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ARTICLE INFO ABSTRACT

Keywords: Electroencephalogram (EEG) microstate analysis is a promising and effective spatio-temporal method that can
Reliability segment signals into several quasi-stable classes, providing a great opportunity to investigate short-range and
Microstate analysis long-range neural dynamics. However, there are still many controversies in terms of reproducibility and reliability

EEG . . when selecting different parameters or datatypes.
Propofol-induced sedation

Intraclass correlation coefficient In this study, five electrode configurations (91, 64, 32, 19, and 8 channels) were used to measure the reliability
of microstate analysis at different electrode densities during propofol-induced sedation.

First, the microstate topography and parameters at five different electrode densities were compared in the baseline
(BS) condition and the moderate sedation (MD) condition, respectively. The intraclass correlation coefficient
(ICC) and coefficient of variation (CV) were introduced to quantify the consistency of the microstate parameters.
Second, statistical analysis and classification between BS and MD were performed to determine whether the
microstate differences between different conditions remained stable at different electrode densities, and ICC was
also calculated between the different conditions to measure the consistency of the results in a single condition.

The results showed that in both the BS or MD condition, respectively, there were few significant differences
in the microstate parameters among the 91-, 64-, and 32-channel configurations, with most of the differences
observed between the 19- or 8-channel configurations and the other configurations. The ICC and CV data also
showed that the consistency among the 91-, 64-, and 32-channel configurations was better than that among all
five electrode configurations after including the 19- and 8-channel configurations. Furthermore, the significant
differences between the conditions in the 91-channel configuration remained stable at the 64- and 32-channel
resolutions, but disappeared at the 19- and 8-channel resolutions. In addition, the classification and ICC results
showed that the microstate analysis became unreliable with fewer than 20 electrodes.

The findings of this study support the hypothesis that microstate analysis of different brain states is more reliable
with higher electrode densities; the use of a small number of channels is not recommended.

1. Introduction imaging tool, electroencephalography (EEG) has been widely used to
measure the electrical activity of the brain and detect neural dynamic

The extraction of reliable biomarkers is vital for the diagnosis and changes at the millisecond time scale, providing a practical tool for
treatment of neuropsychiatric illnesses. As a non-invasive and low-cost potential diagnosis of neuropsychiatric diseases (Fitzgerald and Wat-
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son, 2018; Sharmila, 2018). Many existing signal processing methods
have been proposed for EEG feature extraction (Gudmundsson et al.,
2007), but most of them have only focused on exploring specific chan-
nels that show extreme variation between conditions or groups. How-
ever, monitoring changes in the temporal configuration of rapidly fluc-
tuating scalp potential maps is important and considered a practical and
emerging approach for early detection of diseases (Milz et al., 2017).
The scalp potential map tends to maintain a particular quasi-stable state,
called a microstate (Lehmann et al., 1987), for a period of 60-120 ms;
it then rapidly transitions to another microstate. EEG microstate analy-
sis aims to explore large-scale neural networks by combining temporal
and spatial EEG information and measuring the dynamics of the scalp
potential topography (Michel and Koenig, 2017). A set of microstates,
labelled as A to G (Custo et al., 2017), is generally considered to be
the most representative topography, in which each microstate corre-
sponds to specific neural networks in the resting state (Britz et al., 2010;
Musso et al., 2010). Moreover, it is recognized that changes in cognitive
and pathological states are usually associated with changes in microstate
features (Michel and Koenig, 2017). For instance, an event-related po-
tential study revealed that microstate topography relates to the perfor-
mance of different tasks (Brandeis et al., 1995). This evidence motivated
follow-up studies which found that different microstates dominate at dif-
ferent levels of consciousness (Brodbeck et al., 2012; Katayama et al.,
2007). Furthermore, microstate features (e.g. topography, duration,
coverage, and occurrence) have been found to be altered in schizophre-
nia (Kikuchi et al., 2007; Lehmann et al., 2005; Nishida et al., 2013),
semantic dementia (Grieder et al., 2016), head injury (Corradini and
Persinger, 2014), Alzheimer’s disease (Nishida et al., 2013), stroke
(Zappasodi et al., 2017), and panic disorders (Kikuchi et al., 2011). Due
to this broad clinical evidence, microstates are a promising biomarker
that may reveal the underlying relationships between EEG signals and
brain function in various conditions.

Considering the above-mentioned evidence, it is necessary and
worthwhile to study the reliability of microstate analysis and ensure
the stability of outcomes with different experimental conditions. Many
experimental conditions (including the amount of data, clustering al-
gorithms, the number of clusters, smoothing parameters, and prepro-
cessing strategies) have the potential to interfere with EEG microstate
analysis and may cause negative effects. Of these experimental con-
ditions, electrode configuration is one of the most important experi-
mental conditions that needs to be seriously considered in microstate
analysis, as different electrode densities may alter scalp potential to-
pography dynamics at different resolutions. For instance, several stud-
ies of schizophrenia patients using different numbers of electrodes have
concluded that the microstate with a central maximum polarity has a
shorter duration than that of healthy control subjects (Kikuchi et al.,
2007; Lehmann et al., 2005; Nishida et al., 2013). However, one of these
studies using a 21-channel EEG revealed that the microstate with left
posterior-right anterior polarity had a shorter duration (Nishida et al.,
2013), while another two studies using 27-channel EEG (Lehmann et al.,
2005) and 14-channel EEG (Strelets et al., 2003) did not observe the
same phenomenon, suggesting that the number of channels may affect
the consistency of the results. There are also several published studies
on the consistency and reliability of microstates. For example, in one
study, the inter-study and inter-individual consistency of microstate se-
quences were analysed through five different oral picture naming stud-
ies (Laganaro, 2017). The stability of five different microstate clustering
algorithms was compared in terms of the following metrics: similarity,
global explained variance, and entropy changes. There were no signifi-
cant differences (von Wegner et al., 2018). Another study examined the
test-retest reliability of different algorithms (specifically k-means clus-
tering and topographic atomise agglomerate hierarchical clustering),
different clustering approaches (global, session, and recording), and dif-
ferent numbers (30, 19, and 8) of channels. The results showed that the
global clustering approach could obtain more stable microstates, and all
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three electrode configurations demonstrated high test-retest reliability
(Khanna et al., 2014).

