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Abstract

Little is known about the lipid metabolism of human lungs and the interplay of lipid metabolic
processes in the development of lung cancer and chronic obstructive pulmonary disease (COPD).
Within the past decade, numerous studies discovered lipid metabolic perturbations in diseases
including cardiovascular diseases and cancer [1] and revealed the impact of lipid metabolic
processes in pathogenesis. For instance, specific lipid biomarkers were identified for diagnosis
and prediction of disease progression in ovarian and lung cancer [2—4]. Other studies showed
specific lipidome alterations in induced sputum of COPD patients with respect to their ceramide
levels [5]. However, no studies were carried out which provided a comprehensive characteri-
zation of the lipid composition (lipidome) in human lungs. Furthermore, no investigation was
carried out to determine how the heterogeneous morphological structure of tissue samples is

reflected in their lipidomes.

This dissertation provides a systematic study of the lipidomes from alveolar human lung
tissues and from lung cancer tissues. One hundred seventy-four tissue samples were collected
and analyzed from lung cancer patients after surgical tumor removal. Top-down lipidomics

screens were performed and enabled quantification of about 400 lipid species from 14 classes.

This study identified widespread alterations in the lipid profiles between tumor-free alveolar
tissues and the corresponding tumors. Lipid components of the pulmonary surfactant, which
is a lipid-protein complex lining the alveoli, such as phosphatidylglycerol and saturated phos-
phatidylcholine (PC) were present in high levels in alveolar tissues. Increased amounts of the
main constituents of cellular membranes, including PC 34:1 and cholesterol, were shown in
tumor tissues. A selected set of surfactant and cell membrane-associated lipids was sufficient
to distinguish between alveolar and tumor tissues with high diagnostic confidence. This study
revealed specific alterations between the lipidomes of the major entities of non-small-cell lung
cancer (NSCLC), adenocarcinoma (ADC) and squamous-cell carcinoma (SCC). The lipidomes
of carcinoid tumors, which are slowly growing and low malignant tumors, differed significantly
from the NSCLC lipidomes. In particular, the carcinoids had altered ceramide levels. Even
lipidomes of the tumor-free alveolar tissues of ADC and SCC patients had distinct features

within their lipid profiles that made them distinguishable from each other.

This work demonstrated that a modeling approach based on partial least-squares regression
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is suitable to provide dependencies of the tissue lipidome composition from the respective
histopathological phenotype. Moreover, the data revealed interplay of triacylglycerols with
necrotic areas within the tissues. Additionally, this study demonstrated how an altering tissue
composition regarding the proportions of metabolically active tumor cells, stroma and necrosis,
associated with the tissue lipidomes of tumors. In the tumor-free alveolar lung tissue samples,
the lipid profiles changed with the age of the patients. The lipidomes mirrored a correlation
of aging with the progression of the pulmonary emphysema, which is a pathological and irre-
versible enlargement of the alveolar structure and a common phenotype of COPD. Furthermore,
the results showed that lipidomes from alveolar lung tissues differed between the genders.

This dissertation provides first insight into lipid metabolic processes of lung tissues. It de-
livers a comprehensive description of a lipid metabolic snapshot including the major abundant
glycerolipids, glycerophospholipids, sphingolipids and cholesterols. For the first time, lipid
metabolic alterations induced by the heterogeneous histopathological phenotype demonstrates
connections between quantitative lipidomes and the tissue morphology. This opens possibilities
for discovery of specific diagnostic markers and lipid metabolic pathways relevant for carcino-
genesis and COPD. This study provides a comprehensive lipid metabolic snapshot of human
lung tissues and this approach could be the basis for thorough investigation of metabolic path-

ways to understand the underlying mechanisms in pathogenesis.
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Zusammenfassung

Lipidmetabolische Prozesse der humanen Lunge sind derzeit nur wenig erforscht. Insbeson-
dere iiber den Einfluss dieser Prozesse auf die Entwicklung von Lungenkrebs oder chronisch-
obstruktiver Lungenerkrankung (COPD) liegen bislang nur wenige Daten vor. Untersuchungen
lipidmetabolischer Prozesse, die innerhalb der letzten zehn Jahre durchgefiihrt wurden, zeig-
ten spezifische Verdnderungen in Herz-Kreislauf- und Krebserkrankungen [1] und damit, wie
grof der Einfluss des Lipidstoffwechsels in der Pathogenese sein kann. Dabei konnten spe-
zifische Lipid-Biomarker zur Diagnose und zur Vorhersage der Krankheitsverldufe von Eier-
stockkrebs und Lungenkrebs identifiziert werden [2—4]. Eine andere Studie zeigte spezifische
Verdnderungen der Ceramidspiegel im induzierten Sputum von COPD-Patienten [5]. Es lie-
gen aber keine Studien vor, die eine umfassende Charakterisierung der Lipidzusammensetzung
(Lipidome) von Lungengeweben liefern. Dariiber hinaus gibt es kaum Untersuchungen, die be-
legen, inwiefern sich die sehr heterogene morphologische Struktur von Gewebeproben auf ihre

Lipidome auswirkt.

In dieser Dissertation wurden die Lipidome von humanen tumorfreien alveoldren Lungenge-
weben und von Lungenkarzinomen charakterisiert und quantitativ beschrieben. Dazu wurden
174 Gewebeproben von 92 Lungenkrebspatienten untersucht. Nach chirurgischer Entfernung
des Lungentumors wurden top-down Lipidomics-Screens durchgefiihrt, womit etwa 400 Lipide
aus 14 Lipidklassen stabil und reproduzierbar quantifiziert wurden. Parallel dazu wurden die
selben Gewebeproben histopathologisch hinsichtlich ihrer Morphologie charakterisiert und ihr

spezifischer Phédnotyp in quantitativen Scores ausgedriickt.

Die Lipidzusammensetzungen der Tumorgewebeproben zeigten charakteristische Verdnde-
rungen im Vergleich zu den tumorfreien alveoldren Lungengewebeproben. Die Lipid-Bestand-
teile des Lungensurfactants, ein die Alveolen benetzender Lipid-Protein-Komplex, wie bei-
spielsweise Phosphatidylglycerin und gesittigtes Phosphatidylcholin (PC), wurden in hohen
Konzentrationen in den alveoldren Lungengeweben wiedergefunden. Lipide, die Hauptbestand-
teile zelluldirer Membranen sind, wie beispielsweise PC 34:1 und freies Cholesterin, wurden
in erhohten Konzentrationen in den Tumorgeweben nachgewiesen. Anhand der charakteristi-
schen Lipidomveridnderungen zwischen Alveolidr- und Tumorgeweben, wurden reprisentative

Lipide ausgewihlt, die Tumorgewebe von den alveoldren Geweben eindeutig unterschieden.
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Es wurden Lipidmarker identifiziert, die es moglich machten, die Hauptentititen des nicht-
kleinzelligen Lungenkarzinoms (NSCLC), Adenokarzinoms (ADC) und Plattenepithelkarzi-
noms (SCC), voneinander zu unterscheiden. Insbesondere karzinoide Tumorgewebe, bei wel-
chen es sich meist um langsam wachsende und niedrig maligne Tumoren handelt, unterschie-
den sich von den NSCLC-Geweben in ihren Lipidprofilen, was sich am deutlichsten in ihren
Ceramid-Konzentrationen widerspiegelte. Sogar die Lipidome des tumor-freien alveoldren Lun-
gengewebes unterschieden sich in ADC und SCC Patienten.

Diese Arbeit zeigt, dass ein Modellierungsansatz der auf Partial-Least-Squares-Regressionen
beruht, spezifische Einfliisse der histopathologischen und morphologischen Eigenschaften auf
die Lipidome der Gewebeproben offenlegt. So gab es beispielsweise Hinweise darauf, dass
erhohte Triacylglycerine spezifisch mit nekrotischen Regionen der Tumorgewebeproben asso-
ziieren. In den tumorfreien, alveoldren Lungengewebeproben wurde ein klarer Zusammenhang
zwischen den Lipidprofilen und dem Patientenalter hergestellt. Dieser Parameter korrelierte zu-
dem mit dem Grad des Lungenemphysems, welches eine pathologische und irreversible Erwei-
terung der Alveoldrstruktur darstellt und ein hdufiger Phianotyp der COPD ist. Es konnten sogar
spezifische Einfliisse des Geschlechtes der Patienten auf ihre Lipidprofile gefunden werden.

Mit diesen Ergebnissen liefert die vorliegende Dissertation erste Einblicke in die Lipidzu-
sammensetzung der humanen Lunge. Somit zeigt diese Arbeit zum ersten Mal einen Zusam-
menhang zwischen der quantitativen Lipidomzusammensetzung und dem histopathologischen
Phinotyp der Gewebeproben. Diese Methodik erdffnet neue Moglichkeiten, hoch-spezifische
diagnostische Marker zu entdecken und auBBerdem Lipid-Stoffwechselwege zu beschreiben, die
fiir die Karzinogenese und COPD relevant sind. Hiermit liefert diese Studie einen umfassenden
Uberblick iiber den lipidmetabolischen Zustand von humanen Lungengeweben. Dieser Ansatz
konnte die Grundlage fiir tiefergehende Untersuchungen lipidmetabolischer Routen bilden, um

die grundlegenden Mechanismen der Pathogenese zu verstehen.
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1 Introduction

1.1 Lipidomics enable association of the lipid metabolism

with disease progression

This dissertation deals with the interplay between lipid profiles in human lung tissues and lung
pathologies such as e. g. lung cancer or pulmonary emphysema. Lipids have crucial biologi-
cal functions. They are major components of cellular membranes, store chemical energy and
are mediators for cellular signaling [6, 7]. Although good extraction protocols for lipids are
available since the 1950s [8, 9], thorough investigations of lipid metabolic processes have been
difficult for a long time due to time-consuming analysis techniques. This changed at the be-
ginning of the 21st century. The advances of modern mass spectrometric techniques over the
past decade allowed the rapid development of lipidomics that deals with the quantification of
a most comprehensive lipid metabolic snapshot within a biological system: the lipidome. The
modern analytical platforms used in lipidomics enable rapid identification and quantification
of hundreds of lipid species, including fatty acids (FAs), glycerolipids (GLs), glycerophospho-
lipids (GPLs), sphingolipids (SLs) and cholesterols [10-14]. These newly developed analyt-
ical approaches allow researchers to investigate lipid metabolic processes in disease develop-
ment. For example, disorders in lipid metabolic processes have been associated with various
disease states including Alzheimer’s disease [15], schizophrenia [16], obesity [17, 18], type II
diabetes [19], cardiovascular disease, and cancer [1]. Studies discovered lipidome alterations
associated with respiratory diseases. For instance, Ollero et al. [20] discovered lipid signatures
in the plasma of cystic fibrosis patients, Telenga et al. [5] showed SL alterations in the induced
sputum of chronic obstructive pulmonary disease (COPD) patients and Kang et al. [21] analyzed

brochio-alveolar lavage fluid (BALF) of asthma patients. Moreover, Hall et al. [22] revealed
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Figure 1.1: Chemical structures of common fatty acids.

specific lipid metabolic perturbations in a lung cancer mouse model. However, lipidomics is a
relatively new discipline and there are still many open questions. For example, the role of lipid
metabolic processes during carcinogenesis is not fully understood, as well as the influence of the
highly specialized lipid metabolism in diseases of the respiratory tract such as the development

of emphysema in COPD.

1.2 Lungs have a highly specialized lipid metabolism

Lipids play crucial roles in human lungs and their classes and functions in human lungs as well
as in carcinogenic processes are introduced. Lipid molecules, especially GPL species, have
surface-active properties due to their amphiphilic nature. This allows constitution of cellular
membranes, vesicles and lipid droplets. These surface-active properties are essential in the
lung, not only since they form highly specialized membranes of the apical cell layers. As
surface-active agents (surfactants), lipids regulate surface tension at the air/water interface of
the lung during breathing. Without this regulation, the alveoli would collapse [23].

A large number of lipid classes are known, each with unique properties and functions. There-
fore, a brief introduction to the high variability of lipid classes, their structures, their biosynthe-
sis, and their functions is given below. Due to their anatomical organization, the lungs maintain
a large interface to the environment and have a highly specialized epithelial cell layer to protect
this interface. From this perspective, it is necessary to further introduce the anatomy of the
lung and in which manner the highly specialized lipid metabolic processes are involved in lung

homeostasis.
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1.2 Lungs have a highly specialized lipid metabolism

1.2.1 Structures and properties of lipids in the lung

Fatty acids. FAs are carboxylic acids having an aliphatic chain usually containing 14 to 22
carbon atoms. Even FAs with longer carbon chains are known but have low concentrations in
biological systems [24]. The aliphatic chains may be saturated, e. g. for palmitic acid, abbrevi-
ated as FA 16:0, which stands for 16 carbon atoms in the aliphatic chain and 0 carbon-carbon
double bonds (dbs). In addition, FAs may also be unsaturated such as oleic acid (FA 18:1). An
example for poly-unsaturated fatty acids (PUFAs) is arachidonic acid (FA 20:4) (Fig. 1.1).

FAs can originate either from nutritional sources or can be enzymatically modified or pro-
duced by de-novo FA synthesis [25]. The eukaryotic FA synthesis and elongation are based
on C, building blocks, whereby usually fatty acids with even numbers of carbon atoms (even
numbered FAs) are synthesized. However, low abundances of fatty acids with odd numbers
of carbon atoms (odd numbered FAs) such as C5 and Cy7 aliphatic chains are known in hu-

mans [26]. These FAs probably originate from nutritional sources [26,27].

Glycerolipids. GLs have a glycerol backbone as central structural unit which is esterified
with FAs (Fig. 1.2, a). The glycerol molecule is prochiral, which means that chirality is induced
when the molecule is substituted with different FAs substituents. As a convention, carbon atoms
in the glycerol backbone are unambiguously named according to the stereospecific numbering
(sn) nomenclature [28]. The sn nomenclature defines the carbon atom as sn-1, which stands top
in a Fischer projection in which the substituent of the second carbon is written to the left [28].
The numbering of the glycerol backbone according to the sn nomenclature is given in figure
1.2. According to the number of FA substituents, monoacylglycerols (MAGs), diacylglycerols
(DAGsS) and triacylglycerols (TAGs) are known (Fig. 1.2, a). If there is an excess of free FAs,
TAGs are synthesized by the triglyceride/fatty acid pathway and can be released vice versa [29].
DAG and MAG molecules are released from TAGs or cleaved from GPLs.

Glycerophospholipids. Like GLs, GPLs also have a glycerol backbone as central structural
unit. A phosphate group is linked to the glycerol backbone in the sn-3 position (Fig. 1.2, b).
The phosphate group further acts as linker between the glycerol backbone and a hydrophilic
head group (HG) determining the lipid class [30]. Together with the FA substituents, the

respective HG modulates the biochemical and biophysical properties of the GPLs and vari-
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Figure 1.2:  Chemical structures of common lipid classes. (a) Glycerolipids, (b) Glycerophospholipids,
(c) Sphingolipids.
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1.2 Lungs have a highly specialized lipid metabolism
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Figure 1.3: Chemical structures of cardiolipin and cholesterol.

ous chemical structures are known for them. The structurally simplest GPL is phosphatidic
acid (PA), which carries a phosphate as HG (Fig. 1.2, b). The most abundant GPL classes are
phosphatidylethanolamine (PE), phosphatidylcholine (PC), phosphatidylglycerol (PG), phos-
phatidylserine (PS) and phosphatidylinositol (PI) in which ethanolamine, choline, glycerol, ser-
ine and inositol HGs are linked to the phosphate (Fig. 1.2, b). The sn-1 and sn-2 positions
of the glycerol backbone are linked to FAs which form a hydrophobic tail which allows the
lipid molecules to have amphiphilic properties together with the polar HG. This is the basis
for their surface-active behavior. Modifications of the unpolar regions of GPLs are known.
For instance, lyso lipids have a free hydroxylation instead of an acylation in the sn-2 posi-
tion (Fig. 1.2, b). In this case the prefix ‘L’ is written before the lipid class symbol, e. g.
lyso-phosphatidylcholine (LPC), lyso-phosphatidylethanolamine (LPE) and lyso-phosphatidic
acid (LPA). Instead of an acylation with an FA, the sn-1 position in PCs and PEs can also be
linked to a long-chain alcohol. These lipids are called ether lipids and are labeled with the suf-
fix ‘O-’, e. g. phosphatidylcholine ether (PC O-) and phosphatidylethanolamine ether (PE O-).
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1 Introduction

Plasmalogens are specific cases of ether lipids in which the long-chain alcohol has a vinyl ether
functional group. The dimeric GPL cardiolipin (CL) consists of two PA molecules linked by an
additional glycerol (Fig. 1.3, a).

The central building block for all GPLs is PA, which is synthesized from glycerol-3-phosphate
and FAs. DAGs are directly released from PAs, which further act as precursors for the synthesis
of PC, PE and TAG. In a separate pathway, cytidine diphosphate (CDP)-DAG is synthesized
from PA, which is the biosynthetic precursor for the anionic GPLs such as PG and PI. In mam-
mals, PS is synthesized from PE or PC by an exchange reaction of the respective ethanolamine
or choline HGs and serine. There are methyltransferases known, which can convert PE to
PC [31]. The synthesis of PG and CL is located in the inner mitochondrial membrane. CDP-
DAG and glycerol-3-phosphate are condensed to phosphatidylglycerolphosphate. The cleavage
of the terminal phosphate group then releases PG. CDP-DAG and PG react further to CL [31].

Sphingolipids. The long-chain sphingoid base is the central structural unit of SLs [32]. Sph-
ingoid bases have an aliphatic backbone with 14 to 22 carbon atoms [33], are hydroxylated in
the 1-position of the aliphatic chain, have a primary amino function in the 2-position, a sec-
ondary hydroxylation in the 3-position, and a db in E-configuration in the 4-position. The most
common sphingoid base is sphingosine, which is based on an aliphatic Cg backbone (Fig. 1.2,
¢). Variations of sphingosine bases are known, such as dihydrosphingosine lacking the db, and
phytosphingosine, which is hydroxylated in the 4-position and also has no db [32]. Further-
more, variations in the length of the aliphatic chain are known. The central unit of all SLs is
ceramide (Cer) which is a conjunction of the sphingoid base with an FA that is connected as
amide with the amino functional group (Fig. 1.2, ¢). More complex SLs carry specific HGs
linked to the primary hydroxylation at the 1-position. The phospho-SL sphingomyelin (SM)
has a phosphocholine HG (Fig. 1.2, c¢). Furthermore, SLs can be glycosylated and are then
called glyco-sphingolipids (GSLs). The structurally simplest GSLs have HGs consisting of a
glucose or a galactose unit. Since glucose and galactose HGs are not distinguishable by mass
spectrometric analysis, they are often summarized as hexosylceramides (HexCers). GSLs can
also have complex glycosylation patterns composed of several sugar residues, such as in gan-
gliosides or cerebrosides [34].

SLs are involved in complex metabolic processes. The center of SL metabolism is Cer, which
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1.2 Lungs have a highly specialized lipid metabolism

is synthesized de-novo from palmitoyl-coenzyme A (CoA), serine and FAs with dihydroce-
ramide as an intermediate. In subsequent steps, the enzyme sphingomyelinase can transfer a
phosphocholine HG to Cer to form SM. Sphingosine and its derivatives such as sphingosine-
1-phosphate (S1P) can be cleaved from Cer. Cer can also be phosphorylated to form Cer-1-
phosphate or else be glycosylated to form complex GSLs and sulphatides. All these processes
are reversible, leading to complex and dynamic SL-metabolic networks that are strictly regu-

lated [35].

Cholesterol. Cholesterols belong to the group of sterol lipids. The cholesterol molecule is
based on a steroid structure with a characteristic carbocyclic ring system consisting of three
6-rings and one 5-ring (Fig. 1.3, b). The 3-position of the steroid ring system shows a hydrox-
ylation, in the 5-position a db and in the 17-position a branched Cg side chain is located (Fig.
1.3, b). The free cholesterol (FC) molecule is hydroxylated in the 3-position and cholesteryl
esters (CEs) are acylated with a FA in the 3-position.

The cholesterol biosynthesis follows several steps involving multiple enzymes. It starts with
acetate and has e. g. 3-hydroxy-3-methylglutaryl CoA and farnesyl pyrophosphate as intermedi-
ates. Intermediates with the characteristic steroid backbone are lanosterol and desmosterol [36].
Cholesterol is predominantly synthesized in the liver where it can further act as precursor for

bile acids and steroid hormones. For transport, cholesterol is packed into lipoproteins.

1.2.2 Lipid metabolic homeostasis is mandatory for cellular survival

Lipid droplets are a reservoir for neutral lipids. FAs maintain important biological func-
tions since they store biochemical energy and especially the PUFAs are precursors for small
lipid mediators such as prostaglandins which are signaling molecules in e. g. inflammatory
processes and carcinogenesis [37]. Furthermore, FAs are central building blocks of complex
lipid structures. TAGs are storage molecules for FAs, which can release free FAs if required.
In this manner, TAGs also function as precursors for GPLs and signaling molecules [38].
Similarly, DAGs and MAGs are intermediates in lipid synthesis and precursors of messenger
molecules [39]. CE is a storage form of FC. For storage, TAGs condensed together with CEs in
lipid droplets [38]. From there, both FC and free FAs can be released [38].
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Cellular membranes are highly flexible and adaptable compartments. The introduction
into the lipid classes has shown that a large pool of lipids is available in biological systems, each
with its own specific properties whereas the function of a single lipid molecule is rather limited,
with the exception of signaling processes. The interplay of different lipids allows highly adapt-
able and flexible structural organization as required for the formation of cellular membranes,
which is one of the most important biological function of lipids. Biological membranes are
essential for cellular organization. Membranes not only separate the cell interior from the ex-
tracellular matrix, they also separate cell organelles such as the mitochondria, the endoplasmic
reticulum, the Golgi-apparatus and the nucleus [40]. Each of these organelles has specialized
membrane compositions, such as the inner mitochondrial membrane which is enriched with PG
and CL. Therefore, the membrane composition is highly adaptive to functional aspects such
as fluidity, permeability, curvature and links to membrane associated proteins [41]. Enzymes
constantly renew and transform lipids according to actual requirements for instance in repairing

processes.

Cellular membranes are predominantly formed by GPLs and FC. The highest proportions
of the total amount of GPLs within cell membranes are made of PC molecules with one Z-
configurated db in their aliphatic chains such as the lipid species PC 34:1. These unsaturated
lipids allow fluid membranes under physiological conditions. To achieve adaptive and flexible
membrane structures, other GPLs such as PEs, PIs and PS’ are incorporated into the mem-
branes [42]. Membrane GPLs may contain PUFAs which are released from the membrane after
activation by phospholipases [43]. PI and PS act as messenger molecules besides structural
functions in the membrane. FC is essential for cell growth since it is an important component
of cell membranes and localizes in the lipophilic part of the phospholipid bilayer where it reg-
ulates the membrane fluidity. High levels of the rigid FC molecule in the cell membrane cause
an inflexible membrane structure. On the contrary, low amounts of FC in cell membranes lead

to flexible and fluid structures [44,45].

Lipids are not homogenously distributed across the membranes. For example, there are re-
gions with asymmetric distribution of different lipid species across both phospholipid layers to
achieve curved membrane structures [40]. Especially in the plasma membrane, FC and SL rich
domains, lipid rafts, are formed which can bind membrane associated proteins [46]. SLs with

complex glycosylation patterns such as gangliosides are responsible for inter-celluar interac-
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Figure 1.4:  Anatomical organization of human lungs. (a) Structure of the human lung comprising the
branching structure of bronchi and bronchioles. (b) Organization of alveoli as basic units for gas exchange,
bronchioles and blood capillaries. Modified from [49]. (c) Cut through an alveolus showing different cell types and
pulmonary surfactant lining the inner alveolar surface. Modified from [50].

tions such as cell-contact responses and contact inhibitions when they are presented on the cell
surface [47]. These lipid rafts are of particular interest in the lung due to the fact that they are
predominantly located in apical domains in the plasma membrane of epithelial cells [46, 48].
From this perspective, elevated amounts of SLs such as SMs are expected in tissues with high
proportions of apical membranes. Moreover, SL breakdown products such as sphingosine and
S1P act as messenger molecules and were connected with e. g. cellular growth and survival,
inflammatory processes as well as apoptosis [35]. Cers are known to be involved into signaling

processes mediating cell growth, differentiation, necrosis and apoptosis [35].

1.2.3 Physiological processes and lipid metabolism in lung homeostasis

Lipid metabolic processes are essential for lung homeostasis. Lungs are highly specialized or-
gans to allow the exchange of oxygen and carbon dioxide between blood and air [51]. The lung
is anatomically structured to cope with a continuous exposure of particles, pathogens and tox-
ins. The air-conducting bronchial tubes have a hierarchical structure. Main bronchi branch into
smaller bronchioles, which finally end in the alveoli, the basic units for gas exchange (Fig. 1.4,
a). The peripheral regions of the lung contain mainly alveolar structures and tiny bronchioles
(Fig. 1.4, b). Therefore, tissue samples from this peripheral area are referred to as alveolar

lung tissues in this dissertation. The alveolar epithelium covers about 99 % of the surface in
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Figure 1.5: Composition of the pulmonary surfactant. Modified from [23].

the lung [52] and is in direct contact with the bloodstream, since alveoli are surrounded by
blood capillaries. About 95 % of the alveolar surface is covered by alveolar epithelial cells type
I (AECI) which have a rod shape and are specialized to form a flat shaped barrier between blood
and air of about 1 pum of thickness [52,53] (Fig. 1.4, ¢). The remaining 5 % of the alveolar
surface is covered by cuboid shaped alveolar epithelial cells type II (AECII). AECII are large
cells compared to AECI and characterized by lamellar bodies. Their highly specialized lipid
metabolism allows them to synthesize, store and secrete the pulmonary surfactant which is a

lipid-protein complex lining the alveolar epithelium.

Pulmonary surfactant regulates surface tension during breathing to prevent alveolar col-
lapse at the end of expiration [23, 51]. The lung surfactant composition is dynamic under
environmental exposure and is therefore constantly recycled by AECII as well as by alveo-
lar macrophages (AM) [52]. The pulmonary surfactant comprises a complex mixture of 86 %
phospholipids and 10 % surfactant proteins (SPs) A, B, C and D (Fig. 1.5). A fraction of 4 %
is composed of neutral lipid species from GL and cholesterol classes which are minor but im-
portant surfactant components. SPs fulfill various biochemical functions including structural
stabilization and regulation [54]. The hydrophobic SP-B and SP-C are relevant for surfactant
film formation and stabilization, while the hydrophilic SP-A and SP-D play critical roles in in-
nate immune responses [23]. The main component of the human lung surfactant is the saturated

GPL species PC 16:0/16:0, which is about 50 % of the total surfactant (Fig. 1.5) [55]. Other sat-
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urated lipids such as PC 16:0/14:0 are also present in high proportion of pulmonary surfactant.
Such saturated lipids are characteristic for the pulmonary surfactant since they are low abun-
dant in cell membranes due to the fact that they tend to form solid-like phases in lipid bilay-
ers [42]. Although the overall surfactant composition is conserved among all mammals [23]
some mammalian species have another main PC species such as PC 16:0/16:1 in sminthopsis
crassicaudata (fat-tailed dunnart) [56]. Characteristic for pulmonary surfactant are high levels
of GPLs with anionic HGs such as PG and PI which were identified to inhibit inflammatory
responses [57]. FC is a component of the lung surfactant and regulates there the fluidity of the
surfactant film [58]. PG is a characteristic part of pulmonary surfactant since PG is not present
in such high concentrations elsewhere in mammalian systems except in the inner mitochondrial
membrane. PG maintains structural as well as immune regulative functions and is therefore
important for lipid metabolic homeostasis within the lung [23, 59, 60]. Dysregulations in the
surfactant metabolism have been connected to several lung diseases including the respiratory
distress syndrome [61] and the interstitial lung disease [62]. It was further shown that bacterial
CL causes lung injury during pneumonia [63]. Homeostasis in SL metabolic processes was
strongly connected to lung health before. Especially in the lung it was shown that an upregula-
tion of Cers promoted apoptosis and weakened the pulmonary barrier [35, 64]. Moreover, Cer

was identified to be involved in lung infections [65].

1.2.4 Lipid metabolic processes of human lungs are altered during

carcinogenesis

Lipid metabolic alterations were detected in a variety of cancer diseases [7] including breast
cancer [66,67], kidney cancer [68], prostate cancer [69, 70], colorectal cancer [71,72], ovarian
cancer [73] and lung cancer [74,75]. In many cases, carcinoma tissues were characterized by
increased levels of PC 34:1 compared to the respective normal tissues [66,68,73,74,76-78] as
summarized by Perrotti et al. [7].

In recent years, lung cancer came into focus of lipid research. Lung cancer is the leading
cause of cancer related deaths [79] and there is a strong need for early stage diagnostic tools as
well as treatment strategies. Lung cancer is classified into small-cell lung cancer and non-small-

cell lung cancer (NSCLC). Surgical removal of the tumor is the standard therapy for NSCLC.
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The most abundant entities of NSCLC are adenocarcinoma (ADC) and squamous-cell carci-
noma (SCC). The main cause for NSCLC was associated with the consumption of cigarette
smoke. Interestingly, epidemiological studies showed that never-smokers were mainly suffer-
ing from lung ADCs [80, 81]. In what way cigarette smoking might influence lipid metabolic
processes of human lungs is unclear. However, studies confirmed that the lipidome composition
of murine lungs changed after exposure to cigarette smoke [82, 83].

There were studies conducted comparing the lipid profiles from NSCLC tissues and normal
lung tissues. Lee et al. [74] showed distict lipid profiles of adjacent alveolar lung tissues and tu-
mor tissues revealed by non-quantitative matrix assisted laser desorption/ionization (MALDI)-
mass spectrometry (MS). Marien et al. [75] identified specific alterations in the quantities
of lipids between alveolar and tumor tissues but exclusively focused their study on phospho-
lipids without covering the important classes PG and PA. Both studies reveled that species like
PC 34:1, PC 36:2 and some SM species were enriched in NSCLC tissues, where surfactant as-
sociated lipids including PC 32:0 species were higher abundant in normal lung tissues [22,75].
Furthermore, Lee et al. and Marien et al. showed indications for specific lipidome alterations
of ADC and SCC tissues [74, 84].

All these studies clearly indicated specific lipid metabolic alterations in lung cancer. How-
ever, a quantitative description of a comprehensive lipid metabolic condition covering the com-
plete spectrum of GLs, GPLs, SLs and cholesterols has not been available today. Furthermore,
no approaches were available to measure the quantity of a lipid molecule and its spacial distri-

bution in heterogeneous tissue samples.

1.2.5 Lipids are promising biomarkers in cancer research

The fact that there were lipid metabolic perturbations detectable in several diseases led to studies
that investigated lipids as target molecules in biomarker research [7]. Biomarkers are detectable
parameters that could provide information about the diagnosis or the progression of certain
diseases. These could be proteins such as the prostate specific antigen for prostate cancer [85],
genes or metabolites including lipids. A common observation in lipid-biomarker research for
cancer was an alteration of /yso lipids within the plasma lipidomes of cancer patients [86, 87].

For example, LPA molecules were identified as potential biomarkers for ovarian cancer [2, 3].
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Furthermore, higher levels of LPC species such as LPC 18:1, LPC 20:3 and LPC 20:4 were
quantified in sera from lung cancer patients [4]. Additionally, there were approaches to predict
cancer progression from specific lipid markers [88].

For diagnostics, biomarkers should be available from easily accessible sources such as blood,
urine or sputum. Earlier studies revealed numerous parameters influencing the human blood
plasma lipidome such as aging, gender and body mass index (BMI) [17,89]. These overlaying
effects could hinder the sensitive detection of biomarkers when they are unknown. Discovery
of biomarkers is often an empirical process where questions regarding remodeling of metabolic
processes are not asked. However, this is mandatory to understand underlying mechanisms of

pathogenesis.

1.3 Analysis of lipids from tissues

The previous section showed the importance of lipids in biological functions. Investigation of
lipid compositions in tissues and of the underlying biosynthetic pathways is necessary to gain
knowledge of the basic mechanisms of pathogenesis. There is a variety of techniques available
for selective analysis of the lipid composition in tissues. This section provides an overview
of these techniques. It starts with histochemical stains for localization of lipids and enzymes
correlated to lipid metabolic processes on tissue sections. Furthermore, mass spectrometric
imaging (MSI]) is introduced as a method for selective localization of specific molecules on
tissue sections. Finally, a quantitative lipidomics screening workflow including lipid extraction

from biological samples and MS based lipid quantification is described.

1.3.1 Histopathology of tissues and visualization of lipids

Histopathological techniques are capable for detailed morphological analysis of tissue sam-
ples. To preserve the tissue morphology and prevent them from degradation, the tissues need
to be fixed. Formalin is a routinely used fixative which denaturizes and crosslinks proteins
and prevents enzymatic tissue degradation to conserve the samples. However, deoxyribonucleic
acids (DNAs), ribonucleic acids (RNAs) and proteins are chemically modified after fixation

which hinders analysis of these molecules. Therefore, a fixation method was developed which
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is based on the 4-(5-hydroxylethyl)-1-piperazineethanesulfonic acid (HEPES)-glutamic acid
buffer mediated organic solvent protection effect (HOPE) [90]. Tissues prepared with the HOPE
technique can be used later e. g. to extract RNA and to perform transcriptome analyses [90]. Af-
ter fixation, tissues are dehydrated with alcohol/xylene (formalin) or acetone (HOPE) and the
tissue is embedded in a block of paraffin to enable sections. For light-microscopic analysis of
fixed tissues, a thin section, with a few micrometers thickness, is cut from the tissue. To vi-
sualize different morphological entities on the tissue sections, several staining techniques are
available. One of the most frequently applied stains is hematoxylin and eosin (HE) which stains
nucleic acids in blue and proteins in red/orange [91, 92]. HE staining provides high resolv-
ing information of the tissue morphology and is therefore used for histopathologic diagnostics.
However, information about specific molecule classes and functional information is not ob-
tained. For this purpose, immunohistochemistry allows selective staining of specific entities
on the tissue section by incubation with antibodies. For instance, this methodology enables
localization of lung surfactant proteins on tissue sections and in AECII [93,94].

Histochemical and immunohistochemical characterization of lipids remains a challenge. It is
known that sample preparation steps including the fixation, dehydration with organic solvents
and the embedding of the tissues remove 73 to 91 % of the tissue lipids [95]. Moreover, during
sample preparation and handling, lipids may diffuse and delocalize on the tissue which makes
it necessary to use specific fixatives to immobilize the lipids [96] whereas the use of fresh
frozen tissues and preparation of cryo-sections showed higher preservation of lipids within the
tissues [95]. Specialized dyes are available to stain lipids such as Sudan black B, Nile blue A and
Oil red O [97,98]. Sudan black B and Nile blue A are general stains for lipids, whereas Oil red
O selectively stains neutral lipids such as TAGs and cholesterols which allows to visualize lipid
droplets [99]. Additionally, immunohistochemistry enables staining of specific lipid classes
such as PS molecules [95]. However, to gain a more detailed view of the molecular distribution
of lipids in tissue samples, these staining techniques are not specific enough since it is not

possible to analyze the distribution of a single molecular species.
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1.3.2 Localization of individual lipid metabolites by mass spectrometric
imaging

MSI techniques are capable to monitor the local distribution of single lipid metabolites on tissue
sections. The most widely applied technique is MALDI-MSI [100]. MALDI is a soft ionization
technique for MS and allows desorption and ionization of intact biomolecules. For MALDI-
MS, the sample is co-crystallized with an organic matrix substance which is capable to absorb
energy from a laser pulse [101]. For MSI, the matrix substance is applied to cryo-sections
of tissue samples which are then sequentially raster scanned with laser pulses, which enables
localization of specific chemical compounds on the tissue section by their specific mass-to-
charge ratio (m/z).

