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Abstract

The potential clinical utility of a novel quantitative electroencephalographic (EEG)-based Brain Function Index (BFI)
as a measure of the presence and severity of functional brain injury was studied as part of an independent prospective
validation trial. The BFI was derived using quantitative EEG (QEEG) features associated with functional brain impairment reflecting current consensus on the physiology of concussive injury. Seven hundred and twenty adult patients
(18–85 years of age) evaluated within 72 h of sustaining a closed head injury were enrolled at 11 U.S. emergency
departments (EDs). Glasgow Coma Scale (GCS) score was 15 in 97%. Standard clinical evaluations were conducted
and 5 to 10 min of EEG acquired from frontal locations. Clinical utility of the BFI was assessed for raw scores and
percentile values. A multinomial logistic regression analysis demonstrated that the odds ratios (computed against
controls) of the mild and moderate functionally impaired groups were significantly different from the odds ratio of the
computed tomography (CT) postive (CT+, structural injury visible on CT) group ( p = 0.0009 and p = 0.0026, respectively). However, no significant differences were observed between the odds ratios of the mild and moderately functionally impaired groups. Analysis of variance (ANOVA) demonstrated significant differences in BFI among normal
(16.8%), mild TBI (mTBI)/concussed with mild or moderate functional impairment, (61.3%), and CT+ (21.9%) patients
( p < 0.0001). Regression slopes of the odds ratios for likelihood of group membership suggest a relationship between
the BFI and severity of impairment. Findings support the BFI as a quantitative marker of brain function impairment,
which scaled with severity of functional impairment in mTBI patients. When integrated into the clinical assessment, the
BFI has the potential to aid in early diagnosis and thereby potential to impact the sequelae of TBI by providing an
objective marker that is available at the point of care, hand-held, non-invasive, and rapid to obtain.
Keywords: brain electrical activity; concussion; ED triage; EEG; functional impairment; mTBI; TBI
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Introduction

T

raumatic brain injury (TBI) visits to the emergency department (ED) have been reported to have increased by 29%
between 2006 and 20101, whereas overall ED visits only increased
3.6%. This surge likely reflects heightened public awareness of the
potential long-term consequences of TBI and concussion.2 Of the
estimated 4.8 million people evaluated annually in the United
States for TBI,3 approximately 90% are found to be ‘‘mild’’ (mTBI/
concussion)4 by current clinical criteria. Thus the ability to objectively and effectively identify those with mTBI/concussion is of
major public health interest.
There is currently no ‘‘gold standard’’ for the diagnosis of
concussion. More than 20 different published guidelines exist for
grading concussion severity and determining return to activity.
Head impact sensors can provide a warning system of hits, but
readings have not been demonstrated to correlate with or predict
concussion.5 Although advanced neuroimaging has greatly contributed to a better understanding of the pathophysiology of concussion, limited accessibility, relatively long exam times, and
diagnostic imaging expertise limit the clinical utility of such
technologies. Clinical symptom checklists and neurocognitive tests
are used commonly, but the disadvantages include lack of clinical
validation, poor test-retest reliability, and frequent under-reporting
and or exaggeration of symptoms.6
TBI is a complex and heterogeneous disorder, resulting in a
spectrum of associated injury severity. Brain injuries visible on
computed tomography (CT) represent the more severe end of this
pathology spectrum. Advanced functional neuroimaging can detect
brain injuries not visible on CT and have led to a better understanding of injury mechanisms and sequelae of concussive injury.
Changes in ‘‘functional connectivity’’ between regions of the brain
have been demonstrated in diffusion tensor imaging (DTI) studies
providing evidence of the disruption of white matter tract integrity
in concussive injury 7–12 In addition, changes in magnetic resonance spectroscopy (MRS) demonstrate evidence of changes in
brain metabolism as a consequence of concussive injury.13
The physical injuries visible in DTI and MRS images impact the
generation, transmission, and processing of neural signals within
and across regions of the brain that can be measured directly by
encephalography (EEG). This has been observed in studies that
demonstrate a high correlation between DTI/MRS measures and
changes in brain electrical activity, suggesting the utility of such
measures as markers of functional brain injury. In a study comparing DTI and EEG in blast-concussed soldiers, Sponheim and
colleagues14 reported a significant correlation between changes in
mean fractional anisotropy (FA) of four major white matter tracts
related to frontal interhemispheric communication and changes in
phase synchrony of the EEG between frontal and frontotemporal
regions. Another measure of brain electrical activity reported to
reflect brain injury in mTBI/concussion is based on the ‘‘complexity’’ or entropy of the EEG signal, which drops in concussive
injury.15 Changes in the frequency spectra of the EEG, power relationships, and coherence between regions have also been demonstrated in the presence of concussion.16–19
The temporal resolution of brain electrical activity presents an
analytic advantage over other functional neuroimaging methods
including availability at the point of care, ease of use with limited
training, and non-invasive application. This article describes the
development and validation of a novel quantitative EEG-based
Brain Function Index (BFI) to aid in the assessment of mTBI following a head injury. The BFI is derived from those QEEG features
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associated with functional brain impairment reflecting current
consensus on the physiology of concussive injury.11–16 The study
demonstrates potential clinical utility of the BFI in supporting the
evaluation of functional brain injury and the relationship between
the BFI and severity of functional impairment in an independent
prospective validation population.
Methods
Study design and population
The B-Ahead III Validation Triala consisted of a prospective
convenience sample of adult patients presenting to 11 participating
U.S. ED sites.b Patients between the ages of 18 and 85 years who
presented to an ED within 72 h of sustaining a closed head injury,
and who had a Glasgow Coma Scale (GCS) score between 12 and
15 (at the time of the Ahead 300 evaluation) were candidates for
study inclusion.
Patients were excluded if they had scalp lacerations, skull abnormalities, or any other clinical condition that precluded placement
of the electrodes on the forehead in the prescribed locations. Patients
were also excluded if intoxicated to the point where they could not
participate in the study or give informed consent. Patients with advanced dementias, Parkinson’s disease, known chronic drug or alcohol dependence, known seizure disorder or other central nervous
system disorder were also excluded. Other exclusion criteria included history of transient ischemic attack (TIA) or stroke in the past
year, currently receiving dialysis or in end-stage renal disease, active
fever greater than 100F or 37.7C, in critical condition or requiring
advanced airway management, and currently receiving procedural
sedation medications. Patients exhibiting drug/alcohol intoxication
but otherwise satisfying the above criteria were not excluded. Signed
informed written consent, or in a few cases consent by proxy, was
obtained. Assessment of the capacity of the subject to give informed
consent was performed using the Conley criteria.20
Clinical assessments
The evaluation of the study subjects was performed using standard
practice clinical procedures of each ED site. In all cases the determination to receive a CT scan was made by the site ED physician,
according to local standard of care. To address the potential differences between neuro-radiological reads of the CT scans across sites,
independent blinded adjudication was performed by the contract
research organization (CRO; Brain Injury Outcomes [BIOS] Division, Johns Hopkins University). The adjudication followed a rigorous and quantitative procedure involving sequential evaluation by
imaging specialists and physician specialist readers with imagebased initial independent determination of CT+ or CT–, requiring
unanimity for final determinations.21 Evaluation of clinical signs and
symptoms included the Standardized Assessment of Concussion
scale (SAC)22,23 and the Concussion Symptom Inventory (CSI),24
acquired by trained ED personnel.
A categorical classification of functional severity (mild/moderate) was computed for CT negative subjects based on the report of
focal neurological signs, loss of consciousness (LOC), posta
NCT02367300; https://clinicaltrials.gov/ct2/show/NCT02367300?
term=BrainScope&rank=5; accessed June 17, 2016.
b
The 11 ED sites included: Washington University Barnes Jewish
Medical Center, St. Louis, MO; Detroit Receiving Hospital, Detroit, MI;
University of Virginia Health System, Charlottesville, VA; R. Adams
Cowley Shock Trauma Center, Baltimore, MD; Baylor University Medical
Center, Dallas, TX; Emory University/Grady Memorial Hospital, Atlanta,
GA; Wayne State University Sinai-Grace Hospital Detroit, MI; University
of Rochester Medical Center, Rochester, NY; Allegheny General Hospital,
Pittsburgh, PA; University of Texas Memorial Hermann Hospital, Houston, TX; and Hartford Hospital, Hartford, CT.
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traumatic or retrograde amnesia, and the presence and severity of
scores for cognitive function/memory, orientation, headache and
presence of focal neurological signs, and high-risk criteria (e.g.,
persistent vomiting, post-traumatic seizure, GCS score <15) gathered using the above scales.17 Those with focal neurological signs,
or LOC or amnesia and two or more symptoms of moderate to
severe severity (e.g., 4–6 on the Likert scale) were considered
moderate. Those who did not meet criteria for moderate, did not
have focal neurological signs but had altered mental status (AMS)
and at least one concussion symptom or report of LOC or amnesia,
were considered mild. This scoring was performed in a blind retrospective manner performed by the independent CRO (BIOS) and
was used for the characterization of severity of functional impairment only.
EEG data acquisition
Subjects underwent 5 to 10 min of eyes-closed resting EEG in the
ED. The EEG was recorded using a disposable self-adhesive headset
that positioned electrodes on the standard frontal locations (FP1,
FP2, AFz, F7, and F8) of the expanded International 10/20 system
referenced to linked ears. Electrode impedances were required to be
below 10 kO for data collection. The EEG data were subjected to a
series of artifact detection algorithms that identified and removed any
biological and non-biological contamination, such as that from eye
movement or muscle movement,25 producing a ‘‘clean’’ artifact-free
record of 1 to 2 min required for all further analyses.
Computation of quantitative features of brain electrical
activity EEG (QEEG) for algorithm development
The artifact-free EEG data were subjected to quantitative offline analyses to derive an extensive set of univariate and multivariate features (both linear and non-linear) using advanced signal
processing methods. The univariate feature sets included a broad
range of measures from conventional features derived from power
spectrum estimates in the conventional EEG frequency bands to
non-traditional features based on chaos theory, information theory,
and functional connectivity in the spatiotemporal EEG signal. The
univariate features are age-regressed (where an appropriate age relationship in the normal population is present) and normalized to
standard z-scores. The multivariate features are derived from the
univariate feature z-scores and the formulations are designed to describe changes in brain dynamics across brain regions and across the
EEG frequency bands. See the article by Prichep and associates 25 for
a more complete description of the feature extraction methodology.
Ahead 300 structural injury classification
The likelihood that a patient was CT positive (CT+) was predicted
by the application of the EEG-based structural injury classification
algorithm (Ahead 300 device FDA 510(k) clearance, K161068) described in detail elsewhere.21 This algorithm was independently
developed using a least absolute shrinkage and selection operator
(LASSO) methodology,26 which uses a regularized logistic regression model. The classifier consists of a weighted combination of
selected linear and non-linear QEEG features, enhanced with selected clinical features. The features that are inputs to the algorithm
were selected to optimally reflect traumatic structural brain injury.
The Ahead 300 classification also produced a ternary classification
output implementing a second threshold (T2) which, together with
the binary threshold (T1), defined an equivocal zone (EZ) as a third
classification category. This classifier was demonstrated to obtain
extremely high accuracy for predicting the likelihood of being CT+,
with high negative predictive value (NPV) and sensitivity to any
traumatic bleeding and to hematomas. Specificity was significantly
higher than standard CT decision rules (for details see Hanley and
colleagues21 and Prichep and associates27).
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Analysis
EEG data analysis
Development of the EEG Brain Function Index (BFI).
Two databases were used for development of the BFI, the algorithm
development database (n = 2407) and the healthy volunteer normative database (n = 384). The two databases and the subjects they
represent were mutually independent as well as completely independent from the one used for the validation trial. A brief description of both databases is provided below. Informed consent
was obtained from each subject (each site obtained Institutional
Review Board approval to conduct the study at its site).
The algorithm development database was constructed through
multiple studies across several years of development, under consistent protocols. Study sites included 20 EDs and 11 colleges and high
schools across the United States. Subjects were a convenience
sample (n = 2407; 36% female, 64% male). Of these subjects 29.1%
were controls and 70.9% were TBI patients (29.3% mTBI/concussed
with mild functional impairment, 25.6% mTBI/concussed with
moderate functional impairment, and 16.0% CT+). It is noted that
‘‘controls’’ contained both head-injured normal controls (patients
who sustained a closed head injury but for whom the report of
symptoms/severity indicated normal function) as well as ED controls
with no head injury; TBI patients included males and females between the ages of 15 and 92, who suffered a closed head injury and
had a GCS score of 8 or higher. The mean GCS score of the cohort
was 14.9 (median, 15; standard deviation [SD], 0.4; range, 9–15).
The mean age of the cohort was 39.5 years (median, 36.2; SD, 17.6;
range, 15.1–91.7). The inclusion/exclusion criteria for enrollment
were consistent with those described in the ‘‘Patient Population’’
section for the validation trial.
The healthy volunteer normative database consisted of a total of
384 healthy volunteer subjects (59.6% female; 40.4% male) between
the age of 18 and 85 years, GCS score of 15, and not under duress.
These subjects were recruited from the community surrounding three
clinical sites using a single predefined protocol and assessed for
presence and severity of symptoms using the same clinical assessment tools as used in the current validation population. The mean age
of the cohort was 46.0 years (median, 46.7; SD, 16.4; range, 18.0–
80.8). The inclusion/exclusion criteria for this group included those
described in the ‘‘Patient Population’’ section for the validation trial
with the additional exclusions for subjects with injury above the
clavicle, neck or head injury within the past year, a primary complaint of generalized weakness, a primary complaint of headache or
migraine, a history of brain surgery, TBI, or a history of motor
vehicle accident (MVA) requiring an ED visit within the past year.
With regard to drugs or alcohol, fatigue, pain, and other factors
that may be present in head injury cases, the method used in this
investigation was to include them in all subject groups (controls and
TBI patients), except as defined by exclusion criteria. By doing this,
they are eliminated as differentiating factors between groups, and
features sensitive to these factors are not selected by the classifier,
whereas features independent of such factors that differentiate
between groups are candidates for selection.
The BFI was designed to be an aggregate representation of brain
abnormality that reflects functional impairment in concussive injury.
Based on concussion literature (reviewed above, see Introduction), a
subset of features was identified that have been reported to be reflective of the pathophysiology of concussion. These features include
measures of connectivity between regions of the brain (including
coherence, phase synchrony, power ratios) measures of ‘‘complexity’’
of the EEG signal (including fractal and scale-free dimension), and
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features that relate to changes in the frequency spectra (including
changes in alpha power activity). The formulations were tested on
the algorithm development database in a five-fold cross validation
framework to prevent over-fitting to the data.
BFI computation. The EEG BFI is computed as a linear
combination of the selected subset of the QEEG feature z-scores.
The linear combination includes additional weight assigned to
values that are outside the age-expected normal range for that
feature (to increase the relative contribution of the features with
abnormal values to the index). The general formulation of the index
(Y) for any EEG recording session may be expressed as follows:
Y

N
¼ wN +i ¼N 1 xi

N
þ wA +i ¼A 1 xi

where, wN is the weight associated with a feature value that is in
the normal range for that feature, NN is the number of features for
the given EEG recording session that are in the normal range, xi is the
value of the ith feature, wA is the weight associated with a feature
value that is outside the normal range, and NA is the number of
features for the given EEG recording session that are outside the
normal range. The normal range of values for any given feature was
computed as the range for a theoretical normally distributed feature
(l = 0, r = 1) within which 80% of the values lie. This normality
requirement translates to an absolute feature z-score value <1.2816
( p < 0.10). This range was computed on the large independent population of healthy volunteer subjects contained in the normative
database. In summary, the computation yields a multivariate combination of those QEEG features (linear and non-linear) that were
most related to the physiology of concussion (based on current
consensus), weighted for each patient by their individual pattern of
significant deviations (relative to normal) for this feature set.
To aid in interpretability, the BFI is expressed as a percentile
relative to the distribution for this measure in the normal (healthy
volunteer) population. In addition to the continuous raw score,
three percentile categories are reported, including: (1) those greater
than or equal to the 10th percentile (within the normal range), (2)
those less than the 10th percentile (1.2816 SDs from the mean of the
normal distribution) but greater than or equal to the 2.5th percentile, and (3) those less than the 2.5th percentile (approximately 2
SDs from the mean of the normal population).
Analysis of trial data. All EEG data processing was completed off-line to maintain data acquisition blind to the clinical
presentation and to blind the classification results at the clinical site.
It is important to note that because the BFI was finalized a priori,
only those specific features used in the BFI computation are extracted from the independent validation population as part of the
BFI calculations. It is also noted that the validation of the BFI was
a secondary end-point of this prospective validation trial. Primary
end-points findings were reported elsewhere.21
Statistical analysis
To statistically demonstrate the scaling of the BFI with increasing
severity of impairment, a multinomial logistic regression28 was
computed for the BFI raw scores and the percentile-based categories (i.e., at or above the 10th percentile, between the 10th percentile and the 2.5th percentile, and below the 2.5th percentile) with
a target alpha of 0.05.
In addition, to assist in illustrating group separation tested in the
multinomial logistic regression analysis, a post hoc Kruskal-Wallis

analysis of variance (ANOVA) was performed to determine if the
mean BFI scores were different for groups of subjects classified by
degree of functional impairment. This non-parametric test was
selected because the assumption of normality for the parametric
ANOVA was not met. Further post hoc analysis using the sensitivity index (d’) is reported to quantify the separation between the
groups.29 Other exploratory analyses were also run to illustrate the
scaling of the BFI with degree of impairment, using histograms
(along with fitted normal distributions), and trends in the probability ratio of group membership.
Results
Characteristics of the validation study population
Seven hundred and twenty (720) closed head-injured subjects
were enrolled in this study. For seven of these subjects, the categorical classification of functional severity could not be computed
due to incomplete symptom information and they were therefore,
dropped from further analysis. The remaining 713 subjects (60.9%
male; 39.1% female) had a mean age of 43.6 years (SD, 18.7;
median, 42.3; range 18–85.6) and a mean GCS score of 14.96 (SD,
0.23; median, 15; range, 12–15). In addition to the CT+ group
(n = 156), the computation of the categorical classification resulted
in two CT negative sub-populations: head-injured normal (patients
who sustained a closed head injury but for whom the report of
symptoms/severity indicated normal function, n = 120) and mTBI/
concussed (mild functional impairment, n = 267 or moderate
functional impairment, n = 170; total n = 437).
Multinomial logistic regression analysis
According to the method of Hosmer and Lemeshow,28 in this
study the odds ratios of the various groups computed against the
head-injured normal group (reference group) were compared by
testing the difference in the slopes of the multi-nomial logistic
regression of the raw BFI scores, b1 (mild with reference), b2
(moderate with reference), and b3 (severe [CT+] with reference).
Alpha inflation was controlled by the Hochberg method.30 The
results of this multinomial logistic regression analysis appears in
Table 1.
As can be seen in Table 1, the BFI score demonstrated statistically significant differences between odds ratios (computed
against the head-injured normal group) of the mild functionally impaired group (CT–, with mild clinical symptomatology)
and the CT+ structural TBI (visible on CT) group, p = 0.0009. It
also demonstrated significant differences in the odds ratios between the moderate functionally impaired group (CT– with
moderate clinical symptomatology) compared with that of the
CT+ structural TBI group, p = 0.0026. A similar analysis with the
percentile-based BFI categories (at or above the 10th percentile,
between the 10th percentile and the 2.5th percentile, and below
the 2.5th percentile) also demonstrated statistically significant
differences between the odds ratios (computed against the headinjured normal group) for the same two comparisons ( p = 0.0017
for mild CT– vs. CT+ TBI to reference and p = 0.0011 for moderate CT– vs. CT+ TBI). This result indicates that the order of the
BFI (raw score and percentile categories) is correlated with the
severity of the functional impairment. No significant differences
in the odds ratios between mild functionally impaired group
compared with that of the moderately functionally impaired group
to the reference group ( p = 0.5120). It is noted that the p-values
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Table 1. Slope Comparisons from the Multinomial
Regression of EEG Brain Function Index Scores
Comparison

Difference
-0.00192
0.00002
-0.00194

b1 vs. b3
b1 vs. b2
b2 vs. b3

Variance
-7

3.78x10
4.44x10-7
4.80x10-7

Z-statistic

P-value

-3.1212
0.0300
-2.8007

0.0009
0.5120
0.0026

b1 refers to the odds ratio comparing mild with reference, b2 refers to
odds ratio comparing moderate with reference, and b3 refers to odds ratios
comparing severe (CT+) with reference group.
CT, computed tomography; EEG, electroencephalographic.

noted correspond to differences in the long odds, which implies
differences in the odds ratios.
Post hoc analysis
The supporting post hoc non-parametric Kruskal Wallis ANOVA demonstrated that the group means of the three groups (normal,
mTBI/CT–, and CT+) were significantly different. The null hypothesis of equal group means was rejected ( p = 0.001) showing a
statistically significant relationship between BFI score and functional impairment severity. The means and standard errors for the
three groups are shown in Table 2.
The sensitivity index (d’) value for the separation of CT+ group
from the head-injured normal group was computed to be 0.62,
indicating a large degree of separation between the two groups. The
d’ for the separation between the mTBI/concussed and CT+ groups
was computed to be 0.35, which indicates a moderate level of
separation between the groups and supports the ability of the BFI to
distinguish between the two groups. Within the mTBI/concussed
group, the d’ for the separation between mild and moderately
functionally impaired groups was less than 0.1,which indicates a
lack of separation between the two groups.

FIG. 1. Normal distributions fitted to Brain Function Index
(BFI) score to illustrate the BFI increase in response to increasing
severity of brain injury. Frequencies are normalized such that each
histogram has a peak value of 1, and each fitted distribution has a
peak value of 2. CT, computed tomography; mTBI, mild traumatic
brain injury.

shows the group membership odds ratios. The trend lines were
obtained using a second order polynomial regression. The differences in the slopes of the trend lines for the three groups provide
additional support that when the BFI score is greater than 450, a
clear relationship can be seen with TBI severity. That is, as the BFI
score increases (i.e., brain function becomes more abnormal), the
probability of being normal decreases and the probability of being
mTBI/concussed or CT+ increases. It is further noted that the rate
of the increase for the mTBI/concussed group is lesser than that for
the CT+ group.

Relationship of BFI score and severity of impairment
Figure 1 illustrates the distributions of the BFI scores for the
three groups using shifts in a normal distribution fitted to the groupwise BFI histograms. The fitted curves show that the group-wise
BFI distributions shift to the right (increase in BFI) in response to
increasing severity of brain injury.
Figure 2 illustrates the probability ratio analysis of group
membership with increasing BFI severity, where the x axis shows
the BFI score (binned to the nearest hundredths place) and the y axis

Table 2. Group Means, Medians, and Standard Error
for the Three Patient Groups
(Normal, mTBI/CT-, and CT+)
BFI score
Group

N

BFI percentile

Std.
Std.
Mean Median Error Mean Median Error

Normal
120 222.5
mTBI/CT- 437 247.1
CT+
156 299.4

187.5
213.1
247.0

1.0
0.3
1.2

36.2
32.3
27.1

31
24
16

0.2
0.1
0.2

BFI, Brain Function Index; CT, computed tomography; mTBI, mild
traumatic brain injury.

FIG. 2. Trends (regression using second order polynomial fit) in
the probability ratios of group membership for the three subject
groups (normal, mild traumatic brain injury [mTBI]/computed
tomography [CT]–, and CT+). The Brain Function Index (BFI)
scores were binned to the nearest hundreds place (e.g., any score
between 350.00 and 449.99 was placed in a bin with the center at
400). The probability ratio was computed for any bin i as the ratio
of the conditional probability of membership in group j given bin i
to the prior probability of membership in group j.
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Discussion
TBI injuries visible on CT scan represent only a portion of the
full spectrum of TBIs. Although advanced neuroimaging tools have
demonstrated clear abnormalities in mTBI/concussion, such technologies are not readily available in the ED where the CT scan
remains the standard of care for assessing head injury. The importance of early identification of mTBI/concussion is a significant
concern, as untreated concussions can contribute to morbidity with
potentially debilitating and lingering post-concussive symptoms
(including cognitive impairment, development of depression and
anxiety, and somatization disorder).31,32 Additionally, in athletes
there is a higher incidence of repeat concussion following a first
concussion and an increase chance for worse injury if an athlete is
allowed to return to play prior to symptom resolution.33,34 This
head-injured normal validation study demonstrated as a secondary
end-point, the potential clinical utility of the EEG BFI in providing
important quantitative information about the status of brain function in mTBI relative to an uninjured normal population at the
initial point of triage in the emergency setting.
The BFI is derived from advanced signal processing measures
reflective of the physiological changes reported in functional neuroimaging studies of concussion. For example, changes in connectivity reported in TBI using DTI are consistent with phase synchrony
abnormalities reported using QEEG.14 Increasing evidence supports
the use of EEG as a surrogate for conventional neuroimaging, both
reflecting the impact of head injury of neuronal function in the
presence of TBI and concussion. EEG has several advantages, which
include the superior temporal resolution of EEG recordings as well as
the ease of use and availability at the point of care.
In the absence of a ‘‘gold standard’’ for concussion, the BFI
reports results as a percentile relative to a normal healthy volunteer
population, creating a de facto standard aiding in the interpretability of the results. Further, because the use of percentiles is
routine in the reporting of neurocognitive test results, the BFI
percentile can be easily incorporated into a panel of assessment
results that can aid the clinician in reaching the clinical diagnosis of
concussion. This validation study demonstrates an inverse relationship between the severity of symptoms reported (evaluated
taking into consideration both the number and severity of symptoms) and the percentile of the BFI. That is, as the severity increases, the percentile decreases, indicating increased likelihood
of abnormal brain function. It is of interest to note that a post hoc
analysis demonstrated that subjects who were classified as equivocal by the Ahead 300 classifier and had a higher BFI were more
likely to be mTBI than normal.
It was also observed that the sensitivity index (d’) value for the
separation of CT+ patients from the head-injured normal controls
was 0.62, implying a large separation. Although this is to be expected, a CT+ finding (any injury visible on CT in patients with
GCS score = 13–15) does not necessarily mean that the patient is
concussed. In addition, the sensitivity index for the separation between mTBI/concussed and CT+ patients was 0.35, which supports
the ability of the BFI to distinguish between these two groups.
Incidentally, the sensitivity index for the separation between mild
and moderately functionally impaired patients is less than 0.1, indicating a lack of separation. It is important to note that currently,
concussion diagnosis is a clinical determination relying on subjective report of signs and symptoms and there is no consensus on
the predictive nature of these measures. The Ahead 300 device is
cleared by the U.S. Food and Drug Administration (FDA) as an
adjunctive tool and is not expected to be used in isolation, but rather
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as part of a clinical evaluation for the presence of concussion. As
such, this quantitative, objective, multivariate measure can add
information to the evaluation not otherwise available. In addition,
the derivation of the measure adds specificity because the features
included are those most related to the pathophysiology of concussion, especially ‘‘connectivity.’’
Limitations
This study was limited to an adult population. Further studies are
underway to expand into the pediatric population where the objective assessment of mTBI and concussion is greatly needed.
Additionally, clinical sites did not include urgent care or concussion facilities where such capabilities could be clinically important. The analyses in this validation study were conducted off-line.
Future studies need to explore the implementation of the device
into normal patient triage to allow evaluation of the impact of
physicians using such data in real-time acute evaluation individual
mTBI/concussed patients. The lack of significant separation between the patients with mild and moderate functional impairments
suggests the need for further study and perhaps a multi-modal approach to improve this separation.
Conclusion
In this independent validation study, an index based on measures
of brain electrical activity reflective of the physiology of concussion was demonstrated to provide a quantitative index of brain
function impairment in mTBI. The BFI was further demonstrated to
scale with severity of functional impairment in mTBI patients.
These results suggest that the BFI directly addresses the need for an
objective, readily available, assessment of brain function following
head injury, aiding in rapid initial diagnosis and having the potential in the future to provide a quantitative marker for progression
or resolution of mTBI/concussion.
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ABSTRACT

Objectives: A brain electrical activity biomarker for identifying traumatic brain injury (TBI) in emergency
department (ED) patients presenting with high Glasgow Coma Scale (GCS) after sustaining a head injury has
shown promise for objective, rapid triage. The main objective of this study was to prospectively evaluate the
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efﬁcacy of an automated classiﬁcation algorithm to determine the likelihood of being computed tomography (CT)
positive, in high-functioning TBI patients in the acute state.

Methods: Adult patients admitted to the ED for evaluation within 72 hours of sustaining a closed head injury with
GCS 12 to 15 were candidates for study. A total of 720 patients (18–85 years) meeting inclusion/exclusion criteria
were enrolled in this observational, prospective validation trial, at 11 U.S. EDs. GCS was 15 in 97%, with the ﬁrst and
third quartiles being 15 (interquartile range = 0) in the study population at the time of the evaluation. Standard clinical
evaluations were conducted and 5 to 10 minutes of electroencephalogram (EEG) was acquired from frontal and
frontal–temporal scalp locations. Using an a priori derived EEG-based classiﬁcation algorithm developed on an
independent population and applied to this validation population prospectively, the likelihood of each subject being
CT+ was determined, and performance metrics were computed relative to adjudicated CT ﬁndings.
Results: Sensitivity of the binary classiﬁer (likely CT+ or CT–) was 92.3% (95% conﬁdence interval [CI] = 87.8%–
95.5%) for detection of any intracranial injury visible on CT (CT+), with speciﬁcity of 51.6% (95% CI = 48.1%–
55.1%) and negative predictive value (NPV) of 96.0% (95% CI = 93.2%–97.9%). Using ternary classiﬁcation (likely
CT+, equivocal, likely CT–) demonstrated enhanced sensitivity to traumatic hematomas (≥1 mL of blood), 98.6%
(95%
CI = 92.6%–100.0%), and NPV of 98.2% (95% CI = 95.5%–99.5%).

Conclusion: Using an EEG-based biomarker high accuracy of predicting the likelihood of being CT+ was
obtained, with high NPV and sensitivity to any traumatic bleeding and to hematomas. Speciﬁcity was signiﬁcantly
higher than standard CT decision rules. The short time to acquire results and the ease of use in the ED
environment suggests that EEG-based classiﬁer algorithms have potential to impact triage and clinical
management of head-injured patients.

T

he Centers for Disease Control and Prevention
estimates that traumatic brain injury (TBI)
accounts for over 2.5 million emergency department
(ED) visits annually in the United States.1 ED visits
for TBI have increased by 29.1% over the period from
2006 to 2010, a time when ED visits overall increased
only 3.6%.2 Not included are another 1.6 to 3.8 million annually who sustain sports related TBI and do
not seek emergency medical care3 and TBI in the military. TBI treatment is time-sensitive, and early identification is associated with reduced morbidity and
improved outcomes.4 Robust, quantitative tools for
screening do not currently exist in practice. Nonetheless, the rapid, objective, and accurate identification
and triage of head-injured persons with such a tool
could significantly contribute to improved care and
outcome.
Currently, computed tomography (CT) scan is the
pragmatically accepted criterion standard for identifying acute intracranial injuries in the ED, although the
vast majority of those with mild TBI (mTBI), estimated to be as high as 90%, are found to be negative
for clinically important brain injury.5–7 Yet many of
these patients eventually experience substantial impairment which is underdiagnosed in the ED setting.
Clinical decision rules (e.g., New Orleans Criteria
[NOC],8 Canadian CT Head Rule [CCHR]6,9) currently focus on CT scanning and have high sensitivity

at the expense of very low specificity,10–12 contributing
to potential long-term health risks associated with overscanning.10,13 Care pathways that reduce the radiation
exposure risks and allow for screening of mTBI
patients in nonhospital settings could provide substantial benefit to mTBI patients.
Previous studies of traumatic hematomas in mild to
moderate head-injured populations, suggest extremely
high sensitivity to CT-positive (CT+) cases with measurable blood, using a classification algorithm based
on brain electrical activity.14,15 In studies comparing
brain electrical activity classifiers for TBI with standard
practice decision rules for CT in the ED, an electroencephalogram (EEG) marker was reported to have specificity and negative predictive value (NPV) greatly
exceeding those of the standard decision rules, while
maintaining equivalent sensitivity.16,17
The present, observational, multisite, prospective,
clinical trial evaluated the feasibility of using this technology on a handheld device with a disposable headset,
at the point of care. It was hypothesized that the classifier algorithm would detect with high accuracy, the likelihood of the patient having a brain injury visible on CT
scan (CT+). Coprimary endpoints to test this hypothesis were sensitivity and specificity of the algorithm. Since
binary classification does not take into account information related to the patients distance from the threshold,
a three-tier (ternary) classification output was also
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studied to test the hypothesis that ternary classification
would improve accuracy and clinical utility.
METHODS
Study Design and Setting
Following local institutional review board (IRB)
approval, this trial included a prospective convenience
sample of adult patients presenting to one of the 11
participating U.S. ED sites (Allegheny General Hospital, Pittsburgh, PA; Baylor University Medical Center,
Dallas, TX; Detroit Receiving Hospital, Detroit, MI;
Emory University School of Medicine and Grady
Memorial Hospital, Atlanta, GA; Hartford Hospital,
Hartford, CT; R. Adams Cowley Shock Trauma Center, Baltimore, MD; University of Rochester Medical
Center, Rochester, NY; University of Texas Memorial
Hermann Hospital, Houston, TX; University of Virginia Health System, Charlottesville, VA; Washington
University Barnes Jewish Medical Center, St. Louis,
MO; Wayne State University Sinai-Grace Hospital,
Detroit, MI) following a closed head injury between
February and December 2015. Screening occurred in
the ED. Subjects were referred for CT scans by the
emergency physician in accordance with standard clinical practice. The trial stopping point was event driven
and required a minimum of 138 CT+ events. The
ratio of CT+ to CT-negative (CT–) was monitored to
assure thorough screening of potential subjects. All
study subjects met the inclusion/exclusion criteria
described below, provided either signed informed written consent or written consent was obtained by proxy
(63 cases). The trial (Validation of TBI Detection System for Head Injured Patients [B-AHEAD III]) was
registered on ClinicalTrials.gov (NCT02367300; June
17, 2016).
Study Population
The target population consisted of patients with high
neurologic function following closed head injury,
while in the acute state. Thus, patients between the
ages of 18 and 85 years who presented to an ED
within 72 hours of suffering head injury, with Glasgow Coma Scale (GCS) of 12 to 15 (at time closest to
evaluation by the Ahead 300 device, BrainScope),
were candidates for study. Patients were excluded if
scalp/skull abnormalities precluded placement of the
electrodes on the forehead or if they had advanced
dementia, Parkinson’s disease, multiple sclerosis,
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known seizure or other central nervous system disorders, history of brain tumors, brain surgery, stroke, or
evidence of acute psychosis or current substance
dependence. In addition, patients with end-stage renal
disorder, those requiring airway management, or those
receiving procedural sedation at the time of the evaluation were also excluded.
Study Protocol
Clinical Assessments. Subjects were evaluated
in the ED using standard practice clinical procedures
for each site and its physicians. Evaluations also
included the Standardized Assessment of Concussion
scale18,19 and the Concussion Symptom Inventory.20
While not meant to provide immediate decisions with
regard to severity of injury or need for CT scan, these
measures were collected only to characterize the symptoms upon presentation to the ED. The NOC and
CCHR were computed centrally for study purposes,
but were not provided to the clinician nor required
during the management process. The use of decision
support tools independently by the clinician was neither mandated nor recorded.
EEG Data Acquisition. Five to 10 minutes of eyes
closed resting EEG data was recorded using a BrainScope Ahead 300 device and disposable self-adhesive
headset. The headset was used to place electrodes on
the standard frontal locations of the expanded International 10/20 system, including FP1, FP2, AFz, F7, and
F8. All electrode impedances were below 10 kΩ. Amplifiers had a band pass filter from 0.3 to 250 Hz (3 dB
points). Data quality was assessed at time of acquisition
by artifact algorithms embedded in the device, used to
identify and remove any biologic and nonbiologic contamination (e.g., lateral and horizontal eye movement,
external electrical noise) and quality was confirmed
using additional offline algorithm.21
Analysis
EEG Data Analysis. Development of algorithms applied in the validation trial. The
patients evaluated in this validation trial were an independent population distinct from the sample used to
develop the classification algorithm. The database used
for algorithm development was constructed through
multiple studies across several years of development,
under consistent protocols. Study sites included 20
EDs and 11 colleges and high schools across the United States, with approval from local IRBs. Subjects
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were a convenience sample (n = 2,407; 36% female,
64% male). Of these subjects 29.1% were controls
and 70.9% were TBI patients. TBI patients included
males and females between the ages of 15 and 92,
who suffered a closed head injury and with a GCS of
8 or higher. The mean GCS of the cohort was 14.9
(median = 15, standard deviation [SD]  0.4, range =
9–15). The mean age of the cohort was 39.5 (median = 36.2, SD  17.6, range = 15.1–91.7) years.
All subjects either provided signed informed written
consent or written consent was obtained by proxy.
Importantly, while similar in demographics and clinical criteria for inclusion, the validation population
reported on herein was totally independent of these
algorithm development subjects. The details of the
data processing approach and sensitivity to detection
obtained using this methodology are discussed in published literature14,15,22 and is briefly reviewed below.
Structural injury classifier. The binary discriminant
classification algorithm applied in this study was
derived using a Least Absolute Shrinkage and Selection Operator methodology, which uses a regularized
logistic regression model23 and consists of a weighted
combination of selected linear and nonlinear EEG features and selected clinical features that optimally distinguish patients with traumatic structural brain injury
visible on CT scan from normal or concussed patients
(CT–). This algorithm was then applied prospectively
to the validation trial patient population.
The final inputs to the classifier function included
EEG and clinical variables. Quantitative EEG (QEEG)
features with the highest weights, contributing the
most to the classifier function, included: 1) scale-free
measures of the total power spectra across regions
(especially involving the frontotemporal regions);
2) features reflecting shifts in the frequency spectrum
(especially involving the alpha band); and 3) features
reflecting disruption in connectivity between regions
(especially phase but also coherence). Clinical signs
and symptoms believed to be manifestations of the
physiologic changes caused by TBI, or risk factors for
TBI, also contributed to the classification algorithm,
with highest weights for LOC and age.
Derivation of the ternary classification threshold.
The ternary classification output was determined using
the same development data set as used for the binary
(CT+, CT–) analysis, implementing a second threshold (T2) that, together with the binary threshold (T1),
define an equivocal zone as a third classification
category.

The binary threshold (T1) was derived from algorithm
development receiver operating characteristic (ROC)
curves, based on discriminant scores for the structural
injury classifier function. The distribution of all discriminant scores for the total development population of subjects was used to establish the mean and SD. A
conservative interval was specified based on 0.25 times
the SD from this population resulting in a second lower
threshold (T2) to allow discriminant scores between T1
and T2 to be classified in an equivocal zone. In this way,
the normal variance of discriminant scores in the headinjured and non–head-injured population was used to
define an expected variance near T1, thus allowing those
scores within the range between T1 and T2 to be considered equivocal. The interval of 0.25 9 SD was chosen to
limit the percentage of subjects in the interval to less than
10%. In the algorithm development validation population 7% of the patients were found to lie between T2 and
T1. These two threshold cut points were applied in an a
priori manner to the test population to discriminate
CT+ from CT–.
Analysis of trial data. All EEG data processing
was completed offline to maintain data acquisition
blind to the clinical presentation and to blind the classification results at the clinical site. It is important to
note that since the classification algorithm was finalized a priori, only those specific features used in the
algorithm were extracted from the independent validation population as part of the algorithm calculation
used to classify each subject’s EEG.
CT Adjudication for Clinical Truth
In all cases the determination to receive a CT scan
was made by the site ED physician, according to standard of care. The centrally adjudicated results of the
routine CT served as the pragmatic reference standard.
CT scans, as DICOM images, were deidentified and
transferred for adjudication independent of the test
EEG data results. A positive finding was prospectively
defined as an adjudicated core laboratory reading of a
subject’s clinical CT with the determination of the
presence of intracranial blood. To address the potential differences between neuroradiologic reads of the
CT scans across sites, adjudication of clinical truth followed a rigorous and quantitative procedure involving
sequential evaluation by imaging specialists and physician specialist readers with image-based initial independent determination of CT+ or CT– and then
adjudication of discrepant readings and adjudicated
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unanimity for final determinations as the ultimate gold
standard for image-based truth. Additionally, blood
volume measurement was determined using OsiriX
(which included a human segmentation capability).24
A blood volume greater than or equal to 1 mL was
used as the threshold to identify a subset of patients
with well-formed hematomas that may represent a
greater clinical risk of injury. CT+ findings included
anatomic description of location such as subarachnoid
hemorrhage (SAH), subdural, epidural, and/or
intracranial hematomas. Positive findings did not
include extracranial injuries (such as scalp lacerations/
foreign bodies, soft tissue swelling), facial injuries (fractures, blood in sinuses), and nontraumatic abnormities (such as sinusitis). If the patient received more
than one CT scan during their ED evaluation, the
scan closest in time to the Ahead 300 evaluation was
adjudicated to determine clinical truth.
Since site IRBs would not allow CT scans in subjects
where it was not determined to be clinically necessary,
and in keeping with multiple published guidelines for
reduction of unnecessary radiation exposure,25 these
patients were considered CT– only if the NOC was
applicable (that is, they had a GCS = 15 and LOC or
posttraumatic amnesia) but were negative for all NOC
symptoms (i.e., the NOC was negative) and if study follow-up evaluations (at 72–96 hours postinjury) confirmed no exacerbation of symptoms or return for
further neuroimaging or treatment.22 This procedure
was applied in the Food and Drug Administration–
cleared Ahead 100/200 and Ahead 300 validation trials.
Data Analyses
Planned Analyses. The primary objective of this
study was to validate the clinical utility of the BrainScope
Ahead 300 device for the acute identification of structural brain injuries visible on CT in the TBI population,
following closed head injury. The coprimary endpoints
for this study were the sensitivity/specificity pair for identification of CT+ cases by the Ahead 300 classification
algorithm relative to adjudicated CT truth. A secondary
objective was to evaluate the clinical utility of creating a
system of classification into three tiers, likely CT+, equivocal [require close observation], or likely CT .
Power to Observe. Power analyses for sensitivity
determined that with 80% power the number of CT+
patients required was 138 for a one-sided alpha of 0.05.
For the specificity at least 543 CT– subjects were needed
for a one-sided alpha of 0.05. If either the criterion

621

standard or the study test where found to be of indeterminate status on blind review of test quality they were
eliminated from the analysis; thus the paired data set
had no missing data. All data analyses were performed
by an independent biostatistician. Data acquisition and
compliance to the protocol was independently monitored by a Contract Research Organization (Brain Injury
Outcomes [BIOS] Division, Johns Hopkins University).
The data were analyzed in accordance with a prespecified statistical report and analysis plan prepared by the
independent biostatistician prior to conduction of the
study, to yield multiplicity-adjusted test statistics for primary and secondary endpoints. The analyses were done
with StatXact Version 8 or later. Creation of analysis
data sets was done with SAS version 9.2 or later.
Role of the Funding Sources. The funding
source worked with clinical sites to develop the protocol
to address the endpoints of the U.S. Army–funded contract. The final protocol was approved by each site’s
IRB and the U.S. Army Human Research Protection
Office prior to study activation. BrainScope supported
data collection by research contracts to the clinical sites
and provided training in use of the Ahead device and
data acquisition. Funding supported engagement of an
independent CRO (BIOS, Johns Hopkins) who sequestered all data throughout the study, keeping BrainScope
blinded to the reference data, with the exception of one
clinical coordinator who worked closely with the CRO
and clinical sites but remained blinded to the Ahead
data. The corresponding author, LSP, was blinded to
the data until after the independent statistician (RPC)
completed all analyses of primary and secondary endpoints and worked with clinical site co-authors in the
writing of the report and in interpretation of the data.
RESULTS
Characteristics of the Study Participants
A total of 720 closed head-injured subjects were
enrolled. Figure 1 shows the diagram of patients eligible for enrollment and the study population. Symptomatology classification demonstrated groups of
subjects with moderate (30.52%), mild (47.94%), and
no symptoms (21.54%).
Of the 720 subjects, 156 were CT+ and 564 were
CT–. Of the 564 CT– subjects, 155 (27%) did not
have a CT ordered under standard practice guidelines
and were deemed CT– for purpose of analyses

622

Hanley et al. • ED TRIAGE OF TBI USING A BRAIN ELECTRICAL ACTIVITY BIOMARKER

981 Patients assessed for
eligibility

73 Excluded:
33 Withdrew consent
22 Did not meet
inclusion/exclusion
18 Unusable CT (DICOM
unreadable or could
not obtain)

908 Patients
included

711 CT–

147 EEG
Unusable
(Insufficient
quality,
excessive
artifact)

102 CT+
(<1 mL of
measurable blood)

22 EEG
Unusable
(Insufficient
quality,
excessive
artifact)

19 EEG
Unusable
(Insufficient
quality,
excessive
artifact)

564 CT–
Included in
analysis

95 CT+
(≥1 mL of
measurable blood)

83 CT+
(<1 mL of
measurable blood)
Included in analysis

73 CT+
(≥1 mL of
measurable blood)
Included in analysis

Figure 1. Flow chart showing patients screened for eligibility to the study through to ﬁnal study population evaluated with details at each
node. EEG = electroencephalogram. [Color ﬁgure can be viewed at wileyonlinelibrary.com]

according to the procedure described in detail above.
Thus, the determination of CT– included a follow-up
(phone within 72–96 hours or 30-day medical record
review) as verification that a subject released from the
ED did not have a structural injury that either evolved
or was initially missed. A total of 37.5% of subjects
were hospitalized for observation, 8.2% were admitted
to an ED observation unit, while 54.3% were released
from the ED to return home. One subject required
neurosurgical intervention for a depressed temporal
bone fracture; this subject was identified independently as CT+ by both the core CT laboratory and
the test device.
Table 1 presents the characteristics of the CT–
and CT+ populations of patients. Significant differences were found for age, with the CT+ population
having a higher mean age, likely reflecting the
increased vulnerability/susceptibility to TBI following
head injury in the elderly population. GCS also
showed a significant difference between groups.

However, with the small range of values, identical
medians, a very small SD, and the first and third
quartiles being 15 (IQR = 0), this difference is considered to be not clinically meaningful. Table 2
shows the mechanisms of injury, with the largest
percentage of both populations coming from motor
vehicle accidents and falls.
Other Information. There were one adverse event
(burning sensation on forehead) and five serious
adverse events (readmission to the hospital) reported
during the trial. All serious adverse events were unrelated to the device or the subject’s participation in the
trial.
Test Results
The contingency table and performance metrics for
classification as likely CT+ or likely CT– are shown
in Table 3. Sensitivity was found to be 92.3% and
specificity 51.5%. It was additionally noted that
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Table 1
Demographics and Clinical Information for CT– and CT+ patients
Baseline
Characteristic
Age (y)
GCS (at time
of evaluation)
Time between
CT scan and
BrainScope
assessment
Sex (% male)

CT–

CT+

t-value

p-value

41.21 (17.52), 38.04 (18.05 to 84.11), n = 564
14.98 (0.17), 15.00 (12 to 15), n = 564

52.24 (19.94), 55.23 (18.00 to 85.62), n = 156
14.91 (0.37), 15.00 (13 to 15), n = 156

–6.27
2.33

<0.0001
0.0211

6.43 (11.38) 2.52 (–27.90 to 65.90), n = 409

8.29 (11.96), 5.58 (–25.40 to 57.38), n = 156

–1.67

0.0951

—

—

57.3% (323/564)

73.1% (114/156)

Data are reported as mean (SD), median (range) for each characteristic and the t- and p-value for each. It is noted that only one subject
had GCS less than 13, and that the ﬁrst and third quartiles equal to 15 (IQR = 0).
CT– = CT negative; CT+ = CT positive; GCS = Glasgow Coma Scale.

Table 2
Mechanism of Injury for the CT– and CT+ Patients
Mechanism of Injury
Motor vehicle collision
Motorcycle/bike accident
Assault
Sports related
Fall related
Struck by vehicle
Other

Table 3
Contingency Table for Classiﬁcation Accuracy of Ahead 300
Algorithm for Likelihood of CT+/CT–

CT–
40
8
11
2
29
5
5

(224/564)
(48/564)
(61/564)
(14/564)
(163/564)
(27/564)
(27/564)

CT+
21
6
18
1
45
3
6

(32/156)
(10/156)
(28/156)
(2/156)
(70/156)
(4/156)
(10/156)

Data are reported as percentage in each category for each
group.
CT– = CT negative; CT+ = CT positive.

specificity was demonstrated to scale with severity of
clinical functional impairment with specificities of
76.7, 58.8, and 22.2% for none, mild, and moderate
functional impairment, respectively. It is noted that
the scoring for severity of functional impairment was
performed retrospectively, in a blind manner, using an
algorithm that was based on the report of the presence
and severity of clinical signs and symptoms.
There were 12 false-negative (FN) classifications
resulting in a FN rate of 7.7%. Further, eight of these
12 patients were classified in the equivocal zone in the
ternary classification, indicating that these patients
were close to the threshold for the binary classification, therefore suggesting need for further observation
or evaluation of this group, lowering the false-positive
rate (classified as clearly negative) to 2.5%. None of
the FNs required surgery or returned to the hospital
for exacerbation of symptoms or additional neuroimaging. Detailed study of the clinical/medical characteristics of the FNs revealed that all had GCS = 15, none
had any focal neurologic signs, six reported LOC,
none of the patients had an epidural hematoma
(EDH), and half of the CT+ findings included SAH

Clinical Class
AHEAD 300 Classiﬁcation

CT–

CT+

Likely CT–
291
12
Likely CT+
273
144
Total
564
156
Se = 100 9 144/156 = 92.31% (87.84%–95.50%)*
Sp = 100 9 291/564 = 51.60% (48.05%–55.13%)*
NPV = 100 9 291/303 = 96.04% (93.18%–97.94%)†
PPV = 100 9 144/417 = 34.53% (29.97%–39.31%)†

Total
303
417
720

CT– = CT negative; CT+ = CT positive; NPV = negative predictive value; PPV = positive predictive value; Se = sensitivity;
Sp = speciﬁcity.
*Two-sided 90% CIs (one-sided 95% lower limit is same as the
lower two-sided 90% limit).
†Two-sided 95% CIs. NPV and PPV estimates are relevant for
the prevalence in study (21.67%).

(alone or with a small hematoma). No relationship to
specific locations of the CT findings were found in
this FN group. Further, a wide age range and time of
evaluation relative time of injury suggested that neither
were contributing factors.
Using the prevalence of CT+ in this study (21.7%,
156/720), NPV was found to be 96.0% (93.2%, 97.9)
and PPV was found to be 34.5% (30.0%, 39.3%). It
is noted that the literature supports a prevalence rate
for equivalent, general populations to be approximately
10%;22 thus NPV and PPV was also computed at this
prevalence rate where NPV was 98.4% and PPV was
17.5%.
The ROC curve for performance of the structural
injury classifier in this independent, validation population had an area under the ROC curve (AUC) of
0.82 and is shown in Figure 2. The circle on the
ROC curve indicates the binary classification threshold
(T1) determined in prior algorithm development
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Figure 2. ROC curve for performance of the classiﬁer in the independent validation population. The ROC curve shows the a priori determined threshold (T1, circle) for binary classiﬁcation and the second threshold (T2, triangle) used to deﬁne the establishing the equivocal zone
for ternary classiﬁcation. The AUC for this ROC is 0.82. AUC = area under the ROC curve; ROC = receiver operating characteristic. [Color
ﬁgure can be viewed at wileyonlinelibrary.com]

studies. Classifications in this independent validation
trial were made relative to this a priori determined
threshold. It should be noted that the AUC for a classifier using only clinical features as inputs was
0.75. Given that AUC ranges from 0.5 to 1.0, this is
a significant difference in AUC, representing a relative
increase of 28% in overall classifier performance using
the structural injury classifier (EEG plus clinical), supporting the clinical value added of the core EEG features in the classification algorithm.
It is noted that homogeneity across the 11 clinical
sites was tested for both sensitivity and specificity.
There was little evidence of lack of homogeneity across
sites (p = 0.5718 for sensitivity and p = 0.3858 for
specificity), justifying the pooling of data across sites.
Three-tier Classiﬁcations
Combining positive classification and equivocal classification, sensitivity becomes 97.4% (152/156, 95% confidence interval [CI] = 93.6%–99.3%); specificity
becomes 38.7% (281/564, 95% CI = 34.6%–42.8%);
NPV becomes 98.2% (218/222, 95% CI = 95.5%–
99.5%); and PPV becomes 30.5% (152/498, 95%
CI = 26.5%–34.8%). Note that combining the CT–
and the equivocal zone generates the same results as

shown above for the binary classifier (see Table 3), as
the second threshold (T2) was below the binary threshold (T1) of the classifier. The second threshold (T2) is
shown as a triangle on the ROC curve seen in Figure 2.
Additional Diagnostic Efﬁcacy
Seventy-three of the CT+ patients were found to have
measurable blood > 1 mL shown on CT DICOM
images (including SAH, EDH, subdural hematoma
[SDH], and intracranial hematoma [ICH] traumatic
hemorrhages), representing 46.8% of the total CT+
population. The sensitivity of the binary classifier to
this subgroup was 93.2% (67/73, 95% CI = 87.8%–
95.5%) for the binary classification and 98.6% (72/
73, 95% CI = 92.6%–100.0%) for the three-tier classification. The CIs for this endpoint are not adjusted.
DISCUSSION
This multisite validation study demonstrated that a
hand-held, noninvasive, easy-to-use device can objectively assess TBI in the ED with 92.3% sensitivity,
51.6% specificity, and 96.0% NPV, in an independent
test population of 720 mild-moderate head-injured
patients, using a classification algorithm derived from
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a large, independently acquired population of headinjured patients seen in the EDs across the country.
CT+ cases were independently adjudicated to establish
clinical truth and included any structural intracranial
brain injury as visible on CT scan (including SAH,
SDH, EDH, ICH, and combinations of these). The
importance of validating the algorithm in the acute
state (within 72 hours of injury), in a population who
presents with mild neurologic impairment (97% with
GCS = 15), supports the potential impact of the
methodology in those patients where triage is often difficult, yet time of clinical course of utmost importance.
Binary classification suffers from the fact that the distance of the subject from the threshold is not taken into
consideration. Incorporation of an “equivocal zone”
indicating when a classification is near the threshold,
that is, higher than normal, but not high enough to be
considered positive (e.g., “prehypertension,” “prediabetes”), was added and the clinical utility assessed relative to the binary classification results. Higher sensitivity
(97.4%) was obtained for three-tier classification of
likely CT+, likely CT–, or equivocal, when equivocal is
treated as a positive result. Sensitivity to the subset of
traumatic hematomas with ≥1 mL of blood was 93.2
(binary) and 98.6% (ternary), demonstrating substantial
sensitivity to traumatic brain injuries where risk related
to FNs is highest. It is also important to note that the
accuracy of identification of hematomas was not related
to distance from recording electrodes (data not shown)
and was obtained for bleeds at a reliably detectable volume (≥1 mL). Since FNs were of highest concern, it is
noted that the small number of FNs did not include
any patients who required neurosurgery. Study results
demonstrate the enhanced sensitivity performance of
the three-zone classification, providing additional clinically important information about subjects whose classification is close to the binary threshold, thereby
identifying a group of patients who might require further observation.
These high levels of sensitivity were obtained along
with overall specificities of 51.6% (with binary classification) and 38.7% (with three zones). Specificity was
also found to be inversely related to degree of functional impairment reported. The highest specificity
(76.7%) was reported in those with little to no functional impairment. The specificity of NOC applied to
this study population was found to be 8.6%, similar
to that reported in the literature11 and manyfold lower
than the 51.6% specificity obtained in this study, with
approximately equivalent sensitivity. Applying the
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CCHR,9 another standard decision rule for such population, specificity of 31% was obtained, while higher
than the NOC, is still significantly below that of the
Ahead 300 validation results. It is noted that these
reduced specificities were obtained with approximately
equivalent sensitivity to that obtained with the Ahead
300 classification algorithm, with 97 and 94%, respectively, for the NOC and the CCHR.
Negative predictive value of 96% (for binary classification) and 98.2% (for ternary classification) reported
in this trial can increase confidence in the clinical decision path in patients with minor or no possibly aiding
in the reduction of overscanning. Likewise, a positive
finding could result in scanning a patient with a very
mild presentation but who might have a structural
injury.26 This technology is not meant to replace the
CT scan in patients with head injury, but provides the
clinician with additional information to facilitate routine clinical decision making. Demonstrations of realworld sensitivity in epidemiologic data sets will eventually inform the precise level of sensitivity for CT+,
which would best inform utilization in practice.27–30
LIMITATIONS
The study was limited to an adult population; further
studies are under way to expand into the pediatric
population. The total number of individuals and brain
lesions is still small compared to the yearly number of
traumatic lesions. Estimates from a well-designed epidemiologic evaluation will give even more robust measures of sensitivity and specificity. Perhaps such
estimates will be useful for long-term public health
purposes. Additionally, clinical sites did not include
urgent care facilities where such capabilities could be
clinically important. All analyses in this study were
conducted offline. Future studies need to explore mitigation of conditions that may interfere with data quality under “clinical use” versus the “research setting.”
Future studies are needed to further evaluate the
impact of physicians using such data in real-time acute
evaluation of mTBI patients.
CONCLUSIONS
Using an algorithm based on quantitative brain electrical
activity has been shown to have potential as a biomarker
of traumatic structural brain injury, with high sensitivity
and high negative predictive value for acute traumatic
bleeding on computed tomography scan. This algorithm
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based on advanced signal processing methods and
machine learning technology demonstrated enhanced
clinical utility of electroencephalogram, well beyond that
of conventional methods. The short time to acquire
results and the ease of use in the ED suggest utilization
of this type of device in other urgent care environments,
at “field” or other underresourced areas, as an adjunct to
traumatic brain injury assessment where imaging is
unavailable. In summary, objective devices with clinically
meaningful sensitivity, specificity, and negative predictive
value could substantially alter the landscape of mild traumatic brain injury management as an adjunct to the clinical diagnostic pathways, to assist in diagnosis of
bleeding and of nonbleeding brain injuries.
The authors acknowledge the work of W. Andrew Mould, Hasan
Ali, and Krista Vermillion of BIOS (Brain Injury Outcomes, The
Johns Hopkins Medical Institutions) for their dedicated contributions to the study. We also acknowledge the contributions of Dr.
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Triage of Mild Head-Injured Intoxicated
Patients Could Be Aided by Use of an
Electroencephalogram-Based Biomarker
Edward Michelson, J. Stephen Huff, John Garrett, Rosanne Naunheim

ABSTRACT
Objective: Drug and alcohol (DA)Yrelated emergency department (ED) visits represent an increasing
fraction the head-injured population seen in the ED. Such patients present a challenge to the evaluation of
head injury and determination of need for computed tomographic (CT) scan and further clinical path. This
effort examined whether an electroencephalogram (EEG)-based biomarker could aid in reducing
unnecessary CT scans in the intoxicated ED population. Method: This is a retrospective secondary study of
an independent prospective US Food and Drug Administration validation trial that demonstrated the
efficacy of (1) an automatic Structural Injury Classifier for the likelihood of injury visible on a CT (CT+) and
(2) an EEG-based Brain Function Index to assess functional impairment in minimally impaired,
head-injured adults presenting within 3 days of injury. Impact on the biomarker performance in patients
who presented with or without DA was studied. Results: Structural Injury Classifier sensitivity was not
significantly impacted by the presence of DA. Although specificity decreased, it remained several times
higher than obtained using standard CT decision rules. Furthermore, the potential to reduce the number of
unnecessary scans by approximately 30% was demonstrated when the Structural Injury Classifier was
integrated into CT clinical triage. The Brain Function Index was demonstrated to be independent of the
presence of DA. Conclusion: This EEG-based assessment technology used to identify the likelihood of
structural or functional brain injury in mildly head-injured patients represents an objective way to aid in
triage patients with DA on presentation, with the potential to decrease overscanning while not sacrificing
sensitivity to injuries visible on CT.
Keywords: brain electrical activity, brain function index, drug and alcohol intoxication, EEG, quantitative
electrophysiological measures, structural brain injury, structural injury classifier, traumatic brain injury, TBI

he ability to achieve rapid, objective, and accurate
identification of traumatic brain injury (TBI) is
key to enabling rapid triage of head-injured
patients in an emergency department (ED) or urgent
care environment. Drug and/or alcohol (DA)Yrelated
ED visits are increasing at a greater rate than overall
ED visits.1 At the same time, ED visits for TBI are also

T

increasing,2 with between 35% and 80% of alcoholintoxicated patients reported in the adult population
with TBI.3Y6 In addition, a significant positive association between alcohol consumption and head injury
severity has been reported in the ED.6,7 The presence
of DA adds difficulty to both patient assessment and
management. Complications associated with head-injured
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patients include the confounding effects of intoxication on the ability to assess mental status and other
symptoms that may be the result of either the intoxicant or head injury and render the use of imaging
guidelines such as the New Orleans Criteria or Canadian
CT Head Rule problematic, often leading to scanning
a number of patients who are found to be computed
tomography (CT) negative. On the other side of the
problem, Cheever and Barbosa-Leiker8 reported systematic gender and age bias for underscreening for
alcohol, leading to misinterpretation of screening tools
and inappropriate referrals to the intensive care unit for
head trauma cases. The need for more objective triage
of head trauma in those patients under the influence of
drug and alcohol could assist in more appropriate
scanning decisions and patient transfers.
Currently, CT scan remains the accepted ‘‘standard’’
for evaluating TBI in the ED, although the vast
majority of these patients (approximately 91%) are
found to be negative.2,9 Patients with alcohol-related
head injuries are reported to be at a higher risk for
brain injury, with studies showing that they are approximately twice as likely to have an abnormality on
CT than sober head-injured patients.10 However, the
potential patient risk associated with overscanning
remains a concern.11,12 An objective predictor of the
likelihood of CT-positive TBI could greatly facilitate
a triage nurses’ workup of head-injured DA patient
including avoidance of unnecessary head CT scans.
The electroencephalogram (EEG)-based Structural
Injury Classifier (SIC) and EEG-only Brain Function
Index (BFI) are outputs from classifier algorithms that
indicate the likelihood of a structural or functional
injury. In a multisite prospective US Food and Drug
Administration (FDA) validation trial, SIC was
demonstrated to have high accuracy in predicting
the likelihood of TBI visible on CT (CT+), with a high
negative predictive value, and the BFI was demonstrated to scale significantly with functional impairment.13 Details of the trial are reported elsewhere
following STARD guidelines.14,15 In light of an
abundant research literature demonstrating that many
features of the resting state EEG are influenced by
the presence of drugs and alcohol,16Y19 the present
retrospective study investigates the influence of
intoxication on the accuracy of an EEG-based SIC
and BFI.

Methods
Population
In this retrospective study, subjects were a subset
selected from a prospective FDA clinical validation
trial population,14,15 used to validate a novel EEGbased algorithm for likelihood of TBI and included

CT positive findings in those with
only alcohol present were 3 times
that of those without drugs or
alcohol present.
all subjects with a Glasgow Coma Scale (GCS) of
15 at the time of evaluation (described in detail elsewhere).14 As in the parent study, all subjects were
between the ages of 18 and 85 years, presenting
within 72 hours of a closed head injury. Subjects
with GCS of 13 or 14 (~2%) were excluded to avoid
any confounds to the clinical assessment of GCS
status due to the presence of DA. Exclusion criteria
included history of neurological disease or stroke and
skull defects or injuries that prevented proper placement of electrode headset (full details are described
elsewhere14). Electronic Data Capture records were
completed on all participants, specifying results of
blood alcohol levels as well as results of drug screens,
recorded at the time of initial ED evaluation. Institutional review board approvals and informed consent
were obtained at each site.

Procedures
Alcohol presence was defined as a detected blood
alcohol level of 10 mg/dL or greater (minimum detectable alcohol level19), and drugs that triggered
inclusion of a patient in the drugs subgroup included
cocaine, amphetamines, opiates, fentanyl, cannabinoids,
tetrahydrocannabinol, and benzodiazepines. In all cases,
the determination to order a head CT scan was made
under current standard clinical practice at each site by
the ED physician. Computed tomographic scans were
deidentified and transferred for independent adjudication as DICOM images, blinded for EEG and
clinical findings.14,15
Five to ten minutes of eyes-closed resting EEG
data was acquired on a handheld device from frontal
and frontotemporal electrodes using a self-adhesive
headset on the forehead and referenced to linked ears.
Automatic artifact rejection algorithms were used to
identify and remove any biologic and nonbiologic
contamination,20 and the artifact-free data were
then subjected to quantitative analyses to derive the
set of univariate and multivariate, linear and nonlinear
quantitative EEG features21 required as input to the
algorithms.

Measures
The EEG SIC applied to the patients in this study was
based on the a priori algorithm described in detail
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elsewhere.14 The SIC was computed using a linear
discriminant function, the output of which was binary
reporting the likelihood of having a structural brain
injury visible on CT (CT+ or CTj). The EEG BFI
used in this analysis was derived from the same independent database as the SIC.15 The BFI, computed
as a weighted linear combination of a selected subset
of the QEEG feature z scores, was shown to scale
with severity of clinical impairment in the prospective independent validation study and is described in
detail elsewhere.15

Data Analysis
In relation to the binary test result of the SIC (likely
CT+ or likely CTj), sensitivity is defined as the
ratio of true positives over the total number of CT+
subjects, and specificity is defined as the ratio of true
negatives over the total number of CTj subjects.
Comparisons of these performance measures in subjects with DA and without DA were performed using
a test of significance of the difference of 2 proportions.22
Group comparisons of SIC discriminant scores were
also performed using a t test (2 samples with unequal
variances) to test for significance of the differences
between the SIC scores in those with DA and those
without DA, separately within the CT+ subjects and
within the CTj subjects. Similar comparisons were
performed to test for the significance of differences
in the BFI percentile scores between the DA and
without-DA subgroups, within both the CT+ and
CTj populations.
To estimate the potential reduction in overscanning
of subjects with DA when integrating the SIC in
making a CT referral determination, the performance
of 2 clinical triage methods was compared against an
independently adjudicated CT finding, similarly to
what was reported by Huff et al,23 but was restricted
to subjects with DA. The first triage method follows
the clinical judgment of the local site ED physician
for CT scan referrals. The second follows the use of
SIC determination as the input to CT scan referral. The
potential reduction in overscanning was computed as
the relative reduction in the number of false positives if
the EEG-based biomarker assessment had been used in
CT referral determination compared with that resulting
from the judgment of the site physician as per local
standard of care.

Results
Seven hundred one subjects were included in this
analysis, with a mean (SD) age of 43.7 (18.7) years
(range, 18Y85.6 years); 60.6% were male; and GCS
was 15. 131 subjects (19%) had documented DA
present (DA group), 51 with alcohol alone, 56 with
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drugs alone, and 24 with both drugs and alcohol
present. This DA group was 74% male. 146 of the
701 subjects were adjudicated as CT+, with 37% of
the DA group CT+ and 17% of the no-DA group
CT+. The difference between the incidence of CT+
findings in the 2 groups was statistically significant, P
G .0001. Furthermore, CT+ findings in those with
only alcohol present (no drugs) were approximately
3 times that of those with no DA present (55% vs
17%, respectively). These results suggest that headinjured subjects who test positive for DA in the ED
are at a high risk of being CT+.

Influence of DA on Derived Biomarkers
Structural Injury Classifier
The sensitivity of the SIC for the full group (n = 701)
was 91.8%, and specificity was 52.3%. No significant
difference (P = .256) in sensitivity was found comparing the subgroups with and without DA. However,
significant differences in specificity were found
(P G .0001) comparing these 2 subgroups (29.3%
with DA vs 56.2% without DA).
Although the SIC is EEG based, it includes select
clinical features (eg, loss of consciousness (LOC),
altered mental status (AMS)) that covary with the
presence of structural brain injury.14 It was found that
subjects with DA have significantly higher prevalence of LOC and AMS than those without (55% with
LOC in DA vs 30% in no DA; 27% with AMS in DA
vs 11% in no DA), suggesting that the presence of
such symptoms might be ‘‘TBI mimics’’ in the presence of DA, potentially contributing to the lower
specificity found in this group.

Brain Function Index
The BFI, a measure of the likely presence of functional brain impairment (such as seen in concussion),
is an EEG-only algorithm. No significant differences
in BFI were found when comparing asymptomatic
controls with DA to those without DA (P = .313).
Similarly, no significant differences in BFI were found
comparing (mild TBI/concussed CTj subjects) with
and without DA (P = .06). Thus, the BFI seems to be
unaffected by the presence of DA.

Comparison of Impact on CT Scan Referrals
of 2 Different Clinical Triage Practices
Local clinical site physician practice resulted in the
referral for CT of 127 patients (97%) of the DA
group of 131 subjects. In this group, 49 were later
adjudicated to be CT+ and 82 were later adjudicated
to be to be CTj (number of unnecessary scans).
Therefore, the clinical site triage pathway resulted in
82 patients being referred for a CT scan and later found
to be CT negative. On the other hand, the integration
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of EEG-based Biomarkers as an aid in triage referral
for CT scanning would have resulted in 58 patients
being referred for CT scans who were later found to
be CT negative. This represents a potential 29.3%
reduction (82 j 58) / 82) in the number of unnecessary
CT scans compared with clinical site practice.

Discussion
One of the triage challenges in the ED for patients
with TBI is that many such patients present under
the influence of DA, confounding the clinical presentation. When uncertain whether DA are responsible
for a patient presenting with altered mental status, often
a head CT is ordered from triage. In many EDs, clinical
protocols allow the triage nurse to either order the CT or
contact a physician for a verbal order. This study
demonstrates the potential use of integrating an EEGbased biomarker into the triage process.
Drugs and alcohol have an influence on the resting state EEG and on the presence of characteristic
TBI symptoms (which may or may not be ‘‘TBI
mimics’’); therefore, it was important to evaluate the
possible influence on EEG-based biomarkers. The
SIC classifier/biomarker identifies a unique, distinctive multivariate pattern of EEG changes, which are
associated with TBI and cannot be determined by any
one feature change alone. To minimize the influence
of such comorbid or state factors in general, it is
important to note that, in the derivation of the algorithm,
potentially confounding factors exist in both the CT+
and CT- populations, thus minimizing the potential
influence of such factors on significant differences
between the 2 groups. This was demonstrated in this
study where no significant differences were found in
sensitivity between those head-injured subjects with
and without DA, confirming the ability of the SIC to
accurately identify those likely CT+ regardless of the
presence of DA.
Significant differences in specificity were found
between the with- and without-DA groups, likely
because of the presence of symptoms mimicking those
seen in TBI in the DA group. However, specificity
remains several times higher than that of standard
clinical practice decision rules used in the ED, which
was only 3% for the DA group. Importantly, the BFI,
an EEG-only measure of brain function impairment
(such as seen in concussion) in the head-injured population, showed no significant differences between the
with- and without-DA groups, for either the asymptomatic controls or the CTj groups.
Furthermore, the use of the SIC for the potential
reduction of CT referrals in the DA subjects found
to be CTj was demonstrated to result in approximately 30% reduction when compared with referrals

based on standard site practice, supporting the potential
clinical utility of the use of the SIC to reduce unnecessary CT scans in this difficult population. A
limitation of this study, however, is that it is not known
what the results would indicate in a more severely
intoxicated patient population.

