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ABSTRACT OF THE DISSERTATION

Linking the Gap Between
Traumatic Brain Injuries and Cognitive Impairments
Through the Creation of
Machine Learning-Based Diagnostic and

Prognostic Clinical Tools

by

Sonya Arayi Ashikyan
Doctor of Philosophy in Psychology
University of California, Los Angeles, 2026
Professor Martin M. Monti, Co-Chair

Professor Barbara J. Knowlton, Co-Chair

A traumatic brain injury (TBI) is a condition in which normal brain function is disrupted because
of an external force which impacts the head. There are three main types of TBI: mild, moderate,
and severe, with sports-related concussions (SRC) being a subcategory of mild cases. Mild TBI
and sports-related concussions often involve slowed processing speed, attention deficits,
difficulty recalling memories, trouble sleeping, and mood swings. On the other hand, moderate-
to-severe cases involve more pronounced brain damage leading to challenges with language,

executive function, memory loss, and in many cases, death. In the United States alone, TBI is the



cause of over 5.3 million individuals living with a disability and each year an additional 1.7
million Americans also suffer across their lifespan, especially vulnerable groups, such as youth
and older adults. Moderate-to-severe TBI leads to about 52,000 deaths each year in the United
States alone, making it the main result of injury-induced death and disability with about 86% of
these deaths being caused by the withdrawal of life-sustaining therapy. The great majority of
those who do survive such an injury typically do not have a full recovery and are forced to live

with life-long impairments.

This dissertation offers and tests various solutions for the clinical and research settings discussed
in the first chapter, which presents a brief literature review of traumatic brain injuries. In the
second chapter, the relationship between clinical assessments and structural neural consequences
are investigated at the single mild TBI level. In the third chapter, the interaction between sleep
quality and structural and functional neural correlates are investigated in sports-related
concussions (SRC). The fourth chapter investigates the relationship between outcome measures
and the structural neural consequences of patients with moderate-to-severe TBI experiencing
disorders of consciousness (DOC). Lastly, the fifth chapter presents a tool that automates this
process by creating a machine learning based clinical tool which serves diagnostic and
prognostic purposes using the mild TBI dataset. Overall, this dissertation presents a series of
studies suggested to better understand the relationship between cognitive impairments and neural
states after a single mild TBI, sports-related concussions, and moderate-to-severe TBI, and offers
a solution to incorporate neuropsychological assessments in the real world setting through the

creation of a deep learning model.
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Chapter 1: Introduction to Traumatic Brain Injuries in Adults
1.1 Background

A traumatic brain injury (TBI) is defined as a condition which is characterized by the disruption
of normal brain function resulting from an external force impacting the head that may or may not
cause penetration (Capizzi et al., 2020). TBI can be caused by different types of impacts; direct
impact, acceleration-deceleration, and shock wave injury (Figure 1.1; Suer & Abd-Elsayed,
2020). Direct impact injuries occur when the head and an object meet at extreme force, leading
the brain to hit the skull. Acceleration-deceleration injury occurs when the head does not meet an
object; however, the force of accelerating then decelerating quickly leads the brain to hit the
skull. Lastly, like acceleration-deceleration injuries, shock wave injuries also do not occur from
the head and an object meeting impact and instead are obtained from a strong shock force such
as a blast explosion. TBIs are alarmingly prevalent, with over 5.3 million individuals in the
United States living with a disability caused by TBI, and an additional 1.7 million Americans
sustaining a TBI each year (Dixon, 2017). There are three main types of TBIs: mild, moderate,
and severe. Mild TBI, often referred to as a concussion, may involve the temporary loss of
consciousness or confusion and is typically associated with cognitive impairments such as
difficulties with attention and concentration, and slowed processing speed. Moderate and severe
TBIs, on the other hand, involve more pronounced brain damage including fractures of the skull,
traumatic hemorrhage, hydrocephalus, and can require emergency surgical removal of brain
matter, which can necessitate an extended period of pharmacologically induced coma (Taylor et
al., 2017). This leads to more profound cognitive impairments, including loss of consciousness

from several minutes to hours, significant memory deficits, difficulties with executive functions



such as planning and problem-solving, and challenges with language and communication
(Pavlovic et al., 2019).
1.1.1 General Population

Understanding TBI is of paramount importance for the general population due to its significant

global impact. In the United Kingdom, TBI is the primary cause of death and disability among

Direct impact injury Acceleration-deceleration Shock wave injury
injury

Figure 1.1. Types of impacts which cause Traumatic Brain Injuries (Suer & Abd-Elsayed, 2020)
individuals under 40 years old, highlighting its profound impact on the younger population.

Furthermore, in low-income and middle-income countries, higher rates of morbidity and
mortality are observed (Khellaf et al., 2019). In the United States, TBI is the leading cause of
death and disability among trauma patients, who are typically between the ages of 1 to 45 years
old, with over 50,000 deaths per year (Vella et al., 2017). Falls caused 35% of TBIs while motor
vehicle collisions caused 17%. These two causes of injury are the most common causes of TBI
and while motor vehicle collisions contribute to less of the percentage of cases, they are still
responsible for most of the fatalities caused by TBI (Vella et al., 2017). These statistics
underscore the urgent need to understand and address all three types of TBI, as it affects
individuals across all socioeconomic backgrounds and carries significant implications for public

health and the economy.



1.1.2 Sports-Related Concussions

Sports-Related Concussions (SRC) are typically due to both linear accelerations, causing
intracranial pressure, and rotational acceleration, causing the brain tissue to trigger a

microstructural strain response (Figure 1.2; Jordan, 2013). Although many sports require helmets

Figure 1.2. Types of sports-related concussions (SRC; Jordan, 2013)

Note. (a) Linear acceleration (b) Rotational acceleration (¢) Impact
deceleration (d) Secondary impact deceleration

as part of their uniform, helmets only mitigate linear acceleration forces, not rotational
acceleration. Unfortunately, it is suggested that this rotational acceleration is the main cause of
the SRC (McKeithan et al. 2019). In the United States, it is estimated that approximately 10% of
TBIs are attributed to sports and recreational activities (Sahler & Greenwald, 2012). The long-
term consequences of SRCs can have a significant impact on the well-being of athletes. Some
individuals may experience cognitive impairments years after their TBI occurred, with a clear
association between these deficits and multiple prior concussions. Studies show that former non-
professional American football athletes do not have an increased risk of being diagnosed with
neurodegenerative diseases in their lifetime. However, there is evidence suggesting that former

professional American football athletes are more likely to have an increased risk of experiencing



cognitive impairments and being diagnosed with neurodegenerative diseases (Manley et al.,
2017). For this reason, all athletes who are suspected to have obtained an SRC should be
diagnosed and examined for further spinal cord injuries. To prevent SRCs from worsening,
administrators should create a stricter removal-from-play protocol which will take SRC patient

injuries more seriously (Marklund et al., 2019).

1.1.3 Military Personnel

Research indicates that mTBI occurs in a considerable percentage in the veteran population,
ranging from 8-22% for United States soldiers who served in Afghanistan and Iraq only (Krainin
et al., 2011). The consequences of mTBI in veterans are far-reaching, as recent studies show a
56% increase in likelihood of developing Parkinson's disease (Gardner et al., 2018). Moreover,
between 5-35% of military personnel sustained a mTBI during their service, highlighting its
prevalence within this population (Lindberg et al., 2022). During the Global War on Terror, the

use of explosive devices led to a dramatic increase in blast injuries sustained by military
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Figure 1.3. Types of impacts of blast injuries (Weppner et al., 2019)

personnel with many of them obtaining a severe TBI because of shrapnel penetration to the head,



with about 70% of all injuries being blast injuries and about 30% being a result of gunshot
wounds (Figure 1.3; Weppner et al., 2019). To avoid further blast injuries, the overwhelming use
of explosive devices led to two thirds of the wartime evacuations (Lindberg et al., 2022). In all
TBI cases, the visual system is particularly vulnerable, as damage to the primary visual cortex
can lead to visual field impairments. 74% of individuals who obtained a TBI had experienced
visual impairments with 38% of them experiencing mild to complete blindness (Hussain et al.,
2021). With TBI research rapidly evolving, U.S. military guidelines must also be updated with

changes to discharge regulations that consider the severity of all types of TBI.

1.2 Levels of Severity

1.2.1 Glasgow Coma Scale Assessment

In assessing the severity of TBI, the Glasgow Coma Scale (GCS) is frequently used. The GCS
evaluates three main components to determine the level of consciousness and neurological
function following a TBI (Figure 1.4; Mehta et al., 2019). These three components use the
following scoring system: eye opening (maximum 4 points), verbal response (maximum 5

points), and motor response (maximum 6 points). These components combine into a total score

Eye opening Verbal response Motor response
e
T

Figure 1.4. Glasgow Coma Scale (GCS) Characteristics (Mehta et al., 2019)

which can thus range from 3 (indicating deep unconsciousness) to 15 (indicating normal



consciousness). This scale plays a crucial role in guiding treatment decisions and prognosticating
outcomes for individuals with TBI, aiding healthcare professionals in developing appropriate
intervention strategies tailored to the individual's needs. The GCS assessment is used to
distinguish the severity of TBI patients by classifying their symptoms within the categories of
TBI. A total score between 3-8 indicates a severe TBI, while a total score between 9-12 indicates
a moderate TBI, and a total score between 13-15 indicates a mild TBI (Table 1.1; Hassett, 2023).
Other ways of determining TBI severity include the analysis of post-traumatic amnesia and loss
of consciousness duration. Patients who experience post-traumatic amnesia for 0-24 hours are
characterized as mild, 24 hours-7 days are characterized as moderate, and more than 7 days are
considered severe. Additionally, patients who lose consciousness for 0-30 minutes are
considered mild, 30 minutes-24 hours are characterized as moderate, and any duration that is

longer than 24 hours is considered severe.

Injury severity Post-traumatic amnesia  Glasgow Coma Scale Loss of consciousness
Mild Oto24h 13to 15 0 to 30 min

Moderate >24hto7d 9to 12 >30minto24 h
Severe: >7d 3to8 >24h

Table 1.1. Three ways of determining the level of traumatic brain injury severity (Hassett, 2023)



1.2.2 Traumatic Brain Injury: Repetitive Mild

Physiopathology. Prior studies have also shown major impacts of demyelination after repeated
mTBI (rmTBI), specifically leading to double concentric myelin sheaths in key areas of damage

(Fehily & Fitzgerald, 2017). Due to the negative impacts of rmTBI, the brain copes by releasing
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Figure 1.5. Effects of damaged Blood Brain Barrier (BBB) post-
mild traumatic brain injury (mTBI; Wu et al., 2020)

an immune response which essentially increases the level of astrocytes as an effort to restore
neuronal shape (Hoogenboom et al., 2019). Another immune response to such injury includes
neuroinflammation which is a strong indicator of the true severity of the brain injury, causing
notable damage to the blood-brain barrier (BBB) and brain edema (build-up of fluid in brain
tissue; Figure 1.5; Wu et al., 2020). Severity includes the strength of impact, the number of

mTBIs obtained, and the duration of time passed between each injury. Ultimately, understanding



the neural consequences and cognitive impairments associated with rmTBI is essential for

recognizing the potential risks and developing strategies to mitigate long-term effects.

Chronic Traumatic Encephalopathy. Repetitive TBI can have significant consequences,
including the delayed manifestation of Chronic Traumatic Encephalopathy (CTE). CTE is
associated with psychiatric disturbances and often leads to major changes in personality and
suicidal behavior, especially among athletes. In addition to psychiatric symptoms, CTE is
characterized by dysarthric speech, tremors, attention difficulties, memory and executive
function deficits, incoordination, and pyramidal signs (hyperreflexia, Babinski sign, spasticity,
etc.) (Lohia & McKenzie, 2023). This condition is believed to result from progressive neuronal
loss, which develops over time (Galgano et al., 2017). These deficits are so significant that
epilepsy, depression, and Alzheimer Disease are strong predictors of whether an individual has
obtained repeated TBIs at some point in their life (Chauhan et al., 2022). Repetitive mild head
injuries, especially during the 6-month recovery period following a previous injury, can induce
long-term white matter pathology. These changes are correlated with behavioral deficits,
suggesting that the long-term consequences of repeated mild TBI may resemble the alterations
observed in moderate and severe injuries, reflecting the cumulative effect of subsequent mild

TBIs (Galgano et al., 2017).

1.2.3 Traumatic Brain Injury: Moderate-to-Severe

Non-Surgical Intervention: Ventilation. Since TBI patients are prone to experiencing high levels
of intracranial pressure (ICP), mechanical ventilators are often used to reduce these ICP levels
(Figure 1.6; Galgano et al., 2017). The most up-to-date recommendation for ventilation uses in
the first 24-hours after experiencing a TBI suggests maintaining normoxia (PaO2 60—100 mm

Hg) and normocapnia (intraarterial carbon dioxide partial pressure (PaCO2) 35-45 mm Hg; El-
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Swaify et al., 2022). Some specialists still suggest the use of hyperventilation to further lower

ICP levels because of its ability to cause vasoconstriction. However, the majority agree against
hyperventilation because it also leads to a decline in cerebral blood volume levels (Galgano et

al., 2017). Nevertheless, there is a consensus on the importance of ventilation balance, as poor
ventilation in severe TBI patients has been proven to spike mortality rates (Knapp et al. 2023).
On the other hand, mechanical ventilation also poses the risk of causing acute lung injury from
ventilator-induced lung injury and therefore must be used cautiously on this already vulnerable

population (El-Swaify et al., 2022).

Lastly, patients who need respiratory support for a long period of time after a TBI, such as those
in a comatose state in the ICU, are good candidates for a tracheostomy (Wiles, 2022). A
tracheostomy is the surgical procedure of opening a new airway in the trachea and placing a tube
through the newly created path (Robba et al., 2020). Early tracheostomy intervention (< 7 days)

has been proven to reduce rates of ventilator-associated pneumonia (VAP; Chorath et al., 2021).

Mechanical ventilator

blows air, or air with increased
Endotracheal tube goes oxygen, through tubes into
through patient’s mouth the patient's airways
and into the windpipe |

\\ =
Nasogastric tube goes \ i\
through patient's nose \ “‘gi—?“ -

and into the stomach ‘ \Tl

\'\77—7Air flowing to the patient

I\t // passes through a humidifier,
//# which warms and moistens
the air

//— Exhaled air flowing
away from the patient

Figure 1.6. Mechanical ventilation system (National Heart, Lung, and Blood Institute)

Non-Surgical Intervention: Medically Induced Comatose State. Medically induced comatose
states are administered to severe TBI patients who experience dangerously high refractory

intracranial hypertension even after surgical ICP-lowering therapy (Galgano et al., 2017).
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Clinicians achieve this state typically through the infusion of a benzodiazepine (ex. midazolam)
or a barbiturate (ex. pentobarbital), which aids in lowering the metabolic demands on the brain.
High metabolic demands on the brain put the patient at risk for pulmonary oedema, stress
myocardium, and hyperadrenergic response, which could potentially cause a secondary brain

injury (Kurni et al., 2023).

Surgical Intervention: Craniectomy & Craniotomy. In more severe cases, mechanical ventilators
cannot reduce ICP levels leading to intracranial hypertension and a decompressive craniectomy
(DC) or craniotomy is considered by physicians (Hutchinson et al., 2016). A craniectomy and a
craniotomy are surgical procedures which include the removal of the skull to relieve pressure on
the brain and therefore significantly reduce ICP levels. However, a craniotomy includes the
replacement of the removed portion of the skull, but a craniectomy does not immediately replace
the bone. In a decompressive craniectomy, after the skull is removed, later a cranioplasty (skull

reconstruction) is performed (Guo et al., 2022).

Refractory intracranial hypertension (RICH) occurs when a patient experiences high levels of
ICP for a prolonged period (10-15 minutes; (Menat et al., 2023). Patients who experience RICH
are good candidates for a decompressive craniectomy as it has been found to decrease mortality
rates and increase the likelihood of independent functioning at home (Stocchetti et al., 2017).
Prior results have proven that during a DC removing a larger portion of the skull, rather than
smaller, significantly improves outcomes (Dheansa et al., 2023). On the other hand, specialists
recommend against the use of bifrontal DC, even though the procedure does greatly reduce ICP
levels, it still leads to worsened outcomes when compared to continued medical management

(Marehbian et al., 2017).
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Early Posttraumatic Seizures. Moderate-to-severe TBI patients are at risk of experiencing early
posttraumatic seizures (EPS) which is associated with posttraumatic epilepsy (PTE). EPS has
also been proven to be a strong predictor of long-term impacts. In a follow-up study with patients
who experienced moderate-to-severe TBI two years prior, a significantly higher proportion of
patients who initially endured EPS were severely disabled or deceased. More specifically, about
25% of patients who endured EPS were deceased within the two-year period, while this was true
for only 14% of patients who did not experience EPS (Laing et al., 2022). Such a result might
indicate the need for greater attention toward EPS as it might be a key predictor of the

individual’s future health complications.

Patient Transfer. Patients who are diagnosed with a moderate-to-severe TBI at a general hospital
are sometimes transferred to regional trauma centers that specialize in posttraumatic treatments.
However, the opportunity to transfer to these centers is often not available for patients who are
older adults. In Central Norway, only 16% of patients who were 80 years old or older were
transferred to regional trauma centers and the remaining proportion was forced to seek care at a
general hospital. However, the specialized posttraumatic care that was provided at these centers
proved to be effective even in the older populations. The fatality rate of the older adults who
remained at the general hospital was 67%, while the fatality rate at the trauma centers was only
36% (Rahim et al., 2022). These findings suggest that specialized posttraumatic recovery centers
are effective for even the most vulnerable populations and therefore patient transfers from

general hospitals should not only be encouraged but should also be improved.

1.3 Outcome

Introduction. Depending on the severity of the TBI, it can take anywhere from months to years

for patients to return to work (RTW) or school, and in some cases, individuals do not return to

11



either of these activities. Here, we will discuss the duration of time needed for patients to RTW

across different levels of severity (Schneider et al., 2022).

Mild. Within the first 6-9 months of injury about 50% of patients had returned to work.
Additionally, patients who stated a greater feeling of fear avoidance were also less likely to
return within the 6-9-month period (Snell et al., 2023). Individuals who scored highly on the
Fear Avoidance Behavior after Traumatic Brain Injury (FAB-TBI) questionnaire worried that
returning to work and regular daily activities would trigger or worsen post-injury symptoms. A
focus on alleviating this fear would benefit the remaining 50% of individuals who were not able

to return to these activities in the stated period and would also aid in managing stress after injury.

Mild-to-Moderate. 60% of patients who followed the standard treatment plan, per the Oslo
University Hospital of Norway guidelines, returned to work within a 3-month period and 84% of
patients RTW within a 6-month period (Fure et al., 2021). However, in these cases, 6-months of
compensatory cognitive training and supported employment (CCT-SE) was shown to
significantly improve patients’ abilities to RTW compared to the patients who received standard
treatment care at the 3-month period in which 84% of these patients RTW. These findings
suggest that the patient’s ability to feel prepared to resume their prior daily life activities can be

reached quicker with the use of CCT-SE treatment.

