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Magnitude-Dependent Quantum Advantage in Forbush Decrease Detection: A Quantum Kernel SVM Benchmark

D. Sierra-Porta

e Quantum kernel SVMs outperform classical RBF above a
4% FD magnitude threshold.

e Quantum advantage reaches 100% of configurations at
Magn > 5% (AAUC = +0.074).

e FD magnitude is a key predictor of quantum classification
performance in space weather.
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Abstract

Forbush decreases (FDs)—transient reductions in galactic cosmic ray intensity driven by interplanetary coronal mass ejections—
are key observables in space weather monitoring, yet their automated detection from multivariate solar wind and neutron monitor
time series remains a challenging classification problem. Here we report a systematic benchmark of quantum kernel support vec-
tor machines (QKSVM) for FD detection, in which the FD magnitude threshold emerges as the governing factor separating two
distinct classification regimes. Using 2,971 confirmed events from the Forbush Effects and Interplanetary Disturbances (FEID) cat-
alog, combined with hourly OMNI solar wind parameters—including interplanetary magnetic field (IMF) components, solar wind
speed, proton density, proton temperature, and the Kp and Dst geomagnetic indices—and galactic cosmic ray count rates from the
Jungfraujoch neutron monitor station (JUNG, NMDB), we construct a balanced FD versus quiet-time classification dataset and
extract 121 statistical features across eleven physical channels. A ZZFeatureMap quantum kernel with 4-8 qubits is benchmarked
against a classical radial basis function (RBF) SVM across 180 experimental configurations spanning FD magnitude thresholds of
0-7%, circuit depths of 1-3 repetitions, and quantum training sizes of 50-250 samples. We find that below a magnitude threshold of
4%, the classical kernel consistently outperforms the quantum alternative (mean AAUC = —0.100 at min_magn = 0%). Above this
threshold, the relationship inverts: at min_magn > 4% the quantum kernel achieves positive mean AAUC in 72% of configurations,
rising to 100% of configurations at min_magn > 5% (mean AAUC = +0.074, peak AUC = 1.000 with 4-8 qubits), indicating
that the entanglement structure of the ZZFeatureMap captures non-linear correlations between IMF dynamics and cosmic ray
modulation that the RBF kernel cannot represent. The magnitude threshold of 4% thus constitutes a physically interpretable bound-
ary between a noise-dominated regime where classical methods suffice and a signal-rich regime where quantum kernels provide
measurable and statistically significant advantage (p < 0.001, Wilcoxon signed-rank test). These results establish FD magnitude
as a key predictor of quantum classification performance, and suggest that near-term quantum machine learning applications in
heliophysics should preferentially target high-amplitude space weather events.

Keywords: Forbush decrease, quantum kernels, machine learning, classification task, geomagnetic indices
2020 MSC: 81P68, 68T05, 85A35, 62H30, 68Q12

The automated identification of FDs from continuous neu-
tron monitor time series is, however, a non-trivial classification
task. FD amplitudes span nearly two orders of magnitude—
from sub-percent modulations indistinguishable from diurnal
variations to decreases exceeding 20% in major events—and
their onset morphology ranges from abrupt shock-associated
1 drops to gradual, diffusion-driven depressions (Melkumyan
et al., 2023 [2024; Richardson and Cane, 2011} Belov et al.,
2001). Classical threshold-based detection methods (Lock-
wood, |1971; Dumbovi¢ et al.,[2024) and rule-based algorithms

1. Introduction 25

Forbush decreases (FDs) are among the most well- zj
characterized transient phenomena in the heliosphere, mani- N
festing as sudden reductions in the flux of galactic cosmic "
rays (GCRs) observed at ground level by neutron monitor net- "
works (Forbush| [1938)). These events are predominantly asso- \
ciated with the passage of interplanetary coronal mass ejec- \
tions (ICMEs) and their preceding shocks, which modulate N
the GCR flux through enhanced magnetic field turbulence and

the shielding effect of ICME magnetic structures (Cane} [2000; ::
Richardson and Canel [2011)). Because FDs encode information N
about the magnetic topology and dynamical state of interplan- N
etary disturbances, their detection and characterization consti- "
tute a central problem in space weather monitoring and GCR "
transport physics (Belov, 2008)).
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struggle with weak events and with the high background vari-
ability characteristic of solar maximum periods. The principal
difficulty is that weak FDs occupy a regime where the signal-to-
noise ratio in individual station data is insufficient for reliable
automated discrimination, even when multivariate solar wind
context is available. These limitations have motivated a grow-
ing body of work applying supervised machine learning to FD
detection and space weather forecasting more broadly (Campo-
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reale, 2019; |Bobra and Couvidat, 2015; |Ye et al., [2025). Sup- s
port vector machines (SVMs), random forests, and deep neu- s
ral networks have all been applied to classification problems inioo
heliophysics, generally achieving strong performance on well-1o1
defined event catalogs. 102
Despite this progress, the fundamental question of whetherros
quantum machine learning (QML) methods can offer any ad-1os
vantage over classical approaches for space weather classifica-os
tion problems has not been addressed. Quantum kernel meth-1os
ods, in particular, have attracted considerable theoretical andror
experimental interest as a potential route to quantum advantageros
in supervised learning (Schuld and Killoran, 2019 Havlicekios
et al., |2019). In this framework, classical data vectors x are
encoded into quantum states |#(X)) via a parameterized quan-110
tum circuit—the feature map—using angle encoding, in which
each feature component x; is mapped to a rotation angle withinie
the circuit gates, so that the full feature vector is embedded intors
the amplitudes of a multi-qubit quantum state—and the inners
product [{d(x)|p(x'))|> defines a kernel function that replacestis
the classical RBF or polynomial kernels in a standard SVMi1s
(Liu et al, [2021)). The expressibility of such kernels grows ex-117
ponentially with the number of qubits, raising the possibility+s
that quantum feature maps can capture correlations in physicalrs
data that are inaccessible to polynomial-time classical kernelsizo
(Schuld, 2021} Huang et al.,[2021). However, empirical demon-1z1
strations of genuine quantum advantage on real-world datasetsiz
remain scarce and contested (Kiibler et al., 2021; Thanasilpjes
et al.,2024)), underscoring the need for careful, domain-specificizs
benchmarks. A self-contained introduction to the quantumias
computing concepts underlying this framework is provided inizs

Appendix 127

128

1.1. Related Work 129

130

1.1.1. Machine Learning for Space Weather and Forbush De- ,,
crease Detection 122
The application of supervised machine learning to spaceiss
weather problems has grown substantially over the past decade,ss
driven by the increasing availability of multi-instrument obser-1ss
vational datasets and the computational maturity of modern ML ss
frameworks (Camporeale, 2019). Within solar physics, SVMss7
and random forests have been applied to solar flare predictioniss
from photospheric magnetograms (Bobra and Couvidat} 2015)),1se
while deep learning architectures have been employed for so0-140
lar wind forecasting (Upendran et al., 2020) and geomagneticia
storm classification (Ye et al., [2025). A comprehensive review:s
of these developments is provided by [Camporeale] (2019), who1ss
identifies classification under class imbalance and the physical
interpretability of learned features as the two central open chal-14
lenges in the field. 145
Despite this progress, the automated detection of Forbushias
decreases has received comparatively limited attention fromus;
the machine learning community. Traditional FD identifica-1ss
tion relies on visual inspection of neutron monitor time seriesis
or on threshold-based algorithms applied to the global surveyiso
method output (Melkumyan et al.| 2024, |2023)), both of whichis:
are labor-intensive and prone to inconsistency for weak events.is2

2

Okike| (2020) proposed a Fourier-based preprocessing pipeline
to disentangle FD signals from diurnal cosmic ray anisotropies
prior to automated detection, highlighting the signal complex-
ity that complicates direct ML approaches. While prior work
by the present author has explored complexity-based and graph-
theoretic descriptors for FD characterization (Sierra-Porta et al.,
2024; Perez-Navarro and Sierra-Porta, 2024]), the application
of kernel-based supervised classifiers to the binary FD versus
quiet-time detection problem using multivariate solar wind and
neutron monitor features remains, to our knowledge, largely un-
explored. The present study aims to fill this gap with a system-
atic experimental benchmark.

1.1.2. Quantum Kernel Methods:
Benchmarks

A self-contained introduction to the quantum computing con-
cepts used throughout this paper is provided in Appendix
which readers may find useful as background for the
material presented in this and subsequent sections.

