
ABSTRACT 

ODENKIRK, MELANIE TAYLOR. Evaluating Lipidomic Perturbations in Biological Systems 

Using Cheminformatic Data Analysis Capabilities. (Under the direction of Dr. Erin S. Baker). 

 

The need to gain a molecular understanding of disease initiation, development, diagnosis 

and therapy has illustrated the importance of holistic systems biology studies using multi-omic 

analyses. Among the greatest hurdle of multi-omic workflows are the vast number of 

biomolecules classes that, despite their biological significance, are poorly understood and limit 

the quality, depth, and biological insight of multi-omic analyses. Therefore, a great need exists 

for tools to facilitate data analysis and interpretation for the less developed omics. Lipids are one 

class of biomolecules that face substantial analytical obstacles in confidently identifying and 

measuring lipid species that further result in significant downstream hurdles for determining their 

biological connotations. In recent decades, significant progress has been made on the analytical 

side of this issue with much less development surrounding the biological interpretation 

challenges. To address the remaining informatic challenges, I have developed a Structural-based 

Connectivity and Omic Phenotype Evaluations (SCOPE) cheminformatics toolbox to facilitate 

lipid inquiry across both structure/biological connections and metadata associations. My 

dissertation details this approach and itsô application for three biological projects. The first is a 

longitudinal monitoring of stem cell differentiation into neural and mesodermal lineages where I 

aimed to understand normal cell development through the similarities and differences of 

lipidome alterations across unique cell lines. In my next application, I explored two pregnancy 

complications, preeclampsia (PRE) and gestational diabetes mellitus (GDM) through both 

lipidome and proteome perturbations to elucidate mechanisms of interest for both syndromes. 

Finally, my dissertation details a comprehensive proteomic, lipidomic and metallomic analysis of 



Alzheimerôs disease (AD) across two brain regions: the frontal cortex (FCX) and cerebellum 

(CB). In this study I was able to elucidate the mechanisms of AD progression and how genotypic 

factors may influence different molecular profiles across either region. Taken together, I 

demonstrate how SCOPE can facilitate the exploration of lipid changes both in sole lipidomic 

studies and multi-omic analyses.  
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CHAPTER 1: Introduction  

1.1 Limitations to Multi -omic Workflows  

Extensive knowledge about disease etiology is essential for accurate and effective 

diagnosis, prognosis, and treatment.1 Therefore, a thorough assessment of the molecular 

alterations occurring prior to symptom onset and throughout treatment provides vital information 

for the development of effective intervention strategies. To date, the characterization of 

molecular perturbations and interactions in diseases has mainly focused on an in-depth 

interrogation of individual biomolecule classes (e.g. proteins, genes, metabolites, etc.). Defining 

disease-related perturbations through the lens of a singular molecule type or -ome, however, 

blinds the researcher to molecular changes occurring across other biomolecules and the 

ubiquitous interactions present within a given system.2 Furthermore, disease etiology can be 

highly complex with defensive mechanisms such as inflammation occurring in response to 

system perturbations, thereby complicating the discovery of novel molecules reflective of a 

specific disease.3 Human-based studies also offer an increased complexity through phenotypic 

differences from factors like environment, diet and lifestyle that can result in fluctuations of 

molecule abundance across a population, thereby further precluding the annotation of important 

molecules for disease development (Figure 1.1).4ï6 Thus, extended molecular approaches are 

needed to provide a comprehensive and accurate portrayal of diseases. Over the past decade, 

initiatives to increase the understanding of molecular perturbations within a given system have 

moved toward multi-omics, an information-rich approach that examines several biomolecular 

classes congruently. Multi-omic analyses extend the insights obtained from singular -omic 

studies by measuring and correlating what could happen (genomics and transcriptomics) and 

how it is happening (proteomics, metabolomics, and lipidomics).7 Multi-omic pipelines thereby 
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offer a holistic evaluation of system-wide perturbations that can greatly facilitate the query of 

disease perturbations. However, integration of numerous fields of study is not without challenges 

that deter the routine application of a comprehensive, multi-omic interrogation into disease 

originsô and progression.  

Figure 1.1 Contributions of phenotype to molecule abundance across a human population. A 

statistically significant molecule and its potential abundance in a healthy and disease cohort can 

be dramatically influenced by parameters such as lifestyle, diet, sex, age, race, among many 

others. The influxes of these variables within humans can results in a significant overlap or ñgrey 

areaò that challenges the categorization of a patient into a healthy or disease state. 

 

Analytically, the increased number of experimental extractions and instrument analyses 

for each measurable -omic can be expensive, both sample and time-consuming, and can result in 

downstream biases based on data collection and analysis protocols.8 Decades of instrumental 

advancements in each --omic area have enabled deeper coverage, enhanced automation, and 

increased throughput.6 These advancements have in turn contributed dramatically to the 

feasibility of multi-omic experiments as many of the innovations can be directly applied to other 

measurement types. Mass spectrometry (MS), for example, is a popular platform routinely 

applied for the analysis of biomolecules. Despite innovations in MS technology and its great 
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depth of coverage possible, MS remains challenged by molecules with varying ionization 

efficiencies, in-source fragmentation, numerous isomeric species, and sample dynamic ranges 

exceeding 105. These limitations result in only a subset of analytes being confidently observed 

and quantified. Experimentally, the implementation of orthogonal separation techniques, such as 

chromatography separations (LC and GC) and ion mobility spectrometry (IMS), provide an 

additional dimension for distinguishing species and increasing the confidence of identifications.9 

However, even with the additional dimensions and fragmentation patterns, numerous features are 

unable to be annotated or identified. These undetected or unidentified molecular species are 

typically referred to as ñdark matterò with the resulting gaps of information significantly 

impairing the biological context annotated within a given system. For example, the structural 

diversity of metabolomics results in only 1.8% of untargeted metabolomics spectra being 

annotated using MS.10 Incomplete coverage is, however, not unique to metabolomics. All -omic 

techniques suffer from partial coverage, albeit at different degrees of severity. Integrating the 

information from multiple single -omic studies, each of which are often immense datasets with 

the number of identifiable signals spanning from hundreds to tens of thousands, is one 

monumental obstacle preventing the comprehensive evaluation and interpretation of all the 

perturbations and interactions present within a system. This obstacle is further confounded by the 

gaps in -omic coverage that inhibit the complete elucidation of disease dysregulation. For 

understudied biomolecule classes, the gaps in both annotatable space and existing biological 

connotations hinders the comprehensive assessment of how these biomolecules contribute to 

disease mechanisms. Thus, multi-omics data interpretation is inherently limited by the quality, 

depth, and biological knowledge possible within singular -omic studies. My research specifically 
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focuses on one class of understudied molecules, lipids, and increasing the understanding of lipid 

contributions to a variety of diseases. 

1.2 Lipidome Complexity and Implications in Human Health 

 Lipids represent a family of hydrophobic and amphipathic biomolecules that include 

fats, membrane lipids, signaling molecules, and hormone precursors.11,12 To date, more than 

44,000 entries of lipid species exist in the LIPID MAPS database with computational projections 

suggesting that 180,000 unique species comprise the entire lipidome.13ï15 Standardization of 

lipids through the curation of the LIPID MAPS consortium14,15 has been used to classify lipid 

species into 8 categories based on shared structural and physiochemical characteristics. These 8 

categories include: fatty acids, glycerolipids, glycerophospholipids, sphingolipids, sterol lipids, 

prenol lipids, saccharolipids, and polyketides, with all categories except saccharolipids and 

polyketides being present in humans11 Additional diversity within lipid categories arises from 

class-based structural differentiation dependent on each lipid category. Glycerophospholipids, 

for example, are united by the presence of a phosphate group bound to a glycerol backbone but 

diverge in the functionalization of their head groups to include moieties such as a tertiary amine 

(phosphatidylcholine, PC), or inositol group (phosphatidylinositol, PI). Conversely, all 

glycerolipids share the same glycerol backbone as glycerophospholipids but lack the phosphate 

moiety such that the number of fatty acyl (FA) groups present: three (triacylglycerol, TG), two 

(diacylglycerol, DG) or one (monoacylglycerol, MG) distinguishes the lipid classes. The final 

component of a lipid is its fatty acyl character which can range in both the number of FA units, 

and individual chain characteristics including carbon length, double bond count and additional 

isomeric differences arising from stereochemistry, double bond placement, and acyl chain 

connectivity. Taken together, most lipids have three main components: backbone, head 



 

5 

 

group/class, and fatty acyl content (Figure 1.2A). The structural diversity of the combined lipid 

components provides flexible utility of lipids in a myriad of biological processes and region-

specific expression of lipids across various tissue and cell types that is still being discovered.12 

Figure 1.2 Lipid structural complexity. A) General outline of complex lipid structure for an 

example PC(18:0/18:1(9Z)) lipid. Complex lipids compose a polar head group (green), backbone 

(blue) and fatty acyl tails (purple). B) Possible lipid isomer pairs to include differences in 

stereochemical arrangement, double bond position and orientation, fatty acyl length and position 

and lipid subclass.  

 

Lipid classifications at both the category and class level have proved to dictate both the 

location and role of each species.16ï19 Fatty acids, for example, are used for synthesizing both 

complex lipid species and a class of signaling molecules known as lipid mediators that make 
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them key regulators of biological processes.20 Additionally, fatty acids are crucial components of 

energy processes for the placenta during pregnancy and the mitochondria under oxidative 

phosphorylation conditions.20ï22 The uptake of fatty acids for storage into glycerolipids also 

allows lipids in this category to serve vital roles in energy processes and lipid transport.23 

Glycerophospholipid (GPL) and sphingolipids (SL) are two key components of the lipid bilayer 

that also share roles in modulating processes such as cellular division through PIs involved in the 

PI3K pathway, oxidative processes through plasmalogens (GPLs with a vinyl ether bond), 

homeostasis and transport of other lipid species including cholesterol through PCs, and 

regulation of cell growth and apoptosis through sphingomyelin (SM) and ceramide (Cer) 

species.24ï27 Modulation of fatty acyl (FA) composition across complex lipid species can also 

influence the biological system. Cis or trans FA orientations, for example, have discrete 

influences on biological mechanisms with trans FAs promoting endoplasmic reticulum stress and 

system inflammation, triggering cholesterol synthesis, and increasing the accumulation of fat 

storage within the liver that been connected with disorders like cardiovascular disease, diabetes, 

and obesity.28,29 Additionally, polyunsaturated FAs (PUFAs) are a subset of FAs with Ò two 

double bonds that begin on either the third (ɤ-3) or sixth carbon (ɤ-6) along a FA chain. 

Dysregulation in the ratio of ɤ-3 and ɤ-6 PUFA species in favor of ɤ-3 species have been 

characterized to alter lipid peroxidation in membranes and suppress cell signal transduction 

while an over-abundance of the ɤ-6 counterpart impairs ion transport.30 Taken together, the 

integral involvement of lipids in a myriad of biological processes has implicated lipids in a 

number of diseases including Alzheimerôs disease (AD), and diabetes which were the seventh 

and eighth leading causes of death within the United States from 2015-2020; respectively.31 AD 

is a common neurodegenerative disease that is highly susceptible to lipidome perturbation 
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through the loss of brain mass and the abundance of lipids expressed within this organ. Through 

this disease, alterations in phospholipid, sterol and sphingolipid species have been 

established.32,33 Diabetes is another serious disease that triggers an abnormal metabolism of 

carbohydrates that also increases the likelihood for the onset of other serious conditions like 

cardiovascular disease and incidences of stroke.34,35 Lipid perturbations within diabetes have 

been demonstrated among energy storage categories including fatty acids and TGs with 

additional dysregulation noted across lipoprotein particles.36ï38 Given the lipid dysregulation in 

disorders like diabetes, cancers, AD and many others, lipidomic assessments are now desired for 

many conditions to assess their significance and contributions to system-wide perturbations.33,39ï

41  

1.3 Lipidomic Analysis Pipeline 

One of the greatest challenges in lipidomic studies that obscures lipid identification is the 

plethora of isomeric lipid species, which have the same mass to charge ratio (m/z) value but 

deviate in FA connectivity, double bond placement, stereochemistry, or other structural 

differences (Figure 1.2B).25 As a result, a single m/z value can yield numerous possible hits 

across various lipid classes when searched against existing databases such as LIPID MAPS, 

thereby challenging the annotation of lipids with MS alone.14 Lipidome complexity is therefore a 

monumental obstacle towards providing an in-depth characterization of disease-relevant 

perturbations. However, the integral role lipids have in biology makes them crucial to investigate 

for elucidating disease mechanisms.42 To provide a more rigorous characterization of lipids, my 

research leverages the orthogonal differentiation of lipids by polarity (LC), size (IMS), and mass 

(MS) through the analysis of lipids with an Agilent 6560 DTIMS-qTOF coupled to a high-

pressure reverse phase liquid chromatography (HPLC) separation (Figure 1.3).43 To reduce 
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lipidome complexity of extracted samples prior to MS analysis, I initially implemented a 34-

minute reverse-phase LC (RPLC) separation on a C18-column to separate lipids.44 This allows 

for the distinction of lipids within the same class by the hydrophobic character of their respective 

FA moieties.44,45 The eluent of these separations is in-line with the Agilent 6560 DTIMS-qTOF 

instrument that similarly to other MS instruments requires three main principles for m/z analysis: 

ion generation (source), ion separation by m/z (analyzer) and detection of the ions (detector). The 

novelty of this system is the presence of a drift-tube based IMS (DTIMS) nested between the ion 

source and mass spectrometer that can perform an additional size-based separation. Thus, eluting 

ions from the LC separation entering the Agilent 6560 for IMS-MS analysis are first ionized 

through electrospray ionization (ESI) prior to entering a series of ion funnels that reduce system 

pressure and facilitate ion focusing.46 Packets of accumulated ions are then pulsed into the drift 

tube which is filled with an inert buffer gas (i.e. N2) under a uniform electric field for size-based 

separation of ions. Alternating frames of MS and MS/MS are then used to collect both product 

and precursor m/z information on a time-of-flight (TOF) mass spectrometer. Greater detail 

surrounding the components of the Agilent 6560 DTIMS-qTOF that allow for the multi-

dimensional separation of lipid species applied in my research are presented below. 

1.3.1 Electrospray Ionization (ESI) 

Given that both IMS and MS separations require gas-phase molecules for both size and 

mass-based separations, it is imperative to get lipids into the gas phase and ionize them for 

detection. ESI is an ambient, soft ionization technique that revolutionized the field of mass 

spectrometry by allowing for biomolecule analysis as was initially demonstrated with proteins.47 

Specifically, ESI operates by applying a potential of typically 1-3 kV to an emitter carrying, in 

the case of my lipidomic studies, the eluent from the LC separation. The potential at this emitter 
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is polarized with the MS inlet that carries the opposite potential, thereby creating a chamber with 

a high electric field. As ions are drawn towards the MS by this electric field, the pressure on the 

emitter tip exceeds the solvent surface tension and the solvent forms a Taylor cone.48ï50 Within 

the emitter, the applied potential interacts with the solvent and results in the build-up of charge 

through the reduction (negative ESI) or oxidation (positive ESI) of water. When the charge 

accumulation surpasses the Rayleigh limit (Equation 1.1), fine droplets of solvent with lipids 

begin to aerosolize. 48,51  

ή φτ“‐‎ὶ                          Equation 1.1 

As the solvent evaporates, a series of fission processes occur due to the Coulombic repulsion of 

the charges that build up on the droplet surface and overcome the Rayleigh limit.48,51 

Mechanistically, two theories prevail for detailing how these charged droplets carrying 

biomolecules ultimately result in gaseous ions: the Charge Residue Model52 and the Ion 

Evaporation Model53. While efforts to detail the specific process of ESI ionization are still 

ongoing, ESI continues to be a popular ionization technique for biomolecule analysis with 

additional benefits including its coupling capabilities with LC, low detection limits, limited 

matrix interferences and itsô ability to produce multiply charged ions.47,54 However, no ionization 

technique is without drawbacks including ESI which is limited in itsô ion transfer efficiency, 

signal suppression, salt tolerance, and hydrophobic biases.55 

1.3.2 Drift Tube Ion Mobility Spectrometry (DTIMS) 

The next major component following ESI on the Agilent 6560 is a drift tube ion mobility 

spectrometry (IMS) chamber (Figure 1.3). IMS is a gas phase separation technique capable of 

distinguishing lipids by their size, shape, and charge.56 Drift tube IMS (DTIMS) is a rudimentary 

IMS method that begins with the pulsing of ions accumulated in a trap funnel into a drift tube 
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pressurized to ~4 torr for my experiments.57 The ions accelerate through a drift tube which is 

filled with a stationary, inert buffer gas under the influence of a weak electric field (E).58,59 

Interactions between the ions and buffer gas molecules result in collisions that impede the 

acceleration rate of each ion. Extended ions have a higher probability of colliding with the buffer 

gas molecules relative to more compact ions thus allowing more compact ions to drift faster than 

their extended counterparts. The ionôs motion therefore results in a unique drift velocity (ὺ) 

dependent upon its mobility (ὑ) through the drift tube that can also be expressed in terms of drift 

tube length (ὒ) per drift time (ὸ) (Equation 1.2).60  

ὺ ὑϽὉ      Equation 1.2 

Under a constant E, an ionôs mobility (K) is dependent on the strength of the decelerating force 

(number of gas-analyte collisions) and is influenced by the gas number density (N), temperature 

(Ὕ) and pressure (ὴ) of the drift cell which are normalized using standard temperature (Ὕ = 

273.16 K) and pressure (ὴ = 760 Torr) for better comparison between experiments (Equation 

1.3).60 

ὑ ὑ Ͻ Ͻ  and ὺ
Ͻ 

 Ͻ
Ͻ

Ȣ
    Equation 1.3 

DTIMS experiments are performed under the low field limit where the ratio of E/N is small. 

Thus, it can be assumed that ὺ is << the thermal velocity of collision gas molecules and the 

buffer gas-ion collisions are thus effective in reducing mobility with respect to analyte size and 

shape.60 Therefore, an ionôs reduced mobility (ὑ) can be expressed in terms of the Mason-

Schamp equation, where ɛ is the reduced mass, Ὧ  is Boltzmannôs constant, and Ὡᾀ is the 

number of electron charges (Equation 1.4). 

ὑ ὑϽ  Ͻ Ͻ    Equation 1.4 
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In this equation, ɱ represents the momentum transfer collision integral which is often termed the 

ion-neutral collision cross section (CCS) and is a physiochemical descriptor that can facilitate 

lipid identintification.61 Equation 4 also shows that the charge of an ion influences its mobility 

since the electric field pulls ions with more charges faster through the drift tube. Therefore, 

DTIMS effectively separates analytes by their shape and mass relative to their charge (e.g. ɱ
ᾀ). 

For all my experiments, CCS measurements are determined from the application of a single-field 

method that is compatible with performing LC separations.62,63 With this approach, an ions 

arrival time (ὸ) is converted to CCS using a calibration where the ὸ of ions with established 

CCS values (Agilent tune mix) are measured under a singular voltage to fit a regression relating 

slope, beta and the intercept (ὸ ) of the standardized CCS values (Equation 1.5).64,65 

ὸ Ͻ ϽὅὅὛ  ὸ   Equation 1.5 

Subsequent CCS and ὸ values from lipidomic single-field measurements can then be calculated 

for unknown compounds under the same electric field strength.57 For lipids, several advantages 

arise from DTIMS analyses including: 1) high sensitivity with low limits of detection (LoD) in 

the ppb range; 2) isomer separation66ï68; 3) compatibility with additional chromatographic 

separations and time-of-flight (TOF) MS instruments69,70; 4) reduction in mass spectral peak 

congestion71 and 5) increased identification confidence.72,73 However, drawbacks including loss 

in ion signal through ion accumulation, diffusion and a low resolving power of ~50-60 Rp that 

requires a ȹCCS of over 5% to resolve two signals at baseline.74  

1.3.3 Time of Flight (TOF) Mass Spectrometry 

For IMS separations, ion collisions and the transfer of momentum through molecular 

interactions are required to distinguish lipids. Mass analyzers, however, are operated under 

vacuum at low pressures (p < 10-3 torr) to avoid ion interactions and thus provide accurate m/z 
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measurements. My analyses are based on a Time-of-Flight (TOF) mass analyzer, that with 

todayôs modern instrumentation achieves mass accuracies of 1-10 ppm, resolution between 

30,000-60,000, and incredibly fast acquisition times (1,000 spectra/second) that facilitate the 

integration of IMS with TOF mass spectrometry.75 TOF instrument operate through the 

monitoring of ion flight times following the pulse of an electric field that accelerates ions into a 

flight tube with a specific kinetic energy. For each ion, this results in a relationship between the 

energy uptake (Ὁ ) which depends upon both the electric field (Ὗ) and the number of electron 

charges (Ὡᾀ) and the kinetic energy (Ὁ )of each ion which is a function of ionôs velocity (ὺ), 

mass (ά ) and potential energy (Equation 1.6). 

Ὁ ὩᾀὟ άὺ Ὁ                                       Equation 1.6 

Since velocity is a function of the drift path length relative to time, the time it takes ions 

accelerated with the same applied voltage to reach the detector can be used to build a relationship 

to an ionôs mass to charge (m/z) ratio (Equation 1.7). 

 ὸ     Equation 1.7 

The velocity of each ion, therefore, is proportional to itsô respective m/z value such that lighter 

ions will traverse the flight tube faster and are the first to reach the detector. Initial development 

of TOF systems were limited by a dependency of mass resolution on flight path length and the 

practicality of an instrument with a substantial footprint.76,77 To achieve the capabilities of 

modern TOF instrumentation, a series of instrumental developments have been integrated into 

modern TOF mass spectrometer designs. Namely, a series of lenses connected with voltage 

dividers, commonly termed a reflectron, allows ions to turn, thereby increasing the path length, 

correcting for applied voltage differences and the subsequent narrowing of the initial velocity 

distributions, and reducing collision-based energy loss and fragmentation during TOF 
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separations.78 Additionally, modern TOF instruments typically implement microchannel plates 

for detecting and amplifying ion signals through multiplication of electrons.77 The resulting ion 

intensities with TOFs are count vectors representative of the number of ions hitting the detector 

in a small, fixed time window. An 8-bit analog-to-digital converter (ADC) quantizes and 

converts analog responses to a digital representation of intensity at a rate of ρϽρπ 

frames/second.55,79 Even with these innovations, however, the resolving power of TOF 

instruments is lower than other platforms which can challenge the assignment of lipids with 

close, but not identical, m/z values from this mass analysis.55 

Figure 1.3 LC-IMS-MS separation of lipids. A) HPLC, IMS and CID-TOF are orthogonal 

separation techniques that separate lipids by polarity, size and m/z; respectively. B) Schematic of 

the Agilent 6560 DTIMS qTOF (bottom) coupled to an HPLC (top). Adapted from Rose et al.43 
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1.3.4 Collision-Induced Dissociation (CID) Fragmentation 

Collision-induced dissociation (CID) is a fragmentation approach implemented in MS to 

provide structural information of precursor ions by colliding these ions with a buffer gas under 

an applied voltage to produce product ions. For the Agilent 6560 instruments, fragmentation 

occurs in space using a quadrupole that appears anterior to the TOF analyzer.64 A quadrupole is 

another mass analyzer that consists of four parallel metal rods to which DC and RF voltages are 

applied to transmit or select ions based on their m/z.55,78 Deviations to the design of this mass 

analyzer have also resulted in other geometries such as 6 (hexapole) or 8 (octopole) rods that 

enhance the operation of these mass analyzers as ion guides.55 For my lipidomic analyses, we 

leverage an alternating scans acquisition strategy that allows for the collection of both precursor 

and product fragment masses of all lipids in the same experiment. For the collection of precursor 

m/z information, two hexapole cells and a quadrupole cell occurring before the TOF mass 

analyzer act as ion guides by setting the DC voltage to 0 (RF-only mode). The trajectories of ions 

in these multipoles can be related to the mechanical potential (Equation 1.8). 

