
ORIGINAL PAPER

Brain Topography           (2026) 39:87 
https://doi.org/10.1007/s10548-026-01240-4

J. Bosch-Bayard and J. Guerrero-Sauzameda equal contribution as first authors

Communicated by Dezhong Yao.

Extended author information available on the last page of the article

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.

Keywords  Quantitative EEG · Normative models · GAMLSS · Spectral ratios (theta/beta, arousal) · Electrode-level 
spectral normalization · Therapeutic monitoring
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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 neurorehabilitation.

The history of EEG analysis has followed a pendular tra-
jectory, summarized in Fig. 1A. 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 (Matoŭek 
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 

microstates—quasi-stable topographic configurations of the 
scalp potential field whose normative age-dependent tra-
jectories, fMRI 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.

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 

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 qEEG-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 HarMNqEEG Multinational Database

The normative data used in this study were derived from the 
Harmonized-Multinational qEEG Norms (HarMNqEEG) 
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; ​h​t​t​​p​
s​:​/​​/​w​w​​w​.​s​​y​n​a​p​s​e​.​o​r​g​/​S​y​n​a​p​s​e​:​s​y​n​2​6​7​1​2​9​7​9​/​w​i​k​i​/​6​1​5​2​0​5​​​​​)​. 
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.

https://www.synapse.org/Synapse:syn26712979/wiki/615205
https://www.synapse.org/Synapse:syn26712979/wiki/615205
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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:

	● 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.

	● 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.

	● Electrode-level Spectral Normalization (ESN): For 
each subject i and electrode ch, the Electrode-level 

Spectral Normalization factor is defined as ESN(ch, i) = 
mean_f[S(ch, f, i)] for f ∈ [0.39, 19.11] Hz, where S(ch, 
f, i) 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, i) = S(ch, f, 
i) / ESN(ch, i) (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.

	● 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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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 

FFT at 0.39 Hz frequency resolution; power estimated in four canoni-
cal bands: delta (δ), theta (θ), alpha (α), and beta (β). 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, AI, Valence, CAI, 
FC-TBR, FC-DBR); and hemispheric asymmetry indices (δ/β and θ/β 
ratio asymmetries across 8 homologous electrode pairs). GAMLSS 
normative modeling (purple): A Generalized Additive Model for Loca-
tion (µ), Scale (σ), 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 (δ: 1.5–3.5  Hz), Theta (θ: 3.9–7.5  Hz), 
Alpha (α: 7.9–12.5  Hz), and Beta (β: 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: 
ln(P₁) − ln(P₂) ≡ ln(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 (β: 12.9–19.14 Hz). The High-Beta sub-band 
(β_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.

	● Theta/Beta Ratio (TBR, per electrode): TBR(ch) = l
n[θ(ch)] − ln[β(ch)]. Widely used as a marker of atten-
tional regulation and cortical arousal (Arns et al. 2013; 
Ogrim et al. 2012).

	● Theta/Alpha Ratio (TAR, per electrode): TAR(ch) = 
ln[θ(ch)] − ln[α(ch)]. Reflects the relative dominance of 
theta over alpha; sensitive to vigilance level and cogni-
tive fatigue (Klimesch 1999).

	● Alpha/Beta Ratio (ABR, per electrode): ABR(ch) = ln
[α(ch)] − ln[β(ch)]. Indexes the balance between idling 
alpha states and active beta processing; elevated val-
ues are associated with reduced cortical arousal and 
drowsiness.

	● Delta/Beta Ratio (DBR, per electrode): DBR(ch) = ln
[δ(ch)] − ln[β(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).

	● Delta/Alpha Ratio (DAR, per electrode): DAR(ch) = 
ln[δ(ch)] − ln[α(ch)]. Widely used as an indicator of ce-
rebral ischemia, diffuse encephalopathy, and cognitive 

impairment, elevated DAR reflects pathological slow-
wave dominance (Claassen et al. 2024).

	● Delta/Theta Ratio (DTR, per electrode): DTR(ch) = l
n[δ(ch)] − ln[θ(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 β̅, α̅, θ̅, δ̅), except where noted.

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

	● Arousal Index (AI): AI = β_F̅ / (δ_F̅ + θ_F̅), 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).

	● Valence Index: Valence = α(F3)/β(F3) − α(F4)/β(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).

	● Cognitive-Affective Index (CAI): CAI = FC-TBR × 
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 simultaneous 
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.

	● FrontoCentral Theta/Beta (FC-TBR): FC-
TBR = ln[θ_FC̅] − ln[β_FC̅], 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).

	● FrontoCentral Delta/Beta (FC-DBR): FC-DBR = ln[δ_
FC̅] − ln[β_FC̅], computed over the same cluster F3, F4, 
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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 = ln [M (left electrode)]
− ln [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:

  

AI (band, pair) = ln [P_band (left)]
− ln [P_band (right)] (B)

This yields a matrix of values indexed by band (δ, θ, α, 
β) and homologous pair. The pairs used are: Fp1/Fp2, F3/
F4, F7/F8, C3/C4, T3/T4, T5/T6, P3/P4, and O1/O2. 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 (δ/β and θ/β):

  

Asym (ratio, pair) = ln [ratio (left)] − ln [ratio (right)] (C)

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

	● δ/β Asymmetry F3 − F4: ln[δ(F3)/β(F3)] − ln[δ(F4)/β(
F4)].

