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Repeated subconcussive blows to the head during sports or other contact activities
may have a cumulative and long lasting effect on cognitive functioning. Unobtrusive
measurement and tracking of cognitive functioning is needed to enable preventative
interventions for people at elevated risk of concussive injury. The focus of the present
study is to investigate the potential for using passive measurements of fine motor
movements (smooth pursuit eye tracking and read speech) and resting state brain activity
(measured using fMRI) to complement existing diagnostic tools, such as the Immediate
Post-concussion Assessment and Cognitive Testing (ImMPACT), that are used for this
purpose. Thirty-one high school American football and soccer athletes were tracked
through the course of a sports season. Hypotheses were that (1) measures of complexity
of fine motor coordination and of resting state brain activity are predictive of cognitive
functioning measured by the ImMPACT test, and (2) within-subject changes in these
measures over the course of a sports season are predictive of changes in IMPACT scores.
The first principal component of the six IMPACT composite scores was used as a latent
factor that represents cognitive functioning. This latent factor was positively correlated
with four of the IMPACT composites: verbal memory, visual memory, visual motor speed
and reaction speed. Strong correlations, ranging between r = 0.26 and r = 0.49,
were found between this latent factor and complexity features derived from each sensor
modality. Based on a regression model, the complexity features were combined across
sensor modalities and used to predict the latent factor on out-of-sample subjects. The
predictions correlated with the true latent factor with r = 0.71. Within-subject changes
over time were predicted with r = 0.34. These results indicate the potential to predict
cognitive performance from passive monitoring of fine motor movements and brain
activity, offering initial support for future application in detection of performance deficits
associated with subconcussive events.
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1. INTRODUCTION

Over the past decade, awareness and concern regarding the
adverse effects of subconcussive head injuries has grown,
particularly in the areas of sport and the military (1). With
ongoing diagnostic challenges in concussion screening
assessment, medical professionals face difficult real-time
decisions about whether or not it is safe for athletes or Soldiers
to continue performing after experiencing head impacts during
play or on the battlefield. Mild concussions may not meet criteria
for concussion with sufficient clarity to justify removing the
individual from activity. In many cases overt symptoms of
concussion may be fleeting or may only emerge over a period
of several days following the insult (2, 3). At the same time,
immediate removal from activity after concussion is associated
with less time away from activity, a shorter symptomatic period,
and better clinical outcomes (4). An athlete with an undiagnosed
concussion who is not removed from the field may experience
subsequent repetitive head impacts during play, with even mild
mechanical head impacts exacerbating the original injury and
complicating recovery (4). Over time, repeated subconcussive
blows to the head during sports may also have cumulative and
long-lasting neurological effects (5, 6).

Prior work in developing concussion screening technologies
has primarily focused on active task-oriented protocols, such as
cognitive tests and target-based eye tracking. For computerized
assessment of neurocognitive function, InPACT (Immediate
Post-concussion Assessment and Cognitive Testing) is a widely
used FDA-approved tool that provides baseline and post-injury
assessment of visual memory, verbal memory, reaction time,
and processing speed (7-9). Applied as part of a comprehensive
clinical evaluation after a suspected neurotrauma, ImPACT has
shown effectiveness in identifying concussions in high school and
college athletes (10), as well as sub-concussive injuries during a
sports season (11).

More recently, efforts have been made to identify
measurement modalities that provide passive and unobtrusive
measurements, thereby allowing longer-term, ambulatory
monitoring. One of these modalities is eye tracking. In target-
based eye tracking tests, individuals follow a moving target on a
computer screen or visual display with their eyes while a screen-
based eye tracker records gaze location as it changes within the
space of the screen. Across numerous studies, eye movement
dynamics have been identified as indicative of clinically-relevant
neuromotor and cognitive deficits for a variety of neurological
disorders, including concussions (12-14). Different eye tracking
tasks are designed to capture different types of eye movements,
including saccades and smooth pursuit, each governed by
different neural circuits and thus providing distinct perspectives
into an individual’s neurological profile (15-17).

Despite the demonstrated benefits of ImPACT testing
and target-based eye tracking tasks as assessment tools for
concussion, both require active participation by the individual
and are typically used only after a concussion is suspected
via subjective impressions of decision makers on the field.
In order to identify injuries that may occur during activity
(or in real time), or to capture the cumulative effects of

impacts over time, assessment technologies are needed that
can passively monitor neurological state in a continuous,
ongoing manner. A technology that provides such unobtrusive
tracking of neurocognitive functioning in athletes could enable
preventative interventions for athletes and others at elevated risk
of concussive injuries.

Mobile eye tracking could provide passive, continuous
neurological monitoring and evaluation. Unlike screen-based
eye tracking tasks that follow a predetermined moving target
on a computer screen, an assessment that uses mobile eye
tracking would look for stand-alone, target-agnostic patterns
in naturalistic eye movements that may be characteristic of
concussion. Wearable eye tracking sensors such as Tobii (18)
can potentially be integrated into athletic helmets and protective
eye equipment for continuous monitoring. While there has been
much prior research into target-based eye tracking assessments,
so far little has been done to identify concussion indicators that
can be measured in naturalistic eye movements (19).

An approach for measuring the complexity of coordinated
movements during continuous monitoring has shown success
in detecting the effects of a variety of neurological conditions
on performance. In this coordination complexity approach,
complexity is quantified by the dimensionality of a multivariate
time series, as measured across multiple channels at multiple
time delays. This is done by constructing a channel-delay
correlation matrix from the time series data and using its rank-
ordered eigenspectrum to quantify the dimensionality. A greater
concentration of weight in the largest eigenvalues indicates lower
complexity in the time series data because a larger fraction of
the total variance can be explained using a smaller number of
eigenvectors. A greater concentration of weight in the smaller
eigenvalues, on the other hand, indicates greater complexity
because a larger number of eigenvectors are required to explain a
given fraction of the total variance (20).

This approach has been used previously to differentiate
mild traumatic brain injury (mTBI) subjects from control
subjects based on gait movements (21), autistic subjects from
control subjects based on hand drawing movements (22), and
Parkinson’s disease (PD) subjects from control subjects based on
small-magnitude wrist movements (23). Whether neurological
degradation results in greater or lower complexity depends on
the specifics of the underlying behavior. Subjects with mTBI
produced gait torso movements with greater complexity than
normal subjects. Subjects with autism, on the other hand,
produced stylus movements during a drawing task with reduced
complexity. Subjects with PD produced small-magnitude wrist
movements with lower complexity than control subjects during
free-living conditions.

Explanations for the differential effects of neurological
degradation on these different behavioral tasks are provisional,
but center on the consequences of reduced feedforward and
feedback neuromotor control. Lower feedback control produces
ataxic gait, which is characterized by wobbliness and loss of
balance (24, 25), and hence an increase in complexity of
torso accelerations. Reduced feedforward and feedback control
in autism result in fine movement accelerations with lower
complexity, but at the cost of reduced precision in handwriting
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(26, 27). Loss of feedback control in PD subjects reduces
stabilizing movements, resulting in postural accelerations with
lower complexity and dimensionality (28, 29). The sensitivity
of coordination complexity features to these changes motivates
the use of this feature approach to analyze the associations
between continuous smooth pursuit eye movements and
ImPACT performance.

Analysis of speech is also promising as a passive method for
detecting neurological trauma. Features extracted from vowels
recorded on a mobile device by athletes participating in a boxing
match were found to predict the presence of a concussion with
an accuracy of 98% (30). Another study was able to achieve an
area under the receiver operating characteristic curve (AUC) of
0.86 in detecting mTBI by using speech features obtained from
recordings of sentences and words collected from high school
athletes (31). Speech production requires the highly complex
coordinated movement of speech articulators. The coordination
complexity feature approach has been widely used in analysis of
continuous speech. In particular, measures of reduced complexity
in articulatory coordination, derived from speech signals, have
been used to detect mTBI (21), to detect cognitive performance
changes in high school athletes during a sports season (32), and to
detect reduced cognitive processing speed in mTBI patients (33).
These studies highlight the potential for speech tasks as a non-
invasive screening tool for mTBI and return-to-activity readiness.

