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ABSTRACT

Anni Vehmas

Tissue Proteomes: Quantitative Mass Spectrometry of Murine Liver and Ovarian
Endometrioma

Department of Physiology, Institute of Biomedicine and Turku Centre for Biotechnology,
University of Turku, Turku, Finland

Annales Universitatis Turkuensis

Turku 2016

A human genome contains more than 20 000 protein-encoding genes. A human
proteome, instead, has been estimated to be much more complex and dynamic. The
most powerful tool to study proteins today is mass spectrometry (MS). MS based
proteomics is based on the measurement of the masses of charged peptide ions in a
gas-phase. The peptide amino acid sequence can be deduced, and matching proteins
can be found, using software to correlate MS-data with sequence database information.
Quantitative proteomics allow the estimation of the absolute or relative abundance of a
certain protein in a sample. The label-free quantification methods use the intrinsic MS-
peptide signals in the calculation of the quantitative values enabling the comparison of
peptide signals from numerous patient samples.

In this work, a quantitative MS methodology was established to study aromatase
overexpressing (AROM+) male mouse liver and ovarian endometriosis tissue samples.
The workflow of label-free quantitative proteomics was optimized in terms of sensitivity
and robustness, allowing the quantification of 1500 proteins with a low coefficient of
variance in both sample types. Additionally, five statistical methods were evaluated for
the use with label-free quantitative proteomics data.

The proteome data was integrated with other omics datasets, such as mRNA microarray
and metabolite data sets. As a result, an altered lipid metabolism in liver was discovered
in male AROM+ mice. The results suggest a reduced beta oxidation of long chain
phospholipids in the liver and increased levels of pro-inflammatory fatty acids in the
circulation in these mice. Conversely, in the endometriosis tissues, a set of proteins
highly specific for ovarian endometrioma were discovered, many of which were under
the regulation of the growth factor TGF-B1. This finding supports subsequent biomarker
verification in a larger number of endometriosis patient samples.

Keywords: Tissue, mass spectrometry, proteomics, biomarker, metabolomics,
transcriptomics, liver, aromatase P450, mouse, endometriosis, ovarian endometrioma,
statistics, Reproducibility-optimized test statistic (ROTS)
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THVISTELMA

Anni Vehmas

Kudosten proteomit: Hiiren maksa ja munasarjan endometrioosi kvantitatiivisen
massaspektrometrian menetelmin

Fysiologia, Bioldaaketieteen laitos ja Turun biotekniikan keskus, Turun yliopisto, Turku
Annales Universitatis Turkuensis
Turku 2016

Ihmisen genomin on arvioitu sisdltdavan yli 20 000 proteiinia koodaavaa geenid, mut-
ta proteiinin kokonaismaaran on kuitenkin arvioitu olevan paljon suurempi. Tehokkain
menetelma kaikkien kudoksessa ilmentyvien proteiinien (proteomin) tutkimiseksi on
massaspektrometria (MS). MS-proteomiikka perustuu peptidi-ionien massojen mittaa-
miseen kaasufaasissa. Naiden mittausten perusteella peptidin aminohappojarjestys
voidaan maarittaa ja peptidia vastaava proteiini voidaan tunnistaa genomitietokannois-
ta. Kvantitatiivisen proteomiikan menetelmat mahdollistavat tietyn proteiinin absoluut-
tisen tai suhteellinen maaran osoittamisen nadytteesta.

Kvantitatiivista proteomiikkaa sovellettiin tdssa tydssa aromataasientsyymia ylieks-
pressoivien (AROM +) uroshiirien maksan, ja endometrioositautia sairastavien naisten
munasarjan endometrioosikudoksen tutkimuksessa. Menetelma optimoitiin parhaan
herkkyyden ja toistettavuuden saavuttamiseksi, ja lopulta noin 1500 proteiinia pystyt-
tiin kvantifioimaan hyvalla toistettavuudella molemmissa nadytetyypeissa. Tyossa testat-
tiin myos viiden eri tilastollisen menetelman soveltuvuutta leimavapaalle kvantitatiivi-
selle proteomiikka-aineistolle.

Proteomiikan menetelmien lisdksi AROM+ uroshiirten maksan toimintaa tutkittiin
kdyttden transkriptomiikan ja metabolomiikan menetelmid. Tulokset osoittivat, etta
AROM+ uroshiirten maksan rasva-aineenvaihdunta oli muuttunut. Erityisesti pitka-
ketjuisten fosfolipidien B-oksidaatio oli vahentynyt maksassa ja tulehdusta edistdvien
rasvahappojen pitoisuudet verenkierrossa olivat kohonneet. Endometrioosikudoksilla
tehdyssa tydssa 16ysimme joukon munasarjan endometrioosille ominaisia proteiineja,
joista monet olivat kasvutekija- TGF-B1-sdadeltyja. Tulokset luovat pohjaa jatkotutki-
muksille endometrioosin diagnostiikan kehittamiseksi.

Avainsanat: Kudos, massaspektrometria, proteomiikka, biomarkkeri, merkkiaine, me-
tabolomiikka, transkriptomiikka, maksa, aromataasi P450, hiiri, endometrioosi, muna-
sarjan endometrioosi, tilastotiede, Reproducibility-optimized test statistic (ROTS)
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ABBREVIATIONS

2-DE Two-dimensional gel electrophoresis
ACN Acetonitrile

AIMS Accurate inclusion mass screening
ArkO Aromatase knockout mice

AROM+ Aromatase overexpressing mouse model
AUC Area under curve

CID Collision induced dissociation

CPLL Combinatorial peptide ligand libraries
cv Coefficient of variance

DDA Data dependent analysis

DIGE Difference gel electrophoresis

ECD Electron capture dissociation
EMT Epithelial mesenchymal transition
ESI Electrospray ionization

ETD Electron transfer dissociation

FDR False discovery rate

GnRH  Gonadotropin-releasing hormone

HCD Higher energy collisional dissociation
HPLC High performance liquid chromatography
IPA Ingenuity pathway analysis

iTRAQ Isobaric tags for absolute and relative quantification
LC Liquid chromatography

LIMMA Linear Models for Microarray Data

LIT Linear ion trap

LOD Limit of detection

LoQ Limit of quantification

m/z Mass-to-charge ratio

MALDI  Matrix assisted laser desorption ionization
MS Mass spectrometry

MS/MS Tandem mass spectrometry

MS1 Precursor ion scan

MSE All-ion fragmentation
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MTRAQ Non-isobaric tags for absolute and relative quantification

PCA Principal component analysis
PE Patient endometrium
PO Ovarian endometrioma

PSM Peptide-spectrum match

PTM Post translational modification

Q Quadrupole

gRT-PCR Quantitative real-time reverse transcriptase - polymerase chain reaction
RIA Radioimmunoassay

ROC Receiver operating characteristic

ROTS Reproducibility-optimized test statistic

RP Rank product

RT Retention time

SAM Significance Analysis of Microarrays

SAX Strong anion exchange

SCX Strong cation exchange

SDS Sodium dodecyl sulfate

SELDI Surface-enhanced laser desorption/ionization

SILAC  Stable isotope labeling with amino acids in cell culture
SISCAPA Specific antipeptide antibody

SpC Spectral count

SRM Selected reaction monitoring

SWATH Sequential window acquisition of all theoretical fragment ion spectra
TGF-B1 Transforming growth factor beta-1

T™MT Tandem mass tag

TOF Time-of-flight

UPLC Ultra-high performance LC

WT Wild type

XIC Extracted ion chromatogram



List of Original Publications

LIST OF ORIGINAL PUBLICATIONS

The thesis is based on the following original publications, referred to in the text by

Roman numerals I-IIl.

Anna Pursiheimo*, Anni P. Vehmas*, Saira Afzal*, Tomi Suomi, Thaman Chand,
Leena Strauss, Matti Poutanen, Anne Rokka, Garry L. Corthals, and Laura L. Elo.
(2015). Optimization of Statistical Methods Impact on Quantitative Proteomics
Data. Journal of Proteome Research 14: 4118-4126.

Anni P. Vehmas, Marion Adam, Teemu D. Laajala, Gabi Kastenmdiller, Cornelia
Prehn, Jan Rozman, Claes Ohlsson, Helmut Fuchs, Martin Hrabé de Angelis,
Valérie Gailus-Durner, Laura L. Elo, Tero Aittokallio, Jerzy Adamski, Garry Corthals,
Matti Poutanen, and Leena Strauss. (2016). Liver lipid metabolism is altered
by increased circulating estrogen to androgen ratio in male mouse. Journal of
Proteomics 133: 66-75.

Anni P. Vehmas, Dorota Muth-Pawlak, Kaisa Huhtinen, Taija Saloniemi-Heinonen,
Kimmo Jaakkola, Teemu D. Laajala, Heidi Kaprio, Pia A. Suvitie, Tero Aittokallio,
Harri Siitari, Antti Perheentupa, Matti Poutanen, and Garry L. Corthals. (2014).
Ovarian Endometriosis Signatures Established through Discovery and Directed

Mass Spectrometry Analysis. Journal of Proteome Research 13: 4983-4994,

* Equal contribution

In addition, some unpublished data is presented. The original publications are

reproduced with the permission of the copyright holders.



Introduction 9

1. INTRODUCTION

As is the case with any biological system, a tissue has its structure and dynamics,
which determine its physical properties and functions within the body. These tissue
characteristics are modulated by gene expression, protein interactions and biochemical
pathway activity, which generate complex networks that cannot be understood
by studying singular molecules, one at a time. To gain a better understanding,
comprehensive datasets of gene, protein and metabolite expression are studied with

current omics technologies.

Contemporary estimates of the size of the human genome lie at about 20 300 protein-
encoding genes. However, the actual proteome size is a much larger number due
to nonsynonymous single nucleotide polymorphisms, alternative promoters and
transcription start sites, alternative splicing patterns and post translational modifications
(PTMs) (Harrow et al, 2012). The method of choice for the proteome exploration is
mass spectrometry (MS), where very complex mixtures of proteins are first digested to
peptides with an endoprotease. The peptide fragments are then separated by one or
more dimensions of liquid chromatography (LC) to reduce the complexity of the sample,

after which the masses of the peptides are measured in a gas phase by MS.

A mass spectrometer consists of an ion source, where the charged peptides enter the
mass spectrometer, a mass analyzer that measures the mass-to-charge-ratio (m/z) of
the analytes, and a detector that records the number of ions at each m/z, constructing
the mass spectrum. MS based proteomics allows multiplexed data generation, i.e., the
analysis of multiple proteins within one sample during one analysis, and challenges
antibody based methods such as ELISA and Western blot (Woods et al, 2014) in protein
analytics. It is possible to routinely identify 5000 proteins within one MS run (Michalski
et al, 2011b; Thakur et al, 2011) and the analysis of proteomes consisting of 10 000 -20
000 identified proteins have been reported (Kim et al, 2014; Wilhelm et al, 2014).

In quantitative proteomics, a myriad of different techniques exist, suitable for different
types of applications and sample matrices. Label-free quantitative methods have
emerged to challenge label-based quantitative methods in MS-based proteomics. These
label-free approaches use the signals obtained directly from the peptides undergoing
MS analysis to acquire a quantitative measure. When compared to methods using

labels, the label-free approaches are inexpensive, flexible and scalable to hundreds of
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samples, which make them advantageous in large biomarker discovery projects (Sandin
et al, 2015). When a verified set of quantified proteins is combined with different levels
of molecular data, such as gene expression or metabolite information, the downstream
effects can be studied on a system-wide scale. Even though the knowledge of such
systems is still limited, the understanding of molecular networks achieved with different
omics technologies is now comprehensive enough to monitor, on a tissue level, the

disturbances caused by a transgene, disease or medication, for example.
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2. REVIEW OF THE LITERATURE

2.1 Protein and peptide identification

In a typical bottom-up shotgun liquid chromatography — tandem mass spectrometry
(LC-MS/MS) experiment, mixtures of proteins are first subjected to endoprotease di-
gestion. The resulting peptides are subsequently separated by liquid chromatography
(LC) and upon elution brought to gas phase during electrospray ionization, and finally
mass analyzed by mass spectrometry (MS). The MS instrument is operated in a data
dependent manner (DDA), where abundant precursor ions are sequentially isolated
by MS and fragmented by tandem MS (MS/MS). The combination of MS and MS/MS
data can then be used together by database search algorithms, such as Sequest, to
identify the peptide sequence of each precursor/product ion series. The subsequent
protein identification is then accomplished based on its identified peptides (Eng et al,
1994).

2.1.1 LC/ESI-MS/MS instrumentation

In practice, peptides can be charged and brought into the gas phase by popularionization
methods known as MALDI (matrix assisted laser desorption ionization; Hillenkamp &
Karas, 1990) and electrospray ionization (ESI; Fenn et al, 1989). Both MALDI and ESI
are commonly used, however, even though SELDI (surface enhanced laser desorption/
ionization; Hutchens & Yip, 1993) has been used in some biomarker discovery projects,
inline LC/ESI coupled to MS/MS is the method of choice in most proteomics workflows
globally.

Hybrid mass spectrometers are the most popular MS systems used in proteomics
today. They consist of MS configurations with different ion optics, mass analyzers and
fragmentation sources. A quadrupole mass analyzer (Q) is essentially a molecular
mass filter with alternating electric potentials that only allow ions with a certain m/z
to pass through. In linear ion trap (LIT), both isolation and fragmentation of peptide
ions is possible by sequential stabilization, fragmentation and ion ejection events within
the trap. Time-of-flight (TOF) analyzers measure the mass of an ion by measuring its
mass-dependent time of flight from an ion source to the detector. These analyzers are
extremely fast, have a high mass range and resolving power up to 60 000 (mass / full

peak width at half maximum). In Orbitrap, ion currents of peptides are detected as
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they oscillate an orbital electrode. The ion currents are converted to m/z values, based
on their frequencies by the use of Fourier transformation providing a very high mass
resolving power of up to 100 000 (Michalski et al, 2012; Scigelova & Makarov, 2006;
Woods et al, 2014).

Multiple peptide fragmentation methods exist, each providing complementary peptide
patterns suitable for different applications. The most common fragmentation methods
used are collision induced dissociation (CID) and higher energy collisional dissociation
(HCD). CID and HCD predominantly generate b- and y-type ions (Figure 1) by disrupting
the peptide backbone between the C- and N-terminal amino acid residues producing
positively charged peptide fragments. HCD provides high intensity reporter ion spectra
that enables reliable identification of precursor ions (Ting et al, 2009). Two additional
methods, electron capture dissociation (ECD; Zubarev et al, 1998) and electron transfer
dissociation (ETD; Syka et al, 2004) generate mostly c- and z-type of ions (Figure 1).
Of these, especially ETD is considered as a soft ionization technique suitable for the
analysis of phosphopeptides, since it retains the phospho-groups in peptide backbone
(Sarbu et al, 2014). Also the successful combination of CID and ETD fragmentation has
been demonstrated while analyzing glycosylation and complex proteomes (Hanisch,
2012; McAlister et al, 2008; McAlister et al, 2007).

X3 Y3 Z3 X2 Y2 Zp X1 Y1 Z4

S RTIB (IR D

R, o) R, o)

ZT
Iz

a; by ¢ a b, ¢, a by c3

Figure 1. The common nomenclature of peptide fragmentation by Roepstorff and Fohlman
(1984). Different fragmentation techniques disrupt the peptide backbone in different positions
generating fragment ions, termed a, b and c -ions (N-terminal) or x, y or z -ions (C-terminal).
Modified from Roepstorff and Fohlman (1984).

