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Part I | Introduction to Proteomics 

Proteomics as a tool in cancer research
In the past decades, tremendous advances in cancer research have ex-

tended our overall understanding of how cancer develops, grows and metasta-
sizes, however, cancer still remains the second leading cause of death globally, 
responsible for an estimated 9.6 million deaths in 2018 [1]. The extreme com-
plexity and heterogeneity of tumors, along with a diverse array of factors such 
as late diagnosis, lack of targeted therapies, treatment resistance and tumor 
recurrence present the major obstacles faced by researchers and clinicians to 
unravel disease etiology and ultimately cure this multifaceted disease [2, 3]. Re-
cently, the wide application of next-generation sequencing (NGS) technologies, 
has triggered an explosion of genomic data, which have resulted in the discov-
ery of key genomic changes in a large variety of cancers, identifying potentially 
actionable abnormalities [4]. However, although these analyses have played an 
important role in studying the pathophysiology of cancer, it is now clear that 
the complexity of cancer cannot be explained simply by the genetic aberrations 
and transcriptional changes alone, but instead, complementary approaches are 
needed to fully comprehend the molecular processes involved in cancer patho-
genesis and to enable the development of improved diagnostic tools and effec-
tive therapies for therapeutic interventions [3, 5].  

To this end, proteomics has attracted great interest as a promising field 
in the post-genomic era [6]. Proteomic technologies, aim to profile the entire 
set of proteins expressed in a biological sample including their interaction net-
works and their post-translational modifications (PTMs) [7], and can be applied 
to a variety of samples including cells, tissues and body fluids such as plasma, 
serum, urine or proximal body fluids [8]. Because proteins are the key functional 
entities in our cells, which catalyze and control essentially all cellular processes, 
their expression levels reflect much more accurately the cellular phenotype and 
the regulatory processes in the cells compared to gene levels, gene mutations 
or even transcript expression levels. Besides, given that variations in the levels 
of DNA or transcripts do not necessarily correlate with protein abundance and 
activity [9], proteomics can bridge the gap between genotype and phenotype. 
Therefore, studying the proteome profiles of various biospecimens (e.g. tissue, 
plasma or serum) obtained from cancer patients may offer new insights into the 
mechanisms that lead to cancer pathogenesis, which could allow the identifi-
cation of novel drug targets, the design of new therapies, aid in the discovery 
of novel biomarkers to detect patients at an early stage and monitor drug re-
sponse. 

In recent years, protein mass spectrometry (MS) has emerged as a pow-
erful tool for large-scale and unbiased proteomic analysis [10]. Latest ground-
breaking advancements in MS technology increased the resolution, mass accu-
racy and speed of modern mass spectrometers, thereby allowing the analysis of 
nearly complete proteomes with short turnaround times [10]. For instance, a few 
years ago the detection of 5,000 proteins required 8 hours of measurement in 
MS whereas, now similar results are obtained in 90 min [11]. Moreover, additional 
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peptide fractionation prior to mass spectrometry analysis enables a much more 
comprehensive proteome coverage and the measurement of more than 12,000 
proteins and over 10,000 PTM sites [12]. Thus, although proteomics is in an early 
stage of exponential growth, with the MS instruments becoming ever faster and 
more sensitive, it is expected that in the coming years MS-based proteomics will 
open new possibilities for clinical and translational oncological research. 

Mass spectrometry-based proteomics strategies
 The recent advances in mass spectrometry instrumentation and tech-
niques, allow protein identification at different levels by three different proteom-
ic approaches: bottom-up, middle-down and top-down. Amongst them, bot-
tom-up proteomics is the most widespread proteomic approach. In this method, 
proteins of interest are first enzymatically digested to peptides, which are sub-
sequently separated by liquid chromatography (LC) and analyzed by tandem 
mass spectrometry (MS/MS). Then, the resulting fragment ion spectra are used 
to determine the amino acid sequence of the peptides and thus, reconstruct the 
protein of origin in silico. This method allows for fast, high-throughput qualitative 
and quantitative characterization of thousands of proteins from highly complex 
samples in a relatively straightforward manner [13]. In bottom-up proteomics the 
MS peptide data can be acquired using three different methods: discovery or 
“shotgun” proteomics for unbiased and complete proteome coverage by da-
ta-dependent acquisition (DDA) in which the mass spectrometer automatically 
fragments the top most abundant peptide peaks in each scan; targeted pro-
teomics using selected reaction monitoring (SRM), for highly reproducible and 
sensitive acquisition of a specific subset of known peptides of interest, which 
are selectively isolated and then fragmented over their chromatographic elution 
time; and multiplexed fragmentation of all peptides present in a sample, falling 
within a specific m/z range over time by data-independent acquisition (DIA) [10]. 
Top-down, is a complementary proteomics approach that relies on the analysis 
of intact proteins and proteoforms by mass spectrometry and their extensive 
characterization via their direct fragmentation inside the mass spectrometer 
without prior digestion [14]. This approach has the unique advantage of placing 
the entire sequence of the protein under examination, allowing for a more com-
plete characterization of protein isoforms and any PTMs that are present on the 
same molecule [15]. Finally, the middle-down approach is the most recent devel-
oped proteomics strategy that combines the strength of both aforementioned 
approaches and is based on the analysis of larger peptides than the typical 
peptides generated in the bottom-up approach [15]. Therefore, in middle-down 
proteomics peptide mixtures become less complex (fewer peptides are formed) 
and the long peptides generated allow for better proteome coverage, increas-
ing the possibility of detecting multiple co-occurring neighboring PTMs and en-
abling the identification of different proteoforms [16]. 

 Each of the three MS-based proteomic technologies, briefly presented 
here, have their own advantages and limitations and depending on the research 
question can provide different levels of information. In the projects presented 
in this thesis, all proteome analyses were performed using the bottom-up ap-
proach in a DDA mode. Therefore, the next parts of this introduction aim to pro-
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vide an overview of the methods used throughout this research. 

Bottom up proteomics workflow
 As mentioned earlier, bottom-up proteomics in data-dependent acqui-
sition (DDA) mode, is a mature technology and the preferred method for pro-
teome discovery. A classical bottom-up proteomics workflow starts with protein 
extraction from various biological samples including cultured cells, tissues and 
body fluids, followed by their digestion to peptides, chromatographic separation 
and MS analysis. Enzymatic digestion of full proteomes usually generates hun-
dreds of thousands of peptides and therefore a pre-fractionation or an enrich-
ment step of post-translationally modified peptides may be applied at the pep-
tide level to reduce sample complexity and improve the coverage and dynamic 
range [17]. A schematic of a typical bottom-up proteomics workflow is illustrated 
in Figure 1. Of course, each proteomics experiment requires a workflow tailored 
to the sample type and the specific research question at hand. In the following 
sections a brief overview of the different steps that should be taken into account 
when designing a proteomics experiment is presented. 

Sample preparation for MS analysis

Protein extraction and digestion
 The first step in sample preparation for MS analysis is the efficient protein 
extraction from the biological matrix (i.e. cells, tissues and biological fluids). Typ-
ically, this step is achieved by disruption of the cell membrane and solubilization 
of the proteins using a suitable lysis buffer (chaotropic- and/or detergent-based) 
and sonication followed by centrifugation [18]. To prevent proteolysis by en-
dogenous proteases and preserve phosphorylation, protease and phosphatase 
inhibitors (when interested in phosphorylation) are added to the lysis buffers. 
Subsequently, in the denatured protein extracts the disulfide bonds are reduced 
and the free cysteines are alkylated to prevent disulfide bond reformation prior 
to digestion. Protein digestion into peptides is performed using sequence-spe-
cific endoproteases. The most commonly used enzyme in shotgun proteomics 
is trypsin, which cleaves on the C-terminal end of lysine and arginine residues 
(unless the subsequent amino acid is proline), generating peptides with a de-
sirable charge and length of approximately 6 to 25 amino acids that are usually 
unique to the protein and suitable for LC-MS identification. Additionally, in order 
to improve digestion efficiency trypsin digestion is usually complemented with 
Lys-C [19]. Finally, as a means to increase sequence coverage, several studies 
have reported the use of alternative proteases such as Asp-N, Glu-C and Arg-C 
as complementary to trypsin [20, 21]. 

Reducing sample complexity: Fractionation and Enrichment 
A key challenge in shotgun proteomics is to resolve and detect the hun-

dreds of thousands of peptides present in very complex mixtures. To this end, 
reduction of sample complexity is achieved by nanoscale liquid chromatography 
coupled directly via electrospray ionization to the mass spectrometer (nanoLC-
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MS/MS). In this mode, the sample is continuously analyzed as it elutes from the 
chromatography column. Currently, such online separation approaches typically 
use C18 reversed-phase liquid chromatography operating under nano-flow and  
ultra-high pressure regimes (UHPLC) [22]. The peptide separation is based on 
the partitioning of tryptic peptides between the hydrophobic stationary phase 
(C18-bonded silica particles) and a polar eluent flowing through the column. 
Subsequently, peptide elution is achieved by gradually increasing the hydro-
phobicity of the mobile phase following a gradient. 

If very deep proteomic coverage is desired or if specific peptides should 
be enriched (e.g. phosphorylated peptides) an additional separation step, is of-
ten used prior to LC-MS/MS analysis. The most commonly used fractionation 
steps employ offline liquid chromatography separation in which peptides are 
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Figure 1. Overview of a generalized bottom-up MS-based proteomics workflow. Adapted 
from Altelaar et al. [17].
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collected into numerous fractions, thereby reducing sample complexity in each 
fraction. Subsequently, each fraction or pools of different fractions are subject-
ed to LC-MS/MS analysis. An important consideration when multi-dimensional 
chromatographic techniques are employed is the orthogonality between the 
two separation mechanisms [23]. The separation is orthogonal if the two sepa-
ration mechanisms are independent of each other, thus providing complemen-
tary selectivities. Multi-dimensional techniques that use orthogonal separation 
mechanisms cover different physicochemical properties of the peptides such 
as their polarity (hydrophilic interaction chromatography, HILIC, or high-pH re-
versed phase, HpH, chromatography) or charge (ion exchange chromatography, 
IEX) to obtain better separations. One of the most common two-dimensional 
(2D)-LC setup in shotgun proteomics combines strong cation exchange (SCX) 
with reversed-phase (RP) chromatography, to separate peptides based on their 
charge and hydrophobicity [24]. However, despite its widespread use and the 
clear difference in selectivity compared to the RP mode, because of the nature 
of the tryptic peptides that are mainly +2 (arginine/lysine at C-terminal plus the 
primary amine at the N-terminal) or +3 (additional charge due a missed cleavage 
or due to the presence of histidine in the sequence) SCX-RP modes are not com-
pletely orthogonal, the majority of the peptides cluster within a relatively narrow 
elution window, leading to a non-optimal peak capacity of the SCX-RP combi-
nation [25]. On the contrary, offline high-pH reversed phase (HpH) chromatog-
raphy in which tryptic peptides are separated based on their hydrophobicity on 
a C18 column under basic conditions (pH=10) has gained increased popularity 
in recent years due to its high separation and resolving power - and has been 
used in the herein presented research as well (Chapter 2) [26]. The difference 
of separation selectivity between the HpH-RP fractionation and the downstream 
low-pH RP chromatography, used in line with the mass spectrometer, comes 
from the changes in the charge distribution within peptide chains upon altering 
pH of the eluent [27, 28]. The RP-RP strategy provides separation orthogonality 
comparable to that of SCX-RP and can be further increased by applying a con-
catenation strategy, in which multiple fractions from different parts of the gradi-
ent (early, middle and late RPLC fractions) are pooled together when running at 
high pH [29] (Figure 2). 

However, although increasing the number of fractionation steps signifi-
cantly increases the depth of proteome coverage, they require high amounts of 
sample and longer sample processing and MS-measurement time. Therefore, 
it is advisable to plan the proteomics experiment with the minimum number 
of fractionation steps possible, especially when working with limited sample 
amounts or when multiple conditions are to be measured and compared.

In addition to the aforementioned separation methods, which are em-
ployed to reduce sample complexity and increase proteomic coverage, the in-
vestigation of post-translational modifications by mass spectrometry requires 
additional enrichment. Here peptides that carry the modifications of interest are 
enriched for, requiring higher sample starting amounts as PTM sites tend to 
have sub-stoichiometric occupancy of their target proteins [31]. Common PTM 
enrichment strategies are based on affinity chromatography or antibody-based 
immunoprecipitation methods. The most frequently studied types of PTMs are 
phosphorylation, lysine acetylation, ubiquitination, glycosylation, SUMOylation 
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and methylation. However, amongst them, phosphorylation is by far the most 
widespread and best characterized PTM [17]. The most popular phosphopeptide 
enrichment strategies include immobilized metal ion affinity chromatography 
(IMAC) [32, 33], metal oxide affinity chromatography (MOAC, typically TiO2) [34] 
or immunoprecipitation [35]. In immobilized metal ion affinity chromatography 
(IMAC) negatively charged phosphate groups interact with positively charged 
metal ions (Fe3+, Ti4+, Zr4+ or Ga3+) chelated to a stationary phase such as nitri-
lotriacetic acid (NTA) [36] or iminodiacetic acid (IDA) [37].  In metal oxide chro-
matography (MOAC), porous metal dioxides such as TiO2, ZrO2 or Al(OH)3 are 
used as a stationary phase, while immunoprecipitation is the preferred method 
to enrich for tyrosine phosphorylated peptides, due to the low frequency of ty-
rosine phosphorylation occurrence. 

 In the research presented in this thesis (chapters 2 and 3), phosphopep-
tide enrichment was performed following a recently described high-throughput 
automated workflow using Fe3+-NTA cartridges on an AssayMAP Bravo platform 
[38].

Mass Spectrometry 

Ionization
Mass spectrometers (MS) consist of an ion source, a mass analyzer(s) 

that accurately measures the mass-to-charge ratio (m/z) of the ionized ana-

Figure 2. Off-line high-pH reversed phase (HpH) fractionation and concatenation strate-
gy, in which fractions from different parts across the gradient are pooled together prior 
to LC-MS/MS analysis. Figure adapted from Batth et al. [30].
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lytes, and a detector [39]. MS analysis uses electromagnetic fields in a vacuum 
hence, molecules first need to be electrically charged and transferred into the 
gas phase. This is accomplished by the use of two “soft” ionization techniques, 
namely Matrix-Assisted Laser Desorption/Ionization (MALDI) [40] and electro-
spray ionization (ESI) [41], in which very little residual energy is retained by the 
analyte and thus no fragmentation occurs during the ionization process. In MAL-
DI, the sample (peptides) is co-crystalized with an organic matrix, which are 
irradiated by a pulsed laser (typically UV lasers) causing ablation and desorption 
of both analyte and matrix molecules. During the ablation process, the analyte 
molecules (peptides) are usually protonated by the nearby matrix molecules 
resulting mainly in the generation of singly charged [M+H]+ ions. In contrast, ESI 
ionizes the analytes out of a solution, which allows it to be coupled directly to 
liquid chromatography (LC). Hence, ESI is the preferred ionization method for 
the analysis of complex biological samples. ESI ions are generated by applying 
a high voltage (e.g. 2-6 kV) between the column emitter and the MS inlet. This 
strong electric field causes the dispersion of the solvent containing the sample 
(peptides) into a fine mist of highly charged droplets (Figure 3). The application 
of a coaxial sheath gas flow (dry N2), results in better nebulization and helps 
directing the charged droplets towards the entrance of the mass spectrometer. 
With the aid of another stream of nitrogen drying gas and a heated transfer 
capillary at the entrance of the ion source the charged droplets continuously re-
duce in size due to solvent evaporation leading to an increase of surface charge 
density and a decrease of the droplet radius [42]. Eventually, the electric field 
strength within the charged droplets reaches a critical point, called Rayleigh lim-
it, at which the electrostatic repulsion within the droplet overcomes the surface 
tension and the charged analytes are released from the droplets and ejected 
into the mass spectrometer [43]. 

Mass analyzers –Orbitrap
Once ionized analytes (peptides) have been transferred into the vacuum 

of the mass spectrometer, their m/z ratio and intensity need to be measured by a 
mass analyzer. In the mass analyzer, which is the heart of the spectrometer, the 
different types of ions are separated according to their m/z ratio and then they 
are passed to the detector. Several mass analyzers exist, which isolate and mea-
sure peptides using different mechanisms. The most commonly used nowadays 
in shotgun proteomics are the linear ion trap (LIT; periodic motion in an electric 
field), Orbitrap (oscillatory motion in an electric field), quadrupole (Q; transmis-
sion through an electric field) and time-of-flight (TOF; separation in time based 
on ion velocity) [45]. The latest generation of high-performance mass spectrom-
eters are characterized by key features such as high resolution, mass accuracy, 
speed, sensitivity and dynamic range that have significantly contributed to the 
achievable depth of analysis [46]. High resolution is the ability to distinguish 
between two peaks with slightly different m/z value, while mass accuracy refers 
to how close the measured m/z ratio is to the theoretical m/z.  Sensitivity of a 
mass spectrometer refers to its ability to detect very low abundant ions whereas 
dynamic range is the difference between the lowest and highest abundant ions 
that are detected. Altogether, these properties should allow high sequencing 
speeds to obtain adequate proteome coverage of a complex sample within a 
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relative short analysis time frame. Recently, the development of new genera-
tion hybrid MS instruments that couple multiple mass analyzers have signifi-
cantly improved sensitivity, acquisition speed and efficacy of tandem MS (MS/
MS) [47]. Such hybrid systems include quadrupole-time-of-flight (Q-TOF), linear 
ion trap-Orbitrap, and quadrupole-Orbitrap mass spectrometers, while recently 
“tribrid” quadrupole-Orbitrap-LIT mass spectrometers (e.g. Orbitrap Fusion and 
Orbitrap Fusion Lumos) have been very powerful and versatile new platforms 
[48]. 

 In the research presented in this thesis, all MS experiments were per-
formed using hybrid quadrupole-Orbitrap mass spectrometers from the Q Exac-
tive (QE) family (Figure 4A). In the Q Exactive instrument series Orbitrap is the 
main mass analyzer and hence, rely entirely on high-resolution Orbitrap data 
acquisition for MS and MS/MS scans. Precursor selection and transmission is 
achieved by an upfront quadrupole mass filter and peptide fragmentation is 
achieved by HCD (higher-energy collision induced dissociation) in a dedicated 
collision cell [49].

The Orbitrap mass analyzer was designed by Alexander Makarov in 
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2000 [50] and was commercially introduced in a hybrid instrument in 2005 [51]. 
In the Orbitrap, m/z ratio is measured as a function of ion frequency during an 
oscillatory motion. It consists of an outer barrel-shaped electrode and an inner 
spindle-shaped electrode, allowing the trapping of ions in an electrostatic field. 
When ion packets are injected at high energies into the Orbitrap, they start to 
oscillate back and forward along the axis of the central electrode in a harmonic 
orbit. The frequency of ion oscillation in the axial dimension, which is unique for 
its m/z, is measured for each ion and is detected by electrodes to yield a tran-
sient that is fast Fourier transformed (FT) into a high resolution mass spectrum 
(Figure 4B) [52].  

Peptide Fragmentation

Figure 4. A) Schematic representation of a Q-Exactive instrument (adapted from Michal-
ski et al. [49]) and B) Schematic representation of an Orbitrap mass analyzer. Figure 
adapted from Savaryn et al. [52]. 
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 In MS, to obtain enough information for peptide and subsequent protein 
identification, determining its m/z ratio, even with high accuracy, is not enough. 
Therefore, to identify its amino acid sequence and if desired, type and localiza-
tion of potential PTMs, one needs to perform tandem mass spectrometry (also 
known as MS/MS) [53].  Hence, after the initial m/z determination (MS1 scan), 
specific precursor ions are selected and isolated by the first mass analyzer (e.g. 
linear ion trap or quadrupole mass filter) and subjected to fragmentation along 
their backbone, usually though collision with an inert gas such as helium or nitro-
gen at low pressure (CID, collision-induced dissociation) in a reaction chamber. 
Subsequently, the fragment ions generated by a precursor ion are transferred 
to the mass analyzer and their mass spectrum is recorded, which is then used 
to obtain sequence-specific information. Several fragmentation techniques exist 
that lead to peptide backbone fragmentation including collision-induced disso-
ciation (CID) [54], higher-energy collision dissociation (HCD) [55], electron trans-
fer dissociation (ETD) [56] or hybrid techniques such as electron-transfer/higher 
energy collision dissociation (EThcD) [57], which can be used alone or in combi-
nation to complement each other, depending on the research question and the 
characteristics of the precursor ions. 

Systematic fragmentation nomenclature has been developed to cate-
gorize the types of generated fragment ions by Roepstorff et al. [58]. Alpha-
bet letters (i.e. α-, b-, c-, x-, y- and z-) are used to represent the fragment ions 
depending on the cleaved bond along the peptide backbone while numbers 
are used to indicate the position of the cleavage site relative to the amino- or 
carboxyl-terminal [59]. A representative example of a peptide and the fragmen-
tation nomenclature of the different fragment ions is illustrated in Figure 5. 

Figure 5. Nomenclature of peptide fragment ions as proposed by Roepstorff and Fohl-
man [58]. CID and HCD fragmentations generate predominantly b- (amino-terminal) and 
y- (carboxy-terminal) fragment ions. Accordingly, ETD fragmentation generates c- and 
z- fragment ions.  
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Peptide and Protein identification
 The next step in tandem mass spectrometry is to identify the peptides 
based on their fragmentation spectra. This is feasible by following either of the 
two approaches: de novo sequencing or in silico database search methods [60, 
61]. The do novo approach directly interprets fragmentation spectra based on 
the specific mass differences between the different fragment peaks. In princi-
ple, an amino acid sequence can be build up by connecting the fragments with 
increasing size from the N-terminus (e.g. y-ions) or the C-terminus (b-ions) in 
a spectrum since ideally, each of the series of mass differences should corre-
spond to a sequential amino acid [62]. An advantage of the de novo sequencing 
is that it does not require prior information on the protein sequence and thus 
provides an unbiased way for identifying peptide sequences, which is important 
for identifying novel peptides and proteins or unexpected mutations or PTMs. 
However, although de novo sequencing in bottom-up proteomics is desirable, 
the challenge, and hence the bottleneck, remains to be the development of bio-
informatics approaches that can help interpret the proteomics data [63]. On the 
other hand, the in silico database search, which is also the most commonly used 
in MS-based proteomics, is based on the enormous quantity of known genom-
ic sequence information. It uses sophisticated algorithms to match the experi-
mentally acquired fragmentation spectra and peptide mass to theoretically con-
structed spectra of peptides (generated by in silico protein digestion) from large 
protein databases [59]. Several database search engines are currently available 
such as SEQUEST [64], Mascot [65] and Andromeda [66], among others, and 
have proven to be very powerful allowing the identification of several thou-
sands of proteins in complex proteomes. For each protein, multiple peptides are 
measured and each one contributes with a database identification score that 
increases the confidence of the identification. Both Mascot and Andromeda (the 
algorithm used in this thesis) are probability-based scoring algorithms; for each 
peptide-spectrum comparison a probability score is calculated to determine 
how likely a calculated mass spectra matches an experimental one by chance. 
The match with the lowest probability to occur by chance is considered the most 
significant hit. Besides the MS/MS spectra, for faster and more reliable peptide 
identifications, all search engines require additional information in the form of 
“search parameters” about the experiment such as the taxonomy, the enzyme 
used and the allowed number of possible missed cleavages, the minimum se-
quence length, fixed and variable modifications as well as information about the 
instrument’s settings such as mass tolerances (for precursors and fragments) 
[67]. 

 To limit false positive identifications and hence distinguish correct pep-
tide assignments from false identifications a search against a decoy protein da-
tabase is currently the most widely used strategy to filter for confident hits. A 
decoy database contains reversed, randomized or shuffled protein sequences 
from a normal (target) database. This allows for the estimation of a false discov-
ery rate (FDR) which is the proportion of false matches (decoy database hits) 
among positive matches (target database hits) and is usually set to <1% in large 
scale proteomics experiments [68]. Once peptides have been confidently iden-
tified they are next assigned to the proteins of origin. The biggest challenge in 
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this step, termed as the “protein inference problem”, is that the same peptide 
sequence can be present in multiple proteins or protein isoforms leading to am-
biguities in the determination of the identities of the sample proteins [69]. This 
is either due to alternative splicing or because these proteins originate from ho-
mologous genes with very high sequence similarity. In most proteomics analysis 
pipelines a common approach to address the issue of protein redundancy in MS 
datasets, is based on grouping the proteins that share the same set of peptides 
and, therefore, are indistinguishable. 

Quantitative Proteomics 

 It is clear that cellular proteomes are highly dynamic, which change sig-
nificantly in real time. Therefore, quantification of the identified peptides and 
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proteins is of central importance in MS-based proteomics since it allows a re-
searcher to determine how protein levels change over time or from one condi-
tion to the next. Proteomics quantitative methods can be classified into two main 
categories: absolute quantification (estimate the absolute amount of proteins in 
a mixture) or relative quantification (measuring their relative abundance across 
two or more different conditions) [70]. In proteomics, it is usually the changes in 
protein abundance or the dynamic changes in PTMs upon a defined perturba-
tion that are of particular biological importance. Relative quantification can be 
achieved either by label-based or label-free approaches (Figure 6). 

Stable Isotope labeling quantification
Labeling strategies include the use of stable isotopes to label the sam-

ples either at the protein level (e.g. metabolic labeling with SILAC [71]) or at the 
peptide level (e.g. chemical labeling with tandem mass tags (TMT) [72], iTRAQ 
[73] or dimethyl labeling [74, 75]). Isotope-based methods introduce heavy ver-
sions of specific molecules into peptides such as 2H, 13C, 15N and 18O, allowing 
different labeled samples to be mixed and analyzed together. The basic princi-
ple behind stable isotope labeling in MS analysis is that the labeled peptides, 
appear as pairs, which even though they differ in mass, they are chemically 
identical to their native counterpart and behave the same during chromato-
graphic separation and ionization. Therefore, given that the mass spectrome-
ter can easily distinguish heavy from light peptides by their mass shift, relative 
quantification is achieved by comparing the ratio between heavy and light peak 
intensities [76]. The main advantage of stable isotope labeling is that it allows 
sample multiplexing prior to MS analysis, i.e. after labeling and mixing of the 
samples, reducing the number of analyses and instrument time significantly.  

Metabolic methods such as SILAC, in which labeled amino acids present 
in culture media are incorporated in the newly synthesized proteins, have the 
advantage that the labels are incorporated at the cell culture level allowing for 
the samples to be mixed at a very early stage of sample preparation (before 
or directly after cell lysis). Therefore all variations induced during the sample 
preparation steps (e.g. protein digestion) or by additional steps (e.g. enrichment 
or fractionation) are experienced by all samples equally, leading to very high 
quantitative accuracy. Chemical labeling is usually applied at a later stage (pep-
tide level) and therefore, quantitative differences due to independent sample 
preparations might have already occurred. Both SILAC and dimethyl labeling 
compare peptide isotope patterns in the MS spectra (MS1 peptide quantifica-
tion). On the contrary, in chemical methods that use isobaric labeling reagents 
(e.g. TMT and iTRAQ) quantification is performed at the MS2 level via comparing 
“reporter ion” intensities at the tandem mass spectra (MS/MS). In these cases, 
chemical labeling does not alter the precursor mass (same m/z at MS1 level) but 
due to the different isotopic labeling, upon peptide fragmentation the reagents 
lead to the formation of specific reporter ion signatures. However, despite the 
increased multiplexing capability of these methods (e.g.TMT-10plex and TMT-
11plex), their main disadvantage is signal interferences caused by co-eluting 
peptides, which are co-fragmented together with the intended one. It has been 
observed that the co-eluting peptides, which are present within the isolation 
window used for subsequent fragmentation, also contribute their reporter ions 



22

1

distorting the measured ratios (ratio compression) [77]. Moreover, despite the 
high accuracy on protein expression quantification, labeling techniques are as-
sociated with certain limitations such as cost of labeling reagents and the ad-
dition of extra sample processing steps, which can lead to sample losses and 
induce extra variation between samples.  

