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Abstract 

 

EEG microstates are conventionally derived from broadband signals, although their temporal 

dynamics may differ across frequency ranges. Whether age associations in conventional voltage 

microstates are similarly frequency specific remains unclear. We examined resting-state EEG 

from 60 healthy adults aged 20–78 years and derived microstates separately from broadband (1–
30 Hz), delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), and beta (15–30 Hz) activity. The number 

of microstates was selected independently for each band using the Krzanowski–Lai criterion, 

yielding four classes for broadband, delta, alpha, and beta, and five for theta. Age associations 

were tested for duration, occurrence, coverage, global explained variance, observed transition 

probabilities, and transitions adjusted for those expected from class prevalence, with false-

discovery-rate correction. 

Age associations showed a marked spectral dependence. Of 84 state-level tests, 13 survived 

correction: one in broadband, six in delta, one in theta, none in alpha, and five in beta. In delta, 

increasing age was associated with greater expression of MS B and reduced expression of MS C 

across duration, occurrence, and coverage. In beta, age was associated with greater MS A 

expression and reduced MS C expression. All significant state-level associations remained after 

adjustment for sex, education, and band-specific spectral power. Eight observed transition 

associations survived correction, all in broadband and delta, but only three remained after 

accounting for transitions expected from state prevalence. 

These findings indicate that age-related variation in EEG microstate dynamics is strongly 

frequency-specific and is expressed primarily through redistribution of state expression rather 

than through widespread alteration of transition preference. Frequency-resolved microstate 

analysis, hence, reveals age associations that are not evident in conventional broadband analysis. 

 

Introduction 

Aging is accompanied by systematic changes in spontaneous electrophysiological activity, many 

of which depend strongly on frequency. Alterations in oscillatory power, dominant frequencies, 

and spectral organization are among the most consistently reported features of healthy brain 

aging (Fernández-Rubio et al., 2025). This frequency dependence is important for interpreting 

electrophysiological changes associated with cognitive decline and neurodegenerative disease, 

because many EEG measures proposed as clinical markers are themselves sensitive to aging 

(Chetty et al., 2024; Fernández-Rubio et al., 2025; Yuan et al., 2025). Characterizing how aging is 

expressed across spectral components of ongoing EEG is therefore important both for 

understanding physiological aging and for interpreting disease-related abnormalities.   

EEG microstate analysis provides a complementary description of spontaneous brain activity by 

representing the continuous EEG as a sequence of recurrent, quasi-stable scalp potential 



configurations whose temporal properties have been linked to a range of cognitive, clinical, and 

experimental conditions (Koenig et al., 2002; Michel & Koenig, 2018; Tarailis et al., 2024).  Their 

temporal expression is commonly characterized by duration, occurrence, coverage, and global 

explained variance, while sequential organization can be described using transition probabilities 

and other sequence-based measures (Michel & Koenig, 2018; Tarailis et al., 2026). Previous 

lifespan studies using conventional broadband EEG have demonstrated age-related variation in 

these measures (Koenig et al., 2002; Tomescu et al., 2018; Zanesco et al., 2020; Jabès et al., 2021). 

However, the specific classes and parameters associated with age have varied across studies, and 

broadband analyses provided limited information about the spectral components underlying 

these associations. This matters because broadband EEG combines activity from frequency 

ranges that show distinct age trajectories.  

A less explored aspect of microstate analysis is the spectral composition of the EEG from which 

microstates are derived. Conventional microstate analysis predominantly uses broadband EEG, 

although broadband activity integrates contributions from multiple frequency ranges. Férat et al. 

(2022) derived conventional EEG microstates separately from delta-, theta-, alpha-, and beta-

band activity and found highly similar topographies across bands and broadband EEG. Despite 

this spatial similarity, their temporal sequences showed substantial informational independence, 

and microstate parameters differed systematically across frequency bands. This suggests that 

broadband analysis may obscure frequency-specific differences in microstate dynamics.  

Evidence that this spectral distinction matters for aging is beginning to emerge. Using resting-

state MEG data from 624 participants aged 18–88 years, Huang et al. (2024) reported age-related 

differences in frequency-resolved microstate dynamics, with prominent alpha-band effects and 

additional changes in theta and beta. Together, these findings suggest that age effects on 

microstate dynamics may depend on frequency. However, whether comparable effects 

characterize conventional EEG voltage microstates remains less clear. It is also unknown whether 

spectral specificity extends beyond individual microstate parameters to the organization of 

transitions between states.  

Transition probabilities provide information complementary to duration, occurrence, coverage, 

and GEV by quantifying how frequently one microstate follows another. Age-related transition 

differences have been reported in broadband EEG (Tomescu et al., 2018). However, observed 

transitions depend partly on the relative occurrence of the participating states. Comparing 

observed with expected transitions can therefore help distinguish changes in state prevalence 

from changes in transition preference (Antonova et al., 2022; Khazaei et al., 2021).  

Recent work using instantaneous-frequency microstates has also identified age-related 

differences in frequency-specific transition dynamics (Nobukawa et al., 2026). Although this 

approach characterizes phase-derived frequency patterns rather than conventional voltage-

topography microstates, it suggests that age-related changes in sequential EEG organization may 

themselves be frequency dependent. To our knowledge, however, frequency-specific age 

associations in the transition structure of conventional EEG voltage microstates have not been 

systematically examined across the major resting-state frequency bands. Thus, it is yet not clear 

whether spectral specificity in healthy aging is limited to the expression of individual microstates 

or also extends to their sequential organization. 