Measures of functional connectivity in the brain have shown
effectiveness in estimating the efficiency of cognitive processing,
not only during active performance of specific cognitive tasks
(34, 35), but also in examining resting state brain activity (5).
Methods for assessing connectivity typically rely on global graph-
based measures of functional connectivity, as in Ahmadlou
et al. (35), or on local measures of correlated signals between
specific brain regions, as in Johnson et al. (5). The coordination
complexity feature approach is a global measure of functional
connectivity, based on a quantification of the structure of
correlations across all measured brain regions at multiple time
lags. As described in section 3.4, this approach essentially
quantifies the complexity of vector autoregressive models of
fMRI time series data. Vector autoregressive modeling has
been widely used in fMRI analysis (36), and variants of the
coordination complexity approach have been applied to EEG data
for analyzing and predicting epileptic seizures (37-40) and for
assessing cognitive load and performance (41, 42). A variant of
coordination complexity features has been compared directly to
standard graph complexity measures (average path length and
average degree) and generated higher accuracy in predicting
cognitive performance on a working memory task (42). While
robust wearable sensor technologies for monitoring functional
brain activity have begun to emerge (43), these technologies
are less mature than eye tracking or speech in providing a
robust wearable sensing capability. However, establishing their
potential use as predictive markers could motivate further
investments in direct sensing of functional connectivity for
detecting neurological state change.

In this paper, we explore the efficacy of using multimodal
measures of fine motor coordination and resting state brain
activity to predict cognitive performance outcomes, as quantified

TABLE 1 | Dates of analyzed assessments in 2012 sports season.

Assessment # Subjects Mean date Std. Date
(mm/dd) (days)
Pre 21 Q7/27 55
Early 20 08/27 11.5
Late 14 09/25 8.5
Post 1 8 10/28 6.7
Post 2 5 11/28 10.3

by six INPACT composite scores, across a season of play in high
school athletes. The relationship of these measures to InPACT
performance is assessed, both using global correlations between
features derived from these measures and InPACT performance,
and using a trained model to predict InPACT performance out of
sample. While this study utilizes laboratory data collected during
naturalistic or quasi-naturalistic tasks, our intent is to establish a
preliminary prediction model, using measures that are amenable
to passive field data collection, that will serve as the foundation
for future implementation in ambulatory, free living conditions.

2. DATA SET

2.1. Subject Enroliment

Twenty-five high school male football players and seven high
school female soccer players, ages 15-18, were enrolled in
the study, which was conducted by Purdue University. All
participants provided written informed consent and procedures
were approved by both the Purdue Institutional Review Board
and the MIT Committee on Use of Humans as Experimental
Subjects. There was a total of 32 subjects and 114 assessment
sessions. Speech data was obtained from all of these sessions.
Usable eye tracking data was obtained from 31 subjects and
93 sessions. The reason some eye tracking data was unusable
is described in section 3.1. fMRI data was measured from 30
subjects and 87 sessions. Assessments were analyzed only if
all three modalities were obtained in the same session. These
resulted in the analysis of 28 subjects and 68 sessions of data,
including 22 football players (52 sessions) and 6 soccer players
(16 sessions). None of these subjects had been diagnosed with
concussions at the time of the assessments.

Pre-season and in-season activity involved the subjects’
respective sport practices, drills, and games. Additionally, some
subjects participated in other sports during the post-season
assessments. InPACT scores, as well as the eye tracking, speech,
and fMRI sensor measurements were all recorded on the same
day. Sessions occurred at five assessment points in the late
Summer and Fall 2012 sports season: Pre-Season, Early-Season,
Late-Season, and two Post-Season assessment points. Table 1
shows, for each of these assessments, the number of subjects
that were analyzed, the mean assessment date across subjects,
and the standard deviation (in days) of assessment dates. The
average within-subject interval between consecutive sessions was
33.6 days.
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2.2. ImPACT Scores

In each recording session, subjects completed the computerized
ImPACT test. For the purposes of this study, InPACT scores
were used as an indicator of cognitive health and did not
influence return to play decisions. Subjects were administered
the online ImPACT test, version 2.1, to monitor changes in
neurocognitive functioning during the season. The ImPACT
test yields six component measures: verbal memory, visual
memory, visual motor, reaction time, impulse control, and total
symptom composites. A composite score is calculated from
various relevant metrics within each component (44). The verbal
memory composite includes word, symbol, and letter recall tests
and provides an evaluation of attention, learning, and verbal
memory. The visual memory composite consists of object recall
tests to target visual attention, scanning, learning, and memory
skills. The visual motor composite assesses visual processing,
learning, memory, and motor response speed with metrics from
the object and letter recall tests. The reaction time composite
incorporates parameters from the object recall test as well as
color and symbol matching tests to evaluate response speed.
The impulse control composite evaluates the number of errors
committed during the object recall and color match tests. This
metric is used in the interpretation of other scores and overall
test validity. The total symptom composite is a sum of values
from a scaled set of concussion-related symptoms reported by
the subject.

3. MEASUREMENTS

The goal of feature extraction was to characterize the complexity
of fine motor control and of brain activity from sensor
measurements. It is hypothesized that neurological deficits
associated with concussion can cause changes in such complexity.
Complexity is quantified from correlation patterns among
multiple channels of time series measures in a sensing modality,
such as from eye tracking and speech data (20). These same
complexity features can also be extracted from time series
measurements of brain activity.

3.1. Eye Tracking Signals

Eye movements were recorded during a smooth pursuit task,
in which subjects were instructed to follow a target that moved
in a circular pattern around the screen. The target appeared on
the screen for roughly 1.5 s followed by a 0.5 s break before
reappearing. The target made 35 cycles in just over 2 min.
The position of the subjects gaze (i.e., x and y position on the
screen) was tracked using a SR Research Eyelink 1,000 eye tracker,
running at 1,000 Hz.

The x,y eye tracking coordinates were analyzed within
between-blink time segments. Blinks were quantified as when the
sensor did not report numerical values, or when the absolute
value of the sum of discrete-time derivatives across the x and
y coordinates was greater than a threshold of 100. Eye tracking
segment boundaries were separated from the nearest detected
blinks by a gap of 50 ms. The resulting between-blink segments
were required to have a duration of at least 10 s to be retained

for further analysis. In 21 of the sessions, there were no between-
blink segments of at least 10 s duration found, and so eye tracking
data was not analyzed in these sessions. This segmentation was
followed by smoothing, which was done independently in the x-
and y-coordinate time series using a time-domain Gaussian filter
with a standard deviation of 21 ms.

3.2. Audio Signals

The subject’s vocal data was captured with an Audio-Technica
ATM73A Fixed Charge Condenser head worn microphone.
Vocal data included a read speech task called the Grandfather
passage, which was developed to elicit a standardized
phonetically balanced speech sample (45). Speech utterances
had a mean duration of 51.5 s with standard deviation of 9.2s.
Each audio recording was transformed into three formant
frequency trajectories, which represent the resonant frequencies
of the vocal tract. The formant frequencies change over time as
speech articulators (lips, tongue, etc.) move. The three lowest
formant frequencies were tracked and extracted every 10 ms
from the audio signal using the KARMA software tool (46).
Delta-formants (dFormants), the discrete-time derivatives of the
formants, were also computed.

3.3. fMRI Signals

Functional magnetic resonance imaging (fMRI) measures brain
activity by detecting changes associated with blood flow. When
an area of the brain is active, blood flow to that region typically
increases. Signals were derived from resting state fMRI scans of
the subjects. The MRI scanner used was a General Electric 3T
Signa HDx Scanner and the scans were acquired using a gradient-
echo planar sequence. Resting state brain activity was recorded
for an average of 580 s per subject (6).

The signals are the time-series of the blood oxygenation level
dependent (BOLD) responses for the regions of interest (ROI).
This provides a measure of functional activity of the brain for
the duration of the scan. Preprocessing of the resting state fMRI
and accompanying structural MRI data (for Atlas registration)
was performed with the toolkit CONN (47). This step involved
bandpass filtering (0.01 to 0.10 Hz). The Harvard-Oxford cortical
(cort-maxprob-thr25-2 mm) and subcortical (sub-maxprob-
thr25-2 mm) structural atlases (https://neurovault.org/images/
1699/) were used to aggregate fMRI measurements into a
standard set of time series, resulting in 48 cortical ROI time
series and 21 subcortical ROI time series, generated at 0.5 Hz.
Tables 2, 3 list the subcortical and cortical ROIs.

