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Zusammenfassung

Lipide sind Botenstoffe, Energiespeicher-Molekiile und eine
strukturelle Komponente von biologischen Membranen; gehoren somit zu den
wichtigsten Biomolekiilen. Bekannte Vertreter sind z.B. Cholesterin, Vitamin A,
Omega-3-Fettsaure, Sphingomyelin. Angesichts der Tatsache, dass Lipide diese
vielfaltigen Rollen spielen, ist es keine Uberraschung, dass sie bei vielen Krankheiten,
einschlieBlich Alzheimern und Krebs, verdndert sind. Organismen wie Hefe,
Fruchtfliege werden als Modelle verwendet, um den Stoffwechsel zu verstehen, aber

ihre Lipidstrukturen unterscheiden sich von denen des Menschen.

Lipide kénnen durch eine Reihe biochemischer Techniken bestimmt (oder
gemessen) werden, die als "Lipidomik" zusammengefasst werden. Die hohe
Durchsatzrate der aktuellen Lipidomik-Plattformen erlaubt zur Identifizierung von
Hunderten von Lipiden aus einem gegebenen biologischen Material, das als Lipidom
bezeichnet wird. Die Fortschritte in der Massenspektrometrie-Instrumentierung
fihrten zu einer Erhohung der Anzahl katalogisierter Lipide, was sich in der
erweiterten LIPID-MAPS-Strukturdatenbank widerspiegelt, aber
Berechnungsmethoden zur Analyse dieser Hochdurchsatzdaten sind begrenzt. Vor
allem gibt es keine Methoden, die Lipidstrukturunterschiede verwenden, um

Lipidome von Modellorganismen und Menschen zu vergleichen.

Ziel dieser Studie ist es, rechnerische Methoden zur Verfiigung zu stellen, die
einen besseren Einblick in die Lipidomik-Daten bieten. In dieser Studie wurde ein
metrisches Raummodell von Lipiden und Lipidomen entwickelt, das aus drei
Schritten besteht. Zuerst wird eine Stringdarstellung von Lipiden, SMILES,
untersucht.  Zweitens wurden Methoden zur Bestimmung der strukturellen
Ahnlichkeit von Lipid-SMILES getestet. Drittens werden Strategien zur
Visualisierung  und Gegeniiberstellung  von Lipidomen  vorgestellt.
Lipidom-Nebeneinanderstellung (LUX), die als Teil dieser Studie entwickelt wurde,
zielt auf den globalen Vergleich von Lipidprofilen, insbesondere zwischen
Modellorganismen und Menschen, ab. Diese Studie ergidnzt die vorhandenen
Downstream-Datenanalyse-Techniken, indem sie LUX-Score als eine neue

Mafinahme der Lipidom-Divergenz vorschlagt.
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Abstract

Lipids are important biomolecules. They are signal messengers, energy
storage molecules and a major structural component of biological membranes, e.g.
cholesterol, vitamin A, w-3-fatty acid, sphingomyelin etc. Given that lipids play
these diverse roles, it is no surprise they are disrupted in many diseases, including
Alzheimer’s and cancer. Organisms such as yeast, fruit fly are used as models to

understand disease metabolism but their lipid structures are different from humans.

Lipidomics is the study of the structure and function of the complete set of
lipids (the lipidome) produced in a given cell or organism as well as their interactions
with other lipids, proteins and metabolites. The advances in mass spectrometry
based lipidomics has led to an increase in the number of cataloged lipids, which
is reflected in the expanded LIPID MAPS Structure Database, but computational
methods for analyzing this high-throughput data are limited. Expecially, there are no
methods that use lipid structure differences to compare lipidomes of model organisms
and humans. Statistical methods such as correlation coefficient and multi variate
regression models are increasingly used to find patterns in lipidomics datasets, but
the problem is that only lipid abundances (rather than structures) were used for

comparison and clustering.

The aim of this study is to provide computational methods that offer better
insights into the lipidomics data. A metric space model of lipids and lipidomes was
developed in this study, which was achieved in three steps. First, a string
representation of lipids, SMILES is throughly examined. Second, methods to
determine structural similarity from lipid SMILES were tested. Third, strategies to
visualize and juxtapose lipidomes are presented. Lipidome juxtaposition (LUX)
score that was developed in this study is aimed at global comparison of lipid profiles,
especially between model organisms and humans. This study complements the
existing down stream data analysis techniques by suggesting LUX score as a new

measure of lipidome divergence.
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Introduction

What is a ‘lipid’? or the difficulty with definition

The term ‘lipid’ has no universally accepted definition [1-4]. In the International
Union of Pure and Applied Chemistry (IUPAC) nomenclature, chemical compounds
were grouped by the presence of a distinguishing structural feature or a functional
group [5]. Surprisingly for lipids, the grouping is not based on structure but on the
basis of solubility. IUPAC defines lipids as “substances of biological origin that are
soluble in non-polar solvents” [5]. However, the solubility-based definition is not
adequate because some lipids (example, gangliosides) are soluble in polar
solvents [6]. A definition based on function and biosynthesis was presented by
Christie et al. “lipids are fatty acids and their derivatives, and substances related
biosynthetically or functionally to these compounds” [7]. But this definition does
not include steroid hormones and polyketides. Recently, Fahy et al. defined lipids as
“hydrophobic or amphipathic small molecules that may originate entirely or in part
by carbanion based condensations of thioesters (fatty acyls, glycerolipids,
glycerophospholipids, sphingolipids, saccharolipids, and polyketides) and/or by
carbocation-based condensations of isoprene units (prenol lipids and sterol
lipids)” [8]. The last definition encompasses many heterogeneous organic compounds

and was formulated for lipid classification [Table 1.1].

Lipidomics is relatively new - a historical overview

The term ‘lipidome analysis’ was introduced by Kishimoto et al. [10] to describe
an analytical method for determining and comparing the “changed mass of multiple
lipid species”. Later, Han et al. expanded the scope of lipidomics as the use of
“multiple techniques to quantitate the hundreds of chemically distinct lipids in cells
and determine the molecular mechanisms through which they facilitate cellular
function” [11]. Methods to identify proteins and genes from biological samples
are fairly advanced, even though methods for lipid analysis are not as advanced,
they are fast improving [12-14]. Earlier studies used fluorescent dyes, Thin Layer
Chromatography (TLC) and enzyme kits to identify lipids [10]. These methods were

1



1. Introduction

Table 1.1: Lipid classification by Fahy et al. [8,9]

A Fatty Acyls

1 Fatty Acids and Conjugates
Octadecanoids
Eicosanoids
Docosanoids
Fatty alcohols
Fatty aldehydes
Fatty esters
Fatty amides
9 Fatty nitriles
10 Fatty ethers
11 Hydrocarbons
12 Oxygenated hydrocarbons
13 Fatty acyl glycosides
00 Other Fatty Acyls

0 J O Ui Wi

B Glycerolipids

Monoradylglycerols
Monoacylglycerols
Monoalkylglycerols
Mono-(1Z-alkenyl)-glycerols
Diradylglycerols
Triradylglycerols
Glycosylmonoradylglycerols
Glycosyldiradylglycerols
Other Glycerolipids

C Glycerophospholipids

Glycerophosphocholines
Glycerophosphoethanolamines
Glycerophosphoserines
Glycerophosphoglycerols
Glycerophosphoglycerophosphates
Glycerophosphoinositols
Glycerophosphoinositol monophosphates
Glycerophosphoinositol bisphosphates
Glycerophosphoinositol trisphosphates
10 Glycerophosphates

11 Glyceropyrophosphates

12 Glycerophosphoglycerophosphoglycerols
13 CDP-Glycerols

14 Glycosylglycerophospholipids

15 Glycerophosphoinositolglycans

16 Glycerophosphonocholines

17 Glycerophosphonoethanolamines

18 Di-glycerol tetraether phospholipids

19 Glycerol-nonitol tetraether phospholipids
20 Oxidized glycerophospholipids

00 Other Glycerophospholipids

@OO\IOJU‘%OJ[\DI—\Q O 00O Uik W

D Sphingolipids

E

Tk W N~ Wn O © 00O U W

)
)

Sphingoid bases

Ceramides
Phosphosphingolipids
Phosphonosphingolipids
Neutral glycosphingolipids
Acidic glycosphingolipids
Basic glycosphingolipids
Amphoteric glycosphingolipids
Arsenosphingolipids

Other Sphingolipids

terol Lipids

Sterols

Steroids

Secosteroids

Bile acids and derivatives
Steroid conjugates

Other Sterol lipids

F Prenol Lipids

1
2
3
4
00

G S

T W N =

00

Isoprenoids

Quinones and hydroquinones
Polyprenols

Hopanoids

Other Prenol lipids

accharolipids

Acylaminosugars
Acylaminosugar glycans
Acyltrehaloses
Acyltrehalose glycans
Other acyl sugars
Other Saccharolipids

H Polyketides

1

0O ~J O U i~ W N

10
11
12
13
14
00

Linear polyketides

Halogenated acetogenins
Annonaceae acetogenins

Macrolides and lactone polyketides
Ansamycins and related polyketides
Polyenes

Linear tetracyclines

Angucyclines

Polyether antibiotics

Aflatoxins and related substances
Cytochalasins

Flavonoids

Aromatic polyketides
Non-ribosomal peptide/polyketide hybrids
Other Polyketides

time consuming and identification is only possible at the level of lipid class [Fig. 1.1].

Electron Spray Ionization coupled with Mass Spectrometry (ESI-MS) was used for




1.1. Use of Model Organisms in Lipidomics

the separating lipids to the level of molecular species [15]. ESI-MS work flow often
involves a solvent extraction step but Matrix Assisted Laser Desorption Ionization
(MALDI) technique does not require solvent extraction [16]. In the last two decades,
the technological advances in mass spectrometry instrumentation had a positive
impact on lipidomics in two complementary ways a. an increase in the number
of distinct lipid species identified from a given sample and b. improved structure
characterization, such as the acyl chain composition [Fig. 1.1] [17,18]. Recent
methods, especially the ‘shotgun’ lipidomics work flow allowed the quantification
of more than 250 lipid species in a few minutes [Fig. 1.2] [19]. The lipid extraction
procedure in the work flow [Fig. 1.2] is different for polar and non-polar lipids because
the protocol depends on the lipid class [20]. Some lipids must be chemically modified
to facilitate the identification using ESI-MS, example, cholesterol and similar lipids

are acetlylated [21].

The ability to quickly identify lipids from biological material is reflected in the
increased number of lipidomics publications [Fig. 1.3]. The lipids of Human Immuno
deficiency Virus [24], yeast [23,25] and an epithelial cell line during differentiation [26]
were characterized with ESI-MS. The high-throughput nature of current lipidomics
work flow results in thousands of mass spectra from a single sample run in the ESI-MS
instrument [27-29]. The process of identifying the lipids from the m/z spectra is
automated through software pipelines such as mzMine, LipidXplorer, ALEX [30-35].
The sensitivity of lipid detection from biological samples is currently limited to 10-20
lipid classes and a few hundred lipid species, but these numbers are expected to

increase [36].

1.1 Use of Model Organisms in Lipidomics

Model organisms are employed in biological research because of their 1. shorter
life cycle facilitating multi-generational experiments and 2. the relative simplicity
of their genome that allows targeted gene modifications [37,38]. For example,
Klose et al. employed yeast as a model organism to study the physical properties
of lipid membranes [39,40]. Santos et al. used yeast as a model to study the

function of fatty acid elongase enzymes [25]. The nucleotide sequences of the yeast
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Lipid classes Lipid species Lipid molecular species
PtdCho 34:2 PtdCho 16:0-18:2
Cer 758.6 PtdCho 16:1-1811

PtdlEtn I

PtdCho 341
760.6

816.7

PtdCho 16:0-181

818.8
PtdGro v
PtdCho L]
o PtdCho 34:3 PtdCho 161-18:2
SM| 756.6 8147
oL l l \ 1 \
755 760 810 815 820
m/z m/z
TLC and GC-MS Triple quadrupole Hybrid tandem

1980s

mass spectrometers

1990s

mass spectrometers

2000s

Figure 1.1: Timeline of improvements in lipid identification. In the 1980’s, lipid
classes were identified with TLC and GC-MS. In the 1990’s, lipid-classes were
separated to the level of lipid molecular species with the use of triple quadrupole
mass spectrometers (for example, PtdCho class is separated to PtdCho 34:1 (34
carbon atoms and 1 double bond), 34:2 and 34:3 species based on the m/z ratio
spectrum (m mass, z charge). In the 2000’s, it was possible to identify the acyl chain
composition for each lipid species with the use of tandem mass spectrometers. TLC -
Thin Layer Chromatography; GC-MS - Gas Chromatography - Mass Spectrometry;
Cer - Ceramide, PtdEtn (or PE) Phosphatidyl Ethanolamine; PtdGro (or PG) -
Phosphatidyl Glycerols; SM - Sphingomyelin; GSL - Glycero-Sphingolipids. Extracted
from Shevchenko and Simons [22].

internal

lipid standards Yeast cell lysate

Chloroform/methanol.---- ‘ Mass Spectrometry

17:1,vyN) 0.
( M IQSTAR : ,
i Non polar lipid; ! : Data processing
|extraction | 'MPIS | | software
Robotic | IMRM !
Chloroform/methanol ~--- sample— }L'p'd Profiler;
(2:1, VIV) infusion (ALEX

| extraction

i Polar lipid 3 '

Figure 1.2: Overview of Shotgun lipidomics workflow. Internal lipid standards were
added to cell lysate for quantification. QSTAR and LTQ Orbitrap are instrument
models. MPIS - Multiple Precursor Ion Scanning; MRM - Multiple Reaction
Monitoring; FT MS - Fourier Transform Mass Spectrometry. Modified from Ejsing
et al. [23].
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533
379
227
175
78
1 13
2001 2002 2004 2006 2008 2010 2012 2014
2003 2005 2007 2009 2011 2013 2015

Figure 1.3: Number of publications per year with the word ‘Lipidomle][ics]’ in the
title or abstract section of a manuscript. Collected from Web of Science database.

fatty acid elongase genes Elol, Elo2 and Elo3 have sequence similarity with the
mammalian genes Cig30, Sscl, and Ssc2, which makes the knock-out experiments
in yeast relevant to mammals [41,42]. Lipids were studied in pathogens such as
Candida [43], Trypanosoma [44], Tozoplasma [45], Leishmania [46] and Mycobacterium
tuberculosis [47] for their role in regulating the disease progression. Caenorhabditis
elegans (round worm) is used as a model organism to visualize lipid droplets because
of its transparent body [48]. Sterols in fruit fly have been studied for their role in
maturation from larvae to adult [49]. Tortoriello et al. suggested fruit fly as a model

to study lipid signaling pathways [50,51].

Although model organisms like yeast and fruit fly are routinely used in
lipidomics, the regulatory enzymes [Fig. 1.4] and lipid structures are different,
especially the acyl chain length, the degree of unsaturation and the hydrocarbon
branching pattern [Table 1.2] [52-56]. For instance, the highly abundant lipid,
cholesterol in mammals is not present as structural component of membranes in
yeast and fruit fly, but they have a structurally similar molecule, ergosterol [Fig.
1.5]. The membrane lipid, sphingomyelin (named after the white fatty substance
surrounding nerve cell axons) is found in mammals, but a structural analogue
ceramide phosphoethanolamine is present in fruit fly [Fig. 1.6] [57]. The long chain
base (LCB) of ceramides is an 18 carbon length sphingosine in yeast and mammals,
but it is shorter (14 carbon length) in fruit fly [49,58]. The round worm has a
unique branched chain head group with odd-number of carbon atoms [59,60]. Lipid

structures also depend on the habitat temperature, example, thermally acclimatized

Y



1. Introduction

MAMMALS
glucose — pyruvate
Ffoeharaia " oo | oytosal CSReppay . | Broxidation
| AcCoA | e-oo-" (PPAR]
i (Acetyl Coenzyme A) 3 MalCoA RN FA'S
§ oxaloacetate-——»l N T'DAG—>TAG
| citrate —+— AcCoA W‘T\AMPK/? ,,,,, | PA —» PL — PL-PUFA
oxaloacetate PUFA's (diet)
AceAcCoA —— cholesterol
{SREBP-2
YEAST
glucose — pyruvate —— acetaldehyde —» ethanol SE’_t23 B-oxidation
TRedhoRdRE T i ””””” | ‘ Mga2
| AcCoA MalCoA—
| oxaloacetate - - »l “Snf1 r’ DAG — TAG
citrate PA — PL

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

cytosol

AceAcCoA —— ergosterol

Figure 1.4: Lipid metabolism, regulation in mammals and yeast. The substrates
of lipid biosynthesis such as AceAcCoA, MalCoA are common for the two systems.
The yeast has more enzymes involved in regulation (Spt23, Mga2, Pip2, Oafl, Snfl,
Upc2, Ecm22) in comparison to mammals (SREBP-1, PPAR, AMPK, SREBP-2).
Cholesterol is major sterol in mammals but in yeast, it is ergosterol. Mammals take
up fatty acids through diet and these are incorporated into the different lipid pools
(here only illustrated to the PL-pool). AceAcCoA - Aceto Acetyl Coenzyme A;
MalCoA - Malonyl Coenzyme A; FAs — fatty acids; PA — phosphatidic acid;
DAG - diacylglycerols; TAG — triacylglycerols; PL — phospholipids; PL-PUFA
— phospholipids containing poly-unsaturated fatty acids. Modified from Nielsen [63].

organisms have a higher proportion of ether-linked phospholipids and their lipids are

more saturated [61,62].