Label-free quantification
 Label-free quantification can be achieved either by spectral counting or 
by signal intensity measurements of peptide precursor ions across different LC-
MS/MS runs. In spectral counting, the number of times a peptide has been se-
lected for fragmentation (i.e. number of MS/MS spectra) is used as a measure to 
quantify its abundance. Spectral counting is based on the observation that more 
abundant proteins and subsequently more abundant peptides, will be selected 
more for fragmentation and thus, will generate a higher number of MS/MS spec-
tra compared to the less abundant ones. Therefore, comparison of the number 
of MS/MS spectra identifying peptides of a given protein is used to estimate the 
relative abundance of this protein among a set of samples [78]. In the label-free 
approach based on precursor ion signal intensities, the MS1 signal intensities of 
the same peptides in different experiments are compared to each other. Then, 
the MS1 signals of each peptide identifying a protein are summed-up and sub-
sequently this protein intensity value is compared between the different LC-
MS/MS runs. Compared to the spectral counting, label-free quantification using 
peak intensities is more accurate, however, this approach requires robust instru-
mentation (LC-MS) and high reproducibility as m/z, peak area and retention time 
of each ion across all LC-MS/MS runs need to be well aligned. Moreover, nor-
malization of the data should be performed to make peptide signals comparable 
between runs. Due to the stochastic nature of precursor selection in DDA mode, 
peptide identifications are often missing across samples, especially the ones 
derived from low abundant proteins. To overcome the issue of “missing values” 
and thus improve label-free quantification by increasing the number of peptides 
that can be used for quantification beyond those that have been sequenced 
by MS/MS, one can increase the number of replicates analyzed and enable the 
“match-between-runs” feature implemented in the MaxQuant software that em-
ploys retention time alignment and allows for transferring of peptide identifica-
tions from one LC-MS run to another [79].  

 Nowadays, label-free quantification is very popular in the proteomic 
communities due to the increasing availability of high-resolution mass spec-
trometers, the development of sophisticated algorithms, the low-cost since no 
labeling reagents are required, and the easiness (no additional sample prepa-
ration steps are required to obtain quantification) and flexibility in experimental 
design. However, although the number of conditions and replicates compared 
by label-free is unlimited, the downside is that it requires longer LC-MS analysis 
time since multiplexing is not an option and each sample is analyzed in sepa-
rately.  
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Interaction Proteomics
 Proteins rarely function alone, but instead they interact with other pro-
teins in stable or transient multi-protein complexes of distinct composition to 
orchestrate the biological processes of a cell at the molecular level. Therefore, 
comprehensive mapping of protein-protein interactions (PPIs) can provide novel 
insights into protein function and a better understanding of the molecular mech-
anisms underlying specific biological functions [80]. In recent years, affinity pu-
rification coupled to mass spectrometry (AP-MS) has emerged as an attractive 
method to study protein interactomes.

Interaction proteomics by affinity purification involves a pull-down assay 
of a protein of interest, which serves as the “bait” followed by MS to identify its 
interaction partners, the “prey” proteins [81]. The general idea is to immobilize 
a specific antibody on a solid support such as agarose or magnetic beads, and 
use this affinity matrix to capture the target protein and its binding partner(s) 
or associated protein complexes from bulk cell extract. Once captured and, af-
ter several washing steps aiming at reducing background proteins, the isolated 
protein complex is eluted and subsequently processed for MS analysis. The 
main advantage of using antibodies to purify an endogenous protein of interest 
(often referred as immunopurification or immunoprecipitation (IP)) is the ability 
of capturing its native state, abundance, and interactions (i.e. under physiolog-
ical conditions) [82]. However, there are certain limitations associated with the 
use of antibodies that might affect the success of this approach. For instance, 
depending on the epitope they recognize, antibodies to endogenous proteins 
might disrupt protein-protein interactions (e.g. if they bind to epitopes the pro-
tein uses for functional interactions) or might be ineffective at targeting a pro-
tein under conditions in which the epitope can be post-translationally modified. 
Moreover, not all antibodies have the same affinity and specificity and hence, 
AP-MS experimental conditions must be optimized on a one-by-one basis [83]. 
Other drawbacks associated with affinity purification of endogenous proteins 
include the limited availability of specific antibodies and the cost of the utilized 
antibodies, while the specificity and affinity of the antibodies to the target pro-
teins are often an additional concern. Most antibodies cross-react with related 
or unrelated proteins and it is expected that they will specifically pull down more 
than the protein that they were raised against leading to false identifications. 
Therefore, the use of proper controls are necessary to provide an accurate rep-
resentation of all the non-specific binders (Figure 7). Amongst them, the most 
meaningful negative control is to perform the pull-down in parallel in a cell line 
in which the bait protein is depleted (knockout or siRNA-mediated depletion).

As antibodies are challenging to use and are not always available for 
all bait proteins of interest, isolation of epitope tagged proteins is a common al-
ternative. In this approach by using standard cloning techniques, a peptide-tag 
coding sequence (e.g. His tag or Flag tag) is fused with the target protein and 
the resulting construct is expressed in target cells [80]. Then, the tag attached 
to the bait is used to purify the protein complexes. However, there are two main 
caveats to the use of epitope tags. First, the tagged gene might be non-func-
tional and second, if the expression levels of the tagged protein are significantly 
higher than the endogenous expression levels it can lead to altered subcellular 
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localization and the formation of non-physiological protein interactions, which 
can lead to artifactual phenotypes and the identification of false positive pro-
tein-protein interactions [84]. Hence, functional studies need to be performed 
to confirm that the physiological properties and functions of the protein are not 
altered due to its overexpression.

The major challenge in AP-MS is the identification of true interactors 
from unspecific binders. Despite the seemingly clean preparations of protein 
complex purifications, the samples contain many co-purifying non-specific con-
taminants which due to the high sensitivity of modern mass spectrometers are 
detected. Therefore, thousands of proteins are detected in such experiments. 
Proteins that bind specifically to the bait proteins can be distinguished from 
background contaminants by quantitative proteomics in which the bait-IP is 
compared to negative control IPs. Thus, true interactors are identified by their 
specific abundance ratio while non-specific proteins are retrieved in either sam-
ple in roughly the same amounts resulting in a 1:1 ratio. Finally, although AP-MS 
reveal the composite population of proteins associated with a specific protein 
of interest, the ability to detect transient interactions, the stoichiometry of a 
complex, the protein binding sites that make direct contact within a complex 
and ultimately the direction and functionality of the interactions are essential 
in understanding how protein-protein networks work [17]. To this end, recent 
advancements in other MS-based methods such as native mass spectrometry 
and cross-linking mass spectrometry (XL-MS) can be used as complementary 
approaches to AP-MS and have proven helpful in providing insights on the struc-
ture and dynamics of multimeric protein complexes [85, 86].

Endogenous IP Possible Controls

Figure 7. Commonly used methods for the identification of background contaminant pro-
teins in endogenous IPs include (A) the use of the same isotype antibody (B) an antibody 
that targets a different epitope on the bait protein, or (C) immunopurification from cells in 
which the bait protein has been depleted (e.g. RNAi or genetic knockout). Adapted from 
Dunham et al. [81].
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Part II | Extracellular Vesicles 

Extracellular Vesicles - definition
 In the past decade, secreted extracellular vesicles (EVs) have emerged 
as a novel mode of intercellular communication, where, by acting as signal-
ing vehicles, they allow cells to exchange proteins, lipids and genetic material 
in both physiological and pathological conditions [87]. EVs are heterogeneous 
populations of nano-sized lipid bilayer enclosed particles that are released 
by a variety of cell types into the extracellular environment (e.g. culture me-
dia and a variety of biofluids). Although the generic term “extracellular vesi-
cle” is currently used to characterize all secreted lipid-membrane encapsulated 
vesicles, they are divided in two major subclasses based on their biogenesis 
pathway: exosomes and microvesicles (Figure 8). The term exosome was ad-
opted in 1987 to characterize small membrane vesicles of endosomal origin 
that are released during reticulocyte differentiation [88]. They are formed as 
intraluminal vesicles (ILVs) by invagination and inward budding of the endo-
somal membrane and their accumulation inside a structure known as a mul-
tivesicular body (MVB). Subsequently, exosomes are released into the extra-
cellular environment upon trafficking and fusion of the MVBs with the plasma 
membrane [89]. Exosomes are presumed to represent a small homogeneous 
population of EVs typically ranging in size between ~30 nm and 150 nm [90]. 
By contrast, microvesicles are formed through the direct shedding/blebbing of 
the plasma membrane and comprise a highly heterogeneous group of vesicles 
ranging from ~100 nm to 1,000 nm in diameter [91]. However, despite the dif-
ferences between exosomes and microvesicles, both EV classes constitute un-
doubtedly a single, unconventional communication system that has opened up 

Early
endosome

Golgi complex

MVB Lysosome

Exosomes

Microvesicles

PM

Figure 8. Schematic representation of the two major classes of extracellular vesicles 
(EVs) released by eukaryotic cells, either by the outward budding of the plasma mem-
brane (microvesicles) or by fusion of the multivesicular bodies (MVB) with the plasma 
membrane (exosomes). PM: plasma membrane. Figure adapted from Colombo et al. [90].
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new paths towards a deeper understanding of cellular (patho)physiology [92].  
EV isolation

The overlapping range of EV size, especially in the smaller particle 
range (~30-150 nm), the similarity in morphology and the high diversity in cargo 
composition, makes the purification and functional characterization of the two 
major EV classes and of the subtypes that exist within each class particularly 
challenging [93]. The majority of EV isolation methods do not address the pos-
sible mixture of EV classes and/or subtypes and the presence of co-purified 
contaminants, such as extravesicular proteins and/or protein-RNA aggregates 
and lipoprotein particles (e.g. plasma proteins, high-density lipoprotein (HDL) 
and low-density lipoprotein (LDL)).

The most common strategies to isolate and characterize extracellular 
vesicles from conditioned media of cultured cells as well as any type of body 
fluid are differential centrifugation and/or density gradient centrifugation, size-
based techniques such as filtration and size exclusion chromatography (SEC), 
immunoaffinity capture methods that use magnetic beads conjugated to an-
tibodies recognizing specific EV surface markers, polymeric precipitation in 
which polymers (e.g. polyethylene glycol (PEG)) to reduce the solubility of EVs 
and precipitate them and microfluidics [94, 95]. These EV isolation methods 
are not necessarily mutually exclusive and combinations (e.g. SEC and density 
gradient) might be desirable to achieve high EV purity isolates [96]. However, 
as it has been stated at the recently published MISEV2018 guidelines, absolute 
purification or complete isolation of EVs is an unrealistic goal [97], since no re-
liable approach is available to obtain pure populations of EVs with a sufficient 
high yield [98]. Therefore, the choice of method(s) for EV isolation very much 
depends on the required degree of EV purity which is based on the research 
question and the EV end use. 

To date, the most frequently used EV isolation method (and the one 
used in this thesis) is differential centrifugation, which is considered the gold 
standard technique, especially for exosome isolation. The basic principle is that 
when a cell culture supernatant or a biofluid, containing the vesicles of inter-
est, is subjected to several rounds of centrifugation at increasing forces and 
durations, the larger particles will sediment faster allowing the smaller parti-
cles in the supernatant to be pelleted in subsequent centrifugation steps [99]. 
In conventional protocols, the smallest vesicles (i.e. small microvesicles and 
exosomes) are pelleted by ultracentrifugation at a very high speed (100,000-
120,000 x g). Prior to the ultracentrifugation step, cells, cellular debris and larger 
microvesicles are eliminated by successive centrifugations at increasing speeds 
(300 x g, 10,000-20,000 x g). Although widely used, these protocols result in the 
isolation of heterogeneous populations of vesicles, while they rely on expensive 
equipment, are time-consuming and do not guarantee high purity [100]. 

Nevertheless, novel EV isolation and characterization methods are con-
tinuously being developed to allow a more thorough description of the different 
EV classes and their respective functions, which permit a more efficient EV as-
sessment and might potentially enable a better EV classification and terminol-
ogy [87]. 
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EV molecular composition
 During their biogenesis, extracellular vesicles are enriched with bioac-
tive cargo molecules, including proteins (e.g. receptors, transcription factors, 
enzymes and extracellular matrix proteins), nucleic acids (DNA, mRNA, microR-
NA, and other non-coding RNAs) and lipids, that once released into the extra-
cellular space, their contents can be directly transferred to recipient cells and 
promote phenotypic changes that can affect their physiological or pathological 
state [101]. 

All extracellular vesicles bear surface molecules that enable them to be 
targeted to recipient cells and induce intracellular signaling via the activation of 
cell surface receptors, or get internalized by endocytosis and/or phagocytosis 
or even fuse with target cell’s membrane to release their cargo into the cytosol 
and modulate the recipient micro-environment [102]. The EV cargo is highly di-
verse, cell type-specific and is also influenced by the molecular mechanism that 
leads to their biogenesis. For instance, since exosomes are of endosomal origin, 
proteins involved in MVB formation (e.g. ESCRT complex, Alix, TGS101), mem-
brane transport and fusion (e.g. RAB proteins, ARF GTPases, annexins and flo-
tillins) are usually found in most exosomes regardless of the cell type of origin. 
Moreover, several adhesion molecules such as integrins, tetraspanins (e.g. CD9, 
CD63, CD81), and lactadherin, cytoplasmic enzymes (e.g. GAPDH), chaperones 
(e.g. Hsp70, Hsp90), cytoskeletal proteins (actin and tubulin) and several signal 
transduction proteins (e.g. proteins kinases) are often identified in exosome-rich 
EV populations [103]. However, as already stated above, due to the extensive 
use of differential ultracentrifugation as the preferred method of EV isolation, 
most of the studies focusing on EV cargo characterization involve the analysis 
of bulk populations of EVs making the actual composition of each subtype of EV 
largely unknown [90]. Additionally, although exosomes should be enriched in 
endosomal compartments as compared to the microvesicles (which are plasma 
membrane derived) there is a great overlap on the composition of the two types 
making it yet impossible to name specific protein markers for exosomes vs mi-
crovesicles [104]. Therefore, Colombo and co-workers, have recently proposed 
a generic schematic representation of the EV cargo composition (Figure 9) in 
which all the major protein classes, nucleic acids and lipids commonly identified 
in extracellular vesicles are presented. 

EVs in cancer 
In cancer, tumor-secreted EVs have been largely described as critical 

mediators of tumor progression and metastasis [101]. Cancer cell-derived EVs 
contain a number of functional oncogenic molecules that can be transferred 
between tumor cells within the primary tumor and surrounding cells in the tumor 
microenvironment, causing a significant impact on signaling pathways, mRNA 
and protein expression upon EV uptake to the recipient cells. Furthermore, prior 
to metastatic spread, tumor-derived EVs have been shown to establish pre-met-
astatic niche with the generation of a suitable microenvironment in distant and 
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specific metastatic sites that facilitates survival and outgrowth of the incoming 
tumor cells [105-110]. 

Over the past decade, a great number of studies have reported that 
human cancer cell line-derived EVs can transform both cancerous and non-can-
cerous cells both in vitro and in vivo. For instance, it has been shown that glioma 
cells expressing the oncogenic receptor EGFRvIII secrete microvesicles harbor-
ing EGFRvIII and transfer the receptor and its oncogenic activity to other glioma 
cells lacking EGFRvIII in the same tumor to drive malignancy [111]. Moreover, 
tumor-derived exosomes expressing high levels of the transforming growth fac-
tor β (TGF-β) can induce differentiation of fibroblasts into myofibroblasts con-
tributing to tumor growth and invasion [112, 113]. In the context of pre-metastatic 
niche development, the molecular composition of the pre-metastatic niche is 
directly influenced by the components of the EV cargo. For example, in a recent 
study Peinado et al., showed that melanoma-derived exosomes containing the 
receptor tyrosine kinase MET, increased the metastatic behavior of primary tu-
mors by “educating” bone marrow progenitors via the horizontal transfer and 

Figure 9. Schematic representation of the overall composition of extracellular vesicles 
(EVs) including the major families of proteins, lipids and nucleic acids as well as the mem-
brane orientation of EVs as proposed by Colombo et al. [90]. Of note, each component 
listed might not be equally present in all subtypes of EVs, instead it might be present in 
some EVs and not in others. 
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upregulation of the MET oncoprotein [110]. More recently, it has been shown that 
exosomes from various cancer types, which have the propensity to metastasize 
to specific sites (i.e. lung, liver or brain) bear integrins that selectively direct 
those to the specific organs where by fusing with target cells in a tissue-specific 
fashion, they trigger signaling pathways, thereby initiating pre-metastatic niche 
formation [114]. Moreover, these findings, indicated that integrin expression pro-
filing in circulating exosomes derived from cancer patients could be used for the 
prediction of future organ-specific metastasis. 

EVs as cancer biomarkers
 Over the past decade, circulating extracellular vesicles have attracted 
great interest as a novel source of promising biomarkers for cancer diagnosis 
and/or prognosis. Their potential clinical utility lies in the fact that their molecu-
lar content reflects, at least partially, that of the parental cells, thereby serving as 
a molecular fingerprint of the releasing cell type and its status. Therefore, since 
cancer-derived EVs are expected to contain cancer origin-specific signatures, 
analysis of the EV molecular and genetic cargo might reveal the genetic make-
up and molecular alterations in cancer cells [115]. Furthermore, circulating EVs 
are abundant in a variety of easily accessible body fluids such as blood, urine 
and saliva, and can thus serve as a “liquid biopsy” allowing for the development 
of novel, non-invasive screening tests for disease diagnosis and/or monitoring 
(Figure 10) [116]. Additionally, the power of EVs as biomarkers relies on the en-
richment of various biologically-active molecules that are encapsulated by the 
lipid bilayer membrane, and are therefore highly stable and protected from deg-
radation during circulation, providing a rich source of carefully packaged diag-
nostically-relevant molecules, which would normally go undetected in whole 
body fluid analysis [117].  

The potential of cancer-derived EVs as readily accessible cancer bio-
markers has been widely explored by numerous studies and it has been shown 
that significantly enhanced EV secretion has been observed in cancer cells 
compared to non-cancerous cell lines or in the serum of cancer patients than in 
healthy individuals, while EV release increases with disease progression [118]. 
In recent years, proteomics analysis of circulating EVs enriched from the plasma 
or serum of cancer patients has shed light on cancer-specific EV protein signa-
tures that have been reported to correlate to the disease stage and outcome, 
highlighting the high diagnostic potential of EV molecular profiling. Amongst 
the most promising reports demonstrating the great potential of EV proteins 
as cancer biomarkers is a study by Melo et al., who demonstrated the ability 
of circulating exosomal levels of glypican-1 (GPC1) to distinguish patients with 
late-stage pancreatic cancer from those with benign disease with a reported 
accuracy of 100% [119]. Since this publication, several studies have validated the 
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presence of GPC1 in circulating pancreatic cancer-derived EVs, while validation 
studies are currently underway [120-122].

 However, although circulating tumor-EVs undoubtedly represent a 
promising class of biomarkers, the translation of EV biomarkers to a clinical set-
ting is accompanied by several challenges, including the lack of standardiza-
tion of protocols for EV enrichment, quantification and characterization, which 
could impact reproducibility in a clinical setting [100]. In addition, specific issues 
related to the collection of EVs from human samples prior to arrival at the lab-
oratory, such as the sample processing, handling and storage have also been 
reported to influence the stability of circulating EVs and their subsequent anal-
ysis [122]. Nonetheless, beyond these practical considerations, it is evident that 
EVs are very promising candidate biomarkers and this rapidly advancing field of 
research will ultimately provide important insights into the relevance and diag-
nostic value of extracellular vesicles towards clinical applications. 

Figure 10. Circulating molecules including extracellular vesicles are found in a variety 
of easily accessible body fluids and are promising new constituents of liquid biopsies. 
Figure adapted from Di Melo et al. [123].
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Part III | Breast Cancer
 Breast cancer (BC) is the most common cancer in women with more than 
2 million newly diagnosed cases and over 600,000 deaths each year worldwide 
[124]. Breast cancer is a highly heterogeneous disease comprised of multiple 
tumor subtypes with distinct biological features and clinical outcomes [125]. 
Clinically, from an oncologist’s point of view, breast tumors are classified into 
three main molecular subtypes according to the expression status of the three 
receptors: estrogen receptor (ER), progesterone receptor (PR) and the human 
epidermal growth factor receptor HER2/ERBB2. The expression of the afore-
mentioned biomarkers, which is routinely assessed via immunohistochemistry, 
together with traditional clinico-pathological variables such as tumor size, grade 
and lymph node involvement, are critical for disease prognosis and patient 
treatment selection [126, 127].

 To date, the majority of diagnosed breast cancers are ER and/or PR 
positive and are associated with a more favorable prognosis. As such, patients 
with hormone receptor positive tumors are treated with endocrine therapy such 
as tamoxifen [128]. The HER2-positive cancers account for 15-20% of all breast 
cancer subtypes and are characterized by overexpression of the HER2 gene. 
Women with HER2-positive tumors have the most unfavorable prognosis of all 
types of invasive cancers, and although they show high rates of response to 
anti-HER2 targeted therapies such as to trastuzumab (Herceptin), an inhibitory 
recombinant monoclonal antibody targeting this receptor [129], it is estimated 
that nearly 15% of the patients receiving trastuzumab-based adjuvant chemo-
therapy will develop metastatic disease [130]. The triple-negative breast cancer 
subtype (TNBC), which is negative for the expression of the estrogen and pro-
gesterone receptors and lacks overexpression of the HER2 protein, suffers from 
the absence of known druggable targets and has a less favorable prognosis 
[131]. Approximately 15-20% of breast cancers are triple-negative breast carcino-
mas. These tumors constitute an extremely diverse heterogeneous group with 
substantial genetic heterogeneity and has a more aggressive clinical behavior, 
a distinctive metastatic pattern and a poor prognosis compared with other sub-
types [132]. Unlike the other subtypes, clinically established targeted therapies 
for TNBC tumors are not yet available and therefore the treatment options are 
limited to non-specific chemotherapy. Thus, a better understanding of the mo-
lecular mechanisms underlying the biology of this BC subtype, which may allow 
the development of novel treatment strategies against TNBC tumors has been 
the subject of intense research. 

Despite the remarkable success in understanding the biological het-
erogeneity of BC over the past few years, which has led to the development of 
more effective and personalized approaches to treatment, breast cancer is still 
the leading cause of cancer-related mortality among women worldwide. There 
is a growing body of evidence suggesting that accurate and early breast cancer 
detection combined with a suitable treatment could significantly reduce BC-re-
lated deaths in the long term [133, 134]. Current breast diagnostic approaches 
including mammography, which is currently the gold standard screening tech-
nique, breast ultrasound and MRI, can often be ambiguous leading to overdi-
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agnosis and have certain limitations such as being expensive, time consuming, 
less effective for young women and dense breasts, less sensitive to detect small 
lesions and eventually unable to provide any indication of the disease outcome 
[134]. Therefore, developing novel, highly-sensitive and rapid screening tech-
niques for patient prognosis and management of BC is urgent. To this end, the 
identification of reliable biomarkers from an easily accessible source such as 
blood, for non-invasive and robust diagnosis, treatment selection and response 
monitoring of breast cancer patients holds great promise. 

Subsequently, in the data presented in this thesis, we show that pro-
teomic profiling of breast cancer-derived extracellular vesicles revealed their 
great potential as non-invasive “liquid biopsies” for early diagnosis and man-
agement of breast cancer patients (chapter 2). Moreover, in chapter 3 we fo-
cused our research on the triple-negative breast cancer subtype for which, as 
mentioned earlier, the development of new targeted therapies is urgently need-
ed. Accordingly, we used a proteomics-based approach to unravel the molecu-
lar mechanisms underlying the synergistic effect of combined EGFR and ROCK 
inhibitors, which holds great potential as a treatment strategy for triple-negative 
breast cancer. Finally, in chapter 4 we used interaction proteomics to unrav-
el the interactome of the oncogenic transcription factor Fra-1, whose overex-
pression has been associated with human metastatic cancers including breast 
cancer. We hypothesized that elucidation of the Fra-1 protein complexes may 
provide a better understanding of the molecular mechanisms governing Fra-1 
function in driving breast cancer metastasis. 
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Abstract
Extracellular vesicles (EVs) have emerged as prospective rich source of disease-as-
sociated molecules for biomarker discovery and disease diagnosis. In the context 
of breast cancer (BC), comprehensive analyses of EV contents could potentially 
yield robust and reliable subtype-specific biomarkers that are still critically needed 
to improve diagnostic routines and clinical outcome.  Current clinical assessment 
of BC subtypes relies heavily on few clinical markers (estrogen receptor, progester-
one receptor, HER2) determined via tumor histopathological examinations. These 
procedures are invasive, only representative of a single disease site and not easily 
compatible with disease monitoring. Here, we show that proteome profiles of ex-
tracellular vesicles (EVs) secreted by different classes of breast cancer cell lines, 
are highly indicative of their respective molecular subtypes, even more so than 
the proteome changes within the cancer cells. By extensive analyses of EVs from 
breast cancer cells, we detected molecular evidence for subtype-specific biological 
processes and molecular pathways, hyperphosphorylated receptors and kinases 
in connection with the disease (ERBB2, ERBB3, EGFR, MET, ERK1. GSK3), and com-
piled a set of protein signatures that closely reflect the associated clinical patho-
physiology. These unique features revealed in our work, replicated in clinical mate-
rial, collectively demonstrate the potential of secreted EVs to differentiate between 
breast cancer subtypes and show the prospect of their use as non-invasive ‘liquid 
biopsies’ for diagnosis and management of breast cancer patients.

Keywords
extracellular vesicles; mass spectrometry; proteomics; triple negative breast can-
cer; HER2-positive breast cancer; biomarkers; diagnostic; subtype stratification

Introduction 

In the last decade, circulating exosomes and/or microvesicles, collectively 
termed extracellular vesicles (EVs), have attracted great interest as a novel mode 
of intercellular communication in both physiological and pathological conditions 
[1]. EVs are heterogeneous populations of nano-sized cell-derived membrane ves-
icles that are constantly released by a variety of cell types into the extracellular 
environment. These vesicles transfer proteins, lipids and nucleic acids from a cell 
of origin to recipient cells and play a crucial role in cell-to-cell communication [2]. 
Importantly, EVs are present in accessible biological fluids such as blood, urine, 
saliva and breast milk, and reflect a molecular fingerprint of the releasing cell type, 
enabling a molecular readout of practically all organs in the body. [3, 4]. For in-
stance, cancer-derived EVs have been shown to contain tumor-specific molecules 
that promote cancer progression, invasion and metastasis, remodeling of the tumor 
microenvironment and angiogenesis [5-8]. In further support of paracrine signaling 
function, a large body of evidence suggests that cancer cells secrete significantly 
more EVs than non-cancerous cells [9]. Thus, profiling EV contents directly from 
patient derived body fluids could provide clinically useful information and serve 
as a promising noninvasive diagnostic and stratification tool. In addition, in-depth 
analysis of the EV molecular cargo could potentially yield higher sensitivity and 
specificity than sampling from whole plasma, as cancer-derived EVs are likely to 
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be enriched in diagnostically relevant molecules, which are not detectable upon 
mixing with highly abundant blood proteins. Finally, extracellular vesicle content is 
highly stable for extended periods, due to the EV lipid bilayer that protects the car-
go from degradation by extracellular proteases and other enzymes [10, 11], thereby 
making clinical diagnostics more robust.

In this study we set out to explore the possibility of EV proteins to dis-
criminate between different cancer types or even subtypes of the same cancer, 
which would considerably increase the potential of EVs as an accessible biomark-
er source. Breast cancer (BC) is one of the most commonly diagnosed cancers in 
women with nearly 1.7 million new cases and more than half-a-million deaths occur-
ring each year worldwide [12]. BC is highly heterogeneous and can take on distinct 
pathological features and clinical implications depending on the molecular subtype 
[13]. In routine clinical practice, breast tumors are treated differently depending  on 
the expression levels of estrogen receptor (ER), progesterone receptor (PR) and 
the human epidermal growth factor receptor HER2/ERBB2 [14], and each subtype is 
associated with different treatment responses and clinical outcomes. 

Amongst the well-documented BC subtypes, HER2-positive and triple neg-
ative (defined by the absence for expression of ER, PR, HER2/ERBB2) breast tu-
mors present distinct challenges in diagnosis and therapeutic needs. For instance, 
HER2-positive tumors can be treated rather effectively with HER2-blocking anti-
bodies if the HER2 amplification is diagnosed accurately [15]. Triple negative breast 
cancer (TNBC), on the other hand, has an especially poor prognosis. These tumors 
are currently lacking targeted therapies and are limited only to conventional che-
motherapy options, which are most effective if administered in a timely manner [16, 
17]. This molecular distinction makes accurate classification prior to treatment criti-
cal for positive therapeutic outcome.

