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EEG microstate features according
to performance on a mental
arithmetic task

Kyungwon Kim, Nguyen Thanh Duc, Min Choi & Boreom Lee™

In this study, we hypothesized that task performance could be evaluated applying EEG microstate
to mental arithmetic task. This pilot study also aimed at evaluating the efficacy of microstates as
novel features to discriminate task performance. Thirty-six subjects were divided into good and poor
performers, depending on how well they performed the task. Microstate features were derived from
EEG recordings during resting and task states. In the good performers, there was a decrease in type
Cand an increase in type D features during the task compared to the resting state. Mean duration
and occurrence decreased and increased, respectively. In the poor performers, occurrence of type D
feature, mean duration and occurrence showed greater changes. We investigated whether microstate
features were suitable for task performance classification and eleven features including four
archetypes were selected by recursive feature elimination (RFE). The model that implemented them
showed the highest classification performance for differentiating between groups. Our pilot findings
showed that the highest mean Area Under Curve (AUC) was 0.831. This study is the first to apply EEG
microstate features to specific cognitive tasks in healthy subjects, suggesting that EEG microstate
features can reflect task achievement.

Human cognition is based on neural activity. Brain networks ranging from individual neurons to large-scale
systems are known to be the basis for cognition and behaviour'. Several brain functions are assumed to be sup-
ported by a specific area composed of complex organizations of neurons, resulting in so-called functional locali-
zation. Higher-order brain functions seem more likely to require complex patterns of activation across multiple
brain areas rather than segregated modular function’. Cognitive functions such as working memory, attention,
and planning are difficult to localize to a discrete area. Depending on the cognitive task, network analysis of
functional magnetic resonance imaging (fMRI) data shows dynamic reorganization, including segregation and
integration states®*. In this context, an analysis of the dynamic network is essential to investigate the behaviour
associated with complex cognitive function.

Many previous studies have investigated the efficiency of cognitive functions by network analysis using
fMRI. For example, working memory, including the function of maintaining relevant information and allow-
ing mental manipulation of this information®® has been widely studied in task performance measurements as a
fundamental component involved in most higher-order brain functions. In language processing tasks, individu-
als with higher working memory capacity show increased activation of the anterior cingulate cortex compared
to those with lower capacity’. Working memory performance engages top-down modulatory functions, which
can be assessed by the functional connectivity of prefrontal and parietal control regions®. Furthermore, Andre
et al. reported that cognitive function maturation following brain development requires changes in working
memory networks’. They reported several activations in the localised cortical areas including the increased and
decreased activation of specific networks, suggesting that the development of higher-order functions can also
be interpreted by network analysis. In prospective studies, improvement in cognitive performance was associ-
ated with changes in functional organisation'®. In summary, many studies have shown that task performance is
reflected in functional networks; therefore, it may be possible to evaluate cognitive task performance using an
objective method of network analysis.

However, previous studies using fMRI have encountered a fundamental limitation in higher-order function
research. fMRI does not measure neural activity directly, but rather measures indirect physiological changes
such as neurovascular coupling and hemodynamic responses'’. Because fluctuations in blood-oxygenation-level-
dependent (BOLD) signals are relatively slow compared to neural activity, the range of functional connectivity
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that can be accurately measured with fMRI is limited?. Therefore, a method to supplement the weaknesses of
the information provided by fMRI may be helpful, and it is needed to study higher-order functions using high
temporal resolution.

Electroencephalography (EEG) allows the measurement of electrical activity on a millisecond scale that is
commensurate with the rate of neuronal firing?. Based on the rationale that different topographic representations
reflect different functional states'?, analysis of the spontaneous EEG in short time segments revealed that there are
several topographic orientations that switch rapidly'®. This method of analysis is referred to as microstate analysis,
wherein each successive signal represents a microstate'*'4. Microstates remain quasi-stable for 60-120 ms, which
is important for investigating brain dynamics'®. Using a clustering algorithm, microstates can be classified into
several groups based on topological similarity'®.

Several studies have supported that cognitive manipulation of EEG microstates is possible!’!. It was reported
that stress response was estimated using EEG microstate sequences in psychosocial stress paradigm'’. In the
semantic memory task, pre-stimulus EEG microstates showed correlation with known electrophysiological
markers, which means they can reflect cortical activation'®. When performing a word-pair memory task, it was
observed that the network dynamics of the memory consolidation process changed EEG microstates'?. There
are also studies that have revealed the association between EEG microstates and the changes in cortical activity
induced by brain stimulation. EEG microstate showed a correlation with inhibition applied to a specific region in
resting state?® and with stimulation applied to a region mediating perceptual or memory task?'. Since EEG micro-
states are associated with cognitive manipulation, it may be possible to evaluate cognitive functions using them.

However, most of these studies are based on a data-driven approach, they have several critical drawbacks.
First, clustering algorithms do not result in a specific optimal numbers of clusters that is consistent across analyses
of independent datasets?***. Second, it is difficult to interpret the results in terms of neurosciences because the
topological maps of the computed microstates are not template. If we can use the archetype microstates whose
functional significance is well defined in each archetype microstate, which help to precise interpretation of the
results regarding to neuroscience. Third, the optimal number of clustering extracted using K-means algorithms
requires appropriate choices of clusters at initialisation steps. However, choosing a proper number of cluster
can be difficult particularly in case the data is dynamic and prior knowledge is unknown. In addition, K-means
method also starts with random choices of cluster centroids and therefore it may yield different clustering results
on different iterations, which leads to inconsistent results. Archetype microstates, the same topographic pres-
entation based on a lot of prior knowledge, will enable efficient and high interpretability to reveal underlying
processes of mental activity.

A method of setting four prototypical microstates (types A, B, C, and D) in k-means clustering proposed
by Lehmann et al. has been applied in many studies that have led to a better understanding of neurobiological
bases!>?*. This method has made it possible to show differences in microstates across groups and cognitive states
by using the same archetype microstate features (i.e.; duration, occurrence, and coverage). The results of such
analyses may have high interpretability because the functional significance of the four archetype microstates
have been reported in several studies?®*-?’. Schiller et al. described the network dynamics of oxytocin from
the perspective that the duration and occurrence of microstate represents state of network?®. The functions of
microstates type A, B, C, and D are associated with fMRI resting state networks of auditory, visual, default mode,
and dorsal attention, respectively”’. Many studies have applied the four archetype microstate features to various
psychiatric conditions*?*=** general medical conditions®®**, and cognitive tasks?”**. Especially in schizophrenia,
where impairments in cognitive function are well established, changes in microstate are reported according to
various hypotheses'>***-%_ In summary, four prototypical microstates are features that reveal their function
and interpretation, making them suitable for developing models that can be applied to many diseases and tasks.

To date, microstate analysis has not been applied to assessment of task performance in higher-order brain
functions that require changes in the brain network. Since complex cognitive operations demand changes in the
brain network, cognitive functions may be evaluated with microstate features that can reflect brain networks.
Recently, Seitzman et al.”’ described changes in microstate features during a mental arithmetic task based on
studies that revealed the association between microstate features and specific brain systems??¢. Type B features
changed depending on whether visual input was present, while there was no change in type A features. Task-
positive type D features increased and task-negative type C features decreased during a serial subtraction task.
Several studies have reported similar results in type D features, in mean duration and mean occurrence?**”.
As mean duration and mean occurrence reflect temporal dynamics and usage, respectively, differences in task
achievement may be reflected in those in the global network. Because proper execution of higher-order function
is associated with changes in characteristic microstate features, it may be possible to evaluate task performance
using EEG microstate features.

Although there have been microstate feature-based studies on many diseases and cognitive tasks, there are few
studies on classification using these microstate features. For example, Negar et al., investigated EEG microstate
features for classification of epilepsy and PNES, and their findings showed that when the coverage feature of the
EEG microstate analysis is calculated in beta-band, the classification showed fairly high accuracy and precision*'.
In addition, Kiran Raj et al., used machine learning techniques to explore if abnormalities in EEG microstates
can identify patients with temporal lobe epilepsy®. It is necessary to examine the efficacy of microstates as a
meaningful and novel feature, which can be used in combination of a classifier for predictions of test individu-
als. In other words, we can develop a trained classifier based on the classification analysis for taking microstate
data from new yet-to-be-seen individuals as inputs and provide the predictions whether they are good or poor
performers. In addition, we can develop a comparative protocol where we compare the classification perfor-
mances of our microstate analysis features using feature selection method. However, the efficiency of microstate
analysis features is still ambiguous for classification, and extensive investigation on this topic is of importance.
In general, it might be true that if there are great differences between groups, the classification accuracies might
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Figure 1. Four microstates of EEG recordings from resting and task states were obtained in good performers
and poor performers. PR poor performers in the resting state, PT poor performers in task state, GR good
performers in resting state, GT good performers in task state.
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be high. However, this is not always the case; the accuracy of classification must be a compromise between the
novel extracted features from the raw dataset and a classifier. In some cases, even there are small differences
between groups, the classification accuracies can be high if we have a well-designed classifier. In summary, the
efficiency of microstates as novel features for classification needs to be investigated because many studies have
not been performed despite the uncertainty.