Given these variations, the focus of this thesis is to develop methods for
systematically measuring the lipid structure differences between organisms. I will
consider the problem of comparing lipid structures under two sections a. the different

approaches to represent structures and b. algorithms to calculate structure similarity.

6



1.1. Use of Model Organisms in Lipidomics

Table 1.2: Major lipid classes in selected organisms

Organism Phospholipids Sterols Sphingolipids

1 Saccharomycetes PI, PE, PC, PA, PS, PG  Ergosterol, IPC, LCB(C18)
cervicae Ergostedienol
(yeast)

2 Caenorhabditis  PC, PE, PI, PS, PG, PA, SM, iso-branch
elegans high abundance of PUFA LCB(C17)
(round worm)

3 Drosophila PE, PC, PI, PS, PG, PA, Ergosterol CerPE, shorter
melanogaster lacks PUFA LCB(C14)
(fruit fly)

4  Mammals PC, PE, PI, PS, PG, PA  Cholesterol SM, LCB(C18)

PI - Phoshatidyl Inositol; PE - Phosphatidyl Ethanolamine; PC - Phosphatidyl Choline;
PA - Phosphatidic Acid; PS - Phosphatidyl Serine; PG - Phosphatidyl Glycerol; PUFA
- Poly Unsaturated Fatty Acid; IPC - Inositol Phosphoryl Ceramide; LCB - Long Chain
Base; SM - Sphingomyelin; C[14][17][18] - number of carbon atoms in LCB.

(a) Cholesterol (b) Ergosterol

Figure 1.5: The structure of major sterol in mammals, Cholesterol (a), in yeast and
fruit fly, Ergosterol (b). Three regions of the Cholesterol structure were marked to
indicate the difference with Ergosterol.
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head group Long Chain Base (LCB)
(a) Sphingomyelin

0]

-----------------------

head group

(b) Ceramide-phosphoethanolamine

Figure 1.6: The structure of important sphingolipid in mammals, Sphingomyelin
(a) and its closest structural counterpart in fruit fly, ceramide-phosphoethanolamine
(b). The LCB in mammals has 18 carbon atoms (C18) but in fruit fly, it has 14. In
ceramide-phosphoethanolamine the head group is ethanolamine but in sphingomyelin
it is choline.




1.2. Representation of Lipid Structures as Strings

1.2 Representation of Lipid Structures as Strings

The text book representation of molecules is a ball and stick model which represents
the topology of a molecular structure [Fig. 1.7] [64,65]. This model is also referred
as graph representation, with nodes as atoms, and edges as chemical bonds between
them. Numerous flat text file formats are available that provide rules for drawing
molecule graphs consistently [66]. Molecular structures can also be represented with

linear models (also referred to as line or string notation).

Linear models have a long history dating back to Wiswesser Line Notation
in 1949 [67,68]. The most popular linear representation format currently in use is
SMILES (Simplified Molecular Input Line Entry Specification), although many more
(ROSDAL, SLN etc.) are available [69-71]. String representations do not contain 3D
coordinate information but are very popular in large databases such as the Chemical
Abstracts Service (CAS) Registry. InChl (IUPAC International Chemical Identifier)
is an extension of the IUPAC nomenclature of molecules [72,73]. It is an identifier for
molecules, similar to CAS Registry number, PubChem ID or LIPIDMAPS ID. Unlike
other identifiers, the InChlI string also functions like a line notation of a chemical

structure [71].

SMILES is a linear chemical notation system to represent structures using plain
text characters. The SMILES specification was developed by Weininger [74] for the
purpose of database retrieval, substructure searching and property prediction models.
SMILES notation was used for calculating the surface property of molecules by Ertl
et al. [75]. Structure repositories such as ZINC [76], Drug Bank [77], ChEBI [78],
PubChem [79] and LMSD [80] provide SMILES notation for molecules.

A chemical structure can have many valid SMILES representations. In Fig.
1.7, a ceramide molecule is shown in 2-Dimensional representation, followed by two
valid SMILES representations. Notice that the first SMILES starts from omega
carbon of the acyl chain (w) and second from omega carbon of head group (€2). To
avoid maintaining two copies of the same molecule in a database, the concept of
unique SMILES (also referred as canonical SMILES) was introduced by Weininger et
al. [81,82]. Programs to generate SMILES and canonical SMILES are made available
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OH o)
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w Q
CCCCCCCCCCCC(0)CCCCCC(=0)NC(CO)C(0)C=CCCCCCCCCCCC

SCCCCCCCCCCC=CC(O)C(CO)NC(=O)CCCCCCC(O)CCCCCCCCC(CL:)

Figure 1.7: Representation of a ceramide (Cer 34:1) structure. The molecule has 34
carbon atoms, one double bond and a total of three hydroxyl groups. The structure
is shown in three ways. a. Ball and stick model b. Line drawing and c¢. SMILES.
The head group is dark shaded and acyl chain is lighter. The farthest carbon from
carboxyl end in acyl chain is indicated with omega symbols. The two SMILES
representations in panel ¢ are written 1. starting from acyl chain (w) and 2. starting
from head group (£2) respectively.

by both proprietary vendors (like Chem3D software program) and by open source
community, like CACTVS [83] and Open Babel [84].

Rules for defining SMILES strings have developed further since the first
publication in 1988, but this has led to different and occasionally, conflicting proposals.
For instance, Open Babel uses open SMILES specification by James et al. CACTVS
algorithm is based on unique SMILES definition of Weininger et al. [81] but it is not
up to date with latest specifications. SMILES notation is suitable for representing
lipid structures because of its simplicity and readability but, the problem is - how to

select the best specification suitable for lipids ?

The broader aim of this work may be the comparison of lipidomes, but the first
step is finding an appropriate SMILES representation. This means that intuitively
small changes in structure should lead to small changes in the SMILES strings. The

10
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first part of the results chapter [section 3.1] compares string from three SMILES-
generation methods (1. Template SMILES 2. CACTVS canonical SMILES and 3.
Open Babel canonical SMILES) based on a smaller set of lipids. In the second part
of the results [section 3.2], only the most appropriate representation was used, but

tested on a larger data set.

1.3 Algorithms to Measure Structure Similarity
from Strings

Methods to determine structure similarity from linear representation of molecules
were initially developed for database searches [85]. The process of a database search
starts with a query structure and the aim is to retrieve a ranked list of similar
molecules. This procedure involves matching the query structure to a database
molecule. The class of algorithms that perform this task are referred as sub-structure
matching algorithms. However, very large databases use precomputed pairwise
similarity matrices to reduce the sub-structure matching time. In the absence of a
query, the complete structure of a molecule is used for calculating pairwise similarity
scores. Three sub-structure and three complete-structure comparison algorithms

were tested in this study.

1.3.1 Molecular Fingerprints

Fingerprints are by definition unique to an individual, like a signature, but that
definition is misleading when applied in the context of molecules. Fingerprints
are a hashed version of structural features that are commonly used for comparing
molecules in pharmacological research [85,86]. Depending on the nature of algorithm
used to generate them, a fingerprint can be a physical descriptor (such as molecular
weight), an atom coordinate or the connectivity [87,88]. A brief working principle of

a fingerprinting procedure is illustrated in Fig. 1.8.

FP2 and FP3 fingerprinting algorithms of Open Babel software library convert
SMILES to bit strings of length 1024 [84]. In the FP2 algorithm, molecules are
broken to overlapping fragments of length 7. A hash function is used on each

fragment, returning a number between 0 and 1023 which is used to set a bit in an

11
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Number of bits set in both (X) and (Y) = 3
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Number of bits set in (X), but not in (Y)
(X)

2
Number of bits set in (Y), but not in 0

Figure 1.8: Tllustration of a simple fingerprinting approach. Two molecules (X) and
(Y) were compared using a selected list of 7 structure fingerprints. The presence (or

absence) of a feature is marked with digits (1, 0) respectively. The summation of the
bits in (X) and (Y), can be used to calculate a similarity measure.

bit-vector. MACCS (Molecular ACCess System) fingerprinting procedure assigns a
unique number to each 'feature’ of the structure [89]. Experiments analyzing the FP2
fingerprinting algorithm on a set of ceramide and phosphotidyl-inositol structures

will be described in the results chapter.

LINGO is a type of molecular fingerprint that uses a fixed length sub string

of SMILES [Equation 1.1]. The process of LINGO generation is described in Fig. 1.9.

LINGO fingerprint was used for virtual screening of drug candidate molecules [90].

Structure similarity is measured from fingerprints with the use of a scoring function
[Equation 1.2].

Ny=n—(q—1) (1.1)

n is the length of SMILES string, N; is the number of LINGOs, each of length g.

l L INAi = Nl
D WS o
=1 A B,i
5 = : (1.2)

s7 is the similaity between a pair of SMILES strings A, B. N 4 ; is the number of
LINGOs of type 7 in molecule A, N ; is the number of LINGOs of type 7 in B, and
[ is the number of LINGOs contained in either molecule A or B [91].

12
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Canonical SMILES Code: ]

C[ND/C' » [CN(C)CCCNlc2ccccc25c30cc(Cl)cc13
S

chlorpromazine NEW SMILES
REPRESENTATION
LINGO freq.
LINGQ freq. “cee(” I‘Tq LINGO freq.
“N(C)”... 1 cc00” . 1 “c0Sc”.... 1 LINGO
“0Sc0”.... 1 > “0c0c”.... 1
“ceee”..... 2 ‘{C)CCaC ’ } “CN(C”.. 1 FRAGMENTATION Modified SMILES Code:
i oo 1 Lemd € | (NOCCONOc0eccecOSelee(Lycetd
“C)CC.. 1 e “CNOC™ .. 1
oLy 1 Yec0. 1 “(C)C”.... 1 q=4
“cccl) 1 ccOS"“ 1 “c0cc”....2
Occc 2 CCON™ 1 “CCNO™.. 1

LINGO profile is a holographic
representation of the SMILES code.

Figure 1.9: LINGO generation work flow. The process of generating LINGOs for
chlorpromazine is summarized in 3 steps. First, the canonical SMILES of the molecule
is generated, followed by transformation of digits (1 —9) to 0 and two letter atom
(Cl) to a single letter (L). A moving frame of length 4 (¢ = 4) is used to fragment
the transformed SMILES (length 31) to 25 LINGOs. The frequency of occurrence
of each LINGO is compared with another molecule’s LINGO frequency to calculate
structure similarity. Modified from Vidal et al. [91]

1.3.2 Sequence Alignment

Sequence alignments were used to measure similarity between a pair of amino
acid sequences [92,93]. Smith and Waterman proposed a formal definition for the
alignment procedure that can be used to calculate the sequence similarity [94]. Their
function is optimized for finding regions with high similarity (called local alignment)
but alternative approaches that were optimized for entire sequences (global alignment)
are also available [95]. In biology, one is often interested in comparing all sequences of
a gene or protein family, called Multiple Sequence Alignment (MSA) [96-98]. Edgar
developed an MSA program that is faster and hence useful for larger sets [Fig. 1.10].
I posed the question, as to whether lipid SMILES could be regarded as sequences

and compared using these methods.

Levenshtein described a method to detect errors in binary code, often referred
as a fuzzy string matching approach [100]. Levenshtein’s method is popular in the
field of natural language processing to perform spell checks [101-104]. Given a pair of
strings and costs for editing, a dynamic programming approach is used to determine
the sequence of edits that minimizes the total cost of transforming one string to

another [Fig. 1.11] [105,106]. T investigated whether fuzzy string matching could be
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1.1 k-mer 1.2 1.3 progressive
counting UPGMA alignment
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unaligned S ———
sequences k-mer distance TREE1
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; P < A Kimura distance
< -
; o e—— matrix D2
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3 2.2 UPGMA
MSA2 alignment TREE?

3.3 re-align
=< 3.2compute  profiles
subtree profiles

3.1 delete T A
e r -
edge from TREE2 T ﬁepeft—, -
giving 2 subtrees

Figure 1.10: Summary of the steps in MUSCLE algorithm. The three main stages are
1. draft progressive alignment 2. improved progressive alignment and 3. refinement.
UPGMA - Unweighted Pair Group Method with Arithmetic mean; Kmer - a
contiguous subsequence of length k; SP - sum of pairwise alignment scores. Extracted
from Edgar [99].

used for comparing lipid SMILES.

dpp =0
0 ai:b'
’ J
di—1 -1+
ce, a; £ b
d;; = min T i 00 j>0
di—1 5 +¢q
dz,j—1+cz

Figure 1.11: Illustration of a dynamic programming approach. Let A =aj...am
and B = by ...bp are two strings, ¢, ¢; and c¢ are costs for deletion, insertion and
change, then, dz‘j = d(al...ai,bl...bj) for 0 < i <m, 0 <j <n can be calculated
by recursion. Modified from Ukkonen [107].

Bioisosteric method uses SMILES representation and dynamic programming

to measure structural similarity [Fig. 1.12]. It was originally developed for virtual

screening of drug candidates but tested in this study to compare lipid SMILES.
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Figure 1.12: Tlustration of Bioisosteric similarity calculation procedure. The
similarity is calculated for two molecules lisinopril and zabiciprilat. In the first
step, the main chain (A) from the CACTVS canonical SMILES representation of the
two molecules were aligned. The smaller chains (B-G) were aligned next iterating
for best combination. In the last step, the aligned chains were assembled to compute
overall similarity between two molecules. Modified from Krier et al. [108].
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1.3.3 Metric Space for Lipid Structures

A metric space is a pair (X, p) of a set X and a metric p on X if p satisfies the
four conditions [Equation 1.3] [109]. Chemical space is a theme in pharmaceutical
research, the computational search for new drug compounds often starts from the
region nearer to an existing drug molecule in the chemical space [110-112]. Inspired
by the chemical space for drug compounds, I asked the question, weather such spaces
could be created for lipid structures? Molecular descriptors were used to create
chemical spaces of pharmacologically relevant compounds [113,114]. The structural
similarity scores obtained from fingerprints or sequence alignments could be used as
a metric for lipids [115]. Metric spaces could be visualized by converting similarity
matrices to coordinates with the use of dimensional scaling methods such as Principal

Component Analysis, henceforth referred as PCA space [116,117].

p(x,y) + ply,z) > p(z,z) for all z,y,z € X (1.3)

1.4 Comparative Lipidomics

The volume of experimental data has led to the need for methods to cluster lipids
and compare lipidomes [118]. Often, researchers look at comparative lipidomics from
the perspective of an increase (or decrease) in lipid abundances [23,119-122]. Simple
difference of the lipid concentration levels is a frequently used approach to compare
lipid profiles [Fig. 1.13]. The aim of lipidomics experiments is to quantify as many
lipids as possible from samples and then, use a correlation coefficient between lipid
levels to compare them [25,123-125]. Principal Component Analysis (PCA) and
hierarchical clustering of lipid profiles were used to find associations between the

yeast lipidomes [39,49].

However, until recently, only the concentration change between individual

lipid species (rather tha structures) were used for exploratory data analysis and
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clustering [118,126] but the structure differences (example, sterol acyl chain) are
an important determinant of phenotype [127,128]. The experimental set-up to
characterize lipidomes were often carried out between the strains of an individual
species or between the tissues of a single organism [23,121,122]. In such cases,
the major changes are noticeable with the lipid concentrations but for comparisons
involving multiple species (such as model organisms and humans), often, the same
lipid is not present in both profiles [Table 1.2], which means that many unique
lipids are left out of abundance-based comparative analysis [Fig. 1.13]. One of the
objectives of this study is to use structural similarity as the basis for comparing

lipidomes, that makes use of unique lipids.

