their possible agreement based on independent LSTID detection
techniques. These events were chosen to analyse different situ-
ations: event 1 was not predicted by all three operating modes;
event 2 was predicted with satisfactory advance under all
modes; event 3 was predicted under all modes, although it
was not annotated as an LSTID in the HF-INT catalogue.
Since the structure of the analysis is identical for the three
events, we will analyse event 1 in the following: the analyses
of events 2 and 3 can be found in the Supplementary Materials.

Event 1

This event took place on December 1, 2021. The model out-
puts are shown in Figure 7, along with the target derived from
the catalogue (the onset time is anticipated by 3 h), and some of
the physical drivers — HF-INTgy, SMR, and IU indices — that
summarise the geomagnetic conditions over the European con-
tinent. We note that the event is detected by the balanced and
high-sensitivity operating modes, yet not by the high-precision
mode. Additionally, we observe that in this case, the model is
not fully capable of providing sufficient early warning in com-
parison to the target.

We can use the SHAP framework to interpret the model’s
decision-making process, as outlined in Section 2.5. At
02:00 UT (Fig. 8a), the model returns a score of 0.24, as it relies
on low values of the 3-hour MAV of the IU index and observes
stationarity in the time series of this driver; it also finds a low
HF-INTgy value. The situation changes at 03:30 UT
(Fig. 8b), the onset time of the ionospheric disturbance accord-
ing to the catalogue, when the model, driven primarily by
HF-INTgy and the solar zenith angle, assigns a score of 0.78
to the occurrence of an LSTID. This value is sufficient to pro-
duce an alert in the balanced and high-sensitivity modes;
however, the confidence is not enough for the high-precision
mode. Half an hour later (Fig. 8c), the model produces a score
of 0.85, which is exactly on the decision threshold of the

high-precision mode. In this case, what holds the model’s con-
fidence is essentially the stationarity of the IU index and the
moderate value of its 3-hour MAV. The agreement during these
hours is good with the HF-INT method (Fig. 9). The dTEC keo-
gram (Fig. 10) shows LSTID signatures in the early morning
hours (04 UT — 07 UT), albeit not very strong. A LSTID activ-
ity has also been detected by the HF-TID method for the
Prahonice—Juliusruh radio link (Fig. 11). A TID with a moder-
ate-to-strong amplitude disturbance above 40% after 1 UT on
1 December has been detected with a two-phase different
propagation direction of the TID (North—West and East), both
calculated with confidence precision and provided with a
smooth transition. Unfortunately, further monitoring of this
event was interrupted at 5 UT due to the occurrence of a nega-
tive ionospheric storm, causing a depression of the Maximum
Useable Frequency (MUF) of the D2D link. MUF depressions
are a well-known problem for HF communications, causing
substandard quality and additional variability of propagation
close to MUF (Kauristie et al., 2021). The iso-density and
iso-height plots (Fig. 12) measured at Ebro Observatory digi-
sonde (EB040) show clear LSTIDs between 01:00 UT and
06:00 UT on 1 December. Athens digisonde (AT138) reports
also LSTID signatures around the same time interval. However,
the LSTID signatures begin to appear one hour later at AT138.
At Dourbes digisonde (DB049), there is a clear LSTID signa-
ture between 00:00 UT and 07:00 UT.

A summary view of all the detections by the different meth-
ods and the model (balanced) prediction is shown in Figure 13.

4 Towards operability

In view of future implementations of the model for real-
time operations in space weather services and its registration
in the e-Science Centre of PITHIA-NRF (Belehaki et al.,
2024), we contextualise its operability within a cost-sensitive
learning framework. We also report on the possibility of operat-
ing in a probabilistic prediction mode, and state-of-the-art per-
formance-centric monitoring strategies for covariate and
concept drift, along with model updating via online learning
strategies.

4.1 Cost-sensitive learning

As described in Section 2.6, the model can operate in three
modes. The choice of a mode should be based on the relative
cost of false positives and false negatives, which depends on
the end-user requirements. In our context, a false positive means
that the algorithm predicts an LSTID within 3 h, but there will
be no real LSTID activity; this implies that the user is alerted
unnecessarily, perhaps resulting in alert fatigue. On the other
hand, a false negative implies a failure to act by the user.

