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examine how consistent these measures remain within individuals over time and how
sensitively they reflect dynamic brain-state changes. These aspects—stability and
sensitivity—are reviewed in the following sections.

1.4 From Strong Group-Level Effects to Individual Decisions

Despite the wide range of EEG measures introduced above, only one measure has been
approved for routine clinical use to detect or monitor a psychiatric disorder. The
theta/beta power ratio was approved regionally in 2013 by the US Food and Drug
Administration to be used as a complementary method to aid in diagnosing ADHD in
children (U.S. FDA, 2013), but has received critical feedback for not adding value to
clinical evaluation (Gloss et al., 2016). This narrow clinical uptake highlights a
translational gap between promising research and measures that are robust and
sensitive enough to meet reproducibility and clinical-utility demands.

At the group level, however, several feature sets differentiate patients from controls
with high accuracy. For example, a combination of nonlinear measures—HFD, DFA,
correlation dimension, and the Lyapunov exponent—achieved 90% accuracy for MDD,
exceeding the 76.6% reported for linear band-power measures (Hosseinifard et al.,
2013). Likewise, different combinations of linear (SASI, alpha power variability, relative
gamma power) and nonlinear (HFD, DFA, LZC) measures yielded closely similar accuracies
(88% for linear vs 85% for nonlinear) in another study (Bachmann et al., 2018). More
broadly, band power, HFD, LZC, SASI, and related measures have delivered comparable
performance in evaluating MDD (Hosseinifard et al.,, 2013; Bachmann et al., 2018;
Mahato & Paul, 2019). Two interpretations follow. First, the disorder may induce
multiple physiological alterations that are differentially captured by distinct EEG
measures, such that each measure probes a partially unique facet of brain dynamics.
Second, several measures may index largely the same underlying deviations in neural
function, yielding convergent or overfitting performance. However, reported accuracies
can be inflated by feature selection choices, cross-validation leakage, and site effects;
thus, notable outcomes can overestimate real-world utility.

These considerations argue for deliberate, hypothesis-driven measure selection to
maximize complementary information. In practice, classification accuracy tends to
depend more on the choice of features than on the specific learning algorithm applied
(Cukié, Stoki¢, Simi¢, et al., 2020). The chosen measures serve as input data that govern
classification performance. Yet only a few studies have directly examined how combining
different EEG measures affects classification accuracy (Hosseinifard et al., 2013;
Bachmann et al., 2018; Cuki¢, Stokié, Simi¢, et al., 2020).

Crucially, strong group-level separation does not imply reliable individual-level
discrimination: EEG exhibits substantial inter-individual variability (Zhang et al., 2021;
Lopez et al., 2023; Tatar, 2023), many measures are not disorder-specific, and patient—
control distributions often overlap. Consequently, promising group averages can fail to
identify where a particular person lies within the relevant distribution, limiting clinical
decision-making. To bridge this gap, reliability and temporal stability must be established
explicitly—especially within individuals over time.
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Temporal stability has been far less studied than reliability. At the group level,
temporal stability is typically assessed as the relative difference between group means
across recording sessions. In a three-year test—retest study with 17 participants (two
sessions per person), spectral band powers showed the smallest group-level change in
the alpha band (0.72%) and the largest in the gamma band (2.28%) (P4ld et al., 2021).
Among single-channel linear measures, SASI exhibited the greatest change (11.89%),
whereas interhemispheric asymmetry showed very poor stability over three years
(236%). By contrast, nonlinear measures demonstrated higher temporal stability at the
group level than linear measures, with HFD and DFA changing by only 0.18% and 0.49%,
respectively. This suggests that, in nonlinear measures, individuals may show less
difference in baselines and possibly higher intra-individual stability than in linear
measures.

In a follow-up study (P3ld et al., 2023), both linear and nonlinear measures showed
strong between-session correlations (Pearson r > 0.88). Nevertheless, average individual
relative changes were larger for linear measures (21%—36%) than for nonlinear measures
(3%—10%). By comparison, depression questionnaire scores for the Hamilton Depression
Rating Scale (HAM-D) (Hamilton, 1960) and Emotional State Questionnaire (EST-Q) (Aluoja
et al., 1999) were much less temporally stable (52.8%—69.3%; r = 0.52 and r = 0.61),
indicating the subjective nature of not only self-report questionnaires (EST-Q) but also
questionnaires filled in by a health specialist (HAM-D). The comparative instability of
guestionnaires underscores the value of objective measures; however, individual-level
change thresholds must still be predefined to avoid post hoc interpretation errors.

However, small group-mean changes can conceal substantial individual-level
fluctuations, cautioning against overreliance on generalized statistics. Even under tightly
controlled recording conditions in healthy individuals, distinct EEG profiles can be
observed. Aggregating to means or medians smooths extreme values, making the group
appear more stable than most individuals. To evaluate whether an EEG measure can be
clinically useful for longitudinal monitoring, temporal stability must therefore be
demonstrated at the individual level, not only at the group level. Accordingly, stability
should be formalized as individualized reference intervals with explicit exceedance
criteria. With baselines in place, the remaining question is whether candidate measures
show adequate intra-individual sensitivity when the brain state truly changes.

1.6 Individual-Level Sensitivity

Having selected complementary, less redundant measures and established not only their
reliability but also their temporal stability at the individual level, the next task is to
determine whether they are also sensitive at the individual level. As discussed previously,
numerous EEG measures, especially when combined, differentiate healthy controls from
cohorts with psychiatric disorders in group studies; however, because EEG is highly
person-specific, such group-level evidence offers limited insight into whether the same
individual would show detectable change when moving from a healthy state to the onset
of a psychiatric condition. Accordingly, beyond choosing stable, information-rich measures,
it is essential to assess their individual-level sensitivity: given a well-characterized personal
normative range for each measure across relevant conditions, do deviations beyond that
range emerge when brain function becomes perturbed?

Taken together, the reviewed evidence suggests that EEG measures vary in both their
temporal stability and their responsiveness to brain-state changes. Measures showing
high stability may reflect trait-like properties of brain function, whereas those with
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4 Discussion

The overarching motivation of this thesis was the persistent gap between promising
research findings and limited clinical uptake of resting-state EEG measures for common
psychiatric disorders. Despite numerous reports of group-level EEG differences between
clinical and control samples, these effects have not translated into robust tools for
detecting or monitoring psychiatric health, as they have not been validated for
individual-level use. In the Introduction, knowledge gaps in two main areas were
highlighted that hinder the clinical adoption of EEG measures in evaluating psychiatric
health: (1) the wide selection of diverse, unorganized EEG measures, whose mutual
relationships and overlap are not well understood; and (2) substantial dispersion across
individuals, which can obscure intra-individual change and limit individual-level
interpretability.

To address these obstacles, the overall aim was to guide the selection of EEG measures
for individualized monitoring. This aim was pursued in four steps: organizing the measure
space (Publication 1), introducing and testing a waveform stability measure in MDD
(Publication 1), characterizing long-term individual stability (Publication I1ll), and
demonstrating intra-individual sensitivity to a controlled perturbation (Publication 1V).
Across four studies aligned with the overall and specific aims of the thesis, converging
evidence was obtained that common resting-state EEG measures share substantial
information, that the new time-domain waveform stability measure provides added
value for group separability in MDD, that selected nonlinear single-channel measures are
temporally stable within individuals over one year, and that selected EEG measures
remain sensitive to controlled physiological perturbation in brain physiology. Together,
these findings guide the selection of EEG measures for individualized monitoring.

4.1 Complementarity in Resting-State EEG Measures (Publication 1)

The first aim was to describe interrelationships among common resting-state EEG
measures to assess complementarity and guide compact, informative measure selection.
Publication | found that more than half of the pairwise relationships were significantly
correlated, indicating substantial overlap in the information they capture and suggesting
that several ostensibly distinct EEG measures capture partly the same information.

From a clinical perspective, this redundancy has clear implications. Combining many
highly correlated measures can inflate apparent classifier performance in small samples
without adding genuinely independent information, while increasing the risk of
overfitting and hindering interpretability (Hosseinifard et al., 2013; Bachmann et al.,
2018; Cuki¢, Stoki¢, Simi¢, et al., 2020; Wen et al., 2025). Therefore, the goal should be
small but complementary panels rather than maximal feature sets.

Mental disorders can produce diverse EEG alterations across individuals; thus,
clinically practical measures should be able to pick up a wide range of possible
alterations. To compare measures on this criterion, the effectiveness index E was
introduced in Publication |, which summarized the extent to which each measure was
correlated with others (Figure 5). HFD, SL, MI, and ABP formed a high-effectiveness group
that covered a wide range of other measures; GBP, MSC, LZC, and SASI contributed
narrower, more specific information. Choosing one broad-coverage measure together
with one or a few weakly correlated, more specific measures is a principled way to
construct compact panels.
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HFD emerged as an efficient core measure showing the highest effectiveness among
all those compared. This aligns with numerous studies showing that HFD is a broadly
sensitive measure of brain physiology, detecting subtle EEG changes related to
depression (Ahmadlou et al., 2012; Bachmann et al., 2013, 2018; Hosseinifard et al.,
2013; Akar et al., 2015b, 2015a; Cukic, Stoki¢, Radenkovié, et al., 2020; Greco et al., 2021)
anxiety (Kawe et al., 2019), epilepsy (Khoa et al., 2012), sleep stages (Olejarczyk et al.,
2022) and even gaming addiction (Hosseini et al., 2021). Its central position in the
correlation structure makes it a strong reference against which to benchmark new
measures.

At the same time, measures such as GBP and LZC, which demonstrated narrower
specificity (lower effectiveness), carry relatively more independent information and can
improve classification when paired with complementary features (Bachmann et al.,,
2018). GBP’s low effectiveness largely reflects the small absolute contribution of gamma
to the total EEG power spectrum, yet gamma-related changes have been linked to stress
and cognitive demands (Minguillon et al., 2016; Schlink et al., 2017).

Overall, Publication I provides the first systematic map of inter-measure relationships
in resting-state EEG and demonstrates that many widely used measures are mutually
correlated rather than fully independent. This directly addresses the first obstacle
identified in the Introduction—the wide selection of diverse, unorganized EEG measures,
in which features are selected and parameterized ad hoc for similar clinical questions,
yielding inconsistent results—and supports moving from large, redundant feature sets
toward small, complementary panels.

4.2 Waveform Stability as a Measure to Detect MDD (Publication Il)

The second aim was to develop and evaluate a new single-channel EEG measure of
waveform stability and to test whether waveform stability carries clinically relevant
information in MDD. Converging evidence indicates that psychiatric disorders, including
MDD and schizophrenia, are characterized by abnormalities in neural synchrony and the
temporal organization of oscillatory activity, particularly in alpha and gamma bands
(Uhlhaas & Singer, 2006; Basar & Guntekin, 2013; Moran et al., 2019; Tsai et al., 2023;
Han et al., 2025). In MDD, atypical alpha dynamics and altered rest—stimulus interactions
have been reported (Fingelkurts et al., 2007; Newson & Thiagarajan, 2019; Wolff et al.,
2019). These findings suggest that the stability and organization of ongoing rhythms are
diagnostically relevant.

