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Abstract 
 

There is an urgent need to identify biomarkers of the motor preparation process in cognitive neuroscience. In this study, 
voluntary and instructed action experimental paradigms were designed and 29 participants were recruited. The 
electroencephalography (EEG) microstate analysis method was used to calculate the occurrence, duration, coverage, and 
transition probabilities of microstates for resting state, voluntary, and instructed conditions, as well as left-hand (LH) and 
right-hand (RH) movement conditions. We found significantly higher occurrence and coverage of microstate A in the motor 
preparation stage of instructed and voluntary conditions compared to the resting state. However, the occurrence, duration, 
and coverage of microstates between instructed and voluntary conditions did not show a significant difference. Furthermore, 
the occurrence, duration, and coverage of microstate A were significantly higher for the left hand compared to the right hand. 
In addition, the occurrence, duration, and coverage of microstate B were significantly higher for the right hand compared to 
the left hand. Our results demonstrated alterations in the parameters of EEG microstates between the resting state and motor 
preparation. We also observed significant differences between left- and right-hand movements. These findings could help us 
understand the neural mechanism of motor preparation based on the whole-brain network. 

Keywords: EEG microstates; Motor preparation; Voluntary action; Instructed action; Resting-state; Left/right-hand movement. 

Received: 04 January 2022; Revised: 07 Februry 2022; Accepted: 10 February 2022. 

Article type: Research article. 
 

 

1. Introduction 

Understanding how the brain functions before action is an 

important topic in neuroscience. In general, actions triggered 

by internal neuronal activity in the brain are defined as 

voluntary,[1,2] while those induced by external cues are 

considered to be instructed. In 1965, Kornhuber et al. 

described slow-rising negative electrical activity that started 

about 2 s before voluntary action and was called the readiness 

potential (RP).[3] Some studies also found the presence of RP 

before instructed action.[4,5] However, the distribution of RP 

before voluntary action was more anterior[5-7] compared to that 

before instructed action. In addition, several neuroimaging 

studies have shown that voluntary and instructed actions have 

similar activations of supplementary and cingulate motor 

areas.[8-11] Some studies also reported that the mechanisms 

underlying motor preparation and imagery are similar, thus 

event-related desynchronization (ERD) may occur in the 

sensorimotor areas during motor preparation.[12-14] 

The brain networks need to work together and require 

rapid switching between different modes to perform upcoming 

tasks.[15-18] Multichannel electroencephalography (EEG) 

microstates are a well-established method for characterizing 

the spatiotemporal features of large-scale brain activity.[19] 

This method has been extensively used to investigate resting-

state EEG data, and four canonical microstate maps were 

identified by applying the agglomerative clustering 

procedure.[20,21] With simultaneous EEG-fMRI technology, 

some studies have found that EEG microstates are closely 

related to resting-state networks.[22-24] Numerous studies 

confirmed that the EEG microstate could be modulated by 

diseases such as schizophrenia,[25,26] disorders of 

consciousness,[27], and dementia.[28-29,30] 

Previous studies of the motor preparation process mainly 

focused on the readiness potential.[31]. However, whether RP 

reflects the motor preparation process is controversial.[32] If the 

microstates are altered during motor preparation, it would 
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suggest the state of the brain has changed before motor activity. 

This change may help us to explain the mechanism of the 

motor preparation process. Besides, the microstate differences 

between left and right-hand movements during motor 

preparation have not been explored until now. Thus, this paper 

mainly studies the following two questions. Firstly, whether 

the microstates’ switching modes altered during the motor 

preparation phase of voluntary and instructed action compared 

to the resting state. Secondly, whether the switching modes 

also changed between left and right-hand movement for 

voluntary and instructed action. 

The aim of the present study was to explore the 

spatiotemporal characterization of the EEG microstates during 

motor preparation. First, the experimental paradigms of 

voluntary and instructed actions were designed. During the 

experiment, participants were asked to complete left-hand and 

right-hand movement tasks, and the EEG data were obtained. 

