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Objective: Pre-injury mental health problems are associated with greater symptom

reporting following sport-related concussion. We applied a statistical and psychometric

approach known as network analysis to examine the interrelationships among symptoms

at baseline in adolescent student athletes with a history of mental health problems.

Design: Cross-sectional study.

Setting: High schools in Maine, USA.

Participants: A cohort of 44,527 adolescent student athletes completed baseline

preseason testing with ImPACT® between 2009 and 2015, and those with a history

of mental health problems reporting at least one symptom were included (N = 2,412;

14–18 years-old, 60.1% girls).

Independent Variables: Self-reported history of treatment for a psychiatric condition.

Main Outcome Measures: Physical, cognitive, and emotional symptoms from the

Post-Concussion Symptom Scale.

Results: Student athletes reported high frequencies of emotional symptoms

(nervousness: boys = 46.6%, girls = 58.3%; irritability: boys = 37.9%, girls =

46.9%; sadness: boys = 38.7%, girls = 53.2%), sleep/arousal-related symptoms

(trouble falling asleep: boys = 50.4%, girls = 55.1%; sleeping less than usual:

boys = 43.8%, girls = 45.2%; and fatigue: boys = 40.3%, girls = 45.2%), headaches

(boys = 27.5%, girls = 41.8%), and inattention (boys = 47.8%, girls = 46.9%) before

the start of the season. Although uncommonly endorsed, dizziness was the most

central symptom (i.e., the symptom with the highest aggregate connectedness with

different symptoms in the network), followed by feeling more emotional and feeling
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slowed down. Dizziness was related to physical and somatic symptoms (e.g., balance,

headache, nausea, numbness/tingling) whereas increased emotionality was related to

sadness, nervousness, and irritability. Feeling slowed down was connected to cognitive

(e.g., fogginess, forgetfulness), and sensory symptoms (e.g., numbness/tingling, light

sensitivity). There were no gender differences in the symptom network structure.

Conclusions: We examined the interconnections between symptoms reported by

student athletes with mental health problems at preseason baseline, identifying how

physical, cognitive, and emotional symptoms interact and potentially reinforce each

other in the absence of injury. These findings are a step toward informing more precise

interventions for this subgroup of athletes if they are slow to recover following concussion.

Keywords: child, adolescent, concussion, mental health, sports

INTRODUCTION

A history of treatment for mental health problems (1),
particularly depression (2), heightens risk for poor clinical
outcome among athletes who experience concussion (3). The
mechanisms mediating this association remain unclear, but are
likely multifactorial, related to dispositional characteristics, pre-
injury symptom experience, the neurometabolic consequences of
concussion, or a combination thereof. Hence, understanding how
student athletes with prior mental health problems experience
symptoms before a concussion can aid interpretation of
symptoms in those with delayed recovery following a concussion.
The interrelations among symptoms before injury might have
implications for the experience of symptoms acutely, sub-acutely,
and post-acutely following injury—and more importantly,
understanding these interrelations may foster a more targeted
approach to treatment and rehabilitation (4).

Network analysis is a statistical and psychometric method
for estimating the interrelationships among symptoms (5–8).
Network analysis has been used in a large number of studies
in psychology and psychiatry (9), yielding important insights in
depression, for example (10–14). Rather than conceptualizing
depression as the underlying common cause of the symptoms
that signal its presence, network theorists view depression
as an emergent phenomenon, issuing from the dynamic
interactions among its constituent features (e.g., insomnia,
fatigue, anhedonia). Some features are core symptoms (e.g.,
sadness and anhedonia), whereas others are not (e.g., anxiety and
sympathetic arousal) (12). Depression and anxiety commonly
co-occur, and cross-sectional network analysis studies have
illustrated how the symptoms of major depressive disorder and
generalized anxiety disorder are interconnected and mutually
amplifying (15–17).