To the best of our knowledge, there are no reliable studies that
present conclusive findings on the issue of the number of channels
that provides reliable results, and related existing studies have only fo-
cused on microstate analysis in the resting state (Khanna et al., 2014).
Thus, the current study aimed to investigate the reliability of EEG mi-
crostate features at different electrode densities during propofol-induced
changes in brain states. The number of channels used in this study
ranged from 8 to 91, covering the numbers of channels used in re-
cent studies (Michel and Koenig, 2017). The methodology of the cur-
rent study was divided into two parts. In the first part, the reliability of
microstates was tested in the baseline and the moderate sedation con-
ditions, respectively. For each condition, we examined whether similar
microstate topographies could be obtained by clustering at five different
electrode densities (91, 64, 32, 19, and 8 channels). Then, six types of
microstate parameters (Duration, Coverage, Occurrence, GFP peaks per
second, Transition Probability, and Entropy Rate) were compared at the
five electrode densities. The intraclass correlation coefficient (ICC) and
coefficient of variation (CV) were used to evaluate the consistency of the
microstate parameters. In the second part, the reliability of microstate
parameter features during propofol-induced changes in brain states was
tested at five different electrode densities.

2. Methods

This study explored microstate reliability in the baseline condition
and the moderate sedation condition, respectively. The consistency of
features during transitions of consciousness at different electrode densi-
ties was also investigated. A diagram outlining the data analysis protocol
is shown in Fig. 1.

2.1. Data recording and preprocessing

The experimental dataset was obtained from the open-
access section of the University of Cambridge Data Repository
(https://www.repository.cam.ac.uk/handle/1810,/252736). The
dataset contains well-processed EEG data from 20 healthy sub-
jects (male/female=9/11; mean age=30.85, SD=10.98) during propofol
injection. During the experiment, the brain states of the subjects
were divided into four conditions: baseline (BS), mild sedation (ML),
moderate sedation (MD), and the recovery stage (RC), where each
condition lasted approximately 7 min. A computerised syringe driver
(Alaris Asena PK, Carefusion, Berkshire, UK) was used to control the
infusion of propofol and maintain the target concentration. A blood
plasma level of 0.6 ug/ml corresponds to mild sedation and 1.2 ug/ml
corresponds to moderate sedation. The electrical activity of the brain
was collected using a 128-channel EEG amplifier at a 250 Hz sampling
rate, referenced to the vertex. Each subject had their eyes closed during
EEG data collection. All data preprocessing steps were implemented
using the EEGLAB toolbox installed in Matlab. Channels on the neck,
cheeks, and forehead were excluded because these channels are more
susceptible to movement-related noise. Ultimately, 91 channels were
retained for further EEG analysis. The raw data was filtered between
0.5 and 45 Hz and then segmented into 10-second epochs. Each epoch
was baseline-corrected relative to the mean voltage of the epoch. A
quasi-automated program was used to reject data that contained exces-
sive eye movements or muscle artifact; this involved calculation of the
normalised variance and manual choice of whether to retain it. After
removing epochs with poor signal quality, each subject had at least
30 epochs in each section for subsequent EEG analysis (Chennu et al.,
2016). By spatially down-sampling from 91 channels of EEG signals
to 64, 32, 19, and 8 channels of EEG signals, 5 newly generated EEG
datasets with different electrode densities were obtained for microstate
analysis. The 5 electrode distributions were configured according to
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Fig. 1. The protocol for data analysis. (a) Topographic configurations with 5 different electrode densities. (b) Illustration of microstate clustering. The GFP curve of
the multi-channel EEG was calculated to measure the strength of the scalp potential. The EEGs at the GFP local maximum points were selected for clustering purpose.
The microstates obtained by clustering were fit back to the continuous EEG data to obtain the microstate sequences. (c) The whole propofol-induced transition
procedure was divided into four conditions: baseline (BS), mild sedation (ML), moderate sedation (MD), and the recovery stage (RC). Please note that the number of
clusters in the figure is assumed to be 5, and the optimal number of clusters varied depending on the dataset and method.

the modified 10-20 system, as illustrated in Fig. 1 (a).
2.2. Microstate analysis

Microstate analysis consisted of three steps: clustering, fitting, and
parameter calculation.

