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SUMMARY

The work presented in this thesis highlights the current state of biomarker
research for traumatic brain injury (TBI) and seeks to investigate the potential of novel
lipid biomarkers for TBI. Awareness and research interest surrounding TBI have been
heightened in recent years due to increased media coverage and epidemics within the
military, athletic organizations, accident victims, the elderly, and the general population.
The heterogeneous nature of TBI makes diagnosis and biomarker discovery particularly

challenging as severities and exposure events vary widely.

The first two chapters serve to outline the current state of TBI regarding its impact
on human life, methods of diagnosis, injury mechanisms, and current research in the
field. These chapters ultimately highlight a current gap between modern research and
clinical implementation that is being closed rapidly through omics research. The final two
chapters describe the research conducted over the past year to identify potential lipid
biomarkers of TBI. Two predictive lipid panels were developed to classify injured and
uninjured Sprague-Dawley rat serum across two injury severities and three acute post-
injury timepoints. Identified lipid features from the proposed panels consist primarily of
phosphatidylcholine and triacylglyceride species which warrant future investigation as
proposed biomarkers of TBI. Ultimately, future work is needed to validate the features
identified as potential biomarker candidates and to connect the lipid responses discovered

in serum to alterations in the brain lipid profile to gain a more holistic picture of TBI.
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CHAPTER 1
INTRODUCTION

1.1 The Traumatic Brain Injury Epidemic

TBI is the result of a direct or indirect blow to the head which disrupts normal
brain function. Today, TBI is commonly referred to as the silent epidemic because of its
large contributions to the global death toll and disability rate, while still managing to go
unreported or misdiagnosed in many cases. Diagnosing TBI is highly subjective in the
modern clinical setting and individuals often do not pursue medical attention unless
symptoms are severe. Despite this, public awareness has heightened in recent years
particularly due to an increase in media coverage of Iraq and Afghanistan war veterans
returning home with significant head injuries. Military personnel, athletes, children, and
the elderly are among the groups most at risk for suffering a TBI event and public
attention surrounding these groups and others has fueled the need for objective testing

and treatment options, which are currently lacking.!*

The greatest challenge in understanding TBI lies within it heterogenous
expression among individuals. Factors such as age, sex, and previous exposure to TBI
can all impact the way symptoms present themselves.*> Heterogeneity and injury type are
thought to be major factors in the high failure rates of clinical drug trials in the acute
phase of injury where neuroprotection is paramount.® Statistics from industrialized
countries estimate TBI to occur in between 1 and 26 people per every 2,000, with the
greatest rates of incidence occurring in Europe and the United States.”® Incidence rates in

less developed countries are much harder to gage as reporting methods and hospital
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admission criteria differ vastly, however high TBI incidence rates are unlikely unique to

the industrialized world.”’

In 2014, the Center for Disease Control (CDC) reported approximately 2.87
million TBI-related hospitalizations, emergency room visits, and deaths in the United
States.!? Data from the previous eight years, dating back to 2006, showed an increase of
deaths by 6% as well as an alarming 54% increase in emergency department visits across
the country. Hospitalization rates for the elderly, those 75 years and older, as well as
children under the age of 10 are among the highest of all age groups. This is particularly
concerning given the increased likelihood of negative outcomes following TBI in old age
and the potential for irreparable brain damage during crucial development stages for

small children.'!

Approximately 80% of all documented TBI cases are considered mild, totaling
approximately 1.2 million cases annually in the United States alone.®!>!* These estimates
are likely much lower than true incidence rates as many mild TBI cases go misdiagnosed,
unreported or undetected in modern health care systems.!*!> Symptoms of mild TBI
commonly include, but are not limited to, dizziness, loss of concentration, fatigue and
loss of memory.!'®!7 While most patients see declining symptoms within 3 months, many
report persisting symptoms well beyond, which can significantly impact quality of life. In
addition to symptoms, survivors of severe TBI often incur an economic burden exceeding
$600,000 over the lifetime of their injury.'® Considering the costs of treatment, loss of
worker productivity, and death, the United States experiences an estimated $9 billion in

annual expenses as a result of TBL!



1.2 Definitions

The major categories of brain injury are defined based on the integrity of the
skull. Open TBI, commonly referred to as penetrating skull injuries, result when there is a
fracture, break or penetration of the skull. This type of injury commonly occurs in the
presence of high velocity loose debris or bullets that penetrate the skull and damage
underlying regions of the brain along which the object traveled.?’ Closed TBI is far more
common in the general population and results from an outside force impacting the brain
without breaking the skull.?!?> These types of injuries commonly occur during sporting
events, in the presence of powerful shockwaves, after a fall, or following head impact
with a vehicle after a crash. Symptoms of both categories of TBI vary depending on the
regions of the brain that are damaged and the severity of the impact.

Another method of classifying brain injury relies on when damage occurs relative
to the time of initial impact. Primary brain damage occurs during or immediately
following an impact and can result in skull fracture, contusions (brain bruising), brain
bleeding, nerve damage and laceration.?* Primary damage to the brain can occur directly
at the site of impact (coup) as well as to the opposite side of the brain (countercoup)
when the impacting force is powerful enough to move the brain inside the skull and cause
additional collisions.?* Secondary damage is initiated at the moment of injury, but clinical
presentation is delayed; secondary injury mechanisms often include hypoxia where
regions of the brain are starved of oxygen, edemas or brain swelling, hematomas, and
death of brain tissue.?*** Primary and secondary injury mechanisms both play a role in
the heterogeneity of TBI and vary significantly between individuals and injury events.

The relative size of an injury is commonly referred to as either focal or diffuse.



Focal injuries describe damage that is localized to a small region of the head leading to
damage at or near the initial injury site. Focal injuries are commonly mimicked in a
laboratory setting using controlled cortical impact (CCI) or lateral fluid percussion (LFP)
methods.?®?” Diffuse injuries occur when a large area of the brain is damaged and are
commonly caused by acceleration and deceleration of the brain inside the skull and
typically result in axonal injury.?® Laboratory methods for studying diffuse injuries are
less commonly employed than focal injury methods but often include LFP, weight drops,
or shock tubes filled with compressed gas.?’

Injury severity is commonly classified on a scale ranging from mild to severe, and
in a clinical setting depends largely on symptom reporting, physician monitoring and
structural imaging modalities, when required.*® Mild severity injuries are diagnosed when
the patient shows little or no loss of consciousness, alteration in mental state, or amnesia
and no signs of abnormality in structural imaging. Moderate injuries are defined by either
loss of consciousness for longer than 30-min but shorter than 24- to 96-h, amnesia lasting
between 3-h and 1 week, alteration of mental state for greater than 24-h, or abnormal
structural imaging results.>"*? Severe TBIs are diagnosed when the patient suffers loss of
consciousness for longer than 24-h, amnesia for greater than 7 days and has abnormal
structural imaging results.>! Glasgow comma scale results within the first 24-h of injury
are also commonly used in conjunction with other methods in the clinical setting to

diagnosis TBI severity.



1.3 Modern Clinical Evaluation
The Glasgow Comma Scale (GCS), originally presented in 1974, holds relatively
widespread acceptance in the medical community and is commonly used to assess a

1.33 Patients evaluated with

patient’s motor, verbal, and eye-opening responses after TB
the GCS are graded on a scale of 3-15 with lower scores corresponding to higher injury
severity. The scale is divided into three sections with 4 points measuring eye-opening
ability, 5 points measuring verbal response and 6 points measuring motor skills. Patients
scoring between 13-15 points are considered to have suffered mild injuries and comprise
approximately 80% of all TBI cases.” Moderate injuries range from 9-12 and are a large
point of contention for the usage of the GCS due to unreliable monitoring of
consciousness and inconsistent predicting of outcomes for patients in this range.>* Severe
TBI is diagnosed when a patient scores 8 points or fewer and corresponds to significant
impairment in at least two areas of the GCS and often requires surgical intervention.>>
While the CGS is designed to maximize objectivity in a largely subjective situation many
confounding factors such as the presence of brain inhibiting substances, inability of a
patient to open their eyes for reasons other than brain injury, and lack of evaluation prior
to injury hinder its ability to make accurate assessments in all cases.>¢-37-4

Another point of contention surrounding the GCS is its failure to include
brainstem reflexes in its evaluation.>®*° This has led to the development of many other
brain injury evaluation scales that are often more complex than the GCS. One example is
the Comprehensive Level of Consciousness Scale which includes all the components of

the GCS but also evaluates posture, abnormal ocular movements, eye position, pupillary

light reflexes, and general responsiveness.*’ The advantage of this type of scale lies in its



wider range of scores that are better able to capture more subtle differences in a patient’s
symptoms. While other scales may prove advantageous in describing TBI over the GCS,
especially in moderate TBI instances, they are much less widely utilized, require more
work from physicians, and still suffer from similar disadvantages in objectivity that may
be overcome by more analytical methods.