Ὗ  Ͻ Ͻ Ͻ    Equation 1.8 

The collection of product fragment ions is conducted through a data independent acquisition 

(DIA) strategy that also operates in RF-only mode and requires no pre-selection of ions prior to 

fragmentation.80 The middle quadrupole cell sandwiched between each hexapole is filled with 

nitrogen and, under an applied high voltage (10-40 eV) that can be toggled on and off, collisions 

between the analytes and gas molecules result in the dissociation of precursors into product 

fragments.81 For IMS coupled instruments, the voltage applied within CID is a ramped method 

proportional to drift time since larger ions travel slower through the IMS cell and will also 

require more energy to induce fragmentation.80,82 For lipids, fragmentation patterns in CID are 
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diagnostic across different lipid classes and adduct types and provide key insight into the 

structural composition of lipid species.83 

1.3.5 LC-IMS-CID-MS for Lipidomics 

Isomeric and isobaric species are prolific within the lipidome, originating from FA 

position, functional group orientation (e.g., BMP vs PG), sn-position, double bond position and 

orientation, regioisomers and even between lipids in different classes and subclasses. The 

concerted LC-IMS-CID-MS workflow used for my lipidomic experiments provides a 

multidimensional separation that facilitates the reduction of spectral complexity of biological 

samples and allows for the measurement of CCS to support molecular identification. Given the 

correlation of analyte size and mass, the separation of analytes by IMS-MS results in the 

formation of distinct trendlines when comparing observed mass to mobility relationships, 

compensation voltage (CV), and/or CCS values. This capability has resulted in an increase in the 

S/N of lipids at lower abundances and enhanced peak capacity through the reduction of chemical 

noise interferences.84 The linear trends of CCS and m/z further translate within biomolecular 

classes as differences in lipid category, class and FA composition result in sub-trends to the 

separation of various biomolecule classes.84,85 This relationship is incredibly powerful for 

postulating putative identifications of unknown spectral features. The integration of IMS and MS 

for lipidomic analyses has proven extremely useful for facilitating the separation of chemical 

space. However, the abundance of lipid isomers and the correlation of mass with size limits the 

characterization capabilities of the entire lipidome solely through these two dimensions, even 

with the integration of additional separations such as LC. Therefore, the amount of lipid 

speciation possible can be variable depending on the separation capabilities and co-existing 

isomers. IMS analyses for numerous lipid isomer pair standards have noted Rp of several 
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hundreds to distinguish variations in functional group position, acyl chain position, chain length 

and double bond geometry and orientation.85 Since CCS values are intrinsic properties of each 

molecule, they can be determined using low-field IMS systems and provide an additional 

descriptor for making identifications to enhance annotation confidence and facilitate isomer 

distinction within complex biological samples.  

Figure 1.4 Hierarchical clustering overview. A) Dendrogram used to visualize similarities 

between individual nodes. B) Overview of distance computations and linkage to build a 

dendrogram. 

 

Altogether, the instrumental platform and orthogonal techniques for my LC-IMS-CID-

MS analysis of lipids allow for use to discriminate lipid species in complex samples across 

polarity, size, and mass dimensions. Assigning lipid identifications requires the matching of m/z, 

CCS, retention time (RT) and fragment signals with a specific lipid identification.71,86 Even when 

employing a rigorous analysis platform like LC-IMS-CID-MS, however, the complexity of 
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samples and co-isolation of lipid species complicates the assignment for some isomeric or 

isobaric species.87 Typically with LC-IMS-CID-MS, individual FAs and head group of each lipid 

can be putatively assigned, however additional structural information (i.e. double bond position, 

FA sn-linkage) is often not differentiable. From this platform, a diacyl phosphatidylcholine lipid 

with 18:0 and 18:1 FAs, for example, would be denoted as PC(18:0_18:1) with the 

corresponding head group outside the parentheses and the respective FA groups inside.88 The FA 

groups are further separated by a ñ_ò to denote an unknown connection of these FA chains on the 

glycerol backbone (sn-1 or sn-2) whereas a ñ/ò denotes a known connectivity of FA moieties. 

Since co-isolation and shared lipid fragments within complex mixtures commonly muddle the 

structural connectivity information provided from peak intensity ratios of MS/MS and interfere 

with structural moiety assignment, vague lipid nomenclature such as PC(36:1) can be used to 

reflect the ambiguity of assigning structural elements such as unknown FA composition.14,15,89 

1.4 Data Analysis and Visualization 

Following lipid identification, statistical comparisons for identifying molecules in my 

disease discovery applications used univariate ANOVA comparisons to assess the differences in 

the relative abundance of each lipid within the specific disease perturbation(s) or system 

variation(s) of interest.90ï92 This analysis returns a probability, termed a p-value, that can then be 

used to inform an experimenter of the significance of a lipid relative to the question of interest 

based on a false positive rate (Ŭ).93 Omic datasets are also heavily influenced by a p<<n 

paradigm where the number of variables (p) is substantially greater than the number of samples 

(n), resulting in hundreds of hypotheses being investigated simultaneously and an inflation of Ŭ 

which we correction for by applying a multiple correction factor.92 Another measure of interest is 

the magnitude of change in the relative lipid response between two conditions through fold 
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change (FC) which is transformed onto a log2 scale for my experiments. The summary of both 

the magnitude (Log2FC) and likelihood of reoccurrence (p-value) from statistics allow for the 

distinction of lipids for generating hypotheses of disease pathophysiology. 

Improvements towards analytical and interpretation techniques to provide additional 

insight into novel lipid species, while also assessing lipid mechanisms and functional roles for 

better disease diagnostics and drug development over recent decades have greatly advanced 

lipidomics. However, to date my LC-IMS-CID-MS platform nor others can achieve full 

speciation of lipids within a biological matrix. Instead, multiple approaches are integrated into 

lipidomic analyses and across instrument platforms, lipid speciation can be highly variable. The 

subsequent biological interpretation of lipidomic signals is another daunting task. In pathways, 

lipid annotations are a set value that, depending on the platform for data collection and can either 

require significant assumptions of lipid characteristics which misinform biological 

interpretations or an oversimplification of lipid fluctuations into broad categories such as class. 

Instead, manual assessment of lipid species are required to elucidate biological relevance of 

observed lipid changes. This can however be extremely taxing or impossible for large numbers 

of species and samples, making the implementation of other approaches of great interest. 

Artificial intelligence (AI) is a toolbox of computer-based techniques able to accomplish tasks as 

well as or better than humans if trained properly. With so many avenues such as deep learning, 

clustering, and dimensionality reduction, AI is exceptionally suitable to address the challenges 

surrounding multi-omic data analyses and understudied -omics like lipids. The development and 

application of AI in multi-omics has thus been actively explored for this purpose. Specific 

examples of its use include strengthening existing data extraction and interpretation capabilities 

through chemometrics and both supervised (outcome established) and unsupervised (outcome 
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unknown to model) learning approaches.94 My dissertation focuses on the development of a 

cheminformatics toolbox leveraging hierarchical clustering, an unsupervised AI strategy, for the 

exploration of trends to lipid perturbation based on lipid structural information.95 The benefit of 

this approach is demonstrated through applications including the comparison of two pregnancy 

complications: preeclampsia (PRE) and gestational diabetes mellitus (GDM)96, the longitudinal 

monitoring of stem cell differentiation into mature neural and mesodermal lineages, and the 

inquiry of lipidome changes in AD for patients of positive and negative APOE Ů4 carrier status. 

1.4.1 Hierarchical Clustering  

 Hierarchical clustering (HAC) is an attractive, simple, and insightful way of 

visualizing linear relations and groups of objects through the construction of a tree-like 

dendrogram that uses the height of connective branching of different objects termed nodes to 

demonstrate similarity (Figure 1.4A).97 Principally, HAC relies on three defining characteristics 

that greatly influence resulting dendrograms: 1) descriptors, 2) distance metric and 3) linkage 

method(Figure 1.4B).98 As molecular species, lipids are not readily described in terms of points 

with distances that allow them to be explored in HAC. Instead descriptors of molecular response, 

physiochemical properties or structure (for the purpose of my application), can be used to 

compute relationships.99,100 Structure-based HAC is a promising approach to explore 

relationships and visualize trends to functional similarity of molecules.100 Relating lipids by their 

structure first requires the computation of a molecular fingerprint that provides a numerical 

representation of chemical structure from the 2D-structural information encoded from a 

simplified molecular-input line-entry system (SMILES).101 For lipids, functional groups define 

the lipid class but great diversity exists within lipid classes through subtle structural differences 

of sn-position, and double bond position and orientation. Iterative scanning approaches such as 
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the Morgan algorithm, or extended connectivity fingerprints (ECFP) are therefore preferable for 

capturing the additional structural diversity within lipid classes.99,102 Originally designed for 

molecular isomerism, the Morgan algorithm is a time-consuming and computationally expensive 

means of assigning unique identifiers by iteratively scanning molecular structures at the atomic 

and then multi-atomic level.99 An alternative method, extended connectivity fingerprint (ECFP) 

is a variant of the Morgan algorithm that completes a pre-defined number of iterative structure 

scans and uses a hashing scheme to represent the array of numerical identifiers as a single bit 

descriptor, saving significantly on computational time.102ï104 ECFP_6 is within the family of 

ECFP algorithms that completes three scanning iterations from an initial position which is 

determined by descriptors including atom number, neighboring atoms, and ring presence among 

others.102,105 The resulting identifier for each fingerprint is a 1024-bit representation that denotes 

the absence and potential presence of substructural features that define each lipid.100,102 

Advantageously, the functionalization of lipid head group for most lipid classes has the greatest 

contribution to the computation of numerical identifiers across lipid species. 

Numerical representation of lipids allows for the computation of proximity between 

identifiers based on a specific distance algorithm. For cheminformatics comparison of 

descriptors, the method of choice for computing fingerprint similarity is the Tanimoto-Jaccard 

coefficient106 as this method often outperforms other similarity measures such as Euclidean or 

Manhattan.106ï109 Here, similarity of two molecules Ὕὃȟὄ  is defined by the ratio of the number 

of attributes shared (ὔ) relative to the union of attributes for molecule A (ὔ ), molecule B (ὔ ) 

not overlapping between molecules (ὔ) (Equation 1.9).106,109 

Ὕὃȟὄ  
ȿ ȿ

                                  Equation 1.9 
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The resulting similarity of fingerprints defined by the Tanimoto coefficient takes a value from 0 

to 1 with 1 representing identical entries.110 Mathematically, these similarities can be converted 

to dissimilarity and subsequently expressed as a symmetric matrix such that now 0 represents 

identical entries. The dissimilar matrix produced from distance functions constitute the initial 

values used for defining levels at which objects cluster together in dendrogram.97 For my 

analysis, an agglomerative or bottom-up hierarchical clustering approach is performed, where 

each lipid is initially represented as an independent cluster of one and are iteratively combined 

until all lipids are grouped into one object termed a node root.97 For every iterative grouping of 

nodes, a re-computation of the distance matrix used for relating objects is required.97 Defining 

inter-object distance and inter-cluster associations for the default operation of my 

cheminformatics workflow relies on the computation of the average distance of nodes within a 

cluster through the average linkage method.97 Altogether, the diversity of clustering approaches 

allows for the robust application of HAC for a myriad of user objectives with performance 

greatly affected by 1) descriptors, 2) distance metric and 3) linkage method. I have been able to 

employ a ECFP_6, Tanimoto similarity and average linkage method as default parameters to 

provide an assessment of lipid structure-function relationships with hierarchical clustering.95 

This overcomes a significant bottleneck of lipidomic data analysis and interpretation, as lipids 

with virtually any amount of speciation are compatible with this technique, including the data 

from my LC-IMS-CID-MS analyses. My dissertation details this cheminformatics toolbox and 

the application of this work with regard to singular lipidomic studies of system alterations and 

multi-omic investigations of diseases in human subjects. 
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CHAPTER 2: Structural -based Connectivity and Omic Phenotype Evaluations (SCOPE): 

A Cheminformatics Toolbox for Investigating Lipidomic Changes in Complex Systems 

2.1 Abstract 

Since its inception, the main goal of the lipidomics field has been to characterize lipid 

species and their respective biological roles. However, difficulties in both full speciation and 

biological interpretation have rendered these objectives extremely challenging and as a result, 

limited our understanding of lipid mechanisms and dysregulation. While mass spectrometry-

based advancements have significantly increased the ability to identify lipid species, less 

progress has been made surrounding biological interpretations. We have therefore developed a 

Structural-based Connectivity and Omic Phenotype Evaluations (SCOPE) cheminformatics 

toolbox to aid in these evaluations. SCOPE enables the assessment and visualization of two main 

lipidomic associations: structure/biological connections and metadata linkages either separately 

or in tandem. To assess structure and biological relationships, SCOPE utilizes key lipid structural 

moieties such as head group and fatty acyl composition and links them to their respective 

biological relationships through hierarchical clustering and grouped heatmaps. Metadata arising 

from phenotypic and environmental factors such as age and diet is then correlated with the lipid 

structures and/or biological relationships, utilizing Toxicological Prioritization Index (ToxPi) 

software. Here, SCOPE is demonstrated for various applications from environmental studies to 

clinical assessments to showcase new biological connections not previously observed with other 

techniques. 

2.2 Introduction 

Lipids represent a structurally diverse compendium of hydrophobic biomolecules, 

containing thousands of distinct molecular species integral to biological processes such as 
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cellular structure, energy storage, and intracellular signaling.1 A majority of lipidomic analyses 

are performed with mass spectrometry (MS), but the sheer diversity and magnitude of the 

lipidome presents analytical challenges in ionization, detection and identification. Over the last 

twenty years, tremendous effort has been placed on the full characterization of lipid molecular 

species and their resulting biological implications.2 Both efforts are however very complex. Full 

lipid speciation relies on the ability to confidently distinguish various factors such as lipid class, 

head group and fatty acyl (FA) chains in addition to more subtle structural changes including FA 

linkage site, and double bond positions and orientations (Figure 2.1A). Traditional lipidomic 

analyses employing MS/MS fragmentation typically only annotate lipid head group and fatty 

acyl (FA) composition. Putative lipid identifications are therefore often expressed with head 

group and FA moieties, and alternate approaches must be implemented for the assessment of 

double bond position and FA connectivity. For example, a diacyl phosphatidylcholine lipid with 

18:0 and 18:1 FAs is noted as PC(18:0_18:1) with the corresponding head group outside the 

parentheses and the respective FA groups inside.3 Fatty acyls were annotated to include the total 

number of carbons and number of double bonds before and after the colon (carbon number: 

double bond count). Therefore, for this example, 2 unique fatty acyls, one with 18 carbons and 

no double bonds (18:0) and another also with 18 carbon and one double bond (18:1) are present. 

The FA groups are further separated by a ñ_ò to denote an unknown connection of these FA 

chains on the glycerol backbone (sn-1 or sn-2). Since co-isolation and shared lipid fragments 

within complex mixtures commonly muddle the structural connectivity information provided 

from peak intensity ratios of MS/MS and interfere with structural moiety assignment, vague lipid 

nomenclature is often used to reflect the ambiguity of assigning structural elements.4,5 If 

incomplete FA annotation occurs, where only the summed carbon and double bond count can be 
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determined from high resolution MS, even more ambiguous nomenclature, such as PC(36:1), is 

used.  

Figure 2.1 Challenges in lipid assignment and biological evaluations due to isomers and 

incomplete pathways. A) Lipid annotation is hindered by a high degree of isomeric complexity, 

making species difficult to differentiate. For example, the mass of 787.6 yields 78 unique LIPID 

MAPS identifications. However, the assignment of head group, fatty acyl groups, sn-positions, 

double bond positions, and double bond orientation (examples of structural differences shown on 

the right), allows the number of putative identifications to decrease (displayed left) until full 

speciation and one lipid annotation is achieved. B) Pathway analyses are largely designated by 

broad lipid classes that neglect differences between specific lipid species which when rolled 

together often exhibit both up and down regulation based on their structural characteristics. An 

overview of lipid biosynthesis is shown as an example. C) A network of 746 lipids identified 

with our LC-MS/MS in a variety of sample types. ECFP_6 descriptors, Tanimoto similarity and 

ward linkage were utilized to visualize the lipidome coverage and diversity of species observed. 

Across the sample types studied, 14 unique phosphatidylcholine plasmalogen (PC P-, light 

green) species were observed. The head group clustering shows these PC P- are grouped with all 

other PCs on the same branch and thus greatly oversimplified. In the identifications shown, a 

majority of lipids were assigned unique fatty acyl and head group compositions, but sn-

connectivity and double bond characterization was not possible with some exceptions for species 

with different connectivity as is observed with the L1 lipid structure. 
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One of the greatest challenges in lipidomic studies is the plethora of isomeric lipid 

species, which share the same m/z value but deviate in FA connectivity, double bond placement 

or stereochemistry.6 A single m/z value can yield hundreds of possible hits across various lipid 

classes when searched against existing databases such as LIPID MAPS.7 While the adoption of 

lengthy chromatography separations and MS/MS are employed in many lipidomic studies to aid 

in differentiating species, complete separation of isomers remains a challenge.7,8 Over the past 

two decades, substantial analytical achievements have been made to both increase the breadth 

and depth of coverage possible within lipidomic analyses.9,10 Namely, a variety of techniques 

including chromatography,11 various ion mobility spectrometry (IMS) separations,12ï15 

derivatization methods,16 and novel fragmentation approaches such as ozonolysis induced 

dissociation (Oz-ID),17ï19 ultraviolet photochemical detection (UVPD),20,21 Paterno-Büchi 

reactions,22 electron impact excitation of ions from organics (EIEIO),23 and relative adduct and 

fragment abundances15,24,25 have all been successfully utilized to differentiate lipid isomer pairs 

including sn-fatty acyl connectivity, as well as double bond position and orientation. While clear 

limitations including manual data analysis, impaired separation performance for complex sample 

types, and a lack of standards for validating differentiable isomers still challenge the integration 

of these techniques, the capabilities for full lipid speciation are becoming increasingly probable 

for lipidomic analyses. Overall, steps to elucidate lipid specific biological connections are greatly 

needed. While lipidomic pathway-based annotations are readily available in resources such as 

KEGG, HMDB, and LIPID MAPS,7,26,27 many of the existing pathway nodes represent entire 

lipid classes and not just individual species, such as presented in Figure 2.1B.4 The compression 

of hundreds of differentiable lipid identifications into one to meet existing pathways however 

does not correctly capture the split responses, as shown in Figure 2.1B, resulting in incomplete 
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and potentially inaccurate conclusions. For example, lipid species collected from a variety of 

sample types including soil, brain tissue and human plasma all leveraging the same LC-MS/MS 

platform were utilized to confidently annotate both head group and specific FA moieties for a 

diverse network of 746 uniquely identified lipid species (Figure 2.1C). Applying current class-

based pathways would simplify and sum the response of each head group together. Therefore, 

the fourteen uniquely differentiable phosphatidylcholine plasmalogen species (PC P-, light 

green) shown here, would be grouped into the whole phosphatidylcholine (PC) class and further 

associated with all of the other PC species (PC, red and PC O-, gold), despite the plasmalogens 

having unique biological roles.28 However, enhancing pathway annotations via dynamic in silico 

approaches, while possible, is impeded by a reduced knowledgebase of lipid and associated 

protein relationships required for defining initial conditions and reaction parameters.29 

Furthermore, current analytical limitations due to measurements without numerous separation 

techniques also hinder biological evaluations as they are only able to provide partial lipid 

speciation. Comprehensive lipid pathways such as those available through LIPID MAPS, Path 

Bank, and KEGG can also be an impediment. The full lipid speciation in comprehensive lipid 

pathway annotations is typically greater than the partial lipid identifications from experimental 

data, thereby requiring significant assumptions of lipid characteristics which can misinform 

biological interpretations.7,26,30 Pathway annotations are therefore impractical for the partial 

speciation achievable in current lipidomic measurements. Instead, manual assessment of lipid 

species is often used to avoid current pathway evaluation challenges. This can however be 

extremely taxing or even impossible for large numbers of species and samples.6,31ï33 To provide 

tools for the rigorous assessment of lipid biological interpretation, we developed a Structural-

based Connectivity and Omic Phenotype Evaluations (SCOPE) cheminformatics toolbox. 
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SCOPE enables the assessment and visualization of lipid structure connections with biological 

relationships and metadata linkages at any level of lipid speciation. The specific details and 

applications of SCOPE are highlighted in this manuscript. 

2.3 Experimental 

2.3.1 Data Sources and Lipid Identification 

Full details on lipid extraction, analysis and identification are outlined by Kyle et al.34 

and are available for ant, pregnancy and myocardial infarction datasets.35ï37 Briefly, lipids were 

extracted using a modified Folch extraction38,39 and example datasets were collected from either 

LC-MS/MS or LC-IMS-MS/MS information with both positive and negative electrospray 

ionization to demonstrate the flexibility of SCOPE for different platforms. Collision-induced 

dissociation (CID) or higher-energy collisional dissociation (HCD) were implemented for lipid 

fragmentation. Lipid speciation through these platforms typically allows for the annotation of 

head group and, in most cases, fatty acyl composition. Triacylglycerols annotated with LC-

MS/MS were only identified to include lipid head group and summed FA composition (i.e. 

TG(50:4)). Typical FA annotations from MS/MS include chain identification without additional 

annotation of sn-backbone position or double bond characterization, as denoted by a ñ_ò. Lipid 

annotations with known sn-position are listed before and after a ñ/ò to denote sn-1 and sn-2 fatty 

acyl positions. No double bond annotations are noted in any of the example datasets used in this 

study. Putative lipid identifications were made to the most confident speciation using accurate 

mass tag matching with the LIQUID software.40 For instances with more than one database 

match, all lipid identifications with sufficient MS/MS evidence were assigned with a ñ;ò to 

denote either or both identifications being a matched entry. Lipid identifications that 

corresponded to more than one experimental observation were assigned ñ_Aò, ñ_Bò, etc. to 
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denote the observed chromatographic and/or IMS separation of these species. Peak areas of all 

identified lipids were parsed for each identification and subsequently exported as a ñ.csvò format 

for processing and statistical assessment regarding each case versus control comparison. 

2.3.2 Data Pre-processing and Statistical Analysis 

Statistical analysis and pre-processing of example datasets were carried out with the 

pmartR package in either MATLAB or R software.41 Outliers resulting from the assessment of 

an RMD-PAV algorithm and a Pearson correlation or lipids with inadequate data for quantitative 

or qualitative analysis were omitted prior to statistical analysis. All experimental data were log2 

transformed and a mean centering algorithm was employed for normalizing data following 

outlier removal. Statistical analyses were carried out for log2 transformed data through the 

pmartR package (Ŭ = 0.05).41 As the purpose of this manuscript is to showcase visualization 

capabilities of SCOPE and not to assess results, no multiple comparison correction was 

employed for any comparisons discussed herein. Both processed data and statistical results were 

exported in a ñ.csvò format for further relation of lipid species to clinical and structural effects.  

2.3.3 SCOPE Structure-Biological Relationships 

Simplified molecular-input line-entry system (SMILES)42 annotations of identified 

species were extracted computationally from the LIPID MAPS Structural Database and surveyed 

for uniqueness.7 Lipids that yielded multiple database hits were arbitrarily represented by a 

corresponding SMILES entry from the list of possible annotations. Lipids with ñ_Aò and ñ_Bò 

annotations were uniquely assigned SMILES either from additional LIPID MAPS matches when 

present or manually when absent. Species assigned multiple identifications were separated and 

statistical results duplicated only when head group annotations differed. Given SMILES are only 

required for head group clustering, any ambiguity for additional structural elements had little 
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effect on the clustering patterns observed. Default head group clustering first reads in the 2D 

chemical structures encoded by SMILES and transforms these annotations into a unique, 

numerical identifier using an ECFP_6 fingerprint computed by employing the fingerprint and 

rcdk packages in R (version 3.6), unless otherwise indicated.43 Hierarchical clustering of lipids 

was performed according to Tanimoto distances with an average linkage method, unless 

otherwise specified. Circular dendrograms were built using the ggtree and ggplot2 packages with 

head group annotation represented by node color. Heatmap overlay of biological responses were 

assembled with the pheatmap package to visualize fold changes. Directionality of fold changes 

were assigned using the óFlagô output from pmartR statistics which represents statistically 

significant upregulation as ñ1ò, downregulation as ñ-1ò and no significance as ñ0ò. A custom 

red-blue color palette was built from min and max fold change values to denote up and 

downregulation; respectively. Species that lacked statistical significance are denoted as grey to 

focus discovery of head group trends to statistically significant analytes. Magnitude of fold 

change was represented with a color gradient with darker red/blue colors indicating larger fold 

change values. This color scale was employed for all heatmap-style graphics for ease of 

interpretation across all relationships of interest. 

FA grouping for lipids requires consistency across lipid annotation. As a majority of 

lipids were identified to include head group and FA annotations without sn-position or double 

bond characterization, identifications with summed FA composition were removed. Any 

annotations with multiple potential matches (i.e. PE(18:0_18:2);PE(18:1/18:1)) were parsed into 

unique entries to visualize all potential FA effects. FA annotations were then extracted and all 

identifications were classified by FA group without sn-position. This resulted in diacyl lipids (i.e. 

PE(18:0_18:2)) corresponding to both 18:0 and 18:2. Biological significance was matched to 
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lipid identification and the pheatmap and ggplot2 packages in R were utilized to visualize lipid 

fold change within FA groups following the description provided under head group clustering. 

For simplicity, a minimum of 10 FA instances were required for a FA group to be plotted for 

visualizing trends. The evaluation of FA trends across head groups begins with the parsing of 

analytes with multiple identifications such as used in FA heatmaps. Note that low frequency 

head groups are removed (Ò 10 lipid identifications). Complete FA annotation (i.e. 16:0_18:1) as 

opposed to specific groups (i.e. 16:0, 18:1) are required for the identifications and all possible 

FA arrangements are inflated to account for uncertainty in sn-position resulting from 

experimental analysis. The dependence of FA arrangements on the number of sn-positions 

available requires all lipids included in a singular analysis have the same number of FA 

connectivity regions. Non-unique FA compositions are then filtered and grouped by weighting 

the presence or absence of each FA and the assumed sn-position from permutation using rcdk in 

R. Heatmaps of biological significance are added using pheatmap.  

2.3.4 SCOPE Metadata Linkages using ToxPi software 

ToxPi software (version 2.3) was applied to relate metadata and variability of individual 

lipid species.44 Metadata variables of interest are first selected and used to group samples by 

either defined categorical variables or numerical variables with user-defined thresholds. The 

script for reading in ñ.csvò log2 transformed lipid abundance for both positive and negative mode 

analyses was implemented in R to expedite metadata classifications. Output results depict all 

lipid species in the first column, samples across the rows and metadata denoted in the top of the 

worksheet with each sample classified by an ñXò for a matching metadata value. This ñ.csvò file 

was read into ToxPi software and recreated from file to retain metadata classifications of 
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samples. Slices were then weighted for the number of samples within each metadata group 

relative to the total sample count. (Equation 2.1). 

