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Abstract

Accurate means to detect mild traumatic brain injury (mTBI) using objective and quantitative
measures remain elusive. Conventional imaging typically detects no abnormalities despite
post-concussive symptoms. In the present study, we recorded resting state magnetoence-
phalograms (MEG) from adults with mTBI and controls. Atlas-guided reconstruction of rest-
ing state activity was performed for 90 cortical and subcortical regions, and calculation of
inter-regional oscillatory phase synchrony at various frequencies was performed. We dem-
onstrate that mTBlI is associated with reduced network connectivity in the delta and gamma
frequency range (>30 Hz), together with increased connectivity in the slower alpha band (8—
12 Hz). A similar temporal pattern was associated with correlations between network con-
nectivity and the length of time between the injury and the MEG scan. Using such resting
state MEG network synchrony we were able to detect mTBI with 88% accuracy. Classifica-
tion confidence was also correlated with clinical symptom severity scores. These results
provide the first evidence that imaging of MEG network connectivity, in combination with
machine learning, has the potential to accurately detect and determine the severity of mTBI.

Author Summary

Detecting concussion is typically not possible using currently clinically used brain imag-
ing, such as MRI and CT scans. Magnetoencephalographic (MEG) imaging is able to
directly measure brain activity at fast time scales, and this can be used to map how various
areas of the brain interact. We recorded MEG from individuals who had suffered a
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concussion, as well as control subjects who had not. We found characteristic alterations of
inter-regional interactions associated with concussion. Moreover, using a machine learn-
ing approach, we were able to detect concussion with 88% accuracy from MEG connectiv-
ity, and confidence of classification correlated with symptom severity. This potentially
provides new quantitative and objective methods for detecting and assessing the severity
of concussion using neuroimaging.

Introduction

Detection of mild traumatic brain injury (mTBI) using neuroimaging remains a challenge, as
no abnormalities are typically apparent using routine MRI [1, 2]. Accordingly, diagnosis is
usually a clinical judgement based on self-report measures and behavioural assessments.
Despite the lack of apparent injury on conventional clinical scans, many patients with mTBI
suffer post-concussive symptoms (PCS). Although such symptoms typically resolve within a
few months, a subset of individuals continue to experience long-term cognitive and beha-
vioural impairments [3-5], underscoring the need for quantitative and objective methods for
detecting and determining the severity of mTBI. The presence of lingering PCS indicates the
presence of subtle brain injuries, with significant functional consequences that cannot be
detected using current clinical techniques; there is a need to develop new imaging approaches
for the detection of mTBI using quantitative and objective evidence.

Recent advances in magnetoencephalographic (MEG) imaging indicate that identification
of mTBI is possible through detection of excessive slow-wave activity [6] and that this
approach can localize the foci of the damage [7]. MTBI is associated with altered white matter
microstructure as indicated by diffusion tensor imaging (DTI), in agreement with the view
that mTBI results in axonal injury [8]. The focal excessive MEG slow wave activity has been
shown to be related to the location of white matter injury, consistent with the supposition that
oscillatory slowing can occur from deafferentation [9].

Disruption of inter-regional oscillatory synchrony in mTBI has been reported using EEG
[10]. Oscillatory synchrony among brain areas is understood to play a vital role in network
connectivity supporting cognition and behaviour [11, 12], and the expression of such neuro-
physiological network connectivity at rest relates to the intrinsic organization of brain activity
pertinent for brain function and its dysfunction in clinical populations [13]. Converging evi-
dence now indicates that traumatic brain injury is associated with diffuse axonal injury, which
disrupts intrinsic functional network connectivity, thereby contributing to associated cognitive
sequelae [14].

Machine learning approaches have been successfully combined with imaging of intrinsic
functional brain connectivity during resting state to accurately classify single individuals [15,
16]. Moreover, electrophysiological recordings from subjects have also been shown to be effec-
tive for accurately determining group membership of individuals [17, 18]. We used MEG to
investigate alterations in resting state oscillatory network synchrony in adults with mTBI, and
investigated the hypothesis that machine learning algorithms could accurately detect mTBI in
individual subjects.

Results

Two groups participated in this study: adults with mTBI and adult healthy controls. Resting
state MEG data were recorded, and neuromagnetic activity was reconstructed at anatomically-
guided, a priori defined locations representing cortical and subcortical brain sources from the
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Automated Anatomical Labeling (AAL) atlas. The time-frequency representation of the source
dynamics was derived using wavelet decomposition. Functional connectivity between the neu-
romagnetic sources was estimated in terms of frequency-specific phase-locking values. A linear
support vector machine (SVM) algorithm in combination with cross-validation was applied to
classify the subjects into two groups: mTBI and controls. Classification analyses were per-
formed on different sub-sets of features, associated with different oscillatory frequencies. Clas-
sification accuracies were estimated. Associations between confidence of classification and
self-reported clinical scores were investigated in the mTBI group. In addition, Partial Least
Squares analysis was applied to evaluate the statistical reliability of group differences in func-
tional connectivity.

Detection of TBI using MEG network synchrony

Frequency and source resolved imaging of resting MEG network synchrony was able to accu-
rately detect whether individual participants had been diagnosed with mTBI or not. Fig 1
shows the predictive power of phase synchrony measured at 30 specific frequencies points cov-
ering the range between 1Hz and 75Hz. Specificity remains stable around 80% and fluctuates
slightly (76-83%) within a relatively wide range of frequencies: from 3Hz to 50Hz. Conversely,
sensitivity and hence total accuracy have a local maximum around 8-13Hz (o rhythms), reach-
ing 80%.

Fig 2A provides a more aggregated view of the results shown in Fig 1. Specifically, predic-
tion accuracy is given as functions of frequency bands, each including the features from several
frequency points (wavelets). Fig 2B illustrates the same prediction accuracies with respect to
the random chance prediction, wherein the distributions of accuracies were generated by shuf-
fling the labels (mTBI or not) across subjects, and repeating the same procedure 500 times.
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Fig 1. Prediction accuracy of classification. (A) sensitivity; (B) specificity; and (C) total accuracy, as functions of
frequency (wavelets). Classification with cross-validation was performed separately for 30 subsets of features—
connectivity matrices computed at specific frequency points.

doi:10.1371/journal.pchi.1004914.9001
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Fig 2. Prediction accuracies of classification as functions of frequency bands, wherein individual
wavelet frequencies were grouped into 5 subsets (A), and corresponding accuracies of classification
based on randomized labels representing presence or absence of mTBI (B). The red marks in panel B
represent the same accuracies as in panel A.

doi:10.1371/journal.pchi.1004914.9002

gamma

With an accuracy of 80% (p < 0.01), inter-regional resting state phase synchrony in the o band
carries the most discriminative information for inferring the presence or absence of mTBI
within a single individual. Accordingly, the remainder of the results presented in this section
pertain to phase synchrony in the o band, using features that individually provided the highest
separability between mTBI and controls under the ROC criterion.

The list of ranked features reflects an estimate of how valuable a given feature was found to
be for classification. We can choose the best number of features, i.e. the number that
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Fig 3. Prediction accuracy of classification. (A) sensitivity; (B) specificity; and (C) total accuracy, as functions of the
number of best features ranked before training. All the features were extracted from a subset representing phase
synchrony at a frequencies (see Fig 2A).

doi:10.1371/journal.pcbi.1004914.9003

maximizes prediction accuracy. In this case, the dimensionality of the feature space will corre-
spond to the number of source-pairings within the alpha range. Note that in this study the fea-
tures were ranked using training data at each round of leave-one-out cross-validation. While
the number of features to keep was set a priori, the best features themselves were determined
within each round of cross-validation. Fig 3 shows accuracy values as functions of the number
of best features selected for classification analysis with cross-validation. As can be seen from
Fig 3C, classification accuracy can be improved with a proper threshold on the number of vari-
ables k with two peaks around k = 8-15 and k = 30-35. For example, for k = 33 accuracy is
88%, with 90% specificity and 85% sensitivity (all p < 0.01).

