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Abstract

Background and Objectives: Alzheimer’s disease (AD) and frontotemporal dementia (FTD) present
overlapping clinical and neuroanatomical features, complicating early diagnosis. This study
evaluated whether EEG microstate analysis can provide reliable markers to distinguish dementia
patients from healthy controls. Materials and Methods: Resting-state EEG was recorded from 36 AD
patients, 23 FTD patients, and 29 healthy controls. Preprocessing and microstate analysis were
conducted using the MICROSTATELAB pipeline in EEGLAB. Clustering solutions ranging from four
to seven classes were tested, with grand mean fitting and variance thresholds. Temporal parameters
(duration, occurrence, coverage) and their ratio-normalized forms were compared across groups
using ANCOVA and nonparametric tests. Associations with Mini-Mental State Examination (MMSE)
scores were assessed by regression analyses. Results: Four- and seven-class clustering solutions
achieved high variance overlap with published microstate templates. In the four-class solution,
temporal parameters of microstates B and D significantly differentiated controls from dementia
groups, while in the seven-class solution, microstates C and G were most informative. Ratio-
normalized parameters improved group discrimination and were associated with MMSE scores.
Conclusions: EEG microstates capture disease-related alterations in large-scale brain dynamics that
differentiate dementia patients from healthy individuals.

Keywords: electroencephalography; Alzheimer’s disease; frontotemporal dementia; microstates

1. Introduction

Alzheimer’s disease (AD) and frontotemporal dementia (FTD) are among the most common
forms of dementia, both profoundly impairing cognitive and behavioral abilities. AD typically affects
both amnestic (learning and memory) and non-amnestic domains (executive function, visuospatial
abilities), whereas FTD more often disrupts interpersonal conduct and self-regulation [1,2]. Clinically,
however, differentiating AD from FTD remains challenging. Both disorders show overlapping
patterns of neurodegeneration in the dorsolateral prefrontal cortex and medial temporal lobes,
including the amygdala and hippocampus, and behavioral symptoms may overlap, particularly
between the behavioral variant of FTD (bvFTD) or primary progressive aphasia and atypical AD [3,4].
Although MRI and biomarker assays such as cerebrospinal fluid (CSF) and positron emission
tomography (PET) can aid diagnosis, these methods are costly, invasive, and limited in temporal
resolution and early detection.

Electroencephalography (EEG) offers a cost-effective, noninvasive, and widely accessible
alternative for assessing brain function. Conventional EEG analyses typically focus on spectral power
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or functional connectivity, but these approaches have limitations. Functional connectivity shows poor
test-retest reliability [5], while spectral analyses are confounded by baseline correction issues and
broadband activity [6].

In recent years, EEG microstate analysis has emerged as a promising approach to characterizing
large-scale brain dynamics during rest [7]. Microstates are quasi-stable scalp potential configurations
lasting tens of milliseconds before rapidly transitioning, thought to reflect the sequential activation
of large-scale neural networks [8]. Canonical microstates (A-D) are associated with distinct
topographies, temporal features, and putative cognitive functions [9]. Importantly, microstate
parameters such as duration, occurrence, and coverage demonstrate high test—retest reliability across
sessions, montages, and clustering procedures, underscoring their potential as biomarkers [10].

Several studies have examined EEG microstates in AD and FTD. For example, one study
reported shorter microstate C duration in FTD compared with AD and controls [11]. Another study
observed increased microstate B duration in early-onset AD and microstate A duration in FTD, along
with reduced occurrences of microstates A-C in early-onset AD and reduced microstate C occurrence
in FTD [12]. Also, another study found that semantic dementia patients lacked the typical microstate
C but exhibited an atypical microstate E [13].