Current BC diagnostic methods (mammography, breast ultrasound, and 
MRI) have boosted early detection, however, these tests can often be ambiguous 
and have documented drawbacks. For example, mammography is associated with 
poor detection of cancers in dense breasts, high rates of false positives leading to 
unnecessary biopsy testing, and over-diagnosis resulting in aggressive treatments 
of malignancies that may not progress during the individual’s lifetime [18, 19]. As 
such, there is still a shortage of reliable blood-based BC biomarkers for non-inva-
sive and robust diagnosis, classification, response prediction and prognostic mon-
itoring of breast cancer [19, 20]. In this respect, extracellular vesicles have high 
prospects as potential “liquid biopsy” [21, 22]. 

In breast cancer, analysis of blood-circulating extracellular vesicles holds 
great promise for early detection and diagnosis. A growing number of studies sug-
gest that BC-derived EVs are enriched in various cancer-associated molecules such 
as oncogenic proteins (HER2, EGFR, FAK, survivin, EMMPRIN, CD24 and EpCAM) 
and miRNAs compared to healthy controls [23-27]. Over the past years, the use of 
mass spectrometry (MS)-based proteomics technologies enabled in-depth EV pro-
teome profiling, which led to the discovery of an increasing number of EV proteins 
with altered expression in patients with BC compared to healthy controls. Recent 
work by Chen et al. reported more than 100 phosphoproteins to be significant-
ly higher in BC plasma-derived extracellular vesicles [11]. Additionally, glypican-1 
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(GPC1), fibronectin and the developmental endothelial locus-1 (EDIL3) are highly 
abundant in EVs isolated from the peripheral blood of BC patients compared to 
healthy individuals [28-31]. 

However, while these studies nicely demonstrate the potential of blood-de-
rived EVs as potential biomarker source, they did not use matched case-controls, 
including different cancer types or specific cancer subtypes. Therefore, currently 
reported BC-biomarkers are mostly generic cancer markers, lacking in specificity 
towards breast cancer. Furthermore, to the best of our knowledge, none of these 
studies has reported a clear correlation between the EV-associated protein bio-
markers and the molecular subtypes of breast cancer. In this study, we focus on 
defining EV-subtype-specific signatures that could play a role in noninvasive diag-
nostic testing. To this end, we profiled the proteomes of extracellular vesicles se-
creted by breast (cancer) cell lines with a special emphasis on the TNBC and HER2 
subtypes. Moreover, to further understand paracrine oncogenic signaling mediated 
through EVs, we performed a comprehensive EV phosphoproteome analysis, re-
vealing differential phosphorylation status of protein kinases in EV subtypes.

Remarkably, our data revealed very distinct proteomic profiles across the 
different cell lines EVs that reflect the unique biology of its breast cancer subtype. 
We show here that the EV proteomes cluster based on their respective molecular 
subtypes where the full cellular proteomes do not enable BC subtyping. Our EV 
proteomes provide extensive information on subtype-specific biological processes 
and molecular pathways and reveal protein signatures unique to each subtype, with 
the distinct advantage of having positive markers for the TNBC tumors. Importantly, 
these in vitro molecular signatures remain valid in a full proteome context, and also 
specifically in serum derived EVs of BC patients but not normal, CRC or NSCLC pa-
tients, indicating the potential of the herein presented findings for BC classification 
and biomarker discovery.  

Results 

Extracellular vesicles isolation and characterization

In this study, we sought to identify protein signatures in extracellular vesi-
cles that may be used as biomarkers for breast cancer diagnosis, subtyping and dis-
ease monitoring. To profile the (phospho)proteomes of breast cancer-derived EVs, 
we isolated EVs secreted from 9 different breast cancer cell lines; one-low grade 
luminal-type non-metastatic breast cancer cell line (MCF7), four triple negative 
(Hs578T, BT549, MDA-MB-231, LM2) and four HER2 positive/ER negative (HCC1954, 
HCC1419, JIMT1, SKBR3). In addition, EVs derived from a cell line considered as re-
sembling normal breast epithelial cells (MCF10A) were studied as a benign control 
(Fig. 1A). The EV isolation workflow including the subsequent mass spectrometry 
analysis steps is illustrated in Fig. 1B, and further detailed in the Materials and Meth-
ods section. As shown in Fig. 1C, EVs purified from MDA-MB-231 cells were mostly 
in the expected diameter range of 100-140 nm, validating the high selectivity of EV 
preparations. Moreover, by comparing the proteins extracted from EVs against the 
MDA-MB-231 total cell lysate on SDS-PAGE, we observed distinct proteomic profiles 
between the two lysates, indicating a different EV protein composition (Fig. 1D). In-
gel digestion and MS analysis of the most prominent protein bands identified mem-
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bers of the 14-3-3 protein family (~30 kDa), and PPIA, profilin and S100A proteins 
(~10 kDa), which are known to be highly enriched in EVs (within the top 100 most 
often published EV markers described in public EV databases). Finally, Western blot 
detection showed that EV lysates are highly enriched for CD81, a known marker for 
exosomes (Fig. 1E). Collectively, these data demonstrate a selective enrichment of 
EVs from cell culture conditioned media. 

Proteome profiling of extracellular vesicles 
To compare EV protein contents across 10 breast (cancer) cell lines, isolat-

ed EVs (n=4) were digested in-solution and analyzed by liquid chromatography-tan-
dem mass spectrometry (nanoLC-MS/MS) on a high-resolution mass spectrometer 
(Q Exactive HF). In total, we identified 4992 vesicular proteins (1% FDR) from all 
EVs isolated across 10 cell lines. Next, we applied retention time alignment and 
label-free quantification, and, to ensure confidence, we selected 4676 proteins that 
were quantified in at least three out of four biological replicates for subsequent 
analyses (Fig. 2A; ‘quantified protein groups’). Interestingly, despite equal injection 
amounts and comparable total intensities during MS analysis, the number of pro-
teins detected in the EVs secreted from the TNBC cell lines was consistently lower 
compared to the rest. This was however not due to difference in dynamic range 
(Supplementary Fig. 1), suggesting TNBC EVs comprise a less diverse protein con-
tent. 

Following this initial selection step, we took this highly confident set of EV 
proteins and cross-referenced it with two publicly available extracellular proteome 
databases (‘Vesiclepedia’ and ‘Exocarta’) This analysis shows that >90% of our iden-
tifications have been previously implicated in extracellular function (Fig. 2B) and we 
additionally identified another 384 proteins that were not previously documented 
to exist in EVs. 

To gain functional insight into the proteomic cargo in purified EVs, we per-
formed gene ontology (GO) analysis using the DAVID database v6.7. For this, we 
obtained the whole cell proteomes of all the 10 breast (cancer) cell lines, which 
we used as background to obtain GO enrichments (Fig. 2C).  Proteins identified 
from EVs were strongly enriched in the cellular components “vesicle” (n=1554, 
p-value=6.98E-98) and “extracellular vesicle” (n=1350, p-value=1.18E-95), further 
confirming the efficient EV isolation. Interestingly, biological processes relating not 
only to “transport”, “cell-cell adhesion” and “cell communication”, but also “signal 
transduction” and “cell migration” were significantly enriched, accurately reflecting 
the established role of EVs in mediating breast cancer intercellular signaling (Fig. 
2C) [5, 26]. 

Amongst the 4676 proteins quantified across all measurements, we found 
several proteins to be commonly identified in the EVs from all 10 cell lines, com-
posing likely the core EV proteins needed for conserved EV function. These in-
clude known EV proteins such as 14-3-3 proteins, integrins, annexin proteins, and 
cytoskeletal proteins that are needed to mediate EV formation, orchestrate binding 
to recipient cell, and direct fusion with recipient cell plasma membrane (Supple-
mentary Fig. 2). Within this core EV proteome, we also identified various tetrasp-
anins (CD63, CD81 and CD9), as well as Alix (PDCD6IP) and syntenin-1 (SDCBP), 
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which have a documented role in exosome release. The enrichment of each of 
these markers in the EV lysates relative to the whole cell lysates is shown in Fig. 
2D. While Alix has been used as an EV-specific marker to assess EV purity [32, 33], 
we detected also high levels of Alix from total cell lysates, suggesting that Alix may 
not be a suitable marker in the context of breast cancer. Finally, to further assess 
the purity of EV isolation from common co-isolated contaminants, we also evaluat-
ed the abundance of negative EV markers such as the apolipoproteins A1/2 and B 
(APOA1/2, APOB) and albumin (ALB) (Supplementary Fig. 3) [34]. 

Figure 1. Extracellular vesicle isolation and characterization.  A. Cell lines used for EV iso-
lation. B. EV isolation and (phospho)proteomics workflow. C. Cryo-EM images of purified 
MDAMB231 EVs and size distribution of the isolated vesicles determined using ImageJ soft-
ware. D. Comparative SDS-PAGE profile of a whole cell lysate and an EV lysate. E. Western 
blot of exosomal marker CD81 in the MDAMB231 EV lysate and whole cell lysate. 
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Figure 2. Mass spectrometry-based profiling of EV proteomes. EVs from 10 breast (cancer) 
cell lines (each n=4) were analyzed by MS. A. Bar plot of the total number of identified (black) 
and quantified (grey) proteins in EVs from each cell line. B. Venn diagram of proteins iden-
tified in the EV samples compared to proteins annotated in the Exocarta and Vesiclepedia 
databases. C. Gene ontology enrichment analysis of the EV proteins identified using the 
DAVID database. D. Heatmap illustrating the enrichment of exosomal protein markers in the 
EVs compared to the whole cell lysates based on their relative abundances.
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EV proteomes reveal BC molecular subtype

To assess similarities and differences in the EV profile of these 10 different 
EV populations on a global scale, we next performed principal component analysis 
(PCA). As shown in Fig. 3A, all TNBC cell lines cluster together, and segregate away 
from the HER2-positive cell lines. In addition, within the same cell line, all biological 
replicates of EV proteomes cluster tightly together, again demonstrating the high 
reproducibility of EV isolation and robust label-free MS quantification. In agreement 
with PCA, unsupervised hierarchical clustering of the Pearson correlations showed 
segregation of the EV proteomes into two main clusters based on the breast cancer 
subtypes (Fig. 3B), where the correlations between biological replicates generally 
exceeded 0.9. Collectively, these analyses demonstrate that proteomic cargo in EVs 
indeed carry significance in BC subtype stratification and that deeper elucidation 
of these exported proteins may aid in better understanding of BC disease etiology.

Next, we set out to define signatures presenting differential protein abun-
dance in EVs derived from either TNBC or HER2-positive breast cancer cells. By 
unsupervised hierarchical clustering of 2299 ANOVA significant (FDR 5%) differen-
tial proteins (Fig. 3C, left), TNBC cell lines formed a distinct cluster (red) while the 
HER2-positive cell lines formed another major cluster (green), albeit closer to the 
ER/PR-positive MCF7 (blue) and benign MCF10A (orange) cell lines. Remarkably, 
numerous subtype specific protein clusters that reflect BC etiology were evident 
from the heatmap. Gene ontology analysis within TNBC-specific protein clusters 
(Fig. 3C, right) revealed that TNBC-EVs were significantly enriched with proteins 
involved in metastatic processes such as “extracellular matrix organization”, “cell 
migration” and “angiogenesis”. All these pathways recapitulate the highly invasive 
and metastatic nature of TNBC. On the other hand, EVs from the HER2-positive 
breast cancer cells were significantly enriched in proteins that function in “cell-cell 
adhesion”, “translation initiation” and the “ERBB2 signaling pathway”, which reflect 
the biology of HER2 tumors and their proliferative nature, as evident by the strong 
enrichment in terms related to increased protein synthesis, a process that has been 
associated with cell proliferation, a hallmark that is common to HER2 positive tu-
mors [14, 35, 36].

Gene set enrichment analysis (GSEA) further revealed that TNBC EVs were 
strongly enriched in gene sets linked to aggressive signaling pathways promot-
ing cancer cell migration, invasion and metastasis. These included the pathways 
“epithelial-mesenchymal transition”, “TNFa signaling via NFkB”, “ECM-receptor in-
teraction” and “angiogenesis” (Supplementary Table 1). HER2-positive EVs, on the 
other hand, showed enrichment in gene sets controlling metabolism, proteasome 
regulation and translation initiation (Supplementary Table 1). The profiles of these 
most enriched gene sets are shown in Figure 3D. 
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EV phosphoproteome

 Since phosphoproteins have recently been identified in EVs [11], we next 
sought to profile our BC EVs for phosphorylated proteins, in search of phosphory-
lated signaling molecules that can execute or amplify signaling function directly in 
the recipient cell. Using a phosphopeptide enrichment strategy described previ-
ously [37], we detected a total of 25,800 phosphosites (10,443 phosphopeptides), 
of which 15,264 had a localization probability over 0.75, were mapped to 2,305 
proteins. Of these phosphosites, 4,602 could be quantified in at least 3 out of 4 
replicates across all EV samples (Supplementary Fig. 4A). By comparing the current 
phosphoproteomics dataset against publicly available databases (Vesiclepedia, 
Exocarta), 300 phosphoproteins were detected for the first time in EVs (Supple-
mentary Fig. 4B). Interestingly, an over-representation of phosphorylated tyrosine 
residues was observed (3% vs <1% in cellular phosphoproteomes) (Supplementary 
Fig. 4C), in agreement with previous reports [11, 38]. We found that a significant por-
tion of the phosphorylated EV cargo originates from the plasma membrane (e.g. cell 
adhesion and cytoskeletal proteins as well as membrane receptors, phosphatases, 
etc.), alluding to the exciting possibility that EVs incorporated by recipient cells may 
directly impart signaling function, bypassing the need for initiating phosphoryla-
tions on membrane receptors. Potential processes that may be mediated through 
transfer of EV phosphoproteins include “cytoskeleton organization”, “signal trans-
duction”, “cell motility” and “cell migration” (Supplementary Fig. 4D). 

To further understand the role of these phosphoproteins in EV uptake, re-
lease and potential inter-cellular signaling, we annotated the EV phosphoproteome 
for interaction pathways using the Reactome Cytoscape Plugin (FDR<0.001) [39]. 
The phosphoproteins identified feature in functional pathways including signal-
ing by Rho GTPases, integrins and various protein kinases (Met, EGFR, ErbB and 
EPH-Ephrin). Since activated protein kinases may continue to function and amplify 
phosphorylation-driven signaling upon uptake into recipient cells, we focused our 
analyses on the phosphorylated protein kinases detected in our dataset (101 kinas-
es, 243 phosphosites). Three dominant classes of phosphorylated kinases were 
identified from EVs: (I) receptor tyrosine kinases (e.g. ERBB2, EPHA2, AXL, MET, 
EGFR); (II) non-receptor tyrosine kinases (e.g. SRC, PTK2, YES1, LYN); (III) MAP ki-
nases (e.g. ERK1 (MAPK3)). We visualized in PhosphoPath [40], with quantitation, the 
most prominent kinase signaling pathway identified from TNBC and HER2-positive 
EVs. In EVs from TNBC (Fig. 4A), the active protein kinases enrich strongly for the 
“focal adhesion-PI3K-Akt-mTOR signaling pathway (p-value = 2.88E-06). HER2-pos-
itive EVs, on the other hand, contain active kinases in the ErbB signaling pathway 
(p-value = 1.13E-08), as exemplified by hyperphosphorylations of ERBB2, ERBB3 and 
PAK4 (Fig. 4B).

Interestingly, many of the up-regulated phosphosites are critical in kinase 
activation and further downstream signaling. For instance, we detected EPHA2 hy-
perphosphorylations (Y588/Y594; Y735) in the EVs. These are key binding sites for 
other downstream signaling molecules (e.g. VAV2/3 GEFs and p85) and are critical 
for EPHA2-mediated angiogenesis and migration [41]. We also detected autophos-
phorylated EGFR C-terminus (Y1197, Y1172), a critical region of EGFR that induces 
downstream ERK signaling through recruitment of SHC and GRB2 [42-44]. As an-
other example, ERBB2 phosphorylations in the kinase domain (Y877) [45], in the 
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SHC-interacting domain (Y735) [44] and at T701, a site of feedback regulation by 
ERK1/2 [46] were detected all from EVs. These data together present exciting evi-
dence that apical kinases in activated forms may be transferred to recipient cells to 
hijack signaling regulation. 

Encouraged by the observation of EPHA2, EGFR and ERBB2 phosphory-
lation, we next assessed the prevalence of activated kinases in EVs. Many kinases 
contain a well-defined region, called the t-loop, whose phosphorylation is required 
for enzymatic activation [47]. We searched in the EV-phosphoproteome for phos-
phorylated peptides that contain t-loop activating sites as a proxy for kinase ac-
tivation. In addition to EPHA2 (t-loop Y772), we also found activated MET (t-loop 
Y1234/1235), CDK7 (t-loop T170), CDK12 (t-loop T893) and ERK1 (t-loop Y204) in 
EVs, with their phosphosites unambiguously localized. In addition, we also found 
the phosphorylated T-loops of numerous other kinases that share the same peptide 
sequence in the t-loop and were thus not distinguishable only with t-loop containing 
peptides. These include DYRK2/DYRK4, GSK3A/GSK3B and YES1/FYN/LCK/SRC. 
Nonetheless, it was evident that EVs contain many activated kinases that could po-
tentially further alter paths of phosphorylation signaling in the recipient cell. 
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Figure 4. BC Subtype-specific EV protein kinase networks. A. Components of the Focal 
adhesion-PI3K-Akt-mTOR signaling pathway and B. Components of the ErbB signaling path-
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Subtype-specific EV protein signatures 
Given the ability of EV contents to distinguish BC subtypes, and the ob-

served strong gene set enrichments that reflect cancer etiology (Fig. 3), we next pro-
ceeded to extract specific signature proteins that could serve as BC subtype-spe-
cific biomarkers in circulation. To this end, we found in total 64 proteins that were 
significantly more abundant in TNBC-EVs, and 73 proteins that were instead more 
abundant in the HER2 positive EVs (Fig. 5A). The levels of these signature proteins 
were largely conserved across cell lines of the same BC subtype. TNBC-specific 
signature proteins featured prominently angiogenesis (PLAU, ADAM9, EPHA2), cell 
motility and cell migration (VIM, AXL), and integrin binding (ITGA5, TIMP2), whereas 
HER2-positive signature proteins functioned mainly in ERBB signaling (GRB7, SHC1), 
translation (EIFs) and axon guidance (DNM2, PIK3R1) (Fig. 5B).    

Since strong differentiating properties emerged from EVs of different BC 
cell-lines, and these corroborated very well with the clinical phenotype of tumors 
driven by these etiologies, we additionally wanted to verify the presence of the se-
lected markers in the corresponding whole cell proteomes. Label-free quantification 
resulted in 5,581 protein groups being quantified across the 10 cell lines, after filter-
ing the data for at least two valid values out of three replicates. Interestingly, both 
PCA analysis and hierarchical clustering of the Pearson correlations did not show 
a distinct clustering of the cell lines based on their respective subtype, nor did un-
supervised hierarchical clustering of the significantly changing proteins (FDR<0.05) 
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Figure 5. BC subtype-specific EV biomarker signatures. A. Heatmap of subtype-specific 
EV protein markers (z-scored medians). B. Functional enrichment analysis of the TNBC 
and HER2-positive EV subtype signatures using the ToppCluster tool (FDR correction, 
p-value < 0.05) [57].  
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(Supplementary Fig. 5A, B). However, when we extracted the EV signature proteins 
intensities from the whole cell lysate proteomes for hierarchical clustering (67/73 of 
the HER2-specific markers and 47/64 of the TNBC-specific markers identified in the 
whole cell lysates) we could observe segregation into the classical breast cancer 
subtypes (Supplementary Fig. 5C). These data provide further support that EVs are 
representative of tumor cells and that EV protein profiles have higher potential di-
agnostic power than tumor biopsies, making circulating EVs superior non-invasive 
diagnostic and stratification surrogates.

Mapping of subtype-specific EV signatures in human serum EVs

To confirm the validity of our proteomic findings and strengthen their po-
tential utility and translation towards clinical applications, we next sought to verify 
the trends in EV signature proteins in circulating EVs derived from a small cohort 
of TNBC- and HER2-positive breast cancer patient serum samples (5 patients/sub-
type). Moreover, to assess the specificity of our signature proteins to breast cancer 
we included in our comparative analysis serum derived-EVs from 5 healthy donors, 
5 colorectal cancer (CRC) and 5 lung cancer patients (NSCLC) as well. 

The EV enrichment was performed similarly by differential ultracentrifuga-
tion, however, the EV yield was not always high in every sample (Supplementary 
Fig. 6). This, we believe, is largely due to long-term storage of the frozen serum 
samples that were not intended initially for this study, and/or due to sample han-
dling (e.g. additional freeze-thaw), which could have impacted EV stability and iso-
lation. Despite this, a subpanel of the BC subtype specific EV markers could still be 
confidently validated in patient derived EVs (Supplementary Table 3). More impor-
tantly, as it can be seen from Figure 6, the summed intensities of the TNBC- and 
HER2-signature proteins detected per patient sample, showed prominent specifici-
ty of the EV-protein signatures for the respective breast cancer subtypes. Although, 
in the case of the HER2-signature the protein markers were poorly detected in two 
out of five HER2 patient samples, where general EV protein yield was low (light 
green triangles). Some representative TNBC-signature proteins included EPHA2, 
DNAJA1, PABPC1 and NRP1, which showed higher expression levels in the patient 
TNBC-EVs compared to the HER2-positive EVs. Similarly, ERBB2, GRB7, EIF3H and 
ARFGEF2 were amongst the most discriminative protein markers for the HER2-pos-
itive patient serum derived-EVs.  We envision that EV isolation from fresh plasma in 
future experiments could only further improve the detection sensitivity, and hence 
subtype-specific BC diagnostic power.

Altogether, these findings indicate that breast cancer subtyping using ex-
tracellular vesicles is feasible and that our proteomic data can serve as the basis 
to develop clinical diagnostics towards enabling better BC therapeutic decisions. 
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Figure 6. Mapping of the EV subtype-specific signature proteins to human serum-derived 
EVs. Summed intensities of a subpanel of the TNBC- and HER2-signature proteins identified 
per patient-derived EVs. Comparison of protein expression levels in each cancer type and 
healthy controls are given for four selected proteins per subtype-signature proteins (z-scored 
normalized Log2 intensities). Light green triangles indicate low EV protein yield.
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Discussion
 In recent years, EVs have gathered interest as potential non-invasive 

liquid biopsies [48]. This is largely due to the realization that EVs are capable of 
transferring disease related signaling molecules, and the increased capabilities of 
detecting such disease-associated molecules present at extremely low amounts, 
and from highly complex backgrounds such as patient plasma or serum [10]. Here, 
we explored the potential of using EVs as circulating biomarkers for the detection 
and classification of breast cancer by comparing extensively the EV cargo proteins, 
phosphoproteins and protein kinases from 10 breast (cancer) cell lines. Unsuper-
vised hierarchical clustering of differential protein expression between TNBC and 
HER2 cell lines revealed numerous subtype specific protein clusters that reflect BC 
etiology. TNBC-EVs were significantly enriched with proteins involved in metastatic 
processes while EVs from the HER2-positive BC subtype were significantly enriched 
in proteins that function in cell proliferation. Moreover, our phosphoproteomics data 
revealed the exciting possibility that EVs may directly transfer activated signaling 
proteins, bypassing the need to be first phosphorylated in the recipient cell prior to 
downstream signaling. We postulate that phosphoproteins transferred to recipient 
cells may be directly functional; with some of these phosphorylated proteins being 
hyperphosphorylated receptors (e.g. ERBB2 and 3, EGFR) or activated kinases to 
begin with (e.g., MET, ERK1, GSK3). In this respect, our phosphoproteomics dataset 
is one of few available resources that can be further explored for candidates that 
regulate paracrine signaling, which plays a vital role in colonizing distant sites. In 
line with this hypothesis, a number of recent studies have showed direct transfer of 
activated receptors and subsequent downstream signaling activation in the recipi-
ent cells [8, 49, 50].

To achieve the goal of subtype-specific BC detection, we selected from our 
BC subtype specific EV proteomes, 64 TNBC and 73 HER2-positive EV proteins, 
which can be used as potential signatures for diagnostic and/or stratification be-
tween different breast cancer subtypes, illustrating disease etiology considerably 
better than whole-cell proteome signatures. These markers are not only indicative 
of BC subtypes, but also seemingly reflect the well-documented differential inva-
sive or proliferative nature of TNBC and HER2-positive breast cancers, respectively 
[51-53]. Part of the marker panels we report here overlap with a comprehensive pro-
teomics study of 40 breast tumors published previously [54]. Tyanova et al. showed 
that HER2-positive breast tumors also express high intracellular ERBB2 and GRB7. 
This provides cross-verification that high EV ERBB2 and GRB7 might have origi-
nated from intracellular over-expression of these proteins. In addition, four TNBC 
markers (AGR2, HID1, MLPH, STMN1) we found regulated in EVs were also in agree-
ment with the trends reported by Tyanova et al. We were intrigued that, other than 
these 6 markers, no additional overlapping trends were found with the rest of their 
19-signature proteins, hinting at selective packaging of tumor proteins into EV cargo 
and in line with our in vitro data on whole-cell proteomes. This observation further 
highlights that EV profiling can open up a fresh avenue in BC diagnosis, with the 
potential to uncover novel biomarkers that will not be identified even in extensive 
tissue cancer proteomics. 

The subtype-specific BC biomarker signatures we had identified existed 
not only in EVs from cells cultured in vitro, but also in HER2-positive and TNBC 
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patient serum samples. Although serum sample collection and storage were not op-
timized for EV collection, this lowered the EV protein recovery somewhat for some 
patients, we could still confidently identify numerous BC subtype signature proteins 
from our panel. Even more promising was the observation that summing the inten-
sities of all TNBC- and HER2-signature proteins detected per patient sample could 
further improve the specificity of EV-protein signatures for the respective breast 
cancer subtypes. We believe the strength of the signatures is partly derived from 
the fact that these were obtained in a relatively clean environment (cultured cell 
lines), preventing ‘contamination’ by other cell types. This resulted in a truly BC sub-
type-specific EV protein signature, which we could partly confirm in real-life patient 
samples. Moreover, the multi-protein character of the signatures is eminently suited 
to deal with patient heterogeneity, where EV protein composition and abundances 
will be highly variable, resulting in high variability of their detection. As shown here, 
the summing of those signature-proteins that were observed in the highly variable 
patient-specific background, does show enrichment in their respective BC subtype. 

The data presented herein thus provides a proof-of-concept of the utility 
of EV biomarkers in BC subtyping. With the data presented in this work, the goal is 
next to validate the trends we observed in larger cohorts of (fresh) plasma-derived 
EVs, to establish the associated diagnostic and clinical value. As pointed out by 
recent studies aiming to identify novel liquid-biopsy signatures in other cancers, 
such as prostate and sarcoma, the biggest challenge in implementing the identified 
biomarker signatures in clinical use lies in their further validation and verification in 
large prospective studies [55, 56]. Moreover, we envision the molecular subtyping 
of EVs presented here as a promising option, equally applicable in other cancer 
sub-classifications, which may form the bases for future studies. Our current study 
is thus the first step, which we believe provides convincing evidence that analysis of 
the EV-proteomic cargo and the associated molecular pathways have strong poten-
tial for identifying circulating biomarker signatures for diagnosis and management 
of diseases such as cancer. 

Methods

Cell lines and cell culture

MDAMB231, BT549, Hs578T, MCF7, SKBR3, HCC1419, HCC1954 (obtained from the 
ATCC), LM2 and JIMT1 (provided by The Netherlands Cancer Institute, NKI) were 
cultured in DMEM supplemented with 10% FBS (v/v), 100 U ml-1  penicillin, 100 µg 
ml-1 streptomycin and 100 µg ml-1 L-Glutamine. MCF10A cells (ATCC) were grown 
in DMEM/F12 supplemented with 5% (v/v) horse serum, 20 ng ml-1 EGF, 0.5 mg ml-1 
hydrocortisone, 10 μg ml-1 insulin and 100 ng ml-1 cholera toxin. All cells were main-
tained in a humidified incubator at 37o C with 5% CO2. All cell lines have been test-
ed for mycoplasma contamination.

