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ABSTRACT

Uncovering sets of molecular features which cause a healthy metabolic state to
transition to one of disease, requires extensive experimentation and often presents a
difficult analysis. In the case of neurodegenerative diseases, such as Alzheimer's Disease,
simply obtaining suitable samples can be a challenging endeavor. Many current "Omics"
techniques excel at profiling a vast array of molecules, such as water-soluble metabolites,
lipids, and proteins, in order to compare groups of samples from healthy and diseased
organisms. Such approaches primarily use various associations between molecules and
disease to identify biomarkers. However, these "omics" experiments frequently result in
intriguing biological hypotheses, but to date have rarely provided mechanistic
explanations. How then, can mechanistic explanations be recovered from metabolite or
lipid profile data? In our work, we applied these methods to 6 Alzheimer’s diseased brain
samples and 6 age matched controls. When analyzed via mass spectrometry, lipids which
differed significantly between control and disease were identified, but this information
was not able to provide mechanistic insight. The beginning of any “omics” based
experiment starts with the extraction of the desired molecules. In order to assess the
efficiency of three different lipid extraction methods, a lipid standard was extracted from
a matrix composed of rat liver tissue and analyzed by mass spectrometry. The classic
Folch extraction was found to be best at reproducibly extracting a wide range of lipids.
Several of the lipids identified from human brains showed oxidative damage. Lastly, 5
statistical measures of dependence and 3 network algorithms were investigated for their
ability to reconstruct mechanistic relationships in a dynamic model of arachidonic acid
metabolism. Many of the metabolites of arachidonic acid are oxidation products. Under
conditions of high noise and relatively few samples, standard measures of correlation,
such as Pearson’s correlation, Spearman’s correlation and Kendall’s Tau were found to
perform the best. Metrics which incorporate nonlinear metabolic relations and network
algorithms were found to be applicable, when sample size is large and the signal to noise
ratio is close to .



CHAPTER ONE

INTRODUCTION

In 1901, the German psychiatrist Alois Alzheimer encountered an unusual patient,
a 51-year-old woman who was plagued by paranoid delusions, such as a cheating spouse
or someone plotting her death. She was frequently bewildered in her own home. She
shuffled objects around and often concealed them. When shown items, she would
accurately name them, yet quickly forget what she had seen. Her conduct became
increasingly unpredictable as the sickness advanced, and her memory deteriorated to the
point that she was unable to grasp the attempts of the attending physician to check her.
Dr. Alzheimer observed her case until her death in 1906. In 1907, he published the first

documented description of Alzheimer's Disease?.

Over the years Alzheimer’s Disease has been increasingly diagnosed and in 2021,
the occurrence of Alzheimer's disease has increased to impact 6.2 million people in the
United States alone. By 2060, it is projected to increase to more than 13 million
individuals in the US?. According to the most recent year for which statistics are
available, 121,499 persons died from Alzheimer's disease in 2019%. Between 2000 and
2019, the number of deaths from Alzheimer’s disease, as recorded on death certificates
increased by 145.2%?3. For comparison deaths from heart disease, which is the number
one cause of death decreased 7.3%. The increase of death listing Alzheimer’s as the
underlying cause of death is likely a genuine increase, as the population ages.

Furthermore, the care required by people with Alzheimer's disease and Alzheimer's-like



dementia imposes a very significant financial burden on both caregivers and society. In
2020 dollars, the total lifetime cost of dementia care was calculated at $373,527* per

person.

Characterization of Alzheimer’s Disease

Alzheimer's disease (AD) causes progressive memory loss and structural atrophy
of the brain. Oxidative stress®, neuroinflammation®, and aberrant lipid metabolism have
all been linked to the development of Alzheimer's disease”®. The only way to definitively
diagnose Alzheimer's disease is by a postmortem brain biopsy, however imaging of A-p
deposits and tau neurofibrillary tangles in the brain are highly correlated with AD status.

90-95% of Alzheimer's disease patients exhibit symptoms after the age of 65. The
remaining 5-10% develop symptoms before the age of 65 and the disease can appear as
early as the mid-forties®®. The cases before 65 are classified as early-onset Alzheimer's
disease. The pathophysiology of early-onset Alzheimer's disease is very similar to that of
late onset Alzheimer's disease, although the causal agents are likely to be at least
somewhat different.

In addition to the presence of amyloid-beta plaques in the brain, the presence of
amyloid-beta (A-B) peptides in the CNS is another feature of Alzheimer's disease that
distinguishes it from other forms of dementia. Different forms of A-B: amyloid 40 and
42 (A-40/42) peptides are cleavage products of the amyloid precursor protein (APP)10-12,
High levels of these peptides are thought to be the major cause of A-B plaque formation
in the brain, which arise as a result of both overproduction and accumulation of amyloid

precursor protein (APP) cleavage products®?*2, These primary A-p isoforms are
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generated by the y-secretase® enzyme’s imperfect cleavage of A-B at the C-terminus,
resulting in the synthesis of A-P peptides. Early onset Alzheimer's disease has been
associated with mutations in the catalytic components of y-secretase, presenilin 1, and
presenilin 2, as well as point mutations in APP*°. Among the numerous genetic risk
factors implicated in the pathogenesis of late-onset Alzheimer's disease, decreased A-f3
clearance?® and the &4 allele of the apolipoprotein E (APOE)® gene are the most potent
risk factors. The prevalence of the €4 allele of the APOE gene is especially high in
patients with late-onset Alzheimer's disease. Despite this, most animal models are based
on y-secretase changes and point mutations in APP, that are seen in early-onset
Alzheimer's disease'’. A-B peptides complete with insulin for decomposition by the
insulin degrading enzyme (IDE) which may be and maybe a pathway for insulin
elevation in type 2 diabetes being a risk factor for Alzheimer’s Disease®.

A substantial portion of Alzheimer's disease research has concentrated on early
detection rather than late-stage therapy. Treatment in the later stages of Alzheimer's
disease has had minimal success, even though a large number of treatments have been
tested!®?. There is widespread agreement by investigators that treating the disease in the
early stages, before symptoms appear, has the greatest potential. However, this has not
yet been shown?*2!, Because the pathogenesis mechanism is not yet clear, Alzheimer's
disease is difficult to diagnose in its early stages. However, several biomarkers have been
found to clearly demonstrate that the disease begins well before the onset of symptoms?.
Neuroimaging biomarkers are capable of detecting significant increases in brain atrophy

13 years before expected symptoms and significant deposition of A-f3 22 years before
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expected onset??. Tau phosphorylation state changes, specifically p-tau217 and p-tau181,
can be seen with initial increases in aggregate A-B as early as two decades before the
development of aggregated tau pathology?®. However, the imaging techniques needed to
recognize early changes in the brain are extremely expensive, not widely available, and

are thus not suitable for wide application as screening for early diagnosis

The Multi-Omics Approach

It is hard to over emphasize the metabolic intricacy of Alzheimer's disease?®. In
recent years there has been particular interest in the relation of lipid metabolism to
Alzheimer’s disease as many lipids have been linked to the disease in some fashion, as
explained below. Patients with Alzheimer's disease have been found to have lower levels
of phospholipids and sphingolipids, which has been correlated to an increase in
ceramide®®. A study involving 1912 participants demonstrated a positive connection
between AD and species of n-acylated ceramides containing 18:0, 20:0 and 24:1 fatty
acids?®. Negative or neutral interactions were identified between species containing 22:0,
24:0, and 26:0 fatty acids?®. The same study revealed links between diacylglycerol and
triacylglycerol phosphatidylethanolamines (PE) and Alzheimer's disease?. PE species
have been found to correlate closely with elevated levels of TGs and dyslipidemia?®.
These correlations closely parallel those observed in type 2 diabetes?® while both
dyslipidemia and insulin resistance have been identified as significant risk factors for
AD27’28.

An analysis of the serum metabolome revealed that AD patients have lower levels

of ether sterols, PCs, SMs, and phospholipids than healthy controls?®. Kim et al.,



identified 14 significantly elevated lipids in the plasma of AD including PE,
diacylglyceride (DAG), triglyceride (TG) and ceramide®. TG 50:1, DAG 18:1_18:1, and
PE 36:2 lipid species were found to be highly correlated with the degree of brain
atrophy®. Trushina et al. discovered alterations in sphingolipids as well as cholesterol
transport when comparing both plasma and cerebral spinal fluid of AD positive
individuals to controls via untargeted LCMS based metabolomics®. Sphingolipids in the
blood have been shown to influence the activity of y-secretase and ceramides have been
discovered that are capable of stabilizing the B-site of BACE-1%2, which is responsible for
the early cleavage of A-21 peptide to generate biomarker peptides.

It is becoming increasingly clear that Alzheimer’s disease is the result of a
complex interplay between genes, proteins, metabolites, and lipids. A snapshot of this
complexity is revealed in further detail by a comprehensive map of signaling pathways
that have been implicated in the illness, which was generated by Mizuo et al®. This map
currently contains 1347 molecules and 1070 reactions! It follows that any description of
Alzheimer’s disease sufficient to design effective interventions most likely must
incorporate a complex interplay between a variety of pathways, across the span of human
metabolism.

