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Comparison of Phase Synchronization Measures for Identifying Stimulus-Induced Functional Connectivity in Human Magnetoencephalographic and Simulated Data












	 
	ORIGINAL RESEARCH
published: 19 June 2020
doi: 10.3389/fnins.2020.00648





[image: image]

Comparison of Phase Synchronization Measures for Identifying Stimulus-Induced Functional Connectivity in Human Magnetoencephalographic and Simulated Data

Kenji Yoshinaga1,2*, Masao Matsuhashi3, Tatsuya Mima4, Hidenao Fukuyama5, Ryosuke Takahashi1, Takashi Hanakawa2,6* and Akio Ikeda3

1Department of Neurology, Kyoto University Graduate School of Medicine, Kyoto, Japan

2Department of Advanced Neuroimaging, Integrative Brain Imaging Center, National Center of Neurology and Psychiatry, Tokyo, Japan

3Department of Epilepsy, Movement Disorders and Physiology, Kyoto University Graduate School of Medicine, Kyoto, Japan

4Graduate School of Core Ethics and Frontier Sciences, Ritsumeikan University, Kyoto, Japan

5Research and Educational Unit of Leaders for Integrated Medical System, Center for the Promotion of Interdisciplinary Education and Research, Kyoto University, Kyoto, Japan

6Department of Integrated Neuroanatomy and Neuroimaging, Kyoto University Graduate School of Medicine, Kyoto, Japan

Edited by:
Hans-Eckhardt Schaefer, University of Stuttgart, Germany

Reviewed by:
Joost Le Feber, University of Twente, Netherlands
Gunnar Waterstraat, Charité – Berlin University of Medicine, Germany
Ou Bai, Florida International University, United States

*Correspondence: Kenji Yoshinaga, kyoshi@kuhp.kyoto-u.ac.jp; kyoshi0821@gmail.com; Takashi Hanakawa, hanakawa.takashi.2s@kyoto-u.ac.jp; hanakawa@ncnp.go.jp

Specialty section: This article was submitted to Neural Technology, a section of the journal Frontiers in Neuroscience

Received: 23 July 2019
Accepted: 25 May 2020
Published: 19 June 2020

Citation: Yoshinaga K, Matsuhashi M, Mima T, Fukuyama H, Takahashi R, Hanakawa T and Ikeda A (2020) Comparison of Phase Synchronization Measures for Identifying Stimulus-Induced Functional Connectivity in Human Magnetoencephalographic and Simulated Data. Front. Neurosci. 14:648. doi: 10.3389/fnins.2020.00648

Phase synchronization measures are widely used for investigating inter-regional functional connectivity (FC) of brain oscillations, but which phase synchronization measure should be chosen for a given experiment remains unclear. Using neuromagnetic brain signals recorded from healthy participants during somatosensory stimuli, we compared the performance of four phase synchronization measures, imaginary part of phase-locking value, imaginary part of coherency (ImCoh), phase lag index and weighted phase lag index (wPLI), for detecting stimulus-induced FCs between the contralateral primary and ipsilateral secondary somatosensory cortices. The analyses revealed that ImCoh exhibited the best performance for detecting stimulus-induced FCs, followed by the wPLI. We found that amplitude weighting, which is related to computing both ImCoh and wPLI, effectively attenuated the influence of noise contamination. A simulation study modeling noise-contaminated periodograms replicated these findings. The present results suggest that the amplitude-dependent measures, ImCoh followed by wPLI, may have the advantage in detecting stimulus-induced FCs.
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INTRODUCTION

Functional integration of multiple regions in the central nervous system is an important concept for understanding normal brain function (Ramnani et al., 2004; Stevens, 2009) and the pathophysiology of neuropsychiatric disorders (Stam, 2010; Pettersson-Yeo et al., 2011). Functional integration has been extensively investigated using measures of brain connectivity, and the development of methods for quantifying brain connectivity is a growing field in human neuroscience (Sporns, 2011; Stam and van Straaten, 2012).

Dynamics of brain connectivity are investigated using either functional connectivity (FC), effective connectivity, or both (van Diessen et al., 2015). For computing effective connectivity, researchers have constructed complicated models such as vector autoregression models and state-space models (Bressler and Seth, 2011; Vicente et al., 2011; Friston et al., 2014; Seth et al., 2015), and/or assume directions of causal interaction between regions of interest (Friston et al., 2003, 2013). Hence, although effective connectivity is an indispensable method for determining causality, it requires an a priori assumption about the network model. In contrast, FC is simply defined as the statistical dependence of neural signals across spatially remote brain regions (Sporns et al., 2004; Fingelkurts et al., 2005), which can provide prerequisite knowledge for effective connectivity analysis. Because of the simplicity in computing (Bullmore and Sporns, 2009; Bruña et al., 2018), FC analysis is commonly applied to the exploration and exploitation of neuroimaging and electrophysiological data.

Functional connectivity has been measured using several approaches, including phase synchronization measures (Cohen, 2014c), amplitude envelope correlation (Bruns et al., 2000), information theoretical approach (Roulston, 1999) and other methods (Wen et al., 2015; Bakhshayesh et al., 2019) in studies using electroencephalography (EEG) and magnetoencephalography (MEG). Among them, phase synchronization measures, which assess a degree of clustering of phase differences between signals, are widely used (Varela et al., 2001; van Diessen et al., 2015).

Several phase synchronization measures are less susceptible to common source effects (i.e., volume conduction and magnetic field spread). The common source effect is an inevitable and serious problem in electrophysiological studies (Vinck et al., 2011), and cannot be completely eliminated by source reconstruction methods (Schoffelen and Gross, 2009) or solved by independent component analysis (Almeida et al., 2013). The common source effect is problematic in estimating phase synchronization because it can generate spurious phase synchronization with a phase difference of 0 or 180 degrees (zero-lag) among channels or sensors (Cohen, 2014a; Khadem and Hossein-Zadeh, 2014). These phase synchronization measures substantially reduce the common source effects by attenuating zero-lag contributions, and have been more frequently used for investigating FCs in electrophysiological studies (Schoffelen and Gross, 2009).

The phase synchronization measures that are robust to the common source effects include imaginary part of phase-locking value (ImPLV) (Sadaghiani et al., 2012), imaginary part of coherency (ImCoh) (Nolte et al., 2004), phase lag index (PLI) (Stam et al., 2007) and weighted phase lag index (wPLI) (Vinck et al., 2011): ImPLV and PLI are unaffected by amplitudes of signals (i.e., amplitude-independent), while ImCoh and wPLI are affected by amplitudes (i.e., amplitude-dependent). Currently, however, little information is available to help researchers choose an appropriate phase synchronization measure for a specific experimental application. Although some studies compared between FC measures using simulated data (David et al., 2004; Stam et al., 2007; Vinck et al., 2011; Lowet et al., 2016), it is unclear whether these findings can be extrapolated to real human electrophysiological data. In other studies, several FC measures were compared using task-free (resting state) electrophysiological data (Dauwels et al., 2010; Mezeiová and Paluš, 2012; Liang et al., 2016). However, in resting-state EEG/MEG data, it is impossible to differentiate actual FC from false-positive correlations. Other studies compared FC measures from the viewpoint of reproducibility (Colclough et al., 2016; Garcés et al., 2016), but more reproducible FC measures do not necessarily exhibit better performance for detecting FCs. In addition, in many of these studies (Dauwels et al., 2010; Mezeiová and Paluš, 2012; Ard et al., 2015; Colclough et al., 2016; Garcés et al., 2016; Lowet et al., 2016; Bakhshayesh et al., 2019), comparisons were made between different types of FC measures (e.g., amplitude envelope correlation and phase synchronization measures) or between FC measures and effective connectivity measures. However, because different types of FC measures have different functional roles (Mehrkanoon et al., 2014; Guggisberg et al., 2015), they should be regarded as complementary approaches. Based on these considerations, it still remains uncertain which phase synchronization measure is suitable for FC studies in real data.