Serum samples collection 

Frozen serum samples from female patients diagnosed with triple-negative breast 
cancer, HER2-positive breast cancer, colorectal cancer and non-small-cell lung car-
cinoma were obtained from the general clinical laboratory at the Netherlands Can-
cer Institute, after approval by the local Institutional Review Board. Plasma samples 
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from healthy volunteers were obtained after informed consent and in accordance 
to the ethics board of Sanquin. For each cancer type and healthy controls we re-
ceived frozen serum samples from five individuals. All breast cancer patients were 
diagnosed with stage 3 or 4 breast cancer. All colorectal and lung cancer patients 
were stage 4. Inclusion criteria for healthy female control donors were a negative 
medical history for any malignant disease and a minimum of 40 years of age. All 
blood samples were taken before treatment, except for one HER2-positive breast 
cancer patient who received PTC-pertuzumab treatment prior to blood collection.

Extracellular vesicle isolation from cell lines

Cell lines. Bovine EV-depleted media was obtained by overnight ultracentrifugation 
at 100,000 x g, at 4oC, in a medium supplemented with 20% FBS (in a Sorvall T-865 
rotor). For EV isolation, cells were left in culture until they had reached 70-80% 
confluency, washed 3 times with PBS, and further cultured in EV-depleted medium 
(10% EV-depleted FBS final) for 48 h before collection of the conditioned medium 
for EV purification. EVs were isolated by differential ultracentrifugation as previously 
described by Thery et al. with some modifications [58]. Briefly, conditioned medium 
(120 ml; 6 x 15 cm dishes per replicate) was centrifuged at 300 x g for 10 min to 
pellet cells. Then, the supernatant was centrifuged for 40 min at 10,000 x g in a Sor-
vall T-865 rotor to pellet apoptotic bodies, cellular debris and large microvesicles. 
The collected media was ultracentrifuged at 120,000 × g for 2 h to pellet smaller 
extracellular vesicles, including exosomes. Finally, the EV pellet was resuspended 
in PBS, carefully washed and centrifuged at 120,000 × g for 2 h to collect the final 
EV pellets. All centrifugation steps were performed at 4oC. 

EV isolation from human serum samples. Circulating EVs from frozen serum sam-
ples were isolated as described above. Approximately 3ml of cell-free serum per 
patient were thawed on ice. Then, the serum was diluted with 17ml PBS and was 
centrifuged at 10,000 x g for 40 min. EVs were then harvested by ultracentrifugation 
at 120,000 × g for 2 h at 4oC. Next, the EV pellet was washed in PBS followed by a 
second step of ultracentrifugation at 120,000 × g for 2 h at 4oC.

Cryo-electron microscopy

For the preparation of thin vitrified specimens, a 3μl drop of the sample was trans-
ferred to a glow discharged Quantifoil micromachined Holey Carbon (R 2/2) TEM 
grid (Quantifoil Micro Tools GmbH, Jena, Germany) and placedheld by the Vitrobot 
mark IV tweezer (FEI, Eindhoven, The Netherlands). The temperature in the Vitrobot 
chamber was set at room temperature (25°C) and the humidity to 100%. Excess of 
the sample was removed by blotting filter papers and the grid was immediately fro-
zen in liquid ethane and transferred into a Tecnai20 LaB6 electron microscope (FEI, 
Eindhoven, The Netherlands). The specimen’s temperature was held below -165°C 
during the whole procedure to prevent ice formation. An Eagle 4k × 4k CCD camera 
(FEI, Eindhoven, The Netherlands) was used to record micrographs of the vesicles, 
which was done in Tif format with a nominal under focus of 3 μm. Vesicle diameter 
was measured using the ImageJ software. 
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Western blot analysis

EVs and cells were lysed by Urea buffer (8M urea buffer in 50 mM ammonium bi-
carbonate pH 8.5, Complete mini EDTA-free protease inhibitor cocktail (Roche), 
PhosSTOP phosphatase inhibitor cocktail (Roche)) and protein concentration was 
determined using a Bradford assay (Bio-Rad). Immunoblotting was performed using 
a 12% Criterion XT precast gel (Bio-Rad) and a 0.45 μm nitrocellulose membrane 
(Bio-Rad Laboratories). The mouse monoclonal antibody CD81 (5A6, Santa Cruz 
Biotechnology, Santa Cruz CA), was used as a primary antibody. Protein detection 
was performed using ECL agent (Pierce) and a GeneGnome scanner (Syngene) for 
chemiluminescence imaging.

Sample preparation for proteomics analysis

Purified EV pellets were lysed in Urea lysis buffer (8M urea buffer in 50 mM am-
monium bicarbonate pH 8.5, Complete mini EDTA-free protease inhibitor cocktail 
(Roche), PhosSTOP phosphatase inhibitor cocktail (Roche)) and further sonicated 
using a Bioruptor® Plus sonication device (Diagenode) for 15 cycles (30 sec on, 30 
sec off). Whole cell lysates from each cell line were also collected along with the 
EVs for proteome analysis. Cells were harvested, washed twice in PBS and sub-
sequently lysed in urea buffer. Prior to in-solution digestion, the total protein con-
centration was quantified by Bradford assay (Bio-Rad, Hercules, CA, USA) as rec-
ommended by the manufacturer. For label-free quantification, input amounts were 
normalized based on the total protein contents. Subsequently, 30 μg and 100 μg of 
extracted proteins per EV and WCL sample, respectively, were used for (phospho)
proteomics analysis. Proteins were then reduced (4 mM DTT) and alkylated (8 mM 
iodoacetamide) before being digested with LysC (Wako, Richmond, VA, USA) for 4 h 
(enzyme/substrate ratio 1:75) at 37°C. Samples were diluted four times and digested 
further by Trypsin (Promega, Madison, WI, USA) (enzyme/substrate ratio 1:100) at 
37°C overnight. Finally, the digestion was quenched with 5% formic acid and the 
resulting peptides were cleaned-up on SepPak C18 cartridges (Waters Corporation, 
Milford, MA) and further used directly for single run proteome analysis or submitted 
to phosphorylation enrichment. 

Mass Spectrometry analysis

For label-free quantification, 2 μg of each EV and WCL digest were analyzed by 
nanoLC-MS/MS on an Orbitrap Q-Exactive HF Mass Spectrometer (ThermoFisher 
Scientific, Bremen) coupled to an Agilent 1290 Infinity Ultra-High Pressure Liquid 
Chromatography (UHPLC) system (Agilent Technologies), operating in reverse 
phase (C18) equipped with a Reprosil pur C18 trap column (100 µm x 2 cm, 3 µm, 
Dr. Maisch) and a Poroshell 120 EC C18 analytical column (75 µm x 50 cm, 2.7 µm, 
Agilent Technologies). After trapping for 5 min in a flow rate of 0.05 ml/min in 100% 
Solvent A (0.1% FA in H2O), peptides were eluted with a 160 min LC gradient from 
10-36% solvent B (0.1% FA, 80 % ACN) at a flow rate of 300 nl/min. The mass spec-
trometer was operated in data-dependent acquisition mode, automatically switch-
ing between MS and MS2. Full scan MS spectra were acquired using the following 
settings: full-scan automatic gain control (AGC) target 3e6 at 60,000 resolution; 
scan range 375–1600 m/z; Orbitrap full-scan maximum injection time 20 ms. HCD 
MS2 spectra were generated for up to 12 precursors with a normalized collision 
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energy of 27%. The fragment ions were acquired at a resolution of 30,000 (isolation 
window of 1.4 m/z) with an AGC target value of 1e5 charges and a maximum injec-
tion time of 100 ms. The dynamic exclusion was set to 24 s. 

EV phosphopeptide enrichment and MS analysis

Phosphopeptide enrichment was performed using a combination of Fe(III)-IMAC 
cartridges and an automated setup, the AssayMAP Bravo Platform (Agilent Tech-
nologies) as described previously [37]. Briefly, Fe(III)-NTA cartridges were primed 
with 250 μL of 0.1% TFA in ACN and equilibrated with 250 μL of loading buffer (80% 
ACN/0.1% TFA). EV samples containing 25 μg total protein were dissolved in 200 
μL of loading buffer and loaded onto the cartridge. The columns were washed with 
250 μL of loading buffer, and the phosphorylated peptides were eluted with 25 μL 
of 1% ammonia directly into 25 μL of 10% formic acid. Subsequently, the samples 
were dried down in a vacuum centrifuge. Next, phosphopeptides were reconstitut-
ed in loading buffer containing 20 mM citric acid and 1% formic acid and analyzed 
by nanoLC-MS/MS on a Q-Exactive HF (ThermoFisher Scientific, Bremen) coupled 
to an Agilent 1290 Infinity System (Agilent Technologies). As previously described, 
eluted phosphopeptides (amount corresponding to enrichment of 25 μg of total 
EV digest) were delivered to a trap column (100 μm i.d. × 2 cm, packed with 3 μm 
C18 resin, Reprosil PUR AQ, Dr. Maisch, Ammerbuch, Germany) at a flow rate of 5 
μL/minute in 100% loading solvent A (0.1% FA, in HPLC grade water). After 5 min of 
loading and washing, peptides were transferred to an analytical column (75 µm i.d. x 
50 cm, packed with 2.7 µm Poroshell 120 EC C18, Agilent Technologies) and eluted 
at room temperature using an 70 min with an LC gradient from 8% to 32% solvent 
B (0.1% FA, 80% ACN). The Q-Exactive HF was operated in data-dependent acquisi-
tion mode using the following settings: full-scan automatic gain control (AGC) target 
3e6 at 60,000 resolution; scan range 375–1600 m/z; Orbitrap full-scan maximum 
injection time 20 ms; MS2 scan AGC target 1e5 at 30,000 resolution; maximum 
injection time 100 ms; normalized collision energy 27; dynamic exclusion time 12s; 
isolation window 1.4 m/z; 12 MS2 scans per full scan.

Data Processing 

All raw MS files were searched with the MaxQuant software (versions 1.5.8.3 and 
1.6.2.3) [59]. MS/MS spectra were searched by Andromeda against a reviewed homo 
sapiens database (UniProt, March 2017, 20,168 entries) using the following parame-
ters: trypsin digestion; maximum of 2 missed cleavages; cysteine carbamidomethyl-
ation as fixed modification; oxidized methionine, protein N-terminal acetylation, and 
serine/threonine/tyrosine phosphorylation (for the phosphoproteome data analysis 
only) as variable modifications. Mass tolerance was set to 4.5 ppm and 20 ppm for 
the MS1 and MS2 respectively. The protein and PSM False Discovery Rate (FDR) 
were set to 1%. Peptide identifications by MS/MS were transferred between runs to 
replace missing values for quantification, with a 0.7-min window after retention time 
alignment. 
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Bioinformatics 

All data were analyzed using the Perseus software [60], Microsoft Excel and R sta-
tistical software.  Raw intensities extracted by MaxQuant were log2 transformed, 
and normalized by median of replicates for label-free quantification in proteomics 
and phosphoproteomics. Missing values were replaced by imputation according to 
normal distribution with a downshift of 1.8 SDs and a width of 0.3 SDs. Only class 
I phosphorylation sites (localization probability p > 0.75) were used in subsequent 
phosphoproteome analyses. For hierarchical clustering, normalized intensities 
were first z-scored and then clustered using Euclidean as a distance measure for 
column and row clustering. 

 Vesiclepedia (Version 3.1, 2017) and Exocarta (July 2015) were downloaded 
to map previously reported EV proteins [61-63]. Gene ontology (GO) analyses were 
performed with Database for Annotation, Visualization and Integrated Discovery 
(DAVID) v6.8, using all the proteins identified by the whole cell lysate proteom-
ics experiment as background [64, 65]. Gene set enrichment analysis (GSEA) was 
performed using Broad GSEA version 3.0, using gene set collections from the Mo-
lecular Signatures database (MSigDB) v6.1 [66, 67].  Interaction and pathway enrich-
ment of phosphorylated kinases were performed using Cytoscape software plat-
form (version 3.6.1) with the PhosphoPath plug-in [40], with imported data sources 
from PhosphositePlus for kinase-substrate interactions, BIOGRID for protein-protein 
interactions, and WikiPathways for pathway information. The full proteomes were 
used similarly as a background for enrichment. The EV subtype-signature proteins 
were selected by extracting in Perseus the proteins with the most distinct expres-
sion profiles, between the different subtypes. 

Data availability

All mass spectrometry proteomics data have been deposited to the ProteomeX-
change Consortium via the PRIDE partner repository with the dataset identifier 
PXD012162.
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Supplementary Figure 1. EV proteins intensities. Boxplots illustrating the differences in pro-
tein abundances between all EV proteins per cell-line derived EVs.

Supplementary Figures
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Supplementary Figure 2. Common EV markers identified across all EV samples. Enrich-
ment of common EV protein markers measured across all EVs.



70

1

12

Supplementary Figure 3. Protein content-based EV characterization according to the rec-
ommendations of the recently published MISEV2018 guidelines [34]. Heatmap displaying 
the abundance of at least one of each of the three categories of protein markers detected in 
the EV preparations compared to the whole cell lysates. 
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Supplementary Figure 4. EV Phosphoproteome. A. All phosphosites identified and quan-
tified with a localization probability >0.75. B. Overlap between the EV phosphorylated pro-
teins, EV proteins and proteins annotated in the Exocarta and Vesiclepedia databases. C. 
Distribution of identified phosphosites containing serine (pS), threonine (pT) and tyrosine 
(pY). D. Gene ontology enrichment analysis of the EV phosphoproteins. Only top 10 enriched 
terms (lowest p-values) are shown in each ontology.



72

1

12

Supplementary Figure 5. Proteomic profiling of whole cell lysates. A. Principal component 
analysis (PCA) and hierarchical clustering (Pearson correlation) based on protein abundance. 
B. Heatmap of z-scored protein intensities of the differentially expressed proteins (ANO-
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VA, FDR<0.05) C. Heatmap of the protein abundances (z-scored medians) of the TNBC and 
HER2-positive EV subtype-specific signatures as detected in the whole lysates of the differ-
ent cell lines. 

Supplementary Figure 6. EV markers in the serum-derived EVs. Comparison of the most 
common EV markers identified across the different patient-derived EVs. 

Supplementary files 
Supplementary Table 1. GSEA of EV proteins associated with the TNBC and 
HER2-positive subtypes.

Supplementary Table 2. Reactome Pathway analysis of the phosphorylated EV pro-
teins.

Supplementary Table 3. List of a subpopulation of the TNBC- and HER2-EV sub-
type specific signatures quantified in human serum-derived EVs.

Supplementary Dataset 1. EV Protein groups file. List of the quantified EV proteins 
across the different EV samples, including the differentially expressed protein 
groups identified by ANOVA between the different EV subtypes. 

Supplementary Dataset 2. EV phosphoproteome. List of all phosphosites quan-
tified across all EVs with a localization probability >0.75. List of all quantified 
phosphosites of the EV phosphorylated kinases.  

Supplementary Dataset 3. WCL Protein groups file. List of the quantified pro-
teins across the different cell lines. 
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Abstract 

Triple-negative breast cancer (TNBC) is an aggressive subtype of breast 
cancer with very limited therapeutic options. We have recently shown that the com-
bined inhibition of EGFR and ROCK in TNBC cells results in cell death, however, the 
underlying mechanisms remain unclear. To investigate this, here we applied a mass 
spectrometry-based proteomic approach to identify proteins altered upon single 
and combination treatments. Our proteomic data revealed autophagy as the major 
molecular mechanism implicated in the cells’ response to combinatorial treatment. 
In particular, we here show that EGFR inhibition by gefitinib treatment alone induces 
autophagy, a cellular recycling process that acts as a cytoprotective response for 
TNBC cells. However, combined inhibition of EGFR and ROCK leads to autophagy 
blockade and accumulation of autophagic vacuoles. Our data show impaired auto-
phagosome clearance as a cause of antitumor activity. We propose that the inhibi-
tion of the autophagic flux upon combinatorial treatment is attributed to the major 
cytoskeletal changes induced upon ROCK inhibition, given the essential role the 
cytoskeleton plays throughout the various steps of the autophagy process. 

Introduction
Triple-negative breast cancer (TNBC), comprising 10-20% of all breast can-

cers, is an aggressive subtype of breast cancer, which is typically associated with 
poor prognosis. TNBC tumors are immunohistochemically defined by a lack of es-
trogen receptor (ER) and progesterone receptor (PR) expression as well as human 
epidermal growth factor receptor 2 (HER2) amplification and are therefore, insensi-
tive to the established hormonal therapy and/or HER2 targeted treatment. Although 
it is possible to treat TNBC by surgery and systemic therapy, treatment-resistant 
recurrences are common [1]. Despite extensive research, the absence of hormone 
receptors or a common genetic vulnerability has prevented the development of a 
clinically established targeted treatment against TNBC [2]. Therefore, the devel-
opment of new targeted therapies for patients with TNBC are urgently needed [3].

In TNBC, the epidermal growth factor receptor (EGFR) is frequently over-
expressed, making it a potential therapeutic target. Currently, two types of EGFR 
inhibitors are being used in the clinic, small molecular tyrosine kinase inhibitors 
and monoclonal antibodies, which have already proven effective in other types of 
cancers, such as colorectal cancer. Unfortunately, no EGFR therapies are currently 
approved for TNBC because of low response rates, necessitating better markers for 
patient stratification [4] as well as the exploration of combination therapies [5, 6]. In 
this light, two independent studies recently showed great synergistic antitumor ac-
tivity when inhibitors of the RAF-MEK-ERK cascade were combined with autophagy 
inhibition in pancreatic and other RAS-driven cancers [7, 8].

Macroautophagy (hereafter referred to as autophagy) is a highly dynamic 
multi-step biological process of self-cannibalization that involves the degradation 
of damaged organelles, misfolded proteins and long-lived macromolecules in lyso-
somes. This process occurs under basal conditions for example, to degrade long-
lived proteins, but is drastically elevated in cells under stress, such as starvation or 
hypoxia, as a protective mechanism, allowing cells to survive [9]. Autophagy, which 
is characterized by the engulfment of cargo molecules by double-membrane ves-



78

1

12

3 3

icles, called autophagosomes, is an orchestrated process involving several steps. 
It starts with the formation and elongation of the phagophore, which enwraps and 
sequesters portions of the cytoplasm containing autophagic substrates, and then it 
expands through acquisition of lipids, and ultimately seals to generate a completed 
double membrane called autophagosome. Following closure, the autophagosome 
fuses with the lysosome to form the autolysosome, where the sequestered cargo is 
degraded and recycled [10, 11]. 

 In the context of cancer, the activation of autophagy is considered to be a 
double-edged sword. On the one hand, it functions primarily as a tumor suppres-
sor mechanism, by clearing damaged organelles, maintaining cell homeostasis and 
protecting normal cell growth [12]. Conversely, in established cancers, autophagy 
may become a key survival mechanism for tumor cells under a variety of stress-
es. For instance, evolving tumors develop regions of hypoxia and nutrient limita-
tion, and under such harsh conditions, cancer cells adapt by inducing autophagy 
to protect themselves from cell death [13]. Moreover, a growing body of evidence 
suggests that autophagy activation plays a cytoprotective role in cancer cells un-
dergoing various anti-cancer treatments, resulting in poor treatment outcomes and 
the development of treatment resistance [14]. Accordingly, preclinical studies have 
shown that genetic or pharmacological inhibition of cytoprotective autophagy can 
overcome therapy resistance and promote tumor regression [15-17]. 

We previously carried out in vivo and in vitro screens complemented with 
pharmacologic screens to identify drug combinations that effectively impair TNBC 
cell growth. We reported that combined inhibition of EGFR and ROCK induces cell 
cycle arrest in TNBC cells [18]. However, the underlying mechanisms by which co-in-
hibition of EGFR and ROCK induces TNBC cell death remain unclear. Here, we set 
out to elucidate the synergistic effect of the combined treatment using mass spec-
trometry-based quantitative (phospho)proteomics. We employed a two-dimension-
al proteomic strategy by combining offline high-pH reversed phase fractionation 
with nanoLC-MS/MS for deep proteomic profiling in order to identify proteins and 
pathways altered upon single and combination treatments. Interestingly, our data 
showed a significant increase in the expression levels of autophagy-related pro-
teins upon EGFRi-treatment, both at the proteome and phosphoproteome level, 
while combined treatment with EGFRi and ROCKi leads to impaired autophagy, re-
sulting in increased cell death. 

Materials and methods

Cell culture and inhibitors

MDA-MB-231 and Cal120 cells were cultured in Dulbecco’s modified Eagle’s medi-
um (DMEM) supplemented with 10% Fetal Bovine Serum (Sigma), 2mM glutamine, 
0.1mg/ml penicillin and 0.1ml/ml streptomycin (Gibco). HCC1806 and Hs578T cells 
were maintained in RPMI supplemented with glutamine. All cells were maintained in 
a humidified incubator at 37oC and 5% CO2. All cell lines were obtained from ATCC 
and have been regularly tested for mycoplasma contamination. For the (phospho)
proteomics and western blot experiments, drugs were added on the following day 
of seeding. Cells were treated with the inhibitors Gefitinib (EGFRi, MedChem) or 
GSK269962A (ROCKi, Axon) or their combination (EGFRi+ROCKi) using the follow-
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ing concentrations: Hs578T, Cal51, MDA-MB-231, Cal120 and HCC1806 cells were 
treated with 20μM EGFRi. ROCKi concentrations were the following: for Hs578T 
1.2μM, for Cal51 12μΜ, for MDA-MB-231 4.8μM, for HCC1806 2.4μM and for Cal120 
was 30μM.

Sample preparation for mass spectrometry

Cal51 and Hs578T cells were harvested in triplicates in cold PBS after a 2-day treat-
ment with DMSO, EGFRi, ROCKi or combination (EGFRi+ROCKi). The cellular pellets 
were resuspended in lysis buffer containing 1% (w/v) sodium deoxycholate (SDC), 10 
mM TCEP, 40 mM chloroacetamide, 100 mM Tris, pH 8.5, supplemented with 1 tablet 
of Complete mini EDTA-free mixture (Roche) and 1 tablet of PhosSTOP phosphatase 
inhibitor cocktail mixture (Roche) per 10ml of lysis buffer, and subsequently lysed by 
boiling for 5 min at 95 and sonication (Bioruptor, model ACD-200, Diagenode) for 15 
min at level 5 (30 sec ON, 30 sec OFF). Cell debris was then removed by centrifuga-
tion at 20,000 × g for 15min at at 4°C . Prior to in-solution digestion, the total protein 
concentration was quantified by Bradford assay (Bio-Rad). For label-free quantifica-
tion, input amounts were normalized based on the total protein contents (50 μg of 
total protein lysate per sample). The lysate was diluted 1:10 with 50 mM ammonium 
bicarbonate for Lys-C and trypsin digestion. Protein digestion was performed over-
night at 37  with Lys-C (Wako) at an enzyme/protein ratio 1:75 and trypsin (Sigma) 
at an enzyme/protein ration of 1:50. The digest was acidified by adding 4% formic 
acid (FA) to precipitate SDC and samples were subsequently desalted using Sep-
Pak C18 cartridges (Waters Corporation) and further submitted to phosphorylation 
enrichment or high pH fractionation for in-depth proteome analysis. 

High-pH reversed-phase fractionation 

50 μg of peptides of each sample were reconstituted in 10mM ammonium hydrox-
ide, pH 10 and loaded on a Gemini 3µm C18 110 Å 100 x 1.0 mm column (Phenome-
nex) using an Agilent 1100 binary pump (Agilent Technologies). The peptides where 
concentrated on the column at 100 µl/min using 100% buffer A (10mM Ammonium 
Hydroxide, pH 10) for 2 minutes after which the fractionation gradient initiated as 
follow: 5% solvent B (10mM ammonium Hydroxide in 90% ACN, pH 10) to 30% B in 
53 minutes, 70% B in 7 minutes and increased to 100% B in 3 minutes at a flow rate 
of 100 µl/min. In total 60 fractions of 1 minute were collected using an Agilent 1260 
infinity fraction collector, and were pooled into 5 fractions using the concatenation 
strategy as described [19]. The pooled fractions were dried in a vacuum centrifuge 
and stored at -80 until further analysis.

Mass spectrometry analysis

Nanoflow LC-MS/MS data were acquired on an Orbitrap Q Exactive Plus (Thermo 
Fisher) coupled to an Agilent 1290 Infinity UHPLC (Ultra-High Pressure Liquid Chro-
matography) system (Agilent Technologies). Both the trap (Dr Maisch Reprosil C18, 
3 μm, 2 cm x 100 μm) and the analytical (Agilent Poroshell EC-C18, 2.7 μm, 50 cm 
x 75 μm) columns were packed in-house. Peptides were trapped for 10 min at 5 μl/
min in 100% solvent A (0.1 M acetic acid in water). Separation was performed at a 
column flow rate of ~300 nl/min (split flow from 0.2 ml/min) and the gradient was as 
follows: 13% up to 40% solvent B (0.1 M acetic acid in 80% acetonitrile) in 95 min, 40-
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100% in 3 min and finally 100% for 1 min. The mass spectrometer was programmed 
in the data-dependent acquisition mode. Full scan MS spectra from m/z 375-1,600 
were acquired at a resolution of 35,000 with an automatic gain control (AGC) target 
value of 3e6. The 10 most intense precursor ions were selected for fragmentation 
using HCD. MS/MS spectra were obtained at a 17,500 resolution with an AGC target 
of 5e4. HCD fragmentation was performed at a normalized collision energy (NCE) 
of 25%.

Phosphopeptide enrichment and MS analysis

Phosphopeptide enrichment was performed using a combination of Fe(III)-IMAC 
cartridges and an automated setup, the AssayMAP Bravo Platform (Agilent Tech-
nologies) as described previously [20]. Briefly, Fe(III)-NTA cartridges were primed 
with 250 μL of 0.1% TFA in ACN and equilibrated with 250 μL of loading buffer (80% 
ACN/0.1% TFA). Peptides were dissolved in 200 μL of loading buffer and loaded 
onto the cartridge. The columns were washed with 250 μL of loading buffer, and 
the phosphorylated peptides were eluted with 25 μL of 1% ammonia directly into 
25 μL of 10% formic acid. Subsequently, the samples were dried down in a vacuum 
centrifuge. Next, phosphopeptides were reconstituted in loading buffer containing 
10% formic acid and analyzed by nanoLC-MS/MS on a Q Exactive HF (ThermoFisher 
Scientific) coupled to an Agilent 1290 Infinity System (Agilent Technologies). As pre-
viously described, eluted phosphopeptides were delivered to a trap column (100 
μm i.d. × 2 cm, packed with 3 μm C18 resin, Reprosil PUR AQ, Dr. Maisch) at a flow 
rate of 5 μL/minute in 100% loading solvent A (0.1% FA, in HPLC grade water). After 
10 min of loading and washing, peptides were transferred to an analytical column 
(75 µm i.d. x 50 cm, packed with 2.7 µm Poroshell 120 EC C18, Agilent Technologies) 
and eluted at room temperature using an 95 min with an LC gradient from 8% to 
32% solvent B (0.1% FA, 80% ACN). The Q Exactive HF was operated in data-depen-
dent acquisition mode using the following settings: full-scan automatic gain control 
(AGC) target 3e6 at 60,000 resolution; scan range 375–1600 m/z; Orbitrap full-scan 
maximum injection time 20 ms; MS2 scan AGC target 1e5 at 30,000 resolution; 
maximum injection time 50 ms; normalized collision energy 27; dynamic exclusion 
time 16s; isolation window 1.4 m/z; 12 MS2 scans per full scan.

Data processing 

Raw MS files were processed with MaxQuant (version 1.6.2.3) [21]. The Andromeda 
search engine [22] was used to search the MS/MS data against the forward and re-
verse Human Uniprot database (20,386 entries, August 2018). Trypsin/P was speci-
fied as enzyme allowing up to two missed cleavages. Cysteine carbamidomethyla-
tion was set as a fixed modification, while methionine oxidation and protein N-term 
acetylation were set as variable modifications. For the phosphoproteome analy-
sis, serine, threonine and tyrosine were selected as variable modification. Peptide 
spectrum match (PSM) and protein identifications were filtered using a target-decoy 
approach at false discovery rate (FDR) of 1%, the minimum peptide length was set 
to 7 residues and an additional peptide score cut-off of 40 was set for modified 
peptides. The mass tolerance was set to 4.5 ppm for the precursor ions and 20 ppm 
for the fragment ions. Label free quantification (LFQ) was performed using the Max-
LFQ algorithm [23] integrated into MaxQuant with the following parameters: LFQ 
minimum ratio count was set to 2, the Fast LFQ option was enabled, LFQ minimum 
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number of neighbors was set to 3, and the LFQ average number of neighbors to 6. 
The “match between runs” feature was enabled with a match time window of 0.7 
min and an alignment time window of 20 min.