Moderate-to-Severe. Lastly, the great majority of patients in this severity level typically either do
not RTW at all or return but with a dramatic decline of hours employed. Only about 16% of
patients returned to work within the first 6-months of injury, after the first 3-years of injury about
50% of patients reportedly returned (Spitz et al., 2019). These results are largely determined by

the type of disability obtained paired with a major loss of motivation.
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1.4 Neuropathology

1.4.1 Blood Biomarkers

Introduction. Scientific literature has continuously proven the importance of connecting blood
biomarkers with TBI recovery and outcomes. Blood biomarkers offer insight into the current
standing of the brain’s diverse responses to injury. Post-TBI injuries include neuroinflammation,
axonal injury, glial cell injury, neuronal cell injury, and extracellular vesicle injuries (Figure 1.7,
Ghaith et al., 2022). Moreover, specific blood biomarker levels can be assessed to diagnose or

predict the type of injury which occurred because of a TBI.
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Figure 1.7. Flow diagram of notable blood biomarkers for traumatic brain injuries (TBI; Ghaith et al., 2022)

TBI

Neuronal Cell Injury. Neuron-specific enolase (NSE) is an enzyme located inside neuron cell
bodies which is primarily responsible for neural maturation (Figure 1.8; Isgro et al., 2015).
Levels of NSE increase when a TBI is obtained leading to rapid cell proliferation. Extremely
high levels of NSE in the cerebrospinal fluid (CSF) indicate a high mortality rate, hence NSE is a

strong indicator of how likely a patient is to survive after a severe TBI is obtained (Zetterberg et
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al., 2013). Ubiquitin carboxyl-terminal hydrolase isoenzyme L1 (UCH-L1) is also an enzyme
located inside neuronal cell bodies, except it is responsible for breaking down unwanted proteins
to maintain axonal integrity (Bishop et al., 2016). High levels of UCH-L1 indicate

neurodegeneration taking place and is a sign of a brain injury.
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Figure 1.8. Diagram presenting where blood biomarkers are in the neuron (Zetterberg et al., 2013)

Glial Cell Injury. Glial fibrillary acidic protein (GFAP) is typically used to identify when a glial
cell injury has occurred with increased GFAP levels in a blood test indicating gliosis and
astroglia injury (Schnakers et al., 2021). GFAP levels of TBI patients have been found to
significantly correlate with structural changes found in computed tomography (CT) scan when
compared to healthy participants, suggesting that GFAP is a strong predictor of major structural
changes occurring post-TBI (Yue et al., 2020). On the other hand, S100 calcium-binding protein
B (S100B) is found in both Schwann cells and glia with increased levels in the blood post-TBI
due to its neurite extension promoting properties which are released immediately. These proteins

are quickly released to encourage the creation of new neuronal connections in dendrites and axon
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terminals. However, S100B rapidly decreases after the injury lasting in the body from minutes to

four hours, making it difficult to assess in patients (Hier et al., 2021).

Axonal Injury. Myelin basic protein (MBP) functions alongside the lipid bilayer to maintain
healthy myelin in neurons, making it highly concentrated in white matter tracts. Low levels of
MBP cause demyelination leading to the degradation of axons causing conditions such as
multiple sclerosis (MS). However, in TBI patients, MBP levels are eight times higher of those
who are healthy, and levels continue to remain abnormally high throughout the entire lifetime of
the TBI patient (Bohnert et al., 2021). An elevation of MBP levels is a strong indicator that the
TBI is either moderate or severe, determining diagnosis with 94% accuracy. In mild cases, TBI
causes mechanical deformation which forces calcium out of the neurons leading to a spike in tau
protein concentration (Flavin et al., 2023). Lastly, increased levels of tau proteins are often
viewed as strong predictors of slow recovery by a TBI patient, especially in severe cases, and are

quick and easy to detect by clinicians (Gan et al., 2019).

1.4.2 Genetics

Midkine. Midkine (MK) is a small protein which is upregulated in the adult brain to promote cell
proliferation, renewal, migration, and differentiation after TBI which results in
neuroinflammation and degeneration, especially after multiple injuries. Its main function is to
provide neuroprotection and neuro-generation to restore healthy neuronal functions as an
immune response (Ross-Munro et al., 2020). However, this neuroinflammation response has
been found to worsen other aspects of the brain (White et al., 2016). In an experimental TBI
study examining rodents, the disruption of the MK gene increased brain tissue filtration of
microglia and macrophages, which in turn reduced neuroinflammation and neuronal apoptosis,

especially at the targeted site of injury. This led to an improvement in behavioral outcomes with
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an increase in the speed of recovery as well (Takada et al., 2020). The disruption of the gene also
led to less brain tissue loss and decrease in apoptotic neurons, elimination of damaged/unwanted

cells, compared to rodents with the healthy MK gene.

ApoE4 Sham ApoE4 LFP

Figure 1.9. Mice brain post-repeated mild traumatic
brain injury (TBI) comparing apolipoprotein (APO) E3
gene and APOE4 gene (Giarratana et al., 2020)

APOEA4. Apolipoprotein E (APOE4) is a gene which is most known for severely increasing the
risk of Alzheimer’s disease dementia in humans without a history of TBI. It is most prominent in
individuals from European descent and increases the likelihood of Alzheimer’s disease diagnosis
by the age of 85 by 60% compared to all other APOE gene variations (Sienski et al., 2021).
Individuals who carry this gene and experience repeated mild TBI have significantly worsened
outcomes of TBI compared to other gene carriers due to severe levels of neuroinflammation,
apoptosis, p-tau, neurodegeneration, activated microglia, greater edema volumes, especially in
the hippocampus and cortex from baseline to 3 weeks post-TBI (Figure 1.9, Giarratana et al.,
2020). This leads to greater hippocampal damage which in turn causes more centralized impact
to functions of memory. The APOE gene has overall been found to be the most influential of the
other genes involved in post-TBI recovery response by impacting cognition, behavior/emotion,

survival/global functioning, and medical sequelae (Figure 1.10, Kurowski et al., 2017).
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Figure 1.10. Flow diagram depicting genes involved in traumatic brain
injury (TBI) recovery (Kurowski et al., 2017)

1.5 Patterns of Sleep

The sleep-wake cycle is driven by the circadian rhythm, which functions 24-hours at a time. In
healthy individuals, the number of hours spent awake positively correlate with the number of
hours then needed to sleep. The balance between both sleep and wakefulness is crucial; however,
this balance can be disrupted by all forms of TBI. In mild cases of TBI, 36% of patients
experienced circadian rhythm sleep disorder, 30% experienced insomnia, and 25% experienced
obstructive sleep apnea (Figure 1.11; Morse & Kothare, 2018). Other disorders of sleep were
also reported but were not as common among patients. This includes sleep apnea, periodic limb
movement disorder, and narcolepsy. After a brain injury is sustained, some of the most
frequently damaged regions include the hypothalamus, midbrain, and the suprachiasmatic nuclei;
all of which are a part of sleep regulating pathways (Singh et al., 2016). Circadian Rhythm Sleep
Disorder. Circadian rhythm sleep disorder is caused by damage to the hypothalamus, specifically

in the suprachiasmatic nuclei (Figure 1.12). These changes also lead to the reduction of
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melatonin production and decline of neurogenesis (generation and integration of new neurons)
and cell proliferation (cell growth and division). Irregular sleep-wake patterns reduced rapid eye
movement (REM) sleep, and delayed sleep phase syndrome are all results of these sudden

changes in the brain.

Insomnia. Patients diagnosed with insomnia struggled with both falling asleep and remaining
asleep. These patients experienced a heightened rate of anxiety and depression as well as a
prolonged phase of recovery, meaning that returning to work/school was more difficult (Wolfe et
al., 2018). 61% of patients who were diagnosed with insomnia had consistent symptoms even
after one-year post-injury (Bell et al., 2023). This further points towards the problem of TBI

patients going untreated for a long period of time. Sleep disturbances such as insomnia in
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Figure 1.11. Diagnosing Posttraumatic Sleep Disorders (Morse & Kothare, 2018)
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moderate-to-severe cases also led to delusions, apathy, and hallucinations up to one-year post-

injury (Poulsen et al., 2021).

Hypersomnia. While some TBI patients struggle with getting enough sleep, others struggle with
sleeping too much. Hypersomnia is also a common aftermath of obtaining a TBI and it is
characterized by excessive daytime sleepiness and difficulty remaining awake throughout the
day. This feeling of excessive sleepiness is not related to the amount of activity the patient
completed throughout the day but has instead been associated heavily by the patient’s stress and
anxiety levels (Portillo et al., 2023). Patients who have obtained a repetitive mTBI who also
experienced high levels of stress and anxiety are more likely to also experience hypersomnia
instead of insomnia. Furthermore, patients who were male were more likely to experience this

consequence than their female counterparts.

Sleep Apnea. There are three main types of sleep apnea: obstructive, central, and complex. In all
cases, breathing stops and starts again while the individual is asleep. This sleep disorder is

common among TBI patients with obstructive sleep apnea being the most prominent among the

Pathophysiology of Post-TBI Sleep Dysfunction
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Figure 1.12. Disorders of sleep impacting the brain (Bell et al., 2023)
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three and is specifically characterized by daytime sleepiness, early awakenings, nightmares, and
overall poor sleep quality. Patients diagnosed with obstructive sleep apnea suffered from worse
cognitive impairments, especially in functions of memory and attention when compared to TBI
patients without any sleep disordered breathing condition (Singh et al., 2016). Noncognitive, but
physical health concerns are also reported including an increase in blood pressure, pulse rate, and
blood sugar levels, all of which combine to create an increased risk of cardiovascular disease
(Weymann & Rourke, 2021). Notably, evidence of histaminergic tuberomammillary neuron
impairment after severe TBI has found a loss of approximately 41% of these wake-promoting
neurons, coupled with the 29% loss of melanin-concentrating hormones and 21% loss of orexin
A neurons (Valko et al., 2015). Damage to the neural integrity of these regions lead to the
increased need of sleep which is what causes daytime sleepiness among patients diagnosed with

obstructive sleep apnea or hypersomnia.

1.6 Other Considerations

1.6.1 Behavioral & Psychological State

Mild. Even the least severe type of TBI, mild cases, is strongly associated with increased
symptoms of depression, anger, and risk of committing suicide. However, the driving cause of
the high risk of suicide is more so due to high levels of anger rather than levels of depression
(Stanley et al., 2017). Symptoms of depression in mild TBI patients are so severe that they
mirror the symptoms experienced by patients diagnosed with Major Depression Disorder (MDD)
who have no history of any type of TBI (Silverberg & Panenka, 2019). Other mental health
issues also arise after a mTBI is sustained with about 88% of patients being clinically diagnosed
with PTSD, 65.9% reporting alcohol abuse, 65.9% reporting symptoms of anxiety and 68.3%

reporting anger dysregulation (Figure 1.13; Wojtowicz et al., 2017). These large percentages of
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diagnoses are partly due to increased comorbidity post-TBI with 22% of patients being
diagnosed with two or more mental illnesses and 23% being diagnosed with three or more

conditions.

Moderate-to-Severe. Personality changes are especially life changing for msTBI patients when it
comes to one’s ability to maintain prior and new social relationships. These changes include
severe irritability, impulsivity, aggressive behavior, suspiciousness, apathy, and affective
instability all of which are characterized as Personality Change Due to Another Medical
Condition in the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5;
Howlett et al., 2022). Mood swings/emotional instability worsen these extreme emotional

changes and patients often lack awareness of these changes ever taking place. Patients also have
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a difficult time recognizing others’ emotion, experience altered self-awareness, worsened theory

of mind capabilities, and hindered decision-making abilities (Calvillo & Irimia, 2020).

1.6.2 Attention & Processing Speed

Mild. Difficulties in maintaining attention and slowed processing speed is often reported in TBI
patients. Patients with mild cases of injury showed hindered performance on the ability to
maintain visual attention compared to healthy subjects after completing the multiple object
tracking (MOT) task (Alnawmasi & Khuu, 2022). More specifically, as the number of visual
targets to be tracked or number of distractors present on the screen increase, accuracy in visual
detection decreased more significantly when compared to healthy controls. Additionally, as the
tracking duration increased, detection abilities also decreased. In conclusion, a single mild TBI is

enough to significantly impair visual attention capabilities.

Moderate-to-Severe. After injury, about 60% of moderate-to-severe TBI patients experienced
continuous hindered attention, which lasted for 10 or more years (Ponsford et al., 2023). On the
other hand, 40-60% of mild cases experienced attention deficits, which only lasted a few months
then resolved entirely (Polich et al., 2019). In moderate-to-severe subjects, information
processing speed declines so significantly that social interactions are negatively affected
therefore causing mental fatigue (Schiff et al., 2023). Abilities related to organization and

switching tasks are also worsened after injury.

1.6.3 Learning & Memory

Mild. Up until recently, the memory deficits of mTBI remained unknown. However, current
findings provide evidence of significant decline in episodic memories, with intact semantic

memories. More specifically, poor performance of verbal and associative episodic memories in
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mTBI patients was associated with low fractional anisotropy (FA) in the fornix and hippocampal
formation (Wammes et al., 2017). Low FA indicates abnormal directional diffusion of fluids in
the brain, which offers more information in understanding the state of white matter tracts, such
as providing evidence of abnormal directional diffusion. Patients with mild injuries also show
deficits in their working memory, specifically when completing dual task conditions, by
exhibiting slower processing rates, lower accuracy levels, and were more sensitive to distractors.
Executive functions were impaired as well; mTBI patients recalled approximately 15% to 18%
fewer words than healthy participants when completing the Hopkins Verbal Learning Test-

Revised (HVLT-R) (Broadway et al., 2019).

Severe. It is not uncommon for patients who experience a severe TBI to fall into a comatose
state. Generally, the patients who awaken from this state also experience post-traumatic amnesia
(PTA), which is accompanied by the inability to determine the current time and place, as well as
receive and store information that is new to them (Azouvi et al., 2017). Additionally, these
individuals have retrograde amnesia; however, memories slowly return to the patient as they
become comfortable with their post-comatose state. Unfortunately, in 67.5% of these patients,

difficulties with recalling old memories remain a problem even four-years post-injury.
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Experimental. Experimental TBIs in rodents offer deeper insight into individual neuronal
damage after a brain injury is sustained. The hippocampus is one of the most prominent brain
regions for studying learning and memory. Progenitor cells within the hippocampus are
proliferating cells which have the capability to create newborn neurons from the sub-granular
zone to the dentate gyrus where they eventually become adult neurons (Figure 1.14). These
newborn neurons are involved in learning and memory, especially goal-directed functions using
pattern separation methods. TBIs target these newborn neurons and lead to a decline in their
population, hence changing hippocampal neurogenesis while causing the hyper-proliferation of
progenitor cells (Figure 1.15; Redell et al., 2020). This leads to deficits in goal-directed learning
and memory functions, especially when involving pattern separations after a TBI is sustained.
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Chapter 2: Clinical Assessments and Mild Traumatic Brain Injury

2.1 Abstract

Introduction. Mild traumatic brain injury (mTBI) triggers, through biomechanical strain, a
neurometabolic cascade and network dysfunction that is difficult to characterize, in vivo, in the
clinic and thus to relate to the cognitive, emotional, and behavioral sequelae of such injuries.
Here we leverage a recent multimodal fusion technique to integrate data from multiple Magnetic
Resonance Imaging (MRI) modalities, each sensitive to different aspects of the mTBI
pathophysiology, and associate its change to different profiles on self-report measures of post-

traumatic stress, depression, and resilience.

Methods. Prospective longitudinal neuroimaging and neuropsychological data following mild
TBI were acquired from the Federal Interagency Traumatic Brain Injury Research (FITBIR)
Informatics System. In the final analyzed sample of 67 individual patients, data included
multiple neuroimaging modalities (T1-weighted, T1w; multi-echo T2-weighted, T2w;
susceptibility-weighted imaging, SWI; and Fluid-Attenuated Inversion Recovery, FLAIR),
collected within 24h post injury and at 3 months, and multiple self-reported measures of mental
health (e.g., Posttraumatic Stress Disorder Checklist for Acute Stress Disorder, ASD; Center for
Epidemiologic Studies-Depression Scale, CESD; and Connor-Davidson Resilience Scale,
CDRISC) collected within 24h post-injury, as well as at 1 week, 1 month, and 3 months post
injury. The scores in mental health measurements were entered in a functional data analysis
(FDA) with clustering to assess the presence of groups of individuals with different mental
health profiles over time. Neuroimaging data were preprocessed (e.g., brain extracted,
transformed in standard template space) and entered in a non-parametric combination (NPC)

analysis, as implemented in FSL-PALM (Permutation Analysis of Linear Models), to correlate

25



baseline, follow-up measurements, as well as their change between the two timepoints, to mental

health profiles (as detected with FDA), while controlling for additional variables (e.g., age, sex).

Results. The FDA clustering on the neuropsychological data revealed two distinct clusters of
individuals: patients self-reporting high resiliency levels and low PTSD-ASD and depression
ratings (Resilient group; n=59) and patients self-reporting the opposite pattern (Stress group;
n=31). A repeated measures ANOVA shows, for all three scores, a significant cluster by time
interaction. As assessed with the NPC approach, the two mental health clusters exhibited
significantly different patterns of change over time in multimodal imaging in deep parts of the
brain mostly localized to deep white matter (p<0.05). Analysis of the contribution of individual
modalities shows brain-wide significant differences between the two groups driven mainly by
T1, T2w, and FLAIR, particularly high signals in major white matter tracts in the stress group

suggesting possible neuroinflammation and demyelination.

Conclusion. Our finding in the neural change analysis shows significant and notably high T1,
FLAIR, and T2w ME signals in the stress group but not the resilient group. This indicates
possible demyelination and inflammation in major white matter tracts for the stress group only,
particularly for regions responsible for emotion regulation. Moreover, after a single mild TBI,
some subjects experience significant demyelination of major white matter tracts related to
emotional regulation which correlates to clinically high scores of PTSD-ASD and depression.
For future direction, we plan to create a machine-learning model which categorizes new patients
in either the stress group or resilient group and predicts neuropsychological and neural changes
3-months post-injury. Our research aims to highlight the individualized experience of patients

diagnosed with the same condition.
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2.2 Introduction

Traumatic Brain Injury (TBI) is a devastating condition that affects millions of individuals
worldwide and has gained significant attention in recent years due to its associated cognitive
impairments and long-term consequences. As a result, individuals with TBI often face challenges
in various aspects of their daily lives, including school/work, relationships, and overall quality of
life. In the United States alone, TBI is the cause of over 5.3 million individuals living with a
disability and each year an additional 1.7 million Americans also suffer across the lifespan, and
vulnerable groups, such as youth and older adults, in particular (Dixon, 2017). At the lower end
of the severity spectrum, approximately 42 million individuals globally suffer from mild TBI
(mTBI) each year (Gardner & Yaffe, 2015), defined as a blow to or jolting of the head causing
an acute disruption of brain function, manifested by a brief loss of consciousness, confusion, or
transient posttraumatic amnesia not accounted for by factors such as psychological trauma or
alcohol/drug intoxication (Holm et al., 2005). Additionally, between the years 2000 and 2022,
almost half a million U.S. military personnel sustained a TBI, 80% of which were cases of mild

TBI specifically, as stated by the Defense and Veterans Brain Injury Center (DVBIC).