Conclusion
This retrospective study supports the clinical use of
EEG-based biomarkers in the rapid, objective evaluation of head-injured patients with or without DA at
presentation, to aid in determining the likelihood of
having sustained a structural brain injury (CT+), as
well as the likelihood that the patient sustained a
functional injury when likely CTj. Furthermore, the
use of such a device to aid in determining which headinjured patients under the influence of DA should
have a CT scan was demonstrated to have the potential
to reduce overscanning by almost 30%, although not
decreasing sensitivity to CT+ injuries.
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Using a brain electrical activity biomarker could aid
in the objective identiﬁcation of mild Traumatic
Brain Injury patients
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The overall number of Emergency Departments (ED) visits from
2006 to 2010 reportedly increased by 3.6%, during which time visits
for Traumatic Brain Injury (TBI) increased by 29.1% [1]. This sharp increase reﬂects heightened awareness about TBI, which is expected to
drive this number even higher in the future [1]. Further, 95% of all
head-injured patients who visit the ED present with mild symptoms [2].
Currently, Computerized Tomography (CT) is the accepted gold
standard for identifying acute intracranial injuries in the ED. Although
the vast majority of head injured patients receive a CT scan, over 90%
are found to be CT negative [3,4]. Standard clinical practice in the ED
does not include assessment of functional brain injury or concussion
in patients found to be CT−. Early identiﬁcation of mild TBI/concussion
is associated with lower risk of re-injury, reduced morbidity and improved outcomes [5]. The identiﬁcation of mTBI/concussed patients
and their ED discharge referrals could be greatly aided by accurate, objective, quantitative information about brain function status [6].
In a multi-site prospective clinical validation trial, the Brain Function
Index (BFI), an EEG-only, objective assessment of the brain function abnormalities resulting from mTBI/concussion, was shown to scale with
severity of functional impairment [7,8]. The BFI was derived from EEG
features reﬂective of the current consensus of concussive physiology,
(e.g., disruption in “connectivity” related to integrity of ﬁber tracts),
and is scaled as a percentile of a non-head-injured population.
This trial was conducted in 11 US EDs and included 720 patients with
GCS 12–15, evaluated within 72 h of sustaining a head injury, with informed consent obtained in all cases [7]. 5–10 min of EEG data was acquired from frontal and frontotemporal locations using the handheld
BrainScope One device. The present retrospective analysis focuses on the
cohort of this population in the 18–40 age range who were found to be
CT−, which is of major relevance to both sports-related concussions and
military-related head injuries. There were 296 subjects in this subgroup
(54.7% males), with a mean age of 26.6 (sd = 6.1), mean GCS = 14.98
(98% with GCS = 15). The signiﬁcance of the difference in BFI as a function
of presence or absence of functional brain impairment was explored.
In the absence of a gold standard for mTBI/concussion, the presence,
number, and severity of acute signs and symptoms as self-reported or observed by an evaluating physician, were used to establish presence (mild
or moderate) or absence (“asymptomatic” controls) and severity of

clinical functional brain impairment using a rule-based algorithm. These
features included: loss of consciousness (LOC), retrograde or Post-Traumatic Amnesia, disorientation, headache, and alteration of mental status
(AMS).
Signiﬁcant differences in BFI percentiles were found comparing
asymptomatic controls and mTBI/concussed subjects (p = 0.045). The
median BFI of the mTBI group (mild combined with moderate) was 8
points lower than that of the asymptomatic controls, corresponding to a
relative drop of 23%. Cohen's d = 0.27 is considered to be in the “smallto-medium” range. Signiﬁcant differences in BFI between the controls
and the moderate TBI group were also found (p = 0.012). The median
BFI of the moderate mTBI group was 12 points lower than that of the
asymptomatic controls (34% relative drop), with a Cohen's d = 0.384, in
the upper half of what is considered to be in the “small-to-medium”
range. No signiﬁcant differences were found in the BFI between mild
and moderate mTBI groups, nor in the BFI between asymptomatic controls and mild mTBI.
Presence of symptoms that are frequently associated with mTBI/
concussion was compared in patients with BFI percentile scores above
50 (N = 65) and below 50 (N = 138) in the subgroup of subjects that
are not classiﬁed as likely CT +. Table 1 shows the number of occurrences of such symptoms, including: Loss of Consciousness, severe
headache (N3 on a Likert 0–7 scale), Altered Mental Status and PostTraumatic Amnesia. For each of these symptoms, the relative presence
was signiﬁcantly higher in the “BFI ≤ 50” than in the “BFI N 50” group,
which supports that the EEG-based BFI percentile is an index which is
strongly associated with typical subjective symptoms of concussion,
but has the signiﬁcant advantages of being a single number/score
which is objective and directly reﬂects perturbations of brain electrical
activity associated with functional brain impairment and can be easily
integrated into the ED patient care path.
These analyses demonstrate that important information about brain
function in CT negative head injured patients can be obtained using a
brain electrical activity biomarker derived from EEG signals acquired
rapidly on a hand-held, easy to use at the point-of-care, device. Integrated into the assessment process, this biomarker can potentially aid in
early, objective identiﬁcation of mTBI/concussed patients in the busy
ED environment, thereby informing discharge referrals and potentially
contributing to the reduction of short and long-term consequences
associated with delayed identiﬁcation and intervention.
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Using a brain electrical activity biomarker could aid in the objective identiﬁcation of mild Traumatic Brain Injury patients

Table 1
Number and percentage of occurrences of typical mTBI/concussion (Loss of consciousness
(LOC), severe headache (Likert scale N3), Altered Mental Status, Post-Traumatic Amnesia)
in the subjects with “BFI N 50” and “BFI ≤ 50,” for subjects not likely CT+.
Number (percent) with symptom

Loss of consciousness
Severe headache
Altered Mental Status
Post-Traumatic Amnesia

Rosanne Naunheim, MD
Washington University Barnes Jewish Medical Center, St. Louis, MO, United
States
E-mail address: naunheir@wustl.edu.

Age 18–40
BFI N 50

BFI ≤ 50

7 (23.3%)
27 (38%)
4 (28.6%)
2 (18.2%)

23 (76.7%)
44 (62%)
10 (71.4%)
9 (81.8%)
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a b s t r a c t
Background: Extremely high accuracy for predicting CT+ traumatic brain injury (TBI) using a quantitative EEG
(QEEG) based multivariate classiﬁcation algorithm was demonstrated in an independent validation trial, in
Emergency Department (ED) patients, using an easy to use handheld device. This study compares the predictive
power using that algorithm (which includes LOC and amnesia), to the predictive power of LOC alone or LOC plus
traumatic amnesia.
Participants: ED patients 18–85 years presenting within 72 h of closed head injury, with GSC 12–15, were study
candidates. 680 patients with known absence or presence of LOC were enrolled (145 CT+ and 535 CT− patients).
Methods: 5–10 min of eyes closed EEG was acquired using the Ahead 300 handheld device, from frontal and
frontotemporal regions. The same classiﬁcation algorithm methodology was used for both the EEG based
and the LOC based algorithms. Predictive power was evaluated using area under the ROC curve (AUC)
and odds ratios.
Results: The QEEG based classiﬁcation algorithm demonstrated signiﬁcant improvement in predictive
power compared with LOC alone, both in improved AUC (83% improvement) and odds ratio (increase
from 4.65 to 16.22). Adding RGA and/or PTA to LOC was not improved over LOC alone.
Conclusions: Rapid triage of TBI relies on strong initial predictors. Addition of an electrophysiological based
marker was shown to outperform report of LOC alone or LOC plus amnesia, in determining risk of an intracranial bleed. In addition, ease of use at point-of-care, non-invasive, and rapid result using such technology
suggests signiﬁcant value added to standard clinical prediction.
© 2017 Elsevier Inc. All rights reserved.

1. Introduction
It is estimated that approximately 90% of those who sustain a closed
head injury who present to the ED with high GCS are referred for CT
scans, and yet, the vast majority (estimated to be as high as 90%) are
found to be negative for clinically important brain injury [1]. With increased awareness of unnecessary exposure to head CT and the recognition that CT scans are not sensitive to the full spectrum of TBI, the ability
to improve prediction of intracranial injury in this population is an outstanding clinical need. Indicators of the risk of intracranial injury
⁎ Corresponding author at: NYU School of Medicine, Dept. Psychiatry, 1115 Broadway,
Room 1082, New York, NY 10010, United States.
E-mail address: leslie.prichep@nyumc.org (L.S. Prichep).

following closed head injury have been under discussion and the focus
of study for several years. The history of loss of consciousness (LOC) as
a diagnostic indicator for traumatic brain injury (TBI) is present in several guidelines and decision rules for CT scanning (VA DoD, CDC, CPGs).
However, questions remain regarding the predictive accuracy of using
LOC as a diagnostic indicator for TBI, especially in those who present
with high function. Several studies have reported that LOC was not a reliable indicator of TBI [2,3]. In a multisite study of N2400 blunt head injured patients the odds ratio (OR) for CT+ ﬁndings was comparable
between patients with presence or absence of LOC and post traumatic
amnesia (PTA) [4]. Another multisite study with over 40 000 pediatric
and adolescent patients reported that patients with a history of LOC in
isolation with no other predictive factor were at very low risk for CT+
ﬁndings [5].

http://dx.doi.org/10.1016/j.ajem.2017.01.060
0735-6757/© 2017 Elsevier Inc. All rights reserved.
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Advances in signal processing technology and use of sophisticated
classiﬁcation methodology leveraging machine learning has greatly enhanced the clinical utility of EEG beyond that reported from conventional visual inspection of the EEG signal. In addition, these advances have
enabled data acquisition devices that are handheld, use a limited montage embedded in a disposable headset (for ease of application) and
with real time data quality feedback for ease of use. Studies have
demonstrated the high accuracy of using a quantitative EEG (QEEG)
based algorithm to predict the likelihood of CT+ ﬁndings (traumatic
hematomas) in a population of high functioning (GCS 12–15) closed
head injured patients [6,7]. A recent independent validation trial demonstrated extremely high accuracy of the Ahead 300 device (FDA
510(k) clearance, K161068) in predicting CT+ brain injury using an expanded QEEG based classiﬁcation algorithm [8]. The current study compares the performance of the BrainScope Ahead 300 classiﬁcation
algorithm, which includes LOC information, to the predictive and
prognostic power of using LOC alone or LOC plus traumatic Amnesia
(PTA/RGA).
2. Method
2.1. Study design
This is a retrospective analysis using subjects who were participants
in the B-Ahead III prospective validation study reported on in detail
elsewhere [8]. The study was conducted at 11 US Emergency Departments (EDs) between February 2015 and December 2015.1 The trial
(Validation of TBI Detection System for Head Injured Patients (BAHEAD III)) was registered on clinicaltrials.gov #NCT02367300; (June
17, 2016).
2.2. Patient selection
Patients between the ages of 18 and 85 years who presented to an
ED within 72 h of suffering a closed head injury, and who had a Glasgow
Coma Scale (GCS) score in the range 12–15, were candidates for study
inclusion. Patients were excluded if they had scalp lacerations, skull abnormalities or clinical condition which would preclude placement of the
electrodes on the forehead in the prescribed locations. Patients were
also excluded if intoxicated to the point where too obtunded to participate in the study or could not give informed consent. Patients with advanced dementias, Parkinson's disease, known chronic drug or alcohol
dependence (intoxication alone was not grounds for exclusion),
known seizure disorder or other central nervous system disorder,
were also excluded. Signed informed written consent, or in a few sites
consent by proxy was obtained. Assessment of the capacity of the subject to give informed consent was performed using the Conley criteria
[9].

for data acquisition. EEG ampliﬁers had a band pass ﬁlter from 0.3 to
250 Hz (3 dB points).
2.4. Clinical data
Report of LOC at the time of injury was obtained by self-report, conﬁrmed when available by witness (22.4%) and source veriﬁed in the ED
record. In addition, demographic and additional signs and symptoms related to the state of the subject at the time of the EEG evaluation was
collected using the Standard Assessment of Concussion (SAC) and Concussion Symptom Inventory (CSI). Information related to the presence
of post-traumatic and retrograde amnesia was obtained from these assessments by trained research technicians.
2.5. Determination of clinical truth
In all cases referral for a CT scan was made by the ED physician at the
clinical site, according to standard of care. The determination of CT scan
results was made by a blinded, independent adjudication panel reading
de-identiﬁed DICOM images transferred from the site. A positive scan
(CT+) was prospectively deﬁned as an adjudicated determination of
the presence of intracranial injury visible on CT scan. Adjudication involved sequential evaluation by imaging specialists and physician specialist readers with image-based initial independent determination of
CT+ or CT− and then adjudication of discrepant readings and adjudicated unanimity for ﬁnal determinations.
Patients who were not referred for a CT scan in the judgement of the
site evaluated physician were deemed negative if they had GCS = 15,
had no loss of consciousness or amnesia, or had a loss of consciousness
or amnesia but did not have any clinical ﬁndings from the New Orleans
Criteria (NOC) (headache, vomiting, drug or alcohol intoxication, shortterm memory deﬁcits, physical evidence of trauma above the clavicles,
or seizure). Details regarding this procedure are provided elsewhere
[12].
2.6. Quantitative analysis of brain electrical activity
Advanced signal processing modules perform a sequence of operations on the acquired EEG. Temporal segments of EEG data suspected
of being contaminated by artifact are identiﬁed, ﬂagged and removed
from the EEG stream using a suite of artifact detection algorithms. The
artifact-free EEG epochs are used to compute a broad set of quantitative
EEG features from the EEG power spectrum and covariance matrix, and
include both linear and non-linear measures [13]. All EEG features are
subjected to deterministic mathematical transform (usually logbased) to ensure Gaussianity and compared to age-expected normal
values.
2.7. Classiﬁcation algorithms

2.3. EEG data acquisition
Five to ten (5–10) minutes of eyes closed resting EEG was acquired
in the ED using the Ahead 300 handheld device. The EEG data was collected using a disposable self-adhesive headset which positioned electrodes on the standard frontal locations of the expanded International
10/20 system, and included FP1, FP2, AFz, F7, and F8, referenced to
linked ears. This limited montage allows rapid application from speciﬁc
regions of interest which are maximally susceptible and vulnerable to
TBI [10,11]. Electrode impedances were required to be below 10 kΩ
1
The 11 ED sites included: Washington University Barnes Jewish Medical Center, St.
Louis, MI, Detroit Receiving Hospital, Detroit, MI, University of Virginia Health System,
Charlottesville, VA, R. Adams Cowley Shock Trauma Center, Baltimore, MD, Baylor University Medical Center, Dallas, TX, Emory University Grady Hospital, Atlanta, GA, Wayne State
University Sinai-Grace Hospital Detroit, MI, University of Rochester Medical Center, Rochester, NY, Allegheny General Hospital, Pittsburgh, PA, University of Texas Memorial
Hermann Hospital, Houston, TX, and Hartford Hospital, Hartford, CT.

The likelihood that a patient was CT positive was predicted by the
application of the classiﬁcation algorithm described in detail elsewhere
[12] and validated as part of the Ahead 300 device (FDA
510(k) clearance, K161068). This algorithm was independently developed using a Least Absolute Shrinkage and Selection Operator (LASSO)
methodology, which uses a regularized logistic regression model [14].
The classiﬁer consists of a weighted combination of selected linear
and nonlinear EEG features, enhanced with selected clinical features.
The features which are inputs to the algorithm were selected to optimally reﬂect traumatic structural brain injury. The details of the process
used in classiﬁer development are presented elsewhere [7]. It is important to note that the classiﬁcation algorithm was ﬁnalized a priori and
applied in this independent population to classify each subject's likelihood of being CT+. For the purpose of this study, the same methodology
was followed to derive an additional classiﬁer function using only LOC
and amnesia information and did not include any EEG features.
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2.8. Statistical analysis
The ROC curve is a graphical representation of the performance of
the classiﬁer or the predictor as the classiﬁcation threshold is varied.
The area under the ROC curve (AUC) for the two classiﬁers (described
in this section) and the AUC for LOC alone were compared to obtain
the corresponding improvement in class separation. The percentage improvement in class separation was computed for two AUCs as:
ðAUC2 −0:5Þ−ðAUC1 −0:5Þ
 100
AUC1 −0:5
The subscript in the equation differentiates between the AUCs of the
two classiﬁers being compared. The subtraction of 0.5 from the AUC
prior to the comparison adjusts for the fact that an AUC of 0.5 indicates
no separation and an AUC of 0.5 − x, where x is a real number from 0 to
0.5, is equivalent to an AUC of 0.5 + x in terms if class separation.
The odds ratio (OR) was also used for evaluating the class separation
for LOC alone and the two classiﬁcation algorithms. The OR was computed as the ratio of the odds that the response was positive when the
predictor was positive to the odds that the response was positive
when the predictor was negative. In this case, the response is the CT
condition and the predictor is the LOC (or classiﬁcation algorithm results). Fisher's Exact Test was used (Matlab) to compute the 95% conﬁdence intervals and the p-value.
3. Results
3.1. Patient characteristics
Seven-hundred-twenty (720) closed head-injured subjects were enrolled. For 40 of these subjects, LOC information was unknown and
therefore these subjects were excluded from these analyses. 680 patients with known absence or presence of LOC were enrolled in this retrospective study (145 CT+ and 535 patients CT−). CT− subjects had a
mean age of 41.16 (18.05–85.11, sd = 17.56), were 57.2% male, and had
a mean GCS of 14.98 (sd = 0.17). CT+ patients had a mean age of 53.13
(18.00–85.62, sd = 19.97), were 73.1% male, and had a mean GCS of
14.92 (sd = 0.34). The presence of anticoagulants in the population
was 9.2%, with no signiﬁcant differences between the CT+ and CT− patients (13.1% and 8.0%, respectively). Focal neurological signs were rare
in this population (1.6%) with no signiﬁcant differences between the
CT+ and CT− patients (3.5% and 1.1%, respectively). Positive ﬁndings
on the neurological exam related to orientation were also rare in this
high GCS population (2.6%), with no signiﬁcant differences between
the CT+ and CT− patients (5.0%, 1.9% respectively). Table 1 shows the
mechanism of injury for the population, with the highest percentage
in both the CT+ and CT− patients being either MVA or falls.
3.2. Accuracy of prediction of positive CT finding
Table 2 below shows the AUC value for each of the prediction
methods. In addition, the percentage improvement in class separation
Table 1
Mechanism of injury for CT+, CT− and total population.

Mechanism of injury

CT+
n (%)

CT−
n (%)

Overall
n (%)

Assault
Sports
Fall
MVA
Motorcycle/bike
Struck by vehicle
Other
Total

24 (16.55)
1 (0.69)
69 (47.59)
29 (20.00)
9 (6.21)
4 (2.76)
9 (6.21)
145

59 (11.03)
14 (2.62)
152 (28.41)
212 (39.63)
47 (8.79)
24 (4.49)
27 (5.05)
535

83 (12.21)
15 (2.21)
221 (32.50)
241 (35.44)
56 (8.24)
28 (4.12)
36 (5.29)
680

951

Table 2
AUCs for each prediction method, and the percentage improvement obtained relative to
LOC alone.
Prediction method

AUC

% improvement over LOC only

LOC only
LOC + RGA/PTA classiﬁer
BrainScope structural injury classiﬁer

0.68
0.69
0.83

–
6%
83%

is computed as a percentage increase compared with LOC alone. It can
be seen that LOC alone has the lowest AUC. Class separation is only
slightly improved (6%) with the inclusion of traumatic amnesia information, and highly improved with the addition of EEG features (83%).
Table 3 shows the odds ratios for the three different methods of prediction, the 95% conﬁdence intervals associated with each and the signiﬁcance of the odds ratios obtained. Although all three predictors
have signiﬁcant ORs, the one with EEG added is approximately 4
times greater.
4. Discussion
Rapid, accurate triage of head injured patients leading to early identiﬁcation of TBI has been associated with reduced morbidity and improved outcomes [15]. Clinical predictors of the likelihood a closed
head injured patient has suffered an intracranial bleed, have long been
sought. Prior to the availability of CT scanning, LOC was often considered the main determinant of whether in-patient observation was indicated in a patient presenting to the ED after a closed head injury. In this
study LOC was found be show be only a very modest predictor of the
presence of a cranial bleed with an AUC of 0.68 (where 0.5 is random)
and not a sensitive enough measure on which to base the need for
close observation of a potentially developing intracranial bleed. Studies
have suggested that adding symptoms of “any alteration in brain function” to LOC, most often using PTA, improves prediction. However, in
the current study no change in AUC was obtained with the addition of
amnesia to the LOC prediction algorithm. Extremely high sensitivity
has been demonstrated in prediction of TBI visible on CT scan using a
QEEG based classiﬁer function which includes information on LOC and
amnesia. Applying this classiﬁer to the population in this study the
AUC was found to be 0.83, demonstrating an 83% improvement in
AUC, relative to that obtained with LOC and amnesia alone.
Odds ratios were used to estimate the likelihood of being CT+ in the
presence of speciﬁc features being positive, compared with the “odds”
when those features are negative. That is, what are the odds that a patient who suffered a closed head injury has sustained a TBI, using LOC
alone or LOC with amnesia, and how are those odds improved when
EEG biomarkers are added to the prediction? The results of this study
demonstrated a signiﬁcant improvement in odds ratios when EEG is
used in the prediction model, going from 4.65 to 16.2.
This data demonstrates that the addition of electrophysiological
marker to prediction outperforms clinical observation of LOC and amnesia alone in determining whether a head injured patient is likely to have
an intracranial bleed. Advances in technology have enabled the feasibility of EEG evaluation into the ED, with a handheld, easy to use, device.
Using such a device, the ability to rapidly assess the likelihood of
being CT + in high functioning closed head injured patients at the
point of initial triage, using a marker which based on brain electrical

Table 3
Odds ratios for the three different methods of prediction are shown with 95% conﬁdence
intervals for each (all p-values b0.001).
Prediction method

Odds ratio

95% C.I.

LOC only
LOC + amnesia classiﬁer
BrainScope TBI classiﬁer

4.65
4.51
16.22

(3.10–6.97)
(3.01–6.78)
(8.09–32.53)
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activity, signiﬁcantly improves the ability predict a CT positive brain
injury.
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Heightened awareness of the potential short and long-term consequences of mild traumatic brain injury (mTBI or concussion) has resulted in an increase in Emergency Department (ED) visits for traumatic
head injury, even as the volume of overall ED visits has remained stable
over the same period of time [1]. While the vast majority (~ 95%) of
these head injured patients are mild, N 80% receive CT scans of which
~ 91% are found to be negative [2]. The rising number of negative CT
ﬁndings, cost, radiation exposure, and ED resource utilization, has led
to an increased need for reliable predictors of intracranial injury in the
mild head injured population [3].
Several decision rules (such as New Orleans Criteria and Canadian CT
Head Trauma Rule) have demonstrated high sensitivity but have extremely poor speciﬁcity [4-7] and when strictly applied, are not applicable to signiﬁcant portions of the population [8,9]. A developing
literature attests to the utility of quantitative EEG based biomarkers
for prediction of the likelihood of intracranial injuries visible on CT
scan in the mild head injured population [10,11].
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This retrospective analysis is based on data from an independent validation trial1 using the BrainScope® One2 EEG-based structural injury
algorithm in mildly presenting head injured patients (N = 719, age
18–85, GCS 13–15, evaluated within 3 days of injury). All subjects provided informed consent. The BrainScope One assessment is based on
5–10 min of eyes closed EEG acquired from frontal and frontotemporal
regions and selected clinical risk factors [12,13]. In the validation trial,
Hanley and colleagues (2017) reported a binary classiﬁcation sensitivity
of 92% for any ﬁnding visible on CT scans, with speciﬁcity 2–6 times
higher than obtained using the decision rules, NPV of 98%, and an area
under the curve of 0.82 [14]. The performance of two decision pathways, measured against an independently adjudicated positive or negative CT ﬁnding, is compared in this analysis. The ﬁrst pathway,
representing Clinical Site Practice, follows the clinical judgement of
the ED physician at the clinical site for referring patients for a CT scan according to standard of care. The second follows the use of BrainScope
One structural injury determination as an input to CT scan referral.
Clinical site practice (Fig. 1) resulted in the referral of 78.4% of the
population (564 patients) for a CT scan. In this group, 156 patients
were later adjudicated to be CT positive, i.e., “true positives” and 408 patients were later adjudicated to be CT negative, i.e., “false positives”. The
proportion of false positives within the patients referred for CT scanning,
i.e., the “false discovery rate”, in this pathway was 72% (=408/564).
On the other hand, use of the BrainScope One assessment (Fig. 2) as
input for CT referral would have resulted in a positive structural injury
classiﬁcation for 57.9% of the population (416 patients). This is a 26%
reduction (=(564 − 416) / 564) compared to clinical site practice.
In this group, 144 were “true positives” and 272 were “false positives”
representing a 33.3% reduction (=(408 − 272) / 408) in the number of
false positives. In addition, a signiﬁcantly lower false discovery rate of
65% (= 272/416) was achieved compared to the clinical site practice
(one-sided comparison, p = 0.01). The BrainScope One device can contribute to reduced overscanning without compromising the overall clinical performance as evidenced by the reduction in the number of false
positives by 33%.

1
B-Ahead III validation trial (ClinicalTrials.gov Identiﬁer: NCT02367300) conducted at
11 US Emergency Departments.
2
BrainScope® One device is registered as the Ahead® 300 (FDA 510(k) clearance,
K161068).
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Fig. 1. Population disposition for decision pathway 1. Use of the clinical site practice pathway results in 564 patients referred for CT scanning (age mean 45.2, SD 18.9; 64.4% male). Of these,
156 patients were “true positives” (referred for CT scanning who were later adjudicated to be CT positive) and 408 were “false positives” (referred for CT scanning who were later
adjudicated to be CT negative).

Fig. 2. Population disposition for decision pathway 2. Use of the BrainScope One decision pathway would have resulted in 416 patients referred for CT scanning (age mean 50.2, SD 18.4;
65.4% male). Of these, 144 patients were “true positives” and 272 were “false positives”.

The reduced overscanning and false discovery rates do not take into
consideration the existence of a small number of false negatives (7.7%).
The corresponding false negative number for the clinical site practice
pathway cannot be estimated because for these cases, the CT was not ordered. However, it is important to note that none of the false negatives
required neurosurgery or returned to the hospital for exacerbation of
symptoms or additional neuroimaging, all had GCS = 15, and none
had any focal neurological signs.
This retrospective analysis demonstrates that the rapid assessment
obtained at the point of care using this easy to use, non-invasive, handheld BrainScope One technology has the potential to signiﬁcantly contribute to decreasing unnecessary CT scans in the mild head injury
population. While not intended to replace a CT scan, the addition of
such quantitative, objective information could signiﬁcantly impact conﬁdence of scanning decisions by the evaluating physician, unnecessary radiation exposure for the patient, as well as cost to the health care system.
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Emergency Department (ED) visits for mild Traumatic Head Injury
(mTBI) have greatly increased due to more awareness of potential consequences of such injuries [1]. While the vast majority (N80%) of mTBI
patients who go to the ED receive a head CT scan, N90% of them are
found to be negative [2]. This practice unnecessarily exposes these patients to radiation, increases the use of ED resources, and lengthens
throughput times [3]. The integration of reliable, objective predictors
of intracranial injury for making important initial assessment decisions
[4] can impact signiﬁcantly on this practice.
Hanley and colleagues (2017) [5] described the results from a multisite independent prospective FDA validation study using the EEG based
biomarker output of the BrainScope One Structural Injury Classiﬁer
(SIC). Sensitivity was reported to be 99% for detecting hematoma's
with ≥1 cc, in head injured patients with GCS 13–15, evaluated within
72 h of injury (see Hanley et al., for details and full performance
metrics).
The current observational study investigates the clinical utility in the
ED of integrating the EEG based SIC biomarker in initial assessment of
mTBI patients, providing information to aid in the reduction of unnecessary CT scan referrals compared with standard site clinical determinations. A convenience sample of ninety-one (91) patients were
evaluated between 6/2017–8/2018 at Barnes-Jewish Hospital
Washington University Medical Center ED. Patients were 18–76 years
of age (mean 44.64, sd = 17.6), 57% male, presenting to the ED within
3 days of sustaining a closed head injury (mean time since injury
10.8 h, range 1–62, with sd = 12), and all but one had a Glasgow
Coma Scale (GCS) score of 15 (one patient GCS = 14). Eighty-two percent (82%) of the injuries were caused either by motor vehicle collisions
(MVCs) or falls.
All patients received a CT scan which was read by the site neuroradiologist and evaluated for related traumatic injury. Patients also received
an EEG evaluation (5–10 min acquired using the BrainScope One handheld device), with a disposable headset which places electrodes on the
frontal and frontotemporal forehead regions [6].Physician assistants,
nurses and technicians administered the EEG evaluation.
Two potential initial evaluation pathways were compared for CT
referrals:

a. Clinical Site Practice Referral: Relying on clinical judgement of the ED
physician according to site standard of care.
b. EEG Based Classiﬁcation Algorithm Assessment: Relying on the ternary
output of the SIC (positive, negative, equivocal) to inform CT referral
decision. The SIC is an electrophysiological based biomarker derived
from selected EEG features and a small set of clinical associated symptoms, using machine learning and advanced classiﬁcation algorithms
to identify those features which optimally characterize the pattern
of changes in brain function that occur with head injury. Of the 91 patients referred to CT, 13 were read as positive and 78 as negative.
These 91 CT referrals made using the clinical judgement decision
pathway resulted in 78 patients who were found to be CT negative.
Using the second pathway with input from the EEG based classiﬁcation algorithm assessment (SIC) resulted 63 of the patients to be positive for CT referral. Thus, the use of the EEG Based Algorithm decision
pathway to aid in referral for CT scanning would have resulted in 63
patients being referred for CT scans instead of 91 referrals made following standard clinical site practice. This represents a reduction of
28 fewer head CTscans, a 30.8% (= (91–63)/91) reduction.
While still early in the clinical use of this EEG based biomarker, this
data demonstrates that the BrainScope One medical device can provide
objective information to aid in the initial assessment of mTBI patients in
the ED. Integrating this data into the decision-making process for CT referrals would have lead to a signiﬁcant reduction of ~31% in CT scanning.
Importantly, this decrease in CT use and its associated radiation was
achieved without incurring any false negative cases (100% sensitivity).
This study replicated results previously published by Huff and colleagues
(2017) [7] who reported potential reduction in unnecessary CT scans
(26%) in a retrospective study of the data collected in the BrainScope
FDA validation study [5], extending it to clinical use and reporting a
higher potential reduction of CTs. It is noted that in the current study all
patients received a CT scan by standard site guidelines, thus limiting information about BrainScope One in assessing those patients who are
not referred for CT, future studies should include such a population,
with potential to aid in conﬁdence of decision not to scan such patients.
It is of note that one patient in the sample was originally read as CT
positive with a SIC negative ﬁnding. Upon review, this positive CT result
was for an old infarct and showed no acute intracranial injury (as correctly indicated by the negative EEG biomarker result). This clearly demonstrates the efﬁcacy of the algorithm at detecting only acute associated
intracranial pathology, independent of an old injury visible on the CT.
The integration of such a rapidly obtained, objective biomarker from
the BrainScope One device in the initial assessment of mTBI patients
shows promise to aid in reduction of unnecessary radiation exposure
and to speed up throughput times for these patients, thus, reducing
overall cost to the health system.
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Identification of Hematomas in Mild Traumatic
Brain Injury Using an Index of Quantitative
Brain Electrical Activity
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Abstract

Rapid identification of traumatic intracranial hematomas following closed head injury represents a significant health care
need because of the potentially life-threatening risk they present. This study demonstrates the clinical utility of an index of
brain electrical activity used to identify intracranial hematomas in traumatic brain injury (TBI) presenting to the emergency department (ED). Brain electrical activity was recorded from a limited montage located on the forehead of 394
closed head injured patients who were referred for CT scans as part of their standard ED assessment. A total of 116 of
these patients were found to be CT positive (CT + ), of which 46 patients with traumatic intracranial hematomas (CT + )
were identified for study. A total of 278 patients were found to be CT negative (CT - ) and were used as controls. CT scans
were subjected to quanitative measurements of volume of blood and distance of bleed from recording electrodes by
blinded independent experts, implementing a validated method for hematoma measurement. Using an algorithm based on
brain electrical activity developed on a large independent cohort of TBI patients and controls (TBI-Index), patients were
classified as either positive or negative for structural brain injury. Sensitivity to hematomas was found to be 95.7% (95%
CI = 85.2, 99.5), specificity was 43.9% (95% CI = 38.0, 49.9). There was no significant relationship between the TBI-Index
and distance of the bleed from recording sites (F = 0.044, p = 0.833), or volume of blood measured F = 0.179, p = 0.674).
Results of this study are a validation and extension of previously published retrospective findings in an independent
population, and provide evidence that a TBI-Index for structural brain injury is a highly sensitive measure for the detection
of potentially life-threatening traumatic intracranial hematomas, and could contribute to the rapid, quantitative evaluation
and treatment of such patients.
Key words: classifier function; mild TBI (mTBI); neuroimaging; quantitative EEG (QEEG); traumatic hematomas

Introduction

radiation, considering that specificity is poor for existing symptombased guidelines for CT scanning (3.0–12.7% in mild traumatic
brain injury [mTBI] populations1,2). Further, the increased use
of CT scanning in emergency settings often imposes a delay on
making clinically important triage decisions.
The use of the BrainScope device in development for the identification of traumatic intracranial hematomas does not have these
drawbacks. Prichep and colleagues3,4 described the development
of TBI-Index using a binary classification algorithm based on
selected quantitative features of brain electrical activity recorded
from five electrodes placed on the forehead. In a prospective validation study (funded in part by the Department of Defense,

T

raumatic intracranial hematomas presenting to the
Emergency Department (ED) following closed head injury must
be rapidly diagnosed because of the potentially life-threatening risk
they present. Such hematomas can be seen in cases that appear mild
by presenting symptoms and apparent neurological status (e.g., high
Glasgow Coma Score [GCS]). The current ‘‘gold standard’’ for initial
assessment and triage is noncontrast CT scan, performed as soon as
possible following injury. The use of head CT scan has several significant drawbacks including time, radiation exposure, and patient
safety. That is, many patients are unnecessarily exposed to CT
1
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contract #W911QY-12-C-0004, Assessment of Head Injury in the
Emergency Department) using such an algorithm (Genetic algorithm, GA), high sensitivity (85.3%, 95% CI 78.8, 90.4) and negative
predictive value (NPV) (96.5–92.2% at 10–20% prevalence) were
obtained for identification of CT positive (CT + ) TBI in a large
population (n = 552) of mTBI patients. Clinical utility has been
demonstrated in multiple publications that have reported high sensitivity in discriminating between CT + and CT negative (CT - ) ED
mTBI patients (92.4–94.7%)5,6 and have shown to have specificity
more than double that seen using the New Orleans Criteria (NOC) in
such populations (TBI-Index was 49.4% and NOC was 23.5%).6
In these studies, CT scans were evaluated by subjective visual
inspection by an experienced neuroradiologist. Although studies of
inter-rater reliability are few, they report poor diagnostic concordance between raters, especially in the identification of different
etiologies of TBI (up to 50% failure),7,8 which raises concerns
because the CT scan is generally regarded as the ‘‘gold standard.’’
Additional quantitative measurements of brain injury have been
used to more objectively define the magnitude of injury,9 as well as
to aid in more objective selection of patients for research protocols.10 Quantitative measurements of the volume of blood within
the hematoma, performed with operator-defined region of interest
segmentation,11 is one such method.
Using the TBI-Index, Hanley and colleagues12 reported the accuracy of identification of traumatic hematomas in a retrospective
sample of brain-injured patients (n = 38). These results showed high
sensitivity (100%) and specificity (66%). Results were not influenced by the distance of the bleed from the recording electrodes,
type of hematoma, or volume of the bleed. Other methods described
in the literature (such as those based on near-infrared spectroscopy
[NIS]) have significant clinical limitations of use based on depth,
volume, and type of hematoma.13–16
The present study prospectively evaluates the clinical utility of
the TBI-Index of brain function for the identification of the presence of intracranial hematomas in an independent ED brain-injured
population.
Methods
Patient population
Eleven ED sites participated in patient recruitment for the
study from a consecutive sample of patients presenting following
a closed head injury and meeting the inclusion/exclusion criteria
described subsequently. Clinical sites included: Barnes Jewish
Medical Center, Detroit Receiving Hospital, University of Virginia Medical Center, University of Maryland Medical Center
(R. Adams Cowley Shock Trauma Center), Sinai-Grace Hospital,
Brooke Army Medical Center, University of Rochester Strong
Memorial Hospital, Duke University Hospital, Hartford Hospital,
Sinai Grace Hospital, and Inova Fairfax Hospital. From this
sample, 46 patients who were confirmed to have intracranial
bleeding ( ‡ 1 cc), based on blinded, adjudicated measurements of
ED CT scans, were selected for study. Those with such hematomas represented 40% of the the CT + population (n = 116) identified in the 394 cases referred for CT. A total of 278 CT - mTBI
patients were selected from the same sample of ED brain-injured
patients, and used as controls. mTBI was defined as a closed head
injury, with or without loss of consciousness or amnesia, and with
a GCS > 8, (with all but one patient with GCS between 14 and 15).
All sites received approval from their respective Human Subjects Research Committees, and written informed consent was
obtained prior to testing of all subjects. Assessment of the capacity
of the subject to give informed consent was performed using the
Conley criteria.17

PRICHEP ET AL.
Inclusion/exclusion criteria
Male and female patients between the ages of 18 and 80 years
who presented to the ED after a closed head injury and who had a
CT scan of the head ordered as part of their clinical evaluation were
eligible for inclusion. Patients were excluded if clinical conditions
would not allow placement of the electrodes, or if they were obtunded as a result of intoxication to the point where they could not
provide informed consent. In addition, patients with known psychiatric disorders, including chronic drug or alcohol dependence
disorders, chronic seizure history, or mental retardation, or who
were currently taking medication affecting the central nervous
system (CNS) on a daily basis for a chronic psychiatric condition,
were not eligible for the study. If the head injury occurred following a seizure, the patient was not a candidate for this study.
CT scans
All head CT scans were noncontrast, and were reviewed by a
three member panel of independent experienced neuroradiologists
(blinded to clinical and electroencephalographic [EEG] data), and
positive CT findings were determined by majority rule. The CT +
reports in these patients included all intracranial hematomas, contusions, subarachnoid hemorrhages, cortical edema, and combinations of these etiologies. All but one CT scan were performed
within 23 h of the EEG data acquisition, with a mean of 5.03 h,
(85% were < 12 h, and were in the time frame of the standard of
care practiced at the ED site of acquisition).
The neuroradiological adjudicators also scored all CT scans
using the Marshall Scale (MS) scoring system.18 The MS, used
largely by neurosurgeons, rates the severity of CT abnormality
using six categories (I–VI), based largely on volume of blood and
midline shift.19 Although the MS is relatively insensitive to gradations of neurological severity in cases in which neurosurgical
intervention is not indicated, and is not used routinely in ED assessment, it is applied here as a measure of the mild nature of the
CT abnormalities in the population of study.
Blood volume measurements
Because of concerns about the subjective nature of CT scan
readings when evaluated conventionally by visual inspection and
the poor inter-rater and within-rater reliability reported in the literature, in this study we used a method for quantification of the
severity of the hematoma.
The volume of blood and distance from recording electrodes
were measured by blinded independent experts using a published
method for volume measurement,11 in the same manner as has been
done in the previously published work, and which was described in
detail by Hanley and colleagues, cited earlier.12 Measurements of
intracranial hematomas were calculated by two independent neuroradiologically trained technician readers (A.M.), blinded to the
EEG results and adjudicated by a third reader (D.H.) when required
by discrepancy. Each hematoma was classified in terms of the
lobe(s) compromised (frontal, parietal, temporal, or occipital),
hemisphere affected (left or right), and hematoma type (epidural
[EDH]; subdural [SDH]; or intracerebral [ICH]). Quantitative
measurements of the volume of blood within the hematoma were
performed with operator-defined region of interest segmentation as
described by OsiriX11 (see Fig. 1). In instances of multiple hematomas, a single volume was attributed to each unique bleeding location. When a single bleed spanned multiple lobes, the volume was
indicated in the lobe in which the epicenter was localized. It is
important to note that subarachnoid hemorrhages (SAH) were not
assigned a volume. The distance of the bleeding event from the
location of the EEG electrodes (midpoint between FP1 and FP2)
was also evaluated, to assess whether using only frontal electrodes
influenced accuracy of detection. Two linear measurements (mm)
were performed for each unique bleeding event, one to the shortest
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FIG. 1. Representation of the perimeter of a subdural (left panel, red) and an intracranial hematoma (right panel, pink). The volume
was calculated by multiplying the area of each region of interest by the slice thickness.
distance from the electrodes to the bleed, (using FP1 or FP2, depending upon the lobe of the bleed); and the second corresponded to
the distance from the same sensor to the epicenter of the bleed. Only
patients with hematomas with blood volumes ‡ 1 cc were considered candidates for this study.
Electrophysiological data acquisition and analysis
Five to ten minutes of eyes closed resting EEG was recorded on
a handheld device. EEG recordings were made from five frontal
electrode sites of the International 10/20 system referenced to
linked ears, using a disposable headset that optimized ease and
standardization of placement. Recording sites included: FP1, FP2,
AFz (located just anterior to Fz on the forehead, below the hairline), F7, and F8. All electrode impedances were below 10 kO.
Amplifiers had a bandpass from 0.3 to 250 Hz (3 dB points). The
EEG data were subjected to automatic artifact rejection algorithms for identification and removal of any biologic and nonbiologic contamination, such as that from eye movement or
muscle movement. Details of these algorithms are given elsewhere.3 When an artifact was identified in any channel, data from
all channels at that time point were removed. Artifact-free data
(60–120 sec) were concatenated after removal of artifact, with the
minimum for any artifact-free segment being 2.5 sec. Sufficient
artifact-free data were obtained from all study subjects. EEG recording was made as early as was practically possible without
interfering with the clinical workup of the patient, with the vast
majority ( > 85%) tested within 12 h of injury.
The artifact-free EEG data were submitted to offline feature
extraction, and the features were input to an independently developed linear discriminant classifier function described previously
and in detail elsewhere (see Prichep et al.4), which had high sensitivity and specificity for distinguishing patients with structural

brain damage (CT + ). This binary discriminant classification
function was derived using an evolutionary algorithm.20 An evolutionary algorithm performs a stochastic search (which involves
randomness from one iteration to the next) and evaluates a series of
candidate solutions, in which each new candidate is informed by
high-performing predecessors, similar to genetic evolution.21–29
The final classifier function consists of a weighted combination of
selected linear and nonlinear features that reflect brain electrical
activity, which mathematically describes traumatic structural brain
injury as distinguished from normal or concussed brain activity.
The patients in this study were completely independent of the database used to develop the classification algorithm. Each patient’s
brain electrical activity data were submitted to the algorithm off
line, without any information about the patient’s clinical status. In
addition to the binary classification output (TBI-Index), there was a
continuous discriminant score, which was used in analyses that
explored the correlation between such scores and blood volume and
distance measurements described previously.
Results
The 46 hematoma subjects (28 males and 18 females) were
compared with 278 control CT - mTBI patients. The mean age for
the hematoma group was 48.5 years (19.1–79.1) and the mean age
for the CT - controls was 41.4 years (18.5–80.5). Eighty-three
percent (38/46) of the CT + hematoma group had GCS scores of 15
(normal), with a mean of 14.7 (SD = 0.96), with only one patient’s
GCS < 14, and 98.9% (274/277) of the CT - control group had
GCS scores of 15, with a mean of 14.88 (SD = 1.38), and there were
no cases with a GCS < 14. All cases were scored using the Marshall
Score for grading the severity of the CT + finding. Forty cases
(87%) were Marshall Score II, three had a score of III, two had a
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score of IV, and one had a score of V (requiring neurosurgery).
CT - controls all had Marshall Scores of I.

Table 1. Contingency Table
for Classification by TBI-Index
Structural abnormality

Neuroradiological findings
The 46 hematomas were located throughout lobes and hemispheres, with 33% (15/46) involving only one lobe, 30% (14/46)
involving two lobes, 26% (12/46) involving three lobes, and 11% (5/
46) involving all four lobes. It was of note that the frontal lobes were
involved most often, in 67% (31/46) of the cases, and occipital lobes
were involved least often, only in 20% (9/61) of the cases. Seventysix percent (35/46) involved bleeds in only one hemisphere and
24% (11/46) were bilateral bleeds. The 46 hematomas included: 1
EDH, which was accompanied by a SAH; 23 SDH, 14 of which also
had a SAH; 14 additional subdural hematomas that also had an ICH,
11 of which also had a SAH; and 8 ICH, 5 of which also had a SAH.
Figure 2 shows the distribution (as a percentage of all hematomas)
of the classifications of the hematomas in the study population.
Total blood volumes < 1cc were not included in this sample.
The average volume of blood summed across regions was 16.4 cc
(SD = 36.43, range 1.14–235.38). The largest single bleed with a
volume equal to 235.38 cc, was an outlier to the distribution of volumes measured. Without this individual the mean for summed volumes across regions was 11.63 cc (SD = 15.60, range 1.26–74.96).
The mean distance from the recording electrodes to the closest blood
measured was 42.07 mm (SD = 28.03) and to the epicenter of the
bleed was 73.25 mm (SD = 36.41), with a range of 17.29–160.10 mm.
The mean difference between edge and epicenter of the bleed was
30.72 mm (SD = 31.23, range 0.65–125.35mm).
TBI-Index
Table 1 shows the contingency table for he accuracy of the TBIIndex for discriminating the hematoma patients from the mTBI
CT - patients.
Of the 46 subjects with hematomas, 44 were classified as positive by the TBI-Index. Of the 278 CT - mTBI controls, 122 were

Classification

Present (CT + )

Absent (CT - )

44
2

156
122

Positive
Negative
TBI, traumatic brain injury.

classified as negative by the TBI-Index. Therefore, using the TBIIndex to determine classification, sensitivity to hematomas was
95.7% (95% CI = 85.2, 99.5), and specificity was 43.9% (95%
CI = 38.0, 49.9). Because CT + hematoma patients were an enriched population, the NPV and positive predictive value (PPV)
were not calculated.
Although the algorithm is a binary classifier function that
compares discriminant scores to a previously independently determined threshold, we used the discriminant scores for additional
analyses. The mean discriminant score for the hematoma group
was 68.10 (SD = 25.98), and the mean for the CT - controls was
33.52 (SD = 28.37). Discriminant scores for the hematoma CT +
patients were significantly higher than those for the CT - controls
(t = - 7.49, p < 0.0001).
A regression analysis among the continuous discriminant score
and the volume of the bleed and the distance from the recording
electrodes and the presence or absence of accompanying SAH was
also studied. No significant correlations were found between the
continuous discriminant score and the volume of blood present for
the largest single region (F = 0.179, p = 0.674) or for the sum or total
volume across regions (F = 0.868, p = 0.354). There were also no
significant differences found between the discriminant score and
the shortest distance to the bleed (F = 0.045, p = 0.833), or to the
epicenter of the bleed (F = 0.862, p = 0.358). The lack of correlation
suggests that the TBI-Index was not influenced by the distance of
the hematoma from the recording electrodes, or by the volume of
the bleed. There were no significant differences between discriminant scores in hematomas with or without accompanying SAH
(t = 0.48, p = 0.64).
Discussion

FIG. 2. Venn diagram of relative distribution of CT findings
(location/etiology) in the hematoma population. Numbers shown
are the percentage of the total hematoma population. The small
gray circle represents the one epidural hematoma (EDH) in this
population. ICH, intracerebral hematoma; SAH, subarachnoid
hemorrhage; SDH, subdural hematoma.

The present study is a prospective validation of retrospective
results previously reported by Hanley and colleagues,12 in an entirely independent population of ED closed head injured patients
with traumatic hematomas. These results lend strong support to the
important conclusions of the prior study, showing that a TBI-Index
of brain function/dysfunction can be used to correctly identify ED
mTBI patients with traumatic intracranial hematomas seen on CT
scan. The current study goes beyond the prior report in several
important ways, foremost being the importance of using a prospective independent population; and further, this population was
also independent of the training of the algorithm used to determine
the classification of the patients. Further, the target population in
this study was a subset of brain-injured mTBI patients who were
found to have a traumatic hematoma with blood volume ‡ 1cc, but
who were referred for CT scan with relatively low suspicion of
brain injury, utilizing current standards based on subjective clinical
criteria. The use of a minimum criterion (above the level that could
be considered artifact) for the presence of blood volume in these
cases helps to target the assessment of performance on the correct
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identification of TBI patients who are at risk for potentially lifethreatening bleeds and who would likely require further clinical
action. The stratification of risk in such cases requires high sensitivity, low tolerance for false negatives at the expense of false
positives and lower specificity. It is noted that specificity in the
high 40s represents the potential to reduce CT scans in those in
whom scans would be found to be negative, and is much higher than
the reported specificity of symptom-based guidelines for selection
of those in need of CT scans, which are reportedly in the teens.30
Quantitative features of brain electrical activity (QEEG) used in
the BrainScope technology have been reported in the literature to
be sensitive to changes in brain activity associated with TBI.31–33
Further, changes in connectivity reported in TBI using diffusion
tensor imaging (DTI) are consistent with the phase synchrony abnormalities reported using QEEG.34 The features contributing most
to classification algorithms used in this study included those representative of measures that reflect changes in power and frequency
distributions, as well as those features that measure disturbances in
connectivity between regions (including coherence, phase synchrony and asymmetry), and ratios of these quantities such that the
numerator and denominator may come from different bands and
channels, in order to capture temporal and spatial relationships in
brain activity among different regions and frequency bands. It is of
note that because this study used an existing classification algorithm which was a weighted combination of specific features, other
features were not explored. The fact that the vast majority of the
subjects (*95%) in this study were classified as abnormal on this
discriminant algorithm suggests that these features are useful in
describing the changes in brain electrical activity that occur with
such traumatic structural injuries, and well reflect the underlying
pathophysiology hypothesized in the scientific literature for structural and functional brain injuries sustained in TBI. This sensitivity
to both structural and functional brain injury may also relate to the
high number of false positives identified by the algorithm.
Other attempts to identify traumatic hematomas use near-infrared
probes held to regions of the scalp. The sensitivity of such devices is
dependent on the depth (e.g., < 2.5 cm from the brain surface) and
volume (e.g., > 3.5 mL) of the bleed, and are therefore limited in
clinical utility.36 When bleeds do not meet the criteria, sensitivity is
drastically decreased. In contrast, strong evidence was presented
herein that the TBI-Index was not influenced by the distance of the
bleed from the EEG recording electrodes. It was also sensitive to a
wide and clinically important range of bleed volumes. Therefore, this
radiographic evaluation of bleed type and location is consistent with
the hypothesis that the TBI algorithm can identify all types of intracranial bleeding.
Limitations
The fact that there was only one epidural EDH in the study
population is a limitation on the ability to study relationships to
EDH location. In addition, as has been noted in previous work, the
lack of a ‘‘gold standard’’ for the CT - group is another weakness
of such studies. Questions related to generalizability exist as a
consequence of exclusion rules and the requirement that all subjects
be capable of providing informed consent. Although obtunded
subjects were excluded, the presence of drugs and/or alcohol per se
were not criteria for exclusion, and such subjects were not found to
perform differently on the algorithm. Although not the study group
targeted, the performance of the algorithm in more obtunded patients, including those with lower GCS scores, would be important
for further study. Future studies might explore the potential utility
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in serial recordings over time to access sensitivity to progressive
bleeding events.
Conclusions
This study was an independent replication of a prior retrospective report demonstrating the accuracy of using a classification
algorithm based on brain electrical activity to identify traumatic
hematomas in the mTBI population in the ED. This independent
prospective validation of such technology is critical in the assessment its potential clinical utility. Employing a blinded quanititative
measurement of blood volume, a group of traumatic hematomas
with blood volume ‡ 1 cc were selected for study and compared
with a group of CT - controls, thus focusing the study on those
mildly presenting cases (98% with GCS of 14–15) in whom clinical
interventions or more intensive follow-ups are indicated. High
classification sensitivity (95.7%) and specificity (43.9%) were
obtained using this algorithm. Further, performance was independent of the distance of the hematoma from the recording electrodes
and the volume of the bleed ( ‡ 1 cc). Specificity, although in the
40s, was substantially higher than that obtained using existing
symptom-based guildelines and could result in a large reduction in
referrals for scanning compared with the current standard of care.
The potential clinical utility of such a technology is high in situations with limited access to CT, situations requiring rapid triage and
situations with concurrent severe multisystem injury, which are all
areas requiring rapid identification of traumatic intracranial bleeds.
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a b s t r a c t
Study objective: We compared the performance of a handheld quantitative electroencephalogram (QEEG) acquisition device to New Orleans Criteria (NOC), Canadian CT Head Rule (CCHR), and National Emergency XRadiography Utilization Study II (NEXUS II) Rule in predicting intracranial lesions on head computed tomography
(CT) in acute mild traumatic brain injury in the emergency department (ED).
Methods: Patients between 18 and 80 years of age who presented to the ED with acute blunt head trauma were
enrolled in this prospective observational study at 2 urban academic EDs in Detroit, MI. Data were collected for
10 minutes from frontal leads to determine a QEEG discriminant score that could maximally classify intracranial
lesions on head CT.
Results: One hundred ﬁfty-two patients were enrolled from July 2012 to February 2013. A total 17.1% had acute
traumatic intracranial lesions on head CT. Quantitative electroencephalogram discriminant score of greater than
or equal to 31 was found to be a good cutoff (area under receiver operating characteristic curve = 0.84; 95% conﬁdence interval [CI], 0.76-0.93) to classify patients with positive head CT. The sensitivity of QEEG discriminant
score was 92.3 (95% CI, 73.4-98.6), whereas the speciﬁcity was 57.1 (95% CI, 48.0-65.8). The sensitivity and speciﬁcity of the decision rules were as follows: NOC 96.1 (95% CI, 78.4-99.7) and 15.8 (95% CI, 10.1-23.6); CCHR 46.1
(95% CI, 27.1-66.2) and 86.5 (95% CI, 78.9-91.7); NEXUS II 96.1 (95% CI, 78.4-99.7) and 31.7 (95% CI, 23.9-40.7).
Conclusion: At a sensitivity of greater than 90%, QEEG discriminant score had better speciﬁcity than NOC and
NEXUS II. Only CCHR had better speciﬁcity than QEEG discriminant score but at the cost of low (b 50%) sensitivity.
© 2014 Elsevier Inc. All rights reserved.

1. Introduction
According to the Centers for Disease Control and Prevention, approximately 80% of the 1.7 million patients who suffer traumatic brain injury
(TBI) annually in the United States are treated and discharged from the
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emergency department (ED) [1]. An overwhelming majority of these
patients are considered mild with Glasgow Coma Score (GCS) of 13
to 15 [2].
There has been a reported increase in incidence of TBI-related ED
visits to more than 14% from 2002 to 2006 [1]. This surge in incidence
of ED visits has translated into an increased utilization of computed tomography (CT) for evaluation of minor head trauma in the ED. Because
the current clinical decision rules for head CT utilization in mild TBI have
high sensitivity at the cost of low speciﬁcity, most of these patients had
negative scans [3]. This increased use of CT not only is an economic burden and adds to ED overcrowding but also has long-term implications of
radiation, explicitly malignancy, with an estimated incidence of 1 in
1000 to 2000 individuals [3,4].
The New Orleans Criteria (NOC), the Canadian CT Head Rule (CCHR),
and the National Emergency X-Radiography Utilization Study II (NEXUS
II) Rule are some of the most widely used and validated decision rules in
clinical practice by emergency physicians [5–8]. Numerous external validation studies have corroborated that these decision rules have similar
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Table 1
Sensitivity and speciﬁcity of NOC, CCHR, and NEXUS II Rule in predicting intracranial lesions on head CT in external validation studies
Stein et al [11]

NOC
CCHR
NEXUS II

Ro et al [8]

Smits et al [13]

Sensitivity
(95% CI)

Speciﬁcity
(95% CI)

Sensitivity
(95% CI)

Speciﬁcity
(95% CI)

Sensitivity
(95% CI)

Speciﬁcity
(95% CI)

99.0
(98.0-100.0)
99.0
(98.0-100.0)
97.0
(96.0-98.0)

33.0
(32.0-34.0)
47.0
(46.0-48.0)
47.0
(46.0-48.0)

90.7
(83.9-95.3)
72.9
(63.9-80.7)
83.9
(76.0-90.0)

23.4
(19.6-27.5)
41.3
(36.8-45.9)
36.0
(31.6-40.5)

98.3
(94.0-99.5)
83.4
(77.7-87.9)
Not studied

5.6
(2.7-8.8)
39.4
(36.0-42.8)
Not studied

high sensitivities and comparable lower speciﬁcities [8–13]. Table 1
highlights the results of some of these external validation studies. The
clinical policy on neuroimaging and decision making published in
2008 by the American College of Emergency Physicians’ panel on mild
TBI has also discussed the limitations of these decision rules, as these
rules must be applied within the parameters of their inclusion criteria
such as loss of consciousness or amnesia [14].
There is growing evidence that quantitative electroencephalogram
(QEEG) can be used to evaluate minor head trauma, as it can gauge subtle abnormalities in brain electrical activity associated with mild TBI
[3,15,16]. Recent data have suggested its usefulness in evaluating
players with sports-related concussions and assessments of
postconcussive syndrome (PCS) [17–20]. With the advent of waveform
recognition algorithm and automated EEG analysis, the viability of using
QEEG in the acute setting is possible [3,21]. Whether QEEG can be used
efﬁciently in the ED environment as a better predictor of intracranial lesion than the current decision rules for head CT utilization in mild TBI
has yet to be answered.
The objective of this study was to compare the performance of a
handheld QEEG device to NOC, CCHR, and NEXUS II Rule in predicting
intracranial lesions on head CT in acute mild TBI.
2. Methods
2.1. Study design and setting
A convenience sample of patients was enrolled from July 2012 to
February 2013 in this prospective observational study at 2 urban academic EDs in Detroit, MI. Detroit Receiving Hospital is a 268-bed, level
I trauma center, whereas Sinai-Grace Hospital is a 337-bed, level II trauma center. Both hospitals serve inner-city populations and have approximately 100 000 ED visits annually. Both clinical sites received
approvals from Wayne State University’s Institutional Review Board before any subject enrollment. Written informed consent was obtained
from all subjects and/or legally authorized representative before QEEG
data acquisition. The Conley criteria were used to assess the capacity
of the subject to give informed consent [22].
2.2. Selection of participants
A convenience sample of patients between the ages of 18 and
80 years who presented within 24 hours of acute blunt head trauma,
with a GCS of 13 to 15, and had a head CT ordered as part of their
standard of care was enrolled. Patients with forehead lacerations
that prevented electrode application were excluded. Other exclusion
criteria were dementia, Parkinson disease, multiple sclerosis, seizure
disorder, brain tumors, history of brain surgery, psychiatric disorder
for which there was a prescribed psychiatric medication taken on a
daily basis, substance dependence, history of transient ischemic attack or stroke within the last year, open head injury, pregnant
women, and prisoners. Research assistants trained on the device
were staffed in the ED, screening for patients 24 hours per day,
7 days per week.

2.3. Procedures, measurements, and outcomes
Computed tomographic interpretations, made by neuroradiologists/
radiologists as standard of care, were used at both clinical sites for classifying subjects into CT-positive or -negative groups. These interpretations were blinded to EEG results and all other patient information,
except the head injury indication for the scan. The CT scans were considered positive if they had trauma-induced intracranial lesions, such as
petechial hemorrhages, parenchymal bleeds, subarachnoid hemorrhages, cerebral contusions, and epidural and subdural hematomas.
The QEEG data acquisition on the device was done by ED research assistants who were trained to use the device but did not have prior EEG experience. The QEEG data acquisition and head CT were both done within
24 hours of injury.
All patients underwent 5 to 10 minutes of closed-eyes resting EEG
acquisition on a handheld device under development by BrainScope.
These EEG recordings were collected with frontal montage using selfadhesive, pregelled electrodes on a single-use headset. Frontal electrode
sites of the International 10/20 system were used, which included FP1,
FP2, AFz, F7, and F8, referenced to linked ears. All electrode impedances
were below 10 kΩ before data acquisition. Electrode placement was
accomplished in all cases in less than 5 minutes. Automatic artifact rejection was used during EEG data acquisition to remove any contamination, such as that from muscle or eye movements.
The ﬁrst outcome measure of the study was to determine a QEEG
discriminant score that could maximally classify subjects with intracranial lesions visible on head CT. The second outcome measure compared
the performance (sensitivity and speciﬁcity) of this discriminant score
to NOC, CCHR, and NEXUS II Rule for accuracy in prediction of positive
CT ﬁndings. The variables that make up these clinical decision rules
were also collected prospectively at the time of EEG evaluation.
Table 2 shows the eligibility criteria and the indications for head CT
adopted in these clinical decision rules.
2.4. Quantitative EEG and statistical analysis
Off-line quantitative analysis of this artifact-free EEG data was done,
features extracted, age regressed, and input to a previously established
discriminant algorithm to determine the binary classiﬁcation for each
case. This algorithm was derived using iterative methods and crossvalidation (based on features extracted from algorithm development
database) to construct this binary discriminant classiﬁcation algorithm.
The algorithm consists of weighted, multivariate grouping of selected
linear and nonlinear features of brain electrical activity that statistically
distinguish normal brain activity from brain activity seen in CT-positive
TBI subjects [3,15]. The result is articulated as a discriminant score, using
a threshold calculated from the receiver operator curve of the discriminant function, and is used to make a binary classiﬁcation of the patients
with the highest probability of being CT positive [15,23].
3. Results
We enrolled 152 patients with blunt head trauma during the study
period. The average age of the patients was 36.6 years (SD ±15.2) and
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Table 2
Clinical decision rules for using head CT in mild TBI with reported validity of the original studies
Decision rule

Indications for head CT

Inclusion criteria

Exclusion criteria

Sensitivity (95% CI)

Speciﬁcity (95% CI)

NOC [5]

Headache, vomiting, seizure,
intoxication, short-term memory
deﬁcit, age N60 y, or injury above
clavicles
High-risk patients: GCS score b15 at 2 h
postinjury, suspected skull fracture, any
sign of basal skull fracture, vomiting
(≥2 times), age ≥65 y
Medium-risk patients: retrograde
amnesia N30 min, dangerous mechanism
(pedestrian vs motor vehicle; ejected
from motor vehicle; fall from height
N1 m or 5 stairs)
Recurrent or forceful vomiting, evidence
of signiﬁcant skull fracture, age ≥65 y,
scalp hematoma, neurologic deﬁcit,
altered level of alertness, abnormal
behavior, coagulopathy

Blunt trauma, LOC or amnesia,
GCS 15, age N3 y, injury within
the past 24 h

Acute focal neurologic deﬁcit

100.0
(95.0-100)

25.0
(22.0-8.0)

Blunt trauma, LOC or amnesia
or disorientation, GCS 13-15,
age ≥16 y, injury within past
24 h

Obvious penetrating or depressed
skull fracture, acute focal neurologic
deﬁcit, seizure before ED assessment,
on anticoagulation, bleeding tendency

98.4
(96.0-9.0)

49.6
(48.0-1.0)

All blunt trauma

A delayed presentation, without
blunt trauma

95.2
(92.2-7.2)

17.3
(16.5-8.0)

CCHR [7]

NEXUS II [6]

LOC, loss of consciousness.

mean the GCS was 14.9, with 68.4% male. A total of 82.2% were African
American; 15.1%, white; and 2.6%, Hispanic. A total of 66.4% had loss
of consciousness, and 32.2% had altered mental status. Blood alcohol
levels were measured in 57.9% of the patients and were found to be abnormal in 50% of them with mean levels of 200 mg/dL (SD ±104). Similarly, drug screen was ordered in 43.4% of these patients and was found
to be abnormal in 53% of them. A total of 46.7% of the patients were involved in motor vehicle accidents, 30.2% were assaulted, 18.5% had fall
as the mechanism of injury, 3.3% were pedestrians struck by vehicle,
and 1.3% had bicycle accidents. All patients underwent head CT as standard of care in the ED, and 26 (17.1%) patients had acute traumatic intracranial lesions visible on CT.
Quantitative electroencephalogram discriminant score greater than
or equal to 31 was found to be a good cutoff to classify patients with
positive head CT, with area under receiver operating characteristic
curve = 0.84 (95% conﬁdence interval [CI], 0.76-0.93). Table 3 compares
the sensitivity, speciﬁcity, positive predictive value, negative predictive
value, and likelihood ratio of the QEEG discriminant score greater than
or equal to 31 with the 3 clinical decision rules.
Neurosurgical intervention was needed in 2 patients with positive
ﬁndings on head CT. These were identiﬁed by all 3 decision rules and
had a QEEG discriminant score greater than or equal to 31. A QEEG discriminant score less than 31 was found in 3 patients with positive ﬁndings on head CT. These ﬁndings were (1) subarachnoid hemorrhage at
the anterior inferior aspects of the bilateral frontal lobes, (2) acute subdural hematoma in the right posterior temporal region just above the
tentorium, and (3) acute subdural hemorrhage seen along the right
temporal region extending to the Sylvian ﬁssure. All of these ﬁndings
were classiﬁed as “Diffuse Injury II” by using the Marshall CT Classiﬁcation [24]. None of these patients required neurosurgical intervention

and were discharged home. All 3 patients were identiﬁed by NOC and
NEXUS II rule; only one met the criteria for CCHR.
4. Discussion
In 2008, the American College of Emergency Physicians’ panel on
neuroimaging and decision making had formulated an evidence-based
clinical policy to answer the foremost challenge that emergency physicians face when patients present with minor head injury in the ED: who
should they send to the scanner for a noncontrast CT? [14] We have
tried to augment these recommendations with an electrophysiological
test of quantiﬁed brain electrical activity that can detect brain injury
in a patient population with a low pretest probability, as any practical
and realistic application of these guidelines in the real world is restricted by physicians’ attitude and bias due to the prevailing malpractice litigation that hounds the health care system [8]. There is also growing
evidence that shows increased utilization of head CT in this patient population following the implementation of some of these clinical decision
rules [25–27].
Data from a previous study suggest that detectable functional abnormalities on EEG may appear before visible structural damage on CT imaging in patients with mild TBI [3,28]. Quantitative brain electrical
activity has also shown to be highly accurate in identifying traumatic
hematomas in minor head injury patients in a recent study by Hanley
and colleagues [15]. The study also demonstrated signiﬁcant correlation
between QEEG-derived TBI index and the volume of blood in the hematomas [15]. O’Neil et al [3] have previously reported that the speciﬁcity
of this QEEG-derived TBI index was twice as good as NOC with comparable sensitivity [3]. Since the publication of that study, the QEEG
algorithm has been retrained; and the acquisition device has been

Table 3
Comparison of QEEG with NOC, CCHR, and NEXUS II Rule in predicting intracranial lesions on head CT

QEEG discriminant score
NOC
CCHR
NEXUS II

Sensitivity
(95% CI)

Speciﬁcity
(95% CI)

PPV
(95% CI)

NPV
(95% CI)

+LR
(95% CI)

−LR
(95% CI)

92.3
(73.4-98.6)
96.1
(78.4-99.7)
46.1
(27.1-66.2)
96.1
(78.4-99.7)

57.1
(48.0-65.8)
15.8
(10.1-23.6)
86.5
(78.9-91.7)
31.7
(23.9-40.7)

30.7
(21.0-42.3)
19.0
(12.9-27.0)
41.3
(24.0-60.8)
22.5
(15.3-31.6)

97.2
(89.6-99.5)
95.2
(74.1-99.7)
88.6
(81.3-93.4)
97.5
(85.5-99.8)

2.1
(1.71-2.71)
1.14
(1.02-1.27)
3.42
(1.86-6.27)
1.40
(1.22-1.62)

0.1
(0.03-0.51)
0.24
(0.03-1.79)
0.62
(0.43-0.89)
0.12
(0.01-0.85)

PPV, positive predictive value; NPV, negative predictive value; LR, likelihood ratio.
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remodeled to reduce noise, and muscle and eye movement artifacts. The
previous study had also used free electrodes that needed to be gelled
before application [3]. In our study, we have used a single-use headset,
which had self-adhesive, pregelled electrodes that made the application
time considerably less.
Our data show that CCHR had the least sensitivity of all the clinical
decision rules. This low sensitivity was also reported in a study by Ro
et al [8] and can be explained by the stringent eligibility criteria of
CCHR that deﬁne minor head injury requiring CT evaluation as
witnessed loss of consciousness, amnesia, or disorientation with GCS
13 to 15 and also do not use high-prevalence variable such as headache,
which is a criterion in NOC [5,7,8].
Although our data tried to identify neurologically intact, seemingly
well patients that have a visible traumatic intracranial lesion on head
CT, the ability to deﬁne those who will end up with PCS remains elusive.
In the future, we would conduct neuropsychological testing at shortand long-term follow-ups in these patients to see if electrophysiological
abnormalities detected by QEEG in the ED can predict PCS.
In summary, at a sensitivity of greater than 90%, QEEG discriminant
score had better speciﬁcity than NOC and NEXUS II in predicting intracranial lesions on head CT in acute mild TBI in the ED. Only CCHR had
better speciﬁcity than QEEG discriminant score but at the cost of low
(b 50%) sensitivity.