Despite these findings, methodological shortcomings limit interpretation. Many prior studies
did not apply grand mean fitting or achieved less than 80% explained variance [12], while others
lacked group mean maps or grand mean templates [11,13]. Such issues reduce reliability and stability
of temporal parameters [10]. Moreover, most studies constrained analyses to four canonical
microstates a priori, though recent work suggests that optimal clustering often exceeds four states,
extending to 4-7 maps [10,14].

Together, these inconsistencies highlight the need for standardized analysis pipelines. To
address this gap, the present study applied a validated microstate workflow in MICROSTATELAB
in EEGLAB [15], focusing only on temporal parameters demonstrated to be reliable [10].
Additionally, we introduce a ratio approach that normalizes each microstate parameter by the total
across all microstates (e.g., relative duration of microstate A = duration of A + total duration). This
adjustment reduces inter-individual variability and may improve sensitivity for detecting group
differences.

2. Materials and Methods
2.1. Participants

The study included 36 patients with AD, 23 with FTD, and 29 healthy controls (CTL) [16]. The
original dataset could be found in publicly available OpenNeuro:
doi:10.18112/openneuro.ds004504.v1.0.8. Cognitive status was assessed using the Mini-Mental State
Examination (MMSE) [17], which ranges from 0 to 30, with lower scores indicating more severe
decline. The median disease duration was 25 months (IQR: 24-28.5). No dementia-related
comorbidities were reported in the AD group. Diagnoses were made according to Diagnostic and
Statistical Manual of Mental Disorders, 3rd ed., revised (DSM-IIIR, DSM 1V, ICD-10) [18] and the
National Institute of Neurological, Communicative Disorders and Stroke— Alzheimer’s Disease and
Related Disorders Association (NINCDS—ADRDA) [19]. Mean MMSE scores were 17.75 (SD = 4.5)
in the AD group, 22.17 (SD = 8.22) in the FTD group, and 30 in controls. Mean ages were 66.4 years
(SD=7.9) for AD, 63.6 (SD =8.2) for FTD, and 67.9 (SD = 5.4) for controls.

2.2. EEG Acquisition and Preprocessing

Resting-state EEG was recorded at the 2nd Department of Neurology, AHEPA General Hospital,
Thessaloniki, by an experienced neurology team. Signals were acquired with a Nihon Kohden 2100
system using 19 scalp electrodes (Fpl, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, Te,
01, 02) placed according to the 10-20 system. Mastoids (Al, A2) were used as references and for
impedance checks. Participants sat with eyes closed during recordings. Data were sampled at 500 Hz
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with 10 pV/mm resolution. Recordings were referenced to Cz for common-mode rejection. The study
was approved by the Scientific and Ethics Committee of AHEPA University Hospital, Aristotle
University of Thessaloniki (Protocol No. 142/12-04-2023) and conducted in accordance with the
Declaration of Helsinki.

Preprocessing was performed in EEGLAB [20]. Signals were band-pass filtered (2-20 Hz)
following MICROSTATELAB recommendations [15] and reliability findings [10]. Artifact Subspace
Reconstruction (ASR) was applied with a 0.5 s sliding window and 20 SD threshold. Bad segments
were removed using RMS thresholds with a 25% channel-outlier criterion. Data were re-referenced
to the average. Independent component analysis (ICA) was then performed, and components with
>70% probability of ocular or muscle origin were rejected.

2.3. Microstate Analysis

Microstate analysis was conducted using the MICROSTATELAB [15]. Individual templates were
identified with a k-means clustering algorithm with 20 restarts, applied to global field power (GFP)
peaks while ignoring polarity. Clustering was performed for solutions ranging from four to seven
classes. Group mean maps were then computed, followed by a grand mean map across all
participants. Maps were sorted according to the EEG microstate metamap [14]. The optimal number
of classes was defined as the solution yielding more than 80% shared variance with established
templates. Both four- and seven-class solutions met this criterion and were therefore retained. Grand
mean maps were used to facilitate sorting of all dependent maps. GFP peaks and grand mean
templates were applied for backfitting to compute temporal parameters. Duration was defined as the
mean length of each microstate, occurrence as the average number per second, and coverage as the
percentage of total EEG time occupied by each microstate. Transition probabilities were not analyzed
because of their poor test-retest reliability [10]. Relative duration and occurrence were also calculated
by dividing the duration or occurrence of each microstate by the total across all microstates.

