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OPEN A novel method for estimating

functional connectivity from EEG
coherence potentials

Narayan Puthanmadam Subramaniyam®2*“ & Tara C. Thiagarajan*

Analysis of functional connectivity can provide insights into how the brain performs various cognitive
and behavioral tasks as well as the neural mechanisms underlying several pathologies. In this work,
we describe a novel approach to estimate functional connectivity from electroencephalography (EEG)
data using the concept of coherence potentials (CPs), which are defined as clusters of high-amplitude
deflections with similar waveform shapes. We define connectivity measures based on features of

CPs, including the time intervals between CP peaks and their co-occurrence on different electrodes

or channels. We used EEG data from 25 healthy subjects performing three tasks - resting state (eyes
closed and eyes open), working memory and pattern completion tasks to investigate the ability of

CP based connectivity measures to distinguish between these tasks. When compared with traditional
connectivity measures including several spectral-based measures and mutual information, our results
showed that CP based connectivity measures more robustly and significantly distinguished between
all the tasks both at group-level and subject-level. In conclusion, CP based EEG connectivity measures
provide a reliable way to distinguish between different cognitive task conditions and could pave way in
the early detection of neurological disorders such as Alzheimer’s disease that affect various cognitive
tasks.

Functional connectivity refers to statistical interdependencies between the functional properties of different
brain regions and is used to describe the interaction between brain regions'. Functional properties can be
measured in various ways using different neuroimaging modalities, such as electroencephalography (EEG),
magnetoencephalography (MEG), functional magnetic resonance imaging (fMRI) or near-infrared spectroscopy.
Studying functional connectivity can provide insights into how different regions of the brain communicate and
work together to perform various cognitive and behavioral functions*?. Studying functional connectivity can
also be helpful in understanding the underlying neural mechanisms of various brain disorders, including autism
spectrum disorder?, Alzheimer’s disease® and epilepsy® to mention a few. Furthermore, functional connectivity
has also been used in brain-computer interface applications for example, to decode motor intention” and in
emotion recognition®.

Among these neuroimaging modalities, EEG is inexpensive, portable, easily accessible across the world, and it
has millisecond-level temporal resolution, making it an optimal (and often the only feasible) choice for studying
functional connectivity in routine clinical applications, ambulatory settings and naturalistic environments.

Several methods to estimate functional connectivity from EEG data have been developed®*?, including
simple linear correlation, spectral, and information-theoretic approaches. Spectral-based approaches such as
coherence!?, phase locking value!!, phase-lag index'2, imaginary coherence!® and multivariate auto-regressive
(MVAR) methods'*~!¢ estimate the relationship between EEG time series using the cross-spectral density
matrix. Information-theoretic approaches such as mutual information!’, transfer entropy'® and ordinal partition
transition networks!® have also been used to estimate functional connectivity from electrophysiological time
series. These measures estimate the amount of information one signal contains about another signal in terms of
marginal and conditional entropies?’.

Functional connectivity can be further categorized into bivariate and multivariate measures®. Bivariate
approaches estimate only pairwise interactions. Examples of bivariate approaches include coherence, mutual
information, phase locking value, phase-lag index, and transfer entropy. In contrast, multivariate approaches
also take into account the effects of confounders. These approaches include MVAR approaches, ordinal partition
networks, and multivariate transfer entropy. Furthermore, these connectivity metrics can be symmetric,
meaning the metric only gives information about the connectivity between two brain regions or electrodes,
with no information on the direction of interaction ( e.g., phase locking value, coherence, imaginary coherence,
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mutual information) or asymmetric, where the direction of interaction between two brain regions or electrodes
can also be established (e.g., MVAR, transfer entropy, phase lag index).

The aforementioned methods of estimating functional connectivity focus on statistical relationships of
different aspects of the signal (for example, phase or amount of information). However, it is not always known a
priori which aspect of statistical dependence or interplay is most relevant in distinguishing brain states, for e.g.,
between different task conditions or between healthy and diseased population. Thus exploration of new methods
can potentially provide insight into the structures and patterns of the signals that are of relevance for different
tasks and brain states.

In this work, we propose a new method to estimate functional connectivity (symmetric and bivariate)
between EEG signals. The proposed method draws from an earlier work on organotypic cortex slices (in vitro)
and in microelectrode arrays implanted in the monkey cortex, which shows that local field potentials are able to
propagate across the cortex without distortion to their shape when they exceed a certain amplitude threshold?!.
These clusters of high-amplitude potentials of highly correlated waveforms have been called coherence potentials
(CPs). This suggests that the structure of these high amplitude potentials may carry information that is more
pertinent to task processing than the entirety of the signal. As a preliminary demonstration of this possibility,
studies in human electrocorticography (ECoG) have shown that CP of a particular waveform originating in the
finger representation area of the cortex predict the reaction time on a fist clenching task??. Here we show that
coherence potentials, defined as clusters of high amplitude correlated waveforms exist in EEG despite volume
conduction of the skull, and characterize connectivity based on their spatiotemporal structure to see if they carry
meaningful information about task conditions. We define novel connectivity measures based on various features
derived from CPs.

We used four task conditions - resting eyes closed (EC), resting eyes open (EO), performance of a working
memory (WM) task and performance of a Raven’s progressive matrix pattern completion (PC) task. Since our
metric is bivariate and symmetric, we contrast these coherence potentials connectivity measures with other
bivariate and symmetric estimations of connectivity that utilize aspects of the entire signal or specific spectral
components of the signal, such as absolute coherence (absCoh), phase locking value (PLV), imaginary part of
coherence (imCoh) or mutual information (MI), demonstrating a relatively better ability to distinguish among
these tasks. Fundamentally this method contrasts to other methods in that it assumes that it is the waveform
shape of high amplitude periods that represent the important component of the signal for information transfer
rather than a particular spectral component or characteristic.

