
Celine Mulder

Exploring Cellular Signalling
 Perspectives on Phosphoproteomic data 

use and interpretation in a model of 
drug resistance



The research presented in this thesis was performed in the Biomolec-
ular Mass Spectrometry & Proteomics Group at the Bijvoet Center of 
Biomolecular Research, Utrecht University, The Netherlands. 

Copyright © 2019 Celine Mulder, Utrecht, The Netherlands
All rights reserved. No part of this publication may be produced or 
transmitted in any form or by any means, electronic or mechanical, 
including photocopy, recording, or any information storage or re-
trieval system, without prior permission from the author.

ISBN 978-90-393-7151-0
Author: Celine Mulder

Coverdesign and illustrations by Ben Westervoorde

Printed by ProefschriftMaken | Proefschriftmaken.nl 



Exploring Cellular Signalling
 

Teska Celine Mulder

Geboren op 7 juli 1990
te Hengelo

Cellulaire signalering onder de loep
Perspectieven op fosfoproteomic data gebruik en 

interpretatie in de context van 
geneesmiddelenresistentie

(met een samenvatting in het Nederlands)

ter verkrijging van de graad van doctor aan de  
Universiteit Utrecht 

op gezag van de 
rector magnificus, prof.dr. H.R.B.M. Kummeling, 

 ingevolge het besluit van het college voor promoties  
in het openbaar te verdedigen op 

 
woensdag 10 juli 2019 des middags te 12.45 uur 

 
door

Perspectives on Phosphoproteomic data 
use and interpretation in a model of 

drug resistance



Promotor: Prof. Dr. A.J.R. Heck
co-promotor: Dr. S.M. Lemeer



-- The truth is never simple and rarely pure --

Oscar Wilde - The importance of being Earnest



Content



Part 1 - Acquiring Proteomic Knowledge

Part 2 - Increasing Proteomic Depth
CHAPTER THREE

CHAPTER FOUR 

Increasing (phospho)proteomic coverage by 
optimized sample preparation      54-75

Transformation of phosphosites to phosphorylation
hotspots enables data reuse and (re)analysis   76-101

Part 3 - Studying Adaptive Resistance
CHAPTER FIVE
Adaptive Resistance to EGFR-Targeted Therapy by 
Calcium Signaling in NSCLC Cells    104-127
CHAPTER SIX
Early induced resistance against targeted therapy 
shows extensive homogeneity on 
(phospho)proteome level      128-157

CHAPTER ONE

CHAPTER TWO

Proteomics as studied by Mass Spectrometry   10-35

Proteomic Tools to study Drug Funtion    36-51

Page Number

Part 4 - Synopsis

Outlook        160-165
Lay Summary        166-169
Nederlandse Samenvatting     170-173
Curriculum Vitae         174 

Acknowledgements       176-179
List of Publications        175 

CHAPTER SEVEN





Part 1
Acquiring Proteomic Knowledge





CHAPTER ONE

Proteomics as studied by 
Mass Spectrometry

Celine Mulder



ONE

12
Proteomics as studied by Mass Spectrometry

Proteomics studied by Mass Spectrometry
After the field of genomics rose during the last decades of the previous century, the 
term ‘proteome’ was introduced in 1995 [1]. Now, with the information of the genome 
at hand, research moved towards studying the products of these genes to expand 
the knowledge about their biological function and to use information of proteins in the 
attempt to explain phenotypes that could not be explained by genomics alterations.
The word ‘proteome’ refers to the large scale description of an entire set of proteins 
produced by an organism, and can most robustly be analysed by mass spectrom-
etry (MS). The origin of the mass spectrometer lays in the work of J.J. Thomson, 
for which he received the Nobel Price in 1906. Despite this success, it took almost 
50 years before MS was going to be used to measure organic compounds, includ-
ing amino acids and peptides. Currently, the entire proteome has been mapped for 
various organisms, with humans by far being studied the most: following the iconic 
‘human genome’ paper, published in 2001 [2], more recently in 2014, the first drafts 
of the ‘human proteome’ have been published [3,4]. 
Mass spectrometry is becoming more and more popular in biological research, cre-
ating enormous quantities of data to be analysed. As to give an idea of the magni-
tude, a single run of MS analysis can result in several gigabytes of data containing 
several hundreds of thousands raw spectra. Within a single biological experiment 
this can add up to several hundred GB of data, resulting in the identification of tens 
of thousands proteins and (modified) peptides. Meanwhile, as mass spectrometers 
keep becoming increasingly sensitive these numbers will only go up. Consequently, 
one of the biggest challenges in this, relatively young, omics field is the downstream 
analysis and processing of this large body of information. Extracting true and, most 
of all, biologically relevant information from these large amounts of data remains a 
challenge, and it is a vital, but highly underestimated, component of the MS workflow. 

Choose your flavour: bottom-up, middle-down or top-down
Proteins can be analysed by MS using various approaches. A popular method of 
choice is the bottom-up approach, also called shotgun proteomics, where proteins 
of interest are digested into peptides which are subsequently analysed in the MS 
individually. In the last step, proteins are identified by computational modelling based 
on the measured peptides [5]. This method is highly suitable for high-throughput 
analysis of up to thousands of proteins simultaneously. By digesting proteins into 
peptides, dynamic range issues due to differences in protein sizes no longer exist 
and complex 3D structures are dismantled, therefore no longer interfering with de-
tection. For bottom-up protein analysis, generated peptides can be analysed used 
using data-dependent acquisition (DDA), data-independent acquisition (DIA) [6] or 
targeted MS methods [7].
Unfortunately, by using a bottom-up approach valuable information about secondary 
and tertiary characteristics of proteins will be lost. In order to maintain this informa-
tion, middle-down proteomics can be used [8]. In this case, a protein is only partially 
digested, making it possible to preserve parts of its shape and details, including 
co-existence of post-translational modifications (PTMs) and the identifications of dif-
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ferent proteoforms. 
If complete analysis of a protein is desired, top-down or native proteomics is a pos-
sibility, where undigested proteins are analysed in very low complex samples [9]. 
Using top down MS, denatured but undigested proteins are studied, making it is 
possible to get near to 100% sequence coverage and detailed information about 
PTMs. Native MS is used to study proteins in their 3D form, thereby enabling study 
of tertiary protein folding and dynamic protein-protein complex formations. 
The trait-off in choosing which approach to take is a matter of complexity: the more 
proteins you would like to analyse in a single experiment, the less information you 
will get per protein, and visa versa. 
Since all of the analyses in this thesis are done with a bottom-up approach using 
DDA, I will not discuss further middle-down, native, DIA or targeted MS. For this, I 
refer to some excellent reviews that have been written about these topics [5,7–9]. 

A Shotgun-Proteomics Workflow: From cell to spectrum
Harvest and digestion
The first step in processing a sample for MS analysis is the extraction of proteins 
from cells by destroying the cell membrane and solubilising the proteins in lysis buf-
fer (Figure 1). Within a cell, proteins are well organised into their respective cellular 
compartments, according to their function. These different compartments require 
different shapes and characteristics of the proteins, for example differences in hy-
drophobicity. Consequently, proteins behave differently in terms of solubilisation if all 
lysed in the same buffer. Therefore, with every buffer, there will be a trait-off to which 
proteins will solubilise best. An example for this are, the often very hydrophobic, 
transmembrane proteins. Their hydrophobic nature makes them reside inside cellu-
lar lipid bilayers, making them difficult to solubilise and digest in standard lysis buffer. 
Several studies focussed specifically on the analysis of this difficult to detect class of 
proteins, mainly by optimising the composition of the lysis buffer [10–12]. Besides the 
buffer, several other factors during lysis can be varied, ranging from the method of 
lysis (e.g. bead-beating, scraping or sonication) to the removal of contaminants (e.g. 
lipid, salt or nucleotides like DNA and/or RNA). Adequate optimisation of the lysis 
protocol can, on its own, greatly influence the depth of a proteomics experiment [13]. 
The next step in the process is protein digestion (Figure 1). Using an endoprotease, 
the now denatured proteins are being cleaved into easy to detect, short peptides. 
The most used protease in shotgun proteomics is trypsin. This protease cleaves 
on the carboxyl terminus of lysine and arginine, creating peptides with a desirable 
length and charge, favouring MS detection [14]. Because of these characteristics of 
the produced peptides, and because the enzyme is relatively cheap, most bottom-up 
studies in literature have been performed using trypsin. This however, creates a bias 
within the available data. Some proteins have large parts with either too many or too 
little lysine and arginine residues, and will therefore be forever missed by the use of 
trypsin only. As a workaround, several studies have shown that the use of alternative 
proteases, like AspN, GluC, LysC etc., results in the appearance of complementary 
parts of the proteome [15,16].
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Quantification – approaches and considerations
The mere presence of proteins within samples is often lacking the desired informa-
tion. Quantitative data on the other hand is more revealing, allowing the researcher 
to asses whether proteins change their abundance under certain conditions com-
pared to a control state. Mass spectrometric measurements are not quantitative; 
due to distinct chemical properties, different peptides behave uniquely within the 
mass spectrometer. Therefore, it is not possible to compare different peptides with 
each other. However, by using either label free quantification or a labelling strategy, 
it is possible to compare the same peptide between different samples (Figure 2)[17]. 
It is possible to label either proteins (e.g. with SILAC [18,19]) or peptides (e.g. with 
tandem mass tags (TMT) [20] or dimethyl labelling [21]) with stable isotopes. The 
main advantage of labelling approaches is the control over a large part of variation 
induced by (additional) sample preparations (e.g. due to lysis, enrichment or frac-
tionation) or during MS analysis. Secondly, with labelling approaches it is possible to 
multiplex, and win hours of MS time by analysing several conditions within a single 
MS run. In addition, multiplexing decreases the amount of missing values, thereby 
increasing the amount of quantified peptides. 
With the use of stable isotope labelling with amino acids in cell culture (SILAC) vari-
ations that are introduced as early as lysis or digestion can be taken into account for, 
since labelling was performed during cell culture. In 2008, this labelling technique 
was taken a step further by the development of labelled in vivo models, like the SI-
LAC mouse [22] and SILAC fly [23]. SILAC is highly accurate, but limited to a small 
number of amino acids that can be used for labelling. Furthermore it increases MS1 
complexity, thereby decreasing the number of identifications per run. 
Labelling before protein extraction is not always a possibility, for example when sam-
ples are originating from patients or if cells are difficult to grow, for example in the 
case of neurons or other primary cells. In these cases, peptides can be labelled after 
extraction and digestion, for example by TMT or dimethyl labelling. In contrast to SI-
LAC labelling, TMT labelling is measured at the MS2 level, therefore MS1 level com-
plexity does not increase. Although this will increase the number of identifications, 
ratio compression causes a lower quantification accuracy. The latter can be solved 
by using MS3 measurements, however this is only possible on the latest generation 
of instruments and has therefore thus far been less accessible by the majority of the 
scientific community. Further disadvantages of labelling methods are the general 
high costs and the addition of several steps of processing in the protocol. The latter 
can possibly induce unwanted modifications, loss of material and extra variation 
between samples. 
If labelling of samples is not desirable, label free quantification (LFQ) can be used 
[24]. In a LFQ approach, samples to be compared are processed and measured 
separately from each other, after which the resulting spectra are combined during 
the database search. The advantage of LFQ methods is that no additional sample 
handling is necessary, making it fast and cheap, and decreasing possibilities of sam-
ple loss and modifications. The disadvantage is that the sample preparations and 
the MS runs need to be very consistent over different samples and conditions, which 
is very difficult or even impossible when samples are not harvested simultaneously 
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or when a fractionation step is included. In addition, LFQ is highly affected by the 
presence of missing values due to the stochastic nature of peak picking in data de-
pendent acquisition. 

Enrichment and fractionation
Although mass analysers have become faster and increasingly sensitive, detecting 
all generated peptides is still impossible. Additional sample preparation can be per-
formed, either if a specific part of the proteome is of special interest, or if the maxi-
mum depth of the proteome is required. 
Because of a large dynamic range within proteome samples, low abundant peptides 
or peptides with low stoichiometry are easily missed in MS analysis. Therefore, it 
can be beneficial to use adapted sample preparation workflows. By focussing on a 
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specific part of the proteome the mix of peptides becomes less complex and easi-
er to analyse. Examples include immunoprecipitation [25], subcellular fractionation 
[26], extraction of a specific protein class, like kinases [27] or the enrichment of a 
post-translational modification (PTM) [28].
In contrast, it can be desired to expand the view of the proteome as much as pos-
sible and reach the maximum depth of the analysed biological model. For this, frac-
tionation can be used, after which different fractions are analysed separately by MS. 
Different fractionation methods can be combined with MS, for example size exclu-
sion chromatography (SEC) [29], strong cation-exchange (SCX) [30] and high-pH 
fractionation [31], separating the peptides based on different characteristics (size, 
charge or hydrophobicity, respectively). After collecting separate fractions, the use 
of a concatenation strategy decreases the amount of fractions, thereby decreasing 
MS running time, without losing the power of the fractionation [32]. 

LC-MS/MS analysis
After all desired sample preparations, in the final step peptides are separated using 
liquid chromatography (LC) prior to analysis in the mass spectrometer. Reversed 
phase chromatography is the most widely used separation method prior to MS anal-
ysis. In this method the peptides are separated based on their hydrophobicity by 
using a C18 column and a gradient of increasing organic modifier. Different gradient 
lengths can be used: the longer the gradient, the more peptides are separated and 
therefore a better resolution per peptide. The length of the gradient together with the 
flow rate determines the peak shape and the performance of the separation, thereby 
influencing the MS1 and MS2 intensity of the measured peptide. 
After peptides elute from the LC system, they are brought into the MS and given a 
charge by electrospray ionisation [33]. Subsequently, the ions are tunnelled into the 
instrument through a series of lenses before they are measured by a mass analyser, 
e.g. by time-of-flight (TOF), an Orbitrap [34] or a linear ion trap [35]. In order to gain 
sequence information, peptides can be fragmented by using different strategies, e.g. 
CID [36], HCD [37], ETD [38] or EtHCD [39]. Within the latest type of hybrid instru-
ments, a combination of fragmentation and mass analysers can be used in parallel 
[40]. 

Database search and statistics
After the peptide spectra are acquired in the mass analyser, the measured peptides 
are identified by an automated and high-throughput database search. In order to 
identify the peptides, the experimental acquired fragmentation spectra are compared 
to theoretical mass spectra within a database of in silico digested proteins, using pre-
set parameters like protease, taxonomy and fixed and variable peptide modifications 
[41]. After identification, the search algorithm will calculate a peptide score to control 
for false discoveries, based on aspects including number of identified fragments, the 
probability of a match occurring at chance and the size of the database used. Next, 
a score cut-off to control for false and true matches can be determined by the False 
Discovery Rate (FDR), which is calculated by a second search against a decoy da-
tabase containing random sequences [42]. Different search algorithms exist, using 
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different approaches for identification and scoring of the acquired mass spectra. Two 
often used examples of search algorithms are Mascot [43] and Sequest [44]. 
When the database search is complete, the data is ready for further processing. Be-
fore the actual data processing can be done (see following section), some pre-pro-
cessing steps are necessary, including normalisation of the data, filtering the data 
for known contaminants and considering missing values. The latter are caused by 
stochastic variations between the different samples within one experiment. Although 
a complete dataset is necessary for multivariate analyses, such as a principle com-
ponent analysis (PCA), as described below, it is unnecessary to discard all incom-
plete data entries. Peptides that are measured in only some of the samples will still 
provide valuable information. However, it is considered good practice to either filter 
the data for a minimum amount of detected peptides or to impute the missing values. 

Data Processing – Let the data speak
After the acquisition of the data, the data analysis and visualisation can be a labori-
ous and complex process. Every researcher, lab and even project has its own ways 
of dealing with this. Some pick their favourite protein, and discard the rest of the 
data, others write their own code and create maps of their identified proteins com-
pletely suited to their project [26]. Many pieces of software, both in terms of statistics 
as well as visualisation, exist to assist researches in the process of clustering and 
organising their data. However still, manual evaluation, reading literature and using 
your own experience on the subject and common sense will eventually be the most 
beneficial strategy. 
What matters most in answering the question how to analyse and display the data 
is the research question that led to the existence of the current piece of data. Shot-
gun proteomic experiments can be designed as either a hypothesis-generating or 
hypothesis-driven experiment. In the first scenario, little is known beforehand on 
which direction the data will take. Ideally, not the researcher, but the data will lead the 
data processing in a specific direction. Often, different types of analyses need to be 
tested to discover where the most valuable information lies within the data and what 
approach will provide the most informative visualisation. In an oppositely, hypothe-
sis-driven approach, a clear hypothesis is stated before the experiment starts, and 
the MS analysis is used to either confirm or reject this hypothesis. In this case data 
processing is simpler, since it is more clear where to look for. Still, it can be of great 
value to treat a dataset originating from a hypothesis-driven experiment as it was 
a hypothesis-generating experiment. Because of the depth of mass spectrometric 
data, possibly new, unknown and unexpected findings can be gained by looking at 
any dataset with an open mind. 
In the last section of this part I will discuss some common and less common alterna-
tives for data processing that I am familiar with, for this list is far from complete [45] 
(Figure 3). I will discuss several ways of moving forward from this point on, as it is in 
my personal opinion, one of the most challenging and underestimated parts of the 
entire mass spec workflow. However keep in mind while reading that the preferred 
data processing for every dataset is unique, and that finding the right approach re-
quires a recurring process of fine-tuning and trial and error.
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Filtering 
An important choice to be made before any type of analysis is which proteins or 
peptides to include. Often, a large group of data entries lack an immediate interest, 
for example proteins that do not change in abundance between samples, with low 
statistical relevance or with too many missing values. Therefore, filtering for the most 
significant and biological relevant events often helps subsequent data analysis (Fig-
ure 3). For this purpose, most often used are either a Student T-test or an analysis of 
variance (ANOVA) to select for the proteins or peptides of statistical interest. 
Although filtering is necessary to some extent, it should be done with great caution 
and awareness of what is being in- or excluded. Important in this process is the de-
cision of cut-offs for p-values and ratios, which can be set in an arbitrary or logical 
manner. An example of the latter is the use of an FDR based cut-off for both p-value 
and ratio, called Significance Analysis of Microarray (SAM), or S0 curve, in which 
for proteins bearing a higher ratio, a lower p-value is allowed [46]. Although useful, 
it might be a too stringent cut-off filter, a reason why many researches still use the 
arbitrary cut-offs of an absolute log2 ratio of >1 and a significant p-value of <0.05. 
An example of where unobservant filtering can go wrong is the lack of consideration 
of which proteins are assessed. Some proteins are in need of an enormous fold 
change in order to make a biological difference inside a cell, where others can have 
an amplifying effect with only a very minor fold change. These different type of pro-
teins should be treated differently while filtering before and during data analysis. The 
same is true for the case if many proteins within a single pathway all change with 
a small ratio, but with high confidence. Because a large group of proteins attribute 
to the same hypothesis (i.e. this pathway is regulated), even though with a small 
change, it adds to its biological relevance (further discussed in “Enrichment and 
Networks” section). If the data would have been filtered blindly for individual proteins 
with large fold changes, such an observation goes completely unnoticed. It is there-
fore considered good practice to filter multiple times during analysis, for criteria of 
in- or exclusion of a protein might change after certain observations are made along 
the way. 

Clustering
The favourable first step in data-processing is to get a global overview of trends 
within the data. This can best be done by clustering the data as a whole, instead of 
the examination of individual proteins or peptides. By using unsupervised machine 
learning, different algorithms will find patterns and trends in the data, without the 
use of prior classification [45] (Figure 3). As an additional quality control, it is then 
possible to examine if the beforehand known classifications are indeed found by the 
unsupervised clustering (e.g.: do replicates cluster together?). 
An example of an unsupervised clustering is a Principle Component Analysis (PCA), 
in which all data is compressed in a set of components that explain the variation be-
tween the different samples [47]. A PCA plot is an easy way of detecting batch effects 
between, for example, moment of harvesting or biological and technical replicates. 
Using this analysis, the most global trends of the entire dataset can be seen within 
a single graph, immediately providing valuable information about where the largest 
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Figure 3 – Dataprocessing of proteomics data
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variation exists within the data. 
Next, a more detailed analysis can be done in the form of hierarchical clustering 
[48,49]. In this type of analysis, the data is organised by building a hierarchy of clus-
ters and therefore grouping either samples, proteins or both based on similarities. 
Depending on the data, different choices can be made considering the parameters 
the clustering is based on, e.g. distance and linkage type. A similar type of clustering 
is by k-means clustering [50]. In contrast to hierarchical clustering, in k-means clus-
tering the data is clustered in a beforehand set number of clusters. To determine the 
right number of clusters, a visual inspection of a hierarchical clustering can be used 
or the number can be determined mathematically, for example by the inspection of 
percentage of variance explained as a function of number of clusters (i.e. the elbow 
method). 

Enrichments and Networks
The regulation of cellular pathways is based on the cooperation of multiple proteins 
and processes. Therefore, in the study of biological processes, minor regulation of a 
group of proteins that work together in the same pathway might be more informative 
than a large regulation of a single protein. In addition, since a single protein can func-
tion in multiple pathways, it is difficult and maybe even impossible, to assign the reg-
ulation of an entire pathway to the regulation of a single protein. Therefore, analysing 
a large dataset, such as the result of a shotgun proteomics experiment, is mostly 
about finding regulated pathways and trends, rather than showing the regulation of 
individual events. Moreover, in order to combine or compare multiple datasets, data 
analysis has to be robust. Data originating from different experiments is well able to 
display regulation of the same pathway, resulting in the same conclusions, despite 
that each dataset consist of a completely different set of proteins. Therefore, after 
filtering and clustering the data, the discovery of an over-representation of pathways 
amongst regulated proteins can be used to find their connecting link, resulting in a 
conclusion about the biology contained within the experimental data (Figure 3).  
In 2005 the Gene Set Enrichment Analysis (GSEA) was developed, providing a tool 
to identify alternatively regulated biological processes (called gene sets) between 
different samples, based on the regulations of clusters rather than individual proteins 
[51]. Other tools, such as Metascape [52] or DAVID [53], calculate an enrichment 
score, usually depicted as a p-value. The latter is done by the comparison of the 
selected protein cluster to a background of proteins (usually all proteins measured 
in the experiment at hand, or the entire genome/proteome) and with the subsequent 
identification of over- or underrepresentation of proteins belonging to the same path-
way. A great variety of tools exist providing algorithms to identify enriched biological 
processes [54]. Nonetheless, the success of finding the desired biological meaning 
within the data is highly dependent on the availability of literature and knowledge 
concerning the considered proteins. Therefore, it is not always possible to explain 
the clustering of certain proteins, and what this might mean for the biological implica-
tions of the experiment. However, with the increasing availability of knowledge about 
the (human) genome around the year 2000, multiple consortiums started to collect 
and add biological functional data to all annotated genes. Kyoto Encyclopedia of 
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Genes and Genomes (KEGG) came to existence in 1999 and consists of collections 
of graphical representations of cellular pathways, including functional information 
about the interactions between proteins within these pathways (i.e. inhibition, ac-
tivating, PTMs etc.) [55]. These pathways can be browsed to find your protein of 
interest and see its function and adjacent proteins and molecules. Around the same 
time, in 2000, the Gene Ontology (GO) Consortium was established [56]. GO ontol-
ogies are based on conservation of genes and their biological roles between organ-
isms. In this case, genes are not grouped in pathways like in KEGG, but in either 
biological function (e.g. DNA replication or cadherin binding), cellular components 
(e.g. cytoplasm or nucleolus) or molecular functions (e.g. DNA helicase or kinase). 
A third pathway database is the Reactome Knowledgebase, which was initiated in 
2003 [57]. On the Reactome website it is possible to browser through interlinked 
cellular pathways, which consist of published and curated information. Furthermore, 
together with the development of the GSEA in 2005, the Molecular Signatures Data-
base (MSigDB) was established [58]. This database is a collection of published ex-
perimental data and previously collected databases, including GO terms and KEGG 
pathways. Lastly, an open access database is WikiPathways, based on the same 
principles as Wikipedia, where all users are able to edit and update pathways [59]. 
Besides identifying enriched pathways or processes, the data needs to be visualised 
in order to show the results in a paper or presentation. Several tools have been 
developed to help the researcher organise their data into understandable visualisa-
tions. However, it remains a subjective and biased undertaking, subdued to manual 
interpretation of the data. One of the tools available is STRING database, construct-
ing a protein network of the proteins given as input, based on protein-protein associ-
ations derived from public resources, including experimental data, public databases, 
text mining and data regarding ontology [60]. In addition, the tool provides pathway 
enrichment analysis and is able to divide the proteins in K-means clusters based on 
connectivity. Another useful visualising tool is the free software package Cytoscape 
[61]. Different plugins can be installed within the software to augment data analysis, 
e.g. PathVisio [62], PhosphoPath [63], GO enrichment analysis and STRING. An 
example of a commercial software is Ingenuity Pathway Analysis (IPA) from Qiagen 
Bioinformatics, enabling the researcher to perform various types of enrichment anal-
ysis on their data and immediate visualisation of the results. 

Special kids on the block: Phospho-proteomics
Cellular pathways are regulated on several different levels, although foremost by 
post-translational modifications (PTMs), such as phosphorylation. Using a variety 
of analytical tools it is currently possible to analyse peptides containing a PTM on a 
large scale using MS. Information about PTM regulation within an MS experiment 
adds an additional layer of complexity to the subsequent data analysis, since the 
addition or the removal of a PTM on a protein can have many different biological 
functions. Although this extra layer of information can discover important cellular 
processes, the main difficulty is that for most PTMs their biological implications are 
not known. Therefore, the data analysis of PTM-centric data needs an alternative ap-
proach compared to protein-centric data. Since phosphorylation is the most studied 
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PTM, and all of the data presented in this thesis are considering phosphoproteom-
ics, the following section will only discuss analysis of this particular PTM. 
Similar to protein-centric data analysis, several databases exist collecting publicly 
available data regarding phosphorylation, including PhosphoSitePlus [64], PHOSI-
DA [65], Phospho.ELM [66], HPRD [67,68] and dbPTM [69]. Although the identifica-
tion of a large amount of phosphorylation events has been documented within these 
databases, only a minor part has been assigned to a biological function. Despite the 
lack of this critical piece of data, it is possible to infer biological meaning from phos-
pho data by data mining and usage of knowledge about kinase-substrate interac-
tions and motif analysis. Furthermore, this data gap can be overcome by analysing 
trends in phospho data instead of examining individual phosphosites, similar to path-
way enrichment analysis in proteomics data. An example of this is the analysis of the 
enrichment of sequence motifs that can be linked to a specific kinase to indirectly 
identify its activity. The identification of a sequence motif can, for example, be done 
by the online tool MotifX [70]. Further examples of algorithms using this approach 
are KSEA (kinase-substrate enrichment analysis) [71] and IKAP (Inference of kinase 
activities from phosphoproteomics) [72]. Furthermore, KinomeXplorer [73] is a plat-
form that combines the database NetPhorest [74] and a tool called NetworKIN [75] 
to predict kinase-substrate pairs.
An alternative method to analyse phospho-proteomics data is to directly analyse 
phosphoproteins and their interactions. An example of a useful algorithm is PHO-
TON (PHOsphoproteomics dissecTiOn using Networks) [76]. In this approach, phos-
phosites are being transformed into regulations on the phosphoprotein level, making 
the data less complex and easier to interpret. Another tool for pathway analysis and 
visualisation is the Cytoscape plugin PhosphoPath [63]. This application is able to 
perform enrichment analysis based on several databases and visualise interactions 
between both phopsho proteins as well as kinase-substrate pairs. In addition, the 
tool can be used to visualise time course data in an orderly fashion. 
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Drug resistance in cancer
Cancer therapy
Cancer treatment through the ages
The mentioning of cancer as a disease goes back to the time of the ancient Egyp-
tians, dating back to 1500 BC, where the disease was treated by either palliative 
methods or surgical removal. The word “cancer” originates from the Greek word 
“karkinos”, meaning “crab”, as described by Hippocrates around 400 B.C. “Karkinos” 
was changed into the Latin word for crab, cancer, in 47 A.D. by the philosopher Cel-
sus. Over the next centuries, researchers remained to be intrigued by the disease, 
as many different hypotheses and theories have come to pass in the attempt to ex-
plain the phenomenon, including imbalance in bodily fluids, malignant cells and the 
believe of the spread of cancer cells via parasites. The current knowledge of how 
cancer originates and develops is based on the discovery of the helical structure 
of the DNA as discovered by Watson and Crick, and the subsequent discoveries of 
genetic mutations, oncogenes and tumour suppressor genes in the 1970s.
The most ancient, but still most often used method of cancer treatment is surgical 
removal. Unfortunately, tumour metastasis can cause impartial removal of a tumour 
and reoccurrence of the disease after surgery. This was already stated in 1829 by 
the gynaecologist Joseph Récamier, and later further described by the surgeon Ste-
phen Paget around 1900. Additionally, tumours existing in a non-solid state, like leu-
kaemia, cannot be removed by surgery. One of the first alternative cancer treatments 
that came into existence was therapy by radiation. Radiotherapy could be developed 
due to the invention of X-rays at the end of the 19th century, although subsequently, 
researchers found out that radiation also induces cancer. Following, in the beginning 
of the 20th century, chemotherapy was developed. The observation of altered bone 
marrow cells in first world war soldiers that had been exposed to nitrogen mustard 
gas contributed to this discovery, making it the first chemotherapeutic agent, treating 
lymphomas. 
As the field of medicine evolved rapidly over the last decades, so did the field of 
cancer therapy. Due to the increasing understanding of the body, other methods than 
direct targeting of tumour cells could be developed, of which a great example is im-
munotherapy. Already in the late 19th century the observation of the remission of tu-
mours after bacterial infections gave rise to the idea to use the patients own immune 
system against the cancer cells. Unfortunately, the idea did not gain ground until 
the 1970s because of lack of knowledge and fear of unnecessarily infecting cancer 
patients. Nowadays, there is a large body of research addressing the priming of im-
mune cells ex vivo, the discovery of tumour antigens and the development of cancer 
vaccines [77]. Recently in 2018, the Nobel Prize in Physiology or Medicine has gone 
to James P. Allison and Tasuku Honjo for their work in cancer immunotherapy. 
Another concept that has changed in the last few decades is the moving from the 
brutal force of killing all fast growing cells by chemo- or radiotherapy, towards the 
more subtle, targeted approach, with methods that solely target the cancer cells, and 
do this with great specificity. Two highly successful examples of this approach are 
Trastuzumab (Herceptin), a monoclonal antibody against HER2 used in breast can-
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cer, and Imatinib (Glivec), a small molecule against BRC/ABL used in chronic my-
elogenous leukaemia (CML) (further discussed in the “Targeted Therapies” section). 
Apart from the development and research of individual therapies, almost every study 
considers combining several treatment strategies. An illustrating example is a trial 
describing the combination of a vaccine against a p53-specific antigen and subse-
quent chemotherapy, where the majority of people that received the vaccine showed 
great response to second-line chemotherapy, whereas non-vaccinated patients did 
not [78]. 
Due to an explosive amount of cancer research and the subsequent accumulation 
of new treatments over the last few decades, cancer survival rates are now rising. 
According to the American Cancer Society [79], the estimated drop in overall cancer 
mortality over the last 20 years is 26%. Though, contributing to this number are also 
the improved detection methods, which result in early detection and therefore better 
survival chances. 
Researches are divided over the question if we will ever cure cancer. Although for 
some types of cancer survival rates are close to 100%, for example for prostate 
cancer, for others survival is decreasing, for example for uterine corpus tumours. 
Although cancer treatments will advance further in the next years, it will remain an 
extremely challenging disease to treat, due to the large variation of cancer types that 
exist, inter-patient variation and the development of resistance.

Targeted therapies
Since the first targeted therapy was approved for use in the clinic in 1970 (Tamox-
ifen, used in breast cancer), many more have followed. As of today, more than 30 
compounds have been approved by the FDA, and approximately another 150 are 
currently in clinical trials [80]. Targeted therapies distinct themselves from regular 
chemotherapy by the fact that they target the cancer cell on the cancer specific 
defect, where chemotherapy targets all rapid dividing cells. The main advantages of 
this are more efficient ways of abolishing the tumour cells, since not all tumour cells 
are dividing rapidly, and less side effects, since other (healthy) rapid dividing cells 
are no longer targeted. In addition, targeted therapies can be designed as such, that 
they not only target the responsible oncogene but are also specific for the mutated 
form. Since this mutated isoform is only expressed in cancer and not in healthy cells, 
the therapy becomes even more cancer specific. 
Targeted therapy can be classified into antibody based or small molecule therapy. 
The main difference is that antibodies bind to cell surface proteins and receptors, 
whereas small molecules can enter the cells and inhibit a various number of proteins 
within cellular pathways. One of the main molecular targets in targeted therapy are 
protein kinases. These molecules are enzymes that can add a phosphate group onto 
another protein, causing altered regulation in terms of activity, localisation or other 
effects. Kinases are attractive anti-cancer targets, mainly due to the fact that they 
are at the start of various survival and proliferation pathways driving cancer growth, 
making them crucial proto-oncogenes. In addition, inhibition of a kinase in a healthy 
cells is often not as toxic as in cancerous cells, which are substantially more depen-
dent on the activity of the kinase.
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Although successful, many impediments concerning targeted therapy remain to be 
solved. Where chemotherapy can be considered too a-specific, targeted therapy 
might be too specific. Due to heterogeneity within a tumour or between patients, ad-
aptation of cells and presence or development of intrinsic and acquired resistance, 
the remissive effect of a targeted anti-cancer agent often has an unsatisfactory short 
life span. Although clinical trials show increased progression free survival and overall 
survival of the patient, this is often expressed in terms of months, after which relapse 
of the tumour occurs. Though every extended month of a patient’s life is valuable, 
more fundamental and clinical research is necessary to increase the endurance of 
new and existing treatments.  