To correctly assess the benefit of using our model or to
select an operation mode, we should evaluate the cost of oper-
ations for an LSTID alert and tie each output to an economic
value. Suppose ae¢ is the monetary cost of operations for an
LSTID alert, while a¢ identifies the cost of a missed alert.
The total cost can be expressed as (Fernandez et al., 2018)

a¢-Fy+ae- (Fp+Tp) > ae-Tp, )
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Table 4. Events considered for extensive validation of the model; tick marks indicate the presence of the event in the catalogue, of physical
drivers supporting the geomagnetic nature of the event, as well as its prediction under the three operating modes.

Event Date HF-INT catalogue Physical drivers High-precision Balanced High-sensitivity
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Figure 7. Time series of the target variable (derived from the catalogue), model outputs and main physical drivers associated with event 1.
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Figure 8. SHAP force plot for (a) 01/12/2021, 02:00 UT; (b) 01/12/2021, 03:30 UT; (c) 01/12/2021, 04:00 UT.

since the cost associated with true positives Ty is zero, and the
total cost may at best tend to the monetary cost of operations
if only true positives occur.

Estimating a¢ and ag is not trivial and should be based on
expert judgement, yet it is fundamental when operating in the
probabilistic forecasting regime described in Section 2.6.
Clearly, these estimates are beyond the scope of this work
and pertain to the individual use cases.

4.2 Model calibration and uncertainty quantification

As we mentioned in Section 2.6, classification is a post hoc
decision layer on top of a probabilistic prediction, thus, it
involves making a definitive decision, which can be applied
incorrectly. From the point of view of cost-sensitive decisions
(see Sect. 4.1), calibrated class probabilities are essential. How-
ever, classifiers do not yield class probabilities in general: at
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T 2 The reliability plot of the uncalibrated model is reported in
0 Figure 14, where the horizontal axis reports the predicted
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Figure 11. TID amplitudes and azimuth direction of propagation
observed by the HF-TID method for event 1.

probability, while the vertical axis shows the observed relative
frequency of an event.

It becomes apparent how the uncalibrated model shows a
significant imbalance from the point of view of the positive
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of the disturbance.

class. For instance, a predicted mean probability of 0.75 corre-
sponds to an actual fraction of positives of only 30% (instead of
75%). In general, the model tends to strongly overestimate the
probability of occurrence of LSTIDs, especially in the range
of estimated probabilities between 0.1 and 0.9 (approximately).
The achieved Brier score is 0.120.

Following the calibration methods discussed in Section 2.6,
we observe how the model becomes substantially more conser-
vative in its probability forecasts, yielding a histogram for the
fraction of positives which suggests the presence of events with
low, medium, and high probability of occurrence (Fig. 15).

The Brier score achieved after Venn-ABERS calibration is
0.078. The calibration is far from perfect, but the model exhibits
a more predictable and safe behaviour.

Finally, Figure 16 shows the evolution over time of the
predicted probabilities of an LSTID occurrence. As an example,
the plot displays an interval of 8 days (9—-17 March 2022). At
the bottom of the plot, a red line shows the width of the predic-
tion interval (grey band).

It is interesting to comment on the spikes of the width of the
prediction interval in light of the operation of Venn predictors.
These are indeed allowed to announce several probability distri-
butions as their prediction: when the upper and lower bounds of
such a multi-probability prediction are not close to each other,
one may be in a situation of Knightean uncertainty — a risk that
cannot be modelled through conventional risk measurement
models — and the multi-probability prediction may be consid-
ered as a useful warning (Vovk et al., 2022).

As a final point, once probabilities have been obtained
following a calibration procedure, in analogy to the concepts
of equation (9), the classifier could then directly minimise the
expected risk (Khan et al., 2017),

R(jlx) =) &uP(klx). (10)
k=1

Here j is the class prediction made by the classifier; £ denotes
the misclassification cost of classifying an instance belonging to
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independent methods (orange) for event 1.
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Figure 14. Reliability diagram of the uncalibrated model. The
histogram shows the distribution of predicted probabilities, indicating
the number of samples for each probability range (0.05 wide); the
dashed line represents perfect reliability, while the dotted line shows
the actual calibration curve, illustrating how predicted probabilities
correspond to true outcomes.

class j into a different one — in other words, it is an estimate
of the costs associated with false positives and false negatives;
P(k|x) is the probability over all possible classes, given an input
instance x. Thus, minimising the function in equation (10)
allows one to obtain a model that fits the specific needs of the
end user, even if these are not constant, but may vary over time:
having estimated the probabilities P(k|x), the expected risk R(j]x)
follows from the cost matrix &.

