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TraumaTic brain injury (TBI) is a significant public 
health concern due to its prevalence and potential 
for harm. A 2015 report to the US Congress by the 

Centers for Disease Control and Prevention12 estimated 
that 2.5 million people in the US sought medical attention 
for TBI in 2010. It has been further reported that at least 
75% of TBIs are classified as mild (mTBI; which includes 
concussion), although this is likely a gross underestimate 
as it does not account for injuries in patients who do not 
seek medical care.13 Though most patients with concussion 
recover within a few weeks, up to 20% experience persis-

tent physical, cognitive, and emotional symptoms beyond 
3 months, termed postconcussion syndrome (PCS).25 Re-
peated concussions have also been linked to chronic trau-
matic encephalopathy (CTE), a dementia-like neurodegen-
erative disease,22 and second-impact syndrome, a very rare 
phenomenon wherein cerebral dysautoregulation leads to 
malignant cerebral edema and often death.32 Reliable iden-
tification of patients with concussion is crucial for timely 
initiation of management in order to reduce symptom bur-
den and prevent further harm. Unfortunately, no objective 
biomarkers are available for use in clinical practice, and 
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OBJECTIVE Artificial neural networks (ANNs) have shown considerable promise as decision support tools in medicine, 
including neurosurgery. However, their use in concussion and postconcussion syndrome (PCS) has been limited. The au-
thors explore the value of using an ANN to identify patients with concussion/PCS based on their antisaccade performance.
METHODS Study participants were prospectively recruited from the emergency department and head injury clinic of a 
large teaching hospital in Toronto. Acquaintances of study participants were used as controls. Saccades were measured 
using an automated, portable, head-mounted device preprogrammed with an antisaccade task. Each participant under-
went 100 trials of the task and 11 saccade parameters were recorded for each trial. ANN analysis was performed using 
the MATLAB Neural Network Toolbox, and individual saccade parameters were further explored with receiver operating 
characteristic (ROC) curves and a logistic regression analysis.
RESULTS Control (n = 15), concussion (n = 32), and PCS (n = 25) groups were matched by age and level of educa-
tion. The authors examined 11 saccade parameters and found that the prosaccade error rate (p = 0.04) and median 
antisaccade latency (p = 0.02) were significantly different between control and concussion/PCS groups. When used to 
distinguish concussion and PCS participants from controls, the neural networks achieved accuracies of 67% and 72%, 
respectively. This method was unable to distinguish study patients with concussion from those with PCS, suggesting 
persistence of eye movement abnormalities in patients with PCS. The authors’ observations also suggest the potential 
for improved results with a larger training sample.
CONCLUSIONS This study explored the utility of ANNs in the diagnosis of concussion/PCS based on antisaccades. 
With the use of an ANN, modest accuracy was achieved in a small cohort. In addition, the authors explored the pearls 
and pitfalls of this novel approach and identified important future directions for this research.
https://thejns.org/doi/abs/10.3171/2018.6.JNS18607
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diagnosis currently relies on history and physical exami-
nation. However, eye movements (specifically antisaccades 
[ASs]) have been shown to be abnormal in concussion and 
PCS patients and may be useful in the development of ob-
jective diagnostic and prognostic tools.3,15–20,30

Saccades are rapid, conjugate eye movements that serve 
to transition between 2 areas of focus. We considered 2 
subtypes: prosaccades (PSs) and ASs. In the former, a re-
flexive saccade is generated toward a visual stimulus. In 
the latter, the eye moves instead toward the mirror oppo-
site spot, relative to a point of central fixation. The AS 
is neurologically more demanding, requiring inhibition of 
PS-generating neurons prior to the initiation of a voluntary 
AS, which is capable of overriding the opposing reflexive 
PS.8,24 This relies on coordination between several areas 
of the brain, including the dorsolateral prefrontal cortex 
(DLPFC), which is chiefly responsible for this preemp-
tive inhibition; the frontal, parietal, and supplemental eye 
fields; the basal ganglia; the thalamus; the cerebellum; and 
the brainstem.8 Concussion results in widespread white-
matter pathology,1,2,10,29–31,33 and therefore it is likely that 
trauma-related disruption of saccade-dependent circuits 
(including DLPFC-mediated PS inhibition in the case of 
the AS task) underlies the abnormalities observed in this 
population.