Resistance – In Vivo et in Vitro
In vivo resistance development 
Tumours are entities on their own within the body, depicting distinct tumour specific 
and clonal evolution throughout tumour progression [81]. Based on this, the main 
hypothesis addressing development of drug resistance is the presence of intrinsical-
ly resistant cells within a heterogeneous tumour which are able to evolve into a fully 
resistant tumour as the disease progresses (Figure 4). Indeed, it has been shown 
that a high level of intra-tumour heterogeneity correlates with poor prognosis [82]. 
Following this hypothesis is the assumption that, due to rapid proliferation in combi-
nation with a dysregulated DNA damage response, increased mutagenesis will lead 
to additional mutations. Under the pressure of the drug treatment, this can eventu-
ally result in a new, resistant, tumour, described as acquired resistance (Figure 4) 
[83]. The main difference between intrinsic and acquired resistance is the dwelling 
time between the onset of treatment and the emergence of the mutation responsible 
for resistance. A growing body of literature is now studying this dwelling time, or 
adaptive resistance (Figure 4). During adaptive resistance, cells are able to persist 
and will display a slow growing phenotype, while no genomic abolitions yet can 
be found to explain the resistance, eventually enabling them to acquire additional 
mutations [84]. Several mechanismsv have been described trying to explain adap-
tive resistance, including epigenetic changes [84] and PTM and protein expression 
regulations [85–87]. The main interest of this research is to be ahead of the appear-
ance of a novel oncogenic mutation, rather preventing the development of acquired 
resistance than cure it.  
An alternative hypothesis of development of resistance and the progression of tu-
mours is the existence of cancer stem cells (CSCs) (Figure 4) [88]. These cells have 
all the abilities of normal stem cells, i.e. they are quiescent and capable of self-re-
newal and differentiation. The main difference, however, is that they will expand 
uncontrollably, whereas growth and differentiation of normal stem cells is strictly 
regulated. In addition, CSCs differ from “normal” cancer cells in several ways, includ-
ing speed of proliferation, resulting in increased resistance to regular chemo- and 
radiotherapy [89]. As a result, CSCs are able to renew and maintain tumour growth 
after eradication of the bulk of tumour cells by anti-cancer treatment. In line with 
this hypothesis, the only way to cure cancer is to target these CSCs, for these will 
continue to grow if not dealt with. Over the last couple of decades, numerous CSCs 
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targeting approaches have been developed of which several have shown success 
in the clinic [90,91]. 
Besides the various routes cancer cells can take to resist drug treatment, an ad-
ditional component to consider is the interaction of tumour cells with the tumour 
microenvironment (TME) [92]. The TME consists of multiple types of cells (e.g. fi-
broblasts and immune cells), secreted factors (e.g. cytokines and hormones) and 
extracellular matrix components (e.g. collagen and fibronectin). The interaction be-
tween the TME and the tumour serves multiple purposes including progression and 
differentiation of the disease [93], metastasis [94], influencing the immune response 
[95] and the success rate of treatment, including the development of resistance [96]. 
This adds an additional layer of complexity to cancer research, for the TME cannot 
be ignored, however it is challenging to mimic the TME-tumour interaction properly 
in vitro [97,98]. 
As several routes to resistance have been described here, most likely development 
of resistance in vivo is a combination of all of the above [83]. This makes the study of 
drug resistance in cancer technically difficult, and to establish an efficient and favour-
able treatment covering all above mentioned processes is a highly challenging task.

In vitro resistance development 
Modelling a disease in vitro in order to study it inside a laboratory is subjected to 
making assumptions and compromises. Ideally, all factors that can influence the re-
sults are controlled, and a single condition is varied to examine the effect. However, 
the more controlled the experiment is, the more distinct it is compared to an in vivo 
situation. Therefore, deciding on an experiment is the trade-off between simplistic 
but artificial, opposing to complex but realistic. The same is true in the study of drug 
resistance, to which various analytical tools exist that can be used, deviating from 
simple to complex, all with their own losses and gains. 
The most simplified way of studying resistance is to knock out or mutate a single 
gene and subsequently observe the effect on cancer growth and sensitivity to treat-
ment. Mainly the invention of the CRISPR-Cas9 system [99] allows high-throughput 
screening of single gene influences on cancer biology, resulting in a large body of 
literature describing the biological relevance of numerous oncogenes and tumour 
suppressor genes [100,101]. However, the question that remains is how valid this 
method is for the study of resistance. It has been shown that both cancer progres-
sion as well as development of resistance rarely arises upon a single mutation [102]. 
In addition, non-mutational influences driving tumour progression cannot be studied 
or even taken into consideration using this system. Although it is quick, cheap and 
insightful to study the effects of mutating a single gene in isolated conditions, it might 
be too simplified to explain in vivo developments. 
An alternative, very often used method is increased exposure of a drug to a sensitive 
cell line, mimicking the continuous exposure of a drug to a patient during treatment 
and subsequent resistance development [103,104]. This approach is regularly com-
bined with clonal expansion of the exposed cells, to isolate resistant clones to study 
them in more detail [105]. The advantage of this method is that the cells themselves 
can “decide” which resistance mechanism route to take, possibly making it biological 
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more relevant. This is in contrast with the mutating strategy described above, where 
cells are being pushed into being resistant by alteration of the DNA by the research-
er. In addition, this approach is discovery-based, meaning that no prior knowledge 
is necessary to produce the resistance. However, one might argue that culturing 
cells in a 2D environment, without any flow, extracellular matrix or adjacent cells, 
and in culture medium that is far from physiological [106], this system is highly artifi-
cial, possibly resulting in false findings due to technical aspects. However, similar to 
CRISPR-Cas9, it is cheap, quick, high-throughput, and ethically easy to use. 
Moving away from the simplistic 2D models in cell culture, several 3D and in vi-
vo-like, models exist, for example organoids and patient-derived xenografts (PDXs). 
Organoids were developed by the lab of Hans Clevers, in 2008 [107]. These 3D 
models come to existence by growing stem cells into a self-organising organ in a 
dish, representing the original architecture and differentiation of the tissue of the pa-
tient. They started with the study of the small intestine, but currently it has become 
an important and much used model system to study a great variety of tissues [108]. 
Also in cancer research organoids are now being used in order to study cancer 
development and resistance [109]. Since organoids are 3D models representing an 
entire organ in a dish, they reside between the fields of in-vitro cell culture models 
and in-vivo animal based models. By taking up this particular position, it has both the 
advantages of being cheaper and less ethically loaded since no animals are used, 

Figure 4 – Resistance Development
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while maintaining a 3D structure, making it biological more relevant. The main disad-
vantage of the use of organoids is the need of a highly equipped lab and experience 
in the production of organoids. 
Models that represent the human in-vivo  situation the most are animal models. An 
elegant method of studying human tumours within an animal model is the use of 
patient derived xenographs (PDXs). PDX models consist of surgical removed hu-
man tumour derived tissue, that subsequently is being transplanted into a mouse, 
creating a cancer model maintaining the patients characteristics, including existing 
drug sensitivity or resistance [110]. Although the establishment of PDXs can take 
up to several months, it has been shown to be a beneficial model to study a various 
amount of cancer types en phenotypes [111]. The main disadvantage of this type 
of modelling is the use of live animals, which increases the cost, time and ethical 
weight of the experiments. 
In general, both organoids and PDXs are used to extract tumour tissue from a pa-
tient and maintain and study the phenotype inside the laboratory. Therefore, it is less 
suitable to study the transformation of drug sensitive cells towards drug resistant 
cells, since the modelled tumours represent a specific phenotype (i.e. sensitive or 
resistant). However, these models are excellent to use as pre-clinical screening to 
reveal effectiveness and possible biomarkers for resistance [112]. Despite the higher 
costs and workload, by studying in vivo-like models like organoids and animal mod-
els before moving towards the clinic, the success rates of expensive and ethically 
difficult clinical trials can greatly be enhanced, which is shown to be extremely low 
when only using pre-clinical in vitro models that poorly represent human conditions 
[113–115]. 
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Exploring Cellular Signalling
Although cancer and cancer research is as old as time, many questions regarding 
this disease remain to be solved. One of the more recent findings is that develop-
ment of both cancer and subsequent drug resistance is a changeable and dynamic 
process. This increasing complexity of this pressing problem asks for a system-wide, 
discovery based approach in order to reveal yet unknown oncogenic cellular mech-
anisms and new treatment opportunities. A method of choice to analyse cancer 
models of different complexities is shotgun proteomics. The high-throughput and 
discovery based approach of proteomics is able to display the regulation of entire 
pathways on several levels of regulations in a single experiment, without the need 
of prior knowledge. This allows the researcher to investigate a cancer model as a 
whole in an unbiased manner, thereby arriving to new and yet unrevealed oncogenic 
processes, taking the field of cancer research a step further. 

In this thesis we have explored short-term adaptive responses of lung- and breast 
cancer cells in response to targeted therapy with the use of mass spectrometry 
based (phospho)proteomics. Along the way we came across several technical and 
biological challenges to solve before arriving at a satisfactory conclusion. 

In Chapter 2 we reviewed several approaches to increase the focus within a MS 
experiment regarding the discovery of drug function. By zooming in on a specific part 
of the proteome a clearer picture can be obtained, leading to more concise answers. 

In Part 2 of this thesis, different approaches are investigated in order to increase the 
amount of data available to increase coverage and molecular detail. In Chapter 3 
different proteases were used to discover understudied parts of the (phospho)pro-
teome. By using complementary protocols for the same biological sample, a larger 
area of the phosphoproteome could be covered, resulting in increased depth into 
the phosphoproteome. In Chapter 4 several publically available phosphoproteomic 
datasets were re-analysed in order to obtain novel discoveries and to decrease data 
loss, adding onto existing knowledge. Additional data processing transformed the 
phosphodata into an easy to use format, enabling the combined analysis of several 
datasets. Through increasing the amount of data per observed event, differential 
conclusions could be made in addition to the previous documented conclusions. 

In Part 3 all of these methods were applied to the biological model of resistance to 
targeted therapy in lung cancer. Sensitive non-small cell lung cancer cells (NSCLCs) 
were treated with epidermal growth factor inhibitors for different lengths of time and 
their proteome, phosphoproteome and kinome was explored to explain observed 
phenotypes. In Chapter 5 cells were treated for no longer than 5 days, although great 
phenotypic and morphological differences could be observed. Using a multi-omics 
approach, the proteomic, phosphoproteomic and kinome landscape of early adapta-
tion of EGFR inhibition was mapped. It was further validated that the reorganisation 
of the cytoskeleton and increased adhesion rescued the cells of apoptosis upon drug 



ONE

31
CHAPTER ONE

treatment. The removal of extracellular calcium prevented this, inducing the cells to 
cease to survive. In Chapter 6 cells were treated for up to several weeks after which 
multiple resistant clones could be generated. Extensive phosphoproteomic analysis 
revealed large homogeneity and cross-sensitivity across the separate clones. 

In Part 4 some words were spend on discussing the most pressing difficulties and 
the future of the field of (phospho)proteomics and anti-cancer drug resistance.
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Introduction 

An increasing number of small molecule inhibitors are being approved by 
the FDA, calling for methods enabling the dissemination of drug function 
at a molecular level. Especially drug target engagement studied in a cel-
lular context is extremely important as it will provide a link between drug 
and cellular phenotype and could explain possible side-effects or resis-
tance mechanisms. Genetic approaches are well suited to identify novel 
drug targets and genes which play a role in drug function and develop-
ment of resistance [1]. However, genetic approaches only reveal drug-tar-
get interactions indirectly. A change in drug sensitivity upon mutation or 
overexpression of a specific gene merely shows a possible influence of the 
gene, but does not prove direct drug-target interaction [2]. The same lim-
itations hold true for transcriptomic data. Even though the extent of gene 
transcription can be determined, the correlation between mRNA levels 
and protein abundance is still a subject of debate [3]. More importantly, 
both genomics and transcriptomics lack the ability to determine the role 
of often short lived and reversible events like post-translational modifica-
tions (PTMs), protein localisation and protein-protein interactions. On the 
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Figure 1 – Overview of discussed topics
Mass spectrometry is a suitable technique to study drug function in complex systems. More-
over, several strategies of sample preparation preceding MS analysis can be used to focus 
on a particular part of the proteome. Here, we highlight methods to study drug-induced ef-
fects on the proteome, with the focus on pull downs to study direct drug-target interactions, 
methods to study structural changes induced by ligand binding and complex formation and 
enrichment strategies to study post-translational modifications. 
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contrary, this information is retained within proteomics data, providing 
essential information on the regulation of cellular signalling during drug 
treatment which might explain off-targets and side effects and provide 
clues to the development of drug resistance which is not caused by mu-
tations. Shotgun proteomics focusses on proteins in a discovery-based 
manner, resulting in an unbiased representation of the phenotype and 
molecular landscape [4]. Recent advances made in the proteomics field, 
such as the development of the Orbitrap mass analyser and Fusion Tribrid 
instruments, have made it possible to measure and quantify the proteome 
with high accuracy and great depth. By using optimised sample prepara-
tion, fractionation and enrichment strategies preceding LC-MS/MS analy-
sis, different aspects of the proteome can be explored.
In this review, we will list and discuss different ways of fractionation and 
enrichment before LC-MS/MS analysis to study both drug function and 
perturbation of cellular signalling induced by small molecule inhibitors, 
with a focus on direct drug-target interactions, structural changes and 
PTMs (see figure 1). 

Direct drug-target interaction
The classical in-vitro workflow used to identify drug-target interactions 
is an affinity-based protein profiling (AfBPP) approach. This approach 
is based on a single specific compound immobilized on a solid support, 
which is incubated with a complex cell lysate. After elution, interacting 
proteins are detected with LC-MS/MS analysis (see figure 2) [5]. These 
methods are suitable to screen for both on- and off-targets, to evaluate 
drug specificity (by performing a competition experiment in which in-
creasing concentrations of free drug that are titrated into the lysates or 
on cells), and to detect changes in binding affinity or interactome between 
different conditions [6]. Examples of the successful implementation of 
this compound centric approach are the target profiling of the chronic my-
eloid leukaemia drug Dasatinib, originally designed to target Bcr-Abl and 
Src [7] and Gefitinib, a first generation EGFR inhibitor [8] (More exam-
ples are listed in Table 1). Even though this approach is straightforward, 
introduction of a chemical modification, which is needed to immobilize 
the compound to a support, might influence the bioactivity of the small 
molecule. In addition, compounds that cannot be chemically immobilised 
cannot be analysed using a compound centric approach. An elegant solu-
tion to this problem is exemplified by approaches like the kinobead [9], 
mixed inhibitor bead (MIB) [10] or HDAC probes [11] in which a mixture 
of broad spectrum inhibitors is immobilized on beads. Using these beads, 
an entire enzyme class can be enriched from a complex cell lysate. Similar 
to a compound centric approach, these broad-spectrum binding probes 
can then be used in a competition experiment with a free drug. However, 
in contrast to a compound-centric approach, these probes are suitable 
for high-throughput screening, since it is no longer necessary to produce 
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a compound-matrix structure for each individual compound of interest 
because the same probe can be used for each experiment [12]. In addi-
tion, these broad binding probes can be used as global enrichment tools 
for enzyme classes of interest. Several enzyme classes, like kinases or 
HDACs, are often low abundant, despite their essential role in modulating 
cellular signalling, and therefore difficult to study using shotgun proteom-
ics. By enriching a subset of enzymes, rather than profiling the proteome, 
changes in protein abundances and alterations of PTMs which are induced 
by drug treatment can now be studied in more depth. Some studies using 
broad-spectrum kinase enrichment have claimed a correlation between 
affinity and activity [10], however this has recently been opposed [13]. 
A similar method to study low abundant enzymes and therefore drug 
function is the use of an activity-based pull down strategy (ABPs). Here 
a warhead binds a class of enzymes based on their specific enzymat-
ic activity. The warhead is bound to a fluorescent or radioactive probe, 
which can be visualised on a denaturing gel [14]. With the introduction 
of MS, ABPs tags were re-designed, in which the reactive group is com-
bined with an affinity tag like biotin. This allows the interactors to be 
purified and subsequently analysed from complex samples, an approach 

Protein Lysate

Single Compound

Whole enzyme class enrichment
Using broad-spectrum binding 
beads, an entire enzyme class can 
be enriched, making it possible to 
study regulations of  low abundant 
enzymes between conditions.

Single drug affinity pull down
A single drug bound to an affini-
ty handle is used to pull down 
and enrich its direct targets and 
off-targets.

Drug selectivity profiling  
broad-spectrum binding 
beads in competition with a 
free drug can be used to 
determine drug selectivity.

concentration

In
te
ns
ity

Enzyme 1

concentration

In
te
ns
ity

Enzyme 2

high concentration

time

In
te
ns
ity

low concentration

time

In
te
ns
ity

Affinity handle
Broad spectrum binders

Protein

Specific drug

m/z

In
te
ns
ity

3-Identification 

time

In
te
ns
ity

On-target
Off-target

1-Capture

2-Analysis m/z

In
te
ns
ity

2-Analysis

3-Profiling

1-Capture

3-Fitting selectivity curves

2-Analysis1-Capture in presence of 
different concentration 
free drug

m/z

In
te
ns
ity

Figure 2 – Pull down Approaches
Overview of discussed pull down approaches to study direct drug-target interactions. An 
inhibitor immobilised on an affinity handle can be used to purify direct interactors from a 
complex lysate, which are subsequently analysed with MS. This approach can be used to 
identify both on- and off-targets. An alternative approach is the use of a broad-spectrum 
binding probe, which can be used to study an entire enzyme class, or in a competition assay 
combined with a free drug to determine drug selectivity. 
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which is called activity-based protein profiling (ABPP) (see figure 2) [15]. 
Like broad-spectrum binding probes, as described, ABPPs can be used 
as a global enrichment strategy to study regulation of low abundant, but 
crucial, enzymes, or in a competition experiment with a free drug. Theo-
retically, an ABPP probe can be made for every enzyme class, for exam-
ple methyltransferases [16], proteases [17] hydrolases [18] and kinases 
[9,10,19,20] (summarised in Table 1). Out of all enzyme classes, kinases 
are of special interest as they have been implicated in many human dis-
eases [21], therefore several different approaches have been developed 
to study this enzyme class. Despite enriching the same proteins, these 
methods all use slightly different methodologies, making them partially 
complementary [22]. In either method, a consecutive PTM enrichment 
makes it possible to study modifications determining the regulation of the 
enzyme with high confidence [23].

Structural changes as evaluation of drug-target interaction
Besides affinity based chemical proteomic approaches, other techniques 
can be used to measure drug target engagement. Drug-target interactions 
will cause changes in structure and stability of the target protein, thereby 
changing its behaviour, which can be detected using limited proteolysis, 
chemical modifications or due to thermal denaturation (see figure 3).

Limited Proteolysis: DARTS and LiP-MS
In the Drug Affinity Responsive Target Stability assay (DARTS), a low con-
centration of broad specificity protease (e.g. thermolysin or Pronase) is 
added to a cell lysate, which causes partial proteolysis at exposed regions 
of the proteins [24]. When a protein binds to a ligand or compound, this 
protein might be stabilized and protected from proteolysis, giving rise to 
a distinct proteolytic pattern of peptides. By comparing the intensity of 
proteins on a denaturing gel or the intensity of peptides by MS, proteins 
which are stabilized by the compound can be identified [25,26]. 
An improvement of this technique is to combine the partial proteolysis 
step with a tryptic digestion step and subsequently measure these pep-
tides using MS [27]. This allows proteins to be measured on the pro-
teome-wide level, instead of only detecting high abundant proteins using 
gel-based strategies. Others have used the same approach but focussed 
the MS analysis on the peptide level, called limited proteolysis mass spec-
trometry (LiP-MS) [28,29]. By comparing the intensity of specific peptides 
in the limited proteolysis condition versus a trypsin-only control, the exact 
region in which a structural change occurs can be determined. 
A limitation of DARTS or LiP-MS is the possible laborious optimization 
of the partially proteolytic conditions for every experiment. In addition, 
it might be difficult to detect the proteolytic protected peptides in the 
complex background of unaffected peptides, although this could be cir-
cumvented using fractionation. Furthermore, limited proteolysis is only 



TWO

42
Proteomic tools to study drug function

applicable to soluble proteins due to the native extraction conditions.
An attractive and straightforward alternative is called Pulse Proteolysis 
[30][31]. In Pulse Proteolysis, the lysate is shortly incubated with a broad 
specificity protease in the presence or absence of a ligand and at different 
concentrations of denaturant. By only shortly incubating the lysate with 
protease, folded proteins will be unaffected while unfolded proteins will be 
digested. Subsequently, the lysate is analysed on a gel and by comparing 
the intensities of the bands at different denaturant concentrations, a con-
clusion can be made concerning the stability of the protein. Bands of in-
terest can then be subjected to in-gel digestion and identified using mass 
spectrometry. This technique can also be used to measure the stability of 
membrane proteins [32].  

Chemical modification: SPROX and SMTA
An alternative method of determining protein structure and stability is 
Stability of Proteins from Rate of Oxidation (SPROX) [33,34]. In SPROX, 
hydrogen peroxide induced oxidation of globally protected methionine 
residues at increasing concentrations of chemical denaturant is used as a 
measure for stability. The addition of chemical denaturant will unfold the 
protein, making previously protected methionine residues susceptible for 
oxidation. By MS-based quantification of the rate of oxidation at increas-
ing concentration of denaturant, a conclusion can be made on the stability 
of the protein in either the presence or absence of drugs [35–37]. Subse-
quently, it is possible to measure binding affinity and domain-based sta-
bilization. A limitation of this technique is the sole application to proteins 
containing protected methionine residues. In addition, SPROX needs a 
large amount of input material. Lastly, SPROX is not amendable to mem-
brane proteins, where the chemical induced denaturation is limited due 
to the lipid bilayer. To increase the scope of SPROX to peptides which do 
not contain methionine residues, s-methyl thioacetimidate (SMTA) can 
been used, which causes amidination of buried lysine residues [38]. Since 
SPROX and SMTA protocols target different amino acids, they are compli-
mentary, thereby improving the effectiveness of this technique [38]. 

Temperature based: CETSA and TPP
When a protein is subjected to high temperatures, it will start to irre-
versibly unfold, revealing the hydrophobic core and precipitate. Howev-
er, when a ligand or compound is bound, the protein stabilizes and the 
melting point of the complex increases. Consequently, an increased melt-
ing point of a protein is indicative of complex formation. In the Cellular 
Thermal Shift Assay (CETSA), aliquots of lysate or intact cells, which are 
treated with a drug or vehicle, are subjected to a range of temperature 
points after which the remaining soluble protein amount is determined 
using western blot [39,40]. Drug-target interactions can be detected by a 
difference in protein intensity in vehicle versus drug conditions. The lim-
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itation of this method lies in the antibody based detection, as it requires 
prior knowledge of the target to be analysed as well as the availability of 
specific antibodies for the target. 
In order to deal with these limitations and to allow full proteome probing, 
this technique has been combined with quantitative MS, called thermal 
proteome profiling (TPP) [41]. The use of TMT 10plex for ten different 
temperature points makes it possible to measure a complete melting 
curve in a single LC-MS/MS run. A big advantage of temperature based 
profiling is that it can be used on both intact cells and lysates. When drug 
treatment is performed on intact cells, the cellular environment remains 
intact. Therefore, it might be possible to not only detect the direct target 
of the compound but also downstream processes due to (in)activation of 
the target protein. 
However, this method has some limitations. Firstly, TPP does not achieve 
peptide level resolution, when compared to LiP-MS, therefore it is difficult 
to determine thermal sensitive of a specific protein domain. Also, in the 
original protocol, only soluble proteins were analysed while insoluble pro-
teins, such as membrane proteins, were removed before analysis. Later 
however, it was shown that by adding a mild detergent to the lysis buffer 
membrane proteins are solubilized, making them amendable for analysis 
[42]. Furthermore, some proteins do not show thermal stabilization due 
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Figure 3 – Structural changes as evaluation of drug-target interaction
Overview of the different principles to evaluate protein-drug target engagement effects. In 
limited proteolysis a broad specificity protease is used to cleave exposed regions of the pro-
tein. This altered digestion pattern is detected using denaturing gel in DARTS, after which 
the protein can be identified using MS. In LiP-MS the limited proteolysis step is followed by 
a total digestion using trypsin, followed by detection using MS. In TPP, the ligand stabilizes 
the protein against thermal denaturation, which can be detected by a shift in melting curve. 
This method can be used to identify drug-ligand interactions on a protein level. Similarly, 
in SPROX the rate of unfolding due to a chemical denaturant is determined by oxidizing ex-
posed methionine residues by hydrogen peroxide. This method is gain detailed information 
of the structural changes due to protein-protein interactions on a peptide level.
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to ligand binding, limiting the detection of target engagement effects of 
these proteins. Lastly, the huge amount of data generated by measuring 
the whole proteome at the different temperature points can make it diffi-
cult to extract valuable information.
Numerous variations on TPP exist. Savitski et al. [41] developed a 
TPP-concentration range assay, which can be used to measure the affi-
nity between ligand and proteins. Becher et al [43] developed 2D-TPP, in 
which they combined 12 temperature points with 5 different drug concen-
trations. The 2D-TPP assay is more sensitive and can be used to directly 
measure affinities of stabilized proteins. Lastly, Leuenberger et al [44] 
combined the possibilities of TPP with LiP-MS, which they used to mea-
sure thermostability on a proteomic scale with domain-level resolution. 
Recently, Tan et al [45] developed a variant of TPP which they called ther-
mal proximity coaggregation, which can be used to monitor intracellular 
protein complex dynamics. 
 
Post-translational Modifications
Many small molecule inhibitors that are being developed target enzymes 
that catalyse post-translational modification (PTMs) of effector proteins. 
A multitude of possible PTMs affect protein function in terms of turnover, 
activity, localisation and complex formation, thereby changing a variety of 
signalling pathways in the cell [46]. Therefore, it is equally important to 
study direct compound-target interactions as well as the indirect effects 
of drugs on the PTM landscape upon drug exposure, during treatment 
and upon development of drug resistance. Peptides carrying PTMs have 
low stoichiometry compared to their unmodified counterpart, making 
enrichment before MS analysis a recommended step. PTM enrichments 
have been developed for several different PTMs, using various approaches 
[47]. A large body of literature exist on enrichment techniques (a selec-
tion has been listed in Table 2), therefore this is not further addressed in 
this review. 
The analysis of PTMs can be used to answer a variety of biological ques-
tions in the study to discover drug function. First of all, the discovery 
based MS approaches are able to determine both direct on-target [48,49], 
as well as off-target effects [50]. For example, differences in phenotype 
and additive effect upon treatment with two MEK inhibitors, targeting the 
same pathway, could be explained by resolving drug induced changes 
on a PTM level [51]. In addition to detecting immediate effects, changes 
on a PTM level induced by long-term treatment can explain drug resis-
tance development. For example, the study of the phospho-proteome of 
a Lapatinib resistant breast cancer cell line led to the discovery of altered 
signalling pathways responsible for the acquired resistance, in addition to 
genetic mutations and changes in protein expression [52]. Lastly, since 
PTMs can determine the activity or function of a protein, they can be 
used as a biomarker. By integrating data of phospho-proteomes combined 
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with information on responses, mutation and other metadata, a phos-
pho-proteomic signature reveals hallmarks of disease related signalling 
[53]. Subsequently, a prediction can be made about the drug response in 
a specific patient, which can play a role in the determination of the type 
of treatment. 
Some general challenges in PTM enrichment have been described, of which 
some excellent reviews have been written [47]. A major technical chal-
lenge is the large amount of starting material often necessary. Increased 
enrichment specificity and MS sensitivity are necessary to perform larger 
scale, high-throughput experiments and/or to perform analysis on clinical 
material [54]. In addition, some modifications, like cysteine oxidation, 
are highly unstable, so sample handling should be optimised to preserve 
these PTMs. In addition to specific enrichment, MS/MS settings can be 
optimized, fitted to the PTM in question, to get the best quality data [55]. 
Different fragmentation methods (HCD [56], ETD [57], EtHCD [58], or 
a combination of techniques [59,60]) are available for optimal fragmen-
tation of (labile) PTMs. These methods allow both the high confidence 
sequence determination as well as reliable site localization of modified 
peptides.

Outlook
MS based methods are able to provide detailed knowledge which advanc-
es our understanding of unexplored cellular signalling pathways, creat-
ing opportunities to resolve drug function. MS-based technology can find 
novel drug targets, determine off-targets or show an unknown potential 
in an alternative application than a drug was designed for. Furthermore, 
proteome wide screening of biological systems can result in understand-
ing of resistance development against an inhibitor or can reveal useful 
biomarkers. Despite its potential, clinical application of MS technology is 
still in an early phase. MS experiments are time consuming when analyt-
ical depth is required, moreover, a great part of the scientific community 
does not have access to MS facilities. 
Over the last decades, exciting technical advances in the MS field have 
made it possible to reach further in the proteome than ever before. The 
current challenge, however, is the vast amount of data produced, risking 
the true meaning of it to be lost. Therefore, it is important to focus the 
data acquisition by combining different analytical tools with MS analysis 
in order to reduce complexity and extract the most useful information 
from separate parts of a proteome. For this purpose, existing protocols 
can be altered to make them compatible with MS. Although several exam-
ples already exist in literature, more development needs to be done for 
chemical strategies to be implemented into MS based research. Ultimate-
ly, the right combination of inventive methods coupled together with the 
extensive reach of MS analysis will bring the most unambiguous answers 
to biological challenges.
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Table 1 – Literature overview
 of pull dow

n approaches 
Table of literature describing pull dow

n approaches. Listed are affinity m
atrix: single or m

ultiple (i.e. single inhibitor/com
pound or library 

im
m

obilised on stationary phase), enzym
e class targeted by the probe, a description of the design of the affinity or activity com

pound used for 
pull dow

n and predicted targets, if listed in the respective paper. 

*Inhibitor 5: (R
,E)-1-(3-(4-Am

ino-3-(4-phenoxyphenyl)-1H
-pyrazolo[3,4-d]pyrim

idin-1-yl)piperidin-1-yl)but-2-en-1-one
*Inhibitor 7: (E)-N

-(4-((3-C
hloro-4-fluorophenyl)am

ino)-7-m
ethoxyquinazolin-6-yl)-4-(dim

ethylam
ino)but-2-enam

ide

Affinity M
atrix 

Enzym
e C
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Affinity/Activity C

om
pound 

K
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n/predicted Targets 
R

eference 
Single 

Kinase 
D

asatinib 
c-Src; c-Abl

[7] 
Single 

Kinase 
G

efitinib 
EG

FR
 

[8] 
Single 

M
ethyltransferase 

3-D
eazaneplanocin A (D

zN
eP)

S-adenosyl-L-hom
ocysteine

hydrolase (SAH
H

); EZH
2

[61] 

Single 
Lipase 

O
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Fatty acid synthase (FAS) 
[62] 

Single 
E3 ligase com
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Thalidom
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[63] 

Single 
PAR

P1/2 fam
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XAV939 
W

nt pathw
ay 

[6] 
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Kinase 
M

LN
8237 

Aurora A Kinase (AKA) 
[64] 

Single 
Kinase 

PF-6274484; 
PC
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Inhibitor 
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7*; 

Afatinib 
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FR
; BTK 

[65] 

Single 
Kinases (ATP probe) 

Lysine in the ATP pocket 
[20] 
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Proteases 

Active site cysteine or serine 
[17] 
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G
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M
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TAM
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M
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M

ultiple kinase inhibitors 
[68] 
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n 
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M
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M
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xBPyne 
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Table 2 – Literature overview
 of PTM

 enrichm
ent strategies 

M
any different approaches of PTM

 enrichm
ent have been developed over recent years. The m

ethod of enrichm
ent in largely determ

inded by 
the type of PTM

, although different approaches are possible, allow
ing for different applications. A large body of literature exist on the topic, 

therefore a sm
all sam

ple of PTM
 enrichm

ent approaches described in literature are listed here as a starting point of further exploration of the 
desired topic. 

Post-translational m
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M
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Introduction
The study of the cellular proteome, known as the field of proteomics, is 
still considered to be relatively young, as compared to its ‘older brothers’ 
genomics and transcriptomics research. Not surprisingly, technical devel-
opments, which are an integral part of the mass spectrometry (MS) based 
proteomic workflow, constitute the majority of current published pro-
teomic studies. This everlasting quest in scaling up numbers of identified 
proteins and improving protein coverage, constitutes a large amount of 
the proteomic research carried out in laboratories around the world [1,2]. 
A large number of technical tools are at the disposal of the proteomic 
researcher in order to perform satisfactory optimisation of their exper-
iments. First, the most diverse step in a standard MS workflow is the 
protocol of cell or tissue lysis and the composition of the used lysis buffer. 
Significant improvements can be made in peptide detection if, for exam-
ple contaminants are cleared up [3] or if lysis is adjusted to a desired type 
of protein [4]. 
Second, a different set of peptides can be obtained if proteins are di-
gested with different proteases. The use of the highly specific protease 
trypsin has been the favourable choice in the majority of published pro-
teomic studies [5]. The main reason for this is that tryptic peptides are 
ideal for MS analysis: peptides have a workable length because of the 
distribution of lysine and arginine throughout proteins and they have a 
favourable charge state, due to the charged amino acids at their termini 
[6]. Consequently, the majority of knowledge on the proteome is based 
on tryptic peptides. Although the resulting similarities and overlapping 
results of studies following the use of similar protocols benefits their com-
parability, most of the available data is exclusively describing trypsin fa-
vourable regions, limiting the discovery of the complete proteome. The 
use of alternative proteases can be a strategy to reveal complementary 
parts of proteins which cannot be uncovered by trypsin. Others have in-
deed shown that orthogonal digestion using different enzymes results in 
the production of distinct types of peptides, covering separate parts of a 
protein [7–9].
Third, although peptide separation by online liquid chromatography before 
MS analysis has already become a standard, additional (off- or online) 
fractionation can be applied to a complex peptide mixture to increase the 
depth of the identified peptides. Decreasing the complexity of each mea-
sured fraction favours the detection of lower abundant peptides, thereby 
increasing the dynamic range of the experiment. Examples of fraction-
ation are ion exchange chromatography (SCX, SAX) [10], size exclusion 
chromatography (SEC) [11] or high-pH fractionation [12]. 
Lastly, the mass spectrometric analysis itself can be optimised. Fitted to 
the nature of peptides at hand, several parameters can be optimised, for 



THREE

57
CHAPTER THREE

example the fragmentation type suitable for chemically distinct peptides 
[13]. 
An alternative route one can take in order to increase the coverage of 
the proteome, is to separate distinct parts of the proteome, based on 
their chemical characteristics, instead of studying all proteins present. A 
common choice is the study of post-translationally modified proteins or 
peptides. In this approach modified proteins and/or peptides are separat-
ed from their non-modified counterparts and analysed by MS separately. 
Using this approach, these generally lower abundant and therefore often 
suppressed modified proteins or peptides, can be readily analysed in the 
mass spectrometer. Such approaches have been successfully applied to 
study, amongst others, ubiquitinated, acetylated and glycosylated pro-
teins and peptides, generally using fractionation or affinity chromato-
graphic approaches. 
Due to its importance in cellular signalling and its implication in human 
disease, the study of protein phosphorylation has gained a lot of attention 
of the last years. Researchers are now  capable of identifying thousands 
of phosphorylation sites from limited amount of samples, which has been 
aided by the development of several techniques to enrich phosphorylated 
peptides [14,15], resulting  in an continuous growing database of known 
phosphosites [16]. 
In this study we used our recently developed sample preparation protocol 
[3,15], designed for the most optimal phosphopeptide enrichment using 
trypsin, and employed this to perform digestion with different enzymes, 
to investigate whether this approach was equally beneficial for other en-
zymes as well. In addition, we performed high-pH fractionation on a tryp-
tic digest with subsequent phosphopeptide enrichment [12,17] in order to 
maximise the number of identified phosphopeptides. 

