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Abstract: Spectral features derived from electroencephalography (EEG) have long been proposed as 37 

biomarkers of brain dysfunction, yet few have gained consensus or entered clinical practice. A key 38 

obstacle is the lack of harmonized, lifespan-covering EEG resources, which has limited the 39 

development of generalizable models and stalled progress towards cost-effective individualized 40 

markers of brain health. Here we chart lifespan trajectories of spectral EEG features based on 3,973 41 

individuals (5,600 recordings, ages 1–82, ten sites, >200 hours of resting-state EEG). Using 42 

distributional regression, we fit 231 models across 21 spectral features and 11 cortical regions, jointly 43 

adjusting for age, sex, recording paradigm, data quality, and acquisition site. Critically, these models 44 

capture not only how spectral features shift across the lifespan but how their variability evolves and 45 

generalize robustly out-of-sample (n = 400; median z-score mean = 0.019, SD = 1.047). Across six 46 

diagnostic groups, neurocognitive disorders yielded the strongest deviation signatures (Alzheimer's 47 

disease AUC = 0.95; frontotemporal dementia AUC = 0.91), and we provide the first normative-48 

referenced characterization of aperiodic spectral features in neurodegeneration. Neurodevelopmental 49 

and mental health conditions showed marked heterogeneity and in the largest normative evaluation of 50 

the theta-to-beta ratio in ADHD to date (n = 1,034), this established biomarker failed to replicate. 51 

Together, these findings consolidate decades of lifespan EEG research into a transferable normative 52 

reference, laying the foundation for individualized assessment of brain function and enabling scalable, 53 

low-cost tools for early detection and treatment monitoring.  54 
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Introduction 55 

Resting-state electroencephalography (EEG) is a central tool in neurology and psychiatry and 56 

one of the most versatile techniques in systems neuroscience 1,2. Routine visual inspection of EEG 57 

signals supports diagnosis and monitoring in epilepsy, encephalopathy, dementia, and a range of 58 

neuropsychiatric conditions 1,3, while quantitative EEG extracts spectral and topographic features that 59 

have been proposed as potential biomarkers of brain dysfunction 2,4. Canonical spectral measures 60 

capture complementary aspects of spontaneous cortical dynamics during eyes-open and eyes-closed 61 

rest 4,5, and several of these features have been associated with neuropsychiatric conditions 6,7. However, 62 

due to the intrinsic complexity and heterogeneity of brain disorders, only a limited number of 63 

electrophysiological findings have reached broad consensus and even fewer have translated into 64 

clinically approved applications 2. Despite decades of database initiatives  8,9, fully harmonized lifespan 65 

EEG resources remain scarce compared to neuroimaging modalities 10,11, limiting the development of 66 

robust, generalizable models and constraining progress toward individualized, cost-effective markers 67 

of brain health. 68 

Akin to growth charts in pediatric medicine, where a child's height or weight is interpreted 69 

relative to age- and sex-appropriate population centiles rather than a binary normal/abnormal threshold, 70 

normative modelling estimates the full conditional distribution of brain measures as a function of age, 71 

sex, site, and recording paradigm in a reference population, expressing each individual's observation as 72 

a standardized deviation score 12. Rather than asking whether a diagnostic group differs from controls 73 

on average, this framework asks how far and in which direction each person departs from expectation 74 

given their demographic and acquisition context. Stacking these deviations across spectral features and 75 

cortical regions embeds each individual in a multivariate electrophysiological distance space, enabling 76 

principled, comparable quantification of abnormality at the individual rather than the group level 10,12–77 

16.  This approach is particularly well suited to the heterogeneity and diagnostic overlap that characterize 78 

neuropsychiatric conditions in EEG and beyond 13,16,15,17. The conditions examined here span 79 

neurocognitive disorders such as Alzheimer's disease and frontotemporal dementia 7,18,19, 80 

neurodevelopmental conditions including ADHD 20  and ASD 21,22 as well as anxiety disorders 23  and 81 

PTSD 21,24, which frequently share overlapping symptoms, trajectories, and exhibit substantial within-82 
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group variability 22,25. Traditional case-control designs cannot resolve this heterogeneity or generalize 83 

findings to individuals, while a normative framework situates each person within a population 84 

reference, revealing distinct electrophysiological phenotypes even where diagnostic labels overlap. 85 

Here we establish a lifespan normative reference for resting-state spectral EEG, modelling 86 

narrow-band relative powers, band ratios, aperiodic 1/f slope and intercept 5, and peak alpha frequency 87 

across eleven cortical regions 26 in 3,973 individuals (ages 1-82, ten sites). Using GAMLSS 88 

(Generalized Additive Models for Location, Scale and Shape) 5,25,27, 231 models were jointly adjusted 89 

for age, sex, recording paradigm, site, and data quality, capturing not only how spectral features shift 90 

across the lifespan but how their variability evolves, a dimension inaccessible to conventional 91 

approaches. From these models we derive centile trajectories and individual z-scores, and apply them 92 

to six neuropsychiatric conditions, revealing a clear hierarchy of spectral abnormality. Neurocognitive 93 

disorders produce the strongest signatures. In Alzheimer's disease, the theta-to-alpha ratio yields the 94 

largest effect observed across all conditions (r = +0.79), and we report the first normative-referenced 95 

characterization of aperiodic dynamics in both Alzheimer's disease and frontotemporal dementia. 96 

Neurodevelopmental conditions show smaller, heterogeneous deviations and in the largest normative 97 

evaluation of the theta-to-beta ratio in ADHD to date (n = 1,034), this FDA-cleared biomarker could 98 

not be replicated. Anxiety spectrum disorders display a novel aperiodic elevation consistent with 99 

broadband arousal dysregulation, while PTSD shows no significant group-level deviation. Together, 100 

these results unify decades of fragmented EEG lifespan research into a single normative reference, 101 

reveal novel spectral signatures of impaired brain health, and establish a principled foundation for 102 

individualized characterization of brain function across the lifespan. 103 

[Insert Figure 1] 104 

 105 

Results  106 

We split the non-diagnosed cohort into a training set (n = 1,427; 1,890 recordings) and an 107 

independent held-out reference set (n = 400; 678 recordings) used for all clinical comparisons. The 21 108 

spectral features comprised narrow-band relative powers (δ, θ, α, β, γ; fractional and decibel), peak 109 

alpha frequency, three ratios (θ/β, θ/α, fast/slow), and aperiodic slope and intercept (see Methods). Six 110 
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diagnostic groups were projected into this space: Alzheimer's disease (n = 36), FTD (n = 22), ADHD 111 

(n = 1,034), ASD (n = 174), anxiety disorders (n = 272), and PTSD (n = 35). We report model validation, 112 

lifespan trajectories, univariate and multivariate deviation profiles, and robustness to sex, recording 113 

condition, and age (Figure 1; Supplementary Tables S1–S2). 114 

 115 

Robust out-of-sample generalization and well calibrated normative deviation scores 116 

As mentioned above, model performance was evaluated out-of-sample in a held-out, non-117 

diagnosed reference cohort (n = 400) matched to the training sample on age, sex, and site, while the 118 

model specifications were finalized on training data only. All metrics were computed on quantile 119 

residuals, z-scores from the probability integral transform, which under correct specification follow N 120 

(0,1) regardless of the original feature scale, making summary statistics directly comparable across all 121 

231 models. Predictive performance generalized well with median held-out RMSE = 0.61 (IQR = 0.72; 122 

median absolute train–test gap = 0.08), MSE = 0.37 (IQR = 0.82; gap = 0.32), and R² = 0.31 (IQR = 123 

0.28), modestly below training (R² = 0.37, IQR = 0.19; gap = 0.09). Point-prediction accuracy, however, 124 

is not the primary requirement for normative modelling, the key criterion is well-calibrated 125 

distributional fits. On this criterion, the held-out cohort performed well. Z-score distributions closely 126 

matched the expected N (0,1) standardization, with median mean = 0.019 (IQR = 0.005) and SD = 1.047 127 