Materials and methods

Ethical statement

This study was approved by the Health Media IRB (USA, OHRP IRB #00001211) and Sigma-IRB (India) and
this study is conducted in accordance with Title 45, the code of federal regulations, sub-part A of NIH (USA),
and Indian Independent Ethics Committee requirements. All the participants provided the informed consent.

Experimental conditions and EEG data acquisition

We used EEG data recorded from 25 subjects for 3 minutes under four different experimental conditions
1) Eyes Closed (EC) 2) Eyes Open (EO) 3) Pattern Completion (PC) and 4) Working Memory (WM). For the
EC condition, the participants were instructed to relax with eyes closed. For the EO condition, the participants
were instructed to have their eyes open and look at images on a laptop screen. The WM task involved iteratively
retracing a pattern on a grid starting with a three dot pattern which increased in difficulty until the subject failed.
The PC task utilized a Raven’s progressive matrix which consisted of five questions related to pattern recognition,
each in order of increasing difficulty and was administered using paper and pencil®. The EEG data recorded
ranged from 2.5 to 3 minutes for each of the tasks.

EEG recordings were performed using the the Emotiv EPOC system with channels AF3, AF4, F3, F4, F7,
F8, FC5, FC6, T7, T8, P7, P8, Ol and O2. The EEG signals were high-pass-filtered with a 0.16 Hz cutoff, pre-
amplified, and low-pass-filtered at an 83 Hz cutoff. The analog signals were then digitized at 2048 Hz and
filtered using a 5th-order sinc notch filter (50 and 60 Hz) before being down-sampled to 128 Hz (company
communication). We further low-pass filtered the EEG signals to 40 Hz for further analysis.

23,24 _

Connectivity measures based on coherence potentials

Extraction of events

Periods of deflections from the baseline where the peak exceeded a threshold were extracted as events. For
each subject, this threshold was chosen to be two times the average standard deviation (¢) of EEG data (across
14 electrodes) from the baseline in the EC condition, which is used as the reference condition. The value
20 represents a threshold where events are not likely to be noise and are in the range of thresholds where
coherence potential activity has been shown in LFPs and ECOG?!?2. In contrast to local field potentials recorded
from cortex, where negative periods of large amplitudes dominate?’, in scalp EEG both positive and negative
deflections are generally equivalent. Thus, for each EEG electrode, both positive and negative periods of signal
deflections exceeding the threshold were extracted. Figure 1 (a) shows an example of EEG data from two
electrodes (F3 and FC5) with periods of positive and negative deflections that cross the threshold (£2¢). Four
large amplitude negative deflections are detected on FC3 and FC5 while one large amplitude positive deflection
is detected on FC3.

Correlation as a measure of event similarity
Figure 1 (b) show the steps involved in computing the correlation between two events (positive or negative)
crossing the threshold, which serves as a measure of the similarity of the waveform shape. The waveform
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Fig. 1. Illustration of event extraction and computation of event similarity from EEG signals. (a) Example of
two EEG signals from channels F3 and FC5. The threshold of 25 is shown as a dotted horizontal line. Nine
events that include both negative and positive deflections are detected on the two channels based on this
threshold. (b) shows correlation computed between two negative events F3; and FC5] and between positive
and negative events 3} and FC5; . Note that in the sign of event F3] is flipped before computing the
correlation. (c) The correlation matrix derived from nine events shown in (a). (d) Dendrogram showing the
events partioned into four clusters for a distance threshold of 0.3

similarity between two events is computed using a simple correlation metric after aligning the peaks of the two
signals (vertical dashed lines) as shown in 1 (b). Where the events are of different lengths to the left and right
of the peak, the signal period equivalent to the longer event is used. Figure 1 (b) also shows a scenario where
correlation is computed to estimate the similarity between a positive and a negative deflection (F3} and FC5;
). In this case, before calculating the correlation the sign of one of the waveforms is flipped so that only the
similarity in the waveform shape is considered, discarding the sign of deflection. Given that there are M such
events ( i.e.Mpositive or negative deflections crossing 25) across all the electrodes, we form a correlation matrix
R € RM*M For the purpose of visualization,a 9 x 9 correlation matrix containing similarity between the nine
signal deflections is shown in Figure 1 (c).

Hierarchical clustering
After computing the correlation matrix R, we clustered the events using agglomerative hierarchical clustering?®
based on a distance matrix defined as,

D=I-R 1)

where I is a M x M identity matrix, with M representing the total number of events occurring on all the
electrodes. Thus the distance value for each entry in the matrix is expressed as one minus the correlation
coefficient. We used the average linkage method to calculate the distance between the clusters as the average
linkage method had the highest cophenetic correlation compared to other linkage methods. We then varied the
distance threshold between 0.1 to 0.8 in steps of 0.1 to visualize behavior at different thresholds. In the example
shown in Figure 1, after obtaining the correlation matrix for 9 events (Figure 1 (c)), hierarchical clustering at a
distance threshold of 0.3 results in four clusters represented by three colors (green,red, blue and black) as shown
in Figure 1 (d).

