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Abstract

Migraine is a complex neurological disorder characterized by strong inter- and
intra-individual variability, which makes early forecasting difficult using only
clinical observations. Wearable biosensors combined with machine learning offer
new opportunities to detect subtle physiological changes that may precede mi-
graine attacks and to develop individualized prediction models.

This dissertation investigates migraine analysis and next-day prediction using
physiological recordings collected under real-life monitoring conditions. Data
were obtained with the Empatica Embrace Plus wearable device and include elec-
trodermal activity, pulse rate, skin temperature, and movement-related signals.
The analysis focuses on nocturnal recordings, since the night period provides a
more stable physiological context with fewer external disturbances. Nights were
standardized using sleep-based contextual selection and consistent night-level
rules.

The experimental framework is organized in two stages. In the first stage, a
window-level binary classification task is used as an exploratory methodological
analysis to examine how design choices influence model performance. Night re-
cordings are segmented into analysis frames ranging from 5 to 120 minutes, sta-
tistical features are extracted, and the influence of signal preprocessing and feature
representation is evaluated across several classifier families, including Random
Forest, XGBoost, histogram-based gradient boosting, support vector machines,
and k-nearest neighbors.

In the second stage, the research evaluates next-day migraine prediction
based on whole-night recordings. This stage refines the experimental methodol-
ogy to obtain more reliable estimates of predictive performance under a stricter
validation framework. The analysis focuses on the effect of temporal aggregation
while comparing the same classifier families under consistent evaluation condi-
tions.

The results demonstrate considerable variability across participants in achiev-
able prediction performance and optimal modeling configurations. Shorter analy-
sis frames generally preserve informative short-term physiological changes,
whereas longer windows tend to smooth these variations. Signal preprocessing
shows a window-dependent effect and does not consistently improve perfor-
mance. Overall, the results highlight the importance of temporal resolution, rigor-
ous validation, and individualized modeling for wearable-based migraine predic-
tion systems.



Reziume

Migrena yra sudétingas neurologinis sutrikimas, pasizymintis didele tarpindivid-
ualine ir intraindividualine kintamumo variacija, todél ankstyvas priepuoliy
mieji biosensoriai kartu su masSininio mokymosi metodais suteikia galimybe
nustatyti subtilius fiziologinius pokycius, galinCius pasireiksti prie§ migrenos
priepuolj, ir kurti individualizuotus prognozavimo metodus.

Disertacijoje tiriama migrenos analiz¢ ir kitos dienos migrenos prognozavi-
mas naudojant fiziologinius duomenis, surinktus realiomis gyvenimo sglygomis.
Duomenys buvo registruojami naudojant ne$iojamajj jrenginj Empatica Embrace
Plus ir apima elektroderminés odos veiklos, pulso daznio, odos temperatiros ir
judesio signalus. Analizé orientuota j naktinius jraSus, nes nakties laikotarpis
pasizymi stabilesnémis fiziologinémis sglygomis ir mazesne iSoriniy veiksniy
jtaka. Naktys buvo standartizuotos taikant miego pagrindu paremta kontekstinj
atrinkima ir nuoseklias nakty parinkimo taisykles.

Eksperimentiné analizé organizuota dviem etapais. Pirmajame etape taikoma
lango lygmens dvejetainé klasifikacijos uzduotis, siekiant jvertinti, kaip metodin-
iai sprendimai veikia modeliy veikima. Naktiniai jrasai suskirstomi j analizés lan-
gus nuo penkiy iki Simto dvidesimties minuciy trukmeés, apskaiciuojami statistin-
iai poZymiai, o signaly iSankstinio apdorojimo ir pozZymiy reprezentacijos jtaka
vertinama taikant kelias klasifikatoriy $eimas, jskaitant Random Forest, XGBoost,
histograminj gradientinj stiprinima, atraminiy vektoriy masinas ir artimiausiy kai-
myny metoda.

Antrajame etape vertinamas kitos dienos migrenos prognozavimas, remiantis
visos nakties duomenimis. Siame etape taikoma grieztesné validavimo schema,
siekiant gauti patikimesnius modeliy veikimo jver¢ius, o analizéje daugiausia
démesio skiriama laiko agregavimo poveikiui, lyginant tas pacias klasifikatoriy
Seimas nuoseklioje vertinimo aplinkoje.

Rezultatai rodo didelg¢ dalyviy tarpusavio variacijg tiek prognozavimo
tikslumo, tiek optimaliy modeliy konfigtiracijy atzvilgiu. Trumpesni analizés lan-
gai dazniau iSsaugo informatyvius trumpalaikius fiziologinius poky¢ius, o ilgesni
langai linkg Siuos svyravimus islyginti. Signaly iSankstinis apdorojimas pasizymi
nuo lango trukmés priklausanciu poveikiu ir neuztikrina nuoseklaus rezultaty pag-
eré¢jimo. Gauti rezultatai pabrézia laiko rezoliucijos, grieztos validacijos ir indi-
vidualizuoto modeliavimo svarbg kuriant migrenos prognozavimo sistemas,
paremtas ne$iojamuyjy jrenginiy duomenimis.
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Notations

Abbreviations

Acc — accelerometer (liet. akselerometras);

ACT — activity count (liet. aktyvumo skaicius);

Al — artificial intelligence (liet. dirbtinis intelektas);

ANS — autonomic nervous system (liet. autonominé nervy sistema);
ANOVA - analysis of variance (liet. dispersinés analizés procediira);
bpm — beats per minute (liet. dizZiy per minute);

ECG — electrocardiogram (liet. elektrokardiograma);

EDA — electrodermal activity (liet. elektroderminé veikla);

HR — heart rate (liet. sirdies ritmas);

KNN — k-Nearest Neighbors (k artimiausiy kaimyny metodas)

MET — metabolic equivalent of task (liet. uzduoties metabolinis ekvivalentas);
ML — machine learning (liet. masininis mokymasis);

NaN — not a number (liet. ne skaicius);

PPG — photoplethysmography (liet. fotopletizmografija);

PR — pulse rate (liet. pulso daznis);

PRV — pulse rate variability (liet. pulso daznio kintamumas);

RMSSD - root mean square of successive differences (liet. nuosekliy skirtumy kvadrat-
iniy vidurkiy Saknis);
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RR — respiratory rate (liet. kvépavimo daznis);

SC — step count (liet. Zingsniy skaicius);

SDS - sleep detection stage (liet. miego aptikimo etapas);

SVM - Support Vector Machine (atraminiy vektoriy metodas)

SKinTEMP — skin temperature (liet. odos temperatira);

SpO; — peripheral capillary oxygen saturation (liet. periferiy kapiliary deguonies
prisotinimas);

TEMP — temperature (liet. temperatiira).
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Introduction

Problem Formulation

Migraine is a complex neurological disorder that places a substantial burden on
patients and healthcare systems. Its attacks are difficult to predict, while prodro-
mal symptoms vary across individuals. Wearable devices offer continuous moni-
toring of physiological and behavioral signals that may capture pre-migraine
changes, although real-world data are often noisy, incomplete, and influenced by
sleep, activity, and circadian rhythms.

This dissertation addresses the problem of extracting reliable and interpreta-
ble pre-migraine information from wearable physiological data, for which the de-
velopment of methods for robust feature extraction and interpretation is necessi-
tated by the limitations of conventional signal processing and classification
approaches when applied to noisy, non-stationary signals acquired in real-world
conditions, making the problem highly relevant to Electrical and Electronic Engi-
neering.

To address this problem, the dissertation develops a context-aware, multi-
scale analytical framework that combines data auditing, context-sensitive label-
ing, and systematic evaluation of temporal aggregation, preprocessing, and feature
representation in nocturnal data. Machine learning is employed to assess migraine
classification and next-day migraine prediction, while feature importance analysis
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2 INTRODUCTION

is utilized to identify informative signals, descriptors, and recurring patterns
across participants and modeling settings.
Based on this formulation, the dissertation is guided by two hypotheses:

1. The detectability of pre-migraine physiological changes is strongly influ-
enced by signal-processing and data-modeling choices, particularly tem-
poral aggregation, preprocessing, feature extraction, and feature represen-
tation.

2. Despite inter-individual variability, recurrent physiological patterns and
groups of informative features can be identified at the cohort level, re-
flecting shared structure in pre-migraine dynamics.

Relevance of the Dissertation

The relevance of this dissertation lies in the need to advance understanding of
physiological changes preceding migraine attacks and address existing research
gaps. Using physiological signals from prolonged real-world monitoring, it eval-
uates data quality, validation strategies, and the feasibility of migraine classifica-
tion and next-day prediction, while assessing the effects of signal segmentation,
filtering, and nocturnal feature importance.

Research Object

The research object of this dissertation is a data analysis framework for wearable
physiological recordings, for identifying pre-migraine patterns and evaluating
how analysis design choices influence their detection and the feasibility of next-
day migraine prediction.

Aim of the Dissertation

The dissertation aims to develop and evaluate a reproducible framework for ex-
tracting, analyzing, and interpreting pre-migraine information from wearable-de-
rived physiological recordings under naturalistic monitoring conditions.
Tasks of the Dissertation

To address the stated research problem and achieve the aim of the dissertation, the
following tasks were formulated:
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1. To develop a wearable-data processing pipeline for migraine analysis, in-
cluding participant-level dataset construction, definition of nocturnal ob-
servations, and consistent labeling of pre-migraine and control periods.

2. To develop and evaluate binary classification models for distinguishing
pre-migraine and control states using wearable-derived nocturnal physio-
logical signals, with particular attention to individualized modeling.

3. To quantify the impact of key signal-processing and modeling choices,
including temporal segmentation and preprocessing, on the detectability
of pre-migraine patterns and classification performance.

4. To identify physiologically informative signals and feature groups asso-
ciated with pre-migraine changes using statistical feature analysis and
model-based relevance measures, and to evaluate the effect of feature re-
duction on model robustness and interpretability.

5. To validate the proposed approach on an expanded cohort under a unified
training and validation protocol, and to assess the feasibility of next-day
migraine prediction from nocturnal wearable data under temporally sep-
arated validation.

Research Methodology

The following methods were applied to meet the research objectives:

1. A structured review of migraine research was conducted based on data
acquired from wearable devices, covering migraine phases, pre-migraine
dynamics, measurable physiological signals, data-quality issues in real-
world recordings, and common preprocessing, feature extraction, and ma-
chine-learning approaches.

2. Physiological data were collected under real-life conditions using the Em-
patica Embrace Plus device. The analysis focused on nocturnal recordings
to reduce daytime variability. Signal completeness and missingness pat-
terns were assessed for each participant and signal.

3. Preprocessing of the physiological signals ensured physiological plausi-
bility by removing invalid samples and clipping implausible pulse-rate
values. In addition, several filtering approaches were evaluated, including
median, Savitzky—Golay, and Butterworth low-pass filtering.

4. Nocturnal recordings were segmented into fixed-length frames from 5 to
120 minutes. Statistical features were extracted, and differences between
pre-migraine and control states were analyzed using descriptive statistics
and one-way ANOVA.
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5.

Binary classification models were developed to distinguish pre-migraine
from control states. Two validation strategies were applied: frame-level
splitting for methodological comparison and night-level splitting for
stricter evaluation. Hyperparameter optimization was performed using
RandomizedSearchCV with GroupKFold cross-validation based on night
identifiers. Performance was assessed using F1-score, recall, precision,
ROC-AUC, and PR-AUC, with emphasis on the positive class.

Scientific Novelty of the Dissertation

In the dissertation, the following scientific contributions are presented:

1.

A structured framework for next-day migraine prediction from nocturnal
physiological data acquired from wearable devices, comprising a con-
sistent night-to-next-day labeling scheme, exclusion of post-migraine
nights, and explicit handling of ambiguous temporal intervals.

A structured protocol for characterizing datasets acquired from wearable
devices, formalizing the assessment of signal completeness, missingness
patterns, temporal coverage, and feature computability.

A multi-scale temporal aggregation scheme for migraine prediction based
on physiological data acquired from wearable devices, using signal inter-
vals from 5 to 120 minutes, and demonstrating that shorter windows pre-
serve pre-migraine-related information more effectively, whereas longer
windows reduce sensitivity to the minority class.

Cohort-level results demonstrating that, in nocturnal physiological re-
cordings acquired from wearable devices, low-order statistical descriptors
are more stable than higher-order features, and predictor composition var-
ies with temporal scale.

Evidence from the extended cohort that conventional filtering of physio-
logical biomarkers acquired from wearable devices does not improve mi-
graine classification performance, indicating that the benefit of prepro-
cessing must be empirically validated rather than assumed.

Practical Value of the Research Findings

1. The proposed data-auditing procedure can be used to assess the suita-
bility of nocturnal physiological datasets acquired from wearable de-
vices before model development and improve comparability across
studies.
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2. The analytical pipeline developed in this dissertation integrates sleep-
based segmentation, transparent labeling, feature extraction, valida-
tion, and can be adapted for migraine studies and related episodic con-
ditions using data acquired from wearable devices.

3. The compact and interpretable set of features identified in this disser-
tation can support the development of simpler and more transparent
prediction models based on physiological data acquired from wearable
devices without loss of performance.

4. The practical guidance on temporal segmentation supports the use of
shorter nocturnal analysis windows for detecting pre-migraine states
and can inform future monitoring pipelines based on wearable devices.

5. The two-stage modeling strategy combines cohort-level learning with
subsequent individual adaptation for personalized next-day migraine
prediction using wearable data.

Defended Statements

The following statements, based on the results of the present investigation, are to
be defended:

1. Pre-migraine detection from nocturnal wearable data strongly depends on
the temporal scale of analysis: increasing the window length from 5-10
to 30 min reduces positive-class recall by approximately 10-30% and F1-
score by 5-15%, while extension to 60-120 min causes a further decline
and increases inter-run variability.

2. Preprocessing did not improve positive-class recall or F1-score in any
evaluated setting under strict validation, indicating that its benefit cannot
be assumed a priori and must be critically evaluated.

3. Nocturnal physiological data contain a reproducible cohort-level structure
of informative predictors, in which low-order statistical descriptors are
more stable than higher-order features: at 5-10 min windows, recurrent
EDA descriptors appear approximately 1.5 to 3 times more often than
most higher-order or non-EDA features, whereas longer windows are as-
sociated with a more heterogeneous predictor structure.

4. Ensemble classifiers achieve the most robust and balanced performance
in nocturnal wearable-based migraine modeling under strict validation,
outperforming SVM and KNN in positive-class detection by approxi-
mately 20-60% and showing lower inter-run variability. SVM remains
limited, whereas KNN does not detect the migraine class.
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Approval of the Research Findings

The results of the research were published in four publications: two articles in
journals indexed in the Clarivate Analytics Web of Science Core Collection with
Impact Factors (Kapustynska et al., 2024, 2025). The author delivered two
presentations at two international scientific conferences:
1. International Conference “Science in Motion: Classic and Modern Tools
and Methods in Scientific Investigations”, Vinnytsia—Vienna, 2024.
2. 15th Conference on Data Analysis Methods for Software Systems
(DAMSS), Druskininkai, Lithuania, 2024.

Structure of the Dissertation

The dissertation consists of an introduction, three main chapters, general conclu-
sions, and a summary in Lithuanian. The dissertation comprises 111 pages, in-
cluding 35 figures, 4 formulas, and 17 tables. Additionally, it has 104 references.
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My deepest personal gratitude belongs to my husband, whose steadfast sup-
port, patience, and faith in me sustained me throughout this journey.
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Literature Survey on Migraine
Dynamics, Physiological Signals,
and Prediction

This chapter reviews the current literature and describes the migraine phases, in-
cluding the prodromal phase, the main focus of this dissertation, and the associa-
tion of physiological signal changes with migraine. It then presents research on
migraine forecasting, with particular attention given to the sensors and devices
used, the recorded signals, extracted features, and the applied classifiers. A sum-
mary of existing research focuses on signal filtering techniques and selecting in-
formative value ranges when processing physiological signals. Finally, the chap-
ter concludes with a summary and the formulation of research hypotheses based
on the conducted literature review. Parts of this literature review were previously
presented in the author’s publications (Kapustynska et al., 2024, 2025).



8 1. LITERATURE SURVEY ON MIGRAINE DYNAMICS...

1.1. Migraine Phases and the Rationale for Predictive
Approaches

The International Classification of Headache Disorders, the third edition (ICHD-
3) of the International Headache Society (IHS), recognizes four primary headache
disorders: migraine, tension-type headache, trigeminal autonomic cephalalgias,
and other primary headache disorders (Imtiaz et al., 2025; Society (IHS), 2018).
Migraine is increasingly conceptualized as a dynamic and continuous disorder
with interictal periods that constitute functionally relevant phases of an ongoing
pathological cycle rather than symptom-free intervals (Cortese et al., 2017; Hsiao
et al., 2022; Puledda et al., 2023; van den Hoek et al., 2024; Vincent et al., 2022;
Xie et al., n.d.). Clinically, migraine attacks are commonly described as progress-
ing through four partially overlapping phases (Fig. 1.1): prodrome, aura, headache
(ictal phase), and postdrome (Ferrari et al., 2015; Gao et al., 2024; Lipton et al.,
2025; Raggi et al., 2024; Vincent et al., 2022).

1. Prodrome 2. Aura
* Hours to 1-2 days before headache * 5-60 minutes
* Hypothalamic hyperactivation and * Cortical spreading depression with
autonomic dysregulation transient regional blood-flow changes
* Autonomic symptoms * Visual symptoms (~90%) and possible

sensory disturbances

4. Postdrome 3. Headache
* Hours to several days after pain * 4-72 hours
resolution * Activation of pain-processing and
» Normalization of neural network activity sensorimotor networks, cortical
+ Fatigue, cognitive slowing, difficulty hyperexcitability
concentrating * Throbbing headache, photophobia,

phonophobia, nausea, and/or vomiting

Fig. 1.1. Migraine phases (compiled by the author)

Migraine is classified as episodic when headaches occur on fewer than 15
days per month, and as chronic when headaches are present on at least 15 days
per month for more than three months, with a minimum of eight migraine days
per month (Butt et al., 2025; Dominguez et al., 2025; Society (IHS), 2018).

The prodromal phase is reported by approximately 70-80% of individuals
with migraine and typically emerges 24-48 hours before headache onset (Gao
et al., 2024; Laurell et al., 2016; Lipton et al., 2025; Mehnert et al., 2023; Raggi
etal., 2024; van den Hoek et al., 2024). Prodromal manifestations encompass a
heterogeneous set of symptoms, including changes in mood and activity, fatigue,
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yawning, neck stiffness, impaired concentration, sensory sensitivity, and auto-
nomic symptoms, although their presence and combination vary markedly across
individuals (Gao etal., 2024; Raggi et al., 2024; Society (IHS), 2018; Vincent
etal., 2022).

Evidence for the temporal proximity of prodromal symptoms to headache
onset was provided by the PRODROME trial, which demonstrated that more than
80% of identified prodromal events were followed by headache within a 1-6-hour
window among participants who could reliably recognize their prodrome
(Schwedt et al., 2023, 2025). Importantly, early intervention during this phase re-
duced headache severity and functional disability in this selected population,
highlighting the prodrome as a clinically actionable window, albeit one that can-
not be generalized to all migraineurs (Schwedt et al., 2025). At the same time,
population-based studies and meta-analyses report substantially lower prevalence
estimates, underscoring the non-specific nature of many prodromal symptoms,
which often persist into the headache and postdromal phases, thereby blurring
phase boundaries and limiting their reliability as standalone predictors
(Eigenbrodt et al., 2022).

Approximately one-third of individuals with migraine experience aura, con-
sisting of transient focal neurological disturbances, most commonly visual phe-
nomena such as gradually expanding scotomas or zigzag patterns lasting less than
one hour (Dodick, 2018; Dominguez etal., 2025; Hansen & Charles, 2019;
Hougaard et al., 2025; Lucas, 2021; Rio & Cutrer, 2023; Viana et al., 2019). Aura
is closely associated with cortical spreading depolarization and transient altera-
tions in cerebral perfusion, providing a mechanistic explanation for its progressive
and spatially evolving features (Hougaard etal., 2025; Karsan etal., 2023;
Mehnert et al., 2023; van den Hoek et al., 2024). However, aura does not consist-
ently precede headache and may occur during or after pain onset, and neuroimag-
ing studies indicate that central alterations, including hypothalamic changes, pre-
cede both aura and headache, supporting the view that aura represents an
epiphenomenon rather than a primary trigger of migraine attacks (Mehnert et al.,
2023).

The headache phase constitutes the most clinically burdensome stage of the
migraine attack and typically lasts between 4 and 72 hours. It is characterized by
pulsating or throbbing pain, often unilateral, accompanied by nausea, photopho-
bia, and phonophobia, which together drive functional impairment and care-seek-
ing behavior (Kellier et al., 2023; Lipton et al., 2025). Neuroimaging evidence
suggests that the ictal phase reflects downstream consequences of processes initi-
ated earlier in the migraine cycle, as hypothalamic activation is reduced compared
to the pre-ictal period (Mehnert et al., 2023; van den Hoek et al., 2024).

Following headache resolution, the postdromal phase may persist for hours
or days and is characterized by fatigue, cognitive slowing, and a sense of



10 1. LITERATURE SURVEY ON MIGRAINE DYNAMICS...

incomplete recovery. Although less extensively studied, neurophysiological find-
ings suggest a gradual normalization of brain network activity rather than an ab-
rupt return to baseline, further supporting the concept of migraine as a continuous
disorder extending beyond the period of active pain (Carvalho et al., 2022; Lipton
etal., 2023, 2025; van den Hoek et al., 2024).

Taken together, the phase-based organization of migraine highlights a disor-
der driven by early, centrally mediated alterations that precede the onset of pain.
While the headache and postdromal phases account for most clinical burden, they
offer limited opportunities for anticipatory intervention. In contrast, pre-migraine
changes, despite their heterogeneity and methodological challenges, represent the
most promising temporal window for predictive modeling and proactive migraine
management.

1.2. Physiological Signals and the Autonomic
Nervous System

Studies have shown that alterations in biomedical signals regulated by the auto-
nomic nervous system (ANS) are involved in a wide range of chronic conditions
(Arnold & Young, 2025; Barakat et al., 2012; Bellocchi et al., 2022; D’ Agnano
etal., 2024; Jaychandran et al., 2016; Kannan et al., 2025; Sarkis et al., 2015;
Singh & Roy, 2017; Stritzelberger et al., 2025), including migraine (Arakaki
etal., 2023; Flamerz Arkawazi et al., 2021; Pagan et al., 2016; Vu et al., 2025),
reflecting underlying dysregulation of sympathetic and parasympathetic balance.
The ANS plays a central role in regulating cardiovascular, electrodermal, thermal,
and respiratory functions, making related physiological signals particularly rele-
vant for investigating migraine-related changes across different phases of the mi-
graine cycle.

Among the physiological signals most frequently examined in migraine re-
search, electrodermal activity (EDA), heart rate (HR), and heart rate variability
(HRV) have strong physiological justification because of their direct association
with autonomic regulation. EDA reflects sympathetic nervous system activation
and is sensitive to changes in emotional arousal and stress-related states, while
HR and HRV capture dynamic interactions between sympathetic and parasympa-
thetic control of cardiac function (Pagan et al., 2016). Reductions in HRV and
elevations in HR have been associated with autonomic imbalance, a phenomenon
increasingly recognized in individuals with migraine.

Additional signals, such as skin temperature (SkinTEMP) and peripheral ox-
ygen saturation (SpO:), have been explored as indirect indicators of autonomic
modulation, particularly through their relationship with peripheral blood flow and
vascular regulation. Although these signals may be more context-dependent and
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sensitive to external factors, several studies suggest that their combined analysis
with core autonomic markers can enhance the characterization of migraine-related
physiological changes (Pagan et al., 2016).