Approaches exist to examine many molecules in a particular class simultaneously
over the course of a single tissue extraction and analysis. These approaches are typically
referred to using the “omics” suffix. Of these methods, genomics, transcriptomics and
proteomics have been applied with the greatest frequency. However, in recent years

metabolomics and lipidomics have gained much attention. These “omics” methodologies



hold considerable promise for uncovering new systems-based metabolic and mechanistic
information about Alzheimer's disease, as well as in a wide range of other health and
disease systems®+-3¢,

As the interest in systems-based analysis grows, so to do the number and
specificity of the methods being applied. Many such -omics methods now exist to analyze
multiple classes of molecules from samples. When combined with LCMS analysis it is
very feasible to profile a wide range of molecules across multiple molecular classes. This
has led to so-called “multi-omics” approaches as a natural extension, which examine not
only multiple classes of molecules, such as genes, proteins and metabolites, but also
seeks to profile the interactions between these classes. Multi-omics approaches are
particularly advantageous for the characterization of complex biological outcomes and
have proven promising in a variety of systems® . However, the majority of the
combined omics literature focuses primarily on combining genomics and transcriptomics
with either proteomics or metabolomics.

One of the main considerations when attempting to profile analytes with widely
different molecular properties is how to obtain these different types of analytes from the
sample of interest. Biological samples, particularly those derived from human disease
states, can be difficult to obtain in large quantities and/or prohibitively expensive.
Consequently, sample amounts are frequently very small, ranging from a few milligrams
to as little as a few micrograms in weight, depending on the circumstances. As a result of
the high level of complexity and often limited resources available, even a modest increase

in analysis efficiency and/or throughput can have a significant impact on both improving



the overall quality of the results obtained and reducing the amount of time spent on the
analysis process.

When only one class of molecules are to be examined: metabolites, nucleic acids,
lipids or protein, the desired, extraction methods are readily available and simple®°. When
more than two of these classes of molecules are to be targeted, it is generally necessary to
design a biphasic extraction and/or several sets of complicated filtration procedures.
Obtaining lipids, which are the least polar of molecules generally profiled, makes a
biphasic extraction a necessity.

When attempting to profile lipids, two main extraction methods are commonly
used; Folch®! and Bligh-Dyer*2. Both of these extractions employ a mixture of
chloroform and methanol, followed by the addition of water to induce phase separation.
Both of these extraction methods result in an upper layer of methanol:water and a lower,
denser layer of chloroform:methanol at the bottom of the extraction vessel with a layer of
protein between the phases. Most biphasic systems applied to lipids contain methanol,
which is useful because it serves to disrupt hydrogen bonding and hydrophobic
interactions between lipids, as well as between lipids and other biomolecules®.
Additionally, methanol is often preferred for the extraction of polar metabolites.

Most extractions applied in multi-omics studies use a similar combination of
chloroform and methanol to obtain polar metabolites from the upper methanol water
layer, lipids from the lower chloroform layer and the protein material from the interphase
between the layers. The polar and protein layers can also be further processed to obtain

nucleic acids through various methods of filtration and precipitation. While these
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methods are effective, they are far from high throughput**#°. Obtaining the statistical
power required to examine interactions between many different variables generally
requires a relatively high number of replicates, as will be discussed. This makes high
throughput a near necessity when these analyses are conducted.

Most obstacles to high throughput in these extractions are a result of the
chloroform. Chloroform makes the use of plastic materials problematic as plasticizers and
lubricants used in their manufacture can contaminate samples. Additionally, the protein
and lipid material are somewhat time consuming to acquire since the lipids are in the
lower, dense chloroform phase and the partitioning of the protein to the interface between
the polar and non-polar fraction prevents the formation of a pellet. In recent years, the
BUME?*® and methyl-tert-butyl ether*” (MTBE) extractions have become popular, as
more high throughput alternatives to existing extractions. These latter methods employ
solvent systems, butanol:MeOH / heptane:ethyl acetate and MTBE:MeOH:H20
respectively, that move the non-polar lipid-containing phase to the top of the extraction
where it is more easily removed and also allows the protein to pellet when centrifuged.
Both solvent systems also produce less contaminants if plastic materials are employed.
However, these extractions are primarily targeted towards lipids and have yet to be
properly evaluated in terms of metabolite or protein recovery. Our work has compared
the effectiveness of alternative lipid extraction methods applied to tissues, as will be

explained.



Making Sense of Metabolic Complexity

The greatest challenge when profiling a wide range of molecules of any class lies
in the processing and interpretation of the data itself. Large data sets generated from the -
omics disciplines require the application of different types of multivariate statistics. The
methods applied vary widely, depending on the class of molecules examined. The
analysis of genomics data is very different from metabolomics data, for example. This is
a result of the flow of information within biological systems from genes to proteins to
small molecule metabolites. Since levels of these small molecule metabolites are nearly
always influenced by gene and protein function, they are simultaneously the most
susceptible to changes in the system, as well as the most difficult to properly analyze.
Metabolomics and lipidomics data sets consist of a matrix composed of many variables
measured across several biological replicates and usually utilize samples from several
groups of subjects. When mass spectroscopy is used to acquire data, the output variables
correspond to mass features, which appear consistently across samples and may or may
not be able to be matched to molecular identifications. These molecular features are
generally filtered according to fold change and significance between groups, before being
passed on to multivariate analysis.

The first step in most data analyses is to apply a dimensionality reduction
technique to present the multivariate data in a human readable format and to examine
which features contribute most to the variance of the separation between groups.
Although there are many dimensionality reduction techniques, the most commonly used

in -omics is principal component analysis (PCA). In brief, PCA works by constructing
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linear combinations of variables, weighted according to variance (principal components)
and transforming the variables to a space defined by these principal components. These
principal components can be examined to determine which variables are responsible for
the greatest effect on the variance between groups. This is helpful in the identification of
biomarkers, as it allows identification of features that can be leveraged to classify
samples between groups, such as disease and control. Unfortunately, a feature that is
suitable as a biomarker is not guaranteed to be directly related to the causal factors that
produce the observed differences between the groups of interest. If the biomarker is a
downstream reporter that shows a large response after a very long chain of effects, it may
not be possible to identify the causal pathway from the biomarker alone.

The most ideal way to draw useful conclusions from omics data would be to place
the data in the context of molecular pathways. Considering that many of the features in
metabolomics and/or lipidomic data will often not be matched to molecular 1Ds, such a
task can be more difficult than it first appears. The simplest approach to this problem is to
rely only on the features with molecular IDs and what is known about the groups being
compared. In this approach, the main features with a significant difference between
groups are compared to a reference set taken from a pathway of interest. If many of these
features match to metabolites in the pathway, then there is likely to be an association
between the pathway and the observed differences. In genomics this is known as
enrichment and often conducted using Fisher’s exact test*s.

The primary downside of this approach is the need for features with matched

molecular IDs. If there are too few IDs within a dataset, enrichment may not be useful. A
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commonly used variation on this approach, mummichog*®, can also incorporate
significant features with missing IDs by considering all possible matches and using the
list of features that were not significantly different between groups to estimate a null
distribution. However, this still requires a reference pathway network to be identified.

If MS2 data is acquired, significant features which lack IDs can be matched to
features with 1Ds, based on the similarity between the MS2 spectra in databases.
Similarity between these spectra can be used to infer structural similarity, when
molecular fragments are shared between the features in the MS2 data®°. If the features
with 1Ds are matched to pathways, this information can be used to make inferences about
how the features that lack full IDs may be related, as well as providing information about
the structure of the molecule implicated.

While the methods discussed thus far rely on prior knowledge about both the
system of study and the features observed in the experiment, this problem can also be
approached from a completely unsupervised perspective®®. In the absence of prior
information, a measure of dependency can be calculated between the individual features
to assess the degree to which features share information. There are many metrics which
can serve as a measure of dependency. A few of the most notable are distance
correlation® (DC), Heller-Heller-Gorfine>® (HHG), mutual information> (MI), and
Hilbert—Schmidt independence criterion® (HISC). Any of these metrics can be used to
construct a network of dependency relations between variables. However, the simplest

metric, as well as the most often applied, is partial correlation.
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Partial correlation is the measure of the degree of association between two
variables, with the effect of a set of confounding variables removed and can be used to
assess conditional independence. Conditional independence describes situations where a
set of observations contains redundant information. For example, given observations A,
B, and C if one can predict A with only information from C then B contributes no useful
information. In this scenario it may still be possible to predict A from B even if B is
unrelated to A and so there would be a dependence edge between A and B, if conditional
independence is not assessed. If the goal of the analysis is to assess causal relations,
conditional independence is a necessary property, as having redundant relations would
only complicate the analysis without providing any useful information. Theoretically, a
measure of conditional independence can be derived for any of the relations mentioned
earlier. Of the measures mentioned, only HISC and MI are commonly used in this
capacity.

Once a network has been constructed using a dependency relation such as partial
correlation, confounding variables are removed via a statistical test for conditional
independence®®. The remaining relations form the skeleton of what can be considered a
causal graph, as the relations only constitute direct effects between variables. The final
step of this analysis is to determine a directionality of the relations in the graph. The
resulting directed acyclic graph provides a clear chain of causality between the features in
the graph®.

