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Electroencephalography (EEG) is a useful tool to inspect the brain activity in resting state and allows to characterize spontaneous brain activity that is not detected when a subject is cognitively engaged. Moreover, taking advantage of the high time resolution in EEG, it is possible to perform fast topographical reference-free analysis, since different scalp potential fields correspond to changes in the underlying sources within the brain. In this study, the spontaneous EEG resting state (eyes closed) was compared between 10 young adults ages 18–30 years with autism spectrum disorder (ASD) and 13 neurotypical controls. A microstate analysis was applied, focusing on four temporal parameters: mean duration, the frequency of occurrence, the ratio of time coverage, and the global explained variance (GEV). Using data that were acquired from a 65-channel EEG system, six resting-state topographies that best describe the dataset across all subjects were identified by running a two-step cluster analysis labeled as microstate classes A–F. The results indicated that microstates B and E displayed statistically significant differences between both groups among the temporal parameters evaluated. Classes B, D, E, and F were consistently more present in ASD, and class C in controls. The combination of these findings with the putative functional significance of the different classes suggests that during resting state, the ASD group was more focused on visual scene reconstruction, while the control group was more engaged with self-memory retrieval. Furthermore, from a connectivity perspective, the resting-state networks that have been previously associated with each microstate class overlap the brain regions implicated in impaired social communication and repetitive behaviors that characterize ASD.
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INTRODUCTION

Autism spectrum disorder (ASD) is a developmental disorder that has an onset in early life and is characterized by repetitive behaviors, restricted interests, and impaired social communication (American Psychiatric Association, 2013). According to the United States Center for Disease Control and Prevention (CDC), the diagnosis of autism at age 2 is reliable, and about 1 in 59 children was diagnosed with ASD (Centers for Disease Control and Prevention, Autism Spectrum Disorder [ASD], 2018). Attempts to enhance social communication and maintain healthy and productive social interactions in individuals with ASD have motivated different studies, which assist in providing data that enables researchers to model the autistic brain (Billeci et al., 2013; Mash et al., 2018). Several approaches to evaluate and inspect the brain networks have been taken, including investigating resting-state and task-oriented electroencephalography (EEG).

Resting-state EEG is used to determine the brain activity when an explicit task is not being performed (Biswal, 2012); specifically, it may detect abnormalities that are not identified using evoked potentials (Fox, 2010; Wang et al., 2013). In the present study, the resting-state spontaneous EEG activity of ASD and neurotypical individuals (controls) young adults is analyzed.

EEG microstates analysis is a well-established technique used to study the resting state of the human brain based on the topography of the electric potentials over the electrode array. The principles of this method are described by Lehman and collaborators (Lehmann et al., 1987), who observed that a specific configuration of a global scalp map (or brain state), produced by the electric field measured via multichannel EEG, remains stable for around 80–120 ms and then switches to a new brain state belonging to a limited number of dominant quasi-stable scalp map set, which were defined considering only the electrode localization of the extreme potentials (maximal and minimal), ignoring polarity inversion. The spatial cluster was introduced in the microstate analysis by Pascual-Marqui et al. (1995), where the whole scalp topography (or scalp map) is considered, instead of using only the position of the extreme potentials as in (Lehmann et al., 1987). In this approach, a group of several scalp topographies with a high spatial correlation independent of polarity are clustered into one representative topography (template map, spatial map, or cluster) that best describes the variance within this group (Pascual-Marqui et al., 1995; Michel and Koenig, 2018). The microstates are then defined by fitting the set of template maps back to the temporal data also ignoring polarity inversion.

The microstate technique offers a collection of parameters with physiological relevance that have been widely used in the last 30 years to display variations across behavioral states, personality types, and neuropsychiatric disorders (Koenig et al., 2002; Khanna et al., 2015; Michel and Koenig, 2018), which make it a suitable tool to evaluate the dissimilarities in these parameters between ASD and control subjects. Indeed, a recent study (Jia and Yu, 2019) applied the microstate analysis among the two groups in resting state (combining eyes-open and eyes-closed conditions), finding significant differences and indicating that this technique may offer some intuitions into the intrinsic activities in the autistic brain. However, the limitations stated by the authors are the large age range, involving different periods of development such as middle childhood and adolescence, and a single analysis for the combined conditions. Therefore, the goal of the current study was to compare the EEG resting-state microstates (eyes-closed condition) between neurotypicals and ASD in the early adulthood, concentrating the analysis on the four well-established temporal parameters: (1) the mean duration, (2) frequency of occurrence, (3) the fraction of total time covered, and (4) the global explained variance (GEV).

MATERIALS AND METHODS

Participants and Data Acquisition

The data set used in this analysis was obtained in a previous study. The experimental design and procedures, recording techniques, and participant data are described in more detail in Hames et al. (2016). Briefly, the EEG study had the participation of 16 neurotypical individuals (controls) and 15 autistic subjects (ASD) between the ages of 18 and 30 years. One subject in the ASD group is ambidextrous, and another from the same group is left-handed. The experiment was approved by the Human Subjects Internal Review Board at Texas Tech University, with written informed consent from all participants, in accordance with the Declaration of Helsinki. The study presented by Hames et al. (2016) consists of two sessions of different sensory tasks and one resting state (eyes closed). In this work, only the latter is considered for the EEG microstate analysis.

