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Cover Letter

Dear Dr Dsouza,

Thank you for the editorial comments. In response to the comments, the following alterations have
been made:

References have been added regarding the use of other measures of relationships between time
series data, such as partial directed coherence and Granger causality, and further references on the
nature of coherence measurements and their use in systems neuroscience have been added.

To clarify the protocol, references to specific scripts and screenshots of the most important
sections of code have been included, and two more focused scripts, NetworkAnalysis_Preprocess
and NetworkAnalysis_FeatureExtraction, have been added to clarify these steps.

Specifically:

Screenshot 1 demonstrates epoching of EEG data

Screenshot 2 and NetworkAnalysis_Preprocess demonstrate the essential preprocessing steps
Screenshot 3 and NetworkAnalysis_Preprocess demonstrate filtering for frequencies of interest
Screenshot 4 and NetworkAnalysis_FeatureExtraction demonstrate calculating channel spectra and
isolating data within individual bands

Screenshot 5 and NetworkAnalysis_FeatureExtraction demonstrate calculating coherence measures
for each electrode pair

Screenshot 6 and produce_plots.r demonstrate mapping derived measures to colour maps &
visualisation; Figures 3 & 4 demonstrate sample outputs

Screenshot 7 demonstrates construction of covariance matrices, performing principal component
analysis and comparing groups based on principal components

Screenshot 8 demonstrates analysis of specific regions of interest by isolating subsets of data
Screenshot 9 demonstrates derivation of a distance metric and use of a clustering algorithm to
identify groups using unsupervised learning techniques

The focus on anatomic region of interest analysis has been changed to analysis of functional regions
of interest to correspond with the demonstration script included. This is outlined in
NetworkAnalysis_Demonstration and screenshot 8.

The axis labels on Figure 4 have been increased as requested.

The use of “&” has been replaced with “and” throughout the text.

We believe that these changes have greatly clarified the protocol and made implementation of the
outlined analyses more straightforward. Thank you for your comments.

All the best,

Daniela Tropea
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21  SUMMARY:
22  Standard EEG analysis techniques offer limited insight into nervous system function. Deriving
23  statistical models of cortical connectivity offers far greater ability to investigate underlying
24 network dynamics. Improved functional assessment opens new possibilities for diagnosis,
25 prognostication, and outcome prediction in nervous system diseases.
26
27  ABSTRACT:
28 Non-invasive electrophysiological recordings are useful for the evaluation of nervous system
29 function. These techniques are inexpensive, fast, replicable, and less resource-intensive than
30  imaging. Further, the functional data produced have excellent temporal resolution, which is not
31  achievable with structural imaging.
32
33  Current applications of electroencephalograms (EEG) are limited by data processing methods.
34  Standard analysis techniques using raw time series data at individual channels are very limited
35 methods of interrogating nervous system activity. More detailed information about cortical
36  function can be achieved by examining relationships between channels and deriving statistical
37  models of how areas are interacting, allowing visualization of connectivity between networks.
38
39  This manuscript describes a method for deriving statistical models of cortical network activity by
40 recording EEG in a standard manner, then examining the interelectrode coherence measures to
41  assess relationships between the recorded areas. Higher order interactions can be further
42  examined by assessing the covariance between the coherence pairs, producing high-dimensional
43  “maps” of network interactions. These data constructs can be examined to assess cortical
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network function and its relationship to pathology in ways not achievable with traditional
techniques.

This approach offers greater sensitivity to network level interactions than is achievable with raw
time series analysis. It is, however, limited by the complexity of drawing specific mechanistic
conclusions about the underlying neural populations and the high volumes of data generated,
requiring more advanced statistical techniques for evaluation, including dimensionality reduction
and classifier-based approaches.

INTRODUCTION:

This method aims to produce statistical maps of cortical networks based on non-invasive
electrode recordings using a clinically viable setup, to allow for investigation of nervous system
pathology, the impact of novel treatments, and the development of novel electrophysiological
biomarkers.

EEG offers great potential for the investigation of nervous system function and disease'?. This
technology is inexpensive, readily available in research and clinical settings, and generally well
tolerated. The simple, non-invasive nature of recordings make clinical use straightforward, and
the existing framework of clinical EEG departments allows for easy access to the technology for
clinicians.

From a technical perspective, EEG offers excellent time domain resolution3. This is of great
importance when investigating nervous system function due to the rapid timescales of nervous
system interactions and network dynamics. While imaging methods such as functional MRI offer
greater spatial resolution and easily interpretable images, they are far more limited in their ability
to interrogate nervous system function on the fine time scales offered by electrophysiological
recordings*>®,

There is a growing need for the ability to interrogate nervous system function to inform diagnosis,
treatment, and prognostication of nervous system diseases. The role of cortical network
dynamics in nervous system pathology is increasingly recognized’. Many pathologies of the
nervous system produce no macroscopic structural lesions visible with traditional imaging, but
the abnormalities produced at the network level may be apparent with appropriate functional
analysis methods.

Unfortunately, current EEG analysis methods are greatly limited in this regard. Traditional
methods involve the analysis of simple time series data from individual electrodes. These signals
represent the summation of field potentials in large cortical areas®8. Analysis of data from
individual channels in isolation using either visual inspection or simple statistical methods limits
the usefulness of these recordings to detecting gross electrophysiological abnormalities in
discrete, individual locations. With the increasing recognition of the importance of network-level
effects to nervous system function and pathology, these simple analysis methods are clearly
deficient in that they will fail to detect subtle relationships between signals, representing
abnormalities in how cortical areas are interacting with one another at the network level.
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A method of deriving statistical maps of cortical network connectivity from low-dimensional
electrode recordings is demonstrated. This method allows investigation of the dynamics of
interactions between varying brain regions in a way that is not possible with traditional analysis
techniques, as well as visualization of these network interactions. This opens the possibility for
non-invasive investigation of network level effects at high time domain resolutions in ways not
previously possible. This method is based on the derivation of measures of interelectrode
coherence®!?, These measures allow the investigation of how two recorded regions are
interacting by evaluating the statistical relationships between the recordings of these areas!?. By
assessing how each recorded area interacts with every other recorded area, a statistical map of
electrophysiological networks within the recorded areas can be made. This allows for the
discovery of functional relationships that are not apparent on evaluation of individual channel
data in isolation.

The focus of this manuscript is on the use of coherence on neural time series. Currently, there
are a number of techniques for investigating the relationships between time series data that can
be applied to channels in a pairwise fashion to derive models of cortical connectivity. Some
methods, such as the related partial directed coherence'®'3, aim to infer the direction of
influence of the pair of signals investigated in order to better characterize the structure of the
underlying networks, while other methods, such as Granger causality’*!>, attempt to infer
functional relationships through the ability of one signal to predict the data in another. Methods
such as these can be applied in similar ways to generate high-dimensional models of cortical
networks. However, the advantages of coherence as a means of investigating relationships
between neural signals lies in its lack of assumptions. It is possible to investigate statistical
relationships between recordings at two sites without making statements about the functional
basis of these relationships and to build up a model of cortical connectivity based purely on
statistical relationships with minimal assumptions about the cortical networks generating these
signals.