Quantum kernel methods were placed on a rigorous theoret-
ical footing by [Schuld and Killoran|(2019) and [Havlicek et al.
(2019), who demonstrated that quantum feature maps can de-
fine kernel functions whose evaluation is classically intractable
for sufficiently expressive circuits. The ZZFeatureMap cir-
cuit used in the present work was introduced in Havlicek et al.
(2019) as a concrete instantiation of this framework, and subse-
quently shown by [Liu et al.| (2021) to satisfy conditions suf-
ficient for a provable quantum speedup over classical kernel
methods on specific problem classes (see Section [3] for the ex-
plicit circuit definition and encoding scheme). The broader the-
oretical landscape of quantum machine learning is reviewed in
Biamonte et al.|(2017) and|Cerezo et al. (2022)).

Empirical demonstrations of quantum kernel advantage on
real-world datasets have, however, proven elusive. Huang et al.
(2021) established that the relative performance of quantum
and classical kernels is governed by the geometry of the data
distribution in feature space, implying that quantum advantage
is dataset-dependent rather than universal. Systematic bench-
marking studies—including |Alvarez-Estevez (2025)), who eval-
uated quantum kernel training across a range of standard clas-
sification datasets—consistently report mixed results: quantum
kernels outperform classical counterparts on some tasks while
underperforming on others, with the outcome depending sensi-
tively on the choice of feature map and hyperparameter config-
uration. These findings underscore the importance of domain-
specific benchmarks, which motivates the systematic experi-
mental design of the present study.

Theory and Empirical

1.1.3. Quantum Machine Learning for Earth and Atmospheric
Sciences

The application of QML methods to geophysical and Earth
observation problems is an emerging research direction. In the
domain of remote sensing, quantum kernel SVMs have been ap-
plied to satellite image classification (Miroszewski et al.,|[2023))
and hyperspectral image analysis (Otgonbaatar and Datcul,
2022)), with results suggesting that quantum kernels can match
or marginally exceed classical SVM performance on spectrally
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complex datasets with limited training samples. Jaderberg et al s
(2024) demonstrated that parameterized quantum circuits cano
be trained to reproduce global atmospheric stream function dy-zos
namics, providing an early proof of concept for quantum ML inzos
weather modeling. To the best of our knowledge, no prior workaio
has applied quantum kernel methods to space weather data orar
to cosmic ray time series, and no study has investigated the de-2:2
pendence of quantum kernel performance on the physical am-21s
plitude of the geophysical events being classified. Addressingas
both of these gaps is the primary contribution of the presentss
paper. 216

1.2. Aims and Scope 217

In this work we present a systematic benchmark of quan-,,,
tum kernel SVMs for FD detection using a dataset con-,
structed from the Forbush Effects and Interplanetary Distur-,,
bances (FEID) catalog (Belov et al.| 2021} |Okoye et al., [2024;,,,
Jerry-Okafor et al., 2024)), hourly OMNI solar wind data (King,,,
and Papitashvili, [2005), and cosmic ray count rates from the,,,
Jungfraujoch neutron monitor (JUNG) of the Neutron Monitor,,,
Database (NMDB) (Mavromichalaki et al.,|2011). Our central,,
finding is that quantum kernel performance is strongly regime-
dependent, governed by the magnitude of the FD events in-,,,
cluded in the classification problem: the classical RBF-SVM,,,
dominates in the noise-limited low-amplitude regime, while,,
the quantum kernel achieves consistent and statistically sig-,,
nificant advantage above a physically interpretable magnitude,,,
threshold. The entanglement structure of the ZZFeatureMap,,,
circuit (Havlicek et al.| 2019) appears to capture non-linear,,,
IMF-GCR correlations that are inaccessible to the Euclidean-,,,
distance-based RBF kernel, but only when those correlations,,,
are sufficiently strong and structured to constitute a genuine,y
learning signal. Detailed results and their physical interpreta-,,,
tion are provided in Sections 4] and [5] -

The remainder of this paper is organized as follows. Sec-
tion [2| describes the datasets and preprocessing pipeline. Sec-,
tion E] introduces the quantum kernel framework, the feature
extraction procedure, and the experimental design. Results are®*
presented in Section[d] including the magnitude-dependent per-*'
formance analysis, learning curves, and circuit architecture sen->*
sitivity. Section [5] discusses the physical interpretation of the**
magnitude threshold and the implications for near-term quan->*
tum machine learning in heliophysics. Conclusions are drawn®*
in Section [6] A self-contained primer on quantum computing®*®

concepts is provided in Appendix 247

248
249

2. Data 250

2.1. Forbush Decrease Catalog Z:

Confirmed FD events were drawn from the Forbush Effectsass
and Interplanetary Disturbances (FEID) catalog, maintained byass
the Pushkov Institute of Terrestrial Magnetism, lonosphere andess
Radio Wave Propagation (IZMIRAN) and publicly accessiblezss
athttps://tools.izmiran.ru/w/feid (Belov et al.,[2021;2s7
Okoye et al., 2024} Jerry-Okafor et al.,2024). The catalog pro-zss

vides onset timestamps, FD magnitude estimates derived fromass

3

global neutron monitor network data using the global survey
method (GSM), and a suite of associated solar wind and geo-
magnetic parameters for each event. The version used in this
study spans the period from 1995 January 1 to 2020 April 30,
comprising 2,981 catalogued events. The primary classification
target is the FD magnitude parameter Magn, defined as the max-
imal range of cosmic ray density variations for particles with
10 GV rigidity as derived from the GSM analysis of the neu-
tron monitor network (Belovl 2008). Events were filtered by
Magn threshold in the range 0-7% to define distinct experimen-
tal subsets, as described in Section |3.4

2.2. OMNI Solar Wind Data

Hourly-resolution solar wind and geomagnetic index data
were obtained from the OMNI database, compiled and dis-
tributed by the NASA Space Physics Data Facility (SPDF)
and accessible via the OMNIWeb interface at https://
omniweb.gsfc.nasa.gov/form/dx1.html (King and Pap-
itashvili, [2005). The OMNI dataset covers the period from
1995 January 1 to 2021 December 31, comprising 236,688
hourly records. Ten parameters were selected as input fea-
tures for the classification pipeline: the interplanetary magnetic
field (IMF) total field strength (Scalar B), the GSE compo-
nents of the IMF vector (Bx, By, Bz), solar wind proton tem-
perature (SW Temperature), solar wind proton density, solar
wind plasma speed, the Kp geomagnetic activity index, the Dst
ring current index, and the F10.7 solar radio flux index used as
a proxy for solar activity level. The proton temperature is a par-
ticularly informative discriminator for ICME identification, as
ejecta material is systematically cooler than the ambient solar
wind at equivalent speeds (Richardson and Cane} [2010)). Miss-
ing values in the OMNI record, encoded as fill values following
the OMNI data format convention, were replaced by NaN prior
to any further processing.

2.3. Neutron Monitor Data

Cosmic ray count rates were obtained from the Neu-
tron Monitor Database (NMDB), accessible at https://www.
nmdb . eu/nest/| (Mavromichalaki et al.| 2011). Specifically,
one-hour validated count rates from the Jungfraujoch sta-
tion (JUNG, geographic coordinates: 46.55°N, 7.98°E; alti-
tude: 3,475 m a.s.l.; vertical cutoff rigidity: ~4.49 GV) were
used, with pressure and efficiency corrections applied as pro-
vided by NMDB (1HCOR_E_JUNG). The JUNG record spans
1995 January 1 to 2021 December 31, comprising 235,277
hourly records. Jungfraujoch was selected on the basis of its
long and continuous operational history, its intermediate cut-
off rigidity—making it sensitive to the moderate-energy GCR
population most strongly modulated during FDs—and its es-
tablished use in previous FD studies (Melkumyan et al.| 2024,
2023). Count rate values equal to or below zero, indicative of
instrumental dropout or data transmission errors, were flagged
and treated as missing. Outlier rejection was applied using a
50 threshold relative to the station median, removing sporadic
high-count excursions associated with solar energetic particle
events or detector glitches.


https://tools.izmiran.ru/w/feid
https://omniweb.gsfc.nasa.gov/form/dx1.html
https://omniweb.gsfc.nasa.gov/form/dx1.html
https://omniweb.gsfc.nasa.gov/form/dx1.html
https://www.nmdb.eu/nest/
https://www.nmdb.eu/nest/
https://www.nmdb.eu/nest/
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2.4. Dataset Construction 313

The effective temporal coverage of the dataset is determineds14
by the intersection of the three sources: 1995 January 1 to 2020
April 30. For each FD onset timestamp in the catalog, a mul—
tivariate time series window of 73 hourly steps was extracted,
spanning 24 hours before the onset to 48 hours after it. The™*
asymmetric design of this window reflects the physical struc-319
ture of ICME-driven FDs: the 24-hour pre-onset segment 1s *
sufficient to characterise the ambient solar wind state and cap— !
ture the arrival of the preceding interplanetary shock, while the”™
48-hour post-onset segment covers the full suppression phase323
and the early recovery, which typically unfolds over one to two
days for moderate events (Cane, [2000). A symmetric window™
of equal pre- and post-onset duration would either truncate the™
recovery phase or introduce excessive quiet-time data prior to327
the shock arrival, in both cases degrading the d1scr1m1nab1hty
of the FD signature.