2.4. Statistical Analysis

Statistical analyses were performed in MedCalc (version 23.0.8; MedCalc Software Ltd, Ostend,
Belgium), MATLAB (version R2023a), and JASP (version 0.19.3). Between-group differences were
tested using ANCOVA with age and gender as covariates and with the Kruskal-Wallis test followed
by Dunn’s post hoc comparisons. Bonferroni correction was applied for multiple testing. Associations
between MMSE scores and microstate parameters were examined using linear regression with age
and gender included as covariates.

3. Results

Across participants, both four- and seven-class clustering solutions were identified, and the
resulting maps were consistent with published microstate templates [10] (Figure 1). For the four-class
solution, the shared variance with the published metamaps was 97.35%, 98.70%, 96.86%, and 86.54%
for microstates A, B, C, and D, respectively (Table 1).

Group comparisons revealed significant differences in the temporal parameters of several
microstates. In the four-class solution, ANCOVA and Kruskal-Wallis analyses indicated that the
duration, coverage, relative duration, and relative occurrence of microstate B, as well as the
occurrence and relative duration of microstate D, differed significantly across CTL, FTD, and AD
groups (Table 2).
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Figure 1. EEG grand-mean microstates maps over subjects. For four-class clustering solutions, microstate A, B,

C, D were identified while microstate A, B, C, D, E, F, G were identified for seven-class clustering solutions.

Table 1. Shared variance between the identified microstate maps in the current dataset and published microstate

maps in 4-classes clustering solutions.

A B C D
(GrandMean) (GrandMean) (GrandMean) (GrandMean)
A (MetaMaps) 97.35 0.33 34.02 50.09
B (MetaMaps)  3.08 98.70 39.77 41.17
C (MetaMaps) 33.95 39.61 96.86 67.93
D (MetaMaps) 20.86 29.12 23.67 86.54

Table 2. Group differences in temporal parameter of 4-classes microstates.

F p n’p Lower Upper nonparametric
95% CI 95% CI P

Duration_A 2.391 2.156 0.056 0 0.165 1.342
Duration_B 8.887 0.022 0.18 0.045 0.32 0.022
Duration_C 4116 0.44 0.092 0.002 0.217 0.308
Duration_D 1.529 4.906 0.036 0 0.133 1.408
DurationAll 2.175 2.64 0.051 0 0.157 1.386
Occurrence_ A 1.548 4.818 0.037 0 0.133 451
Occurrence_B  6.638 0.044 0.141 0.022 0.276 0.088
Occurrence_C  1.229 6.556 0.029 0 0.12 2.596
Occurrence_D  10.199 0.022 0.201 0.059 0.342 0.022
OccurrenceAll 2.575 1.804 0.06 0 0.171 1.386
Coverage_A 0.818 9.79 0.02 0 0.099 4.752
Coverage_B 13.241 0.022 0.246 0.093 0.388 0.022
Coverage_C 1.758 3.938 0.042 0 0.142 5.434
Coverage_D 5.991 0.088 0.129 0.017 0.262 0.022
Relative 0.813 9.834 0.02 0 0.099 3.762
Duration_A

Relative 8.685 0.022 0.177 0.043 0.316 0.022
Duration_B

Relative 1.424 5.434 0.034 0 0.128 8.91
Duration_C

Relative 6.67 0.044 0.141 0.023 0.277 0.022
Duration_D

Relative 0.343 15.62 0.008 0 0.067 5.522

Occurrence_A

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.1641.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 September 2025 d0i:10.20944/preprints202509.1641.v1