	● θ/β Asymmetry F3 − F4: ln[θ(F3)/β(F3)] − ln[θ(F4)/β(
F4)].

	● δ/β Asymmetry F7 − F8: ln[δ(F7)/β(F7)] − ln[δ(F8)/β(
F8)].

	● θ/β Asymmetry F7 − F8: ln[θ(F7)/β(F7)] − ln[θ(F8)/β(
F8)].

	● δ/β Asymmetry T3 − T4: ln[δ(T3)/β(T3)] − ln[δ(T4)/β(
T4)].

	● θ/β Asymmetry T3 − T4: ln[θ(T3)/β(T3)] − ln[θ(T4)/β(
T4)].

	● δ/β Asymmetry T5 − T6: ln[δ(T5)/β(T5)] − ln[δ(T6)/β(
T6)].

	● θ/β Asymmetry T5 − T6: ln[θ(T5)/β(T5)] − ln[θ(T6)/β(
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 (µ) and the log-stan-
dard deviation (log σ) 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 ν and τ, 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 Yi denote the (transformed) value of a given EEG-
derived index for subject i. The conditional distribution of 
Yi is assumed to follow a parametric family:

Yi ∼ D(µi, σi, νi, τi)� (1)

where µi is the conditional mean, σi is the conditional stan-
dard deviation, and νi and τi are optional shape parameters 
governing skewness and kurtosis, respectively. For most 
EEG indices, modeling of µi and σi 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:

µi = f(agei)� (2)

log(σi) = g(agei)� (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 |Δ| = 0.3 pp; Supplementary Fig. 13). Quantile regres-
sion Z-scores for Valence were computed as Φ⁻¹(empirical 

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� (4)

where S(ch, f, i) 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)� (5)

In log-scale, this corresponds to a subtraction: 
ln[Sₙₒ℠ₘ] = ln[S] − ln[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:

µi = f(agei)� (6)

log(σi) = g(agei)� (7)

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

Zi = [Yi − µ̂i]/σ̂i� (8)

where µ̂i and σ̂i 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 Yi 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:

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

	● |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:

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

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

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

	● 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. 

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 ± 1.96σ interval esti-
mated by the GAMLSS model alongside individual observa-
tions from the HarMNqEEG normative database, arranged 
by electrode according to the standard 10–20 spatial layout.

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 

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 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 |Δ| < 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 ± 1.96σ) 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 

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 |Δ| = 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; η² range: 
0.008–0.031; maximum mean device deviation |Z̄| < 0.75 
across all indices; Supplementary Table 4).

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 

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
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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 Illustration: 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 

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.or​g/10.10​16/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 

band at each time point, with the delta (Δ) 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

 

https://doi.org/10.1016/j.archger.2026.106346
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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 (ρ = +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: ρ = −0.64, p = 0.003; Fig. 6, 

panel C) and a qualitatively distinct Arousal trajectory rela-
tive to cognitively healthy participants (ρ = +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 Illustration

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 

Fig. 6  EEG index co-variation with cognitive-motor learning and 
baseline cognitive reserve (N = 19; Bosch-Bayard et al. 2026; ​d​o​i​:​​​​​​
h​​t​t​​p​​s​:​​​/​​/​d​o​​i​.​​o​r​g​/​1​0​.​1​0​1​6​/​j​.​a​r​c​h​g​e​r​.​2​0​2​6​.​1​0​6​3​4​6​​​​​)​. Panels A–B: post-
intervention change in the Cognitive-Affective composite (ΔCognAf, 
panel A) and Valence (ΔValence, panel B) indices (Z-score units, 
Post − Pre) plotted against individual game-learning rate (Sort Ascend-
ing R²). Panels C–D: MoCA gradient on post-intervention change in 
TBR at Fp2 (ΔTBR Fp2, panel C) and Arousal (ΔArousal, panel D). 
Dashed regression lines with 95% confidence bands; dotted vertical 
line at MoCA = 26 (MCI–HC threshold). Red stars: MCI participants; 

blue squares: HC participants. Spearman ρ 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 µV, post ≈ 25 µV; theta: Cz pre ≈ 85 µV, post ≈ 40 
µV). 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 
(Arns 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 

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 
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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, 
O1, O2). 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 (µV) 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 (Δ). (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 

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 qEEG 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 (η² 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 qEEG 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 HarMNqEEG 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 ξ–α model, which represents the 
power spectral density (PSD) as the superposition of two 
physiologically interpretable processes: S(ω) = Sξ(ω) + 
Sα(ω), where the aperiodic component ξ follows a Matérn 
spectral density Sξ(ω) = Aξ / (κξ

2 + ω2)ν+½, with amplitude 
Aξ, inverse length-scale κξ and smoothness order ν; and 
the periodic component α follows a Hida–Matérn (general-
ized Lorentz) profile Sα(ω) = Aα / [1 + ((ω − Uα) / Bα)2]60, 
centered at peak frequency Uα with bandwidth Bα. In the 
high-frequency limit and on a log–log scale, the Matérn 
density reduces to the familiar power law Sξ(ω) ∝ 1/ωβ 
with β = 2ν + 1, which is precisely the “aperiodic exponent” 
estimated by FOOOF/specparam (Donoghue et al., 2020) 
and related tools. A recent comprehensive analysis (Gar-
cía Reyes et al., 2026) formally demonstrated — through 
a systematic review of all major spectral component 
models (Zetterberg, FOOOF, SPRiNT, PAPTO, IRASA, 
and ξ–αNET) — 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 ξ component of the classi-
cal ξ–α 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 