The development of hybrid instruments has improved the use and performance of mass
spectrometers that can now offer a combination of high-quality MS data on different

key characteristics, such as improved mass accuracy, resolution, scan rate, dynamic
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range, and overall peptide coverage in bottom-up workflows. Previously, the high
speed peptide identification, where the ions are gathered, isolated and fragmented
by CID inside the trap, made the LIT system one of the most used mass analyzers in
proteomics. However, when high resolution and mass accuracy in precursor analysis
and higher scan speeds were required, such as in LC-MS label-free quantification
(see 2.2.2), ion traps have successfully been used in combination with the Orbitrap
analyzers (Makarov et al, 2006; Yates et al, 2006). Currently Q-hybrid instruments
are frequently used; alternatives for peptide analysis are the Q-TOF and Q-Orbitrap
(Q-Exactive) setups. With the Q-TOF instrument it is possible to filter and fragment
precursor masses sequentially, which is important for peptide identification in shotgun
proteomics experiments. Q-TOF systems have high mass accuracy combined with
millisecond scan rates (Beck et al, 2015). The Q-Orbitrap instrumental setup functions
similarly to Q-TOF, only difference being that HCD fragmentation is performed and mass
analysis is made in Orbitrap with slightly reduced scan rates. A high-resolution QQ-TOF
(Triple-TOF) instrument enables both DDA and data independent fragmentation of all
ions in extremely wide precursor isolation windows, which produces time-resolved MS/
MS spectra (Schilling et al, 2015). It has been shown that with this so called SWATH
method peptide quantification and identification can be performed in a concentration
range of up to four orders of magnitude, sensitivities ranging from 0.6 fmol to 1.3 pmol
(Gillet et al, 2012). Furthermore, recently a Q/LIT-Orbitrap (Orbitrap Fusion) instrument
demonstrated scan rates of 20 cycles per second (20 Hz) (Hebert et al, 2014; Senko et
al, 2013).

2.1.2 Generic shotgun proteomics workflow

Proteome analysis technologies are applied for identification, quantification and
characterization of proteins in various biological systems. Despite its resemblance
to genomics, proteomics encounters more challenges than genome sequencing.
This is partly because of the immense complexity of the proteome; proteins are
expressed in differential tissues and cellular locations, often transiently, and have
multiple interactions and post-translational modifications. A shotgun proteomics
experiment aims at accurate identification and contextualization of as many proteins
in the sample matrix as possible. Currently in shotgun proteomics, complex mixtures
from few hundred proteins to nearly 20 000 proteins are analyzed (Kim et al, 2014;
Wilhelm et al, 2014). The proteins can be extracted from prokaryote or eukaryote

cells, tissues or body fluids and subjected to direct LC-MS/MS analysis, or analyzed
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after fractionation and/or affinity-based purification. As comprehensive LC-MS/
MS procedures in current use are more geared towards low molecular weight
substances, the proteins are digested to peptides prior to the MS analysis. This is
usually accomplished by applying an amino acid sequence specific protease, such as

trypsin or Lys-C (Gershon, 2014).

For the analysis of complex mixtures of peptides, reversed phase high performance
LC (HPLC) is the preferred in-line separation method with one to several hours long
aqueous/organic gradient, and with nanoliter/min flow rates. However, often an
additional separation step is added to improve the detection of co-eluting peptides, to
increase the proteome coverage or to decrease the effect of the complex background.
The samples can be processed to fractions by electrophoretic approaches such as one
(1D SDS-PAGE) or two-dimensional gel electrophoresis (2-DE), where the proteins are
separated according to their molecular weight and isoelectric point, by various liquid
chromatographic methods or by depleting highly abundant proteins from the sample
using affinity methods. Increasingly popular choices for sample pre-processing are
techniques applying strong cation exchange chromatography (SCX) for the enrichment of
acetylated and phosphorylated peptides (Dephoure et al, 2008; Taouatas et al, 2009), or
strong anion exchange (SAX; Wisniewski et al 2010) or reversed phase chromatography
at high-pH (Delmotte et al, 2007). Also hydrophilic interaction chromatography has been
found to simultaneously increase proteome coverage and phosphopeptide enrichment
(Di Palma et al, 2011; McNulty & Annan, 2008). Currently the trend is to use long LC-
columns exceeding the length of 20 cm packed with small particles (<3 um) together
with long gradients of 2 hours or more to improve peptide separation (Eeltink et al,
2009; Yamana et al, 2013). However, the increase of back pressure by the use of long
columns and small particles require the use of LC systems capable of handling these
pressures such as ultra-high performance LC (UPLC). Alternatively, the back pressure
can be reduced by heating the column to 40-60 °C (Hyung et al, 2011; Motoyama et al,
2006; Nagaraj et al, 2012).

By these enhancements higher peak capacity can be reached, determined by the
number of distinct peaks eluted over the chromatographic gradient. Chromatographic
peaks as narrow as 4-10 seconds (full width at half maximum) can be gained, which
increases the peak resolution and sensitivity of the system due to more concentrated
analytes (Koécher et al, 2011b). Mass spectrometers are constantly evolving towards

faster and more sensitive systems having higher mass accuracy and resolution,
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resulting to devices collecting MS-spectra routinely at a high resolving power, which
lead to more confidence in protein identification. The LC-MS/MS setups can reach
attomole range sensitivity, detecting over 100 000 peaks per hour and sequencing up
to 20 peptides per second also in complex sample matrices (Gillet et al, 2012; Hebert
et al, 2014; Pelander et al, 2011). Despite the improvements, in most samples the
molecular complexity and dynamic range of protein concentrations are still beyond
the capacity of current instruments (Gillet et al, 2012; Michalski et al, 2011a; Richards
et al, 2015). Therefore, data independent approaches, such as MSE (Silva et al, 2005)
and SWATH (Gillet et al, 2012), where all ions at certain mass range extending from 2.5
m/z to full m/z range are fragmented simultaneously, are gaining interest (Chapman
et al, 2014).

2.1.3 Peptide identification

During the constant elution of the sample in LC and ensuing ionization of peptides,
the mass spectrometer scans the peptide masses over a mass range from 300-2000
Dain approximately 1-2 seconds. Subsequently, the instrument, guided by acquisition
software, selects and isolates number of precursor ions for sequential fragmentation
and then returns to scanning the peptide masses present. The time the instrument
uses for each MS precursor scan and the subsequent MS/MS fragmentation is often
referred as the duty cycle of the instrument. The number of fragmented precursors
can be fixed for every cycle or the instrument can operate in DDA-mode, where only
precursors exceeding a certain signal threshold are chosen for fragmentation. The
fragmentation spectrum of each precursor is called tandem or MS/MS spectrum; in
current instruments typically 5-20 MS/MS product spectra are produced for each MS

scan.

The precursor peptide mass is always associated with the fragment masses and together
this information is used for peptide identification. In data independent approaches
peptides are identified by the alighnment of the peptide and fragment ions based on their
exact matching retention times (Bern et al, 2010). The spectra acquired from MS and
MS/MS are converted to peak lists and compared to amino acid or genomic sequence
databases by an algorithm that queries the best corresponding theoretical spectra
(Hoopmann & Moritz, 2013). There are three types of search algorithms: 1) sequence-
based search engines such as X!Tandem (Craig & Beavis, 2004), Mascot (Perkins et al,
1999), Sequest (Eng et al, 1994) and Comet (Eng et al, 2013) that compare the acquired
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spectra with theoretical spectra; 2) spectral library based engines such as SpectraST
(Lam et al, 2007), X!Hunter (Craig et al, 2006) and MzMod (Horlacher et al, 2015) that
compare the acquired spectra with spectra in a spectral library and 3) de novo search
engines such as PEAKS (Ma et al, 2003), PepNovo (Frank & Pevzner, 2005) and UniNovo
(Jeong et al, 2013), calculating a peak pattern based on the acquired spectra without

previous knowledge of a sequence.

The output of database search algorithms is a list of peptide-spectrum matches (PSMs)
each associated with a p-value or a score determining the quality of the match. However,
the score determines only the quality of a single peptide-spectrum match, but not the
amount of incorrect, false positive PSMs in the complete dataset. Therefore, a statistical
correction for multiple testing is required. In proteomics, the estimate of false positive
identifications is traditionally performed by using Benjamini-Hochberg false discovery
rate (FDR) method. The method is based on the measurement of the ratio of incorrect
PSMs to all accepted PSMs. To estimate the number of incorrectly identified PSMs in the
dataset, the spectral files are searched against a decoy database that contains shuffled,
randomized or reverse versions of all the sequences in the original database. When
searched together with the real database, the PSMs identified in decoy database can
be considered false positives and used for FDR calculation (Choi & Nesvizhskii, 2008;
Kall et al, 2008). For reliable protein identification, typically two identified peptides are
required. Advances in the determination of false positives (Keich et al, 2015; Savitski
et al, 2015), quality requirements of protein identity (Martinez-Bartolomé et al, 2013;
Taylor et al, 2008) and high resolution mass spectrometers available as well as improved
computational tools now enable reliable identification of more than half of all MS/MS
spectra generated in an experiment. Commonly used search engines have as an option
to specify few peptide modifications or mass shifts e.g. methionine oxidation often
occurring during sample handling. However, not all possible modifications can be chosen
without increasing the search space and compromising the quality of identifications.
Nevertheless, some unidentified spectra always remain in the data, even though the
new hybrid instruments with high scan speeds have improved the situation (Chick et
al, 2015).

2.2 Protein quantification in complex samples

Multiple quantification methods are applied to clinical samples in mass spectrometry

based proteomics. Quantitative approaches include electrophoresis based methods,
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such as difference gel electrophoresis (DIGE; Unlii et al, 1997), where the quantification
is accomplished by the labeling of proteins with cyanine dyes, or protein microarray-
based approaches such as SELDI (Hutchens & Yip, 1993). However, these methods are
not as comprehensive in proteome screening as MS-based quantitative strategies,
which are discussed more thoroughly in this chapter and introduced in Figure 2. The
guantitative MS-based approaches can be divided roughly to stable isotope labeling
based methods, label-free methods and to targeted methods (Figure2). Stable isotope
labeling based methods employ labeling strategies, such as iTRAQ (Ross et al, 2004),
that are useful only with very small cohorts (<10). The label-free and targeted methods,
such as selected reaction monitoring, are more suitable for larger sample numbers, up
to 100 samples (Gallien et al, 2011).
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Figure 2. An outline of the MS-based quantitative approaches in proteomics. DDA, Data
dependent analysis; MSE, All-ion fragmentation; SRM, Selected reaction monitoring. Modified
from Thermo Fisher Scientific.
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2.2.1 Methods based on stable isotope labeling

Stable isotope based quantitative methods are applied in proteomics when a small
number of comparisons are sought. As the physicochemical properties of stable-
isotope labeled peptides and natural peptides are similar, they also demonstrate
in very similar behavior in MS. Nonetheless, the isotope labeled peptide can be
distinguished from its natural version based on a mass shift specific for the heavy
label (Figure 2). Thus, the equivalent physicochemical properties of the labeled
peptide with the natural version allow relative and absolute quantification of a
peptide or a protein by comparing the intensities of the labeled and natural version
of the analyte.

Metabolic labeling of bacteria and yeast can be accomplished by culturing them in
a presence of N resulting in peptides with heavy nitrogen atoms only (Gouw et al,
2010; Oda et al, 1999). The disadvantage of the method is, however, that it generates
complex spectra, which can be challenging to interpret as all nitrogen atoms in each
peptide are isotopically labeled. In another metabolic labeling technique, SILAC
(stable isotope labeling with amino acids in cell culture) method (Ong et al, 2002),
isotope-labeled lysine and arginine (*3C, *N) are incorporated into protein from the
cell culture medium. In this way, a labeled standard for each protein is generated.
Originally, SILAC analysis was developed for three samples unless deuterated amino
acids were used. The use of deuterated amino acids, however, affect the retention
times of peptides and cause overlapping isotope clusters, which complicates data
analysis (Zhang et al, 2001). Yet, more recently the method has been used in
combination with MS1 based label-free quantification to extend the quantitative
capacity to five samples (Molina et al, 2009). Other recent developments have been
the pulsed SILAC experiments to monitor protein turnover and response rates in cells
(Cambridge et al, 2011; Milner et al, 2006; Schwanhausser et al, 2009), absolute
guantification by SILAC (Hanke et al, 2008) and the super SILAC method. The super
SILAC application has been adapted to quantify proteins from tissue using a mixture
of SILAC-labeled cell lines as an internal standard for quantification (Geiger et al,
2010). More recently, the entire proteome of C. elegans was successfully labeled

with **N-lysine (Fredens & Faergeman, 2012).

Several methods for isobaric labeling exist. Here the N-terminus and g-amino group
of lysine in peptides or proteins are labeled with stable-isotope labels. The principle
of isobaric labeling is that peptides labeled with different tags have isobaric masses
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in MS, but altered fragmentation pattern in MS/MS (Figure 2). Each individual tag
can be distinguished and the sample quantified based on the intensity of a specific
low molecular mass reporter ion. Currently popular methods, TMT (Tandem mass
tag), iTRAQ (isobaric tags for absolute and relative quantification) both label the
primary amines of the amino acid backbone (Fredens & Fargeman, 2012; Ross et
al, 2004; Thompson et al, 2003; Wiese et al, 2007). An advantage of the isobaric
labeling when compared to SILAC strategy is that it allows multiplexing up to 10
samples without adding complexity to LC separation or peptide mass spectra
(Murphy et al, 2015).

A fairly common problem in isobaric strategies is the presence of near isobaric ions
that are isolated and fragmented together with the ion of interest (Karp et al, 2010).
Solutions for this problem have been generated (Ting et al, 2011; Wenger et al,
2011). However, they are accompanied with a reduced sensitivity and acquisition
speed. The mTRAQ (Non-isobaric tags for absolute and relative quantification)
labels have been applied for MS-level quantification where the isotope labels can be
distinguished in peptide mass spectra (Figure 2; DeSouza et al, 2008). More recently,
when the mTRAQ approach was compared to SILAC, it was concluded that mTRAQ
was capable of reliable quantification but presented slightly more variance in terms
of mass ratios (Oppermann et al, 2013). From other isotopic labeling strategies,
stable-isotope dimethyl labeling (Hsu et al, 2003) has gained popularity in the
recent years because of its simplicity (Zhou et al, 2014). Finally, even though labeling
in protein level would be possible with the isobaric methods, in practice usually
peptides are labeled in order to avoid adding complexity or diluting the signal by

incomplete labeling.

2.2.2 Label-free quantification methods

Label-free methods have gained popularity in large clinical projects, where high amount
of samples need to be compared, as using isotope labels, the labeling of maximum of 10
samples is possible (Murphy et al, 2015). The label-free methods can be further divided
into two main approaches, MS (MS1) and MS/MS (MS2) level quantification methods.
MS1 level methods measure and quantify the signal intensities derived from a peptide
before it is fragmented in MS/MS, whereas the MS/MS methods, more commonly
spectral count (SpC) methods, measure and quantify the amount of the fragments for

each peptide (Figure 2). Some methods also consider the intensities of the fragment
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ions. From these two label-free approaches, a reasonably good correlation has been
found. However, it has been shown that MS1 methods provide better solution for
newer instruments providing both high mass accuracy and high resolution (Choi et al,
2012; Grossmann et al, 2010).

In SpC approaches the quantity of each protein is measured indirectly by counting
the number of the MS/MS spectra of each precursor ion or the number of PSMs (Li
et al, 2012; Washburn et al, 2001; Zhang et al, 2006a). The method is based on the
DDA approach, where a set of precursors are chosen for fragmentation in each MS-
MS/MS cycle (See chapters 2.1.2 and 2.1.3). As all of the database search algorithms
deliver information of the number of fragmented spectra of each peptide, a spectrum
count for each protein can be calculated. This number can vary from less than two
for low abundant proteins, 2-10 for medium-abundance proteins and over 10 for high
abundant proteins. Thus, in order to maximize the number of counts for low abundant
proteins in SpC, the MS method should be optimized for this quantification method. By
the use of dynamic exclusion, previously fragmented ions are rejected for a predefined
time inside the MS. The dynamic exclusion time needs to be optimized to prevent the
repeated fragmentation of abundant precursor ions with wide peak widths masking low
abundant peptides. In contrast, the low abundant peptides typically have narrow peak
widths and short elution times, which require fast scan speeds from the instrument.
Due to these and some other reasons the quantification of peptide mixtures with high
dynamic range of peptide concentrations and very small proteins may be challenging
(Zhou et al, 2012).

