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of behavioral symptoms during the second year of life or later. Finding scalable biomarkers for early
detection is challenging because of the variability in presentation of the disorder and the need for
simple measurements that could be implemented routinely during well-baby checkups. EEGis a
relatively easy-to-use, low cost brain measurement tool that is being increasingly explored as a
potential clinical tool for monitoring atypical brain development. EEG measurements were collected
from 99 infants with an older sibling diagnosed with ASD, and 89 low risk controls, beginning at 3
months of age and continuing until 36 months of age. Nonlinear features were computed from EEG
signals and used as input to statistical learning methods. Prediction of the clinical diagnostic outcome
of ASD or not ASD was highly accurate when using EEG measurements from as early as 3 months of age.
Specificity, sensitivity and PPV were high, exceeding 95% at some ages. Prediction of ADOS calibrated
severity scores for all infants in the study using only EEG data taken as early as 3 months of age was
strongly correlated with the actual measured scores. This suggests that useful digital biomarkers might
be extracted from EEG measurements.

Autism Spectrum Disorder (ASD) is defined by a heterogeneous constellation of behavioral symptoms that
emerge over the first years of life. A recent Centers for Disease Control (CDC) report estimates that the preva-
lence of ASD in the United States is 1 in 68, a significant increase in the past decade'. As research on ASD contin-
ues at rapid pace, the etiology and developmental course appear to be increasingly diverse, resulting in a view of
ASD with diverse cognitive, behavioral and neural trajectories and subtypes®.

High-risk infant siblings studies have demonstrated that the defining behavioral features of ASD emerge dur-
ing the latter part of the first and second years of life’. Because ASD is behaviorally and not biologically defined,
a formal diagnosis of ASD before three years of age remains challenging®” and children often do not receive a
diagnosis until the preschool years or later®. Milder forms of ASD are particularly difficult to detect early, in part
because a broad range of neurodevelopmental symptoms are common to several diagnoses, including ASD’. Even
in cases of diagnostic uncertainty, reliable biomarkers that detect emerging ASD symptoms might be useful for
developing appropriate early interventions®.

The brain develops rapidly during the first years of life and atypical neurodevelopment is likely due to a com-
bination of genetics, biological, and environmental conditions, all compounded by adaptations that result from
atypical interactions between the developing child and his or her environment®. An emerging view is that the
behavioral symptoms that define ASD may be the end result of early brain adaptation, rather than the direct con-
sequence of ongoing neural pathology’. This view suggests the possibility that the primary neural impairments
that lead to ASD are transitory and thus difficult to detect after a critical developmental period®.

Neural Correlates of Behavior. Because atypical brain development that leads to ASD symptoms is likely
to precede atypical behavior by months or even years, a critical developmental window for early intervention may
be missed if diagnosis or screening is based solely on behavioral features. This has fueled a search for early neural
correlates or biological indicators that could identify ASD in the prodromal phase.

Some models of ASD are based on atypical development of neural connectivity'®"'*, with excessive local
connectivity within neural assemblies and deficits in long-range connectivity between functional brain regions
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Figure 1. Time series and complex networks are related, and methods for reconstructing essential elements of
one from the other have been developed. See, for example'®.
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implicated. Recent studies suggest the involvement of somatosensory, default mode, visual, and subcortical
networks'’. Microstructural properties of the uncinate fasciculus in 6-month-old infants were found to predict
behavioral response to joint attention three months later, indicating the potential importance of this tract in social
development'. Further, microstructural organization of the splenium of the corpus callosum was associated with
atypical oculomotor function in 7-month old infants who later developed ASD"". These studies suggest that early
atypical neural function, due to atypical neural structure, may be associated with the behavioral symptoms of
ASD that appear later. The challenge from a clinical perspective is how to measure atypical neural function for use
in monitoring neurodevelopment.

A recent fMRI study of 59 6-month-old infants demonstrated significant differences in the brains of children
who would develop a diagnosis of ASD at 24 months of age'”. While these results are scientifically promising, two
significant challenges remain before biomarker measurement methods can be developed for clinical use. First, to
be viable in a primary care setting, any brain measurement method should be low cost and simple to administer
in the context of a well-baby checkup. Second, ASD is a spectrum disorder that exhibits a heterogeneous set of
defining behavioral characteristics. A simple binary determination of ‘autism’ or ‘not-autism’ may not be adequate
for broad clinical application, such as monitoring changing risk profiles as a child develops or response to thera-
peutic interventions.