Connectivity measures
We define the following connectivity measures between each pair of electrodes within each event cluster of CPs,

1. Mean inter-event interval, C P,
2. Maximum inter-event interval, C P;.

max
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3. Minimum inter-event interval, C P,
4. Connection frequency, C' P

min

The measures CP-,C' Py, .. and CP;, . arebased on the event peak times. If there are IV; , and N ;, events on
electrodes i and j in cluster p, then the inter event interval between electrodes i and j in cluster p is computed as,

1 Nip Njp
Pyp=——— ti — 3 2
CFre Ni,pNj,p Z Z | ‘ ! ‘ ( )

n=1m=1

max

where ;" and t7 are the peak times (in seconds) of events m and n on electrodes i and j respectively.
The mean interaction measure C'P; between electrodes i and j is given as,

Pl
1
CP: =& Z CP,» 3)
p=1

where P is the total number of clusters and P’ be the number of clusters clusters that contain events from
electrodes i and j, i.e., P’ C P. Similarly, for cluster p we compute CP.»  and CPp as,
m=1,---,Ni,p,

CP,» =min< |t;" —t; | 1 N (4)
min =1,---,Njp

T

CPr» —=maxq |t =1 ] ne1. N, (5)
] » 2V LP

Similar to C P, to compute C' P,
from electrodes i and j,

and C P74, We take the mean over all the P clusters which contain events

min

p’
1
CPT'm'in = ﬁ CPT_,ZZ”.” (6)
p=1
1 <
CProes = 7 > CPrp,, @)
p=1

To compute the connection frequency we first define the measure C'Py» between two electrodes in a cluster p
based on the possible number of connections as,

CPy = Niypij (8)

where N; , and Nj,, are the total number of events detected on channels i and j in cluster p. Here, CPy»
ij

represents the possible connections between all events on electrodes i and j in cluster p. If within a given cluster
p> events from electrodes i and j do not co-occur, then we set CPy» = 0
ij

If there are a total of P clusters, the number of connections between electrodes i and j is given by the CP
metric,

P

1

CPy = NN E:ICPAP 9)
=

where N; and N; are the total number of events detected on channels i and j. The term N; N; in the denominator
normalizes C'Pj to values in the range of 0 and 1.

Simulations

In order to test the proposed CP-based metrics, we used a network of three neural mass models to simulate EEG
data (7" = 15 seconds). Figure 2 (a) shows the simulated model where source x1 and x> interact with a delay of
3 seconds, while 3 is non-interacting. The ordinary differential equations describing each source using a neural
mass model?” are provided in the Supplementary material, and the parameters are set as given in?’. To investigate
the effect of noise and the threshold for event detection on the performance of the CP-based metrics we set SNR
t0 0.5, 1, 2 and 3 while the event-detection thresholds were set to +1.55, =25, £2.50 and £307. The simulated
signals at various SNR are shown in Figure 2 (b)
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Fig. 2. Simulation of EEG signals using neural mass models. (a) Interaction structure between the signals. (b)
Simulated EEG signals using three neural mass models at various SNR.

Computation of other functional connectivity metrics

For the same EEG records, we computed the commonly used spectral-based functional connectivity metrics
of phase locking value, absolute and imaginary coherence as well as mutual information. The spectral-based
connectivity matrices were extracted for § (0.5 to 4 Hz), 6 (4 to 8 Hz), « (8 to 13 Hz) and (13 to 30 Hz) bands.

Spectral-based measures

The cross-spectral density matrix was computed from the EEG signals to estimate the absolute and imaginary
part of coherency. The coherency measure C(f) between two EEG signals from electrodes i and j was calculated
as,

S(f
c =T
= TEhso) (10

where the cross-spectral density S(f) describes the cross-correlation between a pair of electrodes (zero-mean and
unit variance) in the frequency domain (at frequency f), while S;(f) and S;(f) refer to the individual power
spectra for signals from electrode i and j. Based on C(f), absolute coherency (absCoh) and imaginary part of
coherency (imCoh)!? are defined as |C'(f)| and S{C(f)} respectively.

The PLV between two EEG signals from electrodes i and j was calculated as,

T
T71 Z eiAqS(t)
t=1

where Ap(t) = ¢i(t) — ¢;(t),and ¢;(t), ¢;(t) are the instantaneous phase angles obtained using the analytical
signal® and T is the to number of time samples. To obtain the analytical signal, we convolved the EEG signals
with Morlet wavelets?®.

PLV & (11)

Mutual information

The amount of information one random variable X provides about another random variable Y can be quantified
using the information-theoretic measure MI or mutual information. Given two discrete random variables, MI
is computed as

MI = Z Zp(fc,y) log (;&g}l(/;)) (12)

zeX yey

where p(x, y) is the joint probability density function (PDF) of X and Y, and p(x) and p(y) are the marginal
PDFs. If two random variables are independent, then the mutual information is zero. In general, the strength of
interaction between two random variables is defined by the value of MI. In this case, the two random variables
represent the EEG signals from two electrodes. In this work we used the Kraskov-Stogbauer-Grassberger (KSG)
estimator approach to calculate MI as the KSG estimator performed the best in distinguishing between EEG
tasks in this study compared to other estimators of MI.
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Statistical analysis

We conducted statistical analysis in three different ways, which we refer to as TEST 1, TEST 2 and TEST 3 in
the article to asses the ability of the newly proposed connectivity measures based on coherence potentials to
distinguish between different tasks, and to corrépare them with other functional connectivity metrics (absCoh,
imCoh, PLV and MI). We define K;* and K/ as the upper triangle of a symmetric connectivity matrix for
subject i for tasks A and B, computed using CPs or other connectivity methods used in this study. We performed
permutation testing using the three approaches described below and in all cases we corrected for multiple
comparisons using the Bonferroni-Holm method.

TEST I: Group-level analysis

We computed the mean of the pairwise connectivity values, which in our case amounts to 91 pairwise
connectivity values, (considering the upper triangle of symmetric 14 x 14 connectivity matrix and excluding
the diagonals) across each the subjects (N = 25) for each task. In Figure 3 this is denoted as K and K Z for any
two tasks A and B. To test the null hypothesis that the functional connectivity matrices are not different between
the two tasks, permutation testing was conducted to generate the null distribution using 5000 permutations. The
difference in distance between the cumulative distribution functions (CDFs) of the pairwise connectivity values
for the two tasks was used as the test statistic in permutation testing for comparing task pairs.