1.4.1 Metric Space for Lipidomes

The ability to cluster lipid structures in a PCA space opens the possibility to compare
lipidomes in novel ways. Hausdorff distance is a measure of the overlap between two
sets of data points, commonly used in image comparison [129]. Huttenlocher et al.
considered six variations of directed Hausdorff distance measures [Equation 1.4] that

could be applied for lipidome comparison [129, 130].

dHl (AB) = clzrélf}l d(a, B)

dp,(AB) = SOt d(a, B)

dpr4(AB) = Pt d(a. B)

dp, (AB) = Wgth  d(a, B)
drr. (AB) = max d(a, B
Hy(AB) i x d(a, B)

dH6 (AB) Z d(a, B) (1.4)
@ acA

where ¥ K Zhe A represents the K" ranked distance. 90K Zh

cA corresponds to

the median of the distances d(a, B),Va € A. The mi/rél1 and maﬁ(1 will capture only
ac ac
the outliers. Although, all six Hausdorff distance measures were tested in this study,

1
only the results from the average of the shortest distances between the sets, — Z

@ acA
are presented in the results chapter [section 3.3].
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Figure 1.13: Hlustration of comparatitive lipidomics based on lipid abundances.
4 yeast strains (BY4741 - control and Elol, Elo2, Elo3 - mutation in Elongase
gene) are compared based on the differnces in lipid classes (a) and lipid species
(b-d). The average of all lipid species were used for plotting lipid class abundances
(a). Molecular species of IPC class (b), MIPC class (c) and M(IP)9C class (d).
IPC - Inositol Phosphoryl Ceramides; MIPC - Mannose-inositolphospho-ceramide;
M(IP)9C 18:0;3/20:0;1 - Mannose-bis(inositolphospho)ceramide 18 carbon atoms,
0 double bonds, 3 hydroxyl groups in first acyl chain, 20 carbon atoms, 0 double
bonds and 1 hydroxylation in second acyl chain. Modified from Ejsing et al. [23].
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1.4. Comparative Lipidomics

Hausdorff distance (d ) between two sets (A, B) is directional [Equation 1.5]

dp (AB) # dp (BA) (1.5)

Dubuisson et al. proposed ways to combine the directed Hausdorff distances to make
it symmetric [130]. A modified symmetric hausdorff distance was used for comparing
lipidomes [section 2.6]. Experiments were performed to validate the metric with
yeast and fruit fly lipidomes [23,121]. The tissue lipidomes of lung cancer patients
were analyzed with structure based clustering method that was developed in this

study [122].
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Material and Methods

2.1 Lipid Structure Datasets

2.1.1 Ceramide and PI datasets

17 ceramide [Fig. 2.1a] and 16 phosphatidyl-inositol structures [Fig. 2.1b], varying in
fatty acid chain length and number of double bonds were first drawn using PubChem
Sketcher [131] and exported in SDF format [66]. SDF files were converted to template
and canonical SMILES as described in section 2.3. The structural similarity between
the ceramides and the phosphatidyl-inositols was calculated with six scoring methods

[section 2.4].

2.1.2 LIPID MAPS Structure Database

The complete LIPIDMAPS Structure Database (LMSD) comprising 30 150 lipid

structures in SDF format was downloaded from their website [132].

SDF files were converted to template SMILES with Open Babel [section
2.3]. Levenshtein distance was calculated for all pairs of SMILES strings [section
2.4], followed by Principal Component Analysis [section 2.5]. The LIPID MAPS
classification [Table 1.1] by Fahy et al. [8] was applied for analyzing the PCA space.

2.2 Lipidome Datasets

Yeast, fruit fly and human lung lipidomes were used in this study [23,121,122]. The

lipid names in these datasets were written in a simple form which is explained below.

2.2.1 Short hand notation of lipid names

Lipid categories were abbreviated as Glycerophospholipids (GP), Diacylglycerols
(DAG), Triacylglycerols (TAG), Sphingolipids (SP) and Cholesterol Esters (CE). A
compiled list of abbreviations for other lipids were given in Table 1. Lipid species

abbreviation is described for three main classes in next page.
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18 1§ lfl 1.2 lp § Q 4% 2 NH
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(a) Set of 17 ceramide structures
‘ \ '\ Single bond at C7
or)
H H
Double bonda Ccr
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(b) Set of 16 PI structures

Figure 2.1: Sets of ceramide and PI molecules are graphically represented. (a)
A set of ceramide molecules with a C-16 sphingoid base, an amide linked acyl
chain and a hydroxyl group that is attached to different carbon atoms in the acyl
chain. TUPAC numbering of carbon atoms is displayed for acyl chain. A hydroxyl
group is sequentially moved from position 2 to 18 in the acyl chain, generating
17 different structures. The hydroxyl group position is simultaneously used for
identifying the molecule in the later chapters. For example, the ceramide structure
with hydroxyl group at 14 position in acyl chain will be just referred as 14. (b) A set
of phospatidylinositol molecules with an acyl chain that has variable length, from 10
to 20. C7-C8 connection in the acyl chain is either a single bond or a double bond.
By varying the acyl chain length and saturation level, 16 distinct PI structures were
generated. The chain length is used for naming the molecules and * is used to denote
the double bond. For example, molecule 17* has 17 carbon atoms in acyl chain and
it is unsaturated at C7.
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2.2. Lipidome Datasets

2.2.1.1 GP, DAG and TAG

<lipid species> <space> <no. of carbons in all fatty acids> : <no.
of double bonds in all acyl chains combined> Example - DAG 40:1. If the

snl and sn2 position [Fig. 2.2] for the acyl chains is known, they were annotated as

<lipid class> <space> <no. of carbons of snl fatty acid> : <no. of
double bonds> / <no. of carbons of sn2 fatty acid> : <no. of double
bonds> Example - DAG 40:1 with 22 carbon atom snl acyl chain and an 18 length
sn2 acyl chain is written as DAG 22:0/18:1

O
—O'—”—f__:‘, R
sn-1
O
r—I—&
Sl’l-2 O
Il

—O—P—x
sn-3 |
OH

Figure 2.2: Snl and Sn2 labeling of alkyl chains [133, 134]

2.2.1.2 SP

<lipid species> <space> <no. of carbons in the long-chain base and
fatty acid moieties> : <no. of double bonds in the long-chain base
and fatty acid moieties> ; <no. of hydroxyl groups in the long-chain
base and fatty acid moieties> Example - Cer 32:1;2 but when the head group
composition is known (say 18:0;2), then the same molecule is written as Cer

18:0;2/16:0;0

2.2.1.3 CE

<lipid species> <space> <no. of carbons additional to cholesterol> :
<no. of double bonds>: <no. of hydroxyl groups additional to the

hydroxyl group at position 3> Example - CE 24:4;0
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2.2.2 Yeast Elongase Mutants

Eight lipidomes, comprising three elongase mutants (Elol, Elo2, Elo3), and a control
strain (BY4741), cultured at two temperatures regimes each (24 and 37 °C), were
obtained from a previous study [23]. The number of lipid species identified in each
lipidome varied - only 145 lipids were measured in BY4741 cultured at 37 °C, but
176 in BY4741 24 °C. The number of lipids that overlap between the eight lipidomes
were summarized in Fig. 2.3. The lipid species in all eight lipidomes were combined,
duplicates removed to generate a master list (contains 248 lipids) that is subsequently
used in a. pairwise structure similarity calculation (with Levenshtein distance), b.
PCA space representation of yeast lipidome(s) and c. LUX Score calculation [section

2.6).

LIPID MAPS structure drawing tools [135] were customized for programmatic
generation of structures for all lipid classes, except sterols [136]. The output of
structure drawing program in SDF format was converted to template SMILES with
Open Babel library [section 2.3]. Ergosterol and ergosta-5,7-dien-3/3-ol structures in
SDF format were obtained from LMSD separately, converted to template SMILES,
and added to the structure list. SMILES for phytosphingosine 1-phosphate was
generated manually by editing the SMILES string for phytosphingosine.

Acyl chains with the possible position of double bonds and hydroxylations
in yeast were compiled from previous studies [Table 2.1] [137,138]. This list is used
for drawing structures. The snl, sn2 and sn3 specific acyl chain composition could
not be conclusively determined for many lipid species (example TAG 14:1/16:1/22:0
can be TAG 16:1/14:1/22:0 or TAG 14:1/22:0/16:0). In such cases, a list of isomers
was generated and a representative structure selected (the isomer with least average

Levenshtein distance [section 2.4.6] was chosen as the representative).

24



2.2. Lipidome Datasets

BY4741 37
(145)

Elol 24
(176

=

Elol 37
(159

=

Elo2 24
(161

~—

Elo2 37
(163

=

Elo3 24
(174)

Elo3 37
(170)

©

HEOOE
010102010,
OOOOE®
OOOEOOE®

BY4741 24
(176)

BY4741 37
(145)

Elol 24
(176)

Elol 37
(159)

Elo2 24
(161)

Elo2 37
(163)

Elo3 24
(174)

Figure 2.3: Number of lipids that overlap between yeast elongase mutant lipidomes.
By4741 is control strain. Elol, Elo2, and Elo3 are mutants. 24 and 37 in names refer
to growth temperature in Celsius. The number of lipids in each lipidome is shown
below the name. The area of the circle is proportional to the number of lipids. The
pair, BY4741 24 and Elo3 24 has highest number of overlapping lipids (163), BY4741
37 and Elo3 24 pair has the least number of overlapping lipids (110).

Table 2.1: Compiled list of fatty acids in yeast

No. of No. of No. of No. of Unsaturation
Carbon Double Carbon Double ..
atoms bonds atoms bonds position
10 0 24 0
12 0 26 0
14 0 12 1 (97)
16 0 14 1 (97)
18 0 16 1 (9Z)
20 0 16 2 (97,127)
22 0 18 1 (9Z)

18 2 (9Z,127)
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2. Material and Methods

2.2.3 Fruit fly Larva, tissue-specific Lipidomes

356 lipid species from 12 lipidomes of Drosophina melanoaster larvae were obtained
from a recent study [121]. In that study, the larvae were fed with two diet regimes a.
Plant based food (PF) and b. Yeast based food (YF) and 6 tissues were dissected
(gut, brain, wing disc, salivary glands, fat body and lipoprotein). The 12 lipidomes
are summarized in Table 2.2. The lipid species from 12 lipidomes were combined
(and duplicates removed) to create the list of 356 lipid species, however, structures

for 10 species could not be drawn (described later).

Fatty acids reported in fruit fly [56] and those that might have been
incorporated from the food source or from the larval gut microbiome [139] were
compiled to a generate a list of 29 possible acyl chains [Table 2.3]. This list was
used as input to LIPID MAPS structure drawing tools for programmatic generation
of lipid structures. All lipid structures were drawn programmatically except
sphingolipids and sterols. These two classes could not be correctly drawn using
LIPID MAPS tools, they were manually curated to ensure correct structure

selection.

Eight lipids (DAG 28:4, PC 38:7, PE 40:7, PE 40:8, PE 40:9, PI 38:7, PS
38:7, TAG 55:8) were omitted because they contain an unusually high number of
double bonds. One sphingolipid (Cer 39:1;2) and one sterol (ST 14:0) could not
be drawn. Cer 39:1:2 could not be drawn because the combination of fatty acid
and sphingosine structure could be assigned. SMILES for all sterols were derived
from cholesterol as basic structure. But one sterol (ST 1:4:0) was omitted because
the structure could not be generated programmatically. In summary, 10 structures
(out of 356) could not be drawn. 346 lipids were later used for structure similarity

calculation (described later) and for LUX analysis [section 2.6].

There were situations where it was not straight forward to draw structures,
broadly for two reasons 1. for some lipid species, the number of hydroxylations and
double bonds was known, but their position was not (example, TAG 48:4 and Cer
32:2;2). 2. The snl, sn2 and sn3 specific acyl chain composition was not available for
many lipid species. In these cases, all the isomer possibilities were computationally

generated and the isomer with lowest average Levenshtein distance to other isomers
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2.2. Lipidome Datasets

Table 2.2: Overview of fruit fly larval tissue lipidomes [121]

Tissue Food No. of Lipids

1 Gut Yeast 267
2 Gut Plant 261
3 DBrain Yeast 198
4 Brain Plant 208
5 Wing disc Yeast 209
6 Wing disc Plant 204
7 Salivary glands Yeast 205
8 Salivary glands Plant 196
9 Fat body Yeast 182
10 Fat body Plant 162
11 Lipoprotein Yeast 164
12 Lipoprotein Plant 165

was selected as a representative structure [section 2.4.6].

Sphingolipids of fruit fly are special and difficult to process with LIPID MAPS
tools for two reasons 1. They have a conserved ceramide structure that contains a
long chain bases of length 14 (or 16) carbon atoms [49, 140], which was not possible
with LIPID MAPS structure drawing tools. To solve this problem, I made a changes
to the LIPID MAPS scripts. 2. In Drosophila §(4,6)-sphingadienes are found, which
could not be drawn with the LIPIDMAPS tools. I modified LIPID MAPS structure
drawing scripts to place an additional hydroxyl group at the alpha position of the
fatty acids.

2.2.4 Human Lung, Cancer versus Non-cancer Tissue

311 lipid species from 43 human lung tissue biopsies were obtained from a recent
study [122]. 21 tissues were from cancerous region of the lung and remaining were
from the alveolar tissue (tumor-free) [Table 2.5]. 35 fatty acids possibilities were
considered to generate lipid structures [Table 2.6]. Modified LIPID MAPS structure
drawing tools [135] were used for programmatic generation of lipid structures, similar
to the procedure described for yeast and fruit fly. Cholesterol structure was separately
obtained from LMSD and added to the SMILES list. For ceramides and sphingolipids,
long chain base with 18 carbon atoms (C18) is used to draw structure 18 lipids could

not be drawn, hence, excluded from the LUX analysis [Table 2.8].
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2. Material and Methods

Table 2.3: Compiled list of fatty acids in fruit fly

Carbon Double  Unsaturation Carbon Double  Unsaturation

atoms bonds position atoms bonds position
10 0 18 0
12 0 18 1 (97)
12 1 (92) 18 2 (97,127)
13* 0 18 3 (97,127,157)
13* 1 (97) 19* 0
14 0 19% 1 (92)
14 1 (97) 20 1 (97)
15% 0 20 2 (97,127)
15% 1 (97) 20 3 (97,127,157)
16 0 22 1 (97)
16 1 (92) 22 2 (9Z,127)
16 2 (97,127) 22 3 (97,127,157)
17* 0 24 1 (97)
17% 1 (97) 24 2 (9Z,127)
24 3 (97,127,157)

* Fatty acids from food or microbes.
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2.2. Lipidome Datasets

Table 2.5: Overview of Lung Lipidome

Sample Gender Age Cancer Type Tissue No. of Lipids*
ID11 Male 49  Adeno Alveolar 180
ID12 Male 70  Squamous Alveolar 195
ID12 Male 70  Squamous Tumor 254
ID15 Male 45  Squamous Alveolar 169
ID17 Male 69  Squamous Alveolar 186
ID18 Female 48  Squamous Alveolar 187
ID18 Female 48  Squamous Tumor 267
ID19 Female 54 Alveolar 195
ID19 Female 54 Tumor 247
ID2 Male 71 Squamous Alveolar 193
ID2 Male 71 Squamous Tumor 236
D22 Male 57  Squamous Alveolar 226
D22 Male 57  Squamous Tumor 222
D24 Male 55 Adeno Alveolar 199
D24 Male 55  Adeno Tumor 248
ID29 Male 59  Squamous Alveolar 223
ID29 Male 59  Squamous Tumor 267
ID30 Male 53  Adeno Tumor 209
ID31 Male 68  Squamous Tumor 212
1D32 Male 46  Adeno Tumor 191
ID39 Male 60  Squamous Alveolar 213
ID39 Male 60  Squamous Tumor 246
D4 Male 67  Squamous Alveolar 197
ID4 Male 67  Squamous Tumor 234
ID43 Male 60 Alveolar 217
1D43 Male 60 Tumor 253
ID50 Male 63  Squamous Alveolar 201
ID50 Male 63 Squamous Tumor 264
ID52 Female 44 Alveolar 186
ID53 Male 48  Adeno Alveolar 166
ID53 Male 48  Adeno Tumor 233
ID6 Male 71 Squamous Alveolar 176
ID6 Male 71 Squamous Tumor 169
ID61 Male 70  Adeno Alveolar 231
ID61 Male 70  Adeno Tumor 230
ID64 Female 52 Adeno Alveolar 196
ID64 Female 52 Adeno Tumor 253
ID66 Male 63  Adeno Alveolar 183
ID66 Male 63  Adeno Tumor 262
ID67 Female 52 Adeno Alveolar 184
ID67 Female 52 Adeno Tumor 240
ID71 Female 57  Adeno Tumor 242
ID72 Male 62  Adeno Tumor 253

*No. of lipids used as input to the LUX score calculation program
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2. Material and Methods

Table 2.6: Putative fatty acids composition for human lung lipdiome

C db  db position C db  db position

14 0 20 3 (97,127,157)

14 1 (97) 20 4 (97,127,157,187)

15 0 20 5 (67,97,127,157,187)
16 0 21 1 (97)

16 1 (9Z) 22 0

16 2 (97,127) 22 1 (97)

17 0 22 2 (97,157)

17 1 (97) 22 3 (97,127,157)

17 2 (97,127) 22 4 (97,127,157,187)

18 0 22 5 (67,92,127,157,187)
18 1 (97) 22 6 (67,97,127,157,187,217)
18 2 (97,127) 24 0

18 3 (97,127,157) 24 1 (97)

19 1 (97) 24 2 (97,127)

20 0 24 3 (97,12Z,157)

20 1 (97) 24 4 (97,127,157,187)

20 2 (97,127)

C is the number of carbon atoms, db is the number of double bonds

Table 2.8: List of lung lipids excluded from LUX analysis

CE 19:2 SM 41:2;2
Cer 41:2:2 PE O 38:9
DAG 41:9 PS 39:9
TAG 41:7 SM 41:1;2

HexCer 40:3;3

TAG 37:3
TAG 37:4
TAG 39:5
TAG 41:6
HexCer 37:3;2

TAG 45:7
TAG 46:7
TAG 46:8
TAG 48:9

CE - Cholesterol Ester; SM - Sphingomyelin; TAG - Triacylglycerol;
HexCer - Hexosyl ceramide; DAG - Diacylglycerol.
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2.3. SMILES Conversion

2.3 SMILES Conversion

Molecules were drawn either with PubChem Sketcher [131] or LIPID MAPS Structure
Drawing tools [141]. The structures were exported as chemical table files in SDF
format [66]. The three SMILES representations were derived from SDF files with

the following tools and options.
1. Template SMILES

LIPID MAPS Structure Drawing Tools [141] were used to draw structures.