The clustering and fitting process is illustrated in Fig. 1 (b). The
multi-dimensional data at each sampling point was analysed as an inde-
pendent EEG map. Global Field Power (GFP) was used to quantify the
strength of the scalp potential and is equal to the standard deviation
of all channel potentials at each sampling point. The local maximum
position of GFP is considered to have the optimal signal-to-noise ratio
and stable topography. Therefore, the maps corresponding to the local
maximum of GFP were selected to conduct further microstate clustering
and fitting (Skrandies, 1990). All selected maps were clustered using
the modified k-means algorithm, which is a mature clustering method
widely used in many microstate studies (Michel and Koenig, 2017). The
number of clusters was determined by the Krzanowski-Lai (KL) crite-
rion (Murray et al., 2008). Compared with the cross-validation method
(Lai, 1988), the KL method is not sensitive to the number of electrodes;
thus, it was deemed suitable for this study. The optimal number of clus-
ters for each condition was based on the KL result of the 91-channel data
that was calculated in an existing study (Shi et al., 2020).

A feature of the modified k-means algorithm is that the initial tem-
plate is randomly selected, so the results of repeated calculations may be
inconsistent. Global explained variance (GEV) is a measure of the degree
to which the microstate clustering describes the dataset, and its value
ranges between 0 and 1: the higher the value, the better the quality of
the microstate analysis (Murray et al., 2008). Therefore, the GEV was
compared to evaluate the quality of the results after clustering. Each
clustering process was repeated 100 times, and the maps corresponding

to the highest GEV were identified as the final microstates. Additionally,
the polarity of maps was disregarded in the clustering computation.

Then, the continuous EEG was labelled according to the microstates.
For each GFP peak, the spatial correlation between the EEG data and
each microstate was calculated, and each sampling point was labelled
as the microstate label with the highest correlation. For the data be-
tween GFP peaks, each point was labelled according to the label of
the closet GFP peak. To keep the microstate label stable for a certain
amount of time until it changed, a method of temporal smoothing was
employed to eliminate rapid changes in microstate caused by noise in
the microstate sequence (Pascual-Marqui et al., 1995). However, con-
sidering the compromise between goodness of fit and smoothness, the
smoothing parameters were set as the window size parameter, b=1, and
the non-smoothness penalty parameter, 2=0.05. These control parame-
ters ensured that small segments of microstate with a temporal duration
of less than 12 ms were rejected (Denis et al., 2011; Laganaro, 2017;
Wang et al., 2021).

To more comprehensively measure the consistency of microstates at
different electrode densities, the basic parameters and sequence-related
parameters were calculated separately. The basic parameters included
the parameters that are commonly calculated in microstate studies, in-
cluding GFP peaks per second, Duration, Coverage, and Occurrence. GFP
peaks per second is the average number of GFP peaks per second. Duration
denotes the average duration of each occurrence of a current microstate
before switching to another microstate. Coverage is the time coverage for
each microstate in the whole time series. Occurrence represents the av-
erage number of occurrences per second for each microstate. It is worth
mentioning that because of the discontinuity of epoch segmentation, the
duration of the first and last microstates in each epoch was unknown;
thus, these positions were not included in the calculation of Duration,
Coverage, and Occurrence. The average value of each epoch parameter
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for each subject was used as the final parameter for analysis. Sequence-
related parameters are parameters that reflect the characteristics of a
sequence, including Transition Probability and Entropy Rate. Transition
Probability reflects the probability of each microstate transforming into
another microstate. Transition Probability from A to B is the number of
transitions from A to B divided by the number of all transitions from
A to other microstates. Entropy Rate is a measure of the temporal prop-
erty of a microstate sequence; it quantifies how much uncertainty is pro-
duced by increasing the length of the observed “characteristic sequence”
(von Wegner et al., 2017). The complexity of the EEG sequence changes
as the brain state changes (Wang et al., 2019). Based on the definition
of Shannon entropy, joint entropy is designed to quantify the entropy
value under different microstate sequence lengths. Joint entropy was
calculated as follows,

hy== 3 p(xi..x,)log p(xy,.. X, ) o

XXy

where h, represents joint entropy when the characteristic sequence
length is n, x|, ..., x, represents a continuous microstate sequence, and
p(xy,...,x,) represents the probability of this particular microstate se-
quence appearing in the entire sequence. The joint entropy value
changes as the length n of the characteristic sequence changes. The En-
tropy Rate is calculated as the slope of the linear least-squares fit of n
and h,,. Due to the limited length of each epoch, accurate joint entropy
estimation could not be obtained when n was large. Here, the entropy of
the characteristic sequence length from 1 to 6 was selected to estimate
the Entropy Rate.

2.3. Reliability analysis of EEG microstates

2.3.1. Reliability at different electrode densities in the BS condition

In the BS condition, 5 datasets with different electrode densities were
analyzed as described above; the number of clusters was set to 4. Five
sets of microstate maps and parameters were obtained and compared.
First, the microstate label at 91-channel resolution was visually defined
based on the distinct topological patterns reported in previous studies
(Custo et al., 2017). The labels at other electrode densities were de-
termined based on Pearson correlation coefficients (PCCs). Specifically,
PCCs were computed between each microstate map in the 91-electrode
configuration and those in the 64-, 32-, 19-, and 8-electrode configu-
rations. Since the vector sizes of the microstates at different electrode
densities are different, only the channels shared between two groups
were selected for PCC calculation. The higher the PCC, the better the
spatial correlation between the two microstates. Therefore, the labels
for each map were determined based on the microstate with the highest
PCC at the 91-channel resolution. Second, analysis of variance (ANOVA)
was performed to check whether the electrode density influenced each
microstate parameter. For the parameters with significant differences,
post-hoc paired t-tests with Bonferroni correction for multiple compar-
isons were conducted to determine which two groups were significantly
different. Finally, the ICC and CV were introduced to quantify the con-
sistency of microstate parameters between the 5 different electrode den-
sities. The ICC is a common indicator to evaluate test re-test and inter-
observer reliability (Ip et al., 2018). The ICC increases as the intra-class
variance reduces and the inter-class variance increases. Considering the
characteristics of the data, a two-way random model was selected to
calculate the average absolute agreement (Shrout and Fleiss, 1979). For
this, the parameter values for each subject at all 5 electrode densities
were within class, while the parameter values of different subjects were
between classes. The smaller the parameter difference under the differ-
ent electrode densities for the same subject and the greater the param-
eter difference between subjects, the higher the ICC. Paired t-tests were
used to examine whether there were ICC differences between the var-
ious EEG electrode density combinations. The ICC calculation formula
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for the two-way random model was as follows,
MSg—-MSg