Results

Mass spectrometric optimisation
Depending on the type of proteomic experiment and the type of peptides 
to be analysed, it is crucial to consider the mass spectrometric method 
and analysis settings one would like to use. Currently, due to the recent 
advances in Q-Exactive instrumentation and the availability of hybrid in-
struments such as Fusion and Lumos mass spectrometers, most widely 
used fragmentation methods for bottom-up proteomics are HCD, ETD or 
EThcD fragmentation. Specifically, for phosphopeptide analysis, HCD frag-
mentation has been shown to outperform traditional CID fragmentation, 
due to higher quality fragment spectra and less phosphate neutral loss 
during fragmentation, allowing for better site localization [18,19]. 
The major advantage of ETD and EThcD fragmentation is the preservation 
of labile PTMs during fragmentation allowing for accurate site localiza-
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tion. However, EThcD fragmentation is relatively slow and the capture 
or transfer of low energy electrons does not always disrupt non-cova-
lent interactions, which can result in the product ions staying together, 
termed ETnoD. Still, EThcD fragmentation has been proven beneficial for 
the analysis of relatively large peptides and peptides with higher charges 
due to the larger amount of energy used for fragmentation [20] It has 
been shown that especially EThcD is well suited, for example, for middle 
down proteomics [13]. 
Therefore, prior to conducting a large-scale experiment in which we want-
ed to test the effect of different digestion enzymes on phosphoproteome 
coverage, we first examined the performance of HCD and a data depen-
dent decision tree with HCD/EThcD fragmentation on peptides generated 
by either GluC or Trypsin digestion as a measure for further experiments 
(see for details materials and method section). 
For optimisation experiments, we used 20% of the standard amount of 
peptide mixture per MS run, in order to save material and IMAC time. 
Therefore, the number of identified peptides and sites were lower in the 
optimisation experiments compared to the final experiments. For trypsin, 
HCD only outperformed decision tree HCD/EThcD in terms of number of 
identified phosphopeptides, as almost 60% more phosphopeptides were 
detected using HCD only (Figure 1A). Also, for the GluC digest, HCD out-
performed decision tree HCD/EThcD fragmentation, although the differ-
ence (17%) is significantly lower compared to the results for trypsin. 
For tryptic peptides, both fragmentation methods resulted in the identi-
fication of the same type of peptides with similar charge and amino acid 
length distribution (Fig 1B, C). Paradoxically, for GluC digested peptides, 
peptides with charges higher than 2+ were favoured for identification with 
HCD fragmentation compared to decision tree HCD/EThcD fragmentation 
(Fig 1B). When looking at the amount of HCD or EThcD events triggered 
for the different charge states of GluC peptides it was clear that almost all 
2+ peptides were fragmented by HCD fragmentation. This was indicative 
for the fact that there was only a minority of small and highly charged 
peptides (m/z range 350-650) for which EThcD were triggered. For the 
3+ peptides half of the spectra were acquired by HCD, the other half by 
EThcD indicating a distribution of m/z values between 350 and 1200 m/z 
(Supplementary Figure S1A).
For each charge state the success rate (calculated as the percentage of 
identified over recorded MS/MS spectra) was investigated. As can be seen, 
EThcD was extremely unsuccessful for the small amount of 2+ peptides 
that were selected (Supplementary Figure S1B). Also, for 3+ peptides 
both HCD and EThcD had a slightly lower success rate when compared to 
HCD only (Supplementary Figure S1C). Overall the success rate of HCD 
fragmentation on the Q-Exactive, using our standard settings, was lower 
than of HCD fragmentation on the Lumos, for both enzymes (Figure 1D). 
Considering GluC, EThcD had a higher success rate as well. As this cannot 
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explain the observed higher number of identifications for higher charges 
in HCD only, we propose that the main explanation for the observed dif-
ference in number of identified peptides/sites is the much faster cycle 
time of HCD as compared to decision tree HCD/EThcD fragmentation.
In contrast, due to the higher level of energy and the production of more 
complex fragmentation spectra containing multiple ion series by HCD/
EthCD it is not surprising that for both enzymes the ion scores (Fig 1E) 
and site localisation probability (Fig 1F) were higher after HCD/EthCD 
than after HCD fragmentation. Especially EThcD fragmentation on GluC 
peptides produced high confident phosphopeptide identifications.
Still, despite the higher scores and higher probabilities, HCD outperformed 
decision tree HCD/EThcD, when looking at the mere number of identifica-
tions. Even after phosphosites which were identified by presumably bad 
quality spectra were filtered out by selecting only class I phosphosites 
(defined as sites identified with a localisation probability >0.75) (Fig 1G), 
HCD outperformed HCD/EThcD for both enzymes, even though less sites 
were ‘lost’ for HCD/EThcD. The main explanation for the observed dif-
ference in number of identified peptides/sites is consequently still, the 
much faster cycle time of HCD compared to EThcD fragmentation. There-
fore, even for larger and higher charged peptides, the speed of the HCD 
transcends the superior quality of the EThcD, making HCD the preferred 
fragmentation method for the current study. 

The use of alternative enzymes is more beneficial than 
fractionation
One of the main reasons for increasing the number of identified phospho-
peptides and phosphosites is to extend the coverage of the (phospho)
proteome, with the aim to increase biological understanding of a mod-
el system. Here we compared the effectiveness of either using alterna-
tive proteases or the use of high-pH fractionation, on a tryptic digest 
with subsequent phosphopeptide enrichment, for the augmentation of 
the phosphoproteome coverage. We used 4 different proteases, trypsin 
(cleaving C-terminal of K and R), GluC (C-terminal of D and E), LysC 
(cleaving C-terminal of K), AspN (cleaving N-terminal N and C) and per-
formed all digests in triplicate. All samples were prepared according to 
the new lysis protocol and phosphopeptides were enriched using the Fe3+-
IMAC system [3, 14]. For high-pH fractionation, 2mg of tryptic digest was 
fractionated, after which 10 concatenated fractions were enriched using 
Fe3+-IMAC on a BRAVO system [15].
First of all, for none of the enzymes tested, addition of technical or bio-
logical replicates increased the number of unique identifications to a sig-
nificant extent (Fig 2A, B). Not surprisingly, the use of high-pH fraction-
ation did significantly increase the number of unique identifications when 
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compared to the unfractionated tryptic digest. Within the high-pH exper-
iment three biological replicates were used and per replicate 10 separate 
fractions were measured. Each fraction was measured on a 90 minute 
analysis run, making the total run time 45 hours. This is in comparison 
with 9 hours per unfractionated digest of 3 replicates using 3 hour runs 
(Table 1). However, combining all results from the digests using differ-
ent enzymes, by far the most unique phosphopeptides and phosphosites 
could be identified, even though the total experimental and analysis time 
used was lower than for high-pH fractionation. The main reason for this 
increase was the enormous complementarity of resulting peptides after 
the use of alternative enzymes. The overlap between single MS runs of 
the same enzyme was extremely high, whereas the overlap between runs 
of different enzymes was significantly lower (Fig 2C). To show the full 
complementarity of the data all identified phosphosites were mapped into 
a heat map, showing the unique phosphoproteomic signatures of the dif-
ferent enzymes, agreeing with previously published studies (Fig 2D) [8]. 

Orthology in enzymes increases coverage of the phosphoproteome 
Because so far the majority of the proteomic studies have been carried out 
using trypsin as a protease, publicly available databases have a bias to-

Figure 2 – Comparison of the use of alternative proteases versus high-pH fraction-
ation
A, B: Total number of phosphopeptides (A) and phosphosites (B) is shown for the separate 
runs of different enzymes, all enzymes combined and after high-pH fractionation. In black 
the average number of peptides or sites per condition is shown, in which the error bars rep-
resent the different replicates. The grey bar shows the summed amount of all replicates of 
that condition. (C) Overlap of identified phosphosites if three runs of trypsin peptides only 
(left) or three runs of either trypsin, AspN or GluC peptides (right) were compared. (D) All 
identified phosphosites (vertical clustering) in all replicates (horizontal clustering) were clus-
tered in a hierarchical clustering, based on their phosphosite localisation probability.
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wards the collection of phosphosites that are easily detected using tryptic 
peptides. Indeed, if all sites were categorized as previously identified and 
documented on PhosphoSitePlus (PSP) [21] or newly identified, a slight 
increase in the percentage of newly identified sites could be observed 
when using trypsin as a digestion enzyme (Figure 3A). Surprisingly, the 
use of high pH fractionation only produced a slight increase in percentage 
of newly identified sites when compared to trypsin without fractionation 
(Figure 3A). However, the use of alternative proteases LysC, AspN and 
GluC, gave a slightly higher increase in the percentage of newly identified 
sites (Figure 3A). Not surprisingly, the combination of multiple proteases 
gave the highest proportional increase in newly identified sites, which was 
higher than both the number and proportional increase in newly identified 
sites using fractionation (Figure 3A)(Supplementary Figure S2)
Interestingly, although significantly more class I phosphosites were iden-
tified when using multiple different digestion enzymes in comparison to 
high-pH fractionation, only a minority of new phosphoproteins were iden-
tified (18% vs 1.6%) (Fig 3B). This discrepancy indicated that by using 
multiple enzymes the phosphoproteome coverage per protein will strong-

Figure 3 – Alternative proteases increase the phosphosite coverage per protein

A: The percentage of newly identified phosphosites from the total of all identified phos-
phosites is shown. PhosphoSitePlus (PSP) was used as the reference database and results 
are depicted for either the enzyme separately or after high-pH fractionation. B: The total 
number of phosphosites (left) or phosphoproteins (right) are shown for either high-pH frac-
tionation or the complete dataset after alternative enzyme digestion. Although with the use 
of multiple enzymes 18% more phosphosites were identified, they originated from the same 
set of phosphoproteins, for these only increased with 1.6%. C: Of all phosphoproteins, the 
total number of identified phosphosites was counted, and compared between the use of al-
ternative proteases or high-pH fractionation. Green: more sites per protein were identified 
using multiple enzymes, grey: the same number was identified, red: more sites per protein 
were identified using high-pH fractionation. D: Of all conditions the total number of phos-
phorylation hotspots was shown. E: Of all conditions the phosphorylation hotspot density 
(i.e. the number of phosphosites within a single hotspot) was shown.
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ly increase compared to the use of trypsin only, despite the additional 
fractionation step. Indeed, the number of sites per protein was larger in 
the case of 47% of the phosphoproteins when using multiple proteases, 
whereas for only 22% of the proteins, the phosphosite coverage was larg-
er after high-pH fractionation (Fig 3C). 
It has been proposed that phosphorylation of a single amino acid does not 
always affect biological activity, but in fact phosphorylation of a cluster of 
amino acids, called phosphorylation hotspots, causes a protein to change 
its activity, whether it being change in localization, enzymatic activity 
or conformation [22–24]. Considering this observation, the detection of 
a stretch of phosphorylated amino acid could be biological more mean-
ingful compared to the detection of a single site. To elaborate on this 
idea of hotspots, we explored whether in our data clusters of residues in 
close proximity could be observed. To do so we extracted phosphorylation 
hotspots from the data by looking for phosphosites in close proximity of 
each other (i.e. distance of <8 amino acids between two adjacent sites). 

Figure 4 – Phosphorylation site coverage of SAFB greatly benefits from the use of 
alternative enzymes

A: the sequence of SAFB, in which known protein domains are depicted. Phosphosites iden-
tified in either dataset were mapped onto the protein sequence. Within the circle the site 
is specified. Yellow: identified by trypsin (single shot); green: identified by trypsin with 
additional high-pH fractionation; red: identified by a peptide produced by an alternative 
enzyme. B: graphical representation from PhosphoSitePlus website, indicating the number 
of citations per phosphosite, as mapped on the protein sequence of SAFB. The four most 
often documented sites were annotated to show the overlap with the experimental identified 
phosphosites.
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For all enzymes a significant number of hotspots could be identified, in-
dicating that enzymes generated peptides from overlapping or adjacent 
regions within the protein (Figure 4A). The numbers for AspN and GluC 
were lower when compared to trypsin and LysC. This is probably due to 
a lower number of sites that could be detected using these enzymes. Us-
ing a classical shotgun approach, it can be difficult to observe adjacent 
sites due to under-sampling of the phosphoproteome and the difficulty to 
identify peptides containing multiple phosphorylated residues. Therefore, 
it is not surprising that when the data from multiple proteases was com-
bined the number of detectable hotspots massively increased, due to an 
overall increase in the coverage of individual (phospho)proteins (Figure 
2D and 3D). Additionally, while using high-pH fractionation, the number 
of identified phosphorylation hotspot increased even further (Figure 3E). 
The reason for this increase in the amount of phosphorylation hotspots for 
high pH fractionation is probably due to an overall wider sampling of the 
phosphoproteome in which new hotspots that are separated by more than 
8 amino acids will be identified. In contrast, we anticipate that for the dif-
ferent proteases new, adjacent sites within the same proteins and same 
hotspot regions will be detected. In agreement with this hypothesis, when 
sampling the overall density of hotspots (i.e. the number of sites within 
a hotspot) a massive increase in density is observed when using multiple 
proteases compared to the individual enzymes (Figure 3E). As expected, 
the increase in density was less elaborate while using a high pH strategy.
To illustrate the increased phosphosite coverage of proteins, the 
phosphoprotein SAFB was studied in more detail and used as an example 
(Figure 4). In total, 76 individual phosphosites have been documented 
for SAFB on PhosphoSitePlus. When using trypsin as a digestion enzyme, 
without any additional fractionation, only 4 phosphosites were detected 
(Fig 4A), which are also amongst the most often identified sites according 
to PhosphoSitePlus (Fig 4B). Additional fractionation by high-pH identi-
fied three more phosphosites, which were surprisingly not documented 
on PhosphoSitePlus. The use of three additional enzymes, even without 
additional fractionation, added a surprising 28 sites, of which 15 were 
not documented on PhosphoSitePlus (Fig 4). This clearly showcases the 
overrepresentation of sites that are more readily identified using trypsin 
as a digestion enzyme on PhosphoSitePlus, illustrating the added value of 
either fractionation or the use of alternative enzymes. 

Orthology in enzymes increases coverage of the proteome 
In addition to increasing phosphoproteome coverage, the use of alterna-
tive enzymes can also increase proteome coverage. Here, full proteome 
digests were run in triplicate using a single shot LC-MS/MS run, using a 3 
hour gradient.
As can be seen, using trypsin or LysC as a digestion enzyme the highest 
numbers of protein groups could be identified (Figure 5A). The number 
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Figure 5 – Proteomic sequence coverage greatly increases by using alternative 
enzymes

A: Total number of protein groups was shown of separate enzymes as well as the combined 
dataset. In black the average number of protein groups per condition is shown, in which 
the error bars represent the different replicates. The grey bar shows the summed amount 
of all replicates of that condition. B: All identified protein groups (vertical clustering) in all 
replicates (horizontal clustering) were clustered in a hierarchical clustering, based on their 
normalised intensity. C, D: A violin plot shows the distribution of number of unique peptides 
(A) and the sequence coverage (D) per condition. E: Total number of isoforms that could 
unambiguously be identified were shown for separate enzymes as well as the combined 
dataset. In black the average number of isoforms per condition is shown, in which the error 
bars represent the different replicates. The grey bar show the summed amount of all repli-
cates of that condition. 

of identified protein groups for GluC and AspN was lower, probably due to 
inefficient LC-MS/MS workflow settings which were optimized for tryptic 
peptides. Combination of all protease data did increase the number of 
protein groups that could be identified, although not to a great extend 
(Figure 5A). To show the full complementarity of the data, all identified 
protein groups were mapped into a heat map, showing the signatures of 
the different digestion enzymes used (Figure 5B). As can be seen, sev-
eral proteins groups were exclusively identified using a specific enzyme, 
whereas the majority of protein groups was identified equally well by all 
enzymes (Figure 5B). 
However, despite the little increase in the identification of distinct protein 
groups, the use of alternative enzymes could provide a larger coverage 
of individual protein sequences, similarly to what has been observed for 
the phosphoproteome. Indeed, when evaluating the number of unique 
peptides per protein one can see that the number of unique peptides per 
enzyme was rather small, especially for AspN and GluC (Figure 5C). How-
ever, when combining data from all different enzymes it becomes immedi-
ately clear that the number of unique peptides that could be identified per 
protein was significantly larger than individually used enzymes, highlight-
ing the complementarity of the enzymes (Figure 5C). When plotting the 
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sequence coverage per protein, a similar effect could be observed. Where-
as the sequence coverage was low for especially AspN, when combining 
the data from all different enzymes, the sequence per coverage massively 
increased (Figure 5D). This clearly indicates that when aiming to solve 
the existence of different proteoforms (defined as a specific molecular 
form of a protein product arising from a specific gene) a multiple enzyme 
approach is beneficial and could be used to uncover post-translational 
modifications beyond phosphorylation over the entire protein sequence. 
To illustrate this even further, for each enzyme used, isoform specific pep-
tides were filtered out of the data, allowing for the unambiguous identifica-
tion of specific isoforms. For each enzyme a significant number of specific 
isoforms could be detected (Figure 5E). The addition of replicates from 
the same enzyme caused an additional increase in number of isoforms 
that could be identified, indicating under sampling in the mass spectrom-
eter. However, the combination of all datasets massively increased the 
number of specific isoforms to be detected with ~70%.

The use of multiple proteases reveals more detail at the 
single protein level.
In order to illustrate the increased proteome coverage and the potential 
to identify specific isoforms a selection of proteins was shown in more 
detail. For the Interleukin-1 receptor antagonist protein (IL1RN) depicted 
in Figure 6A, it could be clearly seen that the use of multiple proteases 
massively increased the sequence coverage that can be achieved for this 
protein. When using trypsin alone, and performing a single shot analysis, 
only a single peptide could be identified. The lack of coverage by trypsin 
could in this case probably be attributed to under sampling in the mass 
spectrometer, even though in this case the triplicate analysis did not aid 
in identifying another peptide from this protein sequence. Indeed, when 
looking at the C-terminal part of the protein, a lack of tryptic cleave sites 
most likely contributed to the low coverage when using trypsin. In other 
parts of the protein sequence, trypsin produced peptide fragments that 
would either be too long or too short to be efficiently analysed. Conse-
quently, in this specific case, especially the use of GluC and AspN signifi-
cantly enhanced the sequence coverage of this protein. 
Besides increasing sequence coverage, the number of specific isoforms 
that could be detected increased with the combination of proteases used 
(Figure 5E). As an illustration, a selection of identified isoform using mul-
tiple proteases was depicted in Figure 6B-D. For the GTP:AMP phospho-
transferase AK3, the use of multiple proteases provided evidence for iso-
form 1 to be present in the sample, whereas the presence of isoform 
2 and 3 cannot be excluded from this data (Figure 6B). For the protein 
EEF1, especially the use of trypsin and GluC is beneficial to provide evi-
dence for the presence of isoform 1, 2 or both (Figure 6C). In addition, 
these 2 enzymes were beneficial for providing evidence for the presence 
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of isoform 3, which has a short deletion in the middle of the sequence. 
Isoform specific peptides covering this unique sequence provided very 
strong evidence for the presence of this isoform (Figure 6C). Finally, iso-
form 4 could be identified solely due to the the use of LysC as a digestion 
enzyme which generated a quite large peptide that could be used to un-
ambiguously identify this isoform (Figure 6C). 
Finally, also isoform specific phosphorylated peptides can be used to dis-
tinguish specific isoforms of proteins. As illustrated for the protein ACBD4, 
phosphopeptides indicated the presence of either isoform 1 or 2 (Figure 
6D). However, isoform specific peptides generated by LysC, AspN and 
GluC indicated a clear presence of isoform 2. An isoform specific peptide 
for isoform 1 could not be detected thus therefore its presence cannot 
be unambiguously confirmed. Finally, a tryptic phosphopeptide peptide 
at the C-terminal end of isoform 3 unambiguously identified its presence 
in the sample (Figure 6D). Clearly these results indicate and emphasize 
that the use of multiple proteases are not only beneficial to increase the 
proteome coverage, with an emphasis on identifying more protein groups, 
but is also extremely useful to delineate the presence of specific isoforms 
in a sample. With the growing interest in proteoform specific research, 
the use of multiple proteases should therefore be considered as a valu-
able tool and could aid in the elucidation of proteoform specific biological 
functions.

Discussion
Despite a slow but steady maturation of the field of proteomics, major 
efforts are still made to enhance the coverage of the ‘proteome’. Re-
cent publications on, for example the draft of the human proteome [1,2] 
highlight these efforts. Still, due to the extremely dynamic nature of the 
proteome, this quest will probably never end. In addition, due to the way 
proteomes are analysed, i.e. by measuring peptides and not proteins, the 
peptide inference problem poses another major challenge on identifying 
all possible proteins as well as proteoforms within a sample.
Here we have set out to increase the proteome as well as proteoform cov-
erage by using alternative proteases beyond trypsin, or high-pH fraction-
ation. The idea of using multiple proteases to enhance proteome coverage 
is not new and has been performed by others [8,13]. However, due to a 
recent optimization of the phosphoproteomic workflow, which includes 
removal of contaminants and an optimized enrichment, this approach re-
cently became of interest to digestion with multiple proteases as well. In-
deed, when compared to a recent paper on this approach (Supplementary 
Figure S3), our optimized method allowed for the enhanced identification 
of phosphopeptides and phosphosites. 
As mentioned before, researchers are continuously attempting to increase 
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proteome coverage. Often applied methods to increase the number of 
identifications make use of fractionation techniques at either the protein 
or peptide level. Although these methods are extremely successful and 
are relatively easy to implement, they suffer from a massive increase in 
analysis time and sample input. More importantly, when using multi-di-
mensional fractionation, researchers should realise that what is lost in 
the first dimension can never be recovered. As such, the choice of the 
first dimension of separation is crucial for the outcome of the experiment. 
Here we compared the use of multiple proteases to the use of high-pH 
fraction for the comprehensive identification of phosphopeptides. To this 
end, tryptic peptides were fractionated on a high-pH enrichment with sub-
sequent enrichment of the separate fractions on a Fe3+-IMAC BRAVO sys-
tem. High-pH fractionation has previously been shown to have excellent 
orthogonality to reversed-phase separation prior to LC-MS/MS analysis 
and is as such widely used across laboratories around the world. 
However, despite a shorter analysis time, the use of multiple proteas-
es still outperformed fractionation both at the level of phosphopeptides 
and phosphosites. More than the number of phosphosites that could be 
detected, the larger coverage of phosphoproteins proved to be a major 
advantage of the use of multiple proteases. The larger coverage of each 
phosphoprotein greatly enhances our understanding of the underlying im-
plications of those phosphosites. In favour for the use of multiple prote-
ases it should also be noted that the use of alternative enzymes provides 
a proportionally larger increase in the detection of ‘new’, previously not 
documented sites (referenced to PhosphoSitePlus). As most of the cur-
rent repositories have a bias towards tryptic peptides, especially the use 
of AspN and GluC provided a substantial increase in newly discovered 
sites. Especially in a quantitative experiment, comparing different biologi-
cal settings, the use of alternative enzymes could reveal, new, previously 
gone unnoticed regulatory sites. Surprisingly, researchers still preferably 
use fractionation over the use of alternative enzymes in their quantita-
tive experiments. Here we strongly recommend the use of different pro-
teases for these types of experiments, as they have proven their merit 
already more than once. In addition to this notion, the higher coverage 
of individual proteins enhanced the detection and density of phosphory-
lation hotspots. These hotspots are gaining interest in the last years as 
researchers become more and more aware that biological function of a 
protein could be actually regulated by the phosphorylation of multiple 
residues in a row other than a single site.
Besides being beneficial for phosphoproteomic studies, the use of multiple 
proteases also proved to be beneficial for enhancing proteome coverage 
and more specifically the sequence coverage of individual proteins. Here, 
it should be noted that the results were not compared to high pH frac-
tionation, but we anticipate that a large increase in the number of protein 
groups would be observed, but a lower increase in the sequence coverage 
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of individual proteins. Future research should be aimed at confirming this 
hypothesis. 
The increase in protein coverage, both at the peptide and phosphopeptide 
level, allowed us to investigate the presence of isoform specific peptides. 
Indeed due to the increase coverage, as a consequence of the use of 
alternative proteases, isoform specific peptides could be detected that 
allowed us to unambiguously identify specific isoforms in the sample. 
Again, the growing interest in proteoforms and proteoform specific func-
tion could benefit from the use of alternative proteases. Building upon the 
observations we made in this work, we strongly recommend researchers 
to look beyond classical fractionation approaches and consider the use of 
alternative enzymes to enhance proteome coverage.
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Supplementary Figure S1

A: Number of MSMS scans of GluC digested peptides as shown per charge state. Indicated in 
black: MSMS spectra where HCD was triggered, indicated in grey: MSMS spectra where ETh-
cD was triggered. B, C: Successrate (i.e. percentage of successful identified MSMS spectra) 
was shown of GluC digested peptides within a HCD/EThcD decision tree (B) and GluC only 
(C). Shown in grey is the percentage of unsuccessful MSMS spectra, in black the percentage 
of successful identified MSM sepctra.

Supplementary Figure S2

Total number of phosphosites identified after digestion with either enzyme, data from all 
enzymes combined or high-pH fractionation. In grey are shown the number of phosphosites 
that already have been documented on PhosphoSitePlus (PSP); in black the number of sites 
that were not yet documented on PSP.
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Supplementary Figure 3 

Comparison of number of total identified phosphosites with the use of our optimised pro-
tocol and multiple enzyme use, high pH fractionation or as compared to previous studie of 
Giansanti et al [8]

Table 1 – Overview of number of Class I phosphosites identified in specified amount of time, 
measured peptides per minute MS time, with or without additional fractionation and total 
mount of material used.

Table 1 Total no 
identified 
sites (Class I)

Total minutes MS 
time

Additional 
fractionation

Sites per 
minute

Material used

4x proteases, 3 
replicates per 
enzyme

26,085 2160 (36 hour) no 12 24 mg (4x3x2mg)

High-pH, 3 
replicates

22,097 2700 (45 hour) High-pH 8,2 6 mg (3x2mg)
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Materials & Methods
Cell culture 
A431 cell were cultured at 5% CO2 and 37˚C in DMEM (Dubleco’s) medium, containing 10% 
fetal bovine serum (Invitrogen), 1%L-glutamine (Lonza) and 1% penicillin (Lonza). Phos-
phorylation events were boosted by refreshing the medium 4 hours before harvesting. The 
cells were harvested by trypsinization and washed two times with PBS-buffer. 

Sample preparation
Cell pellets were lysed in lysis buffer containing 7M Urea,1%(v/v) Triton x-100(Sigma-Al-
drich) , 5mM Tris(2-carboxyethyl)phosphine hydrochloride(TCEP, Sigma-Aldrich), 30mM 
chloroacetamide (CAA, Sigma-Aldrich), 1 tablet Complete Mini EDTA-free protease inhibitor 
Cocktail (Roche), 1 tablet PhosSTOP Phosphatase Inhibitor Cocktail (Roche), 10 U/ml DNase 
I, 1mM sodium orthovanadate, 1%(v/v) Benzonase(Merck Milipore), and 2mM magnesium 
chloride(Sigma-Aldrich) in 10mL 100mM Tris(pH 8.5). The cells were disrupted by sonica-
tion for 20 minutes (30s on, 30s off) using a Bioruptor Plus (Diagenode). Cell debris was 
removed by centrifugation at 20.000g for 10 minutes. For incubation of the Benzonase the 
collected supernatant was kept at room temperature for 2 hours. The protein concentration 
was determined by BCA assay (Pierce). 
The lysate was cleaned up by methanol/chloroform protein precipitation as follows: four 
volumes of methanol (Sigma-Aldrich) were added to one volume of protein sample, and the 
mixture was vortexed. One volume of chloroform (Sigma-Aldrich) was then added, and the 
mixture was vortexed. Three volumes of ultrapure water was added, and the mixture was 
vortexed. The mixture was centrifuged for 10 min at 5,000rpm at room temperature (RT). 
The aqueous methanol layer was removed from the top of the samples. Three volumes of 
methanol were added. After sonication and centrifugation (5.000 rpm, 10 min at RT), the 
solvent was removed and the precipitate was allowed to dry to the air.
Prior the digestion the samples were reconstituted in digestion buffer containing 100mM 
Tris-HCl (pH 8.5), 1% SDC, 5mM TCEP and 30mM CAA. Trypsin, LysC, AspN or GluC were 
added in a ratio of 1:100(w/w) for 4 hours after which an additional ratio of 1:100(w/w) was 
added. Digestion was preformed overnight at 37˚C.

Desalting
Samples were acidified to pH 2 using 10% formic acid (Sigma-Aldrich) and centrifuged at 
14000 rpm for 10 min at 4 °C. The supernatant was then loaded on 1cc Oasis HLB-prime 
(Waters) columns, washed with 2 × 1 mL of 0.1% formic acid and peptides were eluted with 
80% acetonitrile (Sigma-Aldrich). Eluted peptides were split in 2 mg peptide aliquots and 
subsequently dried down using a speedVac centrifuge. 

High pH reversed-phase (HpH) for peptide fractionation 
2 mg of the desalted tryptic digest was reconstituted in buffer A (10mM ammonium hydrox-
ide, pH 10) and loaded on a Kinetex Evo (Phenomenex) C18 5µm 100x2.1mm column using 
an Agilent 1100 binary pump. The peptides were eluted using a gradient initiated as follow: 
0%B (10mM ammonium Hydroxide in 90% ACN, pH 10) to 14.3%B in 20 minutes, 35%B 
in 15 minutes and increased to 100%B in 1 minutes at a flow rate of 200 µl/min. In total 
40 fractions of 1 minute were collected using an Agilent 1260 infinity fraction collector, and 
were pooled into 10 fractions using the concatenation strategy  [17]. The pooled fractions 
were dried in a vacuum centrifuge and stored at -80°C for further use.

Fe-Imac High pH samples
The phospho peptides of the high pH fractions were enriched on the AssayMAP Bravo Plat-
form (Agilent Technologies) using Fe (III)-NTA 5µL (Agilent technologies) cartridges. The 
cartridges were primed with 200 µL of 0.1 TFA in ACN and equilibrated with 200 µL of loading 
buffer (80%ACN/0.1% TFA). The High pH fractions were reconstituted in 210 µl of loading 
buffer and loaded at a 5 µl/min flow rate. The columns were washed with 250 µl, after which 
the phosphopeptides were eluted with 25 µl of 1% ammonia. The samples were dried down 
and stored at -80˚C until analysis by LC-MS/MS

Fe-IMAC
After multi-enzymatic digestion, peptide mixtures were enriched for phosphopeptides by 
Fe-IMAC. Per enzyme, 3x2mg of dried peptides were reconstituted in buffer A (30% ACN, 
0.07% TFA) and loaded on to the Fe-IMAC column (Propac IMAC-10 4x50 mm column) [14] 
with a flow rate of 0.1 mL/min. After loading, the column was washed with buffer A for 5 
minutes with a flow rate of 1 mL/min. Next, peptides were eluted from the column with 50% 
buffer B (0.3% NH4OH), with a flow rate of 1 mL/min for 1.5 minutes and subsequent 0.5 
mL/min for 2.5 minutes. The samples were dried down and stored at -80˚C until analysis 
by LC-MS/MS. 
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LC-MS/MS
Nanoflow LC-MS/MS was performed by coupling an Agilent 1290 (Agilent Technologies, Mid-
delburg, Netherlands) to an Orbitrap Q Exactive HF (Thermo Scientific, Bremen, Germany) 
or Orbitrap Fusion Lumos Tribrid mass spectrometer (Thermo Scientific, Bremen, Germany). 
The peptides were reconstituted in 10% formic acid and loaded on the trap column (100 
μm i.d. × 2 cm, packed with 3 μm C18 resin, Reprosil PUR AQ, Dr. Maisch, Ammerbuch, 
Germany) with a flow rate of 5 µl/min with solvent A(0.1% formic acid) for 5 minutes. After 
loading, the peptides were separated on an analytical column (75 μm × 60 cm C18 column 
Reprosil PUR AQ, 3 μm, Dr. Maisch, Ammerbuch, Germany) at a flow rate of 300nl/min, 
using a linear gradient initiated at 6% solvent B (80% ACN/0.1% formic acid) increasing to 
32%  (phosphopeptides) or 10% to 36% solvent B (full proteome) over 155 minutes. For 
the optimization, 20 percent of the samples was injected and 90 minute methods were used 
instead of 175 minutes were the gradient was proportionally adjusted.
Q-Exactive HF was used in positive mode with a spraying voltage of 1.9kV and transfer 
capillary temperature of 275˚C. The instrument was used in data dependent mode with a 
full scan range of 375-1600 m/z, resolution of 60.000, a maximum injection time of 20ms, 
and AGC target of 3e6 in MS. The top 15 (top12 for phosphopetides) most intense precursor 
ions of each cycle were selected for HCD fragmentation. The MS2 spectra were obtained at a 
resolution of 30.000 with an AGC target of 1e5 and a maximum injection time of 50ms, 1.4 
m/z isolation window, and normalized collisional energy (NCE) of 27. 
The Lumos was used in positive mode with a spraying voltage of 1.9kV and transfer capillary 
temperature of 275˚C. The survey scan range was from 350-1500 m/z at a resolution of 60 
000 with an AGC target of 4e5. The most intense precursor ions were selected for fragmen-
tation within a duty cycle of 3 s. The selected precursor ions were fragmented according to 
a decision tree scheme. Precursor ions in the m/z range of 650-1200 and a charge state of 
2 or m/z range of 950-1200 and charge state of 3 were selected for HCD fragmentation, all 
other ions were selected for EThcD. The MS2 spectra were obtained at a resolution of 30.000 
with an AGC target of 1.0e5 and a 1.6 isolation window. When HCD was applied the collision 
energy was 35%, and for EThcD the supplemental activation was 40%.