During the EEG resting-state recording, subjects were sitting in a comfortable upright position in a soundproof and electrical-shielded room. Participants were asked to stay as calm as possible, keeping their eyes closed for a time varying between 2 and 4 min. The EEG was acquired with a 65-channel monopolar EGI Hydrocel Geodesic Sensor using a sampling rate of 500 Hz (Electrical Geodesics Inc., Eugene, United States) with a vertex reference.

EEG Data Processing

The preprocessing is carried out using a combination of MATLAB R2017b (The MathWorks) and the free academic software Cartool1 (Brunet et al., 2011). Microstate analysis is performed using only Cartool.

Preprocessing

The EEG data were band-pass filtered with half-power cutoff frequencies of 1 and 50 Hz applying a fourth-order non-causal Butterworth filter. The data were then visually inspected to detect and mark artifacts and bad epochs manually. Independent component analysis (ICA) was employed to identify and reject components associated with oculomotor activity and electrocardiography (ECG), as explained in Jung et al. (2000) and Makeig et al. (1996), corresponding to their waveform and topography. Only subjects with a number of samples greater than 20 times the number of channels squared (to obtain reliable decompositions) (Delorme and Makeig, 2004), after the visual inspection was performed, were considered in the ICA stage, reducing the number of participants to 13 neurotypicals and 10 ASD. The data were then down-sampled by a factor of 4 to 125 Hz to reduce computational time.

Cartool’s built-in spatial filtering function, which is based on the XYZ electrode coordinates (obtained from the manufacturer), was used to smooth the EEG signals and topographies for the posterior analysis. Finally, segments of ± 0.5 s around peaks with amplitudes above 100 μV, which are more associated with artifactual components rather than neural activity, were excluded from further analysis.

Microstate Analysis

In general, microstate analysis consists of finding the set of the most dominant spatial maps (or template maps) from the different scalp topographies in the time domain, and then, the posterior labeling of the EEG data based on these dominant template maps. Therefore, after preprocessing the data, the stages involved in the microstate analysis are (1) segmentation of EEG data to find the most representative template maps, which correspond to the different classes, and (2) fitting these classes back to the EEG data to compute the temporal parameters and statistics. Figure 1 describes both stages with detailed steps.
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FIGURE 1. Microstate analysis. (A) Preprocessed EEG recordings down-sampled at 125 Hz, illustrating 2 s of data for one subject (vertical gray lines represent intervals of 0.5 s). Black curves correspond to 14 out of the N = 64 channels; the blue curve shows the global field power (GFP). Moreover, a 0.5-s interval is highlighted in the gray shaded area to display a zoom-in of the topographical data. (B) Sixty-three scalp maps from the 0.5-s interval, i.e., one per time frame. (C) Identification of the local peaks, displayed as vertical black lines, at the GFP curve within the 0.5-s interval. (D) The scalp maps corresponding to the local GFP peaks were submitted to a spatial k-means cluster analysis. (E) The most dominant template maps for the subject were selected based on the meta-criterion. (F) Steps (A) to (E) were repeated at individual level to obtain the set of the most dominant spatial maps for every subject. The individual sets with the dominant spatial maps for all subjects were submitted together to a group clustering analysis. (G) The six classes are the most dominant template maps after the group clustering spatial k-means across all subjects. The number of clusters was selected based on the meta-criterion. (H) A microstate sequence for the same subject as in (A). The six classes are fitted back to the original EEG data of every subject, labeling each time frame with only one microstate, which is selected considering the highest spatial correlation between the scalp topography and every class (winner-takes-all). The microstate sequence is used, for every subject, to extract the temporal parameters and statistical analysis.



In this work, the segmentation stage was carried out by running a two-step spatial cluster analysis, illustrated in Figures 1A–G, based on a modified version of the classical k-means algorithm (Pascual-Marqui et al., 1995), with the first step being run at the individual level (for each participant separately) (see Figures 1A–E) and the second step across all subjects (see Figures 1F,G; Murray et al., 2008; Tomescu et al., 2014; Gschwind et al., 2016). Although additional techniques are available to compute the segmentation stage (Poulsen et al., 2018; Von Wegner et al., 2018), a recent study reported that the underlying dynamics of the EEG signal seem to be independent of the initial clustering algorithm (Von Wegner et al., 2017, 2018).

