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Leveraging substructural brain mechanics
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Chair of the Supervisory Committee:
Mehmet Kurt

Department of Mechanical Engineering

Neurodegenerative diseases and traumatic brain injuries (TBIs) represent significant public
health challenges globally, particularly in the United States, where they are projected to
impact 88 million individuals by 2050. These conditions, often linked to sports that in-
volve repetitive head impacts, can lead to conditions like chronic traumatic encephalopathy
(CTE) and are associated with considerable disability and mortality. Despite decades of
research, there remains a critical need for advancements in detection, diagnosis, prevention,
and treatment strategies.

This thesis explores the missing mechanical factors that influence neurodegenerative dis-
eases, focusing on how mechanical forces and brain substructure dynamics can be utilized
to enhance understanding and management of these diseases. Specifically, it investigates
the biomechanics of brain injuries from the perspective of substructural mechanics and the
effects of morphological changes within the brain, providing a comprehensive view of how
such dynamics relate to disease processes.

The research begins with an evaluation of the biomechanical performance of current sports
helmets, particularly bicycle helmets that incorporate various impact mitigation strategies.
Findings indicate that helmets equipped with rotation damping systems and other novel
technologies outperform traditional helmets in managing kinematics at low impact veloci-

ties and angular momentum. This uncovers the necessity for re-considering helmet designs



to better prevent cycling-related TBIs, advocating for more inclusive impact testing that
considers a range of motion and impact scenarios.

Further, the study utilizes dynamic amplified MRI (aMRI) to assess in vivo displacement
of brain substructures in patients with Normal Pressure Hydrocephalus (NPH), examining
how these movements are altered by surgical interventions such as shunt placement. The
research demonstrates that aMRI can effectively indicate shunt functionality, offering a non-
invasive method to monitor and evaluate surgical outcomes.

Additionally, leveraging data from the DIAGNOSE CTE project, the thesis applies ma-
chine learning algorithms to predict neurocognitive and neuropsychiatric outcomes based
on blood and cerebrospinal fluid (CSF) biomarkers, alongside magnetic resonance imag-
ing (MRI) morphometrics. This innovative approach highlights the potential of integrating
computational methods with clinical data to better understand and manage TBIs and neu-
rodegenerative diseases.

Overall, this thesis investigates a multidisciplinary approach that integrates mechanical as-
sessments, advanced imaging techniques, and machine learning to provide new insights into
the prevention, diagnosis, and management of neurodegenerative diseases and TBIs. The
findings contribute to the broader field of neurology by suggesting that mechanical fac-
tors are crucial for understanding the complex dynamics of brain diseases and by offering

promising new directions for enhancing patient care and treatment strategies.
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Chapter 1

INTRODUCTION

1.1 Background and Motivation

Neurodegenerative diseases are major causes of disability, death, and mortality world-
wide, including in the US, where they are predicted to affect 88 million Americans by 2050
[2]. Tt has been shown that neurodegenerative disease mortality risks are linked to sports
associated with repetitive head impacts, which may increase the risk of repetitive mild TBI
and other neurodegenerative diseases [3, 4]. These diseases have been the focus of various
types of studies over the past decades; however, there is still a need for more research to
improve diagnostic, detection, prevention, prediction, and treatment strategies. One im-
portant aspect that is sometimes underestimated is the role of mechanical factors in these
studies, and how they can play a role in identifying factors correlated with detection, di-
agnosis, prevention, prediction, and even treatment of these diseases. More specifically,
understanding the mechanical perspective of specific regions and the effects of morpholog-
ical changes and behavior in certain diseases can be super informative. In the following
paragraphs, I’ll elaborate more on this aspect, providing some examples of diseases and
how a mechanical perspective can aid in studying these diseases.
TBI is a major cause of disability and mortality worldwide affecting approximately 2.8 mil-
lion people in the US [5] with mild TBI (mTBI) accounting for 80 % of all cases. To improve
diagnosis techniques and develop prevention strategies, there is a need to understand the
underlying injury mechanism, especially from a biomechanical perspective. Head kinematic
parameters are often used to assess brain injury risk, although recent focus has shifted to-
wards using brain-level mechanical markers such as tissue deformation (i.e., strain) obtained
through computer simulations. [6-10]. For instance, analyzing TBI risk based on regional-
dependent brain strain criteria has shown a correlation between concussion diagnosis and

maximum principal strain [11, 12], emphasizing the importance of brain substructural me-



chanics [13, 14]. Finite element (FE) model simulations of head impacts have revealed that
brain substructures exhibit frequency-dependent and nonlinear behavior during impacts,
with strain concentration occurring in the corpus callosum [15] and deep white matter, and
localized vibration modes [16, 17]. Although it has been demonstrated that brain substruc-
tures play a significant role in brain injury mechanisms [7, 18-22], helmet designs have
historically focused solely on mitigating linear head kinematics [23-26]. While rotational
head kinematics have been addressed in recent improvements to helmet design, consider-
ation of brain substructural mechanics remains lacking. Also, the critical role of localized
phenomena in brain injuries [16, 17], necessitates the need to examine the impact of various
helmet types on the dynamics of brain substructures. Given substructral nonlinearity, re-
gional vulnerability, and existence of multimodal behavior [16] in the brain, there is a need
to address missing dynamical factors in helmets design.

Brain motion is another mechanical factor that plays a crucial role in assessing certain
diseases. While the human brain is not typically considered mechanically active, its soft
material properties and complex boundary conditions—including vasculature, CSF, and
dural folds—result in continuous motion and deformation within the skull [17, 27]. As the
heart beats, variations in blood pressure cause the blood vessels and surrounding tissue
to deform [28]. Recent research suggests that these dynamics may be altered in certain
brain pathologies, which has sparked increased interest in understanding the interactions
among brain tissue, CSF, and blood flow. For example, in Chiari I malformation (CM-I),
impaired CSF drainage into the spinal canal is believed to increase intracranial pressure,
subsequently altering brain motion [28]. Similarly, conditions like hydrocephalus and sy-
ringomyelia are thought to impact CSF drainage and consequently affect brain movement.
These interactions have been studied using various computational and imaging methods.
For instance, Pahlavian et al. developed a patient-specific computational fluid dynamics
(CFD) model with moving boundaries at the cervical-medullary junction to explore CNS
tissue motion and its effects on CSF dynamics [29]. Moireau et al. treated the interface
between blood vessel walls and surrounding tissues as a viscoelastic support, proposing
a framework to study the influence of blood flow on artery deformation and brain tissue

movement [30]. Additionally, advanced imaging techniques such as Phase-contrast MRI,



4D Flow MRI, DENSE MRI, Magnetic Resonance Elastography (MRE), tagged MRI, Cine
Balanced Steady-state Free Precession (bSSFP) MRI, and aMRI have been employed to
capture these subtle motions. In particular, exploring brain behavior with these modalities,
and specifically the motion of the brain via aMRI, has showed promising results [1]. This
approach enhances our understanding of how specific types or directions of motion within
brain substructures correlate with various diseases or the effectiveness of surgical interven-
tions. For example, in Chiari Malformation I (CMI), this method allows us to study how
the brain and its substructures move [31, 32]. By analyzing the differences in brain motion
before and after surgery, we can gauge the success of surgical treatments. In conditions like
NPH, where excessive fluid restricts natural movement of brain regions, placing a shunt is a
common treatment approach. Monitoring changes in the brain and the displacement of its
substructures post-surgery helps in assessing the effectiveness of the treatment. Successful
outcomes not only validate this approach but also suggest its potential applicability to other
conditions in the future.

Nowadays, modern technologies like Al are becoming increasingly useful in exploring the
complex factors underlying neurodegenerative diseases. Given the multifaceted nature of
these diseases and the myriad factors that may influence them, Al and ML tools are in-
valuable [33]. They help us identify which morphometric factors or mechanical properties
in specific brain regions play critical roles in the development of neurodegenerative diseases
linked to contact sports and mild TBI such as CTE. By analyzing these variables, Al can
pinpoint changes or patterns in certain areas that could serve as indicators or predictors of
these impact-related neurodegenerative conditions.

In this work, it was proposed to demonstrate how studying the substructural mechanics of
the human brain could contribute to understanding and preventing mTBI. Specifically, the
impact performance of current sports helmets, particularly bicycle helmets, that employed
different impact mitigation strategies was first investigated (Aim 1). Then, the effects of
various impact mitigation technologies in sports helmets on the underlying brain substruc-
ture mechanics during helmeted impacts were examined (Aim 2). To understand the role of
brain substructural motion in the biomechanics of neurodegenerative diseases such as NPH,

the in vivo displacement of human brain substructures using dynamic amplified MRI mea-



surements was investigated (Aim 3). Finally, utilizing retrospective multimodal datasets
from the DIAGNOSE CTE project, along with machine learning (ML) algorithms, it was
evaluated whether blood and CSF biomarkers, as well as morphometric parameters from
brain substructures, could successfully predict neurocognitive scores and neuropsychiatric

metric assessments (Aim 4).
1.2 Aims

1.2.1 Aim 1: To Investigate the current state of bicycle helmets and test the efficacy of
rotation-dominated impacts on bicycle helmets with rotation-damping systems

To advance our understanding of mTBI for diagnostic and preventative purposes, it was
essential to expand our knowledge of brain substructural mechanics. To investigate the
biomechanics of these substructures, head kinematic parameters were commonly used to
evaluate injury risk and reflect the inertial response of the brain. To evaluate the effective-
ness of current prevention strategies, such as helmets, in reducing impact energy and head
kinematics, it was essential to investigate their impact on injury-related parameters. In
this aim, we conducted a literature review to analyze drop test datasets of bicycle helmets
with various impact mitigation systems, assessing their ability to mitigate head kinemat-
ics. Using an impact pendulum device, we proposed to experimentally test multiple bicycle
helmets with different mitigation systems, assessing their performance through impacts at

two velocities and four impact locations.

1.2.2  Aim 2: To investigate the effect of sports helmets on dynamical behavior of the brain
substructures in helmeted impacts

The design of helmets used in contact sports previously focused on mitigating head
kinematics by absorbing impact energy, without considering the role of brain substructure
mechanics in injury mechanisms. It was imperative to investigate the effect of various
mitigation systems in different helmet types on the dynamic behavior of brain substructures.
In this aim, we investigated the effect of brain substructural mechanics on helmet design
and performance. We examined different sports helmets to determine the dynamic behavior
of brain substructures. We performed impact pendulum tests on helmeted dummies and
simulated impact scenarios to extract nodal coordinates of both the brain substructures and

the skull to calculate their relative displacements. Using the dynamic mode decomposition



(DMD) technique, we analyzed the modal behavior of the brain substructures.
1.2.3  Aim 3: To investigate In Vivo brain substructure displacement as indicators of ven-
triculoperitoneal shunt outcomes in NPH using aMRI

To better understand the effectiveness of shunt surgery in patients with NPH, it was
essential to incorporate additional mechanical factors derived from image processing anal-
ysis. NPH is a particularly intriguing condition; despite the presence of excessive fluid,
which typically suggests high pressure, these patients exhibit normal intracranial pressure.
Thus, examining the success of surgery involved exploring additional factors beyond stan-
dard clinical assessments. The displacement and motion of brain substructures were seen as
promising indicators. Our initial hypothesis indicated that successful surgery might result
in increased displacement within specific brain regions. By comparing brain motion before
and after surgery, we aimed to assess the impact of the shunt and its efficacy in treating
NPH. Such analyses not only helped in understanding the direct outcomes of surgical inter-
ventions but also enhanced our broader comprehension of this disease. The findings could
potentially inform treatment approaches for similar conditions in the future.
1.2.4 Aim 4: To identify key biomarkers and substructural MRI morphometric features

for predicting neuropsychological outcomes in CTE using machine learning

TBIs and their resultant condition, CTE, can lead to severe long-term effects, signifi-
cantly impacting patients’ lives and ability to work. CTE, in particular, presents a unique
diagnostic challenge as it remains impossible to definitively diagnose during a patient’s life-
time. This limitation limits effective management and treatment strategies, underscoring
the need for innovative approaches to uncover hidden patterns and contributing factors. To
address this, this aim leveraged ML algorithms to analyze data from the DIAGNOSE CTE
project. By utilizing a diverse range of features—including two sets of blood biomarkers,
three sets of CSF biomarkers, and MRI morphometric features—this study aims to predict
neurocognitive and neuropsychiatric metrics. These efforts not only strive to advance the
understanding of CTE but also aim to provide critical insights into the relationships be-
tween biomarkers, brain morphometrics, and patient outcomes, potentially paving the way

for improved diagnostic and therapeutic strategies.



Chapter 2

BACKGROUND

2.1 mild Traumatic Brain Injury (mTBI)

TBI, is one of the main causes of deaths and disabilities worldwide [5, 10] and it occurs
when a sudden impact causes a damage to the brain [34]. The common causes of TBI are
falls, motor vehicle crashes, traffic accidents, sports injuries and blast injuries [35]. Centers
for Disease Control and Prevention (CDC) reported approximately 2.8 million TBI-related
emergencies, hospitalizations, and deaths in the United States [5]. TBI is classified into
three categories according to the severity and symptoms: Moderate-Severe TBI, Mild TBI
(mTBI) and Symptomatic TBI [36]. Mild Traumatic Brain Injury (mTBI) is caused by
head trauma from contact or acceleration/deceleration. mTBI is a prevalent neurological
disorder, ranking third after migraines and herpes zoster in terms of incidence and second
after migraines in terms of prevalence. Although most mTBI patients recover within a
few weeks to months without any targeted treatment, around 15% of patients continue to
experience debilitating symptoms even a year after the injury [37]. The patient is briefly
unconscious or disoriented, but typically for only seconds to minutes, and may have amnesia
for a short period of time [36, 37]. A Glasgow Coma Scale (GCS) score of 13-15 is required
for diagnosis, with a score of 15 indicating true mild TBI [37, 38]. Patients may experience

symptoms such as paleness, sweating, nausea, and difficulty with coordination [37].

2.2 mTBI Mechanism from Biomechanical Perspective

Elucidating the mechanisms of brain injury is a critical area of research that can signif-
icantly advance the development of techniques for predicting mTBI, improving protection
devices, refining diagnostic tools, and identifying potential patterns in medical images or
physiological tests. The study of mTBI mechanisms can improve our understanding of how
and why brain injuries occur, leading to the creation of better prevention strategies and pro-
tective equipment. Moreover, accurate identification and diagnosis of mTBI can improve

patient outcomes, and understanding the biomechanics of mTBI can aid in developing ef-



fective treatments. Additionally, investigating mTBI mechanisms can facilitate the design
and evaluation of helmets and protective gear for athletes, military personnel, and other
individuals at risk of mTBI.

To enhance our comprehension of the physical mechanisms of mTBI, experts have ex-
amined the mechanics and deformation of the brain during impacts. This has been accom-
plished through collecting human head impact data [39-43] or utilizing in-depth computa-
tional models of the brain-skull system to simulate impact scenarios [39-48]. Studies that
have assessed the severity of brain injuries by simulating head impact kinematics in a com-
putational model have demonstrated that the peak principal strain represents the severity
of the injury in various contact sports [43, 49]. As a result, besides conventional helmet
testing and evaluation methods that examine the rotational and linear kinematics of the
head [24, 50-60], experts have proposed examining the mechanical behavior of the brain,
which is closely associated with the rotational kinematics of the head during impacts. This
approach can offer valuable insights into helmet effectiveness and improve our understand-
ing of how helmets can reduce head injuries in different types of impacts [21, 60-62].

Apart from analyzing the brain deformation as a brain injury metric, spatial and tem-
poral variations in brain deformation characteristics have been hypothesized to have injury-
related implications [63—67]. This has involved analyzing the mechanical behavior of human
brain tissue through imaging techniques [15], computational simulations [16, 68, 69], and
mechanical impacts to the brain [16, 39]. These studies have shown that certain regions,
particularly periventricular regions such as the corpus callosum (CC), experience strain
concentrations [15], localized vibration modes [16], and higher strains [39, 68, 69] during
impacts. It is believed that when a force impulse is applied to the head, shear waves inside
the brain propagate and attenuate differently in various regions [16, 70], making certain
regions such as the white matter and CC more vulnerable to injury [71]. The pattern of
these shear waves is hypothesized to be affected by rigid structures such as stiff ventricular
or membranous structures in the brain [15, 72]. Furthermore, it has been observed that the
brain’s finite element (FE) model shows nonlinear behavior during impacts, particularly
around the deep white matter [17]. Investigating the biomechanics of the substructures of

the brain FE model during impacts has revealed crucial frequency-dependent and local-



ized phenomena that have been associated with injury outcomes [16, 17]. By conducting
tagged MRI during mild head acceleration and analyzing 3D strain fields using dynamic
mode decomposition (DMD), researchers have been able to identify the natural modes and
frequencies of 3D deformation of the human brain in vivo [73]. These studies have revealed
fundamental oscillatory modes of deformation at damped frequencies near 7 Hz in neck
rotation and 11 Hz in neck extension, and strain concentrations in deep regions of the white
matter and distinct modal frequencies in the CC using DMD technique with FE simula-
tions [16, 17, 73]. Additionally, investigating the frequency response of the brain model’s
substructures during an impact has shown that the CC experiences higher deformation at
certain frequencies, potentially leading to mTBI [16].

Given the vulnerability of certain brain substructures such as the corpus callosum (e.g.
CC) to strain concentration caused by localized, multimodal behavior, it is important to
investigate the impact of helmet design on the frequency response of brain structures. While
studies on helmet performance have mainly focused on head motion and kinematics [23, 24]
rather than substructural brain mechanics, this may be due to the computational complexity
of large-scale models for helmet optimization. Although attempts have been made to ana-
lyze helmet efficacy by examining brain strain levels during impact, no design optimization
has been proposed. However, analyzing brain tissue strain levels alone is not sufficient for
a comprehensive understanding of the helmet’s role in the brain injury mechanism [11, 12].
Regional-dependent strain criteria have shown a correlation between concussion diagnosis
and maximum principal strain, emphasizing the need to consider substructural mechanics of
the brain in concussion studies, particularly with regard to vulnerable brain regions[13, 14].
2.3 Sport-related mTBI; Protective Strategies and Missing Factors

mTBI, and more specifically sport-related mTBI, risks the health of hundreds of thou-
sands of athletes every year [74, 75], leading to, in certain cases, long term disability and
neurocognitive deficits [36]. Helmets have been used in several contact sports as a protection
strategy to prevent or reduce the severity of mTBI. Although helmets have been shown to
significantly reduce the risks of severe head injuries in football [76], bicycling [50, 77], skiing
[78], and other sports, their effectiveness in mitigating the risks of milder forms of TBI is

still being investigated [79-81].



Sports helmets vary in shape, mechanical properties, and testing criteria depending on
the specific contact sport [82-85]. Football and hockey helmets typically have hard shells
and thicker but softer liners made of polyurethane (PU) and vinyl nitrate (VN) foams
[76, 82, 83, 86]. Bicycle and ski helmet liners, on the other hand, typically consist of Ex-
panded Polystyrene (EPS) foam [84, 85]. Safety performance is evaluated by studying the
head’s kinematics using laboratory impact setups. Hockey and football helmets are tested
with rotational kinematics setups, such as an impact pendulum device and a horizontal
impactor, while ski and bicycle helmets undergo vertical drop-test setups for linear kine-
matics. Different standards, such as those set by the Consumer Product Safety Commission
(CPSC) [23, 87] for bicycle helmets and the National Operating Committee on Standards
for Athletic Equipment (NOCSAE) [88] for football helmets, determine the criteria helmets
must pass during testing. Traditional helmet designs focus on reducing linear kinematics
during impacts. However, due to evidence suggesting the role of rotational head kinematics
in head injuries and concussion mechanisms, new helmet designs have been proposed to
mitigate head rotation. Incorporating rotational kinematics into helmet testing standards
and evaluating different helmet types has been encouraged [7, 9, 18-22, 89, 90]. Experi-
mental studies and computational simulations have shown that these mitigation systems
can reduce rotational kinematics and brain strain [50]. Despite these advancements, mild
traumatic brain injury (mTBI) remains prevalent in contact sports [89, 91], highlighting the
need for improved helmet designs, testing criteria, and design frameworks. Understanding
the mechanisms of brain injury is crucial for developing more effective helmets.

MRI Application in Studying Brain Mechanics and the contribution of amplified MRI

MRI has emerged as a valuable tool for studying brain mechanics, offering non-invasive
imaging capabilities that allow researchers to investigate the structural and functional prop-
erties of the brain. By using MRI techniques, such as diffusion tensor imaging (DTI) [92],
researchers can assess the microstructural integrity of white matter fibers and investigate
how they contribute to brain mechanics. This provides insights into the connectivity and
organization of brain networks, helping to understand the underlying mechanisms of brain
function and dysfunction [92].

Another application of MRI in studying brain mechanics is the assessment of cerebral
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blood flow and perfusion. By employing techniques like arterial spin labeling (ASL) [93],
researchers can measure regional blood flow and quantify perfusion parameters in different
brain regions. These measurements enable the study of hemodynamic changes associated
with brain activity and provide insights into how blood flow dynamics influence brain me-
chanics and function.

MRI is also utilized to investigate brain deformation and biomechanical properties dur-
ing various physiological processes and pathological conditions. Through techniques like
MRE, researchers can assess the mechanical properties of brain tissues, such as stiffness
and elasticity, by measuring their response to mechanical waves [94-98]. This allows the
characterization of brain tissue properties and helps in understanding the impact of external
forces on brain mechanics, such as in traumatic brain injury or neurodegenerative diseases.
These studies contribute to the advancement of our knowledge about brain mechanics and
pave the way for potential clinical applications in the future.

MRI plays a crucial role in studying brain mechanics by enabling the assessment of
brain deformation and motion during various mechanical processes. Techniques like cine
MRI [99, 100] allow researchers to observe brain dynamics in response to external stimuli
or internal processes, providing valuable insights into the mechanical behavior of the brain.
Cine Balanced Steady-state Free Precession (bSSFP) MRI, or cine MRI, is a valuable imag-
ing technique for visualizing intrinsic brain motion [101, 102]. It provides enhanced image
contrast to highlight anatomical details, useful especially in observing significant movements
in lower brain areas like the cerebellar tonsil and hindbrain [31, 102]. Cine MRI captures
time-resolved data synchronized with the patient’s cardiac cycle using an electrocardiogram
or pulse oximeter, populating the k-space which holds spatial frequency information. Each
frame corresponds to a specific cardiac phase, allowing for the creation of video sequences
of brain movement during one heartbeat [31, 103, 104]. Although cine MRI is an advanced
imaging method capable of capturing brain motion, its limitations in spatial noise and res-
olution restrict the analysis of intrinsic brain motion to the lower regions of the brain, ren-
dering comprehensive motion characterization across the entire brain unfeasible [102, 104].
By analyzing the displacement and deformation of brain structures, researchers can inves-

tigate how mechanical forces and interactions affect brain function and connectivity. These
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studies contribute to our understanding of brain biomechanics and have implications for the

diagnosis and treatment of neurological disorders related to mechanical abnormalities.

2.4 Deep Learning Frameworks in Predicting Injury Pattern

With recent advancements in ML algorithms, there is growing interest in leveraging
these techniques to enhance the analysis of medical images [105] and improve the assessment
of neurodegenrative conditions [105-107]. Deep learning algorithms, a subset of machine
learning, have revolutionized various fields by automatically learning complex patterns and
features from large datasets [105]. These algorithms provide an objective and quantitative
approach [108] to evaluate medical images and by analyzing a wide range of MRI features,
these algorithms can generate quantitative metrics that correlate with injury, enabling more
accurate and consistent assessments [105]. In the context of MRI analysis for mTBI, deep
learning algorithms can be trained to extract meaningful information from MRI scans and
aid in the identification of injury-related patterns. These algorithms can learn to analyze
image features, such as regions of abnormal shape or texture, structural abnormalities, and
biomarkers that are associated with mTBI.

Prior research has examined mTBI, focusing on its associated structural alterations,
injury patterns within brain structures, and their impact on various neurological parame-
ters [109-113]. To investigate these aspects, advanced imaging techniques, including frac-
tional anisotropy (FA) [109], MRI [110], computed tomography (CT) [111], diffusion tensor
imaging (DTI) [112], and diffusion-weighted MRI (dMRI) [112], have been employed. In
conjunction with these imaging modalities, ML algorithms, such as convolutional neural
networks (CNN) [113], have been utilized to analyze and interpret the acquired data. These
studies have shed light on the complex relationship between TBI and the alterations ob-
served in brain structure, facilitating a deeper understanding of the underlying mechanisms
and potential diagnostic and prognostic applications.

The use of machine learning algorithms for the detection of mTBI using MRI has gained
significant attention. Researchers have explored various features derived from MRI scans
to differentiate between normal brains and those affected by mTBI. These features include

volumetric measurements of brain structures [114], texture analysis to capture variations in
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tissue texture [115, 116], diffusion parameters to assess white matter integrity [117], func-
tional connectivity analysis to examine brain network disruptions, and the utilization of
deep learning models to automatically extract relevant features. By combining these fea-
tures with machine learning algorithms, researchers aim to develop accurate models for the
detection and classification of mTBI using MRI. Ongoing research is focused on refining
these approaches to enhance their accuracy and clinical utility, with the goal of improving

mTBI diagnosis and patient management.
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Chapter 3

TO INVESTIGATE THE CURRENT STATE OF BICYCLE HELMETS
AND TEST THE EFFICACY OF ROTATION-DOMINATED IMPACTS
ON BICYCLE HELMETS WITH ROTATION-DAMPING SYSTEMS

3.1 Introduction

TBI is a major cause of death and disability, affecting millions of people every year in the
U.S. [5]. Sport-related TBIs which annually affects about 300,000 to 3.8 million people in the
U.S. makes up a large portion of these TBI cases [5, 118]. Cycling has been associated with
a significant number of sports-related head injuries [60, 119], and its growing popularity has
resulted in an increase in both bicycle-related injuries and fatalities [120, 121]. According
to the American Association of Neurological Surgeons, cycling injuries estimated 85,389 of
the 446,788 sports-related head injuries reported in the emergency rooms in 2009 [122, 123].
To mitigate the risk of severe head and brain injuries, bicycle helmets are currently the best
protective strategy [53, 124-126], and extensive attention has been given to their design due
to evidence of their effectiveness in reducing fatality rates [127]. As a result, there has been
substantial focus on the development of protective equipment for cyclists [128, 129].

Over the years, bicycle helmet designs have employed similar approaches to combating
TBIs and have consistently utilized similar, if not the same, materials. These helmets are
usually made up of a hard rigid polycarbonate shell to prevent skull fracture and contain a
softer liner to absorb energy upon impact and ultimately mitigate mild TBI (mTBI) [130].
Traditional expanded polystyrene (EPS) liners are primarily designed and manufactured
to dampen the impacts and reduce the head impact force [54]. Conventional bicycle hel-
mets have been shown to mitigate linear acceleration which is a requirement by bicycle
helmet different safety standards [52, 131, 132]. In these tests, helmets are placed on a
sensor-instrumented headform and dropped onto a steel anvil coated with adhesive-backed
80-grit paper [23, 131-133], and the head kinematics then measured. As outlined in these

mandatory safety standards, the linear acceleration of the headform should not exceed a
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certain limitation (e.g. 300g and 250g for CPSC and AS/NZS 2063, respectively [134, 135]).
However, cyclists often fall off their bicycles and impact their heads at angles that are not
always direct and usually varies between 30°- 60°[136, 137]. These impacts not only can
cause linear acceleration but can also result in rotational acceleration due to the tangential
forces to the head [132, 138] which has been shown as an important contributor in causing
large shear strains in the brain tissue, which could potentially result in mTBI [139-143].

Recent technologies have been introduced to mitigate the head’s rotational kinematics
through rotation-damping systems. These systems include spherical slip interfaces [23],
collapsible and expandable structures [52, 54, 56] in the liner structure. Multi-directional
Impact Protection System (MIPS) is a relatively new concept that introduces a slip liner
inside the helmet to mitigate rotational impact forces by allowing the helmet and head
to slide during impact [144]. Other technologies, such as WaveCel and Koroyd, utilize a
collapsible cellular structure that absorbs the force of impact and minimizes the energy
transferred to the head [23, 52]. Although these advancements are opening the door to the
future of cycling safety and TBI prevention, an overview of the effectiveness of these novel
helmets in mitigating impacts as compared to the conventional helmets is lacking.

The goal of this chapter is to investigate the effectiveness of various impact mitigation
systems in reducing head kinematics during bicycle accidents. A comprehensive literature
review was be conducted to analyze drop test datasets of bicycle helmets and to investigate
the kinematic-based injury metrics including PLA, PRA, and GAMBIT between these hel-
met types to analyze their effectiveness in TBI prevention. Additionally, experimental tests
were conducted using an impact pendulum device to evaluate the performance of multiple
bicycle helmets with different mitigation systems. The impact tests were be conducted at

four different locations and two different velocities.

3.2 Current State of Bicycle Helmets

To investigate the current state of bicycle helmets, we reviewed articles that met our
selection criteria and included essential factors. The relevant articles were collected from the
electronic databases PubMed and SCOPUS, based on criteria that included the application

of helmet drop tests on either side impacts, as well as the inclusion of kinematic parameters
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such as peak linear acceleration (PLA), peak rotational acceleration (PRA), peak rotational
velocity (PRV), and impact velocity. The inclusion criteria and data extraction of the papers
were cross-checked by three independent reviewers. Having identified all the relevant articles
in the two databases, we retrieved the following information for each of the helmet tests
from each paper: (1) Type of mitigation technology in the bicycle helmet, (2) PLA, PRA,
and PRV, (3) Drop test impact velocity, (4) Anvil angle, (5) Headform model, (6) Presence
or absence of the neck surrogate in the headform, (7) Impact location.

3.2.1 Types of Impact Mitigation Technologies in Bicycle Helmets

The helmets collected and analyzed in this paper were mainly organized into two dif-
ferent categories: (1) Conventional helmets, which only use one layer of EPS or Expanded
Polypropylene (EPP) as a liner. (2) Helmets with a mitigation system that use one of the
following materials or technologies in the liner or the overall design: MIPS, Shear Pad Inside
(SPIN), Omni-Directional Suspension (ODS), WaveCel, Angular Impact Mitigation (AIM),
Koroyd and Hovding [50].

Conventional bicycle helmets are typically composed of an ABS plastic outer shell, an
EPS or EPP foam liner, and an inner layer of soft foam padding. However, various tech-
nologies have been developed to enhance helmet safety. MIPS (Multi-directional ITmpact
Protection System) reduces rotational kinematics of the head during an impact by allowing
sliding between the helmet and head [23, 57, 144]. SPIN (Shearing Pad INside) replaces
comfort padding with specially developed silicone pads that can shear in any direction to
produce the same effect as a moving slip liner [23, 57, 144]. ODS (Omni-Directional Sus-
pension) utilizes two EPS liners connected by an array of elastomeric dampers to isolate
impact energy from the brain and deflect angular impacts [144]. AIM (Advanced Impact
Mitigation) is a cellular structure technology that uses an elastically suspended aluminum
honeycomb liner to absorb linear and angular acceleration through in-plane deformation
[23, 52]. Collapsible structure mitigation systems that were considered include WaveCel,
made from a cellular copolymer material that flexes and glides to absorb and redirect im-
pact energy while providing rotational suspension, and Koroyd, which utilizes thousands
of co-polymer extruded tubes that create a crumple zone for minimal energy transfer to

the head [23, 57, 145]. Additionally, Hovding, is an expandable helmet that employs air
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pressure as a means of protection and uses high-rate micro-electrical-mechanical sensors to
detect a collision and expand to protect the rider’s head before impact [56].
3.2.2  Post Processing of the Extracted Data

To be able to compare all the extracted headform kinematics whose drop tests were
performed at anvil angles ranging from 0° to 60° , an impact velocity normalization step

was performed so that the velocity vector would be perpendicular to the anvil:
VN = Vcost (3.1)

where Vi is the impact velocity perpendicular to the anvil plate with angle 6.

Next, the K-means algorithm from Python’s machine learning library Scikit-learn [146]
was used to separate the data into two clusters based on V. The two clusters centers were
selected for low and high Viy and the impact tests with Viy within +£10% of the cluster
centers were retained for each group.

The kinematic-based injury metrics including PLA, PRA, and GAMBIT were then com-
pared between the helmets within each group of low and high V. Here, we used GAMBIT
since it can be directly calculated from the available kinematics data, and can be used as
injury criteria investigating the combined effect of linear and rotational impulses [147-149].

The GAMBIT value in its general form can be written as:

G = maz([(Zyn 4 (2D ymp1zsy (3.2)

Gc Qe

where a(t) and «(t) are translational and rotational accelerations at time ¢, respectively. n,
m, and s are empirically derived constant parameters that were fitted to experimental data
[148]. a. and . are thresholds derived for a pure translational and rotational acceleration,
respectively. Here, we selected n = m = s = 2, a, = 250 g, and o, = 25000 rad/s? as was
suggested by [148]. It should be noted that when analyzing GAMBIT, G = 1 correspond
to a 50% probability of Abbreviated Injury Scale (AIS)>3 [148].
3.2.3 Statistical Analysis

In the next step, we investigated the collected drop test results for the following param-
eters: (1) Presence or absence of the mitigation system, (2) Effect of mitigation type, and

(3) Presence or absence of the neck surrogate. To analyze the effect of the presence of the
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mitigation system, PLA, PRA, and GAMBIT at low and high Viy were compared between
the conventional helmets and helmets that used a mitigation system. We then restricted our
data to tests that had either included or excluded the neck surrogate in their experiments

and performed the same analysis.

Excluded based on title and Excluded based on full-text
> abstract analysis and ication
Database: SCOPUS and PubMed (n=133) (n=55)
Timeframe: All dates Records identified through
Search terms: "helmet", "cycl", PubMed and SCOPUS database — -
"bicycle*, "drop test", "impact test", searching Full-text articles Studies included in
“impact pendulum test" (n=200) (niosgihglbllny quanme}t’lj\/:elgmhesm

Figure 3.1: Flowchart outlining the selection of relevant studies.

3.3 Impact of Mitigation Technologies on Injury Criteria: Key Findings and
Implications from Literature Review

A flowchart is used to show the procedure of the literature review and the articles that
were excluded and included (Fig. 3.1). The PubMed database search resulted in 53 arti-
cles pertaining to bicycle helmet testing and the SCOPUS search resulted in 147 articles.
Each resulting article was screened and excluded if the title and abstract were not deemed
relevant, which resulted in the removal of 133 studies from the data pool. The remaining
67 articles were screened for the necessary inclusion criteria, such as PLA, PRV, PRA. In
the end, 12 articles were eligible for inclusion in this chapter. A total of 148 bicycle helmet
drop tests were collected from the selected papers. 88 of these drop tests were performed
on the conventional helmets which only used one layer of EPS or EPP as a liner in their
design (Fig. 3.2). The remaining 60 of the drop tests were performed on MIPS, SPIN, ODS,
WaveCel, AIM, and Koroyd helmets and Hovding protective gear (Fig. 3.2). The impact
velocities of the tests varied between 3.4 m/s and 7.7 m/s. After applying the k-mean
clustering algorithm [146], we found Vy = 4.2 m/s and Vx = 5.9 m/s to be the cluster
centers of low and high impact velocities, respectively (Fig. 3.2). Impact tests outside the
10% of the cluster centers were removed, resulting in 75 conventional and 51 mitigation
type helmet drop tests. Among the studied literature, four different types of neck-headform
attachments were observed: 1- No neckform was attached to the head (N in Fig. 3.2), 2-

The headform was attached to a ball-arm neck (Ball arm in Fig. 3.2), 3- The headform was
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Figure 3.2: Head kinematics and GAMBIT value at low and high clustered impact velocity (V) for all
bicycle helmets. (A) Peak rotational velocity, (B) peak rotational acceleration, (C) peak linear acceleration,
(D) and GAMBIT in bicycle helmets with different mitigation systems which were tested on headforms with
or without a neck surrogate. Dashed lines indicate the cluster centers of low and high Vx and the shaded
areas show those impact tests in which the velocities are within 10% of the cluster centers. No data were

available in the high Vi range for peak rotational velocity.

attached to a rigid neck (Rigid in Fig. 3.2), and 4- The headform was attached to a Hybrid
IIT 50th-percentile male neck (HIII neckform, Fig. 3.2).

