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the intricate pathogenesis of cancer. These human diseases are highly heterogeneous in 
terms of cell type and tissue origin, and involve multiple abnormalities at all molecular levels 
including DNA, RNA, protein, and metabolite levels[17]. 

Genomics instability and mutation accumulation are the two cancer-enabling characteristics 
that contribute to the malignant transformation process[18,19]. Whole-genome sequencing 
and exome sequencing are used to study protein coding and non-coding regions of the 
genome in order to identify rare and recurrent mutations[20] or regulatory regions with 
functional implications[21]. RNA-sequencing can provide additional information about both 
gene expression and nucleotide base composition, revealing genes with different expression 
profiles involved in drug sensitivity or resistance acquisition. Quantification of metabolites 
can be used to profile small-molecules whose abundance increases markedly in tumors as 
a consequence of tumorigenic mutations and other factors[22,23]. Therefore, understanding 
of the mechanisms or causal relationships of cancer disease and drug therapy is only likely 
to be discovered if in parallel the different levels of genomic, transcriptomic, proteomic 
and metabolomics regulation are considered in the analysis (Figure 1). In this multi-omics 
approach, integration of oncoproteomics with -other omics platforms provide comprehensive 
insights into the molecular foundation and molecular subtypes of human disease and how 
the alignment between these signatures can be relevant in clinics. The ultimate goal for multi-
omics is to elucidate complex biological phenomena by generating detailed roadmaps of 
a variety of cellular networks based on the combination of many types of -omics data[24]. 
Establishing these network models can potentially exemplify drug-resistance phenotypes and 
recognize alternative molecular escape routes, which may support the development of new 
diagnostic tools for patient stratification and therapy selection.

FIGURE 1. A multi-omics approach entails an integrative molecular analysis at the DNA, RNA, protein 

and metabolomic levels, which collectively provide a comprehensive snapshot of dynamic pathways and 

networks, thus enabling better understanding of cancer phenotypes.

MULTI-OMICS

PROTEOMICS AS A TOOL IN CANCER RESEARCH
The term Proteome refers to the entire set of proteins expressed in a cell, tissue or organism 
at a given condition and time[1]. Compared to the relative static character of the genome, the 
human proteome is more dynamic and diverse, since individual proteins often exist in several 
modified forms due to alternative splicing[2] and post-translational modifications (PTMs)[3] that 
are essential for their biological function and activity[4], and reflect the dynamics of cellular 
processes[5]. The complexity of the proteome is further increased by the presence of somatic 
mutations in the human genome[6], which can affect the ability of proteins to assemble within 
protein complexes or can alter the protein’s rate of turn-over, causing proteome imbalance[7] 
possibly contributing to cancer progression[8]. 

The global analysis of the proteome is known as proteomics, and it aims at understanding 
how cells function by identifying protein abundance profiles, protein activity patterns, and 
protein-protein interactions in order to characterize functional networks in complex biological 
problems such as pathogenic pathways in disease[9]. Protein analysis is therefore a promising 
strategy for measuring changes in the cancer protein networks to elucidate the link between 
drug response and resistance, and discover novel biomarkers in tailored cancer treatments[10]. 
Advances in proteomics technologies could provide new rational modulation of therapies 
that can support traditional histopathological analysis in assessing disease progression, 
prognosis, and drug efficacy[11]. 

The application of proteomic technologies in oncology is known as oncoproteomics[12]. 
Most efforts in the oncoproteomics field are focused on investigating tumor-specific 
protein expression profiling, and assessing regulation of PTMs — including but not limited 
to phosphorylation, acetylation, ubiquitylation, methylation and glycosylation — in order to 
understand the signal flow in relevant signaling pathways and networks[13,14]. The ultimate goal 
of oncoproteomics is to shed light on physiological and pathophysiological cellular processes 
by providing a snapshot of protein networks and pathways involved in cancer. Diagnostic 
and prognostic characterization of disease status, as well as assessment of dug toxicity and 
efficacy form the basis of our quest to monitor individual patient’s proteomic profiles[15,16]. 

MULTI-OMICS: MORE IS BETTER
Despite the progress made over the past decade in developing proteomics technologies 
to investigate drug resistance and discover new anticancer drug targets or diagnostic 
biomarkers, it is increasingly evident that a single -omics platform is insufficient to fully clarify 
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also high-throughput analysis[33]. Advances in bioinformatics are also contributing to the 
development of proteogenomics. However, integrating large amounts of data belonging 
to different source type requires challenging computational tasks and expertise. Such 
knowledge is necessary also in designing multi-omics workflows since a prerequisite of 
an integrative analysis is the generation of a customized multi-omics database (Figure 2). 
Indeed, protein databases such as UniProtKB, Ensembl, and RefSeq are usually built from 
reference genomes, and as such they do not reflect the actual protein composition of a given 
sample[34]. The use of databases where human genome is translated in all six reading frames 
is also not suitable due to the large search space created in which up to six billion amino acids 
would be contained in the database[35]. This implies long search times and high proportion 
of false positive peptides would be identified when the conventional target-decoy false 
discovery rate (FDR) thresholding is used[36]. Therefore, a strategy to detect tumor-specific 
aberration, minimize the number of unidentified spectra, and reduce false positive peptide-
spectrum matches (PSMs) consists of building a customized database (based on DNA or RNA 
sequencing data for each sample) that focuses on the desired variant categories[37]. One 
approach to achieve a variant database for proteogenomics is by appending a reference 
protein database with variant entries of interest which are obtained from RNA sequencing raw 
data. These variants include point mutations, fusion events and alternative splicing that can 
be used as input files for non-synonymous (amino acid change) coding variant prediction of 
functional effect. Subsequently, the proteomics raw data are searched against this resulting 
combined FASTA database. It is important to point out that this approach can cause error rates 
in calculating the FDR — and thus the percentage of incorrect PSMs — when the target-decoy 
method is utilized. This is because of the lower probability of identifying any variant peptide 
from a customized variant database compared to the reference peptide[38]. This limitation 
can be overcome by calculating these FDRs separately. Nevertheless, manual inspection 
of known and novel peptides cannot be regarded as a viable validation process in large-
scale experiments due to the high numbers of fragment ion spectra acquired and the level 
of expertise of the validating individual. Therefore, advanced computational tools have been 
developed for controlling FDR during peptide and protein identification[39–41].

FROM SINGLE DATA TYPE TO MULTI-OMICS DATA TYPES
Each -omics platform generates a single-data type, which is usually considered independently 
to pinpoint relationships with biological processes, and then eventually assembled together 
to elucidate the causal mechanisms in common diseases. This cost-effective workflow 
refers to an ‘indirect integration’ process that usually begins with carrying genome-wide 
association studies (GWAS) coupled with copy number variation (CNV) microarray analysis 
to identify which subset of genomic mutations actually drive cancerous cell growth in model 
systems[25]. These two technologies are capable of linking the genetic variant effect with the 
presence of specific disease traits or drug resistance mechanisms, but most of the time they 
are ineffective in discovering functionally causal variants due to the difficulty in distinguishing 
the ones associated to specific loci[26]. Moreover, analysis of genes alone does not reflect the 
dynamic changes occurring in the cells which makes it difficult to understand the function 
of specific genes[27]. To this purpose, additional technologies to determine RNA or protein 
expression levels are further employed for functional validation, albeit these two levels do not 
necessarily correlate for all genes[28]. 

The possibility to integrate data from multiple levels of biological systems, and the decreasing 
costs of -omics technologies is nowadays facilitating the advancement of ‘direct integration’ 
approaches. In this case, multiple omics profiles can be applied simultaneously on a given 
system, and then used to track the progression of molecular events from differential 
expression of a disease-associated gene to differences in RNA and protein levels and 
cellular metabolites[25]. The link between different layers of biological mechanisms represents 
a powerful tool to obtain a holistic view of the molecular effects which can lead to deeper 
understanding of physiological phenotypes.

The direct alliance of proteomics, transcriptomics and genomics is sometimes referred to as 
proteogenomics. This integrative strategy was originally introduced at around the time when 
sequencing of the human genome was complete, as an attempt to associate genomics and 
proteomics data in yeast and bacteria[29,30]. Consequently, proteogenomics has initially been 
used to improve genome annotation and protein sequence database by validating known or 
annotated protein-coding genes, and also to improve gene annotations by assigning correct 
starting sites. In addition, proteogenomics is also used for mapping PTMs and non-coding 
RNAs, as well as identifying single amino acid variants (SAVs), alternative splicing events, 
gene fusion, and mutant proteoforms often associated with disease progression[31].

The progression of proteogenomics is mainly due to the rapid development of two key 
technologies: next-generation sequencing (NGS) which uses deep-sequencing such as 
RNA-seq to profile transcriptome[32], and MS-based proteomics as the latter matured allowing 
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DATA INTEGRATION IN MULTI-OMICS
An example overview of data integration as used in multi-omics is represented in Figure 3. 
Evaluation of the individual molecular data types is usually performed before integration to 
reduce complexity in the downstream analysis[43,44]. In this preprocessing step quality control 
pipelines and statistical testing are applied to remove noise and confounding factors in order 
to ensure high-quality of data. The number of variables is also reduced through filtering 
strategies, and potential confounding factors are eventually identified to minimize spurious 
associations in the findings. After this processing step, multi-omics data are integrated using 
different methods which better address the biological question of the experimental design. 
Ritchie et al. described the use of two main approaches: multi-staged analysis and meta-
dimensional analysis[43]. The first one consists of dividing the analysis into multiple steps to 
find associations first between the different data types, and then subsequently between the 
data types and the phenotype of interest. An example is given by the use of the Encyclopedia 
of DNA Elements (ENCODE)[45] and the Kyoto Encyclopedia of Genes and Genomes (KEGG)
[46] to determine whether significant results are within selected and annotated pathways. 
The multi-staged analysis shows limitations when the relationship between genotype and 
phenotype cannot be modelled in a linear manner. The alternative to this approach is the 
meta-dimensional analysis which combines multiple data types in a simultaneous analysis to 
build a multivariate model associated with a given outcome[47]. A much used statistical model 
is the Bayesian network, which builds a model on each type individually and then combines 
the model to detect integrative models[48,49]. This meta-dimensional analysis is adopted in 
case of a supervised learning strategy in which datasets with known labels (outcome or 
phenotype) are used. 

An opposite strategy for data integration is based on unsupervised learning in which a priori 
no labels or phenotypes of interest are presumed. The most common unsupervised learning 
is by clustering, which can be used to identify novel phenotypic groups within the collected 
expression signatures[50]. Likewise, Karczewski et al. describe the use of network and 
enrichment analyses for the analysis of multiple omics data sets[25]. In the first case, network 
models, including protein-protein interactions, and regulatory and co-expression networks, 
can be used with any genome-scale data set to investigate mechanisms and pathways based 
on the functional impact of interacting diseased-associated genes in that network. In the 
second case, enrichment analyses are performed to understand the global mechanisms of 
information flow from DNA to physiology. Such information can be used to discern causal 
variation as well as to identify traits by increasing the weight of annotations that are specific 
to each trait.
 

FIGURE 2. Generation of a customized protein sequence database involves three steps. Sequencing-

based technologies such as whole genome sequencing, (WGS); whole exome sequencing, (WXS) and 

RNA-seq generate short sequencing reads for a selected sample. These reads can be assembled either 

de novo or by alignment to a reference sequence. The resultant genomic and transcriptomic data are 

then used to determine sample-specific sequence aberrations which are added to a reference protein 

sequence database to create the customized sequence database. Peptide mass spectra derived from 

the matching sample using MS-based proteomics (LC-MS/MS) are then scored and validated against the 

customized database enabling the identification of sample-specific peptide sequences. Figure adapted 

from Ruggles et al.[42]
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Another analytical challenge is represented by the necessity to monitor data collection to 
ensure quality and reproducibility of the data. Use of statistical frameworks enables guided 
data collection to avoid or minimize technical artifacts including batch effects that could be 
introduced during all steps of sample processing and data acquisition[53]. 

Finally, the choice of the right model can accelerate the identification of insights into disease. 
Tumor-derived cell lines represent a valuable tool to probe signaling pathways in tumor 
biology that interrogate mechanisms of therapeutic response and resistance. Cell lines 
offer the advantages of being well characterized, relative easy to keep in culture, and are 
amenable to high-throughput testing of therapeutic agents[54]. Despite these advantages, 
cell line models can be limited in representing the complexity of disease in humans. This 
limitation can be partially addressed by using primary cell lines which are derived directly 
from patients[55]. Primary tumor cell lines have the potential to improve the effectiveness of 
conventional clinical approaches to treat cancer. As drawbacks, these models are however 
not well characterized and show a series of technical challenges mostly related to the 
biological variability of source samples which limits the standardization and reproducibility 
necessary for omics studies. An alternative to in vitro cultured models is given by in vivo 
animal models[56]. These preclinical models can predict the clinical outcome and have the 
ability to experimentally follow up on hypotheses.

CLINICAL MULTI-OMICS
The integration of multi-omics data has the power to offer a comprehensive overview of 
the molecular players in disease, helping to define novel therapeutic targets[57]. Large-scale 
collaborative initiatives such as The Cancer Genome Atlas (TCGA) and Clinical Proteomic Tumor 
Analysis Consortium (CPTAC) have been launched from the National Cancer Institute (NCI) to 
understand the molecular basis of cancer through genomics and proteogenomic analysis, 
respectively. With the application of NGS, the TCGA research network has comprehensively 
cataloged the molecular aberration in several types of cancer, including squamous cell lung 
cancers[58], gastric adenocarcinoma[59], colon and rectal cancer[60], glioblastoma[61], ovarian 
carcinoma[62], hepatocellular carcinoma[63], and soft tissue sarcomas[64]. Such deep analyses 
have involved the integration of multiple platforms including whole tumor genome sequencing, 
miRNA expression profiling, RNA-seq mutations and DNA copy number analysis, the results 
of which are now all publicly available. The availability of these databases allows the scientific 
community to both develop computational algorithms by using the TCGA multi-analysis 
data, and facilitate the understanding of each cancer phenotype[65]. Following this effort, the 
CPTAC group has used a proteomics approach to characterize large sets of tumors, which 
were already genomically characterized by TCGA and other sources. This integrative onco-
proteogenomics program is currently providing new insights on cancer network modules 

FIGURE 3. Data integration in multi-omics is comprised of three distinct steps. In the preprocessing step, 

sequence-based technologies and MS-based proteomics are used to individually analyze samples and 

generate raw datasets which are then processed, interpreted and translated to knowledge. To ensure 

high data quality, filtering and normalization are necessary during this step. Preprocessed data are then 

integratively analyzed using supervised or unsupervised learning to build suitable models which can be 

used for evaluating new experiments. Figure adapted from Kim et al.[51] 

CHALLENGES IN MULTI-OMICS STUDIES
Because of the application of different technologies, large number of comparisons, tailored 
statistical analyses, and employment of expertise and resources, multi-omics studies need 
to take several experimental parameters into account. The first important facet to evaluate 
in designing a multi-omics study is the disease etiology[52]. In case of simple diseases arising 
from single gene mutation only few etiological factors are involved. Thus, concentrating omics 
efforts on acquiring data at a specific time point to capture immediate molecular changes 
induced by causative factors is expected to produce sufficient insights in understanding 
biological processes. Contrarily, complex diseases require multiple factors to be considered 
based on the possibility that the disease can develop over time. In these cases, collection of 
data at multiple time points and across different conditions must be included in the design. 
In addition, a calculation of sample size and variation in outcomes is necessary in large-scale 
studies to ensure statistical power of results. Indeed, the power to detect association strongly 
depends on effect size, heterogeneity of the background noise and sample size. Although 
human studies are affected by a multitude of confounding factors (such as diet and lifestyle 
choice), meaningful insights can be discovered, albeit only when considering high sample 
size and rates. 
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MASS SPECTROMETRY-BASED PROTEOMICS
Mass spectrometry (MS)-based proteomics has become the method of choice to analyze 
complex protein samples[72,73]. Nowadays MS-based proteomics is capable of quantifying 
thousands of proteins across collections of large numbers of samples with a high degree 
of qualitative and quantitative reproducibility.  The most widespread approach adopted in 
MS-based proteomics is the bottom-up proteomics (Figure 5). In this peptide-based method 
proteins are initially extracted from the biological matrix (i.e. cells, tissue and biological fluids) 
by a combined use of chaotropic buffers and mechanical disruption[74]. After denaturation, 
protein disulfide bonds are reduced, and the resulting free thiols are subsequently alkylated 
to prevent re-folding of proteins. The solubilized proteins are then digested into peptides by 
a sequence-specific enzyme, mostly trypsin[75], generating peptides suitable for most peptide 
separation technologies and subsequent identification by mass spectrometry. Measuring the 
mass-to-charge ratio (m/z) in order to determine the molecular mass of each precursor peptide 
is often not sufficient to identify the amino acid sequence of the peptide. Therefore, after the 
mass of a peptide ion is determined (MS spectrum), the peptide is subsequently isolated in 
a mass analyzer and fragmented. The m/z values of the resultant fragments are then also 
measured producing a tandem mass spectrum (MS/MS spectrum). MS and MS/MS spectra 
are subsequently used as inputs for database engines to identify the corresponding peptide 
sequences which are finally assembled into proteins. This most frequently used strategy 
is referred to as shotgun or discovery proteomics. Different workflows and MS strategies 
have been developed in order to address different types of biological inquiries[76], including 
each step of the process such as sample preparation and fractionation, MS data acquisition, 
quantification and data analysis[77,78].

SEPARATION TECHNOLOGIES
Despite bottom-up proteomics representing the most mature and widely used approach in 
proteomics, comprehensive protein identification is still limited by three major factors: the 
complexity of the cellular proteomes, the high dynamic range in abundance at which proteins 
are present in biological samples, and the sensitivity of MS-based proteomics techniques 
for proteins of very low abundance. A major drawback of the bottom-up approach is that 
each protein is proteolytically digested into multiple peptide products, which increases the 
complexity of the sample. Appropriate separation methods are essential to simplify complex 
biological samples prior to introduction of the peptide ions into the mass spectrometer. 
These methods have to enhance sufficient separation for unambiguous detection and 
identification of low-abundance species. Typically, reversed phase (RP) high performance 
liquid chromatography (HPLC)[79,80] and ultrahigh pressure liquid chromatography (UHP-LC)
[81,82] are the most common front-end separation systems. In both cases, the separation is 
based on the interaction of the analytes with the hydrophobic stationary phase and the 

by implementing genome annotation[29] and discovering tumor-specific proteins associated 
to genomic aberration[66], splice variants and PTM alterations[67]. The resulting tumor-specific 
proteins are then further used to develop targeted proteomics assays, and are subsequently 
measured in separate cohorts. This full process shows the potential use of multi-omics in the 
biomedical field for clinical monitoring (Figure 4)[68]. When resistance to the drug is observed 
over the course of treatment, multi-omics approaches can assist to identify the associated 
mechanisms that confer resistance to the drug administered and suggest the most effective 
therapy. 

MS-based proteomics combined with various omics technologies is driving a radical shift 
in cancer treatment by establishing the basis for predictive, preventive, and personalized 
medicine. An example of such impact is represented by three recent proteogenomics studies 
focused on colorectal, breast and ovarian cancers[69–71]. These analyses revealed that the 
proteomics data exhibited a strong overlap, albeit not have an identical correlation with the 
transcriptome and genetic data, further demonstrating that the different data types expose 
different types of information and also highlighted the relevance of multi-omics approaches.

FIGURE 4. The integrative data pipeline as envisioned by the NCI-CPTAC for building a comprehensive 

human cancer atlas from discovery to verification and validation of tumor-specific molecular features. 

Figure adapted from Boja et al.[68]

18 19

1 1



FIGURE 6. Off-line high-pH reversed phase chromatography is nowadays often used for sample 

fractionation in combination with on-line low pH reversed phase chromatography. In this approach a high 

degree of orthogonality is achieved by concatenation, in which fractions interspersed across the gradient 

are pooled together. FT= Flow Through. Figure adapted from Batth et al.[87]

In addition to the above-mentioned separation methods which aim to reduce sample 
complexity, there is another category of chromatographic techniques targeted at enriching 
PTM harboring peptides to levels measurable by mass spectrometry. MS-based proteomics is 
well suited for the study of protein PTMs because such changes lead to a PTM characteristic 
shift in mass and can be located with the resolution of a single amino acid through peptide-
fragment ion spectra. Nevertheless, the dynamic nature and low stoichiometry of most 
of these PTMs, such as phosphorylation, require enrichment steps prior to analysis[88]. 
Enrichment of phosphopeptides is usually performed using metal affinity chromatography, 
which takes advantage of the chelating properties of some metals toward the phosphate 
groups of phosphorylated peptides. Immobilized metal affinity chromatography (IMAC) is 
a popular method where positively charged metals like Fe3+or Ga3+, are immobilized on a 
chelating support such as nitrilotriacetic acid (NTA)[89] or iminodiacetic acid (IDA)[90] and bind 
phosphorylated peptides via electrostatic interaction. The IMAC selectivity and specificity 
can be altered with different buffer conditions, which results in non-specific adsorption of 
non-phosphorylated peptides containing multiple acidic amino acids. Metal oxide affinity 
chromatography (MOAC), typically TiO2, has become an effective alternative to IMAC that 

mobile phase. A significant advantage of RP-LC is that the buffers applied for separation are 
directly compatible for on-line coupling with MS. In case of high sample complexity further 
separation techniques can be adopted to increase the depth of the proteome as well as the 
number of PTMs analyzed. A requisite of this multidimensional separation approach is the 
orthogonality of each of the individual separation methods, in which each dimension uses 
different (orthogonal) molecular properties as a basis for the separation[83]. Strong cation 
exchange chromatography (SCX) followed by RP-LC is an example of such an orthogonal 
multidimensional protein identification technology (MudPIT) and has so far been one of the 
most used two-dimensional (2D) setups in bottom-up mass spectrometry[84,85]. However off-
line peptide fractionation based on a basic high pH reversed- phase (HpH) approach prior 
to LC−MS/MS analysis seems to be more efficient for the separation of peptides compared 
to SCX. The HpH fractionation method has shown to provide excellent orthogonality to C18-
RP-LC due to its high-resolving power based on hydrophobic interactions and the use of 
concatenation strategies of pooling fractions from different parts of the gradient when running 
at high pH[86,87] (Figure 6).

FIGURE 5. In a typical bottom-up proteomics workflow, proteins are extracted from a biological source 

via sample lysis and then proteolytically digested into hundreds of thousands of peptides. Fractionation 

technologies and/or specific PTMs enrichment strategies can be applied to reduce sample complexity. 