5 of 11

Relative 15.93 0.022 0.282 0.123 0.423 0.022
Occurrence_B
Relative 2.687 1.628 0.062 0 0.175 1.364
Occurrence_C
Relative 6.096 0.066 0.131 0.017 0.265 0.022

Occurrence_D

Age and gender were included in the ANCOVA model as covariates.
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Figure 2. Individual comparisons of each significant temporal parameter across CTL, FID, and AD groups in 4-
classess microstates. In the Box-and-whisker plot, yellow hollow dots represent an outside value (smaller than lower
quartile minus 1.5 times the interquartile range or larger than the upper quartile plus 1.5 times the interquartile range
(inner fences)). Red rectangles represent a far out value (smaller than the lower quartile minus 3 times the interquartile
range, or larger than the upper quartile plus 3 times the interquartile range (outer fences)). Three asterisks represent p

value <0.001; two asterisks represent p value <0.01; one asterisk represents p value <0.05.

CTL group compared with both the AD and FTD groups (p < 0.001, except for the duration of
microstate B where CTL vs. FTD showed p < 0.05). The occurrence of microstate D was significantly
higher in CTL compared with AD (p < 0.001), while the relative duration of microstate D was
significantly higher in CTL compared with both AD and FTD (p <0.001 and p < 0.01, respectively).

Linear regression analyses controlling age and gender confirmed that these temporal parameters
were strongly related to MMSE scores (Table 3). Specifically, the duration, coverage, relative
duration, and relative occurrence of microstate B, as well as the occurrence and relative duration of
microstate D, were significant predictors of MMSE performance.

Table 3. Linear regression on MMSE scores with each temporal parameter of 4-classes microstates.

Unstandardized SE t p
coefficient
Duration B -193.894 55.828 -3.473 <.001
Occurrence D 3.377 0.826 4.089 <.001
Coverage B -0.287 0.097 -2.971 0.004
Relative Duration -11.348 4.797 -2.366 0.02
B
Relative Duration 11.928 3.307 3.607 <.001
D
Relative -50.812 15.643 -3.248 0.002

Occurrence B

Age and gender were included in the model as covariates.
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For the seven-class solution, the shared variance with published metamaps was 99.06%, 87.99%,
95.63%, 95.85%, 92.74%, 97.81%, and 92.17% for microstates A through G, respectively (Table 4).
ANCOVA and Kruskal-Wallis analyses identified significant group differences in temporal
parameters of microstates C and G (Table 5).

Table 4. Shared variance between the identified microstate maps in the current dataset and published microstate

maps in 7-classes clustering solutions.

A B C D E F G
(GrandMean) (GrandMean) (GrandMean) (GrandMean) (GrandMean) (GrandMean) (GrandMean)

A 99.06 10.27 60.74 51.18 12.87 29.00 19.95
(MetaMaps)

B 0.15 87.99 34.77 27.52 32.79 37.46 69.09
(MetaMaps)

C 52.05 70.50 95.63 49.42 71.45 1.99 11.68
(MetaMaps)

D 33.88 57.56 51.57 95.85 2.62 14.02 0.45
(MetaMaps)

E 29.29 4443 67.46 12.13 92.74 9.79 19.68
(MetaMaps)

F 24.15 20.76 0.98 5.48 4.31 97.81 34.02
(MetaMaps)

G 27.42 20.35 0.09 6.23 25.04 21.80 92.17
(MetaMaps)

In particular, the duration of microstate G was significantly longer in AD compared with CTL
(p < 0.001). Moreover, the coverage, occurrence, relative duration, and relative occurrence of
microstate C, as well as the coverage, relative duration, and relative occurrence of microstate G, were
all significantly different in CTL compared with AD and FTD (p <0.001) (Figure 3).

Table 5. Group differences in temporal parameter of 7-classes microstates.