The present study investigated the spectral organization of age-related variation in resting-state 

EEG microstate dynamics. Using a previously characterized adult EEG dataset (James & Burgess, 

2025), we derived microstates from broadband EEG and separately from delta-, theta-, alpha-, 

and beta-band activity, with the number of microstate classes selected independently for each 

band. First, we examined associations between age and microstate duration, occurrence, 



coverage, and GEV across spectral ranges. Second, we tested whether age-related differences 

extended to sequential organization by analyzing observed transition probabilities and 

deviations from expected transitions. We expected age associations to vary across frequency 

ranges; however, because existing evidence does not support reliable directional predictions for 

specific bands, classes, or transition pairs, these analyses were exploratory at the level of 

individual states and transitions.  

 

Methods 

 

Participants 

Analyses used the previously characterized dataset of James and Burgess (2025), comprising 

eyes-closed resting-state EEG data from 60 healthy adults (36 female, 24 male) aged 20–78 years, 

uniformly sampled across age, with 10 participants per decade. The full published sample was 

analysed; no additional participant selection was applied, and no participant met the data-quality 

exclusion criterion described below. Age distributions did not differ between sexes (Mann–
Whitney U, p = .98). For categorical analyses, participants were grouped as young (20–39 years), 

middle-aged (40–59 years), and older (60–78 years; n = 20 per group). Recordings comprised 66 

channels sampled at 500 Hz; full acquisition details are provided in James and Burgess (2025). 

 

EEG preprocessing 

Preprocessing was performed in EEGLAB 2026.0.0 (Delorme & Makeig, 2004). Three non-scalp 

channels were removed, leaving 63 scalp electrodes at standard 10-10 positions. Data were high-

pass filtered at 1 Hz and then low-pass filtered at 40 Hz (separate zero-phase Hamming-

windowed FIR filters). Bad channels were detected with clean_rawdata (flatline criterion 5 s, 

channel-correlation criterion 0.8, line-noise criterion 4; burst correction and window rejection 

disabled) and removed before ICA to preserve data rank (median 2 channels per participant, 

range 0–12). Extended Infomax ICA was computed on the full-rank continuous data, and 

components classified by ICLabel (Pion-Tonachini et al., 2019) as ocular or cardiac with probability > .70 were removed (mean ≈ 2.9 components per participant); no artifact-subspace 

reconstruction was applied. Removed channels were then interpolated (spherical splines), data 

were re-referenced to the common average and resampled to 250 Hz. Recordings remained 

continuous throughout: no epoching or amplitude-based data rejection was applied. This choice 

was made a priori to avoid introducing age-dependent differences in retained data quantity 

through fixed amplitude-rejection thresholds. The mean analyzed recording length was 321.5 s 

(SD = 43.5, range 281.0–559.7) and was identical across frequency bands within each participant. 

 

Frequency-band decomposition 

The cleaned continuous data were filtered into five ranges following the band scheme of Férat et 

al. (2022): broadband (1–30 Hz), delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), and beta (15–
30 Hz), using zero-phase Hamming-windowed FIR filters with fixed temporal lengths (3.31 s for 

broadband and delta, 1.66 s for theta and alpha, 0.90 s for beta; filter orders 828, 828, 414, 414, 

and 224 at 250 Hz). The 1–30 Hz broadband range was defined a priori as the span of the analyzed 

sub-bands, thereby limiting potential contamination from high-frequency muscle artifacts. 

 

Microstate analysis 

Microstate analysis was performed in MICROSTATELAB v2.1 (Nagabhushan Kalburgi et al., 

2024). For each participant and band, individual microstate (MS) maps were identified by 



modified k-means clustering restricted to topographies at global field power (GFP) peaks, using 

all available peaks, ignoring polarity, on amplitude-normalized data, with 20 random restarts, for 

cluster numbers k = 4–7 (fixed random seeds). The number of clusters was selected per band 

using the Krzanowski–Lai criterion (Krzanowski & Lai, 1988), computed for k = 3–12 on 10 

random subsamples of 500 GFP-peak topographies per participant, with polarity-invariant k-

means, and averaged across participants (Supplementary Table S2, Supplementary Fig. S1). The 

group-level optimum was k = 4 for broadband, delta, alpha, and beta, and k = 5 for theta, and these 

values were adopted for subsequent analyses. Band-wise group mean maps were computed using 

a permute-and-average procedure (polarity ignored) and labeled according to the canonical 

microstate classes of Custo et al. (2017) following visual inspection of the group topographies; 

the classes represented differed between bands (Figure 1). The group labeling was then 

propagated to all individual datasets. Because group-deviant topographies may themselves 

reflect age effects, participant exclusion was based only on an absolute quality criterion (polarity-

invariant mean spatial correlation of the individual maps with the corresponding group mean 

maps below .50 in any band); no participant met this criterion (lowest value .531, beta band), and 

all 60 participants were retained. 

The group mean maps were then fit back to each participant's continuous band-filtered data, with 

class assignment determined at GFP peaks and extended to the intervening samples by linear 

interpolation of class membership, consistent with the clustering procedure. For every class, we 

extracted mean duration (ms), occurrence (Hz), coverage (%), and individually explained 

variance (GEV), separately for each band. Transition probabilities were extracted both as 

observed matrices and as matrices expected under independence given class occurrence (e.g., 

Khazaei et al., 2021; Antonova et al., 2022). Chance-adjusted transition preference was quantified as the relative deviation from the expected value, 100 × (observed − expected) / expected, as 
implemented in MICROSTATELAB. Self-transitions were excluded, yielding 12 ordered class pairs 

at k = 4 and 20 at k = 5. 