We first analyzed the effect of the presence or absence of the impact mitigation systems
on the resultant kinematics and the associated injury metrics during drop tests (Fig. 3.3).
We observed that at low Vy (4.2 £ 0.8 m/s) drop tests, the bicycle helmets with a miti-
gation system, on average, had significantly lower PLA, PRA, and GAMBIT values com-
pared to conventional helmets (approximately 20.2%, 21.8%, and 52.6% lower respectively,
Fig. 3.3(A-C), p < 0.01). Here, the low Vx (4.2 + 0.4 m/s) drop test experiments of the
bicycle helmets with a mitigation system resulted in average PLA, PRA, and GAMBIT of
100.1 4+ 30.4 m/s, 5043.6 £ 1740.8 rad/s?, and 0.062 £ 0.066, respectively. The conventional
bicycle helmets, on the other hand, experienced an average PLA, PRA and GAMBIT of
125.5 4+ 26.9 m/s, 6448.8 4 1985.6 rad/s?, and 0.131 & 0.111, respectively. In the drop
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Figure 3.3: Effect of the presence or absence of the mitigation system on bicycle helmet performance in
impact tests. Helmets using a mitigation technology had a significantly lower (A) PRA, (B) PLA, and (C)
GAMBIT at low Vy (4.2 £ 0.4 m/s) as compared to the conventional helmets (p < 0.001). No statistical
significance was observed in high Vi (5.9 + 0.6 m/s) drop tests between the two different helmet types. ¢

shows the outlier data.

tests at high Viy (5.9 4+ 0.6 m/s), we did not observe any statistically significant differences
between the kinematics of the bicycle helmets with and without the mitigation systems
(Fig. 3.3(A-C)). The value of PLA, PRA, and GAMBIT for conventional helmets were in
average 179.6 +41.6 m/s, 6075.7 4 548.9 rad /s, and 0.215 + 0.126, respectively.

One crucial difference in the different drop tests we considered for this paper was the
presence or absence of the neck surrogate. We found that 65 experiments were performed on
headforms with an attached neck surrogate and the remaining 52 were tested on headforms
without a neck component. 8 helmets were tested with a rigid neck attached to the head-
form and 23 were tested while being attached to a ball arm. In our analysis, we considered
the headforms attached to a ball arm in the no-neck group since in both of these groups the
headform could rotate without resistance at the time of the impact. Our first finding was

that in almost all of the categories, tests without a neck component experienced a higher
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PLA, PRA, and GAMBIT on average as compared to the group with an attached neck
component (Fig. 3.4 and Fig. 3.5). Here, in the low Vy (4.2 £ 0.4 m/s) drop tests, PLA,
PRA, and GAMBIT, on average, were approximately 10.3%, 7.3%, and 59.3% higher in the
no-neck group, respectively. At high Vy (5.9 + 0.6 m/s) drop tests, PLA was on average
51.0% higher in the no-neck group. It should be noted that no PRA values were available
at high Vy (5.9 £ 0.6 m/s) drop tests for the no-neck group. Next, we analyzed the effect
of the presence of an impact mitigation system in each of the neck and no-neck groups.
We observed that for the low Viy (4.2 £ 0.4 m/s) tests, in the no-neck group the bicycle
helmets with a mitigation system had a significantly lower PLA (24.7%), PRA (27.5%), and
GAMBIT (59.7%) as compared to the conventional bicycle helmets (Fig. 3.4, p < 0.001).
Whereas, in the neck-included group, only PLA (13%) and GAMBIT (36.2%) were signifi-
cantly lower in the helmets with a mitigation system (Fig. 3.5, p < 0.05). Additionally, we
did not observe any statistically significant differences of PLA between the helmet models
at high Vy (5.9 £ 0.6 m/s) drop tests. No data points were available for PRA and GAMBIT
in the no-neck group at high Vy (Fig. 3.4(A-C)).

In the next step, we investigated the efficacy of the different mitigation technologies
by comparing PRA, PLA, and GAMBIT of each specific mitigation technology with con-
ventional bicycle helmets (Fig. 3.6). Here, we only considered helmet types with at least
4 data points for the comparison. We found that among the helmets that used rotation-
damping based technologies, only MIPS had approximately 16.8% and 49.3% lower PRA
and GAMBIT at low Vi (4.2 + 0.4 m/s) as compared to the conventional helmets, respec-
tively (Fig. 3.6(A,C), p < 0.05). While SPIN helmets had on average lower PLA, PRA, and
GAMBIT of about 14.5%, 11.9%, and 53.8%, respectively, we did not find any statistically
significant differences in these helmets as compared to the conventional ones.

Next, we analyzed the performance of helmets with collapsible liner structures. Helmets
based on the WaveCel technology had a significantly lower PLA, PRA, and GAMBIT of ap-
proximately 31.0%, 46.6%, and 81.1% at low Vi (4.2 £ 0.4 m/s) as compared to the conven-
tional helmets, respectively (Fig. 3.6(A-C), p < 0.05). Whereas, Koroyd did not show any
statistical differences compared to the conventional ones (Fig. 3.6(A-C), p < 0.05). Com-

pared to the investigated helmets in the literature, the Hévding protective gear had the best



21

Effect of the presence of mitigation system (tests without neckform)

B N
A B I Y C
512000 @250 05
c T c
S 10000 2 0.4
© T 200 —~
[0) o <
° ©
§ 8000 S E 03
< <150 s
o <
g 6000 & 002
o= 100
g 4000 L = 0.1
% 2000 & 50 : ?
61_) H ' 0.0
low high low high low high
Impact Velocity (VN) Impact Velocity (VN) Impact Velocity (VN)

Figure 3.4: Effect of the presence of the mitigation system on bicycle helmets that were tested on headforms
without a neck surrogate. Helmets with a mitigation technology had a significantly lower (A) PRA (p <
0.001), (B) PLA (p < 0.001), and (C) GAMBIT (p < 0.001) in drop tests at low Vy (4.2 £ 0.4 m/s). No
statistical significance was observed in PLA at high Vx (5.9 &+ 0.6 m/s). In high Vn, no data were available
for PRA and GAMBIT. ¢ depicts the outlier data.

performance in the analyzed kinematic based injury metrics with PLA, PRA, and GAMBIT
of about 70.9%, 74.8%, and 99.5% lower than the conventional helmets (p < 0.0001). At
high Vi (5.9 £ 0.6 m/s), no statistical significance observed when we compared PRA, PLA,
and GAMBIT between the conventional and each of the other helmet types (Fig. 3.6(A-C)).
It should also be noted that, for high Viy (5.9 & 0.6 m/s) we did not have data points for
PRA, and GAMBIT values of SPIN, WaveCel, and Hovding protective gears.

To investigate the effect of headform orientation at the time of impact, as well as the
presence or absence of the neckform, we clustered the data according to the impact angu-
lar momentum (Hpact) and checked the rotational acceleration of the helmets (Fig. 3.7).
After removing the outlier data, we found Hrppeer = 3.0 £ 0.5 kgm? /s to be the cluster
center. This narrowed the data from the literature to 79 tested helmets within the range

of Hrmpact = 3.0 £ 0.5 kgm? /s (Fig. 3.7(A)). Then, we analyzed the effect of the mitigation
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Figure 3.5: Effect of the presence of the mitigation system on bicycle helmets that were tested on headforms
with a neck surrogate. (A) No statistical significance was observed in PRA between the two groups at both
low and high Vx (5.9 £ 0.6 m/s) drop tests of neck included groups. Helmets with a mitigation system
had a significantly lower (B) PLA and (C) GAMBIT at low Vy as compared to the conventional helmets
(p < 0.05). No statistical significance was observed for PLA and GAMBIT at high Vx (5.9 & 0.6 m/s).
depicts the outlier data.

system on PRA . We observed that within Hrpeee = 3.0 £ 0.5 kgm? /s, the PRA of the
helmets that used a mitigation system was approximately 31% lower compared the con-
ventional helmets (p < 0.0001; Fig. 3.7(B)). Next, we separately analyzed the PRA of the
groups with and without the neckform. We observed in both groups that the PRA of the
helmets with a mitigation system was significantly lower compared to the conventional ones
(p < 0.01; Fig. 3.7(B)). Finally, within the range of Hrppaet = 3.0£0.5 kgm? /s, we analyzed
the performance of each of these mitigation technologies against the conventional helmets.
We observed that within this Hyy,peet range, Hovding protective gear had the best perfor-
mance, with a lower PRA of approximately 78% in comparison to the conventional helmets
(p < 0.0001; Fig. 3.7(C)). WaveCel with a lower PRA of about 58% as compared to the con-
ventional helmets was the next best performing technology in PRA that followed Hovding
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Figure 3.6: Effect of different mitigation systems in drop tests at low (4.2 + 0.4 m/s) and high (5.9 =
0.6 m/s) Vns. (A) Compared to the conventional bicycle helmets, PRA was significantly less in WaveCel
(p < 0.0001), SPIN (p < 0.05), Hovding (p < 0.001) and MIPS (p < 0.05) at low Vi drop tests. (B)
Compared to the conventional bicycle helmets, PLA was significantly less in Hovding (p < 0.0001) and
WaveCel (p < 0.05) in drop tests at low Vy. (C) GAMBIT was significantly less in Hovding (p < 0.001),
WaveCel (p < 0.05) and SPIN (p < 0.05) compared to the conventional ones in low Vi drop tests. No
statistically significant differences were observed at high Vx drop tests between the conventional helmets

and other technologies. ¢ depicts the outlier data.

(p < 0.001; Fig. 3.7(C)). Helmets with a dedicated rotation-damping technologies including
MIPS and SPIN also had a significantly lower PRA of approximately 27% (p < 0.001) and
22% (p < 0.05) as compared to the conventional helmets, respectively (Fig. 3.7(C)).

3.4 Key Takeaways from Literature and Contributions

Overall, we found that new protective gear technologies, including MIPS, WaveCel, and
Hovding, significantly reduced headform impact metrics at low velocities. The MIPS hel-
mets had significantly lower PRA, PLA, and GAMBIT values compared to conventional
helmets due to their dedicated rotation-damping systems. In these helmets, the rotational

damping mechanism works by adding slip liners underneath the main EPS liner, which
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Figure 3.7: Effect of the presence of mitigation systems on the bicycle helmets after normalization with
respect to the angular momentum Hympact. (A) Peak rotational acceleration of the helmets with different
mitigation technologies clustered with respect to Hrmpact. (B) Presence of the mitigation system on bicycle
helmets that were tested on headforms with and without a neck surrogate showed significantly less PRA as
compared to the conventional helmets (p < 0.001). (C) Compared to the conventional bicycle helmets, PRA
was significantly less in WaveCel (p < 0.001), SPIN (p < 0.05), Hévding (p < 0.0001) and MIPS (p < 0.001).

allows sliding between the head and the helmet during the impact [24, 144, 150]. It was
also found that WaveCel helmets performed consistently better than all others except for
Hovding, which had lower PLA, PRA, and GAMBIT values due to its large size and low
stiffness. The significant mitigation of PRA by these helmets could be due to the folding
properties of its cellular structure [23]. However, further tests are necessary to determine
the potential neck injuries associated with Hovding helmets before their widespread use.
Overall, the study highlights the potential benefits of including rotation damping technolo-
gies in helmets to reduce TBI risks during cycling accidents.

We examined the effect of mitigation systems on the safety of bicycle helmets. The data
was clustered based on the normal impact velocity (Vx) and impact angular momentum
Hrmpact- The results showed that helmets with mitigation technologies have significantly
lower PLA, PRA, and GAMBIT values than conventional helmets. The presence or absence
of the neckform during the drop test experiment also affected the recorded kinematics. The
findings highlight the importance of standardized testing and analysis of drop tests, but
the study has some limitations such as lack of enough data points for some categories and

different experimental procedures.
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3.5 Efficacy of Bicycle Helmets in Response to Multi-Directional Rotational
Forces

The number of bicycle-related accidents and fatalities is increasing globally despite the
rising popularity of cycling [121, 151]. Head injuries are the most common among victims
of bicycle accidents who sustain severe injuries [152, 153]. TBIs are often associated with
high hospitalization rates and negative outcomes, leading to lifelong disability and mortality
[53, 154-157]. Wearing a bicycle helmet has been found to effectively reduce the severity of
head injuries, and many countries have specific standard tests that helmets must pass to be
commercialized [132, 158, 159]. However, the current regulations only consider peak linear
acceleration (PLA) and do not account for rotational kinematics [39, 160], which is widely
acknowledged to be correlated with damage to brain tissue. In relation to bicycle helmets,
the most commonly used injury criteria that are based on kinematic-injury criteria include
PLA [50, 51, 56, 57, 60, 161, 162], peak rotational velocity (PRV) [23, 54, 136, 144], peak
rotational acceleration (PRA) [50-52, 54, 161], head injury criterion (HIC) [52, 53, 56, 163],
and brain injury criterion (BrIC) [23, 143, 144]. To gain insights into the mechanisms behind
TBIs, computational finite element (FE) models of the human head are used as a powerful
tool to investigate the response of the intracranial region to head trauma [44, 164-169]. FE
models have also been employed to compute brain strain and strain rate to evaluate the
effectiveness of sport helmets in preventing tissue-level injuries associated with TBI [170-
174]. There is ongoing work to update the bicycle helmet standards and include rotational
impacts. However, the new standards are not yet in force, and the lack of a universally
recommended finite element head model to estimate tissue-level metric values has hindered
the comparison of different bicycle helmets with both kinematics-based and finite element-
based injury metrics. Furthermore, the importance of considering tissue-level FE-derived
injury metrics to evaluate helmet performance during impact tests has been acknowledged
[138, 172]; however, no standard has officially adopted this assessment approach and only
a few studies compared different bicycle helmets with both kinematics-based and FE-based
injury metrics, possibly due to the lack of a universally recommended FE head model to
estimate the tissue-level metric values [57, 143, 173].

Here, we used a pendulum test device to experimentally recreate an impact scenario
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with amplified head rotational kinematics. The study aimed at assessing the effect of multi-
directional rotational impacts on the performance of helmets with and without head rotation
mitigation technologies. The evaluation was based on both global head kinematics and
tissue-level TBI metrics.
3.6 Testing Setup and Impact Conditions

Three types of commercially available bicycle helmets were tested: those with friction-
reducing slip layers (MIPS) and collapsible cell structures (WaveCel), and a third type with
no additional head rotational kinematics mitigation system (Conventional). All helmets
had certification from both the US Consumer Product Safety Commission and the FEuro-
pean Commission. The Specialized S-Works Prevail IT Vent (MIPS) and Bontrager Specter
(WaveCel) helmets were selected for their high ratings [60, 175] and recommendation by
Folksam Insurance Group [173], while the conventional helmets were chosen as the best-
selling option on Amazon US despite their lower rating. The helmets were tested on a
medium-sized headform with a circumference of 57.6 cm. Prices ranged from $25 to $250.

The helmets were tested using a custom-made pendulum impact device [176] that dropped
a weighted hammer onto the helmet. The device included a pendulum arm with a steel ham-
mer attached to it. The pendulum arm weighs 11.8 kg, and its length from the center of the
pivot point to the center of its impacting mass is 1.91 m. A steel hammer head, weighting
19.7 kg, was fixed to the lower end of the pendulum arm. The total moment of inertia
of the swinging arm-hammer system is 87.6 kg m2. The impacting pendulum was lifted
using an electric winch that was connected to the pendulum arm with an electromagnet.
An inclinometer attached to the main arm of the pendulum was used to verify the desired
drop angle. The dummy head used was a NOCSAE headform, mounted on a male HIII
neckform [177] and placed on a slide table that mimicked the mass of the torso. To simulate
road friction conditions, sandpaper was used on the impacting surface of the hammer. The
dummy head was instrumented with one ACC3 120 PRO tri-axial accelerometer and three
ARS PRO uniaxial angular rate sensors (DTS, Seal Beach, CA, USA), which were placed at
the CoG of the headform. The data from the sensors were collected at a sampling rate of 20
kHz using SLICEWare software (DTS, Seal Beach, CA, USA), and the linear acceleration

and angular velocity data were filtered in accordance with SAE J211.
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All helmet types were tested at two impact velocities 4.1 m/s and 5.4 m/s (which cor-
respond to pendulum arm angles of 55° and 73°), and four impact locations: frontal rim,
temporal, frontotemporal, and occipital sides (Fig. 3.8) to evaluate helmet performance
over a range of commonly impacted areas [53, 136, 137]. The two velocities match with
common ranges of values used to tests bicycle helmets, as reported in the review article
by Abderezaei et al. [50]. The testing parameters were chosen to ensure repeatability and
comply with safety standards. Each helmet type underwent three tests per velocity-location
condition and four tests per location for a fixed velocity level. The helmet fit was checked

and readjusted as needed before each impact.

Frontal Temporal Frontotemporal Occipital

WaveCel

MIPS

Conventional

Figure 3.8: Relative Impact Locations for Tested Helmets. Before fitting the helmet, the dummy head was

positioned according to the desired direction
3.7 Kinematics- and FE-based TBI Metrics

To evaluate helmet protection against TBI, we analyzed both overall head movement and
tissue-level damage criteria using FE simulations. Overall head movement criteria included

PLA, PRV, PRA, HIC, and BrIC. PLA, PRV, and PRA indicate the highest value of linear

acceleration, rotational velocity, and rotational acceleration, respectively, at the CoG of the
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helmeted dummy head during impact. HIC is defined as: Eq. 3.3 [178]:

1 2

HIC = mazx {(t2 - tl)(—/ a(t)dt)2'5} (3.3)
(ta —t1) Jyy

with ¢; and t9 any two time points during any interval in the impact, and a(t) the resultant

of the linear acceleration of the CoG of the head. BrIC is calculated as Eq. 3.4 [6]:

Wy

BriC = \/( o )2+ ( )2+ ( )? (3.4)

We cr Wy cr Wz cr

with w the rotational velocity vector (x = anterior-posterior direction, y = medial-lateral

direction, z = proximal-distal direction), and we, the critical rotational velocity vector:
Wer = {Wy.ery Wy cr, Weer } = {66.2,59.1,44.2} (rad/s?). (3.5)

The three components of the linear acceleration and rotational velocity that were mea-
sured over time at the CoG of the helmeted headform, were used as boundary conditions
of the FE model to simulate the impact tests. We used the KTH FE model developed
by Kleiven et al. [166], that consists of the skull, bridging veins, CSF, cerebrum, cerebel-
lum, brainstem, spinal cord, and neck bone. Three linear accelerations and three angular
velocities were applied to the CoG of the model, which was modeled as a rigid body. We sim-
ulated the first 60 ms of the impacts with the non-linear explicit solver LS-DYNA R6.0.0
(LSTC, Livermore, CA, USA). We extracted maximum principal Green-Lagrange strain
(MPS) and maximum principal Green-Lagrange strain rate (MPSR) of the brain elements.
These deformation-based injury metrics evaluate the risk of specific types of TBI at tissue
level which have high incidence among bicycle accidents including cerebral contusion, con-
cussion, DAI, and ASDH. We calculated the 95th percentile of the peak MPS and MPSR
values of the elements in the regions of interest (ROIs) including cerebral cortex, corona

radiata, thalamus, brainstem, CC, cerebellum, and the whole brain.
3.8 Statistical Analysis

We investigated the effect of rotational motion-inducing impacts on three different helmet
technologies. The brain protection performance was assessed with both kinematics-based
and FE-based injury criteria. For each combination of impact velocity, impact location,

and kinematics-based injury metric, we performed two-sample Student’s t-test to compare
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helmets with head rotational kinematics mitigation systems, i.e., MIPS and WaveCel, versus
Conventional helmets, considered as control. We performed the same type of statistical test
with respect to FE-based injury metrics, as well. We limited the analysis to MPS and
MPSR evaluated across the elements of the whole brain. The effect of the impact location
on the injury metrics was investigated by grouping the data by impact location and impact
velocity. Then, we performed two-sample t-tests to compare location-specific groups (sample

size N=9) with each other, for each impact velocity.
3.9 Results

We assessed the effectiveness of the bicycle helmets that were tested, by analyzing global

head kinematics and tissue-level injury metrics.

3.9.1 Kinematics-based TBI metrics

Fig. 3.9 shows the results of evaluating helmet performance using injury metrics based
on kinematics. When calculating PRA and FE-based metrics for frontal impacts, the time
history before the peak rotational velocity was used to exclude the deceleration peak after
nose contact, which didn’t occur in other directions. MIPS helmets showed significantly
lower PLA and HIC than conventional helmets, at both low and high impact velocities in
frontal (Fig. 3.9 a), temporal (Fig. 3.9 b), and frontotemporal (Fig. 3.9 ¢) impacts, for all
five criteria. In these cases (pvalue | 0.05), the PLA reduced from 8% to 33% and HIC
reduced from 11% to 40%. This mitigation system also significantly reduced PRA in low
velocity frontal impacts (-16%), and in both low and high velocity temporal impacts (-46%
and -33%, respectively) compared to conventional helmets. MIPS helmets also have signifi-
cantly lower BrIC values in temporal impacts at low velocity and in frontotemporal impacts
at high velocity. When comparing PRV values, MIPS helmets significantly outperformed
Conventional helmets only in case of low velocity temporal impacts. In contrast, for oc-
cipital impacts, MIPS helmets had the highest mean values for all five global head injury
metrics (Fig. 3.9 d). Notably, PRV and BrIC were significantly higher in MIPS helmets
when compared to conventional ones. WaveCel helmets showed better performance than
conventional helmets in impacts directed to the temporal side of the headform in terms of
kinematics-based injury metrics (Fig. 3.9 b), with a reduction of up to 18% and 11% for
PRV and BrIC, respectively. The PLA and HIC values were also lower for WaveCel helmets
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compared to Conventional helmets at both velocities. In frontotemporal impacts, WaveCel
helmets performed significantly better than Conventional helmets in terms of PLA and HIC
at low velocity, while higher PRV and BrlIC values were observed for WaveCel helmets during
high-velocity impacts (Fig. 3.9 c¢). There were no significant differences between WaveCel
and Conventional helmets during frontal impacts, except for HIC at low velocity (Fig. 3.9
a). In occipital impacts, WaveCel helmets generally recorded higher mean values for all five
TBI metrics, with statistically significant differences for HIC at low impact velocity, and for
PRV and BrIC at both impact velocities (Fig. 3.9 d).

Fig. 3.10 shows how the location of impact affects kinematics-based injury metrics.
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Figure 3.9: Helmet performance evaluation using global head kinematics and TBI metrics. The impact
tests are grouped into: a) frontal, b) temporal, ¢) frontotemporal, and d) occipital impacts. * denote

significance levels compared to conventional group: * p < 0.05, ** p < 0.01, *** p < 0.001.

Mean PLA values varied between 45 and 53 g for low-velocity tests and between 54 and 65

g for high-velocity tests. Frontotemporal impacts resulted in the lowest PLA values, while
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Figure 3.10: Impact location’s effect on kinematics-based injury metrics. Boxplots representing impact

data across all helmet types: F (Frontal), T (Temporal), FT (Frontotemporal), and O (Occipital) impacts.

occipital impacts resulted in the highest values. PLA values did not significantly differ
between temporal and frontal impacts. However, frontal impacts resulted in significantly
higher PRV values (30 + 2 rad/s to 36 £+ 4 rad/s) compared to other directions. On the
other hand, temporal impacts produced the lowest PRV values (24 + 2 rad/s for impacts
at 4.1 m/s and 28 £ 0 rad/s for impacts at 5.4 m/s). PRA was significantly higher for
temporal impacts (5092 £ 878 rad/s2 and 6076 + 818 rad/s2) compared to other locations,
while frontal impacts resulted in significantly lower values (2329 + 170 rad/s2 and 2818 +
170 rad/s2). Temporal impacts resulted in the lowest HIC values (64 £+ 4 and 119 £ 7 for
low and high velocity, respectively). In contrast, frontal and temporal impacts resulted in
significantly higher BrIC values than frontotemporal and occipital impacts (on average 0.50

vs. 0.44 for low velocity tests and 0.63 vs. 0.56 for high velocity tests).

3.9.2 FFE-based TBI metrics
We also compared helmets with and without rotation-damping technologies by evalu-

ating TBI metrics based on brain tissue deformation through FE simulations of impacts
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(Fig. 3.11). The MIPS system in helmets resulted in reduced tissue-level metrics compared
to Conventional helmets in temporal and occipital impacts, with significantly lower MPS
(-10% and -20%, respectively) and MPSR (-43% and -21%, respectively) in the whole brain
at an impact speed of 4.1 m/s (p < 0.05). MIPS had higher mean values than Conven-
tional helmets for MPS in the whole brain in high-velocity frontotemporal impacts (+10%).
WaveCel helmets outperformed Conventional helmets in all four FE-based metrics in low-
velocity temporal impacts, with reductions of -16% and -47% for MPS and MPSR in the
whole brain, respectively. No significant differences were found for high-velocity temporal
impacts. WaveCel and Conventional helmets showed similar results for FE-derived metrics
in frontal, frontotemporal, and occipital impacts, except for high-velocity frontotemporal
impacts, where WaveCel exhibited +8% MPSR.

In Fig. 3.12 FE-based injury metrics are grouped by impact location. Temporal impacts
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Figure 3.11: Helmet Performance Evaluation Using Tissue-Level TBI Metrics. Grouping of Impact Tests
by Velocity and Location. FE-Based Metrics Calculated for Regions of Interest: Whole Brain (WB) and
Bridging Veins (BV). Asterisks Denote Significance Levels Compared to Conventional Group: * = p < 0.05,
¥ = p < 0.01, ¥*** = p < 0.001.

showed significantly higher MPS in the whole brain (0.20 £ 0.01 and 0.24 + 0.00 for low
and high velocity, respectively) compared to frontal impacts (0.13 £+ 0.01 and 0.17 £+ 0.01
for low and high velocity, respectively). Frontotemporal impacts had the lowest MPSR in
the whole brain (31.7 £ 3.8/s and 39.9 £+ 2.6/s for low and high velocity, respectively),
while the highest MPSR was found in the occipital region. The pendulum device enabled
repeatable and reproducible tests that considered the HIII neckform’s effect on rotational

head kinematics, emphasizing energy dissipation through rotational, not linear, kinematics.



33

3.10 Discussion

The pendulum device was chosen for its ability to conduct repeatable tests [61, 179] and
incorporate the HIII neckform’s effect on head rotational kinematics. Current pendulum
tests focus on energy dissipation through rotational, not linear, kinematics. The study’s
head kinematics data falls within the ranges reported in a review article by Abderezaei et
al. [50] for tests that included a neckform, while the PLA values were substantially lower.
The study evaluated helmets’ performance based on injury metrics that considered both
global head kinematics and brain tissue deformations. The goal was to assess the effect of
increased rotational impact conditions on helmets with different head rotational kinematics
mitigation systems.

The helmet’s performance is influenced by various factors, including the direction of
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Figure 3.12: Impact Location’s Effect on FE-Based Injury Metrics Boxplots Representing Impact Data
Across All Helmet Types, with FE-Based Metrics Calculated for Regions of Interest: Whole Brain (WB)
and Bridging Veins (BV).

the impact [57, 58], the moment of inertia of the headform [180-182], the stiffness response
of the HIII neckform, and the design features [180, 181]. Helmets with mitigation systems

for head rotational kinematics performed better than the standard EPS-only liner helmet in
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terms of kinematics-based and FE-based injury metrics, especially at low impact velocity.
MIPS helmet exhibited significantly lower PLA and HIC values, whereas WaveCel helmet
performed very similarly to the Conventional helmet in frontal impacts. The design of the
posterior part varied between the three helmet types, and the differences in geometrical
shape and contact surface could explain the differences in kinematics-based injury metrics
observed between the helmet types during occipital impacts.

The critical thresholds established in current helmet standards were well above the values
obtained in the tests, indicating that the device is suboptimal for assessing helmet perfor-
mance in terms of linear accelerations. However, some impact values exceeded tolerance
levels for concussion risk and brain injury, particularly in low and high velocity temporal
impacts. The rotation-damping systems in WaveCel and MIPS helmets were engaged in
some loading scenarios. Tissue-level concussion thresholds ranged between 0.19 and 0.3
MPS [183-187], which were reached during the pendulum tests, especially in low and high
velocity temporal, frontotemporal, and occipital impacts. The longitudinal engineering
strains were well below the ASDH tolerance levels. Deformation-rate-based thresholds for
50% concussion risk ranged from MPSR = 48.5 to 60.0/s [9, 18, 166], and some impacts
exceeded these thresholds, particularly in high velocity frontal and temporal impacts.
3.11 Conclusion

In this chapter, we reviewed the literature to collect and analyze various bicycle helmet
technologies, investigating their resultant kinematic-based head injury data from drop test
experiments. We observed that helmets utilizing new technologies like rotation damping
systems, collapsible cellular structures, and expandable models outperformed conventional
helmets in kinematics-based metrics at low impact velocities and angular momentum. The
presence or absence of the neck surrogate in the experimental procedure was found to in-
fluence kinematics. These findings underscore the importance of rethinking conventional
helmet designs, considering novel technologies for better prevention of cycling-related TBIs,
and conducting more comprehensive impact testing. To further investigate the role of rota-
tion mitigation systems, we performed pendulum tests on multiple impact locations, evalu-
ating helmet performance using global head kinematics and tissue-level injury metrics. Our

observations revealed a dependence on impact location, injury metric, and brain region,
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potentially influenced by distinct helmet designs and contact surfaces. We propose that
a thorough evaluation of bicycle helmet performance should encompass multi-directional
impact tests targeting various locations and incorporate both global head kinematics and
tissue-level injury metrics. Adopting such a comprehensive assessment approach will con-
tribute to advancements in head rotation reduction technologies and the development of
safer protective headgear designs.

The findings discussed in this chapter have been previously published in several papers,

including references [50].
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Chapter 4

TO INVESTIGATE THE EFFECT OF SPORTS HELMETS ON
DYNAMICAL BEHAVIOR OF THE BRAIN SUBSTRUCTURES IN
HELMETED IMPACTS

4.1 Introduction

mTBI, particularly those related to sports, pose a significant risk to the health of hun-
dreds of thousands of athletes annually [74, 75], potentially resulting in long-term disability
and neurocognitive deficits in certain cases [36]. Helmets have been used in several contact
sports as a protection strategy to prevent or reduce the severity of mTBI. Although helmets
have been shown to significantly reduce the risks of severe head injuries in football [76],
bicycling [50, 77], skiing [78], and other sports, their effectiveness in mitigating the risks of
milder forms of TBI is still being investigated [79-81].

Different contact sports require helmets with varying shapes, mechanical properties, and
testing criteria [82-85]. Football and hockey helmets typically have hard shells and thicker
but softer liners made of polyurethane (PU) and vinyl nitrate (VN) foams [76, 82, 83, 86],
while bicycle and ski helmet liners usually consist of Expanded polystyrene (EPS) foam
[84, 85]. The safety of these helmets is evaluated through laboratory impact setups [23,
25, 133] that measure head kinematics, such as rotational and linear accelerations. While
hockey and football helmets are typically tested with setups that include rotational kine-
matics, such as an impact pendulum device [61] and a horizontal impactor [188], ski and
bicycle helmets have been traditionally tested and evaluated with a vertical drop-test setup
for linear kinematics. Testing procedures and criteria vary among different standards in-
troduced for various sports helmets, such as the CPSC for bicycle helmets [23, 87] and
National Operating Committee on Standards for Athletic Equipment (NOCSAE) [88] for
football helmets. Traditionally, helmet design focuses on mitigating linear head kinemat-
ics during an impact [25, 26]. However, recent studies on dummy heads [7, 18-22, 89, 90]

have highlighted the importance of rotational head kinematics in causing head injuries and
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concussions. As a result, new helmet designs aim to reduce rotational head motion during
impacts [21, 189]. Preliminary studies [23, 57| indicate that the latest helmet designs and
mitigation systems can reduce rotational kinematics and brain strain [50]. However, despite
these improvements, mTBI still occurs frequently in contact sports [89, 91|, indicating the
need for better helmet designs and testing criteria. Understanding brain injury mechanisms
can help in designing more effective helmets.

Researchers have investigated the mechanics of mTBI by studying brain deformation
during impacts through data collection [39-43] or simulation with brain-skull FE models
[39-48]. Peak principal strain has been found to indicate injury severity in various contact
sports [43, 49], and in addition to traditional helmet testing using head kinematics for evalu-
ation purposes [24, 50-60], researchers have proposed investigating the mechanical behavior
of the brain, which is closely linked to rotational kinematics during impacts. This approach
can provide valuable insights into helmet effectiveness and improve understanding of how
helmets can mitigate head injuries in different types of impacts [21, 60-62].Additionally,
they have explored the mechanical behavior of the brain tissue [15, 16, 39, 68, 69] to un-
derstand the spatial and temporal variations in brain deformation characteristics that have
injury-related implications. Brain FE models show nonlinear behavior during impacts, and
investigating the biomechanics of substructures has revealed crucial frequency-dependent
and localized phenomena associated with injury outcomes [16, 17]. In-vivo identification
of the natural modes and frequencies of three-dimensional (3D) deformation of the human
brain acquired by conducting tagged MRI during transient mild acceleration of the head
and analyzing 3D strain fields using DMD[73]. Dynamic 3D brain deformation was an-
alyzed and revealed fundamental oscillatory modes at frequencies near 7 Hz during neck
rotation and 11 Hz during neck extension [73]. Finite element simulations using the DMD
technique showed the existence of distinct modal frequencies in the corpus callosum and
a strain concentration in deep white matter regions [16, 17]. The brain is particularly
sensitive to displacement frequencies around 20-30 Hz, which can increase the observed de-
formation. Investigating the brain model’s frequency response during an impact revealed
that the corpus callosum experiences higher deformation at certain frequencies, which may

have implications for mTBI [16].
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To improve helmet design and reduce the severity of brain injuries, it is important to
investigate the effect of different designs on the frequency response of vulnerable brain sub-
structures like the CC. However, previous studies have mostly focused on the head’s motion
and kinematics [23, 24] rather than the substructural mechanics of the brain tissue due to
its complexity. While some attempts have been made to analyze the efficacy of different
helmet types by examining brain strain levels, a comprehensive design optimization has
not been proposed. In order to gain a comprehensive understanding of the helmet’s role
in the brain injury mechanism, it is crucial to consider the substructural mechanics of the
brain, since concussion diagnosis is correlated with maximum principal strain [11, 12]. in
specific brain regions. This vulnerability has drawn attention to certain brain regions in
sport-related concussion studies [13, 14].

In this chapter, the effect of different helmets on the frequency response of the brain
FE model substructures was evaluated. Impact pendulum tests were performed on football,
hockey, ski, and bicycle helmets, and the extracted kinematics from the helmeted dummy
headforms were simulated in an FE brain-skull model. The frequency response of the sub-
structures of the brain FE model across different helmet types was analyzed using the DMD
technique. The final results provided insights into ways to improve sports helmet designs

by considering the dynamical behavior of the brain in an FE model.
4.2 Methods

In this aim, we first conducted impact pendulum tests on headforms that were equipped
with helmets. Then, we created a computational model of the brain-skull system by using
the experimental head kinematics. Lastly, we utilized an advanced modal analysis technique
to investigate the impact of various sports helmets on the frequency response of the brain

substructures within the computational model.

4.2.1 Impact Pendulum Tests

We used an the same impact pendulum test setup explained in section 3.6, to apply
impacts to a Hybrid III anthropomorphic head-neck system (Fig. 3.8). We released the
impact pendulum at a 60° which corresponds to an impact velocity of 4.3 m/s. Four
different commercially available helmets including a hockey helmet, a football helmet, a

ski helmet, and a bike helmet were tested three times to compare their performance in
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mitigating the head kinematics, and the resultant dynamic response of the brain FE model.
Hockey and football helmets that were tested had VN liner foams [82, 86], and ski and
bicycle helmet liners consisted of EPS foam [84, 85]. Head kinematics were measured as
explained is section 3.6. We applied side impacts to induce coronal rotation since it has been
reported that rotations in the coronal direction can cause large strains in certain vulnerable
regions such as CC [68, 190]. We also performed front impact tests in order to understand

the directional dependence of the brain FE model’s frequency response.

4.2.2  Finite Element Simulations

To simulate head impacts in the LS-Dyna environment, the Global Human Body Models
Consortium (GHBMC) 50th percentile male skull-brain FE model was used in this study
[191]. GHBMC is a computational model that was developed for studying the biomechanics
of human body movements and interactions with external forces, such as those that occur
during automotive crashes [6, 192, 193]. The head model was developed based on CT and
MRI scans of an adult male of average height and weight in the US [192]. The version used
in this study had two primary parts: the brain and skull, each with several components,
totaling 189,780 nodes and 244,485 elements. The CoG of the head model was subjected to
linear acceleration and rotational velocity from impact pendulum tests. The goal of these
tests and simulations was to observe the effect of different helmets on the dynamic response
of the brain substructures in the computational model. Nodal coordinates of the brainstem,
CC, cerebellum, and the whole brain in three directions were extracted, and the relative
displacement of each node at each region with respect to the skull was calculated. These

calculated relative displacements were then used as inputs for DMD analysis.

4.2.3 Modal Analysis

We used DMD, a multivariate method, to extract modal behavior of the brain tissue
and analyze spatiotemporal differences within brain substructures as a function of modal
frequency [16, 73, 194, 195]. The technique involves considering N equally spaced snapshots
of a dynamic brain system with M nodes, and writing displacement fields at time t based

on the temporal sequence of nodal displacement in z, y, and z directions, we can write down
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the displacement fields at time ¢ as:

N
U(z,y,z,t) = Zanewp()\nt)qﬁn(x,y, z) (4.1)

n=1
where, a, is the modal coefficient, A, is the complex modulus, and ¢,, is the spatial distri-
bution of each mode. As explained above, N is the number of spaced snapshots of M nodes,
where each snapshot in DMD is assumed as a linear combination of the previous snapshots,

uj+1 = Au; and can be written as:

Z/[fv = ul,Aul,...,AN_lul (42)

By calculating the eigenvalues and eigenvectors of matrix A, which defines the dynamical
process, we can find the frequency [w; = Re(\,)], decay rate [(; = Im(\,)], and amplitude
(|w;|) of the dynamic modes [16].