To investigate potential relations between SVM classification and symptom severity
obtained from the concussion assessment tool (SCAT2), we quantified the distance to the deci-
sion boundary for each subject, and correlated these values with clinical scores for participants
within the mTBI group. Note that the larger the distance that an individual is from the decision
boundary, the higher our confidence that a subject with mTBI is classified correctly as mTBI.
Similar to the procedure shown in Fig 4, for each subset of featuresk =1, . . ., 100, we com-
puted the distances to the decision boundary for mTBI patients, and correlated these distances
with the severity and symptom scores, shown in Fig 4A and 4B, respectively. Two scatter plots
with superimposed least-squares regression lines illustrate relations between these variables at
two peaks, k = 11 for severity (Fig 4C), and k = 33 for symptoms (Fig 4D). Note that negative
distances at the scatter plots reflect cases of misclassification, when the learning function F(x)
projects the feature vectors x of mTBI subjects to other side of the optimal hyperplane, corre-
sponding to controls. Moreover, the confidence of classifying a subject as mTBI positively cor-
related with the self-reported severity scores (Fig 4A), reaching a local maximum (r = 0.54,
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Fig 4. Correlations between the classification confidence (MEG-based measures) and self-reported clinical
scores. (A) severity; and (B) symptoms for mTBI patients. The higher confidence that a given subject is classified as
having mTBI, the higher the corresponding clinical scores. The correlations are shown as functions of the number of best
features extracted from alpha connectivity and ranked before training. Scatter plots between classification confidence and
clinical scores are shown at specific thresholds: k = 11 and k = 33 for (C) severity score; and (D) symptoms scores,
respectively.

doi:10.1371/journal.pchi.1004914.9004

p < 0.05) atk = 11. It also correlated positively with the symptoms scores with a peak of
r = 0.34 (p-value< 0.10) around k = 33.

Finally, Fig 5 illustrates a distribution of the connections extracted from the pool of the best
k = 33 features in the o band. It plots connections within a transparent template of the brain in
the MNI space, using the BrainNet Viewer [19]. The width of the connections represents the
weights are between —1 and 0, where being close to —1 implies a robust contribution of a spe-
cific connection to classification, and zero means no contribution. Specifically, for each wave-
let frequency within the o range and each round of cross-validation (m =1, .. ., 41), we
assigned —1 to a connection if this feature survived the threshold and participated in classifica-
tion, otherwise it was 0, subsequently averaging across subjects and wavelets frequencies. The
ability to predict evidence of injury of a subject is largely based on synchrony between frontal
and parietal/temporal sites, located mainly in the left hemisphere.

Altered neurophysiological network connectivity in mTBI

We also employed PLS to characterize and test the statistical reliability of differences in resting
state network synchrony between adults with and without mTBI. This analysis revealed the
existence of one significant latent variable (p = 0.002) which indicated alterations of resting
MEG network synchrony in mTBI (Fig 6A). The overall distribution of all the bootstrap ratio
values, each associated with a pair-wise connection between the sources and frequencies, is
shown in Fig 6B. As can be seen, there are relatively large positive and negative bootstrap ratio
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Fig 5. Spatial distribution of 33 best features (connectivity at alpha frequencies), which were used for prediction (see
Fig 3). The red spheres indicate the location of the 33 best features (connections) for detection of mTBI, while the blue lines
represent the inter-regional alpha connections (features). Line thickness denotes the robustness of contribution of specific
features across subjects. The same connectiones are plotted in Fig 8B in a matrix form.

d0i:10.1371/journal.pchi.1004914.9005

values, which reflect phase-locking and phase scattering effects, respectively, in controls with
respect to mTBI.

The difference between increased and decreased phase locking is broken down further in
Fig 6C and 6D, which shows how the strength of these effects varies across frequencies. Specifi-
cally, we identified the 1% tails, cut off by the 0.01- and 0.99-quantiles of the overall distribu-
tion of the bootstrap ratio values in Fig 6B. At each frequency, the number of connections with
the bootstrap ratio values larger than the 0.99-quantile (right tail) was computed and plotted
in Fig 6C. The strongest effects are robustly expressed at 8 and lower y frequencies, directly
supporting higher phase locking in controls compared to mTBI at these frequencies. Similarly,
the number of connections in the left tail defined by the 0.01-quantile is plotted in Fig 6D, as a
function of frequency. These connections also support the contrast in Fig 6A, but in a reverse
way, representing hyper-connectivity in the mTBI which were strongest at o frequencies.

Pair-wise connections that show decreased phase synchrony in the § and lower y bands in
mTBI are depicted in Fig 7. The bootstrap ratio values were averaged across wavelet frequen-
cies within corresponding frequency bands. A threshold of >1 was used for the figures to
emphasize the spatial distribution. Reduced & and y resting phase synchrony in mTBI was

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004914 December 1, 2016 7/24
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Fig 6. Differences in phase synchrony between the mTBI and Controls in the PLS analysis. Panel (A) illustrates the
contrast between two groups. Expression of this contrast is shown in (B) as the distribution of all the bootstrap ratio values
for phase-locking value between each pair of regional neuromagnetic sources at all frequencies. The distribution of these
effects across frequencies, related to a decrease (C) and increase (D) in phase synchrony in mTBI participants relative to
controls is plotted as the number of connections whose bootstrap ratio values belong to the corresponding 1% tails. The
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doi:10.1371/journal.pcbi.1004914.9006
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Fig 8. The 90 x 90 maps of increased phase synchrony at alpha frequencies in mTBI. (A) z-scores associated with the
increases in connectivity in mTBI; and (B) connections cotributing to classification, robustrly across frequencies and subjects.
Similar to Fig 7, panel A shows only the connections associated with the bootstrap ratio values less than -1. To compare the hyper-
connectivity in mTBI at alpha frequencies with classification results, Panel B represents a matrix version of the 3D spatial pattern
(Fig 5), which corresponds to the situation wherein 33 best features are used for prediction (see Fig 3).

doi:10.1371/journal.pchi.1004914.9008

most pronounced between occipital areas and other brain regions, and also preferentially
involved temporal lobe connections. Similar to Figs 7 and 8A was created with a threshold of
<-1, and shows the distribution of pair-wise connections associated with increased phase syn-
chrony in mTBI at o frequencies. It is interesting to note that the distribution of connections
which carry discriminative information between mTBI and controls, as illustrated on the
transparent brain in the MNI space (Fig 5) and its matrix version (Fig 8B), is part of the spatial
pattern representing hyper-connectivity of o rhythms in mTBI (Fig 8A), which involved
numerous temporal and parietal connections.

To quantitatively compare the contribution of individual frequency bands to the contrast
depicted in Fig 6A, we performed a series of steps testing difference in proportions. First, we
identified the wavelets closest to the central frequencies of five canonical frequency bands: 2
Hz (delta), 6 Hz (theta), 11 Hz (alpha), 23 Hz (beta), 48 Hz (lower gamma). Then, for a given
z-sore threshold (1% tails), at each central wavelet frequency, we counted connections (out of
the total 90*89/2 = 4005) within the positive and negative tails of the overall distribution of z-
scores (see Fig 6C and 6D).

For the effects defined by the tail with negative z-scores, where we observed a peak around
8 Hz (Fig 6D), we ran two-sample proportion z-tests between the alpha and other frequencies.
Specifically, we tested if the numbers of connections within the negative tail at two frequency
points were statistically different. We found that the number of connections was significantly
higher at alpha relative to delta (p = 0.0013), beta (p = 0.0238), and lower gamma (p<0.0001),
but not theta (p = 0.757).

For the positive tail of z-scores (Fig 6D), where we identified two peaks around 2 Hz and 75
Hz, we performed a series of similar two-sample proportion z-tests. We found that the number
of connections from the positive tail was statistically higher at delta relative to theta
(p = 0.0035) and alpha (0.0013), whereas the number of connections at gamma was higher
than theta (p<0.001), alpha (p<0.001), and beta (0.0015), but not delta (p = 0.1211).

In addition, Fig 9 provides an example of the effects shown in Fig 6C and 6D, indicating the
range of absolute values of PLV for specific connections at the characteristic frequencies.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004914 December 1, 2016 9/24



®'PLOS

COMPUTATIONAL

BIOLOGY

Detecting MTBI Using Resting MEG Connectivity

05
04 r

S

—l

a .