Artificial neural networks (ANNs) have shown prom-
ise as clinical decision support tools for decades, owing to 
their powerful pattern recognition and discriminant analy-
sis abilities.9,11 Constructed to learn in a fashion similar to 
that of a living brain (albeit simplified), ANNs consist of 
layered data processing units called neurons, coupled with 
variable “weights.” In the simplest form of ANN, known 
as a multilayer perceptron (MLP), data are propagated 
unidirectionally from an input layer through one or more 
“hidden” layers before reaching an output layer (Fig. 1). In 
the untrained state, weights take arbitrary values; they are 
adjusted during training as the system learns from data it 
is presented. For this learning to occur, an input vector is 
fed into the network and the resultant output is compared 
to a known, correct output. The difference is proportional 
to the network’s error, which is projected back through 
the system of weights. Over several iterations, the weights 
are adjusted to minimize this error using an established 
technique known as backpropagation.9,14 This experience-
based learning allows neural networks to determine rel-
evant interactions between several clinical parameters and 
their effects on output, without requiring a priori knowl-
edge of the data’s complexity or advanced statistical meth-
ods.4,9 Consequently, ANNs have proven to be useful in 
the field of neurosurgery to predict clinical and CT scan 
outcomes in patients with TBI.7,26–28 However, these stud-
ies are limited to more severely injured patients, and there 
is a paucity of literature regarding the use of ANNs in the 
field of concussion. Specifically, the purpose of this study 
was to explore the utility of an ANN in the diagnosis of 
concussion and PCS by analyzing ASs.

Methods
This work is part of a larger study, which received re-

search ethics board (REB) approval (no. 11-147) from St. 

Michael’s Hospital (SMH). AS data were originally col-
lected for use in a previously reported study,30 upon which 
the first 4 subsections of this section are based.

Study Participants
Patients from the emergency department and Out-

patient Head Injury Clinic at SMH were screened for 
eligibility criteria, and controls were recruited from ac-
quaintances informally contacted by study participants. 
Controls were matched to concussion/PCS participants 
by age (± 5 years) and years of education (± 5 years). All 
study participants provided informed written consent be-
fore data were gathered.

Inclusion/Exclusion Criteria
This study used the World Health Organization’s defi-

nition of mTBI6 as the basis for participant selection, with 
the following qualifications: participants were required to 
be at least 16 years of age, be able to provide informed 
consent, and have adequate command of the English lan-
guage. For the PCS group, we required that the provok-
ing head injury was sustained at least 3 months before 
our study and that symptoms were persistent for at least 3 
months after the injury.

Participants in this study were excluded if they had any 
of the following comorbid conditions: horizontal diplo-
pia, severe loss of visual acuity, multiple sclerosis, early 
or alcohol-related dementia, a neurodegenerative disease 
(including Alzheimer’s disease), uncontrolled diabetes, or 
orbital trauma from the present injury. Those with a his-
tory of incisional brain surgery, brain irradiation, hydro-

FIG. 1. General configuration of a 3-layer MLP (single hidden layer) with 
binary output, which is a common configuration for clinical use. The 
input nodes (x) are on the left of the diagram, hidden nodes (h) in the 
middle, and output nodes (y) on the right. Each line is associated with 
a weight, which is adjusted during training. The arrow represents the 
unidirectional information flow from input to output. Figure is available in 
color online only.
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cephalus, stroke, or eye disease (amblyopia or glaucoma) 
were also excluded, as were individuals who were medi-
cally unstable or intoxicated (with alcohol or drugs) at the 
time of recruitment. Finally, anyone taking medications 
known to interfere with saccades (specifically benzodiaz-
epines and antipsychotics) was excluded from the study. 
All participants were given a structured interview to rule 
out these exclusion criteria.