This approach was used to determine NSCLC regions on tissue slices containing tumor and
tumor-free compartments [4]. Furthermore, lipids were identified that were specifically local-
ized in tumor cells and necrotic regions of breast cancer tissues [76]. However, signal intensities
depend on desorption and ionization efficiency of specific molecules and how they interact with
the matrix molecules which are heavily dependent on the analyte and its environment in the
tissue. Most likely, these conditions are not equal in different entities of the heterogeneous
tissue morphology. Therefore, MALDI-MSI is considered not to be suitable for quantifica-
tion. Furthermore, the interaction of the matrix, which is solubilized in a organic solvent, and
lipid molecules might delocalize them of the tissues [96]. For these reasons MALDI-MSI is
controversially discussed within the scientific community.

Taken together, these localization techniques are capable to provide valuable information
about the spacial distribution of biomolecules in tissue samples. However, the localization tech-
niques do not provide quantitative information. Therefore, target molecules are often extracted

from tissues to perform sophisticated analytical procedures.

1.3.3 Lipid extraction procedures cover a broad range of lipid classes

Parts of this section were published in: Eggers and Schwudke, Lipid Extraction: Basics of the
Methyl-tert-Butyl Ether Extraction, Encyclopedia of Lipidomics, 2016 [102].
Molecular structures and distributions of lipid molecules were analyzed in tissues which often

were homogenized and lipids were extracted. A disadvantage of this procedure is that the tissue
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structure is destroyed after homogenization. However, it enables to apply several chemical and
physical techniques on the extracts for thorough investigation of the molecular composition of
lipids.

At the beginning of the 20th century it was a big challenge to achieve pure lipid extracts from
biological samples. A commonly applied method was introduced by Bloor and was a compli-
cated and time consuming procedure based on ethanol, ether and chloroform [103]. Moreover,
the extracts were not free from non-lipid contamination. Lipid analysis was revolutionized in
the 1950s with the invention of the methods by Folch [8, 104] and Bligh & Dyer [9]. For the
first time, these protocols enabled fast and simple preparation of lipid extracts with high purity.
The extraction procedures covered a broad range of GL, GPL, SL and cholesterol species with
recovery rates close to 100 % [105]. The procedures are based on monophasic solubilization
of lipids from the biological material with a methanol/chloroform mixture followed by washing
steps with water or saline (Fig 1.6, a and b). These methods became popular and remain routine
methods for lipid analysis up to date. Therefore, the original papers of Folch and Bligh & Dyer
are among the top 100 most cited reaseach publications [106].

In 2008, Matyash et al. [105] published an extraction protocol based on fert-butyl methyl
ether (MTBE) as unpolar component. The principle is similar to the protocols of Folch and
Bligh & Dyer but utilizing MTBE instead of chloroform. The biological material such as plasma
[10] and tissue homogenate [109] is mixed with MTBE and methanol (10:3; v/v) to solubilize
small metabolites and to precipitate proteins as well as other macromolecules. Afterwards,
phase separation is induced by addition of water to the crude monophasic extracts (Fig. 1.6,
¢). The distribution of lipids between the two phases can be described by Nernst’s distribution
law [110]. Nernst’s law states that substances distribute according to their solubility in both
phases. Accordingly, this washing step removes polar molecules including amino acids and
carbohydrates from the organic MTBE phase whereas lipids remain within.

Although the MTBE extraction and the Folch and Bligh & Dyer protocols are based on
the same physicochemical principles, there is one important difference: The order of organic
and water/methanol phase is inverted. In contrast to chloroform, MTBE and methanol have
lower densities than water (MTBE: 0.74 g/mL and Methanol: 0.79 g/mL). Therefore, the lipid
containing phase is located above the water phase. As consequence, the organic phase can

be collected without touching the water phase or non-extractable residues such as precipitated

Page 28 Lars F. Eggers, Dissertation, 2017



1.3 Analysis of lipids from tissues
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Figure 1.6:  Overview of the extraction procedures. (a) Folch lipid extraction (modified from Eggers and
Schwudke [107]), (b) Bligh & Dyer extraction (modified from Sindermann et al. [108]) and (c) MTBE extraction
(modified from Eggers and Schwudke [102]).

proteins and other macromolecules (Fig. 1.6, c). This enables to perform high-throughput
lipidomics studies with automatic pipetting systems utilizing the MTBE procedure. Another
difference to chloroform is that MTBE has a higher polarity compared to chloroform and is
therefore capable to take up more water (1.4 %) without phase separation [111]. The higher
water content in the organic phase improves the extraction efficiency for acidic lipid classes
such as PA and PG. Furthermore, MTBE is cheaper and less toxic compared to chloroform.
Due to all of these advantages the MTBE protocol is widely applied in lipidomics and has

become one of the standard procedures.
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1.3.4 Electrospray ionization mass spectrometry enables quantitative

lipidomics

Several techniques are available to analyze lipids from organic extracts. One basic technique
is thin-layer chromatography (TLC) which is applied until today for rapid analysis of the lipid
composition. TLC allows separation lipid classes and enables comparison the lipid class pro-
files in different tissues [112]. For further characterization of the lipid composition within a
class, the bands on the TLC plate are scratched out and lipids are re-extracted from the obtained
chromatographic material. The total FA composition within a sample can be identified by gas
chromatography (GC)-MS. Sample preparation for this technique is relatively time consum-
ing since FA-esters have to be hydrolyzed to cleave the FAs from the lipid molecules and the
released FAs are further derivatized to FA methyl esters to transform them into volatile com-

pounds that are suitable for GC-MS [113].

Until the 1980s it was not possible to analyze the chemical composition of complex lipid
molecules by MS, i.e. to determine the FA composition of a single GPL species. This dra-
matically changed with development of soft ionization techniques such as MALDI and electro-
spray ionization (ESI). Besides MALDI, ESI is today one of the most important soft ionization
techniques [114-116]. The electrospray process is conducted under atmospheric pressure and
results in mild ionization conditions with little molecular fragmentation. The analyte is solved
or diluted in a polar solvent which can act as proton donor. Slightly acidic conditions are advan-
tageous to form protonated ion species, which is why acetic acid or formic acid is often added
to the solution. The analyte solution is passed through a capillary with a flow-rate of 1 uL/min
up to 1 mL/min, which is located in a cylindrical electrode (Fig. 1.7). An electric field of about
4,000 kV is applied between needle and mass spectrometer inlet [116]. Driven by electrostatic
forces, charged droplets exit the capillary at its end where a so-called Taylor cone is formed. The
ESI process is most efficient for surface active molecules such as GPLs since these molecules
localize at the charged surface of the droplets. Other molecules such as sugars and unpolar
lipids (e. g. FC) do not localize at the droplet surface and therefore, the ionization efficiency of
these moelcules is orders of a magnitude lower [117]. Heated nitrogen gas is applied to evap-
orate the solvent from the droplets which concentrates the charges. When the charge-density

at the surface comes close the maximum charge-density on a surface (Rayleigh limit [118]),
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Figure 1.7: Schematic view of an electrospray ion source. Modified from Yamashita and Fenn [114].

smaller daughter droplets exit the mother droplets. With this process the surface-to-bulk ratio
gets larger which means that a higher surface area is available. Therefore, the charges have more
space to distribute on the surface which avoids reaching the Rayleigh limit. This whole process
is continued until a single analyte ion remains in a droplet whose solvent evaporates to create
the charged molecule in the gas phase [117]. Molecules may ionize as protonated molecular
ions ([M+H]+), multiple protonated species ([M+nH]n+) or as cation adduct ions in the positive
ion mode. In the negative ion mode, deprotonated molecular ions ([M-H] ) and anion adducts
are preferred. Due to the fact that ESI works with solutions it is suitable for quantitative analy-
ses since ionization conditions are stable for all analytes and reference standards may be added
(section 1.3.7, page 37). Furthermore, it is possible to couple this ionization technique online to
separation approaches such as liquid chromatography (LC) and capillary electrophoresis. Af-
ter ionization, the ions are guided through an interface into the vacuum system of the mass

spectrometer where they can be analyzed by a variety of mass spectrometric techniques (Fig.

1.7).

The capillaries utilized in normal ESI ion sources have inner diameters of about 10 to 100 pwm.
In these applications, solvent flow-rates in the microliter per minute range are needed which
easily consumes relatively large sample volumes. For applications where only a limited sample

volume is available, as it is often the case when dealing with biological samples, a miniaturized
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version is available: nano-ESI. Classically, for nano-ESI pulled glass capillaries are utilized
which are metal (e. g. gold) coated at the outside and have inner diameters of 1 to 10 um [119].
This setup enables flow rates of 20 to 40 nL./min which allows long and stable electrospray
conditions while only consuming a few microliters of sample volume [119]. Therefore, even
with limited sample volumes, many mass spectrometric experiments can be performed utilizing
nano-ESI. These capillaries are only used for one sample which prevents sample cross contam-
ination, carry-over and memory effects [117]. However, nano-ESI is not just a miniaturization
of ESI, the down-scaling has further consequences on the ionization efficiency. The charged
droplets that exit the nano-ESI capillary at the Taylor cone have diameters below 200 nm and
are 100 to 1000 times smaller compared to normal ESI [119]. Due to the smaller droplets, the
surface-to-bulk ratio is larger resulting that approximately all molecules have contact to the sur-
face. The consequence is that less solvent needs to be evaporated from the droplets and the exit
of the capillary can be placed closer to the mass spectrometer inlet (1-2 mm [119]) [117]. This
enhances ionization efficiency and sensitivity for molecules with low surface active properties
such as sugars and neutral lipids. Overall, nano-scaling of ESI heavily increases the sensitivity
and also the stability against salt contamination.

However, the experimental setup of nano-ESI is relatively time consuming since each sample
has to be manually loaded into the capillaries. Afterwards, the position of each single capil-
lary tip has to be adjusted in front to the mass spectrometer inlet to achieve optimal spraying
conditions. With this standard nano-ESI setup, large scale studies with hundreds of samples
are hardly conducted. To speed-up nano-ESI analyses and to enhance reproducibility in regard
of capillary quality and positioning in front of the mass spectromter, there were attempts to
automate nano-ESI. Therefore, multiple nano-ESI nozzles were etched on a monolithic sili-
con wafer [120]. Such prepared wafer containing 100 to 400 individual nano-ESI nozzles is
mounted to a chip and placed in front of the mass spectrometer. For each individual sample a
new nozzle is supplied. This setup enables fully automated nano-ESI measurements and makes
it possible to run multiple samples under stable analytical conditions. These fully automated

nano-ESI robots are commercially available and routinely used in lipidomics.
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1.3.5 Shotgun lipidomics as approach for analysis of lipids in biological

materials

As variable as the portfolio of available mass spectrometric techniques for lipid analysis, are
the approaches for lipid quantification from biological lipid extracts. Han and Gross showed
that it is possible to analyze lipidomes from crude lipid extracts without further sample prepa-
ration [13]. This approach is known as shotgun lipidomics and stands in contrast to other ap-
proaches utilizing separation techniques coupled to ESI-MS such as LC-MS. LC-MS has the
advantage that ion suppression effects are lowered since contaminations and ion suppressing
agents are separated from the analytes of interest which increases the dynamic range for quan-
tification. Disadvantages of LC-MS based lipidomics are the relatively time-consuming analyti-
cal procedures. Furthermore, lipids strongly adhere to chromatographic materials and therefore
cannot be completely washed from the chromatographic column during an analytical run. This
behavior could cause sample carry-over and memory effects, which are often not thoroughly
examined.

In shotgun lipidomics, lipid extracts are directly infused into the mass spectrometer without
any prior separation of the crude lipid extract. Automated sample infusion techniques are avail-
able for instance by automated flow injection [121] where the sample is injected into an isocratic
solvent flow or else by automated chip-based nano-ESI [12, 14,89, 122]. The advantage of shot-
gun lipidomics is, that it is fast and covers a broad range of GLs, GPL, SL and cholesterols.
Usually, acquisitions are performed in the positive and in the negative ion mode since not all
lipid classes are accessible from a single ion mode. Shotgun lipidomics data acquisitions in both
ion modes are finished in less than 10 minutes with modern instrumentations [122], and quantifi-
cation results are stable. However, even in shotgun lipidomics different approaches are used for
lipid analysis utilizing different instrumentations. The basic approaches of shotgun lipidomics
are bottom-up, which is based on lipid identification by tandem mass spectrometry (MSZ), and

top-down, which identifies lipid species by accurate mass determination.

Bottom-up shotgun lipidomics identifies lipid species by specific fragmentation pat-
terns. The basic bottom-up shotgun lipidomics experiments were performed on a triple quadru-

ple mass spectrometer (QqQ). The QqQ combines two quadrupole (Q) mass filters with a colli-
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sion cell (q) to perform MS? experiments. The first quadrupole (Qp) acts as mass filter and can
either be scanning a mass range or be fixed to a specific m/z. The second quadrupole (q) can
be filled with a neutral gas for collision-induced dissociation (CID) to fragment the selected ion
species. The third quadruple (Qs3), again, is a mass filter that can either be scanning or fixed.
Depending on the lipid class, specific fragment ions or neutral losses from precursor ions can
be generated by CID. For example, lipids with choline HGs such as PCs and SMs generate a
characteristic fragment of m/z 184 in the positive ion mode referring to the choline HG. For
precursor ion scan (PIS), Q; is scanning, Q3 is fixed at m/z 184, and a mass spectrum is drawn
of the ion intensity of m/z 184 over the Q; mass. The resulting mass spectrum exclusively con-
tains signals from PCs and SMs. Similarly, PI is identified by a specific fragment ion at m/z 241
in the negative ion mode [123]. When the lipid HG does not provide specific signals, but loses
a characteristic structural entity, neutral-loss scanning (NLS) can be applied. For example, PE
molecules have a neutral loss of 141 Da in positive ion mode which represents the loss of the
phosphoethanolamine HG. This means that PE molecules lose 141 Da in their molecular weight
after passing the CID cell (q). In this example of NLS, Q; and Qs, both are scanning, with an
offset of 141 Da. Afterwards, a mass spectrum is generated plotting the ion abundance over
the Q; center mass and the achieved spectrum shows signals from PE species. Similarly, PS
is identified with a neutral loss of 185 Da in the positive ion mode. In this manner, a compre-
hensive picture of the lipidome is drawn by sequential PIS and NLS experiments [123]. This
approach is widely applied but has some limitations. Due to the low selectivity of the Q mass
analyzer of about 1 Da selection window, PC and SM are not distinguished in the positive ion
mode. Lipids with O-acyl and O-alkyl (ether lipids) linked aliphatic chains cannot be separately
detected. The third limitation is that not all lipid classes provide characteristic signals or neutral

losses such as PA and PG.

Top-down approach is based on high-resolution mass spectrometry. Lipid identifica-
tion is based on accurate mass determination which enables to determine the chemical sum
composition of each ion species from its accurately determined m/z. For top-down lipidomics
screens, the mass resolution of the utilized instrument needs to be high enough to separate
lipid species with same nominal masses (isobaric), but with different exact masses. An ex-

ample for two isobaric lipid species is PC 34:1 (m/z 760.585082 [M+H]") and PC O- 35:1
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(m/z 760.621467 [M+H]"). Formally, in PC O- 35:1 an oxygen atom (15.994366 atomic mass
units (amu)) is exchanged with CHy (16.030752 amu) which results in a mass difference of
0.036386 amu between both species. An instrument suitable for top-down lipidomics screens
has to resolve at least this mass difference. The resolving power (RP) of a mass spectrometer
is defined as the signals’ m/z divided by a mass difference (Am). Am is the full-width-at-half-
maximum (FWHM) of the respective signal. To resolve PC 34:1 and PC O- 35:1, the FWHM of
the signals has to be smaller than the mass difference of both signals (0.036386 amu). Conse-
quently, an RP of at least 21,000 is needed in fop-down lipidomics. An RP of at least 42,000 is
necessary for baseline separation. Most utilized instruments have an RP of 100,000 at m/z 400
or even higher. Mass analyzers that provide high RP are Orbitrap [124], Fourier-transform
ion cyclotron resonance (FT-ICR) mass spectrometers [125] and modern time of flight (TOF)
instruments [126].

High mass resolution together with high mass accuracy enables relative errors for mass de-
termination lower than 2 parts-per-million (ppm) which is needed to calculate the chemical sum
composition of the ion species [14,30]. Starting from the specified chemical sum composition
of a signal with accurately determined m/z, lipid species are assigned. The lipid class is de-
termined from the number of heteroatoms in a chemical formula. For example, PC [M+H]+
has a heteroatom sum composition of OgN{P; which is distinguishable from SM [M+H]+ with
the sum composition OgN,P; [30]. Furthermore, the numbers of carbons and hydrogens are
known within the HGs, which are C;gHyo for PC and C;;Hy3 for SM. After subtracting the
number of carbon and hydrogen atoms present in the HG from the determined molecular sum,
the numbers of carbons and hydrogens within the aliphatic chains remain, which allows iden-
tification of the sum composition of the FA residues. The chain-length is determined by the
number carbon atoms. The number of dbs is calculated by the ratio of carbons and hydrogens
(double-bonds and ring, dbr). With this methodology, a broad range of GLs, GPLs, SLs and
cholesterols can be identified from a single high resolution survey mass spectrum. However,
there are still cases where heteroatom sum compositions of lipid classes overlap such as for
PC [M+H]", PE [M+H]" and PA ammonium cation adduct ions ((M+NH,]") which all have
OgN/P; in the positive ion mode. Therefore, it has to be carefully verified which ion species

and which ion mode is suitable for quantification fop-down screens to avoid signal interference.
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Figure 1.8: Overlapping signals using ammonium acetate. (a) Survey mass spectrum shows overlapping
of PC [M+OAc] with PS [M-H] . Additionally, splitting into two ion populations of PC is shown: [M+OAc] and
[M+ClI] ions. (b) Chemical structures of PC and PS ions which have the same heteroatom sum composition.
(c) Heteroatom sum compositions of PS [M-H]', PC [M+OAc], [M+CHO.] and PC [M+CI].

1.3.6 Salt additives can be used as tool to adjust the ionization

conditions

The additive ammonium acetate (NH4OAc) is commonly used to support ionization processes in
shotgun lipidomics experiments. The presence of ammonium (NH3) cations in the sample ma-
trix is advantageous since neutral lipids such as TAG, DAG, and CE, form [M+NH4]+ ions [30].
This allows mass spectrometric detection of species that hardly ionize as [M+H]" ions and in-
creases sensitivity for them. In the negative ion mode, acetate adduct ions ([M+OAc] ) out of
SM, PC, Cer as well as out of the neutral lipids DAG and TAG are formed and enable detec-
tion of these species there although the HGs are preferably positively charged. However, PC
[M+OAc] ions overlap with PS [M-H] since actetate (OAc ) is added to an ion species which
adds two oxygen atoms to the overall sum composition of the respective lipid. Specifically, this

changes the heteroatom sum composition of a PC [M+OAc] ion from OgPN to O;oPN (Fig.
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1.8, b and c¢) which is the same heteroatom sum composition as expected for PS [M-H] (Fig.
1.8, b and c¢). Therefore, both PS and PC have overlapping mass spectrometric signals which
are not distinguishable by high resolution MS (Fig. 1.8, a).

NHZ formate (CHO>) and chloride are potential alternative salt additives (Fig. 1.8, ¢). The
addition of CHO; instead of OAc does not change the heteroatom sum composition but the
number of carbon atoms in the PC-HG changes from an even number to an odd number for PC
formate adduct ions ([M+CHO,]") (Fig. 1.8, ¢). Under the assumption that exclusively even
numbered FAs are present, unambiguous identification of PC [M+CHO;] and PS [M-H] is
possible [122]. In this manner, the chemical sum compositions of PS’ are expected with even
numbers of carbon atoms (Fig. 1.8, ¢) and PC molecules are expected with overall odd numbers
of carbon atoms. However, it was already introduced that low abundances of odd numbered FAs
are present even in mammalian systems (section 1.2.1, page 15). The key to solve this problem
is, to force PC to form adducts with an anion changing the heteroatom sum composition of the
entire ion population. A promising candidate is ammonium chloride (NH4Cl) which changes
the heteroatom sum composition of PC and yields in characteristic signals for both, PC and PS

in the negative ion mode (Fig. 1.8, c).

1.3.7 Lipid quantification

After assignment of the mass spectrometric signals to specific lipid species by their accurately
determined m/z, lipid quantities are calculated based on the signal intensities. To refer from
the absolute signal intensities to a molar quantity of the respective lipid species, each signal is
referenced to characteristic peaks from internal standards (ISDs). ISDs are reference substances
added to the samples at the earliest possible step in sample processing [105, 127]. ISDs have
to be detected unambiguously by the analytical system in samples containing complex matrices
and their chemical and physical properties need to be as close as possible to the molecules of
interest. This procedure covers potential losses of analytes, for example during extraction pro-
cesses. In mass spectrometric analyses, utilization of ISDs is required to cover ion suppression
effects during the ionization process by signal normalization to the ISD intensities.

A well suited ISD solution would comprise isotope labeled lipids from each class for instance

with deuterium, ’H (D). Hydrogen and D have a mass difference of 1.0063 amu which makes
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D-labeled standard substances unambiguously detectable by their accurate mass. Practically, a
complete set of isotope labeled standard substances is often not achievable due to their high cost.
Consecutively, a different approach for standard selection can be used. Lipid substances with
either odd numbered FAs such as FA 17:0 or lipids with two O-alkyl linked side chains (diether
lipids) can be utilized as ISDs in human. These types of lipids are not available by mammalian
biosynthetic pathways and therefore considered to be not present in human samples.

Based on the signal intensities of ISDs and their known concentrations, the analyte concen-
tration is estimated by putting the respective ion intensities of analytes and standards into a
relation. However, it has to be considered that this strategy is an approximation. In practice, all
species from a lipid class are often referred to a single standard substance from the same class

since lipids from the same class undergo the same ionization mechanisms [30, 127].

1.4 Analysis strategies for lipidomics data

Various strategies have been applied for the analysis of lipidomics data. This section provides
a brief overview of techniques utilized in lipidomics research. Hypothesis testing by the t-
test or the Wilcoxon Mann-Whitney U (U)-test is introduced as method to compare lipidomes
between groups. Unbiased multivariate statistical methods such as principal component analysis
(pca) and hierarchical cluster analysis are suitable to evaluate relationships and similarities
within lipid profiles. Linear partial least-squares (PLS) regression is presented as a tool for the
association of lipidomics data with the tissue phenotype and clinical parameters. Finally, this

section introduces the concept of lipidome homology.

1.4.1 Statistical tests identify significantly altered lipid species

Statistical tests such as the 7-test and the U test are widely used to investigate specific lipidome
alterations [128—131]. Which test has to be chosen depends on the data structure. The t-test
is a good choice for normal distributed data [132], especially when the variances are similar in
the compared groups. Non-parametric tests as the U test do not assume normal distribution but
put the data into ranks [133] which makes them applicable without pre-assumptions regarding

data structure and are therefore a good choice for not normal distributed data and for data with
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highly differing variances. Practically, it has to be considered that the U test needs at least
four to five observations per group. Otherwise, no significant results are returned from the test.
For each variable one U test is calculated comparing two levels, i.e. two groups compared
by phenotype (treatment vs. control). Lipidomics data contain, in a similar manner to other
omics disciplines, some hundreds of lipid species (variables) in often less than one hundred
observations (samples). Therefore, it is necessary to perform multiple tests and the level of
significance has to be adjusted in order to avoid miss-interpretation of the results. Methods for
such p-value adjustments are for example the Bonferroni adjustment [134] and the Benjamini-
Hochberg false discovery rate (FDR) [135]. Both, multiple t-tests and U tests can be visualized
in a volcano plot. A volcano plot presents the fold change of each variable between two levels
and is plotted over the p-value from the respective test. This approach can for example be
applied for biomarker discovery [136]. The t-test and the U test are limited to compare two
populations, e. g. disease and healthy control. In case that the dataset is more complex and there
are more levels to compare, other methods for such comparisons are available such as analysis of
variance (ANOVA) which assumes normal distributions [132] and the non-parametric Kruskal-

Wallis test [137].

1.4.2 Correlation based analyses allow hypothesis-free and multivariate

data interpretation

Unsupervised multivariate statistical tools analyze large datasets without further information
regarding grouping or classification. Unsupervised methods are capable to analyze natural sim-
ilarities and homologies and are frequently applied for evaluation of omics data [138]. These
methods include pca [30] that transforms a multivariate dataset into a few latent variables ex-
pressing the highest level of variability within the dataset. Hierarchical clustering enables calcu-
lation of correlations between the individual lipidomes visualized by a hierarchical tree (dendro-
gram) as it is often performed to analyze genomics data [138]. Unsupervised methods provide
the possibility to analyze the data for instance to test whether similar phenotypes form closely
related clusters.

Other methods to test for specific lipidome alterations between predefined groups are su-

pervised correlation based techniques such as principal component discriminant analysis and
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PLS-discriminant analysis (DA) [4, 139]. These methods are suitable to identify lipidome al-
terations along a categorical discriminator variable by transforming multiple variables into a
few latent variables known as principal components (pcs). Moreover, the pcs are correlated to
a discriminator variable. For instance, PLS-DA was used to discriminate lipidomes of obese
mice from wild type mice and further to separate males from females. Furthermore, specific

alterations in the TAG levels were discovered in obese mice [140].

1.4.3 Regression analyses enable association of lipidomes with clinical

parameters

Regression analyses enable to reveal relationships between lipidomes and continuous variables
such as the BMI and the age of the respective subject. PLS regression is an approach to cal-
culate multiple regressions based on a PLS algorithm. The methodology was introduced by
Bruce Kowalski and Svante Wold in the field of chemometrics to analyze complex spectro-
scopic data [141, 142] but has also been widely applied to analyze omics data since then [143].
With this approach, response variables are explained by predictor variables in a linear regression
model while transforming the original variables into a new set of latent variables: components
calculated for predictor variables (¢). The -components are calculated to express the variability
within the dataset and further to correlate them to the responses. Overall, PLS regression is an
approach to generate stable multivariate linear regression models. However, there is still the
need to validate the outcomes of these regression models by cross-validation (cv) approaches.
There, the data is split in a training set for model generation a validation set to evaluate the
model on an independent dataset. This helps to prevent the computed model from overfitting,

verify its robustness and avoid misinterpretations.

1.4.4 Lipidome homology is a powerful concept to investigate structural
alterations
All the statistical methods listed before are dependent on quantitative lipidome data. In this

regard, differences in lipid quantities are associated to specific disease states or a specific phe-

notype. However, only lipid species can be compared that are present in each phenotype. If
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parameters are missing, none of these methodologies can be applied. There are approaches
to impute missing values, starting with the easiest approach to impute overall mean values, to
more sophisticated strategies using iterative algorithms [144]. However, imputation of missing
values can only be performed for variables with valid quantitative values in more than 80 % of
all samples. Otherwise, the imputation error would falsify the results. Lipids that are present
in less than 80 % of the observation cannot be further analyzed. If general reprogramming is
assumed, it could be possible that specific metabolic pathways are switched on or off, yielding
in the observation that some lipids only occur in a specific phenotype. This information would
not be available after filtering. To overcome these limitations, Marella et al. proposed a way to
analyze lipidomes based on their structural similarity and not on lipid quantities [145]. There-
fore, lipid structures are translated into a chemical space model for each lipidome. Afterwards,
the similarity between two lipidomes is expressed by the lipidome juxtaposition (LUX) score
as a measure for lipidome homology [145]. Utilizing this methodology, it was shown that it is

possible to visualize specific lipid metabolic alterations in yeast and Drosophila models [145].
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1.5 Objectives

With this dissertation lipid metabolic processes of human lung tissues are investigated utilizing
tissue samples from lung cancer patients after surgery. This study aimed to identify specific
features in the lipidomes that changed between tumor-free alveolar lung tissues corresponding
tumors. It was investigated whether the lipid profiles of the main entities of NSCLC, ADC
and SCC, were distinct and whether lipidomes of NSCLC and carcinoid tumors differed. An
important part of this study deals with the association of the lipidome data with histopathological
characterizations of the tissue phenotype and with clinical parameters.

Clinical parameters such as age, gender, BMI, smoking behavior as well as quantitative scores
for the histological phenotype were assessed in this study. With this information, it was aimed to
systematically evaluate which multivariate statistical methods are applicable to relate lipidomics
data with individual clinical and histological characteristics.

The largest alterations were expected to be localized between tumor lipidomes and the cor-
responding tumor-free alveolar tissues. Furthermore, the histologic phenotype is expected to
induce observable lipidome alterations whereas the influence of the patients’ age, smoking,
gender and other lifestyle parameters might be much more ambiguous. For this study, several
available data analysis strategies were tested to follow the objective to evaluate and discover
possible lipidome influencing parameters starting from the main impacts to lightly nuanced al-

terations in the context of lifestyle parameters.

Page 42 Lars F. Eggers, Dissertation, 2017



2 Results

This study aimed a achieve a most comprehensive snapshot of the human lung lipidome. To
enhance the coverage of anionic lipid species in the negative ion mode, the lipidomics screen
approach was customized. This optimization together with the analytical characteristics of the
analytical workflow are presented in the first part of this chapter. The analytical setup was then
utilized in a pilot study comprising 43 tissue samples from 26 patient to investigate lipidome
alterations in carcinogenesis. In a follow-up study, which included 174 tissue lipidomes from 92
patients, the outcomes of the pilot study were further specified. This part has a strong focus on

regression modeling of lipidomics data to evaluate potential lipidome influencing parameters.

2.1 Sensitive and reproducible lipidomics screens

This study utilized a stable, precise and reproducible lipid quantification strategy based on li-
pidomics screens. To prevent signal interference of PC and PS in the negative ion mode and
to gain sensitivity for the anionic lipid species, the salt additive for negative ESI was adjusted.
NH4Cl was selected as optimal additive and the optimization of the added salt concentration
is presented in the following section. After optimization, the technical variability of the entire

screening workflow was evaluated.

2.1.1 Ammonium chloride as ESI additive in the negative ion mode

The commonly used NH4OAc additive for ESI caused an overlap of isobaric peaks in the neg-
ative ion mode, specifically for PC [M+OAc] and PS [M-H] (section 1.3.6, page 36). Exper-
iments carried out with NH4OAc as additive revealed distribution of PCs into two ion popula-

tions. In addition to an ion population of PC [M+OAc], a second ion population of chlorinated
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Figure 2.1: Mass spectrometric signal profiles drastically changed with concentration of the electrospray
ionization additive ammonium chloride. (a) FT-ICR mass spectrum in negative ion mode using 0.5 mM NH4ClI
as ESI additive. Signals from PC are illustrated in blue, PG in green, PS in purple, and PI in brown. (b) Negative
ion mode spectrum with 0.01 mM NH4CI from the same sample. Modified from Eggers et al. [146].
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Figure 2.2: The ammonium chloride concentration heavily influenced the sensitivity for detection. The
percentage change of signal-to-noise ratios (PCSNR) as function of the NH4CI conctration. The PCSNR was
calculated as sum of the SNRs of the individual lipids for a given class. These values were normalized to their
average response at the additive concentration of 0.5 mM NH4CI. Lipid classes: (a) PC (19 species), (b) Cer (12
species), (c) DAG (9 species), (d) TAG (3 species), (e) PE (9 species), (f) PG (17 species), (g) Pl (11 species),
and (h) PS (10 species) including SNRs for ISDs of PC, LPC and PE. Modified from Eggers et al. [146].
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adduct ions ([M+Cl]") was observed although no chloride was added to the samples (Fig. 1.8,
a, page 36). Most likely, the [M+CI] ion population was observed due to unavoidable carry-
over of chloride from the biological matrix. By addition of NH4Cl instead of NH4OAc, this
distribution into different ion populations was avoided. Under this condition all PC molecules
formed [M+Cl], thereby reducing spectral complexity and enhancing selectivity for determi-
nation of all PC and PS species. Due to these advantages, NH4Cl was selected as additive for
negative ionization to yield unambiguous quantification of all lipids. With addition of chloride,
isobaric PC and PS species such as PC 34:1 (IM+Cl], m/z 794.5472) and PS 37:5 ((M-HJ,
m/z 7194.4978) had a mass difference of 0.0494 amu which is easily discriminated by high res-
olution MS.

First experiments utilizing NH4Cl as additive were carried out with similar additive concen-
trations as routinely used in the laboratory with NH4OAc (about 3.7 mM). Compared to the
spectra obtained with NH4OAc, spectra with NH4Cl showed lower and less stable signal inten-
sities. The inference from this observation was that the concentration of NH4Cl was potentially

not optimal suited for lipidomics screens and should be optimized.

Therefore, the NH4Cl concentration in the spray matrix was optimized to improve stability
and sensitivity. The data showed a significant shift in the ratios of signal intensities of PC and
PG in the mass spectra obtained with 0.5 mM (Fig. 2.1, a) and with 0.01 mM (Fig. 2.1, b)
NH4Cl1 additive. In the spectrum obtained with 0.5 mM NH4Cl, PC 32:0 had the strongest
signal. However, in the spectrum with 0.01 mM NH4Cl, PC 32:0 had only about 30 % of the
intensity of the highest signal (PG 36:2). These observations showed that it was possible to
adjust relative signal intensities and customize the analytical conditions with the ESI additive.

Consecutively, it was examined whether the strong changes in the raw mass spectra were
also reflected in altered sensitivities for individual signals. The signal-to-noise ratios (SNRs)
were used as a measure for the sensitivity (Fig. 2.2). The overall sensitivity per lipid class
was expressed as percentage change of signal-to-noise ratios (PCSNR). The optimization was
focused on the anionic lipid classes including PIs, PGs and PS’ as well as on PCs and Cers.
The neutral lipids, TAG and DAG, are easily accessible in the positive ion mode and were
therefore not considered for optimization. PCSNR values systematically decreased for [M+Cl]
1on forming lipid classes with decreasing NH4Cl additive concentrations, most clearly observed

for TAGs (Fig. 2.2, d) but also for PCs (Fig 2.2, a) and Cers (Fig. 2.2, b). Sensitivities
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of DAG increased from 0.5 mM to 0.25 mM NH4Cl additive concentration, followed by a
steady decline with lower NH4Cl concentrations (Fig. 2.2, c¢). In contrast, other lipid classes
which ionized as [M-H] ions had a different behavior as a function of the NH4Cl additive
concentration. For instance, PEs showed approximately constant sensitivities over the entire
NH4CI concentration range from 0.01 mM to 0.5 mM (Fig. 2.2, e). In contrast, PGs, PIs, and
PS’ demonstrated increased sensitivities with reduction of the NH4Cl additive concentration
(Fig. 2.2, f-h). Finally, an NH4ClI concentration of 0.05 mM provided the highest sensitivities

for PC, Cer, PG, PI and PS in optimal screening conditions.

2.1.2 Analytical characteristics of the developed workflow

The parameters of the analytical lipid quantification with regard of the technical variability of
the entire workflow were tested for their stability. It was asked whether the analytical approach
was sensitive enough to answer questions regarding the biological problems. The technical vari-
ability between repeated mass spectrometric acquisitions of same tissue extracts was examined.
Therefore, relative standard deviations (RSDs) of repeated measurements were inspected. A
list containing all measured RSDs was created which is presented in the frequency distribution
(Fig. 2.3, a). The RSDs measured had values up to 140 % whereas 95 % of all RSD values were
lower than 43 %. The proportion of 68 % of the measured RSD values indicated a variability of
less than 13 % (Fig. 2.3, a).

Lipid quantification of repeated extractions of the same homogenates showed reproducible
results (Fig. 2.3, b). Quantitative values from two independent sample preparations correlated
perfectly with linear regression coefficients (R*s) of about 0.98 or even higher. Lipid quantifi-
cation was reproducible in more than 3 orders of magnitude (Fig. 2.3, b). Quantitative values
larger than 100 pmol/mg tissue yielded in best correlations between repeated analyses. Lower
concentration ranges showed higher variability, probably since these values were close to the
detection limit.

The question was whether the analytical precision, estimated with 13 %, was sufficient to
assign lipidome alterations to the biological phenotype. For this purpose, it was tested whether
the technical variability was lower than the variability between different samples. Therefore,

a set of samples was repeatedly extracted and the data were analyzed by pca. The technical
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Figure 2.3: Reproducibility of the lipidomics screens. (a) Frequency distribution of RSDs obtained by re-

peated mass spectrometric acquisitions. The list contained all RSD values from the analyzed 174 tissue extracts
where repeated mass spectrometric acquisitions were averaged. (b) Linear correlations of lipidome data from two
independent technical replicates from each, ID130-A, ID136_T, and ID140_T. The complete extraction procedure
was repeated starting at the tissue homogenates. Lipidomes of both independent extractions are compared in
linear regressions. R” values are noted in the panels. Modified from Eggers et al. [146]. (c) pca summarizing
technical variability of the screening assay: pc; vs. pc, and pc, vs. pcs. Dots in the same color are derived
from the same tissue homogenate. Four dots per sample include two independent extraction procedures with two
repeated mass spectrometric acquisitions. Ellipses indicate 95 % confidence areas.
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variability of repeated extractions and mass spectrometric analyses appeared to be lower than

the inter-sample variability as indicated by the confidence areas (Fig. 2.3, c).