= 0.3

=)

©

>

o

£

¥ 02| ? ‘

o l

[}

v

(g0}

<

- I
0.1r I

mTBI Control mTBI Control mTBl Control

0 o Y

Fig 9. Phase-locking values for three specific connections at three characteristic frequencies. i)
between the left middle occipital gyrus (Occipital Mid L) and the left median cingulate and paracingulate gyri
(Cingulum Mid L) at 2 Hz; ii) between the temporal pole of the left middle temporal gyrus (Temporal Pole Mid
L) and the left gyrus rectus (Rectus L) at 8 Hz; and iii) between the left inferior temporal gyrus (Temporal Inf R)
and the right calcarine fissure and surrounding cortex (Calcarine R) at 75 Hz. Shown are the means across
subjects and corresponding standard errors.

doi:10.1371/journal.pcbi.1004914.9009

Specifically, Fig 6 depicts a spatiotemporal interplay between synchronizations and de-synchro-
nizations in the delta, gamma, and alpha frequency bands, and we chose three connections
with the largest z-scores to illustrate the effects: i) between the left middle occipital gyrus
(Occipital Mid L) and the left median cingulate and paracingulate gyri (Cingulum Mid L) at 2
Hz; ii) between the temporal pole of the left middle temporal gyrus (Temporal Pole Mid L) and
the left gyrus rectus (Rectus L) at 8 Hz; and iii) between the left inferior temporal gyrus (Tem-
poral Inf R) and the right calcarine fissure and surrounding cortex (Calcarine R) at 75 Hz.
Finally, we explored the effect of the length of time between injury and scan acquisition on
resting MEG connectivity. We applied the behavioural PLS analysis to correlate the phase lock-
ing value with the time between brain injury and scanning. PLS analysis revealed a significant
latent variable (LV) with p = 0.016, which is plotted in Fig 10A as an overall correlation (first
component of LV) and a distribution of all the bootstrap ratio values (second component of
LV), each associated with a unique combination of frequency and source pairing. The right
(red) and left (blue) tails of the histogram in Fig 10B represent robust positive and negative

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004914 December 1, 2016 10/24
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Fig 10. Characteristic temporal scales of the correlations between the phase synchronization and and the
length of time elapsed between injury and scan, as revealed by behavioural PLS analysis. (A) overall
correlation (similar to the contrast in contrast PLS); (B) overall distribution of all the bootstrap ratio values, each
associated with a unique combination of frequency point and source pairing (the tails represent the most robust
effects); (C) strength of the effects of positive correlations between phase-locking and time of scanning, expressed
as frequency-specific number of connections from the right (red) tail in Panel B; and (D) frequency-specific number
of connections from the left (blue) tail in Panel B, reflecting the negative correlations between phase synchrony and
time of scanning.

doi:10.1371/journal.pcbi.1004914.9010

correlations, respectively, between the length of time between injury and scan and phase syn-
chronization. Frequency-specific number of connectins in these tails are shown in Fig 10C and
10D, respectively. As can be seen from Fig 10D, the effect for negative correlations between the
connectivity at alpha frequencies and time of scanning is strongest at alpha frequencies. In
other words, the more time that has passed since injury, the less connectivity we observed in
the alpha frequency band. It is worth noting that mTBI patients, when compared to controls,
were characterized by increased connectivity at alpha frequencies (Fig 6D).

Discussion

The present study provides the first evidence for altered resting state neuromagnetic phase
synchrony in a group of patients with mTBI, and showed that these alterations were associated
with the amount of time elapsed between injury and scan acquisition. More importantly, we
demonstrate that atypical MEG network connectivity, in combination with SVM learning, can
accurately detect mTBI. This is an important step forward as mTBI is typically not detectible
using conventional imaging. Our findings indicate that neurophysiological network imaging
using MEG may provide an objective method for detection of mTBI. Moreover, we show that
the distance of individual participants from the classification decision boundary was correlated
with clinical symptom severity. These results demonstrate that MEG imaging of resting state

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004914 December 1, 2016 11/24



®'PLOS

COMPUTATIONAL

BIOLOGY

Detecting MTBI Using Resting MEG Connectivity

functional connectivity may offer new approaches for assessing and tracking injury severity in
mTBIL

Using a data-driven approach, we showed that group differences can be characterized in
terms of interplay between synchronizations and desynchronizations at different frequencies.
Specifically, we observed more increases in connectivity around theta/alpha frequencies in
mTBI, whereas more decreases in connectivity in mTBI were detected for delta rhythms. This
fits the hypothesis that processing of information in the brain requires both phase synchrony
and phase scattering. Speculatively, phase synchronization can be viewed as a mechanism for
long-range integration, whereas phase scattering can be a strategy to allow different local neu-
ral ensembles to share the same frequency channel by assigning specific neural signals to their
own timeslots. Furthermore, we also found that the length of time elapsed between injury and
scan tended to be negatively correlated with alpha synchronization and positively correlated
with delta connectivity. These results may indicate that brain plasticity, a fundamental prop-
erty for functional recovery from brain injury [20], may potentially be described in terms of
redistribution of phase synchronyzation and phase scattering at different rhythms.

A similar pattern of the interplay between increases and decreases in functional connectiv-
ity was reported in an MEG study of TBI patients in two conditions: following an injury and
after a rehabilitation treatment [21]. Noticeably, the study reported an opposite pattern, as
increases in connectivity at higher frequencies such as alpha and beta, and conversely
decreases in connectivity for delta and theta rhythms were associated with recovery from TBI.
One of the key differences between the two studies was the time since injury. In our study,
MEG data were recorded from mTBI patients, who were all within 3 months of injury (on
average, one month). In [21], the mean time since injury was almost 4 months, and the reha-
bilitation program lasted for about 9 months.

Prior studies have indicated that resting state MEG can be used to detect mild and moderate
TBI at the level of single individuals, but rather than focusing on inter-regional oscillatory syn-
chrony, such research focused on the regional expression of excessive slow-wave activity [6, 7].
It has been proposed that axonal sheering caused by rapid deceleration and rotational forces
plays a critical role in the pathology of TBI as well as its impact on functional networks and
cognition [14]. Interestingly, regional expression of increased slow-wave activity has been
shown to be either proximal to white matter abnormalities revealed by DTI, or in some cases,
remote if micro-structural abnormalities occur in a major tract innervating that region [8].
Furthermore, this implies that excessive slow-wave activity reported in prior studies may be
related to alterations in functional connectivity reported in the present investigation. Recent
evidence indicates that regional concentrations of oscillatory slowing also correspond to par-
ticular symptoms expressed [7], raising the question of whether region-specific differences in
functional connectivity may relate to specific patterns in post-concussive symptoms.

Research using EEG has also reported that electrophysiological interactions among brain
regions are atypical in mTBI. Reduced inter-hemispheric phase synchrony among EEG scalp
electrodes has been reported, and it was shown that such connectivity reductions in the beta
and gamma frequency ranges were associated with alterations in white matter microstructure
[10]. The network organization of resting state EEG connectivity has also been shown to be
altered in mTBI [22]. An MEG investigation of patients with mild, moderate and severe TBI
reported functional network disconnection in this group [23]. Using the data set employed in
the present study, we previously showed that resting state correlations in the amplitude enve-
lope of MEG activity is elevated in the delta, theta and alpha bands in mTBI, and that these
alterations are associated with cognitive and affective sequelae in this group [24]. Interestingly,
this pattern of alteration is different from MEG network alterations associated with PTSD
(which is often a co-morbidity of mTBI) which was associated with high-frequency increases
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in resting phase synchrony [25]. Neural oscillations and their synchronization among brain
areas are thought to play a critical role in cognition [11, 21], and resting neuromagnetic syn-
chrony and amplitude correlations are presently thought to reflect intrinsic functional net-
works underpinning cognition, perception and their disturbance in clinical populations [13].
EEG research has also indicated that reduced electrophysiological interactions among brain
areas may contribute to cognitive and behavioural problems associated with PCS. Reduced
EEG coherence, for example, has been observed during visuospatial working memory in
mTBI [26] and disrupted organization of network synchronization during episodic memory
processing has also been reported [27]. Such reports of altered task dependent connectivity are
congruent with reports of atypical electrophysiological and hemodynamic responses during
cognitive processing following mTBI [28].

MRI studies have indicated altered functional network connectivity in mTBI [29-31], in
the very low hemodynamic frequency oscillations measured by fMRI, which have been related
to cognitive problems and recovery in this group [32]. During resting state, fMRI abnormali-
ties have been reported which encompass visual, limbic motor and cognitive networks [29].
Altered default mode network connectivity [32] and regulation have been reported in mTBL
Spontaneous BOLD correlations have also been shown to be atypical in thalamocortical net-
works in mTBI patients, and these alterations are correlated with both clinical symptomatol-
ogy and cognitive performance [30]. That altered connectivity is prominent in both
neurophysiological and hemodynamic imaging studies is not surprising, as damage to white
matter tracts in the form of diffuse axonal injury is common in severe brain injury [32-35].
Investigations of brain microstructure in such populations indicate altered axonal structure in
both gray and white matter [36-38].

The present study capitalizes on rapidly emerging methods combining analysis of brain
network connectivity with machine learning approaches supporting classification at the level
of individual participants. This provides new insights into complex spatiotemporal shifts in
intrinsic coupling in neurophysiological brain networks following mTBI. More importantly,
the present work provides potentially clinically translatable methods that will permit the detec-
tion of mTBI in single individuals where conventional radiological imaging approaches are
inconclusive. The finding that classification confidence is associated with self-reported symp-
tom severity indicates that these methods may provide quantitative and objective measure-
ments of brain changes underlying PCS. This could have significant impact on current clinical
practice. An objective, quantitative method for diagnosing brain dysfunction after mTBI
would allow identification of patients at risk for a subsequent injury, be invaluable for develop-
ing parameters around return to play / work / duty, and assist in developing guidelines for pro-
viding care, monitoring treatment efficacy and tracking recovery.