3ÌÉÃÅ ×ÅÉÇÈÔ
Π    

  
   Equation 2.1 

ToxPi software calculates the average response value for each lipid within metadata-

defined groups and scales responses from 0 to 1 for each lipid. Resulting ToxPi plots portray the 

average scaled abundance in the radial direction with a taller slice indicating a larger abundance. 

Slice width is used to visualize the weighting applied to account for the number of samples in a 

group. Multiple metadata classifications and sample groups can also be adapted to this ToxPi 

approach. Full information on ToxPi capabilities and application of ToxPi to endocrine toxicity 

profiling are also available.44,45 

Log2 lipid abundance (rows) and the sample IDs (column) were first transformed by 

recording additional maximum and minimum entries to account for differences in lipid variance. 

Transformed data were then imported directly into ToxPi software to include patient responses 

and min/max values. Individual lipids are then parsed into separate slices. Score results upon 

ToxPi generation are exported as a ñ.csvò and read into R where max/min values are removed. 

Overall and individual profile scores are then used to cluster patients by similarity using 

Euclidean distance and average linkage with rcdk and ggtree packages. Node annotations are 

used to differentiate sample groups (Case 1, Case 2). Metadata is overlaid with pheatmap 

packages for both categorical and numerical variables of interest. The example given herein for 

sample and metadata comparisons investigates two disease groups, preeclampsia (PRE) and 

gestational diabetes mellitus (GDM). Statistical analysis of significant lipids between these 

comparisons was carried out separately through MetaboAnalyst (version 4.0)46 again with no 
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multiple comparisons correction. Top 20 significant lipids determined by rank-order of p-values 

were used for clustering samples. 

Figure 2.2 An overview of the components of SCOPE. A) The four main components for 

lipid assessments include Comparison, Experimental Analysis & Annotation, Structure & 

Biological Connections, and Metadata Linkage, where SCOPE provides new capabilities in the 

last 2 components. B) The specific details for SCOPE-based Structure & Biological Connections 

are split into B1) Statistical Analysis to assess lipid significance, B2) Structural Analysis to 

cluster head groups (B2a) and fatty acyls (B2b), and B3) Data Visualization utilizing 

dendrograms to show the effects of head groups (B3a) and fatty acyls (B3b). In the 

dendrograms, detected lipids with no statistical significance are shown in grey, while upregulated 

and downregulated lipids are red and blue with darker colors indicating a larger fold change. C) 

The specific details for SCOPE-based Metadata Linkage are split into C1) Toxicological 

Prioritization Index (ToxPi) Software Grouping for either C2) Lipid-to-Lipid Analyses where 

samples are grouped by variables such as age to assess how each lipid changes or C3) Sample-

to-Sample Analyses where individual sample lipid profiles are created, clustered and scored 

based on the entire cohortôs scaled response (C3a) and then specific variables are mapped around 

the dendrograms to analyze similarities and outliers (C3b). 
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All structural associations are accomplished in R through capabilities provided by 

pheatmap, ggtree, ggplot2, rcdk, tidyverse and fingerprint packages. ToxPi software is freely 

available through the following link: https://toxpi.org/. The open source code for SCOPE 

analyses and all curated datasets to replicate examples discussed herein is available through 

Github at: https://github.com/BakerLabNCSU/SCOPE.  

2.4 Results and Discussion 

Developing a cheminformatics toolbox enabling lipidomic assessments and visualizations 

for a variety of analysis platforms and applications is of utmost importance to the lipidomic 

community. The developed SCOPE cheminformatics tools discussed herein provide a largely 

automated and robust annotation platform to assess biological effects for lipids both in case 

versus control comparisons and through underlying metadata effects, either separately or in 

concert. Typical lipidomic workflows begin with experimental design followed by analysis and 

annotation with any instrumental platform of choice (Figure 2.2A). SCOPE is built to enhance 

lipid data interpretation and visualization following these steps through the assessment of lipid 

structure, biological connections and linkage of the metadata to lipid structures (Figure. 2.2A). 

The capabilities discussed herein are open-source and freely available at 

https://github.com/BakerLabNCSU/SCOPE. The novel capabilities introduced by SCOPE for 

linking biological connections and metadata to lipid structures are further detailed in Figure 2.2B 

and C. SCOPE data visualization utilizes dendrograms and heatmap-style plots in R to showcase 

the effect of each lipid's head group (Figure 2.2B3a) and FA (Figure 2.2B3b) component on its 

biological response. While structure and biological connection have proven powerful for 

evaluating molecular species, biological interpretations within complex omic analyses are also 

often hindered by environmental and clinical factors such as diet, age and sex.28,47ï50 To 

https://toxpi.org/
https://github.com/BakerLabNCSU/SCOPE
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overcome these limitations, SCOPE utilizes the Toxicological Prioritization Index (ToxPi) 

software44 for the visualization of metadata across lipids (Figure 2.2C2) and samples (Figure 

2.2C3). Specific details of SCOPE's novel cheminformatics capabilities and initial applications 

are shown in Figure 2.2. 

2.4.1 Structure and Biological Connections 

With the initial curation of LIPID MAPS7, lipid species were classified into eight main 

categories by shared structural and physiochemical characteristics including: fatty acids, 

glycerolipids, glycerophospholipids, sphingolipids, sterol lipids, prenol lipids, saccharolipids, 

and polyketides. Within these categories, additional diversity arises through structural 

differentiation allowing further classification. For example, glycerophospholipids, which all 

contain a phosphate group bound to a glycerol backbone, diverge in the functionalization of their 

head groups such as those having basic residues such as a choline (phosphatidylcholine) or acidic 

functional groups such as inositol (phosphatidylinositol) group. Conversely, glycerolipids all 

share the same glycerol backbone and are instead contrasted by the number of FA groups 

present: three (triacylglycerol), two (diacylglycerol) or one (monoacylglycerol). Lipid 

classifications at both category and class levels have proved to dictate both the location and role 

of each species, an association that has been well-classified and actively exploited to interpret 

biological dysregulation.26,51,52 These approaches, however, are often limited by the 

simplification of species to specific structural associations. As lipid annotation capabilities and 

the number of lipid identifications increase, this effect becomes more prominent making these 

data visualization techniques unsuitable for in-depth lipidomic profiling. 

The structure and biological relationship component of SCOPE (Figure 2.2B) is designed 

to visualize structural element classifications, while also displaying all results as individual 
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entities. To allow users experimental platform flexibility, all identification, statistical 

assessments, and metadata for SCOPE is read in a ñ.csvò format (Figure 2.2B1). Lipid structure 

and biological connections are then performed by assessing key lipid moieties including head 

group and FAs (Figure 2.2B2). This process was adapted from metabolic analyses, which has 

shown compelling correlation of structural composition and biological effects.53 For lipid classes 

and subclasses, identified lipids are first computationally annotated with their simplified 

molecular-input line-entry system (SMILES)42 or, for instances of multiple possible 

identifications, a representative SMILES obtained from LIPID MAPS that uniquely corresponds 

to one identified species.7 Isomeric ñ_Aò and ñ_Bò lipids were assigned SMILES either from 

additional LIPID MAPS matches when present or through manual annotation. The two-

dimensional structure encoded within SMILES annotations is subsequently used to assign 

numerical identifiers to each identified lipid through an extended connectivity fingerprint 

(ECFP).54 ECFP generation begins with an initial identifier that determines the starting point for 

finding structural uniqueness. This initial identifier is influenced by characteristics such as the 

number of immediate non-hydrogen neighbors, ring presence/composition, atomic number, etc. 

For abundant plasma lipids such as glycerolipids, sphingolipids and glycerolphospholipids, the 

presence of FA groups is only a minor contribution to initial identifier position as the presence of 

ring-based and non-organic atoms (P, S, N, O), which differentiate lipid category and class, 

becomes the dominant factor in defining the initial identifier position. Exception to minor FA 

contributions, however, arise from gross differentiation including the absence of FA groups 

(Lyso (0:0) lipids) or the presence of alkyl ether (O-) and alkenyl ether (plasmalogen; P-) 

linkages. Still, this initial identifier bias can be leveraged to cluster lipids by their category and 

class using the ECFP_6 fingerprint method, a form of the ECFP connectivity method that 
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completes three iterations of summation to transform molecular features into unique numerical 

identifiers. It should be further noted that SMILES and subsequent ECFP_6 fingerprint 

generation requires full speciation not readily achieved in MS workflows. However, SMILES are 

only utilized for hierarchical clustering and the observed bias for head group annotation makes 

the impact of any ambiguous assignments of additional structural information minor. 

Figure 2.3 Lipid structural relationships are amenable to a variety of techniques for biological 

significance elucidation. The four examples illustrated are the A) default option, B) 

fingerprinting variations, C) different linkage algorithm options and D) various method 

visualizations such as p-value or fold change. 

 

Upon deriving unique numerical identifiers for all lipid species, identifiers are converted 

to a distance matrix from 0 (no similarity) to 1 (identical). The resulting structural grouping of 

each uniquely identified lipid is accomplished through agglomerative hierarchical clustering 

where each species, represented by an individual leaf, is linked by branches according to their 

structural similarity. The resulting circular dendrogram is a tree-like structure where the radial 

distance of node connectivity corresponds to the degree of structural similarity, as defined by an 
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average linkage method (Figure 2.3A). The class structural feature weighting from this 

fingerprinting technique results in a dendrogram, heavily grouped by these annotations with 

additional branching related to minor structural changes such as those from FAs (Figure 2.2B3). 

The statistical results of each identified species are then subsequently overlaid onto the 

dendrogram to visualize individual lipid responses both within and between classes. To simplify 

the visualization of head group associations to biological dysregulation, all identified but not 

statistically significant lipids are displayed as grey, while statistically upregulated and 

downregulated entities are red and blue. The magnitude of these effects is further visualized 

where darker hues correspond to larger fold changes. 

Figure 2.4 Head group clustering of identified lipids in A) one, B) two and C) more than two 

comparisons. A) The single comparison is illustrated for before versus after lipid profiles of 

patients with induced myocardial infarctions. B) Two comparison evaluations are demonstrated 

with top, middle and bottom soil regions of a leaf cutter ant colony where the middle and bottom 

are compared to the top level. C) Numerous simultaneous comparisons are also possible as 

shown for lipid expression in Alzheimerôs disease (AD) versus healthy brain tissue in the frontal 

cortex (FCX) and cerebellum (CBM) and across three different ApoŮ genotype comparisons: 

Ů2Ů3, Ů3Ů3 and Ů3Ů4 of sample data. All responses are shown as fold changes with statistically 

upregulated and downregulated lipids are shown in red and blue with darker colors indicating a 

larger fold change. Lipid detected but having no statistical significance are shown in grey. Head 

groups are colored by the bottom key for all three comparison types. 
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Our default approach for lipid class and subclass clustering as described above can be 

amended to evaluate the validity and robustness of structure and biological relationships by 

modifying steps in the dendrogram construction (Figure 2.3B-D). For example, the interchange 

of the ECFP_6 fingerprint method with the Molecular ACCess System (MACCS), which 

contains a set of 960 substructure based keys, for classifying lipids by their head group 

annotations is shown in Figure 2.3B.55 The use of pre-defined keys in the MACCS fingerprint, 

however, does not fully encompass the subtle structural variation of lipids as demonstrated by 

substantially less tree branching. While this technique would be suitable for molecules with 

greater structural diversity (i.e. amino acids, sugars, drugs, and drug metabolites), ECFP is 

clearly an ideal method for relating lipid species as it is a faster variant of the Morgan algorithm 

initially proposed for handling molecular isomerism.56 The default of the fingerprint method 

provided by the rcdk and fingerprint package in R uses a 6 bond diameter maximum (ECFP_6), 

which is preferable for its ease of implementation and adequacy for grouping species by class 

information.57 Linkage methods such as complete, average and ward are also contributing factors 

in lipid clustering. Typically, dendrograms use an agglomerative clustering approach that acts in 

a bottom-up manner to group individual lipid species by similarity until all species exist in one 

node, termed a root. Similarity is then determined through these linkage methods, which work to 

calculate distance within clustered grouped through average distance (average), minimum or 

maximum distance (single or complete), or by minimizing the sum of squares (Ward).58 While 

our analysis entails an average linkage for building head group associations, other clustering 

methods can also be employed within SCOPE as shown by Figures 2.3A and 2.3C which 

compare the effects of average and Ward linkage algorithms. While slight differences are 

observed in tree connectivity, a majority of the annotations are retained, and no class groupings 
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are disrupted to suggest that variations in the linkage approach employed still allow for adequate 

head group clustering. Furthermore, since the dendrogram visualizations provide emphasis on 

trends between structural and biological effects, the exclusion of insignificant results may be 

ideal for rapid assessments. Thus, filtered dendrograms may be generated in SCOPE for only 

significant features (Figure 2.3D). 

To assess the utility of dendrogram analyses in various applications, lipid head group 

clustering was assessed for experiments with varying biological complexity. First, plasma lipids 

collected before and after an induced myocardial infarction explored extensively in Figure 2.3 

represents a singular one-to-one comparison depicted with default hierarchical clustering settings 

in Figure 2.4A.37 The visualization of biological implications of head group effects in a singular 

case versus control comparison can readily be accomplished by plotting biological responses 

with pheatmap in R. Dual comparisons are also possible such as assessing lipids in the top, 

middle and bottom regions of a leaf cutter ant garden (Figure 2.4B).35 Here, the lipidome of the 

middle and bottom regions were compared to the top region with middle versus top statistical 

results displayed in the inner ring and bottom versus top in the outer ring. By plotting both 

results on the same dendrogram, the simultaneous assessment of two biological comparisons was 

possible. Finally, we explored this technique for the visualization of numerous comparisons 

simultaneously. For this assessment, we utilized a study showcasing the comprehensive 

annotation of human brain tissue extracts of Alzheimerôs disease (AD) versus control cases 

where patients were further separated by both the region of tissue collection (frontal cortex, FCX 

or cerebellum, CBM) and ApoŮ genotype in an example dataset (Figure 2.4C). Each biological 

response was again visualized as independent outer rings with the first three rings corresponding 

to cerebellum tissue and the latter three rings displaying frontal cortex for the AD versus control 
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results. Genotype annotations within each of these two groups was organized with the innermost 

rings displaying Ů2Ů3 AD versus control comparison, the center ring displaying Ů3Ů3 and the 

outermost displaying Ů3Ů4. The ability to visualize all these comparisons on the same 

dendrogram allows for the simultaneous assessment of lipid changes conserved in all AD 

patients and those specific to brain region or genotype. The ability of SCOPE to perform all of 

these diverse analyses showed its flexibility and capabilities for comprehensive assessment of 

singular, dual and highly complex biological comparisons.  

While dendrogram clustering enables the assessment of head group structural 

contributions, the importance of FA analyses has also been linked to enzyme activity and 

biological importance (Figure 2.2B).32,47ï50 Since current techniques for visualizing FA effects 

have been limited to date, SCOPE was expanded to provide rigorous relationships of FA 

composition to biological response (Figure 2.5A). FA clustering in SCOPE begins by parsing 

out all uniquely identified FA groups. Confident annotations with appropriate lipid speciation are 

vital at this stage as over-annotation will likely misinform biological implications. Therefore, 

caution is required when identifying lipids from existing databases.4 For the FA analyses, all 

lipid identifications are grouped by the presence of specific FAs. The identifications used here 

lacked sn-position assignments and double bond characterization, however, SCOPE is flexible to 

the inclusion of these annotations when applicable. Lipid biological responses were visualized in 

a manner similar to head group clustering where insignificant lipids are represented as grey 

values and statistically significant up- and downregulated species are displayed in red and blue. 

Figure 2.5A utilizes these FA analyses and displays a subset of uniquely identified 18-carbon 

FA groups with either 0, 1, 2 or 3 instances of unsaturation (18:0, 18:1, 18:2, or 18:3). The head 
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groups containing each FA are also annotated to visualize any contributions to FA significance 

with respect to lipid class. 

Figure 2.5 Fatty acyl heatmap significance evaluations. A) Fatty acyl clustering of significant 

lipids with 18 carbons is shown for a comparison of the bottom versus top region of a leaf cutter 

ant garden. Lipids with no statistical significance are shown with grey bars, while statistically 

upregulated and downregulated lipids are shown in red and blue with darker colors indicating a 

greater fold change. B) Fatty acyl significance for bottom versus top comparisons of entire fatty 

acyl composition across lipid head groups. Again, entries with no statistical significance for 

distinguishing comparisons are shown with dark grey bars, while statistically upregulated and 

downregulated lipids are shown in red and blue with darker colors indicating a larger fold 

change. All light grey entries represent a fatty acyl composition not observed in the 

corresponding head group. 

To better assess the interplay of FAs across classes, complete FA compositions (i.e. 

16:0_18:1) are compiled and biological responses across all lipid classes are extracted. In cases 

of incomplete speciation, all possible permutations of sn-position are imputed. FA compositions 

are then searched across all remaining lipid class responses with the corresponding statistical 

results for upregulation, downregulation, insignificant lipids or those not observed are plotted 

(Figure 2.5B). Resulting head group coverage is represented with the same red and blue color 

gradient for statistically up and downregulated analytes. Dark grey is used to denote that a lipid 

is present in the study but was not statistically significant, while light grey indicates the 
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corresponding lipid was not detected. The structural insight provided by relating lipid head group 

and FA annotations could potentially elucidate enzymes responsible for lipid-protein associations 

across different lipid classifications. Altogether, head group and fatty acyl contributions to lipid 

dysregulation can be explored with SCOPE either separately or in tandem. This insight, however, 

hinges on identification for surveying these structure-function associations. Thus, the 

cheminformatics tools leveraged through SCOPE show immense capabilities for elucidating 

biological structure relationships and facilitating lipidomic data interpretation. 

2.4.2 Metadata Linkage 

While structure and biological connection have both proven powerful for evaluating 

molecular species, biological interpretations within complex omic analyses are often hindered by 

environmental and clinical factors such as diet, age and sex.28,47ï50 While covariate correction in 

the discovery phases is often implemented to correct for metadata effects, the underlying 

specificity of metadata variables is largely unknown but crucial for identifying robust disease 

biomarkers and creating a sample size with adequate statistical power to represent a diverse 

population.59 For example, dietary lipids are of great concern for lipidomics as several studies 

have showcased strikingly different lipid profiles for people relative to different diets and 

sampling time relative to fasting.47,49,50 The annotation of these metadata effects on both 

molecular species and sample types could therefore significantly contribute to building better 

biological and molecular understanding of diseases. While tools for visualizing clinical factors 

exist, these techniques typically do not put emphasis on metadata, therefore biological variability 

can quickly make it difficult to elucidate subtle, underlying clinical effects. SCOPE also provides 

the ability to link metadata and perform individual lipid-to-lipid analyses (Figure 2.2C2) or the 

assessment of multiple lipids in sample-to-sample analyses (Figure 2.2C3). To accomplish the 



 

59 

 

rigorous metadata characterization across samples and subjects, SCOPE utilizes the 

Toxicological Prioritization Index (ToxPi) software.44,45 ToxPi was originally developed at the 

US Environmental Protection Agency by Reif et al.44 for visually integrating information from 

multiple dimensions by showcasing them as detailed pie charts that can be clustered and/or 

scored. These charts provide the ideal platform for lipid and sample assessments and enable the 

clustering needed for outlier analyses. 

In lipid-to-lipid metadata analyses (Figure 2.2C2), each ToxPi is representative of one 

lipid with the slices corresponding to a subject or grouped cohort response. The subjects are then 

filtered by their case/control group and then classified by an effect (e.g. age) to directly probe 

metadata effects. In Figure 2.6A, the subjects from the disease group were linked by their age 

range, enabling a visualization of how every uniquely identified lipid is influenced by age. Thus, 

each slice corresponds to a specific age range, where the height encodes the scaled relative 

abundance of the observed lipid with the outer grey circle representing the maximum value 

possible for each slice. Given the number of subjects within an age range is usually not uniform, 

the width of each slice is scaled by the number of subjects relative to the entire cohort to better 

account for biases that may arise from this differentiation. Interpretation of numerical clinical 

information is further challenged by a lack of set cut-offs for subject grouping that can also 

influence visualization of metadata effects on individual lipids. Therefore, the rapid investigation 

of different binning (Figure 2.6B) and sample groups (Figure 2.6C) in SCOPE is very powerful 

for fully accounting for cohort diversity. Other features of ToxPi software including bootstrap 

intervals, k-means clustering and others although not demonstrated here can also readily be 

employed for additional data exploration.44 While this approach enables the individual 

assessment of clinical variables, it is ignorant to clinical variables not used for determining 
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subgroups. A lack of established clinical associations also complicates the development of a 

comprehensive understanding of all metadata in a study. The lipid-to-lipid analyses possible with 

SCOPE however provide a good starting point for these assessments as shown here. 

Figure 2.6 Lipid-to-lipid analyses for evaluation of age using ToxPi software. A) Age effects are 

assessed for the lipid PE(16:0_18:1) on the gestational diabetes mellitus (GDM) cohort. Each 

unique age (19 to 43) was binned separately with the response of each age range being averaged. 

Individual slices represent the average response across each age as annotated outside each slice. 

Slice width is used to reflect the number of patients falling within an age range. B) Bin width 

effect of clinical variables by increments of 5 (left) and 10 (right). C) Robustness of lipid 

variability with the same clinical variable (age) across different patient groups from the same 

analysis.  

 

In the sample-to-sample metadata analyses, multiple lipids are utilized to create each 

ToxPi (Figure 2.2C3). To provide detailed comparisons of molecules thought to be biomarkers, 

the log2 response distributions for a set number of statistically significant lipids found to 

differentiate two conditions are imported in the ñ.csvò format. ToxPi software automatically 

scales the lipid responses from zero to one relative to the entire cohort (Figure 2.7A1). For the 

example in Figure 2.7A1, each slice is related to an individual lipid with the color corresponding 
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to the lipid subclass and the height of the slice indicating the relative abundance. The outer circle 

also represents the maximum scaled value for each slice. Problems with the implementation of 

the ToxPi technique arise from its design to treat slices as independent, which here represent the 

individual lipid species. Since existing software capabilities do not permit the normalization of 

responses across lipids as is observed in a traditional heat map, changes were made to address 

this with SCOPE. Thus, the standard deviations of the data were transformed such that all entries 

reflected the maximum standard deviation (ex. 1.8 SD) within the dataset by recording new 

minimum and maximum entries to correct for variance discrepancies. This accounted for the vast 

dynamic range that previously resulted in significant lipids with less variation overshadowing the 

greater deviation of other lipids prior to 0 to 1 scaling (Figure 2.7A2). Comparisons of ToxPi 

charts with and without standard deviation transformation are depicted in Figure 2.7A3.  

To relate biological and metadata information directly, ToxPi profiles are assembled for 

each subject after transforming the standard deviation (Figure 2.7A2). Subject profiles are then 

assembled and both individual lipid responses and overall profiles are represented numerically as 

a ToxPi score from 0 to 1. Scores are extracted and uploaded into R where subjects are then 

clustered based on their score similarities using ggtree and pheatmap packages following the 

removal of scaling max/min values.60 In Figure 2.7B, 20 lipids that significantly differentiated 

the pregnancy disorders preeclampsia (PRE) and gestational diabetes mellitus (GDM) were used 

to build ToxPi profiles and examine the hierarchical clustering pattern of the patients (Figure 

2.7B).36 The emphasis on a subset of lipids has dual purpose where it 1) simplifies the 

visualization of individual lipid contributions to ToxPi scores, and 2) relates samples by lipids 

that significantly differentiate within the comparisons of interest. The 20 lipid species included 

here are significant, granting them a relatively strong ability to classify patients by disorder. 
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Therefore, patients not grouping to their disorder are likely outliers that could arise from the 

influence of clinical factors. Both numerical and categorical metadata can be readily mapped to 

explore their effects on sample clustering. In this specific example, metadata effects for infection 

development (categorical) and time of sample collection relative to delivery time (numerical) 

were plotted with patient clustering to discern any clinical effects. Observed outliers such as 

those due to other infections or different sampling times (highlighted in the Figure 2.7B) can 

then be further probed by referencing initial ToxPi plots and comparing lipid species that appear 

to be driving the trends. Thus, sample-to-sample assessment is proving essential in potential 

outlier and metadata assessments. 