Data analysis
All raw file were processed using the MaxQuant software (version 1.6.2.3) and the spectra 
were searched against the Uniprot human database (August 2016). The following param-
eters were used for the Q Exacitve HF raw files, enzyme was set depending on the corre-
sponding enzyme, maximal allowed missed cleavage was set to 2, carbamidomethylation 
of cysteines as a fixed modification, methionine oxidation and phosphorylation on serine, 
threonine and tyrosine residues as variable modifications. 
For the Lumos raw files the same parameters were used except for the allowed missed 
cleavages, this was set to 8. The output file evidence was used for determining the number 
of phosphopeptides, and the peptide characteristics. The Phospho(STY)Sites file was used 
for determine the phosphosites found. Phosphosites with an localization probability higher 
than 75% were considered as Class I sites and was used as a cut-off for the Phospho(STY)
Sites table.  For the comparison of the additional found phosphosites compared to the Phos-
phoSitePlus database an in-house made R script was used. 
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Introduction 
Shotgun mass spectrometry (MS) based proteomics can be used to study 
a biological question, for instance by performing a discovery-based ex-
periment comparing different conditions. The analysis of altered protein 
abundances and post-translational modifications (PTMs) will reveal a de-
tailed view of the studied models at the molecular level. Furthermore, a 
discovery-based experiment allows for the detection of new, unknown 
changes beyond existing biological knowledge. Unfortunately, since it is 
not yet possible to measure the entire proteome, missing parts of path-
ways could lead to inaccurate and/or incomplete conclusions. Therefore, 
a never ending venture in the field of proteomics is increasing the amount 
of data that can be acquired within a single experiment by for example 
fractionation [1], the use of complementary protocols [2] and/or opti-
mized MS analysis [3–5]. Paradoxically, downstream data processing of 
the acquired data and subsequent interrogation of biologically meaningful 
events remains a major challenge. Unfortunately, wet-lab scientists are 
often no experts in the field of ‘big data’ analysis and statistics, whereas 
bioinformatic researchers usually are not fully aware of the experimental 
design and underlying biology of the experiment. This miscommunication 
often causes large parts of data from successfully conducted experiments 
to remain unexplored. 
In practice, researchers aim to answer their research question by map-
ping proteome data on known pathways, often only using a minority of 
the generated data. Additionally, due to the enormous amount of data 
generated in a shotgun proteomic analysis, new questions will be raised, 
and new hypotheses will be generated. Therefore, validation of shotgun 
proteomic experiments has become a crucial part of today’s proteomic 
research. Validation by additional orthogonal experiments is probably the 
most conclusive way of confirming observations. However, validation is 
time-consuming, expensive and susceptible to failure in case of wrongly 
interpreted proteomic results. Therefore, correct and comprehensive data 
interpretation is essential to generate a correct hypothesis after discovery 
experiments and consequently reduce the chance of failing in the valida-
tion phase.
All of the above-mentioned issues, including the need to increase the 
amount of experimental data, the feasibility of data interpretation, the 
large amount of data that is lost after processing and the necessity to 
arrive at the best possible hypothesis for validation can be improved by 
reusing publicly available data. Unfortunately, data reusing is no common 
practice in proteomic research, whereas it is regularly applied in genomic 
research [6–8]. Unlike genomics, proteomics is a relatively young field 
and therefore pipelines and organization of data repositories is not fully 
optimized yet [9]. Furthermore, unlike for the genomics field, it is not yet 
a custom to implement data reuse in biological projects, despite repeated 
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recommendations of experts in the field [10]. Fortunately, although mi-
nor, efforts are made to enable proteomics scientists to engage in data 
sharing. For most, the foundation of ProteomeXchange [11] was a great 
step forward, although the amount of data available is yet only a fraction 
compared to the amount of publicly available genomic data. More and 
more examples can be found in literature which describe reuse of data for 
the construction of spectral libraries for targeted MS [12], characterize 
technical aspects of the MS workflow [13,14], or validate new bioinfor-
matics tools [15,16]. Another type of reuse is exemplified in the collec-
tions of entire proteomes, like the first drafts of the human proteome 
[17,18] and the phosphoproteome of Arabidopsis thaliana [19]. Lastly, 
large protein resources like Uniprot [20] and PhosphoSitePlus [21], use 
publicly available data. 
Although various examples of proteomic data reuse exist, only very few 
describe the use of quantitative data [22,23]. While successful, they also 
voice great hindrance in the analysis due to the limited amount of data 
that turned out to be compatible for their comparison. Most studies that, 
at first sight, were useful, actually lacked the proper meta-data need-
ed for quantitative comparisons and could therefore not been included. 
For these reasons, in 2007 the Human Proteome Organization’s Proteom-
ics Standards Initiative (HUPO-PSI) developed the Minimal Information 
about a Proteomics Experiment (MIAPE), attempting to equalize data rep-
resentation, in order to enforce scientists to report their studies in such a 
way that data reuse was possible and desired information could easily be 
extracted [24]. 
In this study we focus on phosphoproteome data. The addition of a phos-
phate group to a protein has major biological implications, including chang-
es in localization, degradation, (in)activation or protein-protein binding 
[25]. Despite the known effects of phosphorylation, the established body 
of knowledge about the biological functions of specific phosphosites is 
rather limited, in contrast to the size of the entire phosphoproteome. 
According to the documentation of the database PhosphoSitePlus [21] at 
time of writing (December 2018), from the >235,000 ever documented 
phosphosites, only ~6,900 (2.9%) have been annotated or associated 
with some form of biological function. This is due to the fact that the iden-
tification of phosphorylated amino acids is performed with high through-
put approaches (i.e. phosphoproteomics), but the validation and determi-
nation of the biological function of a specific phosphosite is achieved with 
low throughput assays (e.g. knock out or mutational assays). Although 
a shotgun proteomics experiment will not lead to the discovery of the 
immediate biological function of any observed site, since correlation does 
not imply causation, this type of high-throughput profiling can be used to 
define the best choice of follow up targets. 
In this study, data reuse was applied on a set of quantitative phosphopro-
teomic datasets, previously published and publicly available. In order to 
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increase the feasibility of combining different datasets which originated 
from different laboratories, all identified and quantified phosphosites were 
transformed into phosphorylation ‘hotspots’. These hotspots consisted of 
multiple, adjacent, phosphosites which were considered as one in order 
to facilitate comparison between different datasets. Indeed, hotspot anal-
ysis increased the overlap between different datasets. Subsequently, we 
investigated whether such a hotspot analysis is a valid method for com-
bining quantitative datasets. Our results indicate that reuse of data pro-
vides an unbiased prioritization of downstream targets for validation and 
in addition provides protein centric information on differential regulation 
of hotspots, dependent on different experimental conditions.

Results
For this study, 11 distinct datasets, of which 10 were previously published 
and 1 made in house, were used for further data (re)analysis (Figure 1A). 
Of these 11 studies, 5 studies were describing distinct biological mod-
el systems (including: melanoma, rhabdoid tumor, HeLa cells, leukemia 
and retina epithelium studies), whereas the other 6 studies described 
biologically similar HER2/ER+ breast cancer models (Figure 1A). These 
6 datasets described a biological model of acquired resistance against 
targeted therapy, targeting either HER2 or the Estrogen receptor (ER) in 
breast carcinomas [26–29]. Both receptors are upstream of highly simi-
lar growth stimulating pathways and documented resistance mechanisms 
have shown to be comparable. Although different drug targets and dif-
ferent cell lines were described in the included studies, global regulations 
were shown to be similar. Co-occurrence of signaling events, especially 
in disparate experimental conditions, increases the confidence of the bio-
logical value of the observed regulation. In addition, combining data from 
multiple experiments increases the global understanding of the studied 
models, making it easier to pick the most promising follow-up targets. 
In a first round of analysis, the complete set of 11 datasets was used to 
demonstrate the power of combining datasets. In the second round, the 
analysis was performed only using the 6 breast cancer studies, in order to 
investigate whether phenotypic results could be obtained. 

Complementarity versus overlap of datasets 
Repetitive analysis of a sample, by using more replicates, will not result 
in a substantial increase in the amount of data, as demonstrated by the 
accumulation of relative increase (Figure 1B). In contrast, the combina-
tion of the 6 breast cancer studies, originating from different laboratories 
caused the total amount of data to increase with every dataset added, 
thereby increasing the coverage of the studied model with great extent 
(Figure 1B). Naturally, the increase in amount of data, when combining 
complete datasets, was larger compared to the addition of replicates be-
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cause there was simply a lot more data within a single dataset (which 
probably contains several replicates itself). This can be seen by the mere 
fact that the extent of increase depends on the size of a dataset added. 
The more data present in the initial dataset, the smaller the increase in 
total amount of data after combining (Figure 1C). Despite this, it is still 
obvious that without additional lab work or instrument time, it is possi-
ble to massively increase the coverage of a studied model by combining 
datasets.
The total combined dataset consisted of >100,000 phosphosites (Figure 
1C). As expected, the main factor contributing to this large number was 
the lack of overlap between the datasets. Only ~35% of all identified 
phosphosites were identified in 2 or more datasets (Figure 1D). Further-
more, of these 100,000 sites, >23,700 (22%) were significantly regulated 
in at least one condition, of which only ~30% was significantly regulated 
in 2 or more datasets (Figure 1E). When only the 6 breast cancer relat-

Figure 1 – Data reuse increases amount of data but has low overlap

A: in total 11 datasets were used to generate a large new phosphorylation dataset. 5 studies 
described various biological models (retinal pigmented epithelium, HeLa Cells, melanoma, 
AML and rhabdoid tumor cells), whereas the other 6 all described models of drug resistance 
in breast cancer. (continued on next page)
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ed studies were used, the overlap was higher, despite the fact that the 
dataset consisted of less datasets (Figure 1F). This can be explained by 
the fact that the cellular models used in these studies are more alike. 
Furthermore, since the same cellular pathways were affected due to sim-
ilar treatments used across the different studies, the same proteins and 
phosphosites will be regulated (Figure 1G). 
Although the complementarity of combined datasets can be used to in-
crease proteomic coverage, quantitative data benefits from overlapping 
data. Repetitive identification between replicates is beneficial for (la-
bel-free) quantification and repeated observed regulation of a protein or 
phosphosite increases its value and credibility in the process of becom-

Figure 1 – Data reuse increases amount of data but has low overlap

(continued from previous page) B: The dataset of Ruprecht et al was used to show the ac-
cumulation of data if the number of replicates were increased (red line). The 6 breast cancer 
datasets were used to describe the accumulation of data if different datasets were used 
(black line). The first dataset or replicate was set to 100%, after which the percentage of in-
crease of number of phosphosites was calculated after the addition of a replicate or dataset. 
C: Total number of phosphosites within each dataset used was plotted (y-axes), in addition 
to the total count after all datasets were merged. As an indication, the percentage of in-
crease after merge was calculated for the smallest dataset (Emdal et al) or the largest data-
sets (Huang et al), as indicated by the horizontal bars. D-G: For each phosphosite included 
in the total dataset it was counted in how many different datasets a site was identified or 
regulated. For all pie plots, the total of included sites is shown below the plot, and each 
section is labelled with its percentage. This was done for the complete set of 11 datasets, 
counting either identification (D) or regulation (E). The same was done, but only consid-
ering all breast cancer related studies, counting either identification (F) or regulation (G). 
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ing a favorable follow-up target. Thus, the main added value of combin-
ing datasets from different experiments is the increased coverage of the 
(phospho)proteome of a similar cell line or biological model. However, 
in order to add biological context to this combined dataset or in order 
to identify the most important players in specific biological systems, the 
data will need to be transformed in such a way that the overlap increases 
and repeated identification as well as quantification of a phosphosite is 
enabled. 

Merging phosphosites into phosphorylation hotspots in-
creases overlap 
It has been hypothesized that biological activity which is controlled by 
phosphorylation is not so much regulated by the modification of a single 
amino acid, but by the phosphorylation of a cluster of residues in close 
proximity of each other [30–32]. The study of these so called ‘phosphor-
ylation hotspots’ is challenging when using a classical shotgun approach, 
due to under-sampling of the phosphoproteome and the difficulty to iden-
tify peptides containing multiple phosphorylated residues. However, by 
combining multiple datasets, the increase in coverage due to the comple-
mentarity of the data (Figure 1A) can be used to the researchers advan-
tage while mapping these hotspots [30]. 
In this study, ‘phosphorylation hotspots’ were defined as several phos-
phosites in close proximity of each other (i.e. distance of <8 amino ac-
ids between two adjacent sites). After the identification of the hotspot, 
the total number of times a site within that hotspot was identified and/
or regulated across all included studies was summed to determine the 
identification or regulation rate, respectively. This was repeated for every 
phosphoprotein within the entire dataset. Subsequently, a ranking of all 
hotspots based on either identification or regulation rate demonstrates 
the relative contribution of a hotspot to the phosphoproteomic landscape 
(Figure 2A). 
After analysis, the total dataset of >100,000 phosphosites was com-
pressed into 17,566 phosphorylation hotspots. Of these, more than 85% 
contained phosphosites originating from 2 or more different datasets (Fig-
ure 2B), compared to 35% overlap of individual phosphosites (Figure 1C). 
Of all hotspots, 8,057 (~45%) contained sites that were significantly reg-
ulated in at least 1 dataset, of which >50% contained regulated sites orig-
inating from 2 or more datasets (Figure 2B), compared to 30% overlap 
of individual phosphosites (Figure 1D). When considering only the breast 
cancer studies, >79,400 phosphosites in total, were compressed into 
>12,000 phosphorylation hotspots (Figure 2C). Of all identified hotspots, 
>3,400 (~25%) consisted of at least one regulated phosphosite (Figure 
2C). The overlap between the datasets was slightly lower than for the 
complete dataset due to the lower number of studies combined (Figure 
2B), although it was still robustly more than on the level of phosphosites 
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Figure 2 – Phosphorylation hotspots increase overlap but decrease inclusion of 
tyrosine phosphorylation

A: A schematic representation of the construction of phosphorylation hotspots data is 
shown. Per protein, the distance between each phosphosite was considered. If the distance 
was less than 8 amino acids, the site remained within the dataset. Total times of identifi-
cation or regulation of each phosphosite included in a hotspot was summed, resulting in 
an identification or regulation rate, respectively. This was repeated for all proteins within 
the total dataset. Subsequently, each hotspot was ranked based on its identification or 
regulation rate. B-C: For each hotspot, the number of dataset where one or more phos-
phosites that were retained within that hotspot was identified (top) or regulated (bottom) 
was counted. For all pie plots, the total of included sites is shown below the plot, and each 
section is labelled with its percentage. This was done for either all 11 datasets (B) or only 
breast cancer related datasets (C). D-E: of either all phosphosites (top) or phosphorylation 
hotspots (bottom) the percentage of the presence of S-T-Y phosphorylated amino acids was 
counted. A separation was made between all sites/hotspots (left) or only those that were 
regulated at least once (right). This was done in either all 11 datasets (D) or in breast can-
cer related studies (E). 
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(Figure 1F, G). 
Due to the merging of phosphosites into phosphorylation hotspots, sev-
eral sites that did not have a close neighbor were excluded from further 
analysis. Interestingly, this exclusion was reflected in the distribution of 
pS/T/Y residues within the data. Both identified phosphosites or hotspots 
contained 2,5 – 3,5% phosphotyrosine residues (Figure 2D, E). Amongst 
all regulated phosphosites either 8,8% or 14% (all datasets or breast can-
cer specific, respectively) of all phosphosites were located on a tyrosine 
residue, which can be explained by the essential role of tyrosine kinase 
signaling in cellular biology (Figure 2D, E). Contrastingly, these high per-
centages changed to 4,7% or 5,4%, respectively, after merging the data 
into hotspots, demonstrating the disappearance of tyrosine phosphoryla-
tion in particular (Figure 2D, E). Indeed, the individual nature and there-
fore the absence of tyrosine phosphorylation in phosphorylation hotspots 
has been shown before [31].

Validation of shotgun phosphoproteomic data
A shotgun proteomics experiment results in an extensive collection of 
data of identified and quantified proteins and PTMs. Subsequent methods 
for data processing can be described as either the analysis of general 
trends, with a focus on pathways and processes, or the inspection and 
discussion of selected proteins of interest, with the focus on the regu-
lation of an individual protein or phosphosite. A list of target proteins or 
phosphosites is obtained through selective filtering based on set criteria, 
for example preceding hypotheses, data processing, availability of valida-
tion methods or is selected by the researcher him or herself (i.e. statis-
tical relevance, confidence, clustering, availability of antibodies or prior 
knowledge, either from personal experience or from literature). Needless 
to say, that when the criteria of this filtering are adjusted, the resulting 
list of potential follow-up targets will be different. Since it is both impos-
sible as well as unnecessary to follow-up and validate all observations 
made within a complete study, no harm is done in making a selection. 
However, consequently, a large part, if not the majority of the data will 
remain unexplored. Therefore, every published dataset benefits greatly 
from data reuse, in which, based on different criteria due to a change of 
vision and circumstances, filtering will be different and alternative find-
ings will emerge. Additionally, if after re-analysis the same proteins or 
phosphosites are considered to be interesting and worth following up, the 
confidence in validation research will increase. 

Data reuse validates previous results and reveals new in-
sights
Without being influenced by what was discussed in the original papers, 
several hotspots were selected to illustrate the importance of the use of 
quantification data. This selection was made based on either the summed 
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occurrences of identifications in the hotspot or based on the observed 
difference in hotspot regulation upon a change in the biological context 
(i.e. all vs breast cancer) (Table 1). Next, this list was cross-referenced 
with all proteins and phosphosites previously shown and discussed in the 
original articles. Not surprisingly, ERBB signaling related proteins were 
often picked for follow-up in the original papers as well as in our analy-
sis. These proteins, including MAPK1/3, EGFR, GAB1, CDK1/2, MAPK14, 
SHC1, PRCKD and MET, were often regulated due to the direct involve-
ment in pathways related to resistance against HER2/ER inhibition. Fur-

Figure 3 – Biological context influences the phosphorylation hotspot landscape 

A-C: Phosphorylation hotspots were ranked (Y-axis) based on total number of occurrences 
in the complete dataset of identification (A) or regulation (B) or regulation considering 
breast cancer specific datasets (C). The first 250 hotspots were shown as a zoom-in for 
more detail. Interesting hotspots that were amongst the top 250 in (A) were indicated with 
a yellow triangle and their gene name. Hotspot that were found to be interesting and moved 
up to the top 250 in (B) or (C) were indicated with a red cross and their gene name. D: 11 
hotspots were shown in more detail. The black bar represents the total number of identifi-
cations in the complete dataset, which is normalized to be 100%. The extent to which this 
hotspot was regulated is depicted as the horizontal position of the bar; the more to the left, 
the less this hotspot was regulated. The orange and red bars together represent the portion 
of identifications originating from breast cancer related studies. Again, the relative horizon-
tal position represents the amount of regulation (orange: not regulated, red: regulated). 
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thermore, these proteins are well studied in general, resulting in a large 
body of literature available, reflected in the availability of antibodies and 
other validation possibilities. Therefore, these proteins are indeed a valid 
choice when selecting a follow up target of interest. Furthermore, proteins 
related to the cytoskeleton were often selected to be discussed, due to 
their high abundance resulting in often high confidence identifications and 
their known involvement in drug resistance. Several proteins of this class 
overlapped between the different and our analyses, including AHNAK, 
ANXA2, CAV1, CTNND1, EPHA2, MAP7D1, PTK2, and PXN. 
Additionally, 43 phosphoproteins were selected for further discussion in 
this study, which were not at all discussed or included in any figure in 
any of the published studies. Some caught our interest due to the large 
amount of phosphosites identified but the lack of regulation, including 
POLR2A, CHAMP and CDK12 (Table 1, Figure 3). Although the absence of 
regulation explains their absence in the original analyses, the profound 
presence of these phosphorylation hotspots across a variety of cells and 
tissues might equally well imply functionality. 
Some hotspots were depleted or enriched if only studies with a similar bi-
ological model were included in the analysis. For example, EFS, ACP1 and 
MPP7, which were only identified in the breast cancer related studies, em-
phasizing their role in this model system. Contrarily, a hotspot that was 

Figure 4 – Comparing identification to regulation rate highlights the most interest-
ing phosphorylation hotspot per individual protein
Four proteins were displayed individually. The X-axis represents the length of each protein. 
The Y-axis represents either the identification rate (upwards, black line) or regulation rate 
(downwards, red and brown line). The red line shows the regulation rate of the complete 
dataset, whereas the brown line is the count of only the breast cancer related studies. Each 
peak starts and ends at the first and last amino acid within the respective hotspot, respec-
tively. Therefore, the width of the peak indicates the stretch of protein covered with that one 
hotspot. Shown proteins are Her2 (A), IRF2BP2 (B), SRRM2 (C) and CTNND (D). 
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never identified in these datasets was NDRG1 (aa. 247-255). Interest-
ingly, a second hotspot on the same protein was identified and regulated 
extensively in all studies (aa. 319-346), indicating possible differentially 
regulation of this protein in different biological contexts. Another example 
of this is LMNB2, which was identified in all studies, but solely regulated 
in non-breast cancer related studies. 

The use of biologically similar datasets results in phenotype 
specific phosphorylation hotspot regulation
To provide for a more systematic analysis, all identified hotspots were 
ranked based on their identification rate within in the total combined data-
set (Figure 3A). The most often identified hotspots were indicated with 
a yellow triangle. These proteins were associated with the cytoskeleton 
(e.g. LMNA), the spliceosome (e.g. SRRM1), translation (e.g. EIF4EBP1), 
apoptosis (e.g. PRKCD), cell cycle (e.g. CHAMP1, CDK12, POLR2A), or 
were extremely large phosphoproteins (e.g. AHNAK). 
Next, similar as to for all identified hotspots, all regulated hotspots were 
ranked, based on their regulation rate within the total combined data-
set (Figure 3B). For comparison, the same proteins were annotated in 
this figure as above. Some proteins that appeared in the top 250 due to 
altered ranking were annotated with a red cross. This approach showed 
that when the regulation rate was taken into account, the phosphorylation 
hotspot landscape changed tremendously. If one focusses on occurrence 
of identified sites, the most appealing findings will be the high abundant, 
and easy to find phosphosites. In order to corroborate whether there 
would be a correlation between intensity and extent of regulation we com-
pared the intensities of regulated sites to the intensities of all identified 
sites in several datasets. Although the mode of the intensity is the same 
for both identified and regulated sites, there is an underrepresentation 
of low abundant phosphosites in the regulated data, which is most likely 
due to the fact that a certain threshold value is needed for quantification, 
and low intensity sites increase the chance of having missing values which 
impairs quantification (Supplementary Figure S1). 
When basing the ranking on the occurrence of regulation, we hypothesize 
that depending on their position within the list, hotspots will describe 
important biological activities within proteins. Although some proteins re-
main amongst the highest ranking (e.g. LMNA, SRRM2 or AHNAK), others 
shift up (e.g. MAPK1/3) or down (e.g. POLR2A), demonstrating their (un)
importance in the biological control of the cells. Phosphoproteins that are 
often identified but less regulated most likely play a role in house-keeping 
pathways or do not play a role in the specific biological model described 
in the used studies. 
In order to further elucidate this, a well-considered choice of input data-
sets could enable the discovery of cell or disease specific regulations. 
Therefore, all phosphorylation hotspots containing regulated phospho-
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sites originating from the breast cancer specific studies were ranked as 
well (Figure 3C). Again, ranking of several hotspots changed in response 
to the alteration of the analysis. The specific hotspot from aa 289-301 in 
PDHA1 was the highest ranked hotspot, based on extent of regulation. 
This hotspot on PDHA1 is responsible for inactivation of this metabolic 
enzyme, restraining the pyruvate flux into mitochondrial oxidative me-
tabolism, contributing to a switch from glucose oxidation to aerobic gly-
colysis, also known as the Warburg effect, which in turn contributes to 
tumor growth, progression and therapy resistance [33]. PRKCD hotspot 
aa 259-313 was another highly ranked hotspot in the breast cancer data. 
In correlation with this observation, PRKCD has very recently been iden-
tified to play a role in a common adaptive resistance mechanism in HER2 
positive breast cancer cells, together with Focal adhesion kinase and Eph-
rin receptors, for which also several hotspots were regulated in the breast 
cancer data [34]. 
When comparing the regulated hotspots in datasets describing either all 
datasets or breast cancer specific datasets, phenotype specific hotspot 
regulation can be detected (Figure 3D). Figure 3D highlights several pro-
tein hotspots that were never regulated; hotspots for which regulation 
cannot be found in the breast cancer data, but regulation was observed 
in the other datasets; hotspots that were only identified and regulated in 
breast cancer data; hotspots that were more highly regulated in breast 
cancer data. As shown, selected hotspots in POLR2A and CDK12 were 
frequently identified in both breast cancer data as well as the cumulative 
dataset. However, regulation of these hotspots was never observed. In 
contrast, hotspots in EGFR and EPHA2 were highly regulated in the breast 
cancer datasets, whereas they were not even identified in the other data-
sets. Obviously, this observation can be rationalized by the important role 
these two receptor tyrosine kinases play in breast cancer signaling. In 
addition, a number of hotspots were overrepresented in the breast cancer 
data, meaning that hotspots were identified and regulated in all data, but 
the extent of regulation was proportionally higher in breast cancer related 
studies. These sites include hotspots on CDK2 and MAP7D1. Finally, some 
hotspots were underrepresented in the breast cancer data, for example 
hotspots on AHNAK and MET. Especially the underrepresentation of the 
phospho hotspot on MET was interesting, considering the suggested role 
for MET in breast cancer and resistance. However, when looking at the 
functional implication of phosphorylation on this hotspot, this observation 
can be rationalized as it is an enzymatic activity inhibiting site, whereas 
activity is expected to be high in the breast cancer models used [35]. 

Analysis of hotspots per individual protein reveals most in-
teresting phosphosites
Table 1 shows the 45 most regulated phospho hotspots that were found in 
this study. The PhosphoSitePlus database graphically indicates per protein 
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how often a phosphosite has been documented in literature. Within Table 
1, it is indicated if the phosphorylation hotspot includes the most often 
identified site of this protein on PhopshoSitePlus and if a biological func-
tion is known. Several proteins showed most of their regulation on sites 
which are already well studied and well known in literature (e.g. MAPK1-
185/187 and MAPK3-p202/204), validating the power of this analysis (Ta-
ble 1). However, a significant portion of regulated phosphoproteins were 
found to have very little or no literature available about the biological 
function of documented site (e.g. CTNND1-p904).
The above described general hotspot ranking of the entire phosphopro-
teome provides an indication of which proteins could be a potentially inter-
esting follow-up target. However, the analysis of both the most identified 
as well as the most regulated hotspot per protein is an indication of which 
sites specifically could be biologically interesting. An interesting protein in 
this respect is HER2, a major player in all included breast cancer studies. 
Interestingly, in addition to the most identified phosphorylation hotspot 
(16 phosphosites, spanning aa 1048-1083), a second hotspots attracts 
the attention by being the most regulated hotspot (4 phosphosites, span-
ning aa 1227-1248) (Figure 4A). The hotspot spanning aa 1227-1248 has 
been implicated in regulation the activity of this receptor tyrosine kinase 
[34]. The aa 1048-1083 hotspot has previously been reported to become 
phosphorylated in breast cancer cells in response to lapatinib treatment 
and this phosphorylation regulates HER2 tyrosine kinase activity [36]. 
IRF2BP2 is another protein with interesting hotspot characteristics. As can 
be seen in Figure 4B, a hotspot region between aa 376-413 was frequent-
ly observed in all datasets, however the site was not often found regulat-
ed and never regulated in the breast cancer data. In contrast, the hotspot 
region aa 439-444 was extensively regulated in both datasets, although 
less frequently observed. Despite this apparent regulation, no function 
for IRF2BP2 phosphorylation is known, and even more striking, none of 
the sites within this hotspot are reported on PhosphoSitePlus. The large 
RNA splicing protein SRRM2 was highly phosphorylated all over its amino 
acid sequence. However, much less of the hotspot regions detected in this 
protein were actually regulated (Figure 4C). Even more striking for none 
of the identified sites on SRRM2 functional implications are known. Finally, 
CTNND1 was highly regulated on a hotspot region between aa 213-257, 
which is known to affect intracellular localization of the protein (Figure 
4D). However, for two other extensively regulated hotspot regions, no 
functional implications are known.
As exemplified above, the reuse approach again clearly illustrates that 
more information is retained in quantitative data compared to only iden-
tification data. In addition, the repetitive observation of regulation across 
a diverse set of studies highlights the importance of both known and un-
known phosphosites. This approach shows that by scrutinizing combined 
quantitative studies, interesting and novel follow-up targets can be iden-
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tified, and already well-known phosphoproteins can be validated for their 
role in this particular biological setting. 

Discussion 

A major objective in the field of mass spectrometry based proteomics 
remains the pursuit to increase the amount of data per experiment and 
coverage of the measured (phospho)proteome. This has led to an exten-
sive amplification of publicly available proteome data and concomitant 
biological relevant discoveries. Apart from these successes, a large part 
of this data remains unexplored. Therefore, following others in parallel 
omics fields [6–8], this study explored the possibilities of reusing public-
ly available, quantitative phosphoproteomic datasets. By re-analyzing a 
variety of phosphorylation data new observation could be made. Obser-
vations that were missed or considered insignificant in the original publi-
cation became suddenly visible when combined with findings from other 
studies, resulting in increased understanding of the studied model and a 
decrease in data loss.
Unfortunately, data reuse is not yet common in the field of proteomics. 
As a major consequence, available data is often not presented in a usable 
format or is incomplete. Indeed, as already expressed by others [23], 
during the collection of suitable datasets for this study, several datasets 
were found to be interesting, however could not be included. Reasons 
for this were, amongst others, lack of proper experimental design (i.e. 
no biological replicates [37–41]), no documentation of processed results 
at all [38], or documentation of those sites only found interesting by the 
authors [40,42–44]. Most striking was the fact that less than half of the 
considered studies had added their RAW data to a public depository, in-
hibiting reanalysis and preventing further quality control [45,46]. 
Due to major technical advances in MS based phosphoproteomics, it is 
now possible to measure tens of thousands phosphosites within a single 
run, a number that will only keep increasing [5,47]. At the same time, 
this increase in size of the phosphoproteome raises the question of its 
functionality, which has led to the hypothesis that a certain level of redun-
dancy exists within the phosphoproteome. This proposition subdues the 
functionality of an individual site but rather emphasizes the functionality 
of either bulk phosphorylation [30–32] or the presence of a small number 
of representing phosphosites, beholding information on the majority of 
the phosphoproteome [48]. Either way, the importance of phosphosite 
functionality over identification is stated repeatedly within these propo-
sitions. An effective and high-throughput manner to predict or even de-
termine phosphosite functionality is to assess its reoccurred observation 
throughout different proteomic studies. In this study, combined data from 
several phosphoproteomic datasets were used for this purpose. Unfortu-
nately, low reproducibility across studies originating from different labora-
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tories restrained reoccurred observation of phosphosites. Not only the use 
of different cell lines or different protocols caused this lack of overlap, also 
several technical obstacles hampered the ability to compare datasets. 
For example, phosphopeptides which cover the same phosphosites can 
have different masses or charges in different experiments, due to missed 
cleavages or differences in multiplicity. Consequently, the same site ap-
pears as a separate, non-overlapping identification if two data points from 
two distinct experiments and database searches are combined. Further-
more, in the case of peptides containing several amino acids that can be 
phosphorylated, the exact localization of the phospho-group can vary be-
tween datasets. This can for example be due to differences in site specific 
fragments within MS2 spectra, resulting in a single phosphosite appearing 
as two adjacent sites in two different experiments. In order to solve the 
problem in the lack of overlap and to improve data processing to identi-
fy reoccurring phosphosites, the more than 100,000 initial phosphosites 
included in the analysis were transformed into ~20,000 phosphorylation 
hotspots. By considering multiple phosphosites as one, these biological 
and technical artefacts could be overcome. Although absolute quantitative 
data is lost in this approach (i.e. if a phosphosite increased or decreased 
under certain conditions) the use of phosphorylation hotspots revealed 
robust identification of highly interesting phosphosites amongst a large 
panel of proteomic studies.
An important consideration while merging data from different studies is 
the type of data used. By varying the nature of the included studies, the 
resulting conclusions will change accordingly, depending on type of data 
(i.e. identification or quantification) or biological background (i.e. varied 
or overlapping). By using phosphoproteomic data from public databases, 
for example PhosphoSitePlus [21], the mere presence of phosphorylation 
can be mapped [30]. Following, reoccurring identification [31], alignment 
and conservation across evolution [32] can be used to predict functional 
relevance, although not specified to a biological situation of interest. In 
contrast, by using quantitative studies and therefore taking experimental 
and phenotypic specific data into consideration, a prediction can be made 
of the functional relevance of phosphosites in a specific biological situa-
tion. As shown in this study, if all used datasets describe a highly similar 
model system, an enrichment of model specific regulations can be identi-
fied. If on the other hand, each dataset describes a unique biological sys-
tem, the model-specific regulations will not overlap and therefore dilute. 
Although this complementarity might decrease overlap across datasets, 
regulations that remain to overlap and are found in a great variety of 
studies will give insight in important universal events.
In most studies the final part of data processing is the selection of several 
proteins or phosphosites of interest for follow up. The most used criterion 
during this process is significant regulation of a phosphosite between bi-
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ological relevant conditions. This is an obvious approach, since changing 
phosphosites can be used to differentiate phenotypes and to identify po-
tential therapeutic windows. However, in contrast, stable, never changing, 
phosphosites could be of equal interest. Their reoccurred identification 
but absence of regulation across a large panel of studies could equally 
imply functionality. Unfortunately, whereas regulation of a phosphosite 
within an individual study is able to attract interest leading to follow-up 
research, the absence of regulation of a site will most likely not lead to 
any further research. Such a phosphosite will only stand out if multiple 
datasets are combined revealing the level of its stability. Therefore, the 
added value of data reuse and combining different datasets is not only 
to add to the existing knowledge of included datasets by discussing addi-
tional observations, but also to arrive at observations that would not be 
possible to be noted when analyzing all studies individually. 
In conclusion, in this study we showed that it is possible to combine, and 
reuse published quantitative phosphoproteomic data. The re-analysis of 
data adds new knowledge on the existing documented observations. Fur-
thermore, by combining data, observations were made that would have 
gone unnoticed if all studies were analyzed solely individually. In this 
study we focused on protein phosphorylation which is an important but, 
functionally, still understudied biological area. Therefore, more attention 
should be given to high-throughput identification of phosphosite func-
tionality. It should be noted that it is important to not only expand the 
phosphoproteome itself but also investigate its implication in order to 
gain a better understanding of cellular biology and aid future therapeu-
tic developments. This can be achieved by data reuse, as shown in this 
study. The amount of publicly available data is immense and rich source of 
unexplored knowledge. If more researchers would invest time in reusing 
existing data, its value will increase. Although expansion of the (phospho)
proteome is certainly necessary, increasing the depth of understanding is 
a must, for high quality data not to go to waste. 
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Supplementary Figure S1 – Intensities of all vs regulated phosphosites per data-
set
For five separate datasets the distribution of Log2 intensities were plotted for either 
all identified phosphosites (brown line) or only regulated phosphosites (black line). A: 
Ruprecht et al; B: Polar et al.; C: Chiang et al.; D:  BT474 RANK; E: HCC1954 RANK.
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Materials and Methods
Used Datasets
RANK dataset, in house generated 2018
The RANK data (unpublished) describes two Her2+ cell lines, BT474 and HCC1954, with 
either the overexpression or knockdown of RANK. RANK is a receptor of the TNF superfam-
ily, and works upstream of several growth stimulating pathways [56]. Despite that RANK 
has mainly been studied in the context of bone remodeling, the receptor has been linked 
as well to other processes like immunity and oncogenic transformation [57,58] It has been 
shown that RANK is able to heterodimerize with Her2, and additionally play a role in Her2 
targeted drug resistance in breast carcinomas [59]. Cellular assays showed a significant de- 
or increase of RANK expression, however only after RANK knockdown a visible phenotypic 
changed was observed in the form of increased Her2 inhibition sensitivity. Full proteome 
and phosphoproteome analysis were done to find additional regulations caused by RANK 
modulation. On a phosphoproteome level, processes associated with adhesion and cellular 
polarity was regulated. 