Then, according to the resting state, voluntary, and instructed 

conditions, the EEG data were grouped and preprocessed. 

Similar operations were done according to left and right-hand 

movements for voluntary and instructed action. Finally, 

occurrence, duration, coverage, and transition probabilities 

were analyzed for all groups. 

 

2. Methods 

2.1 Participants 

Twenty-nine participants (average age: 26.5 ± 2 years; eight 

females; all right-handed) from Zhengzhou University, China, 

were included in the experiment. All participants had the 

normal or corrected-to-normal vision, and none had motor or 

neurological disease. The participants gave written informed 

consent and the study followed the Declaration of Helsinki. 

 

2.2 Design of the experimental paradigm  

To investigate the alterations in brain EEG microstates 

between the resting state and motor preparation stage for 

voluntary and instructed actions, two experiments were 

conducted. During these experiments, we recorded the 

electromyography (EMG) signals from the left and right hands 

to identify the onset of movements and distinguish the 

movements of the left and right hands. The participant's hand 

was placed on the armrest of the chair. Gently lift the left or 

right hand according to the experimental task, and then lower 

it. 

 

2.2.1 Experiment 1: Instructed action paradigm 

At the beginning of each trial, a cross appeared in the center 

of the screen (Fig. 1a). During the next 3 s, participants were 

asked not to move their hands, forearms, or elbows from the 

chair armrests. Next, a green line with an arrow (left or right) 

was presented in the center of the screen for 0.5 s. When the 

cue disappeared, participants prepared for the tasks instructed 

by the visual clue (left-pointing arrow referred to left-hand 

movement, LH; right-pointing arrow referred to right-hand 

movement, RH). After a delay of approximately 2 s, the 

participants performed corresponding hand movements. Then, 

5 s after the visual clue, an auditory cue informed the 

participants that the trial was over. During each run, LH and 

RH tasks were randomly presented. The interval between the 

neighboring trials was 2.5–3.5 s. Thirty trials (15 trials each 

for the LH and RH tasks) were included in a single run. Ten 

runs were completed for each participant. The duration of each 

run was about 4 minutes and there was 3 minutes break 

between consecutive runs. 

 

2.2.2 Experiment 2: Voluntary action paradigm 

In experiment 2, participants performed LH and RH tasks 

according to their will, with no instructed clues being 

presented on the screen. At the beginning of each run (Fig. 1b), 

the participants were asked to remain still. After the examiner 

informed the participant that the LH/RH task could be started, 

the participants were allowed to perform hand movements at 

their own will. In each trial, the participants automatically 

stopped after completing the task. The participants were asked 

to complete only one hand movement for each trial. To avoid 

overlap between two trials, the participants were reminded to 

control the time interval of adjacent trials to > 8 s before each 

run. But, participants did not need to count for time estimation. 

We would remove trials with time intervals less than 8s in the 

later EEG data processing. Each run lasted about 5 min. Each 

run included about 30 trials. LH and RH tasks were divided 

almost equally. Ten runs were conducted for each participant. 

Compared to the instructed movements, voluntary movements 

were internally generated endogenous actions. 

 

2.2.3 EEG recording 

The experiment was completed in a magnetically shielded 

room with normal light and temperature. Each participant was 

seated in a comfortable chair. The participant’s eyes and the 

center of the screen were at the same height, and he/she was 

asked to focus on the center point of the screen. The screen 

was placed almost 80 cm away from the participants. During 

data recording, participants were asked to avoid eyeball 

movements, swallowing, and unnecessary limb movements. 

 

2.2.4 Experimental setup 

Raw EEG data were recorded using the Neuroscan NuAmps 

digital amplifier system with 64-electrode DC-EEG recording 

arranged in the standard 10–20 EEG configuration. The 

selected 59 EEG electrodes and their positions are shown in 

Fig. 1d. These electrodes covered all brain regions. Horizontal 

and vertical electrooculograms (HEOG and VEOG) were also 

recorded using bipolar montages with electrodes placed on the 

left and right external canthi, and above and below the left eye. 