(IQR = 0.002); ~90% of models had |μ| ≤ 0.1 and 100% had σ within [0.8, 1.2]. Skewness (0.036, IQR 128 

= 0.24) and excess kurtosis (0.40, IQR = 0.54) were near zero, and residuals were highly normal (median 129 

Filliben statistic = 0.995, IQR = 0.001; Supplementary Table S3). Adding independent component 130 

analysis (ICA) to the preprocessing pipeline produced no meaningful change in model quality and z-131 

score residual and prediction metrics were statistically indistinguishable after multiple-comparison 132 

correction (all q > 0.8). Only ΔR² reached significance (μ = 0.084, q = 8 × 10⁻⁴, effect size 0.54), yet 133 

lifespan trajectories, quantile spreads, and covariate effects remained highly consistent (Supplementary 134 

Table S4). Together, these results demonstrate well-calibrated normative deviation scores that 135 

generalize out-of-sample and are robust to preprocessing choices. 136 

 137 
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Lifespan trajectories of spectral brain signatures 138 

[Insert Figure 2] 139 

 140 

Across lobar regions and both sexes, narrow-band trajectories showed a uniform normative 141 

redistribution from slow to fast activity, with the largest absolute slopes before ~20 years across all 142 

features (Figure 2). For each feature, we summarize median (50th centile) and dispersion (3rd-97th 143 

centile) trends averaged across lobes, with turning points where present (Supplementary Table S5b). 144 

Slow bands declined consistently across the lifespan. Delta decreased steeply during childhood and 145 

adolescence (median slope -10.0×10⁻³ Fractional Band Power (FBP)/year) before decelerating, yielding 146 

a net median change of -0.25 FBP and dispersion rose until ~30 years and stabilized. Theta declined 147 

more modestly (-1.0×10⁻³ FBP/year) but reversed direction in middle age, so this late-life rise left a net 148 

change of only -0.02 FBP with near-constant variance. Fast bands showed the complementary pattern. 149 

Beta rose rapidly in early life (4.0×10⁻³ FBP/year until 20 years; net change +0.17 FBP), with dispersion 150 

following a similar rise-and-stabilize profile. Gamma rose more slowly but monotonically (0.8×10⁻³ 151 

FBP/year; net change +0.05 FBP), with parallel increases in dispersion. Alpha followed an inverted-U 152 

trajectory, rising fast in childhood (+4.1×10⁻³ FBP/year from 1-20 years) and decreasing after ~25 (-153 

1.1×10⁻³ FBP/year) for a near-zero net change (-0.009 FBP) and dispersion also rose, peaking around 154 

20 years before declining. Peak alpha frequency (PAF) mirrored alpha power but diverged at older ages. 155 

After the early-adulthood peak, PAF moved toward a local minimum near ~44 years, followed by late-156 

life stabilization. The slow-to-fast redistribution was accentuated in the dB representation with delta 157 

and theta dropping over the lifespan (net −2.19 dB, −0.67 dB), while beta and gamma rose fast and 158 

strongly (+7.87 dB, +5.58 dB). The steepest slopes again occurred before ~25 years (beta = 0.28 159 

dB/year; gamma = 0.18 dB/year, ages 1–20), with positive slopes sustained through adulthood. 160 

Aperiodic components (1/f slope and intercept) diminished monotonically across the lifespan, mirroring 161 

overall spectral changes at each phase with faster declines at developmental ages, clear deceleration 162 

from early adulthood, and a subtle inflection in middle adulthood (~43 years for slope, ~59 for 163 

intercept). Band-ratio trajectories recapitulated the narrow-band interplay with theta/beta and alpha/beta 164 

decreased consistently, while fast/slow, gamma/beta, and theta/delta rose steadily. 165 



 8 

Sex-specific normative trajectories were highly similar across all features and regions. None of 166 

the 143 shape comparisons showed evidence of sex differences after FDR correction (min q = 0.55, 167 

mean q = 0.98; Figure S8), and the same held for dispersion (min q = 0.58, mean q = 0.96). Small but 168 

significant level offsets appeared in 33/143 comparisons (23.1%; min q = 0.003, mean q = 0.59), but 169 

were feature- and region-specific rather than globally consistent across the scalp (Figure 2a). Any 170 

qualitative female-male offset visible in individual plots should therefore be interpreted cautiously and 171 

within uncertainty bands, as broad, spatially consistent sex effects were not supported. Left-right 172 

homolog comparisons provided no evidence for lateralization after correction (n = 64; 0% with q < 173 

0.05). To quantify regional asymmetries, we compared intra-hemispheric region pairs using a 174 

permutation test on the absolute area difference between q50(age) trajectories (Figure S9). Across all 175 

240 region-band-sex comparisons, the mean permutation p-value was 0.94 (Figure S10), and all FDR-176 

corrected q-values equaled 1.0, no comparison reached significance, indicating no substantial sex or 177 

topographic differences in modeled spectral features across the lifespan (Supplementary S5). 178 

All normative trends replicate prior results5,9,28–33 depicting a coherent lifespan continuum with 179 

two hallmarks. A growth spurt to early adulthood (~1-20 years) with decelerating slow-band and 180 

aperiodic declines, decelerating fast-band rises, and peaks in alpha power and mid-adulthood inflection 181 

points (~43-59 years) where slow bands and alpha resume declining and PAF stabilizes. 182 

 183 

Feature level spectral signatures across neuropsychiatric conditions 184 

[Insert Figure 3] 185 

 186 

Alzheimer's disease (n = 36, 49–79 years, 67% female). All features except gamma differed 187 

significantly from normative expectation (adjusted p-value (q) < 0.001), with medium-to-large effect 188 

sizes (|r| ∈ [0.28, 0.79]). The canonical spectral slowing pattern was clearly replicated with elevated 189 

delta (+0.44, q<0.001) and theta (+0.66, q<0.001) alongside reduced alpha (−0.65, q<0.001) and beta 190 

(−0.60, q<0.001), confirming established spectral signatures 3,18,34–36. PAF was significantly slowed 191 

(−0.28, q<0.05). Band ratios amplified these patterns with theta-alpha ratio showing the largest effect 192 

in general (+0.79, q<0.001) 19, followed by fast-slow ratio (−0.68, q<0.001) 7,35 and theta-beta ratio 193 
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(+0.66, q<0.001) 37. Gamma showed a mild, non-significant positive deviation. Beyond these 194 

confirmatory findings, the normative framework enabled, for the first time, age-referenced 195 

quantification of aperiodic components in Alzheimer's disease. The 1/f slope was steeper than 196 

normative expectation (+0.34, q<0.01), indicating a relative concentration of power at low frequencies, 197 

mechanistically distinct from, though consistent with, the narrow-band slowing above. The 1/f intercept 198 

showed one of the largest deviations in general (+0.58, q<0.001), reflecting elevated broadband power 199 

underlying the observed slow-frequency excess and potentially reflecting compromised synaptic 200 

integration and a breakdown in coordinated large-scale network function characteristic of 201 

neurocognitive decline. 202 

Frontotemporal dementia (FTD: n = 22, 44–78 years, 41% female). Deviations followed the 203 

same direction as Alzheimer's disease but with attenuated effect sizes (|r| ∈ [0.33, 0.72]). Theta (+0.61, 204 

q<0.001) and alpha (−0.52, q<0.001) remained strongly significant, delta (+0.33, q<0.05) and beta 205 

(−0.37, q<0.01) showed reduced significance and gamma was non-significant. In contrast to 206 