Network analysis has never been applied to research relating
to baseline testing of student athletes or outcome from sport-
related concussion (18). A network approach may explain
why self-reported symptoms co-occur rather than emerge
solely or primarily from a latent common cause. Whereas,
previous factor models of symptoms at preseason baseline have
found multidimensionality of the symptom scales, these models
attribute co-occurrence among symptoms to a latent factor,

not to causal interactions among the symptoms themselves
(e.g., cognitive-sensory, vestibular-somatic, sleep-arousal, and
affective symptoms) (19). In contrast, network analysis estimates
potential causal interactions among symptoms. Rather than
latent constructs of (i) affective symptoms → nervousness, (ii)
cognitive-sensory symptoms → difficulty concentrating, and
(iii) cognitive-sensory symptoms → difficulty remembering,
perhaps nervousness → difficulty concentrating → difficulty
remembering. Adopting a network perspective in studies
involving athletes at risk for slow recovery from concussion
might help us identify single, paired, or small clusters of
strongly interconnected symptoms that could be initial targets
for treatment and rehabilitation (4). The purpose of this
study is to examine the architecture of baseline preseason
physical, cognitive, and emotional symptoms in adolescent
student athletes who have a history of treatment for mental
health problems.

METHODS

Participants
Participants in this multi-year, cross-sectional, descriptive study
were drawn from a cohort of adolescent student athletes (14–18
years-old) from Maine, USA who completed baseline preseason
testing with the Immediate Post-Concussion Assessment and
Cognitive Testing (ImPACT R©) battery between 2009 and 2015
and reported no history of concussion in the past 6 months
(N = 44,527). This study focused on the subsample of student
athletes (6.8%) who reported a history of psychiatric treatment
(n = 3,027). Participants who reported no history of psychiatric
treatment (82.3%; n= 37,063) or did not respond to this question
(10.0%; n = 4,437) were excluded. Participants further were
excluded if they reported a history of a neurological condition,
specifically meningitis, seizure disorder, or brain surgery (n
= 121), reported a diagnosis of autism (n = 36), completed
the assessment in a language other than English (n = 11),
or reported no symptoms on the Post-Concussion Symptom
Scale (n = 447). Participants who reported no symptoms were
excluded because these individuals are not conceptually part
of the population of interest. This resulted in a final sample
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of 2,412 participants. The mean age and rates of other self-
reported health history variables are summarized in Table 1.
Their sports played at the time of baseline testing are presented
in Table 2.

TABLE 1 | Characteristics of the student athletes with a history of mental health

treatment.

Boys (n = 963) Girls (n = 1,449)

n % n %

Age M = 15.98 SD = 1.33 M = 15.76 SD = 1.19

ADHD diagnosis Yes 412 42.8% 352 24.3%

No 551 57.2% 1,097 75.7%

History of substance abuse

treatment

Yes 59 6.1% 35 2.4%

No 904 93.9% 1,414 97.6%

History of migraine

treatment

Yes 134 13.9% 247 17.0%

No 829 86.1% 1,202 83.0%

History of headache

treatment

Yes 203 21.1% 345 23.8%

No 760 78.9% 1,104 76.2%

Learning disability or

dyslexia diagnosis

Yes 150 15.6% 152 10.5%

No 813 84.4% 1,297 89.5%

Special education Yes 127 13.2% 125 8.6%

No 836 86.8% 1,324 91.4%

History of speech therapy Yes 127 13.2% 127 8.8%

No 836 86.8% 1,322 91.2%

Repeated academic grade Yes 133 13.8% 109 7.5%

No 830 86.2% 1,340 92.5%

Number of previous

concussions

0 692 72.5% 1,121 78.0%

1 139 14.6% 203 14.1%

2 65 6.8% 72 5.0%

3 33 3.5% 30 2.1%

4 19 2.0% 7 0.5%

≥5 7 0.7% 4 0.3%

TABLE 2 | Primary sport affiliation by gender.