Open Babel molecule conversion script is used for generating SMILES [84].
2. Open Babel canonical SMILES

Similar to the template SMILES protocol but with canonical option in Open
Babel program.

3. CACTVS canonical SMILES

The molecules were hand drawn in PubChem Sketcher and exported in MDL
MOL format. CACTVS SMILES translator web interface was used to bring them to

a canonical form. [83].

Template and canonical SMILES for 17 ceramides and 16 PI are provided
in Tables. 2.9 to 2.14. LIPID MAPS scripts were modified to generate a wider
spectrum of structures for yeast, fruit fly and human lung lipids [135,141]. Characters

indicating chirality, cis-trans isomerism and charges were removed.
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2. Material and Methods

Table 2.9: Template SMILES for 17 ceramides

ccceeceeeececeeeec(o)e(=
ccceeceeeeceeceee(o)ce(=
cceceeececeeeeceecee(o)cee(=
ccceeeceeeeceeee(o)ceee(=
ccceeceeeeecee(o)cecee(=
cceceeceeeece(o)cececee(=
CCCceCeeeeeec(o)ceceececee(=

9 CCCccceeeec(o)ceeeceeee(=
10 CCCCCCCee(o)ceceeeeecee(=
(=

(=

(=

(=

(=

(=

(=

(=

O 3 O Ut = W N

11 CCCcceeee(o)cececeeeccee
12 CCCCCCC(o)ccececeeeceee
13 CCCCCC(o)cceeceeceecee
14 CCCCC(O)cceeeceeeceee
15 CCCC(O)cceeececeeececee
16 CCC(O)cceeececeecceceece
17 CC(O)cceeeceeeceeceecee
18 C(O)ccceeeeeececeeeccee

(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCCC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)C=CCCCCCCCCCOC
(CO)C(0)

0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
0)NC
O)NC
0)NC
0)NC C=CCCCCCCCCCOC

Table 2.10: CACTVS Canonical SMILES for 17 ceramides

CCCCCCCCCeeeeceeee(o)e(=
ccceeeceeeeceeceeee(o)ee(=

CCCCCCCCOCCOC(0)CCCOC(=
CCCCCCCCOCCC=CC(0)C(
CCCCCCCCCCCC=CC(0)C
9 CCCCCCCCCCOC=CC(0)
10 CCCCCCCOCCCC=CC(0)
11 CCCCCCCCCCCC=CC(0)
12 CCCCCCCCCCCC=CC(0)
13 CCCCCCCCCCCC=CC(0)
(0)
(0)
(0)
(0)
(0)

0O~ O Tt = W I

14 CCCCCCCCCCCC=CC
15 CCCCCCCCCCCC=CC
16 CCCCCCCCCCCC=CC
17 CCCCCCCCCCCC=CC
18 CCCCCCCCCCCC=CC

QQQQQQQQQQA
aaaaoaaaaaaaaq

cceceeceeeeceeee(o)cee(=
ccceececeeeceee(o)ccee(=

0)NC(=0)
0)NC(=0)
0)NC(=0)
0)NC(=0)
0)NC(=0)
0)NC(=0)CCCCCCCCCCC(0)CCCCCC
0)NC(=0)
0)NC(=0)
0)NC(=0)
0)NC(=0)
0)NC(=0)
0)NC(=0)

C(0)C=CCCCCCCCCCCO
C(0)C=CCCCCCCCCCCO
C(0)C=CCCCCCCCCCCC
C(0)C=CCCCCCCCCCCC
)C(0)C=CCCCCCCCCOCC

CCCCCC(0)CCCCCCCCCee
=0)CCCCCCC(0)CCCCCCCCCC
=0)CCCCCCCC(0)CCCCCCCCC
=0)CCCCCCCCC(0)CCCCCCCe
=0)CCCCCCCCOC(0)CCCCCCC

=0)CCCCCCceeeeee(o)cecece
=0)CCcCcceeeececee(o)ceece
=0)Ccccceeeeeccceee(o)eece
=0)CCcecceeeeeecececeecec(o)ee
=0)CCcCceececeeceececececececc(o)o
=0)CCCCCCCeeeeceeceecee(o)
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2.3. SMILES Conversion

Table 2.11: Open Babel Canonical SMILES for 17 ceramides

2 CCCCCCCCCCCCCCCCC(C(=0)NC(Cc(C=creeeeeceeece)0)co)o
3 CCCCCCCCCCCCCCCC(CC(=0)NC(Cc(C=creeeeeceecee)0)co)o
4 CCCCCCCCCCCCCCC(CCC(=0)NC(C(C=Ccrreeeeceecee)0)co)o
5 CCCCCCCCCCCCCC(CCCC(=0O)NC(C(C=Ccreeeeeceeceee)o0)co)o
6 CCCCCCCCCCCC=CC(C(NC(=0)cceee(ceceeceeeceecee)o)co)o
7 CCCCCCCCCCCC=CC(C(NC(=0)cceeee(cececeeeceeecee)o)co)o
8 CCCCCCCCCCCC=CC(C(NC(=0)cceeeee(ceceeceeecee)o)co)o
9 CCCCCCCCCCCC=CC(C(NC(=0)crceeeeee(ceeeceeece)o)co)o
10 CCCCCCCCCCCC=CC(C(NC(=0)cceeeecee(ceceeecece)0)co)o
11 CCCCCCCCCCCC=CC(C(NC(=0)crceeeeeceee(ceeecece)0)co)o
12 CCCCCCCCCCCC=CC(C(NC(=0)ceeeeeeceeee(ceecece)0)co)o
13 CCCCCCCCCCCC=CC(C(NC(=0)creeeeeececeee(ceece)o)co)o
14 CCCCCCCCCCCC=CC(C(NC(=0)crceeeeeceeeceee(cece)0)co)o
15 CCCCCCCCCCCC=CC(C(NC(=0)crceeeececeeececeee(ece)0)co)o
16 CCCCCCCCCCCC=CC(C(NC(=0)ccereeeececeeeecee(ce)o)co)o
17 CCCCCCCCCCCC=CC(C(NC(=0)crceeeececeececeeeeec(o)e)co)o
18 CCCCCCCCCCCC=CC(C(NC(=0)crceeeeceeeeceeeceecco)co)o
Table 2.12: CACTVS Canonical SMILES for 16 PI
10 CCCCCOCCCC(=0)0CC(CO[P)(0)(=0)0C1C(0)C(0)C(0)C(0)C10)0C(=0)CCCCCCCCC
10*  CCCCCOCCCC(=0)0CC(CO[P)(0)(=0)0C1C(0)C(0)C(0)C(0)C10)0C(=0)CCCCCC=COC
11 CCCCCOCCCCC(=0)0C(COC(=0)CCCCCCCCC)COP)(0)(=0)0C1C(0)C(0)C(0)C(0)C10
11*  CCCCCOCCCC(=0)0CC(CO[P)(0)(=0)0C1C(0)C(0)C(0)C(0)C10)0C(=0)CCCCCC=CCCC

12

12%

17
17*
19
19%
20

20%

CCCOCCCOCCCC(=0)0C(COC(=0)CCCCCCCOC)CO[P](0)(=0)0C1C(0)C(0)C(0)C(0)C10
CCCOCCCOCC(=0)0CC(CO[P)(0)(=0)0CIC(0)C(0)C(0)C(0)C10)0C(=0)CCCCCC=CCCCC
CCCOCCCOCCCOC(=0)0C(COC(=0)CCCCCCCCC)CO[P](0)(=0)0C1C(0)C(0)C(0)C(0)C10
CCCOCCCOCC(=0)0CC(CO[P)(0)(=0)0CIC(0)C(0)C(0)C(0)C10)0C(=0)CCCCCC=CCCCCC
CCCOCCCCCCCCCCC(=0)0C(COC(=0)CCCCCCCOC)CO[P](0)(=0)0C1C(0)C(0)C(0)C(0)C10
CCCOCCCOCC(=0)0CC(CO[P)(0)(=0)0C1C(0)C(0)C(0)C(0)C10)0C(=0)CCCCCC=CCCCCCCC
CCCOCCCOCCCCCCCOC(=0)0C(COC(=0)CCCCCCCCC)COP](0)(=0)0C1C(0)C(0)C(0)C(0)C10
CCCOCCCOCC=CCOCCCO(=0)0C(COC(=0)CCCCCCCCC)CO[P](0)(=0)0C1C(0)C(0)C(0)C(0)C10
CCCCCCCCCCCCCCCCCCC(=0)0C(COC(=0)CCCCCCCCC)COP)(0)(=0)0C1C(0)C(0)C(0)C(0)C10

CCCCCCCCCCCC=COCCOCC(=0)0C(COC(=0)CCCCCCCCC)COIP)(0)(=0)OC1C(0)C(0)C(0)C(0)C10
CCCCCCCCCCCCCCCCCCOC(=0)0C(COC(=0)CCCCCCCCC)COP](0)(=0)0C1C(0)C(0)C(0)C(0)CL0
CCCCCCCOCCCCC=CCCOCCC(=0)0C(COC(=0)CCCCCCCCC)COP](0)(=0)0C1C(0)C(0)C(0)C(0)C10
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2. Material and Methods

Table 2.13: Open Babel Canonical SMILES for 16 PI

10
10*
11
11*
12

12*

19
19%
20

20%*

CCCOCCCOCC(=0)0CC(0C(=0)CCCCCCCCC)COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0
CCCOCCCOCC(=0)0CC(0C(=0)CCCCCC=CCC)COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0
CCCOCCCOCCC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCCC
CCCOCCCOCC(=0)0CC(0C(=0)CCCCCC=CCCC)COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0
CCCOCCCOCCCC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCCC
CCCOCCCOCC(=0)0CC(0C(=0)CCCCCC=CCCCC)COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0
CCCOCCCOCCCOC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCOC
CCCOCCCOCC(=0)0CC(0C(=0)CCCCCC=CCCCCC)COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0
CCCOCCCOCCCCCCC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCCC
CCCOCCCOCC(=0)0CC(0C(=0)CCCCCC=CCCCCCCC)COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0
CCCOCCCOCCCCCCCOC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCOC
CCCOCCCOCC=CCOCCCC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCCC
CCCOCCCOCCCCCCCCCCC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCCC
CCCOCCCOCCCC=CCCCOCC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCOC
CCCOCCCOCCCCCCCCCCOC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCCC
CCCOCCCOCCCOC=CCCOCCC(=0)0C(COP(=0)(0C1C(0)C(0)C(C(C10)0)0)0)COC(=0)CCCCCCCCC

Table 2.14: Template SMILES for 16 PI

10
10%
11
11*
12
12%
13
13*
15
15%
17
17*
19
19%
20

20%*

ccceeececo)(oc

0)CCCCCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0

CCCoCccec 0)CCCCCC=CCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)O

)

)(OC
CCCOCCCOC)(0C(=0)CCCCCCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)O
)

ccceeeceeo)(oc

0)CCCCCC=CCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0
CCCOCCCoe)(0C

0)CCCCCCCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)O

cceecceccce)(oc

)
) 0)CCCCCC=CCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)O
)
)

CCCOCCCOC)(0C(=0)CCCCCCCCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0

cceecececcee)(oc

0)CCCCCCCCCCCOCC)COP(=0)(OC1C(C(C(C(C10)0)0)0)0)O

ccceececeeo)(oc

0)CCCCCC=CCCCCCOC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0

CCCoCCeec 0)CCCCCCCCCCCCCOCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0

CCCOCCCOC)(0C(=0)CCCCCC=CCCCCCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0

(
)
)(oC
)
CCCOCCeoc)(

0C(=0)CCCCCCCCCCCCCCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0

cceecececcee)(oc

0)CCCCCC=CCCCCCCCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0

CCCOCCeee)(0C

)

)

)

)

)

)

)
0)CCCCCC=CCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)O

)

)

)

)

)

)
0)CCCCCCCCCCCCCCCCCOC)COP(=0)(0CIC(C(C(C(C10)0)0)0)0)O

)

=0) (
=0) =
=0) (
=0) (
=0) (
=0) (
=0) (
=0) (
=0)CCCOCCCOC)(0C(
=0) (
=0) (
=0) (
=0) (
=0) (
=0) (
=0) =

CCCOCCCOC)(0C(=0)CCCCCC=CCCCCCCCCCCCC)COP(=0)(0C1C(C(C(C(C10)0)0)0)0)0

34



2.4. Structure Similarity Measures

2.4 Structure Similarity Measures

Similarity s between a pair of lipids was calculated using six methods 1) LINGO
2) OpenBabel FP2 Fingerprint 3) Bioisosteric similarity 4) SMILIGN 5) Smith

Waterman Local Alignment 6) Levenshtein distance.

The distance d between a pair of molecules was computed from similarity s
[Equation 2.1]. By construction, d is a positive value guaranteed to lie between 0
(identical structures) and 1 (the maximum possible difference).

d=1-3s (2.1)

2.4.1 LINGO

The similarity s; between a pair of SMILES strings A, B is calculated by Equation

1.2. Similarity score s; was converted to a distance by Equation 2.1.

LINGOs were generated by step-wise linear fragmentation of a SMILES string.
The authors noted that these changes 1. improve statistical sampling in QSAR
models 2. but prevent reconstruction of unmodified SMILES strings. In this study,
I did not apply changes to SMILES strings because my interest is not in QSAR
models. The method described in the original paper used a fixed value, ¢ = 4 in

equation 1.1, I retain the same value.

Vidal et al. [91] generated LINGOs from canonical SMILES only. But in this
study, LINGO method is tested on Open Babel canonical SMILES, CACTVS
canonical SMILES and template SMILES. LINGO distances for ceramides and
phosphotidyl inositol molecules were calculated by first drawing structures in
PubChem Sketcher, exported to SDF format and converted to SMILES as per the

procedure described in section 2.3.

2.4.2 FP2 Fingerprint

FP2 fingerprint similarity score s f is generated with a set of SMILES as input to the
Open Babel library version 2.3.2 [84]. s # was later converted to distance [Equation

2.1].
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2. Material and Methods

Table 2.15: Overview of edits made to SMILES

deleted modified
symbol  description symbol  replacement description
ca carbon chirality Cl D Chlorine
+,- charge = G double bond
H hydrogen # G triple bond
Na sodium O E oxygen
* wild and join rule (,) K, L branch open, close
1-9 cyclic notation Q@ R other chirality
I atom delimiters Br A Bromine

/\ Q, M cis - trans

2.4.3 Bioisosteric similarity score

The source code package to calculate the similarity score was obtained from Krier
et al. [108]. The script querysmiles.pl is used with CACTVS canonical SMILES as

input. The similarity score s, is converted to distance dp, [Equation 2.1].

2.4.4 SMILIGN

A new method was tested in this work, taking advantage of an existing protein
sequence alignment program [99]. First, SMILES strings were mapped into an
alphabet of size 20 as given in Table 2.15. This was necessary as the program expects

20 symbols corresponding to the 20 amino acids.

An identity matrix was used for scoring alignments [Equation 2.2]. Gap

opening and gap extension were forbidden by assigning high penalty —10000.

+1, a; = b;
= Lo (2.2)

s(a;, b
—10000, a; 75 b]

)

No limit was set to the number of iterations, so alignments were optimized
until they converged. The similarity score sg was calculated for each pair of aligned
SMILES after the final Multiple Sequence Alignment [Equation 2.3] and later
converted to distance [Equation 2.1]

(2.3)

Sg =

~| 3

n is the number of gaps in the alignment, [ is the length of the alignment for the
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2.4. Structure Similarity Measures

specific SMILES pair.

2.4.5 Smith-Waterman Alignment

Given a pair of SMILES, (a,b) of length i and j respectively, alignments were scored
with an identity matrix [Equation 2.4]. Gap opening and gap widening penalties

were set to -0.5.

+1, a;=0b;
s(a4,b;) = 1= (2.4)
—10, a; # bj
Similarity score sy is calculated from the number of mis-matches in the
alignment n and length [ of the longer SMILES max(i, j)
"
l

(2.5)

Sw =

Smith-Waterman implementation by Forrest Baol is used. Similarity score is

converted to distance by Equation 2.1.

2.4.6 Levenshtein distance

Levenshtein algorithm [100,142] implemented by Martin Schimmelst was used. For a
pair of SMILES (a, b) with length m, n respectively, a substitution matrix with a cost
to align a; — bj is set to 0 if a; = bj and 1 if a; # bj. Gap opening and extension
cost was set to 1. The sum of all edit costs required to completely transform a — b
is normalized by the length of longer SMILES max(m,n) to generate levenshtein

distance d [

Thttp://fsbao.net

thttp://code.activestate.com
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2.5 Principal Component Analysis (PCA)

PCA was performed using the gdata library in R [143]. Principal components were
plotted using package scatterplot3d [144]. Interactive plots were generated using
library RSVGTipsDevice.