Due to the purely mathematical nature of these measures, the relationship between the
coherence measures of electrode recordings at the scalp and the underlying neural activity is
complex'®'’. While these methods allow the derivation of statistical constructs describing
relationships between the electrode recordings for comparison, making direct causal inferences
about the activity of the specific underlying neural populations is not straightforward31617,
These approaches allow for comparison of the network-level activity between groups to identify
potentially useful biomarkers but are limited in terms of drawing specific conclusions regarding
the relationship of these markers to specific neural mechanisms. This is due to the large number
of confounding factors influencing the recorded activity3, as well as issues with estimating the
specific cortical source of electrical signals recorded at the level of the scalp®. Rather, these
approaches can produce statistical models of activity that can be interrogated and compared
between groups to determine that differences exist at the network level'® and can be leveraged
to produce novel biomarkers based on these constructs. However, these methods alone have a
limited capacity to relate the differences seen to specific mechanisms and neural activities due
to the complexity of the underlying system.
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The use of network measures such as coherence is well established in systems neuroscience!®?’,
The full potential of these approaches for modelling and investigating cortical function has been
limited by a lack of exploitation of these high-dimensional data structures. This work
demonstrates that it is possible to apply these measures to EEG channels in a pairwise fashion in
order to map data onto a high-dimensional feature space based purely on the statistical
relationships between the electrical activity in cortical regions. It also demonstrates that, using
modern statistical techniques, it is possible to use the generated models of cortical function to
investigate these models without losing the information gained in the modelling process.

This method is potentially valuable in expanding the scope of applications of existing EEG
technologies, improving the ability to derive useful functional measures without requiring
adaptations to existing recording equipment!®1°, By improving the ability to model cortical
function and interrogate these models, the questions that can be investigated using EEG data are
expanded. This further opens the possibility of greater integration of functional and structural
evaluations for investigation of neurological disease?%?1. This approach, using technology that is
already widely available clinically, would allow investigation of cortical pathologies with both high
temporal and spatial resolution.

PROTOCOL:

The following experimental protocol is in accordance with all local, national, and international
ethics guidelines for human research. The data used to test the protocol have been acquired with
authorization of the Ethical Committee of region Tuscany-protocol 2018SMIA112 SI-RE.

NOTE: The scripts used for implementing the analyses described are available at
https://github.com/conorkeogh/NetworkAnalysis.

1. Raw data collection
1.1. Prepare subject conditions.

1.1.1. To ensure consistency across recordings, conduct all EEG recordings in a dedicated
recording environment. Remove all equipment or stimuli that is not directly relevant to the task
to be performed during recording from the environment to avoid distraction.

NOTE: If resting state recordings are to be performed, remove all sources of distraction from the
room and expose subjects to the recording environment prior to the recording session to remove
novelty from the environment.

1.1.2. Provide the subject with clear instructions regarding the task to be performed. Once the
equipment has been set up, leave the subject alone in the recording environment to get used to
the environment prior to beginning recording to minimize movement and distraction.



176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219

1.1.3. If the subject has intellectual disabilities, allow him/her the necessary time to accustom to
the environment to limit any stress. Sometimes this may require multiple visits and an extended
stay in the recording room.

1.2. Mount the electrodes.

1.2.1. Attach the electrode cap to the patient's head, taking care to ensure correct alignment.
Inject conductive gel into each of the electrode ports, beginning at the scalp and slowly
withdrawing to the cap surface to establish electrical contact with the scale and improve the

signal-to-noise ratio.

1.2.2. Attach electrodes to the electrode cap using a predetermined electrode montage based
on the 10-20 system. Attach appropriate ground electrodes (e.g., to the mastoid processes).

1.3. Set up the EEG.

1.3.1. Connect all electrodes to an electrophysiological recording system. Link the recording
system with an appropriate digital recording environment.

1.3.2. Examine all the recording channels to ensure the offset is within an appropriate range and
to avoid excessive channel noise. If a channel has an excessive offset or noise, additional
conductive gel can be added in order to improve the electrical connection, taking care to avoid

causing bridging between electrode sites.

1.3.3. Instruct the subject that recording has started and to avoid all unnecessary movements.
Conduct a short test recording to verify appropriate recording quality.

1.4. Prepare the behavioral task for recording.

1.4.1. Clarify all the task-related instructions with the subject. Reiterate the importance of
avoiding all unnecessary movements.

1.4.2. Explain that recording will begin on a clearly agreed signal (e.g., a knock on the recording
environment door). Leave the subject in the recording environment. Start recording. Give the

agreed signal to the subject.

1.4.3. Following the completion of the task or period of resting state, stop recording, visually
examine the data to ensure quality, and save the data.

2. Data preprocessing
NOTE: The data preparation and feature extraction pipeline is illustrated in Figure 1.

2.1. Prepare the software.
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2.1.1. Load the EEG data to be analyzed into a data analysis environment. Load any additional
script libraries necessary, such as EEGLab??.

2.2. Convert all recordings to the same data format if necessary, with all channels in their
corresponding locations.

2.2.1. Discard the beginning and end of each recording (e.g., 5 min) to reduce the contamination
of movement artifacts. Split the data into epochs based on task or, if it is a resting state recording,
predetermined duration (e.g., 10 min). See NetworkAnalysis_Demonstration.m (section Feature
Extraction) and Supplementary Figure 1 for a demonstration of implementation.

NOTE: Selection of the epoch length can have important effects on the measures of coherence.
Epochs of a sufficient length should be used to ensure that true relationships between the signals
emerge in the computations to avoid unnoticed artifacts or transient, spurious synchronizations
having an excessive weighting. However, in this work there was no statistically significant
difference in the overall network structure when ten-minute epochs were compared to an
average of ten one-minute epochs following thorough artifact rejection.

2.3. Perform artifact rejection by visually inspecting the epoch data and rejecting visually
unsuitable data.

NOTE: As the modelling technique described relies on the relationships between signals, it is
essential to ensure thorough rejection of artifacts. These can corrupt the channel data, leading
to artificial increases (if the artifact is represented on multiple channels) or decreases (if the
artifact is represented only on some channels) of measures of coherence.

2.3.1. Identify bad channels in the recordings.

2.3.1.1. High pass filter data at 0.5 Hz to remove the baseline drift due to the floating ground of
the acquisition system.

2.3.1.2. Select all channels meeting the appropriate statistical criteria (e.g., those with a standard
deviation greater than three times or less than one third of the average channel standard
deviation).

NOTE: Removing the channels with data that are unlikely to have originated from neural sources
avoids spurious relationships being introduced into the network models.

2.3.1.3. Examine these channels to determine whether they are suitable.
2.3.1.4. Reject the epochs with unsuitable channels if possible. Alternatively, exclude the bad

channels and interpolate the data at these channels (e.g., using EEGLab’s spline interpolation
algorithm).
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NOTE: Interpolation across a large number of channels or with only a small number of recording
channels may generate unsuitable data for analysis. Further, this introduces no new information
into the dataset and can result in artificially high measures of coherence between interpolated
signals and the signals from which they are derived.

2.3.2. Perform the independent component analysis on the remaining epochs (e.g., using
EEGLab’s ICA function). Visually inspect the derived components and reject visually unsuitable
data.

2.3.3. Apply the appropriate statistical thresholds to identify the potential artifacts not
immediately evident on visual inspection (e.g., based on extreme values or abnormal spectra).
Examine these and determine whether rejection is appropriate.

2.3.4. Repeat the independent component analysis and artifact identification on the surviving
epochs.

2.3.5. Identify the data epochs to be saved for further analysis. Discard all the rejected data
epochs. Identify all the epochs to be taken forward for further analysis.