Boys (n = 963) Girls (n = 1,449)

n % n %

Baseball/softball 33 3.4 77 5.3

Basketball 78 8.1 123 8.5

Cheerleading 2 0.2 254 17.5

Field hockey 0 0.0 197 13.6

American football 291 30.2 4 0.3

Ice hockey 56 5.8 29 2.0

Lacrosse 49 5.1 74 5.1

Skiing/snowboarding 27 2.8 37 2.6

Soccer 189 19.6 307 21.2

Swimming 16 1.7 46 3.2

Tennis 17 1.8 44 3.0

Track & field/cross country 98 10.2 117 8.1

Volleyball 0 0.0 55 3.8

Wrestling 41 4.3 9 0.6

Other 66 6.9 76 5.2

Measures
A demographics and health history survey is embedded
in ImPACT R©, a computerized neuropsychological screening
battery designed for use in sport concussion programs (20).
The health history survey asks the student whether he or she
has “had problems with ADD/hyperactivity” or been “diagnosed
with ADHD” (attention-deficit hyperactivity disorder), been
diagnosed with a learning disability or dyslexia, received special
education services, or repeated a grade. These questions require
a yes or no response. The health history survey also asks about
the number of times the student has been diagnosed with a
concussion as well as past treatment for headaches, migraines,
epilepsy, brain surgery, meningitis, substance use, or a psychiatric
condition (e.g., anxiety or depression). The question “treatment
for a psychiatric condition (e.g., anxiety of depression)” was used
to select subjects for this study. Youth who answered yes to this
question were included.

The Post-Concussion Symptom Scale (21, 22) is a component
of ImPACT R©. This standardized self-report questionnaire
includes 22 symptoms (seeTable 3) that are rated from zero to six
in terms of severity, with 1 or 2 reflecting “mild,” 3 or 4 reflecting
“moderate,” and 5 or 6 reflecting “severe” problems with a given
symptom. The internal consistency of the scale ranges from 0.88
to 0.94 in high school and college students, and 0.92 to 0.93 in
concussed athletes (22). Students completed the Post-Concussion
Symptom Scale independently.

Statistical Analyses
Network Estimation
The network analyses were conducted in R (23) with the
packages qgraph (24) and glasso (25, 26). We estimated a network
whereby the edges (lines) connecting pairs of nodes (symptoms)
signify partial correlations between symptoms, adjusting for
the influence of all other symptoms in the network. Using
the graphical LASSO (least absolute shrinkage and selection
operator) algorithm (26), we regularized the network, thereby
retaining the (“thickest”) edges having the largest magnitude
and shrinking the trivially small, likely spurious ones to zero.
The qgraph package provides an extended Bayesian information
criterion (EBIC) model comparison routine that identifies the
tuning parameter that optimizes model fit and parsimony (27),
given a specific value of the hyperparameter gamma (γ). We used
the default gamma value of 0.5 implemented in R to provide a
balance between sensitivity and specificity. The process estimates
100 distinct models that vary in their sparsity, and the one
with the lowest EBIC values is retained as the model that best
maximizes the number of likely genuine edges while minimizing
likely spurious ones (5). We used qgraph to create the graphs.

Centrality and Visualization
To identify the most highly connected (“central”) nodes, we
computed the expected influence centrality metric for each node
(28). In an undirected network, the expected influence of a
given node (symptom) is the sum of all edge weights (lines)
connected to it. Unlike the strength centrality metric, which
sums the absolute values of the edges connected to a node
irrespective of whether the edge signifies a positive or negative
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TABLE 3 | Percentage endorsing individual symptoms stratified by gender.

Boys n = 963 (n= 1,183) Girls n = 1,449 (n=1,676)

Mild or Greater Moderate or Greater Mild or Greater Moderate or Greater

Headache 27.5% (22.4%) 7.2% (5.8%) 41.8% (36.1%) 15.7% (13.5%)

Vomiting 6.4% (5.2%) 2.4% (1.9%) 5.9% (5.1%) 1.6% (1.4%)

Nausea 8.7% (7.1%) 2.7% (2.2%) 13.2% (11.4%) 4.3% (3.8%)

Balance problems 10.6% (8.6%) 1.8% (1.4%) 15.9% (13.8%) 4.5% (3.9%)