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 ξ–π 
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 (ξ–π) 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 ξ and α components within each frequency 
band; changes in the aperiodic exponent β or in the peak 
frequency Uα 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. 
García Reyes et al. (2026) further demonstrated, using the 
same HarMNqEEG database analyzed here and the full ξ–
αNET model (which incorporates anatomical connectivity, 
interareal conduction delays and Bayesian source imaging), 
that the aperiodic component follows a monotonic lifespan 
decrease while the periodic α component shows a growth-
and-decline trajectory — findings that are directly interpre-
table within the Matérn parameterization of the ξ–α model. 
Future extensions of this normative framework may incor-
porate explicit periodic/aperiodic decomposition to provide 
normative references for aperiodic exponent β and offset Aξ, 
and for peak frequency Uα, 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, Mlinarčič 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 HarMNqEEG 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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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 

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 ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​0​7​/​s​1​0​5​4​8​-​0​
2​6​-​0​1​2​4​0​-​4​​​​​.​​

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 
(EO)

Arousal/alpha 
reactivity

“Eyes open, look 
straight ahead.”

1–3 min No materials; 
standardized

Eye blinks, saccades Alpha reactivity; EC→EO 
modulation (Barry and De 
blasio, 2017)

Backward 
counting

Sustained attention, 
executive control

“Count backward 
from 100 to 1.”

30–60 s Easy; scalable; no 
materials

Overt speech adds 
EMG; use covert

Practical challenge; rec-
ommended by Swingle/
ClinicalQ (Swingle 2015)

Serial 
subtraction

Cognitive load, 
working memory, 
inhibitory control

“Subtract 7s from 
100 mentally.”

30–90 s Strong EEG 
workload literature; 
adjustable difficulty

Overt response 
contaminates the 
EEG; arithmetic skill 
confound

Best no-equipment work-
load task for brief EEG 
blocks (Fairclough et al. 
2024)

Backward 
digit span

Working memory 
manipulation

“Repeat these digits 
backwards.”

1–2 min Well-defined 
executive demand; 
adaptable

Examiner tim-
ing required; overt 
artifacts

Frontal-executive probe; 
sensitive to WM capacity 
(Onton et al. 2005)

Covert ver-
bal fluency

Lexical retrieval, 
executive search

“Think of as 
many animals as 
possible.”

30–60 s No materials; lan-
guage/executive load

Compliance harder to 
verify if fully covert

Frontal/language network 
assessment (Borghini et 
al. 2014)

EC = eyes closed; EO = eyes open; EMG = electromyographic 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

https://doi.org/10.1007/s10548-026-01240-4
https://doi.org/10.1007/s10548-026-01240-4


1 3

Page 21 of 23     87 Brain Topography (2026) 39:87

Acknowledgements  The authors thank the HarMNqEEG consortium 
for making the multinational normative database publicly available, 
and the participants of all contributing sites. The clinical case illustra-
tions were provided by “Clínica del Sistema Nervioso”, Universidad 
Autónoma de Queretaro (UAQ), and “Centro Integrador del Mov-
imiento, Mente y Conducta” (CIMMCO), Querétaro, México.

Author contributions  Jorge Bosch-Bayard: Conceptualization, Meth-
odology, Formal analysis, Software, Writing – original draft, Writing – 
review & editing, Data curation, Supervision. J. Guerrero-Sauzameda: 
Conceptualization, Formal analysis, Visualization, Writing – original 
draft, Writing – review & editing. R. Bosch-Bayard: Conceptualiza-
tion; Writing – review & editing. R. Pérez-Elvira: Writing – review & 
editing. A. Bosch-Castro, J. Sánchez-Rodríguez, A. Flores, K. Flores, 
E. Resendiz-Flores: Visualization, Figures Design, testing, review & 
editing. A. Ferrando, P. Ferrando: Data curation, Writing – review & 
editing. L. Galán-García: Methodology, Data curation, Writing – re-
view & editing. F. Mushtaq: Conceptualization; Writing – review & 
editing. P. Valdes-Sosa: Methodology, Data curation, Writing – review 
& editing. G.A. Chiarenza: Conceptualization; Writing – review & ed-
iting. R.J. Biscay: Methodology, Conceptualization; Writing – review 
& editing. L. Morales-Chacón: Conceptualization, Methodology, For-
mal analysis, Data curation, Supervision, Writing – review & editing.

Funding  Open Access funding enabled and organized by Projekt 
DEAL. JBB was partially funded by the German Research Foundation 
core facility, grant INST 184/216-1.

Data Availability  The HarMNqEEG normative database is pub-
licly available at https:/​/github​.com/CC​C-mem​bers/HarMNqEEG. 
GAMLSS model parameters, centile curves, and Z-score computa-
tion scripts (MATLAB/R) will be released at ​h​t​t​​p​s​:​/​​/​g​i​​t​h​u​​b​.​c​​o​m​/​​o​l​d​
g​​a​n​​d​a​l​f​/​N​o​r​m​a​t​i​v​e​s​-​s​p​e​c​t​r​a​l​-​b​a​s​e​d​-​i​n​d​e​x​e​s​-​f​r​o​m​-​E​E​G​-​r​e​s​t​i​n​g​-​s​t​a​t​e 
upon acceptance, subject to a reasonable request to the corresponding 
author.

