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 usingmtilti
analyses. Among the greatest hurdle of rmritic workflows are the vasnumber of
biomolecules classes that, despite their biological significance, are poorly understood and limit
the quality,depth,and biological insight of mukomic analyses. Therefore, a great need exists
for tools to facilitate data analysis and intetption forthe less @évelopedomics. Lipids are one
class of biomolecules that face substangiaslytical obstacles inconfidently identifying and
measurindipid specieghatfurther result in significant downstream hurdlesdetermining thie
biological connotatior. 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 challendes/d developed Structurabased
Connectivity and Omic Phenotype Evaluations (SCOPE) cheminformatics toollaxilitate
lipid inquiry across bothstructure/biological connections and metadatsociations My
dissertation details this approach and apgication fo three biological projects. The first is a
longitudinalmonitoring of stem cell differentiation into neural and mesodermal lineages where |
aimed to understand normal cell development through the similarities and differences of
lipidome alterations acrossique cell lines. In my next application, | expldrgvo pregnancy
complications, preeclampsia (PRE) and gestational diabetes mellitus (@wd)gh both
lipidome and proteome perturbatiottselucidate mechanisms of interest for both syndromes

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



Al zhei mer 6s disease (AD) across two brain re
(CB). In this study | was abl® elucidate the mechanisms of AD progressiod how genotypic

factors may influence different molecular profiles across either rediaken together)|
demonstrate how SCOPE can facilitate the exploration of lipid changes both in sole lipidomic

studies and mukomic 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 treatméritherefore, a thorough assessment of the molecular
alterations occurring prior to symptom onset and throughout treatment provides vital information
for the development of effective intervention stragsgi To date, the characterization of
molecular perturbations and interactions in diseases has mainly focused onrdepthin
interrogation of individual biomolecule classesq proteins, genes, metabolites, etc.). Defining
diseaseaelated perturbations ithugh the lens of a singular molecule type-@me, however,
blinds the researcher to molecular changes occurring across other biomolecules and the
ubiquitous interactions present within a given systeRurthermore, 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 diseas€. Humanbased studies also offer an increased complexity through phenotypic
differencesfrom factors like environment, diet and lifestyleat can result influctuatiors of
molecule abundancacross a populatiorthereby further precluding the annotation of important
molecules for disease developméhtgure 1.1).#® Thus, extended molecular approaches are
needed to provide a comprehensarmd accurate portrayal of diseases. Over the past decade,
initiatives to increase the und&sding of molecular perturbations within a given system have
moved toward mulibmics, an informatiomich approach that examines several biomolecular
classes congruently. Mudmic analyses extend the insights obtained from singuaaric
studies by meauring and correlating what could happen (genomics and transcriptomics) and

how it is happening (proteomics, metabolomics, and lipidomiblti-omic pipelinesthereby



offer a holistic evaluatioof systerawide perturbations that can greatly facilitate the query of
diseasgerturbations. However, integration of numerous fields of study is not without challenges
that deter the routine application of a comprehensive, fooiic interrogation into diease

originsodo and progression.

Patient B Patient D

Population

Healthy Disease
Molecule Abundance

Figure 1.1 Contributions of phenotype to molecule abundance across a human popwation.
statistically significant molecule and its potential abundance in a healthy and diseasea@ohort

be dramatically influenced bgaraneters such as lifestyle, diet, sex, agge among many
ot hers. The nfluxes of these variables withi

areao that clhal |l enges the categor.i zation of a
Analyticdly, the increased number of experimental extractions and instrument analyses
for each measurablemic can be expensive, both sample and-esuming, and can result in
downstream biases based on data collection and analysis prét@tades of instrumental
advancements ieach--omic area have enabled deeper coverage, enhanced automation, and
increased throughpt.Thee advancements have in turn contributed dramatically to the
feasibility of multromic 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 fo the analysis of biomolecules. Despite innovations in MS technology and its great



depth of coverage possible, MS remains challenged by molecules with varying ionization
efficiencies, insource fragmentation, numerous isomeric species, and sample dyages r
exceeding 10 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 noobility spectrometry (IMS), provide an
additional dimension for distinguishing species and increasing the confidence of identifigations.
However, even with the additional dimensions and fragmentpttierns numerous features are
unable to be annoed or identified. These undetected or unidentified molecular species are
typically referred to as Adar k mattero with
impairing the biological context annotated within a given system. For example, the sitructur
diversity of metabolomics results in only 1.8% of untargeted metabolomics spectra being
annotated using M&.Incomplete coverage is, however, not unique to metabolomicsomic
techniques suffer &m partial coverage, albeit at different degrees of sevdntggrating the
information from multiple singleomic studies, each of which are often immense datasets with
the number of identifiable signals spanning from hundreds to tens of thousandse is o
monumental obstacle preventing the comprehensieduation and interpretation @l the
perturbations and interactions present within a system. This obstacle is further confoutiaed by
gaps in-omic coveragethat inhibit the complete elucidatiorof diseasedysregulation 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 mechanism§hus, multtomics data irdgrpretation is inherently limited by the quality,

depth, and biological knowledge possible within singedanic studiesMy research specifically



focuses on one class of understudied molecules, lipids, and increasing the understanding of lipid
contributians 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 prectid6iBo date, more than
44,000 entrieof lipid speciesexist in the LIPID MAPS database with computational projections
suggesting that 18000 unique species comprise the entire lipiddfité. Standardization of
lipids through the curation of the LIPID MAPS consortidnt has been used to classify lipid
species into 8 categoriémsed orshared structural and physiochemical characteristics. These 8
categories incluel fatty aads, glycerolipids,glycerghospholipids, sphingolipids, sterol lipids,
prenol lipids, saccharolipids, and polyketidegith all categories except saccharolipids and
polyketides being present in hum&nadditional diversity within lipid categories arises from
classbasedstructural differentiatiordependent on each lipid categofylycerogospholipids,
for exampleare uited by the presencaf a phosphate group bound to a glycerol backbone but
diverge in the functionalization of their head grotpsncludemoieties such as a tertiary amine
(phosphatidylcholine PQ, or inositol group (phosphatidylinositolPl). Converset, all
glycerolipids share the same glycerol backbasealycerophospholipids but lack the phosphate
moiety such thathe number ofatty acyl FA) groups present: three (triacylglycerdlG), two
(diacylglycero] DG) or one (monoacylglyceroMG) distingushes the lipid classe3he 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 arisinffom stereochemistry, double bond placement, and acyl chain

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



group/class, and fatty acyl contefigure 1.2A). The structural diversity ahe combined lipid
componentgprovides flexible utility of lipids in a myriad of biological processes and region

specific expressionf lipids across various tissue and cell types that is still being discoVvered.
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Figure 1.2 Lipid structual complexity. A) General outline of complex lipid structure for an
example PC(18:0/18:1(92)) lipid. Complex lipids compose a polar head group (green), backbone
(blue) and fatty acyl tails (purple). B) Possible lipid issnpairs to include differences in
stereochemical arrangement, double bond position and orientation, fatty acyl length and position
and lipid subclass.

Lipid classifications at botkthe category and class level have proved to dictate both the
location and role of each spectéd?® Fatty acids, for example, are used for synthesibioth

complex lipid species and a class of signaling molecules known as lipid mediators that make
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them key regulators of biological proces&additionally, fatty acids are crucial components of
energy processes for the placenta during pregnancy and the mitochondria under oxidative
phosphorylation condins?®22 The uptake of fatty acids for storage into glycerolipids also
allows lipids in this category to serve vital roles in energy processes and lipid tr&sport.
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 Pls involved in the
PI3K pathway, oxidative processes through plasmalogensg®®th 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)
specie€¥ 2’ Modulation of fatty acyl (FA) composition across complex lipid sgecian also
influence the biological systenCis or trans FA orientations, for exampleave discrete
influences orbiological mechanismwith trans FAs promoting endoplasmic reticulum stress and
system inflammation, triggering cholesterol synthesis, aode@sing the accumulation of fat
storage within the liver that been connected with disorders like cardiovascular disease, diabetes,
and obesity®2° Additionally, polyunsaturated FAs (PUFAs) are a subseFAs with O t wo
doubl e bonds that b e3) iornsixtlo carboe(i %) laleng a EA ahaint hi r d
Dysregul ati on -3 na nedPURA spediesnofavar df ¥-3 specieshave been
characterizedo alter lipid peroxidation in membranes and suppress cell signal transduction
while anovera b u n d a n ¢ e6 couiterparh iengirsyion transpori® Taken together, the
integral involvement of lipids in a myriad of biological processes has implicated lipids in a
number of di seases including Al zhei mer ds di se€
and eighth leading causesasdath within the United States from 202620; respectively: AD

is a common neurodegenerative disedsa is highly susceptible to lipidome perturbation



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?*? Diabetesis 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 sttb¥elipid perturbations within diabetes have
been demonstrated amongeeyy storage categories including fatty acids and TGs with
additional dysregulation noted across lipoprotein partifié&Given thelipid dysregulation in
disorders likediabetes, cancers,DAand many others, lipidomic assessments are now desired for
many conditions to assess their significance and contributiosigsterawide perturbationg®39
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 chargen@iodlue but
deviate in FA connectivity, double bond placement, stereochemistry, or other structural
differences Figure 1.2B).2° As a result, a singlen/z value can yieldhnumerouspossible hits
across various lipid classes wheearched against existing databases such as LIPID MAPS
thereby challenging the annotation of lipids with MS altfhieipidome complexityis therefore a
monumental obstacle towards providing andaepth characterization of diseasdevant
perturbations. However, the integral role lipids have in biology makes them crucial to investigate
for elucidating disease mechanisthA3.o 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 DTHBOF coupled to a high

pressure resrse phase liquid chromatography (HPLC) separatiigute 1.3.** To reduce



lipidome complexity of extracted samples prior to MS analysigjtially implemented a 34
minute eversephaselLC (RPLC) separation on a Ciglumn b separate lipid& This allows

for the distinction of lipidsithin the same class by the hydrophobic character of hgpective
FA moieties**** The eluent of these separations idime with the Agilent 6560 DTIMSJTOF
instrument thasimilarly to other MS instruments reiges three main principles fon/zanalysis

ion generation (source), ion separatiomilz (analyzer) and detection of the ions (detectdne
novelty of this system is the presence of a dulfie based IMS (DTIMS) nested between the ion
source and maspectrometer that can perform an additional-based separation. Thus, eluting
ions from the LC separation entering the Agilent 6560 for AMIS analysis are first ionized
through electrospray ionization (ESI) prior to entering a series of ion funalsethuce system
pressure and facilitate ion focusiffgPackets of accumulated ions are then pulsed into the drift
tube which is filled with an inert buffer gas (i.e2)Ninder a uniform electric field for sizmsed
separation of ions. Alternating frames of MS and MS/MS aee thsed to collect both product
and precursom/z information on a timef-flight (TOF) mass spectrometer. Greater detail
surrounding the components of tiagilent 6560 DTIMSTOF that allow for the muki
dimensional separation of lipid species appliethinresearch are presented below.
1.3.1Electrospray lonization (ESI)

Given that both IMS and MS separations requireesse molecules for both size and
massbased separations, it is imperative to get lipids into the gas phase and ionize them for
detection.ESI is an ambient, soft ionization techniqtiat revolutionized e field of mass
spectrometry by allowing for biomolecule analysis as was initially demonstrated with pféteins.
Specifically,ESI operates by applying a potential of typicalkg kV to an emitter carrying, in

the case of my lipidomaistudies, the eluent from the LC separation. The potential at this emitter



is polarized with the MS inlet that carries the opposite potential, thereby creating a chamber with
a high electric fieldAs ions are drawn towards the MS thys electric field,the pressuren the
emitter tipexceeds the solvent surface tensimdthe solvenformsa Taylor coné®>° Within
the emitter, the applied potential interacts with the solvent and results in theipwfdcharge
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 aerosoliz¢®>!
n ot -ri Equation 11

As the solvent evaporates, a series of fission processes occur du€tutbmbic repulsiorof
the charges that build up on the droplet surface and overcome the Rayleigff - fimit.
Mechanistically, two theories prevail for detailing how these charged droplets carrying
biomolecules ultimately result in gaseous ions: the Charge Residue “Kaadel the lon
Evaporation Modé&P. While efforts to detail the specific process of ESI ionization are still
ongoing, ESI continues to be a popular ionization techniquebifumolecule analysis with
additional benefits including its coupling capabilities with,LGw detection limits,limited
matrix interferenceandi t ability to produce multiply charged ioA§>*However, no ionization
technique is without drawbacks including ESI
signal suppression, salt tolerance, and hydrophobic biases.
1.3.2Drift Tubelon Mobility Spectrometry (DTIMS)

The nextmajor component following ESI on the Agilent 6560 is a drift tudsemobility
spectrometry (IMSthamber Figure 1.3). IMS is a gas phaseeparation technique capable of
distinguishing lipids by their size, shape, and chatdift tube IMS (DTIMS)is a rudimentary

IMS method thabegins with the pulsing of iorsccumulated in a trap funnelto a drift tube



pressurized to ~4 torr for my experimettghe ions acceleratérough adrift tube which is

filled with a stationary inert buffer gas under the influence of a weak electricdfig) >8>

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 morpamnons to drift faster than

their extended counterparts. The i ond6®) moti or
dependent upon its mobility § through the drift tube that can also be expressed in terms of drift

tube length §) per drifttime © ) (Equationl.2).%°
v V3O -— Equation 1.2

Under aconstantE,anonés mobil ity (K) is dependent on
(number of gasnalyte collisions) and is influenced by the gas number density (N), temperature
("Y and pressurenj of the drift cell which are normalized using standard temperafy =

273.16 K) and pressur@ (= 760 Torr) for better comparison between experiments (Equation

1.3).50

. . . 2
V) U O— O— andu —OO 5

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 is << the thermal velocity of collisionag moleculesandthe

buffer gasion collisionsarethuseffective in reducing mobility with respect to analyte size and

shap® Ther ef or eeducedmobilityo(th Ycan be expressed in terms of the Mason
Schamp equation, wher®i s Bel ttzZrea nrnedtsdiscimadn snhaasns

number of electrocharge (Equationl.4).

vt 0VLO— O— O- Equation 1.4
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In this equationm represents the momentum transfer collision integral which is often termed the
ion-neutral collision cross section (C&nd is a physiochemical descriptor that can facilitate
lipid identintification.’! 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 char'@e@][e.g.
For all my experiments$;CS measurements are determined fthenapplication of a singtizeld
method that is compatible witherforming LC separatioa®2®® With this approach, raions
arrival time 60 ) is converted to CC8sing a calibration wherthe 0 of ions with established
CCS valuegAgilent tune mix)are measured undarsingular voltage to fit a regression relating

slope, beta and the intercept () of the standardized CCS values (Equafids).5*°°
0 - 0—— 2007Y o Equation 1.5

Subsequent CCS anid valuesfrom lipidomic singlefield measurements can then be calculated
for unknown compounds under the same electric field stréngibr lipids, several advantages
arise from DTIMS analyses including: 1) high sensiiwitith low limits of detection (LoD) in
the ppb range; 2) isomer separatftf¥; 3) compatibility with additional chromatographic
separations and timef-flight (TOF) MS instrumenf8’% 4) reduction in mass spectral peak
congestioit and 5) increased identifaition confidencé?’® However, drawbacks including loss
in ion signal through ion accumulation, diffusion and a low resolving power 6669 that
requires a @CCS of over 5% to resolve two sig
1.3.3Time of Flight (TOF) Mass Spectrometry

For IMS separations, ion collisions and the transfer of momentum through molecular
interactions are required to distinguishids. Mass analyzers, however, are operatader

vacuum at low pressurep € 103 torr) to avoid ion interactions and thus provide accurate
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measurementsMy analyses are based @nTime-of-Flight (TOF) massanalyzer that with
todayds moehatiomachievs snass aaouracies di-10 ppm, resolution between
30,000660,000, and incredibly fast acquisition timesO00 spectra/secondhat facilitate the
integration of IMS with TOF mass spectromeftyTOF instrumentoperate through the
monitoring of ion flight times following theulse of an electric field that accelemsatens into a
flight tubewith a specific kinetic energyror each ion, this results in a relationship between the
energy uptake@ ) which depends upon both the electric fielg @nd the number of electron
charges'Q frand the kinetic energyQ( )of each ion which is function of io® selocity (),
mass ¢ ) and potential energ§Equationl.6).