We used two extended bipolar channels (BP3 and BP4), which 

consisted of two electrodes (one was a reference electrode, 

Fig. 1c), to acquire the left and right arm EMG data. The EEG 

data were obtained at a sampling rate of 250 Hz, and the 

impedance of all electrodes was < 5 KΩ. The reference 

electrode was placed between the Cz and CPZ electrodes. The  
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Fig. 1 (a) Procedure of experiment 1. (b) Procedure of experiment 2. (c) Schematic diagram showing the positions of EMG electrodes 

and action onset detection. (d) Locations of selected 59 electrodes. 

 

experiment program was implemented using the E-Prime 2.0 

software. 

 

2.3 Data processing 

2.3.1 EMG analysis 

The hand movement onset time was identified from the EMG 

data.[33] First, the EMG data were filtered using a zero-phase 

shift bandpass filter with cutoff frequencies of 6 and 50 Hz. 

Then, the power of the filtered data was calculated, and the 

thresholds to detect the onset time of action were set (Fig. 1c). 

There were two thresholds used to detect the movement onset. 

The first threshold was used for coarse selection. It was used 

to distinguish between real movement and noise. The second 

threshold was used to detect movement onset based on the 

results of the former threshold. Usually, the first and second 

thresholds were set to 10 and 3 times the EMG average energy. 

Finally, the onset times were saved as a TXT file for further 

analysis. 

 

2.3.2 EEG signal preprocessing 

First, the polluted segments were manually rejected, and bad 

channels were replaced with the mean of surrounding 

electrodes. Then, eye movements, EMG, and 

electrocardiograph (ECG) artifacts were removed by 

independent component analysis.[34] The cleaned EEG data 

were re-referenced to the common average reference.[35] With 

a zero-phase shift filter, the re-referenced data were filtered 

through a 2–40 Hz band pass filter. To assess changes in EEG 

microstates at resting state and during voluntary and instructed 

movements, continuous data were divided into epochs. For the 

resting state, we extracted epochs in the [−4.1, −2] s interval 

before the EMG onset of voluntary action with a baseline of 

[−4.1, −4] s. For voluntary and instructed conditions, the 

epochs in the [−2.1, 0] s of voluntary and instructed actions 

were extracted with a baseline of [−2.1, −2] s. In the current 

study, LH and RH tasks were extracted separately. However, 

the LH and RH epochs were merged during analysis to detect 

the differences between the resting state, voluntary, and 

instructed conditions. These cleaned epochs were imported to 

the Microstate EEGlab toolbox for further analysis.[36] 

 

2.3.3 EEG microstate analysis 

Microstate analysis mainly consisted of the following steps.[19] 

First, the global field power (GFP) of the cleaned epochs was 

calculated. GFP is a measure of the strength of global 

activation. To obtain accurate results, 2,000 GFP peaks were 

randomly selected and these EEG points were extracted for 

cluster analysis. Second, the modified K-means algorithm, 

which ignores the polarity of the EEG topography, was utilized 

to identify the microstates. To obtain comparable results, the 

number of clusters was set to four, and four microstate classes 

were obtained for each condition. Then, individual EEG 

epochs were fitted back with the four generated microstate 

classes. Finally, the following microstate parameters for each 

microstate segmentation class were calculated as follows. 

(a) Occurrence: the average number of times per second a 

microstate is dominant. 

(b) Duration: the average duration of a given microstate. 

(c) Coverage: the fraction of time a given microstate is active. 

(d) Transition probabilities: a measure of how frequently 

microstates of a certain class are followed by microstates of 

other classes. 
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2.3.4 Statistical analysis 

For the first question, there was one independent variable 

(three levels: resting state, voluntary and instructed conditions) 

and four dependent variables (microstate A, B, C, and D). 