Although 90-95% of individuals with mTBI show no notable intracranial injury as observed
with CT, other biomarkers can reveal evidence of brain damage (Maas et al., 2022). Some blood-
based biomarkers sensitive to astrocytic and neural damage, for example, have shown to be
elevated following mTBI and to distinguish individuals with mTBI from contact sport controls
(Shahim et al., 2014; Meier et al., 2020; Giza et al., 2021; McCrea et al., 2020). Nonetheless,
possibly since these biomarkers are very sensitive to non-mTBI features (e.g., age, assessment
time), their performance is currently less high than desirable (i.e., up to 80%; Posti & Tenovuo,
2022). Advanced Magnetic Resonance Imaging (MRI) techniques are also able to detect
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signatures of brain injury that go undetected in CT or visual examination of clinical MRI
assessments (Maas et al., 2022). For example, prior work using Fluid-Attenuated Inversion
Recovery (FLAIR) MRI data in TBI found white matter hyperintensities in over half the patients
(Riedy et al., 2016). Similarly, susceptibility weighted imaging (SWI) has also found evidence of

microhemorrhages in individuals with mild TBI (Trifan et al., 2017).

The case for multimodal imaging. While this research has shown promising results, there
remains significant variability in findings across studies (Sassani et al., 2025; Joyce et al., 2022;
Lindsey et al., 2023; Wang et al., 2020). One still underexplored avenue in this context is the use
of multimodal MRI as a means of increasing sensitivity to brain-behavior associations (Narayana
et al., 2015; Sibilia et al., 2023; Lunkova et al., 2025). Different MRI sequences are differently
sensitive to the signatures of brain tissues and might thus be uniquely sensitive to different
aspects of the pathophysiology of mTBI (Sassani et al., 2025; Giza et al., 2018; Levin et al.,
2013; Chen et al., 2025). Indeed, susceptibility-weighted imaging (SWI), is ideal to detect micro-
hemorrhages (Halefoglu & Yousem, 2022; Hageman et al., 2022; Huang et al., 2015), diffusion
weighted imaging (DWI) can detect white matter lesions and characterize edema (Drake-Perez et
al., 2018; Mascalchi et al., 2005; Romano et al., 2003), fluid-attenuated inversion-recovery
(FLAIR) sequences are sensitive to axonal injury and burden of white matter hyperintensities
(Riedy et al., 2016), while T1-/T2-weighted imaging (T1w,T2w) are ideal to detect structural and
volumetric changes (Lutkenhoff et al., 2020). In what follows, we leverage a previously acquired
longitudinal dataset (Robertson et al., 2017) to assess the ability of multimodal MRI fusion to
uncover associations between brain tissue following mTBI and self-reported measures of

depressive symptom burden, post-traumatic stress symptomatology, and resilience, which are
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linked to quality of life, risk of suicide, substance-use disorders, and mood and sleep disorders

(Kim et al., 2023; Haagsma et al., 2015; Stein et al., 2019; Bryan et al., 2013).

2.3 Methods

Data description. Data employed in the present work were acquired from a prior study aimed at
assessing the safety and efficacy of atorvastatin in a continuous sample of post-concussion
individuals (clinical trial NCT01013870; Robertson et al., 2017) and downloaded from the
Federal Interagency Traumatic Brain Injury Research (FITBIR) informatics system. In the
original study, a total of 177 individuals, including 104 with mTBI, were enrolled in a
prospective clinical trial collecting, at multiple timepoints (up to 6 months), outcome information
(e.g., return to work or school), imaging data, and a battery of questionnaires assessing
symptoms, mental health, substance-use risk, cognition, functioning, among others (cf.,
Robertson et al., 2017 Fig 1 and Table 1 for details of the full clinical trial). Participants enrolled
in the TBI group were characterized as mild on the basis of international criteria (i.e., GCS
between 13-15, loss of consciousness for less than 30 minutes, less than 24-hours of post-
traumatic amnesia; Malec et al., 2007), presented normal computed tomography scans (i.e., no

complicated mTBI), and did not report prior neurological and/or psychological conditions.

Analyzed sample. The original data set included 177 subjects in both groups, case and control;
however, the control group was excluded leaving 104 subjects. From this sample size, 14 more
subjects were excluded due to missing mental health questionnaire data. Therefore, the analysis
of mental health questionnaires included the sample size of 90 subjects, but due to missing
imaging data, the imaging analysis included only 67 participants (see Figure 2.2— the data

flowchart). The age range for the mental health analysis was between 18 to 49 with the average
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age being 29.5, 26 of the subjects were female (n=90). The age range for the imaging analysis

was between 18 to 49 with the average age being 29.5, 16 of the subjects were female (n=67).

Cognitive Data. Three questionnaires were considered in the present work. Center for
Epidemiologic Studies Depression Scale (CES-D) is a 20-item self-reported questionnaire aimed
at assessing recent depression symptomatology frequency (with higher scores implying greater
symptoms; Radloff, 1977). Posttraumatic Stress Disorder Checklist Civilian Version - Appendix
for Acute Stress Disorder (PTSD-ASD; Weathers et al., 1993) is a 17-item self-report
questionnaire for assessing key symptoms of PTSD through a 5-point scale (1-5) rating system
with higher values indicating worse symptoms of PTSD. Connor-Davidson Resilience Scale
(CDRISC; Connor & Davidson, 2003) is a 25-item self-report assessment with each question
rated on a 5-point scale (0-4) with a higher score rating more resilience through measuring stress

coping mechanisms.

Each questionnaire was administered longitudinally at five time points: less than 24-hours post-
injury (baseline), 1-week post-injury, 1-month post-injury, 3-months post-injury, and 6-months

post-injury (Figure 2.1).
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Figure 2.1. Diagram of data collection structure
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Imaging Data. Five MRI modalities were collected: Fluid-Attenuated Inversion Recovery
(FLAIR), Susceptibility-weighted imaging (SWI), multi-echo T2-weighted (T2w), and T1-
weighted (T1w). All images were obtained using a 3T Philips scanner. For the T1 modality, the
repetition time (TR) is 8.07ms and echo time (TE) is 3.68ms. For the T2w echo 1 and echo 2
scans, the TR is 509.99ms and the TE is 16.00ms, while for the FLAIR modality, the TR is
8,000.00ms and the TE is 337.16ms with an inversion time of 2,400ms. Lastly, for the SWI

modality, the TR is 50.00ms and the TE is 40.00ms.

All MRI modalities were collected at two timepoints; baseline and 3-months post-injury (Figure
2.1). Ultimately, the imaging data included 67 subjects across four modalities (T1, T2w ME,
SWI, and FLAIR) in three timepoints (baseline, 3-months post-injury, and difference), totaling

804 scans being processed for the final analysis.

Questionnaire Data Analysis. Given the longitudinal nature of the data, the total score of each
questionnaire (i.e., ASD, CES-D, CD-RISC) at each of the four timepoints (baseline, 1 week, 1
month, 3 months) was entered into a functional data analysis (FDA; Wang et al., 2016) with
clustering aimed at grouping participants into different clusters capturing, on the basis of the
scores’ evolution over time, different post-injury mental health phenotypes. The FDA was
performed in Matrix Laboratory (MATLAB; The MathWorks Inc., 2022). First, a cubic
polynomial regression model was fit to each subject's data to create smooth functional
representations to capture the underlying trend while minimizing noise (Ramsay & Silverman,
2005). Second, a functional Principal Component Analysis (fPCA; Greven et al., 2011;
Silverman, 1996) was performed on the transformed data to reduce dimensionality while
preserving the most informative variance in psychological recovery trajectories, retaining
components explaining at least 95% of the variance. Finally, to discover distinct post-injury
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trajectory phenotypes, a k-means clustering (with 10 random replicates to ensure stability) was
run over candidate solutions (over the interval £ = 2-8) in the reduced PC space (Steinley, 2006).
The solution (k) yielding the highest mean silhouette coefficient (Roisseeuw, 1987; Shahapure &
Nicholas, 2020) was selected as the optimal number of clusters. The selected k-means solution
(i.e., number of clusters) was thus used to group participants into a post-injury mental health
trajectory phenotype. Finally, a Repeated Measures Analysis of Variance (ANOVA) accounting
for sex and age was performed, on each of the three questionnaire’s timeseries, using Jeffreys'
Amazing Statistics Program (JASP; JASP Team, 2025), to describe the characteristics of the
obtained post-injury mental health trajectory phenotypes.

Imaging Data Analysis. For each participant, each image modality at each timepoint was first
processed with FMRIB Software Library (FSL)’s fs/_anat to produce bias corrected images
(Jenkinson et al., 2012). All images were then skull-stripped using FreeSurfer’s SynthStrip
function and registered to standard T1 Montreal Neurological Institute (MNI) space at 2-
millimeter (mm) resolution using FreeSurfer’s SynthMorph (Hoopes et al., 2022; Hoffman et al.,
2022). For the T2w scans, the first echo time was 16 milliseconds (ms), and the second echo time
was 32ms. Using both provided echo times, a new combined T2w modality was created called
T2-weighted multi-echo (T2w ME; Schall et al., 2018; Halder et al., 2023). Moreover, the
analysis was done in four modalities T1, T2w ME, SWI, and FLAIR. To assess any association
between multimodal brain data and mental-health phenotype (i.e., the clusters obtained over the
questionnaires described above), images were entered into FSL’s Permutation Analysis of Linear
Models (PALM) tool to perform a Non-Parametric Combination (NPC) test for joint inferences
(Winkler et al., 2014; Winkler et al., 2016). As described previously (Winkler et al), NPC

provides a robust, distribution-free, voxel wise inference approach to integrate information
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across multiple imaging modalities into one coherent test. To this end, NPC first conducts
“partial tests” with a permutation-based approach on each modality separately, generating u-
values for each voxel — a quantity derived from the principles that underlie direct combination of
statistics, that behaves similarly to p-values while allowing for combination that would otherwise
not be feasible given the size of MRI data. Importantly, the permutations in each partial test are
synchronized across modalities, meaning that for each permutation subject labels are shuffled in
the same way in all modalities. These modality specific u-values are then combined, at each
voxel, thus producing a single joint statistic that reflects evidence across partial tests while

accommodating cross-modality dependencies.
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Figure 2.2. Diagram of data exclusion and data analysis
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Here, we apply the NPC approach to perform three separate analyses aimed at assessing
associations between mental-health trajectory phenotype (i.e., cluster membership) and
multimodal data at baseline, multimodal data at 3 months, and change in multimodal data
between the two timepoints, respectively. In addition to cluster membership, the independent
variable of interest, all analyses also included age, sex, and drug condition (i.e., atorvastatin
versus placebo) as covariates to parcel out their effect on any association between brain data and
mental-health phenotypes. Analyses were performed in PALM, and inferences were based on a
non-parametric approach (with 5,000 permutations) with familywise correction for multiplicity
(Threshold-Free Cluster Enhancement, TFCE; Smith & Nichols, 2009). Whether or not the
signal of each modality was high was determined using the t-statistic voxel values, where
positive values indicate positive Contrast of Parameter Estimates (COPE; Lindquist et al., 2012).
Significant results were visualized using MRI Conversion, Viewing, and Analysis Graphics
Library (MRIcroGL Rorden, 2025). The atlas parameters include a threshold intensity of 0.95,
neighbors with 6 faces, and bimodal results with a minimum cluster size of 0 mm?. Lastly,
networks were defined using European Brain Research Infrastructure’s (EBRAINS) Software
Interfaces for Interacting with Brain Atlases’ (Siibra Explorer) Multilevel Human Atlas with the

MNI 152 ICBM 2009¢ Nonlinear Asymmetric template (Amunts et al., 2020).
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2.4 Results

Post-injury mental health phenotypes. The FDA with k-means clustering analysis returned two
post-injury mental-health trajectory phenotypes when using four timepoints: baseline, 1-week, 1-
month, 3-months post-injury. The 6-month timepoint was excluded because the imaging data
only went up to the 3-month point. One cluster (henceforth, resilient cluster; n =59, 28.8%
female) showed lower symptom burden and higher resilience (ASD: M = 30.07, SD = 7.96;
CES-D: M =6.50, SD = 5.82; CD-RISC: M = 85.86, SD = 12.03), whereas the other
(henceforth, stress cluster; n =31, 29% female) showed higher symptom burden and lower
resilience (ASD: M = 50.81, SD = 15.13; CES-D: M =19.01, SD = 10.34; CD-RISC: M = 75.33,
SD = 17.76; Figure 2.3). The two clusters did not differ significantly on age (Mann-Whitney
U=851, p=0.592) or sex distribution (%> (1) = 0.000, p = 0.983). As described through individual
repeated measures ANOV As, all three questionnaires exhibited a significant time by cluster
interaction (using a Greenhouse-Geisser correction due to a significant deviation from sphericity,
as assessed with the Mauchly test; ASD: F(2.233, 189.823) = 12.862, p<0.001, ®?, = 0.053;
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CES-D: F(2.645, 224.784) = 5.990, p = 0.001, 0% = 0.025; CD-RISC: F(2.296, 195.167) =
6.197, p=0.002, * = 0.016). A main effect of cluster was observed for both the ASD and CES-
D scores (ASD: F (1, 85) =105.27, p <0.001, * = 0.545; CES-D: F (1, 85) =70.98, p < 0.001,
®? = 0.446). Finally, apart from the main effect of time (F (2.233, 189.823) = 10.035, p<0.001,
®? =0.041) and sex (F (1, 85) =4.406, p = 0.039, ®* = 0.038) for the ASD questionnaire, no

other significant effect or interaction (e.g., with age or sex) were detected (Figure 2.4).
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Figure 2.4. Stress and resilient clusters represented by individual neuropsychological test scores

Note. Horizontal dashed lines indicate the cutoff for clinical acute stress disorder and clinical depression score, and
the average general population resilience score, for ASD, CES-D, and CD-RISC, respectively. See supplementary
online materials for further details. (Abbreviations: bas., baseline; 1w, 1-week post-injury; 1m, 1-month post-injury;
3m, 3 months post-injury.)
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Neuroimaging analysis. Multimodal analysis of the association between post-injury mental-
health trajectory phenotypes and multimodal imaging returned no results for either baseline or 3
months data. However, extensive associations were detected when relating the mental-health
trajectory phenotypes to change over time of multimodal MR data.

Figure 2.5. Permutation analysis of linear models (PALM) results

1-P

All Modalities

T1-Weighted (T1)

Fluid-Attenuated
Inversion Recovery

T2-Weighted Multi-
Echo (T2w-ME)

-35 -20 0 10 35 50

Note. PALM paired with the non-parametric combination (NPC) approach to compare the difference within mild traumatic brain
injury (mTBI) patients 3-months post-injury and immediate post-injury (baseline) scans while also comparing across two groups
within the patient population; patients with high stress (stress group) and patients with high resilience (resilient group). All
analyses covaried for age, sex, and drug condition. The underlying image is the standard MNI template. The red-yellow color bar
indicates statistical significance with more yellow voxels being of higher significance (1-P-value; p<=0.05). (A) Statistically
significant difference between the stress group and the resilient group combined across all four modalities. (B) T1-Weighted
modality (C) Fluid-Attenuated Inversion Recovery (FLAIR) modality (D) T2-Weighted Multi-Echo (T2w ME) modality.
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All Modalities. The multimodal NPC analysis combining the four modalities revealed significant
brain differences across the Stress and Resilient groups. The findings indicate the overlapped
high signals across all modalities for the Stress group in the difference between the patient’s 3-
month scan compared to their baseline scan, particularly in the Pars triangularis and superior
frontal gyrus bundles (Figure 2.5A). Using the cluster peaks for each modality, the network
associated with the regions within the cluster allows for a deeper dive into the function impacted
as a whole, particularly using the fiber architecture parcellations. In the across all modality
results, the cluster peak was 7,562 mm? (-9.4x-14.2x37.4) which largely includes the left short

cingulate fibers (Guevara et al., 2019; Movahedian Attar et al., 2020).

T1. When looking at the partial analyses for the same comparison (i.e., change over time for
Stress group compared to Resilient group), several significant differences were observed in the
T1 modality. In the T1 modality results, the cluster peak was 1,145 mm? (-53.6x-64.3x-17.9)

which is largely dominated by cortical and subcortical white matter intensities (Figure 2.5B).

FLAIR. The individual analysis of the T1 modality in the difference analysis compared the Stress
group and Resilient group. The findings indicate high T1 signals for the Stress group in the
difference between the patient’s 3-month scan compared to their baseline scan, particularly
across major white matter tracts. In this modality, a high signal typically indicates structural
neural changes (Figure 2.5C). In the FLAIR modality results, the cluster peak was 297,662 mm?
(37.8%30.1x36.6) which largely includes the right rostral middle frontal gyrus (Labra-Avila et

al., 2023; Japee et al., 2015).

T2w ME. The individual analysis of the T2w ME modality in the difference analysis compared

the Stress group and Resilient group. The findings indicate high T2w ME for the Stress group in
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the difference between the patient’s 3-month scan compared to their baseline scan, particularly in
the frontal lobe. In the T2w ME modality results, the cluster peak was 1,449 mm?
(12.0%x22.0%26.3) which largely includes the right short cingulate fibers (Figure 2.5D; Guevara
et al., 2018). In this modality, a high signal typically indicates demyelination. Within the
difference PALM analysis, follow-up analyses were completed, which found no significant
difference between ages, sexes, and drug condition. There was also no interaction between group

and sex and no interaction between group and age.
SWI. There is no significant finding in this modality.
2.5 Discussion

This evidence suggests that a single mild TBI causes a major increase in T1, FLAIR, and T2w
ME signals which indicate possible demyelination, neuroinflammation, and structural neuronal
change in the difference between the 3-months MRI scan and baseline post-injury scan for
patients with clinically high levels of PTSD and Depression when compared to subjects with

above average resilience.

Our findings confirm prior work which was done by Lindemer and colleagues (2013), which
found a strong relationship between both PTSD and mTBI and reduced cortical thickness. These
findings were more prominent compared to patients who only had PTSD, suggesting that mTBI
heightens the effects that PTSD causes on cortical thinning. Other work also found whole brain
level white matter reduction for patients diagnosed with PTSD and mTBI (de Souza et al., 2023).
In addition to cortical thinning and white matter specific damages, certain regions in the brain
have been found to be more vulnerable to PTSD. Variance in the superior frontal cortex has been

found to be a clear predictor of PTSD with emotional processing networks having the strongest
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impacts (Stein et al., 2021; Jagger-Rickels et al., 2022). Prior work has been done supporting the
microscopic demyelination effects in white matter tissue in patients with TBI and PTSD
(Spadoni et al., 2018). This supports our results which also investigate the comorbidity effects of
PTSD and mTBI, in addition to depression, finding high T2w ME signals indicating possible
demyelination, especially in the frontal lobe, as well as high T1 signals across white matter tracts
at the whole brain level. While other studies also consider the comorbidity effects of PTSD and

mTBI, they miss the key effects of depression, which our study aims to provide.