Materials and Methods
Participants

MEG data were recorded from 20 men with mTBI (21-44 years of age, mean = 31+7 years, 2
left-handed), all within three months of injury (days since injury = 32 + 18 days). Participants
with mTBI were recruited through the Emergency Department of Sunnybrook Health Science
Centre in Toronto. The inclusion criteria were: concussion symptoms while in emergency;
Glasgow Coma Scale >13 (within 24 hours of injury); if loss of consciousness occurred, then
less than 30min; if post-traumatic amnesia occurred, then less than 24 hours; causes of head
injury were clear (e.g., sustaining a force to the head); no skull fracture; no abnormalities on
Computer Tomography (CT) scan and no previous incidences of concussion. Participants in
the mTBI group completed the Sports Concussion Assessment Tool 2 (SCAT2) Symptom
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Checklist and Symptom Severity Score; were able to tolerate the enclosed space of the MRI;
were English speaking and able to complete tasks during MEG and MR scans and able to give
informed consent. The mean Severity score of mTBI patients was 20 + 19, whereas the Symp-
tom score was 9 + 6. The MEG and MRI scans were obtained, on average, on 32nd day since
injury: 32 + 18 days. Potential participants were screened prior to recruitment and none of the
mTBI participants reported any post-traumatic stress disorder, neurological or psychiatric
symptoms, and psychoactive medication use. All of the MRI scans were read by a neuroradiol-
ogist, and there were no abnormalities noted.

An age- and sex-matched control group without any history of TBI included 21 participants
(20-39 years of age, mean = 27+5 years, 1 left-handed). The control group had no history of
TBI (mild, moderate or severe), no neurological or psychiatric disorders, and were not on psy-
choactive medications. None of the participants had MRI contraindications such as metallic
implants or metal dental work. Data acquisition was performed with the informed consent of
each individual and with the approval of the Research Ethics Board at the Hospital for Sick
Children (SickKids).

Data acquisition

MEG data were acquired in a magnetically shielded room at SickKids using a whole-head
CTF system (MISL Ltd., Coquitlam, BC, Canada) with 151 axial gradiometers as well as ref-
erence sensors for gradient correction. For each subject, 5 minutes of MEG data were contin-
uously recorded at 600Hz using third-order spatial gradient noise cancellation. 60Hz and
120Hz notch filters were applied to MEG recordings. Data were also band-pass filtered
between 1Hz and 150 Hz with a fourth-order Butterworth digital filter applied first in a for-
ward, and then in a reverse direction so as to produce zero phase distortion. Head position
during testing was monitored via three localization coils, positioned at the nasion, and the
left and right pre-auricular points.

Anatomical MRI was performed on the same day at SickKids on a 3T MR scanner (MAG-
NETOM Tim Trio, Siemens AG, Erlangen, Germany) with a 12-channel head coil. The three
fiducial coils used in the MEG were replaced with radio-opaque markers for all participants.
These markers can be seen on their T1-weighted images for co-registration of the MEG source
locations to the MRI images. Anatomical images were collected by whole-brain T1-weighted
MRI scans (3D SAG MPRAGE: GRAPPA =2, TR/TE/TT/FA = 2300/2.96/900/9, FOV/

Res = 192x240x256, lmm isotropic voxels).

Reconstruction of neuromagnetic source activity

Individual MRI scans were normalized into Montreal Neurological Institute (MNI) space
based on the ICBM 2009¢ Nonlinear Symmetric 1 x 1 x Imm template [39]. We applied a
nonlinear diffeomorphic registration, as implemented in the ANTS toolbox [40,41]. This
transformation to MNI space was additionally used to warp a manually segmented inner skull
surface from the MNI ICBM template to subject space. Using this inner skull surface, a multi-
sphere head model was fit for each subject [42].

MEG data were co-registered to each participant’s individual anatomical MRI to constrain
neuromagnetic sources to subject-specific head shape and structural anatomy. To reconstruct
neuromagnetic source activity, we first selected 90 seed locations in MNI space, which repre-
sented all cortical and subcortical brain regions in the Automated Anatomical Labeling (AAL)
atlas [43]. Regions specified by the AAL atlas and located in the cerebellum were excluded
from the further analysis. For visualization purposes, the regions were re-ordered according to
which lobe each region belongs to. The new order of the regions is given in Table 1 (the left
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Table 1.

Region X, mm Z, mm Lobe
Frontal Inf Orb L(R) -37(40) -12(-12) Frontal
Frontal Inf Oper L(R) -49(49) 19(21) Frontal
Rectus L(R) -6(7) -18(-18) Frontal
Frontal Inf Tri L(R) -47(49) 14(30) Frontal
Frontal Mid L(R) -34(37) 35(34) Frontal
Frontal Mid Orb L(R) -32(32) -10(-11) Frontal
Frontal Med Orb L(R) -6(7) -7(-7) Frontal
Frontal Sup Orb L(R) -18(17) -13(12) Frontal
Frontal Sup Medial L(R) -6(-8) 31(30) Frontal
Frontal Sup L(R) -19(20) 42(44) Frontal
Supp Moror Area L(R) -6(8) 61(62) Frontal
Precentral L(R) -40(40) 51(52) Frontal
Rolandic Oper L(R) -48(52) 14(15) Frontal
Insula L(R) -36(38) 3(2) Frontal
Temporal Pole Mid L(R) -37(43) -34(-12) Temporal
Temporal Pol Sup L(R) -41(47) -34(-32) Temporal
Temporal Sup L(R) -54(57) 7(7) Temporal
Temporal Mid L(R) -57(56) -2(-1) Temporal
Temporal Inf L(R) -51(53) -23(-22) Temporal
Olfactory L(R) -9(8) -12(-11) Limbic
Cingulum Ant L(R) -5(7) 14(16) Limbic
Cingulum Mid L(R) -6(7) 42(40) Limbic
Cingulum Post L(R) -6(6) 25(22) Limbic
Hippocampus L(R) -26(28) -10(-10) Limbic
ParaHippocampus L(R) -22(24) -21(-20) Limbic
Amygdala L(R) -24(26) -17(-18) Limbic
Caudate L(R) -12(14) 9(9) Limbic
Putamen L(R) -25(27) 2(2) Limbic
Pallidum L(R) -19(20) 0(0) Limbic
Thalamus L(R) -12(12) 8(8) Limbic
Paracen7tral Lobule L(R) -9(6) 70(68) Parietal
Postcentral L(R) -43(40) 49(53) Parietal
Parietal Sup L(R) -24(25) 59(62) Parietal
Parietal Inf L(R) -44(45) 47(50) Parietal
SupraMarginal L(R) -57(5) 30(34) Parietal
Angular L(R) -45(45) 36(39) Parietal
Precuneus L(R) -8(9) 48(44) Parietal
Cuneus L(R) -7(13) 27(28) Occipital
Lingual L(R) -16(15) -5(-4) Occipital
Fusiform L(R) -32(33) -20(-20) Occipital
Calcarine L(R) -8(15) 6(9) Occipital
Occipital Sup L(R) -18(23) 28(31) Occipital
Occipital Mid L(R) -33(36) 16(19) Occipital
Occipital Inf L(R) -37(37) -8(-8) Occipital
AAL-based regional map with reference to the MNI atlas.

doi:10.1371/journal.pcbi.1004914.t001
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region goes first, followed by the right one). Specifically, for each region from the AAL parcel-
lation, the seed location was defined as a voxel within the region, which was closest, in the
mean-square sense, to the means of x-, y-, and z-coordinates, averaged across all the voxels in
this brain region [44]. Source estimation was performed at these 90 locations, using an adap-
tive spatial filter (vector beamformer) [45]. For each subject, 27 non-overlapping epochs of 10
seconds duration were extracted such that head motion within each epoch did not exceed
3mm in any direction for any of three head location coils.

Phase synchronization analysis

The time-frequency representation of the original time series for each reconstructed source
was derived from the wavelet decomposition, using a time-frequency toolbox [46]. Thirty fre-
quency points equally spaced on a logarithmic scale were selected to cover the range between
1Hz and 75Hz. The analysis of phase synchronization between the neuromagnetic sources was
performed on spectrally decomposed data. We computed phase-locking values [47], which are
known in the literature under different names such as mean phase coherence [48] or phase
synchronization index [49]. Phase synchronization emerged from studying coupled nonlinear
systems [50], and is based on an idea that the existence of correlations between the phases of
coupled systems does not imply correlation between their amplitudes.