To get a more extensive understanding of how different helmet types can affect the am-
plitude pattern of the modes in the brain regions, we did a secondary analysis. We defined a
term called cumulative amplitude as a summation of the amplitudes in a desired frequency
range. Since it has been shown that the brain has a multimodal behavior [16, 17], the
dominant frequency of the brain was considered as a reference frequency, wyer. We defined
two frequency intervals and termed them as: low frequency range (wr ), and high frequency

range (wp) as (Eq. 4.3):

wr, 0 <w <2 X wref
W = 9 wret w of the brain dominant harmonic (4.3)

WH 2 X Wpef < W

In each case, we calculated the cumulative amplitude by summing up the amplitudes of

the frequencies in low wy, and high frequency range wy (Eq. 4.4), separately:
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N

|\IIUJSum| = Z |\Il7«|’

i=1

Np, Ny
W | = D 1%, W] = Wil
=1 i=1

where W, is the sum of the all mode amplitudes, and N7, and Ny are the indices of

(4.4)

the frequencies which are in the range of wr,, and wp, respectively. Our goal was to compare
the performance of the helmets in reducing modal amplitudes, or in other words, dissipat-
ing energy in different frequency regimes. To compare low and high frequency ranges more
accurately, we calculated the percentage of their cumulative amplitudes separately. This
allowed us to see how different helmets affect the dominant bandwidths and shift the per-
centage of energy. This analysis helped to determine the amount of energy dissipated in
high and low frequency regimes and how different helmets affect this behavior.

To verify the accuracy and reliability of our modal analysis results on relative displace-
ments, we conducted an additional modal analysis on the maximum principal strain (MPS)
values of individual elements in each brain region. The same procedures were followed, in-
cluding applying DMD to the relative displacements. By adding MPS values to our modal
analysis, we gained a more complete understanding of the brain FE model’s dynamic be-
havior during helmet impacts. This approach also helped us establish a link between the
modal characteristics of relative displacements and the corresponding MPS values, which
increased the validity of our modal analysis technique.

4.2.4 Strain Analysis

MPS has been identified as a potential indicator of mTBI [68, 196, 197] and is an
important parameter in understanding injury mechanisms [198]. We focused on analyzing
the MPS values in the CC, brainstem, and cerebellum regions and calculated the ratio of
the peak MPS in each region to that of the brain (M) Our purpose was to compare

this metric with modal parameters and analyze them with respect to the helmet type.
4.3 Results

4.8.1 Frequency Response of the Brain Subregions with Helmeted Impacts
We used DMD analysis to examine the relative displacement between the brain and

skull in four regions of the brain and the whole brain for different types of helmets in side
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(Fig. 4.1A and Fig. 4.2A) and front (Fig. 4.1B and Fig. 4.2B) impacts. While most re-
gions showed a primary harmonic around 7-15 Hz, there were some exceptions. The CC
and cerebellum regions exhibited more variation from the whole brain dynamics, with high-
frequency modes of oscillation observed in both impact directions. In the front impacts, the
CC region showed a first harmonic at 23.1 Hz in the bicycle helmet, while the cerebellum
region had a dominant second modal peak in the bicycle and ski helmets at around 37.5
Hz and 61.7 Hz, respectively (Fig. 4.1A). In front impacts, this dominant peak occurred at
frequencies of 41.6, 31.3, and 38.0 Hz in the football, bicycle, and ski helmets (Fig. 4.1B).
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Figure 4.1: Comparison of DMD modes in the subregions across different impact directions and helmets
using brain-skull relative displacements. Normalized modal amplitudes in the brain, and its substructures
for different helmets in (A) side and (B) front impacts. The first harmonic in all regions was around 7.1-
15.5 Hz for both directions. (B) Cerebellum demonstrated high-bandwidth modal response, with dominant
high-frequency modes of oscillations observed in both directions.

We verified the accuracy and reliability of our modal analysis results by comparing the
results obtained through modal analysis of maximum principal strain. The comparison re-
vealed a high degree of similarity between the two sets of results, with identical frequencies
observed for the main harmonic and a close frequency range for the secondary harmonic.
Our findings were further supported by the observation of the second harmonic in specific
cases. Moreover, our investigation of the bandwidth modal response across various helmet
types for each region showed consistency and reliability between the two approaches.

We observed significant differences in the frequency distribution of modes among differ-



43

(A) Brain Side ccC B) Brain Front cC

—~ 1 1 Hockey —~ 1 1 —— Hockey
g Football g ——— Football
g o8 0.8 i L 0.8 i
E’j 0.6 0.6 Bicycle Kf 0.6 0.6 —— Bicycle
- ~
5 04 0.4 = 04 04
= o2 0.2 = 02 0.2
S o0 0 S o0 0
£ 0 20 40 60 80 100 0 20 40 60 80 100 & 0 20 40 60 80 100 0 20 40 60 80 100
\q_; Brain Stem Cerebellum j: Brain Stem Cerebellum
R 1 E
2 E 1 1
s 08 0.8 808 0.8
SR 0.6 g
< 0 - < 06 0.6
= 04 0.4 = 04
k! £ 0.4 0.4
g 02 0.2 = 02 0.2

0 0 0 0

0 20 40 60 8 100 0 20 40 GO 80 100 0 20 40 60 80 100 0 20 40 60 80 100

Frequency (Hz) Frequency (Hz)

Figure 4.2: Comparison of DMD modes in brain’s model subregions across different impact directions and
helmets using MPS. Normalized modal amplitudes in the brain, and its substructures for different helmets in
(A) side and (B) front impacts. The first harmonic in all regions was around 8.2-13.8 Hz for both directions.

(B). Cerebellum showed a high-bandwidth modal response, with dominant high-frequency modes in both

directions.
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Figure 4.3: Distribution of the DMD modes in low and high frequencies. This figure compares cumulative
modal amplitudes in wr, and wy frequency ranges in (A) Side and (B) Front impacts. A) Ski and bicycle
helmets had higher amplitudes in the high frequency range in brain and brainstem compared to hockey and
football helmets. In CC and cerebellum, football helmet had the lowest amplitude percentage. B) Hockey
and football helmets had the lowest percentage in high frequency range in brain, CC, and brainstem. In the

cerebellum, football helmet had the lowest percentage.

ent helmets, particularly in various brain substructures (Fig. 4.1). To better understand

these differences, we binned the modes into two main frequency intervals (wy; and wpy in
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Eq. 4.3) and estimated their cumulative amplitude percentage distribution. This analysis
allowed us to identify the dominant frequency regimes for brain modes in different helmets
and impact conditions. Comparing the cumulative amplitudes in the side impacts in the
brain and brainstem showed that for high-frequency regime (which were shown as a solid
color in Fig. 4.3), hockey (26.9 %) and football (29.9 %) helmets had lower cumulative am-
plitudes than the bicycle (34.2 %) and ski helmets (40.9 %). In the CC, the high-frequency
cumulative amplitude in the football helmet was the lowest in side impacts (29.9 %). In the
cerebellum, the high-frequency cumulative amplitude of the football helmet was also the
lowest (43.4 %). Similar cumulative amplitude behaviors were observed in the hockey, the
bicycle, and ski helmets for side impacts in cerebellum (Fig. 4.3A).

In the front impact, the high-frequency cumulative amplitude in the brain was the low-
est in the hockey helmet (26.0 %) and was the highest in the bicycle helmet (35.4 %). No
significant differences were observed between the ski and football helmets (29.2 %). Also in
the brainstem, the football helmet had the lowest (30.7 %) and the ski helmet had the high-
est value for high-frequency cumulative amplitude (41.5 %). In the CC, the high-frequency
cumulative amplitudes were the lowest for football (30.3 %) and hockey helmets (32.4 %).
In the cerebellum, which had more higher-amplitude modes in the higher frequency regimes
compared to the other brain substructures, hockey helmet (66.8 %) and ski helmet (66.7 %)
demonstrated the highest concentration of modes in the high-frequency regime (Fig. 4.3B).
4.8.2  Peak MPS pattern among Brain Subregions

We investigated the relationship between brain modal behavior and strain responses
during helmeted impacts, based on previous studies that highlighted the importance of this
relationship in understanding injury mechanisms [16, 17, 65, 73, 199]. Our hypothesis was
that modal coupling and higher modal density could lead to energy localization in the brain,
worsening the effects of strain and increasing injury risk.

We analyzed the peak MPS in CC, brainstem, and cerebellum, in a computer model
and calculated the ratio of the peak MPS in these regions with respect to the peak MPS in

peak

the whole brain (ﬁ) to study strain localization patterns. In side impacts, CC had

Brain

the highest ratio for all helmets except the ski helmet (Fig. 4.4 Side), while the brainstem

had the highest ratio in front impacts (Fig. 4.4 Front). Previous studies also showed high
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strain in these regions due to their stiff membranous structures [199-201]. The ski helmet
had the highest MPS ratio in both brainstem and cerebellum in side impacts, while the
football helmet had the lowest MPS ratio in cerebellum. In front impacts, the football
helmet showed the highest MPS ratio in the cerebellum and the lowest in CC.
4.4 Discussion

We identified differences in modal behavior of the brain subregions in helmeted impacts.
The main mode of oscillation was between 7-15 Hz, consistent with prior studies [65, 73],
but in the cerebellum, higher harmonics were observed. However, in some cases the discrep-
ancies are anticipated due to variations in the tested regions across different experiments,
as well as inherent differences between in-vivo [73] and computer-simulated results [65]. De-
pending on the impact direction and helmet type, a second high-amplitude mode oscillated
in the 38-62 Hz range, also previously reported. The cerebellum’s multimodal dynamics [16]
might cause higher harmonics due to longer vibration with lower dissipation. We also con-
ducted modal analysis using MPS values to validate our relative displacement-based modal
analysis. The similarity between the results suggests that our relative displacement-based
method is a reliable way to investigate brain behavior during helmeted impacts.

We analyzed the modal behavior of various helmet types in a simulated human brain
model to test our hypothesis about helmet types impact on brain substructure modal behav-
ior. Results showed substantial differences in modal dynamics among brain substructures,
especially after the wef, revealed insight into the effect of the helmets in dissipating energy
in higher frequency ranges. Ski and bicycle helmets were less effective in dissipating energy
in higher frequencies than hockey and football helmets. This was particularly evident in
the cerebellum, where high-frequency oscillations had higher amplitudes in ski and bicycle
helmets. To compare the findings quantitatively, we analyzed cumulative amplitudes of
frequencies higher than 2xwye and found that ski and bicycle helmets had higher high-
frequency cumulative amplitudes than football and hockey helmets in most cases. These
differences may be due to variations in liner material properties. Hockey and football hel-
mets with thicker and softer PU foam liners [76, 83, 86, 202] were more effective in absorbing
impacts [202, 203] than bicycle and ski helmets with stiffer EPS liners [82-85] The difference

in liner material properties can explain the observed variation in high-frequency cumulative
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Figure 4.4: Regional pattern of the peak MPS with respect to the peak MPS in the brain. This figure
shows the ratio of the peak MPS in the brain substructures with respect to the brain in (A) Side impact in
which the peak MPS occurs in CC for all helmet types except ski helmet in which the peak MPS appears in
the brainstem, but the difference between these two regions was negligible, and (B) Front impacts in which

the brainstem and CC have the highest and lowest ratio in all helmet types, respectively.

amplitudes. The football helmet was found to be better at dissipating high-frequency modes
than other helmets for side impacts [202, 203]. The geometry of the bicycle helmet with a
lower radius of curvature at the front may also affect its ability to dissipate energy during
front impacts (Fig. 4.3 A).

Since multimodal behavior of the brain, and the interaction of these modes were found to
be associated with peak principal strains [16], we analyzed the relationship between modal
amplitude distribution in the high and low frequency regimes and corresponding MPS values
(Figs. 4.3 and 4.4). Our findings supported two hypotheses: 1) high-frequency cumulative
amplitude is associated with high MPS, and 2) higher modal density and coupling leads to
higher MPS (Figs. 4.3 and 4.4). We observed differences among helmet types in different
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brain regions, with ski and bicycle helmets having higher high-frequency amplitudes and
MPS in the brainstem and cerebellum (Fig. 4.4). Modal coupling and density also played a
role in strain concentration, as observed in the football and hockey helmets in the cerebel-
lum and CC (Fig. 4.1 and 4.2). This part of the study has limitations that affect the
generalizability of our findings. We recommend using an impactor with an angled surface
to better simulate real-world scenarios, particularly in terms of their protection ability in
rotational kinematics [167, 204] and studying the impact of angled surfaces on different hel-
met types. Our testing method was limited to 100 milliseconds, but we used binned modes
to obtain a broader understanding of mode frequency distribution. Our findings may only
apply to the GHBMC model and a more accurate model may improve predictions of the
brain’s response to impacts. Using a more diverse set of helmet designs and impact condi-
tions can provide a more comprehensive understanding of the modal behavior of helmeted

impacts.

4.5 Conclusion

In many contact sports, athletes use protective headgear to minimize the risk of head
injuries. Despite advancements in helmet technology and the increased use of helmets, the
incidence of sports-related mild traumatic brain injuries (mTBI) remains high, highlighting
the need for further improvements. Current helmet designs primarily focus on mitigating
head kinematics, even though evidence suggests that the spatiotemporal mechanics of brain
substructures play a significant role during mTBI events. The presence of localized modes
and the multimodal behavior of various brain regions, along with the specific vulnerability
of these regions to injury, indicate the need for a detailed analysis of brain substructure be-
havior in helmeted impacts. This study examined the differences in the modal behavior
of brain subregions using finite element (FE) modeling in helmeted impacts, focusing on
helmets associated with high injury rates. Across all brain regions, the primary mode of
oscillation was observed between 7—15 Hz in both impact directions, consistent with pre-
vious findings that used tagged MRI and simulations. Discrepancies in frequency ranges
could be due to differences in regions tested, experimental setups, and the inherent con-

trast between in vivo and computer-simulated results. The cerebellum displayed additional
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higher harmonics between 38-62 Hz, attributed to its unique location and prolonged vi-
bration with lower energy dissipation. To enhance the reliability of the modal analysis,
maximum principal strain (MPS) values were also analyzed within each brain region. This
dual approach allowed for a comprehensive assessment, correlating modal characteristics
with strain patterns. Results from MPS-based analysis and relative displacement analy-
sis showed significant similarity, validating the approach. However, some differences were
noted, such as a higher amplitude of the second harmonic in the bicycle helmet’s MPS
results during front impacts. This could be related to the non-linear nature of MPS and
its relationship with strain. Additionally, the brainstem exhibited higher frequency and
amplitude in the second oscillation mode, particularly with the bicycle helmet, due to the
high MPS ratio observed during front impacts. Consistency across helmet types and anal-
ysis methods supports the robustness of the relative-displacement-based modal analysis for
evaluating brain dynamics in simulated impacts. Given our hypothesis on how helmet
performance may influence the modal behavior of different brain regions in our model, we
anticipated that distinct modal characteristics would emerge across helmet types. Our find-
ings revealed notable differences in the brain substructures’ modal dynamics. Specifically,
ski and bicycle helmets exhibited less capability in dissipating energy at higher frequencies
compared to hockey and football helmets within the same frequency range. This effect was
particularly pronounced in the cerebellum, where ski and bicycle helmets generated higher
amplitude oscillations at elevated frequencies. The simulated variations in modal behav-
ior, especially after the reference frequency wiye, provided valuable insights into the energy
dissipation characteristics of these helmets. To quantify these observations, we analyzed
the cumulative amplitudes for frequencies exceeding 2xwyes. Ski and bicycle helmets con-
sistently demonstrated higher cumulative amplitudes at high frequencies than football and
hockey helmets. This outcome likely results from the differences in liner materials. Football
and hockey helmets utilized softer PU foam, which is more effective for shock absorption
across a wider range of impacts, particularly high-velocity ones, compared to the stiffer EPS
foam used in bicycle and ski helmets. Furthermore, the pronounced differences between the
bicycle helmet and other helmets in the CC during frontal impacts might be attributable to

the helmet’s geometry, which reduces the contact area. Interestingly, the football helmet



49

was particularly effective at dissipating high-frequency modes for side impacts. Recogniz-
ing that multimodal brain behavior is linked to peak principal strains, we explored the
relationship between modal amplitudes and maximum principal strain (MPS) values. Our
analysis supported the hypothesis that higher modal amplitudes at elevated frequencies cor-
respond with increased MPS values and that greater modal density and coupling exacerbate
strain concentration. For example, in the brainstem, ski and bicycle helmets exhibited the
highest high-frequency amplitudes, aligning with MPS analysis findings. Similarly, in side
impacts, ski helmets produced the highest MPS ratio in the cerebellum, while football and
hockey helmets resulted in lower MPS ratios in the CC for frontal impacts, consistent with
their reduced high-frequency modal amplitudes. Modal coupling effects were evident, with
certain helmets, like the football helmet in frontal impacts and the hockey helmet in side
impacts, generating significant MPS ratios due to strong coupling near dominant modal
frequencies. Our study has several limitations that may restrict the broader applica-
bility of our findings. First, the current testing method, which uses a direct impact from
a pendulum, does not incorporate the tangential components typical of real-world oblique
impacts. Future studies could address this limitation by using an angled impactor to better
simulate real-world conditions, particularly for assessing helmets’ performance in managing
rotational kinematics. Evaluating the impact of angled surfaces across various helmet types
could provide new insights into their rotational energy absorption capabilities. However,
it is unlikely that such tests would show substantially different results in the frequency
domain. Additionally, our impact pendulum tests were conducted over a duration of
100 milliseconds. This limited the DMDtechnique’s ability to resolve high-frequency modes
accurately, potentially affecting the precision of the identified modal frequencies. To mit-
igate this limitation, we binned the modal frequencies into two ranges to gain a broader
understanding of how frequency distribution influences brain response. Another impor-
tant consideration is that prior modal analyses of the brain have either been performed in
vivo or using different finite element (FE) brain models. Given the variability in geometry,
material properties, and boundary conditions among these models, the specific frequencies
observed in our study may only be relevant to the GHBMC model used. For instance,

our model treats the brain’s ventricles—filled with CSF—as incompressible solids with vis-
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coelastic properties, rather than as true fluid structures. This simplification may alter the
mechanical response and highlights the need for models that more accurately represent
the brain’s anatomical complexity. Furthermore, we used the isotropic version of the
GHBMC head model with predefined material properties, which may limit the accuracy
of our modal frequency predictions. A more comprehensive analysis could be achieved by
employing a diverse set of helmet designs and impact conditions to better understand hel-
meted impact dynamics. Despite these limitations, our findings emphasize the need to
consider the brain’s substructure dynamics when designing helmets. Current helmets focus
on mitigating head kinematics, but understanding the dynamics of brain substructures is
crucial in addressing the mechanisms of concussion. The localized and multimodal behavior
of the brain, with its hyperviscoelastic properties, necessitates further investigation into
how helmets can be optimized to influence these modal characteristics. Our study lays
the groundwork for future research, which could lead to improved helmet designs based on
a deeper understanding of brain biomechanics, especially under more varied and complex
impact scenarios. The findings discussed in this chapter have been previously published in

several papers, including references [205, 206].
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Chapter 5

TO INVESTIGATE IN VIVO BRAIN SUBSTRUCTURE
DISPLACEMENT AS INDICATORS OF VENTRICULOPERITONEAL
SHUNT OUTCOMES IN NPH USING AMRI

5.1 Introduction

With each heartbeat, periodic changes in arterial blood pressure propagate through the
vasculature, causing localized deformations in both the arterial walls and surrounding tissues
[1]. Measuring these motions could enhance our understanding of various cerebrovascular
conditions, but it has remained a significant technical challenge. In this section, we present a
novel image processing algorithm based on aMRI, termed aFlow, which facilitates the study
of coupled brain-blood flow dynamics by integrating cine and 4D flow MRI amplification.
To achieve this, we extended the use of aMRI to analyze transient dynamics. aFlow is a
phase-based aMRI algorithm that employs DMDas a temporal filter, amplifying sub-voxel
motions in both the brain parenchyma and vasculature for improved visualization. By
incorporating DMD, aFlow captures characteristics of transient events, such as vascular
motion observed in 4D flow MRI [102, 103]. This section also introduces neurodegenerative
diseases that can be explored from a dynamic perspective using aMRI, with a particular
focus on NPH, the central condition investigated in this thesis. Further details are provided
on the image analysis conducted for these patients and the key parameters identified as

significant contributors to successful surgical outcomes.

5.1.1 Amplified Magnetic Resonance Imaging (aMRI)

aMRI represents a significant advancement in the field of medical imaging, enabling
highly detailed visualization of subtle brain motions and deformations caused by physi-
ological dynamics such as blood vessel pulsation and CSF movement. These dynamics
exert pressure on brain tissue, which in turn manifests in minuscule motions and deforma-
tions. aMRI uses a phase-based motion magnification algorithm applied to 2D multi-slice

cardiac-gated (cine MRI) data, creating an amplified "movie” that dramatically enhances
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the visibility of these subtle movements [31, 102].

This technique is particularly beneficial in the diagnosis and study of various neurological
disorders where altered brain motion is a symptom, such as hydrocephalus, Chiari I mal-
formation, idiopathic intracranial hypertension, and age-related diseases in small cerebral
vessels. For instance, aMRI has been pivotal in differentiating abnormal from normal mo-
tion in Chiari I malformation patients, where affected individuals show increased caudal
midbrain tissue displacement and downward displacement at the brainstem and craniocer-
vical junction [32].

Furthermore, aMRI has expanded into other applications, including amplified flow imaging
(aFlow) which captures transient events like blood flow interaction with arterial walls. This
has been particularly useful in assessing evolving intracranial aneurysms and studying the
biomechanical effects of head impacts, thereby contributing to our understanding of brain
health post-impact and the region-specific vulnerability of brain structures to trauma [1].
Despite its effectiveness, the original aMRI approach had limitations, primarily due to its
2D nature that only amplified motion in the in-plane direction and ignored out-of-plane
movements, leading to motion artifacts. Additionally, the use of multi-slice data, typi-
cally only supporting thick slices, exacerbated motion artifacts due to partial volume effects
and asynchronized data acquisition across different heart rates. Ongoing improvements to
the aMRI algorithm and acquisition techniques aim to address these issues, enhancing the

capability of this promising technology in various clinical applications.

5.1.1.1 Cline Balanced Steady-state Free Precession (bSSFP) MRI (cine MRI)

Combining insights from recent advancements in MRI technology, Cine-bSSFP MRI (cine
MRI) and aMRI have emerged as pivotal techniques in understanding and visualizing in-
trinsic brain motion caused by physiological dynamics such as blood vessel pulsation and
CSF circulation. These imaging methods are particularly effective in highlighting subtle
brain deformations and motions which are crucial for diagnosing and studying various neu-
rological disorders like hydrocephalus and Chiari I malformation [102].

Cine MRI is valued for its ability to provide high-contrast images that can accurately track
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significant deformations in lower brain regions such as the cerebellar tonsil and hindbrain.
Despite its strengths, cine MRI traditionally suffers from limitations in spatial noise and
resolution, which restrict its utility to capturing intrinsic brain motion primarily in the
lower brain regions. This makes global characterization of brain motion challenging [1, 31].
aMRI, an advanced technique based on the phase-based motion magnification algorithm,
enhances the visualization of minute, often subvoxel motions. It amplifies the biomechanical
response of the brain to blood pulsation and CSF movement, thereby allowing for a more
detailed examination of brain tissue dynamics. This method has proven effective in differen-
tiating normal from abnormal motion, particularly in conditions like Chiari I malformation,
where traditional methods might not reveal subtle yet clinically significant anomalies.
Further developments in aMRI technology have led to the introduction of a 3D aMRI post-
processing algorithm applied to 3D cardiac-gated bSSFP cine data. This advancement
captures motion in all three directions, significantly improving image quality and the vi-
sualization of amplified cardiac- and CSF-induced brain motion. The new 3D algorithm
utilizes an extended version of 2D steerable pyramid filters to capture both in-plane and
out-of-plane brain motion, thereby enhancing spatial resolution and overall performance
(32, 102, 104].

The integration of DMDin aMRI’s algorithm pipeline and the introduction of amplified flow
imaging (aFlow) have broadened the applications of this technology. aFlow facilitates si-
multaneous visualization of brain and arterial deformations, showing promise in visualizing
intracranial aneurysm wall deformation and potentially aiding in the assessment of rupture
risk [103].

By combining these enhanced imaging capabilities with traditional approaches like PC-MRI
and DENSE MRI, clinicians are equipped with a robust, non-invasive tool for assessing brain
pathologies that alter biomechanical responses. This holistic approach not only assists in
the clinical interpretation but also in the qualitative analysis through tools like optical flow
vector maps, providing a comprehensive understanding of the brain’s intrinsic dynamics and

the mechanisms driving CSF circulation [1].
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5.1.1.2 3D aMRI Algorithm [1]

The 3D aMRI technique enhances the existing 2D phase-based aMRI framework [1, 102,
104], enabling detailed visualization and measurement of voxel movements across three axes.
The original 2D approach uses a linear steerable pyramid to split the data into various
scales and orientations [102]. This pyramid approach incorporates scale-adjustable filtering
("pyramid”) with orientation-specific adjustments (”steerability” ), allowing filters at differ-
ent scales to rotate and capture the entire domain effectively, breaking down the data into
its components [207]. Temporal changes in these decomposed phases are then enhanced and
temporally filtered to better illustrate the subtle 2D dynamics [102]. Expanding upon this,
the 3D aMRI method evolves the linear steerable pyramid from two dimensions into three
and modifies spatial filters from circular to spherical coordinates. Initially, the algorithm
takes in 3D cine MRI data. A 3D steerable pyramid then deconstructs this volumetric data,
organizing the local phase information of each time frame by scale and orientation. We
modeled the 3D steerable pyramid based on guidelines in [207], utilizing steerable filters for
a multi-scale decomposition that includes recurring low-pass filtering and down-sampling of

each phase image [207, 208].

The 3D aMRI algorithm begins by processing the intensity data from each 3D cine MRI
frame through both a low-pass filter L and a high-pass filter H. The low-pass phase Lg is
segmented into six oriented sub-bands By, ..., Bs, along with an additional lower-pass sub-
band Lj. This lower-pass sub-band is subsequently down-sampled by a factor of two along
the x, y, and z axes to further refine the analysis. This process is successively repeated to
include further decomposition at the low-pass level. In this study, filters defined in [1, 208],

which are formatted for the Fourier domain, are used as equations 5.1 and 5.2:

2 cos (%l()gQ (%)) , T <r<3
L) =12 r<x 5.1
0, r>73
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Figure 5.1: 3D aMRI decomposes the 3D cine MRI into different scales and orientations and amplifies the
local phases over time to visualize small cardiac-induced brain motion. (a) A 3D complex steerable pyramid
with 6 orientations (basis filters B, (kz, ky, k=), 7 = 0,1,...,5) is used to decompose each time point of the 3D
cine MRI dataset into different spatial scales and orientations. (b) The decomposed phases at each scale and
orientation are temporally filtered at the selected range of frequencies. (¢) As an optional step, a Gaussian
smoothing filter can be used to reduce noise and artifacts. (d) The processed signals in all the phases are
amplified by an amplification factor a and are added back to the reference phase. (e) The amplified 3D cine

MRI is reconstructed, allowing the visualization of the motion in three directions [1].

cos (%logg (2—7:)), T<r<j
H(r) = {1, r> (5.2)
0, r<7%

To partition the low-passed phase across M orientations, we devised angular filters that
uniformly segment the spherical coordinate system. In this context, M is set to 6, utilizing
basis filters Bj(kz, ky, k) in the Fourier domain. The orientations for these filters are derived
from the vertices of a cuboctahedron, ensuring an equal division of the space [208]. The

filters, which are conically shaped, are specified as follows:
B;(0,9) = cos®(Q0,¢;0;,6;)), 7=0,1,...,5 (5.3)

where € is the angle between OM and OC, which can be determined by:

OM - OC

0= —F " (5.4)
jexdijijeel
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To analyze motion in various directions, we developed a set of six basis filters Bj(k, ky, k=),
which are defined using the directional properties derived from the vertices of a cuboctahe-
dron. The filters are applied at multiple orientations and scales within a steerable pyramid
framework to decompose the low-passed data into different phases. Each level of the decom-
position is then processed to isolate and amplify the motion in desired frequency ranges.
The processed data is then reassembled to enhance the visual representation of motion
across three dimensions. For further details on the filter specifications and the decomposi-
tion process, see reference [1].

As mentioned above, several neurodegenerative diseases can be investigated using 3D aMRI.
In this section, these diseases will be briefly introduced, followed by a detailed analysis of
NPH cases, which is the focus of this thesis.

5.1.2  Chiari Malformation type 1 (CM-I)

Chiari Malformation Type I (CM-I) is a prevalent neurological disorder affecting the
craniocervical junction, diagnosed in about 1% of adults and 3.6% of children undergoing
MRI scans. It is characterized by a 3—5 mm downward herniation of the cerebellar tonsils
through the foramen magnum [209]. Symptoms vary widely, including headaches, nausea,
muscle weakness, sleep disorders, and in severe cases, paralysis. Notably, symptom mani-
festation can start in childhood or adulthood, with early diagnosis and surgical intervention
often improving outcomes significantly [210].

However, the relationship between the radiographic presence of tonsillar herniation and
symptom manifestation is inconsistent, with many patients showing no symptoms despite
significant herniation [210]. This discrepancy highlights the complexity of CM-I, suggesting
that factors beyond simple anatomical changes are involved in its pathogenesis. Recent
studies have explored the role of intrinsic brain motion during the cardiac cycle in con-
tributing to CM-I symptoms, facilitated by advanced imaging techniques like cine PC-MRI
and aMRI [1].

aMRI, particularly, has been used to visualize and quantify brain motion anomalies in CM-I
patients, identifying distinctive motion patterns at the craniocervical junction that differ
from healthy controls. This technology has evolved from 2D to 3D, enhancing the ability

to capture and analyze brain motion across three dimensions without invasive procedures.
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These advancements suggest that 3D aMRI could integrate seamlessly into clinical pro-
tocols, offering detailed insights into the dynamics within the brain’s structures in CM-I

patients, potentially influencing diagnostic and treatment strategies [1].

5.1.8 Normal Pressure Hydrocephalus

NPH is a neurodegenerative disease commonly affecting the elderly population, and it is
associated with a range of symptoms, such as difficulty walking, cognitive impairment, and
urinary incontinence. NPH is characterized by an abnormal buildup of CSF in the brain’s
ventricles, despite normal intracranial pressure. One treatment method for NPH is shunt
surgery, where a shunt is placed to drain excess fluid from the brain. However, the success
rate of this procedure is inconsistent, and it is crucial to identify factors that contribute
to its effectiveness. One potential approach is to use mechanical and engineering principles
to better understand the factors that could help assess the success of shunt surgery [211].
The pathophysiology of NPH remains elusive, though studies have identified a distinctive
"reversal” of CSF flow through the aqueduct of Sylvius, causing retrograde movement into
the enlarged third and lateral ventricles [212-214]. Distinguishing the ventriculomegaly as-
sociated with NPH from cerebral atrophy poses significant diagnostic challenges, especially
since NPH is notably prevalent, affecting approximately 5.9% of individuals aged 80 and
older [215]. Radiologically, NPH is typically identified by disproportionately large ventricu-
lar dilation compared to cortical atrophy. Intracranial compliance (ICC), a measure of CSF
pulsatility, usually decreases as hydrocephalus progresses, making conventional cine MR
imaging techniques inadequate as they often capture only minimal changes in ventricular
wall motion during the progression of hydrocephalus.
Currently, there lacks a robust, clinically validated non-invasive method to predict which
NPH patients might benefit from surgical interventions, such as CSF shunt placement. Un-
fortunately, up to 30% of patients undergoing shunt surgery do not experience significant
clinical improvement. This lack of efficacy, coupled with the potential need for multiple
surgeries, poses considerable risks to patients and escalates healthcare costs [216].
aMRI emerges as a groundbreaking technique that leverages the Eulerian video magnifica-

tion algorithm to enhance and analyze minute, often subvoxel motions like CSF pulsatility.
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By utilizing the heartbeat as an endogenous mechanical driver, aMRI can effectively visu-
alize the biomechanical response of brain tissues. This capability makes aMRI particularly
valuable for assessing ventricular deformity and intracranial compliance, thereby offering a
novel approach to evaluate brain motion in NPH patients [104]. This innovative imaging
method holds promise not only in improving diagnostic accuracy but also in potentially
refining patient selection for surgical interventions.

The aMRI technique applied in this research was first introduced by Holdsworth et al. [104]
and later refined by Terem et al. [102]. The refined technique uses a phase-based method
that better manages noise than its predecessor, the Eulerian Video Magnification (EVM)
algorithm [1]. This newer approach processes motion-related local phase variations through
complex steerable pyramids [217], enhancing these variations using a specific amplification
factor. Such advancements allow for the detection and visualization of displacements that
were once too subtle to see, employing advanced noise-filtering techniques [1]. This method
effectively brings out fine brain motions, making it possible to visually and quantitatively
assess the brain’s inherent movements [1].

Building upon the 2D phase-based algorithm, the 3D aMRI method expands the capacity
to detect and quantify voxel movements across three dimensions [102, 104]. It begins with
processing a 3D cine MRI dataset through a 3D steerable pyramid, which breaks down the
image into various scales and orientations. This includes splitting the initial image into
low- and high-pass segments, and further dividing the low-pass segment into six oriented
bandpass segments and an additional lower-pass segment, subsequently downsampled by
two across all spatial dimensions [31, 103, 217, 218]. This layered breakdown aids in cap-
turing intricate motion details.

For both the 2D and 3D models [31, 103, 218], the outputs are complex numbers reflecting
the amplitude and phase at each scale and orientation, with phases indicating sub-voxel
movements vital for enhancing motion visibility. These phases undergo filtering to focus
on cardiac frequencies and eliminate static noise. Enhanced clarity and reduced noise are
achieved by smoothing the filtered phases with an amplitude-weighted Gaussian filter, multi-
plying them by an amplification factor (« = 8), and integrating them back with the original

phase data. The final product is a synthesized 4D movie that magnifies motion during
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the cardiac cycle, useful for both multi-slice and volumetric analyses [31, 103, 218]. This
method utilizes a band-pass filter set to the heart rate and a Gaussian smoothing filter with
a sigma value of 5, focusing on minimizing distractions from other temporal frequencies
and ensuring targeted visualization of cardiac-induced brain movements. Our hypothesis in
this study was that, due to the excess fluid in the brain, patients with NPH might expe-
rience restricted brain motion before surgery. After the shunt is placed, we hypothesized
that the brain’s displacement, particularly in specific regions, would increase, potentially
offering insights into the success of the surgery. To investigate this, we used aMRI to
measure brain displacement and motion before and after the surgery. This method allowed

us to calculate the displacement of different brain regions across time during a cardiac cycle.

5.2 DMethods

In this study, we adhered to HIPAA and IRB guidelines and institutional protocols to
ethically recruit and scan Eight adults (5F, mean 75.6 years) were consented per IRB proto-
cols and scanned up to 1 week before (n=8), and 3 months after (n=6) clinically indicated
shunt surgery. Each participant provided informed consent prior to participation. We con-
ducted imaging sessions both before and after the neurosurgical intervention, which involved
the placement of a ventriculoperitoneal shunt. Pre-operative imaging was completed for all
four participants, while post-operative imaging was successfully conducted for two of these

individuals.

5.2.1 Human Subjects

In this study, we recruited eight subjects, all of whom underwent MRI scans both before
and after surgical intervention. To maintain the integrity of a double-blind study, the sub-
jects were initially classified as NPH patients. This blinding was essential to ensure unbiased
analysis and to prevent any preconceptions from influencing the evaluators’ interpretations
of the imaging data. Pre- and post-operative scans were provided to the analysts without
disclosure of the subjects’ temporal status, reinforcing the reliability of the comparative
assessments. All imaging sessions were conducted using a 3 Tesla Philips Elition X MRI

system, ensuring high-resolution images for detailed analysis.



60

5.2.2  Imaging Protocols

In this study, we employed cardiac-gated whole-brain cine bSSFP MRI using a high-
performance 3 Tesla Philips Elition X system (Best, Netherlands) to acquire detailed 3D
volumetric data of the brain’s intrinsic motion. The imaging sequence was synchronized with
the subject’s cardiac rhythm via a pulse oximeter, ensuring precise alignment of the MRI
data with the heartbeat. Imaging parameters included an acquisition matrix of 240 x 173, a
flip angle of 26°, a field of view of 240 x 240 x 176 mm?, and a pixel bandwidth of £990 kHz.
Temporal resolution ranged from 40 to 60 ms, depending on the subject’s heart rate, and
data acquisition covered 80 slices with a spatial resolution of 1 x 1 x 1.25 mm3. Repetition
time (TR) and echo time (TE) were set at 4.5 ms and 2.2 ms, respectively. Retrospective
cardiac gating was performed using a pulse pressure unit (PPU) with a compression sensing
(CS) factor of 3, capturing data over three cardiac cycles, each with 30 heart phases.
This sophisticated imaging protocol provided a comprehensive evaluation of the brain’s
mechanical behavior throughout the cardiac cycle, offering critical insights into neurological
conditions and aiding the assessment of therapeutic interventions. All MRI acquisitions
and data analyses were conducted blinded to the clinical and shunt status. Routine clinical
evaluations of NPH, including timed gait tests, were performed both before and three months

after shunt surgery.