2.5 Conclusion 

As the ability to analytically assess lipid species continues to improve, new 

cheminformatics capabilities enabling the association of these species with their corresponding 

biological responses are greatly needed. Here we detail the conception and implementation of the 

SCOPE cheminformatics toolbox to aid in these key applications. The objectives of SCOPE were 

to provide flexible and user-friendly tools for (1) annotating lipid structure/biological 

relationships and (2) understanding metadata effects since these capabilities are not possible with 

current lipid-based cheminformatics tools. To address these goals, the SCOPE workflow was 

created to assess and visualize the effect of lipid head groups, FA compositions and the interplay 

of these structural effects on each lipidôs unique biological response. Metadata analyses were 

further enabled by utilizing ToxPi software in SCOPE. The combined structural, biological and 

metadata investigations in SCOPE therefore provide a way of improving biological interpretation 

and assessing outliers. Together, these capabilities expand upon known mechanisms which are 

inherently broad and expands on the intricacies of lipid structure and metadata on biological 
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dysregulation. Furthermore, since the SCOPE cheminformatics toolbox is open-source, freely 

available and applicable to the lipid identifications for all analytical platforms, it is an extremely 

powerful tool for the lipidomics community which will enable insight into biological connections 

and variability that have previously been unfeasible. 

Figure 2.7 Analysis of metadata effects on the top 20 significant lipids for preeclampsia (PRE) 

and gestational diabetes mellitus (GDM). A) ToxPi analysis was conducted by first scaling the 

variance of each lipid to the maximum. Scores from each ToxPi were then exported into R to 

build a distance matrix between subjects. B) Metadata effects for infection development 

(categorical) and time of sample collection relative to delivery time (numerical) were then 

plotted across patient clustering to discern any clinical effects of these variables on the top 20 

significant lipid profiles. The PRE and GDM classifications are denoted on the ends of the 

resulting dendrogram, where those of greatest score similarity cluster closest to one another. 

ToxPi results of three samples are shown to demonstrate the visualization of individual lipids and 

how these species contribute to clustering distribution. 

 

 

 

 



 

64 

 

2.6 References 

(1)  Quehenberger, O.; Dennis, E. A. The Human Plasma Lipidome. N. Engl. J. Med. 2011, 

365 (19), 1812ï1823. https://doi.org/10.1056/NEJMra1104901. 

(2)  Lagarde, M.; Géloën, A.; Record, M.; Vance, D.; Spener, F. Lipidomics Is Emerging. 

Biochim. Biophys. Acta - Mol. Cell Biol. Lipids 2003, 1634 (3), 61. 

https://doi.org/10.1016/j.bbalip.2003.11.002. 

(3)  Liebisch, G.; Vizcaíno, J. A.; Köfeler, H.; Trötzmüller, M.; Griffiths, W. J.; Schmitz, G.; 

Spener, F.; Wakelam, M. J. O. Shorthand Notation for Lipid Structures Derived from 

Mass Spectrometry. J. Lipid Res. 2013, 54 (6), 1523ï1530. 

https://doi.org/10.1194/jlr.M033506. 

(4)  Koelmel, J. P.; Ulmer, C. Z.; Jones, C. M.; Yost, R. A.; Bowden, J. A. Common Cases 

of Improper Lipid Annotation Using High-Resolution Tandem Mass Spectrometry Data 

and Corresponding Limitations in Biological Interpretation. Biochim. Biophys. Acta - 

Mol. Cell Biol. Lipids 2017, 1862 (8), 766ï770. 

https://doi.org/10.1016/j.bbalip.2017.02.016. 

(5)  Renaud, J. B.; Overton, S.; Mayer, P. M. Energy and Entropy at Play in Competitive 

Dissociations: The Case of Uneven Positional Dissociation of Ionized Triacylglycerides. 

Int. J. Mass Spectrom. 2013, 352, 77ï86. https://doi.org/10.1016/j.ijms.2013.06.027. 

(6)  Han, X.; Gross, R. W. Shotgun Lipidomics: Multidimensional MS Analysis of Cellular 

Lipidomes. Expert Rev. Proteomics 2005, 2 (2), 253ï264. 

https://doi.org/10.1586/14789450.2.2.253. 

(7)  Fahy, E.; Subramaniam, S.; Murphy, R. C.; Nishijima, M.; Raetz, C. R. H.; Shimizu, T.; 

Spener, F.; van Meer, G.; Wakelam, M. J. O.; Dennis, E. A. Update of the LIPID MAPS 



 

65 

 

Comprehensive Classification System for Lipids. J. Lipid Res. 2009, 50, S9ïS14. 

https://doi.org/10.1194/jlr.R800095-JLR200. 

(8)  Kind, T.; Liu, K.-H.; Lee, D. Y.; DeFelice, B.; Meissen, J. K.; Fiehn, O. LipidBlast in 

Silico Tandem Mass Spectrometry Database for Lipid Identification. Nat. Methods 

2013, 10 (8), 755ï758. https://doi.org/10.1038/nmeth.2551. 

(9)  Zheng, X.; Smith, R. D.; Baker, E. S. Recent Advances in Lipid Separations and 

Structural Elucidation Using Mass Spectrometry Combined with Ion Mobility 

Spectrometry, Ion-Molecule Reactions and Fragmentation Approaches. Curr. Opin. 

Chem. Biol. 2018, 42, 111ï118. https://doi.org/10.1016/j.cbpa.2017.11.009. 

(10)  Porta Siegel, T.; Ekroos, K.; Ellis, S. R. Reshaping Lipid Biochemistry by Pushing 

Barriers in Structural Lipidomics. Angew. Chemie Int. Ed. 2019, 58 (20), 6492ï6501. 

https://doi.org/10.1002/anie.201812698. 

(11)  Cífková, E.; Hájek, R.; Lísa, M.; Holŏapek, M. Hydrophilic Interaction Liquid 

Chromatographymass Spectrometry of (Lyso)Phosphatidic Acids, 

(Lyso)Phosphatidylserines and Other Lipid Classes. J. Chromatogr. A 2016, 1439, 65ï

73. https://doi.org/10.1016/j.chroma.2016.01.064. 

(12)  Lintonen, T. P. I.; Baker, P. R. S.; Suoniemi, M.; Ubhi, B. K.; Koistinen, K. M.; 

Duchoslav, E.; Campbell, J. L.; Ekroos, K. Differential Mobility Spectrometry-Driven 

Shotgun Lipidomics. Anal. Chem. 2014, 86 (19), 9662ï9669. 

https://doi.org/10.1021/ac5021744. 

(13)  Groessl, M.; Graf, S.; Knochenmuss, R. High Resolution Ion Mobility-Mass 

Spectrometry for Separation and Identification of Isomeric Lipids. Analyst 2015, 140 

(20), 6904ï6911. https://doi.org/10.1039/C5AN00838G. 



 

66 

 

(14)  Wojcik, R.; Webb, I.; Deng, L.; Garimella, S.; Prost, S.; Ibrahim, Y.; Baker, E.; Smith, 

R. Lipid and Glycolipid Isomer Analyses Using Ultra-High Resolution Ion Mobility 

Spectrometry Separations. Int. J. Mol. Sci. 2017, 18 (1), 183. 

https://doi.org/10.3390/ijms18010183. 

(15)  Kyle, J. E.; Zhang, X.; Weitz, K. K.; Monroe, M. E.; Ibrahim, Y. M.; Moore, R. J.; Cha, 

J.; Sun, X.; Lovelace, E. S.; Wagoner, J.; Polyak, S. J.; Metz, T. O.; Dey, S. K.; Smith, 

R. D.; Burnum-Johnson, K. E.; Baker, E. S. Uncovering Biologically Significant Lipid 

Isomers with Liquid Chromatography, Ion Mobility Spectrometry and Mass 

Spectrometry. Analyst 2016, 141 (5), 1649ï1659. https://doi.org/10.1039/C5AN02062J. 

(16)  Yang, K.; Dilthey, B. G.; Gross, R. W. Identification and Quantitation of Fatty Acid 

Double Bond Positional Isomers: A Shotgun Lipidomics Approach Using Charge-

Switch Derivatization. Anal. Chem. 2013, 85 (20), 9742ï9750. 

https://doi.org/10.1021/ac402104u. 

(17)  Thomas, M. C.; Mitchell, T. W.; Blanksby, S. J. Ozonolysis of Phospholipid Double 

Bonds during Electrospray Ionization: A New Tool for Structure Determination. J. Am. 

Chem. Soc. 2006, 128 (1), 58ï59. https://doi.org/10.1021/ja056797h. 

(18)  Sun, C.; Zhao, Y.-Y.; Curtis, J. M. The Direct Determination of Double Bond Positions 

in Lipid Mixtures by Liquid Chromatography/in-Line Ozonolysis/Mass Spectrometry. 

Anal. Chim. Acta 2013, 762, 68ï75. https://doi.org/10.1016/j.aca.2012.12.012. 

(19)  Poad, B. L. J.; Zheng, X.; Mitchell, T. W.; Smith, R. D.; Baker, E. S.; Blanksby, S. J. 

Online Ozonolysis Combined with Ion Mobility-Mass Spectrometry Provides a New 

Platform for Lipid Isomer Analyses. Anal. Chem. 2018, 90 (2), 1292ï1300. 

https://doi.org/10.1021/acs.analchem.7b04091. 



 

67 

 

(20)  Ryan, E.; Nguyen, C. Q. N.; Shiea, C.; Reid, G. E. Detailed Structural Characterization 

of Sphingolipids via 193 Nm Ultraviolet Photodissociation and Ultra High Resolution 

Tandem Mass Spectrometry. J. Am. Soc. Mass Spectrom. 2017, 28 (7), 1406ï1419. 

https://doi.org/10.1007/s13361-017-1668-1. 

(21)  Klein, D. R.; Brodbelt, J. S. Structural Characterization of Phosphatidylcholines Using 

193 Nm Ultraviolet Photodissociation Mass Spectrometry. Anal. Chem. 2017, 89 (3), 

1516ï1522. https://doi.org/10.1021/acs.analchem.6b03353. 

(22)  Ma, X.; Xia, Y. Pinpointing Double Bonds in Lipids by Paternò-Büchi Reactions and 

Mass Spectrometry. Angew. Chemie Int. Ed. 2014, 53 (10), 2592ï2596. 

https://doi.org/10.1002/anie.201310699. 

(23)  Campbell, J. L.; Baba, T. Near-Complete Structural Characterization of 

Phosphatidylcholines Using Electron Impact Excitation of Ions from Organics. Anal. 

Chem. 2015, 87 (11), 5837ï5845. https://doi.org/10.1021/acs.analchem.5b01460. 

(24)  Hou, W.; Zhou, H.; Khalil, M. B.; Seebun, D.; Bennett, S. A. L.; Figeys, D. Lyso-Form 

Fragment Ions Facilitate the Determination of Stereospecificity of Diacyl 

Glycerophospholipids. Rapid Commun. Mass Spectrom. 2011, 25 (1), 205ï217. 

https://doi.org/10.1002/rcm.4846. 

(25)  Godzien, J.; Ciborowski, M.; Martínez-Alcázar, M. P.; Samczuk, P.; Kretowski, A.; 

Barbas, C. Rapid and Reliable Identification of Phospholipids for Untargeted 

Metabolomics with LCïESIïQTOFïMS/MS. J. Proteome Res. 2015, 14 (8), 3204ï

3216. https://doi.org/10.1021/acs.jproteome.5b00169. 

(26)  Kanehisa, M. The KEGG Resource for Deciphering the Genome. Nucleic Acids Res. 

2004, 32 (90001), 277D ï 280. https://doi.org/10.1093/nar/gkh063. 



 

68 

 

(27)  Wishart, D. S.; Feunang, Y. D.; Marcu, A.; Guo, A. C.; Liang, K.; Vázquez-Fresno, R.; 

Sajed, T.; Johnson, D.; Li, C.; Karu, N.; Sayeeda, Z.; Lo, E.; Assempour, N.; Berjanskii, 

M.; Singhal, S.; Arndt, D.; Liang, Y.; Badran, H.; Grant, J.; Serra-Cayuela, A.; Liu, Y.; 

Mandal, R.; Neveu, V.; Pon, A.; Knox, C.; Wilson, M.; Manach, C.; Scalbert, A. HMDB 

4.0: The Human Metabolome Database for 2018. Nucleic Acids Res. 2018, 46 (D1), 

D608ïD617. https://doi.org/10.1093/nar/gkx1089. 

(28)  Leßig, J.; Fuchs, B. Plasmalogens in Biological Systems: Their Role in Oxidative 

Processes in Biological Membranes, Their Contribution to Pathological Processes and 

Aging and Plasmalogen Analysis. Curr. Med. Chem. 2009, 16 (16), 2021ï2041. 

https://doi.org/10.2174/092986709788682164. 

(29)  Viswanathan, G. A.; Seto, J.; Patil, S.; Nudelman, G.; Sealfon, S. C. Getting Started in 

Biological Pathway Construction and Analysis. PLoS Comput. Biol. 2008, 4 (2), e16. 

https://doi.org/10.1371/journal.pcbi.0040016. 

(30)  Wishart, D. S.; Li, C.; Marcu, A.; Badran, H.; Pon, A.; Budinski, Z.; Patron, J.; Lipton, 

D.; Cao, X.; Oler, E.; Li, K.; Paccoud, M.; Hong, C.; Guo, A. C.; Chan, C.; Wei, W.; 

Ramirez-Gaona, M. PathBank: A Comprehensive Pathway Database for Model 

Organisms. Nucleic Acids Res. 2020, 48 (D1), D470ïD478. 

https://doi.org/10.1093/nar/gkz861. 

(31)  ZUIJDGEEST-VAN LEEUWEN, S. D.; VAN DER HEIJDEN, M. S.; RIETVELD, T.; 

VAN DEN BERG, J. W. O.; TILANUS, H. W.; BURGERS, J. A.; PAUL WILSON, J. 

H.; DAGNELIE, P. C. Fatty Acid Composition of Plasma Lipids in Patients with 

Pancreatic, Lung and Oesophageal Cancer in Comparison with Healthy Subjects. Clin. 

Nutr. 2002, 21 (3), 225ï230. https://doi.org/10.1054/clnu.2001.0530. 



 

69 

 

(32)  Li, J.; Condello, S.; Thomes-Pepin, J.; Ma, X.; Xia, Y.; Hurley, T. D.; Matei, D.; Cheng, 

J.-X. Lipid Desaturation Is a Metabolic Marker and Therapeutic Target of Ovarian 

Cancer Stem Cells. Cell Stem Cell 2017, 20 (3), 303-314.e5. 

https://doi.org/10.1016/j.stem.2016.11.004. 

(33)  Sanders, T. A.; Filippou, A.; Berry, S. E.; Baumgartner, S.; Mensink, R. P. Palmitic 

Acid in the Sn-2 Position of Triacylglycerols Acutely Influences Postprandial Lipid 

Metabolism. Am. J. Clin. Nutr. 2011, 94 (6), 1433ï1441. 

https://doi.org/10.3945/ajcn.111.017459. 

(34)  Kyle, J. E.; Clair, G.; Bandyopadhyay, G.; Misra, R. S.; Zink, E. M.; Bloodsworth, K. J.; 

Shukla, A. K.; Du, Y.; Lillis, J.; Myers, J. R.; Ashton, J.; Bushnell, T.; Cochran, M.; 

Deutsch, G.; Baker, E. S.; Carson, J. P.; Mariani, T. J.; Xu, Y.; Whitsett, J. A.; Pryhuber, 

G.; Ansong, C. Cell Type-Resolved Human Lung Lipidome Reveals Cellular 

Cooperation in Lung Function. Sci. Rep. 2018, 8 (1), 13455. 

https://doi.org/10.1038/s41598-018-31640-x. 

(35)  Khadempour, L.; Kyle, J. E.; Webb-Robertson, B.-J. M.; Nicora, C. D.; Smith, F. B.; 

Smith, R. D.; Lipton, M. S.; Currie, C. R.; Baker, E. S.; Burnum-Johnson, K. E. From 

Plants to Ants: Fungal Modification of Leaf Lipids for Nutrition and Communication in 

the Leaf-Cutter Ant Fungal Garden Ecosystem. mSystems 2021, 6 (2). 

https://doi.org/10.1128/mSystems.01307-20. 

(36)  Odenkirk, M. T.; Stratton, K. G.; Gritsenko, M. A.; Bramer, L. M.; Webb-Robertson, 

B.-J. M.; Bloodsworth, K. J.; Weitz, K. K.; Lipton, A. K.; Monroe, M. E.; Ash, J. R.; 

Fourches, D.; Taylor, B. D.; Burnum-Johnson, K. E.; Baker, E. S. Unveiling Molecular 

Signatures of Preeclampsia and Gestational Diabetes Mellitus with Multi-Omics and 



 

70 

 

Innovative Cheminformatics Visualization Tools. Mol. Omi. 2020, 16 (6), 521ï532. 

https://doi.org/10.1039/D0MO00074D. 

(37)  Odenkirk, M. T.; Stratton, K. G.; Bramer, L. M.; Webb-Robertson, B.-J. M.; 

Bloodsworth, K. J.; Monroe, M. E.; Burnum-Johnson, K. E.; Baker, E. S. From 

Prevention to Disease Perturbations: A Multi-Omic Assessment of Exercise and 

Myocardial Infarctions. Biomolecules 2020, 11 (1), 40. 

https://doi.org/10.3390/biom11010040. 

(38)  Nakayasu, E. S.; Nicora, C. D.; Sims, A. C.; Burnum-Johnson, K. E.; Kim, Y.-M.; Kyle, 

J. E.; Matzke, M. M.; Shukla, A. K.; Chu, R. K.; Schepmoes, A. A.; Jacobs, J. M.; Baric, 

R. S.; Webb-Robertson, B.-J.; Smith, R. D.; Metz, T. O. MPLEx: A Robust and 

Universal Protocol for Single-Sample Integrative Proteomic, Metabolomic, and 

Lipidomic Analyses. mSystems 2016, 1 (3). https://doi.org/10.1128/mSystems.00043-16. 

(39)  Folch, J.; Lees, M.; Stanley, G. H. S. A SIMPLE METHOD FOR THE ISOLATION 

AND PURIFICATION OF TOTAL LIPIDES FROM ANIMAL TISSUES. J. Biol. 

Chem. 1957, 226 (1), 497ï509. https://doi.org/10.1016/S0021-9258(18)64849-5. 

(40)  Kyle, J. E.; Crowell, K. L.; Casey, C. P.; Fujimoto, G. M.; Kim, S.; Dautel, S. E.; Smith, 

R. D.; Payne, S. H.; Metz, T. O. LIQUID: An-Open Source Software for Identifying 

Lipids in LC-MS/MS-Based Lipidomics Data. Bioinformatics 2017, 33 (11), 1744ï

1746. https://doi.org/10.1093/bioinformatics/btx046. 

(41)  Stratton, K. G.; Webb-Robertson, B.-J. M.; McCue, L. A.; Stanfill, B.; Claborne, D.; 

Godinez, I.; Johansen, T.; Thompson, A. M.; Burnum-Johnson, K. E.; Waters, K. M.; 

Bramer, L. M. PmartR : Quality Control and Statistics for Mass Spectrometry-Based 



 

71 

 

Biological Data. J. Proteome Res. 2019, 18 (3), 1418ï1425. 

https://doi.org/10.1021/acs.jproteome.8b00760. 

(42)  Weininger, D. SMILES, a Chemical Language and Information System. 1. Introduction 

to Methodology and Encoding Rules. J. Chem. Inf. Model. 1988, 28 (1), 31ï36. 

https://doi.org/10.1021/ci00057a005. 

(43)  Team, R. C. R: A Language and Environment for Statistical Computing. R Foundation 

for Statistical Computing. R Foundation for Statistical Computing: Vienna, Austria 

2017. 

(44)  Marvel, S. W.; To, K.; Grimm, F. A.; Wright, F. A.; Rusyn, I.; Reif, D. M. ToxPi 

Graphical User Interface 2.0: Dynamic Exploration, Visualization, and Sharing of 

Integrated Data Models. BMC Bioinformatics 2018, 19 (1), 80. 

https://doi.org/10.1186/s12859-018-2089-2. 

(45)  Reif, D. M.; Martin, M. T.; Tan, S. W.; Houck, K. A.; Judson, R. S.; Richard, A. M.; 

Knudsen, T. B.; Dix, D. J.; Kavlock, R. J. Endocrine Profiling and Prioritization of 

Environmental Chemicals Using ToxCast Data. Environ. Health Perspect. 2010, 118 

(12), 1714ï1720. https://doi.org/10.1289/ehp.1002180. 

(46)  Chong, J.; Soufan, O.; Li, C.; Caraus, I.; Li, S.; Bourque, G.; Wishart, D. S.; Xia, J. 

MetaboAnalyst 4.0: Towards More Transparent and Integrative Metabolomics Analysis. 

Nucleic Acids Res. 2018, 46 (W1), W486ïW494. https://doi.org/10.1093/nar/gky310. 

(47)  Begum, H.; Li, B.; Shui, G.; Cazenave-Gassiot, A.; Soong, R.; Ong, R. T.-H.; Little, P.; 

Teo, Y.-Y.; Wenk, M. R. Discovering and Validating Between-Subject Variations in 

Plasma Lipids in Healthy Subjects. Sci. Rep. 2016, 6 (1), 19139. 

https://doi.org/10.1038/srep19139. 



 

72 

 

(48)  Siekmeier, R.; März, W.; Kronenberger, H.; Seiffert, U. B.; Gross, W. Effects of 

Cigarette Smoking on Plasma Lipids, Apolipoproteins, and Lipoprotein(a) in Healthy 

Subjects. Clin. Chem. 1994, 40 (7), 1350ï1351. 

https://doi.org/10.1093/clinchem/40.7.1350. 

(49)  Bantle, J. P.; Raatz, S. K.; Thomas, W.; Georgopoulos, A. Effects of Dietary Fructose on 

Plasma Lipids in Healthy Subjects. Am. J. Clin. Nutr. 2000, 72 (5), 1128ï1134. 

https://doi.org/10.1093/ajcn/72.5.1128. 

(50)  Chua, E. C.-P.; Shui, G.; Lee, I. T.-G.; Lau, P.; Tan, L.-C.; Yeo, S.-C.; Lam, B. D.; 

Bulchand, S.; Summers, S. A.; Puvanendran, K.; Rozen, S. G.; Wenk, M. R.; Gooley, J. 

J. Extensive Diversity in Circadian Regulation of Plasma Lipids and Evidence for 

Different Circadian Metabolic Phenotypes in Humans. Proc. Natl. Acad. Sci. 2013, 110 

(35), 14468ï14473. https://doi.org/10.1073/pnas.1222647110. 

(51)  Yetukuri, L.; Katajamaa, M.; Medina-Gomez, G.; Seppänen-Laakso, T.; Vidal-Puig, A.; 

Oreġiļ, M. Bioinformatics Strategies for Lipidomics Analysis: Characterization of 

Obesity Related Hepatic Steatosis. BMC Syst. Biol. 2007, 1 (1), 12. 

https://doi.org/10.1186/1752-0509-1-12. 

(52)  Clair, G.; Reehl, S.; Stratton, K. G.; Monroe, M. E.; Tfaily, M. M.; Ansong, C.; Kyle, J. 

E. Lipid Mini-On: Mining and Ontology Tool for Enrichment Analysis of Lipidomic 

Data. Bioinformatics 2019, 35 (21), 4507ï4508. 

https://doi.org/10.1093/bioinformatics/btz250. 

(53)  Ash, J. R.; Kuenemann, M. A.; Rotroff, D.; Motsinger-Reif, A.; Fourches, D. 

Cheminformatics Approach to Exploring and Modeling Trait-Associated Metabolite 

Profiles. J Cheminform 2019, 11 (1), 43. https://doi.org/10.1186/s13321-019-0366-3. 



 

73 

 

(54)  Rogers, D.; Hahn, M. Extended-Connectivity Fingerprints. J. Chem. Inf. Model. 2010, 

50 (5), 742ï754. https://doi.org/10.1021/ci100050t. 

(55)  Durant, J. L.; Leland, B. A.; Henry, D. R.; Nourse, J. G. Reoptimization of MDL Keys 

for Use in Drug Discovery. J. Chem. Inf. Comput. Sci. 2002, 42 (6), 1273ï1280. 

https://doi.org/10.1021/ci010132r. 

(56)  Morgan, H. L. The Generation of a Unique Machine Description for Chemical 

Structures-A Technique Developed at Chemical Abstracts Service. J. Chem. Doc. 1965, 

5 (2), 107ï113. https://doi.org/10.1021/c160017a018. 

(57)  Tamura, S.; Miyao, T.; Funatsu, K. Development of R-Group Fingerprints Based on the 

Local Landscape from an Attachment Point of a Molecular Structure. J. Chem. Inf. 

Model. 2019, 59 (6), 2656ï2663. https://doi.org/10.1021/acs.jcim.9b00122. 

(58)  Sasireka, K.; Baby, P. S. Agglomerative Hierarchical Clustering Algorithm- A Review. 

Int. J. Sci. Res. Publ. 2013, 3 (3), 1ï3. 