2.6 Lipidome Juxtaposition Score (LUX)
Calculation

The LUX score is based on the Hausdorff distance [145,146] and summarizes the
similarity between lipidomes. Levenshtein distance is the chosen metric between
lipids. The maximum of the two average Hausdorff distances [Equation 1.4] is used
in this study and henceforth it is referred as Lipidome Juxtapostion (LUX) score
[Equation 2.6].
Ay x (AB) = maz (dpg (AB), dpy (BA)) (2.6)
LUX score between sets of lipids is a also a metric (similar to Levenshtein
distance) and holds the four conditions of a metric-space, i.e, Non-negativity, Identity

of indiscernibles, Symmetry and Triangular inequality [Fig. 4.1].

2.7 Hierarchical Cluster Analysis

Y

Complete linkage clustering was performed with R, version 2.14.1, library — ‘stats

and function ‘hclust’.

For yeast elongase mutants, three pairwise lipidome distance matrices were
used as input to the clustering program 1. LUX score(s) 2. Pearson correlation
coefficient distances (calculated from lipid abundance values) and 3. normalized
number of common-lipids. Only LUX scores were used as distance matrices for fruit

fly and human lung lipidomes.

2.8 Error Modeling

An error model for the lipidomes was generated by taking each measured lipid

quantity z, and adding Gaussian-distributed noise with a fixed standard deviation.
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2.8. Error Modeling

The detection limit ¢ ,4,.4 and standard deviation o were defined so that only low
abundant lipids were significantly affected. In R language rnorm function gives

Gaussian noise.

Error modeling returns a new list of lipid species that has a smaller number
of lipids, compared to the input list (for example, one error model returned 238
lipids from an input of 248). The error modeling was repreated 100 times, generating
100 new lists. Pairwise LUX scores were calculated for eight yeast lipidomes after
each error model. 100 pairwise LUX score matrices were used to generate the

corresponding 100 hierarchical clusters.

The number of times a particular branch (of the master list derived hierarchical
cluster) re-appears in the error model list derived cluster was counted using the
R library, ape::boot.phylo::prop.part [147]. This number is plotted alongside the
branch in yeast lipidome hierarchical clusters [Fig. 3.15b]. The higher values of

brach-reoccurance frequency indicate robust association.

Based on the distribution of lipid abundances [Table 2.16], the following three

parameter sets were used for yeast lipidome error model:

1.t gogoes = 0.003 mol%, o = 0.001
2 tgoteet = 0-003 mol%, o = 0.002
3. tgetect = 0.006 mol%, o = 0.004

Based on the distribution of lipid abundances for lung lipidome [Table 2.17],
the following two parameter sets were used for error model:

L. tgetect = 0.003 mol%, o = 0.002

2. tgetect = 0.005 mol%, o = 0.002
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2. Material and Methods

Table 2.16: Frequency distribution of lipid abundances for yeast lipidome

Bin (mol %)  Frequency

0 0
0.001 12
0.002 25
0.003 21
0.004 19
0.005 19
0.006 21
0.007 13
0.008 13
0.009 17

0.01 18
> 0.01 1150

Table 2.17: Frequency distribution of lipid abundances for human lung lipidome

Cumulative %

Bin  Frequency %  Cumulative %  w/ base 0.001
0 3563 26.64 26.64
0.001 19 0.14 26.79 0.14
0.002 28 0.21 26.99 0.35
0.003 55 0.41 27.41 0.76
0.004 91 0.68 28.09 1.44
0.005 89 0.67 28.75 2.11
0.006 110 0.82 29.57 2.93
0.007 130 0.97 30.55 3.90
0.008 166 1.24 31.79 5.14
0.009 130 0.97 32.76 6.12
0.01 137 1.02 33.78 7.14
> (.01 8855 100.00
Number of lipids 311
Number of samples 43
Number of measurements 9720

40



Results

3.1 Evaluation of SMILES Representation by
Measuring Structure Similarity

In this section, 3 SMILES specifications (1. CACTVS canonical 2. Open Babel
canonical and 3. Template) were evaluated, whether they are suitable for use
(together with distance scoring methods) to measure changes in double-bond and
hydroxyl group position of selected lipid structures. For each SMILES specification, I
constructed a pairwise distance matrix of 17 ceramides and 16 PI structures [section
2.1.1], with 6 distance scoring methods [section 2.4]. In each case, I looked at two
properties. The first is straight forward, if two molecules are not identical, the
distance between them must be non-zero [section 2.4, Equation 2.1]. The second
is less formal, for a series of pairs, does the distance increase gradually with the
intuitive difference between the molecules? For example, does the distance increase

as the position of the double bond or hydroxylation is changed?

3.1.1 CACTYVS canonical SMILES

First, the CACTVS canonical SMILES representation was evaluated by measuring
the structural similarity between 17 ceramides with six distance scoring methods.

The results with each distance measure are described below.

39 pairs of ceramide structures have zero LINGO distance, which is not
expected because their structures are obviously different [Figs. 3.1a, 2.1a]. The
highest LINGO distance is between 2 and 18, henceforth written as {2—18}T, is
expected because the separation of hydroxyl group is farthest between these two
molecules [section 2.1.1]. Lower values were expected for molecule pairs with closer
positioning of hydroxyl group, such as {2-3}, {3-4} but the molecule 16 paired with
{7——15}'JF and {3-4, 3-5, 3-6} have the lowest LINGO distance value [lighter shade

"Hyphen symbol separating two molecule names indicates a pair. Curly brackets indicate a set
of molecules or molecule pairs.

fDouble hyphenation inside the curly brackets indicates a range of molecules or molecule pairs.

41



3. Results

2 0
3 016 0
4 1016 008 0
5 1016 008 0 0
6 0
7 0 00
8 0 0 0 0 0
9 0o 0 0 XER 0.06 X o 0 0 0
10 0 0 0 0 K 0.06 0 0 0 0 0
11 0 0 0 0 0 0.06 0 0 0 0 0 0
12 o 0 0 0 0 0 XIER 0.06 0. o 0 0 0 0 0 0
13 o 0 0 0 0 0 0 .03 [OX3 O 0 0 0 0 0 0 0
14 o 0 o0 0 0 0 0 0 .03 [OX3 X O 0 0 0 0 0 0 0 0
15 O 0 0 0 0 0 0 0 0 0O 0 0 0 0 0 0 0 0 0
16 5 5 [BER 0.08 0.08 0.08 0.08 0.08 0.08 008 0.08 008 0 0 0 0 0 0 0 0 0 0 0 0
17 0.19 0.19 0.9 0.19 0.19 0.19 019 0.19 019 019 0 0 0 0 0 0 0 0 0 0 0 0 0
18 0.16 0.16 0.16 0.16 0.16 0.16 0.16 0.16 0.16 0.16 . 0 0 0 0 0 0 0 0 0 0 0 0 0 0
7 8 9 10 11 12 13 14 15 16 17 18 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
(a) LINGO (b) FP2
2 0 2 0
3 003 o0 3 012 o
4 005 003 0 4 (012 003 0
5 008 005 003 0 5 (012 006 003 0
6 01 008 008 003 0 6 Eoos 0.06 003 0
7 0.42 7
8 8 0
9 0 9 0.06 0.03 0
10 003 0 10 39 kY 0.09 0.06 003 0
11 003 0 11 0.06 003 0
12 003 0 12 0.09 0.06
13 0.15‘ 003 0 13 0
14 0.15 0.13 003 0 14 0.06 0
15 .. 015 013 0.1 003 0 15 012 0.2 o.u.o.uﬁ 0.06 0
16 015 013 0.1 008 003 0 16 014 014 0.4 0.09 0.09 003 0
17 014 0.2 0.09 007 0 17 . E 012 009 0
18 5 5 5 0.15 0.12 0.1 007 005 © 18 0.14 0.14 0.14 0.14 0.12 0.09 0.03 0
2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
(c) Bioisosteric (d) SMILIGN
2 0 2 0
3 002 0 3 004 0
4 004 002 0 4 (008 004 O
5 006 004 002 0 5
6 6
7 KB 7
EN 0.15 202 2 X 0 8
[l 0.15 g 04 002 0 9
10 0.04 002 0 10 0
11 0.06 0.04 002 0 11 008 004 0
12 n 0.06 004 002 0 12 0.08 004 0
13 o.o&"uos 0.04 002 0 13 g 027 0.3 008 004 0
14 0.06 0406'0.06 004 002 0 14 BN 24 0.27 008 004 0

15 m 0.06 0.06 0.06 0.06-0.06 0.04
1. [ s | ou |02 oa [N

@ 0.18 0.18 0.06 0.06 0.06 0.06 0.06 0.06

2 0.31
24 0.

.‘
0.24 2 008 0.04 0
W= -

i 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.04 0

004 002 0 16

B 0.18 0.8 2 2 2 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 = 004 0 18

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

(e) Smith-Waterman (f) Levenshtein

42



3.1. Evaluation of SMILES Representation

Figure 3.1: Pairwise distances for the CACTVS canonical SMILES representation of
17 ceramides. Distance values in the range of 0 to 1, were calculated with six methods
(a) LINGO (b) FP2 (c) Bioisosteric similarity (d) SMILIGN (e) Smith-Waterman
and (f) Levenshtein distance [section 2.4]. Rows and columns were numbered from 2
to 18. These numbers correspond to the 17 ceramide molecules that were named, also
from 2 to 18 [section 2.1.1]. The distance between a pair of ceramides can be inferred
from the matrix by looking up the corresponding row and column (for example, the
Levenshtien distance between ceramides, 2 and 18 is displayed in matrix (f) column 2
- row 18). Only the lower triangular representation of distances were shown because
the values are symmetrical (i.e distance from 2 to 18 is same as the distance from 18
to 2). Grey scaling was applied as the background for distance values. The intensity
is proportional to the distance - white background for zero values and darker shade
for higher values. Grey scaling is applied separately for each distance matrix (for
example, the Biosisosteric distance value 0.2 has different intensity (c) as compared
to the Levenshtein distance of the same value (f)).

values, Fig. 3.1a]. 17 ceramides could be divided in two groups based on the LINGO
distance matrix 1. {2--6} and 2. {7--18}. The distance values were higher for pairs
that combine a molecule from group 1 and the second from group 2 (for example

{2-7}, {2-18}, {6-7} and {6-18}) [darker shaded values in Fig. 3.1a.

The FP2 distance is zero for 78 pairs of ceramides [Fig. 3.1b]. More zero
values were observed in the FP2 matrix as compared to the LINGO. The highest FP2
distance value is for the pair {3-4} but the expectation is to see the highest value
for {2-18}, because, as noted earlier, {2-18} has the farthest separation of hydroxyl
group and hence it the most dissimilar pair in matrix [Figs. 3.1b, 2.1a]. The second
and third highest FP2 distances were between {2-3} and {4-5} respectively, which
was also not expected because the hydroxyl group is closer in these pairs [Figs. 3.1b,

2.1al.

The Bioisoteric distance is non-zero for all non-identical pairs [Fig. 3.1c|. The
lowest distance is between {2-3}, which is expected because the hydroxyl group is
located just one carbon atom apart in this pair and the largest distance is between
{2-18}, again as expected, because of the farthest separation of hydroxyl group [Figs.
3.1c, 2.1a]. Except {6-7, 16-17 and 17-18}, all pairs with one carbon atom separation
of hydroxyl position (example, {2-3, 3-4, 4-5 etc.}) have 0.03 distance [Fig. 3.1c]. A

gradual decrease in the distance values was observed for the pairs {18-7 -- 18-17}

For example, 16 paired with {7--15} refers to 16-7, 16-8 and so on until 16-15
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[rows 9 to 18, columns 7-17, Fig. 3.1c]. The distance matrix indicates that hydroxyl
position at 6 appears to be a threshold; after position 6, the pairwise distances

decrease gradually [rows 9 to 18, columns 7-17, Fig. 3.1c|.

SMILIGN distances were greater than zero for all non-identical pairs of
ceramides [Fig. 3.1d]. {12-13} has higher distance value in comparison to the pairs
with similar one-carbon separation in hydroxyl position such as {13-14, 14-15}. Based
on the distances calculated with SMILIGN method, the 17 ceramides could be split
in two groups 1. {2--6} and 2. {7--18}. The molecule pairs formed by the group 1
ceramides have lower distances [rows 2--6, Fig. 3.1d]. The pairs formed by group 2
molecules also have lower distance values [columns 7--18, Fig. 3.1d] but the pairs
that have one molecule from group 1, and second from group 2, have higher distances

[values with darker shade as background, Fig. 3.1d].

The Smith-Waterman distance is non-zero for all non-identical ceramide pairs
[Fig. 3.1e]. Two distinct triangular clusters are noticeable in the distance matrix.
In the first cluster, the molecules {2--6} have lower distances between them [lighter
shade values at the top left corner, Fig. 3.1e]. Second cluster is made of molecules
{7--18}. The distances for pairs between the two clusters are higher [darker shade
values, Fig. 3.1e]. The highest distance in the set is between the pairs {12-2, 12-3,
12-4, 12-5} but the expectation is to see the value for the most structurally different
pair, {2-18}.

The Levenshtein distances for all non-identical ceramides are non-zero [Fig.
3.1f]. Based on the pairwise Levenshtein distance matrix, the ceramides could be
split in two groups 1. {2--6} and 2. {7--18} (similar to the Smith-Waterman distance
matrix). The pairwise distances within the first set, and within the second set are
lower than the average [lighter shaded values, Fig. 3.1f] but the distances for pairs
between two groups are higher [darker shaded values, Fig. 3.11].

3.1.2 Open Babel canonical SMILES

16 PI molecules were used for evaluating Open Babel canonical SMILES. LINGO
distance for 34 non-identical pairs of PI structures is zero [Fig. 3.2a] which is not

not expected because they do not have identical structures [Fig. 2.1b]. The highest
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3.1. Evaluation of SMILES Representation

distance value is between {10-20*}, was expected, because, their structures are the
most dissimilar [Figs. 3.2a, 2.1b]. However, the highest distance value was observed
for additional 37 pairs [dark shaded values, Fig. 3.2a]. The lowest value is always
with molecules paired with 10 [first column, Fig. 3.2a]. The distance value is zero
for the pairs when both partners have saturated acyl chains (example, {11-20, 12-19,
13-15}), except when one partner is molecule PI 10 [first column, Fig. 3.2a].

FP2 distance is zero for 56 pairs of non-identical PI structures [Fig. 3.2b].
Zero distance value is observed for pairs when both partners have saturated acyl
chains (example, {11-20, 12-19, 13-15}) but the value is non-zero when at least one
partner has unsaturated acyl chain (example, {11*-20, 12*-19, 13*-15}).

Bioisosteric algorithm [91] specifies CACTVS canonical SMILES as the only
valid input. Because of this limitation, the Bioisosteric distance could not be

calculated for Open Babel canonical SMILES representation of 16 PI molecules.

The pairwise distances of 16 PI's with SMILIGN, Smith-Waterman and
Levenshtein methods were similar [Figs. 3.2¢, 3.2d and 3.2e respectively|. Based on
these three distance matrices, PI molecules could be split in two groups 1. {11--15*}
and 2. {17--20*}. In the first group, the distances between pairs when both partners
have saturated acyl chain (example, {11-12, 12-15}) and when both parters have
unsaturated acyl chain (example, {11*-12* 13*-15*}), have lower distances, as
compared to the pairs when one partner has saturated acyl chain and the second
has unsaturated acyl chain (example, {11-11*, 13*-15}), resulting in a “checker-
board” like pattern [Figs. 3.2¢, 3.2d and 3.2e]. The distance values were lower when
both partners of a pair were from group 2 [light shaded values in bottom-right region,
Fig. 3.2c|. The distance for pairs when one partner is from group 1 and second from
group 2, are interesting because the values are consistently lower when the group
1 partner has saturated acyl chain {11, 12, 13, 15}, and higher when the group 1
partner has unsaturated acyl chain {11*, 12* 13* 15%}.

3.1.3 Template SMILES

The LINGO distance between 47 pairs of ceramides is non-zero and it is zero for

108 pairs [Fig. 3.4a]. LINGO distances calculated from the template SMILES of
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3.1. Evaluation of SMILES Representation

Figure 3.2: Pairwise distances for the Open Babel canonical SMILES representation
of 16 phosophatidyl inositol structures. Distance values in the range of 0 to 1, were
calculated with five methods (a) LINGO (b) FP2 (¢) SMILIGN (d) Smith-Waterman
and (e) Levenshtein distance [section 2.4]. Rows and columns were numbered from
10 to 20*. These numbers correspond to the 16 PI molecules that were named, also
from 10 to 20* [section 2.1.1]. See figure 3.1 explanation for triangular matrix, grey
scaling and procedure to read the distance value for a specific pair.

17 ceramides have more zero values, in comparison to the distances with canonical
SMILES representation of same molecules described earlier [Figs. 3.4a, 3.1a]. In
comparison, the FP2 distance is zero for 78 non-identical pairs of ceramide structures

[Fig. 3.4b].

The SMILIGN distances are non-zero for all non-identical pairs of ceramides
[Fig. 3.4c|. The ceramide pairs with the hydroxyl group position separated by one
methanediyl (—C'Ho—) group (example, {2-3, 3-4, 6-7}) have varying distances [Fig.
3.4c]. SMILIGN distances do not increase gradually with the increasing separation of
hydroxyl group between the pairs, for example, the ceramides paired with molecule
2 ({2-3, 2-4, 2-5 -- 2-17}) show increase in distance with the separation of hydroxyl
group until position 15, but beyond that, the distances do not increase [first column,

Fig. 3.4¢].