A common method for obtaining phase dynamics for analyzing phase synchronization
between brain signals is based on wavelet transformation [51]. A signal can be decomposed
into a set of brief oscillatory patterns called wavelets. Specifically, wavelet coefficients W (z, f)
at time 1 and frequency f are obtained by convolving a given signal x(f) with a zero-mean spe-
cial function or wavelet v, (t):

W.(t.f) = JX(t)lﬁtf(t)dt (1)

—00

where v, (t) is a short segment of a oscillatory signal (wavelet) obtained from an elementary
function called the mother wavelet by dilutions and translations. Often, a specific form of the
mother wavelet is used, known as the Richer wavelet or Mexican hat function, which is defined
as the negative normalized second derivative of a Gaussian function. To decompose a signal at
a specific frequency fand time 7, the mother wavelet is compressed or dilated, and then trans-
lated such that y,, (¢) is centered at time 7. To maintain a consistent frequency resolution, the
bandwidth of the envelope is set to be inversely proportional to f, such that each wavelet con-
tains the same number of cycles.

In general, the coefficients W,(7, f) are complex numbers. The transformation Eq (1) thus
defines both the amplitude of signal x(f) and the phase over a range of times 7 and frequencies
f- The instantaneous phase ¢,(7, f) is the angular component (phase angle) of W.(, f).

The relative phase A, (7, f) of two signals, x(¢) and y(t), is defined as a time series of the dif-
ference between the instantaneous phase of each signal, namely

Agbx‘y(T?f) = d)x(T?f) - ¢y(r7f) (2)
which can be computed from the wavelet coefficients at time 7 and frequency ffrom

B0y () — W, (z,f) W; (t,f)
(W)W, (z.f)]

where W} (1, f) is the complex conjugate of W(z, f).
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The phase differences can be projected as a series of two-dimensional vectors onto the unit
circle, one per time point 7= 7y, .. ., 7y. The phase-locking value PLV  ,(f), which reflects the
amount of phase-synchrony between two signals across time, is computed as the length of the
resultant (mean) vector:

PLV . (f) = (")), = (4)

1 N

E Ay (k)
— e y
N =

By construction, PLV , ,(f) is limited between 0 and 1. When the relative phase distribution
is concentrated around the mean, the PLV is close to one, whereas phase scattering will result
in a random distribution of phases and PLV close to zero.

For each epoch, for all pairs of 90 regions of interest (ROIs), frequency-specific phase differ-
ences were computed as functions of time. The phase-locking value, PLV . ,(f), was calculated
as relative stability of the phase differences between two signals at a given frequency, subse-
quently averaging across epochs. Thus, 30 90-by-90 matrices were produced for each subject,
representing functional connectivity in terms of phase-locking between 90 neuromagnetic
sources at 30 frequency points.

Classification

In the present study, Support Vector Machine (SVM) learning was used to predict the clinical
status Y of a subject (mTBI or control) from a set of features X obtained from the subject’s
MEG data [52]. These features are represented by frequency-specific phase-locking values
(PLV) between the neuromagnetic activity reconstructed for 90 regions of interest (ROIs).
Each of the samples (subjects) i =1, . . ., m, where m = 41, can be treated as a point x; in a n-
dimensional feature space, where n is the total number of features—unique combinations of
all the connections and frequencies of interest.

A learning machine can be seen as a function F, which determines a learning model:

F:X—Y (5)

The function F transforms vectors x; from the feature domain X to the set Y of possible out-
come values. When Yis a set of only two symbols (mTBI and control), the learning problem
Eq (5) is called a binary classification, and Y is called the set of class labels.

Learning machines encompass many computational approaches. For classification prob-
lems, they can produce models with various types of decision borders. In this study, we applied
a linear version of a SVM to determine a linear border between the classes [52]. Depending on
which side of the border the sample x; is located, it can be assigned to one of two classes:Y = {1,
-1} coding mTBI and control groups, respectively. Samples used to define the border are called
training data. The clinical status of new cases (test data) can be predicted based on their loca-
tions with respect to the decision border. If we know the true status of the test data, we can esti-
mate the accuracy of that prediction. In practise, the entire data with known labels are typically
divided into two sets: training data to learn the function (5) and test data to validate it.

Mathematically, learning the model (5) with a linear SVM is equivalent to finding the opti-
mal hyperplane w”x + b = 0 in the feature space, where w is an n-dimensional weight vector,
and-b defines the threshold. Optimal here means separating the two classes Y = {1,-1} with
maximal margin. Mathematically, training the model (5) is reduced to an optimization
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problem, maximizing the minimum distance between vectors x; and the hyperplane:

max min{ ||x — x| suchthat w'x+b=0, i=1,...,m } (6)

If a vector x satisfies F(x) = w’x + b > 0, then the model (5) will assign the label 1 (class
mTBI) to it, otherwise the label —1 (class Controls) is assigned. The distance from the decision
boundary F(x) = wTx + b can serve as a measure of confidence in the classification.

Leave-one-out cross-validation was used in this study to estimate prediction accuracies of
the classification. During this procedure, all samples x;, i =1, ...,j— 1j + 1, ..., m except one x;
were designated as the training data to determine the optimal model (5) for separating the clas-
ses, whereas ability of this model (5) to correctly predict the outcome was tested with the
remaining sample x;. This procedure was repeated m times such that each subject served as the
test sample only once. The prediction accuracies such as sensitivity and specificity were then
computed by comparing the predicted and true statuses of m subjects.

Until now, we assume that all features, i.e. all frequencies and connections, were used for
classification. However, predictive accuracy could be improved by selecting the most relevant
and informative features. In general, feature construction and selection is a critical step in clas-
sification. In practise, it is essentially heuristic. Fig 11 schematically illustrates one round of
cross-validation used to learn a model from the training data, and then predict the group status
of the test data. Feature selection was based on supervised learning, wherein the features were
the phase synchrony estimates with three feature selection schemes: i) individual wavelet fre-
quencies, ii) canonical frequency bands, and iii) best representative features within the o band.
As a first-pass analysis, contribution of individual wavelets to the classification was estimated.
Then, five frequency bands, namely & (1-4Hz), 6 (4-8Hz), o (8-14Hz), B (14-28Hz), and lower
v (28-75Hz) were a priori selected, and all the wavelets representing more fine grained fre-
quency bins were assigned to one of these canonical bandwidths. Further, for the frequency
band that carried the most discriminative information (namely, o), the features were ranked
in a univariate manner. Specifically, for each feature (PLV for a given frequency and connec-
tion), overlapping probability distribution functions for two classes were compared, and the
area under the resulting receiver operating characteristic (ROC) was computed [53]. The area
under the ROC (AUR) provides an estimate of how valuable a feature can be for separating the
two classes.

Accordingly, the feature selection can be summarized as follows. First, the features that
were computed to quantify the brain state were separated into 30 sub-sets, each associated
with a wavelet frequency. Classification analysis with leave-one-out cross-validation was
applied separately for each subset, using linear SVM [54] as implemented in a Matlab statistics
toolbox (MATLAB and Statistics Toolbox Release 2012a, The MathWorks, Inc., Natick, Mas-
sachusetts, USA). Next, total accuracy as well as specificity and sensitivity were computed. The
features were then regrouped in an alternate way, and the classification process was repeated.
Specifically, the features were separated into 5 subsets, each associated with a frequency band
(8,6, 0, B, lower v), containing phase-locking values calculated for a set of wavelets within a
specific frequency range. Further, the features representing phase synchrony in the o band
were ranked, computing the area under the ROC curve (AUR). In the next step, leave-one-out
cross-validation was applied for every number k=1, . . ., 100 of features with the highest AUR,
and classification accuracy was estimated as a function of the number of selected features. Sig-
nificance of accuracy values was tested with respect to the distribution created by shuftling 500
times the labels (mTBI and Control) among the subjects.
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Fig 11. A diagram illustrating one round of leave-one-out cross-validation to estimate classification
accuracies.

doi:10.1371/journal.pchi.1004914.9011

Partial Least Squares

Partial Least Squares (PLS) analysis was used to further explore possible group differences in
connectivity (PLV) between the neuromagnetic sources across groups, as well as how these dif-
ferences are expressed across frequencies and specific connections [55]. In contrast to the pre-
diction analysis with linear SVM, wherein the learning model F was estimated for a subset of
subjects (training data), PLS analysis was performed on the entire data in a single analysis.

PLS is a multivariate technique, which decomposes the covariance between the neurophysi-
ological data and a discrete variable coding a contrast (between groups, for example) or a con-

tinuous variable (such as the time since injury) into mutually orthogonal factors (latent

variables), similar to the principal component analysis [55]. In practice, PLS analysis can iden-
tify data-driven contrasts between groups or test specific a priori contrasts, and finds optimal
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relations among these contrasts and features (combinations of individual connections and fre-
quencies in our case). Significance of the contrast can be tested with permutation tests,
whereas the robustness of the contribution of specific connections and frequencies to the iden-
tified contrast can be tested with bootstrap procedures. Here we give a brief description of the
technique [55-58], which was previously applied in a number of EEG and MEG studies to
characterize changes in the brain signals [59-61].