EEG for Functional Brain Measurement. Our previous studies have attempted to use traditional spectral
power analysis to find early biomarkers for autism'®. While differences were found between high risk siblings and
low risk controls, they were not correlated with outcome. A recent study using data from the same infants as in the
present study found that reduced frontal high-alpha power at 3 months was associated with lower expressive lan-
guage skills at 12 months, but did not predict ASD-specific outcomes. Notably, the association between 3-month
frontal power and expressive language skills appeared to be developmentally time-locked to the 12-month time
point, with no evidence of this association persisting over the second and third years of life in our sample'”.

The potential for EEG to be used as a functional brain imaging modality continues to improve as new methods
for analyzing and extracting information from biophysical signals are developed. Methods for analyzing complex
time series produced by complex networks, such as the brain, may enable network structural differences to be
inferred from time series measurements'®, as illustrated in Fig. 1. Based on this, a set of nonlinear or complex
system parameters or ‘invariant measures from EEG signals in principle should characterize the neural dynamics
of the brain that generates the signals.

The implication is that the complex time series obtained from EEG contains information about neural net-
work structure that may provide valuable clues about atypical function'>*. This has clinical implications because
a new generation of low cost, easy to use EEG devices are becoming available*"**, which would make routine
brain measurements a possibility in a primary care setting.

The challenge for developmental clinical neuroscience is to determine which combinations of invariant meas-
ures and scalp locations are most relevant to the detection and monitoring of characteristics relevant to ASD. A
data-driven approach may be sufficient for identifying useful clinical biomarkers. Data-driven discovery may also
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(b) EEGs available and analyzed by age

Number of
Age of EEG subjects atage | LRC— ASD HRA -
3 41 14 11 16
6 131 69 8 43
9 154 73 26 53
12 158 & 31 49
18 125 56 25 4=
24 129 60 26 43
36 138 65 31 42

Table 1. The distribution of the 188 participants from each of the family recruitment groups is shown by (a)
outcomes and (b) the number of EEG measurements available for analysis from each evaluation age.

point in the direction of the likely neural correlates of relevant behavioral constructs or cognitive phenotypes'.
The goal of this study is to demonstrate that nonlinear analysis of EEG signals, together with pattern classification
methods, can extract information as early as 3 months of age that predicts an infant will develop a clinical diag-
nosis of ASD. Furthermore, the severity of ASD symptoms, as measured by the Autism Diagnostic Observation
Scale (ADOS), can also be predicted from EEG data taken as early as 3 months of age, with strong correlation to
the real ADOS scores that the child has at three years of age. Our results, while promising, point to many more
questions about the underlying brain-behavior relationships that might explain why nonlinear EEG measures are
useful digital biomarkers of ASD.

Methods

Participants. Participants were infants enrolled in an IRB-approved collaborative longitudinal study con-
ducted at Boston Children’s Hospital/Harvard Medical School and Boston University. All components of the
study were approved by the IRB review boards at both institutions and are covered under IRB guidelines approved
by both institutions. Written, informed consent was provided by the parents or guardians prior to their child’s
participation in the study.

Participants are classified into one of three outcome groups based on their original family recruitment group
and the clinical determination of whether the child had a positive or negative diagnosis for ASD at the end of the
study. Infants in the low risk controls (LRC) family recruitment group had at least one typically developing older
sibling and no first-degree relatives with a known developmental disorder, based on a screening questionnaire.
Infants recruited into the high risk for ASD (HRA) recruitment group had an older sibling with an ASD diag-
nosis (not due to a known genetic disorder; e.g. Fragile X syndrome). The older siblings all had expert clinical
community diagnoses, which were confirmed by a member of the study staft using the Social Communication
Questionnaire (SCQ)* or the Autism Diagnostic Observation Schedule (ADOS-2)*. Once enrolled, infants were
scheduled for visits from 3 to 36 months of age. Children who completed at least two of the visits (scheduled at 3,
6,9, 12, 18, 24, 36 months) and completed one visit at 18 months or later, during which they were given a clinical
evaluation for ASD, were included in this study. Most infants completed the final 36-month evaluation for ASD.

There were 3 outcome groups: LRC—: infants from the low risk recruitment group who did not receive an ASD
diagnosis; HRA —: infants from the high-risk recruitment group who did not receive an ASD diagnosis; ASD:
infants from either recruitment group who received an ASD diagnosis. Table 1 shows the number of participants
in each of the family recruitment groups, their distribution into outcome groups, and the number of participants
at each age. Note that not all participants provided data at every scheduled visit. The distribution of ages for the
latest clinical diagnosis is also illustrated in Table 1.