Although literature exists discussing the neural consequences of depression, measured by the
CES-D, the joint comorbidity effects paired with mTBI and PTSD are largely missing. However,
literature focusing on depression alone has found effects of smaller total brain volume and larger
white matter hyperintensities (Geerling et al., 2012; Qiu et al., 2017; Godin et al., 2008). Our
results stated large whole brain white matter hyperintensities through our T2w ME modality,
suggesting that a single mTBI induces a strong enough impact to cause similar neural

consequences which mimics the neural changes caused by major depressive disorder (MDD).

A gap in the literature exists linking the relationship between resilience scores and mTBI. Work
has been done on CDRISC'’s resilience scale finding lower resilience correlates to excessive
instability in brain network flexibility across the entire brain (Long et al., 2019; Miyagi et al.,
2020). Other research studies have found that a lower local gyrification index (LGI) score,
particularly in the interior frontal gyrus, also indicate lower resilience scores (Jung et al., 2024).
Our results also depict a similar story, in which the strongest impacts were found in the frontal
lobe in our T2w ME modality and across the whole brain networks in our T1 modality, with both

findings being highlighted in our combined modality analysis. Resilience is notably the defining
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factor of the resilience group with scores being above the average healthy individual, while the

stress group exhibited below average scores.

Overall, our results replicate and confirm prior research findings, while simultaneously adding
the key components together for patients diagnosed with a single non-complicated mild
traumatic brain injury. We also highlight the differing neuropsychological impacts with patients
diagnosed not only with the same condition, but also with similar medical history records. This
approach led to the creation of two distinct patient groups: stress group and resilient group. Here,
we also emphasize the importance of incorporating the comorbidity effects of depression, PTSD,
and resilience after a mTBI occurs and the correlation of these differing psychological
experiences with vastly different neural consequences. These neural differences were also
prominent in white matter and the frontal lobe with slight impacts of the posterior regions. This
paper also aims to underline the complex nature of even single mTBI with showcasing the
widespread neural changes through the multimodal analytic approach. This approach led to our
major structural MRI findings in volumetric (T1), fluidic (T2w ME), white matter (FLAIR),

microbleeds (SWI), and the combination of all modalities together.

Limitations. The main limitation of our study is the small sample size. We hope that for future
studies we can use a larger sample size to increase power. Additionally, working with an existing
data set also comes with its set of limitations. For example, we did not choose the
neuropsychological tests that were collected from the patients, which forced us to use the
existing neuropsychological measures. Additionally, subjects were excluded due to missing data
points in neuropsychological measures and imaging scans because of the multiple follow-up

timepoints across the 3-month period.
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Future Direction. The second part of this study will focus on creating a machine-learning
artificial intelligence (Al) tool, which will automate this process and characterize a new subject’s
image/neuropsychological data to one of the two clusters: Stress or Resilient group. By
identifying the new subject’s cluster group, clinicians will be able to have a new look into the
patient’s neurological and psychological state after injury. This information will guide clinicians
to possibly schedule post-injury follow-ups, prescribe medications to combat neural damage, and
refer the patient to therapy treatments. Additionally, we are also interested in conducting studies
which evaluate the longitudinal effects of these findings, perhaps 1- to 3-years post-injury, and
the functional effects of these results through Diffusion Tensor Imaging (DTI) or functional

magnetic resonance imaging (fMRI) analysis.
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Chapter 3: Sleep Quality and Sports-Related Concussions
3.1 Abstract

Introduction. In the United States alone, approximately 4 million individuals are diagnosed with
a sports-related concussion (SRC) annually, about 85% of those considered to have resolved
symptoms continue to experience cognitive deficits. Notably, sleep disturbances have been found
to be one of the most common consequences of SRC that in turn had led to those cognitive
impairments therefore prolonging recovery time. Nevertheless, sleep disorders are not part of the
standardized assessments for SRC even with the abundance of existing evidence. We hypothesize
that patients who have low sleep quality also have neural differences compared to those who
have high sleep quality. We also expected that the patients with the worst sleep quality would be
predominantly SRC patients, with in-sport control (ISC) athletes being second worst in sleep
quality, given their history of SRCs, and out-of-sport control (OSC) subjects having the best

sleep scores.

Methods. Subjects were recruited from Los Angeles area high schools, combat sports, and
colleges through the University of California, Los Angeles (UCLA) Steve Tisch BrainSPORT
Program and Clinic. After exclusion, the total sample size was 95 across three cohorts (female
n=41, mean age=20.60, SD=2.09; age range=18-35); SRC (n=28, female n=13), ISC (n=34,
female n=16), and OSC (n=33, female n=12). The analyses focus on the Graded Symptom
Checklist (GSC)’s three sleep components; Drowsiness, Trouble Falling Asleep, and Fatigue,
which creates the calculated sleep sum score ranging from 0-18 (0=not present, 18=severe). The
data was collected within one-week post-injury for the SRC group. The structural imaging
includes T1-weighted Magnetization-Prepared Rapid Gradient-Echo (MPRAGE), Fluid-

Attenuated Inversion Recovery (FLAIR), and Diffusion Tensor Imaging (DTI), while functional
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imaging includes resting-state functional MRI (rsMRI). After preprocessing all scans accordingly
(skull stripping, standard space transformation, etc.), the rsMRI scans were used to select 10
networks of focus (default mode network, sensorimotor network, etc.) using the dual regression
method. The ten rsMRI networks selected, MPRAGE, FLAIR, and four components of DTI were
inputted into FMRIB Software Library (FSL)’s Permutation Analysis of Linear Models (PALM).
Significant results were visualized and the largest cluster of significant finding was found using

the MRI Conversion, Viewing, and Analysis Graphics Library (MRIcroGL).

Results. To assess whether a difference exists in sleep quality between the cohorts, the sleep sum
scores were normalized using Yeo Johnson (YJ) transformation and plugged into an Analysis of
Covariance (ANCOVA) test. This revealed a significant relationship with the Cohort groups

(F(2,88)=4-930, p=0.009, ©?p=0.076) with post-hoc test finding a significant relationship between

the Sports-Related Concussion (SRC) group and the Out-of-Sport Control (OSC) group (t=3.079,
Py01m=0.008), but not the SRC group compared to the In-Sport Control (ISC) group (t=2.171,
Py0im=0.065), although trending towards significance, and the two control groups compared to
each other (t=1.007, Py,;,,=0.317). No effect of age and sex or an interaction of the two between
the cohort groups was found. The PALM analysis was covaried for demeaned age and sex and
assess cohort neural differences as well as sleep sum score differences using 16 modalities of
neuroimaging. PALM revealed that the Ventral Attention Network (VAN) signals were
significantly higher in the ISC cohort compared to the OSC cohort (p<0.05) in the left fusiform
gyrus (88%). The Dorsal Attention Network (DAN) signals were significantly higher in the ISC
cohort compared to the SRC cohort (p<<0.05) in the left lingual gyrus (66%) and left cerebellum
(34%). The FLAIR signals were significantly higher in the SRC cohort compared to the OSC

cohort (p<0.05), showing the largest effect in major white matter tracts (44%), right lingual gyrus
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(19%), and right calcarine cortex (15%). Lastly, paradoxical findings were revealed across all
four DTI modalities (FA, MD, RD, and AD) with each modality showing significantly higher

whole-brain wide signals within subjects diagnosed with SRC who had lower sleep sum scores.

Discussion. Our analyses found that the Sports-Related Concussion group had significantly
worse sleep quality in terms of Drowsiness levels and Trouble Falling Asleep as well as overall
in their Sleep Sum scoring when compared to the Out-of-Sport Controls (OSC). We also found
significantly higher severity in Drowsiness and Trouble Falling Asleep between the Sports-
Related Concussion patients and the In-Sport-Controls (ISC), while the Sleep Sum YJ variable
was trending towards significance. This analysis offers a different lens, that the impacts of sleep
are not the same among all athletes including those who had a prior history of SRC, but are more
representative of current concussion impacts. Interestingly, no differences were found in the
Fatigue levels among the three cohort groups. The PALM results found that sport participation
increased connectivity in the ventral attention network (VAN), especially in the left fusiform
gyrus, strengthening voluntary attention processing specifically for motor control. However, an
in-sport concussive causes a loss of connectivity in the dorsal attention network (DAN),
primarily in the left lingual gyrus and left cerebellum, hindering involuntary attention. Lastly,
sports-related concussions, compared to non-sport controls, had widespread white matter
hyperintensities emphasizing neuroinflammation and demyelination in the right lingual gyrus

and calcarine cortex mainly impacting visual processes.

3.2 Introduction

Relevance. In the United States alone, approximately 4 million individuals are diagnosed with a
sports-related concussion (SRC) annually (Harmon et al., 2013). Additionally, about 85% of

athletes with SRC who are considered to have resolved symptoms continue to experience
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cognitive deficits (Hallock et al., 2023). Recent research has found significant slowed speech in
athletes with prior SRC diagnoses compared with control athletes (Banks et al., 2021). The
current on-field assessment includes checking for red flags (ex. neck pain, headache), observable
signs (ex. blank look), memory assessment Maddocks questions, examination Glasgow Coma
Scale (GCS), and cervical spine assessment (ex. limb strength check). Presenting one or more of
these symptoms account for the diagnoses of an SRC, lead to an off-the-field assessment which
states that the athlete cannot return to play until the symptoms are resolved (McKeithan et al.,
2019). Prior work has proposed return-to-play protocols to differ depending on the sport to
increase efficiency due to differences in symptoms and damage depending on the form of impact

(Prock et al., 2024).

Potential Advancements. Given the sensitive nature of an SRC, it is difficult to track neural
damage after an injury takes place. Magnetic resonance imaging (MRI) offers the level of detail
to catch even minor damages (ex. shear-strain injuries) that otherwise a less detailed imaging
method such as computerized tomography (CT) typically does not display (Dabas et al., 2024,
Kim & Gean, 2011). Evidence suggests that the current most accurate display of chronic
traumatic encephalopathy (CTE), a condition caused by multiple SRC occurrences, is through an
MRI, allowing for early intervention (Zamzam et al., 2024). For instance, a SRC may cause a
high level of strain to the brainstem, specifically the dorsal raphe, locus coeruleus, and

parabrachial complex, leading to a temporary loss of consciousness (Zimmerman et al., 2023).

Proposed Solution. In this study, we propose and test the idea that structural and functional
multimodal MRI data paired with post-injury athletes’ assessment scales can be used to link
corresponding neural damage for professional athletes diagnosed with SRC. This research will
both aid in current human brain mapping efforts as well as increase our understanding of the
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neural consequences of SRC. We aim to answer the following research questions; Can
multimodal neuroimaging data determine whether a subject had a SRC or not? Are there
differences at the first timepoint in behavior which correlate to neural damage? Lastly, is there an

interaction between these two components?

3.3 Methods

Participant Consent and Compensation. The study received approval from the UCLA
Institutional Review Board (IRB). Informed consent was obtained from adults and from
parents/guardians of minors. Participants received compensation in the form of a gift card after
each visit, where subjects in the SRC group received a maximum amount of $350 per visit and

subjects in the control groups received up to $100 for their one visit.

Participants. Subjects were recruited from Los Angeles area high schools, combat sports, and
colleges through the University of California, Los Angeles (UCLA) Steve Tisch BrainSPORT
Program and Clinic. A total of 240 subjects were recruited for 6 cohorts with about 40 subjects in
each group. The age range of these subjects was 17-35 years old with the average age being

about 21 years old. The 6 cohort groups are defined in Table 3.1 below. Given our focus on the

MRI data, we will only be analyzing cohort 1, 3, and 5. Participants in the SRC group/cohort 1
participated across three timepoints, the first session was 0-4 days post-injury, the second session
was 10-14 days post-injury, and the third session was 60-90 days post-injury. The two control
groups (cohort 3 and 5) only participated for one session visit. The inclusion criteria for subjects
in all cohorts included being between the age 14 and 40 years old. The inclusion criteria for the
mTBI group/cohort 1 included a SRC diagnosis, for the contact-sport control group/cohort 3
included participating in collision or contact sports, but not suffering a concussive event, and for

the non-contact-sport controls/cohort 5 included not participating in collision or contact sports
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and not suffering a concussive event. The exclusion criteria for all cohorts include moderate-to-
severe TBI (Glasgow Coma Scale, GCS < 12), neurological/pulmonary disease, skull
fracture/open-head injury, vulnerable groups, soft tissue trauma to the temporal region, and
current pregnancy. Subjects with a concussion in the last 6-months were excluded from the

control groups.

Cohort | Subject Group Imaging Collected

1 Sports-Related Concussion (SRC) | Transcranial Doppler Ultrasonography (TCD)
Magnetic Resonance Imaging (MRI)

2 Sports-Related Concussion (SRC) | Transcranial Doppler Ultrasonography (TCD)

3 In-Sport Control Transcranial Doppler Ultrasonography (TCD)
Magnetic Resonance Imaging (MRI)

4 In-Sport Control Transcranial Doppler Ultrasonography (TCD)

5 Out-of-Sport Control Transcranial Doppler Ultrasonography (TCD)

Magnetic Resonance Imaging (MRI)

6 Out-of-Sport Control Transcranial Doppler Ultrasonography (TCD)

Table 3.1. Type of imaging collected by cohort

Subjects who had missing questionnaire data and imaging data were excluded, leaving us with
the final total sample size of 95 subjects across the three cohorts (age range = 18-35 years; Table
3.3). Of the total sample size, 54 subjects were male, while 41 were female with the average age
across everyone being 20.60 years old (SD=2.09). In Cohort 1 (SRC group), there are 28 subjects
between the ages of 19 to 24 (mean age = 20.54, SD = 1.20, female = 13). In Cohort 3 (In-Sport
Control), there are 34 subjects between the ages of 18 to 26 (mean age = 20.53, SD = 1.80,
female = 16). Lastly, in Cohort 5 (Out-of-Sport Control), there are 33 subjects between the ages
of 18-35 (mean age = 20.73, SD = 2.88, female = 12).

Subject Demographics by Group
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Group n AgeM  AgeSD Age Range  Male / Female

All Subjects 95 20.6 2.1 18-35 54/41
Cohort 1 28 20.5 1.2 19-24 15/13
Cohort 3 34 20.5 1.8 18-26 18/16
Cohort 5 33 20.7 2.9 18-35 21/12

Table 3.2. Subject demographics by group and sample size

Neuropsychological Data. Clinical evaluations were performed by Dr. Meeryo Choe, Dr.
Christopher Giza, and study staff at the BrainSPORT Clinic located in the Wasserman Building.
The neuropsychological data collected from all subjects include Immediate Post-Concussion
Assessment and Cognitive Test (ImMPACT), Graded Symptom Checklist (GSC), Clinical Reaction
Time Drop-stick, Balance Error Scoring System (BESS), King-Devick evaluation, Sport
Concussion Assessment Tool 3 (SCAT 3), and NeuroCom VSR Sport Stability Evaluation Test

(SET).

Imaging Data. MRI was performed by study staff at the Staglin International Mental Health
Research Organization (IMHRO) Center for Cognitive Neuroscience (CCN). Imaging was
conducted using a 3.0 T whole-body scanner with a 32-channel phase-array head coil. The MRI
sequencing consists of structural and functional imaging. The imaging protocol was adopted
from the National Collegiate Athletic Association—Department of Defense (NCAA-DoD)
Concussion Assessment, Research and Education (CARE) consortium advanced imaging
protocol. The structural imaging includes T1-weighted Magnetization-Prepared Rapid Gradient-
Echo (MPRAGE), Fluid-Attenuated Inversion Recovery (FLAIR), and Diffusion Tensor Imaging
(DTI), while functional imaging includes resting-state functional MRI (fMRI) and Arterial Spin
Labeling (ASL). The ASL modality was excluded due to the high quantity of missing data. The

MRI CVR component was performed through resting state functional imaging with CO2
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inhalation. The subject alternated between breathing room air and a “challenge air” composed of
a 5% CO2/air mixture through an MRI safe air delivery system. In this analysis, we only focus
on the MRI and CVR component only and will not be including the TCD and CVR-only

components.

Neuropsychological Data Analysis. We will be focusing on one major component impacted by
sports-related concussions, sleep. The Graded Symptom Checklist (GSC) contains subcategories,
one of which is sleep, and is derived of three parts: Trouble Falling Asleep, Drowsiness, and
Fatigue (Janusz et al., 2012). Each of these scales are self-reported by subjects ranging from a
score between 0 to 6 points, where the higher score indicates a more severe/worse outcome and
were collected one-week post-injury. In the GSC scale, 0 indicates “not present”, 1 indicates
“mild”, 2 indicates “mild-to-moderate” and so on. A combination of these scores was calculated
by finding the sum of sleep scores called “Sleep Sum”, which ranges from 0 to 18, where again,
a higher score indicates a worse outcome (DuPrey et al., 2022). To maintain the initial
questionnaire’s scoring system, the same format was translated to conform with the 0-18 scale. A
score of 0 still indicates “not present”, but now a score between 1-6 is considered “mild”, 7-12 is
considered “moderate”, and a score between 13-18 is considered “severe”. The naming
convention was then transformed into numeric format where “not present” is a 0, “mild” isa 1,
“moderate” is a 2, and “severe” is a 3 (Sleep Severity). Lastly, the sleep sum scores are used as
input along with demeaned age, binary format sex, and cohort group for our FMRIB Software

Library (FSL)’s Permutation Analysis of Linear Models (PALM; Winkler et al., 2014).

Imaging Data Analysis. All data was de-identified prior to analysis and clinical data was scored
according to standardized test guidelines. For each participant, the structural modalities at each

timepoint were first processed with FMRIB Software Library (FSL)’s fsl anat to produce bias
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corrected images (Jenkinson et al., 2012). Bias corrected images were then skull-stripped using
FreeSurfer’s SynthStrip (synthetic skull stripping) function and registered to standard T1
Montreal Neurological Institute (MNI) space at 2-millimeter (mm) resolution using FreeSurfer’s
SynthMorph (synthetic morphing; Hoopes et al., 2022; Hoffman et al., 2022). The final
processed and MNI space images are then merged (fslmerge) into a single 4D NIFTI image per

modality.

