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Abstract

Drug discovery and development, from basic research and drug design, through
preclinical and clinical drug development, to approval of a new drug, is a lengthy and
costly process, in which only a small fraction of the initial drug candidates make it to the
market. The drug discovery pipeline consists of various types and methods of research,
one of which is proteomics, the identification, quantification, and characterisation of
proteins from biological samples. The objective of this work was to assess the feasibility
of untargeted proteomics analysis in preclinical drug discovery and development,
especially in combination with other omics techniques, by applying proteomics to three
different subprojects in the field, each representing a different stage in drug research.

In the first subproject, we studied the postnatal loss of regenerative capacity in the mouse
heart, in order to identify potential drug targets for regenerative therapies. In line with
the literature, we detected postnatal changes in energy metabolism and cell proliferation.
In addition, we discovered that the ketogenesis and mevalonate pathways are temporarily
activated in the mouse heart during the first week of life, and that ketogenesis plays a role
in cardiomyocyte proliferation. These results highlight the importance of energy
metabolism pathways as potential drug targets. The aim of the second subproject was to
study the rat brain peri-infarct region during the recovery from ischemic stroke, and to
elucidate how mesencephalic astrocyte-derived neurotrophic factor (MANF) exerts its
neurorestorative effects known to induce functional recovery from stroke. We detected
substantial stroke-induced changes in translation, lipid composition, and purine
metabolism in the ischemic penumbra. The MANF-induced changes were limited to
enhanced defence response to virus and decreased phagocyte infiltration. While
insufficient for a conclusive mechanism of action, the results provide further evidence
for the immunomodulatory effects of MANF. In the third subproject, we investigated the
response of mouse pancreatic ductal adenocarcinoma (PDAC) tissue to treatment with
the known drug tamoxifen. With proteomics validating the majority of the results from a
series of other experiments, we discovered that tamoxifen induces widespread changes
in the tissue architecture, involving increased vascularisation and decreased extracellular
matrix (ECM) integrity. The effects are mediated by the G-protein coupled estrogen
receptor (GPER). Finally, we showed that tamoxifen decreases proliferation and
increases apoptosis, thus showing potentially beneficial effects in the treatment of PDAC.

In conclusion, proteomics was successfully applied to each of the three subprojects to
obtain meaningful data, but in all cases, data from other types of experiments was
required to interpret and validate the findings. While global and comprehensive,
abundance-based proteomics is biased towards structural and metabolic proteins, and the
efficient research of e.g. signalling pathways would require the analysis of post-
translational modifications, especially phosphorylation.
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Tiivistelmä

Uusien lääkkeiden kehittäminen on pitkä ja kallis prosessi, jossa lääkkeen
viranomaishyväksyntää edeltävät perustutkimus, lääkkeen keksiminen sekä prekliininen
ja kliininen tutkimus. Vain pieni osa alkuvaiheen lääkeaihioista päätyy myyntiluvallisiksi
lääkevalmisteiksi. Lääkekehityksessä käytetään useita erilaisia tutkimusmenetelmiä,
joista yksi on proteomiikka: proteiinien tunnistus, kvantitointi ja niiden ominaisuuksien,
kuten modifikaatioiden, määrittäminen biologisista näytteistä. Tämän väitöstutkimuksen
tavoitteena oli arvioida ei-kohdistetun proteomiikan soveltuvuutta prekliiniseen
lääkekehitykseen, erityisesti yhdistettynä muihin omiikka-menetelmiin. Tavoitteeseen
pyrittiin soveltamalla proteomiikkaa kolmeen osatutkimukseen, joista kukin edusti eri
vaihetta lääkekehityksessä.

Ensimmäisessä osatutkimuksessa tutkittiin hiiren sydämessä syntymän jälkeen
tapahtuvaa solujen uusiutumiskyvyn katoamista; tavoitteena oli löytää vaikutuskohteita
lääkkeille, joilla saataisiin aikaan solujen uusiutumista. Työssä havaittiin aiemmin
kirjallisuudessa esitettyjen energiametaboliaan ja solujen jakautumiseen liittyvien
muutosten lisäksi ketogeneesi- ja mevalonaatti-aineenvaihduntareittien väliaikainen
aktivoituminen hiirten ensimmäisen elinviikon aikana. Ketogeneesin todettiin
vaikuttavan sydänlihassolujen jakautumiseen. Tulokset korostavat energia-
aineenvaihdunnan merkitystä lääkevaikutuksen kohteena. Toisen osatutkimuksen
tavoitteena oli rottamallilla havainnoida aivoinfarktin reuna-alueen molekyylitason
tapahtumia aivoinfarktista toipumisen aikana ja selvittää, millä mekanismilla
hermokasvutekijä MANF edistää aivoinfarktista toipumista. Infarktin reunalla havaittiin
muutoksia proteiinisynteesissä, lipidikoostumuksessa ja puriiniaineenvaihdunnassa.
MANF aiheutti vähäisempiä muutoksia: immuunivaste virusta kohtaan voimistui, ja
fagosyyttisolujen tunkeutuminen aivokudokseen väheni. Tulokset eivät kerro
vaikutusmekanismia, mutta ne viittaavat MANF:n immuunivastetta muuntavaan
vaikutukseen, joka on havaittu myös aiemmissa tutkimuksissa. Kolmannessa
osatutkimuksessa tutkittiin rintasyöpälääke tamoksifeenin vaikutusta haiman duktaalisen
adenokarsinooman (PDAC) hoidossa hiirimallilla. Proteomiikkaa käytettiin
vahvistamaan muiden kokeiden tuloksia; työssä havaittiin, että tamoksifeeni aiheuttaa
verisuonten kasvua ja soluväliaineen jäykkyyden vähenemistä. Vaikutus välittyy G-
proteiinikytkentäisen estrogeenireseptorin kautta. Tamoksifeeni vähentää solujen
jakautumista ja lisää apoptoosia, joten sillä voi olla käyttöä PDAC:n hoidossa.

Proteomiikalla saavutettiin kaikissa osatutkimuksissa hyödyllistä tietoa, mutta niissä
tarvittiin myös muita tutkimusmenetelmiä tiedon tulkitsemiseksi ja vahvistamiseksi.
Proteiinien pitoisuusvertailu tuottaa laaja-alaista tietoa, mutta tulokset painottuvat
rakenne- ja aineenvaihduntareittien proteiineihin; esim. signalointireittien tutkimuksessa
tarvittaisiin lisäksi proteiinien modifikaatioiden, erityisesti fosforylaation, analysoimista.
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1 Introduction

In a multicellular organism, a flux of information occurs at the molecular level. DNA,
the blueprint of life wrapped within the chromosomes, holds the information on every
action possible for an individual cell. In transcription, part of that information is passed
forward as RNA, which in turn dictates what proteins are produced in translation. The
proteins, for their part, are responsible for the wide variety of molecular actions that take
place in an organism. This flux of information from nucleic acids to other nucleic acids
or to proteins, but not from proteins to other proteins or to nucleic acids, is known as the
central dogma of molecular biology 1. At each step, the amount of information narrows,
as not every gene is transcribed and not every transcript is translated. Likewise, at each
step, the amount of functionality increases, as genes define what transcripts may be
produced and transcripts define what proteins may be produced, but it is the proteins that
define what the cellular phenotype is. Furthermore, each step, and especially the actions
performed by the proteins, may involve certain small molecules and produce others; these
are known as metabolites. Genes, transcripts, proteins, and metabolites each comprise a
level of biological information available for study by the methods of analytical chemistry
and molecular biology. Analysis of biomolecules with a global, comprehensive approach
is referred to as omics 2. These omics techniques are briefly discussed in chapter 2.1, and
the study of proteins, i.e. proteomics, more thoroughly in chapter 2.2.

The discovery and development of a new drug is a tedious process that on average
requires the expenditure of more than 2.5 billion dollars over the average time course of
more than 12 years 3. Only a fraction of initial candidate compounds end up in clinical
trials, and even fewer make it to the market. The classical course of research on a novel
drug starts either with an activity screen for a large library of compounds for a disease
model, or the discovery of a disease mechanism or a potential target, followed by the
development of compounds having an effect on this mechanism or target 4. In either case,
the best of these compounds are further optimised and validated for their safety and
efficacy using in vitro and in vivo models, and finally in humans in clinical trials. At each
step, the costs of research increase, and thus a smaller number of candidate compounds
are taken to the next phase. Omics technologies, including proteomics, have been
successfully applied to most phases of drug research. The types of research conducted in
the discovery and development of novel drugs are reviewed in chapter 2.3, with a special
emphasis on the application of proteomics for drug discovery and preclinical studies.

The experimental part of this work consists of three subprojects, each of which concerns
the application of proteomics to drug discovery and development of a different stage and
for a different malady. The aims, materials and methods, and results of the experimental
work are presented in the chapters 3 through 5. The conclusions of this work and
perspectives for future research are presented in chapter 6.
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2 Review of the literature

2.1 Omics technologies

Deoxyribonucleic acid (DNA) was discovered in the latter half of the 19th century 5, but
it took more than seven decades before the genetic information was found to be located
in the DNA 6,7. The discovery of the double helical structure of DNA 8, the deciphering
of the genetic code 9, and, finally, the development of gene sequencing techniques 10

enabled the rise of the first discipline in the omics family, genomics (Figure 1) 11. Initially,
the technique used for genomic analyses was Sanger sequencing 10, utilised to sequence
the genomes of relatively simple organisms, and finally, the human genome (launched in
1990, declared complete in 2004) 12,13. In the 2000s, new techniques, together termed
next generation sequencing, brought a paradigm shift to genomics, enabling fast and
affordable sequencing of mammalian genomes 14.

Figure 1: the number of references found from PubMed database 15 with the search terms listed
above the figure. The numbers at the ends of the curves indicate the number of references at the
end of year 2018. The search was done on 2019-05-09.

Determining the size of the genome is not straightforward: for instance, the 21000
protein-coding genes constitute only 1 % of the human genome, yet 80 % of the genome
has been assigned biochemical functions 16, and new functions keep being discovered.
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Genomics deals not only with the DNA sequence, which is static apart from spontaneous
mutations, but also with its functions and interactions, which are dynamic in nature 14.
This involves the study of genes and gene products for their expression and its regulation,
interactions, and biological roles. This functional genomics can thus be thought of as an
umbrella term covering most if not all other omics disciplines.

The next step in the flux of biological information is ribonucleic acid (RNA), transcribed
from the DNA in gene expression. The entirety of RNA molecules in a cell or an organism
at a given time is called the transcriptome 17. Next generation sequencing 14 has largely
replaced microarrays 18 in global RNA analysis, and the emergence of transcriptomics in
scientific literature coincides with the development of next generation sequencing
(Figure 1). Although the sharpest focus of RNA research has been on the expression of
protein-coding genes, transcriptomics concerns also non-coding RNAs, the diverse
biological functions of which started to be realised in the beginning of the millennium 19.

Due to several levels molecular machinery regulating not only transcription and
translation, but also the fate of mRNA molecules between transcription and translation
20, protein abundance, let alone activity, can not be directly inferred from the abundance
of protein-coding transcripts. The omics level to follow is proteomics. The technological
advances in mass spectrometry (MS) that enabled proteomics 21–24 were realised well
before next generation sequencing for transcriptomics, allowing proteomics to gain
widespread attention more rapidly (Figure 1). Besides mass spectrometry, antibody-
based methods are an important tool for targeted analysis of proteins. The diversity of the
chemical nature and functionality of proteins exceeds that of DNA or RNA, and thus in
addition to the identification and quantification of proteins, the determination of e.g.
protein modifications or interactions plays a significant role in proteomics 25. The size of
the human proteome has proven difficult to estimate, with predictions from 100000 to
several million distinct proteoforms 26.

The mass spectrometric methods utilised in proteomics are mostly the same that are used
in metabolomics. This youngest of the four major omics disciplines discussed in this
chapter is rapidly claiming its place as an established omics method (Figure 1). Unlike
the genome, transcriptome, and proteome, the metabolome does not consist of
biopolymers but small molecules of various classes, making the identification of
metabolites more complex 27. Often the determination of the exact molecular character,
especially stereochemistry, of some metabolites is not feasible with mass spectrometry.
This is to some extent complemented by another technique applied in metabolomics,
nuclear magnetic resonance spectroscopy, that however suffers from low sensitivity and
selectivity. Furthermore, many metabolites are involved in multiple biological pathways
and processes, making the interpretation of metabolomic data challenging.
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As opposed to genomics and transcriptomics, in which the number of analyte molecules
can be multiplied by polymerase chain reaction, amplification is possible neither in
proteomics nor in metabolomics. Therefore, the coverage of these is more limited by the
sensitivity of the instrumentation, rendering proteins and metabolites of low abundance
invisible to most analytical methods. Whereas the analysis of an entire genome or
transcriptome is feasible with today’s methods, the complete human proteome or
metabolome is yet to be described 28,29. On the other hand, the analysis of proteomes and
metabolomes, albeit not comprehensive, may be closer to the phenotype, i.e. yield a more
direct image of the biochemistry occurring in a cell or an organism 30.

As discussed above, each omics discipline carries its characteristic advantages and
disadvantages. Utilising more than one omics method for the same scientific question can
yield complementary information and give a more thorough picture of a biological
phenomenon 14, but the integration of data from different omics techniques does not come
without challenges. These include the moderate correlation between transcript and
protein abundance 25, sometimes providing contradictory results, and the scarcity of
computational tools, especially in the interface between metabolomics and other omics.

Application of comprehensive, large-scale analysis to a new field or subfield of biological
research has typically lead to coining a new omics term, and consequently, the
investigation of e.g. fluxes of molecules (fluxomics 31) or protein interactions
(interactomics 32) have become established omics disciplines. Nevertheless, the general
principle remains the same: measuring many variables instead of a few (although exactly
how many is open to debate), and aiming for a global picture of the phenomena to be
investigated.

2.2 Mass spectrometry-based proteomics

A cell or an organism reacts to stimuli via mechanisms that often involve changes in the
expression, secretion, or degradation of proteins. Measuring protein abundance in
response to a perturbation can therefore yield a lot of information about the biological
processes ongoing in the studied system. Several options for protein quantification are
available 25. It can be absolute, i.e. done using a standard and a calibration curve to obtain
the molar concentration, or relative quantification between two or more sample groups.
Quantification can be targeted to certain proteins of interest, or non-targeted “shotgun”
proteomics, in which the proteins to be analysed are not known prior to the analysis.
Finally, quantification can be performed label-free or using metabolic or chemical labels
that enable multiplexing (analysing multiple samples in one MS run) and may increase
sensitivity.