NOTE: Where only one epoch per subject is required, select the first suitable epoch for further
analysis.

2.4. To prepare the data, correct the baseline of the recordings by subtracting the mean of all
channels from the recordings to avoid the impact of baseline wandering during prolonged
recordings. Re-reference all the channels to an appropriate reference (e.g., the ground electrode
or the average of all channels). See NetworkAnalysis_Demonstration.m,
NetworkAnalysis_Preprocess.m, and Supplementary Figure 2 for examples of implementation.

NOTE: Reference selection can have important effects on the network measures. As the
reference data are “subtracted out” of all analyzed channels, any neural data that are
represented on the reference channel will be subtracted out and thus not contribute to the
model generation. It is common practice to use reference signals recorded over bony
prominences without immediately underlying neural structures, such as the mastoid process.
However, these can be corrupted by neural data due to volume conduction effects through the
scalp and therefore distort network measures differentially based on location relative to the
reference. As a result, for resting state data it is best to use an average of all scalp channels as
reference. This means that all data are not referenced relative to a specific spatial location,
distorting measures, because all channels contribute to the reference. This can have effects such
as dampening the apparent overall activity and can distort measures by subtracting out signals
that are very strongly represented on some channels and thus contribute heavily to the average.
This is a greater issue for activity- and event-related signals, but is typically not the case with
resting state data.
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2.4.1. Digitally filter all the channels to isolate frequencies of interest (e.g., 1 Hz—50 Hz). See
NetworkAnalysis_Demonstration.m, NetworkAnalysis_Preprocess.m, and Supplementary Figure
3 for examples of implementation.

NOTE: Ensure the use of appropriate frequency limits and filter parameters for the intended
analysis to avoid the distortion of frequencies at the extremes of the examined range and aliasing
effects. Zero phase-shift 4™M-order Butterworth filters perform appropriately. Appropriate
filtering ensures that the activity of interest is isolated for modelling. Even with a broad range
(e.g., 1 Hz-50 Hz), this ensures that high frequency artifacts and low frequency baseline
wandering are not interpreted as coherent between channels, distorting measures.

3. Feature extraction
3.1. Assess spectral power.

3.1.1. Calculate overall power spectra by performing a Fourier transform of each channel being
analyzed across the whole frequency range to be assessed (e.g., 1 Hz—50 Hz).

3.1.2. Assess the activity in individual frequency bands: isolate the theta band at 4 Hz—8 Hz.
Isolate the alpha band at 8 Hz—12 Hz. Isolate the beta band at 12 Hz—30 Hz. Isolate the delta band
at 0.5 Hz—4Hz. Isolate the gamma band at >30 Hz (e.g., 30-50 Hz). See
NetworkAnalysis_Demonstration.m, NetworkAnalysis_FeatureExtraction.m, and Supplementary
Figure 4 for examples of the implementation of spectra derivation and isolation of frequency
bands.

NOTE: EEG data are traditionally divided into frequency “bands” for investigation. These are
primarily named based on the order in which they were discovered, and the specific bandwidths
vary somewhat. The functional significance of oscillations at specific frequencies remains an area
of active investigation. It is thought that oscillations within specific bands may be related to
specific neural activities, such as the emergence of a high-amplitude alpha wave in the occipital
region with the eyes closed, although the exact relationship between neural functions and
oscillatory activity in EEG recordings remains unclear.

3.1.3. Evaluate overall power across the whole scalp by calculating the mean of individual
channel spectra. Normalize the power in individual bands with respect to the overall power to
give a measure of relative power and allow more accurate comparisons between conditions.

3.2. Perform network mapping.

3.2.1. Evaluate the interactions between the first electrode pair by deriving a measure of

interelectrode coherence:
Sxy(w)2

Sxx(w)Syy(w)

C(w) =
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See NetworkAnalysis_Demonstration.m, NetworkAnalysis_FeatureExtraction.m, and
Supplementary Figure 5 for examples of implementation.

3.2.1.1. Calculate the cross-spectrum of the two channels:

Sxy(w)
3.2.1.1.1. Compute the Fourier transform of each signal, X and Y:
N-1 e
X, = Z Xp.€ N
n=0

3.2.1.1.2. Calculate the cross-spectrum:

2
Sxy = XY

Where: t is the sampling interval, T is the length of recording, X is the Fourier transform of x,
and Y" is the complex conjugate of Y.

3.2.1.1.3. Ignore the negative frequencies and correct measures. The second half of the
computer frequency axis can be disregarded in the case of real-valued signals, and the power
measures multiplied by two to correct for this.

NOTE: This is equivalent to the Fourier transform of the cross-correlation of x and y.

3.2.1.2. Normalize the cross-spectrum by the power spectra of both channels: Sxx(w)Syy(w).

3.2.1.2.1. Compute the Fourier transform of each signal:

N-1
_i?m
Xk = Z Xn. e N
n=0
3.2.1.2.2. Calculate the power spectrum:
t2
Sex == XX~

T

Where: t is the sampling interval, T is the length of recording, X is the Fourier transform of x, and
X" is the complex conjugate of X.

3.2.1.2.3. Ignore the negative frequencies and correct measures: the second half of the computer
frequency axis can be disregarded in the case of real-valued signals, and the power measures
multiplied by two to correct for this.

3.2.1.2.4. Use the calculated power spectra to normalize the cross-spectrum and derive a
measure of coherence:
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Sxy(w)2

Clw) = Sxx(w)Syy(w)

NOTE: This generates C, a measure of the coherence between signals x and y at the frequencies
B. This is a measure of the relationship between these signals at the frequencies examined,
measured on a scale from 0 to 1. Where there is a constant phase relationship between the two
signals examined at all timepoints, the coherence will have a value of 1, indicating a strong
relationship between signals at those frequencies, implying that activity in one signal is
functionally related to activity in the other (i.e., that there is communication between the two).
Where there is no phase relationship between the two signals, the coherence will have a value
of 0, indicating that the signals are not related.

3.2.2. Repeat this procedure for each unique pair of electrodes to develop a measure of phase
stability between the signals at each electrode pair, building up a model of functional connectivity
across all electrodes.

BE-1)

NOTE: For a montage of n electrodes, this will produce coherence measures. This

represents mapping the measured time series data onto a high-dimensional plane based on the
relationships between recorded signals, allowing the nature of these interactions to be
investigated.

4. Data visualization
4.1. Perform spectral power analysis.
4.1.1. Examine the power matrices.

4.1.1.1. Map the measurements of the spectral power to be visualized onto a two-dimensional
data structure where each column is an electrode location, each row is a frequency band, and
each cell is the spectral power at that location, within that band.

4.1.1.2. Identify the maximum and minimum power levels across all conditions to be compared.
Set these at the maximum and minimum for all conditions. Map the spectral power values
between the identified maximum and minimum to colors. Export a color map visualizing the
spectral power at each frequency band at each electrode location (Figure 2).

4.1.2. Perform topographic mapping.

4.1.2.1. Create a data structure containing the labels of each of the 10-20 system electrode
locations used, in order corresponding to that of the data structure to be mapped. Using EEGLab’s
topoplot() function, the spectral power data, the identified maximum and minimum, and the
channel list, generate a plot mapping the distribution of spectral power across the scalp.
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4.2. Assess coherence.
4.2.1. Examine the coherence matrices.