Alzheimer's disease, PAF showed no significant deviation. Band ratios were strongly deviated and 207 

theta-beta (+0.51, q<0.001), theta-alpha (+0.72, q<0.001), and fast-slow (−0.59, q<0.001), all 208 

reinforcing the narrow-band pattern. Among aperiodic components, only the 1/f intercept reached 209 

significance (+0.42, q<0.01) and 1/f slope did not. To our knowledge, this constitutes the first 210 

normative-referenced characterization of aperiodic features in FTD. 211 

Attention-Deficit/Hyperactivity Disorder (ADHD: n = 1,034, 5–22 years, 65% male). Intra-212 

group variability was pronounced and effect sizes uniformly small (|r| ∈ [0.12, 0.18]). Theta power was 213 

significantly elevated (+0.14, q<0.001), confirming the most replicated spectral finding in ADHD 6,38,39. 214 

Delta was suppressed (−0.15, q<0.001), extending prior literature in which slow-wave deviations are 215 

predominantly reported as a composite 25,38. Alpha power was significantly above norm (+0.18, 216 

q<0.001), opposing the decreased alpha typically reported in case-control studies 38,39, though effect 217 

sizes in that literature have been modest and variable 25,38 and the present sample substantially exceeds 218 

those on which the original consensus was established. Beta, gamma, and PAF did not reach 219 

significance. The theta-beta ratio, previously proposed 40 and recently disputed 41 as a biomarker, was 220 

also non-significant. Theta-alpha (−0.12, q<0.01) and fast-slow (+0.15, q<0.001) ratios proved more 221 
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sensitive to the observed spectral redistribution. Among aperiodic features, 1/f intercept was 222 

significantly elevated (+0.12, q<0.01); 1/f slope was not. 223 

Autism Spectrum Disorder (ASD: n = 174, 5–22 years, 62% male). The deviation profile was 224 

strikingly similar to ADHD. Theta showed the largest narrow-band effect (+0.21, q<0.001), extending 225 

meta-analytic literature in which the group effect of theta was near-zero 42. Delta was again suppressed 226 

(−0.17, q<0.01). Alpha was significantly above norm (+0.15, q<0.01), in discordance with the 227 

consensus identifying reduced relative alpha as the most consistent spectral alteration in ASD 42, though 228 

substantial inter-study heterogeneity has been noted across all frequency bands 42,43. Beta, PAF, and 229 

aperiodic components did not reach significance. Gamma was significantly elevated (+0.14, q<0.05), 230 

confirming a strong spectral finding in the ASD literature 42,44. The fast-slow ratio was the only ratio to 231 

reach significance (+0.15, q<0.01), consistent with the narrow-band pattern. Direct comparison between 232 

ADHD and ASD revealed no significant feature-level difference (all q > 0.29) in both shared suppressed 233 

delta, elevated theta, and above-norm alpha with small effects and considerable within-group spread. 234 

Anxiety Disorders (n = 272, 5–22 years, 60% female). The deviation pattern was sparse. 235 

Among narrow-band features, only alpha reached significance (+0.12, q<0.05) and delta, theta, beta, 236 

gamma, and PAF did not. The 1/f intercept showed a significant positive deviation (+0.15, q<0.01), 237 

while 1/f slope did not. To our knowledge, this is the first normative-referenced aperiodic 238 

characterization across the anxiety spectrum. The fast-slow ratio reached marginal significance (+0.11, 239 

q<0.05); theta-alpha and theta-beta ratios did not. Post-Traumatic Stress Disorder (PTSD: n = 35, 5–240 

21 years, 77% female). No feature reached significance after FDR correction. Deviation directions were 241 

broadly consistent with the anxiety profile, below-norm delta, above-norm theta, elevated 1/f intercept, 242 

but effect sizes were too small to survive correction. PAF showed the largest absolute effect in this 243 

group (-0.21, q = 0.058). These results are consistent with the growing recognition that diagnostic 244 

boundaries do not map onto discrete spectral phenotypes 2,25,39,42,43 and that individual-level deviation 245 

profiles may be more informative than group-level contrasts for neurodevelopmental and mental health 246 

conditions 9,12,15,16,45. 247 

 248 

 249 
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Robust multivariate spectral signatures across neuropsychiatric conditions 250 

To move beyond univariate comparisons, we pooled all 11 spectral features into a multivariate 251 

z-score space. In the theta-beta subspace, the pair with the strongest cross-diagnostic effects in the 252 

literature 6,41,46, 95% confidence ellipses separated Alzheimer's disease and FTD from the reference, 253 

while all other groups overlapped substantially (Figure 3c). The pattern held across alternative feature 254 

pairs and triplets. Mahalanobis distance D² across all 11 features confirmed this ordering 255 

(Supplementary S7) with Alzheimer's disease (9.18 ± 3.20) and FTD (7.41 ± 3.87) showed the largest 256 

displacement, whereas PTSD (3.17 ± 1.02), ASD (2.82 ± 0.93), anxiety disorders (2.77 ± 1.03), and 257 

ADHD (2.30 ± 0.73) clustered at markedly lower, largely indistinguishable distances.  258 

Symmetric within-category D² indicated limited separability between clinically related 259 

conditions with Alzheimer's vs FTD (4.74), anxiety vs PTSD (3.59), and ADHD vs ASD (3.29) 260 

(Supplementary Table S7b). Binary LDA classifiers (10-fold group-aware CV, Figure 3d, 261 

Supplementary Table S10) reproduced this, with Alzheimer's (AUC = 0.95) and FTD (0.91) 262 

discriminated most accurately and ASD (0.61), ADHD (0.59), anxiety (0.57), and PTSD (0.55) at 263 

modest accuracy. Permutation testing (10,000 iterations) was significant for all conditions (p < 0.001) 264 

except anxiety disorders and PTSD, and within-category classifiers performed at or near chance 265 

(ADHD vs ASD AUC = 0.58, p = 0.005; Alzheimer's vs FTD 0.52; anxiety vs PTSD 0.53). Multiclass 266 

one-vs-rest classification yielded micro-average AUC = 0.85 and macro-average 0.64, with only anxiety 267 

(p = 0.10) and PTSD (p = 0.55) failing permutation significance (Supplementary Figure S1; Table S10). 268 

[Insert Figure 4] 269 

 270 

We next stratified individual D² by sex, recording condition, and age while acquisition site was 271 

not stratified, as instrumental variation is absorbed as a random effect during normative modeling 272 

(Supplementary Table S8). Sex comparisons against sex-stratified references yielded no significant 273 

effects in any cohort, indicating that sex-related spectral variance is fully captured by the normative 274 

model. Eyes-closed vs eyes-open differences were significant but very small, and only in ADHD 275 

(+0.06, q < 0.05) and anxiety disorders (+0.16, q < 0.01). while neurocognitive cohorts lacked eyes-276 

open data. Age-binned trajectories (Figure 4d) showed stable, low-magnitude deviations across 4-22 277 
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years for neurodevelopmental and mental-health conditions and persistently elevated deviations across 278 

56-80 years for Alzheimer's and FTD, with eyes-closed and eyes-open curves overlapping. Regional 279 

classification maps (Figure 4a) revealed no lobar effects surviving correction (Supplementary Table 280 

S9), consistent with spatially distributed rather than focal deviations. 281 

Together, neurocognitive disorders produce classifiable broadband signatures spanning delta, 282 

beta, gamma, and their ratios, whereas neurodevelopmental and most mental-health conditions manifest 283 

as diffuse, low-magnitude deviations that no single feature reliably captures, the 1/f intercept in anxiety 284 

disorders being the notable exception. Because feature choice directly shapes multivariate distance, 285 

profiling requires the full feature set, which is robust to all tested confounds. These findings motivate a 286 

shift toward individual-level distance profiling, better suited to the overlapping, comorbidity-rich nature 287 

of mental and neurocognitive health conditions. 288 

 289 

Discussion 290 

 We establish a large-scale lifespan normative reference for resting-state spectral EEG, 231 291 

feature-region models that generalize robustly out of sample with well-calibrated deviation scores. 292 

Applied to six neuropsychiatric conditions, the framework reveals a clear hierarchy of spectral 293 

abnormality. Neurocognitive disorders produce the strongest and most consistent deviation profiles. In 294 

Alzheimer's disease, the theta/alpha ratio yields the largest effect size across all conditions and features 295 