Experimental design, data analysis and statistical rationale 

For each experiment, Hs578T and Cal51 cells were treated either with DMSO (con-
trol), gefitinib (EGFRi), GSK269962A (ROCKi) or with their combination treatment 
(EGFRi+ROCKi) (n=4). To increase the statistical power, experiments were per-
formed in three biological replicates, starting from separate cultures, while no tech-
nical replicates were measured. To increase proteomic coverage, five high pH frac-
tions per condition were collected and measured for proteomics (n=60) analysis. 
Phosphoproteome analysis (n=12) was performed only in the Hs578T cells. Pearson 
correlation coefficients between biological replicates exceeded 0.9, and thus no 
sample was excluded from the Hs578T cells. On the contrary, in the Cal51 treated 
cells, one of the three biological replicates from the EGFRi-treated condition was an 
outlier as evident by the Pearson’s correlation and the PCA analysis and was there-
fore excluded from the analysis. All data were analyzed using the Perseus software 
[24]. LFQ intensities extracted by MaxQuant were Log2 transformed. The samples 
were grouped in triplicates (DMSO, EGFRi, ROCKi and EGFRi+ROCKi) and identifica-
tions were subsequently filtered for proteins having at least 2 valid values in at least 
one treatment group. Missing values were imputed on a basis of normal distribution 
with a downshift of 1.8 SDs and a width of 0.3 SDs, enabling statistical analysis. 
Only class I phosphorylation sites (localization probability p > 0.75) were used in 
subsequent phosphoproteome analyses. For hierarchical clustering, logarithmized 
LFQ intensities were first z-scored and subsequently clustered using Euclidean as 
a distance for column and row clustering. Principal component analysis (PCA) was 
performed using Perseus’ built-in tool.  Differences in the protein levels between 
the different treated samples were calculated using an ANOVA test followed by a 
Benjamini-Hochberg multiple testing correction with a 5% FDR. Pair-wise compar-
isons were performed using student’s t-test. As significantly changing proteins we 
considered those with a p-value <0.05 and a greater than 1.5 fold-change for the 
LFQ intensities between the treated conditions. Gene ontology (GO) analyses were 
performed with Database for Annotation, Visualization and Integrated Discovery 
(DAVID) v6.8 [25, 26]. Protein-protein interaction network analysis was performed 
using the Cytoscape StringApp [27, 28].

Western blot analysis 

Cells were harvested in ice by scraping in ice cold 1X PBS and the pellets were 
lysed in RIPA buffer (50  mM TRIS pH  8.0, 150  mM NaCl, 1% Nonidet P40, 0.5% 
sodium deoxycholate, 0.1% SDS, complete protease inhibitor cocktail (Roche), and 
phosphatase inhibitors 10  mM NaF, 1  mM Na3VO4, 1  mM sodium pyrophosphate, 
10 mM beta-glycerophosphate). After sonication and centrifugation the protein con-
centrations were determined using the Bio-Rad protein assay (Bio-Rad). Equal pro-
tein amounts were loaded on 4-12% Bis-Tris polyacrylamide-SDS gels (NuPAGE) and 
transferred on to nitrocellulose membranes (Amersham). Membranes were blocked 
in 4% skimmed milk powder dissolved in 0.2% Tween-containing 1X PBS and incu-
bated with primary antibodies followed by secondary antibodies (Invitrogen). Pri-
mary antibodies used were LC3 (5F10, Nanotools), p62 (610832, BD Biosciences), 



82

1

12

3 3

AMPKThr172 (40H9, Cell Signaling), rpS6 (5G10, Cell Signaling), rpS6Ser235/236 (Cell Sig-
naling), Hsp90 (sc-7947, Santa Cruz), Actin (AC-74, Sigma).

Autophagy detection and quantification by Cyto-ID staining 

Autophagy was measured using the CYTO-ID Autophagy Detection Kit (Enzo Life 
Sciences), according to the manufacturer’s detailed instructions provided. Briefly, 
6x103 Hs578T cells were seeded in 96-well plates overnight and then treated with 
the respective drug treatments (DMSO, EGFRi, ROCKi, EGFRi+ROCKi) on the fol-
lowing day. After 20 h of treatment, cells were stained with the Cyto-ID dye and the 
green fluorescent autophagic vacuoles were subsequently visualized using the In-
cuCyte System (Essen Bioscience). Acquired images were analyzed using the Incu-
Cyte software and green fluorescent objects were counted enabling the “Top-Hat” 
feature, which estimates and subtracts local background from the image. To monitor 
autophagic flux, cells were analyzed by confocal microscopy. Approximately, 25x103 

cells were seeded on glass bottom imagining dishes (μ-Dish 8 well, Ibidi) and after 
overnight incubation with the single and combination treatments, addition of 40 μM 
chloroquine (Enzo Life Sciences) followed. Subsequently, cells were stained with 
the Cyto-ID Green Detection Reagent and the Hoechst 33342 Nuclear Stain (Enzo 
Life Sciences), fixed for 15 min with 4% paraformaldehyde (PFA) and subsequently 
analyzed by a confocal laser scanning microscope Carl Zeiss LSM 700 with a 40x 
oil-immersion objective lens. Green puncta in confocal images were quantified by 
ImageJ in combination with the ComDet (pluginhttps://github.com/ekatrukha/Com-
Det/wiki). Significant differences between the CLQ treated and untreated samples 
were analyzed using student’s t-test (two-tailed) to compare the two groups, with a 
p-value <0.05 to be considered significant. 

Data availability 

All mass spectrometry proteomics data have been deposited to the ProteomeX-
change Consortium via the PRIDE partner repository with the dataset identifier 
PXD013821. 
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Results 

Proteomic profiling of TNBC cells upon single and combination treatments

To gain understanding of the mechanisms underlying the synergistic effect 
of the combined inhibition of EGFR and ROCK in triple-negative breast cancer cells 
we performed a mass spectrometry-based proteomics analysis. As a model system 
for our study, we selected the triple-negative breast cancer cell line Hs578T, to 
identify proteomic differences in signaling upon treatment with either of the two 
single inhibitors and their combination treatment. Thus, Hs578T cells were treated 
either with DMSO (control), gefitinib (EGFRi), GSK269962A (ROCKi) or with their 
combination treatment (EGFRi+ROCKi). Consistent with our previous findings [18], 
EGFRi+ROCKi inhibition significantly impaired the TNBC cell growth compared to 
the EGFRi and ROCKi alone (Figure 1A). To gain insight into the global signaling 
changes occurring across the different treatments, we employed a label-free quan-
titative (phospho)proteomics approach. Briefly, cells were treated for 48h, lysed 
and subsequently the protein extracts were in-solution digested by LysC/trypsin. 
To obtain a deep proteome coverage, we generated five fractions by off-line high-
pH reverse phase chromatography (HpH) [19]. In parallel, for the phosphoproteom-
ics analysis, an automated phosphopeptide enrichment step was performed using 
Fe(III)-IMAC cartridges on an AssayMAP Bravo platform as has been previously de-
scribed  [20]. All samples were analyzed by nanoLC-MS/MS coupled to a quadru-
pole Orbitrap high resolution mass spectrometer (Q Exactive Plus) followed by data 
analysis in MaxQuant. In total, we identified 7,169 proteins and 22,758 phospho-
sites with a localization probability >0.75. However, for further data analysis we only 
considered a stringently filtered dataset of 5,783 proteins and 7,387 phosphosites, 
respectively, with quantitative values in at least two out three biological replicates 
(“quantified”; Figure 1B, Supplementary table S1).

For an overall assessment of the effect of the four different treatment con-
ditions on the global proteome profiles we employed principal component analy-
sis (PCA). As can be seen in Figure 1C, all biological replicates of each condition 
clustered together, while principal component 1 (PC1) and principal component 2 
(PC2) revealed a clear partition between the different treatments. In particular, PC1 
clearly separated the DMSO and EGFRi treated samples from the ROCKi and EG-
FRi+ROCKi, while PC2 showed a segregation of the EGFRi and EGFRi+ROCKi from 
the rest and account for 33.1 % and 21.2% of the variability, respectively. The trend 
observed by PCA was confirmed by the Pearson correlation coefficients of the pro-
teome data (Figure 1D). The Pearson correlations between the biological replicates 
and between the different treatments was >0.96 and >0.91, respectively. 
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Figure 1. Experimental design and overview of the proteome data. A. Hs578T cells were 
treated respectively with DMSO, EGFRi (gefitinib), ROCKi (GSK269962A) or EGFRi+ROCKi 
combination treatments. Cell viability measured upon 120-h (5 days) treatments. B. Phos-
pho(proteomics) workflow. After cell lysis, proteins were digested using LyC/trypsin. For 
in-depth proteome analysis, peptides were fractionated by high-pH reversed-phase chro-
matography and concatenated into 5 fractions prior to nanoLC-MS/MS analysis. Phospho-
peptide enrichment was performed using an automated Fe(III)-IMAC workflow on the Bravo 
AssayMAP Platform. Bar plot of the total number of identified and quantified proteins. Total 
number of class I phosphosites identified and quantified. Distribution of Ser/Thr/Tyr phos-
phosites identified. C. Principal component analysis (PCA) and heatmap of the Pearson cor-
relations coefficients based on their global proteomic expression profiles. Both PCA analysis 
and Pearson Correlation coefficients showed clustering of replicates and a clear separation 
between the different treatment conditions.
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Comparative analysis between different treatment conditions revealed an 
additive effect of EGFR and ROCK inhibition upon combination treatment

Next, to address the statistical differences between the different drug 
treatments and obtain a view of potential functional proteomic changes, we per-
formed an ANOVA test (FDR 5%), which identified 995 significantly changing pro-
teins between any of the four conditions (Figure 2). Hierarchical clustering of these 
proteins revealed again a clear separation between the single inhibitor treatments 
(EGFRi and ROCKi) and a partial overlap with either of the two upon combination 
treatment of the Hs578T cells. In particular, the heatmap showed segregation of 
the ANOVA significant proteins into three main clusters; one, which was specif-
ic to proteins down-regulated in the EGFRi+ROCKi treatment (cluster A) and two 
that included up-regulated proteins that were common between the EGFRi+ROCKi 
treatment with the EGFRi (cluster B) and the ROCKi (cluster C) treatments, respec-
tively (Figure 2). Gene ontology (GO) analysis of the proteins in cluster A revealed 
that EGFRi+ROCKi treatment resulted in down-regulation of nuclear and adhesion 
proteins, and subsequently down-regulation of biological processes including chro-
matin remodeling, mRNA processing and cell adhesion. Enrichment analysis of the 
proteins in cluster B showed that proteins up-regulated in the EGFRi and ROCKi 
treatments were involved in cellular processes including cholesterol biosynthesis, 
oxidation-reduction and autophagy, while proteins in cluster C (high expression in 
ROCKi and EGFRi+ROCKi) revealed strong enrichment of the terms cell adhesion, 
regulation of mRNA stability and intracellular protein transport. Interestingly, upon 
ROCKi and EGFRi+ROCKi treatments we observed an up-regulation of the protea-
some complex, indicating the implication of another degradative pathway (together 
with autophagy) in the EGFRi+ROCKi treated cells.

In addition, comparative analysis performed on the phosphoproteome 
data revealed 1052 phosphosites to be differentially regulated (ANOVA test, p-val-
ue<0.05) upon the different treatments. In agreement to the proteome data, unsu-
pervised hierarchical clustering of the regulated phosphosites and subsequently 
gene ontology (GO) analysis on the respective clusters showed a huge effect on 
processes related to transcription, cell-cell adhesion and cytoskeleton organization 
(both actin and microtubule cytoskeleton) upon EGFRi+ROCKi treatment (suppl. Fig. 
1). 
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Figure 2. Proteins differentially expressed across different treatments. Heatmap showing 
relative protein expression values (z-scored and Log2-transformed LFQ protein intensities) 
of the differentially expressed proteins (ANOVA, FDR < 0.05) between the different samples 
after unsupervised hierarchical clustering. On the right, gene ontology analysis of proteins 
significantly down-regulated (Cluster A) and up-regulated (Clusters B and C) in EGFRi+ROCKi 
treatment
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Differentially expressed autophagy-related proteins in EGFRi, ROCKi and 
EGRi+ROCKi treatments 

 The quantitative comparison between the different treatment conditions 
revealed a cluster of proteins involved in the process of autophagy to be significant-
ly up-regulated upon single EGFR and dual EGFR and ROCK inhibition, indicating 
that autophagy might play a role in the TNBC cells’ response to therapy. Therefore, 
to further mine our quantitative data and provide insights into the molecular chang-
es induced upon each treatment condition, we performed pairwise comparisons  
of  each treatment condition (EGFRi-, ROCKi- and EGFRi+ROCKi-treated cells) to its 
untreated control (DMSO-treated cells) and focused on the differential regulation of 
autophagy-related proteins.

As shown in Figure 3, gefitinib treatment (EGFRi) compared to the DM-
SO-treated cells resulted in up-regulation of known autophagic markers. Amongst 
them, we detected the autophagy-related protein LC3B (MAP1LC3B), which is used 
as a phagophore or autophagosome marker, and the GABARAP and GABARAPL2 
proteins, which are involved in the later stages of autophagosome formation, in 
particular the phagophore elongation and closure [29]. Moreover, the cargo-spe-
cific autophagy receptors CALCOCO2, SQSTM1/p62 and its paralogue NBR1, the 
autophagy regulator TMEM59 and the lipid kinase PI4K2A, which plays a role in 
the autophagosome-lysosome fusion [30], were also up-regulated in response to 
gefitinib treatment. 

When we compared the proteomes of cells treated with ROCKi alone to 
the untreated control and looked for changes in the expression levels of known 
autophagy markers, we identified several proteins to be up-regulated upon ROCK 
inhibition. In particular, we identified the GABARAP receptor together with the auto-
phagy-related (ATG) genes ATG7, ATG16L1 and ATG4B, which participate in the for-
mation of phagophores and the initiation of autophagy [31]. Moreover, proteins with 
known roles in the regulation of autophagy such as the GTPase RRAGA, which ac-
tivates autophagy in response to amino acids [32] and the microtubule-associated 
protein MAP1S, which is required for autophagosome trafficking along microtubular 
tracks [33] showed increased expression upon ROCKi treatment. 

Finally, consistent with the ANOVA significantly changing proteins upon 
combination treatment, proteome expression changes in the EGFRi+ROCKi treated 
cells compared to the control cells (DMSO) revealed an accumulation of many au-
tophagy-related proteins showing an enhanced and partly combinatorial effect of 
the regulation changes in the respective single treatments. An overview of the dif-
ferentially regulated autophagy-associated proteins and their abundances across 
the different treatments is presented in the heatmap in Figure 3B, along with their 
protein-protein interaction network.

These findings further indicated the autophagy process as a potential 
pathway induced by the cells upon combination treatment, which might eventually 
cause cell death.



88

1

12

3 3

-8 -6 -4 -2 0 2 4 6 8
0

1

2

3

4

5

6

Log2(EGFRi/DMSO)

-L
og

10
(p

-v
al

ue
)

MAP1LC3B

CTSA

GABARAPL2

CALCOCO2

SQSTM1

NBR1

GABARAP

TMEM59IFI16

PI4K2A

-6 -4 -2 0 2 4 6 8
0

1

2

3

4

5

6

Log2(ROCKi/DMSO)

-L
og

10
(p

-v
al

ue
)

GABARAP
ATG7BNIP1

MAP1S

ATG16L1

RRAGA

ATG4B

-8 -6 -4 -2 0 2 4 6 8
0

1

2

3

4

5

6

Log2(EGFRi+ROCKi/DMSO)

-L
og

10
(p

-v
al

ue
)

ATG16L1
ATG7

BNIP3
CALCOCO2

CTSA

GABARAP

GABARAPL2
MAP1LC3B

SQSTM1

p-value=0.05 p-value=0.05 p-value=0.05

-0.58 0.58

D
M

SO
EG

FR
i

EG
FR

i+
R

O
C

Ki
R

O
C

Ki

-1

0

1

z-score

MAP1LC3B

GABARAP

GABARAPL2

CALCOCO2

SQSTM1

NBR1

PI4K2A

TMEM59

IFI16

CTSA

BNIP1

BNIP3

PSEN1

VPS4B

ATG7

ATG4B

ATG16L1

ANXA5

HMGB1

MTOR

FNBP1L

MAP1S

RRAGA

PARK7

TSG101

VPS33B

SH3GLB1

FBXO7

B.

A. -0.58 0.58 -0.58 0.58

RRAGA

BNIP1

IFI16

SQSTM1

ATG16L1

TMEM59
GABARAP PSEN1

BNIP3

MAP1S

NBR1

ATG4B

MAP1LC3B

ANXA5

SH3GLB1

ATG7
GABARAPL2

CALCOCO2
VPS33B

HMGB1

VPS4B

FBXO7

PARK7

PI4K2A

CTSA

FNBP1L

TSG101

autophagosome 
assembly

cargo-specific autophagy
receptors

regulators of autophagy

vesicle-mediated
 transport

MTOR

Figure 3. Autophagy-related proteins differentially expressed in EGFRi, ROCKi and EG-
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EGFRi+ROCKi treatment induces autophagy in TNBC cells 

To exclude that autophagy induction is a cell line-specific (Hs578T cells) 
response to the combinatorial treatment, and to determine whether it can be con-
sidered a general process in the response of TNBC cells, we decided to analyze the 
proteomic changes upon EGFRi+ROCKi treatment in another TNBC cell line. To this 
end, we chose the Cal51 cell line, whose sensitivity to EGFRi+ROCKi treatment has 
been previously reported as well [18]. Following the same experimental workflow 
as the Hs578T cells, the proteomes of Cal51 cells treated for 48h with DMSO, EG-
FRi, ROCKi and EGFRi+ROCKi were compared by label-free quantitation. Similar to 
the Hs578T cells, PCA analysis showed co-clustering of all the biological replicates 
of each treatment condition, except for one EGFRi-treated sample, which was an 
outlier and was therefore excluded from further analysis. In addition, the EGFRi- 
and DMSO-treated samples clustered close together, while ROCKi treated samples 
clustered with the EGFRi+ROCKi treated samples. These proteome similarities were 
also reflected in the Pearson correlations (Suppl. Fig. 2).

 Furthermore, unsupervised hierarchical clustering of the 738 proteins, 
which were differentially expressed across the different treatment conditions (ANO-
VA, FDR<0.05) showed an enrichment in proteins involved in similar biological pro-
cesses as those found on the Hs578T cells. For instance, treatment of Cal51 cells 
with ROCKi and EGFRi+ROCKi resulted in down-regulation of nuclear proteins in-
volved in transcription, rRNA processing and cell cycle. Additionally, treatment of 
Cal51 cells with single EGFR and combined EGFR+ROCK inhibitors showed up-regu-
lation of proteins involved in autophagy, while ROCKi and EGFRi+ROCKi treatments 
resulted in up-regulation of cell-cell adhesion, protein transport and an increase in 
the expression levels of protein of the proteasome complex (Suppl. Fig. 3A). More-
over, the specific autophagy-related proteins and their differential regulation across 
each treatment condition are highlighted in the respective volcano plots (Suppl. Fig. 
3B). Again, an additive effect on the expression of autophagy related proteins is 
observed in the proteome changes induced upon combination treatment.  

We next set out to validate our mass spectrometry data and the induction 
of autophagy by western blot analyses in a panel of TNBC cell lines. Following 
the induction of autophagy, the microtubule-associated protein LC3, MAP1LC3 (MA-
P1LC3-I) is converted to membrane bound phosphatidylethanolamine (PE)-conju-
gated MAP1LC3 (MAP1LC3-II), and the expression of MAP1LC3-II is frequently used 
as a phagophore or autophagosome marker [34]. We therefore evaluated the ex-
pression levels of this protein as well as those of p62 (SQSTM1), which as men-
tioned previously is a known autophagy receptor that links ubiquitinated proteins 
to MAP1LC3. As shown in Figure 4A, in MDAMB231 cells, EGFR inhibition compared 
to DMSO treatment resulted in an increase in the protein levels of the MAP1LC3-II 
and the p62 (SQSTM1) proteins, indicating autophagy induction. When cells were 
treated with EGFRi+ROCKi the protein levels of LC3-II and p62 remained high, 
whereas ROCKi treatment alone did not have any influence on autophagy. Inter-
estingly, although combined inhibition of EGFR and ROCK led to increased AMPK 
phosphorylation, which is another indication of autophagy induction, p-AMPK was 
not detected in cells treated with EGFRi alone. Finally, in MDA-MB-231 cells, we 
observed a steep decrease in phosphorylated rpS6 levels upon ROCK inhibition 
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while, rpS6 phosphorylation declined even further in the case of combined EG-
FRi+ROCKi treatment, which is indicative of an inactive state of the mTOR pathway 
[35] and which has been previously associated with cell growth inhibition and cell 
cycle arrest induction [36]. The drug-induced changes in the levels of LC3-II protein 
and the phosphorylation status of rpS6 were reproducible in the triple-negative cell 
lines Hs578T, Cal120 and HCC1806 (Figure 4B).   

EGFRi+ROCKi treatment impairs autophagic flux 

The results presented thus far provide compelling evidence that combined 
inhibition of EGFR and ROCK triggers autophagy induction in triple-negative breast 
cancer cells, however, how autophagy induction leads to cell death remains un-
clear. Therefore, in a next step we decided to monitor autophagic activity in live 
cells treated with DMSO, EGFRi, ROCKi and EGFRi+ROCKi, respectively.   

To do so, treated Hs578T cells were stained with the Cyto-ID autophagy 
green dye, which specifically labels autophagic vacuoles, and were visualized using 
live cell imaging in the IncuCyte System (Suppl. Fig. 4). The dye enables clear de-
tection and quantification of autophagic and pre-autophagic vacuoles that directly 
correlate with induction of autophagy [37]. The control group (DMSO) exhibited faint 
Cyto-ID green fluorescence while EGFR inhibition by gefitinib treatment induced 
the appearance of green autophagic vacuoles in the cells. By contrast, no signifi-
cant autophagy was identified in the ROCKi-treated cells. Moreover, in the combina-
tion treatment, inhibition of ROCK activity did not abolish the autophagy induction 
mediated by gefitinib treatment, but instead resulted in an increased number of 
stained autophagic vacuoles compared to the EGFRi-treated cells. This accumula-
tion of autophagic vacuoles in the EGFRi+ROCKi-treated cells can either be a result 
of increased stimulation of autophagy resulting in rapid formation of autophagic 
vacuoles or due to inefficient autophagosome turnover and clearance caused by 
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Figure 4. Autophagy induction in TNBC cells. A. Western blot analyses to evaluate the pro-
tein expression levels of known autophagy markers and rpS6 phosphorylation in DMSO, EG-
FRi, ROCKi and EGFRi+ROCKi treated MDA-MB-231 cells. Hsp90 is used as a loading control. 
B. Western blot analysis of LC3-II (MAP1LC3-II) and phosphorylated rpS6 levels in Hs578T, 
Cal120 and HCC1806 cells. Actin is used as a loading control.
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impaired autophagosome-lysosome fusion. Thus, in order to distinguish between 
these two possibilities, we assessed the autophagic flux by monitoring the accu-
mulation of autophagic compartments induced by chloroquine (CLQ), a lysosome 
inhibitor that blocks the fusion of autophagosomes and lysosomes [38]. As shown in 
Figure 5, combined treatment of EGFRi+CLQ resulted in a significant increase in the 
number of autophagic vacuoles compared to EGFRi alone, due to impaired auto-
phagic flux. The addition of CLQ to EGFRi treatment raised the number of observed 
autophagic vacuoles to a similar level as observed for our EGFRi+ROCKi combina-
tion treatment. On the other hand, co-administration of EGFRi+ROCKi with CLQ did 
not cause a significant increase in the autophagic vacuoles formation compared 
with the EGFRi+ROCKi treatment alone. These results indicate that EGFRi+ROCKi 
does not stimulate autophagic flux in Hs578T cells, beyond to that seen by single 
inhibition, and that the increase in autophagic vacuoles is caused by impaired auto-
phagosome clearance instead of increased vacuole formation. 

Taken together, these findings strongly indicate that cell death upon EG-
FRi+ROCKi treatment occurred due to autophagy blockade and impairment of the 
EGFRi-induced autophagic flux. Thus, ROCK activity is essential for efficient auto-
phagy process. 
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Figure 5. Autophagic flux in EGFRi and EGFRi+ROCKi-treated cells. EGFRi- and EG-
FRi+ROCKi-treated Hs578T cells, were incubated for 2 hours in the absence or presence of 
40μM chloroquine (CLQ) and subsequently stained with the Cyto-ID dye (green). Nuclei were 
counter-stained with Hoechst 33342 dye (blue). Images were obtained by confocal microsco-
py and autophagic vacuoles were counted to assess autophagic flux per treatment condition. 
The graph on the right shows the average of Cyto-ID puncta per cell (n= 15,*p-value <0.01 
from two-sided, unpaired t-test).
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ROCKi-associated cytoskeletal changes affect autophagy 

As inhibition of ROCK activity led to impaired autophagy, we next set out to 
investigate the mechanisms underlying this effect. As revealed by the gene ontolo-
gy enrichment analysis of the ANOVA significant proteins and phosphosites (Figure 
2 and Suppl. Fig. 1), ROCK inhibition had a substantial effect on the expression 
levels of several cytoskeletal and focal adhesion proteins. This finding is consistent 
with the involvement of ROCK in the regulation of cell shape and movement [39] 
and was also evident from the major morphological changes that occurred in the 
cells upon ROCKi and EGFRi+ROCKi treatment, where cells became flattened and 
acquired neuron-like long extensions. Recent evidence indicates an important role 
of actin cytoskeleton dynamics together with myosin motor proteins in the various 
steps of the autophagy process, ranging from the early stages of phagophore for-
mation and expansion, to autophagosome trafficking and fusion with the lysosome 
[40, 41]. In line with these findings, we observed marked changes in the expression 
levels of proteins involved in focal adhesion and the regulation of the actin and mi-
crotubule cytoskeleton, which were down- and up-regulated, respectively (Figure 
6), upon combination treatment.

Actin filament networks have been previously suggested to have a scaf-
folding role in generating the shape of the phagophore with the recruitment of 
the Arp2/3 complex that is known to promote actin branching and polymerization 
inside the expanding phagophore [42-44]. Interestingly, in our data we observed 
up-regulation of the actin related proteins ACTR2, ACTR3 and ARPC1B, in the EG-
FRi+ROCKi treated cells, which are core subunits of the Arp2/3 complex. On the 
other hand, the actins, alpha-actin-2 (ACTA2) and gamma-actin (ACTG1), together 
with several actin binding proteins such as the tropomyosin alpha-1 chain (TPM1), 
the drebrin (DBN1), the actin filament associated protein 1 (AFAP), the coronin-1C 
(CORO1C), nexilin (NEXN), which are essential in stabilizing cytoskeleton actin fila-
ments, were down-regulated. Furthermore, amongst the down-regulated proteins 
upon EGFRi+ROCKi treatment, we detected proteins involved in actomyosin-based 
motility such as the proteins anillin (ANLN), the myosin light chain kinase (MYLK) and 
the myosin phosphatase Rho interacting protein (MPRIP) that regulate actin-myosin 
interactions as well as proteins playing a role in actin cytoskeleton and microtu-
bule stabilization such as cytospin-A (SPECC1L) and the formin-binding protein 1-like 
(FNBP1L).

It has been shown that autophagosome movement in the cytoplasm is de-
pendent on microtubules [45]. Once the autophagosomes are formed, they move 
along microtubular tracks towards the microtubule-organizing center where lyso-
somes are enriched [46]. Here, upon combination treatment, we found several tu-
bulins and tubulin-associated proteins to be up-regulated, including the microtu-
bule-associated proteins MAP1S and MAP1B, which interact with LC3-I and LC3-II 
and recruit them to stable microtubules [33]. However, in contrast to the proteome 
data, our phosphoproteome data showed a significant down-regulation on the 
phosphorylation status of several proteins involved in the microtubule cytoskeleton 
organization. Within the identified down-regulated phosphosites, we found multiple 
sites of the microtubule associated proteins MAP1A (S2022), MAP1S (T638, S638), 
MAP1B (S2098, S832, S831, S1144, T1932) and MAP4 (S941, S507, S510). Although 
the exact functionality of the different phosphosites has not been yet investigated, 
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several lines of evidence suggest that the binding of MAPs to microtubules is regu-
lated by phosphorylation [47].