Existing single-channel measures, such as LZC, HFD, and DFA index sequence diversity,
fractal complexity, or long-range correlations (Lempel & Ziv, 1976; Higuchi, 1988; Peng
et al., 1995), but none explicitly quantify the temporal similarity of recurring waveform
motifs. Publication Il introduced the pMP method specifically to fill this gap by
quantifying waveform-level temporal similarity (stability) independent of amplitude.
Elevated pMP and HFD in the 66-subject resting-state sample showed increased
waveform-level temporal irregularity and fractal complexity in MDD, aligning with prior
reports of higher EEG complexity in depression (Lee et al., 2007; Y. Li et al., 2008;
Bachmann et al., 2013, 2018; Akar et al., 2015b; Cuki¢, Stoki¢, Radenkovié, et al., 2020).
For both measures, minima were observed over occipital sites (Figure 6), consistent with
the strong, relatively regular alpha rhythm in eyes-closed rest. The fact that pMP was
lowest where alpha is strongest and most stable supports its interpretation as a measure
of timing regularity of oscillatory activity: more stable alpha frequency yields more
frequent in-phase matches and lower pMP values. The higher pMP in MDD is compatible

35






Uriglien & Garcia-Zapirain, 2015). This pattern is consistent with previous literature,
which has also stated that the most reliable frequency bands are theta and alpha
(Gudmundsson et al., 2007; Ip et al., 2018; P3ld et al., 2021). However, ICCs reflect the
combination of inter-individual and intra-individual variance and do not directly describe
individual stability (Shrout & Fleiss, 1979; McGraw & Wong, 1996; Koo & Li, 2016).
Therefore, Publication Ill complemented ICCs with inter-individual differentiation and
intra-individual temporal stability. First, the pronounced inter-individual differentiation
supports a central conclusion for individualized monitoring: even when a measure is
generally stable, its baseline level can differ markedly across individuals. In practical
terms, this means that group-level reference ranges are unlikely to be sufficiently
specific for longitudinal interpretation at the individual level. Instead, the results support
a personalized approach in which each person’s EEG is treated as a distinct operating
point, and deviations are evaluated relative to that person’s own baseline rather than to
population norms. This perspective also clarifies why measures can show excellent
group-level reliability yet remain difficult to translate into universal decision thresholds,
and it is consistent with the notion of EEG as a biometric-like fingerprint (Zhang et al.,
2021; Lopez et al., 2023; Tatar, 2023). For deployment, this implies that monitoring
pipelines must distinguish trait-like differences (inter-individual offsets) from state-like
changes (intra-individual shifts). Without that separation, cross-sectional comparisons
risk conflating normal individuality with clinically meaningful deviation.

Second, the analysis of intra-individual fluctuation ranges points to another requirement
for individualized monitoring: a measure must not only have a person-specific baseline,
but also a sufficiently predictable envelope of normal variation to support thresholding.
From this perspective, stability is best understood as an individual tolerance range
around the baseline—wide ranges reduce sensitivity to subtle change. In contrast,
narrow, well-bounded ranges make deviations easier to interpret. Publication Il
highlights that these tolerance ranges differ substantially not only across measures but
also across individuals, implying that a single, universal change criterion is unlikely to be
appropriate. Instead, clinically usable alerting rules will need to be calibrated to each
individual’s expected fluctuation range. In practical terms, band-power measures—
particularly TBP and ABP—are probably more responsive to clinically insignificant
influences (e.g., arousal regulation, vigilance), leading to broader normal variability.

In contrast, several nonlinear measures appear to operate within narrower
intra-individual ranges and may therefore be better suited as baseline-referenced
indicators of change. This interpretation is compatible with prior work reporting
comparatively greater long-term group-level stability for nonlinear measures than for
band powers (PSld et al., 2021, 2023). In P3ld et al. (2023), the relative changes for
nonlinear measures were of similar magnitude to those observed here, whereas band
power changes were larger in the present study, especially for TBP and ABP. Notably,
PGld et al. (2023)directly contrasted two sessions three years apart, whereas the present
analysis quantified the directly contrasted two sessions three years apart, whereas the
present analysis quantified the maximal relative deviation from a participant’s annual
mean; in principle, such deviation-from-mean values should be smaller than two-point
contrasts. However, with only two observations, the available information is too limited
to characterize true intra-individual variability. By sampling monthly over a year, the
current design captures a more realistic range of intra-individual fluctuations.

As previous literature has only scarcely described temporal stability and even then
only at the group level, there was no knowledge of how stable EEG measures are at the
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The second aim added a mechanistically motivated measure (pMP), which quantifies
waveform self-similarity with reduced dependence on amplitude. Benchmarking against
HFD in MDD indicated that pMP can modestly exceed a well-established nonlinear
reference and yield more spatially uniform group separation, and support the clinical
relevance of waveform stability as an additional aspect of resting-state EEG alteration.

The third aim demonstrated that nonlinear single-channel measures—especially HFD
and pMP—are highly stable within individuals over one year, while both measure values
and fluctuation ranges differ substantially between individuals, supporting their use as
anchors for person-specific baselines.

The fourth aim showed that selected measures remain sensitive to a controlled
physiological perturbation (vaccination) and return to baseline thereafter, indicating that
stability under steady conditions can coexist with responsiveness to meaningful change.

Taken together, these steps show how resting-state EEG measures can be organized,
enriched, and characterized, enabling a small set of complementary measures to support
individualized, baseline-referenced monitoring. Potential applications include early
detection of change, tracking progression or recovery, and evaluating treatment effects
at the individual level. Further research and validation in clinical populations are needed,
but the principles and empirical findings laid out here provide a strong foundation for
the continued development of personalized EEG biomarkers.

4.6 Limitations

Some limitations should be noted. First, sample sizes and designs constrain
generalizability. The cross-sectional studies (n = 80 and n = 66) are adequate for mapping
inter-measure relationships and demonstrating MDD-control differences, but do not
support robust stratification by age or sex. The longitudinal study of nine healthy men
illustrates overall stability trends but does not allow characterization of the population
distribution of EEG stability profiles or analysis by age and sex. The controlled
perturbation study examined a short-term perturbation after vaccination, suggesting
possible sensitivity to change. Still, as a single-subject case study, it cannot establish how
broadly sensitive these measures are.

Second, the set of EEG measures was limited and not fully consistent across the
thesis. Only a subset of potentially informative measures was examined; therefore,
the conclusions do not span the whole EEG feature space and may be biased toward the
selected features. In addition, pMP was validated later in the project and is therefore
absent from the inter-measure correlation and effectiveness mapping in healthy adults,
as well as from the vaccination case study. Consequently, the position of pMP within the
broader measure network—including its reach, complementarity, and sensitivity to
controlled perturbations in brain physiology at the individual level—remains unresolved.
Future work should therefore employ larger and more diverse samples spanning age
(He et al., 2021) and sex (Langrova et al., 2012), explicitly model demographic effects,
and include pMP. Longitudinal designs with controlled perturbations in larger cohorts
will be needed to jointly characterize long-term stability in health and the generalizable
sensitivity of these measures to meaningful change.
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Abstract

Sensitivity and Individual Temporal Stability of
Electroencephalography-Based Measures

Mental health disorders affect over a billion people, yet routine care still lacks objective
tools to monitor brain dynamics. Electroencephalography (EEG) is attractive for
longitudinal monitoring because it is low-cost, noninvasive, and offers high temporal
resolution. Despite extensive research, EEG measures have not been adopted in routine
psychiatric practice, largely because reported effects are demonstrated at the group
level and are not validated for individual-level tracking. Two practical obstacles stand
out: the wide variety of EEG measures remains unorganized, with diverse ad hoc feature
sets and limited clarity on how measures overlap or complement each other; and there
is substantial dispersion across individuals, while the normative intra-individual range of
EEG measures remains uncharacterized.

The thesis evaluates resting-state EEG measures to guide selection for individualized
monitoring. It (1) maps interrelationships across commonly used EEG measures to
support compact, interpretable sets; (2) introduces a mechanistically motivated
single-channel measure of waveform stability, the in-phase matrix profile (pMP),
implementable without user-tuned parameters; (3) quantifies long-term intra-individual
stability, and (4) tests whether stable measures are sensitive to a controlled physiological
perturbation.

Across a broad comparison of twelve widely used measures in healthy resting-state
EEG data (n = 80), substantial overlap was observed, with 56% of pairwise relationships
showing significant correlation. This structure revealed clear differences in reach:
Higuchi’s fractal dimension (HFD) acted as a broad-coverage descriptor, strongly
connected to many other measures and thus suggested as a general-purpose indicator
of diverse EEG alterations, whereas measures such as the spectral asymmetry index
(SASI) and gamma band power (GBP) provided narrower, more specific information
consistent with condition- or stressor-related spectral shifts. These insights motivate
compact, interpretable panels that combine a broadly informative backbone measure
with targeted, weakly correlated measures rather than maximal ad hoc feature sets.

To capture a dimension not directly quantified by standard measures, the thesis
introduces pMP as a measure of waveform self-similarity after removing amplitude
differences. In major depressive disorder (MDD; n = 66), both pMP and HFD
differentiated patients from matched controls, but pMP yielded more spatially uniform
group separation (significant across all channels after correction) and slightly higher
single-channel classification accuracy than HFD, supporting the clinical relevance of
altered waveform stability in resting-state MDD. Longitudinal monthly recordings
over one year (n = 9) further showed that nonlinear single-channel measures, especially
HFD and pMP, exhibit high intra-individual temporal stability. In contrast, baseline
magnitudes and natural fluctuation ranges differ markedly between individuals, making
global thresholds unreliable and motivating the use of individualized reference ranges.
Finally, comparison of an individual’s year-long baseline to measure values acquired after
a controlled systemic stressor (mMRNA vaccination; n = 1) demonstrated transient
deviations in a subset of measures (HFD, SASI, and GBP) followed by return toward
baseline, illustrating that long-term stability can coexist with responsiveness to
physiologically meaningful perturbation.
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Taken together, these findings outline a practical path toward individualized EEG
monitoring: organize measures into compact panels that combine broad-coverage
measures (e.g., HFD) with narrow-coverage, condition-sensitive measures (e.g., SASI and
GBP), and anchor interpretation to person-specific baselines. Although pMP’s
relationships to the broader EEG measure selection and its responsiveness to immune-
related perturbation were not examined here, its combination of group-level sensitivity
in MDD and strong intra-individual stability provides a clear rationale to evaluate pMP
further as a measure of individual-level deviation.
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Lihikokkuvote

Elektroentsefalograafial pohinevate moodikute tundlikkus ja
individuaalne ajaline stabiilsus

Enam kui miljard inimest kannatab vaimse tervise hdire all, samas on aju tervise
jalgimiseks jatkuvalt vdhe objektiivseid moddikuid. Elektroentsefalograafia (EEG) on
selleks sobiv vahend olles suhteliselt odav, mitteinvasiivne ja hea ajalise lahutusvéimega.
Hoolimata senisest mahukast teadustdost, ei ole EEG m6ddikud psiihhiaatriliste haiguste
hindamisel rutiinsesse kliinilisse kasutusse jéudnud. Peamiseks pdhjuseks on enamasti
ainult grupitasandil saadud tulemused, mis ei ole valideeritud individuaalseks jalgimiseks.
Indiviiditasandil jalgimise rakendamisel on kaks olulist takistust. Esiteks, lai valik
organiseerimata EEG moddikuid, millest kombineeritakse juhuslikke komplekte
omamata teadmisi, kuidas moodikud Uksteist informatsiooniliselt tadiendavad voi
katavad. Teiseks, inimeste vahel on markimisvdaarne erinevus ning puudub teadmine, mis
vahemikus on EEG mdddikute oodatav tavapadrane kdikumine ning mil maéaral need
vahemikud indiviiditi erinevad.