These directed acyclic graphs provide extremely effective use of information from

molecular identifications as well as any prior information about group differences, as the
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causal relations can be compared directly with pathway networks®’. This form of
analysis is not mutually exclusive with enrichment analysis or interaction networks
composed of structural relations from MS2%. Information from these methods can either
be compared directly, incorporated into the graph, or used to inform the construction of
the network by removing edges®. Directed acyclic graphs can readily be constructed as
Bayesian networks, lending the potential to add predictive capacity to the resulting graph,

making them useful for pathway modeling and design or assessment of interventions®®6L,
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CHAPTER TWO

UNTARGETED LIPIDOMIC ANALYSIS OF HUMAN BRAIN CORTEX IN

ALZHEIMER’S DISEASE REVEALS POTENTIAL BIOMARKERS

In order to investigate the relationship between lipids and Alzheimer's disease, a
lipidomics pilot study was designed. Twelve Human cerebral cortex brain tissue samples
were obtained from the Victorian Brain Bank, Melbourne AU. Six of the samples were
age-matched controls that did not meet the criteria for inclusion in AD diagnosis (NIA
Reagan criteria)®?. The other six samples met the standard criteria for AD diagnosis. The
goal of this work was to extract the lipid material from these samples and identify the
lipid species that change significantly between the AD and aged matched controls, using

mass spectrometry.

Table 1. Sample information for the 6 AD and 6 age matched control samples obtained
from Victorian Brain Bank, Melbourne AU. Disease status indicates whether the
individual tested positive or negative for AD after death, PMI is postmortem interval
which indicates the number of hours after death that the sample was taken, and Genotype
indicates the variant of the ApoE alleles.

ID Disease Gender Age PMI Genotype
Status
05-317 AD - Male 73.6 49 E2/E3
06-144 AD - Male 69.4 24 E3/E4
06-993 AD - Female 80.7 59 E3/E3
07-295 AD - Male 82 29 E3/E3
07-635 AD - Male 72.6 42.5 E3/E3
08-026 AD - Female 67.3 24 E3/E3
07-757 AD + Male 70 9 E2/E4
07-835 AD + Female 85.3 60 E3/E4
08-007 AD + Male 89.4 13 E4/E4




Table 1 Continued
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08-312 AD + Male 72.1 13 E3/E4
08-334 AD + Female 102.7 69.5 E3/E3
09-006 AD + Male 74.6 30 E3/E4

Lipid Extraction

Extraction of lipid material was accomplished using a methyl-tert-butyl-ether
(MTBE) method*’. While a somewhat recent addition to the literature in comparison to
traditional Folch*! and Bligh-Dyer*? based extractions, the MTBE method has been
shown to be effective at extracting a wide range of lipids***’. The MTBE method has two
main advantages over more traditional methods. The first is that plastic tubes and pipet
tips can be used during the extraction without risk of introducing excessive amounts of
polymers, that can make the data produced by mass spectrometry difficult to analyze. The
second, and even more important advantage, is that the solvent system moves the protein
layer in the extraction to the bottom pellet as opposed to an interface between the polar
and nonpolar layers in the Folch and Bligh-Dyer extraction methods. The avoidance of
the protein interface facilitates a cleaner removal of the lipid material.

The MTBE procedure is as follows. Brain samples were ground under liquid
nitrogen, using a mortar and pestle. For each sample, 15 mg of ground tissue was
transferred to a 2 mL microcentrifuge tube and mixed with 240 uLL of MeOH and 800 pL
of MTBE. The vials were vortexed for 30s, followed by homogenization, using a
Polytron Homogenizer with a 7 mm tip diameter. 200 puL of 0.15 mM ammonium acetate

pH 8 was then added to induce phase separation. The vials were again vortexed and then
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centrifuged at 6000 g for 15 min. The upper MTBE phase was then transferred to an
autosampler vial. A second wash step of the lower phase was conducted by adding 800
uL MTBE, followed by 30 s of vortexing and 15 min centrifugation. The resulting MTBE
layer was combined with the first fraction in the autosampler vial. The combined extract

was then dried under nitrogen, and resuspended in 50 uL of methanol.

LCMS

Lipids were separated using an Agilent 1290 UHPLC system, coupled to an
Agilent 6538 Q-ToF MS. The UHPLC was equipped with a Zorbax Eclipse XDB-C18
(2.1x150mm 1.8um) RRHD column, supplied by Agilent. The mobile phase solvent A
contained 0.1% formic acid in water and B was chloroform:methanol:isopropanol 1:2:4
(v/viv). A linear solvent gradient of 65%B to 95%B at 300 puL/min was used to elute
lipids over 12 minutes, followed by a 95%B hold time of 2 minutes. The Agilent 6538
was run in alternating positive and negative mode over a mass range of 150 m/z to 1700
m/z. The MS capillary was set to 3500 volts, drying gas to 4L/min, nebulizer 45 psi,
fragmentor 45 volts, and skimmer set to 500 volts. Data was collected at a rate of 1Hz
from 1 minute to 15 minutes. MS2 data was collected using iterative MS2°3 in positive

mode with a mass tolerance of 20 ppm and collision energy of 30 eV.

Analysis of MS data

Preprocessing of the raw data was conducted using MS-DIAL®*. In the data
collection tab MS2 tolerance was set to 0.05 Da. The MS1 mass range was set to begin at

300 Da and MS2 mass range was set to begin at 50. Under the MS2 deconvolution tab,
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the MS2 abundance cut off amplitude was set to 10. For identification, accurate mass
tolerance was set to 0.01 Da for MS1 and 0.05 Da for MS2, with a score cut off of 80%.
Features were removed based on blank information with the fold change between sample
and blank set to 5 under alignment. All other options were left at the default settings.

Lipid mass feature intensities were normalized across samples, using the total ion
chromatogram (TIC) intensity in MS-DIAL, followed by normalization by sample mass
in Python. Analysis of variance (ANOVA) and principal component analysis (PCA) were
conducted in Python, using the statsmodels®® and Scikit-learn® packages. Factor analysis,
followed by varimax rotation, was also conducted in Python using the factor_analyzer
package. Plots were created using the matplotlib and seaborn Python packages.

When the full dataset is taken into account, 7346 features were found in positive
mode and 4197 in negative mode, as a result of the MS-DIAL analysis. Of these features
649 of the positive mode features and 163 of the negative mode features were identified
via MS2. When mass features were compared with principal component analysis,
followed by factor analysis, 59 lipid species in positive mode and 77 in negative mode
were identified as having expression levels capable of distinguishing AD from control
samples. Both of the principal component plots in Figure 1 show good separation
between the AD and age matched control samples, indicating that the disease samples

could be reliably distinguished with the significant features.
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Figure 1. Principal Component Analysis (PCA) created using the intensities of the most
significant mass features as determined by ANOVA and effect size in positive and
negative mode. The circles labeled A, correspond to the 6 AD samples and the squares
labeled C correspond to the 6 age matched control samples.

Unfortunately, many of these lipid feastures that differed most significantly

between AD and control could not be identified with the MS data available and very few

matched MS2 spectra in databases. Of the significant lipids that have an identification in

Table 2 only SM 43:5;30|SM 25:3;20(FA 18:1) in positive mode and PE 40:5|PE

18:1 22:4 in negative mode were matched to MS2 spectra, all others rely exclusively on

the MS1 precursor mass.
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Table 2: Significant lipids with P-values < 0.05 and n2 > 0.5. The P-values were obtained
from ANOVA. F1 and F2 represent the two factors obtained form factor analysis. Fold
change was calculated as the ratio of the difference between intensity in the disease
sample and the control sample value to the intensity in the control sample.