Protein abundance is by no means the only factor affecting the functions of proteins: post-
translational modifications (PTMs) of proteins play a crucial role in biology. These
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include, for instance, protein phosphorylation by kinases and dephosphorylation by
phosphatases, controlling protein activity 33, and protein N-glycosylation in the
endoplasmic reticulum, guiding the correct folding of plasma membrane and secreted N-
glycoproteins 34. Many of these modifications are dynamic in nature and may concern
only a small fraction of proteins available to modification. Hence, due to the low
abundance, enrichment of peptides carrying the modification is required in analysing
modified proteins 25. Protein modifications need to be taken into account also in
experiments not focusing on modifications per se, since the sample preparation for
proteomics may induce chemical modifications on the samples.

In a biological system, proteins do not act in isolation, but in complicated, dynamic, and
interconnected networks, in which the proteins or protein complexes interact with each
others, with DNA and RNA, and with small molecules. The size of protein complexes
ranges from simple dimers, such as receptor tyrosine kinases 35, to large structures with
tens of subunits, such as mitochondrial respiratory chain complexes 36. The interactions
between individual proteins can be stable (sometimes covalent) or dynamic (transient) in
nature 37, and the different interactions are studied with different methods. In affinity
purification coupled to mass spectrometry (AP-MS 38), an affinity probe is used to enrich
the protein of interest, and along with it any proteins that have stable interactions with it.
For transient interactions, proximity labelling, typically with biotin, is applied 39,40. In
these techniques, the protein of interest is fused with an enzyme generating a reactive
compound, which then diffuses from the protein and labels nearby proteins. The labelled
peptides are then affinity purified, followed by MS analysis.

Protein functions are controlled also by their localisation, studied in the subfield called
spatial proteomics 41. This includes a wide range of accuracy from the level of
characterising protein expression in different cell types 42 and tissues 43 to identifying the
proteins’ subcellular locations 44 or even protein complex architectures 45. Subcellular
protein mapping requires more specialised techniques, such as fractionation of cellular
components 46 or a combination of AP-MS and proximity labelling (MAC-tag 45); in both
approaches, the protein localisation is inferred by comparison to known marker proteins
for cellular organelles. Besides protein abundance, also protein modifications and
interactions may be different in different localisations 41. In addition to MS,
immunofluorescence microscopy is an important tool for mapping protein localisation 47.

Finally, proteomics concerns also the determination of protein structure, whether
primary, secondary, tertiary, or quaternary. Primary structure, the amino acid sequence,
can be determined by de novo sequencing of peptides from a protein with MS 48.
Secondary and tertiary structure, the local three-dimensional architecture of parts of a
protein (e.g. alpha helix or beta sheet) and the three-dimensional structure of the entire
protein, respectively, can be studied with various methods, such as limited proteolysis 49,
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hydrogen-deuterium exchange 50, and crosslinking 51. Lastly, also quaternary protein
structure, i.e. the structure of multiple proteins in a complex, can be studied either with
the aforementioned methods for studying protein interactions, or using native MS, in
which the entire protein complex in its native form is analysed with a high-resolution,
high-accuracy mass spectrometer 52,53.

Figure 2: the main types of information that can be obtained from proteomics experiments, and
examples of typical techniques used for such.

As outlined in this chapter, the main types of information that proteomics experiments
can produce are protein abundance, modifications, interactions, localisation, and
structure (Figure 2). Regardless the type of proteomics research done, reliable
identification of the analyte peptides or proteins is essential. In order to discuss protein
identification, we first need to review mass spectrometry.

2.2.1 Mass spectrometry

Although protein microarrays 54 continue to be used to some extent, and the application
of protein sequencing using Edman degradation 55 to proteomics has been reported 56,
liquid chromatography-mass spectrometry (LC-MS) is the dominant method in
proteomics studies. Mass spectrometry is a method of chemical analysis that involves the
production of gas-phase analyte ions, their separation according to their mass-to-charge
ratio (m/z), and detection (Figure 3). Various techniques for each of these exist, and here,
the focus will be on those most suitable for proteomics. MS was initially an arcane
technique applied by physicists for studying atoms 57. At the half of the 20th century, the
utility of MS in chemical analysis was demonstrated, and towards the end of the century,
the analysis of biological macromolecules became possible.
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Figure 3: the three phases of mass spectrometry, ionisation, mass separation, and detection, and
examples from each phase typical for proteomics experiments.

The first step of MS analysis, ionisation, is required for the molecules to be manipulated
by the electric and magnetic fields of the mass spectrometer. In the vast majority of MS-
based proteomics experiments, either electrospray ionisation (ESI 21,22) or matrix-assisted
laser desorption/ionisation (MALDI 23,24) are utilised. ESI and MALDI are soft ionisation
techniques capable of ionising large and labile biomolecules while keeping them intact,
as opposed to hard ionisation techniques, in which substantial amount of internal energy
is passed to the analytes, leading to fragmentation.

Electrospray is a phenomenon in which a spray of fine droplets is generated from a liquid
in atmospheric pressure using a high voltage 58. When a potential difference is applied
between a spray tip supplied with a liquid and the opposing surface, a spray of droplets
forms from the tip to close the electrical circuit. If there are charged species dissolved in
the liquid, they will end up in gas phase as the solvent evaporates, making electrospray
applicable as an ionisation method for MS. The formation of droplets may be assisted
with a gas flow; then, the technique is termed ion spray. ESI-MS is a concentration
sensitive detector, i.e. it responds to the concentration of the analyte in the carrier flow
(as opposed to mass flow sensitive detectors that respond to the total amount of the
analyte reaching the detector in a given time) 59.

Formation of gaseous analyte ions from analyte dissolved in droplets is a multi-step
process, where droplets in the size scale of nanometres are gradually produced via several
rounds of droplet fission, in which the solvent evaporation causes the accumulation of
charges on the surface of the droplet, leading to the production of smaller offspring
droplets from the droplet surface when the charge repulsion exceeds the surface tension
holding the droplet together 60. Finally, gaseous ions are produced from the nanodroplets.
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The solvent characteristics affect the ionisation of the analytes. Proteomics studies almost
exclusively utilise positive ion mass spectrometry, in which an acidic spray solvent
enhances the production of multiply protonated molecular ions, [M+nH]n+ 60. Also other
cations than protons may be present in the droplets or emerge from the surrounding air,
causing the production of adduct ions, such as [M+Na]+ or [M+NH4]+. In the droplets,
the polar, charged species accumulate to the droplet surface, forcing the less polar species
to the droplet interior and thus hindering their ionisation. Because of this ion suppression
effect, ESI is sensitive to detergents and (especially non-volatile) salts. In addition to
solvent composition, its flow rate has an effect on the ionisation: in nanoflow ESI, the
initial droplet size is smaller than in conventional flow ESI, and thus a higher sensitivity
can be reached with the former because of the more efficient desolvation. Because ESI-
MS is a concentration sensitive detector, not mass flow sensitive, downscaling the flow
rate will not decrease the sensitivity.

In MALDI, the analyte is co-crystallised onto a conductive plate with an excess of a
matrix compound capable of absorbing light at a certain wavelength (typically ultraviolet,
sometimes infrared) 23,24,58. When the co-crystals are beamed with a laser of this
wavelength, the electrons of the matrix compound are excited. Upon electron relaxation,
the matrix compound, and along with it the co-crystallised analyte, is desorbed. The
ionisation mechanism is incompletely understood, but has been suggested to involve the
analytes being in a charged state in the co-crystals, or photoionisation of the matrix
compound and the consequent proton transfer reactions leading to the ionisation of the
analyte. MALDI is a relatively soft ionisation technique, typically producing ions with
low charge states, and usually applied for peptide sequencing, the study of intact proteins,
or MS imaging. Because MALDI-MS requires the analyte crystallised on a surface, it is
compatible with offline LC separation only.

Regardless of the ionisation method, the next step in MS analysis is the transfer of analyte
ions from the ion source to the mass analyser. This involves the removal of residual
neutral molecules that originate from the solvent and, in the case of atmospheric pressure
ionisation, from air. The separation of the analyte ions based on their m/z can be done
with various methods (Figure 4), of which the most important in proteomics are Orbitrap
and time-of-flight mass analysers 25. In addition, quadrupole mass filters are commonly
used in targeted, quantitative protein analytics, Fourier transform ion cyclotron resonance
mass analysers in the analysis of intact proteins, and ion traps in hybrid MS instruments
containing more than one mass analyser.

Orbitrap is a type of ion trap in which the charged analytes are trapped on a circular
trajectory around a spindle-shaped electrode, held at direct current (DC) voltage of
polarity opposite to the analyte ions (Figure 4) 58,61,62. This takes place inside another
electrode that is barrel-shaped, consists of two segments, and is held at ground potential.
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The ions are taken to the trap from a point closer to one end of the analyser than the other,
and hence start to oscillate with a frequency depending on the m/z of the ions. The
oscillation phases of ions with the same m/z are then synchronised by slowly increasing
the voltage on the inner electrode. The oscillation frequency of a group of ions is detected
based on the alternative current (AC) voltage that is caused by the ions on the segments
of the outer electrode as the ions fly by. From the raw signal, the sum of AC voltages
caused by all ions in the trap, the individual frequencies of m/z values are calculated with
a Fourier transform (FT) and further transformed into a mass spectrum.

Figure 4: the types of mass analysers typically used in proteomics experiments. Note that one
excitation electrode in the FT-ICR cell is shown out of its place so as to make the ion path visible.
For the same reason, one RF AC electrode in the quadrupole is shown partially transparent.

In time-of-flight (TOF) instruments, the ions are delivered to the mass analyser in
packages and accelerated to a high velocity with an electric field, followed by flight in
field-free zone, and finally detection (Figure 4) 58,63. The kinetic energy transferred to the
ions from the electric field is constant, and thus ions of low m/z will gain more velocity
and reach the detector in a shorter time than those of high m/z. The m/z values can be
inferred from the flight times. The flight times are also affected by the initial kinetic
energy of the ions: if the kinetic energy distribution of a certain m/z is wide, resolution
deteriorates. Hence, techniques narrowing the kinetic energy distribution grant TOF the
high resolution that makes it suitable for proteomics. These include accelerating the ions
orthogonally relative to their initial direction of movement, and the application of
reflectron, an ion mirror converting the direction of the ions.

Fourier transform ion cyclotron resonance (FT-ICR) is a mass analyser that utilises a
combination of electric and magnetic fields to manipulate ions 58,64. The ICR cell consists
of three pairs of electrodes placed in a uniform magnetic field (Figure 4): DC plate
electrodes at the ends of the cylinder, used for trapping the ions, AC excitation electrodes
at the sides of the cylinder, used for exciting the ions for detection, and detection
electrodes at the sides of the cylinder. Inside the ICR cell, the ions are trapped on a
circular path, and the cyclotron frequency depends on the m/z of the ions. When the ions
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are excited, the phases of same m/z ions are synchronised and the radius of the circular
path increases. The ion packages flying by the detection electrodes cause an AC voltage
that is measured and deconvoluted into frequencies of individual ions with a FT, and
further into a mass spectrum.

Quadrupole mass analyser consists of four rod-shaped electrodes parallel to each other
and to the ion trajectory in the middle of the rods (Figure 4) 58,65. A DC voltage is lead to
one pair of opposing electrodes, and a radio frequency (RF) AC voltage to the other pair.
The ions travelling parallel to the rods experience the electric fields induced by the
electrodes, making the ions resonate in directions perpendicular to their trajectory.
Depending on the voltages of the electrodes and the m/z of the ions, the ions may have a
stable path through the quadrupole or collide into the electrodes. Thus, the voltages can
be used to filter ions travelling through the quadrupole, and the m/z of the ions inferred
from the voltages used. The most common quadrupole instrument type is triple
quadrupole, in which the quadrupoles at the ends are used as mass filters and the middle
quadrupole as a collision cell. A quadrupole can be modified into a linear quadrupole ion
trap by adding trapping electrodes to the ends of the quadrupole.

In FT MS, the mass analyser serves also as a detector (image current detection), but in
other types of mass analysers, a separate detector, typically an electron multiplier, is
required 58. Important parameters of mass analysers to consider are sensitivity (the ability
to measure a low number of ions), resolution (R, the ability to separate two adjacent m/z
values), mass range (the ability measure a wide range of m/z values), and mass accuracy
(the ability to display m/z values that are close to the reality). Each type of mass analyser
comes with its characteristic advantages and disadvantages 58,66. TOF and triple
quadrupole analysers are more sensitive (attomole level) than others (femtomole level).
FT MS instruments, especially FT-ICR, produce the highest resolution (R > 105 with
Orbitrap, R > 106 with FT-ICR) and mass accuracy (down to sub-ppm), followed by TOF
(R up to 40000, 5 to 50 ppm), and quadrupoles operate at unit resolution with 100 ppm
mass accuracy at best. TOF analysers have in principle unlimited m/z range, high mass
range-specialised Orbitraps up to m/z 75000 67 and FT-ICR analysers up to m/z 10000 68,
while others are restricted to the upper m/z limit of approximately 4000. Orbitrap and FT-
ICR instruments require a very high vacuum to operate and are expensive, whereas
quadrupoles are robust and affordable.

Most modern MS instruments are combinations of two, sometimes more, different mass
analysers. Combinations, such as quadrupole and TOF or quadrupole and Orbitrap, not
only exploit the advantages of both types of mass analysers, but also enable tandem mass
spectrometry (MS/MS or MS2, Figure 5). MS/MS involves the selection of ion(s) of
certain m/z, the activation of these precursor ions by increasing their internal energy,
leading to their fragmentation into smaller product ions, which are analysed with another
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or the same mass analyser 58. The utility of this is in the identification of compounds,
such as peptides, based on their MS/MS spectra.

The most common way of transferring internal energy to an ion is to accelerate it into a
collision with neutral, inert gas molecules, so as to convert kinetic energy into internal
energy; this process is termed collision-induced dissociation (CID) 58,69. After the
collision, the internal energy gained by the ion is randomly distributed within the ion via
the vibrations of chemical bonds, and released via the breaking of the bonds. Other modes
of ion activation involve exposing the precursor ions to thermal electrons (electron
capture dissociation) or electron-donating reagents (electron transfer dissociation), or
irradiating them with laser (ultraviolet photodissociation and infrared multiphoton
dissociation). Different modes of ion activation produce different product ions; for the
case of peptides, these are discussed in chapter 2.2.2.