4.2.1.1. Map the measurements of the interelectrode coherence to be visualized onto a two-
dimensional data structure where each column is an electrode location, each row is an electrode
location, and each cell is the coherence between the corresponding electrode pair.

4.2.1.2. Map the coherence values between 0 and 1 to colors. Export a color map visualizing the
interelectrode coherence between each electrode pair within the frequency limits used (Figure
3). Repeat this procedure for each frequency band to be investigated. See Supplementary Figure
6 and produce_plots.r for examples of implementation. See Figure 3 for example output.

4.2.2. Perform network visualization.

4.2.2.1. To visualize higher-order interactions between cortical areas and map out network
dynamics, calculate how each electrode pair’s coherence measure covaries with those of every
other unique electrode pair across the overall spectrum and within specific bands.

4.2.2.2. Map these covariance measures to colors. Export a color map visualizing the network
dynamics within and across-frequency bands. See produce_plots.r for examples of
implementation. See Figure 4 for example output.

5. Analyzing Network Models

NOTE: The application of modern statistical methods to the models derived allows for taking
advantage of the relationships modelled in the high-dimensional network feature space to
investigate cortical function. A number of approaches that offer advantages over traditional
comparisons of the individual measures or averages of the coherence measures can be taken.
Some of the potential approaches these network models facilitate are outlined below. These are
discussed only superficially as indicative of the potential applications of network modelling,
because a thorough discussion of each technique is beyond the scope of the present work.

5.1. Perform dimensionality reduction.

NOTE: Comparisons at the individual variable level fail to take advantage of the relationships
represented by the models created, while performing comparisons on all of the measures in the

-1 . . . . .
%dlmensmnal constructs created is problematic due to the huge number of comparisons

required and the failure to integrate the high-level information contained in the statistical
models. Mapping the high-dimensional data onto a lower-dimensional space while maintaining
the information generated by the model generation process allows for the performance of
meaningful comparisons while taking full advantage of the models’ data-rich structure.



475
476
477
478
479
480
481

482

483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517

5.1.1. Derive measures for comparison between the groups that represent the overall network
dynamics within the statistical models generated using the principal component analysis. See
NetworkAnalysis_Demonstration.m and Supplementary Figure 7 for an example of
implementation.

5.1.1.1. As above, construct a covariance matrix for the pairwise coherence measures. This will

-1 . . . nn-1)
generate a % dimensional covariance construct where p =

. This model is therefore

extremely high-dimensional and allows visualization of high-level network relationships as
outlined above.

5.1.1.2. Decompose the covariance matrix into eigenvectors and corresponding eigenvalues. This
allows identification of the axes within the model feature space that contain the greatest
variance, without being bounded by the existing measures.

5.1.1.3. Rank the eigenvectors by corresponding eigenvalue to identify those accounting for the
greatest proportion of variance within the model.

5.1.2. Compare the first principal components derived from the network models. See
NetworkAnalysis_Demonstration.m and Supplementary Figure 7 for an example of
implementation.

NOTE: The first principal component accounts for the greatest degree of variance within the
model. Therefore, comparison of this measure allows for comparison of the overall network
dynamics throughout the model as a whole between groups with a single statistical test, allowing
for simultaneous analysis of the complex relationships being modelled and avoiding the issues
associated with many comparisons.

5.2. Perform a region of interest analysis. The models derived represent network connectivity
across the whole cortex, across all frequency bands. If there is interest in specific anatomical
areas or in functions within specific bands, these regions of the model can be isolated and
analyzed separately.

5.2.1. Choose an anatomical region of interest.

NOTE: Restricting analysis to specific anatomical areas allows for evaluation of the network
activity within or between specific cortical areas in order to identify the relationships that may
not be apparent on analysis of the model as a whole.

5.2.1.1. Identify the coherence data within the model relating to the anatomical areas of interest.

5.2.1.2. Derive a covariance matrix and perform principal component analysis as described above
to compute measures of overall network architecture within the regions of interest.
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5.2.1.3. Compare the measures of network dynamics within the anatomical regions of interest
between the groups as outlined above.

5.2.2. Choose a functional region of interest.

NOTE: Restricting analysis to specific frequency bands allows for assessment of the network
activity within specific oscillatory frequencies (Figure 4).

5.2.2.1. As with anatomical analyses, isolate the coherence data within the frequency bands of
interest. See NetworkAnalysis_Demonstration.m and Supplementary Figure 8 for examples of

implementation, using interactions within the overall spectrum only as an example.

5.2.2.2. Perform principal component analysis to derive measures of overall network activity
within the bands of interest.

5.2.2.3. Compare the measures between groups to evaluate the network differences at specific
oscillatory frequencies.

5.3. Use machine learning.

NOTE: Modern statistical learning approaches can be applied to the models generated in order
to further interrogate the high-level relationships represented within them.

5.3.1. Use supervised learning.

NOTE: Using data with predefined classes, the models of cortical networks can be used to derive
classifiers that can be used to identify signatures within the complex relationships represented
by the models to classify new data, opening the possibility for investigating novel diagnostic and
prognostic biomarkers, etc. Furthermore, which features within the models drive these

classifications in order to gain insights into the underlying mechanisms can be investigated.

5.3.1.1. Derive the classifiers. Using pre-labelled data, a classifier can be derived to predict the
class of a set of data based on the network models.

5.3.1.1.1. Divide the data into a set of subject data for training and a set for testing the classifier.

5.3.1.1.2. Train a classification algorithm such as a support vector machine or a random forest on
the labelled training data.

5.3.1.1.3. Assess the performance of the model-trained classifier on the test data.

NOTE: These approaches allow use of the statistical models as inputs to derive novel biomarkers.
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5.3.1.2. Perform sequential elimination.

NOTE: Using the model to train a classifier, data can be removed iteratively and the training
process can be repeated to identify which components of the model are driving its predictive
ability, allowing for investigation of the underlying mechanisms.

5.3.1.2.1. Train a classifier on the model as described above.
5.3.1.2.2. Remove the model feature with the lowest variability between groups.
5.3.1.2.3. Repeat the training process and assess performance.

5.3.1.2.4. Repeat the iterative feature removal until the features that contribute most to the
performance are identified. These are the model components responsible for the ability to
differentiate between classes.

5.3.2. Perform unsupervised learning.

NOTE: Using the models alone, insight can be gained into the groups being investigated. By
modelling the data as high-dimensional constructs based on the relationships between
recordings, relationships between groups that were not seen at the level of individual recordings
may become apparent. Unsupervised techniques such as clustering algorithms allow for the
investigation of relationships within the models without being restricted by the predefined
classes.

5.3.2.1. Using a distance metric such as Euclidean distance, compute the measures of distance
between subjects within the space defined by the network model. See
NetworkAnalysis_Demonstration.m and Supplementary Figure 9 for an example of
implementation.

5.3.2.2. Using a clustering algorithm such as k-nearest neighbors, identify the groups within the
data based on the model parameters (Figure 5).

5.3.2.3. Repeat this procedure using a sequential elimination procedure as described above to
investigate how individual features contribute to the groupings within the model.

NOTE: This allows use of the derived models to identify the groups within the data that were not
apparent otherwise. This may allow for the derivation of disease subtypes, pathological
groupings, etc., that are only evident at the network level.

