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Abstract

Quantitative EEG (qEEG) provides objective, millisecond-resolution measures of brain dynamics. Despite decades of
methodological advances, clinically relevant derived indices—spectral power ratios, cognitive-emotional state markers,
and physiological parameters—are typically reported as raw values without the normative context required for individual-
ized clinical inference. To develop the first systematic age-dependent normative models for this family of derived qEEG
indices using a multinational database, enabling probabilistic Z-score interpretation at the individual level with potential
applications in objective therapeutic monitoring. Normative modeling was applied to the HarMNQEEG database (n=1,564
neurologically healthy participants, ages 5-97, 9 countries, eyes-closed resting state). Electrode-level Spectral Normal-
ization (ESN) removed inter-individual and inter-device amplitude variability while preserving the neurophysiological
interpretability of each index. Age-dependent normative trajectories were estimated using Generalized Additive Models for
Location, Scale, and Shape (GAMLSS) with P-splines on log(age), allowing conditional mean and variance to vary non-
linearly across the lifespan. GAMLSS modeling revealed significant non-linear age-dependent trajectories for all indices.
Slow-wave-dominated ratios showed steep decreases from childhood to early adulthood, consistent with cortical matura-
tion; alpha-dominated indices increased during adolescence before stabilizing. ESN normalization yielded well-calibrated
normative residuals across the full age range for all indices, except Valence. For the Valence index, a quantile regression
model is provided as the recommended normative reference due to its spike-and-slab marginal distribution. These norma-
tive models provide a principled, age-adjusted probabilistic framework for individual-level qEEG interpretation, based
on eyes closed resting state recordings, laying the methodological groundwork for future clinical validation in diagnostic
and therapeutic monitoring applications. The ESN strategy requires no knowledge of recording equipment, ensuring broad
applicability across clinical and research settings.
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Introduction

The electroencephalogram (EEG) occupies a singular posi-
tion among clinical neurophysiological tools. Unlike func-
tional magnetic resonance imaging (fMRI) or positron
emission tomography (PET), which measure hemodynamic
and metabolic correlates of neural activity with temporal
resolution on the order of seconds, EEG directly records the
electrical potentials generated by the postsynaptic currents
of cortical neuronal populations with millisecond tempo-
ral resolution (Michel et al. 2019; Rajkumar et al. 2021).
This direct access to neuronal dynamics, combined with its
relatively low cost, portability, and bedside applicability,
preserves the EEG’s irreplaceable position in clinical neu-
rology, cognitive neuroscience, and neurorchabilitation.

The history of EEG analysis has followed a pendular tra-
jectory, summarized in Fig. 1 A. Beginning in the 1970s and
1980s, the development of qEEG introduced a fundamental
conceptual shift: EEG features could be extracted mathe-
matically, characterized statistically, and interpreted against
population norms, with neurometrics (John 1977; John et
al. 1988) and age-referenced spectral databases (Matotiek
and Petersen 1973) providing the conceptual and empirical
foundations. The 1990s saw a relative decline in qEEG’s
clinical prominence as structural and functional neuroimag-
ing captured the field’s attention (Turner 2021), but from
the early 2000s a sustained renaissance has consolidated,
driven by advances in distributed electromagnetic source
imaging (Bosch-Bayard et al. 2001; Pascual-Marqui 2002)
and the availability of large-scale multinational normative
databases (Li et al. 2022; Valdes-Sosa et al. 2021; Bosch-
Bayard et al. 2020).

Alongside these spectral and source imaging advances,
a complementary tradition developed around EEG
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microstates—quasi-stable topographic configurations of the
scalp potential field whose normative age-dependent tra-
jectories, fTMRI network correlates, and clinical sensitivity
have been extensively characterized (Lehmann et al. 1987;
Koenig et al. 2002; Michel and Koenig 2018). The present
work occupies a parallel and complementary niche: while
microstate analysis characterizes the spatiotemporal archi-
tecture of brain electric fields, the spectral ratio and func-
tional indices addressed here capture the frequency-domain
composition of those same fields, providing candidate
biomarkers with direct electrode-level interpretability (see
Sect. 4.4).

Despite this methodological progress, routine clinical
practice remains predominantly qualitative. EEG reports
continue to rely primarily on expert visual descriptions,
and, at best, on raw topographic maps of spectral power.
The quantitative potential of normative maps, Z-scores,
and derived functional indices is frequently underused. As
a consequence, valuable information regarding how an indi-
vidual’s brain activity deviates from an age-typical popula-
tion rarely enters formal clinical decision-making (Ko et al.
2021).

A critical limitation of current clinical workflows is the
reliance on raw pre and post-treatment comparisons. With-
out reference to a normative framework, any observed
change in an EEG index remains ambiguous: it is impos-
sible to determine whether the observed shift represents
movement toward neurotypical function, persistence within
an abnormal range, or merely state-dependent fluctuation.
Normative Z-score frameworks directly address this limita-
tion by anchoring individual measurements to age-depen-
dent population norms, enabling the clinician to quantify
both the magnitude of initial deviation and the direction and
significance of longitudinal change.

1929 Neuroimaging era Renaissance 2022
Berger HarMNqEEG
Spectral
qEEG—® ® >
Neurometrics Source imaging
John et al., 1977 LORETA 1994 - VARETA 2001
Lehmann et al. EEG—MRI link
1987 (micro-states) Britz & Michel, 2010

EEG

Koenig, Michel, Valdés-Sosa et al.
2002 (lifespan norms)

Fig. 1 Back to the Future of quantitative EEG: historical development,
conceptual evolution, and clinical translation pipeline. Historical
timeline. Key milestones in EEG analysis from Berger’s first record-
ing (1929) to the present. The red band marks the relative decline of
qEEG during the neuroimaging era (1990s), when MRI, fMRI, and
PET shifted clinical and scientific attention toward hemodynamic
modalities. The green band marks the ongoing renaissance, driven by
three convergent lines of methodological progress: the development
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of distributed electromagnetic source imaging methods — including
LORETA (Pascual-Marqui 2002) and qEEG VARETA (Bosch-Bayard
et al. 2001), which extended quantitative EEG analysis to the cortical
source level; the formalization of EEG microstate analysis as a norma-
tive framework for global spatiotemporal field dynamics (Lehmann
et al. 1987; Koenig et al. 2002; Michel and Koenig 2018); and the
availability of large multinational normative databases such as HarM-
NqEEG (Li et al. 2022)
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This longitudinal sensitivity defines the clinical applica-
tion of therapeutic monitoring, which constitutes the sec-
ond motivation of the present work alongside its normative
aims. When a patient’s qEEG profile is expressed as a devia-
tion from age-matched population norms, repeated assess-
ments before and after an intervention yield a trajectory in
Z-score space that is interpretable without reference to raw
spectral units or device-specific calibration. Crucially, this
individual-level monitoring use case is distinct from — and
complementary to — supervised classification approaches
that assign a categorical diagnostic label from a predefined
set: a normative Z-score framework quantifies the degree
and direction of individual deviation without presuppos-
ing a diagnostic category, making it applicable to heteroge-
neous populations and to longitudinal contexts where group
identity is unknown, mixed, or evolving across the course
of treatment. The proof-of-concept clinical validation pre-
sented in Sect. 3.4 directly instantiates this therapeutic
monitoring use case.

An additional gap concerns the limited exploitation
of multiple physiological states within qEEG protocols.
Parameters assessed during eyes-open recording—such
as alpha rhythm reactivity to eye opening—as well as
responses to activation procedures (hyperventilation, pho-
tic stimulation) and EEG dynamics under cognitive load,
provide complementary windows onto neurophysiological
integrity absent from resting eyes-closed recordings alone.
The individual alpha frequency (IAF) and its age-related
developmental trajectory constitute particularly sensitive
markers of neurophysiological maturation and thalamocor-
tical integrity (Klimesch 1999; Pfurtscheller and Lopes da
Silva 1999), yet they are seldom quantified within norma-
tive frameworks in routine clinical reports.

This limitation is clinically relevant because some elec-
trophysiological abnormalities may remain subtle at rest but
become evident during cognitive activation. In clinical prac-
tice, Swingle has explicitly recommended complementing
eyes-closed and eyes-open conditions with a brief cognitive
challenge such as reading or counting backwards, noting that
certain patterns emerge only when the patient is cognitively
challenged (Swingle 2015). From a physiological perspec-
tive, the transition from eyes-closed to eyes-open already
constitutes a shift toward higher EEG arousal (Barry and De
Blasio 2017; Barry et al. 2007). Beyond this basic manipu-
lation, mental arithmetic and serial subtraction paradigms
offer a practical and well-supported way to induce graded
cognitive load without additional materials (Fairclough et
al. 2024), while backward digit span provides a brief probe
of working-memory manipulation (Onton et al. 2005).
Although normative lifespan references for these activation
conditions remain largely unavailable, their integration into

future normative protocols would substantially enrich the
clinical interpretability of gEEG-derived biomarkers.

Although several normative qEEG databases have been
developed for spectral power and related Z-score inference,
and harmonized multinational norms are now available for
cross-spectral EEG measures, the literature remains com-
paratively sparse regarding clinically standardized norma-
tive references for derived frequency ratios and composite
functional metrics. Indices such as theta/beta, delta/beta,
frontal alpha asymmetry-related measures, arousal-related
EEG markers, and engagement metrics have been widely
studied, but mostly as research variables, group discrimina-
tors, or task-sensitive markers rather than as integrated age-
referenced biomarkers for individualized clinical inference.

The present study aims to fill this gap by providing the
first systematic normative models for this family of indi-
ces derived from the HarMNqEEG project database (Li et
al. 2022), comprising 1,564 neurologically healthy subjects
from 9 countries spanning the full human lifespan (ages
5 to 97). We derive age-dependent normative trajectories
and individualized Z-scores from Eyes Closed resting state
recordings and define a unified normative framework with
electrode-level spectral normalization (ESN) to ensure
applicability across the full range of clinical recording
contexts.