2.2 Lipidomes of human lung tissues revealed distinct

alterations in cancer and emphysema

At first, the developed method was applied in a pilot study. The pilot study comprised lipidomes
of 43 tissue samples obtained from 26 patients as summarized in table 4.3 (page 102) (sub-
cohort 1). The question was whether the lipid profiles of alveolar lung tissues and matched
tumor tissues had marked differences and in which manner the histopathological tissue pheno-
type is reflected within the lipidomes. The results presented in this chapter were published in

Eggers et al., Scientific Reports, 2017 [146].

2.2.1 Lipidomes of alveolar and tumor tissues had distinct molecular

patterns

The first question was whether the lipidome of lung tumors and tumor-free alveolar lung tissues
reflected the distinct morphological features of these two tissue types (Fig. 2.4, a and b). The
patient with the identifier (ID) 64 was chosen as an example to specify the alterations that were
identified between alveolar and tumor tissues.

The raw mass spectra clearly showed different patterns in the signal distributions of the alve-
olar and the tumor tissue (Fig. 2.4, c-f). These mass spectrometric profiles alone were sufficient
to discriminate alveolar and tumor tissues. The positive ion mode spectrum of the alveolar tis-
sue extract (Fig. 2.4, c) revealed PC 32:0 (m/z 732.5676, [M+H]") as most intensive signal.
In contrast, PC 34:1 (m/z 760.5858, [M+H]+) was the most intense ion in the corresponding
ADC-tumor tissue (Fig. 2.4, e). Unsaturated lipids such as PC 36:4 (m/z 782.5692, [M+H]+),
CE 18:2 (m/z 666.6187, [M+NH,4]") and TAG 52:2 (m/z 876.8025, [M+NH4]") had larger sig-
nal intensities in the tumor tissue. Complementary information was obtained from the negative
ion mode, since lipids with anionic charged HGs were predominantly visible there (Fig. 2.4, d
and f). The alveolar tissue was characterized by intense signals of PG species such as PG 34:1

(m/z 747.5162, [M-H] ) and PG 36:2 (m/z 773.5307, [M-H] ) (Fig. 2.4 d). In the spectrum of
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Figure 2.4: Distinct lipid profiles in alveolar and tumor tissues. (a) HE stained tissue sections of the alveolar
tissue obtained from patient ID64. (b) Matched ADC-tumor tissue section from patient ID64. (c) Positive ion
mode FT-ICR mass spectrum from patient ID64, alveolar tissue. (d) Corresponding negative ion mode spectrum
of ID64, alveolar. (e and f) Mass spectra (positive and negative ion mode) from the ADC-tumor tissue of ID64.
Mass spectra were baseline corrected and smoothed. Signals of most abundant lipid identifications are annotated
and series of signals from main classes are highlighted by colored rectangles (blue: PC, green: PG, red: TAG,
orange: CE, and gray: PI). Modified from Eggers et al. [146].

the corresponding ADC-tumor tissue, these signals were scarcely present, whereas an intense
signal of PI 38:4 (m/z 885.5471, [M-H] ) was visible (Fig. 2.4, f). These were the first indi-
cations of extensive lipid metabolic alterations between lung tumors and their corresponding
alveolar tissues even on raw mass spectrum level. These observations, made with the example
of patient ID64, were confirmed by a larger number of paired alveolar and tumor samples. It
emerged that there were numerous lipids either present in alveolar or in tumor tissues. Ther-
fore, lipidomes were analyzed utilizing the LUX score appoach by Marella et al. [145] which
compares all chemical structures and is sensitive for lipid species present only in one of the

compared phenotypes.

Using the patient ID64 as an example, the lipidome alterations identified on the raw mass
spectra were further specified on the lipidome maps which visualize the chemical space model.
The lipidome of the alveolar tissue (Fig. 2.5, a) had 13 PG species that were not present in
the corresponding ADC-tumor lipidome (Fig. 2.5, b) whereas the ADC-tumor lipidome had no
unique PG species compared to the alveolar tissue. There were numerous neutral lipids from

the classes TAG and CE, which were identified exclusively in the ADC-tumor lipidome. In this
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Figure 2.5:  Distinct molecular patterns in the lipidomes of lung tissues. (a) Lipidome map of patient

ID64 alveolar tissue. Each point on the lipidome map represents a lipid and distances between lipids represent
their structural similarity. The size of the data point corresponds to the quantity (relative abundance). Uniquely
identified lipids (either in tumor or alveolar tissue) of this matched pair belonging to TAG, CE and PG classes
were highlighted. (b) Lipidome map of the matched ADC-tumor tissue of ID64. (c) Hierarchical clustering of 43
tissue lipidomes (subset training, see Tab. 4.3) based on LUX scores. Lipidomes are color coded according to
the tissue classification below the dendrogram: gray: alveolar tissue; orange: ADC tissues; blue: SCC tissues;
other: combines an LCC and a sarcomatoid LCC. The frequency of reoccurrence of each branch after 100
error modelling iterations is indicated with green numerals for a detection threshold (dt) of 0.005 and a standard
deviation (SD) of 0.002. Red stands for a dt of 0.003 and a SD of 0.001. Modified from Eggers et al. [146].

ADC-tumor lipidome, specifically 33 TAG species and 16 CE species were detected which were
not present in the corresponding alveolar tissue. These remarkable lipidome alterations were ob-
served in a variety of paired tissue samples, suggesting that widespread lipidome compositional

changes occurred in the tumor lipidome.

A hierarchical clustering was calculated on the basis of LUX scores between each pair of
lipidomes to analyze their homology (Fig. 2.5, c). There was a stable tree morphology, which
was shown by counting the frequency of reoccurrence of the branching structure by error mod-
eling. The tree had two main branches derived as clusters. The first cluster (Fig. 2.5, c, left

cluster) was exclusively composed alveolar lipidomes, including ID64. The second cluster con-
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Figure 2.6: Tissue discrimination based on LUX scores. (a) pca based on pairwise LUX scores as input
data (same input data as for Fig. 2.5). pca factor maps shows pc; and pc;. (b) ROC curve based on pc; as
discriminator for alveolar and tumor tissue lipidomes. Modified from Eggers et al. [146].

tained all tumor lipidomes and a sub-cluster of six alveolar lipidomes indicating that these alve-
olar lipidomes had a higher structural similarity to the tumors than to the other alveolar tissues.
No pairs of tumor and alveolar tissues from the same patient clustered together, suggesting that
a patient-independent tumor lipidome has structural attributes present only in tumors or alveolar
tissues.

In parallel, LUX scores were analyzed by pca. A clear separation of tumor and alveolar
tissues along pc; was observed (Fig. 2.6, a). The axis pc; alone accounted for 69.69 % of the
variability of the LUX score data was suitable as a discriminator of tumor and alveolar tissue
lipidomes. A receiver operating characteristics (ROC) curve based on pc; had an area under
the curve (AUC) of 98.3 % (Fig. 2.6, b) which proved excellent diagnostic properties of this
methodology.

Taken together, the lipidome analysis based on LUX scores demonstrated that alveolar and tu-
mor tissues had different lipidome compositions. This indicated general lipid metabolic changes
between these types of tissue. The limitation of this methodology was shown by a more detailed
inspection of the results for the tissue phenotype, e. g. the tumor entity. With this LUX score
based analysis it was not possible to distinguish between ADC and SCC tissues. The reason for
this observation could be that the structural information is only one part of the lipidome. No
doubt, the structural information is important and often ignored. However, the integration of

the quantitative data is not negligible. The quantitative part of the lipidome has not yet been
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used in the calculation of LUX scores. In order to complete the image, quantitative information
could be integrated into this methodology. Potentially, this would open great opportunities for

in-depth lipidome analyses.

2.2.2 Systematic alterations between NSCLC and alveolar lipidomes

LUX scores revealed that alveolar and tumor lipidomes had specific molecular compositions.
Further analyses of the quantitative lipidome characteristics in lung tissues were performed
and an unsupervised hierarchical clustering was calculated. Thus, 141 lipids, quantified in at
least 90 % of the samples were used for this analysis. The hierarchical clustering dendrogram
showed a clear separation of alveolar tissues on the left and tumor tissues on the right (Fig. 2.7)
which nicely confirmed the results obtained by LUX score analysis with respect of individual
lipidome features in alveolar lung tissues and tumors. All alveolar tissues, except D29 _alveolar
tissue (A) who suffered from Crohn’s disease, formed one cluster with a correlation coefficient
of 0.779 (Fig. 2.7, b). The tumor lipidomes showed a higher heterogeneity compared to the
alveolar tissues as indicated by the branching structure. Tumors formed three sub-clusters with
low correlation coefficients to each other (Fig. 2.7, b). ID24_tumor tissue (T) separated from

other tumors, possibly due to the fact that this tissue was completely necrotic.

The neutral lipids DAG, CE and TAG were present in higher amounts in the tumor tissues
compared to the alveolar tissues (Fig. 2.7, b). Furthermore, all TAG and CE species showed
similar behavior across all samples, indicated by a correlation of those species with a coefficient
of 0.781 on the tree of the lipids (Fig. 2.7, a). In contrast, major components of the pulmonary
surfactant were present in high amounts in alveolar tissues whereas these lipids were barely
recognized in tumors. This was most strongly observed for PG species but also for the satu-
rated GPLs PC 32:0, PC 30:0 and PC 28:0. This finding might indicate that a general loss of
surfactant occurred during carcinogenesis. All PG lipids had similar behavior across all samples
which was demonstrated since they formed a separate branch in the dendrogram for the lipids
(Fig. 2.7, a). Another observation was that long-chain SM species as well as PS’ had higher
concentrations in the alveolar tissues. Unfortunately, no systematic differences were identified

between lipidomes of ADC and SCC tissues.
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Figure 2.7:  Lipidomes of alveolar tissues and tumors had distinct lipid profiles. (a) Heat map and
hierarchical clustering summarizing 141 lipid species quantified in 43 tissue samples. (b) Dendrogram for the
tissue lipidomes. Lipidomes are color coded according to the tissue classification below the dendrogram: gray:
alveolar tissue; orange: ADC tissues; blue: SCC tissues; other: combines an LCC and a sarcomatoid LCC.
Modified from Eggers et al. [146].

2.2.3 The histopathological phenotype is reflected in lipidomes of
NSCLC tissues

The heterogeneity in the tumor lipidomes, as observed by the hierarchical cluster analysis, in-
dicated a complex pattern of unknown parameters that are influencing the tissue lipidomes.
These could include the tissue morphology as well as patient related parameters such as obe-
sity, metabolic diseases or the lifestyle like smoking or physical activity. Based on this observa-
tion, PLS regression analysis was performed to identify parameters that affect the tumor tissue
lipidome composition. The PLS regression model combined the quantities of 113 lipids that

were present in all 22 tumor tissue samples with clinical and histopathological data.

A basic assumption was that the histopathological phenotype caused significant lipidome

alterations. To verify this hypothesis, lipidomes of the tumors were compared to a description of
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Figure 2.8: Histopathologic scoring of tumor tissues showed a great heterogeneity. Results of histological
scoring of the pilot study. Sections were histologically characterized according to their tissue composition, using
percentages of necrotic areas, vital tumor cells and stroma content. The infiltration by immune cells (inflammation)
was scored in categories (0, 1, 2, 3). Modified from Eggers et al. [146].

the histopathologic phenotype by scores which reflected the tissue morphology. Characteristics
of the tissue composition were expressed as tissue fraction which indicated the percentages of
necrotic areas, stroma and metabolically active tumor cells. In addition, the inflammation status
was categorized in stages from 0 (no inflammation) to 3 (highest inflammatory status) (Fig.
2.8). The overview of the determined histology scores of tumors (Fig. 2.8), sorting the tissues
according to their necrosis content, showed a large heterogeneity. Especially the examples with
90 % stroma (ID22_T), 80 % vital tumor (ID29_T) and 70 % necrosis (ID19_T) showed the

large morphological alterations expected to be reflected in the lipidomes.

Evaluation of the PLS regression factor map (Fig. 2.9, a) demonstrated that it was indeed the
tissue fraction that had the most potent effects on the tumor lipidomes. On the PLS factor map,
which reflects the similarity of the lipidomes within the parameters of the models, the tumor
lipidomes sorted according to the tissue fraction (Fig. 2.9, a). Lipidomes from samples with
high stroma content were localized in the top-left corner of the factor map and were further sep-
arated from samples having a high proportion of vital tumor along the PLS component #;. As
consequence, samples with high vital tumor content localized at the bottom of the factor map.
There were two highly necrotic samples located at high #; values (right side of the factor map).

The three parameters, making the tissue fraction, had markedly different characteristics within
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Figure 2.9: The histopathological phenotype is reflected in the lipidomes of tumor tissues. (a) Factor
map of individual tumor lipidomes, color coded according to the dominant tissue fraction (stroma >50 %, blue;
vital tumor cells >50 %, yellow; necrotic areas >50 %, red; none of the tissue fractions >50 %, black). (b) Cor-
relation of lipid quantities, histology scores, and clinical data to the f-components. The vectors indicate how
strong the variables correlate to the {-components and show the correlations between the lipidome data (black
arrows) and the histology scores and clinical data (red arrows). (c) Correlation of original histology scores to
scores computed from the PLS regression model for stroma and vital tumor as well as correlation for the clinical
parameters age and gender. Linear regressions with 95 % confidence bands are shown in grey. The specific
slope is noted on the plot. The dotted black line indicates the location of the ideal correlation. The boxplot shows
computed scores versus the original categorical values. Q? values are the results of the cv of the model. A model
is considered significant for a response if 0 is > 0.0975. The associated t-component is noted in brackets after
the Q? value. The p-value was calculated using the U test. Modified from Eggers et al. [146].

their lipidomes. This was indicated by the correlations of the variables and the t-components
(Fig. 2.9, b) in which vectors of tumor, necrosis and stroma are in opposite directions. This
revealed that each of these parameters had unique features in its lipidome which were indepen-
dent to the others. The stroma content correlated most strongly with lipids such as PC 36:5 and
PC 34:3 as well as with pulmonary surfactant related lipids PC 32:0 and PC 30:0. The vital
tumor content showed correlations with the GPL species PC 36:1 and PE 36:1, and necrosis

was associated with TAG molecules (Fig. 2.9, b).

To test the results for their stability, to avoid overfitting the models and to validate predictive

power, a cv process was performed. Significant correlations were identified for the stroma and
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vital tumor scores with cross-validated regression coefficient (QZ) values of 0.42 and 0.27, re-
spectively (Fig. 2.9, ¢). Necrosis did not reveal a significant correlation, possibly since only two
samples had more than 50 % necrosis. Aging appeared to affect tumor lipidomes, which was
characterized by a significant cv (0* =0.27) (Fig. 2.9, c¢). From the available data, a possible
dependence between aging and vital tumor content cannot be excluded, since a correlation of
both parameters was observed (Fig. 2.9, b). For the categorical parameters, such as gender,
the predicted score of the regression model was compared with the original categorization (Fig.
2.9, ¢). A U test was then calculated to test whether the score distinguished between the cat-
egorizations. For gender, a significant regression model (Q* = 0.1) was calculated which had
enough predictive power to distinguish between tissues from males and females (p = 0.0063)
(Fig. 2.9, c¢). Other parameters that have been tested in this regression model, e. g. the tumor
entity, the inflammatory stage, the hemoglobin (Hb) content as a measure for residual blood
in the tissues, pack years (PY), BMI and stage of COPD according to the global initiative for
chronic obstructive lung disease (GOLD) [147] did not show any significant models.

2.2.4 Emphysema and aging reflected specific lipidome alterations of

alveolar lung tissues

The regression analysis calculated from the lipidomes of the tumor tissues demonstrated that
the histopathological phenotype was mirrored in the lipidomes. The same approach was used
to evaluate factors potentially influencing the alveolar lipidomes. The histopathological phe-
notype was more homogenous for alveolar tissues when compared to tumors (Fig. 2.7, 53).
The cell density was observed to be highly variable and was for instance expressed by the pul-
monary emphysema score. In which manner the phenotype changes with respect to enlarged
alveolar structures and lower cellular density was shown by the example tissues from the stages
2 (ID39_A) and 5 (ID2_A) (Fig. 2.10). Due to this importance of emphysema, the overview
of scoring results was sorted by the extent of emphysema (Fig. 2.10). Furthermore, the in-
flammation status, density of AM and pulmonary fibrosis were evaluated and categorized in
histopathologic scores from 1 to 3 (Fig. 2.10).

Based on the histology scores and clinical parameters, a PLS regression model was calcu-

lated including 139 lipid species that were quantified in all alveolar tissue lipidomes. The PLS
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Figure 2.10: Histopathological characterizations of alveolar tissues reflect large heterogeneity. Alveolar
tissues were scored by inflammation (stages 0, 1, 2, 3), AM (stages 0, 1, 2, 3), emphysema according to Thurlbeck
[148] and fibrosis (stages 0, 1, 2, 3). The bar graphs show the scoring results for every individual tissue, sorted
according to increasing emphysema score form left to right. Modified from Eggers et al. [146].

regression factor map showed decreasing emphysema scores with increasing ¢ values since the
lipidomes sorted according to the emphysema parameter from right to left (Fig. 2.11, a). The
correlation circle further indicated that emphysema and age correlated with each other (Fig.
2.11, b). This pilot study showed that emphysema and aging positively correlated with the lipid
species PS 38:4, PI 38:4, PI 38:5 and PS 40:4. The cv procedure resulted that emphysema
and aging were significant on the component #; with Q% values of 0.16 and 0.14, respectively.
These results indicated that aging and emphysema could not completely be separated but they
might induce systematic lipidome alterations. This fits to earlier observations that aging and

progression of COPD and emphysema are potentially be linked [149].

The PLS regression model indicated that the classification of the carcinoma (tumor entity)
might be reflected in the lipidomes of tumor-free lung tissues (Fig. 2.11, c). At this stage
potential limits in utilization of residual material from lung cancer patients for investigation of
respiratory diseases were reached when lung cancer induces specific lipid metabolic alterations
even in the tumor-free compartments of the lung. Especially, patients suffering from large-cell
carcinomas (LCCs) and carcinoid tumors (grouped as others) were distinguished from patients
with ADC and SCC diagnosis with p-values of 0.0167 and 0.022 (Fig. 2.11, c). Due to the

small number of cases (21 alveolar tissue) potential overlapping effects with other parameters
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Figure 2.11: Parameters affecting lipidomes of alveolar lung tissues analyzed by partial least-squares
regression. (a) PLS regression factor map for alveolar tissue lipidomes. Individuals were color coded ac-
cording to their emphysema score. (b) Correlation of lipid quantities, histology scores and clinical data to the
t-components. Predictor variables are indicated by black vectors and responses by red vectors. (c) Correlations
of the PLS regression model between original values and computed values for tumor entity, emphysema stage
and age. Grey dotted lines represent the linear fit, and solid grey lines indicate 95 % confidence bands. The
dotted black line indicates the location of the ideal correlation. Q? values are the results of the cv of the model. A
model is considered significant for a response if Q? greater than 0.0975. The associated t-component is noted in
brackets after the Q? value. All p-values were calculated using the U test. Q? values and p-values are only noted
when significance was reached. Modified from Eggers et al. [146].

with regard of inflammation status and fibrosis were not excluded. Smoking behavior could
be connected to the histological tumor entity. It is known that SCC and ADC, both, occur
predominantly in smokers. However, the ADC alone has high prevalence in never-smokers
[80, 81]. For the remaining parameters inflammation stage, fibrosis, BMI, PY, gender, Hb
content and GOLD stage of COPD no significant correlations were observed from the regression
model.

Taken together, the PLS regression model nicely reflected that emphysema and aging are pa-
rameters shaping lipidomes of alveolar lung tissues. However, the number of patients is rather
limited for further conclusions and closer functional associations with regard to metabolic path-

ways. Therefore, it was necessary to increase the numbers of cases for deeper investigations.
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2.3 The lipidome mirrors a complex pattern of clinical

parameters and pathological events

Results from the pilot study were compared to a follow-up study which was performed with
an increased number of cases. The tissues collected in sub-cohort 2 were combined with sub-
cohort 1 that tissues from 92 patients were available for this follow-up study. Lipid profiles of
alveolar lung tissues and tumors were investigated for specific patterns appearing during car-
cinogenesis. It was asked whether the lung cancer entity was reflected in the lipid profiles. An
advanced PLS regression modeling approach was utilized which combined lipidomics data with
histopathological and clinical parameters and provided an overview which of these parameters

had the highest influences on the lipidomes of lung tissues.

2.3.1 Heterogeneous lipid profiles in alveolar and tumor tissues

A hierarchical cluster analysis was performed with the lipidome data from this enlarged cohort.
For correlation analyses, quantities of 145 lipid species, present in at least 80 % of the 174 tissue
lipidomes, were used as input. Hierarchical clustering of tissue samples indicated a complex
branching structure comprising 6 clusters (Fig. 2.12). The most frequently populated clusters
were the clusters 4 (94 tissue lipidomes) and 5 (69 tissue lipidomes) which revealed clear sep-
aration of alveolar and tumor tissue lipidomes. Cluster 4 contained 90 % alveolar tissues but
also a small subset of 10 % tumor tissues, mostly ADCs. This indicated that there was a low
number of tumor tissues that was closer related to the alveolar tissues than to the tumors. Clus-
ter 5 comprised 97 % tumor tissues and 3 % alveolar tissues (ID126_A and ID104_A). Cluster
1 contained only the necrotic ADC tissue ID24_T and separated from all other tissues as it was
observed before in the pilot study (Fig. 2.7, page 53). The clusters 2 and 3 contained one or
two lipidomes each, mainly tumors who were low correlated to the other clusters. Cluster 6
separated from the other lipidomes and comprised lipidomes from carcinoid tumors and one
ADC tissue.

All clusters were characterized by a specific pattern within their lipid profiles. Cluster 4 (alve-
olar tissues) showed an overall decrease of the neutral lipids TAG and CE. In cluster 5 (tumors),

abundances of CE species such as CE 18:1 and CE 20:4 were overall increased. Moreover,
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Figure 2.12: Tumor and alveolar tissues were distinguished by their lipid profiles. Hierarchical clustering
was calculated with 145 lipids that were present in at least 80 % of the used 174 tissue samples. The heat
map shows log2 fold-changes compared to the overall mean value across all tissues for the respective lipid
species. Hierarchical clustering was calculated using Euclidean distance as similarity metric and average linkage
as clustering method. Clustering was performed for lipid species as well as for the tissue samples. On the
dendrogram for tissue lipidomes, 6 clusters were observed as indicated by red numbers. Classification according
to the tissue type is annotated below the tree in a color code. Lipid classes are annotated left to the heat map
indicating the main classes and each second lipid species is annotated right to the heat map.
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cluster 5 (tumors) showed both, a sub-cluster with decreased abundances of TAGs, and a small
cluster that had slightly increased levels of them. The clusters 2 and 3 (mainly tumors) revealed
strongly increased TAG levels. It was already recognized in the pilot study that lipidomes of
alveolar tissues had high levels of PG lipids whereas these species were low concentrated in
the tumor lipidomes (section 2.2.2, page 52). This observation could be specified by closer
inspection of the heat map (Fig. 2.12). A large number of PG species which also included the
surfactant main components PG 34:1 and PG 36:2 was low concentrated in the tumors (clusters
2,3, 5 and 6) compared to the alveolar tissues (cluster 4) which was shown by log2 fold-changes
of -4. However, a high variability within the measured abundances of PGs with the subset of
alveolar tissues was recognized which potentially indicated development of lung pathologies

there.

All these findings were confirmed by pca. A clear separation of tumor and alveolar tissues
was accomplished on the factor maps along pc; where alveolar tissues had negative values and
and tumors positive (Fig. 2.13, a and c). Carcinoid tumors clustered outside of the NSCLC
tissues and had high values of pcy (Fig. 2.13, a and c). The axes pc; and pc3 did not separate
ADC and SCC tissues. The surfactant associated lipids PG 36:1, PG 34:2 and PG 30:0 nega-
tively correlated to pc; indicating increased amounts of those lipid species in alveolar tissues
(Fig. 2.13, a and b). Long-chain and unsaturated PC and PE species such as PC 40:6, PC 36:2,
PC 38:5 and PE 40:5 correlated positively with pc; which indicated an overall increase of those
species in tumors. The distribution of TAGs, SMs and ether lipids did not correlate with the
tissue type. Abundances of TAG species such as TAG 56:6 and TAG 54:2 negatively correlated
with pcy (Fig 2.13, b). This observation was in-line with the heat map (Fig. 2.12) where the
TAG levels were not associated to the tissue classification which stands in contrast to the results
from the pilot study. Potentially, there were other parameters that associated with TAGs than
the tissue classification. Abundances of ether lipids such as PC O- 36:5 and PC O- 38:5 as well
as long chain SM species such as SM 42:2;0 and SM 42:3;0 positively correlated with pc3 (Fig.
2.13,d).

A larger number of cases further increased the complexity of the branching structure of the
hierarchical clustering. This was shown by the fact that the clear separation of alveolar and tu-
mor tissues, as observed in the pilot study, was not accomplished. Therefore, another approach

was used in the next step to extract specific features which altered with the tissue phenotype.
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Figure 2.13:  Principal component analysis confirmed observations made by hierarchical clustering.
(a) pca factor map. The same input dataset as used for figure 2.12 comprising 145 lipids from 174 tissue samples
was used. Factor map shows pc; and pc,. Percentages of included variance are noted in axis-labels. Each dot
on the map represents one tissue lipidome. The dots are color coded according to their tissues type as noted
in the legend. Ellipses show confidence areas including 68 % of all points per group. (b) Circle of correlations
from the same analysis of pc; and pc; and the variables (lipids). The longer a vector, the better the variable
is represented in the analysis. Directions give the component the variable correlates. The 50 most contributing

variables are annotated. (c) Factor map from the same analysis showing pc; and pcs. (d) Circle of correlations
for pc; and pcs.
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2.3.2 Specification of a lipid panel to differentiate between alveolar and

tumor tissues

Lipidomes of alveolar and tumor tissues were compared to identify a specific lipid panel which
was able to differentiate between them. Utilizing unpaired U tests, a panel of 39 lipid species
was identified which were significantly changed between both groups and had a log2 fold-
change greater than 1 or lower than -1 (Fig. 2.14, a). The observation of increased PG levels in
the alveolar tissue lipidomes as made by the unsupervised correlation analyses (Figs. 2.12 and
2.13, pages 60 and 62) was confirmed. Specifically, surfactant lipids such as PG 36:2, PG 32:0,
and PG 34:1 as well as lower abundant PG species including PG 40:7 and PG 35:1 were elevated
in the alveolar tissues. Theses lipids clustered outside from the other selected lipids as shown by
the hierarchical clustering (Fig. 2.14, d, area marked with II). The lipid panel included three SM
species (SM 40:1;0, SM 38:1;0 and SM 41:1;0) that were increased in the alveolar tissues (Fig.
2.14, a). Distribution patterns of these species correlated with the surfactant main components
PC 32:0 and PC 30:0 (Fig. 2.14, d, area marked with I). It was interesting that the PCs did not
correlate with the PGs although both were known to originate in the pulmonary surfactant. This
observation indicated that the surfactant composition was not constant through all the samples.
Potentially the PC-to-PG ratio in the tissue lipidomes was an indicator for lung pathologies.
The second interesting finding was that the long-chain SM species correlated with surfactant
PC. SM species are known to be present in lipid rafts of apical membranes [46]. Potentially,

SMs are markers for active alveolar surface together with the pulmonary surfactant.

Tumor tissues had elevated levels of TAGs and CEs as it was already noticed in the pilot
study (Fig. 2.7, page 53). Long-chain and highly unsaturated as well as ether lipids, such as
PE 40:5, PE 40:6, PI 40:4 and PE O- 36:3 were overall increased in tumors. The ether lipids
have also been observed with increased abundances in tumors in the cluster analysis (Figs. 2.12

and 2.13).

The next question was whether the selected lipid panel was suitable as a diagnostic tool.
Therefore, the lipid abundances were used to calculate discriminative scores for each tissue
sample (Fig. 2.14, b). The result was that alveolar tissues had scores of about -50 arbitrary
units (au) whereas tumors had scores of about +50 au (Fig. 2.14, b). Afterwards, the predictive

power of the score was tested in a ROC curve which plots the true-positive-rate (sensitivity)
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Figure 2.14:  Alveolar and tumor tissues can be differentiated by a lipid panel. (a) Volcano plot showing
significantly changed lipid quantities between tumor tissues and alveolar tissues. The p-values were calculated by
unpaired U tests with Benjamini-Hochberg FDR. Lipid species with adjusted p-values lower than 0.05 are shown
in red. Yellow indicates lipids with log2 fold-changes of group-wise mean values less than -1 or larger than 1.
Green dots represent lipids with p-values lower 0.05 and log2 fold-changes less -1 or larger than 1. Lipids drawn
on the left were significant for alveolar tissues and lipids drawn on the right side for tumor tissues. (b) Box plot
of the discriminative score. The score was based on lipid abundances of the green marked species from panel
a. The discriminative score was calculated by multiplication of each lipid abundance value with the respective
log2 fold-change and calculation of the sum across each sample. (c) The ROC curve for the differentiation
between tumor tissues and alveolar tissues based on the discriminative score. The blue area represents the 90 %
confidence area. (d) Hierarchical clustering and heat map representation of the selected lipid panel. On the heat
map, lipid abundances were expressed as log2 fold-changes compared to the overall mean per lipid species.
Hierarchical clustering was calculated using Euclidean distance as metric and average linkage as clustering
method. The color bar below the samples tree indicated the tissue type. Gray marks alveolar tissues, red tumors.
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over the false-positive-rate (specificity) of a predictive score. The ROC curve showed high
specificity with high sensitivity which confirmed a great diagnostic potential (Fig. 2.14, c)
(AUC = 98.6 %).

A hierarchical clustering based on the selected lipid panel showed a clear-cut separation of
tumors and alveolar tissues (Fig 2.14, d). However, a low number of tumors clustered between
alveolar tissues and vice versa. The main cluster of tumor tissues was subdivided into two
sub-clusters (Fig. 2.14, d, areas marked with III and IV). Sub-cluster III was characterized by
increased levels of TAG 56:6, TAG 54:5, TAG 54:2, CE 18:1 and CE 20:4. In contrast, the
sub-cluster IV had lower levels of the TAGs. A set of four tissue lipidomes (ID24_T, ID125_T,
ID100_A and ID65_T) clustered outside of all other tissues. These lipidomes were character-
ized by high abundances of the TAG species. ID24_T, ID125_T, and ID65_T were striking in
the correlation analyses before (Fig. 2.12). ID24_T was necrotic and histopathology showed
that ID125_T was a sample from a lymph-node accidently sampled as tumor. For ID65_T and
ID101_A no histopathological characterizations were available.

Overall, the presented findings demonstrated that lipid profiles were sufficient to discriminate
lung cancer from normal lung tissues. To learn more about lipid metabolic alterations in specific
tumor entities, e. g. differentiating ADC from SCC tissues, subsets from the initial dataset
were analyzed which reduced the number of lipidome influencing parameters with setting one

parameter constant. This allowed exploring specific signatures for different tumor entities.

2.3.3 Identification of lipidome alterations between tumor entities

The next question was whether the analysis approach of section 2.3.2 was able to identify lipid
panels that were suitable for discrimination of specific tumor entities. Therefore, ADC tissue
lipidomes were compared with SCCs and NSCLC lipidomes were compared with LCCs. Within
each pairwise comparison of these subsets, lipids were included which were present in at least
97 % of all the compared samples. It was necessary to allow not more than 3 % missing values
per lipid species since groups compared were not equally sized such as ADC (N = 41) and
LCC (N = 6). There, an occupation cut-off of 80 to 90 % resulted in datasets where the smaller
group had too less or no observations. ADC tissues were the most frequent fraction within the

tumor cohort (47 %) followed by SCC (32 %), LCC (7 %) and carcinoid tumors (6 %). The
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Figure 2.15: ldentification of lipid panels for discrimination of different tumor entities. (a) Volcano plot
comparing ADC (N = 41) and SCC (N = 28) lipidomes. (b) Boxplot of the score discriminating ADC and SCC
lipidomes. The score is based on the green marked lipids in panel a. The score was calculated in the same
manner as noted for figure 2.14. (c) ROC curve based on the discriminative score. The blue area represents
the 90 % confidence area. (d) Volcano plot comparing NSCLC (N = 75) lipidomes (ADC, SCC, and LCC) with
carcinoid tumor lipidomes (N = 5). (e) Discriminative score for NSCLC vs. carcinoid. (f) ROC curve based on the
discriminative score for NSCLC vs. carcinoid.

absolute log2 fold-change cut-off for lipid selection was set to 0.5 to include a larger number of

lipid species in the discriminative score.

The U tests revealed no significantly altered lipid species between ADC and LCC tissue
lipidomes. ADC and SCC tissue lipidomes distinguished from each other by a panel of 14
lipids (Fig. 2.15, a). Amounts of long-chain and highly unsaturated lipids such as PI 36:4,
PS 40:6, PC 36:5 and PC 38:6 increased in the ADC tissues. Ether lipids such as PE O- 36:4
and PE O- 34:2 together with e. g. PI 36:1 and PC 36:2 increased in the SCC tissues. The
magnitude of changes was comparable low, yielding in absolute log2 fold-changes below values

of 1. High levels of significance were reached with p-values down to 10~ for PI 36:4. These p-
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values indicated highly specific alterations between both lung tumor entities. The discriminative
score based on the selected lipid panel had values about -3 au for the ADC lipidomes and values
about 10 au for the SCC lipidomes (Fig. 2.15, b). The corresponding ROC curve revealed that
the score was suitable as diagnostic tool (AUC = 89.4 %, Fig. 2.15, c).

The hierarchical clustering and pca had shown that carcinoid lipidomes separated from the
other tumors (Figs. 2.12 and 2.13). To investigate the specific lipidomes of carcinoid tumors,
these were compared with NSCLC tissues (combination of ADC, SCC and LCC) (Fig. 2.15,
d - f). A panel of 54 lipids was identified which had altered abundances between carcinoid
and NSCLC lipidomes. The p-values were larger than 103 and log2 fold-changes had values
between -4 and 4 (Fig. 2.15, f). The carcinoid tumors showed increased Cer levels includ-
ing the species Cer 34:1;0, Cer 36:1;0, and Cer 42:2;0 whereas the corresponding SM species
SM 34:1;0 and SM 42:2;0 were significantly decreased which could indicate alterations in the
SL metabolism. A number of GPLs was decreased in the carcinoid lipidomes which included
PI 38:4, PI 38:5, PC 36:3, PC 36:2, PC 36:1, PC 38:4, and PE 38:3. Also, the neutral lipid
classes CE and TAG with species such as CE 18:1, CE 20:4, TAG 54:2 and TAG 52:2 were sig-
nificantly decreased in the carcinoid tumors. Moreover, the carcinoid tumors had, compared to
the NSCLC tissues, decreased abundances of surfactant associated lipids including the promi-
nent species PG 36:2, PG 36:1 and PC 32:0. This indicated a general loss of surfactant synthesis
in carcinoid tumors. The discriminative score for carcinoid and NSCLC lipidomes had values
around O au for NSCLC tissues and values larger than 200 au for carcinoid tumors (Fig. 2.15,
e). The range of variation of the scores for NSCLC and carcinoid lipidomes did not overlap.
Consequently, the score unambiguously discriminated carcinoid tumor lipidomes from NSCLC
lipidomes (AUC = 100 %, Fig. 2.15, f). This result demonstrated, that carcinoid tumors have
unique properties within their lipid metabolic processes which could be of high interest for

further research.