0O QaYy-aov O Equation 16
Since velocity is a function of the drift path lengtblative 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 i onods(m@emsogEquaoril.@)h ar ge

- 0 — Equation 17

The velocity of each ion, &hr e f or e, i s pr op om/zvalue sugH that lighteri t s 6
ionswill traverse the flight tubéaster and are the first to reach the detedtatial development
of TOF systems were limited by a dependency of mass resolution on flight pgtth éend the
practicality of an instrument with a substantial footpf#it. To achieve the capabilities of
modern TOF instrumentation, a series of instrumental developments have been integrated into
modern TOF mass spectrometer desigwamely, a series of lenses connected with voltage
dividers, commonly termed r&flectron allows ions to turn, thereby increasing the path length,
correcing for applied voltagalifferencesand the subsequentarrowing of the initial velocity

distributions and reducingcollision-based energy loss and fragmentatidoring TOF
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separationg® Additionally, modernTOF instruments typically implement microchannel plates
for detectingand amplifying ion signals throughultiplication of electrong! The resulting ion
intensities with TOB are count vectors representative of the number of ions hitting theatetect
in a small, fixed time window. ArB-bit analogto-digital converter(ADC) quantizes and
converts analog responses to a digital representationntefisity at a rate ofp Jp 1
frames/second™>’® Even with thes innovations, however, the resolving power of TOF
instruments is lower than other platforms which can challenge the assignment of lipids with

close, but not identicain/zvalues from this mass analysts.

A)
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HPLCgs I | |I
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(Polarity, RT) (Size, CCS) CID-TOF (Fragments, m/z)
B)

HPLC

| | T 1 |
ESI lon Funnels Drift tube (IMS) Quadrupole + CID TOF

Figure 1.3 LC-IMS-MS separation of lipidsA) HPLC, IMS and CIBTOF are orthogonal
separation techniques that separate lipids by polarity, sizenemcespectively. B) Schematic of
the Agilent 6560 DTIMS gTOF (bottom) coupled to an HPLC (top). Adapted from Rosé&et all.
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1.3.4 CollisionInduced Dissociation (CID) Fragmentation

Collisionrinduced dissociation (CID) is a fragmentation approach implemented in MS to
provide structural informatioof precursor ions byolliding these ions with a buffer gas under
an applied voltage to produce product ioRsr the Agilent 6560instruments, fragmentation
occurs in spaceasing a quadrupole that appears antenahe TOF analyzet A quadrupole is
another mass analyzer that consists of four parallel metat@oslsichDC and RF vdhgesare
applied totransmt or select ionsbased on theim/z® "8 Devidions 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 uisleany lipidomic analysgswe
leverage an alternating scassquisitionstrategy that allows for the collection of both precursor
and product fragment masses of all lipids in the same experiFmnhe collection of precursor
m/z information, two hexapole cells and a quadrupole cell occurring before the TOF mass
analyzer atas ion guides by setting the DC voltage to O-(RFy mode). The trajectories of ions

in these multipoles can be related to the mechanical poteagjahfion 1.3.

~
g

Y —30—03-0— Equation 1.8

The collection of prodct fragment ions is conducted throughdata independent acquisition
(DIA) strategy that also operates in-BiRly mode and requires no gselection of ions prior to
fragmentatiorf® The middle quadrupole cell sandwiched between each hexapole is filled with
nitrogenand under an applietligh voltage(10-40 eV) that can be toggled on and afflisions
between theanalytesand gas moleculesesult inthe dissociation of precursors into product
fragment$! For IMS coupled instruments, the voltage applied within CIR iemped method
proportional to drift time isce largerions travel slower through the IMS celhd will also

require more energy to induce fragmentafit¥f.For lipids, fagmentation patterns in Clére
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diagnostic acrosglifferent lipid classes and adduct typesd providekey insight into the
structural compositioof lipid specie$®
1.3.5 LGIMS-CID-MS for Lipidomics

Isomeric and isobaric species are prolific within the lipidome, originating from FA
position, functional group orientation (e.g., BMP vs P§position, double bond position and
orientation, regioisomers and evéetween lipidsin different classes and subclass&se
concerted LAMS-CID-MS workflow used for my lipidomic experiments provides a
multidimensional separation that facilitates tieeluction of spectral complexity of biological
samples andllows forthe measurement of CCS to support molecular identificati@zimen the
correlation of analyte size and mass, the separation of analytes b8Vigsults in the
formation of distinct trendlines when comparing observed mass to mobility relationships,
compensatio 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 interference¥. The linear trends of CCS amd/z further translate within biomolecular
classesas differences in lipid category, class and FA comjmusiresult in sudirends to the
separation of various biomolecule clas¥e$ This relationship is incredibly powerful for
postulating putative identifications of unknown spectral featdnes.integration of IMS and MS
for lipidomic analyses has proven extrely 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 ttveselimensions, 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-existirog

isomers. IMS analyses for numerous lipid isomer pair standards have ngtefl SRveral
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hundreds to distinguish variations in functional group position, acyl chain position, chain length
and double bond geometry and oriemtaf® Since CCS values are intrinsic propestof each
molecule, they can be determined using -feeld IMS systems and provide an additional
descriptor for making identifications to enhance annotation confidence and facilitate isomer

distinction within compleiological samples.
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Figure 1.4 Hierarchical clustering overview. A) Dendrogram usedvisualize similarities
between individual nodes. B) Overview of distance computations and linkage to build a

dendrogram.

Altogether, the instrumental platform awodhogonal techniques for my E®IS-CID-
MS analysis of lipids allow for use tdiscriminate lipid species in complex samphlEsoss
polarity, size, and mass dimensioAssigning lipid identiftationsrequires the matching of/z,
CCS,retention time (RThand fragment signals with a specific lipid identificatfdfi® Even when

employing a rigorous ahgis platform like LGCIMS-CID-MS, however,the complexity of
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samples and colation of lipid species complicates the assignment for some isomeric or
isobaric specie¥. Typically with LG-IMS-CID-MS, individual FAs and head group of each lipid
can beputatively assignechowever additional structural informati@ine. double bond position,
FA snlinkage) is often not differentiabl&rom this platform, aiacyl phosphatidylcholine lipid
with 18:0 and 18:1 FAsfor example,would be denoted as PC(18:0_18:1) with the
corresponding head group outside the parenthesethamespective FA groups insitfeThe FA
groups are further separated by a A_0 to deno
glycerol backbonesfrl orsn2) wher eas a fi/ 0 denotes a known ¢
Since ceisolation and shared ligifragments 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 nomenclasueh asPC(36:1)can beused to
reflect the ambiguity of assigning structural elementsh as unknown FA compositiéh!>8°
1.4 Data Analysis and Visualization

Following lipid identification, statistical comparisons for identifying molecuresny
disease discoverypalications 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? ®2 This analysis returns a probabilitieermed a gralue, thatcan then be
used to inform an experimentef the significance of a lipid relative to the question of interest
based on a f al.£®©mipdamdets iare also heavile inflgetced by a p<<n
paradigm where the number ofriables (p) is substantially greater than the number of samples
(n), resulting in hundreds of hypotheses being investigated simultaneously an i nf |l at i ¢
which we correction for by applying a multiple correction faétgknother measure of interest is

the magnitude of change in the relative lipid response betweerconditions through fold
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change (FCwhich is transformed onto a Ipgcale for my experiment§he summary of both
the magnitudgLog>FC) and likelihood of reoccurrencg-value) from statistics allow for the
distinction of lipids for generating hypahbes 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 deweknt over recent decades have greatly advanced
lipidomics. However,to date my LGIMS-CID-MS platform nor others can achieve full
speciation of lipids within a biological matrikastead, multiple approaches are integrated into
lipidomic analysesndacross instrument platforms, lipid speciation can be highly variable. The
subsequenbiological interpretatiorof lipidomic signals is another daunting task pathwayg,
lipid annotationsrea set value that, depending on the platform for data colfeatidcan either
require significant assumptions of lipid characteristics which misinform biological
interpretationsor an oversimplification of lipid fluctuations into broad categories such as class
Instead, manual assessment of lipid speaiesrequird to elucidate biological relevance of
observed lipid change3his 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 (Al) is a bolbox of computebased 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, Al is exceptionally suitable to address the challenges
surrounding multomic data analyses and understudigalics like lipids. The development and
application of Al in multiomics has thus been actively explored for this purpose. Specific
examples of its use include strengthening existing data extractioimtangretation capabilities

through chemometrics and both supervised (outcome established) and unsupervised (outcome
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unknown to model) learning approaciésvly dissertation focuses on the development of a
cheminformaticdoolbox leveraging hierarchical clustering, an unsupervised Al strategy, for the
exploration of trends to lipid perturbation based on lipid structural inform&ti®he benefit of
this approach is demonstrated through applications including the comparison of two pregnancy
complications: preeclampsia (PRE) and gestational diabetesungBDMY®, the longitudinal
monitoring of stem cell differentiation into mature neural and mesodermal lineagetheand
inquiry of I ipidome changes in AD for patient
1.4 1 Hierarchical Clustering

Hierarchical clustering (HAC) is an attractive, simple, and insightful way of
visualizing linear relations and groups ofjetis through the construction of a tlde
dendrogram that uses the height of connective branching of different otgjeuesd nodeso
demonstrate similarityFigure 1.4A).°" Principally, HAC relies on three defining characteristics
that greatly influence resulting dendrograniy descriptors, 2) distance metric and 3) linkage
methodFigure 1.4B).% As molecular species, lipids are not readily described in terms of points
with distances that alv them to be explored in HAC. Instead descriptors of molecular response,
physiochemical propertiesr structure(for the purpose of my applicatigngan be used to
compute relationship¥:1%° Structurebased HAC is a promising approach to explore
relationships angisualize trends téunctional similarity of molecule¥° Relating lipids by their
structure first requires the computation of a molecular fingerprint that provides a numerical
representation of chemical structure from the-s2idctural information encodeffom a
simplified moleculasinput line-entry system (SMILESY? For lipids, functional groups define
thelipid class but great divetsgi exists within lipid classes through subtle structural differences

of snposition, and double bond position and orientation. Iterative scanning apprgacheas
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the Morgan algorithmpor extended connectivity fingerprintE CFP are therefore preferabfer
capturing the additional structural diversity within lipid clas$e€? Originally designed for
molecular isomerism, the Morgan algoritigra timeconsuming and computationally expensive
means of assigning unique identifiers iratively scaming molecular structureat the atomic
and then multatomic leveP® An alternative method, extended connectivity &ngyint (ECFP)
is a variant of the Morgan algorithm that completes adgfened 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 computationiahe 1°21% ECFP_6is within the family of
ECFP algorithms thatompletes threescannimg iterationsfrom an initial position which is
determinedoy descriptors includingtom number, neighboring atona)dring presence among
others!921%The resulting identifier for each fingerprint is a 1€8#representation that denotes
the absence and potential presence of sutistal features that define each lipf8X?
Advantageously, th&unctionalization of lipid head groujor most lipid classes has the greatest
contribution to the computation of numerical identifiers across lipid species

Numerical representation of lipids allows for the computatiorpmiximity between
identifiers based on a specific distance algorithifor cheminformatics comparison of
descriptors, the method of choice for computing fingerprint similarity is the Tanidactmard
coefficient® as this method often outperforms other similarity meassueb as Euclidean or
Manhattan'°1%° Here, similarity of two moleculeé&y6F is defined by the ratio of theumber
of attributes shared)() relative to the union of attributes for molecule(A J, molecule B{§ )

not overlapping between moleculds ) (Equation 1.9.106:109

"“YOoh) _ Equaion 1.9
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The resulting similarity of fingerprints defined by the Tanimoto coefficient takes a value from O
to 1 with 1 representing identical entrié8Mathematically, these similarisecan be converted

to dissimilarity and subsequently expressed as a symmetric matrix such that now O represents
identical entries. The dissimilar matrix produced from distance functions constitute the initial
values used for defining levels at which obgecluster together in dendrogrdmFor my
analysis, an agglomerative or bottap hierarchical clustering approach is performetiere

each lipid is initiallyrepresented aan independentlusterof oneandare iteratively combined

until all lipids are grouped into one object termed a node¥deor every iterative grouping of
nodes a recomputation ofthe distance matrix used for relating objectseiguired®” Defining
inter-object distance and inteftuster associationsfor the default operation of my
cheminformatics workflow relies on the computationtled average distance of nodes within a
cluster through the average linkage metPoditogether,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 meétheek been able to
employ a ECFP_6, Tanimotonsilarity and average linkage method as default parameters to
provide an assessment of lipid structfuection relationships with hierarchical clusterifig.