Metabolite name Mode| Ave. Mz Fold n2 P- F1 | F2
Change Value

AHexCer (O- Pos | 812.66 -0.67 |0.61| 0.03 |-0.48]0.48
17:0)12:0;20/12:0;0
AHexCer (O- Pos | 868.69 9.31 0.76| 0.01 |0.88 [-0.40
18:1)12:1;20/14:0;0
AHexCer (O- Pos | 862.64 -0.89 [0.78| 0.01 [-0.31(0.72
20:4)12:1;20/12:0;0
Cer 12:0;20/29:1 Pos | 618.62 -0.39 [0.62]| 0.01 [-0.02(0.72
Cer 12:0;20/32:1 Pos | 660.67 -0.78 10.64| 0.03 |-0.59]0.52
Cer 12:0;20/38:2 Pos | 782.73 2.31 0.72( 0.00 |0.97 |-0.17
Cer 12:2;20/43:12;20 Pos | 820.62 -0.55 0.62| 0.03 |-0.09]0.72
Cer 13:1;20/44:13;20 Pos | 848.66 -0.40 [0.60| 0.01 ([-0.08(0.66
Cer 13:1;30/30:5;(20H) Pos | 668.57 -0.91 ]0.69| 0.02 |-0.72]0.59
Cer 17:3;20/38:6 Pos | 798.71 2.99 0.73| 0.00 | 0.96 |-0.20
Cer 18:0;30/38:0;(20H) Pos | 862.86 -0.91 ]0.61| 0.04 |-0.15]0.86
DG 43:10 Pos | 725.51 -0.83 [0.65| 0.03 [-0.11(0.83
DG 45:1 Pos | 771.68 -0.42 10.65| 0.03 |-0.03]0.71
DGCC 9:0_22:2 Pos | 710.55 -0.71 [0.74] 0.01 (-0.09|0.84
DGDG 0-9:0_26:2 Pos | 934.68 10.05 ([0.75( 0.01 | 0.88 [-0.40
Hex2Cer 17:1;20/24:5 Pos | 950.65 2.06 0.77( 0.01 |0.82|-0.22
MGDG 0-9:0_28:2 Pos | 800.66 -0.49 ]0.62| 0.03 |-0.41]0.59
NAGIySer 13:0;0 Pos | 375.25 -0.48 [0.66]| 0.03 (-0.13|0.64
NAGIlySer 17:0;0(FA 28:2) | Pos | 850.72 12.18 [0.75( 0.01 | 0.87 [-0.39
PC 40:0 Pos | 868.67 -091 [0.63| 0.03 [-0.42(0.62
PC 0-41:6 Pos | 834.64 -0.84 0.63| 0.03 [-0.17]0.85
PC 0-43:4 Pos | 866.69 1.69 0.65( 0.00 |0.89 |-0.11
SM 37:7;30 Pos | 749.52 -0.52 10.65| 0.03 [-0.21]0.50
SM 43:5;30|SM 25:3;20(FA | Pos | 837.62 -0.63 [0.60| 0.02 [-0.16(0.47
18:1)
AHexCer (O- Neg | 792.56 -0.56 |0.76| 0.00 |0.73]0.58
14:1)12:2;20/13:1;0
Cer 22:0;30/38:0;(20H) Neg | 994.94 -0.50 ]0.67| 0.02 |0.61]0.72
CerP 12:1;20/15:1 Neg | 516.35 -0.39 [0.61| 0.02 [0.88(0.19
DGGA 8:0 21:4 Neg | 693.42 -0.74 10.72| 0.01 |0.64|0.65
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Table 2 Continued

HexCer 17:0;20/18:3;0 Neg | 784.56 -0.73 |0.62| 0.03 |0.89 |-0.11
HexCer 17:0;20/18:5;0 Neg | 780.53 -0.64 |0.60| 0.03 |0.23|0.86
LPC 16:2 Neg | 550.31 -0.63 |[0.69| 0.02 |0.53]0.75
LPE 20:3 Neg | 502.29 -0.37 |0.67| 0.02 |0.93(0.22
LPI17:2 Neg | 581.27 -0.47 |0.67| 0.00 |0.68 |0.56
LPS-N (FA 4:0)20:5 Neg | 612.29 -0.66 |[0.60| 0.04 |0.96 |-0.17
MGDG 13:0_22:5 Neg | 821.54 -0.50 |[0.64| 0.02 |0.14|0.92
PC 0-20:3_22:6;20 Neg | 932.60 -0.70 |0.65| 0.02 [-0.14(0.79
PC 0-8:0 _7:0;10 Neg | 556.32 -0.60 |[0.70| 0.01 |0.38 |0.87
PE 15:3 36:10 Neg | 930.60 -0.67 |0.61| 0.03 |[-0.18(0.76
PE 20:4_20:3;10 Neg | 804.52 -0.61 |0.66| 0.02 |0.11|0.96
PE 22:5 18:1;10 Neg | 806.54 -0.64 |0.61| 0.03 (-0.14|0.84
PE 40:5|PE 18:1 22:4 Neg | 792.56 -0.55 |[0.62| 0.02 |0.07|0.95
PE 0-22:4 28:7 Neg | 906.64 -0.62 |0.75| 0.00 |0.68 |0.61
PE-Cer 13:1;20/18:3;0 Neg | 627.41 -0.56 |0.65| 0.00 |0.800.40
PG 14:0 18:1;40 Neg | 783.46 13.02 |0.70| 0.01 |-0.44(-0.34
PG 6:0 16:1 Neg | 579.33 -0.75 |0.67| 0.02 |0.92|0.01
PG 6:0 32:4 Neg | 797.54 -0.53 |0.63| 0.02 |0.23|0.86
PG 9:0 20:3;10 Neg | 689.40 -0.55 [0.62| 0.01 [0.79]0.40
PG 0-8:0_8:0 Neg | 483.28 -0.77 |0.64| 0.02 |0.55(0.67
P18:0 12:0;10 Neg | 657.33 -0.28 |0.65| 0.02 |0.25(0.79
P18:0 17:1;20 Neg | 741.38 -0.71 |0.60| 0.03 |0.810.00
Pl1 0-8:0_10:0 Neg | 599.33 -0.72 |0.69| 0.02 |0.61(0.68
PS 8:0 14:1;20 Neg | 624.31 -0.46 |0.61| 0.03 |0.69 |0.57
PS 0-8:0 16:4 Neg | 600.33 -0.67 |0.68| 0.02 |0.59[0.72
SL 12:2;0/12:0;0 Neg | 474.29 -0.51 |0.73| 0.00 |0.73|0.57
SL 12:2;0/34:6 Neg | 754.54 -0.86 |[0.62| 0.03 |0.07 [0.71
SL 13:1;0/32:6;0 Neg | 758.54 -0.71 |0.70| 0.02 |0.16 [0.92
SM 12:1;20/21:0 Neg | 747.57 -0.50 |[0.69| 0.00 |0.51(0.68
SMGDG 0-15:2 5:0 Neg | 623.31 -0.50 |[0.65| 0.01 |0.86|0.00

Several of the species identified were highly polyunsaturated, oxidized, or highly
unusual lipids. There are three probable explanations for these strange lipids. First, there

was significant variance in the post mortem interval among the samples which is shown
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in Table 1. This could possibly explain the significantly different lipids as degraded
products, resulting from changes that occurred after death. Second, these identifications
could be poor or incorrect matches as a result of only being able to match the MS1 data.
Lastly, the MTBE extraction that was used resulted in a surprisingly large amount of lipid
material, some of which precipitated when the samples were stored after extraction. The
samples were dried under nitrogen and then resuspended a second time in 100 uL of
chloroform : methanol 1:1. It is possible that some degradation occurred as a result of
having to dry the samples twice or that not everything was properly resuspended resulting
in an altered distribution of lipids in solution. As a result of this final point and previous
experimentation with different lipid extractions, several different extraction methods are

tested and compared in Chapter 2 to seek a more optimum method.
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Abstract

Increasing interest in lipidomics has led to several methods being used to obtain
lipid material. We compared three popular lipid extraction methods, Folch, Bligh-Dyer,
and BUME to assess possible differences between methods. Peak areas of 12 deuterium
labeled internal standards, representing 12 distinct lipid classes, were added to the rat
liver test material and the results averaged across 25 replicates for each method.
Centrifuge adapters were made by 3D printing for small glass vials with teflon lined caps,
that were suitable for the small sample sizes employed. Results were compared
statistically, using Welch’s ANOVA, followed by the Games-Howell post-hoc test. Peak
areas were converted to concentrations by means of regression on dilutions of the
standards and the repeatability coefficients produced by Bland-Altman analysis were
compared. The Folch and Bligh-Dyer methods were found to agree quite well across the
PC, TG, MG, and Cer standards with mean bias below 0.1 ng/pL (p > 0.05) and
repeatability coefficients (RC) around 0.4 ng/uL. The primary differences between the
methods were seen in LPC, PS, and PE, with reasonable agreeability across the other
classes. Endogenous lipids extracted from rat liver were analyzed by all three methods
with 25 replicates for each method. Folch produced the most endogenous lipid features

identified (486) and the highest peak areas.

Introduction

The ‘-omics’ fields (e.g. genomics, epigenomics, transcriptomics, proteomics and

metabolomics) have been increasingly utilized in recent years and a great deal of
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biological information has emerged from this work "%, While much of the activity in
metabolomics has focused on water soluble metabolites, lipid metabolism has been linked
to an increasing number of biological mechanisms and diseases in recent years %3, In
addition to membrane structure and energy storage, lipids are essential for many other
cellular functions, including: signal transduction, second messenger activity, control of
lipid rafts, and hormone synthesis "4, Lipids are an extremely diverse class of
compounds and as the list of diseases linked to aberrant lipid metabolism and lipid levels
grows, so too does the number of analytical techniques used to investigate these
molecules.

Lipidomics, as with all -omics methodologies, involves the simultaneous analysis
of hundreds to thousands of analytes acquired from biological samples of interest. The
biological samples may be costly and/or difficult to obtain, particularly from tissues
isolated from human disease states. Therefore, the sample amounts are often quite small,
sometimes just a few milligrams or even micrograms. With such a high degree of
complexity and often very limited amounts, even a modest improvement in analysis
efficiency and/or throughput can greatly enhance the results obtained and/or decrease the
time required for analysis.