5.2.8 3D aMRI Analysis of NPH in vivo Data

We analyzed displacement in all brain regions by measuring the displacement at each
voxel over time, and then calculated the maximum displacement magnitude in three direc-
tions. For each region, we also extracted masks for the whole brain and specific substructures
to compare the displacement magnitudes before and after surgery.
To ensure the reliability of our comparisons, we performed several types of analyses. First,
we calculated the mean of the maximum displacement values, followed by the maximum of
the maximum displacements. Additionally, we applied z-score normalization to standardize
the data and ensure that the distribution of displacement magnitudes was approximately
normal. To further reduce the impact of outliers, we performed an interquartile range (IQR)

analysis. This step allowed us to remove extreme values and ensure that the displacement



61

data reflected the true distribution of the underlying measurements.

Once we had processed the data, we compared the pre- and post-surgery displacement pat-
terns across all regions to determine whether any specific patterns of brain motion could be
identified. Since this was a blind study, meaning the research team did not know whether
each patient had undergone successful treatment, the analyses were conducted without prior
knowledge of the outcomes. This allowed for an unbiased comparison of brain motion before
and after surgery, helping to reveal any significant changes that might serve as indicators
of surgical success. By identifying changes in brain displacement patterns, we hope to gain
a better understanding of which factors contribute most to the success of shunt surgery in
NPH patients. For all in vivo analyses, the 3D cine MRI data were amplified using an ampli-
fication factor & = 8 and a frequency band f within the range [0, 4] Hz. This amplification
factor was selected based on phantom simulations, which demonstrated a linear correlation
between the amplified displacement and o when a was within [0, 10]. Both in vivo and
phantom data remained free of artifacts within these settings. The frequency band was
chosen based on observed peak displacements occurring within this range, corroborating
previous studies that noted significant brain displacement within these frequencies. This
frequency band correlates closely with the resting heart rate, typically around 1-2 Hz, and
the dynamics of CSF circulation, which also falls within this selected frequency band.

For the processing and analysis of the acquired MRI data, we developed specialized scripts
using MATLAB (versions R 2024a and R 2023a). These scripts were specifically designed
to handle the large datasets typical of dynamic cine MRI, enabling the extraction and am-
plification of subtle physiological movements within the brain’s structure. This in-house
software facilitated a detailed examination of the biomechanical properties of brain tissue,
essential for assessing the efficacy of ventriculoperitoneal shunting in our study participants.

The in vivo analysis was conducted in three distinct phases:

1. Imitially, 3D aMRI technique was applied to the 3D cine MRI data to assess and
compare the image quality of the amplified results. For the 3D aMRI algorithm, the
entire brain volume from the 3D cine MRI was amplified, and the temporal SNR map

for the mid-sagittal slice was generated. For baseline 2D aMRI analysis, sagittal slices
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from the 3D cine MRI data were individually amplified in two dimensions, and the

temporal SNR for the mid-sagittal slice was subsequently calculated.

2. An image registration algorithm based on the Demons algorithm was then imple-
mented on the amplified data to quantify the overall 3D brain displacements in sub-

jects.

This analysis builds upon earlier validations conducted by our team, which included exten-
sive testing using phantom models and assessments with healthy human subjects in prior
studies.

In this study, the 3D cine MRI data from participants were processed using the 3D aMRI
algorithm. Consistent with previous protocols, we set the amplification factor («) to 8 and
selected a frequency band from 0 to 4 Hz (see Section 5.1.4). Following amplification, we
applied the Demons registration algorithm to quantify the 3D brain displacements of these
individuals. We specifically focused on analyzing the displacement in ten critical brain
regions: CC and its upper and lower intersections with the ventricle, brainstem, pons, cere-
bellum, central sulcus, precentral gyrus, postcentral gyrus, cerebral cortex, frontal gyrus,
and the entire brain. These regions were selected based on prior research suggesting poten-
tial volume changes in NPH patients [219].

To accurately measure displacements in these regions, we utilized a semi-automated brain
segmentation approach. Initially, T1-weighted MRIs of each subject were processed us-
ing FreeSurfer to extract the masks. For patients where the generated masks were inade-
quate—mnearly all cases—manual segmentation was performed for each subject. These masks
were subsequently refined manually to ensure greater precision.

Subsequently, an automatic intensity-based image registration method was employed in
MATLAB (MathWorks, Natick, MA, version R2020b) to align the T1-weighted MRI of
each participant with their corresponding 3D cine MRI data. The transformation matrix
derived from this registration was applied to the masks, adapting them for use with the 3D
cine MRI data. Each mask underwent manual inspection to verify its accuracy within the 3D

cine MRI context. Finally, the anterior-posterior (AP), superior-inferior (SI), medial-lateral
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(ML), and magnitude of displacement for these four brain structures were computed. To

calculate the displacement magnitude |U(z,y, z,t)|, we employed the following formulation:

|U($7ya Zat)| = \/UAP($7ya th)z + USI(xaya th)z + UML($7ya Zat)Q (55)

where Uap(z,vy, 2,t), Usi(z,y, z,t), and Uy (x,y, z,t) represent the anterior-posterior
(AP), superior-inferior (SI), and medial-lateral (ML) displacements of the regions of inter-
est, respectively.
Then, multiple preliminary analyses were performed on the MRI data, which included tech-
niques such as IQR filtering, Min-Max normalization, and Z-score normalization. These
methods were applied to effectively quantify brain displacement and deformation, thereby
preparing the data for subsequent analysis stages. These methodologies and their implica-

tions will be briefly elaborated on in the following sections.

5.2.4 Interquartile Range Filtering

We also looked at other critical regions such as the pons and cerebellum. Here, we
extracted the maximum displacement magnitude for all pixels within these regions. To en-
sure accuracy and reduce the impact of outliers, we applied an IQR analysis. This method

helped us remove the highest and lowest values, focusing on the most consistent data.

5.2.5 MinMax Normalization

We did Min-Max normalization scales the data between the observed minimum (Upiy)
and maximum (Upax) values. Min-Max normalization is a data preprocessing technique
that scales individual feature values to a specified range, typically between 0 and 1. This is
achieved by subtracting the minimum value of the feature from each data point and then
dividing by the range (the difference between the maximum and minimum values) using
Eq.5.6. While we performed this analysis, it became clear that using normalized values is
not an effective method for comparing images pre- and post-surgery for the same patient, as
it obscures the actual changes in displacement that occurred. It is essential to know the real
increase or decrease in measurements rather than relying solely on normalized values. After

unblinding this study, normalized values may still be useful for comparisons among differ-
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ent regions across all cases pre- and post-surgery, especially for analyses aimed at defining
changes within a subject. For example, if researchers want to assess the maximum displace-
ment of the CC in relation to the whole brain pre-surgery and compare it to the maximum
displacement of the CC post-surgery, the results of this normalization can provide valuable
insights.

(U — Unin)

Unorm = (U — Unin) (5.6)

5.2.6 Z-Score Normalization

In my analysis, we employed Z-score normalization, also referred to as standard score
normalization. This statistical technique was crucial for standardizing the data by recalcu-
lating each value to express its deviation from the mean in terms of standard deviations. The
procedure began by determining the mean (1) and standard deviation (o) of the dataset.

Subsequently, We adjusted each data point z; to its normalized value z; using the formula:

i) (5.7)

o
where g is the mean of the dataset, and o is the standard deviation. This transformation
standardized the dataset to a mean of 0 and a standard deviation of 1, facilitating a uniform
scale across different units or scales. This normalization not only helps in standardizing the
data but also enables me to identify potential outliers, as any significant deviations from
the mean will be evident in the normalized scores. The zero mean of the Z-scores suggests
that the values we are averaging are either very close to each other, or there is a balanced
distribution of positive and negative values, effectively neutralizing each other. This insight
is crucial for confirming the homogeneity or identifying anomalies within the dataset.
5.2.7 Displacement Magnitude of the Amplified Data

After using FreeSurfer to extract masks (see Section 5.2.3), we noticed that the software
did not capture the entire mask of the region. Because of this, we had to individually check
each slice and manually extract the masks. After completing these preprocessing steps, we
were able to extract the masks for the regions of interest and additional areas suggested by

the neurosurgeon.
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5.2.7.1 Displacement Magnitude in the Regions of Interest

For further analysis, we selected multiple regions, including the whole brain. These regions
were chosen based on recommendations from neurosurgeons as well as findings from previ-
ous studies. Prior research has highlighted changes in ventricular volume following shunt
placement, identifying potential areas for displacement analysis in pre- and post-shunt surg-
eries [219]. The regions of interest included the upper and lower intersections of the CC and
ventricle, brainstem, pons, cerebellum, central sulcus, precentral gyrus, postcentral gyrus,

cerebral cortex, frontal gyrus, and the entire brain.

5.2.7.2  Mazimum Displacement Magnitude in the Mid-Sagittal Slice

As explained in Section 5.2.3, we initially extracted the maximum displacement magnitude
of all voxels within the regions of interest across the cardiac cycle, as we defined in Eq. 5.5.
Following this, we focused on the mid-sagittal slice, as it was recommended by the neurosur-
geon for providing clearer insights. For this slice, we reported the maximum displacement
magnitude. It is important to note that all these values were obtained after applying IQR

analysis to ensure the accuracy and consistency of the results.

5.2.7.8 Mean Mazimum Displacement Magnitude for the 10% of Slices Adjacent to the
Mid-Sagittal Slice

Since the mid-sagittal slice may vary slightly between patients, relying solely on this slice
could lead to inconsistent assessments of displacement. To address this, we included 10%
of the slices adjacent to the mid-sagittal slice in the sagittal plane. For each slice in this
selection, we identified the maximum displacement value and then calculated the mean of
these maximum values across all slices. This approach provides a more robust and accurate
determination of displacement.
5.2.8  Ewvaluation of Surgical Outcomes in NPH Patients Using ROC Curve and Correlation
Analysis
In assessing the effectiveness of surgical interventions for patients with NPH, Receiver

Operating Characteristic (ROC) curve analysis was utilized to measure the discriminative



66

power of clinical and aMRI-derived metrics. The Area Under the Curve (AUC) was specif-
ically computed to evaluate the ability of these metrics to differentiate between improved
and unimproved patient outcomes post-surgery. The ROC analysis incorporated both clin-
ical outcomes and aMRI measurements from the frontal gyrus and whole brain across the
mid-sagittal slice and adjacent slices. Additionally, Spearman’s rank correlation was applied
to ascertain the statistical significance of the findings, helping to confirm the reliability and
importance of the results in predicting surgical benefits.
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Figure 5.2: Maximum displacement of brain regions pre- and post shunt surgeries in subjects 2 and 3

5.3 Results
5.8.1 Displacement and In Vivo Motion Changes of NPH Patients Pre- and Post-Shunt
Surgery
The initial hypothesis aimed to identify changes in brain displacement or specific sub-
regions following shunt surgery. In some cases, increased displacement was observed in the
upper section of the CC and ventricles, although this pattern was not consistent across sub-
jects. In the majority of cases, the brainstem exhibited greater displacement post-surgery.

However, as this was a blinded study, these observations could not definitively confirm or
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refute the hypothesis. In patients 2 and 3 we saw slightly increase in the entire brain’s dis-
placement (Fig. 5.2). Notably, in patients 4 and 5 (Fig. 5.3, the displacement maps clearly
revealed reduced displacement, even upon initial inspection. Conversely, patient 8 demon-
strated a marked increase in displacement in the brainstem region following surgery, aligning
partially with the initial hypothesis. In patients 6 and 8, there was not a significant change
in the displacement pattern pre- and post-surgery (Fig. 5.4). These findings highlight the
variability in displacement patterns and underscore the need for further investigation to

interpret these changes in the context of clinical outcomes.
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Figure 5.3: Maximum displacement of brain regions pre- and post shunt surgeries in subjects 4 and 5

5.3.2  Results of the Mazimum Displacement Magnitude in the Mid-Sagittal Slice
The data in table 5.1 presents both increases and decreases in displacement magnitudes
across different brain regions for each patient, represented by color gradients from red

(indicating significant decreases) to green (indicating increases). The results are visualized

in 2D (Fig. 5.5) and 3D (Fig. 5.6).
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Figure 5.4: Maximum displacement of brain regions pre- and post shunt surgeries in subjects 6 and 8

5.3.2.1 Patient-Specific Trends

In subject NPH-2, significant reductions in displacement magnitude were observed in the
upper and lower intersections of the CC, central sulcus, postcentral gyrus, and cortex (-
5%, -39%, -45%, -34%, and -28% respectively). However, notable increases were present in
regions such as the brainstem (32%), pons (33%). cerebellum (37%), and whole brain (25%)
indicating differential regional responses to the shunt surgery. Subject NPH-3 displayed
generally mild changes, with a maximum decrease of -35% in the lower CC intersection
and slight increases in the pons (4%). The displacement changes here were less pronounced
overall, suggesting a more stable or less variable response to treatment. Subject NPH-4
exhibited the most substantial negative shifts, with extreme reductions in regions like the
upper CC intersection (-151%), cerebellum (-60%), and precentral gyrus (-114%). These
huge decreases might suggest potential complications or a significant alteration in brain
biomechanics post-surgery which also might be relevant to the blind nature of the study. In

subject NPH-5 consistently large decreases were observed across almost all regions, with the
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Table 5.1: Percentage change in maximum displacement magnitude pre- and post-shunt

surgery across various regions for different patients, focusing on the mid-slice in the sagittal

plane
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37% -45% 6% -34%  -28% -11%  25%
-4% -26% 5%  -8% 11%
-107%  -70% -83% 1%
-67% -53% -85%
1%

NPH-2 -75% -39% 32%  33%
NPH-3 -23% -35% -1% 4% -1% -19%
NPH-4 -151%  -24% 1% -45%  -60%  -151% -114%
-80% -96% -710%  -67% -133% -83%  -105% -40%
6% 1% -12% -15%  -17T%  23% 13% 10% 0%
4%  35%  11%  19% 4% 6% 6% -1%

NPH-5
NPH-6 -29%
NPH-8 11% 32% 21%

cerebellum experiencing the highest reduction at -133%. The widespread nature of these
reductions suggests a considerable shift in brain dynamics following the surgical intervention.
Subject NPH-6 showed a mixed pattern, with moderate decreases in areas like the pons (-
12%), cerebellum (-15%), central sulcus (-17%) but a notable increase in the precentral
gyrus (23%). The combination of positive and negative changes may indicate a varied
mechanical response throughout the brain. Subject NPH-8 showed a positive trend across
most regions, with significant increases in the cerebellum (35%) and brainstem (32%). The

overall increase in displacement suggests a potentially favorable biomechanical outcome

from the shunt surgery.

5.8.2.2  Regional Observations

CC Intersections: Most patients, particularly NPH-4 and NPH-5, experienced substantial

decreases in displacement magnitudes, implying that the CC region is heavily affected by

the shunt surgery.
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Figure 5.5: Percentage change in maximum displacement magnitude pre- and post-shunt surgery visualized
using a 2D heatmap across various regions for different patients, focusing on the mid-slice in the sagittal

plane.

Brainstem and Pons: Changes in these areas were less consistent, with some patients like
NPH-8 showing considerable increases, while others, such as NPH-4 and NPH-5, displayed
decreases. This variability might reflect differences in how cerebrospinal fluid dynamics
influence brainstem regions.

Cerebellum: The cerebellum frequently showed large percentage changes, either positive or
negative, across the patient cohort. The most extreme reductions were seen in NPH-4 and
NPH-5, while NPH-8 showed notable increases.

Precentral and Postcentral Gyri: These regions displayed significant variability, with NPH-
4 and NPH-5 exhibiting large decreases, whereas NPH-6 and NPH-8 had increases. This
variability could reflect differences in cortical tissue responses post-surgery.

The results from different regions and across various patients demonstrate a highly indi-

vidualized biomechanical response, which may be associated with shunt surgery in NPH



71

Figure 5.6: Percentage change in maximum displacement magnitude pre- and post-shunt surgery visualized
using a 3D heatmap across various regions for different patients, focusing on the mid-slice in the sagittal
plane. The height of the bars represents the magnitude of the change difference, while the color intensity

indicates the significance or degree of these changes.

patients. However, given the blind nature of this study, there remains uncertainty about
whether the presented cases represent true pre- and post-shunt conditions or if the shunt
was activated in all instances. The observed variability in displacement magnitudes empha-
sized the need for region-specific analysis to better understand these changes.

Moreover, certain regions, such as the corpus callosum and cerebellum, seem more sensi-
tive to these potential interventions, while others, like the pons and cortex, show greater

variability. These findings point to the complex nature of brain biomechanics in NPH, high-
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Table 5.2: Percentage change in maximum displacement magnitude pre- and post-shunt

surgery across various regions for different patients, focusing on the mean of the maximum

values from 10% of the slices adjacent to the mid-slice in the sagittal plane.
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NPH-3 -20% -33% 3% 4% -5% -T% 1% -15% 8% -15% 1%
NPH-4 -125% -39% -10%  -21%  -76%  -166%  -134%  -121%  -76%  -92%  -28%
NPH-5 -86% -108%  -55% -57% -142%  -70%  -92% -48% -56% -52%  -105%
NPH-6 -3% 8% A% -T% 6% 14% 19% 19% 13% 4% 1%
NPH-8 -22% 15% 12% 12%  26% -2% -1% -20% 3% 0% -3%

lighting the importance of personalized assessment approaches. Further, a more detailed

statistical analysis, coupled with verification of clinical parameters and outcomes, could

provide a clearer understanding of these biomechanical alterations.

5.3.3 Results of the Mean Mazximum Displacement Magnitude for the 10% of Slices Adja-

cent to the Mid-Sagittal Slice

The results presented in table 5.2, and Fig. 5.7 and Fig. 5.8 summarize the percentage

change in maximum displacement magnitude across various brain regions for different NPH

patients. These results were calculated based on the mean of the maximum values from

10% of slices adjacent to the mid-sagittal slice, a method chosen to mitigate errors from

inconsistencies in identifying the exact mid-slice across different patients. This approach

provides a more reliable and consistent assessment of regional changes in brain displacement.
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5.8.3.1 Patient-Specific Trends

Subject NPH-2 showed moderate displacement changes, with regions like the brainstem,
pons, and cerebellum displaying increases (32%, 33%, and 33%, respectively), while areas
such as the CC upper and lower intersections, central sulcus, and postcentral gyrus demon-
strated significant negative changes (-10%, -38%, -12%, and -21% respectively). These
findings suggest a mixed biomechanical response, with some areas potentially recovering or
stabilizing post-surgery, while others exhibit considerable decreases. The trends for patient
NPH-3 indicated relatively stable changes, with minimal positive and negative shifts. Re-
gions like the brainstem and pons have negligible changes (3% and 4%, respectively), while
the CC upper and lower intersection, cerebellum, postcentral gyrus and frontal gyrus show
more notable decreases (-20%, -33%, -5%, -15% and -15%). This patient’s data may reflect a
more uniform biomechanical response with fewer extreme variations. Patient NPH-4 stood
out for exhibiting the most pronounced negative changes across nearly all regions, with
extreme reductions in the cerebellum (-165%), precentral gyrus (-134%), CC upper inter-
section (-125%), postcentral gyrus (-121%), frontal gyrus (-92%), and cortex (-76%). These
substantial decreases may suggest severe alterations or potential complications post-surgery,
warranting further investigation. Similar to NPH-4, patient NPH-5 also showed significant
negative changes, in all regions including cerebellum (-142%), the CC lower intersection
(-108%), whole brain (-105%), precentral gyrus (-92%), CC upper intersection (-86%), cen-
tral sulcus (-70%) and pons, brainstem, cortex, frontal gyrus, and postcentral gyrus (-57%,
-55%, -56%, -52%, and -48% respectively). The consistent downward trends across multiple
regions highlight a more uniform decline in displacement magnitudes. The displacement
changes for patient NPH-6 were more moderate, with small positive shifts observed in re-
gions like the brainstem (8%), cortex (13%), central sulcus (14%), precentral gyrus (19%),
and postcentral gyrus (19%). The relatively balanced nature of these changes may indicate
a more stable biomechanical state post-surgery. Patient NPH-8 displayed mixed results,
with increases in the cerebellum (26%), CC lower intersection (15%), brainstem (12%), and
pons (12%), and slight decreases in regions like the cortex (-2%) and CC upper intersection

(-22%). These variations suggested a differential biomechanical response depending on the
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region.
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Figure 5.7: Percentage change in maximum displacement magnitude pre- and post-shunt surgery visualized
using a 2D heatmap across various regions for different patients, focusing on the mean of the maximum values

from 10% of the slices adjacent to the mid-slice in the sagittal plane.

5.8.3.2  Regional Observations

CC Intersections: Both the top and bottom CC intersections consistently show negative
changes across most patients, with extreme reductions noted in NPH-4 and NPH-5. This
trend indicates that the CC may be highly sensitive to shunt surgery or fluid dynamics
alterations.

Brainstem and Pons: These regions generally display moderate increases or stable values,
with NPH-2 and NPH-6 showing positive displacement changes. This suggests a potential
recovery or normalization of movement in these areas for some patients.

Cerebellum: The cerebellum exhibits the most dramatic variations, with significant nega-
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Figure 5.8: The percentage change in maximum displacement magnitude pre- and post-shunt surgery
visualized using a 3D heatmap across various regions for different patients, focusing on the mean of the
maximum values from 10% of the slices adjacent to the mid-slice in the sagittal plane. The height of the

bars represents the magnitude of the change difference, while the color intensity indicates the significance or

degree of these changes.

tive changes for NPH-4 and NPH-5, contrasting with positive shifts for NPH-2 and NPH-8.
This variability underscores the cerebellum’s complex response to shunt surgery.
Central Sulcus and Precentral Gyrus: These regions show more stable or positive trends,

with notable increases in NPH-6 and NPH-8. These areas may be less affected by surgery

or may reflect compensatory biomechanical changes.
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Table 5.3: AUC and p-values for aMRI Metrics: This table shows the AUC and p-value for the
percentage differences in maximum displacement magnitudes of the frontal gyrus and whole brain,
identified as key indicators in both the mid-sagittal slice and 10% of the slices adjacent to the mid-
sagittal slice. The percentage difference of the whole brain in the Mid-Sagittal slice exhibits the

highest AUC, with a p-value that indicates a statistically significant difference.

aMRI Metric AUC p-value
Percentage difference
0.5 0.54
in Frontal Gyrus
Mid-Sagittal Slice Percentage difference . 0.01

in Whole Brain

Percentage difference
Multiple Slices 0.75 0.62

in Frontal Gyrus

adjacent to the

Percentage difference
Mid-Sagittal Slice 0.94 0.17

in Whole Brain

5.8.4 Analysis of Key Indicator Factors for Predicting Surgical Qutcomes: Clinician’s In-
sights and ROC Correlation

In a fully blinded way, three out of five subjects had their shunts deliberately set to the
"off” position for the first three months following ventriculoperitoneal shunt (VPS) place-
ment as part of a randomized clinical trial. All data analyses were conducted by analysts
who were blinded to the shunt status. These three subjects exhibited impaired ventricular
displacement on aMRI scans obtained three months post-VPS, corresponding with clinical
metrics indicative of NPH. After the shunts were activated, all three subjects showed im-
provement in clinical measures of NPH at six months post-surgery, reflecting the impact of
the shunt activation.
As shown in Table 5.3, the percentage difference in the whole brain for the mid-sagittal
slice showed the highest AUC value with a statistically significant p-value of 0.01. Addi-
tional analyses demonstrated that the percentage difference in the whole brain across slices
adjacent to the mid-sagittal slice had the second-highest AUC, though this result did not

reach statistical significance.
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Two subjects, NPH-1 and NPH-7, could not safely return for their post-shunt MRI scans
due to complex medical conditions, leaving six subjects available for displacement analy-
sis. Figure 1 visualizes displacement magnitude variations across brain regions for these six
subjects. These variations are depicted across multiple slices, including and adjacent to the
mid-sagittal slice, with a color gradient indicating the extent of changes—red for significant
decreases and green for increases. Negative displacement changes were most notable at the
upper and lower intersections of the corpus callosum, particularly in NPH-4 and NPH-5.
These analyses compared findings from aMRI with clinical notes provided by physicians and
data obtained from objective clinical metrics (Table 5.3). Among the evaluated param-
eters, the percentage difference in maximal whole-brain displacement at the mid-sagittal
slice demonstrated the highest discriminative power, reflected by a statistically significant
AUC value (p = 0.01). This result underscores the potential of aMRI-derived displacement
measures as reliable indicators of shunt efficacy, with increased whole-brain displacement
serving as a marker of improved post-surgical functionality.

These findings highlight the capability of aMRI metrics to act as valuable non-invasive
indicators of successful shunt surgery, offering an objective means to evaluate surgical out-
comes. By providing insights into VPS functionality, aMRI measures have the potential to
enhance patient management strategies, allowing for more effective clinical decision-making

to optimize outcomes for individuals undergoing shunt placement.

5.3.5 Further Analysis: Extracting Motion Data that Represents the Physiological Dynam-
ics of the Brain

Previous studies have demonstrated the effectiveness of Proper Orthogonal Decompo-
sition (POD) analysis for assessing brain motion patterns, as seen in work by Abderezaei
et al. [1, 103]. Given that 3D aMRI captures and enhances brain motion in three direc-
tions, we hypothesized that applying POD analysis to 3D aMRI displacement fields would
reveal more comprehensive motion data, reflecting physiological dynamics and directional
coupling more accurately than 2D aMRI. In a similar approach, we used modal analysis
to examine the brain’s intrinsic motion in response to cardiac pulsatility. Modal decompo-

sition, frequently applied in structural dynamics for dynamic characterization and model



78

order reduction, has also been used to investigate brain dynamics following head impacts.
To test this, we applied POD to the displacement fields from 3D aMRI. We extracted the
primary modeshapes, v1 3p(z,y, 2) and v 2p(x,y), and calculated the energy contributions
from these modeshapes. We applied this technique to characterize the brain’s response to
heartbeat-induced motion, isolating distinct patterns of motion and deformation. Through
this method, we extracted key motion modes, enabling a reduction in data complexity while

retaining critical insights into brain motion.
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Figure 5.9: 1st modeshape of 3D amplified cine MRI for an NPH patient before and after shunt surgery. (A)
1st modeshape of 3D amplified cine MRI pre-shunt, with CC included. (B) 1st modeshape of 3D amplified
cine MRI pre-shunt, with CC excluded. (C) 1st modeshape of 3D amplified cine MRI post-shunt, with CC
included. (D) 1st modeshape of 3D amplified cine MRI post-shunt, with CC excluded.

Applying POD analysis on this dataset, including NPH patients, can help establish more



79

precise metrics for assessing shunt intervention success. This analysis was conducted on all
available datasets at the time of writing; however, since the study remains in a blind state,
we were unable to identify clear patterns or major takeaways from these results. The POD
quiver plots are presented in Fig. 5.9. Our primary hypothesis for a successful surgery is that
the quiver plots would resemble those of a healthy patient. However, this hypothesis requires
further validation, and a more rigorous quantification of these quiver plots is recommended
for future studies to determine their effectiveness as a reliable metric.
There were several
5.4 Discussion

In this pilot study, we explored the applicability of aMR as a marker of pulsatile ICP and
ICC in the assessment of NPH, prior to and after VP shunt placement, and have demon-
strated that obtaining MRIs in this patient population is feasible. In this part of the project,
which primarily aimed to demonstrate the feasibility of MR imaging within this specific pa-
tient population, key aMRI metrics were identified that appear to correlate with functional
VPS status. Notably, these metrics proved valuable in distinguishing shunts that were ef-
fectively in a virtual “off” position, thereby providing insights into the shunt’s functional
status post-surgery. Among the metrics evaluated, the percentage difference in maximal
whole-brain displacement at the mid-sagittal slice showed the highest discriminative power,
reflected by an Area Under the Curve (AUC) value that was statistically significant (p =
0.01). This finding highlights the potential of aMRI-derived displacement measures in as-
sessing shunt efficacy, suggesting that increased whole-brain displacement may serve as an
indicator of improved post-surgical functionality. Such insights offer promise for using aMRI
as a non-invasive tool for monitoring VPS status in real time, helping to refine patient man-
agement and optimize clinical outcomes. Further studies with larger patient cohorts would
be beneficial to validate these preliminary findings and potentially establish standardized
aMRI metrics that could routinely assess shunt functionality in NPH patients. Future work
will involve validation using advanced processing and computational fluid dynamics. During
this part of my thesis, we faced several challenges and limitations. First, two participants
were unable to safely undergo their post-shunt MR scans due to medical complications,

likely impacting our ability to capture full longitudinal data for these cases. This highlights
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a broader difficulty in performing follow-up imaging with neurodegenerative and medically
vulnerable patient populations, where health conditions can prevent scheduled imaging ses-
sions. Additionally, following shunt placement, several technical issues became apparent.
The introduction of imaging artifacts and the often atypical morphology of the brain in
these patients impeded the software’s capability to automatically generate accurate masks
for the brain and its subregions. So, masks had to be manually created, a labor-intensive
and time-consuming process. This manual adjustment was critical to ensure accurate data
for analysis but added significant effort to the workflow, underscoring the need for enhanced
imaging techniques and software capable of accommodating such post-surgical alterations.
5.5 Conclusion

In this aim, we analyzed aMR images of NPH patients pre- and post-shunt surgery to
identify indicators of surgical success and shunt activation status. Displacement was mea-
sured across brain regions by calculating the maximum displacement magnitude in three
directions for each voxel over time. Masks for the whole brain and specific substructures
were also extracted to compare displacement before and after surgery. Regions of interest,
selected based on neurosurgeon input and prior studies, included areas like the corpus cal-
losum, brainstem, pons, cerebellum, central sulcus, and frontal gyrus, with displacement
calculated on the mid-sagittal slice and adjacent slices. This pilot study showed that key
aMRI metrics correlated with functional VP shunt status, distinguishing shunts effectively
in a virtual “off” position, with maximal whole-brain displacement showing the highest dis-
criminative power (AUC, p = 0.01). These results support the potential of aMRI-derived
displacement as a non-invasive tool for monitoring VPS efficacy in real-time. This work
presented challenges, including two patients unable to complete post-shunt MR scans and
imaging artifacts following surgery, which required time-consuming manual mask adjust-
ments. Future work will validate these findings with larger patient cohorts and advanced
computational techniques, like computational fluid dynamics, to refine aMRI metrics for
assessing shunt functionality in NPH patients. We explored the applicability of aMR as a
marker of pulsatile ICP and ICC in the assessment of NPH, prior to and after VP shunt
placement, and have demonstrated that obtaining MRIs in this patient population is feasi-

ble. Future work will involve validation using advanced processing and computational fluid
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dynamics. The findings discussed in this chapter have been previously published in several

papers, including references [32, 220].
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Chapter 6

TO IDENTIFY KEY BIOMARKERS AND SUBSTRUCTURAL MRI
MORPHOMETRIC FEATURES FOR PREDICTING
NEUROPSYCHOLOGICAL OUTCOMES IN CTE USING MACHINE
LEARNING

6.1 Introduction

mTBI, also known as mild traumatic brain injury or concussion, is a prevalent condition
with significant short- and long-term implications. When mTBI occurs repeatedly, referred
to as repeated mTBI (RmTBI), it can result in cumulative and chronic neurological ab-
normalities which is particularly common among individuals engaged in contact sports like
football, boxing, or ice hockey, as well as military veterans who have experienced multiple
TBIs. Accurate assessment of mTBI severity and analysis of correlated factors, including
biomarkers, are crucial for appropriate management and treatment decisions. Furthermore,
repetitive head injuries, such as concussions or blows to the head, are closely associated with
the development of a neurodegenerative condition called CTE. The hallmark of CTE is the
accumulation of an abnormal protein called tau in the brain. Tau protein forms clumps or
tangles, which disrupt normal brain function and result in the degeneration of brain tissue
over an extended period. CTE is a neurodegenerative disease that, due to its inability to be
diagnosed during a patient’s lifetime, presents a significant challenge in both research and
clinical settings. Identifying factors that may contribute to the presence of CTE during a
patient’s life is therefore of paramount importance. This portion of my PhD project focuses

on addressing this challenge.

With recent advancements in ML algorithms, there is growing interest in leveraging these
techniques to enhance the analysis of medical images [105] and improve the assessment of
neurodegenrative conditions [109—-113]. Deep learning algorithms, have transformed various
fields by autonomously learning intricate patterns and features from extensive datasets. By

analyzing diverse MRI features, these algorithms produce quantitative metrics that corre-
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late with injury, offering an objective and consistent approach. These algorithms provide
an objective and quantitative approach [108] to evaluate medical images and by analyzing
a wide range of MRI features, these algorithms can generate quantitative metrics that cor-
relate with injury, enabling more accurate and consistent assessments [105]. In the context
of MRI analysis for mTBI, deep learning algorithms can be trained to extract meaningful
information from MRI scans and aid in the identification of injury-related patterns.
Researchers have investigated different MRI-derived features to distinguish between nor-
mal brains and those affected by mTBI. These features encompass volumetric measurements
of brain structures [114], texture analysis [115, 116], diffusion parameters for assessing white
matter integrity [117], functional connectivity analysis to examine disruptions in brain net-
works, and the utilization of deep learning models to automatically extract relevant features.
Ongoing research endeavors to refine these approaches, enhancing their accuracy, clinical
utility, and ultimately improving mTBI diagnosis and patient management.
In this study, we utilized data from the DIAGNOSE CTE Research Project to predict se-
lected neuropsychiatric and neurocognitive metrics using two categories of blood biomarkers,
three categories of CSF biomarkers, and MRI morphometrics. By integrating these diverse
data modalities, ML approaches enabled the prediction of neurocognitive and neuropsychi-
atric outcomes. These methods provided an objective framework for analyzing injury-related
changes and contributed to the development of diagnostic and therapeutic strategies tai-
lored to individual needs. Building upon prior research, this study leveraged ML models to
evaluate the predictive potential of multimodal datasets from the DIAGNOSE CTE project,
aiming to deepen the understanding of mT'BI and its progression toward conditions such as
CTE. The detailed characteristics of the features and metrics are outlined in Table A.1 to
A.36, and the following sections provide a concise overview of the study’s methodology and

findings.

6.1.1 Selected Neuropsychiatric Measurements
The neuropsychiatric measures analyzed in this study, listed in table A.1, offer valuable
insights into the emotional, behavioral, and psychological effects associated with CTE and

concussion-related injuries. These metrics assess a range of neuropsychiatric symptoms,
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including impulsivity, depression, anxiety, and overall emotional regulation, offering a com-
prehensive view of how traumatic brain injuries influence mental health and behavior.
Impulsivity and Behavioral Control metrics: The ABIS (Attentional, Motor, and Non-
Planning Impulsiveness Factor Scores) and BIS-11 Total Score assess different dimensions
of impulsivity, including attentional impulsivity (difficulty focusing or maintaining atten-
tion), motor impulsivity (acting without thinking), and non-planning impulsivity (lack of
future-oriented thinking). These scores are particularly relevant in concussion and CTE
studies, as impulsivity is often associated with frontal lobe dysfunction, a common conse-
quence of head injuries. Increased impulsivity can lead to risky behaviors and impaired
decision-making, which are critical factors in understanding the behavioral challenges faced
by individuals with CTE.

Anxiety and Depression metrics: The BAI Total Score (Beck Anxiety Inventory) and BDI-
IT Total Score (Beck Depression Inventory) measure the severity of anxiety and depressive
symptoms, respectively. These metrics are essential in assessing the emotional well-being
of individuals with a history of traumatic brain injuries, as anxiety and depression are fre-
quently reported in patients with CTE and concussions. High scores on these scales can
indicate the need for targeted interventions to improve mental health outcomes in this pop-
ulation.

Hopelessness and Aggression metrics: The BHS Total Score (Beck Hopelessness Scale) eval-
uates feelings of hopelessness, often linked to depression and suicide risk. This measure
is particularly significant in CTE studies, given the elevated suicide rates observed among
individuals with the condition. Similarly, the BDHI Total Score (Buss-Durkee Hostility In-
ventory) assesses aggression and hostility levels, which may reflect irritability and emotional
dysregulation caused by brain trauma.

Behavioral and Neurodevelopmental Challenges metrics: The BGLHA Scores (Childhood,
Adolescence, and Adulthood Total Scores) capture a history of behavioral and emotional
challenges across developmental stages. These measures help identify patterns of behavioral
dysregulation that may predispose individuals to more severe neuropsychiatric symptoms
following head trauma. The CNS-LS Total Score (Center for Neurologic Study-Lability

Scale) specifically evaluates emotional lability, a common symptom in patients with frontal
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lobe or limbic system damage.