Loss of static and dynamic balance are among the most reported symptoms
following TBI and have been evaluated extensively to monitor patient recovery. Balance
deficits are often measured using variations of the Romberg test, tests of postural sway,
and the Berg Balance Scale.*!#>#34445 While balance issues tend to resolve themselves
over time, long-term and permanent cases of anterior-posterior and medial-lateral posture
issues are common.*® Low technology balance assessments offer a quick and cost-
effective way of measuring a person’s balance and have become popular in many athletic
programs for their ability to be performed quickly on the sidelines. One well known
example is the Balance Error Scoring System which uses only foam and a stopwatch to
evaluate injured athletes. In this assessment, injured persons are asked to perform a series
of balance tests first on both and then on individual legs, from both stable ground and on
a piece of foam.*”*® A major advantage of this method is that baseline tests are performed
at the beginning of a long event such as an athlete’s season for comparison after injury.
Like the GCS, balance assessments lack complete objectivity, which is of particular
concern when coaches or athletes want to continue a season despite injuries. These
methods have also been criticized as potentially being influenced by player fatigue and
injuries unrelated to the brain.*’

Other less commonly used low technology assessments include dual-task testing,



virtual reality, and gate assessment testing. Dual-task methods require the participant to
answer thought questions while simultaneously performing balance testing. These tests
are often used in conjunction with regular balance testing to ensure a TBI patient’s
quality of life when performing daily tasks which require simultaneous cognitive and
physical demands.’*>! Virtual reality testing, while uncommon in practice due to

expense, requires participants to be exposed to images of moving rooms or other dynamic
and demanding visual scenes while preforming balancing tasks. When available these
methods offer a unique opportunity to simulate real life events such as cooking in a
kitchen and can be used to monitor injury recovery.>>>* Gait assessment testing can be
done singularly or in a dual task manner and measures the participants posture and
balance while walking or while walking and solving basic mental tasks.’* Gait stability
especially in a dual-task manner is particularly sensitive to long-term disruptions after
TBI and is thought to be well suited for detecting pathological behavior changes.>*° Low
technology testing done in a dual-task manner generally shows greater similarity to high
technology methods for diagnosing concussion severity than do low technology methods
done in isolation. Low technology methods have the advantage of being rapidly
deployable, inexpensive, and minimally reliant on self-reported symptoms however, these
methods are often biased by observers, and lack necessary biological evaluation.

Modern imaging techniques are the most common form of high technology
assessments used in clinical evaluation of TBI and are primarily used to determine the
need for surgical intervention or to identify optimal non-surgical treatment options.
Neuroimaging also provides a minimally invasive way to monitor injury progression and

proves useful in certain cases for detecting the onset of complications that arise long after



injury. Computed tomography (CT) is the most widely used neuroimaging technique
during the acute phase of injury for detecting hemorrhages, skull fractures, and
parenchymal injury.’” The technique works using narrow X-ray beams which travel
through the cranium at exact angles and is more cost effective than most other common
imaging modalities. CT is especially useful in identifying bone fragments and foreign
object debris in the brain making them ideal for understanding unique open skull
injuries.>®

Positron emission tomography (PET) is used to detect changes in metabolic rate
and requires the use of a radioactive tracer which accumulates in tissue regions
consuming large amounts of glucose.’” Studies using PET on TBI subjects have shown
the brain’s metabolic rate to be highly time dependent. Glucose consumption generally
increases in the hours following injury but falls off dramatically by the 24 h timepoint in
mild injuries.®’ Similar studies of severe injuries have reported increased glucose
consumption as far as 8- and 10-days post-injury.®! PET scans are less commonly used to
evaluate TBI because of their high cost and low spatial resolution compared to magnetic
resonance imaging (MRI), but are useful in cases when limiting patient motion is
problematic.

Functional MRI (fMRI) techniques detect changes in vascular activity by taking
advantage of the rising oxygen demand resulting from increased neuronal activity.
Release of oxygen from red blood cells converts oxyhemoglobin to deoxyhemoglobin
and differences in magnetic properties between these forms of hemoglobin are detectable
with contrast imaging.®? fMRI poses virtually no risk to patients and is fully non-invasive

but is highly sensitive to patient motion during scanning and cannot be used on patients



with metal implants.®® Studies using fMRI on TBI patients have implicated a link
between memory deficit and medial temporal lobe dysfunction as well as differences in
activation of the bilateral and prefrontal cortexes with increasing working memory
load.%*** The majority of mild TBI cases including symptomatic and asymptomatic
patients exhibit normal CT, PET, and MRI scans which leaves a large need for specific
diagnostic methods capable of detecting minor differences in brain pathophysiology

present in mild injuries.*

1.4 Injury Mechanisms

TBI is a multifaceted neurological problem, beginning with immediate and
irreversible primary damage followed by numerous and complex secondary injury
cascades. The type, focal or diffuse, and severity of primary injury, determine the extent
of secondary injury. Primary injury is best managed through preventative measures for
example by wearing personal protective equipment, however in the hours and weeks
following initial insult, secondary cascades control the extent of damage to the brain.®’
Mitigating secondary injury cascades represents a major goal in fighting the progression
of TBI because of the window of time that exists for clinical intervention. Treatment
measures are, however, significantly challenged by the host of diverse TBI etiologies.

Primary injuries occur within a short span, approximately 100 milliseconds,
following injury but can severely damage cranial subsystems and shear blood vessels
inside the brain. The onset of TBI is often plagued with tissue damage, inhibited cerebral
blood flow, and hindered metabolic processes. The orbitofrontal and anterior temporal

lobes are among the most affected regions of the brain during primary injury due to their



proximity to the irregular surface of the skull however, cell loss and neuronal damage are
also commonly reported in the cerebral cortex, hippocampus, and thalamus.®¢6768 Lack of
oxygen and blood flow in the brain lead to increased anerobic glycolysis, the
accumulation of lactic acid, depletion of ATP, and the ultimate failure of energy
dependent ion pumps which regulate cells. The physiological response to TBI often

yields significant hypertension of arteries which is theorized to initiate arachidonic acid
cascade events that lead to the downstream formation of free radical species.®’

Well known secondary injury mechanisms contribute to cell loss, axonal injury
and synaptic dysfunction which cause the cognitive impairment that follows TBI.
Secondary injury events are prolonged and are often the deciding factor in a patient’s
survival. Mechanical damage from the primary injury and membrane depolarization from
injury induced ionic imbalances result in a large release of excitotoxins like aspartate and
glutamate into the extracellular space. The influx of these excitotoxins leads to membrane
depolarization and activation of excitatory neurotransmitters like N-methyl-D-aspartate
and Ca®" and Na" ion channels.”® Excessive intracellular Ca?>" may further triggers
cascades that attack the lipid bilayer by activating calcium-dependent phosphorylases.”!
Laboratory and clinical studies have shown proportional increases in glutamate with
injury severity and persistent elevation of glutamate in the weeks following injury has
also been associated with high mortality rates.”>

Mitochondrial damage is initiated by ischemia, the influx of Ca®" in the cytosol
and the increased presence of reactive oxygen species. Disruption of the mitochondria is
a major focal point of TBI research as it inhibits the production of ATP, further

contributing to the energy crisis, and leads to various forms of cell death. Apoptosis and
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necrosis are the primary mechanisms of cell death and both are heavily influenced by
mitochondrial dysfunction.®® Apoptotic cell death is initiated by the opening of the
mitochondria permeability transition pore which releases apoptotic molecules such as
cytochrome-c that activate caspases that trigger the final apoptotic process.” Similarly,
necrosis is characterized by damage to organelles and cellular swelling and leads to the
release of cellular contents beginning the inflammation processes.”

Neuroinflammation is a complex process of events initiated at the point of injury
when tissue damage leads to danger associated molecular patterns. These molecular
patterns are bound by pattern recognition receptors that are recognized by ligands and
trigger the production of pro-inflammatory cytokines. Inflammation plays a dual role in
TBI as it has been shown to mitigate detrimental and repair processes in the central
nervous system (CNS) and is further complicated by the role of competing anti-
inflammatory processes.®® The similar process of brain swelling, or edema, is caused by
disruption to the blood brain barrier (BBB) and the accumulation of fluid. Edema is a
regularly reported symptom of TBI and typically results in increased intracranial pressure
and in severe cases it can significantly restrict the supply of blood and oxygen to the

brain.”®

1.5 Laboratory Injury Models

Animal models have played a critical role in the understanding of TBI with rodent
models being the most studied by far. To understand the heterogeneity of TBI a vast array
of rodent injury models have been used to mimic different severities and types of head

injuries. In the laboratory setting rodent injuries are commonly induced using either CCI,
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weight drop, or LFP methods. Each of these methods can be used to generate mild,
moderate, or severe injuries reproducibility. Each model produces minor differences in
brain pathophysiology and only through the building of a common framework from many
different injury models can the scientific community begin to understand TBI.?

CCI methods use a pneumatically or electromagnetically driven piston at a
controlled velocity to induce a focal injury with a specific amount of head displacement.
First usage of the CCI model was performed in 1988 by Dr. James Lighthall for use on
ferrets, but by 1991 CCI models were extended to the most common modern usage of
inducing injuries in rats.””-’® The piston of the CCI device is attached to a rod that is
typically driven into open brain tissue following a craniotomy, but CCI methods are also
used extensively to study closed head injuries.”* Impact of the rod onto open brain
tissue or the closed skull of the animal induces injury through the rapid compression of
brain tissue causing damage to the cortex or even subcortical structures in higher severity
injuries. The tip of the rod varies in size and geometry for scalability to different rodent
species and within some limits the CCI device can be controlled for velocity, depth, and
duration of injury.2® After injury, a contusion core develops over time around the region
of damaged cells which is often visible a few days after injury.®! Mild TBI models
induced with CCI have been shown to exhibit behavioral and learning defects, both of
which are reported to be magnified and longer lasting in severe TBI models.%?

LFP injury models are among the best-characterized and reproducible brain injury
models. Depending on the injury parameters LFP models can induce diffuse injuries or
diffuse injuries with focal components.?’” LFP models originated in the 1940’s and were

applied to rodent models toward the end of the 1980’s.®* Injury from LFP models is
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generated via the rapid injection of fluid, typically saline, through a craniotomy into the
epidural space which causes the brain to move inside the skull and brain tissue
deformation.®* Mild TBI induced via LFP presents a low level of cell death and have
been shown to cause some short-term behavioral impairments whereas severe injuries
often show pronounced cell loss and long-lasting behavioral deficits in animal models.