 Crosstalk of autophagy and UPS 

Interestingly, upon inhibition of autophagy by ROCKi we observed a signif-
icant up-regulation on the expression levels of core and regulatory subunits of the 
proteasome, implicating a potential activation of the ubiquitin-proteasome system 
(UPS) as a compensatory mechanism of cells to reduce the burden of accumulated 
autophagic substrates. A protein network of the detected multiple proteasomal sub-
unit proteins (ANOVA significant) and their increased abundance levels in ROCKi- 
and EGFRi+ROCKi-treated cells compared to the DMSO and EGFRi treatments are 
illustrated in Figure 7A. Amongst them, we detected proteins of the α- and β- sub-
units of the 20S core structure of the proteasome in the mammalian cells, including 
the catalytic proteasome β1 subunit, PSMB1. However, although our proteome data 
indicate a potential crosstalk between the two major degradation systems, comple-
mentary experiments to measure whether proteasomal activity is indeed enhanced 
upon EGFRi+ROCKi treatment need to be performed to confirm our hypothesis.
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the ToppCluster tool (FDR correction, p-value < 0.05) [48].
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LFQ intensities. B. EGFR inhibition induces autophagic flux in TNBC cells, which can be im-
paired upon co-inhibition of ROCK activity leading to an increased accumulation of auto-
phagic vacuoles and possibly autophagic cell death. 
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Discussion
Triple-negative breast cancer is an aggressive BC subtype, which suffers from 

the absence of known drug targets and is associated with an especially poor prog-
nosis [49]. Based on previous work [18], which revealed that the combination of 
EGFR and ROCK inhibitors effectively reduced TNBC cell growth by inducing cell 
cycle arrest, we here complement these previous findings by providing an insight 
into the molecular mechanisms triggered by the combinatorial EGFRi+ROCKi treat-
ment. 

Using a quantitative (phospho)proteomics approach to compare the proteome 
changes upon single and combination treatments, we identify autophagy activation 
as a potential mechanism of the cells’ response to treatment. We show that EGFR 
inhibition by gefitinib induces autophagy activation in TNBC cells, which was ev-
ident from the increased expression levels of several autophagy protein markers 
(e.g. MAP1LC3, GABARAP) and the formation of autophagic vacuoles. Moreover, we 
found that co-inhibition of EGFR and ROCK causes accumulation of autophagic vac-
uoles in triple-negative breast cancer cells and subsequent findings revealed that 
this accumulation is caused by the inhibition of autophagic flux as a result of ROCK 
activity inhibition. EGFR inhibitors have previously been associated with autoph-
agy regulation, although the specific function of this induction in cancer remains 
biphasic. In some studies, autophagy induction serves a cytoprotective response 
in cancer cells, while other studies report that enhanced autophagy after treatment 
of EGFR inhibitors can result in autophagic cell death [50]. In this study, our results 
suggest that autophagy induction has a pro-survival role in triple-negative breast 
cancer cells upon gefitinib treatment. 

In addition to the contradicting literature regarding EGFR inhibitors and au-
tophagy, ROCK activity has also been linked to this process, albeit with conflicting 
opinions regarding its function. Inhibition of ROCK activity can lead to autophagy 
impairment and cell death [51], while ROCK activity is required for starvation-mediat-
ed autophagy, since ROCK inhibition resulted in a decreased number of autophago-
somes in cells under starvation conditions [52]. Conversely, a study by Mleczak et 
al., showed that ROCK activity inhibited autophagy while the opposite was true for 
ROCK inhibition, which enhanced the autophagy response upon starvation and led 
to the accumulation of enlarged early autophagosomes that matured into enlarged 
late degradative autolysosomes [53]. Here, we show that ROCK activity is required 
for gefitinib-induced autophagy and that inhibition of ROCK leads to autophagy 
blockade and accumulation of autophagic vacuoles due to impaired autophago-
some clearance. Given the key roles of the cytoskeleton in the different stages 
of autophagy, we speculate that the ROCKi-associated cytoskeletal changes are 
responsible for the blockage of autophagy. Indeed, our proteome data revealed 
major expression changes associated to the actin- and microtubule- cytoskeleton, 
which could cause a block during various steps of the autophagic pathway from 
the early stages of phagophore formation and expansion to vesicle trafficking and 
fusion with the lysosomes. In line with this reasoning, we found that the number of 
observed autophagic vacuoles in our EGFRi+ROCKi combination treatment in the 
TNBC cells was at a similar level as after the addition of CLQ, which blocks the fu-
sion of autophagosomes and lysosomes, to EGFRi single treatment.
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Interestingly, upon ROCK inhibition, and subsequently autophagy impair-
ment, we observed a significant up-regulation of several proteasomal subunit pro-
teins indicating a potential link between the autophagy and the ubiquitin-protea-
some system, which is the other major intracellular pathway for protein degradation 
in mammalian cells. Indeed, in agreement with our findings, extensive evidence 
indicates that connections and crosstalk exist between the two systems, which are 
interconnected and inhibition of one system leads to a compensatory up-regulation 
of the other system [54-56]. However, although our proteome data indicates up-reg-
ulation of the proteasome upon autophagy inhibition, as discussed above, further 
experiments to assess the increased proteasomal activity in vitro are necessary to 
confirm the crosstalk. 

In summary, this work provides proteomic and functional evidence for the 
activation of autophagy as a survival mechanism to EGFR inhibition in triple-nega-
tive breast cancer cells, which can be impaired upon co-inhibition of ROCK activity 
and ultimately lead to TNBC cell death (Figure 7B). We therefore, believe that our 
data support the clinical potential of therapeutically inhibiting autophagy for im-
proved cancer therapy. 
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Supplementary Figure 1. Differentially regulated phosphosites across different treat-
ments. Heatmap of the differentially expressed phosphosites (ANOVA, p-value<0.05) be-
tween the different samples after unsupervised hierarchical clustering (z-scored normalized 
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Supplementary Figure 2. Proteome profiling of Cal51 cells treated with DMSO, EGFRi, 
ROCKi and EGFRi+ROCKi. Overview of the proteome data. Principal component analysis 
(PCA) and heatmap of the Pearson correlations coefficients based on their global proteomic 
expression profiles. Both PCA analysis and Pearson Correlation coefficients showed co-clus-
tering of all the biological replicates of each treatment condition, except for one EGFRi-treat-
ed sample, which was an outlier and was therefore excluded from further analysis. In addi-
tion, the EGFRi- and DMSO-treated samples clustered close together, while ROCKi treated 
samples clustered with the EGFRi+ROCKi treated samples.
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Supplementary Figure 3. Proteins differentially expressed across different treatments in 
Cal51 cells. A. Heatmap showing relative protein expression values (z-scored and Log2-trans-
formed LFQ protein intensities) of the differentially expressed proteins (ANOVA, FDR < 0.05) 
between the different samples after unsupervised hierarchical clustering. On the right, gene 
ontology analysis of proteins significantly down-regulated (Cluster A) and up-regulated (Clus-
ters B and C) in EGFRi+ROCKi treatment. B. Volcano plots of the p-values vs the Log2 protein 
abundance differences between different treatment conditions; significantly enriched auto-
phagy-related proteins are highlighted in green.
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Supplementary Figure 4. Autophagy monitoring in live cells by Cyto-ID staining. Repre-
sentative images of Hs578T cells stained with the Cyto-ID Green Detection Reagent after 20 
hours of treatment with DMSO, EGFRi, ROCKi and EGFRi+ROCKi. Visualization of autophag-
ic vacuoles was performed using the IncuCyte System. The number of green fluorescent 
objects detected per image was normalized on the number of cells counted. The bar plot 
shows an estimation of the number of autophagic vacuoles per cell detected in the different 
treatments normalized to the control (DMSO). 
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A proteomic view of the Fra-1  

interactome in breast cancer cells
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Abstract
Fos-related antigen-1 (Fra-1 or FOSL1) is a member of the Activator Protein-1 
(AP-1) transcription factor superfamily that forms dimers with members of the 
Jun family (Jun, JunB, JunD) to regulate gene expression. Fra-1 is consistent-
ly overexpressed in a variety of human cancers and is strongly implicated in 
metastasis and poor prognosis. In breast cancer, overexpression of Fra-1 has 
been shown to regulate both proliferation and cellular invasiveness. However, 
the molecular mechanism(s) involving Fra-1 function in breast cancer metastasis 
remains incomplete.  Given that proteins rarely act in isolation, but instead rely 
on a network of interactions with others to perform their biological functions, 
we decided to analyze the Fra-1 interactome. Thus, we purified Fra-1 complexes 
and analyzed their composition by mass spectrometry, which revealed known 
as well as novel interactors involved in transcriptional regulation with high confi-
dence. Moreover, due to the reported cytoplasmic localization of Fra-1 in several 
human cancers, we next set out to investigate possible Fra-1 protein interactions 
that might occur in the cytoplasm. Interestingly, our data revealed an associa-
tion of cytoplasmic Fra-1 with several cancer-related proteins, such as BCAS1 
and SIRT1, indicating that functions other than the transcriptional activity of Fra-1 
likely contribute to breast cancer progression and metastasis. 

Introduction 
 Breast cancer (BC) is the most frequently diagnosed cancer and the 
leading cause of cancer-related deaths among women worldwide, with more 
than 2 million newly diagnosed cases and over 600,000 deaths each year [1]. 
Metastatic disease, which is the spread of cancer cells from the site of the orig-
inal tumor to distant organs, is responsible for the vast majority of BC related 
deaths [2]. Cancer metastasis is a multistep process that starts with loss of cell-
cell adhesion capacity, which allows the malignant cells to disseminate from the 
primary tumor and invade the surrounding tissue. Next, the disseminated cells 
intravasate into blood or lymphatic vessels to enter the circulatory system and 
subsequently invade and enter the target organs (extravasation), in which they 
may survive, proliferate and thereby establish metastatic colonies (colonization) 
[3]. The multiple steps of the metastatic cascade are often influenced by altered 
transcriptional regulation, including the gain-or loss-of function of oncogenic or 
tumor suppressive transcription factors acting in signaling pathways that are ab-
errantly activated in tumors [4]. Therefore, identifying transcription factors and 
potentially their co-regulatory complexes that control metastatic activity is key 
to improved clinical management of metastatic cancer. 

The transcription factor Fos-related antigen-1 (Fra-1), which is encoded 
by the FOS-like antigen-1 (FOSL1) gene, is a member of the Activator Protein-1 
(AP-1) transcription factor superfamily and forms heterodimers with members of 
the Jun family (Jun, JunB, JunD) to regulate gene expression [5]. Fra-1 is per-
sistently overexpressed in a variety of human cancers and tumor cell lines and 
has been associated with enhanced cell proliferation, survival, migration and 
invasion [6-10]. In breast cancer, Fra-1 overexpression has been associated to a 
wide range of breast malignancies ranging from atypical hyperplasias to ductal 
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carcinomas in situ (DCIS) [11-13], while a positive correlation between elevated 
levels of Fra-1 and an aggressive phenotype in invasive ductal carcinoma (IDC) 
has been reported as well [13]. Moreover, Fra-1 has been identified as a key 
mediator of metastasis. Initially, Fra-1 has been shown to regulate several genes 
implicated in invasion, angiogenesis and cell proliferation and directly induced 
the activity of the matrix metalloproteinases MMP-1 and MMP-9 promoter [14]. 
Subsequent work by Desmet et al. revealed that Fra-1 is a pleiotropic regulator 
of the invasive potential of breast cancer cells, which controls both early (i.e. 
stimulating EMT) and later (i.e. promoting filopodia formation through ADOR-
A2B) events and contributes to the establishment of distant metastases (i.e., 
extravasation and anchorage-independent growth) [15]. However, the molecu-
lar mechanisms by which Fra-1 regulates gene transcription to promote breast 
cancer cell invasion and metastasis remain unclear. Moreover, although Fra-1 is 
predominantly localized in the nucleus of the cells, a simultaneous nuclear and 
cytoplasmic localization of Fra-1 has been reported in breast, lung and thyroid 
cancer [12, 16, 17]. However, thus far most research has focused on studying the 
nuclear activity of Fra-1 while its cytoplasmic function is poorly characterized. 

Given that the vast majority of proteins rarely act in isolation, but instead 
rely on a network of interactions with others to perform their functions (includ-
ing transcriptional regulation), we hypothesized that a better understanding of 
the molecular mechanisms governing both the nuclear and cytoplasmic Fra-1 
function in breast cancer might be gained through the analysis of the Fra-1 in-
teractome. Thus, in the present study, we applied an unbiased proteomics ap-
proach to comprehensively analyze the composition of Fra-1 protein complexes. 
First, we performed affinity purification experiments using the triple-negative 
breast cancer cell line, MDA-MB-231, which expresses high levels of endoge-
nous Fra-1. Next, to elucidate potential mechanisms underlying the cytoplasmic 
activity of Fra-1, we generated a stable MCF7 cell line overexpressing a cyto-
plasmic localized Fra-1 mutant protein, lacking the nuclear localization signal 
amino acid sequence (Fra-1-ΔNLS). MS analysis of the purified Fra-1 complexes, 
identified known (JUNB, JUN, JUND) as well as novel Fra-1 interactors with high 
confidence. Interestingly, the majority of the identified Fra-1 binding partners 
have been involved in transcription regulation and have been associated to 
carcinogenesis. 
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Results

Proteomic analysis of Fra-1 complexes in TNBC cells 

To identify the binding partners of Fra-1, we purified Fra-1-containing 
protein complexes using immunoprecipitation followed by intensity-based la-
bel-free quantitative MS analysis. An overview of the experimental workflow is 
depicted in Figure 1A. IP experiments, using an antibody specific to Fra-1, were 
performed on protein lysates from the highly invasive and metastatic breast 
cancer cell line, MDA-MB-231. MDA-MB-231 cells, express high levels of endog-
enous Fra-1 and Fra-1 depletion suppressed their ability to metastasize in vivo 
[15, 18]. For cell lysis, we used a mild detergent-based lysis buffer (0.1% Triton 
X-100) to extract the proteins without disrupting protein-protein interactions and 
all experiments were performed in three biological replicates. In parallel to each 
Fra-1 purification, protein lysates were incubated with beads bound to an iso-
type IgG control to account for the non-specific binding proteins, allowing the 
identification of specific interactors. 

Figure 1. Purification and mass spectrometry analysis of Fra-1 interactions. A. Sche-
matic representation of the Fra-1 and IgG purifications in MDA-MB-231 cell lysates fol-
lowed by quantitative mass spectrometry analysis. B. Western blot analysis to confirm 
the presence of the bait (Fra-1) on the co-IP elution mixtures. C. Heatmap of Pearson 
correlations across the triplicate experiments.
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Western blot analysis on the eluted complexes confirmed the efficient 
purification of Fra-1 only in the Fra-1 IP experiments and not in the IgG con-
trol IPs (Figure 1B). Moreover, as can be seen by the heatmap of the Pearson 
correlations illustrated in Figure 1C, all the Fra-1 IPs had very high correlations 
between LFQ intensities (Pearson correlation coefficient >0.85 across the Fra-1 
pull-downs), while the correlations between the Fra-1 and IgG IPs were lower 
than 0.67, indicating the detection of unspecific binders across the experiments. 
After standard filtering of the data (only proteins quantified in at least two out 
of three independent experiments were further analyzed) and hierarchical clus-
tering of the protein intensities of all the proteins co-purified within the Fra-1 
and the IgG IPs, we found a cluster of 68 proteins to be specifically enriched 
in the Fra-1 pull-downs (Figure 2). As expected, amongst them we found the 
bait protein Fra-1 uniquely identified in the Fra-1 pull-downs, while amongst the 
Fra-1 co-purified proteins we detected the JUN family proteins (JUNB, JUN and 
JUND), which are known bona fide Fra-1 interactors (Figure 2B).

Interestingly, Gene ontology analysis (Figure 2C) of the Fra-1 associated 
proteins revealed a strong enrichment in nuclear proteins, mainly RNA binding 
proteins, involved in mRNA splicing, gene expression and translation initiation 
processes. Moreover, this result could also suggest a yet unexplored RNA-asso-
ciated role of Fra-1, which needs to be explored further. 

Figure 2. Identification of Fra-1 protein partners. A. Hierarchical clustering of all co-pu-
rified proteins detected across the Fra-1 and IgG IP experiments. B. Fra-1 and JUN family 
proteins were uniquely identified in the Fra-1 IPs compared to the controls. C. Gene 
ontology enrichment of the highly enriched proteins in the Fra-1 pull-down compared to 
the IgG controls.
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The Fra-1 interactome

Next, to distinguish the true Fra-1 protein interactors from background 
binders, we performed a student’s t-test comparing the LFQ intensities of the 
Fra-1 pull-downs, compared to the IgG controls. To reveal the significantly en-
riched proteins and also show their significance, we plotted the log2 ratio of 
Fra-1/IgG (LFQ intensities) against the negative log-transformed p-value. The en-
riched interactors appear on the upper right section of the volcano plot illustrat-
ed in Figure 3A (Log2 ratio >1, p-value<0.05). As expected, Fra-1 together with the 
JUNB, JUN and JUND transcription factors (highlighted in green) were amongst 
the most enriched proteins in the pull-downs, highlighted as green dots. In total, 
our mass spectrometry analysis revealed 67 potential interactors significantly 
enriched in the Fra-1 pull-down (Figure 3B & Supplementary table 1). Interesting-
ly, we found Fra-1 to be associated with a large number of ribonucleoproteins, 
many of which are members of the heterogeneous nuclear ribonucleoproteins 
(hnRNPs) family. HnRNPs, represent a large family of RNA-binding proteins that 
exert a broad range of functions in nucleic acid metabolism including alternative 
splicing, mRNA stabilization, and transcriptional and translational regulation and 
their expression levels is altered in many types of cancer [19]. Among the hn-
RNPs that were found to be interacting with Fra-1, we detected major transcrip-
tion regulators, such as the RALY, HNRNPC, RBMX, HNRNPU, HNRNPA1, HNRN-
PA2B1 and the transcription factor HNRNPK, which have been identified to be 
involved in cancer and metastasis and have been characterized as keystones in 
tumor development [20-22]. Moreover, in addition to the hnRNPs, our proteomic 
analysis revealed the RNA-binding proteins IGF2BP2, IGF2BP3, ELAV1, DDX6 
and PTBP3, whose overexpression and post-transcriptional activity has been 
linked to tumorigenesis and aggressive malignancies [23-29] and the DNA/RNA 
trans-acting regulator TIAL1, as potential Fra-1 interactors. 

Except for the large group of RNA binding proteins detected in the Fra-1 
complexes, we also found several proteins implicated in transcription regula-
tion such as the proto-oncogenes TFG, which is involved in oncogenic rear-
rangements in different tumor types [30-32] and EWSR1, which was shown to 
act as a transcriptional regulator promoting c-fos, Xvent-2 and ErbB2 promoter 
activation [33]. Both TFG and EWSR1 have been identified as fusion partners in 
several fusion oncoproteins implicated in tumorigenesis, with the EWSR1-fusion 
proteins being mostly novel DNA-binding transcription factors capable of cell 
transformation [33, 34].  Other transcriptional activators existing as complexes 
with Fra-1 include the transcriptional activator PURA, which has the ability to 
bind to a DNA sequence present upstream of the human c-Myc gene and has 
been previously reported to interact with the E2F-1 transcription factors to con-
trol cell proliferation [35] and the core subunit of the chromatin remodeling SWI/
SNF complex SMARCE1 that plays a role in interaction with transcription factors 
and chromatin and has recently been suggested as a key transcription regulator 
driving breast cancer metastasis [36, 37]. Moreover, the transcription factors 
YBX1 and ILF2 whose overexpression in breast cancer has been associated 
with breast cancer development and poor clinical outcomes [38, 39] and the sin-
gle-stranded DNA-binding protein FUBP3 that possess all features of conven-
tional transcription factors [40] were specifically enriched proteins in the Fra-1 
pull-down as well, indicating potential protein-protein interactions with Fra-1. 
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Fra-1 and JUNB shared interactome in TNBC cells

Given the fact that Fra-1 forms a dimeric complex with the JUN family 
transcription factors (AP-1 complex) to regulate gene transcription and that in 
our Fra-1 interaction dataset, we confidently identified JUNB as one of the most 
significantly enriched interactors of Fra-1 (see volcano plot in Figure 3), we next 
sought to explore whether the identified Fra-1 interacting proteins are associ-
ated with the Fra-1/JUNB complex possibly forming a multiprotein regulatory 
complex centered around the AP-1 transcription factor. Thus, to validate this 
hypothesis and (partly) confirm the MS data obtained by the Fra-1 pull-downs, 
we performed reverse co-immunoprecipitation of JUNB and analyzed the JUNB 
co-purified complexes. To this end, we applied the same experimental workflow 
used for Fra-1 to IP JUNB, in triplicate. Western blot analysis confirmed the effi-
cient enrichment of JUNB specifically in the JUNB-IPs compared to the control 
IPs. Moreover, western blot analysis confirmed the presence of Fra-1 amongst 
the eluted JUNB co-purified complexes (Figure 4A). Mass spectrometry analysis 
revealed 64 potential JUNB interactors specifically enriched in the JUNB-IPs 
(Log2 ratio >1, p-value <0.05, student’s t-test). Both JUNB and FOSL1 proteins 
were highly enriched in the JUNB pull-downs compared to the IgG controls. Of 
note, from the FOS family proteins except for Fra-1, Fra-2 (FOSL2) protein was 
also detected in the JUNB co-eluted proteins (Figure 4B). Interestingly, our data 
revealed an overlap of 27 proteins between the Fra-1 and JUNB interactomes 
(Figure 4C). Amongst them, the proteins TFG, ELAV1, DDX6 and ILF2 were highly 
enriched. These results not only partly validate the MS findings of the identified 
Fra-1 interacting proteins, but also indicate that Fra-1/JUNB dimers exist in mul-
tiprotein complexes consisting of several gene expression regulators. On the 

Figure 3.  The Fra-1 interactome. A. Volcano plot of Fra-1 interactors. For each protein 
identified by co-IP-MS, the ratio of the intensities in the Fra-1 IPs over the control was cal-
culated and plotted against the p-value of a t-test calculated from triplicates. Fra-1 and its 
known significantly enriched interactors are highlighted in green. Highlighted in yellow 
are proteins that have been previously associated with carcinogenesis. B. Protein-pro-
tein interaction network of the Fra-1 associated proteins (string cut-off: 0.8).
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other hand, unique interaction partners for each transcription factor have also 
been identified which means that Fra-1 and JUNB complexes are not exclusive. 

Figure 4. The Fra-1 and JUNB shared interactome. A. Western blot analysis to confirm 
the presence of the bait (JUNB) and Fra-1 proteins after elution in the JUNB pull-downs 
compared to the IgG control IPs. B. Volcano plot illustrating the JUNB interacting pro-
teins. Fra-1 and Fra-2 (FOSL2) are highlighted in green, while proteins identified in both 
Fra-1 and JUNB IPs are highlighted in yellow. C. Venn diagram displaying the overlap of 
the identified potential interactors between JUNB and Fra-1. Protein-protein interaction 
network of the shared interactors (String cut-off:0.8)
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Overexpression of cytoplasmic Fra-1 (HA-Fra-1-ΔNLS) in MCF7 cells

 Fra-1 is a transcription factor, which contains a nuclear localization sig-
nal (NLS) and as already discussed earlier, although it is mostly localized in the 
nucleus, immunolocalization studies have shown the presence of Fra-1 in the 
cytoplasm in various cancerous tissues including breast cancer tissues (sup-
plementary Fig. 1). To address a potential role of cytoplasmic Fra-1 in breast 
cancer development and metastasis, we next sought to generate a stable breast 
cancer cell line overexpressing a cytoplasmic localized Fra-1 mutant protein 
(Fra-1-ΔNLS). To this end, we used the breast cancer cell line MCF7, in which 
Fra-1 expression is very low [15]. To accurately predict the nuclear localization 
signal sequence of Fra-1, we used the online “cNLS Mapper” prediction tool 
[41-43]. The predicted NLS sequence is illustrated in Figure 5A (31 amino ac-
ids). MCF7 cells were transfected with a plasmid coding for HA-Fra-1-ΔNLS 
(MCF7_ΔNLS) or empty vector (MCF7_EV). Western blot analysis using specific 
antibodies against Fra-1 and HA-tag confirmed the successful transfection and 
overexpression of the mutant HA-Fra-1-ΔNLS protein in the MCF7_ΔNLS cells 
compared to the MCF7 cells transfected with an empty vector control (Figure 
5B). Moreover, to confirm the localization of the mutant HA-Fra-1-ΔNLS protein in 
the cytoplasm, we performed cell lysis and subsequent subcellular fractionation 
of the MCF7_ΔNLS and MCF7_EV cells. Western blot analysis of Fra-1 in the 
nuclear and cytoplasmic protein fractions confirmed its expression exclusively 
on the cytoplasm, while the expression of GAPDH and Lamin A/C specifically in 
the cytoplasmic and nuclear fractions, respectively, confirmed the purity of the 
fractions (Figure 5C). 

Figure 5. Overexpression of cytoplasmic Fra-1 in MCF7 cells. A. Fra-1 nuclear localiza-
tion signal (NLS) predicted by the online “cNLS Mapper” prediction tool. B. MDA-MB-231, 
MCF7 cells transfected with HA-Fra-1-ΔNLS (MCF7_ΔNLS) or empty vector (MCF7_EV) 
and wild type MCF7 cells (MCF7_WT) were analyzed by western blotting with antibodies 
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Fra-1 cytoplasmic interactors

 To identify potential Fra-1 interacting proteins, which associate with Fra-1 
in the cytoplasm, we performed Fra-1 IP experiments on the cytoplasmic frac-
tions of MCF7_ΔNLS and MCF7_EV cells, in triplicates. Overall, our MS analysis 
revealed 58 proteins highly enriched in the MCF7_ΔNLS Fra-1 IPs compared to 
the empty vector controls (Log2 ratio >1, p-value <0.05, student’s t-test; Supple-
mentary Table 3, Figure 6). Amongst them, the bait Fra-1 was the most enriched 
protein in the IP. Interestingly, the transcription factors JUN, JUNB and JUND 
were also co-purified together with Fra-1 in the cytoplasmic fractions. However, 
the presence of Fra-1/JUN complexes in the cytoplasm is highly unlikely and we 
postulate that the detection of the nuclear interactors JUNB and JUND in the cy-
toplasmic IPs, indicate a partial cross-contamination during the subcellular frac-
tionation. Therefore, as an additional control, to confirm that the identified Fra-1 
complexes are specific to the cytoplasmic localization of the transcription factor, 
we performed IPs in the nuclear extracts as well. Moreover, even though endoge-
nous Fra-1 expression in wild-type MCF7 cells was almost undetectable by immu-
nofluorescence and western blot analysis, we could not completely exclude en-
dogenous Fra-1 expression in MCF7 cells, albeit in very low amounts. SDS-PAGE 
analysis of the Fra-1 co-purified proteins in the cytoplasmic and nuclear fractions 
revealed very distinct proteomic patterns between the nuclear and cytoplasmic 
pull-down experiments (Supplementary Figure 2). Analysis of the nuclear IPs 
by MS identified the Fra-1 and the JUN transcription factors in both the MCF7_
ΔNLS and MCF7_EV pull-downs, without showing a significant enrichment in the 
MCF7_ΔNLS nuclear IPs, further confirming that the overexpressed cytoplasmic 
Fra-1 was exclusively localized in the cytoplasm. Additionally, due to the low 
abundance of endogenous nuclear Fra-1, it was not confidently detected by MS 
across all pull-downs (data not shown). Nevertheless, to exclude nuclear Fra-1 
partners in the cytoplasmic IPs, proteins detected in both the cytoplasmic and 
nuclear IPs were not considered as potential cytoplasmic Fra-1 interactors. 