Post-Traumatic Stress and Neurobehavioral Dysregulation metrics: The PCL-5 Total Symp-
tom Severity Score (PTSD Checklist) quantifies the severity of post-traumatic stress disorder
(PTSD) symptoms, which are common in individuals exposed to repetitive head trauma or
other traumatic events. The NBD Total Score (Neurobehavioral Dysregulation Score) pro-
vides a comprehensive measure of behavioral and emotional dysregulation, encompassing
impulsivity, aggression, and emotional instability, which are critical in understanding the
neuropsychiatric burden of CTE.

These neuropsychiatric measures are invaluable for assessing the psychological and behav-
ioral impact of repetitive head trauma. In the context of CTE and concussion-related
studies, they help quantify the emotional and behavioral challenges faced by patients, in-
cluding impulsivity, emotional instability, anxiety, and depression. These metrics also pro-
vide insights into the underlying neural disruptions caused by trauma, particularly in areas
associated with emotional regulation, executive functioning, and social behavior. By sys-
tematically evaluating these measures, researchers can identify patterns of neuropsychiatric
dysfunction, track changes over time, and develop targeted interventions to improve the

quality of life for individuals affected by CTE and concussion.

6.1.2 Selected Neurocognitive Measurements

The neurocognitive measures listed in Table A.2 that were considered in this study play
a critical role in understanding the cognitive and behavioral impacts associated with CTE
and concussion-related injuries. These measures are designed to assess a broad range of
cognitive and executive functions, emotional regulation, and behavioral control. Their rel-
evance lies in their ability to provide insights into the functioning of key brain regions and
their connections, which are often affected in individuals with a history of repetitive head
trauma.
The Meta-Cognition Index (MI) and its T-score (tmi) assess an individual’s ability to self-
monitor, plan, and organize their thoughts and actions. These scores are particularly im-
portant in identifying deficits in higher-order cognitive processes, which are often impaired

in individuals with CTE or other traumatic brain injuries. Similarly, the General Execu-
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tive Composite (GEC) and its T-score (tgec) provide a comprehensive measure of executive
functioning, encapsulating abilities such as problem-solving, decision-making, and adaptive
thinking.

The Behavioral Regulation Index (BRI) and its T-score (tbri) evaluate the capacity for
regulating emotions and behaviors in response to external stimuli. Measures like Inhibit
Clinical Scale, Shift Clinical Scale, and Emotional Control Clinical Scale delve deeper into
specific aspects of behavioral regulation, such as impulse control, cognitive flexibility, and
emotional adjustment. These scores are vital in understanding how head injuries disrupt
the neural networks responsible for maintaining appropriate emotional and behavioral re-
sponses.

CTE and concussions are known to affect both the prefrontal cortex and deeper brain
structures involved in executive functioning, emotional regulation, and cognitive process-
ing. Parameters such as Working Memory Clinical Scale, Plan/Organize Clinical Scale, and
Task Monitor Clinical Scale offer detailed insights into the functional impairments resulting
from these injuries. For example, deficits in working memory or planning and organization
often correlate with structural and functional changes observed in neuroimaging studies of
affected individuals.

Additionally, measures like the Organization of Materials Clinical Scale provide information
about an individual’s ability to manage physical and cognitive tasks effectively, which can
reflect broader disruptions in neural coordination. Together, these metrics allow researchers
and clinicians to quantify the extent of neurocognitive dysfunction and track changes over
time, which is crucial for assessing the progression of neurodegenerative conditions like CTE
or recovery from concussions.

These neurocognitive measures are important for understanding the functional consequences
of head injuries. They not only help identify specific areas of impairment but also allow for
the development of targeted interventions and therapies aimed at mitigating the cognitive
and behavioral challenges associated with CTE and concussions. By comparing these met-
rics across different populations or over time, researchers can better elucidate the patterns
of neurocognitive decline and resilience, ultimately advancing our understanding of brain

health in individuals exposed to repetitive head trauma.
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6.1.8 Features: Blood Biomarkers, CSF Biomarkers, MRI Morphometric Measures

A detailed list of blood biomarker, CSF biomarkers, and MRI morphometric features is
presented in Table A.1 to A.34. Below, we highlight a few of the most significant biomark-
ers.
This study investigated a wide range of plasma and CSF biomarkers, offering valuable
insights into the neurodegenerative, inflammatory, and vascular mechanisms underlying
CTE and related traumatic brain injuries (TBIs). Among these, the following biomarkers
demonstrated particular relevance: Amyloid-beta Peptides (Abeta40 and Abetad42): These
peptides, fragments of amyloid precursor protein, are critical for understanding amyloid
pathology. Altered levels of Abeta42, prone to forming plaques, are indicative of neurode-
generative changes linked to CTE and Alzheimer’s discase.
Glial Fibrillary Acidic Protein (GFAP): As a marker of astrocyte activation, GFAP reflects
neuroinflammation and brain injury. Elevated levels provide evidence of ongoing inflamma-
tory responses and brain damage, crucial for assessing CTE progression.
Neurofilament Light Chain (NfL): Released during neuronal damage, NfL serves as a marker
of neurodegeneration. Elevated levels correlate with the severity of neuronal injury, making
it a valuable biomarker for monitoring TBI-related outcomes.
Phosphorylated and Total Tau Proteins: Tau proteins, particularly their phosphorylated
forms (e.g., pT181, pT231), are associated with tauopathies like CTE. These biomarkers
help assess microtubule destabilization and neuronal dysfunction, integral to evaluating
neurodegenerative progression.
Vascular Biomarkers (PDGFRbeta, VEGF, and Qalb): PDGFRbeta levels provide insights
into vascular health and blood-brain barrier (BBB) integrity. Similarly, VEGF-A, VEGF-
C, and VEGF-D contribute to understanding angiogenesis and vascular changes. Qalb, the
CSF /serum albumin ratio, directly measures BBB integrity, with elevated values signaling
barrier dysfunction common in neuroinflammatory diseases.
Cytokines and Inflammatory Markers (e.g., IL-6, IL-17, CRP): Interleukins such as IL-6 and
1L-17 play critical roles in immune modulation and neuroinflammation. C-reactive protein

(CRP), a systemic inflammation marker, helps assess the inflammatory burden relevant to
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CTE pathology.
Alpha-Synuclein (a-syn): This protein, linked to neurodegenerative diseases like Parkin-
son’s, provides insight into synucleinopathy-related neuronal damage. Its plasma levels are
pivotal in exploring CTE and related disorders.
Serum Albumin (s-alb): Changes in serum albumin concentration highlight systemic health
and its interplay with neurological disorders, serving as a baseline health indicator in study-
ing TBI outcomes.
In addition to blood and CSF biomarkers, our analysis also considered MRI morphometric
measures. These measures include the subcortical volumes of various brain regions, volumes
of distinct parts within both the right and left hemispheres, and the cortical thickness of
these areas. Furthermore, the data encompassed the mean curvature of surfaces across both
hemispheres, as well as detailed area measurements in square millimeters for various regions,
including the APARC inferior parietal parcel on both the right and left sides. These MRI
morphometric parameters provide crucial insights into the structural aspects of the brain,
enhancing our understanding of its role in neurodegenerative conditions.
6.2 Methods

Our study involved acquiring both tabular and imaging data from CTE patients par-
ticipated in the Diagnostics, Imaging, and Ge netics Network for the Objective Study and
Evaluation of CTE (DIAGNOSE CTE) Research Project [221], to train a machine learn-
ing model aimed at predicting neurological and motor examinations, neurocognitive assess-
ments, and neuropsychiatric measures. This dataset had previously been used to study CTE,
develop detection methods, and establish diagnostic criteria in American football players
with traumatic brain injuries [221, 222|. Participants for this study were recruited from the
DIAGNOSE CTE Research Project, a comprehensive initiative aimed at understanding the
clinical and biological characteristics of CTE. The cohort consisted of 120 former profes-
sional football players, 60 former college football players, and 60 asymptomatic men serving
as control participants. The inclusion criteria for the former professional football players
required a minimum of 12 years of organized football play, including at least three years at
the college level and three seasons in the National Football League (NFL). Former college

football players were required to have at least six years of organized football play, with a
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minimum of three years at the college level. Control participants were asymptomatic men
with no history of contact or collision sports, military combat, or TBIs. All participants
were male, aged between 45 and 74 years. Further recruitment and enrollment details, in-
cluding eligibility criteria and data collection protocols, have been previously documented
in the DIAGNOSE CTE study protocol (reference). The study protocol was approved by
the Institutional Review Boards of participating institutions, and written informed consent
was obtained from all participants before enrollment.

In this study, we trained a machine learning model capable of using multiple algorithms to
predict these neurological, cognitive, and psychiatric criteria. The model analyzed blood
biomarkers, CSF biomarkers, and structural features extracted from different brain regions,
including volumetric measurements and shape metrics of substructures. By comparing these
features with those from a normal cohort, our objective was to identify and rank the features
and markers most relevant to predicting clinical assessment outcomes (Fig 6.1).

The study on which this work was based was initiated by a collaborative group at Boston
University, in partnership with several other institutions. Our goal was to analyze the com-
prehensive dataset gathered from this study, which includes demographic data, history of
TBIs, various biomarkers, and imaging features for all subjects.

The primary objective was to determine whether these features could be used to predict
neurocognitive, neurobehavioral, or neurological scores across different subject categories.
Additionally, we aimed to identify which factors—such as biomarkers, morphometric charac-
teristics, or imaging features—played a significant role in classifying patients. Through this
analysis, we aimed to gain insights into the key contributors to these scores and investigate
whether specific biomarkers or other factors were particularly predictive of CTE-related
outcomes. This work may help differentiate patients from healthy controls and enhance our
understanding of CTE risk factors and disease progression in the future.

By applying machine learning algorithms and statistical models to the dataset, we aimed
to not only predict specific neurological outcomes but also to pinpoint the most influential
features driving these predictions. The study considered a wide array of variables, including
demographic information, historical data on TBI, blood biomarkers, CSF biomarkers, volu-

metric features, and imaging-derived biomarkers, allowing for a comprehensive examination
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of factors contributing to the onset and progression of CTE.

The ability to accurately predict neurocognitive and neurobehavioral scores across differ-
ent subject groups (former NFL players, college athletes, and healthy controls) could have
revealed critical insights into how repetitive head trauma contributes to long-term neuro-
logical decline. Additionally, this analysis aimed to highlight whether certain biomarkers or
structural brain features, as identified through imaging, serve as reliable indicators of CTE
risk. The ultimate goal was to identify a set of biomarkers or imaging features that could
serve as predictors or classifiers for CTE, with the potential to improve early intervention
strategies and deepen our understanding of how CTE develops in athletes with a history of
repetitive head trauma.

By investigating these factors, this project aimed to address key gaps in the literature re-
garding CTE, particularly in identifying preclinical signs that might be indicative of the
disease. The outcomes of this work had the potential to inform future studies, guiding the
development of diagnostic tools for the early identification of neurodegenerative diseases
like CTE and, possibly, informing treatment options to mitigate the long-term effects of

repetitive brain trauma.
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Figure 6.1: Overview of Aim 4’s process flow for predicting neurocognitive, and neuropsychiatric measures
in CTE patients. The flowchart shows the collection of tabular and imaging data, feature extraction, and
training of a machine learning model on outcomes across neurological, neurocognitive, and neuropsychiatric
domains. Key features include blood and CSF biomarkers, volumetric measurements, and shape metrics
from brain substructures. Comparison with a control cohort supports identifying predictive features most

relevant to these clinical assessments.
6.2.1 Preprocessing of Data
Based on the data dictionary, primary domain, and sub-domains of the available dataset,

and following discussions with the neurosurgeon, we initially included only the total scores
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for factors in neurocognitive and neuropsychiatric assessments. These factors include those
specified in the table, derived from surveys and examinations. In some cases, sub-domain
datasets contained subjects’ individual responses to survey multiple questions, along with
final scores for each questionnaire. In such cases, we excluded individual response features,
retaining only the total scores for a more focused analysis.

The preprocessing of the data involved multiple steps, each of which will be explained

in detail in the following sections.

6.2.1.1 Data Cleaning and Handling Missing Values

We checked each feature for null values and removed any with more than a certain thresh-
old of nulls (e.g., 50%) [223]. Although we initially tried imputing missing values using the
mean, median, or mode, this approach did not show meaningful results. Given the dataset’s
small size, imputing risked introducing inaccuracies and potentially misleading patterns, so
we continued with feature removal. This decision was made by several factors: First, in
a small dataset, filling missing values with the mean can add noise, especially if missing
values are systematic rather than random [223]. This can limit the model’s ability to detect
meaningful patterns. Additionally, removing features with a high proportion of nulls helps
reduce model complexity and avoid overfitting, as focusing on a smaller, more reliable set
of predictors is advantageous when observations are limited. For crucial features with high
null values, more advanced imputation techniques—such as k-nearest neighbors or predic-
tive imputation—can be considered, as they leverage data relationships to fill missing values
more accurately than mean imputation. [223].

In addition to automated data cleaning, which included handling null values and outliers, we
manually removed features that lacked meaningful contributions to the analysis. Specifically,
features with over 90% of the data containing identical values or those with descriptions
deemed irrelevant to the study’s objectives were excluded. Similarly, features that could
directly influence the results without adding meaningful insights aligned with the project’s

aim were also eliminated.
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6.2.1.2  Feature Scaling and Normalization

Feature selection was performed to identify the most significant biomarkers. Feature im-
portance rankings were determined using ensemble-based methods, such as Random Forest,
which provided feature importance scores by evaluating each feature’s contribution to re-
ducing model impurity. These scores were used to rank and select the top biomarkers and
MRI morphometric features for further analysis. Standardization, which adjusts the data
to have a mean of zero and a standard deviation of one, was specifically chosen. This scal-
ing method is particularly important for distance-based models, such as Support Vector
Regression (SVR) and K-Nearest Neighbors (KNN), as well as for neural networks, where
varying feature scales could otherwise impede the model’s learning process.

Feature selection was conducted to identify the most relevant biomarkers. Feature impor-
tance rankings were generated through methods like SelectKBest with univariate statistical
testing, and feature importance scores from ensemble models, such as Random Forest, were
used to identify the top contributing biomarkers and MRI morphometric features. These
rankings provided insights into which biomarkers had the strongest associations with the
neuropsychiatric outcomes. To further validate the robustness of selected features, models
were trained using different numbers of top features, systematically reducing the dataset to
only the most influential biomarkers.

These scaled and selected features were applied across multiple models, including Random
Forest, Linear Regression, SVR, ANN, and ensemble methods. By evaluating the perfor-
mance metrics, such as Mean Squared Error (MSE) and R-squared scores, for each model
with varying feature sets, the analysis provided a clear assessment of the predictive power
of each approach under different feature conditions. This comprehensive feature scaling and
selection strategy aimed to maximize model accuracy while improving interpretability and
computational efficiency.

Apart from the feature importance performed on each subset of features, such as both blood
biomarkers, all three CSF biomarker groups, and all MRI morphometric groups, a two-stage
feature importance approach was implemented. In this method, we first identified groups

of features that showed better results in the initial analysis and then performed feature
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importance again on these selected groups.

6.2.2 Utilized Machine Learning and Deep Learning algorithms

For this aim, several machine learning methods were employed to predict neuropsychi-
atric measurements based on a set of biomarkers. The approach included both traditional
regression methods and advanced ensemble techniques to evaluate model performance across
different feature sets.
First, Random Forest Regression was implemented due to its ability to handle non-linear
relationships and provide feature importance scores. This method uses an ensemble of deci-
sion trees, reducing overfitting and capturing interactions between variables. Next, Multiple
Linear Regression was applied as a baseline to capture simple linear relationships between
the biomarkers and target neuropsychiatric measures, offering interpretable insights into
direct associations between predictors and outcomes.
Other advanced models included Support Vector Regression (SVR), which utilizes a ker-
nel trick to model non-linear relationships, and Artificial Neural Networks (ANN), allowing
complex mappings through a multi-layer perceptron structure. K-Nearest Neighbors (KNN)
was also used to assess the model’s performance based on the proximity of similar data
points.
Ensemble techniques, such as Stacking and Bagging, were utilized to enhance predictive ac-
curacy. Stacking, involving multiple base models with a meta-learner, and Bagging, which
averages predictions from multiple SVR estimators, were applied to capture model diversity.
Regularization methods, including Lasso (L1) and Ridge (L2) Regression, were used to pre-
vent overfitting and manage multicollinearity. Bayesian Linear Regression provided a prob-
abilistic interpretation, while Gaussian Process Regression offered a flexible, non-parametric
approach, particularly useful for smaller datasets.
Overall, these methods allowed for an extensive evaluation of predictive power across vari-
ous modeling approaches, enabling a comparison of linear and non-linear algorithms as well

as ensemble techniques for robust, accurate predictions.
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6.3 Results

The primary goal of this aim was to predict neuropsychiatric and neurocognitive mea-
surements using blood biomarkers, CSF biomarkers, and MRI morphometric measures.
Several machine learning models as listed in the methods section, were evaluated for their
performance. The performance of each model was evaluated using the metrics Mean Squared
Error (MSE), Mean Absolute Error (MAE), and the Coefficient of Determination R2. The
results for selected metrics discussed in the following sections are presented in Fig. 6.2 to

Fig. 6.10 in different colors nad shades.
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Figure 6.2: Comparative results of machine learning models predicting the TGEC metric using biomarkers
(left) and MRI morphometric features (right). Both panels present the performance of models applied to
the respective features, including feature engineering approaches (e.g., FE and two-stage FE), with MRI
morphometrics showing higher predictive power overall. The dashed vertical line represents an R? threshold

of 0.25 for reference.

6.3.1 Predicting neurocognitive Measures from blood biomarkers

All 15 neurocognitive metrics were predicted using Blood Biomarkers 1 and Blood
Biomarkers 2 separately. In the feature importance analysis, only significant features from
each category were considered, and the corresponding results are explained in the following
section (Blue and orange bars in the left panel in Fig. 6.2 to Fig. 6.6).
Blood Biomarkers 1 performed best in predicting mi, using Random Forest Regression and

XGBoost, with R? values of 0.27 and 0.29, respectively. The next metrics that were mod-
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erately well-predicted by Blood Biomarkers 1 included TMI, GEC, and TGEC, with R?
values of 0.27, 0.27, and 0.21, respectively, when using Random Forest. While these results
indicate limited predictive accuracy, they provide valuable insights into potential biomark-
ers that could be explored in future studies.

Other metrics, such as PlanOrg (R? = 0.22) and inhibit (R® = 0.18), showed moderate
prediction performance. However, for the remaining metrics, R? values were below 0.1,
highlighting the challenges in predicting these outcomes solely from Blood Biomarkers 1.
Among the alternative methods, Multiple Linear Regression, Gradient Boosting Machines,
Lasso Regression, and Ridge Regression performed as the second-best group, with R? values
ranging from approximately 0.15 to 0.2. These results suggest that combining multiple ma-
chine learning approaches may improve the predictive accuracy of neurocognitive metrics

in future work.
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Figure 6.3: Comparative results of machine learning models predicting the TMI metric using biomarkers
(left) and MRI morphometric features (right). Both panels present the performance of models applied to
the respective features, including feature engineering approaches (e.g., FE and two-stage FE), with blood
biomarkers showing higher predictive power overall. The dashed vertical line represents an R? threshold of

0.25 for reference.

Blood Biomarkers 2 were relatively less effective in predicting some of the neurocognitive

metrics, including MI, TMI, GEC. TGEC, inhibit, shift, and initiate, compared to Blood
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Biomarkers 1. On the other hand in other metrics such as taskmon, and WorkMem, blood
biomarkers 2 performed better in predicting these metrics. Among the methods applied,
Random Forest performed better than other approaches for most neurocognitive metrics,
with the best R? observed for bri, tbri, and WorkMem, achieving R? values of 0.16, 0.14, and
0.16, respectively. The second best method was gradient boost machine, and XGBoost and
multilinear regression were other good-performed methods in predicting these neurocogni-
tive measures.

Interestingly, due to the high number of features and their potential irrelevance in predicting
neurocognitive metrics, the use of Blood Biomarkers 2 sometimes resulted in negative R2
values. These findings highlight the need for more refined feature selection and the impor-

tance of identifying biomarkers more closely associated with neurocognitive outcomes.
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Figure 6.4: Comparative results of machine learning models predicting the EmotCont metric using biomark-
ers (left) and MRI morphometric features (right). Both panels present the performance of models applied
to the respective features, including feature engineering approaches (e.g., FE and two-stage FE), with MRI
morphometrics, and especially curvature features, showing higher predictive power overall. The dashed ver-

tical line represents an R? threshold of 0.25 for reference.
6.3.1.1 Feature Importance Results for Predicting Neurocognitive Measures from Blood
Biomarkers

In predicting MI, the top features identified from Blood Biomarkers 1 were p-GFAP and

p-pT231 caused performance improvement for 10%, while key features from Biomarkers 2
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included p-IL-1RA-cv, p-IL-10, age-decade, p-IL-8-2, p-MIP-1alpha, p-IL-10-cv, p-IL-17A-
F, p-MCP-4-cv, chiiyrs-pf, p-IL-5-cv, and p-GM-CSF-cv that improved the performance
from 0.09 to 0.26. For T'MI, the top features from Blood Biomarkers 1 were p-PDGFRbeta,
p-ttau, p-Ab42, and p-GFAP, whereas features from Biomarkers 2 included p-IL-1RA-cv,
p-11-10, p-IL-8-2, p-MIP-lalpha, p-1L-10-cv, p-IL-17A-F, chiiyrs-pf, age-decade, chiiseas-pl,
p-MCP-4-cv, p-1L-5-cv, and p-1L-23.

Similarly, in predicting GEC, the most significant features from Blood Biomarkers 1 in-
cluded p-PDGFRbeta, p-ttau, p-Ab42, and p-GFAP, while Biomarkers 2 featured p-IL-
10-cv, chiiseas-pf, p-1L-13-cv, p-1L-17B, p-MIP-1alpha, p-ICAM-1-cv, p-MDC, p-TSLP-cv,
p-IL-17B-cv, chiiyrs-pl, p-CRP-cv, and p-VEGF-D-cv as top predictors which improved the
R2 by 50%.

For BRI and the Inhibit Clinical Scale, the critical features from Blood Biomarkers 1 in-
cluded p-GFAP, p-NFL, p-pT231, p-PDGFRbeta, p-ttau, and p-Ab40, while top-performing
features from Biomarkers 2 were p-11.-23, p-MIP-1alpha, p-MIP-1-beta-cv, p-11.-13-cv, p-
MDC, p-IL-10-cv, p-ICAM-1-cv, p-Tie-2-cv, p-Hb, p-1L-12-11.-23p40, p-1L-8-2, and p-asyn
that improved the R? from 0.16 to 0.21. The results are shown as light blue and light orange
bars in the left panel of Fig. 6.2 to Fig. 6.6.

In predicting the Inhibit Clinical Scale, the top features from Biomarkers 2 included p-IL-
1RA-cv, p-IL-8-2, p-IL-10, p-IL-23, p-VEGF-A-cv, p-VEGF-A-2, p-VEGF-A, p-IP-10-cv,
p-INF-gamma-cv, p-IL-1-beta, p-1L-17A-F, and p-MDC. For the Shift Clinical Scale, the
most predictive features from Blood Biomarkers 1 were p-GFAP, p-PDGFRbeta, p-NFL,
p-ttau, and p-pT231, while Biomarkers 2 featured p-1L-1RA-cv, p-IL-10, p-IL-8-2, p-MIP-
lalpha, p-1L-23, p-MCP-4-cv, p-IL-9, p-IL-13-cv, p-MIP-1-beta-cv, p-Tie-2-cv, p-IL-10-cv,
and p-CRP, that could improve the R? from 0.07 to 0.22.

For predicting EmotCont, the top-performing features from Blood Biomarkers 1 included
p-GFAP, p-PDGFRbeta, p-NFL, p-ttau, and p-pT231. Biomarkers 2 added predictive
strength with features such as p-IL-1RA-cv, p-1L-6, p-1L-8-2, p-IL-10, p-MIP-lalpha, p-
1L-23, p-IL-13-cv, p-IL-17A-F, p-TNF-alpha-cv, p-IL-10-cv, p-IL-1-alpha, and p-11.-4. The

performance while including top features improved from 0.14 to 0.19.
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Figure 6.5: Comparative results of machine learning models predicting the PlanOrg metric using biomarkers
(left) and MRI morphometric features (right). Both panels present the performance of models applied to
the respective features, including feature engineering approaches (e.g., FE and two-stage FE), without any
significant difference between the predictive power of MRI morphometrics, and biomarkers. The dashed

vertical line represents an R2 threshold of 0.25 for reference.

For other metrics such as SelfMon, Initiate, WorkMem, and PlanOrg, Blood Biomarkers
1 showed limited predictive utility. However, Biomarkers 2 performed significantly better.
For SelfMon, the top features included p-IL-23, p-MIP-1-beta-cv, p-MIP-lalpha, p-TNF-
beta-cv, p-Tie-2-cv, p-IL-6-cv, p-Eotaxin-3-cv, p-IL-12-1L-23p40, p-asyn, Qalb, p-1L-23-cv,
and p-Hb.

In predicting Initiate, the top features from Biomarkers 2 were p-11.-23, p-1L-10-cv, p-
IL-17B, p-IL-13-cv, p-IL-12-1L-23p40, p-PIGF, p-ICAM-1-cv, p-IL-21, p-VEGF-C-cv, p-
VEGF-A-cv, p-IL-1-beta, and p-asyn. For WorkMem, the most predictive features were
p-1L-23, p-IL-10-cv, p-TSLP-cv, p-MIP-1alpha, p-ICAM-1-cv, p-1L-17D-cv, p-IL-13-cv, p-
Fit-1, p-MDC, p-1L-8-2, p-MDC-cv, and p-MCP-1-cv. For PlanOrg, the top features from
Biomarkers 2 included p-IL-1RA-cv, p-MIP-1alpha, p-IL-10, p-IL-8-2, p-IL-17A-F, p-IL-10-
cv, p-Eotaxin-3-cv, p-MCP-4-cv, p-GM-CSF-cv, p-1L-17B, p-VEGF-C-cv, and p-1L-5-cv,

which improved the perfromance significantly from 0.03 to 0.2.
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Results of the Best Methods for Each Biomarker Category for workmem Results of the Best Methods for MRI Morphometrics for workmem
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Figure 6.6: Comparative results of machine learning models predicting the WorkMem metric using biomark-
ers (left) and MRI morphometric features (right). Both panels present the performance of models applied
to the respective features, including feature engineering approaches (e.g., FE and two-stage FE), with MRI
morphometrics, and especially thickness and curvature features, showing higher predictive power overall.

The dashed vertical line represents an R? threshold of 0.25 for reference.

6.3.2 Predicting neurocognitive Measures from CSF biomarkers

CSF biomarkers were overall less effective than blood biomarkers in predicting GEC,
shift, and SelfMon measurements. Among the CSF categories, CSF Biomarkers 3 performed
noticeably better compared to CSF Biomarkers 1 and CSF Biomarkers 2, in predicting mi,
tgec, shift, SelfMon, and WorkMem particularly when using the Random Forest and XG-
Boost models. It was also noticed that these methods demonstrated relatively higher per-
formance in predicting inhibit, tgec, WorkMem, and TMI metrics using various biomarkers.
In contrast, other methods and the use of CSF Biomarkers 1 and CSF Biomarkers 2 showed
poor results, likely due to similar issues observed with Blood Biomarkers 2, such as the in-
clusion of irrelevant or non-predictive features. Notably, incorporating feature importance
methods led to significantly improved outcomes, emphasizing the necessity of targeted fea-
ture selection in such analyses. The results are shown as green, red, and purple bars in the

left panel of Fig. 6.2 to Fig. 6.6.
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Figure 6.7: Comparative results of machine learning models predicting the BDITot metric using biomarkers
(left) and MRI morphometric features (right). Both panels present the performance of models applied to
the respective features, including feature engineering approaches (e.g., FE and two-stage FE), with MRI
morphometrics, and especially thickness features, showing higher predictive power overall. The dashed

vertical line represents an R2 threshold of 0.25 for reference.

6.3.2.1 Feature Importance Results for Predicting Neurocognitive Measures from CSF biomark-

ers

In predicting MI from CSF biomarkers, the top features from CSF biomarkers 1 were
c-PDGFRbeta, ¢-Ab40, and ¢-NfL. From CSF biomarkers 2, the significant contributors
included c-IL-6, ¢-CRP, ¢-IL-12p70-cv, and c-IL-1RA-cv. Additionally, c-da from CSF
biomarkers 3 substantially improved performance from 0.14 to 0.25. Similarly, for TMI,
CSF biomarkers 1 highlighted c-PDGFRbeta and c-NflL as the most predictive features,
while CSF biomarkers 2 added c-IL-12p70-cv, c¢-IL-6, c-CRP, ¢-IL-1RA-cv, ¢-TSLP, Qalb,
c-IL-1-alpha, ¢-IL-27, and ¢-SAA. CSF biomarker 3’s inclusion of c-da enhanced perfor-
mance from 0.15 to 0.23.

For GEC, key features from CSF biomarkers 1 included c-strem2 and c-GFAP. CSF biomark-
ers 2 contributed additional predictive strength with c¢-I1L-6, ¢c-CRP, c-IL-1RA-cv, c-IL-
12p70-cv, c-IL-31-cv, c-MIP-1-beta, and Qalb. Incorporating c-da from CSF biomarkers 3
improved performance from 0.14 to 0.23. In contrast, for BRI, Shift, and SelfMon, CSF

biomarkers 1 failed to show significant results. However, for BRI, CSF biomarkers 2 pro-
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vided impactful features such as c¢-1L-6, c-1L-31-cv, c-CRP, c-IL-1RA-cv, c-MIP-1-beta, and
c-SAA, improving performance from 0.09 to 0.21. CSF biomarkers 3 did not contribute
significantly to predicting Shift or SelfMon.
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Figure 6.8: Comparative results of machine learning models predicting the BIS-Tot metric using biomarkers
(left) and MRI morphometric features (right). Both panels present the performance of models applied to
the respective features, including feature engineering approaches (e.g., FE and two-stage FE), with MRI
morphometrics, and especially area and volume features, showing higher predictive power overall. The
dashed vertical line represents an R2 threshold of 0.25 for reference.

For Inhibit, predictive features from CSF biomarkers 1 were c-strem2 and c-ttau, while
CSF biomarkers 2 included c-IL-6, c-MIP-1-beta, c-1L-7-cv, c-1L-12-1L-23p40-cv, and c-
1L-31, resulting in an improved performance from 0.13 to 0.19. In predicting EmotCont,
CSF biomarkers 1 identified ¢-GFAP, c-ttau, and c-strem2 as critical factors, while CSF
biomarkers 2 featured ¢-bFGF-cv, ¢-IL-6, ¢-CRP, ¢-IL-13-cv, ¢-IL-1RA-cv, c-CRP-cv, c-IL-
7, ¢-IL-17C, c-IL-8-cv, c-GM-CSF, ¢-MDC, c¢-IL-13, ¢-SAA, c-IL-1-alpha, c-IL-17B-cv, and
c-VEGF-C-cv, improving performance from 0.07 to 0.14.

In predicting WorkMem, CSF biomarkers 1 highlighted c-ttau and c-PDGFRbeta as sig-
nificant features, while CSF biomarkers 2 included c-IL-6, c-IL-1-alpha, and c-IL-12p70-cv.
Similarly, for TaskMon and PlanOrg, CSF biomarkers 1 identified c-strem2, c-PDGFRbeta,
¢-GFAP, and c¢-NfL, while CSF biomarkers 2 added ¢-CRP, ¢-IL-12p70-cv, and c-IL-6, im-

proving performance from 0.12 to 0.2.
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Across metrics such as BRI, Shift, EmotCont, PlanOrg, and WorkMem, the inclusion of c-
da from CSF biomarkers 3 consistently enhanced performance, with improvements ranging
from 40% to 75%. The results are shown as light green, light red, and light purple bars in
the left panel of Fig. 6.2 to Fig. 6.6.
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Figure 6.9: Comparative results of machine learning models predicting the NBD-Tot metric using biomark-
ers (left) and MRI morphometric features (right). Both panels present the performance of models applied
to the respective features, including feature engineering approaches (e.g., FE and two-stage FE), with MRI
morphometrics, and especially thickness and curvature features, showing higher predictive power overall.

The dashed vertical line represents an R? threshold of 0.25 for reference.

6.3.8  Predicting neurocognitive Measures from MRI Morphometric Measures

In predicting mi, the mean curvature of different regions in the right hemisphere using
random forest achieved the highest R2, while parameters in the left hemisphere performed
second best. Similarly, for predicting GEC, the mean curvature of the right and left hemi-
spheres performed better using ensemble stacking and XGBoost, respectively. The second
most important feature was the thickness of various substructures in the left and right hemi-
spheres, predicted using XGBoost and random forest, respectively. For other neurocognitive
measurements, the mean curvature of regions in the right and left hemispheres, followed by
the thickness of these substructures, consistently delivered the second-best results in pre-
dictive models. The results are shown as blue, orange, green, red, and purple bars in the

right panel of Fig. 6.2 to Fig. 6.6.
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6.3.3.1 Feature Importance Results for Predicting neurocognitive Measures from MRI Mor-

phometric Measures

Overall, in predicting all metrics, features within the curvature category—specifically the
mean curvature of brain subregions—and regional thickness extracted from MRI played the
most significant roles. In comparison, the contributions of area, volume, and subcortical
volume were almost negligible relative to mean curvature and thickness.

The detailed feature importance demonstrated that incorporating these features improved
predictive performance across various metrics. For MI, the inclusion of key morphometric
features enhanced performance from a range of 0.07-0.21 across different categories to 0.25.
Similarly, for GEC, the addition of regional thickness and mean curvature improved per-
formance from 0.22 to 0.28. In other metrics, feature importance resulted in performance
improvements: BRI (0.2 to 0.25), Inhibit (0.15 to 0.24), Shift (0.15 to 0.23), EmotCont (0.27
to 0.34), Initiate (0.14 to 0.18), WorkMem (0.2 to 0.24), PlanOrg (0.15 to 0.17), TaskMon
(0.16 to 0.21), and OrgMat (0.1 to 0.16). These results show the pivotal role of mean
curvature and thickness in predicting neurocognitive metrics based on MRI morphometric
features. The results are shown as blue, orange, green, red, and purple bars in light in the

right panel of Fig. 6.2 to Fig. 6.6.

6.3.4 Predicting Neuropsychiatric Measures from from Blood Biomarkerss

Given the significantly higher predictive performance of Neurocognitive measures derived
from Blood Biomarkers 1 compared to other biomarker sets across multiple models, we de-
cided to refine the analysis by selecting features from Blood Biomarkers 2, CSF Biomarkers
1, 2, and 3 that demonstrated comparable or equivalent importance to those from Blood
Biomarkers 1. Feature selection was guided by feature importance rankings, focusing on the
top contributors from each biomarker set. Subsequently, the models were retrained using
these refined feature sets to optimize predictive accuracy. The results are shown as blue,

and orange bars in the left panel of Fig. 6.7 to Fig. 6.10.
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Figure 6.10: Comparative results of machine learning models predicting the pcltot metric using biomarkers
(left) and MRI morphometric features (right). Both panels present the performance of models applied to the
respective features, including feature engineering approaches (e.g., FE and two-stage FE), with biomarkers,
and especially blood biomarkers 1 features, showing higher predictive power overall. The dashed vertical

line represents an R? threshold of 0.25 for reference.

6.3.4.1 Feature Importance Results for Predicting Neuropsychiatric Measures from Blood

Biomarkers

The results of the feature importance analysis demonstrated a significant improvement in
predictive performance when using Blood Biomarkers 2. Notably, prior to feature impor-
tance, no model could predict ABIS-Attention. However, with key features from Blood
Biomarkers 2, including p-1L-10-cv, p-CRP-cv, p-MCP-4-cv, p-MIP-1lalpha, p-IL-17D-cv,
p-1L-1RA-cv, p-1L-17B, p-MDC, Qalb, p-VEGF-D-cv, p-IL-10, and p-TSLP, the perfor-
mance improved significantly.

In contrast, for metrics such as ABIS-Motor, ABIS-Nonplanning, BAITot, BDHI-Total,
BIS-Tot, and CNSTot, the predictive models using both Blood Biomarkers 1 and 2 did not
show improved R? with feature importance compared to models without feature selection.
For predicting BDI-Tot, the inclusion of top features from Blood Biomarkers 2, such as
p-1L-10, p-IL-8-2, p-IL-10-cv, p-1L-13-cv, p-IL-1RA-cv, p-MIP-1alpha, p-INF-gamma-cv, p-
IL-5-cv, Qalb, p-MDC, p-1L-12-1L-23p40-cv, and p-ICAM-1-cv, improved performance from
0.1 to 0.2.
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In predicting BGLHA-Adolescence-Total, the top features from Blood Biomarkers 2, includ-
ing p-1L-12-11.-23p40, p-1L-23-cv, p-IL-10, p-VEGF-A, p-IL-21-cv, p-1L-21, p-VEGF-A-2,
s-alb, p-IL-17AGenB, p-IL-17A, p-IL-22-cv, and p-TNF-beta, enhanced predictive perfor-
mance from 0.04 to 0.2.