Clinical Evaluations. ASD diagnoses for the participants were based on the ADOS?* and expert clinical
judgment at 18, 24, or 36 months, whichever is latest. The ADOS is a semi-structured, standardized assessment
that consists of social and play activities to elicit behaviors related to diagnosis of ASD. In addition to a binary
diagnosis of either ASD or not-ASD, a Calibrated Severity Score (CSS) with numerical range 1-10 was obtained
from the ADOS for each participant. The CSS offers a method of quantifying ASD severity with relative inde-
pendence from individual characteristics such as age and verbal IQ*.

The ADOS was administered by research staff with extensive experience in testing children with developmen-
tal disorders and co-scored by an ADOS-reliable researcher via video recording. Cases of concern (those meeting
criteria on the ADOS or coming within 3 points of cutoft) were reviewed by a licensed clinical psychologist who
evaluated video recordings of behavioral assessments along with the scores from those assessments to determine
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1 64-128 Hz high gamma
2 32-64Hz gamma
3 16-32Hz beta
-+ 8-16Hz alpha
5 4-8Hz theta
6 0-4Hz delta

Table 2. Raw EEG signals are collected with a sampling rate of 256 samples per second, then decomposed by
powers of two into the frequency bands shown using a wavelet decomposition. The resulting frequency bands
are approximately equivalent to the standard EEG frequency band labels.

final clinical judgment: no clinical concern/typically developing, ASD, or non-spectrum concerns (e.g., symptoms
of ADHD, anxiety, language delay). Infants were included in the ASD group if they had a CSS score of 4 or higher
and received a final clinical judgment of ASD. In total, 150 participants received a final clinical evaluation at 36
months, 23 participants at 24 months, and 15 participants at 18 months.

Final diagnostic outcomes and EEG measurements from at least two visits were available from a total of 188
children and were included in this study. For the purposes of this study, all visits were treated as independent
encounters. For example, all EEG measurements taken at 12-month visits were used to predict outcomes inde-
pendent of measurements taken at other ages for the same participant. Although a growth trajectory analysis was
beyond the scope of this study, we performed one classification test by combining measurements from 6 months
and 9 months into a single set of features for subjects who had both 6- and 9-month visits.

EEG Collection Procedure. Infants were seated on their mothers’ laps in a dimly lit, electrical- and
sound-shielded testing room. An experimenter was in the room and blew bubbles throughout the procedure to
maintain the infants’ interest, limit movement and increase tolerance of the electrode net. The baby’s head was
measured and marked with a washable wax pencil to ensure accurate placement of the net, which was then placed
over the scalp. Prior to fitting the sensor net over the scalp, the sponges were soaked in electrolyte solution (6cc
KCL/liter distilled water) in order to facilitate electrical contact between the scalp and the relevant electrode.
Scalp impedances were checked on-line using NetStation software (EGI, Inc, Eugene OR), the recording software
package that runs this system. For most participants, at least two minutes of baseline activity were recorded, but
depending on the willingness of the infant, recording periods may have been limited to two minutes.

Continuous EEG was recorded using either a 64-channel Geodesic Sensor Net or a 128-channel HydroCel
Geodesic Sensor Net (Electrical Geodesics Inc., Eugene, OR; https://www.egi.com/research-division/
geodesic-sensor-net) referenced online to vertex (Cz). The data were amplified, filtered (band pass 0.1-100.0 Hz),
and sampled at a frequency of either 250 Hz or 500 Hz. The latter were downsampled to 250 Hz before further
analysis. Signals were digitized with a 12-bit National Instruments Board (National Instruments Corp., Woburn
MA). Data from 19 sensors uniformly distributed across the scalp were used in our analysis. The locations of the
sensors chosen for analysis are the standard 10-20 montage: Fp1, Fp2, F7, F3, Fz, F4, F8, T7, C3, Cz, C4, T8, P7,
P3, Pz, P4, P8, O1, O2. The same subset of sensors was used regardless of which Geodesic Sensor Net was used
to measure the data.

EEG Data Analysis. Each of the EEG samples was processed in an identical manner by the following steps.
Continuous 30-second segments were selected from the beginning of each of the EEG recordings for each subject
when the child was sitting quietly. No splicing of segments or selection based on review was performed.