(59)  Drawnel, F. M.; Zhang, J. D.; Küng, E.; Aoyama, N.; Benmansour, F.; Araujo Del 

Rosario, A.; Jensen Zoffmann, S.; Delobel, F.; Prummer, M.; Weibel, F.; Carlson, C.; 

Anson, B.; Iacone, R.; Certa, U.; Singer, T.; Ebeling, M.; Prunotto, M. Molecular 

Phenotyping Combines Molecular Information, Biological Relevance, and Patient Data 

to Improve Productivity of Early Drug Discovery. Cell Chem. Biol. 2017, 24 (5), 624-

634.e3. https://doi.org/10.1016/j.chembiol.2017.03.016. 

(60)  Yu, G.; Smith, D. K.; Zhu, H.; Guan, Y.; Lam, T. T.: An R Package for Visualization 

and Annotation of Phylogenetic Trees with Their Covariates and Other Associated Data. 

Methods Ecol. Evol. 2017, 8 (1), 28ï36. https://doi.org/10.1111/2041-210X.12628. 



 

74 

 

CHAPTER 3: Elucidating Lipido mic Changes as Human Pluripotent Stem Cells 

Transition to Mature Cell Types 

3.1 Abstract 

The self-renewal and differentiation properties of pluripotent stem cells have catapulted 

their applications into numerous facets of basic and translational research such as understanding 

disease pathogenesis, screening drugs in human-based systems, and evaluating the regeneration 

of tissues. However, defining the required metabolic conditions that influence the differentiation 

of pluripotent cells to specialized cell types is an active area of research. To date, a detailed 

analysis of the lipidomic changes occurring during fate specification as human induced 

pluripotent stem cells (iPSCs) transition to mature cell types is unknown. Since lipids are a 

diverse class of biomolecules that serve a multitude of vital biological functions including cell 

membrane formation and signalling, their evaluation is crucial to a thorough molecular 

understanding of stem cell differentiation. Herein, we monitored the lipid alterations associated 

with either neural or mesodermal iPSC cell fate using established differentiation methods. 

Longitudinal lipid extracts of iPSC differentiation were analyzed with liquid chromatography, 

ion mobility spectrometry and mass spectrometry (LC-IMS-MS) allowing for the comprehensive 

elucidation of lipid variations associated with iPSC cell development into distinct cell types. 

Results from this study elucidate a shared mechanism of triacylglycerol (TG) accumulation in 

early iPSCs that becomes downregulated upon differentiation. Additionally, unique mechanisms 

related to phospholipids and PUFA-containing lipids were observed across intermediate 

differentiated cell states. 
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Figure 3.1 Overview of stem cell differentiation timepoints. Stem cells were cultivated into 

neural (top) and general mesodermal (bottom) cells from an iPSC stem cell line derived from 

CD34+ cells from cord blood. Samples were collected at key biological events for comparison of 

lipid changes with respect to stem cell fate. 

 

3.2 Introduction 

Pluripotent stem cells (PSCs), including both embryonic stem cells (ESC) and induced 

pluripotent stem cells (iPSC), exhibit self-renewal and differentiation capabilities with 

application across the gamut of translational research.1 Disease modelling with pluripotent stem 

cells, for example, has been used for the investigation of genotype-phenotype relationships in 

human cells and at specific differentiation timepoints.1 This capability is significant as disparities 

in physiological and genetic make-up have challenged the translation of animal model research 

to humans with ~90% of clinical trials currently failing to produce effective human treatments.2ï4 

Additionally, the growth and development of pluripotent stem cells comes with the added 

advantage of producing subsidiary cells for drug screening applications in human cell lines.5 In 

therapeutic applications, the conserved expression of ESC and iPSC cell lines for most diseases 

has allowed for donor somatic cells to be used for regenerative medicine applications.1 However, 

some distinct differences between ESC and iPSCs have been observed such as the unique 
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presence of lipid droplets in iPSC during cell maturation that question their capability for 

therapeutic development.6 Despite some differences in cell maturation that are still under 

investigation, the unique properties of PSCs have had a remarkable impact on basic and 

translational research. However, the external and internal stimuli that contribute to PSC 

differentiating into the 220 cell types within humans is incredibly complex and largely 

unknown.7 

PSC differentiation results in drastic morphological changes that are associated with 

metabolic regulation and re-modeling.8 Undifferentiated PSCs have been metabolically 

characterized as similar to cancer cells in that they undergo activated glycolysis and rely on de 

novo fatty acid synthesis for cell survival.8,9 Additionally, metabolomics of PSCs have exhibit an 

abundance of highly unsaturated species, a phenomenon potentially related to the plasticity of 

these cells to generate a myriad of specialized, mature cell types.10 Notably, lipids have been 

shown to regulate PSC proliferation and differentiation through their roles in signaling processes 

and membrane remodelling.8,11 PSC development into mature cells has also demonstrated 

lipidome alterations across phospholipids, glycerolipids, sphingolipids, sterols and fatty acid 

lipid categories.7ï9,12 Taken together, preliminary metabolic work on PSCs has identified lipids 

as molecules vital for determining cell fate and survival. However, to date, studies investigating 

lipidome alterations associated with stem cell differentiation have largely focused on a singular 

cell type in an analysis. Therefore, the question of whether previously observed lipidome 

changes are related to general PSC differentiation mechanisms or reflective of unique lipid 

composition and function of mature cell types remains unanswered.13 Uncovering the shared 

versus unique lipid alterations associated with stem cell maturation and differentiation has 

numerous advantages. Namely, identifying if lipid changes correspond to general PSC 
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differentiation or novel processes of mature cell lines can facilitate our understanding of cell 

development and normal, mature cell function. Therefore, in this study we longitudinally 

monitor lipidomic alterations during the differentiation of neural and mesodermal stem cell 

lineages grown from established differentiation assays within a human induced pluripotent stem 

cell line. Lipidome changes were longitudinally monitored from pluripotency to intermediate 

differentiation and finally to mature cell time points in order to explore the origins of lipidome 

alterations across stem cell differentiation into the distinct lineages (Figure 3.1). 

3.3 Experimental 

3.3.1 Cell Growth, Cultivation and Purification 

The NCRM-5 human iPSC line, derived from cord blood CD34+ cells from a male donor, 

was utilized for this study and was a kind gift from the iPSC Core Facility, National Heart, Lung, 

and Blood Institute, located in Bethesda, MD.14 iPSCs were maintained in StemMACS iPS-Brew 

XF medium (Miltenyi Biotec) on Matrigel hESC-qualified matrix (Corning). Neural induction 

utilized a modified rosette-based method as previously published.14,15 For neural induction, 

embryoid bodies were generated in Aggrewell 800 plates (Stem Cell Technologies) following 

manufacturer recommendations in the following media: DMEM, B-27 supplement with vitamin 

A, N2 supplement, LDN193189 (100 nM), SB431542 (10 µM), FGF2 (10 µg/mL), EGF (10 

µg/mL), GlutaMAX (2 mM), and penicillin-streptomycin (50 µg/mL). Media changes were 

performed every 48 h beginning on d1 of differentiation. On d7, embryoid bodies were plated to 

poly-L-ornithine (PLO; 20 µg/mL) and natural mouse laminin (10 µg/mL) coated tissue culture 

treated dishes. On d12, rosette structures were manually isolated using a p1000 pipette tip and 

plated to a new dish. Isolated rosettes were dissociated to single cells with StemPro Accutase 

(Life Technologies) on d17 to generate NSCs. On d21, NSCs were plated for neuronal 
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differentiation in the following: Neurobasal medium, B-27 with vitamin A, GDNF (10 ng/mL), 

BDNF (10 ng/mL), GlutaMAX (2 mM), and penicillinīstreptomycin (50 ɛg/mL). NSCs were 

differentiated until d42 at which point cultures of primarily neurons were isolated. Mesodermal 

differentiation followed published protocols with slight modification.16 iPSCs were added to 

AggreWell 400 plates for embryoid body formation in mesodermal differentiation media 

consisting of the following: StemPro34 (ThermoFisher), GlutaMAX (2 mM), monothioglycerol 

(MTG; 4 x 10-4 M, Sigma-Aldrich), penicillin/streptomycin (100 units/mL, ThermoFisher), 

ascorbic acid (50 µg/ml, Tocris), and BMP-4 (0.5 ng/ml, Peprotech). Y27632 (10 µM; Reagents 

Direct) was added for the first 24 h of differentiation/sphere formation. Cells were maintained as 

floating embryoid bodies (EBs) for 14 days. Growth factors were supplemented to mesodermal 

differentiation media throughout mesodermal induction. Day 1-4: BMP-4 (10 ng/mL), basic FGF 

(bFGF; 5 ng/mL, Reprocell) and activin A (3 ng/mL, Peprotech); Day 5ï8: VEGF (10 ng/mL, 

Peprotech) and DKK1 (150 ng/mL, Peprotech); Day 9-12: VEGF (10 ng/mL), DKK1 (150 

ng/mL) and bFGF (5 ng/mL). Embryoid bodies were plated to 0.1% gelatin coated dishes on day 

15 and cultured for an additional 7 days in mesodermal differentiation media. 

Biological replicates (4-5 per time point) were collected for each differentiation stage 

longitudinally. Robust differentiation to neural and mesodermal lineages were confirmed by 

appropriate cell morphology, including the formation of rosette-like structures during neural 

differentiation and beating-areas in mesodermal induction. Flash frozen samples were stored at -

80 °C until lipid extraction and analysis. 

3.3.2 Lipidomic Extraction 

Lipids were extracted following a Modified Folch procedure.17,18 To begin, all cell pellets 

were homogenized with 2.4 mm tungsten beads and 750 µL of -20 °C methanol in a bead mill. 
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Samples were subsequently transferred to glass vials and another 750 µL aliquot of cold 

methanol and 3 mL of chloroform was added. Solutions were incubated for one hour at room 

temperature. Then, 200 µL of water was added prior to vortexing for 30 s. All samples were then 

sonicated for 30 min and immediately vortexed for an additional 30 s. Samples were next 

incubated at 4 °C for an hour prior to the addition of a 1.2 mL aliquot of water. All samples were 

gently mixed then centrifuged for 10 min at 100 x g. From the organic layer of each sample, 300 

µL was collected and dried via speedvac. Dried lipid extracts were reconstituted in 10 µL of 

chloroform and 190 µL methanol and stored at -20 °C until MS analysis. 

3.3.3 Lipidomic LC-IMS-CID-MS Analysis 

Comprehensive lipidomic coverage was accomplished by evaluating lipidomic data with 

four simultaneous measurement dimensions: liquid chromatography, ion mobility spectrometry, 

collision induced dissociation and mass spectrometry (LC-IMS-CID-MS). This was 

accomplished by coupling an Agilent 1290 Infinity II UHPLC to an Agilent 6560 IMS-MS 

platform (Santa Clara, CA). A 10 µL injection of each sample was initially separated over a 34 

min gradient on a reversed phase Waters CSH column (3.0 mm Ĭ 150 mm Ĭ 1.7 ɛm particle size) 

at a flow rate of 250 ɛL/min. Details on the LC gradient ramp, mobile phase composition, and 

column equilibration are presented in Table A.1. Eluting lipids were subsequently analyzed using 

both positive and negative electrospray ionization (ESI) in the 50-1700 m/z range. Lipids were 

then separated through a DTIMS drift cell containing nitrogen gas at ~4 torr.19 Finally, ions were 

fragmented via collision induced dissociation (CID) operating in alternating scans mode to 

simultaneously collect precursor and product fragment information under a data independent 

acquisition (DIA) strategy. To optimize CID fragmentation of lipid species, a collision energy 

ramp was also applied based on IMS elution time (Table A.2).20,21 



 

80 

 

3.3.4 Data Processing, Statistics and Visualization 

Since the LC-IMS-CID-MS experimental platform leveraged herein results in highly 

complex data, this study utilized a previously developed Skyline22 library of 6,100 transitions for 

516 unique lipid molecules23 to facilitate lipid identifications. Skyline allowed feature 

complementary identification markers including accurate mass, retention time matching, CCS 

annotation, and product ion fingerprints for highly confident identifications.23 Additional lipids 

of interest in the aforementioned cell types but with limited coverage within the existing library 

(i.e. carnitines) were enumerated for investigation with LipidCreator.24 All annotations were 

verified by retention time and CCS in the datasets. Altogether, a total of 329 lipids were 

identified in the neural lineage with 156 observed only in negative mode, 152 observed in 

positive mode alone and 21 observed in both modes. Conversely, a total of 524 unique lipids 

were observed in the mesodermal lineage with a breakdown in observation across negative, 

positive and both modes of 229, 184, and 41. Between lineages, an overlap of 170 lipid 

identifications were observed. All lipid identifications and their respective peak areas were 

exported for statistical analysis and data visualization in R version 4.0.4.25 

Outlier assessment, data processing and statistical analysis of data was completed on each 

stem cell lineage using the pmartR package.26 Initially, data was assessed for outliers by testing 

an RMD-PAV algorithm27, Pearson correlation, and PCA clustering. No outliers were observed 

in any dataset or ionization mode. Data was then normalized by median abundance and log2 

transformed prior to the statistical analysis of lipid peak areas across subsequent stem cell 

lineage time points. A t-test with an Ŭ cut-off of 0.05 and a Holm28 multiple comparisons 

correction was used for all pairwise comparisons. For lipids with missing values, a g-test for 

qualitative differences across sample types was used to assess statistical significance of events of 
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missingness.29 However, the limited sample size of this study resulted in no lipids being returned 

as statistically significant in all comparisons from this test. Detailed results for both neural and 

mesodermal stem cell lineages are depicted further within Tables A.3-A.18. 

Figure 3.2. Neural stem cell line lipid alterations. A) Overview of lipid alterations in subsequent 

time points. B) Circular dendrogram of significant lipid changes overtime. Red/blue denote the 

log2 fold change of significant species that are up or downregulated; respectively. Grey denotes 

lipids with no statistical significance. 
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To visualize trends related to longitudinal lipidome alterations in each cell type, 

significant lipid species were structurally related through head group and fatty acyl compositions 

with the SCOPE cheminformatics toolbox.30 Briefly, head group trends were explored through 

hierarchical clustering of lipids based on the representative SMILES31 obtained from the LIPID 

MAPS32,33 database. Structures were then converted into an ECFP_634 fingerprint and similarity 

was measured with Tanimoto coefficients and average linkages. Fatty acyl (FA) effects were 

explored by selectively parsing out lipids based on shared moieties. Given that our analytical 

method was incapable of differentiating sn-positioning for a majority of the identified lipids, 

only FA presence and not positioning was considered to develop these plots. Once structural 

relationships were established, biological results were overlaid by plotting observed log2 fold 

change (Log2FC) of significant lipids using a red/blue gradient to denote up and downregulation, 

while those that were measured but had no statistical significance were depicted as grey. 

Additional details on the curation of these plots can be found in the publication from Odenkirk et 

al.30 

3.4 Results and Discussion 

3.4.1 Neural Lineage Formation and Lipidomic Changes 

PSCs were differentiated into neural stem cells over a period of 42 days and cells were 

harvested at 4 significant time points during development: pluripotent cells (day 0; pluri), 

embryoid bodies (day 3; ebs3 and day 7; ebs7), neural stem cells (day 21; NSC), and neurons 

(day 42; neu) (Figure 3.2A). In a comparison of the successive time point, a total of 198 of the 

329 unique lipids detected were statistically significant during at least one time point with many 

being significant at multiple times as shown by the light colors in Figure 3.2A. In the comparison 

of ebs3 and pluripotent cells, 93 lipids were significantly altered (Tables A.3 and A.4). These 
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differences decreased in the comparison of ebs7 and ebs3 time points where only 49 statistically 

significant lipid alterations were observed (Tables A.5 and A.6). Following differentiation into 

neural stem cells (NSCs), an influx of lipidome changes was observed with 143 lipid species 

being significantly altered relative to the ebs7 time point (Tables A.7 and A.8). The final 

comparison of neurons (Neu) to NSCs yielded a total of 111 significant lipid fluctuations 

(Tables A.9 and A.10). Across all time point comparisons, a relatively equal amount of 

increased and decreased expression was observed with a slight bias towards increased lipid 

expression in the comparison of Neu and NSC. These results therefore demonstrate that the lipid 

distributions were significantly altered during cell differentiation at all measured time points. 

By assessing lipid class and head group alterations following pluripotent differentiation 

into neurons, several trends were observed suggesting that multiple lipid class-based mechanisms 

are involved as iPSCs mature to neurons (Figure 3.2B). TGs, for example, showed differential 

expression patterns based on lineage time point. In early embryoid bodies TGs were upregulated, 

a finding that may reflect the accumulation of TGs as cellular energy repositories for glycolysis 

and the previous observation of lipid droplets in iPSCs.6 This observation was potentially 

corroborated by a simultaneous influx of free fatty acids (FFAs), the building blocks for TG 

species. Notably, fatty acid upregulation has also been observed via activation of de novo fatty 

acid synthesis enzymes in undifferentiated PSC cells.9 Following cell differentiation into neural 

stem cells and neurons, however, this trend reversed to a decrease in FFAs and TG expression 

with the exception of a few species. This decrease may be attributed to the differences in 

energetic processes of undifferentiated (glycolysis) and differentiated iPSC cells (oxidative 

phosphorylation).8 
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Interestingly, an opposite trend was observed for PE, PC, and PI species relative to the 

TG and FFA classes. For these select phospholipids, lower abundances were observed in 

undifferentiated iPSCs that later increased upon neural maturation. This finding, however, was 

not surprising as phospholipids are integral species in lipid bilayer formation that combined with 

their signaling capabilities make these species of great importance in neural cell proliferation. 

However, in the neuron versus NSC timepoint, a mix of up and downregulation of species was 

observed within all phospholipid classes that may suggest a preferential expression of specific 

phospholipid species within neurons. PC O/P, PE O/P and LPC lipids exhibited increased 

abundance overtime except for at the NSC vs. ebs7 timepoint comparison. Alkyl and alkenyl 

ether phospholipids are a minor composition of the human phospholipidome that have a unique 

capability of releasing their sn-2 fatty acyl for lipid mediator synthesis following hydrolysis.35,36 

Neural lipidome studies have linked decreases in plasmalogens with oxidative stress that have 

been associated with neurodegenerative diseases like Alzheimerôs disease.13 This study also 

observed a decrease in cardiolipins within the neuron vs. NSC time point that is postulated to be 

related to mitochondrial development and may further reflect oxidative processes as was 

observed with the plasmalogen upregulation.37 Additionally, an upregulation of sphingomyelin 

(SM), ceramide (Cer) and hexose ceramide (HexCer) was observed for the final neural cell 

maturity steps. Together, the sphingolipid category has a documented influence on driving 

pluripotent stem cells to a neural fate and increasing membrane fluidity via the SIRT1 enzyme, 

which upon deficiency has been linked to impaired neural differentiation of stem cells.38 Simple 

glycosylated sphingolipids have been shown to have a significant influence on axonal growth, 

potentially explaining their influx in the neuron versus NSC time point comparisons.39 However, 

while headgroup and class-based lipid expression varied based on time point of cell 
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development, in the fatty acyl evaluations of each lipid species, no visible associations were 

observed with the lipid changes. 

3.4.2 Mesodermal Lineage Formation and Lipidome Changes 

Since lipid-based trends were observed during neural cell development from pluripotent 

cell types, it was important to assess other cell types to understand the uniqueness of the changes 

relative to general pluripotent cell maturation. Therefore, a general mesodermal cell lineage was 

also developed from the same NCRM-5 iPS cell line. Time points for mesodermal lineage 

differentiation were collected at synonymous biological points to the neural study. This included 

pluripotent cells (day 0), embryonic bodies (day 3; ebs), embryoid basal medium (day 7; ebm7 

and day 14; ebm14) and general mesodermal cells (day 21; ebm21). The timepoints for the 

mesodermal lineage are shorter than the neural as the latter cells require a greater duration for 

development. To compare the two cell types, initially profiles for the neural and mesodermal 

longitudinal changes were assessed from a global perspective via principal component analysis 

(PCA). Overall, the longitudinal lipidomic profiles were unique for each cell type (Figure 3.3). 

In the neural cells, the pluripotent state occupied the middle of the PCA plot with ebs time points 

being shifted left on the first component (Figure 3.3A). Upon neural differentiation of these 

cells, lipidome profiles shifted in the opposite direction of the pluripotent samples on the same 

component. Taken together, this suggests a reversal of lipidome composition in undifferentiated 

and differentiated neural cells. Conversely, the mesodermal cell lineage diverged from the 

starting pluripotent state across both PCA components which may suggest orthogonal lipid 

mechanisms that contribute to the maturation of the mesodermal lineage (Figure 3.3B). 

Further investigation into the longitudinal lipid changes for the mesodermal lineage 

showed 95 significantly altered lipids when comparing the ebs3 and pluripotent time points 
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(Tables A.11 and A.12). Interestingly, a comparison of the intermediate time point showed a 

decrease in the number of significant lipids, with only 56 being significant in the ebm7 vs. ebs3 

comparison (Tables A.13 and A.14) and 40 significant in the ebm14 vs. ebm7 comparison 

(Tables A.15 and A.16). The greatest lipid fluctuations were however observed in the ebm21 vs. 

ebm14 lineage where 109 species were significantly different (Tables A.17 and A.18). In 

contrast to the neural lineage data, no consistent trends were observed relative to the amount of 

up and downregulated lipid species. Instead, slightly more lipid downregulation was observed in 

the first and last time point comparisons. Meanwhile in the ebm7 vs. ebs3 comparison, 82% of 

significant lipids were upregulated. From this data we also observed an increase in the number of 

uniquely varying lipid species for a successive time points relative to the neural lineage.  

To explore the mesodermal lineage in greater detail, SCOPE30 was used to navigate both 

head group and fatty acyl trends for significant lipidome alterations. First, class-based lipid 

trends were explored with hierarchical clustering (Figure 3.3C). TGs and FFAs showed a 

differential expression pattern based on time point similar to the trend observed for the neural 

lineage. Additionally, the influx and subsequent loss of PC O/P alkyl ether and plasmalogen 

species was also observed across both PSC differentiations. This trend was not as apparent for 

PE O/P species as up and downregulation was observed at both first and last time points. 

Interestingly, PC O/P and PE O/P lipids were also upregulated in the early neural time points and 

apart from the NSC vs. 7ebs time point, remained upregulated. For the mesodermal lineage, the 

trend of PC O/P- lipid changes overtime was opposite of other phospholipid (PI and PE) classes. 

Previous studies of mesenchymal and mesodermal cell types have shown PI and PS species 

having a greater abundance in dividing cells while an abundance of PE species have been 

associated with cell proliferation.12,40 Notably, significant directionality of these lipid classes was 
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also observed for the undifferentiated iPSC neural data. Taken together, these findings indicate 

that the phospholipid fluctuations may reflect universal cell proliferation and signaling 

mechanisms that are unaffected by cell fate. 

Figure 3.3. Mesodermal stem cell differentiation relative to the neural lineage. A) PCA plot of 

lipid profiles for neural (left) and mesodermal (right) timepoints. B) Overview of significant lipid 

alterations during mesodermal stem cell differentiation. C) Circular dendrogram of the log2FC 

values observed for significant lipid species in subsequent differentiation steps. D) Fatty acyl 

heatmap of the log2FC values of arachidonic acid (20:4). 
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Relative to the neural stem cell lineage, we did observe notable differences in 

longitudinal lipid alterations. The trends of lipid alterations by head group for the mesodermal 

data were, for example, relatively limited and exhibited a greater disparity between lipid classes 

that suggests additional variables such as fatty acyl content may be driving the observed lipid 

fluctuations overtime. Thus, we next plotted fatty acyl composition changes across the identified 

and statistically significant lipids and noted a time-specific trend for lipids with a 20:4 moiety 

(Figure 3.3D). The fatty acid 20:4, also known as arachidonic acid (AA), has been shown to 

hyperpolarize cells, contribute to bone metabolism, and serve as a precursor for a series of 

eicosanoid lipid mediators that facilitate cellular signalling and inflammatory responses.41ï43 The 

early accumulation of AA observed here has previously been demonstrated by the preferential 

accumulation of AA-CoA in certain cell types.41 The downregulation of AA observed in the final 

ebm 21 vs. 14 comparison was observed in both glycerophospholipid and glycerolipid species. 

Glycerophospholipids have been associated as the primary source of AA through the cleavage of 

this fatty acyl moiety with phospholipase enzyme 2 (PLA2) through a hydrolysis reaction. 

Downstream, AA can then be used to synthesize eicosanoid lipid mediators which facilitate cell 

proliferation and stem cell differentiation.44 The downregulation of glycerolipids containing AA 

has been suggested through a more novel mechanism of lipid droplet-associated TGs that 

requires the presence of an ATGL enzyme.45,46 Notably, ATGL is highly expressed within white 

and brown adipose tissue that may support the feasibility of this mechanism in addition to 

previous findings of lipid droplet formation during iPSC development.6,46 The loss of AA-

containing TGs is especially interesting relative to neutral lipid storage diseases where an 

accumulation of TGs has been well-defined across many tissue types.46 While complex lipid 

species containing 20:4 moieties were downregulated, no supporting accumulation of 20:4 as a 
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free fatty acid was observed. This could however reflect the downstream synthesis of AA-

metabolites.  