After this filtering step we identified amongst the significantly enriched 
proteins, the breast carcinoma amplified sequence 1 (BCAS1) and sirtuin-1 (SIRT1) 
as potential Fra-1 binding partners in the cytoplasm. The BCAS1 gene has been 
found amplified in breast tumors [44, 45] and is associated with invasive car-
cinomas and poor prognosis [46]. Although the function of BCAS1 protein is 
unknown, it is highly overexpressed in most breast cancer cell lines in which 
its gene is amplified and is considered as strong candidate oncogene [47]. Sir-
tuin-1, a NAD+ dependent class III histone deacetylase, is associated with tu-
mor metastasis through positive regulation of epithelial-mesenchymal transition 
(EMT) in several types of cancers [48]. Cheng et al., suggested that in colorectal 
cancer SIRT1 promotes EMT and metastasis by regulating Fra-1 expression [49]. 
In particular, they showed a positive correlation of SIRT1 expression with Fra-1 
expression, metastasis and overall survival in colorectal cancer patients. More-
over, inhibition of SIRT1 lead to attenuation of Fra-1 expression and EMT pheno-

specific to Fra-1 and HA-tag. C. Western blot analysis of Fra-1 on nuclear and cytoplasmic 
protein fractions (equal protein amounts loaded) confirmed the exclusive expression of 
the mutant HA-Fra-1-ΔNLS protein in the cytoplasm. Antibodies specific for GAPDH and 
Lamin A/C were used as controls to assess the purity of the cytoplasmic and nuclear 
fractions, respectively.
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type. SIRT1 protein contains both nuclear localization signals (NLS) and nuclear 
export signal (NES) and thus, has been shown to localize both in the cytosol and 
nuclei of cancer cells [50, 51]. On the contrary in normal epithelial cells, SIRT1 is 
localized in the nucleus. Here, for the first time we show evidence for a potential 
interaction between cytoplasmic Fra-1 and cytoplasmic SIRT1 in breast cancer 
cells. In addition to the oncogenic BCAS1 and SIRT1, several cytoskeleton-as-
sociate proteins to co-purify with Fra-1, such as the actinin-associated LIM pro-
tein (PDLIM3), which might be involved in cytoskeletal assembly, the cytospin-A 
(SPECC1L) that plays a role in actin cytoskeleton organization and is involved in 
cancer metastasis [52] and the cytoskeleton regulator CLASP1. 

Figure 6. Cytoplasmic Fra-1 interactors. Volcano plot illustrating the significantly en-
riched proteins in the cytoplasmic Fra-1 pull-downs (Fra-1_ΔNLS) compared to the empty 
vector controls (EV). Proteins detected in the control pull-downs performed in the nuclear 
fractions were not considered as potential cytoplasmic interactors due to the potential 
cross-contamination of the cellular fractionation process (blue squares; Supplementary 
Table 3).  
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Discussion
The high mortality rate of breast cancer is not necessarily due to the 

primary tumor itself, but a result of disease recurrence and distant metastasis to 
other organs in the body. The metastatic spread of cancer cells is a process that 
often requires gene expression alterations regulated by the coordinated action 
of key oncogenic transcription factors and co-regulatory complexes. It therefore 
is crucial to gain insights on how gene expression is regulated by studying the 
composition of protein-protein interaction networks formed by such transcrip-
tion factors. To this end, in the present study, we aimed to contribute further on 
understanding the function of the oncogenic transcription factor Fra-1 by study-
ing its interactome. Moreover, in the light of reported Fra-1 overexpression, we 
purified protein complexes from different intracellular compartments and identi-
fied novel spatial-specific Fra-1 interactors by mass spectrometry. 

Fra-1 is commonly overexpressed in a variety of human cancers and is 
strongly implicated in metastasis and poor prognosis, while overexpression of 
Fra-1 in breast cancer cells has been shown to regulate both proliferation and 
cellular invasiveness. However, although the transcriptional activity of Fra-1 has 
been relatively well studied, knowledge on the protein-protein interactions that 
are important for the regulation and function of the transcription factor is rather 
limited. Here, we chose the MDA-MB-231 cell line as a model system to study 
Fra-1 interactions and complexes because of the high Fra-1 protein abundance 
and the fact that Fra-1 knockdown strongly inhibited their metastatic capacity 
[15]. 

Our MS analysis showed that Fra-1 forms multiprotein complexes com-
prised of novel and known Fra-1 binding partners (i.e. JUN, JUNB and JUND 
transcription factors). Interestingly, the largest group of the identified Fra-1-as-
sociated proteins consisted of RNA-binding proteins with the majority of them 
belonging to the hnRNP family, many of which have been implicated in the tu-
morigenesis and metastasis. As expected, we also identified several transcrip-
tional regulators as important Fra-1 interactors including oncogenic transcription 
factors and transcriptional activators. Moreover, a large number of the identified 
Fra-1 interactors were confirmed by reverse co-IP of the very well-known Fra-1 
binding partner JUNB. Here, we found a great overlap between the Fra-1 and 
JUNB interactomes, although unique interaction partners for both bait proteins 
were identified as well. These results suggest not only that Fra-1 complexes are 
heterogeneous, but also that Fra-1/JUNB dimers regulate gene expression via 
complex interactions with multiple nuclear protein binders, possibly forming a 
large protein network.

Several studies have reported that Fra-1 is localized both in the nucleus 
and the cytoplasm in several cancerous tissues, however most research has fo-
cused on its nuclear function, disregarding the possibility of additional non-tran-
scriptional Fra-1 mechanisms that might contribute to its role in carcinogenesis. 
In breast cancer particularly, Song et al. [12] showed that more than ~90% of 
breast carcinomas (n=445) showed both nuclear and cytoplasmic localization of 
Fra-1 compared to the benign tumors, which led them to suggest that accumu-
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lation of cytoplasmic Fra-1 could be indicative of an alternative mechanism by 
which Fra-1 contributes to human breast carcinogenesis. Recently, Motrich et al. 
[53], suggested that c-FOS and Fra-1 activate membrane lipid synthesis at the 
cytoplasm in growing breast cancer cells. Here, by performing co-immunopre-
cipitation of Fra-1 in MCF7 breast cancer cells overexpressing a cytoplasmically 
localized Fra-1 protein (NLS-depleted) we found that Fra-1 associates with sever-
al cancer-related proteins in the cytoplasm including the oncogenes BCAS1 and 
SIRT1 and several cytoskeleton-related proteins, which have been implicated in 
cancer cell migration. These findings suggest that functions other than the tran-
scriptional activity of Fra-1 might also contribute to breast cancer progression 
and metastasis. 

In summary, our data revealed that the transcription factor Fra-1 binds 
distinct sets of proteins depending on its nuclear or cytoplasmic localization. 
Both these distinct Fra-1 interactomes display a clear oncogenic potential, high-
lighting the importance for further functional characterization to confirm their 
possible implication in breast cancer progression and metastasis. 

Materials and methods

Cell culture

Human MDA-MB-231 and MCF7 breast cancer cells (obtained from the ATCC) 
were cultured in Dulbecco’s modified essential medium (DMEM) supplemented 
with 10% FBS (v/v) 100 U ml-1 penicillin, 100 µg ml-1 streptomycin and 100 µg ml-1 
L-Glutamine. The cells were maintained in a humidified incubator at 37oC with 
5% CO2. All cell lines have been tested for mycoplasma contamination.

Plasmid construction and cell transfection

NLS in Fra1 was predicted using cNLS mapper (PNAS, 2009; PMID: 19520826), 
and the top scoring putative NLS sequence “GVRRRPCEQISPEEEERRRVR-
RERNKLAAAK” with score 5.2 was deleted in the Fra1∆NLS mutant. Fra1 over-
expression constructs were obtained from Genescript (Nanjing, China) by cus-
tom request. Fra1∆NLS mutant sequence of 735bp was inserted between KpnI 
and EcoRI sites in the pcDNA3.1+N-HA vector, in frame with N-terminal HA-tag. 
Weakly metastatic MCF7 cells were transfected using Lipofectamine 3000 
transfection reagent (Invitrogen) according to the protocol provided by the man-
ufacturer. Briefly, plasmid DNA (2.5 μg/well, for 6-well plate) was mixed with 
3.75 μl Lipofectamine 3000, incubated for 5 min at room temperature and then 
added to the cells for 4-6 h. Next, the culture media of the cells was refreshed 
and 72 h after transfection, cells were subjected to G418 selection at 500 μg/
ml for 3 days before cells were frozen down or expanded and subjected to 
western blot analysis. Subsequently, transfected cells were subjected to single 
clone selection using dilution and growth in 96-well plates. Five single clones 
over-expressing HA-Fra1∆NLS were expanded and analyzed by western blot 
using anti-HA-tag and anti-Fra-1 specific antibodies.  
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Cellular fractionation

Nuclear and cytoplasmic protein extracts were isolated/prepared from fresh-
ly harvested cells using the NE-PER Nuclear and Cytoplasmic Extraction Re-
agents kit (Pierce Biotechnology) following the detailed instructions provided. 
Complete mini EDTA-free protease inhibitor cocktail tablets (Roche Diagnostics) 
were added to the CERI and NER extraction reagents prior to use.

Western blot analysis

Cells were lysed by Urea buffer (8M urea buffer in 50 mM ammonium bicarbon-
ate pH 8.5, Complete mini EDTA-free protease inhibitor cocktail (Roche), PhosS-
TOP phosphatase inhibitor cocktail (Roche)) and protein concentration was 
determined using a Bradford assay (Bio-Rad). Immunoblotting was performed 
using a 12% Criterion XT precast gel (Bio-Rad) and a 0.45 μm nitrocellulose 
membrane (Bio-Rad Laboratories). The following antibodies were used as pri-
mary and secondary antibodies: Fra-1 (C-12, Santa Cruz Biotechnology), Fra-1 (N-
17, Santa Cruz Biotechnology) JUNB (N-17, Santa Cruz Biotechnology), purified 
mouse anti-Lamin A/C (Becton Dickinson), anti-GAPDH (GeneTex), HA-probe (Y-
11, Santa Cruz Biotechnology), normal mouse IgG (Santa Cruz Biotechnology), 
goat anti-rabbit or goat anti-mouse IgG-HRP conjugated secondary antibodies 
(Dako). Protein detection was performed using ECL agent (Pierce) and a GeneG-
nome scanner (Syngene) for chemiluminescence imaging.

Co-immunoprecipitation (Co-IP) in MDA-MB-231 cells

For co-immunoprecipitation, frozen MDA-MB-231 cell pellets were resuspend-
ed in ice-cold lysis buffer (50 mM Tris-HCl pH 7.5, 150 mM NaCl, 0.1% Triton 
X-100, 1 mM Na2EDTA, 1 mM EGTA, 10% glycerol) supplemented with protease 
(Complete mini EDTA-free protease inhibitor cocktail, Roche) and phosphatase 
(PhosSTOP phosphatase inhibitor cocktail, Roche) inhibitors and incubated on 
ice for 10 min. Subsequently, cell lysis was achieved using physical cell dis-
ruption techniques. First,  by performing three repeated cycles of freezing and 
thawing and then by liquid homogenization using a Dounce homogenizer for 
approximately 3 min. Whole cell extracts were clarified by a 10 min centrifu-
gation at 20,000g at 4°C. 50 μl magnetic protein G beads (Dynabeads Protein 
G, Life Technologies AS., Oslo, Norway) per co-IP, were washed three times 
with 1 ml PBS and subsequently 10 μg of antibodies were added to the beads 
in 1ml PBS for antibody-beads coupling overnight at 4°C. After removing the 
unbound antibody, the beads were mixed with the whole cell lysate extract 
(6mg) and incubated overnight at 4°C while rotating. Subsequently, the beads 
were washed three times with 1ml lysis buffer and proteins were eluted off the 
beads by incubating with 50 μl 2X Laemmli buffer and boiling for 10 min at 
95°C. The eluted proteins were reduced (25mM DTT, 56°C, 30 min), alkylated 
(90mM chloroacetamide, 30 min in the dark) and separated by a 12% SDS-PAGE 
gel prior to in-gel digestion and mass spectrometry analysis. 2% of the eluted 
proteins were kept for subsequent western blot analysis.
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Co-immunoprecipitation in transfected MCF7 cells (MCF7_ΔNLS and 
MCF7_EV)

10 µg of Fra1 antibody (sc-28310, SANTA CRUZ) was mixed with the coupling 
buffer (0.01M sodium phosphate, 0.15M NaCl; pH 7.2) and loaded onto columns 
containing 10 µl protein a/g beads (Santa Cruz Biotechnology). The column 
was incubated for 60 min (RT) followed by crosslinking to the beads with 2.5 
Mm DSS for 20 min (RT). The antibody-beads complexes were washed subse-
quently once with elution buffer, twice with coupling buffer and cold lysis buffer. 
MCF7_ΔNLS and MCF7_EV nuclear and cytoplasmic extracts were mixed with 
the beads and incubated overnight at 4°C. After incubation, the beads were 
washed 3 times with lysis buffer. 3 µl of 1M tris-HCL PH 9.5 buffer were pipetted 
in the bottom of the collection tube. 50 µl elution buffer was added to each 
sample and centrifugation for 1 min to collect the flow through/eluted proteins.

In-gel digestion

For in-gel digestion, eluted proteins were resolved by SDS-PAGE using 4–12% 
or 12% Criterion XT Bis-Tris precast gels (Bio-Rad Laboratories). After fixing 
for 20min in 40% (v/v) EtOH/10% (v/v) acetic acid (Merck) and staining with 
Coomassie Brilliant Blue (Thermo Scientific) each sample line was excised, di-
vided/cut in pieces and in-gel digested according to the standard protocol de-
scribed by Schevhenko et al. [54] with minor modifications. Briefly, gel pieces 
were washed with 50 mM ammonium bicarbonate (Fluka) pH 8.5 and dehydrat-
ed using 100% acetonitrile (Biosolve). After repeating several hydration/dehy-
dration cycles, 150 ng of trypsin (Promega) was added for overnight incuba-
tion at 37C. Peptide digests/peptides were extracted twice in 100% acetonitrile, 
dried in a SPD SpeedVac concentrator (Thermo) and reconstituted in 10% formic 
acid (Merck) prior to nanoLC-MS/MS analysis.

Mass Spectrometry analysis 

Samples were analyzed by nanoLC-MS/MS either on an Orbitrap Q-Exactive HF 
or an Orbitrap Q-Exactive HF-X Mass Spectrometer (ThermoFisher Scientific, 
Bremen) coupled to an Agilent 1290 Infinity Ultra-High Pressure Liquid Chro-
matography (UHPLC) system (Agilent Technologies), operating in reverse phase 
(C18) equipped with a Reprosil pur C18 trap column (100 µm x 2 cm, 3 µm, Dr. 
Maisch) and a Poroshell 120 EC C18 analytical column (75 µm x 50 cm, 2.7 µm, 
Agilent Technologies). After trapping for 5 min in a flow rate of 0.05 ml/min in 
100% Solvent A (0.1% FA in H2O), peptides were separated at room temperature 
using a 95 min LC gradient from 13-44% solvent B (0.1% FA, 80 % ACN) at a flow 
rate of 300 nl/min. The mass spectrometer was operated in data-dependent 
acquisition mode, automatically switching between MS and MS2. Full scan MS 
spectra were acquired using the following settings: full-scan automatic gain con-
trol (AGC) target 3e6 at 60,000 resolution; scan range 375–1600 m/z; Orbitrap 
full-scan maximum injection time 20 ms. HCD MS2 spectra were generated for 
up to 12 precursors with a normalized collision energy of 27%. The fragment ions 
were acquired at a resolution of 30,000 (isolation window of 1.4 m/z) with an 
AGC target value of 1e5 charges and a maximum injection time of 100 ms. The 
dynamic exclusion was set to 16 s. 
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Data Processing and Analysis

MS files were searched with the MaxQuant software (versions 1.5.8.3 and 1.6.2.3) 
[55]. MS/MS spectra were searched by Andromeda against a reviewed homo 
sapiens database (UniProt, March 2017, 20,168 entries). The following parame-
ters were used: trypsin digestion allowing a maximum of 2 missed cleavages, 
cysteine carbamidomethylation was set as fixed modification and oxidized me-
thionine and protein N-terminal acetylation were set as variable modifications. 
Mass tolerance was set to 4.5 ppm and 20 ppm for the MS1 and MS2, respec-
tively. The protein and PSM False Discovery Rate (FDR) were set to 1%. Pep-
tide identifications by MS/MS were transferred between runs to replace missing 
values for quantification, with a 0.7-min window after retention time alignment. 
Relative, label-free quantification was performed using the MaxLFQ algorithm 
[56] integrated into MaxQuant.

All data were analyzed using the Perseus software [57].  LFQ intensities ex-
tracted by MaxQuant were log2 transformed. Samples (bait pull-downs and IgG 
controls) were grouped in triplicates and identifications were subsequently fil-
tered for proteins having at least two valid values in at least one replicate group, 
respectively. Missing values were replaced by imputation according to normal 
distribution with a downshift of 1.8 SDs and a width of 0.25 SDs, enabling sta-
tistical analysis. A student’s t-test was performed comparing the LFQ intensities 
of each bait pull-down to its individual bait specific control group (in triplicates). 
As significantly enriched proteins we considered those with a p-value <0.05 and 
a greater than 2 fold-change for the intensities between the bait and the con-
trol pull-downs. For hierarchical clustering, logarithmized LFQ intensities were 
z-scored and then clustered using Euclidean as a distance for column and row 
clustering. Gene ontology (GO) analyses were performed with Database for An-
notation, Visualization and Integrated Discovery (DAVID) v6.8 [58, 59]. Network 
analysis was performed using the Cytoscape StringApp [60, 61]. Data were pre-
sented in graphs using the GraphPad Prism 8.0.2 software.
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Supplementary Figures

Supplementary Figure 1. Cytoplasmic Fra-1 expression in breast cancer. Immunohisto-
chemical staining of Fra-1 showed strong nuclear and weak cytoplasmic in two represen-
tative invasive ductal carcinomas (A and B), while a strong double nuclear and cytoplas-
mic staining was very pronounced in the invasive ductal carcinomas shown in C and D. 
In E, nonspecific IgG staining was performed as a negative control. The figure is adapted 
by Song et al. [12].
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Supplementary Figure 2. SDS-PAGE analysis of the Fra-1 co-eluted proteins in the cyto-
plasmic and nuclear pull-downs. 
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Supplementary Tables
Supplementary Table 1. Fra-1-associated proteins in MDA-MB-231 cells. The to-
tal number of peptide spectrum matches (PSMS) detected per protein across 
each IP experiment and the associated student’s t-test p-values along with the 
Log2 ratios of the LFQ intensities are displayed.  

Gene 
name

Fra-1 
PSMs

Fra-1 
PSMs

Fra-1 
PSMs

IgG 
PSMs

IgG 
PSMs

IgG 
PSMs

-Log10 
(p-value)

Log2 ratio 
Fra-1/IgG

TIAL1 149 118 141 0 0 0 3.0763 10.9356

HNRNPC 32 29 33 0 0 0 4.152649 8.000742

JUNB 23 23 19 0 0 0 5.211272 7.616414

TFG 239 175 267 1 3 1 3.988893 7.305838

RBMX 19 17 25 0 0 0 3.664011 7.156797

IGF2BP3 33 24 27 0 0 0 4.039607 6.957478

FOSL1 13 11 17 0 0 0 4.011335 6.955505

PABPC1 73 41 69 0 1 0 3.441397 6.83703

RALY 7 12 10 0 0 0 3.755616 6.48101

ELAVL1 12 16 27 1 1 0 3.896285 6.217068

FAM120A 38 13 32 0 0 0 2.182837 6.158602

EWSR1 13 15 7 0 0 0 2.806232 6.100681

UPF1 40 2 37 0 0 0 2.071132 6.01411

PABPC4 25 4 15 0 0 0 1.699503 5.790845

ILF2 13 15 19 1 2 0 2.708742 5.569218

JUN 9 4 12 0 0 0 3.606981 5.532354

IGF2BP2 32 14 27 0 0 0 2.075221 5.325457

JUND 11 14 7 0 0 0 3.507454 5.028835

MOV10 24 3 30 0 0 0 1.547786 4.949136

HNRNPR 12 4 10 0 0 0 2.87855 4.877659

MATR3 7 4 9 0 0 0 2.022495 4.841197

PURA 6 5 7 0 0 0 3.488792 4.755377

NDE1 5 12 6 0 0 0 3.308328 4.69227

PTBP1 19 3 22 0 2 1 2.654789 4.482416

FUBP3 15 2 20 0 0 0 1.427542 4.338545

RPS25 1 1 2 1 1 1 3.527296 4.265635

FXR1 15 15 20 0 0 0 2.043313 4.247592

HNRNPUL1 53 31 42 0 0 0 1.561504 4.10763

C14orf166 0 2 4 0 1 0 4.694704 4.003052

HNRNPM 79 41 56 0 3 1 3.451055 3.875824

RPL10 2 2 4 0 0 0 3.537475 3.848103

XRN1 1 2 6 0 0 0 3.187096 3.746635
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RBMS2 2 3 4 0 0 0 3.618208 3.487339

PTBP3 3 0 7 0 0 0 1.742876 3.46651

FMR1 3 2 3 0 0 0 3.116376 3.29682

EIF4A3 6 7 9 0 1 0 1.959989 3.289921

POLDIP3 5 2 5 0 0 0 2.657027 3.232571

SMARCE1 3 1 6 0 0 0 3.740993 3.200824

DDX6 10 4 15 0 1 1 1.518304 3.181088

YBX1 31 21 30 1 6 4 3.7029 3.081857

RPS8 4 4 1 0 0 0 2.406275 3.054857

RPS13 5 7 7 0 1 0 1.935149 3.032014

HNRNPU 11 3 8 0 1 0 1.327754 3.025

HNRNPH1 13 14 15 1 4 1 4.261696 2.913026

RBM45 2 0 2 0 0 0 2.680197 2.871381

HNRN-
PUL2 3 0 2 0 0 0 2.957523 2.604212

HNRNPA1 8 8 20 1 1 1 2.434572 2.505636

STAU1 1 0 7 0 0 0 1.785894 2.459305

L1RE1 2 1 3 0 0 0 1.490176 2.436184

HIST1H4A 3 8 10 0 2 2 3.708142 2.408318

PCBP2 5 11 17 1 4 3 2.877181 2.400792

SRSF7 1 0 3 0 0 0 1.39855 2.208703

HNRN-
PA2B1 2 7 11 0 3 0 1.882455 2.114677

TRA2B 0 2 4 0 0 0 1.631609 2.015101

RPS4X 19 6 14 1 3 3 2.708644 1.994869

DSG1 4 0 1 0 1 0 1.349904 1.978487

HNRNPK 46 41 84 1 5 4 2.722446 1.89864

RPS3A 6 5 9 2 3 2 2.984089 1.885005

CALML5 1 0 3 0 0 0 2.526251 1.882048

HNRNPF 10 6 12 2 6 4 2.798111 1.812979

AGR2 1 1 2 0 3 1 1.63854 1.718195

CSTB 0 0 2 0 0 1 1.498925 1.678462

PRPF19 0 0 3 0 0 0 1.999162 1.419721

RPS18 11 16 12 6 4 5 2.112816 1.353019

ST13P4 0 1 2 0 1 1 1.76661 1.33452

EEF1D 7 12 4 3 5 3 2.645638 1.291069

RPL4 2 1 2 0 0 0 1.415382 1.148181
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Supplementary Table 2. JUNB-associated proteins in MDA-MB-231 cells. The 
total number of peptide spectrum matches (PSMS) detected per protein across 
each IP experiment and the associated student’s t-test p-values along with the 
Log2 ratios of the LFQ intensities are displayed. 

Gene 
names

JUNB 
PSMs

JUNB 
PSMs

JUNB 
PSMs

IgG 
PSMs

IgG 
PSMs

IgG 
PSMs

-Log10 
(p-value)

Log2 ratio 
JUNB/
IgG

IGF2BP3 32 28 21 0 0 0 7.814817 8.38676

SYNCRIP 272 246 132 4 1 2 2.974882 7.109299

COL1A1 164 131 180 8 0 1 3.039274 6.855029

RPLP0 39 45 9 0 0 0 3.886254 6.562382

COL1A2 150 149 142 3 3 4 4.775549 6.103195

HNRNPA1 13 16 14 0 0 0 4.160813 5.178263

HIST1H2AJ 22 27 23 4 0 0 1.950988 5.16581

CHTF8 16 16 10 1 0 0 3.33248 4.85323

PABPC1 7 5 3 1 0 1 4.801411 4.843228

PCNA 31 35 6 0 0 0 2.101389 4.707085

FOSL1 29 23 10 1 0 0 2.515485 4.365621

JUNB 6 10 6 0 0 0 2.725776 4.361431

RPL17 27 29 5 1 0 0 1.946124 4.331717

PCMT1 30 32 23 2 0 0 2.531535 4.321187

SFPQ 8 10 3 0 0 0 3.943951 4.28554

RPS3 20 15 12 0 0 0 2.376917 4.214992

DDX6 554 301 461 62 24 50 3.104855 4.116077

RPL9 5 5 4 0 1 1 2.653455 4.101621

RBMX 37 16 6 1 0 0 1.940827 4.096412

RPS9 6 8 7 0 0 0 1.99535 4.007061

SERPINH1 10 8 9 0 0 0 3.296 3.891426

FXR1 4 2 3 0 0 0 3.252448 3.588819

FXR2 4 4 3 0 0 1 3.016775 3.499098

HNRNPM 3 3 4 1 0 0 3.633292 3.373708

HNRNPF 37 30 43 11 12 12 2.619822 3.371585

RPS3A 20 8 1 0 0 0 1.883774 3.279477

HNRNPK 8 12 1 0 0 0 1.882463 3.192707

RPS8 215 160 293 45 39 39 3.401173 3.177652

RPS15A 8 14 3 0 0 0 3.571031 3.109866

RPS16 3 5 1 0 0 0 3.384009 3.070848

RPS23 1 3 1 0 0 1 3.680596 3.029904

RPS18 34 35 25 8 4 5 3.694344 3.026937

RPS4X 20 24 1 1 0 0 1.45247 3.018556
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RPL23 5 6 6 0 0 0 2.93579 3.004382

RPL10A 1 6 5 0 0 0 3.018169 2.981099

RPL38 3 2 3 0 0 0 2.815344 2.963093

YBX1 20 13 5 2 0 0 2.29324 2.892067

PURA 5 4 0 0 0 0 2.029278 2.82989

FMR1 6 3 1 0 0 0 3.481635 2.794536

ILF2 5 12 2 0 0 1 1.500334 2.713184

PEX6 2 1 1 0 0 0 2.714877 2.649281

RCN2 11 10 4 0 0 1 1.503556 2.611564

CAPRIN1 69 66 20 15 0 8 1.379593 2.59754

NONO 2 4 3 0 0 0 1.374227 2.543205

PCBP2 62 54 13 8 1 3 4.328287 2.490259

TRIP10 2 1 2 0 0 0 2.175227 2.384148

ELAVL1 6 5 1 0 0 0 1.364449 2.377605

NUFIP2 8 9 4 2 1 1 2.714299 2.267977

ALYREF 3 7 2 1 1 2 2.052849 2.213283

ATXN2L 10 11 8 1 0 2 4.515728 2.15185

PSPC1 4 6 5 0 0 0 2.043844 1.944223

TFG 9 9 7 2 0 0 1.718849 1.872723

TAF15 18 20 11 1 0 3 2.25172 1.829289

UPF1 1 2 2 0 0 0 2.990167 1.635035

FUBP3 1 1 2 0 0 0 2.053954 1.582813

PURB 19 7 10 2 1 3 1.971996 1.554394

KIFC1 1 4 0 0 0 0 1.575842 1.543726

SMG9 6 3 1 0 0 0 1.373348 1.422011

WDR26 6 6 6 2 0 0 3.204058 1.285425

ACP6 3 1 1 0 0 0 1.861565 1.2253

FAM120A 4 4 0 0 0 0 1.342672 1.218678

C14orf166 2 2 0 0 0 0 1.407836 1.200848

IGF2BP2 11 13 10 5 1 2 2.53764 1.137783
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Supplementary Table 3. Cytoplasmic Fra-1-associated proteins in MCF7_ΔNLS 
cells. The total number of peptide spectrum matches (PSMS) detected per 
protein across each cytoplasmic IP experiment and the associated student’s 
t-test p-values along with the Log2 ratios of the LFQ intensities are displayed. 
The proteins detected also in the nuclear MCF7_Fra-1ΔNLS vs MCF7_EV IPs are 
also shown.