Fractionated and (or) enriched samples are then introduced to the LC-MS system, and subsequently 

the m/z values of eluted precursor peptide ions are measured in MS mode, prior to fragmentation in 

MS/MS mode. Mass spectra are then first matched to protein sequence databases for peptide and 

protein identification, quantified and thereafter statistically significant fold-changes in abundances are 

determined. Visualization of protein interaction networks provides further insight into the investigated 

biological system. 
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into the mass spectrometer (Coulombic explosion)[100,101] (Figure 7A). Nano-flow electrospray 
ionization (nano-ESI) has been exploited in proteomic research as an alternative to ESI due to 
the improvement of ionization efficiency and increased sensitivity for less amount of sample 
required[102]. 

As naked protonated peptide ions are injected into the mass spectrometer, they travel through 
electrical and/or magnetic fields dictated by their mass-to-charge ratio (m/z), which can be then 
measured by an analyzer. There are different types of mass analyzers and according to the 
way ion separation is performed they can be divided into scanning or non-scanning analyzers. 
Scanning analyzers transmit the ions of a given m/z ratio successively at a given time (i.e. 
quadrupole), while non-scanning analyzers allows the simultaneous transmission of all ions 
(i.e. Orbitrap). Key performance indices of different types of mass analyzers are predominantly 
determined by their mass range, ion transmission, analysis speed, mass accuracy and mass 
resolution[103]. The development of new-generation hybrid instrument in which different mass 
analyzers are combined in sequence or parallel to increase the versatility has expanded the 
opportunities for proteomics research. An example is given by the combination of quadrupole 
and orbitrap analyzers in the Q-ExactiveTM series mass spectrometers[104,105] (Figure 7B), which 
have been used mostly for the work described in this thesis. 

The quadrupole mass analyzer consists of four parallel metal rods placed around a central 
axis[96,106]. Each pair of opposite rods is connected electrically with equal but opposite DC and 
RF voltages which create oscillating electric fields. Changing the voltages, positively charged 
ions introduced along the central axis are either drawn towards the rods or repelled toward 
the central axis. The amplitude of these oscillations determines the stability of the ions along 
the travelling trajectory, enabling the quadrupole to filter specific m/z by removing the ions 
that collide with the rods. Quadrupoles are relatively low-resolution analyzers and for this 
reason are nowadays mostly employed as mass filters in hybrid instruments using additionally 
higher performance mass analyzers. 

The Orbitrap is the most recently introduced mass analyzer that was proposed by Makarov 
at the end of the 1990s[107,108], and introduced on the market in 2005[109]. Its design is based 
on the Kingdon ion trap invented in the early 20th century[110], which Makarov modified into an 
electrostatic device that comprises a spindle-shaped central electrode surrounded by two 
symmetrical outer electrodes complementing the shape of the inner electrode (Figure 7C). An 
electrostatic voltage of - 3200V is applied to the central electrode while the outer electrode 
is at ground potential, so when ion packets are tangentially injected they start to oscillate 
along the axial electrode in a harmonic orbit. The frequency of oscillation of these ions along 
the central electrode is then only dependent on the m/z ratio of the ions[111]. Finally, a Fourier 

bypasses the charging step because the metal ions are part of a solid metal bead[91]. However, 
also MOAC strategies appear to have some limitations such as the lower affinity towards 
phosphopeptides containing multiple basic residues. Lately, another strategy using Ti4+-IMAC 
has been shown to overcome the limitations of IMAC- or MOAC-based enrichment methods in 
terms of selectivity[92,93], and exhibit a relatively high quantitative and qualitative reproducibility[94]. 
Most of these methods are biased toward serine and threonine phosphorylation, while 
investigation of the phosphotyrosine proteome relies almost exclusively on immunoaffinity 
enrichment using antibodies raised against pTyr peptides[95].

In the work described in this thesis, we utilized HpH fractionation strategy to reduce proteome 
complexity of sarcoma tissue samples extracted with laser capture microdissections, and 
Ti4+-IMAC as phosphopeptide enrichment strategy to monitor phosphoproteome signaling 
responses upon drug treatment in both colorectal and breast cancer cell lines. 

MASS SPECTROMETRY INSTRUMENTATION
In general, all mass spectrometers have three main components in common, an ion source, 
a mass analyzer(s) and a detector[96]. A mass spectrometer does analyze ions and measures 
not directly masses, but measures the mass (m) of a charged molecule in relation to its 
charge (z). Therefore, peptides first need to be ionized and brought into the gas phase. 
This can be achieved through ‘’soft ionization’’ techniques such as MALDI (matrix-assisted 
laser desorption ionization)[97] and ESI (electrospray ionization)[98] in which the relatively low 
energy employed reduces the fragmentation of the biomolecule directly in-source. MALDI 
uses a laser to irradiate a sample from a crystallized matrix generating mostly singly charged 
(i.e. protonated) ions. This technique is not directly compatible with HPLC separation, and 
its application is nowadays mostly in combination with MS imaging[99]. ESI is the ionization 
technique used for the research described in this thesis since it can be coupled directly with 
HPLC at the interface prior to the mass spectrometer (HPLC/ESI-MS/MS). This flow analysis 
technique provides a powerful approach for rapid analysis and high sample throughput. In 
ESI, a potential difference of 3-6 kV is applied, under atmospheric pressure, between the 
conductive tip of a capillary at the outlet of the LC instrument and the orifice/entrance of the 
mass spectrometer, generating an electric field. The solvent eluting from the LC capillary is 
thereby electrostatically dispersed causing an accumulation of charged analyte ions at the tip 
(Taylor cone), from which highly charge droplets, containing the analyte molecules, with the 
same polarity are released as a fine mist. The application of an inert gas flow shearing around 
the eluted sample solution continuously reduces the charged droplets in size by evaporation, 
leading to an increase of surface charge density and a decrease of the droplet radius. 
Finally, the charged droplets reach a critical point (Rayleigh point) at which repulsion of the 
charges overcomes the surface tension, and releases gas phase ions which are accelerated 
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PEPTIDE AND PROTEIN IDENTIFICATION 
Tandem mass spectra (MS/MS) of peptide ions contain highly specific information in their 
fragmentation patterns, from which also sequence information of proteins they originate from 
can be derived. Different computationally approaches can be used for the identification of 
the peptides[114–116]. These approaches include either the use of a database containing protein 
sequences (“database search”), a library containing high quality identified spectra (“spectrum 
library”), or direct analysis of amino acid sequence of the peptide from a spectrum without 
previous knowledge (“de novo”). 

Database searching is still the most commonly used approach in MS-based proteomics, 
and this strategy consists of experimentally comparing MS/MS spectra against theoretically 
constructed spectra based on the protein database. Each gene/protein entry in the 
database is digested in silico into theoretical peptides, using parameters which depends 
on the proteomic experiment carried out, such as taxonomy, proteolytic enzyme, fixed and 
variable modifications, mass tolerance and type of mass spectrometer. For each measured 
MS/MS spectrum of a peptide, database search programs assign a score based on the 
degree of similarity between the experimental fragment ion spectrum and the theoretical 
fragmentation spectrum constructed for that peptide. This score, (also known as PSM), 
allows to first discriminate correct from incorrect identifications. Different scoring algorithm 
have been developed, and most of the classical search engines (i.e. Mascot, Andromeda, 
Sequest) used for the identification of peptides and also applied in this thesis are based on 
those algorithms. Both Mascot[117] and Andromeda[41] utilize probability-based algorithms which 
calculate a probability that the observed number of matches between the calculated and 
measured fragment masses could have occurred by chance. Andromeda is fully integrated 
into the MaxQuant quantitative proteomics platform commonly also used for label free 
quantification (LFQ)[118]. Contrarily, the search engine Sequest uses a descriptive model for 
peptide fragmentation and correlative matching to a tandem mass spectrum[119]. 

To increase the confidence of the peptide assignment scoring, estimation of a False Discovery 
Rate (FDR) is also necessary. FDR is the portion of false positives above a score threshold 
selected arbitrarily, and one strategy applied to estimate the FDR is the target–decoy 
method[36]. In a “decoy” part of the search database reversed sequences (i.e. randomized 
and shuffled) are created to mimic real sequences (the “target” sequences). A concatenated 
search of MS/MS spectra is performed against the decoy and target database, and then 
the number of falsely identified peptides can be estimated as the ratio of decoy database 
matches to target database matches.

After determining peptide sequence identity in MS/MS spectra, protein identification is 

transform of the image current induced by the oscillating ions results in highly resolved m/z 
spectra[112]. Nowadays, the Orbitrap is the most widely used mass analyzer in high throughput 
proteomics experiments thanks to its fast scan speed, superior resolving power and mass 
accuracy, and wide dynamic range[33]. 

FIGURE 7. Mass Spectrometric analysis on the Orbitrap mass spectrometer. A. Electrospray ionization 

(ESI) induces the formation of a Taylor cone where the solvent elutes due to the high voltage applied 

between the sample tip and a counter electrode. Multiply charged droplets shrink gradually leading to 

an accumulation of charges. The increased electrostatic repulsion in the shrinking droplets induces the 

release of desolvated gas phase ions. Figure adapted from Steen et al.[113] B. Schematic representation 

of a hybrid Orbitrap Q-ExactiveTM mass spectrometer. The Q Exactive instrument includes a nanospray 

source and a stacked-ring ion guide (S-Lens) which guides the gas phase ions to a bent flatapole via an 

injection multipole. Ions are then transmitted into a hyperbolic quadrupole filter, and subsequently brought 

into the C-trap interfaced to a higher-energy collision induced dissociation (HCD) cell. Fragmented ions 

accumulate in the HCD cell after which the ion beam is transferred back into the C-trap and then ejected 

into the Orbitrap mass analyzer. Figure adapted from Michalski et al.[104] C. The orbitrap consists of a 

barrel-shaped outer electrode surrounding a spindle-shaped inner electrode. The elliptical oscillation 

frequency of injected ions along the spindle axis (red region) is detected by electrodes in form of a 

transient signal that can be transformed to a mass spectrum by Fourier transformation. Image courtesy 

of Thermo Fisher Scientific.

A
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proteins are marked with 13C and 15N on lysine and arginine respectively, and the relative 
abundance-ratio of peptides is measured by comparing heavy/light peptide pairs[128]. Despite 
the high quantification accuracy, this method is mostly compatible with cells only, which can 
be cultured for extended periods of time and applicable to small scale experiments due to 
the low multiplexity. The introduction of super-SILAC, a mix of multiple heavy SILAC-labeled 
cells, enhances the applicability of SILAC-based quantification also to tissue samples by using 
the super-SILAC spike-in as standards to quantify the non-labeled samples of interest[129,130].

Figure 8. Schematic overview of alternative workflows which can be used in quantitative MS-based 

proteomics. Boxes in blue and yellow represent two experimental conditions under comparison. Dashed 

lines depict steps where samples are treated separately, with may enhance experimental variability. 

Horizontal lines illustrate sample combination steps. Figure adapted from Bantscheff et al.[127]

Another labeling strategy involves chemical labeling of samples at the protein or peptide level, 
with the main advantage being that this approach is applicable to almost all sample types. 
Some of these methods use isobaric tags (e.g. iTRAQ, TMT) whose structure consists of three 
functional groups:  an amine-reactive group that labels the N-terminus and ε-amine group of 
lysine in peptides, a mass normalization (balance) group that balances mass differences from 
individual reporter ions to ensure the same overall mass of the reagents, and an isotopic 
reporter group. In this approach, each sample is labeled with a different isotopic tag before 
being pooled and analyzed simultaneously in MS. The advantage of using isobaric tags is 

obtained by grouping peptide sequences into proteins in a process known as protein 
inference[120]. This process is not always straightforward and presents several challenges, 
since many identified peptides tend to group into a relatively small number of proteins which 
correspond to the most abundant ones[121]. In addition, unambiguous protein identification 
can also occur in case of homologous proteins and isoforms which share a large number 
of peptide sequences. Confidence in protein identification can be increased by selecting 
proteins identified with at least one distinct peptide, or one representative protein among 
isoforms and homologs[122]. Alternatively, the parsimony principle (also called Occam’s razor) 
can be applied to determine the smallest number of proteins that can account for all observed 
peptides[123]. In the end, the plausibility of the protein identification is quantified with a score 
which is further controlled by estimating an FDR using the target-decoy strategy[36,124], or as a 
sum of posterior probabilities of correct identifications[121]. Lists of identified and, most of the 
times, quantified proteins are then exported in different file formats to be finally processed 
with different statistical methods. Several software solutions are continuously developed for 
automating analysis of proteomic datasets obtained from complex samples with the effort to 
provide accurate and reproducible results[116].

QUANTITATIVE PROTEOMICS
Quantification in proteomics experiments represents one of the key components for the 
discovery and validation of protein biomarkers in complex biological samples. Measuring 
protein or PTM abundances enables assessment of changes in response to stimuli such as 
drug treatment or during pathogenesis. This quantitative information can be then used to 
build functional networks. Different strategies have been developed to enable quantitative 
proteomics, and two methods are mostly used for relative quantification: i) stable isotope-
labeling, either by metabolic or chemical labeling[125] and ii) label-free quantification[126] (Figure 
8). In most proteomics studies, as also in the ones described in this thesis we aim for relative 
quantification, and not absolute quantification. Absolute quantification aims ate exactly 
knowing how many molecules are present in a given sample. In relative quantification, the 
amount of a molecule is defined in relation to another measure of the same molecule, leading 
to measurements of a fold change of protein abundance, as e.g. induced by drug treatment. 
In this thesis relative quantification have been used to measure changes in protein or 
phosphoprotein abundance levels by comparing their relative abundances between samples 
taken under different condition.

Metabolic labelling is made possible by growing cells or whole organisms under heavy stable 
isotope enriched growth media. After a certain number of cell divisions or passages, the 
specific heavy isotopes will be incorporated in the newly synthesized proteins. The most 
popular method is stable isotope labelling by amino acids in cell culture (SILAC) where 
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Label-free quantification (LFQ) is the simplest quantification approach since it does not require 
incorporation of stable isotopes. LFQ relies on the comparison of different features between 
independent LC-MS or LC-MS/MS measurements and is based on two methods: i) precursor 
ion intensity measurement that involves comparing the extracted ion chromatograms 
(XICs) of a particular m/z value at the level of LC-MS analysis, and ii) spectral counting that 
involves counting the number of MS/MS spectra acquired for the same protein[141]. The 
first method has recently become the most commonly used thanks to the emergence of 
robust LC-MS systems[142] and the development of advanced algorithms capable of handling 
chromatographic peak alignment, extracting ion chromatograms for each peptide from each 
LC-MS run, and integrating their peak areas[118,143,144]. LFQ workflows have several advantages 
over labeling methods, such as reduced complexity in sample preparation as well as the 
capability to measure a high number of proteins with high accuracy. Furthermore, LFQ is 
able to compare protein abundances in a virtually unlimited numbers of samples, making 
this strategy suitable for large-scale experiments. As drawbacks, LFQ approaches require 
measuring each sample individually, and are affected by the ‘’missing quantification values’’ 
effect[145,146]. This effect depends on the stochastic process of precursor selection which 
leads to higher variability in the detection and quantitation of the lower abundance proteins. 
Increased peptide identification can be obtained by increasing the number of replicates and 
by activating the match-between-runs option in MaxQuant software which enables alignment 
and transfer of identification information between samples[147]. 

In this thesis we apply the LFQ strategy for a system-wide (phospho)proteomics analysis 
where relative quantification of protein and phosphoprotein abundances was measured on a 
high number of technical and biological replicates across samples treated with different drugs 
and collected at multiple time points.

that peptides labeled with isotopic variants of the tag have identical liquid chromatography 
retention time and appear as a single composite peak at the same m/z value in an MS1 scan. 
During MS/MS events the modified precursor ion is fragmentated and generates both the 
reporter ion peaks used for relative quantification, and the peptide fragment ion peaks used 
for peptide identifications[131]. The two most widely adopted types of mass tags commercially 
available are isobaric tag for relative and absolute quantification (iTRAQ)[132] and the tandem 
mass tag (TMT) (Figure 9)[133]. Due to the higher multiplexity capability, TMT10plex is nowadays 
established as the gold standard quantification approach for comparing multiple samples and 
conditions in clinical samples because usually one of the tags can be reserved for an inter-
experiment control to which the results can be normalized[134,135]. Despite the high precision 
of a TMT labeling approach, accurate ratios can be determined only when a single precursor 
ion is selected for MS2 analysis. However, the ratio compression effect is observed when 
co-eluting peptides are selected within the window used for the subsequent fragmentation 
resulting in the underestimation of actual protein abundance[136]. Quantitative accuracy 
can be improved by the Multinotch MS3 method, albeit at the cost of 12–20 % reduction 
in sensitivity[137]. A TMT-labeling strategy has also been used in this thesis to label clinical 
specimens of myxoid liposarcoma tissue sections with the aim of quantifying changes in 
protein abundance between different tumor grades evaluating the possibility to apply this to 
larger number of patients.

 

FIGURE 9. Chemical structure of a generic TMT reagent showing the three functional groups: an amine- 

reactive group that labels the N-terminus and ε-amine group of lysine in peptides, a mass normalization 

(balance) group that balances mass differences from individual reporter ions to ensure the same overall 

mass of the reagents, and a reporter group that provides the abundance of a sample specific peptide 

upon MS/MS of mixed samples. The dashed lines indicate bonds that upon cleavage during MS/MS 

release the reporter ion, which can then be accurately discriminated in high resolution mass analyzers[138]. 

Composite figure adapted from Rauniyar et al.[139] and Ankney et al.[140]
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ABSTRACT

Intrinsic and/or acquired resistance represents one of the great challenges in targeted 
cancer therapy. A deeper understanding of the molecular biology of cancer has resulted 
in more efficient strategies, where one or multiple drugs are adopted in novel therapies 
to tackle resistance. This beneficial effect of using combination treatments has also been 
observed in colorectal cancer patients harboring the BRAF(V600E) mutation, whereby 
dual inhibition of BRAF(V600E) and EGFR increases antitumor activity. Notwithstanding 
this success, it is not clear whether this combination treatment is the only or most effective 
treatment to block intrinsic resistance to BRAF inhibitors. Here, we investigate molecular 
responses upon single and multi-target treatments, over time, using BRAF(V600E) mutant 
colorectal cancer cells as a model system. Through integration of transcriptomic, proteomic 
and phosphoproteomics data we obtain a comprehensive overview, revealing both known 
and novel responses. We primarily observe widespread upregulation of receptor tyrosine 
kinases and metabolic pathways upon BRAF inhibition. These findings point to mechanisms 
by which the drug-treated cells switch energy sources and enter a quiescent-like state as 
a defensive response, while additionally compensating for the MAPK pathway inhibition.

INTRODUCTION

Despite the development of novel drugs for personalized medicine, both intrinsic and 
acquired resistance remain major limitations of targeted anticancer therapies[1,2]. Most of 
these drugs target components of the mitogen-activated protein kinase (MAPK) signaling 
pathway, which contains oncogenes such as KRAS, BRAF and the epidermal growth factor 
(EGFR)[3,4]. The use of monotherapy to inhibit these oncogenes has often been found to 
be ineffective due to reactivation of signaling pathways. For instance, upregulation of 
upstream components such as receptor tyrosine kinases (RTKs) in KRAS mutant lung and 
colorectal cancer (CRC) or of downstream components such as KRAS wild-type in CRC 
have been revealed to be responsible for intrinsic drug resistance[5,6]. 

To overcome intrinsic and/or acquired resistance, combined drug treatments are frequently 
replacing single-agent targeted therapies[7–9]. An elegant example of bypassing intrinsic 
resistance using a multi-target approach has been demonstrated in BRAF(V600E) mutant 
CRC[10]. Whereas BRAF inhibitor (BRAFi) monotherapy is highly effective in BRAF(V600E) 
mutant melanoma, response rates in BRAF(V600E) mutant CRC are poor[11,12]. Multiple 
independent studies on CRC found a crucial role of EGFR as a key driver of resistance 
to BRAFi monotherapy [13–15]. In congruence with the role of EGFR in conferring resistance 
to BRAFi, the suppression of tyrosine phosphatase non-receptor type 11 (PTPN11) — which 
is required to transduce signals from EGFR and other RTKs to the downstream MAPK 
pathway — also sensitizes BRAF(V600E) CRC cells to BRAF inhibition[16]. Consequently, 
the identification of EGFR as a mediator of intrinsic resistance to BRAFi in CRC has led 
to initiation of several clinical trials which combine inhibition of both EGFR and BRAF 
(BRAFi+EGFRi), or of other MAPK pathway members[10,17].

Although the BRAFi+EGFRi combination treatment is more effective than BRAFi monotherapy 
in CRC[18], it remains unclear whether EGFR is the only or most potent synthetic lethal 
co-target of BRAF(V600E) in CRC. Addressing this issue requires an understanding of 
the cellular response to drug treatment across different molecular levels. Such multilayer 
approaches could elucidate different branches of the signaling network, and track how 
perturbations propagate to gene and protein expression in driving resistance. Several 
studies have already highlighted the widespread responses to drug treatment in cancer 
using multi-omics approaches and adequate data integration[19–21]. Advances in next-
generation sequencing and proteomics approaches[22,23] in combination with enhanced 
data integration solutions have paved the way for such important investigations[24,25]. 
Notably, the integrated use of transcriptomics and (phospho)proteomics has recently 
demonstrated its power in describing physiopathological processes through phenotype 
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MATERIALS AND METHODS

EXPERIMENTAL DESIGN AND STATISTICAL RATIONALE
Colorectal tumor cell lines WiDr and WiDr PTPN11 KO were used as model to study 
resistance upon drug treatment. Both WiDr and WiDr PTPN11 KO cells were plated in 15-
cm dishes for (phospho)proteomics and 10-cm dishes for transcriptomics. All cells were 
cultured in RPMI supplemented with 10 % fetal calf serum (FCS) 1 % L-Glutamine and 1 
% Penicillin/Streptomycin. Cells were grown to around 70-80 % confluence and starved 
for 24 h in serum-free media, after which all plates were supplemented with serum-
free media containing either no drugs (WiDr Control, WiDr PTPN11 KO control) or 3 µM 
PLX4032 (BRAFi, BRAFi in PTPN11 KO) or 3 µM gefitinib (EGFRi) or the combination of 3 µM 
PLX4032 and 3 µM gefitinib (BRAFi+EGFRi). Following 30 min incubation, both Controls 
(n=24) and treated cells (n=48) were stimulated by 10 % FCS and then collected at four-time 
points: 2, 6, 24 and 48 h. Controls at T=0 for both WiDr and WiDr PTPN11 KO were instead 
immediately harvested without any stimulation (n=6). To increase the statistical power, 
the whole experiment was executed in three biological replicates for both (phospho)
proteomics (n=78) and transcriptomics (n=78). At least two and three technical replicates 
were processed for proteomics (168 RAW spectra) and phosphoproteomics (243 RAW) 
respectively. No technical replicates were processed for the transcriptomics experiment. 
The reported driver mutations (BRAF(V600E), PIK3CA P449T, TP53 R273H)[29] were verified 
on 24 pooled samples and the ploidy of the chromosomes checked against previous 
characterizations of WiDr/HT-29[30,31] (Figure S14). Single nucleotide variants were called 
by GATK v3.4-46[32], and copy number was determined using CONTROL-FREEC v10.4[33].  