3.5 Conclusion 

Probing the molecular changes in PSCs that drive differentiation across cell lineages and 

facilitate specialized cellular function is essential to better understand their use in disease 

modelling, drug screening, and many other applications. This study evaluated how the lipidome 

contributes to the longitudinal development of neural and mesodermal lineages from pluripotent 

models. A general mechanism of TG and FFA upregulation was observed in undifferentiated 

iPSCs that was complimented by a phospholipid fluctuation for both neural and mesodermal 

lineages. Plasmalogen species were also found to be significantly altered during stem cell growth 

in both cell types. However, unique perturbations were observed with each cell type such as the 

observation of initial PC O/P and PE O/P lipid upregulation and followed by downregulation 

during mesodermal differentiation. Conversely, neural differentiation showed a continued 

increase in PC O/P, LPC and PE O/P lipids except for at the NSC vs. ebs7 timepoint. This result 

suggests that undifferentiated cells may share a mechanism of plasmalogen variation that later 

alters upon cell line divergence. Other unique mechanisms observed in the mesodermal lineage 

was the 20:4 fatty acid alterations that may suggest eicosanoid intra- and inter-cellular signalling 

mechanisms. Overall, in the longitudinal study, unique and shared lipidome changes were 

observed to implicate lipids in both iPSC development and novel cell type function.  
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CHAPTER 4: Unveiling Molecular Signatures of Preeclampsia and Gestational Diabetes 

Mellitus with Multi -omics and Innovative Cheminformatics Visualization Tools 

4.1 Abstract 

To fully enable the development of diagnostic tools and progressive pharmaceutical 

drugs, it is imperative to understand the molecular changes occurring before and during disease 

onset and progression. Systems biology assessments utilizing multi-omic analyses (e.g. the 

combination of proteomics, lipidomics, genomics, etc.) have shown enormous value in 

determining molecules prevalent in diseases and their associated mechanisms. Herein, we 

utilized multi-omic evaluations, multi-dimensional analysis methods, and new cheminformatics-

based visualization tools to provide an in depth understanding of the molecular changes taking 

place in preeclampsia (PRE) and gestational diabetes mellitus (GDM) patients. Since PRE and 

GDM are two prevalent pregnancy complications that result in adverse health effects for both the 

mother and fetus during pregnancy and later in life, a better understanding of each is essential. 

The multi-omic evaluations performed here provide new insight into the end-stage molecular 

profiles of each disease, thereby supplying information potentially crucial for earlier diagnosis 

and treatments. 

4.2 Introduction 

Preeclampsia (PRE) and gestational diabetes mellitus (GDM) are two predominant 

maternal complications that result in an increased likelihood of morbidity and mortality for both 

the fetus and mother. Additionally, women with PRE or GDM and their offspring have an 

increased risk of chronic health outcomes such as type II diabetes, hypertension and 

cardiovascular disease.1,2 PRE is a systemic maternal syndrome affecting 3-8% of pregnancies 

and is a leading cause of maternal mortality and morbidity.3 Clinically, PRE is defined as the 
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new onset of hypertension and proteinuria or evidence of systemic organ dysfunction after 20 

weeks of gestation.3,4 The only treatment for PRE is delivery, which often leads to iatrogenic 

preterm birth and increases the risk of infant morbidity and mortality.3,4 Similarly, GDM affects 

5-7% of pregnancies5 and is clinically defined as the onset of glucose intolerance during 

pregnancy. GDM increases the risk for gestational hypertension, PRE, birth injury, macrosomia, 

and neonatal hypoglycemia,6,7 and itsô diagnosis is typically evaluated based on risk criteria 

relating to body mass index (BMI), family history of diabetes, personal history of GDM, and 

glycosuria.8 Women who classify as high risk for GDM are administered oral glucose tolerance 

tests at their first appointment, whereas women who do not meet high risk criteria are not 

typically examined until 24 to 28 weeks of gestation.8 The late diagnosis of both GDM and PRE 

severely limits intervention timelines and allows for substantial disease progression. Rates of 

both complications are rising throughout the world due partially to increased prevalence of pre-

pregnancy obesity and advanced maternal age. Thus, PRE and GDM are serious public health 

concerns.9,10 

Figure 4.1 PRE and GDM are prevalent maternal complications leading to serious maternal and 

fetal complications and morbidities. a) Subtypes of PRE and GDM are shown as raindrops and 

increased health risks for the mother and fetus later in life are noted around each. b) Synopsis of 

cohort information for GDM, PRE and Control patients. Race, type of labor and infant sex are 

shown as patient distributions. BMI, age, gestational age and birth weight are given for the 

cohort average +/- the cohortôs standard deviation. 
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For many diseases, early diagnosis is commonly approached using universal biomarkers. 

Despite the identification of pathway aberrations linked to PRE and GDM, such as inflammation, 

insulin resistance and mild hyperlipidemia, there are currently no biomarkers for either condition 

with clinical utility. This is largely attributed to the broad disease definitions of PRE and GDM 

that encompass multiple novel mechanisms and subtypes (Figure 4.1a). For example, it is well 

accepted that PRE can be differentiated by both the timeline of disease onset and delivery, while 

GDM subtypes include mechanistic differences such as insulin secretion and insulin sensitivity. 

However, few studies have focused on molecular differences specific to term PRE (delivery after 

37 weeks of gestation)11,12 despite this subtype accounting for 60% of PRE cases.11 GDM not 

only suffers from mechanistic differentiation of disease subtypes, but lacks comprehensive 

annotation of the intricate molecular mechanisms underlying the condition as a whole.13 

Moreover, overlapping pathology among common pregnancy disorders further complicates 

diagnoses, an obstacle best addressed through holistic annotation. 

Proteins are essential molecules with a variety of biological functions noted as being 

dysregulated in PRE and GDM.11,14 Lipids and lipid mediators also play integral roles in 

biological processes including proliferation, apoptosis, migration, metabolism, inflammation and 

pro-resolving immune responses. Since the placenta relies on fatty acid oxidation for energy and 

lipotoxicity inhibits trophoblast invasion and placental development, lipids also play important 

roles in PRE and GDM. However, despite being crucial for fetal development and placental 

energy processes, the vital roles of these species have been less extensively annotated compared 

to other omics. Furthermore, since PRE and GDM risk factors such as obesity and maternal age 

influence protein and lipid processes,15,16 an examination of the molecular mechanisms occurring 

and changing in both complications should shed light onto their unique pathophysiology. Thus, a 
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holistic evaluation through sensitive multi-omic analyses and improved data visualization tools is 

needed to provide key information for a comprehensive understanding of PRE and GDM 

pathophysiology. In this study, we address these challenges and provide an in-depth profile of 

term PRE and GDM pregnancy complications through the analysis of proteomic and lipidomic 

differences in the plasma for 191 pregnant women at admission to labor and delivery (Figure 

4.1b). 

4.3 Experimental 

4.3.1 Human Sample Collection 

This study utilized stored plasma from Peribank,17 a database and biospecimen 

repository. Peribank enrolls women at the time of labor and delivery from four facilities in 

Houston, TX. Trained study personnel approached participants at the time of admission to labor 

and delivery. After consent was obtained, over 4,700 variables of clinical information were 

directly extracted from electronic medical records and accompanying prenatal records alongside 

directed subject questioning. PeriBank was approved by the Institutional Review Board at Texas 

Childrenôs Hospital and Baylor College of Medicine. For this study, analysis was limited to 

women with singleton pregnancies and had no current or history of chronic conditions including 

pre-existing diabetes, heart disease, renal disease or hypertension. The current investigation and 

Peribank usage of samples was approved by the Institutional Review Board at Temple University 

(IRB protocol number 26904). All PeriBank samples were strictly collected once consent was 

properly obtained under rigorous uniform protocols by perinatal and placental pathology-trained 

personnel. Maternal blood for this study was collected at the time of admission, after admission, 

and up to 24 h after delivery. It was then stored at 4ęC until processing.  
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4.3.2 Proteomic Extraction, Depletion and Digestion 

Individual human plasma samples were partitioned and depleted of the 14 highly 

abundant proteins using a Multiple Affinity Removal Column, 4.6 x 100 mm, Hu-14 (Agilent, 

Santa Clara, CA). This column was coupled to a 1200 series HPLC (Agilent, Santa Clara, CA) 

composed of a quaternary pump with degasser and connected to Peltier-cooled autosampler, 

diode array detector, and refrigerated fraction collector. The unbound, flow-through fraction 

containing low- and medium- abundance proteins was collected and concentrated. Buffer 

exchanged to 50 mM Ammonium Bicarbonate (ambic) pH 8.0 was then performed using a 3-

kDa molecular mass cutoff Amicon centrifugal filters (Millipore, Burlington, MA) and following 

the manufacturerôs instructions. The protein concentration of the depleted samples was measured 

by BCA Protein Assay (Thermo Scientific, San Jose, CA) and the volume of each sample was 

adjusted with 50 mM ambic. All processing steps following depletion were carried out in a 96 1 

mL deep-well plate to minimize batch effects associated with processing, utilizing automated 

protocols on an epMotion 5075 (Eppendorf, Hauppauge, NY).  

To perform digestion of the depleted samples, 145 µL aliquots were utilized, giving a 

starting amount of approximately 100 µg total protein. Aliquots were transferred to a 96-well 

plate preloaded with urea to achieve a concentration of 8 M urea in the sample solution. 500 mM 

Dithiothreitol (DTT) (Sigma-Aldrich, St. Louis, MO) was then added to a final concentration of 

10 µM and samples were incubated for 1 h at 37°C with constant shaking at 1200 rpm in 

BioShake iQ Thermal Mixer (Bulldog Bio, Portsmouth, NH) to denature the proteins and reduce 

disulfide bonds. Reduced cysteine residues were alkylated by adding 1 M iodoacetamide (Sigma-

Aldrich, St. Louis, MO) to a final concentration of 40 mM and incubated in the dark at 25°C for 

45 min. Samples were then diluted 4-fold with 50 mM ambic, 1 mM CaCl2 prior to the addition 
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of sequence grade TPCK treated trypsin (Trypsin Gold, Mass Spectrometry Grade, Promega) in 

a 1:50 enzyme to protein ratio. Enzymatic digestion was carried out for 16 h at 25°C with a 

constant shaking at 1200 rpm in BioShake iQ Thermal Mixer. The reaction was stopped by 

acidifying the samples with 10% trifluoroacetic acid (Sigma-Aldrich St. Louis, MO) to a final 

concentration of 0.1%. Peptides were desalted using solid-phase extraction (SPE) via Strata C18-

E cartridges formatted in a 96-well plate (Phenomenex, Torrance, CA). Peptides were eluted 

with 80% ACN, 0.1% TFA using Preston 100 Positive Pressure Manifold (Phenomenex, 

Torrance, CA) and concentrated down in a SpeedVac concentrator. After final sample peptide 

concentrations were evaluated by BCA Assay, they were normalized with 2% acetonitrile, 0.1% 

formic acid to 0.1 µg/µL prior to LC-IMS-MS analyses.  

PRE, GDM and Control depleted sample pools were created by combining equal amounts 

of digested peptide samples from each group. 300 µg pooled samples were separated on a Waters 

reversed phase XBridge C18 column (250 mm × 4.6 mm column containing 5-ɛm particles, and 

a 4.6 mm × 20 mm guard column) (Waters, Milford, MA) using an Agilent 1200 HPLC System. 

The sample was loaded on the C18 column in solvent A (5 mM ammonium format, pH 10.0) and 

a 109-min LC gradient with solvent B (5 mM ammonium format, pH 10, 90% acetonitrile) was 

applied. The LC gradient started with a linear increase of solvent A to 10% B in 3 min, then 

linearly increased to 30% B in 86 min, 10 min to 42.5% B, 5 min to 55% B and another 5 min to 

100% solvent B. The flow rate was 0.5 mL/min. A total of 96 fractions were collected into a 96 

deep well plate throughout the LC gradient. These fractions were concatenated into 24 fractions 

by combining 4 fractions that were each 24 fractions apart (i.e., combining fractions #1, #25, 

#49, #73; #2, #26, #50, #74; and so on). For proteome analysis, each concatenated fraction was 



 

104 

 

dried down and re-suspended in 2% acetonitrile, 0.1% formic acid to adjust the peptide 

concentration to 0.1 µg/µL prior to LC-IMS-MS analyses. 

4.3.3 Lipid Extraction 

Lipid extraction was performed using a modified Folch extraction.18,19 For the plasma 

lipid extraction, 25 µL of plasma was transferred into a 2.0 mL tube where 600 µL of -20°C 2:1 

chloroform/methanol were added. Each sample was vortexed for 30 sec then transferred into a 

shaker at 22°C for 60 min at 600 rpm. The samples were vortexed again for 30 sec and 125 µL of 

water was added to induce a phase separation. The samples were gently inverted several times, 

placed at room temperature for 5 min and then centrifuged at 10,000 xg for 5 min at 4°C and put 

on ice to maintain the clear phase separation. Finally, 200 µL of the top polar layer was removed, 

dried in a speedvac, and stored at -80°C for later analysis of polar metabolites, while 350 µL of 

the bottom nonpolar layer was removed, dried in a speedvac, and stored at -20°C in 250 µL of 

2:1 chloroform/methanol for lipid analyses. Prior to analysis, the total lipid extracts were dried 

down and then reconstituted in 100 µL of MeOH. To generate pooled case and control samples 

for LC-IMS-MS analyses, 5 µL aliquots from each reconstituted control plasma sample were 

removed and combined.  

4.3.4 LC-IMS-MS Analysis 

Analysis of the 191 human proteomic extracted plasma samples was performed on an in-

house built instrument that couples a 1-m ion mobility separation with an Agilent 6224 TOF MS 

upgraded to a 1.5 meter flight tube providing resolution of ~25,000 in enhanced dynamic range 

mode.20 A fully automated in-house built 2-column HPLC system equipped with in-house 

packed capillary columns was used with mobile phase A consisting of 0.1% formic acid in water 

and phase B comprised of 0.1% formic acid in acetonitrile.21 A 60-min gradient with shorter 
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columns (30 cm long columns with an o.d. of 360 µm, i.d. of 75 µm, and 3-µm C18 packing 

material) was used with the IMS-MS. The gradient linearly increased mobile phase B from 0 to 

60% until the final 2-min of the run when B was purged at 95%. 5 µL of each sample was 

injected for both analyses and the HPLC was operated under a constant flow rate of 0.4 µL/min 

for the 100-min gradient and 1 µL/min for the 60-min gradient. IMS-MS data were collected 

from 100-3200 m/z.  

For the 191 human lipidomic extracted plasma samples, the Agilent 6560 IM-QTOF MS 

platform (Santa Clara, CA) outfitted with the commercial gas kit (Alternate Gas Kit, Agilent) 

and a precision flow controller (640B, MKS Instruments) was utilized. IMS-MS data were 

collected in both positive and negative mode from 50-1700 m/z with a cycle time of 1 sec/spectra 

to increase the signal of low abundance species. For the LC analyses, a Waters Acquity UPLC H 

class system was used. 10 µL of each sample was injected onto a reversed phase Waters CSH 

column (3.0 mm x 150 mm x 1.7 µm particle size). The lipids in the mixture were separated over 

a 34 min gradient (mobile phase A: acetonitrile/water (40:60) containing 10 mM ammonium 

acetate; mobile phase B: acetonitrile/ isopropyl alcohol (10:90) containing 10 mM ammonium 

acetate) at a flow rate of 0.25 mL/min. The gradient and column wash are provided in Table B.1. 

4.3.5 Quantification and Statistical Analysis 

Statistical analysis for both the proteomic and lipidomic studies for the Complication 

versus Control patients was completed in MATLAB (version 9.1). In the proteomic study, 

14,429 unique peptides were observed from the LC-IMS-MS analyses. These peptides 

correspond to 1,093 proteins using the identification criteria of at least 2 peptides detected per 

protein where at least one peptide must be unique. In the lipidomic study, 288 unique lipids were 

identified. Potential outliers in the proteomic and lipidomic analyses were identified using the 
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RMD-PAV algorithm,22 and were then confirmed by Pearson correlation and subsequently 

removed from the dataset. Three patients in negative ion lipidomics (3 PRE patients), one patient 

in positive lipidomics (GDM patient) and one in proteomics (Control patient) were removed 

following outlier assessment. Lipids and peptides with inadequate data for either qualitative or 

quantitative statistical tests were also removed.23 

Figure 4.2 Statistically significant proteins detected for PRE and GDM vs. controls. a) The 

Venn diagram illustrates the statistically significant proteins detected for PRE and GDM and 

their slight overlap. b) Each statistically significant protein was then associated with its 

biological functions or processes utilizing Uniprot. (top) GDM exhibited a decrease in functions 

such as cellular adhesion, immunity, and lipid transport, and both up- and downregulation in 

overall transport. (bottom) PRE, on the other hand, exhibited an overall increase in cellular 

adhesion, immunity and lipid transport, in addition to enhanced dysregulation of blood 

coagulation, homeostasis and innate immunity. Functional enrichment of biological processes 

with false discovery rates below 0.05 are noted with (*) and expanded upon in Table B.14. All 

statistically upregulated proteins are shown in red while downregulated are in blue.  
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Peptides and proteins were evaluated using Analysis of Variance (ANOVA) with a 

Dunnett test correction25 and a Bonferroni-corrected g-test26 to compare the GDM and PRE 

patients to the Control patients. Following outlier removal, ANOVA comparisons for 

Complication vs. Control consisted of 97 control patients, 48 term PRE and 45 GDM patients to 

give statistical powers of 78.6% for GDM vs. Control and 80.3% for PRE vs. Control at an effect 

size of 0.5 (medium). For g-test analyses, power at a large effect size (0.5) was determined to be 

60.9% for GDM vs. Control and 61.6% for PRE vs. Control comparisons. To perform signature-

based protein quantification, BP-Quant with the background probability of a zero signature set to 

the default of 0.9 was used.27 Only significant proteins with greater than 2 peptides/protein and at 

least 1 unique peptide for identification were utilized in this study. Proteins with a Dunnett 

multiple testing correction adjusted Ò 0.05 were considered significant for discrimination. Of 

filtered proteins, 227 proteins were significant in at least one Complication versus Control 

comparison with an overlap of 12 proteins. For the PRE vs. Control, a total of 163 significantly 

dysregulated proteins were observed with 76 downregulated (Table B.2) and 87 upregulated 

(Table B.3). For the GDM vs. Control comparison, significantly less dysregulation was observed 

with only 58 downregulated (Table B.4) and 18 upregulated (Table B.5) proteins. 

Positive and negative mode lipidomic data was also evaluated using ANOVA with a 

Dunnett correction.25 Lipids with adjusted p Ò 0.05 were considered relevant for Complication 

versus Control discrimination. ANOVA for Complication vs. Control comparisons in positive 

ion lipidomics data consisted of 98 control patients, 48 term PRE and 44 GDM patients 

following outlier removal. This yielded statistical powers of 78.1% for GDM vs. Control and 

80.4% for PRE vs. Control at an effect size of 0.5 (medium). Following outlier removal for 

negative ion lipidomics, three PRE patients were removed to yield sample sizes of 98, 45 and 45 
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for control, PRE and GDM groups; respectively. Statistical power for both of these analyses was 

78.7% at a medium effect size (0.5). Of the 288 unique lipid identifications, 120 were significant 

in at least one Complication versus Control comparison with an overlap between each 

comparison of 11 lipids. In total, the PRE vs. Control analysis resulted in 92 significantly 

dysregulated lipids with 52 downregulated (Table B.6) and 40 upregulated (Table B.7). 

Similarly to the proteomics data, the GDM vs. Control comparison of the lipidomics data also 

had less significant changes with 26 downregulated (Table B.8) and 16 upregulated (Table B.9) 

species. Statistical analysis of proteins and lipids for the complication comparisons (PRE vs. 

GDM) was completed with MetaboAnalyst (version 4.0).24 The 65 downregulated and 20 

upregulated proteins are presented in Tables B.10 and B.11. The 31 downregulated and 17 

upregulated lipids for comparing PRE and GDM patients are presented in Tables B.12 and B.13. 

Proteins with known biological processes and pathways of interest for GDM and PRE 

were evaluated using STRING28, UNIPROT29, and KEGG30 online tools. Enrichment analysis of 

significant proteins for each Complication versus Control comparison was assessed using 

STRING (version 11.0).28 Biological process associations below a false discovery rate of 0.05 

are noted with GO annotation, count in gene set, and false discovery rate in Table B.14. Lipid 

relationships, which are traditionally probed with heatmaps and spreadsheets, were expanded 

upon in this study to assess biological linkages using a cheminformatics-powered structural 

clustering of head groups and fatty acyls. Head group clustering was performed based on 

chemicals initially represented as SMILES strings31, then converted into 2D standardized 

structures, and further characterized using an ECFP_6 fingerprint. The hierarchical clustering 

was done using Tanimoto distance and average linkage method using fingerprint and ggtree 

packages in R (Version 3.6.0). For lipids with multiple potential identifications, a representative 
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SMILES was chosen to denote all possible identifications. Fatty acyl tail composition was also 

used to relate lipids. For our analyses, most sn-1 and sn-2 fatty acyl positions were unknown, so 

all possible positions were considered to account for potential backbone position effects. For 

lipids with multiple identities, lipids were partitioned into all possible identifications to visualize 

fatty acyl effects. Visualization of adjusted p-values was utilized in this clustering technique due 

to their set cut-off for significance (adjusted p-value Ò 0.05) using the pheatmap package in R. 

Statistical upregulation is represented by red and downregulation by blue with darker colors 

indicating a more significant adjusted p-value. Fold changes of significant lipids were also 

investigated to emphasize analytes with the greatest discrepancy in disease and control groups. 

4.4 Results and Discussion 

In this study, we evaluated the proteomic and lipidomic profiles in plasma of 191 

pregnant women from the Peribank17 bio-repository. All plasma samples were collected at 

admission to labor and delivery. Samples were obtained from 48 women with term PRE, 45 

women with GDM, and 98 healthy control women. All women were singleton pregnancies with 

no current or history of chronic conditions including pre-existing diabetes, heart disease, renal 

disease or hypertension. A synopsis of cohort profiles for GDM, Control and PRE is presented in 

Figure 4.1b. The majority of patients for all three cohorts were Hispanic with variation across 

groups such as age, infant sex, and type of labor (Figure 4.1b). To provide sensitive analyses of 

this cohort, we utilized a multi-dimensional platform coupling liquid chromatography, ion 

mobility spectrometry and mass spectrometry (LC-IMS-MS) separations. This platform was 

capable of molecular speciation due to the three orthogonal techniques, providing simultaneous 

evaluations of polarity, structure and mass for each species studied and detected. Proteomic and 

lipidomic specific extractions were performed on the plasma samples and each resulting sample 
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was analyzed with the LC-IMS-MS platform to provide protein and lipid quantification 

information for statistical analyses comparing the PRE, GDM and the Control groups. Initially, 

each omic evaluation was performed separately and novel cheminformatics visualization tools 

were created to assess the structural and biological relationships for the identified molecules. 

After the individual assessments, the proteomic and lipidomic results were rolled together in a 

multi-omic assay illustrating unique molecular mechanisms for each disease. 

Figure 4.3 KEGG metabolic pathway analyses illustrate specific areas of up- and 

downregulation for PRE and GDM. Namely, GDM exhibited downregulation in starch and 

carbohydrate metabolism and purine and pyrimidine metabolism, while PRE showed 

upregulation in glycolysis specific enzymes. 

 

4.4.1. Protein Associations Specific to PRE and GDM 

In the bottom-up proteomic analyses of the 191 pregnant women, 14,429 unique peptides 

were detected in the plasma samples and rolled into 1,093 proteins using the identification 

criteria of at least 2 peptides detected per protein where at least one peptide must be unique. Of 

these proteins, analysis of variance (ANOVA) evaluations identified 163 and 76 statistically 

significant proteins (Ŭ Ò 0.05) for PRE and GDM when compared to Control patients after a 

Dunnett multiple comparisons correction (Figure 4.2a).25 Despite shared placental dysfunction 

in GDM and PRE, only a slight overlap was observed in the statistically significant proteins as 
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shown in the Venn Diagram in Figure 4.2a. Furthermore, of the statistically significant proteins 

found for the two complications (Tables B.2-B.5), PRE illustrated more upregulation, while 

GDM was predominantly downregulated compared to the Control group. Specifically, of the 103 

significantly upregulated proteins for both conditions, 85 were unique to PRE, 15 were unique to 

GDM, 2 were upregulated in both, and only 1 was upregulated in GDM but downregulated in 

PRE. A total of 125 proteins were observed to be significantly downregulated for both conditions 

with 66 unique to PRE, 49 to GDM, 9 downregulated in both and the 1 protein which was 

upregulated in GDM but downregulated in PRE. 