Weight drop methods are the most established and commonly used method for
inducing diffuse TBI in laboratory models. Weight drop reached a height in popularity in
the 1990s but publications using this method have since plateaued in favor of more
modern methods such as LFP and CCIL.??> Weight drop methods require the use of a
weight dropped from a specific and known height through a tube onto to the top of the
closed skull. Varying degrees of injury are induced by changing the mass of the weight,
drop height, surface beneath the animal, or by protecting the skull of the animal with a
helmet.®>% The greatest advantages of weight drop methods are in its ease of
implementation as well as its ability to quickly produce repeat injuries.®’

Blast injuries while uncommonly induced in laboratory settings, have received
growing attention largely from media coverage of military personnel with combat
injuries. Laboratory methods for inducing blast injuries utilize shock tubes which are
filled with a compressed gas to mimic the negative pressure of blast waves.***’ Blast
injuries are most easily categorized as diffuse injuries and consist of numerous small
deformations across different regions of the brain. The four basic mechanisms for
classifying blast injuries are primary, secondary, tertiary, and quaternary. Primary blast
injuries are the result of over-pressurization from high energy explosives and commonly

result in pulmonary barotrauma, middle ear rupture, and abdominal hemorrhaging.
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Secondary and tertiary injuries are caused by flying debris or fragments and individuals
being thrown by blasts, respectively. Finally, quaternary injuries include all injuries
resulting from blasts not captured in the previous three levels and most commonly
include exacerbation of previous conditions.”® All four levels of blast injury often result

in either closed or open brain injury and concussions.
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CHAPTER 2
BIOMARKER STUDIES

2.1 Biomarker Research

Biomarkers serve as objective indicators of variation from normal biological
function including exposure and intervention events. They may act as surrogate endpoints
to clinical trials and may, in rare cases, substitute for clinically relevant endpoints.”!
Biomarkers may be diagnostic tools for identifying the cause of a disease, prognostic in
informing the likelihood of potential outcomes, or predictive of various disease states.’>">
TBI’s heterogeneous nature has made establishing a universal panel of biomarkers
particularly challenging. Features which fluctuate significantly at the onset of injury may
not translate well to long term outcomes and thus make them difficult to use as a
predictive measure. The exploration for potential biomarkers of TBI has focused

primarily on proteins but has also been extended to micro-RNA (miRNA) and to lipid

metabolites which is the focus of this thesis.

Studies of protein biomarkers have increased dramatically over the past decade,
but are often limited to cases where the BBB is disrupted allowing proteins to migrate
from the cerebral spinal fluid (CSF) into the blood.** Protein biomarkers, particularly
glial and neuronal proteins like GFAP and UCH-L1, have received considerable attention
and show potential as TBI biomarkers over a range of injury severities. GFAP levels in
human serum have been shown to correlate with GCS scores and brain imaging findings
in severe and moderate-mild TBI patients.’>® Similarly, elevated levels of UCH-L1 have

also been shown to correlate with imaging results, injury severity, and the need for
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neurosurgical intervention in mild to severe TBI patients.’”*® In 2018 GFAP and UCH-
L1 received FDA approval as a blood-based biomarker assay for predicting intracranial

hemorrhaging in patients with mild TBI.*®

The neuronal protein tau has also been studied
heavily has a biomarker candidate for TBI, the natively unfolded protein is localized in
neurons and has high concentrations in the CSF. This protein has been of particular
interest in TBI studies because, when cleaved into c-tau, it is able to permeate the BBB
and enter the CSF and blood.'® The greatest challenge of studying this protein lies in its
short half-life; however, recent work has shown large increases of tau in the plasma of

concussed humans over those without injury.!'*!

While these proteins and others have
shown some success in distinguishing TBI patients from controls, routine clinical use of

biomarkers for the consistent diagnosis of TBI over a range of severities has not yet been

accomplished.

miRNA are short 19-28 nucleotide sequences which are noncoding RNA
molecules used to regulate protein synthesis.!°> miRNA’s high expression in the brain,
ability to permeate the BBB, and their stability in peripheral biofluids make them ideal
candidates for prognosis and therapeutic TBI decisions.'®* Candidate miRNA biomarkers
have been explored for alterations in the blood, CSF, and saliva of TBI patients across a
range of severities and timepoints. Among the largest human studies conducted
examining miRNA (n=114) researchers found increased levels of miR-93, miR-191, and
miR-499 to peak in the serum of injured patients at 2- and 7-days post injury.'* Similar
changes in the miR-30 family have been reported in both the blood and saliva of mild
TBI patients.'!%>!% Decreased expression of miR-30 has been associated with cell

morphology, loss of cellular adhesion and tight junction disruption and therefore may
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play a role in maintaining the BBB.!®” miRNA, like lipid biomarkers of TBI, are in their
infancy compared to protein biomarkers but may one day guide medical decisions for

treating patients.

Lipids are a large class of cellular components with vast diversity, signaling roles
and structures. Recent developments in instrumentation and bioinformatics has led to the
rise of lipidomics, a sub-field of metabolomics, which has allowed for insight into the
dynamic and complex changes of the lipidome in disease states. Lipids are grouped into
categories based on structure and include fatty acyls, glycerolipids, glycerophospholipids,
sphingolipids, sterol lipids, saccharolipids, polyketides, and prenol lipids.'*® The CNS
contains thousands of different lipids species, most of which are synthesized in the brain
and separated from peripheral biofluids by the BBB.!% Alterations to the lipidome
following TBI have been increasingly reported in recent years and are the focus of the

research presented in this thesis.!'*!!!

Identifying the complete lipid signature of TBI will
require experimental research of peripheral biofluids such as serum, urine, saliva, and

CSF and the study of central components such as brain tissue over a range of severities

and post injury timepoints.

The CNS is highly enriched in fatty acids which are the building blocks for
complex lipid species and increase in abundance as phospholipids degrade. Fatty acids
have a variety of chain lengths and can be saturated, monounsaturated, or
polyunsaturated.''? Arachidonic acid and docosahexaenoic acid are polyunsaturated fatty
acids with significant structural and signaling roles that create lipid mediators such as the

113,114A

eicosanoids and docosanoids. study of the CSF following TBI in human patients

(n=15) showed significant increases in the concentrations of all free fatty acids with
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p<0.001 for arachidonic and docosahexaenoic acids 48 h after injury.!'> Additional work
from the same group showed similar increases in fatty acid concentrations from patients
with subarachnoid hemorrhage, indicating that increased free fatty acid concentrations
were not necessarily unique to TBL.!'® Previous experimental work in the group
conducted on Sprague-Dawley rodents also revealed a statistically significant increase of

arachidonic acid at 3- and 7- days post injury between injured and control groups.!!!

Phospholipids (PL) comprise approximately 45% of the dry weight of the brain
and contain a glycerol backbone with hydroxyl groups in the sn-1 and sn-2 positions
linked to fatty acids. PL species including phosphatidylethanolamines (PE),
phosphatidylcholines (PC), phosphatidylserines (PS), and phosphatidylinositols (PI) vary
based on polar head groups located at the sn-3 position.!''? Of the phospholipids, PE and
PC have the highest presence in white matter (19.6% and 11.8% respectively) and in grey
matter (30.7% and 25.1% respectively).'!” Studies of human CSF from patients with GCS
scores below 8 have revealed significant increases in PE, PS and PC when compared to
patients with suspected neurological disorders.!!® Similar experiments in patients with
GCS scores ranging from 3-11 showed an increase in all PL species at nearly all
measured timepoints in injured patients over controls. Interestingly PL abundance was
greatly increased in patients who died from their injuries when compared to those who
survived.!!? A detailed study of plasma from soldiers who sustained mild TBI several
years prior to analysis showed significant decreases in PC, PE, and PI when compared to
soldier without head injuries.'?°

The hydrolysis of PL by phospholipases cleaves acyl residues and produces

lysoPL species which aid in the regulation of numerous biological processes.'?! LysoPC
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species for example play a role in pro-inflammatory processes in the nervous tissue.
Glycerolipids contain a glycerol backbone with varying numbers of fatty acyl residues
and species like the diacylglycerol 2-arachidonoylglycerol can act as a source of
neuroactive endocannabinoids which affect neurogenesis and synaptic plasticity. '2%!12
Sterols like cholesterol are an important component of cell membranes and in a human
study of CSF (n=27) non-esterified cholesterol exhibited a 5-fold increase in severe TBI
patients over controls.!!” Cardiolipins are another species of lipid which is highly
enriched in the brain, but has seen little research in the serum of TBI patients. In rat
plasma cardiolipins only constitute approximately 0.001% of all PL species, however

LC-MS analysis of brain tissue homogenate from a human patient with severe TBI

showed a large presence of oxidized cardiolipins from the right temporal lobe. !

The study of potential biomarkers of TBI has revealed a complex array of changes
in the blood, CSF, and brain tissue of patients and experimental models. Given the
heterogeneity of TBI it is unlikely that any single biomarker or type of biomarker will be
able to capture all injury mechanisms alone. Series of biomarkers or biomarker panels are
likely required to understand differences in injury states across a range of severities and

post-injury time-points.

2.2 Metabolomics Experimental Design

Metabolomics is an umbrella term capturing all studies examining small
biological molecules in an organism’s metabolism with the goal of obtaining a
comprehensive understanding of small molecules within an organism. The versatility of
metabolomics experiments is highlighted by their ability to detect statistically significant
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fluctuations between healthy and diseased states. Modern metabolomics has been heavily
influenced by the field of proteomics including in the instrumentation, separation
methodologies, and data processing methods used. However, important distinctions
between the two exist. While the metabolome may seem less complex than the proteome,
metabolites can exhibit diverse chemical structures, concentrations, polarity, and
volatility.!** The metabolome is also greatly affected by temporal fluctuations, and the
presence of exogenous species such as drugs, nutrients, and toxins.'?> Many small
molecules are common across species making them difficult to use for species
determination but advantageous for animal model studies in that metabolite fluctuations

following disease state are often similar between species.'%¢

Lipidomics is a subset of metabolomics that examines lipid molecule fluctuations
and can be done in targeted and untargeted fashions. Untargeted approaches are designed
to discover as many species as possible and to examine both unknown and known
metabolites. This type of approach is useful in hypothesis generating experiments and
yields a global understanding of an organisms lipidome.'?” Untargeted lipidomics
experiments typically operate under the assumption that the analysis of metabolites will
produce a list of identified or identifiable lipids that can be mapped to known
pathways.!'?* However, these methods are often challenged by difficulties in compound
annotation. Despite lipid molecules containing common elements such as C, H, O, N, S
and P, there is no overall common repeating alphabet, like that which exists in proteins.
Validating discovered metabolites using further and often in-depth experiments is almost

always necessary but will likely become less necessary as databases improve over time.
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Targeted metabolomics approaches are hypothesis driven and commonly follow
larger scale untargeted studies examining tens or hundreds of known metabolites that
typically have some clinical interest. While these studies are often much less labor and
time intensive than untargeted approaches, the potential for overlooking metabolic
responses of interest is high.!?* In targeted studies, specific compounds of interest are
quantifiable to laboratory standards and can be compared to well established reference
ranges. The precision of targeted studies is usually greater than untargeted approaches
even after correcting for issues such as time dependent signal drift.'?® The work presented
in this thesis utilizes an untargeted lipidomics approach for identifying features of interest
present in TBI models with the future goal of assessing potential biomarkers in targeted

studies.