(rank-biserial = +0.79), and we provide the first normative-referenced characterization of aperiodic 296 

EEG signatures in both Alzheimer's disease and frontotemporal dementia. In ADHD, the largest 297 

normative-referenced evaluation of the theta/beta ratio to date (n = 1,034) finds it non-significant, the 298 

strongest evidence yet against its standing as a standalone diagnostic biomarker. ADHD and ASD are 299 

spectrally indistinguishable at the group level, and anxiety spectrum disorders and PTSD produce 300 

sparse, unreliable deviation profiles. Together, these findings consolidate lifespan EEG research into a 301 

unified normative reference of unprecedented scale, surface novel spectral patterns of 302 

neurodevelopment and impaired brain health, and lay a quantitative foundation for individualized, 303 

multivariate characterization of brain function, with scalable, low-cost applications in early detection 304 

and treatment monitoring (Figure 5). 305 
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[Insert Figure 5] 306 

 307 

Lifespan trajectories and individual-level inference 308 

The normative lifespan trajectories comprehensively replicate canonical findings and extend 309 

them in several directions. Whole-brain EEG confirms one of the most consistently reported effects in 310 

the literature, the redistribution of spectral power from slow (δ, θ) 9,30,33,47 to faster dynamics (α, β, γ) 311 

30,33. Alpha power and PAF follow the expected inverted-U, rising steeply through childhood, peaking 312 

in early adulthood, and declining thereafter, two of the strongest known age effects on 313 

neurophysiological spectra 31,47. The theta-alpha trajectories cross near young adulthood, after which 314 

theta reverses at the midlife inflection point, a crossover previously linked to later-life cognitive decline 315 

32,34. Aperiodic components (1/f slope and intercept) offer a band-agnostic view of this shift, replicating 316 

the age-related redistribution 29,31 and mirroring narrow-band powers in both trajectory shape and 317 

inflection timing, band ratios reproduced the same slow-to-fast reorganization 6,19,35,48. Sex-specific 318 

trajectories were highly similar across all features and regions (0/143 shape differences after FDR 319 

correction; small level offsets in 23% of comparisons but feature- and region-specific), with no 320 

hemispheric asymmetries detected and only the expected eyes-open vs eyes-closed offsets, focal effects 321 

at spatial scales finer than the present regional aggregation cannot be excluded 26. 322 

Beyond trajectory replication and extension, a recurrent theme across clinical cohorts is the 323 

inadequacy of group-level spectral contrasts for resolving the heterogeneity of most neuropsychiatric 324 

diagnoses 13,16,25. Normative modelling addresses this not by improving group separation but by 325 

transforming the question, rather than asking whether a group differs from controls on average, it asks 326 

how far, and in which direction, each individual deviates from their age-, sex-, and context-conditional 327 

expectation12. This reframing is particularly consequential where diagnostic categories aggregate 328 

multiple developmental trajectories and mechanistic pathways, and where the same spectral phenotype 329 

may arise through distinct biological routes 49. A major challenge for generalizable norms is sampling 330 

bias, many neuroscience studies recruit highly selected subsets, typically young, educated individuals 331 

without chronic conditions 50, anchoring definitions of normality to unrepresentative extremes. We 332 

mitigated this by building norms from ten independent datasets, explicitly modelling cross-site 333 
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variability, including individuals without formal diagnostic labels, and verifying transferability out of 334 

sample 51.This allows us to detect individual-level and group-level differences against a common 335 

normative lifespan reference. 336 

 337 

Neurocognitive disorders produce the strongest and most consistent deviations 338 

Alzheimer's disease and FTD showed the strongest deviation profiles in both univariate and 339 

multivariate analyses, the clearest clinical promise of spectral EEG within a normative framework. The 340 

canonical spectral slowing pattern in Alzheimer's disease was unambiguously confirmed, with medium-341 

to-large effect sizes across nearly all features, replicating the established phenotype of neurocognitive 342 

decline 3,37,52. Band ratios amplified these patterns 35.  We extend this literature by providing the first 343 

normative-referenced characterization of aperiodic EEG components in Alzheimer's disease 7, the 1/f 344 

slope was steeper than expected, reflecting a relative concentration of power at low frequencies that is 345 

mechanistically distinct from, though consistent with, narrow-band slowing, and the 1/f intercept 346 

showed one of the largest deviations across any feature. These constitute a complementary, band-347 

agnostic marker of the spectral redistribution underlying neurocognitive decline 53, opening a new 348 

dimension for tracking progression against age-expected trajectories. A lifespan EEG normative 349 

framework offers a practical, first-line tool to quantify functional deviations, support early detection, 350 

and monitor progression, situating each individual against their age- and sex-appropriate expectation 351 

rather than an undifferentiated group mean. FTD followed the same directional profile with attenuated 352 

magnitudes. Critically, PAF showed no deviation in FTD, in direct contrast to Alzheimer's disease, one 353 

of the most reliable spectral differentiators between the two, consistent with contemporary literature 354 

52,54 and with the view that FTD involves less posterior cortical dysfunction. We also report the first 355 

normative-referenced aperiodic findings in FTD, the 1/f intercept showed a difference the slope of this 356 

feature did not, suggesting a partially distinct broadband profile. Overall our finding suggest that both 357 

conditions diverge strongly from the population reference but occupy substantially overlapping regions 358 

of deviation space 55. 359 

 360 

 361 
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Mental health conditions reveal heterogeneous and overlapping profiles 362 

The null result for the theta/beta ratio in ADHD carries the broadest implications for the field. 363 

It is the only spectral EEG measure with FDA clearance as a diagnostic aid for ADHD 40, yet has 364 

remained contested as either an absolute biomarker or a subtype stratifier 41. In our study, the largest 365 

normative-referenced test to date, the theta/beta ratio in ADHD did not differ from normative 366 

expectation, directly challenging its diagnostic standing. This aligns with meta-analytic evidence of 367 

declining theta/beta effect sizes as study quality and sample size increase41, what had appeared reliable 368 

in smaller studies dissolves under a large, covariate-adjusted normative comparisons. Theta power itself 369 

remained elevated, confirming the most replicated narrow-band finding in ADHD 6,38,39 while the 370 

theta/alpha and fast/slow ratios proved more sensitive to the observed redistribution. More broadly, 371 

ADHD showed uniformly small effect sizes with pronounced intraclass variability, suggesting at least 372 

two spectral subgroups, one following literature consensus (elevated theta, suppressed delta) and 373 

another with subtler or absent abnormalities. ADHD is etiologically too heterogeneous to be treated as 374 

a single spectral class21,56 and only subdivision can reconcile small univariate effects with the 375 

neurophysiological variation observed in practice. We also report elevated alpha power, disputing the 376 

hypothesis of reduced alpha activity in ADHD 38,39. Although effect sizes in the alpha literature have 377 

been modest and variable 25,38 the scale of the present study warrants serious consideration, pending 378 

replication in well-characterized subgroups. 379 

ADHD and ASD showed strikingly similar profiles, suppressed delta, elevated theta, and 380 

above-norm alpha, with no feature-level difference reaching significance in direct comparison, and 381 

multivariate classifiers yielding only weak separability. ASD additionally showed gamma elevation, 382 

confirming a strong finding in the literature 42,44 with the fast/slow ratio as the only significant ratio. 383 

This overlap is consistent with shared developmental trajectories and elevated comorbidity 20,22,44 and 384 

with the growing recognition that diagnostic boundaries do not map onto discrete spectral phenotypes 385 