 

Spectral power estimation 

For the power-control analysis, individual band power was computed for each participant from 

the cleaned continuous broadband (1-30 Hz) recording using Welch’s method (4-s Hamming 

windows, 50% overlap). Power was averaged across all 63 scalp channels, then across the 

frequency bins within each band, and then log10-transformed. This measure is distinct from 

global field power (GFP), which was used only to select the topographies included in clustering. 

Group-mean spectra are shown in Supplementary Fig. S5. 

 

Statistical analysis 

Age was uniformly sampled across adulthood by design. Spearman rank correlations were used 

for all age associations to assess monotonic relationships without assuming linearity and to 

reduce sensitivity to outliers. False-discovery-rate (FDR) control (Benjamini & Hochberg, 1995) 

was applied at q = .05 within a priori-defined inferential families based on the analytical structure. 

For state parameters, each band × parameter combination constituted a separate family 

comprising that band's microstate classes (20 families of 4 or 5 tests; 84 tests). For transitions, 

the directed class-pair transitions within each band constituted a separate family (12 pairs at k = 

4, 20 at k = 5), with corrections applied separately to observed and chance-adjusted transition 

probabilities (5 families per metric; 68 tests per metric), for 220 primary-age tests in total. The 

robustness of FDR-significant state-level and transition-level age associations was evaluated in 

secondary sensitivity analyses using (a) partial Spearman correlations controlling for sex and 



education, (b) three-group comparisons (young, middle-aged, and older) using one-way ANOVA 

with Tukey post-hoc tests, (c) Cohen's d for older versus young participants with bootstrap 95% 

confidence intervals (10,000 iterations), and (d) partial Spearman correlations additionally 

controlling the log10-transformed spectral power of the corresponding frequency band. For 

reference, the minimum detectable correlation for an individual two-tailed test at n = 60, α = .05, 
and 80% power is |r| = .355.  Secondary sex analyses used Mann–Whitney U tests with the rank-

biserial correlation as effect size (positive values indicate higher values in males), FDR-corrected 

within band × parameter families. 

 

Results 

 

Microstate topographies 

The Krzanowski–Lai criterion favored four clusters in broadband, delta, alpha and beta and five 

in theta (Supplementary Table S2, Supplementary Fig. S1). The group-mean maps of each band 

corresponded to canonical microstate classes (Figure 1): A, B, C and D in broadband, delta and 

beta; A, B, D and F in alpha; and A, B, D, E and F in theta. No participant met the exclusion criterion, 

and all 60 participants (300 participant × band datasets) entered the analyses. 

 

 
Figure 1. Group-mean microstate maps for each frequency band under the final cluster-number 

scheme (k = 4 for broadband, delta, alpha, and beta; k = 5 for theta; based on 60 participants), 

labeled according to the canonical classes of Custo et al. (2017); empty cells indicate classes not 

represented in that band. Maps are amplitude-normalized. Map polarity is arbitrary in microstate 

analysis; for display, each map is shown with the sign that aligns it with the corresponding 

template map. All analyses are polarity-invariant. 

 



Age associations with microstate temporal parameters show a frequency-dependent 

distribution 

Of 84 state-level age tests, 13 survived FDR correction (Figure 2, Table 1): one in broadband, six 

in delta, one in theta, none in alpha, and five in beta.  

Figure 2. Heatmaps of Spearman ρ between age and each temporal parameter (duration, 
occurrence, coverage, GEV) for every microstate class and frequency band. Black outlines and 

bold values indicate FDR-significant associations (q = .05, within band × parameter families). 

Thirteen of 84 tests were significant (broadband 1, delta 6, theta 1, alpha 0, beta 5). 

 

Broadband analysis yielded a single state-level association, an increase in the coverage of MS A with age (ρ = .33, q = .042). The delta- and beta-band state-level effects, which involve MS B and 

MS C in opposite directions, had no broadband counterpart. In the delta band, age was associated with greater expression of MS B (coverage ρ = .47, duration ρ = .45, occurrence ρ = .40; all q ≤ .007) and reduced expression of MS C (duration ρ = −.46, coverage ρ = −.41, occurrence ρ = −.36; all q ≤ .010). In the beta band, age was associated with greater expression of MS A (GEV ρ = .43, coverage ρ = .42, duration ρ = .36; all q ≤ .019) and reduced expression of MS C (occurrence ρ = −.44, coverage ρ = −.44; both q ≤ .002). In the theta band, only the duration of MS F increased with age (ρ = .36, q = .025), and no alpha-band parameter was associated with age. Figure 3 illustrates 

six of the strongest associations. 

 



Figure 3. Scatterplots of age against six FDR-significant associations: the strongest association of 

each band (by absolute Spearman correlation), followed by the next strongest overall — broadband MS A coverage (ρ = .33), delta MS B coverage (ρ = .47), theta MS F duration (ρ = .36), beta MS C occurrence (ρ = −.44), delta MS C duration (ρ = −.46) and delta MS B duration (ρ = .45). 
Each point represents one participant (n = 60); least-squares fit lines are shown for visualisation. 

 

Age-related reorganization of microstate transitions 

For observed transition probabilities, 8 of 68 tests survived FDR correction (Figure 4, Table 1).  