In the present study, we aimed to compare the four phase synchronization measures, which are less sensitive to near zero-lag interactions (thereby making the four FC measures robust against the common source effects), for identifying functional connectivity in real event-related MEG data. We used neuromagnetic brain signals recorded during exposure to somatosensory stimuli because somatosensory-induced FCs between the primary and secondary somatosensory areas (SI and SII, respectively) have been well documented (Simões et al., 2003; Hagiwara et al., 2010, 2014). We computed FCs between the SI and SII using the four phase synchronization measures, ImPLV, ImCoh, PLI and wPLI, and compared the performance of these measures in identifying somatosensory-induced FCs. We first conducted statistical analysis of somatosensory-induced FCs at an individual level by comparing these FCs with prestimulus (“baseline”) FCs. Second, we compared each of the four FC measures in terms of correct and false detection of stimulus-induced FCs. Third, to examine effects of amplitudes on performance differences among these FC measures, we investigated event-related amplitude changes and cross-periodograms of the time-frequency represented data. Fourth, we analyzed descriptive statistics for these FC measures. Finally, we conducted data simulation for a better understanding of results from the actual MEG data.



MATERIALS AND METHODS


Participants

Thirty-five right-handed healthy volunteers (19 men, 16 women) with a mean age of 23.8 years (from 19 to 30 years) were recruited. All participants were native Japanese speakers and had no history of neuropsychiatric disorders or head trauma. Written informed consent was obtained from all participants. The protocol was approved by the committee of medical ethics at Kyoto University.



Experimental Task

In the MEG experiment, 0.1-ms electrical pulses were delivered to the digital nerve on each side via ring electrodes. The intensity was adjusted individually so that it was twice the sensory threshold. The inter-stimulus interval varied randomly between 1500 ms and 3500 ms to attenuate the effects of stimulus anticipation of the participants. Three hundred pulses were delivered on each stimulated side. As a result, there were 300 trials on each side of stimulation (hereinafter referred to as the dataset) for each participant. Participants were seated and relaxed with their eyes open during MEG recording. They were asked not to pay attention to the stimuli.



Data Acquisition

We recorded continuous signals using a whole-head 306 channel MEG system (Elekta Neuromag, Helsinki, Finland) comprised of 102 magnetometers and 204 planar gradiometers. The data were recorded at a sampling rate of 600 Hz with a 0.1 to 200 Hz bandpass filter for removing direct current drifts and signal aliasing. Participants’ head positions relative to the MEG sensor array were measured using four head-position-indicator coils immediately before data recording in each session.



Data Analysis

We performed the following data analysis with custom-made MATLAB® (MathWorks, Natick, MA, United States) scripts.


Preprocessing

The session data were first processed using the signal-space projection method. We then checked inter-session head position movement by computing the Euclidean distance of the head positions in two sessions in each dataset for each participant. Because the inter-session head position distances were less than 7 mm (around one-fifth of the averaged distance between sensors in the MEG system) in all but four of the 63 datasets (7.0, 7.8, 8.7 and 9.0 mm) and the mean of these distances was 3.3 mm, we did not perform head movement correction (Nenonen et al., 2012; Stolk et al., 2013). We used only signals recorded by the 204 gradiometers (hereinafter referred to as channels) for further analyses.

We extracted peri-event signals (0.7 s before to 0.7 s after each stimulus onset) from each trial of these processed data. Trials containing large artifacts (trials in which the maximum peak-to-peak amplitude exceeding 1300 fT/cm) were excluded from further analysis. In this procedure, both datasets of three participants and one dataset of one participant were excluded because a substantial number of trials were rejected due to artifact contamination (50 or more trials out of 300 trials). In the rest of the datasets (63 datasets), the percentages of rejected trials ranged from 0.0% to 14.0% with a mean of 3.1%. After the quality assurance, we concatenated the remaining trials (original trial data, OTD).



Selection of Reference Channels

We identified channels over the contralateral SI to the stimulus (c-SI) using somatosensory-evoked fields (SEFs). After the application of a 1-Hz high-pass filter, we computed SEFs by averaging signals of the OTDs. The three channels that clearly showed the early SEF components (i.e., N22m, P30m) on visual inspection (Ishibashi et al., 2000) were selected as reference channels in each dataset (hereinafter referred to as c-SI channels). We here also determined the sensors in which either channel showed SEFs from the SII ipsilateral to the stimulus (i-SII) (channels of these sensors are hereinafter referred to as i-SII channels). The waveforms and latencies of SEFs as well as the location of the sensors over the i-SII were consistent with those reported in previous studies (Kakigi et al., 2000; Wegner et al., 2000).



Subtraction of Stimulus-Locked Brain Responses From Signals of Each Trial

When stimuli evoke stimulus-locked responses (e.g., phase resetting) in remote regions, these may result in “apparent” phase locking between those regions even if there is no actual interaction (e.g., common locking to stimuli Simões et al., 2003). When stimulus-locked responses repeatedly occur after somatosensory stimuli, they emerge as somatosensory-evoked potentials/fields (SEPs/SEFs) after trial averaging. Hence, if SEPs/SEFs are present in remote regions, these activities can generate “apparent” FCs. To remove such a spurious effect, a previous study subtracted trial-averaged signals from signals in each trial (Spadone et al., 2015). We applied this method to our MEG data. In practice, we simply subtracted trial-averaged MEG signals (equivalent to SEFs) from each trial data of the OTDs in each individual before computing FCs.



Selection of Channel Pairs

We computed the four FC measures (ImCoh, ImPLV, PLI, and wPLI) between each of the c-SI channels and the other 203 channels in each dataset. We transformed the time series of each trial of the OTD into a time-frequency domain using short-time Fourier transform with 333.3 ms (200 time points) Hanning windows with 92.5% overlap. The analyzed frequency range was up to 45 Hz. The FC values were then rescaled in each of the FC measures by dividing them by the root mean squares of the FC values extracted from all the “pixels” (i.e., analysis units of the data represented in the time-frequency space) of all the channels. These rescaled FC values were averaged across the FC measures in each pixel and channel.

Using this rescaled and averaged FC values, we selected the channel pair (one for the c-SI channels and the other for the i-SII channels) between which the greatest FC values were identified during the poststimulus period (0–0.5 s) in each dataset. In each of the datasets where somatosensory-induced FCs were poorly identified visually (19 out of 63 datasets), we selected the channel pair, which showed the largest SEFs in the c-SI and the i-SII channels.



Constructing Surrogate Data

To focus on stimulus-induced FCs, we needed to compare poststimulus FCs with resting-state (“baseline”) FCs (Delorme and Makeig, 2004). In addition, we used the cluster-size-based test to solve the multiple comparison problem in statistical analysis for our time-frequency represented data (Maris and Oostenveld, 2007). Because there is no a priori knowledge about null distributions of these test statistics (i.e., resting-state FC values and cluster sizes), we used a surrogate data method to obtain these null distributions (Lachaux et al., 1999).

We generated surrogate data of each dataset in the following procedure (Figure 1). From the same participant’s MEG data recorded when the stimuli were delivered on the other side, we randomly selected 1,100 dummy trial onsets. After trial rejection as in section “MATERIALS AND METHODS Preprocessing,” we obtained surrogate trial data by extracting peri-event signals (random trial data, RTD). We generated the RTDs in each dataset (the number of trials ranged from 853 to 1,073 among all the datasets). In these RTDs, although the timing of stimulus events was lost, the temporal relationship of the signal time series was preserved across all channels. Note that the RTD had the same statistical properties as resting-state (and prestimulus) MEG data and served as control data for stimulus-induced phase synchronization.
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FIGURE 1. Processing pipeline for constructing surrogate data. Each “trial K” and “trial KR” represents Kth actual trial onset (K  =  1,2,  … ,  N) and KR th dummy trial onset (KR   =  1,2,  … ,  NR). c-SI Ch: one of a channel pair over the primary somatosensory cortex contralateral to the stimuli, i-SII Ch: the other of a channel pair over the secondary somatosensory cortex ipsilateral to the stimuli.