In this study, we investigated the differences between known microstate features of good performers and
poor performers during a mental arithmetic task. We hypothesised that microstate features would reflect perfor-
mance on the mental arithmetic task. Among them, some features may be more useful, such as type D features
(associated with dorsal attention), mean duration (associated with temporal stability), and mean occurrence
(associated with usage). First, we obtained microstate features from EEG recordings during resting state and
task state in good performers and poor performers. Next, we compared microstate features within groups and
between groups during the task state. We also examined the possibility of using microstate characteristics as novel
features for discriminations of cognitive tasks. Finally, we calculated the classification accuracies of microstate
features obtained using RFE with machine-learning-based multivariate analysis in good and poor performers.

Results

Microstate analysis. Normalised microstate scalp maps are shown in Fig. 1, exhibiting four states. In
accordance with the labels applied in previous studies'>*, unilateral frontal orientations were labelled type
A and B, anterior-posterior orientation was labelled type C, and the somewhat dominant orientation in the
occipital area was labelled type D. Microstate analysis was performed by clustering based on the four archetype
microstates.

The results presented in Table 1 show the comparison of the four states (PR: poor performers in the resting
state, PT: poor performers in task state, GR: good performers in resting state, GT: good performers in task state)
using 18 microstate features obtained from microstate analysis. From the two comparisons (PR vs. PT and GR vs.
GT), differences in microstate features between good performers and poor performers are revealed in the task
state and the resting state. In good performers, the mean duration decreased (p <0.001) and the mean occurrence
increased (p <0.001). No type A features differed between the task and resting states. In type B features, only
the duration was reduced (p=0.002). The duration (p <0.001) and coverage (p <0.001) of type C microstates
decreased between the task and resting states. For type D features, duration (p <0.001), occurrence (p <0.001),
and coverage (p <0.001) all increased. On the other hand, in the poor performer group, there was no difference
in duration, unlike occurrence (p <0.001) and coverage (p <0.001) in type D feature and occurrence increased
(p=0.014) in type C. For types A and B, similar to good performers, only the duration of B decreased (p <0.001).
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Adjusted p-value and z-value after post-hoc test

PR PT GR GT PRvs PT GRvs GT PT vs GT
Duration (ms) z p z p z p
A 63.6 (+£22.1) 61.4 (£17.8) 61.5(+19.2) 60.4 (£17.1) 1.845 0.195 1.701 0.195 0.730 0.466
B 68.3 (+24.6) 62.0 (£16.4) 66.9 (£23.5) 64.3 (£20.1) 4.404 <0.001* 3.369 0.002* —1.964 0.099
C 94.2 (+45.1) 86.8 (£41.2) 99.2 (+51.0) 92.3 (£44.5) 4.679 <0.001* 5.282 <0.001* -2.120 0.068
D 72.4 (£24.9) 68.7 (£19.3) 71.5 (£25.6) 76.2 (£24.6) -1.103 0.540 —3.804 0.001* -0.551 0.582
Mean duration 78.0 (£18.2) 72.5 (£14.9) 79.2 (£20.3) 77.1 (£16.8) 4.938 <0.001 4.041 <0.001* -2.702 0.014*
Occurrence (Hz)
A 2.62 (£1.20) 2.70 (+1.05) 2.55 (+1.21) 2.44 (£1.17) 1.802 0.215 ~0.804 0.422 2.064 0.156
B 3.00 (£1.16) 3.21(£1.15) 2,98 (£1.19) 2.98 (+£1.09) -0.132 >0.999 —0.948 >0.999 -0.283 2.332
C 4.16 (£1.13) 4.47 (£1.04) 4.17 (£1.14) 4.15(£1.11) -2914 0.014* -0.967 0.667 1.864 0.187
D 3.62 (£1.25) 3.88 (£1.28) 3.58 (+1.29) 3.91 (£1.20) ~5.802 <0.001* ~5.651 <0.001* 2.906 0.007
Mean occurrence 13.38 (£2.59) 14.25 (£2.38) 13.29 (£2.75) 13.48 (+£2.46) -4.938 <0.001* -3.976 <0.001* 2.702 0.014*
Coverage (%)
A 16.5 (+8.4) 16.3 (£7.3) 15.6 (£8.5) 14.7 (£7.8) -0.184 >0.999 0.540 >0.999 2.385 0.051
B 205 (+10.4) 19.9 (+£8.0) 19.8 (£9.8) 19.3 (£9.2) 2.335 0.078 0.916 0.593 ~1.117 0.792
C 37.3(+13.5) 37.0 (£12.3) 39.2 (+15.2) 36.6 (£13.5) 2.501 0.025* 5.015 <0.001* -0.602 0.547
D 25.8 (£10.7) 26.7 (£11.0) 25.3 (£11.1) 29.5 (£11.3) —5.432 <0.001* —-7.501 <0.001* 1.303 0.327
Mean GFP (uV)
A 5.51 (£1.37) 4.86 (+1.34) 5.29 (£1.72) 4.90 (+1.44) 3.936 <0.001* 3.378 <0.001* 1.804 0.071
B 5.68 (£1.60) 4.90 (+1.32) 5.43 (£1.74) 5.05 (£1.64) 4.796 <0.001* 3.793 <0.001* 1.076 0.282
C 6.12 (£1.56) 5.31 (£1.33) 5.94 (+1.97) 5.46 (£1.77) 4.464 <0.001* 4.497 <0.001* 2.348 0.019*
D 5.98 (+1.51) 520 (+1.31) 5.73 (+1.85) 5.40 (+1.59) 3.581 0.001* 2.430 0.030* 1.920 0.055

Table 1. Eighteen microstate features were obtained for the resting and task state EEG recordings in good
performers and poor performers. Statistical analyses were performed using Mann-Whitney test. After
Bonferroni-Holm correction for multiple comparisons, significant differences are indicated in asterisk and
bold. PR poor performers in the resting state, PT poor performers in task state, GR good performers in resting
state, GT good performers in task state, GFP global field potential, mean (+ standard deviation).

The mean duration also decreased (p <0.001) and the mean occurrence increased (p <0.001) between the task and
resting states. In the two comparisons, all global field potential (GFP) features were reduced. In summary, type
D features increased, type C features decreased, and type A and B features did not differ or not affect coverage
in good performers during the mental arithmetic task. For poor performers, the occurrence of type C features
increased, while the duration of type D features did not differ.

A comparison of PT and GT reflects whether the difference in task performance can be reflected in the EEG
microstate feature (Table 1). Compared with good performers, the occurrence of type D features (p=0.007)
decreased in poor performers; the latter showed reduced mean duration (p=0.014) and increased mean occur-
rence (p=0.014). Type A, B, and C features did not differ between the two groups. In summary, type D features
increased, temporal stability increased as mean duration increased and mean occurrence decreased during the
mental arithmetic task in good performers.

In particular, type D features, mean duration, and mean occurrence were investigated whether they exhibit
the characteristics of four states. The change in type D features caused by the task is displayed in Fig. 2. For
good performers (Fig. 2; middle columns), coverage increased with increasing duration and occurrence. On the
other hand, there was no significant change in duration of D features in poor performers, even when perform-
ing the mental arithmetic task (Fig. 2; left columns). There was a difference in the occurrence of type D feature,
depending on performance level in the task state (Fig. 2; right columns). Across type features, the mean duration
decreased and the mean occurrence increased during the task state in both groups. However, during the task,
poor performers showed greater change than good performers. In other words, good performers maintained tem-
poral stability better than poor performers (Fig. 3; left and middle columns). Therefore, mean duration and mean
occurrence during the task (right Fig. 3; right columns) differed between the two groups. These data suggest that
type D features, mean duration, and mean occurrence are suitable to reflect mental arithmetic task performance.