The distances associated with ceramide 7 [row and column 7, Fig. 3.4c] were
interesting because the value when paired with ceramide 6 is 0.29 but with ceramide
8 is 0.03, although there is one carbon atom separation of hydroxyl group in both
pairs {7-6} and {7-8}. The multiple sequence alignments that were generated prior
to SMILIGN distance calculation were probed to understand the values observed
for ceramide 7 [Fig. 3.3]. Molecules {7--13} share the same alignment position for
the hydroxyl group, but {14--18} have a different position [Fig. 3.3]. 17 ceramides
can be separated to three groups based on the alignment position of hydroxyl group
1. {2--6} 2. {7--13} and 3. {14--18}. The separation is noticeable in the distance
matrix, where the values were lower within- and higher between- the three groups

[Fig. 3.3

The Smith-Waterman distance is non-zero for all non-identical pairs [Fig.
3.4d]. The ceramide pairs with one carbon atom separation of hydroxyl group have

the identical 0.02 distance value, and the pairs with two carbon separation have two
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Name Aligned SMILES
2 -CCCC-C---CCCCC---0C > ( ) co)Cc(o)c=ceceeceecceee
3 ..CCC-C---CCCCC- - - (-0) C())L(())C ccececeeecece
4 ..C-C-C---CCCCC- - - (-0) CO)C(0)C=CCCceccceceeec
5 --CCC-C---CC-CC- - - : ( ) co)c(o)c-cececeeceeccce
6 --C-C-C---¢C ( ) co)Cc(0O)c=cccceccececceccececcec
7T ¢ccccececece- - - ( ) co)c(o)c-ccceccecececcececcec
8 ccccc-C- - - (~0) CO)C(0)Cc-CcCcecececeeeec
9 -CCCC-C- - - SC-C-C-C-C---C-C-C(=0)NC(CO)C(0)C=CcCCccccccccc
0 -cCc-C-C- - cc-c-Cc-C-C---C-C-C(=0)NC(CO)C(O)C=CcCCCCCCCCCC
11 CC-C-C-CCC---C-C-C(~0)NC(CO)C(0)C-CCCCCCCCCCC
12 CC—C—C-CCC———CCC—C(fo)I\C(CO)C(O)C ccceccececcccc
13 ceceeeceeeece- - - - - C-C(=0)NC(CO)C(0)Cc=Cceceeeceeecee
14 CC-C-C-C-C---C-C-C(:O)I\C(CO)C(O)C ccececceceecec
15 CCCCC---CC-C-C-CCC- - - - - C-C(-0)NC(CO)C(0)C_Ccreeceececee
16 cccececec---CCc-Cc-Cc-cCcCcCc---C-C-C(=0)NC(CO)C(O)C=CCCCCCCCCCC
17 CCCCC---CC-C-C-CCC---CCC-C(=0)NC(CO)C(0)C=CcCCccecececcee
18 cceccecce---CcCc-ccecccececc----CcC-Cc(=0)NC(CO)C(O)C=CCCCCCCCCCC

Figure 3.3: Multiple Sequence Alignments of 17 ceramides in template SMILES
representation. The 17 ceramides in template SMILES representation were used as
input to MUSCLE Multiple Sequence Alignment Program (MSA), as described in
methods chapter [section 2.4.4]. The amino acid characters were converted back to
SMILES to generate the above list. This back-conversion is not part of the SMILIGN
distance calculation workflow, but performed here to improve the readability of MSA
output. The MSA symbol for a gap (-) remains unchanged. The hydroxyl group in
the acyl chain of ceramides is marked for all 17 aligned SMILES.
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3. Results

Figure 3.4: Pairwise distances for the template SMILES representation of 17
ceramides. Distance values in the range of 0 to 1, were calculated with five methods
(a) LINGO (b) FP2 (c¢) SMILIGN (d) Smith-Waterman and (e) Levenshtein distance
[section 2.4]. Rows and columns were numbered from 2 to 18. These numbers
correspond to the 17 ceramides structures that were named, also from 2 to 18 [section
2.1.1]. See figure 3.1 explanation for triangular matrix, grey scaling and procedure
to read the distance value for a specific pair.

times that value. This trend continues, with three and four times the distance values
for ceramide pairs with 3 and 4 carbon atom separation of hydroxyl group; with the
exception of {13-17} [Fig. 3.4d]. This trend does not continue for pairs with 5 or

more carbons separation.

The distance between pairs when one partner is either ceramide 17 or 18, have
higher values. For example, the ceramide 2 when paired with {15,16} has the same
value 0.06, but when paired with {17,18}, the value is higher. This pattern is true for
many ceramides {2--10}. The Smith-Waterman alignments of {2-15,2-16,2-17,2-18}

were probed further to identify this discrepancy [Fig. 3.5].

The distance values between ceramides paired with molecule 17 are higher, in
comparison to the values when paired with 18 [rows 17 and 18 respectively, 3.4d]
which is surprising because the hydroxyl group is nearer between {16-17} rather

than {16-18} [Fig. 2.1a.

Levenshtein distance values are non-zero for all non-identical pairs of ceramides
[Fig. 3.4e]. One carbon atom separation of hydroxyl group between a pair ({2-3,3-4
and so on}) resulted in the levenshtein distance value 0.04 [distances running parallel
to the diagonal]. The distance is two times that value for two carbon atom separation
[distances running parallel to the diagonal, Fig. 3.4e|. Three or more carbon atom
separation of the hydroxyl group between a pair, resulted in a fixed distance value

0.12.

3.1.4 Section Summary

Three SMILES representations were compared by calculating the pairwise distances
of 16 PI and 17 ceramide structures. The first criterion to compare SMILES is to
see non-zero distance values for all structurally different pair of molecules. All the

three SMILES resulted in non-zero values with the four alignment-based methods
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3.1. Evaluation of SMILES Representation

Name

SMILES (before and after alignment)

CCC(0)CCCCCCCCCCCCCCC(=0)NC(CO)C(0)C=CCCCCCCCCCCC
CCLCCULLCCCCltCClC(0)C(—U)NC(COU)C(U)L-LLLLLLCLLLLLe

16 ccd(o)lcccccceccccccce---C(=0)NC(CO)C(0)C=CCCCCCCCCCCC
Hydroxyl 2 ccal---cceceececececeececeec(0)C(=0)NC(C0)C(0)C=CCCCCCCCCCCe
group is
retained 15 CCCC(0)CCCCCCCCCCCCCC(=0)NC(CO)C(0)C=CCCCCCCCCCCe

2 CCCClceeccCccCcCCcCCC(0)C(=0)NC(CO)C(0)C=CCCCCCCCCCCC

15 CCCC|(0)[cCCCCCCCCCCCC---C(=0)NC(CO)C(0)C=CCCCCCCCCCCC

2 cCccCc\ - -Jccecececececeececececc(o)c(=0)NC(CO)C(O)C=CCCCCCCCCCCC

17 CCCCCCCCCCCCCCCCCC(=0)NC(CO)C (0)C=CCCCCCCCCCCC

2 CCCCCCCCCCCCCCCCC(0)C(=0)NC(CO)C(0)C=CCCCCCCCCCCC

17 GCCCCCCCCCCCCCC---C(=0)NC(CO)C(0)C=CCCCCCCCCCCC
Hydroxyl 2 CCCCCCCCCCCCCCC(0)C(=0)NC(CO)C(0)C=CCCCCCCCCCCC
group is
NOT 18 cccccccccccccccoco(=0)NC(CO)C(0)0=ccccoccccccc
retained 2 CCCCCCCCCCCCCCCCC(0)C(=0)NC(CO)C(0)C=CCCCCCCCCCCC

18

v

CCCCCCCCCCCCCCCC---C(=0)NC(CO)C(0)C=CCCCCCCCCCCC
CCCCCCCCCCCCCCCC(0)C(=0)NC(CO)C(0)C=CCCCCCCCCCCC

Figure 3.5: Comparison of four SMILES pairs, before and after Smith-Waterman
alignment procedure. Ceramide structures in template SMILES representation were
used. The arrow mark separates the pre- and post alignment SMILES for each pair.
An horizontal line is drawn between {16-2, 15-2} and {17-2, 18-2}, to draw attention
to the hydroxyl group (marked by a box frame) that is retained in the first set,
but not retained in the later set. Each pair of SMILES is separated by a shorter
horizontal line for clarity.
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[Table 3.1] but they failed (resulted in at least one zero value) with LINGO and FP2

distances.

Table 3.1: Evaluation of SMILES writing approaches to distinguish non-identical
ceramide and PI structures by measuring distance with 6 methods.

LIN FP2 Bio SMI S-W Lev

CACTYVS canonical SMILES X X v v v v
Open Babel canonical SMILES X X v v v
Template SMILES X X v v v

The statement “All non-identical structures have non-zero distance”is
True v'or False x. LIN - LINGO, Bio - Bioisosterism, SMI - SMILIGN,
S-W Smith-Waterman, Lev - Levenshtein

The second criterion is to have distance values that correlate with position of
hydroxyl group. To test this, 17 ceramides structures were used. The two canonical
SMILES representations resulted in inconsistent distance values for a linear (step-
wise) consistent change in hydroxyl group position [Table 3.2]. Template SMILES
resulted in inconsistent values with LINGO, FP2 and SMILIGN methods, and it is

only partially consistent with Smith-Waterman and Levenshtein.

The final criterion is to have monotonically increasing distance values for a
corresponding increase in acyl chain length. This criterion is relevant in the real-world
application because the acyl chain length is modified by the elongase enzymes [148],
which are involved in the biosynthesis of many lipid classes [149]. The two canonical
SMILES resulted in inconsistent distances for all the six methods [Table 3.3]. LINGO
and FP2 methods failed to provide consistent values for template SMILES, but the
alignment based methods, SMILIGN, Smith-Waterman and Levenshtein distances

resulted in monotonously increasing values for a corresponding acyl chain length

Table 3.2: Evaluation of SMILES writing approaches to distinguish hydroxyl group
position by measuring distance with 6 methods.

LIN FP2 Bio SMI S-W Lev

CACTVS canonical SMILES X X X X X X
Open Babel canonical SMILES X X X X X
Template SMILES X X X V) (V)
The statement “Distance correlates with the change in hydroxyl group
position” is True v/, False x or Partially true (v'). Distance method
abbreviations from previous table
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3.1. Evaluation of SMILES Representation

increase.

Table 3.3: Evaluation of SMILES writing approaches to distinguish the acyl chain
length by measuring distance with 6 methods.

LIN FP2 Bio SMI S-W Lev

CACTYVS canonical SMILES X X X X X X
Open Babel canonical SMILES X X X X X
Template SMILES X X v v v

The statement “Distance correlates with the acyl chain length”is True v
or False x. Distance method abbreviations from previous table.

Additional experiments, 1. CACTVS canonical SMILES representation of 16
PT structures [Supl. Fig. 4.2], Open Babel canonical SMILES of 17 ceramides [Supl.
Fig. 4.3] and template SMILES of 16 PI [Supl. Fig. 4.4] support the observation

that template SMILES is better suited for measuring distances.

The template SMILES representation in combination with Levenshtein
distance resulted in the most consistent values for both ceramides and phostphatidyl
inositol structures. The template SMILES in combination with Smith-Waterman
distance comes second in providing consistent values. In the next sections, these two

methods will be tested with additional criteria.
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3.2 Determining Coordinates from Distance

Matrices with PCA

I have two objectives in this section 1. show that structure based comparison of
lipids is valid in a two- and three- dimensional PCA space 2. asses the performance
of template SMILES + Levenshtein distance on a larger set of lipids. In the first
part of this section, I will compare the distribution of ceramides and phosphatidyl
inositols in two- and three- dimensional PCA space. In the second part, I will analyze

the distribution of 30 150 lipids in three dimensional PCA space.

3.2.1 Euclidean Distance in 3D PCA Space is Consistent

with Levenshtein Distance

A PCA space for a set of lipid structures is generated by performing PCA on their
distance matrices and plotting the components that have higher variance [section 2.5].
In the previous section, it was shown that pairwise Levenshtein and Smith-Waterman
distances from the template SMILES of 17 ceramides correlated with change in
hydroxyl group position [Table 3.3]. Following up with that result, the Levenshtein

distances are converted to 2D and 3D coordinates by performing PCA [section 2.5].

3.2.1.1 Distribution of 17 Ceramides in 2D and 3D PCA Space

In the 2D PCA space, the distribution of ceramides show two features 1. they
are sequential in arrangement and 2. they have an interesting cardioid curve like
pattern [Fig. 3.6]. Sequential arrangement is a positive result because the position
of the hydroxyl group in acyl chain is also sequentially changed [Fig. 2.1a]. The
combination of 1. template SMILES 2. Levenshtein distance and 3. PCA, correctly

portray the structure differences between ceramides in a 2D PCA space [Fig. 3.6].

The cardoid-curve like pattern is analyzed by measuring the Euclidean distance
between molecule 2 and {3--18} (calculated from PC1 and PC2 coordinates), and
generating an bar graph [Fig. 3.6b]. It shows a slight left-skewed distribution,

although, the expectation is to see more left-skewness because of the sequential
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3. Results

movement of hydroxyl group in the acyl chain [Fig. 2.1a]. Reason for limited left-
skewness is that PC1 and PC2 cover only ~55% of the total variance which means
the 2D view limits the visualization of true inter-molecular Levenshtein distance.
The distribution of ceramides in 3D PCA space shows better separation of molecules
2 and 18 in the z plane, which was not visible in 2D view [Fig. 3.6¢]. A bar graph
of the Euclidean distances calculated from 3D coordinates follow the pattern of
Levenshtein distance [Fig. 3.6d]. The three principal components cover ~67% of the

total variance.

In contrast, the 2D PCA space generated from the Smith-Waterman distances
do not show sequential arrangement [Suppl. Fig. 4.5]. The bar graph of Euclidean
distance has two peaks (expectation is to see linear increase with a sigle peak at right-
end) and is not consistent with the sequential change in hydroxyl group position [Fig.
2.1a). Smith-Waterman distances for the ceramide-pairs associated with molecule 17

were peculiar which could be the reason for two peaks [section 3.1.3].

3.2.1.2 Distribution of 16 PI’s in 2D and 3D PCA Space

The 2D PCA space of 16 PI's has two features 1. arrangement of PI’s has an inverted
U shape 2. coordinate points have a sequential arrangement in the right to left
direction [Fig. 3.7]. PI's with saturated acyl chains alternate with unsaturated acyl
chain molecules, while maintaining the acyl chain length sequence. The PI's with
an two carbon, ethanediyl (—C'Hoy — C'Hy—) difference in chain length were farther

separated, in comparison to methanediyl (—C'Ho—) difference.

The 3D coordinate view shows a better separation of unsaturated molecules
in the third principal component axis [Fig. 3.7]. The bar graph of Euclidean distance
between molecule 10 and {10*--20*} is a left-skewed distribution, which is a positive
result because the Fuclidean distances correctly increase with the acyl chain length.
The 2D, 3D and the bar graph of Euclidean distances generated from pairwise
Smith-Waterman distance matrix closely resemble the results from Levenshtein
distances [Suppl. Fig. 4.6]. Molecules {10*, 11} have identical Euclidean distance

with molecule 10, although, they are structurally different.
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Figure 3.6: Distribution of 17 Ceramides in 2D and 3D PCA space. Pairwise
Levenshtein distances were converted to coordinates with PCA. (a) Prinipcal
component 1 (PC1) in x axis and 2 (PC2) in y axis. (b) Bar graph of Euclidean
distances between molecule 2 to {3--17}, calculated from PC1 and PC2 coordinates
(¢) Principal components 1, 2 and 3 in x, y, and z axes. (d) Bar graph of Euclidean
distances between molecule 2 to {3--17}, calculated from PC1, PC2 and PC3

coordinates.
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Figure 3.7: Distribution of 16 PI molecules in 2D and 3D PCA space. Pairwise
Levenshtein distances were converted to coordinates with PCA. (a) Prinipcal
component 1 (PC1) in x axis and 2 (PC2) in y axis. (b) Bar graph of Euclidean
distances between molecule 10 to {10*--20*}, calculated from PC1 and PC2
coordinates (c¢) Principal components 1, 2 and 3 in x, y, and z axes. (d) Bar graph of
Euclidean distances between molecule 10 to {10*--20*}, calculated from PC1, PC2
and PC3 coordinates. PI's with unsaturated acyl chains were shown in gray in plots
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Fatty Acyls
B Glycerolipids
H Glycero-
phospholipids
[l Sphingolipids
[ Sterol Lipids
Prenol Lipids
Saccharolipids
Polyketides

30

PC 2 (7 23 %)

30
N
o/q&\

\
)
10 QC)

_30

20 + + + 6 + + + 10
PC 1 (" 52 %)

Figure 3.8: 8 lipid categories form noticeable clusters in 3D PCA space. All lipids
from LMSD were converted to template SMILES. PCA coordinates were calculated
from the pairwise Levenshtein distance matrix. Lipid classification was described
earlier [subsection 2.1.2]. The z, y, z axes are principal components 1, 2 and 3.