Performance Analysis of Functional Connectivity Measures


Statistical analysis for identifying significant functional connectivities

For assessing the significance of somatosensory-induced FCs, we used the following two-step thresholding method. We first conducted value-based thresholding in each pixel of the time-frequency space (pixel-based test). We then conducted cluster-size-based thresholding by grouping neighboring pixels with suprathreshold values as clusters (cluster-based test) (Cohen, 2014a) for solving the multiple comparison problem. To infer significance for these tests, we computed histograms approximating probability distributions of these statistics using the generated surrogate data. Because cluster sizes took integers greater than or equal to 0, we were able to evaluate the statistical significance of clusters in a more precise manner by computing cluster sizes at a finer scale. To this end, we analyzed the data with relatively small time bins (10 ms), resulting in a 97% overlapping Hanning window. Note that this rescaling of time bins does not change the order of cluster sizes.

We obtained the thresholds for the pixel-based test in each dataset as follows (Figure 2, upper right).
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FIGURE 2. (Upper panel, thick dashed line) Processing pipeline of statistical analysis for identifying significant functional connectivities (FCs) and amplitude coherences (ACs). (Middle panel, thick dashed line) Processing pipeline for an individual-level analysis for obtaining the individual-averages of double-thresholded functional connectivities and true positive/negative rates. (Lower panel, thick dashed line) Processing pipeline for a group-level analysis for the individual results. dFCs/dACs: double-thresholded FCs/ACs, MaxSzpre/MaxSzpost: maximum cluster sizes of the prestimulus/poststimulus periods.


(1) Computing each FC measure between the pre-selected channel pair using N trials of data randomly sampled from the RTD (N = 100, 200) and collecting the maximum value in each frequency row 1000 times to compute null distributions of surrogate FC values in each frequency row and each of the FC measures.

(2) Computing the 95th percentiles of these null distributions as threshold values of each frequency row and each of the FC measures for the pixel-based test.

We obtained the thresholds for the cluster-based test in each dataset as follows (Figure 2, upper right).

(3) Computing each of the FC measures between the pre-selected channel pair using N trials of data randomly sampled from the RTD (N = 100, 200) and thresholding these surrogate FC values by applying the corresponding threshold values computed in the step (2) in each frequency row and each FC measure.

(4) Grouping 4-connected neighboring pixels (constituted with time bins and frequency bins) with suprathreshold values as clusters and collecting the maximum cluster size (number of pixels in each cluster) in each FC measure.

(5) Iterating steps (3) + (4) 500 times to obtain null distributions of the maximum cluster size in each of the FC measures and computing the 95th percentiles of these null distributions as threshold cluster sizes of each FC measure for the cluster-based test.

We then applied the two-step thresholding method to each OTD as follows (Figure 2, upper left).

(6) Computing each FC measure between the pre-selected channel pair using N trials (N = 100, 200) randomly sampled from the OTD.

(7) Conducting the pixel-based test to these FC values in the same way to the step (3) and grouping 4-connected neighboring pixels with suprathreshold values as clusters.

(8) Leaving clusters with cluster sizes larger than the threshold cluster size as statistically significant FCs in each FC measure (double-thresholded FCs, dFCs).

(9) Iterating steps (6) + (7) + (8) 250 times.

We thus obtained sets of 250 dFCs for each number of trials and each FC measure in each dataset. This procedure controlled for a family-wise error rate of each dFC at 0.05 after the multiple comparison correction in the time-frequency space.

We averaged 250 dFCs to obtain the individual-level averages of dFCs in each dataset. We then computed the grand-averages of dFCs by averaging these individual-averages of dFCs across all the datasets for each number of trials and each of the FC measures.



Comparison of performance among the functional connectivity measures

Using the RTDs as the surrogate data, by construction, we should be able to detect stimulus-induced FCs only during the poststimulus period but not during the prestimulus period (at a 0.05 family-wise error rate). Thus, to assess correct and false detection rates of these FC measures, we computed true positive rates (TPRs) and true negative rates (TNRs) using the dFCs in the following way. First, time bins in each 50-ms period immediately before and after the stimulus onset were excluded from this analysis because time windows of these bins were considerably affected by both prestimulus and poststimulus brain signals. We then computed the maximum cluster size in each of the prestimulus and poststimulus periods for each dFC (zero if no cluster survived). We computed the TPRs as proportions of dFCs in which the maximum cluster sizes in the poststimulus period were greater than those in the prestimulus period in each set of 250 dFCs. We computed the TNRs as proportions of dFCs in which the maximum cluster size in the prestimulus period was greater than zero among each set of 250 dFCs. We thus obtained the TPRs and TNRs for each number of trials and each FC measure in each dataset.

To detect significant differences in these TPRs and TNRs among the FC measures, we compared these rates between the FC measures for each number of trials (i.e., 100 and 200) using the Friedman test. A post hoc analysis was conducted using the one-tailed Wilcoxon signed-rank test to the directional alternative hypothesis, which states that the rates of one FC measure were greater than those of another measure (4 × 3 pairs in total). For the multiple comparison procedure, the Benjamini–Hochberg method (Benjamini and Hochberg, 1995) was used to control for the false discovery rate below 0.05.



Amplitude Effect Analysis

Amplitudes of time-frequency transformed signals can affect FC values, particularly when computing coherence and related measures (e.g., ImCoh and wPLI). As shown in Appendix, amplitudes work as a weighting factor of cross-periodograms for computing these measures (i.e., amplitude weighting). To investigate the effects of signal amplitudes on performance differences among the FC measures, we conducted the following analyses.


Amplitude coherence analysis

To investigate event-related amplitude changes, we computed event-related amplitude coherence (AC) in each dataset according to the formula in Appendix (Srinath and Ray, 2014). For statistical analysis, we applied the same procedure with the FC measure analysis (see section “MATERIALS AND METHODS Statistical analysis for identifying significant functional connectivities” and Figure 2) using the RTDs as the surrogate data. The number of trials for random sampling was fixed to 200 in this analysis. We computed a set of 250 double-thresholded ACs (dACs, both value- and size-based thresholded) in each dataset. We then computed the grand-average of dACs by averaging these sets of 250 dACs over all the datasets.



Cross-periodogram analysis

To investigate the relationship of the amplitudes of signals with the synchronized phases, we analyzed cross-periodograms (complex values) from pixels of the time-frequency represented OTD. Computing the rescaled and averaged FCs as in section “MATERIALS AND METHODS Selection of Channel Pairs,” we extracted cross-periodograms from the pixel with the greatest value in each dataset, and computed the magnitudes (i.e., amplitudes) and angles (i.e., phases) of these cross-periodograms.

We computed phase lags (angles of phase locking) of stimulus-induced FCs in each dataset as the mean angle of angles of complex-valued phase-locking values and coherencies computed using the cross-periodograms. The phases of the cross-periodograms were converted to the angles relative to the estimated phase lag in each dataset (relative phases ranging from 0 to pi). We then summarized the relationship between the amplitudes of the cross-periodograms and the relative phases derived from all datasets by dividing the amplitudes into 9 bins from 0 to pi according to the relative phases.

We also estimated signal-to-noise ratios (SNRs) of the stimulus-induced FCs using these cross-periodograms because the phase lags and SNRs were likely the major determining factors for the performance of the FC measures. The SNR was computed in each dataset as the ratio of the squared magnitude of mean of the cross-periodograms and the squared magnitudes of the residuals (after subtracting the mean from the cross-periodograms). Note that this computation was based on the assumption that phase-locked cross-periodograms were constant across trials. When phase-locked cross-periodograms were not constant (i.e., trial-by-trial variations), these variations were included in the residuals, which probably resulted in an underestimation of the SNRs.