Dizziness 13.5% (11.0%) 3.7% (3.0%) 21.9% (19.0%) 6.1% (5.3%)

Trouble falling asleep 50.4% (41.0%) 25.8% (21.0%) 55.1% (47.6%) 31.7% (27.4%)

Fatigue 40.3% (32.8%) 16.9% (13.8%) 44.9% (38.8%) 23.1% (19.9%)

Sleeping more than usual 17.3% (14.1%) 7.9% (6.4%) 19.8% (17.1%) 10.4% (9.0%)

Sleeping less than usual 43.8% (35.7%) 23.3% (18.9%) 45.2% (39.1%) 24.8% (21.4%)

Sensitivity to light 22.4% (18.3%) 6.7% (5.5%) 26.8% (23.2%) 9.8% (8.5%)

Drowsiness 35.2% (28.7%) 11.9% (9.7%) 37.8% (32.7%) 15.5% (13.4%)

Sensitivity to noise 14.1% (11.5%) 4.5% (3.6%) 18.3% (15.8%) 6.6% (5.7%)

Irritability 37.9% (30.9%) 17.7% (14.4%) 46.9% (40.5%) 21.5% (18.6%)

Nervousness 46.6% (38.0%) 18.4% (15.0%) 58.3% (50.4%) 30.6% (26.5%)

Sadness 38.7% (31.5%) 18.5% (15.0%) 53.2% (46.0%) 27.6% (23.9%)

Feeling more emotional 32.9% (26.8%) 14.7% (12.0%) 55.7% (48.2%) 29.7% (25.7%)

Numbness or tingling 9.7% (7.9%) 2.9% (2.4%) 8.5% (7.3%) 2.9% (2.5%)

Feeling mentally foggy 21.9% (17.8%) 6.2% (5.1%) 20.6% (17.8%) 7.0% (6.0%)

Feeling slowed down 22.3% (18.2%) 8.5% (6.9%) 21.9% (19.0%) 8.4% (7.3%)

Difficulty concentrating 47.8% (38.9%) 20.5% (16.7%) 46.9% (40.5%) 21.5% (18.6%)

Difficulty remembering 24.9% (20.3%) 8.3% (6.8%) 21.3% (18.4%) 8.6% (7.5%)

Visual problems 15.1% (12.3%) 4.9% (4.0%) 17.3% (14.9%) 6.1% (5.3%)

Note. The primary values in this table are from youth who reported previous treatment for a psychiatric condition and at least one symptom on the Post-Concussion Symptom Scale

(boys: n = 963; girls: n = 1,449). The values provided in parentheses are the rates for larger samples of youth with a history of psychiatric treatment, including those who reported no

symptoms on the Post-Concussion Symptom Scale (boys: n = 1,183; girls: n = 1,676). As presented above, symptom endorsement frequencies were higher after excluding those

reporting no symptoms.

partial association, expected influence respects of the sign of
edge before summing the edge values. Multidimensional scaling
(MDS) (29) was used to create network plot layouts. In these
layouts, distances between nodes roughly reflect edge weights.
Specifically, MDS layouts place nodes with strong similarities
(positive edge values) close together. The accuracy of an MDS
layout can be assessed by using the reported stress-1 value of the
MDS fit (30). A small repulsion force was added to our MDS fit
to avoid node overlap.

Gender Differences
Invariance between the networks of boys and girls was tested
via the networktree approach (31, 32) which uses recursive-
partitioning to search for optimal splits in pre-specified variables.
For this analysis, we pre-specified gender as a potential split
variable. The networktree approach searches for invariance in the
correlation structure of the data. As a sensitivity check, we used
the NetworkComparisonTest (33, 34) to perform tests on the
global strength and network structure invariance of the network
separated by gender.

Sensitivity Analyses
Centrality estimates can be affected if certain nodes (symptoms)
have a restricted range of measurement or the variance
between nodes differs (35). To test for this possibility, we

computed correlations between strength centrality values and
node variances. A positive correlation suggests the possible
presence of this problem. Using strength centrality is ideal for
this test because problems with inflated variance should influence
edges whether positive or negative.