Icc =
MSg+ (MS, - MSg)/n

@

where M Sy represents the mean square for rows, M S represents the
mean square for columns, and M .S represents the mean square error.
The CV is a measure of dispersion and is defined as the standard devia-
tion divided by the mean (Shoukri et al., 2008). In this part, the disper-
sion of each parameter in the 5 electrode configurations was quantified.
When neither the subjects nor the observations were unique, the mean
and standard deviation were calculated as follows,

n k
Mznikzzyij ®

i=1 j=1

n k 2
o= nikng(Yij_%ZIYiJ') “4)
= j= ]:

where y;; denotes the parameter of the ith subject under the jth configu-
ration, n represents the number of subjects, and k represents the number
of configurations.

2.3.2. Reliability among different electrode densities in the MD condition

Microstate analysis was performed on 5 datasets in the MD condition;
the number of clusters was set as 5 (Shi et al., 2020). The PCCs between
the maps in the 91-channel configuration and the corresponding maps
in the other configurations were calculated to test if the microstate maps
were stable at different electrode densities. Each microstate parameter
was subjected to the same statistical analysis and consistency analysis
as described in Section 2.3.1.

2.3.3. Comparison of the different electrode densities during
propofol-induced transitions of consciousness

To investigate whether the same inter-state microstate character-
istics were observed at the different electrode densities, the EEG mi-
crostates in the 4 brain-state conditions were reanalysed with the clus-
ter number set to 5. In our previous study, a microstate analysis of 91-
channel EEG revealed significant differences in some parameters be-
tween the BS and MD conditions (Li et al., 2020; Shi et al., 2020).
Therefore, this study evaluated whether these differences varied with
electrode density. In this study, the coverage of microstate C (Coverage
C), the coverage of microstate F (Coverage F), the duration of microstate
C (Duration C), and the occurrence of microstate F (Occurrence F) were
compared across the different electrode densities and paired t-tests were
used to check whether the significant differences remained stable. More-
over, statistical analysis (paired t-tests or Wilcoxon signed-rank tests,
determined by the characteristics of the data) was conducted on the
Transition Probability and Entropy Rate in the BS and MD states to ex-
plore whether the transition trend and complexity of the microstate se-
quence changed with changes in the brain state. Finally, all parameters
that were significantly different between the BS and MD conditions were
used as feature inputs to a support vector machine (SVM) classifier in or-
der to distinguish EEG in the MD condition from EEG in the BS condition.
The RBF kernel was selected, and the best parameters C and gamma were
selected by grid optimization (Cortes and Vapnik, 1995). The leave-one-
out-cross-validation (LOOCV) strategy was chosen to evaluate the classi-
fication results. As each case was tested once, the results were combined
to generate a receiver operating characteristic (ROC) curve. Then, the
area under the curve (AUC) was calculated to quantify the classification
performance.

In addition, the consistency of the state parameters during changes of
consciousness were measured by ICCs. Here, the changes in brain states
(BS, ML, MD, and RC) for each subject were analysed separately. The
parameter values for the same condition at the 5 electrode densities were
within the same class. The parameter values for the different conditions
were between classes. The smaller the parameter difference between the
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Fig. 2. (a) Topographies of the BS microstates
at the 5 electrode densities. The maps are la-

belled as microstate A, B, C, and D. Pearson cor-
relation coefficients between microstates at 64-
, 32-, 19-, or 8-channel resolution and the cor-

e responding microstate at 91-channel resolution
are marked under the topographies. (b) Box-
plots of GFP peaks per second in the BS condi-
tion under different electrode densities. The bar
of each subgraph is the standard deviation. Ms:
Microstate. *:p<0.005 (Bonferroni corrected).
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different electrode densities in the same condition and the greater the
parameter difference between the different conditions, the higher the
ICC.

3. Results
3.1. Reliability in the BS condition

Five sets of microstate maps at different electrode densities under the
BS condition are shown in Fig. 2 (a). The PCCs between the microstates
at the 91-channel resolution and the microstates at other configurations
ranged from 0.91 to 0.99. Each set of microstate maps matched the gen-
erally accepted microstates A, B, C, and D. GFP peaks per second at dif-
ferent configurations is compared in Fig. 2 (b). The average GFP peaks
per second ranged between 26.38 and 27.46. There were significant dif-
ferences between the parameters from the 8-channel configuration and
the parameters at the other 4 configurations.