Vaitekiri hindab puhkeoleku-EEG mdddikuid, suunamaks tegema sobivaid méddikute
valikuid individuaalseks jalgimiseks. Selleks (1) kaardistatakse tavaparaselt kasutatavate
EEG m0oddikute omavahelisi seoseid toetamaks kompaktsete ja kergemini
tolgendatavate méddikukomplektide koostamist; (2) arendatakse tihe kanali andmetel
rakendatav lainekuju stabiilsuse moddik, in-phase matrix profile (pMP), mis ei eelda
kasutajapoolset parameetrite haalestamist; (3) kirjeldatakse moddikute pikaajalist
stabiilsust indiviidi tasandil ning (4) testitakse, kas stabiilsed md&d&dikud reageerivad
kontrollitud fusioloogilisele hairingule.

Vorreldes 12 laialdaselt kasutatavat EEG moddikut, mida rakendati tervete inimeste
puhkeolekusignaalidel (n = 80), tuvastati markimisvdarne informatsiooni tlekattuvus:
56% paarikaupa tehtud vordlustest olid statistiliselt oluliselt korrelatsioonis. Selline
struktuur tdi selgelt esile erinevused méddikute voimekuses piilida laiemat voi kitsamat
hulka informatsiooni. Higuchi fraktaaldimensioon (HFD) kaitus laia katvusega
mdoddikuna, olles tugevalt seotud paljude teistega ning sobides seetottu mitmesuguste
EEG signaalis asetleidvate muutuste Ulldiseks indikaatoriks. Seevastu naiteks spektraalne
aslimmeetriaindeks (SASI) ja gamma sagedusriba vGimsus (GBP) kirjeldasid kitsamat ja
spetsiifilisemat infot, mis on kooskdlas kindlate seisundite vGi stressoritega seotud
spektraalsete nihetega. Need leiud toetavad kompaktsete ja kergemini tdlgendatavate
moddikupaneelide kasutamist, kombineerides laiahaardelisi p6himdddikuid spetsiifiliste,
vahese informatsioonilise llekattega moddikutega.

Kasitlemaks vaatenurka, mida tavaparased EEG moddikud ei vdoimalda, tutvustab
vaitekiri pMP-d kui lainekuju ajalise stabiilsuse m6ddikut, kus amplituudierinevuste mdju
on minimeeritud. Kliinilise depressiooni (MDD; n = 66) korral eristasid nii pMP kui ka HFD
kliinilist gruppi samasuguse vanuselise ja soolise koosseisuga kontrollgrupist. Samas pMP
puhul oli grupieristus statistiliselt oluline kdigis EEG kanalites (HFD-l 43% kanalitest) ning
veidi kdrgem klassifitseerimistapsus vorreldes HFD-ga. Saadud tulemused toetavad
lainekuju stabiilsuse kliinilist olulisust puhkeoleku EEG signaalis MDD puhul. Uhe aasta
jooksul igakuiselt kogutud korduvsalvestused (n = 9) naitasid lisaks, et mittelineaarsed
Uhe kanali mdddikud, eriti HFD ja pMP, on indiviidide I5ikes ajas tugevalt stabiilsed.
Samas tulid esile markimisvaarsed erinevused inimeste vahel nii moddikute baasvaartuste
suurusjarkudes kui ka loomulike kdikumisvahemike ulatustes, muutes globaalsed lavendid
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ebausaldusvaarseks ja suunates kasutama individuaalseid referentsvahemikke. Olulise
tdiendusena nditas Uhe isiku aastase baasvaartuste (referentsvahemik) vérdlus
salvestustega parast kontrollitud sliisteemset stressorit (MRNA-vaktsineerimine; n = 1),
et osa moddikuid (HFD, SASI ja GBP) kaldusid ajutiselt referentsvahemikust kdrvale, kuid
naasid hiljem ootusparasesse vahemikku tagasi. Saadud tulemused nditavad, et
mdddikud vdivad olla lGiheaegselt pikaajaliselt stabiilsed ning tundlikud fisioloogiliselt
tahenduslike hdiringute suhtes.

Kokkuvéttes viitavad tulemused, et individuaalne EEG jalgimine on saavutatav
jargnevalt: moddikud tuleks koondada kompaktsetesse paneelidesse, mis kombineerivad
laia katvusega moddikuid (nditeks HFD) kitsama katvusega, seisunditundlike m&&dikutega
(naiteks SASI ja GBP), ning saadud tulemusi tuleks tdlgendamisel siduda isikupGhiste
referentsvahemikega. Kuigi pMP seoseid teiste EEG mdddikutega ja selle tundlikkust
immuunreaktsioonist tingitud hairingule kdesolevas t66s ei hinnatud, annab pMP
grupitaseme tundlikkus MDD puhul ja tugev individuaalne ajaline stabiilsus selge ajendi
pMP edasiseks hindamiseks indiviiditasandi kdrvalekallete méddikuna.
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suitable for low-density EEG montage and is a good reference technique
for comparing the results across laboratories [42,43].

Parks-McClellan low and high-pass forward-backward filters were
applied to the EEG signals to remove baseline fluctuations and high-
frequency noise; a frequency bandwidth of 2 to 47 Hz remained for
further processing. The calculations did not assume a high sampling
rate, therefore, the EEG data were downsampled to 200 Hz. The first 6
min from each recording were used for the following processing and
were divided into seventeen 20.48-second (4096 samples) long seg-
ments. EEG segments were visually inspected, and segments with mus-
cle, ocular, or other artifacts were manually removed; each subject’s
first ten clean segments were used for further analysis (Fig. 2).

3.4. In-phase matrix profile

The proposed method, in-phase matrix profile (pMP), is specially
adapted for EEG signals and considers the periodicity of alpha waves.
The main idea is to calculate Euclidean distances between short sub-
segments extracted from an EEG signal segment and to use only those
distance values where the subsegments are as well as possible in phase
with each other and discard the distances where the subsegments are
offset from each other.

First, we calculated DP-s using MASS_V2 for all queries in an EEG
segment as in [39]. As DP calculation uses individually z-normalized
subsections, it minimizes the effect of EEG electrode impedance varia-
tion during the EEG recording. Also, without z-normalization, EEG
signal subsegments with higher absolute amplitude would have longer
distances between them than lower amplitude signal subsegments even
when more similar and z-normalization helps to reduce the chance of
obtaining long distances incorrectly due to various amplitude effects.
Our study used EEG signal segments of length 20.48 s (n = 4096 sam-
ples) as shown in Fig. 2 and subsegments of length one second (m = 200
samples). The graph in Fig. 3 illustrates one such EEG signal segment (S)
and the red part represents the first query (q;) extracted for DP; calcu-
lation. The DP of length n-m + 1 corresponding to the EEG signal
segment and the extracted query presented in Fig. 3 is shown in Fig. 4.
The DP in Fig. 4 has a sinusoidal appearance. When the query and
comparable subsegments are more in phase, the distances are shorter
and longer when the query and subsegments are out of phase.

Second, the ED values, where the query was most in phase with the
EEG segment, were extracted from DP. Those ED values are seen as
negative peaks marked with red circles (pneg) in Fig. 4. As the method
aims to find the similarity between EEG subsegments, ED values calcu-
lated between out-of-phase subsegments will be left aside.

Third, the median of the extracted ED values DPyedi (Pneg) Was
calculated for each DP forming a pMP vector (pMPy..). As we pulled n-m
+ 1 different queries from S for the set S;,, we got n-m + 1 DP-s and
consequently a pMPye. with the length of n-m + 1.

Last, the mean of pMPy. gave us the pMP value for the EEG segment.
The calculation for this was as in

Electroencephalographic signal
six minutes divided into 17 segments of length 20.48 s (4096 samples)
1

segment 1 | segment2 | segment3 segment 4 segment 17
noisy clean clean noisy clean
segment 1 ‘ segment 2 |segment 3 | segment 4 ‘ ‘ segment 10

L J

1
For the following calculations remain ten separate artifact-free segments

Fig. 2. EEG signal segments used for further calculations. Six minutes of
recorded eyes-closed EEG signal was divided into 17 segments of length 20.48 s
(4096 samples). After visually inspecting, the segments with muscular, ocular,
or other artifacts were discarded. Ten separate clean segments remained for
further calculations.
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[ 1 Ln-mel
pMP = pMP,. = m Zi:l DPyeq; (Pncg)- 3

where DPpedi (Pneg) is the median value of all DP negative peaks pneg
for query i.

3.5. Higuchi’s fractal dimension

Fractal dimensions are sensitive nonlinear methods to analyze
waveform complexity of physiological signals and have been around for
decades. Higuchi’s fractal dimension [44] is one of the most used fractal
dimension estimates considering EEG signals and is calculated in the
time domain.

HFD is based on a measure of length (k) of the curve that represents
the considered time series, whereas using a segment of k samples as a
unit if L(k) scales like L(k) ~ k'™°. The curve shows the fractal dimension
(FD) and FD measures the complexity of the curve. In this study, the
value of FD with a parameter kp.x = 8 was calculated according to the
algorithm described by Higuchi [44].

3.6. Statistics and classification

The present study aimed to examine the capability of the proposed
new pMP parameter to differentiate between the MDD and the control
group compared to HFD. The pMP and HFD values were calculated for
all 30 EEG channels for all 66 subjects. Since we had ten signal segments
for each subject’s each channel, we used the median pMP and HFD
values over these ten segments.

We used the Mann-Whitney U (MWU) test to compare the group
differences. MWU test controls the hypothesis that two independent
samples come from distributions with equal medians. Due to multiple
comparisons, the modified Bonferroni correction was applied to the p
values obtained from the MWU test, and the corrected p values ppons
were calculated as in

PBont; = Poriea * (L + 1 =) “

where pgorteq are the p values obtained from the MWU test sorted in
ascending order, t is the total number of tests performed (t = 30), andj is
the index in descending order j = ¢, t-1, t-2, ..., 1. Channels up to the first
PBonf Value exceeding the significance level o = 0.05 were considered
statistically significant.

Support vector machine (SVM) with leave-one-out cross-validation
was selected as a classifier. The classification accuracy was calculated
for pMP and HFD separately using single-channel input.

4. Results

First, in this study, we used a novel pMP method to calculate EEG
signals’ complexity and examined how pMP distinguished between
MDD and control group. Second, this study examined how well HFD
differentiated between the two groups. Last, we compared the results
obtained with both methods with each other. The group mean values for
pMP and HFD in the healthy and MDD groups are presented in Table 1
and Fig. 5.

For both pMP and HFD, the mean values for the MDD group were
higher than those for the control group. Both methods resulted in lower
values in the occipital area and had higher values on the sides and
prefrontal region. The differences in mean values between MDD and
control group are shown in the last column of Fig. 5. The dots represent
locations of the EEG channels, while extra-large dots represent channels,
where the difference between the two groups was statistically significant
based on the MWU test after modified Bonferroni correction (p < 0.05).
The pMP method shows a statistically significant difference between the
MDD and control group in all 30 EEG channels. In contrast, a statistically
significant difference for HFD between the two groups was revealed in
less than half of the channels (43%). Those channels are mainly located
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Fig. 3. EEG signal segment in channel FCz with the length of 20.48 s (4096 samples), red part represents the first query q; with the length of 1 s (200 samples)

extracted from the EEG signal segment.
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Fig. 4. An example of a Distance Profile (DP) corresponding to an EEG signal segment recorded in channel FCz of length 20.48 s (4096 samples) and a query of length
1 s (200 samples) extracted from the segment. The particular query and the segment are presented in Fig. 3. Red circles correspond to the distances, where the query

is most in phase with the segment.