This overcomes a significant bottleneck of lipidomic data analysis and interpretation, as lipids
with virtually any amount of speciath are compatible with this technique, including the data
from my LGIMS-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 Onic 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 extremallerafing 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 biologi¢alpretations. We have therefore developed a
Structuralbased Connectivity and Omic Phenotype Evaluations (SCOPE) cheminformatics
toolbox to aid in these evaluations. SCOPE enables the assessment and visualization of two main
lipidomic associations: struate/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 Toxigidal Prioritization Index (ToxPi)
software. Here, SCOPE is demonstrated for various applications from environmental studies to
clinical assessments to showcase new biological connections not prewbsstyed 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 signaliagmajority of lipidomic analyses

are performed with mass spectrometry (MS), but the sheer diversity and magnittitee of
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 implicatiérBoth efforts are however very complex. Full

lipid speciation relies on the ability to confidently distinguish various factors sugticaslass,

head group anthtty acyl(FA) chains in addition to more subtle structural changes including FA
linkage site, and double bond positianand orientatioa (Figure 2.1A). Traditional lipidomic
analyses employinIS/MS fragmentatiortypically only annotate lipid head group and fatty

acyl (FA) composition. Putative lipid identifications are therefore often expresstadhead

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 &C(18:0_18:1)with the correspnding head groupoutside the
parentheses and the respective FA groups ifdidéty acyls werannotated 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 alsthviB carbon and one double bond (18:1) are present.
The FA groups are further separated by a @A _0
chains on the glycerol backbonge{l or sn-2). Since ceasolation and shared lipid fragments
within complex mixtues 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 eléméhts.

incomplete FA annotation occumshereonly the summed carbon and double bond caant be
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determined from high resolution MS, even more ambiguous nomenclature, SAC{3&s1) is

used
A) Lipid Annotation
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} Q
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g | |
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Figure 2.1 Challenges in lipid assignment and biat@j 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. Howevelthe assignment of head group, fatty acyl grospgositions,

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 achievedPBthway 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 bosynthesis is shown as an example. C) A network of 746 lipids identified
with our LGMS/MS in a variety of sample types. ECFP_6 descriptors, Tanisatitarity and

ward linkage were utilized to visualize the lipidome coverage and diversity of speciegedbse
Across the sample types studied, 14 unique phosphatidylcholine plasmalogen, (R§htP
green) species were observed. The head group clustering shows thesar®grBuped with all

other PCs on the same branch and thus greatly oversimplifiede lidéntifications showra
majority of lipids were assigned unique fatty acyl and head group compositionssrbut
connectivity and double bond characterization was not possitiiessome exceptions for species

with different connectivity as is observedtivihe 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 samé&value but deviain FA connectivity, double bond placement
or stereochemistr{y A single m/zvalue can yield hundreds of possible hits across various lipid
classes when sedred against existing databases such as LIPID MARSile the adoption of
lengthy chromatography separations and MS/MS amgl@yed in many lipidomic studies to aid
in differentiating species, complete separation of isomers remains a chaffedger the past
two decades, substantial analytical achievements have been made to both increase the breadth
and depth of coverage possibiéthin lipidomic analyse&® Namely, a vagty of techniques
including chromatography, various ion mobility spectrometry (IMS) separatidfis?
derivatization method®, and novel fragmentation approaches such as ozonolysis induced
dissociation (04D),1"° ultraviolet photochemical detéoh (UVPD)2°?! PaterneBiichi
reactions?? electron impact excitation of ions from organ{&EIO),?® and relative adduct and
fragment abundanceg** have all been successfully utilized to differentiate lipid isomer pairs
including snfatty acyl connectiity, 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 thiatioteg
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 pathwdyased annotatienare readily available in resources such as
KEGG, HMDB, and LIPID MAPS;?*2"many of the existing pathway nodespresent entire
lipid classesand not just individual speciesyich agpresented irfFigure 2.1B.* The compession
of hundreds of differentiable lipid identifications into one to meet existing pathways however

does not correctly capture the split responses, as shofigure 2.1B, resulting in incomplete
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and potentially inaccurate conclusiof®r example, ligl species collected from a variety of
sample types including soil, brain tissue and human plasma all leveraging the sn&ME
platform were utilized to confidently annotate both head group and specific FA moieties for a
diverse network of 746 uniquelgentified lipid speciegFigure 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 -(P@hP

green) shan here, would be grouped into the whole phosphatidylcholine (PC) class and further
associated with all of the other PC species (PC, red and-P@old), despite the plasmalogens
having unique biological role$.However enhancing pathway annotations via dynaimisilico
approaches, while possible, is impeded by a reduced knowledgebase of lipid and associated
protein relationships required for defining initial conditions and reaction pararfters.
Furthermore, current analytical limitations due to measurements without numerous separation
techniques afs 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 comprehepgive i
pathway annotations is typically greater than the partial lipid identifications from experimental
data, thereby requiring significant assumptions of lipid characteristics which can misinform
biological interpretation$2%3° Pathway annotations are therefore impractical for the partial
speciation achievable in current lipidomic measuremdnttead, 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 s&tfeBo provide

tools for the rigorous assessment of lipid biological interpretation, we develoBedctural

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 highligiatin this manuscript.
2.3 Experimental
2.3.1 Data Sources and Lipid Identification

Full details on lipid extraction, analysis and identification are outlined by Kyle3t al.
and are available for ant, pregnancy and myocardial infarction data3eBriefly, lipids were
extracted using a modified Folch extrac&®i! and example datasets were collected from either
LC-MS/MS or LGIMS-MS/MS information with both positive and negative electrospray
ionization to demonstrate the flexibility of SCOPE for different platforms. Collisidoced
dissociaion (CID) or higherenergy 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. Triacylglycerolsatethavith 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 osnbackbone position or double bond charactérizao n |, as denoted by
annotations with knowsnp osi ti on are | i sted Brelfandsn@ fatynd af t
acyl positions. No double bond annotations are noted in any of the example datasets used in this
study. Putative lipid ideifications were made to the most confident speciation using accurate
mass tag matching with the LIQUID softwdfeFor instances with more than one database
mat c h, al | |l i pid identifications with suffic
denote either or both identifications being a matched entry. Lipid identifications that

corresponded to moe t han one experiment al observation
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denote the observed chromatographic and/or IMS separation of these species. Peak areas of all
identified |lipids were parsed for eadomat dent i
for processing and statistical assessment regarding each case versus control comparison.
2.3.2 Data Preprocessing and Statistical Analysis

Statistical analysis and pprocessing of example datasets were carried out with the
pmartRpackage in eittr MATLAB or R software!* 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 omittediqrto statistical analysis. All experimental data were log
transformed and a mean centering algorithm was employed for normalizing data following
outlier removal. Statistical analyses were carried out fop tognsformed data through the
pmartR package ) = 0.05)*' 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 comparisongsdussed herein. Both processed data and statistical results were
exported in a A.csvo format for further relat
2.3.3 SCOPE StructwBiological Relationships

Simplified moleculaiinput line-entry swtem (SMILES)*? annotations of identified
species were extracted computationally fribraLIPID MAPS Structural Database and surveyed
for uniqueness. Lipids that yielded multiple database hits were arbitrarily represented by a
corresponding SMILES entry fromthei st of possi ble annotations.
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 resiis 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 clusteringedidst in the 2D
chemical structures encoded by SMILES and transforms these annotations into a unique,
numerical identifier using an ECFP_6 fingerprint computed by employindirtgerprint and

rcdk packages in R (version 3.6), unless otherwise indicdteiierarchical clustering of lipids

was performed according to Tanimoto distances with an average linkage method, unless
otherwise specified. Circular dendrograms were built usinggtreeandggplot2packages with

head group amotation represented by node color. Heatmap overlay of biological responses were
assembled with thpheatmappackage to visualize fold changes. Directionality of fold changes

were assigned usi ngpmartkestatisids Iwhiap Gepresents ssidally f r o m

significant upregul ati-baa ansd ilo, sidgogwinfriegahaé¢ i

redblue color palette was built from min and max fold change values to denote up and
downregulation; respectively. Species that lacked statisticaifisagrce 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 svamployed for all heatmeagiyle 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 includéead group an#A annotationswvithout sn-position or double
bond characterization, identificationsith summed FA composition were removed. Any
annotations with multiple poteatimatches (i.e. PE(18:0_18R[(18:1/18:1)) were parsed into
unique entries to visualize all potentigh effects.FA annotations were then extracted and all
identifications were classified ByA group withoutsn-position. This resulted idiacyl lipids (i.e.

PE(18:0_18:2) corresponthg to both 18:0 and 18:2. Biological significance was matched to
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lipid identification and thggheatmapandggplot2packags in R wereutilized to visualize lipid
fold change withinFA groups following the desgiion provided undehead group clustering.
For simplicity, a minimum of 10 FA instances were required for a FA group to be plotted for
visualizing trends. The evaluatimf FA trendsacross head grougsegins with the parsing of
analytes with multiple identifications such as used in FA heatmape tNat low frequency
head groups are remove@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 accbuior uncertainty in snposition resulting from
experimental analysis. The dependence of FA arrangements on the nundrepositions
available requires all lipids included in a singular analysis have the same number of FA
connectivity regions. Nomnique FA compositions are then filtered and grouped by weighting
the presence or absence of each FA and the assmpedition from permutation usingdk in
R. Heatmaps of biological significance are added usiv@atmap
2.3.4SCOPE Metadata Linkages usimgxPi software

ToxPi software (version 2.3) was applied to relate metadata and variability of individual
lipid species* Metadata variables of interest are first selected and used to group samples by
either defined categorical variables or numerical variables with-desared thresholds. The
script for r etsadsiormgd lipichabufidamce for dothl posgive 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 theetop of th
wor ksheet with each sample classified by an

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 wabm metadata group

relative to the total sample cournEquation2.1).

31 kRECEDS Equation2.1

ToxPi software calculates the average response value for each lipid within metadata
defined groups and scalessponses from O 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 numbamples 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 availabl&:*

Log. 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 pasponses
and min/max values. Individual lipids are then parsed into separate slices. Score results upon
Tox Pi generation are exported as a A.csvO0o anc
Overall and individual profile scores are then used testetupatients by similarity using
Euclidean distance and average linkage witthk and ggtree packages. Nodannotationsare
used to differentiate sample groups (Case 1, Case 2). Metadata is overlaipheatimap
packages foboth categorical and numeriocaariables 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 caed out separately through MetaboAnalyst (version*4.@yain with no
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multiple comparisons correction. Top 20 sigrafit lipids determined by rarderder of pvalues

were used for clustering samples.

A) SCOPE: Structure-based Connectivity and Omic Phenotype Evaluations
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Figure 2.2 An overview of the components of SCORE.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 component®) The specific details for@OPEbased Structure & Biological Connections
are split intoB1) Statistical Analysis to assess lipid significanB®) Structural Analysis to
cluster head groupsBRa) and fatty acyls B2b), and B3) Data Visualization utilizing
dendrograms to show the efts of head groupsB8a) 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 dbange.
The specific details for SCORBased Metadata Linkage are split in®1) Toxicological
Prioritization Index (ToxPi) Software Grouping for eith€R) Lipid-to-Lipid Analyses where
samples are grouped by variables such as age to assess how each lipid chaBp&aammle
to-Sample Analyses where individual sample lipid profiles are created, clustered and scored
based on the entir €3adcandthen dpatific variabked aeednapped arpumd s e
the dendrograms to analyze similarities and outli€Bby.

Abundance
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All structural associations are accomplished in R through capabilities provided by
pheatmap ggtree ggplot2 rcdk, tidyverseand fingerprint packages. ToxPi software is freely
available through the following linkhttps://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 Reslts 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 SCORIBeminformatics 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. Typtal lipidomic workflows begin with experimental design followed by analysis and
annotation with any instrumental platform of choi€ég(re 2.2A). SCOPE is built to enhance
lipid data interpretation and visualization following these steps through thesragsesof lipid
structure, biological connections and linkage of the metadata to lipid strudtigase( 2.2A).

The capabilities discussed herein are epmmrce and freely available at
https://github.com/BakerLabNCSU/SCOPE. The novel capabilities intemtiloy SCOPE for
linking biological connections and metadata to lipid structures are further detailediie Z2B

and C. SCOPE data visualization utilizes dendrograms and heatyh@plots in R to showcase

the effect of each lipid's head groudfiqure 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 enviromental and clinical factors such as diet, age and®®$éx° To
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overcome these limitations, SCOPE utilizes the Toxicological Prioritization Index (ToxPi)
softwaré* for the visualization of metadata across lipifsg(re 2.2C2) and samplesFigure
2.2C3). Specific details of SCOPE's novel cheminformatics capabilities and initial applications
are shown irFigure 2.2.
2.4.1Structure and Biological Connections

With the initial curation of LIPID MAPS lipid species were classified into eight main
categories by shared structural and physiochemical characteristics inclddityg:acids
glycerolipids, glycerophospholipids, sphingolipids, sterol lipids, prenol lipids, saccharolipids,
and polyketides. Within these categories, additional diversitgesrithrough 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 basidues 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 rfacylglycerol), 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 beerclasflified and actively exploitet interpret
biological dysregulatioR®®'®? These approaches, however, are often limited by the
simplification of species to specific structural associioAs lipid annotation capabilities and
the number of lipid identifications increase, this effect becomes more prominent making these
data visualization techniques unsuitable fedapth lipidomic profiling.

The structure and biological relationship campnt of SCOPERigure 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 metadatar S COPE i s r e aFjuré 22B1ax Lidid.stcustued f or m
and biological connections are then performed by assessing key lipid moieties including head
group and FAgFigure 2.2B2). This processvas adapted from metabolic analyses, whiek

shown compelling correlation of structural composition and biological effédear lipid classes

and subclasses, identified lipids are first computationally annotated with their simplified
molecularinput lineertry system (SMILESY or, for instances of multiple possible
identifications, a representative SMILES obtained from LIPID MAPS that unjiquegtesponds

to one identified speci€slsomericii _ A0  a nligids fiver® @ssigned SMILES either from
additional LIPID MAPS matches when present through manual annotatiorThe two
dimensional structure encoded within SMILES annotations is subsequently used to assign
numerical identifiers to each identified lipid through an extended connectivity fingerprint
(ECFP)>* 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 nenydrogen neighbors, ring presence/composition, atomic number, etc.
For abundant plasma lipids such as glycerolipids, sphingolipids andrglgbospholipids, the
presence of FA groups is only a minor contribution to initial identifier position as the presence of
ring-based and noearganic atoms (P, S, N, O), which differentiate lipid category and class,
becomes the dominant factor in definitige 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-)(@nd alkenyl ether (plasmalogen:) P
linkages. Still,this initial identifierbias 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 int@ umimerical
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 fwafiead group annotation makes

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

A) ‘Default’ Analysis B) Type of Fingerprinting
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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) differentinkage algorithm options and D) various method
visualizations such asymlue or fold change.

Upon deriving unique numerical identifiers for all lipidegies, identifiers are converted
to a distance matrix from 0 (no similarity) to 1 (identical). The resulting struajuoaipingof
each uniquely identified lipid is accomplished through agglomerative hierarchical clustering
where each species, represdnby an individual leaf, is linked by branches according to their
structural similarity. The resulting circular dendrogram is a-likeestructure where the radial

distance of node connectivity corresponds to the degree of structural similarity, ad dgfisre
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average linkage metho@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 asftbas FAs(Figure 2.2B3).

The statistical results of each identified species are then subsequently oweriaidhe
dendrogranto visualize individual lipid responses both within and between classes. To simplify
the visualization of head group associasido biological dysregulation, all identified but not
statistically significant lipids are displayed as grey, while statistically upregulated and
downregulated entities are red and bliee magnitude of these effects is further visualized

where darker hes correspond to larger fold changes.
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Figure 2.4 Head group clustering of identified lipids &) one,B) two andC) more than two
comparisonsA) The single comparison is illustrated for before versus after lipid profiles of
patients with induced myocaad 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 lev&l) Numerous simultaneous comparisons are also possible as

shownf or | i pid expression in Al zhei merds diseas
cortex (FCX) and cerebell um (CBM) and across

U2 U3, U3 (b8sampie dlataliidrdsgonses are shown as fold changith 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 forthtee comparison types.