The results for the Duration, Coverage, and Occurrence parameters
at the different electrode densities are illustrated in Fig. 3. Comparison
of the data in the left 4 columns suggests that these parameters were
not as highly consistent as GFP peaks per second. For the 5 datasets
with different electrode densities, the microstate analysis results were
not consistent. The right-most column shows the statistical analysis re-
sults. A line between two nodes indicates that there was a significant dif-
ference between the related two electrode densities; the line colour in-
dicates the corresponding microstate. For Duration and Coverage, there
were no significant differences between the 91-, 64-, and 32-channel
configurations. All the differences occurred between the 19-channel or
8-channel configurations and the other configurations. For Occurrence,
apart from the differences between the 32-channel configuration and
both the 91-channel and 64-channel configurations in microstate D, the
other differences were all between the 19-channel or 8-channel config-
uration and the other configurations.

Table 1 provides a descriptive summary of the ICC and CV data in
the BS condition. The consistencies of the 91 vs. 64 vs. 32 vs. 19 vs. 8
(5 kinds of electrode densities, 5KED), 91 vs. 64 vs. 32 vs. 19 (4 kinds
of electrode densities, 4KED), and 91 vs. 64. vs. 32 (3 kinds of elec-
trode densities, 3KED) in the BS condition were calculated separately.
The average ICC and CV of 5KED were 0.91 (SD=0.08) and 13.74%
(SD=9.13%), respectively. The average ICC and CV of 4KED were 0.92
(SD=0.07) and 12.42% (SD=9.13%), respectively. The average ICC and
CV of 3KED were 0.95 (SD=0.04) and 9.79% (SD=7.48%), respectively.

64 32 19 8

The number of channels

(b)

Table 1
Descriptive summary of the ICCs and CVs of the basic parameters in the BS
condition.

Parameter Ms 91vs64vs32vs19vs8 91vs64vs32vs19 91vs64vs32
ICC Ccv ICC Ccv ICC Ccv
Duration A 0.96 6.02% 0.96 5.38% 0.98 3.54%
B 0.97 4.70% 0.96 4.57% 0.97 3.69%
C 0.94 10.37% 0.95 8.80% 0.97 6.22%
D 0.94 12.92% 0.94 12.52% 0.96 9.16%
Coverage A 0.92 12.99% 0.95 10.93% 0.96 9.19%
B 0.89 11.92% 0.9 10.63% 0.93 7.56%
C 0.69 16.93% 0.74 14.78% 0.85 10.86%
D 0.87 32.96% 0.9 31.85% 0.94 25.65%
Occurrence A 0.98 8.04% 0.99 6.17% 0.99 5.88%
B 0.97 9.35% 0.98 7.42% 0.98 5.81%
C 0.94 7.85% 0.95 6.80% 0.96 5.37%
D 0.8 30.89% 0.86 29.23% 0.91 24.53%
STD 0.08 9.13% 0.07 9.00% 0.04 7.48%
Average 0.91 13.74% 0.92 12.42% 0.95 9.79%

The statistical analysis showed that the ICCs of each paired comparison
of 5KED, 4KED, and 3KED were significantly different. The ICC of 3KED
was higher than that of 4KED and 5KED, while the opposite trend was
seen for the CV.

Changes in the transition probability of each pair of microstates and
the results of the statistical analysis are shown in Supplementary Fig. S1.
For all 16 different microstate transitions, the difference in parameters
mainly existed between the 19-channel or 8-channel configuration and
the other configurations. The ICC and CV of Transition Probability in
the BS condition are shown in Table S1. Based on 3KED, adding 19-
and 8-channel configurations in sequence gradually reduced the average
ICC and increased the CV. The results for the Entropy Rate in the BS
condition at different electrode densities are shown in Fig. S2. Entropy
Rate in the BS condition exhibited the same trends as GFP peaks per
second. When the number of channels was no less than 19, the Entropy
Rate remained stable; when there were 8 channels, the Entropy Rate was
significantly different from the results of the other 4 configurations.

3.2. Reliability in the MD condition

Five sets of microstate maps under the MD condition are shown in
Fig. 4(a). The PCCs of microstates D and F were less than 0.9 in the 19-
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Fig. 4. (a) Topographies of MD microstates at

5 electrode densities. The maps are labelled as
microstates A, B, C, D, and F. The PCCs be-
* tween the microstates at 64-, 32-, 19-, or 8-

channel resolution and the corresponding mi-
crostate at 91-channel resolution are marked
under the topographies. (b) Boxplots of GFP
peaks per second in the MD condition at dif-
ferent electrode densities. The bar in each sub-
graph is the standard deviation. Ms: Microstate.
*:p<0.005 (Bonferroni corrected).
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channel configuration and the PCC of microstate D was less than 0.8 in
the 8-channel configuration. Fig. 4(b) reports the results of GFP peaks
per second in the MD condition. Compared with the BS condition, the
GFP peaks per second value fluctuated more markedly in the MD con-
dition (range from 27.63 to 29.53). The statistical analysis showed that
GFP peaks per second at the 8-electrode configuration was significantly
different from the GFP peaks per second values in the other 4 configu-
rations.

64 32 19 8

The number of channels

(b)

The descriptive statistics and ANOVA results for the Duration, Cov-
erage, and Occurrence parameters are shown in Fig. 5. Except for the
differences between the 32-channel, 64-channel, and 91-channel con-
figurations in microstate F, the other differences were all between the
19-channel or 8-channel configurations and the other configurations.