PLS operates on the whole data matrix at once. Typically the rows of the data matrix corre-
spond to participants within groups, whereas the columns correspond to voxels in functional
MR, electrodes in EEG, sensors or sources in MEG. These features (voxels, electrodes, sen-
sors) can be called the elements. In our case, the elements were represented by all the possible
combinations of a pair of neuromagnetic sources and a frequency point. Specifically, to pre-
pare for the PLS analysis, the data matrices were organized in the form of subjects within
groups by elements, each associated with a connection and a frequency point (30 x 90 x 89/

2 =120, 150 elements in total). Thus, the neuroimaging data were organized as a matrix: sub-
jects within groups by all the possible combinations of connections and frequencies. Then, the
covariances were computed between the data matrix and the vectors representing either the
contrast between groups or the length of time elapsed between injury and scan.

Next, singular value decomposition (SVD) was used to project the covariances to a set of
orthogonal latent variables (LVs), mathematically described as a products of three vectors: the
left-singular vectors, the non-zero singular values, and the right-singular vectors. Each latent
variable (LV) thus had three components: (a) a singular value, representing how much vari-
ance can be explained by this LV, similar to principal component analysis; (b) weights within
the left singular vector, representing an underlying contrast between groups or an overall cor-
relation between imaging and clinical data; (c) weights within the right singular vector (ele-
ment loadings), representing the robustness of contribution of all the elements to the group
contrast or overall correlations.

The overall significance of each LV and the importance of the individual elements within a
specific LV was assessed using resampling procedures. First, we randomly reassigned subjects
between groups, performing a permutation test. This global permutation test assessed the
overall significance of a given LV, measuring how it is different from random noise. Specifi-
cally, we computed a measure of significance as the number of times the singular values from
permuted data were higher than the observed singular value (500 permutations). In the second
step, we tested the element loadings for stability across subjects by bootstrap resampling of
subjects within groups (500 bootstrap samples). A measure of stability (bootstrap ratio value)
was calculated as the ratio of the original element loading to the standard error of the distribu-
tion of the element loadings generated from bootstrapping. This is approximately equivalent
to a z-score: a bootstrap ratio value of 3 or -3 corresponds to 95%-confidence under the
assumption of a Gaussian distribution. Elements (all the combinations of connections and fre-
quencies) with positive bootstrap ratio values directly support the contrast or overall correla-
tion associated with the left-singular vector of a given LV. Negative bootstrap ratio values also
indicate the robustness of the effects, but in the reverse direction. In other words, to correctly
interpret the output, the bootstrap ratio values (or z-scores) need to be reported with respect
to the contrast or overall correlation in order to correctly understand the direction of the
loadings.

We distinguish two types of PLS analysis: so called “contrast” and “behavioural” PLS
[55,56]. In the contrast PLS, there are groups of subjects (in our case, mTBI and healthy con-
trols), and the PLV data are projected to an a priori defined contrast. In this case, the weights
within the left singular vector are equivalent to the group contrast. The “behavioural” PLS,
which is typically based only on one group of subjects, explores the covariance between the
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brain data and some continuous, subject-specific variables, such as time of scanning since
injury. In this case, the weights within the left singular vector represent the overall correlations
(one correlation per variable) between the PLV and time-of-scanning matrices. Both in the
contrast and behavioural PLS, the right singular vector reflects the contribution of the individ-
ual elements to the tested effects.

Limitations of the study

One assumption of our study is that the volume conduction effects do not represent a signifi-
cant confounding factor. It is not entirely true that MEG is not sensitive to effects of volume
conduction. It has been shown, however, that secondary currents resulting from volume con-
duction do not contribute to the radial component of the magnetic field under the assumption
of a dipolar source in a spherical homogeneous conductor [62]. For our study, we used a first
order axial gradiometer system, which is mainly sensitive to the radial component of the mag-
netic field (that is, the field of a source dipole with tangential orientation). In this setting, esti-
mating PLV, which may capture the couplings with a phase shift close to zero, seems
reasonable. Using a more conservative measure such as weighted phase lag index (PLI) would
further minimize the volume conduction effects, but it would also remove some physiologi-
cally meaningful couplings, which may reduce both the sensitivity and specificity.

Another point is related to the segmentation of MEG recording. The original data were
epoched into 10s segments. We choose 10s as a compromise between our intent to estimate
phase synchrony at the lowest frequencies and to increase the robustness of the estimation by
averaging across different epochs. Specifically, we believe that 10s is, on the one hand, long
enough to robustly estimate the phase locking effects at the frequencies close to 1Hz, and on
the other hand, is short enough to allow us to extract relatively large number of segments. The
latter helps to increase the robustness of the results by averaging the phase synchrony across
segments. Furthermore, the segments should be relatively short to not introduce large move-
ment artefacts. Please note that the segments were extracted from 5 minutes of recordings
using a rather conservative threshold of less than 3mm of movement.

Acknowledgments

We would like to thank Amanda Robertson, Allison Bethune and Marc Lalancette for help in
the data collection, and Daniel Cassel for help with the data analysis pipeline.

Author Contributions

Conceived and designed the experiments: MJT EWP.
Performed the experiments: MJT EWP.

Analyzed the data: VAV SMD.

Contributed reagents/materials/analysis tools: LdC.

Wrote the paper: SMD VAV LdC R] EWP MJT.

References

1. Johnston KM, Ptito A, Chankowsky J, Chen JK, New frontiers in diagnostic imaging in concussive head
injury. Clin J Sport Med. 2014; 11: 166—175.

2. Kirkwood MW, Yeates KO, Wilson PE. Pediatric sport-related concussion: a review of the clinical man-
agement of an oft-neglected population. Pediatrics. 2006; 117: 1359-1371. PMID: 16585334

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004914 December 1, 2016 21/24


http://www.ncbi.nlm.nih.gov/pubmed/16585334

©-PLOS | Sotoer o

Detecting MTBI Using Resting MEG Connectivity

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

Alexander MP. Mild traumatic brain injury: pathophysiology, natural history, and clinical management.
Neurology. 1995; 45: 1253-1260. PMID: 7617178

Binder LM. A review of mild head trauma. Part |l clinical implications. J Clin Exp Neuropsychol. 1997;
19: 432-457. PMID: 9268817

Bohnen N, Jolles J, Twijnstra A. Neuropsychological deficits in patients with persistent symptoms six
months after mild head injury. Neurosurgery. 1992; 30: 692—-695. PMID: 1584379

Huang MX, Nichols S, Robb A, Angeles A, Drake A, Holland M, et al. An automatic MEG low-frequency
source imaging approach for detecting injuries in mild and moderate TBI patients with blast and non-
blast causes. Neuroimage. 2012; 61: 1067—1082. doi: 10.1016/j.neuroimage.2012.04.029 PMID:
22542638

Huang MX, Nichols S, Baker DG, Robb A, Angeles A, Yurgil KA, et al. Single-subject-based whole-
brain MEG slow-wave imaging approach for detecting abnormality in patients with mild traumatic brain
injury. Neuroimage: Clinical. 2014; 5; 109—-119.

Huang MX, Theilmann RJ, Robb A, Angeles A, Nichols S, Drake A, et al. Integrated imaging approach
with MEG and DTI to detect mild traumatic brain injury in military and civilian patients. J. Neurotrauma.
2009; 26: 1213—-1226. doi: 10.1089/neu.2008.0672 PMID: 19385722

Llinas RR, Ribary U, Jeanmonod D, Kronberg E, Mitra PP, Thalamocortical dysrhythmia: a neurological
and neuropsychiatric syndrome characterized by magnetoencephalography. Proc Natl Acad Sci USA.
1999; 96: 15222—-15227. PMID: 10611366

Sponheim SR, McGuire KA, Kang SS, Davenport ND, Aviyente S, Bernat EM, Lim KO. Evidence of dis-
rupted functional connectivity in the brain after combat-related blast injury. Neuroimage. 2011; 54
Suppl 1: S21-9.

Ward LM, Synchronous neural oscillations and cognitive processes. Trends Cogn Sci. 2003; 7: 553—
559. PMID: 14643372

Uhlhaas PJ, Pipa G, Lima B, Melloni L, Neuenschwander S, Nikolic D, Singer W. Neural synchrony in
cortical networks: history, concept and current status. Front Integr Neurosci. 2009; 3: 17. doi: 10.3389/
neuro.07.017.2009 PMID: 19668703

Engel AK, Gerloff C, Hilgetag CC, Nolte G. Intrinsic coupling modes: multiscale interactions in ongoing
brain activity. Neuron. 2014; 80: 867—886.