Ruprecht et al, 2017
Axl is a tyrosine kinase receptor which can be activated by auto phosphorylation, with the 
result of the downstream activation of Src, Grb2 and MAPK signaling [60]. Aberrant Axl 
signaling has been linked to increased carcinogenesis in several tissue types [61], includ-
ing lapatinib resistance in breast cancer [62]. The study of Ruprecht et al [28] describes a 
phosphoproteomic dataset of BT474 breast cancer cells with and without Axl overexpression 
and subsequent lapatinib resistance. Short term treatment of sensitive cells with lapatinib 
showed downregulation of ERBB pathway related phosphosites and further downstream tar-
gets, including mTOR, JUN, MYC and ERK. Analysis of resistant cells showed both recovery 
of sites changed by short term treatment, as well as newly regulated sites and proteins, 
including the reactivation of mTOR signaling and the continuously inhibition of the ERBB-
MAPK axis. Furthermore, the authors documented and validated changes in the activity of 
the spliceosome and the glycolysis. 

Chang et al, 2018
The study of Chang et al showed a phosphoproteome analysis of lapatinib resistant SKBR3 
breast cancer cells [26]. The main documented observations were the regulation of adhe-
sion and cytoskeleton related processes, as annotated by KEGG pathways and STRING-db. 
Furthermore, PAK2, a kinase which plays a role in oncogenic pathways such as proliferation 
and invasion, was shown to be increasingly phosphorylated on its activating site (pS141), 
therefore further validated as a therapeutically target. 

Polar et al, 2018
Deleted in Liver Cancer-1 (DLC1) is RhoGAP family member, associated with tumor sup-
pressor activity in ER+ breast cancer. The phosphoproteome of cells with low and high ex-
pression levels of DLC1 were analyzed to further determine the role of DLC1 and identify a 
therapeutic target in cancer types showing low levels of DLC1 [29]. The authors showed that 
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RhoGEF ECT2 phosphorylation is decreased in the presence of DLC1. They hypothesized that 
low levels of RhoGAP activity and high levels of RhoGEF activity, due to low DLC1 and high 
ECT2 activity, respectively, can cause increased oncogenic RhoA activity. 

Huang et al, 2017
In order to show resistance mechanisms in a more in vivo situation opposed of the more 
standard in vitro cultures, patient derived xenografts (PDXs) were produced covering sever-
al subtypes of breast cancer and both primary and metastatic tumors [49]. For this study, 
additional data analysis was done by ANOVA testing, in order to demonstrate differentially 
regulated phosphosites amongst the produced xenografts. 

Emdal et al, 2017
In the study of Embal et al [50] the authors employed the use of preclinical tumor xenograft 
models in order to study acquired resistance against the small molecule osimertinib and 
the antibody JNJ-61186372 in advanced stage lung cancer. A phosphotyrosine IP approach 
was used to profile changes upon resistance development and treatment. Between the xe-
nografts a strong correlation existed, although additionally clear tumor specific signatures 
could be observed. The main conclusion and subject of validation was an interconnection 
between EGFR and Src family kinases in the outgrowth of resistant tumors. 

Chiang et al, 2017
The phosphoproteomic dataset described in the article of Chiang et al [51], describes the 
process of circadian phagocytosis of photoreceptor outer segments (POS) on photoreceptor 
cells by the retinal pigmented epithelium (RPE). This process is known to be regulated by 
phosphorylation, although the exact mechanisms are not fully known. A time series of POS 
exposure was used to map both proteome and phosphoproteome dynamics over time in the 
human-derived RPE like cell line ARP-19. An ANOVA test was used for the determination of 
significantly altered phosphosites. The main regulated processes, as identified by GO term 
enrichment, were associated with cytoskeleton rearrangements and cell-cell junctions. Addi-
tional mouse experiments were performed to validate the results found in the cell line based 
dataset. The authors showed and validated the involvement of PI3K/Akt, MAPK and mTOR 
pathway in the process of phagocytosis. 

Pinazza et al
The study of Pinazza et al. [52] describes the application of a previous developed method of 
peptides based on isoelectric point in a quantitative phosphoproteomic context. They used 
HeLa cells, including biological conditions of pervanadate treatment or mitotic arrest. Be-
sides the testing of their protocol, they applied machine learning to predict kinase associa-
tion based on their phosphorylation dataset in order to determine phosphosite functionality. 

Parker et al
In the study of Parker et al. [53] a model of acquired drug resistance in melanoma has 
been studied. Cells were made resistant against the BRAF inhibitor PLX-4720 after which 
phosphoproteomics was used to show reactivation of alternative pathways, including MAPK 
pathway. Several regulators of the cytoskeleton were found to be significantly altered upon 
development of drug resistance. 

Roolf et al
In the study of Roolf et al [54], a phosphoproteomic approach was used to discover alterna-
tive modes of actions of acute myeloid leukemia cells with or without FMS like tyrosine ki-
nase 3 (FLT3) mutation, against the multikinase inhibitor Sorafenib. Three models of differ-
ent FLT3 mutations were used, treated with 2 drug concentrations. The most downregulated 
pathway were either mTOR or MAPK pathways, depending on mutational status of the FLT3. 

Vyse et al
In the study of Vyze et al [55], a phosphoproteomic approach was used to study resistance 
against pazopanib or dasatinib in a model of rhabdoid tumor cells. Possible identified resis-
tance mechanisms were hypothesized to be related to cytoskeleton rearrangements and 
IGF-1R signaling. Additionally, several transcription factors were shown to be regulated, 
providing new insights in this yet little studied model and possible novel follow-up targets. 

The construction of phospho hotspots and subsequent rankings
From all datasets, the searched and completely processed data as performed in the original 
publications were used. In addition, the determination of significant regulation across differ-
ent conditions was performed as described by the methods used by the original authors. No 
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data considering level of quantification (i.e. up or down, or ratio) was included, since this is 
increasingly unreliable to compare between experiments from different origin. All data was 
merged into a single dataset comprised of all phosphosites identified across all studies, with 
the accompanied data of in which study a site was identified and, if applicable, regulated. 
In order to construct phosphorylation hotspots all sites of a single protein were examined and 
distances between identified sites were determined. Adjacent sites with a distance of less 
than 8 amino acids between them were considered to be in the same hotspot. Subsequent-
ly, the number of identifications as well as the number of times regulation was observed, 
was summed for all phosphosites included per hotspot. Additionally, the identification of a 
phosphosite per dataset was multiplied by the number of conditions that were included. In 
this way, if a phosphosite would be regulated in all included conditions, the summed rate of 
regulation would be the same as the summed count of identification. Identification as well as 
regulation rates were calculated for the complete set of 11 datasets as well as the 6 breast 
cancer related datasets separately. 
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Introduction
Constitutively active kinases often drive tumour cell survival and prolif-
eration. Consequently, a multitude of small molecule inhibitors targeting 
these kinases have been developed. About 23 tyrosine kinase inhibitors 
(TKIs) have been approved to date, showing promising results in the clinic 
[1,2]. However, despite an initial positive response, most patients even-
tually develop resistance against the inhibitor. Long term, or acquired, re-
sistance has been studied extensively, mainly concentrating on identifying 
additional mutations that are either acquired or pre-existing [3]. Simulta-
neous inhibition of multiple potential resistance mechanisms delays, how-
ever does not prevent development of resistance [4,5]. Therefore, the 
most challenging question remains how cancer cells adapt to and survive 
initial inhibitor treatment, enabling them to develop acquired resistance. 
Currently, two major hypotheses have been formulated trying to explain 
the development of resistance [6]. First, intrinsically resistant clones may 
exist through the heterogeneity within the tumour [7]. These pre-existing 
clones would be positively selected by targeted treatment. Alternatively, 
resistance could arise as tumour cells collectively adapt under pressure 
of drug treatment. This would be similar to antibiotic resistance caused 
by premature ending of a treatment: incomplete eradication of a tumour 
could strengthen remaining cancer cells [8]. Consequently, resistance can 
develop when proliferation is inhibited but cell death is not triggered. 
Unfortunately, small molecule inhibitors are mostly cytostatic, in contrast 
with the more cytotoxic chemotherapies. Nevertheless, they are highly 
specific and show great promise in clinical studies, and should therefore 
not be discarded [9]. In order to improve efficacy, inhibitors are combined 
with either chemotherapy, immunotherapy or another form of targeted 
therapy. Compared to mono-treatment, combinational treatment often 
improves the patients response, but unfortunately also increases toxicity 
[10,11]. 
Lung cancer is one of the most prevalent cancer types and has a very 
high mortality rate in both men and women. Non-small-cell lung cancer 
(NSCLC) makes up approximately 85% of the lung cancer cases [12] and 
is currently treated by surgery, radiation, chemotherapy, targeted therapy 
with small molecule inhibitors or a combination thereof. Epidermal growth 
factor receptor (EGFR) overexpression and mutations are driving the dis-
ease in a substantial percentage (estimated more than 60%) of NSCLC 
patients [13,14]. 
Here we set out to identify the initial survival pathways that become acti-
vated in NSCLC cells harbouring an EGFR activating mutation, after treat-
ment with the EGFR specific inhibitor afatinib, and subsequently to inhibit 
these pathways to increase drug efficacy. By targeting the pathways tu-
mour cells use to adapt and survive drug treatment, the specificity of the 
small molecule inhibitor is further exploited: only cells that are respond-
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ing to the first treatment will be sensitive to the second, preferably cyto-
toxic, agent. This differs from the standard combination with chemother-
apy, which targets all rapidly dividing cells. We used mass spectrometry 
to elucidate the changes in the proteome, kinome and phosphoproteome 
in the NSCLC cell line PC9, induced by the tyrosine kinase inhibitor (TKI) 
afatinib, which specifically targets EGFR. Here we show that, upon treat-
ment, NSCLC cells differentially regulate Ca2+ signalling and enhance Ca2+ 
dependent cell adhesion. By limiting the access to extracellular calcium 
during TKI treatment, we increased growth inhibition and induced apop-
tosis, decreasing the abilities of the cells to develop acquired resistance. 
These results were confirmed in multiple combinations of NSCLC cell lines 
with EGFR activating mutations and several EGFR inhibitors.

Results

PC9 cells showed a clear but incomplete response to TKI 
treatment
With the aim of performing a multi-omic analysis of initial drug resistance, 
we first characterized the cellular response to small molecule inhibitor 
treatment. The NSCLC cell line PC9, which harbours an activating deletion 
in the EGFR (DelE746A750), was highly sensitive to treatment with first 
(gefitinib, erlotinib) and second generation (afatinib) EGFR inhibitors, as 
shown by the measurement of viability after 3 days of treatment (Fig. 1A). 
However, despite the pronounced effect, around 30% of viability persist-
ed. In order to better characterize the properties of the persisting cells, 
we analysed various hallmarks of cancer, including proliferation, apoptosis 
and migration. Proliferation analysis showed that untreated cells grew 
to full confluence within 3 days, where cells treated with 10nM, 100nM 
or 1µM afatinib, or 1µM erlotinib or gefitinib, needed 6-7 days (Fig. 1B). 
Although the proliferation rate of treated cells decreased, cells were still 
able to grow to full confluence despite the continuous inhibition of the 
primary drug target, as shown by the decreased levels of EGFR-Y1068 
phosphorylation (Fig. 1C). 
For apoptosis measurements cells were treated with DMSO (negative con-
trol), 1 or 10 µM afatinib (cytotoxic concentration as positive control). Un-
treated cells grew to full confluence, whereas 10 µM afatinib treated cells 
showed 100% apoptosis, consequently measurements were discontinued 
for these conditions after 3 days (Supplementary Fig. S1A). Cells treated 
with 1 µM afatinib showed a significant increase in levels of apoptosis 
compared to untreated cells (Fig. 1D). However, when compared to the 
positive control, only one fifth of the response was detected, indicating 
that the majority of the cells did not go in apoptosis. More surprisingly, 
after 6 days of afatinib treatment, levels of apoptosis decreased again 
(Fig. 1D). Finally, complete abolishment of migration after treatment was 
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shown by a scratch assay (Figure 1E, Supplementary Fig. S1B). This lack 
of migration caused formation of tight clusters of cells (Fig. 1F and Sup-
plementary Videos). Collectively, these results show a clear response by 
PC9 cells upon afatinib treatment: it abolished migration and induced 
both growth inhibition and a small amount of apoptosis. However, a ma-
jority of cells persisted. After only 3 days, these cells were increasingly 
resistant to apoptosis and continued to grow despite the continuous inhi-
bition of the EGFR. 

Figure 1: A: To determine drug response, PC9 cells were treated with different concentrations of three 
inhibitors (afatinib, gefitinib and erlotinib) for 3 days. Viability was measured using AlamarBlue®. Rela-
tive viability of cells treated with inhibitors as compared to untreated cells is plotted on the Y-axis. Error 
bars represent 4 replicate wells within one experiment. B: Growth curves of PC9 cells showed incomplete 
growth inhibition upon EGFR inhibition, independent of the type of inhibitor or concentration. Confluence 
of cells treated with 10 nM, 100 nM or 1 µM TKI was monitored using the IncuCyte System over a time 
span of 6 days. Error bars represent quadruple wells within one experiment. Medium in the wells was 
refreshed every 3 days. C: Western blot of PC9 cells treated with DMSO or 10 nM Afatinib for 30 minutes, 
2 days or 5 days showed clear inhibition of EGFR activity during our experiments. Antibodies were used 
against the EGFR protein to show protein expression and against EGFR phosphorylated on Tyr1068 as 
indication of activity. Actin was used as a loading control. D: To monitor apoptosis during EGFR inhibition, 
PC9 cells were treated with 1 µM Afatinib for 1, 3 or 6 days. Upon treatment, only minor amounts of apop-
tosis were observed, as compared to a negative control (DMSO) and a positive control (10 µM Afatinib, 
cytotoxic concentration). Both negative and positive controls were discontinued after 3 days. Error bars 
represent quadruple replicate wells of which four images were taken as technical replicates. Apoptosis was 
measured using the Caspase 3/7 green fluorescent probe using the IncuCyte System. Fluorescent count 
was normalized on well confluence per image. E. In order to quantify migration, confluent PC9 cells were 
treated with DMSO or 1 µM Afatinib or Gefitinib for up to 48 hours. At the beginning of this treatment, 
a scratch was made in each 96-well and confluence within the scratch was measured using the IncuCyte 
System. Error bars represent four replicate scratches. F: Representative light microscopy pictures of PC9 
cells treated with DMSO or 1 µM Afatinib for 3 days to show clear morphological changes upon treatment.
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Mass spectrometry-based multi-omic profiling of afatinib 
response  
In order to detect the changes that would be responsible for continued 
growth in the presence of the drug, PC9 cells were treated with afatinib for 
1 to 7 days at a concentration of 10 nM and the proteome, phosphopro-
teome and kinome were analysed at various time points (1-7 days). The 
selected concentration represents 10x the concentration at which we start 
to observe the stable presence of viable cells (Fig. 1A). After treatment, 
proteins were fractionated using high-pH chromatography for full pro-
teome analysis (Supplementary Table 1). PCA analysis showed clustering 
of replicates and a clear separation of time points, indicating changes on 
proteome level over time (Supplementary Fig. S2A). An additional ki-
nobead pulldown was used to detect expression changes on kinome level 
(Supplementary Table 2) [15]. As shown by the PCA plot, most variation 
exists between DMSO-24h-48h and 72h-7days, whereas less difference 
exists within these two groups (Supplementary Fig. S2B). 
To detect changes at the signalling level, phosphopeptides were enriched 
using a Fe3+-IMAC column [16]. Cells were treated with 10 nM afatinib for 
30 minutes to determine immediate drug effects, and for 2 and 5 days 
to detect long term changes (Supplementary Table 3). A PCA plot of all 
identified peptides showed a clear separation between untreated and 30 
minutes, versus 2 and 5 days of treatment (Supplementary Fig. S2C). The 
collective dataset (Supplementary Tables 1, 2 and 3) comprises quantita-
tive information for > 5,600 proteins, > 270 protein kinases and > 22,900 
phosphopeptides (>18,400 unique phosphorylation sites).
An ANOVA test was performed to detect all differentially regulated pro-
teins between time points (Fig. 2A). Up- and down regulated proteins 
were analysed for GO terms, showing decreased translation and mRNA 
processing, and increased actin cytoskeleton construction and calmodulin 
binding.
Hierarchical clustering of phosphoproteome data shows in total 2483 reg-
ulated phosphosites with a p-value <0.05 according to an ANOVA test, in 
at least one time point vs DMSO (Fig. 2B). In order to include reactivated 
phosphosites, regulated sites between 2/5 days vs 30 minutes were also 
included in the clustering. Based on the clustering we selected four clus-
ters on which GO term analysis was performed. Interestingly, all clusters 
showed enrichment for adhesion and cytoskeleton reorganization related 
pathways, which is in correlation with the proteome analysis. The two 
clusters showing regulation between 30 minutes vs. 2-5 days of treat-
ment were additionally enriched for cell cycle related pathways.
Unlike proteomics data, the direction of regulation of a phosphopeptide 
is not always indicative of the direction of the activity of the protein: 
phosphorylation can either inhibit or activate the protein. Since functional 
consequences of phosphorylation are often not known, it can be difficult 
to define changes of functionality based only on measured ratios. To solve 
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this problem, we transformed peptide level ratios into functionality scores 
on the protein level using the tool PHOTON [17]. Hierarchical clustering of 
PHOTON scores indicated that most of the activated sites were enriched 
for Ca2+-related signalling (Fig. 2C). As expected, cell cycle related path-
ways showed decreased activity, confirming that afatinib induced growth 
inhibition. The cluster showing a decrease after 30 minutes, but an in-
crease after 2 and 5 days, was enriched for ErbB Signalling. This implies 
that initially the ErbB pathway is effectively inhibited, but seems to regain 
activity in time, despite the effective inhibition of EGFR (Fig. 1C). 

Figure 2: A: Summarized proteome response of PC9 cells treated with 10 nM Afatinib for 1, 
3, 5 or 7 days. Hierarchical clustering of the log2 ratios of the proteins that were significantly 
distinguished by an ANOVA test between the time points are shown. GO term enrichment 
analysis, as depicted on the right, demonstrated up-regulation of actin binding process-
es and down-regulation of mRNA and translation related processes. B: Phospho-proteome 
data of PC9 cells after afatinib treatment showed regulation of cell adhesion, cell cycle and 
spliceosome related processes. PC9 cells were treated with 10 nM Afatinib for 30 minutes, 
2 and 3 days. All phospho sites that were differentially regulated in at least one time point, 
as compared to untreated cells or compared to 30 minutes, were shown in a hierarchical 
clustering. Different clusters were analysed for GO term enrichment, as depicted on the 
right. C: Phospho-proteome data was reanalysed using PHOTON, resulting in functionality 
scores. All phospho-proteins significantly changing in at least one time point were shown in 
a hierarchical clustering. Different clusters, based on the hierarchical clustering, were anal-
ysed for enriched GO terms, as denoted on the right. In addition to the recurring regulation 
of adhesion and cell cycle signalling, calcium signalling was enriched within the activated 
phospho-proteins.



FIVE

111
CHAPTER FIVE

Reactivated pathways downstream of EGFR 
As our phospho proteomic data indicates, growth activating pathways 
downstream of EGFR are re-activated within days. Prominent reactivation 
of PI3K/mTOR signalling after initial inhibition was observed, for example, 
indicated by recovery of activity-determining S235/236 phosphorylation 
in RPS6, a major downstream target of mTOR (Fig. 3A). Western blot 
analysis of RPS6 phosphorylation confirmed its recovery, whereas RPS6 
levels remained constant (Fig 3B). In addition, MEK/ERK signalling re-
covered rapidly, as indicated by regained ERK1/2 phosphorylation of the 
activity-determining sites (Fig. 3A) but unchanged protein expression, 
which was again confirmed by western blot analysis (Fig. 3B). Reactiva-

Figure 3: A: MS data of specified phospho proteins showed reactivation of activity deter-
mining sites in proteins involved in proliferation stimulating pathways, including ERK1/2, 
mTOR and RPS6. For each individual heat map, each column represents a replicate of the 
specified time point and each row an individual phospho peptide. If a row is annotated with 
more than one site, or a number in brackets is shown, the peptide was singly, doubly or 
triply phosphorylated. Peptides with no multiplicity shown are singly phosphorylated. The 
colour is indicative of the normalized intensity. For this, each protein or protein family has 
his own legend, due to dynamic range differences. B: Validation of MS data on western blot 
showed similar patterns of reactivated phospho-sites. PC9 cells were treated with 1 µM Afa-
tinib for 30 minutes, 2 and 5 days. Antibodies were used against ERK1/2, ERK1/2 phosphor-
ylated on Thr202 and Thr204 respectively, MAPK14 doubly phosphorylated on Thr180 and 
Thr182, RPS6 and RPS6 doubly phosphorylated on Ser235 and Ser236. GAPDH was used as 
a loading control. C: MEK and mTOR reactivation was validated by monitoring growth and 
apoptosis during combinational treatment of EGFR inhibition combined with mTOR (Rapamy-
cin: mTOR1; Sapanisertib: mTOR1/2) or MEK (Selumetinib). Growth was monitored in the 
IncuCyte System (left). Error bars represent triplicate replicate wells within one experiment. 
Apoptosis was measured using the Caspase 3/7 Fluorescent probe (right). Fluorescent count 
was normalized on well confluence per image. Error bars represent triplicate replicate wells 
of which four images were taken as technical replicates. In both combinations growth in-
hibition was increased, however only the combination of EGFR + MEK inhibition resulted in 
increased levels of apoptosis.
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tion of both pathways has previously been shown to occur after acquired 
EGFR inhibitor resistance in a subset of clones [4,5,18]. In order to test 
whether this reprogrammed signalling could pharmacologically be exploit-
ed, we performed combination treatments with the mTOR inhibitors rapa-
mycin (mTORC1) and sapanisertib (mTORC1/2) and the MEK inhibitor 
selumetinib. As shown in Figure 3C, combining rapamycin with afatinib 
significantly decreased the growth capabilities of the cells compared to 
afatinib treatment alone, but it did not increase the amount of apoptosis. 
Treatment with rapamycin alone did not affect cell viability nor apoptosis. 
Since rapamycin is solely inhibiting mTORC1, we included the pan mTOR 
inhibitor sapanisertib (or INK128) in our analysis. Sapanisertib in combi-
nation with afatinib did not increase apoptosis and showed similar growth 
inhibition when compared to afatinib/rapamycin combination treatment. 
These results indicate that mTORC2 signalling does not contribute to re-
activated mTOR signalling after afatinib treatment. In addition these re-
sults indicate that combined mTORC1/afatinib inhibition mainly induces 
cytostatic effects and consequently the development of further resistance 
pathways cannot be excluded. Combination of the MEK inhibitor selume-
tinib with afatinib also resulted in a prominent reduction of cell growth 
capabilities. However in contrast to mTOR inhibition and in agreement to 
what has been shown previously [5], MEK inhibition had a tremendous 
impact on the amount of apoptosis induced, indicating that such treat-
ment could be beneficial for the eradication of tumour cells (Fig. 3C).
To find the upstream kinases that could be responsible for reactivation of 
mTOR or ERK1/2 we further scrutinized our data. A well-known acquired 
resistance mechanism after TKI treatment is the upregulation of different 
(receptor) tyrosine kinases [19,20] that would re-fuel growth inducing 
signalling. However, in our (phospho)proteome analysis we find no ob-
vious indications that this would be the case. Also, the kinobead data 
did not provide evidence that another tyrosine kinases takes over EGFR 
function (Supplementary Table 2). In the kinobead data, EGFR levels sig-
nificantly decreased at all time points (Supplementary Fig S2D, Fig 4A). 
This was in contrast to the full proteome analysis (Fig. 4B) and western 
blot analysis (Fig. 1C). This discrepancy can be explained by the fact that 
afatinib irreversibly binds EGFR, which makes EGFR no longer accessible 
for binding to the kinobeads. This again strongly indicated the continuous 
presence of the drug and inhibition of the receptor during the course of 
our experiments. 

Ca2+ Signalling and Cytoskeleton organizing related proteins 
were highly affected by treatment
As previously discussed, we detected strong re-activation of PI3K/mTOR 
and ERK pathways, but could not identify an obvious upstream kinase that 
would be responsible. However, we noticed a large number of regulated 
(phospho)proteins to be involved in the reorganization of the actin cyto-
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skeleton and Ca2+/Calmodulin related signalling (Fig. 2). For example, the 
protein levels of Ca2+-dependent protease Calpain-2 (CAPN2) significantly 
decreased after afatinib treatment (Fig. 4B). This important protease is 
responsible for degradation of focal adhesions and Ca2+ pumps [21,22]. 
In line with this, we found the calcium transporting ATPases, ATP2B4 and 
ATP2C1 to be significantly upregulated. In addition, the actin cross-linking 
proteins MARCKS, MARCKSL1 and Calponin-2 (CNN2) were significantly 
upregulated after treatment. These are proteins that bind actin, resulting 
in more stiffness and increased adhesion [23,24]. Spectrin super family 
members, like α-Actinin, SPTAN1 and SPTBN1 that can connect different 
components of the cytoskeleton, were also upregulated [24]. 
Levels of EphA4 increased (Fig. 4A, Supplementary Fig S2D), which has 
been associated with cytoskeleton rearrangements, inhibiting migration 
and invasion in NSCLC cell lines and increasing survival in lung cancer 
patients [25,26]. In contrast, levels of EphA2, a known marker of TKI 
resistance and stimulator of migration, decreased [27]. The levels of Fyn 
and SIK1 increased over the course of 7 days. Fyn is a Src family ki-
nase, targeting to adherence junctions and a key player in the apopto-
sis-resistance of tumour cells [28]. The tumour-suppressing kinase SIK1 
phosphorylates and thereby stabilizes p53 to initiate anoikis in case of 
decreased adhesion [29]. 
Also, the phosphoproteome data showed regulation of pathways related 
to Ca2+ signalling and actin cytoskeleton organization. After afatinib treat-

Figure 4: A: Upon afatinib treatment, several adhesion related kinases were differentially 
regulated, as measured by the kinobead assay. On the X-axis the log2 ratio after 24 hours 
of afatinib treatment is plotted, on the Y-axis the log2 ratio after 7 days of treatment. High-
lighted in red are proteins of interest, labelled with their protein name. B: Similarly, in the 
proteomics data several adhesion related proteins were regulated. Log2 ratios are shown for 
proteins of interest from the full proteome data set. Colour coding is based on the mean of 
the three replicate MS runs. 
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ment, two phosphosites of Focal Adhesion Kinase (FAK), the main kinase 
in the organisation of focal adhesions, were found to be downregulated in 
the phospho data: Ser910 and Ser843, whereas protein levels remained 
constant (Fig. 5A, Supplementary Table 1,3). Decreased phosphorylation 
of Ser910 has been shown to reduce proliferation [30]. Phosphorylation 
of Ser843 has been shown to increase upon cellular detachment, imply-
ing that the decreased phosphorylation after afatinib treatment is fol-
lowing from increased adhesion [31]. In addition, loss of both Ser910 
and Ser834 phosphorylation changes cellular morphology and abolishes 
migration. Tyrosine phosphorylation is, due to relative low abundance, 
underrepresented in our phosphoproteomics data. Therefore, in order to 
complement the hypothesis that afatinib treatment is influencing focal 
adhesion dynamics, some tyrosine phosphorylation sites with established 
biological functions were analysed by western blot (Fig 5B) [32]. Indeed 
Tyr397 and Tyr576/577 of FAK as well as Tyr31 and Tyr118 of Paxillin, 
sites known to stabilize focal adhesions, showed an increase in phosphor-
ylation upon afatinib treatment (Fig 5B). 
The phosphorylation status of Ca2+-binding protein Caldesmon has been 
linked to its relocation to the cytoskeleton and function to stabilize actin 
and increased motility [33,34]. As shown by the proteomics data, the pro-
tein abundance of Caldesmon increased upon afatinib treatment (Fig. 4B). 
In addition, phosphorylation of Caldesmon increased (Fig. 5A). The most 
severely changing site, Ser789, has been shown to be phosphorylated by 
ERK1/2 [35]. A possible kinase of Caldesmon, CDK14, increased in our 
kinobead data (Supplementary Fig. S2D). 
In non-muscle cells, three genes comply the myosin protein complex: 
myosin 9, 10 and 14 [33]. Upon phosphorylation, myosins are stabilized, 
causing increased tension, regulating cell shape, cell polarity and mi-
gration by forming actin-binding filaments. Afatinib treatment increased 
phosphorylation of myosin (Fig. 5), confirming increased levels on a pro-
tein level (Fig. 4B, Fig. 5B). Possible kinases of myosin, the DAPK fam-
ily, were increasingly phosphorylated and therefore activated (Fig. 5A). 
DAPKs can be phosphorylated by CAMKs, which increased in both abun-
dance (Fig. 4B, Supplementary Fig. S2B) and phosphorylation (Fig. 5A). 
Another stimulator of myosin phosphorylation is DMPK, via phosphory-
lating and inhibiting myosin phosphatase MYPT1 [36]. Phosphorylation of 
MYPT1 on the inhibitory site Thr696 by DMPK was significantly increased 
after 2 and 5 days of TKI treatment (Fig. 5A). 

Depletion of extra-cellular Ca2+ increases sensitivity to TKI 
treatment
Signalling resulting from increased adhesion has previously been shown 
to be anti-apoptotic [37,38] and adhesion pathways are largely regulated 
by Ca2+ signalling [39]. PC9 cells treated with different TKIs completely 
abolished migration and formed tight clusters, while resisting apoptosis 
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(Fig. 1). Consistent with this, proteomic analysis showed regulation of 
both adhesion related proteins and of Ca2+ signalling. Therefore, we hy-
pothesized that the cells use increased adhesion induced by altered Ca2+ 
signalling to resist apoptosis in response to early EGFR inhibition, and 
that making extracellular calcium unavailable to the cells could inhibit this 
adhesion and induce apoptosis. 
Therefore, we treated PC9 cells with different EGFR inhibitors in the pres-
ence or absence of either EGTA, a specific chelator of Ca2+ to remove ex-
tracellular Ca2+, or Lanthanum(III) Chloride (LaCl3) to block Ca2+ uptake. 
To find a wide applicability we included the first generation EGFR inhibitors 
erlotinib and gefitinib, in addition to afatinib, in our analysis. Cells treated 
with TKI alone grew in 6 days from 20% to 90% confluence. In the pres-
ence of EGTA or LaCl3 though, cells grew in 6 days from 20% to less than 
40% confluence, showing increased proliferation inhibition by the addition 
of EGTA or LaCl3 (Fig. 6A, left panel). In addition, levels of apoptosis were 
significantly higher in the presence of EGTA or LaCl3 (Fig. 6A, right panel). 
Effects were comparable between the three different inhibitors used, in-

Figure 5: A: Regulation of phospho profiles are shown in detail for several proteins of in-
terest. Each column represents a replicate of the specified time point. Each row represents 
a phospho peptide. If a row is annotated with more than one site, or a number in brackets 
is shown, the peptide was singly, doubly or triply phosphorylated. Peptides with no multi-
plicity shown are singly phosphorylated. The colour is indicative of normalized intensity. For 
this, each protein or protein family has his own legend, due to dynamic range differences. 
B: Western blot of PC9 cells treated with 1 µM afatinib for 30 minutes, 2 or 5 days showed 
increased levels of phosphorylation of Myosin IIa and of protein levels of Myosin IIa and IIc. 
In addition, the western blot analysis shows increase tyrosine phosphorylation of FAK Tyr397 
and Tyr576/577 and Paxillin Tyr31 and Tyr118. GAPDH was used as a loading control.
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dicating that the development of a Ca2+ dependency is not drug specific, 
but rather EGFR inhibition specific. 
To determine whether the observed effect was cell line specific, we tested 
an additional 3 NSCLC cell lines with different genetic backgrounds and 
different sensitivities towards the TKIs used (Supplementary Fig. S3A). 
HCC827 has the exon19del E746-A750 deletion and is highly sensitive to 
both first (erlotinib and gefitinib) and second (afatinib) generation TKIs. 
H1975 has both the L858R and the T790M mutation, making it resistant 
to first, but sensitive to second generation TKIs. H1650 has the exon19del 
E746-A750 deletion in combination with PTEN loss, resulting in resistance 
to first generation TKIs, and a response to treatment with afatinib only 
upon 1 µM and higher. In all cell lines, neither growth nor apoptosis rate 
was affected by EGTA treatment alone up to 1mM (Fig 6B, Supplementary 
Fig. S3B). However, both the magnitude of the growth inhibition and the 

Figure 6: Influence of Ca2+ signalling in combination with EGFR inhibition was shown using 
growth curves and levels of apoptosis. A: PC9 cells were grown in the presence or absence 
of 1 mM EGTA or 1 mM LaCl3, and simultaneously treated with 1 µM EGFR inhibitors (afati-
nib, gefitinib or erlotinib). Percentage of confluence was measured to show increased growth 
inhibition and induction of apoptosis, independent of inhibitor used, as measured with green 
fluorescent Caspase 3/7 Probe. B: Combined EGFR inhibition and interference with Ca2+ 
availibility was explored on three different NSCLC cell lines. Confluence and apoptosis was 
measured in the IncuCyte System. p-values are depicted above bars: ***:<0.001. All error 
bars represent the data of four replicate wells within one experiment. C: Growth inhibition 
induced by afatinib or by afatinib in the presence of EGTA showed great correlation, as 
shown by a scatter plot. The mean percentage of inhibition after 3 days induced by afatinib 
is plotted on the X-axis, where the mean percentage of added effect of EGTA in combination 
with afatinib was plotted on the Y-axis. The dotted line indicates the linear regression, the 
R2 is depicted in the graph. 
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amount of apoptosis significantly increased after interference with Ca2+ 
signalling by EGTA or LaCl3 (Fig. 6B). Interestingly, in all cases apoptosis 
within the first 24 hours was negligible, but rose significantly in the fol-
lowing 2-3 days. 
The effect of the combinational treatment was comparable between first 
and second generation TKIs. In contrast, however, the degree of the add-
ed effect differed between cell lines, demonstrating high correlation with 
the sensitivity to the drug (Fig. 6C). HCC827 cell line, which was the most 
sensitive, displayed the largest added effect of addition of EGTA. H1650 
was the most resistant to TKI treatment, showing the lowest increase in 
levels of apoptosis and growth inhibition after addition of EGTA. In gener-
al, the more sensitive a cell line was to TKI treatment, the more sensitive 
it was for addition of EGTA. 