Figure 5: the principle tandem mass spectrometry. Precursor ions detected in a MS1 scan (shown
in red) are isolated and subjected to fragmentation. The formed product ions (shown in purple and
blue), along with the remaining precursor ions, are detected in a MS2 scan.

Before everything that happens inside an ion source and a mass spectrometer, discussed
in this chapter, the sample needs to be introduced into the instrument. This can be done
with direct inlet using a syringe pump, but for complex mixtures of analytes, separation
of the sample prior to MS analysis is required. In proteomics, this is typically done by
hyphenating liquid chromatography (LC) and MS, although also capillary electrophoresis
(CE) is used to some extent. In LC, the analytes are separated based on their interactions
with the stationary phase (column material) and mobile phase (eluent running through
the column and carrying the analytes).

For peptides, the most common mode of separation is reversed phase liquid
chromatography (RPLC), in which the mobile phase is more polar than the stationary
phase 70. Hence, hydrophobic peptides are retained more and thus arrive at the detector
later than hydrophilic peptides. In RPLC, the stationary phase consists of silica particles
(or a monolith) coated with hydrophobic groups, such as octadecyl (C18). The mobile
phase is a mixture of water and an organic solvent, such as acetonitrile, the percentage of
which is increased in a gradient during the separation. The mobile phase is made acidic
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by e.g. formic acid in order to keep the peptides protonated during the separation and to
enhance their protonation at ESI. Optionally, trifluoroacetic acid can be used as an ion
pairing reagent, enhancing separation of peptides at the cost of sensitivity due to ion
suppression at ESI 71,72.

Besides the chemistry of stationary and mobile phases, also the physical dimensions of
the stationary phase affects the LC performance 70. Longer column or smaller particle
size of the stationary phase enhance separation but increase the back pressure of the
column. Smaller internal diameter of the column increases sensitivity when a
concentration sensitive detector such as ESI-MS is used, as the analytes are more
concentrated than in wider columns, but reduces sample loading capacity and increases
back pressure. If separation is to be enhanced with narrower and/or longer columns with
smaller particles, the eluent flow rate needs to be decreased in order to maintain tolerable
pressure, resulting in increased time of analysis. In peptide separations, nanoscale LC
with column internal diameter below 100 μm and eluent flow rate on the scale of nL/min
is commonly applied 73. This is because increased sensitivity can be reached with
nanoscale LC, not only due to increased analyte concentration in the chromatographic
peaks, but also because of flow rates suitable for nanoflow ESI that, as discussed earlier
in this chapter, is more sensitive than conventional ESI. On the other hand, nanoscale LC
is not as robust as larger scale setups, making it more challenging to obtain repeatable
and reproducible separations.

2.2.2 Protein identification

Two mass spectrometric approaches exist for protein identification: either by introducing
intact protein into the mass spectrometer and fragmenting it (top-down) or by
identification of peptides generated with protease and inferring the protein identity from
the identified peptides (bottom-up). In top-down proteomics, intact protein mass is
measured, followed by fragmentation and analysis of the fragments 74. The top-down
approach is well suited for the analysis of simple mixtures and the characterisation of
post-translational modifications and proteoforms, but suffers from low throughput that
can, however, be increased with LC separation 75. Nevertheless, top-down proteomics
requires specialised instrumentation, and the interpretation of spectra is challenging.
Therefore, for the high-throughput analysis of complex biological samples, bottom-up
proteomics is the most common method of choice.

The sample preparation for bottom-up proteomics starts with the digestion of proteins to
peptides using one or more proteases. Prior to this, the proteins need to be denatured and
solubilised to expose cleavage sites. For further cleavage site exposure, this is often
supplemented with the reduction of disulphide bridges and their consequent
carbamidomethylation to prevent them from forming again. The digestion is typically
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done with trypsin, cleaving the amino acid sequence from the C-terminal side of lysine
and arginine, except when followed by a proline 76. Besides efficient and site-specific
digestion, tryptic peptides always contain a C-terminal lysine or arginine, both of which
are basic amino acids, causing the tryptic peptides to be efficiently separated in LC and
protonated in ESI. On the other hand, many tryptic peptides are too short to be
unambiguously mapped to a protein, making it difficult to obtain high sequence
coverages with them. Other digestion enzymes include Lys-C, chymotrypsin, Glu-C, and
pepsin, and integrating data from same samples digested with different enzymes can
improve both the number of identified proteins and the sequence coverage. Before the
LC-MS analysis, the peptide mixture that results from the digestion is subjected to
purification and desalting with e.g. solid phase extraction in order to remove compounds
that interfere with the MS analysis, such as involatile salts and denaturing agents.
Fractionation of the sample can be used to increase the depth of the analysis, reducing
sample complexity in individual fractions and thus enabling the detection low abundance
peptides that would not be detected without fractionation.

In MS1, the m/z of the peptide ion is measured. The charge state of the ion can be inferred
from the m/z difference between the isotopic peaks, allowing the calculation of molecular
mass. This is followed by fragmentation of the precursor peptide ion and MS2 detection
of the fragment ions (Figure 6). Because peptides are relatively large molecules, multiple
fragmentation reactions are possible 48. As a result, multiple different fragment ions are
formed from a precursor peptide ion. These are classified into ion series depending on
the localisation of the charge after fragmentation and the exact bond that is broken: of the
fragment ions produced from the peptide backbone cleavage, N-terminal ions are termed
a, b, and c ions, and C-terminal ions x, y, and z ions (Figure 6) 77,78. Depending on the
mode of ion activation, some ion series are more prone to be formed than others; for
example, CID favours the formation of b and y ions.

Due to the well-characterised fragmentation of peptide precursor ions 79, it is possible to
predict theoretical MS2 spectra from the peptide sequence, thus enabling the
computational comparison of acquired and theoretical peptide spectra with a program
termed search engine, such as Sequest 80, Mascot 81, and Andromeda 82. Notably, the m/z
values of the product ions are readily predicted, whereas their relative intensities are not,
and consequently, peak intensities are ignored by most search engines. In addition to
comparison to theoretical spectra, de novo sequencing of peptides using mass
spectrometry is possible, since the m/z differences between ions of the same series
represent the masses of individual amino acid residues in the peptide sequence 83.

A single LC-MS data file from a proteomics experiment can contain tens of thousands of
spectra, making the use of proteomics search engines mandatory. Based on the amino
acid sequences and potential modifications of the proteins, and knowledge of the
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digestion enzyme and the MS/MS ion activation type used, the search engines create
theoretical peptide spectra to which the acquired peptide spectra are compared 84. The
acquired peptide spectra can be pre-processed, involving e.g. filtering out low intensity
peaks (noise), spectral quality scoring, and MS2 spectrum deisotoping. After this, they
are compared to the database of theoretical peptide spectra, and the quality of the matches
is estimated using a scoring algorithm, the type of which varies between search engines.

Figure 6: peptide ion fragmentation in mass spectrometry. The ion series are classified according
to charge localisation to the peptide N-terminus or C-terminus, and according to which chemical
bond within the amide is broken. CID, collision induced dissociation; ETD, electron transfer
dissociation; ECD, electron capture dissociation; UVPD, ultraviolet photodissociation.

When performing a large number of comparisons between acquired and theoretical
peptide spectra, false matches are inevitable. False negatives can be to some extent
addressed with using multiple search engines, and for false positives, the classical method
is the target-decoy approach 85: in addition to the database of theoretical peptide spectra
created from the protein sequences (target database), a decoy database is created from the
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same protein sequences by inverting or scrambling them. Because these inverted or
scrambled sequences do not occur in any existing protein, the number of positive matches
in the decoy database can be assumed to estimate the number of false positive matches
in the target database. When the decoy database is constructed, inverting the protein
sequences is preferred over scrambling, since it preserves the repeats and other biological
characteristics of the original sequences. In another approach termed Percolator, a semi-
supervised machine learning algorithm was applied for the classification of spectra, using
the decoy matches and top scoring target matches for training the algorithm 86,87.
Regardless of the methods of comparison, scoring, or false hit estimation, the size of the
database of theoretical spectra (i.e. the search space) has a huge effect on both the time
of computation and the number of false positives, and should be kept small enough to
limit these, but large enough to contain all the proteins relevant for the experiment.
Notably, protein modifications can also have an effect on the search space; these are
addressed in more detail in chapter 2.2.4. Databases of common contaminants can be
included in the search, because the sample handling is prone to contaminate the sample
with e.g. keratins from hair and skin.

When an acquired peptide spectrum matches with a theoretical one in the target database,
the peptide can be directly mapped to its protein of origin, because the theoretical spectra
result from in silico digestion and fragmentation of proteins in the database. In the case
of unique peptides that can originate from only one protein this is straightforward, but
more attention is required when two or more proteins contain a similar tryptic peptide. If
the proteins of origin are members of a group of proteins with high sequence similarity,
such as histones or keratins, these proteins can be grouped and the peptide spectral match
assigned to the protein group 88. This, however, is not reasonable in the case of highly
different proteins that just happen to contain a similar tryptic peptide. If other peptides
from these proteins are identified in the same search, the shared peptide can be assigned
to the protein with most peptide identifications, since it is more likely that it originates
from the protein for which there is most evidence in the data 89. Such peptides are termed
razor peptides, according to Occam’s razor. Alternatively, the data analysis can be
restricted to unique peptides only, but this means ignoring a large part of the data.

Setting up the spectrum acquisition parameters for an untargeted LC-MS proteomics run
plays a vital role in the experiment design. The standard method for this is data-dependent
acquisition (DDA), in which a certain number (N) of ions from every MS1 scan is
isolated, fragmented, and analysed in MS2 90. Usually, the most intensive MS1 peaks are
picked to MS2 (TopN: e.g. Top10 for 10 most intensive peaks), but other criteria, such
as isotope pattern and charge state, can also be applied to increase the probability of
picking peptide peaks instead of impurity peaks. In addition, MS1 peaks of certain m/z
can be excluded so that they are not picked to MS2 even if they fill the criteria. In static
exclusion, a list of m/z values to exclude, e.g. those of contaminants, is provided prior to
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the analysis. In dynamic exclusion, an ion is set on a temporary exclusion list for a certain
time after it has been subjected to isolation, fragmentation, and MS2 analysis, in order to
prevent it from being analysed in MS2 again. This kind of exclusion will not, however,
prevent the unwanted ions from using the capacity of trapping instruments. Isolating ions
for MS1 scans in m/z segments, performing DDA on these, and computationally
combining the segmented scans for full MS1 scans afterwards, has been shown to
increase signal-to-noise ratios of low-abundance proteins; this method is termed BoxCar
91.

The semi-stochastic nature of DDA is a well-known problem: if a peptide of interest
happens to be the peak number N+1 in a TopN DDA analysis, it will not picked to MS2
and identified. If a peptide with the same precursor ion accurate mass and retention time
is identified in another run within the same experiment, the identification can be
transferred to the runs in which the peptide is not identified, provided that the precursor
accurate mass and retention time of the peptide are repeatable in the analysis 92.

Importantly, data-independent acquisition (DIA) has emerged as an alternative to DDA.
Here, the entire m/z range of a single MS1 scan is subjected to fragmentation and MS2
analysis in narrow segments, without any specific isolation of precursor ions 93,94. In DIA,
hybrid MS2 spectra due to co-fragmenting peptides can not be avoided, but peptide
identification is made possible by comparison to a library of real peptide spectra, formed
by DDA analysis of fractionated samples, instead of theoretical peptides spectra like in
DDA. Ready spectral libraries exist, but ideally, the library should be prepared from the
same samples and with the same instrument that is used for the DIA analysis. Notably,
in the case of libraries with acquired spectra, the analysis of protein modifications in DIA
requires modification-specific libraries. Peptide identification is more challenging in DIA
than in DDA because the MS2 spectra resulting from the fragmentation of multiple
precursors are more complex. In DIA, MS2-based peptide identification is commonly
augmented with chromatographic retention time information. This requires repeatable
chromatographic separation, and therefore, peptide standards for retention time
calibration are used in DIA.

2.2.3 Protein quantification

Besides the identification of proteins in a sample, their quantification is at the core of
most proteomics applications. Absolute quantification down to protein copy numbers or
molar concentrations is done like that of any other chemical, against a calibration curve
formed using a standard compound, which in the case of proteomics is a peptide labelled
with stable heavy isotopes 95. Usually, synthetic peptides are used as standards, but also
an entire labelled recombinant protein can be included in the digestion of the sample
protein, producing multiple standard peptides. In most of the proteomics experiments, the
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absolute concentrations need not be known, but the relative quantification of proteins
between samples is sufficient. Accordingly, most quantification strategies for proteomics
are for relative quantification, the techniques for which can be classified into label-free
approaches and those utilising labelling (Figure 7).

The simplest approach to label-free quantification is spectral counting, in which the total
number of peptide spectra that match to theoretical peptide spectra derived from the same
protein in the search database is counted. This number of peptide spectrum matches
(PSMs) is used as a measure of protein abundance (Figure 7) 96. Although simple and
easily implemented, spectral counting suffers from limited linear dynamic range and
accuracy. Moreover, spectral counting is affected by the semi-stochastic nature of DDA
(discussed in chapter 2.2.2) and dynamic exclusion, and is biased towards large proteins
that can be digested into a higher number of peptides. This bias can be to some extent
addressed by dividing the number of PSMs by protein molecular mass or length 95.

Intensity of the MS signal, either as the extracted ion chromatographic peak area of the
precursor ion in MS1 97 or the sum of product ions in MS2 98, is a more accurate means
of label-free quantification (Figure 7). In intensity based quantification methods for
bottom-up proteomics, the protein abundance needs to be inferred from the peptide
intensities. Summing these values generates bias towards large proteins, so calculating
the mean is more useful. The abundance comparison of the same protein between
different samples is relatively straightforward, since the biases due to protein length and
the number of peptides the protein can be digested into are similar. However, comparing
the abundance of different proteins is a non-trivial task. The most successful label-free
method for this has been intensity-based absolute quantification (iBAQ), in which the
summed peptide intensities are divided by the number of theoretically observable
peptides of the protein 99, although using the term absolute quantification in this context
is questionable.