REPRESENTATIVE RESULTS:

Measurements of the spectral power will produce n measures for each frequency band
measured, where n is the number of channels recorded. These measures will be in decibels for
the overall power. Measures of power within individual frequency bands should be expressed as
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relative power (i.e., the proportion of overall power represented by power within that band) to
allow accurate comparisons between groups and conditions.

An example of visualization of spectral power across multiple bands and across recorded
channels is shown in Figure 2. Spectral power can be visualized interpolated across the scalp,
allowing limited estimation of the “source” of activity.

Interelectrode coherence measures produce a measure for each unique electrode pair (i.e.,
B(E—-1)

, where n is the number of channels recorded). Each of these measures is between 0 and 1,

where 0 represents no coherence between recordings and 1 represents full coherence between
recordings. This is a measure of the extent to which the activity in one area changes depending
on the activity in another area, allowing for differences in the direction of interaction and time
lag. Higher values of coherence suggest interactions between the areas, from which it is apparent
that the recorded areas are communicating with each other. By measuring the interactions
between every unique electrode pair, a statistical map of how the recorded channels are
interacting can be built up. This allows investigation of how areas are communicating, rather than
focusing on individual areas in isolation, as in traditional methods. An example of visualization of
coherence measures for an 8-electrode montage is shown in Figure 3.

These coherence measures rapidly produce large volumes of data, making analysis of each
measure with individual statistical tests an untenable strategy. Further, investigating individual
interactions is not necessarily interesting or meaningful when considering interactions across
whole cortical networks. Dimensionality reduction techniques such as principal component
analysis allows for the assessment of measures from these statistical constructs to facilitate the
comparisons of overall network dynamics using traditional statistical methods. Classifier-based
methods, using machine learning techniques, offer an additional promising avenue for
integrating these high-dimensional data constructs to classify data and predict outcomes.

Visualization of higher-order network dynamics allows recognition of the kinds of interactions
being compared by a principal component analysis, or a classifier-based technique. This can be
achieved using color mapping of covariance measures of the interelectrode coherence measures
of electrode pairs. This evaluates how the coherence measures at one electrode pair relate to
changes in coherence at another pair, suggesting broader network interactions and integration
of activity across the cortex. This allows visualization of how areas are interacting in a way that is
not possible with traditional measures. An example of the kind of high-dimensional network map
that can be created using this technique is shown in Figure 4. This demonstrates the differences
evident on network mapping between two subjects with different clinical phenotypes of a
neuropsychiatric disorder affecting cortical function, where there were no statistically significant
differences using standard analysis methods.

FIGURE AND TABLE LEGENDS:
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Figure 1. Schematic of data analysis pipeline. Overview of major steps in preparation of raw data
and extraction of measures of interest.

Figure 2. Representative matrix of spectral power measures. Each column represents an
electrode location, and each row represents a frequency band of interest. Cell color intensity
represents the value of relative power of the corresponding frequency at the corresponding
electrode location. Produces n x f measures, where n is the number of recording electrodes used
and fis the number of frequency bands of interest.

Figure 3. Representative matrix of interelectrode coherence measures. Each row and each

column represents an electrode location. Cell color intensity represents the value of

. . . B—-1
interelectrode coherence between the corresponding electrode pair. Produces %measures

for each frequency band of interest, where n is the number of recording electrodes used.

Figure 4. Representative visualization of higher-order network dynamics, comparing two
phenotypes of neuropsychiatric disorder. Each row and each column represents a unique

electrode pair. Cell color intensity represents the value of covariance between the corresponding
n(n-1)
2

electrode pairs. Produces p = measures for each frequency band of interest, where p is

the number of unique electrode pairs used. (A) Demonstrates both within- and across-frequency
interactions within cortical networks, while (B) visualizes a region of interest analysis focused on
network dynamics within the overall power spectrum only.

Figure 5. Representative visualization of unsupervised clustering algorithm. In a group of
apparently well-matched patients with a neuropsychiatric disorder, clustering based on model
data alone identified groups within the population that were not evident on standard analyses.
Supplementary Figure 1. Screenshot demonstrates epoching of EEG data.

Supplementary Figure 2. Screenshot demonstrates the essential preprocessing steps.
Supplementary File 3. Screenshot demonstrates filtering for frequencies of interest.
Supplementary Figure 4. Calculating channel spectra and isolating data within individual bands.

Supplementary Figure 5. Calculating coherence measures for each electrode pair.

Supplementary Figure 6. Mapping derived measures to color maps and visualization. Figure 3
and Figure 4 demonstrate sample outputs.

Supplementary Figure 7. Construction of covariance matrices, performing principal component
analysis and comparing groups based on principal components.

Supplementary Figure 8. Analysis of specific regions of interest by isolating subsets of data.
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Supplementary Figure 9. Derivation of a distance metric and use of a clustering algorithm to
identify groups using unsupervised learning techniques.

DISCUSSION:

The described method allows the derivation of statistical maps of cortical network dynamics from
non-invasive EEG data. This allows the investigation of phenomena not readily apparent on
examination of simple time series data through assessment of how the recorded regions are
interacting with each other, rather than evaluating what is happening in each individual location
in isolation. This can reveal important insights into disease pathology?8.

The essential aspect of this method is ensuring data quality. Rigorous data evaluation, artifact
rejection, and preprocessing are required to ensure data are of a sufficiently high quality to
produce meaningful results. Provided the data used is of an appropriate quality, the feature
extraction component can be easily modified to model network interactions in specific regions
of interest only, or within arbitrary frequency limits, as well as modelling complex interactions
across specific regions and frequency bands.

This approach is limited by the high-dimensionality of the produced results, which can rapidly
produce huge amounts of data if many channels are used. This can limit interpretability of the
raw results and result in long computation times. The use of dimensionality reduction techniques,
such as principal component analysis?3, is therefore necessary to allow meaningful statistical
comparisons to be made between groups without needing to perform huge numbers of statistical
tests. Further, the use of the produced high-dimensional network maps to aid decision making
may require the use of machine learning classifiers to allow integration of the large quantities of
data, which are not easily interpretable manually and cannot be easily reduced to a single
measure?,

This approach offers a far greater capacity to investigate changes in network dynamics than raw
EEG time series, while also offering significant advantages over imaging techniques such as
functional MRI, including ease of accessibility, cost, and greater time resolution. Future
applications of this method to subtyping of neurological disease, prediction of treatment
response, and disease prognostication offer the possibility of greatly expanding the clinical
usefulness of current clinical EEG technologies through improved data analysis methods.
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if JoOVE believes some third party could be infringing or
might infringe the copyright of either the Author’s Article
and/or Video.