Declarations

Artificial Intelligence  The authors used Claude (Anthropic, claude.ai) 
to assist with the following tasks during manuscript preparation: Py-
thon scripting for statistical analysis and figure generation, editing and 
revision of manuscript text for clarity and concision, and formatting of 
the reference list. All analytical decisions, interpretation of results, and 
final manuscript content were made by and remain the responsibility 
of the authors. The use of this tool was reviewed and approved by all 
co-authors.

Competing Interests  The authors have no relevant financial or non-
financial interests to disclose.

Ethics Approval and Informed Consent  The HarMNqEEG normative 
dataset was derived from retrospectively harmonized data collected 
under institutional ethics approvals at each contributing site (Li et al. 
2022). The clinical case illustration (Sect. 3.4) was obtained with insti-
tutional approval and written informed consent from the participant’s 
legal guardian. All procedures comply with the Declaration of Hel-
sinki.

Open Access   This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 

article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit ​h​t​t​​p​:​/​/​​c​r​e​​a​t​i​​v​e​c​o​m​m​o​n​s​.​o​
r​g​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/​​​​​.​​

References

Allen JJB, Coan JA, Nazarian M (2018) The role of frontal EEG asym-
metry in emotion. Psychophysiology 55(1):e12895. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​
g​/​1​0​.​1​1​1​1​/​p​s​y​p​.​1​2​8​9​5​​​​​​​

Arns M, Conners CK, Kraemer HC (2013) A decade of EEG theta/
beta ratio research in ADHD: A meta-analysis. J Atten Disord 
17(5):374–383. https:/​/doi.or​g/10.11​77/10​87054712460087

Barry RJ, De Blasio FM (2017) EEG differences between eyes-closed 
and eyes-open resting remain in healthy ageing. Biol Psychol 
129:293–304. https:/​/doi.or​g/10.10​16/j.​biopsycho.2017.09.010

Barry RJ, Clarke AR, Johnstone SJ, Magee CA, Rushby JA (2007) 
EEG differences between eyes-closed and eyes-open resting con-
ditions. Clin Neurophysiol 118(12):2765–2773. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​
0​.​1​0​1​6​/​j​.​c​l​i​n​p​h​.​2​0​0​7​.​0​7​.​0​2​8​​​​​​​

Bethlehem RAI, Seidlitz J, White SR et al (2022) Brain charts for the 
human lifespan. Nature 604:525–533. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​3​8​/​s​4​
1​5​8​6​-​0​2​2​-​0​4​5​5​4​-​y​​​​​​​

Bonnet MH, Arand DL (2007) EEG arousal norms by age. J Clin Sleep 
Med 3(3):271–274

Borghini G, Astolfi L, Vecchiato G, Mattia D, Babiloni F (2014) Mea-
suring neurophysiological signals in aircraft pilots and car drivers 
for the assessment of mental workload, fatigue and drowsiness. 
Neurosci Biobehav Rev 44:58–75

Bosch-Bayard J, Valdés-Sosa P et al (2001) 3D statistical parametric 
mapping of EEG source spectra by means of VARETA. Clin EEG 
32(2):47–61

Bosch-Bayard J, Valdés-Sosa P, Virues-Alba T et al (2020) Resting 
state healthy EEG: The first wave of the Cuban normative data-
base. Front NeuroSci 14:555119. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​3​3​8​9​/​f​n​i​n​s​.​2​
0​2​0​.​5​5​5​1​1​9​​​​​​​

Bosch-Bayard J, Guerrero-Sauzameda J, Navarrete-Torres L, Bosch-
Bayard R, Chiarenza GA, Aguilar-Fabre L, Rodríguez-Valdés 
R (2026) Kinestesia: A neuroplasticity-based cognitive-motor 
intervention for brain health in aging—proof-of-concept pilot 
evidence. Arch Gerontol Geriatr 150:106346. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​
1​0​1​6​/​j​.​a​r​c​h​g​e​r​.​2​0​2​6​.​1​0​6​3​4​6​​​​​​​

Claassen J, Velazquez A, Megjhani M et al (2024) Quantitative elec-
troencephalography to assess post-stroke recovery. Clin Neuro-
physiol Pract 9:12–19. https:/​/doi.or​g/10.10​16/j.​cnp.2023.12.002

Collura TF, Guan J, Tarrant J, Bailey J, Starr F (2010) EEG biofeed-
back case studies using live Z-score training and a normative 
database. J Neurotherapy 14(1):22–46

Davidson RJ (1998) Affective style and affective disorders: Perspec-
tives from affective neuroscience. Cogn Emot 12(3):307–330. 
https:/​/doi.or​g/10.10​80/02​6999398379628