Another problem potentially distorting centrality metrics as
well as violating a key assumption of network analysis (i.e.,
that the matrix is “positive definite”) occurs when multiple
nodes measure the same construct (e.g., are synonyms for the
same symptom). We tested for such node redundancy by the
goldbricker function (36, 37), comparing topological overlap to
assess for problematically overlapping nodes. That is, two nodes
are deemed redundant if they bear the same relation to many
other nodes in the network. We tested for pairs of nodes sharing
topological overlap>25% with an alpha level of 0.01. In addition,
we estimated an unregularized partial correlation network (i.e., a
concentration network); we note any conflicting results between
the networks in the Results section.

Network Stability
We assessed the replicability of our network by using
the bootnet package to perform bootstrapping (5). Non-
parametric bootstrapping generates confidence intervals for edge
and centrality parameters. Non-parametric bootstrapping also
facilitates direct comparisons across edges and centrality values.
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Confidence intervals and difference plots for edge and centrality
parameters guided our interpretations. In addition, a case-
dropping bootstrap enabled us to calculate a correlation-stability
coefficient for the network. A correlation-stability coefficient
signifies the maximum proportion of participants in the full
sample that can be dropped while maintaining a high degree
of correlation (r > 0.7) of centrality values with the full-
sample network. The suggested benchmarks for stability area

correlation-stability coefficient are 0.25 (adequate stability) or 0.5
(good stability).

RESULTS

Participants who reported symptoms vs. those who did not report
any symptoms were compared on demographic characteristics
and academic and health history. They did not differ in their

FIGURE 1 | Network of symptoms during preseason baseline testing in student athletes with a history of mental health problems. Symptoms: balance, balance

problems; concen, difficulty concentrating; dizzy, dizziness; drowsy, drowsiness; emotionl, feeling more emotional; fallaslp, trouble falling asleep; fatigue, fatigue;

headache, headache; irritbl, irritability; lightsns, light sensitivity; memory, difficulty remembering; mentlfog, mentally foggy; nausea, nausea; nervous, nervousness;

noisesns, noise sensitivity; sad, sadness; sleep-, sleeping less than usual; sleep+, sleeping more than usual; slowed, feeling slowed down; tingle, numbness and

tingling; visual, visual problems; vomit, vomiting.

Frontiers in Neurology | www.frontiersin.org 5 March 2020 | Volume 11 | Article 175

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


Iverson et al. Baseline Symptom Architecture in Athletes

age, number of self-reported concussions, or their frequency
of reporting an ADHD diagnosis, learning disability diagnosis,
repeating a grade, receiving speech therapy, or receiving
treatment for a substance use disorder. Those participants
reporting symptoms were more likely to be girls (χ2 = 13.42, p<

0.001), report a history of special education services (χ2 = 4.56,
p = 0.033), and report previous treatment for headaches (χ2 =

23.51, p < 0.001), or migraines (χ2 = 7.56, p= 0.006).
The percentages of adolescent student athletes endorsing each

symptom, stratified by gender and by symptom severity, are
presented in Table 3. The sample used for analysis excluded
participants who did not endorse any symptoms on the

questionnaire, which lead to higher symptom endorsement
frequencies than would be observed if participants reporting
no symptoms were included. In Table 3, we also have included
frequencies of symptom endorsement for the larger sample
that includes those reporting no symptoms (n = 2,859), which
shows the differences in endorsement frequencies based on their
exclusion. Emotional symptoms, such as nervousness (boys =

46.6%, girls = 58.3%), irritability (boys = 37.9%, girls = 46.9%),
and sadness (boys = 38.7%, girls = 53.2%) were endorsed
frequently. Trouble falling asleep (boys = 50.4%, girls = 55.1%),
sleeping less than usual (boys = 43.8%, girls = 45.2%), and
fatigue (boys = 40.3%, girls = 45.2%) also were commonly