Transition probability. The transition probabilities in the four states are presented in Table 2. During the
task performance, there was no significant difference between poor performers and good performers in the
11 possible transitions except (A — D) (p=0.034). For directional predominance, it was analysed whether the
mean values of poor and good performers deviated from zero. In poor performers, (A— C) - (C— A) increased
(p=0.009) (A—D)—-(D—A) (p=0.001) and (B— C)-(C—B) (p=0.002) decreased. Accordingly, the domi-
nant microstate sequence was D— A — C— B. In good performers, however, (A—D)-(D—A) (p<0.001)
increased, while (A—D)—-(D—A) (p<0.001), (B—C)-(C—B) (p<0.001), (B—>D)-(D—B) (p<0.001)
decreased. Thus, the dominant microstate sequence of good performers was C— A — D — B. In other words,
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Figure 2. Changes in type D microstate features depending on task state and performance. Boxplot represents
first quantile, third quantile, and the median. Group differences were tested with Mann-Whitney test. After
Bonferroni-Holm correction for multiple comparisons, a significant difference is marked by an asterisk. PR
poor performers in the resting state, PT poor performers in task state, GR good performers in resting state, GT
good performers in task state.
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Figure 3. Changes in mean duration and mean occurrence depending on task state and performance. Boxplot
represents first quantile, third quantile, and the median. Group differences were tested with Mann-Whitney test.
After Bonferroni-Holm correction for multiple comparisons, a significant difference is marked by an asterisk.
PR poor performers in the resting state, PT poor performers in task state, GR good performers in resting state,
GT good performers in task state.

when performing a task from the resting state, there was a difference in the dominant microstate transition
according to task achievement. However, there was no difference in the directional predominance between rest-
ing and task state in poor performers while performing the mental arithmetic task (Fig. 4). There was also no
difference in transition probabilities between good performers and poor performers during task performance.
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A. Transition percentages (from a class — other class)

A—B B—A A—C CoA A—D D—A ‘B—>C \c-»n ‘B—»D ‘D—»B ‘C—»D ‘D—»C
PT
Mean 8.10 9.00 $.03 7.44 13.57 1331
(s 4.08 (4.06) 4.06 (4.09) 8.11 (5.20) 7.27 (496) | 6.03 (4.85) | 6.88 (4.96) 64 |60 | Gas) | Gao) |60 |63
GT
Mean 9.08 9.11 7.93 8.00 13.07 13.28
s 4.04 (4.09) 4.05 (3.97) 731 (5.32) 7.43(558) | 6.25(5.08) | 6.14(5.04) 633 | 625 |68 |66 |68 |67
?nif:r' 0.04 0.01 0.80 ~0.16 -0.22 0.74 -098 |-011 |0.10 -056 | 0.50 0.03
zvalue | 0.165 2313 ~0.565 ~0.361 ~2.385 0.378 ~0.001 |-0.147 |0.949 2314 -1428 | 0.072
s%‘ﬁl‘;‘i >0.999 0.083 >0.999 >0.999 0.034* 0.706 >0.999 |0.938 0.685 | 0.062 0.460 0.943

B. Directional predominance

A—-B-B—A |A—-C-C—A A—-D-D—A B—»C-C—»B |[B—»D-D—B |C—»D-D—-C

PT

Mean (sd) | 0.02 (4.74) 0.84 (5.46) ~0.85 (5.19) ~090(5.84) | 0.60 (5.76) 0.26 (6.28)
p-value (vs | oo, 0.009* 0.001* 0.002* 0.181 0952
zero)

GT

Mean (sd) | —0.01 (4.31) ~0.12 (5.45) 0.10 (5.26) ~004(6.11) | -0.06 (5.98) ~0.20 (6.70)
pvalue (vs | g <0.001* <0.001* <0.001* <0.001* 0.816
7ero)

Difference | 0.03 0.96 ~095 ~0.86 0.66 047
z-value ~0.036 2.302 ~2383 —2.284 1.570 0978
Adjustedp | 999 0.085 0.069 0.067 0233 0.985
-value

Table 2. Twelve transition percentages and six directional predominance features were obtained from good
and poor performers during task performance. Statistical analyses were performed using Mann-Whitney test.
After performing Bonferroni-Holm correction for multiple comparisons, significant differences are indicated
in asterisk and bold. PT poor performers in task state, GT good performers in task state, mean (standard
deviation).

Schematic PTvs GT

Figure 4. Directional predominance of microstate sequence during mental arithmetic task. The letters in the
circle represent the microstate of each type. Solid arrows indicate that the transition from one microstate to
another is significantly increased compared to the opposite direction between two groups after Bonferroni-
Holm correction. The dotted line indicates that there is no statistical significance, and the direction is indicated
by arrows in comparison with zero. PT poor performers in task state, GT good performers in task state.

Feature selection using recursive feature elimination and classification results. RFE was imple-
mented to determine the features that best distinguish the two groups with different task performance. The
feature selection step using several classifiers is shown in Fig. 5. Based on the classification accuracy, the best
result of 75.3% was obtained with RBF-kernel SVM classifier when the number of selected features was 11. The
selected features are as follows: mean occurrence, four (A, B, C, and D) occurrences and four GFPs, coverage of
type C and D microstates.
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Figure 5. A recursive feature elimination step with different classifiers to select optimal number of microstate
features that best differentiate poor performers and good performers. Mean accuracy is presented as a
percentage. The shaded area represents the variability of 100 times permutation, one standard deviation above
and below the mean accuracy shown by the point. Maximum mean accuracy, 75.3%, is obtained using RBF-
kernel SVM classifier to select 11 features from the original feature set of 36 features. RFE recursive feature
elimination, SVM support vector machine, Lin linear kernel, Poly polynomial kernel, RBF radial basis function,
kNN-n k-nearest neighbours with k value of n, RF random forest, LR logistic regression.

Microstate features |LR | SVM-Lin | SVM-Poly | SVM-RBF |kNN-2 |kNN-5 |kNN-10 |RF

Poor vs good

Accuracy (%) 0.702 | 0.590 0.664 0.764 0.664 0.732 0.720 0.706
AUC 0.755 | 0.610 0.718 0.831 0.664 0.763 0.784 0.761
Sensitivity (%) 0.717 | 0.592 0.664 0.767 0.669 0.719 0.690 0.694
Specificity (%) 0.694 | 0.590 0.674 0.767 0.667 0.750 0.768 0.744

Table 3. Classification performance achieved using eleven microstate features selected by recursive feature
elimination from task state EEG recordings in good and poor performers. The results were obtained from five-
fold cross validation. The highest classifier performance is bold. LR logistic regression, SVM support vector
machine, Lin linear kernel, Poly polynomial kernel, RBF radial basis function, kNN-n k-nearest neighbours
with k value of n, RF random forest.

Table 3 shows the comparison of results that differentiate between good performers and poor performers
using several classifiers with 11 features selected by RFE. The mean accuracy, AUC, sensitivity, and specificity
were calculated by five-fold cross-validation. In mental arithmetic task performance classification, the highest
mean AUC of using eleven features selected by feature selection was 0.831. The ROC curves for each fold of the
RBF-kernel SVM classifier, which showed the highest performance, are illustrated in Fig. 6.

Discussion

Using EEG microstate analysis, we examined whether task performance was reflected in microstate features.
First, we divided subjects into good performers and poor performers based on how well they performed on a
mental arithmetic task. Second, we investigated how microstate features changed in good performers and poor
performers when conducting the task compared to resting state. Next, we compared the microstate features of
good performers and poor performers during the task state. Finally, we evaluated which of the microstate features
is best at assessing task performance using several classifiers.

Most of our results are in line with the hypothesis that performance on mental arithmetic tasks is reflected
in microstate features. In the task state of the poor and good performers, most type A and B features associated
with the sensory network did not change, type C features associated with the default mode decreased, and type
D features associated with dorsal attention increased compared to the resting state. Considering that a mental
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Figure 6. ROC curves for each fold in the classification using RBF-kernel SVM classifier with eleven microstate
features selected by recursive feature elimination show a mean AUC of 0.831.The AUC:s for each fold are as
follows: 0.873, 0.856, 0.792, 0.784, and 0.848. ROC receiver operating characteristics, RBF radial basis function,
SVM support vector machine, RFE recursive feature elimination, AUC area under the curve.

arithmetic task is one requiring attention, working memory, and executive functions, this result supports the
previously accepted functional significance*>?S. This is also consistent with the results of Seitzman et al. show-
ing that microstate type D is task-positive, and microstate type C is task-negative?. In both groups, the mean
duration and mean occurrence changed, which suggests that there was a change in temporal stability due to task
execution®®. However, poor performers had a different degree of change compared to good performers. Type
D features increased less and the change in mean duration and mean coverage was greater. While there was no
difference in type C features during the task and the changes in duration and coverage by the task were similar,
occurrence of type C feature decreased only in poor performers. As a result, poor performers showed reduced
type D features, increased mean duration, and decreased mean occurrence compared to good performers during
the mental arithmetic task. In particular, task-positive type D features, which are known to be related to dorsal
attention, differed in occurrence.