Materials and Methods
The HarMNgEEG Multinational Database

The normative data used in this study were derived from the
Harmonized-Multinational qEEG Norms (HarMNgEEG)
project, an international collaborative initiative coordinated
by the Global Brain Consortium (GBC) (Li et al. 2022).
The database comprises resting-state EEG recordings from
1,564 neurologically healthy subjects, spanning the full
human lifespan from 5 to 97 years of age, collected across 9
countries: Cuba, China, Malaysia, Russia, Germany, Swit-
zerland, Canada, Colombia, and the United States. Data was
obtained from 14 independent studies conducted with 12
different EEG acquisition systems, reflecting the diversity of
equipment and protocols encountered in international multi-
center research. The complete dataset — including subject
identifiers, recording metadata, and cross-spectral matrices
— is publicly available on Synapse (ID: syn26712979; http
s://www.synapse.org/Synapse:syn26712979/wiki/615205).
The 1,564 subjects analyzed in the present study correspond
exactly to the full published cohort of Li et al. (2022); no
additional subject selection was performed beyond the qual-
ity criteria documented in that publication.
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Inclusion and Exclusion Criteria

Participants were selected according to strict clinical criteria
designed to constitute a representative healthy population
rather than a highly selected “super-normal” sample. Exclu-
sion criteria included: history of neurological or psychiatric
disorders; current or recent use of psychoactive medications
or substances with known effects on the central nervous sys-
tem; significant head trauma or loss of consciousness; sys-
temic diseases with documented neurological impact (e.g.,
uncontrolled diabetes mellitus, severe arterial hypertension);
and abnormalities identified on neurological examination.
Where available, structural MRI and cognitive screening
results were also used to confirm neurological health.

Data Preprocessing

A central challenge in aggregating EEG data across multiple
recording sites and device types is the presence of system-
atic inter-site variability—commonly referred to as “batch
effects”—that can introduce spurious differences unrelated
to neurophysiology. The pipeline used here addressed this
through the following procedure:

e Artifact Rejection: Artifact rejection procedures varied
across contributing sites: in a subset of recordings, arti-
fact-free epochs were selected through visual inspection
by expert neurophysiologists; in others, automated qual-
ity-control algorithms were applied. In all cases, a mini-
mum of 60 s of stationary EEG activity was required per
participant. We acknowledge that the use of automated
rejection in part of the database introduces heterogene-
ity in preprocessing quality. As demonstrated by Hu et
al. (2025a, b), automated pipelines without expert su-
pervision are susceptible to both insufficient preprocess-
ing — retaining residual artifacts — and excessive pre-
processing — discarding genuine brain signal — each
of which produces systematic biases in downstream
spectral and connectivity estimates. This constitutes a
recognized limitation of the HarMNQEEG database in
its current form. The PaLOSi index proposed by Hu et
al. (2025a, b) provides a promising quality-control met-
ric that could be applied uniformly across sites in future
iterations of the normative pipeline to identify and flag
recordings in the insufficient or excessive preprocessing
range.

e Spectral Estimation: Cross-spectral matrices were
computed for the standard 19-electrode array of the In-
ternational 10-20 system using the Fast Fourier Trans-
form (FFT) with a frequency resolution of 0.39 Hz.

o FElectrode-level Spectral Normalization (ESN): For
each subject i and electrode ch, the Electrode-level
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Spectral Normalization factor is defined as ESN(ch, i) =
mean_f[S(ch, f, 1)] for f € [0.39, 19.11] Hz, where S(ch,
f, 1) is the spectral power density at electrode ch and
frequency f, and the average is taken over all frequency
bins used in index computation. Each spectral value is
then normalized by division: S _norm(ch, f, 1)=S(ch, f,
1) / ESN(ch, 1) (5). On a log scale, this is an additive cor-
rection — equivalent to a multiplicative factor on a lin-
ear scale. The ESN simultaneously accounts for individ-
ual-level variability in scalp and skull conductivity and
other multiplicative amplitude offsets that are flat across
the analysis band. This universality is a key advantage
over device-covariate approaches: ESN normalization is
always applicable, including when the acquisition sys-
tem is unknown, which is common in clinical practice.
The normalization range [0.39, 19.11 Hz] was chosen
to coincide with the spectral support of all indices com-
puted in this study (TBR, TAR, DBR, Arousal, and Va-
lence), ensuring that the ESN factor reflects exclusively
the frequency content relevant to the metrics it adjusts. It
also coincides with the frequency range used in Bosch-
Bayard et al. (2001) for the EEG spectral norms. The
upper limit was set deliberately below 20 Hz to avoid
the region where device-specific high-frequency roll-off
differences become non-negligible in clinical EEG am-
plifiers. All certified amplifiers in the IEC 60601-2-26
standard exhibit flat frequency response (+3 dB) across
the 0.5—70 Hz range; above ~20 Hz, however, inter-de-
vice variability in filter implementation may introduce
spectral shape differences that would distort the normal-
ization factor if included. ESN as implemented here is
therefore specifically appropriate for sub-20 Hz spectral
ratio indices and should not be assumed to generalize
to higher-frequency biomarkers such as gamma-band or
high-frequency oscillation metrics.

e Residual variability: after ESN normalization, resid-
ual inter-site amplitude variability is absorbed within
the normative dispersion term of the GAMLSS model,
since the per-electrode ESN correction removes both
individual-level and external-level multiplicative scale
differences before index computation.

The complete computational pipeline proposed in this work
is summarized in Fig. 2. It includes Eyes Open (EO) and
Cognitive Load (CL), although at present, normative data-
bases are available only for the Eyes Closed (EC) condition.
It is our purpose to standardize some Cognitive Load tasks
in the future (as proposed in Sect. 4.5.1) and gather data-
bases recorded under these parameters to calculate norms
for these physiological tasks, which can provide useful
information for the clinical use of qEEG.
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Raw EEG recordings

Input
EC - EO - CL — 19 ch, 10-20
. Electrode Spectral Normalization (ESN)
Artifact Average
: rejection reference
re- SN : 3
proc. S_norm(ch,f,i) = S(ch,f,i) / ESN(ch,i)
=60 s artifact-free Common reference f € [0.39-19.11 Hz] - per electrode - mulitiplicative
Spectral decomposition
Spectral
FFT - 0.39 Hz res. - 6 8 a B bands
v y v
Electrode ratios Functional indices Asymmetry indices
Indices TBR - TAR - ABR El- Al - FAA - CAl 5/B - 8/ asymmetry
DBR - DAR — 19 ch FC-TBR - FC-DBR 8 homologous pairs
| { |
v
GAMLSS normative modeling
GAMLSS p(age) = f(age) | P-splines | pb(log(age)) | NO / BCT
log(oi) = g(agei) - per index, per electrode
Individualized Z-scores Centile curves
Output

Z=(Y-0)/6

Acquisition / output

Fig. 2 Computational pipeline for normative qEEG index modeling.
Acquisition (gray): Resting-state EEG recordings from the HarMN-
qEEG database (n=1,564; ages 5-97 years; 9 countries) under eyes-
closed (EC), eyes-open (EO), and cognitive load (CL) conditions,
19-electrode 10-20 system. Preprocessing (gray): Three sequential
steps — (1) artifact rejection retaining a minimum of 60 s of station-
ary, artifact-free signal; (2) re-referencing to the common average
reference; and (3) Electrode-level Spectral Normalization (ESN), in
which each electrode’s spectral values are divided by their mean power
across the fixed frequency range [0.39-19.11 Hz]. This operation is
multiplicative on the power scale and additive on the log scale, simul-
taneously removing individual-level variability in scalp and skull con-
ductivity and other external-level variability in electrode impedance.
Spectral decomposition (teal): Cross-spectral matrices computed via

D Electrode Spectral Normalizatio) (ESN)| Spectral processing

p2.5 - p10 - p50 - p90 - p97.5

D Normative modeling

FFT at 0.39 Hz frequency resolution; power estimated in four canoni-
cal bands: delta (), theta (8), alpha (), and beta (). Index computa-
tion (teal): Three families of derived indices — electrode-level spectral
ratios (TBR, TAR, ABR, DBR, DAR; one normative model per elec-
trode, 19 total); global functional state indices (EI, Al, Valence, CAI,
FC-TBR, FC-DBR); and hemispheric asymmetry indices (6/f and 6/
ratio asymmetries across 8 homologous electrode pairs). GAMLSS
normative modeling (purple): A Generalized Additive Model for Loca-
tion (p), Scale (o), and Shape (GAMLSS) was fitted per index and per
electrode in R using P-spline smoothers on log(age) [pb(log(age))];
conditional distribution family selected adaptively — Normal (NO)
for kurtosis <5, Box—Cox t (BCT) otherwise. Outputs (gray): Individu-
alized Z-scores and smooth centile curves (p2.5, p10, p50, p90, p97.5)
for each index and electrode across the full lifespan (ages 5-97 years)
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Calculation of Quantitative Indices

For each participant in the database, 18 quantitative indices
were calculated from the spectral power densities obtained
after preprocessing. Four canonical frequency bands were
defined: Delta (d: 1.5-3.5 Hz), Theta (0: 3.9-7.5 Hz),
Alpha (a: 7.9-12.5 Hz), and Beta (B: 12.9-19.14 Hz).
Spectral power at a given electrode ch and band is denoted
P _band(ch). Where an index is computed over a set of
electrodes, the mean power across that set is used. All
ratio-based indices are computed on log-transformed band
powers, so that a ratio becomes a difference of logarithms:
In(P:) — In(P2)=In(P1/P2). This log-ratio formulation is sym-
metric, improves distributional properties, and is standard
in qEEG normative modeling (Bosch-Bayard et al. 2001;
Arns et al. 2013).

All indices reported in the main text use the narrowband
beta definition (B: 12.9-19.14 Hz). The High-Beta sub-band
(B_high: ~15-30 Hz) used in Supplementary Figs. 5-6 and
8 is an exploratory supplement and does not enter the nor-
mative models.