Summary statistic features computed from the cortical and
subcortical ROIs were the within-channel variances of the signals
over the duration of the scan. These features quantify the
average spatial distribution of subcortical and cortical activity.
In addition, coordination complexity features (described below),
which summarize the spatiotemporal correlation structure of the
ROI time series, were computed independently from the cortical
and subcortical ROIs.

3.4. Coordination Complexity Features
Coordination complexity features represent the correlation
structure of multivariate signals across a set of time delays.
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TABLE 2 | Subcortical fMRI regions of interest (ROIs).

TABLE 3 | Cortical fMRI regions of interest (ROIs).

# ROI # ROI # ROI # ROI

1 left cerebral white matter 12 right cerebral white matter 1 frontal pole 25 frontal medial cortex

2 left cerebral cortex 13 right cerebral cortex 2 insular cortex 26 juxtapositional lobule cortex
3 left lateral ventrical 14 right lateral ventrical 3 superior frontal gyrus 27 subcallosal cortex

4 left thalamus 15 right thalamus 4 middle frontal gyrus 28 paracingulate gyrus

5 left caudate 16 right caudate 5 inferior frontal gyrus, pars 29 cingulate gyrus, anterior
6 left putamen 17 right putamen triangularis division

7 left pallidum 18 right pallidum 6 inferior frontal gyrus, pars 30 cingulate gyrus, posterior
8 brain-stem 19 right hippocampus opercularis division

9 left hippocampus 20 right amygdala 7 precentral gyrus 31 precuneous cortex

10 left amygdala 21 right accumbens 8 temporal pole 82 cuneal cortex

11 left accumbens 9 superior temporal gyrus, 33 frontal orbital cortex

These features are the eigenspectra of channel-delay correlation
matrices. Here, channel refers to the signal time series from each
modality: smoothed x, y eye tracking coordinates, speech formant
or delta-formant trajectories, and subcortical or cortical fMRI
ROI time series. Delay refers to time delays at which correlations
are computed both between and within the channels. Channel-
delay correlation matrices are simply correlation matrices of an
expanded number of time series that are obtained via time-delay
embedding, which is the creation of new time series channels that
are time-shifted versions of the original signals. The eigenspectra
of the channel-delay matrices represent the complexity of a vector
autoregression model for predicting future values of a (z-scored)
multivariate time series, given the finite history determined by the
number of time delays (embedding dimensionality) (36). Thus,
they capture the intrisic dimensionality of multivariate time
series signals over the range of temporal frequencies sampled by
the time delays.

Specifically, a channel-delay correlation matrix is computed as

Ry Rim
R=| : - (1)

RM,] .. RM,M

where M is the number of low-level feature channels. Each
submatrix R, ., contains the set of correlations between channels
¢; and ¢y,

RCI,L‘Z = : . . : (2)

'N,1 ... NN e

where N is the number of delays per channel and [ry, 4,1¢;
is the correlation between channel ¢; at delay d; with channel
¢z at delay d,. For all signal modalities, the number of delays
is N = 15. The spacing between successive delays is 0.5 s for
eye tracking, 0.03 s for formants and delta-formants, and 2 s for
cortical and subcortical fMRL

Figure 1 shows an example of the coordination complexity
features. Two artificial time series are generated from the

anterior division

10 superior temporal gyrus, 34
posterior division

parahippocampal gyrus,

anterior division

1 middle temporal gyrus, 35
anterior division

parahippocampal gyrus,

posterior division

12 middle temporal gyrus, 36
posterior division

lingual gyrus

13 middle temporal gyrus, 37
temporooccipital part

temporal fusiform cortex,

anterior division

14 inferior temporal gyrus, 38
anterior division

temporal fusiform cortex,

posterior division

15 inferior temporal gyrus, 39
posterior division

temporal occipital fusiform

cortex

16 inferior temporal gyrus, 40
temporooccipital part

occipital fusiform gyrus

17 postcentral gyrus 41 frontal operculum cortex
18 superior parietal lobule 42 central opercular cortex
19 supramarginal gyrus, 43 parietal operculum cortex

anterior division

20 supramarginal gyrus, 44
posterior division

planum polare

21 angular gyrus 45 heschls gyrus
22 lateral occipital cortex, 46

superior division

planum temporale

23 lateral occipital cortex, 47
inferior division

supracalcarine cortex

24 intracalcarine cortex 48 occipital pole

equation y; = sin(2nfit + ¢;), for channels i = 1,2, 3, across
the time interval 0 < t < = 1. The frequencies in Case
lare fi = 475 f, = 50, 5 = 525 and in Case 2 are
fi = 45, f = 5.0, f3 = 5.5. The phase offsets in Case 1 and
Case 2 are identical. The signals in Figure 1 are shown vertically
offset for clarity. Because Case 2 contains a broader range of
frequencies, the phase relationships across the three channels are
more variable. In that sense, the set of multivariate time series
in Case 2 is more complex. This greater complexity is quantified
in Figure 1right by the eigenspectra of channel-delay matrices
that are constructed using N = 15 delays with a delay spacing
of 0.005 s. The small eigenvalues from Case 2 are larger than the
small eigenvalues from Case 1.

For speech and fMRI features, a single matrix and
eigenspectrum was computed from the entire time series
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FIGURE 1 | Two sets of artificial time series are used to illustrate the coordination complexity feature approach. See text for details.

TABLE 4 | Table of Spearman correlations between all six IMPACT composite scores.

ImPACT Composites 1. 2. 3 4. 5, 6.

1. Verbal memory 0.65 0.49 0.47 -0.08 -0.17
2. Visual memory 0.65 0.54 0.58 -0.07 -0.04
3. Visual speed 0.49 0.54 0.69 -0.02 -0.05
4. Reaction speed 0.47 0.58 0.69 0.10 0.01
5. Impulse control -0.08 -0.07 -0.02 0.10 -0.03
6. Subjective symptoms -0.17 -0.04 -0.05 0.01 -0.03

collected in a recording session. For eye tracking features, the
time series was segmented into multiple between-blink segments.
A correlation matrix was computed from each 10-s frame within
the segments, with 5 s of overlap between successive frames. The
eye tracking eigenvalues in each rank were averaged across the
multiple frames in each recording session.

3.5. ImMPACT Latent Factor

Table 4 shows the matrix of Spearman correlations between the
six different InPACT composite scores, computed across all
subjects and time. Note that higher scores on ImPACT reflect
better cognitive performance outcomes. The first four composites
are highly correlated with each other while being uncorrelated
with the final two composites (impulse control and subjective
symptoms). The first four ImPACT composites are verbal
memory, visual memory, visual speed, and reaction speed. These
composites measure aspects of cognitive, perceptual and motor
processing that are known to correlate with cognitive ability
(48). Reaction speed is the reciprocal of the ImPACT reaction
time composite score. Reaction speed is used in this paper
because it has the same sign of correlation as the verbal memory,
visual memory, and visual speed composites. The six InPACT
composites were z-scored and then the first principal component
was computed. This principal component has a weighting vector
of (0.49,0.51,0.49,0.51,0.01,—0.07), and thus is essentially an
average of the normalized scores of the first four ImPACT
composites. Thus, these four composites have essentially equal

contribution to a latent factor related to cognitive ability that
explains the largest component of variation in ImPACT scores.
This latent factor has a mean of zero and standard deviation
of 1.62. There were no group level trends in the latent factor
over time. No statistically significant differences were found at
the group level between the latent factor values in any of the
five assessment points (Pre, Early, Late, Post 1, Post 2) listed in
Table 1 (p > 0.05).

4. PREDICTION MODEL

The prediction model, which learns a mapping between sensor
measures and ImPACT composite scores, is diagrammed in
Figure 2. The model uses a two-level mapping. The first step
is to use principal component analysis (PCA) to reduce the
dimensionality of the high-level feature sets and of the InPACT
composites, in a way that maximally preserves their variance for
a given dimensionality. Dimensionality reduction is necessary to
avoid learning an overfit model that generalizes poorly. The next
step is to use canonical correlation analysis (CCA) (49) to map
the feature-based principal components (PCs) to the InPACT-
based PCs. CCA is a flexible regression approach because it allows
multivarate PCs on both sides of the mapping, finding the linear
mapping that maximizes total input/output correlation.