For the functional modality, resting-state fMRI (rsMRI), resting BOLD data were processed
using FSL (v6.0.7.14) and Freesurfer (v8.0.0). First, to avoid biases linked to different total
samples acquired, the data for two individuals with fewer than 50 scans were removed from the
analysis (both from Cohort 5) and data including more timepoints than 236 (i.e., 21, 22, and 25
for cohorts 1, 3, and 5, respectively) were truncated so that for all participants the same number
of volumes were input in the analysis (i.e., 236 ms). In addition, the first 4 volumes of each
acquisition were discarded to allow the MR signal to reach a steady-state equilibrium. Functional
data underwent motion correction, slice timing correction, and were realigned to an MNI space
template. In addition, to mitigate the effect of motion on resting-state correlations (Power et al.,
2014; Marina Weiler et al., 2024), we performed a nuisance regression including, for each
participant, the average signals from the full brain (i.e., global signal), white matter, and CSF,
one regressor per each volume featuring excessive motion (as determined by

fsl motion_outliers), and 24 motion parameters (i.e., translation and rotation in 3 dimensions,
their temporal derivatives, and their squares). The residuals from this spike regression were then
band-pass filtered between the frequencies of 0.01 and 0.1 Hz. The preprocessed images were
then inputted into FSL’s Multivariate Exploratory Linear Optimized Decomposition into

Independent Components (MELODIC) for single-session Independent Components Analysis
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(ICA) (Wang et al., 2015). The components created by MELODIC are then set into FSL’s cross-
correction (fs/cc) tool with Neuroimaging Tools and Resources Collaboratory (NITRC)’s Resting
State Network 20 (RSN20) which overlaps 20 network spatial maps onto the MELODIC
component output (Smith et al., 2009). We extracted only the anterior and posterior Default
Mode Network (DMN), Sensorimotor Network (SMN-M; Motor-based), Ventral Attention
Network (VAN), left and right Frontoparietal Networks (FPN), Sensorimotor Network (SMN-S;
Sensory-based), Subcortical Network (SUBCORTEX), Dorsal Attention Network (DAN), and
Motor Network. The ten final components were selected through visual quality check using
FSLeyes to select final components, which were then inputted into FSL’s dual regression
(Beckmann et al., 2009). Dual regression creates an individualized network spatial map for each
subject using the inputted group-specific template using 5,000 permutations. This output is then
inputted as a single 4D rsMRI modality into the Permutation Analysis of Linear Models (PALM)

analysis paired with the structural MRI modalities.

To assess any association between multimodal brain data and the clinical assessments, images
were entered into FSL’s PALM tool to perform multivariate analyses test (Winkler et al., 2014;
Winkler et al., 2016). Importantly, the permutations in each partial test are synchronized across
modalities, meaning that for each permutation subject labels are shuftled in the same way in all
modalities. These modality specific u-values are then combined, at each voxel, thus producing a
single joint statistic that reflects evidence across partial tests while accommodating cross-
modality dependencies. In addition to clinical assessment dataset, the independent variable of
interest, all analyses also included age and sex as covariates to parcel out their effect on any
association between brain data and clinical phenotypes. Analyses were performed in PALM, and

inferences were based on the multivariate approach (with 5,000 permutations) with familywise
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correction for multiplicity (Threshold-Free Cluster Enhancement, TFCE; Smith & Nichols,
2009). Significant results were visualized using MRI Conversion, Viewing, and Analysis
Graphics Library (MRIcroGL Rorden, 2025). The atlas parameters include a threshold intensity

of 0.95, neighbors with 6 faces, and bimodal results with a minimum cluster size of 0 mm?.

3.4 Results

Neuropsychological Data. The data was well balanced across all three groups in terms of age
differences and sample size (Table 3.3). A descriptive statistical analysis of all three raw
subcategories; Drowsiness (M=0.76; SD=1.30), Fatigue (M=1.25; SD=1.37), and Trouble
Falling Asleep (M=0.41; SD=0.98), and the Sleep Sum score (M=2.42; SD=3.09; Table 3.4)
paired with the Shapiro-Wilk method revealed that all four variables were not normally
distributed and therefore the normality assumption is violated (p<0.001). The Levene’s Test for
Equality of Variance confirmed these findings for the raw Sleep Sum score with a significant
outcome (Fs5 g9)=6.841, p<0.001). To combat this issue, the Yeo Johnson (YJ) transformation
was applied to the Sleep Sum scores, and the normality issue was resolved (lambda = 0;

F5 89y=1.367, p=0.245). The same Levene’s Test for Equality of Variance violation of normality
was found in the raw Drowsiness (Fs ggy=6.734, p<0.001) and Trouble Falling Asleep
(F(5,80)=24.075, p<0.001) variables, but not the Fatigue (F s g9)=0.902, p=0.484) variable.
However, the same Yeo Johnson transformation did not resolve the normality issue for the
Drowsiness YJ (Fs ggy=3.159, p=0.011), Trouble Falling Asleep YJ (F5 g9y=24.075, p<0.001)

variables, while the Fatigue YJ (F(5 g9)=1.154, p=0.338) variable remained normally distributed.

Sleep Sum YJ. An Analysis of Covariance (ANCOVA) test using the Yeo Johnson transformation
values for the Sleep Sum scores revealed a significant relationship with the Cohort groups
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(F(2,88)=4.930, p=0.009, »?>p=0.076) but not affected by the subject’s age and sex or interaction
between cohort and sex. These results led us to conduct a post-hoc test, which found a significant
relationship between the Sports-Related Concussion (SRC) group and the Out-of-Sport Control
(OSC) group (t=3.079, Py »1m=0.008), but not the SRC group compared to the In-Sport Control
(ISC) group (t=2.171, Py ,1m=0.065), although trending towards significance, and the two control

groups compared to each other (t=1.007, Py, =0.317).

Drowsiness. The ANCOVA for the Drowsiness scores also found a significant relationship with

the Cohort groups (F(, ggy=4.616, p=0.012, v?*p=0.071) but not affected by the subject’s age and
(2,88)

sex or interaction between cohort and sex. Unlike the Sleep Sum Y findings, the post-hoc test
results found a significant relationship between both the SRC group compared to the OSC
(t=2.691, Py1m=0.026) cohort and the ISC (t=2.633, Py,1;»,=0.026) cohort. Similarly, the two

cohorts did not have a significant relationship (t=0.126 Py ,;,,=0.900).

Trouble Falling Asleep. The ANCOVA for the Trouble Falling Asleep scores also found a

significant relationship with the Cohort groups (F,g5)=10.994, p<0.001, ©*p=0.174) but not

affected by the subject’s age and sex or interaction between cohort and sex. Like the Drowsiness
findings, the post-hoc test results found a significant relationship between both the SRC group
compared to the OSC (t=4.405, Py 1, <0.001) cohort and the ISC (t=3.717, Py, <0.001) cohort.

Similarly, the two cohorts did not have a significant relationship (t=0.816 Py, =0.417).

Fatigue. Lastly, unlike the Drowsiness and Trouble Falling Asleep findings, the ANCOVA for the

Fatigue scores did not reveal any significant relationship with the Cohort groups (F; gg)=1.990,

=0.143, 0?p=0.020) or an effect of the subject’s age and sex or interaction between cohort and
p P ) g

sex. Therefore, a post-hoc test was not necessary for this variable.
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GSC Sleep Variables by Group: Drowsiness, Trouble Falling Asleep, Fatigue, and

Sleep Sum

Drowsiness  Trouble Falling Asleep  Fatigue Sleep Sum
Group M (SD) M (SD) M (SD) M (SD)
All Subjects  0.76 (1.30) 0.41 (0.98) 1.25(1.37) 2.42(3.09)
Cohort 1 1.39 (1.79) 1.07 (1.46) 1.68 (1.44) 4.14 (4.31)
Cohort 3 0.53 (0.99) 0.21 (0.64) 1.24 (1.35) 1.97(2.17)
Cohort 5 0.45 (0.87) 0.06 (0.24) 091 (1.26) 1.42(1.92)

Table 3.3. Graded Symptom Checklist (GSC) sleep variables by cohort

Since the Sleep Sum score encompasses the effects of all three subcategories, the Sleep Sum
score served as our dependent variable and the cohort group served as our independent variables
in the PALM analysis. To check the extent of which these two variables overlap for each subject,
we compare the percent of subjects which are in each Cohort and each of the four severity scales
(Sleep Severity; Table 3.4). Across all Cohorts, 35.8% (n=34) are in the “Not Present” severity
level, 52.6% (n=50) are in the Mild severity level, 9.5% (n=9) are in the Moderate stage, and
2.1% (n=2) are in the Severe level. Focusing only on the SRC Cohort, 21.4% (n=6) had no
symptoms present, while 50.0% (n=14) experience Mild symptoms and 21.4% (n=6) have
Moderate symptoms with the remaining subjects having Severe symptoms (7.1%; n=2). On the
other hand, the In-Sport Control group had more subjects without symptoms (32.4%; n=11) with
more subjects in the Mild symptoms group (61.8%; n=21), but much less subjects in the
Moderate (5.9%; n=2) and no subjects in the Severe levels. Lastly, the Out-of-Sport Control
group had even more subjects without symptoms present (51.5%; n=17) and therefore less
subjects in both the Mild (45.5%; n=15) and Moderate (3.0%; n=1) levels, with again no
individuals experiencing Severe symptoms. Given these results, the Sleep Severity levels and the

Cohort groups do not perfectly overlap and that external variables might very well be influencing
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the two control groups’ sleep scales as well. Hence, why in the final PALM analysis, Cohort
variable will be set for a pairwise comparison and the Sleep Severity variable will be set for a

linear trend analysis while covarying for demeaned age and sex. The sleep sum revealed

GSC Sleep Severity Classification by Group: Frequency and Percentage

Not Present Mild Moderate Severe
Group n (%) n (%) n (%) n (%)
All Subjects 34 (35.8%) 50 (52.6%) 9 (9.5%) 2 (2.1%)
Cobhort 1 6 (21.4%) 14 (50.0%) 6 (21.4%) 2 (7.1%)
Cohort 3 11 (32.4%) 21 (61.8%) 2 (5.9%) 0 (0.0%)
Cohort 5 17 (51.5%) 15 (45.5%) 1 (3.0%) 0 (0.0%)

Table 3.4. Graded Symptom Checklist (GSC) sleep quality classification by cohort

Neuroimaging + Neuropsychological Data. Across the 8 tested contrasts, 6 cohort-based and 2
sleep-based, each contrast had a single significant PALM finding with no cross-modality
significant finding overall. The SRC>OSC and OSC>SRC contrasts mirror one another with the
same confirmatory findings, FLAIR signals were significantly higher in the SRC cohort
compared to the OSC cohort (p<0.05; Figure 3.1A). This contrast group had the strongest effect
across the whole brain with over ~32,000 voxels total across ~319 clusters. The largest cluster
contains 21,725 of those voxels, mainly spanning across major white matter tracts (44%), right
lingual gyrus (19%), and right calcarine cortex (15%). Other large clusters include the bilateral
thalamus, right putamen, left caudate, left pallidum, bilateral hippocampus, and bilateral

amygdala.
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Figure 3.1. Permutation analysis of linear models (PALM) results for sleep quality and cohort effects in FLAIR

Note. SRC=Sport-related concussion, OSC=Out-of-sport control, FLAIR=Fluid-attenuated inversion recovery

The SRC>ISC and ISC>SRC contrasts mirror one another with the same confirmatory findings,
Dorsal Attention Network (DAN) signals were significantly higher in the ISC cohort compared
to the SRC cohort (p<0.05; Figure 3.2A). The higher signal here indicates more connectivity.
This contrast group had a small effect with one cluster with the size of 38 voxels mm? covering
the left lingual gyrus (66%) and left cerebellum (34%).

The ISC>0OSC and OSC>ISC contrasts mirror one another with the same confirmatory findings,
Ventral Attention Network (VAN) signals were significantly higher in the ISC cohort compared
to the OSC cohort (p<0.05; Figure 3.2B). The higher signal here indicates more connectivity.
Here, we see a small effect with 239 voxels total across four clusters, with the largest cluster
having 191 voxels which encompasses most of the left fusiform gyrus (88%), while the
remaining voxels were unassigned (12%). Other clusters include regions such as the left

hippocampus, left para-hippocampal gyrus, and left inferior temporal gyrus.
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The sleep positive and sleep negative linear trend contrasts mirror one another as well and
confirm one another’s results. The FLAIR modality was significantly higher for subjects with
lower sleep sum scores (p<0.05; Figure 3.1B). This contrast group had a large effect with 189
clusters spanning across 20,417 voxels total with the largest cluster being 14,556 voxels in size
covering major white matter tracts (42%), right precuneus (30%), right calcarine gyrus (17%),
and left posterior cingulum gyrus (8%) along with other minor regions. Other large clusters
include the left lingual gyrus, left inferior temporal gyrus, left middle occipital gyrus along with

others.

Log(p)
(P<0.05)

ISC vs OSC
DAN

ISC vs SRC
VAN

Figure 3.2. Permutation analysis of linear models (PALM) results for cohort effects in attention networks
Note. SRC=Sport-related concussion, ISC=In-sport control, OSC=Out-of-sport control, VAN=Ventral attention network,
DAN=Dorsal attention network
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Given the counterintuitive sleep quality results, an additional sleep quality follow-up test was
conducted in the sport-related concussion (SRC; n=28) group alone with the same PALM
parameters (permutation n=5,000). The DTI Fractional Anisotropy (FA) modality was
significantly higher for subjects with lower sleep sum scores (p<0.05; Figure 3.3A). This
contrast group had a whole-brain wide effect with 172 clusters spanning across 646,783 voxels
total with the largest cluster being 645,486 voxels in size covering unassigned cortical areas
(39%), cerebellum (~11%), right superior temporal gyrus (1%), thalamus (2%), right precuneus
(1%), right insula (1%) among other regions. The second largest cluster’s volume is 174 voxels
90% of which encompasses the left Inferior frontal triangular gyrus with the remaining 10%
covering the left middle frontal gyrus. The DTI Mean Diffusivity (MD) modality was
significantly higher for subjects with lower sleep sum scores as well (p<0.05; Figure 3.3B). This
contrast group had a whole-brain wide effect with 16 clusters spanning across 1,618,392 voxels
total with the largest cluster being 1,618,382 voxels in size covering unassigned cortical areas
(27%), bilateral middle temporal gyrus (4%), bilateral middle temporal gyrus (4%), right inferior

gyrus (2%) along with other regions. The second largest cluster’s volume is 174 voxels 90% of
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which encompasses the left Inferior frontal triangular gyrus with the remaining 10% covering the

left middle frontal gyrus.

Log(p)
p<0.05

Poor Sleep
Fractional
Anisotropy (FA)

(MD)

Poor Sleep
Mean Diffusivity

Figure 3.3. Permutation analysis of linear models (PALM) results within the SRC cohort in DTI modalities FA and MD
Note. SRC=Sport-related concussion, DTI=Diffusion Tensor Imaging

The DTI Radial Diffusivity (RD) modality was significantly higher for subjects with lower sleep
sum scores as well (p<0.05; Figure 3.4A). This contrast group had a whole-brain wide effect
with 6 clusters spanning across 1,490,501 voxels total with the largest cluster being 1,490,500
voxels in size covering unassigned cortical areas (26%), bilateral middle temporal gyrus (4%),
bilateral middle temporal gyrus (4%), right inferior gyrus (2%) along with other regions, like the
MD findings. The DTI Axial Diffusivity (AD) modality was significantly higher for subjects
with lower sleep sum scores as well (p<0.05; Figure 3.4B). This contrast group had a whole-
brain wide effect with 12 clusters spanning across 1,615,751 voxels total with the largest cluster

being 1,615,739 voxels in size covering unassigned cortical areas (26%), bilateral middle
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temporal gyrus (4%), bilateral middle temporal gyrus (4%), right inferior gyrus (2%) along with

other regions, similar to the MD and RD results.

Log(p)
p<0.05

Poor Sleep
Radial
Diffusivity (RD)

(AD)

Poor Sleep
Axial Diffusivity

Figure 3.4. Permutation analysis of linear models (PALM) results within the SRC cohort in DTI modalities RD and AD
Note. SRC=Sport-related concussion, DTI=Diffusion Tensor Imaging

The same follow-up analysis found effects within the resting-state fMRI (rsMRI) modality with
the Dorsal Attention Network (DAN) being higher the worse the sleep quality score was (p<0.05;
Figure 3.5A). There was a small effect with 6 clusters spanning across 576 voxels total with the
largest cluster being 538 voxels in size covering the left precuneus (99%) and the remaining
portion touching upon the left middle cingulum. All remaining clusters solely covered the left
precuneus. On the other hand, the Ventral Attention Network (VAN) which was also significantly
higher in the lower sleep sum scores but had a substantially larger effect (p<<0.05; Figure 3.5B).
There were 48 clusters spanning across 147,663 voxels total with the largest cluster being
145,264 voxels covering the bilateral middle temporal gyrus (18%), bilateral superior temporal

gyrus (10%), unassigned regions (9%), bilateral lingual gyrus (7%) among other areas. Notably,
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the second largest cluster’s volume is 468 voxels 74% of which encompasses the left precuneus

with the remaining covering the right precuneus (9%) and other minor regions.

Log(p)
p<0.05

Poor Sleep
Doral Attention
Network (DAN)

Poor Sleep
Ventral Attention
Network (VAN2)

Figure 3.5. Permutation analysis of linear models (PALM) results within the SRC cohort in rsMRI attention network
Note. SRC=Sport-related concussion and rsMRI=resting-state functional magnetic resonance imaging

The follow-up analysis found effects within the resting-state fMRI (rsMRI) modality with the
Sensorimotor Network (SMN) being higher the worse the sleep quality score was (p<0.05;
Figure 3.6A). There was a notable effect with 9 clusters spanning across 5,340 voxels total with
the largest cluster being 5,174 voxels in size covering the right postcentral gyrus (41%), right
Rolandic operculum (29%), right superior temporal gyrus (11%), right supramarginal gyrus
(8%), right Heschl’s gyrus (2%), and the right precentral gyrus (1%). However, the Default
Mode Network (DMN) which was also significantly higher in the higher sleep sum scores but
had an almost negligible effect (p<0.05; Figure 3.6B). There was a notable effect with 2 clusters

spanning across 57 voxels total with the largest cluster being 44 voxels in size covering the left
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superior frontal gyrus (75%) and left superior medial frontal gyrus (25%). The only other

cluster’s volume is 13 voxels 100% of which encompasses the left superior medial frontal gyrus.