4.3 Performance-centric monitoring

When an ML model runs in real time, it constantly receives
new data to make predictions upon; however, this data might
have a different probability distribution than the one the model

Calibrated model with Venn-ABERS (Brier score: 0.078)
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Figure 15. Reliability diagram of the model after Venn-ABERS
calibration. Refer to caption in Figure 14 for details.

was trained on. Using the original model with the new data dis-
tribution can eventually cause a drop in model performance. To
avoid this degradation, it is important to monitor changes in
model’s performance.

Models, in general, operate on two kinds of data: features, X
and targets, Y. The data shift in its most generic form can be
described as a change in the joint distribution P(X, Y) of features
and targets, which can be written as

PX,Y)=PX|Y)P(Y)=P(YX)P(X)=P(Y,X). (11)
This joint distribution can vary for four independent reasons
(Moreno-Torres et al., 2012):

e P(X) changes, i.e., the distribution of model inputs
changes — we talk about covariate shift.

e P(Y) changes, i.e., the output distribution changes — we
talk about a label shift.
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Figure 16. Estimated probability of LSTID occurrence for 9-17 May 2022, along with uncertainty quantification.

o P(Y]X) changes, i.e., for specific inputs, the distribution of
the output has changed, meaning that the concept learnt
during training has since then changed in the real world
— we talk about a concept shift.

e P(X|Y) changes, i.e., same target values manifest them-
selves differently in the input distribution — we talk about
a manifestation shift.

Out of the four types of shifts, covariate and concept shifts are
the major concerns for ML models serving predictions in
production.

If the problem is covariate shift, either the decision function
(like changing the threshold to make a positive prediction) or
the downstream processes need to be adjusted. Importantly,
simple retraining is not going to help if the data drifted to a
region where it is harder to make predictions: for example,
the data might concentrate closer to the class boundary for the
binary classifier. As long as there is no significant concept drift,
the retrained model will not learn anything new.

If the problem relates to data quality, it should be resolved
upstream. Indeed, blindly retraining the model might have unde-
sirable consequences, as the model may capture spurious pat-
terns that only exist in bad-quality data, resulting in a less
stable and worse-performing model.

If the problem is a concept shift, we envision two solutions:

e Online learning, meaning that the model stays updated
irrespective of any changes that might occur. If one
observes that the model is regularly drifting, it might be
decided to partially re-train the model as new data enters
the system.

e Fully retrain the model.

Once issues are solved, one can go back to monitoring the
model’s performance.

5 Conclusions

In this work, we have presented an ML model capable of
working on the time series of physical drivers of LSTIDs. This

model, trained on a catalogue compiled by ionosphere scientists,
can predict with a certain reliability the occurrence of this class
of ionospheric disturbances over the European continent within
a 3-hour time horizon. However, other time horizons could be
explored in future work to further expand the model’s applica-
bility. The key aspects of our research are as follows:

e Although the model was trained on a catalogue of LSTID
that does not resolve geographical details and built from a
detection method that has inherent limitations, the perfor-
mance achieved is promising: depending on the operating
mode, we report a maximum precision of 0.80 or a max-
imum recall of 0.60, i.e. a F;-score between 0.50 and
0.56. We are not aware of other models applied to a sim-
ilar problem; hence, our benchmark is a simple rule-based
model derived from HF-INTgy, which reports an Fy-score
of 0.29.

e Individual metrics cannot provide a holistic view of a
model’s potential and limitations, so the validation phase
relied on different analyses and comparisons with other
independent methods. Also, the SHAP explanatory frame-
work allows for analysing the decision-making process to
i) interpret the model, ii) debug it (from the developer’s
point of view), and iii) increase confidence in the end-
user.

e The model remains relevant in different scenarios through
the three operating modes proposed. However, when
accurate estimates of the costs associated with misclassi-
fications are available, the model may operate in proba-
bilistic forecasting mode, directly estimating the
probability of an LSTID occurrence based on the given
inputs. To fully address the potentially high-risk setting
related to the effects of LSTIDs, it becomes paramount
to produce reliable estimates of these probabilities.
Conformal prediction and its methods allow an efficient
calibration of these estimates, which are then ready to
model the complex phenomena for decision making.

The methodology presented in this research offers substantial
implications for space weather forecasting. By enhancing our
ability to predict LSTID events and mitigate their effects, our
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findings can contribute to the advancement of predictive mod-
elling capabilities and crucially, support decision-making pro-
cesses in critical operational contexts.
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