In addition to normalisation for the differences between different proteins, as in IBAQ,
also between-run normalisation is required to account for the variability in instrument
performance. The simplest way to do this is to normalise to total PSMs or total ion count
in the run 95, but a more recent approach, termed MaxLFQ, builds upon the assumption
that the majority of the proteome remains relatively constant between samples, creating
normalisation coefficients that minimise the overall changes for all peptides across all
samples 92. Given that the assumption is valid, i.e. that the samples to be compared are
not dramatically different, this is a sound approach.

Label-free quantification, especially DDA, tends to yield a high number of missing values
in the data (protein/peptide intensity missing for a specific sample due to the
protein/peptide not being quantified in this sample). In the case of protein identification
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with multiple peptides, protein abundance can be inferred from the other peptides of the
same protein, but if all of the peptides lack intensity values, so does the protein. The
intensity values may be missing at random (e.g. due to a false identification of the
peptide) or not at random (e.g. due to peptide concentration below the limit of detection)
100. In order to enable statistical testing and the calculation of fold changes, imputation of
the missing values is required. Ideally, imputation should be done at the peptide level 101,
but also protein level imputation is common.

Quantification methods that utilise labelling are more labour-intensive than label-free
quantification, but have advantages that enable some types of experiments that can not
be performed with label-free quantification. The most important of these is multiplexing,
making the analysis of multiple samples in the same LC-MS run possible. Labelling
involves in one way or another incorporating mass differences to the peptides and
proteins, allowing their distinction based on m/z. Labels can be classified into chemical,
enzymatic, and metabolic labels (Figure 7) 95.

Chemical labelling involves derivatising the peptides or proteins with compounds
(“tags”) that enable the mass spectrometric differentiation of similar peptides labelled
with different reagents (Figure 7). The mass difference of the tags is achieved with stable
heavy isotopes of hydrogen, nitrogen, carbon, or oxygen. The tags may be of different
mass, such as isotope-coded affinity tag (ICAT) reagents 102, so that the intensity
comparison between labelled peptides is done in MS1. More common, however, is the
use of tags that are isobaric but release low-mass reporter ions of different m/z upon CID
fragmentation because they have the same number of heavy isotopes but at different
locations in the molecule. In isobaric labelling experiments, the intensity comparison is
done in MS2 to the reporter ion peaks. Examples of isobaric labels include isobaric tags
for relative and absolute quantification (iTRAQ) 103 and tandem mass tags (TMT) 104.

In enzymatic labelling, the protein digestion is carried out in the presence of normal or
18O-enriched water (Figure 7) 105. Because the cleavage of peptide bonds in the digestion
is essentially hydrolysis, the peptides become incorporated with 16O or 18O, allowing 2-
plex quantification. Metabolic labelling represents a different approach to introduce mass
differences to the proteins: the cell culture media that is used contains either light or
heavy amino acids, which are incorporated into the proteins synthesised in the cells.
Consequently, the abundance of proteins from cells grown in light or heavy medium can
be compared in the same run. Metabolic labelling is typically referred to as stable isotope
labelling with amino acids in cell culture (SILAC, Figure 7) 106. The most commonly
used heavy/light amino acids are lysine and arginine, because trypsin digestion produces
peptides with C-terminal lysine and arginine, and consequently, all tryptic peptides will
contain labels. Notably, SILAC mouse feed extends metabolic labelling to in vivo
experiments 107. SILAC also enables the investigation of protein production and turnover:
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if the heavy growth medium is supplied for a limited time, only the newly synthesised
proteins will be labelled, allowing pulse-chase type experiments 108. The study of the
recently synthesised proteins has been termed nascent proteomics, for which not only
SILAC alone, but also in combination with chemical labelling techniques have been
applied 109. The use of multiple labelling techniques requires careful choice of labels in
order to avoid m/z overlaps in the mass spectra.

Figure 7: protein quantification techniques. Upper row, label-free techniques: spectral counting,
chromatographic peak areas from the precursor ion intensity, and summed product ion intensity.
Lower row, examples of labelling techniques: chemical (isobaric tags), enzymatic (18O), and
metabolic (SILAC).
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2.2.4 Protein modifications

Abundance is only one factor governing protein activity. Various kinds of post-
translational modifications (PTMs) control the activity, localisation, or degradation of
proteins. Modifications are chemical moieties that are covalently attached to the proteins,
and thus cause a change in the molecular mass, making them amenable for study with
mass spectrometry. In the database search, some PTMs are assumed to affect every
peptide in the sample, so that unmodified peptides are not searched for (static
modifications), whereas other PTMs may or may not affect the peptides, making it
necessary to include both the modified and the unmodified peptides in the search
(dynamic modifications). Often multiple PTMs affect one protein at the same time.
Multiple static modifications can be included in the same search because they do not
affect the search space, but searching for a high number of dynamic modifications
simultaneously is not feasible, since it increases the search space exponentially 84.

Most PTMs occurring in vivo are enzyme-catalysed 110. Non-enzymatic modifications in
vivo are less common, limited to reactions such as oxidation due to reactive oxygen
species and glycation due to metabolite imbalance. These are irreversible, but also
reversible non-enzymatic modifications occur in vivo, and some of these have been
shown to participate in signalling and regulation of biological function. However, non-
enzymatic modifications in vitro, i.e. occurring during the sample preparation, are of vital
importance for proteomics analysis, because they cause mass shifts that need to be taken
into account in the database search. Mass changes induced by various PTMs are listed in
the Unimod database 111.

Protein phosphorylation involves the attachment of a hydrophilic phosphate group to a
protein, inducing a conformational change that affects its function (Figure 8). In
eukaryotes, the amino acid residues to be phosphorylated are serine, threonine, and
tyrosine 112. Phosphorylation is catalysed by protein kinases, and the reverse reaction,
dephosphorylation, by protein phosphatases. This bidirectional enzymatic catalysis
enables delicate control over the phosphorylation state of the substrate, and accordingly,
phosphorylation plays a role in a multitude of biological processes, such as enzymatic
activity or protein interactions. Typically, phosphorylation leads to an activated state of
a protein, but some proteins are deactivated by phosphorylation, and many proteins
contain multiple phosphosites with diverse effects. Series of kinases consecutively
phosphorylating the next downstream kinase are an important means of biological signal
transduction in various signalling cascades.

The analysis of protein phosphorylation, phosphoproteomics, requires some special
precautions in the sample handling. Phosphoproteins are often present in low quantities,
and consequently, the enrichment of phosphorylated proteins or peptides is required to
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increase their concentrations enough for them to be detected. Enrichment techniques
include titanium dioxide 113, immobilised metal affinity chromatography 114, or antibodies
for phosphotyrosine 115. Importantly, inhibitors for the protein phosphatases present in
biological samples are required to prevent their activity during the sample preparation.
The data analysis in phosphoproteomics is complicated by multiple phosphorylation
states and the potential changes in the overall abundance of the proteins.

Figure 8: examples of protein modifications, the amino acid shown in black and modification in
red font. Upper row: enzymatic modifications phosphorylation (serine, threonine, or tyrosine), N-
glycosylation (asparagine), and O-glycosylation (serine or threonine). Lower row: non-enzymatic
modifications carbamidomethylation (cysteine), oxidation (methionine), carbamylation (lysine;
arginine and protein N-terminus not shown).

PTMs involving the attachment of a carbohydrate to a protein are referred to as
glycosylation, and their study as glycoproteomics (Figure 8). The most important
glycosites are asparagine (in the consensus sequence N-X-S/T, where X ≠ P), to which
glycans are linked through amide bonds (N-glycosylation), and serine or threonine, to
which glycan linkage occurs via glycosidic bonds (O-glycosylation) 116. No consensus
sequence exists for O-glycosylation, making its prediction more difficult than that of N-
glycosylation. The localisation of the amino acid residues in the protein tertiary structure
defines their availability to glycosylation by glycosyltransferases, and hence, for
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example, not every N-X-S/T consensus sequence is an N-glycosite. The hydrophilic
glycans on the surface of the proteins maintain their tertiary structure. Besides their role
in stabilising protein structure and signalling, N-glycans guide the proteins to the cell
surface or to be secreted, and accordingly, majority of cell surface and extracellular
proteins are N-glycoproteins, allowing efficient enrichment strategies 117. Glycans often
carry significant complexity, with ten different monosaccharide components forming
chains that, unlike polypeptide chains, can be branched 116. This not only enables them a
multitude of biological functions, but also poses significant challenges for the mass
spectrometric characterisation of the glycans.

Also biomolecules of classes other than carbohydrates can modify proteins: the coupling
of lipids to proteins is known as lipidation, and the covalent interactions of proteins with
small proteins such as ubiquitin are usually thought of as PTMs. In lipidation, the
hydrophobic group coupled to a protein is most typically myristic or palmitic acid
(myristoylation or palmitoylation, respectively) or multiple isoprene units (prenylation)
118. Lipidation affects the localisation of proteins, the hydrophobic group serving an
anchoring function to the lipid membrane, and controls protein interactions and
enzymatic activity. The canonical function of ubiquitination is to target proteins for
proteasomal degradation, but ubiquitination has roles also in cell signalling and cell cycle
119.

Various other classes of protein modifications exist that involve the attachment of a small
chemical moiety, such as methyl or acetyl, to the protein. Methylation and acetylation are
especially important in the case of histones, where they are part of the epigenetic control
of gene expression 120. Also site-specific proteolysis can be viewed as a PTM, since it can
have a dramatic effect on protein activity 121. Proteolysis is especially difficult to detect
with bottom-up proteomics, in which protein identification is done based on peptides,
and complete sequence coverages are exceptional.

Non-enzymatic modifications occurring in vitro during the sample handling are of
importance in all proteomics experiments, including those focusing solely on protein
abundance (Figure 8). Some of these chemical modifications are intentional: as a part of
the protein denaturation, disulphide bridges are typically broken with reducing agents
and the resulting cysteine residues carbamidomethylated with 2-iodoacetamide, and all
of the chemical quantification labels (chapter 2.2.3) introduce modifications on the
proteins or peptides. Also unintentional in vitro modifications occurring during the
sample handling need to be taken into account in the data analysis. Some of these can be
prevented with inhibitors, such as dephosphorylation and proteolysis due to phosphatases
and proteases, respectively, in the sample. Others, such as methionine oxidation, are
difficult to avoid and thus need to be included in the database search 122. Urea, a
chaotropic agent commonly used for protein denaturation and solubilisation, is known to
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cause protein carbamylation, especially in high temperatures 123, and 2-iodoacetamide
has been reported to cause unwanted off-target derivatisation 124.

2.3 Drug discovery and development

The annual number of approved new drugs has increased over time 125,126,  but perhaps
surprisingly, the improvements in omics technologies (Figure 1) or any other scientific
breakthroughs have failed to cause any significant increase in the approval rate of new
drugs (Figure 9). Despite technological advances, the cost of developing new drugs keeps
increasing, with an approximate doubling rate of 9 years 127. In this chapter, the typical
stages of drug research, from basic biological research to post-marketing surveillance
(Figure 10), are briefly reviewed, followed by a more detailed description of the drug
discovery and preclinical development phases, focusing on small molecule drugs.

Figure 9: cumulative FDA-approved new molecular entities (NMEs) from 1930 to the end of the
year 2018 (number at the end of the curve) 125,126.

The entire process of drug discovery and development is often preceded by a discovery
in basic biological or medical research conducted without an immediate goal of
discovering new drugs (Figure 10A). This discovery might be a biological phenomenon
that facilitates a novel kind of therapeutic intervention, a new means of studying a
biological process relevant to a disease, or a previously unknown disease mechanism that
uncovers potential drug targets 128. This idea is taken further in the drug discovery phase,
in which molecules producing the desired effect (“hits”) are sought after (Figure 10B).
Usually this involves using a relatively simple in vitro experimental model for the high
throughput screening (HTS) of large libraries of compounds, the best of which (“leads”)
are taken to the preclinical research phase for further optimisation with in vitro and in
vivo models (Figure 10C). Parameters to be optimised include pharmacokinetics and
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pharmacodynamics (PK/PD), and absorption, distribution, metabolism and elimination
(ADME, or ADMET if toxicity is included).

Figure 10: typical phases of research in drug discovery and development. PK/PD:
pharmacokinetics/pharmacodynamics; ADMET: absorption, distribution, metabolism,
elimination, toxicity.

Notably, the discrimination between basic research, drug discovery, and preclinical
development is somewhat arbitrary, and it is not uncommon to refer to all of these as
preclinical research 129. At each step, a smaller, more selected and more optimised set of
compounds enters the following phase of research. Once one or more candidate
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compounds with optimal (or as close to optimal as feasible) properties are ready, a
permission to start the clinical trials can be applied from the authorities.

If the drug candidate is deemed safe at phase 1, the first tests for efficacy, alongside with
further investigation of safety, are done at phase 2 studies. These involve hundreds of
participants, and are typically the first studies done on patients, instead of healthy
volunteers used in phase 1 130. Finally, if the phase 2 is successful, the safety and efficacy
of the drug candidate are investigated and compared to existing treatments in phase 3
clinical studies that typically are large multicentre studies involving thousands of
patients. Success in phase 3 allows the application of a marketing authorisation, i.e.
approval, of a new drug.

In clinical trials, proteomics is often applied for the discovery of biomarkers, molecular
indicators of disease state, progression, or response to treatment. Biomarkers can be used
for patient stratification in the clinical trials, diagnosis, or prognosis 131, and are not
necessarily involved with drug development. Despite years of extensive research, the
number of protein biomarkers that have become established in clinical practice is
surprisingly low 132. Suggested reasons for this include the complexity of the proteome
133 and the lack of analytical workflow harmonisation between laboratories 134.
Furthermore, despite recent advances, the most readily available patient sample, blood,
is a challenging matrix for proteomics analysis 135, and the variability in biomarker levels
is prone to be greater in patients than in experimental models, making the transition to
clinic challenging.

Some drugs are developed for a specific group of patients that can be identified with in
vitro diagnostic tests for a biomarker, referred to as companion diagnostics 136 and
emerging within the broader context of the trend of personalised medicine or precision
medicine. In addition to targeting the drug treatment to likely responders, such tests can
be used to predict which patients are likely to develop serious side effects. While the
majority of approved companion diagnostics systems concern nucleic acid markers such
as cancer mutations or gene fusions, some involve the immunohistochemical detection
of proteins, such as HER2 in breast cancer 137.