These results support previous fMRI findings on cognitive function and microstate analysis. Depending on
the required cognitive function, higher-order brain tasks require flexible coupled activity of the default mode
network and dorsal attention network*?. In order to perform the mental arithmetic test, the subject must encode
the presented information, perform the calculation, provide the response, and maintain the intermediate result*’.
This task is suitable for our study because it can minimise noise caused by eye movements, and is relatively less
involved in other sensory systems. Moreover, it was a multidigit subtraction arithmetic task, which is more dif-
ficult than the normal level, requiring considerable attention. It is a goal-directed (top-down control) task that
is associated with the three working memory systems, activating the dorsal attention system®**.

Britz et al. have reported that type D and type C microstates are associated with the dorsal attention system
and default mode network, respectively®®. Type D microstate features increased during the task in the study
using serial subtraction tasks”. Considering the association between the type D microstate feature and the dorsal
attention system, the mental arithmetic task requiring the attention system would have resulted in an increase
in the type D microstate features. In addition, our results suggest that type D features can reflect not only task
execution but also task achievement. The activation of the dorsal attention system leads to good performance,
which may be reflected in type D features. In contrast to type D features, type C microstate features are known
to decrease in tasks that require externally directed cognition®. Type C microstate features reflect the default
mode network??, which is a large-scale distributed network that shows task-induced deactivation®*”. Similar
to several fMRI studies, task-positive dorsal attachment network and task-negative default mode network are
antagonistic*®**, and type C and D microstate features have been reported to show antagonistic inclination in
both healthy subjects?*?*” and disease groups**>*°!. The deactivation of the default mode network improves the
performance during goal-directed tasks, reflected in type C features. Taken together, the antagonistic activation
of the dorsal attention network and the default mode network is required to perform the mental arithmetic task
better, and this may lead to an increase in the type D microstate feature and a decrease in the type C microstate
feature.
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The transition probability of EEG microstate analysis has been applied in sleep®, schizophrenia®, mood, and
anxiety>? studies. The results of previous studies showed that impairment in temporal organisation represents
altered transition probability*>>. In our study, the predominant directions deviated from the zero value in both
groups during the task state. D — A — C increased in poor performers, while in good performers, C—A —D
increased; thus, the increase or decrease in C was opposite in both groups. However, there was no difference
in the transition probabilities except for (A — D) between good performers and poor performers during task
states. In other words, several microstate features in the two groups were different during the task, but transi-
tions between each microstate were maintained, regardless of achievement of the task. The subjects of this study
were healthy subjects who did not have impairment in cognitive functions of the present and past. Thus, the
difference in cognitive function of this subject group is much less than that of previous studies. Taken together,
we concluded that transition probability can reflect a considerable change in cognition, but is not suitable for
reflecting the degree of difference in task achievement.

The results of the several classifiers for classification revealed how well microstate features evaluated task
performance, and identified the optimal feature set. Using recursive feature elimination, we selected eleven of
the 36 microstate features that most effectively distinguished the two groups. The 11 features included all four
archetypes microstate features, and coverage was included in the case of type C and type D. Although type A, B
features and three GFPs did not differ significantly between the two groups during task performance, they were
useful to obtain higher accuracy as informative features with machine-learning-based multivariate analysis. The
highest AUC 0.831, which is generally considered at the level of excellent discrimination®***. Given that they are
only microstate features from a two-second epoch, it would be expected to show higher accuracy when applied
with other features. These EEG microstate features not only showed characteristic changes depending on task
achievement, but also proved most useful for evaluating task achievement. This suggests that it may be possible
to objectively evaluate task achievement using these EEG microstate features.

In particular, mean occurrence and type D features were selected by RFE as well as significant differences
during the task. As mentioned, type D features and mean occurrence are theoretically meaningful features
known to be related to the dorsal attention system?*” and temporal stability of and network?, respectively. First,
microstate features in our study were obtained from the archetype microstate. Our approach makes it possible
to obtain microstate features from those of the same prototype even in different tasks or diseases, so we can
compare and interpret the results based on previous studies using the same method. Next, the reliability and
validity can be improved by exploiting multiple features simultaneously using multivariate analysis with machine
learning classifier. The highest AUC of this study is not only an excellent level of discrimination, but also based
on meaningful features based on previous studies. Considering that EEG microstate analysis has information
that other modalities cannot provide, our selected features can help to obtain higher performance with features
of other modalities. Thus, knowledge-based features obtained from archetype microstate features and selected
as theory-driven features can be applied to evaluate cognitive performance.

The mental arithmetic task is easy to administer, minimises activation of other systems, and involves attention,
working memory, and executive functions, which are related to general intelligence®®*”. Mean duration, mean
occurrence, and type D features differed depending on the level of performance on this task. This indicates that
the dorsal attention system is activated while maintaining temporal stability and usage. EEG microstate features
can exhibit these appropriate alterations and have the potential to be used for task achievement evaluation.
To our knowledge, this study is the first to evaluate cognitive task performance in healthy subjects using EEG
microstate features. Human cognitive function is related to the spatiotemporal dynamics of brine, as determined
by various neuroimaging methods®®*, especially fMRI®. However, since the BOLD response in fMRI has a delay
of several seconds and is affected by local vasculature?, it is impossible to perform fine temporal analysis of brain
activity®. A method that permits the measurement of brain dynamics should be selected for proper evaluation
of cognitive function, considering the time course of neural activity. EEG has excellent temporal resolution,
sufficient to analyse components of event-related potentials. In other words, microstate analysis can exploit the
advantages of EEG to investigate sub-second brain dynamics required for human cognitive process research®'-%3.
Previous work has shown the EEG microstate features can reflect several diseases; our results show that they can
also reflect differences in the cognitive function of healthy subjects. This approach is expected to help objective
measurement of intelligence and provide a deeper understanding of brain function.

Some limitations of this study should be discussed. This work is based on data from a public dataset consist-
ing of a small number of subjects. Therefore, there is a limit to the generalisation of these results. Large cohort
studies that can represent the general population are needed in the future. Next, among several EEG microstate
analysis methods, the k-means clustering method was selected and the k value was fixed at 4. Better explained
variance can be obtained with different clustering methods® or using different k values”. However, the k-means
clustering method with a k value of 4 has its own advantages. According to the cross-validation criterion intro-
duced by Pascual-Marqui et al.**®, the k value that maximises the explained variance was presented as 4. The
method was valid to show the variance on the average of 79% in the resting state EEG in a large control group
of 496 people. In the study conducted by Seitzman during tasks”’, the four archetype microstates showed more
than 60% explained variance. It has already been applied in many independent studies'®, and the function of
each archetype is well known?>*. After further studies have demonstrated the functional significance of EEG
microstates for objective cognitive function evaluation, other clustering methods can be applied to assess cog-
nitive functions more accurately using similar methods. In summary, given that few studies have applied EEG
microstate analysis to specific tasks in healthy subjects, our results are valuable by demonstrating that generalisa-
tion of this approach appears promising.
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Figure 7. Overview of the process for extracting EEG microstate features. EEG electroencephalography, GFP
global field potential, PR poor performers in resting state, PT poor performers in task state, GR good performers
in resting state, GT good performers in task state.

Conclusions

In this study, we demonstrate the usefulness of EEG microstate features in evaluating cognitive performance.
Our results show that EEG microstate features differ depending on performance on a mental arithmetic task.
In particular, type D features increase, type C features decrease, mean duration increases, and mean occurrence
decreases in good performers. This is because the EEG microstate features may reflect the activation of the dor-
sal attention system, deactivation of the default mode network, and ability to maintain temporal stability. The
features selected by RFE include these meaningful features, and they showed an excellent level of discrimination
in distinguishing good performers from poor performers. This suggests that EEG microstate features can be
helpful in the objective evaluation of cognitive function. Further studies are needed to assess the value of EEG
microstates in other tasks requiring different cognitive functions, and in the general population.