To find each subject’s most dominant template maps, the global field power (GFP) was calculated for each sample time according to Equation (1), where N is the number of sensors in each scalp map, ui is the voltage at a specific electrode, and ū is the average voltage of the electrodes at the respective sample time.
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The GFP is a reference-free measure that represents the field strength at a global level (Lehmann and Skrandies, 1980). The local peaks of the artifact-free GFP curve represent moments of high global neuronal synchronization (Skrandies, 2007) and the scalp topographies around them remain stable, maximizing the signal-to-noise ratio (SNR) (Koenig et al., 2002; Michel et al., 2009; Michel and Koenig, 2018). The scalp maps at sample times with a local GFP maximum (see Figure 1C) were submitted to a spatial k-means clustering algorithm to determine a subject’s most dominant template maps ignoring polarity inversion (see Figure 1E). The number of the dominant clusters was selected by a meta-criterion method described by Custo et al. (2017), which applies the information of seven different criteria from the literature.

To accomplish the second step in the two-step spatial cluster analysis, the dominant template maps for all subjects (ASD and controls) were submitted together to a spatial k-means group-cluster analysis to find the most representative maps across subjects, also denoted as classes. The number of classes was selected also ignoring polarity inversion based on the same meta-criterion as in step 1, resulting in the six microstate classes shown in Figure 1G.

Once the microstate classes were identified, they were fitted back to the individual EEG data in the temporal domain to define the microstates, as follows: each time frame (or sample point) of the original data was labeled with one microstate, considering the highest spatial correlation between the instantaneous scalp topography and every microstate class (winner-takes-all) (Murray et al., 2008; Michel and Koenig, 2018), but only if its correlation was above 0.5. In the fitting process, other temporal smoothing parameters such as strength 10 on a window half-size 3 [Besag factor λ = 10 and b = 3 in (Pascual-Marqui et al., 1995)] were applied to avoid interruptions in the EEG sequence associated with the same microstate. The microstate sequence is displayed color-coded in Figure 1H, and it is used, for every subject, to compute the different temporal parameters and the statistical analysis.

Temporal Parameters and Statistical Analysis

The six microstate classes (A, B, C, D, E, and F) were computed considering the cluster analysis throughout all subjects to be able to compare the statistics between the ASD and controls, calculating the following temporal parameters for each class and every participant:

- Mean duration: This refers to the average duration, in milliseconds, that a microstate class is continuously presented.

- Frequency of occurrence: This indicates how often a microstate class is present per time interval and independent of the duration and is computed by taking the number of segments labeled with a microstate class divided by the total duration in seconds of the analyzed EEG.

- Fraction of time covered: This represents the proportion of the total time a microstate is present during the whole time considered for analysis.

- GEV: This parameter gives a metric of how well the selected template maps describe the whole dataset, calculated for a specific microstate class by summing the squared spatial correlations between the microstate specific template map and its corresponding labeled scalp maps at each time weighted by the GFP using Equation (2) (Murray et al., 2008) as follows: GFPu (t) is the GFP of the EEG data assigned to microstate class u at the labeled time t, and Cu,Tt corresponds to the spatial correlation previously described.

[image: image]

The statistical analysis was performed using R version 3.4.3 (The R Foundation for Statistical Computing, 2017). Separate post hoc two-tailed Mann–Whitney–Wilcoxon tests were conducted pairwise between the two groups for each microstate class in every temporal parameter to identify statistically significant differences. Subsequently, the results were corrected for multiple comparisons by applying the false discovery rate (FDR), setting the significance at a 5% level (α = 0.05).

RESULTS

The first step in the two-step spatial cluster analysis identified between four and seven template maps, selected by the meta-criterion method, for each subject as illustrated in Figure 1F. The second step (group cluster) was firstly performed for each group separately to compare the different topographies. Based on the meta-criterion, the number of clusters that best described the dataset was seven for controls and six for ASD. Similarly, when the grand-clustering was run across all subjects, the best number of dominant maps was six. Figure 2A illustrates the GEV as a function of the number of maps when the group-cluster analysis was implemented only in autistics (blue curve), controls (red curve), and all subjects (black curve). As illustrated, considering the same number of maps, until eight, the GEV was slightly higher for the neurotypicals. Figure 2B depicts the six template maps that described more than 80% of the global variance in all three cases, following the same three approaches, i.e., all subjects (top row), only ASD (middle row), and controls (bottom row).
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FIGURE 2. (A) GEV vs. number of template maps using three different approaches in the cluster analysis: considering only autistics (blue curve), only controls (red curve), and all subjects (black curve). (B) Template topographies of the six classes of microstates using three approaches: all subjects (top row), autistics (middle row), and controls (bottom row).



Since the resulting template maps showed high similarity regardless of the approach, the selected temporal parameters are computed using the same six topographies obtained from all subjects for both groups to enable direct comparisons. Separate two-tailed Mann–Whitney–Wilcoxon tests were performed pairwise between ASD and controls for each microstate class in every temporal parameter to identify statistically significant differences and then corrected for multiple comparisons by applying the FDR.