4.1. Limitations
This study focused on the performance of the 3 most extensively
used and validated clinical decision rules [8]. Review of the literature
shows other decision rules such as the Neurotraumatology Committee
of the World Federation of Neurosurgical Societies [29], the National Institute of Clinical Excellence [30], and the Scandinavian Neurotrauma
Committee guidelines [31] that have not been studied as extensively
in external validation studies and were not compared with the QEEG
discriminant score in this study. The fact that the study sample was
not independent of the algorithm development population is also a potential limitation. However, because the study population represents
only a very small percentage of the development database, less than
10%, the potential for overestimation is very small. The moderate sample size of the study is another limitation; BrainScope Company, Inc,
the developer of the QEEG acquisition device and the algorithm, has recently sponsored a multicenter clinical trial (ClinicalTrials.gov Identiﬁer: NCT01556711) that has completed enrollment with a better
sample size of subjects with minor head trauma but did not compare
the QEEG discriminant score with all 3 decision rules. Our sample size
also had a relatively high rate of CT-positive subjects in a low-risk patient population (mild TBI). This relatively high rate can be explained
by the inclusion criteria that only allowed enrollment of subjects that
got head CT as part of their standard of care.
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Identiﬁcation of Acute Stroke Using Quantiﬁed
Brain Electrical Activity
Edward A. Michelson, MD, Daniel Hanley, MD, Robert Chabot, PhD, and Leslie S. Prichep, PhD

Abstract
Objectives: Acute stroke is a leading cause of brain injury and death and requires rapid and accurate
diagnosis. Noncontrast head computed tomography (CT) is the ﬁrst line for diagnosis in the emergency
department (ED). Complicating rapid triage are presenting conditions that clinically mimic stroke. There is
an extensive literature reporting clinical utility of brain electrical activity in early diagnosis and
management of acute stroke. However, existing technologies do not lend themselves to easily acquired
rapid evaluation. This investigation used an independently derived classiﬁer algorithm for the identiﬁcation
of traumatic structural brain injury based on brain electrical activity recorded from a reduced frontal
montage to explore the potential clinical utility of such an approach in acute stroke assessment.
Methods: Adult patients (age 18 to 95 years) presenting with stroke-like and/or altered mental status
symptoms were recruited from urban academic EDs as part of a large research study evaluating the
clinical utility of quantitative brain electrical activity in acutely brain-injured patients. All patients from
the parent study who had conﬁrmed strokes, and a control group of stroke mimics (those with ﬁnal ED
diagnoses of migraine or syncope), were selected for this study. All stroke patients underwent head CT
scans. Some patients with negative CTs had further imaging with magnetic resonance imaging (MRI).
Ten minutes of electroencephalographic data were acquired on a hand-held device in development, from
ﬁve frontal electrodes. Data analyses were done ofﬂine. A Structural Brain Injury Index (SBII) was
derived using an independently developed binary discriminant classiﬁcation algorithm whose input was
speciﬁed features of brain electrical activity. The SBII was previously found to have high accuracy in the
identiﬁcation of traumatic brain-injured patients who were found to have brain injury on CT (CT+). This
algorithm was applied to patients in this study and used to classify patients as CT+ or not CT+.
Performance was assessed using sensitivity, speciﬁcity, and negative and positive predictive values (NPV,
PPV).
Results: Forty-eight stroke patients (31 ischemic and 17 hemorrhagic) and 135 stroke mimic controls
were included. Within the ischemic population, approximately half were CT– but later conﬁrmed for
stroke with MRI (CT–/MRI+). Sensitivity to stroke was 91.7%, speciﬁcity 50.4% (to stroke mimic), NPV
94.4%, and PPV 39.6%. Eighty percent of the CT–/MRI+ ischemic strokes were correctly identiﬁed at the
time of the CT– scan.
Conclusions: Despite a small population and the use of a classiﬁer without the beneﬁt of training on a
stroke population, these data suggest that a rapidly acquired, easy-to-use system to assess brain
electrical activity at the time of evaluation of acute stroke could be a valuable adjunct to current clinical
practice.
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A

cute stroke is a leading cause of brain injury
and death and must be rapidly and accurately
diagnosed to minimize the effect of its consequences both upon the individual and upon subsequent
demands placed on our health care system. Rapid and
accurate stroke diagnosis is important to guide treatment selection, especially because most current treatments are time-dependent and must be administered
within the ﬁrst 3 to 6 hours after symptom appearance
to be maximally effective. Current acute stroke diagnosis
relies on history and physical examination. Noncontrast
head computed tomography (CT) is the ﬁrst-line, most
commonly used imaging modality in the workup of acute
stroke in the emergency department (ED). However, CT
results are less than 100% sensitive to ischemic stroke,
especially within the ﬁrst day or two after symptom
appearance. Recent studies of the sensitivity and speciﬁcity of CT in acute ischemic stroke found levels of sensitivity that ranged from 12.5% to 92.2%, depending on
the site and size of the brain lesion.1 Most studies do not
have appropriate control groups and thus levels of speciﬁcity are not available. Further, sensitivity and speciﬁcity of ﬁndings have been shown to be related to the
expertise and experience of the radiologist interpreting
the CT results, with inter-rater reliability varying from
0.46 to 0.58 for noncontrast CT.2 There are numerous
conditions that when ﬁrst evaluated in the ED clinically
mimic acute stroke, with estimated rates of occurrence
falling between 6.5 and 31% of patients presenting with
possible acute strokes.3,4 Stroke mimics can use valuable
ED resources to rule out stroke and needlessly expose
such patients to CT radiation and testing cost.
An extensive literature exists demonstrating that electrophysiological measures of brain function derived
from the electroencephalogram (EEG) have high clinical
utility in early diagnosis, outcome prediction, and management of acute ischemic stroke.5,6 Electrophysiological abnormalities reﬂecting functional changes may
emerge earlier than structural changes and may better
detect changes in neuronal function that precede structural changes in acute stroke7,8 Prior electrophysiological studies were based on monitoring brain electrical
activity using the 19 conventional electrode recording
locations that are time-consuming and not available in
most EDs, making this modality impractical for acute
diagnosis and decision-making. Initial screening and triage of stroke patients in the ED would need to be done
using a reduced electrode montage that could be rapidly
applied, not requiring electroencephalogram (EEG)
technologist participation and with rapid feedback to
the clinician. Using an independently derived classiﬁer
algorithm based on brain electrical activity for the identiﬁcation of structural brain injury (recorded from a
reduced frontal montage using a hand-held device), the
objective of this investigation was to explore the potential clinical utility of such technology in the triage of
suspected acute stroke.
METHODS
Study Design
This was a retrospective study of adult patients between
the ages of 18 and 95 years, presenting to the ED with

stroke-like symptoms. All hospital institutional review
boards approved the study. Patients signed informed
written consent to participate in the study or, in a few
cases, consent was obtained by proxy.
Study Setting and Population
Study sites included Bellevue Hospital Center (New
York, NY), University Hospitals Case Medical Center
(Cleveland, OH), William Beaumont Medical Center
(Royal Oak, MI), and Washington University Medical
Center (St Louis, MO). All study patients met the following inclusion and exclusion criteria: male and female
patients between the ages of 18 and 95 years, who
entered the ED with symptoms including altered mental
status and/or symptoms suggestive of stroke (e.g., weakness, headache, dizziness), and who had Glasgow Coma
Scale (GCS) scores > 8 were eligible for study. Only
those with ﬁnal diagnosis of stroke, migraine, or syncope were evaluated in the current study. Patients were
excluded if clinical conditions would not allow placement
of the electrodes, or if they were obtunded and therefore
unable to provide informed consent, and no proxy was
available to provide consent. In addition, patients with
known psychiatric disorders or chronic drug or alcohol
dependence disorders or history of chronic seizure or
who were given or already taking central nervous system active medications were excluded. These exclusions
were included to minimize possible confounding factors
in this study.
Study Protocol
Decisions to order head CT scans were based on clinicians’ suspicions of structural brain injury, hemorrhage,
or stroke. Each study candidate received a limited montage EEG as part of participation in a multisite research
study evaluating the clinical utility of quantitative brain
electrical activity in acutely brain-injured patients in the
ED. The patients in our study were all of those patients
who had clinical diagnoses of stroke, migraine, or syncope (used as controls) in the larger study. Clinicians
had no access to results of the quantitative EEGs
obtained during the study. Hence, the diagnosis of
stroke in all cases was made by standard clinical practice and not using study data.
EEG Data Acquisition. Each patient underwent acquisition of ten minutes of eyes-closed resting EEG recording acquired on a hand-held device in development
(BrainScope Co., Inc.). The EEG recordings were made
from frontal electrode sites of the expanded International 10–20 placement system using self-adhesive electrodes pasted on the forehead and referenced to linked
ears. Electrode sites included FP1, FP2, AFz (located just
anterior to Fz on the forehead, below the hairline), F7,
and F8. All electrode impedances were below 10 kΩ.
Ampliﬁers had a bandpass from 0.3 to 250 Hz (3 dB
points). EEG recordings were made as close to the time
of ED arrival and to CT scan as possible, without interfering with the clinical evaluation.
CT Scans. The decision on who received a CT scan
was determined as part of the clinical evaluation of the
treating emergency physician (EP). All imaging diagno-
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ses were taken from ﬁnal reports issued by the radiologist/neuroradiologists at each institution. Based on
these readings, the study population was divided into
two groups based upon their ﬁnal clinical diagnoses.
Group 1 included stroke patients whose etiologies were
either ischemic or hemorrhagic in nature. Group 2
included patients whose ﬁnal diagnoses were syncope
or migraine (stroke mimics), although they had presented with altered mental status and/or stroke-like
symptoms.
Data Analysis
All data processing and analysis was done ofﬂine. EEG
data were subjected to artifact rejection algorithms to
remove any biologic and nonbiologic contamination,
such as that from eye movement or muscle movement.
Previous experience has demonstrated that sufﬁcient
artifact-free data (60 to 120 seconds) can be obtained
from this 10-minute recording (85% in less than 5 minutes). Features needed for input to a previously speciﬁed and validated (on an independent population of
CT+ traumatic brain injury [TBI] patients) classiﬁer
algorithm were then automatically extracted from the
artifact-free data.
The classiﬁcation algorithm used in this study was
reported to have high sensitivity and speciﬁcity for distinguishing acutely brain-injured patients with structural (CT+) brain damage.9,10 Such classiﬁer functions
consist of a weighted combination of the speciﬁed features that maximally separate the groups of interest.
These features include those that reﬂect changes in the
characteristics of the frequency spectra as well as those
reﬂecting disruptions in connectivity between recording locations. Details of the derivation of the classiﬁcation algorithms are described elsewhere.11,12 The EEGs
from the stroke patients in this study were not part of
the database used to develop the classiﬁcation algorithm.
In this study, the previously speciﬁed selected features from each patient’s brain electrical activity were
submitted to the classiﬁer algorithm without any information about the patient’s diagnosis or clinical status,
and a binary classiﬁcation, a Structural Brain Injury
Index (SBII), was obtained. Patient age was taken into
account prior to calculation of the SBII, so all features
input to the algorithm are ﬁrst age-regressed.13 The
classiﬁer is a linear discriminant function, the output of
which is a binary indicator of belonging to one of the
two categories, probable CT+ or not CT+. The classiﬁcation is made using a previously deﬁned threshold for
a point on the receiver operating characteristic (ROC)
curve from the classiﬁer development population,
above which classiﬁcation as CT+ is made. All further
results were derived from contingency tables of true
positives, false positives, true negatives, and false negatives used to calculate sensitivity, speciﬁcity, negative
predictive value (NPV), and positive predictive value
(PPV), to describe classiﬁcation accuracy. It is noted
that all EEGs were visually reviewed by an expert EEG
technologist for quality of the recording. Where appropriate, demographic differences between groups were
tested using two-group t-tests for the signiﬁcance of
differences.
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RESULTS
The study included 48 stroke patients, with a mean age
of 64.5 years (range = 33.0 to 92.2 years, SD 
14.3 years). There were 31 ischemic (20 males, 11
females) and 17 hemorrhagic (nine males, eight females)
strokes in this group. There were 15 patients in the
ischemic stroke group (48%) whose initial acute CT
results were negative but who underwent subsequent
magnetic resonance imaging (MRI) scans because of
continued clinical concerns, and the MRIs conﬁrmed the
diagnoses of stroke (ISC CT–/MRI+). The ischemic
stroke patients who were CT+ on initial evaluation will
be referred to as ISC CT+. The stroke mimic control
group included 135 patients, with a mean age of
43.7 years (range = 18 to 81.7 years, SD  18.1 years).
There were 72 migraine (22 males, 50 females) and 63
syncope (30 males, 33 females) patients in this group.
There was a signiﬁcant difference between the mean
ages of the strokes and mimics (t = –8.18, p < 0.0001),
with the stroke group being older, as expected.
Clinical Symptoms at Presentation
All stroke and stroke mimic patients presented to the
ED with stroke-like symptoms. In some patients this
included focal neurological signs and/or altered mental
status. Table 1 shows the most common presenting
symptoms as the percentage of the whole group in
which they were reported.
As can be seen in Table 1, the most prevalent symptom in the stroke patients was peripheral weakness and
dysarthria. In the stroke mimic patients, the most commonly reported symptoms were dizziness and headache, which were also common in the stroke group.
CT Findings
Computed tomography scans were ordered for all of
the patients with clinical suspicion of acute stroke,
and for 72% (52 of 72) of the migraine patients and
44% (28 of 63) of the syncope patients, as part of the
clinical evaluations conducted by the EPs. The mean
length of time from the onset of stroke symptoms to
ED presentation and CT scan varied greatly. Time
was divided into ≤8 hours, >8 hours, and unknown.
Table 2 shows the distribution of time from onset of
symptoms to ED for all groups. The CT+ stroke group
and the stroke mimics were distributed similarly; however, the CT–/MRI+ stroke group were more likely to
have been seen earlier, with 60% in 8 hours or
sooner. Because these were all ischemic strokes, it
may suggest the initial CT– ﬁndings, since such
strokes are known to be CT– in the early stages. The
range reported was from <2 to >72 hours. The mean
length of time between the CT scan and the EEG data
acquisition was 4.1 hours (with CT coming second in
most cases).
Classiﬁcation Using the SBII
The mean (SD) length of time between admittance to
the ED and the EEG data acquisition was 3.48 (4.1)
hours, with 95.7% occurring in less than 8 hours and all
in less than 24 hours. The contingency table for performance and the accuracy of classiﬁcation as CT+ for the
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Table 1
Most Common Presenting Symptoms for Patients in the Stroke and Mimic Groups, Given as Percentage of the Group Who
Reported the Symptom
Symptom
Peripheral weakness
Ataxia
Dizziness
Facial droop
Headache
Dysarthria
Nausea/vomiting
Numbness
Photophobia
Disorientation/confusion

% Stroke CT+ (n/33)
48.5
9.1
27.3
24.2
27.3
42.4
18.2
15.2
3.0
12.1

(16/33)
(3/33)
(12/33)
(13/33)
(12/33)
(17/33)
(7/33)
(7/33)
(1/33)
(5/33)

% Stroke CT–/MRI+ (n/15)
60.0
0.0
20.0
26.7
13.3
20.0
6.7
13.3
0
6.7

% Mimic (n/135)

(9/15)
(0/15)
(3/15)
(4/15)
(2/15)
(3/15)
(1/15)
(2/15)
(0/15)
(1/15)

3.0
3.0
34.8
2.2
58.5
2.2
23.0
3.7
8.9
3.0

(4/135)
(4/135)
(47/135)
(3/135)
(79/135)
(3/135)
(31/135)
(5/135)
(12/135)
(4/135)

A patient may have reported multiple symptoms.
CT+ = stroke patients who were CT+ on initial evaluation; CT–/MRI+ = patients whose initial acute CT results were negative but
who underwent subsequent MRI scans because of continued clinical concerns and the MRIs confirmed stroke.
CT = computed tomography; MRI = magnetic resonance imaging.

Table 2
Estimated Time From Onset of Symptoms to ED Evaluation by Group, Shown as Percentage of the Group
Time From Onset of Symptoms
≤8 Hours
>8 Hours
Unknown

% Stroke CT+ (n/33)

% Stroke CT–/MRI+ (n/15)

% Stroke Mimic (n/135)

33.3 (11/33)
48.5 (16/33)
18.2 (6/33)

60.0 (9/15)
26.7 (4/15)
13.3 (2/15)

34.8 (47/135)
42.2 (57/135)
23.0 (31/135)

CT+ = stroke patients who were CT+ on initial evaluation; CT–/MRI+ = patients whose initial acute CT results were negative but
who underwent subsequent MRI scans because of continued clinical concerns and the MRIs confirmed stroke.
CT = computed tomography; MRI = magnetic resonance imaging.

stroke population is shown in the upper panel of
Table 3. The bottom panel of Table 3 shows sensitivity
separately for each of the stroke groups. Sensitivity was
found to be 91.7% (95% conﬁdence interval [CI] = 80.5%
to 96.7%) in the stroke group, with accuracy in identiﬁcation of both ischemic (all) and hemorrhagic stroke
being >90%. In terms of all ischemic strokes, the sensitivity to those that were CT+ upon initial evaluation was
100% (16/16); the sensitivity to those ischemic strokes
that were CT– but MRI+ was also high, at 80% (12/15).
Speciﬁcity was calculated for the stroke mimic controls
and was found to be 50.4% (95% CI = 43.0% to 58.7%),
with accuracy in identiﬁcation of migraine as CT– being
higher than that for syncope (55.6% and 44.4%, respectively). NPV was 94.4% (95% CI = 85.7% to 98.2%), and
PPV was 39.6 (95% CI = 30.6% to 49.4%).

Table 3
Classification Results for the Structural Brain Injury Index Are
Shown in the Top Panel as a Function of Clinical Diagnosis
(Sensitivity/Specificity) and by Type of Stroke in the Bottom Panel

Location of Strokes. The regions in which the strokes
were located were widespread and included strokes in
the pons; basal ganglia; thalamus; cerebellum; frontal,
central, and parietal cortex; and ventricles. Table 4
shows the locations of all strokes correctly identiﬁed
using the classiﬁer, as the percentage by group. It is
noted that the three ischemic strokes missed (false negatives) were in the cerebellum, pons, and central
regions, and the hemorrhagic case missed was in the
thalamus. While the locations of false-negative cases
include those most remote from the recording electrodes, other cases in these same regions were correctly
identiﬁed.

The bottom panel shows sensitivity divided by the type of
stroke.
ISC CT+ = ischemic stroke patients who were CT+ on initial
evaluation; ISC CT–/MRI+ = patients whose initial acute CT
results were negative but who underwent subsequent MRI
scans because of continued clinical concerns, and the MRIs
confirmed stroke.

Classification Result

Clinical diagnosis
Stroke confirmed
Stroke mimics
Type of stroke
Ischemic (All)
ISC (CT+)
ISC (CT–/MRI+)
Hemorrhagic
Total (all strokes)

N

Stroke

“Not” Stroke

48
135

91.7% (44/48)
49.6% (67/135)

8.3% (4/48)
50.4% (68/135)

31
16
15
17
48

Sensitivity (%)
90.3
100.0
80.0
94.1
91.7

DISCUSSION
An algorithm based on brain electrical activity derived
from an independent population (TBI patients) to detect
structural brain injury appears to be a sensitive indicator of the presence of stroke in ED patients. In addition
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Table 4
Stoke Locations Summarized by Percentage of the Group for Those Cases That Were Correctly Called Stroke by the Classifier Function in Each Location
Location
Basal ganglia
Central
Cerebellum
Frontal (F)/F-Temporal/F-Parietal
Parietal/occipital
Pons
Thalamus
Other
Unknown

% HEM (n/17)
11.8
0.0
0.0
29.4
23.5
0.0
17.6
11.8
5.9

(2/17)
(0/17)
(0/17)
(5/17)
(4/17)
(0/17)
(3/17)
(2/17)
(1/17)

% ISC CT+ (n/16)
18.8
6.3
0.0
12.5
12.5
12.5
18.8
6.3
12.5

(3/16)
(1/16)
(0/16)
(2/16)
(2/16)
(2/16)
(3/16)
(1/16)
(2/16)

% ISC CT–/MRI+ (n/15)
13.3
13.3
13.3
6.7
0.0
20.0
6.7
26.7
0.0

(2/15)
(2/15)
(2/15)
(1/15)
(0/15)
(3/15)
(1/15)
(4/15)
(0/15)

HEM = hemorrhagic stroke; ISC CT+ = ischemic stroke patients who were CT+ on initial evaluation; ISC CT–/MRI+ = patients
whose initial acute CT results were negative but who underwent subsequent MRI scans because of continued clinical concerns,
and the MRIs confirmed stroke.

to high sensitivity (91.7%), an NPV of 94.4% was found.
Considering the high risk of false negatives in this population, the very high NPV supports potential clinical
utility. This ﬁnding held for both ischemic and hemorrhagic strokes and for those whose acute stage CT
scans were negative but subsequent MRIs were positive. The high level of sensitivity is accompanied by
speciﬁcity of 50.4%. Speciﬁcity should be considered in
the context of the fact that 75% of the migraine controls
were scanned by standard clinical practice. These data
suggest that an index based on quantitative features of
brain electrical activity performs with high accuracy in
the identiﬁcation of primary vascular mediated brain
injury due to ischemia or cerebral hemorrhage.
The performance of the index in the subpopulation of
acute stroke patients whose CT scans in the ED were
considered normal, but later MRIs conﬁrmed the stroke
diagnosis, is important to consider. This group was correctly identiﬁed 80% of the time by the structural injury
classiﬁcation algorithm. Changes in brain electrical
activity result from disruptions in normal neuronal function and interactions among brain regions. It has been
reported in the literature that ischemic strokes are often
CT– within the ﬁrst 24 hours.1 The fact that the CT–/
MRI+ group studied had the highest percentage (60%)
of cases seen ≤8 hours suggests that the negative CT
ﬁnding was not unexpected. However, the algorithm
used in this study correctly identiﬁed 80% of these cases
as positive at the time the CT was negative. Although
limited by the small number of patients, these data support the idea that such disturbances can precede evidence of structural injury and may explain why CT and
MRI ﬁndings are less than perfect when obtained in the
acute phase after brain insult.14,15
This SBII, based on brain electrical activity recorded
from a limited montage of ﬁve leads over the frontopolar, midline frontal, and fronto-temporal regions, was
sensitive to stroke that was often localized in other cortical regions, including those remote to these electrode
sites (e.g., parietal cortex) and those deep in the brain
(e.g., pons, basal ganglia, and cerebellum). Although the
false-negative cases were from the more remote
regions, true positives were also located in these remote
regions, suggesting that the frontal recording montage

is not a limiting factor. Recent neuroimaging studies of
stroke patients have focused on neural networks across
brain regions and how these are affected by localized
strokes. In one such paper it was concluded that network disturbances after stroke occur not only in the
localized region of the stroke, but also extend to remote
regions over both the affected and the unaffected cerebral hemispheres.16 The increased susceptibility of the
frontal regions to damage after closed head injury most
likely results from direct contusions to this region and
the disruption of the extensive connections between this
region and other cortical regions.17 Similarly, the sensitivity of TBI algorithm to stroke may also result from
disruptions of the neuronal pathway connections
between the frontal region and those regions of structurally damaged brain. These changes in brain electrical
conduction and activity, which manifest as signs and
symptoms of stroke, are amenable to measurement and
analysis by this technology.
Stroke is a time-critical diagnosis. Stroke carries
some of the same time concerns as ST-segment elevation myocardial infarction (STEMI) for interventions
that can lessen long-term disability. In STEMI diagnosis,
based on symptoms and/or risk factors, patients can be
screened with a 12-lead electrocardiogram that can then
result in correct identiﬁcation and direction of patients
to the catheterization laboratory for earlier angioplasty
and revascularization. A similar rapid, noninvasive test
to screen for acute stroke is lacking. Such a tool, with
appropriate sensitivity and speciﬁcity, might in the
future be deployed to help identify patients suffering
from stroke so they can be directed to stroke centers
primarily for treatment and to help guide therapy for
earlier intervention.
LIMITATIONS
Based on these results, more work is warranted on a
larger population of patients presenting with signs and
symptoms consistent with acute stroke. Such future
study would be aimed at deriving an optimized brain
electrical activity algorithm based on stroke cases, likely
to result in improved performance and higher speciﬁcity values, which would further improve clinical utility.
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Many patients in this population may have suffered
prior diagnosed or unrecognized transient ischemic
attacks or strokes, leaving them with abnormal new
baseline EEGs. The ability of the classiﬁcation algorithm
to distinguish acute versus old strokes will be important
if used for triage and treatment decisions. Hence, a control group of patients with prior strokes but no new
acute symptoms will be needed.
The decision to use the CT readings of the local site
radiologist or neuroradiologists, rather than an independent adjudication panel, was based on the desire to
best reﬂect the current clinical care and was considered
to be a conservative approach (as it adds variance);
however, in future studies independent neuroradiologist
adjudication might be considered. Another concern is
that this population likely also includes many patients
taking neuroactive pharmaceuticals that could alter the
EEG. Further study of these populations is needed. In
addition, sensitivity and speciﬁcity will both need to be
proven sufﬁciently high to help direct treatment decisions potentially in advance of, or in the absence of,
imaging. CT scans are commonly available in most EDs.
MRI is much more time-consuming and much less available rapidly at many EDs where patients will present.
CONCLUSIONS
The ability of an index derived from quantitative brain
electrical activity to assist in the triage of stroke patients
and to help to identify computed tomography–normal
patients who are having ischemic brain events may
decrease the time for making important treatment
decisions. Despite a small population and the use of a
classiﬁer without the beneﬁt of training on a stroke population, these ﬁndings suggest that a rapidly acquired,
easy-to-use system to assess brain electrical activity at
the time of evaluation of acute stroke has the potential to
be a valuable adjunct to current clinical practice.
The authors acknowledge the contributions of those who made this
research possible, including the primary investigators and research
technicians at all the clinical sites and the patients who volunteered. This research was supported in part by BrainScope Co.,
Inc., Bethesda, MD, who granted expenses related to data acquisition.
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Use of Brain Electrical Activity for the Identification
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Abstract

This study investigates the potential clinical utility in the emergency department (ED) of an index of brain electrical
activity to identify intracranial hematomas. The relationship between this index and depth, size, and type of hematoma was
explored. Ten minutes of brain electrical activity was recorded from a limited montage in 38 adult patients with traumatic
hematomas (CT scan positive) and 38 mild head injured controls (CT scan negative) in the ED. The volume of blood and
distance from recording electrodes were measured by blinded independent experts. Brain electrical activity data were
submitted to a classification algorithm independently developed traumatic brain injury (TBI) index to identify the
probability of a CT + traumatic event. There was no significant relationship between the TBI-Index and type of hematoma,
or distance of the bleed from recording sites. A significant correlation was found between TBI-Index and blood volume.
The sensitivity to hematomas was 100%, positive predictive value was 74.5%, and positive likelihood ratio was 2.92. The
TBI-Index, derived from brain electrical activity, demonstrates high accuracy for identification of traumatic hematomas.
Further, this was not influenced by distance of the bleed from the recording electrodes, blood volume, or type of
hematoma. Distance and volume limitations noted with other methods, (such as that based on near-infrared spectroscopy)
were not found, thus suggesting the TBI-Index to be a potentially important adjunct to acute assessment of head injury.
Because of the life-threatening risk of undetected hematomas (false negatives), specificity was permitted to be lower, 66%,
in exchange for extremely high sensitivity.
Key words: hematoma; mild traumatic brain injury; neuroimaging; quantitative EEG

Introduction

P

atients presenting to the emergency department (ED) with
mild traumatic brain injury (mTBI) resulting in intracranial
hematoma must have a rapid diagnosis to prevent significant morbidity and mortality that can occur in the presence of rapidly expanding intracranial hematomas. The current ‘‘gold standard’’ for
initial assessment and triage is non-contrast computed tomography
(CT) scan, performed as soon as possible after injury. The use of CT
is not always possible. Limited access to CT, situations necessitating
rapid triage, concurrent severe multisystem injury, patient tracking to
determine the need for repeated CTs, or even on-scene scans (such as
sporting events or military settings) are all areas where a need exists
to rapidly identify intracranial bleeds.

Prichep and colleagues1 described the development of the TBIIndex, which was based on brain electrical activity recorded from a
limited forehead montage using a handheld device. This index
demonstrated high sensitivity and specificity in the identification of
mTBI. Using this index on ED patients with mTBI with CT findings, it was found that CT positive patients (CT + ) could be discriminated from normal ED controls and from CT negative patients
with mTBI (CT-), with high sensitivity, specificity, and negative
predictive validity (NPV, percentage of CT- patients correctly
identified as having a negative diagnosis).2,3 Comparing the accuracy of detection of CT + injuries using the TBI-Index and the New
Orleans Criteria (NOC, guidelines for referral for CT in the ED),
O’Neil and colleagues3 reported that the specificity of the TBIIndex was more than double that of the NOC in the same patients,
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thus potentially reducing the need to refer for CT scans in those who
were, in fact, found to be CT-.
A number of recent publications have evaluated the use of nearinfrared spectroscopy (NIS) to assess the presence of a cerebral
hematoma in patients who present with mTBI. Such studies reveal
limitations of the efficacy of those assessments including hematoma type, location, and depth.4–7 These limitations greatly restrict
the clinical utility of the reported results.
The present study was designed to investigate the potential
clinical utility of the TBI-Index of brain function in the ED to
identify the presence of various types of intracranial hematomas. In
addition, the relationships between the TBI-Index and the depth
and size of intracranial hematomas were explored.
Methods
Patient population
The study population consisted of a retrospective sample of 274
ED patients who presented with head injury and received CT scans.
Patients were enrolled in the ED at one of the ten sites of the study
(the majority from Washington University, Barnes Jewish Hospital,
Bellevue Hospital Center, and William Beaumont Royal Oak Hospital), after a closed head injury and meeting the inclusion/exclusion
criteria described below. From this, a convenience sample of 38
patients were found to have an intracranial hematoma based on CT
scans obtained after ED admission. A control group of 38 patients
with mTBI whose subsequent CT findings were negative was matched to the hematoma group for sex and age and was selected from
the same above sample of 274 ED head-injured patients.
All sites received approval from their respective Human Subjects Research Committees. Written informed consent was obtained before testing of all subjects. Assessment of the capacity of
the subject to give informed consent was performed using the
Conley criteria.8 mTBI was defined using the American Congress
of Rehabilitation criteria, meeting one of the following: (1) any
period of loss of consciousness (LOC) < 30 min and Glasgow
Coma Scale (GCS) score of 13–15 after LOC; (2) any loss of
memory for the event immediately before or after the injury, with
post-traumatic amnesia less than 24 h; (3) any alteration in mental
state at the time of the event, such as being dazed, disoriented, or
confused. From this sample 38 patients were confirmed to have
intracranial bleeding based on blinded, adjudicated assessment of
ED CT scans.
Inclusion/exclusion criteria
Male and female patients between the ages of 18 and 86 years of
age who presented to the ED after a closed head injury and met the
above mTBI definition were eligible for inclusion. Patient enrollment
occurred during all periods when the research assistants were available and were not selected by referral from treating physicians. Only
those patients who had a CT scan of the head ordered as part of their
clinical evaluation were included in this mTBI sample. Patients were
excluded if clinical conditions would not allow placement of the
electrodes, or if they were obtunded from intoxication to the point at
which they could not provide informed consent. In addition, patients
with known psychiatric disorders, including chronic drug or alcohol
abuse disorders, chronic seizure history, mental retardation, or who
were currently taking prophylactic CNS active medication for a
chronic psychiatric condition, were not eligible for the study. If the
head injury occurred after a seizure, the patient was not a candidate
for this study.
Electroencephalographic (EEG) recording was made before
discharge home and as early as practically possible in the workup of
the patient that would not hinder the care of the patient, with the
vast majority ( > 85%) tested within 24 h.
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CT scans
All CT-scans were initially reviewed by the radiologists/neuroradiologists at each local site of the study. All scans were performed within 20 h of the EEG data acquisition, with a mean of
8.8 h (80% were £ 12 h, and were in the time frame of the standard
of care practiced at the ED site of acquisition). There was no significant difference in mean times between the CT + or CT- populations (t = - 0.535 p = 0.293) evaluations. All measurements of
intracranial hematomas were calculated by two independent neuroradiologically trained technician readers (AM and TM), blinded
to the EEG results. The results were reviewed for congruence, and
all discrepancies, as well as a random sample of 20%, were adjudicated by a third physician reader (DH).
Each hematoma was classified in terms of the lobe or lobes of the
brain compromised (frontal, parietal, temporal, or occipital), the
hemisphere of the brain region affected (left or right), by hematoma
type (epidural [EPH]; subdural [SDH]; or intracerebral [ICH]), and
whether or not a subarachnoid hemorrhage (SAH) was also present.
Quantitative measurements of the volume of blood within the
hematoma were performed with operator-defined region of interest
segmentation using Osirix9 (Fig. 1). To account for multiple hematomas, a single volume was attributed to each unique bleeding
location. For blood spanning multiple lobes but the result of a single
bleeding event, a single volume was placed under the lobe corresponding to the epicenter of the bleed (i.e., a left hemispheric SDH
concentrated in the parietal lobe was measured across all lobes with
one volume marked under P SDH). It is important to note that SAHs
were not assigned a volume.
A quantitative measure of the distance of the bleeding event
from the location of the EEG electrodes (midpoint between FP1 and
FP2) was performed. Two linear measurements (mm) were performed for each unique bleeding event. The first measurement
corresponded to the shortest distance from the bleeding location to
the skull surface location of the BrainScope sensor, FP1 or FP2,
depending on the cerebral hemisphere containing the hematoma.
The second measurement corresponded to the distance from the
same sensor used in the first linear measurement to the epicenter of
the bleed. In some cases, the shortest distance to a bleed needed
measurement to one lobe while the epicenter was located in a
different lobe. SAHs were not measured for linear distances.
Electrophysiological evaluation
All subjects underwent 10 minutes of eyes closed resting EEG
recording acquired on a handheld device. The EEG recordings were
made from frontal electrode sites of the international 10/20 system
using self-adhesive electrodes pasted on the forehead and referenced to linked ears. The frontal electrode sites included FP1, FP2,
AFz (located just anterior to Fz on the forehead, below the hairline),
F7, and F8. All electrode impedances were below 10 kO. Amplifiers had a bandpass from 0.5 to 70 Hz (3 dB points). Electrode
placement in all cases was completed in less than 5 minutes. The
EEG data were subjected to artifact rejection to remove any biologic and non-biologic contamination, such as that from eye
movement or muscle movement. Previous experience has demonstrated that sufficient artifact-free data (60–120 sec) can be obtained from this 10-minute recording (85% in less than 5 minutes).
Quantitative analysis of brain electrical activity
The artifact-free EEG data were then submitted for quantitative
analyses off-line to calculate an independently developed quantitative
EEG (QEEG) quadratic discriminant function, which was derived to
maximally separate a normal ED control population (n = 255) from
patients who had a TBI/concussion (TBI; n = 358). This discriminant
function had high sensitivity and specificity for distinguishing patients
with structural brain damage (CT + ) from those with concussions or
those with normal brain function (ED controls).2
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This binary discriminant classification algorithm was constructed using iterative methods and cross-validation (leave-oneout and 10-fold)10 based on features extracted from all patients in
the algorithm development database. The algorithm consists of a
weighted combination of selected linear and nonlinear features of
brain electrical activity, which mathematically describe the profile
of TBI as distinguished from normal brain activity or brain activity
compromised by concussion. The result is expressed as a discriminant score or index (TBI-Index) used to classify the patient as
most probably belonging to the CT + population based on a
threshold determined on the receiver operator curve of the discriminant function. Based on this threshold, this algorithm has been
demonstrated to have a sensitivity of 95% and NPV of 98%.1
This Index was calculated off-line for each subject in the study,
blinded to any information about the clinical status of the patient. It
is important to point out that patient age was taken into account
before calculation of the TBI-Index because all EEG features were
age-regressed before inclusion in discriminant analyses.11
Results
The 38 hematoma patients were age and sex matched (27 males
and 11 females) with 38 ED control patients with mTBI whose CT
scans were negative. The mean age for the hematoma group was
55.1 years (18.19–86.8), and the mean age for the CT- controls was
53.2 years (18.16–79.74). There was no significant difference for
age between the two groups (t = –1.43, p = 0.33). All cases were
scored using the Marshall Score grading the severity of the
CT + finding. Thirty-two cases were Marshall Score 2, 2 were 3, 1
was 4, and 3 were 5. CT- controls had Marshall Scores of 1. With
respect to the American Congress of Rehabilitation criteria for
mTBI, there were no significant differences between CT + and CTsubjects for presence of amnesia (chi-square 1.134, p = 0.2869),
altered mental status (chi-square 1.545, p = 0.2139), or GCS (chisquare 3.504, p = 0.0612), but significantly more of the CT + group
reported brief LOC (chi-square 12.336, p = 0.0004).
Neuroradiological findings

FIG. 1. (A) Distance from Fp1 sensor to leading edge and
middle of lesion was calculated using the formula c2 = a2 + b2
where a = the number of slices above Fp1 multiplyed by the slice
thickness and b = distance from translocated Fp1 location on the
appropriate slice with the lesion. The equation was then solved for
the direct distance from Fp1 to either the leading edge or the
epicenter of the lesion. (B) Representation of the perimeter of a
subdural (red) or intracranial hematoma (pink). The volume was
calculated by multiplying the area of each region of interest by the
slice thickness.

For the 38 hematoma patients the locations of the hematomas are
shown in Table 1 below. Among these there were: 6 epidural hematomas (EDH), one of which was accompanied by a SAH; 14
subdural hematomas (SDH), 9 of which also had a SAH; and 19
intracranial hematomas (ICH), 13 of which also had a SAH, and 6
who also had a SDH. Hematomas in all regions of interest (frontal,
parietal, occipital and temporal) were represented in this sample
and both hemispheres were represented.
Table 2 gives the volume of blood measured both for the largest
volume within a single region and for the total volume across regions. The average amount of measured bleeding was 12.14 mL
(standard deviation [SD] = 16.41), with the largest volume summed
across regions equal to 13.76 mL (SD = 18.48) and the range of
blood detected 0.13–59.51 mL. The smallest blood volumes measured were those confined to a single 2–5 mm CT slice. There were
no significant differences found between the type of hematoma and
the volume of blood, with mean values of 4.5 mL for EDH, 18.3 mL
for SDH, and 12.9 mL for ICH (sum: F = 1.2, p = 0.3, single largest
region: F = 1.6, p = 0.2).
Also shown in Table 2 is the distance from the frontal electrode
sites where the brain electrical activity was measured to the closest
presence of blood and also to the epicenter of that bleed. The mean
distance from the recording electrodes to the closest blood measured was 55.16 mm (SD = 32.37) and to the epicenter of the bleed
was 78.45 mm (SD = 40.35), with a range of 4.88–160.51 mm.
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Table 1. Age, Sex, Location, and Type
of Hematoma by Region and Hemisphere

Table 1. (Continued)
Region/type

Region/type
Subject Age Sex
1

Frontal

75.4 M

2

25.1 M

3
4

47.0 M
60.6 M

5

71.3 M

6

48.3 M

7

48.3 M

8
9

33.2 M
53.8 M

10

34.0 M

11
12

24.5 F
67.0 M

13
14

23.5 M
73.9 M

15
16

64.1 F
66.7 M

17
18
19
20

27.0
77.3
61.5
84.8

21
22

76.1 F
72.6 F

23
24
25
26

86.8
21.9
58.2
84.8

27
28

30.0 M
59.4 F

29
30
31

61.8 M
69.4 F
59.6 F

32

49.3 F

33

39.8 M

34

18.2 M

35

46.3 M

F
F
M
M

M
M
F
M

Occipital Temporal

R-SDHa
R-SAH
R-ICH
R-SAH

R-SDH
R-SAH

L-SAH

R-SDHa

R-SAH

R-SDHa
R-EDH

R-SDHa

R-SAH
R-SDH
R-SAH

R-SDH

L-SDH*

L-SDH

a

L-EDHa
L-SDH

L-SAH
R-ICH*
R-SDH*
L-SDHa
L-SAH
L-EDH
R-SAH
R-ICH*

L-SAH
L-ICH
R-SAH
R-SAH
R-SDH
R-SAH
R-EDHa
R-SDH
R-SAH
R-ICHa

R-SDHa

R-EDH

L-EDH
L-SDH*

75.2 M
42.2 M

38

75.4 M

Frontal
L-EDH*
L-SDHa
L-ICH
L-SDH
L-SAH

Parietal

Occipital Temporal

R-SAH
L-SDHa

L-SDH

a

Correponds to the largest volume of blood.
R, right; SDH, subdural hematoma; SAH, subarachnoid hemorrhage;
ICH, intracerebral hematoma; L, left; EDH, epidural hematoma.

There was a significant difference found between type of hematoma
and distance to the epicenter of the bleed with 86.6 mm for EDH,
94.8 mm for SDH, and 61.2 mm for ICH (F = 3.3, p = 0.04).
TBI-Index

L-SDHa
L-SAH
L-ICH
R-SDH
R-SDH*
R-SDH
R-SAH
R-ICH
L-SDH
L-SDHa
L-SAH
L-ICH

36
37

a

L-SDH
L-SAH
L-ICHa
L-SAH
L-ICHa

LR-SDHa
LR-SAH
L-SDH
R-ICH*
L-SDH*
L-ICHa

R-SAH

R-SDH
R-ICH
R-SDH
R-SAH

L-ICH*
L-SDH
L-SAH

LR-SAH
L-ICH*
R-ICHa
R-SDH
R-SAH

Subject Age Sex

Parietal

L-SDH
L-SAH
L-EDHa

L-SDHa
L-SAH

L-SDH
R-ICHa
L-EDHa
R-ICH

LR-SAH
R-SDH
L-SDH

R-SDH
L-SDH

L-SAH
L-ICH

L-SAH
L-ICHa

R-SDHa
R-ICH

L-SDH*
(continued)

The TBI-Index is based on a binary discriminant function with a
threshold above which a CT + finding is predicted (see details of the
Index elsewhere1). Table 3 shows the contingency table for the
accuracy of the TBI-Index for discriminating the hematoma patients from the mTBI CT- patients.
Based on the application of the TBI-Index to the hematoma and
mTBI CT- control cases in this study, sensitivity to hematomas was
100%, specificity was 66%, positive predictive value (PPV) was
74.5%, and positive likelihood ratio (PLR) was 2.92. With sensitivity
of 100%, NPV was 100% and negative likelihood ratio (NLR) was 0.
Although the TBI-Index is a binary classifier and, in this sample,
all hematoma cases were correctly identified as being CT + , it is of
interest to look at the correlation with the individually obtained
discriminant scores and the volume and distance measures made. A
significant correlation between the TBI-Index and the volume of
blood present was found for the largest single region (r = .36;
p = 0.028) and for the sum or total volume across regions (r = 0.38,
p = 0.019). There were no significant differences found between the
TBI-Index and the shortest distance to the bleed (r = - 0.13,
p = 0.432) or to the epicenter of the bleed (r = .03; p = 0.854). The
TBI-Index did not vary as a function of hematoma type with the
average discriminant score for SDH = 84.2 (SD = 21.4), ICH = 79.9
(SD = 24.9), and EDH = 62.6 (SD = 35.7). The mean discriminant
score for the mTBI CT- control group was 16.7.
Of most importance is the finding that the TBI-Index was equally
sensitive for indicating abnormal function for EPH, SDH, and ICH,
was not influenced by the distance of the hematoma from the recording electrodes, and was not influenced by the presence or absence of a co-occurring SAH.
Discussion
The results of the present study continue to support the hypothesis that the TBI-Index of brain function/dysfunction can be
used to correctly identify in the ED mTBI patients with intracranial
hematoma seen on CT scan. While this tool is not a substitute for a
CT scan, the data suggest the clinical utility of the tool as an adjunct
to clinical practice currently used for triage of patients with mTBI
or in those situations where CT scans are not readily available.
Importantly, sensitivity to mass lesions in the clinically critical
epidural, subdural, and cerebral hemisphere compartments is
demonstrated.
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Table 2. Blood Volume by Largest within a Single Region
and Summed Across all Regions, and Distance from the
Frontal Electrodes Used in Recording, Both the Shortest
Distance to the Edge of Bleed and the Distance
to the Epicenter, Are Shown for Each Subject
Volume (mL)
Subject
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
Mean
SD

Distance (mm)

Largesta

Sum

Shortest

Epicenter

31.02
2.23
2.86
8.34
9.23
1.88
6.07
4.52
1.41
0.4
3.07
19.89
4.95
40.31
0.15
0.13
12.93
3.34
0.41
59.51
48.54
7.39
4.83
2.56
37.08
4.19
0.73
9.34
0.51
9.54
40.51
42.04
0.25
0.62
2.98
0.54
2.92
34.12
12.14
16.41

37.13
2.23
2.86
19.05
9.23
3.59
7.3
4.52
2.07
0.4
5.59
19.89
4.95
40.31
0.15
0.17
12.93
3.34
0.41
59.99
48.54
8.1
4.83
2.56
37.08
4.19
0.73
10.83
0.51
9.54
40.51
63.73
0.25
0.76
2.98
0.54
3.44
47.65
13.76
18.48

84.32
50.32
29.89
17.28
74.33
26.25
19.71
24.93
62.48
25.84
64.75
26.42
53.85
54.97
85.72
64.13
72.42
85.66
65.12
59.49
22
15.88
70.17
62.25
21.9
160.51
101.14
47.03
109.26
31.88
18.06
4.88
42.84
88.48
68.13
63.84
17.82
26.25
53.16
32.37

89.52
57.05
49.48
21.41
99.52
32.29
20.18
32.4
71.8
30.66
74.96
149.25
67.23
174.62
90.41
65.5
98.84
103.8
84.9
63.66
132.36
16.41
95
105.83
67.11
182.03
120.05
67.93
119.8
68.74
84.73
38.11
45.14
105.48
87.28
79.97
23.01
64.76
78.45
40.35

a
Column showing largest volume corresponds to the region indicated by
‘‘a’’ in Table 1, for the location of the largest volume.
SD, standard deviation.

Although not quantified, the algorithm also appears sensitive to
SAH. Because emergency treatments exist for each of these locations, the potential to add clinically directive value to emergent care
by sensitive screening for all types of brain bleeding and promoting
rapid definitive diagnosis with CT appears promising.
The variables that contributed most to the classification algorithm included monopolar and bipolar scale-free features for the
total spectrum that evaluates the global complexity of the brain
electrical activity, especially in the theta frequency band; monopolar and bipolar power shifts, especially in theta; disturbances in
coherence relationships between regions, especially in high frequencies (alpha2, gamma); shifts in phase synchrony, especially in
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Table 3. Contingency Table for the Accuracy
of Traumatic Brain injury-Index Applied
to the Hematoma Data
CT results
TBI-Index
Positive
Negative

CT +

CT -

38
0

13
25

CT, computed tomography.

high frequencies, and fractal features. The fact that all subjects in
this study were classified as abnormal on this discriminant suggests
that these features are useful in describing the changes in brain
electrical activity seen in this subpopulation.
Further, the TBI-Index score varied as a function of the size of the
bleed with larger scores for larger volumes. Thus, this technique may
also prove useful for following patients with documented intracranial
hematoma for expansion of lesions when expectant observation is
being performed in lieu of surgery or for patients with EPH during a
lucid interval. It may prove capable of defining interval change in
bleeding mass and therefore be useful in determining if repeated CT
is advised. The fact that the EEG analyzed within this study was
collected from an easily applied frontal montage of recording electrodes using a handheld device increases its clinical utility for environments that would not be suitable for conventional EEG
collection.
The Food and Drug Administration (FDA) recently issued approval of a handheld near-infrared brain hematoma detection device. In the application for this device, clinical data were reported
showing a sensitivity of 74.6% for the detection of ICH greater than
3.5 mL and less than 2.5 cm from the brain surface. Specificity was
81.6% for no hematoma or hematoma less than 3.5 mL and greater
than 2.5 cm from the brain surface. These limitations for size and
location were stipulated in the FDA cleared Indications for
Use,12,13 potentially reduce NIS clinical utility. In contrast, correct
identification of mTBI hematoma using the TBI-Index was independent of lobar location as defined by measuring the distance from
the forehead recording electrodes to the site of the bleed, with
bleeds in the frontal, parietal, occipital, and temporal regions all
being correctly identified. More specifically, the majority of the
hematomas were located farther from the brain surface, with
smaller volumes than the limitations that apply to the Infrascan,
with 29 of the 38 (based on shortest distance) and 34 of the 38
(based on distance to epicenter) located greater than 2.5 cm from
the recording electrodes and 18 of the 38 (based on largest volume)
and 16 of the 38 (based on total volume) with volumes less than
3.5 mL.
Strong evidence was presented that the TBI-Index was not
influenced by the distance of the bleed from the EEG recording
electrodes. It was also sensitive to a wide and clinically important
range of bleed volumes. Thus, this radiographic evaluation of bleed
type and location is consistent with the hypothesis that the TBIIndex algorithm can identify all types of intracranial bleeding.
Although this data set is small, it did not demonstrate the distance
related limitation of detection sensitivity noted above with methods
based on NIS.
There are several limitations to the above study. The number of
hematoma patients was small, especially when one attempts to look
at results across regions of the brain impacted by the hematoma.
The number of EPH in the present study was limited in respect to
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those with SDH and ICH. Many subjects had multiple locations for
their hematomas. The lack of a ‘‘gold standard’’ for the CT- group
is another weakness. It is noted that the stratification of risk was
heavily on the side of correct detection of hematomas, resulting in a
lower than otherwise specificity in CT- brain-injured patients.
While the CT + and CT- controls were well matched (age, sex, and
symptoms of mTBI), there was a higher incidence of reported brief
LOC at the time of the injury in the CT + group, suggesting that the
inclusion of a CT- control group matched for LOC might be important to explore.
The high mean age of our patient samples (55 years) appeared to
be a function of our clinical criteria that selected a moderately
severe injury with a range of brain bleedings in still conscious
(GCS > 8) subjects. Because this sample was taken from a set of 10
EDs, it was believed to be representative of ED populations, and
together with the use of age regression of all EEG features, believed
to be generalizable across the adult age range. Another concern
about generalizability relates to exclusion criteria. These criteria,
however, were necessarily applied to minimize problems of informed consent. While obtunded subjects were not candidates for
this study, the presence of drugs and/or alcohol per se was not a
criterion for exclusion, and such subjects were not found to perform
differently on the algorithm. Future studies may more fully examine the effects of higher levels of alcohol and drugs and the
presence of known substance dependence disorders on the performance of the TBI-Index.
Conclusions
EEG based measures of brain function/dysfunction may provide
information suggesting the presence of an ICH in patients with
mTBI presenting to the ED. While such a tool is not meant to
replace a CT scan, it offers a possible alternative to be used in triage
situations or in situations where no CT scan is available. For example, it could be implemented while transporting a patient from an
accident scene to a hospital where more extensive testing would be
available. The present results suggest that this technology is sensitive to the presence of EDH, SDH, and ICH and is not restricted to
large hematomas only and not restricted by the distance of the
hematoma from EEG recording electrodes. Future studies should
examine: a greater number of CT + subjects, the effects of chronic
drug and alcohol disorders on sensitivity and specificity levels, as
well as to study serial TBI-Index recordings after hematoma to
document future increased bleeding events.
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Introduction: The incidence of emergency department (ED) visits for Traumatic Brain Injury (TBI)
in the United States exceeds 1,000,000 cases/year with the vast majority classified as mild (mTBI).
Using existing computed tomography (CT) decision rules for selecting patients to be referred for CT,
such as the New Orleans Criteria (NOC), approximately 70% of those scanned are found to have
a negative CT. This study investigates the use of quantified brain electrical activity to assess its
possible role in the initial screening of ED mTBI patients as compared to NOC.
Methods: We studied 119 patients who reported to the ED with mTBI and received a CT. Using a
hand-held electroencephalogram (EEG) acquisition device, we collected data from frontal leads
to determine the likelihood of a positive CT. The brain electrical activity was processed off-line to
generate an index (TBI-Index, biomarker). This index was previously derived using an independent
population, and the value found to be sensitive for significant brain dysfunction in TBI patients. We
compared this performance of the TBI-Index to the NOC for accuracy in prediction of positive CT
findings.
Results: Both the brain electrical activity TBI-Index and the NOC had sensitivities, at 94.7% and
92.1% respectively. The specificity of the TBI-Index was more than twice that of NOC, 49.4%
and 23.5% respectively. The positive predictive value, negative predictive value and the positive
likelihood ratio were better with the TBI-Index. When either the TBI-Index or the NOC are positive
(combining both indices) the sensitivity to detect a positive CT increases to 97%.
Conclusion: The hand-held EEG device with a limited frontal montage is applicable to the ED
environment and its performance was superior to that obtained using the New Orleans criteria.
This study suggests a possible role for an index of brain function based on EEG to aid in the acute
assessment of mTBI patients. [West J Emerg Med. 2012;13(5):394-400.]

INTRODUCTION
Traumatic brain injury accounts for over 1 million
emergency department (ED) visits annually within the United
States with the majority of these visits for mild injury.1,2 This
incidence is increasing at an alarming rate, rising 21% from
2002 to 2006, quadrupling the rate of population growth. This
increasing rate will further tax ED resources.
The American College of Emergency Physicians’ 2008
panel on mild traumatic brain injury (mTBI) raised several
Western Journal of Emergency Medicine

important issues, among them which patients with acute mTBI
should have a non-contrast computed tomography (CT) in
the ED. This question is particularly relevant given concerns
over the increased use of CT and the long-term complications
of radiation. The estimated increased cancer risk from a CT
has been estimated to be 1 patient in 1000-2000. 3 In EDs the
overwhelming majority of patients presenting with mTBI
routinely undergo a CT. This occurs primarily because of the
zero tolerance for missed intracranial lesions and because
394
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current decision rules for the use of CT in TBI have high
sensitivity at the expense of poor specificity (that is, low false
negative rate and a high false positive rate). 4- 6
Quantitative electroencephalography (QEEG) has
been shown to be a sensitive indicator of the presence of
brain injury after mild head injury.7 QEEG can be used to
distinguish normal controls from patients with mild head
injury (mTBI),8,9 and patients with mild head injury from
those with severe head injury.10 QEEG features appear
to be sensitive for post-concussion syndrome and can
predict recovery of function at one-year post injury 11-13
and discriminant functions using derived features of brain
electrical activity were demonstrated to be sensitive indicators
of brain dysfunction after mild head injury due to blast
concussion.14 Using such methods, classification of athletes
with residual brain injury subsequent to concussion was also
reported.15, Current evidence suggests that electrophysiological
abnormalities reflecting functional changes in the brain may
emerge earlier than structural changes and may better detect
mTBI than conventional neuroimaging techniques. 16
Recent advances, including limited lead EEGs, improved
automatic artifact detection, quantitative EEG analysis
and the application of pattern recognition algorithms, have
led to studies demonstrating the feasibility of using these
technologies in the ED setting.17 Further, recent publications
in sports concussion using this approach have reported that an
index derived from quantitative brain electrical activity (TBI
Index) reflected significant persistence of brain dysfunction
beyond the point of clinical recovery.18,19
The present study was designed to investigate whether
the TBI-Index can play a role in the initial screening of
mTBI patients presenting to the ED. More specifically, can
it be shown to be useful in predicting which patients should
be sent for further brain imaging studies such as CT for the
determination of the presence of structural brain damage or
which patients might be discharged without further testing?
These results will be compared to those obtained using the
New Orleans Criteria (NOC). To this end we used a handheld device to collect EEG data in the ED environment. We
processed this data off-line to obtain a single brain electrical
activity measure (biomarker) in this independent population,
using the index derived previously (unpublished data, see
EEG Data Analysis below) in a separate mTBI ED population
(n=282) and shown to be sensitive (>90%) for prediction of
positive CT.
METHODS
Subjects
The study population consisted of a convenience sample
of 119 ED patients who presented with acute head injury
and received a CT. Patients were enrolled in the ED at 1 of
the 8 study sites (the majority from Washington University,
Barnes Hospital, Bellevue Hospital Center and Royal Oaks
Medical Center), following a closed head injury (85% within
Volume XIII, NO. 5 : November 2012

24 hours of injury) and meeting the inclusion/exclusion
criteria described below. All sites received approval from
their respective Human Research Committees. Written
informed consent was obtained prior to testing of all subjects.
For the purpose of this study, CTs were read as positive
if they had lesions potentially due to trauma, including
cerebral or cerebellar contusion, subarachnoid hemorrhage,
parenchymal bleeds, petechial hemorrhages, subdural and
epidural hematomas. We defined mTBI using the American
Congress of Rehabilitation criteria, which requires that at
least 1 of the following conditions be met: any period of loss
of consciousness < 30 minutes; Glasgow Coma Scale (GCS)
score of 13-15; any loss of memory for the event immediately
before or after the injury, with post traumatic amnesia less
than 24 hours; or any alteration in mental state at the time of
the event, (dazed, disoriented or confused).
Inclusion/Exclusion Criteria
Eligible for study were patients over 18 years of age
who presented to the ED after a closed head injury, met the
above mTBI definition and had a CT ordered as part of their
evaluation. Patient enrollment occurred during all periods
when the research assistants were available; patients were not
selected by referral from treating physicians. We excluded
patients if clinical conditions would not allow placement
of the electrodes or if they were unable (e.g., obtunded due
to intoxication) or unwilling to provide informed consent.
In addition, we excluded patients with chronic psychiatric
disorder, chronic drug or alcohol abuse, or chronic seizure
history. We also excluded developmentally delayed patients,
or those who were taking central nervous system active
medication that the investigator believed would interfere with
the EEG testing. Finally, if the head injury was believed to be
a result of a seizure, the patient was not a candidate for this
study.
Design and Procedures
Evaluations were made in the ED by ED research
assistants, none of whom had formal EEG experience. The
evaluations were done as early as practical without hindering
patient care. The mean time from injury to evaluation in the
ED was <12 hours for the vast majority (~80%) of the subjects
and all were tested within 72 hours. All patients’ hospital
records were queried after ED or hospital discharge. At the
time of EEG evaluations the research assistants were also
blinded to CT outcome and NOC score.
Computed Tomography
CT interpretations from final reports issued by the
neuroradiologists at each institution as the final CT result for
this study. The CT readings were made blinded to all other
information about the patient, other than the TBI indication
for the head scan. An independent investigator blinded to EEG
and all other clinical results scored the CTs of the CT positive
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(CT+) group using the Marshall criteria.20 The Marshall
criteria is a method for grading the severity of CT abnormality
on a 6-point scale, where “I” indicates a diffuse injury with
no visible pathology and “VI” indicates a non-evacuated mass
lesion (>25cc).

FP1

AFz

New Orleans Criteria (NOC)
The queries that make up the NOC scores were collected
by the research assistant at the time of the EEG evaluation, for
scoring off site.4 These included: headache, vomiting, age >
60 years, drug or alcohol intoxication, persistent anterograde
amnesia, visible trauma above the clavicle, or seizure.5 If the
patient had any 1 of these items the NOC was considered to be
positive.
EEG Acquisition
Patients underwent 10 minutes of eyes closed resting EEG
recording. The EEG data were collected using self-adhesive
electrodes from frontal electrode sites of the International
10/20 system, which included FP1, FP2, AFz, F7, and F8,
referenced to linked ears.(Figure) All electrode impedances
were below 10 kW. Amplifiers had a band pass filter from 0.5
to 70 Hz (3 dB points). Set-up was accomplished in all cases
in less than 5 minutes.
EEG Data Analysis
The device used in this study can compute the TBI-Index
in approximately “real-time;” however, to maintain the blinding
and perform quality assurance, the TBI-Index was calculated off
site. EEG data was subjected to automatic artifact rejection to
remove any biologic and non-biologic contamination, such as
that from eye movement or muscle movement. An experienced
EEG technician also reviewed the selected artifact-free EEG
segments for the purpose of confirming data quality for all data
analyzed in this study. Previous experience has demonstrated
that sufficient artifact-free data (120 seconds) can be obtained
from this 10-minute recording.
The artifact-free EEG data from both the algorithm
development and test groups to Fast Fourier Transform to
extract QEEG features of absolute and relative (%) power,
mean frequency, inter- and intra-hemispheric coherence and
symmetry computed for the delta (1.5 - 3.5 Hz), theta (3.5 -7.5
Hz), alpha (7.5 to 12.5 Hz), beta (12.5 - 25 Hz) and gamma
(30-45 Hz) frequency bands. These measures are described
in detail elsewhere.21 All quantitative features to obtain a
Gaussian distribution and Z-transformed relative to ageexpected normal values. The importance of each of these steps
in enhancing the sensitivity and specificity of brain electrical
activity has been described in detail elsewhere, as are the
robust test-retest reliability and independent replications of the
neurometric normative data of brain electrical activity.22,23 Nonlinear features of complexity of the electrical signal were also
extracted and transformed in the same way.24
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FP2

F7

F8

Figure. Schematic showing the location of the five frontal electrode
sites of the International 10/20 system.

Classifier Function
We used the extracted EEG measures described above
to develop a discriminat classifier function (biomarker) that
maximally separated closed head-injured patients with GSC
>8 who were CT+ from those who were CT- patients and
controls. We constructed this binary discriminant classification
algorithm using iterative methods and cross-validation
based on features extracted from all patients in the algorithm
development group (n=282).25 Inclusion/exclusion criteria
for this population was the same as for the current study
as described above and patients were tested in the acute
phase (within 24 hours) following injury. The algorithm
consists of a multivariate weighted combination of selected
linear and nonlinear features of brain electrical activity that
mathematically describe the profile of traumatic brain injury
statistically most resembling that seen in patients who sustain
a closed head injury and are found to be CT+. The result is
expressed as a TBI- Index/biomarker ranging from 0-100,
where 100 is the highest probability of being CT+. Features
that contributed most to this discriminant included: relative
power increase in slow waves in frontal regions, relative
power decrease in alpha 1 and alpha 2 in frontal regions,
power asymmetries in theta and total power between lateral
and midline frontal regions, incoherence in slow waves
between frontopolar regions and decrease in mean frequency
of the total spectrum composited across frontal regions.
Statistical Analyses
The TBI-Index was calculated for the 119 patients in the
current study and were not used in the derivation of the index
and therefore represents an independent replication/validation
of the algorithm. We submitted the brain electrical activity
data from all patients in the study to discriminant analysis and
obtained a discriminant score. Patients were considered to be
positive if the score obtained was greater than or equivalent
to a cut-off point derived from the Receiver Operating Curve
(sensitivity as a function of specificity) from the original
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Table. Performance statistics for the New Orleans Criteria and the BrainScope Index.
Sensitivity (% Cl)

Specificity (% Cl)

PPV (% Cl)

NPV (% Cl)

LR+ (Cl)

LR- (Cl)

Odds
Ratio

NOC

92.10
(.79-.97)

23.50
(.16-.34)

36.10
(.27-.46)

34.00
(.67-.95)

1.20
(1.03-1.4)

0.34
(.11-1.07)

3.6

TBI-Index

94.70
(.83-.99)

49.40
(.40-.61)

47.40
(.37-.58)

95.30
(.85-.99)

1.92
(1.57-2.42)

0.10
(.03-.41)

18.5

TBI-Index +
NOC

97.00
(.86-.99)

50.60
(.40-.61)

48.05
(.37-.59)

97.62
(.88-.99)

1.97
(1.57-2.47)

0.06
(.007-.36)

36.1

PPV, positive predictive value; NPV, net present value; LR, likelihood-ratio test; NOC, New Orleans Criteria; TBI, traumatic brain injury;
CI, confidence interval

discriminant function. We identified a score of 65 as the point
at which 95% of the CT+ population was correctly identified.
We calculated the NOC for the CT+ and CT- patients and
considered it to be positive if there was a total score of 1 or
greater. We also calculated the NOC total score supplemented
by the TBI-Index. That is, if either the TBI-Index or the NOC
were positive, the classification was considered to be positive.
Performance metrics, including sensitivity, specificity, positive
predictive value, negative predictive value, and positive and
negative likelihood values associated with the independent
population in the current study, were then calculated for all
measures. In addition, we computed Pearson correlations to
assess the relationship between NOC and TBI-Index.

contusions, 3% other. The majority of the CT- patients received
a diagnosis of concussion.

RESULTS
Patient populations
One hundred and nineteen patients met inclusion criteria
and were enrolled in this study. The mean age was 48.32
(range 18-92 years) and contained 38 patients (31.9%) with
CT+ and 81 (68.1%) with CT-. Distribution by gender did
not differ across the 2 groups, with the CT+ group containing
57.1% males and the CT- group 60.9% males. The mean age
of patients in each group differed, with mean age higher in the
CT+ group than those in the CT- group (CT+ = 61.0, range of
21-92 years; and CT- = 45.0, range of 18-82 years, p < 0.001). It
is important to point out that patient age was taken into account
prior to calculation of the brain state discriminant index, since
all EEG features were age-regressed prior to inclusion in
discriminant analyses. The total patient population was enrolled
during a 36-month time window. The most common reasons
for exclusion of patients for study were acute intoxication (too
obtunded to participate), co-morbid diagnosis of dementia, or
a non-acute or incidental CT finding (it is estimated that this
represents approximately 15%).
Using the Marshall score, 32 of 38 CT+ patients received a
score of 2, 1 a score of 3, 1 a score of 4 and 4 a score of 5. CT+
findings included: 60% traumatic hemorrhages (majority being
subarachnoid), 29% subdural and epidural hematomas, 8%
Volume XIII, NO. 5 : November 2012

New Orleans Criteria (NOC) Classification
CT+ and CT- patients were classified using a NOC total
score of greater than or equal to 1. Using this cut point 35/38
CT+ and 62/81 CT- patients received a positive classification.
This resulted in sensitivity of 92.1% (95% confidence interval
(CI) = 0.79 to 0.97), and a specificity of 23.5% (CI = 0.16 to
0.34), positive predictive power (PPV) = 36.1% (CI = 0.27 to
0.46), negative predictive power (NPV) = 86.4% (CI = 0.67 to
0.95), a positive likelihood ratio (LR+) = 1.2 (CI = 1.03 to 1.40),
and a negative likelihood ratio (LR+) = 0.34 (CI = 0.11 to 1.07)
[Table].
TBI-Index
A TBI-Index greater than or equal to the cutoff value
(a score >65) was used to classify each of the CT+ and CTpatients. A total of 36 of 38 CT + and 40 of 81 CT- patients had
TBI-Index greater than or equal to this value. Sensitivity was
94.7% (CI= 0.83 to 0.99), specificity was 50.6% (CI= 0.40 to
0.61), PPV = 47.4% (CI = 0.37 to 0.58), NPV = 95.3% (CI =
0.85 to 0.99), LR+ was 1.92 (CI = 1.57 to 2.42), and LR- was
0.10 (CI= 0.03 to 0.41) [Table 1]. There was also evidence that
the TBI-Index was sensitive to the degree of injury within our
sample of mTBI patients since the Pearson correlation between
the NOC total score and the TBI-Index was found to be +.33,
with p < .0001.
New Orleans Total plus TBI-Index
We also classified all patients using the TBI-Index to
supplement the NOC total score. A patient was classified as
“Combined+” if the NOC total score was 1 or greater or the TBIIndex was greater than or equal to the cutoff value, with a patient
classified as “Combined-” if the NOC total score was zero or the
TBI-Index was less than the cutoff value. Using this algorithm,
37 of 38 CT + and 41 of 81 CT- patients were correctly classified.
Thus, sensitivity was 97.4% (CI= 0.86 to 0.99), specificity was
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50.6% (CI = 0.40 to 0.61), PPV = 48.0% (CI = 0.37 to 0.59),
NPV = 97.6% (CI = 0.88 to 0.99), LR+ was 1.97 (CI= 1.57 to
2.47), and LR- was 0.06 (95% CI=0.007 to 0.36) [Table 1].
DISCUSSION
In this study all EEG data was collected from a limited
montage, with electrodes placed over frontopolar, frontal
midline and dorsolateral frontal regions on the forehead. We
The rationale for these electrode locations on the published
reports that after minor closed head injury the frontal and
frontotemporal regions are particularly susceptible/vulnerable
to injury, and more likely to be affected than other cortical
regions.26-28 This increased susceptibility of the frontal regions
most likely results from direct impact of this region and
subsequent disruption of the extensive connections between
this region and other cortical regions.29 The ability to focus
on the frontal regions enhanced the practicality of EEG set-up
and use in the ED while not compromising the ability to detect
brain dysfunction following closed head injury. A recently
published study demonstrated the ability to use these methods
in the ED setting, with set-up completed in less than 5 minutes
and data acquired in less than 10 minutes.17 As noted above,
although for purposes of this study we computed results offsite, in actuality data analysis and computation of the TBIIndex can be performed in “real-time” on the device, again
supporting feasibility in the ED environment.
The QEEG-derived TBI-Index appears to be a sensitive
measure of brain function that may be used in conjunction
with other clinical information to determine whether or not a
patient presenting to the ED has a brain injury severe enough
to warrant further diagnostic evaluation and treatment. It is
of note that the 2 CT+ patients with an index below the cut
point (<65) each had a score of 2 on the Marshall CT-scoring
criteria, and were discharged from the hospital without
intervention. One CT showed a small subarachnoid bleed,
(SAH) in the left frontal region without any mass effect with a
TBI-Index = 34, with a positive NOC; and the second, a small
SAH in the left temporal/parietal region without mass effect
and a TBI-Index = 56, with a negative NOC.
The finding that the TBI-Index was greater than the
cut point for 49.4% of the CT- patients may indicate that a
subset of the CT- patients showed signs of disturbed brain
function in the presence of normal brain structure, possibly
representing the effects of concussion. Evidence for this
hypothesis can be found in a recent publication that used an
EEG-based index to document the presence of concussion
in college and high school athletes.18,19 These studies noted
that the index remained abnormal well past the period when
clinical recovery was reported. Also of importance is the
finding that 50.6% of the CT- population obtained scores
below the cut point, suggesting the lack of structural brain
damage in this group, potentially aiding in their screening
for CT. Bazarian et al.30 reported that after concussion the
presence of a normal CT does not rule out the presence of a
Western Journal of Emergency Medicine
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functional brain injury due to axonal damage. Such concern
extends to possible “second impact syndrome,” in cases
where the individual may be at risk when returned to play
prematurely.31 Derived QEEG indices may reveal signs of
brain injury in concussed individuals that are missed by
other less objective assessment tools and may play a role in
assessing and monitoring residual brain dysfunction in mTBI
patients.32 This subset of CT- patients will more than likely
warrant rapid referral for treatment and counseling as they
may represent the population at risk for Post-Concussion
Syndrome.
In our sample the CT+ patients were older than those
in the CT- group. This almost certainly reflects the inherent
increased risk of serious injuries from head trauma in this
age group and emphasizes the importance placed on age in
determining the severity of mTBI by the Canadian and NOC
and the clinical policy statements issued by the CDC.33 The
resilience of the QEEG method described above to age effects,
due to age regression (comparing the patient to age-expected
normal values) further emphasizes the clinical use of the
method.
In the present population the NOC score for head injury
was not as useful for distinguishing the CT + from the
CT- patients since specificity was only 23.5%. While 35/38
CT+ patients were identified, 62/81 CT- patients also met
criteria. Similar findings to those reported here for the NOC
were reported in 2 studies that compared the NOC with the
Canadian CT Head Rule using very large populations of mTBI
patients.34,35 While these studies reported sensitivity for the
NOC identification of a neurosurgical lesion or an intracranial
injury to be high, they also reported very low specificity values
for the NOC (3.0%-12.7%). Since the majority of patients
in our sample had mild traumatic brain injury, as verified by
subsequent scoring of their CT+ using the Marshall criteria
(84.2% had a score of 2), it would appear that the TBI-Index
is a more clinically useful index than the NOC within this
population since sensitivity was slightly greater and specificity
more than doubled. It was noted that 22 patients classified as
“high risk” on the NOC were not considered so on the TBIIndex, suggesting that these patients might have been spared CT
examinations. Further, it was found that adding the TBI-Index
to the NOC total score resulted in increased specificity and
more reliable positive and negative likelihood results.
A study of 381 mild head injury patients all of whom
received a CT revealed an incidence of 38% positive scans
requiring further treatment, a finding consistent with that
seen in our patient sample. Age, mode of injury, loss of
consciousness, seizures, ENT bleeding, and vomiting did
not predict positive CT, while GCS, the presence of focal
neurological signs, and the presence of a radiographic skull
fracture only had moderate predictive power of a CT+.36 While
CTs are readily available in this country recent studies have
highlighted the adverse effects of radiation from CT and the
fact that increased use increases the individual risk for cancer
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and overuse in general can increase the incidence of cancer in
the population at large. 36,37 In addition, it has been proposed
that objective indices of cerebral physiology are necessary
to follow the course of recovery and the effectiveness
of rehabilitation efforts. We would add that measures of
cerebral physiology may be useful for the documentation
of the extent of brain dysfunction at the time of injury.
These concerns point to the need for biologic markers
indicating which patients may recover. This study, if
replicated, would suggest that the TBI-Index can play an
important role in the ED setting in determining which
patients presenting with mTBI require further evaluation.