Table.1

The pMP and HFD mean values. Columns represent in-phase matrix profile
(pMP) and Higuchi’s fractal dimension (HFD) mean values across control and
major depressive disorder (MDD) group; pgons Values are p values obtained from
Mann-Whitney U Test with modified Bonferroni correction.

Channel pMP HFD
Control MDD PBonf Control MDD PBonf

02 16.098 17.166 0.039 1.263 1.310 0.047
o1 16.319 17.404 0.039 1.267 1.327 0.055
oz 16.477 17.322 0.032 1.268 1.325 0.077
PZ 17.051 17.729 0.038 1.278 1.336 0.051
P4 16.929 17.697 0.041 1.280 1.340 0.058
CP4 17.631 18.247 0.031 1.323 1.386 0.030
P8 16.968 17.811 0.038 1.299 1.355 0.034
C4 17.700 18.400 0.013 1.340 1.408 0.009
TP8 18.075 18.636 0.036 1.377 1.438 0.051
T8 18.419 18.852 0.036 1.437 1.509 0.103
P7 17.336 18.291 0.021 1.318 1.388 0.016
P3 16.969 17.889 0.036 1.284 1.352 0.026
CP3 17.552 18.332 0.011 1.321 1.393 0.005
CPZ 17.409 18.212 0.019 1.302 1.373 0.010
Ccz 17.496 18.329 0.008 1.325 1.398 0.015
FC4 17.477 18.200 0.036 1.332 1.398 0.052
FT8 18.079 18.624 0.032 1.393 1.457 0.093
TP7 18.274 18.772 0.034 1.400 1.453 0.085
Cc3 17.614 18.329 0.005 1.337 1.407 0.007
FCZ 17.322 18.150 0.012 1.307 1.376 0.025
FZ 17.123 17.975 0.017 1.291 1.358 0.036
F4 17.447 18.126 0.026 1.339 1.392 0.078
F8 17.950 18.611 0.034 1.384 1.466 0.077
T7 18.379 18.717 0.031 1.444 1.465 0.146
FT7 18.042 18.549 0.032 1.410 1.440 0.158
FC3 17.356 18.172 0.015 1.327 1.393 0.035
F3 17.300 18.093 0.034 1.326 1.393 0.071
FP2 18.064 18.611 0.029 1.429 1.489 0.155
F7 17.925 18.555 0.035 1.392 1.450 0.094
FP1 17.951 18.592 0.033 1.412 1.503 0.099

in the central region of the head (CP4, C4, P3, CP3, CPz, Cz, C3, FCz, Fz,
FC3) and a few in the posterior region (02, P7, P8).

The pMP appears to have greater symmetry in obtained values be-
tween the hemispheres, which is best illustrated by the difference

between the MDD and control group in the third column of Fig. 5. In
HFD, some asymmetry can be seen between the hemispheres while
looking at the topoplot presenting the difference between the MDD and
control group. Considering the channel locations indicating the statis-
tically significant differences, the distinctiveness of the groups is
somewhat better on the left side of the head. In pMP, the largest dif-
ference was observed in the occipital region, while in the case of HFD,
the difference was smaller. Although HFD also provided a statistically
significant distinction between the control and MDD group in 13 chan-
nels in the present study, the pMP result was considerably better, with
significant group distinction in every channel.

We used SVM analysis to validate the obtained results. The highest
classification accuracy using SVM was 73% in the case of pMP and 67%
in the case of HFD.

5. Discussion

The results of the present study, which show higher HFD values for
the MDD group compared to the control group, were expected. The re-
sults are consistent with previous studies [9,24,26,27], where the re-
ported fractal dimension values were higher in the MDD group
compared to the control group. In the present study, the lowest HFD
values were in the occipital region regardless of the group. In contrast,
HFD values obtained in [9], where the authors presented HFD values in
eight channels, showed higher HFD values in the occipital area (O1, 02)
and lower values in the prefrontal region (FP1, FP2) with the best MDD
and control group distinguishability in parieto-occipital channels. The
reason might be that in [9], the Cz channel was used as a reference,
while in the current study, we used REST reference. The study by Zap-
pasodi et al. [45] that also used REST reference like in this study, pre-
sented lower HFD values in the parieto-occipital area compared to
fronto-central and side regions for the healthy control group, which is
consistent with our results.

The pMP results have many similarities to those of HFD. Although
pMP does not characterize fractality but is still a dimension of
complexity, and similarly, the lower values are in the parieto-occipital
region. Complexity measures, in general, tend to have higher values in
MDD [9,24-27]. Therefore, pMP was also expected to have higher MDD
values than the control group.
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MDD — control

MDD — control

Fig. 5. Control and major depressive disorder (MDD) group mean values for in-phase matrix profile (pMP) in the first row and Higuchi’s fractal dimension (HFD) in
the second row for 30 EEG channels represented by dots. The MDD and control group differences (MDD - control) are shown in the last column. Extra-large dots
represent channels where p < 0.05 according to the MWU test with modified Bonferroni correction.

Still, while looking at the pMP values for MDD and control subjects,
both have lower values at the occipital region than other regions. The
alpha frequency band dominates the occipital region, especially in eyes-
closed conditions. This raises the question of whether pMP is strongly
influenced by alpha frequencies. Fig. 4 presents a distance profile cor-
responding to an EEG signal subsegment and a query extracted from the
segment for a random subject in the control group for channel FCz. This
channel is located in the fronto-central region, so it has a relatively low
alpha load. While looking at the negative peaks in Fig. 4, the mean in-
terval between those peaks is 20 samples. Given that the sampling fre-
quency is 200 Hz, this interval, 0.1 s, corresponds to a typical alpha
wave duration illustrating that pMP is primarily influenced by the alpha
rhythm even in the EEG channel FCz.

Considering that while calculating pMP, each one-second subseg-
ment is individually z-normalized before calculating the ED, the effect of
the amplitude of the EEG signal is minimized. Therefore, the pMP value
is mainly affected not by the alpha amplitude but by the frequency
fluctuations of the alpha frequency. In case the length of the alpha wave
changes, the subsegments are no longer so well in phase with each other,
resulting in a longer distance between the subsegments, which gives
higher values for the DP negative peaks (Fig. 4). Wolff et al. [15] have
demonstrated that the alpha peak frequency coefficient of variation is
higher for MDD than controls. If the alpha rhythm’s frequency vari-
ability is higher in the MDD group than in the control group, the higher
pMP values for MDD subjects are justified. At the same time, as the most
significant results do not appear in occipital channels - channels with the
highest load of alpha frequency - other frequencies have a considerable
impact, too. Still, the lowest pMP values at the occipital region can be
explained by the high load of alpha frequencies, which are seemingly
quite consistent in terms of frequency in the occipital region. The alpha
frequency alone has been studied extensively in the assessment of MDD,
and different levels of associations have been found [14-16], so it is
plausible that the alpha frequency contains information about the
presence of MDD.

It has been presented previously that the maximum classification
accuracy for HFD was 77% when classifying depressive and control
subjects in a single EEG channel [46]. At the same time, in the current

study, it was 67%. Apart from different classification method, one has to
take into account that in the previous study, the age range of subjects
was more narrow and the number of subjects considerably smaller.
Considering the results of the current study, pMP indicated somewhat
better single-channel accuracy (73%) compared to HFD (67%).

There were some limitations to this study. First, the relatively small
number of participants (n = 66) does not allow the results to be
generalized. In the case of a small group, it is also not appropriate to
divide it into subgroups based on gender, age, etc., and analyze the re-
sults of narrower groups separately, because there would be too few
subjects in each group. Therefore, the method needs to be tested in
larger groups. Second, the groups had large age variability. Still, at the
same time, the subjects in MDD and control group were age- and gender-
matched, which increases the comparability of the groups. However,
with age, neurological changes occur in the human brain [47] and thus
also changes in the bioelectrical signals measured using EEG. Therefore,
it would be important to conduct a similar study to gain better knowl-
edge, dividing the subjects into narrower age groups. It has been found
that gender also significantly impacts EEG, and genders should also be
analyzed separately [48]. Although the calculation of pMP using the
MASS_V2 algorithm is very fast compared to the naive method, the
calculation of pMP is still more computationally intensive compared to
HFD and therefore requires more resources. In the present study, we did
not investigate the effect of noise on either method. Still, HFD has been
shown to be sensitive to noise [49]. Low sensitivity to noise would be a
relevant advantage of the measure used to assess MDD. However, as the
effect of noise on pMP value and sensitivity has not been studied in the
present work, it would be essential to perform a corresponding study.
Since pMP values seem to be largely affected by alpha frequency fluc-
tuations, it should be researched if the necessary information for MDD
detection is hidden in the alpha frequency band alone. In addition, it
could be investigated whether the method can also characterize the
severity of MDD.

6. Conclusions

This article introduces a novel EEG-based nonlinear method, in-
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phase matrix profile (pMP), for studying MDD. The pMP distinguished
the MDD and control group in all 30 EEG channels studied, while HFD
distinguished the two groups in 13 channels. As with other complexity
measures, pMP values were higher for MDD. The method expresses the
complexity of EEG signals and seems to be influenced by EEG alpha
frequency. The peculiarity of the method is that it is not significantly
affected by the amplitude of the signal.
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The clinical applicability of electroencephalography (EEG) relies on the reliability and temporal
stability of its measures. While the reliability of linear EEG measures is well established, the long-

term stability of both linear and nonlinear measures at the individual level, as well as interindividual
variability, remains underexplored. This study evaluated the one-year stability of EEG absolute

band powers (theta, alpha, beta, and gamma) and nonlinear measures (Higuchi’s fractal dimension,
Lempel-Ziv complexity, detrended fluctuation analysis, and in-phase Matrix Profile) across 12 monthly
EEG recordings in nine healthy males aged 26-49. Intraclass correlation coefficients (ICCs) indicated
excellent reliability across all measures, although beta power showed slightly reduced ICCs in temporal
regions and gamma power demonstrated lower reliability in peripheral sites. At the individual level,
nonlinear measures showed greater temporal stability than EEG band powers. Although a few
individuals, particularly in band power measures, exhibited annval fluctuations comparable to or
exceeding interindividual variability, most participants demonstrated consistent EEG profiles over
time. These findings support the use of nonlinear EEG measures in longitudinal research and indicate
their potential for developing personalized EEG-based neural biomarkers. They also highlight the
importance of estimating expected individual variability when designing individualized monitoring
approaches, as high reliability at the group level does not preclude substantial within-subject
variability in some cases.