2,25,39,42,43. Tested against the same normative reference, the consistent directionality suggests this 386 

resemblance is systematic rather than stochastic. In ASD, the framework introduced aperiodic features 387 

into a predominantly narrow-band literature, with results that concorded only piecewise with prior 388 

work, expected given the developmental and mechanistic pathways the category aggregates. 389 
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Anxiety and PTSD produced the sparsest group-level profiles. For anxiety, only alpha power, 390 

the 1/f intercept, and the fast/slow ratio reached significance. The elevated 1/f intercept is, to our 391 

knowledge, the first normative-referenced aperiodic characterization across the anxiety spectrum and 392 

is consistent with the hyperarousal and attentional hypervigilance characteristic of the condition 57. Its 393 

topographic consistency supports a distributed rather than focal substrate, and speaks to an unresolved 394 

question in the literature where both increased and decreased alpha have been reported 23,25,58, modest 395 

above-norm alpha combined with aperiodic elevation suggests 1/f dynamics may capture aspects of 396 

anxious arousal not reflected in conventional band powers. PTSD produced no features surviving FDR 397 

correction, deviation directions broadly matched anxiety (below-norm delta, above-norm theta, elevated 398 

1/f intercept), with PAF showing the largest absolute effect. This null is consistent with the 399 

heterogeneity of trauma-related psychopathology 59, the small cohort, and the possibility that the most 400 

informative PTSD markers are topographic or asymmetric rather than spectral. Both cohorts were 401 

restricted to a narrow age range, so developmental inferences must be treated with caution, a limitation 402 

that does not apply to the neurodevelopmental and neurocognitive conditions studied across their full 403 

clinical trajectories. 404 

 405 

Strengths and Limitations 406 

The principal strength of this work is its scale and scope. Built on 3,973 individuals spanning 407 

ages 1-82 across ten acquisition sites, the normative reference is the largest and most age-408 

comprehensive harmonized EEG dataset reported to date. Modelling 231 feature–region combinations 409 

with GAMLSS estimates the full conditional distribution rather than only the mean, yielding well-410 

calibrated individual z-scores that transfer robustly to held-out data. The inclusion of aperiodic 411 

components alongside narrow-band powers and ratios provides a more thorough account of spectral 412 

dynamics than any previous lifespan normative effort, and the ADHD cohort (n = 1,034) is the largest 413 

normative-referenced evaluation in any neurodevelopmental condition to date, with power to challenge 414 

longstanding claims such as the diagnostic utility of the theta-beta ratio 6,40,41. 415 

Limitations warrant acknowledgement. The neurocognitive cohorts are modest making older-416 

age estimates less stable and replication necessary, particularly for the novel aperiodic findings. The 417 
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PTSD and anxiety cohorts were restricted to ages 5-22, precluding lifespan inference. Spatial resolution 418 

is limited to eleven lobar regions owing to variable electrode standards across sites 26 (Supplementary 419 

Table S1), and eyes-open data were unavailable for neurocognitive groups, preventing recording-420 

condition comparisons where they may be most informative. All datasets were collected in clinical or 421 

research contexts; truly population-representative sampling 50, including subclinical individuals, 422 

remains an aspiration. Residual muscle artifact in the gamma range cannot be excluded, so the elevated 423 

gamma finding in ASD should be interpreted with caution. Finally, this framework captures spectral 424 

features only; integration with connectivity, temporal dynamics, event-related responses, structural 425 

imaging, and genetics will be necessary to realize the full potential of individualized normative 426 

characterization. 427 

 428 

Conclusion 429 

We introduce a lifespan normative reference for resting-state spectral EEG that unifies decades 430 

of research within a scalable framework and extends it in clinically meaningful directions (Figure 5). 431 

Neurocognitive disorders yield large, consistent deviation profiles, with the theta-alpha ratio and newly 432 

characterized aperiodic components emerging as the most sensitive markers of neurodegeneration. 433 

Neurodevelopmental and mental health conditions, by contrast, produce small, heterogeneous, 434 

overlapping profiles that group-level contrasts cannot reliably resolve, and the null theta-beta finding 435 

in over one thousand individuals with ADHD directly challenges a widely cited biomarker claim. 436 

Together, these results argue for a shift from group-average biomarker discovery toward individual-437 

level normative profiling in EEG for which this framework provides a principled, transferable 438 

foundation. 439 
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Methods 468 

Estimating norms across the reference samples 469 

We modelled resting-state EEG with eyes-open and eyes-closed from a large (n = 3,973, 63% 470 

female) multi-site dataset, with an age range of 1-82 years, spanning 10 different research centers across 471 

the globe. The complete dataset comprises 10 subsets, each part of an independent study available either 472 

fully open access or limited access through online repositories such as OpenNeuro 473 

(https://openneuro.org/, Supplementary Table S1). Each study was thoroughly evaluated for inclusion 474 

feasibility and downstream processing inclusion. Diagnostic procedures used by each contributing 475 

study, on which our reference-cohort selection relied, as well as the criteria defining the pathological 476 

cohorts, are detailed in Supplementary Note S1. Acquisition device and recording location were 477 

encoded jointly as a single site factor in the regression models, remaining study-specific differences 478 

were addressed in preprocessing. The dataset was split into (i) a reference cohort for training normative 479 

models (n = 1,427, 64% female); (ii) a held-out reference cohort without a diagnosis (n = 400, 64% 480 

female) and with multiple diagnosed conditions (iii) (n = 2146, 63% female; Figure 1). 481 

To address sampling bias, we selected “control” or “healthy” individuals from each included 482 

study and added a small proportion (<20%) of non-diagnosed samples. This latter group was included 483 

to deliberately introduce uncertainty into the training data and to push model representativeness toward 484 

a broader population. Because these individuals lacked clinical assessment, this subset may include 485 

under-represented diagnostic groups that are difficult to categorize, or conditions with symptoms subtle 486 

enough to have little or no measurable impact on everyday functioning. 487 

Furthermore, by aggregating data from studies with different original aims, we implicitly 488 

incorporate multiple definitions of “healthy” that may complement one another. For example, 489 

participants classified as healthy in a study focused on Alzheimer’s disease may still have co-occurring 490 

conditions such as ADHD or an anxiety subtype. Together, these tolerated “impurities” in the training 491 

set help us move beyond the case-control paradigm and the increasingly outdated notion of a single 492 

“healthy” population, supporting instead an individualized approach in which deviations are quantified 493 

relative to a heterogeneous reference population. 494 
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 495 

Preprocessing and harmonization 496 

Key to multi-site high dimensional data modelling is preprocessing. We investigated various 497 

denoising and harmonization pipelines and decided for a series of preprocessing and feature extraction 498 

steps that are commonly chosen in similar workflows 13,16,60, to maximize efficacy while keeping the 499 

study simple and reproducible. Raw signals were cleaned using the PREP automatic denoising pipeline 500 

60 for re-referencing and denoising, with RANSAC 61 for automatic bad-channel rejection and 501 

subsequent spherical interpolation. Each channel was resampled at 200Hz and then filtered with a notch 502 

filter at the local power-line frequency (50 or 60 Hz, depending on site) and a 0.5–50 Hz zero-phase 503 

FIR bandpass filter (Hamming window, 53 dB stopband attenuation) to retain the conventional EEG 504 

frequency range. Clean EEG recordings were segmented into non-overlapping 8-second epochs, in line 505 

with common practice where 2–8 s resting-state segments are used to balance low-frequency resolution, 506 

stationarity, and spectral reliability 62. We additionally ran an independent component analysis (ICA) 507 

pipeline to reduce ocular and spurious peak artifacts; results were produced in parallel but showed no 508 

substantial differences from the base pipeline. ICA was fit on a 1-Hz high-pass–filtered copy of the 509 

EEG (FastICA, maximizing non-Gaussianity). Ocular components were identified using, in order of 510 

availability, EOG channels, Fpz, or the mean of Fp1/Fp2; if none were available, no EOG-based 511 

exclusion was performed. Identified components were excluded and the solution was applied to the 512 

original (non–high-pass) data with identical channel order. 513 

Power spectra and relative narrow-band ratios were calculated via Welch’s periodogram 514 

method (Hamming 2-second window, 50% overlap, 0.5 Hz resolution). Power spectral density 515 

estimates were then averaged over the epochs to reduce variance 62. This choice, paired with the 516 

calculation parameters, reduced variability and increased stability of power spectral density estimates 517 