FIGURE 2 | Expected influence centrality estimates. The bootstrap means are presented in black and the sample means are presented in red. Symptoms: balance,

balance problems; concen, difficulty concentrating; dizzy, dizziness; drowsy, drowsiness; emotionl, feeling more emotional; fallaslp, trouble falling asleep; fatigue,

fatigue; headache, headache; irritbl, irritability; lightsns, light sensitivity; memory, difficulty remembering; mentlfog, mentally foggy; nausea, nausea; nervous,

nervousness; noisesns, noise sensitivity; sad, sadness; sleep−, sleeping less than usual; sleep+, sleeping more than usual; slowed, feeling slowed down; tingle,

numbness and tingling; visual, visual problems; vomit, vomiting.
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endorsed. Approximately half of the sample endorsed difficulty
with concentration (boys = 47.8%, girls = 46.9%), and a large
minority endorsed headaches (boys= 27.5%, girls= 41.8%).

Network Architecture of Symptoms
The network of symptoms is presented in Figure 1. Most
connections between symptoms were positive, indicating that
greater activation of one symptom is uniquely associated
with greater activation of other symptoms. One exception is
the negative correlation between sleeping more than usual
(“sleep+”) and sleeping less than usual (“sleep–”), which
is expected, and is illustrated in red. There was a strong
relationship between sleeping less than usual (“sleep–”)
and trouble falling asleep (“fallaslp”), and a fairly strong
relationship between sleeping less than usual and fatigue.
There was a very strong relationship between feeling
more emotional (“emotionl”) and sadness (“sad”). There
were relatively strong relationships between feeling more
emotional (“emotionl”) and nervousness (“nervous”) and
irritability (“irritbl”). There was a very strong association
between sensitivity to light (“lightsns”) and sensitivity to noise
(“noisesns”), between dizziness (“dizzy”) and balance problems
(“balance”), and between feeling mentally foggy (“mentlfog”)
and feeling slowed down (“slowed”). The stress-1 for the
MDS fit was 0.26 before adding the repulsion parameter. The
unrepulsed network had a highly similar layout with some
overlapping nodes.

Centrality Analyses
The results of the centrality analysis are presented in Figure 2.
Centrality is calculated as the sum of the edge weights
that connect a node (i.e., symptom) to other nodes in the
network, meaning the most central symptoms have the strongest
aggregate connections with other symptoms in the network.
Hence, the activation of a symptom having high expected
influence centrality statistically predicts the co-occurrence of
other symptoms strongly associated with it. The most central
symptoms in the network are dizziness (“dizzy”) and feeling
more emotional (“emotionl”), followed by feeling slowed down
(“slowed”). The centrality of these symptoms was significantly
greater than most other symptoms in the network. The
dizziness node shared most of its strong connections with
other physical and somatic-type symptoms, including balance
problems (“balance”), headache, nausea, and numbness and
tingling (“tingle”). The feelingmore emotional (“emotionl”) node
shared its strongest connection with sadness (“sad”), nervousness
(“nervous”), and irritability (“irritbl”). The feeling slowed down
(“slowed”) node shared its strongest connection with feeling
mentally foggy (“mentlfog”), and weaker associations with
diverse symptoms such as numbness and tingling (“tingle”), light
sensitivity (“lightsns”), and difficulty remembering (“memory”).
The difficulty concentrating (“concen”) node has its strongest
associations with difficulty remembering (“memory”) and feeling
mentally foggy (“mentlfog”), but it also has diverse associations
with numbness and tingling (“tingle”), feeling slowed down
(“slowed”), irritability (“irritb”), nervousness (“nervous”), noise
sensitivity (“noisesns”), and visual problems (“visual”).

Gender Differences
Using a networktree approach, we found no significant
differences in the structure of the symptoms between boys
and girls. Moreover, the NetworkComparisonTest revealed no
significant differences for global strength or network invariance.