53



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 constructibigure 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 iRigure 2.3B.> The use of pralefined 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 drugofite&dp 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 isomerihiThe default of the fingerprint method
provided by thecdk andfingerprint package in R uses a 6 bond diameter maximum (ECFP_6),
which is preferable for its ease of implementation and adequacy for grouping dpeciess
information®’ Linkage methods such as complete, average and ward are also contributing factors
in lipid clustering. Typially, dendrograms use an agglomerative clustering approach that acts in
a bottomup 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 methodsywatkido
calculatedistance within clustered grouped through average distance (average), minimum or
maximum distance (single or complete), or by minimizing the sum of squatas!)® While
our analysis entails an average linkage for building head group associations, other clustering
methods can also be employed within SCOPE as showRidiyes 2.3A and 2.3C which
compare the effects of average awthrd linkage algorithms While slight differences are

observed in tree connectivity, a majority of the annotationsedaéned,and no class groupings
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are disrupted to suggest that variations in the linkage approadbyedstill 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. Thu#efed dendrograms may be generated in SCOPE for only
significant featuresHigure 2.3D).

To assess the utility of dendrogram analyses in various applications, lipid head group
clustering was assessed for experiments with varying biological complexgt;. ffasma lipids
collected before and after an induced myocardial infarction explored extensively in Egure
represents a singular ot@one comparison depicted with default hierarchical clustering settings
in Figure 2.4A.3" 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 pheatmapin R. Dual comparisons are also possible such as assessing lighis top,
middle and bottom regions of a leaf cutter ant gas@fégure 2.4B).3° 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 twadliotmgparisons 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 br ai niseasd (ADB) wersusecantral eases s o f
where patients were further separated by both the region of tissue collection (frontal cortex, FCX
or cerebellum, CBM) and Apdégenotype in an example datageigure 2.4C). Each biological
response was again visualizediradependent 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 theshnerm
rings displaying U203 AD versus control comp
outermost displaying U3U04. The ability to v
dendrogram allows for the simultaneous assessment of lipid changes ednserall 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 comparis.

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 importanceRigure 2.2B).324750 Since current techniques for visualizing FA effects
have been limited to date, SCOPE was expanded to provide rigorous relationships of FA
composition to biological respongEigure 2.5A). FA clustering in SCOPE begins by parsing
out all uniquely dentified FA groups. Confident annotations with appropriate lipid speciation are
vital at this stage as owvannotation will likely misinform biological implications. Therefore,
caution is required when identifying lipids from existing datab4des:. the FA analyses, all
lipid identifications are grouped by the presence of specific FAs. The identifications used here
lackedsnposition assignments and double bond characterization, however, SCOPE is flexible to
the inclusion of these annotations when appliealipid biological responses were visualized in
a manner similar to head group clustering where insignificant lipids are represented as grey
values and statistically significant-uand downregulated species are displayed in red and blue.
Figure 2.5A utilizes theseFA analyses and displays a subset of uniquely identifiedati@on

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 visualizeantgibutions to FA significance

with respect to lipid class.
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Figure 2.5 Fatty acyl heatmap significance evaluatioA$.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 changd) Fatty acyl significance for bottom \&rs 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 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 permutationsrgbosition are imputed. FA compositions
are then searched across all remaining lipid class respuaiitbeshe 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 upral 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 lipidrbead g
and FA annotations could potentially elucidate enzymes responsible fepilgiein associations
across different lipid classifications. Altogether, head group and fatty acyl contributions to lipid
dysregulation can be explored with SCOPE eitherrseglgt or in tandem. This insight, however,
hinges on identification for surveying these strucfumection associations. Thus, the
cheminformatics tools leveraged through SCOPE show immense capabilities for elucidating
biological structure relationshipsic facilitating lipidomic data interpretation.
2.4.2 Metadata Linkage

While structure and biological connection haveth proven powerful for evaluating
molecular species, biological interpretasamithin complex omic analyses are often hindered by
environmental and clinical factors such as diet, age an&4&% While covariate correction in
the discovery phases is often implemented to corf@ctmetadataeffects, the underlying
specificity of metadatavariables is largely unknown but crucial for identifying robust disease
biomarkers and creating a sample size with adequate statistical power to represent a diverse
population®® For example, dietary lipids are ofemt concern for lipidomics as several studies
have showcased strikingly different lipid profiles for people relative to different diets and
sampling time relative to fastirf§*>°° The annotation of these metadata effects on both
molecular species and sample types could therefore significantly contribute to building better
biological aml 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 clinid@@s. SCOPE also provides
the ability to link metadata and perform individual lig@lipid analyses Figure 2.2C2) or the

assessment of multiple lipids in samypbesample analysed-igure 2.2C3). To accomplish the
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rigorous metadata characterizationrass samples and subjects, SCOPE utilizes the
Toxicological Prioritization Index (ToxPi) softwafé® ToxPi was originally developed at the
US Environmental Protection Agency by Reif ef“dlor 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 lipdl sample assessments and enable the
clustering needed for outlier analyses.

In lipid-to-lipid metadata analyse&igure 2.2C2), each ToxPi is representative of one
lipid with the slices corresponding to a subject or grouped cohort response. The subjews a
filtered by their case/control group and then classified by an effect (e.g. age) to directly probe
metadata effects. IRigure 2.6A, the subjects from the disease group were linked by their age
range, enabling a visualization of how every uniquegntified 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. Gim 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 namengcal
information is further challenged by a lack of set-affi¢ for subject grouping that can also
influence visualization of metadata effects on individual lipids. Therefore, the rapid investigation
of different binning(Figure 2.6B) andsample goups(Figure 2.6C) in SCOPE is very powerful
for fully accounting for cohort diversity. Other features of ToxPi software including bootstrap
intervals, kmeans clustering and others although not demonstrated here can also readily be
employed for additionaldata expleation.** While this approach enables the individual

assessent 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. Thedipmd analyses possible with

SCOPE however provide a good starting point for these assessments as shown here.

A) Lipid response across metadata B) Indexing patients by numerical variables
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Figure 2.6 Lipid-to-lipid analyses for evaluation of agsing ToxPi softwared) Age effectsare
assessed for thigpid PE(16:0 18:1) on the gestational diabetes mellitus (GDM) cohdgach
unique ag€19 to 43) was binned separately with theponse of each agangebeingaveraged
Individual slices represent the average response across each age as annotated outside each slice.
Slice widthis used to reflect the number of patients falling within an age rdjgBin width
effect of clinical variables by increments of 5 (left) and 10 (rigl). Robustness of lipid
variability with the same clinical variable (age) across different patientpgrérom the same
analysis.

In the sampldo-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 log response distributions for a set nuanbof statistically significant lipids found to
di fferentiate two conditions are imported i

scales the lipid responses from zero to one relative to the entire (Bigonte 2.7A1). For the

example inFigure2.7A1, 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 slicesdependent, 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, ¢hstandard 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 fot the vas
dynamic range that previously resulted in significant lipids with less variation overshadowing the
greater deviation of other lipids prior to 0 to 1 scal{fggure 2.7A2). Comparisons of oxPi

charts with and without standard deviation transformatierdapicted irFigure 2.7A3.

To relate biological and metadata information directly, ToxPi profiles are assembled for
each subject after transforming the standard devidkayure 2.7A2). Subject profiles are then
assembled and both individual lipid resges 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 similaritissng ggtree and pheatmappackagedollowing the
removal of scing max/min value$? 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 pdtemise
2.7B).3® The emphasis on a subset of lipids has dual purpose where it 1) simplifies the
visualization of individual ligd contributions to ToxPi scores, and 2) ressgamples by lipids
that significantly differentiatevithin the comparisons of interest. The 20 lipid species included

here are significant, granting them a relatively strong ability to classify patientssbrdeti.
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Therefore, patients not grouping to their disorder are likely outliers that could arise from the
influence of clinical factorsBoth numerical andategorical met#ata carbe readily mapped to
explore their effectesn sample clusterindn this specific example, etadata effects for infection
development (categorical) and time of sample collection relative to delivery time (numerical)
were plottedwith patient clustering taliscern any clinical effectObserved outliers such as
those due to other infections or different sampling times (highlighted ikithee 2.7B) can
then be further probed by referencing initial ToxPi plots and comparing lipid species that appear
to be diving the trends.Thus, sampleto-sampleassessment proving essential in potential
outlier and metadata assessments.
2.5Conclusion

As the ability to analytically assess lipid species continues to improve, new
cheminformatics capabilities enabling thssociation 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 fexible and usefriendly tools for (1) annotating lipid structure/biological
relationships and (2) understanding metadata effects since these capabilities are not possible with
current lipidbased cheminformatics tools. To address these goals, the SCQR#Eow was
created to assess and visualize the effect of lipid head groups, FA compositions and the interplay
of these structur al effects on each | ipidods
further enabled by utilizing ToxPi software in SEB. 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 eapds on the intricacies of lipid structure and metadata on biological
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dysregulation. Furthermore, since the SCOPE cheminformatics toolbox issopee, freely
available and applicable to the lipid identifications for all analytical platforms, it is taenexy
powerful tool for the lipidomics community which will enable insight into biological connections

and variability that have previously been unfeasible.

A) ToxPi Normalization Workflow B) Mapping Metadata
1) Building ToxPis and annotations
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Figure 2.7 Analysis of metadataeffects m the top20 significant lipids forpreeclampsiaRRE)

and gestational diabetes mellittGDM). A) ToxPi analysis was conducted by first scalihg
variance of each lipid to the maximum. Scores fremchToxPi were then exported into R to
build a distance matrix betweesubjects B) Metadata effects for infection development
(categorical) and time of sample collection relative to delivery time (numericaig then
plotted across patient clustering to @ist any clinical effects of these variables on the t@p 2
significant lipid profiles. The PRE and GDM classifications are denoted on e¢hdsof the
resulting dendrogramyhere thoseof greatest score similarity cluster closest to one another.
ToxPi resuls of threesamplesare shown to demonstrate the visualization of individual lipids and
how these species contribute to clustering distribution
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CHAPTER 3: Elucidating Lipido mic Changes as Human Pluripotent Stem Cells
Transition to Mature Cell Types

3.1 Abstract

The selfrenewal and differentiation properties of pluripotent stem cells have catapulted
their applications into numerous facets of basic and translational resaahchssunderstanding
disease pathogenesis, screening drugs in hoased systems, and evaluating the regeneration
of tissues. However, defining the required metabolic conditions that influence the differentiation
of pluripotent cells to specialized cellpes 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 bmolecules 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 alteratiansaasd
with either neural or mesodermal IPSC cell fate using established differentiation methods.
Longitudinal lipid extracts of iIPSC differentiation were analyzed with liquid chromatography,
ion mobility spectrometry and mass spectrometry-(MS-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 downregulaipdn differentiation. Additionally, unique mechanisms
related to phospholipids and PUfANtaining 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 evertniparison 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 seénewal and differentiation capabilities with
application acrosshe gamut of translational researfcBisease modelling with pluripotent stem
cells, for example, has been used for the investigation of genphgy®type relationships in
human cells and at specific diffeteation timepoints. This capability is significant as disparities
in physiological and genetic makg have challenged the translation of animal model research
to humans with ~90% of clinical trials curtgnfailing to produce effective human treatmefifs.
Additionally, the growth and development of pluripotentnsteells comes with the added
advantage of producing subsidiary cells for drug screening applications in human célldines.
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 applitatowesver,

some distinct differences between ESC and iIPSCs 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 developmehtDespite some differences in cell maturation that are still under
investigation, the unique properties of PSCs have &aremarkable 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’

PSC differentiation results in drastic morphological changes that are associated with
metabolic regulation and 4modeling® Undifferentiated PSCs have been metabolically
characterized as similar to cancer cells in that they undergo activated glycalysislyaonde
novofatty acid synthesis for cell survivif.Additionally, metabolomics of PSCs have exhibit an
abundance of highly unsaturated species, a phenomenon potentially related to the plasticity of
these cells to generatenayriad of specialized, mature cell typ@dNotably, lipids have been
shown to regulate PSC proliferation and differentiation through their irolegnaling processes
and membrane remodellifg* PSC development into mature cells has also demonstrated
lipidome alterations across phospholipids, glycerolipids, sphingolipids, sterols and fatty acid
lipid categories!®'2 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 diffeaditth 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 maturcell types remains unanswerfédJncovering the shared
versus unique lipid alterations associated with stem cell maturation and differentiation has

numeous 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 gshidy we longtudinally
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 monitorednf 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 lined&ggaré 3.1).
3.3 Experimental
3.3.1 CellGrowth, Cultivation and Purification

The NCRM5 human iPSC line, derived from cord blood CD8dlls 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 Beta, MD** iPSCs were maintained in StemMACS iB&w
XF medium (Miltenyi Biotec) on MatrigehESCqualified matrix (Corning). Neural induction
utilized a modified rosettbased method as previously publish&t. For neural induction,
embryoid bodies were generated in Aggrewell 800 plates (Stem Cell Technologies) following
manufacturer recommendations in the following media: DMEM2,7Bsupplement with vitamin
A, N2 supplement, LDN193189 (100 nM), SB431542 (10 uM), FGF2 (10 pg/mL), EGF (10
pg/mL), GlutaMAX (2 mM), and penicillirsstreptomycin (50 pg/mL). Media changes were
performed every 48 h beginning on d1 of differentiation. On d7, embryoid bodies werktplate
poly-L-ornithine (PLO; 20 pg/mL) and natural mouse laminin (10 pg/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 dissociatedgie siells 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;2B with vitamin A, GDNF (10 ng/mL),
BDNF (10 ng/ mL), Glut aMAX epPp2 omiMr) nai&Opengi oniL
differentiated until d42 at which point cultures of primarily neurons were isolated. Mesodermal
differentiation followed published protocols with slight modificattériPSCs were added to
AggreWell 400 plates for embryoid body formation in mesodermal differentiation media
consisting of the following: StemPro34 (ThermoFisher), GlutaMAX (2 mM)netiwoglycerol

(MTG; 4 x 10* M, SigmaAldrich), penicillin/streptomycin (100 units/mL, ThermoFisher),
ascorbic acid (50 pg/ml, Tocris), and BMP0.5 ng/ml, Peprotech). Y27632 (10 uM; Reagents
Direct) was added for the first 24 h of differentiation/sphirmation. Cells were maintained as
floating embryoid bodies (EBs) for 14 days. Growth factors were supplemented to mesodermal
differentiation media throughout mesodermal induction. Ddy BMP-4 (10 ng/mL), basic FGF
(bFGF; 5 ng/mL, Reprocell) and adghh A (3 ng/mL, Peprotech); DayiB: VEGF (10 ng/mL,
Peprotech) and DKK1 (150 ng/mL, Peprotech); Da¥29 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 additial 7 days in mesodermal differentiation media.

Biological replicates (4 per time point) were collected for each differentiation stage
longitudinally. Robust differentiation to neural and mesodermal lineages were confirmed by
appropriate cell morphologyncluding the formation of roseHée structures during neural
differentiation and beatingreas in mesodermal induction. Flash frozen samples were stered at
80 °C until lipid extraction and analysis.