 

 
Figure 4. Network diagrams of FDR-significant age associations of transition probabilities by 

band. Top: observed transition probabilities (8 of 68 significant); bottom: chance-adjusted 

probabilities (3 of 68). Red edges indicate transitions that increase with age, blue edges decrease; 



edge width is proportional to |ρ|. Directions are also given numerically in Supplementary Tables 
S3–S4. 

 In broadband, transitions between MS A and MS B increased with age (A→B ρ = .45, B→A ρ = .47; both q = .001) while transitions between MS C and MS D decreased (C→D ρ = −.45, D→C ρ = −.45; both q = .001). The delta band showed the same pattern (A→B ρ = .40 and B→A ρ = .40, both q = .008; C→D ρ = −.35, q = .019; D→C ρ = −.39, q = .008); no theta, alpha or beta transition was 
associated with age. When transitions were expressed as deviations from those expected from 

class prevalence alone, 3 of 68 associations were FDR-significant: delta MS A→B (ρ = .39, q = .024), delta MS D→B (ρ = .36, q = .027), and beta MS B→C (ρ = −.37, q = .047). Only delta MS A→B was 
significant in both analyses. Of the other seven observed-transition associations, three were 

substantially attenuated in the deviation analysis (broadband MS A→B, ρ = .45 → .18; delta MS B→A, ρ = .40 → .21; delta MS C→D, ρ = −.35 → −.06), while four fell just short of the corrected 
threshold (q = .063–.065). Conversely, delta MS D→B and beta MS B→C were significant only as 

deviations (observed q = .117 and .095). All eight observed associations were weaker as deviations (mean |ρ| .42 → .27), indicating that a substantial part of the apparent age-related 

change in the observed transition matrix reflects the age-related changes in class prevalence 

reported above, alongside a small number of transition associations that are not explained by 

prevalence alone (full transition tables in Supplementary Tables S3–S4). 

 

Table 1. Overview of FDR-significant associations by frequency band (q = .05, within-band 

families). State: temporal parameters (duration, occurrence, coverage, GEV) of each class; classes with at least one parameter increasing (↑) or decreasing (↓) with age are listed. Observed / 

Chance-adj.: transition probabilities. Sex: Mann–Whitney differences. 

Band k Classes State 

tests 

↑ with 
age 

↓ with 
age 

Observed 

transition

s 

Chance-

adj. 

transition

s 

Sex 

difference

s 

Broadband 4 ABCD 1/16 MS A — 4/12 0/12 1/16 

Delta 4 ABCD 6/16 MS B MS C 4/12 2/12 1/16 

Theta 5 ABDEF 1/20 MS F — 0/20 0/20 0/20 

Alpha 4 ABDF 0/16 — — 0/12 0/12 0/16 

Beta 4 ABCD 5/16 MS A MS C 0/12 1/12 8/16 

Total     13/84     8/68 3/68 10/84 

 

Secondary sex differences 

Secondary sex analyses identified 10 of 84 FDR-significant differences; eight of them were in the 

beta band (Supplementary Table S5). Two sex-related differences coincided with age-associated 

parameters (beta MS A duration and beta MS C coverage), indicating limited overlap between the 

identified age- and sex-associated patterns. 

 

Sensitivity analyses 

In sensitivity analyses, all 13 FDR-significant state-level age associations remained significant in 

partial Spearman correlations controlling for sex and education (13/13), and in partial 

correlations additionally controlling the log10-transformed spectral power of the corresponding 

frequency band (13/13; Supplementary Table S6). The delta associations were unchanged or strengthened by the power adjustment (e.g., MS C duration, ρ = −.46 → −.52), whereas the beta 
associations were attenuated but remained significant (e.g., MS C coverage, ρ = −.44 → −.35). 



Consistent with this dissociation, band power itself was associated with age only in the beta band (ρ = .35, p = .007; Supplementary Fig. S5). 
Three-group comparisons were consistent with the continuous age associations for 12 of 13 

parameters. Descriptively, older-versus-young effect sizes were large (|d| ≥ 0.8) for the same 12 
associations, with bootstrap 95% confidence intervals excluding zero; the single exception was delta MS C duration (d = −0.51 [−1.90, 0.11]; ANOVA p = .25). These effect sizes are reported to 
describe the magnitude of the age differences; the inferential tests are the FDR-corrected 

correlations above (Supplementary Table S1, Supplementary Figs. S2–S3). Tukey HSD 

comparisons localized these differences to the extremes of the age range: young versus older 

participants differed significantly for 12 of the 13 parameters, whereas young versus middle-aged 

differed for three and middle-aged versus older for one (Supplementary Table S8). 

The transition-level findings were similarly robust: all 11 FDR-significant associations remained 

significant with sex, education, and band power controlled; all showed large older-versus-young 

effects with confidence intervals excluding zero, and 10 of 11 differed significantly across the 

three age groups (exception: chance-adjusted delta MS D→B, p = .059). In Tukey HSD 
comparisons, all 11 transition associations differed between young and older participants, 

including chance-adjusted delta MS D→B (p = .049), whereas only one differed between young 

and middle-aged participants and two between middle-aged and older participants 

(Supplementary Table S7, Supplementary Fig. S4, Supplementary Table S9). 

 

Discussion 

The present study shows that age associations with resting-state EEG microstate dynamics are 

strongly frequency dependent. Broadband microstate parameters showed comparatively limited 

associations with age, whereas effects were concentrated mainly in the delta and beta bands, with 

only limited evidence in theta and none in alpha. In delta, increasing age was associated with 

greater expression of MS B and reduced expression of MS C across several temporal parameters, 

whereas beta showed a distinct redistribution characterised by greater MS A and reduced MS C 

expression. Age was also associated with observed transition structure, although these effects 

were markedly reduced after accounting for transitions expected from state prevalence. Overall, 

age-related microstate variation was expressed primarily as frequency-specific redistribution of 

state expression.  