2.3 Mass Spectrometry

Methods using mass spectrometry (MS) have enabled quantitative and qualitative
analysis of lipids in complex matrices in both targeted and untargeted manners.'? The
efforts of organizations such as the LIPID MAPS consortium have yielded regularly
updated databases of high-quality lipid standards which are freely available to scientific
community. MS studies are the most commonly used method for metabolomics and
lipidomics experiments as they are overall the most selective, sensitive, cost effective and
yield the greatest depth of coverage.!3® MS instrumentation consists of an ion source, a
mass analyzer, and a detector and are often coupled to a front end separation method such

as chromatography. The researcher’s choice of polarity and ion source, electrospray
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ionization (ESI), chemical ionization (CI), matrix assisted laser desorption ionization
(MALDI), electron impact (EI) etc. allow for a wide breadth of metabolites to be
analyzed. After metabolites are converted to the gas phase and ionized, they travel
through a mass analyzer such as an Orbitrap, Fourier transform ion cyclotron resonance
(FT-ICR), time-of-flight (TOF), quadrupole, or ion-trap that separates ions based on their
mass to charge values (m/z).!3! Tons then reach a detector, typically a Faraday cup,
photomultiplier tube, or simply an image current where the relative abundance is
recorded and sent to a digitizer that converts electrical signal to a mass spectrum readable

on a computer.

Analyte separation prior to MS is typically accomplished using chromatography
in either the liquid (LC) or gas phase (GC) which separates analytes based on affinity for
a stationary phase. GC uses an inert carrier gas as a mobile phase to move analyte
through a capillary column where a stationary phase commonly consisting of a high
boiling point polymer coats the wall of the tube. Analytes are then separated based on
their affinity for the column where analytes with greater attraction to the stationary phase
have longer retention times and come off the column slower than analytes with a lower
affinity.!*? LC also makes use of a stationary and mobile phase and is commonly done in
either normal (NP) or reverse phase (RP). NP chromatography uses a polar stationary
phase and non-polar non-aqueous mobile phase and yields longer retention times for
polar analytes. A commonly used variant of normal phase chromatography called
hydrophilic interaction chromatography (HILIC) is useful for very hydrophilic samples
such as carbohydrates which are insufficiently soluble in the non-aqueous mobile phase

NP chromatography. HILIC experiments separate polar compounds based on liquid-
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liquid partitioning as opposed to solely relying on adsorption to a column.!* RP
chromatography experiments uses a hydrophobic stationary phase commonly consisting
of long chain carbon molecules fixed to beads which are tightly packed into the column
and a polar mobile phase. RPLC separates lipid molecules based on lipophilicity where
increasing lengths fatty acyl chains largely determine the length of time an analyte is

retained on a column.'?*

In a typical lipidomics MS workflow, MS1 experiments are done to generate
accurate mass data for many compounds or features. These data are then used in
following statistical calculations to help guide feature selection toward a small subset of
potentially interesting features so additional MS2 experiments can be performed for
compound identification. Advanced workflows can collect full MS1 data and MS/MS in
a single experimental run. The most frequently used method for this type of data
collection is done using data-dependent acquisition (DDA), where the highest abundant
lipids at a time point or lipids above an abundance threshold are selected and collected
for MS/MS.!3 Despite its power, a drawback of this precursor ion selection method is
that it suffers from low analytical reproducibility and can select features of little
biological relevance.!'*® Reliance on pooled quality control (QC) or reference samples is
common in this method, separating metabolite quantification from identity confirmation.
Data independent acquisition methods (DIA) such as sequential window acquisition of all
theoretical fragment-ion spectra involve the selection of wide, consecutive m/z windows
and effectively covers the entire mass range. All ions within these windows are
fragmented together at one time, but due to the width of isolation windows which are

typically between 10 and 50 Da, linking precursor ions to corresponding fragments is
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difficult. This method of MS2 collection can make interpretation of unknown metabolites

significantly more challenging than DDA methods.'*

2.4 Imaging

Imaging mass spectrometry (MSI) has seen significant growth as an investigative
tool for metabolomics experiments and yields spatial distribution information
unobtainable through LC-MS and NMR methods. Matrix assisted laser desorption
ionization (MALDI), secondary ion mass spectrometry (SIMS), and desorption
electrospray ionization (DESI) are the most widely used MSI tools for metabolomics.
MALDI MSI was first described in 1994 by Bernhard Spengler and further developed by
Richard Caprioli in 1997.137:138 In this technique the biological sample is covered in an
organic matrix, typically containing an organic core, which is designed to absorb energy
from an UV laser beam ion source. The energy absorbed by the matrix causes an
explosive desorption of analyte together with matrix crystals and after a short time delay
a voltage differential is applied bringing ions into the mass separating portion of the
instrument. MALDI paired with TOF mass analyzers to separate ions are the optimal
MALDI IMS platform allowing for a high mass range around 100,000 Da and lateral
resolution as low as 10 um."*° This soft ionization technique makes the spectral
information collected less complicated than harder ionization sources and allows for a

larger mass range than other methods.

SIMS was developed in the beginning of the 1960’s and uses a beam of primary
ions which transfers collisional energy to molecules on the surface of the analyte. This
technique uses a harder ionization source than MALDI as the energy of primary ions is
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considerably higher than the covalent bonds on the surface of the analyte leading to
considerable fragmentation. The mass range of SIMS is limited to approximately 1,000
Da and only about 1% of all molecules retain an electrical charge and can be detected by
an analyzer.'>® The spatial resolution of SIMS can reach below 10 um and modifications
to extend the mass range including matrix application and thin metal layer coatings have
been studied to extend the uses of this technique. DESI is a newer soft ionization MSI
method first reported in 2004 and highly advantageous in that it allows for ambient and
direct analysis of tissue, liquids, frozen solutions, or adsorbed gases.!*>"!4! In this method
charged microdroplets are generated from a solvent inside the emitter of the electrospray
ion source. These microdroplets then form a thin film on the surface of the analyte and
dissolve the top layer. Secondary droplets containing analyte are produced after new
primary droplets impact the dissolved analyte and transport the analyte to the surface the
MS inlet. This method has high sensitivity, nearly instantaneous response time, and a
larger mass range than SIMS but spatial resolution is poor and rarely better than 100

pm 139

2.5 Nuclear Magnetic Resonance

Behind mass spectrometry, NMR is the most widely used technique in
metabolomics studies. Briefly, this method works by placing molecules in a strong
magnetic field and measures the resonant frequencies of nuclei which can then be
converted to an NMR spectrum. Compared to mass spectrometry, NMR requires much
less elaborate sample preparation measures and does not require separation of metabolites

prior to analysis. NMR allows for rigorous quantitation of highly abundant metabolites
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and offers an advantage for metabolites which are difficult to ionize.!** NMR is also non-
destructive to samples and offers enhanced reproducibility of experiments making it an
attractive option for many researchers. Stable isotope labeling allows NMR to annotate
the dynamics of metabolite transformations and can be used to explore the

compartmentalization of metabolic pathways.!'*?

NMR is limited to the study of a small number of metabolites, approximately 100-
200, per single experiment and typically yields limits of detection which are 10 to 100
times worse than mass spectrometric methods. Additionally, NMR often requires
specially trained operators to work on large, expensive instruments that are difficult to
maintain and often located in centralized core facilities. The selection of instrumentation
is often dictated by cost, accessibility, and availability of experts to process samples.
Ultimately the choice of platform for metabolomics studies should rely on the nature of
samples and focus of the study.!'** Currently there is no method capable of identifying
and quantifying all metabolites in a sample, thus a combination of approaches are needed

to gain the best overall understanding of complex biological systems.

2.6 Data Workflow

Metabolomics experiments require many steps to go from hypothesis to biological
interpretation. A typical experimental workflow requires planning, sampling, sample
pretreatment, instrumental analysis, data processing, multivariate modeling, and
interpretation. Typical metabolomics experiments use hundreds or even thousands of
samples which all must be collected and pretreated meticulously, and often require
significant instrument run time and complex modeling before interpretation of results can
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begin. The time needed to conduct sampling, sample treatment and instrumental analysis
can span weeks, months, and even years depending on sample size.!* Each step in the
process is important as the result is only as strong as the weakest link in workflow.
Standardized protocols exist for most sampling, pretreatment, and instrumental analysis
steps however data processing and multivariate analysis methods are often selected by

user preference or default program settings. 4

Normalization methods should be used during pre-processing to help limit error
and are commonly classified into three groups: (i) data driven methods, (ii) internal
standard (IS) based methods, and (iii) quality control (QC) based sample methods.'*” The
first group of normalization methods relies on self-averaging properties or that increases
in a metabolite in one sample will be matched by decreases of the same metabolite in
other samples. This assumption is not necessarily valid in all lipidomics experiments as
changes in solvent pH or temperature may affect some lipid species differently than
others. IS methods require either internal or external standards be added to samples to
normalize each metabolite. IS method accuracies are hindered when compounds co-elute
with IS, when peak heights of IS do not describe all matrix effects, when IS are sensitive
to their own obscuring variations, and when the structural properties of IS do not include
all species in a lipidomics dataset. QC methods usually require small aliquots of each
sample to be combined into a single pooled sample to create a matrix like that of each
sample. In recent years QC methods have grown in popularity partially due to low cost,
ease of implementation, and their ability to decrease unwanted error while still maintain
biological variation. QC samples are placed throughout the experiment commonly at the

beginning and end of batches to control for instrument drift over time.'*® While
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promising, QC methods rely on the assumption that all systematic error is related to batch
effects, run order, or processing sequence and do not consider correlation of error

between compounds.