Dynamic range of quantification can be improved in SpC by including peptides with
lower confidence PSMs. Stricter criteria for PSMs, however, has shown to improve
statistical significance of smaller changes (Cooper et al, 2010). The protein inference
problem, i.e., the same peptide sequence being present in multiple proteins (Nesvizhskii
& Aebersold, 2005), has been studied in label-free quantification (Zhang et al, 2010).
The results indicate that the best solution of the problem can be found by distributing
the shared spectrum counts between different proteins proportionally to the number
of unique spectrum counts measured for each protein (Zhang et al, 2010). Additionally,
as in any label-free quantification method, in SpC, the LC-MS/MS operation should
be stable and all samples analyzed in a single batch. Indeed, when SpC approach was
compared to isotope labeling methods using the LTQ Orbitrap Velos system, it was

concluded that SpC provided the most comprehensive quantitative coverage of the
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sample, but provided less precise results due to lower repeatability (Li et al, 2012). The
variations may originate from sample loading, chromatography and the data dependent
precursor fragmentation setup. However, it has been suggested that these variations
can be adjusted by normalizing the data for the number of PSMs in each sample (Old et
al, 2005). Also when the spectrum count was divided by the average total-ion count in
a corresponding spectrum, a clear improvement in accuracy and linear dynamic range
was detected (Asara et al, 2008). The normalization including intensity information has
been later on improved by a specific protein spectral index method (Colaert et al, 2011;
Griffin et al, 2010).

MS1 methods measure ionized peptides directly and avoid the stochastic sampling of
MS/MS method, where only the most intensive precursor ions are fragmented and
guantified. Moreover, it has been shown that the intensity of ESl is linearly correlated
with peptide abundance in over four orders of magnitude, which allows reliable
peptide quantification based on its MS1 signal (Bondarenko et al, 2002). In the MS1
approach, the MS spectra are used to generate extracted ion chromatograms (XICs)
in which the peptide signals, features, are defined by their m/z, retention time and
intensity. The abundance of each peptide feature in the dataset is then calculated
by the use of this data. Also, multiple features can denote each peptide sequence
presenting its charge states. The peptide ions representative to each feature can be
chosen for fragmentation in MS/MS and used for identification. Therefore, a critical
step of MS1 intensity based label-free quantification is the correct assignment of
peptide features to the right sequence. Thus, the LC-MS configuration needs to have
high enough resolving power and accuracy to avoid co-elution of peptides and to
ensure right precursor-sequence match (Sandin et al, 2015; Sun et al, 2005). In order
to reach biological conclusions of the results, the peptide sequences are matched
with corresponding proteins. This is often accomplished by grouping the peptide
signals into protein identifiers by either calculating the average or sum of peptide

features of a protein (Clough et al, 2009).

To achieve reliable quantification in label-free MS1 analysis, samples need to be
prepared reproducibly (Ong & Mann, 2005) and have 8-10 measured spectra for each
peptide ion to reach good peak shape over differential ion concentrations (Radulovic et
al, 2004). As the number of achievable spectra depends on the scan time for measured
ions, a robust analysis scheme for MS1 quantification requires specific considerations

of the LC-MS workflow. Faster MS1 scan time and duty cycle produce a higher number
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of MS1 signals with lower amount of spectra per run resulting in more peptide
identifications but compromised quantitative quality. Therefore, the optimal MS1 set-
up is often a compromise between reliable quantification and amount of identified
peptides. Approaches have been developed, where the data acquisition of MS and MS/
MS are performed separately to ensure the best possible quality of quantification data
(Fang et al, 2006). These approaches require specific tools to match the quantitative
peptide feature and its sequence, but have shown to be advantageous in biomarker
studies (Varnum et al, 2011). Another methodology well suited together with MS-
level quantification is the all-ion fragmentation or MSE that has recently proven to
increase coverage when compared with traditional Q-TOF workflow (See section 2.1.1,
Blackburn et al, 2010). Moreover, the SWATH-method employs fragment ion intensities
in the quantification of the corresponding peptide signals (See section 2.1.1, Gillet et
al, 2012).

As with other quantification methods, the experimental variation should be
monitored in label-free approaches (Bondarenko et al, 2002), and sufficient number
of peptides per protein identified to avoid missing values in the data matrix (Ning
et al, 2012). A challenge is also to extend the dynamic range of the analysis to
include the measurement of low abundant proteins (Zubarev, 2013). However,
good signal-to-noise ratios allow peptide quantification in a higher dynamic range
and can be reached by narrowing the LC peak width by UPLC or long column HPLC
(Sandra et al, 2009; Sandra et al, 2008). Retention time shifts can also affect peptide
co-elution, which in turn can have an effect on ionization efficiency, as different
peptides compete for ionization under different chromatographic conditions (Sun
et al, 2005).

The analysis workflow for MS1 quantification usually starts with raw spectral
data and consists of mass calibration, noise and data reduction, after which the
alignment of the feature maps in the dimension of time of all the analyzed samples
is performed. The workflow continues by the definition of the corresponding
features in each sample and proceeds with data normalization. In the normalized
map the relative quantification of features across all samples in an experiment is
possible (Nahnsen et al, 2013). There are many software platforms designed for the
crucial steps of data analysis such as alignment, feature finding and normalization
as listed in Table 1.
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Table 1. A list of software packages used for LC-MS quantification. Drawn according to Nahnsen
et al (2013) and respective publications.

Input formats

Resolution

Quantification

Reference

Census mzXML, MS1, MS2, Low and high SpC, MS1 (Park et al, 2008)
pepXML, DTASelect
Corra mzXML, pepXML  Low and high MS1 (Brusniak et al, 2008)
Expressionist mzXML, NetCDF,  Low and high MS1 Genedata
major vendors
IDEAL-Q mzXML Low and high MS1 (Tsou et al, 2010)
MAPA/ mzXML High SpC, MS1 (Egelhofer et al,
ProtMAX 2013)
MapQuant Thermo .RAW Low and high MS1 (Leptos et al, 2006)
Mascot Distiller ~ mz(ML|XML), Low and high SpC, MS1 Matrix Science
major vendors
MaxQuant Thermo .RAW High MS1 (Cox & Mann, 2008)
mslnspect mzXML, mzML Low and high MS1 (Bellew et al, 2006)
mzMine 2 mz(ML|XML|Data), Low and high MS1 (Pluskal et al, 2010)
Thermo .RAW,
NetCDF
OpenMS/ mz(ML|XML|Data) Low and high MS1 (Kohlbacher et al, 2007;
TOPP Sturm et al, 2008)
Progenesis LC-MS mz(ML|XML), Low and high MS1 Nonlinear Dynamics
major vendors
ProteinQuant Suite mz(ML|XML|Data) Low and high MS1 (Mann et al, 2008)
ProteolQ mz(ML|XML|Data), Low and high SpC, MS1 Premier Biosoft
major search en-
gines
Proteios mz(ML|XML|Data) Low and high MS1 (Sandin et al, 2013)
pView 2 mzXML, pepXML  High MS1 (Khan et al, 2009)
RIBAR/XRIBAR ms_lims, - SpC (Colaert et al, 2011)
Mascot .dat
Scaffold major search en- - SpC Proteome Software
gines
SIEVE Thermo. RAW Low and high MS1 Thermo Scientific
Spectrolyzer mz(ML|XML|Data), Low and high MS1 Medic Wave
major vendors
SuperHirn mzXML, pepXML  High MS1 (Mueller et al, 2007)
Viper PEK, CSV, High MS1 (Monroe et al, 2007)

mz(XML| Data)

2.2.3 Targeted quantification methods

In proteomics, the selected reaction monitoring (SRM) is a stable isotope based method
suitable for multiplexing peptide measurements. SRM is a targeted method that screen

predetermined precursor masses and their fragmentation products to detect and
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guantify them using stable isotope-labeled synthetic peptides (Figure 2). A key term in
a SRM experiment is “transition”, which refers to each targeted precursor ion and its
fragmentation products. Triple-quadrupole instruments are used in SRM, where the
first quadrupole acts as a mass filter for the precursor ion, the second quadrupole is
used for CID of the ion and the third quadrupole measures the produced fragment ions.
Because of this setup, every transition represents an independent assay, which enables
robust and highly sensitive quantification of peptides in a dynamic range up to five

maghnitudes in a complex sample matrix (Gallien et al, 2011).

When building a SRM method, the peptides picked need to be unique for the protein
of interest. Preferably peptides need to be easily identified in MS, and have as few
modification sites or missed cleavages as possible (Duncan et al, 2009). The fragment
ions used for quantification are chosen from MS/MS spectra that can be acquired
experimentally or originate from a public database. For this purpose databases
such as PeptideAtlas (Desiere et al, 2006) and SRMAtlas that contains previously
acquired spectra (Picotti et al, 2008), are often used. After the determination of the
precursor-fragment ion pairs, the transitions, the optimal instrument parameters are
determined for each transition. The transitions are also tested for selectivity. The
selectivity of a transition depends heavily on a sample matrix and, thus, need to be
tested for every new sample matrix type. Typically fragment ions from co-eluting
close-isobaric ions can have a large effect on selectivity of the transition (MacCoss et
al, 2003). After this, the lower limits of detection and quantification are determined.
Finally the complete method is compiled including all transitions with a precursor
mass, its fragment ion masses, elution time, collision energy and dwell time, which
can be defined as the time spent acquiring a specific transition during each cycle.
In designing the SRM method, one major obstacle is the confirmation of peptide
identity. This can be performed based on the retention time or more precisely by
MS/MS (Parker et al, 2014).

Due to the successful application of SRM MS, multiple tools and approaches have been
developed recently. When a large scale SRM experiments are designed, many features
are needed for multiplexing, such as number of transitions for each peptide, dwell
time and the time between each transition. Now, by the use of these techniques, the
guantification and identification of hundreds of peptides in one experiment is possible.
Additional improvements especially in SRM selectivity can be reached by using an

instrument capable of ion mobility separation of isobaric precursor ions (Klaassen et
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al, 2009) and sensitivity in SRM3, if a linear ion trap instrument is used for a second
fragmentation step of the fragment ion (Fortin et al, 2009; Jeudy et al, 2014). In
“intelligent SRM” eight to ten additional transitions, covering whole fragment ion series
of a precursor, are triggered in a data dependent manner. The precursor ion of the
artificial MS/MS spectra is then identified by spectral matching using spectral libraries
(Kiyonami et al, 2011). Moreover, parallel reaction monitoring (PRM), a method allowing
high resolution acquisition of MS/MS spectra with minimum optimization steps, has
been developed using high resolution quadrupole instruments, such as QExactive
(Dillen et al, 2012; Peterson et al, 2012).

2.3 Systems-wide proteomics for disease interrogation

2.3.1 Biomarker workflow using mass spectrometry

Biomarkers are developed to estimate a risk to develop a disease (Schrag et al, 2000),
for early detection of disease (Etzioni et al, 2003), for disease classification (Yu &
Hung, 2000) or to monitor the success of the treatment (Hughes et al, 2006). Even
though single protein biomarkers are currently mostly used at the clinics, such as
troponin for heart attack and human chorionic gonadotropin for pregnancy, novel
disease biomarkers are expected to be composed of a panel of proteins (Frantzi et
al, 2014). Depending on the use of the biomarker panel, it needs to fulfil different
criteria: For example, a biomarker designed for early cancer detection in millions of
people needs to show extremely high specificity to avoid a large number of false
positive diagnoses, while the specificity can be lower for a biomarker used to monitor
a treatment response of an identified disease, because the number of patients is
lower. In order to be of benefit, the test must be directed towards a disease with
treatment options that can prolong or improve the quality of life of the patient. An
example of successful development of a biomarker panel using proteomics is the
OVAL1 test for ovarian cancer. This test consists of five protein biomarkers and is used
together with clinical assessment to predict the likelihood of malignancy (Longoria et
al, 2014; Zhang et al, 2004).

A set of parameters can be used for the assessment of the analytical performance of
an assay. The random error of any method can be evaluated with means of precision.
Precision is often reported using the concepts of repeatability, intermediate precision

and reproducibility. Repeatability is the variance of a controlled experiment, where
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all possible parameters, such as laboratory, instrument operator, day and sample,
are retained identical. This measure can be used when the instrumental precision
during a sample set is evaluated. Reproducibility delineates an experiment, where
such parameters vary; the experiments could be performed in different days, by a
different laboratory and instrument, for example. Intermediate precision, instead,
is referred as reproducibility within a single laboratory. This can be exemplified by
daily analyses of a standard sample for the estimation of instrumental performance
that day. Precision can be expressed as standard deviation, variance, or coefficient
of variance (CV). Especially in quantitative proteomics, the precision is influenced by
the analyte concentration; an assay has higher CV values for low abundant proteins
and is, thus, less precise for these analytes (Andreasson et al, 2015). The systematic
error of an assay is evaluated by trueness. The quantitative measure of trueness is
bias, which designates the systematic difference between the experimental value and
the reference value. To avoid bias, careful instrumental calibration is performed (Yau
et al, 2015).

Limit of detection is the minimum amount of analyte that can be reliably identified
being present in the sample. Often, with current MS setups, limits of detection (LOD) at
low attomole range are reported (Thakur et al, 2011; Zhou et al, 2015). However, even
if an assay is presenting low LOD for the analyte, it still may suffer from undesirable
high variance and bias at low levels. For this reason the measure often reported in the
context of MS based assays is the limit of quantification (LOQ). This value incorporates
the effect of uncertainties and describes the concentration where the analyte can be
reliably identified in the sample with acceptable bias and variance (Armbruster & Pry,
2008). Analytical interference, caused by a constituent of sample, can be defined as an
effect that alters the correct reading of an analyte. In LC-MS/MS based proteomics, the
largest cause of interference are the matrix effects of the ESI process, where different
types of molecules are competing for ionization. These co-eluting compounds in a
complex sample can cause saturation and signal suppression and have a significant
effect on the accuracy of quantification (Annesley, 2003; Wilm, 2011). The effect of
ionisation suppression is difficult to predict and may cause both intra and inter -sample
bias. Therefore, to be considered reliably quantified, several peptides per protein
are usually required and a sample set containing biological replicate samples is of
importance (Wilm, 2011).
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The workflow for biomarker development by MS follows a series of phases (Rifai et
al, 2006), where the number of screened samples rises and the number of proteins of
interest declines in each step. The phases discussed in this thesis are 1) Discovery, 2)
Qualification, 3) Verification and 4) Clinical validation (Figure 3).

In the recent years, many groups have applied state-of-the-art proteomics methods
to discover biomarkers for various diseases. Addona et al (2011) used discovery
LC-MS/MS, accurate inclusion mass screening (AIMS), SRM and ELISAs in search of
biomarkers to myocardial infarction. A similar pipeline was established for a murine
model of breast cancer (Whiteaker et al, 2011). A new strategy was developed for the
discovery of prostate cancer markers in serum utilizing both animal models and human
cohorts (Cima et al, 2011). Even though there are thousands of biomarker candidates
discovered for cancer only (Polanski & Anderson, 2007), only few have been able to
undergo the necessary validation steps for U S Food and Drug Administration (FDA)
approval (Flizéry et al, 2013).

Phase Samples Process >1000 <10

Verification

. . Abundant protein depletion,

. . Population-derived human . . -
Begin to assess specificity of plasma modest fractionation, affinity
candidates enrichment, SRM-LC-MS/MS
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Figure 3. Biomarker discovery pipeline using MS (Rifai et al, 2006).
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A discovery phase usually consists of a data dependent shotgun proteomics
experiment that is designed to identify and quantify as many proteins as possible

in a small set of samples, as comprehensively and quickly as possible (Figure
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3). In biomarker discovery these non-targeted, usually relative quantification
techniques, report fold changes of proteins. Typically the MS-based relative
guantification techniques begin with the digestion of the protein mixture and the
actual quantification is subsequently performed based on the abundance of the
unique peptides of this mixture. Important aspects to be considered in a discovery
phase proteomics experiment are: 1) the number of samples, 2) sample collection
and handling, 3) inclusion/exclusion criteria of the samples and 4) the possible

downstream effects of sample preparation.