Research on migraine prediction has identified multivariate approaches that
integrate several autonomically regulated signals as more informative than single-
signal analyses. In one of the earliest studies using physiological monitoring,
Pagan et al. (2016) demonstrated that combinations of HR, EDA, SkinTEMP, and
SpO: provided more meaningful information for migraine prediction than any sin-
gle signal alone, although model performance varied substantially across partici-
pants and was associated with relatively high false-positive rates. These findings
highlight both the potential and the limitations of autonomic signals when used in
isolation.

Subsequent investigations have extended this line of research by employing
wearable-based monitoring of autonomic signals such as HR, EDA, and Skin-
TEMP in real-world settings. For example, Gonzalez-Martinez et al. (2022) rec-
orded continuous wrist-based physiological data from individuals with episodic
migraine and reported that personalized models could identify migraine-related
patterns preceding pain onset. While these studies primarily focused on predictive
modeling, they also reinforced the relevance of autonomic signals as carriers of
migraine-related physiological information.

Importantly, autonomic signal alterations have been reported across multiple
temporal stages of migraine. Interictal recordings are often used to characterize
baseline autonomic dysregulation, whereas pre-migraine changes may reflect cen-
trally orchestrated modulation of autonomic tone preceding headache onset. Dur-
ing the ictal phase, systemic autonomic symptoms such as nausea and vomiting
further indicate an acute imbalance within the ANS. Together, these observations
support the view that migraine-related physiological changes are not confined to
the headache phase but evolve dynamically across the migraine cycle.

1.2.1. Wearable Sensor Platforms for Physiological Data
Acquisition

The increasing availability of personalized medical technologies, including
smartphone applications and wearable devices, has enabled the large-scale collec-
tion of objective, prospective physiological data in naturalistic settings. This de-
velopment has substantially reduced the cost and burden of long-term monitoring
and has facilitated migraine research at both individual and population levels.
Wearable devices enable continuous recording of physiological signals, including
SkinTEMP, HR, EDA, physical activity, and sleep-related metrics, providing in-
sight into physiological changes that may precede migraine onset.
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Wearable sensors have become integral tools for physiological monitoring
due to their non-invasive nature, portability, and continuous data acquisition. In
migraine research, wrist-worn multi-sensor platforms are most commonly em-
ployed, as they enable simultaneous monitoring of autonomic and behavioral sig-
nals. Frequently reported sensor combinations include accelerometry, SKinTEMP,
EDA, blood volume pulse, HR, and HRV, reflecting key dimensions of ANS reg-
ulation and daily activity patterns (Danelakis et al., 2025). In addition, some stud-
ies incorporate sleep-related measures and circadian indicators derived from pas-
sive nighttime monitoring, further extending the temporal coverage of
physiological assessment (Harmsen et al., 2025).

Among the monitored physiological modalities, autonomic signals are most
consistently represented. EDA serves as an indicator of sympathetic nervous sys-
tem activation, while cardiovascular metrics such as HR and HRV are commonly
derived from photoplethysmography-based blood volume pulse sensors (Arnold
& Young, 2025; Stritzelberger et al., 2025). Peripheral SKinTEMP reflects auto-
nomic regulation of vascular tone and has been used to capture stress- and state-
related changes, although its interpretability depends on sensor placement and en-
vironmental context (Moser et al., 2024). Accelerometry is widely applied to
quantify physical activity, rest-activity cycles, and sleep—wake patterns, support-
ing contextual interpretation of physiological signals (Faust et al., 2025).

Several wearable hardware platforms have been employed in migraine-re-
lated studies. Research-grade wrist-worn devices, such as the Empatica E4 and
Empatica Embrace series, integrate multiple sensors, including electrodermal ac-
tivity, photoplethysmography, accelerometry, and infrared thermopile-based skin
temperature measurement, enabling synchronized acquisition of autonomic and
behavioral data (Koskiméki et al., 2017; Stritzelberger et al., 2025). These devices
have been used in both laboratory and naturalistic settings to capture physiological
fluctuations across interictal, pre-ictal, and ictal periods. Complementary ap-
proaches have also included portable ECG systems, chest-strap heart rate moni-
tors, and mobile EEG platforms, although such systems are typically less suitable
for long-term, everyday use due to practical constraints (Arnold & Young, 2025;
van den Hoek et al., 2024).

Importantly, wearable-based migraine studies emphasize feasibility and eco-
logical validity. Prior investigations have demonstrated that combinations of au-
tonomic signals, particularly EDA, HR, HRV, and SkinTEMP, are informative
when collected continuously in natural environments, supporting their use in lon-
gitudinal migraine monitoring (Gonzalez-Martinez et al., 2022; Pagan etal.,
2016). These findings highlight the relevance of multi-sensor wearable platforms
for capturing pre-migraine physiological changes while minimizing participant
burden.
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In the present research, the Empatica Embrace Plus (Empatica, 2025) device
was selected for its ability to continuously record key autonomic and activity-
related signals on a single wrist-worn platform. Its sensor configuration aligns
with physiological modalities most frequently reported in migraine prediction re-
search. Meanwhile, its design supports long-term, non-invasive monitoring under
real-world conditions, making it suitable for individualized and longitudinal anal-
ysis.

1.2.2. Data-Centric Analysis of Wearable Physiological
Recordings

Recent studies using wearable devices are increasingly shifting the emphasis from
purely comparing algorithmic accuracy to a more data-centric, structural analysis
of physiological recordings (Abromavicius et al., 2023; Bota et al., 2024). This
shift is driven by the fact that real-world signals such as EDA, pulse rate, HRV
proxies, SKINTEMP, and Acc are highly context-dependent (sleep/wake, activity
level, and wear compliance) and are frequently degraded by motion artifacts and
loss of skin contact (Faust et al., 2025; Moser et al., 2024; Campanella et al.,
2024). Consequently, before interpreting ANS dynamics or searching for pre-at-
tack markers, it is essential to characterize data quality quantitatively, mechanisms
of missingness, and biomarker validity (Stritzelberger et al., 2025; Faust et al.,
2025).

A complementary line of work focuses on longitudinal, onset-aligned analy-
sis, in which the primary objective is the temporal evolution of physiology in the
hours to days preceding migraine onset (Mehnert et al., 2023; Schulte and May,
2016). Long-term monitoring studies highlight that identifying prodromal signa-
tures requires not only sufficient observation time, but also circadian-matched
control windows to separate potential pre-onset changes from time-of-day and be-
havioral confounding (Oosterlee et al., 2025; Mehnert et al., 2023). Notably, de-
tailed single-subject or subject-level analyses can track physiological transitions
up to 48 hours before pain-onset effects, which may be diluted in cohort aggrega-
tion (Mehnert et al., 2023; Faust et al., 2025).

A substantial body of literature also addresses the validity of digital bi-
omarkers and modality-specific limitations. In particular, PPG-derived HRV met-
rics may differ systematically from ECG estimates (e.g., inflated RMSSD), a phe-
nomenon commonly attributed to modality effects and vascular modulation
(Stritzelberger etal., 2025). Therefore, appropriate interpretation of wearable
HRV benefits from context-controlled analysis and an emphasis on within-subject
dynamics (Stritzelberger et al., 2025).

Finally, recent studies emphasize that wearable-based analyses must explic-
itly address several methodological pitfalls, including non-wear intervals,
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informative missingness, motion artifacts, and Clever Hans effects in which mod-
els learn incidental device- or usage-related cues rather than underlying physiol-
ogy, as discussed by (Dumkrieger et al., 2025; Faust et al., 2025). To mitigate
these risks, recommended practices include explicit wear-state detection, often
operationalized using skin-temperature thresholds in the range of 27 to 45 °C,
contextual segmentation into sleep and activity states, and systematic robustness
checks across aggregation and smoothing choices (Faust et al., 2025; Abroma-
vicius et al., 2023). In addition, explainable Al is increasingly applied as a valida-
tion layer to verify that model decisions are driven by physiologically plausible
signal structure, for example, EDA peak morphology, rise dynamics, and recovery
behavior, rather than statistical artifacts (Moser et al., 2024; Kim et al., 2025; Ash-
ina et al., 2024). Collectively, these directions motivate a data-centric methodol-
ogy in which data quality, contextual validity, and biomarker interpretability are
treated as primary determinants of reliable inference (Faust etal., 2025;
Stritzelberger et al., 2025).

1.3. Filtering and Preprocessing of Physiological
Signals

Filtering constitutes a fundamental preprocessing step in the analysis of physio-
logical and biomedical signals, as unfiltered noise and artifacts may distort signal
characteristics and compromise the reliability of subsequent clinical or analytical
interpretations (Chaitanya & Sharma, 2022). In medical research, filtering is rou-
tinely applied to physiological recordings to suppress motion artifacts, sensor-re-
lated disturbances, and high-frequency noise, thereby enhancing the interpretabil-
ity of signals derived from the ANS, cardiovascular activity, and neural
processes (Moser et al., 2024; Ohal & Mantri, 2024; Vu et al., 2025).

Among commonly employed filtering techniques, median filtering is partic-
ularly effective for suppressing impulsive artifacts. As a nonlinear method, it re-
places each data point with the median of its local neighborhood, enabling robust
removal of abrupt outliers caused by motion or sensor instability while preserving
sharp signal transitions (Feng et al., 2018; Ohal & Mantri, 2024). This property
makes median filtering suitable for physiological signals, such as EDA and EEG,
where isolated spikes may otherwise bias feature extraction.

The Savitzky—Golay filter provides an alternative smoothing approach when
preservation of signal morphology is critical. By fitting local subsets of the signal
with low-degree polynomials, it reduces noise while maintaining peak height,
width, and waveform shape, which is essential for subsequent biomarker extrac-
tion in EEG, ECG, and optical biosignals (Agarwal et al., 2017; Chaitanya &
Sharma, 2022; Liu & Li, 2021; Romo-Cardenas et al., 2018).
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Low-pass Butterworth filters are widely used to attenuate high-frequency
noise components, including electronic interference and muscle-related artifacts.
Owing to their smooth amplitude—frequency response, these filters are well-suited
to isolating slow physiological dynamics, such as tonic components of electroder-
mal activity and gradual autonomic fluctuations reflected in cardiovascular sig-
nals (Bota et al., 2024; Ohal & Mantri, 2024; Vu etal., 2025). In migraine re-
search, such filtering has been applied to enhance the clarity of physiological
trends associated with pre-ictal and ictal processes (Balam, 2025; van den Hoek
etal., 2024).

In addition to these methods, a variety of other filtering approaches have been
reported in biomedical signal processing. Spectral filters, including notch, high-
pass, band-pass, and Chebyshev type Il filters, are commonly applied to suppress
power-line interference, baseline drift, and motion-related artifacts in ECG, EEG,
and photoplethysmographic signals (Balam, 2025; Campanella etal., 2024;
Chaitanya & Sharma, 2022; Vu et al., 2025). More advanced model-based and
adaptive techniques, such as Kalman filtering, empirical mode decomposition,
circulant singular spectrum analysis, and eigenvalue-based decompositions, have
also been explored for separating noise from signal components in ECG and mul-
timodal recordings (Chaitanya & Sharma, 2022; Liu & Li, 2021; Simon, 2025).
Additionally, alternative denoising approaches, including binomial and non-local
mean filtering, have been proposed to reduce stochastic noise while preserving
morphological signal characteristics (Agarwal et al., 2017; Liu & Li, 2021).

In biomedical applications, the choice of filtering method is dictated by the
dominant noise characteristics of the signal under investigation. Median filtering
effectively mitigates motion-related artifacts, Savitzky—Golay filtering preserves
diagnostically relevant waveform features, and Butterworth low-pass filtering fa-
cilitates the extraction of slow physiological trends (Agarwal etal., 2017;
Chaitanya & Sharma, 2022; Ohal & Mantri, 2024). These complementary prop-
erties provide a methodological basis for experimentally evaluating the impact of
filtering on derived physiological features and for comparing filtered and unfil-
tered biomarkers in predictive analyses.

1.4. Feature Extraction and Engineering for
Physiological Signals

Effective feature extraction is a critical step in transforming physiological record-
ings into informative, stable representations suitable for predictive modeling in
migraine and related neurological conditions. In migraine research, extracted fea-
tures are designed to capture subtle autonomic, cortical, and behavioral changes
across different phases of the migraine cycle while reducing noise, inter-
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individual variability, and sensor-related artifacts (Kapustynska et al., 2024,
Menon et al., 2022; Siirtola et al., 2018).

Across migraine and broader neurological literature, feature extraction strat-
egies span multiple signal modalities, including electroencephalography, cardio-
vascular signals, electrodermal activity, skin temperature, accelerometry, elec-
tronic diaries, and neuroimaging. A structured overview of commonly extracted
features and their corresponding signal sources is provided in Table 1.1. The lit-
erature consistently emphasizes spectral EEG features such as band power and
coherence to characterize cortical excitability (Balam, 2025; van den Hoek et al.,
2024), heart rate variability indices to quantify autonomic regulation
(Stritzelberger et al., 2025; Vu et al., 2025), and tonic—phasic decomposition of
electrodermal activity to capture sympathetic arousal dynamics (Stritzelberger
etal., 2025; Vu et al., 2025).

Table 1.1. Mapping of extracted features in migraine and sleep/stress-related studies

Feature category Signal Features reported

Time-domain statis- | EDA, HR, Skin- Mean, median, minimum, maximum,

tical features TEMP, Acc standard deviation, RMS (Siirtola et al.,
2018; Stritzelberger et al., 2025; Vu et al.,
2025)

Higher-order distri- | EDA, HR, Skin- Skewness, kurtosis (Liu & Li, 2021; Ohal

butional features TEMP & Mantri, 2024)

Peak-based and ex- | EDA, HR, Acc Peak amplitude, peak count, maximum

treme-value fea- deviation (Balam, 2025; Vu et al., 2025)

tures

Variability-related HR / BVP HRV metrics (RMSSD, SDNN), coeffi-

features cient of variation (Gomes et al., 2019;
Stritzelberger et al., 2025)

Energy-related fea- | Acc, EEG, EDA Signal energy, spectral energy (Balam,

tures 2025; van den Hoek et al., 2024)

Shape and ratio de- | Multimodal Crest factor, shape factor, signal ratios

scriptors (Baliarsingh et al., 2023; Ohal & Mantri,
2024)

Activity-related ag- | Acc Activity variance, movement intensity,

gregates MET proxies (Harmsen et al., 2025; Siir-
tola et al., 2018)

Temporal aggrega- | All wearable sig- | Sliding windows (10-60 s), nocturnal ag-

tion over windows | nals gregation, day/night summaries (Faust
et al., 2025; Harmsen et al., 2025)
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In wearable-based migraine studies, feature extraction predominantly relies
on time-domain and frequency-domain characteristics derived from HR, HRV,
SKinTEMP, EDA, and Acc (Gonzalez-Martinez et al., 2022; Siirtola et al., 2018).
These features are typically computed within fixed or sliding temporal windows
and aggregated over daily or nocturnal periods, reflecting the constraints of long-
term, real-world monitoring and the temporal structure of migraine prodromes
(Faust et al., 2025; Harmsen et al., 2025). Importantly, several studies highlight
the added value of integrating subjective diary-derived features, such as pain in-
tensity and stress exposure, with objective physiological metrics (Houle et al.,
2017; Kellier et al., 2023).

Recent studies increasingly emphasize that the temporal scale of feature ag-
gregation is an independent methodological factor that can materially affect the
detectability of short-lived physiological dynamics. Long aggregation windows
may dilute transient responses by averaging informative and non-informative seg-
ments within the same interval, whereas short windows can preserve temporally
localized changes. In autonomic assessment, five-minute frames are widely
treated as a standardized and sufficient unit for reliable heart-rate-variability esti-
mation, as reflected in international guidance and explicitly discussed in weara-
ble-validation work (Stritzelberger et al., 2025). Conversely, for electrodermal ac-
tivity, extremely short windows have been justified when the objective is to
capture a complete phasic response cycle, including latency, peak rise, and recov-
ery (Moser et al., 2024). Evidence from multi-sensor stress-monitoring research
further indicates that five-minute or shorter segments can improve sensitivity to
acute physiological changes compared with coarse hourly aggregation, supporting
the view that temporal resolution should be systematically evaluated (Abroma-
vicius et al., 2023).

Although a wide range of candidate features has been proposed, existing ev-
idence indicates that predictive performance depends not only on feature type but
also on preprocessing choices, temporal aggregation strategies, and feature selec-
tion procedures (Kapustynska et al., 2024; Menon et al., 2022).

These observations motivate a systematic evaluation of feature extraction
pipelines for migraine prediction, including comparisons across different settings
and assessments of feature relevance within machine learning frameworks, as un-
dertaken in the present research.

1.5. Machine Learning Approaches for Migraine
Prediction

Machine learning (ML) approaches have been increasingly applied to migraine
prediction to shift disease management from reactive treatment toward proactive
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intervention (Danelakis et al., 2025; Houle et al., 2017). Existing studies explore
a wide range of classifiers and data modalities, including subjective headache di-
aries, physiological signals from wearable sensors, environmental factors, and, in
some cases, neuroimaging data (Gonzalez-Martinez et al., 2022; Siirtola et al.,
2018; Stubberud et al., 2023).

Classical ML algorithms remain the most commonly used methods in mi-
graine prediction, largely due to their robustness on small datasets and their rela-
tive interpretability. Among these, Support Vector Machines (SVMs), Random
Forests (RFs), and gradient boosting methods such as XGBoost have been widely
employed.

SVM-based models have been applied to both diagnostic and predictive tasks
using EEG-derived features, clinical variables, and headache diary data (Kim
etal., 2025; Messina et al., 2023). When provided with informative handcrafted
features, SVMs have demonstrated competitive performance in distinguishing mi-
graine subtypes and predicting pain intensity, although their effectiveness depends
strongly on feature selection and class balance (Balam, 2025; Pagan et al., 2016).

Random Forest (RF) models are frequently used as baseline or benchmark
classifiers in migraine prediction studies. Their ability to model nonlinear feature
interactions and to provide feature-importance estimates makes them particularly
suitable for multimodal datasets that combine subjective reports and physiological
measurements. For example, RF classifiers have been used to predict next-day
migraine occurrence from diary entries and wearable sensor data, achieving mod-
erate predictive performance, with reported AUC values typically ranging from
0.62 to 0.73 (Houle et al., 2017; Stubberud et al., 2023). These results highlight
both the feasibility and the current limitations of ML-based forecasting in real-
world migraine cohorts.

Gradient boosting approaches, including XGBoost, have been applied to
more heterogeneous data sources, such as questionnaire data, environmental var-
iables, and neuroimaging-derived features. In selected diagnostic settings, these
models have achieved high classification accuracy for migraine subtypes, alt-
hough such results are often obtained in controlled or cross-sectional datasets ra-
ther than in longitudinal prediction scenarios (Danelakis et al., 2025; Katsuki
etal., 2023).

A key methodological characteristic of classical ML studies is the frequent
use of personalized models, trained on data from individual patients. This ap-
proach reflects the pronounced inter-individual variability in migraine triggers
and prodromal patterns. In contrast, generalized models trained across partici-
pants often show substantially reduced performance, sometimes approaching
chance level, particularly when datasets are small or physiologically heterogene-
ous (Buse et al., 2020; Danelakis et al., 2025; Siirtola et al., 2018).
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More recent studies have explored deep learning approaches, including con-
volutional neural networks (CNNs) and recurrent architectures such as long short-
term memory (LSTM) networks. These models are primarily applied to raw or
minimally processed physiological time series, including ECG, blood volume
pulse, accelerometry, and EEG signals (Chiang et al., 2022; Faust et al., 2025;
Gonzalez-Martinez et al., 2022). Deep learning models offer the advantage of au-
tomatic feature learning and the ability to capture temporal dependencies in se-
quential data. For instance, personalized LSTM models trained on wearable sen-
sor signals have demonstrated high sensitivity for predicting migraine onset over
short prediction horizons, such as two hours, in small cohorts of episodic migraine
patients (Gonzalez-Martinez et al., 2022). However, these promising results are
typically obtained in highly individualized settings and do not readily generalize
to broader populations.

Generalized deep learning models are more commonly reported in studies
with access to larger datasets, particularly in cardiovascular or neurological
comorbidity research, where CNN- or LSTM-based architectures have achieved
high AUC values (Chiang et al., 2022). In migraine-specific applications, how-
ever, the use of deep learning is constrained by limited sample sizes, class imbal-
ance, and the lack of external validation (Danelakis et al., 2025; Faust et al.,
2025).

Across both classical and deep learning approaches, several recurring meth-
odological challenges are evident. Most migraine prediction studies rely on small
cohorts (often fewer than 40 participants), which limits statistical power and in-
creases the risk of overfitting (Faust et al., 2025; Stubberud et al., 2023). Class
imbalance, with substantially more headache-free days than migraine days, fur-
ther complicates model training and evaluation (Butt et al., 2025). In addition,
deep learning models suffer from limited interpretability, which remains a critical
concern in clinical decision-making contexts (Danelakis et al., 2025; Moser et al.,
2024).

Taken together, the literature suggests that while deep learning approaches
hold promise for capturing complex temporal patterns, classical ML models com-
bined with carefully engineered features remain the dominant and most reliable
choice for migraine prediction under current data constraints. The strong depend-
ence of predictive performance on individual-specific patterns underscores the
importance of personalized modeling strategies. It motivates experimental designs
that explicitly compare filtered and unfiltered physiological features within sub-
ject-specific frameworks.
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1.6. Conclusions of the First Chapter and
Formulation of the Dissertation Tasks

Based on the conducted literature review, the following conclusions can be drawn.

1.

Wearable multi-sensor physiological recordings provide access to auto-
nomic and behavioral signals that may reflect pre-migraine changes. Car-
diovascular measures, electrodermal activity, skin temperature, and activ-
ity-related variables are among the most frequently studied modalities.
However, reported effect sizes and predictive performance vary substan-
tially across studies and cohorts.

Strong inter-individual heterogeneity is consistently reported. Many stud-
ies demonstrate improved outcomes with participant-specific or person-
alized modeling approaches, suggesting that migraine-related physiolog-
ical patterns differ considerably across individuals.

Comparability across studies remains limited due to heterogeneous prob-
lem formulations and labeling strategies. Differences in prediction hori-
zon, migraine-onset definition, handling of post-attack intervals, and con-
struction of control segments yield performance metrics that often address
different clinical questions.

Publicly available wearable migraine datasets and fully reproducible anal-
ysis pipelines remain scarce. Most studies report aggregated results with-
out providing raw wearable recordings or end-to-end processing code,
limiting reproducibility and making transferability to independent da-
tasets difficult to assess.

The influence of preprocessing and temporal segmentation is insuffi-
ciently explored in the literature. Signal filtering, smoothing, and the
choice of analysis-frame duration can substantially alter feature distribu-
tions and model performance, yet these factors are rarely evaluated sys-
tematically and in a controlled manner.

Although personalized modeling approaches often outperform popula-
tion-level models, the specific contributions of temporal segmentation,
preprocessing, and feature design to predictive performance remain insuf-
ficiently disentangled.

Three hypotheses were formulated as a result of the performed literature sur-

vey:

1.

The nocturnal regime, particularly when restricted to sleep intervals, pro-
vides a more stable physiological context than daytime recordings and is
therefore expected to facilitate the detection of pre-migraine changes in
wearable data.

The duration of the analysis window affects the detectability of pre-mi-
graine patterns, as different temporal scales may either preserve short-
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lived physiological deviations or attenuate them through temporal aggre-
gation.

3. Signal preprocessing influences the stability and informativeness of ex-
tracted features; however, the direction and magnitude of this effect are
not well established and require systematic evaluation across different
temporal resolutions and modeling settings.

To test the proposed hypotheses, the following dissertation tasks were for-

mulated.

1. To construct a reproducible wearable-data processing pipeline for mi-
graine analysis, including participant-level dataset formation, definition
of nocturnal observations, and consistent labeling of pre-migraine and
control periods.