=
&
¥¢
i3
P—_—
= Z
& £S
(=]
#z | EZ
75! omt
- ol
) S =
& | §E
2z
~
ON
(=" 'UZ
3 |S2
z | =8
-
B |EBE
o S o
O | 2B
Q3
V4

Figure 3.6. Permutation analysis of linear models (PALM) results within the SRC cohort in rsMRI network
Note. SRC=Sport-related concussion and rsMRI=resting-state functional magnetic resonance imaging

3.5 Discussion

Sleep disturbances have been found to be one of the most common consequences of Sports-
Related Concussions (SRC), which in turn leads to emotional and cognitive impairments
therefore prolonging recovery time (Grigg-Damberger, 2023). Unfortunately, sleep disorders are
not part of the standardized assessments for sports-related concussions even with the abundance
of existing evidence and its links with pain endurance, headaches, and heightened cognitive
impairment (Stevens et al., 2022; Gosselin et al., 2010). Although like mild traumatic brain
injuries (mTBI) experienced among the general population, sports concussions are unique in
their pathophysiology with repeated injuries being frequently reoccurring and beginning at a

young age for athletes (Giza & Kutcher, 2014). Notably, cognitive deficits in this patient
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population have been linked to neural damages, particularly a major decrease in the Diffusion
Tensor Imaging (DTI)’s Fractional Anisotropy (FA) indicating negative impacts to white matter
tracts (Symons et al., 2021; Keightley et al., 2011; Jindal et al., 2021). Functional MRI has been
found to have potential in uncovering the recovery time after a sports-related concussion and
offers network-specific damage tracking which is more insightful than identifying independent
brain structures differences (Walter et al., 2018; Meier et al., 2020; Dogra et al., 2024). On the
other hand, sleep-specific linkage related to the neural consequences following sports
concussions have not been well documented. Nevertheless, work highlighting white matter
differences among healthy controls and concussed athletes which are detectable through
Magnetic Resonance Imaging (MRI) offers promising results (Hellewell et al., 2021). Additional
work also found that the multimodal approach has the potential in offering a more holistic view
in understanding the neural consequences (Hasan et al., 2018). This paper aims to fill in the gap
between neural impacts of concussion-related sleep disturbances, as they are currently largely

unknown.

Sleep Results. In this paper we selected three sleep measures collected one-week post-injury;
Drowsiness, Trouble Falling Asleep, and Fatigue, and created a combined and normalized new
variable called Sleep Sum YJ (Yeo Johnson-corrected). Our analyses found that the Sports-
Related Concussion group had significantly worse sleep quality in terms of Drowsiness levels
and Trouble Falling Asleep as well as overall in their Sleep Sum scoring when compared to the
Out-of-Sport Controls (OSC). These findings highlight the substantial differences in sleep health
among the patients both currently participating in a sport and suffering from a concussion and
those who are meant to represent a completely healthy population. We also found significantly

higher severity in Drowsiness and Trouble Falling Asleep between the Sports-Related
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Concussion patients and the In-Sport-Controls (ISC), while the Sleep Sum YJ variable was
trending towards significance. Here, we place the emphasis on the difference of sleep quality for
patients who are currently suffering with a concussion, but sport participation is standardized
between the two groups. This analysis offers a different lens, that the impacts of sleep are not the
same among all athletes including those who had a prior history of SRC, but are more
representative of current concussion impacts. When comparing the two control groups with one
another, no notable differences are detected in sleep levels, further indicating that the sleep
disturbances are substantially impacted by the recent concussion. Interestingly, no differences
were found in the Fatigue levels among the three cohort groups, which might signal that not all
aspects of sleep are impacted, but specific types of sleep experiences are changed. Lastly, no
effect of age or sex were found, including interactions related to cohort groups; therefore, we
expect similar findings in the imaging results as well. Given the sleep quality severity differences
among the concussion group and the Out-of-Sport control group, we expect to observe

significant differences between the neural states of these groups as well.

Cohort + Imaging Results. Our analyses revealed that subjects diagnosed with sports-related
concussion within one-week post-injury and participate in a sport (cohort 1; SRC) had
significantly higher Fluid-Attenuated Inversion Recovery (FLAIR) signals than the out-of-sport
control group of healthy non-sport subjects. These signals were primarily in major white matter
tracts, indicating white matter hyperintensities (WMH), right lingual gyrus, and calcarine cortex
(Maillard et al., 2013; Major et al., 2021). High FLAIR signals indicate neuroinflammation,
edema, and/or demyelination. In this case, our results indicate WMH in major tracts ranging
across the whole brain and neuroinflammation/demyelination effects in the right lingual gyrus

and right calcarine cortex (V1). The right lingual gyrus is responsible for visual memory, while
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the right calcarine gyrus processes visual information from left visual field using input from both
eyes (Palejwala et al., 2021). Hence, these results indicate damage to the right lingual and
calcarine gyri, which in turn is likely to cause hindered visual processing in the concussed
athletes (Meier et al., 2025). These finding align with prior research which linked SRC with
neuroinflammation in athletes with notable disruptions of white matter tissue (Marklund et al.,

2021; Huang et al., 2025).

The results between the in-sport control group and out-of-sport control group revealed different
results, healthy subjects who participated in a sport had more connectivity in the ventral attention
network (VAN), especially in the left fusiform gyrus (Weiner & Zilles, 2016). The ventral
attention network is primarily responsible for involuntary attention processing. Our findings are
confirmed with prior work which also found increased connectivity in the VAN specifically,
indicating better visual attention and motor control developed from sport participation (Yan et

al., 2025).

When comparing the sport-related concussion group with the in-sport control group the key
difference lies within the concussive event, as both groups participate in a sport. Here, we found
that the in-sport control group again had more connectivity, but this time in the dorsal attention
network (DAN) focused on the left lingual gyrus and left cerebellum, the voluntary attention
processing network. Our findings align with research revealing increased functional connectivity
in the dorsal attention network in healthy individuals compared to concussed individuals (Suss et
al., 2022; Wu et al., 2023). This indicates that a concussive event hinders the attention network
connectivity developed from sport participation, which could be linked to the increased FLAIR

finding with whole brain wide white matter hyperintensities.
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Sleep + Imaging Results. The sleep quality assessment result revealed increased FLAIR signal in
subjects with better sleep quality (lower sleep sum score). The impacts were vast with white
matter hyperintensities and localized effects on the right precuneus, right calcarine cortex, and
left posterior cingulum gyrus along with other minor regions. However, these results are
counterintuitive, as literature emphasizes the opposite effects; demyelination associated with
poor sleep quality (Morse & Kothare, 2018). The notion that sleep quality heavily impacts
sports-related concussions are important as sleep disturbances also lead to additional brain
injuries (Raikes et al., 2019). These findings might be due to the imbalanced groups within the
sleep scoring scale, as the great majority of subjects had lower sleep scores because most of the

sample size was made up by the two control groups.

SRC-Specific Sleep + Imaging Results. Due to this counterintuitive finding which does not align
with literature, we are currently analyzing additional follow-up tests within the sleep quality
scale to better understand the results. The diffusion tensor imaging (DTI) modalities; FA, MD,
RD, and AD, were all high in signal across the whole-brain for subjects with lower sleep sum
scores compared to those with higher scores. These results indicate that poor sleep quality in
concussed athletes is linked with whole-brain level demyelination, axonal degeneration, edema,
and necrosis across (Patil et al., 2025). Notably, the existence of both high signals in fractional
anisotropy (FA) and mean diffusivity (MD) in this setting highlights acute brain injury which
overlaps with the timepoint the data was collected, 0-4 days post-injury (Lin et al., 2016; Asken
et al., 2018). The resting-state fMRI (rsMRI) modality displayed minor effects in the Default
Mode Network (DMN) and Dorsal Attention Network (DAN), while strong effects were
observed in the Ventral Attention Network (VAN) and the Sensorimotor Network (SMN). The

largest rsMRI effect was presented in the VAN with higher signals for subjects with lower sleep
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sum scores in mostly the middle and superior temporal gyri, lingual gyri, and precuneus.
Ultimately, these results suggest that poor overall sleep quality in concussed athletes is linked
with hyperconnectivity in regions responsible for involuntary attention processing (Muller &
Virji-Babul, 2018). Lastly, higher signals in the SMN were observed in patients with lower sleep
sum scores in mainly the right postcentral gyrus and right Rolandic operculum. These findings
suggest that poor overall sleep quality in concussed athletes is linked with hyperconnectivity in
regions responsible for voluntary motor control (Hides et al., 2017; Hillary et al., 2015; Churchill

etal., 2018).

In summary, sports-related concussions cause whole brain wide white matter hyperintensities
indicating neuroinflammation and demyelination, especially in the right lingual gyrus and
calcarine cortex, affecting visual memory and visual processing. In-sport concussive events are
also linked with a decline in functional connectivity in the dorsal attention network (DAN),
primarily in the left lingual gyrus and left cerebellum, impacting involuntary attention
processing. On the other hand, sport participation increased functional connectivity in the ventral
attention network (VAN), especially in the left fusiform gyrus. In other words, sport participation
strengthens voluntary attention processing by reinforcing motor control and visual attention
development. Overall, athletes without a current concussion have strong voluntary attention
processing, while athletes with a current concussion have weakened involuntary attention

processing, but maintained voluntary attention control.

Future Direction. We plan to leverage this dataset to create a sports-related concussion-specific
diagnostic and prognostic machine learning model. This model will attempt to process both
functional and structural MRI data and predict the extent of brain damage caused by repeated

sport concussions.
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Chapter 4: Outcome Measures and Moderate-to-Severe Traumatic Brain Injury

4.1 Abstract

Introduction. Globally, traumatic brain injuries (TBI) impact millions of individuals every year,
with a 2021 study reporting over 20 million new injury occurrences with about 56% being
characterized as moderate-to-severe TBI (msTBI) cases. The Glasgow Outcome Scale—Extended
(GOSE) scoring system scales from 1 to 8 points, where a score of 1 indicates death as an
outcome, 2 indicates a vegetative state, and 3-8 indicates some form of wakefulness and
responsiveness from these patients. Given the prominence of moderate-to-severe TBI, we have
devised a study which incorporates GOSE scoring 6-months post-injury to measure patient
outcome rates and link them to potential neural consequences using magnetic resonance imaging
(MRI). We aim to answer the following research question; is it possible to correlate acute

multimodal neuroimaging data to 6-month patient outcome?

Methods. Data from 91 patients diagnosed with moderate-to-severe TBI (female n=18; average
age ~= 37.74) were collected at UCLA Health’s Brain Injury Research Center (BIRC). The
Glasgow Coma Scale (GCS) was used to diagnose TBI severity, while the GOSE was used to
determine outcome severity 6-months after injury. The GOSE scores were used to create two
outcome groups. The modalities include: T1-weighted magnetization prepared rapid gradient
echo (TI-MPRAGE), T2-weighted fluid-attenuated inversion recovery (FLAIR) turbo inversion
recovery (TIR), susceptibility weighted imaging (SWI), and apparent diffusion coefficient
(ADC). FMRIB Software Library (FSL)’s Permutation Analysis of Linear Models (PALM) was
used to correlate the multimodal MRI data to the outcome groups. The analyses were done at the

whole-brain level, with a high TI-MPRAGE signal indicating vast volumetric changes and the
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combined modality analysis indicating a variety of structural changes concatenated across all

four modalities.

Results. The GOSE scores were used to create two patient groups; good outcome (GOSE >= 5; n
= 52) and bad outcome (GOSE < 5; n = 39). FSL-PALM’s NPC test revealed significant neural
differences among the bad outcome group compared to the good outcome group in the T1-
MPRAGE modality individually and the combined modality analysis (p<0.05). In the T1-
MPRAGE analysis, the largest cluster size was 533,859 mm? with the center being the medial
thalamus (0.0mmx-24.0mmx16.00mm). In the combined modality analysis, the largest cluster
size was 70,639 mm? with the center being the internal capsule (20.0mmx-9.0mmx32.0mm). At
the whole-brain level, strong volumetric differences are seen between the two groups,
particularly in the frontal lobe and in deeper regions such as the medial thalamus and internal

capsule.

Conclusion. The neural consequences include hyperintensities revealed by the TI-MPRAGE
modality, which were prominent for the bad outcome group compared to the good outcome
group. These results highlight the ability to measure neural impact severity using structural MRI

alone for patients who exhibit a good outcome compared to a bad outcome 6-months post-injury.
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4.2 Introduction

Globally, traumatic brain injuries (TBI) impact millions of individuals every year, with a 2021
study reporting over 20 million new injury occurrences with about 56% being characterized as
moderate-to-severe TBI (msTBI) cases (Yan et al., 2025). Additionally, within the general
population, traffic accidents and falls are some of the leading causes of TBI (Rahim et al., 2022).
To determine the severity of a TBI, the Glasgow Coma Scale (GCS) is the current standard tool
administered with a score between 1 to 8 indicating a severe injury, 9 to 12 indicating a moderate
injury, and 13 to 15 indicating a mild injury (Kowalski et al., 2021; Jain et al., 2025). On the
other hand, the Glasgow Outcome Scale—Extended (GOSE) is used to measure the outcome of
the injury, especially for moderate-to-severe TBI patients who experience disorders of
consciousness (DOC; Wilson et al., 2021). The GOSE scoring system scales from 1 to 8 points,
where a score of 1 indicates death as an outcome, 2 indicates a vegetative state, and 3-8 indicates
some form of wakefulness and responsiveness from patients (Ranson et al., 2019). GOSE
includes the Disability Rating Scale (DRS) which assesses the level of handicap and disability
(Neese et al., 2000). Research has found that within one-year post-TBI, the mortality rate was
roughly 30% for severe cases, while in moderate cases the rate fell to approximately 13%. Of
those deaths, about 70% of patients died within 2-weeks (McCrea et al., 2021). Most studies that
focus on this topic utilize a single neuroimaging modality; however, each modality available
offers different information about the neural state of the brain (Hao et al., 2013). Prior research
has found that the multimodal neuroimaging approach has the power to increase diagnostic

accuracy (Zhang et al., 2025).

Given the prominence of moderate-to-severe TBI, we have devised a study which incorporates
GOSE scoring 6-months post-injury to measure patient outcome rates and link them to potential
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neural consequences using magnetic resonance imaging (MRI). We aim to answer the following
research question; is it possible to correlate acute multimodal neuroimaging data to 6-month

patient outcome?
4.3 Methods

Participants. UCLA Health’s Brain Injury Research Center (BIRC) provided data from 113
patients from the general population, 18 of which were excluded for missing at least one MRI
modality. Out of the remaining 95 patients, 4 were missing the follow-up GOSE score, leaving us
with a final sample size of 91 patients, refer to Figure 4.1. Of the 91 subjects, 18 were female
and 67 were male with the average age being about 37.74, with ages ranging from 16 to 84. Data
collection was done at the University of California, Los Angeles (UCLA) Brain Injury Research

Center (BIRC).
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Outcome Data. Three outcome measures were derived out of the 6-month follow-up Glasgow
Outcome Scale-Extended (GOSE) scores (binary; Figure 4.2). The binary measure includes
whether the patient had a good outcome (GOSE >= 5; n = 52) or bad outcome (GOSE < 5; n =

39).

Binary Outcome
100 4 Y

80

60 -

52 (57.1%)

40 4 39 (42.9%)

Number of patients

20 4

Good outcome Bad outccome,
(Gose = ° (cose =

Figure 4.2. Sample size representation for binary analysis

Imaging Data. All subjects had MRI scans across four modalities: T1-weighted magnetization
prepared rapid gradient echo (T1-MPRAGE), T2-weighted fluid-attenuated inversion recovery
(FLAIR) turbo inversion recovery (TIR), susceptibility weighted imaging (SWI), and apparent
diffusion coefficient (ADC) mean. The images were obtained using a 3T Philips scanner. The T1-
MPRAGE sequence was acquired with a repetition time (TR) of 13.07 ms and echo time (TE) of
3.07 ms. The FLAIR sequence was acquired with a TR of 12,000 ms, TE of 139.4 ms, and
inversion time (TT) of 2,709.3 ms. The SWI sequence was acquired with a TR of 37.1 ms and TE
of 23.16 ms. Lastly, the diffusion-weighted imaging (DWI) sequence, from which ADC maps

were derived, was acquired with a TR of 8,000 ms and TE of 59.0 ms.

Imaging Processing. Firstly, FMRIB Software Library (FSL)’s function, op#iBET was used to
perform brain extraction. Then, the cohort average brain was created and the FLAIR, SWI, and

ADC modalities were aligned with the corresponding T1-MPRAGE scans then to the newly
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created cohort average brain, which is then transferred into MNI space. The images were then

merged using FSL’s fslmerge function to create single 4-dimensional space images per modality.

Imaging Data Analysis. FSL’s Permutation Analysis of Linear Models (PALM), a Non-
Parametric Combination (NPC; (Winkler et al., 2014; Winkler et al., 2016)) test was used for
performing three separate joint inference analyses regressing the four multimodal images on the
binary “good vs. bad” outcome (henceforth, binary outcome analysis). The NPC test is a voxel-
wise approach that is distribution free, allowing the cohesive use of multiple modalities in a
single analysis. NPC works by first running partial analyses using permutations for each
modality alone which created u-values for per voxel, like a p-value. Notably, each permutation is
synchronized across every modality. Lastly, each modality’s u-values are combined by each
voxel, creating a single joint cross-modality test. In this paper, we refer to the cross-modality test

as combined modalities or all modalities.

In each analysis, age, sex, time since injury, and MRI scanner, were also included as covariates.
Analyses were conducted with a classical multivariate approach, using the tail approximation
acceleration method, and results were corrected for multiple comparisons using threshold free
cluster enhancement (TFCE; Smith & Nichols, 2009) and Family-Wise Error (FWE) cluster
correction with 500 permutations and two-tailed test were used. A two-tailed test is
recommended for NPC analyses. To interpret the output, the signal level (high or low) for each
modality was defined by the voxel value’s t-statistic. The t-statistic voxel value is positively

correlated with the Contrast of Parameter Estimates (COPE; Lindquist et al., 2012).

Data visualization was created using MRI Conversion, Viewing, and Analysis Graphics Library
(MRIcroGL Rorden, 2025). MRIcroGL was also used to identify the largest cluster’s brain

region identification for each analysis with the following parameters: neighbors with 6 faces
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(default), threshold intensity of log(p10) 1.30 (p<0.05), bimodal, and minimum cluster size of 0
mm? (cluster size is due to the TFCE correction already applied). Finally, the European Brain
Research Infrastructure’s (EBRAINS) Software Interfaces for Interacting with Brain Atlases’
(Siibra Explorer) Multilevel Human Atlas with the MNI 152 ICBM 2009¢ Nonlinear
Asymmetric template was used to identify the main networks running through the brain region

with the largest significant cluster of voxels (Amunts et al., 2020).
4.4 Results

Summary. The 6-month post-injury outcome results present a significant structural difference in
the binary analysis (good outcome vs. bad outcome) across all modalities combined (Figure
4.3A), but the results placed an emphasis particularly in the TI-MPRAGE modality (Figure

4.3B). The remaining modalities (SWI, FLAIR, and ADC) individually did not show a

statistically significant effect.

All Modalities. The multimodal non-parametric combination (NPC) analysis revealed significant
structural neural differences across all four modalities between patients who experienced a good

outcome compared to the patients who experienced a bad outcome after a msTBI (Figure 4.3A).