Electrode-Level Spectral Ratios

The following three ratios are computed separately for each
of the 19 electrodes of the 10-20 system, yielding 19 values
per ratio. Each electrode—ratio combination receives its own
age-dependent normative model.

e Theta/Beta Ratio (TBR, per electrode): TBR(ch)=1
n[0(ch)]—In[B(ch)]. Widely used as a marker of atten-
tional regulation and cortical arousal (Arns et al. 2013;
Ogrim et al. 2012).

o Theta/Alpha Ratio (TAR, per electrode): TAR(ch)=
In[6(ch)]—In[a(ch)]. Reflects the relative dominance of
theta over alpha; sensitive to vigilance level and cogni-
tive fatigue (Klimesch 1999).

e Alpha/Beta Ratio (ABR, per electrode): ABR(ch)=In
[a(ch)]—In[B(ch)]. Indexes the balance between idling
alpha states and active beta processing; elevated val-
ues are associated with reduced cortical arousal and
drowsiness.

e Delta/Beta Ratio (DBR, per electrode): DBR(ch)=1In
[6(ch)]—In[B(ch)]. Captures the balance between slow
delta oscillations and fast beta activity; elevated DBR
has been associated with cortical hypoactivation and is
sensitive to disorders of consciousness and severe atten-
tional dysregulation (Thatcher et al. 1989).

e Delta/Alpha Ratio (DAR, per electrode): DAR(ch)=
In[6(ch)]—In[a(ch)]. Widely used as an indicator of ce-
rebral ischemia, diffuse encephalopathy, and cognitive
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impairment, elevated DAR reflects pathological slow-
wave dominance (Claassen et al. 2024).

o Delta/Theta Ratio (DTR, per electrode): DTR(ch)=1
n[8(ch)]—1In[0(ch)]. Reflects the relative contribution of
infra-slow delta versus theta activity; sensitive to depth
of sleep and severe cortical depression, and useful for
distinguishing delta-dominant from theta-dominant
slow-wave profiles.

Global Functional State Indices

These four indices characterize broad functional brain states
and are computed from spatially averaged power across all

19 electrodes (denoted B, a, 0, §), except where noted.

e Engagement Index (EI): EI = B/ (a + 0), following
Pope et al. 1995). Computed over all 19 electrodes. Cap-
tures the relative suppression of slow-wave activity dur-
ing sustained cognitive engagement.

e Arousal Index (AI): AI=B F / (§_F+0_F), where the
overbar denotes the mean over the frontal cluster F3,
F4. Quantifies the balance between frontal fast and slow
oscillations as a measure of CNS activation level (Bon-
net and Arand 2007).

e Valence Index: Valence=o(F3)/B(F3) — a(F4)/p(F4),
computed from the alpha power at electrodes F3 and F4
individually. Operationalizes the frontal EEG asymme-
try framework linking hemispheric alpha lateralization
to emotional valence (Allen et al. 2018; Davidson 1998).

o Cognitive-Affective Index (CAI): CAI=FC-TBR x
Valence, where FC-TBR is the frontocentral theta/beta
ratio defined in Sect. 2.3.3, and Valence is defined
above. This compound index captures the simultanecous
contribution of frontocentral cognitive load and hemi-
spheric emotional lateralization.

Frontocentral Regional Ratios

These two indices restrict the spectral ratio computation to
the frontocentral cluster comprising electrodes F3, F4, and
Cz, yielding a single value per index, the mean ratio across
those three electrodes.

e FrontoCentral Theta/Beta (FC-TBR): FC-
TBR=In[0_FC]—-In[B_FC], where the overbar denotes
the mean over F3, F4, Cz. The regional counterpart of
the per-electrode TBR, focusing on the frontocentral re-
gion relevant to executive control and attentional regu-
lation (Arns et al. 2013).

e FrontoCentral Delta/Beta (FC-DBR): FC-DBR=1In[d
FC]—In[B_FC], computed over the same cluster F3, F4,



Brain Topography (2026) 39:87

Page70of23 87

Cz. Captures the balance between frontocentral delta
and beta activity.

Hemispheric Asymmetry Indices

Two families of asymmetry indices are computed, both
using the log-difference formulation:

Asymmetry =In[M (left electrode))
— In[M (right electrode)] (A)

where M is either absolute band power or a spectral ratio. A
positive value indicates left-hemisphere dominance; a nega-
tive value indicates right-hemisphere dominance.

a. Asymmetry Index (per band, per homologous pair)

The Asymmetry Index is computed as the log-difference of
absolute band power between homologous electrode pairs,
separately for each of the four canonical frequency bands:

Al (band, pair) =In[P_band (left)]
— In[P_band (right)] (B)

This yields a matrix of values indexed by band (3, 6, a,
) and homologous pair. The pairs used are: Fp1/Fp2, F3/
F4, F7/F8, C3/C4, T3/T4, T5/T6, P3/P4, and O1/02. Each
band—pair combination receives its own age-dependent nor-
mative model.

b. Ratio-Based Asymmetry Indices

Eight indices combine spectral ratios with hemispheric
asymmetry, computed at four clinically selected pairs of
homologous electrodes using two ratios (8/p and 6/B):

Asym (ratio, pair) = In[ratio(left)] — In[ratio (right)] (C)

The eight indices are (age-dependent normative curves
shown in Supplementary Fig. 7):

o /B Asymmetry F3—F4: In[3(F3)/B(F3)]—In[3(F4)/p(
. I(;;E]Lssymmetry F3—F4: In[0(F3)/B(F3)] — In[0(F4)/B(
. gjﬁ)]Asymmetry F7-F8: In[3(F7)/B(F7)] - In[8(F8)/B(
. E/Z[i;«ssymmetry F7-F8: In[0(F7)/B(F7)]— In[0(F8)/B(

o &/p Asymmetry T3—T4: In[d(T3)/B(T3)]—1In[8(T4)/B(

° g/? ]Asymmetry T3—T4: In[6(T3)/B(T3)]—In[6(T4)/B(

) g/4[}) ]Asymmetry T5-T6: In[6(T5)/B(T5)]—In[6(T6)/B(

° g/:[ij }&symmetry T5-T6: In[0(T5)/B(T5)]—In[6(T6)/B(
T6)].

Normative Modeling and Z-Score Derivation
Distributional Transformation

The indices computed in this study are expressed as log-
ratios or log-differences of band powers and therefore span
negative and positive values with approximately symmetric
distributions. No additional distributional transformation
was applied before model fitting. This is consistent with the
log-ratio formulation described in Sect. 2.3, which ensures
that ratio-based indices are already on an approximately lin-
ear scale suitable for Gaussian normative modeling.

GAMLSS Normative Framework

Age-dependent normative trajectories were estimated using
a heteroscedastic regression framework consistent with the
two-parameter GAMLSS family [Rigby and Stasinopoulos
2005 ], with both the conditional mean (pt) and the log-stan-
dard deviation (log 6) modeled as smooth functions of age
via penalized B-splines (P-splines).

The conditional distribution family was selected adap-
tively for each index using a three-criterion procedure
evaluated on the raw (pre-transformation) data. Three diag-
nostic statistics were computed: excess kurtosis (kurt—3),
skewness, and the p-value of a Shapiro—Wilk test on a sub-
sample of up to 2,000 observations. When at least two of the
three criteria indicated non-normality (excess kurtosis>1,
|skewness| > 0.5, or Shapiro—Wilk p<0.05), a non-Normal
family was attempted. For indices with strictly positive val-
ues, the Box—Cox t (BCT) family was fitted on the raw data
— absorbing asymmetry and heavy tails through its shape
parameters v and t, making a preliminary log-transforma-
tion redundant — with fallback to BCPE and then Normal
(NO) if BCT failed to converge (see Supplementary Table 3
for more details).

For indices with values spanning the real line (e.g.,
Valence), the Normal family was retained regardless of
the diagnostic criteria, as empirical testing confirmed that
alternative families (JSU, SHASHo) did not improve cen-
tile calibration for the spike-and-slab marginal distribution
(see Supplementary Fig. 8, Valence panel) characteristic of
the Valence in healthy populations. When fewer than two
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criteria indicated non-normality, the Normal family was
used directly, with any requested pre-transformation (e.g.,
log for Arousal) applied before fitting.

Let Y; denote the (transformed) value of a given EEG-
derived index for subject i. The conditional distribution of
Y, is assumed to follow a parametric family:

Yi ~ D(ui, 04, vi, i) (1

where p; is the conditional mean, o; is the conditional stan-
dard deviation, and v; and t; are optional shape parameters
governing skewness and kurtosis, respectively. For most
EEG indices, modeling of p; and o; was sufficient; higher-
order parameters were included only when residual diag-
nostics indicated significant departure from distributional
assumptions.
The conditional mean and dispersion were modeled as:

i = f(age;) ()
log(o;) = g(age;) 3)

where f(-) and g(-) are smooth functions of log(age) esti-
mated as penalized B-splines (P-splines) using the pb()
smoother of the gamlss R package (Rigby and Stasinopou-
los 2005). The degree of smoothing is selected automatically
by minimizing a generalized Akaike information criterion
(GAIC), avoiding the need to prespecify the number or
location of knots. Both location and dispersion submodels
are fitted jointly by alternating IRLS cycles (maximum 50
outer iterations). When residual diagnostics—specifically,
worm plots and Q—Q plots of normalized quantile residu-
als—indicated significant departure from normality, opera-
tionalized as excess kurtosis greater than 5, the Box—Cox
t (BCT) family was substituted for the Normal family to
accommodate heavy-tailed distributions. For all remaining
indices, the Normal (NO) conditional family was used. This
adaptive family selection ensures distributional adequacy
across the full set of indices, which differ substantially in
tail behavior.

Given the spike-and-slab marginal distribution of the
Valence index — characterized by a high concentration of
values near zero and heavy tails — no tested parametric
family (Normal, BCT, BCPE, JSU, SHASHo) achieved ade-
quate calibration in the central quantile range. As an alter-
native, we fitted age-dependent quantile regression models
for Valence using B-splines (cubic, 4 internal knots) on
log-transformed age, implemented with the quantreg pack-
age (Koenker 2005) in R. This non-parametric approach
achieved near-perfect calibration across all centiles (maxi-
mum |A| = 0.3 pp; Supplementary Fig. 13). Quantile regres-
sion Z-scores for Valence were computed as ®~'(empirical
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percentile), where the empirical percentile was obtained
by interpolating the subject’s observed value within the
estimated centile grid at their age. The GAMLSS-based
Valence Z-scores are retained for consistency, but their use
is restricted to extreme deviations (|Z| > 2); for the central
range, the quantile regression model is recommended.