Table 1 is divided into four major sections to illustrate the results of the microstate analysis. Each division, containing four rows, is labeled with the respective temporal parameter, summarizing the mean values and the standard deviation of every microstate class (the six columns) for the ASD and control groups in the first and second row, respectively; the p-value (pairwise) and the corrected p-value for multiple comparisons are displayed in the third and fourth row, respectively. The statistically significant differences (p < 0.05) in the last two rows are marked with an asterisk. It was observed that microstate classes B, C, and E exhibited significant group differences in some of the temporal parameters after the pairwise comparison, but only classes B and E demonstrated statistical significance at a 5% level after the correction for multiple comparisons.

TABLE 1. Temporal parameters in the microstate analysis of the ASD and control groups.
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- Microstate class A did not exhibit significant differences in any of the four temporal parameters (p-pairwise > 0.7; p-corrected > 0.7). However, it was the only class in which the parameters did not display a consistently increased presence in a specific group.

- Microstate class B illustrated a consistently higher presence in ASD, showing statistically significant differences, before or after correction for multiple comparisons, in the frequency of occurrence (p-pairwise = 0.008; p-corrected = 0.030), ratio of time coverage (p-pairwise = 0.021; p-corrected = 0.063), and GEV (p-pairwise = 0.018; p-corrected = 0.054).

- Microstate C was the only class that displayed a consistently higher presence in controls, showing statistically significant differences, before or after correction for multiple comparisons, in the main duration (p-pairwise = 0.026; p-corrected = 0.156), ratio of time coverage (p-pairwise = 0.042; p-corrected = 0.084), and GEV (p-pairwise = 0.049; p-corrected = 0.098). Furthermore, class C was systematically the most dominant in each group.

- Microstate class D exhibited a consistently increased presence in ASD, but without statistically significant differences (p-pairwise > 0.13; p-corrected > 0.26).

- Microstate class E displayed an increased presence in ASD, showing statistically significant differences, before or after correction for multiple comparisons, in the frequency of occurrence (p-pairwise = 0.010; p-corrected = 0.030), ratio of time coverage (p-pairwise = 0.008; p-corrected = 0.048), and GEV (p-pairwise = 0.010; p-corrected = 0.054). Furthermore, class E was systematically the least dominant in each group.

- Microstate class F illustrated a consistently higher presence in ASD, but without statistically significant differences (p-pairwise > 0.44; p-corrected > 0.53).

DISCUSSION

In this study, we applied the microstate analysis to investigate the differences in four temporal parameters (mean duration, frequency of occurrence, time coverage, and GEV) between 10 autistic and 13 neurotypical young adults in resting state (eyes closed) data. We found that the EEG microstates lasted, on average, for around 75–105 ms, which is in line with the duration reported by different literature reviews (Khanna et al., 2015; Michel and Koenig, 2018).

The two-step cluster analysis combined with the meta-criterion revealed that six template maps best described the entire dataset explaining ∼83% of the global variance. Among these six topographies, it is possible to match the first four maps with the canonical microstates reported in different literature reviews (Khanna et al., 2015; Michel and Koenig, 2018) (classes A, B, C, and D); the other two maps also correspond to classes E and F reported in Bréchet et al. (2019) and Custo et al. (2017). Moreover, considering the four canonical topographies, ∼76% of the global variance is explained. Although predetermining the number of microstates, e.g., to four for the four canonical maps, has shown stable topography maps and is useful to compare or complement results across different studies, we believe that there is not a correct fixed number of classes, and it has been recommended that the number of clusters should be determined specifically for every dataset, based on the explained global variance and functionality, which depends on the conditions within the experiments (Michel and Koenig, 2018).

For the temporal parameters analyzed, microstates C and E were systematically the most and least dominant classes, respectively, during the eyes-closed resting-state analysis. Furthermore, classes B, C, and E exhibited significant group differences in some of the parameters after the pairwise comparison, but only B and E demonstrated statistical significance at a 5% level after the correction for multiple comparisons. However, note that the FDR correction might yield to conservative results, and therefore, the physiological relevance of microstate C is also considered.

Although microstate A did not exhibit any statistically significant difference, interestingly, it was the only class in which the temporal parameters did not display a consistently higher occurrence in a specific group, that is, despite having an increased frequency of occurrence in ASD, the mean duration, GEV, and time coverage were higher in the controls. These results are in line with the study conducted by Jia and Yu (2019), but the authors reported a significant difference in this class. This discrepancy might be mainly due to the key differences between the two studies: age range and the combination of eyes-open and eyes-closed conditions incorporated Jia and Yu (2019). However, according to Tomescu et al. (2018), the development of microstate class A across age does not reveal a statistically significant difference in neurotypical subjects; still, this has not been explored in ASD yet.

Microstate class B displayed a systematically higher presence in the ASD group, being consistent with the results reported in Jia and Yu (2019). Specifically, it illustrated a significant higher frequency of occurrence than the control group. However, the ratio of time coverage and GEV also exhibited statistically significant differences between both groups after the Mann–Whitney–Wilcoxon pairwise tests (see Table 1). Microstate B has been related to the visual network in resting-state (Britz et al., 2010) and verbal processing (Milz et al., 2016). Consequently, the increased frequency of occurrence and time coverage in the ASD might be due to their enhanced inter-network connectivity reported in Morgan et al. (2019). Particularly, the authors reported a significant increased functional connectivity between the language (LAN) and visual (VIS) networks in resting-state fMRI, which is associated with the communication impairment that characterizes ASD. Moreover, a recent study (Bréchet et al., 2019) associates this class with the scene-reconstruction subsystem. Therefore, the combination of these findings with the higher presence of this class observed in the ASD group in this work indicates that autistics were more engaged with visual scene-reconstruction memories during resting state.