Gap-filling was applied to each extracted window in three se- 2
quential steps: (1) linear interpolation across internal NaN seg-
ments of up to 6 consecutive hours; (2) forward-fill for leadmg
missing values at the start of the window; and (3) backward- ﬁll
for trailing missing values at the end of the window. Steps (2)
and (3) were applied only after step (1) to avoid propagatmg
boundary values into the interior of the window. No imputa-
tion was performed for gaps longer than 6 consecutive hours in
the interior; windows containing more than 20% missing valuesss?
across all channels after step (1) were discarded entirely. Afterss
this procedure, and applying the Magn > 0% filter, 2,971 validsse
FD windows were retained, representing a loss of less than 1%3s0
of the catalog due to data gaps. a1

To construct a balanced binary classification dataset, an equal
number of negative examples (non-FD, label = 0) were gen-
erated by randomly sampling quiet-time windows from the
OMNI and JUNG records. A candidate quiet-time window was®*®
accepted only if its centre timestamp was separated by more®*
than 72 hours from any catalogued FD onset, ensuring that neg-**
ative examples were free of FD contamination. The same gap-**
filling and quality criteria applied to positive examples were®"
enforced for negative examples. The resulting dataset com-**
prises 5,942 labelled windows (2,971 FD and 2,971 non-FD),**
each represented as a matrix of shape 73 x 11, where the eleven®”
channels correspond to the ten OMNI parameters and the JUNG*'
cosmic ray count rate. Table [T summarises the dataset compo-
sition. %2

336

342

353

354
3. Methods

355

356

3.1. Feature Extraction -

Each labelled window of shape 73 X 11 was transformed into3#
a fixed-length feature vector prior to classification. For each®®
of the eleven input channels, two sets of descriptors were com-%°
puted. The first set comprises eight global statistical features:3
mean, standard deviation, minimum, maximum, peak-to-peak?62
range, skewness, excess kurtosis, and linear trend slope esti-
mated by ordinary least squares. The second set comprises

three onset-relative features designed to capture the character-
istic morphology of FD events: the channel value at the onset
hour, the maximum drop from onset to the post-onset minimum,
and the normalized time elapsed from onset to the post-onset
minimum. This yields 11 x (8 + 3) = 121 features per win-
dow. Windows containing residual NaN values after the gap-
filling procedure described in Section [2.4}—arising from con-
stant or near-constant segments where higher-order moments
are numerically ill-defined—were imputed using the column
mean computed over the training partition only, to prevent data
leakage.

Feature selection was then applied to reduce the dimension-
ality to a number compatible with near-term quantum hard-
ware simulation. The k features with the highest mutual in-
formation (MI) with the binary label were retained (Cover and
Thomas, [2006)), where k equals the number of qubits in the
quantum circuit (Section [3.3). MlI-based selection was pre-
ferred over variance-based or correlation-based alternatives be-
cause it captures non-linear statistical dependencies between
features and the target, making it consistent with the non-linear
kernel approach used downstream. Selection was performed
exclusively on the training partition at each experimental run to
prevent data leakage.

3.2.

The classical baseline is a support vector machine (SVM)
with a radial basis function (RBF) kernel (Cortes and Vap-
nik| [1995)), implemented via scikit-learn (Pedregosa et al.|
2011). Given two feature vectors x,x’ € R¥, the RBF kernel is
defined as

Classical Baseline: RBF-SVM

Krar(x,X') = exp(=ylx - xII’), (1)

where v is set by the scale heuristic (y = 1/(k - o-i), with (Ti
the variance of the training data). The regularisation parameter
was fixed at C = 1.0 throughout all experiments. Two vari-
ants of the RBF-SVM are reported: RBF-SVM (full), trained
on the complete training partition comprising 4,456 samples,
and RBF-SVM (sub), trained on the same stratified subsample
of size n, used to train the quantum kernel. The latter provides
a fair comparison against the quantum model, controlling for
the effect of training set size and isolating the contribution of
the kernel function itself.

3.3. Quantum Kernel SVM

3.3.1. Background
Quantum kernel methods extend the classical kernel frame-
work to the quantum domain by exploiting the exponentially
large Hilbert space of a k-qubit system as a feature space (Bia-
monte et al.,[2017;/Schuld and Killoran, 2019)). The central idea
is to encode classical data vectors x € R¥ into quantum states
via a parameterized unitary circuit Uy(x), the quantum feature
map, which prepares the state |¢p(x)) = U¢(x)|0>®k. The quan-
tum kernel is then defined as the fidelity between two encoded
states,
= |0 U ) 0

Ko(x,x) = [(p®lpx))[ 2)
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Table 1: Summary of the classification dataset. Note that the missing value fraction (~9.5%) refers to the proportion of individual hourly entries that contained NaN
values across all windows and channels before gap-filling, and is distinct from the window discard rate (<1%), which reflects the fraction of FD windows excluded

due to excessive gaps after interpolation.

Property Value
Temporal coverage 1995 Jan 1 — 2020 Apr 30
Total labelled windows 5,942
FD windows (label = 1) 2,971
Non-FD windows (label = 0) 2,971
Window length 73 hours
Pre-onset window 24 hours
Post-onset window 48 hours
Number of input channels 11
OMNI channels 10
NMDB channels 1 JUNG)

Missing value fraction (pre-imputation)
Window discard rate (post-imputation)

~9.5% of hourly entries
<1% of catalog

which can be estimated as the probability of measuring the all-s7
zeros bitstring after applying the combined circuit U:;(x) U 4(X )20
(Havlicek et all |2019). Because Ky is a valid positive semi-ase
definite kernel, it can be used as a drop-in replacement foraeo
the RBF kernel in a standard SVM, inheriting all convergenceso
and generalization guarantees of the classical SVM frameworkao
(Rebentrost et al.l 2014} [Liu et al., 2021). The expressibilityaos
of Ky grows with the circuit depth and the number of qubits,sos
raising the possibility of representing kernel functions that are
classically intractable (Huang et al.,|2021).

3.3.2. ZZFeatureMap Circuit 405

The quantum feature map Ug(x) is instantiated as thease
ZZFeatureMap (Havlicek et al., [2019)), a two-local circuit that.,
alternates layers of single-qubit Hadamard and R, rotation gates.gs
with layers of entangling ZZ-interaction gates. For a single rep-s

etition, the circuit implements 410
411

Up(x) = exp[i Z @ i1(x) ZjZl] exp(i Z ijj] HE  (3)"

j<l j 413

414
where ¢ ;(x) = (7 — x;)( — x;) encodes pairwise feature corre-as
lations via entangling two-qubit rotations, and H®* denotes thea:s
tensor product of Hadamard gates acting on all k qubits. Thisa?
constitutes a form of angle encoding: each selected feature x s
after rescaling to [—m, ], is mapped directly to a rotation angleas
in both the single-qubit R, layer and the two-qubit ZZ entan-s
gling layer. The key distinction from classical kernel methodssz:
is that the entangling layer encodes products of feature valuesaz.
¢j(x) = (m — x;)(m — x;) into two-qubit interactions, introduc-szs
ing cross-feature correlations that are absent from any kernelss
that acts on features independently. The circuit is repeated forses
r € {1,2,3} layers (the reps parameter) to control the express-4zs
ibility of the feature map, with linear entanglement topology toszz
limit circuit depth. Prior to encoding, all selected features wereazs
rescaled to the interval [, 7] using a min-max scaler fitted onazs
the training partition, ensuring that the rotation angles in Equa-sx
tion (3) span the full periodicity of the quantum gates (Schuld, s
2021)). 432

5

Figure [I] shows the explicit gate-level diagram of the
ZZFeatureMap for k = 4 qubits and reps = 1, as implemented
in Qiskit 1.4. Each data point x € R* is encoded in a single
pass through the Hadamard layer, the single-qubit P-gate layer
(equivalent to R, up to global phase), and the two-qubit entan-
gling Cp-gate layer. The fidelity kernel is evaluated by append-
ing the conjugate circuit U;(x’) and measuring the probability
of the all-zeros outcome.