Electrode-level Spectral Normalization (ESN)

A key preprocessing step before normative modeling is the
removal of multiplicative amplitude variability that reflects
physiological and technical sources unrelated to the neu-
rophysiological indices of interest. These sources include
individual differences in scalp and skull conductivity—
which scale all electrode amplitudes by a subject-specific
factor—and other externally related differences in electrode
impedance, which introduce electrode-specific scale offsets
that vary across acquisition systems. Critically, these two
sources of variability are confounded and cannot be sepa-
rated without detailed knowledge of the recording hardware.

To address this, an Electrode-level Spectral Normaliza-
tion factor (ESN) is computed for each subject i and elec-
trode ch as:

ESN (ch, i) = mean_f [S(ch, f, i) |, f €[0.39, 19.11] Hz @)

where S(ch, f, 1) is the spectral power density at electrode
ch, frequency bin f, and subject i, and the mean is taken
over all frequency bins used in the computation of norma-
tive indices. The frequency range [0.39, 19.11] Hz is fixed
and identical for all subjects and studies, ensuring that the
ESN factor is strictly comparable across individuals and
recording systems. Each spectral value is then normalized
by division:

S_norm (ch, f, i) = S(ch, f, i) / ESN(ch, i) ®)

In log-scale, this corresponds to a subtraction:
In[Sno™Mm] =In[S]—In[ESN], making the ESN correction
additive on the scale on which normative models are fit-
ted. Equivalently, on the original power scale, the correc-
tion is multiplicative. This distinction is methodologically
important: multiplicative normalization preserves the rela-
tive spectral structure within each subject while removing
between-subject and between other recording-conditions-
related scale differences.

ESN corrects multiplicative amplitude differences per
electrode within the analysis band but does not account for
frequency-dependent transfer function differences across
devices (e.g., differential roll-off slopes or filter charac-
teristics). Studies combining equipment with substantially
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different spectral response characteristics should verify
residual device effects in GAMLSS model residuals.

A fundamental advantage of ESN normalization over
device-covariate approaches is that it requires no knowl-
edge of the recording equipment. It is therefore universally
applicable: it can be applied to any EEG recording, includ-
ing archival data, referral recordings, and recordings from
systems not represented in the normative database—con-
texts in which a device covariate cannot be specified. This
universality ensures that the normative framework devel-
oped here can be applied in the full range of clinical and
research settings encountered in practice.

Following ESN normalization, the conditional mean
of the GAMLSS model contains only the age-dependent
smooth term:

pi = fagei) (6)
log(oi) = g(age:) (7

where f(-) and g(-) are P-spline smoothers on log(age). The
individualized Z-score for subject i with index value Y; is:

Zi = [Yi — ]/ ¥

where |f; and o; are the age-adjusted normative mean and
standard deviation derived from the GAMLSS model.

Computation of Individualized Deviation Scores

For any individual subject i with index value Y; measured at
age t, the individualized Z-score under either normalization
mode is interpreted as the number of age-adjusted standard
deviations by which the observed measurement deviates
from the normative expectation:

Under conventional probabilistic thresholds:

e |Z| > 2.0 corresponds to approximately the 2.5th or
97.5th percentile of the normative population, indicat-
ing a borderline deviation.

e |Z| > 3.0 indicates a strong deviation, expected in fewer
than 0.15% of neurotypical individuals of the same age.

In addition to Z-scores, smooth age-dependent centile
curves (5th, 10th, 25th, 50th, 75th, 90th, and 95th centiles)
were generated for each index and electrode region, provid-
ing a reference for clinical and research use (see Supplemen-
tary Table 2).

Model Validation

The stability and predictive performance of the norma-
tive models were evaluated using several complementary
procedures:

e Kk-fold cross-validation: Models were fitted on training
subsets and evaluated on held-out data, with prediction
error assessed separately within each age stratum.

e Residual diagnostics: Worm plots and Q-Q plots of
normalized quantile residuals were inspected to verify
distributional adequacy of the fitted models.

e Centile calibration: Empirical coverage of predicted
centile intervals was compared against theoretical ex-
pectations across the full age range.

o Assessment of ESN normalization and model cali-
bration: Assessment of ESN normalization: The reduc-
tion in inter-subject spectral amplitude variability fol-
lowing per-electrode ESN correction was quantified,
and centile calibration was verified after normalization
(see Supplementary Fig. 10).

Model calibration was assessed through two complemen-
tary procedures reported in Supplementary Tables 1 and 2:
(1) the percentage of normative subjects with normalized
quantile residuals |Z| > 1.96, computed using R’s internal
quantile residual diagnostics and expected to approximate
5.0% under a well-calibrated model; and (2) empirical
centile coverage, evaluated by comparing each subject’s
observed value against the age-interpolated centile curve
across seven thresholds (p2.5 through p97.5).

Software and Implementation

Spectral analysis and preprocessing were implemented in
MATLAB (R2015a). Normative modeling was performed
in R (v4.3) using the gamlss package (Rigby and Stasin-
opoulos 2005; Stasinopoulos and Rigby 2007). For each
index, a two-parameter GAMLSS model with P-spline
smoothers on log(age) was fitted using the pb() function,
with automatic smoothing parameter selection via GAIC.
Inter-site and inter-individual amplitude variability was
addressed through Electrode-level Spectral Normalization
(ESN) applied at the electrode level before index computa-
tion (see Sect. 2.4.3) rather than as a separate preprocessing
step. Topographic Z-score interpolation for electrode-level
surfaces was performed using spherical spline interpolation
of order 4 [Perrin et al. 1989 ].
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Results

Distribution of EEG Spectral Indices and
Transformation Assessment

The distribution of each spectral index was first examined
across the full normative sample. Most indices displayed
moderate skewness, typical of ratio-based measures derived
from spectral power. Log-transformations were applied
when appropriate to stabilize variance and improve model
fit. Gaussian models for all major indices satisfactorily
approximated post-transformation residual distributions.

Age-Dependent Normative Trajectories

Normative trajectories estimated via GAMLSS revealed
significant nonlinear developmental patterns across all com-
puted indices (see Fig. 3 for three representative examples;
complete centile trajectories for all 19 electrode-level indi-
ces are provided as Supplementary Figures). The theta/beta
ratio decreased markedly from childhood to early adult-
hood, consistent with the maturation of attentional networks
and the progressive reduction in slow oscillatory activity.

Theta/Beta Ratio — Fz
In[6(Fz)] - In[B(F2)]

0.9 4
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0.2

~05 4 01

Arousal Index
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The delta/beta ratio showed a similar decreasing trajectory.
The Arousal Index exhibited a gradual increase across the
lifespan, reflecting the progressive strengthening of fast
cortical rhythms relative to slow oscillations. The Valence
index showed a near-zero median trajectory with wide nor-
mative dispersion across all ages, consistent with the high
inter-individual variability of frontal alpha asymmetry in
healthy populations. Figure 4 displays the age-dependent
topographic distribution of the normative median for TBR,
TAR, and DBR across five representative age groups, illus-
trating the spatial evolution of slow-to-fast ratio indices
from childhood to late adulthood.

Complete normative centile trajectories for all 19 elec-
trode-level indices are provided as Supplementary Figures.
Each supplementary figure displays, for a given index, the
age-dependent normative mean and +1.96c interval esti-
mated by the GAMLSS model alongside individual observa-
tions from the HarMNQEEG normative database, arranged
by electrode according to the standard 1020 spatial layout.

Valence (FAA)
In[a(F4)] = In[a(F3)]

081

0.6 4

0.4 4

0.2

FAA (log-ratio)

T T T T T T T
5 10 20 40 80 5 10

Age (years) — log scale

2.5-97.5th centile
10-90th centile

Fig. 3 Age-dependent normative centile curves for three representa-
tive qEEG indices across the human lifespan. Each panel displays
individual observations from the HarMNQEEG normative database
(n=1,564; ages 5-97 years; grey dots) overlaid with smooth centile
curves estimated by GAMLSS with P-spline smoothers on log(age).
Shaded bands correspond to the 2.5-97.5th (lightest), 10-90th, and
25-75th (darkest) centile intervals; the solid line indicates the median
(50th centile); dashed lines mark the 2.5th and 97.5th centiles. The
x-axis is displayed on a logarithmic scale to compress the rapid devel-
opmental changes of childhood relative to the more gradual changes
of adulthood. (A) Theta/Beta Ratio at Fz: a marker of attentional
regulation and cortical arousal showing a pronounced age-dependent
decrease from childhood to early adulthood, consistent with progres-
sive cortical maturation and reduction of slow oscillatory dominance
(Arns et al. 2013; Ogrim et al. 2012). (B) Arousal Index: an index of
CNS activation level exhibiting a gradual increase across the lifespan,
with greatest inter-individual variability in older age groups (Bonnet
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and Arand 2007). (C) Valence Index: an index of hemispheric lateral-
ization linked to emotional valence, showing a near-zero median tra-
jectory across the lifespan with wide normative dispersion, reflecting
the high inter-individual variability of frontal asymmetry in a healthy
population (Allen et al. 2018; Davidson 1998). Note: The Valence
index shows a spike-and-slab marginal distribution in healthy indi-
viduals — a high concentration of values near zero combined with
heavy tails — reflecting genuine neurophysiological heterogeneity
in frontal alpha/beta lateralization at rest. While the wide normative
band captures this biological variability, the Normal GAMLSS fam-
ily over-estimates dispersion in the central range (p25—p75); a quan-
tile regression model with superior central calibration is provided in
Supplementary Fig. 13 as the recommended reference for this index.
Clinicians should exercise caution when interpreting Valence Z-scores
in the intermediate range (|Z| < 2); normative interpretation is most
reliable for extreme deviations (|Z| > 2)
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Normative Median Topographic Maps by Age Group

5-10 yr

10-20 yr

Theta/Beta Ratio
(TBR)