CELL LYSIS
After each treatment, both WiDr and WiDr PTPN11 KO cells were harvested by washing 
twice with cold PBS and then resuspended in ice cold lysis buffer. For (phospho)proteomics 
analysis, protein extraction was obtained by adding 2 mL of buffer containing 8 M urea, 50 
mM ammonium bicarbonate (pH 8.0), 1 mM sodium orthovanadate, cOmpleteTM mini EDTA-
free protease inhibitor mixture (Roche, Indianapolis, USA), and phosSTOPTM phosphatase 
inhibitor mixture (Roche). Finally, cells were snap frozen in 15 mL Falcon Centrifuge Tubes 
and stored at -80 °C until use. For transcriptomics analysis, total RNA was extracted by 
adding 600 µL Lysis/Binding Buffer from the mirVana miRNA Isolation Kit by Ambion (Cat. 
AM1560), and then collecting cells by scraping. Next, cell lysate was transferred into a 
1.5 mL tube and stored at -80 °C until time of total RNA isolation which was performed 
following the mirVana total RNA workflow. 

and proteotype analysis[19,26–28]. 
 
In this study we analyze and integrate proteomics, phosphoproteomics, and transcriptomics 
data to track molecular responses over time upon perturbation with BRAFi, EGFRi, or their 
combination in CRC cell lines. We aim to study whether there are other post-translational 
or transcriptional mechanisms — in addition to EGFR and the MAPK pathway — that are 
activated upon treatment, in order to identify novel targets that may overcome innate 
resistance and prevent acquired resistance to BRAF inhibition.
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a Q-Exactive mass spectrometer (ThermoFisher Scientific, Bremen, Germany). The LC 
system was equipped with a 2 cm Aqua C18 (Phenomenex, Dr. Maisch GmbH, Germany) 
trapping column (packed in-house, i.d. 100 μm, resin 5 μm) and a 50 cm Poroshell 120 EC-
C18 (Agilent Technologies, the Netherlands) analytical column (packed in-house, i.d. 50 μm; 
resin 3 μm). (Phospho)peptides were first trapped at 5  μL/min in 100 % solvent A (0.1 % 
formic acid in water) for 10 min, and then eluted with solvent B (0.1 % formic acid in ACN) 
at a flow rate of around 200  nL/min. Phosphoproteome analysis was performed in 120 
min gradient as follows: 0-10 min 100 % solvent A, 10–105 min 4 % solvent B, 105-108 
min 36 % solvent B, 108-109 min 100 % solvent B, 109-120 min 100 % solvent A. For the 
proteome analysis instead a 180 min gradient was set as follows: 0-10 min 100 % solvent 
A, 10–10.1 min 13 % solvent B, 10.1-165 min 40 % solvent B, 165-168 min 100 % solvent B, 
169-180 min 100 % solvent A. The electrospray voltage was set to 1.7 kV using a coated 
SilicaTip P200P capillary (ThermoFisher Scientific). The mass spectrometer was operated 
in data-dependent acquisition mode and was configured to perform a Fourier transform 
survey scan from 375 to 1600 m/z (resolution 35,000) followed by higher collision energy 
dissociation (HCD) fragmentation of the 10 most intense peaks (25 % normalized collision 
energy at a target value of 50,000 ions, resolution 17,500). In total, 411 RAW spectra were 
collected: 168 for proteomics and 243 for phosphoproteomics.
 
(PHOSPHO)PROTEOMICS DATA PROCESSING
A preliminary quality analysis was performed for each dataset by MaxQuant (version 1.5.1.2) 
selecting label-free quantification and using the integrated Andromeda search engine and 
Swiss-Prot Homo sapiens database (20,196 entries, released on 10_2014). A cut-off of 
R2=0.7 was applied on both proteomics and phosphoproteomics correlation matrix (data 
not shown) and, after this filtering step, 383 RAW phosphoproteomics and proteomics files 
were selected for the final analysis and analyzed by MaxQuant (version 1.5.2.8) with the 
integrated Andromeda search engine. Phosphoproteomics RAW data were classified as 
Group 0, whereas proteomics RAW data as Group 1. A mutant-modified Swiss-Prot database 
Homo sapiens (24,126 entries, released on 05_2015) was used for the database search: 
for the variant identification, all STAR aligned reads were merged into a single bam file, 
subsequent variant calling was performed using VarScan[35] (v2.3.8) with default settings; 
resulting variant positions were included in the extended database when covered by at 
least 100 reads with at least 20 % of reads harboring the variant. Trypsin was specified as 
enzyme and up to two missed cleavages were allowed. Cysteine carbamidomethylation 
was set as a fixed modification, while methionine oxidation and protein N-term acetylation 
were set as variable modifications. Phosphorylation on serine, threonine and tyrosine 
was also selected as variable modification for the phosphoproteomics analysis. The 
mass tolerance was set to 4.5 ppm for precursor ions, and to 20 ppm (FTMS) for fragment 

PROTEOMICS ANALYSES
Lysed cells were defrosted, and each tube was supplemented with 300 µL of fresh lysis 
buffer. Cells were further lysed by 10 rapid passages through 23G needle and by sonication 
on ice. Cell debris were removed by centrifugation at 20,000 x g for 30 min at 4 °C and 
cleared supernatants were stored at -80 °C. The total protein concentration was measured 
using Bradford assay (Bio-Rad, Hercules, CA, USA).
Next, samples were split into 200 µg aliquots for quality control analysis via western blots 
and 2 mg aliquots for tryptic digestion. Proteins were reduced with 8 mM DTT (Sigma-
Aldrich, Germany) for 1 h at room temperature, alkylated with 16 mM iodoacetamide 
(Sigma-Aldrich) for 30 min at room temperature in the dark and reduced again with 8 mM 
DTT at room temperature to prevent overalkylation. Later, proteins were first digested 
by Lys-C (enzyme/substrate ratio 1:65, Wako Chemicals, Virginia, USA) at 37 °C for 4 h. 
Subsequently, urea was diluted to 2 M with 50 mM ammonium bicarbonate and trypsin 
was added (enzyme/substrate ratio 1:50, Sigma-Aldrich). The digestion was executed at 37 
°C overnight and then quenched with 5 % formic acid (FA). Peptides were desalted using 
Sep-Pak C18 cartridges (Waters), dried and stored at -80 °C.

PHOSPHOPEPTIDE ENRICHMENT
Ti4+-IMAC material was prepared as previously described[34]. Briefly, the affinity material 
was loaded onto GELoader tips (Eppendorf, California, USA) using a C8 plug. The columns 
were pre-equilibrated two times with 50 μL of Ti4+-IMAC loading buffer (80 % ACN, 6 % 
trifluoroacetic acid (TFA)). Next, samples were resuspended in loading buffer and 200 μg 
were loaded into each microcolumn. Columns were sequentially washed with 50 μL wash 
buffer A (50 % ACN, 0.5 % TFA, 200 mM NaCl) and 50 μL wash buffer B (50 % ACN, 0.1 % 
TFA). Bound peptides were first eluted by 30 μL of 10 % ammonia into 30 μL of 10 % FA. 
Finally, all remaining peptides were eluted with 2 μL of 80 % ACN, 2 % FA. The collected 
eluate was further acidified by adding 3 μL of 100 % FA, and subsequently dried in vacuo 
and stored at −80 °C. The procedure was repeated in three technical replicates for each 
biological replicate. Later, phosphopeptides were further desalted using SPE C18 cartridge 
homemade. Stationary phase C18 beads were dissolved in 500 μL isopropanol and loaded 
onto GELoader tips using a C18 plug as previously described. The columns were washed 
with 50 μL wash buffer C (80 % ACN, 0.1 % TFA) and then conditioned with 0.1 % TFA. Next, 
samples were resuspended in 30 μL of 10 % TFA and loaded into columns which were 
further washed with 30 μL of 10 % TFA. Finally, phosphopeptides were eluted with 30 μL of 
80 % ACN, 1 % FA, dried and stored at −80 °C.

(PHOSPHO)PROTEOMICS MASS SPECTROMETRY
(Phospho)peptides were analyzed using an Agilent 1290 Infinity II LC system coupled to 
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WESTERN BLOTS
For both quality control and validation analysis, total cell extracts were quantified using 
the Pierce BCA Protein Assay (23227, Thermo Scientific) and the colorimetric reaction 
evaluated at 562 nm using the EnVision 2014 Microplate Reader (Perkin Elmer). Equal 
amount of proteins was prepared for all samples adding 10X NuPage Sample Reducing 
Agent (NP0004, ThermoFisher Scientific) and 4X NuPage LDS Sample Buffer (NP0007). 
Samples were subsequently incubated at 95 °C for 5 min to allow protein denaturation. 
Lysates were resolved by SDS-PAGE using NuPage 4-12 % Bis-Tris precast gels and 
NuPAGE Gel Electrophoresis Systems (Thermo Scientific). The gels were run in 1X MOPS 
buffer (50 mM MOPS, 50 mM Tris base, 0.1 % SDS, 1 mM EDTA) at a constant voltage 
of 165 V. Proteins were transferred on a methanol-activated PVDF membrane. Transfer 
was performed in 1X Transfer Buffer (25 mM Tris base, 122 mM glycine, 0.01 % SDS, 10 % 
methanol) using a Trans-Blot Cell apparatus (Bio-Rad) and applying a constant amperage 
of 70 mA. Blocking was performed by incubating the membranes in 5 % BSA in TBS-T 
(0.1 %) for 1 h. Primary antibodies were typically diluted 1:1000 in 5 % BSA in TBS-T and 
incubated at 4 °C overnight while shaking. Membranes were washed 3 times during 10 min 
with TBS-T (0.1 %). HRP-conjugated secondary antibodies (Bio-Rad) were diluted 1:10,000 in 
5 % BSA in TBS-T and incubated for 1 h at room temperature while shaking. Subsequently, 
membranes were washed additional 3 times during 10 min with TBS-T (0.1 %). Final protein 
detection was performed using Clarity ECL western blotting substrate (Bio-Rad) and blot 
imaging was performed using the Chemidoc Touch Imaging System (Bio-Rad).

DIFFERENTIAL EXPRESSION ANALYSIS
All differential expression analyses were performed using the limma R package[39]. mRNA 
read counts were first transformed using voom[40]. The transformed mRNA read counts and 
the log-normalized intensities of proteins and phosphosites were checked to be normally 
distributed. For the comparison of BRAFi+EGFRi to control samples, a linear model was 
fitted for each gene/protein/phosphosite with each condition (treatment and time-point 
pair) as a separate variable. The contrast between the BRAFi+EGFRi and control samples 
at 48 h conditions was used for enrichment analysis. For the comparison of the PTPN11 
KO cell line to the PTPN11 WT cell line, a linear model was fitted for each gene/protein 
using cell line, time-point and treatment as variables, and subsequently contrasting the cell 
line coefficients. Because PTPN11 KO and EGFRi treatment are expected to have a similar 
biological effect, the treatment coefficient of PTPN11 KO controls and EGFRi-only treated 
samples were equated. Similarly, the treatment coefficient of PTPN11 KO cell line treated 
with BRAFi and BRAFi+EGFRi samples were equated.

ions. Fast Label free quantification (LFQ) was performed and ‘match between runs’ was 
enabled. Peptide and protein identification were set to 1 % FDR, and the minimum score 
for modified peptides was set to 40. The quantified output (proteinGroups.txt, Table S7; 
phospho(STY)Sites.txt, Table S8) were processed using a custom in-house developed 
Python package (PaDuA). Potential contaminants and reverse peptides were removed. 
After filtering protein data for ‘only identified by site’ and phospho-data for localization 
probability > 75 % (Class I phosphosites), 6638 protein groups and 9055 phosphosites 
Class I were identified. Next, normalization was performed by subtracting the median 
of log2 transformed intensities from each column. For phospho-data, the ‘expand side 
table’ function was applied before normalization. Median of technical replicates was 
performed for each dataset and the resulting values were filtered to ensure each protein 
or phosphosite had valid measurements in at least one time point of any of the six cell 
culture conditions. For the final dataset, 5692 protein groups and 7141 phosphosites Class 
I were quantified. Enrichment analysis was calculated using modificationSpecificPeptides.
txt table (Table S9). The final processed outputs were exported for subsequent analysis in 
R (https://bitbucket.org/evertbosdriesz/cgc-multi-omics).

TRANSCRIPTOMICS
Quality and quantity of isolated RNA was checked and measured with Agilent 2100 
Bioanalyzer and RNA Nano 6000 chips (Agilent Technologies, Cat. 5067-1511). All samples 
had an RNA integrity number (RIN) value ≥ 9.5. After RNA purification, libraries were 
generated from 500 ng of Total RNA using the Truseq Stranded Total RNA kit with Ribo-
Zero Human/Mouse/Rat set A and B by Illumina (Cat. RS-122-2201 and RS-122-2202, San 
Diego, CA, USA). After the library preparation, libraries were checked with Bioanalyzer2100 
DNA High Sensitivity chips (Agilent Technologies, Cat. 5067-4626) and with Qubit (Qubit® 
dsDNA HS Assay Kit, Cat. Q32854, ThermoFisher Scientific). Libraries were equimolar 
pooled to 2 nM. Next, 0.8-1.4 pM of these pooled libraries were sequenced on the Illumina 
NextSeq, 2x75bp high output, and 1.0-1.4 pM of library pools was loaded. Mapping was 
performed using STAR_2.4.2a, read counting using ht-seq count and the v74 gencode 
definition for coding regions. Fragments were mapped against GRCh37 using STAR [36] 
(v 2.4.2a), reads within coding regions (ENSEMBL release 74) were counted using ht-seq 
count [37] (v0.6.1) and further normalized and analyzed using the DeSeq2 package [38] (v1.6.3). 
Libraries were sequenced on Illumina NextSeq to an average of 9.9 (±3.5) million reads 
per sample. From these RNA depleted RNA-seq libraries, 7.9 (±4.9) million reads mapped 
against the human reference genome (hg19), of which 36.6% (±8.6) correspond to mRNA 
regions. Full details and workflows are available online: https://github.com/UMCUGenetics/
RNASeq (v.2.2.0 was used for this paper).
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Rapid Feedback Inhibitor analysis.

CELL PROLIFERATION ASSAYS
All experiments were carried out culturing WiDr cells in RPMI 1640 supplemented with 10 % 
fetal bovine serum (FBS), 1 % Penicillin/streptomycin and 1 % L-Glutamine, at 37 °C, 5 % CO2.
WiDr cells were seeded in five 96-well plates at a density of 5000 cells/well. After 24 
hours of incubation (37 °C, 5 % CO2), media was removed from all plates and replaced 
with media containing drugs. In three 96 wells plates, gefitinib, lapatinib or sapitinib were 
serially diluted to a final concentration range of 120 nM to 30 µM as a single treatment 
and in combination with PLX4032 at a fixed concentration of 3 µM (n=4). In the fourth 96-
well plate, PLX4032 was serially diluted to a final concentration range of 30 nM to 30 µM 
in combination with gefitinib at a fixed concentration of 3 µM and with either 1 mM DCA 
(n=4) or 10 µM etomoxir (n=4) respectively. In the last 96-well plate, PLX4032 was serially 
diluted to a final concentration range of 30 nM to 30 µM in combination with gefitinib at 
a fixed concentration of 3 µM (n=8). After 96 h of treatment, 1 mM DCA was added to four 
replicates and 10 µM etomoxir was added to other four replicates. All plates contained a 
column with untreated cells as a reference sample and were treated for 7 days (37 °C, 5 % 
CO2). Media containing the drugs was replaced after 72 h.
IC50 of single treatments was determined seeding WiDr cells in three 96-well plates at 
a density of 10,000 cells/well. After 24 hours of incubation (37 °C, 5 % CO2), media was 
removed from all plates and replaced with media containing either PLX4032 or etomoxir 
or DCA serially diluted in four replicates to a final concentration range 30 nM-30 µM, 200 
µM-0.2 µM and 100 mM-0.1 mM, respectively. All plates contained a column with untreated 
cells as a reference sample and were treated until 72 h (37 °C, 5 % CO2).
Cell growth inhibition was monitored in all assays using the IncuCyte™ automated 
microscope (Essen Bioscience, Ann Arbor, USA) and phase-contrast images were collected 
every 2 h using a 10x Nikon objective. Phase confluence percentage from each well at 
each time point was exported into GraphPad Prism 7.0 software. The area under the curve 
(AUC) was calculated for each concentration (n=4), normalized in respect to untreated 
cells and fitted using a four-parameter logistic curve. Percentage of growth in single and 
combination treatments were visualized as dose response curves. 

DRUG OFF ASSAYS
All experiments were carried out culturing WiDr cells in RPMI 1640, supplemented with 10 
% FBS, 1 % Penicillin/streptomycin and 1 % L-Glutamine at 37 °C, 5 % CO2.
For long-term assay, WiDr cells were seeded in one 6-well plate (200,000 cells/well) and 
grown to around 60 % confluence. After 24 h starvation in serum-free media, cells were 
treated with PLX4032 and gefitinib both at a fixed concentration of 3 µM, in complete 

CLUSTERING
Hierarchical clustering was performed on the 1500 phosphosites, proteins, or mRNAs 
with the highest variance within each dataset, calculated over all conditions. The mRNA 
expression data was first log-transformed and filtered for mRNAs that were differentially 
expressed compared to the T=0 h Control at a false discovery rate (FDR) of 10-6. The 
pairwise distance between two phosphosites, proteins, or mRNAs i and j was calculated as 
(1-ρi,j)/2, where ρi,j is the Pearson correlation between the two. The obtained distances were 
used for hierarchical clustering using Ward’s minimum variance method. For each data 
type, the resulting trees were cut into 8 groups, since consensus clustering[41] indicated 
that to be a reasonable number. Enrichment analysis of the clusters were done using 
Fisher’s exact test, with all measured genes, proteins, or phosphosites as background. 
For the phosphoproteomic data, the enrichment for each kinase in each cluster was 
calculated based on its predicted substrates. Predicted kinase-substrate relations were 
obtained using KinomeXplorer[42]. Similarly, for the mRNA expression data, enrichment 
of transcription factors in each cluster was calculated based on its known target genes. 
Transcription factor-target gene relations were obtained from the TransFac database[43,44] 
(version 2_2016). Enrichment analysis of biological processes was done using the 
hallmarks gene sets from MSigDB[45]. Multiple testing correction was done using Benjamini 
and Hochberg’s method. 

TRANSCRIPTOMICS OF MULTIPLE BRAF(V600E) CRC CELL LINES
For this validation experiment, SNU-C5, VACO432 and KM-20 cell lines were plated in 
10-cm dishes at a confluence of 2 x 106 cells per dish. All cell lines were cultured in RPMI 
1640, supplemented with 10 % FCS, 1 % L-Glutamine and 1 % Penicillin/Streptomycin. Cells 
were first incubated for 24 h, and subsequently starved for 24 h in serum-free media. 
Next, all plates were supplemented with serum-free media containing either no drugs 
(untreated) or 3 µM PLX4032 (BRAFi) or the combination of 3 µM PLX4032 and 3 µM 
gefitinib (BRAFi+EGFRi). Following 30 min incubation, both untreated (n=3) and treated 
cells (n=6) were stimulated with 10 % FCS, and then collected after 48 h. Controls at T=0 
(n=3) were instead collected immediately after starvation. Total RNA was extracted by 
adding 400 µL RLT buffer containing β-mercaptoethanol from the QIAGEN RNaesy kit 
(Qiagen, Germany) and collected the cells by scraping. Cell lysates were stored in 2 mL 
tubes at -80 °C until time of total RNA isolation with the QIAsymphony machine (Qiagen), 
using the Qiasymphony RNA kit (Qiagen, Cat. 931636) and the miRNA CT400 workflow. For 
the differential expression analysis, a linear model using cell line (SNU-C5, VACO432 and 
KM-20) and treatment (T=0 h, Control, BRAFi and BRAFi+EGFRi) was fitted. The contrast 
between BRAFi+EGFRi vs Control and BRAFi vs Control were used for the differential 
expression analysis. The contrast between T0 and all other treatments were used for the 
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expressions is available at https://cancergenomics.shinyapps.io/CGC_MultiOmics/. The 
FAIR data portal is available at https://cgc.fair-dtls.surf-hosted.nl/demonstrator/.

medium. Media was replaced two times per week and treatment was interrupted after 78 
days. Pictures were acquired using an ECLIPSE Ti-E inverted microscope (Nikon, Tokyo, 
Japan) at a magnification of 10x. Cell confluence was measured using Fiji plugin in ImageJ 
software.
For short-term assay, WiDr cells were seeded in one 96-well plate at a density of 5000 
cells/well. After 24 hours of incubation (37 °C, 5 % CO2), media was removed from all plates 
and replaced with media containing PLX4032 and gefitinib at fixed concentration of 3 µM. 
Media was replaced (once/twice) per week and treatment was interrupted after 5 days. 
Cell growth was monitored in the IncuCyte™ automated microscope and phase-contrast 
images were collected every 2 h using objective Nikon 10x.