These two steps are used within a leave-one-subject-out
(LOSO) cross-validation framework, which determines if the
learned models can generalize to new subjects. An additional
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level of nested cross-validation within each training fold is also
used to select the best performing number of PCs to extract from
each sensor-based feature vector, because the most effective PC
dimensionality varies with feature type. The prediction model
and training methodology are described in detail below.

4.1. Principal Component Analysis

PCA is used to project feature vectors to lower dimensional
spaces, with the first dimension capturing the largest covariance
direction, and subsequent dimensions capturing the largest
orthogonal residual covariances. The feature vectors that are
input to PCA are first z-scored so that all feature dimensions have
unit variance, and are weighted equally.

Let X denote the set of z-scored features (from eye tracking,
speech, or fMRI) and Y denote the z-scored ImPACT scores.
Then, PCA is used to generate lower-dimensional feature vectors
X (N x myx) and outcomes g (N x my), where N is the number of
observations (i.e., sessions), my is the feature PC dimensionality,
and my is the InPACT PC dimensionality.

For each feature modality, the number of PC features
is selected (using nested leave-one-subject-out (LOSO) cross-
validation) that produces the best canonical correlation in the
latent space on held-out data within each training fold. The
cross-validation procedure is described in section 4.3. PC feature
vectors generated from multiple feature sets are fused via
vector concatenation.

Y is the matrix of PCA values representing ImPACT
composite scores. Based on the analysis of correlation structure
of ImPACT composites, described in section 3.6, we set my = 1
for the main analysis in this paper, to explore correlations with
the latent cognitive factor. Then, an examination of the effect of
varying my is also conducted.

4.2. Canonical Correlation Analysis

Next, CCA is used to find projection matrices A (mx x mx) and
B(my x my) that map X and Y into a latent space that maximizes
their correlation,

U=[X—EX)]- A (3)

V=[VY—-EY)] B

with the first dimension capturing the largest correlation,
and  subsequent dimensions capturing the largest
residual correlations.

After this model is trained, it can be used to generate
an estimate of the outcome feature vector y (ImPACT
composite scores) based on an associated input feature vector
x (coordination features and/or average fMRI features). This is
done by inverting the above PCA and CCA mappings between
the outcome feature space and the latent space.

4.3. Cross Validation

Nested LOSO cross-validation is conducted to provide an
unbiased estimate of prediction accuracy on out-of-sample data.
Predictions on all sessions for each subject are made based on
a model trained on the remaining subjects. Within that training
set, an additional level of LOSO cross-validation is done to select
the best xjs, based on the Spearman correlation of U and V
generated on the union of test folds within that training set. In
this selection process, xps values in the range 1-7 are considered.
The maximum number of allowed PCs is set to the number
(7) that explains at least 90% of the variance in each of the
coordination features.

4.4. Fusing Sensor Modalities

Accuracy in predicting cognitive performance can potentially
be improved by fusing the information from multiple feature
modalities. In our approach (see Figure 2), the sensor modalities
are fused by concatenating their PCA feature vectors. The PCA
dimensionality is selected within each feature set independently,
using nested cross-validation. Then, sensor modalities are
combined by concatenating their PCA feature vectors, using
the PCA dimensionality in each cross-validation fold that was
selected based on nested cross-validation. For each set of
fused feature PCA vectors, a new CCA model is learned. The
accuracy of this model is measured in predicting, on held-
out test subjects, the IMPACT latent cognitive factor and the
ImPACT composites.

4.5. Varying ImMPACT Dimensionality
It is possible that more accurate predictions of the ImPACT
composites can be obtained by expanding the dimensionality in
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FIGURE 3 | Session 1 eye tracking trajectories from a subject with a low latent IMPACT score (left) and a subject with a high latent ImPACT score (middle).
Correlations of eye tracking eigenvalues with latent INMPACT score from all data (right). Note that a larger INPACT latent score reflects better performance outcomes
on the first four IMPACT composites (see section 3.5).

the CCA latent space beyond the single latent factor represented
by the first InPACT principal component. This is explored
by holding the number of feature PCs constant, varying the
number of InPACT PCs, and assessing the accuracy in predicting
the ImPACT composite scores on held out subjects (via cross-
validation). In section 4.3, the number of feature PCs was selected
in each cross-validation fold while holding fixed my = 1.
An additional analysis is now done in which the feature PC
dimensionality is held constant and my is varied. The effect on
accuracy in predicting ImPACT composite scores on held-out
subjects is then measured.

4.6. Predicting Within-Subject Changes
Some of the ability to predict differences in InPACT outcomes
based on eye tracking, speech, and brain activity is due to inter-
subject feature variance that correlates with outcome variance.
But, an important use case for this technology is the tracking of
intra-subject changes over time.

This capability is evaluated by determining if changes in
within-subject predictions follow the same pattern as between-
subject predictions. This is done by using a single global
prediction model that is trained using the most commonly
selected number of feature PCs per fold, based on the cross-
validation procedure. Then, the correlations of changes (over
successive sessions) in the feature-based latent factor U were
computed against changes in the InPACT-based latent factor V.
In other words, correlations were computed between dU and
dV, where dU = Ujy; — Uj, and dV = Vi1 — V;, and
where i indexes the session number for each subject. This analysis
included 21 subjects with a total of 40 dU and dV data points
from successive sessions.

A possible limitation of this approach is range restriction. It is
possible that dU and dV are as strongly correlated over their full
possible range of variation as U and V, but due to a limited range
of variation in the current data set (range restriction), dU and dV/
will appear to have a smaller correlation. A standard adjustment
to the correlations for range restriction was thus also computed
(50, 51).

5. RESULTS

5.1. Correlations Between Features and
ImPACT

An exploratory analysis was conducted of the pattern of
correlations between coordination complexity features and the
ImPACT latent cognitive factor. Strong correlations (|r| >
0.3) were found with features from all three sensor modalities.
Figure 3 shows an example of segmented eye tracking data from
the first session of two subjects, one with a low score of -1.53
in the latent cognitive factor (subject 1, left) and one with a high
score of 2.62 (subject 2, middle). The eye tracking traces of subject
1 show lower precision and consistency than those of subject
2. Coordination complexity features were extracted from the
eye tracking segments by constructing channel-delay correlation
matrices, as described in Equations (1, 2), and extracting the
eigenspectra of the matrices.

The greater precision in smooth pursuit movements among
subjects with higher cognitive InPACT scores, as exemplified in
the two tracings in Figure 3, is quantified in the eigenspectra.
Figure 3right shows Spearman correlations of the eigenspectra
(sorted in descending order of magnitude) with the latent
cognitive factor. Spearman correlations were used because they
are more robust to outliers than Pearson correlations. Before
computing the correlations, the average eigenvalue per session at
each rank was computed across the multiple 10 s segments.

Figure 4 shows speech formant tracks that were obtained from
subjects 1 and 2 in their first session. The formant tracks are
illustrated from the first 20 s of the Grandfather passage. The
formants produced by subject 2 have greater high-frequency
fluctuations relative to low-frequency fluctuations over time. This
reflects greater complexity of movement coordination in motor
articulation. The association of higher articulatory complexity in
subjects with higher cognitive scores is reflected in the pattern
of Spearman correlations of the delta-formant eigenvalues with
the ImPACT latent cognitive factor in Figure 4right. These
correlations were computed across all subjects and sessions.

Figure 5 shows subcortical fMRI time series from subjects
1 and 2 during their first session. The time series have been
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FIGURE 4 | Session 1 formant frequencies from a subject with a low latent IMPACT score (left) and a subject with a high latent IMPACT score (middle). Correlations
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z-scored and vertically offset in ascending order (see Table 2)
so that their temporal dynamics can be seen more easily. The
fMRI time series for subject 2 show a greater level and variety
of correlations in high amplitude fluctuations between different
channels. These patterns are difficult to interpret to the naked eye.
However, as shown in Figure 5right, positive correlations with
the latent cognitive factor across a range of eigenvalues indicate
an increase in fMRI complexity with cognitive performance.