Discovery phase typically produce hypothetical biomarker candidates that need to
be verified and validated, as with the current technologies low abundant proteins
cannot always be reliably quantified (Rifai et al, 2006). The instrumental limitations
affect the analysis and it has been also estimated that only approximately half or
the cellular proteome is detectable with current MS-setups, while the other half
of low abundant proteins raises challenges (Chick et al, 2015). Often the modified
peptides from abundant proteins mask the unmodified peptides from low abundant
proteins already at the ionization stage (Nielsen et al, 2006). Moreover, in clinical
samples, proteins with specific disease-related mutations and proteins with PTMs
or alternative splicing patterns are not efficiently monitored with these techniques,
because of the inefficiency of database search algorithms to correctly identify them
(Chick et al, 2015). However, it has been recently shown that by applying a mass-
tolerant database search (Chick et al, 2015) or by using multiple search engines in the
identification step (Shteynberg et al, 2013) the number of confidently identified PSMs
can be increased substantially. Additionally, when precursor peptides are chosen
for fragmentation in DDA, only the most abundant species are fragmented (Figure
4, Liu et al, 2004). Even though the repeated injections of the samples increase
the number of new identified peptides, the instrument often fragments the same
precursors with every subsequent injection (Tabb et al, 2010). Dynamic exclusion of
recently fragmented precursors (Davis et al, 2001), scheduled inclusion lists for low
abundant, unidentified precursors (Schmidt et al, 2008) and semi-targeted analysis of
proteotypic peptides by accurate inclusion mass screening method (Jaffe et al, 2008)
among other approaches (Bailey et al, 2014; Bateman et al, 2014) have successfully

been used to improve this coverage (Figure 4).
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Figure 4. DDA, inclusion and exclusion approaches in increasing the proteome coverage in a
complex sample. The low abundant precursor ions that are overlooked in DDA can be targeted
either with a specific inclusion of low intensity precursors or by the exclusion of high intensity
precursor ions. DDA, data dependent analysis; m/z, mass-to-charge ratio.
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The efforts to discover biomarkers directly in plasma are hampered by a high dynamic
range of different protein concentrations (Anderson & Anderson, 2002). Even though
plasma is easily accessible and has the potential to reflect a disease state (Farrah et al,
2011), in the discovery phase of the MS based biomarker workflow, usually tissues or
proximal fluids are analyzed. Plasma is analyzed later in the verification and validation
experiments due to its complexity and the presence of highly abundant proteins. The
current mass spectrometers in the DDA shotgun mode are capable of detecting peptides
in four orders of magnitude (Gillet et al, 2012), whereas the plasma proteome consists
of protein concentrations of 10 orders of magnitude (Anderson & Anderson, 2002),
which is further increased by the digestion to peptides (Vandermarliere et al, 2013).
Low level proteins in plasma can be enriched by extensive fractionation (Selvaraju &
Rassi, 2012), specifically by the removal of high abundant proteins by immunodepletion
(zolotarjova et al, 2008), by other affinity based methods (Medvedev et al, 2012), by
combinatorial peptide ligand libraries (CPLLs, Boschetti & Righetti, 2009) or by selective

trypsin cleavage (Fonslow et al, 2013).

Currently, attempts to increase the coverage of low abundant proteins in a sample

have been made. For example, using repeated depletion strategies and multiple
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columns in concert in immunoaffinity, increased amounts of low abundant proteins
were detected (Cao et al, 2013; Corrigan et al, 2011; Shi et al, 2012; Shuford et al,
2010). However, it has been noticed that the use of the tandem approach decreases
the quantitative reliability of high abundant proteins (Patel et al, 2012). Additionally,
others have observed that the sequential dithiotreitol-acetonitrile precipitation of high
abundant disulfide-bond-rich proteins increased the identification rate of moderately
abundant proteins (Fernandez-Costa et al, 2012). However, although physicochemical
depletion methods offer excellent reproducibility, it has been noticed that the most
efficient removal of highly abundant proteins in plasma is achieved by immunoaffinity
methods (Liu et al, 2011; Mahn & Ismail, 2011). Finally, even though the affinity based
methods can reduce the dynamic range of protein concentrations and give possibility
to detect low-abundance plasma proteins (Tu et al, 2010), also non-targeted proteins
bound to abundant proteins are removed (Bellei et al, 2011; Patel et al, 2012). Indeed,
it has been suggested that the proteins and peptides bound to albumin, for example,
could be also a source of valuable diagnostic information (Petricoin et al, 2006). In
contrary to the depletion methods, CPLLs are used to enrich the low abundant species.
While providing comparable results to immunoaffinity depletion methods (Malaud et
al, 2012; Milan et al, 2012; Millioni et al, 2011; Tu et al, 2011), CPLLs require relatively
high amount of starting material, which restrict their use with clinical samples. It has
been shown lately, however, that the process can be successfully down-scaled (von
Toerne et al, 2013).

Complex datasets can cause biases and high FDRs in multiple levels starting from the
choice of control and case groups, through sample preparation, analytical problems,
database searches and statistics (Percy et al, 2013b). The preanalytical variability needs
to be controlled throughout sample collection, storage and preparation and includes
also variables considered in the study design such as lifestyle, medication, age and
gender (Ahmed, 2009; Ferguson et al, 2007). The variability stemming from separate
steps of typical proteomics sample preparation workflow can be substantial and
represent up to 70% of total variance (Piehowski et al, 2013). The use of automation,
standardizing procedures and reduction of the number of sample preparation steps has

been suggested in order to reduce this variability (Kriger et al, 2013).

Analytical variability includes the variability stemming from the instrumental platform.
This issue has been also been noted in various interlaboratory studies (Paulovich et al,
2010; Rudnick et al, 2010). All the sources of variability have an effect on the statistical
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power of the analysis, which eventually determines the number of samples to be
analyzed to reach statistical significance. A high number of different technical variables
can be monitored during a LC-MS/MS run and multiple automated platforms have been
released for this purpose. Depending on the platform, up to 284 different parameters
can be monitored (Ma et al, 2012; Rudnick et al, 2010; Scheltema & Mann, 2012; Taylor
et al, 2013). Examples of these metrics are: 1) The charge state distributions of ions, 2)
ion injection times, 3) dynamic sampling, 4) MS1 and MS/MS intensities and 5) the total
number of PSMs, peptides and protein groups. However, not all metrics are important
for all assays or instruments. Also the choice of the standard depends on the application.
Single peptides, peptide mixtures (Kécher et al, 2011a), protein digests (Bereman et al,
2014) complex tissue or cell lysates (Paulovich et al, 2010) or the sample itself (Rudnick
et al, 2010) can be used as standards. As a rule of thumb, the more simple standards are
generally good for extracting information on the LC-MS performance, whereas complex
standards can generate knowledge on the whole workflow from sample preparation to

data interpretation.

Qualification and verification

A good biomarker candidate needs to be evaluated for use in a clinical setting. The
method designed for discovery needs to be optimized to verification (Figure 3). Prior to
verification, however, candidates need qualification (Figure 3), as the discovery phase
often produces too many biomarker candidates. Also, the analysis can be restricted to
secreted proteins having a signal sequence, N-glycosylation site or a literature-based
prediction to be secreted, therefore having a better probability to be found in plasma
(States et al, 2006; Zhang et al, 2007). Those proteins showing the most significant
difference in abundance between cases and controls can also represent general markers
of stress or inflammation, for example, thus not specific and suitable diagnostic markers
(Diamandis, 2004). Especially in these cases, the prioritization can be carried out based
on previous biological knowledge on biological process being activated or certain class
of proteins being tested (Goh et al, 2012). A hypothesis can also be made based on

other omics datasets such as mRNA microarray or metabolomics.

The verification step (Figure 3) assures that the differential expression of the protein
remains measurable in a new sample matrix using a novel assay and allows further
refinement of the candidate list. The assessment of the specificity and sensitivity of
each marker starts at this stage. These two measures define the diagnostic accuracy

of the test: A sensitive clinical test can correctly identify patients with the disease
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and a specific test can correctly distinguish those patients without the disease of
interest (Abruzzo et al, 2015). The aim of verification is to determine the potential of
a biomarker candidate to be used in the clinics, and thus, to be investigated further in
validation phase. The approach used should allow the analysis of maximum number
of analytes with high throughput at an affordable cost and produce small number of
candidates meeting the standards of clinical validation (Anderson, 2005). Typically in
the verification phase hundreds of individual patient samples will be used to assess the

usefulness of tens of marker candidates.

A common problem concerning the large scale analysis of proteomics data is called
overfitting; in overfitted data the results cannot be reproduced with a different set of
samples. This problem is inherent to omics datasets, because in these technologies
the number of data points always far exceeds the number of samples. To avoid
overfitting, validation studies should be carried out in the verification phase of the
MS-based biomarker discovery pathway (Boulesteix & Sauerbrei, 2011). In internal
validation the study population is divided into two equal groups: a “training set”

|ll

that is used to build a statistical model and a “validation model” that is analyzed
parallel with the training set. In external validation a completely independent
population is used to verify the results obtained in the discovery phase (Duffy et
al, 2015). The training and validation sets should be independent and large enough
to obtain reliable results (Ransohoff, 2004). A famous example of overfitting is a
study conducted by Petricoin and co-workers (2002), where they claimed that with
the SELDI method they could diagnose ovarian cancer from patient serum samples
with 100% sensitivity and 95% specificity with a positive predictive value of 94%.
However, these results could not be repeated by others and seem to hold true only
in the dataset in question (Baggerly et al, 2004). Even though some of the problems
in the example were related to the SELDI technology (Diamandis, 2003; Diamandis,
2004), it addresses the critical importance of independent validation in biomarker

discovery.

The methods used in verification typically offer better protein quantification than in the
discovery phase and the samples should represent the population the final clinical test
is intended to be applied for. The verification phase has traditionally been conducted
using ELISAs. However the lack of good quality antibodies for all possible candidates
and the expense of generating novel antibodies have limited their use (Del Campo et al,

2015). Therefore, an SRM assay in a proximal fluid or in plasma is currently the favored
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method in proteomics laboratories for this work (See chapter 2.2.3). The SRM approach
offers the highest MS throughput, sensitivity, accuracy and possibility for multiplexing.
The SRM method targets the analyte specifically and, depending on the labels used,
provides absolute or relative quantification of the analyte concentration (Villanueva et
al, 2014).

With extensive fractionation and sample pre-processing the sensitivity of SRM
can reach 1-10 ng/ml (HUttenhain et al, 2009), whereas the biologically relevant
concentrations of plasma proteins can range from 50 x 10° ng/ml (serum albumin)
to 5 x 102 ng/ml (interleukin 6; Anderson & Anderson, 2002). When stable isotope
based SRM is combined with immunoaffinity purification by specific antipeptide
antibodies (SISCAPA; Anderson et al, 2004), the sensitivity of the system can be
further improved. Moreover, undepleted plasma has been increasingly analyzed, for
example, a SRM assay of 142 plasma proteins ranging from 30 x 10°ng/ml to 44 ng/
ml was reported (Percy et al, 2014). Zhang et al (2011) demonstrated that minimally
labeled and label-free versions of SRM are cost-effective alternatives to full labeled
SRM peptide pattern. A distinct advantage of SRM is its capability of multiplexing: With
SRM, up to 100 candidate protein markers can be simultaneously analyzed in more
than hundred patient samples. For example, 757 peptides were analyzed using 6050
transitions in a complex yeast lysate in one hour (Kiyonami et al, 2011). Additionally,
samples from four different patients have also been analyzed simultaneously, by the
use of iTRAQ reagents, during one SRM run (Yin et al, 2013)2013. Furthermore, the
consistency of SRM results of seminal plasma, urine and serum have been validated
in multi-laboratory studies and kits for SRM standardization have been evaluated on
various platforms (Percy et al, 2013a; Prakash et al, 2012). Also SWATH has been used
in biomarker verification studies, however, it offers 2-3 times lower sensitivity than
SRM (Liu et al, 2013).

Clinical validation

At the biomarker validation phase (Figure 3) in a clinical setting, thousand or more
patient samples are measured with CV values preferably lower than 10%. The validation
phase requires high throughput together with accuracy and precision not available for
MS based methods. This part of the work is typically performed using antibody based
techniques, such as ELISA, even though the development of a novel antibody based assay
is time consuming and expensive and cross reactivity is possible (Hoofnagle & Wener,
2009; Krastins et al, 2013; Wang et al, 2009). When establishing a clinically validated
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test, biological variation (between and within subject variation), imprecision and bias
should be calculated and remain within an accepted range (Fraser & Petersen, 1999).
The linearity of the detection method and the limits of detection and quantification
should be defined to outline the range of adequate precision and accuracy (Addona et al,
20009). Also reference intervals need to be established to distinguish healthy individuals
from those affected (Solberg, 1987; Solberg & PetitClerc, 1988). Importantly, the issue
of preanalytical variability needs to be controlled. This includes sampling, for example
if analyte needs to be collected on a fasting state or stored in a special conditions,
physiological factors such as age, gender or ethnicity and lifestyle factors, obesity and

smoking.

At the clinical validation phase the clinical utility of a marker is established.
Experience with current markers, that did not always undergo clinical validation,
has highlighted the importance of this phase (Duffy et al, 2015; Stenman, 2013).
One suggestion for this evaluation involves phase 1-4 trials, that are performed on
independent study populations and highlight diverse performance features of the
novel marker (Sackett & Haynes, 2002). The phase 1 (exploratory phase) determines
whether the test can distinguish patients with confirmed condition to those not
having the condition. If the area under curve (AUC) by ROC (Receiver operating
characteristic) is below 0.7, the test is considered inapplicable for the disease
(Obuchowski et al, 2004). The phase 2 (challenge phase) examines the accuracy
of the test in a well-defined study population: Whether the presence or absence
of the condition could be predicted by using distinctive thresholds for sensitivity
and specificity. Subsequently, Phase 3 (advanced clinical phase) is used to establish
the diagnostic accuracy and predictive values in the target population of the test
(Obuchowski et al, 2004; Sackett & Haynes, 2002). Finally, Phase 4 (outcome phase)
determines whether the test has an effect on the health of the patients tested. This
involves the follow-up of the tested patients as well as those who did not undergo
testing (Sackett & Haynes, 2002).

2.3.2 Examples of proteomes

Clinical proteome of endometriosis

Endometriosis is a condition where tissue resembling the uterine inner layer,
endometrium, is found in pelvic cavity and/or in ovaries or on the surface of bladder

or rectum. The prevalence of the disease in women in reproductive age is 2-10%
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(Giudice, 2010) and up to 50% in women with unsolved infertility and/or pain
symptoms (Eskenazi & Warner, 1997). Women with endometriosis suffer from chronic
pelvic pain caused by innervation and inflammation at locations of endometriotic
lesions (Berkley et al, 2005; Tokushige et al, 2006). The etiology of endometriosis
is not well understood and currently both the clinical diagnosis and the treatment
of endometriosis involve surgery. Among the hormonal treatments of endometriosis
are e.g. the contraceptive pills and estrogen blocking gonadotropin-releasing
hormone (GnRH) analogs. However, these treatments are not always effective or
bring up severe side effects (Giudice, 2010). Therefore, new information on possible
therapeutic targets and diagnosis for endometriosis would be essential. Moreover,
the progression of endometriosis is presently impossible to predict. A biomarker for
endometriosis would be especially useful in cases, where the disease is progressing
fast. Also, as the etiology of endometriosis related infertility is currently poorly
understood, and treatments either aim at the alleviation of the pain symptoms or the
treatment of infertility, a marker estimating the likelihood of infertility would be very

welcome for many endometriosis patients.

The complexity of different types of endometriosis as well as the heterogeneous nature
of the endometrium tissue along its modulation with the menstrual cycle makes the
disease difficult to study (Bulun, 2009; Farquhar, 2007). Many endometriosis studies
have aimed at understanding the biology leading to the pathophysiology of the
disease, but also in hope to find new targets to medical treatments and diagnostics.
The proteome of endometriotic tissue has been studied during the years using various
patient material, sample types and methods (Table 2). However, these methods are
partially outdated and do not offer a direct molecular description of the disease. Indeed,
in the studies patients are often compared to a control population relying on visual
comparison of 2-DE gels, DIGE or SELDI providing patient-control distinction based on
unidentified peptide peaks (Table 2; May et al, 2011). Only very recently, an attempt
of more comprehensive quantitative definition of endometriosis proteome has been
made (Table 2; Kasvandik et al, 2015). Nevertheless, most studies have been performed
in small-scale, studying one molecule or a small number of molecules. Extraction of
conclusive data from these results remains difficult, as in many of the studies most
of the peaks reported in endometriosis samples were not subjected to MS-based
identification. Therefore, no promising biomarkers of endometriosis were identified in

these studies.
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Table 2. Published studies on the proteome of endometriosis. Drawn according to respective
publications.