TEST 2: Group-level analysis
For this group-level analysis, we computed the mean of pairwise connectivity values (= 91) for each

subject and task. For any two tasks A and B, this results in two vectors kA = [Ef k3 - E%] " and

kP = [l_ﬁB kZ - 152%] " as shown in Figure 3. Again, to test the null hypothesis that the functional

connectivity matrices for the two tasks A and B are not different, permutations testing was conducted using
5000 permutations. The difference in means of k* and k” was used as the test statistic for permutation testing.

TEST 3: Subject-level analysis

In subject-level analgsis, the null hypothesis that the difference between pairwise connectivity values
K# € R% and K € R%*! for an individual subject i is not different between any two tasks A and B.
Permutation testing with 5000 permutations was used to test for significance in connectivity matrices between
two tasks for each subject. The percentage of subjects that reject the null hypothesis is then reported.

Results

Coherence potentials follow a power law distribution in EEG

Coherence potentials are events with similarly shaped waveforms that occur across multiple electrodes and
are identified here by clustering based on a correlation based distance metric that compares the shape of the
waveform of each pair of events. The choice of a distance threshold is thus an important parameter in the
definition of coherence potentials.

To see how clusters changed with the threshold of this distance metric we first looked at the relationship
between the number of clusters and cluster size (i.e., number of events in a cluster) for different cluster
thresholds. For all the tasks, pooled across all the subjects, the resulting cluster size distribution could be well
fit by a power-law distribution for cluster thresholds 0.1, 0.3 and 0.5, with the number of clusters decreasing
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Fig. 3. Statistical testing approaches to analyze group-level difference between a pair of tasks. (a) TEST

1 - Mean pairwise connectivity values across 25 subjects is computed for each task (show in red box) and a
permutation test is used to assess the difference between the two tasks. (b) TEST 2 - Pairwise connectivity
values are averaged to obtain a single connectivity value per subject for each task (shown in red box).
Permutation testing is used to asses the difference between two tasks.
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linearly with larger event clusters on a logarithmic scale (Figure 4 (a) - (d) for tasks EC, EO, PC and WM). The
slope of the distribution was steeper as the cluster threshold decreased with a power-law exponent «, averaged
across EC,EQO,PC and WM, of —2.32 £+ 0.07, —1.49 = 0.09 and —1.27 £ 0.12 for cluster thresholds 0.1, 0.3
and 0.5 respectively with goodness of fit ranging between 0.95 and 0.99). The power law distribution suggests
scale free behavior and the exponent of ~ 1.5 at cluster threshold 0.3 aligns with the avalanche statistics of
coherence potentials identified in both rats and monkeys?""?2, and is associated with the concept of criticality?**.
We thus used 0.3 as the threshold going forward where coherence potentials are defined as clusters arising at this
threshold of similarity of waveform shape.

We note that for the higher clustering threshold of 0.8 (corresponding to a lower threshold of similarity),
the majority of events (=~ 95%) were within a single cluster and thus the behaviour was not explained well by
the power-law fit (the goodness of fit for power-law fit ranged between 0.4 — 0.6 with exponent —0.1 £ 0.08).

The relationship between the number of events in a cluster and the number of clusters did not change
qualitatively when analyzed for different event detection thresholds - +15, £25, £36 and £46. Supplementary
Figure S1 shows that for a given clustering threshold (= 0.3), as the event detection threshold increases, the
number of clusters decrease as expected, but the relation between cluster size and number of cluster continues
to follow a power-law distribution.

From the simulation results (See supplementary figures S7-510) we can see that at event detection threshold
of £1.50, in addition to the true interaction between x1 and x2, connectivity between x3, other sources are
detected as well. However for thresholds >= %20 the correct interaction structure is recovered with the average
inter-event interval C'P; approaching 3 seconds (ground truth) as the singnal to noise ratio (SNR) increases.
Similar results were obtained from other CP-based connectivity metrics - C Py, .., CPr, ;. and C P\ where we
observed the recovery of true interaction structure from thresholds >= +2¢.
Coherence potential characteristics differ across tasks
For coherence potentials to carry information their characteristics must vary across tasks. Here we show that the
cluster size distribution varied significantly across tasks in the tails. Altogether clusters with large event sizes of
50 or more were most dominant across subjects when performing the PC task while few subjects had such large
events when performing the WM task (Figure 5 (a)). EC and EO were in between, with EO more similar to the
PC task. Given that these recordings are carried out with 14 channel EEG devices, this indicates that the same
waveform shape recurs many more times on the same sets of electrodes over the course of the PC task compared
to the WM task.

In addition to the event size, for each pair of electrodes i and j we looked at the inter-event interval C' P ,
and averaged across all pairs of electrodes for each subject which is referred to as C'P,. Overall the inter-event
intervals were significantly shorter when subjects were performing the WM task compared to all other tasks and
longest when performing the PC task. Figure 5 (b) shows that the WM task has a higher percentage of subjects
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Fig. 4. Cluster size distributions for tasks EC, EO, PC and WM (a-d) at various clustering thresholds showing
the relation between number of events in cluster (i.e. cluster size) and the number of clusters.
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Fig. 5. Number of subjects with different event sizes (a) and inter-event interval (b) for EC, EO, PC and WM
tasks. Here C'Pr here refers to the mean of C'P-;; (See Equation 3) across all electrode pairs for each subject.

with a mean 7 between 10 and 40 s while mean C'P. in the range of 50-60 seconds was most prominent for PC
followed by the EO task.

Coherence potential based connectivity measures distinguish more robustly between tasks
across statistical tests

Group-level analysis: TEST 1

Figure 6 (a-d) shows the cumulative distribution function (CDF) of pairwise CP connectivity measures - C'Pr
, CPr,0n» CPr, . and C'Py, averaged across 25 subjects as described in Section 2.6 and Figure 3(a). The
results presented here use the threshold of +25 for event detection. However, varying the threshold from +16
to £40 could still distinguish between the tasks demonstrating its robustness with respect to this thresholding
parameter. The results for CP-based metrics for various thresholds tested are shown in Supplementary Figures
S2-S5.