3.2.2 Arrangement of 30 150 structures in 3D PCA Space

is Consistent with the Lipid Classification

3D PCA space from the Levenshtein distances has separated lipid classes to noticeable
clusters [Fig. 3.8]. The top three principal components capture approximately 84%

of the total variance in the dataset.

The sphingolipids category in LMSD contains 3510 structures. The
arrangement of sphingolipids in PCA space resembles a pear-shaped curve [Fig. 3.9].
The sphingoid-bases class is a collection of sub-structures with reduced structure
overlap [8]. The diverse sphingoid-bases class clustered farther from the highly
similar structures in glycosphingolipids sub-class [Fig. 3.9]. Molecules in ceramides
sub-class are closely related to sphingoid-bases but with varying acyl chains and no
sugar substitutions which is correctly reflected in the PCA space because ceramides
sub-class clustered nearer to sphingoid bases and farther to complex
glycosphingolipids [Fig. 3.9]. Neutral and acidic glycosphingolipid sub-classes

cluster together, because of the identical sub-structures.

The distribution of molecules in the 3D PCA space coincides with the sugar
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Figure 3.9: Spatial distribution LMSD Sphingolipids. PCA coordinates of 3510
Sphingolipids were calculated from the pairwise Levenshtein distances of the
template SMILES representation of structures. Lipid classification and sugar moiety
nomenclature from LIPID MAPS.
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Figure 3.10: Selected sphingolipid structures for panel (c) in Fig. 3.9
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moiety and lipid acyl chain [panel (c¢) Fig. 3.9]. In the set of lipids with the same
sugar moiety, the arrangement in 3D PCA space conforms with the lipid moiety. The
set of lipids with the same sugar moiety form an twisted 'L’ shape formation. The
molecules with longer acyl chain {4--8} cluster together, farther from the molecules

with shorter acyl chain {1, 2, 3}.

The five highlighted clusters in the neutral glycosphingolipid region have the
same sum sugar composition, but vary in the arrangement of sugars [Fig. 3.10]. Four
clusters (Globo, Lacto 1, Lacto 2 and Neo-lacto) branch out at the fourth sugar, and
the fifth cluster (Iso-globo) branches out at the second sugar [Fig. 3.10]. The spatial
arrangement of highlighted clusters follows the sugar moiety branching pattern, i.e,

four clusters are nearer and the fifth is farther [panel (c¢) Fig. 3.9].

3.2.3 The Background Ensemble has Low Effect on the

Spatial Arrangement in PCA Space

A set of 14 Phosphatidyl Choline (PC) molecules with one varying acyl chain, length
{12--26}, and one uniform acyl chain, length {12}, are projected in PCA space,
under two conditions 1. in the presence and 2. in the absence of background LMSD
ensemble [Fig. 3.11]. The distribution in the presence of LMSD is an twisted 'L’
shape in the 2D PCA space. The bar graph of 2D Euclidean distance between PC
molecule 12 and {12--26} is an left-skewed distribution, as expected, because of
the sequential increase in the acyl chain length [Fig. 3.11]. The distribution of PC
molecules in the absence of LMSD is in the shape of a parabola in 2D PCA space [Fig.
3.11]. The parabola shaped arrangement has sequential order (from left to right),
coinciding with their acyl chain length. The 2D Euclidean distance derived from
parabola is left-skewed, which is a positive result because of the gradual increase
in acyl chain length {12--26} [Fig. 3.11]. The comparison of the two bar graphs
(presence and absence of LMSD) indicates that the background ensemble has minimal

effect on the 2D Euclidean distances [panels ¢, d in Fig. 3.11].

The arrangement of nine Cholesterol Esters (CE) in the LMSD background
ensemble is consistent with the acyl chain length [Fig. 3.12]. Molecules with

the odd versus the even number of carbon atoms in the acyl chain are clearly
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separated. Similarly, the arrangement of ten triacylglycerol (TAG/TG) structures is
also consistent with acyl chain length and unsaturation [Fig. 3.12]. Five unsaturated

TAG’s are distinct from the saturated molecules [Fig. 3.12].
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Figure 3.12: Distribution of 9 Cholesterol Esters (CE) (b) and 9 TAGs (c) varying in
acyl chain length, in the background of LMSD ensemble. First shown in the LMSD
background (a) and later shown (b,c) separately.
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3.3 Lipidome Juxtaposition

In this section, I will apply the methods developed in earlier sections (template
SMILES, Levenshtein distance and PCA Space) to compare lipidomes of yeast, fruit
fly and human lung [section 2.2]. Later, I will apply LUX Score [section 2.6] for
hierarchical clustering of lipidomes. I will end the chapter with a structure-based
lipidome comparion workflow that will give an overview of all the computational

methods developed in this study.

3.3.1 Hierarchical Clustering of Yeast Lipidomes with
LUX score concurs with Phenotype

The eight yeast elongase gene mutant lipidomes published by Ejsing et. al [23] are
summarized in Table 3.4. Lipids pooled from eight lipidomes, i.e., two each from
four yeast strains, are projected in two dimensional PCA space [Fig. 3.13]. The
differences between the mutant strains could be visualized by plotting lipidomes

separately [Fig. 3.14].

Table 3.4: Overview of yeast elongase mutant lipidomes

Phenotype No. of Lipids
Strain Gene function Bud Morphology Budding 24°C  37°C
BY4741 Normal Normal 176 145
Elol FA elongase - - 176 159
Elo2 FA elongase Abnormal Abnormal 161 163
Elo3 FA elongase - Abnormal 174 170

Brachmann et al. [150-153]

The number of TAGs are reduced in all four strains at 37°C, but it is not
noticeable in PCA space because the region in Q2-Q3 also contains PC and PE
[Fig. 3.14]. The lower Levenshtein distance groups TAGs with phospholipids, which
suggests that yeast produces many lipids with overlapping structural features. The
IPC in Q1 region of PCA space contains 5--8 molecules for BY4741 and Elol strains,
but 12--15 for Elo2 and Elo3. IPC structures do not overlap with other lipids which
indicates a unique feature of yeast elongase lipidomes [Fig. 3.14]. The number of

PS molecules are similar in all mutants but there is more diversity in structures for
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Figure 3.13: Map of 248 lipids pooled from 8 yeast lipidomes [Table 3.4]. Pairwise
Levenshtein distances were calculated and the first two pricipal components of
the matrix were plotted in x and y axis respectively. Lipids classes that formed
distinguishable clusteres were dark shaded. The number of lipid species in each
class were shown in brackets. MIPC, M(IP)9C and IPC are located in Q1. A
subset of PI, with shorter acyl chains are located near to IPC in Q1. Q2 is
composed of TAG and PC. Other phospholipids, such as PA and PE clustered
together with TAGs, but in Q3. DAGs are located in Q3. Ceramides, PS
and CL are in Q4. MIPC - Mannose-inositolphospho-ceramide(s); M(IP)9C -
Mannose-bis(inositolphospho)ceramide(s); IPC - Inositol phosphorylceramide(s);
TAG - Triacylglycerol(s); PC - Phosphatidylcholine(s); PA - Phosphatidic acid(s); PE
- Phosphatidylethanolamine(s); DAG - Diacylglycerol(s); PS - Phosphatidylserine(s);
CL - Cardioplipin(s).
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3.3. Juxtaposition of Yeast Lipidomes

lipidomes at 37°C, which indicates a feature specific to higher growth temperature

[Fig. 3.14].

The lipid structure differences between yeast lipidomes were collected to
generate pairwise LUX scores [[Equation 2.6], Fig. 3.15a]. 93% of the lipids are
common in the control strain BY4741 and Elo1, cultured at 24°C [Fig. 2.3], which
is also reflected in the lowest LUX score, 0.003 [Fig. 3.15a]. The most dissimilar
lipidomes are Elol 37°C and Elo3 24°C but the distance between them is only 0.019
(theoretical maximum is 1), which is an indication that the yeast elongase lipids have

high structure similarity [Fig. 3.15a).

Elol, Elo2 and Elo3 have mutation in the fatty acid elongase gene of the
sphingolipid metabolism pathway but Elol has no reported effect on the yeast bud
morphology, while Elo2 and Elo3 caused visible changes [Table 3.4]. Hierarchical
clustering based on LUX score groups BY4741 and Elol together, Elo2 and Elo3
together (abnormal budding) concurring with their biological phenotype [Fig. 3.15b].

3.3.1.1 Error modeling of yeast lipidome

The aim of error modeling experiment is to test robustness of the tree generated by
hierarchical clustering of the LUX scores [section 2.8]. What happens if we exclude
low abundant lipids from analysis 7 Does it perturb clustering? If yes, to what

extent?

With the threshold of detection limited to 0.003 mol% and standard deviation
of 0.001, there is no change in the tree branching [Fig. 3.15b]. Threshold of detection
limited to 0.003 mol% and standard deviation of 0.002, caused only minor changes and
the maximum change is effected by increasing the detection limit further. Clustering
frequency at the top level branch comprising BY4741 and Elol reduced by 15%,
the branch with Elo2 and Elo3 reduced by 21%. More lipids were exluded from the
LUX score at tjot0et = 0.003 mol% and o = 0.002, but the braching pattern is not
effected, especially at the lower level (each branch reoccurs 97, 77, 92 and 99 times

of out 100), indicating that the hierarchical clustering is robust.
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Figure 3.14: Distribution of lipids in 8 yeast strains. Dot size for each lipid is
scaled to the concentration. Number of molecules for selected lipid class indicated
inside square brackets. MIPC - Mannose-inositolphospho-ceramide(s); M(IP)9C -
Mannose-bis(inositolphospho)ceramide(s); IPC - Inositol phosphorylceramide(s); Cer

- Ceramide(s).
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Figure 3.14 continued. TAG - Triacylglycerol(s); PC - Phosphatidylcholine(s); PA -
Phosphatidic acid(s); PE - Phosphatidylethanolamine(s); DAG - Diacylglycerol(s);
PS - Phosphatidylserine(s); CL - Cardioplipin(s); PI - Phoshatidyl Inositol(s); PS -
Phosphatidyl Serine(s); L[PI][PE][PC] - Lyso [PI|[PC][PC]; LCB - Long Chain

Base(s).
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Figure 3.15: Pairwise LUX Scores for 8 yeast lipidomes (a). Higher values are dark
shaded. Clustering of lipidomes based on LUX Scores (b). Branch frequency [section
2.8] displayed at tree nodes.

3.3.2 Juxtaposition of Fruit fly Larva Tissue Lipidomes

12 lipidomes from Drosophila melanogaster larvae [section 2.2.3] were used to calculate
LUX scores [section 2.6]. The LUX scores are in the range of 0.002 and 0.003,
indicating that overall, the lipidomes are highly similar [Fig. 3.16a]. However, the
values also point to the subtle differences between the tissues. For instance, the
highest value is between brain and salivary gland. The lowest value is between
lipoprotein lipidomes collected after feeding the larvae with two diets, indicating

that food regime has less effect on the lipid structure diversity of lipoprotein tissue.

The lowest level branches of the hierarchical clustering of LUX scores put
lipidomes of the same tissue type together [Fig. 3.16b]. In the higher level branching,
brain, salivary gland and wing disc lipidomes cluster together. The fat body, gut
and lipoprotein lipidomes are farther in that order. Brain, salivary gland and wing
disc are important for specific functions and expected to accumulate specific lipids.
In contrast, the gut, lipoprotein, fat body tissues are important for collection and
storage of food, which are expected to accumulate a wider variety of lipids. The
hierarchical clustering of lipidomes based on LUX scores correctly seperates these

two sets of tissues. [Fig. 3.16b].
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Figure 3.16: Pairwise LUX scores for 12 fruit fly lipidomes (a). Higher values are
dark shaded. Lipoprotein lipidomes have higher LUX scores. The plant diet salivary
gland lipidome has lower LUX scores, followed by fat body lipidome under plant
based diet. Clustering of 12 lipidomes based on LUX Scores (b). The diet plays an
important role defining the lipid diversity for all tissues except salivary gland and

wing disc.
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3. Results

3.3.3 LUX score Separates Tumor from Tumor-free

Human Lung Tissue

Lipidomes of 21 tissue samples from alveolar region of lung (non-cancerous/tumor-
free) and 23 samples from tumor tissue, were obtained from 26 human lung cancer
patients in a recent study [section 2.2.4]. Hierarchical clustering of 43 tissues based
on LUX score clearly separated tumor from tumor-free tissue [Fig. 3.17]. 4 distinct
clusters emerged from the hierarchical clustering — two corresponding to alveolar
tissues and the other two to the tumor tissues. Tumor-free tissues with higher
inflammation score (ID22, ID24, 1D29, ID43) are clustered with tumor tissues. Error
modeling is performed to test the robustness of clustering to the change in lipid
detection threshold. In spite of the stringent threshold, LUX score based hierarchical

clustering separates tumor from tumor-free tissues on most occasions [Fig. 3.17].

The LUX score between tumor tissues ID43 and ID64 is 0.0014. It is the
lowest LUX score in the dataset reflecting the similar lipid structure composition.
239 (94%) lipids in ID43 are present also in ID64. Only 14 lipids in ID43 have no
identical counterpart in ID64. But all 14 structures have close neighbors in ID64
[Table 3.5]. The highest LUX score in the dataset is between tumor tissue ID19
and alveolar tissue (tumor-free) ID15 is 0.0165. 122 (49%) lipids in ID19 have no

identical counterpart in ID15.

The LUX score between tumor and tumor-free tissue of ID64 is 0.005. This
patient is chosen as an example to highlight the lipids that present in tumor tissue
but absent in tumor-free and vice-e-versa. TAG molecules present in tumor tissue
but absent in tumor-free are marked in the lipidome map and easily visualized by
three-fold increase the number of the data points in Q1 [Fig. 3.17]. Tumor-free
tissue has no unique TAG molecules. The new TAG molecules of tumor tissue are
located farther from the lipids of same class which reflects a lipid strucutral difference

between the tumor and tumor-free tissues [Fig. 3.17].

The PCA space of DAG molecules has more data points in tumor tissue.
Short acyl chain DAG molecules (32:0 and 32:1) are located at the bottom, slightly

farther from other lipids of the same class. The bottom-right quadrant is marked by
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3. Results

Table 3.5: Comparison of selected lipids in two tumor tissues

Unique lipids in ID43

Close structure counterpart(s) in ID64

Cer 39:1;2 Cer 38:1;2  Cer 40:1;2

DAG 35:1 DAG 34:1 DAG 36:1

DAG 39:5 DAG 38:5 DAG 40:5

DAG 40:4 DAG 38:4 DAG 40:5 DAG 40:6
DAG 41:5 DAG 40:5

HexCer 42:2:3 HexCer 42:2;2

LPC 18:1 LPC 16:0

PC 31:1 PC 30:1 PC 31:0

PC 38:3 PC 38:2

PG 35:1 PG 35:0 PG 36:1

PG 36:0 PG 35:0 PG 36:1

PG 38:2 PG 38:5 PG 38:6 PG 39:0
PI 34:0 PI 34:1

PI 36:3 PI 36:2 PI 36:4

a three times increase in the point cloud made of CE lipids in tumor tissue. The
coordinates of new CE molecules in tumor tissue are continuous . Except PG class,
all phospholipids share similar PCA space in tumor and tumor-free tissues. However,

13 PG molecules present in tumor-free tissue are absent in tumor tissue [Fig. 3.17].

3.3.4 Lipidome Juxtaposition Work flow

The computational methods developed in this study, for the comparing lipidomes
are summarized as a work flow [Fig. 3.18]. First, the lipid names from multiple
experiments/samples are pooled to create a combined list. The duplicate entries are
removed from the list, which is important, especially for lipidome datasets of a single
tissue but different time points will yield lipid names that will be obviously listed
in all samples. In contrast, for instance, lipidomes of different organisms will likely

have less number of duplicates [section 2.2].

Next, the structure drawing and SMILES generation is performed. The
number of isomeric structures that will be generated for a given lipid species depend on
the structural information gathered with mass spectrometry. For example, fatty acid
composition of the yeast lipids was available in one study [23], but that information
could not be obtained for fruit fly lipidome [121]. In this case, more isomeric

possibilities were enumerated for fruit fly lipids because of the limited fatty acyl
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3. Results

information [section 2.2.3].

Levenshtein distance was selected for calculating distance matrices, although
in principle, other similarity measures could be applied. Principal Component
Analysis was performed for visualizing the lipidomes. The pairwise LUX scores

between lipidomes was calculated and used as a metric for hierarchical clustering.
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Discussion

There were three main themes in this study 1. how to represent lipid structures as
strings? 2. how to compare lipid structures? and 3. how to compare lipidomes?
In hindsight, the first two questions [section 3.1] were more challenging than third
[section 3.3], which was relatively straight-forward after establishing methods to

address questions 1 and 2.

4.1 How to represent lipid structures ?

A structure is easy to draw if all the atoms and their connections are well defined.
In the case of lipidomics data, neither the atoms nor connections are completely

defined, which makes lipid structure drawing a difficult problem.