Frequency Bands. The signal or time series from each sensor was decomposed into multiple frequency
bands using a wavelet transform*®. We note that the Haar wavelet transform yields a multiscale decomposition
that is mathematically equivalent to the coarse-graining procedure introduced by Costa et al.*” for multiscale
entropy analysis of biological signals. The coarse-graining procedure for signal decomposition has been used in
previous studies for multiscale entropy analysis of EEG*®. In the present study, we used the Daubechies (DB4)
wavelet, which is very similar to the Haar wavelet, but is more commonly used for signal analysis®.

Using the wavelet transform, each sensor signal is decomposed into six power-of-two frequency bands that are
approximately equal to the commonly used definitions of delta, theta, alpha, beta, gamma, and gamma + bands
used for EEG analysis. The specific software used for the wavelet transform is publicly available, along with
instructions and python code, at: https://pywavelets.readthedocs.io. Table 2 shows the six frequency bands used
in this study. For the remainder of this paper the standard frequency band labels will be used, but these refer spe-
cifically to the power-of-two bands shown in Table 2.

Nonlinear Signal Features. Nine nonlinear features were computed for each of the frequency bands derived
from each of the 19 sensors used in our analysis. A broad range of nonlinear features was computed to give as
complete a characterization of the signal dynamics as possible. The features computed included:

(i) Seven values derived from Recurrence Quantitative Analysis (RQA). RQA is an empirical approach to
analyzing time series data that is in principle capable of characterizing all of the essential dynamics of a
complex system. It has been found to be useful for analyzing “real-world, noisy, high dimensional data".
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Invariant measures computed with the NOLDS software package

Sample entropy measures the complexity of a time-series, based on approximate

Sample Entropy SampE entropy as discussed in our previous study=*

The hurst exponent is a measure of the “long-term memory” of a time series. It can be
used to determine whether the time series is more, less, or equally likely to increase
Detrended Fluctuation Analysis DFA if it has increased in previous steps. DFA measures the Hurst parameter H, which is
very similar to the Hurst exponent. The main difference is that DFA can be used for
non-stationary processes

Invariant measures derived from Recurrence Quantitative Analysis (RQA)

A measure of entropy derived from the diagonal lines of the recurrence plot, most
Entropy derived from recurrence plot L_entr | closely associated with the Shannon entropy. It is related to other measures of entropy,
such as the sample entropy above.

Lmax is related to the largest Lyapunov exponent of a chaotic signal, which is a
dynamic complexity measure that describes the divergence of trajectories starting at
nearby initial states®”. Higher Lyapunov exponents (lower Lmax values) are typically
associated with pathological conditions™"".

Max line length L_max

The time that two segments of the recurrence plot trajectory are close to each other,
Mean line length L_mean | and can be interpreted as the mean prediction time of the signal, a measure of chaos or
divergence from an initial point

The probability that a system state recurs in a finite time. RR has been found useful
Recurrence rate RR for detecting evoked response potentials (ERPs) using single trials’“. The concept is
similar to periodicity, but is more general.

DET comes from repeating patterns in the system and is an indication of its
predictability. Regular, deterministic signals, such as sine waves or deterministic chaos,
will have higher DET values, while uncorrelated time series, such as random numbers,

will cause low DET.

Determinism DETL

Laminarity represents fast transitions and instabilities, or the frequency of transitions
from one state to another, without describing the length of these transition phases.
More frequent appearance of laminar states may relate to more frequent “seeds” for

synchronized dynamics”™,

Laminarity LAM

Trapping time is an estimate of the time that a system will remain in a given state, such
Trapping time TT as the length of transition states, as opposed to the time for the transition to take place
(compare to LAM).

Table 3. Nonlinear invariant measures of a time series and their physical interpretation.

Software for computing recurrence plot statistics is publicly available in the python package pyRQA 0.1.0°".
A more complete discussion of RQA analysis may be found in the literature’***. Seven of the most com-
monly used recurrence plot values (RR, DET, LAM, L_max, L_entr, L_mean, and TT) were computed and
used in this study.

(ii) Sample entropy and Detrended Fluctuation Analysis, denoted by SampE and DFA, respectively, were also
computed. Sample entropy was the sole nonlinear feature used in our previous analysis of a subset of the
data analyzed for this study’’. DFA quantifies a different signal property and is a measure of the “long-term
memory  of a time series. It can be used to determine whether the time series is more, less, or equally likely
to increase if it has increased in previous steps. SampE and DFA were computed using publicly available
software “Nonlinear measures for dynamical systems” or nolds, version 0.3.2, which can be downloaded
from (https://pypi.python.org/pypi/nolds).