For the WM task, electrode pairs occurring within clusters or coherence potentials had lower (C'P; ranging
between 20 and 30 seconds, with mean 31.4 4 4.8 seconds), whereas for the PC task the electrode pairs have
longer C'P; (ranging between 40 and 60 seconds, with mean 48.8 &= 5.5 seconds) as shown in Figure 6 (a) .
The C P; values for EC (mean - 42.4 4 4.1 seconds) and EO (mean 44.8 4 4.3 seconds) tasks were distributed
between the WM and PC tasks.

We similarly calculated C'Py defined as the number of times they co-occurred within a cluster or coherence
potential, for each pair of electrodes and plotted its CDF (See Figure 6 (b)). For the WM task, pairs of electrodes
had much higher C'Py,; (mean 0.26 + 0.04) compared to other tasks followed by EC (mean 0.22 4 0.03), PC
(mean 0.16 4 0.04) and EO (mean 0.14 4= 0.04 ) tasks. For the PC task, the CDF of C' Py was similar to the
EO task but with higher values. In case of both C'P; and C Py, the difference between the CDFs of EC, EO, PC
and WM was statistically significant based on two-sample permutation testing of the difference in Kolmogorov-
Smirnov statistic between the CDFs with multiple comparisons corrected using the Bonferroni-Holm method.

In the case of C P, (Figure 6(b)), except for the difference between EC (mean 79.9 &+ 6.8 seconds) and
EO (mean 79.7 & 6.4 seconds), and in the case of C'P-, ;  (Figure 6(c)) except for the difference between EO
(mean 17.4 £ 4.3 seconds) and PC (mean 17.9 &= 4.7 seconds), statistically significant differences were found
between the CDFs for all other task pairs. Similar to C'Pr, we observed WM task had lower CPr,; .. (mean
58.9 & 7.8 seconds) and CPr,; .., (mean 10.4 & 3.4 seconds) compared to other tasks, while for the PC task
higher values were observed (C'P-,,,, with mean 89.5 4- 9.02 seconds and C'P;,,,,, with mean 17.9 4 4.7
seconds).

In Figure 7 we show a spatial visualization of the coherence potential characteristics (averaged over 25
subjects for each of the tasks - EC, EO, PC and WM). Here the line thickness between electrodes represents the
connection frequency C Py while the color represents the inter-event interval C' P- between the electrodes i and
j> both averaged across subjects. This visualization shows a clear global increase in connection frequency in the
EC task versus EO. It also shows that the WM task is characterized by higher connection frequencies and lower
inter-event intervals (indicating faster speed) across all electrode pairs compared to all other tasks. In contrast
the PC task is characterized by higher inter-event intervals (indicating slower speeds) particularly in contrast to
the WM, and high connection frequencies only at select pairs of electrodes. Altogether this shows that each task
is associated with distinct global spatiotemporal characteristics of coherence potentials.
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Fig. 6. CDF plots for group level comparison with TEST 1 for all the tasks - EC, EO, PC and WM. (a-d) The
CDFs are plotted by averaging the CP connectivity measures over all subjects for each electrode pair and the
distribution is plotted over all the electrode pairs (91 pairs as there are 14 electrodes and the CP connectivity
measures are symmetric).

Fig. 7. Network plot with electrodes as the nodes and edge color represented by inter-event interval (C P-
) and thickness by connection frequency (C Py). Both these are averaged over 25 subjects in the network plot
(See TEST 1). The colorbar represents C' P in seconds.

We next looked at how various other methods of estimating functional connectivity were able to distinguish
between the different tasks using group-level analysis TEST 1. As in the case of CP metrics shown above, we
performed permutation testing using the Kolmogorov-Smirnov distance statistic to test for statistical significance
between the CDFs of various tasks with multiple comparisons corrected using the Bonferroni-Holm method.

Figure 8 shows the empirical CDF across electrode pairs, averaged over 25 subjects, for absCoh, imCoh, PLV
and MI. Here the spectral connectivity metrics are shown only for the o band. Figures for results in the other
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Fig. 8. CDFs of other connectivity measures for group-analysis using TEST1. (a) Absolute coherence, (b)
Imaginary part of coherence, (c) Phase locking value and (d) Mutual information for all the four conditions
- EC, EO, PC and WM. The measures for each pair were averaged across all the subjects and, averages for the
CDF over all possible electrode pairs (14 electrode, 91 pairs) are plotted. For the spectral-based connectivity
measures (a-c) only results from the a-band are plotted.

frequency bands are shown in Supplementary Figure S6. Among the spectral-based connectivity metrics absCoh
showed statistically significant differences between the CDFs of EC and EO and EC and PC tasks in the §, 6 and
o bands (o band shown in Figure 8 (a)). Phase locking value showed statistically significant differences between
the CDFs of EC and PC tasks in the 6, & and 3 bands (Figure 8 (c)) The CDFs between EO and PC, and EO and
WM, and EC and WM were not found to be statistically significant after correcting for multiple comparisons
for any of the spectral connectivity metrics, in any of the frequency bands. In case of mutual information (see
Figure 8 (d)), statistically significant differences were found between the CDFs of all task pairs except between
the EO and WM tasks.

All the p-values obtained from permutation tests comparing the tasks using group-level analysis TEST 1 are
reported in Supplementary Table S1 for the CP connectivity measures and other connectivity measures used in
this work.