Theta/Alpha Ratio .
(TAR)

Delta/Beta Ratio
(DBR)

Fig. 4 Age-dependent topographic distribution of normative median
spectral ratio indices across five age groups. Each map shows the inter-
polated spatial distribution of the GAMLSS normative median (50th
centile) across the 19 standard 10-20 electrodes, estimated at repre-
sentative age-groups (5-10, 10-20, 20-40, 40-60, 60—80 years). Color
scale: red=higher values, blue=lower values; shared within each row
to allow direct developmental comparison. Electrode positions fol-
low the standard azimuthal projection (nose up). (Row 1) TBR: pro-
nounced fronto-central predominance in childhood, with systematic
decrease across all regions into adulthood, consistent with cortical

Normative Centile Curves and Z-score Distributions

Formal calibration diagnostics confirmed adequate model
performance for all indices. In Supplementary Tables 1 and
2, we show the results for three of the most popular and used
indices: Arousal, Valence, and TBR (Theta/Beta Ratio).
TBR and Arousal Index models showed excellent calibra-
tion across all centile thresholds (max |A| < 1.4 pp and <1.0
pp, respectively; residual rates within 0.1 pp of the nominal
5.0%). The Valence Index showed adequate global calibra-
tion (5.11% residuals outside +1.96c) but systematic mis-
calibration in the central quantiles (p25: —10 pp; p75: +10
pp), reflecting the spike-and-slab character of the Valence
distribution in healthy populations (see Supplementary
Fig. 10 for the age-stratified individual distribution). This

‘
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60-80 yr

log-ratio

°
o
8
log-ratio

-0.50

°
°
log-ratio

maturation and reduction of slow oscillatory dominance (Arns et al.
2013; Ogrim et al. 2012). (Row 2) TAR: broadly distributed slow-
wave dominance in childhood transitions toward a flatter distribution
in adulthood, reflecting developmental strengthening of alpha relative
to theta. (Row 3) DBR: consistently higher values in childhood with
pronounced age-dependent decrease in frontal regions, consistent with
maturation of prefrontal inhibitory control. Spatial interpolation via
radial basis functions (thin-plate spline). Note: absolute values differ
between indices; cross-row comparisons should be interpreted within
each index’s normative range

limits normative precision in the intermediate range (|Z| <2)
but does not affect the primary clinical use of this index —
detection of pathological hemispheric lateralization (|Z| >
2). As described in Sect. 2.4.2, a quantile regression model
was fitted as an alternative normative reference for Valence,
achieving near-perfect calibration across all centiles (maxi-
mum |A| = 0.3 pp; Supplementary Fig. 13); this model is rec-
ommended for applications requiring normative inference
in the central range. Device-stratified residual diagnostics
confirmed the absence of clinically meaningful equipment-
related bias across all indices (Supplementary Fig. 10; Krus-
kal-Wallis H(8) range: 17.85-47.07, all p<0.05; n? range:
0.008-0.031; maximum mean device deviation |Z| < 0.75
across all indices; Supplementary Table 4).
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Potential Clinical Utility of the Normative qEEG
Indices

To provide proof-of-concept evidence for the therapeutic
monitoring application highlighted in the title and moti-
vated in the Introduction, we present two complementary
lines of evidence: first, a group-level illustration from an
independent intervention study in older adults, showing
that the normative indices discriminate clinical status and
track therapeutically induced neurophysiological change;
and second, a representative single-case pre—post illustra-
tion demonstrating how Z-scores anchor individual EEG
changes within the population normative distribution.
For the group-level illustration, we applied the normative
pipeline to longitudinal data from an independent cogni-
tive—motor intervention study (Bosch-Bayard et al. 2026).
Pre- and post-intervention qEEG recordings from 19 older
adults were processed through the same normative pipeline
described above, and individual Z-score trajectories were
computed for each index. This design directly instanti-
ates the therapeutic monitoring use case: the same norma-
tive reference frame that characterizes a patient’s baseline
deviation from age-matched norms is applied at follow-up

to quantify the direction and magnitude of change, indepen-
dently of absolute spectral values or recording equipment.

Group-level lllustration: Normative Index Sensitivity in an
Independent Intervention Study

The normative qEEG indices derived from the pipeline
show convergent validity with behavioural outcomes in a
cognitive—motor intervention study (Bosch-Bayard et al.
2026). In an independent sample of 19 older adults (9 with
Mild Cognitive Impairment [MCI], 10 cognitively healthy
[HC]) who completed 30 sessions of Kinestesia—a struc-
tured cognitive—motor programme combining therapeutic
videogames, rhythmic gait, and sensory stimulation—the
normative Z-score framework revealed two complementary
patterns of clinical sensitivity.

First, Fig. 5 shows the pre—post distribution of normative
Z-scores for four representative indices: TBR-F8, TBR-F7,
EI-F8, and Arousal (TBR-Theta/Beta Ratio, EI-Engagement
Index) stratified by group. At baseline, HC participants
showed Z-scores distributed tightly around zero—consis-
tent with their membership in the age-matched normative
population—while MCI participants showed systematically

Pre-Post convergence toward normative range
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Fig. 5 Pre—post convergence toward the normative range in an inde-
pendent cohort of 19 older adults (9 MCI, 10 HC; Bosch-Bayard et al.
2026; doi:https://doi.org/10.1016/j.archger.2026.106346). Each panel
displays individual Z-scores (shapes) and group mean+SE (filled
squares) before (red) and after (blue) 30 sessions of Kinestesia cogni-
tive—motor intervention, for four representative qEEG indices (TBR-
F8, TBR-F7, EI-F8, Arousal). Top row: HC group; bottom row: MCI
group. The green band marks the +1.96 SD normative range. Percent-
age labels indicate the proportion of subjects within the normative
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band at each time point, with the delta (A) reflecting post—pre change.
HC participants remain distributed around Z=0 with minimal change,
while MCI participants show systematically elevated pre-intervention
Z-scores with greater dispersion; following the intervention, the MCI
group mean shifts toward zero and dispersion decreases, indicating
normalization of the neurophysiological profile. Effect sizes (Cohen’s
d) and p-values from paired t-tests are reported in each panel; asterisks
indicate d>0.5
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elevated Z-scores with greater dispersion, reflecting clini-
cally meaningful deviation from the normative expectation
(pre-intervention: 67-78% of MCI subjects within norma-
tive range vs. 90-100% of HC). Following the intervention,
MCI participants showed a consistent shift of the group
mean toward zero and a reduction in dispersion, with nor-
malization rates increasing to 78—100% across indices. HC
participants remained stable within the normative band.
This pattern illustrates two independent properties of the
normative framework: its capacity to discriminate between
clinical groups at baseline, and its sensitivity to capture
intervention-related neurophysiological change in the direc-
tion of normalization.

Second, Fig. 6 shows that the magnitude of index change
co-varied with individual differences in baseline cogni-
tive reserve and cognitive-motor learning trajectory. Post-
intervention changes in the Cognitive-Affective composite
(CognAf) and Valence indices co-varied significantly with
individual cognitive-learning trajectories in sequential
ordering tasks (p = +0.65 and +0.61 respectively, p<0.006;
Fig. 6, panels A—B), indicating that the direction and mag-
nitude of spectral change captured by the normative indices
tracks meaningful individual differences in cognitive-motor
learning rather than nonspecific EEG fluctuation. Further-
more, the TBR and Arousal indices showed a continuous
gradient with baseline MoCA score: participants with lower
cognitive reserve showed greater post-intervention reduc-
tion in prefrontal TBR (Fp2: p = —0.64, p=0.003; Fig. 6,

EEG index co-variation with cognitive-motor learning and baseline cognitive reserve (N=19)
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Fig. 6 EEG index co-variation with cognitive-motor learning and
baseline cognitive reserve (N=19; Bosch-Bayard et al. 2026; doi:
https://doi.org/10.1016/j.archger.2026.106346). Panels A-B: post-
intervention change in the Cognitive-Affective composite (ACognAf,
panel A) and Valence (AValence, panel B) indices (Z-score units,
Post—Pre) plotted against individual game-learning rate (Sort Ascend-
ing R?). Panels C-D: MoCA gradient on post-intervention change in
TBR at Fp2 (ATBR Fp2, panel C) and Arousal (AArousal, panel D).
Dashed regression lines with 95% confidence bands; dotted vertical
line at MoCA=26 (MCI-HC threshold). Red stars: MCI participants;

panel C) and a qualitatively distinct Arousal trajectory rela-
tive to cognitively healthy participants (p =+0.54, p=0.017;
Fig. 6, panel D). This state-dependent pattern—wherein
the same intervention produces divergent index trajecto-
ries depending on the individual’s baseline neurophysi-
ological profile—illustrates the added value of normative
Z-scoring over absolute power metrics: deviations from the
age-matched population mean, rather than raw spectral val-
ues, are what index the clinically relevant heterogeneity of
response. All associations are exploratory and are detailed
in the companion neurophysiological study (Bosch-Bayard
et al. 2026).

Single-Case lllustration

The participant is an 8-year-old male (initials B.M., data
used with institutional consent) from Mexico, presenting
with a clinical diagnosis of dysexecutive syndrome—char-
acterized by deficits in working memory, cognitive flex-
ibility, inhibitory control, and goal-directed behavior. He
received 21 sessions of transcranial direct current stimu-
lation (tDCS) combined with cognitive-motor neurore-
habilitation using the Kinestesia therapeutic video-game
platform, targeting frontal executive networks. Quantitative
EEG (qEEG) was recorded under standardized eyes-closed
(EC), eyes-open (EO), and cognitive load (CL) conditions
before and after the intervention. Broadband spectral power
(absolute power, relative power, mean frequency), spectral
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blue squares: HC participants. Spearman p and p-values are reported in
each panel. Panels A-B demonstrate that the magnitude of EEG index
normalization co-varies with cognitive-motor learning success, inde-
pendently of group membership. Panels C—D demonstrate a MoCA
gradient: participants with lower baseline cognitive reserve show
greater intervention-related reduction in slow-to-fast ratio (TBR) and
a qualitatively distinct Arousal trajectory, consistent with a larger neu-
rophysiological distance from the norm at baseline and greater room
for normalization
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ratios, and functional state indices were computed following
the pipeline described in Sect. 2.3. For the EC condition,
normative Z-scores were derived using the age-matched
models developed in this study.