9. Likeness, Privacy, Personality. The Author hereby
grants JoVE the right to use the Author’s name, voice,
likeness, picture, photograph, image, biography and
performance in any way, commercial or otherwise, in
connection with the Materials and the sale, promotion and
distribution thereof. The Author hereby waives any and all
rights he or she may have, relating to his or her appearance
in the Video or otherwise relating to the Materials, under
all applicable privacy, likeness, personality or similar laws.
10. Author Warranties. The Author represents and
warrants that the Article is original, that it has not been
published, that the copyright interest is owned by the
Author (or, if more than one author is listed at the beginning
of this Agreement, by such authors collectively) and has not
been assigned, licensed, or otherwise transferred to any
other party. The Author represents and warrants that the
author(s) listed at the top of this Agreement are the only
authors of the Materials. If more than one author is listed
at the top of this Agreement and if any such author has not
entered into a separate Article and Video License
Agreement with JoVE relating to the Materials, the Author
represents and warrants that the Author has been
authorized by each of the other such authors to execute this
Agreement on his or her behalf and to bind him or her with
respect to the terms of this Agreement as if each of them
had been a party hereto as an Author. The Author warrants
that the use, reproduction, distribution, public or private
performance or display, and/or modification of all or any
portion of the Materials does not and will not violate,
infringe and/or misappropriate the patent, trademark,
intellectual property or other rights of any third party. The
Author represents and warrants that it has and will
continue to comply with all government, institutional and
other regulations, including, without limitation all
institutional, laboratory, hospital, ethical, human and
animal treatment, privacy, and all other rules, regulations,
laws, procedures or guidelines, applicable to the Materials,
and that all research involving human and animal subjects
has been approved by the Author's relevant institutional
review board.

11. JoVE Discretion. If the Author requests the
assistance of JoVE in producing the Video in the Author’s
facility, the Author shall ensure that the presence of JoVE
employees, agents or independent contractors is in
accordance with the relevant regulations of the Author's
institution. If more than one author is listed at the
beginning of this Agreement, JOVE may, in its sole

612542.6  For questions, please contact us at submissions@jove.com or +1.617.945.9051.
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discretion, elect not take any action with respect to the
Article until such time as it has received complete, executed
Article and Video License Agreements from each such
author. JoVE reserves the right, in its absolute and sole
discretion and without giving any reason therefore, to
accept or decline any work submitted to JoVE. JoVE and its
employees, agents and independent contractors shall have
full, unfettered access to the facilities of the Author or of
the Author’s institution as necessary to make the Video,
whether actually published or not. JoVE has sole discretion
as to the method of making and publishing the Materials,
including, without limitation, to all decisions regarding
editing, lighting, filming, timing of publication, if any,
length, quality, content and the like.

12. Indemnification. The Author agrees to indemnify
JoVE and/or its successors and assigns from and against any
and all claims, costs, and expenses, including attorney’s
fees, arising out of any breach of any warranty or other
representations contained herein. The Author further
agrees to indemnify and hold harmless JoVE from and
against any and all claims, costs, and expenses, including
attorney’s fees, resulting from the breach by the Author of
any representation or warranty contained herein or from
allegations or instances of violation of intellectual property
rights, damage to the Author’s or the Author’s institution’s
facilities, fraud, libel, defamation, research, equipment,
experiments, property damage, personal injury, violations
of institutional, laboratory, hospital, ethical, human and
animal treatment, privacy or other rules, regulations, laws,
procedures or guidelines, liabilities and other losses or
damages related in any way to the submission of work to
JoVE, making of videos by JoVE, or publication in JoVE or
elsewhere by JoVE. The Author shall be responsible for, and
shall hold JoVE harmless from, damages caused by lack of
sterilization, lack of cleanliness or by contamination due to

ARTICLE AND VIDEO LICENSE AGREEMENT

the making of a video by JoVE its employees, agents or
independent contractors. All sterilization, cleanliness or
decontamination procedures shall be solely the
responsibility of the Author and shall be undertaken at the
Author’s expense. All indemnifications provided herein
shall include JoVE's attorney’s fees and costs related to said
losses or damages. Such indemnification and holding
harmless shall include such losses or damages incurred by,
or in connection with, acts or omissions of JoVE, its
employees, agents or independent contractors.

13. Fees. To cover the cost incurred for publication,
JoVE must receive payment before production and
publication of the Materials. Payment is due in 21 days of
invoice. Should the Materials not be published due to an
editorial or production decision, these funds will be
returned to the Author. Withdrawal by the Author of any
submitted Materials after final peer review approval will
result in a US$1,200 fee to cover pre-production expenses
incurred by JoVE. If payment is not received by the
completion of filming, production and publication of the
Materials will be suspended until payment is received.

14. Transfer, Governing Law. This Agreement may be
assigned by JoVE and shall inure to the benefits of any of
JoVE's successors and assignees. This Agreement shall be
governed and construed by the internal laws of the
Commonwealth of Massachusetts without giving effect to
any conflict of law provision thereunder. This Agreement
may be executed in counterparts, each of which shall be
deemed an original, but all of which together shall be
deemed to me one and the same agreement. A signed copy
of this Agreement delivered by facsimile, e-mail or other
means of electronic transmission shall be deemed to have
the same legal effect as delivery of an original signed copy
of this Agreement.

A signed copy of this document must be sent with all new submissions. Only one Agreement is required per submission.

CORRESPONDING AUTHOR
Name: -
Daniela Tropea
Department:
P Psychiatry
Institution: Trinity College Dublin
Title: Dr
Signature: N ’[;~“z\£aniela Tropea Date: 11 May 2019
ey ) Hopee—

Please submit a signed and dated copy of this license by one of the following three methods:
1. Upload an electronic version on the JoVE submission site

2. Faxthe document to +1.866.381.2236

3. Mail the document to JoVE / Attn: JoVE Editorial / 1 Alewife Center #200 / Cambridge, MA 02140
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Rebuttal Letter Click here to access/download;Rebuttal Letter;Keogh et
al_response to reviewers.docx

Dr. DSouza,

Thank you for your comments, and to the reviewers for theirs. In light of the
comments made, we have made substantial revisions to the manuscript. We provide
responses to each of the comments made below.

Editorial Comments:

* Please take this opportunity to thoroughly proofread the manuscript to
ensure that there are no spelling or grammatical errors.
The manuscript has been proofread.

* Please include an ethics statement before your numbered protocol steps
indicating that the protocol follows the guidelines of your institutions human
research ethics committee.

A statement to this effect has been added in session 1.2.2.

* Protocol Detail: Please note that your protocol will be used to generate the
script for the video, and must contain everything that you would like shown in
the video. Please add more specific details (e.g. button clicks for software
actions, numerical values for settings, etc) to your protocol steps. There
should be enough detail in each step to supplement the actions seen in the
video so that viewers can easily replicate the protocol.

The protocol has been revised to include sufficient detail to allow unambiguous
replication; as these analyses are predominantly scripted, the text has been written
to make it clear how to implement the relevant analyses, while the code we have
used to implement them is available, as is convention.

1) Section 1: Mention participant inclusion and exclusion criteria.

The method described is an analytical method; the subject inclusion and exclusion
criteria will depend on the question the method is being applied to investigate. There
are therefore no specific inclusion or exclusion criteria for this method in itself.

2) Sections 2, 3, 4: If any content in these sections is to be filmed, please
describe software actions in greater detail. For example, for GUI-based
software actions please provide explicit button clicks and menu selection and
for script based software steps, please provide the detailed codes/functions to
be run and explicitly mention if the codes are to be edited and when they are
run. If neither of the above can be described, the step is non-filmable.

The analysis scripts are provided at the following link- reported at the end of the
Introduction: https://github.com/conorkeogh/NetworkAnalysis.

* Protocol Highlight: Please highlight ~2.5 pages or less of text (which includes
headings and spaces) in yellow, to identify which steps should be visualized to
tell the most cohesive story of your protocol steps.

This has been done.