Methods

Dataset. A publicly accessible EEG dataset was analysed in this study, which was obtained from the ‘EEG
During Mental Arithmetic Tasks® in the EEG dataset on PhysioNet.org®’, was approved by the Bioethics Com-
mission of Educational and Scientific Centre “Institute of Biology and Medicine,” Taras Shevchenko National
University of Kyiv and written informed consent was obtained from each subject in accordance with the World
Medical Association (WMA) Declaration of Helsinki. Healthy university student volunteers with no visual,
cognitive, or mental impairment were eligible to participate in the task. The following exclusion criteria were
applied: use of psychoactive medication, drug or alcohol addiction, and psychiatric or neurological complaints.
Of the 66 initial participants, participants with poor EEG quality were excluded due to eye and muscle move-
ment (based on visual inspection by an expert). A total of 36 subjects were included in analyses, ranging between
the ages of 17-26 (9 males, 27 females; 18.25+4.5 years). Information on raw dataset including EEG recording
environment and data selection can be found in Zyma et al.®®.

EEG was recorded at 500 Hz sampling frequency with a 0.5-60 Hz band-pass filter using a Neurocom monop-
olar EEG 23-channel system (Ukraine, XAI-MEDICA). Silver/silver chloride electrodes were placed in accord-
ance with the International 10-20 System: frontal (Fp1, Fp2), frontal (F3, F4, Fz, F7, F8), central (C3, C4, Cz)
parietal (P3, P4, Pz), occipital (O1, O2), and temporal (T3, T4, T5, T6).

Experimental protocol. A summary of the experimental protocol and preprocessing steps are summa-
rised in Fig. 7. The EEG recordings were collected during the eyes closed resting state and mental arithmetic task
state. The task requires activation of the dorsal attention system69'7°, which is known to be associated with volun-
tary attentional control”"’2. During the resting state, after 3 min of adaptation, subjects were asked to relax with
their eyes closed. During a mental arithmetic task for 15 min, subjects performed a serial subtraction wherein
two digests (subtrahend) were subtracted from four digits (minuend). The subjects were asked to calculate men-
tally without speech or finger movement. In this study, the 3 min resting state and the first 1 min of the task
state were selected for analysis, due to mental fatigue caused by the task later on. The achievement of the mental
arithmetic task was assessed according to Zyma et al.® and Seleznov et al.% based on the number of operations
performed per minute”. As a result, the subjects were divided into 26 good performers and ten poor performers.
Finally, four states of EEG recording were analysed: good and poor performers, in the resting state and task state.
A detailed description of the experimental design and group selection can be found in Zyma et al.%.
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EEG data preprocessing. We implemented a preprocessing step similar to methods described by Dam-
borska et al.*? and Schiller et al.?, which analysed all data points. Two raw EEGs randomly selected from each
group are shown in Supplementary Fig. S1. Preprocessing, microstate analysis and feature extraction were per-
formed by referring to the well-established methods of Koenig et al.'>?* and Seitzman et al.?’. Re-referencing
to common average electrode and 2-20-Hz band pass filter were performed according to Koenig’s method for
deriving four archetypes. For classification using microstate features, continuous raw EEG was segmented in two
seconds to enrol more samples. Epochs containing artefacts were removed using the ft_rejectvisual function of
Fieldtrip, which shows the variance and maximum absolute value of each channel and allows the visual rejec-
tion. Criteria for rejection was that maximum absolute value exceeded 100 uV or variance exceeded 500. The
epoch that was not rejected by criteria was subsequently removed by visual inspection, even though it contained
obvious artefact. A total of 3704 epochs were obtained from EEG recordings of all subjects. All EEG analysis was
implemented using the FieldTrip toolbox™.

Microstate analysis. EEG microstates were analysed as described by Koenig et al.'>**?%, one of the most
widely used methods. With this method, we obtained four archetype microstates with functional significance
found in fMRI studies using the EEGlab toolbox. This measures global electrical activity in instant of time. First,
GFP was derived from EEG recordings as follows:

N
GFP = (Z (Vi(t) - Vmean(t))z) /N (1)

where V;(t) and Viy,eqn () denote the instantaneous and mean potentials across the N electrodes at time .

Then, successive microstates, which are discrete states of the EEG analysed based on local maxima of the GFP,
were derived. Using modified k-means clustering, all microstates were assigned to four archetype microstates as
follows: left-right orientation (type A), right-left orientation (type B), anterior—posterior orientation (type C),
and a fronto-central maximum (type D)'%*,

Once the number of microstates was identified (four archetype microstates), we have to label them into a
sequence by using modified K-means clustering algorithm and Global Explain Variance (GEV) criteria’”®. The
setting parameters for K-means algorithms are re-run and iterations as explained following. In principle, by re-
running the stochastic k-means algorithm multiple times (in this analysis, we set re-run parameter to 20 times),
we are able to test multiple segmentations on the same dataset and select the best re-run based on the GEV
criteria”. GEV is a measure of how similar each EEG sample is to the microstate prototype it has been assigned
to. The higher the GEV the better®. More importantly, we are able to reach the global minimum among 20 local
minimums (20 re-runs). After 20 re-runs, the one that maximises the GEV is selected. However, the number of
re-run is a trade-off between computation time and how likely we are to converge on the same optimal solution.
In the Microstate EEGlab toolbox® and tis Python package’® in which we have applied for our analysis select 10
re-run as a default value. In addition, Thomas Koenig’s manual’”” has recommended that a range from 20 to 50
re-runs could be sufficient for a proper analysis. Furthermore, we have found that there are several existing EEG
microstate analysis literatures that set 10 re-runs®’® as well as papers that use 30*° as a proper re-run number.

Another parameter for K-means clustering is iteration, which means that in each re-run the K-means algo-
rithm keeps iterating until some stopping criteria (convergence threshold) are satisfied. In this analysis, we used
the convergence threshold, which stops the algorithms when the relative error change between subsequence
iterations is below the threshold. Here, we set the threshold at 10-6. The maximum number of iterations set to
1000 which means the algorithm can stop if the maximum iteration is reached before convergence for computa-
tion time efficiency.

Microstate features were then extracted. In each microstate, duration was defined as the average duration
of microstates per second. Occurrence was defined as the average frequency of microstates observed. Coverage
was defined as the percentage of each microstate appearing in each epoch. Mean GFP was defined as the average
GFP for a microstate. Next, two features were extracted for epochs across all types: mean duration was defined
as the average duration of all types in a specific epoch and mean occurrence was defined as the frequency of all
microstates per second in each epoch. In summary, a total of 18 microstate features were used in this study: four
features for each type and two across all types. Transition probabilities, the percentage of transition from one to
the different microstates, were also calculated. Thus, there were a total of 12 pairs. The directional predominance
introduced by Lehmann et al. were also analyzed. It reveals the asymmetries of transition between two types of
microstates in their sequences. Using the permutation test, the difference between the expected transition and
the observed transition was calculated. This process was run 10,000 times to obtain the p-value.

Feature selection and classification. To examine which of the 36 microstate features is more suitable for
performance evaluation, we used several machine-learning algorithms and feature selection methods. Feature
selection was performed by selecting the most informative features to help enhance the classification perfor-
mance and reduce complex computations and overfitting problems. RFE is a multivariate wrapper-based feature
selection algorithm that ranks features according to their effects on classification’. In each RFE iteration, the
lowest-ranking features are removed, whereas the remaining features are used for the next iteration. This sequen-
tial process is repeated until all features are discarded and the optimal number of features is determined. Our
initial dataset is unbalanced, therefore, we have implemented downsampling strategy, which randomly select a
subset of balanced samples from each group. In particular, we selected 250 epochs for each group and used five-
fold cross-validation to assess classification performance. That is, for each fold, 200 epochs and 50 epochs in each
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group of PP and GP are used for training and testing set, respectively. The determination in optimal number of
features using RFE was evaluated by repeating 100 times to avoid bias due to random selection. The classifier is
selected based on stability and simplicity including both linear and non-linear one; logistic regression (LR), sup-
port vector machine (SVM), k-nearest neighbor (kNN), and random forest (RF). The accuracy, AUC, sensitivity,
and specificity were derived to compare the classification results.

Statistical analysis. Because all features obtained from EEG do not satisfy normality, Mann-Whitney test
was used to compare the 18 microstate features and transitional probabilities between the two groups. To avoid
type I error caused by the multiple-comparison problem, statistical significance was evaluated by applying Bon-
ferroni-Holm correction (corrected p-value <0.05). All analyses, including EEG preprocessing, were performed
with MATLAB software.