ANTIBODIES AND REAGENTS
WiDr cells were purchased from American Type Culture Collection (ATCC)[13] and WiDr 
cells clone #B32 were used as knockout of PTPN11 (WiDr PTPN11KO)[16]. Both RPMI 1640 
medium (#12-167F), penicillin/streptomycin (#17-602E) and L-Glutamin (#17-605C) were 
purchased from Lonza (Basel, Switzerland), whereas FBS (#16000044) was purchased 
from ThermoFisher Scientific.
PLX4032 (#S1267), gefitinib (#S1025) and sapitinib (#S2192) were purchased from Selleck 
Chemicals (Houston, TX, USA) and lapatinib (#S1028) from MedKoo Biosciences (Inc. 
Chapel Hill, NC, USA). Etomoxir (#11969) was purchased from Bio-Connect B.V. (TE Huissen, 
the Netherlands), whereas dichloroacetic acid sodium salt (DCA) (#2156-56-1) from Sigma-
Aldrich Chemie N.V. (Zwijndrecht, the Netherlands).
Antibodies against HSP-90 (H-114), PTPN11 (SH-PTP2 C-18), ERK1 (C-16), ERK2 (C-14) and 
p-ERK1/2 (E4) were purchased from Santa Cruz. p-EGFR (Y1068, ab5644), p-SHP2 (Y542, 
ab62322) were purchased from Abcam. p-ERBB3 (Y1197, #4561), p-IGF1R (Y1135/1136, 
#3024), IGF1R (#3027), p90RSK (#8408), AKT 1/2 (#2920), p-AKT (S473, #4060) were 
purchased from Cell Signaling Technology (Danvers, MA, USA). Anti-EGFR (#06-847), 
p-ERBB2 (Y1248, #06-229), ERBB2 (#OP15L), ERBB3 (#05-390) and p-p90RSK (T359/S363, 
#04-419) antibodies were from Millipore.

DATA AND CODE AVAILABILITY
The mass spectrometry proteomics data have been deposited to the ProteomeXchange 
Consortium via the PRIDE [46] partner repository with the dataset identifier PXD007740. 
Sequence data has been deposited at the European Genome-phenome Archive (EGA)[47] 
which is hosted by the EBI and the CRG, under accession number EGAS00001002654. 
Annotated spectra can be inspected in MS-Viewer using the key azz8y3rc3q. Source code 
and data for all statistical analyses are available at https://bitbucket.org/evertbosdriesz/
cgc-multi-omics. The Graphical User Interface (GUI) to visualize gene/protein/phosphosite 
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FIGURE 1. Study design. A. Biological model. Schematic representation of the MAPK signaling 

pathway whereby BRAF(V600E), the drugs and KO target sites are highlighted. B. Experimental design. 

WiDr and WiDr PTPN11 KO cells were cultured for transcriptome, proteome and phosphoproteome 

analysis. For each of the six treatments the time-course of events is indicated (Experimental 

Procedures). Color codes are utilized to differentiate the effect due to drug inhibition in PTPN11 WT 

with respect to the knock-out of PTPN11 KO by distinguishing BRAFi-treated samples (red and shades 

of purple) from not BRAFi-treated samples (gray and shades of blue). C. Workflow employed in 

this study. For the transcriptomics analysis, mRNA libraries were prepared and sequenced using 

Illumina NextSeq. Quantitation in proteomics and phosphoproteomics analysis was done by label-free 

quantitation. Phosphoproteomics was performed after Ti4+-IMAC phosphopeptide enrichment. For 

the integration of transcriptome, proteome and phosphoproteome approach, a customized protein 

database was developed in order to include identified missense mutations for peptide identification 

and quantification (Experimental Procedures).

The phosphorylation profile of ERK (MAPK1) (Figure 2A, top panel) was used as a 
positive control to verify the drug-induced regulation and overall quality of the label-free 
quantitative (phospho)proteomics approach. In concordance with previous studies[16], 
pERK is downregulated upon BRAFi, and this effect is enhanced by addition of EGFRi or 
in the PTPN11 KO cell line. Complementary western blots (Figure 2A, bottom panel) show 
excellent correlation with the label-free phosphoproteomics data. Further quality analysis 
demonstrates high correlation between respective biological replicates, with median 

RESULTS 

A MULTI-OMICS OVERVIEW OF BRAF MUTATED COLORECTAL CANCER CELL RES-
PONSE TO TARGETED DRUG TREATMENT
We selected the WiDr CRC cell line harboring the BRAF(V600E) mutation as a model 
system for our analyses[30,31]. To study the differences in signaling we treated the WiDr 
cells with either vemurafenib (BRAFi) or gefitinib (EGFRi), or with the combination treatment 
BRAFi+EGFRi. Additionally, we employed a WiDr PTPN11 knockout (KO) cell line treated 
with BRAFi (BRAFi in PTPN11 KO) to investigate if there are functional differences between 
PTPN11 KO and EGFRi when applied in combination with BRAFi (Figure 1A). In order to 
reduce the signal background, cell growth was synchronized by serum starvation for 24 
hours (h), followed by 30 minutes (min) incubation with or without drugs before serum 
stimulation (Experimental Procedures). Unstimulated control and PTPN11 KO control cells 
were immediately harvested — indicated as T=0 h throughout this study — whereas 
stimulated samples were collected in a time course at 2, 6, 24, and 48 h after treatment 
(Figure 1B). We performed transcriptomic (RNA-seq) and (phospho)proteomic profiling at 
each of the time points as indicated in Figure 1C. Our study was designed to capture the 
initial responses to the different drug treatments and the elicited RTK signaling, monitoring 
their effects on gene and protein expression, and the onset of feedback mechanisms. 
We therefore generated a customized protein sequence database using RNA-seq data to 
account for WiDr-specific non-synonymous variants (Experimental Procedures).
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timepoint of any condition. Analysis indicates good correlation (R > 0.8) among the three biological 

replicates for all three omics datasets. C. Cross-omics Graphical User Interface output. The GUI 

enables exploration of the multi-omics data for specific genes under all the tested conditions. Users 

can select a measured gene of interest from a dropdown menu, and visualize complete data at the 

transcript, protein, and phosphosite level, over the time-course and over all experimental conditions. 

An example output for the gene PTPN11 is shown. 

Finally, we tested for potential off-target effects by looking at the substrates of kinases 
that had a dissociation constant for gefitinib or vemurafenib below the concentrations we 
used (ZAK, RIPK2, MAP2K5, PTK6, FECH, MAP4K5, RIPK3, GAP)[49]. For all these kinases, 
we either did not observe any substrates, or their substrates did not show any coordinated 
dephosphorylation in response to the inhibitors (Figure S2), providing no evidence of off-
target effects.   

EGFR INHIBITION AMPLIFIES RESPONSE TO BRAFi IN CRC CELLS 
To extract an overview of the effect of the different treatments, we performed Principal 
Component Analysis (PCA) on each omics data type (Figure 3A, Table S1). The trend along 
the first two principal components is similar for all data types. Principal Component 1 (PC1) 
represents the variation over time in the BRAFi treated samples (BRAFi, BRAFi+EGFRi, 
and BRAFi in PTPN11 KO). This variation is greater in BRAFi+EGFRi and BRAFi in PTPN11 
KO samples compared to the samples treated with BRAFi only. Notably, the onset of the 
variation in the direction of PC1 occurs earlier in the transcriptomic data (after 6 h) than 
in the proteomics data (after 24 h), reflecting the delay from transcription to translation. 
Principal Component 2 (PC2) reflects the variation in the measurements over time in non-
BRAFi treated samples (Control, EGFRi and PTPN11 KO control). In the proteomics data, 
PC2 also clearly separates the PTPN11 KO and WT samples. 

To further investigate the additional effect conferred by EGFRi in addition to BRAFi, we 
plotted log2(BRAFi+EGFRi/Control) against log2(BRAFi/Control) values for each gene/
protein/phosphosite-timepoint pair that is significantly differentially expressed compared 
to untreated controls in at least one of the two treatments. The responses to BRAFi and 
BRAFi+EGFRi are highly correlated, as evidenced by Pearson correlation coefficients 
of 0.95, 0.86 and 0.82 for the transcriptomic, proteomic, and phosphoproteomic data, 
respectively (Figure 3B). Interestingly, for both transcriptomic and phosphoproteomic 
data, the log2-fold-changes of the BRAFi+EGFRi treatment are larger, on average, than 
those of the BRAFi alone. This is clear from the linear regression line (blue) whose 
slope is steeper than the line with slope of 1 (gray line). This effect is statistically highly 

correlation coefficients of 0.99, 0.93 and 0.83 for the transcriptomics, proteomics and 
phosphoproteomics data, respectively (Figure 2B). As expected, the quantified proteomics 
data shows a slightly higher variability than the RNA-seq data[48], while phosphoproteomics 
data exhibits an even higher variability. The final (phospho)proteomics dataset consisted 
of 5692 quantified protein groups and 7141 quantified Class I phosphosites (localization 
probability > 0.75), both of which were measured in at least one timepoint of any of the six 
applied conditions. The transcriptome dataset contained a final list of 21,446 genes (Figure 
S1). We developed a Graphical User Interface (GUI) to facilitate rapid data comparison. 
The GUI enables selection of a specific gene to immediately visualize a comparison of its 
expression profile at transcriptomic and (phospho)proteomic levels (Figure 2C). 

FIGURE 2. High data quality enables reliable overview of gene-level response across omics 

datasets. A. Label-free phosphoproteomics and phosphoWB provide similar regulation patterns. 

The LC-MS/MS quality control was assessed by quantification of ERK phosphorylation (top panel) in 

all three biological replicates (R1, R2 and R3), and subsequent validation was done via western blots 

by using pERK1/2 (E-4) (bottom panel) which confirmed downregulation of pERK1 on Y187 as measured 

by mass spectrometry. B. Quality analysis of reproducibility at each omics level. Replicate 

consistency was assessed by inter-replicate Pearson correlation. In the phosphoproteomic analysis, 

selection of technical replicates involved discarding the poorest replicates before quantification. 

Median of technical replicates was performed for both phospho- and proteomics dataset, and the 

resulting processed data were further filtered to only include data that was quantified in at least one 
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the JAK/STAT pathway[50]. Interestingly, PTPN11 negatively regulates the IFN-induced JAK/
STAT pathway by dephosphorylating STAT1 on both residue Y701 and S727[51]. In line 
with this observation, STAT1 is also significantly downregulated at the protein level in the 
PTPN11 KO cells (FDR = 10-8) in our dataset and shows a time-course profile similar to the 
aforementioned 77 genes (Figure S4D).

FIGURE 3. Comparisons between drug treatments and omics data types. A. Principal Component 

Analysis (PCA) of transcriptomics, proteomics and phosphoproteomics data elucidates similar global trends 

in the data. B. Correlation plots of log2-fold-changes in BRAFi and BRAFi+EGFRi compared to Control, 

for each dataset. The gene/protein/phosphosite-time point pairs selected are significantly differentially 

significant, since the 95% confidence intervals of these slopes are 1.14-1.15 and 1.14-1.25 
for the mRNAs and phosphosites, respectively. This observation was further confirmed by 
analyzing mRNA expression data in three additional BRAF(V600E) CRC cell lines (SNU-C5, 
VACO432, KM-20) (Figure S3A, Table S2). Furthermore, a similar trend is observed when 
correlating BRAFi in PTPN11 KO and BRAFi only treated samples in WiDr cell line (Figure 
S3B), with the exception of a few proteins whose expression decreases in the PTPN11 KO 
cells but not upon EGFRi. Taken together, our data demonstrates that addition of EGFRi or 
the knockout of PTPN11 enhances the effect of BRAFi but does not produce qualitatively 
different molecular responses. 

PTPN11 KNOCKOUT INDUCES POST-TRANSCRIPTIONAL DOWNREGULATION
While the effect of PTPN11 KO and EGFRi mostly appears to be similar in our study, both the 
PCA (Figure 3A) and the correlation of BRAFi in PTPN11 KO and BRAFi only (Figure S3B) 
highlighted an effect of the PTPN11 KO on the proteomics data that was not observed in 
the transcriptomic data. To further investigate how PTPN11 KO affects proteins and mRNAs 
differently, we performed differential protein and mRNA expression analyses using a linear 
model to compare PTPN11 KO and wild type (WT) EGFRi treated cells overall, where the 
PTPN11 status (KO and WT+EGFRi), the drug treatment (BRAFi or not) and the time-points (0, 
2, 6, 24 and 48 h) were used as variables (Table S3).

At the protein level, we identified 77 proteins that have i) significant differential protein 
expression (FDR < 0.05) between PTPN11 KO and PTPN11 WT+EGFRi, ii) a large negative 
log2-fold-changes of < -1 at the protein level, and iii) a small absolute log2-fold-changes of 
< 1 at the mRNA level (Figure 3C). The most disparate difference is observed in creatine 
kinase brain-type (CKB), with a log2-fold-change of -6.3 in PTPN11 KO cell line compared to 
PTPN11 WT+EGFRi and a remarkable minimal difference on average in mRNA expression 
(log2-fold-change = -0.65) (Figure S4A). 

These 77 proteins also demonstrate a consistent time-course profile in which expression 
at both the protein level and the mRNA level is downregulated in BRAFi treated conditions 
at T > 24 h (Figure 3D, S4B, S4C). This observation suggests that expression of these 
77 proteins still responds to mRNA expression level dynamics, despite an overall 
downregulation in an mRNA-expression independent manner upon PTPN11 KO. 

We next investigated whether these 77 proteins are functionally related by performing 
an enrichment analysis using the MSigDB Hallmarks[45]. Our analysis reveals a strong 
enrichment of the interferon alpha (IFN-α) and gamma (IFN-γ) response gene-sets 
(enrichment > 15-fold, p < 10-12, Table S3) which are known to suppress cell viability through 
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S6B) is consistent with the dephosphorylation of AKT after 2-6 h upon BRAFi, and 
more strongly so in combination with EGFRi. Although we did not detect the relevant 
phosphosites of AKT1 and AKT2 in our dataset, the deactivation of AKT signaling is 
confirmed by western blot at later time points in the combination treatment (Figure S7). 
Consistent with the early deactivation of MAPK and AKT signaling observed in the 
phosphoproteomics cluster, the transcriptomics early response cluster is enriched for 
targets of transcription factors downstream of the MAPK and AKT pathways (Figure 
4B, right panel), such as CREB1, FOS, MYC, AP-1 and JUN. This is further corroborated 
by downregulation of most of these transcription factors upon BRAFi (Figure 4C and 
S6C). The early response cluster is absent in the proteomics data (Figure S5), possibly 
reflecting a lag between transcription and translation.

expressed for at least one of the two treatments. C. Scatterplot of log2-fold-changes of protein (x-axis) and 

mRNA (y-axis) levels in PTPN11 KO compared to PTPN11 WT cells reveals set of 77 genes downregulated 

at protein level but with no expression difference at RNA level. D. Average expression profiles of the 77 

proteins (red dots in B) that are downregulated at the protein but not at the mRNA level. The expression of 

each mRNA/protein is mean-centered. The solid lines indicate mean expression of the 77 mRNA/proteins 

and the shaded area indicates the 95 % confidence interval of the mean. 

SYSTEM-WIDE PROPAGATION OF DRUG PERTURBATION 
A key goal of our study was to provide a system-wide understanding of the propagation 
of cellular responses from signaling (phosphoproteomics) to gene transcription 
(transcriptomics) and then translation and protein expression (proteomics) in 
response to BRAF and/or EGFR inhibition. We therefore performed correlation-based 
hierarchical clustering on the 1500 phosphosites, mRNAs and proteins exhibiting the 
highest variance within each dataset and divided each omics dataset in eight clusters 
(Figure S5). We observed that in the transcript-, phosphosite- and protein clusters, all 
BRAFi treated samples (BRAFi, BRAFi+EGFRi and BRAFi in PTPN11 KO) exhibit similar 
clustering profiles, often distinct from non-BRAFi treated samples.

To investigate the biological function of all the clusters, we performed enrichment 
analysis based on transcription factor-target gene (transcriptomic clusters) and 
kinase-substrate (phosphoproteomics cluster) relationships, and using the hallmarks 
gene-sets from MSigDB (all data types)[45] (Table S4): Two clusters, corresponding 
to an early treatment response within 2-6 h and late treatment response after 24-
48 h at both the gene expression (transcriptomic) and signalling (phosphoproteomic) 
level are downregulated upon BRAFi (either alone or in combination with EGFRi or in 
PTPN11 KO) (Figure 4A and 4B). In contrast, four clusters exhibit a distinct upregulation 
of proteins, phosphosites or transcripts in all BRAFi treatments, starting after 2 h and 
increasing throughout the time-course. 

MAPK and PI3K-AKT signaling are involved in early response
The early response phosphoproteomics cluster is enriched for substrates of kinases 
belonging to the MAPK and PI3K-AKT pathways (Figure 4A, right panel). An immediate 
decrease in phosphorylation of the canonical MAPK-pathway members MAP2K1 (MEK1) 
and MAPK1 (ERK2) substrates occurs in all BRAFi treated samples, which is consistent 
with the immediate dephosphorylation of Y187 on MAPK1 and Y204 on MAPK3 (ERK1) 
(Figure 2A and S6A). The early response cluster also includes substrates of p70S6K 
(RPS6KB1), a kinase downstream of AKT. Its reduced phosphorylation on S427 (Figure 
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at phosphosite T821 inhibits E2F1 activity and induces cell cycle arrest at late timepoints in BRAFi 

treated cells. 

BRAF(V600E) inhibition affects cell cycle and cell proliferation at later time points
The late response cluster reflects the effect of drug treatment on cell cycle and proliferation. 
The phosphoproteomics late response cluster is highly enriched for substrates of the cell 
cycle regulators CDK1 and CDK2 (Figure 4A, right panel). This finding is corroborated by 
decreased CDK1 (Figure S6D) and CDK2 (Figure S6E) protein expression. Similarly, the 
transcriptomic late response cluster is enriched for target genes of the cell cycle regulators 
E2F1, E2F4, and E2F3 (Figure 4B, right panel). The connection between late response 
phospho-signaling and gene expression is mediated by downregulation of the phospho-
residue T821 on RB1 (Figure 4D), a substrate of CDK2, while total RB1 protein expression 
remains relatively constant (Figure S6F). This downregulation induces binding of RB1 
to E2F1 thereby inhibiting E2F1 activity[52] and promoting cell cycle arrest[53] in all BRAFi 
conditions at the late timepoints. Further enrichment analysis of the MSigDB hallmarks 
gene-sets revealed enrichment of proliferation-related gene sets including E2F targets, 
genes involved in the G2M checkpoint, and mitotic spindle genes (Table S4). 

We also observe a late response cluster in the proteomics data (cluster 4), which is 
strongly enriched for targets of MYC and E2F (Table S4). MYC and E2F targets are also 
enriched in the transcriptome early response cluster, again indicative of the delay between 
transcription and translation. 

Inhibition of BRAF(V600E) induces distinct metabolic response 
In addition to the early and late response clusters, which show downregulation upon BRAFi, 
we also observe a set of transcripts, proteins and phosphosite clusters that are upregulated 
in all BRAFi treated samples compared to Control and EGFRi-only treated samples. These 
clusters include phosphoproteomics cluster 5, and transcriptomics clusters 5 and 7 (Figure 
S5) and exhibit the strongest regulation at 48 h. Cluster 5 of the phosphoproteomics 
data was enriched for substrates of pyruvate dehydrogenase kinases (PDKs), which are 
known to regulate glucose and mitochondrial metabolism by phosphorylating pyruvate 
dehydrogenase E1 component subunit alpha (PDHA1) on serine residues[54,55]. Both clusters 
5 and 7 of transcriptomics did not show any significant statistical enrichment. 

Thus, to further interrogate which processes are upregulated in BRAFi+EGFRi or BRAFi 
treated samples, we performed differential expression and subsequent enrichment 
analysis of transcripts and proteins that were significantly upregulated at 48 h with respect 

FIGURE 4. Clustering reveals a MAPK mediated early and CDK mediated late response to BRAF 

inhibition. A. Selected phosphoproteomics clusters show an early and late response of phosphosites 

in which phosphorylation decreases upon BRAF inhibition within 2-6 h (left panel) and after 24-48 h 

(middle panel). Enrichment analysis (right panel) indicates that the early response cluster is enriched 

for substrates of kinases located downstream of BRAF in the MAPK pathway, whereas the late 

response cluster is enriched for substrates of cyclin-dependent kinases. B. Selected transcriptomics 

clusters show a similar early (left panel) and late (middle panel) response. Enrichment analysis (right 

panel) reveals that the early response cluster is enriched for target genes of transcription factors that 

are downstream of the MAPK pathway, and the late response cluster is enriched for targets of the 

E2F-transcription factor. C. Deactivation of MYC is a consequence of MAPK pathway deactivation 

and corroborates the early-response TF-target gene enrichment analysis. D. Downregulation of RB1 
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of DUSP4, DUSP6, and SPRY1, demonstrating that RFIs can also be downregulated in 
response to pathway inhibition, in an attempt to counteract pathway inhibition. Similar 
results are observed at the 48 h time point (Figure S10A), and further corroborated in 
three other BRAF(V600E) CRC cell lines (SNU-C5, VACO432, KM-20) (Figure S10B) — with 
the downregulation of RASGRF1 upon BRAFi in both WiDr and the validation cell lines as 
notable addition — indicating that the absence of in long-lived mRNAs is not due to their 
low degradation rates.

To examine how RTKs upstream of the major signaling pathways responded to drug 
treatment, we performed hierarchical clustering of the mRNA expression of all RTKs based 
on Pearson correlation. This analysis revealed strong upregulation of a subset of RTKs 
upon BRAF inhibition from the mid-timepoints (T=6-24 h) onward. Of the 35 RTKs expressed 
in WiDr cells, 16 were upregulated (Figure 5B), including ERBB2 and ERBB3 (Figure 5C 
and D). Selected targets were further quantified by performing western blots on the 
same WiDr and WiDr PTPN11 KO lysates used for omics analysis, confirming upregulation 
of total ERBB3 upon BRAFi while the results for ERBB2 were less consistent (Figure 
S7). To establish if transcriptional RTK upregulation is a general response mechanism, 
we quantified their mRNA expressions in three additional BRAF(V600E) CRC cell lines. 
Upregulation of several RTKs upon BRAFi+EGFRi was confirmed in all three cell lines 
(SNU-C5, VACO432 and KM-20) including ERBB2 which was consistently overexpressed 
in all three lines, whereas ERBB3 was overexpressed in KM-20 (Figure 5E). Interestingly, 
in addition to the ERBB2/ERBB3 upregulation, the regulator ERBB receptor feedback 
inhibitor 1 (ERRFI1), which interferes with ERBB family member homo- and hetero dimer 
formation [58], is downregulated in all BRAFi treated samples (Figure 5F). Altogether, our 
data suggests the existence of an additional mechanism through which WiDr CRC cells 
might try to activate ERBB signaling to compensate for MAPK pathway inhibition.

to Control (log2-fold-changes > 0, FDR < 0.05), using the MSigDB Hallmarks, KEGG, 
and Reactome genesets. Our proteomics data demonstrates upregulation of metabolic 
processes including the peroxisome, the TCA cycle and the fatty acid metabolism upon 
BRAFi and BRAFi+EGFRi, (Table S5, Table S6, respectively). Activation of the TCA cycle is 
corroborated by significant upregulation of TCA cycle enzymes IDH1, IDH2 and SUCLG2, 
while the observed enrichment of the mitochondrial proteins involved in the β-oxidation 
of long chain fatty acids as CPT2, HADHA and HADHB suggests fatty acids may be used 
as energy source under the drug treatment inducing stress conditions [56] (Figure S8 and 
S9A-D). These pathways are not significantly enriched in the transcriptomic differential 
expression analysis (Table S5 and S6), and the upregulation of the RNA levels is much 
less pronounced or inconsistent in most cases (Figure S9A-D). Nonetheless, the average 
mRNA log2-fold-changes of the genes in most of these genesets is significantly greater 
than 0 (Table S5 and S6), and similar outcomes were obtained from the analysis on 
transcriptome data of three additional BRAF(V600E) CRC cell lines (SNU-C5, VACO432, 
KM-20) (Table S2, Figure S9E). Taken together, our omics data suggest that upon 
BRAF(V600E) inhibition, CRC cells activate a broad set of metabolic processes, mainly 
on the proteomic level, which may increase mitochondrial oxidative activity through fatty 
acid synthesis and uptake, suggesting a new possible mechanism as defensive response.