Discussion
While targeted approaches in cancer therapy show great promise over 
conventional chemotherapy, development of resistance remains an im-
portant obstacle to overcome [9]. The majority of resistance studies have 
focused on acquired resistance mechanisms that occur after an extensive 
period of treatment, usually by screening for additional mutations. Only 
recently, attention has shifted to early, adaptive resistance, i.e. why sen-
sitive tumour cells initially survive drug treatment, to subsequently gain 
additional mutations [8,40]. Here we hypothesise that rapid adaptation 
to drug treatment allows incomplete eradication of the tumour, ultimately 
resulting in additional mutations and a fully resistant tumour. We used a 
multi-omics approach to elucidate adaptive resistance mechanisms after 
EGFR directed TKI treatment with afatinib in NSCLC cells. We demonstrat-
ed that NSCLC cells adapt to afatinib inhibition within days and re-activate 
growth stimulating pathways, despite continues inhibition of the EGFR. 
Our data indicates that the cells use altered Ca2+ and adhesion signalling 
as a resistance mechanism, attenuating drug-induced cell death. Interfer-
ing with adhesion by Ca2+ depletion or limiting access to extracellular Ca2+  
significantly increased cell death in a TKI dependent manner.
Our phospho proteomic data showed that, despite continues inhibition of 
the EGFR and downregulation of cell cycle related pathways, the growth 
stimulating mTOR and ERK pathways were reactivated within days. This 
correlates with the re-activated growth of NSCLC cells and strongly sug-
gests a rapid adjustment to EGFR inhibition. In agreement with this, phar-
macological inhibition of mTOR and ERK pathways shows a synergistic 
effect in combination with afatinib treatment. The ERK pathway is most 
conventionally activated by upstream tyrosine kinase receptors [41]. 
However, ERK kinases can also be activated by several other signalling 
pathways, for example integrin signalling via enhanced adhesion [42]. 
Indeed, re-activated growth signalling by increased adhesion is supported 
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by our data in which we find a strong upregulation of adhesion related 
proteins after EGFR inhibition. Several regulators of the stability of the 
cytoskeleton were upregulated upon treatment. In addition, the protease 
calpain-2, responsible for degradation of focal adhesions, was downreg-
ulated. It is intriguing to speculate that increased ERK signalling is in-
duced by increased adhesion via Ca2+ signalling as the observed effects 
on growth inhibition and apoptosis upon inhibition of either ERK or Ca2+ 
signalling are very similar. 
Cell adhesion is an integral part of the complex and dynamic process of 
migration. Enhanced adhesion could ultimately result in both increased 
and decreased migration and the context determines whether it is onco-
genic or tumour suppressive. Enhanced adhesion initially results in apop-
tosis resistance, stimulating the development of drug resistance [40]. 
However, when cells become increasingly oncogenic due to, for exam-
ple epithelial to mesenchymal transition (EMT), induction of adhesion is 
demonstrated to be tumour suppressive [43]. Increased adhesion has 
been described previously as a resistance mechanism in haematologi-
cal malignancies, referred to as cell-adhesion mediated drug resistance 
(CAM-DR) [44]. EphA4, a key player in CAM-DR, was also shown to be 
upregulated after afatinib treatment in our dat [45]. Inhibition of apop-
tosis in NSCLC has been shown on a mRNA level to be driven by the fo-
cal adhesion pathway [40]. In our data, the main kinase involved in the 
regulation of focal adhesions, FAK, showed altered levels of phosphoryla-
tion, which has been associated with morphologic changes and increased 
adhesion [30–32]. In addition, the focal adhesion associated component 
Paxillin showed increased tyrosine phosphorylation, indicating increased 
stabilisation of adhesive structures. 
From the here presented data, regulation of the cytoskeleton was onco-
genic: enhanced adhesion and decreased migration initiated by afatinib 
treatment most likely resulted in apoptosis resistance. Re-organization 
of the cytoskeleton can, amongst others, be established by altering Ca2+ 
homeostasis, since many adhesion and cytoskeleton remodelling related 
processes are regulated in a Ca2+-dependent manner [46,47]. Not sur-
prisingly, various Ca2+/Calmodulin related proteins were found to have 
increased expression. On the contrary, Calmodulin itself was found to be 
decreased. The latter is difficult to interpret, solely based on the present-
ed data. Future research will be aimed at determining the regulation of 
Ca2+/Calmodulin signalling during adaptive resistance. 
In order to intervene with Ca2+ homeostasis, we cultured the cells in the 
presence of EGTA, a chelating agent with great affinity for Ca2+, or with 
LaCl3, an inhibitor of plasma membrane Ca2+ transporters. In both cases, 
the sensitivity to the three EGFR inhibitors tested in four different NS-
CLC cell lines increased, indicating that EGFR inhibition creates a strong 
dependency on the accessibility of extracellular Ca2+ and in addition im-
plicates a role for Ca2+ signalling during the development of adaptive 
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resistance. More importantly cells treated with EGTA or LaCl3 alone did 
not show any response, highlighting the specificity of the combinatorial 
treatment. Mechanistically we suspect that under the influence of EGFR 
inhibition cells either increase Ca2+ usage and deplete their intra-cellular 
Ca2+ stores, or intra-cellular Ca2+ becomes inaccessible. From literature, 
it is known that Ca2+ concentrations in the cytoplasm can be influenced 
by RTKs, including EGFR, which modulate PIP2/IP3 signalling [48]. Ca2+ 
oscillations in the cell have been shown to be reduced by inhibition of the 
EGFR [49], therefore, it is not surprising that the magnitude of extracel-
lular Ca2+ availability correlated strongly with TKI sensitivity, suggesting a 
direct link between inhibited EGFR signalling and Ca2+ dependency during 
adaptive resistance. However, since Ca2+ signalling has been implicated in 
many processes within the cell, future research will be aimed at determin-
ing the exact role of Ca2+ during the observed adaptation.
When looking at the extensive added effect Ca2+ deprivation, two observa-
tions stand out. First, induction of apoptosis, both in the case of TKI alone 
as well as in combination with EGTA or LaCl3, only occurs 24 hours after 
the start of the treatment. The fact that the effects induced by an EGFR 
inhibitor combined with Ca2+ deprivation follow the effects induced by the 
inhibitor alone, is a strong indication that development of Ca2+ depen-
dency functions in a TKI dependent manner. Secondly, even though the 
addition of extracellular Ca2+ deprivation caused significantly increased 
levels of apoptosis, eradication of the cell population is still incomplete. 
This behaviour, similar to treatment by the TKI alone, demonstrates the 
adaptive capabilities of cancer cells. Even in harsh circumstances some 
cells are able to survive, highlighting the need for further research into 
adaptive resistance mechanisms to targeted therapy. 
Preceding clinical research, fundamental research is necessary to find 
novel targets and therapeutic strategies. Although this study is limited 
to cell line models, the acquired data could lead to a better understand-
ing of cellular behaviour under the pressure of an already well-studied 
and clinically applied drug. Using a simplified disease model, our data 
demonstrates that cells start to modify their signalling directly upon drug 
exposure, revealing an interesting therapeutic window in the study and 
treatment of drug resistance. It shows the necessity to increasingly study 
the short-term and adaptive responses of cells, in contrast with long term, 
acquired mechanisms. In addition, although on a fundamental level, we 
revealed the involvement of calcium signalling in the adaptive response of 
cancer cells. Calcium signalling has been implicated in cancer previously, 
but to our knowledge we are the first to show a direct link between calci-
um signalling and adaptive resistance of cancer cells against EGFR inhibi-
tion. Several ways exist to target calcium signalling in cancer cells [50], 
therefore, a logical next step would be exploring the effects of specific 
small molecule inhibitors combined with existing drugs targeting calcium 
signalling. In addition, detailed knowledge on the behaviour of key play-
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ers in Ca2+ signalling, like Calmodulin, will shed more light on the molec-
ular mechanisms underlying the observed effects. Furthermore, findings 
as presented here, will need to be validated in in vivo models in order to 
be translated into a clinical application. 
In conclusion, this study demonstrates that TKI sensitive NSCLC cells use 
re-organization of their cytoskeleton, regulated by Ca2+ signalling, as an 
adaptive resistance mechanism. Targeting Ca2+ signalling sensitizes the 
tumour cells to TKI treatment in a TKI dependent manner, making the 
global approach of the Ca2+ depletion highly specific. Concentrating on 
combinational treatment as early as possible after drug exposure in a clin-
ical setting, could improve treatment efficacy by preventing any acquired 
resistance mechanism from arising, rather than attempting to cure it.
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Figure S1
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Supplementary Figure S1 – Representative light microscopy pictures of apoptosis 
and migration

A: Measurements of apoptosis was performed in the IncuCyte system, green fluorescence is 
indicative of an apoptotic cell. Light microscopic pictures, representing all replicates, show 
PC9 cells after 3 or 6 days treated with DMSO, growing to full confluence, 1 µM Afatinib, 
showing few apoptotic cells, or 10  µM  afatinib, showing 100% apoptosis. B. Decreased mi-
gration upon EGFR inhibition was quantified by a scratch assay. Representative light micros-
copy pictures of DMSO, afatinib or gefitinib treated cells are shown 0, 24 and 48 hour after 
making the scratch. The same position in the well was depicted for the three time points.
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Supplementary Figure S2 – Clear separation of conditions in each MS data set as 
shown by PCA analysis

Principle component analyses of the different datasets showed clear separation between 
conditions. A: PC9 cells were treated with 10nM Afatinib for 1, 3, 5 or 7 days for full pro-
teome analysis. PCA showed separation of ratios of time points versus DMSO. B: PC9 cells 
were treated with 10 nM afatinib for 1, 2, 3 or 7 days for kinobead pull down. The PCA shows 
the separation of LFQ intensities of the different time points. C: PC9 cells were treated with 
DMSO or 10 nM afatinib for 30 minutes, 2 or 5 days before phospho-peptide enrichment. The 
PCA shows separation of LFQ intensities of the different time points. D: From the kinobead 
pull down data, detailed log2 ratios of kinases of interest are depicted in a heat map to show 
their regulation as compared to untreated cells. Color coding is based on the mean of the 
three replicate MS runs.
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A B

Supplementary Figure S3 – Behavior of four NSCLC cell lines treated by combined 
EGFR inhibition and Ca2+ deprivation 

A: Viability assays are shown of three cell lines used in this study: HCC827, H1975 and 
H1650, to show the difference in sensitivity to EGFR inhibitors (afatinib, gefitinib and erlo-
tinib). B: Viability assays show decreased sensitivity of four different cell lines used in this 
study to the combination of either EGTA or LaCl3 with Afatinib, Gefitinib or Erlotinib. PC9 and 
HCC827 are shown for Afatinib, Gefitinib and Erlotinib. H1650 and H1975 are only shown for 
Afatinib treatment, since they are resistant to Gefitinib or Erlotinib treatment. All cell lines 
are shown to be insensitive up to 1 mM EGTA or LaCl3 treatment. IC50 curves were made 
after 3 days of the start of an experiment. All error bars represent the data of four replicate 
wells within one experiment.
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Materials and Methods
Cells and Compounds
Inhibitors Afatinib, Gefitinib, Erlotinib, Selumetinib, Sapanisertib and Rapamycin were pur-
chased from Selleckchem. EGTA and Lanthanum(III) Chloride hydrate were purchased from 
Sigma-Aldrich. Cell lines NCI-H1975, NCI-H1650, HCC827 were derived from ATCC and PC9 
was derived from Sigma. EGFR-pTyr1068, Paxillin-pTyr31 and Actin Antibody were from 
Abcam. EGFR, Myosin-IIa, Myosin-IIa-pSer1943, Myosin-IIc, Erk1/2, ERK1/2-pThr208/
pTyr206, RPS6, RPS6-p-Ser235/Ser236, MAPK14, Paxillin, Paxillin-pTyr118, FAK, FAK-
pTyr576/577 and FAK-pTyr397 antibodies were from Cell Signaling. GAPDH was derived 
from Genetex.

IncuCyte, Scratch Assay, Apoptosis and IC50 curves
Cells were plated 1500 cells (PC9/H1975) or 2500 (H1650/HCC827) per 96-well. An Incu-
Cyte System (Essen Bioscience) was used to monitor cell growth. For the wound scratch as-
say, scratches were made using the IncuCyte wound maker. Apoptosis was measured using 
the IncuCyte Caspase-3/7 Apoptosis Assay (Essen Bioscience), according to manufacturer’s 
protocol. Viability was measured using AlamarBlue® Cell Viability Assay (ThermoFisher Sci-
entific), and IC50 curves were fitted using a non-linear fit curve fitting in GraphPad Prism 7. 
 
Western Blot
20-30 µg cell lysates were run on a precast gel (Biorad, 12% SDS). Proteins were trans-
ferred to a PVDF membrane in transfer buffer (1x TG buffer (Bio-Rad), 20% methanol). 
Membranes were blocked with 5% milk or BSA before incubation with primary antibody 
overnight at 4oC. Membranes were incubated with secondary antibodies (Dako) for 2 hours 
at room temperature and bands were made visible by Pierce ECL Plus Substrate (Thermo).

Cell Culture
Cells were cultured in a humidified atmosphere and 5% CO2. Growth medium was RPMI 
1640 medium (Lonza), supplemented with 10% Fetal Bovine Serum (Thermo), 1% Pen/
Strep (Lonza) and L-glutamine (Lonza). Cells were tested negative for mycoplasma infec-
tions on a regular basis. 
For proteomics, proteins were labelled with heavy amino acids Arginine-6 and Lysine-4 in 
DMEM depleted of light amino acids (Buchem BV). Cells were cultured for a minimum of 5 
passages to achieve complete labelling. 

Cell Lysis and digestion
Before lysis, all cells were washed with cooled PBS (Lonza). For proteome analysis, cells 
were lysed in 1% SDC, 10 mM TCEP, 100 mM TRIS and 40 mM chloroacetamide (Sig-
ma); protease inhibitors (Complete mini tablet, EDTA-free, Roche), phosphatase inhibitors 
(PhosSTOP tablet, Roche). Next, lysates were sonicated (15 cycles, 30sec on, 30sec off). 
For Phospho proteomics cell pellets were lysed in 7M urea, 1% triton, 100 mM TRIS, 5 mM 
TCEP, 30 mM CAA, 10 u/mL DNAse1, 1 mM Pervanadate, 1% Benzonase, 2.5 mM Mg2+, 
phosphatase inhibitor, protease inhibitors. Next, proteins were precipitated using methanol/
chloroform precipitation. Proteins were overnight digested with Trypsin (Sigma). Peptides 
were desalted using Seppack C18 column (1cc (50mg), Waters Corp.).
For Kinobead analysis, cells were lysed in lysis buffer containing 50 mM TRIS, 5% glycerol, 
1.5 mM MgCl2, 150 mM NaCl, 1 mM Na3VO4, 25 mM NaF, 0.8% NP40, protease inhibitors, 
cocktail of phosphatase inhibitors (see for details supplementary Materials and Methods).

High-pH fractionation, Fe3+-IMAC, Kinobead analysis before LC-MS/MS Analysis
For proteome analysis, 100 µg desalted cell lysate was fractionated on a high-pH gradient. 
Peptides were loaded in buffer A (10mM NH4OH, pH 10) on a Phenomenex Gemini C18 3µm 
100x1.0 mm column using an Agilent 1200 HPLC system. A gradient of buffer B (10mM 
NH4OH in 90% ACN, pH 10) was used for elution. Fractions were analysed separately [51]. 
For phospho peptide enrichment peptides were loaded on a the Fe3+-IMAC column (Propac 
IMAC-10 4x50 mm column, Thermo) [16]. After wash with buffer A (30% ACN, 0.07% TFA) 
peptides were eluted with a gradient of buffer B (0.3% NH4OH). Using a UV-abs signal the 
outlet of the column was monitored and one phospho fraction was collected. Phosphorylated 
peptides were dried in a speedvac and stored at -80oC. 
For kinobead analysis 2 mg of cell lysate was enriched for kinases in a 96-well format using 
the kinobead assay as described previously [15]. After enrichment the eluates were digested 
using in-gel digestion. 
Subsequently, peptides were analysed on an Agilent 1290 LC system (Agilent Technologies) 
coupled to an Orbitrap Q-Exactive HF (Thermo). 
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Data Analysis
RAW files were searched with MaxQuant. Further data processing was done using Perseus 
(v. 1.5.0.0), TIBCO Spotfire (v. 7.6.0.39), Metascape Excel Add-In (v 1.0.0.10) and PHOTON 
[17]. p-values of ratios were calculated per time point using student un-equal variance t-test 
for all data sets. In addition for proteomics and phospho proteomics data an ANOVA p-value 
was calculated. Significance was determined by correcting the p-value for multiple testing 
using a FDR of 5% (S0 set to 1, 250 randomizations).

Supplementary Figure and Material and Methods 
Additional information on used methods, RAW files and supplementary tables and figures 
are provided online. 
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Introduction
Numerous targeted therapies for the treatment of cancer have been FDA 
approved and many more are currently in clinical trials [1]. Despite the 
initial clinical successes, the development of resistance remains one of the 
biggest challenges in cancer therapy [2]. Extensive research on resistance 
has been carried out [3–6], leading to the implementation of addition-
al and/or combinatorial treatments and the development of new drugs, 
targeting the resistance driver [7–9]. For long, resistance has been de-
scribed as intrinsic or acquired, describing pre-existing or newly acquired 
resistance mechanisms, with the main focus on genomic alterations [10]. 
However, the continues research in this field has led to a better under-
standing of this process and it is now widely accepted that the develop-
ment of resistance is a dynamic process with heterogeneous kinetics, in 
which it becomes more apparent that a various amount of other cellular 
processes beyond genomic alterations can have equally harmful effects 
[11]. Building on this knowledge, several studies describe a drug persist-
ing state during early treatment, where the cells show a slow growing 
phenotype without any genetic cause, with a subsequent escape into a 
more proliferative state [10,12]. Some describe this as a form of intrinsic 
resistance, where slow growing cells escape the drug treatment, as those 
drugs are often mainly designed to target proliferating cells [13]. Others 
describe it as an acquired resistance mechanisms which is induced by 
drug treatment [14]. Terms including adaptive resistance, cellular plas-
ticity or phenotypic changes are differentially used throughout literature 
to describe both the short-term persisting state as well as a long-term 
and increased proliferative state. 
This great variety of resistance mechanisms that can evolve upon treat-
ment, even apart from inter tumour and patient heterogeneity, hampers 
the success of cancer therapy [15]. In order to design the most opti-
mal cancer therapy, it is necessary to study and understand not only all 
possible end points of resistance and possible oncogenic mutations, but 
also the entire process of cellular adaptation and development of resis-
tance. An often used method of studying resistance in vitro is to expose 
a sensitive cell line to a drug of choice for an extensive amount of time, 
subsequently inducing drug resistance [16,17]. Unlike an artificially in-
troduction of a genetic mutation in vitro in order to induce resistance 
[18], prolonged drug exposure pushes cells into resistance in a more 
physiological manner. Although this method is often used to find novel 
oncogenic mutations, it is additionally well suited to study both the time 
line of adaptive resistance as well as the amount of heterogeneity within 
the produced resistant cell lines. 
In this study, the non-small cell lung cancer (NSCLC) cell line PC9 was 
used, which is driven by a constitutively active epidermal growth factor 
receptor (EGFR) due to the DelE746A750 deletion. This cell line is sensi-
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tive for EGFR inhibition by small molecule treatment, including the first 
and second generation tyrosine kinase inhibitors (TKI) gefitinib and afati-
nib, respectively. Sensitive cells were treated with both drugs separately 
in order to induce resistance. After the desired decrease in drug sensi-
tivity was reached, different clones were produced by clonal expansion 
in order to reduce heterogeneity within each cell line [19]. Doing so, if 
the drug exposure induced multiple resistance mechanisms, the different 
phenotypes would be separated enabling them to be studied individually. 
Furthermore, the parallel study of multiple clones makes it possible to 
determine drug and cell line specific resistance characteristics. In total, 
a panel of 14 resistant clones were produced and analysed by a shotgun 
proteomics workflow. Shotgun mass spectrometry provides a discovery 
based method to study the molecular characteristics of resistant cells, 
which makes it possible to delineate all adaptations and map the hetero-
geneity during adaptive resistance. Additionally, the use of an optimised 
sample preparation for the enrichment of phosphorylated peptides made 
it possible to map both the proteomic as well as the phosphoproteom-
ic landscape. This comprehensive analysis permitted the portraying of 
different stages and outcomes of the development of drug induced re-
sistance in vitro. Several aspects of the development of resistance were 
analysed in more detail, including heterogeneity between clones of similar 
or different treatment origin, (phospho)proteomic changes over time and 
drug specific resistance characteristics. 

Results
Characterisation of afatinib and gefitinib resistant cell lines
Sensitive PC9 cells were exposed to 1 µM of either afatinib or gefitinib 
for several weeks to induce drug resistance (Figure 1A). After 16 weeks 
cells were considered resistant, based on proliferation speed in the pres-
ence of the drug (Figure 1B, C), and the heterogeneous pool of resistant 
cells were plated single cell for clonal outgrowth. In total, 14 clones were 
able to form (10 afatinib-resistant (AR) clones, 4 gefitinib-resistant (GR) 
clones). In addition to the 14 clones, the heterogeneous pools of gefi-
tinib-resistant and afatinib-resistant cells of which the clones originated 
from were included in the analysis. All 16 cell lines were monitored for 
their speed of growth (Figure 1B, C). In addition, the morphology of all 
cell lines was profiled by light microscopy images of both low and high 
confluence plates (Supplementary Figure S1). 
Prior to further analysis, the expression levels and activity of EGFR and 
ERK were probed by western blot in 48 hour treated parental cells and 
a selection of clones (Supplementary Figure S2A). As shown by the de-
crease of phosphorylation on activity inducing site Tyr1068, the EGFR 
was inhibited in both 48 hours treated cells and afatinib or gefitinib resis-
tant clones. However, MAKP1/3-pY187/202 phosphorylation increased in 



SIX

132
Early induced resistance against targeted therapy shows extensive 

homogeneity on (phospho)proteome level

both afatinib and gefitinib clones, indicating the induction of alternative 
growth stimulating pathways, besides EGFR activation in these resistant 
clones. These results were in excellent correlation with the proteome and 
phosphoproteome data as described below (Supplementary Figure S2B). 
Indeed, EGFR protein levels were shown to be upregulated, whereas 
MAPK1/3 expression levels did not change. Additionally, the phosphopro-
teome data confirms the rapid and persistent phosphorylation of MAPK1-
pY187 and MAPK3-pY202 (Supplementary Figure S2B).

Figure 1 – Prolonged drug exposure induces resistance against EGFR inhibition
A: In order to induce drug resistance, PC9 parental cells, sensitive to EGFR inhibition, were 
treated with either afatinib or gefitinib. After 16 weeks, cells were found to be resistant 
(afatinib resistant pool (AR pool), gefitinib resistant pool (GR pool)). Both pools were plated 
out at the single cell level, and resistant clones were allowed to grow out in the presence 
of the drug. After 4 additional weeks, 4 gefitinib resistant and 10 afatinib resistant clones 
had grown out. In addition to the WT, AR/GR pools and the 14 clones, WT cells treated for 
2 days with either drug were taken along in the analysis, to discover early drug responses 
and map TKI resistance development in time. B-C: Of all clones, the speed of proliferation 
was monitored in the IncuCyte to demonstrate resistance. The confluence was plotted over 
time as a measure of proliferation. 
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(Phospho)proteome analysis of resistant cell lines
Both afatinib and gefitinib target mutated Epidermal Growth Factor Re-
ceptor (EGFR), which is an important kinase upstream of several signal-
ling pathways involved in growth and survival. In order to study altered 
signalling events, upon EGFR inhibition, a phosphopeptide enrichment 
[20,21] was performed prior to MS analysis enabling the study of both 
proteome as well as phosphoproteome during the course of resistance 
development. Besides the resistant clones, the analysis included three 
biological replicates of sensitive PC9 wild type cells as a control (from here 
on: WT), and WT PC9 cells treated for a limited time period (2 days) with 
afatinib or gefitinib to study short-term drug effects. 
The cumulative dataset comprised quantification data for >4,100 pro-
teins and >12,000 class I (>0.75 localisation probability) phosphosites, 
belonging to >3,100 phosphoproteins (Supplementary Tables 1, 2). As a 
start, for both proteome as well as phosphoproteome the Pearson cor-
relations between each replicate were mapped (Figure 2A). In general, 
the patterns of proteome and phosphoproteome data were comparable. 
Furthermore, although all samples showed large correlations, with the 
smallest correlation being 0.9 in the proteome dataset and 0.7 in the 
phosphoproteome dataset, clear differences could be observed between 
clones. First, the lowest correlation could be observed between the two 
heterogeneous population of cells originating from either afatinib or ge-
fitinib drug treatment. In contrast, both afatinib or gefitinib short-term 
treated cells showed a relatively high correlation to each other, suggesting 
similar short-term effects of both drugs on the cells, but a segregation of 
resistance mechanisms on the longer term. Second, both heterogeneous 
AR and GR pools did not show a high correlation to their respective clones, 
despite the fact that the pools are the clone’s ancestors. Lastly, within the 
group of GR clones the correlation is high, indicating only minor differenc-
es between the clones. In contrast, within the group of AR clones more 
heterogeneity exists, which separates the clones in three distinct groups 
comprised of the clones 1C5, 2F1, 3D5, 3E7, 1B7, 1F9 and 1H2 as the first 
group, clones 2B7, 3E2 as the second group, and 2F6 as a third group. 
Next, principle component analysis (PCA) showed the behaviour of the 
different clones and conditions as compared to one another (Figure 2B). 
Interestingly, the separation in the first component, indicating the main 
variation, is caused by differences in sensitive to resistant cell lines, 
whereas the separation on the second component describes the distinc-
tion between the drug treatments. This suggest that, even though treat-
ment type can be distinguished, a certain homogeneity exist between all 
resistant clones, since they are more different from the untreated paren-
tal cells than they are from each other. Second, although according to 
the Pearson correlation the short-term treated cells showed great sim-
ilarity, they were separated on the second component in the PCA, indi-
cating some drug specific effects which were already visible after only 
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48 hours of treatment. Furthermore, the afatinib and gefitinib induced 
clones were closest to the short-term treated cells of the same drug. This 
suggests that the differences that exist between afatinib and gefitinib in-
duced clones indeed already exist after short-term drug treatment, and 
can be measured after only 48 hours of treatment. Lastly, within the 
group of afatinib induced clones the PCA analysis distinguished 3 distinct 
groups which are the same as derived from the Pearson correlation plot 
(Figure 2A). For the group of gefitinib induced clones, PCA distinguished 3 
clusters of 1G2 and 4E8 together, the GR pool and 2E8 together, and 4E7 
which lie in between the two other clusters (Figure 2B). This is in contrast 
to the Pearson correlation plot, in which all clones except from the GR 
pool, showed a high correlation. 

Resistance mechanisms could be detected at the phosphopro-
teome level after 2 days of treatment
The method of creating resistant clones with the here described approach 
is based on the assumption that the cells need several months of culturing 
in the presence of the drug to be able to develop resistance. Most likely, 
this is true for cells that acquire novel oncogenic mutations, since several 
cell divisions are necessary for the acquisition and positive selection of a 
new mutation. However, protein turnover, and even more so changes on 
the phosphoproteome level, can occur at a very short timescale. There-
fore, induced resistance due to genomic alterations needs to be distin-
guished from adaptive resistance due to (phospho)proteomic alterations.
In order to dissect the changes that could explain the differences in drug 
susceptibility, proteome and phosphoproteome data of all clones, AR and 
GR pools and afatinib and gefitinib short-term treated cells were com-
pared to the untreated parental cells and statistical relevance was tested 
using a student’s t-test. Cut-offs for determination of significance was set 
by a S0 curve with an FDR of 5%. After only 2 days of treatment, a mi-
nority of proteins was significantly changed (Figure 3A), however around 
20% of all identified phosphosites were significantly regulated (Figure 
3B), demonstrating a minimal change in protein turnover and/or expres-
sion, but a quick alteration at phosphoproteome level. After long term 
treatment and clonal expansion on average 20% of the proteins (Figure 
3C) and 26% of all phosphosites (Figure 3D) identified and quantified 
in each clone was significantly different from untreated WT cells. Fur-
thermore, proteins were in general found to be more upregulated than 
downregulated, whereas the phosphoproteome was equally up and down 
regulated. This can most likely be explained by the fact that a (de)phos-
phorylation could mean both activation as well as deactivation. 
Next, it was reviewed if the changes on the phosphoproteome level that 
occurred after 2 days of treatment were related to regulated phosphory-
lation events that discriminate sensitive from resistant cell lines at a later 
stage. Therefore, we selected all phosphosites that were affected after 
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Figure 2 – Correlation and PCA of (phospho)proteome analysis of drug resistant 
clones
A: After MS analysis, the different clones and conditions were clustered and separated based 
on their Pearson correlations. The colour scale of the correlation is different in both plots 
(proteome: left, phosphoproteome: right) due to differences in the amount of variation 
between the samples. The colours beneath the column or row titles indicate the respective 
drug treatment or time scale (blue: gefitinib, long term; green: afatinib, long term; orange: 
Wild type, parental or short term treatment). B: An alternative approach of visualising 
variation or correlation between conditions/clones is a PCA plot. The X-axis represents the 
first component, describing the separation between sensitive and resistant cells. The Y-axis 
represents the second component, describing the different drug types (AR or GR clones are 
indicated with dotted circles). Colours depict different types of cells: untreated parental cells 
(grey), short term gefitinib treatment (blue), short term afatinib treatment (green), GR 
clones (different shades of purple), AR clones (different shades of red).
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Figure 3 – Quantification of proteome and phosphoproteome
Each condition or cell line was compared to untreated WT cells. A, B: Volcano plots after 
short term treatment with afatinib (left) or gefitinib (right) showed very little changes on the 
proteome level (A) but large changes on the phosphoproteome level (B). On the X-axis the 
ratio between the treated cells and the untreated WT cells is shown, on the Y-axis the p-val-
ue (-log10) of the t-test between the samples is shown. Indicated in red are the significantly 
regulated proteins or phosphosites, according to a cut-off based on an FDR of 5%. The pie 
chart shows the distribution between regulated (red) and not regulated (black) proteins or 
phosphosites; arrows and numbers indicate the direction of the regulated proteins or sites. 
C, D: The amount of changed proteins (C) or phosphosites (D) are shown as bar plots. On 
the Y-axis the percentage of changed proteins/sites of all quantified proteins/sites per con-
dition is shown. The bars are coloured for the direction of regulation: upregulated (grey) or 
downregulated (black). The number on top of each bar represents the number of changed 
proteins or sites. The dotted lines represent the average percentage of regulated proteins or 
phosphosites of all long term treated clones. E: All phosphosites that were affected after two 
days of treatment were analysed for reoccurrence as significantly regulated in a long term 
treated clone (afatinib: left, gefitinib: right). On the X-axis the number of reoccurrences of 
a phosphosite is shown, on the Y-axis the percentage of phosphosites of the total number of 
sites regulated after 2 days is shown. The dotted line indicates 50% of all sites. The inserted 
pie plots show the direction of regulation of sites that were regulated after two days and 
regulated in at least one long term treated clone. The percentage of sites regulated in the 
same direction (i.e. up- or downregulated in both short and long term) is shown in black, in 
the opposite direction in red (i.e. up after short term, downregulated after long term treat-
ment or vice versa).
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2 days of treatment and evaluated if these sites were still significantly 
affected in the resistant cell lines. Figure 3E shows the cumulative reoc-
currence of a phosphosite which was affected after short-term treatment 
in one or more long term treated clones. In both treatments the overlap 
is extensive, since only a minority of phosphosites were no longer found 
in any of the clones (12% for afatinib and 16% for gefitinib treatment). 
Furthermore, more than 50% of all phosphosites were recurrently affect-
ed in >5 out of 11 (afatinib) or >2 out of 5 (gefitinib) clones. Moreover, 
if the phosphosites which were significantly regulated in both the short 
term treated cells and in at least one of the long term treated clones 
were inspected for the direction in which they were regulated, it appeared 
that 95,6% in afatinib treated clones, and 97% in gefitinib treated clones 
were changed in the same direction as after 2 days of treatment (Fig-
ure 3E, inserts). This indicates a large homogeneity between the clones 
and a large overlap between the long term treated clones and the short 
term treated cells. Therefore, we hypothesize that the proteomic changes 
which the long term treated clones adopted in order to become resistant 
were already present and could be measured after only 48 hours of drug 
treatment.

Large homogeneity exists between clones on both proteome 
and phosphoproteome level
In both the Pearson correlation and PCA plots, AR and GR clones could 
clearly be distinguished, indicating drug specific effects. Subsequently, 
calculated ratios of all conditions versus untreated WT cells were mapped 
by hierarchical clustering to identify differential regulated proteins and 
phosphosites between clones (Fig 4A). Similar to the PCA and correlation 
plots, the main visual clusters indicate the two groups of clones of similar 
origin (AR or GR clones). However, although the separate clones could be 
distinguished in the PCA and correlation plots, the hierarchical clustering 
showed negligible differences between the clones of similar drug treat-
ment. The phosphosites inside the cluster which distinguished the two 
groups the most was investigated for enriched pathways to identify drug 
specific altered pathways. Pathway enrichment analysis showed the main 
differentiating factor between AR and GR clones to be RNA splicing (Fig 
4A, bar plot).
In order to validate if the detected differences between the two drug 
treatments were also determining specific drug resistance, clones were 
treated with the opposite drug as to which they initially developed resis-
tance to (i.e. AR clones with gefitinib, and GR clones with afatinib). All 
clones showed to be resistant for both afatinib and gefitinib, unrelated to 
the drug used for resistance induction (Fig 4B). This indicates that, apart 
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from minor differences between clones and a clear separation of origin 
from either AR pool or GR pool in clustering analyses, all clones adapted 
to either drug treatment with highly similar, or maybe even the same re-
sistance mechanisms. 

Generic affected pathways upon resistance development
In order to discover the most generic regulated pathways, shared by most 
clones, all proteins that were regulated in >13 clones were plotted in a 
heat map, to show their regulation in each clone compared to the untreat-
ed wild type cells (Supplementary Figure S3A). This analysis showed that 
these most robustly changing proteins across all clones are all regulated 
in the same direction (i.e. either up or down), with the exception of 4 
proteins. All four, including two HLA genes and two metabolic enzymes, 
were upregulated in afatinib clones, but downregulated in gefitinib clones 
(Supplementary Figure S3B). 
For the phosphoproteome data, similar to proteome data, all detected 
sites in at least 13 out of 16 clones were regulated in the same direction 
(i.e. up or down), showing a certain robustness in their (phospho)pro-
teomic transformation. In this case, all sites were taken along in further 
analysis, for no distinction in up or down regulation was made (Supple-
mentary Figure S3A).
In Supplementary Figure S4 STRING networks are shown of the commonly 
regulated (phospho)proteins indicated in supplementary figure S3A. Re-
garding the proteome (Supplementary figure S4A) 4 clusters of proteins 
could be identified, containing proteins related to adhesion and morphol-
ogy (blue), metabolism (green) and DNA (orange) and RNA processing 
(yellow). Clusters of regulated phosphoproteins (Supplementary Figure 
S4B) showed great similarity with the proteome data, including regulation 
of proteins associated with transcription, DNA and RNA processing, pro-
tein folding and degradation, cell cycle, adhesion, metabolism and EGFR 
signalling. Considering that both afatinib as well as gefitinib inhibit the 
tyrosine kinase EGFR, it is not surprising to see large changes amongst 
phosphoproteins associated with this last pathway. The regulation at the 
cell cycle level are more difficult to explain, since the AR and GR clones 
are proliferating at a similar speed as the untreated parental cells (Figure 
1B). This indicates, that despite EGFR inhibition, the clones have found a 
way to continue proliferation, but in order to do so, they might use differ-
ent pathways compared to WT cells. 