These 9 measures and their general meaning are summarized in Table 3. In principle, these measures charac-
terize the dynamical features of the EEG time series, which should correlate to functional characteristics of the
neural network or brain that produced the time series. Although these measures are well-established physical and
mathematical values, their meaning in the context of neural science has only recently begun to be explored. To
our knowledge, this study is the first application of RQA and the other measures described here to developmental
neuroscience.

Feature Selection and Classification. The total feature set computed from each EEG session consists of
9 nonlinear values computed on 6 scales or frequency bands for each of 19 sensors, totaling 1026 features. Many
of these features are likely to be correlated. For example, spatially close sensors might have correlated signal
properties. SampE and L_entr are both measures of entropy, though derived by entirely different algorithms.
Discovering the most informative features for predicting emerging ASD was accomplished using feature-ranking
methods.

Several different learning algorithms were initially tested and compared for this study, including k nearest
neighbors, random forest, and support vector machine. All were found to give similar classification results. For
the remainder of this paper, all classification and prediction results reported were computed using the support
vector machine (SVM) method with radial basis functions. Feature selection was done with a recursive feature
elimination algorithm as described in’*, using the rfecv method in the Python open source package scikit-learn
(www.scikit-learn.org). Scikit-learn was used for all machine learning calculations, using all default parameters.

Prediction of ASD and Symptom Severity. A prediction of the binary diagnostic outcome, either ASD
or not-ASD, was computed from the nonlinear features described above using a leave-one-out cross validation
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Figure 2. A schematic representation of classification with a support vector machine (SVM) method is shown
with 3 dimensions representing 3 features. The training set is used to create a model or separating hyperplane

in the feature space. Axes of the feature space are the nonlinear EEG features. Test subjects are then classified by
determining which side of the plane the subject’s features places them. ASD and LRC- subjects are used for the
training set. Leave-one-out cross validation leaves out a single subject from the training set and then makes a
prediction for the left-out subject. The distance of a subject from the hyperplane can be used to estimate severity.
This distance was scaled to approximate the Calibrated Severity Score (CSS), where 1.0 is the lowest score for
children with no autism symptoms and 10 is the highest score for the most severe autism cases.

procedure. The cross-validation procedure is illustrated in Fig. 2 using three dimensions to represent three fea-
tures. The procedure is as follows.

The training set is used to find the model or separating hyperplane that divides the feature space into halves.
The SVM method is a formal algorithm for finding the plane that best separates the two groups. The plane that
separates two groups is illustrated in Fig. 2. We note that the axes in this illustration represent the nonlinear EEG
features. In practice, there are as many dimensions as there are features. The training set of data containing data
points for each outcome group is used to define the plane. New data points can then be classified using their EEG
features to determine the location in feature space, which lies on one side of the plane or the other.

Ideally, the training set is a large set used to find the model plane and the test set is an entirely new set of sub-
jects that are classified to find sensitivity and specificity of the model. When such large independent data sets are
not available, cross validation is a process whereby a single subject is left out of the training set, and the resulting
plane is then used to classify the left-out subject. This process is repeated for every subject. For our data, ASD and
LRC— subjects are used for the training set with a leave-one-out cross validation scheme. The HRA — subjects are
also classified, using all the ASD and LRC— subjects for the training set. Thus, the outcome of every subject is pre-
dicted from data derived from the other subjects of the same age group. This prediction can then be compared to
the known outcome and determined to be true positive, true negative, false positive, or false negative. Sensitivity,
specificity and PPV are computed from these quantities with standard definitions.

The distance of a subject from the hyperplane can be used to estimate severity. This distance was scaled to
approximate the Calibrated Severity Score (CSS), where 1.0 is the lowest score for children with no autism symp-
toms and 10 is the highest score for the most severe autism cases. Prediction of CSS values used the same training
sets and leave-one-out cross validation as was used for the classification of binary outcomes.

Significance Testing. The significance of the classification results for each method was estimated empiri-
cally using the permutation approach described in*”. Because classification accuracies were high, the empirical
p-value in every case was 0, or p < .01 since 100 trials were used.