2. To develop and evaluate classification models for distinguishing pre-mi-
graine and control states using wearable-derived physiological signals,
and to quantify the effect of analysis-frame duration on classification per-
formance.

3. To evaluate the influence of key methodological design choices, includ-
ing signal-level preprocessing, and to identify physiologically informa-
tive signals and features associated with pre-migraine changes using sta-
tistical feature analysis and model-based relevance measures.

4. To assess the feasibility of night-level migraine risk estimation from noc-
turnal wearable data using aggregated frame-level information.






Dataset Characterization, Quality
Control, and Temporal Segmentation

This chapter describes the structure and quality of the collected wearable dataset
and provides an exploratory analysis of its main characteristics. The goal is to
establish whether the data are sufficiently stable, complete, and physiologically
coherent to support subsequent segmentation, feature extraction, and predictive
modeling.

The chapter begins with an overview of the research design, participants, and
device configuration. It then describes data export, structuring, labeling, and qual-
ity-control procedures. Next, signal distributions and circadian patterns are exam-
ined to assess inter-individual variability and the stability of nocturnal recordings.
Finally, the effect of nighttime selection and temporal segmentation on data sta-
bility and feature behavior is evaluated. The research results presented in this
chapter have already been partially demonstrated and discussed at the interna-
tional conference “DAMSS” (Kapustynska etal., 2024) and published in
(Kapustynska et al., 2024).

23
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2.1. Research Overview and Analytical Workflow

This section presents the analytical workflow applied to the physiological data
prior to further analysis. It summarizes the main stages of data handling, including
data collection, cloud storage, data export and organization, and subsequent pre-
processing, which precede segmentation, filtering, feature extraction, and ma-
chine learning experiments.

The complete data preparation workflow is illustrated in Figure 2.1.

3. Data Export and
Organization

1. Data Collection 2. Cloud Storage

4. Data Preprocessing
* Migraine diary analysis
* Data labelling
* Missing data assessment
* Signal selection
* Signal quality control
* Pulse rate clipping
* Nighttime data gating

5. Analysis-Ready Dataset

Fig. 2.1. Data preparation workflow

The data processing and analysis pipeline was implemented in Python using
open-source scientific computing libraries.

2.2. Participants and Inclusion Criteria

Nineteen individuals with migraine were enrolled in this research according to
specific inclusion criteria to assess the applicability of wearable biosensor tech-
nology to predict migraine attacks by monitoring changes in the ANS during the
prodrome phase. All participants were instructed to wear the Empatica Embrace
Plus device on the non-dominant wrist and to continue wearing it until at least
three migraine episodes had been documented. The monitoring period per partic-
ipant was heterogeneous, with an average duration of 31.4 £+ 14.5 days. The de-
mographic characteristics and the corresponding number of monitoring days per
participant are provided in Table 2.1.
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Table 2.1. Demographic information and monitoring days of study participants

Subject | Age Sex Migraine type Migraine | Monthly Monitoring
duration migraine | days
(years) headache
days
1 30 M Without aura 7 7
2 29 M With and with- 6 21
out aura
3 33 F Without aura 23 14 52
4 29 M Without aura 23 5 33
5 22 F Without aura 10 8 33
6 31 F Without aura 10 12 68
7 39 F Without aura 5 6 20
8 29 F Without aura 20 5 40
9 62 M Without aura 29 7 25
10 26 M Without aura 9 6 23
11 62 M Without aura 28 7 34
12 32 F Without aura 5 6 49
13 35 M Without aura 8 12 20
14 40 F With and with- 28 8 20
out aura
15 29 F Without aura 4 22
16 49 F Without aura 11 48
17 31 M Without aura 12 5 27
18 27 F With and with- 11 10 30
out aura
19 27 F Without aura 22 10 24

Note: F - Female, M — Male.

To minimize external influences on ANS variability and to ensure data reli-
ability, participants were enrolled according to clearly defined inclusion and ex-
clusion criteria. These criteria were designed to promote consistency in physio-
logical responses and to control for potential confounders, including medication
use and comorbid conditions. The recruitment process, medical eligibility assess-
ment, and informed consent procedures were supervised by a board-certified neu-
rologist to ensure compliance with clinical and ethical standards.
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Participants were eligible for inclusion if they were 18 years of age or older,
had a diagnosis of episodic migraine with or without aura according to the Inter-
national Classification of Headache Disorders, 3rd edition (ICHD-3), reported at
least four migraine attacks per month, and were able to understand and follow the
research procedures in Lithuanian.

Exclusion criteria included pregnancy or breastfeeding, a diagnosis of
chronic or hemiplegic migraine, other primary headache disorders (except infre-
quent episodic tension-type headache), the use of preventive migraine therapy, or
the use of medications known to affect the autonomic nervous system, including
antidepressants, anticholinergics, antihypertensives, antiepileptics, opioids, and
muscle relaxants. Participants with other chronic pain conditions were also ex-
cluded.

2.3. Device and Physiological Signals

The Empatica Embrace Plus wearable device (Empatica Inc., Milan, Italy;
Fig. 2.2) was selected for this research for its ability to continuously record raw
physiological data over extended periods (up to 14 days) and to provide clinically
validated digital biomarkers relevant to ANS activity.

Fig. 2.2. Empatica Embrace Plus wristband used for data collection

The Embrace Plus is certified as a Class Ila medical device under the Euro-
pean Medical Device Regulation (MDR 2017/745) and is approved for use in clin-
ical investigations. This classification ensures that all physiological signals are
acquired using medically validated sensors and signal-processing algorithms ap-
proved for medical use. Data were accessed via the Empatica Health Monitoring
cloud Platform and subsequently used for data preparation.
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In this research, digital biomarkers obtained from the Empatica Embrace Plus
were used to capture a range of physiological parameters relevant to ANS dynam-
ics and physical activity. The available raw and derived signals, along with their
physiological interpretation, measurement units, and estimation principles, are de-
scribed below.

1.

10.

11.

Accelerometer magnitude standard deviation (Acc): Average standard de-
viation of the magnitude of the 3-axis acceleration signal, measured in
gravitational units (g). Reflects physical movement and body orientation
(Maczak et al., 2021).

Activity counts (ACT): Continuous estimation of movement intensity, de-
rived from accelerometer data, expressed in arbitrary units (au).
Electrodermal activity (EDA): Continuous monitoring of the level of skin
conductance, indicative of activation of the sympathetic nervous system,
measured in microsiemens (uS) (Shaffer et al., 2016).

Metabolic equivalent of task (MET): Continuous estimation of energy ex-
penditure during physical activity, expressed in metabolic equivalents
(MET) (Lustrek et al., 2012).

Pulse rate variability (RMSSD): Intermittent monitoring of pulse rate var-
iability, calculated as the root mean square of successive differences be-
tween consecutive systolic peaks, measured in milliseconds (ms) (Li
et al., 2023; Zhang et al., 2024).

Pulse rate (PR): Continuous monitoring of heart rate, measured in beats
per minute (bpm) (Sanches et al., 2023).

Respiratory rate (RR): Intermittent monitoring of breathing rate, meas-
ured in breaths per minute (breaths/min), typically derived from PPG and
accelerometer signals (Kozumplik et al., 2021; Meredith et al., 2012).
Sleep detection stage (SDS): Classification of sleep periods and transi-
tions (e.g., onset of sleep, awakening) based on activity and physiological
signal patterns (Ahmadi et al., 2020; Radha et al., 2021).

Step counts: Continuous monitoring of the number of steps taken, meas-
ured in steps, derived from accelerometer data.

Skin temperature (SkinTEMP): Continuous monitoring of peripheral skin
surface temperature, measured in degrees Celsius (°C).

Wearing detection: Estimation of device wear compliance, reported as the
proportion of time the device is worn, expressed as a percentage (%).

2.4. Data Export, Organization, and Quality Control

This section describes the procedure for exporting physiological recordings from
the Empatica Health Monitoring cloud Platform and organizing them into a
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structured format suitable for subsequent analysis. Recordings were exported as
daily measurement streams and subsequently consolidated into unified data files
for each participant.

Because the exported data were distributed across multiple recording ses-
sions and device-specific folders, an automated organization procedure was ap-
plied to identify recordings, associate device identifiers with participants, and
merge temporally aligned streams into continuous monitoring records.

The complete workflow is summarized in Algorithm 1.

Algorithm 1. Empatica data export, consolidation, and clinical cross-check procedure

Input: Empatica export directory R organized into date-wise folders; participant-device mapping
M linking device identifiers to participant identifiers; diary labels L; clinician summary C
Output: Participant-level spreadsheet files {Xp} and cross-check summary table T
1: Initialize an empty data structure D for participant-level recording sessions.
2: Automatically scan directory R to locate all exported recording folders.
3: for detected recording folders do

Extract recording date and device identifier from the folder path.

Verify participant identifier using mapping M.

if the participant identifier is not found then

Skip the folder and record an inconsistency.

Load all CSV streams contained in the folder.

Set timestapm_iso as the temporal index.

Merge streams into a time-aligned session table.

Remove auxiliary columns and duplicated streams.

Append the session table to participant records D[p].

end for
4: for all participants p in D do

Concatenate all sessions chronologically.

Standardize temporal and annotation fields.

Export consolidated records as a spreadsheet Xp.

end for
5: Initialize cross-check summary table T.
6: for all participants p do

Determine monitoring start and end dates.

Compute the number of monitoring days.

Count migraine attacks using diary labels.

Add summary statistics to table T.

end for
7: Compare table T with the clinician-provided summary C.
8: Report inconsistencies for verification.
9: return {Xp}, T.

Consolidating the recordings into a standardized structure enables systematic
quality control, allowing the monitoring period to be tracked consistently, cohort-
and participant-level completeness to be quantified, and the influence of subse-
quent preprocessing steps on data availability and stability to be evaluated.
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After consolidation, 19 spreadsheets (.xIsx) were created, one per participant.
Each file contains a standardized temporal index (timestamp_datetime), an anno-
tation column (Labels), and a set of numeric streams corresponding to the device
digital biomarkers and contextual quality signals, including Acc (accelerome-
ters_std_g), ACT (activity_counts), EDA (eda_scl_usiemens), MET (met), PR
(pulse_rate_bpm), PRV (prv_rmssd_ms), RR (respiratory rate_brpm), SDS
(sleep_detection_stage), step counts (step_counts), SKinTEMP (temperature_cel-
sius), and wearing detection (wearing_detection_percentage).

The Labels column was obtained by digitizing participants’ migraine diaries.
A clinician verified the digitized diaries before further processing. A value of 0
indicates the absence of migraine, whereas a value of 1 indicates the presence of
migraine.

2.4.1. Missingness and Signal Exclusion

Cohort-level missingness was then quantified for all biomarkers. The results indi-
cate that RR and PRV contain a substantial proportion of missing values, with
participant-level averages typically exceeding 70%. This level of incompleteness
reduces their comparability and statistical reliability in cross-subject analyses.

Summary statistics of missingness for the signals across all 19 participants
are reported in Table 2.2.

Table 2.2. Percentage of missing values across signals and all participants

Signal Missing values, %
Accelerometers 12.37
Activity counts 12.37
Electrodermal activity 12.37
Metabolic equivalent of task 12.37
Pulse rate variability 75.05
Pulse rate 12.37
Respiratory rate 72.47
Sleep detection stage 12.37
Step counts 12.37
Skin temperature 12.37
Wearing detection 10.74

Note: Boldface highlights signals with excessive missing data excluded from further anal-
ysis.
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Notably, data collection was performed using four Empatica Embrace Plus
devices across the cohort. The high missingness observed in RR and PRV was
present across recordings from multiple devices, suggesting that it is not specific
to a single unit.

For each participant, the total number of observations was recorded. Because
the RR and PRV streams exhibited excessive missingness, they were excluded
from further analyses. A complete-case filter was then applied to the remaining
streams by removing rows with missing values in any retained signal. The re-
sulting participant-level completeness summary is reported in Table 2.3.

Table 2.3. Summary of total, missing, and complete observations per participant

Subject | Rows total Rows with NaN Rows complete | Removed, %
1 8640 1728 6912 20.00
2 30240 6561 23679 21.70
3 38880 5020 33860 12.91
4 47520 3751 43769 7.89
5 47520 3445 44075 7.25
6 97920 21454 76466 21.91
7 28800 2283 26517 7.93
8 57600 14421 43179 25.04
9 36000 2415 33585 6.71
10 33120 2529 30591 7.64
11 48960 5250 43710 10.72
12 70560 9808 60752 13.90
13 28800 4198 24602 14.58
14 28800 2568 26232 8.92
15 31680 2531 29149 7.99
16 69120 12442 56678 18.00
17 38880 6680 32200 17.18
18 43200 2850 40350 6.60
19 34560 3014 31546 8.72

Overall, missingness after excluding RR and PRV was moderate and broadly
comparable across participants, suggesting sufficient consistency in recording
coverage for cohort-level analyses. At the same time, the remaining proportion of
complete observations varied by participant, indicating that downstream
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comparisons should account for between-subject heterogeneity in effective data
availability.

2.4.2. Circadian Profiles and Inter-Individual Variability

The physiological and activity signals were examined to contextualize inter-indi-
vidual variability and to screen for potential artifacts. For each signal retained for
analysis, two complementary visual summaries were generated.

First, cohort-level circadian profiles were computed as hourly summaries.
For each participant, signal values were aggregated by hour of day over the entire
monitoring period, and hourly distribution statistics were estimated. Cohort-level
profiles were then formed by taking, at each hour, the median across participants
so that each participant contributed equally. An uncertainty band was defined us-
ing the interquartile range, corresponding to the 25th and 75th percentiles across
participants. This representation highlights common time-of-day structure while
limiting the influence of outliers and uneven recording density.

Second, participant-level heterogeneity was summarized using per-partici-
pant boxplots computed from all available observations for each participant.
These boxplots report the median and interquartile range, with extreme values
shown as outliers, thereby providing a compact view of between-subject differ-
ences in signal level and dispersion.

Across the cohort, pulse rate exhibited a clear circadian structure. The cohort
median was lower during nighttime hours, increased in the morning, remained
relatively stable throughout the day, and gradually declined toward late evening,
as shown in Figure 2.3.
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Fig. 2.3. Circadian pulse rate profile across the cohort

This circadian profile indicates that physiologically plausible diurnal dynam-
ics were preserved in the recordings and suggests that the observed variability
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cannot be explained solely by noise or differences in data availability. Participant-
level boxplots further revealed substantial inter-individual heterogeneity in both
the central tendency and dispersion of PR, as shown in Figure 2.4, highlighting
the need for normalization and explicit quality-control procedures in cross-subject
comparisons.
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Fig. 2.4. Inter-individual distribution of pulse rate

Finally, the presence of occasional extreme outliers with implausibly high
PR values, as shown in Figure 2.4, is consistent with PPG-related artifacts and or
estimation errors during motion. Therefore, outlier handling using physiologically
constrained rules, such as PR clipping, should be applied before feature extraction
and model training to improve the stability and interpretability of downstream re-
sults.

Across the cohort, SKinTEMP exhibited a clear circadian pattern. The cohort-
level median was higher during the late evening and night, decreased toward the
morning, and then gradually increased again toward the evening, as shown in Fig-

ure 2.5.
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Fig. 2.5. Circadian skin temperature profile across the cohort
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This pattern is consistent with physiologically plausible peripheral ther-
moregulation and indicates that the recordings preserve meaningful diurnal organ-
ization. The cohort interquartile range varied across the day, with broader be-
tween-subject dispersion typically observed during daytime compared to
nocturnal hours, suggesting that inter-individual variability is not uniform and
may be amplified by naturalistic contextual factors, including day-to-day differ-
ences in physical activity, ambient environmental conditions, and variability in
device—skin contact stability. Participant-wise boxplots further demonstrated sys-
tematic differences in baseline SKinTEMP levels, with median shifts across indi-
viduals, as shown in Figure 2.6, underscoring the need for normalization and ro-
bust preprocessing in cross-subject analyses.
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Fig. 2.6. Inter-individual distribution of skin temperature

Finally, occasional extreme values visible in the boxplots likely reflect meas-
urement artifacts, such as transient loss of sensor contact or brief exposure to ex-
ternal temperature changes, and therefore, warrant explicit quality-control steps,
including artifact handling and exclusion of unreliable intervals, before feature
extraction and model training.

For the EDA visual analyses, a logarithmic transformation using loglp was
applied before aggregation and plotting. This choice was motivated by the
strongly right-skewed, heavy-tailed distribution of EDA values and by frequent
high-amplitude excursions in the raw recordings. As illustrated by the participant-
level boxplots in Figure 2.7, EDA exhibited pronounced upper tails and numerous
extreme observations across participants, consistent with event-like sympathetic
activations and, in part, potential measurement artifacts.
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Electrodermal activity.

9 10 11 12 13 14
Participant

Fig. 2.7. Inter-individual distribution of electrodermal activity

Under these conditions, the loglp transform attenuated the disproportionate
influence of rare high-amplitude peaks, reduced heteroscedasticity, and enabled
more interpretable cohort-level summaries while preserving informative high-re-
sponse episodes.

In contrast to pulse rate and skin temperature, which exhibited clear and
physiologically plausible circadian organization at the cohort level in Figs. 2.4
2.7, EDA did not yield a smooth diurnal pattern. Instead, the cohort median re-
mained comparatively low and only weakly dependent on time of day, whereas
the interquartile range and participant-specific profiles revealed substantial be-
tween-subject heterogeneity and intermittent elevations, as shown in Figure 2.8.
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Fig. 2.8. Circadian electrodermal activity profile across the cohort

Therefore, EDA variability was governed less by a stable diurnal pattern and
more by pronounced inter-individual differences and intermittently occurring ex-
cursions. This finding supports the use of robust preprocessing prior to down-
stream inference, including log transformation, participant-wise normalization,
and explicit quality-control procedures, because analyses performed on the un-
transformed EDA scale may be unduly influenced by a limited number of high-
amplitude episodes and participants with systematically elevated levels.
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ACT displayed a well-defined circadian organization: values were near zero
during nocturnal hours, increased after morning onset, remained elevated through-
out the daytime period, and declined toward late evening, as shown in Figure 2.9.
This profile indicates that the activity stream primarily reflects structured behav-
ioral dynamics under unconstrained real-world monitoring conditions.
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Fig. 2.9. Circadian activity counts profile across the cohort

Inter-participant variability in ACT was strongly time-dependent. The cohort
IQR was minimal during nocturnal hours and maximal during daytime hours,
which is consistent with activity being modulated by individual routines and het-
erogeneous daily demands, as well as by contextual influences such as mobility
patterns and environment. This point is important for interpretation because day-
time context is expected to amplify between-subject differences, thereby reducing
comparability across participants and complicating cohort-level modeling when
data are pooled without additional stratification or normalization.

Participant-level boxplots further confirmed substantial heterogeneity in both
the central tendency and dispersion of ACT across subjects, as shown in Figure
2.10. Some participants exhibited wide distributions with pronounced upper tails,
indicating high within-subject variability over the monitoring period, whereas oth-
ers showed more compact ranges, consistent with more stable daily activity pat-
terns or less variable exposure to activity-inducing contexts.
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In addition, ACT distributions were typically right-skewed and contained oc-
casional extreme peaks. This pattern supports the use of participant-wise normal-
ization and robust artifact handling prior to feature extraction, particularly in
cross-subject analyses where a small number of high-activity episodes can other-
wise dominate summary statistics and downstream learning signals.

For the accelerometer-derived variability measure Acc, a physiologically ex-
pected circadian organization was observed, as shown in Figure 2.11. Values were
close to zero during nocturnal hours, increased after morning onset, remained el-
evated with pronounced fluctuations throughout daytime, and decreased toward
late evening.
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Fig. 2.11. Circadian accelerometer magnitude profile across the cohort

This pattern indicates that the Acc stream captures movement-related behav-
ior and the sleep—wake regime. Inter-individual variability was not constant across
the day. Nocturnal hours exhibited a more stable and constrained regime, whereas
daytime variability increased, consistent with differences in daily routines, activ-
ity intensity, and naturalistic contextual factors, including occupational demands,
commuting, and environmental constraints. Consequently, daytime intervals are
expected to amplify cross-subject differences and reduce comparability unless
participant-wise normalization and explicit quality control are applied.

Participant-level distributions of Acc, shown in Figure 2.12, further demon-
strate substantial heterogeneity in both median level and dispersion. Some partic-
ipants exhibited wide distributions with long upper tails, indicating greater within-
subject variability over the monitoring period, whereas others showed more com-
pact ranges, consistent with lower, more regular activity levels.

Rare high peaks and pronounced right tails were also evident in the partici-
pant-level distributions, as shown in Figure 2.12. Such behavior is typical for ac-
celerometer-derived metrics and reflects episodic bursts of high-intensity move-
ment. These properties motivate the use of robust scaling and explicit treatment
of extreme values during preprocessing and feature extraction, particularly in
cross-participant analyses where a small number of high-amplitude episodes can
otherwise dominate cohort summaries and bias model fitting.
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Fig. 2.12. Inter-individual distribution of accelerometer magnitude

At the cohort level, Acc remained consistently low during nocturnal hours,
as shown in Figure 2.11, supporting prioritizing nocturnal segments for down-
stream modeling because the nighttime regime is more stable and less influenced
by behavioral confounders, while daytime movement patterns introduce stronger
contextual variability and inter-individual heterogeneity.

For the MET measure, an expected diurnal pattern was observed, consistent
with its interpretation as a proxy for energy expenditure and activity intensity, as
shown in Figure 2.13.
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Fig. 2.13. Circadian metabolic equivalent of task profile across the cohort

During nocturnal hours, the cohort median remains close to the baseline level
at approximately 1 MET, followed by a morning increase and a higher daytime
plateau, with a gradual decline toward late evening, as shown in Figure 2.13. This
profile indicates that the MET stream preserves physiologically plausible circa-
dian organization and primarily reflects changes in behavioral regime.

Between-subject variability in MET is strongly time dependent. As shown in
Figure 2.13, the interquartile range is minimal at night and increases substantially
during daytime hours, as expected because daytime energy expenditure is shaped
by individual routines, occupational demands, and broader contextual factors.
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Consequently, daytime segments are likely to amplify cross-participant differ-
ences and, in pooled analyses, require normalization and robust preprocessing to
ensure valid comparability.

Participant-level boxplots further confirm pronounced heterogeneity in MET
distributions (Fig. 2.14). Participants differ both in their typical level and disper-
sion, and the distributions often exhibit long right tails with occasional high peaks.
These properties motivate the use of participant-wise normalization and robust
outlier-handling procedures before feature extraction and model training, particu-
larly in cross-subject settings.
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Fig. 2.14. Inter-individual distribution of metabolic equivalent of task

Such asymmetry is typical of activity-derived measures, which are dominated by
low-to-moderate values interspersed with episodic bursts of higher intensity. This dis-
tributional shape supports robust scaling and the explicit handling of extreme obser-
vations during feature extraction, particularly in generalized modeling settings where
between-subject differences can otherwise dominate the learning signal. Overall, the
audited recordings preserved coherent circadian organization and sleep-related struc-
ture, while also exhibiting substantial inter-individual heterogeneity and occasional
artifacts across multiple streams.

2.5. Data Labeling and Night Definition

This section focuses on the labeling of nocturnal segments to investigate whether
differences exist between nights preceding migraine-free days and nights preced-
ing migraine days. For this purpose, it was first necessary to define a consistent
operational definition of nighttime sleep for subsequent labeling procedures.

2.5.1. Sleep Detection Stage and Sleep Gating

The SDS biomarker provided by the Empatica Embrace Plus device was used to
identify sleep-related epochs. SDS represents a device-derived categorical state
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indicating whether the participant is classified as awake or in a sleep-related con-
dition at a given time point. Table 2.4 summarizes the SDS states used in this
research.