Case Description and Spectral Changes Pre-intervention
qEEG showed a global mean EEG frequency between
5.86 and 7.81 Hz — below the age-expected range for an
8-year-old — with slow-frequency dominance consistent
with the attentional and executive profile. Following inter-
vention, mean EEG frequency increased to 5.86-8.3 Hz
overall, reaching 8.3 Hz in posterior regions, indicating a
shift toward a more mature, faster-dominant spectral com-
position. This change was accompanied by a well-defined
anterior-to-posterior frequency gradient, which was less
organized pre-intervention. No deviations from normative
references were detected post-intervention in broadband or
narrowband spectral analyses, except for a mild and circum-
scribed increase in spectral energy in the 10.16-10.55 Hz
sub-band.

Figure 7A and B illustrate electrode-level spectral ratios
(delta/beta, theta/alpha, theta/beta, delta/alpha) and abso-
lute spectral amplitudes in the eyes-open condition. Con-
sistent reductions in slow-to-fast ratios were observed
post-intervention across frontal and central sites, with the
largest changes in theta/beta and delta/beta. Absolute spec-
tral amplitudes confirmed this pattern: marked reductions in
delta and theta were observed at nearly all electrode sites,
particularly prominent at Cz and frontal locations (delta: Cz
pre=95 uV, post=25 puV; theta: Cz pre=85 uV, post=40
uV). Beta amplitude showed selective increases at Cz and
F4, compatible with enhanced frontocentral activation. The
Z-score theta/beta ratio at F3 decreased from 0.48 to 0.03
(—93.7%) and at F4 from 0.47 to 0.30 (—36.2%), compatible
with normalization of frontal attentional regulation indices
(Armns et al. 2013; Ogrim et al. 2012). The individual alpha
peak frequency increased from 9.38 to 9.77 Hz (+4.1%),
compatible with accelerated thalamocortical maturation.

Functional State Indices and Z-Score Normalization Figure
7C shows the pre—post comparison of functional state indi-
ces under eyes-open and cognitive load conditions. Sub-
stantial increases in Arousal (+0.25) and Valence (+0.27)
were observed in eyes-open condition, compatible with
enhanced cortical activation and hemispheric asymmetry
reorganization. Under cognitive load, Arousal increased
moderately (+0.07), while the Valence index showed a pro-
nounced reduction (—1.27), compatible with a shift toward
right-hemisphere dominance under executive demand — a

@ Springer

pattern compatible with reduced frontal cognitive overload
following the intervention.

Figure 7D shows the pre—post Z-score comparison of
Valence and Arousal in the eyes-closed condition, anchored
to the age-matched normative models developed in this
study. The Valence index shifted from Z=+2.20 pre-inter-
vention to Z=—0.50 post-intervention — a reduction of
more than 2.7 standard deviations into the normative range
— consistent with normalization of pathological left-hemi-
sphere alpha dominance. The Arousal index showed a paral-
lel shift from Z=-0.62 to Z=-0.50, remaining within the
normative band throughout but moving toward the popu-
lation mean. These shifts in the eyes-closed condition are
complemented by the broader pattern of functional index
changes observed across states: in the eyes-closed condi-
tion, the Valence index had shown a marked deviation of
Z=-2.82 pre-intervention, returning to Z=-0.61 post-
intervention, while the Arousal index decreased by 0.10,
both compatible with a generalized normalization of the
neurophysiological state at rest

These results are clinically corroborated by the expert
neurologist’s assessment, which noted improved organiza-
tion of the resting EEG, a stable and well-organized poste-
rior alpha rhythm, and only mild intermittent disturbance of
frontal-temporal activity — a substantially improved profile
relative to the pre-intervention recording. The quantitative
indices provided, in this case, an objective, reproducible
complement to visual inspection, anchoring the observed
changes within a normative probabilistic framework and
enabling their direct comparison against age-expected pop-
ulation distributions.

The Need for Multi-State Normative References

This case also highlights a methodological gap that the pres-
ent framework only partially addresses. The most clinically
informative changes were observed not only in the eyes-
closed resting condition—for which normative models are
available—but in the EO and CL conditions (Fig. 5A and
B). The reduction in theta/beta ratio under cognitive load,
the increase in beta amplitude at frontal sites during EO,
and the modulation of Arousal and Valence indices across
conditions all constitute evidence of improved neurophysi-
ological function that cannot currently be anchored to age-
expected norms, because lifespan normative references for
EO and cognitive activation conditions remain unavailable.
This observation reinforces the call for future normative
databases incorporating multi-state recording protocols
(see Sect. 4.5.1) and underscores that the clinical interpret-
ability of qEEG as a therapeutic monitoring tool depends



Brain Topography (2026) 39:87

Page 150f23 87

Pre-Post EEG Changes: B.M., 8 yr, Dysexecutive Syndrome (tDCS + Kinestesia)
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Fig. 7 Pre—post neurorehabilitation EEG changes in a representative
clinical case (B.M., 8 years, dysexecutive syndrome). Quantitative
EEG was recorded before and after the therapeutic intervention under
eyes-open (OA) and cognitive load (UT) conditions. Blue: pre-inter-
vention; orange: post-intervention. (A) Spectral ratios — eyes open.
Pre—post trajectories of four log-ratio indices (delta/beta, theta/alpha,
theta/beta, delta/alpha) across eight electrodes (Fz, Cz, F3, F4, T5, T6,
01, 02). Green shading indicates post>pre (increase); red shading
indicates post<pre (reduction). Consistent reductions in slow-to-fast
ratios are observed across frontal and central sites, with the largest
changes in theta/beta and delta/beta. (B) Spectral amplitudes — eyes
open. Absolute spectral power (LV) pre and post for delta, theta, alpha,
and beta bands across the same electrode set. Arrows indicate the
direction of change at each electrode; orange arrows indicate reduc-

tion (post<pre), green arrows indicate increase (post>pre). Marked
reductions in delta and theta amplitude are observed at frontal and
central sites (notably Cz and F3), alongside selective beta increases at
Cz and F4. (C) Functional state indices. Pre—post bar comparison of
the Arousal and Valence indices under OA and UT conditions. Arrows
indicate the magnitude and direction of change (A). (D) Emotional
regulation Z-scores (eyes-closed condition). Pre—post comparison of
Valence and Arousal expressed as normative Z-scores derived from the
age-matched models developed in this study. The shaded band indi-
cates the =1 SD normative range (Z=+1). Pre-intervention Valence
deviated markedly from the norm (Z=+2.20), returning to within
the normative range post-intervention (Z=-—0.50). Arousal showed
a smaller but consistent shift toward normalization. The dashed line
marks Z=0 (population mean)
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critically on the availability of condition-specific normative
references.

Discussion

The present study contributes to the ongoing revival of
quantitative EEG by embedding a clinically relevant family
of derived spectral indices within age-dependent probabi-
listic normative frameworks. The resulting models enable
individualized inference—answering not merely whether
brain activity is atypical, but by how much and in which
direction relative to the population norm for a given age. In
doing so, this work revisits the original vision of neuromet-
rics while integrating the computational and data-harmoni-
zation advances of modern neuroscience.

From Qualitative Heuristics to Normative Precision

For decades, clinical EEG practice has relied on expert visual
inspection to identify paroxysmal activity, focal slowing,
or diffuse abnormalities. While this remains essential for
the detection of unambiguous pathology, it systematically
discards the wealth of information encoded in quantitative
spectral features. The neurometrics framework proposed by
John et al. (John 1977; John et al. 1988) articulated a com-
pelling alternative: brain function follows predictable sta-
tistical trajectories across the lifespan that can be modeled,
and departures from these trajectories can be expressed as
probabilistic scores amenable to clinical interpretation.

The present results demonstrate that this principle
extends naturally to derived spectral ratios and composite
functional indices. A theta/beta ratio reported as a raw value
has no intrinsic clinical meaning; the same value expressed
as a Z-score of +2.5 relative to an age-matched norma-
tive distribution immediately communicates a meaningful
deviation, with a probability of occurrence below 1.2% in
a neurotypical population of that age. This translation from
measurement to inference is what distinguishes a normative
biomarker from a descriptive metric, and it is precisely the
translation that routine clinical reports currently fail to pro-
vide (Ko et al. 2021; Prichep 2005).

Functional Indices as Evidence of Therapeutic
Efficacy

One of the most clinically significant contributions of
this framework lies in the extension of normative model-
ing beyond simple spectral power to functional indices of
arousal, emotional valence, and cognitive engagement.
These composite metrics have been repeatedly linked
to neuropsychiatric conditions and to the outcomes of
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therapeutic interventions: theta/beta elevation in attentional
dysregulation (Arns et al. 2013; Ogrim et al. 2012), frontal
alpha asymmetry in mood disorders and affective valence
(Davidson 1998; Smith et al. 2017), engagement index
reduction in fatigue and inattention (Pope et al. 1995), and
arousal index perturbations in vigilance disorders (Hegerl et
al. 2012; Olbrich et al. 2015).

However, the clinical utility of these indices has been
severely constrained by the absence of normative reference
values. Without such references, pre—post comparisons in
therapeutic monitoring yield only directional information—
the index increased or decreased—without any indication
of whether the change represents movement toward, arrival
at, or departure from normotypical function. The normative
Z-score framework resolves this ambiguity by providing a
principled measure of the direction and magnitude of neu-
rophysiological change relative to the population distribu-
tion. This constitutes a qualitative upgrade in the evidential
value of longitudinal gEEG monitoring—from a descriptive
record of change to a quantitative index of normalization—
that is directly relevant to evidence-based neurorehabilita-
tion (Kropotov 2009, 2016; Collura et al. 2010).