Practical considerations yield a need for variable scaling prior to data analysis.
The linear combination of experimental observations from different instruments such as
NMR and MS have no physical meaning as units differ, however even when variables
have the same units, disparate intensities and variances between variables cause
multivariate feature selection methods to focus on a small subset of highly intense
features.!* Data scaling provides a solution to this problem as methods such as auto-
scaling force features to have a mean of zero and unit variance and allow multivariate
models to examine correlations rather than covariances. Numerous forms of scaling exist
and commonly include pareto scaling whose goal is to reduce the importance of large
values and range scaling whose goal is to compare metabolites relative to a biological
response range.>° The greatest disadvantage of scaling lies its tendency to amplify
instrumental noise, but this can be mitigated through baseline removal, removal of
features with large variation, and removal of features present in of a small percentage of

samples.

The flexibility of multivariate analysis allows for a variety of instrumental
approaches. Almost universally, data is input into a data matrix X containing N
observation row vectors of K variables in each vector with almost no constraints placed
on the values within.'*’ Following pre-processing steps matrix X can be decomposed
directly through unsupervised methods such as principal component analysis (PCA) or it

can be paired with a class matrix Y for supervised dimensionality reduction in the case of
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partial least squares regression (PLSR) and its descendants. Binary class membership
information in the Y matrix allows for forms of discriminate analysis (DA) such as PLS-
DA and orthogonalized PLS-DA.!*! The primary goals of PCA and PLS are to identify
class differences in a multivariate dataset, where classes refer to biological considerations

such as injured and uninjured rat serum as in the case of this thesis.

Feature selection is common in metabolomics experiments as there are
significantly more variables, for example m/z, RT pairs than there are N. Thus, variable
selection may be beneficial in selecting biologically meaningful regions of a dataset.
Exhaustive variable selection methods may apply recursive algorithms, support vector
machines, genetic algorithms, or random forests to select variables pertinent to class
separation.!>>!5 The greatest critique of these methods lies in the potential for overfitting
where random variables irrelevant of a biological condition separate samples into
predefined classes. Methods for reducing overfitting commonly include many iterations
of permutation tests or when available the use of additional test data.!>* The application
of prior dataset knowledge is beneficial prior to feature selection and may help further

reduce the overfitting of final feature selection.
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CHAPTER 3
METHODOLOGY

3.1 Chemicals

Chemicals used to prepare mobile phases and solutions included LC-MS grade
water and acetonitrile (ACN) (Fisher Scientific International, Inc. Pittsburg, PA),
isopropyl alcohol (IPA) (Honeywell International, Inc. Charlotte, NC), formic acid
(purity > 99.5%) (CovaChem, LLC. Loves Park, IL), and ammonium formate (purity >
99.995%) (Sigma-Aldrich, Inc. St. Louis, MO). Uninjured Sprague-Dawley rat serum
(ab7488) (Abcam, PLC. Cambridge, UK) was used as reference serum during LC-MS
data collection and to supplement MS/MS data collection. SPLASH II Lipidomix
(Sigma-Aldrich, Inc. St. Louis, MO) served as an analytical lipidomic standard for MS

experiments.

3.2 Injury Protocol and Blood Collection

All procedures involving Sprague-Dawley rat models were performed in
accordance with guidelines set forth in the Guide for the Care and Use of Laboratory
Animals (U.S. Department of Health and Human Services, Pub no. 85-23, 1985) and
were approved by the Georgia Institute of Technology Institutional Animal Care and Use
Committee (protocol #A100188). Female (n=18) and male (n=14) Sprague Dawley rats
(8 weeks old; Charles River) weighing between 300-400 g were kept on 12 h reverse
light-dark cycles, where food and water were available ad libitum. Animal models were

randomly assigned to sham-operated (n=11), single CCI (n=10), and three times repeated
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CCI (n=11) groups (Figure 1A). Sham-operated animals received no injuries and were

used to control for lipid fluctuations from anesthesia usage and time dependent daily

cycles.
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Figure 1: Overview of study design, data processing, feature selection and identification.
(A) Experimental groups included both the male (n=14) and female (n=18) sexes which
were randomly assigned to either sham controls, which received no injuries (n=11), single
impact, which received one closed skull CCI injury (n=10), or repeat impact, which
received three separate closed skull CCI injuries (n=11). (B) Whole blood was collected at
baseline prior to injury and again at 30 min, 4- and 24-h post-injury. (C) Workflow
illustrating data collection with LC-MS in both positive and negative ion modes yielding
14,119 features. (D) Peak alignment, picking and integration were accomplished using
Compound Discoverer v. 3.0.0, (Thermo Scientific). (E) Following initial feature
reduction, 499 statistically significant features of interest with fold changes above 1.5 were
identified for further PCA and oPLS-DA modeling. (F) Genetic algorithms were used to
create optimized reduced feature panels capable of classifying injured and uninjured serum
samples at all collection timepoints. (G) Targeted MS/MS experiments were then
performed to identify features present in the final optimized panels. (H) Following
identification, biological significance and pathway mapping was undertaken to
qualitatively understand features of interest as they relate to mild TBI.
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A CCI device (Pittsburgh Precision Instruments, Pittsburgh, PA) was used to induce
single and repetitive closed-head injuries to the cortex. Prior to injuries, all rat groups
were anesthetized with isoflurane (induction: 5% isoflurane; maintenance: 2-3%
isoflurane) and a toe-pinch was administered to evaluate loss of consciousness to ensure
minimal pain during the injury process. A pneumatic piston on the CCI device with a 5
mm tip diameter was positioned 15 degrees below vertical in the coronal plane to induce
injury to the closed skull 30 s after removal of the isoflurane supply. All experimental
injury groups received injuries from the pneumatic piston at a velocity of 5 m/s. The
single impact injury group received a one injury with 5 mm head displacement. The
repeat injury group received a total of 3 injuries over 2 min intervals with head
displacements of 5 mm, 2 mm, and 2 mm, respectively. Sham-operated animals received
treatment identical to injured animals excluding injury procedures (Figure 1B). Following
final injury, time-to-right was recorded, and animals were monitored to survey the

presence of neurological deficits.

Whole blood was collected from all study subjects at baseline prior to injury
(n=29), 30 min post-injury (n=25), 4 h post-injury (n=32), and 24 h post-injury (n=28).
Approximately 200 puL of whole blood was collected from the tail artery with 22-gauge
Precision Glide needles (Beckton Dickson) and stored on ice. Whole blood was left at
room temperature to coagulate for 45 min and sample collection followed guidelines for
limiting potential hemolysis. Samples were then centrifuged at 4 °C for 15 min at 2500 g,

and serum was collected and stored at -80 °C (Figure 1B).
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3.3 Serum UHPLC Analysis

Serum samples were thawed on ice for one hour prior to the addition of IPA and
Splash II Lipidomix in (1:3 v/v) to separate lipids and small non-polar metabolites.
Serum and IPA mixtures were vortexed for 10 s, centrifuged at 16000g for 7 min and the
supernatant was collected for LC-MS analysis. Sample blanks were prepared with 50 pL
of LC-MS grade water, and pooled QC samples were formed from 5 pL aliquots of all
study subject serum samples. Reference samples were collected from commercially
purchased uninjured Sprague-Dawley rat serum and were processed in the same manner
as study subject serum samples. All samples were run in a randomized order over two
and a half days of consecutive instrument time. QC samples were placed every 24 runs to

evaluate system stability and to account for time dependent batch effects.

RP chromatography was preformed using a Vanquish Horizon UHPLC (Thermo
Fisher Scientific, Inc., Waltham, MA) instrument run in both positive and negative ion
modes. Both ion modes used identical two-part mobile phases. Mobile phase A was a
(40:60 v/v) water/ACN mixture and mobile phase B was a (90:10 v/v) IPA/ACN mixture.
Both mobile phases contained 0.1% formic acid and 10 mM ammonium formate solution
as a buffer. The stationary phase used for both ionization modes was a 2.1 x 50 mm
Accucore C30 column with 2.1 um particle size. An ID-X Orbitrap Tribrid mass
spectrometer (Thermo Fisher Scientific, Inc., Waltham, MA) was used following

separation for all samples over a scan range of 150-2000 m/z (Figure 1C).
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3.4 Data Processing

Raw spectral data from LC-MS experiments were pre-processed using Compound
Discoverer v3.0.0 software (Thermo Fisher Scientific, Inc., Waltham, MA). Initial steps
involved retention time peak alignment between samples, peak area integration, peak
picking, and QC area normalization (Figure 1D). Features eluting with the solvent front
or having retention times below 0.75 min were removed to account for potential ion
suppression effects.!>® Further reduction removed features not present in at least 75% of
samples at concentrations above five times the baseline abundance and features with
coefficients of variation (CVm) greater than 20% in QC samples. A combined set of
14,119 spectral features 3,646 and 10,473 from the negative and positive modes

respectively were obtained.
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m/z
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Figure 2: Cloud plot generated in the XCMS web-based application showing positive ion
mode retention time versus m/z for features with high fold change and statistical
significance between injured (green) and uninjured (red) animals. The black traces
outline chromatographic retention time on the x-axis and m/z values on the y-axis for
each sample. Each bubble in the plot corresponds to one metabolite feature with fold
change at or above 1.5 and a p-value at or below 0.05 using a Welsch’s t-test. The color
and size of each bubble denote the directionality and magnitude of fold change
respectively with larger bubbles representing larger fold changes. The darkness of color
in each bubble represents p-value significance with darker colors corresponding to
features with greater statistical significance. Features with large m/z values are truncated
for ease of visibility.