F p n’p Lower 95% Upper nonparametric
CI 95% CI p
Duration_A 1.987 5.328 0.047 0 0.151 2.479
Duration_B 1.877 5.92 0.044 0 0.146 2.664
Duration_C 2.765 2.553 0.064 0 0.177 0.888
Duration_D 1.059 12.987 0.025 0 0.112 12.987
Duration_E 6.56 0.074 0.139 0.022 0.275 0.037
Duration_F 5.879 0.148 0.127 0.016 0.26 0.074
Duration_G 9.772 0.037 0.194 0.055 0.335 0.037
DurationAll 1.96 5.439 0.046 0 0.15 1.332
Occurrence_ A 2.198 4.366 0.051 0 0.158 3.885
Occurrence_ B 1.495 8.51 0.036 0 0.131 9.361
Occurrence_C 17.085 0.037 0.297 0.135 0.436 0.037
Occurrence_ D 5.252 0.259 0.115 0.01 0.245 0.148
Occurrence_E  0.897 15.244 0.022 0 0.103 12.95
Occurrence_F  4.102 0.74 0.092 0.002 0.216 0.518
Occurrence_G 6.495 0.074 0.138 0.021 0.273 0.111
OccurrenceAll 2.44 3.478 0.057 0 0.167 1.332
Coverage_A 0.623 19.943 0.015 0 0.088 19.98
Coverage_B 0.863 15.762 0.021 0 0.101 35.224
Coverage C 9.33 0.037 0.187 0.05 0.328 0.037
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Figure 3. Individual comparisons of each significant temporal parameter across CTL, FTD, and AD groups in 7-

classess microstates. In the Box-and-whisker plot, yellow hollow dots represent an outside value (smaller than
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interquartile range (inner fences)). Red rectangles represent a far out value (smaller than the lower quartile minus

3 times the interquartile range, or larger than the upper quartile plus 3 times the interquartile range (outer

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202509.1641.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 September 2025 d0i:10.20944/preprints202509.1641.v1

8 of 11
fences)). Three asterisks represent p value <0.001; two asterisks represent p value <0.01; one asterisk represents
p value <0.05.

Regression analyses further demonstrated that the duration, coverage, relative duration, and
relative occurrence of microstate G, together with the occurrence, coverage, relative duration, and
relative occurrence of microstate C, were significantly associated with MMSE scores (Table 6).

Table 6. Linear regression on MMSE scores with each temporal parameter of 7-classes microstates.

Unstandardized  SE t P

coefficient

Duration_G -227.462 63.105 -3.605 <.001
Occurrence_C 2.784 0.79 3.526 <.001
Coverage_C 0.178 0.078 2.281 0.025
Coverage_G -0.323 0.123 -2.622 0.01
Relative 11.876 5.014 2.369 0.02
Duration_C

Relative -13.392 4.995 -2.681 0.009
Duration_G

Relative 26.952 11.976 2.251 0.027
Occurrence_C

Relative -40.831 15.928 -2.563 0.012

Occurrence_G

Age and gender were included in the model as covariates.

4. Discussion

The present study demonstrates that different clustering solutions in EEG microstate analysis
reveal distinct but complementary markers of dementia. Using four-class clustering, temporal
parameters of microstates B and D differentiated healthy controls from both AD and FTD groups. In
contrast, with seven-class clustering, temporal parameters of microstates C and G distinguished
controls from the dementia groups. In both clustering solutions, these microstate parameters were
also significantly associated with cognitive status, as reflected in MMSE scores. Importantly, applying
relative measures of duration and occurrence provided additional discriminatory power. For
example, in the seven-class solution, the absolute duration of microstate C and the occurrence of
microstate G did not significantly differ between groups, whereas their relative values successfully
distinguished healthy controls from dementia patients.