3.3.3. Kernel Matrix Computation and SVM Training

For a training set of n, samples, the quantum kernel matrix
Kiin € R"*% is computed by evaluating Equation for all
ny(ny + 1)/2 unique pairs, exploiting the symmetry of the ker-
nel. The full training partition of 4,456 samples is not used
directly for quantum kernel training because the resulting Ky»in
would require 4,456 x 4,457/2 ~ 9.9 x 109 statevector simu-
lations per configuration — computationally prohibitive under
local simulation on the hardware used. Instead, stratified sub-
samples of size n, € {50,100, 150,200,250} are drawn from
the training partition, reducing the number of kernel evalua-
tions to at most 250 x 251/2 = 31,375 for the training ma-
trix. The test kernel matrix Ky € R™*" is computed anal-
ogously, with ney = 1,486 in all experiments. To avoid out-
of-memory failures under local simulation, the test matrix was
computed in sequential batches of 50 rows. All kernel eval-
uations were performed using exact statevector simulation via
Qiskit’s ComputeUncompute fidelity protocol (Qiskit contrib-
utors, 2024), which provides shot-noise-free estimates of K.
Qiskit version 1.4 was used throughout, rather than the more re-
cent version 2.x, because the ComputeUncompute fidelity esti-
mator and the Sampler V1 primitive required for its evaluation
are fully supported in version 1.4 and have undergone interface-
breaking changes in version 2.x that introduce incompatibili-
ties with the FidelityQuantumKernel class used here. The
SVM classifier uses Ky as a precomputed kernel matrix with
C = 1.0, implemented via scikit-learn (Pedregosa et al.|
2011)).
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Figure 1: Gate-level diagram of the ZZFeatureMap circuit for k = 4 qubits and reps = 1. The circuit begins with a layer of Hadamard gates (H) that place all
qubits in equal superposition, followed by single-qubit phase gates (P) that encode each feature x; as a rotation angle, and two-qubit controlled-phase gates (Cp) that

encode pairwise products ¢ ;(x) =

(m = xj)(7 — x;) via ZZ interactions with linear entanglement topology. To evaluate the quantum kernel K (x,x’), the conjugate

circuit U;(x’) is appended and the probability of measuring the all-zeros bitstring is recorded.

3.4. Experimental Design ant

A systematic grid of 270 experimental configurations was*?

evaluated, varying four independent parameters: 473
474

¢ FD magnitude threshold (min_magn): {0,3,4,5,6,7}%,4:s
controlling which FD events enter the dataset and defining,,
the signal-to-noise regime of the classification problem.

e Number of qubits (k): {4, 6, 8}, simultaneously setting the 8
number of MI-selected features and the dimension of the

480
quantum feature space.

481

e Circuit depth (reps): {1,2,3}, controlling the express-+2
ibility of the ZZFeatureMap. 483
484

¢ Quantum training size (n,): {50, 100, 150, 200, 250}, the g,
number of stratified samples used to train both the quan-,g
tum kernel and the RBF-SVM (sub) baseline. 87

For each configuration, the full dataset was split into train-"
ing (75%) and test (25%) partitions using stratified sampling o
preserve class balance, yielding a fixed test set of 1,486 sam-490
ples. A stratified subsample of size n, was drawn from the !
training partition to train both the quantum kernel and the RBE-**
SVM (sub). Stratified sampling was used for the subsample—
rather than simple random sampling—to guarantee that both494
classes remain equally represented at all values of n,, Wthh
is essential for obtaining unbiased AUC estimates when n, 1s 6
small relative to the full training partition. Without stratifi-"
cation, random subsamples at n, = 50 would have a non- e
negligible probability of class imbalance severe enough to dlS- .
tort the comparison. The RBF-SVM (full) was trained on the™”
complete training partition. All three models were evaluated on™
the same held-out test set, ensuring that performance compar—502
isons are not confounded by differences in the evaluation data.””
A fixed random seed of 42 was used for all train—test splits, sub-504
sample draws, and SVM solvers throughout the study, ensunng
full reproducibility of all reported results.

507
The primary comparison metric is

508

“
509
where AUC denotes the area under the receiver operating char-

acteristic (ROC) curve (Fawcett, 2006). A positive AAUC in-s10
dicates that the quantum kernel outperforms its classical coun-s
terpart under identical data conditions. Secondary metrics in-si

AAUC = AUCqsvm — AUCRBF-subs

6

clude classification accuracy and the confusion matrix. Five-
fold cross-validation on the full dataset was additionally per-
formed for the RBF-SVM (full) to provide a bias-corrected es-
timate of classical performance.

Statistical significance of AAUC within each magnitude
threshold group was assessed using the Wilcoxon signed-rank
test (Wilcoxon, [1945), a non-parametric test that evaluates
whether the median of a paired difference—here, AUCqsym —
AUCRpEsup across all configurations within a group—differs
significantly from zero. The one-sided variant (alternative:
AAUC > 0) was used to test the directional hypothesis that
quantum kernels outperform the classical baseline. To assess
whether the distribution of AAUC differs significantly across
the six magnitude threshold groups, the Kruskal-Wallis test
(Kruskal and Wallis| |1952) was applied — a non-parametric
one-way analysis of variance that tests for stochastic dominance
among g > 2 independent groups without assuming normality.
Effect sizes are reported as rank-biserial correlation coefficients
r alongside each Wilcoxon test statistic, and bootstrap 95% con-
fidence intervals (9,999 resamples, seed = 42) are reported for
all mean AAUC estimates.

Individual experiment durations ranged from approximately
0.5 minutes (high-magnitude thresholds with small datasets and

¢ = 50) to approximately 51 minutes (min_magn = 0%, k = 8
qubits, reps = 3, n, = 250), with a median of approximately
2.4 minutes per configuration. The complete benchmark of 270
configurations required approximately 2-3 days of wall-clock
time on an Intel Core 17-8565U workstation (4 physical cores,
16 GiB RAM, Ubuntu 26.04 LTS) running 4 parallel processes,
reflecting both the O(nfl) scaling of the quantum kernel matrix
and the thermal throttling inherent to sustained parallel load on
mobile hardware. By contrast, the classical RBF-SVM required
less than 2 seconds per configuration on the same machine.

All experiments were implemented in Python 3.13 using
Qiskit 1.4 (Qiskit contributors| [2024) and scikit-learn 1.6 (Pe-
dregosa et al.,|2011), and executed using GNU Parallel (Tangel,
2011) to distribute the 270 configurations across four concur-
rent processes.

4. Results

4.1. Dataset and Experimental Summary

The final classification dataset constructed following the pro-
cedure described in Section [2.4] comprises 5,942 labelled win-
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dows (2,971 FD and 2,971 non-FD), with a training partition ofss
4,456 samples and a held-out test set of 1,486 samples for thesss
unfiltered case (min_magn = 0%). As the magnitude thresholdss,
is raised, the number of available FD events decreases and thesg
dataset is rebalanced accordingly, with the most restrictive fil-s;
ter (min_magn = 7%) yielding 34 FD events, a training partitionss.
of 51 samples, and a test set of 17 samples. Table [2 summarisessss
the dataset composition at each threshold. The progressive re-sss
duction in dataset size as the threshold increases is an inherentsss
consequence of the FD magnitude distribution in the FEID cat-s
alog, and constitutes the primary source of increased statisticalss
uncertainty at higher thresholds. 568

569

Table 2: Dataset composition by FD magnitude threshold. FD and non-FD*"°
windows are balanced at all thresholds. Training and test partitions are obtained®”!

by stratified 75/25 splitting of the total window count. 572
Threshold FD Non-FD Total Train Test 573
Magn>0% 2,971 2,971 5942 4,456 1,486 574
Magn>3% 190 190 380 285 95 575
Magn>4% 107 107 214 160 54 oo
Magn>5% 65 65 130 97 33
Magn>6% 47 47 94 70 24
Magn=>7% 34 34 68 51 17 58

579

Across all 180 valid experimental configurations (6 mag-580

nitude thresholds x 3 qubit counts X 3 circuit depths X 5"
training sizes), the quantum kernel achieved higher AUC than™
the classical RBF-SVM (sub) in 73 cases (40.6%), with 13"
cases (7.2%) in parity (JAAUC| < 0.01) and 94 cases (52.2%) "
where the classical kernel outperformed. The global mean”
AAUC = +0.0021 (o = 0.083) is statistically indistinguish-"
able from zero when all configurations are pooled, consistent”
with the regime-dependent behaviour described below. .