Table 2.4. Classification of the Sleep Detection Stage values

Value Description

0 Wakefulness

101 Sleep — primary criterion for identifying valid sleep periods
102 Wake episodes occurring during sleep

300 Transient interruptions during sleep

In subsequent analyses, all non-zero SDS values were treated as sleep-related
states. This rule enabled consistent identification of sleep-related intervals across
participants.

To define nighttime sleep at the cohort level, the daily timing of non-zero
SDS values was examined. For each participant, all timestamps were grouped by
hour of day (0-23), and the share of samples with SDS not equal to zero was
calculated for each hour. In Figure 2.15, this hourly profile is shown at the cohort
level in two ways: (i) an average of the participant-specific hourly profiles, and
(ii) a pooled estimate based on all samples combined, which gives more weight to
participants with denser recordings. The results show that non-zero SDS values
occur mainly at night and are rare during the day, supporting the use of SDS to
identify nocturnal sleep intervals.
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Fig. 2.15. Circadian profile of non-zero Sleep Detection Stage values

In addition, a participant-level heat map illustrating the hourly distribution of
non-zero SDS values is shown in Figure 2.16. This visualization reveals inter-
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individual variability in sleep timing and transition periods while preserving a
consistent circadian structure across the cohort. Most participants exhibited
clearly defined nighttime sleep patterns, although several individuals demon-
strated broader or shifted sleep intervals, indicating heterogeneity in sleep—wake
behavior and recording conditions.

1,

5]

3,

41 |

4 08

7] i

o ;

w

E 8 0.6 0
g 9] g
g 10 5
£ 114 £
£ 121 r0.4 3,

13 e

14 &

15

16 1 0.2

17 4

18

B e e —————— V]

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour of day

Fig. 2.16. Inter-individual variability in circadian SDS patterns

Based on these observations, nighttime sleep was operationally defined as
intervals between 18:00 and 09:00 during which SDS values were non-zero.
Nights following migraine days were excluded to minimize potential postdromal
effects and to reduce deviations from baseline physiological conditions.

2.5.2. Class Counts Across Analysis Frames

After applying nighttime gating and labeling rules, the number of pre-migraine
and baseline samples was quantified for each participant. Because this research
further investigates the effect of dividing nocturnal sleep into analysis frames
ranging from 5 to 120 minutes, Table 2.5 reports the number of pre-migraine and
control samples obtained for each participant across analysis-frame durations.

Table 2.5. Class counts per participant and analysis frame duration (label 0/label 1)

Subject | 5min 10 min 30 min 60 min 90 min 120 min
1 72/269 37/137 13/49 7127 5/18 4/15
2 1089/248 550/126 189/45 101/24 72/17 58/13
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End of Table 2.5

Subject | 5min 10 min 30 min 60 min 90 min 120 min
3 1353/538 686/273 241/95 132/51 94/36 74127
4 2671/293 1350/149 466/52 247/29 170/19 135/16
5 4202/470 2106/236 710/79 362/40 246/28 176/20
6 3746/692 1903/352 669/123 360/66 258/45 201/38
7

8

9

1141/420 578/212 199/73 103/38 74128 55/20
2225/776 1124/392 394/138 208/72 146/52 110/40
1355/904 684/457 236/161 127/87 88/62 71/44

10 1121/501 568/253 197/89 103/48 78/35 58/28
11 2089/714 1057/363 368/125 193/66 139/47 110/37
12 2982/603 1510/304 527/105 278/54 200/40 158/30
13 628/517 319/261 110/92 58/49 42/35 33/28
14 960/589 485/300 167/106 88/55 61/40 48/28
15 1465/304 741/152 257/52 138/28 99/20 75/14
16 3486/321 1763/163 610/57 322/31 226/22 177/16
17 1171/904 591/458 202/160 107/85 77/61 58/45
18 1848/383 935/193 326/67 173/35 120/24 98/19
19 886/1119 444/566 154/196 83/105 57/77 44/57

2.6. Temporal Segmentation and Window-Level
Analysis

Previous analyses showed that the number of nights associated with migraine or
prodromal states remains limited in the available dataset. Consequently, the re-
search operates under conditions of a relatively small number of positive obser-
vations and inherent class imbalance.

This analysis investigates how the choice of temporal analysis frame influ-
ences the statistical properties of physiological signals during nocturnal sleep and
the feasibility of subsequent modeling.
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2.6.1. Temporal Resolution and Signal Stability

The analysis was conducted on nocturnal recordings restricted to sleep intervals
defined by non-zero SDS values. This restriction ensured that comparisons were
performed within a physiologically consistent sleep regime.

For each night and each modality, recordings were partitioned into non-over-
lapping windows of 5, 10, 30, 60, 90, and 120 minutes.

The effect of window duration on signal stability is summarized in Figure
2.17, which presents cohort-level trends across six physiological modalities, such
as PR, EDA, SKInTEMP, Acc, ACT, and MET. Stability was quantified using a
robust coefficient of variation computed within each window and aggregated
across participants.

510 30 60 90 120 510 30 60 90 120

510 30 60 920 120 510 30 60 20 120

510 30 60 90 120 510 30 60 20 120
<) f)

Analysis frame duration. minutes Analysis frame duration, minutes
Fig. 2.17. Window-level stability across temporal resolutions during sleep:

(@) pulse rate; (b) electrodermal activity; (c) skin temperature; (d) accelerometry
magnitude; (e) activity counts; and (f) metabolic equivalent

As shown in Figure 2.17, short windows of 5-10 minutes preserve higher
variability, reflecting short-term physiological fluctuations occurring during
sleep. As window duration increases, variability decreases across most modalities,
indicating stronger temporal averaging and smoother signal representations.
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This transition becomes more pronounced beyond 30-minute windows,
where signals exhibit more stable behavior and reduced sensitivity to transient
changes. The effect is particularly strong in movement-related modalities, while
physiological signals such as pulse rate and skin temperature demonstrate a more
gradual stabilization.

These results indicate that window length represents a trade-off: shorter win-
dows preserve temporal detail and provide more samples, whereas longer win-
dows improve numerical stability but reduce data availability.

2.6.2. Data Availability and Signal-Level Differences

To evaluate the suitability of window-level representations for subsequent mod-
eling, the analysis considered data availability and the presence of label-related
differences.

Night recordings were segmented into non-overlapping windows of 5, 10,
30, 60, 90, and 120 minutes. For each window, a set of statistical descriptors was
computed.

First, data availability was assessed. Data availability was defined as the pro-
portion of participant—signal combinations for which statistical descriptors could
be reliably computed at a given window length. A feature was considered valid
only when at least 30 windows with finite values were available.

In general, high data availability was observed across most signals. However,
as the window duration increased, availability gradually decreased due to fewer
windows per night. This reduction reflects limited recording duration and implies
that longer windows may favor participants with more complete data.

Next, label-related differences were examined at the signal level. For each
signal and window length, the statistical descriptor providing the strongest sepa-
ration between labels was identified. The strength of separation was quantified
using the absolute value of Cliff’s delta. Results are summarized in Figure 2.18.
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Fig. 2.18. Best label-separating feature by signal and window length
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The results indicate that the degree of separation depends on both signal mo-
dality and window length. For several signals, larger differences appear at inter-
mediate window durations, where sufficient data volume is retained while statis-
tical estimates become less noisy.

No single signal demonstrates consistently strong separation across all win-
dow lengths, suggesting that informative patterns are signal-dependent and con-
text-dependent.

Overall, the results show that the analysis frame duration affects both data
availability and the detectability of label-related differences at the signal level.
These findings provide a basis for selecting temporal resolution in subsequent
modeling experiments.

2.7. Conclusions of the Second Chapter

1. Within the quality-control procedures, all Empatica Embrace Plus bi-
omarkers were assessed for missingness. Most signals showed compara-
ble and moderate incompleteness (~12.37%), whereas PRV and RR ex-
hibited excessive missingness (>70%). After excluding PRV and RR, the
remaining physiological and activity streams were sufficiently complete
and internally consistent for cohort-level analysis. These retained signals
also preserved physiologically plausible circadian organization, support-
ing their suitability for subsequent modeling.

2. The segmentation analysis showed that nighttime recordings are more
stable than daytime data: within-segment variability is lower, and be-
tween-participant dispersion is reduced, suggesting that nighttime repre-
sents a more stationary physiological regime and therefore provides a
more controlled setting for further analysis.

3. Further restricting nighttime data to sleep-related epochs (non-zero SDS)
consistently reduced signal variability across most modalities, with the
strongest stabilization observed in movement- and activity-related chan-
nels.

4. The analysis of temporal segmentation and signal-level differences indi-
cates that the detectability of pre-migraine patterns depends on both the
physiological modality and the chosen temporal resolution. No single sig-
nal or window length provides consistently strong differentiation, sug-
gesting that informative patterns are context-dependent.



Experimental Framework and
Evaluation

This chapter presents the experimental evaluation of the proposed framework for
analyzing wearable physiological signals in migraine research. The experiments
were designed to investigate the detectability of pre-migraine patterns in nocturnal
data and to assess how methodological choices influence classification perfor-
mance and the feasibility of risk estimation.

The evaluation was conducted in two stages: the first stage had an explora-
tory character and focused on initial analysis of classification performance under
a less strict validation setting; and the second stage employed a stricter validation
protocol based on independent nocturnal observations and was used to assess the
robustness of the obtained results under more realistic conditions.

Across these stages, the experiments examined the effects of temporal seg-
mentation, preprocessing, feature representation, and model choice. In addition to
classification, the practical feasibility of estimating night-level migraine risk and
predicting next-day outcomes from nocturnal wearable data was also evaluated
(Kapustynska et al., 2024, 2025).

45
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3.1. Objectives of the Experiment

The experimental research was designed to evaluate a unified methodological
framework for migraine classification and prediction using wearable physiologi-
cal signals. Due to the longitudinal nature of data collection and the cohort’s grad-
ual expansion, the evaluation was conducted in two phases.

Phase A included data from 10 participants and focused on exploratory indi-
vidualized classification and statistical feature analysis. In this phase, nocturnal
recordings were segmented into analysis frames of varying duration, and for each
frame, a set of 78 statistical features was computed. Individualized binary classi-
fication was performed at the level of analysis frames derived from nocturnal re-
cordings. Training and evaluation were conducted on frame-level samples, ena-
bling comparisons across different analysis-frame durations and classifier
configurations. In addition, one-way ANOVA was applied separately for each
feature and each analysis-frame duration to identify class-related differences be-
tween pre-migraine and control nights. These analyses were previously reported
in (Kapustynska et al., 2024, 2025).

Phase B expanded the cohort to 19 participants and introduced a stricter,
more comprehensive evaluation framework. In this phase, classification analysis
was conducted at the cohort level using frame-level splitting, followed by night-
level splitting, treating each night as an independent observational unit. The fea-
ture space included 78 statistical features and 6 additional dynamic features. The
effects of temporal segmentation, signal filtering, and feature representation on
classification performance were systematically assessed on the expanded sample.

Phase B also included model-based feature analysis. Feature importance was
evaluated across repeated runs, and the recurrence of top-ranked features was an-
alyzed across classifiers and analysis-frame durations. In addition, a reduced fea-
ture subset was constructed from recurrent predictors and compared with the full
feature set in order to assess the effect of feature-space reduction on model ro-
bustness and predictive performance.

In addition to cohort-level classification, Phase B included night-level esti-
mation of migraine risk and individualized next-day prediction. In this setting,
models were trained on analysis-frame-level feature vectors, while final night-
level decisions were obtained by aggregating frame-level model outputs. Hy-
perparameter optimization was performed using RandomizedSearchCV with
GroupKFold cross-validation, where grouping was defined by night identifiers to
prevent information leakage between frames from the same night.

The objectives of the experimental research were defined as follows:

1. To develop and evaluate individualized and cohort-level classification
models for distinguishing pre-migraine and control states using wearable
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physiological signals, and to quantify the effect of analysis-frame duration on
classification performance.

2. To evaluate the effect of signal filtering on classification performance.

3. To identify physiologically informative features and signals contributing
to classification using feature-level statistical analysis and model-based relevance
measures.

4. To assess the feasibility of night-level migraine risk estimation using ag-
gregated frame-level information.

3.2. Experimental Design Overview

The experimental workflow for achieving the defined objectives is illustrated in
Figure 3.1.

3. Classification Task

1. Data preparation
* Analysis-ready dataset
* Night selection (sleep gating)
« Pre-ictal vs control labelling
« Segmentation into analysis frames
* ANOVA-based feature ranking

2. Classification Task
(Phase A)
+ Frame-level feature extraction
+ Frame-level train/test split
+ Model training (5 classifiers)
+ Frame-level evaluation

(Phase B)
« Frame-level feature extraction
+ Test/train split by night
* Model training (5 classifiers)
+ Filtering (4 techniques)
+ Feature reduction methods

+ Model evaluation

l

4. Migraine Prediction Task
(Phase B)
* Next-day migraine prediction
* Analysis frame effects
* Model training and evaluation
« Prediction performance assessment

l

5. Deployment Feasibility
and Study Limitations
+ Feasibility of real-time implementation
+ System design implications
* Main conclusions
« Study limitations

Fig. 3.1. Experimental workflow

The workflow is based on a dataset prepared using the preprocessing pipeline
described in Chapter 2. All subsequent analyses operate on nocturnal recordings
extracted using the sleep-gating procedure. Individual nights are considered the
primary observational units; however, modeling is performed at multiple temporal
resolutions defined by analysis-frame duration. Only valid gated nights are in-
cluded in the experiments.



48 3. EXPERIMENTAL FRAMEWORK AND EVALUATION

After night extraction, each night is segmented into analysis frames with du-
rations ranging from 5 to 120 minutes. This segmentation enables investigation of
how analysis-frame duration affects classification performance and subsequent
night-level risk estimation. For each frame, feature vectors are computed based
on physiological signals. Feature normalization is performed using parameters es-
timated solely from the training data and then applied to the test data, ensuring
consistency in the evaluation procedure.

The workflow includes two main analytical components.

First, a binary classification task is performed to distinguish pre-migraine
nights from control nights. In Phases A and B, classification is initially conducted
at the analysis-frame level using frame-level samples. This setup enables a con-
trolled comparison of methodological factors, such as analysis-frame duration and
classifier choice, but does not enforce strict independence between the training
and test data. In Phase B, the analysis is extended by introducing a stricter valida-
tion setting based on night-level splitting, in which entire nights are assigned ex-
clusively to either the training or the test set. Under this protocol, classification is
performed using night-based representations constructed from frame-level fea-
tures, enabling evaluation under leakage-free conditions.

Five classifiers are evaluated under a unified procedure: XGBoost, Histo-
gram Gradient Boosting, Random Forest, Support Vector Machine, and k-Nearest
Neighbors. Classification performance is assessed using standard metrics, with
primary emphasis on the F1-score. In addition, feature-level statistical analysis
using one-way ANOVA (Fisher, 1992; Ridgman, 1990) is applied to identify fea-
tures exhibiting class-related differences and to support interpretation of model
behavior. In Phase B, additional experiments are conducted to evaluate the effects
of signal filtering and feature-space reduction on classification performance.

Second, Phase B includes an additional experiment evaluating the feasibility
of estimating night-level migraine risk and predicting next-day migraine. In this
setting, models are trained on analysis-frame-level feature vectors, while final pre-
dictions are generated at the night level by aggregating frame-level model outputs.
This setup allows assessment of how temporal aggregation and modeling choices
influence predictive performance under night-based evaluation.

Finally, the experimental results are summarized from a system perspective
to assess deployment feasibility and derive implications for a future real-time im-
plementation, including considerations of temporal resolution, signal selection,
and computational constraints.
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3.3. Task Definition and Labeling Rules

This research defines binary classification and prediction tasks based on nocturnal
wearable recordings. The same labeling rules are applied consistently across all
experimental settings.

The overall objective is to use physiological data recorded the previous night
to determine whether a migraine occurs the following day. Nighttime intervals are
defined using the nocturnal gating procedure described in Section 2.5.1 and span
the time window from 18:00 to 09:00.

For each night, the target label is assigned according to the calendar day fol-
lowing the end of that nocturnal interval. A night is labeled as positive if at least
one migraine event is recorded at any time during the following calendar day. If
no migraine events are recorded during that day, the night is labeled as a control.

Importantly, the labeling rule is based on the full next calendar day. There-
fore, if a migraine event occurs early in the morning of the target day, for example,
at 07:00, the corresponding preceding night is still assigned a positive label. Thus,
each nocturnal recording is linked to the full next-day outcome.

3.4. Feature Representation

The feature extraction stage transforms wearable-derived physiological record-
ings into structured numerical representations suitable for supervised learning.
Standard time-domain statistics and signal-shape characteristics were used to en-
sure interpretability and reproducibility.

All features were computed in Python using NumPy and pandas (Galli,
2021). For each analysis frame, the same feature set was computed independently
for each signal channel. In the baseline representation, 13 features were extracted
per signal, yielding 78 features across 6 signals. In selected experiments, a reduced
subset was used to improve robustness.

The static features were grouped into three types. Central tendency features,
such as mean and median, describe the typical signal level. Variability features:
standard deviation, minimum, maximum, and root-mean-square describe disper-
sion. Shape-related features such as peak value, crest factor, clearance factor, im-
pulse factor, shape factor, skewness, and kurtosis describe amplitude, asymmetry,
and deviations from Gaussian behavior.

In Phase B, the feature space was extended with dynamic characteristics de-
scribing transitions between consecutive analysis frames within the same night.
While the static feature set captures within-window properties of physiological
signals, the dynamic representation was introduced to quantify short-term tem-
poral changes across adjacent intervals.
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For each analysis frame, a vector of mean values across all signal channels
was computed. This vector was then compared with the corresponding vector
from the preceding frame of the same night. The resulting dynamic features de-
scribe how the overall physiological profile evolves over time rather than its ab-
solute level.

The dynamic representation includes several complementary descriptors.
First, the magnitude of change between consecutive frames is captured using av-
erage, maximum, and Euclidean measures of absolute channel differences. Sec-
ond, the structural similarity between frames is assessed using cosine similarity,
which reflects whether the relative relationships between signals remain con-
sistent. Third, normalized measures of relative change are computed to account
for the scale of the preceding physiological state, enabling comparison of propor-
tional rather than absolute variations.

For the first frame of each night, where no preceding frame is available, all
dynamic features are set to zero.

These features were implemented using standard numerical operations such
as means, norms, and dot products without relying on specialized libraries. Con-
ceptually, they represent generic descriptors of vector changes between consecu-
tive observations. Unlike static features, which describe signal properties within
a single time window, dynamic features capture local non-stationarity and short-
term transitions in physiological activity across the night.

Such transitions may reflect transient autonomic or behavioral fluctuations
that are not captured by within-frame statistics alone.

3.5. Models and Training Configurations

The modeling framework was designed to provide a consistent basis for compar-
ing classifier behavior across analysis-frame durations, feature representations,
and preprocessing variants. The same training procedure was applied throughout
the research, while only the factor under investigation was varied between exper-
iments. Thus, the classifiers were primarily used as evaluation instruments to as-
sess methodological choices rather than as independently optimized end-use sys-
tems.

All models were implemented in Python using the scikit-learn library
(Pedregosa et al., 2012), while XGBoost was accessed through its official Python
interface. Each analysis frame was represented by a fixed-length feature vector,
while the corresponding label was defined at the night level.

To account for differences in numerical scale across physiological features,
normalization was applied where required. Normalization parameters were
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estimated from the training data within each validation split and subsequently ap-
plied to the corresponding held-out data to prevent information leakage.

Five supervised classification algorithms were evaluated: Random Forest
(De Filippis & Al Foysal, 2025; Sakalauskas & Kriksciuniene, 2025; Svensson &
Borgstrom, 2026), Histogram Gradient Boosting, XGBoost (Badawi et al., 2025;
Sharma & Verbeke, 2020; Tsai et al., 2025), Support Vector Machine with a radial
basis function kernel (Fricke et al., 2021; Svensson & Borgstrom, 2026; Tsai
et al., 2025), and k-Nearest Neighbors (Sarra et al., 2025; Tsai et al., 2025). These
models were selected because they represent different learning principles com-
monly used in physiological time-series analysis and wearable-based health pre-
diction studies.

Class imbalance was handled using class weighting, without synthetic over-
sampling or data duplication, to avoid introducing artificial structure into the data.

Model training was carried out using RandomizedSearchCV with GroupK-
Fold cross-validation, grouping by night identifiers to ensure that all frames from
the same night were assigned to the same fold, thereby preventing information
leakage. Hyperparameter optimization was incorporated into the training pipeline
and applied consistently across all experiments.

For models producing continuous decision scores, binary predictions were
obtained using a data-driven threshold selected on the training data within each
validation split. Threshold selection was guided by the F1-score for the positive
class, subject to additional minimum precision and recall constraints, and the re-
sulting threshold was then applied to the corresponding held-out data. This proce-
dure was used to support stable minority-class detection under imbalanced condi-
tions.

3.6. Signal Filtering Configurations

To assess whether model performance depends on preprocessing choices, several
signal filtering configurations were evaluated in a sensitivity analysis. The aim of
this step was not to modify the signals for their own sake, but to determine whether
plausible denoising strategies influence feature extraction and downstream pre-
diction results.

In all experiments, PR values were clipped to a physiologically plausible noc-
turnal range of 25-115 bpm. This clipping was applied as a fixed data-quality rule.
The selected range follows the outlier analysis presented in The Second Chapter,
which showed that extreme values originated primarily from sensor artifacts. The
clipping procedure was kept identical across all experimental configurations to
ensure comparability.



52 3. EXPERIMENTAL FRAMEWORK AND EVALUATION

In addition to this mandatory quality-control step, baseline experiments
were conducted using unfiltered signals. Filtering was introduced only in ex-
periments designed to evaluate preprocessing effects. Whenever applied, fil-
tering was performed before temporal segmentation and feature extraction so
that smoothing effects were propagated consistently throughout the analysis
pipeline. Three commonly used smoothing approaches were considered: me-
dian filtering, Savitzky—Golay smoothing, and Butterworth low-pass filtering.
These methods were selected because they represent different practical ways
of reducing noise in physiological time series while preserving meaningful
signal structure.

Median filtering was included as a simple, robust technique for suppress-
ing short spikes and isolated artifacts by replacing each sample with the me-
dian of its neighboring observations within a sliding window. This approach
is widely used in biomedical signal processing to remove impulsive noise
while preserving abrupt signal transitions (Justusson, 2006; Nodes & Gal-
lagher, 1982).

Savitzky—Golay smoothing was used because it reduces noise while typi-
cally preserving the local shape of the waveform, including gradual trends and
peaks. The method performs a local polynomial approximation within a mov-
ing window and evaluates the fitted polynomial at the central point. Two mod-
erate configurations were evaluated, using window lengths of 11 and 9 sam-
ples with polynomial orders of 2 and 3, respectively (Gallagher, 2020;
Savitzky & Golay, 1964).

Butterworth low-pass filtering was included as a standard frequency-
based approach that attenuates higher-frequency fluctuations while preserving
slower signal trends. In this research, a third-order low-pass Butterworth filter
with a cutoff frequency of 0.003 Hz was applied using zero-phase forward—
backward filtering in order to avoid phase distortion (Feng & Sun, 2024; Li
Zhongshen, 2007).

All filtering procedures were implemented in Python using the SciPy sig-
nal-processing library. Median filtering was performed using scipy.sig-
nal.medfilt, Savitzky—Golay smoothing using scipy.signal.savgol_filter, and
Butterworth filtering using scipy.signal.butter together with scipy.sig-
nal filtfilt. The same implementation was applied across all participants and
experimental conditions.

The parameter values were selected to represent typical preprocessing set-
tings used in physiological signal analysis. This allowed evaluation of whether
the modeling pipeline is robust to plausible preprocessing choices.