5.2. Predictions From Individual Feature
Sets

First, we assess how well each feature set predicts the latent
cognitive factor. This is done by computing the correlations, on
held-out test subjects, of sensor-based U-values with ImPACT-
based V-values. Table5 summarizes these results, showing
Spearman correlations between U and V with each of the feature
sets as input. The number of PCA features that was most
commonly selected from the training set folds is also shown. All
feature sets produce positive correlations of U and V except fMRI
cortical variance values.

5.3. Predictions From Fused Feature Sets

Next, the effect of fusing feature sets via concatenation of
their PCA vectors is explored. First, rows 1-3 of Table 6 show
Spearman correlations obtained from each feature modality. The

TABLE 5 | Latent space correlations between U and V using individual feature
sets as input (n = 68).

Modality Feature PCA u, v
# r P
1. Eye Tracking eig. 7 0.45 0.000
2. Speech Formant eig. 4 0.21 0.088
dFormant eig. 2 0.35 0.003
3. fMRI SubC eig. 4 0.39 0.001
Cort eig. 7 0.28 0.020
SubC variance 2 0.30 0.014
Cort variance 1 -0.04 0.761

Correlations are obtained from the union of LOSO cross-validation test folds.

Speech results include fusion between formant and delta-formant
features, and the fMRI results include fusion between subcortical
and cortical features, and between coordination complexity
(eigenvalue) features and variance features. The accuracy is
also shown of predictions of the four ImPACT composites,
Verbal Memory, Visual Memory, Visual Motor Speed, and
Reaction Speed, which are the contributors to the latent
cognitive factor. Correlations with the remaining two ImPACT
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TABLE 6 | Latent space correlations between U and V given individual feature
modalities and fused modalities as input (n = 68).

Modality u, v Verbal Visual Visual React.
Mem. Mem. Speed Speed
r r r r r
1. Eye 0.45 0.35 0.30 0.13 0.30
2. Speech 0.26 0.28 0.18 0.22 0.24
3. fMRI 0.49 0.34 0.42 0.31 0.33
1,2 0.51 0.42 0.43 0.23 0.38
1,3 0.60 0.47 0.54 0.35 0.50
2,3 0.58 0.38 0.48 0.53 0.49
1,2,3 0.71 0.55 0.64 0.51 0.57

Also, correlations of predictions with true scores for the four cognitive ImPACT
composites. Correlations are obtained from the union of the LOSO cross-validation test
folds.
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FIGURE 6 | Scatter plot of U and V values obtained on out-of-sample test
data using all three sensor modalities, resulting in Spearman correlation of
r =0.71 (see Table 6, bottom row).

composites (Impulse Control and Subjective Symptoms) are
small in all cases, and not shown. Eye tracking and fMRI produce
stronger correlations than Speech. Correlations with the latent
factor are generally stronger than those with the individual
composite scores.

Rows 4-7 show correlations obtained by fusing across
different combinations of feature modalities. The strongest
combination is obtained by fusing all three modalities (row 7),
resulting in a correlation in the latent space of r = 0.71 and
correlations with the four composites ranging between r
0.51 and r = 0.64. The correlations with the remaining two
composites (Impulse Control and Subjective Symptoms) are
small and not shown. Figure 6 shows a scatter plot of U and V
values on all test subjects and sessions for the strongest fused
system (r 0.71). Notice that, on the lower left quadrant
of the scatter plot, the correlation between predicted scores U
and true scores V is weak. This indicates that the model loses
it’s ability to predict differences in performance below a certain
performance level.
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FIGURE 7 | Correlations of predicted vs. true IMPACT composite scores on
held-out test data, based on fusing all three sensor modalities, using different
numbers of PCA components for mapping the IMPACT composites into the
CCA latent space.

5.4. Varying the Number of ImMPACT

Principal Components

The predictions in sections 5.2, 53 were done using a
single ImPACT principal component and hence a CCA latent
space dimensionality of one. It was shown how well sensor
measurements predict outcomes in the latent space along a
single cognitive dimension, and how well these latent space
predictions map back into the InPACT composite scores. We
explored if utilizing additional latent space dimensions could
provide additional value, quantified by accuracy in predicting
the ImPACT composites. We therefore varied the number of
ImPACT principal components (and hence the number of CCA
latent space dimensions) while fixing the number of feature-
based principal components to the most common number
per feature set, as shown in Table5. The effect on accuracy
in predicting the ImPACT composites is shown in Figure 7.
Increasing the ImPACT PCA dimensionality slightly increases
accuracy of predicting the Verbal Memory and Visual Memory
composites, but at the cost of lower accuracy in Reaction Speed
and particularly Visual Speed. Predictions of Impulse Control
and Subjective Symptoms are small and statistically insignificant
(p > 0.05) in all cases, indicating that the three sensor modalities
are not useful indicators of these components of the InPACT test.

5.5. Predicting Within-Subject Changes

Within-subject changes in cognitive performance over time can
be predicted based on changes in sensor features. Table 7 shows
the accuracy of these predictions via Spearman correlations of
within-subject changes in the latent space, between dU and
dV, in successive sessions (21 subjects, 40 session pairs). To
obtain this result, a single prediction model was trained using
all training data (28 subjects, 68 sessions). This was done using
the PCA dimensionality per feature set shown in Table 5. The
within-subject correlations are smaller than the between subject
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TABLE 7 | Latent space correlations between dU and dV given individual feature
modalities and fused modalities as input (n = 40).

Modality du, dv
r F p

1. Eye 0.28 0.26 0.078
2. Speech 0.1 0.11 0.506
3. fMRI 0.23 0.24 0.152
1,2 0.33 0.32 0.039
1,3 0.20 0.22 0.217
2,3 0.21 0.24 0.192
1,2,8 0.34 0.40 0.034

adU and dV are computed from successive within-subject sessions. Also shown are
correlations, t, that are adjusted for range restriction in dU relative to U.

correlations, but they all point in the same positive direction.
The strongest within-subject correlation of = 0.34 was found
by fusing all three sensor modalities. Notice that within-subject
correlations are approximately the same using only eye-tracking
and speech. Adjusted correlations, 7, were also computed, to
adjust for the fact that the variance of dU can be smaller than
that of U. The adjusted correlations have similar magnitudes
as the raw correlations, indicating that range restriction has
little effect.

6. DISCUSSION

The goal of this work was to investigate the usefulness of
biomarkers for estimating cognitive performance outcomes.
The subject population was high school athletes participating
in sports (football and soccer) that are associated with
elevated risk of concussion and of subconcussive head impacts.
Cognitive performance was measured using the ImPACT
diagnostic test. The biomarkers were obtained in three sensing
modalities: eye movement, speech audio, and brain fMRI. Each
of the sensing modalities has shown current, or emerging,
capability for providing passive, ambulatory data capture during
normal activity. Using a predictive model trained and tested
with leave-one-subject-out cross-validation, we found strong
predictions from the fused sensor modalities of a latent cognitive
performance factor (r 0.71), with a weaker ability to
predict within-subject changes in this factor over time (r
0.34).

6.1. Clinical Relevance

Particular patterns of correlations were found between the
ImPACT latent factor and coordination complexity features
from each sensor modality. These patterns show that better
cognitive performance is associated with more precise (and hence
lower dimensional) smooth pursuit eye movements. This is seen
in Figure 3right where the negative correlations in eigenvalue
ranks 3-26 indicate that lower eye movement variability (i.e.,
smaller values in these eigenvalue ranks) is associated with

higher cognitive performance. Increased variability of smooth
pursuit eye movements have been associated with mTBI (52, 53).
Therefore, it is plausible that a loss of cognitive performance due
to mTBI would be manifested in changes in the smooth pursuit
coordination complexity features.

With dFormant speech features, the correlation patterns are
more complex. In Figure 4right, there are positive correlations
with cognitive performance in eigenvalues in ranks 9-16,
followed by negative correlations in higher rank eigenvalues.
This indicates that higher cognitive performance is associated
with more complex articulatory movements at a particular
range of temporal frequencies, as coded by the eigenvectors
of ranks 9-16, with less complexity at a higher range of
temporal frequencies.

With subcortical fMRI features, there are positive correlations
with cognitive performance in eigenvalues of rank 15-95. This
correlation pattern indicates that subjects with higher cognitive
scores produce brain activation dynamics with more complexity,
in the sense that they contain a greater fraction of their temporal
variability in the measurement-space directions encoded by
eigenvectors in these ranks.