(PSD). Average power spectra were then normalized to the total power and narrow-bands relative 518 

powers were extracted as integral of the spectrum within fixed frequency ranges. The frequency bands 519 

were delta (δ) [0.5,4] Hz, theta (θ) [4,8] Hz, alpha (α) [8,12] Hz, beta (β) [12,32] Hz and gamma (γ) 520 

[32,50] Hz. To include further post-hoc evaluations, we modeled both relative band power as linear, as 521 

proportion of total signal power (fractional band power; FBP), and in decibel (dB) scale. Peak alpha 522 
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frequency (PAF) was extracted using a derivative-based approach. Within the α band, we identified 523 

local maxima as frequencies at which the first derivative of the power spectrum changed sign from 524 

positive to negative and the second derivative was negative, indicating a concave downward peak. 525 

Power ratios were calculated as ratios between channel-wise narrow bands powers and log-scaled 526 

(natural logarithm) to facilitate modelling. Aperiodic component 1/f slope and intercept were estimated 527 

using FOOOF fitting algorithm 5,63 and fitted over the absolute power spectra, extracted after signal 528 

standardization (z-score) 5. Fitting on standardized epochs prevented amplitude-dependent biases in the 529 

aperiodic estimates from propagating into the normative models. 530 

Finally, we used Koessler atlas 3D channels mapping to the MNI space to aggregate channels 531 

from different standards 26. The atlas maps canonical channels to a set of (x,y,z) coordinates that, in 532 

turn, refer to 11 lobes. Regions were Frontal right, median, left; Parietal right, median, left; Temporal 533 

right, left; Occipital right, median, left (Figure 2b). All 231 features were normalized at the individual 534 

level, and data quality was quantified as the percentage of retained ()*+,ℎ.%) fixed-length epochs after 535 

automatic rejection.  536 

 537 

Normative modelling with Generalized Additive Models for Location, Scale and Shape 538 

We fitted a total of 231 feature-region models, with sex-specific smooth age effects. Each 539 

normative trajectory was modeled as a conditional distribution of the response given age, sex, resting-540 

state condition (eyes-open vs eyes-closed), data quality, and acquisition site. To capture not only central 541 

tendency but also dispersion, skewness, and kurtosis, we used distributional regression within the 542 

GAMLSS framework 64. We fitted a four-parameter sinh-arcsinh (SHASH) distribution function 65. It 543 

is continuous on ℝ  and flexibly accommodates non-Gaussian responses commonly observed in 544 

quantitative EEG features. For each feature-region pair, we modeled 0 ∼ 23423(6, 8, 9, :), with  545 

6 ∼ *<(=>),  <0 = .)@) + .)@ + )0). + )*+,ℎ.% + BCD)"#" + E$/&
' + F)(.CB)),	546 

8 ∼ *<(=>), <0 = .)@) + .)@ + )0). + )*+,ℎ.% + BCD)"#" + E$/&
' ,	547 

9 ∼ *<(=>), <0 = .)@) + .)@ + )0). + )*+,ℎ.% + BCD)"#" + E$/&
' ,	548 

: ∼ 1 549 
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where *<(⋅) denotes a penalized B-spline smoother over age, fitted separately by sex, and F)(.CB)) is 550 

a random effect addend capturing site-level shifts in location. Sex, eyes condition, and the continuous 551 

quality metric ()*+,ℎ.%) were included as parametric effects in the location, scale, and skewness 552 

submodels. Similarly, to inform the model on total original duration of available data (resting state 553 

single run EEG), we added BCD)"#". Finally, we added E' measure from aperiodic component fitting 554 

pipeline (E$/&
' ). The three previous variables were added as additional quality-control covariates 555 

disentangled from the site intercept. This provides additional depth into individual-level signal quality. 556 

We constrained the kurtosis to an intercept-only specification to balance flexibility with stability. 557 

Model selection proceeded by fitting a sequence of increasingly complex candidate 558 

specifications and choosing the simplest model within ΔBIC ≤ 10 of the minimum BIC, supported by 559 

residual diagnostics (including normality/QQ-based checks), Filliben correlation, root mean squared 560 

error (RMSE), and variance explained (E'). All diagnostics were computed on the training cohort. This 561 

procedure consistently selected the same balanced specification across feature subtypes (narrow-band 562 

power, dB power, band ratios, and aperiodic 1/f measures). If the primary specification failed to 563 

converge (1% of feature-region pairs), we refit using reduced spline flexibility (lower effective degrees 564 

of freedom). We computed the z-scores as: 565 

O = Φ($QR( 0 ∣∣ @ )T 566 

where R( ⋅∣ @ ) is the fitted SHASH cumulative distribution function and Φ($ is the standard normal 567 

quantile function. Importantly, model selection (distribution family and predictor specification) was 568 

performed exclusively on the training cohort using information criteria and training-derived 569 

diagnostics; the held-out reference cohort was not used to choose among candidate specifications. 570 

 571 

Post-Hoc statistical analyses 572 

For out-of-sample pathological-to-reference analyses, each participant was projected into the 573 

normative space by computing model-derived z-scores for every feature-region pair, i.e., standardized 574 

deviations from the conditional distribution predicted by age, sex, resting-state condition (eyes-575 

open/closed), data quality, and site. All model fitting and training-only model selection were performed 576 
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exclusively on the training reference cohort. An independent held-out non-diagnosed reference cohort 577 

(n = 400; 64% female; age 1–72) was reserved and never used during model fitting or selection. This 578 

cohort served (i) for post-hoc out-of-sample evaluation and z-score calibration, and (ii) as the empirical 579 

normative reference distribution for all diagnosis-versus-reference statistical contrasts. Sex effects were 580 

evaluated by contrasting female and male trajectories on the same age grid, quantifying differences with 581 

curve-distance metrics (mean absolute difference, RMSE, absolute area between curves, and maximum 582 

absolute deviation) and Pearson's correlation as descriptive similarity index. Statistical significance was 583 

assessed using circular-shift permutation testing on the absolute-area statistic (2000 permutations, shift 584 

along the age grid). Hemispheric and topographic effects were assessed by comparing left-right 585 

homologous trajectories and by pairwise region-region comparisons within hemisphere using the same 586 

curve metrics. Statistical significance for trajectory-level comparisons was obtained via circular-shift 587 

permutation tests on the absolute-area statistic (2000 permutations, shift along the age grid). Because 588 

no significant trajectory-level differences emerged between cortical lobes (Supplementary Figures S9–589 

S10), subsequent group-level statistical contrasts were performed on the per-participant mean z-score 590 

across the 11 cortical lobes for each feature, rather than on each feature-region pair separately. For each 591 

diagnostic cohort, group-level deviations from the held-out reference were tested feature-by-feature 592 

using two-sided Mann–Whitney U tests on these region-averaged z-score distributions, with rank-593 

biserial correlation (r) as the effect-size measure. Pathological-to-pathological contrasts were assessed 594 

via the same procedure: pairwise two-sided Mann–Whitney U tests between diagnostic groups, on the 595 

distributions of the mean z-scores across the 11 cortical lobes for each feature, with rank-biserial 596 

correlation as effect size. Multiple comparisons were controlled using Benjamini-Hochberg false 597 

discovery rate correction, applied separately within each analysis family across all feature-level tests 598 

and across all trajectory-level permutation comparisons. 599 

Multivariate Deviation and Multivariate Classification with Cross-Validation  600 

To quantify global (multivariate) spectral deviations, we calculated the Mahalanobis distance 601 

(U') using a pairwise feature-matching approach. For each clinical group, we identified the subset of 602 

shared features ( O ) available between that diagnosis and the reference cohort. The reference 603 

distribution’s mean vector (6) and covariance matrix (2) were estimated using these shared features. 604 
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U' = (O − 6)) 	2($	(O − 6) 605 