3.3.2 Lipidomic Extraction
Lipids were extracted following a Modified Folch procedtir®To begin, all cell pellets

were homogenized with 2.4 mm tungsten beads and 750 p20dfC methanol in a bead mill.
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Sanples were subsequently transferred to glass vials and another 750 pL aliquot of cold
methanol and 3 mL of chloroform was added. Solutions were incubated for one hour at room
temperature. Then, 200 pL of water was added prior to vortexing for 30 s. Allesamgre 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 goririthe organic layer of each sample, 300
ML was collected and dried via speedvac. Dried lipid extracts were reconstituted in 10 pL of
chloroform and 190 pyL methanol and storee2&t °C until MS analysis.
3.3.3 Lipidomic LAMS-CID-MS Analysis

Comprehensi@ lipidomic coverage was accomplished by evaluating lipidomic data with
four simultaneous measurement dimensions: liquid chromatography, ion mobility spectrometry,
collision induced dissociation and mass spectrometry -IlMS-CID-MS). This was
accomplishedby coupling an Agilent 1290 Infinity Il UHPLC to an Agilent 6560 IN&S
platform (Santa Clara, CA). A 10 uL injection of each sample was initially separated over a 34
min gradient on a reversed phase Water ) CSH c
at a flow rate of 250 €L/ min. Details on the
column equilibration are presented in Table A.1. Eluting lipids were subsequently analyzed using
both positive and negative electrospray ionization (ESI) ir6th&700 m/zrange. Lipids were
then separated through a DTIMS drift cell containing nitrogen ga4 ttrr1° Finally, ions were
fragmentd 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, asmmilienergy

ramp was also applied based on IMS elution tifrable A.2).20-2
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3.3.4 Data Processing, Statistics and Visualization

Since the LAMS-CID-MS experimental platform leveragieherein results in highly
complex data, this study utilized a previously developed SKliieary of 6,100 transitions for
516 unique lipid moleculé$ to facilitate lipid identifications. Skyline allowed feature
complementary identification markers including accurate mass, retemenmatching, CCS
annotation, and product ion fingerprints for highly confidiglentifications?® Additional lipids
of interestin the aforementioned lteéypes butwith limited coveragewithin the existing library
(i.e. carnitines)were enumerated for investigation with LipidCreatbAll annotations were
verified by retention time and CCS in the datasets. Altogether, a tota2%®fipids 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 t6&4 whique 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 arttkit respective peak areas were
exported for statistical analysis and data visualization in R version?3.0.4.

Outlier assessment, data processing and statistical analysis of data was completed on each
stem cell lineage using thEmartR packag Initially, data was assessed for outliers by testing
an RMD-PAV algorithnt’, Pearson correlation, and PCA clustering. No outliers were observed
in any dataset or ionization mode. Data was then normalized by median abundance; and log
transformed prior to the statistical analysis of lipid peak areas acrossjgebsetem cell
lineage time points. A-t e s t wi t-off ofaOn05 &hd & Hold¥ multiple comparisons
correction was used for all pairwise comparisons. For lipids with missing valuetesa for

gualitativedifferences across sample types was used to assess statistical significance of events of
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missingnes$? However, the limited sample size of this study resulted in no lipids being returned
as statistically significanh all comparisons from this tedDetailed results for both neural and

mesodermal stem cell lineages are depicted further within Table&.AS3
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Figure 3.2. Neural stem cell line lipid alterations. A) Overview of lipid alterations in subsequent
time points. B) Circular dendrogram of sigoént 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 alterationseach cell type,
significant lipid species were structurally related through head group and fatty acyl compositions
with the SCOPE cheminformatics toolb&xBriefly, head group trends were explored through
hierarchical clustering of lipids based on the representative SMidt$ained from the.IPID
MAPS*233database. Structures were then converted into an EGHimdgerprint and similarity
was measured with Tanimoto coefficients and average linkages. Fatty acyl (FA) effects were
explored by selectively parsing outilis based on shared moieties. Given that our analytical
method was incapable of differentiatisg-positioning for a majority of the identified lipids,
only FA presence and not positioning was considered to develop these plots. Once structural
relationshig were established, biological results were overlaid by plotting observedoldg
change (Log-C) of significant lipids using a red/blue gradient to denote up and downregulation,
while those that were measured but had no statistical significance weamedeas grey.
Additional details on the curation of these plots can be found in the publication from Odenkirk et
al3°
3.4 Results and Discussion
3.4.1Neural 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 developmenirigatent cells (day O; pluri),
embryoid bodies (day 3; ebs3 and day 7; ebs7), neural stem cells (day 21; NSC), and neurons
(day 42; neu)Kigure 3.2A). In a comparison of the successive time point, a total of 198 of the
329 unique lipids detected were ssdically significant during at least one time point with many
being significant at multiple times as shown by the light colors in Fig@®. In the comparison

of ebs3 and pluripotent cells, 93 lipids were significantly altef@bles 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 observethbples A.5 and A.§. Following differentiation into
neural stem cells (NSCs), an influx of lipidome changes otEerved with 143 lipid species
being significantly altered relative to the ebs7 time poirdb{es A.7 and A.§. The final
comparison of neurons (Neu) to NSCs vyielded a total of 111 significant lipid fluctuations
(Tables A.9 and A.10. Across all time pmt 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 sigficantly 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 lipidatassmechasms
are involved as iPSmature to neurond={gure 3.2B). TGs, for example, showed differential
expression patterns based on lineage time point. In early embryoes &% 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 iPSO#is observationwas potentially
corroborated by a simultaneous influx of free fatty acids (FFAS), the building blocks for TG
species. Notably, fatty acid wggulation has also been observed via activatiodeohovofatty
acid synthesis enzymes in undifferentiated PSC géltdlowing cell differentiation into neural
stem cells anagheurons however, this trend revexs 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§.
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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,enowas
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 afixip 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 fortae 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 thesn-2 fatty acyl for lipid mediator synthesis following hydrolyis®
Neural lipidome studies have linked decreases in plasmalogens with oxidative stress that have
been assoicat ed with neurodegener at i VeThiglstudyealss e s
observed a decrease in cardiolipins within the neuron vs. NSC timetipaing postulated to be
related to mitochondrial development and may further reflect oxidative processes as was
observed with the plasmalogen upregulaéibAdditionally, 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 ne&li fate and increasing membrane fluidity via the SIRT1 enzyme,
which upon deficiency has been linked to impaired neural differentiation of sten®&iltsple
glycosylated sphingolipids have been shown to have a significant influence on axonal growth,
potentially explaining their influx in the neuron versus NSC time point compari$étmvever,

while headgroup and clabsised lipid expression varied based on time point of cell
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development, in théatty acyl evaluations of each lipid species, no visible associations were
observed with the lipid changes.
3.4.2Mesodermal Lineage Formation and Lipidome Changes

Since lipidbased 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 gemexsbdermal cell lineage was
also developed from the same NCKEMPS 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 bodi@ky 3; ebs), embryoid basal medium (day 7; ebm7
and day 14; ebml14) 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 congpe 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 tizmute 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 componertigure 3.3A). Upon neural differentiation of these
cells, lipidome profiles shifted in the opposite difee 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 stat across both PCA components which may suggest orthogonal lipid
mechanisms that contribute to the maturation of the mesodermal lidggee(3.3B).

Further investigation into the longitudinal lipid changes for the mesodermal lineage

showed 95 significaiyt 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 ebms8s. e
comparison Tables A.13 and A.14 and 40 significant in the ebm14 vs. ebm7 comparison
(Tables A.15 and A.18. The greatest lipid fluctuationgere however observed in the ebm21 vs.
ebm14 lineage where 109 species were significantly differéablés A17 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. avierhile 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 medermal lineage in greater detail, SCEREas used to navigate both
head group and fatty alcyrends for significant lipidome alterations. First, ctassed lipid
trends were explored with hierarchical clusterifkgiggre 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 dir&sartime 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/Plipid changes overtime waspposite of other phospholipid (Pl and PE) classes.
Previous studies of mesenchymal and mesodermal cell types have shown Pl and PS species
having a greater abundance in dividing cells while an abundance of PE species have been

associated with cell prolifation24°Notably, significant directionality of these lipid classeswa
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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 sigdaling

mechanismshat are unaffected by cell fate
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Figure 3.3. Mesodermal stem cell differentiation relative to the neural lineage. A) PCA plot of
lipid profiles for neural (left) and mesodermabfrt) 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 théiog2FC values of arachidonic acid (20:4).
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Relative to the neuraktem cell lineagewe did observe notable differences in
longitudinal lipid alterations. e trends of lipid alterations by head grdop the mesodermal
data werefor exampleyelatively 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 dwadsitified
and statistically significanipids andnoted a timespecific 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 metabolismg serve as a precursor for a series of
eicosanoid lipid mediators that facilitate cellular signalling and inflammatory respgdrisahe
early accumulation of AA observed here has previously been demonstrated by the preferential
accumulation of AACOA in certain cell type$ The downregulation of AA observed in the final
ebm 21 vs. 14 comparison was observed in both glycerppbtygid 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 totbgsize eicosanoid lipid mediators which facilitate cell
proliferation and stem cell differentiatidhThe downregulation of glycerolipids containing AA
has been suggested through a more novel mechanism of lipid ekspbeiated TGs that
requires the presence of an ATGL enzy#€ Notably, ATGL is highly expressed within white
and brown adipose tissuthat may support the feasibility of this mechanism in addition to
previous findings of lipid droplet formation during iPSC developniéhfThe loss of AA
containing TGs is especially interesting relative to neutral lipid storage diseases where an
accumulation of TGs has been wedfined across many tissue tyg€snhile 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. Thisutd 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 thein wlisease
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 upregulatias sbserved 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, uniquenturbations 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 ®/, 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 masdideage
was the 20:4 fatty acid alterations that may suggest eicosanoidanttantercellular signalling
mechanisms. Overall, in the longitudinal study, unique and shared lipidome changes were

observed to implicate lipids in both iPSC developmeadtramvel cell type function.
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CHAPTER 4: Unveiling Molecular Signatures of Preeclampsia andGestational Diabetes

Mellitus with Multi-omics andlnnovative 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 andprogression. Systems biology assessments utilizing Homiic 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 multromic evaluations, mukilimensional 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 (GDMhtpatSince 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 multtomic evaluations performed leprovide new insight into the emstage 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 pneami
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 Il diabeypgrtensia and
cardiovascular diseasé PRE is a systemic maternal syndrome affectis@§Bof pregnancies

and is a leading cause ofaternal mortality and morbidify 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 ofgestatior®* The only treatment for PRE is delivery, which often leads to iatrogenic
preterm birth and increases the risk of infant morbidity and moréli8imilarly, GDM affects

5-7% of pregnanciésand is clinically defined as the onset of glucose intolerance during
pregnancy. GDM increases the risk for gestational hypertension, PRE, birth injury, ongier,os

and neonatal hypoglycem@’and itsé diagnosis is typically
relating to body mass index (BMI), family history of diabetes, persbisabry of GDM, and
glycosuria® 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 util 24 to 28 weeks of gestatidriThe late diagnosis of both GDM and PRE
severely limits intervention timelines and allows for substantial disease progression. Rates of
both complications ardsing throughout the world due partially to increased prevalence of pre

pregnancy obesity and advanced maternal age. Thus, PRE and GDBkriats public health
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Figure 4.1 PRE and GDM are prevalent maternal complications leading to serious maternal and
fetal complications and morbtes. 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
cohortaverage+t he cohortdés standard deviati on.
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For many diseases, early diagnosis is commonly approached using universal biomarkers.
Despite the identificationf 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 ®REGDM
that encompass multiple novel mechanisms and subtfjgsré 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 asirnsecretion and insulin sensitivity.
However, few studies have focused on molecular differences specific to term PREYddtime
37 weeks of gestatiot)'? despite this subtypaccounting for 60% of PRE casésGDM not
only suffers from mechasiic differentiation of disease subtypes, but lacks comprehensive
annotation of the intricate molecular mechanisms tyitlg the condition as a whalé
Moreover, overlapping pathology among common pregnancy disorders further complicates
diagnoses, an obstadlest addressed through holistic annotation.

Proteins are essential molecules with a variety of biological functions notedngs be
dysregulated in PRE and GDM! Lipids and lipid mediators also play integral roles in
biological processes including proliferation, apoptosis, atign, 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. Hower, 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 process€g®an examination of theolecular mechanisms occurring

and changing in both complications should shed light onto their unique pathophysiology. Thus, a
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holistic evaluation through sensitive medtmic analyses and improved data visualization tools is
needed to provide key informi@en for a comprehensive understanding of PRE and GDM
pathophysiologyln this study, we address these challenges and provide-deptih profile of
term PRE and GDM pregnancy complications through the analysis of proteomic and lipidomic
differences in theolasma for 191 pregnant women at admission to labor and deliveyré
4.1b).
4.3 Experimental
4.3.1 Human Sample Collection

This study utilized stored plasma from Peribdhka database and biospecimen
repository. Peribank enrolls women at the time of labor and delivery from four facilities in
Houston, TX. Trained study personnel approachedggaahts 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 questiorg. PeriBank was approved by the Institutional Review Board at Texas
Chil drends Hospital and Bayl or Coll ege of Me
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 strictijected once consent was
properly obtained under rigorous uniform protocols by perinatal and placental pathaliogg
personnel. Maternal blood for this study was collected at the time of admission, after admission,

and up to 24 h after deliveryMtas t hen st ored at 4eC unti |l pr oc
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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 mml4H(Aglent,
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-doellser autosampler,
diode array detector, and refrigerated fraction collector. The uwohdiow-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 (Millieo Burlington, MA) and following
the manufacturerods instructions. The protein
by BCA Protein Assay (Thermo Scientific, San Jose, CA) and the volume of each sample was
adjusted with 50 mM ambic. All procgiag steps following depletion were carried out in a 96 1
mL deepwell plate to minimize batch effects associated with processing, utilizing automated
protocols on an epMotion 5075 (Eppendorf, Hauppauge, NY).

To perform digestion of the depleted sample$, yL aliquots were utilized, giving a
starting amount of approximately 100 pg total protein. Aliquots were transferred tevall96
plate preloaded with urea to achieve a concentration of 8 M urea in the sample solution. 500 mM
Dithiothreitol (DTT) (Signa-Aldrich, St. Louis, MO) was then added to a final concentration of
10 uM 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
disulfidebonds. 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 dilutedold with 50 mM ambic, 1 mM Caglprior 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 MiX&e reaction was stopped by
acidifying the samples with 10% trifluoroacetic acid (SigAidrich St. Louis, MO) to a final
concentration of 0.1%. Peptides were desalted usinggloéide extraction (SPE) via Strata €18

E cartridges formatted im 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 evaluateg BCA Assay, they were normalized with 2% acetonitrile, 0.1%
formic acid to 0.1 pg/pL prior to LOMS-MS analyses.