Age-related variation in microstate dynamics has previously been demonstrated using 

conventional broadband EEG (Koenig et al., 2002; Tomescu et al., 2018; Zanesco et al., 2020; Jabès 

et al., 2021), although the specific microstate classes associated with age have differed across 

studies. Direct comparison is complicated by differences in model order and class definition, 

particularly in frequency-resolved analyses. In the present analysis, the Krzanowski–Lai criterion 

favored four classes for broadband, delta, alpha, and beta activity, but five for theta, and the 

resulting class compositions also differed across bands. Thus, identically labeled classes should 

not be assumed to represent strictly equivalent topographies across spectral ranges. 

For this reason, the more informative finding is the distribution of age associations across 

frequency bands rather than the behaviour of any single canonical class. Férat et al. (2022) 

showed that recognizable microstate topographies can be recovered from delta-, theta-, alpha-, 

and beta-filtered EEG, despite clear differences in their temporal dynamics. Our findings extend 

this observation by showing that age associations are likewise unevenly distributed across the 

spectrum, with the clearest effects in delta and beta.  

Notably, this spectral pattern differs from that reported by Huang et al. (2024), who found 

prominent alpha-band microstate effects in resting-state MEG, along with changes in theta and 



beta bands. In contrast, the present EEG analysis showed clearer delta- and beta-band 

associations and no corrected state-level effects in alpha. Differences across studies may reflect 

recording modality, microstate definition, model order, age modeling, or frequency specification. 

More broadly, age effects are not expressed uniformly across electrophysiological measures or 

frequency ranges, as also shown for frequency-resolved resting-state connectivity (Ruuskanen et 

al., 2026). The lack of an alpha effect is particularly interesting because the same cohort showed 

clear age sensitivity of conventional spectral features and peak alpha frequency (James & Burgess, 

2025). Moreover, all significant age–microstate associations remained after adjustment for band-

specific power, suggesting that the observed effects were not simply a consequence of age-related 

differences in spectral amplitude.  

Within delta and beta, age associations formed coherent within-class patterns rather than 

isolated parameter changes, consistent with a redistribution of recurrent scalp-field 

configurations within these frequency ranges. Functional attribution should nevertheless remain 

conservative because correspondence between individual scalp maps and specific cognitive 

systems remains limited (Custo et al., 2017; Michel & Koenig, 2018; Tarailis et al., 2024; Bréchet 

& Michel, 2026). Recent work has also shown that some noncanonical microstate topographies 

may be particularly susceptible to movement-related artifact contributions (Jordánek et al., 

2025), reinforcing the need for caution when interpreting atypical narrow-band configurations. 

The transition analyses further showed that spectral specificity extended to the apparent 

sequential organization of microstates. Age associations with observed transition probabilities 

were confined to broadband and delta activity, with increased A↔B and decreased C↔D 

transitions in both bands. These effects were markedly attenuated after adjustment for 

transitions expected from state prevalence, leaving only three significant associations across all 

frequency ranges and indicating that much of the apparent age dependence of observed 

transitions was attributable to differences in state prevalence. The sparse significant associations 

in the chance-adjusted matrices indicate that more selective differences in transition preference 

may nevertheless be present. This interpretation is consistent with previous evidence that 

transition structure varies with age (Tomescu et al., 2018) and with recent frequency-specific 

state analyses showing age-related differences in occupancy and transitions (Nobukawa et al., 

2026). 

The spectral specificity observed here may also be relevant to the interpretation of microstate 

alterations in pathological aging. Microstate abnormalities have been reported across subjective cognitive decline, mild cognitive impairment, and Alzheimer’s disease, including frequency-

dependent effects (Smailovic et al., 2019; Musaeus et al., 2020; Das et al., 2026). Microstate 

alterations have also been observed in presymptomatic carriers of autosomal-dominant Alzheimer’s disease mutations, suggesting that such changes may emerge before overt clinical 
impairment (Johansson et al., 2025). Because healthy age associations differ across frequency 

ranges, the spectral representation of EEG may influence how disease-related microstate 

abnormalities are interpreted. Direct comparison with clinical populations nevertheless requires 

caution because of differences in population characteristics and analytical procedures. 

Several limitations should be noted. The cross-sectional design identifies age associations rather 

than intraindividual aging trajectories, and the modest sample size warrants replication in larger 

cohorts. Frequency-resolved microstate estimates may also be influenced by age-related 

differences in spectral amplitude and signal-to-noise ratio, particularly because spectral 

characteristics were age-sensitive in this cohort. However, the persistence of the significant state-

level associations after controlling for band-specific spectral power argues against a simple 

power explanation. In addition, fixed canonical bands may not represent equivalent physiological 



activity across adulthood; this is particularly relevant for the alpha range, because age-related 

slowing of peak alpha frequency (Scally et al., 2018; Knyazeva et al., 2018; Park et al., 2024) could 

reduce the comparability of the fixed 8–12 Hz band across participants and may have contributed 

to the absence of corrected alpha-band associations. Less stereotypical narrow-band 

topographies also limit direct class-wise comparisons across frequencies. Furthermore, narrow-

band filtering alters temporal structure, so absolute durations should not be interpreted as 

directly comparable intrinsic timescales across bands. Sex effects were present, particularly in 

beta, but showed limited overlap with age-associated parameters. 