Group-level analysis: TEST 2
Next, we quantified the statistical significance between each pair of tasks at group-level by computing the mean
of pairwise functional connectivity metrics for each subject as described in Section 2.6 and illustrated in Fig. 3.
Table 1 shows the p-values obtained via permutation testing of the difference in means between each pair of
tasks for 25 subjects using CP connectivity measures and other connectivity measures. Significant p-values, after
correcting for multiple comparisons with the Bonferroni-Holm method are in bold. In case of spectral-based
connectivity measures, we show the results only in the o band. We can see that among the CP connectivity
measures C' P (i.e., mean of C'P,, across all channel pairs) distinguishes between EO and WM and PC and WM
,while CP,,, .. distinguishes between EC and WM, EO and WM and PC and WM, and C' P, . distinguishes
between PC and WM. The CP connectivity measure C'Px does not distinguish between any tasks at a group
level. Furthermore, CP-based measures also failed to distinguish between EC and EO, and EC and PC, and EO
and PC after correcting for multiple comparisons. L

In contrast, both the spectral-based connectivity measures - absCoh, imCoh and PLV, and M I , which
are the means of the pairwise connectivity values for each subject, were not able to distinguish between any task
pairs at group level using TEST 2. In case of spectral-based methods, statistically significant differences were not
found in the any of the frequency bands tested. Thus, only results for the o band are reported here.

Overall, our results demonstrate that only CP connectivity measures are collectively able to distinguish
between certain task pairs (PC and WM, EO and WM and EC and WM) at a group level when mean pairwise
connectivity values are used as statistic to discriminate between the tasks.
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CP, 0.51 0.04 0.01 0.02 0.002 3e-5
CP. .. 0.25 0.02 0.21 0.42 0.02 0.006
CPrpon 0.41 0.37 0.01 0.03 1.2e-4 | 1.34e-5
CPa 0.04 0.33 0.39 0.43 0.02 0.2
PLV (a-band) 0.44 0.23 0.63 0.70 0.75 0.47
‘absCoh (a-band) |0.10 0.10 0.21 0.86 0.45 0.37
imCoh (a-band) |0.27 0.054 | 0.75 0.38 0.46 0.11
MI 0.73 0.29 0.57 0.55 0.87 0.61

Table 1. Results from group-level analysis using TEST 2 for the connectivity measures. For each subject a
mean of the pairwise connectivity values was obtained for each task. The p-values were then obtained using
a permutation test comparing two different tasks across all the subjects. Significant p-values obtained after
correcting for multiple comparisons using the Bonferroni-Holm method are in bold.

Percentage of subjects (N=25) with significant difference
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Fig. 9. Comparison of subject-level permutation test results for the proposed CP connectivity measures with
spectral-based connectivity metrics (-band) and mutual information using TEST 3. The color corresponds
to the percentage of subjects with significant difference after correcting for multiple comparisons using the
Bonferroni-Holm method.

Subject-level analysis: TEST 3

Our results from the subject-level analysis (TEST 3) depicted in Figure 9 show that CP based connectivity
measures perform better in the aggregate across all task pairs with the most robust results between WM and
both the EC and PC tasks (EC-WM : 80% and 76% for C P; and C Py ;nax respectively, and PC-WM : 80%
of the subjects for C'Pr) while all other connectivity measures performed substantially worse. We also observe
that absCoh performed the best among the other connectivity measures, comparable to CP measures C Pr max
and C'P- in distinguishing between EC and PC tasks (72% for absCoh vs 76% for C Pr yaz and 80% for C'Py).
All the connectivity metrics performed worst in distinguishing between EO and PC with MI performing almost
as well as CP measures (52% for MI vs 60% for C Pr ). Overall imCoh performed the worst among the
connectivity measures with no case above 16%. For the spectral-based measures only results from the o band is
shown as the a band outperformed other bands for the majority of task pairs. The exceptions were the § and §
bands for imCoh and absCoh for EC-WM task comparisons. Results from other frequency bands are compiled
and shown in Supplementary Table S2.

Discussion

In this work, we have described a new method for estimating functional connectivity from EEG that utilizes the
concept of coherence potentials or CPs, which are defined as large amplitude deflections (relative to baseline)
that are clustered based on similarity of waveform shape. We derived the following novel connectivity metrics
based on CP : 1) inter-event interval between the peaks of waveforms occurring on each electrode pair C P-
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,CPr,... and CP: . that describes the temporal aspect of connectivity and 2) frequency of co-occurence of
electrode pairs, normalized between 0 and 1, within CP, C'P,, that describe the spatial aspect of connectivity.

We demonstrate that our proposed metrics differ significantly between each of four task conditions - EO,
EC, PC and WM, and perform consistently better than other commonly used functional connectivity metrics
of absCoh, imCoh, PLV and MI in distinguishing between task conditions when tested using both group-level
and subject-level analysis.

Altogether these metrics provide a novel perspective on the nature of connectivity in the brain. Based on
clusters of similar waveforms, they suggest the binding of regions with distinct structurally complex patterns of
activity with spatiotemporal characteristics that are task dependent.

Coherence potentials in the EEG

The phenomenon of CPs has been observed using local field potentials in in vitro organotypic slice cultures?,
cortex of awake monkeys?! recorded using microelectrode arrays, and electrocorticography recordings in
humans performing a visuomotor task?’. It has been previously demonstrated that CPs propagate without
distortion at other cortex sites with timescales in the range of tens of milliseconds for microelectrode arrays?!
and hundreds of milliseconds for electrocorticography recordings??. Furthermore, the size distribution of CPs
mirrors the power-law distribution?! of neuronal avalanches?>?°.

Despite having a much lower spatial resolution and more pronounced volume conduction effects compared
to microelectrode arrays and ECoG recordings, we observed spatiotemporal patterns of coherence potentials in
EEG recordings as well. However, the timescale within the CPs (measured in terms of inter-event intervals across
clusters) ranged from a few seconds to approximately 60 seconds across the tasks. One possible explanation
for these longer timescales is that only the largest and longest-lasting cascades of CPs appeared at other EEG
electrode sites without distortion due to volume conduction.