Lipids are isolated from biological materials through exposure to a mixture of
organic and polar solvents, that separate into two phases and partition the lipids into the
organic rich layer /"8, A large fraction of the lipid extraction techniques in the literature
rely on foundational work of Folch, et al ** or Bligh and Dyer #, typically with numerous

modifications. Both the original Folch and Bligh and Dyer methods rely on a solvent
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system composed of chloroform, methanol, and water. Chloroform:methanol systems
separate into two phases after the addition of water, resulting in an upper layer of
methanol:water and a lower, more dense layer of chloroform:methanol containing the
lipids. Chloroform and methanol are frequently used to extract a wide range of lipid
classes from a variety of sample matrices. In particular, methanol is used in the majority
of biphasic systems applied to lipids, as it serves to disrupt hydrogen bonding and
electrostatic interactions between lipids or lipids and other biomolecules*"°.

While there is little disadvantage in using methanol in these extractions, the use of
chloroform introduces some complications. It can be difficult to cleanly draw the lipid
extract from the bottom chloroform-rich layer through the upper layer and a protein rich
interface. Additionally, plastic microcentrifuge tubes and other polymer-containing
products, like syringes can contaminate the samples when exposed to chloroform.
Chloroform tends to dissolve plasticizers and mold release lubricants from plastics, which
can complicate mass spectral detection of some lipids. The use of glass containers and
glass syringes can eliminate plastic contamination issues, however they are often more
cumbersome to employ. We have found that 1 dram glass vials, with teflon lined caps,
are excellent for lipid extraction of small samples. No commercial centrifuge adapters are
available for the small glass vials, and we made suitable centrifuge adapters using 3D
printing, as will be described.

Alternative lipid extraction procedures, such as the Matyash *” or BUME 4
methods, have recently gained favor. The Matayash extraction employs methyl tert-butyl

ether (MTBE) in place of chloroform. The BUME method, named for the use of
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butanol:methanol 3:1, uses a mixture of heptane:ethyl acetate 3:1 as the organic solvent.
Both the MTBE and BUME methods have shown similar extraction profiles of primary
lipid classes ">®. Both the MTBE and the BUME methods eliminate the difficulty of
removing the lipid extract from the bottom phase as the organic solvent since the lipids
partition to the top layer in both methods.

Chloroform:methanol based extractions are widely adopted and are frequently
modified to increase yield, lipid class specificity, or to optimize the extractions for a
particular system 8183, Likewise, many variations of the MTBE and BUME methods
exist for similar purposes. Publications focusing primarily on a particular biological
system of study, often do not clearly describe what modifications have been made or
show evidence of improved lipid extraction performance due to the modifications. Some
investigators have evaluated the effectiveness of specific lipid class extraction techniques
8485 and others have evaluated more general lipid extraction techniques 268, With several
different solvent systems becoming widely used we found it important to examine the
extraction efficiency, and how many different types of endogenous lipids can be obtained

from a liver test sample with the three different methods we tested.

Materials & Methods

Materials

Organic solvents (chloroform, methanol, 1-butanol, and ethyl acetate) were Fisher
Optima, LC/MS grade. The formic acid, acetic acid, and water were Fisher Optima
LC/MS grade. We found that 4ml/1 dram glass vials with teflon lined caps were highly

suitable for lipid extraction at an appropriate scale, but no centrifuge adapters were
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available for similar glass vials. Therefore, we used 3D printing to create custom
centrifuge adaptors for these 4 mL glass vials (Kimble, P/N 60811B1) that were found to
be suitable in size, solvent resistance, and strength for the lipid extraction protocols
tested. The glass vials selected reliably survive the centrifugation steps in the custom 3D
printed centrifuge adapters. The autosampler vials had press fit PTFE faced rubber liners
(P/N 14-812-49) with no adhesive and were purchased from Fisher Scientific. Teflon
lined caps were important to minimize contamination from exposure to the lipid solvents.
In situations where the liner would be pierced, crimp top Viton liners were used (P/N 03-
378-343), with compatible glass vials (P/N 03-391-6). When necessary, micro volume
inserts were used in the autosampler vials (P/N 14-823-374).

The LIPIDOMIX EquiSPLASH lipid standard was purchased from Avanti Polar
lipids. The EquiSPLASH standard contains 100 pg/mL) of each of 13 deuterated lipids;
15:0-18:1(d7) PC, 18:1(d7) Lyso PC, 15:0-18:1(d7) PE, 18:1(d7) Lyso PE, 15:0-18:1(d7)
PG, 15:0-18:1(d7) PI, 15:0-18:1(d7) PS, 15:0-18:1(d7)-15:0 TG, 15:0-18:1(d7) DG,

18:1(d7) MG, 18:1(d7) Chol Ester, d18:1-18:1(d9) SM, and C15 Ceramide-d7.

Sample Collection & Preparation

Rat livers were harvested after cervical dislocation, followed by dissection into
liver lobes and flash frozen in liquid nitrogen. All animal husbandry and experimental
procedures were reviewed and approved by the University of Alaska Anchorage
Institutional Animal Care and Use Committee under OLAW Assurance A3710-1. Rats
were raised to 24 weeks with ad libitum access to Mazuri Rodent diet (PMI Nutrition, St.

Louis, MO, USA) and were part of an experiment where animals were fed experimental
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diets for the following 12 weeks, based on the Purified AIN76A formulation, modified
for variations in target sucrose and Cu content (Custom Animal Diets, Bangor, NJ, USA),
as described in Tallino et al. 8. Liver from one dietary group, CuA (125 mg/kg Cu and
30% sucrose enriched diet) were used. At the end of the feeding trial, animals were
euthanized, according to American Veterinary Medical Association guidelines and livers
were harvested, dissected and frozen in liquid nitrogen. Whole liver lobes were used to
average over variation of lipid content in different regions of the liver °*! and were
ground with a pestle in a 55mm mortar in liquid nitrogen to a fine, sand like consistency.
The mortar and pestle were prepared by rinsing with high purity water, followed by
methanol and finally with chloroform and dried before immersing in liquid nitrogen. Six
livers were pooled, and 15 mg replicates of the frozen ground liver powder were

measured for analysis.

Lipid Extraction Methods

Two lipid extraction techniques were taken from the recent literature, Folch and
BUME. These methods were compared to each other and to an in-house extraction
procedure modified from the Bligh & Dyer extraction. A 6 pL aliquot of the lipid
standard solution (Avanti EquiSPLASH Lipidomix) was added to the glass vials or
microcentrifuge tubes, using a Hamilton Syringe (P/N 1750), and dried under nitrogen
prior to addition of 15mg liver powder. Each extraction method was carried out on 25
independently prepared samples, taken from the same pooled liver sample that had been

ground under liquid nitrogen.
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Folch #*: 15 mg of ground tissue was transferred to a 1 dram glass vial containing dried
standards and mixed with 960 puL chloroform:MeOH (2:1, v/v). The vials were vortexed
for 30 s and 240 uL. H20 was added to produce a solvent ratio of 8:4:3 (v/v/v)
CHCI3:MeOH:H20. The sample was homogenized using a polytron homogenizer with a
7 mm tip diameter and centrifuged at 6000 g at 4 °C for 15 min. The lower chloroform
phase was transferred to an autosampler vial using a glass Hamilton syringe. A second
wash step of the upper phase was conducted by adding 640 puL chloroform followed by
30 s of vortexing and centrifugation. The resulting chloroform layer was combined with
the first fraction in the autosampler vial.

Modified Bligh & Dyer #?: 15 mg of ground tissue was transferred to a 1 dram glass vial
containing dried standards and mixed with 900 puL chloroform:MeOH (1:2, v/v). The
vials were vortexed for 30 s and the sample was homogenized using a polytron
homogenizer with a 7 mm tip diameter. 300 pL chloroform was added, followed by 540
uL of 20 mM KPHO4 pH 8 creating a solvent ratio of 2:2:1.8 (v/v/v)
CHCI3:MeOH:H20. The vials were vortexed for 30 s, then centrifuged at 6000 g at 4 °C
for 15 min, and the lower chloroform phase was transferred to an autosampler vial. A
second wash step of the upper phase was conducted by adding 600 pL. chloroform
followed by 30 s of vortexing and centrifugation. The resulting chloroform layer was
combined with the first fraction in the autosampler vial.

BUME “6: 15 mg of ground tissue was transferred to a 2 mL plastic microcentrifuge tube
containing dried standards and mixed with 500 pL of 3:1 (v/v) Butanol : MeOH. 500 uL

3:1 (v/v) heptane : ethyl acetate was added and the vials were vortexed for 30 s. The
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sample was homogenized using a polytron homogenizer with a 7 mm tip diameter and
500 pL 1% acetic acid was added to induce phase separation. The vials were vortexed,
centrifuged at 6000 g at 4 °C for 15 min, and the upper phase was transferred to an
autosampler vial. A second wash step of the lower layer was conducted by adding 500 pL
of 3:1 (v/v) heptane : ethyl acetate followed by 30 s of vortexing and centrifugation. The
resulting upper phase was combined with the first fraction in the autosampler vial.

After extraction, the organic fractions were dried under a gentle stream of N2 and
resuspended in 60 pL. MeOH prior to analysis. 10 uL MeOH was removed from each

sample and pooled to create a quality control (QC) sample.