Table 2 provides a descriptive summary of the ICC and CV data in the
MD condition. The average ICC and CV of 5KED were 0.87 (SD=0.10)
and 16.33% (SD=8.51%), respectively. The average ICC and CV of 4KED
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Table 2
Descriptive summary of ICC and CV results in the MD condition.

Parameter ms 91vs64vs32vs19vs8 91vs64vs32vs19 91vs64vs32
ICC Ccv ICC Ccv ICC Ccv
Duration A 0.96 7.03% 0.96 6.27% 0.96 5.49%
B 0.99 4.43% 0.99 4.13% 0.98 4.48%
C 0.96 8.83% 0.94 9.15% 0.94 8.28%
D 0.92 10.53% 0.92 9.86% 0.92 9.00%
F 0.94 11.98% 0.95 10.23% 0.95 9.11%
Coverage A 0.85 15.27% 0.85 15.17% 0.86 14.16%
B 0.89 14.70% 0.94 11.33% 0.94 10.96%
C 0.74 22.26% 0.74 23.29% 0.77 23.65%
D 0.83 32.22% 0.84 30.53% 0.87 28.96%
F 0.65 30.01% 0.64 28.83% 0.65 25.58%
Occurrence A 0.95 9.29% 0.96 8.10% 0.95 7.72%
B 0.9 12.39% 0.96 7.42% 0.96 6.84%
C 0.84 19.37% 0.83 19.63% 0.85 21.10%
D 0.88 26.92% 0.88 26.57% 0.9 24.74%
F 0.69 19.71% 0.68 20.21% 0.68 18.30%
STD 0.1 8.51% 0.11 8.77% 0.1 8.35%
Average 0.87 16.33% 0.87 15.38% 0.88 14.56%

were 0.87 (SD=0.11) and 15.38% (SD=8.77%), respectively. The aver-
age ICC and CV of 3KED were 0.88 (SD=0.10) and 14.56% (SD=8.35%),
respectively. Statistical analysis showed that the ICC of 3KED was signif-
icantly different from that of 4KED and 5KED. Combining the numerical
and statistical analysis results, the consistency was high between the 91-

, 64-, and 32-channel configurations, and when the 19- and 8-channel
configurations were introduced, the consistency decreased.

The Transition Probability results in the MD condition are shown in
Fig. S3. For all 25 different microstate transitions in the MD condition,
the results from the 91- and 64-channel configurations were stable. As
the electrode density decreased, the stability of the parameter results
decreased, and the magnitude of the significant differences between the
results at different electrode densities increased. The ICC and CV of Tran-
sition Probability in the MD condition are shown in Table S2. The results
for the ICC and CV of Transition Probability compared to the basic pa-
rameters are poor; the ICC was lower and CV was higher at the same
electrode density combinations. However, the consistency of 3KED was
still higher than that of 5KED. The results for the Entropy Rate in the
MD condition are shown in Fig. S4. The Entropy Rate remained stable
when more than 19 channels were used; a significant change was ob-
served at 8-channel resolution, which is consistent with the result in the
BS condition.

3.3. Comparison during propofol-induced transitions of consciousness

Fig. 6 depicts the comparison of the 4 basic parameters in the BS
and MD conditions. For the 91-electrode configuration, there were sig-
nificant differences between the two conditions (BS and MD) for all 4
parameters. These results are as expected. In the 64-and 32-electrode
configurations, most of the differences observed between the BS and
MD conditions remained stable. However, in the 19- and 8-electrode
configurations, the significant differences observed at higher electrode
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densities were no longer present. In addition, Coverage C showed op-
posing significant differences in the 8-channel configuration.

The comparison of sequence-related parameters in the BS and MD
conditions is shown in Fig. S5. The transition probabilities of microstates
AtoC,BtoC,DtoC, and F to C for the 91-channel configuration were
significantly different between the BS and MD conditions. Repeated
comparisons revealed that some of the differences were absent in the
19- and 8-channel resolutions.

The 8 parameters that were significantly different between the BS
and MD conditions were input as features in the SVM classification for
the 91-, 64-, 32-, and 19-channel configurations. However, only 7 pa-
rameters were input for the 8-channel data because Coverage C exhib-
ited opposite effects at the 8-channel resolution. The ROC curves of the
parameters obtained by the SVM classifier are shown in Fig. 7. The AUCs
of classification for the 91-, 64-, 32-, 19-, and 8-electrode configurations
were 0.950, 0.940, 0.875, 0.660, and 0.748, and the classification ac-
curacies were 97.5%, 92.5%, 80%, 65%, and 62.5% respectively. These
results demonstrate that differentiation between the BS and MD condi-
tions decreased as the electrode density decreased.

The mean inter-state consistency results at the subject-group level
are shown in Table 3. The average ICCs of 10 parameters in 5KED and
9 parameters in 4KED were lower than 0.8. Only 6 ICCs of 3KED were
below 0.8. When the electrode density was insufficient, there were large
intra-group differences and small inter-group differences between the
different levels of consciousness for each of the parameters.

4. Discussion

Spatial analysis of EEG using microstates has been widely utilised
to reveal the specific neural mechanisms in the process of brain state
changes. However, it remains unknown whether the electrode density
used to measure EEG will affect the reliability of microstate analysis.
For example, our previous high-density EEG research showed that, ass-
cociated with the default mode network, microstate C exhibited some
changes during transitions of consciousness (Shi et al., 2020); however,
it was not clear whether lower-density EEGs could detect this change.
In the current study, the reliability of microstates at different electrode
densities was tested during propofol-induced transitions of conscious-
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Table 3
Descriptive statistics summary of ICC during propofol-induced transitions.