ED sample with common behavioral confounders, as
well as its real-time use and incorporation into clinical
decisions in the ED.
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Abstract
Primary objective: To validate a QEEG algorithm on traumatic brain injury in an Emergency Department (ED) setting.
Methods and procedures: EEG data were collected from 105 patients with head injury (53 CTþ and 52 CT) and 50 ED
controls. Ten minutes of eyes closed resting EEG was collected from five frontal locations. A discriminant index of the
probability of belonging to the TBI CTþ group was computed. Analysis of variance was computed comparing this index
across the three patient groups. Using ROC curves, the p50.05 confidence level was determined to compute sensitivity and
specificity for the TBI CTþ population.
Results: CTþ patients had a mean TBI discriminant index of 80.4, CT patients 38.9 and controls 24.5; F ¼ 70.2,
p50.0001. Sensitivity was 92.45% for the CTþ group and specificity was 90.00% for the control group.
Conclusions: The TBI discriminant index appears to be a sensitive index of brain function. It may be used to suggest whether
or not a patient presenting with altered mental status requires a CT scan. This index may aid in the triage of such patients
in the ED. Such an easy to use, automated system may greatly enhance the clinical utility of EEG in the ED.
Keywords: Electroencephalogram, traumatic brain injury

Introduction
The incidence of traumatic brain injury (TBI) in
Emergency Departments (EDs) is estimated to be
more than 1,250,000 visits per year (not including
those who are hospitalized) according to the CDC’s
most current figures, many of which would be
considered in the mild category. An extensive
literature review suggests that quantitative electroencephalography (QEEG) is a sensitive indicator of
the presence of brain injury after mild head trauma
[1]. QEEG variables distinguish normal controls
from patients with mild traumatic brain injury
(mTBI) [2] and patients with mTBI from
those with severe TBI [3]. QEEG has also been
shown to be highly sensitive to post-concussion

syndrome [4, 5] and to predict recovery of function
at 1 year post-injury [6]. EEG discriminant functions were sensitive indicators of brain dysfunction
after blast concussion mild head injury [7]. Cao et al.
[8] conclude that EEG features are useful for the
classification of athletes with residual brain injury
subsequent to concussion. However, despite such
data, EEG remains an under-utilized tool in the ED,
for several reasons: it is not readily available, requires
a skilled technician for data acquisition and a
professional specialist to interpret the findings.
In this study a limited montage on the frontal scalp
locations was used. The proximity of frontal and
anterior temporal regions to bony structures and
cavities of the skull makes them particularly susceptible to injury, particularly when rotational
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acceleration affects a freely moving head [9, 10].
The frontal and temporal regions are three times
more likely to be affected than other cortical regions
[11]. Neuropathologic and neuroimaging studies
show that frontal regions are the most vulnerable
for focal deficits after closed head trauma [12]. Ptito
et al. [13] found that the most common
post-concussion symptoms were characteristic of
frontal and/or temporal lobe dysfunction. Children
with moderate TBI were most likely to show
diffusion tensor imaging abnormality in inferior
frontal, superior frontal and supracollasal regions
[14]. This increased susceptibility of the frontal
regions to damage after closed head trauma most
likely results from direct contusions to this region
and the disruption of the extensive connections
between this region and other cortical regions [15].
This paper presents an initial evaluation of a
hand-held quantitative EEG (QEEG) device
(Instrument in development, Brainscope Company,
Inc. Bethesda, MD) in development which is
designed to be easily utilized in an ED environment
by ED staff to rapidly provide information about the
seriousness of traumatic head injury in head injured
patients presenting with altered mental state. The
purpose of the present study was to determine the
feasibility of using such a device in the ED and
whether an index of brain function, implemented in
the hand held device, can be used to distinguish
between mTBI patients with a positive CT scan,
those traumatic head injury patients with a negative
CT scan and ED control patients.

Methods
Subjects
The study population consisted of a sample of 105
consecutive patients who arrived either at
Washington University in St Louis, MO, Barnes
Hospital or the Bellevue Hospital Center Emergency
Department, New York, with complaints of altered
mental status (AMS), following a closed head injury
and whom met the inclusion/exclusion criteria
described below. The control population consisted
of 50 consecutive ED patients without complaints of
AMS and no indication of head injury.
Inclusion/exclusion criteria
TBI patients. Males and females between the ages
of 18–80, who entered the ED with MTBI and had
a CT scan of the head planned as part of their
evaluation were eligible for the study. Patients were
excluded whose clinical condition would not allow
placement of the electrodes or were intoxicated or
obtunded to the point where they could not sign an
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informed consent form. In addition, patients with
known psychiatric disorder or chronic drug or
alcohol abuse, chronic seizure history, mental retardation or who were taking CNS active medication
were not eligible for the study.
Control patients. The control group consisted of
males and females between the ages of 18–80, who
entered the ED under distress with non-head injuries, no AMS and no known direct central nervous
system involvement. Since controls were selected
based upon consecutive ED admissions this was a
very diverse sample that included patients admitted
for problems such as orthopaedic-related problems,
lacerations/amputations and abrasions, cardiac
related problems and complications due to pregnancy. The same exclusion criteria were used as for
the TBI group.
From this sample, 53 had positive CT scans
(CTþ), 52 had negative CT scans (CT) and 50
were chosen as ED controls. Written informed
consent was obtained prior to the time of testing.
All patient records were reviewed after emergency
room or hospital discharge. All CT scan results were
based upon the reports issued by the neuroradiologists at each institution. The majority of the CTþ
findings included traumatic brain haemorrhages,
brain contusions, traumatic subdural and epidural
haematomas. A majority of the CT patients
received a diagnosis of concussion.
Design and procedures
Once a patient was admitted to the ED a technician
was contacted and the patient and/or his family gave
written informed consent to collect the EEG recording during the period of time prior to his discharge
home or admission the hospital for further evaluation. In majority of the cases EEG recordings were
made within 24 hours of precipitating event.
EEG acquisition. Patients and controls underwent
10 minutes of eyes closed resting EEG recording
on the BrainScopeTM device in development. The
EEG data were collected using self-adhesive electrodes from frontal electrode sites of the
International 10/20 system which included FP1,
FP2, AFz1 (located just anterior to Fz on the
forehead, below the hairline), F7 and F8, referenced
to linked ears. All electrode impedances were below
5 k . Amplifiers had a bandpass from 0.5–70 Hz
(3 dB points). Set-up was accomplished in all cases
in less than 5 minutes.
EEG data analysis. The collected EEG data was
subjected to artifact rejection by an EEG
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Table I. Incidence of clinical symptoms (in percentages) in the patient groups at time of admission to the ED.

Group

n

Amnesia

Dizziness/Vertigo
Nausea/Vomiting

‘Neurological’
Symptoms:
Numbness/Weakness/
Facial Droop/Dysarthria/
Photophobia/Ataxia

CTL
CT
CTþ

50
52
53

0.00%*H
7.69%
7.55%

8.00%*
30.77%
18.87%

16.00%
9.62%
18.87%

LOC

Headache

0.00% *H
63.46%
71.70%

6.00%*H
42.31%
37.74%

Chi-square results are coded in the table for significance p50.05 as follows: * CTL vs CT, H CTL vs CTþ. No differences were found
between CT and CTþ.

technologist with several years experience processing
EEG, with the aid of an artifact algorithm built into
the BrainScope device, to remove any biologic and
non-biologic contamination, such as that from eye
movement or muscle movement. Previous experience has demonstrated that sufficient artifact-free
data (60–120 seconds) can be obtained from this
10-minute recording.
The artifact-free EEG data was submitted to Fast
Fourier Transform (FFT) to extract QEEG features
of absolute and relative (%) power, mean frequency,
inter- and intra-hemispheric coherence and symmetry computed for the delta (1.5–3.5 Hz), theta
(3.5–7.5 Hz),
alpha
(7.5–12.5 Hz),
beta
(12.5–25 Hz) and gamma (30–45 Hz) frequency
bands. All quantitative features were log transformed
to obtain Gaussianity, age-regressed, and Z-transformed relative to age expected normal values. The
importance of each of these steps in enhancing the
sensitivity and specificity of brain electrical activity
has been described in detail elsewhere [16], as are
test–re-test reliability [17] and independent replications of the Neurometric normative data of brain
electrical activity [18].
This study applies a previously developed
QEEG-based discriminant function (Version
#1650-2 073109) which discriminated the normal
control population (n ¼ 293) from patients who had
suffered a closed head injury (n ¼ 189) in an ED
population with high sensitivity and specificity
(details of the discriminant methodology used are
reported elsewhere [19]. This discriminant algorithm was constructed using split-half populations
of normals and TBI patients for training and test
(independent validation). Discriminant functions
provide the user with a discriminant score that
represents the probability of belonging to a specific
group. For example, in this study this score represents the probability of having an EEG profile similar
to that seen in CTþ patients. Features that contributed most to this discriminant included: relative
power increase in slow waves in frontal regions,
relative power decrease in alpha 1 and alpha 2 in
frontal regions, power asymmetries in theta and total

power between lateral and midline frontal regions,
incoherence in slow waves between frontopolar
regions and decrease in mean frequency of the
total spectrum composited across frontal regions. It
is important to point out that patient age was taken
into account prior to calculation of the brain state
discriminant score since all EEG features were
age-regressed prior to inclusion in discriminant
analyses.
The discriminant score (range 0–100) was used as
an index (TBI-DS) of the probability of TBI CTþ,
where the larger the number, the greater the probability. A three-way analysis of variance (ANOVA)
was computed comparing this index across the three
patient groups defined as patients with AMS who
had CTþ findings, patients with CT findings and
emergency room admission control patients. In
addition, using the ROC curve derived from the
test group from discriminant construction, the
p50.05 confidence level was identified (50.0) and
was also evaluated.
All EEG processing and calculation of the brain
state index was accomplished while the technician
was blinded to group membership.

Results
Patient populations
Distribution by gender did not differ across the three
groups, with each group containing 57% males. The
mean age of patients in each group differed, with
mean age higher in the CTþ group than those in the
CT group and the controls (CTþ ¼ 61.1 (22–90);
CT ¼ 39.9 (18–84); and controls ¼ 42.0 (23–81)
years). It should be noted that such differences in
age should not be a factor in this work since all data
is age regressed as described above. Table I presents
the frequency of occurrence of the major presenting
signs and symptoms reported by the control, CT
and CTþ groups. No significant differences were
seen between the CT and CTþ groups with
respect to the percentage of subjects reporting
amnesia, dizziness, neurological symptoms, loss of
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consciousness or headaches. However, significant
differences were noted between CT and Controls
(CTL) and CTþ and CTL patients, as shown in
Table I. It was noted that there were no differences
between the three groups with respect to neurological symptoms. The mechanism of injury included
assaults, motor vehicle and pedestrian accident,
falls and sports-related injury, with the majority
of patients tested within 24 hours. The CTþ and
CT patient groups presented with Glasgow coma
scores between 12–15.
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CT group, 18 (34.62%) were classified as brain-injured and 34 (65.38%) as normal brain function
(2 ¼ 4.9, p50.03). For the control group, five were
classified as brain-injured (10%) and 45 (90%) as
normal brain function (2 ¼ 32.0, p50.0001). Thus,
the sensitivity for CTþ is 92.45% and the specificity
for normal controls is 90.00%. The negative predictive value was 91.8% and the positive predictive
value was 90.7%.

Discussion
TBI discriminant score (TBI-DS)
A three-way analysis of variance was computed
comparing the TBI-DS index across the three
patient groups defined as patients with AMS with
CTþ scan findings, patients with AMS with CT
scan findings and emergency room admission control patients. The results of this analysis were highly
significant; F ¼ 70.2, p50.0001. CTþ patients had a
mean TBI-DC of 80.4, CT patients a value of 38.9
and control patients a mean index of 24.5. All
differences between these three groups were significantly different from each other at the p50.001
level (Duncan multiple comparisons).
Figure 1 presents mean values and standard error
of the means for each patient group. In order to
determine the sensitivity and specificity of this
TBI-DC, an index score of 50 or greater ( p50.05)
was used as the cut-point in determining whether or
not an individual within each group should be
classified as brain-injured. For the CTþ group, 49
(92.45%) were classified as brain-injured and four
(7.55%) as normal (2 ¼ 38.2, p50.0001). For the
90

Discriminant score (TBI-DS)

80
70
60
50
40
30
20
10
0
CTL

CT–

CT+

Figure 1. Histogram of the mean discriminant score (TBI-DS ) in
the three patient populations, with standard error of the mean
shown on each bar.

The costs incurred in the evaluation and treatment
of minor head injury has been estimated to be 1.5
billion dollars per year, with up to 20% of patients
showing symptoms which persist up to 30 days after
injury [20]. Further, an evaluation of 381 MHI
patients, all of whom received CT scans, revealed
an incidence of 38% positive scans requiring further
treatment. Age, mode of injury, loss of consciousness, seizure presence, ENT bleeding and vomiting
did not predict positive CT scan, while Glasgow
coma score, the presence of focal neurological signs
and the presence of a radiographic skull fracture only
had moderate predictive power of a CTþ [21]. In
the current study, the presence of specific symptoms
at the time of admittance to ED including amnesia
or LOC did not correlate with the outcome of the
CT imaging, suggesting that clinical presentation is
not sufficient to make a prediction regarding the
presence of abnormalities in brain function, further
stressing the need for measures which would lead
to more clinical useful triage for CT. In fact, the
presence of neurological symptoms such as numbness, tingling and facial droop did not distinguish the
three groups. As it turned out, CTL patients often
presented with these symptoms, although due to
peripheral nervous system involvement. While CT
scans are readily available in this country, overuse
can be very costly and several recent studies have
highlighted the adverse effects of radiation from CT
scans [22, 23].
The QEEG derived TBI-DS appears to be a
sensitive index of brain function that can be utilized
in conjunction with other clinical information to
determine whether or not a patient presenting with
altered mental status has a brain injury that is severe
enough to warrant further diagnostic evaluation and
treatment. The differences between the CT and
CTþ groups were present despite very similar
presenting symptoms when admitted into the emergency room. This index was able to predict which
patients presenting with altered mental status
were likely to have future CTþ images vs those
with CT images. Further, the finding that the TBIDC was greater for CT patients than for control
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patients may indicate that a subset of the CT
patients showed signs of disturbed brain function,
possibly representing the effects of concussion. In
this sample, 34.62% of the CT scan negative
patients had a TBI-DS that was greater than 50,
suggesting some significant brain dysfunction in this
subsample of CT patients. Bazarian et al. [24]
reported that after concussion the presence of a
normal CT scan does not rule out the presence of a
functional brain injury due to axonal injury. In fact,
Slobounov et al. [25] report that derived EEG
indices may reveal signs of brain injury in concussed
individuals that are often missed by other assessment
tools and that these indices may play a role in
assessing and monitoring residual brain dysfunction
in MHI patients that appear otherwise asymptomatic. This sub-set of CT patients probably warrants
further treatment and counselling about the importance and relevance of post-concussion signs and
symptoms. The fact that the mean TBI-DS in this
sample of CT patients was approximately half way
between that found for CT scan positive and
controls may indicate that this index is sensitive
not only to the presence or absence of brain
dysfunction, but also may index the degree of brain
dysfunction as well. This is supported by the work of
Thatcher et al. [3] who used an EEG-based discriminant function to classify patients with mild,
moderate and severe head trauma. Mild head
trauma could be distinguished from severe head
trauma with a sensitivity of 95.5% and a specificity
of 97.4%. Further, those with moderate head trauma
had discriminant scores that were intermediate
between those with mild and severe head trauma.
As noted in the Results section, the CTþ patients
were older than those in the other groups, most
probably reflecting the increased risk of injuries
resulting in head trauma in this age group. The
resilience of the method to age effects, due to age
regression (comparing the patient to age expected
normal values), further emphasizes the clinical utility
of the method.
The authors are aware of the need for prospective
independent replications of this work in larger
populations and are currently involved in such a
study. If replicated, it can be suggested that the
TBI-DS can play an important role in the ED setting
in determining which patients presenting with
altered mental status have a need for further imaging
evaluation. The BrainScope device in development
used in this study is a potential tool for the
reintroduction of the EEG into the ED, especially
given the ease of use, speed and automation of the
acquisition and analysis of data. Such a tool could
be an important addition to the routine techniques
employed within the emergency room environment.
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Case Report
Novel method for detecting brain abnormality in a
patient with epidural hematoma: a case report☆,☆☆
Abstract
An estimated 1.5 million head injuries occur in the United
States each year, with approximately 2% resulting in epidural
hematomas. Epidural hematomas can be difficult to
recognize clinically because the patient may not have a
loss of consciousness or may have a brief loss of
consciousness with a normal neurological examination. It
is important to recognize patients with epidurals because the
reported mortality for unrecognized epidural hematoma is as
high as 40%. We report a novel method of identifying brain
abnormality in a patient with a normal neurological
examination result using a bedside handheld automated
electroencephalogram device.
An estimated 1.5 million head injuries occur in the United
States each year, with approximately 2% resulting in epidural
hematomas [1]. An epidural hematoma is an accumulation of
blood that occurs between the dura and the skull bone,
resulting in increasing intracranial pressure. Often, in adults,
this is associated with a skull fracture and bleeding from the
middle meningeal artery. Bleeding of this type can progress
rapidly to death, even though the initial examination result of
the patient can be normal [2]. There are frequent descriptions
of cases of a “lucid interval” [3] in which the patient seems
normal after injury and yet rapid clinical deterioration
occurs. It is important to recognize patients with epidurals
because the reported mortality for unrecognized epidural
hematoma is as high as 40% [2]. We report a novel method of
identifying abnormalities in brain electrical activity using a
new handheld device currently in research development, the
BrainScope (BrainScope, Co, Inc, Washington, DC), in a
patient presenting with an epidural hematoma.
A 60-year-old female jogger collided with a skateboarder
in a park at 11:00 AM. The woman was knocked to the ground
and experienced a brief loss of consciousness. On arrival to
☆
Source of support: BrainScope Co, Inc provides a research technician
and incentives for patients to return. Internal funding was provided by the
Division of Emergency Medicine.
☆☆
This study was approved by the Human Studies Committee of
Washington University, study 08-0107.

0735-6757/$ – see front matter © 2010 Elsevier Inc. All rights reserved.

the emergency department at 11:17 AM, she complained of a
headache that was mild (4/10) and a lip laceration. She had
amnesia regarding the details of the accident. Physical
examination revealed a 1-cm lower lip laceration and a
tender area over the left parietal area. The remainder of the
results of physical examination was normal, with a Glasgow
Coma Scale score of 15. The patient was alert and oriented × 3
deep tendon reflexes (DTRs) were 2+, and there was no
pronator drift. Her gait was normal. A computed tomography
(CT) scan of the head and neck was ordered at 11:25 AM and
results were obtained at 12:15 PM. The CT scan was read at
12:20 PM as showing an epidural hematoma, and neurosurgery was consulted. With the consent of the patient's
husband, she was enrolled in a concussion study approved
by the institutional review board to evaluate a new automated
electroencephalogram (EEG) device for evaluation of head
injury. Ten minutes of data was recorded at 12:25 PM. When
the patient was evaluated by neurosurgery, her neurological
examination result was again normal.
At 13:30 PM, she became somnolent, and the decision was
made to take her to the operating room, where a left-sided
epidural hematoma was evacuated at 14:15 PM (Fig. 1).
Operative report indicated that the hematoma had increased
3-fold in volume from the initial hematoma on the CT scan.
She had an uneventful recovery and was discharged on
postoperative day 6.
Epidural hematomas can be difficult to detect and can lead
to significant mortality if unrecognized. The estimated
mortality for epidural hematoma is 15% to 40%, varying
on the location of the bleed [1,4]. In this case, a new device
from BrainScope uses features of brain electrical activity to
calculate an index of abnormality by comparing the signals
obtained from the patient to age-expected normal values. The
device contains a mathematical algorithm that compares the
patient's brain electrical activity to features of normal EEGs,
including symmetry, power spectrum, and coherence. The
BrainScope automatically determines the degree of abnormality by mathematically comparing the results of the patient
to expected patterns of normal brain electrical activity. It then
computes the probability that the patient's data are not
different from that of a normal population. The BrainScope
algorithm was developed using features (linear and nonlinear
descriptors of the electrical signal) extracted from standard
EEGs. Discriminant algorithms distinguish between electrical brain activity likely to occur in “normal” vs “abnormal”
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ABSTRACT

KEYWORDS

The BrainScope Ahead 300 is designed for use by health care professionals to aid in the
assessment of patients suspected of a mild traumatic brain injury. The purpose of the current study
was to establish normative data for the cognitive test component of the Ahead 300 system and to
evaluate the role of demographic factors on test performance. Healthy, community-dwelling adults
between the ages of 18 and 80 recruited from five geographically distributed sites were
administered Android versions of the ANAM Matching to Sample and Procedural Reaction Time
tests that comprise the cognitive test component of the Ahead 300 system by trained personnel.
Scores were correlated with age, education, and race. Age accounted for the majority of the
variance in test scores with additional significant, but minor, contributions of education and race.
Gender did not account for a significant proportion of the variance for either test. Based on these
results, the normative data for 551 individuals are presented stratified by age. These are the first
available normative data for these tests when administered using the Ahead 300 system and will
assist health care professionals in determining the degree to which scores on the cognitive tests
reflect impaired performance.

Computerized testing;
concussion; handheld
computers;
neuropsychology; normative
study

In recent years, sport and nonsport concussion/mild
traumatic brain injury (mTBI) has received much attention as a public health concern, with good reason.
Approximately 1.7 million concussions per year lead
to emergency department (ED) visits (Centers for
Disease Control and Prevention, 2003; Faul, Xu, Wald,
& Coronado, 2010). In 2007, the CDC reported that
200,000 sports-related head injuries are treated in the
ED annually within the United States and that sportsrelated concussion accounts for approximately 20% of
all TBI ED visits per year (Centers for Disease Control
and Prevention, 2007). Since 2007, ED visits for head
trauma have dramatically increased, with particular
increases in sport-related concussion (Gaw & Zonfrillo,
2016). Though the increase in visits from sport concussion was substantial, the largest increases in ED visits
for head trauma between 2007 and 2011 were in children younger than 11 and adults older than 65, and
were not necessarily related to sports. Concussion has
been all too common in the military context as well,
with blast-induced mTBI having been described as the
signature injury of the Afghanistan and Iraq wars
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(Warden, 2006). Estimates indicate that 15–23% of service members deployed in these regions have suffered
an mTBI (Hoge et al., 2008; MacGregor et al., 2010).
Across contexts, mTBI represents 75% of all hospital
visits associated with TBI, with estimates of the costs
to the United States associated with concussion/mTBI
reaching approximately $17 billion per year in medical
care, lost productivity, and litigation (Centers for
Disease Control and Prevention, 2003).
Neuropsychological evaluation has been described as
the “cornerstone” of concussion management (Aubry
et al., 2002), with multiple publications demonstrating
good validity and utility in the identification of residual
symptoms of concussion in both sports (Belanger &
Vanderploeg, 2005; Echemendia et al., 2013; Iverson
& Schatz, 2015; Nelson et al., 2016) and nonsports
populations (Belanger & Vanderploeg, 2005; Karr,
Areshenkoff, & Garcia-Barrera, 2014; Vanderploeg,
Belanger, & Curtiss, 2009), particularly in the initial
days following the injury. Computerized neurocognitive
assessment tools (CNATs) have become commonplace,
both within the sports arena (Covassin, Elbin,
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Stiller-Ostrowski, & Kontos, 2009) and outside of
sports (Karr et al., 2014). In fact, CNATs have demonstrated the highest sensitivity to concussion among
commonly utilized evaluation techniques (i.e., measures
of postural stability and symptom endorsement) in the
early days following injury (Broglio, Macciocchi, &
Ferrara, 2007) as well as sensitivity and utility for the
management of concussion across injury context
(McCrory et al., 2013; Norris, Carr, Herzig, Labrie, &
Sams, 2013).
The Automated Neuropsychological Assessment
Metrics (ANAM)1 is a computerized cognitive test
battery that has been widely used to measure cognitive
effects of injury, exposure, or illness (CSRC, 2013).
ANAM includes a library of tests designed to be sensitive measures of attention, processing speed, working
memory, and cognitive efficiency (CSRC, 2013). ANAM
has demonstrated clinical utility in the evaluation and
monitoring of mTBI populations in sports (Cernich,
Reeves, Sun, & Bleiberg, 2007; Nelson et al., 2016),
military blast injury (Bryan & Hernandez, 2012; Norris
et al., 2013), and mixed clinical populations (Kane,
Roebuck-Spencer, Short, Kabat, & Wilken, 2007;
Woodhouse et al., 2013). Two ANAM tests have
recently been transitioned to run on an Android platform for use on mobile devices (i.e., tablets and smartphones): Matching to Sample (M2S) and Procedural
Reaction Time (PRO). Both subtests have shown good
validity and clinical utility in a variety of mTBI populations (Bleiberg, Garmoe, Halpern, Reeves, & Nadler,
1997; Bleiberg, Kane, Reeves, Garmoe, & Halpern,
2000; Bryan & Hernandez, 2012; Cernich et al., 2004;
Cernich et al., 2007; Kelly, Coldren, Parish, Dretsch, &
Russell, 2012; Luethcke, Bryan, Morrow, & Isler, 2011;
Yallampalli et al., 2013). For example, Bryan and
Hernandez (2012) examined M2S and PRO performance in 116 service members referred to a TBI clinic
in central Iraq for TBI evaluation. In comparison to
those determined to not have sustained mTBI, a greater
proportion of those diagnosed with mTBI (N ¼ 96)
demonstrated declines in response time from baseline
of more than .5 standard deviations on both tests. Similarly, Kelly et al. (2012) and Coldren, Russell, Parish,
Dretsch, and Kelly (2012) observed significant declines
in performance on these tests 72 hours following mTBI
compared to small performance improvements (i.e.,
practice effects) observed among controls. Coldren
et al. (2012) found that these declines resolved by
5–15 days post-injury. Luethcke et al. (2011) also found
slowed response times on M2S and PRO following
mTBI in service members, regardless of mechanism of
1

ANAM is exclusively distributed by Vista LifeSciences, Inc.
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injury (blast vs. nonblast), and an associated decline in
accuracy on M2S of almost a full standard deviation
for both blast and nonblast traumatic brain injuries.
In non-military samples, Bleiberg et al. (1997, 1998)
found that patients with mTBI performed worse on
PRO compared to controls, even when traditional
neuropsychological tests were within the normal range.
Cernich et al. (2007) also reported significant differences between people with head injuries and controls
when utilizing PRO. A recent prospective, head-to-head
study of the efficacy of CNATs in the evaluation of
sports concussion (Nelson et al., 2016), demonstrated
the sensitivity to concussion of both the M2S and
PRO subtests with at least equal effect size and duration
of sensitivity following concussion as other commonly
used CNATs. In fact, ANAM M2S was the only CNAT
index that demonstrated clinically significant sensitivity
to concussion at 15 days post-injury in the concussed
athlete sample.
CNAT data have traditionally been interpreted
clinically by collecting post-injury data, with comparison to a pre-injury baseline reference in order to identify magnitude of decline (Echemendia et al., 2013).
This has also been the case with ANAM in both sports
(Cernich et al., 2007) and nonsports populations (Bryan
& Hernandez, 2012; Roebuck-Spencer, Vincent,
Schlegel, & Gilliland, 2013). Although this clinical practice is commonplace in the evaluation and management
of sports concussion, some authors have raised concerns
about the use of a serial testing model in the context of
concussion management, given the introduction of
additional error in models that rely on repeated testing
(Echemendia et al., 2013; Iverson & Schatz, 2015), most
notably by issues regarding CNAT test reliability which
has been shown to be less than optimal in recent years
for all commonly used CNATs (Nelson et al., 2016;
Resch, McCrea, & Cullum, 2013). Even when no baseline CNAT test data are available, support exists for
the clinical utility of neurocognitive data in the
evaluation and management of concussion based on
normative (Echemendia et al., 2012) and multivariate
base rate data alone (Iverson & Webbe, 2011), including
the clinical interpretation of ANAM specifically using
normative data in sports (Schmidt, Register-Mihalik,
Mihalik, Kerr, & Guskiewicz, 2012) and non-sport
mTBI populations (Ivins et al., 2015). Thus, the purpose
of the current study was (1) to evaluate the role of
demographic factors for the cognitive test component
of the BrainScope Ahead 3002 system made up of the
2

The Ahead 300 is under development. At the time this manuscript was submitted the Ahead 300 had not received premarket clearance from the
Food and Drug Administration.
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Android version of the ANAM M2S and PRO tests, (2)
to establish normative data for these tests when administered on the mobile platform, (3) to report base rates
of below average performance in individuals with no
subjective cognitive impairment upon self-report, and
(4) to examine the consistency of the current
normative data to patterns observed for the same tests
when administered on a PC platform.

Methods
Participants
Participants for the normative sample were recruited
from the general community at five geographically
distributed sites across the U.S. (Colorado, Ohio,
Oklahoma, Texas, and Virginia). Data collection was
conducted simultaneously at each site following an
identical research protocol. Recruitment was stratified
at each site by age and gender. For age, approximately
equal numbers were sought from six age groups (18–
30, 31–40, 41–50, 51–60, 61–70, and 71–80) for both
males and females. Data collection efforts yielded data
from 624 individuals across the five test sites in this
age range. Each of the five sites contributed at least 86
participants with four of the five sites contributing over
100 participants each. Participants were excluded if
they met any of the following criteria: history of head
injury with loss of consciousness greater than 30
minutes (N ¼ 18); diagnosis of severe psychiatric illness
(N ¼ 16); clinically significant neurological disease
(N ¼ 20); or use of centrally acting medication (N ¼
27); inability to understand English sufficiently to comprehend testing instructions (N ¼ 0). Additionally,
observations were excluded on a test-by-test basis due
to low accuracy (<56%; M2S: N ¼ 11; PRO: N ¼ 17)
or outliers that exceeded six standard deviations from
the mean reaction time (M2S: N ¼ 1; PRO: N ¼ 2). In
healthy individuals, these scores are typically indicative
of a lack of understanding of the instructions or
insufficient motivation.
The final sample size after these exclusions3 was
551 for M2S and 544 for PRO. All participants were
between the ages of 18 and 80 years (M ¼ 47.3, SD ¼
17.7) and English speaking (Table 1). The racial
composition of the final sample was 82% white. The
education level varied from 8th grade or less to a doctoral degree with the majority (59%) having minimally
completed a bachelor’s degree. The male to female
ratio was 248–303.
3

Totals may not add to final sample size due to individuals potentially
meeting more than one exclusion criteria.

Table 1.

Demographic characteristics of normative samplea.

Age, mean (SD)
Age group, n (%)
18–30
31–40
41–50
51–60
61–70
71–80
Gender, n (%)
Male
Female
Race, n (%)
White
Black
American Indian or Alaska Native
Native Hawaiian or Pacific Islander
Asian
Hispanic or Latino
Other or unknown
Education, n (%)
8th grade or less
Some high school, no diploma
High school graduate, diploma or equivalent
Some college, no degree
Trade/technical/vocational training
Associate’s degree
Bachelor’s degree
Master’s degree
Professional degree
Doctorate
Unknown
Marital Status, n (%)
Single, never married
Married or domestic partnership
Widowed
Divorced
Separated

47.3 � 17.7
133 (24)
87 (16)
83 (15)
83 (15)
97 (18)
68 (12)
248 (45)
303 (55)
449 (82)
26 (5)
3 (<1)
2 (<1)
12 (2)
31 (6)
28 (5)
5 (<1)
6 (1)
43 (8)
98 (18)
21 (4)
49 (9)
177 (32)
100 (18)
13 (2)
35 (6)
4 (<1)
128 (23)
342 (63)
20 (4)
54 (10)
2 (<1)

*Values vary slightly by test. Values from M2S sample (n ¼ 551).

Materials and procedures
BrainScope Ahead 300
The BrainScope Ahead 300 is a portable, non-invasive,
point of care device in development containing
multiple, selectable test modules intended to provide a
configurable panel of measures supporting a multidimensional clinical evaluation for the assessment of the
full spectrum of traumatic brain injury (TBI). At its core
the Ahead 300 records and automatically analyzes the
electroencephalogram (EEG) acquired from the frontal
and frontotemporal regions, applies a classification
algorithm to evaluate the likelihood of the presence of
TBI visible on CT, and derives an overall measure of
brain function impairment, the EEG Brain Function
Index, expressed as a percentile relative to a large
normal/uninjured population. The two cognitive performance tasks normed in this study are available in
the Ahead 300, as part of the full set of options
available for the multidimensional assessment of TBI.
Cognitive tests
For the current study, participants were administered a
mobile version of two ANAM tests designed for use on
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Cognitive test descriptions in order of administration.

Test name
Procedural Reaction Time
Matching to Sample

Description
Measures attention and processing speed by having the user respond as quickly as possible to different sets of stimuli
based on simple rules. (32 trials)
Measures visual spatial discrimination and working memory by presenting the user with a visual pattern for a specified
period of time and then, following a brief delay, asking the user to select the previously seen pattern from two
choices. (20 trials)

the BrainScope Ahead 300: Procedural Reaction Time
(PRO) and Matching to Sample (M2S). These two tests
measure reaction time, processing speed, attention,
visuo-spatial processing, and working memory. Brief
descriptions of each test are provided in Table 2 in
the sequence of administration. The mobile version of
the tests was programmed for the Android 4.1 operating
system with API level 16 and was administered on the
Ahead 300 investigational device.
The study was approved by the Institutional Review
Board of each of the study sites in accordance with
the ethical standards laid down in the Declaration of
Helsinki. Each subject signed a consent form prior to
their participation in the study and received financial
compensation.
Test administration procedures
Following consent and study enrollment, the participants completed a short demographics questionnaire
and then were administered the cognitive tests by
trained test proctors. The Ahead 300 is designed for
use by health care professionals to aid in the assessment
of patients suspected of mTBI and includes measures of
brain electrical activity (Prichep et al., 2012) and a
cognitive testing component.
The tests were administered on a standard hardware
configuration at all sites (Trimble Juno T41 rugged
handheld computer with a 4.3” display), which will be
part of the Ahead 300 system. Prior to testing, each of
the participants was directed to a quiet, distraction-free
environment and allowed to be seated or to stand. The
participants responded to the cognitive test stimuli by
tapping the screen using the thumb of each hand, as
appropriate. Each test began with practice items to assist
with learning procedures and minimize initial practice
effects before data collection. In the event that a participant did not understand the instructions, proctors were
present to provide clarification.
Device technical evaluation
While not true of all CNATs, many include response
times (RTs) as either primary or secondary outcome
measures. RT is defined as the latency between stimulus display and an examinee’s response. While RT is
often one of the most sensitive measures of cognitive
impairment as a function of disease, injury, or other

risk factors, it is also highly susceptible to error introduced by characteristics of the hardware or operating
system environment. The rise in computerized testing
coupled with the broad availability of and variability in
equipment available to conduct such testing makes
quantifying the RT precision and accuracy of CNATs
critical. Various hardware and software technologies
introduce small (ms) delays in the recording of
response times. As long as these delays are consistent
and repeatable, they do not negatively impact the
measurement of response times for individuals or normative results because they can be factored out of the
analysis.
Therefore, during the cognitive test development,
response timing characteristics were evaluated for the
Android versions of the two tests when delivered on
the selected hardware (Trimble Juno T41). Accuracy
and consistency of reaction time measurement was
assessed using the Black Box Toolkit, Version 2 (Black
Box Toolkit Ltd, Sheffield, UK). The Black Box Toolkit
(BBTK) is a commercial off-the-shelf product used to
assess the variability of device hardware and software
and the resulting contributions to the measured
response times. The BBTK offers the same functionality
as a binary state 20 channel digital oscilloscope or logic
analyzer. A robotic accuator arm was used to deliver a
response on the touchscreen at a pre-specified time
following stimulus presentation. In comparison to the
traditional PC implementation of the same tests,
additional timing latencies were observed which could
be attributed to any number of factors including the
touchscreen, OS, etc. More importantly, results demonstrated sufficient consistency of RT measurement with
the standard deviation of the measured reaction times
being between 5 and 8 milliseconds on the selected
device.
Statistical analyses
All data analyses for this paper were generated using
SAS software, Version 9.2 of the SAS System for
Windows (SAS Institute Inc., Cary, NC). Demographic
characteristics and test scores were summarized with
means and standard deviations (SD) for the continuous
measures and frequencies and percentages for the categorical variables. Pearson’s or point-biserial correlations
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(r) were used to explore the association of demographic
characteristics with test performance.
Based on previous work, the primary outcome
measure was throughput. Throughput is considered a
measure of effectiveness or cognitive efficiency and is
a combination of reaction time and accuracy (Thorne,
2006). Throughput units are reported as correct
responses per minute of available response time. Higher
values are indicative of better performance. Normative
data are presented for Throughput, as well as mean
reaction time for correct responses and percent correct.
The Throughput scores for each of the tests were
initially examined for normality of distribution.
Multiple regression analysis was conducted to examine
the effects of age, gender (0 ¼ male; 1 ¼ female),
education (0 ¼ high school diploma or less; 1 ¼ some
college or more), and race (0 ¼ white; 1 ¼ other) on test
scores. For the regression analyses, age was treated as a
continuous variable (i.e., not categorized into discrete
age groups). The education and racial groupings were
made on the basis of the availability of data as well as
a preliminary analysis looking for natural break points
among the response categories.
Prior to compilation of the normative data, analysis
of variance using the general linear model was conducted to examine differences according to age (6 groups),
education (2 groups), and race (2 groups). Effect sizes
were calculated using the generalized ω2 (omegasquared) statistic (small ¼ 0.01, medium ¼ 0.06, large ¼
0.15) (Olejnik & Algina, 2003). Percentile ranks, means,
and standard deviations were computed for the overall
normative sample and for relevant subgroups. Percentiles were calculated using the UNIVARIATE procedure
in SAS using the empirical distribution function with
averaging method. Base rates of “Below Average”
(throughput between 2nd and 9th percentile) and
“Clearly Below Average” (throughput at or below 2nd
Table 3.

percentile) performance were calculated for each test.
Base rate calculations were based on Throughput in
comparison to age- and gender-matched data.
Linear regression analysis was used to examine the
consistency of the slope of the regression lines describing the association between performance and relevant
demographics for the current data in comparison to
existing normative data for the tests when administered
on a standard PC platform.

Results
Multiple regression analysis was used to examine the
contributions of age, gender, education, and race to
Throughput scores from each of the tests. None of the
interaction effects (2- or 3-way) were significant, thus,
they were not included in the final models. Regression
coefficients and zero-order correlations (Pearson for
age and point biserial for gender, education, and race)
are presented in Table 3. For both M2S and PRO, significant zero-order correlations were observed between
Throughput and age, education, and race. While significant, the correlations with education and race were
small in magnitude. These three variables also had significant (p < .05) partial effects in the regression model.
Age accounted for the largest proportion of the variance
with lesser, but significant, effects observed for both
education and race. Gender did not account for a significant proportion of the variance for either test. The
four predictor model was able to account for 28% of
the variance in M2S scores, F(4, 545) ¼ 52.62, p < .0001,
R2 ¼ .28 and 35% of the variance in PRO scores, F(4,
538) ¼ 70.91, p < .0001, R2 ¼ .35.
Prior to compilation of the stratified normative data,
a three-way ANOVA was conducted for each test to
assess effects of the potential stratification variables
identified from the multiple regression. Age was grouped

Throughput scores related to demographic characteristics.
Zero-Order r

Variable
Matching to Sample (N ¼ 551)
Age
Gender (0 ¼ M; 1 ¼ F)
Education (0 ¼ HS or less; 1 ¼ Some college or more)
Race (0 ¼ White; 1 ¼ Other)

Race

Education

.19**

Gender

Age

TP

.01
.02

.00
.03
.20**

.47**
.04
.14**
.11**

.51**
.04
.13**
.19**

.35
1.07
5.19
5.84

.03
.90
1.53
1.19
Intercept ¼ 47.50

.02
.01

.01
.04
.20**

.51**
.07
.21**
.12**

.55**
.06
.19**
.19

0.75
3.09
14.32
11.32

0.05
1.67
2.73
2.22
Intercept ¼ 126.24

b

b

R2 ¼ .28
Procedural Reaction Time (N ¼ 543)
Age
Gender (0 ¼ M; 1 ¼ F)
Education (0 ¼ HS or less; 1 ¼ Some college or more)
Race (0 ¼ White; 1 ¼ Other)

.21**
R2 ¼ .35

Note. TP ¼ Throughput.
*p < .05. **p < .01.
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Table 4. Analysis of variance source table and effect sizes for
age, education, and race effects on throughput scores.
Test
Matching to Sample
Procedural Reaction Time

Effect
Age
Education
Race
Age
Education
Race

df
2
1
1
3
1
1

F
78.60
10.66
18.68
72.00
24.46
23.38

p
<.0001
.0010
<.0001
<.0001
<.0001
<.0001

x2
.22
.02
.03
.28
.04
.04

Note. Generalized x2 effect size estimates reported to 2 digits. Rule of
Thumb: 0.01 is small, 0.06 is medium, 0.15 is large.

in a manner consistent with the groupings used for
recruitment: 18–30, 31–40, 41–50, 51–60, 61–70, and
71–80 years. The education and race groups were as
previously defined. Significant main effects were
observed for all three variables for both tests (M2S:
Table 5.
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F(4, 546) ¼ 44.21, p < .0001, R2 ¼ .24; PRO: F(5,
538) ¼ 50.72, p < .0001, R2 ¼ .32). Mean cognitive
efficiency was observed to decline with age and was
higher among those with higher education and whites.
The largest proportion of the variance in Throughput
scores was explained by age (22% for M2S and 28%
for PRO) with education and race each explaining 3%
or less for M2S and 4% or less each for PRO (Table 4).
Due to the relatively small additional contribution of
the education and race variables and the resulting small
sample sizes when all three stratification variables are
included, the normative data are presented in Tables 5
and 6 stratified only by age. Normative tables include
the mean, SD, minimum (0%), and maximum (100%)
percentile scores, first (25%), second (50%), and third

Mean, standard deviation, and percentile scores for matching to sample test.
Percentile

Variable
Mean RT

Correct (%)

Throughput

Table 6.

Age
All
18–30
31–40
41–50
51–60
61–70
71–80
All
18–30
31–40
41–50
51–60
61–70
71–80
All
18–30
31–40
41–50
51–60
61–70
71–80

n
551
133
87
83
83
97
68
551
133
87
83
83
97
68
551
133
87
83
83
97
68

Mean � SD
1744 � 651
1415 � 381
1535 � 510
1685 � 582
1856 � 555
2029 � 711
2188 � 856
89.6 � 8.2
92.2 � 6.6
90 � 7.4
91.2 � 9
88.4 � 7.8
88 � 8.4
86.4 � 9
33.8 � 12.2
41 � 11.4
37.8 � 12.2
35.2 � 12.6
30.2 � 10.8
28 � 9.2
25.4 � 8

0
5303
2552
2979
3467
3460
4302
5303
60
70
65
60
70
65
60
10.2
20
12.8
12
12.8
12.2
10.2

2
3460
2419
2861
3143
3448
4148
5189
70
75
70
65
70
70
65
14.2
22.6
18.6
14.2
13.6
13.4
11.4

9
2706
2022
2492
2565
2663
2977
3280
75
85
80
80
75
75
75
18.8
26.4
20.8
19.6
19.4
16
15

25
2076
1634
1772
2046
2199
2352
2679
85
90
85
85
85
85
80
24.2
32.2
29.2
25.8
22
20.2
18.8

50
1586
1316
1420
1539
1809
1901
1974
90
95
90
90
90
90
87.6
32.2
41
37.4
35.4
27.4
26.4
25.4

75
1276
1178
1187
1243
1480
1489
1600
95
95
95
100
95
95
95
41.4
47.2
44.8
42.6
35.8
34
31

91
1075
934
947
1080
1096
1249
1384
100
100
100
100
100
100
95
49.8
58.2
52.6
53.8
47
42.2
35.6

98
821
799
763
817
884
1045
1172
100
100
100
100
100
100
100
63.4
70.2
70
61.8
57.4
48.8
40.2

100
724
724
756
755
765
1020
1056
100
100
100
100
100
100
100
75.8
73
75.8
69.6
62.6
49.4
43.8

75
499
463
477
479
550
578
623
100.0
100.0
100.0
100.0
100.0
100.0
100.0
116.6
127.0
122.6
122.0
106.4
100.4
94.2

91
448
414
448
441
498
531
546
100.0
100.0
100.0
100.0
100.0
100.0
100.0
129.2
138.2
129.8
133.6
120.4
110.8
106.8

98
412
392
426
424
412
446
497
100.0
100.0
100.0
100.0
100.0
100.0
100.0
140.8
146.6
136.4
139.4
140.8
117.4
117.0

100
364
364
422
413
411
431
480
100.0
100.0
100.0
100.0
100.0
100.0
100.0
165.0
165.0
137.8
141.2
145.8
120.8
119.8

Mean, standard deviation, and percentile scores for procedural reaction time test.
Percentile

Variable
Mean RT

Correct (%)

Throughput

Age
All
18–30
31–40
41–50
51–60
61–70
71–80
All
18–30
31–40
41–50
51–60
61–70
71–80
All
18–30
31–40
41–50
51–60
61–70
71–80

n
544
128
90
83
81
95
67
544
128
90
83
81
95
67
544
128
90
83
81
95
67

Mean � SD
625 � 204
517 � 83
564 � 141
604 � 212
682 � 203
677 � 163
797 � 306
96.6 � 5.4
96.6 � 4.6
97.4 � 3.2
96.6 � 5.8
96.4 � 7.6
96.4 � 6
97 � 5
99.8 � 23.8
115 � 17.8
107.8 � 19.4
103.4 � 25
91.2 � 23.8
89.2 � 18.6
80.4 � 20.6

0
2036
777
1453
1658
1494
1440
2036
56.2
71.8
84.4
56.2
56.2
71.8
65.6
24.0
73.8
41.2
36.2
25.4
24.0
26.2

2
1354
767
909
1477
1369
1249
1893
78.2
78.2
90.6
87.6
68.8
71.8
84.4
40.2
75.8
58.0
40.6
27.0
33.6
29.4

9
848
622
724
848
918
901
1167
90.6
90.6
93.8
90.6
90.6
87.6
93.8
67.8
88.0
77.4
63.2
65.4
63.6
48.6

25
683
557
597
644
759
727
847
96.8
93.8
96.8
93.8
96.8
96.8
96.8
85.0
105.0
97.0
90.2
77.6
79.8
69.4

50
579
504
526
544
633
643
722
96.8
96.8
96.8
96.8
100.0
96.8
96.8
101.4
115.6
111.0
107.6
94.2
91.8
81.6

572

A. S. VINCENT ET AL.

Table 7. Proportion of healthy individuals obtaining “Below
Average” or “Clearly Below Average” scores on the Ahead 300
cognitive tests.
Test
Matching to Sample
Procedural Reaction Time

N
551
544

“Below
Average”
7.6
7.4

“Clearly Below
Average”
2.7
2.8

Note. “Below average” includes scores falling at or below the 9th percentile
and above the 2nd percentile. “Clearly below average” includes scores at
or below the 2nd percentile.

(75%) quartile scores, and 2nd, 9th, 91st, and 98th
percentile scores for each subgroup.
Approximately 10% of individuals scored in the
Below Average or Clearly Below Average range on
each test despite no objective cognitive impairment
(Table 7). A total of 16.6% of individuals earned at
least one score in the Below Average or Clearly Below
Average range. The majority of these (81%) scored in
the impaired range on only one of the tests. Of this
presumed healthy sample, only 17 (3%) had impaired
scores (either Below or Clearly Below Average) on
both tests (Table 8).
The pattern of age-related change observed for data
collected on the Ahead 300 was compared to existing
normative data (N ¼ 419) for the same tests when
administered on a PC for a comparable age range (ages
18–80) (CSRC, 2013). There was no difference in the
slope of the regression line of age in predicting
Throughput scores for either of the tests (M2S: b ¼
0.337, SEM ¼ 0.03 vs. b ¼ 0.325, SEM ¼ 0.03, for
PC and mobile platforms, respectively, p ¼ 0.65; PRO:
b ¼ 0.605, SEM ¼ 0.05 vs. b ¼ 0.689, SEM ¼ 0.05,
for PC and mobile platforms, respectively, p ¼ 0.09).
Table 9 presents the mean difference in Throughput
scores for sequential age groups that were observed in
data obtained on both platforms. Consistent with the
regression analysis, declines in Throughput scores were
observed with increasing age group for all data obtained
on the PC platform. This age-related decline was also
observed for data on the mobile platform. The magnitudes of the declines were also comparable.
Table 8. Frequency of impaired scores on the Ahead 300
cognitive tests.
Test
2 scores Clearly Below Average
1 score Clearly Below Average AND 1 score Below Average
1 score Clearly Below Average AND 1 score Average
2 scores Below Average
1 score Below Average AND 1 score Average
2 scores Average

N (%)
3 (0.6)
9 (1.7)
13 (2.4)
5 (0.9)
59 (11.0)
447 (83.3)

Note. Includes only those individuals with scores on both tests (N ¼ 536).
“Average” (or above) includes scores above the 9th percentile. “Below
average” includes scores falling at or below the 9th percentile and
above the 2nd percentile. “Clearly below average” includes scores at or
below the 2nd percentile.

Table 9. Mean throughput difference (95% CI) by age group
for mobile and PC platforms.
Age group (yrs)
18–30
31–40
41–50
51–60
61–70

(1):
(1):
(1):
(1):
(1):

31–40
41–50
51–60
61–70
71–80

(2)
(2)
(2)
(2)
(2)

18–30
31–40
41–50
51–60
61–70

(1):
(1):
(1):
(1):
(1):

31–40
41–50
51–60
61–70
71–80

(2)
(2)
(2)
(2)
(2)

PC Δ2 1
Matching to sample
4.5 ( 0.2, 9.2)
2.4 ( 3.2, 8.0)
4.3 ( 1.2, 9.8)
1.8 ( 5.4, 9.0)
1.7 ( 7.9, 11.3)
Procedural reaction time
7.4 ( 0.1, 14.8)
1.0 ( 7.9, 9.8)
9.6 (1.1, 18.2)
6.4 ( 4.8, 17.6)
12.9 ( 1.7, 27.5)

Mobile Δ2

1

3.1
2.5
5.1
2.2
2.5

( 1.2, 7.4)
( 2.3, 7.3)
(0.3, 10.0)
( 2.5, 6.9)
( 2.4, 7.5)

7.1
4.4
12.2
2.1
8.8

( 1.1, 15.2)
( 4.6, 13.4)
(2.9, 21.4)
( 6.9, 11.0)
( 0.7, 18.2)

Discussion
The goal of this study was to establish normative data
for the cognitive test component of the BrainScope
Ahead 300 system and to examine the effects of various
demographic factors, including age, gender, race, and
education, on test performance. Normative data are
especially important in this case in order to validate
the mobile methodology for data collection and to
establish the feasibility of use in general community
populations.
Valid interpretation of neuropsychological test scores
necessitates information about typical performance so
that deviations from this can be identified. The absence
of such normative data can lead to faulty conclusions
about the clinical meaning of test results. Traditional
instruments are sensitive to user error, and face-to-face
interviews with allied health professionals are not
diagnostic, typically having only a limited role in medical settings (Malhotra et al., 2015; Persoon, Van der
Cruijsen, Schlattmann, Simmes, & Van Achterberg,
2011). In the absence of neuropsychological services,
computerized screening tests are well suited for use in
brief clinical evaluations of the common causes of
neurocognitive impairment including attention deficit/
hyperactivity disorder, traumatic brain injury, and
dementia (Gualtieri & Johnson, 2006).
The associations of test performance with age, education, and race are broadly consistent with previous
research examining cognitive performance in healthy
populations. The major finding indicates a general
decline in performance with age in the form of
decreases in the Throughput measure. This effect was
minimal among the younger age groups which is
consistent with prior research showing that age-related
cognitive changes are typically small for individuals
20–40 years old (Craik & Bialystok, 2006). Declines in
Throughput can result from slowing reaction times,
decreasing accuracy, or both. In this case, a closer examination of the component reaction time and accuracy
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scores reveals that the observed differences were the
result of faster reaction times among younger individuals, those with higher education, and among whites
rather than any differences in accuracy of responding.
This is not unexpected as many healthy individuals will
perform at near ceiling-effects for accuracy on PRO and
M2S when cognition is not compromised. This pattern
of results is consistent with prior findings from standard
neuropsychological tests showing that psychomotor
speed tends to slow with increasing age (Heaton, Ryan,
Grant, & Matthews, 1996). Results are also consistent
with previously reported ANAM data (RoebuckSpencer et al., 2008; Vincent et al., 2008; Vincent,
Roebuck-Spencer, Gilliland, & Schlegel, 2012).
While age was a factor affecting M2S and PRO performance, we found no significant effects of gender
for either of the tests in the current study. This finding
differs from prior research on the ANAM M2S and PRO
tests in military samples (Vincent et al., 2008; Vincent
et al., 2012). Those prior studies had much larger sample sizes and may have been overpowered to detect differences associated with gender.
We anticipated differences in the timing accuracy
achieved on the standard PC platforms in comparison
to the Android mobile device, and differences due to
response modality of the current implementation
(touchscreen using thumbs on the mobile device in
comparison to mouse button responses on the PC).
Specifically, we expected to find absolute differences in
the reaction times measured in the current study in
comparison to previously collected data on a standard
PC platform. However, despite these differences, we
expected that the pattern of performance on the current
handheld device would be comparable to data obtained
from these tests on a standard PC platform due to the
similarities in the test characteristics and presentation
(which were identical). These data provide preliminary
evidence to demonstrate that despite being a new
platform, the pattern of results obtained on this new
platform is likely to be consistent with previously studies showing differences in performance related to a
number of risk factors, including concussion. Future
research should explore this further in clinical samples.
Additionally, reliability and validity studies are still
needed to fully document the psychometric properties
of these tests on the mobile platform.
The observed base rates suggest that a subset of presumed healthy individuals may perform at an impaired
level on either the PRO and M2S tests. Despite using
slightly different cut-points, these rates are comparable
to those reported by Vincent et al. (2012) for the standard ANAM version of these tests when administered
in a military sample. In that study, 7% of service

573

members scored more than 1.3 SD below the mean
for M2S and 9% for PRO. The current data further suggest that it is rare for a healthy individual to score in an
impaired range on both tests, especially when the most
stringent criteria of scores at or below the 2nd percentile
is applied. Overall, these data are consistent with base
rates reported for other test batteries (Heaton et al.,
1996; Schretlen, Testa, Winicki, Pearlson, & Gordon,
2008), although rates will vary depending on the number of tests in a battery. By documenting the prevalence
of impaired scores among healthy individuals, clinicians
can make more informed decisions regarding the scores
observed in individual patients which may help to avoid
over-diagnosis of clinical impairment.
Standardized administration is an important
component of cognitive testing. Cognitive testing on
traditional PC platforms typically involves administration in an indoor setting, in a seated position, with a
computer screen in front of the examinee. The use of
mobile devices presents challenges to these standardized procedures due to the ease of use in a variety
of environments. Test environment, particularly one
with significant distractions, can influence performance. For the current study, participants were tested
in the community in a variety of settings. However, in
each setting the participant was directed to a quiet,
distraction-free environment. The participant was
allowed to be seated or to stand. A proctor monitored
the participant during the entire testing period to
ensure proper use of the device and to be available
to answer questions.
Norms should reflect a broad range of ages and educational levels with representation of the diversity of the
populations intended for assessment. The representativeness of this sample is limited by race where 82%
(N ¼ 449) of the sample describe themselves as White.
The underrepresentation of racial diversity does not
allow the sample to be stratified by ethnicity within each
age or education bracket. Additionally, the sites were
selected to provide regional diversity, but not all geographic regions of the United States were sampled.
Importantly, because the data were collected by research
personnel from universities and research centers, the
normative sample was largely drawn from urban areas.
The proximity to academic centers also likely impacted
the educational diversity in the sample, here only 11
people reported earning less than a high school diploma
(<2%). Studies have shown that literacy influences the
brain’s organization of cognition (Matute et al., 2012).
The impact is likely to be larger on more difficult test
batteries, but the impact of literacy and education on
cognitive function cannot be anticipated from these
data. Research also suggests a complex relationship
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between education and the cognitive ability associated
with age. The current sample shows good representation
of ages from 18 to 80 but the interaction between ageassociated changes and education may be heterogeneous
and warrants additional research attention (de Azeredo
Passos et al., 2015). All told, the expansion of the database to include more variability in education and more
minority Americans will make it possible to address that
issue and to standardize scores within narrower age
parameters.
In summary, tools that allow the timely evaluation of
a broad range of cognitive functions are a priority for
research and practice. The most promising instruments
should undergo this type of rigorous standardization
and psychometric testing so that they can demonstrate
their clinical utility prior to their deployment into settings for use by medical personnel. The normative data
and associated base rates presented here will aid medical
professionals in the evaluation and treatment in medical
populations suspected of having sustained mTBI. The
cognitive test component of the BrainScope Ahead
300 is the only available hand-held CNAT to provide
norms across a broad range of ages and educational
levels that can address this need.
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Background: There is an urgent need for objective criteria adjunctive to standard clinical assessment of
acute Traumatic Brain Injury (TBI). Details of the development of a quantitative index to identify
structural brain injury based on brain electrical activity will be described.
Methods: Acute closed head injured and normal patients (n ¼ 1470) were recruited from 16 US
Emergency Departments and evaluated using brain electrical activity (EEG) recorded from forehead
electrodes. Patients had high GCS (median¼ 15), and most presented with low suspicion of brain injury.
Patients were divided into a CT positive (CT þ) group and a group with CT negative ﬁndings or where CT
scans were not ordered according to standard assessment (CT  /CT_NR). Three different classiﬁer
methodologies, Ensemble Harmony, Least Absolute Shrinkage and Selection Operator (LASSO), and
Genetic Algorithm (GA), were utilized.
Results: Similar performance accuracy was obtained for all three methodologies with an average
sensitivity/speciﬁcity of 97.5%/59.5%, area under the curves (AUC) of 0.90 and average Negative Predictive
Validity (NPV) 499%. Sensitivity was highest for CT þ cases with potentially life threatening hematomas,
where two of three classiﬁers were 100%.
Conclusion: Similar performance of these classiﬁers suggests that the optimal separation of the
populations was obtained given the overlap of the underlying distributions of features of brain activity.
High sensitivity to CTþ injuries (highest in hematomas) and speciﬁcity signiﬁcantly higher than that
obtained using ED guidelines for imaging, supports the enhanced clinical utility of this technology and
suggests the potential role in the objective, rapid and more optimal triage of TBI patients.
Published by Elsevier Ltd.
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1. Introduction
Traumatic brain injury (TBI) accounts for over 1.5 million
emergency department (ED) visits annually within the United
States and the majority of these visits are for mild injury (mTBI)
[1]. The “Center for Disease Control” (CDC) additionally estimates
that more than 2 million patients per year with nonfatal traumatic
brain injury from sports and recreation activities do not seek
medical care [2]. It is critical that medical providers at the scene of
the injury and in the ED be able to rapidly and accurately
n
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fax: þ1 212 263 6457.
E-mail address: Leslie.Prichep@nyumc.org (L.S. Prichep).

http://dx.doi.org/10.1016/j.compbiomed.2014.07.011
0010-4825/Published by Elsevier Ltd.

determine if the traumatic brain injury is life or quality of life
threatening. Currently, non-contrast cranial computed tomography (CT) scan is the method of choice for evaluating acute brain
injury. In the ED departments of US hospitals, patients presenting
with mTBI routinely undergo CT scans. This occurs primarily
because of the high risk associated with missed intracranial lesions
and because current decision rules for the use of CT scanning in
mTBI have high sensitivity at the expense of very poor speciﬁcity
[3].
The emergency medicine, neurosurgical and neuroscience
literature indicates that the prevalence of structural brain injury
visible on CT (“CT positive”, CT þ) in adult patients with mTBI and
Glasgow Coma Scale score (GCS) [4] of 13–15, evaluated in the ED
ranges from 7.5% to 12.1% [5–7]. Several factors related to the
status of the patients at the time of evaluation are important

126

L.S. Prichep et al. / Computers in Biology and Medicine 53 (2014) 125–133

determinants in the prevalence numbers reported. Furthermore,
CT positive scans include a continuum of injuries from those that
require little or no clinical intervention to those that are potentially life-threatening, with different clinical paths and actions
required for the different levels of injury severity. As deﬁned by
Stiell et al. [8] “clinically important” brain lesions are those that
require surgical intervention or observation in hospital whereas
“clinically unimportant” brain lesions are those that require
neither admission nor specialized follow-up.. This underscores
the importance of rapid and reliable triage at the point of injury in
TBI patients presenting to the ED with low suspicion of brain
injury.
Further complicating the situation is the fact that CT scans are
assessed by subjective visual inspection, with poor inter-rater
reliability, especially for etiology of the injury detected [9,10].
While some methods of scoring the severity of the abnormalities
seen in CT have been used, these scales are largely insensitive to
the type of injuries seen in patients who present with mild signs
and symptoms, (e.g., Marshall Scale) [11]. Thus, there remains a
need for more objective quantitative criteria as an adjunct to
standard clinical and imaging practice to help optimize sensitivity
to the “clinically important” brain injuries.
Changes in brain electrical activity that occur in TBI have been
reported in the scientiﬁc literature. The use of such measures for
the classiﬁcation and identiﬁcation of head injured patients has
also been studied using 19 lead electroencephalogram (EEG) data,
and reported to be sensitive to both structural and functional brain
injury [12–14]. This paper will describe the development of a
hand-held tool using a classiﬁcation algorithm based on quantitative features of brain electrical activity for rapid, objective, and
reliable assessment of the likelihood of the presence of structural
brain injury for the triage of patients who present with mild TBI to
the ED. Throughout the period of development independent
publications have presented evidence of the potential clinical
utility of the classiﬁcation algorithm in development [15–18].
This paper will describe the development of a quantitative
biomarker or index, based on brain electrical activity that is
sensitive to the presence of structural brain injury. Embedded in
a hand-held device, this system could be used to rapidly, objectively, reliably evaluate head injured patients presenting with low
suspicion of brain injury. Speciﬁcally, the development and clinical
utility of a binary classiﬁcation algorithm, for classiﬁcation into
one of two distinct categories, will be described. This algorithm
would assist in determining whether a patient is likely to have a
CT positive brain injury and thereby aid in the determination of
the presence of injuries requiring further clinical action.

2. Methods
2.1. Patient population
Data was collected at 16 Emergency Departments (EDs) across
the USn, with approval from local Institutional Review Boards
(IRBs). Subjects were a convenience sample (n ¼1470; 33% female;
67% male) meeting inclusion/exclusion criteria described below.
All subjects signed written informed consent.
2.1.1. Inclusion criteria for TBI patients and controls
These were males and females between the ages of 15 and 90,
who suffered a closed head injury and with a GCS of 7 or higher,
with or without loss of consciousness (LOC) or traumatic amnesia
and with symptoms of TBI. Normal controls were: (1) ED patients
presenting without head injuries or problems related to the
central nervous system; or subjects who participated in college
and high school sports, but who did not sustain head injuries; and

(2) possible TBI controls were subjects who sustained head injury
but had no altered mental status (AMS), no loss of consciousness
(LOC), no amnesia and no signiﬁcant symptoms related to head
injury upon presentation.

2.1.2. Exclusion criteria for TBI patients and normal controls
These were subjects with scalp or skull abnormalities or whose
clinical condition, such as head trauma, would not allow placement of the electrodes; intoxication in those obtunded to the point
where they could not participate in the study. Patients with
advanced dementias, Parkinson's disease, diagnosed chronic drug
or alcohol dependence, known seizure disorder, mental retardation, or those currently taking daily prescribed medication for a
known diagnosed psychiatric disorder also were excluded.
With regard to factors such as drugs or alcohol, fatigue, pain,
and other factors which may be present in head injury cases, the
method used in this investigation was to include them in all
subject groups (controls and head injured patients), except as
deﬁned by exclusion criteria. By doing this, they are eliminated as
differentiating factors between groups, and features sensitive to
these factors are not selected by the classiﬁer, whereas features
independent of such factors that differentiate between groups are
candidates for selection.

2.2. Clinical assessments
All study subjects were evaluated with the following symptom
based scales or assessment tools: (1) Concussion Symptom Inventory [19] (CSI): a brief screening measure that assesses the
presence and severity of 12 common post-concussive symptoms.
A Likert-type scale is used to assess symptom severity (range
0–6 per item), with a total score range of 0–72 for the full CSI.
Higher scores on the CSI indicate more severe symptoms reported;
and (2) Standard Assessment of Concussion (SAC) [20,21]: a brief
cognitive screening tool that has been used extensively to assess
the cognitive effects of concussion. The SAC includes brief subtests
of orientation, immediate memory, concentration, and delayed
recall. The total score range of the SAC is 0–30 with lower scores
on the SAC indicating poorer cognitive performance. In addition,
all measures which were components of the New Orleans Criteria
(NOC) for referral of head injured patients for CT scans were
collected by trained research assistants. The NOC is a decision
guideline for referral for CT in head injured patients which is
commonly used in the ED. NOC was computed on each subject for
the purpose of estimating the percentage of subjects who would
have been referred for CT scan if this decision rule had been used
as the sole determinant for referral. The components of the NOC
include: headache, vomiting, age above 60 years, drug or alcohol
intoxication, persistent anterograde amnesia, anticoagulants, visible trauma above the clavicle, and seizure [6].
Using this information in consultation with emergency medicine and sports medicine physicians, and in conjunction with
published guidelines [22,23], the subjects were divided into four
clinical categories for the purpose of assessing performance of the
classiﬁers by injury severity. Category 1 subjects were functionally
normal controls, Category 2 subjects had mild concussions, Category 3 subjects had moderate concussions, and Category 4 subjects
were CTþ (i.e. the CT scan showed evidence of structural injury).
Since this study was focused on the binary classiﬁcation task
aimed at discriminating between subjects with structural brain
injury positive on CT scan (CT þ ) from those without structural
injury, the ﬁrst three categories were aggregated into a single
category referred to as CT negative or those not referred for a CT
(CT  /CT_NR). The age, gender and race distributions of the
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sample were determined by the representation of each in the
populations served by the participating sites involved.
2.3. CT Scans
The determination of which subjects will receive a CT scan was
made by the treating physician according to standard clinical
evaluation practice. Results of the CT scans were read by the
radiologist (read or over-read by a neuroradiologist) at each
clinical site. Based on the CT readings, patients were divided into
those with positive ﬁndings (CT þ) and those with negative
ﬁndings (CT  ). Patients who were not referred for CT (CT_NR)
by standard of care were considered together with CT  group as
both being not-CTþ in terms of all further analyses. All CT scans
were done within 72 hours of injury (with the vast majority done
within 24 h).
2.4. EEG data acquisition
Five to ten minutes of eyes closed resting EEG was obtained
using BrainScope's prototype handheld EEG acquisition devices.
Since the intended use of the TBI algorithm is to aid in the triage of
head injured patients in the acute setting (e.g. emergency department), it was important that the electrode sites be the minimum
number required to characterize EEG changes in TBI and be easily
accessible for rapid set-up. Therefore, EEG was recorded from a
limited frontal electrode montage, speciﬁcally including the following locations of the expanded International 10–20 Electrode
Placement System: Fp1, Fp2, F7, F8, AFz, A1 and A2. Fig. 1 shows
the hand-held recording device and the headset used to place
electrodes in the required locations. The EEG data was acquired at
a sampling rate of 8 kHz. All electrode impedances were below
10 kΩ. Ampliﬁers had a band pass ﬁlter from 0.5 to 70 Hz (3 dB
points).
2.5. EEG data processing
Recording sites were re-referenced to linked ears and downsampled from 8 kHz to 100 Hz prior to any processing of the data.
EEG recordings were processed through BrainScope's algorithms
for artifact detection [24] in order to identify for removal any
biologic and non-biologic contamination, including lateral and
horizontal eye movement, EMG muscle activity, high frequency
impulse artifacts, extremely low amplitude EEG activity, and
atypical electrical activity. In prior studies this artifact detection
algorithm showed 87.6% agreement on the artifact-free EEG
segments selected by an experienced EEG technologist and the
automatic artifact program. Previous experience has demonstrated

Fig. 1. A patient with the headset for placement of the electrodes in the required
standard sites is shown. Hand held EEG data acquisition device is also shown.
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that sufﬁcient artifact-free data (60–120 s; representing 24–48
contiguous epochs of length 2.56 s) can be obtained from these
ﬁve to ten-minute recordings in such a population. The epoch
length of 2.56 s was selected to correspond to a Fast Fourier
Transform (FFT) size of 256 bins used to compute estimates of
the power spectra of the subject's EEG.