Donoghue T, Haller M, Peterson EJ, Varma P, Sebastian P, Gao R, 
Noto T, Lara AH, Wallis JD, Knight RT, Shestyuk A, Voytek B. 
Parameterizing neural power spectra into periodic and aperiodic 
components. Nat Neurosci. 2020 Dec;23(12):1655-1665. doi: 
10.1038/s41593-020-00744-x. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​3​8​/​s​4​1​5​9​3​-​0​
2​0​-​0​0​7​4​4​-​x​​​​ 

Fairclough SH, Ewing K, Burns C (2024) EEG-based classifica-
tion of mental workload during arithmetic tasks. Sensors 
23(24):10740510

https://github.com/CCC-members/HarMNqEEG
https://github.com/oldgandalf/Normatives-spectral-based-indexes-from-EEG-resting-state
https://github.com/oldgandalf/Normatives-spectral-based-indexes-from-EEG-resting-state
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/psyp.12895
https://doi.org/10.1111/psyp.12895
https://doi.org/10.1177/1087054712460087
https://doi.org/10.1016/j.biopsycho.2017.09.010
https://doi.org/10.1016/j.clinph.2007.07.028
https://doi.org/10.1016/j.clinph.2007.07.028
https://doi.org/10.1038/s41586-022-04554-y
https://doi.org/10.1038/s41586-022-04554-y
https://doi.org/10.3389/fnins.2020.555119
https://doi.org/10.3389/fnins.2020.555119
https://doi.org/10.1016/j.archger.2026.106346
https://doi.org/10.1016/j.archger.2026.106346
https://doi.org/10.1016/j.cnp.2023.12.002
https://doi.org/10.1080/026999398379628
https://doi.org/10.1038/s41593-020-00744-x
https://doi.org/10.1038/s41593-020-00744-x


1 3

   87   Page 22 of 23 Brain Topography (2026) 39:87

Fonseca LC, Tedrus GMAS, Letro GH, Bossoni AS (2011) EEG theta 
and alpha reactivity on opening the eyes in Alzheimer’s disease 
and mild cognitive impairment. Clin EEG Neurosci 42(2):93–99. 
https:/​/doi.or​g/10.11​77/15​5005941104200209

Garcia Reyes R, Areces Gonzalez A, Wang Y, Jin Y, Yasir S, Bringas-
Vega ML, Valdes-Sosa M, Luo C, Xu P, Jirsa V, Yao D, Minati L, 
Valdes-Sosa PA. Lifespan development of EEG alpha and aperi-
odic component sources is shaped by the connectome and axonal 
delays. Natl Sci Rev. 2026 Feb 6;13(7):nwag076. doi: 10.1093/
nsr/nwag076. PMID: 42040156; PMCID: PMC13105192. ​h​t​t​​p​s​:​/​​
/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​9​3​/​n​s​r​/​n​w​a​g​0​7​6​​​​ 

Hegerl U, Sander C, Ulke C, Böttger D (2012) Brain arousal regulation 
in ADHD, depressive disorders, schizophrenia and Alzheimer’s 
disease. Eur Arch Psychiatry Clin NeuroSci 262(1):1–8. ​h​t​t​​p​s​:​/​​/​d​
o​​i​.​o​​r​g​/​1​0​.​1​0​0​7​/​s​0​0​4​0​6​-​0​1​1​-​0​2​2​4​-​7​​​​​​​

Hu S, Zhang Z, Zhang X, Wu X, Valdés-Sosa PA (2024) ξ-π: a non-
parametric model for neural power spectra decomposition. IEEE 
J Biomed Health Inf 28(5):2624–2635. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​1​0​9​/​J​
B​H​I​.​2​0​2​4​.​3​3​6​4​4​9​9​​​​​​​

Hu S, Ruan J, Valdés-Sosa PA, Lv Z (2025a) How do the resting EEG 
preprocessing states affect the outcomes of postprocessing? Neu-
roImage 310:121122. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​6​/​j​.​n​e​u​r​o​i​m​a​g​e​.​2​0​2​5​
.​1​2​1​1​2​2​​​​​​​

Hu S, Xiang X, Huang X, Lu Y, Zhang X, Yao D, Valdés-Sosa PA 
(2025b) Lifespan brain age prediction based on multiple EEG 
oscillatory features and sparse group lasso. Front Aging Neurosci 
17:1559067. https:/​/doi.or​g/10.33​89/fn​agi.2025.1559067

Hu S, Sheng X, Hu Y, Ruan F, Hou J, Lv Z, Valdés-Sosa PA (2026) 
GCAF-Net: Geometry-Informed Cross-Attention Fusion Graph 
Neural Network for EEG-Based Diagnosis of Alzheimer’s Dis-
ease and Frontotemporal Dementia. Proc IEEE Int Conf Acoust 
Speech Signal Process (ICASSP) 8132–8136. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​
1​0​9​/​I​C​A​S​S​P​5​5​9​1​2​.​2​0​2​6​.​1​1​4​6​0​8​7​7​​​​​​​

John ER (1977) Neurometrics: Clinical Applications of Quantitative 
Electrophysiology. Erlbaum

John ER, Prichep LS, Fridman J, Easton P (1988) Neurometrics: Com-
puter-assisted differential diagnosis of brain dysfunctions. Science 
239(4836):162–169. https:/​/doi.or​g/10.11​26/sc​ience.3336779