Data availability
All datasets presented in this study are openly available in PhysioNet at https://doi.org/10.13026/C2JQIP. All
epochs that have been preprocessed are vailable on Figshare at https://doi.org/10.6084/m9.figshare.13135130.

Received: 5 June 2020; Accepted: 30 November 2020
Published online: 11 January 2021

References

1. Bear, M. E, Connors, B. W. & Paradiso, M. A. Neuroscience: Exploring the Brain 4th edn. (Wolters Kluwer, Philadelphia, 2016).

2. Fornito, A., Zalesky, A. & Bullmore, E. T. Fundamentals of Brain Network Analysis (Elsevier/Academic Press, Boston, 2016).

3. Shine, J. M. et al. The dynamics of functional brain networks: Integrated network states during cognitive task performance. Neuron
92, 544-554. https://doi.org/10.1016/j.neuron.2016.09.018 (2016).

4. Cole, M. W, Bassett, D. S., Power, J. D., Braver, T. S. & Petersen, S. E. Intrinsic and task-evoked network architectures of the human
brain. Neuron 83, 238-251. https://doi.org/10.1016/j.neuron.2014.05.014 (2014).

5. Strauss, E., Sherman, E. M. S., Spreen, O. & Spreen, O. A Compendium of Neuropsychological Tests: Administration, Norms, and
Commentary 3rd edn. (Oxford University Press, Oxford, 2006).

6. Unsworth, N. & Engle, R. W. On the division of short-term and working memory: an examination of simple and complex span
and their relation to higher order abilities. Psychol. Bull. 133, 1038-1066. https://doi.org/10.1037/0033-2909.133.6.1038 (2007).

7. Osaka, M. et al. The neural basis of individual differences in working memory capacity: An fMRI study. Neuroimage 18, 789-797.
https://doi.org/10.1016/s1053-8119(02)00032-0 (2003).

8. Gazzaley, A. & Nobre, A. C. Top-down modulation: Bridging selective attention and working memory. Trends Cogn. Sci. 16,
129-135. https://doi.org/10.1016/j.tics.2011.11.014 (2012).

9. Andre, J., Picchioni, M., Zhang, R. & Toulopoulou, T. Working memory circuit as a function of increasing age in healthy adoles-
cence: A systematic review and meta-analyses. Neuroimage Clin. 12, 940-948. https://doi.org/10.1016/j.nicl.2015.12.002 (2016).

10. Breukelaar, I. A. et al. Cognitive ability is associated with changes in the functional organization of the cognitive control brain
network. Hum. Brain Mapp. 39, 5028-5038. https://doi.org/10.1002/hbm.24342 (2018).

11. Aine, C.]. A conceptual overview and critique of functional neuroimaging techniques in humans: I. MRI/FMRI and PET. Crit.
Rev. Neurobiol. 9, 229-309 (1995).

12. Koenig, T. et al. A deviant EEG brain microstate in acute, neuroleptic-naive schizophrenics at rest. Eur. Arch. Psychiatry Clin.
Neurosci. 249, 205-211 (1999).

13. Lehmann, D., Ozaki, H. & Pal, I. EEG alpha map series: Brain micro-states by space-oriented adaptive segmentation. Electroen-
cephalogr. Clin. Neurophysiol. 67, 271-288. https://doi.org/10.1016/0013-4694(87)90025-3 (1987).

14. Khanna, A., Pascual-Leone, A., Michel, C. M. & Farzan, E Microstates in resting-state EEG: Current status and future directions.
Neurosci. Biobehav. Rev. 49, 105-113. https://doi.org/10.1016/j.neubiorev.2014.12.010 (2015).

15. Michel, C. M. & Koenig, T. EEG microstates as a tool for studying the temporal dynamics of whole-brain neuronal networks: A
review. Neuroimage 180, 577-593 (2018).

16. Khanna, A., Pascual-Leone, A. & Farzan, F. Reliability of resting-state microstate features in electroencephalography. PLoS ONE
9, €114163. https://doi.org/10.1371/journal.pone.0114163 (2014).

17. Sikka, A. et al. Investigating the temporal dynamics of electroencephalogram (EEG) microstates using recurrent neural networks.
Hum. Brain Mapp. 41, 2334-2346. https://doi.org/10.1002/hbm.24949 (2020).

18. Spadone, S., Croce, P., Zappasodi, F. & Capotosto, P. Pre-stimulus EEG microstates correlate with anticipatory alpha desynchro-
nization. Front. Hum. Neurosci. 14, 182. https://doi.org/10.3389/fnhum.2020.00182 (2020).

19. Poskanzer, C., Denis, D., Herrick, A. & Stickgold, R. Using EEG microstates to examine post-encoding quiet rest and subsequent
word-pair memory. bioRxiv. https://doi.org/10.1101/2020.05.08.085027 (2020).

20. Croce, P, Zappasodi, F. & Capotosto, P. Offline stimulation of human parietal cortex differently affects resting EEG microstates.
Sci. Rep. 8, 1287. https://doi.org/10.1038/s41598-018-19698-z (2018).

21. Croce, P, Zappasodi, E, Spadone, S. & Capotosto, P. Magnetic stimulation selectively affects pre-stimulus EEG microstates. Neu-
roimage 176, 239-245. https://doi.org/10.1016/j.neuroimage.2018.04.061 (2018).

22. Damborska, A. et al. EEG resting-state large-scale brain network dynamics are related to depressive symptoms. Front. Psychiatry
10, 548. https://doi.org/10.3389/fpsyt.2019.00548 (2019).

23. Wei, Y., Ramautar, J. R., Colombo, M. A., Te Lindert, B. H. W. & Van Someren, E. J. W. EEG microstates indicate heightened somatic
awareness in insomnia: Toward objective assessment of subjective mental content. Front. Psychiatry 9, 395. https://doi.org/10.3389/
fpsyt.2018.00395 (2018).

24. Koenig, T. et al. Millisecond by millisecond, year by year: Normative EEG microstates and developmental stages. Neuroimage 16,
41-48. https://doi.org/10.1006/nimg.2002.1070 (2002).

25. Britz, J., Van De Ville, D. & Michel, C. M. BOLD correlates of EEG topography reveal rapid resting-state network dynamics.
Neuroimage 52, 1162-1170. https://doi.org/10.1016/j.neuroimage.2010.02.052 (2010).

26. Milz, P. et al. The functional significance of EEG microstates-associations with modalities of thinking. Neuroimage 125, 643-656
(2016).

27. Seitzman, B. A. et al. Cognitive manipulation of brain electric microstates. Neuroimage 146, 533-543. https://doi.org/10.1016/j.
neuroimage.2016.10.002 (2017).

28. Schiller, B., Koenig, T. & Heinrichs, M. Oxytocin modulates the temporal dynamics of resting EEG networks. Sci. Rep. 9, 13418.
https://doi.org/10.1038/541598-019-49636-6 (2019).

29. Musaeus, C. S., Nielsen, M. S. & Hogh, P. Microstates as disease and progression markers in patients with mild cognitive impair-
ment. Front. Neurosci. 13, 563. https://doi.org/10.3389/fnins.2019.00563 (2019).

Scientific Reports | (2021) 11:343 https://doi.org/10.1038/s41598-020-79423-7 nature research


https://doi.org/10.13026/C2JQ1P
https://doi.org/10.6084/m9.figshare.13135130
https://doi.org/10.1016/j.neuron.2016.09.018
https://doi.org/10.1016/j.neuron.2014.05.014
https://doi.org/10.1037/0033-2909.133.6.1038
https://doi.org/10.1016/s1053-8119(02)00032-0
https://doi.org/10.1016/j.tics.2011.11.014
https://doi.org/10.1016/j.nicl.2015.12.002
https://doi.org/10.1002/hbm.24342
https://doi.org/10.1016/0013-4694(87)90025-3
https://doi.org/10.1016/j.neubiorev.2014.12.010
https://doi.org/10.1371/journal.pone.0114163
https://doi.org/10.1002/hbm.24949
https://doi.org/10.3389/fnhum.2020.00182
https://doi.org/10.1101/2020.05.08.085027
https://doi.org/10.1038/s41598-018-19698-z
https://doi.org/10.1016/j.neuroimage.2018.04.061
https://doi.org/10.3389/fpsyt.2019.00548
https://doi.org/10.3389/fpsyt.2018.00395
https://doi.org/10.3389/fpsyt.2018.00395
https://doi.org/10.1006/nimg.2002.1070
https://doi.org/10.1016/j.neuroimage.2010.02.052
https://doi.org/10.1016/j.neuroimage.2016.10.002
https://doi.org/10.1016/j.neuroimage.2016.10.002
https://doi.org/10.1038/s41598-019-49636-6
https://doi.org/10.3389/fnins.2019.00563

www.nature.com/scientific

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

reports/

. Nishida, K. et al. EEG microstates associated with salience and frontoparietal networks in frontotemporal dementia, schizophrenia
and Alzheimer’s disease. Clin. Neurophysiol. 124, 1106-1114. https://doi.org/10.1016/j.clinph.2013.01.005 (2013).