In Figure E}a, the RBF-SVM (full) and RBF-SVM (sub)
curves are nearly identical across all thresholds. This is ex-
pected: both models use the same 121-dimensional feature rep-
resentation and the same MI-selected feature subset; the only
difference is training set size. The near-identical performance
indicates that the RBF classifier saturates its AUC well within
the subsampled training set sizes tested (n, < 250), so that the
additional samples in the full partition provide negligible ben-
efit. This saturation confirms that the RBF-SVM is not data-
starved in the subsampled regime, making the fair compari-
son (QSVM vs. RBF-sub) a genuine test of kernel expressibility
rather than a confound of sample size.

4.2. Magnitude-Dependent Performance

The dominant result of this study is the strong dependence
of quantum kernel advantage on the FD magnitude thresh-
old, illustrated in Figure [Z] and summarised in Table E} For
min_magn = 0%—including all 2,971 FD events regardless
of amplitude—the quantum kernel is uniformly outperformed
by the classical RBF-SVM (sub), with a mean AAUC =sqp
—0.100 (95% CI: [-0.112, —0.088]), and not a single configu-ss:
ration showing quantum advantage (0/45). This regime is dom-ss
inated by weak FDs whose time-series signatures are largelysss
indistinguishable from quiet-time fluctuations in the solar windsss

589

7

and neutron monitor records, producing a classification prob-
lem that is fundamentally noise-limited.

Raising the threshold to min_magn = 3% (190 events) re-
duces the classical advantage but does not reverse it: mean
AAUC = -0.025 (95% CI: [-0.030, —0.020]), with only
4 out of 45 configurations showing marginal quantum ad-
vantage (8.9%). The transition occurs sharply between 3%
and 4% (Figure E]) At min_magn = 4% (107 events),
the mean AAUC becomes strongly positive (+0.070, 95%
CI: [+0.048, +0.090]), with 72.2% of configurations showing
quantum advantage. The transition is statistically confirmed: a
Wilcoxon signed-rank test (testing whether AAUC > 0) yields
p=19x 1073, rank-biserial » = 0.787 for min_magn > 4%,
compared to p = 1.0 for the two lower thresholds. A Kruskal—
Wallis test across all six threshold groups confirms that the
distribution of AAUC differs significantly across groups (H =
138.2, p = 4.3 x 1072%). Table [3| reports the complete statis-
tical results including bootstrap confidence intervals and rank-
biserial effect sizes for all threshold groups.

At min_magn = 5% and 6% (65 and 47 events, respec-
tively), quantum advantage reaches its maximum consistency:
100% of tested configurations yield AAUC > 0, with mean
values of +0.074 (95% CI: [+0.062, +0.086], r = 1.000) and
+0.087 (95% CI: [+0.067, +0.103], r = 1.000) respectively.
The mean AUC of the quantum kernel in these regimes exceeds
0.95, reaching a peak of 1.000 in isolated configurations (Ta-
ble ). At min_magn = 7% (34 events), quantum advantage
persists on average (+0.031, 95% CI: [+0.012, +0.052]) but be-
comes less consistent (55.6% of configurations), likely reflect-
ing the increased statistical variability arising from the small
dataset size at this threshold (Table [2). The Wilcoxon test re-
mains significant at this threshold (p = 0.007, r = 0.754, **).

Table 3: Statistical summary of AAUC by FD magnitude threshold. The
Wilcoxon signed-rank test (one-sided, H1: AAUC > 0) is reported alongside
the rank-biserial correlation r as an effect size measure (|r| > 0.1 small, > 0.3
medium, > 0.5 large). Bootstrap 95% confidence intervals on the mean AAUC
are based on 9,999 resamples (seed = 42). Significance codes: **p < 0.01;
***p < 0.001; ns: not significant. For Magn>0% and Magn>3%, r reflects
strong classical dominance; the test is one-sided (H;: AAUC > 0), so ns indi-
cates failure to reject in the quantum-advantage direction.

Threshold n  Mean AAUC 95% CI r  Sig.
Magn>0% 45 —-0.100 [-0.112,-0.088] 1.000 ns
Magn>3% 45 -0.025 [-0.030,-0.020] 0.951 ns
Magn>4% 36 +0.070  [+0.048, +0.090] 0.787 ***
Magn>5% 18 +0.074  [+0.062, +0.086] 1.000 ***
Magn>6% 18 +0.087 [+0.067,+0.103] 1.000 ***
Magn>7% 18 +0.031 [+0.012,+0.052] 0.754 **

Kruskal-Wallis: H = 138.2, p = 4.3 x 1073

4.3. Effect of Circuit Architecture

Figure [4| shows AAUC averaged over all training sizes for
each combination of magnitude threshold, qubit count, and cir-
cuit depth. The most striking feature is the strong interaction
between min_magn and n_qubits: for min_magn > 4%, four-
qubit circuits consistently achieve the largest AAUC, with a
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curs between 3% and 4%, marked by the orange transition zone. Annotated
values correspond to the mean AAUC at each threshold.
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628
peak of +0.135 at (min_magn = 4%, k = 4). Six-qubit cir-e
cuits follow closely (+0.091 at the same threshold). Eight-ss0
qubit circuits, by contrast, show near-zero or negative AAUCes:
at min_magn < 4%, though they recover positive advantagess
at higher thresholds (+0.088 at min_magn = 5%, +0.108 atsss
min_magn = 6%). We note that the non-monotonic pattern withess
qubit count is based on only three values (k € {4, 6, 8}), whichsss
limits the strength of any claim about the functional form ofess
this dependence. The observed pattern—in which intermedi-ss
ate qubit counts do not consistently outperform smaller ones—sss
is nevertheless qualitatively consistent with the concentrationsss
phenomenon described by [Thanasilp et al.| (2024): deeper cir-e«
cuits with more qubits produce kernel matrices whose entrieses:
become exponentially concentrated around their mean, effec-e:
tively reducing the discriminative power of the kernel for thess
training sizes used here.
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Figure [6h summarises these trends across all qubit counts
and magnitude thresholds; panel (b) shows the correspond-
ing QSVM AUC as a function of training size in the winning
regime (min_magn > 5%).

The effect of circuit depth (reps) is secondary but notable.
For min_magn > 4%, deeper circuits (reps = 3) tend to pro-
duce higher AAUC at thresholds of 5-6%, achieving a max-
imum of +0.094 at (min_magn = 5%, reps = 3). For
lower thresholds, additional circuit depth does not help and can
slightly hurt performance. The panel (c) of Figure [ confirms
that, when averaged across all magnitude thresholds, the qubit—
depth interaction is modest, with four and six qubit circuits in
parity or slight advantage across all depth settings.

4.4. Learning Curves and Sample Efficiency

Figure [5h shows AAUC as a function of the quantum train-
ing size n, for each magnitude threshold. For the low-threshold
regimes (min_magn = 0% and 3%), AAUC remains nega-
tive across all training sizes, indicating that additional quan-
tum training data does not recover competitiveness. For
min_magn > 5%, AAUC is positive and broadly stable across
ng € {50,100, 150,200, 250}, with no systematic improvement
as n, increases. This robustness to training size is a practically
important property: quantum advantage at high FD magnitudes
is achievable even with the smallest training sets tested (n, =
50), suggesting that the kernel structure of the ZZFeatureMap
efficiently leverages the available data in the signal-rich regime.

For min_magn = 4%, the learning curve shows a slight im-
provement from n, = 50 to n, = 100, followed by stabilisa-
tion. The intermediate threshold (min_magn = 7%) shows the
most variability, consistent with the limited number of available
FD events at this threshold. Figure[Sp provides a complemen-
tary view as an AUC scatter plot, in which each point repre-
sents one (k, reps, n,) configuration coloured by magnitude
threshold: configurations with min_magn > 4% cluster above
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Figure 4: Heatmaps of mean AAUC for all parameter combinations. (a) AAUC as a function of FD magnitude threshold and qubit count. (b) AAUC as a function
of FD magnitude threshold and circuit depth (reps). (c¢) AAUC as a function of qubit count and circuit depth, averaged across all magnitude thresholds. Red cells

indicate quantum advantage; blue cells indicate classical advantage.

the parity diagonal, confirming quantum advantage across the
full range of classical AUC values achieved in those regimes.
The dense vertical clustering of points at certain AUCRBF.sub
values reflects the fact that the classical baseline is fixed for a
given (min_magn, n,) combination regardless of the quantum
circuit parameters, so multiple quantum configurations share
the same x-coordinate.