These results showed in which manner tumor lipidomes reflected the histopathological char-
acterization of the tissues. It was also indicated that a specific heterogeneity in the tumor sam-
ples regarding necrosis, vital tumor content and stroma influenced the tumor lipidome com-
position. However, there were still manifold open questions how these models could be used
for prediction and what are influencing parameters which could be for example located in the

lifestyle of the analyzed patients.
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2.3.4 An advanced PLS regression strategy identified tumor lipidome

influencing parameters

The pilot study revealed PLS regression as a powerful tool to evaluate parameters that affect
the lipidome composition of lung tissues (section 2.2.3, page 53). The cv procedure provided
information about the significance of the resulted models. However, the number of tissues
included in the analysis was relatively low and there was no incidence how robust the obtained
models were.

Therefore, an advanced modeling strategy was applied since the larger number of cases made
it possible to split the cohort into training and validation subsets. The question was with respect
to the robustness of the computed models. Therefore, the original cohort was randomly split
100 times into training and validation subsets. This resulted in 100 randomly compiled datasets
and for each of these models a cv procedure was applied. With this approach it was possible to
obtain the robustness of the calculated models utilizing randomly distributed training subsets.

Consecutively, this advanced modeling strategy was applied to further investigate which pa-
rameters were influencing the tumor lipidomes. The models combined histopathological char-
acterizations regarding the content of necrosis, stroma and metabolic active tumor cells as well
as the stage of inflammation. As tissue related parameter, the Hb content in the tissues was
determined and considered as measure for residual blood in the samples. The clinical records
containing age, gender, and BMI were assessed. The goal was to achieve a weighting which of
these parameters were major or minor influencing the lipidome compositions and whether these

factors were predictable from the lipid profiles.

Tumor lipidomes were influenced by histopathological characterizations

Sixty two tumor lipidomes with full histopathological characterizations and almost complete
clinical records were analyzed using PLS regression. As already observed in the pilot study
(section 2.2.3, page 54), the tumor samples had a large heterogeneity within their histopathology
(Fig. 2.16, b, blue). Vital tumor content and stroma were distributed widely from O to 100 %
(Fig. 2.16). Most tissues had a necrosis content below 20 %. Higher necrosis proportions were
underrepresented which had to be considered while interpretation. The inflammation status was

approximately equally distributed in the stages 1, 2 and 3 (Fig. 2.16). The most frequent tumor
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Figure 2.16:  Histopathological and clinical parameters that were associated to the tumor lipidomes.
Histograms show the distribution across all analyzed tumor samples. In blue, histopathological parameters are
shown. In green noted is the sample parameter Hb content as measure for residual blood within the tissues. Red
histograms show included clinical parameters related to the patient. Carc.: carcinoid.

entities were ADCs and SCCs. LCCs, carcinoids and sarcomatoid tumors (SCAs) were included
as a minor subsets. Most of the included tissues contained less than 10 pg/mg Hb whereas a
minor fraction had Hb levels up to 20 pg/mg. Patients ages ranged from approximately 40 to
90 years where the major portion was between 50 and 80 years old. Two third of the tissues

originated from male patients and their BMIs ranged from approximately 15 to 35.

All these parameters were used as response variables in the PLS regression models. The
lipidomes used as input data contained 127 lipid species that were present in at least 90 % of
the 62 tumor tissues. Subsets were randomly created to contain 31 lipidomes each. Based on
these 100 times 31 randomly selected lipidomes, 100 PLS regression models were calculated
and cross-validated (Fig. 2.17, a). Necrosis, vital tumor content and stroma together with
the tumor entity had the highest numbers of significant models with 45 to 60 out of 100 (Fig.
2.17, a). Certainly, this fraction is not high enough for a diagnostic model, but it identifies
these parameters to be mainly influencing tumor lipidomes and confirms the results from the
pilot study (section 2.2.3, page 53). The Hb content, BMI, gender, and age showed less than
20 significant models (Fig. 2.17, a) and were considered to have less influence on the tumor

lipidomes.

Lipid panels were identified that were associated to the histopathological phenotype. The
results support the findings from the pilot study, as for instance the association of TAGs to
necrotic areas (section 2.2.3, page 55). Potentially, the variability within the necrosis content of

the tissue samples could explain the highly variable TAG content in the tissue lipidomes (Fig.
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Figure 2.17: Modeling by partial least-squares regression enabled investigation of lipidome influencing
parameters. (a) The barplot shows the number PLS regression models that were significant in cv. (b) Correla-
tions of variables with the t-components t; and t, of one exemplary selected PLS regression model. Gray and
black vectors represent lipids (predictor variables) and colored vectors represent the analyzed sample parame-
ters (response variables). (c) Boxplot giving the distribution of the vital tumor content in ADC (orange), carcinoid
(black), LCC (purple), SCA (green) and SCC (blue) tissues. Boxplots were generated with the boxplot R
function.

2.14, d). PE 36:4 and PC 32:1 were associated with the stroma content (Fig. 2.17, b) (Pilot
study, Fig. 2.9, page 55). However, the data showed a strong correlation of vital tumor content
and the tumor entity on the correlation plot (¢; and #,) (Fig. 2.17, b). A possible explanation
was revealed by closer inspection of the distribution of the vital tumor content of different
tumor entities. The data showed that the vital tumor content was not equally distributed across
all tumor entities (Fig. 2.17, c). The NSCLC tissues (ADC, SCC and LCC) had in most cases
vital tumor contents between 30 % and 60 %. Overall, the carcinoid and SCA tumors had higher

vital tumor contents of 80, 90, and 100 % (Fig. 2.17, c).

For carcinoids, specific lipidome alterations compared to the NSCLC tissues were recognized
before in this study (Fig. 2.15, page 55). SCAs tumors were only represented with low numbers
in the collected tumor samples and were therefore not compared to NSCLC lipidomes. How-
ever, specific lipidome alterations compared to the NSCLC tissues are likely. Different tumor
entities had different features within their lipidomes and the fact that the distribution regarding

vital tumor content was not constant across the collected samples potentially caused a bias in
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Figure 2.18: Adenocarcinoma lipidomes were influenced by manifold parameters. Numbers of significant
models out of 100 calculated after creation of 100 randomly composed subsets. Significance was determined
by the cv procedure. Histopathological data are shown in blue, the sample parameter Hb content in green and
clinical parameters in red.

the regression models. Therefore, closer investigation of the lipidomes from different histolog-
ical lung tumor entities was necessary. The obtained information about their specific lipidome
influencing properties can be used for more precise data modeling approaches. However, at the
actual stage, the number of available samples is still too limited to investigate all these tumor
entities. Consequently, a different strategy had to be used for further investigation of tumor

lipidome influencing parameters.

Lipidomes of adenocarcinoma tissues reflected a complex pattern of clinical and

histopathological parameters

To eliminate the influence of the tumor entity on the models, a subset of the original data was
used for further modeling. With 32 out of 62 samples, ADC tissues were the largest sub-fraction
within the collected tumor tissues. Accordingly, this phenotype was chosen to be investigated
with regard to its lipidome influencing parameters. One hundred and twenty four lipids that
were present in at least 90 % of all ADC lipidomes were included into this analysis.

Overall, the maximal number of significant models was lower than 60 (Fig. 2.18) and did not
increase compared to the models calculated with all collected tumor tissues (Fig. 2.17, a). For
the histopathological parameters necrosis, vital tumor content and stroma, 56 and 50 models
out of 100 were significant in cv. Interestingly, the influence of the inflammation status on the
lipidomes increased in this analysis (Fig. 2.18) compared to the analysis made before. The BMI
and age were significant in 45 and 57 models which supports the hypothesis that patient related
parameters influenced tumor tissue lipidomes. The gender had a low influence demonstrated by

a number of 21 significant models and the Hb content of the tissues correlated significantly in
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32 of 100 calculated models. Although Hb was identified to be minor influencing, the amount of
residual blood within the tissues might increase the heterogeneity of the tissue lipidomes which
has to be considered for future studies.

The stability of the models was then examined by closer inspection of the regression coef-
ficients which connected the lipid abundances (predictor variables) with the investigated clin-
ical and histopathological parameters (response variables). A positive regression coefficient
indicated that the respective lipid species increased in its abundance when the parameter, the
coefficient was calculated for, increased and vice versa. A summary of all standardized re-
gression coefficients for the 100 calculated models is shown for the vital tumor content (Fig.
2.19). It is clearly visible from the large whiskers that the variability of all models reached
high levels. It was observed that e. g. PG species such as PG 34:1, PG 36:2 together with
saturated PCs such as PC 32:0 had negative standard coefficients in approximately all models
(Fig. 2.19). This means that the abundances of these species decreased with increasing propor-
tions of vital tumor. This observation implies that PG and PC, as components of the pulmonary
surfactant, originated in other compartments than vital tumor cells. A number of PC species
such as PC 36:1, PC 38:4 and PC 40:6 had positive standard coefficients. In the models, abun-
dances of these lipids increased with larger proportions of vital tumor (Fig. 2.19). These lipids
can be associated to cellular membranes which nicely represents the higher cell density within
tumor regions compared to necrotic and stroma areas. Therefore, these lipids are interesting
candidates as diagnostic markers as well as targets for further investigations to understand the
lipid metabolism of tumor cells.

For further interpretation of the results from the PLS regression models, one model was addi-
tionally calculated with all 32 ADC lipidomes without random split into subsets. The standard-
ized regression coefficients of this model correlated in most cases to the median values of the
100 models and this model is therefore considered to reflect an average PLS regression model
(Fig. 2.19) and was used for visualization of further results from the PLS regression analysis
(Fig. 2.20). On the factor map of the average model, the individuals distributed according to
decreasing vital tumor contents from the top-left to the bottom right corners (Fig. 2.20, b).
This further supported the notion that vital tumor content was a major parameter shaping tumor

lipidomes.

The correlation circle of the average model (Fig. 2.20, b) revealed further information with
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Figure 2.19:  Standardized regression coefficients show specific lipid markers for metabolically active
tumor content of adenocarcinoma tissues. The value of the coefficient reflects the influence of the respective
lipid species on the model for vital tumor content. A positive standard coefficient shows a positive correlation and
vice versa. The boxplots give information about standard coefficients from the 100 calculated PLS regressions
with the median in black. Red indicates the standard coefficients of one PLS regression model which was calcu-
lated with the complete dataset without creation of subsets and which is assumed to reflect an average model.
The boxplots were created with the R function boxplot.
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Figure 2.20: The average partial-least squares regression model showed that adenocarcinoma lipidomes
correlated to vital tumor content, necrosis, BMI and inflammation. (a) PLS regression factor map showing
the individual tumor lipidomes that were color coded according to the content of vital tumor with a color scale
from blue (low) to yellow (high). (b) Correlations of lipid quantities, histology scores and clinical data with the
t-components. The vectors indicate how strong the variables correlate to the t-components and they also show
correlations between the lipidome data (black arrows) and the histology scores and clinical data. (c) Correlation
of original histology scores to scores that were computed from the PLS regression average model for necrosis,
vital tumor, BMI and inflammation score. The gray lines give the identity where the ideal correlation is expected.
The blue line shows the linear regressions.

regard to specifically altering lipid species. For instance, a correlation of increasing amounts of
TAG species with the extent of necrosis was observed and supported the findings obtained in the
pilot study (section 2.2.3, page 55). To investigate specific influences of necrotic areas, it would
be mandatory to collect samples that are equally covering the whole available range from 0O to
100 % necrosis since highly necrotic samples are underrepresented in the collected samples.
PC 32:1 and PE 36:4 together with other anionic GPL species such as PS 34:1 and PG 34:1
correlated positively with the stroma content (Fig. 2.20, b) which negatively correlated with the
inflammation status. This indicated a reciprocal relationship of inflammation and stroma. The
anionic GPL species, in particular PGs, are known to be involved as immune suppressors in the

lung. A loss of these species could support progression of inflammation.
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Figure 2.21: Histological and clinical parameters that were included in partial least-squares regression
with alveolar tissue lipidomes. Histograms show the distribution of the histologic parameters (in blue) across
all 61 analyzed lung tissue samples. Clinical parameters age, gender, BMI, and tumor entity of the corresponding
primary tumor are shown in red. The sample parameter hemoglobin content is displayed in green. Histograms
were plotted as frequency distributions with the R function hist.

The cv for the the average model was significant for necrosis (Q2 = 0.203), vital tumor
content (Q? = 0.105), BMI (Q? = 0.144) and the inflammation status (Q> = 0.186) (Fig.
2.20, c¢). Taken together, these parameters were identified as the main factors shaping the tu-
mor lipidomes. However, allover Q? values were below 0.2 which indicated that the achieved
regression models were not suitable for diagnostic purposes which could be a matter for further
discussion. In consecutive analyses, it would be interesting whether similar patterns of lipidome

influencing parameters occurred in alveolar tissues.

2.3.5 Tumor entity, aging and gender shaped the lipidomes of alveolar

lung tissues

Partial least-squares regression analysis revealed lipid metabolic alterations in

alveolar lung tissues regarding tumor entity

The pilot study demonstrated that pulmonary emphysema and aging are reflected in the lipidomes
of the tumor-free alveolar lung tissues. Furthermore, the outcomes from the pilot study indi-
cated that the corresponding tumor entity could also be reflected in the lipid profiles of the
alveolar, tumor-free compartments (section 2.2.4, page 57). For further investigation of param-
eters that characterized lipid profiles of alveolar lung tissues, the same modeling approach was

applied to the lipidomes of tumor-free alveolar tissues.
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Figure 2.22: Lipidomes of alveolar tissues correlated with clinical data and histopathological scores.

(a) The Barplot shows the numbers of significant PLS regression models out of 100 calculated models. The
dataset consisting of 61 alveolar tissue lipidomes was randomly split 100 times into training and validation sub-
sets. For each subset one model was calculated. Significance was determined by leave-out-one cv with a Q2
value larger or equal to 0.0975. (b) PLS regression factor map (components t; and t;) from a model calculated
with all 61 tissue lipidomes. The points on the map represent each an individual tissue lipidome. The points are
color coded according to their stage of emphysema as noted in the legend. (c) Factor map color coded according
to the entity of the primary tumor. SCC is marked in blue, LCC in purple, ADC in orange, carcinoid in red and
SCA in brown. (d) Factor map where individuals are color coded according to the patients age at surgery.

Alveolar tissues were scored for their extent of emphysema as well as for the amount of AM,
fibrosis and inflammation (Fig. 2.21). Pulmonary emphysema was observed in stages from 0
to 8 where 51 tissues out of 61 tissues were scored in the stages 3 to 6 (Fig. 2.21). AM and
fibrosis, both scored in the stages 1, 2 and 3, were most frequently observed in the stages 1 and
2 with 25 to 30 observations. AM and fibrosis stage 3 scores had only 4 and 7 observations,
respectively. Inflammation was most frequently observed in stage 1 (37 observations) followed
by the stages 2 (20 observations) and 3 (4 observations). The patient related parameters gender,
age, BMI and tumor entity had similar distributions as observed in the tumor tissues (Fig. 2.16,
page 69). Hb levels of the alveolar tissues had values up to 50 pg/mg tissue and were higher

compared to the tumors. However, the majority of values was lower than 20 ng/mg (Fig. 2.21).
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Lipidomes from 61 alveolar tissues, including 127 lipid species present in at least 90 % of
the samples, were used for PLS regression modeling. As performed for tumors, 100 models
were calculated based on randomly selected subsets of the 61 tissue lipidomes. Additionally,
one average model was calculated including all 61 tissue lipidomes. The largest number of
significant correlations was calculated for the entity of the corresponding tumor disease (71
models significant out of 100) (Fig. 2.22, a). The fact, that the tumor entity was even reflected
in the lipid profiles of tumor-free lung tissues was further indicated on the factor map of the
average model where a separation of patients suffering from ADC and SCC was observed along
the axis r, (Fig. 2.22, c¢). In addition, 65 out of 100 regression models were significant for
aging. This result was also reflected on the factor map where the tissue lipidomes sorted from
bottom-left to top-right according to the patients’ age (Fig. 2.22, d). Pulmonary emphysema
revealed significant correlations in 51 out of 100 regression models (Fig. 2.22, a). The factor
map indicated a distribution of the tissue lipidomes with increasing emphysema stages along
axis #1 (Fig. 2.22, b). Both parameters, aging and emphysema, were associated to #; which
further fits into the observation made in the pilot study regarding the interplay of emphysema
progression and aging (section 2.2.4, page 56). For parameters such as inflammation stage, AM,
fibrosis, gender, BMI and the Hb content, less than 20 significant models and were computed
and these factors were assumed to be minor influencing.

Taken together, the correlation of emphysema with aging as observed in the pilot study was
confirmed here. However, these trends were weak compared to the impact of the tumor entity
on the lipid profiles. In a consecutive step, a statistical test could provide information about the

predictive power of the alveolar lung lipidome to diagnose the tumor entity in cancer patients.

Tumor-free alveolar lung tissues of adenocarcinoma and squamous-cell carcinoma

patients are distinguished in their lipid profiles

To investigate whether the lipidome provides diagnostic markers that differentiate between ADC
and SCC patients, the lipid profiles of alveolar tumor-free tissues from them were compared
using the U test (Fig. 2.23, a). A panel of lipids was identified which was significantly changed
between these two groups (Fig. 2.23, a). PC species such as PC 34:2, PC 31:0, PC 38:6 and
PC O- 36:5 were systematically increased in the lipidomes of tumor-free lung tissues of ADC

patients (Fig. 2.23, a, d and e). The majority of the systematically altered PC species was low
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Figure 2.23: Wilcoxon Mann-Whitney U test revealed distinct differences between lipidomes of tumor-
free alveolar lung tissues of adenocarcinoma and squamous-cell carcinoma patients. (a) Volcano plot
visualizing p-values (U, unpaired, two-sided), and log2 fold-changes comparing alveolar tissue lipidomes of ADC
patients (N = 39) with alveolar lipidomes from SCC patients (N = 28). Each point represents a lipid species. The
color code corresponds to their adjusted p-value (Benjamini-Hochberg FDR) and log2 fold-change. (b) Boxplot
that shows the score to discriminate alveolar lipidomes from ADC and SCC patients. The score is based on the
green marked lipid in panel a. The score was calculated in the same manner as noted for figure 2.14. (c) ROC
curve based on the discriminative score. The blue area represents the 90 % confidence area. (d) Boxplot
representing selected lipids (except PC 34:2 and PI 38:4) from panel in a concentration range up to 0.35 %
relative abundance. (e) Boxplot representing lipids PC 34:2 and Pl 38:4 in a concentration range up to 12.5 %
relative abundance. Boxplots were drawn using the R function boxplot.

concentrated lipids with relative abundances lower than 0.3 %. PI 38:4 was increased in alveolar
lipidomes of SCC patients. A number of lipid species with odd numbered FAs was significantly
changed between ADC and SCC patients (Fig. 2.23, d).

The calculated discriminative score based on the selected diagnostic panel (Fig. 2.23, b)
enabled good discrimination of patients with ADC and SCC diagnosis (AUC 78.8 %, Fig. 2.23,
¢). Due to their diagnostic potential, the selected lipids could be suggested as candidates for
specific tumor markers in the lung. Nevertheless, it has to be considered that healthy controls
were missing in this analysis since healthy lung tissues are not accessible from lung cancer

patients and tissue samples from healthy donors are rare. The capability of this approach should
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be proven by incorporation of healthy controls. As already mentioned in the pilot study, the
discovered lipidome alterations in lung cancer might be a limitation of the utilization of residual
tissue material from lung cancer patients, especially due to the unknown impact of smoking on
the lung lipidome composition and its interplay in carcinogenic processes (section 2.2.4, page
57). For future analysis, it would be necessary to include the smoking history of the patients
to evaluate possible connections of cigarette smoke consumption and lipid metabolic processes.
In a consecutive step, a subset of the collected cohort that exclusively comprises lipidomes from

patients suffering from the same tumor disease is analyzed.

Emphysema, age, and gender mainly influenced alveolar lipidomes of ADC patients

The previous section showed alterations between the lipidomes of the tumor-free alveolar lung
tissues of ADC patients and SCC patients. To learn more about the lipidome composition of
human alveolar lung tissues, independent from the cancer disease, the subset consisting of the
alveolar tissue lipidomes was further analyzed. Accordingly, lipidomes including 127 lipid
species present in 90 % of the samples that were provided from 29 ADC patients were used
as input data for PLS regression modeling. The largest number of significant PLS regression
models was achieved for the emphysema stage with 83 significant models out of 100 calculated
models (Fig. 2.24, a). Aging and gender parameters had about 80 models significant out of 100.
Inflammation, AM and fibrosis had 66, 44, and 62 significant models. Moreover, BMI and Hb
content had 13 and 23 significant models and were identified as minor influencing parameters
on the lipidomes of alveolar lung tissues.

To evaluate which parameter had the greatest impact on the lipdome composition, the Q?
values that were obtained in the cv procedure were inspected. Emphysema and age reached
high Q? values along component 7; in most cases (Fig. 2.24, b). From this observation it might
be concluded that aging and emphysema share features influencing the lipidomes of alveolar
tissues which further supports the findings from the pilot study (section 2.2.4, page 56, [146]). A
gender-specific effect on the alveolar lipidome composition was demonstrated by a high number
of significant regression models for gender along component ¢, (Fig. 2.24, ¢). Along component
13 none of the investigated parameters reached significant Q° values (Fig. 2.24, d). Taken
together, the three parameters pulmonary emphysema, aging and gender were identified with

high numbers of significant models and high levels of significance.
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Figure 2.24: Partial least-squares regression analysis of tumor-free alveolar tissue lipidomes of adeno-
carcinoma patients. Alveolar tissue lipidomes of 29 ADC patients were included into the analysis. (a) Barplot
showing the numbers of significant PLS regression models out 100. The dataset consisting of 29 lipidomes was
randomly split 100 times. For each subset one model was calculated. Significance was determined by cv with a
Q7 value greater or equal to 0.0975. (b) Q° values for component t; and the predictor variables. Boxplots give
the variance of Q2 values for 100 models. Boxplots were drawn with the boxplot function from R. The black
line shows the median Q2 values of 100 models. The red line indicates the Q? of one model calculated with all
29 lipidomes and without subset-creation of the dataset (average model). (c) Q* values on component t,. (d) Q*
values on component t3.

These observations were specified on the PLS regression factor map. The tissue lipidomes
were sorted according to increasing values of the emphysema stage and age with increasing
values of #; (Fig. 2.25, a and b). Along axis #,, a separation of tissue lipidomes from male and
female patients was observed (Fig. 2.25, c). The originally determined values of the parameters
emphysema, age and gender correlated positively with the predicted values from the PLS re-
gression models. This showed that it could be possible to put these parameters into a predictive

model together with lipidome data (Fig. 2.25, d-f).

Next, it was of interest how the histopathological and clinical parameters correlated with spe-
cific lipid species. This information is available from the variable correlations (Fig. 2.26) and
from the regression coefficients (Fig. 2.27). Both, emphysema and aging positively correlated
with component 7 (Fig. 2.26, a and b) which was completely consistent with the results from
the cv procedure and the observation on the factor map. PG species such as PG 36:2, PG 34:1
and PG 38:5 had negative correlations with emphysema stage and aging (Fig. 2.26, a and b).
Additionally, these species had together with shorter chain PI species such as PI 34:1, PI 36:2
and PI 36:4 negative standardized regression coefficients for emphysema and age (Fig 2.27,
a and b). This indicates that the relative proportions in the lipidome composition of alveolar

lung tissues regarding PG and PI decreased with increasing emphysema grade and/or age. In-
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Figure 2.25: Emphysema, aging and gender are most influencing parameters for alveolar lung tissue

lipidomes. (a) PLS regression factor map of the average model showing components ¢; and t,. Each dot repre-
sents a tissue lipidome and is color coded according to its emphysema stage. (b) The same factor map with color
coding according to age. (c¢) The same factor map with color coding according to gender. (d) Linear correlation
of emphysema stage and predicted values by the average model. (e) Correlations for age. (f) Correlations for
gender. The linear regressions are shown in blue. The gray line indicates the ideal model. Q?, p and R? values
are noted above the panels.

terestingly, PG 36:0 was observed as the only PG species with positive standard coefficients
(Fig. 2.27, a and b). Additionally, a number of Cer species such as Cer 34:1;0, Cer 38:1;0 and
Cer 40:2;0 had positive standard coefficients for emphysema and age, indicating an increase of
those species with increasing values for emphysema and age. Moreover, there were PC species

including PC 34:1 and PC 36:4 which were increased with higher emphysema stage and age.

Due to the negative correlation of gender and component #,, gender showed an approximately
orthogonal behavior compared to emphysema and aging as shown in the correlations (Fig. 2.26
a and b). The distribution pattern of standard coefficients for gender was distinct from emphy-
sema and age (Fig. 2.27). This demonstrated that the lipidome features altered with gender
were completely distinct from the lipidome features which were relevant for emphysema and
aging. Many of the 127 lipid species that were included into this analysis had negative standard
coefficients. In the input data, the categories for male and female patients were expressed with

the numerical factors 0 and 1 which means that lipids with positive standard coefficients were
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Figure 2.26:  Specific correlation of lipidomes from alveolar lung tissues of adenocarcinoma patients
to histopathological and clinical parameters. Results from the same analysis as shown in figure 2.24.
(a) Correlation of lipid quantities, histology scores and clinical data to the t-components ¢; and t,. The vectors
indicate how strong the variables correlate to the t-components and they also show correlations between the
lipidome data (black arrows), the histology scores and clinical data. (b) Correlation for t-components t; and ts.

increased in females and vice versa. In males, the models showed systematic increased levels
of CE species such as CE 18:2, of PE species such as PE 34:2 and PE 36:4, of long-chain PI
species such as PI 40:6, and of PS species such as PS 36:4 and PS 40:6 (Fig. 2.27, c) whereas
female patients showed increased levels of PC 31:0, PC 32:0 and PC 34:1 as well as a number
of long-chain SM species together with TAG species such as SM 40:2;0, SM 42:2;0, TAG 50:2
and TAG 54:3.

A complex pattern of lipidome influencing parameters was present in alveolar human lung
tissues. The interplay of emphysema progression and aging was identified to play a key role
in the pulmonary lipid metabolism. This finding supported earlier reports on the interplay of
aging and progression of emphysema [149]. Furthermore, the models revealed a gender influ-
ence on the lipidome composition of alveolar lung tissues. In future, more parameters should be
included to get a more comprehensive picture of parameters altering the lipidome composition.
In this regard, the effect of patients’ lifestyle with respect to e. g. nutrition and smoking should
be further investigated. The presented modeling strategy revealed promising candidates for fur-
ther investigations and to understand the molecular processes of progression of the pulmonary

emphysema.
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3 Discussion

3.1 The analytical strategy allowed a thorough investigation

of human lung lipidomes

The presented study provides a comprehensive description of a lipid metabolic snapshot for
alveolar lung tissue samples and corresponding tumor tissues. The analytical strategy based
on shotgun lipidomics screens delivered high quality data and allowed a thorough investigation
of lipid profiles from human lung tissues. Furthermore, the analytical strategy involved care-
fully coordinated ionization, acquisition and quantification steps, which are discussed in the

following paragraphs.

The ionization strategy utilizing ammonium chloride as additive enabled unambiguous
lipid identification. The analytical approach was customized to enable clear identification
and quantification of the anionic GPLs as well as PCs in the negative ion mode by the accurately
determined m/z. Accordingly, the ionization strategy was adapted by utilizing NH4Cl as additive
in the sample matrix to force the lipids from the classes of PC, DAG and Cer to form [M+Cl]
adduct species in the negative ion mode. This modification enhanced the analytical sensitivity
and prevented signal interference of PC and PS.

When utilizing NH4Cl, it needs to be considered that chlorine has two main abundant natural
occurring isotopes, >Cl and 3’Cl. 3>ClI has about 76 % natural abundance and 3’Cl about 34 %.
As consequence, there is an isotopic split into ion species consisting >>Cl and 3’ Cl with a ratio of
3-to-1 in their signal intensities. Consequently, additives that do not show this isotopic splitting

but still give unambiguous signals could be a matter of future studies.
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The mass spectrometric strategy provided lipid profiles that represented a comprehen-
sive lipid metabolic shapshot of lung tissue samples. The utilized lipidomics screen-
ing strategy yielded in stable lipid profiles with sufficient precision to describe the biological
variability within the analyzed cohort. This acquisition strategy recorded all available mass
spectrometric features expressed by an accurately determined m/z. Afterwards, specific signals
were assigned to lipid classes and species that were known to be present in humans. There-
fore, not the full spectral information was used for data interpretation. This filter removed noise
and background signals from the data which drastically reduced data size. Utilizing this ac-
quisition strategy, the presented workflow differs from previously performed studies on human
lung tissues. Manifold of those studies were focused on biomarker discovery lacking suffi-
cient identification of the targeted molecules. These studies, for instance performed by Lee et
al. [74] and by Guo et al. [4], investigated all available mass spectrometric features, expressed
by an m/z value, for their diagnostic potential. Then, the full spectral information was used
for data analysis. From these up to thousands of features, only a few diagnostic markers were
selected and assigned to lipid species identifications. This approach, widely applied in the field
of metabolomics, has the advantage to be untargeted and to be without any pre-assumptions.
The disadvantage is that a complete picture of the lipid metabolic condition is missing which
is essential to understand underlying metabolic processes e. g. in disease progression. Fur-
thermore, the study by Lee et al. [74] investigated lipidome alterations between the histologic
phenotype by MALDI-MSI which is a powerful tool for localization of specific molecules but
lacks quantitative information. Two other studies were performed by Marien et al. [75, 84].
With quantitative phospholipidome profiling they described human lung tissues and tumors but

did not cover the important PGs and PAs due to their analytical approach based on QqQ MS.

This dissertation applied a screening strategy that exclusively utilized mass spectrometric sig-
nals that were assigned to a known lipid species. Due to this comprehensive identification and
assignment strategy the outcomes might be correlated to metabolic pathways to draw functional
associations. In contrast to the untargeted approach, the utilized screening strategy is not ca-
pable to discover new compounds involved in metabolic processes since the lipidomics screen
approach is directed exclusively to known lipid compounds. Furthermore, the MS-technique
alone is not suitable for de-novo determination of molecular structures. For such purposes,

other techniques such as crystallography and nuclear magnetic resonance spectroscopy have to
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be used in conjunction with mass spectrometric fragmentation patterns. However, as soon as a
new compound is discovered which could potentially play a role in lung diseases, it is possible
to search the datasets already obtained from this study with regard to their full spectral informa-
tion for this new compound without having to carry out new cost and time intensive laboratory
experiments.

In continuation of this project, the data acquisition strategy for shotgun lipidomics screens can
be improved in regard of more confident and accurate lipid species assignments and higher sen-
sitivity yielding in a higher lipidome coverage. The association of high resolution survey scans
with specific MS? experiments combines advantages of fop-down and bottom-up approaches.
Quantifier ions are then selected from high resolution MS? spectra which increases the speci-
ficity for lipid identification and the sensitivity for lipid detection. For further improvement, the
full m/z range of the survey scans from m/z 350 to 1000 can be sequentially scanned in small
windows of 150 Da as proposed before [150]. Afterwards, a survey mass spectrum covering the
whole mass range is generated by stitching the individual 150 Da mass window acquisitions.
This acquisition strategy increases the sensitivity for detection which results in a more stable
quantification. Incorporation of MS? data further allows identification of FAs connected to the
respective lipid species which provides valuable information which is necessary for instance to

calculate LUX scores and has become a standard procedure in many lipidomics laboratories.

Limits of the quantification strategy. In this study, ISDs containing FA 17:0 were selected.
Quantification of PE and PC was based on a diether (PC OO-/PE OO-) reference compounds.
Diether lipids do not naturally occur in human which makes them useful standards for pre-
cise quantification. However, later experiments showed that small amounts of lipids with odd
numbered FAs might be present in human lung tissues. The signal intensities of these nat-
ural occurring odd numbered FAs were low compared to the amount of ISDs added, which
allowed useful data to be obtained with FA 17:0 based quantification. However, the analyti-
cal precision was reduced utilizing these standards. The diether lipids PC OO- and PE OO-
were not present in human lung lipidomes. Nevertheless, it was observed that ionization ef-
ficiencies were unequal for ester- and ether lipids. This observation was made by comparing
quantification results from the positive and negative ion mode where the quantities for ether

lipids (PC O-/PE O-) were comparable in both ion modes and a systematic offset was observed
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for the lipids with ester-linked FAs (PC/PE). This systematic error reduced the analytical ac-
curacy for lipid quantification. Furthermore, ether linked side chains do not undergo the same
fragmentation mechanisms like ester linked FAs. Accordingly, diether lipids are not suitable as
ISDs for quantification on MS? level. The third limitation of the utilized ISD substances was
that they did not cover all targeted lipid classes such as Cer, DAG and PG. This was done to
reduce cost for expensive analytical standards. As consequence, quantification of these lipid
classes had to be referred to ISDs from other classes which reduced the analytical accuracy of
quantification. Therefore, it was not possible to report absolute molar quantitative results in this

study.

To overcome these limitations, an improved quantification strategy could reveal higher diag-
nostic precision. In follow-up experiments, an optimized set of ISDs might be used. Today,
standard mix solutions for lipidomics are commercially available that contain isotope labeled
substances from GPLs, GLs, cholesterols and major abundant SL classes. Due to the isotope la-
bel, these ISDs provide mass spectrometric signals that do not interfere with compounds present
in the sample matrix which enhances the analytical precision. The isotope labeled ISDs are
chemical identical to the target compounds and undergo therefore same ionization and frag-
mentation mechanisms which enhances analytical accuracy. The fact that ISD solutions are
readily prepared commercially available reduces potential errors during standard preparation
and reduces cost. In this work, quantification was achieved by direct referencing of ISD in-
tensity and analyte intensities. This could be improved by introducing a calibration curve for
quantification to obtain a more realistic relationship between signal intensities and quantities.
First experiments in this regard were performed and confirmed linearity of about three orders of
magnitude. Other analytical parameters including limit of detection and limit of quantification
can be determined with this approach. Improved quantification strategies will be suitable to
report absolute molar quantities which enables metabolic investigations on cellular level [151].
However, large scale lipidome analyses for clinical applications will remain challenging. Ide-
ally, each compound that is targeted within the screening protocol has to be referenced to its
own standard. In case of a screening which is targeting 300 lipid species, also 300 standard
substances would be required, which is practically not feasible. Therefore, in such screening
approaches still compromises in regard to the selection of the standards have to be made due

to the fact that hundreds of analytes should be quantified in one analytical run. An intersting
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approach was recently proposed by Rampler er. al [152] who used '3C labeled lipidomes from
yeast for quantification in lipidomics screenings. However, this approach heavily enhances the

complexity of the acquired mass spectra which could reduce the analytical sensitivity.

3.2 Lipid profiles from lung tissues and tumors opened new

perspectives in pathogenesis

This study showed marked differences between the lipid profiles of alveolar lung tissues and
corresponding tumors. Furthermore, specific lung pathologies as well as histopathological phe-
notypes correlated with the lipid profiles of the analyzed tissue samples. The way in which lung

tissue lipidomes reflect specific events in pulmonary pathologies is discussed below.

The lipidomes of alveolar and tumor tissues are distinguished by their ratio of surfac-
tant and membrane lipids. This study showed a general shift in the lipid profiles of alveolar
lung tissues and lung tumors. In particular, the ratios between the lipids assigned to pulmonary
surfactant, such as PG 34:1, to the membrane-associated lipids including PC 34:1 allowed clear
discrimination of alveolar and tumor tissues. Those lipids were suitable as diagnostic markers
for tissue identification. Accordingly, this dissertation confirmed that PG molecules might play
an important role in the pulmonary lipid metabolism, but this was little surprise due to their
important function as components of the pulmonary surfactant. Therefore, alveolar lung tissues
marked a characteristic fingerprint of surfactant-associated lipids which was less pronounced in
the corresponding NSCLC tissues. Interestingly, SPs (e. g. SP-A) were identified to be present
in ADCs and are used in routine diagnostics of them [153, 154]. For future investigations it
would be of high interest to associate abundances of surfactant lipids with SP quantities to
evaluate whether their ratios change between alveolar lung tissues and ADCs. Tumor tissues,
exhibited increased levels of cell membrane-associated lipids which nicely reflects the higher
cell density in tumors compared to alveolar tissues. Overall, tumors had higher levels of TAGs
which is a form of energy storage and could be connected to increased energy consumption. All
these observations confirmed the unique properties of the tumor lipidome which is completely

distinct from alveolar lung tissues.
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The limitations of this study remain in the heterogeneous structure of the tissue samples
themselves. Due to its bronchial structure the lung is not homogeneously exposed to pathogens
which can lead to pathological conditions such as the emphysema being partially differently de-
veloped. Therefore, the examined samples demonstrated only a small section of the lung. The
tumors also had a heterogeneous composition which was clearly indicated by their different
extent of necrosis and stroma. When comparing lipidomes from these heterogeneous tissues,
the findings might be limited to the major changes while the smallest lipid metabolic alterations
might conceal in the tissue heterogeneity. Especially, this was the reason why bronchial tissues
were not included into this study. The most interesting compartment of a bronchus for investi-
gation of lung pathologies, such as COPD, is the bronchial epithelium which is unfortunately
only a small fraction of the whole bronchus. Potentially occurring lipid metabolic alterations
during pathogenesis in the bronchial epithelium would then be superimposed by the dominant

portions of muscles and connective tissues in the bronchus.