Klimesch W (1999) EEG alpha and theta oscillations reflect cogni-
tive and memory performance: A review and analysis. Brain Res 
Rev 29(2–3):169–195. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​6​/​S​0​1​6​5​-​0​1​7​3​(​9​8​)​0​
0​0​5​6​-​3​​​​​​​

Ko J, Kassam-Adams N, Collins M et al (2021) Quantitative electroen-
cephalogram standardization: A sex- and age-differentiated nor-
mative database. Front NeuroSci 15:766781. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​3​
3​8​9​/​f​n​i​n​s​.​2​0​2​1​.​7​6​6​7​8​1​​​​​​​

Koenig T, Prichep L, Lehmann D et al (2002) Millisecond by mil-
lisecond, year by year: Normative EEG microstates and develop-
mental stages. NeuroImage 16(1):41–48. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​0​6​
/​n​i​m​g​.​2​0​0​2​.​1​0​7​0​​​​​​​

Koenker R (2005) Quantile Regression. Cambridge University Press. 
https:/​/doi.or​g/10.10​17/CB​O9780511754098

Kropotov JD (2009) Quantitative EEG, Event-Related Potentials and 
Neurotherapy. Academic, San Diego

Kropotov JD (2016) Functional Neuromarkers for Psychiatry: Appli-
cations for Diagnosis and Treatment. Academic, San Diego

Lehmann D, Ozaki H, Pal I (1987) EEG alpha map series: Brain 
micro-states by space-oriented adaptive segmentation. Electroen-
cephalogr Clin Neurophysiol 67(3):271–288. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​
0​1​6​/​0​0​1​3​-​4​6​9​4​(​8​7​)​9​0​0​2​5​-​3​​​​​​​

Li M, Wang Y, López-Naranjo C et al (2022) Harmonized-Multina-
tional qEEG norms (HarMNqEEG). ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​6​/​j​.​n​e​
u​r​o​i​m​a​g​e​.​2​0​2​2​.​1​1​9​1​9​0​​​​​. NeuroImage 256:119190

Marquand AF, Rezek I, Buitelaar J, Beckmann CF (2016) Understand-
ing heterogeneity in clinical cohorts using normative models. 

Biol Psychiatry 80(7):552–561. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​6​/​j​.​b​i​o​p​s​y​
c​h​.​2​0​1​5​.​1​2​.​0​2​3​​​​​​​

Matoušek M, Petersen I (1973) Frequency analysis of the EEG in nor-
mal children and adolescents. In: Kellaway P, Petersen I (eds) 
Automation of Clinical Electroencephalography. Raven

Michel CM, Koenig T (2018) EEG microstates as a tool for study-
ing the temporal dynamics of whole-brain neuronal networks: A 
review. NeuroImage 180(Pt B 577–593. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​6​/​j​
.​n​e​u​r​o​i​m​a​g​e​.​2​0​1​7​.​1​1​.​0​6​2​​​​​​​

Michel CM, Murray MM, Lantz G et al (2019) EEG source imaging: 
A practical review of the analysis steps. Front NeuroSci 13:325. 
https:/​/doi.or​g/10.33​89/fn​ins.2019.00325

Mlinarčič A, Pavlin T, Georgiev D et al (2026) Resting-state EEG 
discriminates Alzheimer’s disease, frontotemporal dementia, and 
healthy controls. Sci Rep 16:4903. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​3​8​/​s​4​1​5​9​
8​-​0​2​6​-​3​5​3​1​6​-​9​​​​​​​

Ogrim G, Kropotov J, Hestad K (2012) The quantitative EEG theta/
beta ratio in attention deficit/hyperactivity disorder and normal 
controls. Psychiatry Res 198(3):482–488. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​
6​/​j​.​p​s​y​c​h​r​e​s​.​2​0​1​1​.​1​2​.​0​4​1​​​​​​​

Olbrich S, Mulert C, Karch S et al (2015) EEG vigilance and the need 
for sleep. J Sleep Res 24(4):420–428. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​1​1​1​/​j​s​r​
.​1​2​2​7​0​​​​​​​

Onton J, Delorme A, Makeig S (2005) Information-based modeling 
of event-related brain dynamics during a working memory task 
using independent component analysis. NeuroImage 28(2):326–
337. https:/​/doi.or​g/10.10​16/j.​neuroimage.2005.06.002

Pascual-Marqui P RD (2002) Standardized low-resolution brain elec-
tromagnetic tomography (sLORETA): Technical details. Meth-
ods Find Exp Clin Pharmacol 24(Suppl D):5–12

Pascual-Marqui RD, Valdés-Sosa PA, Alvarez-Amador A (1988) A 
parametric model for multichannel EEG spectra. Int J Neurosci 
40(1–2):89–99. https:/​/doi.or​g/10.31​09/00​207458808985730

Perrin F, Pernier J, Bertrand O, Echallier JF (1989) Spherical splines 
for scalp potential and current density mapping. Electroencepha-
logr Clin Neurophysiol 72(2):184–187. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​6​/​0​
0​1​3​-​4​6​9​4​(​8​9​)​9​0​1​8​0​-​6​​​​​​​

Pfurtscheller G, Lopes da Silva FH (1999) Event-related EEG/MEG 
synchronization and desynchronization: Basic principles. Clin 
Neurophysiol 110(11):1842–1857. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​6​/​S​1​3​8​
8​-​2​4​5​7​(​9​9​)​0​0​1​4​1​-​8​​​​​​​