LC-MS

Lipids were separated and detected using an Agilent 1290 UPLC system, coupled
to an Agilent 6538 Q-ToF MS. The UPLC was equipped with a Zorbax Eclipse XDB-
C18 (2.1x150mm 1.8um) RRHD column, supplied by Agilent. The mobile phase solvent
A, contained 0.1% formic acid in water and B was chloroform:methanol:isopropanol
1:2:4 (viviv). A linear solvent gradient of 65%B to 95%B at 300 pL/min was used to
elute lipids over 12 minutes, followed by a 95%B hold time of 2 minutes. The Agilent
6538 was run in positive and negative mode over a mass range of 150 m/z to 1700 m/z.
The MS capillary was set to 3500 volts, drying gas to 4L/min, nebulizer 45 psi,
fragmentor 45 volts, and skimmer set to 500 volts. Data was collected at a rate of 1Hz
from 1 minute to 15 minutes. MS2 data was collected using iterative MS2 in positive

mode with a mass tolerance of 20 ppm and collision energy of 20 eV.
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MS Data Analysis

MS data were initially processed by Agilent MassHunter Qualitative Analysis to
extract peak areas for the internal standards. Raw data files were centroided and
converted to a mzML format, using MSConvert. The mzML files were processed and
MS2 spectra were matched to known lipids, using the internal libraries (LipidBlast %,
GNPS %, and MassBank *) of MS-DIAL * with a mass tolerance of 0.01 Da and an
identification score cutoff of 80%. The resulting peak areas obtained for the internal
standards and the output from MS-DIAL were normalized to slight variations in sample
weights.

Statistical analysis was conducted in python using the scipy, sklearn, statsmodels,
and pingouin libraries. Levene's test was used to assess heteroscedasticity (unequal
variance between groups). Since most lipid classes tested positive for heteroscedasticity
between groups (p < 0.0001), Welch's ANOVA was applied, followed by the Games-
Howell post-hoc test. For ease of interpretation, concentrations of the lipids detected were
estimated from a dilution series of the standard. A logarithmic function, y = mlog(x+a),
was fit to data produced from a dilution series of the standard. The comparisons between
groups were assessed by applying Bland-Altman analysis to the resulting concentrations
%, The MS-DIAL output was filtered to contain only lipid IDs which appeared in all
extraction methods for comparison of the methods. Individual lipids identified were
grouped into major lipid classes and the peak areas were combined and averaged. All

figures were created in python using the matplotlib and seabron libraries.
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Results and Discussion

Intensity of Internal Standards in the BUME, Bligh-Dyer, and Folch procedures

A number of statistical tests were applied to evaluate differences between the
methods. Initially, one-way ANOVA, followed by Tukey's post-hoc test was applied to
examine differences between the methods. However, examination of the Bland-Altman
plots produced in subsequent analyses revealed a clear trend when comparing individual
methods. This is generally caused by unequal variance between groups
(heteroscedasticity). Since homosecedasticity is a key assumption of ANOVA, Levene's
test was applied. Several lipids were found to violate the homosecedasticity assumption,
primarily LPE, PS, MG, DG, and TG (p < 0.05). Welch's ANOVA and the Games-
Howell post-hoc test were applied in place of one-way ANOVA and Tukey's post-hoc
test. The p values resulting from the Games-Howell post-hoc test can be found in Table
1, along with bias (mean difference) and repeatability coefficients from Bland-Altman
analysis in units of concentration.

Table 3: Mean difference of peak areas (bias), within subject standard deviations,
repeatability coefficients for lipids in the internal standard in units of ng / pL. SM and

Cholesterol Ester are not shown, as an R? above 0.7 could not be achieved when
conducting regression. Games-Howell p-values are also reported.

Mean |Within- | Repeatabilit(Games-

Diff |Subject |y Coefficient| Howell
Lipid Method 1 | Method 2 | (Bias)| SD (RC) pval

C15 Ceramide-d7| BUME Folch 0.00 | 0.09 0.2 0.900
C15 Ceramide-d7 |Bligh-Dyer| Folch | -0.07 | 0.13 0.4 0.104
C15 Ceramide-d7| BUME [Bligh-Dyer| 0.06 | 0.09 0.3 0.019
DG 15:0-18:1(d7)] BUME Folch 0.02 | 0.03 0.1 0.248
DG 15:0-18:1(d7)|Bligh-Dyer| Folch 0.00 | 0.04 0.1 0.900
DG 15:0-18:1(d7)] BUME [Bligh-Dyer| 0.02 | 0.05 0.1 0.371
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Table 3 Continued

LPC 18:1(d7) BUME Folch | -1.53 | 0.51 3.4 0.001
LPC 18:1(d7) Bligh-Dyer| Folch | -0.45| 1.22 1.4 0.001
LPC 18:1(d7) BUME [Bligh-Dyer| -1.08 | 1.10 3.1 0.001
LPE 18:1(d7) BUME Folch | -0.30 | 0.21 0.8 0.001
LPE 18:1(d7) Bligh-Dyer| Folch | -0.18 | 0.27 0.6 0.001
LPE 18:1(d7) BUME [Bligh-Dyer| -0.12 | 0.29 0.8 0.186
MG 18:1(d7) BUME Folch | -0.19 | 0.14 0.5 0.001
MG 18:1(d7) Bligh-Dyer| Folch | -0.05| 0.18 0.4 0.301
MG 18:1(d7) BUME |Bligh-Dyer| -0.14 | 0.17 0.5 0.001
PC 15:0-18:1(d7) | BUME Folch 0.08 | 0.07 0.2 0.001
PC 15:0-18:1(d7) |Bligh-Dyer| Folch | -0.04 | 0.07 0.2 0.089
PC 15:0-18:1(d7) | BUME [Bligh-Dyer| 0.11 | 0.09 0.3 0.001
PE 15:0-18:1(d7) | BUME Folch 155 | 1.24 3.4 0.001
PE 15:0-18:1(d7) [Bligh-Dyer| Folch 1.65 | 1.32 3.7 0.001
PE 15:0-18:1(d7) | BUME [Bligh-Dyer| -0.10 | 0.13 0.3 0.008
Pl 15:0-18:1(d7) | BUME Folch | -2.70 | 2.77 7.7 0.001
P115:0-18:1(d7) [Bligh-Dyer| Folch | -2.09 | 3.32 9.2 0.031
Pl 15:0-18:1(d7) | BUME |Bligh-Dyer| -0.60 | 2.77 7.7 0.731
PS 15:0-18:1(d7) | BUME Folch | -0.10 | 0.12 0.3 0.001
PS 15:0-18:1(d7) |Bligh-Dyer| Folch | -5.49 | 7.11 19.7 0.008
PS 15:0-18:1(d7) | BUME |Bligh-Dyer| 5.39 | 7.08 19.6 0.010
TG 15:0-

18:1(d7)-15:0 BUME Folch 0.14 | 0.11 0.4 0.001
TG 15:0-

18:1(d7)-15:0 Bligh-Dyer| Folch | -0.04 | 0.13 0.3 0.424
TG 15:0-

18:1(d7)-15:0 BUME [Bligh-Dyer| 0.18 | 0.15 0.4 0.001

Average peak areas for the deuterated lipid standards recovered by the different
extraction methods are compared in Figure 2 with the exception of SM. SM was excluded
from this comparison since the average peak area of SM was much greater than other
lipids in all three extractions and inclusion of SM made it difficult to view the results of
the other lipids. SM had the highest average peak area across all extractions and

significantly different in the BUME and Folch extractions as well as in Bligh-Dyer. The
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lowest peak areas were observed in TG, and DG which appear to be fairly comparable
between all three extractions. Of the lipids tested, only the peak area of DG was
insignificant (p > 0.05) across all three methods, presumably because the DG did not
ionize efficiently under the MS conditions used. Comparing Folch and modified Bligh-
Dyer, average peak areas of PC, Pl, TG, MG, Cer, and Chol-ester were also not
significantly different between methods (p > 0.05, Games-Howell post-hoc). This can be
clearly seen in Figure 2, as the average peak areas appear to be very comparable between
Folch and Bligh-Dyer across most lipids. When comparing BUME and modified Bligh-
Dyer, LPE, PI, and SM did not differ significantly (p > 0.05, Games-Howell post-hoc). In
BUME and Folch, only Cer was below the cutoff for significant difference between

groups (p > 0.05, Games-Howell post-hoc).
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Figure 2: Comparison of average peak areas representing the internal standards across 25

replicates observed in the BUME, Bligh-Dyer, and MTBE extractions. Error bars reflect
standard deviations

The average peak areas of PE and LPC is significantly higher in Folch compared
to both BUME and Bligh-Dyer. Pl was also significantly higher in Folch when compared
to BUME. In Bligh-Dyer the peak area of PS is noticeably higher than either Folch or

BUME. Additionally, SM was significantly higher in Bligh-Dyer when compared to

Folch.