Sharp DJ, Scott G, Leech R. Network dysfunction after traumatic brain injury. Nat Rev Neurosci. 2014;
10: 156—-166.

Dosenbach NUF, Nardos B, Cohen AL, Fair DA, Power JD, Church JA, et al. Prediction of individual
brain maturity using fMRI. Science. 2010; 329: 1358-1361. doi: 10.1126/science.1194144 PMID:
20829489

Uddin LQ, Supekar K, Lynch CJ, Khouzam A, Phillips J, Feinstein C, Ryali S, Menon V. Salience net-
work-based classification and prediction of symptom severity in children with autism. JAMA Psychiatry.
2013; 70(8): 869-879. doi: 10.1001/jamapsychiatry.2013.104 PMID: 23803651

Bosl W, Tierney A, Tager-Flusberg H, Nelson C. EEG complexity as a biomarker for autism spectrum
disorder risk. BMC Med. 2011; 9: 18. doi: 10.1186/1741-7015-9-18 PMID: 21342500

James LM, Belitskava-Lévy |, Lu Y, Wang H, Engdahl BE, Leuthold AC, Georgopolos AP. Development
and application of a diagnostic algorithm for posttraumatic stress disorder. Psychiatry Research: Neuro-
imaging. 2015; 231(1):1-7. doi: 10.1016/j.pscychresns.2014.11.007 PMID: 25433425

Xia M., Wang J, He Y. BrainNet Viewer: a network visualization tool for human brain connectomics.
2013. PloS one, 8(7), €68910. doi: 10.1371/journal.pone.0068910 PMID: 23861951

Nudo RJ. Mechanisms for recovery of motor function following cortical damage. Current opinion in neu-
robiology. 2006; 16(6):638—44 PMID: 17084614

Castellanos NP, Paul N, Ordonez VE, Demuynck O, Bajo R, Campo P, Bilbao A, Orbiz T, del-Pozo F,
Maestu F. Reorganization of functional connectivity as a correlate of cognitive recovery in acquired
brain injry. Brain: A journal of Neurology 2010: 133: 2365-2381.

Cao C, Slobounov S. Alteration of cortical functional connectivity as a result of traumatic brain injury
revealed by graph theory, ICA, and sLORETA analyses of EEG signals. IEEE Trans Neural Syst Reha-
bil Eng. 2014; 18(1): 11-9.

Tarapore PE, Findlay AM, Lahue SC, Lee H, Honma SM, et al. Resting state magnetoencephalography
functional connectivity in traumatic brain injury. J Neurosurg. 2013; 118: 1306—1316. doi: 10.3171/
2013.3.JNS12398 PMID: 23600939

Dunkley BT, Da Costa L, Bethune A, Jetly R, Pang EW, Taylor MJ, Doesburg SM. Low-frequency
amplitude is associated with mild traumatic brain injury. 2015; Neurolmage: Clinical; 7

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004914 December 1, 2016 22/24


http://www.ncbi.nlm.nih.gov/pubmed/7617178
http://www.ncbi.nlm.nih.gov/pubmed/9268817
http://www.ncbi.nlm.nih.gov/pubmed/1584379
http://dx.doi.org/10.1016/j.neuroimage.2012.04.029
http://www.ncbi.nlm.nih.gov/pubmed/22542638
http://dx.doi.org/10.1089/neu.2008.0672
http://www.ncbi.nlm.nih.gov/pubmed/19385722
http://www.ncbi.nlm.nih.gov/pubmed/10611366
http://www.ncbi.nlm.nih.gov/pubmed/14643372
http://dx.doi.org/10.3389/neuro.07.017.2009
http://dx.doi.org/10.3389/neuro.07.017.2009
http://www.ncbi.nlm.nih.gov/pubmed/19668703
http://dx.doi.org/10.1126/science.1194144
http://www.ncbi.nlm.nih.gov/pubmed/20829489
http://dx.doi.org/10.1001/jamapsychiatry.2013.104
http://www.ncbi.nlm.nih.gov/pubmed/23803651
http://dx.doi.org/10.1186/1741-7015-9-18
http://www.ncbi.nlm.nih.gov/pubmed/21342500
http://dx.doi.org/10.1016/j.pscychresns.2014.11.007
http://www.ncbi.nlm.nih.gov/pubmed/25433425
http://dx.doi.org/10.1371/journal.pone.0068910
http://www.ncbi.nlm.nih.gov/pubmed/23861951
http://www.ncbi.nlm.nih.gov/pubmed/17084614
http://dx.doi.org/10.3171/2013.3.JNS12398
http://dx.doi.org/10.3171/2013.3.JNS12398
http://www.ncbi.nlm.nih.gov/pubmed/23600939

©-PLOS | Sotoer o

Detecting MTBI Using Resting MEG Connectivity

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
41.

42,

43.

44.

45.

46.

Dunkley BT, Doesburg SM, Sedge PA, Grodecki RJ, Shek PN, Pang EW, Taylor MJ. Resting-state hip-
pocampal connectivity correlates with symptom severity in post-traumatic stress disorder. 2014; Neuro-
Image: Clinical; 5: 377-384.: 611-621.

Kumar S, Rao SL, Chandramouli BA, Pillai SV. Reduction of functional brain connectivity in mild trau-
matic brain injury during working memory. J Neurotrauma. 2009; 26(5): 665—75. PMID: 19331523

Tsirka V, Simos PG, Vakis A, Kanatsouli K, Vourkas M, Erimaki S, et al. Mild traumatic brain injury:
graph-model characterization of brain networks for episodic memory. Int J Psychophysiol. 2011; 79(2):
89-96. doi: 10.1016/j.ijpsycho.2010.09.006 PMID: 20863861

Gosselin N, Botari C, Chen JK, Petrides M, Tinawi S, de Guise E, Ptito A. Electrophysiology and func-
tional MRI in post-acute mild traumatic brain injury. Journal of Neurotrauma. 2011; 28(3): 329-327. doi:
10.1089/neu.2010.1493 PMID: 21309680

Stevens MC, Lovejoy D, Kim J, Oakes H, Kureshi I, Witt ST. Multiple resting state network functional
connectivity abnormalities in mild traumatic brain injury. Brain Imaging and Behavior. 2012; 6(2): 293—
318. doi: 10.1007/s11682-012-9157-4 PMID: 22555821

TangL, Ge Y, Sodickson DK, Miles L, Zhou Y, Reaume J, et al. Thalamic resting-state functional net-
works: disruption in patients with mild traumatic brain injury. Radiology. 2011; 260(3): 831-840. doi: 10.
1148/radiol.11110014 PMID: 21775670

Zhou 'Y, Milham MP, Lui YW, Miles L, Reaume J, Sodickson DK, Grossman RI, Ge Y. Default-mode net-
work disruption in mild traumatic brain injury. Radiology. 2012; 265(3): 882—-92. doi: 10.1148/radiol.
12120748 PMID: 23175546

Mayer AR, Mannell MV, Ling J, Gasparovic C, Yeo RA. Functional connectivity in mild traumatic brain
injury. Human Brain Mapping. 2011; 32(11): 1825—1835. doi: 10.1002/hbm.21151 PMID: 21259381

Smith DH, Meaney DF, Shull WH. Diffuse axonal injury in head trauma. J Head Trauma Rehabilitation
2003: 18(4);307-316.

Johnson VE, Stewart W, Smith DH. Axonal pathology in traumatic brain injury. Exp Neurol 2013:
246;35-43. doi: 10.1016/j.expneurol.2012.01.013 PMID: 22285252

Shenton ME, Hamoda HM, Schneiderman JS, et al. A review of magnetic resonance imaging and diffu-
sion tensor imaging findings in mild traumatic brain injury. Brain Imaging Beh 2012: 6;137—-192.

Helmer KG, Pasternak O, Fredman E, et al. Hockey Concussion Education Project, Part 1. Susceptibil-
ity-weighted imaging study in male and female ice hockey players over a single season. J Neurosurg
2014; 120:864—72. doi: 10.3171/2013.12.JNS132093 PMID: 24490839

Pasternak O, Koerte IK, Bouix S, et al. Hockey Concussion Education Project, Part 2. Microstructural
white matter alterations in acutely concussed ice hockey players: a longitudinal free-water MRI study. J
Neurosurg 2014; 120:873-81. doi: 10.3171/2013.12.JNS132090 PMID: 24490785

Sasaki T, Pasternak O, Mayinger M, et al. Hockey Concussion Education Project, Part 3. White matter
microstructure in ice hockey players with a history of concussion: a diffusion tensor imaging study. J
Neurosurg 2014; 120:882—-90 doi: 10.3171/2013.12.JNS132092 PMID: 24471841

Fonov V, Evans AC, Botteron K, Almli CR, McKinstry RC, Collins DL. Unbiased average age-appropri-
ate atlases for pediatric studies. Neurolmage. 2011; 54(1): 313-327. doi: 10.1016/j.neuroimage.2010.
07.033 PMID: 20656036

Avants BB, Tustison N, Song G. Advanced normalization tools (ANTS). 2011.