Pope AT, Bogart EH, Bartolome DS (1995) Biocybernetic system 
evaluates indices of operator engagement in automated task. Biol 
Psychol 40(1–2):187–195. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​1​6​/​0​3​0​1​-​0​5​1​1​(​9​5​
)​0​5​1​1​6​-​3​​​​​​​

Prichep LS (2005) Use of normative databases and statistical methods 
in demonstrating clinical utility of QEEG. Clin EEG Neurosci 
36(2):82–87. https:/​/doi.or​g/10.11​77/15​5005940503600206

Rajkumar R, Ripp I, Kramer D et al (2021) Comparison of EEG micro-
states with resting state fMRI and FDG-PET measures. Hum 
Brain Mapp 42(9):2959–2975. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​0​2​/​h​b​m​.​2​5​3​
3​3​​​​​​​

Rigby RA, Stasinopoulos DM (2005) Generalized additive models for 
location, scale and shape. J Royal Stat Soc Ser C 54(3):507–554. 
https:/​/doi.or​g/10.11​11/j.​1467-9876.2005.00510.x

Smith EE, Reznik SJ, Stewart JL, Allen JJB (2017) Frontal alpha 
asymmetry as an endophenotype for depression: Meta-analysis 
of existing data. Front Psychiatry 8:17. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​3​3​8​9​/​
f​p​s​y​t​.​2​0​1​7​.​0​0​0​1​7​​​​​​​

Stasinopoulos DM, Rigby RA (2007) Generalized additive models for 
location scale and shape (GAMLSS) in R. J Stat Softw 23(7):1–
46. https:/​/doi.or​g/10.18​637/j​ss.v023.i07

Swingle PG (2015) Biofeedback for the Brain: How Neurotherapy 
Effectively Treats Depression, ADHD, Autism, and More. Rut-
gers University Press, New Brunswick

https://doi.org/10.1177/155005941104200209
https://doi.org/10.1093/nsr/nwag076
https://doi.org/10.1093/nsr/nwag076
https://doi.org/10.1007/s00406-011-0224-7
https://doi.org/10.1007/s00406-011-0224-7
https://doi.org/10.1109/JBHI.2024.3364499
https://doi.org/10.1109/JBHI.2024.3364499
https://doi.org/10.1016/j.neuroimage.2025.121122
https://doi.org/10.1016/j.neuroimage.2025.121122
https://doi.org/10.3389/fnagi.2025.1559067
https://doi.org/10.1109/ICASSP55912.2026.11460877
https://doi.org/10.1109/ICASSP55912.2026.11460877
https://doi.org/10.1126/science.3336779
https://doi.org/10.1016/S0165-0173(98)00056-3
https://doi.org/10.1016/S0165-0173(98)00056-3
https://doi.org/10.3389/fnins.2021.766781
https://doi.org/10.3389/fnins.2021.766781
https://doi.org/10.1006/nimg.2002.1070
https://doi.org/10.1006/nimg.2002.1070
https://doi.org/10.1017/CBO9780511754098
https://doi.org/10.1016/0013-4694(87)90025-3
https://doi.org/10.1016/0013-4694(87)90025-3
https://doi.org/10.1016/j.neuroimage.2022.119190
https://doi.org/10.1016/j.neuroimage.2022.119190
https://doi.org/10.1016/j.biopsych.2015.12.023
https://doi.org/10.1016/j.biopsych.2015.12.023
https://doi.org/10.1016/j.neuroimage.2017.11.062
https://doi.org/10.1016/j.neuroimage.2017.11.062
https://doi.org/10.3389/fnins.2019.00325
https://doi.org/10.1038/s41598-026-35316-9
https://doi.org/10.1038/s41598-026-35316-9
https://doi.org/10.1016/j.psychres.2011.12.041
https://doi.org/10.1016/j.psychres.2011.12.041
https://doi.org/10.1111/jsr.12270
https://doi.org/10.1111/jsr.12270
https://doi.org/10.1016/j.neuroimage.2005.06.002
https://doi.org/10.3109/00207458808985730
https://doi.org/10.1016/0013-4694(89)90180-6
https://doi.org/10.1016/0013-4694(89)90180-6
https://doi.org/10.1016/S1388-2457(99)00141-8
https://doi.org/10.1016/S1388-2457(99)00141-8
https://doi.org/10.1016/0301-0511(95)05116-3
https://doi.org/10.1016/0301-0511(95)05116-3
https://doi.org/10.1177/155005940503600206
https://doi.org/10.1002/hbm.25333
https://doi.org/10.1002/hbm.25333
https://doi.org/10.1111/j.1467-9876.2005.00510.x
https://doi.org/10.3389/fpsyt.2017.00017
https://doi.org/10.3389/fpsyt.2017.00017
https://doi.org/10.18637/jss.v023.i07


1 3

Page 23 of 23     87 Brain Topography (2026) 39:87

Thatcher RW, Walker RA, Gerson I, Geisler FH (1989) EEG discrimi-
nant analyses of mild head trauma. Electroencephalogr Clin Neu-
rophysiol 73(2):94–106

Turner RP (2021) Clinical application of combined EEG-qEEG func-
tional neuroimaging. Clin EEG Neurosci 52(1):4–10. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​
o​​r​g​/​1​0​.​1​1​7​7​/​1​5​5​0​0​5​9​4​2​0​9​5​9​2​3​2​​​​​​​