Mental health disorders affect nearly one billion individuals worldwide, with anxiety and unipolar depression
being among the most prevalent conditions, impacting approximately 580 million people!. Mental health
conditions constitute a leading cause of disability, and the COVID-19 pandemic further exacerbated their global
burden, leading to a 25% increase in anxiety and depression cases due to social isolation, financial distress, and
health-related concerns'. Despite their prevalence, mental disorders remain significantly undertreated, with 75%
of individuals in low- and middle-income countries receiving no treatment due to resource limitations, stigma,
and systemic barriers. Furthermore, the diagnosis and treatment of mental health disorders remain largely
subjective, relying on clinical interviews and self-report questionnaires. These methods introduce variability
due to the respondents’ willingness and ability to comprehend and answer questions, clinicians” expertise, and
sociocultural factors, resulting in frequent misdiagnosis and inadequate treatment access®.

Changes in mental health are reflected in alterations in brain activity. Electroencephalography (EEG) is an
effective complementary method to traditional clinical assessments for evaluating mental health, offering an
objective and cost-effective tool for capturing electrical activity generated by cortical neurons near the scalp.
EEG provides quantifiable measures that can aid in early diagnosis, track disease progression, and evaluate
treatment efficacy’. EEG’s affordability, high temporal resolution, and non-invasive nature make it a valuable
tool for investigating brain dynamics in both clinical and healthy populations. Over the decades, EEG has been
widely utilized, leading to the development and adoption of various methods to compute different EEG measures
for studying cognitive functions and neurological disorders*~'.

EEG linear and nonlinear measures

Traditional EEG analysis relies on spectral band power measures, which provide essential insights into brain
dynamics by quantifying neural oscillations across different frequency bands. EEG frequency bands are linked to
distinct cognitive and physiological processes, with delta (0.5-4 Hz) associated with deep sleep, theta (4-8 Hz)
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with memory and drowsiness, alpha (8-13 Hz) with relaxation and attentional control, beta (13-30 Hz) with
active thinking and motor planning, and gamma (>30 Hz) with higher-order cognitive functions such as
perception and consciousness®. While band power and other linear measures have been extensively studied, they
do not fully account for the dynamic and complex nature of neural activity’. As the brain operates as a nonlinear
system, nonlinear EEG measures have been developed or adapted from other domains to capture its self-
organizing dynamics better. These methods provide additional information to linear measures by quantifying
irregularity, complexity, and long-range temporal dependencies in neural signals. Probably the most used
complexity measures are fractal dimensions. Higuchi’s fractal dimension (HFD) estimates the self-similarity
of EEG signals, reflecting neural complexity, and has been applied to many different areas of neurological and
mental health research®*12-1¢, Detrended fluctuation analysis (DFA) measures long-range temporal correlations
(LRTC)'”!® and has also been successfully applied in EEG studies®”'* as well as Lempel-Ziv complexity (LZC)
that measures the number of new patterns in a time series'”?’. A more recent method, the in-phase Matrix
Profile (pMP), has been introduced to identify repeating patterns in EEG signals'?. The in-phase Matrix Profile
adapts the fast Matrix Profile similarity-search algorithm?! to EEG by comparing fixed-length, phase-aligned
subsegments by calculating Euclidean distances, yielding a parameter-free index of segment-to-segment self-
similarity in the time domain. Its first EEG application outperformed HFD in distinguishing patients with
major depressive disorder from healthy controls, underscoring the method’s diagnostic potential'2. Bachmann
et al.® demonstrated that combining linear and nonlinear EEG measures improves classification accuracy when
distinguishing depressed individuals from healthy controls, reinforcing the potential utility of these measures
in clinical applications. Although some nonlinear EEG methods have been used for decades, their potential
still remains underexplored compared to traditional spectral approaches. Given that nonlinear methods align
more closely with the brain’s intrinsic dynamics, richer information about neural function and dysfunction is
expected.

For the present single-channel resting-state design, we restricted the nonlinear feature set to four time-domain
measures (HFD, DFA, LZC, and pMP) because together they span scale-free complexity, long-range temporal
correlations, algorithmic irregularity, and segment-to-segment in-phase self-similarity while requiring little or
no parameter tuning. Entropy-based alternatives (e.g., sample or permutation entropy) were not included, as
their reliability depends strongly on embedding and tolerance parameters and on longer stationary epochs,

which can hamper longitudinal comparability?>~>,

Reliability of EEG measures

For EEG measures to be effectively utilized in clinical and research applications, they must demonstrate high
reliability and temporal stability. Establishing temporal stability in EEG measures is essential to distinguish
genuine brain-state-related neural changes from intrinsic EEG variability. Stable EEG measures enhance the
validity and interpretability of findings, thereby improving clinical decision-making and advancing scientific
understanding of brain function and disorders.

The reliability of linear EEG measures, particularly power in standard frequency bands, has been well
studied, with early studies confirming the reliability and stability of power across different frequency bands?>~%.
More recent investigations have expanded on these findings by examining the reliability of additional linear
measures**~*!. However, considerably less research has focused on the reliability and stability of nonlinear EEG
measures. Only a few studies have included them in their analyses'>!%3>33, The available evidence suggests that
nonlinear measures exhibit either lower reliability than traditional EEG band power measures*>* or a level of
reliability comparable to linear measures'®, indicating that these measures may capture aspects of EEG dynamics
not reflected in the power of traditional frequency bands.

Gudmundsson et al.*® investigated the stability of quantitative EEG measures in 15 healthy elderly
individuals over two months (19 EEG recordings per participant). Their findings indicated that band power
measures demonstrated the highest reliability, with mean ICCs of 0.77 for absolute power and 0.80 for relative
power across eight channels and all frequency bands. Complexity-based measures such as LZC exhibited lower
reliability (ICC=0.70), while coherence measures were the least stable, with their reliability strongly dependent
on channel location.

Pold et al.'® conducted a three-year test-retest study on 17 healthy participants, reporting that relative power
measures exhibited reliability comparable to nonlinear measures such as HFD and DFA. The highest reliability
was observed for relative alpha power (mean ICC=0.87 across 18 channels). Although ICCs for EEG frequency
bands and nonlinear measures were comparable, the nonlinear measures demonstrated greater temporal stability
at the group level, as reflected by smaller relative differences between the two recordings. Lord & Allen'® studied
306 subjects, including controls and individuals with a history or current episode of depression, and found
high internal consistency for HFD and sample entropy within single sessions, as well as high reliability across
multiple days (ICCs for HFD ranging between 0.64 and 0.86 across different channels in eight recording sessions
conducted over four days within two weeks).

Despite these contributions, existing studies provide limited understanding of EEG temporal stability
at the individual level. Many studies employ test-retest designs with only a few EEG recordings per
participant!>26-28:30-32 while others cover short observation periods of up to two months'®**. While these studies
offer valuable insights into EEG stability, they do not consider the characteristics of individual participants.

Person-specific EEG patterns

Numerous studies have successfully distinguished between a control group and a group with mental disorders
using both linear and nonlinear EEG measures®~'2. However, although these group-level results are promising,
a measure that separates diagnostic groups may still reveal little about within-person EEG variability and thus
may not capture clinically meaningful deviations in an individual over time.
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Brain activity patterns are expected to exhibit strong individual specificity’, and EEG signals have been
suggested to function as a unique neural fingerprint*>*°, However, for EEG measures to be effective in detecting
neural changes within individuals, it is essential first to establish their normal variability in a healthy state,
as this variability is expected to differ from individual to individual. Without a clear understanding of this
baseline variability, it remains difficult to determine whether a new measurement reflects normal fluctuations
or a deviation indicative of altered brain function. Detecting such deviations assumes that EEG measures
remain relatively stable within an individual under normal conditions. At the same time, excessive fluctuations
may either lead to misinterpreting normal variability as pathological or cause true pathological changes to go
unnoticed, thereby undermining the applicability of an EEG measure.

Although interest in individualized EEG analysis is increasing, longitudinal studies examining EEG stability
at the individual level over extended periods remain limited. Previously, we conducted a single-participant
case study evaluating EEG-based individual measures over 15 sessions spanning 14 months*’. While this
study provided valuable insights into the long-term stability of linear and nonlinear measures, inter-individual
differences cannot be assessed based on a single subject. More extensive studies are needed to establish individual
variability in the healthy state by determining the extent to which EEG measures remain stable within individuals
over months or years.

The lack of longitudinal research at the individual level is a significant barrier to the clinical application
of EEG. While EEG measures may exhibit high test-retest reliability and temporal stability, their long-term
stability at the individual level remains largely unexamined. A dependable clinical measure should achieve an
optimal balance between long-term stability, ensuring consistency across repeated measurements under similar
conditions, and sensitivity to meaningful physiological changes over time. Understanding these dynamics of
EEG variability is critical for both clinical and research applications, ensuring that EEG-based measures are
applicable, interpretable, and reliable for individual-level diagnostics and monitoring.

Study objectives
The aim of this study is to examine the temporal stability of single-channel EEG measures at the individual
level over one year, based on repeated monthly recordings. While previous research has primarily addressed
short-term test-retest reliability or group-level comparisons, this study focuses on individual consistency and
variation over time in healthy adults. We assess both linear EEG measures (absolute power in theta, alpha, beta,
and gamma frequency bands) and nonlinear measures (HFD, LZC, DFA, and pMP), evaluating their person-
specific variability. Based on this framework, we formulate two hypotheses: (1) Although EEG measures differ
between individuals, they remain temporally stable within the same person over one year. (2) Nonlinear EEG
measures exhibit greater temporal stability at the individual level compared to absolute band powers.

By characterizing stable, person-specific EEG patterns and describing the typical range of variation observed
for each individual, this study aims to support the development of individualized EEG biomarkers and contribute
to future personalized monitoring approaches in mental health research.

Methods

Subjects

Nine healthy male subjects participated in the study. We restricted the sample to males to avoid menstrual-
cycle-related variability, as resting-state neural oscillations have been shown to fluctuate across cycle phases
in EEG®® and magnetoencephalography™. At the time of the first recording, participants had a mean age of
37.2+8.1 years, with an age range of 26 to 49 years. All participants self-reported as right-handed, nonsmokers,
and free of any history of concussions involving loss of consciousness, narcotic or psychotropic substance use,
alcohol abuse, or mental or psychiatric disorders.

To ensure consistency, participants were instructed to maintain their usual daily routines and refrain from
consuming alcohol or caffeinated beverages for 24 h before each recording. The study was conducted following
the Declaration of Helsinki and received formal approval from the Tallinn Medical Research Ethics Committee
and the Estonian Institute for Health Development’s Human Research Ethics Committee. All participants signed
written informed consent before the study.

Collection of EEG data

For each participant, EEG recordings were scheduled every four weeks (with flexibility for five to six weeks
in exceptional cases, such as illness or travel), resulting in a total of 12 recordings over the course of one year.
Recordings were conducted on a consistent day of the week and at the same time of day, ensuring homogeneity.
To minimize dietary influences on EEG activity, all recordings took place in the morning, with participants
instructed to abstain from eating or drinking (except water) beforehand*’.

EEG data were collected using the Neuroscan Synamps2 acquisition system and a 32-channel (30 EEG +2
EOG) Quick-Cap (Compumedics, NC, USA). Electrodes were positioned according to the extended international
10/20 system, with linked mastoids as reference. The placement of the 30 EEG electrodes is shown in Fig. 1.

During recordings, participants were lying in a relaxed supine position in a dimly lit laboratory room.
EEG was recorded for 10 min with eyes closed and 5 min with eyes open across 30 EEG channels. Electrode
impedance was maintained below 10 kQ). EEG data were recorded at a sampling rate of 1 kHz, within a frequency
range of 0.3-200 Hz.