Bland-Altman Analysis

In order to examine the interchangeability of these methods it is useful to examine
both the mean bias and repeatability coefficients (RC) produced from Bland-Altman

Analysis ®. When examined as a function of peak area it can be quite difficult to reason
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about the recovery of standards between the extractions. To facilitate analysis, relative
concentrations were estimated from the peak areas of the internal standard dilution series,
using regression. When examined in this manner it can be seen that the Folch and Bligh-
Dyer methods agree quite well across the PC, TG, MG, and Cer standards with RCs of
0.2, 0.3, 0.4, and 0.4 ng/uL respectively. This indicates that one should not expect these
lipids to differ more than 0.4 ng/puL between replicates. This is also supported with a
maximum bias of 0.07 ng/uL, which is not a significant difference, across these four
lipids. These results also line up quite well with a visual assessment of Figure 2 and align
well with reports of high similarity between results from these two methods 439",

When comparing LPC, LPE, and SM, Folch and Bligh-Dyer compare more
favorably to each other than to BUME, in terms of mean bias and RC. This can likely be
attributed to both Folch and Bligh-Dyer being chloroform:methanol based extractions.
The BUME extraction also compared well to the Folch and Bligh-Dyer extractions of PC,
TG, MG, and Cer with a maximum RC of 0.5 ng/uL in MG.

Although most lipid classes were similarly extracted across all three methods, a
few were different enough that they should be considered when comparing analyses. The
Folch method seems to result in a higher extraction efficiency of PE, while Bligh-Dyer
and BUME result in improved extraction of PS and LPC, respectively. The peak area of
LPC and to a lesser extent LPE is of particular note as several studies have reported lower
recoveries of polar lipids in Folch extractions with higher recoveries in BUME and

Bligh-Dyer#6:8097,
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Identification and Analysis of MS2 features

The endogenous lipids from rat liver are compared in Figure 3A and the number
of features detected using MS-DIAL can be seen in Figure 3B. BUME and Bligh-Dryer
produced a comparable number of features, 353 and 314 features respectively, while
Folch produced the most features with 486. Of the 486 features found in the Folch, 151 of
these were unique to Folch compared to 29 unique in BUME and 1 unique in Bligh-Dyer
respectively. Out of the 286 features present in all three methods, 162 were matched to
lipids in databases using the MS2 data and the internal spectral libraries in MS-DIAL
(LipidBlast, GNPS, MassBank). The individual 162 lipids were grouped by class and
averaged. Log normalized peak areas of the identified lipids are shown in Figure 3A. The
greatest peak areas were seen in Folch across all classes except PC. BUME and Bligh-
Dyer were comparable to Folch in total PC intensity but were significantly lower in all

other classes.
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Figure 3: Comparison of endogenous lipid species extracted from rat liver. A: Average
log2 normalized peak areas for lipids identified in the MS2 data, grouped by class. Error
bars represent standard deviations. B: Comparison of the number of features detected by
each extraction method

In addition to the BUME, Bligh-Dyer, and Folch extractions, the MTBE
extraction was also tested. However, when examining the extract produced before MS
analysis, there were clear signs of lipid material settling out of solution. Since this was

likely to affect any comparison attempted with MTBE, we excluded it from detailed

analysis.
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Conclusion

In conclusion, the traditional Folch method remains an excellent choice for wide
coverage of the lipidome. The Folch extraction was the most efficient when examining
the endogenous lipids extracted from the rat liver samples with a greater number of stable
features and higher average peak areas. The Bligh-Dyer method serves as a suitable
replacement, when high coverage is desired and may perform when aiming to quantify
specific analytes. When high throughput is required it is difficult to beat the BUME
method which allows for easy recovery of the lipid fraction, the use of plastic materials,
high agreeability with the Folch and Bligh-Dyer methods as well as the potential for

automation®.
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CHAPTER FOUR

ASSESSMENT OF ALGORITHMS FOR RECOVERY OF METABOLIC PATHWAY

STRUCTURE

As the end point of biological activities, the metabolome carries information
regarding genetic, epigenetic, and environmental factors. This information can thus serve
as a bridge between genotype and phenotype®°. As such, the ability to reconstruct
metabolic pathways from concentration profiles is the subject of much
investigation®.-100:101,

A natural starting point in such investigations is to examine the relations between
metabolite concentrations, using simple measures of dependency such as correlations to
construct a network of associations'21%, To construct such a network, metabolites are
represented as nodes and their relationships between the metabolites as edges. Such
networks are conveniently described using an adjacency matrix. Both the rows and
columns in an adjacency matrix contain all nodes in the network and thus is a square
matrix. In the simplest form, edges connecting two nodes are represented as a 1 in the
corresponding column and row of the connected row.

When correlation or another measure of association is computed for every
possible pair of variables, the resulting matrix can be used as a weighted adjacency
matrix'®. In a weighted adjacency matrix, the values can vary with edges taking on the
value of the statistic being used. However, this results in a fully connected network with
weighted connections between all nodes in the network. In order to use such a network to

form useful conclusions it is necessary to apply a threshold, by setting all values below a
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threshold to zero and all values above the threshold to 1, resulting in a binary adjacency
matrix1%4,

While creating a network from metabolomics data is simple, aligning connections
in the network with known reactions can be quite complicated. Furthermore, there has not
been much investigation into the sample size required for recovering such connections or

the susceptibility of the algorithms used to noise.

Dependency Metrics and Network Algorithms

In total 8 algorithms were chosen for investigation of network connections. Of
these algorithms, Pearson's correlation and Spearman's correlation were chosen for their
wide use in the literature. Spearman's correlation differs from Pearson's correlation by
using the ranks of the values in place of their magnitude. Both Pearson's and Spearman'’s
correlations take values between 1 and -1.

Kendall's Tau'® evaluates the strength of a relationship based on the pattern of
concordance and discordance between pairs of observations. A pair of variables are
considered concordant if the order of their ranks agree, otherwise they are considered
discordant'%. Kendall's Tau has the advantage of being a non-parametric test and can be
applied in situations where the variables may not follow a Gaussian distribution.

Adjusted Mutual Information (AM1)%1%7 is a dependency criterion made using
binning and mutual information. Mutual information is a commonly used dependency
metric and has shown promise as a metric for reconstructing gene regulatory
networks'%1%° AMI uses an adjustment of the mutual information score to account for

chance. It compensates for the fact that the Ml is typically larger for two clusters when
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there are more total clusters, regardless of whether more information is actually shared°®,
The normalized version of AMI takes values between 0 and 1.

The Hilbert Schmidt Independence Criterion (HSIC)*? is a kernel-based
independence test, that measures multivariate nonlinear relationships based on a specific
kernel''®, The default kernel is the Gaussian kernel, which utilizes the median distance as
the bandwidth. This kernel is a defining kernel that ensures HSIC is a consistent
test'*1112 HSIC is related to distance correlation, a generalization of correlation that takes
into account nonlinear interactions'?. HSIC and distance correlation are identical, in that
every distance correlation test is also an HSIC test, and vice versa'*2'®, The normalized
version of this metric takes values between 0 and 1.

Three algorithms further remove indirect effects given a matrix of dependency
metrics, the network deconvolution (ND) algorithm introduced by Feizi et al.!*4, the
Aracne'®® algorithm, and the context likelihood or relatedness*'® (CLR) algorithm. Each
of these methods attempt to remove the effects of all indirect relationships in a graph.

These algorithms have proven effective at recovering gene and protein interactions®14-

116

Simulation of Metabolic Profiles with a Dynamic Model of Arachidonic Acid

Metabolism

In order to create a suitable set of data for testing the ability of dependency
metrics to recover metabolic relations, a dynamic model of arachidonic acid (AA)
metabolism was taken from the literature'®® in order to simulate profiles of metabolite

concentrations. This model was chosen due to its use in a similar capacity in the original
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publication as well as the model being of adequate size. The model is composed of
ordinary differential equations describing the synthesis, conversion and degradation of
the 83 metabolites in the model. Enzymatic reactions are described using Michaelis-
Menten Kinetics, while non-enzymatic reactions are described by simple mass action
laws.

In order to simulate different metabolite profiles that mimic the differences
between individuals, equilibrium constants for each reaction were sampled from a
uniform distribution. The maximum of this distribution was defined as the 110% of the
reference constant and the minimum was defined as 90% of the reference constant. Using
the Tellurium Python package, a dynamic simulation over the course of 100 hours was
conducted for each of the 1000 sets of constants**"'8, When using the optimal
parameters, provided with the model, we found that the system achieved a steady state
after around 70 hours. Since differences between metabolite concentrations are likely to
be much greater at non-steady state than at steady state, the strength of dependency
metrics will be affected by the proximity of the system to steady state. To account for
this, metabolite concentrations at 10 and 90 hours were saved for downstream analysis.
These time points were chosen to remain consistent with the study which provided the
model*®! and to provide a comparison between steady state (90 hrs) and non-steady state
(20 hrs).

Experimental metabolomic data, often generated via mass spectrometry or nuclear
magnetic resonance, is subject to some level of noise as a result of the measurement

process. In order to account for noise, Gaussian uncorrelated noise with zero mean was
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added to the data sets. To investigate the effect of such noise on the ability of the
dependence metrics to recover genuine relationships between metabolites, the data sets
were treated with 11 levels of noise, ranging from a signal to noise ratio (SNR) of 1% to
99% in 10% steps The signal-to-noise ratio is the ratio of signal power to the background
noise, defined here as the mean square of metabolite concentration or peak height divided

by the standard deviation of peak height.