PRE, GDM and Control depleted sample pools were created by combining equal amounts
of digested peptide samples from each group. 300 plpgeamples were separated on a Waters
reversed phase XBridge C18 column (250 mm x 4.6 mm column contaksing5 par t i cl es,
a 4.6 mm x 20 mm guard column) (Waters, Milford, MA) using an Agilent 1200 HPLC System.
The sample was loaded tmre C18 columnin solvent A (5 mM ammonium format, pH 10.0) and
a 109min 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® 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 @dsfracti
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
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dried down and rsuspended in 2% acetonitrile, 0.1% formiddato adjust the peptide
concentration to 0.1 pg/uL prior to LBAS-MS analyses.
4.3.3Lipid Extraction

Lipid extraction was performed using a modified Folch extracfiéhFor the plasma
lipid extraction, 25 pL of plasma was transferred into a 2.0 mL tube where 600-gD°@ 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 watexed again for 30 sec and 125 pL 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 ear phase separation. Finally, 200 pL of the top polar layer was removed,
dried in a speedvac, and stored&i°C for later analysis of polar metabolites, while 350 pL of
the bottom nonpolar layer was removed, dried in a speedvac, and ste28dGin 50 uL of
2:1 chloroform/methanol for lipid analyses. Prior to analysis, the total lipid extracts were dried
down and then reconstituted in 100 uL of MeOH. To generate pooled case and control samples
for LC-IMS-MS analyses, 5 uL aliquots from each recongiti control plasma sample were
removed and combined.
4.3.4LC-IMS-MS Analysis

Analysis of the 191 human proteomic extracted plasma samples was performed-on an in
house built instrument that couples-anlion mobility separation with an Agilent 6224 TOFSM
upgraded to a 1.5 meter flight tube providing resolution of ~25,000 in enhanced dynamic range
mode?® A fully automated irFhouse built Zzolumn HPLC system equipped with-fiouse
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 acetonftik.60-min gradient with shorter
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columns (30 cm long columns with an o.d. of 360 pm, i.d. of 75 pm, gmeh £18 packing
material) was used with the IM®S. The gradient linearly increased mobile phase B from 0 to
60% until the final 2min of the run when B @as purged at 95%. 5 pyL of each sample was
injected for both analyses and the HPLC was operated under a constant flow rate of 0.4 pL/min
for the 106min gradient and 1 pL/min for the &@in gradient. IMSMS data were collected
from 100:3200m/z

For the 19 human lipidomic extracted plasma samples, the Agilent 656Q TI@F 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. -N¥&5 data were
collected in both positive and negative mode frorrl300m/zwith a cycle time of 1 sec/spectra
to increase the signal of low abundance species. For the LC analyses, a \bigiers WPLC H
class system was used. 10 pL of each sample was injected ontasedepbase Waters CSH
column (3.0 mm x 150 mm x 1.7 pum 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/ isopropgblabl (10:90) containing 10 mM ammonium
acetate) at a flow rate 625 mL/min. The gradient and column wash are provided in TBdle
4.3.5 Quantification and Statistical Analysis

Statistical analysis for both the proteomic and lipidomic studiegshirComplication
versus Control patients was completed in MATLAB (version 9.1). In the proteomic study,
14,429 unique peptides were observed from thelMS-MS analyses. These peptides
correspond to 1,093 proteins using the identification criteria ofaat [ peptides detected per
protein where at least one peptide must be uniguihe lipidomic study, 288 unique lipids were

identified. Potential outliers in the proteomic and lipidomic analyses were fahtising the
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RMD-PAV algorithm??> and were then confirmed by Pearson correlation and subsequently
removed from the dataset. Three patients in negative imoirpcs (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 testgere also removet.
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Figure 4.2 Statistically significant proteins detected for PRE and GDM vs. contapl3he
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 Uniprabp) GDM exhibited a decrease in functions
such as cellular adhesion, immunity, and lipid transport, and betlang downregulation in
overall transport. fottom) PRE, on the other hand, exhibited an overall increase in cellular
adhesion, immunity and lipid transpo 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 udableB.14. All
statistically upreglated proteins are shown in red while downregulated are in blue.
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Peptides and proteins were evaluated using Analysis of Variance (ANQNA)a
Dunnett test correctiéh and a Bonferroncorrected gest® 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. Cohtad 80.3% for PRE vs. Control at an effect
size of 0.5 (medium). For-ggst 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 quantifation, BRQuant with the background probability of a zero signature set to
the default of 0.9 was usédOnly 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 adjustédd 0. 05 wer e considered signifi
filtered proteins, 227 proteins were significant in at least one Complication versus Control
comparisorwith an overlap ofl2 proteins For the PRE vs. Control, a total &63 significantly
dysreguéted proteins were observed wiflé downregulated Table B.2 and 87 upregulated
(Table B.3). For the GDM vs. Control comparison, significantly less dysregulation was observed
with only 58 downregulatedréble B.4) and 18 upregulated éble B.5 proteins.

Positive and negative mode lipidomic data was also evaluated using ANOVA with a
Dunnett correctiod®®Li pi ds wi t h adj u sideredrelgvantGor OompliBatiow e r e ¢
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 stalisal 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 GDMroups; 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 comparigoth an overlap between each
comparison ofl1 lipids. In total, the PRE vs. Control analysis resulted9i significantly
dysregulated lipids with52 downregulated Table B.6) and 40 upregulated Table B.7).
Similarly to the proteomics data, the GDM vs. Control comparddotie lipidanics dataalso
had less significant changes with 26 downregulaiedle B.8) and 16 upregulated éble B.9)
species. Statistical analysis of proteins and lipids for the complication comparisons (PRE vs.
GDM) was completed with MetaboAnalyst (version £D)rhe 65 downregulated an®0
upregulated proteins are presented in Tables B.10 and B.113TTdewnregulated and.7
upregulatedipids for comparing PRE and GDM patierie presented in Tables B.12 and B.13.
Proteins with known biological processes and pathways of interest for @RIMPRE
were evaluated using STRINGUNIPROT®, and KEGGP online tools.Enrichment analysis of
significant proteins for each Complication versus Cdntomparison was assessed using
STRING (version 11.038 Biological process associations below a false discovery rate of 0.05
are noted with GO annotation, count in gene set, and false discovery rate irBTableipid
relationships, which are traditioiha probed with heatmaps and spreadsheets, were expanded
upon in this study to assess biological linkages using a cheminforfpatiesed structural
clustering of head groups and fatty acyls. Head group clustering was performed based on
chemicals initially represented as SMILES strifgsthen converted into 2D standardized
structures, and further characterized using an ECFP_6 fingerpriathi€harchical clustering
was done usinganimoto distance and average linkage method udingerprint 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 possiidentifications. Fatty acyl tail composition was also
used to relate lipids. For our analyses, nsost andsn-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 adjustedvplues was utilized in this clustering technique due
to their set cubff for significance (adjusted-p a | u ©5) Wingthepheatmappackage in R.
Statistical upregulation is represented by red and downregulation by blue with darker colors
indicating a more significant adjustedvplue. Fold changes of significant lipids were also
investigated to emphasize analyteith 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 Peribdhkbio-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 healthyantrol women. All women were singleton pregnancies with
no current or history of chronic conditions including -psasting 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 lakigufe 4.1b). To provide sensitive analyses of
this cohort, we utilized a muitimensional platform coupling ligdi chromatography, ion
mobility spectrometry and mass spectrometry -(MS-MS) separations. This platform was
capable of molecular speciation due to the three orthogonal techniques, providing simultaneous
evaluations of polarity, structure and mass for egudties 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 LOMS-MS platform to provide protein and lipid quantification
information for statistical angses 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.

i i "1 = Purine and
Glycan Biosynthesis Lipo;I)olysaccharide = Pmidine
Biosynthesis Metabolism
Starch and Carbohydrate =
IMetabelism
1
1 s x Tyrosine oL
: Metabolism
Glycolysis
Fatty:Acid Degradation I,_____J
— GDM down
Citric-Acid Cycle
BCAA PRE up
Degradation -
Cysteine and Methionine Overlap up
Drug Metabolism | J Metabolism

Figure 4.3 KEGG metabolic pathway analyses illustrate specific areas of am
downregulation for PRE and GDM. Namely, GDM exhibited downregulation in starch and
carbohydrate metabolismand purine and pyrimidine metabolism, while PRE showed
upregulation in glycolysis specific enzymes.
4.4.1.Protein Associations Specific to PRE and GDM

In the bottomup proteomic analyseas 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 proteinsanalysis of variance (ANOVA) evaluations identified 163 and 76 statistically
significant proteins (U O 0.05) for PRE and

Dunnettmultiple comparisons correctigifrigure 4.2a).2° Despite shared placental dysfunction

in GDM and PRE, only a slight overlap was observed in the statistically significant proteins as

110



shown in the Venn Diagram in Figude2a. Furthermore, of the statistically significant proteins
found for the two complicationsTébles B.2B.5), PRE illustrated more upregulation, while
GDM was predominantly downregulated compared to the Control group. Specifically, of the 103
significantly ypregulated 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 fardmatitions

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 unige Uniprot biological functiort§, STRING?® functional enrichment
analysis Figure 4.2b and Figure 4.2¢) and associated KEG&pathways Figure 4.3). Again,
very different functions and mechanismere observed for each complication. For GDM, a
considerable decrease in protein expression
species were downregulatedrigure 4.2a) including transport, cellular adhesion, blood
coagulation and cholesgol metabolism, all of which were found to be functionally enriched at a
false discovery rate less than 0.05 using STRIN@Ure 4.2b, Table B.14). Notably, this
proteomewide depression affected starch and carbohydrate metabolism eniygussmal
alphaglucosidase (LYAG) and beth4-galactosyltransferase 1 (B4GT1) which were both
downregulated in GDM patient$-igure 4.3, Table B.4. In addition to the dysregulation in
carbohydrate metabolism we also found a significant change in @watelasted to beta cell
function such as glutathione synthetase (GSHB) and reeg®rtyrosineprotein phosphatase
kappa (PTPRK). These proteins could subsequently trigger elevated maternal glucose, the

criteria currently used for GDM diagnosis. The regld protein synthesis and glucose intolerance
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observed in GDM may also be related through protein/nucleic acid deglycds@BRK7), an
enzyme that has been reported to regulate transcription mechanisms of mRNA and maintain
glucosehomeostasis and diakst onset? This protein was observed to be downretgdain
GDM with a log fold change 0f0.54 and adjusted-yalue of 0.0049.

In PRE, both upregulation and downregulation were observed for the statistically
significant proteins as 53% of differentially expressed proteins were upregutagede(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 discoverjesatéhan 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 mitynicomplement) and film clot
formation (coagulation}®* BCC pathway activation through the complement anaguatation
cascade was largely observed to be upregulated. Complement activation promotes innate
immunity responsible for maintaining host homeostasis, promoting inflammation and enhancing
immune system pathogen defeA$d®ysregulation of species assated with this process is
agreeable with instances of immune dysregulatiomronly reported in PRE studi&s
Plasminogen activator inhibitor 1 (PAI1) was among the most differentially upregulated proteins
in PRE patients-{.25 log fold change and adjustedvalue of 0.00277). Since this enzyme
serves to downregulate fibrinolytic activity, its upregulaticould 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 placgrgglsion and hemodynamic placental dysfunction
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potentially triggering hypertension while complement activation reflects a state of immune
dysregulation comonly reported in PRE casg%® Both of these effects could serve as a
driving force of inflammation @well as dysregulation of metabolic processes and dyslipidemia.
The glycolysisrelated enzymes alptenolase (ENOA), glyceraldehy@®ephosphate
dehydrogenase (G3P), phosphoglycerate kinase 1 (PGK1) antercaptopyruvate
sulfurtransferase (THTM) were aléound to be uniquely upregulated in PREgure 4.3, Table

B.3), promoting the hypothesis of metabolic abnormality of the placenta, a proposed mechanism
unique to the late onset PRE subtypdnterestingly, although transport had both- #md
downregulation in both conditions, lipid transport was only downregulated in GDM and only
upregulated in PREFgure 4.2b and 4.2¢). These findings we further investigated in the

following lipidomic evaluations.
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Figure 4.4 The lipidomics data analysis workflow utilized for elucidating trends in PRE and
GDM vs. control comparisond) Lipids were first identified from the LOMS-MS analyses
based on LC retention timey/zand IMS collision cross sectioBA) Next, the identified lipids

were clustered using an ECFP_6 fingerprint for building head group associ@®)nkipid
identifications were further related by shared fatty acyl groR@¥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 patients3) Finally, the structural informatioand statistical significance of
each lipid was combined to gener8) a circular dendrogram for head group associations and
3B) heatmaps of fatty acyl variation allowing concurrent visualization of all conditions and their
statistical significance basexh either adjusted-palue or log fold change. Upregulated and
downregulated lipids are shown in red and blue with the darker colors indicating a more
significant adjustedpalue.

Identified Lipids
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4.4.2Lipid Associations Specific to PRE and GDM

In the lipidomic evaluabns 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 t
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 lipitisewisting 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, @ven 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
amotations of polar metabolites has previously shown validcéstson to biological functioH,
we created a novel lipidomic analysis workflow to more readily assess how head group and fatty
acyl structural elements of lipids trigger specific biological resporfsiggife 4.4).

In our lipidomic workflow, first the 288 lipids were identified from the -Ll@S-MS
analysesKigure 4.4, Step ). All identified lipids were then structurally evaluated byppiag
their SMILES? strings to an ECFP_6 fingerprint that encodes the presence of key functional
groups and 2D subtructural motifs of eachF{gure 4.4, Steps 2A and 2B ANOVA
evaluations were simultaneously performed for the PRE and GDM patients ipariognthem
to the Control group to acquirevalues and logfold changes for each lipid-{gure 4.4, Step
2C). To begin grouping structurally similar lipids, hierarchical clustering then utilized the

ECFP_6 fingerprintTanimotodistance, and an averafiekage method to generate a circular
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dendrogram for visual evaluation of the changes occurfiguie 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 assment of their statistical significandédure 4.4, Step 3B.
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Figure 4.5 Statistically significant lipids detected for PRE and GD&l.The Venn diagram
illustrates 81 and 28 unique statistically significant lipids observed for PRE and GDM with little
overlap between conditions (11 lipid§) The lipids were then evaluated based on head groups
(circle) and fatty acyl groups (green rectangle¥)Circular dendrogram from the hierarchical
clustering of the head groups of significant lipids visually iHatgts great differences between
lipid responses for PRE and GDM) 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 upreguladeand downregulated lipids are shown in red and blue with the
darker colors indicating more significant adjustedhjpues.
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Upon assessing the lipidomic changes for PRE and GDM, 81 and 28 unique lipids were
found to be stat i s@Ob)cwth layDunmeit goadtidnifar anultple ( U O
comparison® as shown by the Venn diagramHigure4.5a 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 dowrleg¢gd, while GDM exhibited
fewer with 15 unique lipids statistically upregulated and 13 downregu(@isules B.6B.9).

The lipids were then evaluated based on head and fatty acyl grfeigpse(4.5b) using the
previously described workflow to further assehe 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 foheir head group and fatty acyl structural simila¢figures 4.5c and4.5d).

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
glycerophospalipid 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 protemayses for
both complications. The three lipid categories were then further broken down into specific lipid
head groups, resulting in three sphingolipid classes (cerani{ides, galactose/glucose
ceramideqGal/GlcCer) sphingomyelingSM)), two glyceolipid classes (diacylglycerols (DG)
and triacylglycerols (TG)), and five glycerophospholipid classes (phosphatidylethanolamine
(PE), phosphatidylserine (PS), phosphatidylcholine (PC), phosphatidylinositol (PI), and

phosphatidylglycerol (PG)). The PE aRdC classes were further broken down into their fatty
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acyl linkages of either the alkenyl ether linkage (plasmalogens,-REBPPC P or the alkyl

ether linkage (PE ©and PC ©) subclasses since each have unique biological roles. In PRE, all
Pls were dowregulated and all DGs upregulated. This result matched a previous study of
placental lipidomics, linking elevated DGs in PRE to acyl CoA, a placeatakte of energj?