The statistically significant proteins for each complication were further explored by 

evaluating both their unique Uniprot biological functions29, STRING28 functional enrichment 

analysis (Figure 4.2b and Figure 4.2c) and associated KEGG30 pathways (Figure 4.3). Again, 

very different functions and mechanisms were observed for each complication. For GDM, a 

considerable decrease in protein expression was observed as 76% of itsô statistically significant 

species were downregulated (Figure 4.2a) including transport, cellular adhesion, blood 

coagulation and cholesterol metabolism, all of which were found to be functionally enriched at a 

false discovery rate less than 0.05 using STRING (Figure 4.2b, Table B.14). Notably, this 

proteome-wide depression affected starch and carbohydrate metabolism enzymes lysosomal 

alpha-glucosidase (LYAG) and beta-1,4-galactosyltransferase 1 (B4GT1) which were both 

downregulated in GDM patients (Figure 4.3, Table B.4). In addition to the dysregulation in 

carbohydrate metabolism we also found a significant change in proteins related to beta cell 

function such as glutathione synthetase (GSHB) and receptor-type tyrosine-protein phosphatase 

kappa (PTPRK). These proteins could subsequently trigger elevated maternal glucose, the 

criteria currently used for GDM diagnosis. The reduced protein synthesis and glucose intolerance 
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observed in GDM may also be related through protein/nucleic acid deglycase DJ-1 (PARK7), an 

enzyme that has been reported to regulate transcription mechanisms of mRNA and maintain 

glucose homeostasis and diabetes onset.32 This protein was observed to be downregulated in 

GDM with a log2 fold change of -0.54 and adjusted p-value of 0.0049. 

In PRE, both upregulation and downregulation were observed for the statistically 

significant proteins as 53% of differentially expressed proteins were upregulated (Figure 4.2a). 

The PRE biological function analyses showed the most dysregulation in processes related to 

innate immunity, inflammatory response and blood coagulation and complement activation, 

which were all determined to be functionally enriched at a false discovery rate less than 0.05 

(Figure 4.2c, Table B.14). Further evaluation illustrated that a majority of the proteins 

associated with these processes were linked to the blood coagulation and complement cascade 

(BCC), a pathway that serves as a moderator of innate immunity (complement) and fibrin clot 

formation (coagulation).33 BCC pathway activation through the complement and coagulation 

cascade was largely observed to be upregulated. Complement activation promotes innate 

immunity responsible for maintaining host homeostasis, promoting inflammation and enhancing 

immune system pathogen defense.34 Dysregulation of species associated with this process is 

agreeable with instances of immune dysregulation commonly reported in PRE studies.35 

Plasminogen activator inhibitor 1 (PAI1) was among the most differentially upregulated proteins 

in PRE patients (-1.25 log2 fold change and adjusted p-value of 0.00277). Since this enzyme 

serves to downregulate fibrinolytic activity, its upregulation could induce endothelial 

dysfunction by means of tissue and/or blood vessel damage, thereby activating the coagulation 

cascade in the BCC pathway. Taken together, BCC activation of complement and coagulation 

cascades is consistent with reduced placental perfusion and hemodynamic placental dysfunction 
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potentially triggering hypertension while complement activation reflects a state of immune 

dysregulation commonly reported in PRE cases.33,36 Both of these effects could serve as a 

driving force of inflammation as well as dysregulation of metabolic processes and dyslipidemia. 

The glycolysis-related enzymes alpha-enolase (ENOA), glyceraldehyde-3-phosphate 

dehydrogenase (G3P), phosphoglycerate kinase 1 (PGK1) and 3-mercaptopyruvate 

sulfurtransferase (THTM) were also found to be uniquely upregulated in PRE (Figure 4.3, Table 

B.3), promoting the hypothesis of metabolic abnormality of the placenta, a proposed mechanism 

unique to the late onset PRE subtype.12 Interestingly, although transport had both up- and 

downregulation in both conditions, lipid transport was only downregulated in GDM and only 

upregulated in PRE (Figure 4.2b and 4.2c). These findings were further investigated in the 

following lipidomic evaluations. 

Figure 4.4 The lipidomics data analysis workflow utilized for elucidating trends in PRE and 

GDM vs. control comparisons. 1) Lipids were first identified from the LC-IMS-MS analyses 

based on LC retention time, m/z and IMS collision cross section. 2A) Next, the identified lipids 

were clustered using an ECFP_6 fingerprint for building head group associations. 2B) Lipid 

identifications were further related by shared fatty acyl groups. 2C) Heatmaps and statistical tests 

were also performed in this step to evaluate the significance of each lipid with regard to the PRE, 

GDM and Control patients. 3) Finally, the structural information and statistical significance of 

each lipid was combined to generate 3A) a circular dendrogram for head group associations and 

3B) heatmaps of fatty acyl variation allowing concurrent visualization of all conditions and their 

statistical significance based on either adjusted p-value or log2 fold change. Upregulated and 

downregulated lipids are shown in red and blue with the darker colors indicating a more 

significant adjusted p-value. 
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4.4.2 Lipid Associations Specific to PRE and GDM 

In the lipidomic evaluations of the 191 patients, 288 unique lipids were identified from 

three main lipid categories: 46 sphingolipids, 72 glycerolipids and 170 glycerophospholipids. 

Previously, evaluating the biological implications for each lipid species has largely relied on the 

manual elucidation of lipid relationships. However, with hundreds of lipids detected in lipidomic 

studies, this can be exceedingly challenging and result in an incomplete picture of disease 

pathophysiology. Challenges also arise when annotating lipids with existing pathways as broad 

lipid classifications are often rolled together through shared structural elements, such as head 

group, even when different directionality of species is observed. For example, many studies will 

indicate that phospholipids, or even more specifically phosphatidylethanolamine (PE), are only 

changing in one direction even when different species have conflicting directionalities such as 

PE(16:0_22:4) being downregulated in PRE while PE(18:0_20:3) is upregulated. Since structural 

annotations of polar metabolites has previously shown valid association to biological function37, 

we created a novel lipidomic analysis workflow to more readily assess how head group and fatty 

acyl structural elements of lipids trigger specific biological responses (Figure 4.4). 

In our lipidomic workflow, first the 288 lipids were identified from the LC-IMS-MS 

analyses (Figure 4.4, Step 1). All identified lipids were then structurally evaluated by mapping 

their SMILES31 strings to an ECFP_6 fingerprint that encodes the presence of key functional 

groups and 2D sub-structural motifs of each (Figure 4.4, Steps 2A and 2B). ANOVA 

evaluations were simultaneously performed for the PRE and GDM patients by comparing them 

to the Control group to acquire p-values and log2 fold changes for each lipid (Figure 4.4, Step 

2C). To begin grouping structurally similar lipids, hierarchical clustering then utilized the 

ECFP_6 fingerprint, Tanimoto distance, and an average linkage method to generate a circular 
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dendrogram for visual evaluation of the changes occurring (Figure 4.4, Step 3A). Fatty acyl 

variations were also assessed by grouping all lipids with the same fatty acyl components into 

heatmaps to allow a visual assessment of their statistical significance (Figure 4.4, Step 3B).  

Figure 4.5 Statistically significant lipids detected for PRE and GDM. a) The Venn diagram 

illustrates 81 and 28 unique statistically significant lipids observed for PRE and GDM with little 

overlap between conditions (11 lipids). b) The lipids were then evaluated based on head groups 

(circle) and fatty acyl groups (green rectangles). c) Circular dendrogram from the hierarchical 

clustering of the head groups of significant lipids visually illustrates great differences between 

lipid responses for PRE and GDM. d) Evaluation of fatty acyl group presence also showed 

differences between the two diseases. All identified but insignificant lipids are shown in grey and 

statistically significant upregulated and downregulated lipids are shown in red and blue with the 

darker colors indicating more significant adjusted p-values. 
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Upon assessing the lipidomic changes for PRE and GDM, 81 and 28 unique lipids were 

found to be statistically significant (Ŭ Ò 0.05) with a Dunnett correction for multiple 

comparisons25 as shown by the Venn diagram in Figure 4.5a. Similar to the proteomic analyses, 

only a slight overlap was observed for the statistically significant lipids with 11 lipids shared 

between conditions. The results also showed that PRE illustrated significant lipid dysregulation 

with 39 unique lipids statistically upregulated and 42 downregulated, while GDM exhibited 

fewer with 15 unique lipids statistically upregulated and 13 downregulated (Tables B.6-B.9). 

The lipids were then evaluated based on head and fatty acyl groups (Figure 4.5b) using the 

previously described workflow to further assess the role of each component. While the overall 

comparison of all identified lipids is very important to clearly elucidate molecular effects, in the 

proceeding analyses only lipids found to be statistically significant in both diseases were 

assessed for their head group and fatty acyl structural similarity (Figures 4.5c and 4.5d). 

Upon evaluation of the dendrograms for the three categories of lipids detected in GDM 

and PRE, the most significant variation for both complications occurred in the 

glycerophospholipid category. Since these lipids are the most abundant membrane lipids and 

serve integral roles in membrane transport, enzyme activities and extracellular signaling, this 

finding also relates to the lipid transport dysregulation observed in the proteomic analyses for 

both complications. The three lipid categories were then further broken down into specific lipid 

head groups, resulting in three sphingolipid classes (ceramides (Cer), galactose/glucose 

ceramides (Gal/GlcCer), sphingomyelins (SM)), two glycerolipid classes (diacylglycerols (DG) 

and triacylglycerols (TG)), and five glycerophospholipid classes (phosphatidylethanolamine 

(PE), phosphatidylserine (PS), phosphatidylcholine (PC), phosphatidylinositol (PI), and 

phosphatidylglycerol (PG)). The PE and PC classes were further broken down into their fatty 



 

117 

 

acyl linkages of either the alkenyl ether linkage (plasmalogens, PE P- and PC P-) or the alkyl 

ether linkage (PE O- and PC O-) subclasses since each have unique biological roles. In PRE, all 

PIs were downregulated and all DGs upregulated. This result matched a previous study of 

placental lipidomics, linking elevated DGs in PRE to acyl CoA, a placental source of energy.38 

PRE also exhibited changes specific to lipid species in the PC, TG and SM classes. Similar to the 

DGs, TGs were mainly upregulated except for 3 species. This trend was also noted in serum 

samples of PRE patients with significant TG dysregulation as early as 10 weeks gestation.39 On 

the other hand, PCs were largely downregulated with the exception of lyso species, which were 

upregulated and may suggest enhanced PC degradation.40 SMs in PRE were both up and 

downregulated. 

For GDM, most lipid species from various head groups were largely downregulated 

except for PE and PE plasmalogen (PE P-) species, which were all upregulated. The significant 

downregulation of lipids in GDM is potentially indicative of free fatty acid accumulation (FFA), 

a phenomenon that has previously been associated with insulin resistance and 

hyperinsulinemia.41 Since the head group trends noted for both PRE and GDM did not always 

correlate, head group composition was concluded to only be a partial contributor to lipid 

dysregulation. Furthermore, since previous studies have demonstrated that enzymes have 

enhanced selectivity for fatty acyl length, double bond position, and sn-positioning on the lipid 

backbone, fatty acyl composition and corresponding changes were also assessed.42 

To probe fatty acyl composition in all of the identified lipids, an additional visualization 

tool that parses out lipids with common fatty acyl groups was utilized (Figure 4.4, Step 3B). As 

most lipids typically consist of two or more fatty acyl groups with a specific glycerol backbone 

position, this technique relies on the identification of the specific fatty acyl moieties by MS/MS 
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analysis. In the fatty acyl analyses of PRE and GDM, lipids specifically containing 12:0, 14:0, 

15:0, 18:3, 22:4 or 24:1 fatty acyls were found to be downregulated across both disease states 

and 20:0 and 22:6 were shown to be upregulated (Figure 4.5d). However, the head group/fatty 

acyl combinations were often different in the two diseases. For example, 22:6 fatty acyls were 

upregulated in GDM for PE P-, PC and PE O- species, while in PRE it was for TG and PE 

species. Furthermore, myristic acid or 14:0, which has previously been characterized as being 

negatively associated with 22:6,43 was also downregulated in both GDM and PRE but not for the 

same lipid species. Furthermore, lysoPC(0:0_14:0) was the only exception to the upregulation of 

all other lysoPC species in PRE. Other fatty acyl trends were also observed within the head 

groups for the complications, including saturated 18-carbon fatty acyls being upregulated in PRE 

and as unsaturation increased, downregulation heightened. For example, all 18:0 TG species 

were upregulated and all TGs with 18:3 species were downregulated. Interestingly, GDM only 

exhibited a few significantly downregulated TGs all consisting of shorter, saturated fatty acyl 

groups (e.g. 12:0, 14:0, and 16:0). Medium chain fatty acids (MCFAs) or those with > 6 carbons 

and Ò 12, do not require enzymes for binding, transport or transmembrane location.44 This trend 

however may depend on fatty acyl chain lengths as medium chain fatty acids (MCFAs) or those 

with >6 carbons and Ò12, do not require enzymes for binding, transport or transmembrane 

location.45 MCFA-containing TGs therefore could serve as quickly available energy sources and 

may provide evidence for the dysregulation of placental energy processes previously reported in 

GDM and PRE studies.45 As the only upregulated head groups in GDM, the PE and PE-

plasmalogen (PE P-) species overexpression was mainly observed in lipids containing long chain 

polyunsaturated fatty acids (LC-PUFAs). LC-PUFAs have 18 or more carbons and at least 2 

double bonds. Plasmalogen phospholipids are commonly characterized with an sn-2 located LC-
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PUFA species as the preferential oxidation of the vinyl ether bond protects LC-PUFA species 

from oxidation and readily involves these lipids in signaling processes following phospholipase 

release.46 As neither of these fatty acyl groups can be synthesized by the fetus, the entire supply 

of LC-PUFAs, which are vital for neuronal and visual development are transferred across the 

placenta. Therefore, upregulation of PE and PE P- species containing LC-PUFAs could suggest 

these fatty acids are being preferentially shunted to PE P- species. This would alter LC-PUFA 

transfer and lipid signaling processes in placental and fetal metabolism. 

4.4.3 Multi-omic Associations 

 Currently, associations between lipids and proteins lack in literature due to an 

abundance of isomeric lipids that are incredibly difficult to differentiate. Therefore, attempts to 

relate lipid and protein findings is often limited by broad classifications. In our analyses, we 

initially assessed proteins that have established lipid associations. Of our statistically significant 

proteins, only 16 of the 227 had established associations to lipid binding, lipoprotein complexes 

and lipid metabolic processes (Table 4.1a) and each was assessed for its significance in GDM 

and PRE. Several very interesting findings were observed. First, alpha-synuclein (SYUA), which 

protects insulin signaling from saturated-fat-related insulin resistance through the redirection of 

free fatty acids for transport47 was upregulated in GDM. Next, annexin A5 (ANXA5), which 

reflects a hypercoagulable state that impairs blood coagulation processes and fetal growth, was 

found to be downregulated for PRE, consistent with other studies.14,48 Lipid involvement in 

inflammation in PRE was evidenced through the upregulation of both the lipopolysaccharide-

binding protein (LBP), a marker of fetal inflammation noted in Table 4.1a, and C-reactive 

protein (CRP), a general marker of inflammation, shown in Table 4.1b.49,50 
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Table 4.1 Multi -omic associations for PRE and GDM complications. a) Statistically significant 

lipoproteins in PRE and GDM with GO annotations related to lipid metabolism and/or transport 

and protein and lipid pathway relationships of interest for (b) PRE and (c) GDM. 

a Previously reported lipoprotein associations for PRE and GDM are shown with an asterisk (*). 
b G-test significance is noted with ++ and - - , whereas ANOVA significance is denoted by + and - for the 

upregulated and downregulated proteins. 
c Grey illustrates proteins statistically significant in PRE, while blue denote GDM. 

 

Multi -omic comparisons were also used to identify protein and lipid species that uniquely 

characterize each complication at admission to labor and delivery (Table 4.1b and 4.1c). Both 
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PRE and GDM demonstrated dysregulation of enzymes associated with phospholipid variation, 

shedding light on specific head group and fatty acyl trends. Specifically for GDM, 

phosphatidylethanolamine-binding protein 1 (PEBP1), an enzyme with preferential binding of 

PE lipid species, and peroxiredoxin-6 (PRXD6) which has been shown to selectively reduce the 

sn-2 position of phospholipids were significantly downregulated and serve as unique candidates 

for GDM diagnosis (Table 4.1c). Notably, a majority of PE P- upregulation was within 22:6-

containing species and this trend was extended to other lipid classes with PC(17:0_22:6) also 

being differentially expressed solely in GDM. Downregulated TG species were also uniquely 

observed in GDM patients. Interestingly, these species all contain shorter FA groups, which can 

cross the placenta without carrier proteins. Protein disulfide-isomerase A6 (PDIA6) and protein 

disulfide-isomerase A5 (PDIA5), which affect disulfide bonds, were also uniquely 

downregulated in GDM and could be partial contributors to the altered proteome expression 

observed. Other notable proteins uniquely observed for GDM were the glycosylation enzymes 

(LYAG, EXT1 and B4GA1), which are involved in carbohydrate metabolism. 

Unlike GDM, PRE was largely characterized by protein dysregulation in enzymes 

involved in innate immunity with a majority of uniquely dysregulated species serving roles in the 

BCC pathway, again affirming this pathway and its relationship to PRE diagnosis (Table 

4.1b).33,36 Phosphoglycerate kinase 1 (PGK1) and alpha-enolase (ENOA) suppression further 

defined dysregulation of placental energy processes through their activity in glycolysis. Lipid 

dysregulation was also observed as characteristically defining PRE. PE species containing 20:0 

were uniquely upregulated, a finding of interest considering the upregulation of 22:6 in GDM 

patients. The most notable multi-omic connection for PRE was that phosphatidylinositol-glycan-

specific phospholipase D (PHLD), an enzyme responsible for the hydrolysis of proteins from PI-
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glycans was downregulated in PRE, giving context to the dysregulation of the PI species 

observed. Downregulation of PI(18:1_20:4) isomers resolved by LC and IMS were defining 

characteristics of PRE. Comparison of these species to a dataset collected with Oz-ID allowed 

for double bond characterization, revealing both isomers shared the same double bond positions 

of 18:1 (n-9) and 20:4 (n-6, 9, 12, 15).51 Therefore, we hypothesize the PI isomers could have 

different headgroup arrangements due to the fully resolved LC separation and different IMS 

sizes but further evaluation is needed to confirm this.52 Ultimately in this study, by utilizing both 

the lipid and protein relationships for both GDM and PRE, while limited, we found strong 

evidence for head group and fatty acyl specificity for certain proteins. 

4.5 Conclusion 

 To evaluate PRE and GDM, multi-dimensional analyses were performed on a 

clinically diverse cohort. The proteomic analyses for GDM and PRE illustrated specific proteins 

predominantly unique to both complications. Significant proteins in GDM correlated with beta 

cell productivity and carbohydrate metabolism. Given the well-documented association of 

insulin dysregulation and GDM, these findings were expected. For PRE, proteins associated with 

blood coagulation and complement cascade (BCC) were of significance. These results showed 

unique molecular signatures matching the known dysregulation of GDM and PRE, which despite 

cohort limitations, verify the results of this study and subsequent associations made for less-

comprehensively annotated lipidomic and multi-omic associations. 

To facilitate improved lipidomic analysis, tailored structural clustering techniques and 

cheminformatics-powered visualization tools were created to allow for head group and fatty acyl 

assessments. While other studies have investigated lipid dysregulation for PRE and GDM, most 

have focused on specific head groups or summed fatty acyl composition. For example, some 
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studies have called out whole subclasses together (e.g. TG upregulation in GDM39) or have 

focused on multiple species in summed notations such as PI(34:2) upregulation in PRE.53 

Assessing the head and fatty acyl groups independently allowed for the evaluation of lipid 

changes with greater specificity and showcase significant dependencies for PRE and GDM. 

However, even in our evaluations, exceptions arose, thus even more extensive annotations 

including double bond orientations and positions are still needed to fully understand some of the 

alterations occurring in the lipidomic studies. 

Several direct protein-lipid associations in the multi-omic analyses shed light on the 

correlation of protein and lipid dysregulation and known biological implications. Specifically, 

for GDM, the PE P- lipids having 22:6 fatty acyl groups were upregulated, while PEBP1, which 

preferentially binds to PEs (among many other roles in the protein signaling cascade), was 

downregulated. Since these associated molecules were uniquely significant in GDM, their 

directionality differences provide important mechanistic information for the condition. In PRE, 

the PI lipids were consistently downregulated in addition to the PHLD enzyme which is specific 

for PI species. This finding suggests dysregulation in PI associated molecular mechanisms, 

which was not observed in GDM. While limited biological information causes protein-lipid 

associations to be sparse for many diseases, the direct relationships observed here suggest a 

strong interdependence in disease origin and progression. Furthermore, the detected molecular 

markers serve as biomarker candidates for treatment and potential earlier detection of both GDM 

and PRE. However, since our study evaluated patients upon admission to labor and delivery, it 

only captured disease pathogenesis after clinical diagnosis. Thus, to determine whether the 

observed molecular candidates serve as early diagnostic markers, the longitudinal assessment of 

a new patient cohort throughout their entire pregnancy is necessary. 
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CHAPTER 5: Investigating the APOE Genotype in Alzheimerôs Disease by 

Performing Multi -Omics on Different Brain Tissue Regions 

5.1 Abstract 

Alzheimerôs disease (AD) is a neurodegenerative disease with a complex etiology 

influenced by confounding factors such as genetic polymorphisms, age, sex, and race. The 

influence of apolipoprotein E (APOE), for example, is one effect that has been explored to better 

understand what predisposes patients carrying an Ů4 allele type to an increased likelihood of AD 

development. Where these perturbations have been understudied however, is within the 

cerebellum (CB) which until recent evidence of perturbation and AD disease hallmarks was 

assumed to be unaffected by AD. To explore how this polymorphism influences AD progression, 

we performed a multi-omic evaluation of protein, lipid, and metal perturbations across the frontal 

cortex (FCX) and cerebellum (CB) brain tissue for 62 post-mortem patients (33 AD, 29 control 

(HC)). Prior to investigating genotypic influences, we first affirmed the validity of our findings 

based on overlapping observations with existing literature for AD vs. HC changes. Patients were 

then stratified by APOE Ů4 allele type (APOE4+ for those carrying 1 or 2 Ů4s and APOE4- for 

non-Ů4 carriers). Within each carrier status and brain region group, we were able to annotate 

unique molecular perturbations including sub-organelle dysfunction of the mitochondria and 

endoplasmic reticulum, lipid and metal dysregulation, and a novel cell-death mechanism. Taken 

together, this work facilitates an understanding of AD progression and the effects of APOE4 

carrier status across brain regions. 

5.2 Introduction 

Alzheimerôs disease (AD) is a prevalent and debilitating form of dementia that currently 

accounts for 70% of cases and is forecast to triple in case numbers by 2050.1 Clinically, AD is 
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defined by a progressive, impaired cognition and memory loss that translates to the onset of 

disease hallmarks such as amyloid-ɓ (Aɓ) plaques, neurofibrillary tau-containing tangles (NFTs), 

and a significant loss of brain matter volume.2 Substantial effort has been put towards elucidating 

the etiology of AD to develop effective therapeutics and mitigate the prevalence and tenacity of 

AD. Yet, clinical trials of AD drugs have illustrated a 99% failure rate which suggests key 

elements of the pathophysiology driving AD remain elusive.3 What has become clear through 

decades of research, however, is that AD is a complex neurodegenerative disease with 

contributions arising from a multitude of factors such as genetic polymorphisms, age, sex, and 

race that have a consequential impact on disease pathophysiology.4 Apolipoprotein E (APOE), 

for example, is a gene encoded on chromosome 19 that expresses the APOE enzyme, a 

transporter lipoprotein that shuttles lipids across cells.5 The allele type (Ů2, Ů3 or Ů4) of this gene 

has shown a significant difference in representation across AD and healthy populations.6,7 

Currently, the Ů3 allele is the predominant allele type among non-AD humans, accounting for 

~78% of the population followed by a ~14% presence of Ů4 and ~8% for Ů2. Across AD, 

however, these demographics are dramatically skewed with ~65-75% of sporadic AD patients 

having an Ů4 allele type.8 The effects of confounding variables such as age and sex further 

complicate disease pathophysiology and risk of AD onset.9,10 Regarding disease 

pathophysiology, the apolipoprotein E Ů4 allele type (APOE4) has been linked to enhanced Aɓ 

plaque burden and NFT deposition in addition to worse performance on cognition tests.11 

However, the molecular changes associated with APOE4 are not always concrete, as has been 

evidenced by variable findings of cholinergic activity and its fluctuations with respect to APOE4 

among AD cases.12,13 
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To date, a thorough understanding of AD is also challenged by the human brain itself 

which is an incredibly complex organ with distinct structural and functional regions.14 For most 

AD cases, patients are initially identified by the onset of mild cognitive impairment (MCI) and 

impaired processes within the entorhinal cortex and hippocampus, two regions involved in 

memory.15 Progression to mild AD is characterized by the accumulation of Aɓ plaques and NFTs 

initially through the cerebral cortex, then the frontal cortex in moderate AD cases, and finally the 

occipital lobe in instances of severe AD.16 Together, these brain changes result in a debilitating 

disease that impairs virtually all regions of the brain.17 The long thought exception to this, 

however, was that the cerebellum (CB), which is responsible for movement coordination and 

motor function, was unaffected by AD.18,19 Thus, researchers have largely assumed the CB is a 

silent bystander to AD, and have even gone as far as using the CB as a control tissue for studying 

AD progression.20,21 Recent implications of CB activity have however placed interest on its 

potential perturbations associated with various neurodegenerative diseases.18,19,22 For AD, 

research has in fact elucidated a unique mechanism of disease progression. Namely, AD onset 

within the CB has previously been characterized by the presence of Aɓ aggregates but a lack of 

NFTs, which is a finding attributable to the unique morphology of this region.22ï24 Proteomic 

analyses of CB dysregulation of AD patients has also demonstrated the novelty of AD within this 

tissue region, with findings suggesting a defensive response of the CB against oxidation and 

inflammation that makes this region of particular interest for facilitating therapeutic 

developments for AD in other brain regions.24 

While experiments exploring how AD is biased by genetic information in addition to 

race, sex, and age have been considered, a majority of this work is brain region-specific or 

focused on downstream markers in cerebrospinal fluid (CSF) and/or plasma.4,25,26 More global 
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investigations of brain region perturbations associated with AD such as the analysis of the 

prefrontal cortex and precuneus by Seyfried et al. and the analysis of six brain regions by Xu et 

al. have further identified novel mechanisms of disease progression based on differences in 

region morphology and function leading to crucial knowledge on AD pathophysiology.23,24 

However, investigations of AD across brain regions have largely overlooked the CB, thereby 

leaving a hole in our understanding of global AD progression throughout the brain. Additionally, 

the ramifications of the effects of APOE4 carrier status on AD progression across this region has 

also resultingly been unexplored. Herein, we performed proteomic, lipidomic and metallomic 

assays on frontal cortex (FCX) and proteomic and lipidomic assays on CB brain tissue collected 

post-mortem from 62 patients to assess molecular perturbations of Alzheimerôs disease (AD, n = 

33) relative to a healthy control cohort (HC, n = 29). The influence of APOE carrier status 

(APOE4+ for those carrying 1 or 2 Ů4s and APOE4- for non-Ů4 carriers) was also explored 

across each region to identify unique mechanisms of change across each group. Together, this 

study allows us to provide invaluable insight into how APOE carrier status influences AD 

progression across brain regions. 