The research on a new drug does not end at approval. Safety monitoring for rare side
effects is required, because such are unlikely to occur in the clinical trials conducted with
a few thousand patients 130. In addition, clinical trials address the efficacy of the drug in
a controlled environment and for a selected patient group, and are thus unable to answer
questions related to the effectiveness of the drug in non-ideal situations, let alone
efficiency, i.e. whether the drug is worth its price related to other treatment options 138.
To these ends, phase 4 or post-marketing surveillance studies are conducted (Figure 10E)
130. In addition, the clinical use of a drug produces data in electronic health records and
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disease registries; such information is commonly referred to as real world data or real
world evidence, so as to separate it from information produced in typical clinical research
settings 139. Real world evidence can be also purposefully collected from patients using
e.g. mobile applications.

Post-approval studies include also new clinical studies to extend the indication of a drug
to diseases related to the current indication but not studied in the initial clinical trials.
Moreover, repurposing of established drugs to completely novel indications is possible
and has been suggested as a potential means to hasten the drug discovery and
development process 140. Drug repurposing can be triggered by further basic and
preclinical research or from the anecdotal evidence or off-label usage in the clinic, and
the development of new analytical methods, including proteomic ones, can be expected
to enable new drug repurposing strategies 141. One of the most well-known examples of
repurposing is that of the catastrophically failed antiemetic thalidomide for the treatment
of multiple myeloma 142.

The phases of drug discovery and development outlined here represent the classical
scheme, of which there can be considerable variation. In certain cases of drug
development, access to the treatment as early as possible can be crucial for patients, and
hence, conditional or accelerated drug approval tracks have been created 143. Examples
of such cases are the development of drugs for rare diseases (orphan drugs) or to fulfil an
unmet medical need, or breakthrough therapies expected to be superior to the existing
ones. As an answer to the issue of slow and costly transfer of ideas from basic research
through the drug development scheme to clinical use, the field of translational medicine
has emerged, aiming for the more efficient transition of novel discoveries to the clinic
144. Translational medicine or translational research, however, have been criticised to be
terms lacking explicit definitions 145, making it unclear what makes translational research
different than standard biomedical research.

2.3.1 Target-based drug discovery

In order to develop new drugs, understanding how the human body functions in health
and in disease is crucial, and to these ends, basic research is conducted. Some treatments
have their origin in discoveries seemingly unrelated to drug discovery, and the time
between the initial discovery and its application as a drug may be decades. Proteasome,
a cellular organ responsible for protein degradation, for instance, was discovered in the
1970s 146, and the first therapeutic proteasome inhibitor, bortezomib, was approved for
the treatment of multiple myeloma in 2003 147,148. Likewise, the role of ubiquitination in
flagging proteins for proteasomal degradation was described in 1980 149,150, and recently,
the first clinical trial was started with ARV-110, a drug that causes the degradation of its
target protein by bringing it into contact with the cellular ubiquitination machinery 151. A
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slightly shorter time of 20 years passed between the discovery of RNA interference in
Caenorhabditis elegans 152, and the approval of the first siRNA drug patisiran 153.

Most typically, however, the discovery in basic research that opens up a new possibility
for drug development is a potential drug target or a disease mechanism 128. The vast
majority of drug targets are proteins 154; many classes of proteins have been targeted by
drugs, the most important being enzymes, transporters, ion channels, and receptors 155.
Approximately 70 % of the drug target proteins are localised on the plasma membrane,
mainly because membrane permeability is required from drugs targeting intracellular
proteins but not from those targeting proteins on plasma membrane, making it easier to
develop drugs for membrane proteins. Besides proteins, drugs can target DNA
(antimetabolites, alkylating antineoplastic agents 156), RNA (antisense oligonucleotides
157, siRNA 153) or lipid membranes (certain antibiotics 158), or have no target at all (e.g.
radiocontrast agents).

Because of the importance of proteins as drug targets, proteomics is well suited for target
discovery. Proteins with different abundance in diseased and healthy states, or between
different states of disease, are likely to play a role in disease pathology and thus potential
therapeutic targets. For example, quantitative N-glycoproteomics was used by Martinko
et al. to identify cell surface proteins upregulated due to the oncogenic mutation
KRASG12V in a human cancer cell line 159. Supplemented with a CRISPR interference
screen, two of these proteins were found to affect cell growth. The other of these two,
CDCP1, was found to be upregulated in pancreatic ductal adenocarcinoma cell lines
compared to non-cancerous controls, and could be targeted by an antibody carrying a
cytotoxic payload.

Besides being potential drug targets themselves, differentially expressed proteins can be
mapped to signalling pathways in order to identify pathways that are perturbed in disease.
Because pathway enrichment analysis does not require full pathway coverage, it extends
the focus of drug target discovery to pathway components not detected in the proteomics
experiment. For instance, this method has been applied to identify pathways relevant for
colon cancer invasiveness 160. Because of the significance of phosphorylation in
biological signalling cascades, phosphoproteomics is particularly well suited for
detecting regulated pathways, and has been applied for the discovery of therapeutic
targets for nervous system tumours 161. Likewise, mapping of protein interactions allows
the detailed characterisation of signalling pathway components in order to find potential
drug targets, as has been done to the NF-κB signalling pathway 162. Finally, samples from
patients can be useful for target discovery, as shown by comparative proteomics analysis
of lung metastases and surrounding healthy tissue from a patient with end-stage urachal
carcinoma, identifying LSD1 as a potential therapeutic target 163. Notably, the proteomics
analysis can be done in one to two days, allowing its use in clinical decision making for
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personalised medicine, provided that pharmacological tools to interfere with the
identified targets exist.

An important aspect to consider in a potential drug target is druggability, i.e. whether the
function of the protein can be influenced by small molecules 164. A druggable protein
needs to have a site that can bind a small molecule ligand with sufficient specificity, and
the binding needs to have an effect on the function of the protein. The assessment of
druggability thus requires knowledge about the 3D structure of the protein. However,
prediction of druggability based on similarity of the protein’s amino acid sequence and
other parameters to known targets is possible also if the 3D structure is not available 165.
Another approach for druggability estimation is a chemoproteomic one: cell lysate is
incubated in the presence of beads derivatised with a set of unselective ligands to a class
of proteins, and different concentrations of a free ligand. For all proteins having an
interaction with both the free ligand and any of the bead-bound ligands, binding affinities
to the free ligand can be determined in parallel. This method has been applied to
investigate the druggability of 2-oxoglutarate-dependent dioxygenases that are
hydroxylating enzymes relevant in various diseases 166, and kinases of the parasite
Trypanosoma brucei 167.

It has been estimated that only 5 % of proteins encoded by the human genome are both
druggable and relevant in disease 164. Novel techniques can, however, enable targeting
proteins of low druggability. A recent example already mentioned above is the
proteolysis targeting chimera (PROTAC) class of bifunctional molecules: one part of the
molecule binds to E3 ubiquitin ligase, while the other part binds the target protein, leading
to ubiquitination and the subsequent proteasomal degradation of the target protein 168.
Normally, a drug has to both bind the target protein and affect its function, but in the case
of PROTAC, binding alone is sufficient. Also drugs based on RNA interference have the
potential to overcome druggability problems, because they do not interact with the
protein but with the mRNA encoding it 169. Moreover, protein-protein interactions can be
inhibited or enhanced by small molecules 170, for example in the context of GATA4-
NKX2-5 interaction in cardiac regeneration 171,172.

For a newly discovered potential therapeutic target, validation of its role in disease is of
paramount importance. This can be done with knockout or overexpression of the target
gene, or with inhibitor compounds, if such exist 173. Protein expression profiling,
phosphoproteomics, and protein interactomics can be utilised in determining the
phenotype resulting from the genetic or inhibitor experiments applied in target validation.
In a different example, targeted proteomics was used to quantify active matrix
metalloproteinase-9 in diabetic foot ulcers of patients and, using a mouse model, to
validate its role as a target for (R)-ND-336, a novel inhibitor 174.
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Once a drug target has been discovered and validated, compounds to interfere with the
target are sought after. To narrow the selection of compounds to be tested, one or more
computational screens for virtual compound libraries are often performed, and only the
top candidates from the computational screens are synthesised for the actual chemical
library to be screened in real life. Various approaches for computational screening exist:
for example, if the 3D structure of the target protein and the ligand binding site is known,
molecular docking can be used to identify compounds likely to bind to the target protein
175, or if there are existing compounds that bind to the target protein, a chemical similarity
search against their structures can suggest new compounds likely to bind in a similar
manner 176.

Screening of a small, carefully selected set of compounds for their activity towards the
target is possible, but often, large libraries of compounds (typically hundreds of
thousands) are tested with high-throughput screening (HTS) 177. Enabled by automation
in liquid handling, detection, and data analysis, as well as combinatorial chemistry for
the creation of chemical libraries, HTS refers to screening of thousands of compounds
per day 178. For HTS, the reporter system needs to be fast, robust, and repeatable. Because
of the relatively low throughput of LC-MS-based proteomics, its utility in HTS is limited.
MALDI-MS is capable of higher throughput, and can thus enable the use of proteomics
in HTS, as evidenced by the use of a MALDI-TOF screening assay for protein
phosphatase PTP1B inhibitors 179. In this screen, the enzyme inhibition was determined
from dephosphorylation of the substrate peptide, measured with MALDI-TOF.
Furthermore, an unwanted modification of PTP1B active site could be monitored with
the method. When the system was automated, speed of less than a second per sample spot
was achieved 180.

2.3.2 Phenotypic screening in drug discovery

The scheme of drug discovery outlined in the previous chapter, starting with the
identification and validation of a target, followed by screening for hits to the target, is
referred to as target-based or rational drug discovery 181. An alternative approach is
phenotypic screening, in which chemical libraries are screened for a desired phenotypic
effect in a more complicated cell culture-based reporter system, instead of measuring
target engagement with isolated proteins. This results in hit compounds with a desired
effect (at least in the experimental model that is used) but an unknown target and
mechanism of action. The drug discovery pipeline then continues with target
deconvolution and target validation. Phenotypic screening with cell and animal models
was the primary method of drug discovery before the beginning of the genomics era in
the 1990s. The attrition rates of the pharmaceutical industry have remained high despite
the increased research and development expenditure, and this has been suggested to be
due to focusing on target-based drug discovery instead of phenotypic screening 181–183,
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stating that target-based drug discovery often disregards the molecular mechanism of
action, i.e. what the drug does to the target protein besides binding 181. Consequently,
performing HTS for the desired phenotype is re-emerging as a strategy for drug
discovery. The discovery of biological drugs, however, is always target-based, because
synthesising large libraries of them for screening is not feasible.

For the hit compounds that result from phenotypic screening, determining the target and
the mechanism of action is crucial, and proteomics has been used extensively for these
purposes. Quantitative proteomics and phosphoproteomics can be utilised to identify
biological pathways and signalling cascades activated or deactivated by drug treatment.
For example, protein expression profiling has been applied to elucidate pathways
activated by methoxychalcone derivatives in triple negative breast cancer cell lines 184,
and phosphoproteomics to monitor the effects of sunitinib in renal cell cancer cells 185.
An investigational, quantitative proteomics-based method for drug target identification
relies on the observation that upon drug treatment, the abundance change of a drug target
at late apoptosis is disproportionally large relative to co-regulated proteins, and can thus
be used to pinpoint drug targets 186. Also drug-induced changes in protein interactions
can give insight into how a drug exerts its function 187.

Chemical proteomics is especially well suited for the identification of targets for drugs
with unknown mechanism of action. The most typical way is to utilise the affinity
between the drug and its target: immobilisation of the drug on a resin or derivatisation
with an affinity tag (such as biotin) enables the affinity purification of proteins that bind
the drug 173. Competitive binding assays, in which the sample replicates are pre-incubated
with different concentrations of the free drug before the affinity purification, can be used
to determine dissociation constants as well. This approach has been used e.g. to identify
plectin as the target of an organoruthenium anticancer agent plecstatin 188 and to identify
the targets of compounds identified from a phenotypic screen for compounds that
enhance the repair of damaged muscle 189. Alternatively, in a technique called
photoaffinity labelling, the drug can be derivatised with a chemical moiety that upon
photoactivation becomes reactive and covalently binds to the target protein 190. This
causes a change in mass that can be measured with MS, yielding in addition information
about the binding site of the drug. The photoaffinity labelling reagents often contain also
a chemical moiety that enables affinity purification. In all experiments involving
chemical modifications to the drug, it should be taken into account that modification can
affect the binding properties of a drug. An example of how to do this is to perform parallel
experiments with different modification sites at the drug molecule, as was done for the
muscle repair-enhancing compounds 189.

The native state of a protein is stabilised when it binds a ligand that has affinity towards
the native state but not the denatured state 191. This phenomenon can be utilised for
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discovering interactions between small molecules and proteins. In thermal proteome
profiling (TPP), cell lysate is heated, making proteins denature and hence precipitate 192.
Consequently, the precipitated proteins are removed by centrifugation, followed by
quantitative proteomics analysis of the supernatant. When a range of temperatures is
used, thermal stability profiles of proteins can be determined. As a ligand-bound protein
is more stable than its counterpart without a ligand, it will denature at a higher
temperature, and thus have a different thermal stability profile. Hence, the target proteins
of a drug can be identified based on altered thermal stability profiles. TPP has been used,
for instance, to identify the mechanism how palbociclib, a CDK4/6 inhibitor, causes cell
senescence independently of CDK inhibition 193. Alternatively, ligand-induced protein
stabilisation can be detected based on increased resistance to enzymatic proteolysis, as
has been done to map protein-metabolite interactions 194.

Notably, these approaches can be used also in target-based drug discovery: many drugs
have multiple targets, and knowledge of the off-target effects is important, because often
they explain the side effects of a drug. For example, TPP was used to determine off-
targets of the cancer drug panobinostat, and the data was applied to explain adverse
effects observed in patients and to suggest a repurposing indication to the drug 195. In
another approach, a dual labelling strategy with SILAC and TMT was used to monitor
the effects of drugs protein turnover, enabling the differentiation of protein
up/downregulation caused by stabilisation/degradation and increased/decreased
biosynthesis 109. In this study, the method was used to compare the effects of a PROTAC
against a protein family and an inhibitor to the same protein family, separating PROTAC-
induced degradation of off-target proteins from the decreased translation of proteins
caused by downstream effects of the inhibition or degradation of the primary target. In
the same work, different mechanisms of action were identified for different estrogen
receptor modulators.

2.3.3 Preclinical drug development

From the hit compounds, the most promising are identified and taken further in the drug
development; these are referred to as lead compounds. The mechanism and target
identification procedures outlined above are part of the process of lead generation. Other
actions of lead generation include synthesising analogues of the original lead compounds
and using them to determine (quantitative) structure-activity relationships, i.e. to identify
which characteristics of the molecules are important for their biological activity 196. This
information is required to generate lead molecules that have the highest likelihood of
being suitable to be used as drugs.