In conclusion, age associations in EEG microstate dynamics were strongly frequency dependent, 

with the clearest state-level effects in delta and beta. The findings suggest that frequency-resolved 

microstate analysis captures aspects of age-related EEG organization not fully represented by 

broadband analysis alone, while differences in state prevalence appear to account for a 

substantial portion of the observed age-related variation in transition probabilities. 
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Supplementary Material 

 

Supplementary figures 

 

 
Supplementary Fig. S1. (A) Mean Krzanowski–Lai index by number of clusters (k = 4–11) for 

each frequency band. (B) Distribution of the per-participant Krzanowski–Lai optimum. 

 



 
Supplementary Fig. S2. Distributions of all 13 FDR-significant state-level parameters in young 

(20–39), middle-aged (40–59) and older (60–78 years) participants (n = 20 per group); boxes = 

median and interquartile range, points = participants, colours follow frequency band. 

 

 
Supplementary Fig. S3. Cohen's d (older vs. young) with bootstrap 95% confidence intervals for 

the 13 FDR-significant state associations; dashed lines mark |d| = 0.8. 



 
Supplementary Fig. S4. Cohen's d (older vs. young) with bootstrap 95% confidence intervals for 

the 11 FDR-significant transition associations (8 observed, 3 chance-adjusted). 

 

 
Supplementary Fig. S5. Mean power spectral density (log₁₀ PSD, Welch's method with 4-s 

Hamming windows and 50% overlap, averaged over the 63 scalp channels) of the cleaned 

continuous broadband recordings, by age group (n = 20 per group); shading shows ± 1 SEM. 

Coloured bands mark the frequency ranges used in the analyses. 

 

Supplementary tables  

 

Supplementary Table S1. FDR-significant age associations of microstate temporal parameters and their robustness. ρ: Spearman correlation with age; q: FDR-adjusted p within band × parameter families; ρ partial: controlling for sex and education; d: Cohen's d for older (60–78) 

versus young (20–39) participants with bootstrap 95% confidence interval (10,000 resamples); 

ANOVA: one-way ANOVA across the three age groups.  

Band Class Paramete

r 

ρ q ρ 
partial 

p 

partial 

d [95% 

CI] 

p ANOVA 

Broadba

nd 

MS A Coverage 

(%) 

+0.328 0.0421 +0.315 0.0160 +1.23 

[0.75, 

1.87] 

0.0023 



Delta MS B Duration 

(ms) 

+0.446 0.0007 +0.462 0.0003 +1.08 

[0.49, 

1.93] 

0.0046 

Delta MS B Occurren

ce (Hz) 

+0.398 0.0065 +0.443 0.0005 +0.97 

[0.35, 

1.78] 

0.0213 

Delta MS B Coverage 

(%) 

+0.473 0.0006 +0.504 < .0001 +1.14 

[0.56, 

1.88] 

0.0027 

Delta MS C Duration 

(ms) 

-0.461 0.0007 -0.521 < .0001 -0.51 [-

1.90, 

0.11] 

0.2455 

Delta MS C Occurren

ce (Hz) 

-0.359 0.0097 -0.384 0.0029 -0.88 [-

1.75, -

0.25] 

0.0102 

Delta MS C Coverage 

(%) 

-0.408 0.0024 -0.468 0.0002 -0.88 [-

1.86, -

0.24] 

0.0144 

Theta MS F Duration 

(ms) 

+0.359 0.0245 +0.360 0.0056 +1.03 

[0.60, 

1.74] 

0.0061 

Beta MS A Duration 

(ms) 

+0.361 0.0183 +0.388 0.0026 +1.28 

[0.72, 

2.02] 

0.0008 

Beta MS A Coverage 

(%) 

+0.424 0.0015 +0.407 0.0015 +1.15 

[0.56, 

1.94] 

0.0029 

Beta MS A GEV +0.429 0.0025 +0.460 0.0003 +1.20 

[0.54, 

2.14] 

0.0021 

Beta MS C Occurren

ce (Hz) 

-0.442 0.0016 -0.459 0.0003 -1.22 [-

2.21, -

0.56] 

0.0018 

Beta MS C Coverage 

(%) 

-0.435 0.0015 -0.456 0.0003 -1.02 [-

1.75, -

0.46] 

0.0191 

  

Supplementary Table S2. Cluster-number selection by the Krzanowski–Lai criterion (k = 3–12 

searched; the index is defined for k = 4–11). Group optimum: k maximizing the mean index across 

participants; participant mode: most frequent per-participant optimum (n = 60). The k used in all 

analyses is given in the last column. 

Band Group 

optimum k 

Mean KL at 

optimum 

Participant 

mode k 

n at mode k used 

Broadband 4 1.43 4 20 4 

Delta 4 1.42 5 21 4 

Theta 5 1.43 5 25 5 

Alpha 4 1.46 4 30 4 

Beta 4 1.41 4 29 4 

  

Supplementary Table S3a. Spearman correlations between age and observed transition 

probabilities, Broadband band (k = 4). Rows: origin class; columns: destination class. * FDR-

significant within the band's 12 directed pairs (q = .05). 



  to A to B to C to D 

from A — +0.45* +0.10 +0.06 

from B +0.47* — -0.05 -0.00 

from C +0.08 -0.01 — -0.45* 

from D +0.09 -0.02 -0.45* — 

  

Supplementary Table S3b. Spearman correlations between age and observed transition 

probabilities, Delta band (k = 4). Rows: origin class; columns: destination class. * FDR-significant 

within the band's 12 directed pairs (q = .05). 