Performance Assessment

In order to assess the performance of different methods for reconstructing the
metabolic network defined by the AA model, the receiver operating characteristic (ROC)
was used. The ROC is a plot of true positive rate vs the false positive rate. The true
positive rate is the ratio of true positives to the combination of true positives and false
negatives. Here, true positives are the edges in the AA model that the algorithm correctly
predicted using either the steady state or non-steady state concentrations, and false
negatives are the edges in the AA model the algorithm failed to predict. The false positive
rate is the ratio of false positives to the combination of false positives and true negatives.
In this case, false positives are the edges predicted by the algorithm not found in the AA
model and true negatives are the edges that the algorithm failed to recover, that are also
not present in the AA model.

The results of the ROC analysis can be summarized as a single metric by
calculating the area under the curve (AUC). An AUC close to 1 indicates a good
classifier or in this case that the majority of the edges were correctly predicted by the

algorithm. An AUC close to 0.5 indicates that correct edges are only recovered randomly.
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Constructing an ROC curve requires varying a threshold for an algorithm and
plotting the TPR and FPR to obtain the curve!*®. Since the algorithms tested produce
values over different ranges, 300 threshold values were chosen the between minimum
and maximum values, resulting from each algorithm individually. The network
deconvolution, Aracne and CLR algorithms, which require an adjacency matrix as an
input were used. For these algorithms an adjacency matrix was first computed for one of
the dependency metrics and the threshold was applied before running the algorithm. In
Figure 4 some example ROC curves are given for Pearson’s correlation, compared with

the application of the downstream network algorithms discussed above.

Pearson Correlation ROC
Network Deconvolution Aracne CLR

1.0 4 ——

0.8 1

0.6 1

TPR

0.4

0.2

0.0

00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
FPR FPR FPR

Figure 4: Plots of Receiver Operating Characteristic (ROC) comparing adjacency
matrices composed of Pearson's correlation alone (blue) and matrices after application of
network algorithms (red) at a sample size of 1000 and SNR of 99% at the 90 hr
timepoint.

The AUCs for the plots in Figure 4 are shown as the first four values in the
bottom row of the first heatmap of Figure 5. As can be seen, when examining Figures 4

and 5, both network deconvolution and CLR generally improve the performance of

Pearson’s correlation, under the conditions of high sample size and low noise.
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Figure 5: Individual heat maps for the steady state (90 hr) time point for each sample size
tested. The Y axis corresponds to the SNR, given as a percent. The X axis lists the
dependency metric used and network algorithm applied (if any) from Pearson’s
Correlation (PC), Spearman’s Correlation (SC), Kendall's Tau (KT), Adjusted Mutual
Information (AMI), Hilbert Schmidt Independence Criterion (HISC), Network
Deconvolution (ND), Aracne (AR), and Context Likelihood or Relatedness (CLR).
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AUCs for AA Model at 10 hrs
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Figure 6: Individual heat maps for the non-steady-state (10 hr) time point for each sample
size tested. The Y axis corresponds to the SNR given as a percent. The X axis lists the
dependency metric used and network algorithm applied (if any) from Pearson’s
Correlation (PC), Spearman’s Correlation (SC), Kendall's Tau (KT), Adjusted Mutual
Information (AMI), Hilbert Schmidt Independence Criterion (HISC), Network
Deconvolution (ND), Aracne (AR), and Context Likelihood or Relatedness (CLR).
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Network algorithms were observed to improve performance at 200 samples or
above and a SNR above 80% for the metrics that only take linear relations into account,
when examining the steady state time point. In the non-steady-state case, none of the
network algorithms were able to significantly improve performance when applied to PC,
SC, or KT, in any of the conditions tested.

For metrics that can detect nonlinear relations an improvement in performance,
due to the network algorithms, was not seen even at a sample size of 1000 in the steady-
state-time point. However, a slight improvement was seen when network algorithms were
applied to the HSIC threshold matrix at 99% SNR and a sample size over 800.

Interestingly, all the dependence metrics tested are nearly identical in terms of
AUC when no network algorithm is applied. This is likely primarily due to the AA model
used for simulation. Since the model did not explicitly include any complicated indirect
relations such as allosteric regulation, it makes sense that the metrics perform similarly as
both HSIC and AMI should report the same information as the correlation measures, if
there are no nonlinear relations. Additionally, the data is simulated, and Gaussian noise is
directly added to the data, thus the data produced will always take the form of a Gaussian
distribution. If this is the case, one would expect KT to also perform similarly.

However, in both-steady state and non-steady-state these metrics greatly affect the
performance of the network algorithms. For example, in Figure 5 it can be seen that the
application of network deconvolution and CLR improve the performance of Pearson’s
correlation at an SNR of 99% and 400 samples (an AUC of 0.93 compared to 0.94) while

the performance of AMI in combination with these algorithms drops from 0.93 to 0.86
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and 0.79 respectively. Since the AA model does not include allosteric or other nonlinear
metabolic relations, the nonlinear information captured by these metrics is likely a result
of noise. This then results in more connections being recognized as indirect by the
network algorithms causing a drop in overall performance. This is especially evident in
Figure 6, when the non-steady-state time point is examined. Since the system is less
homogenous both linear and nonlinear relations are easier to recognize, which likely
results in more false positives when the network algorithms are applied to AMI and
HSIC. At the highest sample size and lowest noise level, network algorithms applied to
HSIC outperform the base metric in the non-steady-state data, 0.97 compared to 0.98 in
the first heat map in Figure 6. This suggests that nonlinear relations have the potential to
improve the performance of the network algorithms, if enough information is present for
them to be reliably detected. Given that all three network algorithms tested improved
performance when applied to HSIC at high sample size and low noise in the non-steady-
state case, it is possible that HISC and other measures that incorporate nonlinear relations
may improve performance, if these relations are known to exist in the data set.

As can be seen in Figures 5 and 6 all three network algorithms result in a drop in
performance when sample size is below 200 or when SNR is below 80%. Thus, when
sample size is low (below 200 to 400) or SNR is below 80%, network algorithms are
unlikely to improve the recovery of mechanistic information. This is consistent with the
literature as higher sample sizes are recommended in the original publications for these
algorithms'4-116, At least 1000 samples are recommended in the case of Aracne®®. If

data is not expected to be homogenous or similar to steady-state, network deconvolution,
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Aracne, and CLR should not be applied as around 1000 samples and data with very low

noise are required to obtain even a modest improvement (Figure 6).
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CHAPTER FIVE

SUMMARY AND CONCLUSION

In Chapter 2, the Alzheimer's disease brain tissue showed a high prevalence of
highly polyunsaturated, oxidized, and unusual lipids. Highly unsaturated lipids are
expected in brain tissues. Oxidized and perhaps unusual lipids might be explained by the
wide range in postmortem intervals, as seen in Table 1, or relying solely on the MS1 data
for identification. However, a large amount of lipid material precipitated out of the
samples after they were stored due to the MTBE extraction. The lipids in the solution
analyzed may have changed due to the precipitation and resuspension process.

Due to the recovery of unexpected lipids in the human brain samples, other lipid
extraction methods were investigated in Chapter 3. Folch extraction appears to be the
most successful method for separating endogenous lipids from rat liver samples, with
greater coverage and larger average peak areas than the other two methods. Both the
Bligh-Dyer and BUME methods serve as suitable alternatives with comparable recovery
of lipid standards. The BUME method has the added benefit of allowing the use of plastic
materials and easy recovery of the lipid fraction. Unfortunately, problems similar to those
encountered with the human brain samples prevented the detailed analysis of the MTBE.
While the MTBE procedure resulted in the precipitation of lipid material upon storage,
analyzing the MTBE lipid extracts produced from the rat liver samples did not result in
strange lipids similar in any way to those encountered in the human brain samples. Since
the precipitation did result in unreliable detection of the lipid standards, it is extremely

probable that the distribution of lipids in the solution extracted from the human brain
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samples by MTBE was also affected. Ideally, the Folch method should be applied to a
much larger number of fresh human brain samples, as summarized below.

Lastly, Chapter 4 investigated the ability of network methods to recover
mechanistic information from metabolomic data. Figures 5 and 6 show that the
performance of all three network techniques is mediocre below 200 samples or 80% SNR.
Thus, in the case of minimal samples it is best to rely on simple measures of dependence
such as Pearson’s or Spearman’s correlation. With AUCSs consistently above 0.8 in the case
of low noise correlation bases measures show great promise for generating mechanistic
hypothesis. When samples are abundant, more mechanistic information may be recovered
through the application of network algorithms such as CLR.

Taken together, these results indicate that many samples are required to generate
mechanistic hypothesis from lipidomic or metabolomic data. If mechanistic hypotheses are
to be sought, a minimum of 200 samples with a signal to noise ratio greater than 80% is
required. Since studies involving a sufficient number of human brain samples may be
unrealistic, great care must be taken to ensure extremely low levels of noise, in order to
obtain meaningful conclusions. The extraction procedure for the molecules of interest and
the state of the samples during data acquisition greatly affect the noise in the detection
system. It would also be desirable to employ mass spectrometers with much higher mass

accuracy.
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