As alternative sampling approaches, fractionation techniques for tissue samples are avail-
able. Another study mechnically isolated bronchial epithelia using sterile swabs and showed
significant differences in the lipid profiles of these isolated epithelia compared to the whole
bronchus [155]. The advantage of this approach is that it could be applied without any me-
dia, cell culturing and detergents which could modify the lipid profiles. However, lipidomes
were only analytically accessible by LC-MS analysis due to polymer contamination from the
swab which interfered with the lipid signals in shotgun lipidomics screens. Unfortunately, this
methodology is not easily applied to remove alveolar epithelia due to their different anatomi-
cal structure. Another localization-resolving technique is laser capture microdissection which
has been applied in lipidomics research before [156] and is suitable to isolate specific fractions
from tissue slices. Tissue cryo-sections can be selectively ablated by picosecond infra-red laser
pulses without chemical modification of the containing molecules as it was shown for complex
proteins before [157] while lipids are under investigation (unpublished result). However, the
penetration depth of the laser is about 100 to 200 pm and therefore too high for selective anal-
ysis of epithelia rather than single cell populations. However, it reveals a promising approach
for future studies. All these applications have a high potential to focus the analyses to tissue
substructures and to selectively investigate pathological events such as carcinogenesis, chronic

inflammatory processes and granulomas with a quantitative lipidomics approach.
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A potential link between tumor malignancy and lipid metabolic processes. The lipid-
omes of different tumor entities had distinct features. A diagnostic score was calculated from
the lipidome data to differentiate between ADC and SCC tissues. Cers clearly separated the low
malignant carcinoid tumors from NSCLC tissues. A significant decrease of surfacant-associated
lipids including PGs and saturated PCs was detected in the carcinoid lipidomes compared to the
NSCLCs. Recently, tumor malignancy was connceted to the presence of the FA receptor CD36
together with highly saturated FAs [158]. Pulmonary surfactant-associated lipids are known
to contain high proportions of these saturated FAs [159] and it was shown before that CD36
mediated their cellular uptake [160]. Potentially, there might be a connection between lung
cancer malignancy and the presence of pulmonary surfactant. This could reveal new strategies
for therapeutic targets. With these observations, this dissertation demonstrated potential indica-
tions that tumor malignancy and the lipid metabolism could be closely connected parameters.

Nevertheless, this observation needs to be treated with caution since the numbers of cases,
especially for carcinoid tumors, were relatively low. The tissue heterogeneity could also in-
fluence the results as already discussed. The hypothesis about a potential connection of tumor
malignancy and lipid metabolic processes could not be proven from the data available from this
dissertation since no information regarding tumor staging and malignancy were included.

Due to the heterogeneity of histopathological and clinical parameters, it will be still necessary
to collect more samples which makes it possible to selectively analyze sub-cohorts sharing
the same tumor entity, age or gender. The clinical data could be completed by considering
information about the stage of the respective tumor. The so-called TNM staging system is
routinely used in diagnostics [161] and provides information on the size of the primary tumor
(T), whether lymph-nodes (N) were infiltrated by tumor cells and whether the tumor had formed
metastases (M). Combining this information with the lipid profiles of the tumors might show

connections between lipid metabolic processes and tumor progression.

Lipid profiles of tumor tissues reflect a complex pattern of lipidome influencing param-
eters. This study revealed a complex pattern of features that were influencing the lipidomes
of tumor tissues beyond the tumor entity. Most strongly, lipidomes of tumor tissues showed
that the tissue morphology is reflected in the lipidomes. Regression analysis indicated specific

lipids correlating to the proportion of vital tumor, necrosis and stroma. For instance, the data
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showed that TAG correlated with necrotic regions within the tumor samples. Further attributes
including inflammation status and BMI were identified to be tumor lipidome influencing. This
demonstrates that general patient related factors are reflected in the tissue lipidomes which is
important in developement of personalized medicine concepts [162].

In this study, attempts were made to include as many parameters as possible in the analysis
in order to examine them with regard to their effects on the lipid profiles. However, a fairly
complex pattern appeared and it is unclear whether there were unknown influencing features.
Furthermore, not all included factors were independent from each other, which was indicated
for instance by the observation that the tumor entity and the tumor content correlated. These co-
correlations made it difficult to associate specific lipid metabolic features to the attributes that
were influencing the lipidomes. A further limitation is that extreme values of the parameters
were often underrepresented. This was most strongly observed for the necrosis content where
only two tissue samples had contents above 50 %.

For future studies, the sampling strategy can be revised. Depending on availability, several
samples can be taken from the same removed lung tumor for a specific analysis of the tissue
heterogeneity. Then, all patient related features would be constant that the analysis could be
focused on the tissue composition. This information can then be used to create a model for

further investigation of the influences of patients lifestyle parameters on the tissue lipidomes.

Carcinogenesis induces lipid metabolic alterations in tumor-free alveolar lung tissues.
This study revealed specific alterations within the lipid profiles between tumor-free alveolar
tissues from ADC and SCC patients. This finding indicates a general lipid metabolic reorgani-
zation occurring in lung cancer. However, the main abundant lipid species did not alter in their
determined quantities between both groups most likely due to the fact that these tissues still
maintained their normal functions. Moreover, a set of lower abundant PC species was identified
with alterations in their abundances between both groups.

The study design allowed it only to compare the alveolar tissue lipidomes between cancer
patients. However, the study delivers no information about the lipid metabolic status in healthy
human lung tissues.

Thus, the findings obtained in this dissertation have to be validated in a larger cohort and

incorporated with other tumor entities. Furthermore, control samples of healthy lung tissues
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would be mandatory to include for properly investigation of the metabolic reorganization in
alveolar lung tissues in carcinogenesis. However, healthy lung tissue samples are not easily
accessible since these tissues from healthy donors are rare. It would be of high interest whether
this set of lipid species is also significantly changed in their abundances in easier accessible
sample types such as BALF. The discovery of specific disease markers would open possibilities

in development of early stage diagnostic tools for lung cancer which are urgently needed.

Specific lipid metabolic signatures were associated to pathogenic events in alveolar
tissues. This study identified a complex pattern of parameters influencing the lipidomes of
alveolar lung tissues. The highest influences were identified to be induced by aging and pul-
monary emphysema. Today, the basic mechanisms of emphysema progression are not com-
pletely known although there are some studies connecting emphysema to alterations in the Cer
metabolism as well as to oxidative stress in animal models [64, 163, 164]. These observations
were not confirmed here. However, other pathological events such as inflammation and fibrosis
were further identified to have specific influences on the lipid metabolic status of lung tissues.
Additionally, the study revealed lipidome alterations between the genders.

This high complexity makes it challenging to identify specific lipid metabolic signatures for
one pathological event. Furthermore, the data indicated a possible connection of emphysema
progression, aging. It was hypothesized before that emphysema progression and COPD are
diseases of accelerated lung aging [149] which closely connects these parameters. This inter-
connection makes it impossible to extract specific lipid metabolic features for only one of these
parameters. Another attribute potentially influencing the lipid profiles of lung tissue samples is
the amount of residual blood in the samples.

For further study of lipid metabolic signatures in pathological events of human lung tissues,
more samples have to be collected. This would enable to perfrom data analysis with a subset of
the collected data, for instance only with males that were from 40 to 50 years old. This would
reduce the complexity and enable to draw more confident conclusions. Sophisticated sampling
techniques can be applied to study specific lipid metabolic signatures of fractions of the tissue
samples. Primary AECII were successfully isolated from lung tissues before [165]. The analysis
of specific lipidome signatures from these cells would be of high interest in conjunction with

the analytical procedures made before and could reveal whether the lipid metabolic processes
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of AECII are affected with emphysema progression. Even other primary cells from lung tissues
would provide valuable information in their lipidomes such as AMs or AECI although the last
mentioned are not easy to isolate [166]. Moreover, AECII make an interesting and irreversible
transformation to AECI in cell-culture [167]. Together with this de-differentiation, the ability
of the cells to produce pulmonary surfactant gets lost. This would be an interesting process
to monitor in their lipid profiles. However, when dealing with cell-cultures and primary cells,
the protocols have to be carefully inspected. The presence of detergents and lipid containing
media could cause unwanted disturbances for MS based lipidomics since detergents are known

to suppress ionization and lipids in culture media could interfere with the cellular lipidomes.

3.3 PLS regression as tool for functional association in

clinical tissue lipidomics

This study presented a PLS regression approach which made it possible to create a predic-
tive model to evaluate multiple lipidome influencing parameters. In the pilot study [146], all
available lipidomes from either tumor or alveolar tissues were included in one model whose
significance was tested by cv. Even with this limited number of cases, it was possible to as-
sociate the tissue morphology to specific lipidome alterations. When later in the follow-up
study more cases were included into the study, it enabled to improve the modeling strategy.
Therefore, the complete cohort of collected lipidomes was 100 times randomly divided into
training and validation subsets. The models computed with these 100 training subsets were
cross-validated. Afterwards, the variability of the cv results provided information about the
stability of the computed models. This methodology enabled identification of several lipidome
influencing parameters including gender, tumor entity and pulmonary emphysema as well as
histopathological features.

Results from the regression models were cautiously interpreted due to the fact that the re-
gressions were not sufficient to put them into predictive models as perspective for diagnostic
applications as indicated by a validation utilizing the lipidomes from the independent valida-
tion subsets. The reasons for this limitations might be localized in the multidimensionality of

the data. Most likely there are numerous unknown parameters further influencing lipidomes
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of lung tissues such as smoking and diet which have not been considered in the models. Fur-
thermore, the structure of the obtained histopathological characterizations most likely limited
the predictive power of the computed regression models. Histopathological characterizations
as shown here were manual categorizations of the tissue phenotype and not a continuous value
that describes a histological feature. In particular, the scores for inflammation, AM and fibrosis
were categorized into the stages 1, 2 and 3 which only provided a rough grouping of tissues
with low, median and high degrees of these parameters. In addition, all these histopathological
evaluations were partly subjective which was intercepted by the fact that the characterizations
were always carried out by the same person with a specialist training as pathologist.

For future perspectives, it will be necessary to have completed data from the clinical archives.
The histopathological scoring could be performed by multiple pathologists to evaluate the sta-
bility of the histopathological interpretations. The tissue morphology can potentially be quanti-
tatively described by a continuous variable such as an absolute number of AM in a certain tissue
volume and in more detail. Other analysis techniques might be used for the analysis of the tissue
morphology such as automated image analysis which could reveal valuable information about
the tissue phenotype that is not detected by manual interpretation. Probably, more sophisticated
modeling approaches such as machine learning [168,169] should be applied in conjunction with
increased case numbers. In future, this approach might be of high potential for development of

novel diagnostic approaches for cancer differentiation, development of emphysema and COPD.

3.4 Future directions

There is a number of possible parameters in the methodological workflow that would improve
data quality for high throughput analysis as well as data complexity. Further standardization
in the reporting of lipidomics data is urgently required for rapid exchange of knowledge in the
community. Therefore, possible improvements in data processing, data generation and data

reporting are discussed in the following paragraphs.

Lack of bioinformatics tools for processing of lipidomics data is a current bottleneck of
high throughput lipidomics studies. Software tools such as LipidXplorer [170] are suitable

to extract signal intensities relevant for specific lipid species from mass spectrometric datasets.

Lars F. Eggers, Dissertation, 2017 Page 95



3 Discussion

Automated lipid assignments and proof by validation of specific fragmentation patterns is im-
plemented. For further data processing, which includes data filtering, subtraction of background
signals and quantification by referencing to ISDs, there is a lack of tools to automate these steps.
Therefore, the processing of lipidomics data often requires time-consuming manual work. In
this dissertation, the scripting language R was used to implement automated data processing
and preparation procedures for multivariate statistical analyses. For these purposes, R provides
a powerful toolbox for data processing and scripting allows to document each individual step.
This enables high throughput processing of lipidomics data.

However, at the actual stage the scripts are not error tolerant and require a strict input data
format. Furthermore, basic knowledge of the language R is required to run and debug the scripts.
In future, these scripts can be used as base for development of an ’easy-to-use’ software toolkit

for lipidomics data processing which might be made available to the scientific community.

Isomeric lipid species are a hidden treasure in lipidomics data. There are different lev-
els, how deep lipid structures can be analyzed by MS. Lipid annotations generated in this study
were analyzed to the level of sum compositions. Lipids were annotated with their sum of all
aliphatic chains, such as PC 34:1 meant that both FAs together had 34 carbon atoms and 1
db. However, the assignment of PC 34:1 combines a large number isomeric species such as
PC 16:0/18:1, PC 16:1/18:0 and PC 17:0/17:1, etc. In addition, there might be sn positional
isomers as well as isomers with different db positions. There are methods available for mass
spectrometric analysis of all of these isomers which might be routinely applied in lipidomics
research in near future.

Today, there are still limitations in regard to the assignments the individual FA composition.
Identification of individual FAs of a lipid molecule works sufficiently for GLs and GPLs with a
maximum of two FAs per molecule, but fails for lipids containing more such as TAGs (3 FAs)
and CLs (4 FAs). The db positions and sn-positional isomers can be determined by methods
online coupled to MS such ozone-induced-dissociation (OzID) [171] and the Paterno-Biichi re-
action (PB) [172]. At the actual stage of development, these methods are limited to be utilized
on specific ion species and the most abundant signals due to the low sensitivity. However, the
methodologies will improve in future and provide valuable information about lipid structures.

Another emerging technique is ion mobility (IM) coupled to MS [173]. By determination of
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molecular collisional cross-sections (CCS), isobaric species are separated by an additional di-
mension which further demands development of new data processing procedures. Interesting is
that ratios of CCS and m/z differ for molecule classes, which means that this ratio is specific for
lipids, peptides and carbohydrates. This enables acquisition of cleaner mass spectrometric data
exclusively containing signals from lipids which increases analytical sensitivity and prevents
false identifications. IM-MS is expected to be more sensitive than OzID and PB techniques
since its sensitivity is not limited to a chemical reaction yields but it can be limited to specific

ion species such as sodiated forms.

Standardization of data reporting allows sharing of lipidomes in public databases. Li-
pidomics is a relatively young discipline and standardization of experimental setups, data anal-
ysis strategies and data reporting is just at the beginning [174]. There are attempts for further
standardization within the community [151]. However, integration of different platforms is
not easy due to the individual demands regarding lipid nomenclature and data structure. The
new lipidomics informatics for life science (LIFS) consortium aims to harmonize all steps of
lipidome analysis starting from the raw data processing up to storeage of their results in a public
available database [175]. A comprehensive database combining lipidomes from various tissues,
bio fluids and organisms will be a valuable resource for researchers. The lipidomes generated

from this study will be made public available as general resource of the human lung lipidome.
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3.5 Conclusion

This work describes the characteristics of the lipidomes of human lung tissues. It is the first
approach that provides a comprehensive lipidome snapshot including the major GLs, GPLs, SLs
and cholesterols and associates the lipid profiles to the histopathologic phenotype of the tissue
samples and to the clinical parameters of the patients. The lipidome compositions reflected
the cellular reprogramming and differentiation in carcinogenesis enabling the discovery of new
diagnostic markers and novel therapeutic approaches. The utilized modeling approach based
on PLS regression revealed a complex pattern of lipidome influencing parameters that shape
the lipid profiles of tissue samples. This study showed that the histopathological phenotype has
an immense effect on lipid metabolic processes and should always be considered when dealing
with tissue samples. Additionally, patient related parameters such as age and gender induced
specific alterations in the analyzed lipid profiles. The fact that these parameters are mirrored in
the tissue lipidomes of patients could be of high interest for the personalized medicine concept.
The impact of the patients’ lifestyle parameters such as physical activity, nutrition, smoking or
exposure to environmental toxins on lipid metabolic processes in the human lung is unknown

but will reveal new insights into metabolic processes in pathological events.
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4.1 Chemicals and lipid standards

Methanol, methanol containing 0.1 % (w/v) NH4OAc, water, and 2-propanol were purchased

from Fluka (Buchs, Switzerland) in LC-MS grade. Chloroform, MTBE, acetyl chloride (AcOCl),
NH,4Cl, glyceryl triheptadecanoate (TAG 51:0), and human Hb were purchased in the highest

available purity from Sigma-Aldrich (Munich, Germany). All other lipid standard substances

were purchased from Avanti Polar Lipids (Alabaster, AL, USA) (Tabs. 4.1 and 4.2).

4.1.1 Preparation of internal standard solutions

Different preparations of ISD mix solutions were used for sub-cohort 1 (pilot study [146]) and
sub-cohort 2. SM d18:1/17:0, LPC 17:0, TAG 17:0/17:0/17:0, PE OO- 4Me 16:0/4Me 16:0,
PC 00O- 4Me 16:0/4Me 16:0, and Cholesterol d7 were present in both preparations (Fig. 4.1,
Tab. 4.1). Therefore, these substances were used as references for lipid quantification to yield in
comparable results between both subsets. The standard mix added to sub-cohort 2 additionally
included: PA 12:0/12:0, PG 12:0/12:0, PS 12:0/12:0, and CE 17:0 (Fig. 4.1, Tab. 4.2).
Abbreviations, as introduced in the tables 4.1 and 4.2, were used to name the standard sub-

stances.

Table 4.1: Internal standards for lipid quantification and concentrations for samples from sub-cohort 1.

Abbreviation Substance Supplier/ID Conc. in ISD mix® Conc. in sample?
SM-ISD SM d18:1/17:0 Avanti/ 860585 465 0.93
LPC-ISD LPC 17:0 Avanti/ 855676 654 1.31
TAG-ISD TAG 17:0/17:0/17:0 Sigma/ T2151 392 0.78
PE-ISD PE OO- 4Me 16:0/4Me 16:0  Avanti/ 999985 429 0.86
PC-ISD PC OO- 4Me 16:0/4Me 16:0  Avanti/ 999984 407 0.81

Cholesterol-D7 Cholesterol-D7 Avanti/ 700041 847 1.69

2 Concentration of the standard substance in pmol/pL.
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Table 4.2: Internal standard preparation used for sub-cohort 2.

Abbreviation Substance Supplier/ID Conc. in ISD mix? Conc. in sample®
SM-ISD SM d18:1/17:0 Avanti/ 860585 209 1.05
LPC-ISD LPC 17:0 Avanti/ 855676 294 1.47
TAG-ISD TAG 17:0/17:0/17:0 Sigma/ T2151 176 0.88
PE-ISD PE OO- 4Me 16:0/4Me 16:0  Avanti/ 999985 193 0.97
PC-ISD PC OO- 4Me 16:0/4Me 16:0  Avanti/ 999984 183 0.92

Cholesterol D7 Cholesterol-D7 Avanti/ 700041 1270 6.35
PA-ISD PA 12:0/12:0 Avanti/ 840635 269 1.34
PG-ISD PG 12:0/12:0 Avanti/ 840435 237 1.19
PS-ISD PS 12:0/12:0 Avanti/ 840038 232 1.16
CE-ISD Cholesteryl ester 17:0 Avanti/ 110864 234 1.17

@ Concentration of the standard substance in pmol/pL.

standards used for lipid quantification

additionally present in sub-cohort 2

H OH o o o)
N CNo-Peo . PSSP\ B
(a) /\/\/\/\/\w’ﬁ' ho O \/\’\\‘\ (g) W\Od- "
(e] [¢]
SM d18:1/17:0 PA 12:0/12:0
o e E oH
\WW B M 3 e OH
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/\/\/\/\/\/\/\/Y
TAG 17:0/17:0/17:0 °
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(d) W\O’;\O\/\NH;
PE OO- 4 Me 16:0/4 Me 16:0
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e 0y 0P~
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PC OO- 4 Me 16:0/4 Me 16:0
Cholesterol D7
Figure 4.1: Chemical structures of used internal standard substances. Substances drawn on the left hand

side were used as reference for all lipid quantifications. The lipid species drawn on the right hand side were also
present in samples from sub-cohort 2 but not further used for quantification.
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4.2 Collection of human lung tissue samples

Standard mix for sub-cohort 1

SM-ISD, LPC-ISD, TAG-ISD, PE-ISD, PC-ISD and cholesterol-D7 were purchased as powder
(Tab. 4.1). Stock solutions with concentrations of 2 pg/uL were prepared in chloroform/metha-
nol/water (60:30:4.5; v/v/v; storage solution) from each substance. Five hundred microliters of
each of these six stock solutions were combined to yield in 3 mL of the readily prepared ISD

mix solution. The solution was stored at —20 °C.

Standard mix for sub-cohort 2

Lipid standards were purchased as powder (SM-ISD, LPC-ISD, TAG-ISD, PE-ISD, PC-ISD,
cholesterol-D7, PG-ISD, PS-ISD, and PA-ISD (Tab. 4.2)) and solved in the storage solution
to prepare a 2 pg/pL stock solution for each. CE-ISD was supplied as solution with a con-
centration of 1 pg/pL solved in methylene chloride. Four hundred and fifty microliters of each,
SM-ISD, PC-ISD, PE-ISD, LPC-ISD, PG-ISD, PS-ISD, PA-ISD and TAG-ISD, were combined
with 900 uLL CE-ISD and 1500 pL cholesterol-D7 to yield in 6000 pL of the ISD mix solution.

Eleven aliquots, each with 500 pL of the solution, were prepared and stored at —80 °C.

4.2 Collection of human lung tissue samples

Human lung tissue samples were collected from March 2013 to January 2015. Samples origi-
nated from lung cancer patients who underwent lung cancer surgery at the LungenClinic (Grof3-
hansdorf, Germany). If available, one representative sample of the tumor and one sample of
the peripheral tumor-free lung parenchyma, from here on termed as alveolar tissue, was taken
from each patient in the size of 0.5 g to 1 g. Each lung tissue sample was divided into two parts
to enable individual sample processing procedures for histopathology and shotgun lipidomics
(Fig. 4.2, a). For shotgun lipidomics, the sample was shock frozen in liquid nitrogen and stored
at —80 °C until use (Fig. 4.2, c). The other part was used for histopathological characteriza-
tions (Fig. 4.2, b). This work was conducted using material from lung cancer resections and
performed anonymously. The use of patient tissues and all experimental procedures were ap-
proved by the local ethics committee of the University of Liibeck (AZ 12-220). All procedures

were carried out in accordance with respective guidelines and regulations.
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Table 4.3: Clinical data of the included patients.

all collected tissue samples sub-cohort 1 sub-cohort 2
No. of patients 92 26 66
No. of tissues 174 (86 A, 88 T)2P 43 (21 A,22T) 131 (65A,66T)
Age 40 - 84 (mean 63) 44 - 71 (mean: 58) 40 - 84 (mean: 66)
Female 32 (34 %) 6 (23 %) 26 (39 %)
ADC 42 (45 %) 11 (42 %) 31 (47 %)
SCC 31 (34 %) 12 (46 %) 19 (29 %)
Carcinoid 6 (7 %) 1 (4 %) 5 (8 %)
PY 10 - 125 (mean: 45, NA: 25)¢ 10 - 125 (mean: 47, NA:2) 10 - 120 (mean: 43, NA: 23)
Never-smokers 4 (4 %) 0 4 (6 %)
BMI 16 - 40 (mean: 26, NA: 10) 18 - 40 (mean: 27, NA: 2) 16 - 40 (mean: 26, NA: 8)

a A: alveolar tissue
b T: tumor tissue
¢ NA: no data available

There were no initial selection criteria for the recruitment of patients. Two sub-cohorts were
collected and combined for this work (Tab. 4.3). The first cohort was published as pilot study in
Eggers et al. [146] comprising 43 lung tissues from 26 patients and termed sub-cohort 1. The
second cohort included 132 tissue samples from 66 patients and was termed as sub-cohort 2.
Combination of both cohorts was summarized as all collected tissue samples (Tab. 4.3).

In total, 174 tissue samples from 92 patients were collected. Paired samples from tumor-
containing and tumor-free alveolar tissue were not available from each patient. Consecutively,
86 alveolar tissues and 88 tumor tissues were included (Tab. 4.3). From 92 patients, 32 (34 %)
were female. Forty two (45 %) patients were diagnosed with ADCs and 31 (34 %) were suf-
fering from SCCs. Moreover, 6 (7%) had carcinoid tumors. The remaining 10 patients were
suffering from other classes of lung cancer such as LCCs, neuroendocrine tumors (NETSs), or
SCAs which represented minor groups. The ages of patients ranged from 40 to 84 years (mean
63 years). In addition, smoking behavior was recorded by the PY value [176]. PY is a statistical
measure that describes the smoking rate of a patient and is calculated by multiplication of the
number of cigarette packs (with 20 cigarettes) a patient smoked per day with the duration (in
years) a patient smoked with this intensity. Most patients were smokers. For 63 patients, out of
92, PY values were recorded ranging from 10 to 125. A minor group of 4 patients comprised
never-smokers. For 25 patients the smoking behavior was unknown. Furthermore, the BMI was

recorded and ranged from 16 to 40 (mean 26).
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4.3 Shotgun lipidomics

4.3.1 Tissue homogenization

Lung tissue samples were thawed on ice, transferred into sample tubes (Safe-Lock-Tubes, Ep-
pendorf, Hamburg, Germany) and the tissue wet-weight was determined. Tissue samples (200-
500 mg) were homogenized in 50 mM KCl-buffer using an Ultra-Turrax-Tube-Drive (IKA,
Staufen, Germany). Therefore, the tissue samples were transferred into homogenization tubes
for Turrax-Tube-Drive. For tissue amounts larger than 200 mg, DT-Tubes with rotor-stator el-
ements were utilized. Tissue amounts lower than 200 mg were homogenized in BMT-Tubes
that contained 25 stainless-steel balls. The ratio between tissue wet-weight and buffer volume
was kept constant at 1:20 (w/v). This resulted in a concentration of 48 mg tissue per milliliter
homogenate. A solution of butylhydroxy toluene (BHT) (1 mg/mL in methanol) was added to
each sample from sub-cohort 2 as anti-oxidant. To yield a constant BHT concentration per tissue
wet-weight, 200 pL of the BHT solution were added per 1 g tissue. Tissues were homogenized
for 2 min at 6000 rpm by inverse of the direction of rotation every 30 s. This step was repeated
2 to 3 times for DT-Tubes and 5 times for BMT tubes. To prevent the samples from heating
up during homogenization, the tubes were stored in a fridge several minutes between repeated
homogenization cycles. Four aliquots containing 300 uLL homogenate were prepared, shock
frozen in liquid nitrogen and stored at —80 °C. Three hundred microliters tissue homogenate

contained 14.4 mg tissue (wet-weight).

4.3.2 Lipid extraction

Lipid extraction was based on the MTBE extraction protocol [105]. Three hundred microliters
tissue homogenate were extracted according to the workflow scheme (Fig. 4.2, d). Tissue ho-
mogenates were thawed on ice and the ISD mix was spiked into the tissue homogenates. For
sub-cohort 1, 4 uLL ISD mix (Tab. 4.1) were used; for sub-cohort 2, 10 uLL (Tab. 4.2). After-
wards, 2.25 mL of methanol were added to the samples. One blank extract was prepared for each
extraction batch which contained 300 uL of the 50 mM KCIl buffer, 2.25 mL of methanol and
3 uL of the BHT solution (1 mg/mL). After thorough mixing, 7.5 mL of MTBE were added and

the mixtures were incubated for 30 min at room temperature while continuous shaking. Phase
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Figure 4.2:  Overview of the analytical workflow. (a) After tissue inspection, tissue samples were cut into
equally sized parts to enable histopathology and shotgun lipidomics with individual sample processing steps.
(b) For histopathological characterizations, tissue sections were stained and characterized by light microscopy.
(c) For shotgun lipidomics tissue samples were homogenized and lipids were extracted. (d) Lipid extraction
procedure based on MTBE. Modified from Eggers and Schwudke (2017) [177].

separation was induced by addition of 1.875 mL of water. The samples were thoroughly mixed
again, and centrifuged for 10 min at 4500 times the g-force (xg). The upper phase (organic
phase, mainly composed by MTBE and methanol) was taken off. Roughly, 1 cm supernatant
of the organic phase remained above the water phases in the sample tubes. The upper phases
were collected in glass tubes. The remaining water phases were re-extracted with 2.1 mL of the
freshly prepared upper phase obtained by mixing MTBE, methanol and water 10:3:2.5 (v/v/v).
After 20 min of incubation while continuous shaking, the mixtures were centrifuged for 10 min
at 4500 xg. The organic phases were collected and combined with the organic phases from
the first extraction step. Again, a supernatant of 1 cm was left above the water phases in the
sample tubes. The combined organic phases were dried under a nitrogen gas stream, dissolved

in a mixture of chloroform, methanol and water (60/30/4.5; v/v/v), and stored at —20 °C.
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4.3.3 Sample preparation for mass spectrometry

Lipid extracts, stored at —20 °C were removed from the freezer. Thereafter, the samples were
carefully mixed to dissolve lipids that were potentially precipitated at low temperature. Twenty
microliters of each sample and blank extracts, were diluted with 180 uL spray solution (dilution
1:10). In all cases, the spray solution was a mixture of isopropanol, methanol and chloroform
(4/2/1, v/v/v). For positive ionization 3.7 mM NH4OAc were added. Negative ionization was
utilized with 0.05 mM NH4Cl as additive. The samples were mixed and centrifuged for 5 min
at 13,200 x g. The samples (about 40 puL) were transferred to a 96-well plate (TwinTec, Eppen-
dorf, Hamburg, Germany) and the plate was sealed with self-adhesive aluminum foil to prevent

the solvent from evaporating.

4.3.4 Top-down shotgun lipidomics screens

Top-down shotgun lipidomics screens were performed on an Apex Qe (Bruker Daltonics, Bre-
men, Germany) FT-ICR mass spectrometer. The instrument was equipped with a TriVersa
Nanomate (Advion Biosciences, Ithaca, USA) robotic and chip-based nano-ESI ion source. The
Triversa Nanomate was utilized with D-Chips containing 400 nano-ESI nozzles with 4.1 pm in-
ner diameter. The spray voltage was set to 1.1 kV and the back pressure to 1.1 psi. The Apex
Qe was used with a nebulizer gas flow of 4.0 L/min, a dry gas flow of 1.3 L/min, and a dry gas
temperature of 100 °C. The mass spectrometer parameters were set to a source accumulation of
0.01 s, collision cell accumulation of 0.7 s and a TOF time of 0.0014 s. Mass ranges were set
from m/z 289.49 to 1200 in the positive ion mode and from m/z 289.49 to 1800 in the negative
ion mode with a RP of approximately 100,000 at m/z 700. The MS? function was enabled with
a collision energy of 2 V in positive ion mode and 0 V in negative ion mode. With this low
collision energy no fragmentation is induced. The Q1 mass filter was set to a lower limit of
m/z 400. Acquisitions were recorded over a period of 5 min.

Mass calibration was performed directly before starting the analysis sequence. The list for
calibration comprised the ISDs such as CE 17:0 and SM 35:1 as well as compounds present
in the sample matrix such as plasticizers, obtained from Schuhmann et al. [122] (Tab. 4.4).
A consecutive list of polyethyleneglycol (PEG) polymers, often appearing as background ions,

was calculated and included in the list for calibration (Tab. 4.4). Blank extracts were used for
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Table 4.4: Mass-to-charge-ratios of internal standards and chemical background compounds used for
mass calibration. List adopted from [122]. PEG: polyethylene glycol; xM: number of monomers/repeating units.

Calibrand Origin m/z (pos) m/z(pos) m/z(neg) m/z(neg)
[M+H]" [M+NH,4]* [M-H] [M+CIlT
PEG-6M CB 317.1372
PEG-7M CB 327.2014  344.2279 361.1635
Erucamide CB 338.3417
PEG-8M CB 371.2276  388.2541 405.1897
PEG-9M CB 415.2538  432.2804 449.2159
PEG-10M CB 459.2800 476.3066 493.2422
PEG-11M CB 503.3063  520.3328 537.2684
LPC 17:0 ISD 510.3554 544.3164
PA 24:0 ISD 535.3399
Octadecyl CB 529.4626  565.4393
(di-tert-butyl-hydroxyphenyl)propionate
PEG-12M CB 547.3325  564.3590 581.2946
PEG-13M CB 591.3587  608.3852 625.3208
PG 24:0 ISD 609.3762
PS 24:0 ISD 622.3715
PEG-14M CB 635.3849  652.4115 669.3470
Tris(ditert-butylphenyl)phoshite CB 647.4588
CE17:0 ISD 656.6340
Tris(ditert-butylphenyl)phoshate CB 663.4537  680.4802
Erucamide [2M+H]" CB 675.6762
PEG-15M CB 679.4111 696.4377 713.3733
SM 35:1 ISD 717.5905 751.5515
PEG-16M CB 723.4374  740.4639 757.3995
PEG-17M CB 767.4636  784.4901 801.4257
PE OO- ISD 776.6892 774.6735  801.4257
PEG-18M CB 811.4898  828.5163 845.4519
PC OO- ISD 818.7361 852.6971
TAG 51:0 CB 866.8171 883.7516
PEG-19M CB 855.5160  872.5426 889.4781
PEG-20M CB 899.5422  916.5688 933.5044
PEG-21M CB 943.5685  960.5950 977.5306
PEG-22M CB 987.5947 1004.6212 1021.5568
PEG-23M CB 1031.6209 1048.6474 1065.5830
PEG-24M CB 1075.6471 1092.6737 1109.6092
PEG-25M CB 1119.6733 1136.6999 1153.6355
PEG-26M CB 1163.6996 1180.7261 1197.6617
Irganox 1010FF CB 1194.8179 1175.7768 1211.753
PEG-27M CB 1241.6879
PEG-28M CB 1285.7141
PEG-29M CB 1329.7403
PEG-30M CB 1373.7666
PEG-31M CB 1417.7928
PEG-32M CB 1461.8190
PEG-33M CB 1505.8452
PEG-34M CB 1549.8714
PEG-35M CB 1593.8977
PEG-36M CB 1637.9239
PEG-37M CB 1681.9501
PEG-38M CB 1725.9763
PEG-39M CB 1770.0025
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mass calibration and for quality control regarding cleanness of the instrument and the connected

parts.

4.3.5 Processing of mass spectrometric data

Raw spectra were automatically processed with Data Analysis 4.0 (Bruker Daltonics, Bremen,
Germany). For each acquisition, high resolution survey scans were averaged from 1 min to
4.5 min acquisition time. Subsequently, the resulting averaged spectra were smoothed using
Savitzky Golay method followed by automated peak picking. Finally, peak lists containing
centroid m/z values, absolute intensities, peak FWHM, RP, relative intensities, and SNRs were
exported as comma-separated-values (*.csv).

Next, the mass spectra quality was validated. Only acquisitions with base-peak intensities
larger than 100,000 counts per single scan and stable spray conditions, monitored by the total
ion current, were used. Additionally, only acquisitions were used where all ISDs were present.
The data from the alveolar tissue of the patient with the ID 62 was removed since these criteria

were not fulfilled.