FEEDBACK RESPONSES AIM TO COMPENSATE FOR MAPK PATHWAY INHIBITION
Next, we set out to find more specific feedback responses to drug inhibition and serum 
stimulation by focusing on known regulators of the major signaling pathways (MAPK, PI3K, 
cAMP, TGFβ, JAK/STAT). To achieve this, we obtained a dataset compiled by Legewie et al., 
who collected mRNA half-lives and expression profiles in response to pathway stimulation 
of known signal transducers and inhibitors of the major signaling pathways[57]. From plotting 
the expression changes against the half-lives, Legewie et al. observed that all regulators 
that changed expression upon pathway stimulation were short-lived signal inhibitors. 
They named these Rapid Feedback Inhibitors (RFIs), which constitute a fast-homeostatic 
response mechanism to pathway perturbation.  To investigate if the responding signaling 
regulators in our data are also RFIs, we similarly plotted the log2-fold-changes in mRNA 
expression after 2 h — compared to Control T=0 h in each condition — against the mRNA 
half-lives obtained by Legewie et al. (Figure 5A). We observe four interesting features 
in this plot. Firstly, all responding regulators (DUSP1, DUSP4, DUSP6, DUSP8, DUSP10 
and SPRY1) are indeed RFIs (i.e. short lived negative regulators). Secondly, only genes 
regulating MAPK pathway signaling show response, suggesting that no other signaling 
pathways are affected by either growth-factor stimulation or BRAFi. Thirdly, all samples 
show strong upregulation of DUSP1, DUSP8 and DUSP10; presumably in response to the 
serum stimulation at T=0 h. Finally, all BRAFi treated samples exhibit strong downregulation 
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ERBB INHIBITORS PROVIDE LIMITED BENEFIT IN BRAF(V600E) CRC TREATMENT
Next, we sought to determine if the observed upregulation of ERBB2 and ERBB3 upon 
BRAFi+EGFRi treatment could be further exploited. We first studied whether inhibition 
of ERBB2 and ERBB3 in combination with BRAFi and EGFRi may lead to complete cell 
death by using gefitinib, lapatinib and sapitinib as known tyrosine-kinase inhibitors of 
EGFR, EGFR/ERBB2 and EGFR/ERBB2/ERBB3, respectively. We then explored if there was 
an optimal drug concentration, which would be synergistic with the maximum tolerated 
dose of PLX4032 (BRAFi) (Experimental Procedures). As expected[13], WiDr CRC cells are 
resistant to monotherapy of either gefitinib, lapatinib or sapitinib, with decreasing viability 
only at very high, i.e. cytotoxic, concentrations (Figure 6A). All three viability curves depict 
a 60 % decrease in cell viability upon addition of 3 µM PLX4032, with limited benefit 
from the combination with EGFRi. We did not observe a significant difference in growth 
inhibition across the different double treatments, suggesting that additional inhibition of 
ERBB2 and ERBB3 does not provide further synergy with BRAFi.

INHIBITING METABOLIC ENZYMES PROVIDES LIMITED BENEFIT IN BRAF(V600E) 
CRC TREATMENT
We further evaluated combination treatments to target MAPK pathway together with 
the TCA cycle or with the fatty acid β-oxidation. For this purpose, we used two readily 
available metabolic drugs: etomoxir, a CPT1 inhibitor, and dichloroacetate (DCA), a pan-
inhibitor of PDKs, to determine if inhibition of CPT1 or PDKs enhances sensitivity to therapy 
with PLX4032 and gefitinib (EGFRi). CPT1 is a site for intracellular regulation of lipid 
metabolism, transporting long-chain fatty acids into mitochondria for β-oxidation together 
with CPT2[59,60]. CPT2 is significantly upregulated in our experiments, nevertheless, to the 
best of our knowledge, a direct inhibitor of CPT2 has not been previously reported. PDKs 
are responsible for deactivation of PDHA1 through phosphorylation of serine residues 
in PDHA1[54,55] (Figure S11). We hypothesized that inhibition of PDKs can increase the 
mitochondrial oxidative state and consequently the amount of reactive oxidative species 
(ROS) in the cytoplasm causing apoptosis due to high toxicity. We therefore evaluated the 
combination treatment of each metabolic inhibitor (etomoxir and DCA) with BRAFi and 
EGFRi on WiDr cell viability. After assessing IC50 concentrations of both metabolic drugs 
(Figure S12A), we selected the clinical doses of 10 µM etomoxir [61–63] or 1 mM DCA [64,65] and 
determined two dose-response curves in the presence of 3 µM gefitinib and increasing 
concentrations of PLX4032. The first curve was obtained by adding the metabolic drug 
simultaneously to the BRAFi and EGFRi (T=0 h) (Figure S12B), and the second by adding 
it 96 h after BRAFi and EGFRi (T=96 h) (Figure 6B), when metabolism is expected to be 
significantly upregulated according to our data. In both cases, we do not observe any 
significant differences in the viability curves of the triple treatments in comparison to 

FIGURE 5. Feedback mechanisms aimed at restoring MAPK signaling activity. A. Log2-fold-changes 

of mRNA expression plotted against mRNA half-life of regulators of major signaling pathways at 2 h. Only 

short-lived negative regulators of MAPK signaling respond to growth-factor stimulation or BRAF inhibition. 

In all conditions, DUSP1, DUSP8 and DUSP10 are upregulated in response to serum stimulation at T=0 

h. DUSP4, DUSP6 and SPRY1 are downregulated only in BRAFi treated samples, in response to BRAF 

inhibition. B. Scaled mRNA expression levels of a cluster of RTKs. Of the 35 RTKs, 18 are upregulated 

(INSRR, ROS1, STYK1, ERBB3, FGFR2, PTK7, EPHA4, TEK, EPHB2, ERBB2, LMTK3, MERTK, INSR, EPHA10, 

NTRK1, DDR1). C. mRNA expression of ERBB2. D. mRNA expression of ERBB3. E. mRNA expressions of 

ERBB2 and ERBB3 in SNU-C5, VACO432, and KM-20 BRAF(V600E) CRC cell lines. F. Phosphorylation 

expression of the negative regulator ERRFI1 is downregulated at residue S251 in BRAFi samples.
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DISCUSSION

In this study we performed an integrated, quantitative, multi-omics analysis to obtain a 
system-wide molecular characterization of signaling perturbation over time in WiDr CRC 
and WiDr PTPN11 KO cell lines, after drug inhibition targeting either BRAF(V600E) and/or 
of EGFR. Our data reveal that all samples treated with BRAFi show similar response, with 
a more pronounced and qualitatively similar effect when BRAFi is combined with EGFRi or 
PTPN11 KO. This indicates that the main signalling responses depend on the inhibition of 
BRAF(V600E), and that additional inhibition of EGFR further amplifies the effect. Additionally, 
EGFRi-only treated cells exhibit similar responses to PTPN11 KO samples, confirming that 
suppression of this secondary signaling pathway confers sensitivity to BRAFi in CRC[16].

By comparing proteomics and transcriptomics data, we identified a set of genes that 
are exclusively downregulated at the protein level upon PTPN11 KO. These proteins are 
negative regulators of the interferon pathway[66], involved in controlling immune response. 
Downregulation of negative regulators may support the immune response elicited 
by PTPN11 in vivo[67]. This finding might be relevant for the development of therapeutic 
approaches that aim to inhibit PTPN11 activity. More generally, we have observed how mRNA 
expression levels do not always reflect protein dynamics and vice versa, underscoring the 
different but complementary information these data types can capture.

The integrated omics analysis enabled us to track the system-wide drug response upon 
treatment, from signaling – inactivation of kinases downstream of the MAPK pathway - 
through transcription – inhibition of genes downstream in the MAPK pathway. Shutting 
down MAPK signaling results in downregulation of CDK signaling, inducing cell cycle arrest 
at a later stage. Besides the inactivation of the MAPK pathway, all three datasets show 
an increase of oxidative metabolic processes, with significant upregulation of enzymes 
involved in lipid metabolism and the TCA cycle. We further observed that treatment with 
BRAFi induces upregulation of RTKs, including ERBB2 and ERBB3, which was found to be 
more pronounced when co-treated with EGFRi or in PTPN11 KO cells. 

We found evidence of metabolic rewiring in the proteomics data. One possible explanation 
of this finding is that these cells survive by utilizing different metabolic regimes, pointing 
at potential future avenues on how to target these cells. While in our work combining 
inhibition of the MAPK pathway and specific metabolic processes did not result in any 
significant difference in cell viability within a 48 h time scale, this combination might 
still be relevant to therapy as demonstrated in two recent melanoma studies whereby 
resistant cells were found to be dependent on mitochondrial respiration[68,69].  Therefore, 

the double treatments. These findings suggest that inhibition of CPT1 or PDKs does not 
increase sensitivity to therapy with PLX4032 and gefitinib. 

FIGURE 6. Assessment of WiDr CRC cell growth by combination treatments of BRAFi and ERBB 

or metabolic inhibitors. A. Comparison of mono- and double therapy on WiDr CRC cells growth. All 

three graphs show inhibition of either EGFR, EGFR/ERBB2 or EGFR/ERBB2/ERBB3 is ineffective as a 

monotherapy. Moreover, concomitant inhibition of ERBB2 and ERBB3 does not provide further benefit 

to the synergistic effect of BRAF(V600E) and EGFR inhibitors. B. WiDr cell confluence is measured 

comparing double and triple treatments. The addition of etomoxir or DCA as third metabolic inhibitors 

after 96 h does not show additional benefit to the BRAFi+EGFRi treatment.
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we further investigated the response of BRAF(V600E) mutant cells upon experimental 
BRAFi+EGFRi withdrawal. Similar approaches indeed has shown to induce massive cell 
death in melanoma and lung cancer cells [70]. We observed that a subset of cells survived 
the combination treatment and could resume proliferation after stopping drug treatment 
(Figure S13). However, the precise protective role of metabolic adaptation in the ability of 
cells to tolerate drug treatment remains elusive, and further studies are required. While 
there is some evidence for transcriptional upregulation of these metabolic processes in 
our study, this finding would not have been evident from a transcriptomics-only analysis, 
highlighting the importance of studying the complete omics landscape.

Apart from the  upregulation of metabolic processes, all the adaptive responses we 
observed appear to be homeostatic responses aimed at compensating the MAPK pathway 
inhibition, but do not succeed in doing so within the 48 h time range of our study. Despite 
transcriptional upregulation of ERBB family members, we do not observe additional benefit 
of inhibiting ERBB2 and/or ERBB3 in combination with EGFRi and BRAFi, suggesting that 
these homeostatic responses are not functional under the tested conditions. Activation 
of HER-family members has been recently reported in response to BRAFi in multiple 
CRC BRAF(V600E) cell lines[71], and increased expression of ERBB2 and ERBB3 is already 
known to confer acquired resistance[5,72–74]. In this regard, we hypothesize cells attempt 
to upregulate RTKs in an attempt to overcome the inhibition of the MAPK pathway. 
Nevertheless, further studies are required to establish the more general implications 
of these findings, preferably by investigating different cell lines and several medium 
conditions that mimic physiological environments more closely. Importantly, we do not find 
any evidence of parallel signaling pathways being activated in response to drug treatment.

Taken together, we hypothesize that reactivation of the MAPK pathway is necessary for 
BRAF(V600E) mutation CRC cells to acquire resistance to BRAF inhibition. This view is 
supported by observations both in vivo and in the clinic whereby resistance to MAPK 
pathway inhibitors is typically mediated by mutations or amplification in the MAPK pathway 
in CRC patients[17,75,76]. 

The integrative multi omics approach employed here provides a time based in-depth 
view of the signaling mechanisms involved in drug response. Our findings highlight the 
importance of measuring these different levels simultaneously as exemplified by the 
RTKs regulation and PTPN11 specific signals. We expect our contribution to enable and 
accelerate future research into these mechanisms by making the data resource available. 
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S59, PRKCD S304, RBM10 S89, TBC1D25 S506, UBA1 S4, UBA1 S46) and MAP2K5 (MAP3K2 S153, 

MAP3K2 S164, MAP3K2 S239, PBRM1 S948, PRKCI S247, SQSTM1 S366). Solid lines indicate average 

expressions, while shaded areas standard errors.  

FIGURE S3. Effect of EGFR inhibition or PTPN11 KO to BRAFi. 

A. Correlation plot of log2-fold changes in BRAFi and BRAFi+EGFRi compared to Control in mRNA 

expression in CRC cell lines SNU-C5, VACO432 and KM-20. Log2-fold-changes were obtained 

from a differential expression analysis of all three cell lines combined and can thus be interpreted 

as the average effect size over three cell lines. The 95% confidence interval of the regression 

log2(BRAFi+EGFRi/Control) ~ 0 + log2(BRAFi/Control) (blue line) is 1.44-1.50.  B. Correlation plots of log2-

fold-changes in BRAFi and BRAFi in PTPN11 KO compared to Control, for each dataset in WiDr cell line. 

The gene/protein/phosphosites-time point pairs selected are significantly differentially expressed for 

at least one of the two treatments. The 95% confidence interval regressions of log2(BRAFi in PTPN11 

KO/Control) ~ 0 + log2(BRAFi) (blue lines) are 1.16-1.17, 0.93-1.01 and 1.08-1.19 for the transcriptomic, 

protein and phosphoproteomic data, respectively.

SUPPLEMENTARY MATERIAL

SUPPLEMENTARY TABLES
Supplementary Tables are available in the online version of the published manuscript at 
https://doi.org/10.1074/mcp.RA117.000486.

SUPPLEMENTARY FIGURES

FIGURE S1. Data overview and quality control. 

A. Summary table indicating the number of quantified proteins, phosphosites, and transcripts. B. 

Phosphoenrichment performed on samples of each of the six culture conditions shows expression 

value of reproducible identifications (i.e. ~80 % across all treatments). 

FIGURE S2. No evidence for off-target effect. 

Scaled expression of phosphosites that are substrates of ARAF (ARAF S582, MAP2K2 S226, PBK 
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FIGURE S5. Correlation clustering at all three omics levels. 

A distance measure based on the Pearson correlation was used to generate 8 clusters for the (A) 

phosphoproteomics, (B) proteomics and (C) transcriptomics data. MAPK and PI3K-AKT regulated processes 

are enriched in clusters 3 (A) and 2 (C), while cell cycle process is enriched in clusters 4 (A) and 1 (C).  

Interferon alpha and gamma response genes, and targets of the transcription factors IRF-1, STAT1 are 

enriched in cluster 6 (B) and cluster 4 (C). Metabolic processes are enriched in clusters 5 (A), and 5 and 7 (C). 

FIGURE S4. Examples of differential regulation at the mRNA and protein level upon WiDr 

PTPN11 KO.

For each gene, the protein expression is provided in the top panel and the mRNA expression in 

the bottom panel: A. Creatine Kinase B (CKB). B. Proteasome subunit beta type-8 (PSMB8). C. 

2-5-oligoadenylate synthase 1 (OAS1). D. Signal transducer and activator of transcription 1 (STAT1). 
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FIGURE S7. Western blots validation on multiple protein and phospho-specific targets. (A)

Legend on the next page.

FIGURE S6. Expression profiles found to be enriched in specific clusters. 

Early response clusters exhibit immediate downregulation of MAPK and PI3K-AKT pathways as shown 

by decreased phosphorylation of key residues after 2-6 h upon treatment: A. MAPK3 Y204 and B. 

RPS6KB1 S247. As a consequence, transcription factors downstream of these pathways are deactivated, 

as shown by the reduction in: C. c-FOS mRNA. Late response clusters exhibit downregulation of the 

CDK pathway as further indicated by its downregulation at the protein level at the late stage: D. CDK1 

and E. CDK2. F. The protein expression of retinoblastoma-associated protein RB1 remains constant.
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FIGURE S7. Western blots validation on multiple protein and phospho-specific targets. (C&D)

Legend on previous page.

FIGURE S7. Western blots validation on multiple protein and phospho-specific targets. 

Validation of selected target regulations by Western blots analysis on the same WiDr PTPN11 WT 

(A. R2; B. R3) and WiDr PTPN11 KO (C. R2; D. R3) cell lysates used in our omics analysis. EGFR, ERK, 

P90 proteins and phosphoproteins are involved in the MAPK pathway, whereas AKT and p-AKT are 

involved in PI3K-AKT signaling. ERBB2 and ERBB3 were identified in RTK clustering together with 

INSR. IGF1R expression was also measured as it is considered to be closely related to INSR. The 

data showed consistent reduction of p-EGFR, p-ERBB2, p-ERBB3 and p-IGF1R expression at 48 h in 

BRAFi+EGFRi. Nevertheless, ERBB2 and ERBB3 showed a higher expression than the Control at the 

latest time point concurrent with a decrease in EGFR. This is more evident in WiDr PTPN 11 WT than 

WiDr PTPN11 KO. 
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FIGURE S9. Upregulation of metabolic enzymes is stronger and more consistent on protein than 

on mRNA level. For each gene, the protein expression is provided in the top panel and the mRNA 

expression in the bottom panel: A. Isocitrate Dehydrogenase (NADP(+)) 1 Cytoplasmatic (IDH-1). B. 

Succinate-CoA ligase, GDP-forming, beta subunit (SUCLG2) C. Carnitine palmitoyltransferase 2 (CPT2) 

D. Hydroxyacyl-CoA Dehydrogenase Trifunctional Multienzyme Complex Subunit Beta (HADHB) E. 

mRNA expression of these genes in SNU-C5, VACO432 and KM-20 cells.

FIGURE S8. Observed changes in metabolic processes in the BRAF(V600E) WiDr cells upon 

combined BRAFi and EGFRi treatment. Enrichment analysis revealed the TCA cycle, the peroxisome 

and lipid metabolism among the most upregulated processes upon BRAFi+EGFRi treatment at 

48 h. Upregulation of the TCA cycle may depend on activity of PDHA1 which catalyzes oxidative 

decarboxylation of pyruvate and on fatty acid β-oxidation. Indirect inhibition of PDHA1 (via PDKs) by 

DCA or direct inhibition of CPT1 by etomoxir may enhance the effect of BRAFi and EGFRi treatment.
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FIGURE S11. Proteins involved in energy metabolism. PDHA1 is a key metabolic enzyme, converting 

cytosolic pyruvate to mitochondrial acetyl-CoA, the substrate for the TCA cycle. Activity of PDHA1 is 

negatively regulated by pyruvate dehydrogenase kinase PDKs. Upon BRAFi+EGFRi treatment at 48 

h, PDHA1 shows an inverse pattern of phosphorylation levels on its residues A. S232 and B. S293, 

while C. PDHA1 total protein expression remains constant. D. PDK1, E. PDK2 and F. PDK4 are detected 

only at mRNA level. Both PDK2 and PDK4 show significant upregulation of their transcripts at 24 and 

48 h inverse to the PDK1 profile. From this observed inverse response our interpretation of PDHA1 

modulation remains inconclusive.FIGURE S10. Half-life mRNA 48h in WiDr and additional BRAF(V600E) CRC cell lines. Log2-fold-

changes compared to T=0 h of regulators of the major signaling pathways again their mRNA half-life.  

A. WiDr cell line. B KM20, SNUC5 and VaCo cell lines. Log2-fold-changes were calculated using 

differential expression analysis of all three cell lines combined.
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FIGURE S13. Combination treatment induces temporary cell cycle arrest. A. Prolonged exposure 

to BRAFi+EGFRi treatment (78 d) causes the formation appearance of resistant colonies in WiDr cell 

line. Interruption of drug treatment (“drug off”) induces cells to resume proliferation. B. A shorter 

period of “drug off” (72 h) further confirms the presence of reversibly arrested WiDr cells by showing 

a rapid resumption of cell proliferation after “drug on” (5 d). The difference in confluence between 

long- and short-term may depend on the ability of cells to leave the quiescent adaptive state after 

continuous treatment.

FIGURE S14. Whole genome sequencing based karyotypes. A. WiDr B. WiDr PTPN11 KO. These 

are the estimated copy number over the different chromosomes based on GC corrected read depth. 

These profiles confirm the similarity of these cell lines, fulfilling what is known from previous studies.

FIGURE S12. Cell proliferation assays for drug treatment. A. Cell proliferation curves of WiDr cells 

upon treatments with either PLX4032 (BRAFi) or etomoxir (CPT1 inhibitor) or DAC (PDKs inhibitor) 

show similar profiles. All three curves confirm the WiDr cell line is resistant to each monotherapy. B. 

Cell proliferation curves of WiDr cells upon triple combination treatment. A fixed concentration of a 

metabolic drug (DCA or etomoxir) is added to PLX4032 (BRAFi) and 3 µM gefitinib (EGFRi) at the same 

time (T=0 h). Resulting viability curves show similar profiles, with no evidence of additional benefit from 

triple treatment with any of the two metabolic drugs.
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ABSTRACT

The increased speed and sensitivity in mass spectrometry-based proteomics has encouraged 
its use in biomedical research in recent years. Large-scale detection of proteins in cells, 
tissues and whole organisms yields highly-complex quantitative data, the analysis of which 
poses significant challenges. Standardized proteomic workflows are necessary to ensure 
automated, sharable and reproducible proteomics analysis. Likewise, standardized data 
processing workflows are also essential for the overall reproducibility of results. To this 
purpose, we developed PaDuA, a Python package optimized for the processing and analysis 
of (phospho)proteomics data. PaDuA provides a collection of tools which can be used to build 
scripted workflows within Jupyter Notebooks, to facilitate bioinformatics analysis by both end-
users and developers.