Sample Method Coverage Reference

Endometrium tissue  2-DE 11 spots (zhang et al, 2006b)
Serum 2-DE 13 spots (zhang et al, 2006b)
Endometriotic tissue  SELDI 41 peaks (Kyama et al, 2006)
Endometrium tissue  2-DE ~100 spots (Fowler et al, 2007)
Endometrium tissue  2-DE 119 spots (Ten Have et al, 2007)
Serum SELDI 20 peaks (Liu et al, 2007)
Endometrial fluid 2-DE 52 spots (Ametzazurra et al, 2009)
Serum SELDI 57 peaks (Seeber et al, 2010)
Endometrium tissue  DIGE 36 spots (Stephens et al, 2010)
Endometrium tissue  SELDI 36 peaks (Fassbender et al, 2010)
Endometrium tissue  2-DE 70 spots (Rai et al, 2010)

Urine Weak cation exchange, MALDI-TOF 6 peaks (El-Kasti et al, 2011)
Urine 2-DE 133 spots (Tokushige et al, 2011)
Serum DIGE 25 spots (Faserl et al, 2011)
Serum Weak cation exchange, MALDI-TOF 46 peaks (Zheng et al, 2011)
Peritoneal fluid 2-DE 11 spots (Wolfler et al, 2011)
Endometrium tissue  SELDI 5 peaks (Fassbender et al, 2012a)
Serum SELDI 92 peaks (Fassbender et al, 2012b)
Endometriotic tissue  2-DE 50 spots (Hwang et al, 2013)
Serum Weak cation exchange, MALDI-TOF 13 peaks (Long et al, 2013)
Follicular fluid 2-DE 29 spots (Lo Turco et al, 2013)
Endometriotic tissue  iTRAQ 419 proteins (Marianowski et al, 2013)
Urine Weak cation exchange, MALDI-TOF 36 peaks (Wang et al, 2014)
Serum 2-DE 7 spots (Hwang et al, 2014)
Serum 2-DE 13 proteins (Tuerxun et al, 2014)
Serum DIGE 95 spots (Dutta et al, 2015)
Omental fat iTRAQ 3 proteins (Williams et al, 2015)
Endometriotic tissue  Weak cation exchange, MALDI-TOF 8 peaks (Zhao et al, 2015)
Endometrial and Super SILAC 6900 proteins  (Kasvandik et al, 2015)

endometriotic cells

The studies with endometriosis are affected by preanalytical variability that is related
to the complex disease itself. First of all, the classification system of the American
Society of Reproductive Medicine (ASRM, 1997) often used for estimating the severity
of endometriosis does not work efficiently in estimating the pain symptoms of patients
(Haas et al, 2013; Vercellini et al, 2007). Thus, clinically significant disease is difficult
to correlate with symptoms (Eskenazi & Warner, 1997; Waller et al, 1993). Therefore,
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a patient classification system based on lesion location and appearance has been
suggested, even though one patient has often more than single type of lesion in multiple
sites (Adamson et al, 1982; Koninckx & Martin, 1992). In addition, the symptoms of a
patient, ethnicity and demographic and reproductive factors of endometriosis patients
need to be considered as conflicting results from multiple populations has been received
in prior studies (Rogers et al, 2013). Also the use of hormonal contraception has been
shown to affect serum biomarker profiles (de Sa Rosa e Silva et al, 2006; Piltonen et al,
2012). Importantly, the phase of the menstrual cycle, and features such as cycle length
and regularity should be controlled as these might have an effect of gene and protein

expression (Fassbender et al, 2012a).

Variability in the collection, processing and storage of specimens needs to be controlled
as this can cause a considerable bias or errors in measurements. Sample handling alone
can, thus, prevent an identification of a disease related molecular changes (Ransohoff
& Gourlay, 2010; Tworoger & Hankinson, 2006). For endometriosis studies, eutopic
endometrium, myometrium, peritoneum and the ectopic endometriosis tissue are often
collected. The ectopic endometrium is a heterogeneous tissue that contains stromal
and glandular epithelial cells as well as possible inflammatory, fiboromuscular and blood
cells. Therefore, the acquired tissue specimen needs to be studied by a pathologist
before further use. Analysis should include the estimation of the percentage of glands,
stroma and sites of inflammation. The tissues shoul be kept cool at all times to avoid
molecular degradation. Also the collection should rather be performed by sharp
dissection than by electrosurgery and the excised tissues need to be stored as soon as
possible (Sheldon et al, 2011). Even though recently formalin fixed paraffin embedded
tissues have been successfully analyzed by proteomics methods, long storage of the
tissues in -80 °C or liquid nitrogen is recommended (Becker, 2015; Ralton & Murray,
2011).

Plasma, serum, urine, saliva, peritoneal fluid and endometrial fluid aspirate are the
most common biological fluid samples used in endometriosis research. Blood is the
most used bio specimen because of relatively easy collection from both patients and
control subjects. Blood and its derivatives, plasma and serum, consist of complex matrix
of biomolecules that reflect various biological processes in the body. Therefore, the
disease-related effect in these matrices may be diluted or disguised. Saliva is used to
monitor DNA and hormones (Koni et al, 2011; Shirtcliff et al, 2001). It may, however, be

contaminated with bacterial proteins (Abraham et al, 2012). Peritoneal fluid is of special
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interest in endometriosis studies, as it is found in close proximity of endometriosis
lesions (Koninckx et al, 1999). However, the collection of the fluid requires surgery,
the complexity is similar to that of plasma and the fluid volume varies within the
menstrual cycle (Pupo-Nogueira et al, 2007). Furthermore, it has been recommended
that the peritoneal fluid sample would be collected before the excision of the ectopic
endometriosis tissues to minimize the contamination of the sample with blood, cyst

fluid or tissue.

Liver proteome of aromatase overexpressing mouse model (AROM+)

Aromatase overexpressing mouse model (AROM+) was generated to study the
significance of estrogen-androgen ratio in male reproductive functions (Li et al, 2001; Li
et al, 2006; Li et al, 2004; Li et al, 2002). The human aromatase enzyme is responsible of
converting androgens to estrogens. AROM+ mice have a ubiquitously expressed human
P450 aromatase transgene, which results in elevated serum estradiol and prolactin
concentrations, as well as decreased levels of testosterone in male mice. Whereas the
phenotype of female mice is unchanged, male mice with aromatase overexpression
have multiple defects in the reproductive organs, causing infertility and other
consequences (Li et al, 2001; Li et al, 2006; Li et al, 2004; Li et al, 2002). The function,
and thus the proteome of AROMH+ liver is of specific interest as liver steatosis together
with decreased fatty acid oxidation and increased plasma lipids has been reported in
aromatase knockout mice (ArKO; Nemoto et al, 2000).

Liver is a multifunctional organ the main roles of which are to process digested
nutrients, detoxify substances and to produce plasma proteins. The main obstacles
in liver proteomics studies have been the large quantity of abundant metabolic
enzymes that can mask lower abundant proteins in the analysis. The liver also has an
active circulation of blood that complicates the quantification of proteins expressed
in liver. However, liver is relatively homogeneous as tissue and has been extensively
studied using different proteomics methods (Low et al, 2013; Shi et al, 2007; Sun et
al, 2010; Yan et al, 2004). A reasonable high availability of the sample makes mouse
liver tissue an attractive target for in-depth protein identification and quantification

experiments.

Mouse liver has been studied with LC-MS label-free quantification methods. Cutillas
and Vanhaesebroeck (2007) analyzed multiple mouse tissues in order to create a

guantitative protein catalogue for mouse brain, heart, kidney, liver and lung. In this
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work the samples were first separated by SDS-PAGE, then analyzed by LC-MS/MS on
11 fractions and subjected to label-free quantification (Cutillas & Vanhaesebroeck,
2007). In another study, a label-free quantitative platform was validated by liver
hepatocyte analysis of a liver-specific adenomatous polyposis coli (APC) knockout
mouse. Also in this study, the sample was divided into fractions by SDS-PAGE analysis
and 1789 quantifiable proteins were reported (Vasilj et al, 2012). More recently, after
a hepatocyte compartment specific fractionation in BIRC5-knockout mouse model,
between 2289 and 1717 proteins, depending on a fraction, were identified and could
be used for label-free quantification (Bracht et al, 2014). The group of Mann recently
published an in-depth profile of mouse liver and several hepatic cell types. After
extensive fractionation and hundreds of hours of LC-MS/MS, over 11 000 proteins
were identified and quantified comprising the largest tissue proteome database
to date (Azimifar et al, 2014). After its publication this resource has been used to
map conserved small open reading frames in mouse genome (Mackowiak et al,
2015), to estimate the copy number distribution of different transcription factors in
eukaryotic transcription (Rybakova et al, 2015) and to study stress reactions in murine

hepatocytes (Marcelo et al, 2015).

2.3.3 Integrating proteomics with other large-scale data

There are sophisticated methods to generate data at each molecular level, which can
be combined to understand a disease or other phenotype alterations. Technological
developments in DNA sequencing, mRNA based work and epigenetics (Buermans
& den Dunnen, 2014), proteomics (Breker & Schuldiner, 2014) and metabolomics
(Fuhrer & Zamboni, 2015) have created a demand to analyze these large amounts of
data coordinately to produce complementary results describing the biological system
from a molecular perspective. However, as omics technologies are notorious for
generating false positive readings, the combination of different data from different
sources can increase the reliability of the results, in addition to use of validation sets
and proper statistical methods already during discovery stage. If multiple sources of
information indicate the same activated pathway, it is less likely that the result is a
false positive finding. There are multiple levels of deregulation in the system, which
is missed when analyzed by a single omics method only. Moreover, the possibility
of modelling an entire system from genomic DNA to mRNA (including splicing) to

histone modifications to proteins to protein modifications and to metabolites would
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expand the knowledge of the molecular mechanisms and causal relationships among

the molecules.

Systems biology has taught us that integration is needed, as it is clear that not
only genetic mechanisms affect the phenotype, in a specific disease for example.
Multiple studies have confirmed that the correlation between protein abundance
and transcribed mRNA is often modest (de Sousa Abreu et al, 2009; Nesvizhskii et al,
2006; Ning et al, 2012; Schwanhdusser et al, 2011; Schwanhausser et al, 2013; Vogel
& Marcotte, 2012), which highlights the transcript-independent protein regulation
in a dynamic biological system. Commonly protein abundance and mRNA expression
are used to complement each other to avoid technological bias and to achieve a
better understanding of the global events in a cell or a tissue. Comparative studies
of transcriptomics and proteomics offer an opportunity to study the quantitative
transcript-translated protein relationships, protein regulation and translational
regulators. However, also new tools for assessing the interactions between the

transcriptome, proteome and metabolome are needed.

The approaches in the integration of transcriptomics, proteomics and metabolomics
data, for example, can be roughly divided into two: 1) Multi-staged analysis that is
hierarchical and performed stepwise and 2) meta-dimensional analysis, where the
data is first integrated and subsequently formed into a multivariate model. In the
multi-staged analysis mRNAs and proteins are considered to serve adjacent functions
and protein profiles reflect mRNA profiles. The parallel comparison of the two should
give a more comprehensive picture of protein and gene expression, as proteomics or
transcriptomics alone cannot sufficiently describe a biological system. Multi staged
analysis relies on an assumption that a phenotype stems from a linear association
between geneticinformation and proteins, for example (Figure 5). When this approachis
used, the data is first subjected to initial analyses that are then hierarchically integrated
together with the reduction of data at each step. Functional and pathway information
can be used as an additional step in the multi-staged analysis, where only identifiers,
in one or multiple omics datasets that have certain functional annotations are studied
further (Holzinger & Ritchie, 2012).
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Figure 5. Different approaches to data integration. The multi staged analysis relies to the assumption
that the phenotype is a result of a linear association between genome, transcriptome and proteome
(gray arrows), whereas the meta-dimensional analysis is based on the concept of interconnected
network of associations (black arrows). Modified from Richie and coworkers (2015).

The expression of a gene often does not correlate with the amount, or predict the
location or activity of a protein. This is due to the post-transcriptional, translational
and post-translational regulation within or outside the cell. Also biochemical control
occurs, such as allosteric or feedback regulation of enzymes. On the other hand,
especially post-translational modifications and allosteric regulations affect the
guantities of different proteins within a cell and their relations to gene expression and
metabolome (Guell et al, 2011; Weiss & Atkins, 2011). Thus, in the meta-dimensional
analysis, the ground assumption is that different layers of molecular information,
such as gene transcripts, proteins and metabolites create an interconnected
network without strictly linear relationships (Figure 5). This hypothesis requires data
integration prior to further analysis, which generates multiple challenges: First, the
different omics datasets have variable sizes of databases, the patterns and types
of missing data vary, and there are different levels of noise, correspondence and
correlation. Multiple approaches to combine the data have been developed, such as
concatenation, transformation and model-based integration schemes (Holzinger &
Ritchie, 2012; Kim et al, 2012).
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The integration of omics data encompasses multiple data related challenges. The omics
data files are typically large and require computational power to be integrated and
analyzed (Berger et al, 2013). The quality is usually controlled by the use of summary
statistics; due to the very high number of variables the quality assessment of each data
point is not possible. The data overviews are performed often at sample level, by the
comparison of different distributions or extracting single variables suited for quality
control (Zuvich et al, 2011). The scale and dimensionality of the data generates statistical
challenges. The high number of variables together with a reasonable low number of
samples generates limited statistical power as the number of tested hypotheses is vast.
The use of a data reduction strategy is, therefore, often necessary to create a refined
subset of data (Johnstone & Titterington, 2009). Approaches to data refinement can be
extrinsic, such as literature based filtering, or intrinsic, where an unsupervised method
is used to find subgroups within the data itself, such as principal component analysis
(PCA) (Bonner et al, 2014). The integrated data can also be very heterogeneous and have
confounders that have an effect on the statistical analysis. The attempts to overcome
the issue include the exclusion of confounders and a surrogate variable analysis (Leek
& Storey, 2007). The experiments are also often replicated to check for false positive
identifications and functional validation by the use of an orthogonal method (Van
Poucke et al, 2012), text mining (Raychaudhuri et al, 2009) or in silico models (Crooke

et al, 2006) has also been recommended.

Concrete examples of studies successfully combining proteome data with other large-
scale datasets have been published lately. Wang et al (2011b) identified significantly
elevated complement proteins in the synovial fluid of osteoarthritis patients. Based on
subsequent genomics and immunohistochemical analyses, the source of proteins were
confirmed to be from the synovial membrane. Furthermore, the key proteins directly
involved in the pathogenesis of osteoarthritis were identified using murine knock-
down models (Wang et al, 2011b). Another group used information from genome-wide
association studies that predict that certain mutant proteins could be the key molecules
in the process of cancer transformation and progression in different tumors (Wang et al,
2011a). A SRM assay was developed for these proteins, which was tested in both cancer
cells and clinical samples of colorectal and pancreatic cancer. The method was found to
be suitable of detecting the relative abundance of these proteins in cancer cell lines and

in clinical samples (Wang et al, 2011a).
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3. AIMS OF THE STUDY

When correctly applied and optimized for a sample matrix, modern shotgun proteomics-
based label-free mass spectrometry (LC-MS) methods are capable of identifying and
guantifying thousands of proteins in complex samples. In this study, these methods
were optimized in terms of sensitivity and robustness and then applied for aromatase
overexpressing mouse liver and ovarian endometriosis tissue samples to study the
changes in tissue proteome. Statistical methods were refined for the study data, and

microarray and metabolite results were integrated in this information.

One of the goals of this research was to develop and demonstrate the ability and
capacity of LC-MS for quantification of complex samples. With these tools in hand an
overall aim was to establish and optimize workflows to extract biologically meaningful

systems-level information from a mouse model and from a complex human disease.
Specific objectives for the study were:

1. To discover the best statistical LC-MS method for label-free quantification of

proteins in a complex sample.