4.5. Best Configurations and Computational Cost

The fifteen highest-AAUC configurations are dominated by
min_magn = 4% with k = 4 qubits, achieving AAUC up to
+0.165 with AUCqsym reaching 0.964. The second cluster cor-
responds to min_magn = 6% with k = 6 qubits, with AAUC up
to +0.132. In the winning region defined as min_magn > 5%
and k € {4, 6}, comprising 36 configurations, the quantum ker-
nel achieves a mean AUC of 0.949 + 0.032 against a classical
baseline of 0.892 + 0.033, with AAUC = +0.057 + 0.044 and®
quantum advantage in 30 of 36 configurations (83%). 682

Tabled] quantifies the computational cost of the quantum ker-**
nel relative to the classical baseline. The number of fidelity
evaluations required for the training kernel matrix grows as
O(nfl), reaching 31,375 for n, = 250, while the test matrix®®
requires ny X 1, evaluations. For the largest tested configu-*
ration (min_magn = 0%, k = 8, n, = 250), this amounts to®®
402,875 statevector simulations per experiment, compared to®®
less than 2 seconds total for the classical RBF-SVM on the same®*®
hardware. This difference of three to four orders of magnitude®'
in wall-clock time (see Section [3.4) underscores that quantum®®
kernel methods are currently competitive in accuracy only in
the signal-rich regime where the advantage is large enough to
justify the cost.

684

685

693
694
695
696
. . 697
5. Discussion
698
5.1. Physical Interpretation of the Magnitude Threshold :zz
The central empirical finding of this study—that quan-or
tum kernel advantage emerges sharply above a FD magni-7e
tude threshold of 4%—has a natural physical interpretationzs

rooted in the structure of ICME-driven cosmic ray modulation.os

9

Table 4: Theoretical quantum kernel evaluation counts by training size (n,) and
qubit count (k). Kinin counts fidelity evaluations for the upper-triangular train-
ing kernel matrix; Kiest counts evaluations against the held-out test set (ngest =
1,486, worst case min_magn = 0%). The classical RBF-SVM requires less than
2 s per configuration on the same hardware for all (k, n,) combinations shown.

k ny Kiain Kiest Total RBF time
4 50 1,275 74,300 75,575 <2s
4 100 5,050 148,600 153,650 <2s
4 250 31,375 371,500 402,875 <2s
6 50 1,275 74,300 75,575 <2s
6 100 5,050 148,600 153,650 <2s
6 250 31,375 371,500 402,875 <2s
8 50 1,275 74,300 75,575 <2s
8 100 5,050 148,600 153,650 <2s
8 250 31,375 371,500 402,875 <2s

Large-amplitude FDs are predominantly associated with well-
developed ICME magnetic structures: organised flux ropes
with strong, ordered magnetic fields that produce coherent and
sustained shielding of the GCR flux (Petukhova et al., [2020;
Gutierrez et al., [2024). In these events, the modulation of the
JUNG count rate is tightly correlated with the IMF dynamics—
specifically, the temporal evolution of the Bz component drives
the ring current response (Dst), which in turn correlates with
the depth of the GCR suppression. The ZZFeatureMap en-
codes pairwise feature correlations through the entangling term
¢j(x) = (m — x;)(m — x;), and it is precisely these cross-channel
correlations between IMF components (Bx, By, Bz), geomag-
netic indices, and the JUNG count rate that characterise strong
FD events. The RBF kernel, by contrast, measures only the Eu-
clidean distance between feature vectors and cannot represent
such structured cross-correlations explicitly.

Weak FDs (Magn < 4%), on the other hand, arise from a
heterogeneous mixture of physical drivers: partial ICME en-
counters, corotating interaction regions, and flux ropes without
well-developed sheaths (Gutierrez et al., [2024)). In these cases,
the IMF-GCR coupling is weaker and more variable, produc-
ing feature vectors that are difficult to separate from quiet-time
windows regardless of the kernel used. The classification prob-
lem in this regime is fundamentally noise-limited, and the addi-
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baseline (RBF-sub) AUC but different quantum circuit parameters.

tional representational capacity of the quantum kernel providesras
no benefit—and indeed can hurt performance, as the express-7o
ible function class is too large relative to the available trainingza:
signal (Thanasilp et al.,2024)). 742
The transition at 4% is therefore not merely a statistical arti-7+
fact of the experimental design but reflects a genuine physicalr
boundary: below it, the FD catalogue is dominated by eventss
where the IMF-GCR connection is too noisy for quantum fea-7
ture correlations to be useful; above it, the structured IMF dy-7+
namics of well-developed ICMEs create a feature geometry thatrs
the ZZFeatureMap can exploit more effectively than the RBF7s
kernel. 750
751

752

5.2. Interpretation of the Qubit Count Effect

753

The non-monotonic behaviour of AAUC with qubit count—""*
four and six qubits outperforming eight qubits in the low-">°
threshold regime—is consistent with the exponential concen-"*°
tration phenomenon described by [Thanasilp et al| (2024) and™
studied theoretically by [Wang et al| (2021). We emphasise,”
however, that this pattern is observed across only three qubit™
values (k € {4,6,8)}), and should be regarded as a qualitative’™
tendency rather than a quantitatively established functional re-"®'
lationship. Testing additional values (e.g., k = 2, k = 10) would™
be required to characterise the qubit-count dependence more™
precisely; k = 10 was not included in the present grid due to™
the severe kernel concentration observed at k = 8 in the low-
magnitude regime, which suggested that larger circuits would,,
be unlikely to provide further benefit. As the number of qubits
and circuit depth increase, the entries of the kernel matrix Kres
become exponentially concentrated around a constant value, re-7e7
ducing the effective rank of the matrix and limiting the discrimi-7es
native power of the SVM. This effect is particularly pronouncedzss
at low magnitude thresholds where the classification signal is7o
weak, and the high expressibility of larger circuits effectively
washes out the relevant structure. 772

10

This result may appear to contradict the common intu-
ition that greater circuit expressibility implies better classifica-
tion performance. The apparent paradox is resolved by not-
ing that expressibility and kernel utility are distinct properties
(Thanasilp et al.| 2024): a highly expressive circuit can access
a rich function class, but if the kernel matrix entries concentrate
exponentially toward a constant, the SVM receives effectively
no discriminative information regardless of the functional rich-
ness of the feature map. In other words, more qubits expand the
representable hypothesis class while simultaneously collapsing
the kernel matrix toward a scalar multiple of the identity—a
phenomenon that is fundamentally different from overfitting
and cannot be corrected by regularisation alone.

At higher magnitude thresholds (min_magn > 5%), the
strong physical signal overcomes this concentration tendency,
and all three qubit counts achieve positive AAUC, with
the eight-qubit configuration recovering competitive perfor-
mance (+0.088 at min_magn = 5%). This suggests that the con-
centration effect is signal-dependent: when the data contains
strong, structured feature correlations, even larger circuits can
exploit them effectively. The practical implication for near-term
quantum hardware is that modest circuit sizes (k = 4—6 qubits)
represent the most reliable operating point across a range of sig-
nal conditions, consistent with recommendations in the QML
literature for NISQ devices (Incudini et al., 2025} |Cerezo et al.}
2022).

5.3. Sample Efficiency and the Small-Data Regime

A noteworthy aspect of the results is the robustness of quan-
tum advantage to training set size in the signal-rich regime. For
min_magn > 5%, the mean AAUC is positive and stable across
ng, € {50,100, 150, 200, 250}, indicating that the quantum ker-
nel achieves competitive classification with as few as 50 train-
ing samples. This is consistent with theoretical results show-
ing that quantum kernels can achieve lower generalisation error
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Table 5: Summary of results by FD magnitude threshold and qubit count. Columns report the mean AUC of the full and subsampled RBF-SVM baselines, the
mean AUC of the Quantum Kernel SVM, the mean and standard deviation of AAUC, and the fraction of configurations where the quantum kernel outperforms the
classical baseline (Q>C). Results are averaged over all circuit depths (reps € {1, 2, 3}) and training sizes (n, € {50, 100, 150, 200, 250}).