Thus, a reasonable interpretation of these results, in aggregate,
is that better cognitive performance is associated both with the
generation of more precise motor movements and with greater
complexity in resting state brain dynamics. With regard to
motor movements, higher precision can cause simpler motor
trajectories in some contexts but more complex trajectories in
others. For simple directed movements (eye tracking), higher
precision causes more accurate execution of simple trajectories.
For complex movements (speech), higher precision causes a
more accurate execution of complex trajectories. Moreover,
the results in section 5.5 provide some support for the
hypothesis that within-subject cognitive performance changes
are reflected in biomarker changes in a manner similar to
how between-subject performance differences are reflected in
biomarker differences.

6.2. Limitation and Future Work

One limitation of this work is the absence of any documented
mTBIs in the sample at the time the signals were recorded and
ImPACT testing was conducted. Thus, the dataset should be
viewed as a convenience sample in which longitudinal cognitive
performance measurements were obtained simultaneously with
biomarker measurements, and the primary findings reflect
variability and changes in cognitive performance broadly.
Indeed, there are a number of factors, both individual and
environmental, that could have influenced subjects’ performance
on the ImPACT test, including the effects of sports-related head
impacts. However, we are not currently able to disambiguate
these. At this early stage in the development of noninvasive
measures of cognitive state changes subsequent to head impacts,
we are only able to verify that, with the current dataset, we
can specify which ImPACT scores correlate with our sensor-
based features, how they correlated, and how much of that
correlation is within-subject vs. across-subject. The next step
for this work is to determine whether these correlation patterns

Frontiers in Neurology | www.frontiersin.org

11

July 2021 | Volume 12 | Article 665338


https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurology#articles

Williamson et al.

Using Dynamics of Eye Movements

can also serve as indicators of concussion status and/or head
impact biomechanics.

A possible confound is the use of two different subject
populations: a cohort of male 22 football players, and one of
6 female soccer players. A Mann-Whitney ranksum test was
conducted to determine if there were systematic differences
in the ImPACT Composite scores for the two subject groups.
For each of the six composites, the difference between the two
groups was insignificant (p > 0.05). This finding reduces
the risk that relationships which were found between sensor
measurements and ImPACT scores were confounded by group-
level differences.

Another limitation is that the size of the data set size limits the
ability to discover statistically significant relationships between
sensor measurements and cognitive performance outcomes. The
machine learning method used in this paper, CCA, provides the
ability to assess how well the neuromotor coordination features
predict additional (linear) dimensions of variation in the pattern
of ImPACT scores. It was found that adding additional latent
dimensions did not improve accuracy in predicting ImPACT
composite scores on out of sample subjects. However, with a
larger dataset and using nonlinear machine leaning methods,
the possibility remains that additional modes of variation in
impact performance may be explainable from the coordination
complexity features.

New technology provides the opportunity to capture large
volumes of data in free living conditions, and to discover
relationships between sensor measurements and important
behavioral outcomes such as cognitive performance. These
relationships can provide a foundation for promptly detecting
subtle decrements in performance due to injury.

With smooth pursuit eye tracking, it is plausible that the
current laboratory findings will generalize to eye tracking
movements collected in field conditions. It has been found
that the mean and variation of visually driven smooth
pursuit can be accounted for by properties of the sensory
representation of visual motion in extrastriate visual area
MT, with movements modulated by sensory-motor and motor
circuits in the cerebellum and the smooth eye movement
region of the frontal eye fields (17). Better neurological
functioning should correlate with better ability to fixate and
track objects in the world. This, in turn, will tend to be
manifested in smoother, more parsimonious, eye movement
tracking trajectories.

Measuring smooth pursuit eye movements requires taking
into account simultaneous head movements. Therefore, this
technology will benefit from the incorporation of head-mounted
inertial measurment devices (IMUs) that simultaneously estimate
head position and head movements.

Free speech has shown great promise in providing
information about cognitive state related to mTBI, comparable
in quality to read speech (21). Therefore, it is recommended
that read speech protocols should be augmented with naturally
occurring speech with speaker diarization. In addition, formant
speech features should be augmented with alternative feature
modalities, including pitch, intensity envelope, and mel-
frequency cepstral coefficients, which have shown great promise

in detecting the presence of altered cognitive state due to
mTBI (21).

Measuring brain activity in free living conditions is a
less mature technology. Our findings are based on fMRI
measurements, showing differences in resting state connectivity
that are measured while subjects are not moving and not
involved in cognitive tasks. It is notable that our strongest
fMRI findings involve coordination complexity features, which,
because they are based on temporal correlations, do not rely
on calibrated signals that accurately measure absolute brain
blood flow levels or neural activity levels. Rather, they only
require that the time series indicate temporal fluctuations in
these levels.

An important factor in fMRI analysis is the choice of atlas
registration for computing ROI time series from raw fMRI
signals (see Tables 2, 3). With our particular choice of atlas,
stronger correlations were obtained from subcortical ROIs
than cortical ROIs. One possible cause of this discrepancy
is the fact that the subcortical atlas contains separate ROIs
for each hemisphere, whereas the cortical atlas does not.
Investigating choice of atlas, as well as possible sub-selection
of discriminative ROIs given choice of atlas, are areas for
further research.

7. CONCLUSION

Repeated insults to the head, including those categorized
as sub-concussive, can potentially cause lasting neurological
changes. Dynamics of smooth pursuit eye movements, speech
production, and resting state brain activity may provide
sensitive indicators of neurological changes. A first step in
validating this relationship is to show that these dynamics
correlate with objective measures of cognitive performance. This
paper demonstrates that features characterizing the dynamics
of eye movements, speech, and brain activity show strong
correlations with cognitive performance measures from the
ImPACT test, including moderate correlations with within-
subject changes in those cognitive performance measures. These
results provide a step toward the development of objective
indicators of neurological health that could be used for
early warning of neurological damage due to repeated sub-
concussive injuries.

DATA AVAILABILITY STATEMENT

The data analyzed in this study is subject to the following
licenses/restrictions: The data may be available on request,
subject to IRB approval. Requests to access these datasets should
be directed to James Williamson, jrw@Il.mit.edu.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by Committee on the Use of Humans as Experimental
Subjects (COUHES), which acts at the Institutional Review
Board for the Massachusetts Institute of Technology. Written

Frontiers in Neurology | www.frontiersin.org

12

July 2021 | Volume 12 | Article 665338


mailto:jrw@ll.mit.edu
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurology#articles

Williamson et al.

Using Dynamics of Eye Movements

informed consent to participate in this study was provided by the
participants’ legal guardian/next of kin.

AUTHOR CONTRIBUTIONS

TV, JL, TS, and TT performed data collection. JW and DS
analyzed the data. JW, DS, and SY wrote the manuscript. HR,
KH, and TT provided feedback on the analysis and manuscript.
TQ oversaw all aspects of the program. All authors contributed
to the article and approved the submitted version.

REFERENCES

10.

11.

12.

13.

14.

15.

16.

. Jordan BD. The clinical spectrum of sport-related traumatic brain injury. Nat

Rev Neurol. (2013) 9:222-30. doi: 10.1038/nrneurol.2013.33

. Duhaime AC, Beckwith JG, Maerlender AC, McAllister TW, Crisco JJ,

Duma SM, et al. Spectrum of acute clinical characteristics of diagnosed
concussions in college athletes wearing instrumented helmets. ] Neurosurg.
(2012) 117:1092-9. doi: 10.3171/2012.8.JNS112298

. Fazio VC, Lovell MR, Pardini JE, Collins MW. The relation between post

concussion symptoms and neurocognitive performance in concussed athletes.
NeuroRehabilitation. (2007) 22: 207-16. doi: 10.3233/NRE-2007-22307

. Caccese JB, Vanderlinde Santos F, Gongora M, Sotnek I, Kaye E, Yamaguchi E,

et al. History of undiagnosed concussion is associated with concussion-like
symptoms following subconcussive head impacts. Neurology. (2018) 91(23
Suppl. 1):526-7. doi: 10.1212/01.wnl.0000550684.23716.bb

. Johnson B, Neuberger T, Gay M, Hallett M, Slobounov S. Effects of

subconcussive head trauma on the default mode network of the brain. J
Neurotrauma. (2014) 31:1907-13. doi: 10.1089/neu.2014.3415

. Abbas K, Shenk TE, Poole VN, Robinson ME, Leverenz L], Nauman EA, et al.