1) The highlighting must include all relevant details that are required to
perform the step. For example, if step 2.5 is highlighted for filming and the


https://github.com/conorkeogh/NetworkAnalysis
https://www.editorialmanager.com/jove/download.aspx?id=1081847&guid=4bd7bf08-aaf4-49b0-8bde-39d9b310820d&scheme=1
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details of how to perform the step are given in steps 2.5.1 and 2.5.2, then the
sub-steps where the details are provided must be included in the highlighting.
Highlighting has been revised to implement this.

2) Some of your shorter protocol steps can be combined so that individual
steps contain 2-3 actions and maximum of 4 sentences per step.
Some steps have been combined.

3) The highlighted steps should form a cohesive narrative, that is, there must
be alogical flow from one highlighted step to the next.
Highlighting has been revised with this in mind.

4) Please bear in mind that calculations and = software steps without a
graphical user interface/ command line scripting cannot be filmed.
Scripts have been provided.

5) Please edit your manuscript title to best represent the highlighted portions
of the manuscript.
The title is currently representative of the content.

* Discussion: JoVE articles are focused on the methods and the protocol, thus
the discussion should be similarly focused. Please ensure that the discussion
covers the following in detail and in paragraph form (3-6 paragraphs): 1)
modifications and troubleshooting, 2) limitations of the technique, 3)
significance with respect to existing methods, 4) future applications and 5)
critical steps within the protocol.

The discussion has been revised & addresses these points.

 Commercial Language:JoVE is unable to publish manuscripts containing
commercial sounding language, including trademark or registered trademark
symbols (TM/R) and the mention of company brand names before an
instrument or reagent. Examples of commercial sounding language in your
manuscript are ElectroCap, SignaGel, BioSemi Active, ActiView, MATLAB

1) Please use MS Word’s find function (Ctrl+F), to locate and replace all
commercial sounding language in your manuscript with generic names that
are not company-specific. All commercial products should be sufficiently
referenced in the table of materials/reagents. You may use the generic term
followed by “(see table of materials)” to draw the readers’ attention to specific
commercial names.

Commercial language has been removed.

e Table of Materials:Please revise the table of the essential supplies, reagents,
and equipment. The table should include the name, company, and catalog
number of all relevant materials/software in separate columns in an xIs/xlsx
file.

« If your figures and tables are original and not published previously or you
have already obtained figure permissions, please ignore this comment. If you
are re-using figures from a previous publication, you must obtain explicit



permission to re-use the figure from the previous publisher (this can be in the
form of a letter from an editor or a link to the editorial policies that allows you
to re-publish the figure). Please upload the text of the re-print permission (may
be copied and pasted from an email/website) as a Word document to the
Editorial Manager site in the "Supplemental files (as requested by JoVE)"
section. Please also cite the figure appropriately in the figure legend, i.e. "This
figure has been modified from [citation]."

Comments from Peer-Reviewers:

Reviewer #1:

Manuscript Summary:

In this paper, the authors describe a coherence-based analysis of EEG
recordings, which allows to extract information about the spatial distribution
of brain activity of different bandwidths. The work is nicely performed and
written, but would benefit from more detailed descriptions of the underlying
mathematical procedures. The code should be shared, and a link to do that is
currently missing (or maybe | just could not find it).

The protocol has been updated to provide greater detail on the mathematics
underlying the analyses. Additionally, the code has been made available as reported
at the end on the Introduction.

Major Concerns:

- Provide a better explanation of inter-electrode coherence. The section on
page 2 is very discursive and more mathematical details are needed to
understand the procedure. The reader needs to be in the position of writing
their own MATLAB script based on the description of the procedure provided
by the authors.

The explanation of inter-electrode coherence has been updated to describe the
underlying maths & to provide a stepwise explanation on how to calculate coherence
measures, in addition to a short note on the interpretation of the measures derived
(424 — 483).

- Explain the functional significance of different bandwidths.

A note has been added to deal with this superficially & to acknowledge that different
functions are associated with activity in different frequency bands (409 — 415),
however a detailed discussion of the roles of specific oscillations is likely beyond the
scope of the present work.

- It would be useful to have an example of this analysis carried out on a control
patient and a patient affected by neurological or neuropsychiatric disease.
Figures have been updated to demonstrate the application to neuropsychiatric
disease — Figure 4 demonstrated the differences evident in network models between



phenotypes of a neurodevelopmental condition where there were no differences
apparent in standard EEG comparisons, and Figure 5 demonstrates that model data
alone can identify previous unappreciated groups within an apparently well matched
population, with no clear differentiation by standard measures.

- It is unclear to me whether this analysis can be done online (please specify).
If so, a video would be useful

These analyses could be performed online, e.g. by repeatedly deriving models for
short epochs over time, although the technical implementation of this would be
somewhat different to the present analyses; the focus of this work is to outline the
construction of statistical models of cortical networks using measures of the
relationships between signals, and the application of these models to the
investigation of questions about cortical pathology.

- The analytical tools should be shared for free with the scientific community,
but | cannot find any link to do that in the current version of the manuscript. A
common choice is GitHub.

A link to this effect has been included at the end of the introduction.

Reviewer #2:

Manuscript Summary:

The ms describes a relatively standard EEG recording and analyses for a
resting state recording, basically employing coherence as the network
measure of interest.

Major Concerns:

Despite the title "Statistical Modeling..." there is no discussion whatsoever
regarding how to determine whether any of the EEG measures including
coherence are statistically significant.

The protocol has been substantially revised to include a section on the analysis of
high-dimensional network models (beginning at 606). This outlines some of the
avenues of investigation opened by the statistical modelling of cortical networks,
which extend beyond direct comparisons of individual coherence measures. Rather,
the essential aspect is to take advantages of the relationships that emerge within the
feature space defined by the model to investigate questions about cortical networks.
We have outlined how individual measures representing the overall network
architecture can be derived for direct statistical comparison using dimensionality
reduction methods, how individual anatomic regions and frequency bands can be
isolated for investigation, and how high-level model data can be used to derive
biomarkers and identify latent groups within the subject groups as examples of how
using simple measures such as coherence to build up more complex models
facilitates more nuanced investigations of cortical function.

Coherence computations are extremely dependent on numerous issues
including reference, number of epochs, etc, the authors offer no guidance or
discussion.



The sections on data preparation have been revised to include several notes on the
importance of these steps on ensuring accurate outcomes, and the essential nature
of appropriate data preparation is emphasised in the discussion.

There is extensive literature using similar network analyses that are not
addressed.

The introduction has been revised to include a brief outline (beginning 102) of the breadth
of network measures available, and the reasons we have elected to use coherence as a
measure of choice for building models of cortical connectivity.