PHOTON analysis shows splicing to be the main discriminat-
ing factor between clones
Due to the diverse biological effects of phosphorylation on the function 
of proteins, interpretation of phosphorylation data often needs additional 
processing, for example by using the tool PHOTON [22]. This tool converts 
ratios of phosphorylation events on a peptide level into a functionality 



SIX

139
CHAPTER SIX

score on a protein level. Additionally, this tool includes all phosphorylation 
events, in contrast to only the significantly changing events, thereby in-
creasing the scope of the analysis. Figure 5 shows the hierarchical cluster-
ing of the data after PHOTON analysis. In contrast to the clustering based 
on significant ratios (Figure 4A), clones from different drug treatments did 
not all cluster together in this analysis. The main cause for this discrepan-
cy is the cluster at the bottom (grey), consisting of proteins that are part 
of the spliceosome. This is in agreement with the hierarchical clustering 
of significantly regulated phosphosites, where the major differentiating 
proteins were associated with the spliceosome as well (Figure 4A). It 
has already been shown by others that regulation of the spliceosome 
and the following expression of splice variants can cause resistance or 
increased oncogenic circumstances [23]. What is interesting however is 
that the spliceosome is differentially regulated between different clones, 

Figure 4 – A (phospho)proteomic signatures of resistant clones
A: Ratios of each clone or condition as compared to the untreated parental cells of both 
proteome (left) and phosphoproteome (right) data was clustered by hierarchical clustering. 
Dendograms on the top show a clear clustering of AR (indicated in green) of GR (indicated in 
brown) clones. The middle cluster in the phosphoproteomic data (indicated in the black box) 
was examined for GO term enrichments (bar plot). On the X-axis is the -log10 p-value of the 
enrichment, the numbers next to the bars are the amount of proteins found/the amount of 
proteins documented to belong to the specified pathway. B: Although some differences can 
be seen in the clustering, the general (phospho)proteomic signature was highly similar. This 
observation was confirmed by the cross-reactivity of selected clones against the alternative 
drug (i.e. AR clones for gefitinib, GR clones for afatinib resistance). On the Y-axis the per-
centage of confluence is shown as a measure for growth, on the X-axis the time of treatment 
is shown.
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as shown by the PHOTON functionality score. In our data, the clones 2E8-
GR, 4E7-GR, GRpool, 2F6-AR, 1F9-AR, 1B7-AR, 3E7-AR and 3E2-AR show 
an increased functionality of the spliceosome, where the clones 1C5-AR, 
ARpool, 2B7-AR, 1H2-AR, 2F1-AR and 3D5-AR show a decrease in func-
tionality. The clones 4E8-GR and 1G2-GR show very little regulation. In 
addition, spliceosomal proteins are the most activated proteins after short 
term treatment for both drug conditions, indicating that the spliceosome 
is already affected after only a very short period of time. In addition, the 
cluster which consists of proteins associated with endocytosis (indicated 
in green), are differentially regulated between the different drug types. 
Mainly 1H2-AR, 2F1-AR, 3D5-AR, 4E7-GR, GRpool, 3E7-AR and 3E2-AR 
show increased functionality. 
The other three highlighted clusters show a more distinct pattern between 
the two drug types. The top cluster (blue) describes the RNA polymerase, 
transcription related proteins, DNA repair and immune response related 
proteins. These proteins are decreased in functionality in the gefitinib 
treated clones. In contrast, the second cluster from the top (red) displays 
proteins that are increased in functionality in the gefitinib clones, describ-
ing vesicle transport, microtubule associated proteins and the ribosome. 
The last cluster (yellow) display proteins increased in AR clones and de-
creased in GR clones, containing proteins related to nucleic acid metabolic 
pathways, telomeres and chromatin organization. 
Based on these results, the here presented data suggests that GR clones 
showed increased translation, whereas AR clones showed increased tran-
scription and DNA repair. Furthermore, the regulation of the spliceosome 
was quick and abundant, and seemed to be independent of drug type. 

Isoform specific peptides show differentially regulation due 
to alternative splicing 
Alternative splicing of mRNAs before translation increases diversity of the 
proteome, and is used by the cell as an additional layer of complexity 
during transformation at the time of disease or resistance development 
[23]. Several mechanisms of splicing contribute to the production of dif-
ferent isoforms of the same gene transcript, retaining different cellular 
functions [23]. Shotgun proteomics is an excellent tool to study these 
regulations. The detection of opposing regulation of isoform specific pep-
tides provides detailed insight in the regulation of different isoforms, in 
both full proteome as well as in phosphoproteome data. 
Since the data presented here indicated regulation of the spliceosome, 
the data was inspected to find isoform specific peptides. In total in the 
proteome data, 215 isoform specific peptides were found originating from 
51 proteins (counting different isoforms as one), for which at least 2 
different isoforms were detected (Supplementary Table 1.3). Under the 
same criteria, in the phosphoproteome data, 106 isoform specific pep-
tides, originating from 22 proteins were identified (Supplementary Table 
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2.3). For most peptides, no significant regulation could be detected (145 
out of 215 on the proteome level, 60 out of 106 on the phosphopeptide 
level), or peptides from different isoforms showed identical trends indi-
cating regulation of the protein or phosphosite independent of alternative 
splicing. 
Figure 6 shows the alternative splicing, sequence and regulation of de-
oxyuridine 5-triphosphate nucleotidehydrolase (DUT). This protein is a 
UTPase, depleting the UTP pools in the cells by enzymatic conversion sub-
sequently inhibiting DNA damage. Already in 1996 it was shown that this 
protein has two isoforms which have distinct localisations to either the 
mitochondria (DUT-M) or the nucleus (DUT-N) [24]. Furthermore, only 
the nuclear isoform has been shown to be phosphorylated, despite the 
presence of the homologue serine in both isoforms [25]. Although the 
function of this phosphosite is not known yet, it is considered a CDK1 
target based on the consensus sequence and kinase directed phosphopro-
teomics, indicating a role of the DUT-N in the cell cycle [25,26]. Figure 6A 
and 6B show the alternative splicing of this protein and the subsequent 
amino acid alignment. Indicated in red and in blue (Figure 6B) are the 
peptides that were identified in this study. The abundance of DUT-M did 
not change significantly in any of the clones, whereas DUT-N, although 
not identified in all clones, showed increased abundance in 10 out of the 
19 clones, including both short term treated conditions (Figure 6C). Fur-
thermore, Ser11 on DUT-N was increasingly phosphorylated in 10 and 
downregulated in 2 out of 19 conditions (Figure 6D, top). 
DUT-N has been suggested to be phosphorylated by CDK1 [25,26]. CDK1 
expression did not change in any of the clones (data not shown). How-
ever, the known activating phosphorylation site of the kinase, Tyr15, was 
shown to be increased in all but 3 of the conditions (Figure 6D, bottom). 
Furthermore, the absence of increasing phosphorylation of CDK1 in 1F9 
and the AR pool was accompanied with absence of regulation of phos-
phorylation of DUT-N (Figure 6D, dotted lined boxes). Also, the significant 
decrease of phosphorylation of CDK1 in the short term afatinib treated 
cells was accompanied by a decrease of phosphorylation of DUT-N in the 
same condition, despite increased abundance of this isoform.

Specific regulation of protein expression and phosphoryla-
tion status are indicative of individual clones
Although quite some homogeneity exists between the changes in pro-
teome and phosphoproteome, some differences in regulation between 
the distinct clones could still be observed. In addition, several proteins 
showed quite an extreme regulation at the phosphorylation level. Below, 
3 of these proteins were discussed in more detail.
High expression levels of the heat shock protein HSP27 (HSPB1) have 
been implicated in poor clinical outcome for cancer patients, increased 
metastatic potential and resistance to cancer therapy for a variety of can-
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cers [27]. In our data, the expression levels of HSP27 seemed to vary 
over the different clones (Figure 7A). The phosphorylation status of HSP27 
however showed some interesting trends. HSP27 Ser82 phosphorylation 
could only moderately be detected in WT cells (only a single detection in 9 
measurements). After 2 days treatment however, Ser82 phosphorylation 
is well detected in both the afatinib as well as gefitinib condition (Figure 
7A). Over time, phosphorylation levels continued to increase, except the 

Figure 5 – PHOTON analysis of phosphoproteome data
Phosphoproteome data was processed with the PHOTON algorithm [22]. This tool trans-
forms ratios per phosphosite into activity scores per phosphoprotein on a scale from -9 to 
9, which can be clustered by hierarchical clustering. Several, with boxes indicated clusters 
of phosphoproteins were selected and manually annotated for associated pathways, based 
on information of GO terms, STIND-db, Uniprot and published literature. Interestingly, cell 
lines with similar drug origin did not cluster together. The main driver of the clustering was 
by differences in the activity of the spliceosome, indicated at the bottom cluster.  
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2F6 afatinib clone and the 4E7 gefitinib clone (Figure 7A). HSP27 Ser82 
phosphorylation has been implicated in regulation of HSP27s oligomer-
ization state, in which phosphorylation promotes oligomer dissociation, 
enhancing chaperone activity and anti-apoptotic signalling [27]. Another 
site on HSP27, Ser15, showed an opposite trend, as it was downregu-
lated in most afatinib and gefitinib clones. Despite an important role for 
HSP27 in cancer, only limited studies have actually tried to target HSP27. 
Two inhibitors for HSP27 exist, one being the oligonucleotide Apatorsen 
(OGX-427) [28] the other being the Herpes Simplex drug Brivudine [29]. 
Lelj-Garolla et al. [30] observed erlotinib-resistance related to increased 
HSP27 levels in NSLC cell lines (HCC827 and A549) and presented pre-
clinical evidence that inhibition of HSP27 using OGX-427 in combination 
with erlotinib treatment enhanced antitumor activity and delayed A549 
xenograft growth in mice. Brivudine directly binds HSP27 and restores 
apoptosis by inhibiting the interaction of HSP27 with pro-apoptotic pro-
teins. In future experiments it would be interesting to test the effect of 
HSP27 inhibition on the here presented clones and in the process of re-
sistance development. 
EPS8 has been implicated in cancer cell migration and epithelial to mes-
enchymal transition (EMT) before, and its expression levels has been cor-
related with chemotherapeutic response [31,32]. However, little is known 
about the role of EPS8 phosphorylation in these processes. In our data, 
EPS8 Ser685 and Ser476 phosphorylation decreased in all afatinib clones, 
whereas Ser659 phosphorylation increased in all clones compared to WT 
cells. Furthermore, EPS8 protein expression seemed to increase in all 
gefitinib clones. This indicates a differential response of EPS8 phosphor-
ylation which correlates with the drug used. EPS8 is an adaptor protein 
which is directly involved in EGFR signalling through Rac, and trafficking 
through Rab, depending in its association partner [33]. As both drugs in-
hibit EGFR, but in a reversible (gefitinib) or irreversible (afatinib) manner, 
differences in direct downstream signalling, especially on adaptor proteins 
might be a reflection of drug action.
TRIM33 is an ubiquitin E3 ligase and has recently been identified as a 
tumour suppressor that can abolish tumour cell proliferation and tumori-
genesis by degrading nuclear β-catenin [34]. In addition, loss of TRIM33 
has been linked to resistance to BET inhibitors in cancer [35]. In our data, 
TRIM33 expression did not vary significantly in the clones compared to 
the WT. However, TRIM33 Ser1119 phosphorylation is upregulated in all 
gefitinib and afatinib clones, an effect that additionally already could be 
observed after only 48 hours of gefitinib treatment. Although no function-
al implications have yet been correlated with Ser1119 phosphorylation, 
the site represents a classical AKT1 phosphorylation site, bearing the RX-
RXXS motif. Future research should reveal whether TRIM33 phosphoryla-
tion status influences its role as a tumour suppressor.  
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Discussion
Several studies in the field of cancer research show that the development 
of drug resistance is a fluent and dynamic process, in which a variety 
of pathways are involved [11,12]. Unfortunately, the discovery of more 
and more resistance causing pathways and oncogenes has only further 
raised the awareness of the extremely heterogeneous nature of cancer. 
Furthermore, since resistance can arise from a multitude of origins, which 
all take a different amount of time to emerge, it is important to consider 
the timeframe of resistance development. An increasing amount of can-
cer research focusses on the initial adaptive, non-mutational response 
of cells upon drug treatment addressing both the varying time scale and 
the wide range of resistance mechanisms [11,12,36]. In this study, the 
adaptive response was studied on a proteome level, trying to map the 
early response of NSCLC cells upon EGFR inhibition, thereby revealing 
potential therapeutic targets and the level of heterogeneity during early 
adaptation. 
The main finding of this study indicates that large homogeneity exists 
between treatment conditions at different time points and between the 
produced resistant clones. We showed that already after 48 hours of drug 
treatment a large set of phosphosites were differently regulated compared 
to untreated parental cells. Following weeks of treatment and further in-
duction of resistance the same phosphosites remained affected. There-
fore, we hypothesize that the development of resistance we observed 
after prolonged treatment could potentially already have been observed 
after only 2 days of treatment. Although further expansion of these cells 
might lead to additional mutations which cannot yet be predicted, this 
data indicates that the early, initial drug response is extremely quick and 
lasting. 
Furthermore, the emergence of resistance in the 2 pools and subse-
quent 14 clones developed extremely homogenous. Despite the fact that 
the used drug, the exact speed of proliferation and morphology differed 
slightly between the clones, the proteome and phosphoproteome signa-
tures were extremely similar. Even though this study was performed in 
vitro, this might be an indication that when the development of resis-
tance is considered as a therapeutic target, and not the end result (i.e. 
an acquired mutation), a common treatment strategy could be beneficial; 
the earlier a resistance process can be targeted, the more homogenous 
the cell population will be. Further underlying the observation of early 
homogeneity is the lack of reactivity of GR clones to afatinib treatment. 
As a second generation EGFR inhibitor, afatinib was initially designed to 
overcome resistance against the first generation inhibitor gefitinib [37]. 
However, this is mainly specified to the acquisition of the T790M mutation 
of the EGFR. The results shown here indicate that gefitinib resistance due 
to other factors than the T790M mutation fail to be inhibited by afatinib 
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treatment. 
Cancer has mainly been described in literature as a genetic disease, with 
the main cause of oncogenic phenotypes being chromosomal instability 
and subsequent mutation of key oncogenes [38–40]. However, an in-
creasing amount of literature has become available describing oncogenic 
features of non-mutational cellular processes [11]. In the data described 
in this study, the analysis of the set of clones showed significant chang-
es in protein abundances. In addition, a large portion of these regulated 
(phospho)proteins were involved in processes associated with transcrip-
tion, translation and protein folding, underlying the observation of pro-

Figure 6 – Alternative splicing of DUT in a subset of resistant clones
A: Alternative splicing of the DUT gene result in the expression of two isoforms. The main 
biological difference between the different isoforms is the localisation, where DUT-M resides 
in the mitochondria and DUT-N in the nucleus. Furthermore, only DUT-N can be phosphory-
lated, as indicated with a -P. B: both isoforms were identified by MS analysis by the identi-
fication of an isoform specific peptide, indicated in the aligned sequence in red (DUT-M) or 
blue (DUT-N). Only the first part of the protein is shown. Annotations: “-” no amino acid; 
“.” Different amino acid; “*” the same amino acid. C: Both isoform specific peptides were 
identified and quantified in the majority of the clones in the proteomic data. The isoform 
specific peptide of isoform 1 (DUT-M) showed no regulation in either of the clones (top). In 
contrast, the isoform specific peptide for isoform 2 (DUT-N) showed significant regulations 
in 9 conditions (bottom). D: It has been shown that only DUT-N can be phosphorylated on 
Ser11. Indeed, only a phosphopeptide of isoform 2 could be identified, showing significant 
regulation in 12 clones (top). This phosphosite is hypothesized to be phosphorylated by the 
kinase CDK1, of which the activating site (pTyr15) showed significantly upregulation in 15 
conditions (bottom). Dotted boxes indicate three interesting clones, where the lack of DUT-N 
regulation matches the lack or downregulation of CDK1 activity. Of all bar graphs: on the 
Y-axis is shown the log2 ratio of the specified condition on the X-axis against the WT cells. 
Error bars indicate triplicates. *: p-value < 0.05. 
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teomic adaptation upon oncogenic transformation. 
Proteomic changes that were detected to be altered in all resistant clones 
were found to be involved in metabolic pathways, endocytosis and cyto-
skeleton reorganisation. Despite the fact that cancer research is mainly 
focussed on genomic alterations to explain drug resistance, the processes 
identified in this study have indeed been shown before to enhance drug 
resistance and oncogenic properties. Firstly, a large group of metabolic 
enzymes were differentially regulated in all clones. Indeed, involvement 
of metabolic alterations enabling cell to resist drug treatment has been 
shown repeatedly [41–44]. Furthermore, the analysis of the phosphopro-
teome data revealed differentially regulation of endocytosis between the 
different clones. Endocytosis of transmembrane growth factor receptors is 
a mechanism of regulation inducing either amplification of the growth sig-
nal by altered localisation into endosomes or degradation of an activated 
receptor into the lysosomes via a negative feedback loop [45,46]. Lastly, 
a clear regulation was observed of adhesive structures and morphology. 
Additionally, the microscopic pictures of the changes in morphology also 
confirm large changes in cell polarity, adhesive structures and cell-ma-
trix connections. We and others have shown before that early altered 
adhesion can enhance anti-apoptotic processes enabling drug resistance 
[47,48]. Moreover, further development of the metastatic properties of 
cells can lead to the extremely oncogenic process of epithelial-to-mes-
enchymal transition (EMT) [49]. Further validation experiments would be 
necessary to delineate the influence of these pathways in this particular 
disease model.
Despite the large homogeneity between clones, they could still be dis-
tinguished based on their proteomic signature. The major discriminating 
factor between clones was shown to be the regulation of splicing. Splicing 
is one of the mechanisms the cell uses to increase proteomic diversity 
by the production of protein isoforms executing different cellular func-
tions [23]. Splicing has been shown to be heavily involved in oncogenic 
transformation, and several therapeutic strategies have been designed to 
target the spliceosome machinery in cancer [50]. Splicing in cancer can 
be studied by shotgun proteomics through the identification of isoform 
specific peptides and their changes in abundance or level of modification. 
The major advantage of the use of proteomics data over genomic or tran-
scriptomics data is the evidence of the actual presence of the proteomic 
isoform, since it has been shown that the majority of alternative tran-
scripts never produce a working protein [51]. However, the disadvantage 
is the necessity of large sequence coverage of the different isoforms in 
question and confident fragmentation of their peptides in order to identify 
and quantify multiple isoform by their specific peptides. 
A protein found to be differentially expressed and phosphorylated as two 
isoforms was deoxyuridine 5-triphosphate nucleotidehydrolase (DUT). 
This protein is known to be expressed in the form of two isoforms, DUT-N 
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Figure 7 – Individual regulation of phosphorylation of HSP17, EPS8 and TRIM33
A few individual proteins were shown for detailed discussion. A: HSP27 protein expression, 
HSP17-pSer82 and HSP17-pSer15. B: EPS8 protein expression, EPS8-pSer659, EPS8-pS-
er685 and EPS8-pSer476. C: TRIM33 protein expression and TRIM33-pSer1119. Background 
of graphs are indicative of drug treatment: grey: wild type; green: gefitinib (both long and 
short term); brown: afatinib (both long and short term). Error bars represent replicates. 
Dotted horizontal line indicates the average LFQ intensity of the WT measurement. NaN: 
not a number.
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and DUT-M, which are localised to either the nucleus or the mitochondria 
[24]. DUT-N has been assumed to be a target of the kinase CDK1 and 
presumably plays a role in the cell cycle [25,52]. In the presented data, 
cell cycle related proteins, among others CDK1, were demonstrated to be 
regulated, despite the similar speed of proliferation between the resistant 
clones and the parental cells. Both the proteome as well as phosphopro-
teome data showed regulation of DUT-N but not of DUT-M, combined with 
the significant regulation of the DUT-N specific phosphorylation, indicating 
a possible role of DUT-N in the regulation of the cell cycle in the resistant 
clones. 
In conclusion, prolonged drug exposure in vitro can be used to study the 
initial and adaptive response in the development of drug resistance. In 
this study, we mapped the (phospho)proteome regulations upon EGFR 
inhibition, showing a large proteome transformation, independent of ge-
nomic alterations. Furthermore, a large homogeneity was observed in 
time and between clones, suggesting common mechanisms of drug re-
sistance during the initial response. Whereas genomic heterogeneity is 
one of the most difficult obstacles to overcome in cancer therapy, detailed 
study of these homogeneous, non-mutational processes might lead to 
additional therapeutic windows and further developments in the field of 
cancer therapy. 
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Figure S1 – Morphology of resistant clones
In order to monitor the confluence of all conditions and resistant clones, all cell lines were 
grown from low to high confluence and light microscopic pictures were taken to show the cell 
shape in either low or high confluence. Background colour indicates drug treatment: blue: 
parental, with either afatinib or gefitinib short treatment; green: afatinib resistant clones; 
brown: gefitinib resistant clones. Bars within the pictures indicate the scale. 
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Figure S2 – EGFR and ERK activation
A: EGFR and ERK protein expression and activity was probed by western blot analysis. 
Wild type (WT) cells were treated for 2 days with either afatinib or gefitinib to show short-
term drug response. Four clones were chosen to represent the entire clone collection: 1C5 
and 2F6 (AR), 4E7 and 1G2 (GR). Used antibodies: EGFR, EGFR-pY1068, ERK1/4, ERK1/3-
pY202/204. Full protein staining was used as a loading control. B: LFQ intensity of EGFR 
expression, ERK expression and ERK phosphorylation as measured by MS is shown for all 
conditions and clones. In grey background (red lines): 3x WT cells, in blue background 
(black lines): gefitinib samples (long+short term), orange background (blue lines): afatinib 
samples (long+short term). Error bars represent replicates. Dotted horizontal line indicates 
the average LFQ intensity of the WT measurement. NaN: not a number.
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Figure S3 – Top regulated (phospho)proteins across all clones
A: In heatmaps all proteins (left) or phosphosites (right) are shown that were significantly 
regulated in a minimum of 13 clones. The clustering on the top is, even though the similar 
regulation of al proteins/sites, still according to drug type (indicated on the top: green: AR, 
brown: GR). B: In the proteome dataset, 4 proteins were oppositely regulated between af-
atinib and gefitinib. These four proteins (HLA-B, HLA-A, NAMPT and ALDH3A1) are shown in 
more detail in a line plot, with the log2 ratio vs the untreated WT cells on the Y-axis and the 
different clones on the X-axis, in the same order as in the heatmap.
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Figure S4 – General resistance pathways
A: Proteins and B: Phosphoproteins that were commonly regulated in all clones indicate 
general regulated pathways across EGFRi resistant cells. These proteins were visualised in 
clusters, manually annotated within their respective pathways. Different colours represent 
the different pathways, as described.
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Material and Methods
Cell culture and IncuCyte 
PC9 cells, formerly known as PC-14 (Sigma 90071810-1 VL), were cultured in a humidified 
atmosphere and in 5% CO2. Growth medium was RMPI-1640 (Lonza), supplemented with 
10% fetal bovin serum (Thermo), 1% Pen/Strep (Lonza) and 5 mM L-glutamine (Lonza). 
Cells were tested negative for mycoplasma infections on a regular basis. 
Cells were monitored in the IncuCyte (Essen Bioscience) to determine growth speed. Cells 
were plated in 96-wells plates in medium containing appropriate drug concentrations (no 
drug, 1 µM afatinib (Sellechchem, BIBW2992) or 1 µM gefitinib (Selleckchem, ZD1839)), 
calculated to contain ~20% confluence. Cells were grown and monitored for up to 4 days or 
until full confluence was reached. 
If no drug was in the standard medium and drug treatment was desired, cells were allowed 
to attach after plating for 24 hours, after which the medium was replaced with the appropri-
ate drug containing medium. 

Western Blot
Protein lysates were labeled with the Amersham QuickStrain Protein Labeling Kit, according 
to manufactures protocol. Read out of cys5 fluorescence of total protein labeling after trans-
fer was used as a loading control. After labeling, cell lysates were prepared with 100mM 
DTT (Sigma) in XT sample buffer (Biorad), and heated at 95oC for 10 minutes for protein 
denaturation. 10-20 ug of sample was loaded on a precast gel (Biorad, 12% SDS) and run 
at 40 mAmp for 2 hours in XT mops (Biorad) running buffer. Proteins were transferred to a 
methanol activated PVDF membrane in transfer buffer (1x TG buffer (Bio-Rad), 20% meth-
anol), for 90 minutes at 90 volts. 
The membrane was blocked using 5% milk in TBS-Tween (Tris-buffered saline (pH7.5) with 
0.1% Tween (Biorad)) for 1 hour. Primary antibodies were diluted in 5% milk and the mem-
brane was incubated over night at 4oC. Membranes were washed in TBS-Tween and incu-
bated with secondary antibodies (Dako, anti-rabbit P0448, anti-mouse P0447) for 2 hours. 
Membranes were developed using Pierce ECL Plus Substrate (Thermo). Primary antibodies 
used: EGFR (Cell Signaling, C74B9), EGFR-1068 (Abcam, #ab5644), ERK1/2 (Cell Signaling, 
CST9102s), ERK1/2 p-208/p206 (Cell Signaling, #4370). 

Resistance development clones
Drug sensitive, parental PC9 cells (hence wild type (WT)) were treated with either 1 µM 
afatinib or 1 µM gefitinib. Drug containing medium was replaced at least once in 4 days, 
and cells were split when confluence approached 100%. Cells were cultured for 16 weeks, 
after which the drug sensitivity was determined to be comparable to WT cells. Cells were 
now called Afatinib Resistant (AR) or Gefitinib Resistant (GR) pools. Both pools were used 
for further clonal expansion of resistant clones. Cells were plated in 96-wells plate with an 
assumed confluence of 0.5 cell per well in drug containing medium. Medium was refreshed 
every 4 days. Plates were manually checked by light microscopy for the developing of a 
clone. After several weeks, multiple wells contained clones. Cells were transferred to 6-wells 
plates for further growth and maintenance. 

Sample Preparation before MS
Cells were grown to near confluence before harvesting. Plates were washed with PBS (Lonza) 
to remove residual FBS and detached from the plate with 1% trypsin (Lonza) in PBS. Sus-
pended cells were washed with PBS 3x by cycles of centrifugation and resuspension in PBS. 
Washed cell pellets were stored in -80 for further use.
Cell pellets were lysed by resuspension in lysis buffer (1% sodium deoxycholate (SDC), 10 
mM TCEP, 100 mM TRIS, 40 mM chloroacetamide, protease inhibitors (Complete mini tablet, 
EDTA-free, Roche), phosphotase inhibitors (PhosSTOP tablet, Roche), at pH 8.5) and subse-
quently sonicated for 15 min (30 sec on, 30 sec off). Lysis buffer without SDC was added to 
decrease the SDC percentage to 0.4%. Next, 2.5 mM MgCl and 0.5% Benzonaze (Millipore) 
was added for nuclease treatment, which was incubated for 2 hours at room temperature, 
while shaking. Lysate was spin down (20 min, 45000 rpm) to clear cellular debris. With a 
Pierce™ BCA Protein Assay Kit (Thermo) protein concentration was determined. Per condi-
tion or clone 3 replicates of 200 µg of protein was digested by Trypsin (1:100), at 37oC over 
night. 
After digestion, SDC was precipitated by the addition of 1% formic acid (FA) and lowering 
of the pH to 2 and centrifugation. Samples were desalted on a C18 column (AssayMAP 5uL 
C18) with the use of the AssayMAP Bravo Platform (Agilent Technologies). The columns 
were washed with 10% acetonitrile (ACN) and 1% FA, after samples were loaded onto the 
columns with a speed of 5 µl/min. Peptides were eluted by 80% ACN and 1% FA and dried 
in a speedvac. 
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Automated phospho enrichment Fe-IMAC
Digested peptide mixtures were enriched for phosphorylated peptides by Fe-IMAC, using the 
AssayMAP Bravo Platform (Agilent Technologies). Columns were primed and washed with 
0.125% trifluoroacetic acid (TFA) in ACN, and washed with loading buffer (80% ACN, 0.1% 
TFA). 200 µg of desalted peptides were loaded on the columns (Fe(III)-NTA, 5µl, Agilent 
technologies). Non-phosphorylated peptides were collected as flow through, after which 
bound phosphorylated peptides were eluted with 1% NH3 directly in 10% FA. Peptides were 
dried in a speedvac and stored in -80oC until LC-MS/MS analysis.

MS analysis
Peptide mixtures of either complete lysate (full proteome) or after phospho enrichment 
(phospho proteome) were analysed on an Agilent 1290 system coupled to a Orbitrap Q-Ex-
active (Thermo). Dried peptides were solubilised in 0.1% FA and loaded on a trap column 
(10 mm x 100 µm inner diameter, Poroshell C18 material, Agilent Technologies). Subse-
quently, peptides were separated via elution over an analytical column (55 cm x 75µm inner 
diameter, Poroshell C18 material (Agilent Technologies)) by a gradient of buffer B (0.1% FA, 
80% ACN) of 2 hours from 8 to 32% B (phospho) or of 3 hours from 10-36% B (proteome) 
with a flow rate of ~350 µL/min. 
Peptides were brought into the MS by electro spray, applying a voltage of 1.9 kV. Transfer 
capillary temperature was set to 320oC. S-lens RF level was set at 60. Full scan mass spectra 
(ranging from 375-1600 m/z) were acquired using a resolution of 60K and a AGC target of 
3e6 with a maximum IT of 20 ms. For every top15 (proteome) or top12 (phopsho) peaks 
fragmentation energy of 27 NCE was applied to produce HCD fragment spectra, using a res-
olution of 30K, and an AGC target of 1e5, with a maximum IT of 50 ms. Dynamic exclusion 
was 16 (2 hours gradient) or 24 (3 hours gradient) seconds.

Data analysis and statistics
RAW data was analysed by MaxQuant (v 1.6.2.3), using a Andromeda search engine. For 
protein identification a uniprot fasta file was used. 2 missed cleavages were allowed, with a 
minimum peptide length of 7 amino acids. Fixed modification was Carbamidomethyl. Vari-
able modifications allowed were methionine oxidation and serine, threonine and tyrosine 
phosphorylation. A revert decoy database was used with a protein FDR of 1%. The mini-
mum score of modified peptides was set to be 40 and all contaminants were included. Mass 
tolerance was 20 ppm. Match between runs option was checked. For protein and peptide 
quantification label free quantification was used. 
Further data processing was done in Perseus (v1.5.6.0). MQ output was filtered for contam-
inants, only identified by site and identified as reverse sequence. Proteins or peptides were 
included if identified at least 2 times in 1 condition. No imputation of missing values was 
allowed. LFQ intensities were normalised by subtracting the column mean. A student t-test 
was used to determine fold change and p-value. A S0 curve [53] was calculated with a FDR 
of 5% to determine statistical relevance per protein or phospho site. 
Hierarchical clustering was done in TIBCO Spotfire (v7.6.0). Phospho peptides were anal-
ysed by PHOTON [22]. GO enrichments were done in the online environment of Metascape 
[54] (http://metascape.org), using the measured (phospho)proteome as a background. All 
graphs were made in GraphPad Prism 7. Networks were annotated manually based on Un-
iprot, STRING-db, PhosphoSitePlus and publically available literature, and visualised in Cy-
toscape (v3.7.0).



SIX

155
CHAPTER SIX

 References
1.  Bhullar KS, Lagarón NO, McGowan EM, Parmar I, Jha A, Hubbard BP, Rupasinghe HPV: Ki-

nase-targeted cancer therapies: Progress, challenges and future directions. Mol Cancer 
2018, 17:1–20.

2.  Ramirez M, Rajaram S, Steininger RJ, Osipchuk D, Roth MA, Morinishi LS, Evans L, Ji W, Hsu C, 
Thurley K, et al.: Diverse drug-resistance mechanisms can emerge from drug-tolerant 
cancer persister cells. Nat Commun 2016, doi:10.1038/ncomms10690.

3.  Hata AN, Niederst MJ, Archibald HL, Gomez-Caraballo M, Siddiqui FM, Mulvey HE, Maruvka 
YE, Ji F, Bhang HEC, Radhakrishna VK, et al.: Tumor cells can follow distinct evolution-
ary paths to become resistant to epidermal growth factor receptor inhibition. Nat Med 
2016, 22:262–269.

4.  Song JY, Kim CS, Lee JH, Jang SJ, Lee SW, Hwang JJ, Lim C, Lee G, Seo J, Cho SY, et al.: Dual 
inhibition of MEK1/2 and EGFR synergistically induces caspase-3-dependent apopto-
sis in EGFR inhibitor-resistant lung cancer cells via BIM upregulation. Invest New Drugs 
2013, 31:1458–1465.

5.  Stuhlmiller TJ, Miller SM, Zawistowski JS, Nakamura K, Beltran AS, Duncan JS, Angus SP, Collins 
KAL, Granger DA, Reuther RA, et al.: Inhibition of lapatinib-induced kinome reprogram-
ming in ERBB2-positive breast cancer by targeting BET family bromodomains. Cell Rep 
2015, 11:390–404.

6.  Zhang Z, Lee JC, Lin L, Olivas V, Au V, Laframboise T, Abdel-rahman M, Wang X, Levine AD, Rho 
JK, et al.: Articles Activation of the AXL kinase causes resistance to EGFR- targeted 
therapy in lung cancer. Nat Publ Gr 2012, 44:852–860.

7.  Engelman JA, Jänne PA: Mechanisms of acquired resistance to epidermal growth factor 
receptor tyrosine kinase inhibitors in non-small cell lung cancer. Clin Cancer Res 2008, 
14:2895–2899.

8.  Joshi M, Rizvi SM, Belani CP: Afatinib for the treatment of metastatic non-small cell lung 
cancer. Cancer Manag Res 2015, 7:75–82.

9.  Day D, Siu LL: Approaches to modernize the combination drug development paradigm. 
Genome Med 2016, 8:1–14.

10.  Hammerlindl H, Schaider H: Tumor cell-intrinsic phenotypic plasticity facilitates adaptive 
cellular reprogramming driving acquired drug resistance. J Cell Commun Signal 2018, 
12:133–141.

11.  Rosell R, Karachaliou N, Morales-espinosa D, Costa C, Molina MA, Sansano I, Gasco A, Viteri 
S, Massuti B, Wei J, et al.: Adaptive resistance to targeted therapies in cancer. 2013, 
2:152–159.

12.  Sharma S V., Lee DY, Li B, Quinlan MP, Takahashi F, Maheswaran S, McDermott U, Azizian N, Zou 
L, Fischbach MA, et al.: A Chromatin-Mediated Reversible Drug-Tolerant State in Cancer 
Cell Subpopulations. Cell 2010, 141:69–80.

13.  Ahn A, Chatterjee A, Eccles MR: The Slow Cycling Phenotype: A Growing Problem for 
Treatment Resistance in Melanoma. Mol Cancer Ther 2017, 16:1002–1009.

14.  Kim TK, Herbst RS, Chen L: Defining and Understanding Adaptive Resistance in Cancer 
Immunotherapy. Trends Immunol 2018, 39:624–631.

15.  Mroz EA, Tward AD, Pickering CR, Myers JN, Ferris RL, Rocco JW: High intratumor genetic 
heterogeneity is related to worse outcome in patients with head and neck squamous 
cell carcinoma. Cancer 2013, 119:3034–3042.