Parameter ms 91vs64vs32vs19vs8 91vs64vs32vs19 91vs64vs32
mean std mean std mean std
Duration A 0.9 0.15 0.94 0.05 0.95 0.04
B 0.94 0.06 0.96 0.03 0.95 0.04
C 0.8 0.25 0.83 0.24 0.85 0.22
D 0.8 0.16 0.82 0.24 0.86 0.2
F 0.78 0.26 0.78 0.23 0.84 0.21
Coverage A 0.66 0.32 0.72 0.35 0.74 0.35
B 0.59 0.31 0.74 0.21 0.73 0.25
C 0.66 0.25 0.69 0.27 0.73 0.22
D 0.67 0.26 0.72 0.31 0.8 0.25
F 0.55 0.34 0.67 0.28 0.81 0.17
Occurrence A 0.82 0.22 0.89 0.11 0.88 0.13
B 0.74 0.28 0.81 0.27 0.8 0.3
C 0.73 0.24 0.79 0.22 0.77 0.23
D 0.66 0.34 0.69 0.37 0.74 0.34
F 0.59 0.31 0.68 0.3 0.79 0.22

ness. It was expected that the minimum recommended number of elec-
trodes would be determined for use in future microstate analysis. Based
on the previously analysed 91-channel dataset, 5 datasets with different
electrode densities were analysed by manually removing some channels
from each dataset. The following text will discuss the stability of mi-
crostate topography, the microstate parameters in each condition, and
the microstate features between different conditions at different elec-
trode densities.

The correlations between microstate topographies at different elec-
trode densities were different between the BS and MD conditions. In the
BS condition, using the 91-channel microstates as a template, all mi-
crostates under the 64-, 32-, 19-, and 8-channel configurations had ex-
cellent PCC values. Microstates A, B, C, and D are a group of typical mi-
crostates that are stable in the resting state and can generally be recog-
nised in most studies using different electrode densities (Khanna et al.,
2015; Michel and Koenig, 2017). The topographic map of microstates
A, B, C, and D explained more global variance than the other special
microstates (Custo et al., 2017). However, in the MD condition, as the
number of channels decreased, the PCC decreased to below 0.9, or even
less than 0.8 in certain situations. We propose that the differences in
clustering numbers may be a reason for this variation, as mentioned in
some earlier studies (Lai, 1988; Murray et al., 2008). In the MD condi-
tion, since the clustering number was set to 5, in addition to the 4 stable
microstates, any new microstate that occupied a small proportion of the
time series would reduce the difference between the classes, which, in
turn, would increase the likelihood that each sampling point would be
clustered into different classes in the different electrode configurations
(Pascual-Marqui et al., 1995). The results showed that microstates D and
F were mostly affected. The larger the difference in the number of chan-
nels, the greater the possibility of a sampling point being classified into a
different cluster under different electrode configurations. In particular,

the maps of microstates D and F at 8-channel resolution varied greatly
compared with that at 91-channel resolution. Further, there was an in-
teresting phenomenon whereby microstate F in the 64-channel configu-
ration looked more visually similar to class C than microstate C in the 64-
channel configuration. However, the Pearson correlation coefficient re-
sults showed that 64-channel microstate C and 91-channel microstate C
were the most strongly correlated (0.987), while the Pearson correlation
coefficient between 64-channel microstate F and 91-channel microstate
C was 0.843. Therefore, labelling decisions for each microstate also have
an impact on the results, and it is necessary to have a relatively defined,
normative standard. There was also a notable difference in 91-channel
microstate D between the BS and MD conditions, which may originate
from the number of clusters. When the data were processed with 5 clus-
ters, microstates D and F had a high degree of similarity but could
still be defined separately. When the number of clusters was reduced
to 4, microstates D and F were combined into 1 cluster. Further, for
the same dataset, when different numbers of channels were selected for
clustering, the microstate maps became inconsistent. Then, for different
datasets, it should be considered that clustering maps are unlikely to be
exactly the same. Therefore, although microstates in different research
results are labelled the same, some topographical differences can poten-
tially affect the consistency of any conclusions (Gschwind et al., 2016;
Seitzman et al., 2017). This may provide an explanation for the inconsis-
tent conclusions reported to date in multiple studies on schizophrenia.
Therefore, to ensure consistency in clinical applications, the number of
channels that provides stable results should be selected for microstate
analysis.

At present, most of the existing studies on microstates primarily
focus on the comparison of derived parameters (Drissi et al., 2016;
Tomescu et al., 2015). The number and position of GFP peaks in EEG
data plays an important role in microstate analysis (Mishra et al., 2020).
The process of clustering and microstate fitting is based on the data cor-
responding to the position of GFP peaks (Corradini and Persinger, 2014).
Therefore, if the number and position of GFP peak points vary signifi-
cantly at different electrode densities, the clustering maps and param-
eters will be greatly affected. In the BS and MD conditions, although
the numerical distributions showed little change under the 5 different
electrode configurations, statistical analysis revealed significant differ-
ences between the 8-channel configuration and all other configurations
assessed in this study. Therefore, the dataset corresponding to the GFP
peaks using the 8-channel configuration was partly inconsistent with
the datasets for the other 4 configurations. As a consequence, different
clustering maps may be drawn on a dataset with 8 channels compared
to datasets with more channels.