Sensitivity Analyses
The association between node variance and strength centrality
was examined, and there was a weak relationship (r = 0.02),
suggesting that restricted ranges or differences in node variances
did not lead to biased centrality estimates. We also tested
for problematic topological overlap in the network, and the
goldbricker function revealed one potential overlapping node:
feeling more emotional (“emotionl”) and sadness (“sad”), which
had only 15% significant differences in topology. This may
indicate that these two nodes should be combined (averaged) or
that one of them should be dropped from the network, casting
some doubt on the central importance of this symptom, given
that connections may be due primarily to relationships with
overlapping symptoms (nodes). Given its conceptual relevance
to youth with a prior history of mental health problems, and
its logical coherence with these other nodes (symptoms), we
opted to preserve it in our interpretation of the results, although
with some caution. An unregularized partial correlation
network displayed consistent properties with the graphical
LASSO network.

Stability
The stability of the network in Figure 1 exceeded the threshold
for “good” stability (0.5), and in fact reached the maximum
tested stability threshold of 0.75. This indicates that at least 75%
of the sample could be dropped, and the expected influence
values from this subsample would correlate at r = 0.7 or more
with the original sample. In addition to the positive results from
the case-dropping bootstrap, the non-parametric bootstrap also
evidenced good stability. Confidence intervals were tight around
parameter estimates for centrality and edge weight. Difference
tests between parameters also consistently showed significance
when comparing nodes with high centrality to nodes with
low centrality.

DISCUSSION

To our knowledge, this is the first study to apply network
analysis to examine the architecture of baseline, preseason
symptom reporting in student athletes. We selected a sample
of particular interest—those with a prior history of treatment
for mental health problems—because (i) it is known that
they report more symptoms than the general population of
student athletes at baseline (38); (ii) their pattern of symptom
reporting can resemble the post-concussion syndrome at
baseline, prior to sustaining a sport-related concussion (38);
and (iii) prior mental health problems are a risk factor for
worse outcome and experiencing persistent symptoms following
sport-related concussion (1–3). When these “at-risk” adolescent
student athletes are seen in multidisciplinary specialty clinics
because they have persistent symptoms following concussion,
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clinicians can struggle to disentangle the extent to which
those symptoms reflect pre-injury dispositional characteristics,
ongoing neurobiologically-based symptoms associated with
injury, an emotional response to a specific persistent symptom,
such as headaches, a stress reaction due to being removed from
sports and falling behind academically, or some combination of
factors. Our network analysis provides information about the
inter-relations among symptoms that differs from other statistical
techniques, such as factor analysis (19, 39–41), and it identified
pairs and clusters of strongly interconnected symptoms that
reveal the nature of pre-injury symptoms in these young people
which could inform a more precise approach to post-injury
treatment and rehabilitation (4, 18).

As seen in Figure 1, there were strong and intuitive pairwise
associations between certain symptoms, such as (i) trouble
falling asleep and sleeping less than usual, (ii) dizziness and
balance problems, (iii) sensitivity to light and sensitivity to
noise, and (iv) poor concentration and trouble remembering.
As seen in Table 3, the frequency by which the boys and girls
endorsed those individual symptoms ranged from uncommon
to common, as previously described in a past study (38), but less
is known about how pairs of symptoms are associated. Knowing
that these symptoms are associated, and co-occur before injury,
can help clinicians better understand persistent or chronic
symptom reporting post-injury in youth with a history of mental
health problems.

Feeling more emotional was one of the most central and
interconnected symptoms in the network (see Figure 2), with its
strongest connections with the other emotional symptoms (see
Figure 1)—nervousness, sadness, and irritability—as expected.
These same symptoms tend to load on an emotional factor
in factor analytic studies with student athletes (19, 41). This
intuitive and expected finding aligns with previous research
that has demonstrated heightened emotional symptoms in
student athletes with pre-existing mental health problems (42)
and illustrates the importance of these emotional symptoms
based on their frequency of endorsement and centrality in the
symptom network. It is reasonable to speculate that treatment
designed to reduce emotional difficulties might dampen and
reduce other symptoms in the broader network, given their
interconnectedness. However, this would need to be examined
in youth with persistent symptoms following a concussion (and
not assume it to be true based on the nature of pre-injury
symptom reporting).