Descriptive Statistics of Functional Connectivity Measures

To investigate the underlying mechanism for the performance difference between the two amplitude-dependent measures (ImCoh and wPLI) (see section “RESULTS Comparison of Performance Across Functional Connectivity Measures”), we computed a range of population parameters as means and coefficients of variance (CVs) of these two FC measures in each pixel in each dataset. We first defined a mask image for stimulus-induced FCs in the time-frequency space by thresholding the grand-averaged dFCs. We also defined the pixels, ranging from 20 to 40 Hz in the frequency bands and 0.5 to 0.3 s before the stimulus onset in the time bins, as a mask image for prestimulus FCs. Using a bootstrap method (number of trials = 200), we obtained sets of FC values from these two mask images in the two FC measures. To correct for the difference in scales of the FC values between the FC measures, we divided these sets of FC values by the averaged prestimulus FC value in each FC measure, producing normalized FC values. We then computed means and CVs of these sets of normalized FC values, and compared these values between the FC measures. A detail of this analysis is described in Supplementary Material 1 and Supplementary Figure S1.



Data Simulation of Noise-Contaminated Periodograms

To substantiate the preceding results based on the actual MEG data from a numerical point of view, we applied the same analyses to simulated noise-contaminated periodograms. We simply generated a single pair or a set of 10 pairs (multiple pairs) of phase-locked complex numbers (signals) and added random complex numbers (noises) to them. For this data simulation, we set three parameters: SNRs, phase lags and numbers of trials. We used a surrogate data method for statistical analysis in this data simulation. As surrogate simulation data, we generated a single pair or multiple pairs of phase-UNLOCKED complex numbers with noise. Using the thresholded results, we computed true positive rates (TPRs) as the proportions of the simulations where one or more simulated FCs survived. We then compared TPRs among the FC measures. We also conducted the descriptive statistics analysis for ImCoh and wPLI using these simulated data (number of trials = 200). Using the FC values in the single-pair simulation, we computed means and CVs of these FC values normalized by the FC values computed from the surrogate simulation data. A detail of the data simulation is described in Supplementary Material 2.



RESULTS

In all 63 datasets, SEFs were visually identified in the channels over the c-SI and i-SII. After selecting a channel pair in each dataset (see section “MATERIALS AND METHODS Section Selection of Channel Pairs”), we conducted the following analyses.


Comparison of Performance Across Functional Connectivity Measures

Conspicuous stimulus-induced FCs were found during a period of 50–250 ms after the stimulus and in the frequencies ranging from 3 Hz to 12 Hz in all FC measures (Figure 3). Both ImCoh and wPLI showed larger and temporally smoother stimulus-induced FCs than ImPLV and PLI. Only in ImCoh and wPLI, stimulus-induced FCs were also found in the 18–24 Hz frequencies, but these FCs were less obvious and lasted for a shorter time than the stimulus-induced FCs in the 3–12 Hz frequencies.
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FIGURE 3. Grand-averages of double-thresholded functional connectivities (dFCs) across all the datasets. As shown in the rightmost-bottom panel, each panel shows data in the time range (abscissa) of 0.5 s before to 0.5 s after the stimulus onset (0 s) and in the frequency range (ordinate) between 2 Hz and 45 Hz. Note that each pixel value represents a proportion of the corresponding pixel to be in significant clusters among all 250 sets of random sampling and all datasets.


The TPR analysis revealed differences in the TPRs among the FC measures (Figure 4A). A Friedman test revealed significant differences in the TPRs among the FC measures regardless of the numbers of trials (p < 0.001 for both 100 trials and 200 trials). In the post hoc analysis (Table 1), the TPRs of ImCoh and wPLI were significantly greater than those of ImPLV and PLI regardless of the number of trials (false discovery rate, p < 0.05). The TPRs of ImCoh were significantly greater than those of wPLI for 100 trials, while not for 200 trials.
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FIGURE 4. (A) Box plots of the true positive rates (TPRs) with the number of trials being 100 (AI) and 200 (AII). For this plotting purpose, we only used the datasets (n = 35) in which the TPRs for the number of trials 200 were above 0.05 across all the FC measures. (B) Box plots of the true negative rates (TNRs) of all the datasets when the number of trials is100 (BI) and 200 (BII). On each box plot, the red line, the bottom and top edges of the box represent the median, 25th and 75th percentiles of the TPRs, respectively. The whiskers represent the most extreme values of the TPRs except outliers.



TABLE 1. Results of the post hoc analysis of differences in the true positive rates between each pair of the functional connectivity measures when the number of trials was 100 (A) and 200 (B).

[image: Table 1]Contrary to the TPRs, the TNRs were around 0.975 for all the FC measures and for both the numbers of trials (Figure 4B). The Friedman test revealed no statistically significant differences among the FC measures for either 100 (p = 0.934) or 200 (p = 0.863) trials. Thus, the post hoc analysis was not conducted for the TNRs.



Amplitude Effect Analysis

The grand-average of dACs was less evident (Figure 5A) in comparison with the grand-averages of dFCs (see Figure 3), suggesting that ACs were not consistent in the present dataset. Only a few significant clusters were identified in the grand-averages of dACs, which showed little or no overlap with the clusters identified in the grand-averages of dFCs. Based on this result, we considered that the event-related amplitude changes contributed little to the results of the FC performance analysis.
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FIGURE 5. (A) Grand-average of double-thresholded amplitude coherences (dACs) in the time range (abscissa) of 0.5 s before to 0.5 s after the stimulus onset (0 s) and in the frequency range (ordinate) between 2 Hz and 45 Hz. Note that each pixel value represents a proportion of the corresponding pixel to be in significant clusters among all 250 sets of random sampling and all datasets. (B) Polar plot of the cross-periodograms of one representative dataset (dataset 42). Each dot represents each cross-periodogram and the blue dashed line represents the direction of the estimated phase lag. The distribution of the plot appear shifted from the origin toward the direction at the estimated phase lag. (C) Box plots of amplitudes of cross-periodograms sorted into 9 bins according to these phases relative to angles of phase locking (i.e., phase lags). These 9 bins are successive bins from 0 to pi. On each box plot, the red line, the bottom and top edges of the box represent the median, 25th and 75th percentiles of the amplitudes in each bin, respectively. The whiskers represent the 10th and 90th percentiles.


Focusing on the amplitudes of cross-periodograms, the amplitudes became greater as these phases became closer to the estimated phase lag as exemplified in Figure 5B. This finding was evident in the group level analysis, where the amplitudes gradually decreased as the relative phases became larger (Figure 5C). The amplitudes were significantly different among these bins (p < 0.001, Kruskal–Wallis test). These findings indicate that cross-periodograms with angles close to the actual phase lag have large amplitudes and thus should be heavily weighted in the amplitude weighting for computing wPLI and ImCoh.

The phase lags of the stimulus-induced FCs, which were rescaled from 0 to pi/2 as the minimum angle from the horizontal in the polar coordinates, ranged from 0.300 to 0.997 times of pi/2 among all datasets (25th–75th percentiles: 0.544–0.846 times of pi/2), and were more than pi/4 in 50 out of these 63 datasets. The SNRs ranged from 0.012 to 0.207 (25th–75th percentiles: 0.026–0.069).



Comparison of Descriptive Statistics Between Amplitude-Dependent FC Measures

The descriptive statistics analysis revealed that statistical properties (i.e., means and CVs) of normalized FCs were somewhat different between ImCoh and wPLI in stimulus-induced FCs, while quite similar in prestimulus FCs (Figure 6). It appeared that both the means and CVs of normalized FCs were larger in ImCoh than those in wPLI. These differences between ImCoh and wPLI were more evident when the means of normalized FCs were high. For statistical confirmation of this observation, we conducted a linear regression analysis between means (response variable) and CVs (explanatory variable) of the normalized stimulus-induced FCs. The estimated slope and intercept were −2.582 and 0.077, respectively, for ImCoh, and −2.382 and 0.183, respectively, for wPLI. The estimated slopes were significantly different between ImCoh and wPLI (p < 0.001, F-test). These findings indicate that ImCoh take higher mean and CVs than wPLI in pixels where the stimulus-induced FCs are stronger.