2.6. Quantitative EEG (QEEG) feature extraction
The artifact-free EEG data was used to compute quantitative
EEG (QEEG) features of absolute and relative power, mean frequency, inter- and intra-hemispheric coherence and symmetry
computed for the delta (1.5–3.5 Hz), theta (3.5–7.5 Hz), alpha (7.5–
12.5 Hz), beta (12.5–25 Hz) and gamma (30–45 Hz) frequency
bands. These measures are described in detail elsewhere [24]. In
addition to these traditional QEEG features, several additional
features were included: (a) chaotic/fractal measures (fractal
dimension and scale-free activity) [25] which evaluate the global
complexity of the brain electrical activity at each electrode location across the total spectrum; (b) information theory-based
measures (entropy and wavelet entropy), which evaluate the
degree of order/disorder of the brain electrical activity at each
electrode location; and (c) connectivity measures (phase lag, phase
synchrony, and various across-region ratios of spectral power and
coherence) which evaluate relationships between and among
cortical regions [26,27]
Following neurometric QEEG methodology [28,29] all quantitative features were transformed to obtain an approximately
Gaussian distribution and z-transformed relative to age expected
normal values. The importance of each of these steps in enhancing
the sensitivity and speciﬁcity of brain electrical activity has been
described in detail elsewhere as are the robust test–retest reliability and independent replications of the normative data base of
brain electrical activity [30]. This database of QEEG feature zscores is referred to in this paper as the “algorithm development
database”. At this stage, blind to all other data, a ﬁnal quality check
was run to identify non-EEG data contamination based on distribution characteristics of features outside the frequency range of
interest that were not identiﬁed by the artifact algorithms. Cases
with such contamination were eliminated from the database
(approximately 3%).

2.7. Feature reduction
Following feature extraction, the algorithm development database contained several thousand features (M¼10,308) and subjects (n ¼ 1470). The problem of data reduction is common in
quantitative electrophysiology as well as in machine learning
problems in general. These problems typically involve large
datasets where the number of features can be much greater than
the number of subjects. In these cases an exhaustive search of such
a large feature space for an optimal subset of features from which
a classiﬁer is to be constructed becomes computationally prohibitive and statistically limited. Therefore, the ﬁrst step is to reduce
the number of features from several thousand to a few hundred. In
this work this problem was approached ﬁrst using a strategy called
“informed feature reduction” (described in detail by Prichep et al.
[24]) which was performed to retain only those features that are
stable, replicable, physiologically meaningful, and show good
separation between the two categories. The reduced feature set
following this initial reduction becomes the candidate feature pool
for building the classiﬁer.
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2.8. Classiﬁer development
The classiﬁer development stage involves searching the
reduced dimensionality feature space using advanced machine
learning-based search algorithms in order to obtain classiﬁer
candidates that can optimally separate the two categories. Fig. 2
shows a ﬂow chart of the process summarized here. Three
different classiﬁer builder algorithms were utilized in parallel:
Ensemble Harmony (Harmony), Least Absolute Shrinkage and
Selection Operator (LASSO), and Genetic Algorithm (GA). In the
use of all three methods, the candidates' performance was computed on a total of 35 “splits” of the total dataset. It is noted that
the number 35 was arbitrarily chosen and was considered to be
well above that demonstrated to be sufﬁcient to get a good
estimate of average performance and variability across splits (we
have seen anything above or equal to 10 to be adequate). Each
“split” is deﬁned as a speciﬁc division of the algorithm development database such that a randomly selected 80% of the database
forms the “training” portion and the remaining 20% forms the
“test” portion. The train and test portions were balanced for
category composition. Ten-fold cross-validation performance was
used for feature selection using the reduced feature pool as
described above. Leave-one-out cross-validation performance
was used for selecting the classiﬁcation threshold. Both of these
cross-validation methods are fairly standard and are described in
Statistical Classiﬁcation texts (e.g., [31]). A target cross-validation
speciﬁcity was used to constrain the solution to acceptable ranges
of speciﬁcity in accordance with our tolerance for stratiﬁcation of

risk. A decision was made to constrain the speciﬁcity instead of the
sensitivity because of the larger number of subjects on the
“negative side” of the classiﬁcation task (CT  /CT_NR) which was
expected to reduce the chances of inadvertently selecting an
operating point based on a spurious peak on the ROC curve. The
metrics used for evaluating classiﬁer performance were the area
under the curve (AUC) of the ROC as well as sensitivity, speciﬁcity,
NPV and PPV of the classiﬁers at their operating point. ROC curves
are useful for visualizing classiﬁer performance and the AUC is a
simple to compute, global, scalar measure of classiﬁer performance which is commonly used in medical classiﬁcation problems. In addition, ROC curves have the attractive property of
being insensitive to changes in class distributions [32]. At the end
of this procedure, an “All-In” classiﬁer building run was conducted
on the full algorithm development database (no train and test
partitions), with the ﬁnal objective to utilize the full algorithm
development data for training in order to derive a single binary
classiﬁer.
While the three classiﬁer builder algorithms all make use of
well-established methods for constructing statistical classiﬁers,
they approach the feature subset selection problem in speciﬁc ways
and impose different constraints. The Ensemble Harmony algorithm
and the GA are both evolutionary algorithms. An Evolutionary
Algorithm performs a stochastic search (which involves randomness from one iteration to the next) and evaluates a series of
candidate solutions, where each new candidate is informed by
high-performing predecessors, similar to genetic evolution [33–39].
In addition, the Harmony method uses ensemble classiﬁcation to

Fig. 2. Flowchart of the general classiﬁer building methodology, including the application of the training process for the nested cross-validation statistical assessment using
an 80%/20% train/test partition of the data, repeated 35 times. The ﬁnal model uses 100% of the data, and is applied to a blinded test group. “If not ﬁnal model” refers to steps
only applied for the nested cross-validation process, but not the ﬁnal model.
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combine a number of evolutionarily derived sub-classiﬁers (discriminant functions) into a single binary classiﬁer. Combining subclassiﬁers in this way serves to average out random anomalies that
may be present in any one sub-classiﬁer thereby possibly improving
alignment between the combined model and the true underlying
signal distributions [40–43]. The LASSO method builds a classiﬁer
using a regularized logistic regression model with an L1 absolute
value (“LASSO”) penalty [44]. The L1 penalty increasingly constrains
the feature weights, with the optimal constraint level tuned
through cross-validation. By adding the LASSO penalty to the
starting regression, the original weights are constrained, preventing
over-ﬁtting. The GA algorithm imposes a penalty constraint on the
number of variables in the classiﬁer candidates so as to maintain a
high subject-to-variable ratio, thereby reducing the risk of overﬁtting. The commonalities and differences in the three methods and
their implementation are summarized in Table 1.

3. Results
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point on the ROC curve (deﬁned by selecting a classiﬁcation
threshold) of the three classiﬁers were: 97.8/61.4 (Ensemble
Harmony), 97.8/59.1 (LASSO), and 96.8/57.9 (GA). The Negative
Predictive Value (NPV) and Positive Predictive value (PPV) of the
three classiﬁers were: 99.6/26.8 (Ensemble Harmony), 99.6/25.7
(LASSO), and 99.2/25 (GA). The contingency table for these results
is shown in Table 3, and additional performance metrics are
shown in Table 4.
As can be seen in Fig. 3, the ROCs for the three classiﬁers were
largely overlapping, demonstrating similar performance on the
All-In database, despite the differences in method and selected
features. These results suggest that the performance obtained by
any one of these methods represented the optimal Bayes decision
boundary [45]. This boundary is considered to represent the best
possible separation obtainable for a given type of discriminant and
a given overlap of the true underlying distributions of the classes,
(i.e., CT þ from CT  /CT_NR in this very mild presentation of TBI).
Fig. 4 shows the distribution of discriminant scores for the GA
solution as an example of the separation between groups. It can be

Subjects (N ¼1470, 973 males and 497 females) were enrolled
at 16 Emergency Departments (EDs) across the US, with approval
from local Institutional Review Boards (IRBs). The data was divided
into two groups based on the presence or absence of structural
brain injury: CT  /CT_NR (low suspicion of structural injury based
on clinical symptoms) and CTþ (structural injury visible on a CT
scan). Table 2 shows the descriptive statistics for the CT  /CT_NR
group (1284 subjects) and the CT þ group (186 subjects). The two
groups showed signiﬁcant differences at intake for several demographic and clinical characteristics, with CT þ patients being older,
having lower total SAC scores, and more often having history of
LOC and AMS related to injury. While GCS for both groups had a
median of 15 (normal score), with an interquartile range (IQR) of 0,
signiﬁcant differences were found, possibly reﬂecting the extremely small variance on the CT  /CT_NR population.
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The Receiver Operating Characteristic (ROC) curve for the three
classiﬁer methods (Harmony, GA and LASSO) generated using the
full un-partitioned algorithm development database is shown in
Fig. 3. The overall sensitivity/speciﬁcity at the selected operating
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Fig. 3. ROC curves with 95% conﬁdence intervals indicated (dotted lines) for the
three classiﬁers developed using the different classiﬁer building methods (GA,
Ensemble Harmony, and LASSO).

Table 1
Commonalities and differences in the three classiﬁer building methods and ﬁnal classiﬁers produced by: HARMONY, LASSO, and GA.

Classiﬁer building method (feature subset
selection)
Discriminant function type
Variable constraint mechanism
Objective Function
# of Features in ﬁnal classiﬁer

Harmony

LASSO

GA

Stochastic search

Deterministic search

Stochastic search

Linear discriminant function (LDF)
Ensemble of 64 LDFs 20 features
each
Area under ROC curve (AUC)
152

Logistic regression
Weight constraint (L1 norm
penalty)
AUC
48

LDF
Ceiling for maximum feature number
(35)
AUC with penalty for too many features
28

Table 2
Descriptive statistics and group comparison p-values for subject population enrolled in the study. Where appropriate, median was used and inter-quartile range (IQR,
quartile 3 quartile 1) are reported.

Sample size, N
% Female
AGE [Median (IQR, range)]
GCS [Median, (IQR; Range)]
SAC [Median, (IQR; Range)]
LOC (% positive)
AMS (% positive )

CT þ

CT  /CT_NR

Group comparison

p-value

186
25.8
53.9 (29.0; 18.2–91.7)
15 (0; 7–15)
23.0 (6; 2–30)
72.0
51.1

1284
35.0
32.3 (27.6; 15.1–87.3)
15 (0; 13–15)
26.0 (5; 7–30)
39.2
31.1

Chi square
Chi square
t-test
t-test
t-test
Chi square
Chi square

0.0165
0.0128
o 0.0001
o 0.0001
o 0.0001
o 0.0001
o 0.0001
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seen that the discriminant scores for the CT  /CT_NR group
(shown in green) lies to the right of the both the CTþ groups,
shown in blue (CT þ but not hematomas) and red (CT þ hematomas). The discriminant score distribution of the “most severe
group” (group with brain injury which is potentially most lifethreatening), seen in red, contains the most abnormal scores.
These ﬁndings support the fact that the GA classiﬁer is sensitive
to the continuum of severity present within the CTþ population. It
is noted that similar distributions were obtained for the other two
classiﬁers.
In order to assess the impact of severity of injury on the
classiﬁcation performance, we computed the percentage of subjects classiﬁed as CT þ for ﬁve functional/structural injury categories of subjects: these were the three categories previously
deﬁned in Section 2.2 [categories 1 (controls), 2 (mild concussion),
3 (moderate concussion)], along with the following two subgroups
of category 4 subjects: category 4 “clinically unimportant” structural injury, and category 4 “clinically important” traumatic
hematomas with measureable blood. The percentage of these
subjects classiﬁed as CTþ is summarized in Table 5. Note that
the number of traumatic hematomas in category 4/CTþ subjects is
quite small (n ¼12 and therefore, one miss-classiﬁcation appears
to be a large performance drop even though it is insigniﬁcant. For
all three classiﬁers, it can be seen that there was a clear relationship between the degree of functional impairment and classiﬁer
performance. For example, in the case of the harmony classiﬁer,
31.0% of category 1, 40.3% of category 2, 46.9% of category
3 subjects, and 97.8% of category 4 subjects were classiﬁed as
CTþ . Furthermore, for the clinically most important group (hematomas) performance was 100% for both Harmony and LASSO. This
is further illustrated in Fig. 4 which shows the distribution of

discriminant scores for the GA algorithm, color coded for clinical
categories 1–3 (CT  /CT_NR), category 4 (CT þ which are not
severe) and category 4 hematomas (CTþ severe). Greater overlap
can be seen between the CT  /CT_NR and “clinically unimportant”
non-severe CTþ cases, with greatest separation for the severe
CTþ cases.
The three classiﬁer models selected different QEEG features
and a different number of features, supporting the premise that
there is no one unique solution to the optimal separation of the
two groups (CT þ and CT  /CT_NR). However, the features
contributing most to classiﬁcation for all three on the artifactfree EEG segments selected by included features from the same
feature domains (measure sets). The selected features for all
classiﬁers contained measures which reﬂect changes in power
and frequency distributions, largely reﬂected in shifts in mean
frequency of the total spectrum, as well as individual wide
bands, especially alpha. The multivariate expression of these
features reﬂecting the side of maximal abnormality, with
no meaning attributed to which hemisphere the maximum
occurred on, played a pivotal role. Also important were features
that measure disturbances in connectivity between regions
(including coherence and phase synchrony), and ratios of these
quantities, in order to capture temporal and spatial relationships in brain activity among different regions and frequency
bands.
Table 6 is the contingency table for the NOC applied to this
population. It can be seen that the speciﬁcity of the NOC was
extremely low for the CT /CT_NR patients. Comparing these
numbers to the speciﬁcity of the TBI algorithm shows the
improvement of the algorithm over the standard of care using a
decision rule like the NOC.

Table 3
Contingency tables for the three binary classiﬁers.

Table 4
Comparison of performance metrics for all three classiﬁers. Metrics of performance
reported in the Table include: Sensitivity/Speciﬁcity (with 95% conﬁdence intervals
(CI)), Area Under the ROC Curve (AUC, with 95% CI), Negative Predictive Value
(NPV) and Positive Predictive Value (PPV) and Sensitivity on the subgroup of
“Severe CTþ ” (N ¼12). For calculation of NPV and PPV the 10% prevalence rates
are used.

Predicted

Harmony
GA
LASSO

True

CT  /CT_NR
CTþ
CT  /CT_NR
CTþ
CT  /CT_NR
CTþ

CT  /CT_NR

CT þ

Severe CTþ

788
496
744
540
759
525

4
182
6
180
4
182

0
12
1
11
0
12

Comparative
performance

Sensitivity
Speciﬁcity
AUC
(%) (95% CI) (%) (95% CI) (95%
CI)

NPV PPV CTþ Severe
sensitivity
(%)

Harmony

97.85
(94.23–
99.31)
97.85
(94.23–
99.31)
96.77
(92.79–
98.68)

99.6 26.8 100.00

LASSO

Cat1 to Cat3
Cat4 non-severe
Cat4 severe
Fitted Normals

Scaled frequency

1.2
1
0.8

GA

61.37
(58.64–
64.03)
59.11
(56.36–
61.81)
57.94
(55.18–
60.65)

0.90
(0.89–
0.91)
0.92
(0.90–
0.93)
0.89
(0.87–
0.91)

99.6 25.7 100.00

99.2 25.0

91.7

0.6
0.4
0.2
0
-10

-5

0

5

10

15

Discriminant Score
Fig. 4. Histograms of the GA discriminant scores with ﬁtted Gaussians, as a
function of clinical category, shown in green for categories 1, 2 and 3 (CT  /CT_NR),
blue for CT þ cases that were not hematomas and in red for the hematoma
subgroups (“clinically important”) of the CTþ patients. The histograms are each
independently scaled to have peak value of 0.5, and the ﬁtted curves are scaled to
have peak value of 1.0. High scores correspond to normal patients and low scores
correspond to abnormality. The threshold for classifying Cat4 is set at 0.637. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred
to the web version of this article.)

Table 5
Impact of severity of functional impairment on classiﬁer performance; Percentage
of subjects classiﬁed as CTþ for ﬁve categories of subjects with increasing degree of
functional impairment (starting from Cat 1 which are the normal control subjects).
Percentage of subjects classiﬁed as CT þ

N
Harmony
LASSO
GA

Cat. 1

Cat. 2

Cat. 3

Cat. 4 Non-severe

Cat. 4 Severe

497
30.99
33.40
35.41

414
40.34
42.27
43.48

373
46.92
49.33
49.33

174
97.73
97.73
97.16

12
100.00
100.00
91.67
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Table 6
Contingency table applying the NOC to all study subjects. It is noted that all
subjects did not have all the necessary items to complete the NOC, the table shows
those with all items recorded (  75%).

CT þ
CT  /CT_NR

NOCþ

NOC 

Sensitivity

Speciﬁcity

181
881

5
72

97.30%
na

na
7.56%

4. Discussion
Three different classiﬁer building algorithms were used to
explore the optimal separation of CT þ and CT  /CT_NR head
injured patients using subsets of quantitative features of brain
electrical activity. The three classiﬁers used different approaches
to data reduction and feature selection and imposed different
constraints. All three classiﬁers reported high sensitivity (average
97.5%) and speciﬁcity (average 59.5%) for traumatic structural
brain injury obtained using the classiﬁcation approaches described
in this work. The NOC in the study sample (for those with all items
available) had a sensitivity equivalent to the three classiﬁers, but
on the artifact-free EEG segments selected by an extremely low
speciﬁcity of less than 8%, while the classiﬁers had a speciﬁcity of
approximately 60%, greatly exceeding that of the currently used
symptom based decision rules. It should be noted that due to the
high risk associated with false negative results, the algorithm
performance was speciﬁcally targeted to maximize sensitivity and
NPV at the expense of speciﬁcity and PPV, but while still achieving
speciﬁcity and PPV results that outperform currently available
standard of care assessments. These results suggest that the
BrainScope classiﬁer used as an adjunct to standard clinical
evaluation has the potential to greatly reduce unnecessary exposure to radiation associated with CT scans. Extremely high sensitivity to hematomas was found without limitations to hematoma
volume which constrain current existing tools (e.g., those based on
near infra-red spectroscopy).
The increased risk for brain injury in the older population when
a head injury is sustained is consistent with our ﬁnding of a higher
age in the CTþ population. Since all variables are age regressed
relative to age expected normal values, the effect of age per se is
removed as a factor from the features derived from the brain
electrical activity data. In addition, no signiﬁcant correlations were
found between age and classiﬁcation accuracy. The increased
incidence of LOC and AMS in the CTþ population and the lower
mean SAC score were not unexpected, as the severity of the injury
would support such differences. While signiﬁcant differences were
reported for GCS, it is more important to note that both groups
have a median of 15 (normal score) and an interquartile range
(IQR) of 0, giving support to the fact that both groups were
characterized by a GCS in the normal range, tightly around the
highest score of 15. The fact that there are a small number of CTþ
patients with lower GSC scores, and fewer outliers in the CT-/
CT_NR population, suggests that the variance differences explain
the signiﬁcant, although not clinically meaningful, ﬁnding.
The observed similar performance of the three classiﬁers
suggests that the accuracy obtained by any one of these methods
represents the optimal Bayes decision boundary [45]. This boundary is considered to represent the best possible separation obtainable, for a given type of discriminant and a given overlap of the
true underlying distributions of the classes, (i.e., CT þ from CT  /
CT_NR in this very mild presentation of TBI). Related to the overlap
of these distributions is the subjective nature of visual evaluation
and poor inter-rater reliability of the “gold standard” CT scan
particularly in milder forms of TBI. It is also important to take into
account the nature and severity of the structural brain damage
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indicated by a positive CT scan. CTþ scans include a continuum of
injury from those that require little or no clinical intervention to
those that are clinically important and potentially life-threatening,
with associated different clinical responses and actions required.
The importance of additional quantitative evaluations of the CT
scans was demonstrated by the extremely high sensitivity
obtained by the algorithms when a measure of blood volume in
hematomas was used to deﬁne a “clinically important” subgroup
of the CT þ TBI population, where two of the three classiﬁers had
sensitivity of 100% and the third has a sensitivity of 92%. Furthermore, the high sensitivity of the algorithms to the full spectrum of
CTþ injuries suggests possible beneﬁt even when neurosurgery is
not involved, and might aid in appropriate triage and interventions such as restriction from sports activities, participation in
vigorous military duties, or additional clinical observation. This
technology may be especially relevant in situations where CT scans
are not readily available and transport for treatment is needed
such as in sports or military settings.
The pathophysiology of TBI is complex and related to many
different aspects of brain function, including neurometabolic,
neurophysiological and structural changes [46]. Quantitative features of brain electrical activity (QEEG) used in the BrainScope
technology have also been shown to be sensitive to these changes
in brain activity [12–14] without the limitations of other neuroimaging tools (e.g., availability at point of care, radiation exposure,
cost-effectiveness). For example, the hypometabolism reported in
PET imaging in TBI is consistent with slowing of the EEG spectra
seen in this population. Furthermore, changes in connectivity
reported in TBI using Diffusion Tensor Imaging (DTI) are consistent
with the phase synchrony abnormalities reported using QEEG [47].
It is also important to point out that there is not one unique
solution to the classiﬁcation problem addressed in this work.
Rather, there is a multivariate proﬁle of features which demonstrate separation. Since there is a high correlation among EEG
features, especially in the restricted number of brain regions
sampled with this device, the important factor is whether the
three methods drew features from similar measures sets which
describe the underlying nature of the abnormalities detected.
When evaluated by measure set it is noted that using the features
selected by the GA (the smallest number of features used), the
overlap with Harmony is 92% and with LASSO is 75%. Thus, while
the three classiﬁer models described selected different features
and different numbers of features, the feature sets in all three were
representative of similar alterations in brain function and well
reﬂected the underlying pathophysiology hypothesized in the
scientiﬁc literature for structural and functional brain injuries
sustained in TBI.
A limitation of the current study is that we did not acquire
follow-up data from patients after ED discharge. Future studies
would be desired to investigate expanded applications of this
technology for following recovery and progression of TBI to further
optimize treatment and minimize unnecessary follow-up imaging.
Another limitation is the small number of hematoma patients in
the CTþ population, a replication in a larger population would be
desirable. The need for independent validation of the predicted
performance of these classiﬁers is necessary and is currently
underway.
Clinical results obtained using the classiﬁer algorithms constructed using the methodology described in this paper demonstrate the potential added value of using such technology as an
adjunct to current clinical practice to assist in more objective,
timely and optimal triage of mTBI patients who have structural
brain injury. In addition, the speciﬁcity of the classiﬁers has been
shown to be better than that for existing standard guidelines for
determination of referral of head injured patients for CT scan, thus
potentially impacting on unnecessary CT scans.
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5. Summary
There is an urgent need for objective criteria as an adjunct to
standard clinical assessment for the identiﬁcation of acute Traumatic Brain Injury (TBI). Details of the development of a quantitative index based on brain electrical activity that is highly
sensitive to the presence of structural brain injury is described.
Closed head injured and normal patients (n ¼1470) were recruited
from 16 U.S. Emergency Departments (ED) and evaluated within
72 h of injury, using brain electrical activity (EEG) recorded from a
limited montage of electrodes on the frontal and frontotemporal
regions of the forehead and given a short battery of clinical/
neurocognitive tests. At time of the evaluation patients had high
GCS (median ¼15), and most presented with low suspicion of
brain injury. Following radiological studies patients were divided
into two groups, a CT positive (CT þ) group and a group with CT
negative ﬁndings or where CT scans were not considered to be
needed according to current standard of care (CT  /CT_NR). Three
different classiﬁer builder methods were utilized, including:
Ensemble Harmony, Least Absolute Shrinkage and Selection
Operator (LASSO), and Genetic Algorithm (GA). Input to the
algorithms was a selected subset of linear and non-linear features
describing brain electrical activity in terms of power, connectivity
and complexity. All features were z-transformed relative to age
expected normal values and transformed to obtain Gaussianity.
Similar performance was obtained for all three classiﬁer methodologies with an average sensitivity/speciﬁcity of 97.5%/59.5%,
with area under the curves (AUC) of 0.90 and average Negative
Predictive Validity (NPV) greater than 99%. Sensitivity was higher
for CTþ cases with potentially life threatening hematomas, where
two of three classiﬁers were 100%. Applying the New Orleans’s
Criteria (NOC), a guideline for CT referral in TBI used often in the
ED, to the study population, speciﬁcity was 7.6%. The observed
similar performance of these classiﬁers suggests that the accuracy
obtained represents the optimal separation obtainable given the
overlap of the underlying distributions of brain activity measures
within the CTþ and CT-/CT_NR populations. High sensitivity to
CTþ injuries (highest in clinically important hematomas) and
speciﬁcity signiﬁcantly higher than that obtained by widely used
standard guidelines for imaging in the ED, supports the enhanced
clinical utility of this methodology and suggests the potential role
of such a technology in the objective, rapid and more optimal
assessment and triage of TBI patients.
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Abstract—Assessment of medical disorders is often aided by objective diagnostic tests which can lead to early intervention and
appropriate treatment. In the case of brain dysfunction caused by
head injury, there is an urgent need for quantitative evaluation
methods to aid in acute triage of those subjects who have sustained
traumatic brain injury (TBI). Current clinical tools to detect mild
TBI (mTBI/concussion) are limited to subjective reports of symptoms and short neurocognitive batteries, offering little objective evidence for clinical decisions; or computed tomography (CT) scans,
with radiation-risk, that are most often negative in mTBI. This
paper describes a novel methodology for the development of algorithms to provide multi-class classification in a substantial population of brain injured subjects, across a broad age range and representative subpopulations. The method is based on age-regressed
quantitative features (linear and nonlinear) extracted from brain
electrical activity recorded from a limited montage of scalp electrodes. These features are used as input to a unique “informed
data reduction” method, maximizing confidence of prospective validation and minimizing over-fitting. A training set for supervised
learning was used, including: “normal control,” “concussed,” and
“structural injury/CT positive (CT+).” The classifier function separating CT+ from the other groups demonstrated a sensitivity of
96% and specificity of 78%; the classifier separating “normal controls” from the other groups demonstrated a sensitivity of 81% and
specificity of 74%, suggesting high utility of such classifiers in acute
clinical settings. The use of a sequence of classifiers where the desired risk can be stratified further supports clinical utility.
Index Terms—Genetic algorithms (GAs), informed data reduction, multiclass classification, quantitative electroencephalography
(QEEG), traumatic brain injury (TBI).

I. INTRODUCTION

A

SSESSMENT of medical disorders is often aided by objective diagnostic tests used for early intervention and appropriate treatment. Whether integrated into a testing device or
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as a comparison with normal ranges for interpretation of test results, classification of subjects into two or more categories is an
integral part of the diagnostic process. Many types of classification approaches have been used for medical diagnostics, including discriminant analysis, logistic regression, cluster analysis, neural networks, and tree-based algorithms [1], [2]. The
method selected for analyzing and developing classification algorithms for diagnostic data must take into account the size of
the dataset (sample size and number of features) and the construction and dimensionality of the feature space [3]. In the field
of neurological and psychiatric disorders, there is an extensive
literature demonstrating the clinical utility of linear discriminant
functions or other types of classifier functions, using features
extracted from quantitative analysis of the electroencephalography (QEEG), as adjuncts to the diagnostic process, early detection, and treatment optimization [4]–[7].
This paper focuses on the derivation of a method for the
objective evaluation and classification of traumatic brain injury (TBI) subjects using quantitative features of brain electrical activity, with particular emphasis on the translation of
these methods into clinically useful tools for the acute care setting. There are more than 1.7 million emergency department
(ED) visits annually for TBI [8] an estimated 75% of which are
“mild,” and an estimated 3.8 million sports related concussive
injuries incurred annually in the United States [9]. Of critical
importance to the emergency medicine clinician, whether in a
civilian or military environment, is the ability to identify which
patients have a “clinically important brain injury,” for which the
current “Gold Standard” is a positive result on the computed tomography (CT) scan [10]. Attempts to develop “clinical decision rules” for obtaining a CT scan in the emergency department (ED), [e.g., New Orleans Criteria (NOC) and the Canadian CT Head Rule (CCHR)], have resulted in extremely high
sensitivity for clinically significant brain injury, (95%–100%),
with extremely low specificities ( 12%–20%) [11], [12]. Furthermore, the growing awareness of the possible radiation risks
associated with CT scans further complicates its use in the diagnosis process and highlights the shortcomings of current decision rules. In contrast, the large majority of TBI patients who
are CT negative (CT-) or for whom a CT is not medically indicated (mTBI or concussion), may have significant abnormalities in brain function for which no “Gold Standard” currently
exists, despite attempts to establish guidelines to identify and
determine the severity of such concussive injury [13].
Mild TBI patients have been separated from moderate/severe
TBI and from normal with high accuracy using linear discriminant functions built on variables extracted from 19-lead QEEG
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[6], [14], [15]. Features of brain function which contributed
most to these separations were those that reflect changes in
power and synchrony relationships between brain regions,
reflecting disturbances in “connectivity.” It is important to note
that such measures are the ones which have been suggested to
correlate with the abnormalities reported using diffusion tensor
imaging (DTI) in diffuse or traumatic axonal injury (DAI or
TAI), suggested to be of etiological significance in concussion
[16]–[18]. Cao et al. have shown that classical quantitative
QEEG variables extracted from the EEG power spectrum could
successfully detect functional deficits following concussion in
a study of 61 athletes [19]. These researchers all used EEG data
collected from the full set of 19 leads standardly positioned.
Although previous QEEG findings in mTBI are suggestive, a
method for classification which is based on 19 lead EEG data
is clinically impractical, since resources to obtain such data in
the acute setting are typically not available or too cumbersome
to employ. The EEG input to the algorithms described in this
paper was therefore restricted to a more clinically viable limited montage of data acquired from only frontal forehead locations. The use of this limited montage is supported by considerable evidence of the maximum vulnerability of frontal regions
of the brain to TBI, regardless of the direction of the forces, of
where the trauma was sustained, or of the etiology of the injury [13], [16], [20], [21]. Furthermore, recent evidence from
DTI studies have reported abnormalities in frontal fiber tracts
in mTBI [13], and demonstrated that frontal tract abnormalities were most highly correlated with EEG phase synchrony between frontal regions [17]. Such evidence supports the unique
importance of these brain regions to the disruption of connections thought to be fundamental to concussive injury, and suggests that recordings made over the frontal regions alone should
be sufficient in obtaining high sensitivity to mTBI.
Important to this study was the use of statistical classification in the separation of mTBI subjects into clinically meaningful categories. A generic multiclass classification task can
be thought of as a mathematical function (linear or nonlinear)
which uses as its input a vector of computed quantitative features of an object (also called observations or patterns) and produces as output, a label which assigns the object to a specific
category (or class). Suppose that we want to build a classification system (also called classifier function) which separates ob. Suppose in adjects of interest into categories
dition, that for each incoming object, , a set of K quantitative
are computed. The classifier function
features:
should be designed such that it uniquely assigns a category label
to each incoming object
. This can
be written symbolically as
(1)
When there are two categories, the classifier function is often
referred to as a binary classifier function. Duda et al., [22] noted
that “the degree of difficulty in a classification problem depends
on the variability in the features values for objects in the same
category relative to the difference in feature values for objects
in different categories.” In any nontrivial classification problem,
the distributions of features for objects in two or more categories
catewill significantly overlap. Multiclass classifiers (with
gories) are usually designed by combining the outputs of up to
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binary classifier functions [23]. A binary classifier function
for the two classes and is usually derived in a straightforward way from a discriminant function which assigns a value
to an incoming object . This derivation is done according
to the following assignment rule:

(2)
where indicates a numeric classification threshold. Moving
this threshold in overlapping distributions results in a trade-off
between sensitivity and specificity, emphasizing the importance
of considering the stratification of risk (i.e., false positive versus
false negative) as appropriate for the specific application of the
classifier function. To classify subjects into one of several categories, multiple approaches can be used. A single three-class
classifier identifies the category with the highest likelihood of
membership for each subject, but this approach is less effective
when there is considerable overlap between the categories (as
is the case in our TBI categories). A set of three binary classifiers (i.e., 1 versus 2, 2 versus 3, and 3 versus 1) can be used
with a voting strategy to combine the three results and determine the appropriate category for the subject. However, this
approach often results in confounding results or disagreement
between two classifiers that must be resolved. Furthermore, as
often occurs with biological signals, the subject classes are not
well separated (highly overlapping), potentially causing lack of
reliability and diminished utility of the classification method.
In this paper, we describe a method that enables such a subject
population, patients who have suffered a head injury, to be classified into clinically useful categories using a multidimensional
set of QEEG measures, informed data reduction, and a sequence
of binary classifiers.
II. METHODS DATA ACQUISITION
A. Subjects
Data was collected at 13 EDs across the US, with approval
from local Institutional Review Boards (IRBs). Subjects were
a convenience sample
of males (70%) and females
meeting inclusion/exclusion criteria described below. In 499 of
these cases a second sample of non-overlapping data was selected from the same recording to be used as a stability sample.
All subjects signed written informed consent.
Inclusion Criteria: Males and females between the ages of 15
and 80, who suffered a closed head injury and with a Glasgow
Coma Scale score (GCS, [24]) above 8, with or without loss of
consciousness (LOC) or traumatic amnesia and with symptoms
of TBI. Inclusion criteria for “normal controls”: 1) ED patients
under duress without head injuries or problems related to the
central nervous system; or subjects who participated in college
and high school sports, but who did not sustain head injury; and
2) subjects who sustained head injury but had no altered mental
status (AMS), no LOC, no amnesia and no significant symptoms
related to head injury upon presentation.
Exclusion Criteria: Subjects with scalp or skull abnormalities or whose clinical condition, such as head trauma, will
not allow placement of the electrodes; intoxication in those
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TABLE I
AGE DISTRIBUTION BY CATEGORY

obtunded to the point where they could not participate in
the study. In addition, the following patients were excluded:
those with advanced Dementias, Parkinson’s disease, chronic
drug or alcohol dependence, known seizure disorder, mental
retardation, or those taking daily prescribed medication for a
known psychiatric disorder.
In a triage setting, complicating factors such as drugs, alcohol, fatigue, pain, etc., are present and can affect the clinical
presentation of a patient and the characteristics of their EEG,
and therefore need to be considered to enable accurate classification. The strategy adopted in our investigation was to not
attempt to exclude these factors, but rather include them in all
subject groups. By doing this, they are eliminated as differentiating factors among groups, and features sensitive to these factors are not selected for the two classifiers that enable separation
of subjects into categories.
B. Classification of TBI
Since the statistical classification approach described in this
paper belongs to the category of supervised learning methods, it
required the assignment of each subject in the training database
to a category specific to severity of TBI. Since there is no established “gold standard” for mTBI or agreed upon definitions of
categories within the spectrum of TBI, we consulted with emergency medicine and sports medicine physicians in conjunction
with published guidelines [25], [26], to define three clinically
relevant categories for subjects suspected of a traumatically induced structural and/or functional brain injury.
1) Category 1 (“normal controls”): Absence of acute traumatic structural brain injury (visible on CT scan or CT
deemed unwarranted) and no evidence of functional brain
injury.
2) Category 2: Absence of acute traumatic structural brain
injury (visible on CT scan or CT deemed unwarranted),
but evidence of functional brain injury (based on validated
symptom and neurocognitive assessments, as determined
by the expert group of physicians).
3) Category 3: Presence of acute traumatic structural brain
injury (visible on CT scan, CT+).
These categories, therefore, provide both the basis for
training the classification algorithms and a standard against
which their performance can be evaluated in a prospective
study or with an independent test group. Table I shows the total
number of subjects in each category and their age distribution
by decade from 15 to 80 years. It should be noted that the age,
gender, and race distributions of the sample were determined
by the representation of each in the populations served by the
participating sites involved.

C. EEG Data Acquisition and Artifact Detection
EEG Protocol: Ten minutes of eyes closed resting EEG was
recorded from the following locations of the expanded International 10–20 Electrode Placement System: Fp1, Fp2, F7, F8,
AFz, A1, and A2. FPz was used as ground electrode. Signals
were remontaged to linked ears per standard QEEG practice,
and consistent with the normative data described below. A sampling rate of 8 kHz1 was used and the data was subsequently
down-sampled to 100 Hz for processing.
Automatic Artifact Detection: The classification system described in this work included a fully-automated artifact detection module (comprised of a set of algorithms functionally described below). Approximately one to 2 min of artifact-free
EEG data (representing 24–48 epochs of length 2.56 s) were selected from the recording using the artifact detection algorithms
described briefly below. It was required that each epoch be created from continuous EEG data. The 2.56 s epoch corresponds
to an FFT size of 256 points used to compute estimates of the
power spectra of the subject’s EEG.
The artifact detection module identifies the following types
of artifacts, briefly summarized below.
Type 1.a: Vertical eye movement (VEM). Detection of a
vertical eye movement (VEM) is performed by locating
large excursions (“peaks”) beyond a given threshold on the
Fp1 and Fp2 leads. Since both eyes move in unison, the
algorithm ensures that only such excursions which occur
concurrently and in the same direction (same polarity of
the peaks) are identified as vertical eye movements.
Type 1.b: Horizontal/Lateral Eye Movement (HEM/LEM).
Slow lateral eye movements (HEMs) produce waveforms
of that have opposite polarity at F7 and F8. They are characterized by a low-frequency (
Hz) “scissor-pattern”
best seen on these two electrodes. Thresholded differences
between these leads filtered in the band of interest (0.5–3
Hz) are identified as artifact.
Type 2: Patient Cable (or Electrode) Movement (PCM).
This artifact typically produces extremely large slow
waves in the EEG traces. It is detected by identifying excessively large EEG magnitudes (also called
“over-range”), using an amplitude threshold above that
thought to occur normally in brain activity in any of the
five recorded frontal EEG channels.
Type 3: Impulse artifacts (IMP). This algorithm looks at
high-frequency variations of signal amplitude in each subepoch. Within each window examined (100 ms width), the
value
is computed and triggers an IMP artifact detection when it exceeds a given threshold. Care is
also taken to eliminate “sharp alpha” as a trigger of IMP,
using an additional filter.
Type 4: Muscle activity (EMG). This artifact is characterized by high-frequency signals (above 20 Hz) occurring
in bursts of variable duration, as reported in the literature
[27]. Its effect on the power spectrum of the EEG is to
modify its general morphology towards a “flat spectrum,”
which is a characteristic of the power spectrum of White
18 kHz sampling was used to enable functionality to collect brainstem evoked
responses not used in this work which therefore used only the 100 Hz data.
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Gaussian Noise. As such, this artifact can be detected by
comparing the power in two neighboring EEG frequency
bands.
Type 5: Significantly Low Amplitude Signal (SLAS). This
artifact is meant to capture extremely low-amplitude EEG
signals (at all frequencies) which occur, for example, when
the brain is in Burst Suppression mode; a condition which
can occur (but should be avoided) during anesthesia. This
artifact can be detected by looking for signal epochs with
mean-square energy below a threshold.
Type 6: Atypical Electrical Activity Pattern (AEAP). This
artifact type is meant to detect unusual patterns of activity in the EEG such as those which occur in the EEG
of epileptic subjects during a convulsive or nonconvulsive seizure. The algorithm is sensitive to spike-wave
complexes occurring in bursts over several hundred milliseconds. It uses a combination of wavelet analysis and
fractal dimension computation and was presented in detail
in [28].
Note that out of these artifact types, two are nonphysiological
(type 2, type 3), three are physiological but are not brain-generated (type 1a–1b, type 4) and two are brain-generated (type 5,
type 6). All of these artifacts reflect nonstationarity of the noisy
EEG signal. Examples of artifacts of these types, as they appear
on a 19-lead electrode montage, can be found in a standard EEG
reference text [29]. When an artifact is identified in any lead,
data from all leads are removed from that time period. Thresholds referred to in the above summaries were determined in interactive studies with expert visual analysis of the records, and
were based on good performance on the match between technologist-based and automatic detection of the artifact type for
the training dataset. It is important to note that comparison of
the automatic artifactor with visual editing of an EEG expert resulted in a high percentage of data overlap (87.6%) [30], which
is significantly higher than the average inter-rater agreement reported in the literature between visual editors [31], thereby validating the assumption that automatic editing of EEG performs
at least as well as an expert EEG technologist.

III. CONSTRUCTION OF DATABASE
EEG FEATURES

OF

QUANTITATIVE

The classification algorithms reported on here derive their
performance from our diverse set of QEEG features, both
linear and nonlinear. Features include both traditional features
derived from estimates of power spectra [32] computed in
the conventional frequency bands as well as nontraditional
quantitative features computed using state-of-the-art signal
processing methods. The nontraditional features are reviewed
in detail elsewhere by Thakor et al. [33] and Sakkalis et al.
[34]. It is also noted that since there is no single unique solution
to the classification problem posed, and considering the high
correlation between QEEG variables in the reduced space
of the frontal regions, we used an expanded set of measures
considered to be descriptive of perturbations of the QEEG
in clinical populations. Below, we give the formulas used to
derive the features that are part of our feature set.
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A. Univariate Features
1) Age-Regression and -Transform of Univariate Features:
The EEG of a normally functioning person in the resting
or ground state of the brain is regulated by an anatomically
extensive, genetically based neurophysiologic homeostatic
system which changes predictably as a function of age. The
relationship with age has been demonstrated to be well described by a set of regression equations across ages 6–90 years,
which have been published [32], [35], [36], replicated in a
series of international peer reviewed publications and demonstrated to enhance clinical utility of QEEG [4]. The sample of
normal/control subjects used in these equations is referred to
as the norming group. In order to remove age as a factor in the
development of the classification algorithms, the development
process includes an age regression step which is performed in
order to eliminate the (normal) influence of age on any univariate variable computed from the EEG. A model is assumed
in which a raw variable (transformed) varies approximately
linearly with the
of the patient age expressed in years.
For each QEEG variable
the age-regression parameter
is therefore computed (offline and only once on the norming
group) as the slope of the best-fitting straight line for the
cloud of points
. The age-regressed
variable will consequently have a linear fit of slope zero with
the variable
, which results for this variable
in a very small correlation with age
(3)
The -transform is a standard statistical transform which
normalizes the distributions of QEEG variables to an approximately Gaussian distribution. Z-transformed values of
univariate variables are obtained by the equation
(4)
where
and
denote, respectively, the mean and standard
deviation of the age-regressed variable . These two scalar
parameters are also computed offline for the norming group.
After this process, all features will have a mean
and
standard deviation
for the norming group and will be in
units of standard deviations, i.e., the feature will be expressed
on a common metric of probability. This facilitates the use of
combinations of features in discriminant functions without the
complication of different sets of units, as well as the creation of
multivariate features.
Examples of two specific variables and with their corresponding best linear fits with are shown in Figs. 1 and 2. In
these figures, we illustrate the age-regression process on two
sample QEEG variables: ‘BRF1F2A’ (“Bipolar Relative Power
variable in Alpha band, between Fp1 and Fp2”) and ‘BFrF7ZS’
(“Bipolar Fractal Dimension in S band, between F7 and AFz.”).
The top panels of Figs. 1 and 2 show the scatter plot of
, i.e., of the variable prior to age-regression. Note that in each figure, the slope of the best linear
fit is not zero indicating the presence of a correlation of this
variable with age. In contrast, the bottom panels of these figures
show the scatter plot of
, i.e., of the
variable after age-regression and z-transform. Note that in
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Fig. 1. Top panel shows scatter plot of
for univariate variable “BRF1F2A” (not age-regressed), for the 180 norming subjects.
The straight line indicates the best linear fit. Bottom panel shows scatter plot of
for univariate variable “BRF1F2A” (age-regressed
and z-transformed), for the 180 norming subjects. The (horizontal) straight line
indicates the best linear fit after age-regression.

Fig. 2. Top panel shows scatter plot of
for univariate variable “BFrF7ZS” (not age-regressed), for the 180 norming subjects.
The straight line indicates the best linear fit. Bottom shows panel scatter plot of
for univariate variable “BRF1F2A” (age-regressed
and z-transformed), for the 180 norming subjects. The (horizontal) straight line
indicates the best linear fit after age-regression.

each figure, the slope of the best linear fit is zero indicating
that the correlation of this age-regressed variable with age is
insignificant.
2) Traditional Univariate Features: These features are
computed in 10 frequency bands: Delta1 (0.5–1.5 Hz), Delta
(1.5–3.5 Hz), Theta (3.5–7.5 Hz), Alpha (7.5–12.5 Hz), Alpha1
(7.5–10 Hz), Alpha2 (10–12.5 Hz), Beta (12.5–25 Hz), Beta2
(25–35 Hz), Gamma (35–50 Hz), and Total (1.5–25 Hz).
Traditional QEEG features in our set consisted of monopolar
absolute and relative power, bipolar absolute and relative power,
monopolar and bipolar mean frequency, monopolar and bipolar
inter- and intra-hemispheric power asymmetry, monopolar and
bipolar inter- and intra-hemispheric coherence. These features
are derived from the EEG power spectrum, cross-spectrum
and covariance matrix and are described in detail elsewhere
[32], [36]. Following the computation of these “raw features”
a log-based transform was applied as described in the literature

[32], [35], [37] to improve the Gaussianity (or normality) of
these features prior to further statistical computations.
3) Nontraditional Univariate Features: In addition to
traditional univariate features, we also use chaotic/fractal
measures (fractal dimension and scale-free activity), information theory-based measures (entropy and wavelet entropy),
and functional connectivity measures (phase lag and phase
synchrony). Measures of the first two types are computed on
the full-band signal only. The replicability criterion presented
in Section IV-A serves, for these chaotic measures, as a test
for quasi-stationarity. These features add to the dimensionality
of the total feature set and expand importantly for TBI, in the
domain of connectivity and other measures of disturbances of
the EEG signal beyond the frequency domain. Further details of
the computation of these measures are provided in Appendix A.
a) Fractal Dimension Measures: This measure evaluates
the global complexity of the brain electrical activity at each elec-
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trode location across the total spectrum. The fractal dimension
of a 1-D signal is the fractal dimension of the curve formed by
the plot of that signal. It is a nonlinear mathematical quantity
(taking values between 1 and 2), which reflects to what degree
the curve fills 2-D space as one zooms down to finer and finer
scales.
b) Scale-Free Brain Activity: Like the fractal dimension
this measure evaluates the global complexity of the brain electrical activity at each electrode location. The power spectrum of
spontaneous brain activity typically follows a
law over the
frequency range 1–25 Hz and is therefore approximately linear
when plotted on a log-log scale. This behavior of the power
spectrum is typical of fractal processes. The parameter is usually referred to as Scale-Free Brain Activity [38].
c) Information Theory-Based Measures: Four types of
these measures are computed: traditional Shannon entropy,
Tsallis entropy, wavelet entropy and relative wavelet entropy.
These entropy measures evaluate, each in a slightly different
way (see Appendix A), the degree of order/disorder of the brain
electrical activity at each electrode location.
d) Functional Connectivity Measures (Phase Lag and
Phase Synchrony): These are measures of functional connectivity and evaluate the relationship between and among brain
regions. Phase lag was computed, in each frequency band,
as the average phase delay between signals at two electrodes
using the normalized cross-spectrum [39]. Phase synchrony
was computed from a time-frequency representation of the EEG
(RID-Rihaczek distribution) and measures the degree of phase
locking between two electrode locations in each frequency band
[17]. It is of note that we also computed mutual information
(MI) and cross mutual information (CMI) measures, but they
were not found to meet our entry criteria or were not selected
by the classification methods and so are not described in more
detail.
B. Multivariate Features
The set of QEEG variables also includes sets of multivariate
anterior features which are non-linear functions of selected
groups of the univariate variables described above. These
multivariate features are computed “across regions,” for any
given QEEG frequency band. Therefore, they correspond to a
larger, less focal region and help in capturing the functional
performance of this brain area treated as a “system.” Currently,
multivariate features are derived for combinations of regions
which include: all regions, all left hemisphere regions, all right
hemisphere regions, prefrontal regions, frontotemporal regions,
and cross-frontal regions.
Multivariate variables are computed as a cube root of sums
of squares of z-transformed, age-regressed univariate variables
as follows:
(5)

A multivariate variable
computed by (5) may no longer
have mean of zero and standard deviation of 1 for the norming
group and may also show a dependency on age. Thus, a second
stage of age-regression and z-transform is applied to each multivariate variable as follows:
(6)
where
is the age-regression parameter (determined for the
norming group as described above) and
and are the mean
and standard deviation of the age-regressed variable
.
IV. INFORMED DATA REDUCTION AND FEATURE
SELECTION METHODS
A. Informed Data Reduction
Our complete pool of quantitative features consists of a total
of 1536 features (1215 univariate, 321 multivariate) extracted
from each recording. With such a large number of features, it is
important to apply data reduction methods prior to selecting features for the classifiers. Conventional methods of data reduction
reported in the scientific literature include t-tests and ANOVAs,
used to identify variables which are significantly related to dependent variables of interest [40]. Variables which maximize
adjusted multiple correlation coefficients between QEEG and
dependent variables, minimizing the residual sum of squares
(RSS), are selected. While these methods are of some limited
use, they do not systematically address important considerations
of adequacy of feature selection, and may be inappropriate to
the construction of nonlinear (e.g., quadratic) discriminant functions where means differences may no longer be of primary importance. In this study, data reduction is advanced by using an
“informed” approach to the variable/feature pool, including the
following requirements for variables to be included in the set
available to the classifier construction methods.
1) Replicability: While there is a literature which attests to
the stability and replicability of classical QEEG features
across time when there is no known change in brain state
[41], the replicability of each quantitative feature in this
study was evaluated separately for short-term replicability,
where only those features above a certain replicability level
were candidates for input to algorithm development. To
test for replicability within this dataset, QEEG features
were extracted from a large population of normal and abnormal subjects
from a first set of 48 clean
epochs (1–2 min) and then computed again from a second
set of 24–48 clean epochs (within the same recording and
immediately following the first, when available). For each
QEEG feature (z-score), we compute the mean
and
standard deviation
across subjects, of the magnitude of
the difference between the z-score and its replication, i.e.,
(7a)

where

denotes the number of univariate variables
included in the computation of the multivariate. Since the univariates are approximately Gaussian, the
sum-of-square has a Chi distribution (i.e., is positively skewed).
This skew is reduced by the application of the cube root.
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(7b)
We then compute the “variability”

of the features as
(7c)
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A “replicability score” (either 0 or 1) is then assigned
to each feature by comparing the variability to a fixed
threshold where if
the replicability score
,
or else replicability score
.
A value of
was selected for the threshold using
empirical techniques to balance replicability requirements
with the need to preserve a sufficient number of features
in the variable database. By requiring replicability in all
features in the database, we ensure that we are representing
the quasi-stationary characteristics of the EEG which are
most important in characterizing brain activity in this
application.
Separability: It was hypothesized that selecting individual
features that are unequivocally able to separate the two
groups in a binary classification task will improve the
overall multivariate performance of the classifier function in terms of sensitivity and specificity. Therefore, a
two-sample Kolmogorov–Smirnov test was employed to
test the null hypothesis that the values for an individual
feature for the two groups are from the same distribution.
The alternative hypothesis is that they are from different
distributions. The significance level was selected to be
0.15 so as not to remove too many features. Any feature
that did not pass this test (i.e., null hypothesis was not
rejected) was removed from the feature pool available for
the construction of the classifier algorithm.
Homogeneity: It was also hypothesized that the consistency of classification performance could be improved by
ensuring that we select those features that have similar distributions within each group considered separately. Therefore, the data from each group were randomly divided into
two sets and a two-sample Kolmogorov–Smirnov test was
employed to test the null hypothesis that the values for an
individual feature for the two groups are from the same
continuous distribution. This process was repeated. The
significance level was selected to be 0.05. Any feature that
did not pass this test (i.e., null hypothesis was rejected) for
any one of the two repetitions was removed from the feature pool available to the classifier construction algorithm.
Normal means value: As described above, all features are
transformed to z-scores, expressed in standard deviation
units of the norming group. Since all features for the
norming group population have a mean of 0 and a standard
deviation of 1 (by definition), it may be expected that the
normal controls in a training population will also have
approximately the same mean and standard deviation.
Thus, for a feature to be considered a candidate for the
classification algorithm, it was required that it have a mean
value less than 1.0 in the normal training population.
Absolute means difference: Following the same clinical
logic as for 4 above, the characteristics of the mean values
of a feature in the “normal” training population should
be closer to that of the normative population than the
“abnormal” training population with a structural head
injury (category 3). This condition is implemented as a
rule whereby all features for which the absolute value of
the mean for the abnormal population must exceed that
for the normal population by at least 0.01 to be included in

the available reduced feature pool for classifier selection.
In this way variables were eliminated that had spurious
differences between groups, i.e., where the normal group
had the more abnormal value.
6) 6. Neurophysiology-based exclusion: To avoid potential
contamination of the feature pool, certain variables were
excluded a priori when: 1) the literature shows them to
be inherently nonreplicable, 2) there existed an inadequate
norming sample, or 3) the feature may be affected by remaining artifacts (e.g., features for the delta1 band). In this
way, the potential for confounding factors not related to the
classification issue of interest would be minimized.
The use of such a method to help prune the size of available
features from a pool of over 1500 to a range (300–500) that can
be reasonably assessed using current generation computational
platforms is a major strength of this approach. Combining
these steps in the process of data reduction enriches the pool
of variables that are entered into Section IV-B. It is noted
that the thresholds used in the steps described above are
determined with respect to the size of the feature set and
number of subjects and would be modified accordingly for
different numbers of features and subjects, such that a sufficient
number of features remain.
B. Feature Selection Methods
To obtain optimal classification performance, two feature
selection methodologies were investigated, genetic algorithm
(GA) and deterministic feature selection (SFP). Both methodologies are based on different approaches but have a common
goal, i.e., to create increasing performance of the classifier
functions at each iteration of the process. These two methods
are described below.
1) Genetic algorithm and modified Random Mutation Hill
Climbing optimization: Following the informed data reduction steps described above, a large number of features
still remain in the reduced feature pool (denoted by )
for use in each classifier, which typically leads to a very
large value for the total number of distinct sets of
features taken from a total pool of
features (which would
corresponds to the size of the search space in an exhaustive search). In order to select near-optimal subsets of
features for a classifier function, a state-of-the-art GA was
used. GAs are special types of a class of search algorithms
called evolutionary algorithms that are used for solving a
wide range of optimization and search problems [22], [42].
These algorithms mimic the biological process of evolution or, more descriptively, the process of survival of the
fittest (see for example [22, Sec. 7.5]). They have been
used extensively in machine learning applications and are
particularly good at solving classes of problems involving
a search through a very large space of possible solutions,
including feature selection problems [43]–[46]. This approach was uniquely suited to the variable selection and
classifier problem faced in this study, although not previously used in the literature to design classifiers of brain
function using subsets of QEEG features.
• Fig. 3 shows a block diagram of the GA search technique applied to the problem of selecting a “best set” of
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features among
in view of performing
a classification task using a discriminant function (DF)
built from the
features. First, any subset (list) of
features from our total pool of
features is represented
as a binary bit string of length , which we refer to as a
“chromosome” (in accordance with GA research literature), where bits are set to one and all other bits are set
to zero. Each bit corresponds to a single feature. If the
bit value is one (respectively zero), the corresponding
feature is present (respectively absent) in that particular
subset of features. According to this representation, the
“genes” of the chromosome are the individual bits.
• GAs require the selection of an objective function [also
called figure of merit (FOM)] which should reflect the
classification performance of any chromosome. In this
model, the area under the curve (AUC) for the receiver
operator characteristic was used as the objective function2 since a high AUC (close to 1) is associated with
high sensitivity/specificity of the DF [47]. Specifically,
the AUC was computed using a ten-fold cross-validation
method. During the initialization phase, the GA-based
classifier builder produces random binary bit strings
(this initial chromosome population of size is referred
to as “generation 0”), where each chromosome represents a randomly selected subset of
features. By application of the standard GA operators (ranking, selection, recombination, (crossover), mutation and reinsertion), the initial population of chromosomes “evolves”
through generations towards a population with better
overall fitness. The search for “best discriminant functions” with
variables can therefore be seen as the
search for “best chromosomes” (in the sense of having a
high objective function value) in each generation, containing
bits set to one.
• The parameters of the GA algorithm were the following:
1) population size
: 50; 2) number of generations
: 50; 3) recombination probability: 0.6; 40 mutation
probability: 0.003. These parameters are standard for
GA algorithms, and it was found that the final results
from GA runs were robust to modifications of these parameters.
• After
generations, the overall best chromosome is
further improved through a local random search using
a modified Random Mutation Hill Climbing algorithm
(mRMHC). This last step is performed because while
the GA will typically produce a “highly fit” generation
of chromosomes after a number of iterations, it does not
guarantee that a local optimum is reached. This latter algorithm simply performs a local search around the best
chromosome found among all generations, “modified”
in such a way to keep the number of features in the chromosome constant. This is done by slightly modifying
the classical RMHC algorithm (see for example [42, p.
129]) so as to randomly flip two bits (of different values)
2A cost penalty was added to the AUC which increases linearly as the number
of features in the classifier departs from a base number of features. The base
number was selected such that it meets the maximum number of features rule
to prevent over-fitting.
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instead of a single one, thereby repeatedly substituting a
single feature for another.
2) Deterministic feature selection (the “Simple Feature Picker
at a Time,” SFP ): The Simple Feature Picker (one at
a time) (acronym: SFPx1), was so named by the authors
because the deterministic process is conceptually simple.
It is a stepwise deterministic process that selects one feature at a time based on a FOM. In this case, the FOM
was the average of the AUC of the classifier receiver operating characteristic (ROC) curve computed using a ten-fold
cross-validation method (described below). The first feature used in the classifier is selected from the available feature pool by finding the one that yields the largest average
AUC based only on that single feature. The next feature
added to the classifier from those remaining in the feature
pool is the one that yields the largest increase in the AUC
for a classifier consisting of the pairing of that feature and
the previously selected feature. The process continues until
a predetermined number of features are selected or there
are no more features available that increase the AUC. One
of the distinct problems with using the SFPx1 algorithm,
particularly with large numbers of very similar features and
for classification problems with very similar groups, is that
it can easily latch on to a local maxima early in the process.
This tendency often prevents it from finding what are in
some cases significantly better solutions as more variables
are considered later into the process. To address this shortcoming, we modified the basic SFPx1 algorithm to retain
the best solutions
at each iteration, rather than
the single best solution. This enhanced algorithm, referred
to as the SFPx algorithm, considers each of the solutions as a starting point for the next iteration, and chooses
the subsequent set of best solutions from the feature pool.
To find the best trade-off between run time and solution
performance, we ran a series of experiments for values of
between 2 and 10. We found
to be a reasonable choice. The mRMHC process was also applied to the
SFPx solutions to further enhance these solutions.
C. Rules to Prevent Over-Fitting
An important consideration in the development of an effective classifier is that it not be over-fitted to the training data,
resulting in a loss of generalization to the broader population.
Over-fitting typically results in very good performance on the
training data, but poor performance on an independent test set.
To guard against it, we imposed a limit on the number of features
used in constructing each classifier. Statistical methods to help
determine the optimal subject to variable ratios have been suggested, including a minimum subject-to-variable ratio of 10:1
for a linear discriminant model [48]. For a quadratic discriminant model, the number of variables selected, , should be such
that
does not exceed the number of samples in
the smallest training category [48]. In the case of our 3 versus
2,1 quadratic discriminant function (QDF), the smallest group is
Category 3 subjects (109 subjects) and therefore the maximum
number of variables which we allow for this discriminant is 19
since
.
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both testing and training, with an aggregate performance measure constructed by combining the individual test performance
measures obtained at each iteration.
In this work, we use cross-validation both during the feature
selection phase of binary classifier development and for evaluating classifier performance once a reduced pool of features
has been identified. For the feature selection phase, as described
above we use ten-fold cross validation [49], ensuring that each
of the three categories of subjects is equally represented in each
fold. To evaluate classifier performance after the subset of features (selected from the reduced pool of features) has been finalized (using GA or SFP), a leave one out (LOO) cross-validation
was used. LOO cross-validation can be viewed as the limiting
case of an N-fold cross-validation in that at each iteration only
one subject is used for testing while the remaining population
is used to train the classifier. Hence, if there are
total subjects across the combined categories, we develop and test different classifiers. We again compute an aggregate performance
measure by combining the individual performance measures
from the
different classifiers. The use of these two different
cross-validation methods is intended to provide both conservative and reliable predictions of future classifier performance.
E. ROC Curves and Performance Metrics

Fig. 3. Block diagram of exemplar linear discriminant function (LDF) building
system involving: 1) statistical preprocessing of initial pool of quantitative brain
activity features, 2) the representation of candidate LDF solutions as “chromosomes,” 3) evolutionary search strategies (GA with mRMHC algorithm).

Beyond simply limiting the number of features selected,
an attempt was also made to ensure that each selected feature
provided a significant and independent contribution to the
information content of the classifier function. This rule was
implemented during the feature selection process (both GA
and SFP) whereby only features that were highly correlated
(i.e., Pearson correlation coefficient greater than 0.95) with any
existing feature in the feature list could not be selected. This
directly reduced the possibility of over-fitting due to redundant
information.
D. Cross-Validation
As with many classifier development efforts involving the
use of human subjects, we too were faced with the problem
of having very limited sized populations. In order to use all
available data for both testing and training in a way that was
statistically validated, cross-validation methods were used.
Cross-validation involves iteratively dividing a population
into nonoverlapping test and training groups, where, at each
iteration, the training group is used to develop a classifier
and the test group is used to evaluate the performance of that
classifier. The process repeated until all data has been used for

In order to obtain a statistical description of the performance
of a given two-class classifier function, it is useful to compute
and plot the ROC curve. The ROC curve illustrates, for any
choice of a discriminant output threshold, the performance [sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV)] which can be expected of the binary classification algorithm. For definitions of ROC, sensitivity, specificity, PPV, and NPV in the context of our discriminants, the reader is referred to Appendix B. A useful global
scalar measure of performance of a binary classifier is the AUC.
F. Sequence of Binary Classifiers
The algorithm used in this work employs two binary discriminant functions (DF), constructed from the reduced pool of features extracted from the EEG, defined as follows: 1) structural
injury versus nonstructural injury/normal—Category 3 versus
Categories 1 and 2 (DF_3v21) and 2) abnormal versus normalCategories 2 and 3 versus Category 1 (DF_32v1).
To classify a subject, we apply these classifiers sequentially,
following simple category assignment logic: If subject X is classified as “3” by binary classifier DF_3v21, assign the subject
to category “3.” Otherwise, use the output of the second binary classifier DF_32v1 to determine the assignment category.
If subject X is classified as “32” by binary classifier DF_32v1,
assign the subject to category “2,” otherwise assign it to category “1.”
This sequence not only provides a unique category assignment for each subject, but the specific order used incorporates
a stratification of risk into the classification process by identifying those subjects with a structural injury (and in need of the
most urgent medical care) in the first discriminant step.
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Fig. 4. Top panel: ROC curve for QDF discriminant function Category 3v21.
Operating point selected for a target sensitivity of 95%. Bottom panel: Histogram of discriminant outputs/scores, with threshold indicated by “T,” as determined in the top panel.
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Fig. 5. Top panel: ROC curve for QDF discriminant function Category 32v1.
Operating point selected for a target sensitivity of 95%. Bottom panel: Histogram of discriminant outputs/scores, with threshold indicated by “T,” as determined in the top panel.

V. RESULTS
A. Individual Classifier Performance
Following the prescribed procedure described above, the best
performance for the two binary classification tasks was achieved
by creating two QDF, one for classification of category 3v21
and a second for the classification of category 32v1. Target LOO
sensitivities of 95% and 80%, respectively, were selected in creating the discriminants to reflect the desire for very high sensitivity in identifying the subjects in category 3 (structural injury visible on CT scan), and a balance between sensitivity and
specificity for identification of the category 2 and 1 subjects.
The QDF for 3v21 uses eighteen features (as determined by
the method described above in Section IV-C “Rules to prevent
over-fitting”).
The variables that contributed most to this discrimination included monopolar and bipolar scale-free features for the total
spectrum, absolute, and relative power features, especially in
the theta frequency band, coherence features especially in high
frequencies (alpha2, gamma), and fractal features. The QDF for
32v1 uses 28 features. Half of the variables that contributed
most to this discrimination included measures of disturbances

between regions including coherence, power asymmetry and
phase synchrony, especially in the alpha band and total spectrum. Also contributing to this discrimination were monopolar
and bipolar relative power across the spectrum, scale-free features for the total spectrum, and bipolar mean frequency especially in alpha and total spectrum.
Figs. 4 and 5 show the ROC curves for each discriminant and
their corresponding histograms of discriminant outputs (
calculated using the leave one out (LOO) framework. The LOO
performance of each discriminant is shown in Tables II-A and
II-B, including: sensitivity, specificity, PPV, NPV, AUC, and
Cohen’s d for the selected threshold values. High sensitivity
(90%) with specificity of 80%, and NPV of 99%, was achieved.
In contrast, the performance of the QDF for 32v1, is more
modest
. This reflects the clinical desirability
for a balance between sensitivity and specificity, as well as the
reality of greater overlap between the distributions of the categories being separated in this binary classification task (and
hence the difficulty of separating them correctly). An illustration of the overlap between categories is shown in Fig. 6 for
features SFAF7S and CoF1F2A2, in the 32v1 QDF, showing
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TABLE II-A
PERFORMANCE OF CLASSIFIERS MEASURED USING SENSITIVITY
AND SPECIFICITY IN TEN-FOLD AND LOO FRAMEWORK

TABLE II-B
LOO PERFORMANCE OF CLASSIFIERS MEASURED USING SENSITIVITY
SPECIFICITY, PPV, NPV, AUC, AND COHEN’S D

the distributions of z-scores of these features for all subjects in
. The significant overlap between
category 1 and category
the distributions is evident. Such overlap supports the use of a
quadratic classifier function since it enables separation based on
both mean and standard deviation, whereas the performance of
a linear classifier is dictated by separation in the means alone.
As an additional check of solution stability, as well as a
demonstration of the effectiveness of the measures to prevent
over-fitting, we compare the 10-fold and LOO performance
results. Table II-A clearly demonstrates that 10-fold and LOO
performance are very close, confirming good stability of the
classifiers.
Since the quantitative features present in each classifier are
age-regressed in order to remove the (normal) influence of age
on these features, we would expect that the discriminant outputs
and binary classification results are similarly not influence by
age. In order to verify this, we split the subjects of the training
database into four age bands: 15–25, 25–40, 40–55, 55 and over
and plot the misclassification rates in each age band for the
two binary QDF classifiers 3v21 and 32v1. Fig. 7 shows that
the misclassification rates are nearly constant across the entire
age range, confirming the effectiveness of our age regression
methodology.
B. Combined Classifier Performance
Beyond the output of the individual classifiers, we use the
combined outputs of the two binary classifiers in conjunction
with the category assignment logic described above to achieve
three category classifications. These results can be summarized
using a confusion matrix (see Tables III-A and III-B). In this
matrix, each row represents the true category for each subject
(truth) and each column represents the category determined by
the discriminant algorithms (test). Hence, the main diagonal
shows those subjects for whom the true and test categories agree
and off-diagonal elements show misclassifications. Table III-B

Fig. 6. Top panel: Distributions of z-transformed scale-free univariate variable
). Bottom
SFAF7S for Normals (category 1) and for TBI subjects (category
panel: Distributions of z-transformed coherence univariate variable CoF1F2A2
).
for Normals (category 1) and for TBI subjects (category

normalizes each entry by the total number of subjects in that
category and expresses them as percentages.
VI. DISCUSSION
Classification of mTBI patients into three clinically useful
categories has been demonstrated using the proposed methods
for discriminant classifier development. The classification of the
group showed the expected high discrimination accuracy,
as this group with structural brain injury on CT scan was most
different from all the others (least overlapping). The target sensitivity was also set highest for this group, as the critical nature of the injury would not allow for many false negatives. The
fact that specificity of 77% was achieved with this high sensitivity, with extremely high NPV showing that 99% of those
called normal will in fact be normal upon scanning (absence of
visible structural injury), further suggests that this could be a
useful adjunct in the acute evaluation of head injuries and referrals for CT scans. In assessing the adequacy of this performance,
the reported performance of other neuroimaging and screening
tools should to be considered. The reported sensitivity for head
CT in detecting acute stroke is approximately 78% [50]. Use
of near-infrared spectroscopy (NIS) to assess the presence of
a cerebral hematoma in patients presenting with mTBI, report
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TABLE III-B
LOO CONFUSION MATRIX FOR CATEGORY ASSIGNMENT RULE (% OF
SUBJECTS) BASED ON SEQUENCE OF 3 V 21 FOLLOWED BY 32 V 1

Fig. 7. Top panel: LOO misclassification rates for subjects in four age bands:
15–25, 25–40, 40–55, 55 and over for classifier QDF_3v21. Bottom panel: LOO
misclassification rates for classifier QDF_32v1.