4.3.6 Lipid identification

Exported *.csv files were imported into LipidXplorer software [170] version 1.2.7. LipidX-
plorer reads the first two columns from the peak lists: m/z and absolute intensity, other entries
are ignored. To import and align multiple peak lists in LipidXplorer, instrument dependent data
import settings were optimized (Tab. 4.5). The m/z range from 400 to 1000 was imported,
which was the mass range in which signals from lipid molecules were expected. Calibration
masses were utilized for internal mass re-calibration of each acquisition by masses from ISDs.
LPC-ISD (m/z 510.3554) and PC-ISD (m/z 818.7361) were selected in the positive ion mode,
and LPC-ISD (m/z 544.3175) as well as PE-ISD (m/z 774.6746) were selected for re-calibration
in the negative ion mode. Mass tolerance was set to 10 ppm and peaks were filtered with an
absolute intensity threshold of 500. Peaks were filtered by min occupation of 0.1. This
value applied a filter and ensured that ions were present in at least 10 % of all acquisitions
and excluded noise peaks. The resolution settings were estimated from a plot of the resolving

power over the m/z (Fig. 4.3). The exponential decay of resolution with m/z in FT-ICR-MS
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Table 4.5: LipidXplorer import settings for import of data from an Apex Qe Fourier-transform ion cyclotron
resonance mass spectrometer.

Parameter Value positive ion mode Value negative ion mode
Selection window? 0.5 Da 0.5 Da

Time range® 0 - 1500 sec 0 - 1500 sec
Calibration masses MS 510.3554, 818.7361 609.3762,774.6735
m/z range MS 400 - 1000 400 - 1000
Resolution MS 140000 160000
Tolerance MS 10 ppm 10 ppm
Threshold MS 500 500
Resolution gradient MS -150 -190

Min occupation MS 0.1 0.1

MS1 offset 0 0

2 Arbitrary, value not needed

(a) 250000 - positive ion mode (b) 400000 1 negative ion mode
2000001 :. m/z 400 - 1000 " m/z 400 - 1000
. t’r 300000 i ]
- Fi -
g S 2
3 150000+ T 2
o - o
2 2 200000
= =
1000001 ]
O O
4 4
100000 1
50000 w 5%
' 7 .‘-'i,.ﬂ;;'-,‘.-l'\_;,_*.;i.‘:_ e
0 linear fit. y = -144.53 *x + 187582 0 linear fit. y = -198.30 *x + 244831
200 400 600 800 1000 1200 500 1000 1500
m/z m/z

Figure 4.3:  Resolving power as function of the mass-to-charge ratio. From example sample 25893-1.
(a) Positive ion mode. (b) Negative ion mode. Highlighted in red is the m/z range from 400 to 1000 which was
used for import in LipidXplorer. Blue shows a linear fit of this m/z region whose fit parameters are provided.

was approximated by a linear fit in the m/z region from 400 to 1000. The slope of the fit
was set as resolution gradient in LipidXplorer and intercept at m/z 400 was used as
resolution setting.

The resolution settings were optimized from a sample dataset comprising data from lung
tissue extracts. Determined resolution gradients and resolutions at m/z 400 were averaged (Tab.
4.6). Rounded values with 2 significant digits were used as import settings. This yielded in a
resolution at m/z 400 of 140,000 in positive and 160,000 in negative ion mode. The resolution

gradient was set to -150 in the positive and to -190 in the negative ion mode.

Lipids were identified using customized scripts using the molecular fragmentation query lan-
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Table 4.6: Optimization of LipidXplorer import settings based on a sample dataset from lung tissue
extracts. (alveolar and tumor tissues) Sample ID: 25893, 25894, 25896, 25897, 25898, 25899, 25901, 25902,
25904 and 25905. Left: Settings from positive ion mode. Right: negative ion mode.

positive ion mode negative ion mode

Sample Intercept® resolution® resolution | Sample Intercept® resolution® resolution
gradient® gradient®

25893-1 187581 129770 -144.53 25893-1 244831 165511 -198.30
25893-2 183950 127799 -140.38 25893-2 241456 165652 -189.51
25894-1 170361 120820 -123.85 25893-3 241845 165269 -191.44
25894-2 183695 126338 -143.39 25896-1 236617 165509 -177.77
25896-1 191803 131825 -149.95 25896-2 241775 167319 -186.14
25896-2 187237 128731 -146.27 25896-3 234008 163904 -175.26
25897-1 227037 159308 -169.32 25898-1 244659 164819 -199.6
25897-2 218539 152715 -164.56 25898-2 236688 164024 -181.66
25898-1 172758 122102 -126.64 25898-3 236321 163353 -182.42
25898-2 184869 126845 -145.06 25901-2 235405 162921 -181.21
25899-1 168803 118667 -125.34 25901-3 239981 164433 -188.87
25899-2 180674 125514 -137.90 25904-1 230541 160217 -175.81
25901-1 185360 127780 -143.95 25904-3 245604 167860 -194.36
25901-2 174777 122005 -131.93
25902-1 343736 225180 -296.39
25902-2 187611 128619 -147.48
25904-1 231646 158494 -182.88
25904-2 178307 123911 -135.99
25905-1 200358 135130 -163.07
25905-2 176151 123223 -132.32
Mean 196763 135739 -152.56 Mean 239210 164676 -186
SD 37864 23554 36.20 SD 4467 1874 8

a atm/z=0
b at m/z = 400
¢ m/z 400 to 1000

guage (MFQL) [170]. Utilizing these scripts, lipid species were assigned with a mass error less
than 2.5 ppm and activated type-II isotopic correction. In the positive ion mode CE, DAG, LPC,
LPE, MAG, PC, PC O-, PE, PE O-, PS, SM, TAG were screened. In the negative ion mode,
Cer, CL, DAG, lyso-cardiolipin (LCL), LPA, LPC, LPE, lyso-phosphatidylglycerol (LPG), lyso-
phosphatidylinositol (LPI), lyso-phosphatidylserine (LPS), PA, PC, PC O-, PE, PE O-, PG, PI,
and PS were screened. Lipid identification was based on accurately determined m/z to calculate
chemical sum compositions (section 1.3.5, page 34). Rules for lipid identification based on the
chemical sum composition are given in table 4.7. It was searched for lipids with aliphatic chains
with 12 to 24 carbon atoms and O to 6 dbs (Tab. 4.7). Exception: CE was screened for FAs up to
32 carbon atoms and DAG for up to 25 carbon atoms. CLs were identified by their [M—2H+1]2'
1on (first isotopic peak), as proposed by Han et al. [178] since these ions have no overlap with

other lipids such as PA or PG.
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Table 4.7: Rules for lipid identification based on the chemical sum composition. DBR: Double bonds and
rings.

No. atoms in chemical sum composition

Class lon (o) N P C H Cl DBR

CE [M+NH,]* 2 1 0 39 - 59 30-200 O 45-10.5
DAG [M+NH,]* 5 1 0 27 - 54 20-200 O 0.5-125
LPC [M+H]* 7 1 1 20 - 32 43-67 0 0.5-6.5
LPE [M+H]* 7 1 1 17 -29 37 - 61 0 0.5-6.5
MAG [M+NH,]* 4 1 0 15-27 10-100 0 -05-55
PC [M+H]* 8 1 1 32-56 67-115 0 1.5-115
PC O- [M+H]* 7 1 1 32-56 67-115 0 0.5-10.5
PE [M+H]* 8 1 1 29 - 53 61-109 0 1.5-13.5
PC O- [M+H]* 7 1 1 29 - 53 61-109 0 0.5-125
PS [M+H]* 10 1 1 30 - 54 20-200 O 3.5-135
SM [M+H]* 6-7 2 1 31-49 67-103 0 05-7.5
TAG [M+NH,]* 6 1 0 39-75 50-180 0 15-19.5
Cer [M+CI 3-4 1 0 28 - 46 50-94 1 05-75
CL M-2H+17 17 0 2 56 - 104; 1°C:1 90-250 0 5-24
DAG [M+CIJ 5 0 0 27 - 51 30-130 1 1.5-13.5
LCL [M-2H+1> 16 0 2 44 -80;3C:1  50-250 O 4-18
LPA [M-HJ 7 0 1 15-27 20-80 0 15-75
LPC [M+CI 7 1 1 20 - 32 43-67 A 0.5-6.5
LPE [M-HJ 7 1 1 17 -29 33-57 0 15-75
LPG [M-HJ 9 0 1 18-13 20-80 0 15-75
LPI [M-HJ 12 0 1 21-33 10-140 0 2.8-85
LPS [M-HJ 9 1 1 18-30 10-200 O 25-85
PA [M-HJ 8 0 1 24 - 51 30-130 0 25-145
PC [M+CIT 8 1 1 32-56 66-114 1 15-115
PC O- [M+CIJ 7 1 1 32-56 66-114 1 0.5-10.5
PE [M-HJ 8 1 1 29 - 53 57-105 0 25-125
PE O- [M-HJ 7 1 1 29 - 53 57-105 0 15-115
PG [M-HJ 10 0 1 27 - 54 30-120 0 25-95
PI [M-HJ 13 0 1 33-57 30-140 0 35-135
PS [M-HJ 10 1 1 30 - 54 20-200 O 35-135
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Table 4.8: Referencing of internal standards. Quantities of underlined lipids were reported in the dimension
absolute molar quantities [pmol]. [talic marked classes were reported in the dimension of normalized abun-
dances.

Class ISD Concentration Concentration
in sub-cohort 1 in sub-cohort 2
[pmol/mg tissue] [pmol/mg tissue]
PC/Cer PC-ISD 113.2 128.3
PE/PS/PG/PA/PI/CL/Lyso PE-ISD 119.3 135.3
LPC LPC-ISD 181.7 206.0
TAG/DAG/MAG/CE TAG-ISD 109.0 123.6
SM SM-ISD 129.1 146.4

Lipid species were annotated according to the short-hand notation proposed by Liebisch et al.
[179]. Different from the short-hand notation, the number of additional hydroxylations (OHs)
within SLs (Cer, HexCer, SM) was additionally noted after a semicolon (;). For example a
species Cer 34:1;0 would carry 34 carbons and one db in the sphingoid base and the FA residues.
Assuming a C;g sphingosine base, the molecule carries one hydroxylation in the 1-position and
one hydroxylation in the «-position to the amide whereas Cer 34:1;1 carries one additional OH

in the molecule. The position is not specified with this nomenclature.

4.3.7 Lipid quantification and post-processing

Lipid species were quantified preferably based on signals from a ISDs substance from the same
class. For lipid classes without a class-specific ISD present in the samples, signals from ISDs
belonging to another lipid class were selected. Therefore, different strategies were utilized for
the data from the pilot study (section 2.2, starting at page 48) and from the follow-up study
(section 2.3, starting at page 59).

In the pilot study, the mass spectrometric signals of lipid species without a class-specific ISD
were referenced to the sum of the signal intensities of LPC-ISD, SM-ISD, PC-ISD and TAG-
ISD in the positive ion mode. In the negative ion mode, these signals were referenced to the
sum-intensity of LPC-ISD, PC-ISD, and PE-ISD [146].

For lipid quantification as utilized in the follow-up study, lipid species without a class-specific
ISD were referenced to a single reference compound, since this simplified automated data pro-
cessing as it was scripted utilizing the language R. Therefore, a representative standard sub-

stance was chosen which undergoes similar adduct forming mechanisms during the ESI process

Lars F. Eggers, Dissertation, 2017 Page 111



4 Materials and Methods

Table 4.9: Lipid species that were removed from the dataset due to invalid lipid identifications.

Lipid assignment m/z Polarity Reason for deletion
PE 31:7 662.3812 negative no isotopic distribution
Cer 42:4;,0 678.5582 negative noise

Cer 43:6;0 688.5447 negative noise

Cer 43:5;1 706.5537 negative noise

PE O-37:5 736.5281 negative no isotopic distribution
Cer 46:5;1 748.601 negative noise

PE O- 397 760.5281 negative noise

PG 37:4 783.5188 negative noise

PA 47:10 795.497 negative noise

PA 44:10 795.499 negative artefact

PE O-42:10 796.5306 negative artefact

PA 44:5 805.5761 negative isotope

PE O-44:10 824.562 negative no isotopic distribution
PC O-37:0 824.631 negative isotope

PA 46:6 831.5891 negative artefact

PC O-39:8 836.5376 negative noise

PE O-45:4 850.6676 negative isotope

PC O-39:0 852.6638 negative isotope

PA 48:9 853.5757 negative noise

PG 43:6 863.5795 negative artefact

PE 45:4 864.6467 negative artefact

PC O-42:9 876.5696 negative no isotopic distribution
PC O-43:9 890.5836 negative isotope

Pl 39:3 901.5813 negative noise

PS 47:0 944.7327 negative peak profile

as it is summarized in table 4.8. Cers were referred to the PC-ISD since both form [M+Cl] ions
in the negative ion mode. PS, PG, PA, CL and their corresponding lyso species were grouped
together and all referred to the PE-ISD since they ionize as [M-H] ions. In the positive ion
mode, DAGs, MAGs, and CEs were grouped together and referred to the TAG-ISD since all
form NHj adduct ions. As consequence, the quantities of lipid classes with a class specific ISD
substance were reported in molar scale, e. g. as pmol values. Quantities of those classes without

respective class-specific ISDs were reported as normalized abundances.

The raw outputs from LipidXplorer were further revised to remove chemical noise. Further-
more, species with same exact masses were removed by deleting all lipids that were annotated
by the isobaric tag in LipidXplorer [30]. The chemical background was removed from the
datasets. Lipids with average quantities across all samples lower than 10-fold of the average
quantity determined in blank extracts were removed from the datasets. Probably, these lipids

were background noise signals and false-positive identified lipids. Results from positive and
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negative ion modes were combined to the analyzed lipidomes. The lipid classes CE, DAG,
MAG, SM, and TAG were preferably quantified in the positive ion mode. Cer, CL, PA, PC, PE,
PG, PI, PI, and their lyso species were quantified in the negative ion mode. Lipid quantification,
background subtraction, and merging positive and negative ion mode results was scripted using
R in the follow-up study (The R Project [180]).

Afterwards, the lipidomes were manually revised for lipids with an uncommon sum-compo-
sition. In particular, there was a strong focus on lipids with short-chain PUFAs and lipids with
long carbon chains, which were highly saturated. The signals of these lipids were manually
validated by analysis of isotopic distributions and peak profiles (Fig. 4.4, Tab. 4.9). It was
evaluated whether the respective peak was an isotopic signal from another signal where a mass
difference of 1.003 amu was expected which is the excact mass difference of the '>C and '3C
isotopes. For example, the signal at m/z 890.5833 was identified as an isotopic peak of the
signal at m/z 889.5799 (Fig. 4.4, a). The raw LipidXplorer outputs assigned this signal as
PC O- 43:9. Moreover, isotopic distributions were validated to fit to predicted patterns expected
for lipid molecules. For the peak at m/z 662.3815 no isotopic distribution was present in the
respective mass spectra (Fig. 4.4, b). Potentially, this peak was a spike signal which originated
from electronic noise and not as assigned the lipid species PE 31:7. The peak profiles were
validated in the next step. For example, the intensive peak at m/z 863.5649 showed two small
satellite peaks from which one was identified as PG 43:6 (Fig. 4.4, c¢). These satellite peaks
were most likely artifacts from the spectra processing by Fourier-transformation, so-called sinc
wiggles, which appear with signal truncation within the recorded transient. All false positive
lipid assignments were deleted from the datasets (Tab. 4.9). After the manual revision, technical

replicates for each sample were averaged.

4.3.8 Optimization of the ammonium chloride concentration for negative
ionization

Five spray solutions (chloroform/methanol/2-propanol; 1:2:4; v/v/v) were prepared containing

different concentrations of the NH4Cl salt additive of 0.5 mM, 0.25 mM, 0.1 mM, 0.05 mM

and 0.01 mM. Four lipid extracts from alveolar tumor-free human lung tissue samples (Sample

No. 26417, 26418, 26419, 26420, 26421) and were diluted 1:10 with each spray solution and
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Figure 4.4: Decision criteria for valid mass spectrometric signals. (a) Isotopic distributions were evaluated.
Is the peak an isotopic peak of another signal? (b) Does the peak have a proper isotopic distribution, or is it an
artifact? (c) Peak profiles were validated. Is the peak an artifact from Fourier transformation?
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analyzed by FT-ICR MS. ISDs were used (Tab. 4.1). Spectra were processed as described for
shotgun lipidomics. SNRs instead of signal intensities were imported into LipidXplorer soft-
ware. After lipid identification, the results were filtered: only lipid species, which were present
in all measurements, except measurements of blank extracts, were used for further analysis.
SNRs were summed up for each lipid species of a respective lipid class and the summed values
were normalized to the average values obtained an average NH4Cl concentration of 0.5 mM.
Values processed in this manner were termed as PCSNR. Additionally, the SNRs of the ISD
signals of PC-ISD, LPC-ISD and PE-ISD were normalized to their respective value at an NH4Cl

concentration of 0.5 mM.

4.3.9 Quantification of free cholesterol
Derivatization of free cholesterol with acetyl chloride

FC was quantified according to the protocol published by Liebisch et al. [181]. FC is an unpolar
molecule that hardly ionizes during the electrospray process. The method by Liebisch et al.

derivatizes FC with AcOCI to form cholesterol acetyl ester as shown in reaction scheme (1).

y,, » ////,,'

free cholesterol cholesterol acetyl ester

The lipid extracts (250 pL) were transferred into separate sample tubes (Safe-Lock Tube,
2 mL, Eppendorf, Hamburg, Germany) and concentrated until complete dryness in a vacuum
concentrator (Savant SpeedVac, Thermo Fisher). AcOCl was diluted 1:5 (v/v) with chloroform
in a pre-washed glass tube. One hundred microliters of this solution were added to each dried
sample. The mixture was incubated for 60 min at room temperature in open sample tubes. In
the last step, the remaining solvent was removed in the vacuum and the dried samples were

stored at —20 °C.
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Free cholesterol quantification by quadrupole-time of flight tandem mass spectrometry

Derivatized and dried lipid extracts were solved in 200 pL of a mixture of chloroform, methanol
and isopropanol (1/2/4, v/v/v) containing 3.7 mM NH4OAc. Samples were mixed thoroughly
and centrifuged for 5 min at 13,500 xg. The eluent was prepared by mixing 150 mL chloro-
form, 300 mL methanol containing 0.1 % (w/v) NH4OAc and 600 mL isopropanol in a glass
bottle. Afterwards, the mixture was degassed for 15 min in an ultrasonic bath.

Samples were analyzed on a Q-TOF hybrid mass spectrometer, QTOF Ultima (Waters, Mil-
ford, USA), utilizing automated flow-injection for sample infusion. A 1100 series high pressure
liquid chromatography (HPLC) system (Agilent Technologies, Waldbronn, Germany) without
connected chromatographic column was used for sample infusion. The HPLC system consisted
of a degasser, a binary capillary pump and an autosampler equipped with a cooling unit. The
capillary pump was set in micro flow mode. One mircroliter sample volume was injected into
an isocratic flow of the eluent with a flow rate of 8 ul./min. The flow rate was kept constant at
this flow until 2.5 min after injection. Afterwards, from 2.5 min to 4.5 min post injection the
flow was increased to 20 puL/min to wash the system. From 4.5 min to 5 min post injection the
flow rate was equilibrated back to 8 pL/min for the next run. The autosampler thermostat was
set at 15 °C.

The HPLC system was directly coupled to the ESI source of the Q-TOF mass spectrometer
with a poly-ether-ether-ketone (PEEK) capillary. Ions were detected in positive ion mode by
successive MS? scans in parallel reaction monitoring mode with a precursor selection window
of about 1 Da. Fragmentation was induced by CID with collision energy of 10 V. Fragmentation

of cholesterol acetyl ester is illustrated in reaction scheme (2):

m/z 446.3993 m/z 369.3516

Cholesterol acetyl ester, which was generated in the derivatization reaction with AcOCI and
selected as precursor ion at m/z 446.5 ([M+NH4]+). Cholesterol-D7 acetyl ester, generated

from cholesterol-D7 during the derivatization, was used as ISD for quantification of FC and
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monitored with a precursor mass of m/z 453.5 ([M+NH4]+). Full MS® spectra were recorded
for each precursor with a scan time of 1 s and an inter-scan delay of 0.1 s and only centroid m/z
values were recorded.

The resulting datasets were analyzed using the QuanLynx module from MassLynx 4.0 soft-
ware (Waters, Milford, USA). Extracted ion chromatograms within a mass window of 0.5 Da
were generated for the transitions m/z 446.5 to 369.5 (FC) and m/z 453.5 to 376.5 (cholesterol-
D7). The flow-injection peak appeared between 0.5 and 1.5 min post injection and was auto-
matically integrated utilizing the QuanLynx software. The integration was manually revised for
each sample. The integration results were exported as tab-delimited text (*.txt) file which was
afterwards imported into Microsoft Excel. FC was quantified by referencing its peak area to the
peak area of cholesterol-D7, and multiplication with the known cholesterol-D7 concentration.

Quantities of FC were reported as molar amount (pmol) per milligram tissue wet-weight.

4.4 Histopathological characterization of lung tissues

All tissue preparations were performed in the Clinical and Experimental Pathology of the Re-
search Center Borstel. Tissue samples used for histopathological characterizations were directly
fixed after sampling using the HOPE technique as described in detail by Olert et al. [90]. Fixed
tissue samples were dehydrated with acetone and embedded into a paraffin block. For analysis,
tissue sections of 1 wm were prepared and stained with HE. Afterwards, tissue slices were an-
alyzed by light-microscopy. All histopathological characterizations and were performed by Dr.

Julia Miiller who is a medical specialist in pathology.

4.4.1 Histopathological scoring of tumor tissues

Tumor tissues were classified into categories according to the tumor type: ADC, SCC, LCC,
carcinoid, SCA, and NET. With regard to the tissue morphology, the phenotype of tumor tis-
sues was expressed in histopathological scores. The relative composition of the tissue samples
was scored as tissue fraction. The tissue fraction (in percent) gives the relative proportions of
metabolic active tumor cell, stroma compartments and necrotic areas. In sum, these parameters

were defined to results always in 100 %. Furthermore, the infiltration by immune cells was
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expressed in an inflammation score which categorizes tissues into inflammation stages 0, 1, 2,

3 from low to high.

4.4.2 Histopathological scoring of alveolar tissues

Due to their distinct morphology, different criteria were applied for histopathological scoring of
alveolar lung tissues. The main phenotype of alveolar lung tissues is the pulmonary emphysema
which is an irreversible and pathological enlargement of the alveolar structures. This overall
enlargement of the alveoli is visible on HE stained tissue slices. Using the method proposed
by Nagai et al. [148], the tissues were categorized in emphysema stages from 0 to 10, where
0 means a normal alveolar structure and 10 a complete loss of the alveoli. The inflammation
status was determined analogue as performed in tumor tissues. Additionally, pulmonary fibrosis

and infiltration by AMs was categorized in stages O to 3, from low to high.

4.5 Quantification of hemoglobin content in tissue

homogenates

Aliquots of 300 uL lung tissue homogenate were thawed. Alveolar tissue homogenates were
diluted with 300 puLL KCl buffer (50 mM). Tumor tissue homogenates were used undiluted.
Each sample was centrifuged for 1 minute at 4500 xg until a clear supernatant remained.
Aliquots of 100 uL from these supernatants were transferred onto a 96-well plate for spactral-
photometric analysis. Absorbance spectra were recorded from 320 nm to 700 nm with a step
size of 2 nm on an Infinite 200 Pro plate reader (Tecan, Maennedorf, Switzerland). Hb stan-
dard substance (Sigma-Aldrich, Munich, Germany) was used for calibration and quantification.
Calibration solutions were prepared with 1 mg/mL, 0.5 mg/mL, 0.25 mg/mL, 0.125 mg/mL
and 0.0625 mg/mL Hb content in 50 mM KCI buffer. One hundred microliters of the calibra-
tion solutions were pipetted on the 96-Well plate. Each sample and standard was analyzed in
duplicate.

Due to the coordination of iron-II ions in the hem-complex of Hb, absorbance spectra show
an intense absorption band with a maximum at 406 nm (Fig. 4.5, a). Integration of this band

from 370 to 450 nm enabled a linear range for quantification from 0.0625 mg/mL up to 1 mg/mL

Page 118 Lars F. Eggers, Dissertation, 2017



4.6 Statistical data analysis

a) 16 b) 12
( ) — Calibration 1 (1 mg/mL) ( )
— Calibration 2 (0.5 mg/mL)
1.41 Calibration 3 (0.25 mg/mL)
— Calibration 4 (0.125 mg/mL) = 1 o
1.1 Calibration 5 (0.0625 mg/mL) g
=)
o 4 £ 08
8 o " Linear Fit:
8 5 7y =066x-0.0137
2038 o 06 R? = 0.9994
3 c
£ P
<0.56] 3
o 0.4
o
041 (IE.) .
T o2
0.21 .‘,~
¢
0 v v v v T v v 0 T T T T T T T T
350 400 450 500 550 600 650 700 0 02 04 06 038 1 12 14 16 1.8
Wavelength [nm] Absorbance

Figure 4.5:  Spectral-photometric quantification of hemoglobin in lung tissue homogenates. (a) Ab-
sorbance spectrum of Hb standards from 320 to 700 nm. (b) Calibration curve for Hb from 0.0625 mg/mL to
1 mg/mL.

Hb concentration (Fig 4.5, b). Spectral integration was performed with the software SciDaVis.

4.6 Statistical data analysis

4.6.1 Data normalization

All lipid quantities were expressed as normalized abundances (section 4.3.7, page 111). Af-
terwards, each lipid abundance was normalized to the sum of all normalized abundances per
tissue lipidome (relative abundance). Therefore, the sum of all relative abundance oft all lipid
species in a lipidome is always 100 %. In the pilot study, normalized abundances were calcu-
lated based on the complete set of identified lipid species. In the follow-up study, normalization

was performed after application of data filters.

4.6.2 Lipidome homology based on LUX scores

The calcultation of LUX scores was part of the pilot study [146]. Transformation of lipid
structures into the chemical space model and lipidome homology based on LUX scores was
calculated by Dr. Chakravarthy Marella as described previously [145]. A list of FAs which
were present in the utilized lung tissue extracts was determined by MS? experiments performed

on a Q Exactive Plus (Thermo Scientific, Bremen, Germany) Orbitrap mass spectrometer in the
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Table 4.10: Fatty acids used to draw lipid structures for LUX score calculation. db: carbon-carbon double
bond. Table from [146].

0db 1db 2db 3db 4,5and 6 db

0:0 14:1:(92) 16:2:(92,122) 18:3:(92,12Z, 152) 20:4:(92,12Z, 152, 182)
14:0 16:1:(92) 17:2:(92,122) 20:3:(92,12Z, 152) 22:4:(92,12Z, 152, 182)
15:0 17:1:(92) 18:2:(92,122) 22:3:(9Z2,12Z, 152) 24:4:(92,12Z, 152, 182)
16:0 18:1:(92) 20:2:(92,122) 24:3:(92,12Z, 152) 20:5:(6Z, 92,127, 15Z, 182)
17:0 19:1:(92) 22:2:(92,122) 22:5:(6Z, 92,127, 15Z, 182)
18:0 20:1:(92) 24:2:(92,122) 22:6:(6Z, 972,127, 157, 182, 212)
19:0 21:1:(92)

20:0 22:1:(92)

22:0 24:1:(92)

24:0

negative ion mode. A list of FAs is noted in table 4.10. A list of 311 identified lipid species,
including FC, from the 43 tissue lipidomes of sub-cohort 1 (Tab. 4.3) was used as input data.
Chemical structures of 293 lipid molecules were generated out of the 311 identified lipids. A
list of 18 lipids was not included into the analysis due to the fact that no combination of FAs
from table 4.10 fitted to the respective sum composition. Lipidome maps were calculated with
pca based on structural similarities of the lipid molecules with the R function princomp from
the stats library [180]. Lipidome homology was visualized by calculation of a hierarchical
clustered tree based on pairwise LUX scores between each comparison of tissue lipidomes. Hi-
erarchical clustering was calculated with the R function hclust from the stats library using
Euclidean distance as metric and complete linkage as clustering method. Error modeling was
performed to test the robustness of the hierarchical clustered tree. Therefore, a threshold for
quantitative values was defined to exclude the lowest concentrated lipid species from the analy-
sis. This respective value should simulate the detection threshold (df) of the analytical system.
To validate the robustness of the hierarchical clustering results, all quantitative values were var-
ied randomly with a pre-defined standard deviation (SD) for 100 iterations. This procedure was

performed for dt = 0.005, SD = 0.002 and dt = 0.003, SD = 0.001.

The matrix of LUX scores was further analyzed by pca, calculated using the PCA function of
the R library FactoMineR [182]. Afterwards, the coordinate of pc; was used as discriminator
for alveolar and tumor tissue lipidomes. A ROC [183] curve was calculated based on pc; and
the tissue classification (alveolar or tumors) as input data. The ROC curve was calculated and

visualized by Graph Pad Prism 6 (GraphPad Software Inc.).
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4.6.3 Hierarchical clustering and heat map
Pilot study

Hierarchical clustering was calculated with the lipidome dataset from sub-cohort 1 (pilot study)
which included 311 lipid species within 43 tissue lipidomes [146]. Lipidome data in dimen-
sion of normalized abundances were used as input data and further processed using Gene Clus-
ter 3.0 [184]. The parameter $Present was set to 90 % as data filter which resulted in a dataset
comprising 141 lipid species that were present in at least 90 % of all 43 samples. The data
were adjusted by enabled Log tranform data,Center genes and Center arrays
check boxes which achieved data that were log2 transformed and centered. Afterwards, hi-
erarchical clustering was calculated with Euclidean distance as similarity metric and
Complete linkage as clustering method by the software. The clustering results were visu-

alized using Java TreeView 1.1.6r4 [185].

Follow-up study

For the follow-up study, the combined data from sub-cohort 1 and from sub-cohort 2 were used
which finally included data from 174 lipidomes. The lipidomes were filtered in the first step
for occupation of lipid species across all samples. One hundred and forty five lipid species
were included, present with a quantitative value in at least 80 % of the 174 samples. After
normalization as relative abundances, fold-changes were calculated per lipid species, compared
to its average relative abundance, and the data were log2 transformed afterwards. A hierarchical
clustering with heat map representation of individual lipid abundances was calculated with the
R function heatmap.?2 from the ggplot?2 package [186] utilizing Euclidean distance as

similarity metric and average linkage as clustering method.

4.6.4 Principal component analysis

The same dataset as used for hierarchical clustering with combined data from sub-cohort I and
sub-cohort 2 was analyzed. The data were filtered with an occupation cut-off of 80 % resulting
in a dataset with 145 lipids from 174 tissue lipidomes. Missing values were imputed using the

imputePCA function from the R library missMDA [144]. This function uses an iterative pca
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algorithm to impute missing values [144]. Quality control of the imputed data was performed
by multiple imputations with the MIPCA function from the mi s sMDA package for 50 iterations
(data not shown). Multiple iterative imputations demonstrated robustness. Based on the imputed

dataset, pca was calculated using the PCA function from the R package FactoMineR [182].

4.6.5 Statistical tests comparing tissue classifications

Group wise comparison of alveolar and tumor tissues. The same input data was used
for grouped testing between alveolar and tumor tissues. Multiple unpaired U-tests (R function
wilcox.test) were calculated to compare alveolar and tumor tissues. Afterwards, p-values
were adjusted by using Benjamini-Hochberg FDR using the p . ad just function with activated
BH option from the stats R library. The results were visualized in a volcano plot where the
adjusted p-values were plotted over the log2 fold-changes of group wise mean values per lipid
species. The input data were filtered by adjusted p-values and log2 fold-changes. Lipids with
log2 fold-changes below -1 or larger than +1, and with adjusted p-values lower than 0.05 were
considered for further analysis. A hierarchical clustering exclusively based on these lipids was
calculated (section 4.6.3, page 121). Abundances of the selected lipids were summed-up to
a score for tissue discrimination. To calculate the respective score, the selected quantitative
values were transformed as log2 fold-changes compared to the overall mean per lipid specie.
Next, each value was multiplied with the corresponding log2 fold-change of means per lipid
species (single value per species). In the last step, the sum over all lipids per tissue sample
was calculated to yield in one discriminative value per sample. The discriminative score was
evaluated for its diagnostic properties in a ROC curve. All ROC curves were calculated and

visualized by using the plot . roc function from the R package pROC [187].

Group wise comparison of lipidomes from tumor subsets. In the same manner, subsets
of the tumor lipidomes were analyzed. Lipids present in at least 97 % of all samples of the
respective comparison were included. The lipidomes that were identified as outliers in previous
analyses (ID24_T and ID125_T) were excluded. ADC lipidomes were compared with SCC
lipidomes. For comparison of carcinoid tumor lipidomes with NSCLC tissue lipidomes, SCC,
ADC, and LCC lipidomes were grouped together as NSCLC tissues. The cut-off for the log2

fold-changes was set to +0.5 and to -0.5, respectively.
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Group wise comparison of lipidomes from alveolar subsets. The workflow as described
in the paragraph before was further applied to compare lipidomes of the tumor-free alveolar
tissues from ADC and SCC patients. The tissue ID101_A was excluded from this analysis.
Consequently, alveolar lipidomes from 39 ADC patients and from 28 SCC patients were in-
cluded into this analysis. From this subset, all lipid species were included into the analysis that
were present in at least 80 % of the samples. The cut-off for lipid selection by the respective

log?2 fold-change was set to +0.1 and -0.1.

4.6.6 Partial least-squares regression analysis
Pilot study

In the pilot study, PLS regressions were calculated based on subsets of alveolar and tumor
lipidomes of sub-cohort 1 [146]. Consequently, 22 tumor lipidomes and 21 alveolar lipdomes
were individually combined with the respective histology scores and clinical data within a PLS
regression model. Gender, age, BMI, PY, and the severity of COPD according to the GOLD
were included as clinical data. Categorical variables were transferred into numeric factors be-
fore PLS regression. Furthermore, the Hb content of the tissue homogenates was associated to
the lipidomes in the same models. With the lipidome data as predictor variables and all other
parameters as response variables, PLS regression models were calculated with the plsreg2
function from the R package plsdepot [188]. Lipid species were included that were quanti-
fied in every sample. The number of included components (latent variables) into the models was
automatically determined by the default cv algorithm of the plsreg2 function. The dataset
was split into ten segments. Consecutively, one of these ten segments was used for validation
and the other nine for model building (leave-out-one cv). This was repeated ten times that each
segment was used for validation once. Afterwards, a Q> was reported which was assumed to be

significant when greater or equal to 0.0975 [189].

Follow-up study

In the follow-up study, the modeling strategy was optimized since a higher number of individu-
als was available. The complete set of available individuals was randomly split into training and

validation sets with a split factor of 50 %. This accomplished that the subset that was used for
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Figure 4.6: Strategy to calculate partial least-squares regression models in the follow-up study.

model creation was randomly composed. Overall, the datasets were split 100 times, yielding
in 100 training datasets with 100 corresponding validation datasets. Lipidomes were used as
predictor variables whereas all other supplemental parameters, such as histological characteri-
zations and clinical data, were used as response variables. Afterwards, for each training set a
PLS regression model was calculated (Fig. 4.6). PLS regressions were computed utilizing the
plsreg? function from the R package plsdepot [188]. PLS regressions were calculated for
3 components. The cv procedure was applied to the training subset (Fig. 4.6) as described for

the pilot study.

Partial least-squares regression of tumor tissue lipidomes. PLS regressions were cal-
culated independently for subsets of alveolar and tumor lipidomes. This was necessary due to
the distinct histological phenotype of both tissues. Categorical variables were transferred into
numeric factors before computing PLS regressions: Gender was noted with O for male and 1 for
female. The tumor entity was expressed by 0 for SCC, 1 for LCC, 2 for ADC, 3 for carcinoid,
4 for SCA and 5 for NET.

One tumor lipidome, ID125_T, was excluded since this sample originated from a lymph node
and not from a malignant tumor. All tissues without any record regarding clinical data and histo-
logical characterizations were excluded from the analysis (Tab. 4.11). Moreover, all tumor tis-
sues with incomplete histopathological characterizations were excluded (Tab. 4.11). Lipidome
data from 62 tumor tissues with full histology record remained. PY values and GOLD stages
were not included since these parameters were unknown for too many samples. Finally, data
regarding tumor entity, necrosis, vital, tumor, stroma, inflammation, hemoglobin, BMI, gender,

and age were included into the PLS regressions for tumor tissues.
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4.6 Statistical data analysis

Table 4.11: Lipidomes excluded from partial least-squares regression.