[image: image]

FIGURE 6. Results of the descriptive statistics analysis. (A) Dot plots of means against natural log-transformed coefficients of variance of normalized functional connectivity (FC) values retrieved from the prestimulus FC mask. The plots are well overlapping between ImCoh and wPLI. (B) Dot plots of means against natural log-transformed coefficients of variance of normalized FC values retrieved from the stimulus-induced FC mask. The dot plot of ImCoh appears gradually shifted upward and leftward in comparison with that of wPLI as means of normalized FC values become greater. Note that values increase from right to left in the x-axis of both plots. nMEANs, means of normalized FC values; nCVs, coefficients of variance of normalized FC values.




Data Simulation of Noise-Contaminated Periodograms

The simulation study supported the results from the actual MEG data, revealing that ImCoh and wPLI showed higher TPRs than ImPLV and PLI in almost all pairs of parameters. The results were roughly consistent across the single-pair (Figure 7A) and the multiple-pair simulation (Figure 7B). ImCoh showed slightly higher TPRs than wPLI when the phase lags were relatively large (equal to or more than pi/4). This pattern was more evident in the case of the multiple-pair simulation than the single-pair simulation. On the contrary, wPLI showed higher TPRs than ImCoh when the phase lags were small (i.e., pi/12). ImCoh showed slightly higher TPRs than wPLI when the SNR was low and vice versa at some of the phase lags (e.g., pi/6, pi/4) in the single-pair simulation, but this pattern was indistinct in the multiple-pair simulation. The number of trials appeared to be less influential on the differences of TPRs than the phase lags. Note that the range of the SNRs (from 0.009 to 2.081) in the simulation study covered that of our real MEG data (see section “RESULTS Amplitude Effect Analysis”).
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FIGURE 7. Results of the data simulation of periodograms. (A,B) Surface plots of the true positive rates against numbers of trials and signal-to-noise ratios (SNRs) at each angle in the single-pair simulation (A) and multiple-pair simulation (B). Surfaces of the plots of each functional connectivity (FC) measure colored with the corresponding color in the color map are overlaid as layers so that the measure with the greatest rate is identified in the uppermost layer. Overall, ImCoh and wPLI show higher rates in most situations. ImCoh tends to have higher rates in the multiple-pair simulation or at larger phase lags, whereas wPLI tends to have higher rates in the single-pair simulation or at smaller phase lags. (C) Dot plots of the means against the coefficient of variances of the normalized FCs in the descriptive statistics analysis for the simulated data. The sizes of dots change depending on the SNRs (getting larger as the SNRs become higher). Note that values increase from right to left in the x-axis of all plots. nMEANs, means of normalized FCs; nCVs, coefficients of variance of normalized FCs.


The properties of descriptive statistics (means and CVs) showed similar results to those of the actual MEG data (Figure 7C), particularly at phase lags equal to or greater than pi/4. That is, both the means and CVs of normalized FC values were greater in ImCoh than those in wPLI as the means became greater. This result supported an interpretation that the tendency for larger mean values at the expense of larger CVs related to the slightly better performance of ImCoh over wPLI.



DISCUSSION

In the present study, we compared the performance of the four FC measures (all of which are robust to the effects of common sources) for detecting somatosensory stimulus-induced FCs. ImCoh and wPLI exhibited superior performance in detecting the stimulus-induced FCs compared with ImPLV and PLI while the four methods, similarly, rejected prestimulus FCs to be taken as stimulus-induced FCs. The comparison between ImCoh and wPLI revealed that ImCoh showed slightly superior performance in detecting the stimulus-induced FCs.


Somatosensory-Induced Functional Connectivity Between the Primary and Secondary Somatosensory Areas

In the present study, we focused on somatosensory stimulus-induced FCs between the c-SI and i-SII (Kakigi et al., 2000; Schnitzler et al., 2000; Lin and Forss, 2002; Kaas, 2012). Previous studies identified somatosensory-induced phase synchronization between these areas in humans (Simões et al., 2003; Blatow et al., 2007; Hagiwara et al., 2010, 2014; Weisz et al., 2014), and some of them reported non-zero-lag phase synchronization (Hagiwara et al., 2014; Weisz et al., 2014). These FCs are thought to be supported by fiber connections between these areas in both humans and non-human primates (Cipolloni and Pandya, 1999; Disbrow et al., 2003; Eickhoff et al., 2010). Based on these previous findings, we consider that the present MEG data should contain somatosensory stimulus-induced FCs between the c-SI and i-SII as a conceivable example of stimulus-induced FCs. It remained unclear, however, as to which measure to be chosen to detect the should-be-present FC. This problem motivated us to run the present study.

The somatosensory-induced FCs in the present study showed smaller FCs in a relatively high frequency range (e.g., beta to low gamma bands) in reference to previous studies (Simões et al., 2003; Hagiwara et al., 2010, 2014). Some experimental and technical differences may explain this discrepancy. First, the stimulation method we used was slightly different from that employed in the previous studies. While electrical stimuli were delivered to the median nerve at the wrist in these previous studies, we stimulated the digit nerve of the thumb. Because the median nerve includes motor branches and sensory branches other than the digit nerve of the thumb, the median nerve stimulation was expected to induce stronger inputs than the digit nerve stimulation. Second, the FC measures are different. We focused on the FC measures that are robust to the effects of common sources. According to these definitions, these measures are assumed to be less sensitive than other FC measures such as phase-locking value or coherence (Stam et al., 2007; Vinck et al., 2011), although this sacrificing sensitivity is essential for achieving the robustness to the common source effects. Third, for statistical analysis, we used a cluster-size-based thresholding, which could potentially exhibit a bias toward detecting FCs with lower frequencies. This is because low-frequency FCs are generally smoother in the time domain than high-frequency FCs (Cohen, 2014b). Hence, cluster sizes tend to be larger at low frequencies than high frequencies, resulting in a tendency for FCs of lower frequencies to survive in cluster-based analysis.



Validation of the Two-Step Thresholding Procedure Using a Surrogate Data Method

When we applied the two-step statistical procedure to the “baseline” data (i.e., presimulus or resting-state FCs), no cluster was expected to survive in 95% of cases if the procedure correctly controlled for a family-wise error rate of 0.05. The results of the TNR analysis revealed that TNRs were around 0.975 irrespective of the FC measures and the number of trials, yielding the family-wise error rates of the two-step procedure around 0.025. Although we controlled the family-wise error rates of false detection of any clusters only during the peristimulus periods (prestimulus and poststimulus) under 0.05, we considered clusters only during the prestimulus period for the TNR analysis, which explains why the family-wise error rates were approximately half of 0.05 in the current result. For this reason, we confirmed that our procedure is a valid method to control the family-wise error rate at 0.05 for statistical analysis of time-frequency represented data.



Comparison of Performance Between the Amplitude-Independent and Dependent Measures

ImCoh and wPLI showed significantly higher TPR than ImPLV and PLI, while there was no significant difference in TNRs among the four FC measures. These results suggest that ImCoh and wPLI had advantages in detecting somatosensory-induced functional connectivities over ImPLV and PLI, at least in the experimental condition employed here. Both ImCoh and wPLI are computed from coherences, while ImPLV and PLI are computed from phase information. As noted in several previous studies (Lachaux et al., 2002; Srinath and Ray, 2014), coherences can be regarded as amplitude-weighted phase-locking values. Therefore, the differences between ImCoh/wPLI and ImPLV/PLI are presumed to arise from the effects of amplitude weighting.

We first investigated the possibility that event-related changes in amplitude of oscillations caused the difference in the performance. However, the AC analysis revealed that event-related amplitude changes were not significant and had little effect on the difference of dFCs among the four FC measures in the present data. This finding indicates that event-related amplitude changes were less likely to explain the difference between ImCoh/wPLI and ImPLV/PLI.