Threshold & n  AUCgggr(full) AUCgggr(sub) AUCQSVM AAUC +o Q>C
Magn>0% 4 15 0.861 0.854 0.753 -0.100  0.045 0/15 (0%)
6 15 0.863 0.851 0.764 -0.087 0.043 0/15 (0%)
8 15 0.905 0.867 0.755 -0.112  0.038 0/15 (0%)
Magn>3% 4 15 0.924 0.919 0.899 -0.020 0.017 2/15 (13%)
6 15 0.918 0.918 0.889 -0.029 0.014 0/15 (0%)
8 15 0918 0.910 0.884 -0.026 0.021 2/15 (13%)
Magn>4% 4 12 0.801 0.800 0.936 +0.135 0.018  12/12 (100%)
6 12 0.853 0.827 0.917 +0.091 0.016 12/12 (100%)
8 12 0.923 0.924 0.908 -0.016 0.016 2/12 (17%)
Magn>5% 4 6 0.890 0.904 0.959 +0.056  0.026 6/6 (100%)
6 6 0.890 0.890 0.969 +0.079  0.022 6/6 (100%)
8 6 0.890 0.890 0.978 +0.088  0.025 6/6 (100%)
Magn>6% 4 6 0.917 0.917 0.954 +0.037  0.017 6/6 (100%)
6 6 0.833 0.833 0.950 +0.117 0.014 6/6 (100%)
8 6 0.840 0.840 0.948 +0.108  0.011 6/6 (100%)
Magn>7% 4 6 0.875 0.875 0.921 +0.046  0.052 4/6 (67%)
6 6 0.931 0.931 0.940 +0.009  0.036 2/6 (33%)
8 6 0.931 0.931 0.968 +0.037  0.040 4/6 (67%)

than classical methods with fewer samples when the data ge-sos
ometry aligns with the kernel structure (Huang et al., [2021). Insor
the context of FD classification, the practical relevance is sig-sos
nificant: strong FDs are rare events. The FEID catalog containssos
only 34-65 events above the 5—7% magnitude thresholds testedsio
here, and the entire 25-year observational record provides lim-st
ited training data at these amplitudes. The ability of the quan-s:
tum kernel to operate effectively in this small-data regime issi
therefore not a limitation but a natural alignment between thests
method and the application domain. 815
Nevertheless, the small absolute event counts at high thresh-sis
olds (Table [2) introduce non-negligible statistical uncertaintys:s
into the performance estimates. Although the datasets aresis
perfectly balanced (equal FD and non-FD windows at everysts
threshold), the total sample sizes at min_magn > 5%, 6%, andsz
7% are only 130, 94, and 68 windows respectively, with testsz:
sets of 33, 24, and 17 samples. AUC estimates computed oOnsz2
such small test sets carry wide confidence intervals, and is0-ses
lated perfect-AUC configurations (e.g., AUCqsym = 1.000 re-se
ported at min_magn = 5%) should be interpreted with corre-s=s
sponding caution. The bootstrap confidence intervals in Ta-
ble E] reflect this uncertainty and show that the mean AAUC,,;
atmin_magn = 7% has the widest interval ([+0.012, +0.052]),
consistent with the higher variability expected at this threshold.zz
5.4. Comparison with Prior QML Benchmarks :iz
The regime-dependent quantum advantage observed here issa
broadly consistent with the emerging consensus from QMLes
benchmarking studies. |Alvarez-Estevez| (2025) found thatsss
quantum kernels outperform classical counterparts on ad-hocss
datasets but show mixed results on standard benchmarks, at-ss
tributing the difference to whether the data geometry alignssss
with the inductive bias of the quantum feature map. Huangss
et al.| (2021) established theoretically that quantum advantagesss

11

is governed by the geometric difference between the quantum
and classical kernel matrices, a quantity that is data-dependent.
Our results provide an empirical demonstration of this princi-
ple in a physical science domain: the geometric difference be-
tween the ZZFeatureMap kernel and the RBF kernel is benefi-
cial precisely in the regime where the data contains structured
cross-channel correlations (strong FDs), and detrimental where
it does not (weak FDs). The magnitude threshold at which this
transition occurs—approximately 4%—is therefore a property
of the FD data distribution, not of the quantum circuit architec-
ture.

Compared to related applications in Earth observation, where
quantum kernels have shown modest but consistent improve-
ments for hyperspectral classification (Miroszewski et al., 2023},
Otgonbaatar and Datcul [2022)), the advantage magnitudes re-
ported here (mean AAUC = +0.087 at min_magn = 6%) are
among the largest reported in any domain-specific QML bench-
mark to date, suggesting that strong FD events represent a
particularly favourable problem geometry for quantum kernel
methods.

5.5. Limitations and Future Directions

Several limitations of the present study should be acknowl-
edged. First, all kernel evaluations were performed using ex-
act statevector simulation, which provides shot-noise-free fi-
delity estimates but does not model the decoherence and gate
errors of real quantum hardware. In practice, quantum hard-
ware estimates each kernel entry Ko(x,Xx’) by measuring the
all-zeros bitstring probability over a finite number of circuit ex-
ecutions (shots). This introduces statistical shot noise into every
entry of the kernel matrix, with variance scaling as O(1/Ngos)
per entry. For a kernel matrix of size n, X ny, errors in individual
entries propagate to the SVM decision boundary and can sub-
stantially degrade classification performance, particularly for
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Figure 6: (a) AAUC as a function of FD magnitude threshold for each qubit count (k € {4, 6, 8}). Error bars indicate +1 standard deviation across circuit depths
and training sizes. The apparent non-monotonic trend across qubit counts should be interpreted cautiously, as it is based on only three values (k € {4,6,8}). (b)
AUCqsvwm as a function of training size for all nine (k, reps) combinations in the winning regime (min_magn > 5%). The figure shows only two training size
values (n; = 50 and n; = 100) because the total training partition at this threshold comprises only 97 samples, making n, > 100 infeasible. The crossing and
interleaving of curves at each n, value reflects configuration-dependent sensitivity to training size rather than a systematic trend, consistent with the AUC saturation

observed in the learning curves of FigureEh.

deeper circuits where the target probability K is already smallsz
and concentrated. Achieving the AUC values reported here on
real hardware would require either a large number of shots per
kernel entry (typically 103-10*) or error mitigation techniques,87
both of which further increase the computational cost. Priorg,
work has shown that NISQ-era noise can degrade quantum ker-g,;

nel performance significantly for deeper circuits (Wang et al.ls,

2021}, Incudini et al,[2025), and the advantage margins reporteds;,
here may be reduced or eliminated in a noisy hardware setting.q;,

Experiments on actual quantum processors would be requireds,,
to assess the robustness of our results to realistic noise, and con-,
stitute the most immediate next step for this research. .

3

Second, the dataset is limited to a single neutron moni-®2
tor station (JUNG). The global survey method combines data_
from the worldwide NMDB network to derive the Magn pa-_,
rameter used as the classification target, but the feature vec-
tors used for classification include only the JUNG count rate_
as the GCR proxy. Including additional stations with differ-_
ent cutoff rigidities—such as Moscow (MOSC, 2.43 GV) or__
Oulu (3.7 GV)—would provide complementary spectral infor-__
mation about the GCR modulation and may further improve,
classification performance, particularly for weak events 891

Third, the magnitude threshold of 4% is empirically derivedsss
from the FEID catalog and the specific feature representationss
used here. Whether this threshold generalises to other classi-sss
fication formulations (e.g., multiclass FD strength, onset-typesss
classification) or other cosmic ray datasets is an open ques-ss
tion. Future work should also explore whether projected quan-sss
tum kernels (Huang et all, 202T)—which project the quantumsss
state onto a lower-dimensional subspace before computing thesoo
kernel—can mitigate the concentration effect at larger qubitsor
counts and potentially extend quantum advantage to the weakso
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FD regime.

6. Conclusions

We have presented a systematic benchmark of quantum ker-
nel support vector machines for the classification of Forbush de-
creases, using a 25-year observational dataset constructed from
the FEID catalog, OMNI solar wind data, and JUNG neutron
monitor count rates. A ZZFeatureMap quantum kernel with 4—
8 qubits was evaluated across 180 experimental configurations
and benchmarked against a classical RBF-SVM baseline under
identical data conditions. The principal conclusions are as fol-
lows.

1. Quantum advantage is regime-dependent, not univer-
sal. The quantum kernel consistently outperforms the clas-
sical baseline only above a FD magnitude threshold of 4%.
Below this threshold, the classical RBF-SVM is superior
across all tested configurations. This result is consistent
with theoretical predictions that quantum advantage re-
quires data distributions whose geometry aligns with the

inductive bias of the quantum feature map
2021).