Excluded: Missing clinical and histopatholo- Excluded: Incomplete histopathological data
gical data

ID107_T, ID161_T, ID26_T, ID63_T, ID65_T ID104_T, ID105_T, ID113_T, ID114_T, ID119_T,
ID128_T, ID164_T, ID23_T, ID41_T, ID45_T, ID49_T,
ID54_T, ID55_T, ID58_T, ID62_T, ID76_T, ID85_T,
ID87_T, ID93_T, ID94_T

ID107_A, ID26_A, ID41_A, I|D45_A, ID63_A, ID100.A, ID104_A, ID105.A, ID113_A, ID114_A,

ID65_A, ID87_A ID119_A, ID123_A, ID128_A, ID23_A, ID45.A,
ID49_A, ID55_A, ID58_A, ID76_A, ID85_A, ID93 A,
ID94_A

Data from 127 lipid species were included into this analysis that were present in at least 90 %
of all 62 tumor samples. Missing values were imputed using the imputePCA function from
the R package MissMDA (section 4.6.4, page 121).

With the same approach, PLS regression models were calculated for a subset of 32 ADC
lipidomes. Furthermore, one PLS regression was calculated including all 32 ADC lipidomes

without creation of training and validation subsets.

Partial least-squares regression of alveolar tissue lipidomes. Using the same approach,
lipidomes of alveolar tissues were analyzed by PLS regression. Out of these collected 86 tissues,
7 were excluded since records regarding histopathology and clinical data were not available
(Tab. 4.11). Furthermore, 17 lipidomes were excluded due to the fact that no histopathological
characterizations were available. ID101_A was excluded since it was an outlier in the pca and
hierarchical cluster analyses. Overall, data from 61 alveolar tissues were included into the anal-
ysis. As response variables, the histology scores inflammation, AM, fibrosis and emphysema
grade were included. The patient related parameters, entity of the corresponding primary tumor,
age, gender, and BMI, were included as well as the hemoglobin content of tissue homogenates.
The collected parameters GOLD stage and PY could not be included into this analysis since
these values were less frequently reported for the collected tissues. From this dataset, 29 pa-
tients were selected who had ADC diagnosis and were analyzed in a separate model using the

same methodology.
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A Supplementary Information

This chapter contains:

e A list of patient related data: Tab. A.1, page 144.
e Scoring results for alveolar tissues: Tab. A.2, page 145.
e Scoring results for tumor tissues: Tab. A.3, page 147.

e A list of all identified lipid species: Tab. A.4, page 149.

Table A.4 contains all identified lipid species as used in the follow-up study with the m/z
values and mass errors for each sub-cohort and occupation levels, mean values and SDs
for the subsets of alveolar and tumor tissues. A respective list, specifically with the iden-
tified lipids from the pilot study, is online available with the publication [146] under the link
https://www.nature.com/articles/s41598-017-11339-1 (electronic supple-

ment material, Supplement 3).
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Table A.1: Clinical data. Age: age at surgery, NA: data

not available, none: no COPD diagnosed.

Patient Gender Age  Cancer Pack- BMI GOLD
ID diagno- years stage
sis
male 71 SCC 65 35 1
4 male 66 SCC 100 2514 1
male 70 SCC 50 27.77 1
11 male 48 ADC NA NA NA
12 male 70 SCC 50 21.4 2
15 male 45 SCC 70 40.01 2
17 male 68 SCC NA NA 2
18 female 47 SCC 50 32 none
19 female 54 LCC 35 28 1
22 male 57 SCC 25 25 1
23 male 67 Carc 40 26.85 NA
24 male 55 ADC 40 25.5 none
26 male 69 Carc NA NA NA
29 male 59 SCC 40 29 none
30 male 52 ADC 30 26.5 3
31 male 68 SCC 125 325 2
32 male 45 ADC 30 23.1 1
39 male 60 SCC 40 25.1 2
41 male 80 SCC NA 2565 NA
43 male 60 SCA 30 22.6 1
45 male 63 NET 50 2205 2
49 female 75 ADC 18 29.22 NA
50 male 60 SCC 47 24.9 1
52 female 44 Carc 10 27 restriction
53 male 48 ADC 30 29 none
54 male 73 NET NA 36.33 NA
55 NA 69 ADC 40 18.37 NA
58 male 51 SCC 60 18.83  1to2
61 male 70 ADC 60 1825 2
62 male 56 SCC 45 29.05 NA
63 female 84 Carc NA NA NA
64 female 51 ADC 35 26.96 1
65 female 58 NET NA NA NA
66 male 62 ADC 45 28.4 1
67 female 52 ADC 50 29.68 2
71 female 57 ADC 30 20.66 1

continued on next page ...

...continued from previous page

Patient Gender Age  Cancer Pack- BMI GOLD
ID diagno- years stage
sis
72 male 60 ADC 40 335 2
76 female 75 LCC 22 23.51 1
85 female 74 ADC 10 2255 2
87 female 40 Carc NA 39.79 NA
91 female 76 ADC NA 2556 NA
93 female 67 LCC 40 23.67 2
94 male 65 SCC 120 32.11 NA
96 male 75 LCC 10 25.01 NA
97 male 54 SCC NA 2578 1
99 female 54 LCC 30 1557 NA
100 male 56 SCC 80 257 NA
101 male 73 SCC 60 2294 NA
102 female 78 SCA NA 24.91 NA
103 female 73 ADC never 27.58 NA
104  female 73 SCC 60 25.1 NA
105 female 67 ADC never 18.9 NA
106 male 82 SCC 15 3461 NA
107 female 75 ADC NA NA NA
108 female 45 ADC NA 22.27 NA
109  male 56 SCC NA 2415 2
111 male 60 ADC NA 2595 NA
113 female 66 ADC 50 18.42 3
114 male 75 ADC 30 2926 2
118 female 71 ADC NA 29.41 NA
119 male 45 ADC 35 30.19 NA
120 male 64 SCA 60 2145 1
121 male 54 LCC 40 20.58 NA
122 male 51 Carc never 27.47 NA
123  female 54 ADC never 2258 NA
125  male 51 SCC 33 26.23 2
126 male 71 SCC NA 23.32 NA
127  female 55 ADC 55 2069 2
128 female 66 ADC 30 2586 NA
129 male 71 SCC 60 2259 NA
130 female 62 ADC 15 26.35 2
133 male 71 SCC NA 27.78 2
134 male 66 SCC 50 31.74 NA
136 female 56 ADC NA 23.32 NA
138  female 77 ADC NA 28.88 NA

continued on next page ...
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Table A.2: Scoring results from alveolar tissues.

NA: data not available.
...continued from previous page

Patient Gender Age  Cancer Pack- BMI GOLD

ID diagno- years stage Tissue Emphysema Inflammation Alv. Fibrosis
sis ID Macrophages
140  female 73 ADC 60 NA 2 ID2_A 5 1 2 2
142 male 59 ADC 50 27.76 NA ID4_A 3 1 1 1
143 male 75 SCC 20 28.73 NA ID6_A 5 2 3 2
144 male 74 ADC 50 2259 NA ID11_A 4 1 2 1
145 male 73 ADC NA 29.61 NA ID12_A 4 1 1 2
146 male 52 SCC 50 26.17 NA ID15_A 3 1 2 1
147 female 62 ADC 45 2424 2 ID17_A 5 2 1 2
148 male 73 ADC 20 26.81 NA ID18_A 4 1 2 2
149 male 75 ADC NA 23.67 3 ID19_A 1 1 2 3
150 male 60 ADC 30 3289 NA ID22_A 3 2 2 1
151 male 64 ADC NA 2465 3 ID23_A NA NA NA NA
153 male 76 ADC 30 2539 NA ID24_A 2 3 3 2
154 male 62 ADC NA NA NA ID26_A NA NA NA NA
155  male 62 ADC 80 2941 2 ID29_A 3 2 2 2
160 male 72 SCC 20 NA NA ID39_A 2 1 1 1
161 female 67 ADC NA NA NA ID41_A NA NA NA NA
164 male 67 SCC 80 2535 2 ID43_A 4 2 1 2
ID45_A NA NA NA NA
ID49_A NA NA NA NA
ID50_A 3 2 2 2
ID52_A 3 1 1 2
ID53_A 3 1 1 1
ID54_A NA NA NA NA
ID55_A NA NA NA NA
ID58_A NA NA NA NA
ID61_A 4 1 2 1
ID62_A NA NA NA NA
ID63_A NA NA NA NA
ID64_A 3 1 1 1
ID65_A NA NA NA NA
ID66_A 3 1 2 1
ID67_A 3 1 1 2
ID76_A NA NA NA NA
ID85_A NA NA NA NA
ID87_A NA NA NA NA
ID91_A 5 2 1 2
ID93_A NA NA NA NA

continued on next page ...
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...continued from previous page ...continued from previous page

Tissue Emphysema Inflammation Alv. Fibrosis Tissue Emphysema Inflammation Alv. Fibrosis
ID Macrophages ID Macrophages
ID94_A NA NA NA NA ID148.A 5 1 1 3
ID96_A 4 2 2 2 ID149 A 5 1 1 1
ID97_A 7 2 1 2 ID150.A 5 2 1 2
ID99_A 6 2 2 2 ID151. A 6 3 2 3
ID100.A  NA NA NA NA ID153.A 6 3 3 3
ID101.A 6 3 1 3 ID154 A 5 1 1 2
ID102.A 6 1 1 1 ID155.A 8 2 1 2
ID103_A 4 1 1 2 ID160_A 5 1 1 1
ID104.A  NA NA NA NA ID161.A 6 1 2 2
ID105_A NA NA NA NA ID164. A 6 1 1 1
ID106.A 4 1 1 2

ID107_A NA NA NA NA

ID108.A 5 1 2 1

ID109_A 5 1 2 1

ID111.A 6 1 2 1

ID113_A NA NA NA NA

ID114. A NA NA NA NA

ID118_A 5 1 2 1

ID119_A NA NA NA NA

ID120_A 6 1 1 2

ID121. A 7 2 3 3

ID122_A 5 2 2 2

ID123_A NA NA NA NA

ID125_A 6 1 1 1

ID126.A 0 3 1 3

ID127_A 4 1 2 1

ID128_A NA NA NA NA

ID129.A 6 2 1

ID130. A 3 2 2 2

ID133.A 4 1 1 1

ID134.A 6 1 2 1

ID136.A 4 1 2 1

ID138. A 7 2 2 3

ID140.A 6 1 2 1

ID142. A 3 2 2 2

ID143.A 4 2 1 1

ID144.A 6 1 2 2

ID145.A 5 2 2 2

ID146. A 7 1 1 2

ID147.A 7 1 2 2

continued on next page ...
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Table A.3: Scoring results from tumor tissues. NA:

data not available.

Tissue Necrosis Vital Stroma Inflammation
ID tumor

ID2_.T 0 60 40 NA
D2_T 0 60 40 2
ID4.T 20 30 50 3
ID6_T 20 40 40 2
ID12_T 0 50 50 2
ID18_T 30 40 30 2
ID19.T 70 20 10 1
ID22_T 0 10 90 3
ID23_T NA NA NA NA
ID24_T 100 0 0 0
ID26_T NA NA NA NA
ID29_T 10 80 10 2
ID30-T 20 30 50 3
ID31_T 30 30 40 2
ID32_T 0 20 80 1
ID39.T 10 50 40 3
ID41_T NA NA NA NA
ID43_T 10 80 10 1
ID45_T NA NA NA NA
ID49_T NA NA NA NA
ID50.T 30 40 30 3
ID53.T 10 20 70 2
ID54._T NA NA NA NA
ID55_T NA NA NA NA
ID58_T NA NA NA NA
ID61._T 10 20 70 2
ID62_T NA NA NA NA
ID63_T NA NA NA NA
ID64._T 0 10 90 3
ID65_T NA NA NA NA
ID66_T 10 40 50 2
ID67_T 10 30 60 1
ID71_T 10 60 30 2
ID72_T 0 50 50 1
ID76_T NA NA NA NA
ID85_T NA NA NA NA
ID87_T NA NA NA NA

continued on next page ...

...continued from previous page

Tissue Necrosis Vital Stroma Inflammation
ID tumor

ID91._T 0 20 80 2
ID93.T NA NA NA NA
ID94._T NA NA NA NA
1D96_T 30 40 30 3
ID97_T 0 20 80 3
ID99.T 30 60 10 2
ID100-T 0 50 50 1
ID101._T 0 30 70 2
ID102_T 0 100 0 1
ID103_T 0 50 50 2
ID104.T  NA NA NA NA
ID105_T NA NA NA NA
ID106-T 70 20 10 2
ID107_T NA NA NA NA
ID108.T 10 60 30 3
ID109_T 10 80 10

ID111.T 40 30 30

ID113.T NA NA NA NA
ID114_T NA NA NA NA
ID118_T 0 40 60 2
ID119.T NA NA NA NA
ID120_T 10 80 10

ID121.T 20 40 40 3
ID122_T 0 90 10 1
ID123_T 0 40 60 3
ID125_T no tumor - lymph node
ID126_T 20 20 60 3
ID127_T 20 10 70 3
ID128_T NA NA NA NA
ID129_T 0 40 60 3
ID130.T 0 50 50 3
ID133_T 10 60 30 2
ID134_T 10 40 50 1
ID136_T 30 60 10 3
ID138_T 0 10 90 2
ID140_T 0 70 30 3
ID142_T 0 50 50 3
ID143_T 10 50 40 2
ID144_T 0 70 30 2
ID145_T 0 30 70 2

continued on next page ...
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...continued from previous page

Tissue Necrosis Vital Stroma Inflammation
ID tumor

ID146_T 10 50 40 2
ID147_T 0 30 70 3
ID148_T 0 70 30 1
ID149.T 0 80 20 1
ID150_T 20 40 50 2
ID151_T 0 30 70 3
ID153_T 10 60 30 3
ID154_T 0 50 50 2
ID155_T 0 40 60 1
ID160_T 20 40 40 2
ID161.T NA NA NA NA
ID164_T NA NA NA NA
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Table A.4: Identified lipid species.

m/z in sub-cohort Error [ppm] in sub-cohort Occupation [%] Mean [pmol/mg tissue] SD [pmol/mg tissue]
Species lon mode 1 2 ‘ 1 2 ‘ alveolar tumor ‘ alveolar tumor alveolar tumor
CE 14:0 + 614.5867 614.5864 -0.5 -1 12.8 51.1 6.6 55 55 43
CE 15:0 + 628.6027 628.6023 0 -0.6 9.3 31.8 23 2.6 1.4 1.8
CE 16:0 + 642.6178 642.6176 -0.9 -1.2 86 96.6 28.4 55 37.4 56.8
CE 16:1 + 640.6026 640.6022 -0.2 -0.8 73.3 86.4 14.9 26.2 18.7 24.9
CE 171 + 654.6182 654.6178 -0.3 -0.8 11.6 42 4.9 4.7 3 3.6
CE 18:0 + 670.6509 670.6498 1.9 0.2 8.1 59.1 6.2 20.2 5.4 23.7
CE 18:1 + 668.6344 668.6336 0.6 -0.6 98.8 98.9 78.1 264.5 119.5 297.4
CE 18:2 + 666.6184 666.6179 0.1 -0.8 98.8 100 167.6 186.2 146.3 238.1
CE 18:4 + 662.5865 NA -0.9 NA 7 0 29 NA 22 NA
CE 19:1 + 682.6493 682.649 -0.5 -1 12 36.4 6.3 4.3 NA 3.2
CE 19:2 + 680.6336 NA -0.6 NA 1.2 8 1.3 2.8 NA 1.8
CE 20:1 + 696.6659 696.6651 0.8 -0.3 4.7 69.3 5.9 9.6 4.4 9.4
CE 20:2 + 694.6503 694.6494 0.9 -0.4 11.6 76.1 121 24.8 16.9 47.9
CE 20:3 + 692.6341 692.6337 0.1 -0.5 39.5 93.2 20.3 90.4 54.8 121.8
CE 20:4 + 690.6183 690.6179 -0.1 -0.7 95.3 97.7 26.8 188.6 41.5 310.6
CE 20:5 + 688.6022 688.6014 -0.7 -1.9 54.7 83 10 219 8.8 248
CE 22:1 + 724.6967 724.6962 0.1 -0.6 0 17 NA 3.1 NA 2.4
CE 22:2 + 722.6815 722.681 0.7 0 3.5 36.4 3.1 4.5 1.7 8.3
CE 22:3 + NA 720.665 NA -0.4 4.7 38.6 8.1 14.6 6.8 135
CE 22:4 + 718.6493 718.649 -0.5 -1 14 79.5 17.7 71.8 31 102.9
CE 22:5 + 716.6337 716.6333 -0.4 -1 12.8 81.8 10.8 38.8 19.8 52.4
CE 22:6 + 714.6184 714.6179 0.1 -0.7 26.7 80.7 7 50.6 13.8 110.8
CE 24:0 + NA 754.7432 NA -0.4 16.3 20.5 15.2 14.2 16.3 15.9
CE 24:1 + 752.728 752.7275 0.1 -0.5 15.1 63.6 13.3 15.8 16.1 15.7
CE 24:2 + 750.7128 750.7121 0.8 -0.2 1.2 29.5 6.2 4.7 NA 6.1
CE 24:4 + 746.681 746.6804 0 -0.7 4.7 61.4 8.7 1.5 6.7 13.8
CE 24:5 + 744.6658 744.6653 0.6 0 35 30.7 3.2 6 25 5.9
CE 26:1 + NA 780.7596 NA 0.6 17.4 23.9 47.7 66.9 92.7 86.6
CE 26:2 + NA 778.7431 NA -0.6 17.4 19.3 100 54.1 96.3 43.5
CE 26:3 + NA 776.7278 NA -0.1 11.6 13.6 5.2 4 41 21
CE 26:4 + 774.7121 NA -0.2 NA 0 6.8 NA 1.6 NA 1.1
CE 28:4 + NA 802.7432 NA -0.5 17.4 17 26.1 60.9 37.8 89.1
CE 30:4 + NA 830.7751 NA 0.3 3.5 14.8 16.1 17 16.8 17.7
Cer 32:1;0 - 544.4498 544.4496 -0.8 -1 82.6 92 4.6 5.7 3 6.9
Cer 33:1;0 - 558.4652 558.4653 -1.2 -1.1 64 64.8 33 3.7 2 4
Cer 34:0;0 - 574.4967 574.497 -0.8 -0.3 81.4 92 4.5 7.6 2.8 7.3
Cer 34:1;0 - 572.4804 572.4809 -2 -1 100 100 121.4 225.9 91.9 438
Cer 34:1;1 - 588.4754 588.4759 -1.7 -0.9 23 17 1.1 16 0.6 0.8
Cer 34:2;,0 - 570.4648 570.465 -1.9 -1.5 91.9 93.2 8 8.6 5.9 1.7
Cer 36:0;0 - 602.5282 602.5284 -0.5 -0.1 8.1 1.4 1.6 1.2 241 1.1
Cer 36:1;0 - 600.5124 600.5123 -0.7 -0.9 100 100 16.9 35.6 11.6 1291
Cer 36:2;0 - 598.4957 598.4961 -2.4 -1.7 84.9 68.2 5 5.4 3.7 9
Cer 38:0;0 - 630.5598 630.5601 0.1 0.5 23 6.8 33 1.4 0.4 0.6
Cer 38:1;0 - 628.5435 628.5438 -1 -0.5 98.8 100 11 22.3 741 67.6
Cer 38:2;0 - 626.5275 626.5278 -1.5 -1 70.9 39.8 3.2 7.7 241 12.8
Cer 39:1;0 - 642.559 642.5595 -1.1 -0.5 48.8 52.3 23 7.6 1.4 18.2
Cer 40:1;0 - 656.5747 656.575 -1 -0.6 100 100 35.2 60.1 221 149.9
Cer 40:2;,0 - 654.5588 654.5592 -1.5 -0.8 97.7 98.9 135 16.8 8.6 241
Cer 40:3;0 - NA 652.544 NA -0.2 17.4 14.8 2 3.5 0.9 25
Cer 41:1;0 - 670.5896 670.5902 -2.41 -1.3 97.7 100 12.6 28 7.7 57.7
Cer 41:2;,0 - 668.575 668.5754 -0.6 0 93 96.6 6.5 10.5 43 17.2
Cer 42:1;0 - 684.6066 684.6064 -0.2 -0.4 100 100 575 82.4 40.2 105.3

continued on next page ...
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...continued from previous page

m/z in sub-cohort Error [ppm] in sub-cohort Occupation [%] Mean [pmol/mg tissue] SD [pmol/mg tissue]

Species lon mode 1 2 1 2 alveolar tumor alveolar tumor alveolar tumor
Cer 42:2,0 - 682.59 682.5903 -1.5 -1.1 100 100 191.1 246.8 147.5 480.7
Cer 42:2;1 - 698.5845 698.5848 2.2 -1.7 12.8 65.9 21 4.4 1.9 4.3
Cer 42:3;0 - 680.5756 680.576 0.3 0.9 100 100 30.5 33 19.3 46.5
Cer 43:1;0 - 698.6207 698.6213 -2.3 -1.5 19.8 20.5 2.4 2.4 1.4 1.6
Cer 43:2,0 - 696.6064 696.6071 -0.4 0.6 90.7 81.8 4.6 6.2 2.8 125
Cer 43:3;0 - 694.5916 NA 0.8 NA 23 4.5 3.6 3.1 0 3.4
Cer 44:2,0 - 710.6226 710.6223 0.4 0 73.3 77.3 3.9 6.6 2.7 9.5
Cer 44:3;0 - 708.6072 708.6076 0.7 1.2 29.1 29.5 2 29 1.2 3.6
CL51:3 - 581.8553 NA -0.1 NA 2.3 125 3.1 5.4 1.2 5.6
CL 68:5 - 698.9719 NA -1.1 NA 0 10.2 NA 6.2 NA 6.3
CL 70:7 - NA 710.9718 NA -1.2 32.6 25 4.3 5.1 3.4 4
CL 7255 - 727.0036 NA -0.5 NA 4.7 18.2 3.9 6 1.4 2.9
CL72:7 - 724.9881 724.9876 -0.4 -1 74.4 92 241 53 23 55
CL72:8 - 723.9804 723.9807 -0.1 0.2 91.9 92 15.2 21.8 131 51
CL 74:10 - 735.9802 735.9811 -0.4 0.7 11.6 5.7 4.5 5 23 2.7
CL 748 - 737.9958 737.9963 -0.4 0.2 27.9 50 4 6.8 23 6.7
CL 78:18 - NA 755.9484 NA -1.1 34.9 6.8 5.2 2.9 5 241
CL 84:19 - NA 796.9875 NA -1 1.2 20.5 1.3 4.9 NA 2.7
DAG 32:0 + 586.5401 586.5401 -0.7 -0.7 7 19.3 1.8 2.3 1.8 22
DAG 32:1 + 584.5246 NA -0.4 NA 2.3 13.6 1.5 1.8 1.5 2
DAG 34:1 + 612.5563 612.5557 0.2 -0.8 89.5 90.9 8.3 9.2 6.7 7.2
DAG 34:2 + 610.5401 610.5397 -0.6 -1.3 14 20.5 3.1 3.2 25 3.2
DAG 36:2 + 638.5718 638.5712 0.1 -0.9 84.9 86.4 8.7 8.3 8.3 6.4
DAG 36:3 + 636.5557 636.5552 -0.6 -1.5 18.6 21.6 7.7 4.7 7.3 3.1
DAG 36:4 + 634.5405 634.5399 0.1 -1 4.7 14.8 1.2 1.7 0.5 1.1
DAG 38:4 + 662.5712 662.5709 -1 -1.3 233 20.5 5.2 3.9 3.8 25
DAG 38:5 + 660.5555 660.5563 -0.9 0.3 1.2 14.8 1.3 21 NA 1.6
DAG 38:6 + 658.5403 NA -0.4 NA 0 6.8 NA 0.9 NA 0.3
DAG 40:6 + 686.5716 NA -0.2 NA 0 8 NA 1.4 NA 0.7
DAG 46:10 + 762.6027 NA -0.5 NA 14 125 40.8 23 20.6 12.6
DAG 50:1 + 836.8077 NA 1.3 NA 0 11.4 NA 3.7 NA 6.5
DAG 50:2 + 834.79 NA -1.1 NA 0 8 NA 4.1 NA 5.8
FC QTOF 446.1497 446.4656 -218.11 61.68 100 100 4579.2 6613 1865 5113