Besides activity and selectivity to the desired target or targets (pharmacodynamics),
various other characteristics play a role in what makes a good drug. These include factors
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such as molecular mass, solubility in water, and lipophilicity, that contribute to the oral
bioavailability and pharmacokinetics of the drug, and practical aspects, such as ease of
synthesis and stability. Several sets of rules to predict the drug-likeness of molecules
exist, the most well-known of which is Lipinski’s rule of five, stating that an ideal drug
(from the viewpoints of absorption and permeation) has no more than 5 hydrogen bond
donors, no more than 10 hydrogen bond acceptors, molecular mass below 500, and
(predicted) logP below 5 197. In other words and with different criteria, most other rules
state the same: drugs should be sufficiently lipophilic to permeate through biological
membranes, but sufficiently hydrophilic to dissolve in biological fluids, and sufficiently
small in molecular size 198. These rules can help in choosing which lead compound
derivatives to synthesise, but they should not be followed at the cost of chemical
diversity.

The pharmacokinetics part of preclinical development can be further dissected into
absorption, distribution, metabolism, and elimination (ADME) 199. The percentage of a
drug that is absorbed orally and the absorption rate affect whether an oral formulation
can be developed. Distribution dictates whether a drug can reach its target, and is affected
by the drug’s tendency to bind to plasma proteins, and in the case of drugs for the central
nervous system (CNS), its ability to permeate the blood-brain barrier (BBB). Of the
metabolism, it is essential to know how fast, by which metabolic enzymes, and into which
products a drug is metabolised. Furthermore, inhibition or induction of metabolic
enzymes by the drug plays a major role in drug-drug interactions, and the possible
biological activity of the metabolites towards the target of the parent drug as well as other
targets is important for the effect and side effects of the drug. Finally, too quick
elimination of a drug from the body would require impractically high dosing frequency,
whereas too slow elimination is unfavourable for the safety profile of the drug.

The role of proteomics is not particularly pronounced in ADME studies, since they
concentrate on the drug itself rather than its biological effect. However, building models
to predict ADME properties of drugs requires detailed understanding of what the body
does to the drugs, and here, proteomics is of major importance. For example,
quantification of transporter proteins and metabolising enzymes helps predict the
distribution and metabolism, respectively, of drugs 200,201, and has been used for building
pharmacokinetic models 202. Furthermore, proteomic comparison of different ways to
study ADME properties in vitro yields insight into the comparability of the data obtained
from these experiments 203.

Modelling and in vitro studies are used to predict these properties, but ultimately, the
determination of ADME properties requires in vivo experiments in animal models. These
are used also for preliminary assessment of toxicity, which is required at the preclinical
drug development phase. When toxicity studies are included, ADME is referred to as
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ADMET or ADME-Tox. Similar methods that are used to investigate the desired targets
and mechanisms of action of drugs can be used to study the targets and mechanisms
responsible for the drugs’ toxicity and side effects. For example, the hepatotoxicity of
methapyrilene, a sedative antihistamine withdrawn in 1979 due to carcinogenicity and
since then used as a model liver toxin, has been investigated with proteomics both in vivo
and in vitro 204,205. Likewise, a multiomics approach has been used to study the
hepatotoxicity of valproic acid 206.
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3 Aims of the study

The primary objective of this thesis was to assess the feasibility of global, untargeted
proteomics analysis in preclinical drug discovery and development, especially in
combination with other omics techniques. In more specific terms, we wanted to evaluate
what kind of data is obtained with these methods, how reliable it is, and how it can be
used to answer questions and solve problems related to drug discovery and development.
To these ends, we applied proteomics to three different subprojects within the field: target
identification (I), mechanism elucidation (II), and drug repurposing (III).

The specific aims of the subprojects of this work were the following:

· To investigate the molecular mechanisms related to cardiac regeneration and its
loss in the postnatal mouse heart, with the intention of finding potential drug
targets (I).

· To study the molecular phenomena occurring in the rat brain peri-infarct region
during the recovery from ischemic stroke, and to elucidate the mechanism behind
the beneficial effects of post-stroke mesencephalic astrocyte-derived
neurotrophic factor (MANF) administration (II).

· To investigate the response of mouse pancreatic ductal adenocarcinoma (PDAC)
tissue to treatment with tamoxifen, in order to validate the effects of tamoxifen
on the metabolism and structure of the tissue (III).



46

4 Materials and methods

In this section, the samples, sample preparation (Table 3), liquid chromatography-mass
spectrometry (Table 4), and data analysis (Table 5) are outlined for the proteomics
analysis. The detailed methods, descriptions of the other types of experiments than
proteomics, and the specifications of the chemicals, enzymes, and consumables used in
this study are reported at the corresponding publications and/or their supplements.

4.1 Samples

4.1.1 Hearts from neonatal mice (I)

C57BL/6JOlaHsd mice were maintained in standard conditions in the animal facility of
the University of Helsinki with an internal use licence (KEK14-014). The animals were
sacrificed by decapitation at the postnatal days 1, 4, 9, or 23 (P01, P04, P09, and P23,
respectively) at approximately midday without fasting. After this, the hearts of the mice
were excised, and the left ventricles isolated and cut into 3-5 pieces, followed by rinsing
with phosphate-buffered saline, snap freezing in liquid nitrogen, and storage at -80 °C.
Two separate sample sets were used; the numbers of samples are presented in Table 1.
All samples were analysed with untargeted LC-MS-based proteomics and metabolomics.
In addition, sample set 2 was subjected to transcriptomics analysis with RNA sequencing.

Table 1: the numbers of neonatal mouse heart samples. The P23 sample group was included only
in sample set 2. * Sample size for metabolomics / proteomics.

Sample set P01 P04 P09 P23

1
(proteomics and metabolomics) 15 14 15 0

2
(transcriptomics, proteomics, and metabolomics) 5 / 14 * 14 10 10

4.1.2 Brains from rats subjected to stroke (II)

The experiment, approved by the national Animal Experiment Board of Finland
(ESAVI/7812/04.10.07/2015), was conducted according to the 3R principles of EU
directive 2010/63/EU on the care and use of experimental animals, local laws and
regulations. Male Sprague Dawley rats were housed in standard conditions. Distal middle
cerebral artery occlusion (dMCAo) operation was carried out as previously described
207,208. Briefly, anaesthesia was induced with an intraperitoneal injection of chloral
hydrate. A ventral midline cervical incision was used to isolate the common carotid
arteries (CCAs). Rats were installed in stereotaxic apparatus, followed by craniotomy in
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the right hemisphere. A 10-0 suture and non-traumatic arterial clamps were used to ligate
the MCA and the CCAs, respectively, for 60 min, after which the ligations were removed.
The rats were returned to their home cage after recovery from anaesthesia. Sham
operation was conducted in an identical manner but without artery ligations. One day
after the operations, the animals subjected to stroke were evaluated for their neurological
symptoms with body asymmetry test and Bederson’s score as previously described 208,
and divided into two equal groups. Two days after the operations, the animals were
anaesthetised with isoflurane, and the animals in one group were treated with intracranial
injections of adeno-associated virus serotype 1 (AAV1) vector of MANF and the animals
in the other group with AAV1-eGFP 207. Four days after the initial operations, the samples
were collected 209: the rats were anaesthetised with pentobarbital and perfused with body
temperature saline for 4 to 5 minutes. The brains were excised, snap frozen with -50 °C
isopentane, and stored at -80 °C. Two approximately 1 mm thick, cylinder-shaped
sections were cryo-dissected from the peri-infarct region or the corresponding brain area
from the rats subjected to sham operation. The samples were stored at -80 °C. Two
separate sample sets were used, the first of which was subjected to proteomics and
metabolomics analysis, and the second to RNA sequencing; the sample numbers are
shown in Table 2.

Table 2: the numbers of stroke rat brain samples.

Sample set SHAM AAV-eGFP AAV-MANF

1
(proteomics and metabolomics) 10 9 11

2
(transcriptomics) 8 8 8

4.1.3 Pancreatic ductal adenocarcinoma tissue from mice (III)

The experiment was performed in accordance with the UK Home Office guidelines under
licence and approved by the local ethical review committee (University Of Glasgow).
KPC mice (Pdx1 Cre, KrasG12D/+, Tp53R172H/+), a mouse model genetically engineered to
express mutated Kras and Tp53 genes in the pancreas and therefore to display a PDAC
phenotype 210,211, were maintained in standard conditions. The animals were randomised
to three groups and subjected to daily intraperitoneal injections of corn oil (vehicle), 2
mg of tamoxifen, or 5 mg of tamoxifen (N = 6 in each group). The treatment was started
on the day of tumour detection and continued for two weeks (or less, if the mouse
deceased before that; 8-14 days for most mice). Consequently, the mice were sacrificed,
and the pancreas excised and stored in -80 °C. The samples were subjected to proteomics
analysis in technical duplicates.
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4.2 Sample preparation

Table 3: preparation of samples for the proteomics analysis.

Publication I II III

Homogenisation

Rod sonicator
(sample set 1)

Bead homogeniser
(sample set 2)

Water

Bead homogeniser

Water

Bead homogeniser

8 mol/L urea

Measuring the total
protein content

NanoDrop
spectrophotometer BCA assay

Total protein taken
for proteomics ~150 to ~500 μg ~50 μg ~100 μg

Protein
solubilisation and
denaturation

Sonication

8 mol/L urea

Sonication and
heating

0.1 % RapiGest SF

Sonication

8 mol/L urea

Removal of
insoluble cell debris Centrifugation None Centrifugation

Reduction of
disulphide bonds 5 mmol/L dithiothreitol

Carbamido-
methylation of
cysteine residues

15 mmol/L iodoacetamide

Digestion
Overnight with sequencing grade modified trypsin

2.5 μg 2.0 μg

Purification C18 solid phase extraction

Evaporation to
dryness Vacuum centrifugation
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4.3 Liquid chromatography-mass spectrometry

Table 4: liquid chromatography-mass spectrometry-based proteomics analysis.

Publication I II III

Instrumentation
EASY-nLC 1000

Orbitrap Elite

EASY-nLC 1000

Q Exactive

Columns

Thermo EASY

C18-A1
100 μm * 2 cm
5 μm, 120 Å

C18-A2
75 μm * 10 cm
3 μm, 120 Å

Thermo Acclaim C18

PepMap 100
75 μm * 2 cm
3 μm, 100 Å

PepMap RSLC
75 μm * 15 cm
2 μm, 100 Å

Injection amount 4 μL / 4 μg 3 μL / 4.5 μg 4 μL / 12 μg

Flow rate 300 nL/min

Gradient

0 - 5 min 5 % eluent B
5 - 125 min from 5 % to 35 % eluent B
125 - 130 min from 35 % to 80 % eluent B
130 - 131 min from 80 to 100 % eluent B
131 - 140 min 100 % eluent B

Eluent A 1 % acetonitrile, 0.1 % formic acid, 0.01 % trifluoroacetic acid

Eluent B 98 % acetonitrile, 0.1 % formic acid, 0.01 % trifluoroacetic acid

Spray voltage 3.0 kV (sample set 1)
2.8 kV (sample set 2) 2.9 kV

Data acquisition Top20 DDA Top10 DDA

MS1 parameters 300 - 1700 m/z
R = 60000

200 - 2000 m/z
R = 70000

MS2 parameters
1 m/z isolation
NCE = 35 %

Unit resolution

2 m/z isolation
NCE = 28 %
R = 17500

Dynamic exclusion 30 sec



50

4.4 Data analysis

Table 5: analysis of the proteomics data.

Publication I II III

Protein
identification Andromeda 82

Protein databases
Mus musculus

UniProt/SwissProt
212

Rattus norvegicus
UniProt/SwissProt

212

Human MANF

eGFP

Mus musculus
UniProt/SwissProt

212

Variable
modifications Oxidation (M)

Oxidation (M)
Acetyl (Protein N-

term)
Oxidation (M)

Fixed modifications Carbamidomethyl (C)

Mass tolerance MS1: 6 ppm
MS2: 0.5 Da

MS1: 4.5 ppm
MS2: 20 ppm

MS1: 6 ppm
MS2: 20 ppm

Missed cleavages 2

PSM FDR
0.01

Protein FDR

Protein
quantification MaxQuant (LFQ) 92,213

Peptides used for
quantification Unique + razor

Statistics R 214 in RStudio 215

Statistical testing
One-way ANOVA

Tukey’s HSD post hoc test
FDR correction

2-tailed unpaired
Welch t-test

FDR correction

Criterion for
statistical
significance

q < 0.01 q < 0.05
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5 Results and discussion

5.1 Molecular atlas of postnatal mouse heart development (I)

Myocardial infarction involves the cessation of blood flow to a part of the heart muscle,
usually due to coronary artery blockage by an atherosclerotic plaque. Because of the
limited regenerative capacity of the adult human heart, cell loss due to myocardial
infarction leads to the formation of fibrotic scar tissue instead of functional myocardium,
eventually resulting in heart failure 216. Therapies enhancing the regeneration of
myocardium have been proposed as a potential treatment for this 217. Neonatal mouse
hearts are capable of regeneration through cardiomyocyte proliferation, but this ability is
lost by the age of 7 days due to cell cycle withdrawal of cardiomyocytes 218. Anecdotal
evidence suggests that the neonatal human heart has similar regenerative potential 219,220,
and thus, the neonatal mouse heart is a relevant model for studying cardiac regeneration.

The molecular mechanisms triggering the loss of regenerative capacity are largely
unknown, but several factors are believed to contribute. At birth, the pulmonary
circulation activates, causing an increase in blood pressure and oxygenation level 221. This
transition from hypoxic to normoxic environment, together with increased cardiac
workload, induces a metabolic switch from glycolysis to fatty acid β-oxidation as the
main source of energy. The factors regulating this switch include hypoxia-inducible
factor 1α (HIF1α), heart and neural crest derivatives expressed 1 (HAND1), and
peroxisome proliferator-activated receptor (PPAR) signalling 222,223. The energy
metabolism is intertwined with cell proliferation, as both are controlled by the same
mechanisms 224, but this connection is poorly characterised in the context of cardiac
regeneration.