Figure 3.2 illustrates how the filters affect a representative nocturnal seg-
ment. It compares the raw EDA, SkinTEMP, and PR signals with the median,
Savitzky—Golay, and Butterworth outputs for the same time interval.
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Fig. 3.2. Comparison of raw nocturnal signals and median, Savitzky—Golay,
and Butterworth filtering

All subsequent experiments comparing filtering configurations used identical
training, validation, and evaluation procedures to enable direct comparison of
model behavior across preprocessing variants.

3.7. Validation Protocol and Metrics

Model performance was evaluated using a consistent validation protocol within
each experimental setting to ensure comparability of results under fixed method-
ological configurations. Because migraine-positive nights occurred less fre-
quently than control nights, the dataset was imbalanced, and the choice of evalu-
ation metrics was adapted accordingly.

The primary evaluation metric was the F1-score, as it provides a balanced
measure of precision and recall and is more informative than accuracy in imbal-
anced settings. Accuracy was reported for completeness but was not treated as a
primary metric.

Macro-averaged precision, recall, and Fl-score were used to characterize
overall classification performance, while positive-class metrics were reported sep-
arately in the stricter validation setting to assess the ability to detect migraine-
related nights. This distinction is important because acceptable overall perfor-
mance may still correspond to poor detection of the minority class.
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To support interpretation, results were evaluated relative to simple baselines.
The majority-class baseline was used for classification metrics. For PR-AUC, per-
formance was interpreted relative to the prevalence of the positive class, corre-
sponding to the expected level for a non-informative ranking.

For prediction experiments, the evaluation focused on the positive class. In
addition to threshold-based metrics, PR-AUC was used as a threshold-independ-
ent measure that reflects the trade-off between precision and recall and provides
a more informative assessment under class imbalance.

Given the difficulty of the task and the heterogeneity of migraine-related pat-
terns, positive-class metrics were interpreted relative to baseline performance ra-
ther than universal absolute thresholds. In this context, moderate values may still
indicate meaningful predictive structure if they are consistent and exceed baseline.

The following standard classification metrics were reported according to the
definitions commonly used in the machine learning literature (Foody, 2023; Vujo-

vic, 2021).
Accuracy, defined as the proportion of correctly classified analysis frames,
_ Tp+Th
Accuracy = TAE AT (3.1

Precision, defined as the proportion of predicted positive analysis frames that
are true positives,

. T
Precision = —2—. (3.2
Ty+Fp

Recall (sensitivity), defined as the proportion of true positive analysis frames
that were correctly detected,

Recall = —® (3.3)

Tp+Fy’

Binary F1-score, defined as the harmonic mean of precision and recall for the
positive class,

2XPrecisionxRecall
(3.9)

F, score = — .
Precision+Recall

For experiments reported with positive-class metrics, the binary definitions
in Egs. (3.2)-(3.4) were applied directly to Class 1.

All metrics were computed on held-out validation folds and averaged across
folds. Training, normalization, and decision-threshold selection were performed
using only the training data within each split. VValidation data were not used during
these steps.



3. EXPERIMENTAL FRAMEWORK AND EVALUATION 55

3.8. Results

This section presents the results of the experimental evaluation of the proposed
framework for analyzing nocturnal wearable physiological data in migraine re-
search. The main objective of this stage was to determine whether stable pre-mi-
graine patterns can be detected under different analytical settings and to identify
which methodological factors most strongly affect classification performance. A
separate part of the analysis assessed the feasibility of night-level migraine risk
estimation from nocturnal wearable data.

3.8.1. Exploratory Classification Under Frame-Level Splitting

After extracting nocturnal sleep, each participant’s recordings were segmented
into analysis frames of 5, 10, 30, 60, 90, and 120 minutes. For each analysis-frame
duration, informative features were computed, and several classifier families were
trained. For each participant and each analysis-frame duration, the model with the
highest F1-score was selected. The analysis was conducted separately for Phase
A and Phase B to examine the consistency of the observed tendencies across dif-
ferent sample sizes.

In this exploratory setting, training and evaluation were performed using
frame-level splitting, meaning that analysis frames originating from the same
night could appear in both the training and the test sets. As a result, the findings
reported in this section primarily reflect relative differences between methodolog-
ical configurations, such as temporal segmentation and classifier choice, rather
than providing an unbiased estimate of real-world predictive performance.

The distribution of classification performance metrics across participants is
presented in Figure 3.3, including F1-score, Recall, Precision, and Accuracy for
different analysis-frame durations in both phases.

Across Phase A and Phase B, a consistent tendency is observed: shorter anal-
ysis frames generally yield better classification performance. In particular, the
highest median F1-scores are obtained for 5- and 10-minute windows, whereas
longer frames of 60—120 minutes are associated with a noticeable decline in per-
formance. A similar tendency is observed for Recall, suggesting reduced sensitiv-
ity to the positive class as temporal aggregation increases. Precision and Accuracy
follow the same general pattern, although the effect is less pronounced.

This behavior suggests that informative physiological variations related to
migraine may be temporally localized and therefore better captured at finer tem-
poral resolution. Increasing the analysis-frame duration likely smooths short-term
fluctuations and may reduce the amount of discriminative information available
to the classifiers.
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Fig. 3.3. Distribution of classification performance metrics across participants

However, this interpretation should be treated with caution. Due to the frame-
level splitting strategy, segments from the same night may appear in both the train-
ing and test sets. Under such conditions, the apparent advantage of short analysis
frames may partly reflect residual similarity between segments from the same re-
cording rather than true generalization to unseen nights. In particular, improved
performance for 5- and 10-minute windows may be influenced by partial recog-
nition of within-night patterns when similar segments are shared between the
training and test subsets.

Therefore, although the observed dependence on analysis-frame duration is
consistent and physiologically plausible, it should be regarded as exploratory. The
results reveal a notable tendency, but they do not yet allow a definitive conclusion
regarding the optimal temporal resolution for prediction.

The distribution of classifiers selected as the best-performing models accord-
ing to F1-score is shown in Figure 3.4.

Ensemble-based methods, particularly Random Forest and XGBoost, were
most frequently selected as the best-performing models in both phases. This sug-
gests that nonlinear relationships between physiological features may play an im-
portant role in the classification task. At the same time, no single classifier con-
sistently outperformed the others across all analysis-frame durations, indicating
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that model performance depends on both algorithm choice and temporal segmen-
tation.
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Fig. 3.4. Distribution of classifiers selected as the best models according
to the F1-score in Phases A and B

Across participants, the best-performing participants varied considerably, in-
dicating substantial inter-individual variability. In some cases, relatively high F1-
scores were observed, whereas in others, performance remained moderate. Given
the complexity of the task, including noisy wearable signals, class imbalance, and
limited event counts, this variability suggests that informative patterns are present
but are not uniformly strong or stable across individuals.

In summary, the exploratory analysis reveals a consistent tendency toward
improved classification performance for shorter analysis frames. However, be-
cause the evaluation protocol allows overlap between the training and testing data
at the night level, the possibility of information leakage cannot be ruled out. Con-
sequently, the observed advantage of short analysis frames may reflect either gen-
uinely localized physiological dynamics or partial recognition of segments from
the same recordings.

To address this limitation, a stricter evaluation setting was subsequently in-
troduced (Section 3.8.2), in which entire nights were treated as independent ob-
servational units and assigned exclusively to either the training or the test set. This
approach eliminates overlap between subsets and enables assessment of whether
the observed pattern persists under a more realistic, leakage-free validation frame-
work.
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3.8.2. Cohort Classification Under Night-Level Splitting

To verify whether the tendencies observed in the exploratory analysis persist un-
der stricter conditions, a cohort-level evaluation was conducted using night-level
splitting. In this setting, entire nights were treated as independent observational
units, and all analysis frames belonging to a given night were assigned exclusively
to either the training or the test set. This approach eliminates overlap between
subsets at the night level and provides a more realistic assessment of model gen-
eralization to unseen data.

Under this validation protocol, classification performance was generally
lower than in the frame-level setting, which is consistent with the increased diffi-
culty of the task when temporal dependencies between training and testing sam-
ples are removed. At the same time, the overall structure of the results remained
comparable, allowing meaningful analysis of methodological factors such as anal-
ysis-frame duration and classifier choice.

The obtained results are summarized in Figures 3.5 and 3.6. Figure 3.5 pre-
sents positive-class performance metrics, including F1-score, Recall, Precision,
and PR-AUC, while Figure 3.6 shows the corresponding macro-averaged metrics.
A random baseline is indicated in both figures to provide a reference level for
comparison. Preliminary experiments also included the KNN classifier; however,
because it did not demonstrate meaningful predictive ability for the positive class
across the examined analysis-frame durations, it was not included in the detailed
comparative analysis presented in this section.

As shown in Figure 3.5, which focuses on positive-class performance, shorter
analysis frames of 5-10 minutes consistently yield higher F1 and recall scores
than longer frames. This tendency is particularly pronounced for ensemble-based
models. In particular, HistGradientBoosting and XGBoost achieve their highest
positive-class F1-scores and Recall values at short temporal resolutions, followed
by a gradual decline as the analysis-frame duration increases to 90-120 minutes.

A similar, although less pronounced, pattern can be observed in the macro-
level results presented in Figure 3.6.

Macro F1 and ROC-AUC reach their highest values at shorter analysis
frames and show a moderate decrease as temporal aggregation increases. At the
same time, the comparison between Figures 3.5 and 3.6 highlights that the degra-
dation is substantially stronger for positive-class metrics than for macro-averaged
metrics.
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To quantify this effect, the relative change in positive-class performance was
examined across analysis-frame durations. A systematic degradation is observed
for the best-performing models. For HistGradientBoosting, the positive-class F1-
score decreases from approximately 0.40 at 10-minute frames to about 0.20 at
120-minute frames, corresponding to a reduction of nearly 50%. Over the same
range, positive recall declines from approximately 0.48 to 0.16, which represents
a decrease of about 65%.

For XGBoost, the decrease is less pronounced but remains substantial. The
positive-class F1-score declines from approximately 0.40 at 10 minutes to around
0.32 at 120 minutes, corresponding to a reduction of about 20%, while positive
recall decreases from approximately 0.50 to 0.34, indicating a reduction of
roughly 30% between short and long analysis frames.

Interestingly, this degradation pattern is less pronounced for Random Forest.
As shown in Figure 3.5, positive-class Recall for Random Forest does not exhibit
a clear monotonic decrease with increasing analysis-frame duration and remains
relatively stable across several temporal scales. A similar tendency is observed for
positive-class F1-score, which shows more variability but no consistent down-
ward trend. This behavior suggests that Random Forest is less sensitive to tem-
poral resolution and to the loss of short-term physiological fluctuations. However,
this apparent stability does not translate into superior predictive performance. In-
stead, it reflects a more conservative modeling behavior, in which the classifier
captures more stable, coarse-grained patterns but is less effective at exploiting
temporally localized signals compared to boosting-based methods.

The comparison with the random baseline further supports the validity of the
obtained results. As shown in Figures 3.5 and 3.6, most models consistently out-
perform the baseline across all analysis-frame durations, indicating that the clas-
sification task is non-trivial and that meaningful predictive structure is present in
the data. At the same time, the gap between the models and the baseline is con-
siderably smaller for positive-class metrics than for macro-averaged metrics,
highlighting the difficulty of detecting minority-class events.

In contrast to ensemble-based methods, SVM performs substantially worse.
As illustrated in Figure 3.5, SVM yields consistently lower positive-class F1-
scores and Recall values across all analysis-frame durations. Moreover, for longer
frames (30-120 minutes), its performance approaches the random baseline, both
in positive-class metrics and in macro-averaged metrics (Fig. 3.6). This indicates
the limited ability of the SVM model to capture the underlying structure of the
data, particularly under conditions of temporal aggregation and class imbalance.

A related effect can be observed for Accuracy, which remains relatively sta-
ble or even increases for longer analysis frames. However, this is accompanied by
a reduction in positive-class Recall, indicating that models increasingly favor the
majority class as temporal aggregation increases. In the presence of class
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imbalance, this limits the practical usefulness of longer analysis frames despite
their acceptable global performance.

These findings suggest that shorter analysis frames preserve transient physiolog-
ical variations that are important for discriminating migraine-related states. In con-
trast, longer frames introduce temporal smoothing, reducing the discriminative signal
and leading to more conservative predictions. Importantly, as demonstrated in Figures
3.5 and 3.6, this tendency remains observable under the stricter night-level validation
protocol, supporting the interpretation that it reflects a genuine property of the data
rather than an artifact of the earlier evaluation setting.

Across classifiers, ensemble-based methods again demonstrate the most fa-
vorable results. HistGradientBoosting and XGBoost consistently achieve the best
balance between overall discrimination and positive-class detection across most
analysis-frame durations. Random Forest provides more stable but generally less
optimal performance, while SVM shows consistently inferior results.

Across participants, variability remains substantial, reflecting inter-individual
differences in physiological patterns and the inherent difficulty of the prediction prob-
lem. Nevertheless, the preservation of performance above the random baseline indi-
cates that the models capture meaningful structure in the data.

In summary, the cohort-level analysis confirms that classification perfor-
mance decreases under stricter, leakage-free validation, while preserving the key
tendency observed in the exploratory analysis: shorter analysis frames of 5-10
minutes provide more informative representations for migraine prediction. The
comparison between Figures 3.5 and 3.6 further demonstrates that this effect is
primarily driven by degradation in positive-class detection. At the same time, the
results highlight differences between classifier families, with boosting-based
methods showing the highest sensitivity to temporally localized patterns and SVM
approaching baseline performance under more challenging conditions.

3.8.3. Effect of Filtering on Classification

Signal filtering was investigated to assess its impact on migraine risk classifica-
tion performance while keeping all other pipeline components unchanged. To iso-
late the effect of preprocessing, filtering was applied directly to the physiological
signals prior to segmentation and feature extraction. All subsequent stages, in-
cluding nocturnal window selection, feature computation, classifier configuration,
and validation protocol, were held constant.

Four filtering strategies were evaluated: median filtering, Butterworth low-
pass filtering, and Savitzky—Golay smoothing with two parameter configurations.
The analysis was conducted under two validation settings: an exploratory frame-
level protocol and a stricter cohort-level protocol with night-level splitting. In
Phase B, three independent training and evaluation runs were performed to obtain
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a more robust estimate of performance. The SVM and KNN classifiers were ex-
cluded from further analysis due to their consistently low performance, as dis-
cussed in Section 3.8.2.

In the exploratory frame-level evaluation, filtering improved classification per-
formance across several metrics, particularly for tree-based models. As shown in Ta-
bles 3.1-3.5, both Butterworth filtering and Savitzky—Golay smoothing with param-
eters (11,2) yielded higher Fl1-score, recall, and AUC values than the baseline
configuration. For example, in the case of XGBoost, the F1-score increased from
0.649 without filtering to 0.678 with Butterworth filtering and to 0.695 with Savitzky—
Golay smoothing. Comparable tendencies were observed for the other ensemble-
based classifiers. Median filtering, by contrast, produced only limited deviations from
the baseline and did not yield a stable improvement pattern.

Table 3.1. Overall metrics for each model without filtering

Model Accuracy | Precision Recall F1-score AUC
XGBoost 0.770 0.639 0.669 0.649 0.76
HGB 0.736 0.626 0.679 0.635 0.75
RF 0.838 0.766 0.579 0.595 0.78
SVM 0.817 0.608 0.511 0.480 0.54
KNN 0.805 0.610 0.548 0.551 0.62
Table 3.2. Overall metrics for each model with median filtering
Model Accuracy | Precision Recall F1-score AUC
XGBoost 0.769 0.634 0.660 0.643 0.75
HGB 0.740 0.623 0.669 0.633 0.75
RF 0.832 0.728 0.571 0.583 0.76
SVM 0.778 0.539 0.521 0.513 0.56
KNN 0.804 0.608 0.548 0.551 0.61

Table 3.3. Overall metrics for each model with Butterworth low-pass filtering

Model Accuracy | Precision Recall F1-score AUC
XGBoost 0.798 0.669 0.690 0.678 0.79
HGB 0.773 0.656 0.704 0.670 0.79
RF 0.851 0.806 0.616 0.645 0.82
SVM 0.755 0.560 0.552 0.555 0.59
KNN 0.822 0.680 0.595 0.612 0.69
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Table 3.4. Overall metrics for each model with Savitzky—Golay filtering, window length
11, and polynomial order 2

Model Accuracy | Precision Recall F1-score AUC
XGBoost 0.806 0.683 0.712 0.695 0.81
HGB 0.781 0.666 0.719 0.682 0.81
RF 0.858 0.815 0.642 0.677 0.85
SVM 0.775 0.557 0.533 0.531 0.58
KNN 0.825 0.688 0.606 0.625 0.70

Table 3.5. Overall metrics for each model with Savitzky—Golay filtering, window length
9, and polynomial order 3

Model Accuracy | Precision Recall F1-score AUC
XGBoost 0.762 0.622 0.642 0.629 0.81
HGB 0.722 0.615 0.666 0.622 0.81
RF 0.836 0.766 0.570 0.581 0.84
SVM 0.817 0.619 0.512 0.482 0.58
KNN 0.809 0.627 0.555 0.561 0.70

However, these apparent gains were not preserved under the stricter valida-
tion scenario. In Phase B, performance was evaluated at the cohort level using
night-level splitting, thereby providing a more realistic estimate of generalization
to unseen nights. In addition to macro-level metrics, positive-class metrics were
analyzed separately to assess the effect of filtering on the detection of pre-mi-
graine nights, the primary classification target.

To summarize filtering effects in a compact, interpretable form, two heatmaps
were constructed. Figure 3.7 shows the change in Macro F1-score relative to the base-
line configuration and therefore reflects overall classification performance.

Filtering method

Median
SavGol (11,2) 1 =0.005
SavGol (9,3) 1 ~0:007

Butterworth { -0.016

-0.044  -0.018

-0.050 -0.020 -0.033 . -0.037

-0.045 -0.010

-0.012 .

-0.024  -0.017

-0.010  -0.008

0.01

0.00

-0.028 —0.01

—0.02 <

Macro F1

<
—0.03

-0.015 —0.04

5 min

—0.05

10min 30 min 60 min 90 min 120 min
Analysis frame duration

Fig. 3.7. Effect of signal filtering on overall classification performance across analysis-
frame durations (AMacro F1 relative to baseline)
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Figure 3.8 presents the corresponding change in positive-class recall and di-
rectly characterizes the model’s ability to detect pre-migraine nights. The heatmap
based on the Macro F1-score indicates that filtering exerts only a limited, non-
uniform effect on overall classification quality.

Median filtering produces slight improvements for longer analysis windows,
particularly at 60 and 90 minutes, whereas Butterworth filtering is associated with
a small but consistently negative shift. Savitzky—Golay filtering yields the most
pronounced reduction in the Macro F1-score across the majority of evaluated con-
figurations. At the same time, the absolute magnitude of these changes remains
relatively modest, indicating that filtering does not substantially alter global
model performance.

A different pattern is observed for positive-class recall. As shown in Figure
3.8, filtering generally reduces the model’s ability to detect pre-migraine nights.
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Fig. 3.8. Effect of signal filtering on pre-migraine detection performance across analy-
sis-frame durations (APositive Recall relative to baseline)

This negative effect is most pronounced for Savitzky—Golay filtering, which
demonstrates the largest decline across most analysis windows. Butterworth fil-
tering also leads to a stable deterioration in recall, although its impact is less se-
vere. Median filtering exhibits mixed behavior, with moderate improvements ob-
served for some longer windows; however, these effects are not consistent across
all temporal scales.

The divergence between the Macro F1-score and positive-class recall is par-
ticularly important for interpreting the results. Aggregate metrics may suggest that
certain filtering configurations are neutral or even mildly beneficial. Nevertheless,
a closer inspection of the positive class reveals that these same configurations of-
ten reduce sensitivity to the clinically relevant outcome. This suggests that filter-
ing attenuates subtle physiological signal characteristics that are informative for
identifying pre-migraine states.

Overall, the results indicate that signal filtering does not provide a reliable
benefit for migraine risk classification in this pipeline. Although some
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configurations yield small changes in macro-level performance, filtering gener-
ally has an unfavorable effect on the detection of pre-migraine nights. These find-
ings suggest that preserving the original signal structure is more important than
applying conventional smoothing techniques and highlight the importance of task-
specific preprocessing in physiological signal analysis.

3.8.4. Feature Relevance and Feature Reduction

After analyzing the effects of analysis-frame duration and signal filtering, the next
step was to investigate the structure of informative features that determine classi-
fication performance. The objective of this stage was to identify which physiolog-
ical signals and statistical descriptors consistently contribute to class separability
and to evaluate how this structure behaves under different analytical perspectives.

To address this, two complementary analyses were performed. In the explor-
atory stage, one-way ANOVA was used to assess the statistical separability of
individual features between pre-migraine and control nights across physiological
signals and analysis-frame durations, and the results were visualized as heatmaps
of F-statistics and corresponding p-values. In Phase B, feature importance was
evaluated within a predictive modeling framework under night-level splitting, us-
ing the recurrence of top-ranked features across models, analysis-frame durations,
and repeated runs.

For EDA, the strongest and most consistent separability was observed for
short analysis-frame durations, particularly 5 and 10 minutes, as shown in Fig-
ure 3.9.
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Fig. 3.9 ANOVA analysis of electrodermal activity features across various analysis
frame durations: (a) F-statistics and (b) p-values

High F-statistics were obtained for low-order statistical descriptors such as
Mean, Median, Min, Peak, and RMS. As the analysis-frame duration increased to
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60-120 minutes, F-statistics decreased, and p-values increased, indicating a pro-
gressive reduction in discriminative power due to temporal averaging. This sug-
gests that EDA-related pre-migraine changes are temporally localized and atten-
uate over longer windows.

For PR, separability was more moderate and less stable across analysis
frames, as illustrated in Figure 3.10.
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Fig. 3.10. ANOVA analysis of pulse rate features across various analysis frame dura-
tions: (a) F-statistics and (b) p-values

Although certain descriptors showed statistically significant differences,
these effects were not consistent across all temporal resolutions, suggesting
greater variability and a less dominant standalone role.

Skin temperature exhibited a more coherent pattern, similar to EDA, as
shown in Figure 3.11.
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Fig. 3.11. ANOVA analysis of skin temperature features across various analysis frame
durations: (a) F-statistics and (b) p-values
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In short analysis frames, descriptors such as Mean, Median, Standard Devi-
ation, Min, and RMS showed clear class differences. However, separability de-
creased with increasing window length, suggesting that thermoregulatory changes
relevant to migraine prediction are also short-term phenomena.

MET demonstrated intermediate behavior (Fig. 3.12), with moderate separa-
bility observed for selected descriptors in short- and medium-length windows, but
without a stable pattern across all temporal scales.
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Fig. 3.12. ANOVA analysis of metabolic equivalent features across various analysis
frame durations: (a) F-statistics and (b) p-values

A similar tendency was observed for ACT and accelerometer-derived fea-
tures (Figs. 3.13 and 3.14), with stronger discriminative power in short analysis
frames and decreasing power with stronger temporal aggregation.
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Fig. 3.13. ANOVA analysis of activity counts features across various analysis frame
durations: (a) F-statistics and (b) p-values
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Fig. 3.14. ANOVA analysis of accelerometer features across various analysis frame
durations: (a) F-statistics and (b) p-values

Across all signals, the ANOVA results reveal a consistent pattern: the highest
class separability occurs in short analysis frames, and the most informative de-
scriptors are low-order statistical measures related to signal level, central ten-
dency, and amplitude.

In Phase B, feature importance was analyzed within the classification frame-
work under night-level splitting. For each model and each analysis-frame dura-
tion, the top-ranked features for the positive class were identified, and their recur-
rence was aggregated across 12 model runs with three runs per six analysis frames
and four classifiers. The results are summarized in Tables 3.6-3.11.