5.3 Experimental 

5.3.1 Samples Collection 

All tissue were collected from a Non-Hispanic White cohort at the Florey Institute of 

Neuroscience and Mental Health with rigorous screening criteria. Herein, we included 12 

patients with the Ů3Ů3 and Ů3Ů4 allele types across both AD and HC groups. Additionally, 6 

patients all diagnosed with AD had an Ů4Ů4 allele composition and 5 HC and 3 AD patients had 

an Ů2Ů3 make-up. Altogether, this yielded a total of 62 patients with tissue from both the 

cerebellum (CB) and frontal cortex (FCX). Given the relative sparseness of patients within the 
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Ů4Ů4 or Ů2Ů3 allele types, samples were grouped by Ů4 carrier status into APOE4- and APOE4+ 

to explore how the presence of an Ů4 allele type influenced disease progression. Demographics of 

the cohort and respective group comparisons are presented in Table 5.1. Notably, the HC cohort 

was on average younger than the AD population for both carrier groups. This observation 

however was not statistically significant and is in accordance with correlative associations of AD 

prevalence increasing with age.2 This study also had a difference in male/female ratio across 

APOE4- and APOE4+ groups. However, this higher prevalence of female patients within the 

APOE4+ carrier group is in agreement with the increased odds ratio for women Ů4 carriers 

developing AD compared to their male counterparts with the same allele type.27 Additionally, 

collection time of FCX and CB tissue relative to the post mortem interval (PMI) was recorded. A 

significant difference (p-value = 0.0134) in PMI was noted for the APOE4+ HC and AD cohorts 

and is considered a potential limitation of this study. 

Table 5.1 Patient demographics. 

 APOE4- APOE4+ 

Group HC AD HC AD 

Allele make-up 

5 Ů2Ů3 

12 Ů3Ů3 

3 Ů2Ů3 

12 Ů3Ů3 12 Ů3Ů4 

12 Ů3Ů4 

6 Ů4Ů4 

Age (yrs.) 

Avg±Std. Dev. 

66.5±13.7 78.0±9.7 74.6±7.7 81.3±10.0 

71.8±13.2 78.6±17.7 

PMI (hrs.) 

Avg±Std. Dev. 

39.9±15.2 34.0±20.3 42.8±21.0 25.9±14.2 

37.1±9.6 32.6±18.9 

Sex 13M, 4F 14M, 1F 7M, 5F 8M, 10F 

 

5.3.2 MPLEx Protein-Lipid Extraction 

Simultaneous extraction of proteins and lipids was completed by following the MPLEx 

procedure.28 Initially, a 500 µL aliquot of a cold, 60:40 methanol/water solution was added to 

samples. Tissue was then homogenized with a hand tool for 2 minutes and subsequently vortexed 

for 30 seconds. Homogenized samples were then transferred to Sorenson Bioscience vials 
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containing 600 µL of chloroform and vortexed for an additional 30 seconds. Samples were then 

placed at -80°C for 5 minutes and then centrifuged at 4°C and 12,000 xg for 5 minutes. This 

created a 3-phase separation of metabolites (top), proteins (middle) and lipids (bottom).28 Lipids 

were removed, dried down with a speedvac, and then reconstituted in 2:1 chloroform/methanol 

for storage. Prior to analysis, lipid samples were dried down again and reconstituted in 2 µL of 

chloroform and 98 µL of methanol. To isolate proteins, the protein pellet was removed and a 500 

µL aliquot of methanol was added. Samples were centrifuged again for 5 minutes. Methanol was 

then removed, and the protein pellet was left to dry at room temperature and subsequently frozen 

at -80 °C until digestion. 

5.3.3 Protein Digestion 

Protein digestion was carried out using 100 µg of total protein for each sample. To begin, 

protein samples were transferred to a 96-well plate preloaded with urea (Sigma-Aldrich, St. 

Louis, MO) to achieve a final concentration of 8 M in solution. Dithiothreitol (DTT, 50 mM 

stock concentration) (Sigma-Aldrich, St. Louis, MO) was then added to achieve a 10 ɛM 

concentration. Samples were subsequently incubated at 37°C with constant shaking at 1200 rpm 

on a BioShake iQ Thermal Mixer (Bulldog Bio, Portsmouth, NH) for one hour. This permitted 

protein denaturing and sulfide bond reduction. Cysteine residues were then alkylated through the 

addition of a 1 M iodoacetamide (Sigma-Aldrich, St. Louis, MO) solution to a final 

concentration of 40 mM. Samples were subsequently incubated in the dark at 25°C for 45 

minutes prior to a 4-fold sample dilution with 50 mM ambic, 1 mM CaCl2. Sequence grade 

TPCK treated trypsin (Trypsin Gold, Mass Spectrometry Grade, Promega) was then added to all 

samples in a 1: 50 enzyme to protein ratio. Enzymatic digestion was carried out at 25ÁC with a 

constant shaking at 1200 rpm for 16 hours. To quench digestion, samples were acidified by the 
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addition of trifluoroacetic acid (TFA, 10% stock concentration) (Sigma-Aldrich St. Louis, MO) 

solution to yield a final concentration of 0.1%. Peptides were desalted on a solid-phase extraction 

(SPE) using Preston 100 Positive Pressure Manifold (Phenomenex, Torrance, CA) with a Strata 

C18-E cartridges and a mobile phase solution of 80% ACN, 0.1% TFA prior to concentration 

with a SpeedVac. Final peptide concentrations were evaluated by BCA Assay and subsequently 

normalized to 0.1 ɛg/ɛL with 2% acetonitrile, 0.1% formic acid prior to LC-IMS-MS analyses. 

Sample pools were created by combining equal amounts of digested peptide samples 

from each group (AD and HC). A 300 ɛg pooled sample aliquot was then fractionated with 

Waters reversed phase XBridge C18 column (250 mm Ĭ 4.6 mm column containing 5 ɛm 

particles, and a 4.6 mm × 20 mm guard column) (Waters, Milford, MA) using an Agilent 1200 

HPLC System over 109 minutes at a 0.5 mL/min flow rate. The LC gradient started with a linear 

increase of solvent A (5 mM ammonium formate, pH 10.0) to 10% B (5 mM ammonium 

formate, pH 10, 90% acetonitrile) in 3 min, then linearly increased to 30% B in 86 min, 10 min 

to 42.5% B, 5 min to 55% B and another 5 min to 100% solvent B. In total, 96 fractions were 

collected throughout the LC gradient. Fractions were concatenated into 24 total fractions by 

combining every 24th consecutive fraction (i.e., combining fractions #1, #25, #49, #73; #2, #26, 

#50, #74; and so on). All fractionated samples were dried down and re-suspended to a 0.1 ɛg/ɛL 

peptide concentration in 2% acetonitrile, 0.1% formic acid prior to LC-IMS-MS analyses. 

5.3.4 Proteomic LC-IMS-MS Analysis 

Proteomic data was collected on a home-built 1-m DTIMS ion mobility system coupled 

to an Agilent 6224 TOF MS with a 1.5 m flight tube.29 This allowed data for all 124 samples to 

be collected at a m/z resolution of ~25,000 in enhanced dynamic range mode.29 Additionally, all 

proteomic IMS-MS data was collected from 100-3200 m/z. LC separations were conducted on a 
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home-built, fully automated 2-column HPLC with in-house packed capillary columns. Samples 

were separated over a 60-minute gradient on a 30 cm long C18 column with a particle size of 3 

µm and an outer and inner diameter of 360 µm and 75 µm; respectively. An injection of 5 µL of 

each sample was separated at a flow of 1 µL/min using a linear gradient of mobile phase A 

consisting of 0.1% formic acid in water and mobile phase B which was comprised of 0.1% 

formic acid in acetonitrile.30 The gradient increased mobile phase B from 0 to 60% until the final 

2 min of the run when B was purged at 95%. 

5.3.5 Lipidomic LC-IMS-MS Analysis 

Lipidomic data from the 124 tissue samples was collected on a Waters Acquity UPLC H 

class system coupled to an Agilent 6560 IM-qTOF MS platform that was outfitted with a 

commercial gas kit (Alternate Gas Kit, Agilent) and a precision flow controller (640B, MKS 

Instruments). Samples were analyzed with both positive and negative ESI over a 50-1700 m/z 

range. Additionally, the cycle time of the TOF instrument was set to 1 s/spectra to increase low 

abundant ion signals. LC separation was completed using a reverse phase Waters CSH column 

(3.0 mm Ĭ 150 mm Ĭ 1.7 ɛm particle size) over a 34-minute gradient at a flow rate of 250 

µL/min. An additional column wash and re-equilibration of 4 minutes was completed between 

each 10 ÕL sample injection. Mobile phase A consisted of acetonitrile/water (40 : 60) with 10 

mM ammonium acetate and mobile phase B consisted of acetonitrile/isopropyl alcohol (10 : 90) 

containing 10 mM ammonium acetate. Details on LC gradient and column wash are presented in 

Table C.1. 

5.3.6 Proteomic and Lipidomic Identification 

Proteomic and lipidomic identifications were made with accurate mass tag (AMT) 

matching.31,32 This resulted in 25,827 and 25,039 peptide identifications across FCX and CB 
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brain regions. These peptides corresponded to 2,620 and 2,793 proteins across tissue regions 

using the roll-up criteria of Ò 2 peptides detected per protein and Ò 1 unique peptide. Of these 

proteins, there were a total of 3,330 unique identifications and an overlap between tissue regions 

of 78.6%. Lipid identifications were also made based on AMT in LIQUID software.32 This 

yielded a total of 173 and 121 lipids observed across positive and negative ionization modes. It is 

of note that lipid assignment was based on certainty of experimental evidence. On the LC-IMS-

MS platform leveraged herein, this typically included head group and fatty acyl assignment, but 

not sn-position or double bond information (i.e. PC(16:0_18:1)). For species with multiple 

potential matches, all identifications are given separated by a ñ;ò to provide clarity on 

assignments. Additionally, lipids that matched multiple experimental data are denoted as ñ_Aò, 

ñ_Bò, etc. to express the identification of potential isomers. 

5.3.7 Metallomic Extraction and ICP-MS Analysis 

Metallomic analyses were conducted on a separate FCX tissue sample collected from the 

same 62 patients following established metal fractionation protocols.33 Tissue was initially 

homogenized in a benchtop centrifuge at 14,000 xg prior to suspension in Tris-buffered saline 

(TBS, 50 mM Tris pH 8.0, 100 mM NaCl) containing EDTA-free protease inhibitors (Roche) 

that was added at a ratio of 1:4 (tissue:buffer, w/v). A sequential 4-step extraction was used to 

remove soluble (TBS), peripheral membrane and vascular material (Na2CO3), membrane and 

internal organelle (Urea), and insoluble metals (FA).33 First, samples were centrifuged at 100,000 

xg at 4 °C for 30 minutes. A titration of a Na2CO3 pH 11.0 (1:4, tissue:buffer) was then used to 

resuspend the remaining pellet which was centrifuged again following a 20 minute incubation 

period on ice. The remaining pellet was re-suspended in a 7 M urea, 2M thiourea, 4% CHAPS, 

30 mM bicine, pH 8.5 solution and immediately centrifuged. Finally, the last suspension used an 
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80% formic acid solution which sat overnight prior to an additional centrifugation step. From 

each centrifugation, all supernatant material was collected and stored at -80 °C until analysis. 

Mass spectrometry analysis of the 248 fractions from FCX tissue was performed on an Agilent 

Technologies 7700× ICP-MS system outfitted with a Teflon MiraMist concentric nebulizer and 

Scott-type double-pass spray chamber (Glass Expansion, VIC, Australia) as described 

previously.34 Helium served as the collisional gas to remove potential polyatomic interferences 

and the instrument was calibrated using multi-element standards (Accustandard, ICP-MS-2-1, 

ICP-MS-3-1, ICP-MS-4-1; total of 44 elements) in addition to an online introduction of yttrium-

89 as the internal standard. Herein 15 metal and metalloid ions were monitored: 23Na, 24Mg, 31P, 

39K, 52Cr, 55Mn, 56Fe, 59Co, 60Ni, 63Cu, 66Zn, 78Se, 85Rb, 111Cd, 208Pb. 

5.3.8 Data Processing, Statistical Analysis, and Visualization 

Statistical analysis and data processing was completed in R (version 4.0.4)35 using the 

pmartR package.36 Initially, peak areas for each dataset were read in, log2 transformed, and 

assessed for outliers through a three-pronged interrogation of an RMD-PAV algorithm37, Pearson 

correlation and principal component analysis. This resulted in the removal of 2 samples from the 

metallomic membrane dataset, 1 lipid sample outlier and 3 protein sample outliers. Additionally, 

any identifications lacking adequate data for qualitative or quantitative statistical tests were 

removed prior to dataset normalization.38 Peptide data was normalized by rank-invariant peptide 

RIP(0.2)39 and an additional filter of Ò2 non-missing feature values in a group and Ó3 missing 

features in a group was applied prior to the rollup of peptides into protein identifications. Given 

the prevalence of missing values within proteomics data, peptides and proteins were evaluated 

with a t-test and Holm-correction g-test40 to assess the quantitative and qualitative changes in 

protein abundances, respectively. Default BP-Quant41 was also applied to perform signature-
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based protein quantification. For the AD vs. HC comparisons, a total of 894 of the 2,620 

identified proteins within the FCX were dysregulated with 409 being downregulated (Table C.2) 

and 485 being upregulated (Table C.3). Significant breakdown of the CB region included 519 

downregulated (Table C.4) and 376 upregulated (Table C.5) for a total of 895 proteins of the 

2,793 identified being dysregulated. For metal and lipidomic data, median centering 

normalization was performed. Statistical analysis was then completed with a t-test for the 

comparison of AD vs. HC across each brain region, and across APOE4+ and APOE4- carriers. 

AD vs. HC results for the lipidomic data within the FCX brain region exhibited 120 

downregulated (Table C.6) and 66 upregulated (Table C.7) species. Conversely, CB data 

showed less perturbation with only 23 downregulated (Table C.8) and 53 upregulated (Table 

C.9) species. Metallomic results for the FCX region demonstrated perturbation across all 

fractions with the greatest dysregulation among the TBS layer where 11 of the 15 monitored 

metals were upregulated (Table C.10). Therefore, discussion of metallomic results herein is 

focused on the TBS fraction. Additional comparison on HC and AD cohorts was carried out to 

explore variations in APOE4+ vs. APOE4- carriers. A Holm correction and p-value cutoff of 

0.05 were applied to determine significant species for all comparisons.42 Covariates of PMI, age 

and sex were also included in statistical tests. 

To interpret the complex multi-omic perturbations in this study, data exploration was first 

assessed individually through each respective omic field. Proteomic data was first assessed for 

common themes through the DAVID43 ontology enrichment toolbox and KEGG44 pathways. 

Enrichment analysis of proteomic results is further broken down in Tables C.11-C.15. Lipidomic 

data were assessed through structure-function relationships with the SCOPE45cheminformatics 

toolbox. Significant species from the comparison of AD vs. HC across each APOE4 carrier 
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status and brain region are presented in Tables C.16-C.24 for both lipid and metal perturbations. 

Additional exploration of lipid and metal perturbations across APOE4+ vs. APOE4- 

comparisons is present in Tables C.25-C.33. Enrichment analysis of specific structural motifs of 

lipid AD vs. HC data was completed in Lipid Mini-on46 and is presented in Table C.34. 

Figure 5.1 AD vs. HC proteomic changes. A) Venn diagram of proteomic perturbations across 

brain regions. B) Fluctuations of proteins associated with AD. C) KEGG metabolic pathway 

coverage for AD vs. HC across both regions. 

 

 



 

145 

 

5.4 Results and Discussion 

In this study, we performed a multi-omic evaluation of protein, lipid and metal changes in 

brain tissue collected post-mortem from the cerebellum (CB) and frontal cortex (FCX). Initially, 

these regions were chosen to provide a more rigorous screening of CB perturbations and 

compare these findings to a brain region with established associations with AD. Specifically, the 

FCX was selected given itsô role in behavior and completing mental tasks, two processes known 

to be impaired with AD.23 To provide a thorough coverage of molecules within each 

biomolecular class, we utilized two different instrumental platforms. First, a multidimensional 

platform coupling liquid chromatography, ion mobility spectrometry and mass spectrometry 

(LC-IMS-MS) was utilized for in-depth lipid and proteomic analyses. An inductively coupled 

plasma mass spectrometry (ICP-MS) system was then used for the metallomic evaluations. Once 

molecules were identified in each platform, data was compared to evaluate AD versus HC 

perturbations of brain regions independently. These samples were then further stratified based on 

APOE4 carrier status (APOE4 carrier (APOE4+) and APOE4 non-carrier (APOE4-)) to 

interrogate the role of APOE4 in disease progression across the two regions. Initially, we chose 

to focus on the individual -omic perturbations and then combined these results to provide a 

multi-omic understanding of how APOE4 carrier status contributes to AD progression across 

these brain regions. All statistical analyses were conducted with covariates of sex, age and post-

mortem interval (PMI), a Holm correction, and a p-value cutoff of 0.05.42 

5.4.1 Overview of AD vs. HC Perturbations 

Since an immense amount of data was acquired for this study, the first analysis was to 

understand the molecular changes between the FCX and CB brain regions for the AD and HC 

patients, regardless of APOE genotype. Given that proteomics was the most annotated -omic of 
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our study, we first aimed to validate the accuracy of our study through agreement with existing 

literature. Herein, we identified 2,620 proteins within the FCX with 895 observed as statistically 

significant (485 downregulated (Table C.2) and 410 upregulated (Table C.3)). In the CB, a total 

of 2,793 proteins were identified with a notable percentage being downregulated (894 significant 

proteins with 696 downregulated (Table C.4) and 198 upregulated (Table C.5)). Between the 

FCX and CB regions, an overlap of 233 proteins were perturbed in both regions with 56% (131 

proteins) being downregulated across both regions (Figure 5.1A). The remaining proteins were 

broken up as follows: 24 upregulated across both CB and FCX, 56 downregulated in CB and 

upregulated in FCX, and 22 upregulated in CB but downregulated in FCX. Of the significant 

species, we noted several proteins that have been previously established in the literature as being 

perturbed in AD (Figure 5.1B). Namely, enzymes associated with binding and cleaving Aɓ 

peptides such as clusterin (CLUS) and tripeptidyl peptidase 1 (TPP1) were both significantly 

upregulated in the CB and TPP1 was also upregulated in FCX.47,48 Within the FCX, CLUS 

lacked the unique peptide requirement for confident inclusion in our analysis however we did 

note that without the peptide requirement filters this protein was also significantly upregulated in 

this region. A significant downregulation of cytochrome oxidase 6 (COX6C) was also present 

across both regions and is a marker of reduced neural activity.49 Evidence of neural damage was 

also detected by way of the downregulation of 14-3-3 epsilon (1433E) and theta (1433T) proteins 

and synaptotagmin-1 (SYT1) across both regions.50,51 

Additionally, AD research has previously characterized significant metabolic 

dysregulation corresponding with neurodegeneration. To explore the perturbation of enzymes 

associated with these findings, we also explored KEGG metabolite pathway coverage for our 

significant proteins in the overall comparison of AD vs. HC across both FCX and CB (Figure 
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5.1C).44 This resulted in the observation of glycolysis, oxidative phosphorylation and the pentose 

phosphate pathway being dysregulated across both regions, further affirming mitochondrial 

dysfunction across both brain regions and differences in energy processes across AD and HC 

patients.52 KEGG metabolic coverage also showed dysregulation of amino acid, purine, 

pyrimidine, and fatty acid metabolism when comparing AD vs. HC cohorts. These findings 

verified impaired metabolic processes previously flagged within AD studies to include 

dysregulation of enzymes associated with pyrimidine and purine metabolism,53,54 alterations in 

branched-chain amino acid (BCAA) which serve a role as neurotransmitters,55,56 and immune 

activation through tryptophan degradation.57 Additionally, fatty acid biosynthesis and lipid 

metabolism enzymes were also significantly dysregulated which could affect their roles in 

energy processes and signaling events.56,58 Proteomics data also showed significant coverage of 

the AD pathway in both CB and FCX brain regions with FCX exhibiting slightly more disruption 

(Figure 5.2).44 This slight difference in coverage is however not surprising given the 

documented absence of NFTs in CB.22 Consistencies in AD pathway perturbations were also 

present through enzymes such as mitochondrial complexes I-V which were downregulated in 

both the FCX and CB. While mitochondrial dysfunction has a debatable role in existing literature 

as either the cause or effect of AD, this sub-organelle has a well-established role in AD 

progression, thereby further verifying the reliability of this study in capturing AD 

perturbations.59ï62  

5.4.2 -Omic Perturbations Across APOE4 Carrier Status and Brain Region 

To further explore potential mechanistic variations in AD, we queried the unique 

perturbations across each APOE4+ and APOE4- carrier and brain region. While specific allele 

could have been compared the power of these comparisons was low and grouping was necessary 
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to provide insight into APOE contributions to AD progression across these brain regions. Given 

that proteins represent the most annotated molecules investigated herein, our analysis of APOE4 

carrier status across brain region began with the proteomics data and subsequently integrated 

other omics where they were relevant. From these stratified groups, we observed 1,055 

significant proteins within the FCX APOE4- group and 399 significant proteins within the FCX 

for the APOE4+ group. AD vs. HC comparison for the CB APOE4- group yielded 470 

significant proteins and 1,235 significant proteins for the CB APOE4+ group. Once protein 

perturbations across each group were identified, we were interested in identifying both the shared 

and novel changes. Through the assessment of shared perturbations, we were able to define 

characteristics of AD regardless of APOE and brain region. From our analysis, only 17 proteins 

were dysregulated across all 4 groups (Figure 5.3). This included enzymes with established roles 

in AD vs. HC including COX6C, energetic processes (ACO13, ODPB), and mitochondrial 

activity (ACON, TIM50, ODPB) (Table C.11). 

 Meanwhile, the unique changes across these subgroups are also mechanistically 

informative as these perturbations have the potential to facilitate our understanding of how AD 

progression is influenced by the heterogeneity of the brain across regions and the predisposing 

effects of an APOE4+ carrier status (Figure 5.3). Thus, our analysis was focused on the 

outermost areas of the Venn diagram that represent these uniquely perturbed species. This 

included the 501 uniquely dysregulated proteins in the FCX APOE4- group, the 109 uniquely 

dysregulated proteins in the FCX APOE4+ group, the 164 uniquely dysregulated proteins within 

the CB APOE4- group and finally the 686 uniquely dysregulated proteins in the CB APOE4+ 

cohort. To explore these novel protein changes further, the biological processes of the unique 

proteins observed across each subgroup were explored with the database for annotation, 
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visualization, and integrated discovery (DAVID) ontology tool and then manually curated to 

identify unique motifs within each subset of samples.43 Enrichment analysis within DAVID was 

also used to determine the likelihood of specific processes being present. 

Figure 5.2 AD vs. HC significant protein coverage of AD pathway.  

 

5.4.3 FCX -Omic Changes in AD APOE4- Carriers 

The FCX APOE4- cohort had 501 uniquely dysregulated proteins that were used to 

identify novel mechanisms of change. The most enriched processes of these species were choline 

and lipid metabolism, protein phosphatase, metal ion homeostasis, and autophagy (Table C.12). 

Through further analysis of protein phosphatase enzymes, we identified several species 