4.1.1 Mining structure information from biochemistry

literature

The output of a typical lipidomics work flow [Fig. 1.2] is a list of lipids but with
limited structure details [Table 2.8]. For example, Cer 41:2;2 is has four structure
details 1. the lipid class (Cer - ceramide) 2. the number of carbon atoms (42) 3.
the number of double bonds (2) and 4. the number of hydroxyl groups (2) but it
does not specify 1. the number of carbon atoms in long chain base 2. number of
carbon atoms in amide linked acyl chain 3. the position of double bond (in long
chain base ? or acyl chain 7) 4. position of hydroxyl group (in head group 7 or acyl
chain 7). To construct structure from lipid name, the missing details were filled by
knowing biochemistry of the tissue such as a. enzymes that carry out hydroxylation
reactions in that tissue and b. the typical acyl chains in other lipid-classes of the

same organism.

A method was developed in this study to select one representative structure
from a list of isomer possibilities. Although, the results with the use of this approach
reflect the biological phenotype, follow up studies are required that will improve the

selection of representative structure of isomers.
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4. Discussion

4.1.2 The consistency in lipid nomenclature

The lipid nomenclature used in publications is a concern because it effects the
parsing of lipidomics data. Although, there is some consensus with using a common
short-hand notation of lipid names [154], there are also differences, for example, a
triacylglycerol is referred as TAG or TG [23,121,122]. The number of hydroxylations
are sometimes mentioned but could be left out of the publications. There are two
reasons for not explicitly indicating them in publications 1. it is known from previous
work on the biochemistry of that tissue/organism 2. it could not be determined from
the lipidomics work flow. Either way, this missing information poses a problem for

generating parsing rules.

In the case of yeast, fruit fly and human lung lipids used in this study, all
the data was obtained from a similar lipidomics work flow, which made the parsing
less troublesome. To apply the computational methods developed in this study to
lipidomics data obtained from other work flows, it is important to have a consistent

nomenclature and a constant update of the parsing rules.

4.1.3 1D, 2D and 3D are points of view

A problem that is inherent in drawing any molecular structure is to select the best
representation. Protein structures are represented as sequences (1D) or space-filling
(3D) models, sugar molecules as line drawings (2D), DNA and RNA as sequences
(1D). A major challenge in this study is to select suitable representation to draw
lipid structures. 3D coordinates are not relevant because, unlike crystal structures
of proteins, the atom coordinates were rarely obtained for lipids. Moreover, 3D
models are appropriate for molecules that are measured in solid state (such as crystal
structures of proteins), but not for lipids. So, for lipids, the problem is to choose
between graph representation (2D) or a sequence (1D). This study focuses entirely

on sequences, which is practical for its simplicity, but it is nevertheless incomplete.

A graph (2D) has no left-right orientation but a sequence has start-point
and an end-point (culturally, left is start and right is end, but that is a different
problem!). The choice to use sequence for lipids restricted a structure to left-right

orientation, which had unintended consequences with alignment [section 4.2.6].
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4.1. How to represent lipid structures ?

SMILES notation was the choice but there are other sequence formats such as
InChI, ROSDAL that could be applied [69,70]. InChI notation is gaining popularity
and a hashed version, InChl Key, was proposed as search string for mining relevant

literature in Internet [72,73,155].

4.1.4 Customize canonicalization for lipids

Canonical SMILES failed in the test cases but only two types were tested in this
study [156]. Morgan rule of uniquely numbering atoms [82] could be modified to
take advantage of lipid specific features. For example, the central atom in glycerol
for TAGs, the amide-linked atom in long chain base for ceramides could be used
as a starting atom. Acyl chains could be numbered following the snl and sn2

nomenclature.

4.1.5 Programmatic structure generation tools need

improvements

Programmatic generation of structures from the lipid names was important task in
this study. Each lipid species could have more than one possible structure, depending
on the level of structural details gathered by the lipidomics work flow [Fig. 3.18].
Enumerating all the possible isomers and selecting one of them as a model structure,

for that particular lipid, is a challenge.

In this study, the first lipid structures were drawn with a simple web-tool [131].
However, it was not realistic to apply the same process to datasets with 300+ lipid
species (each with 3004 isomers). The programmatic structure drawing tools [141]
were definitely of assistance but there was a problem. These tools were developed to
draw lipids specific to mammals, with the focus on humans, which is not sufficient
for this study. So, the scripts were modified to draw yeast and fruit fly lipids. It is a
clear recommendation from this study that structure drawing tools must support

more organisms.
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4.2 How to compare lipid structures ?

This is the central problem of this study. There were no reports of comparing lipid
structures until now, the only option was to search for methods from related subjects.
Pharmacological molecules, proteins, DNA sequences are chemically or biologically
related to lipids, naturally, the search for structure comparison methods had a bias
in selecting the ones that were popular with those molecules [89]. In hindsight, this
was a bad idea, because, the methods that were established for proteins and DNA
could not be applied for lipids. The search was not exhaustive, so obviously there
will be numerous other methods that could be adapted for lipids [101]. This section
focuses on the lessons learned from the six methods and will end with suggestions

for future structure comparison studies.

4.2.1 Fingerprints - they are everywhere

Fingerprints are suitable for pharmacological molecules because often, only a specific
feature (or a set of features) of interest is compared [157]. In this study, one fingerprint
type was tested, FP2, but others like FP3 and MACCS (Molecular ACCess System)
could also be used [84]. It was observed that FP2 fingerprints were not suited for
measuring the change in hydroxyl position of ceramides [section 3.1]. There are two
possible reasons for this 1. the unique structure of ceramides i.e a long hydrocarbon
chain that might have resulted in highly similar fingerprints 2. the metric used for
comparing fingerprints may not be suitable for lipids as they were developed for
pharmacological molecules. In future, a. the hash function to generate fingerprint and
b. the metric for comparison should be optimized for lipids. The structural features
of each lipid class (and sub-class) must be taken into consideration in designing the

hash function.

Drug molecules were often compared with a combination of fingerprints [158].

It will be interesting to apply similar approach for lipids.
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4.2.2 Sub-strings - put on more weight

The word frequency method to compare SMILES strings was in principle, a straight
forward way to score differences, but it failed for ceramide and PI datasets [section

3.1]. Perhaps, LINGO method could be improved in three ways.

1. The scoring function [section 2.4] uses all LINGOs (hence, normalized by the total
number of LINGOs), which could be improved by using a weighted measure. Similar
to the substitution matrices use for protein sequence alignment, LINGOs could be

weighted based on their frequency of occurrence.

2. Only one LINGO length was tested (¢ = 4). That value was reported in an earlier
study [91] but with pharmacological molecules. In the future, it could be optimized

for lipids.

3. The LINGOs were linear sub-strings, which affected certain functional groups.
For example, a SMILES string CCC(0)C will contain a LINGO CC(0 (one of the
4 possible LINGOs with ¢ = 4). Although, it is a valid sub-string, the LINGO is
chemically invalid because of the missing round closing bracket. Perhaps, LINGOs

could be made non-linear by separating the branched atoms.

4.2.3 Bioisosterism - concept versus implementation

Bioisosterism is a useful concept to find chemical substitutes for specific functional
groups, which is a common theme in pharmaceutical research [159]. Computational
methods to find bioisosteres were developed [108], that will match a query molecule
with structures from a database. I asked the question, whether the Biosisosterism
concept could be applied for lipids ? As biomolecules are present in all living
organisms that perform similar function but have different structures, lipids are right

candidates for bioisosteric comparison.

Bioisosteric algorithm was designed for use with CACTVS canonical SMILES.
Although the program did not display errors when Open Babel canonical and template
SMILES were given as input, those results were not presented, because it is hard
to interpret the results, when clearly, the input specifications were not met. In the

future, the method could be adapted for use with template SMILES.
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The central idea of separating the main chain from secondary chains, used
in bioisosteric algorithm [Fig. 1.12] is relevant for lipids. Biosynthesis of ceramides
takes place by the addition of acyl chains to head group, so it is appropriate to
separate snl, sn2 chains and compare them separately. It will be interesting to test

if word-frequency method performs better with separated snl and sn2 chains.

4.2.4 SMlles multiple sequence aLIGNment (SMILIGN) -

or not smiling 7

SMILIGN is a logical progression from Bioisosteric similarity in the search for a
suitable method to compare SMILES. LINGO and Biosisosteric similarity were the
only methods available in literature that specifically use SMILES as input to calculate
similarity. These two methods (that were developed for pharmaceutical molecules)
failed, so the next step was to try out protein sequence comparison methods for

lipids [96,97].

The first limitation in converting SMILES to amino-acid sequences is the
character limit. Only 20 (one for each amino acid) letters could be used, so many
SMILES were suitably edited [section 2.4.4]. The consequences of this character-
replacement were obvious 1. the edited SMILES were no longer valid chemical
structures and 2. the lipids that were very different had similar SMILES (leads to a
false positive when compared). The MSA should have been calculated without an

ad hoc limitation of 20 characters.

The first part of an MSA is a pair-wise alignment which is a time-limiting
step. Methods to make fast pair wise comparisons include a seeding function of short
length string frequency match (BLAST uses a length 3). It will be interesting to
develop a seeding function for SMILES based on functional groups, that could make

quick pair-wise comparisons in the first part, that is followed up with MSA.

An identity matrix was chosen for scoring an alignment match, which was
not a bad choice, but in hindsight, the mis-match and gap (opening and extension)
penalties were a poor choice. Assigning the same penalty for a mis-match, a gap
opening and a gap extension (all, -10000), put these three on the same level. In

future, their values must selected carefully, perhaps, optimized for each lipid class.

84



4.2. How to compare lipid structures ?

A pair of SMILES were compared after the multiple sequence alignment of
all SMILES in the set, which was not a bad idea in the case of ceramides, but in
the future, one must be careful in performing MSA on a structurally diverse set of
lipids. It is better to separate lipid classes (or select SMILES of similar length) when

performing MSA, otherwise, the resulting alignment could have numerous gaps.

4.2.5 Local alignment and Levenshtein - watch the match

and mis-match scores

The Smith and Waterman method was tested with an identity matrix and only one
set of gap penalties. This does not rule out the possibility that it would function
better with appropriate parameters. Gap opening and extension had the same value

(-0.5) which should be adjusted in future.

An identity matrix was used for SMILIGN, Smith-Waterman and Levenshtein
alignments to score a match but it could be adjusted for each atom, for example,
same valency (halogens, chalcogens etc.) should have a higher value. In the case of
amino-acid sequences, large-databases are periodically screened and the log odds
ratio of each substitution is used for determining the mis-match penalty value. It will
be interesting to apply the same concept to lipids by measuring the re-occurrence
frequency of a functional group in a population. However, such large scale lipidomics
data is not yet available but should be possible in future. A more difficult challenge is
to define substitution weights for unrelated SMILES characters such as ‘=" (double
bond) and ‘C’ (methediyl group).

A back-tracking procedure was used when implementing sequence alignment
(both Smith-Waterman and Levenshtein procedures have it). In the event of a gap
and mis-match resulting in the same score, a mis-match is preferred (no gap). A
mis-matched atom could have a greater impact on the lipid function, as compared to
a gap which could be chemically interpreted as a neutral substitution. One must be
careful in implementing the alignment procedure and consider the consequences of

programming choices when adapting it for lipids.

Smith-Waterman similarity scoring function used in this study uses the number

of mis-matches but not gaps. The function could be adjusted to include both gaps
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and mismatches.

4.2.6 2D graph comparison - a missed opportunity 7

Lipid molecules are generally visualized as line drawings which are 2D graphs. A
number of 2D graph matching algorithms were available but not tested for lipids
[160-162]. Line notation was preferred over graph representation in this study for
three reasons 1. simplicity and 2. easier to enumerate isomer possibilities and 3.
faster computational time to score similarity. The last two could be achieved with

2D graphs.

Sequences (1D) representation has the left-right orientation [section 4.1.3].
Although, fingerprints and sequence alignment based similarity scoring methods do
not depend on the left-right orientation, the user must be careful when the SMILES
are manually added to the list of programmatically generated SMILES, to ensure that
all SMILES follow same orientation. 2D graphs do not have the left-right orientation

problem.

Tandem mass spectrometry (MSQ) is increasingly being used to obtain better
structure detail of lipids, especially glycolipids. For example, snl and sn2 composition
of DAG and TAG species was determined in yeast using MS2 [23]. Techniques
to obtain substitution positions (double bond and hydroxylation) for individual
molecular species are available but such methods were not used in conjunction with
high throughput lipidomics. Improved structure identification work flows will lessen
the isomer enumeration problem, which makes 2D graphs a better way to represent

and compare lipids.

4.3 How to compare lipidomes ?

The concept of a PCA space for lipids developed in this study is useful to compare
lipidomes in novel ways [section 1.3.3] [163—-165]. Hausdorff distance is one measure
that was tested but the other metrics are available in the theme of topological vector

spaces [103,166].

It is obvious that lipidome comparison work flow could be improved, given the

various choices that are available for representing lipid structures and the parameters
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that could be adjusted for calculating similarity. In this section, the methods for

improving the 1. lipidome visualization and 2. LUX score will be discussed.

4.3.1 PCA is good but lipidome visualization could be

improved

The limitation of using only top three principal components to determine the z, y
and z coordinates is apparent, especially when the total variance captured is less
than 50%. The dimensional scaling methods that capture total variance in 2D or
3D, could be used instead of PCA [167]. Discriminant analysis and kernel PCA are
other ways to reduce dimensionality. It will be interesting to apply these methods

on lipid-distance matrices.

4.3.2 LUX Score with concentrations

This study focuses on lipid structures but that is not the only difference between a
pair of lipidomes. Lipid abundances, that were the basis for correlation methods, are
relevant when comparing lipidomes of the same individual (for example, before and
after onset of a disease). In principle, it should be possible to combine structure and

concentration differences. One way to do it is described below.

First, the Levenshtein distance d could be weighted as per the equation:

1
duy = 4.1
L B0x(d—0.1) (4.1)

50 is the scaling factor and 0.1 is the switching factor, they could be adjusted
depending on the distribution of all pair wise Levenshtein distances in a given set of

lipidomes.

The concentration difference between a pair of molecules a and b could be

weighted as per the equation:
1

—50x |cq—cp|

(4.2)

Cw =
1+e

Ca, Cp, are concentration of lipids a and b, —50 is scaling factor which could
be adjusted based on the distribution of all pair wise concentration differences in
the two given lipidomes. The two values ¢y, dy [equations 4.1 and 4.2] could be

combined to generate a concentration-weighted LUX score.
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4.3.3 Feature selection, K-means clustering

In calculating the LUX score, there was no separation of lipid classes. It will be
interesting to separate lipids in groups of structurally similar molecules (unbiased
methods such as k-means clustering), and calculate Hausdorff distances for each
cluster separately [168]. This might provide insights on the lipid-class specific

differences.

It is interesting from biochemistry point of view to identify a specific lipid
(or a group of lipids) that have most influence on the lipidome differences. Feature
selections methods that could pick the a specific structural feature that has the most

effect on the LUX score could be used in this context [169].

4.3.4 Variables in error modeling

In phylogenetics, a bootstrapping procedure is used to test for robustness of the tree
branching pattern. The error modeling procedure used in this study might appear
similar to the boot strapping but they are not the same. Aim of error modeling was
to understand the effect of lipid-detection criteria (that researchers use to identify a
lipid from mass spectrum) on the LUX score calculation work flow. The procedure
was important for yeast lipidome because the data was obtained from an external
study and we had to test that LUX score based clustering was not an artifact of

lipid detection threshold value.

When high detection threshold values were used in error modeling, the
hierarchical clustering varied considerably. The ¢ 7,4, values used in this study were
carefully chosen by studying the lipid abundances and standard deviations in the
data. One must identify appropriate parameters when performing similar procedure

on other lipidomics data.

4.4 LUX score for comparing lipids across
higher-order animal families

Computational methods developed in this study could be summarized as a generalized

mathematical model for lipids and lipidomes [Fig. 4.1]. The broader aim is to
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4.4. LUX score for comparing lipids across higher-order animal families

compare lipid structures of model organisms and humans [170-172]. This study
makes comparison between the tissues of same individual and mutants of the single
species [section 3.3] but additional testing of LUX score is necessary, especially across

species, genera and families to reach the broader aim.

Studies using DNA, RNA and protein sequences for comparing taxonomic
families has led to an improved understanding of evolutionary relationships between
organisms [173]. Methods described in this thesis could create new opportunities for
comparing the metabolic relationships between model organisms and humans that

use functional biomolecules such as lipids [174,175].

O +k Lipids d; Levenshtein distance
(a) metric space of lipids (b) metric space of lipidomes

Figure 4.1: Model of a metric space for lipids (a) and lipidomes (b). Let A and B
are two lipidomes with 7 lipids each. Lipids are indicated by symbols (circle, plus
and asterik). The separation of lipids is proportional to Levenshtein distance (d;).
The lipidomes were seperated by Hausdorff distance (dz7). In this model, lipidomes
A and B do not overlap but in real data, there could be an overlap.
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4. Supplementary Results

Figure 4.2: Pairwise distances from CACTVS canonical SMILES of 16 PI. a. 34
non-identical pairs have zero LINGO distance. b. The matrix is similar for the
Bioisosteric, SMILIGN, Smith-Wateran and Levenshtein distances . The checker
board pattern on the top half of the matrix and alternating blue-yellow vertical bars

on the lower half are distinct.
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