INTRODUCTION

Data analysis in (phospho)proteomics is constantly evolving. State of the art mass spectrometers 
are able to identify and quantify thousands of proteins in a single shot-gun experiment, 
generating large volumes of data. The era of next-generation proteomics has further driven 
the use of mass spectrometry (MS) in biomedical research by allowing biological samples 
to be processed in high-throughput fashion[1]. The need to cope with complex experimental 
designs and big data has driven the search for more efficient approaches for proteomics data 
analysis.

Bioinformatics has already dealt with the challenges of large-scale data processing in other 
‘omics’ fields. An illustration of high-throughput analysis in genomics and transcriptomics is 
given by Galaxy[2,3]. This established web-based platform allows data mining and workflow 
construction from standalone scripts. Moreover, Galaxy offers an open and collaborative 
environment which facilitates genomics research through improved accessibility, 
reproducibility, and transparency. Quantitative (phospho)proteomics can also benefit from 
such platforms, and their advancement is reliant on the availability of scriptable analysis 
tools. For instance, Röst et al. developed the OpenMS software, which offers both standard 
workflows and individual tools that together with a Python scripting interface allows high-
throughput MS data analysis[4]. Reproducibility of analyses is dependent on stored workflow 
files containing complete records of the analysis history, and allows different users to apply 
them on their own data[5].

Lately, the combination of programming language alongside documentation language is 
gaining interest. This concept, first introduced by Donald Knuth as Literate Programming in 
the 1980s, promotes the use of descriptive documented pipelines in order to make analyses 
more robust, more portable, more easily maintained, and eventually pieces of literature[6]. 
The open source Jupyter Notebooks system has been developed in this context with the 
aim to share and reproduce interactive data analysis[7]. Notably, Jupyter supports over 40 
programming languages popular in data science (e.g. Python, R or Julia), and can leverage 
big data tools for high-throughput analysis. By combining explanatory text, raw code, charts 
and figures, Jupyter Notebooks can be used by scientists as complete and detailed program 
documentation alongside publication[8]. 

In order to perform the analysis of quantified (phospho)proteomic data in Jupyter, we have 
developed PaDuA, a Python package firstly optimized for MaxQuant output data[9,10]. Of the 
available proteomics quantification software, MaxQuant is the most commonly used freely 
available software package for analyzing large-scale mass-spectrometric data sets[10]. 
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MATERIALS AND METHODS

PADUA DEVELOPMENT
PaDuA source code is freely available for download from https://github.com/mfitzp/padua, and 
available under the BSD 2-clause (Simplified) license. The software is released as a standard 
Python package, and it is compatible with both Python 2.7 and 3.4+ and made available 
via the Python Package Index (PyPi). It features a complete set of standard proteomics 
processing, analysis and visualization tools accessible via the fully-documented (http://padua.
readthedocs.io/en/latest/) application programming interface (API). PaDuA makes extensive 
use of other open source libraries including the Python scientific and numerical computing 
libraries SciPy and NumPy for data analysis[14,15], pandas DataFrame objects for internal data 
representations[16] and scikit-learn for machine learning algorithms[17]. Publication quality 
figures are generated via Matplotlib with export in vector and high resolution formats[18]. 
PaDuA is designed to perform analysis by selecting columns from output tables generated by 
MaxQuant. This software package is available in different versions which may slightly differ in 
the columns’ header, affecting the performance of PaDuA. The use of a template containing 
standard labeled columns matching the ones listed in the quantified MaxQuant tables could 
overcome this limitation. 

PADUA WORKFLOW STRATEGY
The PaDuA analysis workflow is illustrated in Figure 1. Search output files generated by 
MaxQuant are imported into a running Jupyter Notebook environment together with the 
experimental design, and then processed through two consecutive steps: Data Processing 
and Statistical Analysis, each represented by a separate Jupyter notebook. The final output 
provides a complete list of publication-quality figures and tables that can be exported in a 
number of formats. Analyses can be quickly updated in case of reprocessed MaxQuant inputs 
simply by re-running the workflow. Existing notebooks can be shared among other users and 
stored as recorded documentation for past projects.

Input and output – PaDuA supports input from all file types offered by the Pandas library, 
including CSV, Excel, HDF, SQL, JSON and Python pickle format. Standardized tab-delimited 
formats are used as input for data processing, and as output for R[12], Phosphopath[19] and 
Perseus[11]. A table labeled as design in CSV format is required for mapping individual samples 
to experimental conditions. This table contains at least two columns: “Label” as for sample 
labels derived from MaxQuant output, and “Group” as for categorical column corresponding to 
classification of samples according to the treatment. Depending on the experimental workflow, 
more columns could be listed in design: “Timepoint” as numeric column corresponding to 
the timepoint, “Replicate” as for numeric column corresponding to the number of biological 

Modeled on established (phospho)proteomics analysis methods, PaDuA provides tools for 
data processing, filtering and statistical analysis both within the Jupyter notebook environment 
and in other scriptable systems. Results are read and written in tabular format so that further 
analysis with other platforms like Perseus[11] or R[12] is possible. Since the analysis procedure is 
split up in small blocks of code, it is possible to repeat and optimize the analysis as a whole 
but also partially. The final analysis can be easily shared as a notebook file, guaranteeing 
reproducibility of results over time. It also allows researchers to re-use and adapt the 
workflows for their own analysis, supporting standardization of methods. 

We have already applied PaDuA for investigating molecular responses of a large-scale 
(phospho)proteomics experiment upon drug treatments[13]. In this study we demonstrate 
the versatility of PaDuA on two published phospho- and proteomics datasets, and the 
reproducibility of this analyses using Jupyter notebooks. 
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be further inspected within the notebook environment or exported in various output formats. 
Finally, PaDuA supports two data imputation strategies to automatically fill missing values with 
estimated quantities based on statistical models, including: i. random sampling from a normal 
distribution and ii. least squares modelling of present values based on structural equation 
modeling (SEM), as already described by Webb-Robertson et al[20]. The data processing 
workflow concludes with export of the final DataFrame, both as CSV and Python pickle format.

Statistical Analysis – PaDuA data analysis is structured around two included submodules: 
Analysis and visualize. The former performs statistical analysis returning the numerical results 
of the operation, while the latter generates plots for the same analysis. Supported statistical 
analysis tools include quality control tools which evaluate the quality of each sample (i.e. 
sample-wise Pearson correlation and enrichment analysis), and several multivariate methods 
which are well suited to isolate important variation in large datasets such as principal 
component analysis (PCA), partial least squares regression (PLS-R), partial least squares 
discriminant analysis (PLS-DA) and analysis of variance (ANOVA). Plot visualizations include 
mainly volcano plots, and clustering analysis such as hierarchical clustering, Venn diagrams 
and KEGG pathways. All standard data plotting functions from the Pandas library may be also 
used. 

replicates, and “Technical” as for numeric column corresponding to the number of technical 
replicates. These group types are not restricted, and other groups can be set if required by 
an experiment. Moreover, in the included workflows the pickle format is used as input for 
Statistical Analysis to simplify reloading of processed data.

FIGURE 1. PaDuA works within the Jupyter Notebook environment and uses MaxQuant output search 

files and the experimental design table as input. Data Processing and Statistical Analysis notebooks 

are used for filtering and analyzing data, respectively. Results can be exported to other platforms like R 

or Perseus, shared among different users or stored with back-up projects. The full analysis can be re-

processed infinite times (dot lines). 

Data Processing – Initial steps for (phospho)proteomics analysis are focused on refining 
datasets to the final format needed for statistical analysis. This is achieved through standard 
processing and filtering steps that can be consistently and rapidly applied with PaDuA. Either 
intensity (or LFQ) or ratio columns can be selected for quantification analysis. In addition, 
PaDuA supports basic data normalization strategies and log2 transformation which are 
commonly applied before statistical analysis, while more complicated normalization strategies 
are possible using Python libraries specialized for this purpose. Filter tools can be used to 
simplify the overall dataset, and each analysis step generates DataFrame objects, which can 
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overview of the quality of the experimental data is provided by a summary list of the total 
number of phosphoproteins, phosphopeptides and phosphosites (Class I) as shown in Figure 
2A (panel II). Relative abundances of modified amino acids are also rapidly calculated in 
PaDuA, and in this dataset over 83 % of phosphorylated amino acid sites are serine, 15 % are 
threonine, while just 1.33 % are tyrosine (Figure 2A, panel III). A global overview of biological 
function of the identified phosphoproteins, in combination with their intensity distribution, 
can be observed in PaDuA using the rank-intensity plot, containing Gene Ontology (GO) 
annotations queried from the PANTHER database[23,24] (Figure 2B).  PaDuA emulates the 
expand side table process of Perseus[11]: All the columns containing 1, 2 and 3 modifications 
for the same phosphopeptide are folded into rows, obtaining a unique column containing up 
to three modifications for each peptide. This step is necessary to facilitate the subsequent 
normalization step, which is based on the subtraction of the median of the column for each 
sample. Moreover, this simplifies the following quantification steps where each column 
corresponds to a sample condition. After normalizing intensity columns, a final multi-index 
table (DataFrame) can be obtained by matching the design table with selected columns from 
the input search. This DataFrame contains sample annotations arranged horizontally, and 
quantified values arranged vertically (Figure S-1). The use of this multi-index matrix allows 
easy filtering of the number of quantified values based on either timepoints, or number of 
biological or technical replicates. For this phosphoproteomics data, PaDuA calculates 10,732 
phosphorylation events in at least two out of three biological replicates. 

Statistical Analysis – The .pickle file resulting from the data processing is then used for 
the next analysis step. The percentage of phosphopeptide enrichment in the dataset can 
be calculated dividing the phosphopeptide relative abundances through the non-modified 
peptide relative abundances from the MaxQuant modificationSpecificPeptides or Evidence 
files, annotated with the same experimental design of design table. Bar-plots and box-plots 
are used to visualize the phosphopeptide enrichment trend, and to detect potential outliers. 
Enrichment scores can be calculated per group or per single sample, and percentage values 
correspond to the number of quantified phosphorylated peptides with respect to the total 
number of peptides. Figure 2C shows the average phosphopeptide enrichment being 
higher than 90% for both control and samples stimulated with PGE2 with two outliers for PGE2 
stimulated samples.

RESULTS AND DISCUSSION

To benchmark PaDuA as a versatile and reproducible data analysis tool, two different data-
sets publicly available in Proteomics Identifications Database (PRIDE) were selected. The first 
(PXD000293) was generated using a label-free quantification approach on a large-scale Ti4+-
IMAC phosphopeptide enrichment[21]. In this study, de Graaf et al demonstrated the qualita-
tive and quantitative reproducibility of such approach in monitoring the temporal phosphor-
ylation signaling of Jurkat T-cells upon stimulation of the G protein coupled receptors with 
their ligand Prostaglandin E2 (PGE2). The binding between G protein coupled receptors and 
PGE2, indeed, leads to the activation of intracellular signaling transduction cascades includ-
ing cAMP/PKA as well as the PI3K-dependent ERK1/2 pathways. For this experiment, Jurkat 
cells were cultured in three biological replicates and harvested after 0, 5, 10, 20, 30 and 60 
min of PGE2 stimulation. Phosphopeptides were enriched using three independent Ti4+-IMAC 
enrichment columns for every biological replicate, and each column was analyzed twice by 
nLC-MSMS. For the second dataset (PXD000497). Smit et al used a dimethyl labeling strat-
egy to quantify (phospho)proteome changes in melanoma cells after drug treatment[22]. The 
subsequent integration with next generation sequencing data obtained by melanoma cell 
transduced with shRNA library allowed the authors to identify ROCK1 as novel therapeutic tar-
get that can be used in the treatment of melanoma patients. For the proteomics experiment, 
melanoma cells were cultured in three biological replicates, and treated without drug (control) 
and with PLX4720 (BRAF inhibitor). Both control and treated samples derived from 1 and 3 
days were collected and labeled as “Light” (L), “Medium” (M) and “Heavy” (H), respectively. 
Jupyter notebooks showing the workflow analyses for both datasets are further provided 
as.ipynb format together with the design tables in the Supporting Information (Supplementa-
ry File S-1, File S-2).

DEMONSTRATION DATA: PHOSPHO-DATA 
Data Processing – Phospho(STY)Sites, modificationSpecificPeptides and Evidence are the .txt 
files selected from the phosphoproteomics dataset PXD000293. These are the output tables 
generated by MaxQuant, containing the list of quantified phosphosites, modified peptides and 
identified peptides, respectively. Both Phospho(STY)Sites and its design table (Supplementary 
File S-1) are initially imported as input files. A filtering step is immediately performed using 
MaxQuant metadata annotations to remove peptides flagged as ‘contaminants’ and ‘reverse’. 
Next, identified phosphopeptides are further filtered to ensure confident site localization of 
the modification with a probability typically at 0.75. PaDuA also calculates relative percentage 
of phosphorylations in different localization probability groups, displaying these as pie charts. 
In the current phosphopeptide dataset, 77 % of the phosphosites are Class I (>0.75), while 
Class II (>0.5 ≤ 0.75) and III (>0.25 ≤ 0.5), each contain around 11 % (Figure 2A, panel I). A useful 
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can be removed from the multi-index DataFrame to ensure quality of the data. Another 
informative function is given by ‘comparedist’, which calculates and compares the number 
of phosphorylation events happening in different samples and/or conditions. In the data 
used here, the number of phosphorylation events was found to be reduced over time after 
PGE2 stimulation compared to the control (Figure 3B). To gain further insight into the dataset, 
PaDuA allows the construction of multi-scatter plots based on Pearson correlation analysis. 

The heat-map visualization of these plots allows a rapid check of data integrity (Figure 4A). 
For studying temporal regulation patterns, PaDuA provides a hierarchical clustering function, 
illustrated in Figure 4B, where eight clusters are used to display the temporal dynamics of 
the significantly regulated phosphorylated sites. Further GO enrichment analysis of any of the 
clusters can be performed selecting ‘function’, ‘process’, ‘cellular_location’, ‘protein_class’, or 
‘pathway’ from the PANTHER database. Finally, PaDuA can export filtered lists of significant 
phosphosites to PhosphoPath formats[19] for subsequent temporal signaling network and 
enrichment analyses in Cytoscape[25]. As already shown by de Graaf et al[21], PI3K-AKT 
signaling is one of the most significantly enriched pathways in this phosphorylation dataset 
(p-value=5.49E-78), and its network is illustrated in Figure 4C. 

FIGURE 2. A. Data Processing notebook illustrates summaries of the phosphoproteomics identification 

data as standard graphs. Panel I shows the percentage of phosphosites belonging to different 

localization probability groups; panel II displays the list of identified phosphoproteins, phosphopeptides 

and phosphosites (Class I); panel III represents the percentage of modified phosphosites on serine, 

threonine and tyrosine (Class I). B. Rank intensity plot shows phosphoprotein intensity values versus their 

corresponding ranks. Annotation of phosphoproteins can be visualized by overlaying on the S curve the 

results of GO enrichment analysis. C. Box plots of percentage of phosphopeptide enrichment for both 

unstimulated (control) and stimulated samples with PGE2. 

These outliers can be visualized in a bar-plot as shown in Figure 3A, displaying in red the 
technical replicates 1 and 6 of biological replicate 1 at 30 minutes after stimulation with PGE2. 

This feature in PaDuA allows the user to quickly recognize the two failed enrichments, which 

B C

A
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FIGURE 4. A. Correlation plot of the independent phosphoproteomics experiments shows Pearson coefficient 

correlation values as a heat-map. B. Hierarchical clustering of samples across the time course experiment. Samples 

are z-scored along the 0-axis (y) by default. C. PI3K/AKT network visualized in PhosphoPath using the PaDuA output 

containing the significant regulated phosphosites and their quantitative ratios.

DEMONSTRATION DATA: PROTEOMICS-DATA 
Data Processing – For the proteomics workflow, ProteinGroups is the .txt file containing 
the quantified protein groups from MaxQuant, and therefore the one selected from the 
proteomic-dataset PXD000497 for further analysis. Both ProteinGroups and its design table 
(Supplementary File S-2) are imported as input files, followed by common filtering steps 
as removing reverse database identifications and contaminants. Moreover, to ensure all 
proteins are quantified according to 1 % FDR, peptides only identified because containing 
post- translational modifications are removed. In this way PaDuA allows the selection of ratio 
intensity columns to further process isotopically labeled proteomics data. After building the 
annotated multi-index table DataFrame, a final filtering step can be performed to select 

FIGURE 3. A. Bar plot of phosphopeptide enrichment analysis for each single sample. Red bars display a phosphopeptide 

enrichment percentage below 20 %. B. Distribution of phosphosite events plotted as a Gaussian curve area at each 

time-point. Stimulated samples (red) show reduction of phosphorylation respect to the control (grey) over time.

B

B

A C
A
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colored KEGG pathway[26] (Figure 6B). Thanks to this feature, it is possible to rapidly evaluate 
the regulation of the cellular response after 3 days of drug treatment by mapping it onto the 
MAPK pathway, which easily visualizes the upregulated proteins which may play a role in 
melanoma BRAF inhibitor resistance, such as RAS and Cdc42[22].

FIGURE 5. A. PCA analysis of quantitative proteome data with sample annotations: Colors distinguish 

early-treated (red) from late-treated samples (blue). In yellow the third experimental group is indicated, 

which consists of the ratio between 3 days and 1 day treatment. For each sample the biological replicate 

number is reported. B. Weight of principal component 1 identifies key proteins, which affect the separation 

between the early and late-treated samples. C. Volcano plot as visualization of one-sample t-test of 

protein expression levels at 3 days versus control. Statistically significant values with P-value < 0.05 and 

fold change ³ 2 are labeled in red. Values with P-value < 0.05 and fold change ≤ 2 are labeled in blue. 

All the values with P-value > 0.05 are labeled in grey. D. Bar plot of GO enrichment analysis of significant 

up-regulated pathways at 3 days treatment. E. Venn diagram of significantly regulated proteins at 1 day 

and 3 days of treatment versus control. 

protein groups quantified in at least two out of three biological replicates. For this proteomics 
dataset, PaDuA calculates 4785 protein groups over the three sampled time-points. 

Statistical Analysis – The resulting .pickle file is then used as input for the data analysis 
notebook (Supplementary File S-2). Principal Component Analysis (PCA) can be used as 
quality control tool to capture differences between groups while identifying possible outliers. 
Moreover, PCA allows to select interesting proteins from the input data on the basis of the 
relationship between experimental groups and features. PaDuA supports PCA with sample 
annotations, emphasizing the visualization of clusters and variation. Figure 5A shows a 
separation of samples between 1 and 3 days drug treatment versus control (1 day/control and 
3 days/control) along principal component 1 (PC1), revealing a poor clustering of biological 
replicates at 3 days which is further reflected in the inability to cluster biological replicates of 3 
days/1 day. In addition, as result from the PCA analysis PaDuA generates the score and weight 
plots which can be used to interpret the main biological response causing the difference 
between clusters. An example of weight plot related to PC1 is visualized in Figure 5B. 
Selecting an arbitrary cut-off on the weight axis allows to identify proteins which contribute 
most (weights > 0.05) or less (weights < 0.05) to the separation along the PC1 axis. Among the 
proteins with weights > 0.05, we can observe the transcription factors TAF1 and MAFF, which 
possess DNA-binding activity, and CYR61 and GPR56, which play active roles in cell adhesion. 
One-sample or two-sample independent t-tests can be used to calculate proteins significantly 
regulated after drug treatment. These analyses are visualized as volcano plots which may be 
annotated with regulated proteins or gene names, together with information on total number 
of up, down and significantly regulated values. As an example, we show a two-sample t-test 
analysis of 3 days versus 1 day treatment, revealing 30 and 71 proteins significantly up- 
and downregulated, respectively, with a p-value < 0.05 and a fold change cutoff of 2 (red 
dots in Figure 5C). Enrichment analysis of significant up-regulated proteins − calculated in 
PaDuA with PANTHER database and using ‘Homo sapiens’ as default background − reveals 
metabolic pathways significantly upregulated (p-value < 0.05), as shown in Figure 5D. To 
classify common regulated proteins under different conditions, PaDuA can display Venn 
diagrams, form which the identified subsets of proteins can be easily exported as CSV file 
for further analysis. Figure 5E displays 227 significantly regulated proteins of which 21 are in 
common between 1 and 3 days drug treatment versus control.

Quantitative expression of these proteins can be further visualized through basic plotting 
tools such as box-plots. Figure 6A illustrates ratio expression of the protein NRAS at both 
1 and 3 days versus control. As reported by Smit et al[22], NRAS is up-regulated after 3 days 
drug treatment compared to control and 1 day treatment. Finally, PaDuA is able to map protein 
quantitation values onto signaling pathways with a built-in script that generates a gradient-
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We primarily developed PaDuA with the idea to propose a new concept of standardized data 
analysis and data sharing. There is constantly growing need in the proteomics community 
for such workflow especially in project-based environment. Nowadays MaxQuant represents 
one of the most well-known and freely-available quantification platform currently used in 
proteomics. Therefore our proof of concept for PaDuA is based on MaxQuant output, with 
the intent that both users and programmers can contribute to further development of PaDuA 
in an interactive manner.

We have shown the versatility of the tool by applying standard workflows strategies to two 
example datasets. Built in Python, PaDuA benefits from the existing ecosystem of data analysis 
tools, including Jupyter Notebooks. Users with only basic Python programming knowledge 
can work with standardized notebooks, while more proficient programmers can integrate and 
customize the analysis within other tools and environments. PaDuA is a valuable platform for 
rapid and automatable analysis of both isotopically labeled and label-free MS data.
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FIGURE 6. A. Box plot of NRAS protein expression at both 1 day and 3 days of treatment versus control. 

B. KEGG pathway shows protein regulation after 3 days of drug treatment in MAPK signaling.

CONCLUSIONS
We have presented PaDuA, a new Python library for large-scale (phospho)proteomics data 
analysis. 

B

A

102 103

3 3

PADUA: A PYTHON LIBRARY FOR HIGH-THROUGHPUT (PHOSPHO)PROTEOMICS DATA ANALYSISCHAPTER 3



SUPPLEMENTARY FILE S-2. 