Saccade Measurement
All participants were asked to attend SMH to complete 

100 trials of an AS task. The participants who were con-
cussion patients were asked to undergo testing as soon as 
possible to minimize latency between injury and testing. 
Data were gathered using a portable research device, the 
Saccadometer Advanced (Ober Consulting). This device 
automatically excludes blinks, adjusts for minor head 
movements, and has an AS task preprogrammed by the 
manufacturer. Three low-powered red laser lights, serv-
ing as left, right, and central targets, were projected onto 
a matte white wall 1.5–3.5 m from the participant’s eyes 
under darkened conditions, following previous work from 
our group.23,30

Participants initially underwent calibration and tuto-
rial sessions to ensure understanding of the task before 
data were recorded. We asked participants with refractive 
errors to wear contacts or examined them to ensure suf-
ficient visual acuity and lack of horizontal diplopia. Par-
ticipants were instructed to fixate on a centrally projected 
laser light until it was extinguished, before immediately 
reappearing 10° horizontally (with equal probability of 
being to the left or right of center). There was a fixed fore-
period of 1000 msec followed by a random foreperiod of 
≤ 1000 msec. Once the light jumped, participants were in-
structed to look to the mirror opposite spot, relative to the 
original central target, as quickly and accurately as pos-
sible. For each saccade, the waiting time, defined as the 
maximum amount of time the saccadometer will wait for 
an eye movement response after the stimulus is presented, 
was 2000 msec. The trial break time, defined as the length 
of time between AS trials, was 1000 msec.

Data Processing
Raw data from the saccadometer (including saccade 

direction, latency, duration, amplitude, and peak veloc-
ity) were transferred to a personal computer with Laten-
cyMeter Software version 5.2. Trials with latencies < 50 
msec (anticipatory saccades) or > 600 msec (inattention/
possible malingering) were excluded from analysis.23,30 
Prosaccade error rate (PER) was taken as the number of 
incorrect PSs divided by the number of accepted trials for 
each participant. The trial result data from each partici-
pant were then divided into 2 groups—incorrect PSs and 
correct ASs—and the medians of each saccade parameter 
were taken separately from both groups. In addition, am-
plitudes were converted into variables independent of the 
stimulus amplitude: gain (the quotient of saccade ampli-
tude and stimulus amplitude, where a value < 1 indicates 
a hypometric saccade and a value > 1 indicates a hyper-
metric saccade) and absolute position error (a measure of 

the absolute distance between the final saccade position 
and the stimulus).

For each participant, 14 potential ANN input variables 
were considered: age, sex, years of education, PER, and 
5 median saccade parameters from both the correct AS 
and incorrect PS sets (latency, duration, gain, absolute po-
sition error, and peak velocity). Comparisons were made 
in turn between concussion and control, PCS and control, 
and concussion and PCS. Parallel analysis using data from 
all AS trials was also completed, using the 5 AS-specific 
parameters as potential inputs. Interparticipant mean val-
ues were used to explore differences in saccades between 
control, concussion, and PCS groups.

Artificial Neural Network
We used an MLP, which had a single hidden layer and 

was trained with scaled conjugate backpropagation in 
MATLAB’s Neural Network Toolbox. To avoid bias dur-
ing training, the size of both input groups being compared 
was equalized by randomly omitting data points from the 
larger group. Data at each input neuron were normalized 
to a mean of zero and a covariance of 1. Input data were 
then divided randomly into training, validation, and test-
ing sets (70%, 10%, and 15% of data, respectively). The 
ANN was trained until 6 successively worsening results 
were detected in the validation set (per MATLAB default 
settings). This procedure functions as a safeguard against 
overlearning, wherein the network learns the noise of the 
training data and becomes less effective at analyzing nov-
el data.11 A further safeguard was implemented to ensure 
that results were not generated from the initial, random 
weights of the system by rejecting results from networks 
with fewer than 10 training iterations. The testing set was 
used to probe the trained network’s accuracy, sensitivity, 
specificity, positive predictive value (PPV), and negative 
predictive value (NPV). Mean performance results were 
generated from 100 neural networks, each with a different 
random set of input data omitted from the larger group 
(such that no data are omitted from ANN analysis).