EEG data preprocessing

All calculations were performed using MATLAB software (The MathWorks, Inc.). Initially, the eyes-closed
EEG recordings were divided into 20.48-second segments, and segments with apparent artifacts were identified
through visual inspection. Next, the full eyes closed EEG data were re-referenced using the Reference Electrode
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Fig. 1. Locations of the 30 EEG electrodes corresponding to the channels used in this study, positioned
according to the extended international 10/20 system.

Standardization Technique (REST), which is a reliable method for low-density EEG montages and facilitates
comparability across laboratories*!~*3. To remove baseline fluctuations and high-frequency noise, Parks-
McClellan forward-backward filters were applied, yielding a frequency bandwidth of 2-47 Hz for further
analysis. Absolute power in each frequency band was computed using the original sampling rate of 1 kHz, while
EEG data were downsampled to 200 Hz for nonlinear measure calculations. After filtering (and downsampling),
the EEG signals were divided into 20.48-second non-overlapping segments again, with segment lengths defined
as 20,480 samples (for absolute power calculations) and 4096 samples (for nonlinear measures). The first 12
clean segments were selected for the computation of the following EEG measures, resulting in 12 values for each
measure per subject and per recording session.

Calculation of EEG measures

Absolute power of EEG frequency bands

The absolute power P for each frequency band was calculated directly from a filtered EEG signal using a time-
domain approach. Each frequency band was first extracted using a Parks-McClellan forward-backward bandpass
filter. In this study, the absolute powers of the traditional theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and
gamma (30-47 Hz) frequency bands were calculated for each subject according to
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P=L13 220, M

n
where x(i) was the filtered EEG signal segment with the length 7 (20,480 samples) at sample i.

Higuchi’s fractal dimension

HFD is used to quantify the complexity of EEG signals, providing a measure of scale invariance or self-similarity
across multiple temporal scales. The method, originally proposed by Higuchi'*, estimates the fractal dimension
within the interval [1,2] of a time series by analyzing its length at different scales. A higher HFD value indicates
greater signal complexity, while a lower value reflects more regular and predictable neural activity. The HFD was
calculated with the parameter k= 8 according to the algorithm presented in'“. For the calculation of HFD for
an EEG signal segment with the'l length n (4096 samples), a time series X" is formed for each scale factor k as in

X' =A{ax(m), x(m+k),z(m+2k), ...}, m=1,2, ..., k, 2)

where k represents the step size and m is the starting index of each subseries. The length of each subseries L, (1)
is calculated as in

Lemy = 130
The Ln nLJ term ﬁ normalizes the subseries length and ensures that the length Ly (m) is expressed

by the average number of points in the subseries and therefore comparable across all scale factors k (see* for a
step-by-step illustration). Ly (m) The mean length for each k is obtained by averaging across all subseries as in

n—m

n—1
ﬁ (©)
k

J|I (m+ik) —x(m+ (i —1)k|-

L (k)= % Z K —1Li (m). (4)

The fractal dimension is estimated by fitting a linear regression line to the logarithmic plot of L (k) versus 1/k,
where the slope of this resulting log-log line corresponds to Higuchi’s fractal dimension.

Lempel-Ziv complexity

LZC is a measure of sequence complexity, quantifying the rate at which new patterns emerge as a sequence
progresses'?. It is used to assess signal randomness and complexity, with higher LZC values indicating more
irregular and complex signals, while lower values suggest more repetitive or structured patterns. To calculate
LZG, first, EEG signal segment x(i) of length 4096 samples is binarized into B; using threshold T, which in this
study was the median of the EEG signal segment to minimize the impact of outliers. Samples below the median
get a new value of zero, others one as in

B = { 6, ’ff% S )

Second, the binary sequence is scanned from left to right to find new patterns. A new pattern is detected whenever
a substring is encountered that has not appeared previously in the sequence during left-to-right parsing. The
complexity counter C'(n) increases each time a new pattern is encountered. Finally, LZC is normalized to avoid
variations due to segment length as in

C (n)

LZCrorm = w——,
Crmaa (”) '

(6

where Cinaz (n) is the theoretical maximum complexity for a completely random sequence of length n,
approximated as n/log, (n). This normalization ensures that LZC values range between 0 (completely regular
signal) and 1 (maximally complex, random signal).

Detrended fluctuation analysis

DFA was calculated according to the method described by Peng et al.!”'%, First, the cumulative sum of the mean-
centered EEG signal segment x(i), with the length of N (4096 samples) was calculated to generate an integrated
time series as in

y(k) =D iy fa(i) -, Y]

where k gets a value from 1 to Nand Z is the arithmetic mean of the signal segment x(i). Second, the integrated
signal y(k) is divided into n equal nonoverlapping windows of a length ranging from 4 to 200 samples. In each
window #, the local trend is estimated using a least-squares linear fit ., (k), which fits the data y(k), and the
local trend is subtracted from the data. Average fluctuations are given by
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Here, K is the number of nonoverlapping windows of length n. These average fluctuations are calculated for
all window lengths. A log-log plot of F(n) versus n, reveals a linear scaling, characterized by the slope of the
line, which represents the scaling exponent a. This exponent reflects the presence and strength of long-range
temporal correlations in the signal: & = 0.5 indicates white noise (no correlation), while a > 0.5 suggests persistent
correlations.

In-phase matrix profile

The pMP method captures the self-similarity of the EEG signal by considering only the in-phase subsegments,
making it sensitive to the periodicity of alpha waves and other frequency fluctuations in the EEG signal. First,
a one-second subsegment (200 samples) was extracted from a 4096-sample EEG segment, and its Euclidean
distance to all other subsegments within the same segment was calculated, generating a distance profile (DP).
This process was then repeated for the next subsegment, continuing in a sliding window manner until a DP was
obtained for each subsegment.

From each DP, the smallest Euclidean distances corresponding to the most in-phase subsegments were
extracted. In-phase subsegments are defined as those with minimal phase shift and the highest waveform
similarity to the reference window, based on time-domain Euclidean distance. The median of these in-phase
distance values was then calculated for each DP, forming a pMP vector (pMPvec). The median was used to
ensure robustness against outliers in the signal.

Finally, the mean of the pMPvec is computed to obtain the overall pMP value for the EEG segment. This
value reflects the degree of temporal regularity and self-similarity in the signal, where lower values indicate more
consistent recurring patterns. The calculation process is explained in detail in'2.

Statistical analysis
Since we calculated 12 values for each measure for every EEG channel in each recording of each participant, we
subsequently used the median of these 12 values.

With 12 monthly recordings for nine subjects, we utilized the intraclass correlation coefficient (ICC)*** to
assess the reliability of repeated EEG measurements. ICC quantifies the proportion of total variance attributable
to differences between subjects, providing a measure of the stability and consistency of EEG measures over
time. When applied to datasets with multiple measurements per subject, ICC evaluates the degree of agreement
among repeated observations within individuals relative to overall variability. A high ICC indicates that an EEG
measure is relatively consistent within individuals across repeated sessions and shows greater variability between
individuals than within individuals. We employed a two-way mixed-effects model (average measures, absolute
agreement)*>"’ for all 30 channels, ensuring that both systematic subject differences and measurement error
were accounted for in assessing temporal stability.

ICC was calculated as in

MSr— MSg
co = MSn+ Mo MSg )
n

where MS, is the mean square for subjects (i.e., between-subject variance), MS_. is the mean square for repeated
measurements (i.e., between-measurement variance), MS,, is the mean square error, and # is the number of
subjects.

We employed the Kruskal-Wallis test (a=0.05) for data analysis*®. The Kruskal-Wallis test is a nonparametric
alternative to ANOVA to determine whether there are significant differences between three or more groups (in
this case, subjects). Unlike ANOVA, the Kruskal-Wallis test does not assume a normal distribution of the data
and is not sensitive to unequal variances. If a significant difference is detected between any of the subjects, a
post-hoc test can be conducted to determine which subjects are different from each other. In this study, we
employed the Dunn test (a=0.05) to determine how many subject pairs were statistically different from each
other®. As with 9 subjects, we had 9(9 - 1)/2 =36 unique pairwise comparisons, we used the Sidék correction®
of the probability (p) values as in

pr=1-(1-p", (10)

where m is the number of comparisons and p” is the corrected p-value.
For each participant, we calculated the annual mean and standard deviation for each measure, as well as the
maximum relative difference (D1 f), which indicates the largest deviation from the annual mean as in

rDif = |Ymes = U 00, (11)

where Va0 is the most extreme monthly measurement across the year for a given subject, and © is that subject’s
annual average.
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Results

Intraclass correlation coefficients for EEG measures

Figure 2 presents the intraclass correlation coefficients (ICCs) for EEG band powers and nonlinear measures,
while detailed ICCs for all EEG measures across all 30 channels are provided in Supplementary Table S1. Based
on the classification proposed by Koo and Li*’, we considered ICCs to indicate excellent reliability when the
lower bound (LB) of the 95% confidence interval (CI) exceeded 0.9.

Band power measures

The data in Fig. 2 demonstrate that lower-frequency EEG bands, theta and alpha, exhibited reliability classified
as excellent over one year across all 30 EEG channels. The lowest ICCs were 0.979, 95% CI [0.952, 0.994] in
P4 for theta power and 0.964, 95% CI [0.917, 0.990] in O2 for alpha power, indicating high reliability over
time. Beta power demonstrated excellent ICCs across 27 channels, with slightly lower values in three temporal
channels (TP7, T8, TP8). The lowest ICC was observed at TP8 (0.908, 95% CI [0.786, 0.975]), still indicative of
good reliability. For gamma power, ICCs were excellent in 17 channels in the center of the head but lower in 13
peripheral channels, including the prefrontal area, with the lowest ICC at FT8 (0.756, 95% CI [0.424, 0.935]).

A slight reduction in ICCs observed in a few temporal channels in the beta band, and more notably lower ICCs
across several peripheral channels in the gamma band, may be influenced by the presence of electromyographic
(EMG) activity. EMG signals, resulting from muscle contractions, are commonly associated with movements
such as swallowing, chewing, or speaking, but can also be present at a low level during resting state without overt
motion®!. Although relaxation can help minimize such activity, the spectral overlap between EMG and the beta
and gamma frequency bands complicates the effective removal of these artifacts. EMG activity typically spans
the 15-300 Hz range, with most power concentrated at the lower end®>**.

In this study, muscle artifacts related to conscious movement were excluded from the EEG recordings.
However, some low-level muscle tension, which is difficult to detect through visual inspection, may have
remained in channels positioned over the temporalis and frontalis muscles. Tonic muscle activity, referring to the
continuous low-level contraction of muscles even in a relaxed state, can contribute to subtle EEG interference.
Unlike phasic muscle activity, which is associated with voluntary movements, tonic muscle activity persists at
a baseline level and can be influenced by factors such as posture, alertness, and individual muscle tone®’. In
EEG recordings, this may appear as low-amplitude, high-frequency activity, particularly in frontal and temporal
regions where muscles like the frontalis and temporalis are located.