Microstate class C has a systematically larger occurrence in the temporal parameters for both groups, and it is expected to decrease during visualization (Milz et al., 2016). Additionally, it was the only class that exhibited a higher presence for all the temporal parameters in the control group. However, the significant differences obtained by applying the Mann–Whitney–Wilcoxon pairwise tests in the mean duration, frequency of occurrence, and GEV were not significant at the 5% level after the FDR correction. According to some authors (Michel and Koenig, 2018), microstate class C reflects a portion of the default mode network (DMN), a network where the brain areas involved decrease their activity during attention-demanding tasks (Raichle et al., 2001; Raichle, 2015). This hypothesis is consistent with the observations made by Custo et al. (2017) where the underlying sources associated with microstate C overlap a portion of the DMN, and the significant reduction observed in math conditions (Bréchet et al., 2019) and visualization (Milz et al., 2016) when compared to resting state. The higher presence of microstate class C in the control group might be addressed from the functional perspective. Some studies have found a hypo-connectivity in the posteromedial cortex in ASD (Lynch et al., 2013; Bi et al., 2018), and more importantly, the connectivity within the DMN not only helps in differentiating between ASD and neurotypicals (Assaf et al., 2010; Yao et al., 2016; Morgan et al., 2019) but also might explain the ASD social impairment due to the decreased functional connectivity between the precuneus and medial prefrontal cortex/anterior cingulate cortex (Assaf et al., 2010; Yao et al., 2016), which are regions associated with the resting-state networks in microstate class C (Britz et al., 2010).

A recent study (Bréchet et al., 2019) investigated the resting state compared to conditions of cognitive tasks involving self-related memories (memory condition) and arithmetic calculations (math condition). The study reported that compared to resting state, there is a significant reduction in the incidence of microstate C for the math condition, and no statistically significant difference in the presence of microstate C for memory conditions. Hence, the increased presence of class C in the control group could also imply that the neurotypicals were more focused on self-memory retrieval during the resting state.

Microstate class E was systematically the least dominant in the four temporal parameters analyzed, showing a significant difference between both groups in the frequency of occurrence and time coverage. Very few studies have reported the microstate E presence (Custo et al., 2017; Serrano et al., 2018; Wei et al., 2018; Bréchet et al., 2019), and its functional significance has not been explored. However, the brain regions associated with microstate E reported in Bréchet et al. (2019) and Custo et al. (2017) include the anterior cingulate cortex (ACC), which is also a brain area implicated, among others, in the repetitive behaviors in ASD (Amaral et al., 2008).

The EEG microstates analysis technique is applied over a broad frequency band. The presence and interpretation of microstate classes within narrower frequency bands and the relationship of these states to EEG rhythms, while outside of the scope of the research presented here, are an important topic and a worthy focus of future research to evaluate the impact on the different temporal parameters.

CONCLUSION

The main purpose of this study was to compare the EEG resting state between neurotypicals and ASD young adults applying microstate analysis, focusing on the analysis of mean duration, the frequency of occurrence, the ratio of time coverage, and the GEV. The grand-cluster analysis revealed that across all subjects, six template maps best described the complete dataset with ∼83% of the global variance. We suggest that unless a study is aimed to compare or complement previous reports, the number of microstates classes should be selected for each dataset individually, considering the explained global variance and the significance of the classes, depending on the conditions within the experiment.

We performed this study considering resting state only, finding important differences between both groups, and these results should be contemplated as a reference for further assessments comparing the different classes and both groups under task-oriented experiments. Specifically, (1) since microstate class C was the only one that exhibited a consistently increased incidence in controls, it would be interesting to quantify the decreasing presence compared to the ASD group once the subjects start being cognitively engaged, and (2) evaluate if microstate class E is still present under certain types of tasks.

DATA AVAILABILITY

The datasets generated for this study are available on request to the corresponding author.

ETHICS STATEMENT

The experiment was approved by the Human Subjects Internal Review Board at Texas Tech University. All subjects gave written informed consent in accordance with the Declaration of Helsinki.

AUTHOR CONTRIBUTIONS

DD-B and MB contributed to the conception of the study. MB provided the database and provided expertise on autism. DD-B conducted the pre-processing of the data, ran the microstates analysis and statistical tests, and wrote the initial draft of the manuscript. TK provided expertise on digital signal processing and reviewed the pre-processing stage and statistical analysis. MB and CM provided expertise on EEG signal analysis. DD-B and CM provided the functional significance of the microstates. MB, CM, and TK critically revised the different drafts, providing valuable feedback in all of them. All authors contributed to the interpretation of the results and manuscript revision, and read and approved the submitted version.