We next examined cross-periodograms because phase synchronization is computed using this information (Gordon et al., 2013). This cross-periodogram analysis showed that, by considering the amplitudes, cross-periodograms with angles closer to the proper angle were more heavily weighted (see Figure 5C). Because of this amplitude weighting, the amplitude-dependent measures are expected to show better performance than the amplitude-independent measures in detecting FCs between correlated signals contaminated by noises. Note that this amplitude weighting does not depend on the existence of event-related amplitude coherences.



Comparison of Performance Between the Amplitude-Dependent Measures

Between the two amplitude-dependent FC measures, ImCoh exhibited slightly better performance than wPLI in the TPR analysis (Figure 4 and Table 1). This difference can be explained through our descriptive statistics analysis. In general, both higher contrast of means between two groups and lower CVs (or standard deviations) in each group are expected to increase the probability of detecting a significant difference between these groups. There seemed to be a trade-off statistical property between means and variances in ImCoh (i.e., higher means and higher CVs of the normalized FC values in comparison with those in wPLI), judging from the distribution of the CVs against the means of the normalized FC values (see Figure 6B). Our data simulation replicated this finding, particularly when angles of cross-periodograms were relatively large (Figure 7C). Considering the results of our TPR analysis, the greater mean values seemed to be more beneficial than the lower CVs in this trade-off relationship.

Our data simulation also revealed that ImCoh showed better performance in considering periodograms of multiple-pair data than those of single-pair data. Because considering multiple-pair data is expected to reduce the influence of CVs in comparison with single-pair data, it can be inferred that the difference of TRPs was more related to the difference of means in our descriptive statistics analysis. Therefore, the higher contrast of means in ImCoh was likely to be more crucial for the statistical significance of stimulus-induced FCs in the time-frequency space.



Comparison With Previous Studies

Only a few previous studies directly compared FC detection performance among FC measures that are not affected by the common source effects (Stam et al., 2007; Vinck et al., 2011). These studies reported an advantage for PLI/wPLI over ImCoh in contrast to our study. There are several possible reasons for this discrepancy. First, as also noted in the previous studies (Stam et al., 2007; Vinck et al., 2011), phase lags of FCs are thought to affect the performance of these FC measures. In our real MEG data, most of the stimulus-induced FCs had phase lags larger than pi/4, where ImCoh showed better performance in both the actual MEG data and the simulated data. On the contrary, our data simulation revealed that wPLI showed higher TPRs when the phase lags were close to zero (e.g., phase lag = pi/12 in Figures 7A,B). To investigate the relationship of phase lags to the performance of these FC measures in actual brain signals, further studies should be conducted with other data.

Second, PLI and wPLI are thought to be robust to noise contamination when noise is small enough not to change the signs of imaginary parts of cross-periodograms. In simulated data and human EEG data of absence seizures in a previous report (Stam et al., 2007), PLI and wPLI showed better performance in detecting FCs than ImCoh. However, in our cross-periodogram analysis (Figure 5B), the dot plots of cross-periodograms were widely distributed across the real axis in the polar coordinates. This finding suggests that actual brain signals are not so stable that signs of imaginary parts of cross-periodograms stay the same. Thus, we presumed that these two factors (phase lag of FCs and level of noise) would explain the discrepancy between our results and the previous reports.



Limitations of the Present Study

The current results focusing on the stimulus-induced FC are not directly applicable to resting-state electrophysiological data. However, our findings suggest that the amplitude weighting, which can attenuate the effect of noise on computing FCs, may be critical for the difference of performance between the amplitude-dependent and independent measures. Because the amplitude weighting is presumed to be effective in computing resting-state FCs, our results may be applicable, to some extent, to resting-state FC analysis.

An important issue of cluster-based analysis should be considered when interpreting the current results. In the cluster-based method, we considered clusters composed of time and frequency bins in the time-frequency space. However, to use the sizes of these clusters as a fair measure of extent, the assumption must be satisfied that frequency bins are equivalent to temporal bins in terms of smoothness (i.e., a degree of correlation between adjacent bins). However, this may not be the case because, in time-frequency transform methods such as short-time Fourier transform, the smoothness of frequency bins usually differs from that of temporal bins (Cohen, 2014b). Using different temporal and frequency bins in time-frequency transform can lead to differences in threshold values in cluster-based analysis, resulting in differences in the results of statistical analysis, even when conducted with the same data. To date, there is no validated solution for this problem. Thus, further improvements are required to address this limitation of cluster-based methods.



CONCLUSION

In the present study, focusing on the FC measures that are robust to the common source effects, we investigated the performance of these measures in detecting somatosensory-induced FCs. Overall, ImCoh was the most sensitive method for detecting stimulus-induced FCs, at least in the present experimental condition. The difference in the performance was partially explained by the notion that the amplitude weighting was effective for attenuating negative effects of noise contamination in computing FCs and by different properties of descriptive statistics among these measures. The present work offers a useful insight into functional connectivity studies with electrophysiological data.



DATA AVAILABILITY STATEMENT

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



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the committee of medical ethics at Kyoto University. The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

KY, MM, HF, RT, and TH did the proposal of the work and experimental design. KY acquired the data. KY and MM performed the data analysis including scripting. KY, MM, TM, TH, and AI wrote and revised the manuscript. All of the authors have read and approved the manuscript.



FUNDING

This study was supported in part by the Grant “The Shimizu Foundation for Immunology and Neuroscience Grant for 2014”, the Strategic Research Program for Brain Science of BMI Technologies for Clinical Application carried out under the Strategic Research Program for Brain Sciences and Brain Mapping by Integrated Neurotechnologies for Disease Studies (Brain/MINDS 19dm0207070s0101 and Brain/MINDS beyond 19dm0307003h0002) from Japan Agency for Medical Research and Development (AMED), Japan Society for the Promotion of Science (JSPS) KAKENHI Grant Numbers 16H03306, 26120008, 26293209, 18H04960, 19H01091, 19H03536, and 19H03574, Intramural Research Grant for Neurological and Psychiatric Disorders of National Center of Neurology and Psychiatry, Japan, and the Japan Ministry of Education, Culture, Sports, Science and Technology (MEXT) KAKENHI Grant Numbers 15H05874, 15H05875, and 15H05880.


SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2020.00648/full#supplementary-material



REFERENCES

Almeida, M., Bioucas-Dias, J., and Vigário, R. (2013). Separation of phase-locked sources in pseudo-real MEG data. EURASIP J. Adv. Signal Process. 2013:32. doi: 10.1186/1687-6180-2013-32

Andrew, C., and Pfurtscheller, G. (1996). Event-related coherence as a tool for studying dynamic interaction of brain regions. Electroencephalogr. Clin. Neurophysiol. 98, 144–148. doi: 10.1016/0013-4694(95)00228-6

Ard, T., Carver, F. W., Holroyd, T., Horwitz, B., and Coppola, R. (2015). Detecting functional connectivity during audiovisual integration with MEG: a comparison of connectivity metrics. Brain Connect. 5, 336–348. doi: 10.1089/brain.2014.0296

Bakhshayesh, H., Fitzgibbon, S. P., Janani, A. S., Grummett, T. S., and Pope, K. J. (2019). Detecting synchrony in EEG: a comparative study of functional connectivity measures. Comput. Biol. Med. 105, 1–15. doi: 10.1016/j.compbiomed.2018.12.005

Benjamini, Y., and Hochberg, Y. (1995). Controlling the false discovery rate: a practical and powerful approach to multiple testing. J. R. Stat. Soc. Ser. B 57, 289–300. doi: 10.1111/j.2517-6161.1995.tb02031.x

Blatow, M., Nennig, E., Durst, A., Sartor, K., and Stippich, C. (2007). fMRI reflects functional connectivity of human somatosensory cortex. Neuroimage 37, 927–936. doi: 10.1016/j.neuroimage.2007.05.038

Bressler, S. L., and Seth, A. K. (2011). Wiener–granger causality: a well established methodology. Neuroimage 58, 323–329. doi: 10.1016/j.neuroimage.2010.02.059

Bruña, R., Maestú, F., and Pereda, E. (2018). Phase locking value revisited: teaching new tricks to an old dog. J. Neural Eng. 15:56011. doi: 10.1088/1741-2552/aacfe4

Bruns, A., Eckhorn, R., Jokeit, H., and Ebner, A. (2000). Amplitude envelope correlation detects coupling among incoherent brain signals. Neuroreport 11, 1509–1514. doi: 10.1097/00001756-200005150-00029

Bullmore, E., and Sporns, O. (2009). Complex brain networks: graph theoretical analysis of structural and functional systems. Nat. Rev. Neurosci. 10, 186–198. doi: 10.1038/nrn2575

Cipolloni, P. B., and Pandya, D. N. (1999). Cortical connections of the frontoparietal opercular areas in the Rhesus monkey. J. Comp. Neurol. 403, 431–458. doi: 10.1002/(sici)1096-9861(19990125)403:4<431::aid-cne2>3.0.co;2-1

Cohen, M. (2014a). Analyzing Neural Time Series Data: Theory and Practice. Cambridge, MA: MIT Press.