TABLE III-A
LOO CONFUSION MATRIX FOR CATEGORY ASSIGNMENT RULE (NUMBER
OF SUBJECTS) BASED ON SEQUENCE OF 3 V 21 FOLLOWED BY 32 V 1

sensitivities and specificities around 80% [51]–[54], and performance was limited to specific volumes and distance from
the brain surface. The sensitivity/specificity for the NOC and
Canadian Head CT Rule (CCHR), clinical decision rules for obtaining a head CT for a suspected brain injury, are 100%/12.7%
and 100%/50.6%, respectively, for detection of a clinically important brain injury, and achieve this high sensitivity at the expense of specificity [55]. The AUC of our discriminant was 0.91,

demonstrating the ability of the prescribed process to create a
discriminant function that enables accurate separation of the
categories.
In the case of the identification of concussion, the sensitivity and specificity were lower, as expected due to the
greater overlap between the categories, but still reached the
sensitivity target of 80% with a specificity of 74%. From a
neurophysiological or clinical perspective, the overlap between
the categories and performance of the QDF_32v1 classifier also
reflects the overlap the heterogeneity of milder traumatic brain
injuries and less clear distinction between normal controls and
mild concussion. Despite this, our performance is considerably
higher than existing mTBI screening methods (primarily neurocognitive assessments) and the PPV of 85% further suggests
that this method leads to a clinically useful evaluation tool that
performs with high accuracy in the case of the presence of
concussive injury. For example, the Military Acute Concussion
Evaluation (MACE), a neurocognitive screening tool for mTBI,
has a sensitivity of only 26% with a specificity of 88% [56],
indicating that is not especially helpful in identifying injured
soldiers, but rather only identifying those without injury.
The importance of the optimization of two different functions
in the sequential application of classifiers allows for stratification-of-risk to be addressed separately in the discrimination of
the three groups. That is, by first addressing the extreme risk
of false negatives for the
discriminant, together with the
fact that this group has the least overlap with the others,
could be identified with the highest targets for sensitivity and
specificity. In the second function, where there is a significant
overlap between the concussed patients and normal controls,
and the “cost” of false positives is lower, appropriate targets can
be met. A single function could not be optimized in this way.
The use of age regression of all QEEG features has been
demonstrated previously in the scientific literature to greatly
enhance the clinical utility of electroencephalography in the
field of neuropsychiatry [57]. Among the important aspects of
this approach is the fact that all features are converted to the
common metric of probability and therefore can be combined
into multivariate descriptors which can be used to describe brain
“processes.” The demonstration herein, that all classification
was independent of age, supports the ability to use a single set
of discriminant functions for all subjects as long as their age is
known.
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The informed data reduction step directly confronts a wellknown problem for classification algorithms applied to conventional neuroimaging data (e.g., PET, MRI), that is, the small
number of subjects compared with the enormous quantity of
extracted features. Some researchers have ignored this problem
completely, using thousands of variables as input to the classification algorithm, resulting in high classification accuracy with
poor replicability or limited prospective validation. Others have
used methods reliant on one dimension of feature reduction. In
this paper we use a novel multidimensional approach including
examination of the potential variables in terms of: replicability,
separability, homogeneity of the distribution of each variable
within the populations of interest, and assurance that the z-value
for the feature in the more normal group is closer to zero. The
resulting reduced feature pool then serves as input to a GA, a
method uniquely suited to search problems in the biological domain, and not previously used in the literature in QEEG feature selection. In parallel, SFP, another feature selection method
was implemented, which uses a deterministic approach to the
selection problem. We note that although these two data mining
methods were used in this work, there are other such methods
not explored which could contribute to enhanced performance,
and may be explored in future work. In recognition of the importance of the clinical applicability of the derived algorithms
in solving the problem posed in this study, additional care was
taken to reduce over-fitting and maximize use of the total subject
population, and included cross-validation methods embedded in
the algorithm development. Finally, selected features are input
to two binary discriminant algorithms which are used to divide
the population into the desired three categories.
The two discriminants both used a multidimensional combination of measure sets (absolute and relative power, power
asymmetry, mean frequency, coherence, scale-free activity,
phase synchrony, and fractal dimension), suggesting that the
brain injury seen in this population would not have been well
characterized by the use of one specific measure set, such as
power in the lower frequency bands (e.g., delta and theta).
Interestingly, while there is overlap in the features selected in
the two functions, the selected feature sets are distinctive to the
types of injury being discriminated. For example, half of the
features selected in the classification of concussion contained
measures of disturbances between frontal regions of the brain,
including incoherence, power asymmetry and decreased phase
synchrony (only present in this discriminant), emphasizing
the role of functional connectivity and disturbances in power
gradients in the pathophysiology of concussion. Since phase
synchrony, has been demonstrated in the literature to correlate
with injury to white matter tracts in the brain, a proposed
etiological factor in concussion, it is confirmational that these
features are selected in the classification of subjects with
a concussion, Furthermore, in the work of Sponheim et al.
(2011) [17], DTI findings correlated highest with frontal and
frontotemporal phase synchrony of the EEG, supporting the
adequacy of the limited montage used in this work. On the
other hand, the classification of the structural injury group
contained both monopolar and bipolar scale-free features and absolute and relative power in the theta band, as
would be expected from the literature in the description of

slow wave features related to gray matter abnormalities [19].
It is also of note that Fractal dimension has been reported as
a discriminating EEG feature in the classification in abnormal
neuropsychiatric populations [58].
This proposed methodology resulted in algorithms that can
be embedded in a portable device, using a limited montage of
brain electrical signals, enabling clinical utility for triage of TBI
in the acute setting. Implementing informed data reduction, and
a sequence of algorithms that perform optimally for the relative risks in different segments of the patient population, resulted in high discriminant accuracy. Prospective validation in
a broader multicenter trial is currently underway and could provide the necessary evidence of clinical validity to introduce such
methods into the clinical community.
APPENDIX
A. Derivation of Nontraditional Univariate Features
1) Fractal dimension: The fractal dimension of a 1-D signal
is the fractal dimension of the curve formed by the plot of
that signal. It is a nonlinear mathematical quantity (taking
values between 1 and 2), which reflects to what degree
the curve fills 2-D space as one zooms down to finer and
finer scales. The feature is computed as the average fractal
dimension (FD) of the temporal EEG signal, obtained
from successive FD estimates computed over segments of
length 256 samples. These estimates are computed using
the method proposed by Higuchi [59], with the parameter
set to 6.
2) 2. Scale-free brain activity: The power spectrum of spontaneous brain activity typically follows a
law over the
frequency range 1–25 Hz and is therefore approximately
linear when plotted on a log-log scale. This behavior of the
power spectrum is typical of fractal processes. The parameter is usually referred to as scale-free brain activity [38].
We compute this parameter by fitting a line to the graph of
versus
, where denotes the frequency
in hertz and
denotes the estimate of the power spectral density of the EEG at frequency , computed using
artifact-free epochs.
3) Information theory-based measures: Our database includes four types of these measures: traditional Shannon
entropy, Tsallis entropy, wavelet entropy and relative
wavelet entropy. The traditional Shannon entropy of time
series
is computed by first partitioning the amplitude
range of the EEG into
bins
of width 5 V. The
probability distribution
is obtained by the calculating
the ratio of the number of data samples falling into each
bin . The formula for the Shannon entropy of the signal
is
(A1)
After the same binning procedure as described above,
the Tsallis entropy (computed for parameter
and
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is computed from the following

The Phase Locking Value across epochs of EEG signals
and is then defined as the inter-epoch variability of this phase
spectrum [see [63] (12)], namely

(A2)

(A5b)

The computation of the (total) wavelet entropy of time
series
first requires the computation of the complex
wavelet transform of
. For this we used the complex
wavelet filters proposed by Selesnick (2002) [60]. We denote by
the complex coefficient of the wavelet transform at resolution level (scale) . Following the definitions
given in Rosso et al., (2001) [61], the energy of the detail
signal at scale is denoted by
and the total energy by
. They are computed according to

The phase synchrony for a given frequency band is finally
defined as the average of the phase locking value (PLV) over
that frequency band.

) of time series
formula:

(A3a)
The normalized values of
energy denoted by .

represent the relative wavelet
(A3b)

The distribution
can therefore be considered a timescale density for which the (Shannon) entropy is defined
as
(A3c)
This measure evaluates the complexity of the energy distribution across frequency bands [33].
The computation of the (relative) wavelet entropy of time
series
and
similarly first requires the computation
of the complex wavelet transforms of
and
. Let
and
denote the respective distributions of wavelet
energies of and . The relative wavelet entropy is defined
as [61]
(A4)
4) Functional connectivity measures: Phase delay (or lag)
was shown by Thatcher et al. to be a useful feature for
the task of separating normal subjects from those with
mild head trauma [15]. Our computation of phase delay is
performed as described in the work of Thatcher et al. [62].
The Phase Synchrony measure described by Aviyente et al.
[63] proposes to measure the neural coordination in the brain.
In this sense it can be seen as a measure of brain connectivity.
This measure first requires the computation of a time-frequency
distribution (TFD) such as the RID-Rihaczek distribution for a
pair of signals
and
. We denote by
the TFDs of
and
, respectively. Then, the time-varying
phase spectrum of and is computed as follows [see [63]
(10)]:

(A5a)

B. Figures of Merit and Receiver Operating Characteristic
1) Definition of FOM: Sensitivity, Specificity, PPV, and NPV:
In the context of medical diagnostic where the goal is to
determine with accuracy the presence or absence of a specific disease or condition, it is useful to differentiate between “state A” versus “state B,” where states A and B can,
for example, represent respectively: “disease present” and
“disease absent.” For each subject in a sample group where
true classification information (diagnosis) is available, we
can determine whether the output of the classifier function (also called “output of the test”) matches the diagnosis
or not. This leads, for each subject, to incrementing one
counter among the following four: “true positives” (subjects with the disease for which the test is positive), “true
negatives” (subjects without the disease for which the test
is negative), “false positives” (subjects without the disease
for which the test is positive), and “false negatives” (subjects with the disease for which the test is negative).
Sensitivity of the classifier (or of the test) is the ratio of
“true positives” over the number of subjects for whom
“disease” is present. Specificity of the test is the ratio of
“true negatives” over the number of subjects for whom disease is absent. PPV is the probability that disease is present
when the test result is positive (“true positives” over the
number of subjects for whom the test result is positive).
NPV is the probability that disease is absent when the test
result is negative (“true negatives” over the number of subjects for whom the test result was negative.) In the context
of our two binary classifiers, 3 v 21, 32 v 1, we adopt the
convention that the “most serious brain injury condition”
corresponds to the disease condition, (state A). Therefore,
for 3 v 21, the disease condition is “3,” for 32 v 1, the disease condition is “32.” All the sensitivity and specificity
numbers reported in this paper should be understood with
this convention in mind.
2) Discriminant Output and ROC Curves: The output of each
of our discriminant functions is a number which can take
any value between 0 and 100. Once a critical value (or
threshold) T is selected, the output of the test becomes
binary and sensitivity and specificity for this particular
threshold can be computed. The ROC is the curve through
the set of points:
,
which is obtained by varying the value of the critical value
T between 0 and 100.
The ROC curve is therefore a graphical illustration of the
achievable statistical performance of a given test/discriminant,
depending on the selected critical value. For any discriminant
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described in this document, we show ROC curves and histograms of the discriminant out.
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Background: Prompt, accurate, objective assessment of concussion is crucial, particularly for children/adolescents and young adults. While there is currently no gold standard for the diagnosis of concussion, the importance
of multidimensional/multimodal assessments has recently been emphasized.
Methods: Concussed subjects (N = 177), matched controls (N = 187) and healthy volunteers (N = 204) represented a convenience sample of male and female subjects between the ages of 13 and 25 years, enrolled at 29
Colleges and 19 High Schools in the US. Subjects were tested at time of injury and at multiple time points during
recovery. Assessments included EEG, neurocognitive tests and standard concussion assessment tools.
Multimodal classiﬁers to maximally separate controls from concussed subjects with prolonged recovery (≥14
days) were derived using quantitative EEG, neurocognitive and vestibular measures, informed feature reduction
and a Genetic Algorithm methodology for classiﬁer derivation. The methodology protected against overtraining
using an internal cross-validation framework. An enhanced multimodal Brain Function Index (eBFI) was derived
from the classiﬁer output and mapped to a percentile scale which expressed the index relative to non-injured
controls.
Results: At time of injury eBFIs were signiﬁcantly diﬀerent between controls and concussed subjects with prolonged recovery, showing return to non-concussed levels at return-to-play plus 45 days. For the combined
concussed population, and for the short recovery subjects, a more rapid recovery was seen.
Conclusions: This multivariate, multimodal, objective index of brain function impairment can potentially be
used, along with other tools, to aid in diagnosis, assessment, and tracking of recovery from concussion.

1. Introduction
Traumatic brain injury (TBI) accounts for over 1.5 million emergency department (ED) visits annually within the United States and the
vast majority of these visits are for mild injury (mTBI/concussion) [1].
In addition, the Center for Disease Control (CDC) estimates that 1.6 to
3.8 million concussions occur in sports and recreational activities annually. These ﬁgures are likely to signiﬁcantly underestimate the TBI
burden since many patients with mild head injuries do not seek medical
care [2]. Results from a recent (2017) large scale (N = 14,765 students), voluntary Youth Risk Behavior Survey (YRBS) performed by the
CDC report that approximately 15.1% of US high school students (approximately 2.5 million) reported having had at least one concussion in
the past 12 months, 6% reported having two or more, and this number
rises to as high as 30.3% in those who play on three or more sports

∗

teams per year [3].
Prompt, accurate, objective assessment of concussion is crucial,
particularly for children/adolescents and young adults, as delayed diagnosis has been shown to lead to prolonged recovery [4,5] (reported to
be as much as twice as long [4]) and may aﬀect a child's academic/
cognitive and emotional functioning [6–8]). Further, with important
brain development continuing into early adulthood, sustaining a TBI
injury before age 25 has been shown to be associated with impaired
adult functioning, psychiatric disorders, low education level, welfare,
and disability [9].
While a number of tools are currently used by team doctors and
athletic trainers to determine whether a player has suﬀered a sportrelated concussion (SRC), none of them is considered in itself to be a
gold standard for the diagnosis of concussion or adequate to assess
recovery [10]. Furthermore, existing tools are largely subjective in
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Boards (IRBs). The investigational system included an EEG acquisition
module (portable device including smartphone hardware, data acquisition board and disposable headset applied to the subject's forehead) to
collect brain electrical activity and a separate cognitive assessment
module implemented on a tablet. Injured subjects and matched controls
(matched for age, gender and type of sport played) represented a convenience sample of subjects between the ages of 13 and 25 years
meeting inclusion/exclusion criteria. All injured subjects were assessed
within 72 h of time of injury (Day 0), 5 days after injury (Day 5), at
their clinical site determined Return-To-Play date (RTP), and 45 days
after RTP (RTP+45). Each matched control subject was also assessed at
the time intervals corresponding to those of their injured counterpart.
In addition, non-injured healthy volunteers, i.e., subjects playing contact or non-contact sports meeting inclusion/exclusion criteria, were
assessed at two time points: pre-season (baseline) and post-season (PS).
Note that while there were no speciﬁc post-season test points for the
injured group, their last test at RTP+45 could have occurred postseason. All subjects signed written informed consent and for minors
recruited to participate, parental written informed consent and adolescent assent were obtained.

nature and/or suﬀer from poor test-retest reliability (replicability) and
learning eﬀects when used longitudinally [11].
Changes in brain electrical activity (EEG) that occur in TBI have been
reported and use of such measures for the classiﬁcation and identiﬁcation
of head injured patients has been demonstrated to be sensitive to both
structural and functional brain injury [12–22]. In a study comparing diffusion tensor imaging (DTI) and electroencephalography (EEG) in blastconcussed soldiers, Sponheim and colleagues [23] reported a signiﬁcant
correlation between changes in mean fractional anisotropy (FA) of four
major white matter tracts related to frontal interhemispheric communication and changes in phase synchrony of the EEG between frontal and
frontotemporal regions, both reﬂecting disruption in neural transmission
between brain regions. Other EEG measures reﬂect changes related to the
physiology of mTBI/concussion including measures of changes in entropy,
a measure of “complexity” reﬂecting disorganization of neural networks
with concussive injury [24]. Changes in the frequency spectra of the EEG,
power relationships, and connectivity (e.g., coherence) between regions
and between neural networks have also been associated with concussive
injury [14,25].
The Brain Function Index (BFI) described by Hanley and colleagues
(2018) is a multivariate weighted measure that is derived from quantitative EEG features that reﬂect changes in brain electrical activity
related to the physiology of concussive injury. In a large prospective
independent FDA validation trial, the BFI was demonstrated to scale
signiﬁcantly with severity of clinical functional impairment in mTBI/
concussed patients within the ﬁrst 3 days of head injury [19]. This
objective biomarker of functional brain impairment, expressed as a
percentile of the non-injured normal population is based on EEG features only. The study by Brooks et al. [21] demonstrates the potential
clinical utility of the BFI in a population of athletes with a concussion
studied longitudinally.
The importance of multimodal assessments of concussion, which
evaluate several domains, including: somatic, cognitive, behavioral/emotional symptoms, and physical signs (e.g. vestibular-ocular deﬁcits, LOC)
has been emphasized in the recent literature [26]. Guidelines for concussion diagnosis have advanced from reliance on subjective symptom
checklists and single assessment modalities to current support for multimodal assessments, as highlighted in the consensus statement from the 5th
International Conference on Concussion in Sport held in Berlin, October
2016 [27]. Likewise, numerous governing bodies (e.g. the American
Academy of Neurology (AAN), the National Athletic Trainers’ Association)
have advocated a multidimensional approach to sport concussion management, consisting of computerized neurocognitive testing (CNT), assessment of postural stability (balance) and self-reported symptoms [28].
In light of the recently growing literature supporting multimodal evaluation for the evaluation of mTBI/concussion [26–28], this paper will describe the derivation and performance of an enhanced BFI (eBFI) which
includes EEG and neurocognitive performance measures as well as selected symptoms in a multivariate index. This index will be shown to be
sensitive to the presence of concussive brain injury at time of injury,
trackable longitudinally, and to eventually return to baseline. Embedded
in a hand-held device, this index could be used to rapidly, objectively, and
reliably evaluate head injured patients.

2.1.1. Inclusion criteria
Males and females between the ages of 13 and 25, who suﬀered a
closed head injury and with a Glasgow Coma Scale (GCS) score
[29] ≥ 13, with or without loss of consciousness (LOC) or traumatic
amnesia and with symptoms of TBI. Inclusion criteria for “normal controls”: 1) control subjects presenting without head injuries or problems
related to the central nervous system; or subjects who participated in
college and high school sports (contact and non-contact sport athletes),
but who did not sustain head injuries; and 2) subjects who sustained a
head injury but had no altered mental status (AMS), no loss of consciousness (LOC), no amnesia and were not deemed concussed by criteria used by the Athletic Trainer.
2.1.2. Exclusion criteria
Subjects with scalp or skull abnormalities or whose clinical condition, such as head trauma, would not allow placement of the electrodes;
current CNS active prescription medications, with the exception of
medications being taken for Attention Deﬁcit Disorder (ADD); history of
brain surgery or neurological disease; intoxication in those obtunded to
the point where they could not provide written, informed consent to
participate in the study. Patients with chronic drug or alcohol diagnosed dependence, known seizure disorder, mental retardation, or
those currently taking daily prescribed medication for a known diagnosed psychiatric disorder.
With regard to factors such as drugs or alcohol, fatigue, pain, and
other which may be co-morbid with head injury, the method used in
this investigation was to include them in all subject groups (controls
and head injured patients), except as deﬁned by exclusion criteria. By
doing this, they are eliminated as diﬀerentiating factors between
groups, and features sensitive to these factors are not selected for the
classiﬁer, whereas features independent of such factors that

(footnote continued)
University), Eastern Connecticut State University, University of Hartford,
Southern CT State University (University of Connecticut); Columbia College
(University of South Carolina); University of Texas – Austin; John Brown
University (University of Arkansas); Michigan State University; St John Fisher
College, Robert Wesleyan College, Nazareth College, Rochester Institute of
Technology, The College at Brockport, SUNY (University of Rochester);
University of South Florida. High School sites included: Walt Whitman High
School; Rogers HS, Rogers-Heritage HS, Farmington HS, Siloam Springs HS,
Gentry HS (University of Arkansas); Mason HS, Grand Ledge HS, St. John HS,
Sexton HS, Everett/Perry HS, Portland HS, East Lansing HS, Waverly HS, Bath
HS, Ionia HS, Williamston HS, Everett HS, Haslett HS, Holt HS (Michigan State
University).

2. Methods
2.1. Patient population
Data was collected using prototypes of the BrainScope1 Ahead
Concussion Assessment System (CAS) at 42 sites (23 Colleges, 19 High
Schools) across the US,2 with approval from local Institutional Review
1

BrainScope Company, Inc. Bethesda, Maryland.
College sites included: Texas Southern University, Texas A&M Prairie (Rice
University); Le Moyne College, Onondaga Community College (SUNY; Syracuse
2
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throughput), only the “throughputs” were used, which are composite
scores which jointly reﬂect both speed and accuracy. The raw neurocognitive features were age-regressed and z-transformed to standard
scores using a large normative database of subjects aged 13–35.

diﬀerentiate between groups are candidates for selection.
2.2. RTP information
The determination of RTP information for each subject (reported as
a number of days after injury) was made as per the local return to play
protocol used at each site. The criteria for RTP were not part of the
protocol of the study as each site was obligated to follow the guidelines
of their own institution. As such, the data is more representative of
standard clinical practice. However, all the sites used a staged/graduated return to play protocol.

2.5. EEG data acquisition
Using handheld BrainScope investigational devices [18,19], ﬁve to
ten minutes of EEG data was acquired under “eyes closed resting”
conditions. A technician observed the subject throughout data acquisition and alerted him/her if necessary. The EEG data was recorded
from the limited frontal electrode montage consisting of the Fp1, Fp2,
F7, F8, AFz, A1 and A2 locations of the expanded International 10–20
Electrode Placement System, and was re-referenced to linked ears. The
EEG data was acquired at a sampling rate of 1 kHz and all electrode
impedances were below 10 kΩ. Ampliﬁers had a band pass ﬁlter from
0.3 to 250 Hz (3 dB points).

2.3. Clinical assessments
All study subjects were evaluated with the following symptom based
scales or assessment tools: 1) Sports Concussion Assessment Tool – 3rd
Edition (SCAT-3) [29,30]: Symptom Evaluation (Section 3 of that
document, which assesses the presence and severity of 22 common
concussion symptoms, using a Likert scale to assess symptom severity
(range 0–6 per item, with a total score range of 0–132); and 2) Standard
Assessment of Concussion (SAC, Section 4 and 8): a brief cognitive
screening tool which includes brief subtests of orientation, immediate
memory, concentration, and delayed recall (total score of 0–30). In
addition, all measures which were components of the New Orleans
Criteria (NOC) for referral of head injured patients for CT scans were
collected by trained research assistants. These included: headache,
vomiting, age > 60 years, drug or alcohol intoxication, persistent
anterograde amnesia, visible trauma above the clavicle, or seizure.
Using this information in consultation with emergency medicine
and sports medicine physicians, and in conjunction with published
guidelines [31,32], the subjects were divided into three clinical categories for the purpose of assessing performance of the classiﬁers by
severity of clinical functional impairment. The ﬁrst subject category
(referred to as “Controls” (Ctl)) corresponds to subjects who were
functionally normal controls, category 2 (referred to as Cx2) subjects
had mild or moderate functional/concussion symptoms with RTP under
14 days, and category 3 (referred to as Cx3) subjects had mild or
moderate concussion symptoms with RTP of 14 days or more (“prolonged/protracted” recovery group). Since this study was focused on
building a multimodal brain function (mTBI/concussion) index which
maximally separates controls from concussed subjects, the second category was only used for testing but was not used for training, i.e. the
classiﬁer was developed for Cx3 (“concussed subjects with prolonged
recovery”) versus Ctl (not head injured). The age, gender and race
distributions of the sample were determined by the representation of
each in the populations served by the participating sites involved.

2.6. EEG data processing
EEG recordings downsampled to 100 Hz were processed using
BrainScope's algorithms for artifact detection [16] which identify for
removal any physiologic and non-physiologic (i.e. from external
sources) contamination, including lateral and horizontal eye movement, muscle activity (EMG), impulse artifacts, extremely low amplitude EEG activity, and atypical electrical activity. In prior studies this
artifact detection showed excellent agreement (87.6%) between an
experienced EEG technologist selecting artifact-free EEG segments and
the automatic artifact algorithms performing this task. Previous experience has shown that suﬃcient artifact-free data (50–120 s; representing 20–48 epochs of length 2.56 s) can be obtained from these
ﬁve to ten-minute long EEG recordings in such a population. Only artifact-free data was submitted to all further analyses of the EEG data.
2.7. Quantitative EEG (QEEG) feature extraction
The power spectrum of the artifact-free EEG data was computed
using the Fast Fourier Transform (FFT) in order to extract QEEG features of absolute and relative (%) power, mean frequency, inter- and
intra-hemispheric coherence and asymmetry, computed in the frequency bands: delta (1.5–3.5 Hz), theta (3.5–7.5 Hz), alpha
(7.5–12.5 Hz), beta (12.5–25 Hz) and gamma (30–45 Hz). The computation of these traditional features is described in Ref. [16]. In addition,
several additional features were computed, including: (a) chaotic/
fractal measures (fractal dimension and scale-free activity) [36], which
evaluate the global signal complexity of the brain electrical activity at
each electrode location across the total spectrum; (b) measures based
on information theory (entropy and wavelet entropy), which evaluate
the degree of order/disorder of the brain electrical activity at each
electrode location; and (c) connectivity measures (phase lag, phase
synchrony, and various ratios of spectral power and coherence computed across regions) which evaluate relationships between and among
cortical regions [37,38]. All these features were transformed to obtain a
Gaussian distribution and z-transformed relative to age expected
normal values following the QEEG methodology described in Refs.
[39,40]. The importance of these steps in enhancing the sensitivity and
speciﬁcity of brain electrical activity, along with its test-retest reliability and replicability has been described in detail in Ref. [41]. The
resulting database of QEEG feature z-scores is referred to in this paper
as the “algorithm development database”. At this stage, a ﬁnal data
quality check algorithm was applied to identify non-EEG data contamination based on distribution characteristics of features outside the

2.4. Neurocognitive data acquisition
A rapid cognitive performance assessment module developed by
Vista Life Sciences was used to perform a small battery of neurocognitive tests performed on Surface Pro 3 Tablet. This rapid cognitive
performance assessment module was used to assess cognitive performance. The assessment included the following tests (subtests of the
ANAM battery [33]), which can be aﬀected by TBI: Simple Reaction
Time (SRT; evaluates simple motor speed, information processing speed
and attention), Code Substitution Learning (CDS; evaluates associative
learning and memory), Procedural Reaction Time (PRO; evaluates
higher-order rapid responding including visuomotor reaction time and
simple decision making), and Go/No-Go (GNG; evaluates sustained
attention and impulsivity/inhibition) [33–35]. Among the raw features
output by the assessment module (speed, percent accuracy,
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Table 1
Descriptive statistics of subjects enrolled in the study at Day 0 (Algorithm Development “All In” (AI) + “Hold Out” (HO), Controls, Injured/Cx).

Sample size (N; day 0)
Gender (#Female, #Male (% Female))
Age (Median (Range))

Controls

Injured (all)

Injured
(RTP < 14)

Injured RTP ≥ 14)

187
65, 122 (34.8%)
19.2 (13.6–24.6)

177
63, 114 (35.6%)
19.4 (13.9–25)

75
22, 53 (29.3%)
20.1 (14.2–24.8)

102
41, 61 (40.2%)
19.1 (13.9–25)

vestibular/balance issues.
The dataset was ﬁrst randomly split into an “All In” training set (AI;
80%) and holdout set not used in training (HO; 20%), but later used as
an independent test group. The AI training dataset was further divided
into 10 splits (each with train (80%) and test set (20%)) to permit internal cross-validation [42–44]. A Genetic Algorithm (GA) classiﬁer
builder (a type of machine-learning algorithm) was used to design

frequency range of interest that were not identiﬁed by the artifact algorithms. Recordings which were deemed to be aﬀected by such contamination were eliminated from the database (approximately 3% of
the total number of recordings).
2.8. QEEG feature reduction
Following the step of feature extraction, the algorithm development
database contained several thousand features (M = 10,308). The problem which can arise from the availability of a very large number of
features and the consequential need for data reduction are common in
quantitative electrophysiology as well as in machine learning problems
in general. In these cases, the large datasets involved have a number of
features which is much greater than the number of subjects/recordings.
In such cases, an exhaustive search of the large feature space for an
optimal subset of features becomes both computationally prohibitive
and statistically limited and can lead to overtraining, which in turn
typically leads to poor performance on independent populations.
“Informed feature reduction,” described in detail in Ref. [16], was
therefore performed in order to retain only those features that are
stable, replicable, physiologically meaningful, and show good separation between the two subject classes (controls and concussed subjects).
The reduced feature set following this feature reduction step became
the candidate feature pool for classiﬁer building.
2.9. Multimodal classiﬁer development
Classiﬁer development involved searching the reduced dimensionality multimodal feature space using advanced machine learning-based
techniques in order to obtain classiﬁer candidates that can optimally
separate the two categories (controls and concussed) while avoiding
“overtraining”. The multimodality was represented by three broad
types of quantitative features: QEEG, a small subset of neurocognitive
throughput features, and a clinical sign/symptom feature reﬂecting

Fig. 1. Receiver Operating Characteristic (ROC) curve for the GA classiﬁer
generated using the “All In” algorithm development database. The operating
point shown on the ROC curve is for a target LOO speciﬁcity of 75%.

Table 2
Prevalence of typical concussion signs/symptoms (Sx) at Day 0 in the diﬀerent subject groups (Controls/Ctl, Injured/Cx). Cx2 are injured subjects with shorter
recovery (RTP < 14); Cx3 are the injured subjects with prolonged recovery (RTP ≥ 14). “Visual Disturbances” speciﬁcally refers to blurred vision or double vision
(diplopia).

% Ctls with symptom
(Sx)
% Cx2 with Sx
% Cx3 with Sx
# Cx (%) with Sx present
Median RTP with Sx
present
Median RTP with Sx
absent

Loss of Consciousness
(LOC)

Retrograde Amnesia
(RGA)

Altered Mental
Status (AMS)

Severe Headache
(SHA)

Balance
Problems

Dizziness

Visual Disturbances

0

0

0

0.5

3.2

3.2

0

12
8.8
18 (10.2%)
13.5

5.3
2
6 (3.4%)
10.5

100
100
177 (100%)
15

14.7
27.5
39 (22%)
19

38.7
46.1
76 (42.9%)
16.5

42.7
58.8
92 (52%)
18

10.7
12.7
21 (11.9%)
18

15

15

NA

14

15

13

15
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season. The data was divided into two groups based on the presence or
absence of concussive brain injury: Injured/Concussed (Cx) versus not
injured (controls/Ctl). RTP in the Cx group ranged from 4 days to 115
days (70 days when we remove this clear outlier). The Cx group included the two subtypes of Cx2 and Cx3 based on persistence of
symptoms. Table 1 shows the descriptive statistics for the control group
(187 subjects at Day 0) and the Cx groups (Cx2 and Cx3, N = 177). The
two groups Ctl and Cx3 showed signiﬁcant diﬀerences at intake for
several clinical characteristics, with Cx subjects more often having typical signs and symptoms of concussive injury (especially AMS, balance
and dizziness problems related to injury; see Table 2). The median RTP
for the Cx group was 15 days (mean = 18.3, std = 13.6) which is
consistent with the results reported by Kerr et al. in a sample of high
school and college American football athletes [54]. Out of the seven
symptoms listed in Table 2, severe headache and dizziness were the
only two for which symptom presence was associated with a return to
play longer by 5 days. Overall, no clear relationship is seen between
RTP and presence or absence of symptoms. For example, presence of
LOC and amnesia are both associated with shorter RTPs, whereas severe
headache and dizziness are associated with longer RTP. The symptoms
most reported by injured subjects at Day 0 were AMS, followed by
Dizziness, Balance Problems and Severe Headache.

classiﬁers (Linear Discriminant Functions) based on the Training cross
validation splits. GA is an Evolutionary Algorithm which performs a
stochastic search involving randomness from one iteration to the next
and evaluates a series of candidate solutions, where each new candidate
is informed by high-performing predecessors, similar to genetic evolution [45–51]. The candidates’ performance was computed on the 10
splits of the training dataset in order to get an estimate of average
performance and variability across splits. Leave-One-Out (LOO) crossvalidation performance was used for feature selection using the reduced
feature pool as described above as well as for selecting the classiﬁcation
threshold. This cross-validation method has been described in Statistical Classiﬁcation texts such as [52]. A target cross-validation speciﬁcity was set to constrain the solution to acceptable ranges of sensitivity
and speciﬁcity in accordance with our tolerance for stratiﬁcation of
risk. Because of the larger number of subjects on the negative side of the
classiﬁcation task, a decision was made to constrain the speciﬁcity instead of the sensitivity in order to reduce the chances of selecting an
operating point based on a spurious peak on the ROC curve [53].
The metrics used for evaluating classiﬁer performance were the area
under the curve (AUC) of the ROC as well as sensitivity and speciﬁcity
of the classiﬁers at their operating point. ROC curves are useful for
visualizing classiﬁer performance and the AUC is a simple to compute
scalar measure of classiﬁer performance which is commonly used in
medical classiﬁcation problems. At the end of this procedure, an “AllIn” classiﬁer building run was conducted on the full algorithm development database and was tested on the Hold Out (HO) dataset not used
in training the algorithm and performance reported on this set.

3.1. Classiﬁer performance at day of injury (Day 0)
The Receiver Operating Characteristic (ROC) curve [53] for the GAderived multimodal classiﬁer generated using the “All In” algorithm
development database is shown in Fig. 1, for the separation of Ctl from
Cx3 subjects. The Leave One Out (LOO) Cross Validation sensitivity/
speciﬁcity at the selected operating point on the ROC curve (deﬁned by
selecting a classiﬁcation threshold) of the classiﬁer were: 92.7%/
75.1%. The Negative Predictive Value (NPV) and Positive Predictive
value (PPV) of the classiﬁer were: 97.5%/49.4%. The summary performance table for the classiﬁers developed on the 10 Train/Test splits
and for the “All In” classiﬁer is shown in Table 3. Note from this table
that the average sensitivity(Cx3)/speciﬁcity on the 10 splits, with 95%
conﬁdence intervals was: sensitivity (Cx3) = 79.2%; 95%CI:

3. Results
Injured and matched control subjects (N = 364 at Day 0, 236 (65%)
males and 128 females (35%)) were enrolled at 42 sites (23 Colleges, 19
High Schools) across the US, with approval from local Institutional
Review Boards (IRBs). In addition, non-injured healthy volunteers (HV;
N = 204; 46.6% female, 53.4% male), i.e., an additional group of
control subjects playing contact or non-contact sports meeting inclusion/exclusion criteria, were assessed at pre-season (Baseline) and post-

Table 3
Summary performance table for the classiﬁers developed on the 10 Train/Test splits and for the “All In” classiﬁer. Cx2 are injured subjects with shorter recovery
(RTP < 14); Cx3 are injured subjects with prolonged recovery (RTP ≥ 14). Area Under the ROC Curve (AUCs) are for the Cx3 vs. Ctl classiﬁcation task, that is, for
prediction of prolonged recovery at time of injury.
Split#

#

LOOCV (Ctl vs. Cx3)

Test/HO Group Results

Features

1
2
3
4
5
6
7
8
9
10
Mean
Std Dev
95% CI
AI1
HO

Selected

Sens (Cx3)

Spec

AUC

Sens (Cx)

Spec

Sens (Cx3)

N (Cx3)

Sens (Cx2)

N (Cx2)

AUC

22
11
23
14
21
15
16
13
17
20
17
4

95.5
90.8
93.8
92.4
93.9
93.8
89.2
93.8
92.4
97
93.3
2.2
1.4
92.7

74.8
75.3
74.9
74.8
74.8
74.9
75.2
74.9
74.8
75.2
75
0.2
0.1
75.1

0.928
0.919
0.926
0.931
0.92
0.918
0.925
0.923
0.912
0.932
0.923
0.006

82.1
65.5
69
71.4
75
65.5
71.4
79.3
75
64.3
71.9
6
3.7

71.4
74.2
66.1
61.9
60.3
77.4
63.5
77.4
68.3
69.8
69
6.1
3.8

81.2
76.5
88.2
81.2
75
76.5
76.5
82.4
87.5
66.7
79.2
6.4
3.9

16
17
17
16
16
17
17
17
16
15
16.4

12
12
12
12
12
12
11
12
12
13
12

0.883
0.753
0.74
0.711
0.783
0.795
0.757
0.825
0.853
0.775
0.788
0.053
0.033

74.3

73.4

85.0

20

83.3
50
41.7
58.3
75
50
63.6
75
58.3
61.5
61.7
13
8.1
63.3
60.0

16

0.925

99

60
15

0.853
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3.2. Mapping of classiﬁer output to the enhanced multimodal Brain
Function Index (eBFI)
In order to give statistical interpretability to the output of the
classiﬁer, a mapping to percentile scores (range 1–100) was created
using the baseline assessments of the healthy volunteer (HV) group as a
normal population. The percentile thresholds were derived so that the
classiﬁer outputs of an equal number of controls fell into each bin. A
graphical representation of these thresholds is shown in Fig. 2. Note
that each pair of such thresholds corresponds to a percentile bin of the
eBFI. There are 100 such bins in total. This procedure results in the eBFI
of the controls, expressed as a percentile, to be uniform. It also ensures
that a subject with percentile score of x has x% of the normal controls
with a “worse” classiﬁcation output score (deﬁned as further toward the
more abnormal/Cx3 class). Note that this means that the scale is “one
tailed”, i.e. “poor/abnormal” eBFI scores are expected to be only on the
one side below the median eBFI score (which is by deﬁnition 50 for a
normal group). When mapped to eBFI scale, the discriminant classiﬁcation threshold (T = 12.5 indicated on ROC curve in Fig. 1) was equal
to 23.

3.3. Analysis of longitudinal change in the eBFI
Box plots showing the distribution of the eBFI at baseline/preseason (when available), Day 0 and at subsequent days (Day 5, RTP,
RTP+45, Post-Season (when available)) for the controls and the injured subjects are shown in Fig. 3. At baseline and all subsequent
measurements, the controls have a median eBFI which close to 50, as
would be expected from a percentile scale derived from a baseline
control group. At Day 0, the injured Cx groups (Cx2 + Cx3 combined)
have very low median eBFIs which gradually rise to a level which is on
par with that of the control group at the same time point. Group
comparisons of eBFI were performed at each time point, using the nonparametric Wilcoxon rank test for a median, to test for signiﬁcance of
the diﬀerences between the eBFI scores of the controls and the injured,
reﬂecting return toward expected pre-season state. The signiﬁcance
levels are reported in Table 4. At Day 0 (day of injury) the eBFI of the
injured was signiﬁcantly lower than that of the controls (p = 8.1E-25)
and this signiﬁcance was present when considering the Cx2 and Cx3
groups separately. At Day 5, the eBFI of the injured was still signiﬁcantly lower than that of the controls (p = 2.2E-4) but this signiﬁcance was driven by the scores of the prolonged recovery group
(Cx3). At RTP, the eBFI of the concussed group was no longer signiﬁcantly lower than that of the controls (p = 0.13) but separate analyses of the short and long recovery groups reﬂects signiﬁcant diﬀerences in the prolonged recovery group at RTP (p = 0.008), which is no
longer there at RTP+45 (p = 0.36), suggesting that for some subjects,
return to play may have occurred prior to maximum recovery as seen at
the later time point (RTP+45).
For the control groups (healthy volunteers and matched controls),
there were no signiﬁcant diﬀerences between eBFI at (pre-season)
baseline and post-season (p = 0.71). In addition, as can be seen in
Table 5, there were also no signiﬁcant diﬀerences between eBFI of the
matched controls at Day 0 and at any of the subsequent time points
(Day 5, RTP, RTP+45).3 Importantly, the lack of any signiﬁcant differences in the matched controls at Day 0 (which can be treated as their
baseline measurement) and RTP+45, in conjunction with the lack of
signiﬁcant diﬀerences between controls and injured at RTP+45, supports the hypothesis the eBFI scores of the injured subjects at RTP+45
can be considered as their “surrogate baseline” measurement.

Fig. 2. eBFI mapping showing the discriminant score thresholds corresponding
to the 100 bins of the percentile scale for the normal population. The eBFI
threshold of 23 corresponds to the classiﬁcation threshold below which a
subject would be called injured/concussed.

75.3%–83.1%/speciﬁcity = 69%; 95%CI: 65.2%–72.8%, and that the
sensitivity (Cx3)/spec of the “All In” classiﬁer on the Hold Out group
was 85%/73.4%. The sensitivity of this classiﬁer on the (independent)
test group of Cx2 subjects (N = 60) was 63.3%.
The top-ﬁve contributors to the classiﬁcation included a clinical
feature reﬂecting balance/dizziness (vestibular) problems, a neurocognitive throughput reaction time feature, and a set of EEG features.
These EEG features contributing most to classiﬁcation were speciﬁcally
those which characterize connectivity between regions, including
measures of phase synchrony and power asymmetry. Other important
EEG feature contributors included bipolar coherence, shifts in mean
frequency, within hemisphere disturbances in power gradients, and a
measure of signal complexity (non-linear scale-free).

3
The Day 0 and RTP comparison for the matched controls yielded the lowest
p-value (0.09) and is an outlier within the controls.
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Fig. 3. Boxplot of multimodal Brain Function Index (eBFI), expressed as a percentile, for controls and injured groups. Top-left: Controls, Top-right: All injured
subjects, Bottom-left: Injured subjects with RTP < 14 days (Cx2), Bottom-right: Injured subjects with RTP ≥ 14 days (Cx3).

3.4. Odds Ratio analyses

Table 4
Number of Control and Injured subjects at Day0 (time of injury), Day5, RTP,
RTP+45 and p-values for the Wilcoxon rank test for a median comparing eBFI
percentile scores of Control and Injured/Cx groups (all injured (Cx2 + Cx3),
injured with shorter recovery (Cx2), injured with prolonged recovery (Cx3)).
Day

N Controls

N Injured
(all Cx)

N Cx2

N Cx3

p-Value
Cx vs
Ctl

p-Value
Cx3 vs
Ctl

p-Value
Cx2 vs
Ctl

0
5
RTP
RTP

148
117
125

142
107
138
125

60
35
59
117

82
72
79
50

8.1E-25
2.2E-04
0.13
67

5.1E-28
2.7E-08
0.008
0.72

2.6E-07
0.3
0.65
0.36

+
45

Odds Ratio (OR) comparisons were performed, involving matched
controls and injured groups (Cx3; RTP ≥ 14) at Day 0, RTP and RTP
+45. It is of note that the OR of Injured subjects being called injured at
RTP+45 by the classiﬁer (i.e. with eBFI ≤23) versus Controls being
called injured at RTP+45 was very close to one (OR = 1.01), while the
OR of Injured subjects being called injured by the classiﬁer at Day 0 vs.
Controls being called injured at Day 0 was close to 4 (OR = 3.91). Thus
these ORs further support the use of RTP+45 as a surrogate baseline for
the injured group.

0.64

4. Discussion
In the absence of a biomarker as a gold standard for concussion,
there is reliance on self-report and brief sideline evaluations, which are
largely subjective, can be learned and are inconsistent in use, both in
deﬁning the injury and in making important decisions related to recovery (e.g., RTP). Presence and severity of most concussion symptoms
at time of injury are weak predictors of injury severity and of the time it
takes for the athlete to return to play [55]. As noted above, unrecognized and untreated concussions can contribute to increased risk
of repeat concussions, risk of mortality, slowed recovery and contribute
to the presence of both short and long-term consequences [5,56–58].
Although advanced neuroimaging can be used to distinguish between groups with concussive brain injury and controls in an experimental setting [59], such technologies are not readily available at the

Table 5
Number of matched control subjects at Day0, Day5, RTP, RTP+45 and p-values
for the Wilcoxon rank test for a median comparing eBFI percentile scores at Day
0 and at each subsequent day (Day5, RTP, RTP+45).
Day

N Ctl

p-Value Controls at Day0 vs DayX

0
5
RTP
RTP + 45

148
117
125
125

NA
0.93
0.09
0.87
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sidelines, in Urgent Care Centers, concussion clinics or in the emergency department to aid in the assessment of concussive injury. Studies
have suggested that EEG can act as a surrogate for other neuroimaging
tools and can provide many advantages in sideline testing (in locker
room or nearby venue) at the time of injury [60]. Using devices in
development, studies have shown that an EEG index reﬂects persistence
of alterations in brain function, beyond the window of abnormal ﬁndings demonstrated through clinical measures, focusing on assessment of
reported symptoms, cognitive functioning, and sideline measures of
vestibular functioning [61,63–65]. The BrainScope One EEG Brain
Function Index [19] was also demonstrated to have potential to reﬂect
recovery from sport-related concussion [21].
The importance of multimodal assessments of concussion, which
evaluate several functional/clinical domains has been emphasized in
the recent literature [26–28,62]. The derivation of the enhanced BFI
(eBFI) described herein demonstrates the potential to use a multimodal
multivariate index with EEG at its core, to provide important quantitative information about the status of brain function in concussion,
aiding in the early identiﬁcation, treatment, evaluation, and return-toplay decisions.
Results from this study demonstrated highly signiﬁcant diﬀerences
in the eBFI of controls and injured at time of injury. Progressive recovery over time was also demonstrated, especially in the prolonged
recovery group. The heterogeneity of the concussed population is also
evident in the box plots, which show evidence (quartiles shown on the
plot) that diﬀerent subjects recover at diﬀerent rates. This point is also
supported at RTP, where the eBFI of the injured athletes was no longer
signiﬁcantly lower than that of the controls (p = 0.13) but where separate analyses of the short and long recovery groups still showed
signiﬁcant diﬀerences remaining in the prolonged recovery group at
RTP (p = 0.008), which were no longer present at RTP+45 (p = 0.36).
This result also supports the hypothesis that some of the more severely
injured subjects (those with prolonged RTP) may have been allowed to
return to play too soon. It is of note that the injured subjects that recovered within 14 days, and which can therefore be considered to be
only very mildly injured, were largely identiﬁed as “not prolonged recovery” by the classiﬁer and that their eBFIs were no longer signiﬁcantly diﬀerent from those of controls at Day 5. The demonstration
that the injured group shows no signiﬁcant diﬀerences from the control
subjects at RTP+45 suggests that the eBFIs in the injured subjects at
RTP+45 have returned to the point where they fall within the baseline
range of a non-injured population.
This study demonstrated the potential clinical utility of a multimodal biomarker based on brain electrical activity, neurocognitive and
vestibular features to provide a means for personalized quantitative
tracking from time of injury throughout recovery of brain function after
concussive injury. It is of note that others have reported the importance
of a vestibular clinical feature (dizziness at time of injury) as being
associated with a protracted recovery from a sports-related concussion
(deﬁned as RTP ≥ 21 days) in a sample of 107 male high school football athletes [55], while no other on-ﬁeld symptom was associated with
protracted recovery. The ability to obtain such an index rapidly, in a
hand held device, at the point of care and at any point along the recovery trajectory, potentially represents added value as an adjunct to
current clinical practice to assist in more objective, timely, conﬁdent
and optimal determination of, and tracking of recovery from, mTBI/
concussion. An independent prospective validation trial of such a
multimodal Brain Function Index is under way.
Gioia states in Ref. [66] that “Ultimately, the practice of concussion
assessment and management will beneﬁt from an evidence-based
medicine approach […] whereby clinicians have access to statistical
bases for evaluating a patient's scores relative to those seen in subjects
with known concussions versus non-injured subjects.” The eBFI, a
multivariate, multimodal, objective and quantitative index of brain
function impairment directly addresses this need.
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The Use of an Electrophysiological
Brain Function Index in the Evaluation
of Concussed Athletes
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Objective: To evaluate the effectiveness of the electroencephalographic (EEG) Brain Function Index (BFI) for
characterizing sports-related concussive injury and recovery. Participants: Three hundred fifty-four (354) male
contact sport high school and college athletes were prospectively recruited from multiple locations over 6 academic
years of play (244 control baseline athletes and 110 athletes with a concussion). Methods: Using 5 to 10 minutes of
eyes closed resting EEG collected from frontal and frontotemporal regions, a BFI was computed for all subjects and
sessions. Group comparisons were performed to test for the significance of the difference in the BFI score between
the controls at baseline and athletes with a concussion at several time points. Results: There was no significant
difference in BFI between athletes with a concussion at baseline (ie, prior to injury) and controls at baseline
(P = .4634). Athletes with a concussion, tested within 72 hours of injury, exhibited significant differences in BFI
compared with controls (P = .0036). The significant differences in BFI were no longer observed at 45 days following
injury (P = .19). Conclusion: Controls and athletes with a concussion exhibited equivalent BFI scores at preseason
baseline. The concussive injury (measured within 72 hours) significantly affected brain function reflected in the BFI
in the athletes with a concussion. The BFI of the athletes with a concussion returned to levels seen in controls by
day 45, suggesting recovery. The BFI may provide an important objective marker of concussive injury and recovery.
Key words: brain function index, brain injury, concussion, electrophysiological data, mild TBI
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E

STIMATES OF THE INCIDENCE of mild traumatic brain injury (mTBI) or concussion in the
United States are reported by the Centers for Disease
Control and Prevention (CDC) to be 1.6 million treated
and 3.8 million untreated sports-related concussions
yearly on the basis of data from 2001 to 2005.1 In 2010,
the CDC reported a 70% increase in TBI-related emergency department visits over the previous decade, due in
part to heightened awareness of concussion.2 The current “gold standard” for sports-related concussion relies
largely on subjective reporting of signs and symptoms,
using assessment tools such as the Sport Concussion
Assessment Tool (SCAT).3 The subjective nature of the
assessment makes diagnosis, intervention, and return-toplay decisions extremely difficult.
Current research in neuroimaging has contributed
to a better understanding of the pathophysiology of
sports-related concussion. Changes in “connectivity”
have been demonstrated in studies of diffusion tensor
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imaging, providing evidence of the disruption of white
matter tract integrity in concussive injury.4–8 In addition,
magnetic resonance spectroscopy results demonstrate
evidence of changes in brain metabolism as a consequence of concussive injury.9
Such changes in brain physiology are also reflected in
brain electrical activity, suggesting the utility of such
measures as markers of functional brain injury.10 In
a study comparing diffusion tensor imaging and electroencephalographic (EEG) in blast-concussed soldiers,
Sponheim and colleagues11 reported a significant correlation between changes in mean fractional anisotropy
of 4 major white matter tracts related to frontal interhemispheric communication and changes in phase synchrony of the EEG between frontal and frontotemporal
regions. Another measure of brain electrical activity reported to reflect brain injury in mTBI is based on the
“complexity” or entropy of the EEG signal, which decreases in concussive injury.12 Changes in the frequency
spectra of the EEG, power relationships, and coherence
between regions have also been associated with concussive injury.13–16
Brain electrical activity has several advantages over
other functional neuroimaging methods, considering
both analytic and clinical aspects. On the analytic side,
the superior temporal resolution of electrophysiological
data results in better precision related to neuronal transmission, and sensitivity to both functional and structural brain injury. The clinical advantages include ready
availability at the point of care, rapid acquisition, ease
of use with limited training, nonradiation emitting, and
cost-effectiveness.
The EEG Brain Function Index (BFI) is a derived
marker that provides an index of functional brain abnormality following a head injury. The index, a novel composite measure, was recently validated in a blinded validation trial17 of the BrainScope Ahead 300 device and
received Food and Drug Administration 510(k) clearance (K161068). The BFI is derived from those EEG
features associated with functional brain impairment,
reflecting current consensus on the physiology of concussive injury. These features include those that reflect
changes in brain region connectivity (eg, phase synchrony and coherence), EEG signal complexity (eg, fractal and scale-free dimension), and shifts in the frequency
spectra (eg, alpha power). This study will demonstrate
the potential clinical utility of the BFI in a population
of athletes with a concussion studied longitudinally.
METHODS
Subjects
Male contact sport athletes (N = 354) from high
schools and colleges (Male athletes were recruited from
the University of Wisconsin-Madison and from high

schools and colleges in the greater Milwaukee, Wisconsin, and West Lafayette, Indiana areas) who met inclusion criteria were enrolled in the study. The large majority of these athletes were football players (94.4%).
Approval by the Institutional Review Boards at the host
institutions of the principal investigators and written
informed consent was obtained from all voluntary participants (or parent/guardian of minors).
Design and procedures
All consenting contact sport athletes who met inclusion/exclusion criteria were enrolled into the study and
participated in a preseason baseline EEG acquisition
and evaluations on all concussion assessment measures
used to make the concussion diagnosis. In addition to
the assessments, a database was generated that included
information such as patient demographics, concussion
history, and any preexisting conditions (developmental,
neurological, and medical).
Inclusion/exclusion criteria
The inclusion criteria included (1) no loss of consciousness of total duration of 20 minutes or more, (2)
no neuroimaging evidence of structural injury, and (3)
no hospitalization (no admission due to either head injury or collateral injuries). Subjects were excluded who
met the following exclusion criteria by self-report: (1)
evidence of illicit drug usage, (2) associated injuries
(broken bones, sprained extremity joints), (3) did not
speak or read English, (4) current central nervous systemactive prescription medications, (5) skull abnormalities
(eg, metal plate), and (6) attention-deficit hyperactivity
disorder or learning disability (controls only).
Concussion population
During the course of the season, enrolled subjects
who sustained a concussive injury were identified and
moved to the injury group as per the protocol by a
certified athletic trainer present on the sideline during an athletic contest or practice. Concussion was defined as an injury resulting from a blow to the head
or to the body causing head deceleration, resulting in
altered mental status and one or more of the concussion symptoms described by the American Academy of
Neurology guideline for diagnosis and management of
sports-related concussion18 for consistency across sites
(it is noted that this was the current version at time
of data acquisition). These concussion symptoms included headache, nausea, vomiting, dizziness/balance
problems, fatigue, trouble sleeping, drowsiness, sensitivity to light or noise, blurred vision, difficulty remembering, or difficulty concentrating.18,19 The following
additional symptoms were also documented after injury: loss of consciousness, posttraumatic amnesia (eg,
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inability to recall exiting the field and aspects of the
examination), and retrograde amnesia (eg, inability to
recall aspects of the play or events prior to injury and
score of the game) and other acute injury characteristics
(not presented herein). All assessments and recording
of symptoms were completed under the supervision of
trained research technicians at the time of the EEG evaluation. This information was used for the determination
of concussion and does not play a role in the analysis
reported in this article.
Once an athlete suffered a concussion his or her preseason baseline was removed from the control population baselines and included in the injury group. There
were no subjects who were in both the control group
and the injury groups.
Assessment protocol
The clinical “sideline” and electrophysiological
evaluations were conducted preseason (when available),
within 72 hours of sustaining a concussive injury
and again 45 days postinjury (regardless of injury
severity), in a controlled testing setting (eg locker room
and classroom). All assessment time points included
electrophysiological (EEG) testing, a computerized neuropsychological testing battery, and signs and symptom
questionnaires (including the Standardized Assessment
of Concussion [SAC]20,21 and the Concussion Symptom Inventory). Only the EEG data are presented herein.
All examiners were trained to perform these evaluations,
and quality control guidelines were followed rigorously.
Electrophysiological evaluation
Subjects underwent 5 to 10 minutes of eyes closed
resting EEG recording acquired on a hand-held device (investigational variants of BrainScope Ahead devices). The EEG recordings were made from frontal
and frontotemporal sites of the extended international
10/20 electrode placement system using self-adhesive
electrodes applied to the forehead, and referenced to
linked ears. Electrode sites included FP1, FP2, AFz (located just anterior to Fz on the forehead, below the hairline), F7, and F8. All electrode impedances were below
10 k. Amplifiers had a bandpass from 0.5 to 70 Hz (3dB points). A sampling rate of up to 8 kHz was used for
data acquisition and the data were subsequently downsampled to 100 Hz for processing. Electrode placement
in all cases was completed in less than 5 minutes.
The EEG data were subjected to automatic artifact rejection algorithms to remove any biologic and nonbiologic contamination, including that from eye movement
(vertical and lateral), muscle movement, patient or cable
movement, external noise, significantly low-amplitude
signal, and atypical electrical activity patterns.22 Previous experience, as reported in Prichep et al,22 has demon-
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strated that sufficient artifact-free data (60–120 seconds)
for quantitative analysis can be obtained from such a
5- to 10-minute recording. It is noted that these artifact detection algorithms were part of procedures implemented in the Food and Drug Administration-cleared
data acquisition devices used in this study.
Computation of EEG BFI used in this study
The derivation of the BFI applied to patients in this
study is described elsewhere.17 To aid in understanding
of the index, the steps taken in its derivation are summarized later. Artifact-free EEG data from head-injured
and control subjects (n = 2407) were subjected to quantitative off-line analyses for feature extraction.
The set of features used to compute the BFI were those
that are reflective of the physiology associated with concussive injury in the scientific literature. These included
measure sets containing features related to “connectivity” (eg, phase synchrony and coherence), complexity
of the signal (eg, fractal and scale-free dimension), and
shifts in the frequency spectra (eg, decrease of alpha
power). These features are thought to contain information about the architecture of the neural networks in
the brain, neuronal transmission and changes in brain
metabolism and neurochemistry, which are impacted
on by head injury.4–16 These features were age regressed
and normalized to obtain feature z scores. See Prichep
and colleagues22 for a more complete description of the
features and the feature extraction methodology.
Computation of the BFI
The EEG BFI was computed as a linear combination
of the selected QEEG feature z scores. The linear combination included additional weight assigned to values
that are outside the age-expected normal range for that
feature (to increase the relative contribution of the features with abnormal values to the index). The general
formulation of the index (Y) for any EEG recording
session was expressed as follows:
Y = wN

NN

i =1

xi + w A

NA


xi

i =1

where, w N is the weight associated with a feature value
that is in the normal range for that feature, NN is the
number of features for the given EEG recording session
that are in the normal range, xi is the value of the ith
feature, w A is the weight associated with a feature value
that is outside the normal range, and NA is the number
of features for the given EEG recording session that are
outside the normal range.
During the development of the BFI, steps were taken
to avoid overtraining. The feature set used as the basis
for the BFI was limited not only by the informed data reduction but also by the conservative standard statistical
www.headtraumarehab.com
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TABLE 1

Mean and standard error of Brain Function Index for each conditiona

Group
Control baseline
Injury baseline
Injury day 0
Injury day 45

N

Mean
(standard
error)

t statistic
(compared with
baseline)

P value

244
49
94
55

155.52 (5.50)
166.33 (13.58)
190.87 (10.60)
171.15 (10.50)

–
− 0.7376
− 2.9601
− 1.318

–
.4634
.0036
.191

a Results

of t test (t statistic and associated P value) for comparisons between athletes with a concussion at each time point and
baseline controls.

convention of 10:1 subject-to-feature ratio. In addition,
the variability in the performance of the BFI across
the development population was accounted for using a
5-fold cross-validation strategy. It is also important to
note that, because the BFI was finalized a priori, only
those specific features used for the BFI computation
were extracted from the study population.17∗
Statistical analyses
Group comparisons for the BFI were made using a 2tailed t test for independent samples, with unequal variances to test for the significance of differences in the BFI
score between the controls and concussed athletes. The
t tests were performed between (1) baselines of controls
versus baselines of injured (those who sustain a concussion after baseline); (2) controls versus concussed at time
of injury; and (3) controls versus concussed at day 45 following injury. It is noted that, although the BFI is a composite feature, it is tested in this model as a single measure and therefore does not require correction for multiple comparisons. (See earlier for discussion of protection
from multiple measures used in derivation of the BFI.)
RESULTS
A total of 244 control baseline cases and 110 cases that
were diagnosed with a concussion during the course of
the season were included in the study; 94.4% of study
subjects were football players. The control group had
a mean age of 18.27 years (σ = 2.10; range = 14.11–
23.31). The injured/concussed subject group had a mean
age of 18.36 years (σ = 2.23; range = 14.89–23.20). The
mean SAC score for the control group at baseline was
27.45 (median = 28; σ = 1.89; range = 14–30). The
mean SAC score for the injured group at baseline was
27.71 (median = 28; σ = 1.78; range = 24–30).
∗ It

should be noted that the Ahead 300 device was cleared by FDA
(K161068), for use within 72 hours of head injury, in patients between
the ages of 18-85 years, with GCS of 13-15. The use of the BFI outside
of the 72 hours post-injury window or pre-injury (baseline) discussed
in this study were not evaluated as part of the FDA validation study.

Of the 110 athletes with a concussion, 49 had received a preseason baseline assessment (note that preseason baseline was not included in all years of study),
94 received an assessment within 24 hours of injury, and
55 received a follow-up assessment (45 days after injury).
The sample size is different for the various time points
because of 3 main factors: (1) related to baselines, during
2 of the seasons of play the protocols did not include
preseason baseline evaluations; (2) related to time of injury, some sessions were excluded because of excessive
artifact, subjects tested outside the 24-hour time window, or subject withdrawal; and (3) related to follow-up
at day 45, this last time point suffered from attrition.
Within the group of subjects who received an assessment within 72 hours of injury, 38 had baseline recordings and 56 did not. A comparison of the BFI scores
for the 2 groups indicated that they were not different (t statistic = −1.1210; P = .2653). Therefore, it was
deemed acceptable for the 2 groups to be combined for
the purpose of this analysis, for the purpose of enriching
the population and increasing the power of the analysis.
The characteristics of the BFI score for the control
and injured populations are summarized in the Table 1,
which shows the mean and standard error for the BFI
score at each assessment time point for the injured subjects and the significance of the difference at each time
point from control baselines. There was no significant
difference between BFI at preseason baseline in athletes
who were later concussed and those in the control group
(t statistic = −0.7376; P = .4634). Injured athletes exhibited significant differences from controls at the time
of injury (t statistic = −2.9601; P = .0036). No group
differences (injured vs controls) were observed at 45 days
(t statistic = −1.3180; P = .1910), which suggests normalization of the BFI, representing “recovery.”
DISCUSSION
In the absence of a biomarker as a gold standard
for concussion, there is reliance on self-report and
brief sideline evaluations, which are inconsistent in use,
both in defining the injury and in making important
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return-to-play decisions. Unrecognized and untreated
concussions can contribute to morbidity, with potentially debilitating and lingering postconcussive symptoms, including cognitive impairment, development of
depression and anxiety, and somatization disorder.23,24
In addition, there is a higher incidence of repeat concussion following a first concussion and when the injured
athlete is allowed to return to play before symptom
resolution.25–26 The EEG BFI can provide important
quantitative information about the status of brain function in concussion, aiding in the early identification,
treatment, evaluation, and return-to-play decisions.
Although advanced neuroimaging can be used to distinguish between groups with concussive brain injury
and controls in an experimental setting,27 such technologies are not readily available at the sidelines or in
the emergency department to aid in the assessment of
concussive injury. Studies have suggested that EEG can
act as a surrogate for other neuroimaging tools and can
provide many advantages in sideline (including locker
room or nearby venue) testing at the time of injury,
including ease of use, rapid evaluation, and quantitative results, which can be expressed as a percentile of
the normal population. To date, electrophysiological
methods have been demonstrated to reflect persistence
of alterations in brain function, beyond the window of
abnormal findings demonstrated through clinical measures, focusing on assessment of reported symptoms,
cognitive functioning, and sideline measures of vestibular functioning.
To facilitate the interpretation of the index in this
work, the index may be mapped to a percentile scale
developed using the range of values obtained for a large
population of healthy individuals. Key points on the
scale may be highlighted on the basis of clinical utility (eg, <10th percentile). Such displays are similar to
those standardly used in presenting results of neurocognitive and other standard test results (and predicates for
performance tasks).
Results of this study demonstrated no differences in
BFI at time of preseason baselines but highly significant
differences at time of injury. When compared 45 days
following injury, no differences were found between the
concussed and controls athletes, supporting the potential clinical utility of the BFI in providing a quantitative
index for the evaluation of concussion and the sequelae
that follow. It was also noted that although both preseason baseline and day 45 evaluations in the injured
group showed no differences with the baseline controls,
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the P value for day 45 evaluations was lower than that
for the preseason comparisons. This result suggests the
heterogeneity of the population as related to the different trajectories of recovery, with some athletes still
demonstrating abnormalities at this time point. Such
findings underscore the need for such an objective
biomarker of functional brain injury (BFI), which could
contribute to more optimized assessment of return-toplay readiness. Studies underway will further investigate
the persistence of abnormalities in the EEG as related to
the rate of recovery.
Advances in signal-processing engineering, lessons
learned from big data analysis in genomics and proteomics, and introduction of sophisticated classification
methodology that takes advantage of machine learning,
have greatly enhanced the field of quantitative electrophysiology, however, care must be taken to obtain highquality data (elimination of artifact) and sufficient numbers of subjects to mitigate potential problems of overtraining. This study has followed this guidance. However, limitations of the current study include lack of
female athletes and limited age range of the subject
population. As such, applicability to individuals who
differ significantly from the test population has yet to
be demonstrated. Studies are currently underway to expand the concussed population to include females and
a broader age range. Larger populations of athletes with
a concussion including preseasons baselines would further facilitate validation of this approach. Another limitation of the study is that the reported group comparisons compare control and injured populations but was
not designed to follow the trend of BFI for any given
subject from baseline to injury and recovery. The expansion of the approach to include the baseline and longitudinal aspect along with “return-to-play” information
(outside the time window currently cleared by the FDA
for use of the BrainScope Ahead 300 device) will allow
the relationship between the BFI and clinical decisions
regarding return to play to be investigated.
The potential clinical utility of a biomarker on the basis of brain electrical activity in the acute assessment and
quantitative tracking of recovery of brain functioning after concussion was demonstrated in this study. The ability to obtain such an index rapidly, at any point along
the sequelae of concussion, suggests that such a measure
can contribute greatly to the assessment of concussive
injury, going beyond that obtained with the more traditional subjective clinical indices that are currently used
in the sport setting.
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Time Course of Clinical and
Electrophysiological Recovery After
Sport-Related Concussion
Leslie S. Prichep, PhD; Michael McCrea, PhD; William Barr, PhD; Matthew Powell, PhD;
Robert J. Chabot, PhD
Background and Purpose: Recent neuroimaging studies suggest that abnormalities in brain function after concussion exist beyond the point of observed clinical recovery. This study investigated the relationship between an
index of brain dysfunction (traumatic brain injury [TBI] Index), concussion severity, and outcome. Methods: EEG
was collected from forehead locations in 65 male athletes with concussion within 24 hours of concussion, with
follow-up at 8 and 45 days postinjury. Neurocognitive and symptom assessments were also performed and used to
classify subjects in mild or moderate concussion categories. Time to return to play was recorded. Results: The TBI
Index was higher in the moderate than mild concussion group at injury, day 8, and day 45. The moderate group
had increased symptoms and decreased cognitive performance only at the time of injury. At the time of injury,
only the TBI Index was significantly associated with the length of time to return to play. Conclusions: Recovery
of brain function after sport-related concussion may extend well beyond the time course of clinical recovery and
be related to clinical severity. An index of brain dysfunction may be an objective indicator of injury, recovery, and
readiness to return to play. The relatively small sample indicates the need for further study on the time course of
physiological recovery. Key words: electroencephalography, mTBI, neuroimaging, sports concussion, TBI Index
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imately 1 week of injury.2–4 Functional neuroimaging
studies have reported, however, that neuronal function
may be abnormal for a period of several weeks postinjury despite normal structural findings on conventional
computed tomographic (CT) scan and magnetic resonance imaging (MRI) studies.2,5
In recent studies, we investigated whether an index
of brain dysfunction based on brain electrical activity
(TBI Index) was more sensitive to the time course of
recovery from sport-related concussion than measures
of clinical signs and symptoms, postural stability, and
cognitive functioning at the time of injury and at 8
days and 45 days postinjury.6 The TBI Index derived
from these methods discriminated injured subjects from
normal controls and reflected significant persistence of
brain dysfunction beyond the point of clinical recovery
in injured subjects. In addition, these studies also clearly
demonstrated the feasibility of using measures of brain
electrical activity in the acute injury setting.
In terms of severity of concussion, many attempts
have been made to develop grading scales of the severity of concussive injury and to correlate these grades with
recovery and outcome. Most grading scales (Cantu, the
American Academy of Neurology, Colorado) are based
primarily on the presence and duration of acute injury
characteristics (loss of consciousness [LOC], posttraumatic amnesia, and altered mental status), whereas some
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others are symptom based.7,8 Attempts to empirically
demonstrate the relationship of severity, as defined by
these grading scales, to clinical outcome, however, have
not been successful. In this study, we used information
related to LOC and amnesia, in combination with reported symptoms, considering the severity and number
of symptoms to characterize the severity of sport concussion injury, with the goal of using this information
to predict outcome.
The purpose of this study was to examine the relationship between concussion symptom severity and the
presence and persistence of neurophysiological patterns
of abnormal brain function in individuals with concussion at the time of injury, for 45 days after concussion,
and as related to time to return to play. The potential
clinical utility of the use of brain electrical activity in
the evaluation of sport concussion was aided by the use
of a limited montage, only frontal forehead regions of
the scalp, which allows for rapid, easily acquired brain
electrical activity to be collected at the point of care. The
use of a limited montage was supported by the scientific
literature, which demonstrates the maximum structural
and functional vulnerability of the frontal regions of the
brain to mTBI.9–13

nausea, vomiting, dizziness/balance problems, fatigue,
trouble in sleeping, drowsiness, sensitivity to light or
noise, blurred vision, difficulty remembering, or difficulty concentrating.14,15 Loss of consciousness, posttraumatic amnesia (eg, inability to recall exiting the field,
aspects of the examination), and retrograde amnesia (eg,
inability to recall aspects of the play or events prior to
injury, score of the game) and other acute injury characteristics were also documented immediately after each
injury.
The clinical “sideline” evaluations and electrophysiological evaluations were conducted within 24 hours of
injury (regardless of injury severity), in a controlled testing setting (eg, locker room, classroom), and at 8 days
and 45 days postinjury. Team personnel contacted the
local investigators and briefed them on details of injury characteristics and the early course of recovery. The
local investigators then arranged for the follow-up protocol of the player with concussion. Additional testing,
performed on the day of injury and on postinjury days
8 and 45, included a computerized neuropsychological
testing battery and electrophysiological testing. All examiners were trained to perform these evaluations, and
quality control guidelines were followed rigorously.

METHODS

Clinical measures

Subjects

Concussion Symptom Inventory16

Male football players from 8 high schools and 2 colleges in the greater Milwaukee, Wisconsin, area were
enrolled in the study prior to the 2008, 2009, and 2010
football seasons. Over the 3 seasons, 873 player seasons
(ie, each sport season of injury exposure; individual athletes may have participated for more than 1 season) were
under investigation, of which the subset who sustained
a concussive injury during play were considered candidates for this study. This study was approved by the institutional review board for protection of human research
subjects at the host institutions of the principal investigators. Written informed consent was obtained from
all participants (or parent/guardian of minors), and each
subject voluntarily elected to participate in the study.