FUNDING

This research was funded in part by a private donor grant from Allen and Linnie Howard.

ACKNOWLEDGMENTS

We would like to acknowledge and thank the Howards for their generous contribution.

FOOTNOTES

1	https://sites.google.com/site/cartoolcommunity/

REFERENCES

Amaral, D. G., Schumann, C. M., and Nordahl, C. W. (2008). Neuroanatomy of autism. Trends Neurosci. 31, 137–145. doi: 10.1016/j.tins.2007.12.005

American Psychiatric Association (2013). Diagnostic and Statistical Manual of Mental Disorders, 5th edn. Washington, DC: APA.

Assaf, M., Jagannathan, K., Calhoun, V. D., Miller, L., Stevens, M. C., Sahl, R., et al. (2010). NeuroImage abnormal functional connectivity of default mode sub-networks in autism spectrum disorder patients. Neuroimage 53, 247–256. doi: 10.1016/j.neuroimage.2010.05.067

Bi, X., Zhao, J., Xu, Q., Sun, Q., and Wang, Z. (2018). Abnormal functional connectivity of resting state network detection based on linear ICA analysis in autism spectrum disorder. Front. Physiol. 9:475. doi: 10.3389/fphys.2018.00475

Billeci, L., Sicca, F., Maharatna, K., Apicella, F., Narzisi, A., Campatelli, G., et al. (2013). On the application of quantitative eeg for characterizing autistic brain: a systematic review. Front. Hum. Neurosci. 7:442. doi: 10.3389/fnhum.2013.00442

Biswal, B. B. (2012). Resting state fMRI: a personal history. Neuroimage 62, 938–944. doi: 10.1016/j.neuroimage.2012.01.090

Bréchet, L., Bunet, D., Birot, G., Gruetter, R., and Michel, C. M. (2019). NeuroImage capturing the spatiotemporal dynamics of self-generated, task-initiated thoughts with EEG and fMRI. Neuroimage 194, 82–92. doi: 10.1016/j.neuroimage.2019.03.029

Britz, J., Van DeVille, D., and Michel, C. M. (2010). BOLD correlates of EEG topography reveal rapid resting-state network dynamics. Neuroimage 52, 1162–1170. doi: 10.1016/j.neuroimage.2010.02.052

Brunet, D., Murray, M. M., and Michel, C. M. (2011). Spatiotemporal analysis of multichannel EEG: CARTOOL. Comput. Intel. Neurosci. 2011:813870. doi: 10.1155/2011/813870

Centers for Disease Control and Prevention, Autism Spectrum Disorder [ASD] (2018). Data & Statistics on Autism Spectrum Disorder. Available at: https://www.cdc.gov/ncbddd/autism/data.html (accessed October 18, 2018).

Custo, A., Ville, D., Van De Wells, W. M., Tomescu, M. I., Brunet, D., et al. (2017). Electroencephalographic resting-state networks. Brain Connect. 7, 671–682. doi: 10.1089/brain.2016.0476

Delorme, A., and Makeig, S. (2004). EEGLAB: an open sorce toolbox for analysis of single-trail EEG dynamics including independent component anlaysis. J. Neurosci. Methods 134, 9–21. doi: 10.1016/j.jneumeth.2003.10.009

Fox, M. D. (2010). Clinical applications of resting state functional connectivity. Front. Syst. Neurosci. 4:19. doi: 10.3389/fnsys.2010.00019

Gschwind, M., Hardmeier, M., Van De Ville, D., Tomescu, M. I., Penner, I. K., Naegelin, Y., et al. (2016). Fluctuations of spontaneous EEG topographies predict disease state in relapsing-remitting multiple sclerosis. NeuroImage Clin. 12, 466–477. doi: 10.1016/j.nicl.2016.08.008

Hames, E. C., Murphy, B., Rajmohan, R., Anderson, R. C., Baker, M., Zupancic, S., et al. (2016). Visual, auditory, and cross modal sensory processing in adults with autism: an EEG power and BOLD fMRI investigation. Front. Hum. Neurosci. 10:167. doi: 10.3389/fnhum.2016.00167

Jia, H., and Yu, D. (2019). Aberrant intrinsic brain activity in patients with autism spectrum disorder: insights from EEG microstates. Brain Topogr. 32, 295–303. doi: 10.1007/s10548-018-0685-0

Jung, T.-P., Makeig, S., Humphries, C., Lee, T., McKeown, M. J., Iragui, I., et al. (2000). Removing electroencephalographic aretfacts by blind source seperation. Psychophysiology 37, 163–178. doi: 10.1111/1469-8986.3720163

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

Koenig, T., Prichep, L., Lehmann, D., Sosa, P. V., Braeker, E., Kleinlogel, H., et al. (2002). Millisecond by millisecond, year by year: normative EEG microstates and developmental stages. Neuroimage 16, 41–48. doi: 10.1006/nimg.2002.1070