Hence, we designed a one-way multivariate analysis of 

variance (MANOVA). If there was a significant difference, we 

designed ANOVA to detect differences among the three 

conditions for each microstate’s parameters (occurrence, 

duration, and coverage). Then, post hoc multiple comparisons 

were performed to detect the differences between any two 

conditions. Finally, we analyzed the differences in the 

transition matrices between resting state and voluntary 

conditions with a two-sample t-test method. The same 

statistical analysis method was performed between the resting 

state and instructed conditions.  

For the second question, since there were only LH and RH 

conditions, two-sample t-tests were used to test the differences 

in each microstate’s parameters. To correct for multiple 

comparisons, we applied the Benjamini and Hochberg false 

discovery rate correction method for the two-sample t-test 

method.[37] All statistical analyses were performed using 

MATLAB. 

 

3. Results 

To obtain a balanced cross-validation criterion (CV) and 

global explained variance (GEV),[38] four clusters across the 

conditions were obtained. According to the topography of the 

four microstate maps, we sorted these into microstates A, B, 

C, and D. Microstate A showed left occipital to right frontal 

orientation; microstate B showed left frontal to right occipital 

orientation; microstate C showed frontal-temporal to occipital 

orientation, and microstate D showed central frontal to 

occipital orientation. The topography of the four microstate 

classes was similar to that in a previous study.[19] 

 

3.1 EEG microstates during resting state, voluntary, and 

instructed conditions 

Figure 2a shows the four canonical EEG microstates for 

resting state, voluntary, and instructed conditions. The GEV of 

the four EEG microstates were 61.6%, 62.4%, and 63.2% for 

the aforementioned three conditions, respectively. The values 

of GEV were similar to those reported in previous studies of 

EEG microstates.[22,39] The results of MANOVA show that 

there were significant differences (p < 0.05) among the three 

conditions for each microstate’s parameters. The results of 

ANOVA show that there were significant differences in the 

parameters of microstate A. Fig. 2b–d shows the occurrence, 

duration, and coverage of the microstate parameters of the 

aforementioned three conditions. Compared to the resting 

state, the occurrence of microstate A was significantly higher 

under voluntary (p < 0.01) and instructed (p < 0.05) conditions. 

Similar results were obtained for the coverage of microstate A. 

The parameters of microstates B–D did not show significant 

differences from those of the resting state. Fig. 2e  

 
Fig. 2 EEG microstates during resting state, voluntary, and instructed action conditions. a) EEG microstate classes, b) occurrence, c) 

duration, d) coverage, and e, f) transition probabilities. (* or green arrows denote p < 0.05, ** or red arrows denote p < 0.01, and 

error bars represent the standard error). 
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Fig. 3 EEG microstates during voluntary action in the LH and RH conditions. a) EEG microstate classes, b) occurrence, c) duration, 

d) coverage, and e, f) transition probabilities. (*denotes p < 0.05, ** or red arrow denote p < 0.01, error bars represent the standard 

error). 

 

and f show the ground average transition among microstates 

of the three conditions. Statistical analysis of the transition 

probabilities of conditions revealed significant differences in 

the four transitions (Tr) for resting-state vs. voluntary 

conditions: Tr (B → A, p < 0.05), Tr (C → A, p < 0.01), Tr (D 

→ A, p < 0.01), and Tr (D → B, p < 0.01). For the resting state 

vs. voluntary conditions, we observed a significant difference 

in the two transitions: Tr (B → A, p < 0.01) and Tr (D → A, p 

< 0.01). 

 

3.2 EEG microstates under LH and RH conditions for 

voluntary action 

Figure 3a shows the four canonical EEG microstates under LH 

and RH conditions during voluntary action. The GEV of the 

four EEG microstates was 62.4% and 62.3% for the 

aforementioned two conditions, respectively. The topology of 

the EEG microstates showed that the right frontal area of 

microstate A had greater neural activity during the LH 

condition compared to the RH condition. However, the left 

frontal area of microstate B showed more obvious neural 

activity during the RH condition compared to the LH 

condition. Microstates C and D were similar between the two 

conditions. Fig. 3b–d shows the occurrence, duration, and 

coverage of the LH and RH conditions. The occurrence, 

duration, and coverage of microstate A were significantly 

higher in the LH condition compared to the RH condition (p < 

0.01), whereas those of microstate B were significantly higher 

in the RH condition compared to the LH condition (p < 0.01). 