ZIP archive containing two Jupyter notebooks (Data Processing and Statistical Analysis), and the design.

csv table for performing the proteomics workflow.  Data Processing notebook is used to process 

proteinGroups.txt (PXD000497, MaxQuant table) and generate the pickle format file which is used in 

the Statistical Analysis notebook for the proteomics data analysis. The design.csv table includes the 

annotations related to the experimental condition performed by de Smit et al.[22] The images generated 

by this Statistical Analysis notebook are shown in Figure 5A, 5B, 5C, 5D, 5E and 6A, 6B. Data sets is made 

available at https://github.com/mfitzp/padua.

ASSOCIATED CONTENT

SUPPORTING INFORMATION
PaDuA is made available at https://github.com/mfitzp/padua. A manual with a complete 
description of its installation and use is available at  https://padua.readthedocs.io/en/latest/. 
Proteomics and phosphoproteomics data were downloaded from the PRIDE database 
ProteomeXchange ID: PXD000497 and PXD000293, respectively.

SUPPLEMENTARY FIGURE S-1. 

Example of DataFrame generated with panda in Jupyter to combine the experimental 
condition with the phosphoproteomics quantified values. This multi-index table contains 
the list of 25 quantified phosphosites with multiplicity 1 (rows) corresponding to the control 
samples (columns) at the timepoint 0 for 3 biological replicates and 18 technical replicates.

SUPPLEMENTARY FILE S-1. 

ZIP archive containing two Jupyter notebooks (Data Processing and Statistical Analysis), and the design.

csv table for performing the phosphoproteomics workflow. Data Processing notebook is used to process 

Phospho (STY).txt (PXD000293, MaxQuant table) and generate the pickle format file which is used in 

the Statistical Analysis notebook for the phosphoproteomics data analysis. Phosphopeptide enrichment 

is calculated importing modifiedSpecificpeptides.txt (PXD000293, MaxQuant table) in the Statistical 

Analysis notebook. The design.csv table includes the annotations related to the experimental condition 

performed by de Graaf et al.[21]. The images generated by these notebooks are shown in Figure 2A, 2B 

for the Data Processing notebook, and in Figure 2C, 3A, 3B, 4A, 4B and 4C for the Statistical Analysis 

notebook. Data sets is made available at https://github.com/mfitzp/padua.
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ABSTRACT

Combination of CDK4/6 inhibitors and endocrine therapy improves clinical outcome 
in advanced estrogen receptor-positive breast cancer. However, the approach is not 
indiscriminately beneficial to all patients and most of the time relapse is inevitable. 
Identification of new therapeutic strategies to overcome this poor outcome is therefore of 
particular importance. Here, we applied phosphoproteomics and genomics analyses on 
model MCF7 breast cancer cell lines to investigate mechanisms of acquired resistance to 
endocrine therapy and subsequent secondary resistance to palbociclib. We demonstrate 
that Gene-copy number alterations result in few genetic changes associated with 
irreversible loss of RB1, whereas phosphoproteomics analysis reveals that upregulation of 
EGFR, CDK4 and mTOR signaling upon treatment occurs via negative-feedback signaling. 
Notably, palbociclib-resistant breast cancer cells remain sensitive to abemaciclib as a 
result of increased CDK4 expression, and kinome knockdown analyses highlighted the 
dependency on G2/M-checkpoint proteins CDK7 and WEE1. Altogether, our integrated 
multi-omics data suggest that certain resistance mechanisms are plastic and amenable to 
drug holidays and drug switching. These results shed light on new therapeutic networks 
that can be exploited upon relapse in estrogen-positive breast cancer patients after 
CDK4/6 inhibition.

INTRODUCTION

At primary diagnosis, the majority of breast tumors are found to be estrogen receptor-
positive (ER+)[1] which has encouraged the development of endocrine therapies that use 
either aromatase inhibitors (AIs) or anti-estrogens including tamoxifen and fulvestrant. In 
the former approach, AIs deprive estrogen (E) levels by inhibiting the enzyme aromatase, 
while in the latter case a selective anti-estrogen drug competes with E for binding to ER. 
Although these two strategies have different mechanism of actions, they both target the 
ER pathway, leading to cell progression arrest[2,3].

Despite the obvious benefits derived from endocrine therapies of any type, either intrinsic 
or acquired resistance inevitably occurs. In the first case, tumors are inherently insensitive 
and the response to the treatment is never adequate, whereas in the second case ER+ 
tumors circumvent the need for steroid hormones after an initial response[4]. In this setting 
of acquired resistance, aberrant growth factor signaling leads to altered expression of 
key downstream pathways such as PI3K/AKT/mTOR and MAPK thus promoting cell cycle 
progression. A further important consideration is that ERK1/2 is also known to regulate 
AP1 (Fos/Jun) complexes, which in turn can drive transcription of the G1/S-specific protein 
cyclin-D1 (CCND1)[5]. CCND1 regulates cell cycle progression by phosphorylating the 
retinoblastoma-associated protein RB1 (RB) which reduces the ability of RB to suppress 
gene transcription. Approximately 15% of breast cancer (BC) diagnoses demonstrate 
amplification of CCND1[6], and its over-expression in a large number of patients has 
been associated with resistance to endocrine therapy[7–9]. Moreover, additional aberrant 
expression of specific cell cycle components such as RB and the cyclin dependent kinase 
inhibitor p27kip1 has been shown to both accelerate tumorigenic proliferation, and further 
reduce the efficacy of ER inhibition[10]. This high degree of heterogeneity in adaptive 
mechanisms during the course of breast cancer progression highlights the importance of 
looking for common nodes that are attributable to therapeutic failure. 

In efforts to suppress tumor growth whereby cell cycle regulation plays a key role in 
developing resistance to endocrine therapy, cyclin-dependent kinase (CDK) 4/6 inhibitors 
have been developed for the treatment of BC. These novel agents target both CDK4 and 
CDK6 proteins and upon binding they prevent phosphorylation of RB which in turn acts as 
a tumor suppressor that leads to G1 cell cycle arrest[11].  To date, palbociclib (PD-0332991) 
is the most widely used oral selective inhibitor that targets CDK 4/6[12]. The combination of 
CDK4/6 inhibitors and endocrine therapy has been shown to improve clinical outcomes 
in patients with ER+ metastatic BC, and has since become either a 1st or 2nd line treatment 
option in most cases[13–15]. However, several questions still remain unanswered, especially 
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MATERIALS AND METHODS

ANTIBODIES AND REAGENTS
The antibodies against pRB(S807), total RB, cyclin D1, cyclin D2, cyclin D3, cyclin E1, CDK4, 
CDK6, p21, p27, pAKT(S473), total AKT, total ERK1/2, total EGFR, pSTAT3 and STAT3 were 
purchased from Cell Signaling Technology (Danvers, MA, USA). The antibodies CDK2, p107, 
p130, ER and ERBB3 were from Santa Cruz Biotechnology (Dallas, Texas, USA), whereas 
pERK1/2 (p42/44) and tubulin were from Sigma-Aldrich (Dorset, UK). The antibody total 
ERBB2 was purchased from Millipore (Temecula, CA, USA), whereas Ki67 (MIB-1) from Dako 
(Denmark). Secondary antibodies were obtained from Dako. Drugs LY2835219, RAD001 
(everolimus) and neratinib were obtained from Selleck Chemicals (München, Deutschland) 
while U0126 from Promega (Madison, USA). PD-0332991 (palbociclib) was synthesized and 
supplied by Pfizer (Havant, UK).

CELL CULTURE
Human breast cancer (BC) cell line MCF7 was obtained from the American Type Culture 
Collection (Rockville, USA), and was cultured in phenol red-free RPMI1640 medium 
supplemented with 10% fetal bovine serum and 1 nM estradiol (E2). Long-term estrogen 
deprived (LTED) cells that model resistance to aromatase inhibitor were derived, as 
previously described[18]. All cell lines were banked in multiple aliquots to reduce the risk 
of phenotypic drift and identity was confirmed using Short Tandem Repeat (STR) DNA 
profiling. 

GENERATION OF PALBOCICLIB-RESISTANT LINES AND DRUG “WASHOUT”
Both MCF7 and MCF7 LTED cell lines were cultured in their respective basal growth medium 
containing initially 650 nM palbociclib. Next, the dose of drug was gradually escalated 
to 1 μM palbociclib over a period of 60 to 90 days. Subsequently, both cell lines were 
continuously exposed to a fixed drug concentration of 1 μM palbociclib. For the “washout” 
experiments, palbociclib was omitted from the growth medium for a period of 28 days.

PROLIFERATION ASSAYS
Cells were cultured as previously described[18]. Cell viability was determined using the 
CellTiter-Glo® Luminescent Cell Viability Assay (Promega, Madison, WI), according to the 
manufacturer’s protocol. Experiments were performed a minimum three times with eight 
replicates per treatment.

GENE EXPRESSION MICROARRAY ANALYSIS OF CELL LINES
Global gene expression analysis was carried out for MCF7 and MCF7 LTED human BC cell 

with regard to assessing the most effective drug combination and selection of the optimal 
order of administration, to be most efficacious[16,17]. Additionally, identification of response 
biomarkers is imperative for defining a more suitable and patient specific strategy. 

To address these outstanding questions, we designed a study aimed at providing insight 
into the mechanisms through which BC tumors acquire resistance. By applying both 
genomics and phosphoproteomics analysis on palbociclib-resistant MCF7 BC cell line 
models, we demonstrate that certain resistance mechanisms to CDK 4/6 inhibitors are 
plastic and potentially amenable to a drug holiday or drug switching regime. In addition, 
we highlight the potential of targeting the G2/M blockade in resistant cells with WEE1 or 
CDK7 inhibition.
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peptides were eluted first with 10 % ammonia in 10 % FA and then with 80 % ACN, 2 % FA. 
The pooled collected eluate was further acidified by adding 100 % FA, and subsequently 
dried in vacuo and stored at −80 °C. The procedure was performed in three technical 
replicates for each biological replicate. The raw phosphoproteomics mass spectrometry 
dataset has been deposited to the ProteomeXchange Consortium via the PRIDE[20] partner 
repository with the dataset identifier PXD005514.

PHOSPHOPROTEOMICS LC-MS/MS ANALYSIS
For analysis of the phosphoproteome, LC-MS/MS measurements were performed by 
coupling an Agilent 1290 Infinity II LC system (Agilent Technologies, the Netherlands) to 
a Q-Exactive Plus mass spectrometer (ThermoFisher Scientific, Bremen, Germany). All 
samples were reconstituted in 10 % FA. Next, phosphopeptides were first trapped on a 
2 cm Aqua C18 (Phenomenex, Dr. Maisch GmbH, Germany) trapping column (packed in-
house, i.d. 100 μm, resin 5 μm) at 5 μL/min in 100 % solvent A (0.1 % FA in ultrapure water) 
for 10 min, and then separated on 50 cm Poroshell 120EC-C18 analytical column (packed 
in-house, i.d. 50 μm, resin 3 μm) using a 120 min gradient (solvent A: 0.1 % FA in ultrapure 
water, solvent B: 0.1 % FA in ACN) at a flow rate of 200 μL/min and a gradient program 
of: 0-10 min 100 % solvent A, 10–105 min 4 % solvent B, 105-108 min 36 % solvent B, 108-
109 min 100 % B, 109-120 min 100 % solvent A. The electrospray voltage was set to 1.7 kV 
using a coated SilicaTip P200P capillary (Thermo Scientific). The mass spectrometer was 
operated in data-dependent acquisition mode and full-scan MS1 spectra were acquired 
from 375 to 1600 m/z (resolution 35,000) with an automatic gain control (AGC) target value 
set at 3 × 106 ions and a maximum injection time of 10 ms. MS2 spectra were acquired 
from fragmenting the top 10 most intense peaks in the range 200-2000 m/z (resolution 
17,500) with an AGC target value set at 5 × 104 ions and a maximum injection time of 120 
ms. Precursor ion isolation width was fixed at 1.5 m/z and dynamic exclusion was set to 18 
s after one occurrence.

PHOSPHOPROTEOMICS DATA ANALYSIS
Phosphoproteomics RAW spectra were similarly processed with MaxQuant (version 
1.5.2.8), using the integrated Andromeda search engine and the UniProtKB Homo sapiens 
database (20,204 entries, released July 2015). Enzyme specificity was set to Trypsin/P 
and a maximum of two missed cleavages were allowed. Carbamidomethylated cysteine 
was set as a fixed modification while methionine oxidation, protein N-term acetylation and 
phosphorylation of serine, threonine and tyrosine were set as variable modifications. The 
mass tolerance was set to 4.5 ppm for precursor ions and to 20 ppm for fragment ions. 
Peptide identification was obtained after setting a 1 % FDR filter. Peptide quantification was 
performed using fast label free quantification (LFQ) and with the option ‘match between 

lines along with their palbociclib-resistant derivatives. Data was normalized and processed 
as previously described[18]. Gene set enrichment analysis was carried out using the GSEA 
v:2.0.13 GSEA pre-ranked tool (http://software.broadinstitute.org?GSEA/msigdb/annotate.
jsp) and G-profiler.

GENE COPY NUMBER ANALYSIS
DNA was extracted from the target cell lines using QIAamp DNA mini kit according to the 
manufacturer’s instructions (Qiagen, Crawley, UK). Samples were run using a Genome-
wide Human SNP Array 6.0. Analysis was carried out using the Affymetrix SNP6 Copy 
number inference pipeline (www.broadnstitute.org). 

IMMUNOBLOTTING
Immunoblotting was performed as previously described[18].

PHOSPHOPROTEOMICS – LABEL FREE WORKFLOW
All samples were lysed in buffer containing 8 M urea, 50 mM ammonium bicarbonate 
(pH 8.0), 1 mM sodium orthovanadate, cOmpleteTM mini EDTA-free protease inhibitor 
mixture (Roche, Indianapolis, USA), and phosSTOP™ phosphatase inhibitor mixture (Roche). 
Proteins were extracted by 10 rapid passages through a 23G needle and by sonication on 
ice. Lysates were then clarified by centrifugation at 20,000 g for 15 min at 4 °C, and the 
total protein concentration was determined using a Bradford assay (Bio-Rad, Hercules, 
CA, USA). Proteins were next reduced with 8 mM DTT (Sigma-Aldrich, Germany) for 1h, 
alkylated with 16 mM chloroacetamide (Sigma-Aldrich) for 30 minutes in the dark and then 
incubated again with 8 mM DTT to prevent over-alkylation, always at room temperature. 
Digestion was thereafter performed by adding Lys-C (enzyme/substrate ratio 1:60, Wako 
Chemicals, Virginia, USA) and incubating at 37 °C overnight. The samples were then 
diluted with 50 mM ammonium bicarbonate to obtain a final urea concentration of 2 M, and 
finally incubated with trypsin (enzyme/substrate ratio 1:70, Promega) at 37 °C overnight. 
The digestion was then quenched by adding 2 % formic acid (FA). Peptides were desalted 
using Sep-Pak C18 cartridges (Waters), dried in vacuo, and stored at −80 °C until further 
analysis. 

TI4+-IMAC PHOSPHOENRICHMENT
Ti4+-IMAC phosphopeptide enrichment was performed as previously described[19]. Briefly, 
columns containing a C8 plug and affinity capture material were first pre-equilibrated with 
loading buffer (80 % ACN, 6 % trifluoroacetic acid (TFA)) and then loaded with 200 μg of 
peptides digests reconstituted in 50 µL loading buffer. After sequential steps of washing 
with buffer A (50 % ACN, 0.5 % TFA, 200 mM NaCl) and buffer B (50 % ACN, 0.1 % TFA), 
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RESULTS

GENOTYPE INFLUENCES PLASTICITY IN RESPONSE TO DRUG WITHDRAWAL
We initially developed breast cancer (BC) drug-resistant cell models[24], with the aim of 
identifying pathways associated with resistance to the CDK4/6 inhibitor palbociclib. 
We selected wild-type MCF7 (wt) along with their long-term-estrogen-deprived (LTED) 
derivatives as parental cell lines, and then we exposed them to long-term presence of 
1 μM palbociclib (PD-0332991). To assess authenticity of resistant cell lines, we cultured 
MCF7991R and MCF7 LTED991R — where 991R stands for palbociclib-resistant — and their 
progenitors with escalating concentrations of palbociclib. The dose response curves 
revealed active proliferation of resistant cell lines with approximately 100 % cell viability in 
either case, while treatment of MCF7 and MCF7 LTED with 100 nM palbociclib inhibited cell 
growth by approximately 50 % (Figure 1A and 1B). 

FIGURE 1. A. Cell proliferation curves of endocrine-sensitive and resistant (991R) MCF7 cell lines display 

different profiles upon treatment with the CDK4/CDK6 inhibitor palbociclib wherein theMCF7991R cell 

line is confirmed to be resistant to any concentration of palbociclib. B. Cell proliferation curves of both 

sensitive and resistant MCF7 LTED cell lines with respect to increasing concentration of palbociclib 

treatment. Resistant MCF7 LTED991R cells exhibit a similar proliferation profile to MCF7991R cells.

Subsequently, long-term stability of the resistant phenotype was assessed by culturing 
the palbociclib resistant cell lines in the absence of drug (hereafter termed “washout”) and 
comparing protein expression levels in both endocrine-sensitive and endocrine-resistant 
cell lines. Surprisingly, ER expression remains similar in either wildtype MCF7, MCF7 LTED 
and MCF7 LTED991R, while it decreases in MCF7991R as shown in Figure 2A. 

runs’ enabled. Data analysis was performed on the output Phospho (STY).txt table using 
a custom in-house built Python package (PaDuA). Potential contaminants and reverse 
peptides were excluded and data were further filtered to a localization probability higher 
than 75 % (Class I phosphosites). After transforming the intensity values to log2 base, the 
data were normalized to the column median. Phosphosites were later filtered to have 
valid measurements in a minimum two biological replicates of any of the four cell culture 
conditions, and finally exported for subsequent analysis. Enrichment analysis was calculated 
using the output modificationSpecificPeptides.txt table, and the median of phosphorylation 
expressions of the technical replicates was computed for each experimental condition. 
Quality control analysis was assessed using a correlation plot and Principal Component 
Analysis. Significance testing using a two-sample t-test was performed between treated 
and control samples. Enrichment pathway analysis was performed on all regulated 
phosphosites with significance threshold set at a p < 0.05 and at least two-fold change 
using PhosphoPath[21]. All the quantified phosphosites were used to reconstruct signaling 
networks in PHOTON[22]. 

RNAi KINOME LIBRARY SCREEN
MCF7 991R and MCF7 LTED991R cell lines were transfected using the ON-TARGETplus 
siRNA Library-Human Tyrosine Kinases (Dharmacon) targeting 709 protein kinases. After 
6 days cell viability was assessed using CellTiter-Glo® Luminescent Cell Viability Assay 
(Promega). A library screen for each cell line was performed in duplicate and repeated 2-3 
times. The dynamics of each library screen was assessed by calculating Z prime values. 
The threshold of acceptance was set as Z’>0.3[23].

DATA AVAILABILITY
The raw phosphoproteomics mass spectrometry dataset has been deposited to the 
ProteomeXchange Consortium via the PRIDE[20] partner repository with the dataset 
identifier PXD005514.
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In contrast, loss of phosphorylation on AKT is observed on MCF7 LTED991R in comparison 
to MCF7991R. However, both MCF7991R and MCF7 LTED991R show increased expression of 
the phosphorylated proteins pERK and pStat3, indicating activation of down-stream 
signaling. Notably, “washout” of MCF7991R and MCF7 LTED991R derivatives was observed to 
re-sensitize them to the anti-proliferative effect of palbociclib as evidenced by decreased 
phosphorylation of pERK and pStat3, which suggests that the phenotype is plastic, and cells 
switch between sensitive and drug-resistant state dynamically[25]. To further investigate 
the plasticity observed in response to drug withdrawal, we carried out assessments of 
gene copy number (CN) variation using an SNP6 library (Figure 2B). Initially we focused 
on genes associated with cell cycle. Here, we observed that the MCF7 LTED991R cells 
showed no change in RB1 CN, whilst MCF7991R showed only partial RB1 CN loss when taking 
the tetraploid status of chromosome 13 into consideration[26]. In contrast, MCF7 LTED991R 
displayed CN loss in CDK6, and MCF7991R cells displayed CN loss in CCNE2. Moreover 
both MCF7 LTED991R and MCF7991R gain  CN of CKS1B, whose presence is essential for the 
biological function of CDKs[27]. Finally, MCF7 LTED991R cells show a CN gain of ESR1, whilst a 
CN gain of ERBB3 is evident in both resistant cell lines. 

We next performed global gene expression analysis to identify alterations in parental 
and palbociclib resistant MCF7 cell lines (Figure 3). Interestingly, the MCF7 LTED991R cells 
display decreased expression of proliferation-associated pathways, suggesting they have 
a slower growth rate irrespective of their resistant phenotype. Nevertheless, increased 
expression levels of CDK7, CDK4, CCND1 and CCNE1 are evident (data not shown). Further 
pathway analysis revealed that resistance in both MCF7991R and MCF7 LTED991R cells is 
governed by altered growth factor signaling driven by genes including IGF1, PDGF, ERBB2-
ERBB3, ERBB4, neuregulin, EGF and ERK/MAPK. Common genes within these pathways 
include HRAS, MAPK1 and those encoding the subunits of PI3K. These findings suggest 
that few genetic changes are associated with resistance to palbociclib in ER+ BC models, 
and also that kinase re-wiring provides plasticity.

FIGURE 2. A. Immunoblot analysis of protein expression levels for several cell cycle markers in MCF7 

and its LTED derivative. The blots compare expression levels in parental, palbociclib-resistant and 

“washout” cell lines. The blots of “washout” cell lines demonstrate the plasticity of resistant cells after 

renewed treatment with palbociclib. B. Copy number variation analysis highlights the gain or loss of 

key genes when palbociclib resistance is compared to sensitivity in MCF7 and MCF7 LTED cell lines, 

respectively.
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FIGURE 3. Hierarchical clustering plots of gene expression analyses reveal the genes and signaling 

networks which are identified in both MCF7 (A) and MCF7 LTED (B) cell lines. The hierarchical cluster-

ing discriminates sensitivity from palbociclib resistance. 