Electrode-level Spectral Normalization: A Universal
and Principled Preprocessing Step

A methodological contribution of this work is the adoption
of Electrode-level Spectral Normalization (ESN) as a uni-
versal preprocessing step applied to each electrode’s spec-
tral values before index computation. Technical variability
between EEG acquisition systems—arising from differ-
ences in amplifier characteristics, electrode impedance stan-
dards, reference schemes, and digital filtering—constitutes
a well-documented source of systematic variance in spec-
tral estimates that is unrelated to neurophysiology (Li et al.
2022). At the same time, individual differences in scalp and
skull conductivity introduce subject-specific multiplicative
scale factors that affect all electrodes simultaneously. Both
sources of variability are multiplicative on the power scale
and therefore appear as additive offsets in log-transformed
spectral values—precisely the scale on which normative
indices are computed.

Potential limitations of ESN and situations where it
may be contraindicated (see also Supplementary Fig. 11
for a proof-of-concept simulation).

By design, ESN removes multiplicative amplitude dif-
ferences across electrodes, making it specifically appropri-
ate when the clinical question concerns the relative spectral
composition — i.e., how power is distributed across fre-
quencies and electrodes — rather than absolute amplitude
levels. This property is well suited for ratio-based indices
such as TBR, TAR, DBR, Arousal, and Valence, where
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inter-individual and inter-device differences in absolute gain
would otherwise confound normative comparisons.

However, ESN is contraindicated when absolute EEG
power is itself the primary biomarker of interest — specifi-
cally, in conditions where the spectral pattern is relatively
preserved but overall amplitude is globally suppressed, such
as pharmacological burst-suppression or deep coma with
near-isoelectric EEG. In such cases, ESN normalization
would absorb the amplitude suppression and yield appar-
ently normal spectral Z-scores despite severe pathology. In
these contexts, raw power spectra or globally-referenced
metrics that preserve absolute amplitude information are
more appropriate. Clinicians applying ESN-normalized
normative Z-scores to populations with suspected global
amplitude suppression should interpret results with caution.
Notably, ESN operates per-electrode rather than applying
a single global scalar, thereby correcting for spatially non-
uniform impedance differences — a confound that would
otherwise affect inter-electrode ratio indices even when
overall recording gain is matched across devices. A proof-
of-concept simulation illustrating these trade-offs is pro-
vided in Supplementary Fig. 12.

It should also be noted that the 9 recording devices
included in this database may not encompass the full diver-
sity of clinical EEG equipment encountered in practice.
Kruskal-Wallis tests across devices were statistically signif-
icant for all indices (H(8) range: 17.85-47.07, all p<0.05),
reflecting the high statistical power of the full sample rather
than clinically meaningful differences; effect sizes were
negligible (n? range: 0.008-0.031) and maximum mean
device deviations remained within |Z| < 0.75 (Supplemen-
tary Fig. 10; Supplementary Table 4). External validation
with additional equipment is warranted before applying
these norms to devices not represented in the normative
database.

Relation to the Normative Modeling Tradition in
Neuroscience

The present work aligns with a broader movement in com-
putational neuroscience toward normative modeling as a
framework for understanding individual variability in brain
measurements (Marquand et al. 2016). Marquand et al.
(2016) articulated the key insight that heterogeneous clini-
cal populations cannot be understood through group-mean
comparisons alone but require individual-level deviation
scores relative to a well-characterized healthy distribu-
tion. Subsequent applications of this paradigm to structural
MRI—including the large-scale lifespan brain charts of
Bethlehem et al. (Bethlehem et al. 2022)—have demon-
strated its value for identifying individuals whose brain

measurements deviate from typical developmental trajecto-
ries, independently of diagnostic category.

Quantitative EEG is particularly well-suited for this
approach. Its low cost, temporal resolution, and widespread
clinical availability make it a practical complement to MRI-
based normative atlases, extending the reach of normative
modeling to settings where structural or functional neuro-
imaging is unavailable. The HarMNqEEG database (Li et
al. 2022), with its multinational harmonized design and
lifespan coverage, provides a foundation for gEFEG norma-
tive modeling that is broadly comparable in scope—if not
yet in spatial resolution—to the large neuroimaging datasets
underlying MRI brain charts.

The spectral normative framework developed here is
complementary to the microstate-based normative tradi-
tion pioneered by Koenig, Michel, and colleagues. EEG
microstates—quasi-stable topographic configurations of
the scalp potential field—follow systematic age-dependent
trajectories across the lifespan (Koenig et al. 2002), corre-
late robustly with large-scale resting-state fMRI networks
(Rajkumar et al. 2021), and show sensitivity to neurological
and psychiatric conditions, establishing them as a norma-
tive framework at the level of global field dynamics (Michel
and Koenig 2018). The two frameworks address orthogo-
nal dimensions of spontaneous brain activity: momentary
global field topography (microstates) versus frequency-
domain composition (spectral ratios). Both have converged
on the same normative imperative—individual measure-
ments acquire clinical meaning only when anchored to
age-expected population distributions (Koenig et al. 2002;
Marquand et al. 2016; Bethlehem et al. 2022)—and future
work integrating both within a unified lifespan reference
would provide a substantially richer normative atlas of
human brain electrophysiology.

EEG Reference and Its Implications for Normative Modeling

The HarMNQqEEG database employs the common average
reference, consistent with most large-scale normative EEG
databases and standard clinical qEEG practice. An alterna-
tive reference scheme with theoretical advantages is the
Reference Electrode Standardization Technique (REST;
Yao 2001), which approximates the potential at infinity and
may reduce reference-related distortions in scalp topog-
raphies. While reference choice can in principle influence
the values of electrode-level spectral indices, its practical
impact on the present normative framework is limited for
three reasons. First, ratio-based indices computed within
the same electrode (TBR, TAR, DBR, ABR) are gener-
ally less sensitive to reference choice than absolute power
measures, particularly when the reference transformation
affects frequencies similarly within an electrode. Second,
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ESN normalization removes multiplicative amplitude scal-
ing within each electrode, rendering it robust to reference-
induced amplitude offsets that are approximately uniform
across frequency. Third, because both the normative data-
base and clinical recordings referred to these norms share
the same reference convention, systematic reference effects
are reduced in the Z-score computation. Users applying
these norms to recordings acquired under a different refer-
ence scheme — including REST — should apply an appro-
priate re-referencing step before index computation. Formal
evaluation of reference effects on normative Z-scores across
schemes remains an important direction for future work.

Classical Spectral Band Indices and Periodic/Aperiodic
Decomposition: Complementary Frameworks

Mathematical equivalence of spectral frameworks. The
formal separation of EEG spectral components into periodic
and aperiodic contributions was introduced by Pascual-
Marqui et al. (1988) in the &~o model, which represents the
power spectral density (PSD) as the superposition of two
physiologically interpretable processes: S(w) = S o) +
S,(®), where the aperiodic component & follows a Matérn
spectral density Si(w) = A, / (K§2+602)V+‘/2, with amplitude
A, inverse length-scale «; and smoothness order v; and
the periodic component a follows a Hida—Matérn (general-
ized Lorentz) profile S () = A, / [1 + (0—U,) / B,)*1%,
centered at peak frequency U, with bandwidth B. In the
high-frequency limit and on a log—log scale, the Matérn
density reduces to the familiar power law Sy () o /P
with B=2v+1, which is precisely the “aperiodic exponent”
estimated by FOOOF/specparam (Donoghue et al., 2020)
and related tools. A recent comprehensive analysis (Gar-
cia Reyes et al., 2026) formally demonstrated — through
a systematic review of all major spectral component
models (Zetterberg, FOOOF, SPRiINT, PAPTO, IRASA,
and &-oNET) — that every current periodic/aperiodic
decomposition framework approximates the aperiodic
component as a Matérn process or one of its limiting
cases. This mathematical unification carries a direct episte-
mological consequence: the aperiodic component estimated
by any of these methods and the & component of the classi-
cal &-a model are the same mathematical object, differing
only in parameterization and frequency-axis scaling. The
claim that periodic/aperiodic decomposition constitutes a
fundamentally superior or categorically distinct approach to
classical spectral analysis is therefore not supported by the
underlying mathematics — both frameworks are instances
of the same family of Matérn spectral representations.
Parametric versus nonparametric spectral decom-
position. The mathematical equivalence established
above applies strictly to the parametric family of spectral
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decomposition methods, all of which presuppose a specific
functional form—typically Matérn or Hida—Matérn—for
the aperiodic and periodic components. This equivalence
does not extend to nonparametric approaches. The &—n
model (Hu et al. 2024) represents a methodologically dis-
tinct class: rather than fitting a prespecified parametric
form, it estimates the spectral density via nonparametric
basis expansion, allowing the data to determine the spectral
profile without the constraints of a fixed parameterization.
While this sacrifices the direct mechanistic interpretability
of parameters such as the aperiodic exponent or peak fre-
quency, it gains flexibility in capturing spectral shapes that
may deviate from the Matérn assumption. A rigorous formal
comparison between parametric (Matérn-family) and non-
parametric (§-m) spectral decomposition, including their
relative robustness to model misspecification and their dif-
ferential utility for normative modeling, remains an impor-
tant direction for future work.

Complementarity rather than competition. Conven-
tional band-ratio indices such as TBR, TAR, and DBR inte-
grate both the & and o components within each frequency
band; changes in the aperiodic exponent § or in the peak
frequency U, can in principle contribute to age-related
variations in these ratios. This is not a limitation unique to
band indices — it reflects the fact that any scalar spectral
summary (including the aperiodic exponent itself) inte-
grates a mixture of both components, because the Matérn
and Hida—Matérn processes overlap across the entire fre-
quency axis. The practical advantage of explicit decomposi-
tion lies in disentangling these contributions for mechanistic
interpretation, not in accessing a different underlying sig-
nal. Moreover, no established clinical indices analogous to
TBR, Arousal or Valence are currently defined in terms of
periodic/aperiodic decomposition parameters, limiting the
immediate applicability of this framework for normative
Z-score computation.