2. To convert quantitative proteome data from aromatase overexpressing mouse
liver to meaningful biologically relevant information together with microarray

and metabolomics information.

3. To study endometriosis disease using quantitative LC-MS of proteins to find

ovarian endometrioma specific proteins that can be used as diagnostic markers.
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4. MATERIALS AND METHODS

4.1 Methods used in this study

Method In original publication

Direct tissue digestion I

Protein precipitation and in-solution digestion I,
LC-MS/MS 1,10, 11
AIMS 1]

Inclusion lists 1,10, 11

Sequence database searches 1, 0,1

LC-MS label-free quantification 1,10, 11

Pathway analysis I, 1

MRNA microarray analysis 11, 1

Targeted metabolomics analysis 1]
gRT-PCR 1
Western blot 1

Immunohistochemistry 1l

General bioenergetics screening 1]

Steroid hormone assays 1]

Selected methods are described in detail below.

4.1.1 Direct tissue digestion

Frozen tissue sections of 10 um in thickness were cut on a cryostat (Leica Microsystems)
at -18 °C. Adjacent sections were either used for proteomic experiments or stained
with hematoxylin and eosin. The size of the stained sections was measured using a
stereo microscope (Zeiss SteREO Lumar V12). The frozen section was subjected to
trypsin digestion by adding 5 ng of trypsin/mm?in a solution of 12 ng/ul trypsin in 30%
acetonitrile (ACN) in 100 mM NH,HCO,, spinning the tissue at the bottom of the tube
and incubating overnight at 37 °C. The digestion was performed without denaturation,
reduction or alkylation reactions. After the digestion, the samples were centrifuged at
14 000g for 45 min and the peptide containing supernatant was collected and aliquoted.
The supernatant samples were then lyophilized using a vacuum centrifuge (Hetovac,
Heto Holten), and stored at -70 °C until use.



Materials and Methods 45

4.1.2 LC-MS/MS

The peptide samples were subjected to liquid chromatography —tandem mass
spectrometry (LC-MS/MS). The analyses were performed on an ESI-hybrid lon Trap-
Orbitrap mass spectrometer (LTQ Orbitrap Velos/Velos Pro; Thermo Fisher Scientific)
coupled to Easy Nano LC liquid chromatography system (Thermo Fisher Scientific). The
LC-MS/MS system was controlled by Xcalibur software (Thermo Fisher Scientific). The
peptides were separated using a reverse phase chromatography columns. The peptides
were first concentrated by a 2.5 cm-long trap column and then separated by a 15 cm-
long analytical column with an inner diameter of 75 um. The columns were packed
with 5 pm particle and 200 A pore size C18 resin. The elution was accomplished with a
flow rate of 0.3 pl/min and a 75 to 110 minute gradient, depending on a sample, from
buffer A (98% H,O, 2% ACN, and 0.2% HCOOH) to buffer B (95% ACN, 5% H,0O, and 0.2%
HCOOH) by gradually increasing the content of organic solvent in the mobile phase.
The MS/MS was performed in DDA mode using CID with TOP 15 or TOP 20 mode. The
Orbitrap was operated at the mass range of 300-2000 m/z and a resolution of 60 000.

4.1.3 Sequence database searches

The database searches were accomplished using both Mascot and Sequest search
algorithms available in the Proteome Discoverer search platform (Thermo Fisher
Scientific). The spectra were search against a UniProtKB/Swiss-Prot human, mouse or
yeast database including common contaminating proteins from cRAP (the common
Repository of Adventitious Proteins). The search was limited to tryptic peptides
with maximum of two missed cleavage sites fulfilling the criteria of precursor mass
tolerance of 5 ppm and fragment mass tolerance of 0.5 Da. In those samples that
were reduced and alkylated, methionine oxidation was selected as a dynamic and
cysteine carbamidomethylation as a fixed modification. Accepted false discovery rate

determined by Percolator decoy search was set to 1%.

4.1.4 Label-free quantification

All spectral data files were imported to Progenesis LC-MS software (Nonlinear Dynamics)
for quantitative analysis. The LC-MS maps of the entire dataset were overlaid and
aligned by placing a number of manual vectors followed by an automatic alignment. The
peak picking and feature detection was performed in default sensitivity mode including

singly, doubly and triply charged precursors with an elution time window of 12 seconds
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and larger. The protein matches, comprising of proteins with unique peptides and two
or more PSMs, were imported to Progenesis and integrated to the feature map. The
peptide features were further refined by removing peptide contaminants. For a subset
of data, a requirement of two or more identified spectra per feature with a precursor
tolerance of 5 ppm was set. The normalization and statistical evaluation of the results
was either performed in Progenesis or externally using other software packages, such

as R.
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5. RESULTS

5.1 Evaluation of LC-MS-label-free analysis (lI, 111)

During this thesis work, liver tissues from aromatase overexpressing (AROM+)
male mice, and ovarian endometrioma (PO) and endometrium (PE) tissues from
endometriosis patients were studied using quantitative LC-MS. Very similar MS and
guantification workflows were used when the different tissue samples were analyzed,
which offers a good opportunity for the evaluation of the technical performance of
the analyses. Even though the analysis pipelines were similar, some sample related
differences existed in the datasets. Therefore, to highlight the differences and
similarities between the AROM+ and endometriosis datasets, the results associated
to technical performance of the LC-MS quantification are described and evaluated in

the following section.

Sample preparation

Sample preparation is a key step in any successful quantitative proteomics experiment.
As label-free quantification methods are extremely sensitive for bias in sample handling
and preparation, this work aimed at sample preparation with minimal sample handling
steps, minimizing the chance for errors. For endometriosis tissues, a direct tissue
digestion approach was chosen, where the trypsin-containing solution was deposited
directly onto the tissue sections and the peptides were extracted by a centrifugation
step after incubation. This simple sample handling protocol enabled us to extract 24-93
ug of peptides in endometriosis tissue samples ranging from 8.8 to 59.1 mm? in size,
without homogenization, protein precipitation or peptide clean-up steps. On average
1.5 pug/m? (SD=0.6) of peptides was extracted from each tissue. In contrast, as larger
amounts of tissue material was available, a more conventional sample preparation
protocol was chosen for the AROM+ male mouse liver tissues. The sample preparation
of these tissues included tissue homogenization and protein precipitation by acetone,

as well as a salt removal step after trypsin digestion.

DDA analysis revealed over 10 000 peptide sequences

LC-MS/MS analysis is a powerful tool to identify thousands of proteins from a single

tissue sample. In order to reach high proteome coverage in the liver and endometriosis
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tissues, all samples were subjected into a standard shotgun analysis workflow consisting
of a DDA of 15 most intensive precursor ions in each cycle. In the LTQ Orbitrap Velos,
the duty cycle for this set up was 1.2 seconds, which allowed the acquisition a minimum
of 10 MS/MS spectra over an eluting precursor peak. As a result, in the endometriosis
dataset, on average over 3700 distinct doubly and triply charged peptide sequences
were identified in each sample. For the liver dataset this number was significantly higher,
being on average over 8500 identified peptide sequences in each sample. However,
when the number of unique peptide sequences is calculated for the whole dataset,
including 13 samples for endometriosis and 12 samples for AROM+, the difference is
reduced: 10794 unique sequences were identified for all endometriosis and 12284

sequences for all of the liver samples.

Accurate inclusion of 18 candidate biomarkers in endometriosis

Even though the shotgun proteomics is effective in identifying a high number of
peptide sequences in complex samples, many low abundant precursor ions are not
subjected to fragmentation in DDA (Figure 4). Therefore, to increase the detection
of low abundant peptides from biomarker candidate proteins in endometrium and
ovarian endometrioma tissues, AIMS (accurate inclusion mass screening, Jaffe et
al, 2008) was applied. In AIMS, a semi-targeted methodology is used, where the
mass spectrometer is guided to analyze peptide sequences specific for a protein
of interest, called proteotypic peptides. In the endometriosis study, an in-silico
digestion of 18 proteins of interest to their corresponding peptide sequences was
performed. This resulted in 1079 precursor ions of unique peptide sequences with
charge states of 2+ and 3+. The instrument was then programmed to analyze only
these masses in endometriosis tissue samples, resulting in 132 proteotypic peptide
identifications representing 12 proteins of interest. However, the semi-targeted
analysis approach based on m/z values was found to be reasonably inefficient, as
80 % of all identified sequences did not originate from the targeted proteotypic

peptides.

Inclusion list approaches increased the number of identified peptide sequences up to
30%

It has been estimated that a large part of the peptide signals detected by MS
in the DDA mode remain unidentified due to the complexity of the sample (see

section 2.3.1). Therefore, in addition to AIMS (see previous section), a more
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general inclusion approach was applied to target these masses in both AROM+ and
endometriosis datasets. In the directed mass spectrometric approach (Schmidt et
al, 2008), those low abundant precursor ions that are not chosen for fragmentation
during DDA, but have been detected at the MS-level, are chosen for re-analysis
via inclusion lists (Figure 4). These inclusion lists are based on the RT and m/z of
a peptide already detected, which increases the specificity of the identification in

comparison to AIMS.

In terms of inclusion list construction, however, marginally differential procedures were
chosen in the endometriosis and AROM+ datasets. In the endometriosis dataset the
proteotypic peptide RT and m/z values from the AIMS experiment (see section 5.1.3) and
all non-identified precursors (RT and m/z) from DDA (see section 5.1.2) were transferred
to an inclusion list for the replicate injection a sample. In the AROM+ dataset all the
non-identified precursors (RT and m/z) or precursors identified with only one PSM (see
section 2.1.3) in the DDA experiment (see section 5.1.2) were reanalyzed in a mixture
of peptides comprising of all the liver samples in the sample set. This mixed sample was
then analyzed sequentially four times, always including only those precursors (RT and

m/z) previously unidentified.

As a result, when each sample was studied independently, the use of inclusion lists
increased the number of unique identified sequences (from doubly and triply charged
peptide ions) on average by 8 % in both endometrium and endometrioma samples.
Interestingly, this increase was lower in the liver sample (4 %, Figure 6). However,
when all of the samples in endometriosis dataset were studied together, 12 % increase
in identifications was recorded. When the inclusion of the proteotypic peptide
sequences from the AIMS experiment (see section 5.1.3) was studied independently,
19 % increase in the identifications was found. Interestingly, in the complete AROM+
dataset, 30 % increase in identifications was detected. Accordingly, by the use of the
DDA and inclusion list experiments, 2115 unique protein identifications were made
in the endometriosis dataset and 1850 proteins were identified in the AROM+ liver

dataset (Figure 7).
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Figure 6. The number of unique 2+ and 3+ precursor ions identified in the mixture of all AROM+
samples, in ovarian endometrioma samples and in endometrium samples using DDA and
directed mass spectrometry approach.
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Figure 7. The number of proteins identified in AROM+ and in endometriosis datasets.

Quantification of proteins in endometriosis and AROM+

After the LC-MS/MS analysis, the peptide spectral data of both studies was imported into
the Progenesis software for quantification. In Progenesis, all spectral files in the dataset
are aligned into a single LC-MS map based on the m/z and RT values of the precursor
ions. In this fashion the corresponding abundances of each individual precursor ion
can be extracted over the whole dataset. After the alignment and feature detection
(see section 2.2.2), Progenesis could define 7234 distinct peptide features associated
with 1516 proteins in the entire endometriosis dataset and 11487 peptide features with
1499 linked proteins in AROM+ liver. As defined by repeated injections of a standard

sample, in both cases the LC-MS system was operating with an analytical coefficient of
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variance (CV) of 10% calculated after normalization for the quantitative data analysis
(Figure 8). Moreover, when the sample sets were analyzed by a t-test with a threshold
of at least three identified peptides per protein, g<0.01, power>0.8 and fold change
>1.5, 214 differentially expressed proteins were found between patient endometrium
and ovarian endometrioma and 93 proteins between WT and AROM+ liver (Figure 9).
Interestingly, in the endometriosis dataset, all of the 12 biomarker candidates targeted

in AIMS were found among the 214 differentially expressed proteins.

1
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ONot normalized

Biological replicates (WT) _ﬁ%zz % H Normalized
Technical replicates (mix) _WI 22%

\

Biological replicates (PO) —W‘ "

45%
44 %

Biological replicates (PE)

13%

Technical replicates (mix) 70 %

Figure 8. Median CV % of proteins identified in AROM+ and endometriosis datasets, before and
after Progenesis-based normalization.
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Figure 9. The percentage of differentially expressed proteins in AROM+ and endometriosis
datasets.
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5.2 The impact of statistical methods on quantitative proteomics data (1)

The performance of different statistical methods to label-free LC-MS quantification data was
tested to find the best statistical approach for the quantification of differential protein levels
in complex samples. The study was performed by adding a standard mixture of 48 human
proteins (UPS1) at five different concentrations (2, 4, 10, 25 and 50 fmol/pl) to a complex yeast
digest. The samples consisting of mixtures of human and yeast proteins were then subjected
to shotgun proteomics analysis and LC-MS label-free quantification. As a result, after the
LC-MS/MS analyses, 9953 unique peptide sequences were identified. These sequences
originated from 1850 unique proteins including 47 proteins from UPS1 fulfilling the criteria
for acceptable identification (see chapter 4.1.3). The UPS1 peptides were well represented in
the dataset; on average 21 peptides were identified for each UPS protein, whereas generally
five peptides per protein were identified in yeast. After Progenesis analysis, 944 proteins with
at least two identified peptides were considered for further statistical evaluation, including

those 46 UPS1 proteins identified with two peptides or more.

ROTS offers high sensitivity and specificity

The quantified UPS1-yeast data was subjected to statistical evaluation using five
different approaches. The methods tested included a t-test, Significance Analysis of
Microarrays (SAM), Linear Models for Microarray Data (LIMMA), Rank Product (RP) and
Reproducibility-Optimized Test Statistic (ROTS). First, the sensitivity and specificity of the
different methods were studied using the AUC values in ROC plots. Similar AUC values
were received for the different concentrations of UPS1, except for the 2 vs. 4 fmol/ul
comparison, which was presented with low sensitivity and specificity throughout the
dataset. In respect to the different statistical methods tested, ROTS, RP and LIMMA
provided high AUCs, t-test moderate values and SAM exhibited the poorest performance
inthe ROC analysis. To evaluate the proportion of differentially expressed UPS1 proteinsin
each evaluated method, a FDR level of 0.05 was used. Accordingly, the median sensitivity,
i.e., the capability to detect the upregulated UPS1 proteins correctly, was high in most
of the statistical methods tested, being 97.8% for ROTS, LIMMA and SAM. For the t-test
and RP the median sensitivities were 91.3 % and 71.7 %, respectively. Of the methods, RP
showed low sensitivity throughout, whereas the other methods performed poorly in the

lower or higher range of spiked concentrations (2 fmol/pl and 50 fmol/pul) only.

Additionally, most of the methods demonstrated high number of false positives. The

highest number of these background yeast proteins reported as changed (FDR<0.05) was
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recorded with SAM and the lowest number with RP. It was concluded that the number
of false positive detections could be reduced by the use of alternative normalization
techniques, such as median scaling. Correspondingly, when a fold change threshold of
two was used, the number of false positives was reduced without much reducing the
number of true positive detections. Moreover, when the minimum number of peptides
that were used for quantification was restricted, the number of false positive detections

could be reduced further.

For further analysis purposes, the 1499 quantified proteins in the AROM+ dataset
were subjected to the comparison of differential statistical methods. In this dataset,
ROTS and RP produced the lowest number of differentially expressed proteins,
whereas SAM provided the highest number. Additionally, 83 differentially expressed
proteins were found by all five methods. (FDR<0.05; Figure 10). Of the methods, ROTS
provided good agreement with other methods and did not produce false positive
detections when biological replicates were compared to each other. Accordingly,
using the ROTS method (FDR<0.05), 166 proteins demonstrate differential expression
between AROM+ and WT.