Selection of input variables relied on a sensitivity analy-
sis using forward selection. In this approach, the networks 
were built by iteratively adding individual input parame-
ters based on their effects on the overall network’s accura-
cy. Letting n be the number of potential inputs for a given 
network, we began by training n different single-input net-
works. The input yielding the highest accuracy was added 
permanently to the network, and n - 1 two-input ANNs 
were trained, each using the previously selected input and 
one of the remaining n - 1 candidate parameters. If the 
most accurate bivariate network was more accurate, on 
average, than the univariate network, the second variable 
of this network was added permanently to the full ANN. 
This process was continued until no additional input vari-
ables improved accuracy, at which point the network con-
figuration was final.21 Since there are no established rules 
for determining the optimal number of hidden nodes in a 
neural network,14 the final configuration was determined 
empirically for each network configuration by varying the 
number of hidden nodes from 2 to 5 times the number of 
input nodes and selecting the configuration that yielded 
the highest accuracy.
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Once the final ANN configurations were determined, 
performance results (the mean from 100 ANNs) were gen-
erated 10 times. The median of these 10 accuracies and 
its associated sensitivity, specificity, PPV, and NPV were 
reported. These results were then compared with results 
from (otherwise equivalent) single-input ANNs, and re-
ceiver operating characteristic (ROC) curves, of each in-
put variable selected during sensitivity analysis.

Statistical Analysis
Cross-sectional AS data were analyzed using ANOVA 

with Fisher’s least significant difference (LSD) in post 
hoc comparisons. Skewness and kurtosis were calculated 
to show the distribution of AS parameters for concus-
sion, PCS, and control groups. Pearson correlation coef-
ficients were calculated to show the association between 
AS parameters and age/level of education/test latency. 
The point-biserial correlation coefficient was calculated 
to show the association between AS parameters and sex. 
Logistic regressions were constructed to model the predic-
tors for diagnosis and to compare the results produced by 
ANN. All statistical analysis was conducted using Stata 
15 (StataCorp). A p value less than 0.05 was considered 
statistically significant.

Results
Participant Demographics

Refer to Table 1 for an overview of participant demo-
graphics. The median duration between injury and testing 
for the concussion group was 6 days (range 0–11 days), and 
22% of these participants (n = 7) had their first visit > 7 days 
after injury. Correspondingly, the PCS group had their first 
visit a median of 16.7 months after injury (range 3–61.6 
months). Two participants in the concussion group had a 

Glasgow Coma Scale (GCS) score < 15 in the emergency 
department (GCS score 13 and 14), but both regained a 
GCS of 15 by the time they left the emergency department, 
and therefore all had a GCS score of 15 at the time of test-
ing. Two control participants were omitted from analysis 
as outliers, as there may have been exogenous factors (such 
as lack of motivation) contributing to poor performance. 
There were also 2 potential concussion outliers identified, 
though these were kept due to potential contributions from 
endogenous factors such as injury severity. Omission of 
these concussion participants, importantly, does not affect 
the statistical significance of group results.

Artificial Neural Network
Sensitivity analysis yielded the following ANN config-

urations. The neural network comparing concussion and 
control participants had 4 input neurons (PER, median 
AS latency, median AS absolute positional error, and age) 
and 3 hidden neurons. The PCS versus control participant 
network had 2 inputs (PER and median AS latency) and 
a single hidden neuron. Both ANNs comparing concus-
sion/PCS to control trials used AS latency and duration 
as inputs and had a single hidden neuron. During sensi-
tivity analysis of the concussion/PCS comparison, it was 
observed that the optimal network configuration in the 
participant analysis could not be deduced due to inconsis-
tency in results. In the trial analysis, AS peak velocity is 
the only input, with 3 hidden nodes.

Results generated by these ANNs are summarized in 
Table 2 and compared to the ROC curves in Fig. 2. Our 
ANNs achieved a classification accuracy of 67% between 
concussion and control participants and 72% between 
PCS and control participants. They were unable to distin-
guish concussion from PCS participants.