The occurrence and coverage of microstate C were 

significantly higher in the LH condition compared to the RH 

condition (p < 0.01 and p < 0.05, respectively). Fig. 3e and f 

show the ground average transition among microstates for the 

two conditions. Statistical analysis of the transition 

probabilities of conditions revealed significant differences in 

eight transitions (Tr) for LH vs. RH condition: Tr (B → A, p < 

0.01), Tr (C → A, p < 0.01), Tr (D → A, p < 0.01), Tr (A → B, 

p < 0.01), Tr (C → B, p < 0.01), Tr (D → B, p < 0.01), Tr (A 

→ C, p < 0.01), and Tr (B → D, p < 0.01). 

 

3.3 EEG microstates during LH and RH conditions for 

instructed action 

Figure 4a shows the four canonical EEG microstates for LH 

and RH conditions during instructed action. The GEV of the 

four EEG microstates was 63.2% and 63.1% for the LH and 

RH conditions, respectively. Similar to the voluntary action, 

the right frontal area of microstate A showed more obvious 

neural activity during the LH condition compared to the RH 

condition. However, the left frontal area of microstate B 

showed more obvious neural activity in the RH condition 

compared to the LH condition. Microstates C and D did not 

show significant differences between the two conditions. Fig. 

4b–d shows the occurrence, duration, and coverage of the two 

conditions. The occurrence, duration, and coverage of 

microstates A and C were significantly higher in the LH 

condition compared to the RH condition (p < 0.01). The 

occurrence of microstate B was significantly higher in the RH 

condition compared to the LH condition (p < 0.05). The 

coverage of microstate D was also significantly higher in the 

RH condition compared to the LH condition (p < 0.01). Fig. 

4e and f show the ground average transition among the 

microstates for the two conditions. Statistical analysis of the 

transition probabilities of conditions revealed significant 
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differences in all transitions (Tr) in the  

 
Fig. 4 EEG microstates during instructed action in the LH and RH conditions. a) EEG microstate classes, b) occurrence, c) duration, 

d) coverage, and e, f) transition probabilities. (* or green arrow denote p < 0.05, ** or red arrow denote p < 0.01, error bars represent 

the standard error). 

 

LH vs. RH condition, except for Tr (D → C) and Tr (C → B). 

 

4. Discussion  

The present study investigated changes in large-scale network 

interactions during motor preparation phases under different 

conditions based on EEG microstates. We found that 

compared to the resting state, the occurrence and coverage of 

microstate A were significantly higher during the motor 

preparation stage. In addition, under LH and RH conditions of 

voluntary action, the occurrence, duration, and coverage of 

microstate A were significantly higher for LH compared to RH. 

The occurrence, duration, and coverage of microstate B were 

significantly higher for the RH condition compared to the LH 

condition. The results of instructed action in the LH and RH 

conditions were similar to those for voluntary action, except 

for the significant increase in microstate D during the RH 

condition compared to the LH condition. 

Previous studies have demonstrated that EEG microstates 

represent large spatial-scale cortical neuronal activities of the 

cerebral cortex.[19,40] Compared to the resting-state condition, 

the occurrence and coverage of microstate A showed 

significant differences during voluntary and instructed action 

conditions. Distinct neural pathways for the voluntary and 

instructed action (i.e., lateral and medial pathways) have been 

identified.[41] No significant difference was observed between 

voluntary and instructed action. According to previous studies 

of EEG and fMRI, microstates A, B, C, and D correlate to the 

auditory, visual, saliency, and attention networks.[19,22] 

Microstate A is associated with low-level sensory areas,[27] 

therefore the increase in the occurrence and coverage of 

microstate A before movement may be related to the sensory 

input of the motor preparation process. However, the high-

level cognitive neural networks– microstates C and D– did not 

show significant differences. One possible reason is that the 

movement task does not require high-level cognitive attention. 