The XCMS Online cloud-based informatic platform was used to visualize
differently expressed features in injured versus uninjured serum samples in the positive
(Figure 2) and negative (Appendix A) ion modes. Features of interest were identified as
those exhibiting fold changes greater than 1.5 and having Benjamini Hochberg adjusted
p-values < 0.05 after Welsch’s t-testing (Figure 1E).!>%!57 Further reduction to the feature
of interest panel was done by evaluating median ratios of normalized area between all
injury timepoints and baseline values. Features with ratios differing by less than 20%

between injured and sham operated animals at all post-baseline timepoints were removed
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to better account for lipidome changes not induced by TBI. Preliminary feature reduction
led to a panel of 499 features, 76 in the negative ion mode and 425 in the positive ion
mode which were exported as a single matrix into MATLAB (MATLAB R2019a, The
Mathworks, Natick, MA, with PLS Toolbox v8.1.1, Eigenvector Research, Inc.,

Wenatchee WA).

Optimized feature panels for classifying injured and uninjured serum groups were
created using genetic algorithms (GAs) on male and female sera separately. Genetic
algorithms are a popular evolution-inspired approach to optimization where features are
selected according to their fitness.!>*!%° The total number of times a feature is chosen is
proportional to its relative fitness so features with the highest frequency are selected for
the final optimized models. Detailed parameters for genetic algorithm feature selection
are provided in the supporting information (Appendix A). The optimized feature panels
were evaluated for discriminating power through supervised orthogonal partial least
squares discriminant analysis (0PLS-DA) and tested for overfitting using 200 iterations
of permutation tests (Appendix A).'%’ Data was preprocessed by autoscaling prior to PCA
and oPLS-DA analysis and cross-validated with 10 iterations of Venetian blinds cross-

validation.

3.5 Discriminant Feature Identification

Identification of all features in the optimized feature panels was attempted with
tandem MS analysis using normalized collision energy values of 10, 30, and 50 eV. lon
adducts and elemental formulas were generated within Compound Discoverer v3.0.0 with

elements constrained to C, H, O, N, S, and P. Tentative feature identities were generated
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by comparing MS/MS fragmentation patterns to entries in an in-house database, Lipid
Maps, Metlin, and Human Metabolome Database (HMDB) databases using both accurate
mass and generated elemental formulas with mass tolerances of 10 mDa,!61:162:163.164 The
MS/MS prediction tool within Lipid Maps was also used to further support feature
identification. Fragmentation patterns were manually analyzed in some cases to
differentiate various species. Low abundance species were targeted for MS/MS analysis

using an inclusion list containing possible adducts of target ions.
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CHAPTER 4
RESULTS AND DISCUSSION

4.1 Initial Exploratory Analysis

Serum from 32 Sprague-Dawley rats was analyzed to examine lipidome changes
resulting from closed-head mild CCI prior to injury and again at 30 min, 4 h, and 24 h
post-injury. Sera from female rat ID. No 15 were discarded due to errors during sample
preparation and three additional sera samples were removed as outliers in T? and Q
residual PCA plots reducing the number of sera samples analyzed to 108. The 14,119
features produced from combining the positive and negative ion mode data after initial
data processing were used for unsupervised PCA (Figure A1l). Pooled QC samples
grouped together in the center of all study subjects, indicating an accurate representation
of the average composition of study subject serum. Additionally, clear separation and
tight grouping of uninjured reference serum further validated data collection. When QC
and reference serum were removed, separation of samples along the diagonal of the first
and second PC’s revealed that a large portion of the total variance in the data was

explained by lipidome differences between sexes.

A reduced 499 feature list, produced from significant features with high fold
change, was also used to evaluate all study subject sera in an unsupervised manner
(Figure 3). Again, minimal overlap between female and male serum samples in the
reduced feature list revealed a need for separate analysis of samples by sex. Overlap
between injured and uninjured serum samples occurred primarily from early post-injury
blood collection timepoints, but injured samples generally corresponded to lower scores

on PC1 and uninjured serum generally corresponded to higher scores on PC1. Overlap
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between injured and uninjured samples showed that accurate discrimination of subtle

differences in TBI pathophysiology would require supervised classification methods.
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Figure 3: Unsupervised PCA scores plots of the 499-feature list of statistically significant
features obtained following filtering and list reduction but prior to final feature panel
selection. The distribution of samples shows separation between male and female sexes
along the diagonal of PC1 and PC2 explaining a combined total of 45.96% of the variance.
Male injured serum is depicted with orange triangles and male uninjured serum is depicted
as blue triangles. Female injured serum is shown as pink diamonds and uninjured female
serum is shown as green squares.

Previous work in the group identified a five-feature panel capable of differentiating
male Sprague-Dawley rat sera of single closed head CCI at 24 h post injury and control
sera with 89.3%, 91.6%, and 86.8% accuracy, sensitivity, and specificity, respectively.
From the metabolomics methodology perspective, the main differences between the
previous unpublished study and the study discussed here include the addition of female
serum samples, repeat CCI injury serum samples, and blood collection at the 30 min and 4
h post-injury timepoints. The single injury models used in the previous study were carried

out in a similar fashion to those in the current study however, they were only evaluated at
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the 24 h timepoint and were not used to assess repeat CCI injuries. The panel consisted of
PC species, PC(16:0 22:5) and PC(18:1 20:4), PC(18:0 22:4) and PC(41:2), which
increased following injury as well as arachidonic acid and cholesterol sulfate which both
decreased. To understand the ability of the previous panel to classify the animals used in
this study, male serum samples from all injury severities and blood collection timepoints

were evaluated using the features discovered in the previous panel and used to generate an

oPLS-DA model (Figure 4).
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Figure 4: (A) oPLS-DA scores plot showing classification by the 5-feature optimized panel
derived from previous work differentiating male single impact CCI from uninjured serum
samples. (B) oPLS-DA cross validated classification plot using the same 5-feature panel.
Male injured and uninjured sera are shown in orange and blue respectively with all injury
classes and timepoints present in the model. The model performed with 75.0%, 83.3%, and
79.2% cross validated sensitivity, selectivity, and accuracy.

Negative scores on the first latent variable generally corresponded with injured
samples while positive scores generally corresponding to uninjured samples. The model
performed with reasonable sensitivity, selectivity, and accuracy warranting further
investigation of these features as potential biomarkers for repeat CCI injury models. Three

of the misclassified injured samples corresponded to blood collected at the 30 min
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timepoint and the remaining misclassified injured samples were from a single injury rat ID

No. 6 which exhibited a high degree of hemolysis during sample preparation.

Table 1: Annotation of lipids in the 5-feature panel. Retention time, observed exact mass
with instrumental error, observed adduct, predicted elemental formula, and average fold
change (FC) of TBI versus sham sera are reported. Positive FC corresponds to increased
abundance in injured serum versus uninjured samples. All features were confidently
matched to known compounds from local databases.

Feature Feature ID Retention m/z Adduct Elemental FC
Number Time (min) | mass error formula (TBI vs.
(ppm) sham)
12 Cholesterol Sulfate 2.750 465.30470 [M-H] C27H4604S 1.29
1.850
53 PC(16:0 22:5) 4.237 852.57605 | [M+HCO2] | C4Hg,NOGP 1.11
PC(18:1 _20:4) 0.729
111 Arachidonic Acid 2.482 303.23309 [M-H] Cy0H3,02 1.29
2.300
250 PC(18:0 22:4) 5.511 882.62329 | [M+HCO2] | C,sHggNOGP 1.47
1.035
7019 PC(41:2) 6.771 856.67908 [M+HT* CaoHosNOsP 1.12
-0.483

4.2 Multivariate Classification Performance

GA feature selection was used on the reduced 499 significant feature list to obtain
smaller and more robust feature classification panels capable of differentiating injured
and uninjured serum. Male and female serum were separated into two training sets prior
to feature selection. The final feature panels were used to create oPLS-DA models and
evaluated for over fitness using 10 iterations of Venetian blinds cross validation and 200
iterations of permutation tests. The male training set (n=50) was reduced to a 16-feature
panel and used to create an oPLS-DA model with 2 LV. This model yielded 85.5%,
93.3%, and 89.2% cross-validated sensitivity, selectivity, and accuracy with a total of 5
misclassified samples (Figure 4 A-B). The three misclassified injured samples included

two samples from a single impact rat ID No. 6 at the 30 min and 24 h timepoints as well
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one sample from a repeat impact rat ID. No 11 at the timepoint 4 h timepoint.
Misclassified samples all exhibited a visible degree of hemolysis following sample
preparation but were retained for analysis as they were not identified as outliers in T? and
Q residual PCA plots. To support a lack of evidence for overfitting, 200 iterations of
permutation tests were run and evaluated with Wilcoxon, sign, and Rand’s t-tests which
all showed no evidence for overfitting at the alpha = 0.005% confidence level (Figure
A3). In the same manner, the female test set (n=58) was reduced to a 17-feature panel and
used to create another oPLS-DA model with 4 LV and 93.5%, 92.6%, and 93.1% cross-
validated sensitivity, selectivity, and accuracy (Figure 4 B-C). In this model, five total
samples were misclassified including two samples from a single impact rat ID No. 13 at
the baseline and 30 min timepoints, the three remaining misclassified samples arose from
30 min blood collection timepoints from repeat and sham injury models and can likely be
attributed to the subtle injury boundary during the initial phases of TBI. Permutation tests
for this model also yielded no evidence for overfitting at the alpha = 0.005% confidence

level (Figure A3).
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Figure 5: (A) oPLS-DA scores plot showing the 16-feature optimized panel to differentiate
male injured and uninjured serum samples. (B) oPLS-DA cross validated classification plot
using the same 16-feature panel. (C) oPLS-DA scores plot showing the 17-feature
optimized panel to differentiate female injured and uninjured serum samples. (D) oPLS-
DA cross validated classification plot using the same 17-feature panel for female sera. Both
panels were evaluated with 10 iterations of Venetian blinds cross validation and 200
iterations of permutation tests which both supported a lack of evidence for overfitting
(Figure A3).