Further, in the BS and MD conditions, the reliability of the Dura-
tion, Coverage, Occurrence, Transition Probability, and Entropy Rate
data at the 5 different electrode densities was measured. The stability
of the Entropy Rate value was high, and the results at no fewer than
19-channel resolution were very stable. The numerical distributions of
Duration, Coverage, and Occurrence, however, were not as consistent
as GFP peaks per second. Statistical analysis showed that there were
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few significant differences between the parameters when determined
using 91, 64, or 32 channels; most differences were observed between
the 19- or 8-channel configurations and the other configurations. This
result indicates that when less than 20 channels are used, the resulting
parameters may have low stability and consistency. When the electrode
density was low, different results were produced with different numbers
of channels. ICC and CV values are commonly used to evaluate out-
come reliability. Here, we used them to measure the consistency of mi-
crostate parameters calculated at different electrode densities. The ICC
and CV results were calculated for each of the 5KED, 4KED, and 3KED
subgroups for both the BS and MD conditions. The results showed that
the consistency among the 91-, 64-, and 32-channel configurations was
excellent, but the consistency successively decreased when 19 channels
and 8 channels were introduced. The reliability of the Transition Prob-
ability measurements at different electrode densities was worse than
the above basic parameters. In the MD condition, the partial Transition
Probability in the 32-channel configuration data was inconsistent with
the Transition Probability measurements at higher electrode densities.
The decreased consistency of the parameters at lower electrode densi-
ties may be linked to inconsistency between the dynamic process of the
brain states recorded at low channel numbers versus those recorded at
higher channel numbers. In other words, the description of topographic
maps using different electrode densities is different. For example, when
the electrode density is low, an EEG electrode records a “characteristic
signal” that can explain the current brain state. Due to the low electrode
density and the long distance between the electrodes, the surrounding
electrodes cannot detect this “characteristic signal”. If this electrode is
removed, the energy at the corresponding position of the topographic
map will be replaced by the smoothed average value of the surrounding
electrodes, resulting in a loss of detailed information originating from
that particular location, which reflects the current underlying brain ac-
tivity. Then, the same sampling point may be assigned to a different
cluster, which affects any subsequent parameter calculations. However,
when the electrode density is high enough, the same position may be
sampled by more than one electrode; thus, the addition or deletion of
partial electrodes will not seriously affect the overall topographic map.
Therefore, a more realistic and consistent parameter result can be ob-
tained by selecting a higher electrode density for microstate analysis.
Moreover, compared to the A and B microstates, which have distinctive
features in their spatial structures, the spatial structures of the C, D, and
F microstates are relatively similar. This results in ICC and CV values
for the C, D, and F microstates that are worse than those of microstates
A and B.

Microstates, as an emerging biomarker, have been extensively used
to compare features between consciousness-related conditions or partic-
ipant groups (Comsa et al., 2019; Strik et al., 1995). This study revealed
that microstate parameters change as electrode density changes. To eval-
uate if microstates can be a reasonable biomarker, we also tested the
reliability of microstate features between different brain states. Eight
parameters were shown to be significantly different between the BS
and MD conditions. If these differences are stable and consistent, they
should also be observed under other electrode configurations. The re-
sults showed that the microstate features of the 64- and 32-channel con-
figurations exhibited the same significant differences as those observed
at 91-channel resolution; however, some of the differences disappeared
when the number of channels decreased to 19 or 8. The application of
microstate features in classifications has wide-ranging prospects and it
is of great significance to the diagnosis of diseases and the monitoring of
brain states. If the same result cannot be generated using different elec-
trode densities, it is impractical for use in clinical diagnosis. The classifi-
cation results of the 4 microstate parameters showed that the fewer the
number of channels, the worse the classification performance. The ICCs
of the parameters between the 4 conditions also showed that the consis-
tency of 91-, 64-, and 32-channel configurations was better. Therefore,
the microstate features between different brain states remained stable
and reliable at higher electrode densities. Based on the above results,
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the consistency and stability of microstate features between different
brain states can be guaranteed when the number of channels used for
EEG recording is no less than 32.

The current study has some limitations when assessing the reliabil-
ity of brain microstates. First, the reliability of microstates was only
assessed during moderate sedation and compared to baseline data in
the same patients. Whether the reliability of other task states is consis-
tent with that of sedation requires further investigation. Furthermore,
only the electrode configuration was varied in the current study in or-
der to identify whether it affected the consistency of the microstates.
The influence of other experimental conditions, such as smoothing pa-
rameters and preprocessing strategies, also needs to be systematically
explored using similarly vigorous methodologies so that any proposed
guidelines can include recommendations for all the variables that may
affect the reliability of microstate characterisation.

5. Conclusion

The present study analysed the influence of channel number on mi-
crostate analysis and provided the recommended number of channels for
further microstate research. In this study, the reliability of microstates at
different electrode densities was investigated. First, the reliability of mi-
crostate topography and parameters were measured in both a baseline
and moderate sedation condition. Second, the reliability of any differ-
ences between microstate features during propofol-induced transitions
of brain states was measured. The results showed that microstate anal-
ysis at 91-, 64-, and 32-channel resolution was more reliable and con-
sistent. The conclusions obtained using low electrode density configura-
tions were not as reproducible as those obtained with higher electrode
densities. When conducting microstate analysis, it is recommended to
use no less than 32-channel EEG data, and the channels should be evenly
distributed on the scalp.
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