16.  Jensen NF, Stenvang J, Beck MK, Han B, Gupta R, Rasmussen MH, Tarpgaard LS, Pfeiffer P, Bos-
man F, Tejpar S, et al.: Establishment and characterization of models of chemotherapy 
resistance in colorectal cancer : Towards a predictive signature of chemoresistance. 
Mol Oncol 2015, 9:1169–1185.

17.  Sagawa Y, Fujitoh A, Nishi H: Establishment of three cisplatin-resistant endometrial can-
cer cell lines using two methods of cisplatin exposure. Tumor Biol 2011, 32:399–408.

18.  Knott GJ, Doudna JA: CRISPR-Cas guides the future of genetic engineering. Science (80- ) 
2018, 362:866–869.

19.  Terai H, Soejima K, Yasuda H, Nakayama S, Hamamoto J, Arai D: Activation of the FGF2-FG-
FR1 Autocrine Pathway : A Novel Mechanism of Acquired Resistance to Gefitinib in 
NSCLC. Mol Cancer Res 2013, 11:759–768.

20.  Ruprecht B, Koch H, Medard G, Mundt M, Kuster B, Lemeer S: Comprehensive and Reproduc-
ible Phosphopeptide Enrichment Using Iron Immobilized Metal Ion Affinity Chroma-
tography (Fe-IMAC) Columns. Mol Cell Proteomics 2015, 14:205–215.

21.  Potel CM, Lin M-H, Heck AJR, Lemeer S: Defeating major contaminants in Fe 3+-IMAC 
phosphopeptide enrichment. Mol Cell Proteomics 2018, 17:1028–1034.

22.  Rudolph JD, Graauw M De, Water B Van De, Geiger T: Elucidation of Signaling Pathways 
from Large-Scale Phosphoproteomic Data Using Protein Interaction Report Elucida-
tion of Signaling Pathways from Large-Scale Phosphoproteomic Data Using Protein 
Interaction Networks. Cell Syst 2016, 3:585–593.

23.  Wang B-D, Lee N: Aberrant RNA Splicing in Cancer and Drug Resistance. Cancers (Basel) 



SIX

156
Early induced resistance against targeted therapy shows extensive 

homogeneity on (phospho)proteome level

2018, 10:458.
24.  Ladner RD, Caradonna SJ: The Human dUTPase Gene Encodes both Nuclear and Mito-

chondrial. J Biol Chem 1997, 30:19072–19080.
25.  Ladner RD, Carr SA, Huddleston MJ, McNulty DE, Caradonna SJ: Identification of a consensus 

cyclin-dependent kinase phosphorylation site unique to the nuclear form of human 
deoxyuridine triphosphate nucleotidohydrolase. J Biol Chem 1996, 271:7752–7757.

26.  Blethrow JD, Glavy JS, Morgan DO, Shokat KM: Covalent capture of kinase-specific 
phosphopeptides reveals Cdk1-cyclin B substrates. Proc Natl Acad Sci 2008, 105:1442–
1447.

27.  Katsogiannou M, Andrieu C, Rocchi P: Heat shock protein 27 phosphorylation state is as-
sociated with cancer progression. Front Genet 2014, 5:346.

28.  Chi KN, Yu EY, Jacobs C, Bazov J, Kollmannsberger C, Higano CS, Mukherjee SD, Gleave ME, 
Stewart PS, Hotte SJ: A phase I dose-escalation study of apatorsen (OGX-427), an an-
tisense inhibitor targeting heat shock protein 27 (Hsp27), in patients with castra-
tion-resistant prostate cancer and other advanced cancers. Ann Oncol 2016, 27:1116–
1122.

29.  Heinrich J-C, Tuukkanen A, Schroeder M, Fahrig T, Fahrig R: RP101 (brivudine) binds to heat 
shock protein HSP27 (HSPB1) and enhances survival in animals and pancreatic cancer 
patients. J Cancer Res Clin Oncol 2011, 137:1349–1361.

30.  Lelj-Garolla B, Kumano M, Beraldi E, Nappi L, Rocchi P, Ionescu DN, Fazli L, Zoubeidi A, Gleave 
ME: Hsp27 Inhibition with OGX-427 Sensitizes Non–Small Cell Lung Cancer Cells to 
Erlotinib and Chemotherapy. Mol Cancer Ther 2015, 14:1107–1116.

31.  Li Q, Bao W, Fan Q, Shi W-J, Li Z-N, Xu Y, Wu D: Epidermal growth factor receptor kinase 
substrate 8 promotes the metastasis of cervical cancer via the epithelial-mesenchy-
mal transition. Mol Med Rep 2016, 14:3220–3228.

32.  Gorsic LK, Stark AL, Wheeler HE, Wong SS, Im HK, Dolan ME: EPS8 Inhibition Increases 
Cisplatin Sensitivity in Lung Cancer Cells. PLoS One 2013, 8:e82220.

33.  Lanzetti L, Rybin V, Malabarba MG, Christoforidis S, Scita G, Zerial M, Di Fiore PP: The Eps8 
protein coordinates EGF receptor signalling through Rac and trafficking through Rab5. 
Nature 2000, 408:374–377.

34.  Xue J, Chen Y, Wu Y, Wang Z, Zhou A, Zhang S, Lin K, Aldape K, Majumder S, Lu Z, et al.: 
Tumour suppressor TRIM33 targets nuclear β-catenin degradation. Nat Commun 2015, 
6:1–16.

35.  Shi X, Mihaylova VT, Kuruvilla L, Chen F, Viviano S, Baldassarre M, Sperandio D, Martinez R, Yue 
P, Bates JG, et al.: Loss of TRIM33 causes resistance to BET bromodomain inhibitors 
through MYC- and TGF-β–dependent mechanisms. Proc Natl Acad Sci 2016, 113:E4558–
E4566.

36.  Kim TK, Herbst RS, Chen L: Defining and Understanding Adaptive Resistance in Cancer 
Immunotherapy. Trends Immunol 2018, 39:624–631.

37.  Keating GM: Afatinib: A review of its use in the treatment of advanced non-small cell 
lung cancer. Drugs 2014, 74:207–221.

38.  Shi H, Hugo W, Kong X, Hong A, Koya RC, Moriceau G, Chodon T, Guo R, Johnson DB, Dahlman 
KB, et al.: Acquired resistance and clonal evolution in melanoma during BRAF inhibitor 
therapy. Cancer Discov 2014, 4.

39.  Baeissa HM, Benstead-Hume G, Richardson CJ, Pearl FMG: Mutational patterns in oncogenes 
and tumour suppressors. Biochem Soc Trans 2016, 44:925–931.

40.  Hanahan D, Weinberg RA, Francisco S: The Hallmarks of Cancer. Cell 2000, 100:57–70.
41.  Ruprecht B, Zaal EA, Zecha J, Wu W, Berkers CR, Kuster B, Lemeer S: Lapatinib resistance 

in breast cancer cells is accompanied by phosphorylation-mediated reprogramming of 
glycolysis. Cancer Res 2017, 77:1842–1853.

42.  Zaal EA, Wu W, Jansen G, Zweegman S, Cloos J, Berkers CR: Bortezomib resistance in mul-
tiple myeloma is associated with increased serine synthesis. Cancer Metab 2017, 5:7.

43.  Grasso C, Jansen G, Giovannetti E: Drug resistance in pancreatic cancer: Impact of al-
tered energy metabolism. Crit Rev Oncol Hematol 2017, 114:139–152.

44.  Rahman M, Hasan MR: Cancer metabolism and drug resistance. Metabolites 2015, 5:571–
600.

45.  Ménard L, Floc’h N, Martin MJ, Cross DAE: Reactivation of mutant-EGFR degradation 
through clathrin inhibition overcomes resistance to EGFR tyrosine kinase inhibitors. 
Cancer Res 2018, 78:3267–3279.

46.  Sadowski L, Pilecka I, Miaczynska M: Signaling from endosomes: Location makes a differ-
ence. Exp Cell Res 2009, 315:1601–1609.

47.  Mulder C, Prust N, van Doorn S, Reinecke M, Kuster B, van Bergen en Henegouwen P, Lemeer 
S: Adaptive Resistance to EGFR Targeted Therapy by Calcium Signaling in NSCLC Cells. 
Mol Cancer Res 2018, 

48.  Hsu M, Tseng C, Chen F, Hsu JT: Non-small-cell lung cancer cells combat epidermal 
growth factor receptor tyrosine kinase inhibition through immediate adhesion-related 
responses. Onco Targets Ther 2016, 9:2961–2973.



SIX

157
CHAPTER SIX

49.  Suda K, Tomizawa K, Dds MF, Murakami H, Osada H, Maehara Y, Yatabe Y, Sekido Y, Mitsudomi 
T: Epithelial to Mesenchymal Transition in an Epidermal Growth Factor Receptor -Mu-
tant Lung Cancer Cell Line with Acquired Resistance to Erlotinib. J Thorac Oncol 2011, 
6:1152–1161.

50.  Lee SC-W, Abdel-Wahab O: Therapeutic targeting of splicing in cancer. Nat Med 2016, 
22:976–86.

51.  Tress ML, Abascal F, Valencia A: Alternative Splicing May Not Be the Key to Proteome 
Complexity. Trends Biochem Sci 2017, 42:98–110.

52.  Blethrow JD, Glavy JS, Morgan DO, Shokat KM: Covalent capture of kinase-specific 
phosphopeptides reveals Cdk1-cyclin B substrates. Proc Natl Acad Sci 2008, 105:1442–
1447.

53.  Tusher VG, Tibshirani R, Chu G: Significance analysis of microarrays applied to the ioniz-
ing radiation response. Proc Natl Acad Sci 2001, 98:5116–5121.

54.  Tripathi S, Pohl MO, Zhou Y, Rodriguez-Frandsen A, Wang G, Stein DA, Moulton HM, Dejesus P, 
Che J, Mulder LCF, et al.: Meta- and Orthogonal Integration of Influenza “OMICs” Data 
Defines a Role for UBR4 in Virus Budding. Cell Host Microbe 2015, 18:723–735.





Part 4
Synopsis

CHAPTER SEVEN
Outlook

Lay summary
Nederlandse Samenvatting

Curriculum Vitae
List of Publications

Acknowledgements



SEVEN

160
Outlook

Outlook
When I started my PhD, I started with the idea of using proteomic tech-
niques and mass spectrometry to answer a biological question related to 
drug resistance in cancer. However, the major challenge I found along the 
way was not so much understanding the underlying biology, as well as 
finding it in the complex and elaborate data produced by shotgun mass 
spectrometry. Where others work on the optimisation of the production 
of high quality proteomics data, I focussed on it’s interpretation in order 
to truly value the significance of any of the found result. In this thesis, 
I discussed ways of improving the biological implication of a proteomics 
experiment by either reducing proteomic complexity (Chapter 2) or en-
hancing proteomic coverage (Chapters 3 and 4), while using a model of 
drug resistance against tyrosine kinase inhibitors in epithelial carcinomas 
(Chapters 5 and 6). 

Show what we already know: from repetition to discovery
Shotgun proteomics, similar to other omics techniques, is hypothesis gen-
erating, producing more questions than answers and should therefore be 
used as such. Consequently, the main objective of a shotgun proteomics 
experiment is not to arrive at an absolute conclusion, but merely to gen-
erate new hypotheses to base further research on. The main hurdle in 
this process is finding the balance between describing observations that 
already have been made by others versus delineating new observations, 
which are unique to the subject studied. Both have added value, since 
reproducing other people’s results will strengthen both yours as well as 
their data, while novel findings will push the research field forward. How-
ever, more than once, presented research data only shows those obser-
vations that already have been discussed in previously published litera-
ture. On the other hand, acquired data can remain unpublished due to 
little success in validation experiments or lack of novelty. The step from 
showing over and over again what is already known, to really discover-
ing something new is incredibly difficult to make in this type of research, 
and, unfortunately, sometimes new discoveries are lacking in the average 
shotgun proteomics study. 
Several technical obstacles specific to MS based proteomic research play 
a role in the preservation of this issue. For example, the impossibility 
of signal amplification creates missing values and lower confidence in 
identification and quantification. Furthermore, the proteome itself is ex-
tremely dynamic, due to an extremely fast protein turnover and a mul-
titude of ways to regulate protein functionality (i.e. abundance, localisa-
tion, post-translational modifications, protein-protein interactions etc.), 
which cannot be measured simultaneously. These factors dilute the signal 
and will create noise in which important details might be lost. However, 
despite these technical difficulties, one of the main restraints on arriving 
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at a beneficial result when undertaking a discovery based experiment, is 
the fact that all findings are mapped onto existing knowledge. By using 
clustering algorithms like STRING-db, Panther, DAVID or PHOTON merely 
regulations, of which we already know they exist, are being visualised. 
The “new” aspect of the project is limited to the description of the regu-
lation of a known pathway in a specific biological model system. Although 
interesting, there is much more to be discovered, which is currently com-
pletely gone unnoticed because of this knowledge-based barrier. Due to 
the current gap between data production and data interpretation, the 
power of a proteomic shotgun experiment remains mostly unused, like 
playing a game of patience on a super computer.

Proteomic success is a two-way street
The transformation of the proteomic field from characterisation [1] to-
wards functional [2] proteomics has been a major topic over the last 
years  [3,4]. Mainly, an increasing amount of statistical and computational 
tools have become available in order to interpret and visualise large scale 
proteomic data [5]. Although great advances have been made, the vir-
tue of data processing tools available alone, does not always determine 
the success of a functional proteomic experiment. A large factor in the 
possibility of proper data interpretation is the initial design of the exper-
iment. Although shotgun proteomics is discovery-based opposed to hy-
pothesis-driven, proper preparation and design of the experiment before 
executing it will aid the data interpretation and will increase the success 
rate of the study. In other words: the better the question, the better the 
answer.
A possible strategy to achieve this is, is by limiting the scope of the ex-
periment, following the strategy: less is more. As discussed in chapter 2 
and put into practice in chapter 5, existing biochemical techniques that 
enable the researcher to focus on a specific subset of proteins can be 
applied, combined with MS as a read-out. Examples are, pull downs (e.g. 
immunoprecipitation [6], PTM or kinase enrichments [7,8])  depletion 
(e.g. thermal profiling [9]) or elimination (e.g. limited proteolysis [10]) 
of specific proteins of interest. By carefully choosing a focus point, rela-
tively more time can be spent on each observation within the data. This 
will decrease the coverage of the entire model proteome but increase the 
coverage of the partial proteome of interest, leading to a clearer picture 
and eventually better and easier data interpretation. 
High quality data interpretation is a two-way street: both the rationale of 
the experiment as well as the quality of available tools contributes to the 
best possible result. In the end, it is the responsibility of the proteomic 
researcher to make the most out of the techniques that are at his/her 
disposal. 
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The sky is the limit
Opposed to decreasing the size of a mass spectrometric dataset to achieve 
more detail, many endeavours have already been described to increase 
the size of a dataset in order to get a better coverage. As discussed in 
chapter 3, increasing the numbers of samples, optimising lysis [11] and/
or mass spectrometric settings and protocols [12] or additional fraction-
ation [13] can be applied to uncover as much proteins and peptides within 
a single experiment as possible. However, as discussed in chapter 4, the 
same, and maybe even more, can be achieved without a minute in the 
lab, and without a single euro spend. 
Due to the high-throughput nature of proteomic experiments, but the 
low-throughput nature of validation experiments, a large part of pub-
lished mass spectrometric data remains unexplored. Instead of redoing 
similar experiments, reusing and combining publically available datasets 
will result in more biological insight to be uncovered per study and less 
data (and time) to be lost [14,15].  
An interesting but extremely important consideration to be made in this 
regard is the perspective used during data (re)processing. Similar to de-
fining of a clear research question before the start of an experiment, it is 
important to assess the purpose of the data analysis. As demonstrated in 
chapter 4, alternative conclusions will be obtained if data is used at the 
level of identification or quantification, or originates from a specific bio-
logical background. By changing the question (i.e. what is identified, what 
is regulated or what is regulated specifically in this model system?), the 
same set of data points will lead to very different results. 
The fact that a change in viewpoint will lead to a different conclusion is 
also the main argument in favour of data reuse. There is an incredibly 
large number of ways to analyse and explore proteomics data, which are 
complementary to each other and can be applied in parallel. Therefore, 
each and every proteomics dataset will only benefit from data reuse, for 
an alternative analysis will aid further understanding of the model studied 
and decrease the waste of information, time and resources. 

Drug resistance studied from the first moment on
Cancer is a disease comprised out of many indispositions and maladies. 
Besides a wide range of therapeutic challenges caused by different cancer 
origins and inter-tumour and patient heterogeneity, the often inevitable 
development of drug resistance poses a major challenge on cancer thera-
peutics. A still regularly used perspective on drug resistance is the study 
of genomic alterations after a cell (or patient) has been exposed to a drug 
for an extensive amount of time. A large variety of anti-drug mechanisms 
have been resolved through this approach, ranging from drug target mu-
tations [16], upregulation of drug efflux pumps [17] or mutations of al-
ternative driver oncogenes [18]. 
Despite these prominent examples of the importance of oncogenic mu-
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tations, it becomes increasingly apparent that resistance is driven by a 
much larger variety of cellular processes. The main difference between 
the study of either genomic alterations or cellular adaptations is the time 
frame in which resistance is considered to develop. As shown and dis-
cussed in chapters 5 and 6 of this thesis, it takes only a matter of days to 
transform a drug sensitive cell into a morphologic and oncogenic different 
cell. Within this relative short time frame significant differences, at both 
proteome and phosphoproteome level, affect all major cellular process-
es, including transcription, translation, splicing, apoptosis and metabolic 
pathways. 
Additionally, as shown in Chapter 6, a great homogeneity existed between 
different resistant clones. Probably the main reason for this observation 
was the relative short time frame in which resistance was allowed to de-
velop. Most likely, if these cells would have been cultured in the presence 
of the drug longer and would have been allowed time to acquire additional 
adaptations or even mutations, heterogeneity would increase. This can 
be perceived as a technical artefact of cell culture, or a valuable lesson to 
learn: the longer the cells are given the chance to adjust to a treatment, 
to more heterogeneous a population will become. Therefore, the study 
of early drug responses could provide new therapeutically windows and 
decrease the issue of heterogeneity [19,20]. 

Intrinsic, acquired and adaptive: all part of the same story
The terminology used in literature to describe cancer resistance is dom-
inated by the use of three terms: intrinsic, acquired and adaptive resis-
tance. These terms are used in a mixed manner throughout literature, 
while actually describing similar processes. This results in the existence of 
different definitions of these terms, mainly determined by the context of 
the study it is used in. The majority of studies which describe intrinsic or 
acquired resistance pursue genomic alterations to explain resistant phe-
notypes. However, these terms do not necessarily imply the nature of the 
resistance mechanism, but merely its timing, i.e. it was already there be-
fore treatment or it was induced by the treatment. The term adaptive re-
sistance on the other hand, is often used to describe short-term, dynamic 
or reversible effects. However, it is merely implying the nature but not the 
timing of the resistance mechanisms: i.e. it is a cellular adaptation, not 
a genomic alteration. Hence, adaptive resistance mechanisms can either 
be intrinsic or acquired, and intrinsic or acquired mechanisms can either 
be adaptive or genomic. Since these three terms describe quite different 
processes and stages in the development of resistance in cancer, they do 
not exclude each other. Most likely, they co-exist within in a tumour, sep-
arated by time and aiding each other into existence. 
With the increasing knowledge we have on the development and man-
ifestation of drug resistance in cancer, the immense complexity of this 
disease becomes more and more apparent. Consequently, the awareness 
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of the difficulty of therapeutic success increases. However simultaneously, 
the more knowledge we have, the better and more targeted treatment 
can become as well. The immense leaps ahead in cancer therapy of the 
last decades are a living proof of this. 
Final considerations
In this thesis I have ventured to extract biological knowledge out of shot-
gun proteomics data and I have contemplated about the complex prob-
lems around drug resistance in cancer. For either case it is true that the 
existence of multiple research strategies, methods of data analysis or 
various cellular mechanisms complicate matter, although simultaneously 
add more insight than a single point of view could ever provide. For they 
do not exclude each other, they are intrinsically linked and cannot work 
without each other. By combining multiple views, individual values and 
contributions are not diluted, but will augment to the complete picture, 
for the whole is greater than the sum of its parts. 
Just as in the world of Jack, Algernon and Earnest, it turned out that the 
truth is more complicated than anyone could have guessed. Different per-
spectives on the same matter, based on different experiences, priorities 
and available knowledge will lead to different conclusions. Only, when all 
these bits and pieces are brought together, the simple truth will come 
forth. 
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Introduction to proteomics and lay summary of 
this thesis
Every cell in our body contains an identical piece of DNA that we got from 
our parents, bearing the information that we need to be who we are. Still, 
every cell is different, ranging from round blood cells, square skin cells to 
moving muscle cells. The differences appear because every cell contains 
a unique set of proteins, read from the static piece of DNA. This collection 
of proteins, or proteome, is highly dynamic and will change according to 
the needs of every cell. If the surroundings of a cell change, the proteins 
do too. This dynamic characteristic of these molecules makes the study of 
proteins, or proteomics, an extremely rich source of information about 
the ongoing processes inside a cell, in sickness and in health. Changes in 
the proteome will result in direct knowledge of any event, and contains 
valuable information on how to act next. 
However, this rich source of information is at the same time the biggest 
hindrance in the field of proteomics: the complexity of the proteome in-
creases the level of difficulty of studying it. Proteins are made and broken 
down extremely quickly, they are folded into 3D structures, decorated with 
extra chemical groups, they sometimes work alone, sometimes bound to 
each other and their masses can vary greatly. Additionally, as in contrast 
with the study of the DNA, it is not possible to copy the molecules in the 
laboratory: you have to deal with what you’ve got. A series of chemical 
steps and an enormous sensitivity of the measurement instruments, the 
mass spectrometer (short mass spec or MS), is needed to make it even 
possible to study proteins with high enough confidence. 
Because of the large developments of instrumentation over the last de-
cades, it is now possible to measure several different characteristics of 
a protein. Besides finding your protein in cells (identification) it is also 
possible to see how much of it is there (quantification) or how it is dec-
orated (modifications). These modifications represent specific chemical 
groups that can be put on or off a protein and will change its features, 
like its activity, location or stability (the time it takes to break down the 
protein). Placing or removing such modifications can be done unlimited by 
enzymes, throughout the entire life cycle of a protein. One of these mod-
ifications is a phosphate (or phosphorylation), and is put on a protein 
by an enzyme called kinase. Phosphorylation plays an important role in 
cellular biology and is a focus in this thesis. Several techniques exist to 
study phosphorylation of proteins on a large scale with MS. The specific 
research field of protein phosphorylation is called phosphoproteomics. 
Due to the important role phosphorylation has in the function of proteins, 
a large amount of drugs have been developed specifically targeting kinas-
es: kinase inhibitors. The inhibitors are mainly used in the treatment of 
cancer, in which too high activity of a kinase often causes tumour growth. 
Even though this is a very specific and effective treatment, it usually 
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doesn’t last long. Almost every single patient develops immunity against 
these drugs, after which the tumour can grow back. The development of 
immunity is induced in several ways, in different layers of the processes 
within the cell. One route that, so far, has been understudied is adaptive 
immunity, in which the cells are able to adapt to a treatment after only 
a very short amount of time. For this, the cell uses quick, dynamic and 
reversible processes, like protein phosphorylation. Because only limited 
knowledge exist on this topic, mass spectrometry proves to be an excel-
lent tool to map the entire process on a large scale. 

In this thesis, new ideas are expressed about increasing the yield of a 
proteomic experiment by either optimising the experiment or the data 
processing. Next, the study of the development of adaptive immunity in 
breast- and lung cancer cells is shown. 

In Part 1 some relevant literature is discussed about the different top-
ics that this thesis beholds. Chapter One describes the entire protocol 
that is necessary in order to study proteins. This ranges from getting the 
proteins out of the cells, processing the proteins so they can be mea-
sured, and finally measuring them using a MS. Furthermore, some words 
are spent on kinase inhibitors, the rise and development of immunity in 
cancer and ways to study these proteins in the laboratory. Chapter Two 
provides increasing detail about all possible ways in the lab to study the 
functionality of a kinase inhibitor within a cell. Several chemical approach-
es are discussed that provide information about to which protein an inhib-
itor binds and the subsequent effects on the cell.
Part 2 describes the processes of making and processing proteomics 
data. One of the first steps in a proteomic experiment is breaking down 
a protein in smaller pieces (peptides), by using specific enzymes (pro-
teoases). Chapter Three describes the parallel use of several different 
proteases to increase the diverse collection of peptides, in order to in-
crease the amount of information per protein. Chapter Four addresses 
the reuse of proteomic data for new analyses. Because of the increasable 
large amount of data produced by a single MS experiment, but the limited 
time a researcher can spend on its analysis, a large part of each dataset 
stays undiscovered. Recycling of data is an easy and quick method to get 
new conclusions without doing a day of lab work, and at the same time 
decrease the amount of data that is lost. Due to large differences between 
datasets and experiments originating from different laboratories, it is nec-
essary to re-analyse these datasets. In this study, we chose the focus on 
the phosphoproteome. However, by not looking at individual phosphor-
ylation sites, but group them in several ways, we made it possible to 
combine a large amount of different studies. The combined studies made 
it possible to arrive at a new conclusion, as an addition on previously 
published work. 
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In Part 3 we made the step from using the MS to study the biological pro-
cess of adaptive immunity. Chapter Five describes a short treatment of 
lung cancer cells with kinase inhibitors, in order to study the direct effect 
on the phosphoproteome. One of these effects, we found, was increased 
calcium consumption from the environment. This dependency could be 
used as a weak spot for the cells that gained immunity: by combining a 
kinase inhibitor with calcium deprivation, the development of immunity 
was prevented. In Chapter Six cells were made immune against several 
kinase inhibitors in the laboratory. After a while, several clones evolved, 
of which we studied the phosphoproteome. The main conclusion of this 
study was that, even after quite a while, the cells showed remarkable 
similarities (homogeneity). This is in contrast with the large differences 
(heterogeneity) that can develop upon immunity on the level of the DNA 
(mutations). This homogeneity on the level of the proteome could possi-
bly lead to new insight of where these cells are most vulnerable, leading 
to new methods of treatment. 
Part 4 closes this thesis with some of my ideas about the future of the 
development of the field of proteomics, kinase inhibitors, immunity and 
cancer research.
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Inleiding in proteomics en leken samenvatting 
proefschrift
Elke cel in ons lichaam bevat een zo goed als identieke streng DNA, ver-
kregen via onze ouders, en drager van alle informatie nodig om te zijn 
wie we zijn. Toch is elke cel anders, van ronde bloedcellen, vierkante 
huidcellen tot bewegelijke spiercellen. Deze verschillen worden veroor-
zaakt doordat elke cel een andere set van eiwitten bevat, afgelezen van 
het statische DNA. Deze set van eiwitten, of proteoom, is dynamisch, en 
verandert naargelang de behoeftes van elke cel. Verandert de omgeving, 
dan veranderen de eiwitten. Dit dynamische karakter van deze klasse 
moleculen maakt de studie naar eiwitten, of proteomics, een belangrijke 
bron van informatie over het reilen en zeilen van cellen in ons lichaam, zo-
wel tijdens ziekte als gezondheid. Veranderingen in het proteoom geven 
een direct beeld van wat er gebeurt, en bevatten belangrijke informatie 
over hoe te handelen. 
Deze rijke bron aan informatie is tegelijkertijd de grootste hindernis in het 
veld van proteomics: de complexiteit van het proteoom maakt het een 
hele uitdaging om het goed te kunnen bestuderen. Eiwitten worden snel 
gemaakt en afgebroken, ze zijn gevouwen tot 3D structuren, versiert met 
extra chemische groepen, ze werken soms alleen, soms gebonden aan 
elkaar en hun massa kan sterk variëren. Verder is het, in tegenstelling 
tot het DNA, niet mogelijk de moleculen te kopiëren in een laboratorium: 
je moet het doen met wat je krijgt uit de cellen die je tot je beschikking 
hebt. Een reeks van chemische handelingen en een enorme gevoeligheid 
van het meetinstrument, de massa spectrometer (afgekort mass spec 
of MS), is daarom nodig om het mogelijk te maken eiwitten op een be-
trouwbare manier te kunnen onderzoeken. 
Door enorme ontwikkelingen van de instrumentatie over de afgelopen 
decennia is het vandaag mogelijk veel verschillende aspecten van eiwitten 
te meten. Naast de mogelijkheid om de aanwezigheid van een specifiek 
eiwit in een cel te bepalen (identificatie) is het mogelijk de hoeveelheid 
(kwantificatie) en versieringen (modificatie) op eiwitten te meten. Deze 
modificaties bestaan uit verschillende chemische groepen die op en af 
eiwitten geplaatst kunnen worden en die de activiteit, plaats in de cel of 
stabiliteit (hoe snel het eiwit wordt afgebroken) van een eiwit bepalen. 
Het plaatsen en weghalen van modificaties kan ongelimiteerd worden ge-
daan door enzymen tijdens de levensduur van een eiwit. Een modificatie 
die een belangrijke rol speelt in de biologie van cellen, en die een focus 
is van het onderzoek in dit proefschrift, is een fosfaatgroep (een fos-
forylering), op een eiwit geplaatst door een enzym genaamd kinase. Er 
bestaan verschillende technieken die het mogelijk maken op grote schaal 
fosforylering op eiwitten te meten met een MS. Het veld die eiwitfosfory-
lering beschrijft wordt fosfoproteomics genoemd. 
Door de belangrijke rol die fosforylering speelt in de functionaliteit van ei-
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witten is er een grote groep van moleculen ontwikkeld die de kinase kan 
remmen: kinase remmers. Deze remmers worden vooral veel gebruikt 
in het behandelen van kanker, waar een te hoge activiteit van een kinase 
vaak de oorzaak van de tumor groei is. Al is dit een zeer specifieke en 
effectieve behandelmethode, hij is helaas vaak van korte duur. Zo goed 
als elke patiënt wordt na verloop van tijd immuun, waarna de tumor te-
rug komt. De ontwikkeling van immuniteit gebeurt op vele manieren, in 
verschillende lagen en processen in de cel. Een nog weinig onderzochte 
weg is adaptieve immuniteit, waarin de cel op zeer korte termijn zich 
aanpast tegen een behandeling. Hierin maakt de cel gebruik van snelle, 
dynamische en omkeerbare processen, zoals eiwit fosforylering. Omdat 
er nog relatief weinig over dit proces bekend is, is massa spectrometrie 
een zeer geschikte techniek om op grote schaal dit proces in kaart te 
brengen.

In dit proefschrift zijn nieuwe ideeën over het vergroten van de opbrengst 
van een proteomic experiment door middel van aangepaste onderzoek-
smethoden en verbeterde dataverwerking beschreven. Vervolgens is MS 
gebruikt om het fenomeen adaptieve immuniteit in borst- en longkanker 
te bestuderen. 

In Deel 1 wordt relevante literatuur besproken over de verschillende 
onderwerpen in dit proefschrift. Hoofdstuk Een beschrijft het protocol 
om eiwitten te meten. Van het uit de cellen halen, het verwerken van de 
eiwitten tot meetbare stukjes, en uiteindelijk het meten van hun massa 
met een MS. Verder worden kinase remmers en het ontstaan van immu-
niteit in kanker besproken, en de verschillende manieren om dit proces in 
het laboratorium te kunnen bestuderen. Hoofdstuk Twee gaat in meer 
detail in op de mogelijkheden om in het laboratorium te kunnen onder-
zoeken hoe een kinase remmer precies werkt in de cel. Verschillende 
chemische methoden worden uitgelicht die gebruikt kunnen worden om 
te bepalen aan welk eiwit een remmer bindt en wat het effect ervan is op 
het proteoom en op de cel.
In Deel 2 wordt ingegaan op het maken en het verwerken van data af-
komstig van MS experimenten. Een van de eerste stappen in het mogelijk 
maken van het meten van eiwitten is het afbreken van eiwitten in kleine-
re stukjes (peptiden) door middel van specifieke enzymen (proteasen). 
Hoofdstuk Drie beschrijft het parallelle gebruik van verschillende pro-
teasen om op deze manier een completere verzameling van peptiden te 
verzamelen, en daarmee een completer beeld van de gemeten eiwitten 
te krijgen. In Hoofdstuk Vier gaat het over het hergebruik van bestaan-
de proteomic datasets voor nieuwe analyse. Door de grote hoeveelheid 
data die wordt geproduceerd in een enkel proteomic experiment, maar 
de gelimiteerde tijd die een onderzoeker heeft om de data te analyseren, 
blijft een groot deel van de data onbelicht. Het recyclen van gepubliceer-
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de data is een manier om snel en zonder labwerk tot nieuwe conclusies 
te kunnen komen, en om tegelijkertijd het verloren gaan van data te 
verminderen. Doordat verschillende datasets en experimenten niet direct 
met elkaar te vergelijken zijn, omdat er teveel parameters verschillen, is 
het nodig om de data opnieuw te bewerken. Wij hebben er in deze studie 
voor gekozen om ons te focussen op fosfoproteomic data. Door niet naar 
individuele fosforylaties te kijken zoals gebruikelijk is, maar ze te groe-
peren, hebben wij het mogelijk gemaakt verschillende studies samen te 
voegen. De gecombineerde dataset maakt het mogelijk tot nieuwe inzich-
ten te komen, als toevoeging op de al gepubliceerde analyses. 
In Deel 3 wordt de stap gemaakt naar het gebruik van MS om het pro-
ces van adaptieve immuniteit te bestuderen. In Hoofdstuk Vijf worden 
longkankercellen kort behandeld met kinase remmers om zo het directe 
effect op het (fosfo)proteoom van deze specifieke moleculen te kunnen 
besturen. Een van de effecten die is gevonden is de toename van calcium 
opname uit de omgeving. Deze afhankelijkheid kon worden gebruikt als 
zwakke plek voor de immuun wordende cellen: door de kinase remmer 
te gebruiken in combinatie met het remmen van calcium opname kon er 
worden gezorgd dat de cellen tot een sneller einde kwamen, en niet de 
kans kregen immuun te worden tegen de behandeling. In Hoofdstuk 
Zes zijn cellen immuun gemaakt tegen verschillende kinase remmers in 
het laboratorium. Na verloop van tijd ontstonden verschillende clones, 
waarvan het (fosfo)proteoom onderzocht is. De belangrijkste conclusie 
hieruit was dat, ondanks de verstreken tijd, de clones nog steeds een 
grote gelijkenis lieten zien (homogeniteit). Dit is in contrast met de grote 
heterogeniteit die kan ontstaan naar aanleiding van veranderingen in het 
DNA (mutaties) die kunnen leiden tot immuniteit. De homogeniteit op het 
niveau van het proteoom zou kunnen leiden tot nieuwe inzichten over 
waar een cel het meest kwetsbaar is, wat kan leiden tot nieuwe behan-
delmethoden. 
Deel 4 sluit het proefschrift af met mijn ideeën over de toekomst en het 
verdere verloop van proteomics, kinase remmers, immuniteit en kanker 
onderzoek. 
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