  to A to B to C to D 

from A — +0.40* -0.18 -0.04 

from B +0.40* — +0.03 +0.25 

from C -0.22 +0.01 — -0.35* 

from D +0.04 +0.26 -0.39* — 

  

Supplementary Table S3c. Spearman correlations between age and observed transition 

probabilities, Theta band (k = 5). Rows: origin class; columns: destination class. * FDR-significant 

within the band's 20 directed pairs (q = .05). 

  to A to B to D to E to F 

from A — +0.13 -0.14 -0.11 +0.13 

from B +0.09 — -0.22 -0.05 +0.19 

from D -0.17 -0.27 — -0.26 +0.07 

from E -0.06 -0.13 -0.30 — +0.14 

from F +0.21 +0.19 +0.04 +0.06 — 

  

Supplementary Table S3d. Spearman correlations between age and observed transition 

probabilities, Alpha band (k = 4). Rows: origin class; columns: destination class. * FDR-significant 

within the band's 12 directed pairs (q = .05). 

  to A to B to D to F 

from A — +0.15 +0.11 +0.15 

from B +0.14 — -0.22 -0.06 

from D +0.10 -0.15 — -0.03 

from F +0.17 -0.15 +0.09 — 

  

Supplementary Table S3e. Spearman correlations between age and observed transition 

probabilities, Beta band (k = 4). Rows: origin class; columns: destination class. * FDR-significant 

within the band's 12 directed pairs (q = .05). 

  to A to B to C to D 

from A — +0.30 -0.09 +0.30 

from B +0.33 — -0.25 +0.12 

from C -0.03 -0.25 — -0.29 

from D +0.25 +0.10 -0.24 — 

  

Supplementary Table S4a. Spearman correlations between age and chance-adjusted transition 

probabilities, Broadband band (k = 4). Rows: origin class; columns: destination class. * FDR-

significant within the band's 12 directed pairs (q = .05). 

  to A to B to C to D 

from A — +0.18 -0.04 -0.14 

from B +0.33 — -0.25 -0.15 



from C +0.28 +0.20 — -0.34 

from D +0.28 +0.14 -0.31 — 

  

Supplementary Table S4b. Spearman correlations between age and chance-adjusted transition 

probabilities, Delta band (k = 4). Rows: origin class; columns: destination class. * FDR-significant 

within the band's 12 directed pairs (q = .05). 

  to A to B to C to D 

from A — +0.39* -0.20 -0.16 

from B +0.21 — -0.19 -0.03 

from C -0.10 +0.18 — -0.06 

from D +0.13 +0.36* -0.31 — 

  

Supplementary Table S4c. Spearman correlations between age and chance-adjusted transition 

probabilities, Theta band (k = 5). Rows: origin class; columns: destination class. * FDR-significant 

within the band's 20 directed pairs (q = .05). 

  to A to B to D to E to F 

from A — +0.12 -0.02 -0.21 -0.00 

from B +0.03 — -0.18 +0.15 +0.06 

from D +0.07 -0.10 — -0.09 +0.19 

from E -0.05 +0.11 -0.28 — +0.17 

from F +0.13 -0.15 +0.09 -0.06 — 

  

Supplementary Table S4d. Spearman correlations between age and chance-adjusted transition 

probabilities, Alpha band (k = 4). Rows: origin class; columns: destination class. * FDR-significant 

within the band's 12 directed pairs (q = .05). 

  to A to B to D to F 

from A — +0.06 -0.10 -0.07 

from B +0.19 — -0.23 +0.06 

from D -0.04 -0.02 — -0.01 

from F +0.06 -0.22 +0.25 — 

  

Supplementary Table S4e. Spearman correlations between age and chance-adjusted transition 

probabilities, Beta band (k = 4). Rows: origin class; columns: destination class. * FDR-significant 

within the band's 12 directed pairs (q = .05). 

  to A to B to C to D 

from A — +0.10 -0.24 +0.16 

from B +0.26 — -0.37* +0.16 

from C +0.20 +0.05 — -0.20 

from D +0.21 +0.09 -0.24 — 

  

Supplementary Table S5. FDR-significant sex differences in microstate temporal parameters 

(Mann–Whitney U; rank-biserial correlation, positive values = higher in males; FDR within band 

× parameter families). 

Band Class Parameter r_rb p q 

Broadband MS C GEV -0.403 0.0088 0.0354 

Delta MS A GEV -0.398 0.0097 0.0386 

Beta MS A Duration 

(ms) 

-0.336 0.0292 0.0390 



Beta MS A Occurrence 

(Hz) 

+0.350 0.0232 0.0463 

Beta MS B Duration 

(ms) 

-0.433 0.0049 0.0098 

Beta MS C Duration 

(ms) 

-0.697 < .0001 < .0001 

Beta MS C Coverage (%) -0.472 0.0021 0.0081 

Beta MS C GEV -0.625 < .0001 0.0002 

Beta MS D Occurrence 

(Hz) 

+0.604 < .0001 0.0003 

Beta MS D Coverage (%) +0.442 0.0040 0.0081 

  

Supplementary Table S6. Band-power–controlled partial correlations. Partial Spearman 

correlation of each FDR-significant association with age, controlling for sex, education, and the 

log10-transformed spectral power of the corresponding frequency band. All 13 associations 

remained significant. 