Multiscale and Frequency Bands. Multiscale entropy was first described by Costa et al.*” as a method for
analyzing physiological signals. The scaling procedure generally uses the coarse-graining or averaging algorithm
illustrated in Fig. 3. For power-of-two scales (2, 4, 8, 16, ...) the time series produced by this procedure are iden-
tical to the Haar wavelet transform?*®. Multiscale analysis is applied to all of the measures computed in this paper,
including sample entropy, which is the primary measure for multiscale entropy.

The connection between the coarse-graining algorithm and wavelets is important because a great deal is
known about the properties of wavelet transforms. In particular, wavelets can be associated with common
frequency bands. For example, if an EEG signal has a sampling rate of 256 Hz, then the signal contains frequen-
cies up to 128 Hz, as determined by the standard Nyquist limit*°. Scale 2 in the coarse-graining procedure is
equivalent to wavelet approximation level 1, and contains all frequencies up to one-half of the original signal,
0 to 64 Hz. The averaging process removed the highest frequencies. Continuing the averaging process gives the
results shown in Table 4, which shows the relationship between coarse-graining scales and frequency bands.
The approximate frequencies used in neurophysiology, delta (0-4 Hz), theta (4-7 Hz) and so on, are also shown
in Table 4. We note that the signals recorded in our study were hardware bandpass filtered in the 0.1-100 Hz

SCIENTIFICREPORTS | (2018) 8:6828 | DOI:10.1038/s41598-018-24318-x 6



www.nature.com/scientificreports/

Yi Y2 V3 . e R, 5.

3 £ L3 L ] ® 3 &
X1 X2 X3 X4 X5 Xg Xi XinXi+2

Y1 Y2 - Yj 3

Figure 3. The coarse-graining procedure introduced by Costa et al.*’ is illustrated. For powers of 2, the
resulting scaled time series are identical to Haar wavelet transform approximations.

0-128 Hz original signal

1 0

2 1 0-64 Hz 64-128 Hz high gamma
3 2 0-32Hz 32-64Hz gamma

4 3 0-16Hz 16-32 Hz beta

8 4 0-8Hz 8-16Hz alpha

16 5 0-4Hz (delta) 4-8Hz theta

Table 4. The coarse-graining procedure is mathematically identical to the Haar wavelet transform. For signal
collected with a sampling rate of 256 samples per second, the frequency bands contained in the scales, wavelet
approximations, and wavelet details are shown.

range. Thus, the band labeled high gamma has signals in the 64-100 Hz range, and the delta band has signals
in the 0.1-4 Hz range.

Wavelet transforms decompose a time series similarly to the coarse-graining procedure, but also retain the
details that have been removed in each step. Wavelet approximations are equivalent to the multiscale ranges,
while the wavelet details contain the higher frequencies that have been removed. Thus, the multiscale procedure
introduced by*’ may be identically replaced by a wavelet transform if the approximations are used. Alternatively,
multiscale values might be computed on the wavelet details, which contain frequency ranges that are similar to
the traditional EEG signal bands.

For this study, we used the more appropriate DB4 wavelet transform to derive the wavelet details, which are
power-of-two frequency bands. The closest traditional labels (delta, theta, alpha, beta, gamma, and gamma-plus)
to the wavelet detail are shown in Table 4. For the remainder of this paper, six non-overlapping frequency bands
are used for all analysis and the traditional frequency band labels are used in figures. The original signal, denoted
by scale 1 in the coarse-grain procedure or the level 0 wavelet, was included in our early analysis, but the feature
ranking and selection algorithms never chose the full spectrum original signal for classification. Thus, only the
wavelet details as shown in Table 4 are considered further.

Required Software Packages. All computations performed for this study were carried out using python
code. All required calculations used standard python packages, including numpy and scipy, and other publicly
available packages listed here:

eegtools (for reading edf files): https://github.com/breuderink/eegtools

pywavelets (for wavelet decomposition): https://pywavelets.readthedocs.io

pyrqa (RQA calculations): https://pypi.python.org/pypi/PyRQA/

nolds (Sample entropy and DFA calculations): https://pypi.python.org/pypi/nolds
scikit-learn (feature ranking and machine learning): http://scikit-learn.github.io/stable

Unless noted otherwise, default parameters were used for all function calls, such as feature selection and
machine learning computations.

EEG Data Availability. The methods described above can be applied to any set of EEG data, together with
diagnostic labels. The specific participant data used for our study was consented specifically for use by researchers
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