Interestingly, one of the most central and important
symptoms in the network was dizziness, and it was strongly
connected to other physical-somatic symptoms such as balance
problems, headache, nausea, and numbness and tingling.
Physical symptoms tend to cluster and co-occur in factor
analytic studies, but these symptoms are often distributed
across two factors, such as neurocognitive and somatic (41)
or cognitive-migraine-fatigue and somatic (19). Dizziness was
only endorsed by 13.5% of boys and 21.9% of girls, which
might be interpreted by some as prima facie evidence of that
symptom not being as important as others that are endorsed with
greater frequency. However, dizziness is a very central symptom
with connections to multiple other symptoms, illustrating how
physical post-concussion-like symptoms are inter-related, and

potentially mutually reinforcing, in the absence of injury—and
thus they could reflect emotional problems in some youth who
have chronic symptoms following an injury.

Another interesting finding was the absence of gender
differences in the network architecture of symptoms. It is well-
established in the literature that girls and young women report
more symptoms than boys and young men during preseason
evaluations (19, 22, 43). In this sample of boys and girls with a
history of treatment for mental health problems, the girls had
greater symptom reporting but the network interrelationships
among those symptoms did not differ from that of the boys. This
suggests that how symptoms are inter-related in boys and girls
with prior mental health problems is similar. Future researchers
need to determine whether there are gender differences in the
network structure of symptoms in subgroups of youth who are
slow to recover from a sport-related concussion.

This study provides some initial insight into symptom
networks among student athletes at-risk for prolonged recovery
following concussion, but also has several methodological
limitations. This study focused on student athletes with a history
of mental health problems, which was defined based on self-
reported history of psychiatric treatment. Although student
athletes who undergo repeated baseline testing are consistent in
reporting a history of clinical conditions [44], this method does
not allow for any specificity in regard to the what psychiatric
condition may have been treated, who diagnosed a psychiatric
condition, and the accuracy of any psychiatric diagnosis. Of
note, this variable is embedded within the ImPACT R© battery,
and although non-specific, the question itself reflects widespread
practice in baseline assessments of student athletes. This study
also involves only a single measurement occasion and does
not clarify the stability of a symptom network over time or
after a sport-related concussion. Lastly, the study only involved
analysis of the 22 items from the Post-Concussion Symptom
Scale, which is a commonly usedmeasure of symptom assessment
in clinical practice, but may exclude relevant variables that could
have an influence on the symptom network (e.g., perceived
life stress, other psychiatric symptoms). This limitation is
characteristic of many studies on student athletes, and future
large-scale data collection efforts may benefit from thoughtful
inclusion of additional variables that may contribute to a
symptom network.

Additional research using network analyses could advance
knowledge relating to symptom reporting in student athletes
both before and after a concussion, and potentially inform
precision rehabilitation for those who have specific clusters of
symptoms, are slow to recover, or who have symptoms that
persist for months (18). It would be useful to examine baseline
symptom reporting with network analysis in other populations
of student athletes with pre-existing developmental problems,
such as ADHD, or health problems, such as migraine, because
both are associated with greater baseline symptoms in general
(38) and can complicate recovery, return to school, and return to
sports following injury (3). Moreover, it would be of considerable
interest to examine the stability of symptom networks in
youth with pre-existing conditions, such as prior mental health
problems, ADHD, or migraines, by comparing their symptom
architecture over a 1-year or 2-years test-retest interval. This
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would help determine the extent to which the interrelations
among symptoms appear stable. Finally, and most importantly,
it will be important to apply this methodology to clarify how
symptom reporting in concussed athletes varies across different
time points following injury. Acutely following injury there is the
potential to use this methodology for prognostic reasons. During
the sub-acute and post-acute time periods, this methodology
might be helpful for understanding the inter-relations among
symptoms, especially in subgroups of athletes with more specific
prominent symptoms, such as visual-vestibular difficulties or
more pronounced emotional problems. By better understanding
the architecture of symptom reporting in student athletes before
and after sustaining a concussion, we might be able to better
design more targeted and effective treatment and rehabilitation
strategies for them.
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