Band Class Parameter ρ 
(primary) 

ρ (partial) p (partial) Remains 

significant 

Broadband MS A Coverage 

(%) 

+0.328 +0.335 0.0109 Yes 

Delta MS B Duration 

(ms) 

+0.446 +0.460 0.0003 Yes 

Delta MS B Occurrence 

(Hz) 

+0.398 +0.439 0.0006 Yes 

Delta MS B Coverage 

(%) 

+0.473 +0.502 < .0001 Yes 

Delta MS C Duration 

(ms) 

-0.461 -0.518 < .0001 Yes 

Delta MS C Occurrence 

(Hz) 

-0.359 -0.392 0.0026 Yes 

Delta MS C Coverage 

(%) 

-0.408 -0.465 0.0003 Yes 

Theta MS F Duration 

(ms) 

+0.359 +0.284 0.0322 Yes 

Beta MS A Duration 

(ms) 

+0.361 +0.306 0.0207 Yes 

Beta MS A Coverage 

(%) 

+0.424 +0.364 0.0054 Yes 

Beta MS A GEV +0.429 +0.454 0.0004 Yes 

Beta MS C Occurrence 

(Hz) 

-0.442 -0.355 0.0067 Yes 

Beta MS C Coverage 

(%) 

-0.435 -0.348 0.0079 Yes 

  

Supplementary Table S7. Robustness of FDR-significant transition associations: ρ partial (sex + education), ρ partial (+ log10 band power), Cohen's d older vs. young with bootstrap 95% CI, and 
one-way ANOVA across the three age groups. 

Band Metric Transiti

on 

ρ q ρ 
partial 

ρ partial 
(+powe

r) 

d 

[95% 

CI] 

p 

ANOVA 



Broadba

nd 

observe

d 

A→B +0.446 0.0011 +0.459 +0.451 +1.50 

[0.97, 

2.26] 

< .0001 

Broadba

nd 

observe

d 

C→D -0.452 0.0011 -0.463 -0.467 -1.35 [-

2.10, -

0.86] 

0.0005 

Broadba

nd 

observe

d 

D→C -0.451 0.0011 -0.464 -0.468 -1.34 [-

2.03, -

0.89] 

0.0007 

Broadba

nd 

observe

d 

B→A +0.471 0.0011 +0.476 +0.471 +1.56 

[1.05, 

2.26] 

< .0001 

Delta observe

d 

C→D -0.348 0.0191 -0.367 -0.362 -1.06 [-

1.89, -

0.44] 

0.0111 

Delta observe

d 

B→A +0.398 0.0079 +0.425 +0.421 +1.16 

[0.58, 

1.95] 

0.0020 

Delta observe

d 

D→C -0.392 0.0079 -0.411 -0.407 -1.19 [-

1.95, -

0.60] 

0.0023 

Delta observe

d 

A→B +0.402 0.0079 +0.408 +0.404 +1.22 

[0.61, 

2.10] 

0.0018 

Delta chance-

adj. 

D→B +0.362 0.0266 +0.364 +0.372 +0.81 

[0.16, 

1.65] 

0.0588 

Delta chance-

adj. 

A→B +0.391 0.0240 +0.374 +0.374 +0.81 

[0.14, 

1.90] 

0.0486 

Beta chance-

adj. 

B→C -0.367 0.0470 -0.372 -0.314 -0.99 [-

1.71, -

0.39] 

0.0166 

 

Supplementary Table S8. Tukey HSD post-hoc comparisons for the 13 FDR-significant state-

level associations. Adjusted p values for each pair of age groups (young 20–39, middle-aged 40–
59, older 60–78; n = 20 per group); * p < .05. The one-way ANOVA result for each parameter is 

given in Supplementary Table S1. 

Band Class Parameter young vs 

middle-aged 

middle-aged 

vs older 

young vs 

older 

Broadband MS A Coverage (%) .234 .117 .002* 

Delta MS B Duration 

(ms) 

.046* .654 .004* 

Delta MS B Occurrence 

(Hz) 

.277 .389 .016* 

Delta MS B Coverage (%) .091 .316 .002* 

Delta MS C Duration 

(ms) 

.729 .621 .216 

Delta MS C Occurrence 

(Hz) 

.050 .840 .012* 



Delta MS C Coverage (%) .110 .643 .013* 

Theta MS F Duration 

(ms) 

.439 .104 .005* 

Beta MS A Duration 

(ms) 

.018* .531 .001* 

Beta MS A Coverage (%) .511 .049* .002* 

Beta MS A GEV .134 .190 .001* 

Beta MS C Occurrence 

(Hz) 

.011* .872 .003* 

Beta MS C Coverage (%) .243 .411 .014* 

 

 

Supplementary Table S9. Tukey HSD post-hoc comparisons for the 11 FDR-significant 

transition associations. Adjusted p values for each pair of age groups (young 20–39, middle-aged 

40–59, older 60–78; n = 20 per group); * p < .05. The one-way ANOVA result for each transition 

is given in Supplementary Table S7. 

Band Metric Transition young vs 

middle-aged 

middle-aged 

vs older 

young vs 

older 

Broadband observed A→B .454 .004* < .001* 

Broadband observed C→D .145 .073 < .001* 

Broadband observed D→C .187 .068 .001* 

Broadband observed B→A .447 .004* < .001* 

Delta observed C→D .113 .557 .009* 

Delta observed B→A .051 .417 .002* 

Delta observed D→C .032* .603 .002* 

Delta observed A→B .073 .298 .001* 

Delta chance-adj. D→B .284 .655 .049* 

Delta chance-adj. A→B .565 .304 .039* 

Beta chance-adj. B→C .051 .944 .023* 

 