Mahalanobis distance offers a holistic distance measure for each diagnostic cohort over the whole 606 

feature set. Hence, enabling multivariate deviation score, for spectral EEG analyses of pathological 607 

phenotypes. For within-category comparisons, such as ADHD vs ASD, we computed a symmetric 608 

Mahalanobis distance, defined as the average of the mean distance of Group A from Group B’s 609 

distribution and Group B from Group A’s distribution. To evaluate the discriminative power of 610 

normative spectral EEG z-scores, we implemented linear discriminant analysis (LDA) classifiers with 611 

least squares solver and Ledoit-Wolf lemma optimizing shrinkage to stabilize covariance estimation, 612 

reducing overfitting. LDA maximizes between-class separation relative to within-class variance across 613 

all features simultaneously 66. Three classifier configurations were evaluated. First, binary classifiers 614 

for each diagnostic cohort against the held-out reference. Second, a multiclass one-versus-rest classifier 615 

across all seven classes (six diagnostic cohorts plus the held-out reference), reporting per-class, micro-616 

average, and macro-average AUC. Third, binary within-category pairwise classifiers (ADHD vs ASD, 617 

Alzheimer's disease vs FTD, anxiety vs PTSD) to assess within-category separability. For multivariate 618 

classification, per-subject feature vectors were first obtained by averaging z-scores across the 11 lobar 619 

regions, yielding one observation per subject per feature. All classifiers then used 10-fold group-aware 620 

cross-validation, with folds defined at the subject level to prevent data leakage from repeated 621 

recordings. All z-scores used as classifier inputs were derived from normative models fitted exclusively 622 

on the training reference cohort; no test-set data influenced model fitting or feature derivation. 623 

Classification significance was assessed via subject-level label-permutation testing (10,000 iterations) 624 

with Phipson and Smyth corrected p-values, where labels were shuffled at the subject level while 625 

preserving class proportions, and per-class p-values were computed as the fraction of permuted AUCs 626 

exceeding the observed AUC 67. Finally, we performed leave-one-feature-out analysis on each binary 627 

classifier, quantifying the importance of each spectral feature measuring its contribution to the 628 

classification task, as the change in AUC upon its removal (ΔAUC = AUC_baseline - 629 

AUC_without_feature). 630 
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Figure Captions 872 

Figure 1: Normative modelling of electroencephalography (EEG)  derived spectral features. Study 873 

design, from data aggregation to feature-wise normative models and individualized scoring. (a) Pipeline 874 

stages: (i) multi-site EEG data aggregation, (ii) standardized preprocessing and artifact removal, (iii) 875 

spectral feature extraction from resting-state recordings, and (iv) GAMLSS normative model 876 

construction yielding individualized deviation scores relative to age- and covariate-adjusted population 877 

norms. (b) Training dataset: 1,427 individuals (1,891 recordings, 64% female, ages 1–82) from ten 878 

independent resting-state EEG datasets, including eyes-closed (EC) and eyes-open (EO) conditions. (c) 879 

Dataset composition: held-out non-diagnosed reference controls (n = 400) for out-of-sample model 880 

calibration and as empirical reference for clinical contrasts, alongside six diagnostic cohorts (ADHD, 881 

ASD, anxiety disorders, PTSD, Alzheimer's disease, FTD). Sites are identified by institution and EEG 882 

acquisition system. Together, this design enables normative deviation scoring that is strictly 883 

independent of model training. 884 

 885 

Figure 2: Lifespan trajectories and distributions across spectral features. Normative centile 886 

trajectories resolve whole-brain spectral maturation from infancy to old age, capturing both central 887 

tendency and inter-individual variability. (a) Whole-brain 50th percentile trajectories (% of maximum 888 

value), averaged over cortical regions for all modeled features, shown separately by sex (solid = male, 889 

dotted = female) with 95% confidence intervals (C.I.). The developmental peak (diamond, ~25-35 years 890 

with 95% C.I.) marks the convergence of alpha/PAF maxima and fast-band growth deceleration; the 891 

mid-life inflection (triangle, ~50 years) marks accelerated delta descent and PAF directional change. 892 

Life stages are annotated along the top axis. (b) Regional centile bands (25–75, 10–90, 2.5–97.5 893 

percentiles) for eight features, showing the full distributional spread and trajectory across the lifespan. 894 

Female, Left Parietal models shown as example. (c) Cortical lobe parcellation for channel aggregation 895 

into eleven symmetric cortical regions, following Koessler et al. Together, these trajectories reveal two 896 

hallmarks of spectral maturation: a developmental growth spurt until around age 20 and a mid-life 897 

inflection between ages 45 and 60 circa. 898 

 899 
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Figure 3. Heterogeneous deviations across neuropsychiatric conditions. Diagnostic cohorts' group-900 

level deviations from normative spectral expectations, at both the univariate feature level and through 901 

multivariate classification. (a) Periodic spectral z-score distributions per diagnostic group versus the 902 

held-out reference. Statistical testing was performed on subject-level z-scores obtained by averaging 903 

across the 11 lobar regions. Z-scores are well-centered for the reference, confirming out-of-sample 904 

calibration. The strongest deviations are observed in Alzheimer's disease and FTD. (b) Aperiodic (1/f) 905 

z-score distributions; these features have not previously been evaluated normatively across this range 906 

of conditions. In (a) and (b): significance above boxes indicates deviation from reference (*q<0.05, 907 

*q<0.01, **q<0.001); markers below indicate within-category pairwise comparisons (none significant). 908 

(c) Individual-level scatter with 95% confidence ellipses in theta–beta z-score space (bivariate distance 909 

space). Placing this established marker pair into a broader cross-diagnostic perspective; only 910 

Alzheimer's disease and FTD separate from the reference. (d) Binary LDA classifier ROC curves and 911 

AUC, trained with 10-fold subject-level cross-validation, with significance assessed via 10,000-912 

iteration label-permutation testing. (e) Leave-one-feature-out analysis: ΔAUC quantifies each feature's 913 

contribution to classification; positive values indicate the feature aids discrimination. Collectively, these 914 

analyses reveal a clear hierarchy: neurocognitive disorders produce large, classifiable deviations driven 915 

by broadband spectral reorganization, whereas neurodevelopmental and mental-health conditions show 916 

diffuse, near-chance profiles that no single feature, nor the full spectral-feature space, can resolve. 917 

 918 

Figure 4. Effects of region, sex, recording condition, and age on normative spectral features. 919 

Evaluation of the effects of topographical, biological, and experimental covariates on 11-dimensional 920 

deviation profiles. (a) Regional classification performance (AUC) per diagnostic group mapped onto 921 

10–20 electrode positions; no significant lobar differences within any group. (b) Mahalanobis distance 922 

(D², 11 features) per diagnostic group, split by sex (solid = male, hatched = female). Values above 923 

violins show effect size (r) and significance for diagnosis versus reference; values below show within-924 

diagnosis sex comparisons (all non-significant). Alzheimer's disease shows the largest multivariate 925 

separation (r = +0.94). (c) Same as (b), split by recording condition (solid = eyes closed, dotted = eyes 926 

open). Marginal effects in ADHD (r = +0.06, q < 0.05) and anxiety (r = +0.16, q < 0.01) are negligible 927 
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in magnitude. (d) Deviation profiles by age (2-year bins) and recording condition (solid = eyes closed) 928 

across diagnostic categories: neurodevelopmental/mental health conditions (top, bottom) maintain 929 

stable, low-magnitude deviations across age; neurocognitive conditions (middle) show persistently 930 

elevated deviations. These results confirm that multivariate spectral deviation profiles generalize 931 

robustly across covariates and primarily reflect intrinsic physiological variation. 932 