Strik, W. K., Dierks, T., Becker, T. & Lehmann, D. Larger topographical variance and decreased duration of brain electric microstates
in depression. J. Neural Transm. Gen. Sect. 99, 213-222. https://doi.org/10.1007/bf01271480 (1995).

Kikuchi, M. et al. EEG microstate analysis in drug-naive patients with panic disorder. PLoS ONE 6, €22912. https://doi.org/10.1371/
journal.pone.0022912 (2011).

Brodbeck, V. et al. EEG microstates of wakefulness and NREM sleep. Neuroimage 62, 2129-2139. https://doi.org/10.1016/j.neuro
image.2012.05.060 (2012).

Raj, V. K. et al. Machine learning detects EEG microstate alterations in patients living with temporal lobe epilepsy. Seizure-Eur. .
Epilep. 61, 8-13 (2018).

Zappasodi, F. et al. EEG microstates distinguish between cognitive components of fluid reasoning. Neurolmage 189, 560-573.
https://doi.org/10.1016/j.neuroimage.2019.01.067 (2019).

Strelets, V. et al. Chronic schizophrenics with positive symptomatology have shortened EEG microstate durations. Clin. Neuro-
physiol. 114, 2043-2051. https://doi.org/10.1016/s1388-2457(03)00211-6 (2003 ).

Lehmann, D. et al. EEG microstate duration and syntax in acute, medication-naive, first-episode schizophrenia: A multi-center
study. Psychiatry Res. 138, 141-156. https://doi.org/10.1016/j.pscychresns.2004.05.007 (2005).

Kindler, J., Hubl, D., Strik, W. K., Dierks, T. & Koenig, T. Resting-state EEG in schizophrenia: Auditory verbal hallucinations are
related to shortening of specific microstates. Clin. Neurophysiol. 122, 1179-1182. https://doi.org/10.1016/j.clinph.2010.10.042
(2011).

Andreou, C. et al. Resting-state connectivity in the prodromal phase of schizophrenia: Insights from EEG microstates. Schizophr.
Res. 152, 513-520. https://doi.org/10.1016/j.schres.2013.12.008 (2014).

Kikuch, M. et al. Native EEG and treatment effects in neuroleptic-naive schizophrenic patients: Time and frequency domain
approaches. Schizophr. Res. 97, 163-172 (2007).

Ahmadi, N., Pei, Y., Carrette, E., Aldenkamp, A. P. & Pechenizkiy, M. EEG-based classification of epilepsy and PNES: EEG micro-
state and functional brain network features. Brain Inform. 7, 6. https://doi.org/10.1186/s40708-020-00107-z (2020).

Spreng, R. N,, Stevens, W. D., Chamberlain, J. P., Gilmore, A. W. & Schacter, D. L. Default network activity, coupled with the
frontoparietal control network, supports goal-directed cognition. Neuroimage 53, 303-317. https://doi.org/10.1016/j.neuroimage
2010.06.016 (2010).

DeStefano, D. & LeFevre, J. A. The role of working memory in mental arithmetic. Eur. J. Cognit. Psychol. 16, 353-386. https://doi.
0rg/10.1080/09541440244000328 (2004).

Corbetta, M. & Shulman, G. L. Control of goal-directed and stimulus-driven attention in the brain. Nat. Rev. Neurosci. 3, 201-215.
https://doi.org/10.1038/nrn755 (2002).

Anticevic, A. et al. The role of default network deactivation in cognition and disease. Trends Cogn. Sci. 16, 584-592. https://doi.
org/10.1016/j.tics.2012.10.008 (2012).

Raichle, M. E. et al. A default mode of brain function. Proc. Natl. Acad. Sci. USA 98, 676-682. https://doi.org/10.1073/pnas.98.2.676
(2001).

Binder, J. R. Task-induced deactivation and the “resting” state. Neuroimage 62, 1086-1091. https://doi.org/10.1016/j.neuroimage
.2011.09.026 (2012).

Fornito, A., Harrison, B. J., Zalesky, A. & Simons, J. S. Competitive and cooperative dynamics of large-scale brain functional
networks supporting recollection. Proc. Natl. Acad. Sci. USA 109, 12788-12793. https://doi.org/10.1073/pnas.1204185109 (2012).
Vincent, J. L., Kahn, L., Snyder, A. Z., Raichle, M. E. & Buckner, R. L. Evidence for a frontoparietal control system revealed by
intrinsic functional connectivity. J. Neurophysiol. 100, 3328-3342. https://doi.org/10.1152/jn.90355.2008 (2008).

Tomescu, M. L. et al. Schizophrenia patients and 22q11.2 deletion syndrome adolescents at risk express the same deviant patterns
of resting state EEG microstates: A candidate endophenotype of schizophrenia. Schizophr. Res. Cogn. 2, 159-165. https://doi.
org/10.1016/j.sc0g.2015.04.005 (2015).

Tomescu, M. I. et al. Deviant dynamics of EEG resting state pattern in 22q11.2 deletion syndrome adolescents: A vulnerability
marker of schizophrenia?. Schizophr. Res. 157, 175-181. https://doi.org/10.1016/j.schres.2014.05.036 (2014).

Al Zoubi, O. et al. EEG microstates temporal dynamics differentiate individuals with mood and anxiety disorders from healthy
subjects. Front. Hum. Neurosci. 13, 56. https://doi.org/10.3389/fnhum.2019.00056 (2019).

Koenig, T., Studer, D., Hubl, D., Melie, L. & Strik, W. K. Brain connectivity at different time-scales measured with EEG. Philos.
Trans. R Soc. Lond. B Biol. Sci. 360, 1015-1023. https://doi.org/10.1098/rstb.2005.1649 (2005).

Traeger, A. et al. Development and validation of a screening tool to predict the risk of chronic low back pain in patients presenting
with acute low back pain: A study protocol. BMJ Open 5, €007916. https://doi.org/10.1136/bmjopen-2015-007916 (2015).
Steyerberg, E. W. et al. Assessing the performance of prediction models: A framework for traditional and novel measures. Epide-
miology 21, 128-138. https://doi.org/10.1097/EDE.0b013e3181c30fb2 (2010).

Conway, A. R., Kane, M. J. & Engle, R. W. Working memory capacity and its relation to general intelligence. Trends Cogn. Sci. 7,
547-552. https://doi.org/10.1016/j.tics.2003.10.005 (2003).

Barbey, A. K. ef al. An integrative architecture for general intelligence and executive function revealed by lesion mapping. Brain
J. Neurol. 135, 1154-1164. https://doi.org/10.1093/brain/aws021 (2012).

Barbey, A. K. Network neuroscience theory of human intelligence. Trends Cogn. Sci. 22, 8-20. https://doi.org/10.1016/j.
tics.2017.10.001 (2018).

Deary, L. J., Penke, L. & Johnson, W. The neuroscience of human intelligence differences. Nat. Rev. Neurosci. 11, 201-211. https://
doi.org/10.1038/nrn2793 (2010).

Neubauer, A. C. & Fink, A. Intelligence and neural efficiency. Neurosci. Biobehav. Rev. 33, 1004-1023. https://doi.org/10.1016/j.
neubiorev.2009.04.001 (2009).

Neubauer, A., Freudenthaler, H. H. & Pfurtscheller, G. Intelligence and spatiotemporal patterns of event-related desynchronization
(ERD). Intelligence 20, 249-266. https://doi.org/10.1016/0160-2896(95)90010-1 (1995).

Neubauer, A. C., Fink, A. & Schrausser, D. G. Intelligence and neural efficiency: The influence of task content and sex on the
brain-IQ relationship. Intelligence 30, 515-536. https://doi.org/10.1016/S0160-2896(02)00091-0 (2002).