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 igseclhis trend was also noted in serum
samples of PRE patients with significant TG dysregulagiorearly as 10 weeks gestatfdion

the other hand, PCs were largely downregulated with the exception of lyso species, which were
upregulated and maguggest enhanced PC degradatfb®SMs in PRE wre both up and
downregulated.

For GDM, most lipid species from various head groups were largely downregulated
exceptfor PE and PE plasmalogen (PE Bpecies, which were all upregulated. The significant
downregulation of lipids in GDM is potentially irgdtive of free fatty acid accumulation (FFA),

a phenomenon that has previously been associated with insulin resistance and
hyperinsulinemid! 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,saabsitioning on the lipid
backbone, fatty acyl composition and corresponding changes were also a¥sessed.

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 utilizeglie 4.4, Step 3B. As
most lipids typically consist of two or more fatty agybups 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 ok4:1 fatty acyls were found to be downregulated across both disease states
and 20:0 and 22:6 were shown to be upreguldtegli(e 4.5d). However, the head group/fatty

acyl combinations were often different in the two diseases. For example, 22:6 fattyvayls
upregulated in GDM for PE-PPC and PE Ospecies, 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*6was also downregulated in both GDM and PRE but not for the
same lipid species. FurthermohgsoPC(0:0_14:0) was the only exception to the upregulation of

all other lysoPC species in PRE. Other fatty acyl trends were also atbseiten the head
groups for the complications, including saturateetafon 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 speciesevwdmwnregulated. Interestingly, GDM only
exhibited a few significaty 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 O 12, dnaymesdatr bindisggtnaport @ transmembrane locatitirhis trend
however may depend on fatty acyl chain lengths as medium chain fatty acids (MCFASs) or those
with >6 carbons and 012, do not require enz)
location®® MCFA-containing TGs therefore could seras quickly available energy sources and
may provide evidence for the dysregulation of placental energy processes prengpuasigd in

GDM and PRE studie¢® As the only upregulated head groups in GDM, the PE and PE
plasmalogen (PE-Pspecies overexpression was mainly observed in lipids containing hag
polyunsaturated fatty acids (ERUFAs). LGCPUFAs have 18 or more carbons and at least 2

double bonds. Plasmalogen phospholipids are commonly characterized it focated LG
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PUFA species as the preferential oxidation of the vinyl ether bondgisot GPUFA species
from oxidation and readily involves these lipids in signaling processes follgsagpholipase
release® 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, ugyelation of PE and PE-Bpecies containing LEUFAs could suggest
these fatty acids are being preferentially shunted to P&pé&ties. This would alter -EUFA
transfer and lipid signaling processes in placental and fetal metabolism.
4.4.3 Multtomic Assoiations

Currently, associations between lipids and proteins lack in literature due to an
abundance of isomeric lipids that are incredibly difficult to differenti@iteerefore, attempts to
relate lipid and protein findings is often limited by brogdssifications. 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 metabot processesT@ble 4.1a) and each was assessed for its significance in GDM
and PRE. Several very interesting findings were observed. First;@pbalein (SYUA), which
protects insulin signaling from saturatid-related insulin resistance through tleglirection of
free fatty acids for transpdftwas upregulated in GDM. Next, annexin A5 (ANXA5), which
reflects a hypercoagulable state that impairs blood coagulatamesss and fetal growth, was
found to be downregulated for PREonsistent with other studiés® Lipid involvement in
inflammation in PRE was evidenced through the upregulation of both the lipopolysaccharide
binding proein (LBP), a marker of fetal inflammation noted Table 4.1a, and Greactive

protein (CRP), a general marker of inflammation, showFaible 4.1b.4%:%°
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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 araiAsptirt
andprotein and lipid pathway relationships of interest for (b) PRE and (c) GDM.

a) Code® Description Sig.b< p-value Lipid association
*LBP ::E?E;JizlysacCharidE-binding + 6.9E-6 | Binds lipid A moiety of bacterial lipopolysaccharides
*APOC1 |Apolipoprotein C-I + 7.7TE-4 | Inhibits LOL and VLDL receptor binding, associates with HDL
*APOC2 | Apolipoprotein C-Il + 7.9E-4 | Componentof chylomicrons, VLDL, LDL, and HDL
*APOC3 |Apolipoprotein C-Il + 4.7E-3 | Componentoftriglyceride-rich VLDL and HDL
*APOF |Apolipoprotein F ++ 0.024 | Associates with LDL, regulates cholesterol transport
CHM4A ;Z?;?,?i:umvesmu'ar body | . | 0036 | Multvesicular bodies (MVB) formation
ANXA3 |Annexin A3 e 4.7E-3 PhospholipaseA2 inhibitor, Binds phospholipids (unknown specificity)
*ANXA5 |Annexin A5 - 0.017 Phospholipid binding (head group specificity unknown)
PEBP1 P.hu_sphatidyl_ethanolamine- — 2.5E-3 Preferenl@lly binds PE containing lipids (PE, Lyso PE, PE O-, PE P-) with
binding protein 1 lower affinity for PC and Pl species

*IPSP Plasma serine protease inhibitor | === 8.2E-5 Enhanced inhibition activity when bound to PC containing lipids

*SYUA |Alpha-synuclein ++ 0.034 | Phospholipid binding (head group specificity unknown)

*AACT |Alpha-1-antichymotrypsin + 3.8E-6 Regulation of lipid metabolism, specificity of lipids unknown

APOM  |Apolipoprotein M - 0.019 | Transport of 14:0, 16:0, 18:0, Vitamin A, all-trans and 9-cis-retinoic acid
PRDX6 |Peroxiredoxin-6 - 3.9E-4 | Sn-2 fatty acyl reduction of phospholipids

PHLD Phosphatidylinositol-glycan-

specific phospholipase D - 3.9E-3 Hydrolyzes inositol phosphate linkage in proteins anchored by Pl glycans
FACR1 |Fatty acyl-CoA reductase 1 + 0.032 Catalyzes reduction of C16 or C18 fatty-acyl CoA to fatty alcohols
b) PRE-Specific Species c) GDM-Specific Species
Molecule? Sig.b< p-value Biological Process Molecule? Sig.b¢ p-value Biological Process
PE(20:0_22:6) - | 1.6E3 20:0 LCFA PE(P-20:0_18:1) | + 8.8E-3
PE(18:1_20:0) | - |[s0Es|  uPregulation o | PE(P-18:0_22:6) | + | 10es
[
*PGK1 - |sES 8 | PE(P-20:0_22:6) | + | 683
b Glycolysis 3 Plasmalogen and
% *ENOA - 2.9E-3 @ | PE(P-18:1_22:6) + 0.027 22:6 LC PUFA
E, % upregulation
3 *IC1 - | 77Ee PC(P-18:0_226) | + 0.031
[-%
=] *CRP - 4.1E-4 PC(17:0_22:6) + 3.2E-3
*C18 + T71E-4 Blood coagulation PEBP1 - 2.5E-3
*CO5 + | 73E5 and clotting TG(12:0_16:0_18:1) - 0.042
cascade, innate .
*CO4B - 4.7E-3 immunity o [|TG(14:0_16:0_18:1) - 0.030 TG downregulation
[}
= . . .
3 FA12 - 3.9E-4 a TG(14:0_16:0_18:2) - 0.046
g FA7 - |2 2 PDIAS - 8183 | Redox homeostasis,
g PHLD - | 3eEs3 3 PDIA5 — | o034 protein folding
c a
2| pi1s: . - Pl LYAG - 0.016
-3 (18:1_18:2) 4,0E-4
a downregulation Carbohydrate
PI(18:1_20:4) A - 3.6E-3 EXT1 - 0.026 metabolism and
I lati
PI(18:1_20:4)_B| - 5.0E-4 B4AGA1 - 0.017 glycosylation

aPreviously 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 + antbr the
upregulated and downregulated proteins.
¢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

characterde each complication at admission to labor and delivEaplé 4.1b and 4.1¢). 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,
phosphatidylethanolamidg@nding protein 1 (PEBP1), an enzyme with preferential binding of
PE lipid species, and peroxiredos6n(PRXD6) which has been shown to selectively reduce the
sn-2 position of phospholipids were significantly downregulated andesas unique candidates

for GDM diagnosis Table 4.1¢). Notably, a majority of PE Fupregulation 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. Waregulated TG species were also uniquely
observed in GDM patients. Interestingly, these species all castianerFA groups, which can

cross the placenta without carrier proteins. Protein disuiid@erase A6 (PDIA6) and protein
disulfideisomerase 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 B1GA1), which are invaled 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 affirmg this pathway and its relationship to PRE diagno$able
4.1b).333% Phosphoglycerate kinase 1 (PGK1) and aiphalase (ENOA) suppression further
defined dysregulation of placental energy processes through their activity in glycolysis. Lipid
dysregulationwas 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 medtnic connection for PRE was that phosphatidyital-glycan

specific phospholipase D (PHLD), an enzyme responsible for the hydrolysis of proteins from Pl
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glycans was downregulated in PRE, giving context to the dysregulation of the Pl species
observed. Downregulation of PI(18:1_20:4) isomers resolved®yand IMS were defining
characteristics of PRE. Comparison of these species to a dataset collected-\ittall@wed
for double bond characterization, revealing both isomers shared the same double bond positions
of 18:1 (r9) and 20:4 (+6, 9, 12, 15f! 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>hiditimately in this stdy, 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, multimensional analyses werngerformed 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. Givihe welldocumented 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 matapithe 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 mahiic associations.

To facilitate improved lipidomic analigs tailored structural clustering techniques and

cheminformaticgpowered 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 onpegcific 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 i?’)GibMave
focused on multiple species in summed notations such as PI(34:2) upregulation M PRE.
Assesisg 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 extensivéioasnota
including double bond orientations and positions are still needed to fully understand some of the
alterations occurring in the lipidomic studies.

Several direct proteiipid associations in the mulimic analyses shed light on the
correlation of potein and lipid dysregulation and known biological implications. Specifically,
for GDM, the PE Plipids having 22:6 fatty acyl groups were upregulated, while PEBP1, which
preferentially binds to PEs (among many other roles in the protein signaling gasesade
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 tdPHED enzyme which is specific
for Pl species. This finding suggests dysregulation in Pl associated molecular mechanisms,
which was not observed in GDM. While limited biological information causes prlip&in
associations to be sparse for many diseabesdirect 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. Howevesince 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 longitudinalesssafss

a new patient cohort throughout their entire pregnancy is necessary.
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CHAPTER 5 1l nvestigating the APOE Genotype in
Performing Multi -Omics on Different Brain Tissue Regions

5.1 Abstract

Al zhei mer6s disease (AD) S a neurodegene
influenced by confounding factors such as genetic polymorphisms, age, sex, and race. The
influence of apolipoprotein E (APQEor example, is one effect that has been explored to better
understand what predi sposes patients carrying
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 mukbmic evaluation of protein, lipid, and metal perturbations adres$ontal
cortex (FCX) and cerebellum (CB) brain tissue for 62 {pasttem patients (33 AD, 29 control
(HC)). Prior to investigating genotypic influences, we first affirmed the validity of our findings
based on overlapping observations with existingrditure for AD vs. HC changes. Patients were
then stratified by APOE U4 allele typ<for( APOE/4
non04 carriers). Within each <carrier status ar
unique molecular perturbans including sukorganelle dysfunction of the mitochondria and
endoplasmic reticulum, lipid and metal dysregulation, and a novetileath mechanism. Taken
together, this work facilitates an understanding of AD progression and the effects of APOE4
cariier status across brain regions.
5.2 Introduction

Al zhei merb6s disease (AD) is a prevalent an

accounts for 70% of cases and is forecast to triple in case numbers by@@%6ally, 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 amyibid ( pldgyes, neurofibrillary taoontaining tangles (NFTSs),

and a significant loss of brain matter volufri@ubstantial effort has been put towards elucidating

the etiology of AD to develop effective therapeutics and mitigate the prevalencenaicdyt of

AD. Yet, clinical trials of AD drugs have illustrated a 99% failure rate which suggests key
elements of the pathophysiology driving AD remain eludivVéhat has become clear through

deades 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 pathophysidpglipoprotein E (APOE),

for example, is a gene encoded on chromosome 19 that expresses the APOE enzyme, a
transporter lipoprotein that shuttles lipids across éélllhhe al l el e type (U2, 03
has shown a significant difference in representation across AD and healthy pop#iations.
Currently, the U3 allele i s-AhHumansy aceodntnmion a n t 4
~78% of the population foll owetlobyU2a. ~Adi% spsi
however, these demographics are dramatically skewed wittv5%bof sporadic AD patients
having an 6%he effectsel cenfaidipgpvariables such as age and sex further
complicate disease pathophysiology and risk of AD oh%etRegarding disease

pat hophysiology, the apolipoprotein E U4 alle
plague burden and NFT deposition addition to worse performance on cognition té&sts.
However, the molecular chargyassociated 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 case¥:!3
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To date, a thorough understanding of AD is also challenged by the Honauanitself
which is an incredibly complex organ with distinct structural and functional redftdfe. most
AD cases, patients are initially identified by the onset of mild cognitive impairment) (&l
impaired processes within the entorhinal cortex and hippocampus, two regions involved in
memory’®Pr ogression to mild AD is characterized &
initially through the cerebral cortex, then therftal cortex in moderate AD cases, and finally the
occipital lobe in instances of severe ADTogether, these brain changes result in a debilitating
disease that impairs virtually all regions of the bfaihe long thought exception to this,
however, was that theerebellum (CB), which is responsible for movement coordination and
motor function, was unaffected by AB!° 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 fgr studyin
AD progressiorf®?! Recent implications of CB activity have however placed interest on its
potential perturbations associated with various neurodegenerative didédsészor AD,
research has in fact elucidated a unique mechanism of disease progression. Namely, AD onset
within the CB has previously been characteriz
NFTs, which isa finding attributable to the unique morphology of this regfott. Proteomic
analyses of CB dysregulation of AD patients has désoonstrated 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 breregions?*

While experiments exploring how AD is biased by genetic information in addition to
race, sex, and age have been mmred, a majority of this work is brain regispecific or

focused on downstream markers in cerebrospinal fluid (CSF) and/or pldsfAdlore 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 pathophysitiéty.
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 Algression 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
postmortem from 62 patientstoasses® | ecul ar perturbations of Al
33) relative to a healthy control cohort (HC, n = 29). The influence of APOE carrier status
( APOE4+ for those carr-yfarnogU4 oar r2i eWsdsy avmd AF
across each regiaio 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 Ndtispanic White cohort at the Florey Institute of
Neuroscience and Mental Health with rigorous screening criteria. Herein, we included 12
patients with the U303 and U3U4 all ealye6 types
patients all diagnosed with AD had an 0404 al
an U2 0-8p. Attegktieer, this yielded a total of 62 patients with tissue from both the

cerebellum (CB) and frontal cortex (FCX). Given the relativersgness of patients within the
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U404 or U203 allele samp !l e-sandVABOE4+ gr oup

types,

to explore how the presence of an U4 allele t

the cohort and respective group qmarisons 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
prevalene increasing with ageThis 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 1 s in agreement riessi th th
developing AD compared to their male counterparts with the same allelé’ tditionally,

collection time of FCX and CB tissue relative to the post mortem interval (PMI) was recorded. A
significant difference (walue = 0.0134) in PMI was notedrfthe APOE4+ HC and AD cohorts

and is considered a potential limitation of this study.