Avants BB, Tustison J, Stauffer M, Song G, Wu B, Gee JC. The Insight ToolKitimage registration frame-
work. Frontiers in Neuroinformatics. 2014; 8: 44. doi: 10.3389/fninf.2014.00044 PMID: 24817849

Lalancette M, Quraan M, Cheyne DO. Evaluation of multiple-sphere head models for MEG source local-
ization. Physics in Medicine and Biology. 2011; 56(17), 5621. doi: 10.1088/0031-9155/56/17/010
PMID: 21828900

Tzourio-Mazoyer N. Automated anatomical labeling of activations in SPM using a macroscopic anatom-
ical parcellation of the MNI MRI single-subject brain. 2002; Neuroimage; 15: 273-289. PMID:
11771995

Zalesky A, Fornito A, Bullmore ED. Network-based statistic: Identifying differences in brain networks.
Neuroimage. 2010; 53(4), 1197—1207. doi: 10.1016/j.neuroimage.2010.06.041 PMID: 20600983

Quraan MA, Moses SN, Hung Y, Mills T, Taylor MJ. Detection and localization of hippocampal activity
using beamformers with MEG: a detailed investigation using simulations and empirical data. Human
Brain Mapping. 2011. 32(5), 812-827. doi: 10.1002/hbm.21068 PMID: 21484951

Auger F, Flandrin P, Goncalves P, Lemoine O. Time-frequency toolbox. CNRS France-Rice University.
1996.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004914 December 1, 2016 23/24


http://www.ncbi.nlm.nih.gov/pubmed/19331523
http://dx.doi.org/10.1016/j.ijpsycho.2010.09.006
http://www.ncbi.nlm.nih.gov/pubmed/20863861
http://dx.doi.org/10.1089/neu.2010.1493
http://www.ncbi.nlm.nih.gov/pubmed/21309680
http://dx.doi.org/10.1007/s11682-012-9157-4
http://www.ncbi.nlm.nih.gov/pubmed/22555821
http://dx.doi.org/10.1148/radiol.11110014
http://dx.doi.org/10.1148/radiol.11110014
http://www.ncbi.nlm.nih.gov/pubmed/21775670
http://dx.doi.org/10.1148/radiol.12120748
http://dx.doi.org/10.1148/radiol.12120748
http://www.ncbi.nlm.nih.gov/pubmed/23175546
http://dx.doi.org/10.1002/hbm.21151
http://www.ncbi.nlm.nih.gov/pubmed/21259381
http://dx.doi.org/10.1016/j.expneurol.2012.01.013
http://www.ncbi.nlm.nih.gov/pubmed/22285252
http://dx.doi.org/10.3171/2013.12.JNS132093
http://www.ncbi.nlm.nih.gov/pubmed/24490839
http://dx.doi.org/10.3171/2013.12.JNS132090
http://www.ncbi.nlm.nih.gov/pubmed/24490785
http://dx.doi.org/10.3171/2013.12.JNS132092
http://www.ncbi.nlm.nih.gov/pubmed/24471841
http://dx.doi.org/10.1016/j.neuroimage.2010.07.033
http://dx.doi.org/10.1016/j.neuroimage.2010.07.033
http://www.ncbi.nlm.nih.gov/pubmed/20656036
http://dx.doi.org/10.3389/fninf.2014.00044
http://www.ncbi.nlm.nih.gov/pubmed/24817849
http://dx.doi.org/10.1088/0031-9155/56/17/010
http://www.ncbi.nlm.nih.gov/pubmed/21828900
http://www.ncbi.nlm.nih.gov/pubmed/11771995
http://dx.doi.org/10.1016/j.neuroimage.2010.06.041
http://www.ncbi.nlm.nih.gov/pubmed/20600983
http://dx.doi.org/10.1002/hbm.21068
http://www.ncbi.nlm.nih.gov/pubmed/21484951

©-PLOS | Sotoer o

Detecting MTBI Using Resting MEG Connectivity

47.

48.

49.

50.

51.
52.

53.
54.
55.

56.

57.

58.

59.

60.

61.

62.

Chvez M, Van Quyen ML, Navarro M, Baulac M, Martinerie J. Spatio-temporal dynamics prior to neo-
cortical seizures: amplitude versus phase couplings. IEEE Transactions on Bio-Medical Engineering.
2003; 50(5): 571-583. PMID: 12769433

Mormann F, Lehnertz K, David P, Elger EC. Mean phase coherence as a measure for phase synchroni-
zation and its application to the EEG of epilepsy patients. Physica D: Nonlinear Phenomena. 2000; 144
(1-2): 358-69.

Tass P, Rosenblum MG, Weule J, Kurths J, Pikovsky A, Volkmann J, Schnitzler A, Freund H-J. Detec-
tion of n:m phase locking from noisy data: Application to magnetoencephalography. Physical Review
Letters. 1998; 81(15): 3291.

Rosenblum MG, Pikovsky AS, Kurths J. Phase synchronization of chaotic oscillators. Physical Review
Letters. 1996; 76(11): 1804. PMID: 10060525

Hosken JWJ. Ricker wavelets in their various guises. First Break. 1998; 6(1): 24-33.

Boser BE, Guyon IM, Vapnik VN. A training algorithm for optimal margin classifiers. Proceedings of the
fifth annual workshop on Computational learning theory. 1992; 144-152. ACM.

Theodoridis S, Koutroumbas K. Pattern recognition. Elsevier, Inc. 2009.
Kecman V. Learning and soft computing. Cambridge, MA. 2001.

Krishnan A, Williams LJ, Mcintosh AR, Abdi H. Partial Least Squares (PLS) methods for neuroimaging:
A tutorial and review. Neurolmage. 2011; 56: 455—475. doi: 10.1016/j.neuroimage.2010.07.034 PMID:
20656037

Lobaugh NJ, West R, McIntosh AR. Spatiotemporal analysis of experimental differences in event-
related potential data with partial least squares. Psychophysiology. 2001; 38(3); 517-30. PMID:
11352141

Mclintosh AR, Misi¢ B. Multivariate statistical analyses for neuroimaging data. Annual Review of Psy-
chology. 2012. 64; 499-525. doi: 10.1146/annurev-psych-113011-143804 PMID: 22804773

Mclntosh AR, Lobaugh NJ. Partial least squares analysis of neuroimaging data: applications and
advances. Neuroimage. 2004; 23(Suppl! 1): S250-63.

Vakorin VA, MciIntosh AR, Misi¢ B, Krakovska O, Poulsen C, Martinu K, Paus T. Exploring age-related
changes in dynamical non-stationarity in electroencephalographic signals during early adolescence.
PloS one. 2013 Mar 14; 8(3):e57217. doi: 10.1371/journal.pone.0057217 PMID: 23516400

Heisz JJ, Vakorin V, Ross B, Levine B, McIntosh AR. A trade-off between local and distributed informa-
tion processing associated with remote episodic versus semantic memory. Journal of cognitive neuro-
science. 2014 Jan; 26(1):41-53. doi: 10.1162/jocn_a_00466 PMID: 23984942

Vakorin VA, Lippé S, Mcintosh AR. Variability of brain signals processed locally transforms into higher
connectivity with brain development. The Journal of Neuroscience. 2011 Apr 27; 31(17):6405—13. doi:
10.1523/JNEUROSCI.3153-10.2011 PMID: 21525281

Hamalainen M, Hari R, llmoniemi RJ, Knuutila J, Lounasmaa OV. Magnetoencephalography—theory,
instrumentation, and applications to non-invasive studies of the working human brain. Reviews of Mod-
ern Physics. 1993; 66(2), 413—-497.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004914 December 1, 2016 24/24


http://www.ncbi.nlm.nih.gov/pubmed/12769433
http://www.ncbi.nlm.nih.gov/pubmed/10060525
http://dx.doi.org/10.1016/j.neuroimage.2010.07.034
http://www.ncbi.nlm.nih.gov/pubmed/20656037
http://www.ncbi.nlm.nih.gov/pubmed/11352141
http://dx.doi.org/10.1146/annurev-psych-113011-143804
http://www.ncbi.nlm.nih.gov/pubmed/22804773
http://dx.doi.org/10.1371/journal.pone.0057217
http://www.ncbi.nlm.nih.gov/pubmed/23516400
http://dx.doi.org/10.1162/jocn_a_00466
http://www.ncbi.nlm.nih.gov/pubmed/23984942
http://dx.doi.org/10.1523/JNEUROSCI.3153-10.2011
http://www.ncbi.nlm.nih.gov/pubmed/21525281