SAM

22

T-test

18
RP

LIMMA

ROTS

Figure 10. The numbers of differentially expressed proteins in AROM+ dataset detected and
shared by different statistical methods.
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5.3 Sex hormones affect liver lipid metabolism and plasma metabolite
profiles in AROM+ mice (Il)

In the aromatase mouse model (AROM+), the human aromatase enzyme is universally
expressed resulting in increased estradiol and reduced testosterone production
in adult male mice. According to the GC-MS/MS serum steroid screening that
was performed to the mouse strain, it was concluded that the AROM+ male mice
have a significantly lower testosterone and higher estradiol levels in the serum as
compared with their WT littermates (Table 3). To elucidate the effect of the changed
male/female sex hormone balance in the adult male AROM+ mouse, an integrated
approach was used, where proteomics and transcriptomics data from mouse liver
was studied together with the plasma metabolite profiles. As a result, a clear effect
of the increased circulating estradiol to testosterone ratio was found in both the liver
physiology and plasma metabolites, observed as a distinct clustering of AROM+ and

WT based on all three omics datasets.

Table 3. The results of the GC-MS/MS serum steroid analyses performed on male AROM+ and
WT mice. Used with permission from L. Strauss.

Hormone WT AROM+
Estradiol, pg/mL <0.3° 30.9+184
Testosterone, pg/mL 4972 £ 2067° 38558
Estrone, pg/mL <0.5 9.7+0.7
Androstenedione, pg/mL 180 + 67 165 +21

Analyzed with Mann-Whitney Rank Sum Test Values are given as mean * SEM. *P < 0.01, ®P < 0.001 vs
AROM+ mice.

When the AROM+ mouse liver tissues were compared to the WT, 159 differentially
expressed mRNAs were found in the transcriptomics experiments and 166 differentially
expressed proteins were identified using LC-MS label free quantification and the ROTS
method. The humanaromatase P450 was not detected with either one of the approaches,
as the microarray chip (MouseWG-6 v2.0; lllumina, Essex, UK) and the Uniprot protein
sequence database were both based on murine sequences. An integrative analysis
scheme of the transcriptomics and proteomics data was chosen, although they were
expectedly poorly correlated (r’=0.54). Consequently, the two datasets were subjected
to Ingenuity pathway analysis (IPA, www.ingenuity.com) to find pathways in which the

differentially expressed mRNAs or proteins were enriched. As a result, the pathways
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of fatty acid metabolism, metabolism of xenobiotic and metabolism of terpenoid were
found significantly enriched in both datasets. Moreover, the pathway analysis suggested
that multiple nuclear receptors related to estrogen function are upstream regulators of
the differentially expressed mRNAs and proteins. These include retinoic acid receptor-
related orphan receptor alpha (RORa) and peroxisome proliferator-activated receptor
alpha (PPARa).

Furthermore, the mRNAs and proteins differentially expressed in these networks
were often related to peroxisomal R-oxidation. Interestingly, a dual effect on the
fatty acid oxidation was found. In the classical peroxisomal R-oxidation pathway
multiple upregulated proteins and mRNAs confirmed in gRT-PCR experiments, such
as Ehhadh, Acaalb and Acot3 were implicating an accelerated oxidation of long fatty
acids in the liver of AROM+ mice. Conversely, the oxidation of branched fatty acids,
fatty dicarboxylic acids and w-oxidation was found downregulated, exemplified
by a dramatic downregulation of mRNAs and proteins for Cyp4al2a and Scp2 by
gRT-PCR. Interestingly, also a group of gender specific mRNAs and proteins were
deregulated in AROM+ male mice indicating a feminization of liver metabolism in

the male mice.

Importantly, metabolites studied in the plasma of AROM+ male mice reflect these
changes. A quantitative screen of 163 metabolites in mouse plasma, including free
carnitine, acylcarnitines, amino acids, hexoses and glycerophospholipids resulted in the
identification of 62 differentially expressed metabolites between AROM+ and WT male
mice. Among these metabolites, especially plasma phospholipids with long fatty acid
acyl tails were found significantly decreased in the plasma of male AROM+ mice, whereas
phospholipids with an arachidonic acid (C20:4) tails were found increased. Furthermore,
when the data from female mice was integrated to the analysis, a feminization of the
plasma metabolite pattern of AROM+ male mice is visible (Figure 11). In summary, we
identified mRNAs and proteins responsive to imbalanced testosterone-estradiol ratio
in the liver and a systems wide effect of plasma phospholipids in male mice and while
there may not be a measurable correlation between the data types, there is a clear

trace of molecular activity.
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Figure 11. PCA analysis of 162 metabolites screened in the plasma of AROM+ and WT male and
female mice.

5.4 Biomarker candidates identified in ovarian endometrioma (lll)

In the endometriosis study, the label-free quantification workflow was applied on
peptide samples directly derived from miniscule amounts of patient endometrioma and
endometrium tissues. The methods optimized and applied during this study allowed
the identification and quantification of putative markers for ovarian endometriosis,
which are now being validated in a follow-up study. Overall 214 differentially expressed
proteins were identified in ovarian endometrioma compared to endometrium. Based on
these results, a list of transitions for subsequent SRM verification work was constructed

and made publically available. Moreover, a further pathway analysis was accomplished
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in IPA. As a result, multiple significantly enriched pathways were found in the proteomics
data and among the most interesting pathways identified was the transforming growth
factor beta-1 (TGF-B1) -dependent signaling. This pathway is of importance as one third
of the differentially expressed proteins in ovarian endometrioma were found to be

under TGF-B1 regulation, according to the pathway analysis.

Similarly to the mouse liver samples, the proteomics results were integrated to mRNA
microarray analyses performed on ovarian endometrioma and patient endometrium. In
this manner, the most potent candidates were identified and the numbers of putative
markers could be controlled. As a result, for 88 of the differently expressed proteins,
a significantly different expression in transcript level was found, including nine of the
biomarker candidate proteins targeted with the AIMS experiment. Thus, as an outcome
of the mRNA-protein comparison, a compressed list of 41 upregulated putative

biomarkers was constructed.

To pinpoint the specificity of these proteins to ovarian endometrioma and to exclude
the effect of ovarian stroma possibly present in samples, an in silico specificity study was
conducted. In the study, the expression levels of biomarker candidates were evaluated
using databases for tissue-level expression of proteins in uterus, ovary and ovarian
endometrioma. The highly ranked biomarker candidates showed high specificity of
endometrium and ovarian endometrioma but had only low expression levels in ovary.
As an outcome, a list of 14 TGF-B1 regulated, transcriptionally upregulated, highly
specific biomarker candidate proteins for ovarian endometrioma was constructed.
Moreover, the localization and upregulation of two candidates on this list, Calponin-1
and EMILIN-1, were verified by immunohistochemistry and Western blot analyses on

ovarian endometrioma.
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6. DISCUSSION

During the work it became evident that the complications in finding a biomarker using
proteomics and mass spectrometry rise from multiple sources within the full peptide
identification and quantification workflow. Therefore, due to time, resource and
technical constraints, compromises between the general robustness of the quantitative
analysis and proteome coverage were made throughout the study. As a result, using a
robust analysis, a good coverage of the proteome of the liver and endometriosis was

reached.

6.1 Technical aspects related to identification and quantification (li, 111)

The samples used for this work present the two opposites of tissue samples. The work
with ovarian endometrioma tissue samples offers challenges typical for a clinical patient
samples: They are inherently non-renewable, unique and limited. More specifically, only
small amounts of samples were available and the patients had to be matched according
to their age, BMI and menstrual cycle phase. Also, in addition to problems associated with
the heterogeneous nature of endometriotic tissue itself (as discussed in chapter 2.3.2),
a possibility existed that the ovarian endometrioma samples were contaminated by cells
of ovarian origin. Conversely, the mouse liver tissue is often used as a model sample
for in-depth proteome explorations (as discussed in chapter 2.3.2). The model system
used, P450 aromatase over-expressing mouse (AROM+), provided with low inter-mouse
variance and proved to be an excellent model to study proteome level changes in the liver

after constant over-expression of an enzyme affecting the liver function.

The analytical differences between the mouse liver and endometriosis samples were
clearly demonstrated in the data dependent (DDA) analysis. In these results, the
number of identified peptides was found to be lower in each individual endometriosis
sample (3700 sequences) when compared to AROM+ liver samples (8500 sequences).
It was realized, however, that the difference was substantially reduced when the
entire endometriosis and AROM+ datasets were studied (10794/12284 sequences; as
discussed in chapter 5.1). These differences illustrate the possibly lower dynamic range
of protein concentrations in the mouse liver sample, when compared to endometriosis,
which makes the sample better suited for DDA analysis. However, as different

preparation methods were used for these samples, the differences may be also due
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to a more efficient sample extraction and separation techniques chosen for AROM+.
Nevertheless, the combination of data from multiple samples increased the relative
number of identifications acquired from endometriosis tissues more than it did in the
mouse liver samples. This is likely due to a larger molecular variability of endometriosis
tissues. Indeed, higher inter-sample variability was also measured for this sample type
during the label-free quantification analysis (see chapter 5.1).

As sample preparation is one of the largest sources of variability in any quantitative
proteomics experiment (Krliger et al, 2013; Piehowski et al, 2013) and the label-free
quantification is performed without labels that could be used to normalize the sample
amounts, the sample preparation in this study was performed with minimum sample
handling without fractionation (see chapter 4.1.1 and 5.1). More specifically, this choice
was made to avoid the error-prone division of samples to different fractions and the
possibly laborious and challenging re-combination of fractions either before or after
guantification. Moreover, as labels are not added, the use of a label-free quantification

method necessitates the optimization of the chromatographic set-up for robustness.

In this study, one of the major challenges in the reverse phase chromatographic
separation was to maintain an adequate precision for suitable quantification. An
acceptable sample-to-sample repeatability was accomplished by the use of splitless
nanoliter flow rate LC system (Easy nanolLC) with a vented column configuration. In this
system the pre-column resides next to the analytical column and provides minimum
inter-column dead volumes (Licklider et al, 2002). Moreover, to increase robustness,
the sample injection amount was standardized, the samples were injected in a random
order and a short wash run was performed between the samples. To monitor the
performance of the system, the ion intensities of different samples were observed by
overlaying the total ion chromatograms and spray stability plots of different injections
in real time. Also repeated injections of complex samples were performed to monitor
repeatability. As a result the coefficient of variance was found to be 22 % for the
endometriosis and 13 % for liver dataset prior normalization (See chapter 5.1). A likely
explanation for the lower technical variance for the liver samples could be the quality
of the sample: The liver proteins were precipitated with acetone prior digestion and the
resulting peptides were subjected to C18 sample clean up prior injection. Nevertheless,
similar numbers for technical variation have been reported for brain tissue (Piehowski
et al, 2013), urine (Nagaraj & Mann, 2011) and plasma (Qian et al, 2009) , and while the

instrumental variance depends on a sample, the result is acceptable.
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The key issue of setting up the LTQ Orbitrap Velos instruments for the label-free
experiments was to ensure enough measurements per precursor ion (MS1) and
at the same time maximize the amount of fragment ions (MS/MS). The number of
MS1 measurements is important for the right definition of feature intensity, which is
essential for accurate quantification (Radulovic et al, 2004), whereas the number of
MS/MS cycles is directly proportional to the number of identified peptides. Thus, to
reach optimal conditions in data dependent mode, the duty cycle of the instrument
has to be as fast as possible. In this study, the settings used for MS and MS/MS in the
LTQ Orbitrap Velos systems represented a compromise between sequencing speed
and quality of quantification. The number of MS/MS events per cycle in LTQ was
reduced from the maximum 20 to 15 and the Orbitrap analyzer was operated with a
resolution of 60 000 instead of maximum resolution of 100 000 (See chapter 4.1.2).
Even though the maximum resolution would provide more accurate quantification
and offer better separation of features in the LC-MS map, it extends the duty cycle of
the instrument to two seconds. This is too slow for the detection of optimal number
of spectra over an eluting peak and to provide a consistent MS1 pattern for the
quantification algorithm to perform reliable feature detection. Nevertheless, despite
the attempts to optimize the chromatographic separation and the instrumental duty
cycle, it is clear that by analyzing the samples without fractionation certain lower
abundant peptides and co-eluting species will be missed in the sample (Geiger et al,
2012).

To furtherincrease the proteome coverage inthe endometriosis and liver datasets, two
different inclusion approaches were exploited: 1) Accurate inclusion mass screening
(AIMS; Jaffe et al, 2008) and 2) a general inclusion method (directed MS; Schmidt et
al, 2008). With AIMS specific proteins are targeted in the analysis by programming the
instrument to analyze proteotypic peptide masses specific for the protein in question.
This approach was used in the endometriosis datasets for a set of 18 previously
defined endometriosis biomarker candidates, which were expected to be found
in the sample based on a preliminary mass spectrometry and microarray analysis.
When the 132 proteotypic peptide masses of the 18 proteins were analyzed in the
endometriosis samples, a 19 % increase in identifications was reached as compared to
the analysis without inclusion list (See chapter 5.1). Additionally, a general inclusion
method (Schmidt et al, 2008) was applied in both liver and endometriosis samples
to those precursors that were detected but not identified in previous analyses of the

same sample.
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The inclusion method was restricted to all detected but unidentified MS1 spectra in the
individual endometriosis samples and to those detected MS1 spectra that remained
unidentified or were fragmented but identified with only one PSMs in the mixed
liver sample. Interestingly, this difference in the approach is visible in the results: In
individual samples the increase in unique identified sequences was on average 8 % in
endometriosis for each consecutive run, whereas in the liver sample the number is only
4 % (See chapter 5.1). However, again, when the increase in unique sequences is studied
at the level of the entire dataset, the numbers are reversed: The general increase of
identified sequences was recorded to be 12 % in endometriosis and as high as 30 %
in the liver samples (See chapter 5.1). This inconsistency could be due to the higher
relative heterogeneity of endometriosis tissues when compared to liver. Another cause
could be the use of more efficient inclusion strategy in the liver sample counting also
those uncertain identifications with one PSM in the inclusion experiment. This strategy
allows the instrument to focus on those peptides that are identifiable, but present in
only small quantities. Importantly, the mixed liver sample was subjected to four rounds
of consecutive inclusion of unidentified precursor ions, whereas in the endometriosis
study each sample was analyzed only two times. The number of inclusion rounds has
previously been reported to impact the number of identified peptides substantially
(Schmidt et al, 2008).

To acquire protein identifications, a database search of spectral data was conducted (See
chapter 4.1.3). This experiment was also designed to reach a compromise between a
robust set of identifications and an adequate coverage. Non-redundant, fully annotated
Uniprot-Swiss-Prot databases for human and mouse were used to minimize the effect
of shared peptides between protein isoforms and to reduce the number of sequences
subjected to the search. This was accomplished together with a shuffled decoy database
search to control the influence of false positive identifications. To optimize coverage, all
spectral files in each experiment were searched together. This combined approach is
logical in LC-MS label-free quantification experiment, where the data files are analyzed
together, and increases the likelihood of receiving an acceptable score of multiple low
scoring spectra originating from different spectral files. Moreover, the spectra were
searched by two database software packages, Mascot and Sequest, simultaneously, an
approach which has shown to increase the number of identified spectra up to 38 %
(Shteynberg 2013). Finally, for Progenesis quantification software, a prerequisite for a
protein was to have at least two spectra that were matched to peptides (PSMs) and at

least one peptide having a sequence specific for the protein (unique peptide).
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The LC-MS label-free quantification step was also optimized for robustness. This was
performed by a careful inspection of the LC-MS map for chromatographic tailing,
contaminations, uneven loading or ionization suppression. After feature detection,
the general effect of normalization was studied by calculating the median CV% of
all non-normalized and normalized features. Reduced variance is expected after
successful normalization, which was true in our data: normalization reduced the
variability from 22 to 10 % in the endometriosis samples and from 13 to 10 % in the
liver dataset (See chapter 5.1). The feature maps were also inspected for overlapping
and split features. It was observed that when the features with short elution times
(<12 seconds) were filtered out of the datasets, the number of split features could
be substantially reduced. This filtering was performed to increase the robustness of
the quantification, even though high peak capacity is considered to be advantageous
in reaching high coverage of the proteome (Kocher et al, 2011b). Furthermore,
strict criteria were applied to lists of identified peptides that were imported into the
guantification software. To reduce ambiguity, the identifications were searched and
imported as a single file. Further refinement included the requirement of at least two
spectra per feature with a mass tolerance of lower than 5 ppm. In this manner, those
featuresassociated with one spectrum only, as well as those precursors withincorrectly
assigned second isotopes were filtered out (Sandin et al, 2015). As a consequence,
the application of these filtering steps undoubtedly prohibited the quantification of
certain low abundant peptides. As a result, 81 % of the identified proteins in the
AROM+ dataset and 72 % of the identified proteins in the endometriosis dataset were

subjected to quantitative analysis.