T1-MPRAGE. The multimodal non-parametric combination (NPC) analysis revealed significant
structural neural differences in the TI-MPRAGE modality between patients who experienced a
good outcome compared to the patients who experienced a bad outcome after a msTBI (Figure

4.3B). The remaining three modalities did not present significant differences across groups

individually.
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Figure 4.3. Permutation analysis of linear models (PALM) results
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Note. Non-parametric combination (NPC) was paired with permutation analysis of linear models (PALM) to investigate the
neural differences between patients’ outcome 6-months post-injury of moderate-to-severe traumatic brain injury (msTBI). The
underlying image is the cohort average brain in standard MNI space. The overlaying voxels in red and yellow represent regions
which are statistically significantly different between the corresponding groups (p<=0.05). The color bar shows the gradient of
the voxels in log10(p-value). (A) Binary analysis results combined across all modalities (B) Binary analysis results in the T1-
MPRAGE modality only.

Region Identification. The cluster peak of the largest cluster for each modality’s results is used to
find the network/tract associated with the region with the strongest effect using the parcellation
of functional modes. In the combined modality result, the largest cluster size being 70,639 mm?
with the center being at 20.0mmx-9.0mmx32.0mm. This region includes mostly the internal
capsule. In the TI-MPRAGE modality only, the largest cluster size is 533,859 mm? with the

center being 0.0mmx-24.0mmx16.00mm. This center is located at the medial thalamus.
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4.5 Discussion

This paper assesses the neural differences between patients who exhibit a good outcome
compared to those who exhibit a bad outcome 6-months after a moderate-to-severe TBI occurs.
Multiple structural MRI modalities were utilized to incorporate the diverse neural consequences
after msTBI including T1-MPRAGE for volumetric impacts, SWI for possible microbleeds,
FLAIR for white matter changes, and ADC for fluid diffusion. FSL-PALM’s NPC tests revealed
vast whole-brain level differences in the TI-MPRAGE modality analysis and the combined
modality test, while the remaining modalities were not statistically different across the two
groups. These results highlight the notable volumetric differences among patients with bad
outcomes 6-months after the injury takes place, compared to those who have good outcomes.
Moreover, this work allows for a quantitative measure of neural damage severity which
seemingly determines whether a patient will recover and if the recovery is high enough to
produce a good outcome score. These results also allow us to find the brain regions which are
correlated to worse quality of life outcomes and disability levels, such as the internal capsule
which is responsible for voluntary movement and the medial thalamus which is responsible for

cognitive functions such as executive control (Emos et al., 2023; Mitchell & Chakraborty, 2013).

Our results are supported by prior work which also found substantial neural differences between
severe TBI patients who presented good outcome 6-months post-injury (GOSE > 5) and those
who had a poor outcome (GOSE < 4). This was most affected by the amplification of fractional
amplitude of low-frequency fluctuation (FALFF) and decrease of functional connectivity (FC; Li
et al., 2023). Additional work also found evidence of diffuse axonal injury (DAI) and different

lesion volumes between patients with good outcome (GOSE = 6-8) versus those with poor
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outcome (GOSE = 1-5) using FLAIR signals, while SWI signals revealed those with poor
outcomes had increased volume of hemorrhaging particularly in the deeper regions (Yuan et al.,
2015). While our results did not have any differences among the FLAIR and SWI modality, the
T1-MPRAGE modality and combined modality tests revealed higher signals in the deeper
regions as well, such as the medial thalamus, in the bad outcome group as well. In moderate-to-
severe TBI patients (6-months post-injury GOSE = 1-4), those with DAI also had higher neuron-
specific enolase (NSE) to GCS score ratio (NGR) compared to those without DAI, these
individuals also had the higher probability of having poor outcomes later in their recovery (Chen
et al., 2022). These neural consequences have been associated with cortical thinning and brain
atrophy in both gray and white matter, especially in the frontal areas, as seen in the T1-MPRAGE
results of Chapter 4 (Irimia et al., 2017). Similarly, outcome levels were also negatively
correlated with lesion and hemorrhage volume size, impacting attention and memory processes
in the long term (Martin et al., 2017). Studies looking at 5-years post-injury found that patients
with an unfavorable outcome (GOSE 3-5) also had lasting neural damage with a decline in whole
brain white matter volume and deep grey nuclear regions (Simeone et al., 2022; Galanaud et al.,
2012). This directly supports our whole brain level analysis impacts of major white matter tracts
and highlights the deeper regions impacts in terms of volumetric damage, but notes this damage

remains prominent years post-injury.

This further supports the vast neural dissimilarities found between patients diagnosed with a
moderate-to-severe TBI but experience worse outcomes 6-months post-injury. This work may
allow us to predict whether a patient will recover well or worsen over time, leading to death or

prolonged vegetative state, by analyzing deeper brain region’s atrophy using structural MRI.
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Limitations. Our sample size was rather small, especially in representing the female population.
Whether the cause of death within the 6-months was caused by injury severity or withdrawal of

life-sustaining treatment was not considered for the bad outcome group patients.

Future Direction. We plan to incorporate this same data set to create a machine learning (ML)
model which uses the multimodal structural imaging data as input to predict patient outcome

severity (good outcome vs bad outcome) 6-months post-injury.

Funding. This work was funded in part by NIH NIBIB (R21EB034428; MMM, JC), DOD
CDMRP (HT9425-24-1-1081; MMM), UCLA Brain Injury Research Center. Sonya Ashikyan

was funded through the University of California’s (UC) Eugene Cota-Robles Award.
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Chapter 5: Diagnostic and Prognostic Machine Learning Tool

5.1 Abstract

Introduction. Globally, traumatic brain injuries (TBI) are so prominent that they account for one
of the most neuro-disabilities with about 85% of all TBIs being characterized as mild. The
current standard protocol at the emergency room for mTBIs includes triage, then a cranial
computed tomography (CT) scan, lastly a physician reassessment. In this protocol, no medication
or treatment is prescribed, and no follow-up is scheduled with the patient. This model aims to
increase diagnostic confidence and offers individualized patient care, since all brains are
structurally different, and therefore all injuries naturally influence patient’s neural and

neuropsychological states differently.

Methods. The mild TBI groups were created using three self-report questionnaires: Center for
Epidemiologic Studies-Depression Scale (CES-D), Posttraumatic Stress Disorder Checklist
Civilian Version - Appendix for Acute Stress Disorder (PTSD-ASD), and Connor-Davidson
Resilience Scale (CDRISC). The questionnaire’s progression was five different timepoints: less
than 24-hours post-injury (baseline) to 6-months post-injury (n=90; female n=31; average age =
29.7; age range 18-49). The stress group had clinically high levels of depression and PTSD-ASD
with below healthy average resilient scores, while the resilient group had above healthy average
resiliency scores. The imaging data (n=67) includes Fluid-Attenuated Inversion Recovery
(FLAIR), Susceptibility-weighted imaging (SWI), T2-weighted multi-echo (T2w ME), and T1-
weighted (T1w). Six total models were created with each one predicting the patient’s group:
stress group or resilient group. The input of each model included one or both neuroimaging

modalities and the scores of each of the three questionnaires scores at baseline only.
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Results. The logistic regression (LR) model (Model 1) with baseline behavioral input was the
most accurate one with the mean AUROC of 0.906 (SD=0.078, Mean AUPRC = 0.860, SD =
0.117; “excellent”). The LR classification model (Model 2) uses the regions of interest (ROI) on
the baseline images as input, which had a relatively low accuracy level with a mean AUROC of
0.565 (SD=0.124, Mean AUPRC = 0.549, SD = 0.123; “fail”’). Model 3a implements voxel-
based whole-brain level imaging using Principal Component Analysis (PCA) method, the
accuracy increased to a mean AUROC of 0.613 (SD=0.179, Mean AUPRC = 0.548, SD = 0.139;
“poor”). The deep learning (DL) three-dimensional convolutional neural network (3D-CNN)
model (Model 3b) was paired with the pre-computed MedSAM?2 foundation model embeddings.
This led to yet another increase in model accuracy with a mean AUROC of 0.810 (SD=0.196,
Mean AUPRC =0.788, SD = 0.199; “good”). The DL 3D-CNN model (Model 4) uses the
baseline images as the predictor variable had a mean AUROC of 0.539 (SD=0.164, Mean
AUPRC = 0.484, SD = 0.095; “fail”). Lastly, Model 5, which was Model 3b with the use of
MedSAM?2 with the additional input data of baseline questionnaire scores had an increased

accuracy of mean AUROC of 0.828 (SD=0.126, Mean AUPRC = 0.801, SD = 0.136, “good”).

Discussion. Model 3b (MedSAM?2) is both the most accurate imaging-only model and the first
machine learning (ML) model to successfully predict neuropsychological group using
multimodal imaging data alone. Model 5 is the most accurate imaging-incorporated model;
however, this is not surprising given the remaining circulatory problem within the
neuropsychological input component. Notably, the neuropsychological input data increases the
model accuracy but not substantially, indicating that neuropsychological input makes the model

more precise but is not necessarily required for the creation of a successful model. Therefore, this
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allows clinicians the ability to more accurately treat patients by scheduling appropriate follow-

ups and offering referrals to mental health resources, such as therapy.

5.2 Introduction

Globally, traumatic brain injuries (TBI) are so prominent that they account for one of the most
neuro-disabilities with about 85% of all TBIs being characterized as mild (mTBI; Visser et al.,
2022). Mild cases are defined as a disruption of brain function which typically results in loss of
consciousness for less than 30 minutes, loss of memory, and other difficulties such as attention
deficits (Sussman et al., 2018). The current standard protocol at the emergency room for mTBIs
includes triage, then a cranial computed tomography (CT) scan, lastly a physician reassessment
(Michelson et al., 2018; Figure 5.1). In this protocol, no medication or treatment is prescribed,
and no follow-up is scheduled with the patient. This standard treatment route also led for most
mTBI neuroimaging research to focus on the effects of CT scans (Molaei-Langroudi et al.,
2019). The CT scan is the method of choice due to its low cost and quick results; however, CT
scans have low resolution, leading to some injuries to go undetected that a magnetic resonance
imaging (MRI) scan could detect (Kim et al., 2013). This issue leads patients with brain injuries,
such as microbleeds and diffuse axonal injury to go untreated (Dabas et al., 2024). Recent
research has begun to investigate the role that artificial intelligence (AI) can play in combating

this issue (Montalt-Tordera et al., 2021).
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Figure 5.1. Standard Emergency Protocol in the United States for traumatic brain injuries
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We suggest leveraging the power of detail sensitivity that the MRI can provide, since mild cases
often have subtle lesions. Additionally, we also suggest utilizing machine learning’s (ML)
convolutional neural network (CNN) techniques paired with transfer learning through Meta’s
Medical Segment Anything Model 2 (MedSAM?2) to create and test an automated diagnostic and
prognostic tool by integrating both multimodal neuroimaging data and neuropsychological data
(Ma et al., 2024). The data from mild TBI patients across multiple timepoints will be used as the
training data for this model. This model aims to increase diagnostic confidence and offers
individualized patient care, since all brains are structurally and functionally different, and
therefore all injuries naturally influence patient’s neural and cognitive states differently. Hence,

we must also treat patients in such a personalized manner.

5.3 Methods

Participants. All data points were acquired from the Federal Interagency Traumatic Brain Injury
Research (FITBIR) informatics system from an existing data set (Robertson et al., 2017). For our
analyses, only the individuals from the case group were considered (n=90). Each TBI was

characterized as mild by scoring between 13-15 on the GCS administered by a clinician, had lost
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consciousness for less than 30 minutes, experienced less than 24-hours of post-traumatic
amnesia. All mTBI subjects had normal computed tomography (CT) scans, meaning no
complicated mTBI subjects were included. Subjects did not have prior neurological and/or
psychological conditions including a prior TBI. From this sample, 59 were male and 31 were
female with the average age between both groups being 29.70 years old with the age range being
18-49. This sample size was used for behavioral clustering analysis; however, 23 subjects were
excluded due to missing imaging data. Therefore, a sample size of 67 was used for the entirety of

this study.

Cognitive Data. Three questionnaires were considered: Center for Epidemiologic Studies-
Depression Scale (CES-D), Posttraumatic Stress Disorder Checklist Civilian Version - Appendix
for Acute Stress Disorder (PTSD-ASD), and Connor-Davidson Resilience Scale (CDRISC;
Connor & Davidson, 2003; Weathers et al., 2013; Radloff, 1977). Each questionnaire was
readministered at five different time points: less than 24-hours post-injury (baseline), 1-week
post-injury, 1-month post-injury, 3-months post-injury, and 6-months post-injury (Figure 5.1).
The total score of each neuropsychological questionnaire’s were used in Functional Data
Analysis (FDA) with Clustering using Matrix Laboratory (MATLAB) across all five timepoints.
We utilized two timepoints for this study; less than 24-hours post-injury (baseline) and 3-months

post-injury.

Imaging Data. Five MRI modalities were collected: Fluid-Attenuated Inversion Recovery
(FLAIR), Susceptibility-weighted imaging (SWI), T2-weighted echo 1 (T2w), and T2-weighted
echo 2, and T1-weighted (T1w). For the T2w scans, the first echo time was 16 milliseconds (ms),
and the second echo time was 32ms. Using both provided echo times, a new combined T2w
modality was created called T2-weighted multi-echo (T2w ME). Moreover, the analysis was
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done in four modalities T1, T2w ME, SWI, and FLAIR. All images were obtained using a 3T
Philips scanner using the following parameters: TR=16ms, TE=32ms. All MRI modalities were
collected at two timepoints; baseline and 3-months post-injury. Ultimately, the imaging data
included 67 subjects across five modalities in two timepoints, totaling 670 scans being processed

for the final analysis.

Model 1 (Behavioral - LR): The binary logistic regression classification model uses the three
cognitive measures (CESD, PTSD-ASD, and CDRISC) at the baseline timepoint as the predictor
variable (X) and the cluster group (stress group or resilient group) as the response variable (y).
The maximum iterations were set to 100 with no dimensionality reduction and stratified 5-fold
cross-validation. In this method, the model predicts whether patient is in the stress group or

resilient group based on their three cognitive scores.

Model 2 (Imaging - ROI): The binary logistic regression classification model uses the regions of
interest (ROI) on the baseline timepoint multimodal images as the predictor variable (X) and the
cluster group (stress group or resilient group) as the response variable (y). Each imaging
modality was parcellated into 400 total ROIs using the Schaefer 2018 atlas, which then
calculated the mean signal of each ROI concatenated across the four modalities. Then, the z-
scores were normalized and stratified 5-fold cross-validation was used. The output also includes
images of the group mean ROI differences through Nilearn’s glass brain plotting method. In this
method, the model predicts whether patient is in the stress group or resilient group based on the

ROIs inputted.

Model 3a (Imaging - PCA): This model implements voxel-based whole-brain level baseline
multimodal MRI feature extraction by flattening and concatenating images per subject into a

single high dimensional vector. Two hidden-layer Multilayer Perceptron (MLPs) were
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implemented, then variance scaling and principal component analysis (PCA) remained up to 20
components. Lastly, stratified 5-fold cross-validation was used and the cluster group was

outputted as the response variable.

Model 3b (Imaging — MedSAM?2): The deep learning (DL) three-dimensional convolutional
neural network (3D-CNN) model uses the baseline timepoint multimodal images as the predictor
variable (X) and the cluster group (stress group or resilient group) as the response variable (y).
The pre-computed MedSAM?2 foundation model embeddings was used for the input imaging
data, which calculated the global mean for all dimensions (modalities % slices x channels; Zhong
et al., 2025). The final global mean gave each subject a single scalar feature. The random forest
method of 50 trees was used then the z-score was normalized. Then, the stratified 5-fold cross-

validation method was implemented.

Model 4 (Imaging - CNN): The deep learning (DL) three-dimensional convolutional neural
network (3D-CNN) model uses the baseline timepoint multimodal images as the predictor
variable (X) and the cluster group (stress group or resilient group) as the response variable (y).
70% of the data was used for training, 10% was used for validation and 20% was used for
testing. This model was created from scratch, and imaging data was classified using whole brain
level data rather than focusing on specific regions of interest. To prevent overfitting and increase
generalizability, data augmentation was done at random by flipping spatial axes and utilizing
affine transformations. In this method, the model predicts whether patient is in the stress group

or resilient group based on actual imaging data across all four modalities (Figure 5.2).

Model 5 (Imaging & Behavioral — MedSAM?2): The deep learning neural network model uses the
baseline timepoint multimodal images and the three cognitive variables as the predictor variables

(X) and the cluster group (stress group or resilient group) as the response variable (y).
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MedSAM2 embedding was used for the imaging data, which was then paired with the behavioral
data as matrices where 5-fold cross-validation was done. The classification portion was
processed using PyTorch’s late-fusion Multilayer Perceptron (MLP). In this method, the model
predicts whether patient is in the stress group or resilient group based on actual imaging data
across all four modalities paired with the corresponding cognitive measures. The train test split
method was also used. This test is used to understand which predictor variable is more necessary
to receiving accurate results, the multimodal imaging data alone, the cognitive data alone, or the

pairing of both cognitive and imaging data.
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Figure 5.2. Convolutional neural network (CNN) model (Liu et al., 2018)

5.4 Results

Model 1 (Behavioral - LR): Out of the 6 models presented, the behavioral input logistic
regression model (Model 1) was the most accurate one with the mean AUROC of 0.906 and a
standard deviation of 0.078 (Mean AUPRC = 0.860, SD = 0.117). The accuracy level is
categorized as “excellent” (Nahm, 2022). However, this is not necessarily surprising given the
baseline behavioral data of the three neuropsychological measures (depression, PTSD-ASD, and
resilience) were the exact same measures used to create the two cluster groups (stress and
resilient) with four additional timepoints (1-week, 1-month, three-months, and 6-months).
Moreover, although accurate, a clear circulatory problem exists within model 1, that does not

exist within the imaging-only input models such as Model 2, 3a, and 4 (Table 5.1 A).
88



Model 2 (Imaging - ROI): The region of interest model had a relatively low accuracy level with a
mean AUROC of 0.565 and a standard deviation of 0.124 (Mean AUPRC = 0.549, SD = 0.123;

Table 5.1 B), categorized as a “failure”. Notably, this model was the only one which created

clear images of the brain, giving insight on which region of the 400 parcellations, were most

telling of which group the patient is predicted to be from (Figure 5.3; Figure 5.4). Although this

is a major strength of the model, it also came with the price, as the generation of the images

significantly slowed down the model’s analysis time.
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Figure 5.3. Group differences in brain activity between Stress and Resilient groups (Modality 2)

Note. (A) Whole-brain group difference map (Stress — Resilient) displayed in coronal, sagittal, and axial views (y=0, x=0, z=0),
with warm colors (red) indicating greater activation in the Stress group and cool colors (blue) indicating greater activation in the
Resilient group (color scale: —0.65 to 0.65). (B) Glass brain projection of the group difference map highlighting significant
clusters of differential activation across frontal, parietal, and subcortical regions (color scale: 0 to 0.65). (C) Cortical surface
rendering of group differences projected onto the left hemisphere, showing widespread positive differences (Stress > Resilient)
across lateral and medial surfaces. (D) Cortical surface rendering of group differences projected onto the right hemisphere,
revealing a predominantly positive difference pattern with focal negative regions in anterior and temporal areas. All color scales
reflect the magnitude of group differences in standardized units.
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Figure 5.4. Regions of Interest (ROI) weights from logistic regression classifier distinguishing Stress and
Resilient groups (Modality 2)
Note. (A) Whole-brain logistic regression coefficient map displayed in coronal, sagittal, and axial views (y=0,
x=0, z=0), with warm colors (red) indicating positive coefficients and cool colors (blue) indicating negative
coefficients (color scale: —0.12 to 0.12). (B) Glass brain projection of ROI weights highlighting clusters of
greatest discriminative power across frontal, parietal, and subcortical regions (color scale: 0 to
0.12). (C) Cortical surface rendering of ROI weights projected onto the left hemisphere, showing a mixed
pattern of positive and negative discriminative regions. (D) Cortical surface rendering of ROI weights
projected onto the right hemisphere, revealing predominantly positive weights across lateral prefrontal and
parietal cortices with focal negative regions. Color scales reflect the magnitude of logistic regression
coefficients in standardized units.