We observed a power-law like relation between the size of clusters and number of clusters, which have been
previously observed for coherence potentials in human ECoG recordings?. Specifically for cluster threshold 0.3,
the exponent was &~ —1.5 which is characteristic of neuronal networks operating at criticality’'~**, optimizing
for information processing in neuronal networks*!. We therefore use a clustering threshold of 0.3 for all the
analysis. However, despite a broadly power-law like behaviour for the cluster size distribution, there were key
differences in the tail for all the tasks, with the WM task characterized by fewer large clusters of 30 or more
events (i.e. large coherence potentials) compared to other tasks, while the PC task had many more large clusters
in the range of 50 to 100 events per cluster for & 60% of the subjects (Figure 5 (a)).

Comparison of coherence potential metrics to other metrics of functional connectivity

While testing for significant differences between tasks using different levels of statistical testing - 1) a group-level
test averaged across subjects (TEST 1), 2) a group-level test with one mean connectivity value per subject (TEST
2) and 3) a subject-level test comparing betwen tasks per subject using pairwise connectivity values (TEST 3), we
found that CP-based connectivity metrics were consistently able to distinguish between different tasks compared
to other functional connectivity metrics.

CP-based metrics outperform other functional connectivity metrics using group-level TEST 1, effectively
distinguishing between all task pairs. Only MI gave results comparable to CP connectivity measures, failing to
distinguish only between EO and WM tasks. However it is to be noted here that results from MI depended on the
methods used to estimate it. The results presented here are from KSG-based estimation of MI, while k-nearest
neighbor-based implementation of MI could not distinguish between any of the tasks.

While the CP connectivity measures distinguished robustly between task conditions compared to other
metrics, they were directionally similar and consistent with results from other metrics shown here. The proposed
CP connectivity measure C'Py was significantly higher in EC task compared to EO, as were MI, absCOh and
PLV when analyzed at the group-level by averaging across the subjects (TEST 1). These results are also consistent
with previous EEG studies which have shown increased connectivity during EC compared to EO using
nonlinear measures such as synchronization likelihood'?, transfer entropy®® and multivariate transfer entropy,
particularly in the o band, which is also referred to as o desynchronization. This was also demonstrated using
intracranial EEG with PLV and phase lag index as connectivity measures in®’. Also, using functional MRI, Han
and colleagues®® showed that there is increased connectivity during EC compared to EO task. Furthermore,
several studies using resting state data from the human connectome project have been studied with fMRI and
MEG*-*2 and have demonstrated the existence of spontaneous functional connectivity among distributed brain
regions**. Thus, the characterization of synchronization strength between EEG signals by C Py, is consistent with
other functional connectivity metrics reported above.

Similarly, CP-based measures show both increased connection frequency C' Py and lower inter-event interval
CPr in WM compared to the tasks EC and EO at group level (TEST 1), which is consistent with previous
studies using other functional connectivity metrics. These include EEG studies which have shown increased
synchronization levels in a visual WM task using synchronization entropy compared to resting EC*, and in
a different WM task (delayed response visual and visuo-spatial task) using absCoh compared to resting EO in
humans®. In®, increased synchronization was also observed during a WM task (delayed matching-to-sample
task) using intracranial EEG in monkeys using the measure PLV compared to eyes open task. However, in our
work we observed group-level difference (TEST 1) between WM and EC using absCoh, PLV in the §, 6 and o
bands and MI, but we did not observe any group-level difference between EO and WM task using these metrics.
Since EC condition has a strong oscillatory component, we hypothesize that it was easier for other functional
connectivity metrics to distinguish between EC and other tasks. Furthermore different experimental design of
WM task could have contributed to the differences between WM and EO in*>6. This further demonstrates that
CP connectivity measures can robustly distinguish between tasks that do not differ only due to strong oscillatory
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component and also using only one trial. Following a similar trend, when we did the subject-level analysis,
again the spectral-based measures generally showed good performance in distinguishing between EC and other
conditions, while the performance became relatively worse when distinguishing between EO condition and PC
or WM tasks and between PC and WM tasks. Interestingly only MI gave close to a comparable performance to
CP-based metric at group-level using TEST 1 and at subject-level(TEST 3) only giving poor performance for EO
vs WM. We hypothesize the reason for such comparable performance between these two methods could be due
to no inherent assumptions about the nature of interaction (linear or non-linear) unlike spectral-based measures
that assume linear interaction.

When tested at group-level by collapsing the pairwise connectivity values to a single number using the mean
value (TEST 2), none of the other connectivity metrics could distinguish between the tasks, whereas three CP-
based metrics - CPr, CPr,,,, and CP;, . could collectively distinguish between EC-WM, EO-WM and PC-
WM tasks. The results from both the group-level analyses imply that these CP-based metrics can capture certain
aspects of connectivity difference between cognitive tasks that are not limited by the number of trials and does
not require a priori hypothesis on the specific frequency bands where interaction of relevance might happen.
Furthermore, CP-based metrics are also able to distinguish between certain cognitive tasks when the pairwise
connectivity values are collapsed into a single number (e.g., mean) which other functional connectivity metrics
failed to do. This implies that CP-metrics are able to better characterize certain global aspects of connectivity
networks (such as mean value) which are task dependent. However none of the CP-based metrics or other
connectivity metrics could distinguish between EC-EO, EC-PC and EO-PC when the connectivity values were
collapsed to a single number. This indicates that distinguishing between these tasks require more information
from all the electrodes, which we observed in the results from (TEST 1) where CP-based metrics again
outperformed other connectivity metrics when all pairwise connectivity values were considered.