Group Results
Refer to Table 3 for group mean comparisons. Two sac-

cade parameters, PER and median AS latency, were sig-
nificantly different between control and concussion/PCS 
participants (ANOVA, p = 0.04 and p = 0.03, respectively). 
The frequency distributions for saccade parameters used 
in the ANN analysis are presented in Fig. 3. There is a 
weak (r < 0.4) positive correlation between age and each 
saccade parameter involved in ANN analysis (PER and 
medians of AS latency, AS duration, AS absolute position 
error, and AS peak velocity). These variables also demon-

TABLE 1. Participant demographic information

Concussion  
(n = 32)

PCS  
(n = 25)

Control  
(n = 15)

Age in yrs, mean (SD) 40 (15.3) 44.2 (14.0) 38.5 (19.7)
Sex, M/F 17:15 8:17 7:8
Education (full yrs from 

grade 1), mean (SD)
15.0 (3.4) 16.2 (3.4) 15.4 (1.6)

History of prior mTBI 53.3% 48.0% 0%

TABLE 2. ANN outputs

Accuracy, % Sensitivity, % Specificity, % PPV, % NPV, %

Concussion/control
 Participants
 Trials

67 (19)
60 (3)

63 (29)
55 (10)

74 (29)
66 (10)

73 (30)
62 (5)

66 (29)
60 (5)

PCS/control
 Participants
 Trials

72 (20)
59 (3)

71 (32)
54 (9)

75 (28)
65 (8)

74 (30)
61 (5)

74 (29)
58 (4)

Concussion/PCS
 Trials 56 (3) 70 (15) 41 (18) 55 (4) 62 (10)

Values are presented as mean (SD).
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strate a weak negative correlation (except AS duration, r = 
0.006) with years of education and testing latency in the 
concussion group.

Regression Analysis
Results of the logistic regression analysis are presented 

in Table 4. Note that in the concussion versus control anal-
ysis, AS latency is a significant predictor of concussion 
when controlling for PER, median AS absolute position 
error, and age (OR 1.02, p ≤ 0.05).

Discussion
Overview of ANN Results

ANN analysis was able to distinguish concussion and 
PCS participants from controls with accuracies of 67% 
and 72%, sensitivities of 63% and 71%, and specificities 

of 74% and 75%, respectively. Attempts to distinguish 
concussion from PCS participants proved unsuccessful, 
corroborating previous work describing persistent AS 
abnormalities in PCS.16,17,30 Parallel analysis using all AS 
trials (which reduces the number of available parameters) 
yielded lower accuracy but higher precision.

We noted a particularly high false-negative rate in these 
results, which could be associated with several factors. 
First, there might be a threshold of impact to the brain, 
below which any (saccade-dependent) neurobiological 
changes are minimal. This finding could provide further 
insight into the pathophysiology of concussion and help 
better define it objectively. Host features, such as the pre-
injury connectome, may also play a role by imparting dif-
ferential resilience to injury, and baseline saccades could 
have differed between cases and controls. Similarly, co-
occurring psychiatric conditions could mimic the symp-
toms of concussion/PCS and confound results (many of 

FIG. 2. ROC curves for each saccade parameter used as a neural network input, with ANN performance results superimposed 
for (A) participant analysis and (B) trial analysis. Error bars represent standard deviation. Closed circles represent the multi-input 
neural network results from Table 2. Open circles represent results from neural networks trained with only the input variable being 
plotted, with all other parameters unchanged. Figure is available in color online only.

TABLE 3. Comparison of interparticipant mean values using ANOVA

Concussion (n = 32) PCS (n = 25) Control (n = 15) Result

PER 0.40 (0.23) 0.39 (0.21) 0.23 (0.20) F(2,69) = 3.33, p = 0.04
Median AS latency, msec 292.34 (50.18) 282.30 (34.33) 254.90 (41.38) F(2,69) = 3.81, p = 0.02
Median AS duration, msec 64.67 (25.52) 64.06 (20.89) 58.83 (16.84) F(2,69) = 0.37, p = 0.69
Median AS gain 1.20 (0.57) 1.26 (0.54) 1.08 (0.39) F(2,69) = 0.52, p = 0.60
Median AS position error, % 54.23 (36.21) 52.57 (36.06) 38.30 (20.52) F(2,69) = 1.24, p = 0.30
Median AS peak velocity, °/sec 410.08 (100.30) 435.55 (216.67) 409.19 (122.90) F(2,69) = 0.23, p = 0.80
Median PS latency, msec 193.36 (48.28) 184.56 (28.64) 192.23 (39.58) F(2,69) = 0.36, p = 0.70
Median PS duration, msec 47.46 (9.35) 46.04 (4.36) 44.20 (7.34) F(2,69) = 0.98, p = 0.38
Median PS gain 0.93 (0.32) 0.94 (0.22) 0.83 (0.17) F(2,69) = 0.93, p = 0.40
Median PS position error, % 29.23 (22.36) 21.90 (15.14) 26.08 (11.15) F(2,69) = 1.14, p = 0.32
Median PS peak velocity, °/sec 430.42 (99.55) 447.93 (198.87) 398.80 (106.94) F(2,69) = 0.55, p = 0.58

Values are presented as mean (SD) unless otherwise indicated.