Table 5.1 Patientdemographics

APOE4- APOE4+
Group HC AD HC AD
5 (p(B 3(e(B 12 B
Allele make-up 12 (B(B 12 (B(B 12 (BB 6 utn
Age (yrs.) 66.5:13.7 78.0t9.7 74.6:7.7 | 81.3:10.0
Avg+Std. Dev. 71.8:13.2 78.6:17.7
PMI (hrs.) 39.9:15.2 | 34.0:20.3 | 42.8:21.0 | 25.9r14.2
Avg=Std. Dev. 37.149.6 32.6t18.9
Sex 13M, 4F | 14M, 1F | 7M, 5F | 8M, 10F

5.3.2MPLEX ProteinLipid Extraction

Simultaneous extraction of proteins and lipids was completed by following the MPLEXx
procedure?® Initially, a 500 pL 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. Homogenize@nsples were then transferred to Sorenson Bioscience vials
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containing 600 pL 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 Phase separation of metabolites (top), proteins (middle) and lipids (béttaip)ds
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 pL of
chloroform and 98 uL of maanol. To isolate proteins, the protein pellet was removed and a 500
pL 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 froz
at-80 °C until digestion.
5.3.3 Protein Digestion

Protein digestion was carried out using 100 ug of total protein for each sample. To begin,
protein samples were transferred to av@8l plate preloaded with urea (Sigmddrich, St.

Louis, MO) to achiee a final concentration of 8 M in solution. Dithiothreitol (DTT, 50 mM

stock concentration) (Sigmal dr i ¢ h, St . Loui s, MO) was t hen

concentration. Samples were subsequently incubated at 37°C with constant shaking at 1200 rpm
on aBioShake 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 (Sigmddrich, St. Louis, MO) solution toa final
concentration of 40 mM. Samples were subsequently incubated in the dark at 25°C for 45
minutes prior to a 4dold sample dilution with 50 mM ambic, 1 mM CaCl2. Sequence grade
TPCK treated trypsin (Trypsin Gold, Mass Spectrometry Grade, Promegahevaadded to all
samples in a 1: 50 enzyme to protein ratio.

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% stockncentration) (Sigmaldrich St. Louis, MO)
solution to yield a final concentration of 0.1%. Peptides were desalted on-plsadiel extraction
(SPE) using Preston 100 Positive Pressure Manifold (Phenomenex, Torrance, CA) with a Strata
C18E cartridges ad 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 eg/eL with 2%M&MScahatyses.t r i | e,
Sample pools were created by combining equal amounts of digested peptide samples
from each group (AD and HC) . A 300 eg pool ed
Waters reversed phase XBridge €18 <column (25
particles and a 4.6 mm x 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 concatenate@4ntotal 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 downeandire pended t o a O
peptide concentration in 2% acetonitrile]l% formic acid prior to LEMS-MS analyses.
5.3.4 Proteomic LAMS-MS Analysis
Proteomic data was collected on a hedoodt 1-m DTIMS ion mobility system coupled
to an Agilent 6224 TOF MS with a 1.5 m flight tub%This allowed data for all 124 samples to
be collected at an/z resolution of ~25,000 in enhanced dynamic range moddditionally, all

proteomic IMSMS data was collected from 1{B200m/z LC separations were conducted on a
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homebuilt, fully automated zZolumn HPLC with irhouse packed capillary columns. Samples
were separated over a-Bfinute gradient on a 30 cm long C18 column with a particle size of 3
pm and an outer and inner diameter of 360 um and 75 pm; respectiveiyjeg&tion of 5 pL of
each sample was separated at a flow of 1 pL/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 acetonitril€® The gradient increased nitgbphase B from 0 to 60% until the final
2 min of the run when B was purged at 95%.
5.3.5 Lipidomic LEIMS-MS Analysis

Lipidomic data from the 124 tissue samples was collected on a Waters Acquity UPLC H
class system coupled to an Agilent 6560-dWIOF MS patform 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 ovdi7@068/z
range. Additionally, the cycle time dhe 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 I 150 mm [ 1. 7-mhute gmdienttat & flow rats of 2%0) 0 V €
puL/min. An addition& column wash and requilibration of 4 minutes was completed between
each 10 OL sample injection. Mobil e phase A
mM ammoni um acetate and mobile phase B consi s
containing 10 mM ammonium acetate. Details on LC gradient and column wash are presented in
Table C.1.
5.3.6 Proteomic and Lipidomidentification

Proteomic and lipidomic identifications were made with accurate mass tag (AMT)

matching®'3? 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
usingtherolup cr i t2erpeaptoifde® detected per protein
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 softWaféis

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. OrIM8-LC

MS platform leveraged herein, this typically included head group and fatty acyl assignment, but

not snposition or double bond information (i.e. PC(16:0_18:1)). Rmecies with multiple

potenti al mat ches, al | identifications ar e (
assignments. Additionally, l i pids that matche
A_BO, etc. to expregskbisomerse i dentification of p

5.3.7 MetallomicExtraction and ICPMS Analysis

Metallomic analyses were conducted on a separate FCX tissue sample collected from the
same 62 patients following established metal fractionation protdtdissue was initially
homogenized in a benchtop centrifuge at 14,00@rgr to suspension in THsuffered saline
(TBS, 50 mM Tris pH 8.0, 100 mM NaCl) containing EDTike protease inhibitors (Roche)
that was added at a ratio of 1:4 (tissue:buffer, w/v). A sequentitdpiextraction was used to
remove soluble (TBS), pgiieral membrane and vascular material.(NM2), membrane and
internal organelle (Urea), and insoluble metals (B&irst, samples were centrifuged at 100,000
xg at 4 °C for 30 minutes. A titration of a MOz 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 lfg was resuspended 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 entrifugation, all supernatant material was collected and store2D&lC until analysis.
Mass spectrometry analysis of the 248 fractions from FCX tissue was performed on an Agilent
Technologies 7700x IGMS system outfitted with a Teflon MiraMist conceatnebulizer and
Scotttype doublepass spray chamber (Glass Expansion, VIC, Australia) as described
previously3* Helium served as the collisional gas to remove potential polyatomic intexésren
and the instrument was calibrated using meliment standards (Accustandard, {K2B-2-1,
ICP-MS-3-1, ICR-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 imesma@nitored?*Na, >Mg, 3P,
39K, 52Cr, 55Mn, 56Fe’5900’ 6°Ni, GSCU’ 662n1 7886’85Rb’ 11cq, 208py_
5.3.8 Data Processing Satistical Analysis, andvisualization

Statistical analysis and data processing was completed in R (versior*A8idy the
pmartR packag€® Initially, peak areas for each dataset were read in; lognsformed, and
assessed for outliers through a thpeenged interrogation of an RMBAV algorithn?’, 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 samplesouttiditionally,
any identifications lacking adequate data for qualitative or quantitative statistical tests were
removed prior to dataset normalizatiSrRPeptide data was normalized by rankariantpeptide
RIP(O.2f°and an additiomassifngteeandr @©2v alomes i n
features in a group wapplied 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 ttest and Holrcorrection gtestC to assess the quantitative and qualitative changes in

protein abundances, respectively. Default-@fanf! was also applied to perform signature
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based protein quantificatiorFor the AD vs. HC comparisons, a total of 894 of the 2,620
identified proteins within the FCX were dysregulated with 409 being downreguledabte(C.2)

and 485 being upregulatedable C.3). Significant breakdown of the CB region included 519
downregulgéed (Table C.4) and 376 upregulated@ble 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 witksa for tle
comparison of AD vs. HC across each brain region, and across APOE4+ and -Ada0iets.

AD vs. HC results for the lipidomic data within the FCX brain region exhibited 120
downregulated Table C.6) and 66 upregulatedTéble C.7) species. Conversely, CBaidk
showed less perturbation with only 23 downregulafeable C.8) and 53 upregulatedréble

C.9) species. Metallomic results for the FCX region demonstrated perturbation across all
fractions with the greatest dysregulation among the TBS layer where the d5 monitored
metals were upregulateddgble 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. APOEdarriers. A Hoin correction and galue cutoff of

0.05 were applied to determine significant species for all compari$@usariates of PMI, age

and sex were also included in statistical tests.

To interpret the complex mutimic 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 DAVADontology enrichment toolbox and KEGGpathways.
Enrichment analysis of proteomic results is further broken down in TablesQC1%1 Lipidomic
data were assessed through struefunetion relationships with the SCOf’Eheminformatics

toolbox. Significant species from the comparison of AD vs. HC aceas® APOE4 carrier
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status and brain region are presented in TablesC.24 for both lipid and metal perturbations.

Additional exploration of lipid and metal perturbations across APOE4+ vs. APOE4

comparisons is present in Tables CG@33. Enrichment aalysis of specific structural motifs of

lipid AD vs. HC data was completed in Lipid Mioif*® and is presented in Table @.3

A)

mmDown EmUp ==1CB down, FCX up mmCB up, FCX down

C)

Lipid
Metabolism

Fatty Acid

Biosynthesis |

Steroid Hormone
Biosynthesis

FCX CB
Protein p-value | Log,FC | p-value | Log,FC
Clusterin NA NA| 3.2E-03] 0.24
[Tripeptidyl-peptidase 1 | 6.2E-11 0.73] 9.3E-03 0.13]
Cytochrome c oxidase
subunit 6C 2.7E-02 -0.17| 7.4E-05{ -0.18
14-3-3 protein epsilon | 2.3E-03]  -0.17| 5.3E-05|  -0.18
14-3-3 protein theta 4.7E-07) -0.60] 1.2E-02] -0.13
Synaptotagamin-1 7.5E-04]  -0.34| 8.5E-06]  -0.35)
Purine |
|- Metabolism One Carbon
Pool
Pyrimidine
Metabolism
Pentose| PHosphate Vitamin: B6
Metabolism Metabolism
Glycolysis
[ Amino Acid
Citric Acid| Cycle| Metabolism
mCB up
E=CB down
mFCX up
Selenocompound EFCX down
: metabolism m Both up
Carbon fixation = 5 s EBoth down
Phosphorylation = FCX down, CB up

EFCX up, CB down

Figure 5.1AD 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 batyions.
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5.4 Results and Discussion

In this study, we performed a mutimic evaluation of protein, lipid and metal changes in
brain tissue collected pestortem from the cerebellum (CB) and frontal cortex (FCX). Initially,
these regions were chosen to \pde 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 itsd role in behavior
to be immired with AD?® 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 tilized for in-depth lipid and proteomic analyses. An inductively coupled
plasma mass spectrometry (K&#5) system was then used for the metallomic evaluations. Once
molecules were identified in each platform, data was compared to evaluate AD versus HC
petturbations of brain regions independently. These samples were then further stratified based on
APOE4 carrier status (APOE4 carrier (APOE4+) and APOE4-caonier (APOE4) to
interrogate the role of APOE4 in disease progression across the two regiaaiy,lnie chose
to focus on the individualomic 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 coedusith covariates of sex, age and post
mortem interval (PMI), a Holm correction, and-a&gdue cutoff of 0.052
5.4.1 Overview of AD vs. HC Perturbations

Since an immense amount of data was acquired for tnity,sthe 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 anootatenf
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our study, we first aimed to validate thecaacy of our study through agreement with existing
literature. Herein, we identified 2,620 proteins within the FCX with 895 observed as statistically
significant (485 downregulateddble C.2) and 410 upregulated@ble C.3). In the CB, a total
of 2,793proteins were identified with a notable percentage being downregulated (894 significant
proteins with 696 downregulateddble C.4) and 198 upregulate(lable C.5). Between the
FCX and CB regions, an overlap of 233 proteins were perturbed in both regibrisc% (131
proteins) being downregulated across both regibigu(e 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 downregliaté=CX. Of the significant
species, we noted several proteins that have been previously established in the literature as being
perturbed in AD Figure 5.1B) . Namel vy, enzymes associated wi
peptides such as clusterin (CLUS) anigdptidyl peptidase 1 (TPP1) were both significantly
upregulated in the CB and TPP1 was also upregulated in“F&Xvithin 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 signiftant downregulation of cytochrome oxidase 6 (COX6C) was also present
across both regions and is a marker of reduced neural aéti@tydence of neural damage was
also detected by way of the downregulation of313lepsilon (1433E) and theta (1433T) proteins
and synaptotagmifh (SYT1) across botregions°>!

Additionally, AD research has previouslhcharacterized 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 cqgrarison of AD vs. HC across both FCX and Gig(re

146



5.10).* 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 énggnprocesses across AD and HC
patient> 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
dysregulabn of enzymes associated with pyrimidine and purine metabétighalterations in
brancheechain amino acid (BCAA) which serve a role as neurotransmiftétsind immune
activation through tryptophan degradattdnAdditionally, fatty acid biosynthesis and lipid
metabolism enzymes were alsmgnificantly dysregulated which could affect their roles in
energy processes and signaling evéhtéProteomics data also showed significant coveraiy
the AD pathway in both CB and FCX brain regions with FCX exhibiting slightly more disruption
(Figure 5.2.%* This slight difference in coverage is however not surprising given the
documented absence of NFTs in &BConsistencies in AD pathway perturbations were also
present through egmes such as mitochondrial complexeg Wwhich 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 -subanelle has a wedistablished role in AD
progression, thereby further verifying the reliability of this study in capturing AD
perturbations¥ 62
5.4.2-Omic Perturbations Across AP@E arrier Status and Brain Region

To further explore potential mechanistic variations in AD, we queried the unique
perturbations across each APOE4+ and APQfadrier and brain region. While specific allele

could have been compared the power of these casopa 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 acrosgain 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 APOE4group and 399 significant proteins within the FCX

for the APOE4+ group. AD vs. HC comparison for the CB APOIgdoup 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 bbiréoe s

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 groupg(re 5.3). This includecenzymes with established roles

in AD vs. HC including COX6C, energetic processes (ACO13, ODPB), and mitochondrial
activity (ACON, TIM50, ODPB) Table C.11J).

Meanwhile, the unique changes across these subgroups are also mechanistically
informative as thes 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 statuBiqure 5.3). Thus, our analysis was focused tire
outermost areas of the Venn diagram that represent these uniquely perturbed species. This
included the 501 uniquely dysregulated proteins in the FCX APQ@Exup, the 109 uniquely
dysregulated proteins in the FCX APOE4+ group, the 164 uniquely dyatedproteins 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 egploith 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 samgfeBnrichment analysis within DAVID was

also used to determine the likelihood of specific processes being present.

Figure 5.2AD vs. HC significant protein coverage AD pathway.

5.4.3 FCX-Omic Changes in AD APOECarriers

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 autopablgy.12).

Through further analysis of protein phosphatase enzymes, we identified several species
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