Gene 
name

Fra1 
PSMs

Fra1 
PSMs

Fra1 
PSMs

EV  
PSMs

EV  
PSMs

EV 
PSMs

-Log10 
(p-value)

Log2 ratio  
Fra1/EV

JUNB* 74 75 81 3 0 1 4.119077923 8.663803736

FOSL1* 24 49 47 0 0 0 2.238732579 7.58817927

JUND* 34 39 42 0 0 0 3.784909101 7.14687856

JUN* 10 11 9 0 0 0 4.858853744 4.367154439

FAAP100* 3 14 4 0 0 1 2.239960708 3.885330836

SIRT1 6 24 12 1 0 0 1.947184002 3.791399638

BCAS1 6 21 19 0 0 0 2.40507206 3.475289027

UBE2R2 9 13 14 0 1 1 2.537985649 3.433708191

YEATS4* 25 27 25 8 1 1 2.226390145 3.150559743

ARIH1 13 7 7 0 0 0 3.011096516 2.915505727

DCHS2 2 1 0 1 0 1 1.383315729 2.641887665

PDLIM3 7 7 4 2 0 0 2.834697922 2.369646072

PLGRKT 11 5 5 1 2 2 2.902372106 2.191865921

C18orf25 4 2 3 1 0 0 1.336051934 2.150599162

TLDC1 3 0 2 0 0 0 2.823187226 2.144448598

FAM89B 1 1 1 0 0 0 1.526106404 1.976394653

CETN3* 3 1 1 1 0 0 2.60124741 1.9204216

MTMR1 5 6 6 0 0 1 2.915345895 1.696541468

SOS1 1 0 2 0 1 2 2.38267889 1.694990794

C2CD2L 1 2 2 0 0 0 1.33481575 1.655058543

SPECC1L 0 2 2 0 0 0 2.448764483 1.544886907

LAMA5 0 0 0 1 3 0 2.207556828 1.522064845

IGFBP5 7 10 10 2 2 2 2.606376179 1.511365891

D2HGDH 8 4 4 0 0 0 1.582388099 1.47567304

LYPLA2 1 2 2 1 1 1 1.313747664 1.474093755

CORO7 2 3 2 1 0 0 2.294844615 1.463818868

GTF2H4* 0 1 2 0 0 0 1.572708022 1.424396515

TMX4 2 4 3 0 1 0 1.436957165 1.411734263

CLASP1 0 5 2 1 3 2 1.92824652 1.405297597

TBC1D9 1 2 2 0 0 1 1.409775472 1.396311442
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XYLT2 0 0 0 0 1 1 1.435535135 1.374781926

FUCA1 2 3 2 0 0 1 2.43451237 1.361510595

BNIP3 1 2 2 0 0 0 1.446266922 1.359573364

TCERG1* 2 4 3 2 3 5 1.496829849 1.267653147

ELP2 0 2 1 1 1 1 1.319430014 1.252375285

CAST 3 10 8 5 5 8 1.727238768 1.241462708

FAM114A2 4 3 6 0 0 2 1.765914339 1.231123606

REEP5* 44 19 23 20 11 13 2.20669929 1.223337809

PPP1R7 5 7 12 0 3 2 1.712238287 1.21719869

KDM3B* 7 14 10 6 7 9 1.341160195 1.208885829

CD47 7 9 9 4 6 7 2.303376109 1.198933283

BOD1 2 0 0 1 0 0 1.370522493 1.188415527

NUCB1 19 13 20 6 4 2 1.545255764 1.179531097

SLC25A4 9 11 12 7 5 8 1.709342357 1.154427846

TRIM68 8 8 10 2 3 1 1.646608246 1.149650574

ARFGAP1 1 2 3 2 0 0 2.359866553 1.143357595

GPX8 1 2 1 1 0 1 1.990759948 1.142067591

PABPN1* 4 5 6 6 5 5 1.592728645 1.118608475

GSTM3 15 25 23 10 13 21 1.612234612 1.083388646

COA5 2 1 0 0 1 2 1.52289802 1.080411911

DNPH1 7 6 4 5 1 4 2.013561874 1.08009402

FLAD1 10 10 14 0 4 3 1.768206467 1.055782318

ATP13A1 1 14 8 3 8 8 1.504062592 1.053448359

ATP2A3 10 16 22 9 8 19 2.09605133 1.04758962

BASP1* 5 13 14 5 6 6 1.750351229 1.042830785

ARFGEF1 2 3 5 0 3 2 2.188202046 1.032535553

ATP5F1* 36 43 44 32 22 32 2.558783357 1.03090922

CSNK2A1 36 41 47 19 16 25 2.242103789 1.026219686

FBXO7 4 2 2 0 1 1 3.029563622 1.014085134

* Proteins identified in the nuclear IPs as well
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Summary 
The work presented in this thesis demonstrates the great potential of 

using mass spectrometry-based quantitative (phospho)proteomics technolo-
gies to study and characterize proteins and their signaling networks in cancer 
research. More specifically, using breast cancer as a model system, we show 
that proteomics is a very powerful tool offering great opportunities to discover 
novel protein biomarker signatures and unravel the molecular mechanisms and 
protein interaction networks involved in cancer treatment, progression and me-
tastasis. 

In the first part of chapter 1, a general introduction on the basic princi-
ples and the emerging technologies of MS-based proteomics is given. More-
over, an overview of a generalized proteomics workflow is described in detail, 
highlighting its most crucial technical aspects including sample preparation, 
chromatographic separation and PTM enrichment strategies to reduce sample 
complexity as well as information about the current MS instrumentation and the 
most commonly employed MS quantitative strategies. A big part of the research 
presented herein focused on the exploitation of extracellular vesicles (EVs) as 
novel circulating cancer biomarkers and therefore, the second part of this chap-
ter provides a brief introduction to extracellular vesicles. In particular, the no-
menclature, classification, methods of isolation, molecular composition as well 
as their function in cancer and clinical relevance are discussed. Finally, in the 
last part of this chapter, the biological and clinical significance of studying breast 
cancer (BC) is also described. 

In recent years, circulating extracellular vesicles have gathered tremen-
dous interest as potential non-invasive liquid biopsies mainly due to the fact that 
their cargo serves as a “molecular fingerprint” of the releasing cell type and its 
status. Therefore, in chapter 2 we explored the biomarker potential of breast 
cancer-derived EVs by comparing the (phospho)proteome profiles of 10 differ-
ent breast (cancer) cell lines, with a special emphasis on the TNBC and HER2 
subtypes. We showed that the EV proteomes nicely clustered based on their 
respective subtypes, revealing subtype-specific protein clusters that reflect BC 
etiology. Conversely, the intracellular proteome profiles of the breast cancer 
cells did not allow BC subtype-classification, indicating even higher diagnostic 
potential of tumor secreted EVs compared to tumor tissue itself. Moreover, we 
provided molecular evidence for subtype-specific biological processes and mo-
lecular pathways, hyperphosphorylated receptors and kinases, and highlighted 
a set of EV protein signatures that closely reflect the clinical pathophysiology of 
the TNBC and HER2-positive tumors. We suggested that these signatures could 
be used as potential biomarker signatures for BC diagnosis and/or stratification 
between different BC subtypes. In line with this hypothesis, we showed that a 
subpanel of the identified in vitro molecular signatures could be confidently 
verified in vivo and also specifically in serum derived EVs of BC patients but not 
normal, CRC or NSCLC patients. Therefore, the data presented in this chapter 
demonstrate the great diagnostic potential of (BC) EVs for tumor subtyping for 
the first time.
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Understanding the mechanisms of drug synergy, rather than simply 
knowing which drugs to combine, is crucial for developing more effective can-
cer therapies. Therefore, in chapter 3 we employed a mass spectrometry-based 
quantitative (phospho)proteomics approach to identify the underlying mecha-
nisms by which co-inhibition of EGFR and ROCK induces triple-negative breast 
cancer (TNBC) cell death. This study was based on a recent publication in which 
we carried out in vitro and in vivo screens complemented with pharmacologic 
screens to identify drug combinations that effectively impair TNBC cell growth 
and showed that the combination of EGFR and ROCK inhibitors induces cell 
cycle arrest in TNBC cells. We performed a deep proteomic and phosphopro-
teomic profiling to identify proteins and pathways altered upon single and com-
bination treatments and found autophagy as a mechanism implicated in the 
cells’ response to combinatorial treatment. In particular, we showed that our that 
EGFR inhibition alone induces autophagy as a cytoprotective mechanism for 
TNBC cells however, upon combinatorial treatment autophagic flux is impaired 
leading to an accumulation of autophagic vacuoles. Based on these findings, 
we suggested the impaired autophagosome clearance as a likely cause of an-
titumor activity. Moreover, based on our (phospho)proteome data we proposed 
that the inhibition of the autophagic flux is caused by the major cytoskeletal 
changes induced upon ROCK inhibition given the crucial role of the cytoskele-
ton throughout the various steps of the autophagy process.  

Fos-related antigen-1 (Fra-1) is a member of the Activator Protein-1 (AP-1) 
family of transcription factors, which is persistently overexpressed in a variety 
of human cancers and promotes cell growth, invasion and metastasis. To gain 
insight into the molecular mechanisms regulating Fra-1 function in metastasis, 
in  chapter 4 we aimed to unravel the nature of Fra-1 protein complexes in 
breast cancer cells using affinity-purification mass spectrometry (AP-MS). Our 
mass spectrometry analysis revealed next to the known Fra-1 interactors (JUN 
family of transcription factors), several novel potentially interesting interaction 
partners involved in transcriptional regulation, many of which have been impli-
cated in tumorigenesis and metastasis. Moreover, intrigued by the cytoplasmic 
localization of Fra-1 in several cancers including breast carcinomas, we also in-
vestigated the protein interaction network of Fra-1 in the cytoplasm. To achieve 
this, we generated a stable MCF7 cell line overexpressing a cytoplasmically 
localized Fra-1 mutant protein, lacking the nuclear localization signal amino acid 
sequence (Fra-1-ΔNLS). Interestingly, our AP-MS data revealed an association of 
cytoplasmic Fra-1 with several cancer-related proteins suggesting that its accu-
mulation in the cytoplasm of cancer cells could also contribute to cancer pro-
gression and metastasis. 
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Nederlandse Samenvatting
Het werk dat in deze thesis wordt beschreven laat de enorme potentie van het 
gebruik van de op massa spectrometrie-gebaseerde (phospho)proteomics tech-
nologie zien, met als doel eiwitten en de bijbehorende signaleringsnetwerken 
te studeren en karakteriseren in kankeronderzoek. We laten in een borstkanker-
model zien dat proteomics een veelbelovende methode is om nieuwe eiwit bio-
markers te ontdekken en om eiwit-interactienetwerken te ontdekken die betrok-
ken zijn in de behandeling, progressie en metastase van kanker.

In het eerste deel van hoofdstuk 1 wordt een inleiding in de basisprincipes en 
de opkomende technologieën in massa spectrometrie-gebaseerde proteomics 
gegeven. Daarnaast wordt een werkwijze van een algemeen proteomics ex-
periment beschreven, met focus op de meest belangrijke technische aspecten, 
inclusief monster voorbereiding, chromatrografische scheiding en post-trans-
lationele verrijkingsstrategieën en de meest voorkomkende massa spectrome-
trische kwantitatieve strategieën. Een groot deel van het beschreven onderzoek 
is gericht op het gebruik van extracellulaire vesicles als circulerende kanker 
biomarkers, die worden geïntroduceerd in het tweede deel van dit hoofdstuk. 
Nadruk ligt hier op de naamgeving, classificatie, isolatiemethoden, moleculaire 
compositie alsook de functie in kanker en klinische relevantie. Afsluitend wordt 
de biologische en klinische relevantie van borstkankeronderzoek in het alge-
meen beschreven.

In de afgelopen jaren hebben extracellulaire vesicles veel interesse vergaard 
als potentiële non-invasieve vloeibare biopsies, voornamelijk doordat hun lad-
ing dient als ‘moleculaire vingerafdruk’ van de afkomstige cel en diens status. In 
hoofdstuk 2 onderzochten we daarom de potentie van borstkanker-afkomstige 
extracellulaire vesicles als biomarker, door de (phospho)proteoom-profielen van 
tien verschillende borst(kanker)cellijnen, voornamelijk TNBC en HER2 subtypen, 
te vergelijken. We laten zien dat de proteooms van extracellulaire vesicles goed 
clusteren op basis van hun subtypen en ontdekten subtype-specifieke eiwitclus-
ters die borstkanker etiologie reflecteren. Omgekeerd lieten de intracellulaire 
proteooms van deze zelfde cellijnen zich niet op deze manier classificeren, wat 
de hogere diagnostische potentie van de door tumoren gesecreteerde extra-
cellulaire vesicles ten opzichte van tumorweefsel bevestigt. Daarnaast geven 
we moleculair bewijs voor subtype-specifieke biologische processen en molec-
ulaire signaleringsroutes, alsook hypergefosforyleerde receptoren en kinases, 
en belichten we een set van eiwitvingerafdrukken specifiek voor extracellulaire 
vesicles die de pathofysiologie van TNBC en HER2-positieve tumoren zeer goed 
benaderen. We suggereren dat deze vingerafdrukken gebruikt zouden kunnen 
worden als potentiele biomarkers voor de diagnose van borstkanker, alsmede 
voor de subtypen van verschillende vormen van borstkanker. In lijn met deze 
hypothese laten we zien dat een deel van de geïdentificeerde in vitro molecu-
laire vingerafdrukken met zekerheid in vivo kon worden geverifieerd, ook in van 
serum afkomstige extracellulaire vesicles van borstkankerpatiënten, maar niet 
in CRC of NSCLC patiënten en gezonde controles. De data die in dit hoofdstuk 
wordt gepresenteerd laat daarom, voor de eerste keer, goed de enorme poten-
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tie van extracellulaire vesicles zien voor het sub-typeren van tumoren.

Het begrijpen van de achterliggende mechanismen van drug synergie is cruciaal 
voor het ontwikkelen van meer effectieve kankergeneesmiddelen. Daarom heb-
ben we in hoofdstuk 3 een op massa spectrometrie-gebaseerde kwantitatieve 
(phospho)proteomics werkwijze gebruikt om de onderliggende mechanismen 
van celdood in triple negatieve borstkanker bij het gebruik van co-inhibitie van 
EGFR en ROCK te onderzoeken. Deze studie is gebaseerd op een recente pub-
licatie waarin we in vitro alsook in vivo screens aanvulden met farmacologische 
screens om geneesmiddelcombinaties te identificeren die effectief TNBC cel 
proliferatie aantasten. We lieten zien dat behandeling met een combinatie van 
EGFR en ROCK-remmers resulteerde in het afzwakken van de celcyclus in TNBC 
cellen. We hebben een uitgebreide profilering van het proteoom en fosfopro-
teoom uitgevoerd om eiwitten en signaleringsroutes te identificeren die veran-
deren tijdens behandeling met een enkele versus de combinatiebehandeling. 
Hierbij identificeerden we autofagie als een mechanisme die betrokken is bij 
de cellulaire respons op combinatiebehandeling. Meer specifiek lieten we zien 
dat het remmen van alleen EGFR autofagie induceert als een beschermend 
mechanisme voor TNBC cellen, maar dat de combinatiebehandeling deze aut-
ofagische flux inhibeert, wat leidt tot een ophoping van autofagische autofagie. 
Gebaseerd op deze bevindingen suggereerden we dat deze verzwakte aut-
ofagosomale klaring een aannemelijke verklaring is voor het mechanisme van 
de combinatiebehandeling. Daarnaast lieten we op basis van onze (phospho)
proteomic data zien dat de remming van de autofagische flux wordt veroorzaakt 
door grote veranderingen in het cytoskelet, veroorzaakt door de remming van 
ROCK, aangezien het cytoskelet gedurende de verschillende stappen van het 
autofagische proces een zeer belangrijke rol speelt.

Fos-related antigen-1 (Fra-1) is een lid van de Activator Protein-1 (AP-1) familie 
van transcriptiefactoren en komt zeer consistent tot overexpressie in verschil-
lende humane kankersoorten. Daarnaast bevordert Fra-1 ongecontroleerde cel-
groei, invasie en metastase. Om inzicht te krijgen in de moleculaire mechanis-
men die de functie van Fra-1 reguleren in metastase, hadden we in hoofdstuk 
4 het doel om Fra-1 eiwitcomplexen te analyseren met massa spectrometrie na 
affiniteit-purificatie (AP-MS). Onze MS analyse onthulde dat, naast de bekende 
Fra-1 interactoren (zoals de JUN familie van transcriptiefactoren), meerdere 
potentieel interessante, interactiepartners een rol spelen in de regulatie van 
transcriptie. Veel van deze nieuwe interactiepartners hadden een bekende rol 
in metastase en tumorvorming. Daarnaast onderzochten we, geïntrigeerd door 
de cytoplasmatische lokalisatie van Fra-1 in verschillende kankersoorten, waar-
onder borstcarcinomen, de eiwitinteracties van cytoplasmatisch gelokaliseerd 
Fra-1. Om dit te bereiken genereerden we een stabiele MCF7 cellijn die een cy-
toplasmatisch-gelokaliseerd eiwitmutant van Fra-1 tot expressie brengt, door de 
aminozuursequentie voor het nucleaire lokalisatiesignaal te verwijderen (Fra-
1-ΔNLS). Onze AP-MS data onthulde de associatie van cytoplasmatische Fra-1 
met een aantal kanker-gerelateerde eiwitten, wat suggereert dat de ophoping 
van Fra-1 in het cytoplasma van kankercellen bijdraagt aan kankerprogressie en 
metastase.
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Future Outlook
Mass spectrometry (MS)-based proteomics is widely accepted as an indis-

pensable discovery tool in molecular biology and has attracted great interest 
in clinical research for its promising potential towards the development of bio-
marker-related clinical applications. Beyond the analysis of tissues, proteom-
ics can be also applied to body fluids for the discovery of disease-associated 
protein biomarkers that could be clinically relevant for disease diagnosis and/
or prognosis, thereby allowing the development of novel, minimally invasive 
tests known as liquid biopsies. In cancer, blood-based tests are particularly at-
tractive due to their non-invasive nature compared to the invasive cancer tissue 
biopsies, which allow doctors to repeatedly take tumor samples for monitoring 
the disease progression and treatment response over time. However, although 
blood plasma is an ideal source for the discovery of protein biomarkers by pro-
teomics, their detection has proven to be particularly challenging due to the 
complexity of the plasma proteome and the extremely large dynamic range of 
protein abundances [1]. The abundance of core plasma proteins such as albumin, 
hemoglobin, immunoglobulins and coagulation factors is more than ten orders 
of magnitude higher than that of the clinically relevant plasma proteins such as 
secreted proteins or the tissue-specific proteins leaking into the blood, which 
comprise the potential biomarkers, leading to their masking and to an overall low 
proteome coverage [2]. A number of strategies have been employed to address 
this challenge, with the most popular being selective immunodepletion of the 
top high abundance plasma proteins and extensive sample fractionation meth-
ods however, although these approaches allow the identification of hundreds 
of proteins and have the potential to reach high in-depth proteome coverage, 
they have the disadvantage of suffering from protein losses, extensive sample 
preparation and are very low-throughput [3]. As an alternative, in the past few 
years, circulating extracellular vesicles have attracted significant attention as a 
rich source of future biomarkers. From a proteomics perspective, the isolation 
and subsequent proteomic analysis of blood plasma- or serum-derived EVs is 
a very promising approach for the discovery of novel biomarkers since EVs are 
largely devoid of the core plasma proteins, allowing high proteome coverage 
and high-throughput, while they enrich for sub-proteomes that have a high like-
lihood of being informative for disease detection and/or progression [4]. 

To date, several thousands of vesicular proteins from various cell types and 
body fluids have been identified and catalogued using proteomic technologies 
highlighting the great potential of using EVs for future biomarker discovery 
studies however, the EV field has several technical challenges that need to be 
addressed before these can be successfully applied to routine clinical appli-
cations. One major limitation is the lack of standardized protocols on sample 
collection, processing, storing and handling as well as the absence of robust 
EV enrichment and characterization methods providing high EV purity and yield, 
which could affect reproducibility in the clinical setting [5]. A big problem in 
isolating EVs from low starting amounts of plasma or serum is the efficient sep-
aration of EVs from lipoprotein particles such as LDL and HDL, which resemble 
EVs in their physical features including size and density, making blood one of 
the most difficult fluids to isolate pure EVs from [6]. Although it is feasible to 
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isolate highly pure EVs from blood, by employing a combination of different 
EV isolation methods such as SEC followed by density gradient centrifugation, 
these approaches are laborious and require large-volumes of biofluid samples. 
Therefore, since patient samples are precious and often of limited volumes, 
identifying EV-associated biomarkers in a simple, straightforward, rapid and 
cost-effective manner, which would allow the handling of large sample numbers, 
is critical for the future implementation of the EV-based biomarker candidates 
into the clinic [7]. In recent years, there is growing interest on the development 
of microfluidics-based EV enrichment devices, which have the potential to over-
come these challenges. Currently, the existing microfluidics methods isolate EVs 
based on specific markers (microfluidics-based immunoaffinity capture, Mf-IAC) 
or sort EVs based on specific size and density (microfluidics-based membrane 
filtration (Mf-F), nanowire-based traps (NTs), nano-sized deterministic lateral dis-
placement (nano-DLD), viscoelastic flow and acoustic isolation) [8]. Compared 
to the conventional protocols, microfluidics systems are versatile, cost-effective, 
time saving, highly sensitive and require low sample volumes [9]. Therefore, giv-
en the increasing popularity and the rapid development of novel microfluidics 
platforms, we envision that in the future, it is very likely that the conventional EV 
isolation methods will be replaced by such technologies, which could facilitate 
high-throughput EV isolation and analysis on-a-chip [8]. 

One of the most exciting features of circulating extracellular vesicles in body 
fluids is that they represent complex biomarkers (“all in one”) with their EV cargo 
containing tissue-specific patterns of proteins, lipids and nucleic acids offering a 
unique opportunity for integrative biomarker discovery approaches [10]. This is 
of great importance, given that it is highly likely that future biomarkers will con-
sist of multiple biomarker panels comprised of different types of disease-asso-
ciated molecules. Therefore, we anticipate that in the future, proteomic analysis 
of EVs will go hand in hand with other “omics” technologies such as genomics, 
transcriptomics and lipidomics leading to the identification of novel combina-
torial biomarker signatures, which would further enhance the great biomarker 
potential of extracellular vesicles. Finally, it is important to mention that despite 
the plethora of promising EV biomarkers identified over the past years, most of 
the EV studies are at the discovery phase, which to the best of our knowledge, 
are performed in retrospective cohorts with no reports on large clinical studies. 
Thus, to ensure the transition of EV biomarkers as liquid biopsies into actual 
clinical practice, future verification in large independent patient cohorts with 
relevant controls and prospective randomized trials are necessary in order to 
establish their true diagnostic value. 

With respect to the translation of mass spectrometry-based proteomics 
analysis of biomarker-related applications, we expect that the next step will be 
to perform MS-based protein diagnostic measurements directly in the clinic. 
Conventionally, in routine clinical practice, protein biomarkers are measured us-
ing antibody-based immunoassays, primarily immunohistochemistry (IHC) and 
enzyme-linked immunosorbent assays (ELISAs), which are employed in tissue 
biopsies and body fluids, respectively. However, although these approaches 
provide the necessary sensitivity and throughput for use in the clinics, they are 
accompanied by several limitations such as the availability and the requirement 
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of highly specific antibodies. Moreover, the development of novel multiplex im-
munoassays is a rather difficult task due to the cross-reactivity between the 
antibodies. In light of the above, MS-based analyses offer alternative protein 
measurements and open new possibilities in clinical diagnosis due to their high 
specificity, multiplexing potential and quantification accuracy [11]. Currently, the 
most attractive approach that has already been implemented in clinical appli-
cations is targeted proteomics (SRM, also referred to as multiple reaction moni-
toring; MRM), which has been used to verify the biomarker potential of multiple 
proteins in large patient cohorts (typically <100 proteins per single analysis) [12-
14]. On the other hand, shotgun proteomics-based validation is less likely to be 
integrated into clinical practice for biomarker verification in a short time-frame. 
Even though, it enables global protein identification and biomarker screening 
in an unbiased manner, shotgun proteomics suffers from limited reproducibility 
and requires a high level of expertise for both experimental measurements and 
data analysis [11]. Instead, shotgun proteomics will continue to play an important 
role in the biomarker discovery pipeline. Thus, we believe that future routine 
clinical tests will shift towards high-throughput multiplexed targeted assays that 
measure panels of multiple biomarkers, rather than testing a few proteins.  

In the coming years, further technological advancements will soon enable 
complete proteome analysis of human samples, which will have a profound 
impact on understanding both biological and clinical research questions, such 
as revealing new mechanisms underlying tumor heterogeneity and therapy re-
sistance, or identifying novel drug targets and promising candidate biomarker 
signatures [15]. Moreover, we foresee that future developments in proteomics 
research, will deal with the issue of handling and analyzing very small sample 
amounts, given that clinical samples are precious and often very limited such 
as fine-needle aspiration biopsies. Furthermore, given the high heterogeneity 
of almost all tumors, there is a great need for the development of highly sen-
sitive technologies (also known as “nanoproteomics”) that will enable broad 
proteome profiling of rare or specific subpopulations of cells or even single 
cells, which can reveal critical information related to cell-type specificity and 
cellular heterogeneity of tissues [16]. In special circumstances, with the use of 
a microfluidic-based sample processing chip platform, termed as nanodroplet 
Processing in One-pot for Trace Samples (nanoPOTS), which is coupled to ultra-
sensitive nanoLC-MS analysis, it is already possible to identify and quantify over 
3000 proteins from as few as 10 HeLa cells [17], while the identification of ~700 
proteins from single HeLa cells has also been reported using this system [18]. 
Although nanoproteomics is still in its early stage of development, future ad-
vances in sensitivity and throughput could make single-cell proteomics become 
reality. Finally, in response to the developments towards personalized medi-
cine, a closer integration of large scale proteomic data with other omics-based 
datasets, and clinical data will be required [19]. So far, even though combining 
multiple omics strategies (multi-omics) is challenging, such studies are occurring 
[20, 21]. However, the biggest challenge ahead, besides the need for devel-
opment of novel statistical tools that use high-dimensional machine learning 
approaches for the integration of large-scale data sets, will be the interpretation 
of the data in a way that provides a better understanding of the molecular mech-
anisms, processes and pathways underlying human disease. Nevertheless, we 
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believe, that despite these current challenges on multi-omics data integration, 
such multiparameter analyses holds great promise for revealing which biomark-
er or biomarker combinations are best suited for which disease, which will open 
new avenues for novel patient-tailored therapeutic strategies.
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Γλυκό μου Χριστιανάκι, σε ευχαριστώ που είσαι η καλύτερη αδερφή του 
κόσμου! Κάθε φορά που ήμουν ευάλωτη, αγχωμένη ή στεναχωρημένη με το 
διδακτορικό μου, ήξερα οτι μόνο εσύ θα μπορούσες να μου τονώσεις το ηθικό! 
Σε ευχαριστώ που πάντα με κάνεις να βλέπω την θετική πλευρά της ζωής!! 

Μαμά κ μπαμπά, λατρεμένοι μου γονείς… Aυτό το βιβλίο σας το αφιερώνω 
γιατί πραγματικά χωρίς την αγάπη σας και την στήριξη σας ολα αυτά τα χρόνια 
δεν θα μπορούσα ποτέ να καταφέρω όλα όσα έχω καταφέρει μέχρι τώρα. Σας 
ευχαριστώ για όσα μου έχετε προσφέρει και κάνει για μένα! Όλα αυτά τα χρόνια 
είστε η δύναμη μου, σας αγαπώ πολύ! 

Τέλος, θα ήθελα να κλείσω αυτό το βιβλίο με ενα μεγάλο ευχαριστώ στον 
αγαπημένο μου σύντροφο, άντρα, φίλο και παράνυμφο Αλέξανδρο! Γλυκιέ μου 
Αλέξανδρε, λίγες προτάσεις δεν μπορούν να περιγράψουν το πόσο ευτυχισμένη 
και ευγνώμων ειμαι που σε γνώρισα και που είσαι στη ζωή μου! Νιώθω οτι 
ξεκινήσαμε παρέα ένα πανέμορφο ταξίδι από μικρά παιδιά και μεγαλώνοντας 
μαζί καταφέραμε να πετύχουμε όσα έχουμε πετύχει ως ώρας! Σε ευχαριστώ 
που είσαι πάντα δίπλα μου, με στηρίζεις και με προσέχεις! Όπως μου είχες πει 
και εσύ για το δικό σου βιβλίο, το ίδιο ισχύει και για μένα! Αυτό το βιβλίο είναι 
σαν να το γράψαμε μαζί, και πάντα θα μου θυμίζει τα αξέχαστα χρόνια που 
ζήσαμε μαζί στην όμορφη Ολλανδία... Σε αγαπώ πολύ! 
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