Nonlinear measures

All nonlinear EEG measures (HFD, LZC, DFA, and pMP) exhibited excellent reliability (ICC 95% CI LB >
0.9) across all EEG channels (Fig. 2). The lowest ICC among these measures was observed for pMP, with a
value of 0.960, 95% CI [0.908, 0.989] in the occipital channel Oz. LZC demonstrated a slightly higher ICC of
0.967, 95% CI [0.922, 0.991] in T7, while DFA and HFD showed the highest reliability with the lowest ICC of
0.986, 95% CI [0.967, 0.996] in O2 and 0.978, 95% CI [0.949, 0.994] in T7, respectively. Although pMP had
slightly lower ICCs in the occipital region, they remained within the excellent reliability range. Given that pMP
is influenced by alpha oscillations'? and alpha power is strongest in occipital areas, variability in alpha activity
may have contributed to this observation.

While beta power showed slightly reduced ICCs in only a few temporal channels, gamma power exhibited
more widespread reductions (ICC 95% CI LBs < 0.9 in 13 channels), particularly in peripheral temporal,
frontotemporal, and prefrontal areas. These reductions may, at least in part, reflect the potential influence of
residual EMG activity. Nevertheless, given the overall excellent reliability across measures, any channel may
be used for further analysis, while it may be advisable to avoid regions that are more prone to muscle-related
influences.

Individual variability of EEG measures

To investigate person-specific EEG dynamics over time, we examined the individual temporal variability of EEG
measures across one year, as presented in Fig. 3; Tables 1 and 2. The figure displays the EEG measure values
recorded throughout the year, along with the annual mean and standard deviation for the parietal channel P3.
This channel was selected as an example due to its consistent reliability in resting-state EEG, low susceptibility
to muscle artifacts, and its well-established role in reflecting stable, individual differences in neural activity,
particularly within parietal regions involved in cognitive processing®*°.

As illustrated in Fig. 3, EEG measure values for each subject fluctuate around a distinct annual mean, with
variability ranges that are specific to the individual. These subject-specific patterns give rise to clearly separable
clusters in the data, with the extent of variability differing across individuals. A Kruskal-Wallis test confirmed
that at least one of the clusters was statistically different from the others for each measure (p<1.1x107%).

Statistically significant differences were observed between 14 and 16 subject pairs out of 36 pairwise
comparisons, depending on the measure, using Dunn’s test with Sidék p-value correction. There was no
considerable difference in statistical significance between EEG band power and nonlinear measures. Specifically,
theta power differed significantly in 15 pairs, alpha power in 16 pairs, and beta and gamma power in 14 pairs.
Among nonlinear measures, significant differences were observed in 14 pairs for HFD and LZC, and in 15
pairs for DFA and pMP, out of 36 comparisons. These results indicate that, regardless of the type of measure,
individual EEG profiles are characterized by distinct annual means and specific fluctuation ranges, supporting
the idea of temporally stable neural individuality.

Compared to EEG frequency band powers, nonlinear EEG measures show relatively higher temporal stability
on the individual scale (Tables 1 and 2). Among the band power measures, theta power shows the greatest
individual fluctuation, with a single recording maximally differing from the annual mean by an average across
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Fig. 2. Intraclass correlation coefficients for EEG measures across all 30 EEG channels (1 =9), including theta,
alpha, beta, and gamma absolute powers, as well as nonlinear measures: Higuchi’s fractal dimension (HFD),
Lempel-Ziv complexity (LZC), detrended fluctuation analysis (DFA), and in-phase Matrix Profile (pMP).
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Fig. 3. Interindividual and intraindividual variability in EEG measures across one year for each subject 1-9
and the group G (n=9). Blue dots represent 12 individual monthly values; black dashes show subject-specific
annual means. Error bars for subjects 1-9 represent within-subject standard deviations. For group G, yellow
dots represent the annual mean of each subject, the black dash shows the group-level mean, and error bars
indicate the standard deviation.

all subjects of 66% (ranging from 24 to 163%, depending on the subject). This is followed by alpha power, which
maximally fluctuates by an average of 64%, with individual variation ranging from 27 to 152%. Beta and gamma
power exhibit lower variability, with average maximal deviations of 32% and 30%, respectively. Individual
maximal fluctuations range from 11 to 53% for beta power and 12-57% for gamma power.

Among nonlinear measures, DFA and LZC show the largest individual fluctuations, with average maximal
deviations of 23% and 10%, respectively (ranging from 5 to 54% for DFA and 4-22% for LZC, depending on
the subject). HFD and pMP exhibit the lowest variability, with average maximal deviations of 4% and 6%,
respectively. Individual maximal variation ranges from 2 to 8% for HFD and 0-19% for pMP.
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Theta Alpha Beta Gamma

Mean® | SD* rDif | Mean®* | SD* rDif | Mean® | SD* | rDif | Mean® | SD* | rDif
Subject 1 | 46.93 |9.48 48 55.73 9.19 27 68.97 |6.48 |20 8.69 1.18 |31
Subject 2 | 643.66 | 201.24 | 88 912.09 |196.03 |35 115.89 | 12.61 |21 8.91 0.76 | 19
Subject 3 | 62.10 25.90 120 | 110.14 | 26.05 58 61.86 10.15 | 39 5.98 0.35 | 12
Subject 4 | 396.86 |228.87 | 163 |2119.96 | 1015.02 | 98 194.81 | 45.43 | 42 10.05 1.41 |27
Subject 5 | 34.29 | 4.90 24 80.81 18.97 50 89.63 |6.07 |11 10.00 |1.39 |37
Subject 6 | 58.90 16.73 50 945.82 395.22 72 85.79 20.80 |52 12.54 2.87 | 57
Subject 7 | 88.54 |16.45 |30 517.02 | 124.77 |43 180.43 | 20.73 | 20 21.92 226 |20
Subject 8 | 44.60 | 8.49 43 245.04 | 189.06 |152 |102.30 |28.56 |53 1036 | 1.19 |18

Subject 9 | 16.96 | 2.94 27 11.26 2.41 43 2192 |4.16 |32 14.03 299 |49
Group 154.76 | 217.10 | 316 |555.32 |688.71 |282 |102.40 |55.33 |90 1139 | 4.56 |92

Table 1. Annual mean values, standard deviations, and relative maximal differences from the annual mean
(rDif, %) of theta, alpha, beta, and gamma absolute power calculated for nine subjects in channel P3 and for
the group (n=9). * Values must be multiplied by 10°® to obtain the correct magnitude in uV?.

HFD LZC DFA pMP
Mean | SD | rDif | Mean | SD | rDif | Mean | SD | rDif | Mean | SD | rDif
Subject 1 | 1.43 0.01 0.58 0.01 |4 0.71 0.02 |5 18.93 | 0.08 |1
0.43 0.01 |8 0.40 0.04 | 16 1695 | 0.38 |6
0.53 0.02 | 12 0.65 0.06 | 15 18.52 | 0.22 |2
0.43 0.05 | 19 0.23 0.05 | 52 1528 | 1.56 |19
0.62 0.02 | 4 0.60 0.03 |9 18.77 10.13 |2
0.49 0.05 | 22 0.31 0.07 | 54 16.44 | 0.86 |9
0.55 0.02 |7 0.36 0.04 | 22 17.31 | 0.69 |9
7
0

Subject2 | 1.18 | 0.01
Subject3 | 1.34 | 0.02
Subject4 | 1.18 | 0.03

Subject5 | 1.45 | 0.02
Subject 6 | 1.24 | 0.04
Subject 7 | 1.34 | 0.03

Subject 8 | 1.37 | 0.06 057 10.03 |9 0.52 | 0.10 | 30 18.37 | 0.65
Subject9 | 1.65 | 0.03 0.65 0.03 | 11 0.85 0.04 |7 19.36 | 0.05
Group 1.35 0.15 | 22 0.54 |0.08 |21 0.51 0.20 | 65 17.77 | 1.35 | 14

wmlN|alo|w|lo|a|w|n

Table 2. Annual mean values, standard deviations, and relative maximal differences from the annual mean
(rDif, %) of Higuchi’s fractal dimension (HFD), Lempel-Ziv complexity (LZC), detrended fluctuation analysis
(DFA), and in-phase matrix profile (pMP) calculated for nine subjects in channel P3 and for the group (n=9).

When examining individual subjects separately, it is evident that subject S4 shows significantly greater
variability, with an average maximal fluctuation of 53% across all measures. In contrast, subjects S1 and S5
exhibit considerably lower variability, with an average maximal fluctuation of 17%. This further emphasizes the
strong individuality in EEG measures.

As shown in Fig. 3; Tables 1 and 2, intra-individual annual variation is generally smaller than inter-individual
variation, apart from a few exceptions. Notably, in the theta frequency band, subjects S2 and S4 exhibit annual
variability comparable in magnitude to that observed between individuals. In subject S4, the variability within
the alpha band markedly exceeds inter-individual differences, while in the beta band, it is again of comparable
magnitude. For most nonlinear measures (HFD, LZC, DFA), intra-individual variation remains lower than the
variation across subjects, with no exceptions. However, in the case of pMP, subject S4 again exhibits greater
variability than the group.

Discussion

In this study, we tested whether EEG measures, while differing between individuals, remain temporally stable
within the same person across one year, and if nonlinear measures are temporally more stable at the individual
level compared to absolute band powers. For this, we investigated the reliability and long-term temporal stability
of EEG band powers and nonlinear EEG measures across 12 months in healthy individuals. Our findings largely
support the hypothesis of individual temporal stability, though some nuances remain.

A key finding of this study is the strong individual specificity of EEG measures, with each subject’s values
remaining tightly grouped within their own subject-specific range. This largely supports the concept that EEG
measures may serve as neural fingerprints — remaining principally stable within individuals while differing
significantly between them®'-3° — although some individuals exhibited fluctuations that challenge the
assumption of consistent intra-individual stability.

Regarding the reliability of EEG measures, our findings align with previous research!>3, showing that lower-
frequency bands (theta and alpha) are the most reliable across sessions. Beta power shows only slightly reduced
ICCs in a few temporal channels. Gamma power, in turn, shows a more pronounced decrease in reliability in

Scientific Reports |

(2025) 15:28426 | https://doi.org/10.1038/s41598-025-13614-y natureportfolio



www.nature.com/scientificreports/

several channels. Nevertheless, reliability remained high overall, with our lowest observed mean ICC being
0.935 (in the gamma band), which is substantially higher than the ICC of 0.77 for absolute power reported by
Gudmundsson et al.**. P8ld et al.'® similarly reported ICCs of 0.80 for gamma and 0.87 for alpha relative power,
which is consistent with our results. The reduced reliability in the peripheral channels in gamma and beta bands
may be explained by low-level tonic EMG activity that spectrally overlaps with these frequency ranges and is
not fully removed by standard preprocessing®'~>*. Although we aimed to obtain EEG recordings free of visible
artefacts, the potential influence of subtle tonic EMG activity, particularly in high-frequency bands, was not
directly investigated in this study. Nevertheless, it should be kept in mind when interpreting gamma and beta
activity in longitudinal analyses, especially in muscle-prone regions.

For nonlinear measures, our results also indicate higher reliability than previously reported. Gudmundsson
et al.** found an ICC of 0.70 for LZC, and P6ld et al.'® reported ICCs of 0.81 for HFD and 0.84 for DFA. In
contrast, we observed consistently excellent ICCs above 0.96 (95% CI LBs = 0.908) across all EEG channels for all
nonlinear measures. Notably, these measures showed minimal differences between channels, suggesting reduced
sensitivity to possible slight EMG input and highlighting their robustness across the spatial domain. Although
the study by Pold et al.'” assessed long-term stability over three years, the use of only two recordings per subject
may have contributed to slightly lower ICCs. Gudmundsson et al.** included 19 recordings over two months,
but the older age of participants could have increased intra-individual variability. Our study, using monthly
recordings over one year in a younger cohort, showed that nonlinear measures remained highly reliable across
all sessions, reinforcing their potential for individualized longitudinal monitoring.