Table 3.6. Top-ranked features aggregated across model runs for the 5-minute analysis

frame

Feature Mean importance Recurrence (n/12)
eda_scl_usiemens__min 0.04770 12
eda_scl_usiemens__max 0.04005 12
eda_scl_usiemens__peak_value 0.05109 9
met__min 0.03936 9
activity _counts__max 0.05374 2
activity _counts__peak_value 0.05374 2
accelerometers_std_g__shape_factor 0.05964 3
temperature_celsius__shape_factor 0.05586 4
temperature_celsius__std 0.06153 2
pulse_rate_bpm__clearance_factor 0.10200 3
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Table 3.7. Top-ranked features aggregated across model runs for the 10-minute analysis

frame

Feature

Mean importance

Recurrence (n/12)

eda_scl_usiemens__min

0.04029

12

eda_scl_usiemens__clearance_factor 0.03833 10
eda_scl_usiemens__peak_value 0.03763 9
activity _counts__min 0.03858 8
met__min 0.08659 9
temperature_celsius__shape_factor 0.05338 4
temperature_celsius__std 0.07024 3
accelerometers_std_g__shape_factor 0.04714 3

Table 3.8. Top-ranked features aggregated across model runs for the 30-minute analysis

frame

Feature

Mean importance

Recurrence (n/12)

eda_scl_usiemens__min

0.03555

12

eda_scl_usiemens__median 0.03563 10
eda_scl_usiemens__clearance_factor 0.04394 10
accelerometers_std_g_min 0.03423 8
activity _counts__median 0.03198 8
activity _counts__min 0.02892 6
accelerometers_std_g__median 0.03246 5

Table 3.9. Top-ranked features aggregated across model runs for the 60-minute analysis

frame
Feature Mean importance Recurrence (n/12)
accelerometers_std_g__min 0.03862 9
eda_scl_usiemens__clearance_factor 0.02951 9
dyn__mean_rel_delta_six 0.02960 7
met__median 0.02649 7
activity _counts__min 0.03017 5
eda_scl_usiemens__peak_value 0.02579 6
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Table 3.10. Top-ranked features aggregated across model runs for the 90-minute analy-
sis frame

Feature Mean importance Recurrence (n/12)
met__median 0.03816 9
eda_scl_usiemens__median 0.02645 9
eda_scl_usiemens__min 0.02722 8
eda_scl_usiemens__mean 0.02660 8
activity_counts__min 0.02832 7
eda_scl_usiemens__clearance_factor 0.02621 7

Table 3.11. Top-ranked features aggregated across model runs for the 120-minute analy-
sis frame

Feature Mean importance Recurrence (n/12)
activity _counts__median 0.03623 7
eda_scl_usiemens__clearance_factor 0.02882 7
accelerometers_std_g__median 0.04097 5
eda_scl_usiemens__peak_value 0.03298 5
eda_scl_usiemens__mean 0.02932 4
pulse_rate_bpm__kurtosis 0.02910 3

For short analysis frames of 5-10 minutes, which correspond to the most in-
formative temporal scales identified in ANOVA, a highly consistent feature struc-
ture emerges. As shown in Tables 3.6 and 3.7, EDA-derived features dominate
the top-ranked predictors. In particular, features such as eda_scl_usiemens__min
appear in all model runs, while eda_scl_usiemens__peak_value and eda_scl_usie-
mens__clearance_factor also show high recurrence. These features correspond
directly to the statistically significant descriptors identified in Figure 3.9, demon-
strating strong agreement between Phase A and Phase B.

In addition to EDA, features derived from MET and movement-related sig-
nals, such as ACT and accelerometer data, also appear among the top-ranked pre-
dictors, particularly in the 10-minute window (Table 3.7). These features are typ-
ically associated with minimum values and central tendency, consistent with the
moderate separability observed in Figures 3.12-3.14. At intermediate analysis
frames of 30-60 minutes, the feature structure becomes more stable and shifts
toward tonic descriptors. As shown in Tables 3.8 and 3.9, median- and minimum-
based features become more prominent, particularly for EDA and accelerometer
signals. EDA features remain highly recurrent, including eda_scl_usiemens__me-
dian and eda_scl_usiemens__clearance_factor, while movement-related features
such as accelerometers_std g min and activity_counts__min increase in



3. EXPERIMENTAL FRAMEWORK AND EVALUATION 71

importance. This transition is consistent with the reduction in short-term variabil-
ity observed in the ANOVA results.

At longer analysis frames of 90-120 minutes, the feature structure becomes more
heterogeneous, as shown in Tables 3.10 and 3.11. Although EDA features remain
present and recurrent, their dominance decreases relative to shorter windows. Move-
ment-related and aggregated descriptors, such as activity _counts__median and accel-
erometers_std_g__median, become more prominent. This reflects the effect of tem-
poral averaging, which attenuates localized physiological deviations and leads to a
more diffuse representation of discriminative information.

A direct comparison between Phase A and Phase B reveals a systematic align-
ment. The features identified as statistically discriminative in ANOVA, primarily
low-order EDA descriptors, are also the most recurrent and influential in the risk eval-
uation modeling framework. This agreement is particularly strong across all analysis-
frame durations for EDA features and is most pronounced for short windows.

At the same time, movement-related signals exhibit partial agreement between
the two analyses. While their statistical separability is moderate (Figs. 3.12-3.14),
they consistently appear among the top-ranked features, especially at longer analysis-
frame durations. This indicates that these signals provide complementary information
that becomes more relevant under temporal aggregation.

In contrast, pulse rate and skin temperature features show weaker consistency
between ANOVA and model-based importance. Although some descriptors
demonstrate statistical significance, their recurrence across model runs is limited,
suggesting lower stability in predictive settings.

Overall, the combined results of Phases A and B indicate that the most informa-
tive features for pre-migraine classification are low-order statistical descriptors, pri-
marily derived from electrodermal activity and supported by movement-related sig-
nals. The strong agreement between statistical analysis and model-based feature
importance confirms that the intrinsic feature separability observed at the cohort level
is preserved in night-level classification based on nocturnal physiological data.

Furthermore, the observed evolution of feature structure across analysis-
frame durations demonstrates that temporal aggregation plays a critical role in
shaping feature relevance. Short analysis frames preserve localized physiological
deviations and maximize discriminative power, whereas longer windows attenu-
ate these effects and yield a more distributed feature representation.

These findings support both hypotheses of the dissertation. First, the detect-
ability of pre-migraine physiological changes depends strongly on methodologi-
cal choices, particularly temporal aggregation and feature representation. Second,
despite pronounced inter-individual variability, recurrent cohort-level patterns can
be identified, especially in electrodermal activity and low-order statistical de-
scriptors, which consistently emerge as the most informative features across mod-
els and configurations.
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To further validate the feature analysis results, an additional experiment was con-
ducted using a reduced subset of 10 features selected from the recurrent predictors
identified across Tables 3.6-3.11. The selection was based not on a single analysis-
frame duration, but on the stability of feature recurrence across multiple temporal res-
olutions, classifier configurations, and repeated runs. As a result, the final subset in-
cluded electrodermal activity descriptors such as eda scl _usiemens__min,
eda_scl_usiemens__median, eda_scl_usiemens__clearance_factor, and
eda_scl_usiemens__peak_value, together with movement-related variables accel-
erometers_std g min, accelerometers_std g median, activity counts__min, and
activity_counts__median, as well as the complementary descriptors met__median
and dyn__mean_rel_delta_six. This composition closely follows the structure re-
vealed in the feature recurrence analysis, where EDA-derived features form the most
stable and dominant component, while movement-related and aggregated descriptors
provide additional support under temporal aggregation.
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Fig. 3.15. Comparison of classification performance obtained with the full feature set
and the reduced top-10 feature subset across different analysis-frame durations:
(a) Macro F1-score, (b) Positive-class F1-score, (¢) ROC-AUC, (d) PR-AUC, and
(e) Accuracy
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The effect of feature-space reduction on classification performance is illus-
trated in Figure 3.15, which compares the full feature set and the reduced top-10
subset across different analysis-frame durations.

The results demonstrate that reducing the number of features does not de-
grade model performance. On the contrary, for most configurations, the reduced
feature subset yields comparable or higher values of Macro F1-score, ROC-AUC,
PR-AUC, and Accuracy. The most pronounced improvement is observed for the
positive-class F1-score, particularly at medium and longer analysis frames of 30—
90 minutes, indicating better detection of the minority class.

The analysis further reveals that the benefit of feature reduction is not uni-
form across temporal resolutions. For short analysis frames of 5-10 minutes, the
performance of the reduced subset remains close to that of the full feature set,
suggesting that the strongest discriminative patterns are already captured by a
small number of highly informative features. At intermediate durations of 3060
minutes, the reduced subset often provides improved performance, reflecting a
better balance between signal preservation and noise suppression. At longer anal-
ysis frames of 90-120 minutes, where temporal averaging attenuates localized
physiological variations, the reduced feature set helps maintain model stability
and prevents performance degradation caused by redundant descriptors.

These results indicate that the predictive structure of the problem is concen-
trated in a limited number of recurrent features, while the remaining variables in
the full feature set contribute relatively little additional information. Instead, they
may introduce variability and reduce model robustness. Consequently, the re-
duced feature subset can be interpreted as a compact and stable representation of
pre-migraine physiological patterns.

Overall, the experiment confirms that the feature-relevance patterns identi-
fied in Phases A and B are not only statistically and structurally consistent but
also sufficient to maintain classification performance. The strong agreement be-
tween feature recurrence and classification results supports the use of a compact
feature representation as an effective strategy for building robust and interpretable
predictive models.

3.8.5. Night-Based Migraine Risk Estimation

Night-level migraine risk estimation was evaluated by aggregating interval-based
predictions into binary night labels across RF, XGB, and HGB models. For each
combination of analysis frame duration and classifier, experiments were repeated
across three independent runs, and results were averaged accordingly. The same
evaluation protocol was applied to both cohort-level and individual participant
models.
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At the cohort level, night-level performance demonstrated moderate but con-
sistent predictive capability across models and window lengths. As shown in Fig-
ure 3.16, the F1-score remained relatively stable, typically in the range of approx-
imately 0.33-0.42, exceeding the prevalence-based baseline across all

configurations.
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Fig. 3.16. Performance of night-level migraine risk estimation using ensemble models
across different analysis-frame durations

The highest performance was generally observed at shorter to intermediate
window lengths of 10-30 minutes, suggesting that these temporal resolutions pro-
vide a favorable balance between signal preservation and noise reduction.

Analysis of individual performance components revealed that recall tended
to be higher at shorter window lengths, while precision showed a slight increase
for longer windows. However, this gain in precision was often accompanied by a
drop in recall, reflecting a trade-off between sensitivity and specificity in night-
level classification. Overall, no single model consistently outperformed the others
across all metrics, although ensemble voting provided stable aggregated results
across runs.

At the individual participant level, the same multi-run evaluation protocol
was applied; however, the resulting performance was substantially less stable.
While a subset of participants achieved relatively strong night-level detection with
F1-scores exceeding 0.5 at shorter window lengths, the majority of cases showed
unstable behavior, frequently resulting in zero positive-class detection. This vari-
ability persisted despite averaging across runs and was primarily driven by limited
per-subject sample sizes and pronounced class imbalance at the night level.
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Importantly, comparison with the majority baseline indicates that improve-
ments over trivial prediction strategies were not consistently achieved across par-
ticipants, further highlighting the challenges of subject-specific modeling under
limited data conditions.

Taken together, these findings suggest that the most reliable and reproducible
signal is obtained at the cohort level, where aggregation across participants miti-
gates data sparsity and variability. At the same time, the presence of positive re-
sults for a subset of individuals indicates that a subject-specific signal does exist,
albeit in a fragmented and data-limited form.

These results support a two-stage modeling strategy. First, a cohort-level
model can capture shared predictive patterns across individuals. Second, this
model can be progressively adapted to each participant as additional subject-spe-
cific data become available. Such an approach appears particularly well-suited for
migraine risk estimation, where the condition is inherently individualized and per-
sonalized models are likely to provide greater clinical relevance than fully generic
solutions.

3.8.6. System-Level Framework and Deployment Feasibility

The experimental results indicate that pre-migraine patterns can be detected from
nocturnal wearable physiological signals, with the most reliable performance ob-
served at the cohort level and at shorter analysis frames. These findings suggest
that a practical system should combine a cohort-level modeling approach with
subsequent personalization, rather than relying on a single universal configura-
tion. In this context, the proposed framework can be interpreted as an adaptive
signal-processing system that progressively refines migraine risk estimation based
on individual data.

From a system perspective, the method can be implemented as a multichan-
nel physiological signal-processing pipeline operating on six signals recorded by
a wearable device: electrodermal activity, pulse rate, metabolic equivalent, skin
temperature, accelerometer variability, and activity counts. These signals jointly
represent both autonomic and behavioral aspects of the user’s physiological state
during sleep, providing a multimodal basis for prediction. The wearable device
continuously acquires signals, which are then transmitted to a local processing
unit, such as a smartphone.

The processing pipeline begins with the extraction of the nocturnal interval,
followed by segmentation of the signal into analysis frames. Based on the exper-
imental findings, shorter temporal windows provide more informative representa-
tions and are therefore preferred in the operational configuration. For each analy-
sis frame, statistical descriptors are computed for all available signals, forming a
feature representation of short-term physiological dynamics.
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Importantly, the feature extraction stage can be optimized based on the fea-
ture analysis results obtained in this research. The experiments demonstrated that
the most informative predictors are low-order statistical descriptors, such as mean,
median, minimum, and amplitude-related measures, particularly for electrodermal
activity and, to a lesser extent, movement-related signals. This allows the system
to initially restrict feature computation to a compact subset of low-order de-
scriptors across all signals, reducing computational cost without sacrificing pre-
dictive performance.

In addition, the system can incorporate an adaptive feature selection mecha-
nism. During periodic model updates, feature importance can be re-evaluated
based on the recurrence of top-ranked features across validation runs. Features
that consistently fail to appear among the most informative predictors can be re-
moved from the feature set, while stable features are retained. This results in a
progressively refined and participant-specific feature space, improving model ro-
bustness and reducing redundancy over time.

The extracted features are evaluated by a trained classification model that
produces a probability estimate associated with migraine occurrence. Since the
prediction target is defined at the night level, frame-level outputs are aggregated
into a single nightly risk estimate. In this work, aggregation emphasizes intervals
with stronger deviations by prioritizing higher-probability values, enabling the
system to capture transient yet informative physiological patterns.

A key component of the system is the feedback loop that enables continuous
adaptation. Each morning, the user receives a risk estimate based on the previous
night. Each evening, the user provides a binary label indicating whether a mi-
graine occurred during the day, thereby assigning a label to the preceding night.
This process gradually accumulates labeled data, enabling the system to refine its
predictive model over time.

Two deployment strategies can be considered. In a fully local implementa-
tion, all pipeline stages, including data storage, feature extraction, model infer-
ence, and periodic model updates, are performed on a smartphone or a similar
edge device. Given the relatively small data volume and the low computational
complexity of statistical feature extraction and classical machine learning models,
this configuration is technically feasible without requiring cloud infrastructure.
Alternatively, a cloud-assisted architecture may be used, in which computation-
ally intensive tasks such as model reconfiguration or cohort-level retraining are
performed remotely, while daily prediction remains local. A hybrid approach
combining both strategies provides additional flexibility, allowing the system to
operate independently while benefiting from optional centralized updates.

From a computational standpoint, the proposed framework is lightweight.
The number of signals is limited, and the system operates on aggregated physio-
logical data at one-minute resolution. Feature extraction relies on simple statistical
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operations, and therefore, both memory requirements and computational load re-
main modest, making real-time or near-real-time processing feasible on standard
consumer devices. Importantly, the system does not rely on signal filtering or
computationally expensive transformations, as experimental results demonstrated
that filtering does not provide a consistent benefit and may reduce sensitivity to
relevant patterns.

Overall, the proposed framework can be viewed as an edge-oriented biomed-
ical signal-processing system that transforms nocturnal multichannel physiologi-
cal data into a daily migraine risk estimate. The combination of cohort-level mod-
eling, adaptive personalization, and dynamic feature-space optimization makes it
suitable for practical deployment in wearable-based health-monitoring applica-
tions while maintaining a clear connection to principles of electrical and electronic
engineering, including signal acquisition, segmentation, feature extraction, and
embedded inference.

3.8.7. Discussion of the Results

Migraine machine-learning research can be broadly divided into two main direc-
tions that differ in data type, task formulation, and evaluation methodology. The
first direction relies on structured clinical or diary-based datasets and typically
addresses diagnostic classification using static features such as symptoms, de-
mographics, or lifestyle factors. In such settings, performance is often evaluated
using random train—test splits or standard cross-validation, and reported metrics
frequently exceed 90% (Hasan et al., 2024; Imtiaz et al., 2025; Katsuki et al.,
2023; Sarra et al., 2025). However, these results are not directly comparable to
forecasting tasks, as they do not involve temporal dynamics or the prediction of
future events.

The second direction, to which the present research belongs, focuses on wear-
able physiological signals and aims to predict migraine occurrence in a next-day
forecasting setting. This formulation is inherently more challenging due to signal
noise, inter-individual variability, class imbalance, and the need to extract predic-
tive information from continuous time series. In this context, previously reported
performance is typically moderate, with ROC-AUC values often in the 0.60-0.65
range (Stubberud et al., 2023).

The results obtained in this research are consistent with this range while
providing a more detailed methodological analysis of the problem. At the cohort
level, classification models achieved ROC-AUC values of approximately 0.62—
0.70, with the highest values observed for boosting-based models at shorter anal-
ysis-frame durations. PR-AUC values were typically 0.32-0.37, indicating a mod-
erate but consistent ability to detect the minority class under class-imbalance con-
ditions.
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Positive-class performance remained moderate, with F1-scores reaching ap-
proximately 0.40-0.44 for short analysis frames of 5-10 minutes. For example,
HistGradientBoosting achieved a positive-class F1-score of approximately 0.43 at
5-minute windows, while XGBoost reached approximately 0.44 at 10-minute
windows. As the analysis-frame duration increased, positive-class F1-scores de-
creased to approximately 0.32-0.38, primarily due to a reduction in recall. This
behavior indicates that longer temporal aggregation reduces sensitivity to pre-mi-
graine states.

Macro-averaged metrics were more stable across configurations, with Macro
F1-scores typically in the range of approximately 0.58-0.64, while Accuracy
ranged approximately from 0.70 to 0.80. The divergence between macro-level and
positive-class metrics highlights the importance of evaluating minority-class per-
formance separately, as global metrics alone may mask reduced sensitivity to clin-
ically relevant events.

A central finding of the research is the strong dependence of predictive per-
formance on temporal resolution. Across all classifiers, shorter analysis frames of
5-10 minutes consistently yielded better results, particularly in terms of positive-
class recall and F1-score. This suggests that pre-migraine physiological changes
are temporally localized and are better captured at finer temporal resolution. In-
creasing the analysis-frame duration introduces temporal smoothing, which re-
duces the discriminative signal. Importantly, this tendency remains observable
under strict night-level splitting, indicating that it reflects an intrinsic property of
the data rather than an artifact of the evaluation protocol.

Another important observation is the consistent advantage of ensemble-based
models. Boosting algorithms, including HistGradientBoosting and XGBoost,
achieved the best balance between precision and recall and the highest ROC-AUC
values. This supports the interpretation that migraine-related physiological pat-
terns are nonlinear and heterogeneous. In contrast, SVM consistently performed
worse, indicating limited suitability for this type of data.

An additional contribution of the present research is the explicit treatment of
nocturnal recordings as a distinct analytical context for pre-migraine detection.
While many previous studies use daily or mixed-context wearable data, relatively
few focus specifically on the night as a controlled physiological regime. The re-
sults show that, within this context, short analysis frames and low-order statistical
descriptors provide the most informative representation for prediction. In particu-
lar, electrodermal activity features consistently emerged as the most stable predic-
tors, supported by movement-related signals.

The applied data selection strategy, including sleep-based filtering and label
construction, results in a cohort-level dataset of 455 nights, including 107 pre-
migraine nights. This provides sufficient observations for training and evaluating
models at the cohort level, particularly in a frame-based classification setting. At
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the same time, the modeling task involves predicting relatively rare events, which
becomes more pronounced as we move from frame-level classification to night-
level aggregation and, especially, to individual participant models.

The evaluation was performed at the level of analysis frames, while ensuring
that all frames from a given night were assigned exclusively to either the training
or the test set. This strategy preserves independence between training and test data
at the night level while allowing each night to contribute multiple observations.
As a result, the effective number of independent observations is determined by the
number of nights, whereas the use of frame-level predictions improves the stabil-
ity of performance estimates.

Feature analysis further demonstrated that the predictive structure of the
problem is concentrated in a limited set of low-order statistical descriptors. Both
ANOVA-based analysis and model-based feature importance consistently identi-
fied features related to signal level and amplitude, particularly for electrodermal
activity, as the most informative. Reducing the feature space to a compact subset
of recurrent predictors did not degrade performance and, in some cases, improved
it, especially for positive-class detection. This indicates that a small number of
stable features captures the essential information needed for prediction.

Overall, the results demonstrate that nocturnal wearable physiological sig-
nals contain meaningful information related to next-day migraine risk. While the
achieved performance reflects the problem’s inherent complexity, the research
provides a systematic characterization of how temporal resolution, feature repre-
sentation, and model choice influence predictive performance. The findings fur-
ther indicate that cohort-level modeling is currently the most stable approach,
whereas transitioning to night-level aggregation and individualized prediction re-
quires additional data for reliable generalization.

3.8.7. Limitations of the Study

The results of this chapter should be interpreted in light of several methodological
and practical limitations inherent to the research design and data characteristics.

First, the analysis was restricted to nocturnal physiological recordings ex-
tracted using a predefined sleep-gating procedure. This design choice was moti-
vated by the need to reduce behavioral and environmental confounding and ensure
comparable conditions across participants. However, the use of strict temporal
boundaries and gating rules inevitably limits the number of valid observations.
While this controlled setting improves signal consistency and interpretability, it
also reduces the number of usable nights and may exclude potentially informative
segments outside the defined nocturnal interval. Therefore, the reported findings
are specific to the adopted night-selection protocol and may differ under alterna-
tive definitions of sleep or extended temporal contexts.
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Second, although the cohort-level dataset includes sufficient nights for
frame-level classification, the number of migraine-positive nights remains lim-
ited, particularly when aggregating nights and using individual participant mod-
els. This limitation is intrinsic to real-world longitudinal migraine data, where
events are relatively sparse. As a result, while cohort-level patterns can be identi-
fied and evaluated with reasonable stability, the transition to night-level prediction
and especially to personalized modeling leads to increased variability and reduced
reliability of performance estimates.

Third, the modeling framework focused exclusively on wearable-derived
physiological signals recorded during sleep. This approach ensures a controlled
and consistent input space but does not account for additional factors known to
influence migraine occurrence, such as daytime triggers, medication intake, stress
levels, hormonal variations, or environmental conditions. Incorporating such mul-
timodal information may improve predictive performance; however, it also intro-
duces challenges related to data completeness, reliability, and synchronization be-
tween heterogeneous sources.

Fourth, migraine labels were based on participant-reported diary entries. Alt-
hough this approach is standard in migraine research, it introduces potential un-
certainty in the exact timing and characterization of migraine events. In particular,
the definition of the pre-migraine interval depends on self-reported onset, which
may vary in accuracy across participants and episodes.

Finally, preprocessing and feature-selection strategies were evaluated within
a specific experimental framework that prioritizes statistical descriptors and
avoids aggressive signal transformations. While this design was supported by the
observed results, the interaction between preprocessing choices, temporal seg-
mentation, and model performance remains complex and may require further in-
vestigation in larger datasets.