For NBD-Tot, the use of key features from Blood Biomarkers 2 significantly improved the
results. In one case, features such as p-IL-1RA-cv, p-IL-10, p-IL-6, p-1L-17A-F, p-IL-8-2,
p-11-23, p-I1L-12-11-23p40, p-VEGF-A, p-asyn, p-VEGF-A-cv, p-VEGF-A-2, and p-11.-16
raised the performance from 0.12 to 0.24. In another instance, features including p-IL-8-2,
p-asyn, p-1L-17B, p-IL-17A-F, p-IL-1RA-cv, p-VEGF-A-2, p-VEGF-A, p-1L-23, dxcte-asyn-
p-flag-dv, p-1L-2-cv, p-1L-12-1L-23p40, and p-IL-12-IL-23p40-cv improved the performance
from 0.06 to 0.19. The results are shown as light blue, and light orange bars in the left
panel of Fig. 6.7 to Fig. 6.10.

6.3.5 Predicting Neuropsychiatric Measures from CSF Biomarkers

Overall, CSF biomarkers performed better with feature importance compared to blood
biomarkers in predicting ABIS-Attention. They also outperformed in predicting metrics
such as ABIS-Motor, ABIS-Nonplanning, BGLHA-Adolescence-Total, BGLHA-Childhood-
Total, BHS-Tot, BIS-Tot, CNS-Tot, NBDH-Tot, and PCL-Tot. However, there were notable
exceptions where CSF Biomarker 1 demonstrated strong predictive performance for BDHI-
Total and BDI-Tot using Gradient Boosting, as well as for BGLHA-Adolescence-Total using
KNN. Similarly, CSF Biomarkers 1 and 3 performed well in predicting BGLHA-Adulthood-
Total through Random Forest Regression and KNN, respectively.
CSF biomarkers struggled in predicting BAITot. Among these, CSF Biomarker 3 performed
better using the KNN method, and CSF Biomarker 1 showed improvement with Random
Forest Regression. For BDHI-Total, CSF Biomarkers 2 and 3 performed poorly, while CSF
Biomarker 1 achieved strong results using Gradient Boosting Machines. These findings
highlight the varying strengths of different CSF biomarker sets and machine learning meth-
ods depending on the specific metric being predicted. The results are shown as green, red,

and purple bars in the left panel of Fig. 6.7 to Fig. 6.10.
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6.3.5.1 Feature Importance Results for Predicting Neuropsychiatric Measures from CSF

Biomarkers

Using feature importance for CSF biomarkers significantly improved the predictive perfor-
mance for ABIS-Attention. For CSF Biomarker 1, the R? increased from 0 to 0.17, while
for CSF Biomarker 3, it improved from 0.09 to 0.15. Key features contributing to this
improvement included c-bFGF-cv, ¢-IL-6, c-IL-1RA-cv, c¢-IL-1-alpha-cv, c¢-da, ¢-IL-17B-cv,
c-1L-13-cv, and c-VEGF-A.

For ABIS-Motor, the results from CSF biomarkers were less promising, suggesting that this
metric may not be effectively predicted using only one category of features. Feature impor-
tance proved useful with KNN applied to CSF Biomarker 3, where features like c-da and c-ne
made significant contributions, improving the R? from 0.04 to 0.14. A similar pattern was
observed for ABIS-Nonplanning, BDHI-Total, BGLHA-Adolescence-Total, BIS-Tot, CNS-
Tot, and BHS-Tot, where performance gains were modest and consistent with the notion
that a single category of features may not be sufficient.

In predicting BAITot and BDI-Tot, feature importance on CSF Biomarker 1 had a more
substantial and positive impact. Features such as ¢-IL-6, c-IL-1RA-cv, c-VCAM-1, ¢-bFGF-
cv, and c-IL-9 demonstrated higher contributions to prediction performance.

For PCLTot, CSF Biomarkers 1 and 3 had a greater impact compared to CSF Biomarker
2, with the R? improving by 30%. The results are shown as light green, light red, and light
purple bars in the left panel of Fig. 6.7 to Fig. 6.10.

6.3.6  Predicting Neuropsychiatric Measures from MRI Morphometric Measures

Overall, MRI morphometrics demonstrated better capability in predicting neuropsychi-
atric metrics when considering feature importance results and the highest R? values achieved
in this study. For ABIS-Attention, ABIS-Motor, and ABIS-Nonplanning, volumetric fea-
tures, particularly those from the left hemisphere, showed better predictive performance.
However, for other metrics, mean curvature and thickness-related features exhibited higher
R? values. Different machine learning algorithms performed better depending on the metric,
with Random Forest emerging as the most successful in most cases, followed by KNN and

Gradient Boosting Machine. Interestingly, regularization models such as Ridge Regression
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and Lasso also improved predictions in certain cases.

In predicting BAITot, BDHI-Total, BDITot, BIS-Tot, NBD-Tot, and PCLTot, mean cur-
vature and thickness features from the left hemisphere, followed by the right hemisphere,
showed better R? values. However, for other metrics such as BGLHA-Total across adult-
hood, childhood, and adolescence, MRI morphometrics did not produce satisfactory results.
The results are shown as blue, orange, green, red, and purple bars in the right panel of

Fig. 6.7 to Fig. 6.10.

6.3.6.1 Feature Importance Results for Predicting Neuropsychiatric Measures from MRI

Morphometric Measures

Doing feature importance significantly improved results in some cases while having minimal
impact in others. For certain metrics, volumetric-related features contributed more, but in
most cases, curvature and thickness-related features had a notably higher impact. In pre-
dicting ABIS-related metrics, the results from the two-stage feature importance approach
were similar to the R? values achieved using left hemisphere-related volumes or thicknesses.
For BAITot, feature importance notably improved the results. When using specific groups
of features, the R? values were significantly lower compared to using other groups. On
average, feature importance methods improved R? from 0.13 to 0.18 for BAITot, from 0.26
to 0.31 for BDITot, and up to 0.22 for BGLHA-Adolescence and Adulthood. For NBD-Tot,
the improvements were more pronounced, increasing from 0.2 to 0.35. The results are shown

as blue, orange, green, red, and purple bars in the right panel of Fig. 6.7 to Fig. 6.10.

6.3.7 Two-Stage Feature Importance and Feature Importance on all Features

This approach proved was highly effective in many cases. For instance, in predicting
BGLHA-Adulthood-Total, the results from MRI morphometrics using two-stage feature
importance were significantly higher (R? = 0.22) compared to the single-stage feature im-
portance applied to all MRI morphometrics (R? = 0.05). Similarly, in predicting BAITot
from biomarkers, the two-stage feature importance improved the R2 from 0.11 to 0.19. An-

other example was predicting TMI from biomarkers, where the R? increased from 0.21 using
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Figure 6.11: Cumulative contribution of features in predicting BRIEF-A metrics. The figure highlights the
top features contributing to 80% of the cumulative importance for each metric, reflecting their substantial

role in the predictive model. This approach ensures that the most influential features driving prediction are

included for analysis and interpretation

a single-stage approach to 0.32 with the two-stage feature importance. This pattern was
also observed in predicting MI from biomarkers (R? improved from 0.21 to 0.31), Emot-
Cont from MRI morphometrics (R? increased from 0.28 to 0.34), ABIS-Attention from MRI
morphometrics (R? improved from 0.21 to 0.26), and BGLHA-Adulthood-Total from 0.05
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to 0.22.
However, the initial feature importance approach outperformed the two-stage approach in
some cases. For example, in predicting BDITot from MRI morphometrics, the initial fea-
ture importance resulted in an R? of 0.31, compared to 0.21 achieved using the two-stage
method. Similarly, for predicting BHSTot and PCLTot from biomarkers, the initial feature
importance showed R? values of 0.25 and 0.27, respectively, compared to 0.08 and 0.18 with
the two-stage approach.
These results highlight the importance of employing multiple strategies for feature impor-
tance and suggest that further categorization or more refined approaches in future studies
could improve results even further. The observed variations underscore the complexity of
this dataset and the study’s nature, indicating that no single method is universally optimal,
and adaptability in feature selection processes is essential. The results are shown as dark
purple bars in bottom of the Fig. 6.2 to Fig. 6.10. To identify the most relevant features
for predicting the BRIEF-A and neuropsychiatric metrics, we applied a feature selection
strategy across three categories: blood biomarkers, CSF biomarkers, and MRI morphomet-
rics. The selection process focused on the cumulative contribution of features, ensuring
that the top contributors accounted for 80% of the cumulative predictive importance for
each metric. This approach not only prioritized features with the highest impact but also
maintained clarity and interpretability by narrowing the focus to the most biologically and
clinically relevant predictors. By concentrating on a manageable number of key features,
this method facilitated a deeper understanding of the relationships between the selected
features and the target metrics while ensuring robust and interpretable results (Fig. 6.11
and 6.12.)
6.3.8 PCA and its Impact on the Results

We obtained the best results from Blood Biomarker Set 1 and decided to apply Principal
Component Analysis (PCA) to evaluate whether transforming the most predictive features
into principal components could further enhance performance. However, PCA did not lead
to any improvement in the results, and this outcome could be explained by several factors
related to the data and the nature of PCA.

One key reason is that PCA is an unsupervised technique that focuses on reducing di-
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Figure 6.12: Cumulative contribution of features in predicting neuropsychiatric metrics. The figure high-
lights the top features contributing to 80% of the cumulative importance for each metric, reflecting their
substantial role in the predictive model. This approach ensures that the most influential features driving

prediction are included for analysis and interpretation

mensionality based on variance without considering the relevance of features to the target
variable. If the variance in the data does not align with the predictive power of the features,
PCA may remove important information, resulting in reduced performance. This highlights

that supervised feature selection methods, such as model-derived feature importance scores,
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may be more effective in this context.

Additionally, PCA is limited to capturing linear relationships. If the dataset contains com-
plex non-linear patterns that contribute to the target variable, PCA may fail to capture
these dynamics. Non-linear techniques, such as kernel PCA or tree-based approaches, might
be better suited to address such cases. Furthermore, the quality and structure of the origi-
nal data play an essential role. If the dataset includes noise or features with weak relevance
to the target variable, PCA cannot enhance the predictive signal.

We also examined the explained variance of the PCA components and found that they did
not capture enough relevant information for the predictions. This suggests that variance
alone may not always correspond to predictive value. In the future, alternative approaches,
such as advanced feature engineering informed by domain knowledge or trying other di-
mensionality reduction methods, may be more effective. These findings underscore the
importance of aligning the analysis methods with the specific nature of the data and pre-

diction objectives.

6.4 Discussion

This aim investigated the capability of ML algorithms to predict neurocognitive and
neuropsychiatric metrics using data derived from blood biomarkers, CSF biomarkers, and
MRI morphometrics, utilizing the DIAGNOSE CTE dataset. While the predictive accu-
racy of the models varied, the findings provide valuable insights into the potential of using
advanced computational methods to enhance the understanding and management of condi-
tions such as mTBI and CTE.
The findings of this aim provide valuable insights into the predictive power of blood biomark-
ers, CSF biomarkers, and MRI morphometric features in relation to neurocognitive and neu-
ropsychiatric measures in individuals at risk of or experiencing mTBI. While the predictive
performance varied across metrics and feature categories, the results emphasize the poten-
tial of MRI morphometrics and biomarkers to enhance the assessment and management of
conditions like mTBI and its long-term sequelae, such as CTE (Fig. 6.11 and 6.12.).
The integration of deep learning algorithms in MRI analysis holds immense potential for

advancing the assessment of injury severity in mTBI patients. By leveraging these al-
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gorithms, clinicians can obtain more objective, sensitive, and specific measures of mTBI
severity, leading to improved diagnosis, prognosis, and personalized treatment planning.
Further research and collaborations between clinicians, neuroscientists, and data scientists
are essential to refine and validate these algorithms, ultimately improving patient outcomes
in the management of mTBI.

MRI morphometrics demonstrated notable predictive capability, particularly for neuropsy-
chiatric metrics such as BDI-II (BDITot), BIS-11 total (BIS-Tot), Behavioral Regulation In-
dex (BRI), Emotional Control (EmotCont), and Total Neurobehavioral Dysregulation Score
(NBD-Tot), with R? values ranging between 0.3 and 0.38. These findings align with prior
research highlighting the utility of MRI-derived features, such as volumetric and structural
measures, in distinguishing between normal brains and those affected by neurodegenerative
conditions. The performance of MRI morphometrics, though not perfect, is promising, par-
ticularly given the heterogeneity and complexity of mTBI and CTE-related pathologies. No-
tably, the predictive power achieved here compares favorably to other studies, such as those
predicting cognitive metrics like MoCA (Montreal Cognitive Assessment) in Alzheimer’s
disease populations (R? = 0.41) [224], despite the inherent challenges of working with a
broader and more diverse mTBI population. Moreover, other studies have demonstrated
similar findings, highlighting the correlations between cognitive and neuropsychiatric abili-
ties and various factors such as blood biomarkers, CSF biomarkers, and MRI morphometrics
[225-228].

Blood and CSF biomarkers also demonstrated promise, particularly in predicting neurocog-
nitive metrics such as GEC, Initiate, MI, PCL-5, and TMI, with R? values ranging from
0.30 to 0.47. These results highlighted the potential of integrating fluid biomarkers with
ML algorithms to capture underlying biological processes that contributed to cognitive and
psychiatric outcomes. Notably, while MRI morphometrics excelled in predicting certain
metrics, blood and CSF biomarkers provided complementary value, reflecting the multi-
faceted nature of neuropsychiatric and neurocognitive disorders. This demonstrated the
importance of leveraging a multimodal approach that combined structural, functional, and
molecular data to achieve a comprehensive understanding of these conditions. Importantly,

the integration of feature importance and machine learning approaches identified specific
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biomarkers with high predictive relevance, which guided future investigations into their
mechanistic roles in mTBI and CTE.

The predictive performance of MRI morphometric features performed better than biomark-
ers in predicting neurocognitive metrics. Specifically, for MI, left hemisphere curvature
metrics emerged as the most significant predictors, particularly when analyzed using en-
semble methods. The combination of left and right hemisphere mean curvature metrics,
evaluated through XGBoost and ensemble stacking approaches, showed the most robust
results. Subcortical regions were excluded from the analysis due to their predictive perfor-
mance being non-comparable to other regions and morphometric measurements.

Some biomarker metrics, including Ab42 and GFAP, demonstrated higher importance or,
in other words, were significant contributors to the predictive results. These biomarkers
aligned with findings from previous studies, where they were identified as key players in the
context of CTE research. Their prominence in this study further showed their relevance in
understanding and predicting neurodegenerative conditions associated with repeated trau-
matic brain injuries.

When predicting metrics from MRI morphometrics, features related to thickness and mean
curvature consistently outperformed those related to volume and area across various met-
rics. Notably, features from the left hemisphere were often more significant predictors and
emerged as better indicators of neuropsychiatric measures, particularly for predicting BDI-
Tot and NBD-Tot scores.

In this study, predictive models were initially run using all features from each category,
followed by models incorporating feature selection based on feature importance. Given
the dataset size of 240 subjects and the high dimensionality of the features (50 in total),
this approach aimed to evaluate the impact of feature selection on model performance and
interpretability. Feature selection plays a pivotal role in refining predictive models, partic-
ularly in datasets with limited sample sizes, by helping identify key predictors, enhancing
model interpretability, mitigating overfitting, and providing insights into feature utility. By
comparing models with and without feature selection, it became evident which predictors
contributed most significantly to the outcome metric, as models with fewer, high-importance

features often performed comparably to those using all features, reinforcing the value of fea-
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ture selection in optimizing performance without sacrificing interpretability. This process
highlighted the importance of removing less impactful features to reduce noise, improve
model efficiency, and facilitate a clearer understanding of the factors driving outcomes.
Moreover, using fewer features reduced the risk of overfitting, ensuring the model general-
ized better to unseen data, particularly in a dataset with a high feature-to-sample ratio.
Performance comparisons, such as accuracy and R? scores, revealed that many features
contributed little to no value, and their removal not only streamlined the modeling process
but also simplified data collection and preprocessing. In cases where performance dropped
after feature selection, it underscored the importance of certain features even if their in-
dividual importance scores were low, providing further insights into the complex interplay
of predictors in the model. This comparative approach provided a clearer understanding
of indispensable features while identifying sources of noise, reinforcing the importance of
balancing complexity and interpretability in predictive modeling. Ultimately, the findings
highlight that feature selection is a critical step for designing robust, interpretable models,
particularly when working with datasets of limited size but high dimensionality, allowing
for streamlined analyses and the development of more effective predictive tools in future
studies.

Also, two feature importance procedures were performed in this study. The first approach
involved applying feature importance to all biomarkers and MRI morphometric features
separately for each neuropsychiatric and neurocognitive measure. The second, a two-stage
process, first applied feature importance to each category of features to predict each met-
ric. Subsequently, only the top-performing categories were selected for another round of
feature importance to refine the selection of contributing features within these categories.
This two-stage feature importance method proved more effective in certain cases. Given
the complexity of the data, the minor correlations between some features, and the nature
of the metrics being predicted, implementing such feature selection processes was highly
recommended to enhance the reliability of the results.

In terms of machine learning methods, no single algorithm consistently outperformed oth-
ers. However, random forest, XGBoost, gradient boosting machines, and KNN generally

showed better results. In instances where performance was particularly poor, regularization
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methods like ridge regression and lasso showed promise in improving outcomes.

Although these results were quite promising, there are several limitations that need to be
addressed. First, the overall R? values, while encouraging, remained moderate and indi-
cated room for improvement in predictive accuracy. This was likely attributable to the
inherent complexity of mTBI and CTE, as well as the variability in patient presentations
and disease progression. Additionally, the reliance on machine learning methods introduced
challenges related to overfitting, particularly in datasets with limited sample sizes relative to
the number of features. Careful feature selection, as well as techniques like two-stage feature
importance applied in this study, mitigated some of these issues, but further methodological
refinements could enhance future studies.

Another limitation was the reliance on cross-sectional data from the DIAGNOSE CTE
project. Longitudinal data could have provided a more comprehensive understanding of
how predictive features evolved over time and related to neurocognitive and neuropsychi-
atric outcomes. Furthermore, while machine learning models captured complex relation-
ships, the interpretability of these models remained a challenge, especially for clinical trans-
lation. Combining machine learning insights with domain knowledge and simpler, more
interpretable models can bridge this gap.

Another limitation of this study was the challenge of identifying correlations among fea-
tures without domain expertise. For an engineer, determining feature interrelationships
solely through literature was difficult. Future research could benefit from the involvement
of a neurologist to assess whether specific features were correlated and, if so, to what extent.
This was critical as machine learning models could be misled by multicollinearity (correlated
features), resulting in less reliable predictions. Interestingly, in some cases, CSF biomarkers
from the third category demonstrated stronger predictive power compared to those from
the first and second categories.

In conclusion, this study underscored the utility of advanced machine learning approaches
in leveraging biomarkers and MRI morphometric features for predicting neurocognitive and
neuropsychiatric outcomes in mTBI populations. While the predictive accuracy was not yet
optimal, the findings highlighted promising avenues for future research, particularly through

integrating multi-modal data and exploring longitudinal designs. These advancements could
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ultimately aid in improving diagnostic precision, monitoring, and personalized management

of mTBI and its long-term consequences, including CTE.

6.5 Conclusion

This study explored the application of machine learning algorithms to predict neurocog-
nitive and neuropsychiatric outcomes using multimodal data, including blood biomarkers,
CSF biomarkers, and MRI morphometrics, from the DIAGNOSE CTE dataset. The findings
highlight the potential of ML techniques in analyzing complex data to better understand
and manage conditions associated with mild TBI and CTE. While the predictive accuracy
of the models varied, the results emphasize the utility of combining computational methods
with diverse biological and structural data.
MRI morphometric features demonstrated significant predictive power, particularly for neu-
ropsychiatric metrics, underscoring their value in assessing brain injury and associated con-
ditions. Biomarkers from blood and CSF provided complementary insights, further en-
riching the predictive models and reflecting the multifaceted nature of neurocognitive and
neuropsychiatric disorders. The implementation of a two-stage feature selection process
proved effective in refining models, enhancing their reliability, and identifying high-impact
features, which improved overall interpretability and performance.
While the results were encouraging, challenges such as moderate predictive accuracy, data
complexity, and variability in model performance highlight areas for future improvement.
The reliance on cross-sectional data limited the ability to examine changes over time, un-
derscoring the need for longitudinal studies to capture dynamic patterns in mTBI and CTE
progression. Additionally, the interpretability of ML models remains a challenge for clinical
translation, suggesting a need for methods that combine advanced algorithms with domain
knowledge for greater clarity and application.
In conclusion, this aim demonstrates the potential of ML algorithms in leveraging multi-
modal data for understanding and predicting outcomes in mTBI populations. Future efforts
should focus on addressing current limitations by incorporating longitudinal data, refining
feature selection methods, and fostering interdisciplinary collaboration. These advance-

ments could significantly enhance the development of personalized diagnostic and thera-
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peutic strategies for mTBI and related neurodegenerative conditions.
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Chapter 7

CONCLUSIONS AND FUTURE WORK

7.1 Conclusions

This thesis investigated the biomechanics of brain injury and explored the utility of ad-
vanced imaging and computational approaches for understanding and managing TBI, NPH,
and CTE. By integrating experimental methods, finite element modeling, advanced MRI
techniques, and machine learning algorithms, the study offered novel insights into brain
injury mechanisms, and neurodegenerative diseases and highlighted potential tools for di-
agnosis and patient management.
In Chapter 3, a comprehensive review of helmet technologies revealed the critical role of
design innovations, such as rotational damping systems, in reducing kinematics-based injury
metrics during impacts. Experimental findings underscored the need for multi-directional
testing and incorporating tissue-level metrics to evaluate helmet performance more compre-
hensively. Limitations included the use of simplified test conditions, which may not fully
replicate real-world impacts, and a reliance on specific helmet designs. Future research
should explore more diverse testing scenarios to improve helmet safety standards.
Chapter 4 extended this analysis by investigating the modal behavior of brain substructures
during helmeted impacts. Using finite element models, distinct oscillatory behaviors were
identified in different helmets, with frequency and amplitude patterns correlating with in-
jury metrics. The findings highlighted the importance of understanding substructural brain
dynamics, particularly in regions like the brainstem and corpus callosum. However, testing
limitations, such as the exclusion of tangential impact components and simplified ventricle
modeling, suggest the need for more advanced simulations and in vivo validation.
In Chapter 5, the feasibility of using aMRI to assess NPH and VPS efficacy was demon-
strated. Key displacement metrics correlated with functional shunt status, showing po-

tential as non-invasive markers for surgical success. Notably, the percentage difference in



119

whole-brain displacement at the mid-sagittal slice exhibited significant discriminative power.
Challenges included imaging artifacts, manual segmentation, and the inability to collect lon-
gitudinal data from all patients due to medical complications. Future work should focus on
validating these metrics with larger cohorts and incorporating computational fluid dynamics
to improve precisions.
Chapter 6 explored the predictive power of machine learning algorithms applied to multi-
modal data, including blood biomarkers, CSF biomarkers, and MRI morphometrics, from
the DIAGNOSE CTE dataset. The study demonstrated that MRI morphometrics offered
significant predictive capability for neuropsychiatric metrics, while biomarkers provided
complementary value, enriching the understanding of complex neurodegenerative condi-
tions. Despite promising results, limitations included moderate predictive accuracy, data
complexity, and challenges in clinical interpretability. Addressing these limitations requires
longitudinal studies and interdisciplinary collaboration to enhance model reliability and ap-
plicability.
Overall, this work underscored the importance of combining experimental, computational,
and clinical approaches to advance our understanding of TBI, NPH, and CTE. While the
findings provided valuable insights, the identified limitations highlight areas for future explo-
ration, including improved helmet design, advanced imaging techniques, and the integration
of machine learning with domain expertise. By addressing these challenges, this research
lays the groundwork for more effective diagnostic and therapeutic strategies, ultimately im-
proving outcomes for patients affected by neurodegenerative conditions and brain injuries.
7.2 Future Directions for the Entrepreneurial Journey
7.2.1 Entrepreneurial Direction and Practical Applications

Throughout my journey, I have always been driven by the desire to translate scientific
discoveries and research into practical applications that can make a real-world impact. It
excites me to work in the intersection of mechanics and biology, contributing to the de-
velopment of solutions that can aid patients and address diseases. With this motivation,
my team and I have embarked on a project that originated from our lab, focused on cre-
ating a platform for the segmentation of neurodegenerative conditions in medical imaging.

Initially, our work was centered on brain tumor segmentation, but we later expanded the
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scope to include stroke. Moving forward, we aim to integrate explainability features into
our platform, which can be beneficial in other areas such as medical billing. For example,
by incorporating explainability, we can contribute to solving issues related to CPT coding,
where many cases are either overbilled or underbilled. This addition could not only improve
transparency in medical imaging but also provide significant value in ensuring accuracy in
healthcare documentation and billing processes.

These ideas and future directions will be elaborated more in the following paragraphs.

7.2.1.1 Background

The research has shown that brain cancer is the 10th leading cause of cancer deaths, with
glioblastoma multiforme (GBM) accounting for over 50% of cases. Annually, about 15,000
Americans are diagnosed with GBM [229], and over 10,000 die from it. The healthcare costs
for these patients are approximately $201,749 per patient within the first year of diagnosis
[230], totaling around $3 billion in the US. Neurosurgeons face limited visibility of tumor
boundaries during surgeries, crucial for complete tumor removal. Limited visibility prolongs
surgeries and affects patient survival. Current machine learning algorithms can assess tumor
severity, but they often struggle to explain their results and are mainly useful before surgery.
This highlights the need for more advanced algorithms that can predict tissue changes during
and after surgery accurately. Also, Taking into account the markets for 3D medical and
surgical imaging platforms [231], surgical navigation systems [232], surgical equipment for
neurosurgery [233], and stroke diagnostics [234], we project that the total market size will

surpass $6 billion by 2030, which is a promising market to enter.

7.2.1.2 Owverview

Our generative Al-driven platform is a novel image analysis algorithm that segments vari-
ous brain malformations to enhance diagnostic accuracy in medical imaging. The platform
also features explainability, which helps physicians understand the algorithm’s suggestions
better. Explainability enhances decision-making and builds trust in the system. The im-

provement supports early detection, diagnosis, triage prioritization, and treatment plan-
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ning, particularly for surgeries. This improvement helps in early detection, diagnosis, triage
prioritization, and treatments, especially surgeries. Our broader scope is to expand the ap-
plication of our platform’s explainability feature for other purposes, such as improving the
precision of treatment-related billing to help healthcare systems avoid financial losses due
to inaccurate coding. The error rate in medical billing is so high that it results in billions
of dollars in erroneous charges.

Our technology leverages the power of advanced, trustworthy neural network models de-
signed for high-precision brain tumor segmentation, alongside developing a cutting-edge
deep-learning tool for stroke lesion identification and classification. This approach signifi-
cantly improves the accuracy of tumor segmentation beyond the state-of-the-art. Moving
beyond earlier algorithms that focused narrowly on precise stroke lesion boundary predic-
tion, we are pioneering the development of an end-to-end object detection model. This
model incorporates a vision transformer as its backbone model to not only identify but also
segment the stroke lesions area effectively. We aim to enhance our platform with explain-
ability features, as this increases adoption rates and builds physician trust. We will extend
explainability’s use to post-treatment billing processes.This expansion shows how versatile
our technology is and helps fix major problems in medical billing, where errors often lead to
big financial losses. By improving billing accuracy, our platform helps healthcare systems
cut down on incorrect charges, demonstrating its practical usefulness and value. Originating
from extensive research, our tool employs adaptive learning techniques that continuously
refine its performance, adeptly handling the complex variations in tumor shapes and sizes.
This innovative approach ensures our technology adapts and evolves, providing consistently
reliable and enhanced diagnostic capabilities. Our technology is strategically designed to
enhance medical practices in imaging centers and hospitals. Focusing on brain tumors, it sig-
nificantly sharpens the precision of surgeries, thereby reducing operation times and fostering
quicker patient recovery. This leads to lower healthcare costs and a reduced need for repeat
surgeries, ultimately boosting the overall quality of patient care. For stroke management,
our technology plays a crucial role in emergency rooms by swiftly differentiating between
ischemic and hemorrhagic strokes—conditions that require distinctly different treatments.

Utilizing explainable AI (XAI), our system not only identifies potential ischemic strokes but
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also promptly alerts medical staff. This alert system includes explanations from the Al, and
provides the clinicians with transparent results together with its decision process. helping to
accelerate the diagnostic and treatment processes. By improving the speed and accuracy of
stroke diagnosis, our technology ensures that patients receive the optimal treatment within
a limited time, enhancing outcomes in critical care situations. This algorithm can be used
for analyzing tumors at the detection and diagnosis stages, detecting strokes in a timely
manner, and helping in performing precise surgeries. It can also be utilized in surgical navi-
gation systems. By applying this technology to reduce medical billing errors, we enhance its
market potential, making it more appealing to healthcare facilities interested in purchasing
it. Considering the relevant markets for 3D medical and surgical imaging platforms, sur-
gical navigation systems, surgical equipment for neurosurgery, and stroke diagnostics, we

estimate a market size bigger than $6 billion by 2030.

7.2.1.8 Potential Commercial Impact

We have identified several customer segments and stakeholders that could benefit from this
innovation in different ways, including healthcare improvement and financial benefits. These
include neurosurgeons, neuroradiologists, hospitals, and medical imaging centers. Although
patients are neither users nor the paying customers, they are categorized as one of the main
stakeholders as they benefit from this platform the most. Additionally, insurance companies
and preoperative planning companies are other targeted customers.

The customer need that would be met by this innovation is addressing the challenges of
limited visibility of tumor boundaries during brain tumor surgeries, which is crucial for
complete removal. This issue is especially highlighted in cranial surgeries, where full vis-
ibility relies on preoperative neuroimaging data. Limited visibility can prolong surgeries
and impact patient survival. Additionally, the subtle nature of certain tumors can make
detection and analysis difficult for neuroradiologists, leading to treatment delays and com-
plications. Accurately identifying and segmenting gliomas before surgery is challenging,
even for experienced clinicians. This highlights the need for advanced algorithms that can

predict tissue changes during and after surgery. Our platform addresses these challenges by
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helping neuroradiologists improve the accuracy and speed of their diagnoses and analyses.
It also provides explanations for the final findings and decisions, ensuring that the choices
made are valid and understandable to physicians. This helps neurosurgeons in performing
tumor resection surgeries with greater precision and less damage to healthy tissue, resulting
in higher survival rates and reduced chances of functional loss in patients. Based on market
research and previous interviews with customers across various segments, we estimate that
hospitals and medical centers might pay between 20,000and50,000 annually for a license
to our technology. This estimate aligns with the pricing models of competitors and similar
companies in the field.

Currently, neuroradiologists identify and detect tumors based solely on their observations
and manually define tumor boundaries for analysis. This process is time-consuming and
can be challenging, especially when detecting subtle tumors. Neurosurgeons also perform
manual segmentation before surgery, which is time-consuming and less accurate compared

to Al algorithms.

7.2.1.4 Innovation

Our innovation aims to develop an advanced algorithm to enhance tumor detection, im-
prove stroke diagnostics, and potentially expand to other neurodegenerative diseases in
neuroimaging. The proposed innovation leverages deep learning techniques on medical im-
ages to improve the accuracy and speed of detection, diagnosis, and precision in brain tumor
resection surgeries by performing tumor and stroke segmentation from MRI scans. To this
end, we have built a framework that achieves segmentation in MRI scans of the mentioned
diseases with higher accuracy. This innovation originates from the team’s participation in
a global research challenge, called BraT$S challenge. The model was trained on the BraTS
Challenge 2023 dataset. This dataset includes multi-institutional, clinically acquired preop-
erative multimodal MRI scans of glioblastoma and low-grade glioma including native (T1),
post-contrast T1-weighted (T1Gd), T2-weighted (T2), and Fluid Attenuated Inversion Re-
covery (FLAIR) volumes. The model was trained using a compound loss function to predict

the tumor core, enhancing tumor, and whole tumor. We achieved an average Dice score



124

of 92.15% on the validation dataset. Our work shows the potential of further improving
tumor segmentation by combining diffusion models and discrepancy modeling. Our original
NSF LEAP-HI award (CMMI #2227232) titled “LEAP-HI: Tackling Brain Diseases with
Mechanics: A Data-Driven Approach to Merge Advanced Neuroimaging and Multi-Physics
Modeling”, proposed to develop methodologies to study neurological disorders. As part of
this study, we have developed novel machine learning methods for accurate analysis and
segmentation of brain tumors and substructures in MR images. As such, the fundamental

research conducted as part of this NSF award led to the innovative project proposed here.

7.2.1.5 Progress Steps and Commercialization Plan

As part of my postdoctoral journey, I will be joining the Postdoctoral Entrepreneurship
Program with CoMotion, where I will focus on advancing NeuroSeg. Our team has already
taken significant steps towards commercialization. We participated in the regional I-Corps
program, conducting 16 customer interviews, and successfully secured the Gap Fund Award
through our participation in the Gap Fund Program. Following this, our application to the
NSF I-Corps program was accepted, resulting in an interview and an invitation to submit a
full proposal. We are set to participate in the third winter cohort. Additionally, we applied
to the Female Founded Conference and were accepted for the first phase, where we were
asked to submit a video. If we advance in this round, we will move on to a pitch session in

November. Throughout this program, we aim to achieve the following objectives:

Establish a clear commercialization path for NeuroSeg.

Develop a robust business model with backup plans for risk mitigation.

Conduct a thorough competitive analysis to consider critical market dynamics.

Secure intellectual property protection to safeguard against potential challenges.

Identify primary customers and target beachhead customers for the NSF I-Corps in-

terviews.
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Gain familiarity with regulatory affairs to set up an effective future plan.

Prepare for potential market retaliation.

Perform a comprehensive SWOT analysis to address critical factors.

Conduct detailed cost and financial analysis to refine our business and revenue models.

Establish clear margin expectations.

Submit the SBIR/STTR grant application and aim to secure funding.

Identify and prioritize the best potential investment sectors for funding.

These activities are designed to enhance the commercial readiness and value of our technol-
ogy, ensuring we are positioned for a successful market entry. Furthermore, it is crucial to
examine reimbursement systems and potential coverage based on our business model and
market analysis findings. Like any startup, we anticipate multiple barriers before entering
the market. Identifying these barriers and actively engaging with early adopters and key
opinion leaders in the field will be essential to overcoming challenges related to market
adoption.
7.2.2  Commercialization Strategy

In outlining the commercialization path for NeuroSeg, we are integrating customer dis-
covery, market analysis, product analysis, and financial planning. Initially, we conducted
customer interviews to understand their needs and gather feedback on potential applica-
tions of our technology. This feedback is pivotal in refining our business model, taking into
account competitor products, market dynamics, and essential distribution channels. We
thoroughly analyze our product’s unique selling points, including cost, performance, and
regulatory considerations, ensuring it stands out in the marketplace. Financially, we assess
the production and delivery costs, explore funding opportunities such as private investments
or grants, and calculate potential revenue and margins to ensure project sustainability. This

comprehensive approach forms a well-rounded strategy, addressing customer preferences,
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market needs, and financial viability, thereby maximizing the chances of successful com-
mercialization for NeuroSeg.
The findings discussed in this chapter have been previously published in several papers,
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Appendix A

COMPREHENSIVE OVERVIEW OF PARAMETERS INCLUDED IN
CHAPTER 6

A.0.1 MRI Morphometric Measures

MRI morphometrics were included in four main categories for each hemishpere, including
meancurve, area, thickness, and volume for various regions and each of these groups included
multiple features. also another category was considered among these metrics which was

subcortical volume.
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Table A.1: Neuropsychiatric Metrics

Variable Name

Label

Important Notes

BIS-Tot

BIS-11 Total Score

Represents overall impulsiveness score from the
Barratt Impulsiveness Scale-11, assessing impul-

sivity traits.

ABIS-Attention

ABIS Attentional Impulsive-

ness Factor Score

Measures impulsiveness related to attentional

focus, part of the ABIS.

ABIS-Motor

ABIS Motor Impulsiveness

Factor Score

Assesses impulsive actions or motor responses,

derived from the ABIS scale.

ABIS-Nonplanning

ABIS Non-planning Impul-

siveness FFactor Score

Evaluates impulsivity related to future planning

and foresight, part of ABIS.

BAITot BAI Total Score Total score from the Beck Anxiety Inventory
(BAT), assessing the severity of anxiety symp-
toms.

BDITot BDI-II Total Score Total score from the Beck Depression Inventory-
II, used for measuring depression severity.

bhstot BHS Total Score Total score from the Beck Hopelessness Scale
(BHS), evaluating negative outlook and hope-
lessness.