In order to identify potential molecular regulators behind the loss of regenerative
capacity, we studied mouse hearts at time points when the hearts have full (1 day of age,
P01), partial (P04), or negligible (P09 and P23) regenerative capacity (Figure 11A). Left
ventricles from the hearts were subjected to transcriptomics, proteomics, and
metabolomics analyses, creating a comprehensive map of molecule abundances in the
myocardium during the early postnatal period. Major changes in the abundance of
transcripts, proteins, and metabolites in the mouse heart occurred already during the first
four days of life, and by the age of 23 days, thousands of biomolecules had different
levels than immediately after birth (Figure 11B). To identify abundance patterns of
transcripts, proteins, and metabolites for multiomics integration, we utilised fuzzy c-
means clustering, in which the variables get a probability of belonging to each cluster,
instead of being assigned to one cluster only (Figure 11C). The numbers of clusters were
determined experimentally, and the fuzzy clustering was done only to sample set 2.
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Figure 11: multiomics analysis of neonatal mouse hearts. A: experiment design. Hearts from mice
of ages 1, 4, 9, and 23 days were subjected to proteomics and metabolomics (two separate sample
sets) and transcriptomics (done only on sample set 2) analysis. B: the numbers and classes of
regulated molecules in relative to the P01 sample group. The P23 sample group was included only
in sample set 2. A linear mixed effects model was used to estimate metabolite abundance, enabling
the inclusion of data from both sample sets. C: median abundance patterns of transcripts, proteins,
and metabolomic features classified with fuzzy c-means clustering (sample set 2). Figure reprinted
and modified from publication I 225.

The previously reported metabolic switch from carbohydrates to fatty acids as the main
source of energy 221 was observed with all omics technologies: in transcriptomics and
proteomics, genes related to oxidative and fatty acid metabolism were upregulated in the
aging heart (cluster 3 in transcriptomics and clusters 2 and 5 in proteomics, Figure 11C).
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In proteomics, the processes controlling this switch were visible, as many proteins on the
HIF1 signalling pathway were downregulated, and those on the PPAR signalling pathway
upregulated, from P01 onwards. In metabolomics, the abundance of sugars and sugar
derivatives decreased and fatty acids increased. Furthermore, increased degradation of
branched chain amino acids (BCAAs) was detected as a continuous upregulation of
BCAA degradation pathway components from P01 to P23 in both transcriptomics and
proteomics, and the decreased abundance of valine, leucine, and isoleucine at P23.

The cessation of cardiomyocyte proliferation after P04 was readily detected in
transcriptomics as a downregulation of genes related to cell cycle (cluster 1, Figure 11C),
but in proteomics, only a few proteins related to cell cycle were detected. These were,
however, systematically downregulated with increasing postnatal age, and include 14-3-
3 proteins, some of which regulate cell cycle and cardiomyocyte proliferation 226,227, and
β-catenin, indicating decreased Wnt pathway activity in the aging heart.

HMGCSs (hydroxymethylglutaryl-CoA synthases) are enzymes catalysing the
condensation of acetyl-CoA with acetoacetyl-CoA, forming hydroxymethylglutaryl-CoA
(HMG-CoA) and thus functioning as the branching point between ketogenesis and
mevalonate pathways (Figure 12). In the transcriptomics data, Hmgcs2 was remarkably
downregulated from P01 onwards (Figure 13A). Similarly, the downstream components
of the mevalonate pathway were downregulated with increasing postnatal age, but no
similar trend was evident for ketogenesis pathway components. In proteomics, HMGCS2
showed a temporal regulation in the early postnatal period, peaking at P04 and decreasing
in abundance thereafter (Figure 13B). Ketogenesis components were upregulated in the
older hearts, and mevalonate pathway components were not detected. Downstream
metabolites on the ketogenesis and mevalonate pathways, 3-hydroxybutyric acid and
cholesterol, respectively, followed a similar trend as HMGCS2 but with a latency,
peaking at P09 (Figure 13C).

Figure 12: ketogenesis and mevalonate pahtways. ACATs (acetyl-CoA acetyltransferases) and
HMGCSs (hydroxymethylglutaryl-CoA synthases) catalyse the synthesis of HMG-CoA
(hydroxymethylglutaryl-CoA) and function as the branching point between ketogenesis and
mevalonate pathways. These pathways produce 3-hydroxybutyrate and cholesterol, respectively,
as their downstream products. Figure reprinted and modified from publication I 225.
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Figure 13: temporal regulation of ketogenesis and mevalonate pathways in the early postnatal
heart. A: relative mRNA expression of certain components of the ketogenesis and mevalonate
pathways (mean ± SEM) shows a downregulation of Hmgcs2 and mevalonate pathway
components and an upregulation of Oxct1 as the heart ages. B: LFQ intensities of the detected
proteins on the pathways shown in (A); ACAT1, HMGCL, and OXCT1 are upregulated as the
heart ages, but HMGCS2 is temporally regulated, peaking at P04. C: quantification of 3-
hydroxybutyric acid and cholesterol in the samples shows temporal abundance pattern peaking at
P09. D and E: inhibition of both ketogenesis and mevalonate pathways with hymeglusin, but not
mevalonate pathway alone with simvastatin, causes a decrease in the percentage of proliferating
neonatal rat ventricular cardiomyocytes. MTT assay was used to estimate cell viability, and
bromodeoxyuridine staining was used to detect proliferating cells (mean ± SEM from three
independent experiments). * p < 0.05, ** p < 0.01. Figure reprinted and modified from publication
I 225.
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Because of the observed transient activation of the ketogenesis and mevalonate pathways
in the early postnatal period, we tested whether inhibition of these pathways affects the
viability and proliferation of rat ventricular cardiomyocytes in vitro. Inhibition of the
mevalonate pathway with simvastatin, a HMGCR inhibitor, had no effect on cell
proliferation at non-toxic doses, but inhibition of both ketogenesis and mevalonate
pathways with hymeglusin, a HMGCS inhibitor, dose-dependently decreased cell
proliferation (Figure 13D and E). These results suggest that ketogenesis, alone or with
mevalonate pathway, but not mevalonate pathway alone, may play a role in the regulation
of cardiomyocyte proliferation. In a broader context, this emphasises the potential role of
energy metabolic pathways in regulation of cell proliferation, or at the very least shared
regulatory mechanisms controlling energy metabolism and cell proliferation, in line with
the literature 224. Thus, our work underlines the importance of energy metabolic pathway
components as candidate drug targets.

5.2 Molecular characterization of the brain peri-infarct region after post-stroke
MANF administration (II)

The high incidence of stroke, together with limited pharmacological treatments and poor
recovery outcomes, makes stroke a significant cause of death and disability 228. In
ischemic stroke, the core of the ischemic lesion becomes necrotic and thus damaged
beyond repair, but the peri-infarct region surrounding the core suffers milder damage and
plays a vital role in the recovery from stroke 229. The stroke-induced cell and tissue
damage have been attributed to a variety of processes, including glutamatergic
excitotoxicity, calcium dysregulation, oxidative stress, cortical spreading depolarisations,
inflammation, and, finally, cell death. After the acute phase of stroke, immune cells are
recruited to the peri-infarct region to clean the debris from dying cells 230–232, and at 4
days post-stroke, the brain’s endogenous recovery is thought to be activated. Suggestions
for mechanisms for this include neuronal plasticity 233 and migration of neural progenitors
234, but overall, the understanding of the post-stroke peri-infarct region events is limited.

The non-canonical neurotrophic factor MANF has been shown to be neuroprotective and
neurorestorative in various central nervous system maladies 235–237, including ischemic
stroke, in which the post-stroke delivery of MANF to the peri-infarct region enhances the
functional recovery 208. The mechanism of this, however, is poorly understood. It has
been postulated that in the endoplasmic reticulum (ER) lumen, it is related to proper
folding of large proteins 238. However, no extracellular receptor for MANF has been
identified 239, but rather, it binds to plasma membrane sulfatides 240.

In order to characterise the post-stroke peri-infarct region and to study the mechanisms
triggered by AAV-MANF treatment in a molecular level, a multiomics study on a rat
model was carried out. Rats were subjected to distal middle cerebral artery occlusion
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(dMCAo) stroke model and treated with AAV1-MANF or AAV1-eGFP 2 days post-
stroke, followed by sampling 4 days post-stroke (Figure 14A). During the sample
preparation for proteomics and metabolomics, blood was observed in some of the
samples. To be able to discern changes in the brain tissue from those due to blood
molecules, the correlations of all the proteins’ and metabolites’ intensities with the
intensity of serum albumin were calculated. The correlations are reported in the figures
using the colour scale in Figure 14B, but the results were not filtered based on the
correlations.

Figure 14: experiment design. A: rats were subjected to dMCAo stroke model, followed by viral
vector injections of MANF or eGFP 2 days after dMCAo, and sampling 4 days after dMCAo. B:
the colour scale used to indicate the proteins’ and metabolites’ correlation with serum albumin.
Figure reprinted and modified from publication II.

The success of the dMCAo stroke model was validated by upregulation of the ischemia
markers GFAP and HSPB1 in the sample groups subjected to stroke (Figure 15A). The
AAV1-delivered transgene eGFP and hManf transcripts were upregulated in the AAV-
eGFP and AAV-MANF groups, respectively (Figure 15B), and on the protein level,
eGFP and human MANF were detected only in the corresponding groups (Figure 15C).
The proteomics data showed significantly increased abundance of endogenous rat MANF
in the AAV-MANF group but not in the AAV-eGFP group relative to the SHAM group
(Figure 15C). This is likely due to the razor peptides 213 in human and rat MANF being
assigned to rat MANF. Major differences between the sample groups subjected to stroke
and the SHAM group were detected on all omics levels, with a notable resemblance
between the AAV-MANF and the AAV-eGFP groups (Figure 15D). After stroke, an
upregulation of genes related to inflammation, proliferation, apoptosis, and regeneration
was seen in the transcriptomics data, whereas genes encoding neuroactive ligand
receptors and calcium-binding proteins were downregulated. In proteomics, proteins
related to protein synthesis were upregulated and neural proteins downregulated as a
consequence of stroke, and in metabolomics, stroke induced an increase in the levels of



57

sugars, sugar phosphates and various lipid species, and a decrease in the levels of many
phospholipids, purines, and purine nucleosides.

Figure 15: stroke markers, transgene expression, and overall changes in the post-stroke peri-infarct
region. A: increased expression of the ischemia markers HSPB1 and GFAP validates that ischemia
has taken place in the brain tissue. B and C: expression of the AAV1-expressed transgenes and
endogenous rat MANF on transcript (D) and protein (E) level. F: The numbers of transcripts,
proteins, and metabolites of significantly different abundance in the AAV-MANF and/or AAV-
eGFP group relative to the SHAM group. * q < 0.01. Figure reprinted and modified from
publication II.



58

Transcriptomics and proteomics showed essentially no differences in energy metabolism
between the sample groups, but in metabolomics, the levels of saccharides and sugar
phosphates were increased in the sample groups subjected to stroke, potentially pointing
towards attenuated energy metabolism and the consequent accumulation of sugars and
sugar phosphates. Pentose phosphate pathway has been reported to be activated in stroke
241, but our data showed no signs of this, indicating that the activation is likely resolved
before the day 4 post-stroke.

The main enzyme in the purine degradation pathway (Figure 16A), purine nucleoside
phosphorylase, but not other enzymes on the purine degradation pathway, was
upregulated in the stroke samples relative to SHAM (Figure 16B). Accordingly and in
line with the literature 242,243, the metabolomics data showed decreased levels of purines
and purine nucleosides and increased uric acid levels after stroke (Figure 16C). The
transcripts encoding the enzymes on the purine degradation pathway were mostly
upregulated as well (Figure 16D). This implies activated purine degradation and the
consequent accumulation of uric acid, the exact role of which in stroke is unclear 244.

The unfolded protein response (UPR) markers HSPA5 and P4HB were upregulated in
the stroke groups relative to the SHAM group, indicating endoplasmic reticulum (ER)
stress 245. Prolonged UPR leads to apoptosis, and indeed, increased apoptosis was
evidenced by the upregulation of the proteins cathepsin D in the AAV-eGFP group and
apoptosis regulator BAX in both AAV-eGFP and AAV-MANF groups relative to the
SHAM group. Furthermore, several caspase transcripts were upregulated after stroke.

The majority of identified sphingolipids (including ceramides), acylcarnitines, free fatty
acids, and lysolipids followed an abundance pattern in which the levels of these
metabolites were increased after stroke: significantly higher in the AAV-eGFP group but
not in the AAV-MANF group relative to the SHAM group, without significant difference
between the AAV-MANF and AAV-eGFP groups. Ceramides play a role in apoptosis
246, and increased ceramide levels have been reported in stroke 247. Increased abundance
of free fatty acids and lysolipids suggests the activation of phospholipase A2 (PLA2) that
cleaves phospholipids to into these lipid groups. PLA2 activation occurs in stroke 248, and
while PLA2s were not detected in proteomics, transcriptomics showed an upregulation of
Pla2g2d, Pla2g4a, and Pla2g7 in the sample groups subjected to stroke. On the other
hand, the free fatty acids in the peri-infarct region can originate from the circulation, since
the blood-brain barrier permeability increases in ischemia 249. Indeed, the intensities of
many free fatty acids and other lipids correlated with that of albumin.
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Figure 16: purine metabolism in the peri-infarct region. A: a part of the purine degradation
pathway. B: the abundance of purine nucleoside phosphorylase (PNP), but not of other detected
enzymes on the pathway, was increased after stroke. C: the levels of purines and purine
nucleosides decrease after stroke, and uric acid levels increase. D: transcriptomics data shows an
upregulation of most genes encoding enzymes on the purine degradation pathway. * q < 0.01.
Figure reprinted and modified from publication II.
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As expected, the MANF-induced changes were more subtle than the stroke-induced
changes. Between the AAV-MANF and AAV-eGFP groups, no metabolites were of
significantly different abundance, and only 79 transcripts were differentially expressed.
Of these, 77 were upregulated in the MANF group, and surprisingly, approximately one
third of these were related to defence response to virus. This may imply that MANF
affects the brain’s endogenous immune response towards the AAV1 vector. Notably, this
result could not be replicated using AAV7 instead of AAV1, suggesting that the effect is
serotype dependent.