Lehmann, D., Ozaki, H., and Pal, I. (1987). EEG alpha map series: brain micro-states by space-oriented adaptive segmentation. Electroencephalogr. Clin. Neurophysiol. 67, 271–288. doi: 10.1016/0013-4694(87)90025-3

Lehmann, D., and Skrandies, W. (1980). Reference-free identification of components of checkerboard-evoked multichannel potential fields. Electroencephalogr. Clin. Neurophysiol. 48, 609–621. doi: 10.1016/0013-4694(80)90419-8

Lynch, C. J., Uddin, L. Q., Supekar, K., Khouzam, A., Phillips, J., and Menon, V. (2013). Default mode network in childhood autism: Posteromedial cortex heterogeneity and relationship with social deficits. Biol. Psychiatry 74, 212–219. doi: 10.1016/j.biopsych.2012.12.013

Makeig, S., Bell, J., Jung, T.-P., and Sejnowski, T. J. (1996). Independent component analysis of electroencephalographic data. Adv. Neural Inf. Process. Syst. 8, 145–151. doi: 10.1109/ICOSP.2002.1180091

Mash, L. E., Reiter, M. A., Linke, A. C., Townsend, J., and Müller, R. A. (2018). Multimodal approaches to functional connectivity in autism spectrum disorders: an integrative perspective. Dev. Neurobiol. 78, 456–473. doi: 10.1002/dneu.22570

Michel, C. M., and Koenig, T. (2018). EEG microstates as a tool for studying the temporal dynamics of whole-brain neuronal networks: a review. Neuroimage 180, 577–593. doi: 10.1016/j.neuroimage.2017.11.062

Michel, C. M., Koenig, T., Brandeis, D., Gianotti, L. R. R., and Wackermann, J. (2009). Electrical Neuroimaging. Cambridge: Cambridge University Press.

Milz, P., Faber, P. L., Lehmann, D., Koenig, T., Kochi, K., and Pascual-Marqui, R. D. (2016). The functional significance of EEG microstates-associations with modalities of thinking. Neuroimage 125, 643–656. doi: 10.1016/j.neuroimage.2015.08.023

Morgan, B. R., Ibrahim, G. M., Vogan, V. M., Leung, R. C., Lee, W., and Taylor, M. J. (2019). Characterization of autism spectrum disorder across the age span by intrinsic network patterns. Brain Topogr. 32, 461–471. doi: 10.1007/s10548-019-00697-w

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

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

Poulsen, A. T., Pedroni, A., Langer, N., and Hansen, L. K. (2018). Microstate EEGlab toolbox: an introductory guide. bioRxiv

Raichle, M. E. (2015). The Brain’s default mode network. Annu. Rev. Neurosci. 38, 433–447. doi: 10.1146/annurev-neuro-071013-014030

Raichle, M. E., MacLeod, A., Snyder, A. Z., Powers, W. J., Gusnard, D. A., and Shulman, G. L. (2001). A default mode of brain function. Proc. Natl. Acad. Sci. U.S.A. 98, 676–682. doi: 10.1073/pnas.98.2.676

Serrano, J. I., Dolores, M., Cortés, V., Mendes, N., Arroyo, A., Andreo, J., et al. (2018). EEG microstates change in response to increase in dopaminergic stimulation in typical parkinson’s disease patients. Front. Neurosci. 12:714. doi: 10.3389/fnins.2018.00714

Skrandies, W. (2007). The effect of stimulation frequency and retinal stimulus location on visual evoked potential topography. Brain Topogr. 20, 15–20. doi: 10.1007/s10548-007-0026-1

The R Foundation for Statistical Computing (2017). The R Foundation for Statistical Computing. Available at: https://cran.r-project.org/ (accessed January 18, 2019).

Tomescu, M. I., Rihs, T. A., Becker, R., Britz, J., Custo, A., Grouiller, F., et al. (2014). Deviant dynamics of EEG resting state pattern in 22q11. 2 deletion syndrome adolescents: a vulnerability marker of schizophrenia Schizophr. Res. 157, 175–181. doi: 10.1016/j.schres.2014.05.036

Tomescu, M. I., Rihs, T. A., Rochas, V., Hardmeier, M., Britz, J., Allali, G., et al. (2018). From swing to cane: Sex differences of EEG resting-state temporal patterns during maturation and aging. Dev. Cogn. Neurosci. 31, 58–66. doi: 10.1016/j.dcn.2018.04.011

Von Wegner, F., Knaut, P., and Laufs, H. (2018). EEG microstate sequences from different clustering algorithms are information-theoretically invariant. Front. Comput. Neurosci. 12:70. doi: 10.3389/fncom.2018.00070

Von Wegner, F., Tagliazucchi, E., and Laufs, H. (2017). NeuroImage Information-theoretical analysis of resting state EEG microstate sequences - non-Markovianity, non-stationarity and periodicities. Neuroimage 158, 99–111. doi: 10.1016/j.neuroimage.2017.06.062