BDHI-Total BDHI Total Score Total score from the Buss-Durkee Hostility In-
ventory, assessing levels of hostility.

CNSTot CNS-LS Total Score Overall score on the CNS-Lability Scale (CNS-
LS), evaluating emotional lability.

pcltot PCL-5 Total Symptom Sever- | Total symptom severity score from the PTSD

ity Score

Checklist for DSM-5 (PCL-5), indicating PTSD

symptoms.

BGLHA _Childhood_Total

BGLHA Childhood Total

Score

Childhood score from the Behavioral Health and
Lifestyle Assessment (BGLHA), capturing early

behavioral health indicators.

BGLHA _Adolescence_Total

BGLHA Adolescence Total

Score

Adolescence score from the BGLHA, assessing

behavioral health during adolescence.

BGLHA _Adulthood_Total

BGLHA Adulthood Total

Score

Adulthood score from the BGLHA, reflecting

behavioral health and lifestyle in adulthood.

NBD-Tot

Total Neurobehavioral Dys-

regulation Score

Comprehensive score assessing neurobehavioral
dysregulation, indicating behavioral irregulari-

ties.
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Table A.2: neurocognitive/Neuropsychiatric Measures Metrics (BRIEF-A Metacognition)

Variable Name

Label

Important Notes

MI

Meta-Cognition Index (MI):

Total score

Represents the overall score for metacognitive
abilities, assessing self-awareness and control

over one’s own cognitive processes.

TMI Meta-Cognition Index (MI): | Standardized T-score for the Meta-Cognition In-
T-score dex, useful for comparisons across populations.
GEC General Executive Composite | Total score of executive functioning, measur-
(GEC): Total score ing abilities like planning, organizing, and goal-
setting.
TGEC General Executive Composite | Standardized T-score for the General Executive
(GEC): T-score Composite, facilitating cross-sectional analysis.
BRI Behavioral Regulation Index | Summative score indicating behavioral regula-
(BRI): Total score tion capabilities, including impulse control and
self-monitoring.
TBRI Behavioral Regulation Index | T-score version of the BRI, providing normative
(BRI): T-score data comparison for behavioral regulation.
inhibit Inhibit Clinical Scale Assesses an individual’s ability to control im-
pulses and refrain from inappropriate responses.
shift Shift Clinical Scale Measures cognitive flexibility, or the ability to
transition between tasks or mental states.
EmotCont Emotional Control Clinical | Evaluates the ability to manage emotional re-
Scale sponses appropriately in various situations.
SelfMon Self-Monitor Clinical Scale Indicates the ability to observe and regulate
one’s own behavior in social settings.
initiate Initiate Clinical Scale Assesses the ability to begin tasks independently
and generate ideas.
WorkMem Working Memory Clinical | Measures capacity to hold and manipulate in-
Scale formation over short periods.
PlanOrg Plan/Organize Clinical Scale | Evaluates skills in planning, organizing, and
managing current and future-oriented tasks.
taskmon Task Monitor Clinical Scale Assesses an individual’s ability to track task
progress and adjust performance as needed.
orgmat Organization of Materials | Measures ability to keep track of personal items

Clinical Scale

and belongings in an organized manner.
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Table A.3: Blood biomarkers 1.

Variable Name

Label

Important Notes

p-Ab40 Plasma Abetad0 Concentra- | Abetad0 is a form of amyloid-beta protein; ab-
tion (pg/dL) normal levels are linked to Alzheimer’s and other
neurodegenerative diseases.
pP_-Ab42 Plasma Abeta42 Concentra- | Abetad2, like Abetad0, is an amyloid-beta pro-
tion (pg/dL) tein variant.  Abnormal ratios of Abctad2
to Abetad) can be significant in diagnosing
Alzhcimer’s.
p-GFAP Plasma GFADP Concentration | GFAP (Glial Fibrillary Acidic Protein) is a
(pg/dL) marker for astrocytic damage; elevated levels are
associated with brain injury and neurodegener-
ation.
p-NfL Plasma NfL Concentration | NfL (Neurofilament Light Chain) is a marker of

(pg/dL)

neuronal injury, useful for monitoring neurode-

generative disease progression.

p-Ab40_FLAG_below_ref_range | Below Reference Range for | Indicates if Abetad0 levels are below the estab-
Abetad0 lished reference range. Useful for tracking ab-
normal levels in context.
p-Ab42 FLAG below_ref range | Below Reference Range for | Indicates if Abetad2 levels are below the ref-
Abetad2 erence range, providing context for evaluating
amyloid-beta concentration.
p-GFAP _FLAG below_ref range | Below Reference Range for | Identifies if GFAP is below the reference range,
GFAP indicating a lack of astrocytic response if
flagged.
p-NfL_FLAG_below_ref_range Below Reference Range for | Highlights if NfL is below the reference range;

NfL

low levels may be relevant in monitoring baseline

values in neurodegeneration studies.

p-PDGFRbeta

Plasma PDGFRbeta Concen-

tration (pg/mL)

PDGFRbeta is involved in cellular growth and
repair mechanisms. Changes in levels may indi-

cate disruptions in neurovascular function.

p-PDGFRbeta_ FLAG _other

Other PDGFRbeta Flags

Flags additional abnormalities related to

PDGFRbeta; context-dependent for analyzing

irrecgular concentrations.

p-pT181

Plasma pT181 Concentration

(pg/mL)

pT181 is a phosphorylated form of tau protein.
Elevated levels are implicated in tanopathies like

Alzhcimer’s discasc.
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Table A.4: Blood biomarkers 1.

Variable Name | Label Important Notes
p-pT231 Plasma pT231 Concentration | Another phosphorylated tau form; pT231 lev-
(pg/mL) els can indicate tau pathology, relevant in

Alzheimer’s and related neurodegenerative con-

ditions.
p-ttau Plasma Total Tau Concentra- | Total tau is a marker for overall tau pathology.
tion (pg/mL) Elevated tau levels can indicate neural cell dam-

age and neurodegeneration.
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Table A.5: Blood biomarkers 2.

Variable Name | Label Important Notes
Qalb Qalb  (mg/g) -  (CSF | The Qalb ratio indicates the blood-brain barrier
conc/serum conc) integrity, with abnormal levels suggesting per-
meability issues linked to neuroinflammation or

neurodegeneration.
s_alb Serum Albumin Concentra- | Serum albumin is a primary protein in blood; its

tion (g/dL)

levels reflect overall health, with deviations po-

tentially indicating liver dysfunction or systemic

inflammation.
p-IL_17A_F _cv | Plasma interleukin-17A /F | Coefficient of variation for IL-17A /F concentra-
Cv tions; monitors consistency and reliability of IL-
17A/F measurements in plasma.
pIL_17A_F Plasma interleukin-17A /F | IL-17A/F are pro-inflammatory cytokines in-
Concentration (pg/mL) volved in immune responses; elevated levels may
indicate inflammatory conditions, including au-
toimmune disorders.
pIL_17B_cv Plasma interleukin-17B CV Coefficient of variation for IL-17B concentra-
tions; ensures measurement reliability of IL-17B
levels in plasma.
pIL 17B Plasma interleukin-17B Con- | IL-17B is part of the IL-17 family involved in in-
centration (pg/mL) flammatory responses; higher levels may be as-
sociated with autoimmune or inflammatory dis-
eases.
pIL 17C_cv Plasma interleukin-17C CV Coefficient of variation for IL-17C concentra-
tions, which helps assess the consistency of IL-
17C plasma measurements.
pIL_17C Plasma interleukin-17C Con- | IL-17C plays a role in innate immunity and in-
centration (pg/mL) flammation; its expression can be elevated in re-
sponse to infection or autoimmune diseases.
pIL 17D cv Plasma interleukin-17D CV Cocfficient of variation for IL-17D measure-

ments, reflecting data consistency for this cy-

tokine’s concentration.
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Table A.6: Blood biomarkers 2.

Variable Name

Label

Important Notes

p-IL_17D Plasma interleukin-17D Con- | IL-17D is another member of the IL-17 family,
centration (pg/mL) involved in regulating inflammatory processes;
elevated levels may indicate chronic inflamma-
tory conditions.
p-IL_1RA cv Plasma interleukin-1RA CV Coeflicient of variation for IL-1RA concentra-
tions; indicates reliability in measuring IL-1RA,
an anti-inflammatory cytokine.
p-IL_1RA Plasma interleukin-1RA Con- | IL-1RA is an anti-inflammatory cytokine that
centration (pg/mL) blocks IL-1 signaling; elevated levels may help
mitigate inflammatory responses.
pIL 3 cv Plasma interleukin-3 CV Coefficient of variation for IL-3 concentrations;
ensures consistency in IL-3 plasma measurement
data.
p-IL_3 Plasma interleukin-3 Concen- | IL.-3 is involved in hematopoiesis and immune
tration (pg/mL) regulation; high levels may indicate immune ac-
tivation or inflammatory responses.
pIL 9 cv Plasma interleukin-9 CV Cocfficient of variation for I1.-9 concentrations;
provides data consistency for IL-9 measure-
ments.
p-IL_9 Plasma interleukin-9 Concen- | IL-9 is associated with T-helper cell responses
tration (pg/mL) and can play a role in asthma and other allergic
responses.
p-TSLP cv Plasma thymic stromal lym- | Coefficient of variation for TSLP measurements;

phopoietin CV

provides consistency data for TSLP concentra-

tions in plasma.
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Table A.7: Blood biomarkers 2.

Variable Name

Label

Important Notes

p_TSLP

Plasma thymic stromal lym-
phopoietin Concentration

(pg/mL)

TSLP is involved in the regulation of immune
responses and is linked to allergic inflammation

and immune system dysregulation.

p-IL_17AGenB _cv

Plasma interleukin-17A Gen-

eration B CV

Coefficient of variation for IL-17A Generation
B; provides consistency data for IL-17A mea-

surements in Generation B plasma samples.

p-IL_17AGenB

Plasma interleukin-17A Gen-

IL-17A is a pro-inflammatory cytokine that

eration B Concentration | plays a critical role in autoimmune conditions
(pg/mL) and inflammatory responses.

p-IL_21 cv Plasma interleukin-21 CV Coefficient of variation for IL-21 concentrations,
which ensures reliable and consistent IL-21 data.

p-IL_21 Plasma interleukin-21 Con- | IL-21 is a cytokine involved in regulating im-

centration (pg/mL) mune cells, contributing to immune responses
and inflammation.

p-IL_22 cv Plasma interleukin-22 CV Coefficient of variation for I1.-22 concentrations,
confirming data consistency for IL-22 measure-
ments.

p-IL_22 Plasma interleukin-22 Con- | [L-22 is important in immune defense and tissue

centration (pg/mL) repair, especially in mucosal tissues and epithe-
lial cell health.

pIL 23 cv Plasma interleukin-23 CV Coefficient of variation for I-23, confirming
consistency in I1.-23 measurements for reliabil-
ity in inflammatory response assessment.

p-IL_23 Plasma interleukin-23 Con- | IL-23 is involved in inflammatory responses and

centration (pg/mL) plays a key role in autoimmune conditions.
pIL_27 cv Plasma interleukin-27 CV Coefficient of variation for IL-27 concentrations,

ensuring reliability of 11.-27 measurements.
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Table A.8: Blood biomarkers 2.

Variable Name

Label

Important Notes

p-IL_27

Plasma interleukin-27 Con-

centration (pg/mL)

IL-27 regulates immune responses, with implica-

tions in inflammatory conditions and infection

defense.

pIL 31 cv Plasma interleukin-31 CV Coefficient of variation for IL-31, aiding in mea-
surement, consistency for studies on skin and
chronic inflammatory diseases.

p-IL_31 Plasma interleukin-31 Con- | IL-31 is primarily associated with inflammatory

centration (pg/mL)

and allergic responses, playing a significant role

in itch and dermatitis.

p-MIP_3alpha_cv

Plasma macrophage inflam-

matory protein-3 alpha CV

Coefficient of variation for MIP-3, essential for
verifying the consistency of inflammatory re-

sponse data.

p-MIP _3alpha

Plasma macrophage inflam-
matory protein-3 alpha Con-

centration (pg/mL)

MIP-3 plays a role in immune cell recruitment to
inflammation sites, relevant in immune response

studies.

P-CRP cv Plasma C-reactive protein CV | Coeflicient of variation for CRP measurements,
crucial for consistent data on inflammatory
markers.

pP-CRP Plasma  C-reactive protein | CRP is a marker of inflammation, with elevated

Concentration (pg/mL) levels indicating systemic inflammation or infec-
tion.

pICAM_1 cv Plasma intercellular adhesion | Coefficient of variation for ICAM-1, useful for

molecule-1 CV

ensuring reliable adhesion molecule measure-

ments related to immune response.
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Table A.9: Blood biomarkers 2.

Variable Name

Label

Important Notes

p ICAM_1 Plasma intercellular adhesion | ICAM-1 plays a crucial role in immune cell re-
molecule-1 Concentration | cruitment and adhesion, relevant in inflamma-
(pg/mL) tion studies.

P-SAA _cv Plasma serum amyloid A CV | Cocfficient of variation for SAA levels, ensuring
measurement, consistency in inflammation and
acute-phase response studies.

P-SAA Plasma serum amyloid A | SAA is an acute-phase protein linked to inflam-

Concentration (pg/mL)

mation, used as a biomarker for systemic inflam-

matory responses.

p-VCAM_1_cv

Plasma vascular cell adhesion

molecule-1 CV

Coefficient of variation for VCAM-1 levels,
which ensures reliable measurement for inflam-

mation and endothelial function studies.

p-VCAM_1 Plasma vascular cell adhe- | VCAM-1 aids in immune cell adhesion and
sion molecule-1 Concentration | movement across endothelium, relevant in vas-
(pg/mL) cular inflammation.
p_Fit_1 cv Plasma Fms-like tyrosine | Coefficient of variation for Fit-1, ensuring reli-
kinase-1 CV able measurements in vascular growth and de-
velopment studies.
p Fit 1 Plasma Fms-like tyrosine | Fit-1 is essential in angiogenesis and vascular
kinase-1 Concentration | function, involved in endothelial growth and re-
(pg/mL) pair.
p-PIGF cv Plasma placental growth fac- | Coefficient of variation for PIGF, confirming
tor CV consistent measurements relevant to angiogen-
esis and placental function.
p_PIGF Plasma placental growth fac- | PIGF is a key factor in angiogenesis, with roles
tor Concentration (pg/mL) in placental development and vascular health.
p-Tie 2 cv Plasma tyrosine kinase-2 CV | Coeflicient of variation for Tie-2, ensuring con-
sistent measurement for studies on vascular in-
tegrity and endothelial function.
p_Tie 2 Plasma tyrosine kinase-2 Con- | Tie-2 plays a role in vascular stability and in-

centration (pg/mL)

tegrity, especially in endothelial cell signaling.
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Table A.10: Blood biomarkers 2.

Variable Name

Label

Important Notes

pP-VEGF_A_2 cv

Plasma vascular endothelial

growth factor-A (VEGF-A)

CV for VEGF-A, ensuring measurement accu-

racy in studies focused on vascular growth and

CV from Angiogenesis Panel | repair.
1

p-VEGF_A_2 Plasma vascular endothelial | VEGF-A is critical for blood vessel formation,
growth factor-A (VEGF-A) | playing roles in angiogenesis and wound healing.
Concentration (pg/mL) from
Angiogenesis Panel 1

p-VEGF_C_cv Plasma vascular endothelial | Coefficient of variation for VEGF-C, ensuring
growth factor-C (VEGF-C) | reliable data in lymphangiogenesis studies.
(2%

pP_-VEGF_C Plasma vascular endothelial | VEGF-C supports lymphangiogenesis and vas-
growth factor-C (VEGF-C) | cular function, relevant in cancer and immune
Concentration (pg/mL) studies.

pP-VEGF_D_cv Plasma vascular endothelial | CV for VEGF-D, ensuring consistent data for
growth factor-D (VEGF-D) | vascular and lymphatic health research.
CV

pP-VEGF_D Plasma vascular endothelial | VEGF-D is associated with lymphatic vessel
growth factor-D (VEGF-D) | growth and remodeling, relevant in cancer and
Concentration (pg/mL) tissue repair.

p-bFGF_cv Plasma  basic  fibroblast | Coefficient of variation for bFGF, ensuring mea-
growth factor CV surement consistency, crucial in studies of cell

growth and wound healing.
p-bFGF Plasma  basic  fibroblast | bFGF is a key growth factor involved in tissue

growth factor Concentration

(pg/mL)

repair and regeneration, playing roles in angio-

genesis and cell proliferation.

p-INF_gamma_cv

Plasma interferon gamma CV

Coefficient of variation for interferon gamma,
crucial for reliable data in immune response

studies.

pP_INF_gamma

Plasma interferon gamma

Concentration (pg/mL)

Interferon gamma is essential in immune de-

fense, especially against infections, and is used

to assess immune activation.
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Table A.11: Blood biomarkers 2.

Variable Name

Label

Important Notes

p-IL_10_cv Plasma interleukin-10 CV Coefficient of variation for IL.-10, ensuring reli-
able readings for immune modulation and anti-
inflammatory response.

p-IL_10 Plasma interleukin-10 Con- | IL-10 is an anti-inflammatory cytokine, relevant

centration (pg/mlL)

in regulating immune responses and inflamma-

tion.

p-IL_12p70_cv

Plasma interleukin-12p70 CV

Coeflicient of variation for IL-12p70, ensuring
data consistency in studies on immune function

and inflammation.

p-IL_12p70 Plasma interleukin-12p70 | IL-12p70 is involved in activating immune re-
Concentration (pg/mlL) sponses, important in inflammation and infec-
tion response studies.
pIL_13 cv Plasma interleukin-13 CV Coeflicient of variation for I1.-13, providing con-
sistent measurements for studies on allergy and
immune regulation.
pIL_13 Plasma interleukin-13 Con- | IL-13 is associated with allergic responses and

centration (pg/mL)

immune regulation, playing a role in inflamma-

tory processes.

p-IL_1 _alpha cv | Plasma interleukin-lalpha | Coefficient of variation for IL-lalpha, ensur-
CV ing consistent measurement in inflammatory re-
sponse studies.
p_IL_1 _alpha Plasma interleukin-lalpha | IL-1lalpha is a pro-inflammatory cytokine, cru-
Concentration (pg/mL) cial in the body’s inflammatory response.
pIL 2 cv Plasma interleukin-2 CV Coefficient of variation for IL-2, confirming con-
sistent data in immune system activation stud-
ies.
pIL_2 Plasma interleukin-2 Concen- | IL-2 promotes T-cell growth and is vital for im-
tration (pg/ml) mune regulation and response.
pIL 4 cv Plasma interleukin-4 CV Coefficient of variation for IL-4, ensuring reliable

measurement for studies related to allergy and

immune function.
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Table A.12: Blood biomarkers 2.

Variable Name

Label

Important Notes

p-IL 4 Plasma interleukin-4 Concen- | I1-4 is involved in immune response modulation,
tration (pg/mL) influencing B-cell proliferation and allergy re-
sponse.
pIL_6_cv Plasma interleukin-6 CV Coefficient of variation for IL-6, essential for
consistent measurement in inflammation stud-
ies.
p-IL_6 Plasma interleukin-6 Concen- | IL-6 is a key inflammatory cytokine; its levels
tration (pg/mL) are associated with chronic inflammation and
autoimmune diseases.
p-IL 8 cv Plasma interleukin-8 using IL.- | Coefficient of variation for IL-8, ensuring data
8 ab CV reliability in studies involving immune cell re-
cruitment.
p-IL_8 Plasma interleukin-8 using IL- | IL-8 is a chemokine involved in attracting im-

8 ab Concentration (pg/mL)

mune cells to inflammation sites, playing a role

in immune defense.

p-TNF _alpha cv

Plasma tumor necrosis factor

alpha CV

Coefficient of variation for TNF-alpha, provid-
ing measurement consistency for inflammation

studies.

p-TNF_alpha

Plasma tumor necrosis factor

alpha Concentration (pg/mlL)

TNF-alpha is a major pro-inflammatory cy-
tokine, crucial for studying inflammation and

immune response.

p_Eotaxin_cv

Plasma exotaxin CV

Coeflicient of variation for Eotaxin, ensuring re-
liable data in chemokine studies linked to aller-

gies.

p_Eotaxin

Plasma exotaxin Concentra-

tion (pg/mL)

Eotaxin is a chemokine involved in the recruit-
ment of eosinophils, associated with allergic re-

sponses.

p-Eotaxin_3_cv

Plasma exotaxin-3 CV

Coefficient of variation for Eotaxin-3, for reli-
able data in inflammation and allergic reaction

studies.
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Table A.13: Blood biomarkers 2.

Variable Name

Label

Important Notes

p_Eotaxin_3 Plasma exotaxin-3 Concen- | Eotaxin-3 plays a role in immune response and
tration (pg/mL) is linked to inflammation and allergy.
pIL 8 2 cv Plasma interleukin-8 using | Coefficient of variation for IL-8 (HA ab), crucial
HA ab CV for consistent immune response measurements.
p-IL. 8.2 Plasma interleukin-8  us- | IL-8 (HA ab) is involved in immune cell recruit-
ing HA ab Concentration | ment and inflammation regulation.
(pg/mL)
pIP_10_cv Plasma IP-10 CV Coefficient of variation for TP-10, supporting re-
liable data on immune response under various
conditions.
pIP_10 Plasma IP-10 Concentration | IP-10 is a chemokine involved in immune re-
(pg/mL) sponse and inflammation, linked to chronic dis-
ease states.
p-MCP_1 cv Plasma monocyte chemotac- | Coefficient of variation for MCP-1, critical for
tic protein-1 CV consistent data on immune cell migration.
p-MCP_1 Plasma monocyte chemotac- | MCP-1 is essential for immune cell recruitment,
tic protein-1 Concentration | associated with inflammation and chronic dis-
(pg/mL) ease.
p-MCP 4 cv Plasma monocyte chemotac- | Coeflicient of variation for MCP-4, providing re-
tic protein-4 CV liable measurements in chemokine and immune
studies.
p-MCP 4 Plasma monocyte chemotac- | MCP-4 is a chemokine linked to immune cell
tic protein-4 Concentration | migration, relevant to inflammatory responses.
(pg/mL)
p-MDC cv Plasma MDC CV Coefficient of variation for MDC, ensuring data

consistency for chemokine studies and immune

research.
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Table A.14: Blood biomarkers 2.

Variable Name

Label

Important Notes

p-MDC

Plasma MDC Concentration
(pg/mL)

MDC (Macrophage-Derived Chemokine) is in-
volved in immune cell recruitment, relevant to

inflammatory responses.

p-MIP _lalpha_cv

Plasma MIP-1alpha CV

Coeflicient of variation for MIP-1alpha, essential

for data reliability in inflammation research.

p_-MIP _lalpha

Plasma MIP-lalpha Concen-

tration (pg/mL)

MIP-1alpha is a chemokine involved in immune
response, particularly in inflammation and tis-

sue injury.

p-MIP_1_beta_cv

Plasma MIP-1beta CV

Coefficient of variation for MIP-1beta, ensuring

data consistency in chemokine-related studies.

pP-MIP_1_beta

Plasma MIP-1beta Concen-

tration (pg/mL)

MIP-1beta is a chemokine linked to immune cell

activation and inflammation.

pP-TARC cv Plasma TARC CV Coefficient of variation for TARC, supporting re-
liable measurements in immune response stud-
ies.

p-TARC Plasma TARC Concentration | TARC is a chemokine involved in immune cell

(pg/mL)

recruitment, important in inflammatory pro-

cesses.

pP-GM_CSF _cv

Plasma granulocyte-

macrophage colony  stim-

ulating factor CV

Coefficient of variation for GM-CSF, critical for

consistent immune response data.

pP-GM_CSF Plasma granulocyte- | GM-CSF supports white blood cell production,
macrophage colony stim- | particularly in inflammation and immune re-
ulating factor Concentration | sponse.
(pg/mL)

p-IL_12_TL_23p40_cv | Plasma interleukin- | Coeflicient of variation for IL-12/TL-23p40, en-

12/interleukin-23p40 CV

suring reliable cytokine measurements.

p_IL_12_1L_23p40

Plasma interleukin-
12/interleukin-23p40 Concen-

tration (pg/mL)

IL-12/IL-23p40 is a subunit shared by IL-12 and

11-23, involved in immune response modulation.
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Table A.15: Blood biomarkers 2.

Variable Name

Label

Important Notes

pIL_15 cv Plasma interleukin-15 CV Cocfficient of variation for IL-15, necessary for
consistent immune study measurements.
pIL_15 Plasma interleukin-15 Con- | IL-15 is crucial for T-cell proliferation and im-
centration (pg/mL) mune function, relevant in autoimmune studies.
pIL_16_cv Plasma interleukin-16 CV Cocfficient of variation for IL-16, ensuring data
consistency in cytokine research.
p-IL_16 Plasma interleukin-16 Con- | IL-16 acts as a chemoattractant for immune
centration (pg/mL) cells, implicated in inflammatory responses.
pIL_17A cv Plasma interleukin-17A CV Coefficient of variation for IL-17A, supporting
reliable inflammatory marker measurements.
pIL_17A Plasma interleukin-17A Con- | IL-17A is a pro-inflammatory cytokine, often el-

centration (pg/mL)

evated in autoimmune diseases.

p-IL_1 beta_cv

Plasma interleukin-1 beta CV

Coefficient of variation for IL-1 beta, ensuring

data consistency in inflammation studies.

p-IL_1 _beta Plasma interleukin-1 beta | IL-1 beta is a pro-inflammatory cytokine in-
Concentration (pg/mL) volved in immune responses and chronic inflam-
mation.
pIL 5 cv Plasma interleukin-5 CV Coeflicient of variation for IL-5, essential for re-
liable data in studies of allergic inflammation.
pIL_5 Plasma interleukin-5 Concen- | IL-5 is involved in the activation and growth of
tration (pg/mL) eosinophils, commonly associated with allergic
inflammation.
pIL 7 cv Plasma interleukin-7 CV Coefficient of variation for IL-7, ensuring consis-
tency in cytokine data.
pIL_7 Plasma interleukin-7 Concen- | IL-7 supports T-cell development and homeosta-

tration (pg/mL)

sis, relevant for immune function.
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Table A.16: Blood biomarkers 2.

Variable Name

Label

Important Notes

p-TNF _beta_cv

Plasma tumor necrosis factor

Coefficient of variation for TNF-beta, providing

beta CV data reliability in inflammatory studies.
p-TNF_beta Plasma tumor necrosis factor | TNF-beta is a cytokine involved in systemic in-
beta Concentration (pg/mL) | flammation, linked to autoimmune discases.
pP-VEGF _A cv Plasma vascular endothelial | Coefficient of variation for VEGF-A, critical for
growth factor (VEGF-A) CV | maintaining accurate angiogenesis-related mea-
surements.
p-VEGF_A Plasma vascular endothelial | VEGF-A promotes blood vessel growth; it is sig-

growth factor (VEGF-A)

Concentration (pg/mlL)

nificant in cancer, wound healing, and cardiovas-

cular health.

p-asyn_cv

Plasma alpha-synuclein CV

Coefficient of variation for alpha-synuclein, en-
suring consistency in measurements associated

with neurodegenerative conditions.

p-asyn Plasma alpha-synuclein Con- | Alpha-synuclein is a protein associated with
centration (pg/mL) neurodegenerative diseases like Parkinson’s; ab-
normal levels are relevant in neurological stud-

ies.
p-Hb Hemoglobin  Concentration | Hemoglobin is a marker for oxygen transport in
(ng/mL) the blood, crucial for evaluating overall health

and anemia.

dxcte_asyn_p_flag dv

Dilution Flag - Samples were

re-run at a higher dilution

Quality assurance flag indicating samples re-
quired higher dilution for accurate alpha-

synuclein measurement.
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Table A.17: CSF biomarkers 1.

Variable Name

Label

Important Notes

c_strem2_FLAG _insufficient

Flag for Insufficient Strem2

Quality assurance indicator noting insufficient

sample quantity for Strem2 measurement.

c_PDGFRbeta FLAG _insufficient

Flag for Insufficient PDGFR-

beta

Indicates insufficient sample amount for accu-

rate PDGFRbeta concentration measurement.

c_strem?2

CSF  Strem2 Concentration
(pg/mL)

Strem?2 is associated with immune response in
the brain; abnormal levels may be linked to neu-

roinflammation.

c_PDGFRbeta

CSF PDGFRbeta Concentra-

tion (pg/mL)

PDGFRbeta is involved in cell growth; its pres-
ence in CSF may indicate neurovascular func-

tion changes.

c_Ab40 CSE Abetad0 Concentration | Abeta40 is a form of amyloid-beta, with abnor-
(pg/mL) mal levels potentially linked to Alzheimer’s dis-
ease.
c_Ab42 CSF Abetad42 Concentration | Abetad?2 is another amyloid-beta variant; its ra-
(pg/mL) tio to Abetad0 is crucial for Alzheimer’s diagno-
sis.
c_pT181 CSF  pT181 Concentration | pT181 is a phosphorylated tau protein variant,

(pg/mL)

commonly elevated in Alzheimer’s disease.

c_tTau_ FLAG _below_ref_range

Flag - Below Reference Range

for Total Tau

Indicates it CSF total tau is below the reference
range, affecting interpretation in neurodegener-

ative studies.

c_FLAG_hemolysis

Hemolysis Flag

Quality flag indicating sample hemolysis, which

can impact the accuracy of biomarker levels.

c_tTau_FLAG._insufficient

Insufficient Flag for Total Tau

Notes insufficient sample quantity for reliable to-

tal tau measurement.

c_ttau CSF Total Tau Concentration | Total tau is an indicator of neurodegeneration;
(pg/mL) elevated levels suggest neural cell damage.
c_NfL CSF  NfL  Concentration | Neurofilament light chain (NfL) is a marker for
(pg/mL) neuronal injury, often used in neurodegenerative
disease monitoring.
c_GFAP CSF GFAP Concentration | Glial fibrillary acidic protein (GFAP) is linked
(pg/mL) to astrocyte activation and damage, relevant in
brain injury.
c_pT231 CSE pT231 Councentration | Another tau phosphorylation site: pT231 is
(pg/mL) studied in tauopathies like Alzheimer’s.
c_pT217 CSF  pT217 Concentration | pT217 is a phosphorylated tau marker, rele-

(pg/mL)

vant in diagnosing Alzheimer’s and related con-

ditions.

dxcte_ptau217_csf flag dv

Quality Flag for CSF pTau
217

Ensures accuracy for pTau 217 measurements by

flagging quality issues.
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Table A.18: CSF biomarkers 2.

Variable Name

Label

Important Notes

Qalb

Qalb  (mg/g) - (CSF

conc/serum conc)

Qalb ratio helps in assessing the blood-brain
barrier integrity by comparing albumin levels in

CSF and serum.

dxcte_albumin _csf flag dv

Quality Flag - Sample had
pink CSF

Indicates sample quality; pink coloration in CSF
may affect measurements, signaling potential

contamination or bleeding.

c_alb

CSF Albumin Concentration
(mg/dL)

CSF albumin levels are used to evaluate blood-
brain barrier function, with high levels often in-

dicating barrier breakdown.

cIL_17A_F _cv

CSF interleukin-17A /F CV

Reflects the coefficient of variation for IL-
17A/F, important for assessing inflammatory re-

sponse accuracy.

c IL_17A_F CSF interleukin-17A/F Con- | IL-17A/F is linked to immune response and in-
centration (pg/mL) flammation, with elevated levels indicating neu-
roinflammatory conditions.

c IL_17B_cv CSF interleukin-17B CV Coefficient of variation for IL-17B, providing
insight into data consistency for inflammatory
markers.

c_IL_17B CSF interleukin-17B Concen- | IL-17B plays a role in neuroinflammation, with

tration (pg/mL) abnormal levels indicating immune response
variations.

cIL_17C_cv CSF interleukin-17C CV Variation metric for 1L-17C, ensuring reliable
measurement for neuroinflammatory response
analysis.

cIL_17C CSF interleukin-17C Concen- | IL-17C is associated with immune cell recruit-

tration (pg/mL) ment; higher levels suggest increased inflamma-
tory activity in the CNS.

cIL_17D_cv CSF interleukin-17D CV Represents the consistency of IL-17D values,
useful for determining inflammatory response
reliability.

c IL_17D CSF interleukin-17D Concen- | IL-17D is involved in immune signaling; ele-

tration (pg/mL) vated levels may correlate with neuroinflamma-
tory conditions.

cIL_1RA _cv CSF interleukin-1RA CV Coefficient of variation for IL-1RA, providing

measurement consistency information.
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Table A.19: CSF biomarkers 2.

Variable Name

Label

Important Notes

c IL_1RA CSF interleukin-1RA Concen- | IL-1RA is an anti-inflammatory cytokine;
tration (pg/mL) changes in concentration indicate shifts in in-
flammatory status.
cIL 3 cv CSF interleukin-3 CV CV for IL-3, ensuring accuracy in measuring this
cytokine related to growth and repair functions
in the brain.
cIL 3 CSF interleukin-3 Concentra- | I1.-3 promotes survival and function of certain
tion (pg/mL) neural cells; fluctuations indicate potential neu-
roimmune changes.
cIL 9 cv CSF interleukin-9 CV Variation measure for I1.-9, assessing measure-
ment reliability for inflammation-related stud-
les.
cIL 9 CSF interleukin-9 Concentra- | IL-9 is associated with immune cell activation,
tion (pg/mL) with high levels suggesting inflammatory re-
sponses in neurodegenerative conditions.
c_TSLP cv CSF  thymic stromal lym- | CV for TSLP concentration, indicating mea-
phopoietin CV surement consistency for this cytokine involved
in immune response.
c_TSLP CSE  thymic stromal lym- | TSLP plays a role in immune system regulation,
phopoietin Concentration | and changes may reflect immune dysregulation
(pg/mL) in neurological disorders.

cIL_17AGenB_cv

CST interleukin-17A Genera-
tion B CV

Coefficient of variation for IL-17A Gen B, im-
portant for assessing inflammatory response

consistency.

c_ IL_17AGenB CSF interleukin-17A  Gen- | IL-17A Generation B is linked to immune and
eration B Concentration | inflammatory responses, particularly relevant in
(pg/mL) neuroinflammation.
cIL 21 cv CSF interleukin-21 CV Variation in 1L-21 levels, ensuring consistency in
measuring this cytokine associated with immune
regulation.
cIL_21 CSF interleukin-21 Concen- | IL-21 is implicated in autoimmune conditions;

tration (pg/mL)

elevated levels may indicate immune response

activation in the CNS.
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Table A.20: CSF biomarkers 2.

Variable Name

Label

Important Notes

c IL 22 cv CSF interleukin-22 CV CV for IL-22 measurements, useful for consis-
tency in immune response data.
c_IL_22 CSF interleukin-22 Concen- | IL-22 is involved in inflammation; abnormal lev-
tration (pg/mL) els are associated with neuroinflammatory dis-
eases.
c_IL 23 cv CSF interleukin-23 CV Coefficient of variation for IL-23, ensuring relia-
bility in inflammatory marker data.
c IL 23 CSF interleukin-23 Concen- | IL-23 is linked to autoimmune inflammation,
tration (pg/mL) and higher levels could indicate neuroinflamma-
tory activity.
cIL 27 _cv CSF interleukin-27 CV Variation measure for IL-27 levels, assessing im-
mune response reliability.
c_IL_27 CSF interleukin-27 Concen- | IL-27 regulates immune activity; elevated levels
tration (pg/mL) are associated with chronic inflammation in the
CNS.
c IL 31 cv CSF interleukin-31 CV Variation in IL-31 levels, ensuring consistency
for immune response-related studies.
cIL 31 CSF interleukin-31 Concen- | IL-31 is involved in immune cell recruitment,

tration (pg/mL)

with implications in inflammatory diseases.

c_MIP 3alpha cv

CSF macrophage inflamma-

tory protein-3 alpha CV

Coeflicient of variation for MIP-3 alpha, used to
verify data consistency for inflammation mark-

€ers.

c_MIP _3alpha

CSF macrophage inflamma-
tory protein-3 alpha Concen-

tration (pg/mL)

MIP-3 alpha is associated with immune cell
movement to inflammation sites, elevated in

CNS inflammation.

c_CRP _cv CSF C-reactive protein CV Consistency metric for CRP, ensuring measure-
ment reliability.

c_CRP CSF C-reactive protein Con- | CRP is a general marker of inflammation; ele-

centration (pg/mL) vated in various neuroinflammatory conditions.

c ICAM_ 1 cv CSF intercellular adhesion | CV  for ICAM-1, ensuring reliability in

molecule-1 CV

inflammation-related data.
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Table A.21: CSF biomarkers 2.