Although four- and seven-class solutions capture different numbers and topographies of
microstates, both sets of maps showed high shared variance with published template maps from
meta-analyses [14]. This correspondence supports the validity of our clustering results and aligns
with the broader view that microstates reflect brief but functionally meaningful configurations of
large-scale brain networks. Functional MRI studies have suggested that canonical microstates
correspond to resting-state networks (RSNs), with microstate A linked to phonological processing,
microstate B to the visual network, microstate C to the salience network, and microstate D to
attentional networks [21,22]. According to this framework, spontaneous brain activity alternates
rapidly across RSNs, and microstates capture these transitions on the millisecond scale [23].
However, the mapping between microstates and RSNs remains controversial, since EEG microstates
operate on much shorter time scales than fMRI. Some studies report an association between
microstates and the default mode network [24], while others have not confirmed this relationship
[21]. Consequently, microstates that appear topographically similar across different clustering
solutions, such as those labeled “B,” may nonetheless index distinct underlying RSNs. This suggests
that considering multiple clustering solutions may be important to fully characterize the range of
network dynamics in EEG microstate analysis.
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Another novel feature of the present study is the use of ratio-normalized parameters, in which
the duration or occurrence of each microstate was expressed relative to the total across all microstates.
This approach reduces inter-individual variability, which is known to affect EEG microstate
measures [24], and may provide a more reliable index of temporal dynamics. Each temporal
parameter captures a different aspect of large-scale network activity: duration reflects microstate
stability, occurrence reflects switching rate, and coverage reflects the relative dominance of a
microstate. By normalizing duration and occurrence, we may more effectively capture relative
changes in network stability and switching that accompany dementia. Although further work is
needed to establish the precise neurophysiological meaning of relative parameters, our findings
suggest that they provide useful complementary information for distinguishing clinical groups.

Our results further indicate that EEG microstates can serve as early and cost-effective screening
markers for dementia. While they did not differentiate between AD and FTD, the microstate
parameters we identified reliably separated both patient groups from healthy controls. This aligns
with recent recommendations highlighting the potential of EEG biomarkers for dementia diagnosis
[25]. A stratified diagnostic approach could therefore be envisioned, in which EEG microstate
analysis is used as an inexpensive and noninvasive first-line screening tool to identify individuals at
risk, followed by more costly or invasive methods such as MRI or PET for diagnostic confirmation.
Such a tiered approach would lower costs, improve accessibility, and facilitate earlier detection.

Overall, the present findings suggest that temporal parameters of microstates B and D in the
four-class solution and microstates C and G in the seven-class solution are promising candidates as
biomarkers for distinguishing dementia patients from healthy individuals. While they may not
differentiate AD from FTD, they provide a valuable step toward scalable and early screening
methods. Future work should extend these results to larger cohorts, prospective designs, and
classification analyses to further establish the diagnostic utility and accuracy of microstate-based
biomarkers.

5. Conclusions

This study demonstrates that different clustering solutions in EEG microstate analysis highlight
distinct temporal parameters capable of distinguishing dementia patients from healthy controls. In
the four-class solution, microstates B and D were the most informative, whereas in the seven-class
solution, microstates C and G provided the strongest group differentiation. Importantly,
normalization of temporal parameters through a ratio approach enhanced discrimination, revealing
group differences that were not evident with absolute measures alone.

Although microstate parameters did not separate AD from FTD, they consistently differentiated
both patient groups from controls and were closely associated with cognitive performance as
measured by MMSE scores. These findings suggest that EEG microstate analysis has potential as a
scalable, low-cost, and noninvasive tool for stratifying dementia diagnostics. Used as an initial
screening method, EEG microstates may help identify individuals who warrant further evaluation
with more costly or invasive techniques such as MRI or PET.

By demonstrating reliable associations between microstate temporal parameters and dementia,
the present study provides evidence that EEG microstate analysis can contribute meaningfully to
early detection strategies. Future research should focus on validating these findings in larger and
more diverse cohorts, refining classification accuracy, and integrating microstate measures with
multimodal biomarkers to improve diagnostic precision.
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RSN Resting state network
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