Despite these limitations, the research provides a structured and reproducible
framework for analyzing nocturnal wearable physiological data in the context of
migraine prediction. It highlights the importance of controlled data selection, tem-
poral resolution, and feature representation, and it establishes a foundation for fu-
ture work aimed at improving personalized prediction under real-world data con-
straints.

3.9. Conclusions of the Third Chapter

This section summarizes the main results of the experimental research investigat-
ing the influence of temporal segmentation, signal filtering, and feature represen-
tation on migraine classification and night-level prediction.
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1. Across both exploratory and cohort-level settings, the highest perfor-
mance was achieved with short analysis frames of 5-10 minutes. In co-
hort-level classification, positive-class F1-scores ranged from 0.43 to
0.44 for HistGradientBoosting and XGBoost at short windows, but incre-
ased to 90-120 minutes decreased them to approximately 0.32-0.38, pri-
marily due to reduced recall. This indicates that pre-migraine physiologi-
cal patterns are temporally localized and attenuate with stronger temporal
aggregation.

2. When moving from frame-level splitting to night-level splitting, classifi-
cation performance decreased, reflecting the increased difficulty of gen-
eralization to unseen nights. However, the relative advantage of short
analysis frames and the superiority of ensemble-based models remained
stable, indicating that these effects are not solely due to within-night data
overlap.

3. HistGradientBoosting and XGBoost consistently achieved the best results
across most analysis-frame durations, with ROC-AUC values in the range
of approximately 0.68-0.70 and PR-AUC values around 0.34-0.37. Ran-
dom Forest showed more stable, but generally lower, positive-class per-
formance, while SVM approached baseline performance with longer
analysis frames. KNN did not demonstrate meaningful predictive ability
for the positive class.

4. Signal filtering does not provide a stable benefit under strict validation
conditions. Although filtering improved performance in the exploratory
frame-level setting, these gains were not preserved in the cohort-level
evaluation. Under night-level splitting, filtering had a limited and incon-
sistent effect on Macro F1-score and generally reduced positive-class re-
call, particularly for Savitzky—Golay filtering. This indicates that smooth-
ing may suppress informative physiological variability relevant to pre-
migraine detection.

5. The predictive structure is concentrated in a compact set of low-order
physiological features. Both ANOVA analysis and model-based feature
importance consistently identified low-order statistical descriptors as the
most informative features, particularly for electrodermal activity. Fea-
ture-space reduction experiments demonstrated that a compact subset of
recurrent features preserves performance and, in some configurations, im-
proves positive-class detection.

6. Night-level migraine risk estimation is feasible at the cohort level but re-
mains unstable at the individual level. At the cohort level, night-level F1-
scores ranged from approximately 0.33 to 0.42, exceeding the prevalence-
based baseline across all configurations. The best performance was ob-
served at intermediate analysis frames of 10-30 minutes. In contrast,
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individual-level models showed high variability and frequently failed to
detect positive cases, indicating insufficient data for stable personalized
prediction.

Night-level migraine risk estimation is feasible at the cohort level but re-
mains unstable at the individual level. At the cohort level, night-level F1-
scores ranged from approximately 0.33 to 0.42, exceeding the prevalence-
based baseline across all configurations. The best performance was ob-
served at intermediate analysis frames of 10-30 minutes. In contrast, in-
dividual-level models showed high variability and frequently failed to de-
tect positive cases, indicating insufficient data for stable personalized
prediction.



General Conclusions

1. Migraine prediction using wearable data is highly dependent on method-
ological design and validation strategy. Comparing temporal segmenta-
tion windows ranging from 5 to 120 minutes, along with different prepro-
cessing and validation settings, shows that these methodological choices
significantly influence performance estimates. In particular, strict night-
level validation reduces the optimistic bias observed in exploratory set-
tings, whereas commonly used filtering techniques do not yield consistent
improvements and may reduce sensitivity to the positive class.

2. Nocturnal wearable physiological signals contain detectable but moder-
ately expressed pre-migraine patterns. Under cohort-level evaluation,
models achieved ROC-AUC values of approximately 0.62-0.70 and PR-
AUC values of approximately 0.32—0.37, indicating consistent but non-
trivial predictive capability. However, night-level prediction remains un-
stable at the individual level, suggesting that the signal is present but not
uniformly expressed across participants.

3. Temporal resolution is a critical factor in preserving discriminative infor-
mation. The highest classification performance was consistently observed
for short analysis frames of 5-10 minutes, with positive-class F1-scores
reaching approximately 0.43-0.44. Increasing the window length to 90—
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120 minutes reduced performance to approximately 0.32-0.38, demon-
strating that temporal aggregation attenuates short-term physiological de-
viations.

Ensemble-based models are best suited for wearable-based migraine pre-
diction. HistGradientBoosting and XGBoost provided the most reliable
performance across configurations, while Random Forest showed stable
but slightly lower results. In contrast, SVM demonstrated limited effec-
tiveness.

Predictive information is concentrated in a compact set of low-order fea-
tures dominated by electrodermal activity. Aggregated feature recurrence
analysis shows that electrodermal activity features appear approximately
2-3 times more frequently than movement-related features, while temper-
ature and pulse rate contribute less consistently. This indicates that auto-
nomic nervous system activity is the primary source of predictive signal
in the nocturnal context.

Cohort-level modeling provides stable and reproducible results, while in-
dividual-level prediction remains data-limited and variable. Therefore,
practical systems should initially rely on cohort-derived patterns and pro-
gressively adapt to individual users as additional labeled data become
available.
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Summary in Lithuanian

Jvadas

Problemos formulavimas

Migrena yra sudétingas neurologinis sutrikimas, sukeliantis didele na$ta pacientams ir
sveikatos priezitiros sistemoms. Jos priepuolius sunku prognozuoti, o prodrominiai simp-
tomai skiriasi tarp individy. Dévimieji jrenginiai suteikia galimybe nuolat stebéti fiziolo-
ginius ir elgsenos signalus, kurie gali atspindéti prieSmigreninius poky¢ius, taciau realaus
pasaulio duomenys daZnai yra triuk§mingi, nei$sams ir stipriai veikiami miego, fizinio
aktyvumo bei cirkadiniy ritmy.

Sioje disertacijoje nagrinéjama patikimos ir interpretuojamos prie$migreninés infor-
macijos i$skyrimo i§ dévimyjy jrenginiy fiziologiniy duomeny problema, kuri lemia po-
reikj kurti metodus patikimam pozymiy iSgavimui ir interpretavimui. Toks poreikis kyla
dél tradiciniy signaly apdorojimo ir klasifikavimo metody ribotumo, kai jie taikomi triuks-
mingiems, nestacionariems signalams, surinktiems realiomis salygomis, todél §i problema
yra itin aktuali elektros ir elektronikos inZinerijos srityje.

Siai problemai spresti disertacijoje kuriamas kontekstui jautrus, daugiapakopis ana-
litinis pagrindas, apimantis duomeny audita, kontekstui jautry zymeéjima bei sisteminga
laiko agregavimo, iSankstinio apdorojimo ir pozymiy reprezentavimo vertinimg naktiniy
duomeny pagrindu. Migrenos klasifikacijai ir kitos dienos migrenos prognozei vertinti tai-
komi masininio mokymosi metodai, o poZymiy svarbos analizé naudojama identifikuoti
informatyvius signalus, jy charakteristikas ir pasikartojan¢ius modelius tarp skirtingy da-
lyviy ir modeliavimo nustatymy.
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Remiantis $ia formuluote, disertacija grindziama dviem hipotezémis:

1. PrieSmigreniniy fiziologiniy pokyc¢iy aptinkamumas stipriai priklauso nuo sig-
naly apdorojimo ir duomeny modeliavimo sprendimy, ypac¢ nuo laiko agrega-
vimo, iSankstinio apdorojimo, pozymiy iSgavimo ir jy reprezentavimo.

2. Nepaisant individualiy skirtumy, kohortos lygmeniu galima identifikuoti pasi-
kartojancius fiziologinius désningumus ir informatyviy poZymiy grupes,
atspindin¢ias bendrg prieSmigreniniy procesy struktiirg.

Darbo aktualumas

Sios disertacijos aktualumg lemia poreikis gilinti supratima apie fiziologinius poky&ius
prie§ migrenos priepuolius ir uzpildyti esamas moksliniy tyrimy spragas. Naudojant fizio-
loginius signalus, surinktus ilgalaikio realaus gyvenimo stebé&jimo metu, vertinama duo-
meny kokybé, validacijos strategijos ir migrenos klasifikavimo bei kitos dienos progno-
zavimo galimybés, taip pat analizuojamas signaly segmentavimo, filtravimo ir naktiniy
pozymiy svarbos poveikis.

Tyrimo objektas

Sios disertacijos tyrimo objektas yra dévimyjy jrenginiy fiziologiniy duomeny analizés
sistema, skirta prieSmigreniniy pozymiy nustatymui ir analizés sprendimy jtakos jy apti-
kimui bei kitos dienos migrenos prognozavimo galimybei vertinti.

Darbo tikslas

Sios disertacijos tikslas — sukurti ir jvertinti atkuriama metoding sistema, skirta priesmig-
reninei informacijai isgauti ir interpretuoti i§ neSiojamyjy jrenginiy registruojamy fiziolo-
giniy duomeny natiiraliomis stebéjimo sglygomis.

Darbo uzdaviniai

1. Sukurti dévimyjy jrenginiy duomeny apdorojimo granding migrenos analizei,
apimancig dalyvio lygmens duomeny rinkinio sudaryma, naktiniy stebéjimy
apibrézima ir nuosekly prieSmigreniniy bei kontroliniy laikotarpiy Zyméjima.

2. Sukurti ir jvertinti dvejetainius klasifikavimo modelius, skirtus prieSmigreni-
néms ir kontrolinéms btisenoms atskirti, naudojant i§ dévimyjy jrenginiy gautus
naktinius fiziologinius signalus, ypatingg démes; skiriant individualizuotam mo-
deliavimui.

3. Ivertinti pagrindiniy signaly apdorojimo ir modeliavimo sprendimy, jskaitant lai-
king segmentacijg ir iSankstinj apdorojima, poveikj prieSmigreniniy pozymiy ap-
tikimui ir klasifikavimo rezultatams.

4. Nustatyti fiziologiSkai informatyvius signalus ir poZymiy grupes, susijusias su
prieSmigreniniais pokyciais, taikant statisting poZymiy analiz¢ ir modeliais pag-
rjstus reikSmingumo vertinimo metodus, taip pat jvertinti pozymiy mazinimo po-
veik] modeliy patikimumui ir interpretuojamumui.

5. Patvirtinti siiloma metoda iSpléstame tiriamyjy rinkinyje taikant vieng mokymo
ir validacijos protokola bei jvertinti kitos dienos migrenos prognozavimo
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galimybes naudojant naktinius dévimyjy jrenginiy duomenis, esant laiko atzvil-
giu atskirtai validacijai.

Tyrimy metodika

Taikyti $ie metodai, nagringjant darbo objekta:

Atlikta struktirinta migrenos tyrimy, paremty dévimy jrenginiy duomenimis,
apzvalga, apimanti migrenos fazes, prieSmigrening dinamika, iSmatuojamus fi-
ziologinius signalus, realiomis salygomis surinkty duomeny kokybés problemas
bei dazniausiai taikomus iSankstinio apdorojimo, pozymiy iS§gavimo ir masininio
mokymosi metodus.

Fiziologiniai duomenys buvo renkami realiomis saglygomis naudojant ,,Empatica
Embrace Plus®“ jrenginj. Analizé buvo sutelkta | naktinius jrasus siekiant
sumazinti dienos variacija. Kiekvienam dalyviui ir signalui buvo jvertinta, ar yra
visi duomenys ir trikstamy duomeny struktiira.

Fiziologiniy signaly iSankstinis apdorojimas uztikrino fiziologinj pagristuma, pa-
Salinant netinkamus méginius ir apribojant nejtikétinas pulso daznio reikSmes.
Taip pat buvo jvertinti keli filtravimo metodai, jskaitant medianinj, Savitzky—
Golay ir Butterworth Zemadaznj filtravima.

Naktiniai jraSai buvo segmentuojami ] fiksuoto ilgio intervalus nuo 5 iki 120
minuciy. Buvo iSgauti statistiniai pozymiai, o skirtumai tarp prieSmigreniniy ir
kontroliniy biiseny analizuoti naudojant apraSomaja statistikg ir vienfaktoring
dispersing analiz¢ (ANOVA).

Sukurti dvejetainés klasifikacijos modeliai, skirti prieSmigreninéms ir kontroli-
néms biisenoms atskirti. Taikytos dvi validavimo strategijos: segmenty lygmens
skaidymas metodiniam palyginimui ir nakty lygmens skaidymas grieztesniam
vertinimui. Hiperparametry optimizavimas atliktas naudojant ,,Random-
izedSearchCV* su ,,GroupKFold* kryzmine validacija pagal nakty identifikato-
rius. Modeliy veikimas vertintas naudojant F1 rodiklj, atkiirima (recall), tikslumag
(precision), ROC-AUC ir PR-AUC, ypatingg démes;j skiriant teigiamai klasei.

Darbo mokslinis naujumas

Struktarinta kitos dienos migrenos prognozavimo sistema, paremta i§ dévimyjy
jrenginiy gautais naktiniais fiziologiniais duomenimis ir apimanti nuoseklig nak-
ties—kitos dienos zZyméjimo schema, pomigreniniy nakty eliminavima ir aisky
dviprasmisky laiko intervaly apdorojima.

Struktarintas dévimyjy jrenginiy duomeny rinkiniy charakterizavimo protokolas,
formalizuojantis signaly pilnumo, triikkstamy duomeny struktiiros, laikinio paden-
gimo ir pozymiy skai¢iavimo galimybiy vertinima.

Sukurta daugiamasté laikinés agregacijos schema migrenai prognozuoti, paremta
i§ dévimyjy jrenginiy gautais fiziologiniais duomenimis, naudojant signaly inter-
valus nuo 5 iki 120 minuciy, parodant, kad trumpesni intervalai geriau iSsaugo
su prieSmigreniniais pokyc¢iais susijusig informacijg, o ilgesni intervalai mazina
jautrumg mazumos klasei.
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Gauti tiriamyjy grupés lygmens rezultatai, rodantys, kad i§ dévimyjy jrenginiy
gautuose naktiniuose fiziologiniuose duomenyse Zemesnés eilés statistiniai pozy-
miai yra stabilesni nei aukstesnés eilés pozymiai, o prediktoriy sudétis priklauso
nuo laikinés skaleés.

Pateikti jrodymai i§ i§plésto tiriamyjy rinkinio, kad jprastinis fiziologiniy signaly
filtravimas nepagerina migrenos klasifikavimo rezultaty, todél iSankstinio apdo-
rojimo nauda turi biiti empiriskai pagrista, o ne laikoma savaime suprantama.

Darbo rezultaty praktiné reikSmé

Sitiloma duomeny audito procediira, kuri gali biiti naudojama vertinant naktiniy
fiziologiniy duomeny, gauty i§ dévimyjy jrenginiy, tinkamumga prie$ modeliy kii-
rimg ir gerinant tyrimy palyginamuma.

Disertacijoje sukurta analitiné grandiné, integruojanti miego pagrindu atlickama
segmentacija, skaidry Zyméjima, pozymiy iS§gavima ir validacija, kuri gali buti
pritaikyta migrenos ir kity epizodiniy bukliy tyrimuose, naudojant dévimyjy
jrenginiy duomenis.

Disertacijoje identifikuotas kompaktiskas ir interpretuojamas pozymiy rinkinys,
leidziantis kurti paprastesnius ir skaidresnius kitos dienos migrenos prognoza-
vimo modelius neprarandant jy efektyvumo.

Pateiktos praktinés rekomendacijos dél laikinés segmentacijos, pagrindziancios
trumpesniy naktiniy analizés langy taikyma prieSmigreninéms basenoms aptikti
ir galincios biiti naudojamos biisimose dévimyjy jrenginiy stebé¢jimo sistemose.
Sukurta dviejy etapy modeliavimo strategija, jungianti grupés lygmens moky-
masi su vélesniu individualiu pritaikymu personalizuotam kitos dienos migrenos
prognozavimui, naudojant dévimyjy jrenginiy duomenis.

Ginamieji teiginiai

1. PrieSmigreniniy biiseny aptikimas naudojant naktinius dévimy jrenginiy duome-

nis stipriai priklauso nuo analizés laiko mastelio: padidinus lango ilgj nuo 5-10
iki 30 minuéiy, teigiamos klasés atkiirimas sumazéja apie 10-30 %, o F1 rodiklis
— apie 5-15 %, o dar labiau pailginus iki 60—120 minuciy, §is sumazéjimas didéja
ir didéja rezultaty variabilumas tarp modeliy.

ISankstinis apdorojimas né vienoje vertintoje situacijoje nepagerino teigiamos
klasés atkairimo ar F1 rodiklio esant grieztai validacijai, todél jo nauda negali buti
laikoma savaime suprantama ir turi biiti kritiSkai vertinama.

Naktiniai fiziologiniai duomenys pasizymi atkuriama kohortos lygmens informa-
tyviy pozymiy struktiira, kurioje Zemesnés eilés statistiniai deskriptoriai yra sta-
bilesni nei aukstesnés eilés pozymiai: 5—10 minuciy languose EDA deskriptoriai
pasireiskia mazdaug 1,5-3 kartus dazniau nei dauguma kity pozymiy, o ilgesni
langai siejami su labiau heterogeniska pozymiy struktiira.

Ansambliniai klasifikatoriai uztikrina patikimiausig ir subalansuotg veikima mig-
renos modeliavimo procese naudojant naktinius dévimy jrenginiy duomenis,
grieztos validacijos salygomis apie 20-60 % pranokdami SVM ir KNN pagal
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teigiamos klasés aptikimo kokybe ir pasizymédami mazesniu rezultaty varia-
bilumu. SVM islieka riboto efektyvumo, o KNN neaptinka migrenos klasés.

Darbo rezultaty aprobavimas

Tyrimo rezultatai paskelbti keturiose publikacijose: dviejuose straipsniuose Zurnaluose,
jtrauktuose | ,,Clarivate Analytics Web of Science Core Collection* (Kapustynska ir kt.,
2024, 2025). Autoré taip pat pristaté rezultatus dviejose tarptautinése mokslinése konfer-
encijose:

e Kapustynska, V., & Paulikas, S. (2024). Elektroderminio aktyvumo signalo
svyravimy analizé pries migrenos priepuolio pradzia. Tarptautiné konferencija
,.Science in Motion®, Vinica—Viena.

e Kapustynska, V. ir kt. (2024). Prie§migreniniy nakties modeliy aptikimas naudo-
jant dévimuosius biosensorius ir mas$ininj mokymasi. 15-0ji konferencija
DAMSS, Druskininkai, Lietuva.

Disertacijos struktira

Darbas susideda i$ jzangos, trijy teminiy skyriy, bendryjy iSvady ir santraukos lietuviy
kalba, literatiiros saraso, autoriaus publikacijy saraSo ir trijy priedy. Be priedy, disertacija
apima 111 puslapiy, 35 iliustracijas, 4 formules ir 17 lenteliy.

1. Literatiuros apzvalga apie migrenos dinamika, fiziologinius
signalus ir prognozavima

Siuolaikiniai migrenos tyrimai vis dazniau apibfidina §j sutrikima kaip dinaminj neurolo-
ginj process, kuriame klinikinis priepuolis yra tik viena platesnio patologinio ciklo dalis.
Migrenos epizodas paprastai skirstomas j kelias fazes: prodroming fazg, aura, galvos
skausmo (iktaling) faze ir postdromine fazg. Prognozavimo poziiiriu svarbiausia yra
prodrominé fazé, kuri dazniausiai pasireiskia likus 24—48 valandoms iki skausmo pradZios
ir gali buti lydima nuotaikos, aktyvumo bei autonominés nervy sistemos funkcijy pokyciy.
Taciau prodrominiy pozymiy pasireiskimas ir jy kombinacijos tarp pacienty labai skiriasi,
todél universaliis prognozavimo sprendimai islieka riboti.

Literattira rodo, kad migrena yra susijusi su autonomingés nervy sistemos disbalansu.
Todél fiziologiniai signalai, reguliuojami §ios sistemos, laikomi potencialiais informacijos
Saltiniais apie prieSmigrening biisena. Dazniausiai nagrinéjami signalai yra elektroderminé
odos veikla, Sirdies susitraukimy daznis ir Sirdies ritmo variabilumas, taip pat odos tem-
peratiira bei fizinio aktyvumo rodikliai. Sie parametrai gali atspindéti simpatinés ir para-
simpatinés reguliacijos poky¢ius, kurie kartais pasireiSkia dar iki priepuolio pradzios.

Nesiojamyjy sensoriy technologijy plétra sudaré galimybes nuolat registruoti tokius
signalus realiomis gyvenimo salygomis. Daugiasensoriniai jrenginiai leidzia vienu metu
stebéti autonominius ir elgsenos rodiklius, jskaitant miegg ir cirkadinius ritmus. Vis délto
realaus gyvenimo duomenys pasizymi dideliu triukSmu ir kontekstiniu kintamumu: juos
veikia judesio artefaktai, prietaiso nesiojimo pertriikiai, nestabilus kontaktas su oda ir triik-
stamos reik§més, kurios daznai néra atsitiktinés. Todél pastaraisiais metais vis labiau
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pabréziamas duomeny centrinis (data-centric) pozitiris, kai prie$ modeliavimg sistemingai
vertinama duomeny kokybé, triikstamumo struktiira ir biomarkeriy patikimumas.

Svarbus fiziologiniy signaly analizés etapas yra filtravimas ir iSankstinis apdoroji-
mas. Dazniausiai minimi metodai yra medianinis filtras, Savitzky—Golay glodinimas ir
Butterworth zemy dazniy filtrai. Jie taikomi triukSmui ir artefaktams slopinti, taciau fil-
travimo poveikis pozymiams ir prognozavimo rezultatams migrenos kontekste néra viena-
reik$mis ir daznai priklauso nuo signalo tipo bei analizés lango trukmés.

Fiziologinés laiko eilutés paprastai transformuojamos | pozymius, apskaiciuotus
fiksuotuose ar slenkanciuose laiko languose. Pladiausiai naudojami paprasti statistiniai
rodikliai (vidurkis, mediana, minimumas, maksimumas, standartinis nuokrypis, RMS).
Vis daugiau démesio skiriama laiko agregavimo mastui: trumpi langai gali geriau
iSsaugoti trumpalaikius poky¢ius, o ilgi langai suteikia stabilesnius jvercius, bet gali
»18lyginti“ informatyvius svyravimus.

Migrenai prognozuoti taikomi jvairGis masininio mokymosi metodai. DaZniausiai
naudojami klasikiniai algoritmai (Support Vector Machines, Random Forest, gradientinio
stiprinimo metodai), kurie gerai veikia su nedidelémis imtimis ir leidzia analizuoti
pozymiy svarbg. Giliojo mokymosi metodai taip pat taikomi, ta¢iau jy taikyma migrenos
srityje daznai riboja mazos imtys ir interpretavimo sudétingumas. Daugelyje darby
pabréziama, kad individualizuoti modeliai daznai pranoksta bendruosius, nes migrenos
dinamika ir prieSmigreniniai signalai yra stipriai individualis.

Apibendrinant, literatiira patvirtina neSiojamaisiais jrenginiais registruojamy fizio-
loginiy signaly potenciala aptikti prieSmigreninius pokycius, tac¢iau kartu pabrézia metod-
ologiniy veiksniy svarba: duomeny kokybe, kontekstinj segmentavimg (ypa¢ miego ir
cirkadiniy ritmy jtaka), laiko agregavimo masta, filtravimo pasirinkimg ir tinkamas vali-
dacijos strategijas. Sie aspektai pagrindzia poreikj sistemingai tirti, kaip analizés
sprendimai keicia aptinkamumga ir prognozavimo rezultaty stabiluma.