Overall, we believe that these revisions have considerably improved the overall
quality of the text, and we thank you and the reviewers for the comments.
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epoch_start = 5 %= 60 x 128; % Discarding first five minutes
epoch_end = 15 x 60 x 128; % Here using ten minute epoch length

epoch = eeg(:, epoch_start:epoch_end);
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% Correct baseline for each channel:
for i = 1:size(eeg,1)
baseline = mean(eeg(i,:),2);
data_shifted(i,:) = eeg(i,:) - baseline;
end

% Rereference to average:
data_avg = mean(data_shifted,1);

for i = 1:size(eeqg,1)
data_rerefed(i,:) = data_shifted(i,:) - data_avg;
end


https://www.editorialmanager.com/jove/download.aspx?id=1085530&guid=431f231b-8286-404a-b7bd-bddf045e957e&scheme=1
https://www.editorialmanager.com/jove/download.aspx?id=1085530&guid=431f231b-8286-404a-b7bd-bddf045e957e&scheme=1

Supplemental File (Figures, Permissions, etc.) Click here to access/download;Supplemental File (Figures, Permissions, etc.);suppl %
file 3.png

% Apply filters:
% High pass:
[H_HP, G_HP]
% Low pass:

[H_LP, G_LP]

butter(4, (2%1)/128, 'high');

butter(4, (2«40)/128, 'low');

for i = 1:size(eeg,1)
data_filtered(i,:)
data_filtered(1i,:)

filtfilt(H_HP, G_HP, data_rerefed(i,:));
filtfilt(H_LP, G_LP, data_filtered(i,:));

end

eeg = data_filtered;
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epoch = eegl(:, epoch_start:epoch_end);

% Calculate power spectra spectra:
[spectra, freqs]l = spectopolepoch, &, 128);

% Save spectra:
all_spectral(i,j,:,:) = spectra;

% Get average power for each freguency band for each channel:

theta_start_sample = find(fregs==3);
theta_end_sample = find(freqs==7);

alpha_start_sample = find(freqs==7);
alpha_end_sample = find(freqs==14);

beta_start_sample = find(freqs==14);
beta_end_sample = find(freqs==20);

delta_start_sample = find(fregs==0.5);
delta_end_sample = find(fregqs==3);

gamma_start_sample = find(freqs==28);
gamma_end_sample = find(freqs==48);

% Get power in each band for each channel:
for k = 1:size(spectra, 1)

disp((['Channel ', num2stri(k)]);

theta_spectrum = spectralk, theta_start_sample:theta_end_sample);
[avg_theta, std_theta]l = normfit(theta_spectrum);

alpha_spectrum = spectralk, alpha_start_sample:alpha_end_sample);
[avg_alpha, std_alphal = normfit(alpha_spectrum);

beta_spectrum = spectra(k, beta_start_sample:beta_end_sample);
[avg_beta, std_beta] = normfit{beta_spectrum);

delta_spectrum = spectra(k, delta_start_sample:delta_end_sample);
[avg_delta, std_delta]l = normfit(delta_spectrum);

gamma_spectrum = spectralk, gamma_start_sample:gamma_end_sample);
[avg_gamma, std_gamma] = normfit(gamma_spectrum);
end

L]
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% For sach wnigue electrode pair, derive a seasure of coherence
% Betewes The recoerded algnals
% Build wp & spdel of statintical relatiomhipy beiween sigmais
% scrodd all channels
for elecone = 1:8

for electes = 1B

[cobere_alipairsii, §j, elecone, electwe, :), cobere_fregqa] = sscohersiepochielscone, 1), spochielectwe, ), (1. [0, 0}, 13B);

end
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ch_coherence_matrix « functioncoherence_dota) |

colnomes| coherence_data) «<- coherence_columns
romnome s coherence_doto) <- coherence_oo|umns

melt_cohersnce_dota - eeltios.satrix] coherence_datal)

coherence_doto_plot «- pgplotidota - melt_coherence_data,
oes{x=¥arl, y=VorZ, fill=-value)
) &
geom_tilelcolor = “white™)

coherence_dota_plot < coherence_data_plot + theme minimal(]

coherence_dota_plot «- coherence_data_plot - scale fill_grodient?(low="shite®, high="red",
midpolnt-8.5, limlt-c{#.8,1.9), space = “Lob",
name - “Coherence”,
guide = "colorbar®,
broaks - c(B.2, 8.4, B0.6)
J

coherence_dota_plot < coherence dota _plet
geale_x discrete{nome-"", position = “top™) =
scale_y_discretenome=""
li=mits = rFevilevels(melt_coherence_dotaivor? )
]

coherence_dota_plot «- coherence_data_plot »
thiese{legend. title = element_text{size = 18, foce = “bold™ ),
legend. text = alement_text{size=8, foce = “bald"),
legond, background-element_rect(fill = “groydd™, sime - 8.5))

coherence_data _plot < coherence_data_plot +
these(oxis. text.x = alemsent_text{ongle-45, vijust-@, size=12, hjust-@, Foce-"bald™),
anis.title.n = slement text{size = 16, foce-"bold™},
auis.title.y = element text{size = 16, foce-"bald™},
axis.text.y = elesent_text{size - 12, foce - “bold™)
]

coherence_dota_plot <« coherence_data_plot
theme| panel  border - slement_rect{Fill-na, sizesl))

coherence_dota_plot «- coherence_data_plot « coord fixed()

returnd coherence_data_plot)
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%% Network Comparisons

% Calculate covariance measures & visualise networks

% Use covariance measures to derive eigenvectors for PCA
% Perform DR & compare PCs

% Get covariances matrices for all & groups:
gl_cov = cov(gl_coherence); % Group 1 coherence
g2_cov = cov(g2_coherence); % Group 2 coherence

all_pca = pca(all_coherence(:,3:end)'); % Get PCA coefficients for all subjects

gl_pca = all_pca(groupl,:); % Isolate group 1
g2_pca = all_pcalgroup2,:); &% Isolate group 2

% Compare networks based on first principal component:
p = ranksum(gl_pca(:,1), g2_pcal(:,1)); % Compare first principal components
disp(['Group 1 vs. Group 2: P = ' num2str(p) ', Wilcoxon rank sum test']);


https://www.editorialmanager.com/jove/download.aspx?id=1085535&guid=4b82c030-0e04-46c1-9851-c68cd8e35524&scheme=1
https://www.editorialmanager.com/jove/download.aspx?id=1085535&guid=4b82c030-0e04-46c1-9851-c68cd8e35524&scheme=1

Supplemental File (Figures, Permissions, etc.) Click here to access/download;Supplemental File (Figures, Permissions, etc.);suppl %
file 8.png

%W ROI Analysis
% Isolate data for region of interest
% Derive network visualisations & perform DR for isolated data

% Select just data within overall spectrum:

all_coherence_overall = all_coherence(:,143:end); % Can select any anatomic / frequency criteria Tor selecting data
gl_coherence_overall = all_coherence_overalligroupl,:};

g2_coherence_overall = all_coherence_overalligroup2,:);

% Perform analyses as above using isolated data:

% Get covarlances matrices for all & groups:

gl_cov_overall = covigl_coherence_overall); % Group 1 coherence - for visualisation
g2_cov_overall = cov{gZ_coherence_overall); & Group 2 cohersnce - for visualisation

all_pca_overall = pcalall_coherence_overall'); & Get PCA coefficients for all subjects

gl_pca_owverall = all_pca_overalligroupl,:); % Isolate group 1
g2_pca_overall = all_pca_overalligroup2,:); % Isolate group 2

% Compare networks based an first principal component:

p = ranksumi{gl_pca_overall(:,1), g2_pca_overalli{:;1)}); & Compare firsit principal components
disp{[‘Group 1 ws. Group 2, Overall Spectrum Only: P = ' mm2strip) °, Wilcoxon rank sum test'])}
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%% Clustering

% Derive distance measure within feature space
% Use measure to identify groups within data
% Use these groups to inform further analyses

eucD = pdist(all_coherence(:,3:end), 'euclidean'); % Derive distance metric
clustTree = linkage(eucD, ‘ward'});

[h,nodes] = dendrogram(clustTree,@);
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