The 10 common features present in the final panels of both sexes were used to
create a series of oPLS-DA plots using 2 LVs to evaluate serum separation at all four
blood collection timepoints. Significant overlap of samples at baseline prior to injury
indicate that the markers selected in the final panels were not specific to individual
animals but rather to the time progression of injury. Single impact serum samples showed
the greatest degree of overlap with other injury classes and was the most misclassified
class of serum at all post-injury timepoints. Overlap of single impact injury serum was

relatively even between repeat and sham classes at the 30 min post injury timepoint
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potentially indicating a delay in the onset of feature fluctuation for single impact serum
samples when compared to repeat injury serum. The later post injury timepoints revealed
greater similarity between single injury and repeat injury at the 4 h timepoint but greater
overlap with sham by 24 h indicating a need to study a larger number of acute injury
timepoints prior to 24 h for less severe injury models. Separation between sham and
repeat injury sera grew over the time course of the study with no overlap between the
classes at the final 24 h timepoint. Further investigation of these features at timepoints

beyond 24 h is needed to determine the robustness of these alterations beyond 24 h post

injury.
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Figure 6: oPLS-DA scores plot showing the 10-features present in both final panels used
to classify injured and uninjured sera at baseline (A) and 30 min (B), 4 h (C), and 24 h
(D) post-injury. Sera samples are colored according to injury class where red, yellow, and
green sera correspond to repeat injury, single injury, and sham serum samples. An X is
drawn at the centroid of each class to indicate average scores on LVs 1 and 2 with the
single impact centroids being displayed in black for visibility. Arrows are drawn at each
timepoint to indicate centroid movement where the tail of the arrow corresponds to the
centroid of the given class at baseline and the head points to the centroid of sera samples
at the timepoint of blood collection.

4.3 Discriminant Metabolite Identification

Following multivariate analysis, feature identification was performed for the

features in both final models and 19 of the 23 unique metabolites were identified using

high resolution MS and MS/MS data (Table 2). Appendix A provides detailed MS/MS

fragmentation information and the confidence level for each identified species. Most

identified species were matched to inhouse or global database entries or matched to

predicted spectra within Lipid Maps and HMBD databases. Metabolites in the panel



consisted of lipid species from the PC, SM, TG, PS, and ceramide lipid classes. Features
without assignment could not be matched to MS/MS fragmentation spectra or to in house

or publicly available databases and require further research for identification.

Table 2a: Annotation of lipids from the 16-feature male panel. Retention time, observed
exact mass with instrumental error, observed adduct, predicted elemental formula, p-
value of average abundance between sham and TBI, and fold change (FC) are reported.
Positive FC values correspond to increased abundance in injured serum versus uninjured
serum. Fatty acid chain information is included when MS/MS experiments were possible
and detailed MS/MS fragmentation information provided in the appendix (Table A2).

m/z p-value FC
. (ﬁ) mass rTor | Adduet femental D (sTh]:LV)S (sTh]:LV)S

610 3.668 | 874.56116 [M+HCO,] CasHgoNOsP PC(20:4 20:4) 0.00113 1.719
1842 3.984 86;2;?86 [M-H] CasHgeNO 0P PS(26:4_16:0) 0.000153 | -1.531
2060 5.104 862:2(9)262 [M+HCO,] CaoHgeNOoP PC(O-18:1_22:6) 0.00974 1.505
3655 4.691 832:25?56 [M+H]" CasHgaNOsP PC(18:0_22:6) 0.000935 1.673
3961 3.605 838:22327 [M+H]* CasHgoNOsP PC(20:4 20:4) 0.00372 1.548

-0.818 PC(18:2_22:6)

3975 3.606 | 808.58563 [M+H]* C4sHgoNOgP PC(18:1_20:4) 0.00360 1.552
4393 6.646 8203'.063799626 [M+H]* Cs3HooOs TG(18:3_14:0_18:3) | 0.0291 1.562
4890 7.723 99_92.;5(?91 [M+H]* Ce7H9806 TG(20:4_22:6_22:6) | 0.00618 1.860
5749 6.894 85_11.53569 [M+Na]* Ca4sHo7N2O6P SM(d43:1) 0.0451 1.672
5878 6.907 | 8 1_20.-659“506 [M+H]* Ca4sHo3NOg HexCer(d18:1/24:0) | 0.0326 1.781
6833 8.267 85(1):;21g(9)75 [M+H]* CssHo4Os TG(18:3_16:0_18:3) | 0.0326 -1.731
7173 5570 | 7 6_82.?;(?76 [M+H]* CysHgoNO7P PC(O-16:0_20:4) 0.0254 -1.699
7530 7.484 842:é(6)§39 [M+H]* CssHssOg TG(52:9) 0.0343 -1.622
7901 6.825 124@?)‘; 15 [M+Na]* not identified not identified 0.00718 1.608
11257 | 7.329 | 846.75543 [M+NH4]* Cs3HosOs TG(16:0 16:1 _18:2) | 0.0490 1.545
13399 | 2.533 29_90.'14379901 not identified | not identified not identified 0.000816 1.854
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Table 2b: Annotation of lipids first from the 17-feature female panel. Retention time,
observed exact mass with instrumental error, observed adduct, predicted elemental
formula, p-value of average abundance between sham and TBI, and fold change (FC) are
reported. Positive FC values correspond to increased abundance in injured serum versus
uninjured serum. Fatty acid chain information is included when MS/MS experiments were
possible and detailed MS/MS fragmentation information provided in the appendix (Table

A2).
m/z -value FC
Feature | RT Elemental p
Number | (min) mass error Adduct Formula ID (TBIvs. | (TBIvs.
(ppm) sham) sham)
610 3.668 | 874.56067 [M+HCO,J C4sHgoNOsP PC(20:4_20:4) 0.00113 1.719
1.018
2060 5.104 | 862.59662 [M+HCO,J C4HgsNOoP PC(O-18:1_22:6) 0.00974 1.505
0.529
3655 4.691 | 834.60156 [M+H]* C4sHsaNOgP PC(18:0_22:6) 0.000935 1.673
0.373
3814 7.602 | 969.77856 [M+NH4]" Cs3H10006 TG(18:2 20:4 22:6) | 0.0350 1.648
-0.427
3961 3.605 | 830.56927 [M+H]* C4sHgoNOgP PC(20:4_20:4) 0.00372 1.548
-0.818 PC(18:2 22:6)
3975 3.606 | 808.58563 [M+H]* C4sHgaNOgP PC(18:1 _20:4) 0.00360 1.552
0.0396
4393 6.646 | 823.67926 [M+H]* Cs3Ho0O6 TG(18:3 14:0 _18:3) | 0.0291 1.562
-2.754
4499 8.180 | 972.80182 [M+NH4]" Ce3H10206 TG(18:0 20:4 22:6) | 0.00721 1.911
-0.155
4588 7.599 | 994.78564 [M+NH.4]* CesH10006 TG(18:1 _22:6 22:6) | 0.0440 2.292
-0.685
4890 7.723 | 999.74091 [M+H]* Cs7H9806 TG(20:4 22:6 22:6) | 0.00618 1.860
-1.996
5749 6.894 | 851.69769 [M+Na]* C4sHg7N2O6P SM(d43:1) 0.0451 1.672
-0.548
5878 6.907 | 812.69806 [M+H]* CasHosNOg HexCer(d18:1/24:0) | 0.0326 1.781
0.189
6105 7.634 | 847.67889 | notidentified | not identified not identified 0.0465 -1.764
6603 7.283 | 686.64246 | not identified | not identified not identified 0.0252 1.589
6698 3.362 | 878.56952 [M+H]" C49oH7sNOgP PC(44:12) 0.0380 -1.581
-0.488
7151 5.780 | 566.55096 [M+H]* C36H71NO;3 Cer(d18:1/18:0) 0.0435 2.093
-0.406
7173 5.570 | 768.59076 [M+H]" C44HgoNO7P PC(0-16:0 _20:4) 0.0254 -1.699
0.104
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4.4 TBI Lipidome Alterations

Discovering the biological role of specific metabolites and trends in lipid classes
following TBI is critical to understanding the complexity and subtleties of TBI. The most
identified classes of lipids from the final feature panels created in this study belonged to
the PC and TG lipid classes with most species from both classes showing increased FC
following injury. Increases in PC lipids have been documented in the CSF of severe TBI
human patients in the hours and days following injury and recently have been reported in
repeated closed skull CCI mice models in the cortex and hippocampus.!'®!16> A recent
repetitive closed skull CCI injury study conducted by Ojo et al. found average PC lipid
concentration in the brain to increase significantly, p < 0.01, at 24 h post-injury and return
to levels similar to sham models by 3 months. Similar increases in serum PC species of
repeat injury models discovered in this study warrant class investigation of PC as a
potential indication of repeat injury. While TG lipid species have been far less researched
regarding alterations following TBI recent work assessing post traumatic epilepsy, a
common long-term risk associated with TBI, in rats has shown significant increases in TG
concentration in the brain. Post traumatic epilepsy animals showed significant TG, p <
0.005, and PL, p <0.05, increases beginning at 1 day and continuing as far as 30 days post
epileptic seizure event.'%® Future investigation of TG as a class within the serum of TBI
models present a unique opportunity for discovery especially if these finding can be linked

to alterations in the brain.