Wang, J., Barstein, J., Ethridge, L. E., Mosconi, M. W., Takarae, Y., and Sweeney, J. A. (2013). Resting state EEG abnormalities in autism spectrum disorders. J. Neurodev. Disord. 5:24. doi: 10.1186/1866-1955-5-24

Wei, Y., Ramautar, J. R., Colombo, M. A., and Lindert, B. H. W. (2018). EEG Microstates indicate heightened somatic awareness in insomnia: toward objective assessment of subjective mental content. Front. Psychiatry 9:395. doi: 10.3389/fpsyt.2018.00395

Yao, Z., Hu, B., Xie, Y., Zheng, F., Liu, G., Chen, X., et al. (2016). Resting-state time-varying analysis reveals aberrant variations of functional connectivity in autism. Front. Hum. Neurosci. 10:463. doi: 10.3389/fnhum.2016.00463

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2019 D’Croz-Baron, Baker, Michel and Karp. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fnhum-13-00173-t001.jpg
Class A
Mean duration [milliseconds]
ASD (mean = SD) 76.29 + 6.08
Controls (mean + SD) 78.79+6.54
P-value (pairwise) 0.738
Corrected P-value 0738

Freq. of occurrence [counts/second]

ASD (mean + SD) 1.73+£0.36
Controls (mean + SD) 1714043
P-value (pairwise) 0.927
Corrected P-value 0.927

Ratio of time coverage

ASD (mean = SD) 0.152 + 0.043
Controls (mean % SD) 0.157 + 0.050
P-value (pairwise) 0976
Corrected P-value 0.976

Global explained variance (GEV)

ASD (mean + SD) 0.077 + 0.029
Controls (mean + SD) 0.081 + 0.040
P-value (pairwise) 0.976
Corrected P-value 0.976

Class B

80.60 + 4.45
76.40 £7.70
0.077
0.230

210+ 0.41

1.60 £ 0.40
0.008*
0.030*

0.196 + 0.046

0.142 + 0.044
0.021*
0.063

0.102 + 0.035

0.064 + 0.026
0.018*
0.054

Microstate classes

Class C

87.16 + 8.67
103.36 + 19.40
0.026*

0.156

2.24 047

2.54 + 0.60
0.186
0279

0.232 + 0.075

0.345 +£0.137
0.042*
0.084

0.156 + 0.076
0.274 +0.140

Class D

77.59 £ 6.94

7471 £11.76
0.410
0.535

1.81£0.38

1.50 +£ 0.64
0.131
0.262

0.162 + 0.046
0.136 + 0.083
0.208
0.312

0.078 + 0.024

0.061 + 0.044
0.131
0.197

Class E

74.26 +5.21

71.87 £10.89
0.115
0.230

1.33+£0.38
1.01 £0.60
0.010%
0.030*

0.111 £ 0.038

0.055 + 0.027

0.038 +0.038
0.010%
0.054

Class F

7517 £ 6.23

7418 £7.29
0.446
0.535

1.68 £ 0.46

1.49 £ 0.47
0.522
0.626

0.138 + 0.049

0.128 + 0.053
0.446
0.535

0.060 + 0.026

0.055 + 0.029
0.483
0.580

The p-value (pairwise) row corresponds to the result of the pairwise post-hoc Mann-Whitney-Wilcoxon tests. The corrected p-value row was obtained by applying the

false discovery rate (FDR) correction for multiple

significant

(p < 0.05) after the tests are marked with an asterisk.





OPS/images/cross.jpg
3,

i





OPS/images/fnhum-13-00173-g001.jpg
\

N) a4

9

poriad pajddpas
sdew dfeag

G n/‘ Q‘ I " "’ /@L m ”1 I Q“ ’ 6 a Scalp maps at GFP
\ \ peaks

) Individual spatial

[

nNeEGtoee

ASD Controls

Subject 1 ')Qm“@ ff@ﬁ)@@')
Subject 2 "}“@"‘em ')Q,“@

k-means

Subject’s dominant
template maps

suvieet 3 35 () @D @ HNEGIISH

s 8 0D @9 & -'Mb@@ﬁ'

Group-clustering

NSO

I N O Y el

GFP

spatial k-means

Most dominant template
maps across subjects

Fitting template maps back
to individual EEG data





OPS/images/fnhum-13-00173-e002.jpg
GEV, =

SN (GFPy (1) -Cuyr,)”

1 max (GFP2 (1))





OPS/images/fnhum-13-00173-g002.jpg
GEV (%)

95
90
85
80
75
70
65
60
55
50

Global Explained Variance Vs. Number of Maps

/o—".—_’

—®— Autistics
—e&— Controls

—e— All Subjects

1 2 3 4 5 6 7 8 9 10
Number of maps

L/ O A
SUE®6G
S LU - IO,

Autistics
Controls






OPS/images/fnhum-13-00173-e001.jpg
GFP =

(1)





OPS/images/cover.jpg






OPS/images/logo.jpg
, frontiers .
in Human Neuroscience