Unauthenticated | Downloaded 05/23/23 11:21 PM UTC



Landry et al.

J Neurosurg Volume 131 • October 20191240

these conditions have also been associated with saccade 
abnormalities5). Finally, a delay of several days between 
injury and testing for the concussion group could have al-
lowed for some recovery, and our small sample size may 
have inhibited the ANN’s ability to learn more subtle 
changes to its input.

Key Saccade Parameters
We determined that PER and median AS latency were 

significantly different between concussion/PCS and con-
trol groups (Table 3). This result is consistent with results 
of previous studies that found one or both of these param-
eters to be affected in concussion or PCS,3,15,17,18,20,30 though 
there is considerable heterogeneity in the literature. Not 
surprisingly, both PER and median AS latency were se-
lected as ANN inputs during sensitivity analysis. We note 
that PER is associated with the largest odds ratio in the 
regression analysis, though a very large confidence inter-
val limits our ability to draw conclusions. The PER ROC 
curves produced the largest area under the curve (AUC) 
values, suggesting that it is the best discriminating ANN 
input (Fig. 2). Comparatively, median AS latency yielded 
lower AUC values even though it was the only parameter 
to yield a statistically significant effect in the regression 
analysis (concussion vs control). Median AS absolute 
position error, an input variable in the concussion versus 
control participant analysis, was not significantly differ-
ent between the concussion/PCS and control groups and 
had lower AUC values than PER and median AS latency. 
Interestingly, age was also selected as an input variable in 
this network, despite our groups being age matched. This 
is likely a result of imperfect age matching or may indicate 
a synergistic relationship between age and other inputs, 
though the effect is small.

In the trial-based analysis, AS latency is the best dis-
criminating input variable based on ROC curves (Fig. 2; 
note that PER is not a potential input). Interestingly, AS 
duration was selected as an input for both concussion ver-
sus control and PCS versus control comparisons, despite 
AUC values of only 0.53. AS peak velocity, as a single 

input, was the best configuration to distinguish concussion 
and PCS trials, though with very low accuracy. Further, 
the 3-hidden-neuron optimal state suggests a degree of 
overlearning by the network. We conclude that neural net-
work analysis was unable to meaningfully distinguish con-
cussion from PCS in both the participant and trial-based 
analyses.

Pearls and Pitfalls of ANN in Concussion
The most important benefit of an ANN is its ability to 

amalgamate multiple input parameters of varying discrim-
inant abilities to optimize results, while requiring little in-
put from the user. As shown in Fig. 2, we observed that 
in all concussion/PCS versus control comparisons, multi-
input ANNs yielded stronger results than any single-input 
network. Importantly, even very weakly discriminating 
parameters exerted a positive effect on results in the trial 
analysis. The experience-based learning model of an ANN 
makes it simple to implement, as it does not require non-
linear statistical methods or significant assumptions about 
the data or its complexity. Similarly, the ability of ANNs 
to learn higher-order patterns within data is not limited by 
the complexity level of a statistical model. These charac-
teristics of flexibility and practical simplicity are consid-
erable benefits of ANNs compared to more conventional 
techniques.

Several criticisms of ANNs are also noted. In our study, 
neural networks struggled to overcome the considerable 
variability within the data (Fig. 3) and the small partici-
pant sample size, yielding results comparable to those 
obtained using ROC curves of the best individual AS pa-
rameters (PER in the participant analysis and AS latency 
in the trial analysis; see Fig. 2). Compared to conventional 
methods, an ANN model lacks statistical rigor9 and does 
not readily impart its knowledge of the data onto the user. 
Consequently, there is a risk of both undertraining, where-
in the hidden layer is insufficiently large to accommodate 
the degree of nonlinearity within the data, and overtrain-
ing, wherein the network inappropriately learns the noise 
within the data. The flexibility of a neural network means 

FIG. 3. Frequency distribution of (A) participant and (B) trial saccade parameters used as ANN inputs. K = kurtosis; ms = millisec-
onds; S = skewness. Figure is available in color online only.
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that its optimal state must often be deduced by painstak-
ingly varying several free parameters. Due to the sheer 
size of this parameter space, it is impractical to test every 
feasible configuration, and results may not reflect those of 
a fully optimized network. Similarly, ANN analysis does 
not allow computation of the sample size required to gen-
erate a certain confidence level,9 making the planning of 
future studies challenging.