The proteins S100A8 and S100A9 were downregulated in the AAV-MANF group
relative to the AAV-eGFP group (Figure 17A), comprising the only significant
differences between these groups in the proteomics data. These proteins form a
heterodimer calprotectin and are highly expressed in phagocytes 250,251. Accordingly, the
phagocyte marker ADGRE1 followed a similar trend, although the difference between
AAV-MANF and AAV-eGFP groups was not statistically significant (Figure 17A). In
the transcriptomics data, the genes encoding these proteins were upregulated in the AAV-
MANF and AAV-eGFP groups, but no statistically significant difference between these
groups was observed (Figure 17B). In order to further characterise the localisation of
S100A9 in the peri-infarct region, immunohistochemical staining was applied to brain
slides from animals subjected to stroke and treated with AAV7-MANF or AAV7-eGFP,
showing no difference in the number of S100A9-positive cells (Figure 17C). This
indicates that the difference in S100A9 abundance in the peri-infarct region, detected in
proteomics, is due to other factors than the number of S100A9-positive cells.

During the recovery from stroke, phagocytes are recruited to the infarcted area and its
surroundings 252. S100A8 and S100A9 are released from phagocytes upon their activation
253,254, but contribute to inflammatory cell recruitment as well 255. Post-stroke delivery of
MANF causes a temporary increase of phagocytes in the peri-infarct region 208, and
MANF induces the alternative activation of microglia 256, referring to immunomodulatory
effects of MANF. Our results point to the same direction, but our data gives no conclusive
evidence on whether the S100A8 and S100A9 proteins are a link in the cascade mediating
the effects of MANF, or if they represent a consequence of MANF-induced changes in
phagocyte recruitment or activation.

While our data supports the immunomodulatory role of MANF, further research is
required in order to postulate a molecular mechanism for the neurorestorative effects of
MANF. This work thus represents a small step in the process of mechanism elucidation
for an investigational drug. In addition, the generated multiomics description of the peri-
infarct region during the recovery from stroke can serve as a reference for future studies.
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Figure 17: phagocyte recruitment to the peri-infarct region after stroke. A and B: abundance of
the phagocyte markers S100A8, S100A9, and ADGRE1, on the protein (A) and transcript (B)
level. C: S100A9 immunohistochemical staining. Scale bar, 2000 μm. A and B: * q < 0.01. Figure
reprinted and modified from publication II.
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5.3 Tamoxifen mechanically reprograms the tumor microenvironment via HIF-1A
and reduces cancer cell survival (III)

Pancreatic ductal adenocarcinoma (PDAC) is a type of cancer with a generic symptom
palette (leading to late diagnosis), tendency to metastasise, and limited response to
treatments 257. These aspects make PDAC a major cause of cancer-related death. Strong
desmoplasia, the formation of stromal tissue, is a hallmark of PDAC, impairing the
vascularisation of the tumour and thus forcing the cancer cells to adapt to hypoxia 258,
primarily via the activity of hypoxia-inducible factor (HIF) pathway 259.

The stromal contribution to the disease appears to depend on the context, since both
beneficial and detrimental roles of strong desmoplasia have been reported 260,261. In
PDAC, pancreatic stellate cells (PSCs), the main resident cells in the PDAC tumour
microenvironment and major contributors to the desmoplastic reaction, assume a
myofibroplastic phenotype 262,263. This involves high contractility, deposition of
extracellular matrix (ECM) proteins, and secretion of enzymes modifying the ECM
architecture. Furthermore, mechanosignalling by the stiff tumour microenvironment
contributes to the PDAC disease progression 264, and hypovascularisation makes the
PDAC tissue poorly accessible to chemotherapy 265.

Tamoxifen, a modulator of estrogen receptor (ER), has long been used for the treatment
of breast cancer. In this work, we report that tamoxifen induces widespread changes in
the PDAC tissue architecture and reduces cancer cell survival via a mechanism mediated
by the G-protein coupled estrogen receptor (GPER) and hypoxia-inducible factor 1 alpha
(HIF1A). KPC mice, a mouse strain genetically engineered to express mutated Kras and
Tp53 genes in the pancreas and therefore to display a PDAC phenotype 210,211, were
treated with control (vehicle), 2 mg of tamoxifen, or 5 mg of tamoxifen. The pancreatic
tissues were subjected to untargeted proteomics analysis that revealed widespread
changes in proteins related to cell and extracellular matrix (ECM) architecture (Table 6).
PSCs displayed analogous changes when exposed to a non-toxic 5 μmol/L concentration
of tamoxifen: RNA sequencing of PSCs showed upregulation of genes related to blood
vessel morphogenesis and downregulation of genes related to cell motility as a response
to the tamoxifen treatment.

Decreased hypoxia and increased vascularisation were evident after the tamoxifen
treatment, as shown by the levels of the hypoxia marker GLUT1 and the vascular marker
CD31, respectively, in immunofluorescence imaging of the PDAC tissue (Figure 18A).
The GLUT1 and CD31 proteins were detected in the proteomics analysis, but showed no
statistically significant changes. Tamoxifen-induced downregulation of the hypoxia-
inducible factor 1-alpha (HIF1A, a master regulator of response to hypoxia) protein and
transcript were observed with western blotting, immunofluorescence, and qPCR, and in
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qPCR, it could be reversed with a GPER antagonist but not by an ER antagonist. This
indicates that the changes in HIF1A levels are mediated by GPER. In proteomics, HIF1A
was not detected. Furthermore, in the RNA sequencing of PSCs, tamoxifen induced an
upregulation of genes related to blood vessel morphogenesis genes and a downregulation
of hypoxia-related genes.

Table 6: differentially expressed proteins in PDAC tissue from mice treated with 2 or 5 mg of
tamoxifen compared to control (vehicle), and the most significantly enriched GO biological
process terms in the lists of differentially expressed proteins. GO enrichment analysis was done
with DAVID 6.8 using the list of all detected proteins as the background.

Upregulated Downregulated

2 mg vs. Ctrl 53 proteins 57 proteins

Enriched GO
biological
process terms
(p < 0.05)

· small GTPase mediated signal
transduction

· Arp2/3 complex-mediated actin
nucleation

· positive regulation of
lamellipodium assembly

· positive regulation of substrate
adhesion-dependent cell
spreading

· mannose metabolic process
· positive regulation of actin

filament polymerization

· cell adhesion
· cellular response to retinoic

acid
· RNA splicing
· anatomical structure

morphogenesis
· cellular response to

transforming growth factor beta
stimulus

· negative regulation of neuron
projection development

· regulation of cell migration

5 mg vs. Ctrl 581 proteins 1046 proteins

Enriched GO
biological
process terms
(p < 5.0e-6)

· translation
· oxidation-reduction process
· translational initiation
· tRNA aminoacylation for

protein translation
· cytoplasmic translation
· regulation of translational

initiation
· formation of translation

preinitiation complex
· response to endoplasmic

reticulum stress
· transport

· mRNA processing
· RNA splicing
· collagen fibril organization
· cell-cell adhesion
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Figure 18: effects of tamoxifen on mouse PDAC tissue. A: tamoxifen downregulates the hypoxia
marker GLUT1 and upregulates the vascular marker CD31 (immunofluorescence, scale bar 100
μm). B and C: collagen-crosslinking LOX family proteins (B) and collagens (C) were down-
regulated by tamoxifen. D and E: tamoxifen causes downregulation of ECM-degrading enzyme
MMP2 (D) and ECM component protein FN1 (E). F: tamoxifen downregulates the proliferation
marker KI67 and upregulates the apoptosis marker CC3; arrowheads indicate KI67-positive nuclei
in epithelial cells. * q < 0.05. Figure reprinted and modified from publication III 266.
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Tamoxifen induced a dose-dependent downregulation of a variety of proteins related to
the ECM architecture: the collagen fibre crosslinking lysyl oxidase family enzymes
(LOX, Figure 18B), 13 out of 19 identified collagen family proteins (Figure 18C), ECM-
degrading matrix metalloproteinase-2 (MMP2, Figure 18D), and the ECM component
fibronectin (FN1, Figure 18E). Similar changes were observed in the PDAC with
immunofluorescence and/or immunohistochemistry, and in PSCs with RNA sequencing
and/or qPCR. Moreover, qPCR analysis showed that the tamoxifen-induced
downregulation of LOXL2, collagen I, and MMP2 mRNAs could be reversed with a
GPER agonist but not with an ER agonist, providing evidence that the effect of tamoxifen
on these genes is mediated by GPER, not ER. LOXL2 and MMP2 transcripts were
downregulated by HIF1A siRNA, and the addition of tamoxifen produced no further
downregulation, indicating that the effects of tamoxifen are mediated by HIF1A.

Tamoxifen affects not only the amount, but also the architecture of the proteins in the
extracellular matrix. Second harmonic generation imaging of Matrigel collagen gels in
which PSCs had grown showed that PSCs exposed to tamoxifen remodel the collagen in
a different way than the control PSCs, producing thinner, shorter, and less organised
collagen fibres. This effect was shown to be LOXL2-dependent by LOXL2
overexpression and LOXL2 antibody. Also FN1 secretion into the ECM and FN1 fibre
thickness were decreased in the ECM of PSCs treated with tamoxifen. PSCs modify the
ECM, but also the ECM modulates the actions of the PSCs. We found that culturing the
PSCs on a stiff matrix compared to a soft one induced an upregulation of LOXL2 and
HIF1A transcripts (qPCR), and increased the secretion of FN1, whereas tamoxifen
treatment reversed these changes caused by the stiff matrix.

The tumour microenvironment is known to play a role in tumour development and
progression: the LOX family proteins promote fibrosis and tumorigenesis, their inhibition
has been investigated in the treatment of fibrosis and cancer 267, and fibronectin is
regulated in cancer by alternative splicing 268. Tamoxifen induces several alterations in
the tumour microenvironment, and accordingly, increases caspase-3-mediated apoptosis
and decreases proliferation in the PDAC tissue (Figure 18F). This effect was validated
and shown to by hypoxia-independent by treating Suit-2-007 pancreatic cancer cells with
tamoxifen under normoxic and hypoxic conditions, followed by immunofluorescence of
HIF1A, KI67, and Cc3.

These results provide evidence for the anti-desmoplastic effect of tamoxifen that are
mediated by GPER and HIF1A, and affect the tumour progression of PDAC both in vitro
and in vivo. Thus, this work represents the first preclinical steps towards repurposing
tamoxifen, a well-known, widely used drug, for a novel indication.
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6 Conclusions and perspectives

The relative quantification of thousands of proteins, readily achievable by the untargeted
proteomics methods applied in this work, enables both novel discoveries and validation
of results, as it is likely that the results include both new and previously reported changes.
On the one hand, the untargeted nature of the analysis can be advantageous, as the data
will not be limited to what is decided to measure based on the previous knowledge,
potentially enabling surprising discoveries. On the other hand, one can not be certain to
detect certain proteins of interest that might be relevant for the experiment or useful for
validating other results. Especially hydrophobic and low-abundance proteins, such as
plasma membrane proteins and transcription factors, respectively, are difficult to detect
with standard untargeted proteomics methods.

Most of our results were in agreement with the literature and/or other experiments,
demonstrating the reliability of the proteomics data. In all three subprojects, we were able
to produce data that was useful and yielded new insight into the research questions,
confirming the usefulness of proteomics in preclinical drug discovery and development.
In this work, proteomics was applied to different stages of drug research: basic biological
research and investigation of disease mechanisms (I and II), search for novel drug targets
(I), mechanism elucidation for an investigational drug (II), and proof-of-concept research
for repurposing an approved drug for a novel indication (III).

In the different subprojects, the numbers of total identified proteins ranged from
approximately 1800 and 2100 (sample set 1 and 2, respectively, in publication I) through
2500 (II) to 3700 (III). These comprise roughly 10, 30, and 20 percent, respectively, of
the size of the protein database used (about 17000 for mouse and 8000 for rat).
Importantly, these percentages do not describe proteome coverage, as the reviewed
canonical sequence databases used here represent only a fraction of the proteome,
because they do not contain information about e.g. isoforms and post-translational
modifications. The varying database coverage reflects sample matrix characteristics: for
instance, heart tissue is dominated by high-abundance structural and energy metabolic
proteins, thus suppressing many low-abundance proteins to below limit of detection.
Furthermore, the percentage of proteins for which the median LFQ intensity was 0 in all
groups varied between 6 (II) to 43 (III) percent. For these proteins, the reliability of
quantification is questionable, since they may have been present in the sample barely
above detection limit, or be plain misidentifications. Thus, the number of reliably
quantified proteins is lower than the total number of identifications. Method development
in proteomics sometimes tends to focus on increasing the number of identified proteins,
which is desirable, but alongside with this, attention should be paid to minimise the
number of missing values.
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Proteomics is well suited for hypothesis generation, especially in combination with other
omics techniques, but often fails to produce conclusive answers. Consequently, targeted
analysis methods and follow-up experiments are required to validate, interpret, and
clarify the proteomics results. In all three subprojects, complementing the untargeted
abundance-based proteomics with the analysis of post-translational modifications could
have provided more comprehensive information. Signalling cascades that rely on
phosphorylation are perturbed in various diseases, and therefore, especially
phosphorylation is of relevance to drug research. The development of proteomics
workflows suitable for analysing protein abundance and post-translational modifications
simultaneously would be beneficial for producing more comprehensive proteomics data.
Also, a problem of tissue proteomics applied in this work is that it samples mixed
populations of cells and thus provides no information about the cellular or subcellular
localisation of proteins. Consequently, spatial proteomics methods are required for more
detailed mapping of proteomic changes to specific cell types or subcellular organelles.

While data on post-translational modifications or protein localisation was not available
in this work, expression proteomics could be complemented with other omics data,
namely transcriptomics and metabolomics. Integrating data from multiple omics
techniques is no trivial task. The moderate correlation between transcriptomics and
proteomics is a well-known issue and highlights the fact that transcript abundance is not
the only factor affecting protein abundance. Partially, however, the moderate correlation
can be attributed to arbitrary significance criteria for q-values and/or fold changes,
especially if only the lists of significantly differentially expressed transcripts and proteins
are directly compared. In the integration of metabolomics with other omics, the main
problem is the lack of exact identifications, preventing the assignment of unambiguous
identifiers for some of the metabolites (e.g. a fatty acid may be characterised to the chain
length and the number of double bonds, but the exact location and geometric isomerism
of the double bonds is not known). Moreover, more manual work is carried out in
metabolomics than in other omics, as the required amount of manual interpretation of
mass spectra is higher. In all multiomics integration, the lack of established statistical and
bioinformatic tools represents a major bottleneck in the data analysis, and consequently,
not only new and better tools, but comparison of existing ones and harmonisation of
procedures, is called for.
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