6.2 Optimization of Statistical Methods for Quantitative Proteomics (l)

Statistical evaluation of proteomics data can be compared to that of mRNA microarrays:
the data matrix is complex and the number of measurement points immensely exceeds
the number of samples (Christin et al, 2013). Therefore, it is crucial to correct for
multiple testing. Also the variability between samples can be high and the need for
optimized normalization is of vital importance. In this study, five different algorithms
originally developed for microarray data analysis were evaluated for LC-MS label-free

gquantitative data.

In the experiment, five different statistical approaches were evaluated in a dataset,

where five different concentrations of mixture of 48 human proteins were spiked to
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a complex yeast protein background (See chapter 5.2). While all the methods were
found suitable for proteome data analysis, methodological differences between the
approaches were found. All methods performed poorly in the lowest and highest
concentration range of spiked proteins. The deficient quantification of lower abundant
proteins (2 and 4 fmol/ul) is likely to be a result of reaching the lower limit of detection
for this instrument, whereas the in the higher range of spiked proteins (25 and 50
fmol/ul) the problems in quantification may be caused by matrix interference and
saturation effects. However, in a mixture of proteins where the concentrations are
ranging from 13 ng/ul (Epidermal Growth Factor; 2 fmol/ul) to 4150 ng/ul (Gelsolin;
50 fmol/ ul), some species clearly performed better than others in high and low
concentrations. In addition, all methods provided reasonably high numbers of false
positive identifications (i.e., significantly changed yeast proteins). This phenomenon
might be due to intrinsic effects in LC-MS/MS, such as matrix interference, but can be
also some other artefact for technical variability, as lower numbers of false positive
identifications were received after optimized normalization. Moreover, as reported
previously (Gregori et al, 2013), the numbers of false positive detections could be
reduced considerably with the application of a fold change threshold for a significantly
changed protein and by increasing the number of required peptides per protein to

two.

When tested on the AROM+ mouse liver dataset, different methods provided very
different results in terms in the numbers of significantly changed proteins, ranging
from 359 detected by LIMMA to 107 proteins detected by Rank Product method.
The result is problematic, as the different numbers of detections can be a result of
either false positive or negative detections. Indeed, variable amounts of false positive
identifications were detected when biological replicates were compared to each other.
Especially Significance Analysis of Microarrays (SAM) provided high rate of false positive
identifications. Moreover, based on the results acquired in the yeast dataset, higher
false positive rate is expected for SAM and, conversely, high false negative rate for
Rank Product. Throughout the tests, the Reproducibility-Optimized Test Statistic (ROTS)
and Linear Models for Microarray Data (LIMMA) presented the best sensitivity and
specificity, while the number of false positives stayed in mid-range when compared to
the other statistical tests evaluated. Furthermore, when compared to other methods
in the AROM+ dataset, ROTS showed good agreement with the results of other tests
applied.
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6.3 Overexpression of aromatase enzyme alters liver lipid metabolism
in male mice (Il)

For the purpose of receiving an overview on the metabolic events in the liver of AROM+
male mice, the transcriptome, proteome and metabolome datasets were integrated
using a multi-stage approach, where all datasets are first analyzed independently and
subjected to subsequent comparison (See chapter 2.3.3). This approach relies on the
assumption that proteome and metabolome level changes are triggered by changes in
the gene expression rather than on a level of a proteome (Ritchie et al, 2015). Moreover,
as the correlation of mRNA and protein data was expectedly modest (See chapter
5.3), this approach was extended to pathway analysis identifying common patterns of
metabolic regulation in the transcriptome and the proteome datasets. The pathway
analysis revealed a clear enrichment of fatty acid metabolism and regulators related
to estrogen function, such as PPARa, and a substantial upregulation of mRNAs and
proteins related to PPARa regulated peroxisomal B-oxidation. However, the most highly
deregulated mRNA, Cyp4al2a, showed a dramatic decrease both at transcriptional
and protein levels. This particular gene has been found to be responsible of specific
w-oxidation hydroxylation reaction of arachidonic acid to an eicosanoid and the
corresponding dicarboxylic acid (Arnold et al, 2010; Muller et al, 2007). These changes
in peroxisomal B- and w-oxidation in the liver reflect the plasma phospholipid profile,
where a distinct reduction in the levels of long chain fatty acids could be detected in
male AROM+ mice. Moreover, increased amounts of arachidonic acid was discovered,

proposing pro-inflammatory features in AROM+ male mice (Harizi et al, 2008).

The association of estradiol and PPARa is known from multiple studies (Barros &
Gustafsson, 2011; Zhu et al, 2013). Furthermore, RORa, which is regulated by estradiol
and testosterone in neuronal cells, has been reported to induce the expression of PPARa
in the liver (Lu et al, 2014; Sarachana & Hu, 2013). The inductive effect of estradiol
has also been demonstrated in context of B- and w-oxidation in liver (Fernandez-Pérez
et al, 2014). Moreover, an opposite effect has been previously detected in aromatase
knock out mouse model (Nemoto et al, 2000). The activation of PPARa is undoubtedly
not the only effect of increased estradiol and decreased testosterone levels in AROM+
male mouse liver. It has been shown that estrogen receptor alpha (ERa) regulates
glucose homeostasis and lipogenic gene expression in the liver, independent of gender
(Bryzgalova et al, 2006). Indeed, we found multiple gender predominant mRNAs and
proteins expressed differentially between AROM+ and WT male mice, including reduced

levels of the male specific Cyp4al2a. Interestingly, the plasma metabolites analyzed in
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both female and male AROM+ and WT mice reflect the partial feminization of the liver
surprisingly well. In an unsupervised PCA plot of all metabolites measured in both male
and female mice, a clear feminization effect for AROM+ male mice can be seen (See
chapter 5.3).

6.4 Identification of specific TGF-B1 regulated markers for ovarian
endometrioma (lll)

In the endometriosis study, using LC-MS label-free quantification, over 200 proteins
were identified as differentially expressed between ovarian endometrioma and patient
endometrium tissue. Over 80 % of these proteins have not been previously reported
in ovarian endometriomas, which, together with the preliminary validation studies,

demonstrates the usefulness of the technology in the work described here.

Similar to the mouse liver work, an integrative approach combining multiple datasets was
applied in the further data analysis of the endometriosis dataset. The pathway analyses
indicated multiple deregulated pathways in ovarian endometrioma and revealed that
a large part of deregulated proteins in the ovarian endometriomas are under the
control of TGF-B1 growth factor (See chapter 5.4). Multiple groups have reported the
involvement of TGF-B1 in endometriosis (Barcena de Arellano et al, 2011; Sohler et al,
2013; van Kaam et al, 2008; Young et al, 2014). There have been proposals of the role
of TGF-B1 in endometriosis in smooth muscle metaplasia (Fukunaga, 2000; Gabbiani,
2003), stromal decidualization (Kim et al, 2005; van Kaam et al, 2008) or accumulation
of lactate inducing cell invasion, angiogenesis, and immune suppression (Young et al,
2014). Interestingly, TGF-B1 has been found to induce epithelial mesenchymal transition
(EMT), which has been suggested to be part of the cause of endometriosis and is
characterized by imbalance of E-cadherin and N-cadherin expression in the epithelial
cells (Bartley et al, 2014). However, even though we found a significant increase of
N-cadherin mRNA in ovarian endometrioma samples, our proteomics data does not fully
support the EMT model. Nevertheless, these results highlight that multiple molecular
events exist in ovarian endometriomas that may contribute to a better definition of

endometriosis disease in the future.

As the results from the discovery experiment using LC-MS label-free quantification
were promising, the attempts to identify a biomarker for ovarian endometriosis were
continued by a multi-stage integrative analysis. This included a comparative study of

the LC-MS label-free quantitative proteomics results and mRNA data collected from
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a larger set of corresponding ovarian endometrioma and endometrium tissues. The
comparative study aimed at the qualification of biomarkers candidates to identify a
smaller set of relevant candidates for the targeted verification step in the biomarker
discovery pipeline (See chapter 2.3.1.). The intention was to identify the differentially
expressed proteins and mRNAs in both datasets as key molecules possibly involved in
the pathogenesis of ovarian endometrioma. After the comparison, a reduced list of
biomarker candidates that were found upregulated in both protein and transcript level,
was collated. A qualitative analysis was performed to define the specificity of these
proteins and as a result a TGF-B1 regulated sublist of 14 proteins with high specificity
for ovarian endometrioma was made available. Interestingly, only recently, five of these
proteins were found modulated in ectopic endometriotic stromal cells (Kasvandik et al,
2015).
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7. SUMMARY

It is well known that cell-lines undergo changes in gene expression and PTM patterns
during cell culturing (Derda et al, 2009) and recently the US National Cancer Institute
(NCI) has replaced its cell-line based cancer models with those originating from clinical
samples. Indeed, patient tissues, despite their intrinsic heterogeneity of biomolecules
and differences from patient to patient, retain the organization of specialized cells and
the intracellular communication patterns as well as the nutrients, metabolites and
signaling molecules ex vivo. However, the complexity of tissues as a sample material for
proteome interrogation has prohibited their use until recently. Advanced proteomics
methodologies now allow both deeper insight into the tissue proteome and more
reliable measurements allowing multi-patient studies, which has been at the foundation

of the work pursued here.

In this thesis, analyses of tissue samples with minimal sample handling and fractionation
were accomplished by LC-MS label-free quantification. These methods require less
sample, sample preparation steps and MS measurement time than methods relying
on label-based quantification combined with extensive fractionation. The LC-MS label-
free quantitative methods are also generic and thus suitable for any sample type. In
addition, the approach has a vast potential for further technical development as it has
been estimated that over 100 000 peptides are eluted during a single LC run (Michalski
et al, 2011a). Whereas current MS instruments are only able to analyze a small fraction
of these peptides, modern high-speed MS instruments will enable the analysis of
higher shares of these peptides in the future (Eliuk & Makarov, 2015). However, the
LC-MS label free quantification technology has also disadvantages, some of which have
been discussed in this thesis. The data-dependent sampling of precursor ions results in
incomplete and partially irreproducible numbers of identifications, reflected by variable
results from technical replicate analyses. This problem is highlighted in the analysis
of tissue samples where the complex MS spectra result in relatively low proteome
coverage, as only the most abundant precursor ions are fragmented. In comparison
to label-based methods, label-free analyses are also more prone to technical bias that
affects the robustness and accuracy of the method as we and others (Russell & Lilley,
2012) have found. It has also been noted that the choice of the quantification software
(Sandin et al, 2011) and statistical methods used, can have a large impact on the results
of LC-MS label-free quantification.
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Optimization of the statistical approach to a high dimensional quantitative proteomics
data is imperative and follows the requirements of gene expression microarrays
(Boulesteix & Sauerbrei, 2011; Clarke et al, 2008). In the first part of the thesis, five
different statistical methods were evaluated for our LC-MS label-free quantitative
approach. Concerning the choice of the best statistical method, a number of key
issues were identified. Nearly all algorithms offered high sensitivity and specificity for
proteins and peptides of medium abundance, but did not perform that well with higher
and lower concentrations of the analytes. In addition, high numbers of false positive
identifications were not uncommon among the different algorithms tested. However,
after optimized normalization and stricter requirements for significance, in terms
of minimum number of peptides and fold change of a protein, the number of false
positive detections could be reduced. Also, when tested in all possible combinations
of WT AROM+ liver samples alone, it was discovered that some algorithms provided
higher numbers of false positive or false negative detections, reflected in very different
numbers of proteins with significantly changed expression. In conclusion, the in-house
developed ROTS method proved to be flexible and robust when tested with both spiked
yeast samples and AROM+ mouse liver datasets. This study highlights the importance of
the optimized statistical approach for a large scale proteomics datasets and encourages
the proteomics community to adapt tools originally developed to gene expression
microarrays for the quantitative proteomics data. The standardization of statistical
approaches would enhance the reproducibility across different laboratories and raise
awareness of the need of validated statistics for proteomics experiments.

In the second and third study, a robust data collection platform was established to
AROM+ mouse liver and endometriosis tissue samples allowing data collection with a
technical coefficient of variance of 10 %. To avoid fractionation and to reduce technical
bias, a DDA data collection was combined with a directed MS approach, where low
abundant peptides were targeted with inclusion lists. This approach was successfully
used to increase the proteome coverage of both AROM+ mouse liver and endometriosis
tissues. Interestingly, approximately 1500 proteins were quantified in both datasets,
which is in line with previous reports of LC-MS label-free quantification performed
on fractionated samples (Bracht et al, 2014, Vasilj et al, 2012). In this work only non-
modified peptides were analyzed due to technical restrictions, even though PTMs, such
as phosphorylation and glycosylation, are extremely important modulators of biological
effects. Nevertheless, even though the proteomes described here are far from complete

and do not challenge the in-depth tissue screens reported recently (Azimifar et al, 2014),
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they are quantitative and exceed ten times the quantitative depth previously described

for tissue-based proteomics in endometriosis, for example (Hwang et al, 2013).

Multiple diseases, such as type 2 diabetes, hypertension, stroke and cardiovascular
disease, have differential prevalence among men and women. It is also known that
women have less atherogenic blood lipid profile and differential body fat distribution
to men (Palmer & Clegg, 2015). Also gender differences in plasma metabolites have
been reported lately (Krumsiek et al, 2015; Mittelstrass et al, 2011). These sexual
dimorphisms are known to be estrogen related, but the mechanisms of estrogen action
are poorly understood. The altered lipid metabolism we found in AROM+ male mouse
liver highlights the role of the organ in mediating the estrogen actions. When studied
together with other large scale datasets, such as mRNA microarrays and metabolomics,
information about the biological state of AROM+ liver could be extracted from the
proteomics data. As a result, a novel link between the altered estrogen-androgen ratio,
liver lipid oxidation and lipid metabolites in AROM+ plasma was found, suggesting a
reduced oxidation of long chain fatty acids and increased abundance of pro-inflammatory
lipids in the liver of AROM+ male mice. As our results so far can be considered a pure
discovery study, an important next step in the project would be the gathering of more
mechanistic data on the impact of estrogen to androgen ratio to lipid metabolism. This
might help us to understand the differential prevalence of common diseases such as

atherosclerosis and offer more tailored treatment options in the future.

Despite a clear need for endometriosis related biomarkers, no clinically validated
biomarker exists (Fassbender et al, 2015). This is important, as endometriosis burdens
the healthcare systems with direct and indirect costs ranging from 4 400 to 28 000
S per patient yearly worldwide (Soliman et al, 2016). The disease is associated with
anxiety and depression, diminishing the quality of life of the patients (Friedl et al,
2015). Especially, pelvic pain, delayed diagnosis and infertility have recently reported
to significantly affect the well-being of endometriosis patients (Facchin et al, 2015;
Hamdan et al, 2015; Nnoaham et al, 2011). In this study, TGF-B1 was identified as a key
regulatory molecule in ovarian endometriosis with the LC-MS label-free quantification
method. Moreover, a number of proteins highly specific for ovarian endometrioma
were discovered. However, the findings of this study are an outcome of a discovery
experiment requiring follow-up experiments for possible biomarker validation. For this
reason, the proteins identified as endometrioma specific as well as other published

biomarker candidates should be exposed to a full biomarker validation pipeline, starting
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with verification, validation and clinical validation steps. Therefore, a high throughput
SRM-based biomarker identification and validation in matched plasma samples of
endometriosis patients and healthy controls is already underway, our hopes being
able to identify markers predicting the fertility of the patient and/or progression of the

endometriosis disease.
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