 933 

Figure 5. A unified lifespan normative reference for spectral EEG across neurocognitive, 934 

neurodevelopmental, and mental health conditions. (a) 50th percentile trajectories (q₅₀) with 935 

dispersion (σ) for narrow-band powers (δ, θ, α, β, γ in dB), PAF, aperiodic components (1/f slope, 936 

intercept), and band ratios (θ/β, θ/α, fast/slow). Arrows denote dominant lifespan trend: decreasing (↓), 937 

increasing (↑), or variable (↕). (b) Per-feature deviation profiles across six diagnostic cohorts: direction, 938 

effect size (rank-biserial r), and significance (*q<0.05, **q<0.01, ***q<0.001), benchmarked against 939 

literature (✓ confirmed, → extended, ✕ disputed, ★ novel). Colored diamonds indicate above-norm 940 

(▲) or below-norm (▼) deviations; gray = non-significant; saturation scales with effect size. 941 

Neurocognitive disorders show the strongest signatures, with θ/α yielding the largest effect 942 

(Alzheimer's: r = +0.79). Novel aperiodic findings are reported for both Alzheimer's disease and FTD. 943 

The θ/β ratio fails to reach significance in ADHD (n = 1,034). Anxiety shows a novel 1/f intercept 944 

elevation. PTSD shows no significant deviations. Across all cohorts, the convergence of validated 945 

findings with the established literature supports the credibility of the results reported here. Taken 946 

together, this framework synthesizes a fragmented literature into a unified normative reference, 947 

enabling more principled and homogeneous comparisons across studies, and charting a tractable route 948 

towards the integration of neuroscientific findings into clinical decision support systems for cost-949 

effective biomarkers derived from quantitative electroencephalography (EEG) recordings. 950 



Figures

Figure 1

Normative modelling of electroencephalography (EEG) derived spectral features. Study design, from
data aggregation to feature-wise normative models and individualized scoring. (a) Pipeline stages: (i)
multi-site EEG data aggregation, (ii) standardized preprocessing and artifact removal, (iii) spectral
feature extraction from resting-state recordings, and (iv) GAMLSS normative model construction yielding
individualized deviation scores relative to age- and covariate-adjusted population norms. (b) Training
dataset: 1,427 individuals (1,891 recordings, 64% female, ages 1–82) from ten independent resting-state
EEG datasets, including eyes-closed (EC) and eyes-open (EO) conditions. (c) Dataset composition: held-
out non-diagnosed reference controls (n = 400) for out-of-sample model calibration and as empirical
reference for clinical contrasts, alongside six diagnostic cohorts (ADHD, ASD, anxiety disorders, PTSD,
Alzheimer's disease, FTD). Sites are identified by institution and EEG acquisition system. Together, this
design enables normative deviation scoring that is strictly independent of model training.



Figure 2

Lifespan trajectories and distributions across spectral features. Normative centile trajectories resolve
whole-brain spectral maturation from infancy to old age, capturing both central tendency and inter-
individual variability. (a) Whole-brain 50th percentile trajectories (% of maximum value), averaged over
cortical regions for all modeled features, shown separately by sex (solid = male, dotted = female) with
95% confidence intervals (C.I.). The developmental peak (diamond, ~25-35 years with 95% C.I.) marks
the convergence of alpha/PAF maxima and fast-band growth deceleration; the mid-life inflection
(triangle, ~50 years) marks accelerated delta descent and PAF directional change. Life stages are
annotated along the top axis. (b) Regional centile bands (25–75, 10–90, 2.5–97.5 percentiles) for eight
features, showing the full distributional spread and trajectory across the lifespan. Female, Left Parietal
models shown as example. (c) Cortical lobe parcellation for channel aggregation into eleven symmetric
cortical regions, following Koessler et al. Together, these trajectories reveal two hallmarks of spectral
maturation: a developmental growth spurt until around age 20 and a mid-life inflection between ages 45
and 60 circa.
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Figure 3

Heterogeneous deviations across neuropsychiatric conditions. Diagnostic cohorts' group-level
deviations from normative spectral expectations, at both the univariate feature level and through
multivariate classification. (a) Periodic spectral z-score distributions per diagnostic group versus the
held-out reference. Statistical testing was performed on subject-level z-scores obtained by averaging
across the 11 lobar regions. Z-scores are well-centered for the reference, confirming out-of-sample



calibration. The strongest deviations are observed in Alzheimer's disease and FTD. (b) Aperiodic (1/f) z-
score distributions; these features have not previously been evaluated normatively across this range of
conditions. In (a) and (b): significance above boxes indicates deviation from reference (*q<0.05, *q<0.01,
**q<0.001); markers below indicate within-category pairwise comparisons (none significant). (c)
Individual-level scatter with 95% confidence ellipses in theta–beta z-score space (bivariate distance
space). Placing this established marker pair into a broader cross-diagnostic perspective; only
Alzheimer's disease and FTD separate from the reference. (d) Binary LDA classifier ROC curves and AUC,
trained with 10-fold subject-level cross-validation, with significance assessed via 10,000-iteration label-
permutation testing. (e) Leave-one-feature-out analysis: ΔAUC quantifies each feature's contribution to
classification; positive values indicate the feature aids discrimination. Collectively, these analyses reveal
a clear hierarchy: neurocognitive disorders produce large, classifiable deviations driven by broadband
spectral reorganization, whereas neurodevelopmental and mental-health conditions show diffuse, near-
chance profiles that no single feature, nor the full spectral-feature space, can resolve.

Figure 4

Effects of region, sex, recording condition, and age on normative spectral features. Evaluation of the
effects of topographical, biological, and experimental covariates on 11-dimensional deviation profiles.



(a) Regional classification performance (AUC) per diagnostic group mapped onto 10–20 electrode
positions; no significant lobar differences within any group. (b) Mahalanobis distance (D2, 11 features)
per diagnostic group, split by sex (solid = male, hatched = female). Values above violins show effect size
(r) and significance for diagnosis versus reference; values below show within-diagnosis sex
comparisons (all non-significant). Alzheimer's disease shows the largest multivariate separation (r =
+0.94). (c) Same as (b), split by recording condition (solid = eyes closed, dotted = eyes open). Marginal
effects in ADHD (r = +0.06, q < 0.05) and anxiety (r = +0.16, q < 0.01) are negligible in magnitude. (d)
Deviation profiles by age (2-year bins) and recording condition (solid = eyes closed) across diagnostic
categories: neurodevelopmental/mental health conditions (top, bottom) maintain stable, low-magnitude
deviations across age; neurocognitive conditions (middle) show persistently elevated deviations. These
results confirm that multivariate spectral deviation profiles generalize robustly across covariates and
primarily reflect intrinsic physiological variation.



Figure 5

A unified lifespan normative reference for spectral EEG across neurocognitive, neurodevelopmental,
and mental health conditions. (a) 50th percentile trajectories (q50) with dispersion (σ) for narrow-band
powers (δ, θ, α, J3, γ in dB), PAF, aperiodic components (1/f slope, intercept), and band ratios (θ/J3, θ/α,
fast/slow). Arrows denote dominant lifespan trend: decreasing (↓), increasing (↑), or variable (↕). (b) Per-
feature deviation profiles across six diagnostic cohorts: direction, effect size (rank-biserial r), and
significance (*q<0.05, **q<0.01, ***q<0.001), benchmarked against literature (✓ confirmed, → extended,
� disputed, ★ novel). Colored diamonds indicate above-norm (▲) or below-norm (▼) deviations; gray =



non-significant; saturation scales with effect size. Neurocognitive disorders show the strongest
signatures, with θ/α yielding the largest effect (Alzheimer's: r = +0.79). Novel aperiodic findings are
reported for both Alzheimer's disease and FTD. The θ/J3 ratio fails to reach significance in ADHD (n =
1,034). Anxiety shows a novel 1/f intercept elevation. PTSD shows no significant deviations. Across all
cohorts, the convergence of validated findings with the established literature supports the credibility of
the results reported here. Taken together, this framework synthesizes a fragmented literature into a
unified normative reference, enabling more principled and homogeneous comparisons across studies,
and charting a tractable route towards the integration of neuroscientific findings into clinical decision
support systems for cost-effective biomarkers derived from quantitative electroencephalography (EEG)
recordings.
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