2. Duomenuy rinkinio apibudinimas, kokybés kontrolé ir laiko
segmentavimas

Antrajame skyriuje buvo atlikta dévimo fiziologinio duomeny rinkinio struktirizacija, ko-
kybés auditas ir metodologinis parengimas prie$ tolesnj modeliavimg. Analizés tikslas
buvo jvertinti signaly i§samuma, stabilumg ir fiziologinj suderinamuma, taip pat pagrjsti
naktinio rezimo ir laikinés segmentacijos pasirinkimg kaip pagrindinius tolesnés analitinés
schemos elementus. Po duomeny eksportavimo ir konsolidavimo buvo atliktas kiekybinis
trakstamy reiksmiy jvertinimas visuose prieinamuose biomarkeriuose. Nustatyta, kad dau-
gumai signaly btdinga panasi ir vidutiné trakstamy duomeny dalis (apie 12 %), o pulso
variabilumo (PRV) ir kvépavimo daznio (RR) rodikliai pasizymi itin dideliu nepilnumu,
virsijanc¢iu 70 %. Apibendrintos trikstamy reik§miy proporcijos pateiktos S2.1 lenteléje.

S2.1 lentelé. Trukstamy reikSmiy procentiné dalis pagal signalus ir visus dalyvius

Signalas Trikstamos reikSmés, %
Akselerometrai 12,37

Aktyvumo skaitikliai 12,37
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S2.1 lentelés pabaiga

Elektroderminé veikla 12,37
Metabolinis ekvivalentas 12,37
Pulso variabilumas 75,05
Pulsas 12,37
Kvépavimo daZnis 72,47
Miego nustatymo stadija 12,37
Signalas Trikstamos reikSmés, %
Zingsniy skaiGius 12,37
Odos temperatiira 12,37
Nesiojimo nustatymas 10,74

Pastaba: pusjuodziu §riftu pazymeéti signalai, turintys perteklinj trikstamy duomeny kiekj ir todél
nejtraukti j tolesng analizg.

Toks didelis trikstamy duomeny kiekis reik§mingai riboja iy signaly statistinj pati-
kimuma atliekant tarpindividing analize, todél RR ir PRV buvo pasalinti i§ tolesnio
apdorojimo. Juos pasalinus, likusiems signalams buvo pritaikytas pilny atvejy filtras, kuris
leido i8laikyti palyginama stebéjimy struktiirg tarp dalyviy. Nepaisant skirtingos pasalinty
eiluéiy dalies tarp dalyviy, galutinis duomeny kiekis buvo pakankamas tolesnei kohortinei
ir individualiai analizei.

Toliau buvo jvertintas signaly fiziologinis pagrjstumas ir tarpindividiné variacija.
Buvo sudaryti kohortiniai cirkadiniai profiliai, remiantis medianinémis reik§mémis ir
tarpkvartiliniu intervalu. Pulso daznio pavyzdys (S2.1 pav.) rodo, kad jrasai islaiko
tikéting paros dinamika: sumazéjima nakties metu, rytinj pakilimg ir santyking stabi-
lizacija dienos laikotarpiu.

110
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Grupés TKR (IQR)
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S2.1 pav. Kohortos pulso daznio cirkadinis profilis

Panasi cirkadiné struktiira stebima ir kituose fiziologiniuose bei elgesio signaluose,
tai patvirtina registracijos korektiskuma ir rodo, kad artefaktai neturi dominuojancios
jtakos duomenims. Kartu nustatytas ryskus tarpindividinis rodikliy lygiy ir jy sklaidos het-
erogeniSkumas, kuris pagrindzia individualizuoto modeliavimo poreikj tolesniuose ana-
lizés etapuose.

Atsizvelgiant | didesne dienos duomeny variacija, kurig lemia elgesio ir kontekstiniai
veiksniai, tolesné analizé buvo apribota naktiniu laikotarpiu. Objektyviam miego intervaly
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nustatymui buvo naudojamas miego aptikimo stadijos rodiklis (SDS). SDS reik§miy klas-
ifikacija pateikiama S2.2 lenteléje.

S2.2 lentelé. Miego aptikimo stadijos (SDS) verciy klasifikacija

Reik§mé Aprasymas

0 Biudravimas

101 Miegas — pagrindinis kriterijus, leidziantis nustatyti tikrus miego laikotar-
pius

102 Miego metu pasikartojantys pabudimai

300 Laikinai sutrike miego ciklai

Nulinés SDS reikSmés atitinka bidravimo biisena, 0 kitos reikSmés apibiidina skirt-
ingas miego arba su miegu susijusias biisenas.

Nenuliniy SDS reik$miy pasiskirstymas paros valandy atzvilgiu (S2.2 pav.) rodo jy
aiSkig koncentracijg nakties metu.

2
o

=0

w 0.6 f
ot y
D
o,
5
5 04 \
a
e
a /
0.2 \ y
—&— Dalyviy vidurkis \
Bendrai kohortai ——— L = e, —

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Paros laikas

S2.2 pav. Nenuliniy miego aptikimo stadijos (SDS) reiksmiy cirkadinis profilis

Remiantis tuo, naktinis rezimas buvo operaciSkai apibréztas kaip intervalas nuo
18:00 iki 09:00, esant salygai SDS # 0. Siekiant sumazinti galimg postdrominio laikotar-
pio itaka ir iSlaikyti fiziologiskai stabilesnes salygas, i§ analizés taip pat buvo paSalintos
naktys, einancios po migrenos epizody. Papildoma analizé parodé, kad duomeny apriboji-
mas tik miego intervalais sumazina signaly viding segmenty variacija, palyginti su dienos
duomenimis, ir patvirtina labiau stacionary naktinio fiziologinio rezimo pobtdj. Todél
naktinis miego bilisenos pagrindu filtruotas kontekstas buvo pasirinktas kaip pagrindas
pozymiams formuoti ir modeliams kurti.

Nustacius naktinj rezima, buvo atlikta laikiné duomeny segmentacija. Naktiniai jrasai
buvo suskirstyti j langus, kurie tarpusavyje nepersidengé ir kuriy trukmé buvo 5, 10, 30,
60, 90 ir 120 minuciy. Kiekvienam langui buvo apskaic¢iuotas fiksuotas statistiniy deskrip-
toriy rinkinys, paskui jvertintas jy padengimas, stabilumas ir klasiy atskiriamumas.
Nustatyta, kad didéjant lango trukmei mazéja prieinamy segmenty skaicius, tai matyti is
klasiy pasiskirstymo tarp dalyviy ir analizés langy (S2.3 lentel¢).
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S2.3 lentelé. Klasés pavyzdziy skaiCius kiekvienam dalyviui pagal analizés lango trukme
(zyma 0/ zyma 1)

Subjektas 5 min. 10 min. 30 min. 60 min. 90 min. 120 min.
1 72/269 37/137 13/49 7127 5/18 4/15

2 1089/248 550/126 189/45 101/24 72117 58/13
3 1353/538 686/273 241/95 132/51 94/36 74127
4 2671/293 1350/149 | 466/52 247129 170/19 135/16
5 4202/470 2106/236 710/79 362/40 246/28 176/20
6 3746/692 1903/352 669/123 360/66 258/45 201/38
7 1141/420 578/212 199/73 103/38 74/28 55/20
8 2225/776 1124/392 394/138 208/72 146/52 110/40
9 1355/904 684/457 236/161 127/87 88/62 71/44
10 1121/501 568/253 197/89 103/48 78/35 58/28
11 2089/714 1057/363 | 368/125 | 193/66 139/47 110/37
12 2982/603 1510/304 | 527/105 | 278/54 200/40 158/30
13 628/517 319/261 110/92 58/49 42/35 33/28
14 960/589 485/300 167/106 | 88/55 61/40 48/28
15 1465/304 741/152 257/52 138/28 99/20 75/14
16 3486/321 1763/163 610/57 322/31 226/22 177/16
17 1171/904 591/458 202/160 | 107/85 77/61 58/45
18 1848/383 935/193 326/67 173/35 120/24 98/19
19 886/1119 444566 154/196 | 83/105 57177 44/57

Kartu dviem i 19 dalyviy segmentai nebuvo suformuoti né vienam nagrinétam ana-
lizés langui dél nepakankamo validziy miego intervaly, atitinkan¢iy jtraukimo Kriterijus,
skaiciaus.

Kartu pozymiy stabilumas didéja didéjant laiko lango trukmei, taciau atskiriamu-
mas tarp tarp prieSmigreniniy ir kontroliniy intervaly priklauso tiek nuo signalo tipo,
tiek nuo pasirinktos laiko skalés. Praktikoje tai reiskia, kad kai kurie signalai ryskes-
nius skirtumus parodo trumpuose languose, Kiti — vidutinés ar ilgesnés trukmés lan-
guose, todél vieno universalaus optimalaus lango visoms modalybéms nustatyti nepa-
vyko. Tai rodo, kad informatyvis fiziologiniai modeliai yra nuo konteksto
priklausomi.

Svarbu pabrézti, kad antrojo skyriaus rezultatai yra pirminis jvertinimas pries
taikant magininio mokymosi metodus. Siame etape analizuojama duomeny kokybé, jy
stabilumas, poZymiy elgsena ir statistiniai skirtumai tarp klasiy. Toks analizés etapas
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leidzia nustatyti, ar duomenyse yra potencialiai informatyvus signalas, taciau pats sa-
vaime dar nepadeda atsakyti j klausima, kaip efektyviai §j signalg galés panaudoti
klasifikavimo modeliai.

Apibendrinant galima teigti, kad antrojo skyriaus rezultatai rodo, jog po kokybés
kontrolés procediiry gauti neSiojamy jrenginiy duomenys pasizymi pakankamu pil-
numu ir fiziologiniu nuoseklumu tolesnei analizei; naktinis rezimas, apribotas miego
busenos filtravimo procediira, suteikia stabilesn¢ analiting aplinka nei dienos
duomenys; o laiko lango trukmé yra svarbus metodologinis veiksnys, darantis jtaka
statistinéms pozZymiy savybéms ir jy potencialiam atskiriamumui.

Toliau pasirinktas laiko langy intervalas (5—120 min.) naudojamas kaip valdomas
parametras jau masininio mokymosi uzdaviniuose: pirmiausia dvejetainés klasifikaci-
jos eksperimente (vertinant penkis klasifikatorius), o véliau — grieztesnéje kitos dienos
migrenos prognozavimo uzduotyje.

3. Eksperimentiné metodika ir rezultaty vertinimas

Siame skyriuje pateikiami eksperimentinio siilomos metodinés sistemos vertinimo

rezultatai, nagrinéjant, ar i§ naktiniy neSiojamyjy jrenginiy fiziologiniy duomeny ga-

lima aptikti stabilius prieSmigreninius désningumus ir jvertinti kitos dienos migrenos

rizika. Pagrindinis démesys skiriamas tam, kaip klasifikavimo rezultatus veikia ana-

lizés lango trukmé, signaly iSankstinis apdorojimas ir pozymiy reprezentacija.
Bendras eksperimentinis darbo srautas pateiktas S3.1 pav.

D 3. Klasifikavimo uzduotis

* Analizei paruostas duomeny rinkinys & P T T RS S ST ) : i
. Lo (A fazé) - Pozymiy iSgavimas analizés langy lygmeniu

| Nakty atranka taikant micgo biisenos * Pozymiy iSgavimas analizés langu lygmeniu * Mokymo ir testavimo duomenu padalijimas
ﬁltra}'un;! L . —— Mokymo ir testavimo d 3 padalijimas pagal naktis
B Pre‘l‘ktallmq ir kontroliniy duomeny lanalizés langy lygmeniu * Modeliy mokymas taikant 5 klasifikatorius
[rymepmas. . . * Modeliy mokymas taikant 5 klasifikatorius * Filtravimas taikant 4 metodus
o Segmentavnn..as i anahzes_ langus ]  Vertinimas analizés langy lygmeniu - Pozymiy mazinimo metodai
* ANOVA pagristas poZymiy rangavimas h L e Fy e e

l

4. Migrenos prognozavimo uzduotis
(B fazé)

+ Kitos dienos migrenos prognozavimas

« Analizés langy poveikio vertinimas

» Modeliy mokymas ir vertinimas
« Prognozavimo kokybés ivertinimas

l

5. Diegimo galimybés ir tyrimo ribotumai
- Igyvendinimo realivoju laiku galimybeés

- Sistemos projektavimo implikacijos

+ Pagrindinés i$vados

« Tyrimo ribotumai

S3.1 pav. Eksperimentinés analizés darbo eiga
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Sis analizés etapas remiasi 2 skyriuje aprasytu duomeny paruosimo etapu ir naudoja
tik tuos naktinius jrasus, kurie buvo atrinkti taikant miego biisenos filtravimo procediira.
Kiekviena naktis laikoma pagrindiniu stebéjimo vienetu, ta¢iau modeliavimas atlickamas
skirtinguose laiko masteliuose, segmentuojant naktj i 5, 10, 30, 60, 90 ir 120 min. analizés
langus. Toks sprendimas leido nuosekliai jvertinti, kaip laiko agregacija keicia klasiy ats-
kiriamumg ir prognozavimo kokybeg.

Eksploracingje klasifikavimo schemoje, kai mokymo ir testavimo duomenys buvo
skaidomi analizés langy lygmeniu, nustatyta aiski tendencija, kad trumpi analizés langai
uztikrina geresnius rezultatus. Kaip parodyta S3.2 pav., didZiausios F1 ir jautrumo reiks-
meés dazniausiai buvo gaunamos naudojant 5 ir 10 min. langus, o didinant lango trukme
iki 60-120 min. klasifikavimo kokybé mazéjo.

Sis rezultatas rodo, kad prie§migreniniai fiziologiniai poky&iai grei¢iausiai yra trum-
palaikiai ir lokaliis laike, todél jie geriau i§saugomi smulkesnéje laiko skiriamojoje geboje.
Vis délto $i analizé laikoma eksploracine, nes toje pacioje naktyje esantys segmentai ga-
1&jo patekti ir | mokymo, ir j testavimo imtis.
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S3.2 pav. Klasifikavimo metriky pasiskirstymas tarp dalyviy esant skirtingoms analizés lango
trukméms

Todél tolesniame etape buvo taikyta grieztesné validacijos schema, kai visi vienai
nakéiai priklausantys langai buvo priskiriami tik mokymo arba tik testavimo rinkiniui.
Sios kohortinés klasifikacijos rezultatai pateikti S3.3 pav.
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S3.3 pav. Klasifikavimo rezultatai kohortos lygmeniu naudojant nakties lygmens validacija

Nors absoliutiis rodikliai sumazéjo, pagrindiné tendencija iSliko tokia pati: trumpi 5—
10 min. analizés langai ir toliau buvo palankiausi teigiamos klasés aptikimui. Didéjant
analizés lango trukmei, ypac ryskiai mazéjo jautrumas ir teigiamos klasés F1 rodiklis, o
tai rodo, kad ilgesni langai slopina trumpalaikius prieSmigreninius nukrypimus. Makroly-
gmens rodikliai mazéjo ne taip stipriai, tai reiskia, kad laiko agregacija labiausiai kenkia
biitent mazumos klasés aptikimui.

Modeliy palyginimas parodé, kad ansambliniai metodai buvo tinkamiausi Siai
uzduociai. XGBoost ir Histogram Gradient Boosting daugumoje konfigiiracijy uZtikrino
geriausig pusiausvyrg tarp bendros diskriminacijos ir prieSmigreniniy nakty aptikimo.
Random Forest taip pat rodé gana stabily elgesj, nors dazniausiai nusileido boosting tipo
modeliams. SVM veikimas buvo silpnesnis, ypac ilgesniuose analizés languose, o KNN
neparodé pakankamo gebéjimo patikimai aptikti teigiamg klas¢ grieztesnéje validacijos
schemoije.

Signaly filtravimo poveikis buvo vertinamas kaip papildoma jautrumo analizé.
P3.4 pav. pateiktas pavyzdys rodo, kaip skirtingi filtravimo metodai keicia naktiniy EDA,
odos temperatiiros ir pulso signaly forma.
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Neapdorotas signalas Medianinis filtras Savitzky—-Golay (11,2) Savitzky—Golay (9,3) Butterworth (0,003 Hz)
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$3.4 pav. Zaliy naktiniy signaly palyginimas su medianiniu, Savitzky—Golay ir
Butterworth filtavimu

Eksploracinéje schemoje kai kurie filtravimo metodai, ypac Butterworth ir Savitzky—
Golay, tam tikrais atvejais pagerino bendrus klasifikavimo rodiklius. Taciau grieztoje ko-
hortinéje validacijoje §is efektas nebuvo stabilus. Nustatyta, kad filtravimas daZnai
nemazai nepagerina bendros kokybeés, o kai kuriais atvejais net sumazina teigiamos klasés
jautruma. Tai leidzia daryti iSvada, kad Sioje uzduotyje svarbu i$saugoti pirming signalo
struktiira, nes glodinimas gali nuslopinti subtilius trumpalaikius fiziologinius poky¢ius,
svarbius prieSmigreniniy biiseny aptikimui.

Toliau buvo analizuojama, kokie pozymiai yra informatyviausi. Nustatyta, kad
didziausia reik§me turi Zemos eilés statistiniai deskriptoriai, apibtidinantys signalo lygj,
minimuma, mediang ar amplitudg. Ypaé ryski buvo elektroderminés veiklos (EDA)
svarba: trumpuose 5-10 min. languose biitent EDA poZymiai daZniausiai dominavo tarp
svarbiausiy modelio kintamyjy. Didéjant analizés lango trukmei, Salia EDA didéjo ir
judéjimo bei agreguoty signaly pozymiy svarba, tac¢iau EDA isliko nuosekliausiai pasi-
kartojantis informatyvus signalas.

Papildomai buvo atliktas pozymiy mazinimo eksperimentas, kurio rezultatai pateikti
S3.5 pav.
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S3.5 pav. Klasifikavimo rezultaty palyginimas naudojant visg ir sumazintg poZymiy rinkinj
skirtingoms analizés lango trukméms

Cia lyginamas visas pozymiy rinkinys ir sumazintas, i§ pasikartojanciy svarbiausiy
pozymiy sudarytas pogrupis. Rezultatai parodé, kad sumazintas pozymiy rinkinys nedaro
neigiamos jtakos, o kai kuriose konfigiracijose net pagerina modeliy veikima.
Ryskiausias pageréjimas buvo stebimas teigiamos klasés F1 rodiklyje, ypac¢ vidutinés ir
ilgesnés trukmeés languose. Tai rodo, kad pagrindiné prognoziné informacija yra koncen-
truota nedideliame stabiliy pozymiy rinkinyje, o pertekliniai pozymiai gali didinti modelio
variacija ir mazinti jo robustiskuma.

Be klasifikavimo, buvo jvertintas ir nakties lygmens migrenos rizikos nustatymas,
agreguojant langy lygmens prognozes j vieng nakties rezultatg. Kohortos lygmeniu gauti
vidutiniai, bet nuosekliis rezultatai, vir§ijantys bazinj lygj. Geriausios konfigiiracijos
dazniausiai buvo gaunamos naudojant 10-30 min. langus, tai rodo kompromisa tarp
trumpalaikiy signaly i§saugojimo ir triuk§mo sumazinimo. Individualiy dalyviy lygmeniu
rezultatai buvo gerokai labiau kintantys. Daliai dalyviy buvo stebimi teigiami signalai,
taciau daugeliu atvejy prognozeés isliko nestabilios dél riboto duomeny kiekio ir ryskaus
klasiy disbalanso.

Apibendrinant galima teigti, kad eksperimentiniai rezultatai patvirtina dvi pagrind-
ines i§vadas. Pirma, prieSmigreniniy fiziologiniy pokyc¢iy aptinkamumas labai priklauso
nuo metodologiniy sprendimy, ypa¢ nuo analizés lango trukmés ir poZymiy reprezentac-
ijjos. Antra, nepaisant ryskios tarpindividualios variacijos, kohortos lygmeniu galima
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nustatyti pasikartojancius ir interpretuojamus désningumus, ypac susijusius su elektroder-
mine veikla ir kompaktiskais Zemos eilés statistiniais pozymiais. Sie rezultatai rodo, kad
naktiniai neSiojamyjy jrenginiy duomenys turi realy potencialg migrenos rizikos vertini-
mui, ta¢iau stabiliausi rezultatai $iuo metu pasiekiami kohortos, o ne individualiame lyg-

menyje.

Bendrosios iSvados

1.

Migrenos prognozavimas naudojant neSiojamyjy jrenginiy duomenis labai pri-
klauso nuo metodologinio dizaino ir validavimo strategijos. Lyginant laikinés
segmentacijos langus nuo 5 iki 120 min. kartu su skirtingais iSankstinio apdoro-
jimo ir validavimo nustatymais, nustatyta, kad Sie metodologiniai sprendimai
reik§mingai veikia modeliy veikimo jver¢ius. Ypaé grieztas validavimas nakties
lygmeniu sumazina optimistinj $aliSkumg, pastebima tiriamuosiuose
nustatymuose, 0 dazniausiai naudojami filtravimo metodai nesuteikia nuosekliy
pagerinimy ir gali sumazinti jautrumg teigiamai klasei.

Naktiniai dévimyjy jrenginiy fiziologiniai signalai turi aptinkamy, taciau vidu-
tiniskai iSreikSty prieSmigreniniy pozymiy. Vertinant kohortos lygmeniu, mod-
eliai pasieké mazdaug 0,62-0,70 ROC-AUC ir mazdaug 0,32-0,37 PR-AUC
reikSmes, o tai rodo nuoseklias, bet ne itin dideles prognozavimo galimybes.
Taciau prognozavimas nakties lygmeniu individualiu mastu islieka nestabilus,
todél galima teigti, kad signalas egzistuoja, bet néra vienodai iSreikStas visy
dalyviy duomenyse.

Laikiné raiska yra esminis veiksnys i$saugant diskriminacing informacijg.
Aukséiausi klasifikavimo rezultatai nuosekliai buvo pasiekiami naudojant trum-
pus, 5-10 min. analizés langus, kai teigiamos klasés F1 rodiklis sieké mazdaug
0,43-0,44. Padidinus lango trukme iki 90-120 min., rezultatai sumazéjo iki
mazdaug 0,32-0,38, o tai rodo, kad laikinis agregavimas susilpnina trumpalaik-
ius fiziologinius nukrypimus.

Ansambliniai modeliai yra tinkamiausi migrenai prognozuoti pagal dévimyjy
jrenginiy duomenis. HistGradientBoosting ir XGBoost pateiké patikimiausius
rezultatus jvairiose konfigtiracijose, o Random Forest rodé stabilius, bet Siek tiek
silpnesnius rezultatus. SVM pademonstravo ribotg efektyvuma.

Prognoziné informacija sutelkta kompaktiskame zemos eilés pozymiy rinkinyje,
kuriame dominuoja elektroderminio aktyvumo rodikliai. Agreguota pozymiy
pasikartojimo analizé rodo, kad elektroderminio aktyvumo pozymiai pasirodo
mazdaug 2-3 kartus dazniau nei su judesiu susij¢ poZymiai, o temperatiira ir
pulso daznis prisideda maziau nuosekliai. Tai rodo, kad autonominés nervy sis-
temos aktyvumas yra pagrindinis prognozinio signalo Saltinis naktiniame
kontekste.

Modeliavimas kohortos lygmeniu pateikia stabilius ir atkuriamus rezultatus, o
individualaus lygmens prognozavimas tebéra ribojamas duomeny kiekio ir
pasizymi dideliu kintamumu. Todél praktinés sistemos i§ pradziy turéty remtis
kohortos pagrindu iSvestais désningumais, o véliau palaipsniui prisitaikyti prie
individualiy naudotojy, kai sukaupiama daugiau pazyméty duomeny.
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