We also note that among the spectral-based connectivity methods we tested, imCoh generally showed poor
performance at both the group level and subject level in distinguishing between tasks. Some possible reasons
are that although imCoh has been demonstrated to avoid spurious connectivity due to volume conduction by
neglecting the real part, this also effectively ignores true connectivity that occur at 0 or 7 radians*’. Furthermore,
in*® it was shown that the imaginary part of coherence can be affected by volume conduction and noise due to
the way it is normalized.

Opverall, these results imply that CP-based connectivity metrics capture spatio-temporal fingerprints in EEG
signals which vary under different task conditions and may not have a specific frequency of interaction.

max

Insights into brain connectivity based on CP differences between tasks

Differences in CP metrics between tasks that are of greater magnitude and statistical significance compared to
traditional metrics suggests that not all activity is equal and that these embedded structures (i.e. CPs) are more
informative of task activity or brain state. As CPs are based on similarity of complex waveform shapes, these
results also suggest a specific binding of regions with distinct structurally complex patterns of activity rather
than simply at specific frequencies. In addition, differences in the spatial and temporal characteristics of CPs as
captured by the metrics of connection frequency (C'Py) and inter-event intervals or timescales (C'P;) between
tasks, indicate that the spatiotemporal characteristics of binding has significance for the nature of task the brain
is engaged in.

For example, these results provide several novel insights into connectivity differences between resting state
(EC and EO) vs PC and between PC and WM task, that have not been hitherto investigated. WM is characterized
by globally faster and stronger connection frequency compared to all other tasks (i.e. across all channel pairs;
See Figure 5 and 6 (a-b)), which imply overall greater synchronization and shorter time-scales within CPs in the
WM task compared to other tasks. In contrast, the PC task is characterized by high inter-event intervals with
~ 60% of subjects having mean-IEI between 50 and 60 seconds compared to other tasks (See Figure 5 and 6(a-
b)). Furthermore, PC had more variability in connection frequency across channel pairs. Among the other tasks
EO had the weakest connection frequency and EC the strongest. Altogether, the differences among tasks appear
to be global with greater regional specificity in the PC task alone. A possible interpretation of this is that the
WM task requires faster but weaker global cooperation while the PC task involves more regional specificity with
stronger cooperation such that events within coherence potentials may repeat more often on the same electrode.

Altogether understanding the spatiotemporal structure of CPs isolated from the rest of the activity provides
greater information and separability relative to standard measures that utilize the full EEG signal with alternative
approaches.

Volume conduction

In our study we have estimated functional connectivity directly from EEG recordings. Due to the issue of volume
conduction’, several studies have emphasized the importance of estimating functional connectivity in source
space!®1? j.e. estimating functional connectivity between the source signals estimated from EEG recordings™
instead of estimating it directly from the EEG recordings. Thus, we note that interpreting connectivity results
based on sensor-level analysis requires caution as signal mixing due to volume conduction can affect the results.
However as noted in®, estimated source activities are not necessarily independent, with volume conduction
effects still present in them. Furthermore, source estimation involves the complex step of constructing forward
models, which may not be realistic or accurate in terms of tissue anisotropy or conductivity values and may thus
bias the connectivity results®’.

In situations where speed and cost of EEG recordings are key considerations, obtaining functional
connectivity estimates directly from EEG recordings could be the only feasible option. In our case the low
number of EEG electrodes and the unavailability of MR images for the construction of forward models limits the
use of source estimation techniques. Also since we are comparing the functional connectivity measures across
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different experimental tasks, any difference obtained between them cannot be explained by volume conduction
effects as they should impact the functional connectivity measures similarly across all tasks. Nonetheless, the
generality of our proposed approach using coherence potentials would allow estimation connectivity in the
source space as well. Combined with accurate forward models and an orthogonalization approach to limit the
leakage between source signals®?, coherence potential based connectivity estimation in source-space can provide
valuable insights. Finally, although we used only EEG data in this work, it should be straightforward to apply the
proposed algorithm to MEG data as well.

Potential applications of the novel metrics

As demonstrated in this work, given the ability of the proposed coherence potential based metrics to characterize
underlying functional connectivity during different task conditions, a straightforward application of our method
could be in the early detection of neurological disorders that affect various cognitive tasks. Deficits in working
memory have been implicated in mild cognitive impairment, Alzheimer’s and Parkinson’s disease®. In
general, any application that requires discrimination between brain states can be explored with our approach.
For example, detection in changes in brain state as reflected in functional connectivity during anesthesia or
pathological states such as epileptic seizures could be potential applications.

Our results also show interesting shifts in connectivity patterns as cognitive tasks change, for example PC vs
WM. Results regarding such shifts could be explored to build new hypotheses on how global brain connectivity
changes as tasks shift, which are currently lacking.

Finally, compared to classical connectivity metrics (for e.g. spectral-based methods) our approach is
more reliable for computing functional connectivity from scalp-EEG signals. This will increase its utility in
clinical applications and naturalistic settings where often only few electrodes are available and thus estimating
connectivity ins source-space is not possible.

Limitations and future work

We would like to note a few limitations of our study. First, this method cannot be applied to short recordings,
for example such as event-related potentials, but rather requires several minutes of recording to obtain sufficient
events for the CP-based metrics to extract reliable connectivity from EEG data. Second, at lower event detection
thresholds the number of detected events can be very high which can increase the computational cost of the
method in constructing the high-dimensional correlation matrix between events. Third, the use of a baseline-
to-baseline duration may not be optimal, particularly given the non-stationary nature of EEG. While this work
aimed to demonstrate that the concept of coherence potentials can be extended to define a notion of functional
connectivity and show that it is able to distinguish between different task-related EEGs, future work will explore
constructing CP-based metrics in a temporally dynamic fashion.

Data availability
All the data presented in this study from humans will be made available by the corresponding author on request.
An example EEG dataset is made available at https://gitlab.com/narayanps/sci-rep-coherencepotentials.
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