Effects of repetitive sub-concussive brain injury on the functional connectivity
of default mode network in high school football athletes. Dev Neuropsychol.
(2015) 40:51-6. doi: 10.1080/87565641.2014.990455

. Collins MW, Field M, Lovell MR, Iverson G, Johnston KM, Maroon J, et al.

Relationship between postconcussion headache and neuropsychological test
performance in high school athletes. Am ] Sports Med. (2003) 31:168-73.
doi: 10.1177/03635465030310020301

. Iverson GL, Lovell MR, Collins MW. Interpreting change on ImPACT

following sport concussion. Clin  Neuropsychol. (2003) 17:460-7.

doi: 10.1076/clin.17.4.460.27934

. [Dataset] ImPACT Applications I. Baseline and Post-Injury Testing for

Concussion Care. Available online at: https://impactconcussioncom/.

Schatz P, Pardini JE, Lovell MR, Collins MW, Podell K. Sensitivity and
specificity of the InPACT Test battery for concussion in athletes. Arch Clin
Neuropsychol. (2006) 21:91-9. doi: 10.1016/j.acn.2005.08.001

Breedlove KM, Breedlove EL, Robinson M, Poole VN, King JR, Rosenberger P,
et al. Detecting neurocognitive and neurophysiological changes as a result of
subconcussive blows among high school football athletes. Athletic Train Sports
Health Care. (2014) 6:119-27. doi: 10.3928/19425864-20140507-02

Caplan B, Bogner J, Brenner L, Hunt AW, Mah K, Reed N, et al.
Oculomotor-based vision assessment in mild traumatic brain injury:
a systematic review. | Head Trauma Rehabil. (2016) 31:252-61.
doi: 10.1097/HTR.0000000000000174

Ventura RE, Balcer LJ, Galetta SL, Rucker JC. Ocular motor assessment
in concussion: current status and future directions. J Neurol Sci. (2016)
361:79-86. doi: 10.1016/j.jns.2015.12.010

Bueno A, Sato ], Hornberger M. Eye tracking-The overlooked method
to measure cognition in neurodegeneration? Neuropsychologia. (2019)
133:107191. doi: 10.1016/j.neuropsychologia.2019.107191

Krauzlis RJ. Recasting the smooth pursuit eye movement system. ]
Neurophysiol. (2004) 91:591-603. doi: 10.1152/jn.00801.2003

Lisberger SG, Morris E, Tychsen L. Visual motion processing and sensory-
motor integration for smooth pursuit eye movements. Ann Rev Neurosci.
(1987) 10:97-129. doi: 10.1146/annurev.ne.10.030187.000525

FUNDING

This material is based upon work supported by the Department
of the Army under Air Force Contract No. FA8702-15-D-0001.

ACKNOWLEDGMENTS

Authors would like to thank Laurel Keyes for early data
collection support.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

. Lisberger SG. Visual guidance of smooth-pursuit eye movements:

sensation, action, and what happens in between. Neuron. (2010) 66:477-91.
doi: 10.1016/j.neuron.2010.03.027

. Gibaldi A, Vanegas M, Bex PJ], Maiello G. Evaluation of the Tobii EyeX eye

tracking controller and matlab toolkit for research. Behav Res Methods. (2017)
49:923-46. doi: 10.3758/s13428-016-0762-9

. Stuart S, Parrington L, Martini D, Peterka R, Chesnutt ], King L.

The measurement of eye movements in mild traumatic brain injury: a
structured review of an emerging area. Front Sports Act Living. (2020) 2:5.
doi: 10.3389/fspor.2020.00005

Quatieri TE, Williamson JR, Smalt CJ, Perricone J, Patel T, Brattain L, et al.
Multimodal biomarkers to discriminate cognitive state. Role Technol Clin
Neuropsychol. (2017) 409-444. doi: 10.1093/050/9780190234737.003.0021
Talkar T, Yuditskaya S, Williamson JR, Lammert A, Rao H, Hannon
D, et al. Detection of subclinical mild traumatic brain injury (mTBI)
through speech and gait. Proc Interspeech. (2020) 2020:135-9.
doi: 10.21437/Interspeech.2020-2651

Talkar T, Williamson JR, Hannon DJ, Rao HM, Yuditskaya S, Claypool
KT, et al. Assessment of speech and fine motor coordination in
children with autism spectrum disorder. IEEE Access. (2020) 8:127535-45.
doi: 10.1109/ACCESS.2020.3007348

Williamson JR, Telfer B, Mullany R, Fried]l KE. Detecting Parkinson’s disease
from wrist-worn accelerometry in the UK biobank. Sensors. (2021) 21:2047.
doi: 10.3390/s21062047

Powers KC, Kalmar JM, Cinelli ME. Dynamic stability and steering control
following a sport-induced concussion. Gait Posture. (2014) 39:728-32.
doi: 10.1016/j.gaitpost.2013.10.005

Chen HL, Lu TW, Chou LS. Effect of concussion on inter-joint
coordination during divided-attention gait. ] Med Biol Eng. (2015) 35:28-33.
doi: 10.1007/540846-015-0002-2

Fuentes CT, Mostofsky SH, Bastian AJ. Children with autism show
specific  handwriting impairments.  Neurology. (2009)  73:1532-7.
doi: 10.1212/WNL.0b013e3181c0d48¢

Grace N, Johnson BP, Rinehart NJ, Enticott PG. Are motor control and
regulation problems part of the ASD motor profile? A handwriting study. Dev
Neuropsychol. (2018) 43:581-94. doi: 10.1080/87565641.2018.1504948
Grafton ST. Contributions of functional imaging to understanding
parkinsonian symptoms. Curr Opin (2004) 14:715-9.
doi: 10.1016/j.conb.2004.10.010

Kim S, Horak FB, Carlson-Kuhta P, Park S. Postural feedback scaling
deficits in Parkinson’s disease. ] Neurophysiol. (2009) 102:2910-20.
doi: 10.1152/jn.00206.2009

Falcone M, Yadav N, Poellabauer C, Flynn P. Using isolated vowel sounds for
classification of mild traumatic brain injury. In: (2013) IEEE International
Conference on Acoustics, Speech and Signal Processing.. (2013). (IEEE),
p. 7577-81.

Daudet L, Yadav N, Perez M, Poellabauer C, Schneider S, Huebner A. Portable
mTBI assessment using temporal and frequency analysis of speech. IEEE |
Biomed Health Inform. (2016) 21:496-506. doi: 10.1109/JBHI.2016.2633509
Helfer BS, Quatieri TE, Williamson JR, Keyes L, Evans B, Greene WN, et al.
Articulatory dynamics and coordination in classifying cognitive change with
preclinical mTBI. In: Fifteenth Annual Conference of the International Speech
Communication Association. (2014).

Neurobiol.

Frontiers in Neurology | www.frontiersin.org

July 2021 | Volume 12 | Article 665338


https://doi.org/10.1038/nrneurol.2013.33
https://doi.org/10.3171/2012.8.JNS112298
https://doi.org/10.3233/NRE-2007-22307
https://doi.org/10.1212/01.wnl.0000550684.23716.bb
https://doi.org/10.1089/neu.2014.3415
https://doi.org/10.1080/87565641.2014.990455
https://doi.org/10.1177/03635465030310020301
https://doi.org/10.1076/clin.17.4.460.27934
https://impactconcussioncom/
https://doi.org/10.1016/j.acn.2005.08.001
https://doi.org/10.3928/19425864-20140507-02
https://doi.org/10.1097/HTR.0000000000000174
https://doi.org/10.1016/j.jns.2015.12.010
https://doi.org/10.1016/j.neuropsychologia.2019.107191
https://doi.org/10.1152/jn.00801.2003
https://doi.org/10.1146/annurev.ne.10.030187.000525
https://doi.org/10.1016/j.neuron.2010.03.027
https://doi.org/10.3758/s13428-016-0762-9
https://doi.org/10.3389/fspor.2020.00005
https://doi.org/10.1093/oso/9780190234737.003.0021
https://doi.org/10.21437/Interspeech.2020-2651
https://doi.org/10.1109/ACCESS.2020.3007348
https://doi.org/10.3390/s21062047
https://doi.org/10.1016/j.gaitpost.2013.10.005
https://doi.org/10.1007/s40846-015-0002-2
https://doi.org/10.1212/WNL.0b013e3181c0d48c
https://doi.org/10.1080/87565641.2018.1504948
https://doi.org/10.1016/j.conb.2004.10.010
https://doi.org/10.1152/jn.00206.2009
https://doi.org/10.1109/JBHI.2016.2633509
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurology#articles

Williamson et al.