We suggest the potential for improved ANN accuracy 
given a larger participant sample, based on observations 
from Fig. 2. Single-input ANNs yield results falling be-
low their respective ROC curves in the participant anal-
ysis (small sample size), whereas parallel results in the 
trial analysis (large sample size) fall on their respective 
curves. We suspect, therefore, that a larger participant co-
hort would improve the discriminatory effect of each input 
variable, leading to improved overall accuracy. We also 
note that variables with AUC values as low as 0.53 added 
benefit to the trial-based ANN, while only stronger vari-
ables (AUC ≥ 0.65) were selected in the participant anal-
ysis. It may follow that a larger participant cohort (with 
correspondingly smaller uncertainties) would permit the 
additional inclusion of less discriminating inputs, which 
could further improve performance. These observations 
are limited by considerable uncertainty in our results. An 
ANN’s ability to continue learning as it is presented new 
data is a significant potential strength, though very large 
data sets are needed for this strength to be fully exploited.

Study Limitations and Future Directions
The most important limitation of this study is the small 

sample size, which yielded large uncertainties and may 
have limited the discriminatory power of our neural net-
works. Similarly, we may not have fully captured the di-
versity of patients with concussion/PCS. For example, our 
ANN’s inability to distinguish concussion from PCS may 
indicate that our PCS cohort was enriched with patients 
who suffered particularly significant injuries or were as-
sociated with some other intrinsic factor that led to pro-
longed reporting of symptoms. Milder forms of PCS may 
have earlier resolution of saccade abnormalities, which 
could be better assessed with larger studies. Regarding our 
ANN construction, reliance on a simple MLP may have 
been less effective than using a more complex model. In 
addition, forward selection is not an exhaustive input vari-
able selection method,21 and better input configurations 
may therefore exist. Regarding saccades, some of our re-
sults in the acutely injured group may have been attenu-

ated given the delay between injury and testing, though 
correlation between testing latency and neural network 
input parameters was weak. Additionally, the results of 
our testing are highly dependent on participant motiva-
tion. While we are not aware of validated tools to measure 
saccade effort reliably, the lack of such tools was partially 
mitigated by excluding trials with latencies > 600 msec. 
Including more passive oculomotor assessments, such as 
PSs and smooth pursuit, may provide more insight into the 
role of motivation.

Follow-up studies with a larger sample size would be 
useful to further explore the potential utility of ANN-
based analysis in this population. Inclusion of multimodal 
input data, such as neuropsychological testing and neu-
roimaging, would further test the diagnostic power and 
flexibility of ANN in concussion and PCS. Additionally, 
exploring the potential prognostic abilities of ANNs by 
correlating initial AS findings with outcome may provide 
greater insight into the mechanisms underlying PCS and 
how best to predict and manage it. The goals of TBI man-
agement are expanding beyond saving lives to improving 
long-term quality of life. As an objective representation 
of higher cortical function, ASs may serve to supplement 
current outcome prediction models focusing on survival 
and significant disability. By expanding the feature space 
of TBI diagnostics, this could drive the discovery of new 
disease patterns relevant to treatment planning and out-
come prediction.

We think that this study is an important exploration of 
the pros and cons of using an ANN to examine AS chang-
es in concussion and PCS, and that it lays the groundwork 
for future studies.

Conclusions
This study, to our knowledge, is the first to use an ANN 

to identify concussion and PCS patients based on saccades. 
Our results demonstrate that ANNs show initial promise 
as a diagnostic support tool, but our findings are limited by 
low sample sizes and the significant variability in this type 
of data. Further study with larger trials will be required.
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