Model 3a (Imaging - PCA): Since the ROI approach did not yield high enough accuracy and
slowed the model down, the next step was the whole-brain analysis approach using a PCA.
Again, with only multimodal MRI imaging (FLAIR, T1w, T2w ME, and SWI) as the input, the
accuracy increased to a mean AUROC of 0.613 with a standard deviation of 0.179 (Mean
AUPRC = 0.548, SD = 0.139). Although higher in accuracy, the model is still categorized as

“poor” and is still slow in runtime (Table 5.1 C).
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Model 3b (Imaging — MedSAM?2): 1t is clear the whole-brain approach is better performing than
the ROI-based approach for imaging-only input. The MedSAM2 embedding approach was
implemented and led to yet another increase in model accuracy with a mean AUROC of 0.810
and a standard deviation of 0.196 (Mean AUPRC = 0.788, SD = 0.199). The model is now
categorized as “good”, meaning that the MedSAM?2 embedding was established as a clear aid in
increasing accuracy by serving as a strong foundation model and substantially increased the

runtime by producing output within a few seconds (Table 5.1 D).

Model 4 (Imaging - CNN): To establish a model created from scratch that specializes in mild TBI
neuroimaging data, the CNN model was created. The results from Model 3a and Model 3b clearly
indicated that the whole-brain approach was the right path, with the same multimodal input data,
the new model saw a major decrease in accuracy and increased runtime significantly. The mean
AUROC became 0.539 and a standard deviation of 0.164 (Mean AUPRC = 0.484, SD = 0.095),
which is categorized as a “fail”. These results establish the need to utilize a strong foundation

model, while maintaining the whole-brain analysis approach (Table 5.1 E).

Model 5 (Imaging & Behavioral — MedSAM?2): Given the high accuracy and short runtime of
Model 3b with the use of MedSAM2, the same model was created with the additional input data
of baseline behavioral measures. Not surprisingly, the model accuracy increased and the speed
remained roughly the same with the mean AUROC of 0.828 and a standard deviation of 0.126

(Mean AUPRC =0.801, SD = 0.136), categorized as a “good” performance (Table 5.1 F).
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Classification Performance Across Models (5-Fold Stratified Cross-Validation)

Mean T
Figure Model Input type  AUROC Mean AUPRC Dlscrlmmatzaon
(£SD) (£SD) category

Model 1: Logistic
regression

(A) Behavioral 0.906 (0.078) 0.860 (0.117) Excellent

Model 2: Logistic

(B) regression (RO Imaging  0.565(0.124) 0549(0.123)  Fail

Model 3a: MLP

© (PCA + voxel) Imaging  0.613(0.179) 0.548(0.139)  Poor

Model 3b:
(D) Random forest Imaging 0.810 (0.196) 0.788 (0.199) Good
(MedSAM?2)

Model 4: 3D

(E) NN Imaging  0.539 (0.164) 0.484 (0.095)  Fail
Model 5: Late- Imacine +

(F) fusion MLP bhg.gl 0.828 (0.126) 0.801(0.136)  Good
(MedSAM?) ehaviora

Table 5.1. Classification performance across machine learning models
Note. a Discrimination category based on Nahm (2022): 0.9 <AUC = Excellent; 0.8 <AUC < 0.9 = Good; 0.7 <AUC < 0.8 = Fair;
0.6 <AUC < 0.7 = Poor; 0.5 <AUC < 0.6 = Fail. Nahm F. S. (2022). Receiver operating characteristic curve: overview and
practical use for clinicians. Korean Journal of Anesthesiology, 75(1), 25-36. https://doi.org/10.4097/kja.21209 (A) Behavioral-
only logistic regression. (B) ROl-based multimodal logistic regression. (C) Voxel-based multimodal MLP with PCA
dimensionality reduction. (D) MedSAM2 embedding-based random forest. (E) Voxel-based 3D convolutional neural network (F)
Late-fusion multimodal MLP combining MedSAM?2 embeddings and behavioral features. Values are mean (+SD) across 5-fold
stratified cross-validation folds. AUROC = area under the receiver operating characteristic curve; AUPRC= area under the

precision-recall curve; ROI = region of interest; MLP = multilayer perceptron; PCA = principal component analysis; CNN =
convolutional neural network; MedSAM?2 = Medical Segment Anything Model 2; SD = standard deviation.

5.5 Discussion

The growing advancement and integration of machine learning modeling in the healthcare field
has opened endless opportunities (Liu et al., 2024). This paper discusses the creation of one of
the first artificial intelligence (AI) models that specialize in mild TBI neuroimaging data. The
key component is the connection between neural damage and neuropsychological changes,

which research in moderate-to-severe TBI has shown to be important (Lutkenhoff et al., 2015).
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More specifically, this model’s novelty exists within its ability to take in baseline (<24 hrs post-
injury) multimodal MRI data of mild TBI patients and predict neuropsychological groups (stress
vs resilient) within the next six-month trajectory. Prior research has also confirmed the strength
that multimodal imaging has within Al predictive models in the healthcare field by giving the
model more types of brain data to leverage (Ferger et al., 2025). By predicting a
neuropsychological group, the model also predicts the patient’s trajectory of resilience,
depression, and PTSD-ASD. Prior research has proven that assessing patient’s
neuropsychological profiles immediately post-injury is a poor representation of the true impacts
of the TBI, as psychological damages worsen significantly one-week post-injury (Mavroudis et
al., 2024). This tool would allow clinicians to predict whether a specific patient will experience
such stress or will remain resilient mentally. Therefore, this allows clinicians the ability to more
accurately treat patients by scheduling appropriate follow-ups and offering referrals to mental

health resources, such as therapy.

To create the final model (Model 5), additional models were also created to find the most optimal
path. Before incorporating the imaging data, a neuropsychological input model was created
(Model 1), which offered the highest accuracy of all models, categorized as “excellent”, but had
an inherent circulatory problem. This is a key limitation of Model 1, as the input data is the
baseline neuropsychological scores of all three behavioral measures, one of the five timepoint
measures used to compute the two patient groups. Notably, this problem only exists within
models 1 and 5, as they are the only ones which input the baseline behavioral data. Models 2
through 4, contain imaging data as their only input, meaning they are free of the circulatory
problem. In Model 2, multimodal regions of interest (ROI) were submitted as input, creating

images of brain regions by modality as output which were most representative of the group
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assignment. However, the generation of the images requires a significant increase of runtime and
a major reduction in accuracy (Fail). On the other hand, Models 3a (Principal Component
Analysis (PCA) method) and Model 4 (Convolutional Neural Network (CNN) method) also had
a similar problem of slowed runtime and low accuracy but did not output brain data

visualizations (Fail/Poor).

Model 3b (MedSAM2) is the first machine learning (ML) model to successfully predict
neuropsychological group using multimodal imaging data alone and is also the most accurate
imaging-only model. This model’s key difference lies within its integration of the novel CNN
model that is specific to reading mild TBI multimodal data and the foundation model that can
read any type of image from the internet. Transfer learning gives this model the power to
combine the strengths of high imaging reading knowledge with mild TBI specific MRI imaging
knowledge to create a single more reliable tool. Although the performance is categorized as
merely “good”, the model has the potential to increase in accuracy by adding more training data,
since the sample size of 67 is considerably small for patient-use thus far. Model 5 uses the same
transfer learning method but with the added neuropsychological input data at baseline. This
creates the most accurate imaging-incorporated model; however, this is not surprising given the
remaining circulatory problem within the neuropsychological input component. Notably, the
neuropsychological input data increases the model accuracy but not substantially, indicating that
neuropsychological input makes the model more precise but is not strictly necessary for the
creation of a successful model. Nevertheless, this work highlights the future opportunities Al has

in the healthcare field which better allocates resources to patients who need them most.
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The tool allows clinicians to bridge the major gap between the neurological and
psychological/psychiatric medical fields, offering a more holistic view of both the patients’
mental and physical health by considering individual neural differences. Due to this gap in
specialties, the mental health impacts of neurological diseases are often ignored, and patients go
untreated and existing resources go unused, this tool offers a modern solution in which resources

could be better allocated to those with predicted worse conditions (Figure 5.5).
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Figure 5.5. Embedding-based convolutional neural network model (Model 3b) applied in standard emergency protocol
in the United States

Limitations. As mentioned before, a circularity problem exists within the models which input
baseline neuropsychological data (Model 1 and Model 5), as the same datapoints were one of
five timepoints used to create the clusters the models are all predicting. All models, except for
the ROI-based method (Model 2), are unable to indicate which whole-brain voxels are
contributing to the model’s final prediction for the patient. However, it is important to note that
there is currently no standardized method to do this in ML thus far. To incorporate a model which
indicates the regions used, we cannot use the whole-brain analysis path, instead we used the
regions of interest (ROI) option. This model was however unsuccessful, further proving the need

to create a more powerful standardized region/voxel contribution model.
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Future Direction. This work has proven the potential Al has within advancing the current
medical field by considering individual differences among patients, interconnecting neurological
and psychological/psychiatric specialists, and allocating currently existing medical resources
more effectively. To further develop this tool, we plan to create a single more advanced
MedSAM2 embedding-based model with increased training data. Lastly, we plan to broaden the
tool’s structure to work for other non-TBI conditions, such as neurodegenerative diseases which

can predict years post-diagnosis rather than months post-injury.
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Chapter 6: Conclusion

Traumatic brain injuries are complex and greatly vary across patients. They range across three
levels of severity (mild, moderate, and severe) and target vulnerable individuals, such as the
elderly and young in the general population and span across athletes and military personnel.
Large proportions of specific groups’ injuries raise questions regarding possible ways to improve
return-to-play protocols for athletes, discharge regulations in military personnel, and
airbag/seatbelt safety in the general population. Furthermore, different levels of severity call for
different approaches and concerns in patient outcomes such as chronic traumatic encephalopathy
in repetitive mild TBI patients as well as neurodegeneration over one’s lifetime. In moderate-to-
severe cases, early posttraumatic seizures cause serious difficulties in the rehabilitation of
patients and interventions must be weighed including the administration of mechanical
ventilation, a medically induced comatose state, and craniectomy/craniotomy. The importance of
monitoring outcome variables such as returning-to-work are used to establish which procedure is
most effective for patients across all levels of severity. Neuropathology, notably blood
biomarkers and genetics, are used as a window into the neurological changes caused by a
traumatic brain injury. Lastly, recent research has claimed sleep to be an important factor of TBI,
as a multitude of sleep disorders arise after a brain injury is incurred (ex. sleep apnea, insomnia,

hypersomnia, etc.).
6.1 Research Approach

Three key main points stand as pillars for our research approach. Firstly, the scientific
community has clearly established the strong and specific relationship neural structures have
with cognitive processes (Menon, 2013). It has also been well-established that damage to a brain

structure results in corresponding impairments to the neuropsychological processes it governs,
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including in the context of traumatic brain injury (Wojtowicz et al., 2017). Thirdly, each
neuroimaging modality highlights a specific aspect of the brain, with, for example, T1-weighted
(T1w) data reflecting gray matter volume and Fluid Attenuated Inversion Recovery (FLAIR)
data reflecting white matter integrity (Figure 6.1; Sassani et al., 2025). With these three
components in mind, the scientific question of whether brain damage can be linked to

corresponding neuropsychological outcomes becomes more tractable.

Magnetic Resonance Imaging (MRI) specifically has recently been used to characterize
traumatic brain injury across all levels (mild to severe); however, the vast majority of this work
has been unimodal (Bedggood et al., 2024). To fill the research gap, two multimodal fusion
approaches, voxel-wise non-parametric combination (NPC) and 3D Convolutional Neural
Networks (3D CNN) machine learning, are integrated across mild TBI (Winkler et al., 2016;
Anwar et al., 2018; Dutta et al., 2020). The non-parametric approach takes unimodal data and
performs fusion through the joint inference technique. The tool is powerful as it makes minimal
assumptions and results in both an independent modality analysis and a joint multimodal analysis
output. This approach is used in Chapter 2 to 4, where results are depicted by both individual
modalities and a combined single result across all modalities together. On the other hand, the
deep learning neural network learns spatial patterns by focusing on learning simple features in
the early layers (voxels), then combining modalities to learn more complex features

(regions/networks). The deep learning method allows for the detection of connectivity patterns
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which can identify even marginal neural damage which might have otherwise been missed (Ma

et al., 2024).

Figure 6.1. Magnetic resonance imaging (MRI) structural and functional modalities and uses (Sassani et al., 2025)

6.2 Main Findings & Scientific Contributions

The series of studies presented in this dissertation successfully linked various severities of
traumatic brain injuries to corresponding neuropsychological data points through the creation of
a novel scientific analysis approach (Chapters 2-4). The overarching hypothesis across all bodies
of work posited that significant psychological differences present following a brain injury would
be mirrored in their corresponding brain structures. Moreover, psychological changes over time
would also correlate to significant changes in brain tissue. Lastly, given the complex nature of
traumatic brain injuries and vast individual structural and functional neural differences, the

hypothesis also predicted significant differences across imaging modalities.
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In Chapter 2, the neuropsychological markers; PTSD-ASD, depression, and resilience, were
significantly correlated to structural neurological changes across the whole-brain 3-months after
a single concussive event (mild TBI) in the general population. Specific structural integrity
differences were identified with profound impacts of white matter hyperintensities (FLAIR),
volumetric changes (T1w), fluid shifts (T2w ME), and overall cross-modality effects (SWI).
These differences in images between 3-months and less than 24 hours post-injury were primarily
seen in emotion regulation-based regions, such as the middle and superior frontal gyri, which
overlapped with the corresponding neuropsychological questionnaire findings. Finally, the
neuropsychological analyses alone revealed distinct patient-experience clusters (stress cluster vs
resilient cluster) and presented compelling evidence that patients diagnosed with the same
neurological condition with similar medical history, experienced vastly different psychological

outcomes.

In Chapter 3, the neuropsychological markers focused on sleep quality; drowsiness, fatigue, and
trouble falling asleep, in both the healthy general population (out-of-sport control; OSC) and
athletes who were either healthy (in-sport control; ISC) or had a concussion within one week
(sports-related concussion; SRC). Due to the promising structural findings presented in Chapter
2, structural neural investigation was maintained with the addition of functional data (resting
state MRI). Between cohort analyses revealed that individuals who participated in a sport had
increased functional connectivity in the ventral attention network using the resting-state fMRI
modality indicating strengthened involuntary attention processing. However, this development
was impaired after a sport-related concussive event, leading to a loss in connectivity in the dorsal
attention network which ultimately hinders voluntary attention control between athletes. Lastly,

between concussed athletes and healthy individuals, concussive events occurring due to sport
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participation led to whole brain level white matter hyperintensities revealed through the FLAIR
modality, again in attention-based regions. Although a counterintuitive finding, overall sleep
quality was successfully correlated to brain regions related to consciousness (precuneus,

thalamus, etc.) through the FLAIR modality.

In Chapter 4, the neuropsychological measure was the patient 6-month post-injury binary
outcome, where a good outcome includes upper good recovery and a bad outcome includes
death, in moderate-to-severe traumatic brain injuries in the general population. Substantial
volumetric differences were uncovered between the good outcome and bad outcome groups
through the TI-MPRAGE modality and overall neural differences across the combination of all
modalities (FLAIR, SWI, ADC, TI-MPRAGE). These outcome predictor markers were
widespread with major impacts of the internal capsule and medial thalamus, both regions whose
function is embedded in consciousness. This work confirms the notion that each condition’s
appropriate neuropsychological measure overlaps with corresponding functional regions and that
multimodal neuroimaging data is a better representation of the neural consequences of traumatic

brain injuries.

With the replicable evidence presented from Chapter 2 to 4, Chapter 5 aimed to offer a potential
solution to the problem of linking neuropsychological impairments to their neural correlates.
Using the dataset presented in Chapter 2, the baseline (<24 hours) multimodal neuroimaging data
(T1w, T2w ME, SWI, and FLAIR) of the mild traumatic brain injury patients were used as input
for the machine learning (ML) model (Model 3b). The tool specifically utilized Meta’s Medical
Segment Anything Model 2 (MedSAM?2) embedding to transfer its abilities to read any image
across the internet to our concussion-specific existing 3-dimensional convolutional neural
network (3D-CNN) model. This allowed the model to predict which neuropsychological cluster
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the patient was in; stress cluster or resilient cluster, which therefore also predicts the patient’s 6-
month post-injury mental state. By analyzing the whole-brain through the voxel-wise approach,
the model resulted in a roughly 81% probability in predicting the cluster (i.e., resilient vs stress
group) correctly. Lastly, the second successful model (Model 5) had both baseline multimodal
neuroimaging data and baseline neuropsychological data (PTSD-ASD, depression, and resilience
scores) as input and resulted in a roughly 82.8% probability in accurately predicting the patient’s
cluster. Model 5’s main purpose was to determine whether neuropsychological data was strictly
necessary for the successful performance of the predictive tool or if multimodal neuroimaging
data alone provided enough information for the model to function. The findings suggest that
multimodal structural neuroimaging data alone is enough to perform successfully. This work not
only further confirmed the neural linkage with its neuropsychological differences between brain
injured patients but also resulted in the first machine learning tool specializing in mild traumatic

brain injuries.

6.3 Limitations

The most inevitable limitation in clinical research is the limited sample size. It is extremely
difficult, time consuming, and costly to collect traumatic brain injury patient data, especially in
the most severe cases. We worked with data collected at multiple sites, including existing
datasets to hasten the process, which varied in sample size and imaging modality variety to aid in
alleviating this issue (Rakocz et al., 2021). However, to increase the generalizability of our
scientific findings as well as the application of our machine learning tool, a larger sample size
would provide more reliable results. Therefore, we plan to replicate these results and train our
model with new traumatic brain injury data sets. Additionally, there is a great level of
heterogeneity in each brain injury which is more profound in severe cases due to lesions and
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deformities (Van Essen et al., 2013). This makes it difficult to process imaging data by applying
currently available MRI software and as a result leads to data exclusion, possibly resulting in

increased exclusion of patients with more severe injuries.
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