Valdes-Sosa, P.A., Galan-Garcia, L., Bosch-Bayard, J. et al. The 
Cuban Human Brain Mapping Project, a young and middle age 

population-based EEG, MRI, and cognition dataset. Sci Data 8, 
45 (2021) https:/​/doi.or​g/10.10​38/s4​1597-021-00829-7 

Yao D (2001) A method to standardize a reference of scalp EEG 
recordings to a point at infinity. Physiol Meas 22(4):693–711. 
https:/​/doi.or​g/10.10​88/09​67-3334/22/4/305

Publisher’s Note  Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Authors and Affiliations

J. Bosch-Bayard1,2  · J. Guerrero-Sauzameda2 · R. I. Bosch-Bayard3,13 · R. Pérez-Elvira4,5 · A. Bosch-Castro2 · 
J. Sánchez-Rodríguez2 · A. Flores2 · K. Flores2 · E Resendiz-Flores2 · A. Ferrando6 · P. Ferrando6 · L. Galán-García7 · 
F. Mushtaq8 · P. Valdes-Sosa9 · G. A. Chiarenza10 · R. J. Biscay11 · L. Morales-Chacón12

	 J. Bosch-Bayard
oldgandalf@gmail.com

	 L. Morales-Chacón
lilia.moraleschacon@unir.net

1	 Faculty of Psychology, Carl von Ossietzky Universität 
Oldenburg, Oldenburg, Germany

2	 Centro Integrador del Movimiento, Mente y Conducta 
(CIMMCO), Querétaro, México

3	 State University of Zanzibar, Zanzibar, Tanzania
4	 Department of Psychobiology, Faculty of Psychology, 

Pontifical University of Salamanca, Salamanca, Spain
5	 Neuropsychophysiology Laboratory, NEPSA Rehabilitación 

Neurológica, Salamanca, Spain

6	 Neuropulse, Neurocare Center, Encarnación, Paraguay
7	 Cuban Neuroscience Center, Havana, Cuba
8	 University of Leeds, Leeds, UK
9	 MOE Key Lab for Neuroinformation, School of Life Science 

and Technology, The Clinical Hospital of Chengdu Brain 
Science Institute, University of Electronic Science and 
Technology of China, Chengdu, China

10	 Centro Internazionale Disturbi di Apprendimento, CIDAAI, 
Attenzione, Iperattività, Milano, Italy

11	 Centro de Investigaciones en Matemática (CIMAT), 
Guanajuato, Mexico

12	 Universidad Internacional de La Rioja, Logroño, Spain
13	 Universidad de Ciencias Médicas de La Habana, Havana, 

Cuba

https://doi.org/10.1177/1550059420959232
https://doi.org/10.1177/1550059420959232
https://doi.org/10.1038/s41597-021-00829-7
https://doi.org/10.1088/0967-3334/22/4/305
http://orcid.org/0000-0001-7168-5551
http://orcid.org/0000-0003-0205-0733
mailto:oldgandalf@gmail.com
mailto:lilia.moraleschacon@unir.net

	﻿Back to the Future of qEEG: Lifespan Normative Modeling of Spectral Ratios and Functional Indices with Potential Applications to Therapeutic Monitoring
	﻿Abstract
	﻿Introduction
	﻿Materials and Methods
	﻿The HarMNqEEG Multinational Database
	﻿Inclusion and Exclusion Criteria


	﻿Data Preprocessing
	﻿﻿Calculation of Quantitative Indices
	﻿Electrode-Level Spectral Ratios
	﻿Global Functional State Indices
	﻿﻿Frontocentral Regional Ratios
	﻿Hemispheric Asymmetry Indices
	﻿a. Asymmetry Index (per band, per homologous pair)
	﻿b. Ratio-Based Asymmetry Indices

	﻿Normative Modeling and Z-Score Derivation
	﻿Distributional Transformation
	﻿﻿GAMLSS Normative Framework
	﻿﻿Electrode-level Spectral Normalization (ESN)
	﻿Computation of Individualized Deviation Scores
	﻿Model Validation

	﻿Software and Implementation
	﻿Results
	﻿Distribution of EEG Spectral Indices and Transformation Assessment
	﻿Age-Dependent Normative Trajectories
	﻿Normative Centile Curves and Z-score Distributions
	﻿﻿Potential Clinical Utility of the Normative qEEG Indices
	﻿Group-level Illustration: Normative Index Sensitivity in an Independent Intervention Study
	﻿Single-Case Illustration
	﻿Case Description and Spectral Changes
	﻿Functional State Indices and Z-Score Normalization



	﻿The Need for Multi-State Normative References
	﻿Discussion
	﻿From Qualitative Heuristics to Normative Precision
	﻿Functional Indices as Evidence of Therapeutic Efficacy
	﻿Electrode-level Spectral Normalization: A Universal and Principled Preprocessing Step
	﻿﻿Relation to the Normative Modeling Tradition in Neuroscience
	﻿EEG Reference and Its Implications for Normative Modeling
	﻿Classical Spectral Band Indices and Periodic/Aperiodic Decomposition: Complementary Frameworks


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

	﻿Conclusions
	﻿References