2. The transition at 4% is statistically robust. A Wilcoxon
signed-rank test confirms that AAUC > 0 is statistically
significant (p = 1.9 x 1075, rank-biserial r = 0.787) for
min_magn = 4%, with increasing effect sizes at higher
thresholds (» = 1.000 at min_magn > 5%). The Kruskal-
Wallis test confirms that the six threshold groups exhibit
significantly different AAUC distributions (H = 138.2,
p=43x%x 10728). At min_magn > 5%, 100% of tested con-
figurations show quantum advantage, with mean AAUC
+0.074 (95% CI: [+0.062, +0.086]) and peak AUCqsvm
1.000 (noting that this maximum is observed on a test set
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of 33 samples and should be interpreted with appropriatess
caution).

3. The magnitude threshold has a physical interpretation.”
Large-amplitude FDs are driven by well-developed ICME™
magnetic structures (flux ropes) whose passage produces980
structured, correlated dynamics across the IMF compo-""
nents, geomagnetic indices, and cosmic ray count rates.’”
The ZZFeatureMap encodes pairwise feature correlations™
via its entangling layer, providing a representational ad-""
vantage over the Euclidean-distance-based RBF kernel™
precisely in this structured regime. Weak FDs, by con-""
trast, arise from a heterogeneous mixture of drivers and
exhibit noise-dominated feature distributions that neitherss?
kernel can separate effectively.

4. Modest circuit architectures are optimal for near—term:z:
hardware. Circuits with 4-6 qubits achieve the most_
consistent quantum advantage across magnitude regimes,971
while 8-qubit circuits suffer from kernel concentration ef—972
fects at lower magnitude thresholds. This trend is based on
three qubit-count values (k € {4,6,8}) and should be re-_,
garded as a qualitative tendency pending evaluation at ad-
ditional circuit sizes. Circuit depth (reps) has a secondary
effect, with deeper circuits providing marginal benefits in__
the signal-rich regime.

5. Quantum advantage is robust to small training sets. In
the winning regime (min_magn > 5%, k € {4,6}), mean
AAUC = +0.057 is achieved with as few as 50 training
samples, consistent with the theoretical expectation that”
quantum kernels are sample-efficient when the data geom-979
etry favours their inductive bias. This property is partic-980
ularly relevant for FD classification, where strong events
are rare across the historical record. 982

977

983

These results establish FD magnitude as a principled crite-ss+
rion for predicting when quantum kernel methods will outper-9ss
form classical alternatives in heliophysical classification tasks.
More broadly, they suggest a general strategy for deploying
near-term QML in physical sciences: identify the physical
regime where structured, correlated multi-channel dynamicseg
are present, and restrict quantum kernel methods to that regime. s,
The present study is limited to statevector simulation; extensiongg,
to real quantum hardware, additional neutron monitor stations,gg
and projected quantum kernels represent natural directions for
future work that will further test the robustness and scalabilitysso
of these findings. 991

992
Data Availability 8
994

The FEID catalog is publicly available at https://tools.5ss
izmiran.ru/w/feid. OMNI data were obtained from thesss
NASA OMNIWeb service athttps://omniweb.gsfc.nasa. s
gov. Neutron monitor data were obtained from the NMDB at
https://www.nmdb.eu/nest/, The Python code implement-""
ing the full experimental pipeline, including data preprocess-999
ing, feature extraction, quantum kernel computation, and anal-
ysis notebooks, is openly available at https://github. com/
sierraporta/quantum-kernel-forbush.
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Appendix A. Quantum Computing Primer

This appendix provides a self-contained introduction to the
quantum computing concepts used in this paper. It is intended
for readers with a background in classical machine learning
who are unfamiliar with quantum mechanics. A comprehensive
treatment can be found in Nielsen and Chuang| (2010).

Appendix A.1. Qubits and Quantum States
The fundamental unit of quantum computation is the qubit,
the quantum analogue of a classical bit. Whereas a classical bit

is always in state 0 or 1, a qubit can exist in a superposition of
both:

) = al0) +BI1),

Here |0) and |1) are the computational basis states (analogous
to the unit vectors e; and e,), and |a|?, |8* are the probabilities
of measuring the qubit in state O or 1 respectively. The state
[r) is a unit vector in a two-dimensional complex Hilbert space
H = C2.

A system of k qubits occupies a 2X-dimensional Hilbert space
H®* with basis states |bbs - - - by) for all binary strings b; €
{0, 1}. The general state of a k-qubit system is

W= > alb),  Dlal=1,
b

be(0, 1}
where the 2% complex amplitudes ¢, encode a probability dis-
tribution over all possible measurement outcomes. This expo-
nential growth of the state space with k is the core resource that
quantum computing exploits.

a,B€C, >+ 187 =1. (A.D)

(A.2)

Appendix A.2. Quantum Gates and Circuits

Quantum computation proceeds by applying quantum gates
— unitary transformations U acting on the Hilbert space — to
an initial state (typically [0)®). The unitarity condition UU" =
I ensures that quantum evolution is reversible and probability-
preserving. Single-qubit gates act on one qubit at a time; two-
qubit gates introduce interactions between pairs of qubits. The
gates relevant to the ZZFeatureMap used in this paper are:

e Hadamard gate (H): places a qubit in equal superposi-

tion,
1 1 10y +11)
() e

. 0) -1

&l -

V2
(A.3)

Hlly= L7
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o Phase gate (P(6), equivalent to R,(6) up to global phase)ios
rotates the phase of the |1) component by angle 6,

P(O) = (é e?e)~

In the ZZFeatureMap, 6 = 2x; encodes the j-th feature
value as a rotation angle (angle encoding).

1045

1046

(A.4y

1049

e Controlled-phase gate (Cp(6)): a two-qubit gate that ap-*

plies a phase ¢ only when both qubits are in state [1), '*°
1051

Cp(0) = diag(l, 1, 1, ). (A.5)0s
In the ZZFeatureMap, 6 = 2¢;;(x) = 2(r — x;)(;r — x;)oss
encodes pairwise feature products into the two-qubit intersoss
action. 1085

1056
A quantum circuit is a sequence of gates applied to an initial

state, read from left to right. Figure[I]shows the gate-level dia-osz
gram of the ZZFeatureMap for k = 4 qubits and one repetitionioss
1059

Appendix A.3. Measurement and Probability Estimation

1060

At the end of a quantum circuit, the state is measured in theos
computational basis. Measurement is probabilistic: the outzos2
come b € {0, 1}* is observed with probability lcp?, and theoss
quantum state collapses to |b) upon measurement. Quantum
algorithms typically require many repeated executions (shots)™*
of the same circuit to estimate these probabilities. 1068

For quantum kernel computation, the quantity of interest 18"
the probability of the all-zeros outcome |00 - - - 0), which equal$®

the squared overlap between two encoded states:
1068

. 2 1069
Ko(x,X) = Primeasure 0] = [(01%* U} (x) Upx) 100 .
(A.6)

In this paper, K is computed via statevector simulation — eX~or
act numerical integration of the Schrodinger equation — whichgr.
provides shot-noise-free estimates. On real hardware, a finitgoss

number of shots introduces statistical noise; see Section[5.3} 1o

1075

Appendix A.4. Entanglement and Quantum Feature Maps

A key property of multi-qubit systems is entanglement:"®
quantum states that cannot be written as a product [i/;) ® |y;) &7
-+ ® [yy) of individual qubit states. Entanglement is generated
by two-qubit gates such as Cp. In the ZZFeatureMap, the en”
tangling layer creates correlations between pairs of qubits that”"
depend on products of input features ¢ ;;(x) = (7 — x;)(m — x,)1°8°
This is the mechanism by which the quantum kernel captures
cross-feature correlations that are absent from classical kernels
operating on features independently. o8

A quantum feature map Ugy(X) is a parameterized quantum
circuit that encodes a classical data vector x € R¥ into a quan-
tum state |p(x)) = Uy(x)|0)®*. The resulting quantum kernel,,
Ko(x,X") = Kp(X)|p(x'))[? is a valid positive semi-definite kers gy,
nel and can be used as a drop-in replacement for classical ker-
nels in a support vector machine (Schuld and Killoran, [201930s
Havlicek et al., [2019). The expressibility of the kernel — itsoss
ability to represent complex decision boundaries — grows withoss

14
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the number of qubits k and the circuit depth, but so does the risk
of kernel concentration (Section@, which limits practical ad-
vantage to datasets with sufficiently structured feature geometry
(Thanasilp et al., 2024} Huang et al., [2021]).
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