Lifespan trajectories and extensions of this work.
Garcia Reyes et al. (2026) further demonstrated, using the
same HarMNQEEG database analyzed here and the full &~
oNET model (which incorporates anatomical connectivity,
interareal conduction delays and Bayesian source imaging),
that the aperiodic component follows a monotonic lifespan
decrease while the periodic a component shows a growth-
and-decline trajectory — findings that are directly interpre-
table within the Matérn parameterization of the &-a model.
Future extensions of this normative framework may incor-
porate explicit periodic/aperiodic decomposition to provide
normative references for aperiodic exponent 3 and offset A,
and for peak frequency U, alongside the classical spectral
ratio indices reported here — constituting complementary
rather than competing normative references.
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Limitations and Future Directions

Several limitations of the present work merit explicit
acknowledgment. First, inter-site technical variability is
addressed through ESN rather than Riemannian harmoni-
zation of the cross-spectral matrices (Li et al. 2022). This
choice is deliberate: Riemannian harmonization operates on
the full cross-spectral tensor and efficiently removes site-
level biases in the covariance geometry, but it introduces
cross-electrode mixing that removes the direct neurophysi-
ological interpretation of per-electrode spectral ratios and
asymmetry indices. ESN corrects for multiplicative ampli-
tude offsets while preserving the electrode-level meaning of
each index. Riemannian harmonization remains a valuable
approach for applications where the full covariance struc-
ture is the object of interest, such as source imaging and
functional connectivity.

Second, the present normative models were derived
exclusively from resting-state spectral features and do not
incorporate source-level information. The integration of
electromagnetic source imaging methods such as VARETA
(Bosch-Bayard et al. 2001) and sLORETA (Pascual-Marqui
2002) within a normative framework would allow the local-
ization of deviating generators, adding a spatial dimension
to the probabilistic biomarker approach. This extension is
technically feasible within the HarMNQEEG infrastructure
and constitutes a natural next step toward a comprehensive
normative atlas of human brain electrophysiology.

Third, the normative sample spans 5-90 years (N=1,564)
but is unevenly distributed across the lifespan, with 70%
of participants falling in the 10—40 year range (n=1,089).
The extreme age groups are more sparsely represented
(<10 year, n=172; > 70 year, n=141; Supplementary
Fig. 14). Although the P-spline smoothers used in GAMLSS
are regularized and resistant to overfitting in data-sparse
regions, normative Z-scores at the age extremes should be
interpreted with additional caution. Expansion of the nor-
mative database at these age ranges — particularly adults
over 70 years and children under 10 years — remains an
important direction for future work.

Fourth, the clinical validation of these normative indices
as diagnostic or prognostic biomarkers in specific neurolog-
ical and psychiatric conditions—ADHD, mood disorders,
mild cognitive impairment, epilepsy—requires prospective
studies comparing Z-score profiles against gold-standard
clinical diagnoses and longitudinal outcomes. The norma-
tive models presented here provide the infrastructure for
such studies; their clinical sensitivity and specificity remain
to be established across patient populations.

The present normative framework addresses the popu-
lation-referenced deviation question (how does this indi-
vidual compare to healthy peers of the same age? ) and

is complementary to two emerging lines of research that
address distinct clinical questions. First, EEG brain age pre-
diction: Hu et al. (2025a, b) applied GAMLSS-based lifes-
pan modeling to the same HarMNQEEG database to derive
scalar biological age estimates from EEG, demonstrating
that the database supports multiple normative applications
simultaneously. Scalar brain age and population-referenced
Z-scores are mutually reinforcing rather than redundant:
brain age collapses deviation across all indices into a sin-
gle biomarker, while Z-scores preserve the index-level and
electrode-level granularity needed for mechanistic inter-
pretation and targeted intervention. Second, supervised
machine-learning classification: two recent papers address
this problem from complementary perspectives. Hu et al.
(2026) proposed GCAF-Net, a geometry-informed cross-
attention fusion graph neural network integrating functional
connectivity, spectral features, and electrode spatial topol-
ogy for EEG-based AD/FTD/HC classification, achieving
97% accuracy on the ds004504 dataset and 98.69% on the
independent BrainLat dataset. Independently, Mlinar¢i¢ et
al. (2026) demonstrated classification of Alzheimer’s dis-
ease, frontotemporal dementia, and healthy controls from
resting-state EEG using complementary methods. Super-
vised classification and the normative Z-score framework
address distinct clinical scenarios: classification assigns a
categorical label from a predefined set, whereas Z-scoring
quantifies the degree and pattern of individual deviation
without presupposing a diagnostic category, making it suit-
able for heterogeneous populations and longitudinal moni-
toring where group identity is unknown or evolving.

Eyes-closed Resting State as the Sole Normative Condition,
and a Proposed Protocol for Future Expansion

The HarMNQqEEG database is exclusively restricted to eyes-
closed resting-state recordings. While this condition pro-
vides the most stable and reproducible baseline for normative
reference, it necessarily leaves uncharacterized a clinically
important dimension of EEG dynamics: the brain’s response
to external stimulation and cognitive demand. Alpha reac-
tivity upon eye opening — a robust index of thalamocortical
integrity (Pfurtscheller and Lopes da Silva 1999; Fonseca et
al. 2011) — and electrophysiological changes during mental
arithmetic, working-memory tasks, or hyperventilation may
reveal abnormalities that are invisible at rest. Certain EEG
patterns, including impaired arousal modulation and execu-
tive dysregulation, emerge only under cognitive demand
(Swingle 2015; Fairclough et al. 2024).

To guide future normative expansion, we propose a
short sequential protocol that establishes a graded con-
tinuum from resting baseline to executive load, using only
verbal instructions and no additional materials: (1) Eyes
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Table 1 Brief cognitive challenge tasks that can be integrated into a resting-state qEEG protocol, ordered by increasing cognitive demand. Tasks
are proposed as a future extension of eyes-closed normative protocols to capture EEG dynamics under graded activation conditions

Task Domain probed Typical instruction ~ Duration Main advantages Limitations / artifacts Clinical utility in qEEG
Eyes open  Arousal/alpha “Eyes open, look 1-3min  No materials; Eye blinks, saccades  Alpha reactivity; EC>EO
(EO) reactivity straight ahead.” standardized modulation (Barry and De
blasio, 2017)
Backward Sustained attention, “Count backward 30-60s  Easy; scalable; no Overt speech adds Practical challenge; rec-
counting executive control  from 100 to 1.” materials EMG; use covert ommended by Swingle/
ClinicalQ (Swingle 2015)
Serial Cognitive load, “Subtract 7s from  30-90s  Strong EEG Overt response Best no-equipment work-
subtraction ~ working memory, 100 mentally.” workload literature;  contaminates the load task for brief EEG
inhibitory control adjustable difficulty EEG; arithmetic skill ~ blocks (Fairclough et al.
confound 2024)
Backward =~ Working memory  “Repeat these digits 1-2 min ~ Well-defined Examiner tim- Frontal-executive probe;
digit span  manipulation backwards.” executive demand;  ing required; overt sensitive to WM capacity
adaptable artifacts (Onton et al. 2005)
Covert ver-  Lexical retrieval, ~ “Think of as 30-60s  No materials; lan- Compliance harder to  Frontal/language network
bal fluency executive search many animals as guage/executive load verify if fully covert  assessment (Borghini et
possible.” al. 2014)

EC=eyes closed; EO=eyes open; EMG=e¢lectromyographic artifact; WM=working memory. Covert or minimal-response variants are pre-
ferred to minimize signal contamination. References in brackets correspond to citations in the main text

closed, 2-3 min — thalamocortical baseline; (2) Eyes open,
1-2 min — alpha reactivity and EC—EO modulation; (3)
Backward counting from 100 by 1s, 30-60 s — sustained
attention; (4) Serial subtraction by 7s, 30-90 s — cogni-
tive load and working memory; (5) Backward digit span,
1-2 min — working-memory manipulation; (6) Covert
verbal fluency, 30-60 s — lexical retrieval and executive
search (see Table 1). Tasks involving overt speech should
be avoided due to electromyographic contamination. This
protocol is consistent with recommendations in the clinical
EEG biofeedback literature (Swingle 2015) and supported
by evidence on EEG workload markers (Borghini et al.
2014; Onton et al. 2005). Normative lifespan references for
activation conditions remain largely unavailable and repre-
sent a priority for future database development.

Conclusions

Reclaiming quantitative EEG as a primary diagnostic and
monitoring instrument is not a nostalgic return to the past,
but a scientifically grounded aspiration for modern preci-
sion neurophysiology. The normative models presented
here — for spectral power ratios, cognitive-emotional state
indices, and physiological parameters — provide the statis-
tical infrastructure required to transform descriptive EEG
metrics into probabilistic reference values. By anchoring
individual measurements to age-adjusted population dis-
tributions and expressing deviations as Z-scores under the
unified ESN-normalized framework, the present work offers
clinicians and researchers a principled basis for asking: Is
this individual’s brain activity typical for their age? Has an
intervention produced a neurophysiologically meaningful
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change toward normotypical function? Answering these
questions in clinical practice will require prospective vali-
dation in patient populations, which this framework is now
positioned to support.

The use of GAMLSS modeling captures the non-linear
developmental trajectories of EEG indices across the lifes-
pan and appropriately represents age-dependent changes
in both expected values and inter-individual variability —
properties that earlier normative approaches based on fixed-
variance linear models could not accommodate. The ESN
normalization strategy ensures that the framework remains
applicable across the full spectrum of clinical recording con-
texts, from well-documented research-grade EEG to legacy
or minimally documented clinical files, without sacrificing
methodological transparency.

To our knowledge, this represents the first systematic
effort to construct harmonized, multinational normative
models for this family of derived functional qEEG indi-
ces. The work establishes the foundational normative layer
for eyes-closed resting-state conditions. Future extensions
— incorporating eyes-open, cognitive activation, hyper-
ventilation, and photic stimulation conditions, and integrat-
ing source-level normative mapping — will complete the
transition from static to functional neurometrics and fulfill
the original promise of quantitative EEG as an objective,
individualized tool for evidence-based neurorehabilitation.
The clinical sensitivity and specificity of these normative
Z-scores as diagnostic or prognostic biomarkers remain to
be established in prospective patient studies and constitute
the natural next step for this line of research.

Supplementary Information The online  version  contains
supplementary material available at https://doi.org/10.1007/s10548-0
26-01240-4.
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