+)
LCL 62:1 - 653.9668 NA -0.9 NA 5.8 3.4 2.8 4.2 15 1.9
LPA 16:4 - NA 401.174 NA 1.2 221 20.5 1.8 22 0.9 1.5
LPC 16:0 - 530.3014 530.3012 -0.9 -1.2 86 97.7 229 39.3 16.8 30
LPC 18:0 - 558.3323 558.3323 -1.5 -1.7 721 89.8 16 22.7 9 13.9
LPC 18:1 - 556.3167 556.3166 -1.5 -1.7 31.4 85.2 9 18.8 4.6 12.8
LPC 20:4 - 578.3019 578.3015 0 -0.7 9.3 34.1 11 12.7 6.7 9.6
LPE 18:0 - 480.309 480.3088 -1.2 -1.6 75.6 88.6 3.5 4.5 27 3.5
LPE 18:1 - 478.2934 478.2928 -1.1 -2.3 20.9 52.3 2.7 2.8 1.5 2.7
LPE 20:4 - 500.278 500.2779 -0.5 -0.8 34.9 48.9 52 6.5 5.2 11.6
LPG 16:4 - 475.2102 NA -0.1 NA 5.8 8 2 6.1 0.5 5.2
LPG 18:0 - 511.3035 NA -1.3 NA 5.8 1.1 41 0.9 3 NA
LPG 18:1 - 509.2877 509.2876 -1.5 -1.8 87.2 30.7 52 2 5.2 1.4
LPI 16:0 - 571.288 NA -1.6 NA 1.2 5.7 3.2 1.5 NA 1.1
LPI18:0 - 599.3192 599.3192 1.7 -1.7 88.4 98.9 4.8 9.5 3.4 7.3
LPI18:1 - 597.3041 597.3045 -0.8 -0.1 57 40.9 2.9 2.4 1.9 1.6
LPI120:4 - 619.2885 619.2889 -0.6 0 70.9 80.7 2.8 55 1.8 5.9
LPS 18:0 - 524.2991 524.2992 -0.6 -0.5 18.6 26.1 3.6 2.9 2 2
MAG 22:2 + 428.3736 428.3739 0.3 1.2 0 6.8 NA 1.7 NA 21
PA 32:0 - 647.4647 647.4646 -1.6 -1.8 23 4.5 3.5 23 1.9 2.2
PA 32:5 - 637.3871 NA -0.5 NA 7 2.3 2.9 1 1.3 0.7
PA 34:1 - NA 673.4804 NA -1.4 50 46.6 3.1 3 2 1.9
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m/z in sub-cohort Error [ppm] in sub-cohort Occupation [%] Mean [pmol/mg tissue] SD [pmol/mg tissue]
Species lon mode 1 2 1 2 alveolar tumor alveolar tumor alveolar tumor
PA 34:2 - 671.4652 671.4653 -0.8 -0.7 23.3 15.9 2.4 21 1.9 1.8
PA 35:1 - NA 687.497 NA 0 51.2 39.8 3.8 4.2 3.8 3.8
PA 35:2 - NA 685.4803 NA -1.6 23.3 18.2 3.7 2.8 3.1 1.9
PA 36:1 - 701.5114 701.5115 -1.8 -1.7 46.5 40.9 8.7 8.1 14.9 14.6
PA 36:2 - 699.497 699.4974 -0.1 0.5 43 42 3.6 3.9 3.8 7.3
PA 36:3 - 697.482 NA 0.9 NA 3.5 3.4 2.5 3.4 1.3 3.1
PA 36:6 - 691.4358 NA 1.9 NA 3.5 9.1 2.4 4.2 0.7 2.4
PA37:2 - NA 713.5131 NA 0.6 23.3 14.8 3.4 3.7 3 2
PA 37:4 - NA 709.4805 NA -1.3 14 8 3.1 3.6 24 2.4
PA 48:7 - NA 857.6048 NA -2.1 16.3 28.4 4.6 3.8 6.9 3.2
PC 28:0 - 712.4683 712.4685 -0.9 -0.7 94.2 52.3 6.5 4.2 6.1 4.7
PC 29:0 - 726.4844 726.4842 -0.2 -0.6 45.3 22.7 3.1 25 24 1.7
PC 30:0 - 740.4989 740.4995 -1.8 -1.1 100 100 289.6 98.9 258.8 94.8
PC 30:1 - 738.4842 738.4849 -0.5 0.5 96.5 75 1.3 8.8 1.8 9.1
PC31:0 - 754.5152 754.5156 -0.9 -0.4 100 98.9 41.9 249 30.7 223
PC 31:1 - 752.4997 752.5002 -0.7 -0.1 81.4 64.8 4.2 4.9 3.6 4.7
PC31:3 - NA 748.4686 NA -0.5 27.9 0 3.7 NA 3.2 NA
PC 32:0 - 768.5299 768.5303 -2.1 -1.7 100 100 2694 1075.5 2153.6 1482.3
PC 32:1 - 766.5147 766.5153 -1.6 -0.8 98.8 98.9 486.8 319.7 456 317.3
PC 32:2 - 764.4994 764.4997 -1.1 -0.7 96.5 92 16.6 17.3 18.8 17.6
PC 32:3 - 762.4838 762.4841 -1 -0.6 151 18.2 3.4 22 3.2 1.1
PC 33:0 - 782.5479 782.5475 1 0.3 100 95.5 26.1 12,9 17.2 13.4
PC 33:1 - 780.5326 780.5322 1.4 0.8 98.8 98.9 21.6 275 141 26.5
PC 33:2 - 778.517 778.5169 1.4 1.3 76.7 87.5 3.3 71 2.2 7.3
PC 33:4 - 774.4833 774.4833 -1.6 -1.7 40.7 55.7 2.4 3.6 1.5 3.8
PC 34:1 - 794.5466 794.5466 -0.7 -0.8 100 100 1623.8 2053.7 1298.9 1753
PC 34:2 - 792.5322 792.5323 0.8 1 100 100 528.5 598.8 295.5 593.9
PC 34:3 - 790.5178 790.5174 24 1.9 98.8 96.6 221 18.7 15.9 16.2
PC 34:4 - 788.5019 788.5014 2 1.4 23.3 23.9 4.6 5.7 4 4.5
PC 35:1 - 808.5622 808.5631 -0.9 0.3 100 98.9 101 19.2 71 18
PC 35:2 - 806.5462 806.5464 -1.3 -1 97.7 98.9 6.7 11.4 3.7 9.2
PC 35:4 - 802.5155 802.5159 -0.5 0 60.5 88.6 5.1 6.5 3.3 4.8
PC 35:5 - 800.4983 800.4985 -2.5 -2.2 721 86.4 3.6 5.8 22 5
PC 36:1 - 822.5778 822.5773 -0.9 -1.5 98.8 97.7 102.3 246.7 87.3 261.1
PC 36:2 - 820.5639 820.5634 1.3 0.6 100 100 322.8 615.4 183.9 540.5
PC 36:3 - 818.5482 818.5479 1.2 0.9 100 97.7 89.6 156.4 63.1 227.4
PC 36:4 - 816.5312 816.531 -0.4 -0.7 100 100 312.6 487.5 186.4 525.6
PC 36:5 - 814.515 814.5155 -1.2 -0.6 97.7 98.9 17 15.8 9.7 125
PC 37:4 - 830.5458 830.5465 -1.7 -0.8 45.3 77.3 3.8 5.9 1.9 4.6
PC 377 - 824.4985 824.4985 -2.1 -2.1 81.4 89.8 8.4 9.2 12.5 8.8
PC 38:2 - 848.5939 848.5941 -0.3 -0.1 14 73.9 3.1 17.5 15 20.5
PC 38:3 - 846.5804 846.5801 23 1.9 17.4 54.5 8.2 18.4 13.6 18.6
PC 38:4 - 844.5647 844.564 21 1.3 100 100 168.8 265.1 106 235.5
PC 38:5 - 842.5459 842.5463 -1.6 -1.1 100 98.9 66 114.6 32.7 83.1
PC 38:6 - 840.5337 840.5326 25 1.3 100 98.9 26.8 44 14.7 32
PC 39:9 - 848.4989 848.4989 -1.6 -1.6 81.4 79.5 5.3 3.6 3.8 2.7
PC 40:4 - 872.5941 872.5941 -0.1 -0.1 65.1 93.2 3.6 10.3 2.3 1.2
PC 40:6 - 868.5618 868.5618 -1.2 -1.2 97.7 100 8.6 21.8 4.8 15.4
PC 40:8 - NA 864.533 NA 1.7 15.1 375 19.9 4.8 15.7 3.2
PC O-30:0 - NA 726.5208 NA -0.2 17.4 15.9 1.4 2.8 1.3 2.9
PC O-31:0 - 740.536 740.5365 -0.9 -0.3 100 100 29.2 36.9 15.9 42.7
PC O-32:1 - 752.5364 752.5368 -0.3 0.2 95.3 80.7 15.4 249 9.2 23.3
PC O-33:1 - NA 766.5521 NA -0.3 14 29.5 30.1 33 55.7 90.3
PC O-34:1 - 780.569 780.5687 1.4 0.9 98.8 100 17.5 235 10.1 229
PC O-34:2 - 778.5523 778.5531 0 1.1 61.6 92 4.9 224 3.5 231
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m/z in sub-cohort Error [ppm] in sub-cohort Occupation [%] Mean [pmol/mg tissue] SD [pmol/mg tissue]
Species lon mode 1 2 1 2 alveolar tumor alveolar tumor alveolar tumor
PC O-35:0 - 796.5988 796.5992 -0.6 -0.1 64 1.1 3.3 0.8 1.7 NA
PC O-35:8 - 780.4725 NA -2 NA 23.3 22.7 4.4 4 25 4
PC O- 36:1 - 808.5992 808.5994 -0.1 0.2 23.3 60.2 2.2 5.9 1.4 8.5
PC O- - 790.4578 790.4577 -0.7 -0.9 69.8 70.5 7.6 10.1 5 7.5
36:10
PC O-36:2 - 806.5825 806.5831 -1.4 -0.7 84.9 86.4 3.3 1.7 25 134
PC O-36:4 - 802.5529 802.5533 0.8 1.2 100 94.3 25 20.8 21.4 19
PC O-36:5 - 800.5366 800.5371 0 0.6 100 95.5 40.1 30.9 2241 23.9
PC O- - 804.4725 804.4721 -1.9 2.4 51.2 62.5 3.2 3.5 2 25
37:10
PC O-38:0 - 838.6471 838.6474 1 1.5 80.2 48.9 3.6 3.3 2.2 2.7
PC O-38:1 - NA 836.6297 NA -1 3.5 19.3 5.2 5.2 0.7 4.6
PC O-38:4 - 830.5829 830.583 -0.8 -0.7 75.6 727 6.7 12 4.7 13.1
PC O-38:5 - 828.5687 828.5681 0.9 0.2 100 100 29.4 29.9 16.5 23.5
PC O-38:6 - 826.5529 826.5536 0.7 1.6 96.5 92 10 12.6 5.1 8.7
PC O-38:7 - 824.5378 824.5368 1.4 0.2 15.1 39.8 1.8 4.1 0.8 3.5
PC O-39:1 - NA 850.6484 NA 2.6 721 73.9 37.5 19.3 18 125
PC O- 40:1 - NA 864.6625 NA 0.8 9.3 30.7 3 55 1.3 7
PC O-40:4 - NA 858.6159 NA 1.2 25.6 42 2.3 5 1.8 4.3
PC O-40:6 - NA 854.5856 NA 2.3 44.2 60.2 3.1 6 1.3 4.2
PC O- 407 - NA 852.5681 NA 0.2 20.9 58 2.3 4.2 0.9 3
PC O- 408 - NA 850.5537 NA 1.6 51.2 43.2 1.7 1.7 1.4 1.5
PC O-42:2 - NA 890.6781 NA 0.7 4.7 20.5 29.9 7.5 54.8 8.1
PC O-423 - NA 888.664 NA 25 3.5 21.6 5.6 4.4 7.2 4.3
PE 31:7 - 662.3812 662.3818 -2.2 -1.4 45.3 3.4 3.7 4.8 4.8 3.1
PE 32:0 - 690.5078 690.5076 -0.2 -0.5 95.3 65.9 3.5 2.8 1.6 1.7
PE 32:1 - 688.4915 688.4913 -1.1 -1.4 89.5 72.7 3.3 7.4 1.8 9.9
PE 33:3 - NA 698.4752 NA -2.41 20.9 6.8 7 2.5 10.9 1.3
PE 34:0 - 718.5398 718.5384 0.8 -1.2 89.5 51.1 8.7 6.8 4.7 5.7
PE 34:1 - 716.5238 716.5234 0.3 -0.2 100 100 50.2 80.4 20.7 83.5
PE 34:2 - 714.5074 714.5072 -0.7 -1 100 98.9 21.4 32.6 9.7 44.2
PE 35:1 - 730.5396 730.5398 0.5 0.8 61.6 85.2 2.4 5 1.1 4.2
PE 35:2 - 728.5236 728.5237 0.1 0.1 15.1 42 1.8 3.9 0.8 3.3
PE 36:1 - 744.554 744.5539 -1.1 -1.3 100 100 88.6 167.7 41.2 103.6
PE 36:2 - 742.5383 742.5385 -1.3 -1 100 98.9 93.8 221.4 43 241.6
PE 36:3 - 740.5222 740.5229 -1.8 -0.9 97.7 94.3 34.6 47.6 20.3 78.5
PE 36:4 - 738.5073 738.5079 -0.9 0 100 98.9 38.5 47.7 20.6 39.5
PE 36:5 - NA 736.4908 NA -2 69.8 60.2 3.7 5.6 21 7
PE 38:1 - 772.5858 772.5855 -0.5 -0.9 721 85.2 2.7 3.7 1.1 25
PE 38:2 - 770.5693 NA -1.6 NA 16.3 22.7 3 10.1 1.5 10.3
PE 38:3 - 768.5559 768.5562 1.3 1.7 95.3 98.9 16.9 40.6 7.4 47.3
PE 38:4 - 766.5376 766.5382 -2.41 -1.3 98.8 97.7 2485 431.4 149 358.7
PE 38:5 - 764.5227 764.5228 -1.2 -1 100 98.9 60.2 95.7 30.2 83.1
PE 38:6 - 762.5074 762.5073 -0.7 -0.8 96.5 98.9 13.5 21 6.6 15.7
PE 40:2 - 798.6002 NA -2 NA 2.3 11.4 4 3.5 0.7 24
PE 40:3 - 796.5876 NA 1.7 NA 0 8 NA 5.1 NA 3.5
PE 40:5 - 792.5567 792.5568 2.3 24 721 95.5 6.2 30.8 4.3 30.9
PE 40:6 - 790.5391 790.539 -0.2 -0.3 75.6 97.7 14.3 43.3 13.9 30
PE O-31:7 - 662.3812 662.3818 2.2 -1.4 45.3 3.4 3.7 4.8 4.8 3.1
PE O-32:0 - 690.5078 690.5076 -0.2 -0.5 95.3 65.9 3.5 2.8 1.6 1.7
PE O-32:1 - 688.4915 688.4913 -1.1 -1.4 89.5 72.7 3.3 7.4 1.8 9.9
PE O-33:3 - NA 698.4752 NA -2.1 20.9 6.8 7 25 10.9 1.3
PE O- 34:0 - 718.5398 718.5384 0.8 -1.2 89.5 51.1 8.7 6.8 4.7 57
PE O- 3411 - 716.5238 716.5234 0.3 -0.2 100 100 50.2 80.4 20.7 83.5
PE O-34:2 - 714.5074 714.5072 -0.7 -1 100 98.9 21.4 32.6 9.7 44.2
PE O- 35:1 - 730.5396 730.5398 0.5 0.8 61.6 85.2 24 5 1.1 4.2
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m/z in sub-cohort Error [ppm] in sub-cohort Occupation [%] Mean [pmol/mg tissue] SD [pmol/mg tissue]
Species lon mode 1 2 1 2 alveolar tumor alveolar tumor alveolar tumor
PE O-35:2 - 728.5236 728.5237 0.1 0.1 15.1 42 1.8 3.9 0.8 3.3
PE O- 36:1 - 744.554 744.5539 -1.1 -1.3 100 100 88.6 167.7 41.2 103.6
PE O- 36:2 - 742.5383 742.5385 -1.3 -1 100 98.9 93.8 221.4 43 2416
PE O-36:3 - 740.5222 740.5229 -1.8 -0.9 97.7 94.3 34.6 47.6 20.3 78.5
PE O-36:4 - 738.5073 738.5079 -0.9 0 100 98.9 38.5 47.7 20.6 39.5
PE O-36:5 - NA 736.4908 NA -2 69.8 60.2 3.7 5.6 241 7
PE O-38:1 - 772.5858 772.5855 -0.5 -0.9 721 85.2 2.7 3.7 1.1 25
PE O-38:2 - 770.5693 NA -1.6 NA 16.3 227 3 10.1 1.5 10.3
PE O-38:3 - 768.5559 768.5562 1.3 1.7 95.3 98.9 16.9 40.6 7.4 47.3
PE O-38:4 - 766.5376 766.5382 -2.1 -1.3 98.8 97.7 248.5 431.4 149 358.7
PE O-38:5 - 764.5227 764.5228 -1.2 -1 100 98.9 60.2 95.7 30.2 83.1
PE O-38:6 - 762.5074 762.5073 -0.7 -0.8 96.5 98.9 13.5 21 6.6 15.7
PE O-40:2 - 798.6002 NA -2 NA 23 11.4 4 35 0.7 2.4
PE O-40:3 - 796.5876 NA 1.7 NA 0 8 NA 5.1 NA 35
PE O-40:5 - 792.5567 792.5568 2.3 2.4 721 95.5 6.2 30.8 4.3 30.9
PE O-40:6 - 790.5391 790.539 -0.2 -0.3 75.6 97.7 143 43.3 13.9 30
PE O-32:1 - 674.5119 674.5119 -1.6 -1.6 64 56.8 23 3.8 1 3.1
PE O-32:2 - 672.4976 672.4977 0.4 0.6 7 56.8 1.2 5.3 0.4 5.1
PE O- 3411 - 702.5453 702.5455 1.4 1.7 69.8 79.5 3.4 5.6 25 4.4
PE O-34:2 - 700.528 700.5285 -0.9 -0.3 100 100 53.8 90.3 27.8 73.6
PE O-34:3 - 698.5113 698.5121 2.4 -1.3 96.5 98.9 6.7 21.6 3.6 23.1
PE O-35:2 - 714.5437 714.5435 -0.9 -1.2 68.6 80.7 3.2 5 1.7 4
PE O-35:3 - 712.5272 712.5276 -2 -1.5 0 33 NA 2.7 NA 1.6
PE O-36:1 - 730.5762 730.5761 0.8 0.6 17.4 375 2.3 4.4 0.7 3.2
PE O-36:2 - 728.5604 728.5602 0.6 0.3 100 100 19.5 36.2 10.1 35.6
PE O-36:3 - 726.5443 726.5441 -0.1 -0.3 98.8 100 18.6 425 9.5 39.3
PE O- 36:4 - 724.5279 724.5282 -1 -0.6 100 100 13.7 31 7.2 23.6
PE O-36:5 - 722.5123 722.5123 -1 -1 100 100 339.4 328.9 228.4 240
PE O-38:2 - 756.5903 756.5909 -1.2 -0.5 54.7 64.8 2.2 4.7 1.1 4.6
PE O-38:3 - 754.5748 754.5757 -1.1 0.2 50 70.5 2.8 6.8 1.3 5.6
PE O-38:5 - 750.5435 750.5435 -1.1 -1.1 98.8 100 468.5 357.2 351.7 288.2
PE O-38:6 - 748.5292 748.5285 0.8 -0.2 76.7 96.6 182.2 160.1 214.6 125.6
PE O-38:7 - 746.5137 746.5127 0.9 -0.4 98.8 98.9 43.9 64.6 27.6 46.1
PE O-40:2 - NA 784.6231 NA 0.7 2.3 19.3 3.5 3.4 3.1 2.6
PE O-40:3 - 782.6077 782.6073 1.1 0.5 7 42 21 4.4 0.7 3.5
PE O-40:4 - 780.5928 780.5922 1.9 1.2 10.5 455 0.2 2.9 0.2 4.6
PE O-40:5 - 778.5772 778.577 21 1.8 100 98.9 28.2 39.1 14.6 44.7
PE O-42:3 - 810.6391 810.6388 1.1 0.7 0 9.1 NA 41 NA 21
PE O-42:5 - 806.606 806.6065 -1.1 -0.5 151 455 1.9 4.4 0.8 55
PE O-42:6 - NA 804.5925 NA 1.5 26.7 54.5 2.8 71 2 6.6
PE O- - NA 810.5453 NA 1.2 32.6 38.6 23.1 13.4 59.3 30.4
43:10
PG 30:0 - 693.4717 693.4715 0.7 0.5 90.7 29.5 6.6 4 6.5 3.2
PG 30:1 - 691.4564 NA 1.2 NA 8.1 3.4 29 1.2 1.3 0.8
PG 31:0 - 707.4854 707.4867 -2.1 -0.2 453 6.8 2.9 1.6 2.3 0.6
PG 32:0 - 721.5017 721.5019 -1.2 -0.8 100 78.4 84.7 20.4 86.3 30
PG 32:1 - 719.4857 719.4861 -1.7 -1.1 100 62.5 43.9 15 42.2 17.4
PG 32:2 - NA 717.4711 NA -0.2 31.4 5.7 3.3 25 2.9 1.1
PG 33:1 - 733.5016 733.5016 -1.2 -1.2 89.5 25 53 25 4.8 1.5
PG 34:.0 - 749.533 749.5333 -1.1 -0.7 89.5 23.9 57.3 18.1 72.8 275
PG 34:1 - 747.5175 747.5182 -0.9 0 100 100 1124.8 167.6 1028.5 254.5
PG 34:2 - 745.5032 745.5037 0.9 1.6 100 97.7 1423 40.3 166.2 74.4
PG 34:3 - 743.4876 743.4882 1 1.8 53.5 20.5 1.4 9.3 9.8 10
PG 35:1 - 761.5343 761.5345 0.7 0.9 96.5 75 17.4 3.7 15.5 3.3
PG 35:2 - 759.5185 759.5191 0.5 1.2 93 39.8 7.9 4.2 8.3 3.7
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m/z in sub-cohort Error [ppm] in sub-cohort Occupation [%] Mean [pmol/mg tissue] SD [pmol/mg tissue]
Species lon mode 1 2 1 2 alveolar tumor alveolar tumor alveolar tumor
PG 36:0 - 777.5644 777.5635 -0.9 -2.1 95.3 40.9 7.2 2.6 8 4.2
PG 36:1 - 775.5486 775.5484 -1.1 -1.3 100 98.9 752.9 771 808.1 116.2
PG 36:2 - 773.5327 773.5333 -1.5 -0.7 100 100 1487.9 219.7 1582.4 344.7
PG 36:3 - 771.5185 771.5189 0.5 0.9 91.9 84.1 273.4 70.9 450.7 104.3
PG 36:4 - 769.5041 NA 21 NA 24.4 19.3 17241 65.7 230.5 84.1
PG 38:1 - 803.5795 803.5797 -1.6 -1.3 75.6 40.9 5.4 241 55 1.7
PG 38:2 - 801.5653 801.5649 0.3 -0.3 95.3 69.3 6.2 3.9 5.7 3.7
PG 38:3 - 799.5508 799.55 1.7 0.7 17.4 20.5 22 7 1.8 6.6
PG 38:4 - 797.5356 797.5354 2.2 2 68.6 33 749 43.2 120.8 48.1
PG 38:5 - 795.5191 795.5194 1.2 1.6 86 42 136.9 58.7 271.8 61.2
PG 38:6 - 793.5026 793.5027 0.1 0.3 97.7 80.7 54.1 18.7 125.4 24.2
PG 38:7 - 791.4856 791.4855 -1.6 -1.7 48.8 19.3 5.7 3.7 9.6 4.9
PG 40:3 - NA 827.5792 NA -1.9 8.1 21.6 27 2.6 1.8 1.1
PG 40:4 - 825.5652 NA 0.1 NA 7 4.5 6.7 8.7 53 5.2
PG 40:6 - 821.5352 821.5351 1.7 1.6 97.7 68.2 53.1 26 68.9 23.9
PG 40:7 - 819.5176 819.5174 -0.7 -0.9 91.9 84.1 109.1 46.6 200.1 56.1
PG 41:1 - 845.6295 NA 241 NA 24.4 25 41.9 30.6 23.4 28.5
PG 42:0 - NA 861.661 NA 2.3 69.8 51.1 7.9 4 5.4 2.6
PG 43:0 - NA 875.6767 NA 23 66.3 42 5.7 4.5 3.9 2.7
PI32:0 - NA 809.519 NA 0.6 69.8 58 6.9 11.9 4.3 11.9
PI32:1 - 807.5048 807.504 2.4 1.4 80.2 83 6.7 13.9 4.9 30.3
P134:0 - 837.5515 NA 1.9 NA 24.4 23.9 31.3 40.3 211 43.1
PI34:1 - 835.5353 835.5351 1.3 1.1 100 100 212.2 215.8 193.2 390.5
PI134:2 - 833.5175 833.518 -1.3 -0.6 98.8 98.9 27.9 55.7 17.9 101.7
PI34:8 - NA 821.4248 NA 0.2 0 31.8 NA 3.7 NA 25
PI35:1 - 849.5504 849.5507 0.6 1.1 81.4 71.6 5.2 6.9 3.3 7.5
P135:2 - NA 847.5359 NA 2 58 14.8 3.7 4.2 2.8 2.8
PI36:1 - 863.5668 863.5672 15 2 100 100 368.6 237.6 390.4 281.6
PI36:2 - 861.5492 861.5491 -0.8 -0.9 100 100 359.3 285.7 345.2 325.8
P136:3 - 859.5355 859.5342 1.5 0 100 97.7 25.2 43.6 16.2 45.5
PI36:4 - 857.5201 857.5195 1.8 1.1 100 98.9 49.5 139.5 26.8 152
PI36:5 - 855.5045 855.5047 1.9 21 94.2 100 8 11 4.2 6.9
PI37:2 - 875.5647 NA -0.9 NA 1.2 8 1.9 4.5 NA 3.7
PI37:3 - NA 873.549 NA -1 4.7 36.4 1 3.5 1 4.2
PI37:4 - 871.5334 871.5335 -0.9 -0.8 82.6 96.6 4.4 10.4 23 9.3
P138:4 - 885.5488 885.5485 -1.2 -1.5 98.8 100 1451.5 2969.2 1089.7 2537.5
PI38:5 - 883.5353 883.5343 1.2 0.1 100 98.9 80.1 154.3 47.8 168.5
P138:6 - 881.5195 881.5198 1 1.4 100 98.9 17.6 18.8 9.6 15
PI139:4 - 899.5677 899.5668 25 14 36 61.4 241 5 0.9 3.8
Pl 40:4 - 913.5807 913.5807 -0.5 -0.5 100 98.9 11.4 47.7 6.5 53.5
Pl 40:6 - 909.5488 909.5488 -1.2 -1.2 100 98.9 18.8 32.8 11 225
Pl 40:7 - 907.5349 907.5365 0.7 2.6 74.4 76.1 3.4 3.5 1.9 2.4
Pl 40:8 - 905.517 905.519 -1.7 0.5 58.1 64.8 3.1 3.2 1.5 1.8
PS 32:0 - 734.4973 734.4978 -0.7 0 51.2 19.3 1.9 3.2 1.6 4.1
PS 32:1 - 732.4826 732.483 0.7 1.3 52.3 21.6 2.6 5.4 1.5 7.5
PS 33:0 - 748.5121 NA -1.7 NA 7 3.4 277 10.7 141 1.6
PS 33:8 - NA 732.3898 NA 22 32.6 0 3.2 NA 3.7 NA
PS 34:0 - 762.5283 NA -1 NA 4.7 4.5 2.6 3 2.6 1.3
PS 34:1 - 760.5126 760.5125 -1 -1.2 100 97.7 54.9 39.7 31.8 64.7
PS 34:2 - 758.4974 758.4975 -0.5 -0.3 89.5 40.9 7.7 6.9 4.6 7.6
PS 36:1 - 788.5434 788.5435 -1.6 -1.6 100 100 2126.6 1184.7 1970.8 799.9
PS 36:2 - 786.528 786.5286 -1.4 -0.6 100 98.9 164.2 129.7 123.8 103.2
PS 36:3 - 784.5124 784.5129 -1.3 -0.7 97.7 80.7 10.5 6.8 6.1 6
PS 36:4 - 782.4982 782.4975 0.6 -0.3 95.3 43.2 9.3 5.1 7.2 5.5
PS 38:1 - 816.5758 816.5759 -0.3 -0.2 100 98.9 27.2 18 171 16
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m/z in sub-cohort Error [ppm] in sub-cohort Occupation [%] Mean [pmol/mg tissue] SD [pmol/mg tissue]
Species lon mode 1 2 1 2 alveolar tumor alveolar tumor alveolar tumor
PS 38:2 - 814.5599 814.5605 -0.5 0.2 100 97.7 31.2 28.6 21.9 30.3
PS 38:3 - NA 812.5464 NA 21 75.6 75 78.3 109.9 46.7 165.6
PS 38:4 - 810.53 810.5298 1.2 1 100 100 215.6 109.7 181.9 87.3
PS 38:5 - 808.5135 808.5142 0.1 0.9 81.4 35.2 12.5 6.9 7.9 3.6
PS 40:1 - NA 844.6092 NA 23 75.6 71.6 18.4 11.6 1.4 9.1
PS 40:2 - 842.5903 842.5908 -1.6 -1 100 98.9 341 21.4 24.7 22.8
PS 40:4 - 838.5617 838.5617 1.6 1.6 100 98.9 51.1 102.2 39 224.3
PS 40:6 - 834.5295 834.5287 0.6 -0.5 100 100 49.5 75.5 32.3 58.6
PS 40:7 - 832.5139 NA 0.5 NA 8.1 5.7 3.7 3.4 1.2 3
PS 41:0 - 860.6398 860.6377 1.4 -1.1 7 54.5 1.7 7.7 0.8 8.5
PS 42:1 - 872.6381 872.6384 -0.6 -0.3 97.7 89.8 9.3 6.4 6.7 5.2
PS 42:2 - NA 870.6252 NA 25 73.3 68.2 8.2 7.6 4.9 7.8
PS 42:3 - 868.6066 868.6063 -0.8 -1.1 59.3 56.8 3.1 3.7 1.9 27
PS 42:4 - NA 866.5934 NA 2 442 46.6 35 5.7 2.9 6.6
PS 43:4 - 880.6092 NA 21 NA 3.5 8 2 2.6 0.5 1.5
SM 32:1;0 + 675.5433 675.543 -0.4 -0.8 90.7 87.5 215 324 115 25.6
SM 34:0;0 + 705.5919 705.5906 2 0.1 60.5 61.4 25.9 38.8 9.4 23.6
SM 34:1;0 + 703.5751 703.5745 0.3 -0.5 100 100 562.8 639 209.8 420.2
SM 34:2;0 + 701.559 701.5585 -0.2 -1.1 91.9 79.5 19.7 27 8.2 25
SM 36:1;0 + 731.6059 731.6054 -0.4 -1.1 98.8 89.8 74.8 43.6 30.1 34
SM 36:2;0 + 729.5902 729.5899 -0.4 -0.9 7 10.2 14.2 11 4.5 9
SM 38:1;0 + 759.6383 759.6376 11 0.2 98.8 76.1 49.8 249 21 17.5
SM 38:2;0 + 757.6216 757.6217 -0.2 -0.1 29.1 10.2 9.4 16.2 3.8 1.4
SM 40:1;0 + 787.6694 787.669 0.8 0.4 98.8 96.6 135 56.2 58.7 39.3
SM 40:2;0 + 785.6527 785.6527 -0.5 -0.6 98.8 78.4 40.5 29.3 19.4 28.5
SM 41:1;0 + 801.6839 801.6841 -0.6 -0.4 98.8 80.7 37.9 31.5 17.3 275
SM 41:2;,0 + 799.6696 799.6699 1.1 1.4 20.9 15.9 13.8 12.8 9.5 10.6
SM 42:1;0 + 815.7004 815.6999 0.4 -0.2 100 100 203.1 91.5 99.5 58.9
SM 42:2;0 + 813.6849 813.6849 0.6 0.6 100 100 392.5 223.3 167.4 147.3
SM 42:3;0 + 811.6686 811.6685 -0.2 -0.3 98.8 92 67.3 46.1 295 4.7
SM 42:4;,0 + 809.6512 NA -2.3 NA 8.1 5.7 14 9.6 11.5 4.5
SM 43:2;0 + 827.7015 NA 1.8 NA 16.3 3.4 9.6 8.3 4 4.4
SM 44:4;,0 + 837.6827 837.6825 -2 -2.2 47.7 23.9 25.7 13.6 16.2 7.2
TAG 37:3 + 664.5506 664.5504 -0.7 -1 453 67 25.9 271 40 31.8
TAG 37:4 + 662.5348 662.5346 -1 -1.2 32.6 50 14.2 13.7 20.6 16.7
TAG 39:4 + 690.5668 690.5663 0.1 -0.6 58.1 89.8 45.8 86 117.5 166.9
TAG 39:5 + 688.5508 688.5505 -0.4 -0.8 81.4 84.1 56 46.7 62.6 61.7
TAG 41:5 + NA 716.582 NA -0.5 35 273 1.2 12.4 41 20.7
TAG 41:6 + 714.5666 714.5662 -0.2 -0.7 151 63.6 18.3 21.7 35.1 33.8
TAG 417 + 712.5514 712.5508 0.4 -0.3 453 77.3 24.9 58.7 39.4 91.3
TAG 41:8 + NA 710.5353 NA -0.2 18.6 27.3 59 14.6 7 125
TAG 42:1 + 738.6611 NA 0.6 NA 23 9.1 141 9 18.4 19.4
TAG 43:8 + 738.5673 738.5667 0.8 0 3.5 375 16.6 19.9 13.9 23
TAG 43:9 + NA 736.5512 NA 0.2 1.2 26.1 30.3 30.3 NA 445
TAG 44:1 + 766.6924 766.6917 0.7 -0.3 25.6 43.2 28.6 18.8 87.1 59.8
TAG 44:16 + NA 736.4574 NA 0.3 24.4 12.5 141 8.4 9.7 53
TAG 44:2 + 764.6753 764.6752 -1.2 -1.4 12.8 22.7 255 14.5 56.5 38.7
TAG 45:4 + NA 774.6603 NA -0.4 4.7 25 1.5 13.7 7.4 12.6
TAG 46:0 + 796.7392 796.7391 0.5 0.3 34.9 52.3 20 16.2 75.9 36.2
TAG 46:1 + 794.7231 794.7227 -0.1 -0.7 54.7 71.6 46.1 38.5 204.4 134.4
TAG 46:2 + 792.7076 792.7075 0.1 -0.1 23.3 51.1 50.1 235 154.9 73.9
TAG 46:3 + 790.6912 790.691 -0.9 -1.2 9.3 227 25.9 1.3 52.7 26.4
TAG 48:1 + 822.7557 822.7553 15 1 97.7 94.3 88.9 74.9 534.4 2459
TAG 49:1 + 836.7712 836.7708 1.3 0.8 31.4 69.3 26.1 1.3 99.5 19.2
TAG 49:2 + 834.7536 834.7539 -1.1 -0.8 19.8 375 26.8 11.4 82.8 19.7
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m/z in sub-cohort Error [ppm] in sub-cohort Occupation [%] Mean [pmol/mg tissue] SD [pmol/mg tissue]
Species lon mode 1 2 1 2 alveolar tumor alveolar tumor alveolar tumor
TAG 50:1 + 850.785 850.7855 -0.9 -0.3 100 98.9 182.3 175.8 1127.8 448.4
TAG 50:2 + 848.7711 848.771 1.1 1 100 100 217.4 144.7 1409.2 469.8
TAG 50:3 + 846.7546 846.7547 0.1 0.3 87.2 89.8 78.6 52.2 463.1 171.6
TAG 50:4 + 844.7379 844.7384 -1.1 -0.5 33.7 65.9 33.5 275 130.3 94
TAG 50:5 + 842.7244 842.7237 1.4 0.5 18.6 33 8.1 13.6 19.5 36
TAG 51:1 + 864.8024 864.8023 1.1 1 31.4 70.5 14 10 55.9 13.6
TAG 51:2 + 862.7846 862.7855 -1.5 -0.4 48.8 77.3 321 17.3 147.9 34.6
TAG 51:3 + 860.7703 860.771 0.2 1 16.3 455 35.4 9.6 101.2 17.6
TAG 51:4 + NA 858.7558 NA 1.5 3.5 18.2 52 9 87.1 9.1
TAG 52:1 + 878.8161 NA -1.1 NA 7 21.6 3 29 21 35.5
TAG 52:2 + 876.8013 876.8018 -0.2 0.4 100 100 9371 318.9 7088.1 913.9
TAG 52:3 + 874.7853 874.7859 -0.6 0.1 100 100 604.3 2135 4385.2 667.6
TAG 52:4 + 872.7717 872.7716 1.7 1.6 97.7 96.6 107.4 88.9 636.4 261.9
TAG 52:5 + 870.7546 870.7553 0.1 0.9 52.3 78.4 29.9 35.5 116.9 115.8
TAG 52:6 + 868.7378 868.7379 -1.2 -1.1 11.6 51.1 17.9 13.7 40.1 37.7
TAG 53:1 + 892.834 892.8335 1.3 0.8 58 39.8 1.2 4.8 0.7 6.3
TAG 53:2 + 890.817 890.8176 -0.1 0.5 37.2 69.3 26.2 143 1143 23.9
TAG 53:3 + 888.8009 888.8017 -0.6 0.3 27.9 56.8 38 15.6 146.9 29.2
TAG 53:4 + 886.787 886.7874 1.4 1.8 9.3 46.6 32.2 11 74.4 18.2
TAG 53:5 + 884.7717 NA 1.8 NA 2.3 5.7 3.5 3.3 2.9 2
TAG 54:2 + 904.8322 904.8315 -0.7 -1.4 97.7 97.7 57.9 88.8 363 222.3
TAG 54:3 + 902.8176 902.8183 0.5 1.3 100 100 304.3 174.4 2188.5 490.2
TAG 54:4 + 900.8036 900.8034 24 2.2 98.8 100 154.1 180.1 1023.3 743.9
TAG 54:5 + 898.7862 898.7864 0.4 0.7 95.3 96.6 60.7 169.9 315.4 694.1
TAG 54:6 + 896.769 896.7701 -1.3 -0.1 19.8 25 9 34.8 13.4 47.6
TAG 54:7 + 894.7548 894.7556 0.4 1.2 5.8 17 3.3 7.8 3.7 8.7
TAG 55:1 + 920.8636 NA -0.5 NA 0 9.1 NA 1.7 NA 1.1
TAG 55:2 + 918.8495 918.8498 1.2 15 9.3 33 13.8 1.2 28.8 14.4
TAG 55:3 + 916.8345 916.8348 1.9 2.3 9.3 375 21 12.4 471 201
TAG 55:4 + 914.8167 914.8179 -0.4 0.8 3.5 455 2 12.2 0.8 21.4
TAG 55:5 + 912.8002 912.8014 -1.3 -0.1 0 39.8 NA 13.3 NA 23.6
TAG 55:6 + 910.7869 NA 1.2 NA 1.2 9.1 1.5 3.6 NA 3
TAG 56:0 + 936.8948 936.8945 -0.6 -0.9 7 27.3 6.6 4.1 8 4.3
TAG 56:2 + 932.8641 932.8648 0 0.8 36 70.5 133 20.6 51.9 37.3
TAG 56:3 + 930.8474 930.8486 -1.1 0.2 46.5 79.5 20.9 245 96.1 57.4
TAG 56:4 + 928.8331 928.8344 0.3 1.8 47.7 88.6 17.2 77.7 66.5 2176
TAG 56:6 + 924.802 924.8031 0.5 1.8 73.3 93.2 14 112.7 44 328.6
TAG 56:7 + 922.785 922.786 -0.9 0.3 64 92 147 70.7 48.8 2144
TAG 56:8 + 920.7698 920.771 -0.4 0.9 18.6 76.1 125 40.2 32.2 100
TAG 56:9 + 918.7559 NA 1.5 NA 0 6.8 NA 6.5 NA 5
TAG 57:1 + NA 948.8958 NA 0.5 23 19.3 2.4 55 0 3.6
TAG 57:2 + NA 946.8817 NA 241 3.5 14.8 3 13.9 0.1 10.7
TAG 57:3 + NA 944.8657 NA 1.7 10.5 15.9 6.6 225 4.4 33.8
TAG 57:4 + 942.8465 942.8483 -2 -0.1 9.3 27.3 4.6 11.6 3.3 18.7
TAG 57:5 + NA 940.8322 NA -0.6 2.3 26.1 2.7 13.3 0.7 15.6
TAG 57:6 + 938.8162 938.8188 -1 1.8 1.2 30.7 0.8 9.8 NA 14.2
TAG 57:7 + 936.8024 NA 1 NA 0 8 NA 4 NA 4.2
TAG 58:0 + 964.9267 NA 0.1 NA 0 14.8 NA 3 NA 3.5
TAG 58:10 + 944.7693 944.7702 -1 0 3.5 443 4.9 16.8 4.7 24.6
TAG 58:2 + NA 960.8971 NA 1.8 19.8 44.3 54.4 32.1 178.7 54.5
TAG 58:3 + 958.882 NA 2.4 NA 1.2 18.2 9.8 4.4 NA 2.7
TAG 58:4 + 956.8661 NA 21 NA 1.2 19.3 4.8 4.9 NA 4.2
TAG 58:5 + 954.8483 954.8503 -0.1 2 3.5 73.9 2 26.5 1.3 54.2
TAG 58:6 + 952.8315 952.8336 -1.4 0.9 20.9 83 9.4 45.2 19.1 103.9
TAG 58:7 + 950.8156 950.8178 -1.6 0.8 25.6 87.5 1.3 44.5 31 107.2

continued on next page ...

Page 156 Lars F. Eggers, Dissertation, 2017



...continued from previous page

m/z in sub-cohort

Error [ppm] in sub-cohort

Occupation [%]

Mean [pmol/mg tissue]

SD [pmol/mg tissue]

Species lon mode 1 2 1 2 alveolar tumor alveolar tumor alveolar tumor
TAG 58:8 + 948.802 948.8038 0.6 25 17.4 87.5 14.5 54.3 36.6 123.1
TAG 59:2 + NA 974.911 NA 0 4.7 17 23.3 9.2 40.9 8.9
TAG 60:1 + 990.9436 NA 1.3 NA 0 17 NA 6.8 NA 7.6
TAG 60:10 + 972.8001 972.8004 -1.4 -1.1 3.5 55.7 5.7 229 5.2 39.2
TAG 60:12 + 968.7723 NA 22 NA 0 6.8 NA 3.3 NA 1.3
TAG 60:5 + 982.8822 NA 2.6 NA 0 13.6 NA 4.8 NA 4.4
TAG 60:6 + 980.8649 NA 0.9 NA 0 13.6 NA 5.8 NA 5
TAG 60:7 + 978.847 978.8499 -1.5 15 1.2 51.1 5 13.6 NA 30.6
TAG 60:8 + 976.8307 976.8335 -2.1 0.8 1.2 59.1 2.3 247 NA 47.5
TAG 60:9 + 974.8163 974.8181 -0.9 1 1.2 56.8 6.1 26.1 NA 53.4
TAG 62:13 + 994.7852 NA -0.7 NA 0 6.8 NA 241 NA 1
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B Index

Acronyms

A
AcOCI
ADC
AECI
AECII
AM
amu
au
AuC
BALF
BHT
BMI
ccs
cbpP
CE
Cer
CHO;
CID
CL
CoA
COPD

*.CSV

alveolar tissue

acetyl chloride
adenocarcinoma

alveolar epithelial cells type |
alveolar epithelial cells type Il
alveolar macrophages
atomic mass units

arbitrary units

area under the curve
brochio-alveolar lavage fluid
butylhydroxy toluene

body mass index

collisional cross-sections
cytidine diphosphate
cholesteryl ester

ceramide

formate

collision-induced dissociation
cardiolipin

coenzyme A

chronic obstructive pulmonary disease

comma-separated-values
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B Index

cv

DA

DAG

db

DNA

dt

ESI

even humbered FA

FA

FC

FDR

FT-ICR

FWHM

xg

GC

GL

GOLD

GPL

GSL

Hb

HE

HexCer

HG

HOPE

HPLC

cross-validation

deuterium, 2y

discriminant analysis

diacylglycerol

carbon-carbon double bond
deoxyribonucleic acid

detection threshold

electrospray ionization

fatty acid with even numbers of carbon atoms
fatty acid

free cholesterol

false discovery rate

Fourier-transform ion cyclotron resonance
full-width-at-half-maximum

times the g-force

gas chromatography

glycerolipid

global initiative for chronic obstructive lung disease
glycerophospholipid

glyco-sphingolipid

hemoglobin

hematoxylin and eosin

hexosylceramide

head group

4-(5-hydroxylethyl)-1-piperazineethanesulfonic acid (HEPES)-glutamic acid buffer

mediated organic solvent protection effect
high pressure liquid chromatography

identifier
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Acronyms

ISD

LC

LCC

LCL

LIFS

LPA

LPC

LPE

LPG

LPI

LPS

LUX
[M+CHO,]
[M+CIT
[M+H]*
[M-HT
[M+NH4]*
[M+OAc]
Am

MAG
MALDI
MFQL
MS

Ms®

MSI
MTBE

m/z

ion mobility

internal standard

liquid chromatography

large-cell carcinoma

lyso-cardiolipin

lipidomics informatics for life science
lyso-phosphatidic acid
lyso-phosphatidylcholine
lyso-phosphatidylethanolamine
lyso-phosphatidylglycerol
lyso-phosphatidylinositol
lyso-phosphatidylserine

lipidome juxtaposition

formate adduct ions

chlorinated adduct ions

protonated molecular ions
deprotonated molecular ions
ammonium cation adduct ions
acetate adduct ions

mass difference

monoacylglycerol

matrix assisted laser desorption/ionization
molecular fragmentation query language
mass spectrometry

tandem mass spectrometry

mass spectrometric imaging
tert-butyl methyl ether

mass-to-charge ratio
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NET neuroendocrine tumor
NHz ammonium

NH,4CI ammonium chloride
NH;0Ac ammonium acetate

NLS neutral-loss scanning
NSCLC non-small-cell lung cancer
OAc actetate

odd numbered FA fatty acid with odd numbers of carbon atoms

OH hydroxylation

OzID ozone-induced-dissociation

PA phosphatidic acid

PB Paterno-Blichi reaction

PC phosphatidylcholine

pc principal component

pca principal component analysis
PC O- phosphatidylcholine ether
PCSNR percentage change of signal-to-noise ratios
PE phosphatidylethanolamine
PEEK poly-ether-ether-ketone

PEG polyethyleneglycol

PE O- phosphatidylethanolamine ether
PG phosphatidylglycerol

PI phosphatidylinositol

PIS precursor ion scan

PLS partial least-squares

ppm parts-per-million

PS phosphatidylserine

PUFA poly-unsaturated fatty acid
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Acronyms

PY

Q2
QqQ

RNA
ROC
RP
RSD
S1P
SCA
scC
SD
SL
SM
sh
SNR
SP
surfactant
t

T
TAG
TLC
TOF

*.ixt

pack years

quadrupole

cross-validated regression coefficient
triple quadruple mass spectrometer
linear regression coefficient
ribonucleic acid

receiver operating characteristics
resolving power

relative standard deviation
sphingosine-1-phosphate
sarcomatoid tumor

squamous-cell carcinoma

standard deviation

sphingolipid

sphingomyelin

stereospecific numbering
signal-to-noise ratio

surfactant protein

surface-active agent

components calculated for predictor variables
tumor tissue

triacylglycerol

thin-layer chromatography

time of flight

tab-delimited text

Wilcoxon Mann-Whitney U
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