Using Dynamics of Eye Movements

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Lammert AC, Williamson JR, Hess A, Patel T, Quatieri T, Liao HJ, et al.
Noninvasive estimation of cognitive status in mild traumatic brain injury
using speech production and facial expression. In: 2017 Seventh International
Conference on Affective Computing and Intelligent Interaction (ACII). (2017)
(IEEE). p. 105-10.

Neubauer AC, Fink A. Intelligence and neural efficiency: measures of brain
activation versus measures of functional connectivity in the brain. Intelligence.
(2009) 37:223-9. doi: 10.1016/j.intell.2008.10.008

Ahmadlou M, Adeli A, Bajo R, Adeli H. Complexity of functional connectivity
networks in mild cognitive impairment subjects during a working memory
task. Clin Neurophysiol. (2014) 125:694-702. doi: 10.1016/j.clinph.2013.
08.033

Goebel R, Roebroeck A, Kim DS, Formisano E. Investigating directed cortical
interactions in time-resolved fMRI data using vector autoregressive modeling
and granger causality mapping. Magn Reson Imaging. (2003) 21:1251-61.
doi: 10.1016/j.mri.2003.08.026

Schindler K, Leung H, Elger CE, Lehnertz K. Assessing seizure dynamics by
analysing the correlation structure of multichannel intracranial EEG. Brain.
(2007) 130:65-77. doi: 10.1093/brain/awl304

Williamson JR, Bliss DW, Browne DW. Epileptic seizure prediction
using the spatiotemporal correlation structure of intracranial EEG. In:
2011 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP). (2011) (IEEE). p. 665-8. doi: 10.1109/ICASSP.2011.59
46491

Williamson JR, Bliss DW, Browne DW, Narayanan JT. Seizure prediction
using EEG spatiotemporal correlation structure. Epilepsy Behav. (2012)
25:230-8. doi: 10.1016/j.yebeh.2012.07.007

Ma S, Bliss DW. Intra-patient and inter-patient seizure prediction from
spatial-temporal EEG features. In: 2014 48th Asilomar Conference on Signals,
Systems and Computers. (2014) (IEEE). p. 194-9.

Quatieri TE, Williamson JR, Smalt CJ, Perricone ], Helfer BJ, Nolan MA,
et al. Using eeg to discriminate cognitive workload and performance based
on neural activation and connectivity. In: MIT Lincoln Laboratory Technical
Report, Lexington, MA, USA. DTIC (AD1033658), (2016).

Helfer BS, Williamson JR, Miller BA, Perricone J, Quatieri TF. Assessing
functional neural connectivity as an indicator of cognitive performance. arXiv
preprint arXiv:160708891. (2016).

Casson AJ. Wearable EEG and beyond. Biomed Eng Lett. (2019) 9:53-71.
doi: 10.1007/513534-018-00093-6

Lovell MR. ImPACT Clinical Interpretation Manual. (2007). Available online
at: https://www.sjschools.org/images/Athletics_HS/ImPACT_Clinical _
Interpretation_Manual.pdf

45. Lammert AC, Melot J, Sturim DE, Hannon DJ, DeLaura R, Williamson
JR, et al. Analysis of Phonetic Balance in Standard English Passages. |
Speech Lang Hear Res. (2020) 63:917-930. doi: 10.1044/2020_JSLHR-19-
00001

Mehta DD, Rudoy D, Wolfe PJ. Kalman-based autoregressive moving
average modeling and inference for formant and
tracking. J Acoust Soc Am. (2012) 132:1732-46. doi:
4739462

Whitfield-Gabrieli S, Nieto-Castanon A. Conn: a functional connectivity
toolbox for correlated and anticorrelated brain networks. Brain Connect.
(2012) 2:125-41. doi: 10.1089/brain.2012.0073

Ritchie S. Intelligence: All That Matters. London, UK: John Murray. (2015).
Thompson B. Canonical Correlation Analysis: Uses and Interpretation. Vol. 47.
Thousand Oaks, CA: Sage (1984).

Stauffer JM, Mendoza JL. The proper sequence for correcting correlation
coefficients for range restriction and unreliability. Psychometrika. (2001)
66:63-8. doi: 10.1007/BF02295732

Thorndike RL. Personnel selection; test and measurement techniques. New
York, NY: Wiley (1949).

Maruta J, Heaton KJ, Kryskow EM, Maule AL, Ghajar J. Dynamic visuomotor
synchronization: quantification of predictive timing. Behav Res Methods.
(2013) 45:289-300. doi: 10.3758/s13428-012-0248-3

Maruta J, Heaton KJ, Maule AL, Ghajar J. Predictive visual tracking: specificity
in mild traumatic brain injury and sleep deprivation. Military Med. (2014)
179:619-25. doi: 10.7205/MILMED-D-13-00420

46.
antiformant
10.1121/1.

47.

48.
49.

50.

51.

52.

53.

Disclaimer: Approved for public release. Distribution is unlimited. Any opinions,
findings, conclusions or recommendations expressed in this material are those of
the author(s) and do not necessarily reflect the views of the Department of the
Army.

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Copyright © 2021 Williamson, Sturim, Vian, Lacirignola, Shenk, Yuditskaya, Rao,
Talavage, Heaton and Quatieri. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (CC BY). The use, distribution
or reproduction in other forums is permitted, provided the original author(s) and
the copyright owner(s) are credited and that the original publication in this journal
is cited, in accordance with accepted academic practice. No use, distribution or
reproduction is permitted which does not comply with these terms.

Frontiers in Neurology | www.frontiersin.org

14

July 2021 | Volume 12 | Article 665338


https://doi.org/10.1016/j.intell.2008.10.008
https://doi.org/10.1016/j.clinph.2013.08.033
https://doi.org/10.1016/j.mri.2003.08.026
https://doi.org/10.1093/brain/awl304
https://doi.org/10.1109/ICASSP.2011.5946491
https://doi.org/10.1016/j.yebeh.2012.07.007
https://doi.org/10.1007/s13534-018-00093-6
https://www.sjschools.org/images/Athletics_HS/ImPACT_Clinical_Interpretation_Manual.pdf
https://www.sjschools.org/images/Athletics_HS/ImPACT_Clinical_Interpretation_Manual.pdf
https://doi.org/10.1044/2020_JSLHR-19-00001
https://doi.org/10.1121/1.4739462
https://doi.org/10.1089/brain.2012.0073
https://doi.org/10.1007/BF02295732
https://doi.org/10.3758/s13428-012-0248-3
https://doi.org/10.7205/MILMED-D-13-00420
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurology#articles

	Using Dynamics of Eye Movements, Speech Articulation and Brain Activity to Predict and Track mTBI Screening Outcomes
	1. Introduction
	2. Data Set
	2.1. Subject Enrollment
	2.2. ImPACT Scores

	3. Measurements
	3.1. Eye Tracking Signals
	3.2. Audio Signals
	3.3. fMRI Signals
	3.4. Coordination Complexity Features
	3.5. ImPACT Latent Factor

	4. Prediction Model
	4.1. Principal Component Analysis
	4.2. Canonical Correlation Analysis
	4.3. Cross Validation
	4.4. Fusing Sensor Modalities
	4.5. Varying ImPACT Dimensionality
	4.6. Predicting Within-Subject Changes

	5. Results
	5.1. Correlations Between Features and ImPACT
	5.2. Predictions From Individual Feature Sets
	5.3. Predictions From Fused Feature Sets
	5.4. Varying the Number of ImPACT Principal Components
	5.5. Predicting Within-Subject Changes

	6. Discussion
	6.1. Clinical Relevance
	6.2. Limitation and Future Work

	7. Conclusion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	References