Variable Name | Label Important Notes
c_ICAM_1 CSF intercellular adhesion | ICAM-1 plays a role in immune cell adhesion
molecule-1 Concentration | and migration; higher levels may indicate neu-
(pg/mL) roinflammation.
c_SAA cv CSF serum amyloid A CV Coeflicient of variation for SAA, indicating data
reliability for inflammatory marker measure-
ments.
c_SAA CSF serum amyloid A Con- | SAA is linked to acute inflammation; elevated in

centration (pg/mL)

neurodegenerative and neuroinflammatory con-

ditions.
c_.VCAM_1_cv CSF vascular cell adhesion | CV for VCAM-1, used to assess consistency in
molecule-1 CV immune response data.
c.VCAM_1 CSF vascular cell adhesion | VCAM-1 aids immune cell attachment and
molecule-1 Concentration | migration; eclevated in CNS inflammatory re-
(pg/mL) sponses.
c_Fit_1 cv CSTF Fms-like-tyrosine kinase- | Variation measure for Flt-1, assessing vascular
1CV function in the CNS.
c Fit 1 CSI FFms-like-tyrosine kinase- | Flt-1, a marker of vascular health, changes in
1 Concentration (pg/mL) concentration indicate potential neurovascular
issues.
c_PIGF cv CSF placental growth factor | Consistency metric for PIGF, assessing measure-
CcvV ment reliability in neurovascular studies.
c_PIGF CSF placental growth factor | PIGF is involved in angiogenesis; alterations

Concentration (pg/mL)

may reflect neurovascular dysfunction.

c_Tie_2_cv

CSF tyrosine kinase-2 CV

Variation metric for Tie-2 levels, used to ensure

accuracy in vascular growth-related data.

c_Tie_2

CSF tyrosine kinase-2 Con-
centration (pg/mL)

Tie-2 regulates blood vessel development; ab-

normalities in levels indicate vascular issues.

c_VEGF_A_2 cv | CSF  vascular endothelial | Consistency of VEGF-A, ensuring reliable vas-
growth factor-A CV cular data.
c_VEGF_A 2 CSF  vascular endothelial | VEGF-A promotes blood vessel growth; abnor-

growth factor-A Concentra-

tion (pg/mL)

mal levels may signal neurovascular complica-

tions.
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Table A.22: CSF biomarkers 2.

Variable Name Label Important Notes

c_VEGF_C_cv CSF  vascular endothelial | CV for VEGF-C, assessing measurement relia-
growth factor-C CV bility for this growth factor.

c_VEGF_C CSEF  vascular  endothelial | VEGF-C is involved in lymphatic and vascular

growth factor-C Concentra-

tion (pg/mL)

health, with changes indicating neurovascular

dysfunction.

c_VEGF_D_cv CSF  vascular endothelial | Variation in VEGF-D levels, ensuring consis-
growth factor-D CV tency for vascular health assessments.

c_VEGF_D CSF  vascular endothelial | VEGF-D plays a role in angiogenesis and lym-
growth factor-D Concentra- | phatic development; abnormal levels can indi-
tion (pg/mL) cate vascular abnormalities.

c_bFGF _cv CSF basic fibroblast growth | CV for bFGF, verifying consistency in growth
factor CV factor data.

c_bFGF CSF basic fibroblast growth | bFGF is critical for cell growth and repair; ele-

factor Concentration (pg/mL)

vated levels may suggest neuroinflammation or

repair processes.

c_ INF_gamma_cv

CSF interferon gamma CV

CV for INF-gamma, ensuring reliability for im-

mune response data.

c_INF_gamma

CSF interferon gamma Con-

centration (pg/mL)

INF-gamma is crucial in immune responses and

can indicate CNS inflammation or infection.

cIL_10_cv CSF interleukin-10 CV Coefficient of variation for IL-10, ensuring con-
sistency in measuring this anti-inflammatory cy-
tokine.

c IL_10 CSF interleukin-10 Concen- | IL-10 is known for its anti-inflammatory proper-

tration (pg/mL)

ties; elevated levels may suggest regulatory im-

mune responses.

cIL_12p70_cv

CSF interleukin-12p70 CV

CV for IL-12p70, ensuring measurement relia-

bility for this pro-inflammatory cytokine.

c_IL_12p70 CSF interleukin-12p70 Con- | IL-12p70 plays a role in T-cell differentiation;
centration (pg/mL) linked to autoimmune conditions and inflamma-
tion.
cIL 13 cv CSF interleukin-13 CV Variation in IL-13 levels, supporting measure-
ment reliability in immune response studies.
cIL_13 CSF interleukin-13 Concen- | IL-13 is involved in allergic responses and in-

tration (pg/mL)

flammation; elevated in various immune-related

diseases.
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Table A.23: CSF biomarkers 2.

Variable Name

Label

Important Notes

c_IL_1_alpha_cv

CSF interleukin-lalpha CV

Coeflicient of variation for IL-lalpha, ensuring

consistency in inflammation data.

c_IL_1_alpha CSF interleukin-lalpha Con- | IL-lalpha is a pro-inflammatory cytokine; ele-
centration (pg/ml) vated levels can indicate immune activation.
cIL 2 cv CSF interleukin-2 CV CV for IL-2, assessing consistency for this
immune-regulatory cytokine.
cIL_2 CSF interleukin-2 Concentra- | IL-2 is essential in immune system regulation;
tion (pg/mL) abnormal levels may signal immune dysregula-
tion.
cIL 4 cv CSF interleukin-4 CV Coeflicient of variation for IL-4, ensuring mea-
surement reliability.
cIL 4 CSF interleukin-4 Concentra- | IL-4 is involved in allergic and inflammatory re-
tion (pg/mL) sponses; significant in neuroinflammation.
c IL 6_cv CSF interleukin-6 CV CV for IL-6, ensuring consistency in this inflam-
matory marker measurement.
cIL_6 CSF interleukin-6 Concentra- | IL-6 is associated with inflammation and can be
tion (pg/mL) elevated in neurodegenerative diseases.
c_IL 8 cv CSF interleukin-8 using IL-8 | Variation in IL-8 levels, assessing consistency in
ab CV inflammatory data.
cIL_ 8 CSF interleukin-8 using IL-8 | IL-8 is a chemokine involved in immune cell re-

ab Concentration (pg/mL)

cruitment; elevated in CNS inflammation.

c_TNF _alpha_cv

CSF tumor necrosis factor al-

pha CV

Coefficient of variation for TNF-alpha, ensur-
ing consistency in measurement of this pro-

inflammatory cytokine.

c_TNF _alpha

CSF tumor necrosis factor al-

pha Concentration (pg/mL)

TNF-alpha is linked to neuroinflammation and
is commonly elevated in neurodegenerative dis-

eases.

c_Eotaxin_cv

CSF exotaxin CV

Variation in Eotaxin levels, ensuring measure-

ment reliability for inflammatory data.

c_Eotaxin

CSF exotaxin Concentration

(pg/mL)

Fotaxin is associated with immune cell migra-
tion; elevated levels may indicate an immune re-

sponse in CNS.
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Table A.24: CSF biomarkers 2.

Variable Name

Label

Important Notes

c_Eotaxin_3_cv

CSF exotaxin-3 CV

Coefficient of variation for exotaxin-3, indicating

measurement consistency for this chemokine.

c_Eotaxin_3

CSF exotaxin-3 Concentra-

tion (pg/mL)

Exotaxin-3 is involved in eosinophil recruitment
and inflammation; may be elevated in CNS in-

flammatory conditions.

c IL 82 cv CSF interleukin-8 using HA | CV for IL-8 using HA antibody, ensuring relia-
ab CV bility in IL-8 measurements.
c IL 82 CSF interleukin-8 using HA | IL-8 with HA antibody provides insights into in-
ab Concentration (pg/mL) flammation; elevated levels are linked to CNS
inflammatory responses.
cIP 10 cv CSF 1P-10 CV Coefficient of variation for IP-10, supporting
consistency in measurements for this chemokine.
cIP_10 CSF  IP-10 Concentration | IP-10 attracts immune cells to sites of inflam-
(pg/mL) mation, relevant in studying neuroinflammatory
conditions.
cMCP_1_cv CSF monocyte chemotactic | Variation coefficient for MCP-1, confirming
protein-1 CV measurement reliability.
c.MCP_1 CSF  monocyte chemotac- | MCP-1 is a chemokine involved in monocyte re-
tic protein-1 Concentration | cruitment; elevated in various CNS diseases.
(pg/mL)
c. MCP_4 cv CSF monocyte chemotactic | CV for MCP-4, supporting consistency in
protein-4 CV chemokine measurement data.
c_MCP_4 CSF  monocyte chemotac- | MCP-4 contributes to monocyte and eosinophil
tic protein-4 Concentration | recruitment; relevant in studying neuroinflam-
(pg/mL) mation.
c_.MDC_cv CSF MDC CV CV for MDC, ensuring reliable measurements of
this chemokine involved in immune responses.
c.MDC CSF MDC Concentration | MDC (Macrophage-Derived Chemokine) plays a

(pg/mL)

role in immune signaling; elevated in inflamma-

tory conditions.
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Table A.25: CSE biomarkers 2.

Variable Name

Label

Important Notes

c_MIP 1lalpha _cv

c_MIP-1lalpha CV

Variation for MIP-1alpha, a chemokine involved

in immune cell recruitment.

c_MIP 1lalpha

c_MIP-1lalpha (pg/mL)

MIP-1alpha is a chemokine significant in inflam-
mation; its levels can indicate immune response

status.

c_MIP_1_beta_cv

CSF MIP-1beta CV

CV for MIP-1beta, maintaining measurement

accuracy in inflammation studies.

c_MIP_1_beta

CSEF' MIP-1beta Concentra-

tion (pg/mL)

MIP-1beta is another chemokine involved in im-

mune response, relevant in CNS inflammation.

c_TARC_cv CSF TARC CV Coeflicient of variation for TARC, providing re-
liable data on this chemokine.
c_TARC CSF  TARC Concentration | TARC (Thymus and Activation-Regulated
(pg/mL) Chemokine) is associated with T-cell trafficking
and immune response.
c_.GM_CSF_cv CSF granulocyte-macrophage | CV for GM-CSF, maintaining consistency for
colony stimulating factor CV | this cytokine measurement.
c_.GM_CSF CSF granulocyte-macrophage | GM-CSE plays a role in immune cell prolifer-

colony stimulating factor

Concentration (pg/mL)

ation and is involved in CNS inflammation re-

sponses.

c_IL_ 12 IL_23p40_cv

CSF
12/interleukin-23p40 CV

interleukin-

Variation in IL-12/IL-23p40, supporting data

reliability for these cytokines.

c_IL_12_IL_23p40

CSF
12/interleukin-23p40 Concen-

interleukin-

tration (pg/mL)

IL-12/IL-23p40 are pro-inflammatory cytokines;
important in immune responses and inflamma-

tion.

c IL_ 15 cv CSF interleukin-15 CV CV for IL-15, confirming measurement accuracy
in immune studies.
cIL_15 CSF interleukin-15 Concen- | IL-15 is involved in T-cell proliferation and im-
tration (pg/mL) mune responses, relevant in CNS studies.
cIL_16_cv CSF interleukin-16 CV Coefficient of variation for IL-16, ensuring con-

sistency in measurement for inflammatory mark-

ers.
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Table A.26: CSF biomarkers 2.

Variable Name

Label

Important Notes

cIL 16 CSF interleukin-16 Concen- | IL-16 is involved in T-cell recruitment and im-
tration (pg/mL) mune modulation; elevated levels may indicate
inflammatory processes in the CNS.
cIL_17A cv CSF interleukin-17A CV Coefficient of wvariation for IL-17A, main-
taining measurement reliability for this pro-
inflammatory cytokine.
cIL 17A CSF interleukin-17A Concen- | IL-17A is a key cytokine in inflammatory path-

tration (pg/mL)

ways, associated with autoimmune and inflam-

matory diseases.

c_IL_1_beta_cv

CSF interleukin-1 beta CV

Variation coefficient for IL-1 beta, ensuring ac-
curate measurements of this important inflam-

matory mediator.

c_IL_1 _beta CSF interleukin-1 beta Con- | IL-1 beta is a major inflammatory cytokine, ele-
centration (pg/mL) vated levels may be linked to neuroinflammation
and CNS injury.
c IL 5 cv CSF interleukin-5 CV CV for IL-5, supporting consistency in measure-
ment data for this immune-regulating cytokine.
cIL 5 CSF interleukin-5 Concentra- | IL-5 plays a role in eosinophil activation, rele-
tion (pg/mL) vant in allergic and inflammatory responses.
cIL. 7 cv CSF interleukin-7 CV Coefficient of variation for IL-7, ensuring relia-
bility in measurement for immune function stud-
ies.
cIL 7 CSF interleukin-7 Concentra- | IL-7 is involved in T-cell development and sur-

tion (pg/mL)

vival, relevant in immunological studies of the

CNS.

c_TNF _beta_cv

CSF tumor necrosis factor

beta CV

CV for TNF-beta, maintaining accuracy in mea-
surements of this cytokine involved in inflamma-

tion.

c_TNF _beta

CSF tumor mnecrosis factor

beta Concentration (pg/mlL)

TNF-beta is associated with inflammatory re-
sponses, with potential relevance in neurodegen-

erative disease.
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Table A.27: CSF biomarkers 2.

Variable Name Label Important Notes
c_VEGF_A cv CSF  vascular  endothelial | CV for VEGF-A, ensuring reliable measure-
growth  factor (VEGF-A) | ments in studies of vascular integrity.
from Cytokine Panel 1 CV
c_VEGF_A CSF  vascular endothelial | VEGF-A promotes blood vessel growth, relevant
growth  factor (VEGF-A) | in studies of blood-brain barrier integrity and
from Cytokine Panel 1 Con- | repair.
centration (pg/mL)
c_asyn_cv CSF alpha-synuclein CV Coefficient of variation for alpha-synuclein, sup-
porting data accuracy for this protein associated
with neurodegenerative diseases.
c_asyn CSF alpha-synuclein Concen- | Alpha-synuclein is linked to neurodegenerative

tration (pg/mL)

disorders like Parkinson’s; elevated levels may

indicate neuronal damage.

dxcte_asyn_c_flag_dv

Missing Data Flag - sam-
ples contained too much Hb
(above 200 ng/mL), data re-

moved due to quality control

Quality control flag for alpha-synuclein, indicat-
ing samples with excess hemoglobin that may

affect data reliability.
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Table A.28: CSF biomarkers 3.

Variable Name Label Important Notes
c_dhpg CSF 3,4- | DHPG is a metabolite of norepinephrine, often
dihydroxyphenylglycol used as a marker for sympathetic nervous sys-
(pg/mL) tem activity.
c_ne CSF Norepinephrine (pg/mL) | Norepinephrine is a neurotransmitter involved
in stress response; its levels can reflect sympa-
thetic activity in the CNS.
c_dopa CSF 3,4- | DOPA is a precursor to dopamine, relevant in
dihydroxyphenylalanine studying catecholaminergic pathways in neuro-
(pg/mL) logical disorders.
c_da CSF Dopamine (pg/mL) Dopamine is a key neurotransmitter associated
with motor control, cognition, and reward path-
ways; altered levels can be indicative of neurode-
generative conditions.
c_dopac CSF 3,4- | DOPAC is a dopamine metabolite, useful in as-
dihydroxyphenylacetic  acid | sessing dopamine turnover in the brain.

(pg/mL)

c_catecholamine_flag blood_dv

Quality Flag - Sample had vis-

ible blood contamination

Indicates potential blood contamination in CSF
sample, which may affect catecholamine mea-

surements.

c_catecholamine _flag diluted _dv

Quality Flag - Sample had to
be diluted

Notes that the sample was diluted to meet assay

requirements, which may impact concentration

accuracy.
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Table A.29: MRI Morphometric Measures ; Cortical Area

Variable Name

Label

Important Notes

Ih_bankssts_area

Left Hemisphere Bankssts

Area (mm?)

Surface area of the APARC bankssts parcel in

the left hemisphere.

lh_caudalanteriorcingulate_area

Left Hemisphere Caudal An-

terior Cingulate Area (mm?)

Surface area of the APARC caudalanteriorcin-

gulate parcel in the left hemisphere.

lh_caudalmiddlefrontal _area

Left Hemisphere Caudal Mid-

dle Frontal Area (mm?)

Surface area of the APARC caudalmiddlefrontal

parcel in the left hemisphere.

Ih_cuneus_area

Left Hemisphere Cuneus Area

(mm?)

Surface area of the APARC cuneus parcel in the

left hemisphere.

lh_entorhinal _area

Left Hemisphere Entorhinal

Area (mm?)

Surface arca of the APARC entorhinal parcel in

the left hemisphere.

lh_fusiform_area

Left Hemisphere Fusiform

Area (mm?)

Surface area of the APARC fusiform parcel in
the left hemisphere.

Ih_inferiorparietal_area

Left Hemisphere Inferior Pari-

etal Area (mm?)

Surface area of the APARC inferiorparietal par-

cel in the left hemisphere.

Ih_inferiortemporal_area

Left  Hemisphere Inferior

Temporal Area (mm?)

Surface area of the APARC inferiortemporal

parcel in the left hemisphere.

lh_isthmuscingulate_area

Left Hemisphere Isthmus Cin-

gulate Area (mm?)

Surface area of the APARC isthmuscingulate

parcel in the left hemisphere.

Ih_lateraloccipital_area

Left Hemisphere Lateral Oc-

cipital Area (mm?)

Surface arca of the APARC lateraloccipital par-

cel in the left hemisphere.

Ih_lateralorbitofrontal _area

Left Hemisphere Lateral Or-

bitofrontal Area (mm?)

Surface area of the APARC lateralorbitofrontal

parcel in the left hemisphere.

lh_lingual area

Left Hemisphere Lingual Area

(mm?)

Surface area of the APARC lingual parcel in the
left hemisphere.

lIh_medialorbitofrontal_area

Left Hemisphere Medial Or-

bitofrontal Area (mm?)

Surface arca of the APARC medialorbitofrontal

parcel in the left hemisphere.

Ih_middletemporal_area

Left Hemisphere Middle Tem-

poral Area (mm?)

Surface area of the APARC middletemporal par-

cel in the left hemisphere.

lh_parahippocampal _area

Left Hemisphere Parahip-

pocampal Area (mm?)

Surface area of the APARC parahippocampal

parcel in the left hemisphere.

lh_paracentral_area

Left Hemisphere Paracentral

Area (mm?)

Surface arca of the APARC paracentral parcel
in the left hemisphere.

Ih_parsopercularis_area

Left Hemisphere Pars Opercu-

laris Area (mm?)

Surface area of the APARC parsopercularis par-

cel in the left hemisphere.

lh_parsorbitalis_area

Left Hemisphere Pars Or-

bitalis Area (mm?)

Surface area of the APARC parsorbitalis parcel

in the left hemisphere.
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Table A.30: MRI Morphometric Measures ; Cortical Area

Variable Name

Label

Important Notes

Ih_parstriangularis_area

Left Hemisphere Pars Trian-

gularis Area (mm?)

Surface area of the APARC parstriangularis par-

cel in the left hemisphere.

lh_pericalcarine_area

Left Hemisphere Pericalcarine

Area (mm?)

Surface area of the APARC pericalcarine parcel

in the left hemisphere.

Ih_postcentral_area

Left Hemisphere Postcentral

Area (mm?)

Surface area of the APARC postcentral parcel
in the left hemisphere.

lh_posteriorcingulate_area

Left Hemisphere Posterior

Cingulate Area (mm?)

Surface area of the APARC posteriorcingulate

parcel in the left hemisphere.

Ih_precentral_area

Left Hemisphere Precentral

Area (mm?)

Surface area of the APARC precentral parcel in

the left hemisphere.

lh_precuneus_area

Left Hemisphere Precuneus

Area (mm?)

Surface area of the APARC precuneus parcel in

the left hemisphere.

Ih_rostralanteriorcingulate_area

Left Hemisphere Rostral An-

terior Cingulate Area (mm?)

Surface area of the APARC rostralanteriorcin-

gulate parcel in the left hemisphere.

Ih_rostralmiddlefrontal_area

Left Hemisphere Rostral Mid-

dle Frontal Area (mm?)

Surface area of the APARC rostralmiddlefrontal

parcel in the left hemisphere.

lh_superiorfrontal _area Left Hemisphere Superior | Surface area of the APARC superiorfrontal par-
Frontal Area (mm?) cel in the left hemisphere.
lh_superiorparietal_area Left Hemisphere Superior | Surface area of the APARC superiorparietal par-

Parietal Area (mm?)

cel in the left hemisphere.

Ih_superiortemporal_area

Left Hemisphere Superior

Temporal Area (mm?)

Surface area of the APARC superiortemporal

parcel in the left hemisphere.

lh_supramarginal_area

Left ~ Hemisphere  Supra-

marginal Area (mm?)

Surface area of the APARC supramarginal par-

cel in the left hemisphere.

Ih_frontalpole_area

Left Hemisphere Frontal Pole

Area (mm?)

Surface area of the APARC frontalpole parcel in
the left hemisphere.

lh_temporalpole_area

Left Hemisphere Temporal

Pole Area (mm?)

Surface arca of the APARC temporalpole parcel

in the left hemisphere.

Ih_transversetemporal_area

Left Hemisphere Transverse

Temporal Area (mm?)

Surface area of the APARC transversetemporal

parcel in the left hemisphere.

Ih_insula_area

Left Hemisphere Insula Area

(mm?)

Surface area of the APARC insula parcel in the

left hemisphere.

Ih_WhiteSurfArea_area

Left Hemisphere White Sur-

face Area (mm?)

Total white matter surface area in the left hemi-

sphere.
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Table A.31: MRI Morphometric Measures; Cortical Thickness

Variable Name

Label

Important Notes

lh_bankssts_thickness

Left
Thickness (mm)

Hemisphere Bankssts

Thickness of the APARC bankssts parcel in the

left hemisphere pial surface.

lh_caudalanteriorcingulate_thick

Left Hemisphere Caudal An-

terior Cingulate Thickness

(mm)

Thickness of the APARC caudalanteriorcingu-

late parcel in the left hemisphere.

lh_caudalmiddlefrontal_thickness

Left Hemisphere Caudal Mid-
dle Frontal Thickness (mm)

Thickness of the APARC caudalmiddlefrontal

parcel in the left hemisphere.

Ih_cuneus_thickness

Left  Hemisphere  Cuneus

Thickness (mm)

Thickness of the APARC cuneus parcel in the

left hemisphere.

Ih_entorhinal_thickness

Left Hemisphere Entorhinal

Thickness (mm)

Thickness of the APARC entorhinal parcel in

the left hemisphere.

Ih_fusiform_thickness

Left Hemisphere Fusiform

Thickness (mm)

Thickness of the APARC fusiform parcel in the

left hemisphere.

Ih_inferiorparietal _thickness

Left Hemisphere Inferior Pari-

etal Thickness (mm)

Thickness of the APARC inferiorparietal parcel

in the left hemisphere.

Ih_inferiortemporal_thickness

Left  Hemisphere Inferior

Temporal Thickness (mm)

Thickness of the APARC inferiortemporal par-

cel in the left hemisphere.

Ih_isthmuscingulate_thickness

Left Hemisphere Isthmus Cin-

gulate Thickness (mm)

Thickness of the APARC isthmuscingulate par-

cel in the left hemisphere.

Ih_lateraloccipital_thickness

Left Hemisphere Lateral Oc-

cipital Thickness (1)

Thickness of the APARC lateraloccipital parcel

in the left hemisphere.

lh_lateralorbitofrontal_thickness

Left Hemisphere Lateral Or-

bitofrontal Thickness (mm)

Thickness of the APARC lateralorbitofrontal

parcel in the left hemisphere.

lh_lingual thickness

Left  Hemisphere Lingual

Thickness (mm)

Thickness of the APARC lingual parcel in the

left hemisphere.

lh_medialorbitofrontal_thickness

Left Hemisphere Medial Or-

bitofrontal Thickness (mm)

Thickness of the APARC medialorbitofrontal

parcel in the left hemisphere.

lh_middletemporal_thickness

Left Hemisphere Middle Tem-

poral Thickness (mm)

Thickness of the APARC middletemporal parcel

in the left hemisphere.

lh_parahippocampal _thickness

Left  Hemisphere Parahip-

pocampal Thickness (mm)

Thickness of the APARC paralhippocawmpal par-

cel in the left hemisphere.

lh_paracentral thickness

Left Hemisphere Paracentral

Thickness (1)

Thickness of the APARC paracentral parcel in

the left hemisphere.

Ih_parsopercularis_thickness

Left Hemisphere Pars Opercu-

laris Thickness (mm)

Thickness of the APARC parsopercularis parcel

in the left hemisphere.
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Table A.32: MRI Morphometric Measures; Cortical Thickness

Variable Name

Label

Important Notes

1h_parsorbitalis_thickness

Left Hemisphere Pars Or-

bitalis Thickness (mm)

Thickness of the APARC parsorbitalis parcel in

the left hemisphere.

1h_parstriangularis_thickness

Left Hemisphere Pars Trian-

gularis Thickness (1)

Thickness of the APARC parstriangularis parcel

in the left hemisphere.

lh_pericalcarine_thickness

Lett Hemisphere Pericalcarine

Thickness (mm)

Thickness of the APARC pericalcarine parcel in

the left hemisphere.

lh_postcentral_thickness

Left Hemisphere Postcentral

Thickness (mm)

Thickness of the APARC postcentral parcel in

the left hemisphere.

lh_posteriorcingulate_thickness

Left  Hemisphere  Posterior

Cingulate Thickness (mm)

Thickness of the APARC posteriorcingulate par-

cel in the left hemisphere.

lh_precentral_thickness

Left Hemisphere Precentral

Thickness (mm)

Thickness of the APARC precentral parcel in

the left hemisphere.

lh_precuneus_thickness

Left Hemisphere Precuneus

Thickness (mm)

Thickness of the APARC precuneus parcel in the

left hemisphere.

1h_rostralanteriorcingulate_thickness

Lett Hemisphere Rostral An-
Thickness

terior Cingulate

(mm)

Thickness of the APARC rostralanteriorcingu-

late parcel in the left hemisphere.

lh_rostralmiddlefrontal _thickness

Left Hemisphere Rostral Mid-

dle Frontal Thickness (mm)

Thickness of the APARC rostralmiddlefrontal

parcel in the left hemisphere.

1h_superiorfrontal_thickness

Left Hemisphere Superior

Frontal Thickness (mm)

Thickness of the APARC superiorfrontal parcel

in the left hemisphere.

lh_superiorparietal_thickness

Left Hemisphere Superior

Parietal Thickuess (1)

Thickness of the APARC superiorparietal parcel

in the left hemisphere.

lh_superiortemporal_thickness

Lett  Hemisphere  Superior

Temporal Thickness (mm)

Thickness of the APARC superiortemporal par-

cel in the left hemisphere.

lh_supramarginal _thickness

Left ~ Hemisphere  Supra-

marginal Thickness (mm)

Thickness of the APARC supramarginal parcel

in the left hemisphere.

lh_frontalpole_thickness

Left Hemisphere Frontal Pole

Thickness (mm)

Thickness of the APARC frontalpole parcel in

the left hemisphere.

1h_temporalpole_thickness

Left Hemisphere Temporal
Pole Thickness (mm)

Thickness of the APARC temporalpole parcel in

the left hemisphere.

1h_transversetemporal_thickness

Left Hemisphere Transverse

Temporal Thickuess (1)

Thickness of the APARC transversetemporal

parcel in the left hemisphere.

lh_insula_thickness

Lett
Thickness (mm)

Hemisphere  Insula

Thickness of the APARC insula parcel in the left

hemisphere.

lh_MeanThickness_thickness

Left Hemisphere Mean Thick-

ness (mm)

Mean thickness across all APARC parcels in the

left hemisphere.
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Table A.33: MRI Morphometric Measures; Cortical Curvature

Variable Name

Label

Important Notes

Ih_bankssts_meancurv

Left Hemisphere Bankssts

Mean Curvature

Mean curvature of the APARC bankssts parcel

in the left hemisphere pial surface.

lh_caudalanteriorcingulate_meanc

Left Hemisphere Caudal An-
terior Cingulate Mean Curva-

ture

Mean curvature of the APARC caudalanteri-

orcingulate parcel in the left hemisphere.

lh_caudalmiddlefrontal_meancurv

Left Hemisphere Caudal Mid-

dle Frontal Mean Curvature

Mecan curvature of the APARC caudalmiddle-

frontal parcel in the left hemisphere.

lh_cuneus_meancurv

Left  Hemisphere  Cuneus

Mean Curvature

Mean curvature of the APARC cuneus parcel in

the left hemisphere.

Ih_entorhinal_meancurv

Left Hemisphere Entorhinal

Mean Curvature

Mean curvature of the APARC entorhinal parcel

in the left hemisphere.

Ih_fusiform_meancurv

Left Hemisphere Fusiform

Mean Curvature

Mean curvature of the APARC fusiform parcel

in the left hemisphere.

Ih_inferiorparietal meancurv

Left Hemisphere Inferior Pari-

etal Mean Curvature

Mean curvature of the APARC inferiorparietal

parcel in the left hemisphere.

lh_inferiortemporal_meancurv

Left  Hemisphere  Inferior

Temporal Mean Curvature

Mecan curvature of the APARC inferiortemporal

parcel in the left hemisphere.

lh_isthmuscingulate_meancurv

Left Hemisphere Isthmus Cin-

gulate Mean Curvature

Mean curvature of the APARC isthmuscingulate

parcel in the left hemisphere.

lh_lateraloccipital_meancurv

Left Hemisphere Lateral Oc-

cipital Mean Curvature

Mean curvature of the APARC lateraloccipital

parcel in the left hemisphere.

lh_lateralorbitofrontal_meancurv

Left Hemisphere Lateral Or-

bitofrontal Mean Curvature

Mean curvature of the APARC lateralor-

bitofrontal parcel in the left hemisphere.

lh_lingual_meancurv

Left  Hemisphere Lingual

Mean Curvature

Mean curvature of the APARC lingual parcel in

the left hemisphere.

Ih_medialorbitofrontal_meancurv

Left Hemisphere Medial Or-

bitofrontal Mcan Curvature

Mean curvature of the APARC medialor-

bitofrontal parcel in the left hemisphere.

lh_middletemporal_meancurv

Left Hemisphere Middle Tem-

poral Mean Curvature

Mean curvature of the APARC middletemporal

parcel in the left hemisphere.

lh_parahippocampal _meancurv

Left Hemisphere Parahip-

pocampal Mean Curvature

Mean curvature of the APARC parahippocam-

pal parcel in the left hemisphere.

lh_paracentral_meancurv

Left Hemisphere Paracentral

Mean Curvature

Mean curvature of the APARC paracentral par-

cel in the left hemisphere.
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Table A.34: MRI Morphometric Measures; Cortical Curvature

Variable Name

Label

Important Notes

Ih_parsopercularis_meancurv

Left Hemisphere Pars Opercu-

laris Mean Curvature

Mean curvature of the APARC parsopercularis

parcel in the left hemisphere.

Ih_parsorbitalis_meancurv

Left Hemisphere Pars Or-

bitalis Mean Curvature

Mean curvature of the APARC parsorbitalis

parcel in the left hemisphere.

lh_parstriangularis_meancurv

Left Hemisphere Pars Trian-

gularis Mcan Curvaturce

Mean curvature of the APARC parstriangularis

parcel in the left hemisphere.

lh_pericalcarine_meancurv

Left Hemisphere Pericalcarine

Mean Curvature

Mean curvature of the APARC pericalcarine

parcel in the left hemisphere.

lh_postcentral_meancurv

Left Hemisphere Dostcentral

Mean Curvature

Mecan curvature of the APARC postcentral par-

cel in the left hemisphere.

lh_posteriorcingulate_meancurv

Left Hemisphere Posterior

Cingulate Mean Curvature

Mean curvature of the APARC posteriorcingu-

late parcel in the left hemisphere.

Ih_precentral meancurv

Left Hemisphere Precentral

Mean Curvature

Mean curvature of the APARC precentral parcel

in the left hemisphere.

lh_precuneus_meancurv

Left Hemisphere Precuneus

Mean Curvature

Mean curvature of the APARC precuneus parcel

in the left hemisphere.

Ih_rostralanteriorcingulate_meanc

Left Hemisphere Rostral An-
terior Cingulate Mean Curva-

ture

Mean curvature of the APARC rostralanteri-

orcingulate parcel in the left hemisphere.

lh_rostralmiddlefrontal_meancurv

Left Hemisphere Rostral Mid-

dle Frontal Mean Curvature

Mecan curvature of the APARC rostralmiddle-

frontal parcel in the left hemisphere.

lh_superiorfrontal _meancurv

Left  Hemisphere Superior

Frontal Mean Curvature

Mean curvature of the APARC superiorfrontal

parcel in the left hemisphere.

lh_superiorparietal_meancurv

Left Hemisphere Superior

Parietal Mean Curvature

Mean curvature of the APARC superiorparietal

parcel in the left hemisphere.

lh_superiortemporal_meancurv

Left Hemisphere Superior

Temporal Mean Curvature

Mean curvature of the APARC superiortempo-

ral parcel in the left hemisphere.

lh_supramarginal meancurv

Left ~ Hemisphere  Supra-

marginal Mcan Curvaturc

Mean curvature of the APARC supramarginal

parcel in the left hemisphere.

Ih_frontalpole_meancurv

Left Hemisphere Frontal Pole

Mean Curvature

Mean curvature of the APARC frontalpole par-

cel in the left hemisphere.

lIh_temporalpole_meancurv

Left  Hemisphere  Temporal

Pole Mean Curvature

Mcan curvature of the APARC temporalpole

parcel in the left hemisphere.

lh_transversetemporal_meancurv

Left Hemisphere Transverse

Temporal Mean Curvature

Mean curvature of the APARC transversetem-

poral parcel in the left hemisphere.

Ih_insula_meancurv

Left Hemisphere Insula Mean

Curvature

Mean curvature of the APARC insula parcel in

the left hemisphere.
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Table A.35: MRI Morphometric Measures; Cortical Volumetrics

Variable Name

Label

Important Notes

lh_bankssts_volume

Left Hemisphere Bankssts

Volume

Volume of the APARC bankssts parcel in the

left hemisphere pial surface.

lh_caudalanteriorcingulate_volume

Left Hemisphere Caudal An-

terior Cingulate Volume

Volume of the APARC caudalanteriorcingulate

parcel in the left hemisphere.

lh_caudalmiddlefrontal_volume

Left Hemisphere Caudal Mid-
dle Frontal Volume

Volume of the APARC caudalmiddlefrontal par-

cel in the left hemisphere.

Ih_cuneus_volume

Left Hemisphere Cuneus Vol-

uie

Voluwe of the APARC cuneus parcel in the left

hewmisphere.

lh_entorhinal_volume

Left Hemisphere Entorhinal

Volume

Volume of the APARC entorhinal parcel in the

left hemisphere.

Ih_fusiform_volume

Left Hemisphere Fusiform

Volume

Volume of the APARC fusiform parcel in the left

hemisphere.

lh_inferiorparietal_volume

Left Hemisphere Inferior Pari-

etal Volume

Volume of the APARC inferiorparietal parcel in

the left hemisphere.

Ih_inferiortemporal_volume

Left  Hemisphere Inferior

Temporal Volume

Volume of the APARC inferiortemporal parcel

in the left hemisphere.

Ih_isthmuscingulate_volume

Left Hemisphere Isthmus Cin-

gulate Volume

Volume of the APARC isthmuscingulate parcel

in the left hemisphere.

Ih_lateraloccipital_volume

Left Hemisphere Lateral Oc-

cipital Volume

Volume of the APARC lateraloccipital parcel in

the left hemisphere.

lh_lateralorbitofrontal_volume

Left Hemisphere Lateral Or-

bitofrontal Volume

Volume of the APARC lateralorbitofrontal par-

cel in the left hemisphere.

lh_lingual_volume

Left Hemisphere Lingual Vol-

ume

Volume of the APARC lingual parcel in the left

hemisphere.

lh_medialorbitofrontal_volume

Left Hemisphere Medial Or-
bitofrontal Volume

Volume of the APARC medialorbitofrontal par-

cel in the left hemisphere.

lh_middletemporal_volume

Left Hemisphere Middle Tem-

poral Volume

Volume of the APARC middletemporal parcel

in the left hemisphere.

lh_parahippocampal _volume

Left Hemisphere Parahip-

pocampal Volume

Volume of the APARC parahippocampal parcel

in the left hemisphere.

lh_paracentral_volume

Left Hemisphere Paracentral

Volume

Volume of the APARC paracentral parcel in the

left hemisphere.

lh_parsopercularis_volume

Left Hemisphere Pars Opercu-

laris Volume

Volume of the APARC parsopercularis parcel in

the left hemisphere.
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Table A.36: MRI Morphometric Measures; Cortical Volumetrics

Variable Name

Label

Important Notes

Ih_parsorbitalis_volume

Left Hemisphere Pars Or-

bitalis Volume

Volume of the APARC parsorbitalis parcel in

the left hemisphere.

lh_parstriangularis_volume

Left Hemisphere Pars Trian-

gularis Volume

Volume of the APARC parstriangularis parcel in

the left hemisphere.

lh_pericalcarine_volume

Left Hemisphere Pericalcarine

Volume

Volume of the APARC pericalcarine parcel in
the left hemisphere.

Ih_postcentral_volume

Left Hemisphere Postcentral

Volume

Volume of the APARC postcentral parcel in the

left hemisphere.