Cohen, M. (2014b). “Non parametric permutation testing,” in Analyzing Neural Time Series Data: Theory and Practice, M. X. Cohen (Cambridge, MA: MIT Press), 459–477.

Cohen, M. (2014c). “Phase based connectivity,” in Analyzing Neural Time Series Data: Theory and Practice, M. X. Cohen (Cambridge, MA: MIT Press), 333–356.

Colclough, G. L., Woolrich, M. W., Tewarie, P. K., Brookes, M. J., Quinn, A. J., and Smith, S. M. (2016). How reliable are MEG resting-state connectivity metrics? Neuroimage 138, 284–293. doi: 10.1016/j.neuroimage.2016.05.070

Dauwels, J., Vialatte, F., Musha, T., and Cichocki, A. (2010). A comparative study of synchrony measures for the early diagnosis of Alzheimer’s disease based on EEG. Neuroimage 49, 668–693. doi: 10.1016/j.neuroimage.2009.06.056

David, O., Cosmelli, D., and Friston, K. J. (2004). Evaluation of different measures of functional connectivity using a neural mass model. Neuroimage 21, 659–673. doi: 10.1016/j.neuroimage.2003.10.006

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

Disbrow, E., Litinas, E., Recanzone, G. H., Padberg, J., and Krubitzer, L. (2003). Cortical connections of the second somatosensory area and the parietal ventral area in macaque monkeys. J. Comp. Neurol. 462, 382–399. doi: 10.1002/cne.10731

Eickhoff, S. B., Jbabdi, S., Caspers, S., Laird, A. R., Fox, P. T., Zilles, K., et al. (2010). Anatomical and functional connectivity of cytoarchitectonic areas within the human parietal operculum. J. Neurosci. 30, 6409–6421. doi: 10.1523/JNEUROSCI.5664-09.2010

Fingelkurts, A. A., Fingelkurts, A. A., and Kähkönen, S. (2005). Functional connectivity in the brain–is it an elusive concept? Neurosci. Biobehav. Rev. 28, 827–836. doi: 10.1016/j.neubiorev.2004.10.009

Friston, K., Moran, R., and Seth, A. K. (2013). Analysing connectivity with Granger causality and dynamic causal modelling. Curr. Opin. Neurobiol. 23, 172–178. doi: 10.1016/j.conb.2012.11.010

Friston, K. J., Bastos, A. M., Oswal, A., van Wijk, B., Richter, C., and Litvak, V. (2014). Granger causality revisited. Neuroimage 101, 796–808. doi: 10.1016/j.neuroimage.2014.06.062

Friston, K. J., Harrison, L., and Penny, W. (2003). Dynamic causal modelling. Neuroimage 19, 1273–1302. doi: 10.1016/S1053-8119(03)00202-7

Garcés, P., Martín-Buro, M. C., and Maestú, F. (2016). Quantifying the test-retest reliability of magnetoencephalography resting-state functional connectivity. Brain Connect. 6, 448–460. doi: 10.1089/brain.2015.0416

Gordon, S. M., Franaszczuk, P. J., Hairston, W. D., Vindiola, M., and McDowell, K. (2013). Comparing parametric and nonparametric methods for detecting phase synchronization in EEG. J. Neurosci. Methods 212, 247–258. doi: 10.1016/j.jneumeth.2012.10.002

Guggisberg, A. G., Rizk, S., Ptak, R., Di Pietro, M., Saj, A., Lazeyras, F., et al. (2015). Two intrinsic coupling types for resting-state integration in the human brain. Brain Topogr. 28, 318–329. doi: 10.1007/s10548-014-0394-2

Hagiwara, K., Ogata, K., Okamoto, T., Uehara, T., Hironaga, N., Shigeto, H., et al. (2014). Age-related changes across the primary and secondary somatosensory areas: an analysis of neuromagnetic oscillatory activities. Clin. Neurophysiol. 125, 1021–1029. doi: 10.1016/j.clinph.2013.10.005

Hagiwara, K., Okamoto, T., Shigeto, H., Ogata, K., Somehara, Y., Matsushita, T., et al. (2010). Oscillatory gamma synchronization binds the primary and secondary somatosensory areas in humans. Neuroimage 51, 412–420. doi: 10.1016/j.neuroimage.2010.02.001

Ishibashi, H., Tobimatsu, S., Shigeto, H., Morioka, T., Yamamoto, T., and Fukui, M. (2000). Differential interaction of somatosensory inputs in the human primary sensory cortex: a magnetoencephalographic study. Clin. Neurophysiol. 111, 1095–1102. doi: 10.1016/S1388-2457(00)00266-2

Kaas, J. H. (2012). “Somatosensory System,” in The Human Nervous System, eds J. K. Mai and G. Paxinos (Amsterdam: Elsevier), 1074–1109. doi: 10.1016/B978-0-12-374236-0.10030-6

Kakigi, R., Hoshiyama, M., Shimojo, M., Naka, D., Yamasaki, H., Watanabe, S., et al. (2000). The somatosensory evoked magnetic fields. Prog. Neurobiol. 61, 495–523.

Khadem, A., and Hossein-Zadeh, G.-A. (2014). Quantification of the effects of volume conduction on the EEG/MEG connectivity estimates: an index of sensitivity to brain interactions. Physiol. Meas. 35, 2149–2164. doi: 10.1088/0967-3334/35/10/2149

Lachaux, J.-P., Lutz, A., Rudrauf, D., Cosmelli, D., Le Van Quyen, M., Martinerie, J., et al. (2002). Estimating the time-course of coherence between single-trial brain signals: an introduction to wavelet coherence. Neurophysiol. Clin. Neurophysiol. 32, 157–174. doi: 10.1016/S0987-7053(02)00301-5

Lachaux, J. P., Rodriguez, E., Martinerie, J., and Varela, F. J. (1999). Measuring phase synchrony in brain signals. Hum. Brain Mapp. 8, 194–208. doi: 10.1002/(sici)1097-0193(1999)8:4<194::aid-hbm4>3.0.co;2-c

Liang, Z., Ren, Y., Yan, J., Li, D., Voss, L. J., Sleigh, J. W., et al. (2016). A comparison of different synchronization measures in electroencephalogram during propofol anesthesia. J. Clin. Monit. Comput. 30, 451–466. doi: 10.1007/s10877-015-9738-z

Lin, Y. Y., and Forss, N. (2002). Functional characterization of human second somatosensory cortex by magnetoencephalography. Behav. Brain Res. 135, 141–145. doi: 10.1016/s0166-4328(02)00143-2

Lowet, E., Roberts, M. J., Bonizzi, P., Karel, J., and De Weerd, P. (2016). Quantifying neural oscillatory synchronization: a comparison between spectral coherence and phase-locking value approaches. PLoS One 11:e0146443. doi: 10.1371/journal.pone.0146443