The Concussion Symptom Inventory (CSI) is a brief
screening measure assessing the presence and severity of
12 common postconcussion symptoms. Higher scores
on the CSI indicate more severe symptoms reported.

Design and procedures
Injured subjects were identified for this study by
professional staff members (eg, certified athletic trainers) located on the sideline during an athletic contest or practice. For inclusion as an injured subject in
this study, concussion was defined as an injury resulting from a blow to the head or to the body, causing
head deceleration leading to an alteration in mental
status and 1 or more of the following symptoms prescribed by the American Academy of Neurology Guideline for Management of Sports Concussion: headache,

Standardized Assessment of Concussion3 ,17
The Standardized Assessment of Concussion (SAC)
is a brief cognitive screening tool that has been used extensively to assess the cognitive effects of concussion. It
includes brief subtests of orientation, immediate memory, concentration, and delayed recall. Lower scores on
the SAC indicate poorer cognitive performance.
Balance Error Scoring System3 ,18 ,19
The Balance Error Scoring System (BESS) is a brief
clinical measure of postural stability. It assesses balance
during 6 separate trials, including 3 stances (single leg,
double leg, and tandem) on 2 surfaces (firm and foam).
Higher scores on BESS indicate poorer performance.
Automated Neuropsychological Assessment Metrics20 –22
Automated Neuropsychological Assessment Metrics
(ANAM) is a computerized neuropsychological test
battery that includes measures of cognitive processing
speed, reaction time, and visual memory. Measures of accuracy and speed are recorded, which combine to form
www.headtraumarehab.com

Copyright © 2013 Lippincott Williams & Wilkins. Unauthorized reproduction of this article is prohibited.

268

JOURNAL OF HEAD TRAUMA REHABILITATION/JULY–AUGUST 2013

a composite throughput score. For each subtest, a lower
throughput score indicates poorer performance. These
variables have been shown to be sensitive to the effects
of concussion at the time of injury. It has a test–retest
reliability coefficient of 0.87 when throughput scores are
used to assess cognitive functioning.23
Total days lost to play
Total days lost to play is a measure of the amount
of time in days before each player was allowed to return to play, as reported by the athletic trainer. Returnto-play decisions were made by clinicians on the basis
of their conventional methods, independent of studyrelated data. The TBI Index was not available to the
athletic trainer.
Classification of clinical severity of concussive injury
All athletes with concussion were divided into having
mild or moderate concussive injury, empirically based
on the acute characteristics, signs, and symptoms of their
head injury (eg, unconsciousness [LOC], amnesia, disorientation, alteration of mental status). Subjects were
considered moderate if they reported LOC or amnesia and 2 or more of the following symptoms or signs
(at the severity level indicated): difficulty remembering
(ratings of 4–6 on CSI), impaited delayed recall (scores
of 0–3 on SAC), disturbance in concentration (scores
of 0–3 on SAC), “feeling slowed down” (ratings of 4–6
on CSI), feeling like “in a fog” (ratings of 4–6 on CSI),
disturbance in orientation (scores of 0–3 on SAC or on
neurological examination), or altered mental status. Subjects were considered to be mild if they did not report
LOC or amnesia or had LOC or amnesia but did not
report 2 or more symptoms at the level indicated. The
symptoms used in dividing patients in this way took into
consideration the overlap between several of the existing
guidelines for severity of sports concussion (eg, Cantu
et al7 and Erlanger et al8 ). It is also noted that symptoms
included those whose distributions of scores on the SAC
or ratings on the CSI were most bimodal (contained a
peak of high scores and peak of low scores) when the
entire population was taken into consideration.
Electrophysiological evaluation
Injured subjects underwent 10 minutes of eyes-closed,
resting electroencephalographic (EEG) recording acquired on a hand-held device. The EEG recordings
were made from frontal electrode sites of the International 10/20 system by using self-adhesive electrodes
pasted on the forehead and referenced to linked ears.
The frontal electrode sites included FP1, FP2, AFz (located just anterior to Fz on the forehead, below the
hairline), F7, and F8. All electrode impedances were less

than 10 k. Amplifiers had a bandpass from 0.5 to
70 Hz (3 dB points). Electrode placement in all cases
was completed in less than 5 minutes. The EEG data
were subjected to artifact rejection to remove any biologic and nonbiologic contamination, such as that from
eye movement or muscle movement. Previous experience has demonstrated that sufficient artifact-free data
(60–120 seconds) can be obtained from this 10-minute
recording.
Quantitative analysis of brain electrical activity
The artifact-free EEG data were then submitted for
quantitative analyses off-line to calculate an independently developed quantitative EEG discriminant function, which was derived to maximally separate a normal control population (n = 255) from patients who
had suffered a TBI/concussion (n = 358) in an emergency department population with high sensitivity and
specificity.24 This binary discriminant classification algorithm was constructed by using iterative methods
and cross-validation (leave-one-out and 10-fold,25 ) based
on features extracted from all patients in the algorithm development database. The algorithm consists of a
weighted combination of selected linear and nonlinear
features of brain electrical activity, which mathematically describe the profile of TBI, as distinguished from
normal brain activity. The result is expressed as a discriminant score or index (TBI Index) ranging from 0 to
100. This index was calculated for each subject in the
study and relates to the probability that the patient belongs to the group of patients with disturbances to brain
function. It is important to point out that patient age
was taken into account prior to calculation of the TBI
Index because all EEG features were age regressed prior
to inclusion in discriminant analyses.26
Statistical analyses
One-way analyses of variance with 2 between levels
corrected for unequal N were calculated, comparing the
players with mild and moderate concussion symptoms.
Separate analyses were conducted for the CSI, SAC,
and BESS total scores and the subtests of the ANAM
and the TBI Index of brain function at the time of injury and at days 8 and 45 after injury. On the basis of
our prior research, we hypothesized that differences in
the clinical measures would be small at the time of injury between those with mild and those with moderate
concussions and that these differences would resolve
beyond the first week after injury. In contrast, we hypothesized that the TBI Index of brain function would
be elevated at injury and persist at 8 days and 45 days
postinjury.
In order to assess the degree to which information
at injury is related to the length of time to return to
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play symptom-free, analyses of variance described earlier
were repeated, comparing players who were reported to
return to play in less than 14 days with those whose
return to play was 14 days or longer. This cut point
was chosen as believed to be a clinically significant time
point that was used in other studies of return to play. We
hypothesized that the TBI Index at the time of injury
would be greater for those players whose return to play
was delayed beyond 14 days.

RESULTS
Subjects
A total of 65 athletes (mean age = 17.9 years, with
a range of 15.1–23.2) sustained a concussion and were
studied at the time of injury and at various time points
postinjury. The players with concussion were placed
into 2 categories based on the severity of the concussion symptoms displayed at the time of injury. Using
the method described earlier, a total of 51 players (17.9
years; range, 15.1–23.2) were placed in the mild concussion group, and a total of 14 players (17.8 years;
range, 15.1–22.6) were placed in the moderate concussion group. There was no significant difference between
the 2 severity groups for history of prior concussions.
Seventy-three percent of the athletes were reported to
return to play in less than 14 days (mean = 5.46 days;
SE = 1.30), and 27% did not return to play until more
than 14 days (mean = 20.38 days; SE = 9.2).
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Clinical measures
The mean values and standard errors for each of the
clinical measures at the time of injury and at 8 days and
45 days postinjury are shown in Table 1. At the time of
injury, players with moderate concussions showed more
severe symptoms on the CSI (F = 14.8; P = .0003) and
poorer cognitive performance on SAC (F = 9.1; P =
.0038) than those with mild concussions. There were
no significant differences between the 2 groups on the
CSI or the SAC on repeat assessment at 8 days or 45
days after injury. There were no significant differences
between the 2 groups on the BESS total scores at injury or at 8 days or 45 days postinjury. At the time of
injury, those with moderate concussions showed poorer
performance than those with mild concussion on the
following ANAM subtests: delayed code substitution
(F = 14.7; P = .0003), code substitution learning (F =
7.4; P = .0087), match to sample (F = 4.5; P = .0383),
simple response time (F = 5.9; P = .0177), and simple reaction time repeated (F = 5.9; P = .0179). There were no
significant differences between the 2 groups on any of
the ANAM subtests 8 days or 45 days postconcussion.
Players with moderate concussions took longer before
returning to play than did those with mild concussions
(13.8 days vs 9.6 days; F = 4.35; P = .0420).
Traumatic Brain Injury Index
The mean values and standard errors for the TBI Index
at the time of injury and at 8 days and 45 days postinjury

Means and standard errors (se) for all measures for the mild and moderate
concussion groups at the time of injury, 8 days postinjury, and 45 days postinjurya
TABLE 1

At injury

SAC total
CSI total
BESS total
ANAM: CDD
ANAM: CDS
ANAM: M2S
ANAM: Math
ANAM: SRT
ANAM: SR2
TBI Index
Return to play

8 days postinjury

45 days postinjury

Mild

Moderate

Mild

Moderate

Mild

Moderate

26.3 (0.3)
17.1 (1.6)
15.4 (1.2)
51.5 (1.9)
55.1 (1.7)
36.8 (1.9)
20.5 (1.0)
176.8 (5.3)
174.7 (6.0)
7.7 (2.6)
9.7 (0.9)

23.8 (1.1)b
31.5 (3.8)b
17.4 (4.1)
34.4 (5.8)c
45.2 (3.3)b
28.0 (3.6)d
17.6 (1.8)
148.4 (11.0)d
143.3 (10.7)d
31.3 (12.0)b
13.8 (2.2)d

28.0 (0.3)
2.8 (0.8)
12.4 (0.9)
53.7 (1.8)
60.2 (1.6)
38.7 (1.6)
22.7 (1.0)
199.3 (4.0)
194.5 (4.0)
14.3 (3.9)
NA

27.8 (0.6)
2.9 (0.9)
11.6 (2.6)
46.0 (3.6)
54.4 (2.5)
35.7 (2.9)
19.3 (1.7)
190.5 (9.4)
188.9 (8.8)
40.2 (15.8)d
NA

28.2 (0.3)
1.1 (0.4)
10.8 (0.8)
52.1 (2.1)
60.8 (1.5)
38.3 (2.0)
24.8 (1.1)
196.6 (3.2)
187.0 (3.3)
6.2 (1.6)
NA

28.2 (0.5)
0.92 (0.6)
9.7 (1.7)
51.0 (3.3)
56.0 (3.1)
34.9 (4.0)
20.5 (2.0)
186.7 (8.1)
182.7 (7.7)
26.9 (12.4)c
NA

Abbreviations: ANAM, Automated Neuropsychological Assessment Metrics; BESS, Balance Error Scoring System; CDD, delayed code
substitution; CDS, code substitution learning; CSI, Concussion Symptom Inventory; M2S, match to sample; NA, not applicable; SAC,
Standardized Assessment of Concussion; SRT, simple response time; SR2, simple reaction time repeated; TBI, traumatic brain injury.
a Return to play is measured only once and shown in the table at the time of injury.
b Significances of the difference between mild and moderate groups are shown with P < .01.
c Significances of the difference between mild and moderate groups are shown with P < .005.
d Significances of the difference between mild and moderate groups are shown with P < .05.
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are shown in Table 1. The TBI Index was greater in
the players with moderate concussion than in those
with mild concussion at the time of injury (F = 9.09;
P = .0038), remained so 8 days postinjury (F = 5.61;
P = .0218), and continued to be elevated 45 days
postinjury (F = 10.2; P = .0025). It can be seen in
Figure 1 that the differences in the TBI Index between
the groups was present at all time points and the
moderate group never fell below the threshold for
moderate classification by index value, suggesting the
persistence of the brain dysfunction out to at least 45
days in the moderate group. It is of interest to note that
a TBI Index lower than 27 is considered to indicate
mild concussion and a TBI Index of 27 or greater is
considered to be moderate. Sensitivity of the TBI Index
to moderate concussion at the time of injury was 55%
(confidence interval = 28.0%–78.7%) and specificity
was 94% (confidence interval = 84.0%–98.0%).
Return-to-play outcome
The mean values, standard errors, and analysis of variance results for all measures at the time of injury for
those who returned to play in less than 14 days and
those who returned to play in 14 days or more are shown
in Table 2. There were no significant differences for any
of the clinical measures at the time of injury. However,
there was a significant difference (P = .0161) between
the TBI Index at the time of injury for the group that
returned to play in less than 14 days (mean TBI Index
= 5.46) and those who returned to play in 14 days or
more (mean TBI Index = 20.37). Thus, the only acute
injury measure demonstrating a significant relationship
to eventual return-to-play outcome was the one that

Means and standard errors (se)
for all measures for the group that returns
to play in less than 14 days and those who
return to play in 14 days or morea
TABLE 2

SAC total
CSI total
BESS total
ANAM: CDD
ANAM: CDS
ANAM: M2S
ANAM: Math
ANAM: SRT
ANAM: SR2
TBI Index

<14
days

≥14
days

F

P

26.1
16.8
16.0
48.0
53.2
35.4
18.9
177.6
176.6
5.46

24.5
22.4
18.2
51.1
56.7
34.4
20.6
168.5
162.8
20.37

3.14
1.69
0.43
0.42
0.84
0.06
0.64
0.54
1.09
6.22

.0830
.1999
.5145
.5219
.3631
.8134
.4287
.4672
.3013
.0161b

Abbreviations: ANAM, Automated Neuropsychological Assessment Metrics; BESS, Balance Error Scoring System; CDD, delayed code substitution; CDS, code substitution learning; CSI,
Concussion Symptom Inventory; M2S, match to sample; SAC,
Standardized Assessment of Concussion; SRT, simple response
time; SR2, simple reaction time repeated; TBI, traumatic brain
injury.
a The F and P values are given for statistical comparisons between
the 2 groups.
b P < .05.

quantified severity of brain dysfunction (TBI Index) at
the time of injury.
Figure 2 shows the percentage of athletes with concussion who returned to play in less than 14 days (hatched
bars) and those who returned to play in 14 days or more
(solid black bars), for those with mild injury and those
with moderate injury, as reflected in the TBI Index. It
can be seen that approximately 80% of those with scores
on the TBI Index indicating mild concussive injury returned to play within 14 days, whereas 80% of those with
TBI Index scores indicating moderate concussive injury
returned to play in 14 days or more. While suggestive,
caution should be used in interpreting the data from the
moderate group as the number of subjects was small.
DISCUSSION

Figure 1. Mean and standard errors (se) of the traumatic brain
injury (TBI) Index at the time of injury, day 8, and day 45
for the mild concussive group (dotted line) and the moderate
concussive group (solid line). It is noted that a TBI Index lower
than 27 is considered to indicate mild concussion and that 27
and greater is considered to be moderate. Significances of the
difference between mild and moderate groups at each time
point are marked with ∗ P < .05, ∗∗ P < .01, and ∗∗∗ P < .005.

In our previous publications, it was demonstrated that
an EEG-based discriminant index (TBI Index) of brain
dysfunction could be used to differentiate football players with concussion from matched controls at the time
of injury and that these differences persisted for at least
8 days after injury. This occurred even though the concussion and control groups could not be distinguished
from each other on measures of clinical recovery in
symptoms, cognitive functioning, and postural stability after 5 days. Findings from the current study show
that this TBI Index is also sensitive to the severity of
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concussion symptoms at the time of injury. Of more
importance is the finding that this index of brain dysfunction remains significantly more elevated in those
players with moderate concussions than in those with
mild concussions at 8 days and 45 days after injury.
These findings are in agreement with those reported in
other studies using functional neuroimaging techniques
that suggest that brain function remains compromised
in individuals with concussion beyond the period of
clinical recovery when behavioral and cognitive symptoms are alleviated. For example, Jantzen et al,27 using
functional MRI (fMRI), found increased blood/O2 activation in parietal and lateral frontal brain regions in
individuals with concussion compared with controls using a finger sequence task 1 week postinjury. Also, Chen
et al,5,28 using fMRI, found atypical activation patterns
during task performance in individuals with concussion
more than 1 month after injury, with the degree of decreased activation related to postconcussion symptoms
of depression. This decreased activation was localized
to dorsal-lateral prefrontal, medial frontal, and temporal
cortical regions. Gosselin et al29 reported event-related
electrical potential and fMRI abnormalities that were
present 6 months postconcussion and were localized to
dorsal-lateral prefrontal regions as well as in subcortical structures. The fMRI activation during a working
memory task was reported to be related to concussion
symptom severity as well.30 Vagnozzi et al31 used proton
magnetic resonance and found evidence of disturbed
metabolic function in athletes with concussion, which
persisted for up to 22 days postinjury. Abnormal neurochemical changes were also seen 1 to 6 days after concus-

Figure 2. Histogram of percentage of athletes with concussion, who returned to play in less than 14 days (hatched bars)
and those who returned to play in 14 days or more (solid
black bars), shown for the group who had a traumatic brain injury (TBI) Index indicating mild concussive injury (left 2 bars)
and those where the TBI Index indicated moderate concussive
injury (right 2 bars).
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sion by using proton magnetic resonance spectroscopy
with decreased glutamate seen in primary motor cortex
and decreased N-acetylasparate in prefrontal and primary motor cortex.32 Event-related potential indices of
attention and cognitive decision processes were reported
to be disturbed in individuals with concussion at 1 year33
and up to 3 years34 postconcussive injury. Interestingly,
these functional neuroimaging findings also suggest the
vulnerability of the prefrontal and frontal cortical regions of the brain to concussive injury, lending support
to the use of the frontal locations of the limited montage
used to collect the brain electrical activity in this study.
Although the pathophysiology of TBI is still unclear,
several recent studies using diffusion tensor imaging
(DTI) and positron emission tomographic scans have
reported evidence of diffuse axonal injury in TBI in
acute injury, which might result in edema and inflammatory responses, resulting in persistence of the sequelae of
mTBI.35,36 Cubon et al37 used DTI and found evidence
of disturbed white matter integrity after concussion that
was related to concussion severity in a small clinical
sample. Sponheim et al38 reported a significant relationship between DTI evidence of axonal injury and EEG
phase synchrony between frontal regions in soldiers with
blast-related concussions. The phase synchrony measure
found to be significant in their study included 4 of the
5 frontal regions used to compute the TBI Index in the
current study. These neuroimaging studies suggest that
diffuse axonal injury, and possibly related neuroinflammation, may in part contribute to abnormalities in the
TBI Index. Collectively, the findings from this and other
studies underscore the need for further research on the
time course of physiological recovery after concussion.
With regard to the severity of concussive injury, previous attempts to demonstrate outcome relationships to
such categorizations have largely been unsuccessful or
inconsistent, regardless of whether based on presence
and duration of LOC or amnesia, severity of symptoms,
or history of concussions.8,39 In one of the few studies
in which this has been demonstrated, it was found that
the presence and severity of certain key symptoms may
indicate more severe injury or prolonged recovery.40 In
the current study, results suggested that there may be a
significant relationship between severity of concussion
and outcome, based mainly on the presence and intensity of symptoms reflecting “disorientation” (eg, “feeling
like in a fog” or orientation, as measured on the SAC)
and “memory/cognitive impairment” (eg, delayed recall
on SAC or difficulty remembering), and presence or absence of LOC or amnesia. Evidence presented in this
study also supports the difference between mild and
moderate concussions at the time of injury, day 8, and
day 45 by using an electrophysiologically based index
of brain dysfunction. Furthermore, the TBI Index derived from brain electrical activity at the time of injury
www.headtraumarehab.com
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was the measure most significantly related to the time
to return to play symptom-free, suggesting that such a
measure is reflecting additional information not immediately forthcoming from a symptom profile alone.
The measures of brain electrical activity made in this
study employed an easy-to-use, forehead-recording device and suggested the feasibility of performing such
evaluations in the sports arena. Furthermore, results
demonstrate that the assessment of abnormality of brain
function at the time of injury is related to the length of
time until “return to play” after concussive injury. Such
measures could be the basis for a clinically useful sideline tool to assess the severity of concussive injury at the
point of injury as an aide in “return to play” decisions.
The major limitations of this study involve the relatively small number of individuals with concussion who
were studied. This becomes especially relevant when
these individuals are divided into those with concussions
of mild and moderate severity (51 and 14, respectively).
Clearly, larger sample sizes are necessary to further validate the suggested clinical utility of such measures on
the playing field.

In conclusion, findings from the current study and
previous reports suggest that neurophysiological recovery after sport-related concussion may extend well beyond the typical time course of clinical recovery in
symptoms, postural stability, and cognitive functioning. Furthermore, our findings add to speculation that
more severe gradients of concussion may be associated
with recovery times that extend well beyond the common course of 7 to 10 days clinically observed in many
athletes and suggest that an index of brain function at
the time of injury can contribute important information related to time to be symptom-free. These findings may have important value to future considerations
around the clinical management of sport-related concussion, particularly in relation to decision making on
athlete’s returning to competition and the importance
of a symptom-free waiting period or no-exposure period
(eg, period of extended nonparticipation after clinical
recovery is achieved) after sport-related concussion. Additional research is required to determine the clinical
utility of the TBI Index in the assessment of sport-related
concussion and civilian or military-related mTBI.
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Abstract
Primary objective: To follow recovery from concussion in a sample of athletes using an electroencephalographic (EEG) index
of quantitative brain activity developed previously on an independent Emergency Department (ED) sample of head-injured
subjects with traumatic brain injury.
Methods and procedures: EEG recordings from five frontal electrode sites were obtained on 59 injured athletes and 31
controls at the time of injury and at 8 and 45 days afterward. All subjects also completed standardized clinical assessment of
post-concussion symptoms, postural stability and cognitive functioning at injury and 8 and 45 days post-injury.
Results: Abnormalities in clinical assessment measures were observed in injured subjects only at time of injury. Statistical
analysis of brain electrical activity measures with the ED-based algorithm revealed significant differences between injured
athletes vs controls at the time of injury and at day 8. Measures from the two groups did not differ on day 45.
Conclusions: This study demonstrated that an algorithm of brain electrical activity developed on an independent sample of
ED subjects with head injury is sensitive to the effects of sport-related concussion. Using this algorithm, abnormal features
of brain electrical activity were detected in athletes with concussion at the time of injury and persisted beyond the point of
recovery on clinical measures.
Keywords: Electroencephalography, traumatic brain injury, concussion, athletes

Introduction
Determining clinically sound approaches to assessment and treatment of concussion in athletes has
been a primary focus of sport medicine clinicians
and researchers over the past two decades. Findings
from recent studies using standardized clinical
assessment measures have advanced knowledge on
the clinical recovery of sports concussion [1]. Several
prospective studies have consistently demonstrated
that the vast majority of athletes achieve a complete
recovery of symptoms, cognitive dysfunction and

other impairments within a period of 7–10 days
following injury [2–4]. These findings are consistent
with results obtained from animal studies demonstrating that concussion is the result of a temporary
and reversible alteration in brain functioning [5]. It
remains unclear, however, whether the time course
in animal brain injury models is equivalent to the
course of physiological recovery in humans affected
by concussion. Clinically, recent research on the
natural course of recovery from concussion has
influenced management of sport-related head

Correspondence: William B. Barr, PhD, ABPP, NYU Comprehensive Epilepsy Center, 223 East 34th Street, New York, NY 10016, USA. Tel: 646-558-0809.
Fax: 646-385-7167. E-mail: william.barr@nyumc.org
ISSN 0269–9052 print/ISSN 1362–301X online ß 2012 Informa UK Ltd.
DOI: 10.3109/02699052.2011.608216

Tracking recovery from concussion
injuries and return to play protocols at all levels of
competition [6].
Findings obtained from a number of sources have
now demonstrated alterations in brain functions
extending beyond the point at which full clinical
recovery has been observed. Results from recent
studies utilizing advanced neuroimaging techniques
suggest that abnormalities in brain functioning can
be detected beyond the point at which individuals
achieve a complete recovery in symptoms and
cognitive functioning [7–9]. Other studies, using
magnetic resonance spectroscopy (MRS), have
demonstrated abnormalities in cerebral energy
metabolism extending beyond the typical period of
recovery [10]. Studies using quantitative electroencephalography (QEEG) have also demonstrated a
number of functional brain abnormalities in subjects
following concussion [11–15].
Normal controls have been discriminated from
individuals with mild traumatic brain injury (MTBI)
with QEEG methods in previous studies with a
reported 96.2% sensitivity and 90.5% specificity
[13]. Alterations in brain function of individuals with
MTBI were reported using wavelet features of the
EEG, which increased when second concussive
events occurred [14]. QEEG features have also
been used in multivariate classifier functions to
discriminate between individuals with MTBI from
those with more severe levels of traumatic brain
injury (TBI), with a reported 95% sensitivity and
specificity of 97% [12]. MTBI resulted in a
decreased alpha/theta ratio with the degree of this
ratio 0–10 days post-injury correlated with recovery
of function at 1-year post-injury [15].
Recent studies have examined the feasibility of
use and validity of a hand-held QEEG device
(Instrument in development, Brainscope Company,
Inc., Bethesda, MD, www.brainscope.com) in both
Emergency Department (ED) and sports samples
[17, 18]. Findings from the ED setting have demonstrated the utility of using a QEEG-based discriminant function for identifying brain dysfunction
in patients presenting with altered mental status
following MTBI and the use of such measures for
distinguishing between controls, head injured ED
patients who are CT positive and those who are CT
negative [19]. Findings from the sports setting
indicate that this instrument can also be used
effectively to record QEEG data from athlete samples, providing further evidence of electrophysiological changes following concussion extending beyond
the typical window of clinical recovery [18].
Determining the course of physiological recovery
and whether there exists an extended window of
brain vulnerability after concussion has significant
implications for the clinical management of sports
concussion and for advancing knowledge of TBI
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in general. The purpose of this investigation is to
extend previously reported findings in a larger
sample and to explore the utility of an index based
on changes in brain electrical activity to identify
longitudinal changes in brain functioning in a sample
of athletes at the time of concussion and up to 45
days afterward.

Methods
Subjects
Male football players from eight high schools and
two colleges in the greater Milwaukee, Wisconsin
area were enrolled in the study prior to the 2008 and
2009 football seasons. Over the two seasons, 823
player seasons were under investigation. A total of
59 players sustaining a concussion (7.17% of player
seasons) were studied at the time of injury and at
various time points post-injury. A comparative
sample of 31 non-injured athletes matched to
injured group on the basis of age, years of education,
cumulative grade point average and baseline performance on concussion assessment measures were
selected as a control group. This sample of control
subjects were ‘yoked’ to individual athletes based on
the best fit to the aforementioned matching variables. This was performed manually by investigators
searching the electronic database for the closest
control match for each injured athlete based on the
combined matching variable set. The research team
has refined this approach while conducting studies of
sport-related concussion over the past 15 years. The
control subjects were administered a protocol that
was identical to the injury group at the time of injury
and at the time of the same follow-up periods.
Control subjects were excluded if there was any
reported history of concussion, learning disability,
attention deficit hyperactivity disorder, other developmental disorder or current use of psychotropic
medications. There were no differences between the
injured and control groups in terms of height,
weight, years of education, estimated intelligence
and grade point average.
This study was approved by the Institutional
Review Board for protection of human research
subjects at the host institutions of the principal
investigators. Written informed consent was
obtained from all injured and control participants
(or parent/guardian of minors) and each subject
voluntarily elected to participate in the study.
Design and procedures
Injured subjects were identified for this study by
professional staff members (e.g. certified athletic
trainers) located on the sideline during an athletic

60

W. B. Barr et al.
Table I. Study protocol and clinical outcome measures.

Acute injury

Day 8* post-injury

Day 45* post-injury

CSI
SAC
BESS
BrainScope
ANAM

CSI
SAC
BESS
BrainScope
ANAM

CSI
SAC
BESS
BrainScope
ANAM

CSI, Concussion Symptom Inventory; SAC, Standardized
Assessment of Concussion; BESS, Balance Error Scoring
System; ANAM, Automated Neuropsychological Assessment
Metrics.
*Study protocol allowed for 1 day for Day 8 assessment point
and 5 days for Day 45 assessment point.

contest or practice. For inclusion as an injured
subject in this study, concussion was defined as an
injury resulting from a blow to the head causing an
alteration in mental status and one or more of the
following symptoms prescribed by the American
Academy of Neurology (AAN) Guideline for
Management of Sports Concussion: headache,
nausea, vomiting, dizziness/balance problems, fatigue, trouble sleeping, drowsiness, sensitivity to light
or noise, blurred vision, difficulty remembering or
difficulty concentrating [20, 21]. Loss of consciousness (LOC), post-traumatic amnesia (PTA) (e.g.
inability to recall exiting the field, aspects of the
examination, etc.) and retrograde amnesia (RGA)
(e.g. inability to recall aspects of the play or events
prior to injury, score of the game, etc.) and other
acute injury characteristics were also documented
immediately after each injury.
All injured players completed a brief battery of
sideline tests assessing symptom reporting, cognitive
functioning and postural stability. The sideline tests
were administered at the time of injury and at 8 and
45 days post-injury. The 8-day post-injury time
point was chosen on the basis of previous research
demonstrating that this is the period when 95% of
injured athletes demonstrate recovery on clinical
measures [2]. This time period also serves as a
natural time point for studies on football players that
typically compete in games on a weekly schedule.
The 45-day time point was chosen as a period of
long-term follow-up. Team personnel contacted the
local investigators (MM, MRP) and briefed them on
details of injury characteristics and the early course
of recovery. The local investigators then arranged for
the follow-up protocol of the player with concussion
and their respective control subject. Additional
testing, performed on the day of injury, as well as
on post-injury days 8 and 45, included a computerized neuropsychological testing battery and electrophysiological testing. Day 8 post-injury was used
since most studies report that signs and symptoms of
concussion resolve within 7–10 days post-injury.

The protocol matrix and listing of clinical outcome
measures administered at each assessment point is
presented in Table I. Examiners were not blinded to
the player’s group assignment (injured vs control) at
the time of evaluation as these data were collected
in the context of direct clinical care delivery. All
examiners were trained to perform these evaluations
and quality control guidelines were followed rigidly.
Clinical outcome measures
All of the main outcome measures used in this study
have been used extensively in head injury research
and studies on the effects of sport-related concussion, including the:
. Concussion Symptom Inventory (CSI) [22]. The
CSI is a brief screening measure assessing the
presence and severity of 12 common postconcussion symptoms. A Likert-type scale is
used to assess symptom severity (range 0–6 per
item). Total score range is 0–72 for the full CSI;
higher scores on the CSI indicate more severe
symptoms reported. Previous research has shown
that symptom inventories detect abnormalities in
nearly 90% of injured athletes at the time of injury
while less than 5% demonstrate abnormalities by
7 days, as used in this study [23].
. Standardized Assessment of Concussion (SAC) [2,
24]. The SAC is a brief cognitive screening tool
that has been used extensively to assess the
cognitive effects of concussion. It includes brief
sub-tests of orientation, immediate memory, concentration and delayed recall. Total score range
on the SAC is 0–30; lower scores on the SAC
indicate poorer cognitive performance. Sensitivity
rates for this instrument are 80% at the time of
injury and 2% at 7-days [23].
. Balance Error Scoring System (BESS) [2, 25, 26].
The BESS is a brief clinical measure of postural
stability. It assesses balance during six separate
trials, including three stances (single-leg, doubleleg and tandem) on two surfaces (firm and foam).
Standardized errors are summed for each trial.
Score range for each BESS trial is 0–10 (0–60 for
total BESS score); higher scores on the BESS
indicate poorer performance. Over 30% of injured
athletes exhibit abnormalities on the BESS at the
time of injury while less than 10% exhibit abnormalities at the 7-days [23].
. Automated Neuropsychological Assessment Metrics
(ANAM) [27–30]. ANAM is a computerized
neuropsychological test battery that includes
measures of cognitive processing speed, reaction
time and visual memory. Measures of accuracy
and speed are recorded, which combine to
form a composite throughput score. For each
sub-test, a lower throughput score indicates
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Figure 1 Schematic diagram of regions on the frontal scalp where
electrodes are placed for EEG recording (black circles). This
schematic is viewed as if looking down at the top of the head, with
right side on right and nose up; odd numbers indicating left
hemisphere and even numbers indicating right. These locations
include the two lateral frontal electrodes, F7 and F8, two
frontopolar electrode sites, FP1 and FP2, and AFz, a location
slightly anterior to the conventional location of the frontal midline
electrode (Fz). All sites are according to the expanded
International 10/20 placement system.

poorer performance. These variables have been
shown to be sensitive to the effects of concussion
at the time of injury.
Electrophysiological testing
Both injured subjects and healthy controls underwent 10 minutes of eyes closed resting electroencephalographic (EEG) recording acquired on the
BrainScope clinical research prototype device
(www.brainscope.com). Data were sampled at
8 kHz, 24 bits, decimated to 1 kHz and then to
100 Hz for analysis. The EEG recordings were made
from frontal electrode sites of the International 10/
20 system using self-adhesive electrodes pasted on
the forehead and referenced to linked ears. The
frontal electrode sites included FP1, FP2, AFz
(located just anterior to Fz on the forehead, below
the hairline), F7 and F8. Figure 1 is a schematic of
the locations of these electrode sites on the forehead.
All electrode impedances were below 10 k .
Amplifiers had a bandpass from 0.5–70 Hz (3 dB
points). Electrode placement in all cases was completed in less than 5 minutes. The EEG data were
subjected to artifact rejection by an artifact algorithm
built into the Brainscope device (part of previous
FDA cleared BrainScope ZOOM 100-DC), to
remove any biologic and non-biologic contamination, such as that from eye movement or muscle
movement and artifact-free data further subjected to
visual inspection by a trained EEG technologist to
confirm data quality. The EEG technicians were
blinded to whether or not the individual was a
member of the injured or control group. Previous
experience has demonstrated that sufficient artifactfree data (60–120 seconds) can be obtained from
this 10-minute recording.
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Quantitative analysis of brain electrical activity. In all
cases, the first 1–2 minutes of artifact-free EEG data
were used. These data were then submitted for
quantitative analyses off-line, using power spectral
analysis and Fast Fourier Transform (FFT). For all
monopolar and bipolar electrode derivations, absolute and relative (%) power, mean frequency, interand intra-hemispheric coherence and symmetry were
computed for the delta (1.5–3.5 Hz), theta (3.5–
7.5 Hz), alpha (7.5–12.5 Hz), beta (12.5–25 Hz) and
gamma (30–45 Hz) frequency bands and for the
total spectrum. In addition, non-linear features of
‘complexity’ of the electrical signal (reflected in fractal measures) and measures of ‘connectivity’ (relationships between regions, as reflected in mutual
information and entropy), were also extracted [31].
Using standard neurometric methods, all quantitative features were log transformed to obtain
Gaussianity, age-regressed and Z-transformed relative to age expected normal values. Details of this
methodology are described elsewhere [32, 33].
This study applies an independently developed
QEEG discriminant function, which was derived to
maximally separate a normal control population
(n ¼ 255) from patients who had suffered a TBI/
concussion (TBI; n ¼ 358) in an ED population with
high sensitivity and specificity [17]. This binary
discriminant classification algorithm was constructed using iterative methods and cross-validation
(leave-one-out and 10-fold [34]) based on features
extracted from all patients in the algorithm development database. The algorithm consists of a weighted
combination of selected linear and non-linear features of brain electrical activity, which mathematically describe the profile of TBI as distinguished
from normal brain activity. The result is expressed as
a discriminant score (MTBI-DS) or index (ranging
from 0–100). Features that contributed most to the
discriminant applied in this study included: relative
power increase in slow waves (delta and theta
frequency bands) in frontal regions, relative power
decrease in alpha 1 and alpha 2 in frontal regions,
power asymmetries in theta and total power between
lateral and midline frontal regions, incoherence in
slow waves between frontopolar regions, decrease in
mean frequency of the total spectrum composited
across frontal regions and abnormalities in other
measures of connectivity (including mutual information and entropy).
A discriminant TBI-index was obtained by the
application of the independently optimized function
to each subject in the study and relates to the
probability that the patient belongs to the group of
patients with disturbances to brain function. It is
important to point out that patient age was taken
into account prior to calculation of the TBI-Index
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Table II. Concussion group and control group results on CSI, SAC and BESS.
CSI*

SAC

Injured

TOI
Day 8
Day 45

Control

Injured

BESS
Control

Injured

Control

M

SD

M

SD

M

SD

M

SD

M

SD

M

SD

20.14
2.20
1.18

13.56
6.10
2.83

2.13
2.63
3.78

3.36
3.40
10.64

25.56
27.91
27.94

3.31
1.91
2.14

27.90
27.97
28.11

1.60
1.54
1.93

17.61
12.21
11.29

11.02
6.48
5.60

17.65
16.97
15.33

6.58
7.57
6.83

TOI, Time of Injury.
*t-test, p < 0.05.

since all EEG features were age-regressed prior to
inclusion in discriminant analyses [35].
Statistical analysis
Independent sample T-tests were calculated to
compare the injured and control groups on the
main clinical outcome measures of symptoms (CSI),
postural stability (BESS) and cognitive functioning
(SAC, ANAM) at each post-injury assessment point.
Raw scores were used for the CSI, BESS and SAC
for statistical comparison between groups, as is the
intended use for each measure.
In the case of ANAM, a throughput score was
calculated for each ANAM sub-test and submitted
for statistical comparison between groups at each
assessment point. The throughput score is derived
from the number of correct responses observed on a
particular task divided by the cumulative reaction
time for both correct and incorrect responses.
Throughput scores have been reported as a robust
performance measure in previous studies utilizing
ANAM, including studies on the cognitive effects of
sport-related concussion [29].
The electrophysiological results were evaluated
using the MTBI-DS index as the dependent variable. Independent t-tests, corrected for unequal n’s,
were used to compare the control and concussed
groups at the time of injury and at days 8 and 45.
One-way repeated measures ANOVAs with three
levels were computed separately for the control and
concussed groups to examine changes between the
data collected at the time of injury (initial evaluation
for the control group) and at days 8 and 45 after the
initial evaluation.

Results
Clinical recovery
Data presented in Table II indicate that injured
subjects reported more severe post-concussion
symptoms than controls on the CSI at the time of

injury. There were no statistically significant differences in symptom reporting at post-injury days 8
or 45. No significant differences were observed
between injured and control subjects on the BESS
at the time of injury. Control subjects exhibited an
unexpected higher number of errors on the BESS at
days 8 and 45. The injured group obtained significantly lower scores on the SAC on day of injury, but
not beyond that assessment point (see Table II).
Lower mean scores were also observed on five of the
six ANAM variables at the time of injury (see
Table III), but not at any of the subsequent time
points.

Electrophysiological recovery
Figure 2 shows the MTBI-DS for the concussed and
control groups at time of injury, day 8 and day 45.
The y-axis on this graph is based on the continuous
score obtained and should be interpreted in relation
to the cut-off value of 65, the point above
which represented the 95% confidence level in
prior work [19].
T-tests, corrected for unequal n’s, were calculated
comparing the control and concussed groups at the
time of injury and at days 8 and 45. The MTBI-DS
was greater in the concussed group than the control
group on the day of injury (t ¼ 3.75, p ¼ 0.0004) and
on day 8 (t ¼ 2.76, p ¼ 0.008). The two groups did
not differ on day 45 (t ¼ 1.49, p ¼ 0.15).
To examine the course of recovery, a one-way
repeated measure ANOVA with three levels was
computed comparing the injured group at injury and
on day 8 and day 45 after injury. This F-ratio was
significant (F ¼ 3.2; p ¼ 0.046). Duncan multiple
comparisons showed that the MTBI-DS values at
the time of injury and at day 8 were statistically
equivalent, whereas the MTBI-DS at injury was
significantly greater than 45 days post-injury. A
similar ANOVA comparing the control group’s
initial TBI-DS with those obtained at day 8 and
day 45 was not significant (F ¼ 0.5; p ¼ 0.67),
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Table III. ANAM test tesults for concussion group and control group at time of injury and at day 8 and 45 post-injury.
Time of injury
Injured

ANAM
ANAM
ANAM
ANAM
ANAM
ANAM

CDD
CDS
M2S
MTH
SRT
SR2

Day 8

Control

Injured

Day 45
Control

Injured

Control

M

SD

M

SD

M

SD

M

SD

M

SD

M

SD

46.50
51.41
33.20
19.98
161.3
158.1

17.54
14.97*
14.62*
6.24*
40.40*
44.10*

52.11
57.71
39.16
24.04
192.1
186.9

11.12
8.61
8.22
5.13
16.35
26.28

51.93
57.98
37.17
20.81
188.24
184.80

13.08
12.20
12.27
6.78
22.74
24.47

52.89
60.75
40.82
23.60
195.61
189.30

12.65
9.84
12.12
8.22
19.15
31.79

51.04
58.50
36.42
22.89
192.9
184.9

12.99
11.27
13.55
7.17
22.82
23.46

48.42
58.77
40.11
25.30
193.5
188.4

11.96
10.23
11.54
6.40
19.59
22.11

*Significant difference, p < .05.
ANAM abbreviations for specific tasks: CDS, Coding Substitution Learning; CDD, Coding Substitution Delayed; SRT, Simple Reaction
Time; SR2, Simple Reaction Time (second administration); MTH, Mathematical Processing; M2S, Matching to Sample. All ANAM data
reported is based on throughput scores.

Figure 2 Group average discriminant score for concussed population (solid line, diamonds) and controls (dashed line, triangles)
for time of injury, day 8 and day 45. It is noted that discriminant
scores >65 have a >95% probability of MTBI. Standard error
bars are shown for each data point.

indicating no group changes over time in this
sample.

Discussion
This study extends results recently published [18] in
a small sample of concussed athletes who showed
abnormal features of brain electrical activity at injury
and persisting beyond the point of observed clinical
symptomatic recovery. This larger sample of athletes
extends the prior descriptive results to the application of an algorithm developed on an independent
sample of MTBI subjects in an ED setting [17] to
test its sensitivity to the effects of sport-related
concussion. The probability of brain dysfunction as

determined using this algorithm reflected significant
abnormalities at the time of injury and evidence of
persistence for at least 8 days after sport-related
concussion. These abnormalities in brain electrical
activity were present beyond the point at which
athletes had achieved a full recovery on clinical
measures of post-concussion symptoms, cognitive
functioning and postural stability and beyond the
point at which there were no differences from
controls on a computerized neuropsychological test
battery.
The findings of lengthier recovery time after sportrelated concussion are consistent with results from
recent studies that have applied advanced technologies to investigate the time course of physiological
recovery following concussion. While earlier prospective studies using conventional clinical measures
have consistently demonstrated that the overwhelming majority of athletes achieve a complete clinical
recovery in symptoms, cognitive dysfunction and
other functional impairments within the first week
after injury, more recent findings using advanced
imaging techniques suggest that the duration of
physiological recovery after concussion may extend
longer than the observed period of clinical recovery
[7–10].
While the difference between the control and
concussed group on the MTBI-DS index of brain
dysfunction group at 45 days post-injury did not
reach statistical significance (p ¼ .15) the mean score
of the concussed group was 58 and for the control
group it was 41. This may indicate that at least some
of the concussed subjects may continue to exhibit an
alteration of brain functioning at that time point
several weeks post-injury. It is possible that these
individuals would be more likely to report postconcussive-like symptoms and/or show an increased
susceptibility to a subsequent concussion for a
more extended period beyond the typical 7–10 day
recovery period commonly reported in studies of
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sport-related concussion [1]. Future studies in a
larger population will allow more systematic study of
the heterogeneity of brain function at Day 45 and at
time-points of up to 90 days after injury.
The current brain imaging literature supports the
hypothesis that concussive head injury results in
changes in ‘connectivity’ between brain regions and
reversible axonal and neuronal dysfunction [36].
The MTBI-DS used in the present study utilizes
‘phase synchrony’ between brain regions as one of
the variables incorporated within this EEG based
algorithm of brain dysfunction. EEG measures such
as phase synchrony have been demonstrated to be
highly correlated with findings of disrupted functional connectivity between brain regions as measured by diffusion weighted imaging (DTI) after
concussion. Interestingly, the most significant contributors to these DTI results were found in one such
study by examining images from cross-lateral-frontal
regions [37]. This suggests that the MTBI-DS,
which is based upon frontal and frontal-lateral
recordings, may be uniquely sensitive to concussive
type injury and may reflect such ‘connectivity’
changes in brain function. These findings may
open the way to more sensitive evaluation of
concussive injury than those previously available.
The findings from this study and those from earlier
studies applying advanced electrophysiological techniques indicate that abnormalities in brain function
can be detected beyond the point at which individuals
achieve a complete clinical recovery in symptoms and
cognitive functioning after sport related concussion.
Further, the ease of use of such an algorithm based on
a short sample of brain electrical activity from a
limited montage on the forehead has significant
implications for clinical management of concussion
in athletes. Further research at increased intervals of
follow-up is necessary to investigate whether sportrelated concussion is associated with longer-term
alterations in brain electrical activity and to determine
the true natural history and time course of physiological recovery after concussion. To that end, ongoing research now incorporates in intermediate
assessment point at 15 days post-injury.
These findings add to an evidence-based approach
to clinical management of athletes affected by sportrelated concussion by further informing understanding of the window of cerebral vulnerability following
concussion, during which athletes may still be in the
process of physiological recovery and susceptible to
the ill-effects of recurrent head injury. The current
findings support the concept of a graduated
approach to resuming sporting activity after concussion, in which the athlete is closely monitored for a
period of time after achieving full clinical recovery
before full return to play. This approach is aimed at
providing greater assurance that recovery is achieved

both clinically and physiologically (i.e. at a brain
level) before athletes resume full participation following sport-related concussion.
The current study has several strengths and
limitations. Its major strength is that it utilizes and
EEG-based algorithm of brain dysfunction (MTBIDS) that was independently developed and tested
using a population of mild head injury patients
referred to and tested within a hospital emergency
department environment (ED). It is important to
note that reliable EEG data were obtained using
current hand held EEG recording equipment in the
ED environment and in the trainer’s room after
concussion in the current study. A weakness of the
present study is that, despite 3 years of data
collection, we have data on only 59 concussed
individuals. While the size of this sample is large
enough to make reliable comparisons within concussed individuals over time and between concussed
and controls at separate time points, sample size is
not large enough to test the reliability of findings
across time in the individual concussed athlete,
especially at longer time intervals. Future studies
should increase the size of the concussed group,
track MTBI-DS changes between 8 and 45 days and
extend findings up to 6 months post-injury. It would
also be of importance to identify a group of individuals who show persistent post-concussion symptoms
and to follow the time course of TBI-DS change and
its relationship to concussive symptomology.
In summary, the current study adds to a growing
literature suggesting that the time course of physiological recovery after sport-related concussion
extends beyond the point at which athletes demonstrate a full clinical recovery in symptoms, cognitive
functioning and other functional domains. This
extended period of cerebral dysfunction detected
by advanced technologies such as QEEG or functional neuroimaging has significant implications to
clinical management of athletes affected by sportrelated concussion. These findings support
approaches that call for a period of extended
observation of the athlete beyond the point of
clinical recovery, during which the athlete is not
exposed to potential repetitive injury while still
potentially in a vulnerable state during physiological
recovery. Further research is necessary to investigate
the influence of specific injury management strategies on recovery and prevention.
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Acute Effects and Recovery After
Sport-Related Concussion:
A Neurocognitive and Quantitative
Brain Electrical Activity Study
Michael McCrea, PhD, ABPP-CN; Leslie Prichep, PhD; Matthew R. Powell, PhD, ABPP;
Robert Chabot, PhD; William B. Barr, PhD, ABPP
Objective: To investigate the clinical utility and sensitivity of a portable, automatic, frontal quantitative electroencephalographic (QEEG) acquisition device currently in development in detecting abnormal brain electrical activity
after sport-related concussion. Design: This was a prospective, non-randomized study of 396 high school and college
football players, including cohorts of 28 athletes with concussion and 28 matched controls. All subjects underwent
preseason baseline testing on measures of postconcussive symptoms, postural stability, and cognitive functioning,
as well as QEEG. Clinical testing and QEEG were repeated on day of injury and days 8 and 45 postinjury for
the concussion and control groups. Main Outcomes and Results: The injured group reported more significant
postconcussive symptoms during the first 3 days postinjury, which resolved by days 5 and 8. Injured subjects also
performed poorer than controls on neurocognitive testing on the day of injury, but no differences were evident on
day 8 or day 45. QEEG studies revealed significant abnormalities in electrical brain activity in the injured group
on day of injury and day 8 postinjury, but not on day 45. Conclusions: Results from the current study on clinical
recovery after sport-related concussion are consistent with early reports indicating a typical course of full recovery
in symptoms and cognitive dysfunction within the first week of injury. QEEG results, however, suggest that the
duration of physiological recovery after concussion may extend longer than observed clinical recovery. Further study
is required to replicate and extend these findings in a larger clinical sample, and further demonstrate the utility of
QEEG as a marker of recovery after sport-related concussion. Keywords: brain injury, concussion, electroencephalography,
neuropsychological tests
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United States and worldwide.1,2 The Centers for Disease Control and Prevention estimate the annual incidence of nonfatal traumatic brain injuries from sports
and recreation activities to be in the order of 2 million
per year in the United States, with the overwhelming majority of injuries classified as mild traumatic brain injury
(mTBI) (ie, concussion).3 Within organized athletics,
epidemiologic studies reveal that concussion is among
the most frequently observed injuries in most contact or
collision sports (eg, football, hockey, wrestling).4,5 Furthermore, additional studies suggest that the true incidence of sport-related concussion may actually be much
higher than that captured in conventional epidemiologic studies, in large part from a tendency on the part
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of athletes to either not recognize or not report these
injuries.6
Clinically, sports medicine professionals now commonly consider the diagnosis and clinical management
of concussion as among their greatest challenges. Beyond injury detection and diagnosis, the chief responsibility of clinicians is to accurately monitor the course
and extent of an athlete’s clinical recovery after concussion, and, in turn, determine the athlete’s readiness for safe return to competition. The advent of
neuropsychological testing and other standardized assessment tools over the past decade now enables clinicians to more precisely measure the acute effects and
extent of recovery after concussion, thereby affording a
more objective means for determining that an athlete
has had a full resolution of postconcussive symptoms
and cognitive or other functional impairments after
injury.
Recent studies have also made great gains in advancing our understanding of the true natural history
of clinical recovery after mTBI, including sport-related
concussion.7 Prospective studies have consistently
demonstrated that the overwhelming majority of athletes achieve a complete recovery in symptoms, cognitive dysfunction, and other impairments over a period
of approximately 7 to 10 days after injury.8–10 Contrary
to earlier reports in the general MTBI literature,11 the
incidence of persistent symptoms or impairments beyond several weeks after concussion appears to be very
low.12 Our advancement in the scientific understanding
of the true natural history of recovery after concussion
provides an evidence base for clinicians in determining
recovery and making clinical decisions at the individual
case level.
Our understanding of the natural history and time
course of physiological recovery after concussion, however, remains less clear. The dilemma still facing clinicians and researchers alike is knowing when recovery has
been fully achieved at a brain functional level. It has long
been held that there is a window of cerebral vulnerability that may extend beyond the point at which full clinical recovery has been observed. Findings from recent
studies that have used advanced functional neuroimaging techniques suggest that physiological abnormalities
can be detected beyond the point at which individuals
achieve a complete recovery in symptoms and cognitive functioning.13,14 In fact, most published guidelines
for the management of sport-related concussion recommend a symptom-free waiting period that disallows an
athlete to return to competition for a period of several
days after they have reached a full recovery.15 Therefore,
determining the time course of physiological recovery
after concussion has significant implications not only to
our understanding of the clinical science of MTBI, but
also to clinical decision making.

Recent reports have further supported the theory that
concussion is associated with metabolic and physiological changes in the brain, which correlate with the report
of postconcussive symptoms and performance on neurocognitive testing during the acute postinjury periods.
There is also growing evidence to suggest an interaction between the time course of physiological recovery
after concussion, persisting postconcussive symptoms,
and activity level during the early postinjury recovery
period.16–18
Quantitative electroencephalogram (QEEG) studies
in mTBI or concussion, have reported abnormalities
in many features reflecting changes in brain function,
including reduced mean frequency of alpha, reduced
power in the alpha and beta frequency bands, hypercoherence between frontal regions, and decreased gamma
frequency.19–23 Using these features, normal controls
have been discriminated from patients with mTBI in
previous studies with a reported 96.2% sensitivity and
90.5% specificity.21 Alterations in brain function of concussed individuals were reported using wavelet features
of the EEG, which increased when second concussive
events occurred.24 QEEG features have also been used in
multivariate classifier functions to discriminate between
mild and severe TBI, with sensitivity a reported 95%
and specificity of 97%.20 The variables contributing primarily to this discrimination include measures of coherence, phase and amplitude differences. It was noted that
frontal and frontotemporal regions contributed more
than other regions to such discrimination, suggesting increased vulnerability of these areas. In addition, the disruption of brain function reflected in QEEG measures
has also been demonstrated to reflect such abnormalities for long periods postinjury in those patients who
report persistence of symptoms22,25–27 and to correlate
with recovery of function at 1 year after injury.23
Because conventional 19-lead EEG is not a tool feasible as a sideline device, in this study a limited montage
on the frontal scalp locations of the standardized system
was used. The proximity of frontal and anterior temporal regions to bony structures and cavities of the skull
makes them particularly susceptible to injury, particularly when rotational acceleration affects a freely moving head.28,29 The frontal regions are 3 times more likely
to be affected than other cortical regions.30 Neuropathologic and neuroimaging studies show that frontal regions
are the most vulnerable for focal deficits after closed
head injury.31 The most common postconcussion symptoms were characteristic of frontal and/or temporal lobe
dysfunction.32 Further, children with moderate TBI were
most likely to show diffusion tensor imaging abnormality in inferior frontal, superior frontal, and supracallosal
regions.33 This increased susceptibility of the frontal regions to damage after closed head injury most likely
results from direct contusions to this region and the
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Concussion group and control group characteristics and baseline test resultsa,b
Injured

Control

Demographics

Mean

SD

Mean

SD

Mean diff

t

P

Weight, lb
Academic year
Grade point average (4.0 scale)
Baseline test results
WTAR
CSI total score
SAC total score
BESS
ANAM CDD
ANAM CDS
ANAM M2S
ANAM MTH
ANAM SRT
ANAM SR2

205.92
12.92
2.87

50.24
1.80
0.93

202.87
12.55
3.18

39.73
2.23
0.34

3.05
0.372
−313

0.25 .80 −21.5 to 27.6
0.673 .504 −0.735 to 1.48
−1.69
.10 −0.685 to 0.058

105.86
3.95
27.40
24.65
47.28
55.88
34.61
19.58
182.30
182.40

4.47
2.94
2.137 27.06
7.48
15.53
14.60
46.83
12.15
53.50
14.34
35.89
7.01
20.03
17.04 180.09
26.00 185.60

4.09
2.568
6.76
12.90
9.98
9.10
7.09
20.73
16.95

1.012
0.335
−0.883
0.48
2.38
−1.28
−0.454
2.20
−3.20

0.820
0.485
−0.434
0.114
0.736
−0.361
−2.18
0.388
−0.515

.416
.630
.666
.910
.466
.720
.828
.700
.609

95% CI

−8.03,5.42
−1.47,3.49
−1.05,1.72
−4.98,3.21
−7.65,8.56
−4.13,8.88
−8.42,5.86
−4.65,3.74
−9.2,13.65
−15.7,9.31

a ANAM abbreviations for specific tasks: Automated Neuropsychological Assessment Metrics; CDD, Coding Substitution Delayed; CDS,

Coding Substitution Learning; CSI, Concussion Symptom Inventory; MTH, mathematical processing; M2S, matching to sample; SAC,
standardized assessment of concussion; SRT, simple reaction time; SR2, simple reaction time (second administration); WTAR, Wechsler
test of adult reading. All ANAM data reported are based on throughput scores.
b Range

of values for normal controls on matching variables: weight (145–325), academic year (10–16), grade point average (2.3–3.7),
WTAR (88–120), CSI (0–18), and SAC (23–30).

disruption of the extensive connections between the
frontal region and other cortical regions.34 On the basis of these results and the results from previous EEG
studies that stress the contribution of frontal measures,
we postulated that although different from that derived
from 19-lead data, leads over the frontal regions would
allow us to demonstrate high sensitivity to mTBI.
The current study was designed to extend previous
work by using innovative quantitative brain electrical
activity techniques to gain a better understanding of
the early electrophysiological effects and recovery after sport-related concussion, and to measure the window of cerebral vulnerability after concussion, during
which athletes may be at greatest risk for additional brain
injury.
METHODS
Subjects
A total of 396 football players from 8 high schools
and 2 colleges in the midwestern United States were enrolled in the study before the 2008 football season. In
total, 527 players from 10 high schools and colleges were
eligible to participate; of those, we were able to obtain
written informed consent from a parent or guardian for
417 athletes (79.1%). We completed baseline testing on
95% (396) of the 417 athletes who consented to participate. Dropouts were due to players missing the baseline
testing sessions at their respective school or quitting the
football team before baseline testing. Twenty-eight play-

ers who sustained a concussion (7.0% of players enrolled)
were studied.
Twenty-eight noninjured controls matched to injured
subjects on the basis of age, years of education, cumulative grade point average, and baseline performance on
concussion assessment measures were administered the
identical protocol at baseline and follow-up. Controls
subjects are “yoked” to individual athletes based on the
best fit to the aforementioned matching variables. This
is done manually by the investigators searching the electronic database for the closest control match for each
injured athlete based on the combined matching variable set. Our research team has refined this approach
while conducting studies of sport-related concussion of
the past 15 years. Table 1 provides compares the injured and controls groups on matching variables and
other baseline measures, along with the range of values for the control group on each matching variable.
Normal controls were excluded from consideration if
there was any reported history of concussion, learning
disability, attention-deficit/hyperactivity disorder, other
developmental disorder, or current use of psychotropic
medications.
This study was approved by the Institutional Review
Board for protection of human research subjects at the
host institutions of the principal investigators. Written
informed consent was obtained from all injured and
control participants (or parent/guardian of minors) and
each subject voluntarily elected to participate in the
study.
www.headtraumarehab.com
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Baseline
History
CSI
SAC
BESS
B-Scope
ANAM
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Study protocol and clinical outcome measures
Acute
injury

Day 1
P-I

Day 3
P-I

Day 5
P-I

Day 8a
P-I

Day 45a
P-I

CSI
SAC
BESS
B-Scope
ANAM

CSI
SAC
BESS

CSI
SAC
BESS

CSI
SAC
BESS

CSI
SAC
BESS
B-Scope
ANAM

CSI
SAC
BESS
B-Scope
ANAM

Abbreviations: ANAM, Automated Neuropsychological Assessment Metrics; B-Scope, BrainScope; BESS, Balance Error Scoring System;
CSI, Concussion Symptom Inventory; P-I, post-injury; SAC, Standardized Assessment of Concussion.
a Study protocol allowed for +/− 1 day for day 8 assessment point and +/− 5 days for day 45 assessment point.

Design and procedures
All subjects underwent a preseason baseline evaluation on all concussion assessment measures prior to the
football season, including EEG studies with the BrainScope device. An extensive health history questionnaire
was also administered at baseline to generate a database
of demographic information, concussion history, and
preexisting developmental, neurological, or other medical conditions.
Injured subjects were identified and enrolled in the
study protocol by a certified athletic trainer present on
the sideline during an athletic contest or practice. Concussion was defined as an injury resulting from a blow to the
head causing an alteration in mental status and 1 or more
of the following symptoms prescribed by the American Academy of Neurology Guideline for Management
of Sports Concussion: headache, nausea, vomiting,
dizziness/balance problems, fatigue, trouble sleeping,
drowsiness, sensitivity to light or noise, blurred vision,
difficulty remembering, or difficulty concentrating.15,35
Criteria contributing to the identification of a player
with a concussion also included the observed mechanism of injury (eg, acceleration or rotational forces applied to the head), symptoms reported or signs exhibited
by the player, and reports by medical staff or other witnesses regarding the condition of the injured player. Loss
of consciousness (LOC), posttraumatic amnesia (PTA)
(eg, inability to recall exiting the field, aspects of the examination), and retrograde amnesia (RGA) (eg, inability
to recall aspects of the play or events before injury, score
of the game) were documented immediately after injury.
All players identified by the certified athletic trainer as
having sustained a concussion according to the study’s
injury definition and criteria were tested with the Concussion Symptom Inventory (CSI)36 and the Standardized Assessment of Concussion (SAC)37 on the sideline
immediately after injury. Certified athletic trainers then
paged the principal investigator, who conducted a systematic interview with the athletic trainer regarding in-

jury characteristics (eg, mechanism, alteration in mental
status or level of consciousness, amnesia, chief symptoms) and early course. The principal investigator then
arranged for the follow-up protocol of the player with
concussion and the respective control subject. In addition to the CSI and SAC, follow-up assessments on the
day of injury, as well as postinjury days 8 and 45 included
a computerized neuropsychological testing battery, postural stability testing, and QEEG. The protocol matrix
and listing of clinical outcome measures administered at
each assessment point is presented in Table 2. Because
research data were collected in the context of direct clinical care delivery, examiners were not blinded as to the
player’s group assignment (injured vs control) at the time
of evaluation.
Clinical outcome measures
All of the main outcome measures used in this study
have been used extensively in head injury research, including studies on the effects of sport-related concussion, including the following.
CSI:38 a brief screening measure that assesses for the
presence and severity of 12 common postconcussive
symptoms. A Likert-type scale is used to assess symptom severity (range 0–6 per item). Total score range is 0
to 72 for the full CSI; higher scores on the CSI indicate
more severe symptoms reported.
SAC:8,39 a brief cognitive screening tool that has been
used extensively to assess the cognitive effects of concussion. The SAC includes brief subtests of orientation,
immediate memory, concentration, and delayed recall.
Total score range on the SAC is 0 to 30; lower scores on
the SAC indicate poorer cognitive performance.
Balance Error Scoring System (BESS):40,41 a brief clinical measure of postural stability. The BESS assesses balance during 6 separate trials, including 3 stances (singleleg, double-leg, and tandem) on 2 surfaces (firm and
foam). Standardized errors are summed for each trial.
Score range for each BESS trial is 0 to 10 (0–60 for total

Copyright © 2010 Lippincott Williams & Wilkins. Unauthorized reproduction of this article is prohibited.

Acute Effects and Recovery After Sport-related Concussion
BESS score); higher scores on the BESS indicate poorer
performance.
Automated Neuropsychological Assessment Metrics
(ANAM):42–45 a computerized neuropsychological test
battery that includes measures of cognitive processing
speed, reaction time, and visual memory. Measures of
accuracy and speed are recorded, which combine to form
a composite throughput score. For each subtest, a lower
throughput score indicates poorer performance.
All of these measures have demonstrated reliability
and accuracy in the evaluation of sport-related concussion. Clinicians also recorded information on injury
mechanism, severity, management, recovery, and return
to play.
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(1.5 – 3.5 Hz), theta (3.5–7.5 Hz), alpha (7.5–12.5 Hz),
beta (12.5–25 Hz), and gamma (30–45 Hz) frequency
bands.
Using neurometric methods, all quantitative features were log transformed to obtain Gaussianity, ageregressed, and Z-transformed relative to age expected
normal values. The importance of each of these steps
in enhancing the sensitivity and specificity of brain electrical activity has been described in detail elsewhere,46 as
are test-retest reliability47 and independent replications
of the neurometric normative data of brain electrical
activity.48 Thus, this dataset is unique in its use of logtransformed and age-regressed features derived from the
frontal EEG in a multivariate approach to the identification of a profile of abnormality in mTBI.

EEG data acquisition
Patients and controls underwent 10 minutes of eyes
closed resting EEG recording on the BrainScope device
in development. The EEG data were collected using selfadhesive electrodes from frontal electrode sites of the
International 10/20 system, which included FP1, FP2,
AFz1 (located just anterior to Fz on the forehead, below
the hairline), F7, and F8, referenced to linked ears. All
electrode impedances were lower than 5 k. Amplifiers
had a bandpass from 0.5 to 70 Hz (3 dB points), with a
60-Hz notch filter. Setup was accomplished in all cases
in less than 5 minutes. The collected EEG data were
subjected to artifact rejection by an artifact algorithm
built into the BrainScope device, to remove any biologic and nonbiologic contamination, such as that from
eye movement or muscle movement. Previous experience has demonstrated that sufficient artifact-free data
(60–120 seconds) can be obtained from this 10-minute
recording.
Quantitative analysis of brain electrical activity
As stated previously, the continuous electrical activity was subjected to artifact rejection algorithms in the
BrainScope devise to remove any biologic or nonbiologic contamination, such as that from eye movement or
muscle movement, This EEG was then visually inspected
by an experienced EEG technologist to confirm quality
of selection. Previous experience has demonstrated that
sufficient artifact-free data can be obtained from this 10minute recording. The EEG technicians processing the
EEG were blinded to whether or not the individual had
a concussion or was a control. In all cases, the first 1 to
2 minutes of artifact-free EEG were used.
The artifact-free data were then submitted for quantitative analyses offline. Power spectral analysis was performed using fast-Fourier transform. For all monopolar
and bipolar electrode derivations, absolute and relative
(%) power, mean frequency, inter- and intrahemispheric
coherence, and symmetry was computed for the delta

Statistical analysis
Descriptive statistics were generated on the injured
and control group characteristics to ensure precise
matching of groups on demographic variable, estimate
of premorbid cognitive functioning, and baseline test
performance on the main clinical outcome measures.
Independent sample t tests were calculated to compare the injured and control groups on the main clinical
outcome measures of symptoms (CSI), postural stability (BESS), and cognitive functioning (SAC, ANAM)
at each postinjury assessment point. This basic approach was undertaken because of concerns about applying more extensive statistical analysis (eg, standardized regression-based methods, reliable change indices,
or receiver operating characteristics) in a relative small
study sample. The straightforward approach of comparing group means at each postinjury assessment point is
strengthened significantly by the lengths taken in the
study design to ensure extremely accurately matching of
the injured and controls groups on both demographic
and performance measures (ie, yielding no preinjury
group differences).
For the CSI, BESS, and SAC, raw scores were used
for statistical comparison between groups, as is the intended use for each measure. In the case of ANAM, a
throughput score was calculated for each ANAM subtest and submitted for statistical comparison between
groups at each assessment point. The throughput score
is derived from the number of correct responses observed on a particular task divided by the cumulative
reaction time for both correct and incorrect responses.
As a performance index, it blends accuracy and response
speed into a single measurable unit of behavior. Relative to scores of accuracy and speed in isolation, it is
considered more sensitive to behavioral change, and is
more reliable over time, particularly when one would
expect a decline (or improvement) in both accuracy and
speed after an experimental manipulation or event. For
www.headtraumarehab.com
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a more detailed discussion of theory and characteristics
associated with throughput scores, please see Thorne.49
Throughput scores have been reported as a robust performance measure in previous studies using ANAM, including studies on the cognitive effects of sport-related
concussion.45
The statistical methods employed to analyze data
from our clinical outcome measures is consistent with
those used in prior studies of sport-related concussion,
including those conducted by our research group. We
elected not to use a Bonferroni correction or other methods that control for multiple comparisons on the basis
that we are treating data from the various clinical instruments as independent comparisons within and across assessment time points. Further, a Bonferroni correction
could potentially reduce power in detecting arguably
very mild effects of concussion on these measures.
All QEEG analyses were accomplished offline using
the extracted QEEG features described previously. Seven
QEEG features were identified based on their clinical
and scientific relevance, their ability to distinguish the
control from the concussion patients (analysis of variance F’ ratios) at the time of injury, and their intercorrelation with each other. Multivariate analysis of variance
(MANOVA) techniques were then used to compare the
control and concussion patients at each time point and
to compare all time points within each group of patients.
This was possible because all 7 QEEG features were expressed as standard zscores and were minimally correlated with each other. The use of MANOVA procedures
obviates the need for corrections in power from running
multiple t tests or univariate analysis of variance procedures. These QEEG variables included 4 variables reflecting changes in interhemispheric (left vs right) power
relationships (asymmetry), 1 variable associated with interhemispheric coherence relationships (independent of
power), and 2 variables reflecting changes in high and
low beta absolute power.
TABLE 3

RESULTS
Acute injury characteristics
Twenty-eight athletes who sustained a concussion during a football practice (50% of injuries) or game (50%)
were studied. Two subjects (7.1%) had an observed period of LOC associated with their injury, with a mean
duration of less than 1 minute. PTA (17.9% of injuries;
median duration 10 minutes) and RGA (28.6% of injuries; median duration 60 minutes) were relatively more
common characteristics observed. There was significant
overlap in the occurrence of LOC, PTA, or RGA; 3 of
the 5 subjects with PTA also had RGA. Overall, 64.2% of
subjects had no LOC, PTA, or RGA observed in connection with their injury event. These findings on acute injury characteristics are highly consistent with those previously reported from considerably larger study samples
of sport-related concussion.8,39
At baseline (preinjury), there were no differences between the injured and control groups on any demographic variables, an estimate of premorbid intellectual
functioning (WTAR), or performance on the main clinical outcome measures (Table 2), which was planned
and anticipated given the strict methods used to select a
matched control group.
Clinical recovery
There were statistically significant differences between
the injured and control groups on CSI, SAC, and
ANAM at select postinjury assessment time points. No
group differences were observed on the BESS. Table 3
indicates that injured subjects as a group reported a significantly more severe level of postconcussive symptoms
than controls on the CSI through day 3 postinjury, with
a trend of greater symptoms also evident on day 5 postinjury. There were no statistically significant differences in
symptom reporting by the injured and control groups on

Concussion group and control group results on CSI, SAC, and BESS
CSI
Injured

Time of injury
Day 1
Day 3
Day 5
Day 8
Day 45

SAC
Control

Injured

BESS
Control

Injured

Control

Mean

SD

Mean

SD

Mean

SD

Mean

SD

Mean

SD

Mean

SD

18.82a
13.33a
6.95a
5.07
2.58
0.88

15.14
13.62
7.93
7.0
8.32
3.78

2.13
2.47
2.33
2.94
2.63
5.24

3.36
3.15
3.21
3.19
3.40
10.64

25.50a
25.86
27.30
27.54
28.23
27.92

3.32
3.62
2.32
2.04
1.82
2.17

27.90
26.63
27.50
28.38
27.97
28.11

1.60
1.86
1.75
1.63
1.54
1.93

20.04

15.09

17.64

6.58

14.62
13.33

7.11
5.69

16.97
15.33

7.57
6.83

Abbreviations: BESS, Balance Error Scoring System; CSI, Concussion Symptom Inventory; SAC, Standardized Assessment of
Concussion.
a Significant difference, P < .05.
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ANAM test results for concussion group and control group at time of injury and
at day 8 and 45 after injurya
TABLE 4

Time of injury
Injured
Mean
ANAM CDD
46.56
ANAM CDS
52.67
ANAM M2S
35.29
ANAM MTH 20.63b
ANAM SRT 163.80b
ANAM SR2 157.01b

SD

Day 8

Control
Mean

17.56 52.11
15.11 57.71
16.16 39.16
6.54 24.04
38.38 192.15
46.34 186.92

SD

Injured
Mean

Day 45
Control

SD

Mean

SD

Injured
Mean

Control

SD

Mean

SD

11.12 52.10 12.29 52.89 12.65 53.59 11.42 48.42 11.96
8.61 61.01 12.16 60.75 9.84 59.67 10.90 58.77 10.23
8.22 39.43 11.84 40.82 12.12 37.28 13.88 40.11 11.54
5.13 22.53 6.16 23.60 8.22 23.71 6.56 25.30 6.40
16.35 188.78 26.11 195.61 19.15 192.86 27.42 193.57 19.59
26.28 181.27 31.02 189.30 31.79 187.15 24.71 15.33 22.11

a ANAM

abbreviations for specific tasks: ANAM, Automated Neuropsychological Assessment Metrics; CDD, Coding Substitution
Delayed; CDS, Coding Substitution Learning; MTH, mathematical processing; M2S, matching to sample; SAC, standardized assessment
of concussion; SRT, simple reaction time; SR2, simple reaction time (second administration); WTAR, Wechsler test of adult reading.
All ANAM data reported are based on throughput scores.
b Significant difference, P < .05.

day 8 or day 45. The injured group, on average, made
more errors than the control group on the day of injury,
but this difference did not reach statistical significance
and there were no group differences on the BESS on
days 8 or 45 post injury.
In terms of cognitive recovery, the injured group performed significantly more poorly than matched controls
on the SAC on the day of injury, but not beyond that
assessment point. Similarly, group differences were evident on select neuropsychological subtests of ANAM
on only the day of injury, but not on day 8 or day 45
postinjury. Specifically, the injured group demonstrated
impairments on measures of mathematical processing
and simple reaction time relative to uninjured controls.
Trends toward poorer performance by injured subjects
were suggested on other ANAM subtests (Coding Substitution – Leaning and Delayed, Matching to Sample)
on day of injury, which did not reach statistical significance. Table 4 provides a summary of throughput scores
for the injured and control groups on all ANAM subtests
at each assessment point.
Electrophysiological recovery
Concussion was generally associated with increased
left/right power asymmetry, decreased left/right hemisphere coherence, and increased power in the beta frequency band. Table 5 presents the MANOVA F values
and significance levels (P) for the MANOVAs comparing baseline with the second evaluation, baseline with
the day-8 evaluation (8 days after injury or control), and
baseline versus day-45 evaluation (45 days postinjury
or control). In general, none of the MANOVA results
reached significance for the control group, indicating
that QEEG variables were stable over 45 days. However,

for the group suffering concussions the QEEGs obtained
at injury and 8 days postinjury were significantly different from the baseline evaluation. Significance at day 8
is higher than at point of injury, suggesting that abnormalities in brain function progress after time of injury.
Table 6 presents MANOVA results for comparisons
done between the concussion and control groups. Note
that the number of subjects in these comparisons is 18,
because only 18 of the 27 injured subjects had data for all
longitudinal comparisons. The concussion and control
groups did not differ at baseline, with significant differences found at the time of injury and 8 days postinjury,
with these differences not present at day 45 postinjury.
Figure 1 shows the multivariate composite Z score for
the features included in the MANOVA for each group at
each evaluation point. Significant differences can clearly
be seen between the groups at time of injury and at day

Within-group comparisons for
injured group (n = 18) and controls (n =
18)a
TABLE 5

F (P )
Comparison

Injured group

Control group

BL vs injury
BL vs day 8
BL vs day 45

2.5 (.039)b
3.3 (.013)b
1.5 (.20)

0.52 (.81)
0.56 (.78)
0.86 (.55)

Abbreviation: BL, base line.
a Multivariate F values from the multivariate analysis of variance
analysis and probability for which F values are shown.
b Significant difference, P < .05.
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Between-group comparisons for
BL, injury/retest, day 8, and day 45a
TABLE 6

Between-group comparisons
BL
Injury/retest
Day 8
Day 45

F (P )
1.65 (.164)
4.4 (.002)
2.53 (.04)
0.60 (.74)

Abbreviation: BL, base line.
a Multivariate F values from the MANOVA analysis and probability
for that F value are shown.