Other features identified in the final optimized panels included a SM, PS, and
several ceramide species. MSI experiments have identified ceramides to increase

significantly surrounding the site of injury following CCI experiments as early as 24 h post
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injury.'®” A 2016 study identified Cer(d18:1/18:0) to be significantly increased in the site
surrounding CCI at one day, p < 0.001, and 7 days, p < 0.01, post-injury.'®® Similar
increases in Cer(d18:1/18:0) found in the serum of injured animals in this study (Figure 7)
may provide a useful link to understanding lipid species which increase directly at the site
of injury and in peripheral serum biofluid. SM lipid species have also been reported to
increase following CCI in as little as 4 h following injury.!® The accumulation of SM
species results from the stimulation of de novo biosynthesis of ceramide a precursor to SM.
Minimal research has been conducted to investigate the alterations of PS species following
TBI likely because of their low relative abundance in the brain. The single PS species
identified in the final male optimized panel was found to significantly decrease at nearly
all post-injury timepoints for male serum samples (Figure 7). While alterations were less

significant in female serum samples similar trends were observed across all injury

timepoints.
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Figure 7: Box plots of selected features from the optimized feature panels to highlight
alterations in identified lipid species across blood collection timepoints and sexes. Green
and yellow boxplots correspond to male injured and uninjured serum samples respectively
and purple and red colored boxplots correspond to uninjured and injured female serum
samples, respectively. Black bars within each boxplot are used to show the median
normalized area and outliers are drawn as black diamonds. Time point of blood collection
is shown chronologically along the x-axis.

4.5 Conclusions

The research presented in this thesis shows the potential of lipids as biomarkers
for TBI across a range of variables including acute post-injury timepoints, sex, and injury
severity. Additional work is required to demonstrate the repeatability of the proposed
biomarker candidates namely via orthopedic controls to evaluate whether these markers
are specific to brain injury versus general inflammation. Increased frequency of blood
collection at a greater number of acute post injury timepoints is needed to determine the
optimal time at which these biomarker candidates should be tested for and to gage

recovery rates. While it is proposed that small non-polar lipid molecules can permeate the
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BBB, this has only been definitively shown in higher severity injury models and while it
is likely true to a similar or lesser extent for lower severity injuries further research is
required to validate this claim. Measuring the alterations of the proposed serum
biomarkers in the brain is crucial to understanding their influence on TBI
pathophysiology. Similar LC-MS experiments on the homogenized cortex of the same
rodent models used in this research will help guide future research toward connecting the
blood and the brain. Additionally, spatial understanding of the features identified within
this work is best investigated using MSI methodologies and is needed to enhance the
qualitative and quantitative understanding of TBI directly at the site of injury and in

surrounding brain regions.
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APPENDIX A:
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Figure A1: Unsupervised Principal Component Analysis score plot of all 14,119 features
prior to feature selection. The distribution of samples shows clustering of quality control
samples in the center of all study subject serum samples and separation of reference serum
samples from study subject serum.
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Retention Time (min)

Figure A2: Cloud plot generated in the XCMS web-based application to portray all
significantly differential features from negative mode MS data in injured (green) and
uninjured (red) mTBI serum samples. The black traces outline chromatographic retention
time on the x-axis and m/z values on the y-axis for each sample. Each bubble in the plot
corresponds to one metabolite feature with fold change at or above 1.5 and a p-value at or
below 0.05 using a Welsch’s t-test. The color and size of each bubble denote the
directionality and magnitude of fold change respectively with larger bubbles representing
larger fold changes. The darkness of color in each bubble represents p-value significance
with darker colors corresponding to features with greater statistical significance.

Table A1l: Summary of GA variable selection parameters for both optimized feature
panels

Population Size 64
Percent of Initial Terms Included 30
Window Width 1

Target Number Maximum Variables 30
Target Number Minimum Variables 10
Penalty Slope 0.05
Maximum Generations 200
Percent Convergence 50%
Mutation Rate 0.005
Regression Method Partial Least Squares
Cross Validation Random
Number of Cross Validation Data Splits 8
Number of Iterations of Cross Validation | 10
Replicate Runs 5
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Table A2: Detailed MS/MS information of all features selected in the male and
female optimized panels separating injured and uninjured sera. Fragment ions were
obtained using DDA experiments in either the positive or negative ion modes.
Precursor ions selected for fragmentation are underlined and species matching either
predicted spectra or standards are shown in bold. Confidence in metabolite identities
is categorized by four levels 1) fragmentation pattern consistent with spectra from
local or global databases and matched to predicted spectra from HMBD or LIPID
Maps; 2) match to spectra in database but predicted fragmentation patterns not
available; 3) match to predicted spectra but not matched to compounds in databases;
4) accurate mass match to Lipid Maps, HMBD or Metlin database entries; 5)
unknown compound. ID’s with confidence levels below 2 should be considered
tentative until further research can be pursued.

Feature CE (eV), Fragment | ID Confidence Match Details (Source)
ID Mode lon m/z Level

610 30 (-) 874.56, 1 Match to local database
814.61, and match to predicted
528.24, Lipid Maps spectra
327.19,
303.25,
279.16
224.10

1842 30 (-) 866.59, 4 Accurate mass match
806.67, HMBD
568.36, 16:0 fatty acyl chain
550.36, (255)
479.31, 18:2 and 22:6 (550 and
255.20 568)

2060 30 (-) 842.59, 2 Match to local database
782.70
774.59,
464.40,
327.26,
283.34,
195.85,
139.91
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Table A2 Continued

3655

35(+)

834.60,
651.60,
550.43,
524.44,
506.47,
184.06,
125.04,
105.02

Match to local database
and match to predicted
HMBD spectrum

3814

30 (+)

968.77,
951.72,
933.80,
690.60,
671.39,
647.54,
623.54,
603.48,
385.30,
337.32,
311.20,
293.34,
287.26,
269.20,
245.05,
203.16,
157.18,
119.14

Match to predicted
spectra in LIPID MAPS

3961

30 (+)

830.57,
812.84,
771.59,
762.80,
694.84,
647.70,
605.53,
568.51,
550.38,
544.54,
526.55,
502.26,
500.33,
184.11,
124.98

Match to local database
and match to predicted
HMBD spectrum
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Table A2 Continued

3975

35(+)

808.59,
790.61,
749.56,
625.57,
552.39,
522.46,
496.43,
478.42,
184.11,
124.98,

Match to local database
and match to predicted
HMBD spectrum

4393

30 (+)

823.67,
805.79,
687.90,
623.56,
597.50,
595.54,
569.51,
567.57,
545.52,
543.48,
541.55,
523.52,
301.12

Spectra match to Chem
Spider Database and
Lipid Maps predicted
spectra

4499

30 (+)

972.80,
955.93,
904.80,
671.27,
651.62,
627.62,
602.55,
341.31,
287.27,
269.33,
203.12,
173.06,
119.09

Match to Lipid Maps
predicted spectra
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Table A2 Continued

4588 30 (1)

994.78,
9717.79,
695.26,
649.59,
591.02,
430.23,
385.23,
339.33,
311.17,
269.23,
265.40,
249.25,
183.10,
145.06

Match to predicted
spectra in Lipid Maps
and HMBD

4890 35 (1)

999.74,
717.59,
695.54,
671.62,
669.57,
649.61,
351.31

Match to Chem Spider
Database and LIPID
MAPS predicted spectra

5749 30 (4)

851.70,
828.79,
805.89,
792.68,
783.79,
184.07

Accurate mass match
HMBD

5878 30 (4)

812.609,
794.68,
632.63,
614.62,
368.39,
282.27,
264.27,
252.27

Accurate mass match
Metlin and literature
spectra
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Table A2 Continued

6105

35(+)

6603

30 (+)

6698

30 (+)

Match to local database
and match to predicted
HMBD spectrum

6833

30 (+)

Match to Chem Spider
Database and Lipid
Maps predicted spectra
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Table A2 Continued

7151

30 (+)

566.55,
548.54,
530.53,
289.89,
282.28,
264.27,
252.27,
173.45

Fragmentation
consistent with
predicted HMBD
spectra

7173

30 (+)

768.59,
750.73,
727.51,
724.61,
722.84,
682.59,
632.94,
627.64,
467.41,
369.40,
283.16,
282.30,
184.11,
125.05,
88.11

Match to local database
and match to predicted
HMBD spectrum

7530

35(+)

845.66,
814.61,
792.49,
777.78,
763.53,
709.88,
641.79,
597.50,
573.75,
565.52,
455.68,
437.60,
226.96

Accurate mass match
(HMBD)

7901

35(+)

1243.03,

1197.15,

1187.98,
623.92
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Table A2 Continued

11257 30 (+) 846.75, 1 Match to local database
829.85, and match to predicted
811.80, HMBD spectrum

601.64,
757.61,
573.73,
549.59,
547.47,
313.27,
263.24,
135.12,

95.09

13399 30 (+) 299.14, 5 -
281,22,
257.117,
239.18

Sum Squared Y (C & CV) for 2 Components Sum Squared Y (C & CV) for 4 Components
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Figure A3: Permutation test results for the male (A) and female (B) optimized panels
to evaluate over fitness. Random reordering of class assignments over 200 iterations
provided nominally incorrect class assignments to the data and attempted to build
models using the same set of features with randomly assigned classes. This method
examines the extent to which the models are finding chance correlations between the
data and class assignments are and overfit to the given data. In general, the cross-
validated results shown in blue are relatively close to the self-predicted results shown
in green and permutated results shown on the left are far from the un-permutated
original model shown on the far right indicating a strong lack of over fitness. The
non-permutated results on the far right are more than several standard deviations from
the bulk of the corresponding permutated results indicating a lack of over fitting.
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Table A3: Results of permutation testing on the self-predicted residuals and the
cross-validated residuals obtained when a model is built from a subset of the data.
Results are reported as a probability that the original model is indistinguishable from
models created using randomly shuffled class assignments. The results from
Wilcoxon, sign-tests, and random t-tests are shown and all indicate that the model is
very unlikely to be random at the alpha = 0.005 confidence limit.

Male 2 LV’s

Method Wilcoxon Sign Test Rand t-test
Self-Prediction 0.000 0.002 0.005
Cross Validated 0.000 0.000 0.005

Female 4 LV’s

Method Wilcoxon Sign Test Rand t-test
Self-Prediction 0.000 0.001 0.005
Cross Validated 0.000 0.001 0.005
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