Maris, E., and Oostenveld, R. (2007). Nonparametric statistical testing of EEG- and MEG-data. J. Neurosci. Methods 164, 177–190. doi: 10.1016/j.jneumeth.2007.03.024

Mehrkanoon, S., Breakspear, M., Britz, J., and Boonstra, T. W. (2014). Intrinsic coupling modes in source-reconstructed electroencephalography. Brain Connect. 4, 812–825. doi: 10.1089/brain.2014.0280

Mezeiová, K., and Paluš, M. (2012). Comparison of coherence and phase synchronization of the human sleep electroencephalogram. Clin. Neurophysiol. 123, 1821–1830. doi: 10.1016/j.clinph.2012.01.016

Nenonen, J., Nurminen, J., Kièiæ, D., Bikmullina, R., Lioumis, P., Jousmäki, V., et al. (2012). Validation of head movement correction and spatiotemporal signal space separation in magnetoencephalography. Clin. Neurophysiol. 123, 2180–2191. doi: 10.1016/j.clinph.2012.03.080

Nolte, G., Bai, O., Wheaton, L., Mari, Z., Vorbach, S., and Hallett, M. (2004). Identifying true brain interaction from EEG data using the imaginary part of coherency. Clin. Neurophysiol. 115, 2292–2307. doi: 10.1016/j.clinph.2004.04.029

Pettersson-Yeo, W., Allen, P., Benetti, S., McGuire, P., and Mechelli, A. (2011). Dysconnectivity in schizophrenia: where are we now? Neurosci. Biobehav. Rev. 35, 1110–1124. doi: 10.1016/j.neubiorev.2010.11.004

Ramnani, N., Behrens, T. E. J., Penny, W., and Matthews, P. M. (2004). New approaches for exploring anatomical and functional connectivity in the human brain. Biol. Psychiatry 56, 613–619. doi: 10.1016/j.biopsych.2004.02.004

Roulston, M. S. (1999). Estimating the errors on measured entropy and mutual information. Phys. D Nonlinear Phenom. 125, 285–294. doi: 10.1016/S0167-2789(98)00269-3

Sadaghiani, S., Scheeringa, R., Lehongre, K., Morillon, B., Giraud, A.-L., D’Esposito, M., et al. (2012). α-band phase synchrony is related to activity in the fronto-parietal adaptive control network. J. Neurosci. 32, 14305–14310. doi: 10.1523/JNEUROSCI.1358-12.2012

Schnitzler, A., Seitz, R. J., and Freund, H.-J. (2000). The Somatosensory System, eds A. W. Toga, J. C. Mazziotta, and R. S. J. Frackowiak Amsterdam: Elsevier, 291–329. doi: 10.1016/B978-012692545-6/50012-X

Schoffelen, J.-M., and Gross, J. (2009). Source connectivity analysis with MEG and EEG. Hum. Brain Mapp. 30, 1857–1865. doi: 10.1002/hbm.20745

Seth, A. K., Barrett, A. B., and Barnett, L. (2015). Granger Causality Analysis in Neuroscience and Neuroimaging. J. Neurosci. 35, 3293–3297. doi: 10.1523/JNEUROSCI.4399-14.2015

Simões, C., Jensen, O., Parkkonen, L., and Hari, R. (2003). Phase locking between human primary and secondary somatosensory cortices. Proc. Natl. Acad. Sci. U.S.A. 100, 2691–2694. doi: 10.1073/pnas.0437944100

Spadone, S., Della Penna, S., Sestieri, C., Betti, V., Tosoni, A., Perrucci, M. G., et al. (2015). Dynamic reorganization of human resting-state networks during visuospatial attention. Proc. Natl. Acad. Sci. U.S.A. 112, 8112–8117. doi: 10.1073/pnas.1415439112

Sporns, O. (2011). The human connectome: a complex network. Ann. N. Y. Acad. Sci. 1224, 109–125. doi: 10.1111/j.1749-6632.2010.05888.x

Sporns, O., Chialvo, D. R., Kaiser, M., and Hilgetag, C. C. (2004). Organization, development and function of complex brain networks. Trends Cogn. Sci. 8, 418–425. doi: 10.1016/j.tics.2004.07.008

Srinath, R., and Ray, S. (2014). Effect of amplitude correlations on coherence in the local field potential. J. Neurophysiol. 112, 741–751. doi: 10.1152/jn.00851.2013

Stam, C. J. (2010). Use of magnetoencephalography (MEG) to study functional brain networks in neurodegenerative disorders. J. Neurol. Sci. 289, 128–134. doi: 10.1016/j.jns.2009.08.028

Stam, C. J., Nolte, G., and Daffertshofer, A. (2007). Phase lag index: assessment of functional connectivity from multi channel EEG and MEG with diminished bias from common sources. Hum. Brain Mapp. 28, 1178–1193. doi: 10.1002/hbm.20346

Stam, C. J., and van Straaten, E. C. W. (2012). The organization of physiological brain networks. Clin. Neurophysiol. 123, 1067–1087. doi: 10.1016/j.clinph.2012.01.011

Stevens, M. C. (2009). The developmental cognitive neuroscience of functional connectivity. Brain Cogn. 70, 1–12. doi: 10.1016/j.bandc.2008.12.009

Stolk, A., Todorovic, A., Schoffelen, J.-M., and Oostenveld, R. (2013). Online and offline tools for head movement compensation in MEG. Neuroimage 68, 39–48. doi: 10.1016/j.neuroimage.2012.11.047

van Diessen, E., Numan, T., van Dellen, E., van der Kooi, A. W., Boersma, M., Hofman, D., et al. (2015). Opportunities and methodological challenges in EEG and MEG resting state functional brain network research. Clin. Neurophysiol. 126, 1468–1481. doi: 10.1016/j.clinph.2014.11.018

Varela, F., Lachaux, J. P., Rodriguez, E., and Martinerie, J. (2001). The brainweb: phase synchronization and large-scale integration. Nat. Rev. Neurosci. 2, 229–239. doi: 10.1038/35067550

Vicente, R., Wibral, M., Lindner, M., and Pipa, G. (2011). Transfer entropy—a model-free measure of effective connectivity for the neurosciences. J. Comput. Neurosci. 30, 45–67. doi: 10.1007/s10827-010-0262-3

Vinck, M., Oostenveld, R., van Wingerden, M., Battaglia, F., and Pennartz, C. M. A. (2011). An improved index of phase-synchronization for electrophysiological data in the presence of volume-conduction, noise and sample-size bias. Neuroimage 55, 1548–1565. doi: 10.1016/j.neuroimage.2011.01.055

Wegner, K., Forss, N., and Salenius, S. (2000). Characteristics of the human contra- versus ipsilateral SII cortex. Clin. Neurophysiol. 111, 894–900. doi: 10.1016/s1388-2457(99)00319-3

Weisz, N., Wühle, A., Monittola, G., Demarchi, G., Frey, J., Popov, T., et al. (2014). Prestimulus oscillatory power and connectivity patterns predispose conscious somatosensory perception. Proc. Natl. Acad. Sci. U.S.A. 111, E417–E425. doi: 10.1073/pnas.1317267111

Wen, D., Zhou, Y., and Li, X. (2015). A critical review: coupling and synchronization analysis methods of EEG signal with mild cognitive impairment. Front. Aging Neurosci. 7:54. doi: 10.3389/fnagi.2015.00054



APPENDIX

Considering two signals X1 and X2, short-time Fourier transform produces two complex values F(X1) and F(X2) in the following equations,

[image: image]

where, t, f and k represent indices of time, frequency and trials, respectively. Event-related phase-locking value PLV (Lachaux et al., 1999) and coherence ERCoh (Andrew and Pfurtscheller, 1996; Lachaux et al., 2002) are computed as follows;

[image: image]

where, N represents total number of trials. As these equations indicate, amplitudes work as a weighting factor of cross-periodograms in computing coherence (and coherency). Focusing on a difference between these equations, we can define amplitude coherence AC as follows (Srinath and Ray, 2014);

[image: image]
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