8 after injury. Unexplained differences can be seen in
the figure at baseline between the injured and control
groups, although it did not reach statistical significance.
It was also noted that, although the baseline of the controls was different from its follow-up scores, this difference was not statistically significant. At injury and all
follow-up time points the standard deviation of the injured group is much larger than that of the controls,
suggesting that the injured group may be heterogeneous
with respect to progression. Likewise, although differences between the means can be seen at day 45, this
does not reach significance because of a large variance
at this evaluation point. The large variance at day 45 in
the injury group suggests that some of the subjects were
still showing persistent abnormalities at this time point,
although not statistically significant for the group.

Figure 1. Composite Z score of the 7 quantitative electroencephalographic features in the multivariate analysis of variance
between groups, shown at BL, injury/retest, day 8, and day 45
after injury. Standard error of the mean shown for each group
average point. Clear differences between the groups at point
of injury and day 8 can be seen. BL indicates base line; INJ,
time of injury.

DISCUSSION
Our findings pertaining to the physiological effects
and recovery after concussion have relevance to the existing literature from both animal and human studies. Animal research has suggested a lengthier time course of neurophysiological recovery than the recovery timeframe
often reported in clinical studies of sport-related concussion. Additionally, recent studies that employ more
innovative functional neuroimaging techniques have reported abnormalities in brain function well beyond the
observed 7- to 10-day window of typical clinical recovery. Preliminary QEEG findings from the current study
are in line with earlier discoveries from animal and functional neuroimaging research, suggesting the possibility
of lingering cerebral dysfunction beyond the observed
clinical recovery period. In turn, the collection of these
findings now adds increasing empirical support to the
concept of a “window of cerebral vulnerability,” during
which the brain has not yet returned to a normal state
of metabolic and cerebral function. Further study is required to more precisely clarify the risks (eg, susceptibility to recurrent injury, poor outcome) imposed during
this proposed period of suspected cerebral vulnerability
after concussion.
The pathophysiology of concussion, or mTBI, has
been nicely delineated by several scientific breakthroughs over the past decade or more. Several experts
have provided detailed reviews of the pathophysiology
of concussion, citing primarily findings from animal
models of traumatic brain injury.50–52 These studies consistently demonstrate a sequential pattern of neuronal
dysfunction due to ionic shifts, altered metabolism,
impaired connectivity, and changes in neurotransmission, which some have commonly coined as the “neurometabolic cascade” that ensues after trauma to the
brain.52 In animal models, the time course of these physiological changes and return to normal homeostasis is
typically a period of many days, similar to the QEEG
findings in the current study. Further study is required
to determine how these findings generalize to the time
course of physiological recovery after concussion in humans. Perhaps surrogate instrumentation such as electrophysiological or functional neuroimaging methods will
help in the translation of the animal findings to the advancement our under understanding of the pathophysiology of concussion in humans.
Findings from the current and previous studies on
physiological recovery after concussion have a potentially translational value to the clinical management of
sport-related concussion. Specifically, our findings generally support the concept of a “no exposure” and recovery period that extends beyond the simple point at
which the athlete is symptom-free and clinical testing returns to normal. Given the consistency of our findings
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with prior studies on the time course of clinical recovery
after sport-related concussion, it is considered unlikely
that are findings are due to type I error. The clinical utility of a portable, real-time QEEG device could possibly
aid in the identification and evaluation of subtle brain
dysfunction during the acute and subacute period after
concussion. Obviously, further study is required to provide additional evidence to support use of QEEG in the
assessment of concussion in sport. Ultimately, this issue
has major implications for injury prevention strategies,
particularly with regard to preventing recurrent concussion and the risks of possible catastrophic outcome in
sports.
The application and generalizability of findings from
the current study are somewhat limited because of sampling and other issues. We are reporting on a relatively
small data set, which is made up of all male football
players. It is uncertain as to whether or not the findings
might be different based on gender or when studying a
broader sample of athletes across sports. Future studies
will be aimed at replicating these findings in a larger,
broader sample of sport-related concussion. The possi-
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ble heterogeneity of recovery within the injured group
will also require a larger group for study. In addition,
large sample sizes using this methodology will enable
the utilization of more advanced statistical methods to
examine the utility, sensitivity, and specificity of QEEG
in identifying abnormalities in brain electrical activity
at the individual case level that would influence clinical decision making. Ultimately, future studies should
look at the incremental value of all clinical measures
(eg, symptom checklists, neurocognitive testing, balance
testing, QEEG) and the unique contribution they make
in detecting clinical abnormalities in athletes who are
otherwise reporting to be symptom free and would be
returned to competition, perhaps prematurely.
In conclusion, findings from the current study expand
our understanding of physiological recovery after sportrelated concussion and offer preliminary support for the
potential utility of brief QEEG studies in the evaluation
of sport-related concussion. Further research is required
to better understand how quantitative studies of brain
electrical activity may influence clinical the management
of sport-related concussion.
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Intracranial Pathology (CT+)
in Emergency Department Patients
With High GCS and High Standard
Assessment of Concussion (SAC) Scores
Kenneth C. Curley, MD; Brian J. O’Neil, MD; Rosanne Naunheim, MD; David W. Wright, MD
Objective: To demonstrate that a subpopulation of patients with mild/moderate traumatic brain injury (TBI) had
intracranial pathology despite having a Glasgow Coma Scale (GCS) score of 15 and a Standardized Assessment
of Concussion (SAC) score of 25 or higher. Setting: A network of 11 US emergency departments (ED) enrolling
patients in a multisite study of TBI. Participants: Men and women between the ages of 18 and 85 years admitted to
a participating ED having sustained a closed head injury within the prior 72 hours and a GCS score of 13 to 15 at the
time of enrollment. Design: Prospective observational study. Main Measures: GCS, SAC, computed tomography
(CT) positive or negative for intracranial pathology, Marshall scoring of CT scans. Results: Of 191 patients with
intracranial pathology (CT+) and having a SAC score recorded, 24% (46/191) had a SAC score in the normal range
(≥25) as well as a GCS score of 15. All causes of CT+ brain injury were present in both SAC groups. Conclusion:
A normal GCS score and a SAC score do not exclude the possibility of significant intracranial injury. Key words:
assessment, brain bleed, concussion, CT, neurocognitive testing, TBI, traumatic hematoma
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I

DENTIFICATION of concussion/mild traumatic
brain injury (mTBI) remains a clinical diagnosis with
no “gold standard” diagnostic tool. In addition, there
are many clinical diagnostic criteria, with the World
Health Organization noting 38 different suggested
diagnostic criteria in a 2014 report.1–4 The Standardized
Assessment of Concussion (SAC) was developed for
acute “sideline” assessment of concussion in the mid
to late 1990s.5 The SAC consists of assessments of
orientation to time, day and date, immediate recall,
concentration, and delayed recall. The total score
achievable is 30, and in many applications, a score of 25
or higher is considered “normal,” based upon this score
having the maximum sensitivity and specificity.6 The
SAC has been widely used as a sideline screening tool
for concussion in many sports.5,7–13 In 2004, the SAC
was included with other assessments to produce the
Sports Concussion Assessment Tool (SCAT), currently
in its third iteration.5 The Department of Defense uses
a modified version of the SAC called the Military Acute
Corresponding Author: Kenneth C. Curley, MD, Iatrikos Research and
Development Strategies, 1301 S. Howard Ave, Unit C-5, Tampa, FL 33606
(kenneth.curley.md@icloud.com).
DOI: 10.1097/HTR.0000000000000355
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Concussion Evaluation (MACE).8,14 The SAC, the
MACE, and the SCAT have been posited as tools for
assessing concussions in nonsport settings, but the
evidence of their utility has been mixed. In a sample of
62 patients with a diagnosis of mTBI (Glasgow Coma
Scale [GCS] score of 15 and a negative computed
tomographic [CT] finding), Naunheim and colleagues15
reported that serial SAC scores correlated with the
Conner’s Continuous Performance Test, 2nd edition,
but was not associated with symptoms. The SAC has
begun to be utilized as a screening tool in emergency
departments (EDs) in the United States and internationally. Naunheim and colleagues15 compared the SCAT
and the MACE in 49 patients with concussion and
33 patients who were orthopedic controls and found
that the SAC portion of the SCAT performed better
than the MACE, with modest discriminatory power.
Luoto and colleagues16 studied the SCAT-2 and the
MACE in a Finnish ED. Their study concluded that the
SAC was useful for identifying cognitive impairment
for refining prognosis and assessing recovery in the
ED population.16 Coldren and colleagues found that
the MACE lacked sufficient sensitivity and specificity
12 hours or more postinjury in a deployed military
population.17 A recent study by Stone and colleagues18
assessed the MACE in civilian trauma and concluded
that it was a poor screening test in that heterogeneous
adult civilian TBI population. However, 3 other studies
demonstrated adequate sensitivity extending to 24
hours in civilian ED populations.7,19,20
In the ED setting, one of the most important considerations is the ability to discriminate between patients
who are safe to be discharged home and those with intracranial hemorrhage (ICH), who are at risk for clinical
deterioration, or who need neurosurgical intervention.
ICH in patients with a concussion and GCS scores of
13 to 15 are not uncommon. Stiell and colleagues21 reported that 8.5% of 2707 patients with GCS scores of
13 to 15 and 5.3% of 1822 patients with a GCS score
of 15 were found to have “clinically important brain
injury,” including hemorrhage. Smits and colleagues22
in a prospective study of 3181 patients found a 9.8%
incidence of traumatic ICH. A study of a cohort of patients with mild head injury by Ibañez and colleagues23
reported an incidence of acute intracranial lesions, including hemorrhage, of 7.5%. More concerning is the
report by Thorson and colleagues,24 who noted 30% of
360 patients with an initial CT positive for ICH went on
to sustain progression of the ICH. They also noted that
32% to 59% of those patients who required operative intervention had no neurological decline concurrent with
the worsening ICH on repeat CT scans, suggesting that
clinical symptoms alone may not be sufficient to assess
TBI.

O’Neil and colleagues25 reported that 38% of patients
suspected of having TBI with a CT+ scan in a multisite
prospective clinical trial had a GCS score of 15 and a
SAC score of 25 or higher. While the SAC is intended
to be used as an indicator of concussion and not as a
decision tool for CT referral, there is low suspicion that
those who have a normal SAC score have sustained a
brain injury. The current study evaluates the presence
of CT+ findings in those patients with a normal
SAC score. This study is a replication and extension
of the O’Neil and colleagues25 study in a large,
independent sample of ED patients with a closed head
injury.
METHODS
Subjects
The data were collected at 11 EDs across the United
States, as part of a multisite study of TBI, which included standard clinical evaluations on intake to the
ED and acquisition of an electroencephalogram (EEG).
This cohort was extracted from a parent clinical trial.26
This study was conducted in a convenience sample comprising subjects who sustained a head injury for whom
CT scans were found to be positive (CT+) by a blinded
independent adjudication panel of neuroimaging specialists and physician experts. Thus, the site determination of referral for CT (with or without the use of
imaging guidelines) was not constrained, allowing results to generalize relative to standard clinical practice.
Candidates for the study were recruited through a standardized informed consent process after having met the
inclusion/exclusion criteria described in the following
text (see Table 1).
Inclusion criteria
Candidates for the study included males and females
between the ages of 18 to 85 years (the entire age range)
who were admitted to the ED within the prior 72 hours
and who sustained a closed head injury (ie, skull was
intact). Subjects had a GCS score of 13 to 15 at the time
of enrollment and were found to have a brain injury
visible on the CT scan (CT+).
Exclusion criteria
Exclusion criteria included forehead, scalp, or skull
abnormalities that might prevent proper application of
the electrode set on the forehead. This was necessary
due to the parent study requiring EEG acquisition. Subjects were excluded if they had a history of dementia,
a known neurological or seizure disorder, a history of
brain surgery, an evidence of acute psychosis, substance
dependence, or a history of transient ischemic attack
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Demographics/characteristics of participantsa

Feature

Value

Participants, n
Age, mean (SD) (range), y
Sex, male/female, %
Time of injury to CT, mean (SD), h
SAC score, mean (SD) (range)
Time of injury to SAC evaluation, mean (SD), h
CT+/SAC score ≥25 GCS, mean (range)
CT+/SAC score ≥25, n (%) all had GCS score = 15
CT+/SAC score ≥25, mean (SD)
CT+/SAC score <25, n (%)
CT+/SAC score <25 GCS, mean (range)
CT+/SAC score <25, mean (SD)

191
52.9 (18.0-85.6) (20.4)
69.5/30.5
15.1 (13.2)
20.8 (5.2) (2-29)
24.5 (17.9)
15.0 (all 15)
46 (24)
26.4 (1.3)
145 (75.9)
14.9 (13-15)
19.0 (4.7)

Abbreviations: CT, computed tomography; GSC: Glasgow Coma Scale; SAC: Standardized Assessment of Concussion.
a More than 1 finding may be attributed to each patient.

or stroke within the last year or if they were currently
receiving dialysis, had an active fever defined as greater
than 100o F or 37.7o C, or had sustained an open head
injury. In addition, subjects were excluded if they were
receiving advanced airway management (ie, mechanical
ventilation) and/or sedative medications (eg, benzodiazepine, anesthetic, N-methyl-D-aspartic acid receptor
antagonist, or opioid agonist), pregnant, or prisoners. It
is noted that the exclusion criteria applied for the most
part to the EEG data acquisition, which is not presented
herein. Written informed consent was obtained from
all subjects, or by legally authorized representative, and
was approved by the respective local institutional review
boards. The Conley test27 was utilized to ensure the ability of the patient suspected of having TBI to understand
the consent process in cases where the patient provided
consent.
Clinical assessments
The Sports Concussion Assessment Tool—3rd Revision (SCAT-3) was administered on all enrolled patients
within 72 hours of injury. The SCAT-3 incorporates
the SAC,6,8 which measures immediate recall, orientation, delayed recall, and concentration. A SAC with a
low score indicates potential deficits in cognitive performance (scores range from 0 to 30). The SAC Manual
for Administration, Scoring and Interpretation (2000) was
used as a guideline and is based on a large population
of healthy controls and athletes with concussion. The
manual indicates that a cut point score of 25 yields maximum levels of sensitivity and specificity.6 The GCS, a
clinical assessment tool widely used to assess severity of
brain injury in the acute setting, was utilized to rate patients on a score range of 3 to 15, where a score of 15
indicates normal function for the limited performance
measures assessed. The SCAT-3 was only used for study

purposes. No clinical decisions were made on the basis
of the SCAT-3 score.
Marshall scoring of CT scans
CT scans were obtained at the discretion of the treating physician and were read by an independent adjudication panel of experts, who also rated the CT abnormalities using a Marshall score. The Marshall scoring
system is used to rate the severity of a CT abnormality
and is used to describe the combination of the volume of
blood detected on the CT scan as well as the amount of
any midline shift.25,28 Scores range from I to IV, where a
low score implies either no observable pathology (score
of I, CT− finding) or a small focus of pathology is detected (score of II, CT+ finding). A score of III or IV
suggests significant intracranial lesions that will likely
require critical care and possibly neurosurgical intervention. The Marshall scale was utilized in this study by an
independent neuroimage reading center blinded to any
other findings.
Data analysis
After the total scores were calculated, subjects were
divided into 2 groups, based upon whether their SAC
scores of 25 or higher or less than 25. Additional details
of the CT+ findings are also reported. A t test was used
to evaluate the significance of the differences between
the 2 groups. In specific cases, where the assumption
of normal distribution could have been violated, the
nonparametric Wilcoxon rank-sum test was performed
in addition to the t test.
RESULTS
Subjects included 197 patients with a head injury
who were adjudicated as CT+ based on blinded central
www.headtraumarehab.com
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neuroradiologist interpretation of CT DICOM images.
These patients were the subset of the 691 patients with
head injuries in the parent study who were found to
be CT+. Image interpretation followed a rigorous and
quantitative procedure involving sequential use of independent imaging specialists and physician specialist readers with image-based adjudication of discrepant
readings and fully adjudicated unanimity for final determinations as CT+ truth.
Of the 197 patient images identified as CT+, 191
patients had SAC scores recorded; the remaining
6 subjects were therefore eliminated from further
study. Positive CT scan findings included ICH and/or
subdural hematoma (SDH) and/or epidural hematoma
(EDH; n = 73; 38.2%), intraventricular hemorrhage
(IVH) or IVH in combination with ICH and/or SDH
and/or EDH (n = 7; 3.7%), subarachnoid hemorrhage
(SAH; n = 35; 18.3%), SAH in combination with ICH
and/or SDH and/or EDH (n = 68; 35.6%), IVH or IVH
in combination with ICH and/or SDH and/or EDH
and SAH (n = 8; 4.2% of population).
Note that contusions were captured in the intracerebral hemorrhage category. All major types of intracranial injury commonly associated with TBI and visible on
CT scans (eg, SDH, EDH, SAH) were present in both
SAC groups, and no significant predilections for certain
causes were seen between SAC groups.
Sixty-nine percent of participants in the full sample
were male, and the mean age of the sample was 52.9 years
(range = 18.0-85.6 years, SD = 20.4 years). A significant
age difference was observed between those with a SAC
score of less than 25 (mean age = 55.9 years) and those
with a SAC score of 25 or higher (mean age = 43.4 years;
2-sided t test, 2 sample with unequal variance, t = 3.87,
P = .0002). The mean GCS score for the sample was
14.9. All patients in the group with a SAC score of 25 or
higher had a GCS score of 15, and the mean GCS score
for those with a SAC score of less than 25 was 14.9.
SAC score
The average SAC score in this sample was 20.77
(SD = 5.24; range, 2-29). Twenty-four percent (46/191)
had SAC scores categorized as normal, 25 or higher
points (mean = 26.39; SD = 1.34). In total, 75.9%
(145/191) of patients had a SAC score of less than 25
(mean = 18.99; SD = 4.73). There was a negative correlation between the SAC score and age (slope = −1.11,
r = −0.28, P < .0001).
The mean time between injury and SAC evaluation
was 24.5 hours (SD = 17.85). No significant differences
were found between the time of injury and SAC evaluation between the 2 groups (SAC ≥25 and SAC <25;
Wilcoxon rank-sum test P = .0998). In total, 56.5% of
subjects were scanned within 12 hours of injury and the
mean time from injury to the CT scan was 15.1 hours

(SD = 13.17). No significant difference was found in
time from injury to the CT scan between the 2 groups
(SAC ≥25 and SAC <25; Wilcoxon rank-sum test
P = .0993).
CT+ scans and SAC scores
Sixty-five percent of subjects had Marshall scores of II
(the lowest level of the Marshall system for CT+ scans).
Twenty-eight percent of subjects had Marshall scores of
III, and 7% of subjects had Marshall scores of greater
than III (n = 13; 6.8%). The CT+ results for those
subjects with SAC scores of 25 or higher included 25
SDHs, 18 SAHs, and 2 EDHs. This demonstrates that
the CT abnormalities found in this group of patients
were potentially life-threatening injuries.
DISCUSSION
Although the SAC was originally validated in young
football athletes, it has been utilized in other sports as
well as in EDs and military field settings. 5,7–11,16,18 In
the present study, the SAC was used as part of a structured assessment of patients at enrollment. It is noted
that the SAC score was not evaluated herein as an indicator of need for the CT scan, but rather as a metric
to reflect the likelihood of suspicion of mTBI or concussion, as was done in earlier work by O’Neill and
colleagues.25
In an earlier report, O’Neil and colleagues25 reported
that 37.9% (25/66) of CT+ patients with a mild head injury to have a SAC score of 25 or higher and a GCS score
of 15. In both the O’Neil and colleagues and the present
study, the populations studied were cohorts embedded
in the larger parent studies. The only differences in inclusion criteria of the parent study were a greater GCS
range in O’Neil and colleagues’ study and the broadening of the time for performing the SAC assessment
from 24 to 72 hours. As such, some differences were
observed between the 2 studies, including differences
in mean ages (46.7 and 52.9 years), difference in mean
time from injury to CT (6.5 vs 15.1 hours), and time to
SAC assessment (13.8 vs 24.5 hours). However, importantly, the data of this study replicated those of the prior
work, independently supporting caution in interpreting
a normal SAC score as an indication of no TBI, with
a high percentage of CT+ patients with a mild head
injury having a SAC score in the normal range.
Most of the patients in this study had CT scan abnormalities with a Marshall score in the lower range (II);
however, there were 18 instances of SAH, 25 of SDH,
and 2 of EDH. Although it is not the intention of the
SAC score to identify the likelihood of CT+ injuries,
these findings demonstrate that normal SAC scores are
not an indication of the absence of brain injury. Since
most prior SAC validation studies in student athletes did
not incorporate CT imaging, it is unknown if ICHs were
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missed. This raises a major concern regarding the sensitivity of these screening tools on the sideline or initial
assessment of the patient with a suspected concussion.
The false-negative findings of these concussion screening tools could place certain populations at increased
risk of secondary injury upon their return to activity or
sports without having a more detailed assessment by a
qualified healthcare provider.
One of the weaknesses and limitations of this study
is that the time between injury, CT scan, and SAC evaluations was not controlled. Patients may have also been
impaired by alcohol or drugs but were not consented
until they were no longer obtunded. Effects of alcohol
and drugs would be anticipated to lower the SAC and
GCS scores, which in the case of the population of interest, which had a GCS score of 15 and a SAC score
of 25 or higher, were not relevant. Another potential
limitation relates to the fact that the parent study relied on each individual site to determine the referral for
CT. Although the rationale for using standard of care
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as the sole criterion was to increase the generalizability
of the findings, the use of a consistent protocol including use of CT decision rules might have added to the
interpretability of these results.
In recent years, concerns regarding the overuse of
CT scans, their long-term effects on health, and their
cost have been a significant issue.29–31 Reports from advanced neuroimaging studies reveal brain injury (eg, diffuse axonal injury) that is not visible on the CT scan,
suggesting that the problem related to reliance on current assessment methods can be even more prevalent
that reported in this study.
The results of this report replicating those of the
O’Neil and colleagues study, combined with the rapidly
advancing knowledge in the field, suggest that reliance
on existing assessment methods in the prehospital and
ED settings can and does lead to missed diagnoses.25 It
is incumbent upon us to develop more thorough and
objective means of assessment of potential TBIs rapidly
and at the point of care.

REFERENCES
1. Centers for Disease Control and Prevention; National Center for
Injury Prevention and Control; Division of Unintentional Injury
Prevention. Report to Congress on Traumatic Brain Injury in the United
States: Epidemiology and Rehabilitation. Atlanta, GA: Centers for
Disease Control and Prevention; 2015.
2. Kristman VL, Borg J, Godbolt AK, et al. Methodological issues
and research recommendations for prognosis after mild traumatic brain injury: results of the International Collaboration on
Mild Traumatic Brain Injury Prognosis. Arch Phys Med Rehabil.
2014;95:S265–S277.
3. Saatman KE, Duhaime AC, Bullock R, et al. Classification
of traumatic brain injury for targeted therapies. J Neurotrauma.
2008;25:719–738.
4. McMahon P, Hricik A, Yue JK, et al. Symptomatology and
functional outcome in mild traumatic brain injury: results from
the prospective TRACK-TBI study. J Neurotrauma. 2014;31:
26–33.
5. Yengo-Kahn AM, Hale AT, Zalneraitis BH, et al. The Sport Concussion Assessment Tool: a systematic review. Neurosurg Focus.
2016;40:E6.
6. McCrea M, Kelly JP, Randolph C. Standardized Assessment of
Concussion (SAC): Manual for Administration, Scoring and Interpretation. Waukesha, WI: Comprehensive Neuropsychological
Services; 2000.
7. McCrea M, Prichep LS, Powell MR, et al. Acute effects and recovery after sport-related concussion: a neurocognitive and quantitative brain electrical activity study. J Head Trauma Rehabil.
2010;25:283–292.
8. McCrea M, Guskiewicz K, Doncevic S, et al. Day of injury cognitive performance on the Military Acute Concussion Evaluation
(MACE) by U.S. military service members in OEF/OIF. Mil Med.
2014;179:990–997.
9. Barr WB, McCrea M. Sensitivity and specificity of standardized
neurocognitive testing immediately following sports concussion.
J Int Neuropsychol Soc. 2001;7:693–702.
10. McCrea M, Kelly J P, Kluge J, et al. Standardized assessment of
concussion in football players. Neurology. 1997;48:586–588.

11. McCrea M, Kelly JP, Randolph C, et al. Standardized Assessment
of Concussion (SAC): on-site mental status evaluation of the athlete. J Head Trauma Rehabil. 1998;13:27–35.
12. McCrea M. Standardized mental status assessment of sports concussion. Clin J Sport Med. 2001;11:176–181.
13. McCrea M. Standardized Mental Status Testing on the sideline
after sport-related concussion. J Athl Train. 2001;36:274–279.
14. Department of Veterans Affairs & Department of Defense.
VA/DoD Clinical Practice Guideline for the Management of ConcussionMild Traumatic Brain Injury. Version 2.0. Arlington, VA: Department of Defense; 2016.
15. Naunheim RS, Matero D, Fucetola R. Assessment of patients with
mild concussion in the emergency department. J Head Trauma
Rehabil. 2008;23:116–122.
16. Luoto TM, Silverberg ND, Kataja A, et al. Sport concussion assessment tool 2 in a civilian trauma sample with mild traumatic
brain injury. J Neurotrauma. 2014;31:728–738.
17. Coldren RL, Kelly MP, Parish RV, et al. Evaluation of the Military
Acute Concussion Evaluation for use in combat operations more
than 12 hours after injury. Mil Med. 2010;175:477–481.
18. Stone ME, Safadjou S, Farber B, et al. Utility of the Military Acute
Concussion Evaluation as a screening tool for mild traumatic brain
injury in a civilian trauma population. J Trauma Acute Care Surg.
2015;79:147–151.
19. Barr WB, Prichep LS, Chabot R, et al. Measuring brain electrical
activity to track recovery from sport-related concussion. Brain Inj.
2012;26:58–66.
20. Prichep LS, McCrea M, Barr W, et al. Time course of clinical
and electrophysiological recovery after sport-related concussion.
J Head Trauma Rehabil. 2013;28:266–273.
21. Stiell IG, Clement CM, Rowe BH, et al. Comparison of the Canadian CT Head Rule and the New Orleans Criteria in patients with
minor head injury. JAMA. 2005;294:1511–1518.
22. Smits M, Dippel DW, de Haan GG, et al. External validation of
the Canadian CT Head Rule and the New Orleans Criteria for
CT scanning in patients with minor head injury. JAMA. 2005;
294:1519–1525.

www.headtraumarehab.com
Copyright © 2018 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.

E66

JOURNAL OF HEAD TRAUMA REHABILITATION/MAY–JUNE 2018
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Introduction: Mild traumatic brain injury (mTBI) is a common cause for visits to the emergency department
(ED). The actual time required for an ED workup of a patient with mTBI in the United States is not well
known. National emergency medicine organizations have recommended reducing unnecessary testing,
including head computed tomography (CT) for these patients.10
Methods: To examine this issue, we developed a care map that included each step of evaluation of mTBI
(Glasgow Coma Scale Score 13-15) – from initial presentation to the ED to discharge. Time spent at each
step was estimated by a panel of United States emergency physicians and nurses. We subsequently
validated time estimates using retrospectively collected, real-time data at two EDs. Length of stay (LOS)
time differences between admission and discharged patients were calculated for patients being evaluated
for mTBI.
Results: Evaluation for mTBI was estimated at 401 minutes (6.6 hours) in EDs. Time related to head CT
comprised about one-half of the total LOS. Real-time data from two sites corroborated the estimate of
median time difference between ED admission and discharge, at 6.3 hours for mTBI.
Conclusion: Limiting use of head CT as part of the workup of mTBI to more serious cases may reduce time
spent in the ED and potentially improve overall ED throughput. [West J Emerg Med. 2018;19(4):635-640.]

INTRODUCTION
According to the United States (U.S.) Centers for Disease
Control and Prevention, the incidence of traumatic brain injury
Volume 19, no. 4: July 2018

(TBI) has increased by nearly 60% from calendar-year (CY)
2001 to CY2010 (from 521 per 100,000 persons to 824 per
100,000 persons).1 Visits to the emergency department (ED)
635
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resulting in a diagnosis of TBI increased by 29.1% (95%
confidence interval [CI], 18.9%–39.2%) in the time period 2006
to 2010, whereas the total number of ED visits increased by
only 3.6% (95% CI [-0.7%–8.0%]) during the same period.2 A
recent analysis suggests that nearly five million patients present
to U.S. EDs annually to be evaluated for head injury, and that
approximately one-half of them are diagnosed with a TBI.3
Further, most patients who present to the ED with suspected
TBI have mild TBI (mTBI), estimated to be as high as 94.5%.4,5
In addition to obtaining a detailed patient history and
thorough physical examination, computed tomography (CT)
head imaging has frequently been part of the diagnostic
workup, and has been recommended for most if not all
patients with suspected mTBI.4-6 CTs are now typically
performed on >80% of patients who present to the ED with
suspected TBI.7 However, there has been growing concern
about the radiation exposure and cost associated with CT. The
decision to obtain a head CT also adds time to the ED visit
(primarily waiting for the scan to be run and/or read), and
requires additional resources, including use of the CT scanner
and additional hospital staff. In a study by Rogg and
colleagues, 8,312 ED patients who received a head CT
reported a median time of 3 hours and 13 minutes (193
minutes) between the patient arrival and the CT preliminary
report in high-volume EDs.8 They concluded that head CT has
a significant impact on patient wait times.
The present article explores the workflow and associated
time of assessing a patient with a head injury. We evaluated
the process by constructing a detailed, theoretical care map,
retrospectively testing the care map against actual patient time
data and comparing the results to those published in the
literature. Using such a detailed care map from admission to
discharge from the ED could help identify specific steps in
care, which could significantly decrease patient wait times.
The purpose of this study was to understand times associated
with all of the steps in ED workup of a patient with mTBI,
from the point of initial ED presentation to discharge. An
understanding of each step in the workup and associated times
is necessary to identify opportunities to shorten the total
workup of these patients.
METHODS
We developed a theoretical care map describing the steps
in the typical workup of a patient presenting to the ED
following a mTBI. The care map was based on a facilitated
consensus panel discussion between three experienced,
academic, board-certified emergency physicians, each with at
least 20 years of experience at academic, high-volume EDs,
(JH, EM, RN,) during a four-hour meeting and two rounds of
follow-up comments on the care map to gain consensus. The
working draft was then presented for review to a larger expert
panel of experienced emergency medicine nurses, nurse
practitioners and physicians from around the U.S. (AP, DS,
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Population Health Research Capsule
What do we already know about this issue?
Traumatic brain injury (TBI) is a common
cause for an emergency department (ED) visit.
National emergency medicine organizations
have recommended reducing unnecessary
testing, including head computed tomography
(CT) for these patients.
What was the research question?
What are the times associated with all the
steps in ED workup of a patient with mild
TBI, from the point of initial ED presentation
to discharge?
What was the major finding of the study?
Evaluation for mild TBI in the ED was
estimated at 401 minutes (6.6 hours) in EDs.
Time related to head CT comprised about
one-half of the total length of stay.
How does this improve population health?
Limiting use of head CT as part of the
workup of mild TBI to more serious cases
may reduce time spent in the ED and
potentially improve overall ED throughput.

EM, JS, ML, MR, RN, SH). The care map was further revised
based on feedback from the second group of reviewers, and
subsequently finalized.
The care map of workup for a ED visit for suspected mTBI
included 10 unique steps identified during a “typical” episode of
care, beginning with initial presentation to the ED and ending
with discharge (Figure). For each of these steps, estimates of
time required to perform the step were identified and discussed
with both consensus panels. The larger expert panel confirmed
the steps in the care map. The figure summarizes the care map
of 10 steps associated with ED visit for suspected TBI. The care
map demonstrates a range of work/time flow differences.
However, the map was only tested in sites with similar high
volume, to compare with the Rogg published data, and also to
validate the steps and timing contained in the care map.8
In the second part of the study, we tested the assumptions in
the theoretical care map using retrospective data from EDs at
two major U.S. teaching hospitals. Both were high-volume
EDs, as defined above, one seeing 60,000 patients annually with
four CT scanners and the second seeing 70,000 patients
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Figure. Care map of 10 steps associated with emergency department (ED) visit for suspected traumatic brain injury.
RN, registered nurse; CT, computed tomography; GCS, glasgow coma scale; TBI, traumatic brain injury.
*As defined by either New Orleans criteria or Canadian CT criteria.
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annually with two CT scanners. We collected retrospective
observational data on ED length of stay (LOS) defined as the
time between registration and ED discharge. This data was
extracted from the electronic data collection form from two of
the 11 sites from a larger published clinical trial.9 All patients
were between the ages of 18-85 (mean 45.7, standard deviation
[SD]=19.8), 50% male, with Glasgow Coma Score
between13-15 (mean 14.9), and were evaluated within 72 hours
of injury (mean 12.7 hours, SD=.47). The time of admission
and discharge were obtained from the study electronic data
capture form and confirmed from the electronic health
record. From this data we calculated time interval between
admission and discharge from the ED. Median LOS was
calculated, as well as first quartile and third quartile, and these
values were compared with the Rogg study data.8 We conducted
analyses using Microsoft Excel 2016 MSO (16.0.8431.2046)
32-bit (Microsoft Corporation, Redmond, Washington).
RESULTS
In the theoretical care map, total and component time of
mTBI evaluation in U.S. EDs is summarized in Table 1. We
estimated LOS as 401 minutes (~6.6 hours) in the EDs.
Step 2 of the care map outlines the triage of the patient,
first by a registered nurse, and then by a provider. Many
EDs, but not all, now use a provider in triage model to do
brief patient assessments “up front” and initiate testing
before the patient is placed in a room (Step 3). Time spent
between waiting for transport to the CT unit (Step 4) and
physician reassessment following radiologist review of the
CT (Step 9) was estimated to be 151 minutes (~2.5 hours)

at EDs. The difference is due to delays in transport, as well
as longer times for radiology reads in high-volume sites.
Regardless of hospital volume, the acquisition of the CT
itself was estimated to take only 12 minutes (3.4% of LOS
at hospitals).
Actual retrospective data from the two study hospitals
showed a mean LOS of 7.9 hours ± 7.0 hours. The comparison
between the present study (N=125) and the Rogg 8 study
(N=8,312) LOS median, first quartile, and the third quartile are
presented in Table 2. The Rogg study8 included both CT+ and
CT- subjects in its population but did not separate the
population into CT+ and CT- subgroups. In the present study,
we present the data for combined CT groups, as Rogg and
colleagues, and in addition, we split the study population into
CT+ and CT- patients to examine length of time for the two
subtypes of patients. There was no significant difference in
LOS between the CT+ and CT- patients (p=0.8) in the present
study. Furthermore, it was of interest to note that there was no
difference in the CT- and CT+ data.
DISCUSSION
The purpose of this study was to understand times
associated with all of the steps in ED workup of a patient
with mTBI, from the point of initial ED presentation to
discharge. An understanding of each step in the workup and
associated times is necessary to identify opportunities to
shorten the total workup of these patients. We created a
care map using input from eight healthcare professionals
with expertise in emergency care. The care map developed
comprised a total of 10 steps (Figure). The results from the

Table 1. Total estimated time associated with diagnosis of mild traumatic brain injury in United States emergency departments.
Step

Time

1. Initial check in

16 minutes

2. Triage

161 minutes

2a. RN triage assessment

6 minutes

2b. Provider triage assessment*

5 minutes

2c. Waiting room

150 minutes

3. Room placement, secondary nursing assessment, and initial physician assessment

48 minutes

4. Wait for CT

85 minutes

5. Transport to CT

8 minutes

6. CT scan

12 minutes

7. Transport from CT and radiologist CT review

13 minutes

8. Return to ED, CT review, and nursing reassessment

5 minutes

9. Physician reassessment

28 minutes

10. Discharge

25 minutes

Total
ED, emergency department; CT, computed tomography; RN, registered nurse.
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Table 2. Length of stay comparison between the Rogg et al. study
and the present study.
Length of stay (hours)

Rogg patients

Present study patients

Median

6.4

6.3

Quartile 1

4.6

3.8

Quartile 3

9

8.8

125 subjects, retrospective study LOS closely compare with
the over 8,000-subject Rogg study8 (6.3 hours, and 6.4
hours respectively).
Despite recent recommendations to the contrary,11 CTs
of the head continue to be frequently ordered as part of the
workup of suspected mTBI. While CT imaging identifies
problems that otherwise may be missed by physical
examination (e.g., fractures, epidural and subdural bleeds,
and subarachnoid hemorrhage), such scans are “positive”
for only 6%-8% of patients with mTBI, and <1% of
patients with mTBI are found to require neurologic
intervention.11,12 Inclusion of CT adds substantially to the
total workup of mTBI. Moreover, CT is costly to the
patient, does not establish or confirm diagnosis of
concussion and increases – albeit nominally – exposure to
radiation and subsequent potential risk of cancer.
Furthermore, given its limitations a negative CT does not
exclude significant TBI with associated symptoms. The
American College of Emergency Physicians “Choosing
Wisely” guidelines10 for emergency medicine were
designed to avoid unnecessary testing. The first
recommendation (of 10) was to “Avoid computed
tomography (CT) scans of the head in emergency
department patients with minor head injury who are at low
risk based on validated decision rules.”10 In addition to
reducing patient exposure to radiation, results of our study
suggest that avoiding unnecessary CTs could substantially
reduce time spent to render care. Specifically, elimination
of the head CT and all related steps (i.e., steps 4-9), would
result in an estimated time savings of 151 minutes, as a
substantial proportion of the time required to assess
suspected mTBI was attributable to steps following the
decision to order a CT. The removal of these steps may
require additional physician time to discuss benefits of
avoiding a CT. While this represents a “best-case” estimate
in that it assumes that no patient would undergo a CT, it
should be noted that a recent report found that 82% of ED
patients with suspected TBI underwent CT, producing
about 3.9 million head scans annually; 91% of these scans
(3.5 million) were negative.3 Moreover, <1% of patients
with mTBI require neurological intervention.10,11 There is a
need for an alternative, objective triage tool or decision

Volume 19, no. 4: July 2018

rule that could potentially aid in the safe reduction of the
number of CTs ordered. Moreover, when working up a
patient with mTBI a normal CT does not rule out the
presence of a functional brain injury or concussion.
The U.S. government, and consequently hospitals, have
become increasingly concerned about long wait times in the
ED and patient satisfaction. Median time (in minutes) from
ED arrival to departure is a quality-of-care metric
developed by the U.S. Centers for Medicare and Medicaid
Services used by the government to determine
accreditation, external oversight, external and internal
quality improvement, pay-for-reporting, and public
reporting.12 Reducing the time from presentation to
diagnosis by limiting CT or other recognized inefficiencies
from the care map could contribute to increased levels of
patient satisfaction.
LIMITATIONS
The present study has some limitations. First, the care
map was not based on time-and-motion studies of actual
EDs, but rather on the input of a panel of experienced
emergency medicine providers. Second, while assumptions
are required to develop care maps, the ones made herein
were designed to describe the course of care for the typical
patient who presents to the ED with suspected mTBI. Our
care map estimated times associated with workup to the
point of a decision for admission or discharge. We did not
study the further times or steps that patients admitted
following workup might experience. Accordingly, the
degree to which findings from this study are generalizable
to the entire relevant patient population is conjectural.
Third, we did not attempt to study the total charges
associated with the workup of mTBI. Future work could
examine the costs to insurers as well as patients associated
with use of the ED, professional fees from emergency
physicians as well as the professional and technical fees
associated with a head CT. Finally, the potential impact of
more selective utilization of head CT and subsequent
quicker disposition of patients with mTBI on overall ED
throughput was not studied. New point-of-care
technologies, now available for diagnosing mTBI, might
enhance practitioner confidence for more selective use of
head CT as well.9
CONCLUSION
We found that approximately one-half of the time
associated with the current typical ED evaluation work-up
of suspected mTBI is the result of the decision to order and
the time and resources necessary to complete and obtain an
interpretation of a head CT. Given the large number of
visits for suspected mTBI, any strategies that result in more
selective utilization of head CTs may reduce the time and
cost required to render care.
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CT Positive Brain Injury in Mild TBI Patients Presenting
With Normal SAC Scores
Brian O’Neil, MD, FACEP*; Rosanne Naunheim, MD†; COL Robert DeLorenzo, MC USA‡
ABSTRACT Introduction: Traumatic brain injury accounts for over 1 million U.S. emergency department visits
annually. A significant percentage of patients undergo CT scans to exclude intracranial bleeds. The Standardized
Assessment of Concussion (SAC) is designed to rapidly determine whether a concussion has occurred, (0–30 scale,
where ³25 is considered normal). Although not intended to be used in isolation, results in the normal range are
considered an indication of low suspicion of brain injury. This study evaluated the relationship between CT findings
of structural injury (CT+) and performance on the SAC. Methods: We performed a prospective observational study on
mild head-injured patients presenting to the emergency department who underwent CT scans and had SAC evaluations.
Results: We enrolled 368 patients, of which 66 were read by a neuroradiologist as positive (CT+), with an average age
of 46.7, and an average Glasgow Coma Scale of 14.85. 38.2% of these CT+ patients had a SAC score ³25. There were
no significant differences between time of injury and CT scan or SAC for those with high or low SAC scores. Both high
and low SAC groups contained similar CT+ abnormalities (e.g., hematomas). Conclusions: These results indicate that a
normal SAC score alone does not exclude intracranial injury.

INTRODUCTION
Traumatic brain injury accounts for over 1.3 million emergency department (ED) visits annually within the United
States with the majority of these visits are for mild injury.1,2
Treatment decisions (e.g., transport to a trauma center or
emergency neurosurgery) are both time sensitive and dependent on the severity and type of injury. Therefore, it is critical
that medical providers both at the scene of the injury and
in the ED be able to rapidly and accurately determine the
severity of the traumatic injury.
For those head-injured patients seen in the ED, a significant percentage undergo CT scans to exclude intracranial
bleeds. Current decision rules for the use of CT scanning in
TBI have high sensitivity at the expense of poor specificity,3
which together with other factors (e.g., local practice patterns) and high risk associated with missed intracranial
lesions results in a high incidence of CT scanning. On the
other hand, concern about risk of unnecessary radiation exposure and overuse of CT scanning of mild TBI patients4,5
further complicate the decision path in the ED.
Other clinical tools are available in outpatient settings to
assist the clinician in screening for and diagnosing concussion, especially in those cases (e.g., sports arena or military)
*Department of Emergency Medicine, School of Medicine, Wayne State
University, 4201 St. Antoine, University Health Center 6-G, Detroit, MI 48201.
†Division of Emergency Medicine, Washington University School of
Medicine, 660 So. Euclid, Box 8072, St. Louis, MO 63110.
‡Medical Corps, U.S. Army Institute for Surgical Research, Tactical
Combat Casualty Care Research Program, 3698 Chambers Pass, Building
3611, Fort Sam Houston, TX 78234.
The opinions or assertions are those of the authors and do not necessarily
reflect the position of the Army Medical Department or the Department
of Defense.
doi: 10.7205/MILMED-D-13-00585
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where CT scans are not readily available. One such tool is the
Standardized Assessment of Concussion (SAC), a sports
sideline evaluation tool designed to determine whether or
not a concussion has occurred. It has been shown to be sensitive to determining the presence of a concussive injury within
the acute phase of injury in distinguishing concussed from
nonconcussed football players.6–8 The SAC has been identified as a sensitive tool for concussion assessment by the
American Academy of Neurology.9 The SAC is utilized by
the military as the objective score of the 2-part Military
Acute Concussion Evaluation (MACE). It has been shown to
be sensitive to the immediate effects of mild traumatic brain
injury, with some studies demonstrating sensitivity when
administered within 6 to 12 hours,10,11 and other studies
showing sensitivity extending to 24 hours.12–14 The SAC has
also been shown to be sensitive to concussive injury in the
ED setting,15 studied in limited time intervals, and in more
current studies for wide age ranges and time intervals up to
72 hours,16 although only evaluated at 3 to 6 hours postinjury. A recent survey of certified athletic trainers found that
44% used the SAC as part of their sideline evaluation of
student athletes suspected of mTBI.17
Although the SAC (MACE) is not intended to be used in
isolation for the determination of the existence of concussion,
or for the need for further evaluation, when results fall within
the normal range, it is considered to be an indication of low
suspicion of brain injury.18 Since the SAC is typically used in
nontraditional clinical settings such as football game sidelines or by the military, and not the ED, there is little data
relating CT scan results to SAC scores. The purpose of this
study is to evaluate the relationship between CT findings of
structural injury and performance on the SAC in a population
of head-injured patients presenting to the ED with little or no
clinical evidence of impairment.
MILITARY MEDICINE, Vol. 179, November 2014
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METHODS AND DESIGN
Subjects
The data was collected at EDs across the United States, in
a multisite study of mTBI, clinical symptomatology, and
brain electrical activity, (as part of BrainScope, Bethesda,
Maryland, validation prospective trial, funded in part by a
contract from the Department of Defense, No. W911QY-12C-0004; EEG data not presented here). The majority of the
patients were recruited from Brooke Army Medical Center,
University of Maryland (R Adams Cowley Shock Trauma
Center), University of Virginia Medical Center, Washington
University, and Detroit Receiving Hospital Wayne State
University (Sinai Grace Hospital). The study was conducted
in a convenience sample composed of subjects suspected of
a traumatically induced structural brain injury and for whom
a CT scan was ordered as part of their standard clinical
evaluation to access brain injury. Candidates for study were
subject to inclusion/exclusion criteria below. Once identified,
the research staff recruited the subject for the study through an
informed consent process.
Inclusion Criteria
Males and females between the ages of 18 and 80, who were
suspected of a traumatically induced structural brain injury
and/or clinical manifestations of functional brain injury as a
result of insult to the head from an external force, e.g., the
head being struck by an object, the head striking an object,
and/or the brain undergoing an acceleration/deceleration
movement without direct external trauma to the head. The
acute, suspected traumatically induced structural brain injury
needed to occur within the 24 hours preceding admission
to the ED, and receipt of a CT scan for assessment of
brain injury.
Exclusion Criteria
Subjects were excluded from the study if they had forehead,
scalp, or skull abnormalities or other conditions that prevented correct application of the electrode headset on the
skin. Subjects with dementia, Parkinson’s disease, multiple
sclerosis, seizure disorder, brain tumors, history of brain
surgery, mental retardation, psychiatric disorder for which
there is a prescribed psychiatric medication taken on a daily
basis, substance dependence, history of transient ischemic
attack or stroke within the last year, currently receiving
dialysis or in end-stage renal disease, active fever defined
as greater than 100 F or 37.7 C, or suffering from an
open head injury were excluded. In addition, subjects with
Glasgow Coma Scale (GCS) <8, subjects requiring advanced
airway management (i.e. mechanical ventilation), currently
receiving sedative medications (e.g. benzodiazepine, anesthetic, N-methyl-D-aspartate receptor antagonist, or opioid
agonist), pregnant women, and prisoners were not eligible
for inclusion.

All subjects signed written informed consent, or in one
case consent by surrogate, and approval was obtained from
all local Institutional Review Boards.
Clinical Assessments
At the time of ED presentation, and within 24 hours of injury,
all subjects were evaluated using the SAC6,8 to assess for
cognitive effects of concussion. No clinical decisions were
made based on the SAC scores in this population. The SAC
includes brief subtests of orientation, immediate recall, concentration, and delayed recall. Total score range on the SAC
is 0 to 30; lower scores on the SAC indicate poorer cognitive
performance. Based on a large population of normal controls
and concussed athletes, the “SAC Manual for Administration,
Scoring and Interpretation (2000)” reports the maximum
levels of sensitivity are obtained using a cutoff point of 25.
Patients were also rated using the GCS, a clinical assessment
tool for use in the acute setting, and although intended initially for more obtunded populations, it is used widely as a
global measure of mental status. The GCS has a maximal
score of 15, indicating normal function for the limited performance measures assessed by the scale.
Marshall Scoring of CT Scans
CT scans of the subjects with SAC scores greater than or
equal to 25 (cutoff for normal function) were rated using the
Marshall Score. This scoring system is used largely in neurosurgery to rate the severity of a CT abnormality, based on the
volume of blood present and the degree of midline shift.19
It contains categories 1 to 6, where patients with a low score
have either no visible pathology seen on CT scan (score of I,
CT negative finding) or a lesion is present but small in size
(score of II, CT positive finding). Patients with scores of III
and IV have significant lesions affecting the brain and most
will require critical care intervention and some will require
neurosurgical intervention. Since Marshall Scoring is not a
standard part of the CT evaluation done by ED radiologists,
Marshall Scale was applied by an independent ED physician,
blind to any other findings.
Data Analysis
Total scores on the SAC were computed and subjects were
divided into those with scores ³25 and those with scores <25.
The incidence of CT+ findings in the 2 groups is reported.
In addition, a t-test was used to evaluate the significance of
the difference between the 2 groups on SAC subtests and
total score.
RESULTS
Subjects
A total of 597 head-injured patients met inclusion/exclusion
criteria, of which 368 were assessed using CT scan. Sixty-six
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of these CT scans were read as positive by neuroradiologists
at the site of acquisition. Positive CT scan findings included
19 hematomas (subdural, epidural, intracerebral), 11 hematomas with subarachnoid hemorrhages (SAH), 6 hematomas
with contusions, 23 SAHs, and 7 contusions. All etiologies
were present in both SAC groups. The mean age of
this population was 46.7 years (range = 19.2–78.4, SD =
17.9 years), 23% of which were females. There was no
significant difference in age between those with SAC <25
(mean age 48.4 years) and those with SAC ³ 25 (mean age
47.4 years), (t = 0.22, p = 0.82). The mean GCS for this group
was 14.85, with 100% of the group with SAC ³ 25 being 15,
and the mean for those with SAC <25 being 14.6 (with a
range of 9–15).
Three of the CT+ patients were receiving anticoagulants at
the time of injury, which could increase the risk of bleed over
time from injury. Two of these three patients (both on platelet
aggregation inhibitors) were in the low SAC score group and
so the SAC score and CT+ findings were in agreement,
whereas the third (on Coumadin) was in the high SAC group.
For this patient, the time between injury and CT (3.5 hours)
was very close to the time between injury and SAC
(5.3 hours), suggesting that there was no confound because
of delayed bleeding.
SAC Score
The average SAC score for this CT+ population was 22.6
(SD = 3.77), with a range of 11 to 30. A total SAC cutoff
score of 25 or greater was utilized to describe normal function (see above). Using this cutoff, 37.9% (25/66) of these
CT+ cases were interpreted as normal with SAC scores ³25,
with a mean of 26.3 (SD = 3.7); 62.1% (41/66) were
interpreted as abnormal with SAC scores <25, with a mean
of 20.2 (SD = 3.6). There was no correlation between SAC
score and age, (r = −0.11, p = 0.38).
The mean time from injury to CT scan was 6.5 hours,
(SD = 10.03), with 87.3% occurring within 12 hours of
injury. There was no significant difference between groups
for this time interval (t = −1.21, p = 0.2339). In addition, the
mean time between injury and SAC was 13.8 hours (SD =
10.26). There was no significant difference between groups
for the time interval between injury and SAC, (t = −0.33,
p = 0.7425).

TABLE I.

Subtests of the SAC
Dividing the patients into subgroups by whether or not they
had SAC scores <25 or ³25, it becomes possible to determine
which of the SAC subtests account for the differences. Table I
shows the values for each subtest for these 2 subgroups. Significant differences were found for all 4 subtests of the SAC.
CT Positive Scans and SAC Scores
Ninety-five percent of the CT positive cases in this study had
Marshall Scores of 2, the lowest level of severity for a positive scan measured by this scoring system. Of the remaining
patients, two had Marshall Scores of 3 and one had Marshall
Scores of 4. Although mild by Marshall Score ratings, the
CT positive results for those subjects with SAC scores ³25
included 11 SAHs, 7 subdural hematomas, and 2 epidural
hematomas, demonstrating that the CT abnormalities found in
this group of patients were potentially life-threatening injuries.
DISCUSSION
The patient population of this study is unique in that CT scans
are not often acutely performed in the target population typically evaluated by the SAC evaluation tool. As such, the relationship between normal function on this brief neurocognitive
examination and CT findings has not been studied previously.
The results of our study indicate that within the CT positive
head-injured population, there are patients who present with
low suspicion of gross intracranial pathology based on clinical
presentation or normal SAC scores.
Although the SAC was initially validated in a sports concussion population, it has been widely used in other sectors
with broader age ranges. A recent publication by Luoto
et al20 studied several evaluation tools for mTBI, including
the MACE and SAC in an ED mTBI population between the
ages of 18 and 60, who suffered a head injury within 72 hours
of being evaluated in an ED. There were no significant differences found for SAC between time from injury and mean
score for any of the time intervals studied. This is important
in relation to the findings reported herein as the initial validation of the SAC was in younger sports concussed populations
and in the military. A potential limitation of this study relates
to the fact that the time between injury, CT scan, and administration of the SAC evaluation were not controlled and

Means, SDs, and Significance of the Difference for t-Test Between Patients With Total SAC >24 Compared With Those
With Total Scores <25

SAC

CT+ ³25
Mean (SD)

CT+ <25
Mean (SD)

t-Test
p-Value

Orientation
Immediate Memory
Concentration
Delayed Recall
Total Score

4.88 (0.33)
14.32 (0.69)
3.48 (1.12)
3.44 (1.19)
26.12 (1.30)

4.33 (0.98)
12.50 (1.98)
1.88 (1.19)
1.50 (1.64)
20.21 (3.18)

<0.00900
<0.00004
<0.00001
<0.00001
<0.00001
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varied within the time window allowed in the protocol (time
between injury and CT scan within 24 hours, with over 85%
within 12 hours). Another concern surrounds the fact that
mTBI presenting to the ED frequently is accompanied by the
presence of drugs or alcohol. However, since the effect of
these substances would be expected to lower the performance
on brief neurocognitive tests, this would not account for the
group with normal performance who are the focus of this
study. Also noted is that the Marshall Scale was applied by
the ED physician, as such scoring was not a standard part
of the ED radiologist assessment of the CT.
Although not intended to be used in isolation, nor for
determination of need for CT scan, the SAC scores in this
unique patient population suggest that normal functioning on
this brief neurocognitive examination is not sufficient sensitive to screen for structural brain injury. Importantly, this
caution would apply to those patients with high-risk criteria,
including anticoagulant use, where CT scans are recommended when a head injury is sustained.20
Even when CT abnormalities do not lead to neurosurgical
intervention, the risks associated with not being correctly identified as structural injury can lead to the lack of appropriate
triage, treatment (e.g., seizure prophylactic treatment for intracranial bleeds), suspension from sports play or participation
in vigorous military duties, or clinical observation. In our
study, 38.2% of these patients were considered to be normal
by SAC score and clinical presentation, but could have harbored very serious occult intracranial injuries.
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a b s t r a c t
Cranial computed tomography (CT) is generally regarded as the standard for evaluation of structural brain
injury in patients with traumatic brain injury (TBI) presenting to the emergency department (ED). However,
the subjective nature of the visual interpretations of CT scans and the qualitative nature of reporting may lead
to poor interrater reliability. This is signiﬁcant because CT positive scans include a continuum of structural
injury with differences in treatment. The purpose of the present study was to evaluate the consistency of
readings of head CT scans obtained within 24 hours after mild TBI in the ED, as assessed by an independent
adjudication panel of 3 experienced neuroradiologists. In 80.1% of the cases, all 3 adjudicators agreed with the
determination of the presence of structural injury. However, when interrater agreement was assessed with
respect to the speciﬁc classiﬁcation of the injury, agreement was poor, with a κ of 0.3 (0.29-0.316; conﬁdence
interval [CI] 95%). When classiﬁcation was collapsed, considering only the presence or absence of hematomas,
agreement among all 3 adjudicators improved to 55%, but the κ of 0.355, (0.332-0.78; CI 95%) was still only
fair. The data suggest the need for improved recognition and quantiﬁcation of speciﬁc structural injuries in the
TBI population for better identiﬁcation of patients requiring clinical intervention.
© 2014 Elsevier Inc. All rights reserved.

1. Introduction
Cranial computed tomography (CT) is generally regarded as the
standard for the evaluation of structural brain injury in patients
presenting to the emergency department (ED) with traumatic brain
injury (TBI). The reliability of CT ﬁndings may be limited by the
subjective nature of the visual interpretations and by the qualitative
nature of reporting as well as the experience and training of the reader
(eg, ED physician, radiologist, or neuroradiologist) [1-3]. This is
further complicated by factors such as the period of elapsed time
between injury and the CT scan and the exact nature of the brain
injury [4]. Although there are limited studies that evaluate interrater
reliability and intrarater replicability in the identiﬁcation of TBI using
CT, those that exist raise clinical concerns, even with expert raters.
Molina et al [5] found up to a 50% failure rate in identifying different
etiology of TBI on perimortem CT scans when compared with autopsy
ﬁndings. In the evaluation of 100 suspected TBI patients, Laalo et al [2]
compared CT of a consensus panel of 3 neuroradiologists with
readings of 2 neuroradiologists, one neuroradiologist in training and
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the on-call staff radiologist. The on-call radiologist missed 67% of brain
contusions, and although experience increased accuracy, there were
marked differences noted even between the skilled readers. The
authors conclude that, even between the reports of the most
experienced readers, marked differences were seen.
Furthermore, CT positive (CT +) scans include a continuum of
injury from those that are not life threatening (“clinically unimportant”) to those that are potentially life threatening (“clinically
important”), with associated differences in appropriate clinical
response and action required [6]. It has long been recognized that
the type of structural brain injury inﬂuences patient outcome,
particularly because neuroimaging of patients with suspected TBI
has become routine [7].
The purpose of the present study was to evaluate the consistency
of readings of head CT scans obtained as part of the clinical evaluation
in the ED after TBI, acquired as part of a large, prospective, validation
study 1 and assessed by an independent adjudication panel of 3
experienced neuroradiologists. Interrater reliability with respect both
to presence of structural injury as well as the etiology of the injury
was assessed.

1
Data were gathered as part of the B-AHEADII validation trial funded in part by
BrainScope Co, Inc, Bethesda MD, who granted expenses related to data acquisition
and from the Department of Defense, contract no. W911QY-12-C-0004, Assessment of
Head Injury in the Emergency Department.

J.S. Huff, S. Jahar / American Journal of Emergency Medicine 32 (2014) 606–608

2. Methods
2.1. Patient population
Patients were enrolled at 11 medical centers within the United
States, as part of a prospective clinical trial to detect structural brain
injury in TBI. Patients considered for study were adults between the
ages of 18 to 80 years, with Glasgow Coma Scale (GCS) of 9 to 15, who
presented to the ED after a closed head injury and who had a CT scan
of the head ordered as part of their standard clinical evaluation. The
mean time interval between head injury and CT scan was 5:45, with
80% occurring within 8 hours of injury. Patients were excluded if they
were obtunded to the point where they could not provide informed
consent. In addition, those with advanced dementias, Parkinson
disease, current chronic drug or alcohol dependence, known seizure
disorder, tumors, history of brain surgery, mental retardation,
pregnancy, or those taking daily prescribed medication for a
psychiatric disorder were not eligible for the study. Approval for the
study was obtained from all local institutional review boards. All
subjects signed written informed consent except in one case who was
consented by a surrogate.

2.2. CT adjudication panel
The radiologist assigned at the clinical enrollment site made initial
cranial CT readings, and these were used as part of the patient’s
clinical disposition. Images were later electronically transmitted to a
coordinating center using Digital Imaging and Communications in
Medicine (DICOM) standards and overread blindly by 3 randomly
chosen from a pool of 4 independent, board-certiﬁed neuroradiologists afﬁliated with the clinical research organization managing the
study. The neuroradiologists were practicing at 2 major US teaching
hospitals during the course of the study and had speciﬁc experience
with acute head trauma. Adjudicators were formally trained on study
methodology for review to reduce differences among them due to
uncertainty about assessment criteria, (eg, deﬁnitions of classiﬁcations considered as evidence of structural brain injury in the traumatic
TBI population), Marshall Scale (MS) scoring, assessment of basilar
skull fracture, and criteria for non-TBI. The presence (CT +) or absence
(CT negative [CT −]) of structure injury was determined by majority
rule of this panel for the purposes of the study, and although
classiﬁcation was recorded, agreement in classiﬁcation was not
required in determining majority rule. The adjudicating neuroradiologists were supplied the patient’s age and were blind to all other
clinical or demographic information.
Analyses included calculation of the percent agreement across
adjudicators as to the presence or absence of structural brain injury in
the scan (ie, CT + or CT −). A second analysis was related to the
agreement within the CT + scans as to the classiﬁcation of the brain
injury. The Table shows the detailed categories into which reports
were classiﬁed. In addition, agreement for a more gross classiﬁcation
was conducted, where multiple categories were combined into those

Table
Detailed classiﬁcation categories for CT+ determinations
Category

Description

% Of reads

1
2
3
4
5
6
7
8

SDH and/or EDH, with or without ICH
No. 1 + SAH
ICH only
No. 3 + contusion and/or SAH
SAH only
Contusion only or w/ SAH
Multiple hematomas + SAH and/or contusion
Other (including CT−, diffuse axonal injury,
cerebral swelling)

12.7%
21.7%
4.9%
12.7%
13.1%
9.0%
18.0%
7.9%

607

which included a hematoma (subdural hematoma (SDH) and/or
epidural hematoma (EDH) and/or intracerebral hematoma (ICH)),
those which did not include a hematoma but did include subarachnoid
hemorrhage (SAH) and or contusions, and a third category for those
which fell outside the other 2. Thus, the gross categories combined in
the following from the Table, hematomas (category 1, 2, 3, 4, and 7),
SAH and/or contusion (5 and 6), and other (8). Fleiss’ κ was used to
determine interrater reliability using MatLab 7.9.0 (The MathWorks,
Inc., Natick, MA, USA), where 1 is perfect agreement, and 0 is chance.
3. Results
Of the 137 scans that were submitted as CT+ by the treating
hospitals to the blinded panel of 3 neuroradiologists for independent
review, 116 were classiﬁed as CT+ by protocol parameters. Thus,
agreement between clinical sites and the independent adjudication
panel on CT+ scans was 84.7%. Of the cases, where disagreement with
the site read occurred 11 (52.4%) times, there was unanimous
consensus of the adjudicators, that is, 3 of 3 agreed that the scan
was negative (site had called positive). In the remaining cases, 2 of 3
of the adjudicators agreed that the CT was negative for acute
intracranial injury.
The 116 patients adjudicated as CT+ included 84 males and 32
females, with a mean age of 45.17 (SD, 18.94). Eighty-two percent of
the cases had GCS of 15, with the mean GCS of 14.64 (SD, 1.008). The
MS scores for the vast majority (92%) was MSII, the most mild of the
CT+ scores on the MS. Of the remaining cases, 6 were MS = III, 2 were
MS = IV, and one was MS NIV. Thus, the structural injuries in the
study population were heavily biased toward minor structural injury
as rated by MS. All 3 adjudicators agreed on the CT+ determination,
93 (80.2%) of 116 of the time, and 2 of 3 agreed on the positive
determination in the remaining 23 (19.9%) of 116 cases.
During the review of each scan, if the panel member determined
that it was positive (CT +), the speciﬁc classiﬁcation(s) of the injury
observed was indicated. The data on classiﬁcation were then placed
into categories as described above. When detailed descriptions were
taken into consideration, there was disagreement on the exact
classiﬁcation of the injury in 89 (19.9%) of the 116 cases. The Fleiss’
κ for interrater reliability for detailed classiﬁcation among the 3
adjudicators was found to be 0.3 (0.29-.316; conﬁdence interval [CI]
95%). This indicates less than moderate agreement (0.41-0.60) [8].
Of the 89 cases, where all 3 of the adjudicators did not agree, 2 of the
3 agreed in 55 (62%) of them. There were 19 cases that had no
agreement at all on speciﬁc classiﬁcation across all 3. Of the remaining
15 cases that showed disagreement, only 2 of the 3 called the case
positive, and of these cases, only 47% (7/15) agreed on speciﬁc
classiﬁcation. In general, most cases, where disagreement occurred
involved more complex injuries with multiple types of traumatic injury,
(eg, hemorrhages, hematomas, contusions, etc), whereas most cases,
where agreement occurred were categorized as hematomas or SAH.
Thus, disagreement was not limited to the least severe of the injuries.
When the categories are reduced to reﬂect only absence or
presence of hematomas (the most severe and most clinically
important in that clinical action is likely warranted), agreement
was found to be 55% between all 3 adjudicators. The Fleiss’ κ for
interrater reliability for the grouped etiologies was found to be
0.355 (0.332-0.378; CI 95%), again below the level considered for
moderate agreement.
4. Discussion
The current standard for imaging of acute TBI is based on human
visual inspection of the CT scan without a form of quantiﬁcation or
measurement. Such high subjectivity leads to poor interrater
reliability, especially when considering the severity of the injury.
This is particularly signiﬁcant because CT + scans include a continuum
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of structural injury with differences in clinical response and action
required. It is also noted that the adjudication panel in this study was
composed of experienced neuroradiologists, whereas in the ED
environment, the initial reading may not be done by a neuroradiologist potentially amplifying this problem.
Results of this study suggest that there is poor agreement on
classiﬁcation of injury in reading CT scans for patients presenting to
the ED with closed head injury, even between expert neuroradiologists. Although this population presented with mild injury with high
GCS and ability to participate in the study protocol, their structural
injuries did include hematomas with the need for clinical interventions. Thus, the poor agreement on classiﬁcation must be taken into
consideration when integrating CT ﬁndings into the clinical treatment
path. This suggests the need for improved quantiﬁcation and
classiﬁcation of structural injury in the head injured population.
With current interest in concussion, additional biomarkers other than
CT are needed to deﬁne the process.
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