Vogel, E. K. & Machizawa, M. G. Neural activity predicts individual differences in visual working memory capacity. Nature 428,
748-751. https://doi.org/10.1038/nature02447 (2004).

Poulsen, A. T., Pedroni, A., Langer, N. & Hansen, L. K. Microstate EEGlab toolbox: An introductory guide. bioRxiv. https://doi.
0rg/10.1101/289850 (2018)

Pascual-Marqui, R. D., Michel, C. M. & Lehmann, D. Segmentation of brain electrical activity into microstates: Model estimation
and validation. IEEE Trans. Biomed. Eng. 42, 658-665. https://doi.org/10.1109/10.391164 (1995).

Seleznov, 1. et al. Detrended fluctuation, coherence, and spectral power analysis of activation rearrangement in EEG dynamics
during cognitive workload. Front. Hum. Neurosci. 13, 270. https://doi.org/10.3389/fnhum.2019.00270 (2019).

Goldberger, A. L. et al. PhysioBank, PhysioToolkit, and PhysioNet: Components of a new research resource for complex physiologic
signals. Circulation 101, E215-220. https://doi.org/10.1161/01.cir.101.23.e215 (2000).

Zyma, I et al. Electroencephalograms during mental arithmetic task performance. Data 4, 14 (2019).

. Cappelletti, M. & Fias, W. The Mathematical Brain Across the Lifespan 1st edn. (Elsevier, Amsterdam, 2016).

Scientific Reports | (2021) 11:343

https://doi.org/10.1038/s41598-020-79423-7 nature research


https://doi.org/10.1016/j.clinph.2013.01.005
https://doi.org/10.1007/bf01271480
https://doi.org/10.1371/journal.pone.0022912
https://doi.org/10.1371/journal.pone.0022912
https://doi.org/10.1016/j.neuroimage.2012.05.060
https://doi.org/10.1016/j.neuroimage.2012.05.060
https://doi.org/10.1016/j.neuroimage.2019.01.067
https://doi.org/10.1016/s1388-2457(03)00211-6
https://doi.org/10.1016/j.pscychresns.2004.05.007
https://doi.org/10.1016/j.clinph.2010.10.042
https://doi.org/10.1016/j.schres.2013.12.008
https://doi.org/10.1186/s40708-020-00107-z
https://doi.org/10.1016/j.neuroimage.2010.06.016
https://doi.org/10.1016/j.neuroimage.2010.06.016
https://doi.org/10.1080/09541440244000328
https://doi.org/10.1080/09541440244000328
https://doi.org/10.1038/nrn755
https://doi.org/10.1016/j.tics.2012.10.008
https://doi.org/10.1016/j.tics.2012.10.008
https://doi.org/10.1073/pnas.98.2.676
https://doi.org/10.1016/j.neuroimage.2011.09.026
https://doi.org/10.1016/j.neuroimage.2011.09.026
https://doi.org/10.1073/pnas.1204185109
https://doi.org/10.1152/jn.90355.2008
https://doi.org/10.1016/j.scog.2015.04.005
https://doi.org/10.1016/j.scog.2015.04.005
https://doi.org/10.1016/j.schres.2014.05.036
https://doi.org/10.3389/fnhum.2019.00056
https://doi.org/10.1098/rstb.2005.1649
https://doi.org/10.1136/bmjopen-2015-007916
https://doi.org/10.1097/EDE.0b013e3181c30fb2
https://doi.org/10.1016/j.tics.2003.10.005
https://doi.org/10.1093/brain/aws021
https://doi.org/10.1016/j.tics.2017.10.001
https://doi.org/10.1016/j.tics.2017.10.001
https://doi.org/10.1038/nrn2793
https://doi.org/10.1038/nrn2793
https://doi.org/10.1016/j.neubiorev.2009.04.001
https://doi.org/10.1016/j.neubiorev.2009.04.001
https://doi.org/10.1016/0160-2896(95)90010-1
https://doi.org/10.1016/S0160-2896(02)00091-0
https://doi.org/10.1038/nature02447
https://doi.org/10.1101/289850
https://doi.org/10.1101/289850
https://doi.org/10.1109/10.391164
https://doi.org/10.3389/fnhum.2019.00270
https://doi.org/10.1161/01.cir.101.23.e215

www.nature.com/scientificreports/

70. Fedorenko, E., Duncan, J. & Kanwisher, N. Broad domain generality in focal regions of frontal and parietal cortex. Proc. Natl. Acad.
Sci. USA 110, 16616-16621. https://doi.org/10.1073/pnas.1315235110 (2013).

71. Hopfinger, J. B., Buonocore, M. H. & Mangun, G. R. The neural mechanisms of top-down attentional control. Nat. Neurosci. 3,
284-291. https://doi.org/10.1038/72999 (2000).

72. Vossel, S., Geng, J. ]. & Fink, G. R. Dorsal and ventral attention systems: Distinct neural circuits but collaborative roles. Neurosci-
entist 20, 150-159. https://doi.org/10.1177/1073858413494269 (2014).

73. Menon, V., Rivera, S. M., White, C. D., Glover, G. H. & Reiss, A. L. Dissociating prefrontal and parietal cortex activation during
arithmetic processing. Neuroimage 12, 357-365. https://doi.org/10.1006/nimg.2000.0613 (2000).

74. Oostenveld, R., Fries, P, Maris, E. & Schoffelen, J. M. FieldTrip: Open source software for advanced analysis of MEG, EEG, and
invasive electrophysiological data. Comput. Intell. Neurosci. 2011, 156869. https://doi.org/10.1155/2011/156869 (2011).

75. Murray, M. M., Brunet, D. & Michel, C. M. Topographic ERP analyses: A step-by-step tutorial review. Brain Topogr. 20, 249-264.
https://doi.org/10.1007/s10548-008-0054-5 (2008).

76. von Wegner, F. & Laufs, H. Information-theoretical analysis of EEG microstate sequences in python. Front. Neuroinform. 12, 30.
https://doi.org/10.3389/fninf.2018.00030 (2018).

77. Koenig, T. The EEGLAB plugin for Microstates. https://www.thomaskoenig.ch/index.php/software/10-eeglab-plugin-manual.

78. Jamal, W. et al. On the existence of synchrostates in multichannel EEG signals during face-perception tasks. Biomed. Phys. Eng.
Express 1, 015002. https://doi.org/10.1088/2057-1976/1/1/015002 (2015).

79. Duc, N. T. et al. 3D-Deep learning based automatic diagnosis of Alzheimer’s disease with joint MMSE prediction using resting-
state fMRI. Neuroinformatics https://doi.org/10.1007/s12021-019-09419-w (2019).

Acknowledgements

This research was supported by the Basic Science Research Program through the National Research Foundation
(NRF) of Korea, funded by the Ministry of Science and ICT (No. 2020R1A2B5B01002297). We would like to
thank Editage (www.editage.co.kr) for editing and reviewing this manuscript for English language.

Author contributions

K.K. designed the study, analysed the data, and wrote the manuscript; N.T.D. participated in the study design
and data analysis; M.C. analysed the data; B.L. supervised project progress and revised the manuscript. All the
authors reviewed the final manuscript, approved the content herein, and consented to journal submission.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1038/s41598-020-79423-7.

Correspondence and requests for materials should be addressed to B.L.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

= License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2021

Scientific Reports |

(2021) 11:343 | https://doi.org/10.1038/s41598-020-79423-7 nature research


https://doi.org/10.1073/pnas.1315235110
https://doi.org/10.1038/72999
https://doi.org/10.1177/1073858413494269
https://doi.org/10.1006/nimg.2000.0613
https://doi.org/10.1155/2011/156869
https://doi.org/10.1007/s10548-008-0054-5
https://doi.org/10.3389/fninf.2018.00030
https://www.thomaskoenig.ch/index.php/software/10-eeglab-plugin-manual
https://doi.org/10.1088/2057-1976/1/1/015002
https://doi.org/10.1007/s12021-019-09419-w
http://www.editage.co.kr
https://doi.org/10.1038/s41598-020-79423-7
https://doi.org/10.1038/s41598-020-79423-7
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	EEG microstate features according to performance on a mental arithmetic task
	Results
	Microstate analysis. 
	Transition probability. 
	Feature selection using recursive feature elimination and classification results. 

	Discussion
	Conclusions
	Methods
	Dataset. 
	Experimental protocol. 
	EEG data preprocessing. 
	Microstate analysis. 
	Feature selection and classification. 
	Statistical analysis. 

	References
	Acknowledgements