Similarly, the microstate parameters did not show significant 

differences between voluntary and instructed conditions. 

Generally, the instructed action involves a more complex 

cognitive circuit,[42] which may be attributable to the simple 

information included in the cues in the present study.  

Comparisons between the resting state and voluntary 

conditions revealed that four out of the 12 connections have 

significant differences in transition probabilities. Specifically, 

the voluntary condition has a higher transition probability for 

Tr (B → A), Tr (C → A), and Tr (D → A), but a lower 

transition probability for Tr (D → B). For resting state and 

instructed conditions, two out of the 12 connections showed 

significant differences in transition probabilities. The 

instructed condition had a higher transition probability for Tr 

(B → A) and Tr (D → A). As mentioned previously, microstate 

A is related to low-level sensory areas and a higher transition 

probability indicates greater sensory input processing tasks. 

During voluntary action, the occurrence, duration, and 

coverage of microstate A significantly higher in the LH 

condition compared to the RH condition. In addition, the 

occurrence, duration, and coverage of microstate B were 

significantly higher in the RH condition compared to the LH 

condition. Because the LH and RH conditions require the 
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higher activity of low-level sensory areas, we cannot interpret 

this as a difference in the auditory or visual network.[19] After 

careful observation of the topology of microstates, the right 

frontal area of microstate A showed more obvious neural 

activity in the LH condition compared to the RH condition. 

However, the left frontal area of microstate B exhibited more 

obvious neural activity in the RH condition compared to the 

LH condition. The topology of microstates A and B may be 

influenced by ERD during movement preparation.[43] The 

ERDs over the contralateral motor cortex lead to changes in 

the topology and parameters of microstates A and B. In 

addition, compared to the RH condition, the occurrence and 

coverage of microstate C were significantly higher in the LH 

condition. Microstate C is related to the anterior insula (AI) 

and dorsal anterior cingulate cortex (dACC),[44,45] and belongs 

to a high-level cognitive neural network. During movement, 

AI is related to sensory evidence accumulation[6,8] and ACC is 

related to the sustained pre-movement activity.[46] However, 

we believe that these changes may be due to the fact that all 

participants in this study were right-handed. LH movements 

are more complex than RH movements.[47] This phenomenon 

may also be interpreted as left-brain dominance for motor 

planning in humans.[48] 

About eight out of the 12 connections showed significant 

differences in transition probabilities in the LH/RH condition 

during the voluntary condition. In particular, the LH condition 

had a higher transition probability during Tr (B → A), Tr (C 

→ A), Tr (D → A), and Tr (A → C), but a lower transition 

probability for Tr (A → B), Tr (C → B), Tr (D → B), and Tr 

(B → D) compared to the RH condition. For the LH condition, 

the transition probability from B, C, and D to A was 

significantly higher. For the RH condition, the transition 

probability from A, C, and D to B was significantly higher. 

These results coincide with the observed changes in microstate 

parameters. 

The results were similar between the instructed and 

voluntary conditions, except for the significant increase in 

microstate D during the RH condition compared to the LH 

condition. Microstate D is mainly produced by frontal-parietal 

cortices and is related to the attention network.[19 29] Our results 

show that the instructed RH movement relies more on the 

attention network than the instructed LH movement. 

In this paper, we studied the EEG microstates during the 

motor preparation process for voluntary and instructed action. 

This is a preliminary study. Our results demonstrated 

alterations in the parameters of EEG microstates between the 

resting state and motor preparation. We also observed 

significant differences between left- and right-hand 

movements. These findings improve our understanding of the 

neural mechanism underlying motor preparation from the 

perspective of the whole-brain network.  
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