While all EEG measures demonstrated excellent test-retest reliability in all or most channels, high reliability
does not necessarily equate to high temporal stability. Therefore, we separately quantified intra-individual
variation by calculating the maximum relative differences from each subject’s mean across 12 monthly recordings.
This allowed us to directly assess how much a person’s EEG measure fluctuated over time, regardless of between-
subject differences. These analyses revealed that although many participants demonstrated stable EEG patterns,
a few (most notably participant S4) exhibited fluctuations over time that were comparable to or greater than the
variability observed between individuals. Thus, EEG measures cannot universally be assumed to be temporally
stable at the individual level, even if group-level reliability appears excellent.

While methodological aspects, such as recording conditions and electrode placement, were carefully
controlled, intrinsic physiological factors still contribute to variability. Individual differences in hormonal
levels, neuroanatomy, and overall brain physiology may result in varying degrees of natural fluctuation in EEG
measures. Additionally, lifestyle factors such as sleep patterns, diet, and physical activity can subtly modulate
EEG signals, affecting their stability over time™’.

Although subject S4 was considered healthy by self-report at the time of the study, such variability may still
reflect transient changes in mental state or the early signs of psychological shifts that were not yet subjectively
perceived. Psychological states and mental health conditions are known to affect EEG patterns, as shown in
previous group studies’~'*. High levels of stress, anxiety, depression, and other mental states or psychiatric
disorders are known to alter brain activity patterns, potentially leading to deviations from typical EEG
signatures. Identifying the sources of EEG variability — whether due to intrinsic traits, temporary states, or early
pathological changes — will be critical for tailoring analysis strategies.

Equally important is the ability to estimate, in advance, the expected range of normal variability for a given
individual. Achieving this requires identifying the key individual factors that contribute to greater variability in
EEG measures in the healthy state. Such person-specific variability profiles could help distinguish between brain
disorder-related fluctuations and those indicative of normal neuropsychological changes. In future applications,
developing heuristics to detect high-variability profiles without the need for long-term tracking will enhance
efficiency and individualization. In high variability cases, alternative EEG measures or a combination of measures
for individualized baseline approaches may be required.

The second hypothesis proposed that nonlinear EEG measures would exhibit better intra-individual temporal
stability than traditional band power measures. Our results strongly support this hypothesis.

While all EEG measures demonstrated excellent test-retest reliability in channel P3, intra-individual
temporal stability in the same channel, assessed as maximum relative difference from the individual’s mean, was
substantially smaller for nonlinear measures. For instance, mean deviations across subjects for theta and alpha
power were 66% and 64%, respectively, compared to only 4% for HFD and 6% pMP.

These results are further supported by findings from P5ld et al.'®, who observed very low relative changes in
nonlinear measures at a group level in a test-retest study over three years: 0.18% for HFD and 0.49% for DFA. In
comparison, their relative band power measures showed relative changes from 0.72% up to 2.28%. The fact that
nonlinear measures in our study showed such small variability even across 12 sessions strengthens the conclusion
that they are temporally more stable than traditional band power measures. Pold et al.'® demonstrated that
nonlinear measures are not only reliable but also temporally more stable at the group level. The present study
confirms that these measures are likewise both reliable and highly temporally stable at the individual level. In
contrast, band power measures appear more vulnerable to transient fluctuations and may not provide reliable
baselines for individual monitoring.

Currentfindings highlight theimportance ofan individualized approach to EEG interpretation, moving beyond
reliance on fixed population-level norms. Rather than comparing individuals to group averages, establishing
person-specific baselines under stable conditions allows for more accurate identification of meaningful neural
changes versus natural fluctuations®®. Our results emphasize that such individualized baselining is essential for
reliable longitudinal monitoring. Notably, nonlinear EEG measures provide a particularly strong foundation for
this approach, as they exhibit greater resistance to temporal variability than traditional band power measures.
This stability makes them promising candidates for biomarkers intended to track brain function over extended
periods.
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Despite the strong temporal stability observed, the small sample size (nine male participants) limits the
generalizability of our findings. Future studies should validate these results in larger, more diverse populations
and assess how EEG stability is affected by factors such as age, sex, and individual differences in cognitive
functioning. Additionally, a clinically applicable EEG measure must balance long-term stability with sensitivity
to dynamic physiological states. Future research should explore this balance to determine which EEG measures
are most suitable for clinical applications. Since various biological and lifestyle-related factors can influence
natural variability in EEG measures, it is essential to account for individual-specific differences, even in the
absence of overt psychological stress or neurological conditions. Deviations from a healthy psychological
state and overall mental well-being are precisely the types of changes that are intended to be detected through
the establishment of a baseline for EEG variability. Even when working with self-reported healthy subjects,
future protocols should include a clinician-led screening to confirm the absence of neurological or psychiatric
conditions. Future work should also establish how segment length influences stability and sensitivity of single-
channel EEG measures. Varying window sizes will clarify the minimum duration that still yields stable resting-
state estimates, and whether longer windows narrow or widen the normative range. Finally, as all recordings
were conducted in controlled laboratory conditions, it remains unclear how real-world factors (e.g., time of
day, environmental stressors, or diet) influence EEG stability. Future studies should assess EEG reliability in
naturalistic settings to improve its applicability for longitudinal monitoring.

Conclusion

This study confirmed that EEG band power measures are highly reliable over long-term recordings and that
nonlinear measures demonstrate comparable levels of reliability. However, nonlinear measures showed greater
temporal stability across sessions, making them potentially more suitable for assessing brain state over time,
provided they also demonstrate sufficient sensitivity to meaningful neural changes. These findings support
the use of nonlinear EEG measures in individualized, longitudinal monitoring frameworks. Furthermore,
establishing personalized baselines, rather than relying on normative population averages, appears essential for
accurate interpretation of EEG data. Given the overall high reliability across EEG channels, researchers have
flexibility in channel selection, although peripheral channels may be best avoided to minimize the influence of
artifacts.

Data availability

The raw EEG data generated and analyzed during the current study are not publicly available due to data protec-
tion and ethical restrictions. However, derived data supporting the findings of this study (including computed
measures) are available from the corresponding author upon reasonable request.
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Changes in EEG Measures of a Recipient of the mRNA COVID-19
Vaccine — A Case Study *

Tuuli Uudeberg, Student Member, IEEE, Hiie Hinrikus, Laura Pdeske, Jaanus Lass, and Maie
Bachmann, Member, IEEE

Abstract:— The current study is aimed to evaluate the effect
of COVID-19 vaccine on human EEG and the persistence of the
effect. Within a one-year-long resting EEG study period, the
healthy male subject was administered two Comirnaty doses
three weeks apart to prevent COVID-19. Fourteen recordings
were acquired from the subject in one year: twelve reference and
two post-vaccination recordings after administrating the second
dose of Comirnaty. The changes in absolute powers of EEG
frequency bands, EEG spectral asymmetry index (SASI), and
Higuchi’s fractal dimension (HFD) were analyzed. The results
indicated a statistically significant increase in absolute gamma
power, SASI and HFD values on the fifth day after the
vaccination, while the EEG had restored its normal character on
the twelfth day after vaccination. These measures seem to have
higher sensitivity for the detection of the effects of the vaccine

Clinical Relevance — This is the first study evaluating COVID-
19 vaccine effect on healthy human EEG. The study indicated
that the vaccine disturbs EEG, but the impact is not long-lasting.

1. INTRODUCTION

COVID-19, caused by a severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), has become a worldwide
pandemic illness. In addition to respiratory system disorders,
a significant part (36.4%) of COVID-19 patients had acute
neurological expressions [1]. Acute neurological syndromes
can be caused by a viral infection of the brain or by disease-
related hypoxia and inflammation.

Today, the potential effects of COVID-19 on the central
nervous system are put forward, but we do not have the
information if and how COVID-19 vaccines affect the brain.
Some studies have been conducted to analyze neurological
complications by COVID-19 vaccines [2], [3]. However, the
complications are rare and not always directly associated with
vaccination. Still, to the best of our knowledge, the before-and-
after study of the effects of COVID-19 vaccines on the healthy
brain has not been performed.

Vaccines introduce antigens to our immune system,
followed by our body’s immune response that later helps to
identify the pathogens when infected and counteract the
invaders more effectively. COVID-19 vaccines have mild side
effects similar to those seen with COVID-19, including
neurological symptoms such as headaches and fatigue [1], [4],
[5]. On the other hand, the brain can also be affected by stress
caused by the vaccines’ side effects. Stress can also affect the

*This study was financially supported by the Estonian Centre of
Excellence in IT (EXCITE) funded by the European Regional Development
Fund.

T. Uudeberg is with the Department of Health Technologies, School of
Information Technologies, Tallinn University of Technology, Ehitajate Road
S, Tallinn, 19086  Estonia  (phone:  +372-620-2207  e-mail:
tuuli.uudeberg@taltech.ee).

central nervous system and cause alterations in the brain's
physiology.

Brain bioelectrical activity can be measured by
electroencephalography (EEG) — a non-invasive and cost-
effective method used to detect changes in brain function.
Several EEG measures have shown changes during stressful
situations. Studies using different tests of stress, theta and
alpha band power indicated a decrease [6], [7], while in higher
frequency rhythms, like beta and gamma, an increase was
detected [7], [8]. The spectral asymmetry index (SASI),
characterizing the balance between EEG higher and lower
band powers, has been shown effective to detect the effect of
different stressors: a physical stressor, microwave radiation
[9], a chemical stressor, coffee intake [10], and occupational
stress [8]. In addition, SASI distinguished between major
depressive disorder and healthy groups [11], [12]. Still, not all
information can be collected by linear methods; the nonlinear
Higuchi’s fractal dimension (HFD) describes the EEG signal's
self-similarity and characterizes the signal’s complexity. It has
been shown that the complexity of the EEG signal raises in the
case of depression and under stress conditions [8], [11].

Although the EEG measures can be considered as stable
markers [13], [14], each EEG measure has a normal variability
which is in turn individual [15] and usually unknown. We
hypothesize that in the conditions of the impact by vaccine or
increased stress due to the immunization, the EEG will be
disturbed compared to the normal state. Thus, to evaluate the
effects of a stressor, we need to know the subject’s normal
variability of the EEG measures of interest. The EEG and the
sensitivity to vaccination are individual; therefore, a more
detailed study on a single subject would provide clearer
preliminary results on the effects of the vaccine.

The present study aims to investigate the effects of the
COVID-19 vaccine on the central nervous system and the
durability of the effect. For this purpose, the normal variability
of the EEG measures, including spectral band power, SASI,
and HFD, for a selected subject were evaluated over a year.
The alterations in the measures after administration of
Comirnaty (BioNTech Manufacturing GmbH) second dose
were compared to the average levels of variability of the
measures in normal conditions.

H. Hinrikus, L. Pédeske, J. Lass, and M. Bachmann are with the
Department of Health Technologies, School of Information Technologies,
Tallinn University of Technology, Tallinn, 19086 Estonia (e-mail:
hiie hinrikus@taltech.ee; laura.paeske@taltech.ce; jaanus.lass@taltech.ee;
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