PALBOCICLIB RESISTANCE IS LINKED TO ALTERATIONS IN CELL CYCLE AND 
GROWTH FACTOR SIGNALING PATHWAYS
To investigate the dynamic phosphorylation events associated with the palbociclib re-
sistant phenotype, we applied a high-resolution quantitative mass-spectrometry based 
approach. We selected a label-free quantification method, which provides in-depth 
phosphoproteome analysis[28]straightforward, and comprehensive label-free phosphopro-
teomics approach using the highly selective, reproducible, and sensitive Ti(4+ (Figure 4). 

FIGURE 3. (A) Legend on the next page. 
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FIGURE 5. A. Pie-charts representing the percentage of phosphosites belonging to different local-

ization probabilities groups (left panel), and different serine (S), threonine (T) or tyrosine(Y) residues 

(right panel). Up to 75% of the total identified phosphosites were determined to be class I phospho-

sites, and up to 90% were detected to be localized on serine (S) residues.  B. Correlation plot of the 

median expression levels between replicates shows high reproducibility among biological replicates 

with Pearson correlation coefficients greater than 0.7. C. Principal Component Analysis illustrates four 

distinctive clusters corresponding to either wt or LTED, and either sensitive or resistant replicates.

Next, we performed a two-sample t-test for significance by comparing the parental and 
palbociclib resistant MCF7 cell lines in order to identify significant phosphorylation events. 
In both wt and LTED cell lines a total of 371 and 379 phosphorylation sites, respectively, are 
significantly regulated (p < 0.05) with at least two-fold change (Figure 6). Interestingly, we 
observed that only 48 (≈ 12 %) of these significantly regulated phosphosites are common 
between the wt and its LTED derivative which suggests that signaling mechanisms are 
influenced by different phenotypic backgrounds.

FIGURE 4. Schematic of the label-free quantification workflow designed for phosphoproteomics anal-

ysis.

The phosphoproteomics dataset consisted of 3374 phosphoproteins originating from a 
total of 15,016 phosphopeptides of which 11,215 are Class I phosphosites with a localization 
probability higher than 75%. Overall, up to 90% of the phosphosites are located on serine 
residues (Figure 5A). To ensure robustness in our dataset we further considered only the 
phosphosites that were quantified in at least two biological replicates of any of the four 
cell culture conditions, which resulted in 5813 phosphosites being used for subsequent 
analysis. We first assessed the quality of our experimental design by evaluating the per-
centage of phosphorylated peptides identified after enrichment, and the reproducibility 
between biological samples. We observed over 97 % enrichment efficiency from the Ti4+-
IMAC procedure (data not shown) and Pearson coefficients higher than 0.7 were found 
for correlations between the median of technical replicates (Figure 5B). To inspect the 
similarity within biological replicates, we also performed a Principal Component Analysis 
(PCA). As can be seen from Figure 5C, the four different cell culture conditions are largely 
separated by components 1 and 2, except for one of the LTED resistance replicates, which 
clusters close to the non-resistant parental cells. In particular, sensitive MCF7 and resistant 
MCF7991R cell lines are distinguished from both their LTED derivatives along principal com-
ponent 1, whereas sensitive MCF7 and its derivative MFC7 LTED are separated from the 
resistant ones along principal component 2. 
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FIGURE 6. Volcano plots depicting of differential expression levels of phosphosites in the resistant 

cell lines compared to the sensitive cell lines. In both MCF7 and its derivative LTED cell line a similar 

number of statistically significant phosphosites were detected at a cut-off threshold of p <0.05, and 

greater than 2-fold differential change.

To investigate which signaling pathways are significantly regulated upon palbociclib treat-
ment, we next performed an enrichment analysis on the significant phosphosites using the 
visualization tool PhosphoPath[21]. In concordance with the gene expression analysis, we 
found that PI3K/AKT/mTOR, MAPK, ERBB and cell cycle progressions are among the most 
enriched mechanisms at a minimum threshold of five proteins per pathway (q-values < 
0.05, Table S3) in both wt (Figure 7A) and LTED cell lines (Figure 7B). We further identified 
these signaling networks by using PHOTON[22] (visualized in Figures 7C and 7D). 
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FIGURE 7. Enrichment analysis of signaling pathways was performed using PhosphoPath to identify 

pathways associated with resistance in both MCF7991R (A) and MCF7 LTED991R (B). The phosphorylation 

networks visualized using PHOTON are based on the differential ratio of quantified phosphosites 

between MCF7991R and MCF7 cell lines (C) and between MCF7 LTED991R and MCF7 LTED derived cell 

lines (D).

Our data further revealed the downregulation of key phosphosites on proteins involved 
in cell cycle regulation, including RB1, SMAD3 and CDK2, which correlates with the 
down-regulation of these proteins when determined using immunoblot analysis (Figure 
8). In particular, RB1 in MCF7991R cells shows significantly decreased phosphorylation levels 
on residues T356 (p = 0.019) and S795 (p = 0.035) which are known to be regulated by 

FIGURE 7. Legend on the next page.

FIGURE 7. Legend on the next page.
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are dominating the phosphoproteomics data of palbociclib resistance in MCF7 tumor cell 
models.

FIGURE 8. Immunoblot validation of key targets involved in palbociclib response. Immunoblot 

analysis demonstrating the expression levels of multiple protein and phospho-specific targets in MCF7 

and its LTED derivative cell lines. Immunoblotting was performed on sensitive, resistant and “washout” 

cell lines wherein the “washout” cell line blots suggested the existence of plasticity in resistant cells.

PALBOCICLIB RESPONSE ON CELL CYCLE AND ER REGULATED TARGETS
The combined –omics analyses identified several pathways involved in response to pal-
bociclib treatment. To validate those observations, we performed immunoblot analysis of 
protein-markers (Figure 8). 

We initially evaluated proteins involved in cell cycle and cyclins required for S, G2 and M 
phase entry. Both MCF7 wt and MCF7 LTED endocrine-sensitive cell lines demonstrate 

CDK4-cyclin D1[29]pRB, is inactivated by phosphorylation. While existing evidence is strong 
that such phosphorylation is mediated by one or more cyclin-dependent kinases (CDKs. 
In contrast, MFC7 LTED991R cells do not exhibit significant change in phosphorylation levels 
of RB1 with respect to the parental LTED cell line. Furthermore, we observed significant 
up-regulation of phospho-residue T8 on SMAD3 (p =0.004) in the resistant  MCF7991R cell 
line, which may further influence cell cycle regulation[30].  Among the proliferation-associ-
ated pathways, MAPK shows down-regulation in MCF7 LTED991R, which correlates with the 
findings from the global gene expression analysis. Indeed, low expression levels of the 
two phosphosites T185 and Y187 of MAPK1 supports the hypothesis that the resistant cells 
experience a slower growth rate[31]we have studied kinases that are activated following 
the scrape loading of p21ras into quiescent cells. We observe rapid activation of 42 kDa 
and 46 kDa protein kinases. The 42 kDa kinase is the mitogen and extracellular-signal 
regulated kinase ERK2, (MAP2 kinase. In contrast, mTOR signaling is up-regulated in MCF7 
LTED991R as evidenced by the significantly increased expression of phospho-residues S374 
(p = 0.002) on RPS6KB1, S168 (p = 0.006) on EIF4B and S236 (p = 0.047) on RPS6. Phos-
phorylation of these proteins may contribute to cell survival [32]the signaling pathways by 
which mTOR regulates cell cycle progression have remained poorly defined. Here we 
demonstrate that restoration of mTOR signaling (by using a rapamycin-resistant mutant of 
mTOR together with inactivation of the pro-apoptotic Bcl2-associated agonist of cell death 
(BAD) on S75 (p = 0.008) [33]. 

Among the most significant upregulated phosphosites, the phosphoproteomics data of 
MCF7 LTED991R revealed residues T337 (p = 0.001) and T287 (p = 0.003) on CAMK2D, in 
agreement with the known role of CAMKII in controlling breast cancer cell invasion and 
migration[34]. Finally, we observed focal adhesion as one of the most enriched pathways in 
MCF7991R as evidenced by the significantly increased phosphorylation status of residues 
S864 on PTK2 (p = 0.018) and S258 on PXN (p = 0.003). Focal adhesion plays a role in cell 
migration in breast cancer[35]. Taken together this data demonstrates that both a reduction 
of cell cycle processes and an increase of mTOR and focal adhesion signaling networks 
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Additionally, both CDK7 and WEE1 were identified as the G2/M checkpoint kinases asso-
ciated with resistance. 

FIGURE 9. Plot of median z-scores of the identified targets that are involved in palbociclib resistance.

We then sought to further investigate these observations by challenging the resistant 
cell lines under their basal growth conditions and in the presence or absence of palboci-
clib. We accomplished this by subjecting the cell lines to escalating concentrations of the 
mTORC1 inhibitor everolimus, MEK inhibitor U0126, dual EGFR/ERBB2 inhibitor neratinib, 
CDK7 inhibitor THZ1, WEE1 inhibitor MK1775 or CDK4/6 inhibitor abemaciclib (LY2835219). 
Inhibition of mTORC1, EGFR/ERBB2 and MEK exhibited strong anti-proliferative effects in 
both the resistant cell lines that were tested, in concordance with elevated growth factor 
signaling (GI50 neratinib <500nM; everolimus < 1nM) (Figure 10). Strikingly, the MCF7 LT-
ED991R cells are sensitive to clinically relevant concentrations of abemaciclib whilst those 
cell lines losing the RB-CDK4/6 axis remain resistant. CDK7 inhibition showed anti-prolifer-
ative activity in the MCF7 LTED991R (GI50=50 nM) [39], while inhibition of WEE1 was effective in 
all cell lines with GI50 values in the range of 100-500 nM MK1775 [40]. These additional find-
ings strongly suggest that treatment with either an mTORC1 inhibitor, EGFR/ERBB2 inhibitor 

high phosphorylation of RB. In contrast, both the resistant MFC7991R and MFC7 LTED 991R cell 
lines showed similar downregulation levels of pRB expression. When compared at protein 
level, downregulation of RB was observed only in the resistant MFC7991R cell line in compar-
ison to MCF7 wt. The proteins p107 and p130, family members of RB and collectively known 
as ‘’pocket proteins’’, are expressed inversely to each other in the resistant cell lines, with 
lower accumulation observed in MCF7 LTED991R. We also observed an increase of ER-as-
sociated targets including cyclin D1 and E1 in both MFC7991R and MCF7 LTED991R, together 
with a decrease in cyclin D3 levels, which together suggest the existence of an inverse 
effect among these proteins during cell cycle progression. Furthermore, the increased ex-
pression of CDK4 was confirmed in both MCF7991R and MCF7 LTED991R cell lines. Finally, the 
CDK inhibitor cyclin-dependent kinase inhibitor p21 increased with palbociclib treatment 
demonstrating accumulation following cell cycle inhibition. Next, we additionally assessed 
proteins involved in both the MAPK and PI3K/AKT pathways. Despite the over-expression 
of EGFR being observed in only the MCF7991R cell line, both MCF7991R and MCF7 LTED991R 

resistant cell lines show a slight but detectable upregulation of ERBB2 and ERBB3. More-
over, both MCF7991R and MCF7 LTED991R showed upregulation of pStat3 indicating the ac-
tivation of proliferative pathways. Similar to our earlier observations in the both the gene 
expression analysis and phosphoproteomics data, we detected minimal differences in the 
phosphorylation of pERK1/2 between wt and resistant LTED derivatives. Finally, in all these 
immunoblot analyses we also simultaneously analyzed samples subjected to “washout” 
conditions and found corroborative results which confirmed the plasticity of resistant cells 
in response to drug withdrawal. Altogether, these data demonstrate the important role of 
cell cycle regulation in the palbociclib resistant phenotypes.

TARGETING RESISTANCE TO PALBOCICLIB MAY RESTORE APOPTOTIC SIGNALING
To assess which kinases are commonly associated with the CDK4/6 resistant phenotype, 
we used a kinome knockdown screen (siRNA)[36,37]. After targeting 709 kinases expressed 
in the palbociclib resistant cell lines (Figure 9), we noticed that all cell lines were depen-
dent on PIK3CA (p110α), RET (rearranged during transfection) and ERBB3 which are up-
stream mediators of both the PI3K and ERK1/2 signaling pathways[38]. Intriguingly, we also 
observed that both the MCF7991R and MCF7 LTED991R models were susceptible to loss of 
ERBB3 and dependent on multiple CDKs, which appeared to be cell line specific. 
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DISCUSSION

The cyclin D–CDK4/6–RB axis is critical for cell cycle entry, and not surprisingly most cancers 
subvert this axis to promote proliferation [41]. For instance 19% of breast cancer diagnoses 
demonstrate amplification of CDK4 and CCND1 proteins, which has been associated with 
endocrine resistance [42,43]the associations between CCND1 amplification/cyclin D1 overex-
pression and clinicopathological variables and clinical outcome remain controversial. AIMS 
OF THE STUDY (1. Currently, the combination of targeted endocrine therapies provides a 
promising approach to metastatic ER+ BC treatment. Significant clinical efficacy is obtained 
by using CDK4/6 inhibitors such as palbociclib and ribociclib together with the aromatase 
inhibitor letrozole, as first-line therapy in endocrine sensitive BC[13,14], or with the selective ER 
down-regulator fulvestrant, as second-line therapy in endocrine resistant disease [15]. This 
synergistic effect largely results from both agents targeting the G1/S checkpoint. Whilst this 
strategy represents a major improvement in clinical outcome, patients still relapse due to 
development of resistance to CDK4/6 inhibitors. Therefore, the pressing clinical question 
has become whether the disease is then still endocrine responsive post CDK4/6 inhibitor 
treatment, and/or what therapies would then be appropriate to use thereafter.

In this study, we sought to answer some of these issues by addressing the mechanisms 
involved in the development of resistance to CDK4/6 inhibition. We selected MCF7 and its 
LTED derivative as BC cell lines and generated the respective in vitro endocrine resistant 
models. Then, in a multi-omics approach, we integrated gene copy number analysis, glob-
al gene expression analysis and phosphoproteomics analysis to explore in depth the re-
sponse to palbociclib treatment. Our integrated data revealed increased CDK4 and cyclin 
D1 in resistant cell lines, which could be an indicator of the ability of palbociclib to stabilize 
this protein complex. In this setting, the non-catalytic activity of cyclin D1 may enhance ER 
activity, as previously described by others [41]. This hypothesis is further supported by the 
CN gain of ESR1 in MCF7 LTED991R cells. In contrast, CCNE1 was more highly expressed in 
both MCF7991R and MCF7 LTED991R cell lines without any CN gain. The increased abundance 
of cyclin E1 has been already postulated as a potential resistance mechanism to CDK4/6 
inhibition [44]. Indeed, the cyclin E1/CDK2 complex inactivates RB leading to transcription 
of both E2F (as an S-phase entry program) and CCNA2. Besides, an increase of cyclin D1 
expression can also aid cyclin E1/CDK2 complex formation by sequestering CDK2 nega-
tive regulators p21CIP1 and p27KIP1 and promoting both aberrant RB phosphorylation and 
cell cycle progression[45]. Notably, our findings demonstrate that the MCF7991R and MCF7 
LTED991R models are amenable to drug holiday. This may have clinical relevance, albeit 
the dosing schedule for palbociclib requires three weeks on treatment and one week off 
treatment to deal with hematologic toxicity due to neutropenia[15]. Notwithstanding, our 

or abemaciclib upon palbociclib progression may present an effective clinical strategy to 
overcome resistance and restore apoptotic signaling. 

FIGURE 10. Cell proliferation curves demonstrating the effect of subjecting MCF7991R and MCF7 

LTED991Rcells to escalating doses of everolimus, neratinib and U0126. An anti-proliferative effect is 

observed in MCF7 LTED991R cells at the typical clinical dose of abemaciclib, a CDK4/6 inhibitor.
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ders CDK4/6 inhibitor resistant cells amenable to further inhibition with endocrine thera-
pies such as fulvestrant. The data further suggests that both the therapeutic sequence of 
CDK4/6 inhibitors and utilizing a treatment regimen that includes drug holiday may extend 
the utility of these agents. We postulate that a dual combination of these two approaches 
could potentially provide an alternative treatment strategy (Figure 11) which enables better 
long-term therapeutic outcomes that outwits tumor adaptation to drugs.

FIGURE 11. Hypothesized treatment strategy in ER+ breast cancer. A cartoon schematic depicting 

the postulated decision tree of treatment strategy for overcoming resistance in ER+ breast cancer.

ACKNOWLEDGEMENTS
This work is supported by Breast Cancer Now, working in partnership with Walk the Walk. 
We also would like to thank Pfizer, for academic funding and NHS funding to the Royal 
Marsden Hospital’s NIHR Biomedical Research Centre. This work was also partly support-
ed by Proteins@Work, financed by the Netherlands Organization for Scientific Research 
(NWO) as part of the National Roadmap Large-scale Research Facilities of the Netherlands 
(project number 184.032.201). We also would like to thank the High-Throughput Genomics 
Group at the Wellcome Trust Center for Human Genetics (funded by Wellcome Trust grant 
reference 090532/Z/09/Z) for the generation of the Sequencing data. Finally, the Proteom-
ics core facility within the Institute of Cancer Research.

data suggests that longer “pulsed” breaks off the drug could prolong a patient’s response 
to therapy prior to the acquisition of “irreversible” resistance and thus merits further clinical 
investigation to confirm this hypothesis. 

Both global gene expression and phosphoproteome network analyses of the MCF7 mod-
els suggested that cellular adaptation involves altered growth factor signaling via PDG-
FR, ERBB2, ERBB3 and EGFR, which generates an impact further downstream on multi-
ple mitogenic pathways including the STAT, ERK1/2 and PI3K/AKT/mTOR pathways. This 
feedback mechanism largely occurs because a blockade of cyclin D1/CDK4 reduces the 
phosphorylation of tuberous sclerosis 2 (TSC2). TSC2 inhibits the kinase complex mTORC1, 
which promotes negative feedback regulation of EGFR signaling. Thus, by relieving TSC2, 
CDK4/6 inhibition suppresses this negative feedback leading to increased activity of EGFR 
family members [46]and may explain sensitization to the anti-proliferative effect of neratinib. 
Furthermore, this feedback loop may explain the concordant rise in CCND1 transcription, 
independent of ER-activity, since ERK1/2 (via AP1 and PI3K) can lead to enhanced transcrip-
tional regulation [47,48]and the best-characterized targets of this process are the cyclin D1 
gene and members of the cip and kip (cip/kip. This high degree of adaptive plasticity may 
explain the reversibility in the resistant phenotype and further suggests that some tumors 
do become hardwired to the RB/E2F transcriptional axis and therefore use flexibility in 
kinase signaling to circumvent the G1/S checkpoint.

The siRNA kinome knockdown study revealed CDK4 to be a strong determinant of resis-
tance in the MCF7 LTED991R model. We found it surprising that the resistant MCF7 LTED991R 
cell line demonstrates marked sensitivity to the CDK4/6 inhibitor abemaciclib considering 
that abemaciclib shows greater potency against CDK4 compared to palbociclib and ribo-
ciclib[49] and has an altered pharmacological profile[50,51]and selective cell cycle inhibition 
of cancer cells is a target of choice for a number of novel cancer therapeutics. Cyclin-de-
pendent kinases (CDKs. The reduced cross-resistance between palbociclib and abemac-
iclib suggests that there is potential in treating sequentially with these inhibitors, which 
may prolong therapeutic effectiveness. Interestingly, the mTORC1 inhibitor everolimus sup-
pressed proliferation of all palbociclib resistant models, further suggesting that sequenc-
ing of everolimus after resistance to CDK4/6 inhibition may also provide clinical utility. The 
dual pair of resistant cell lines show increased abundance of EGFR/ERBB2 and pERK1/2, 
confirming sensitivity to the anti-proliferative effect of neratinib. Additionally, CDK7 and 
WEE1 were both identified as strategic targets for the G2/M phase, due to their roles in 
preventing apoptosis [52,53]. In concordance with those observation we could also deduce 
that all cell lines are sensitive to the WEE1 and CDK7 inhibitors.
Taken together, these data indicate that the loss of RB and retention of ER and p107 ren-
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ABSTRACT

Human myxoid liposarcoma (MLS) is the second most common subtype of liposarcoma, 
and contains the characteristic chromosomal translocation t(12;16)(q13;p11) that results in the 
fusion oncogene FUS-DDIT3 encoding a chimeric transcription factor. Specific techniques 
such as RT-PCR or FISH can confirm MLS diagnosis, but extreme intra-tumor heterogeneity 
makes pathological diagnosis and tumor grade assignment difficult. Moreover, molecular 
mechanisms underlying MLS tumorigenesis and tumor progression are not well described 
yet. Whilst a better understanding of potential molecular drivers in this neoplasm offers the 
opportunity to refine current classification systems in order to consider distinct prognostic 
or therapeutic implications, the possibility of biomarker discovery is limited by the rarity 
of MLS. The current study explores a multi-dimensional proteomics approach combining 
both microproteomics and matrix-assisted laser desorption/ionization mass spectrometry 
imaging (MALDI-MSI) applied to the same sampled tissue to enable a more comprehensive 
understanding of molecular mechanisms and proteome backgrounds of MLS. Cytoskeleton 
components of the background MLS matrix were found to be overexpressed in the 
intermediate grade MLS tissue regions, and these findings were further confirmed using 
MALDI-MSI on a larger patient cohort. Our data suggests that microproteomics provides 
in-depth information on the features and cellular processes potentially involved in tumor 
transition from low- to intermediate-grade during MLS tumor proliferation and development. 
Our results demonstrate that the combination of microproteomics and MALDI-MSI is a 
promising approach to study intra-tumor heterogeneity in MLS.

INTRODUCTION

Liposarcoma is the most common type of soft-tissue tumor and is classified as a rare cancer 
due to low incidence rates[1,2]. It belongs to the class of mesenchymal tissue neoplasms 
which have an adipocyte-derived cell population and can be classified into four histological 
subtypes: well-differentiated, de-differentiated, myxoid and pleomorphic[3]. Among these 
four neoplasms, myxoid liposarcoma (MLS) is the second most common type of liposarcoma, 
and accounts for 30%–40% of all liposarcomas[4]. MLS is characterized by intra-core tumor 
heterogeneity which is graded using a 3-tier system as low, intermediate, or high grade, 
based on the degree of cellularity[5,6] (Figure 1). High-grade MLS most often demonstrates 
spindle cell morphology, but occasionally a round cell appearance predominates, which 
descriptively led to the previous designation of “round cell liposarcoma”[5]. In contrast 
to pure (low-grade) myxoid tumors, high-grade MLS is more aggressive and a high 
percentage of round cell areas often correlates with both poor prognosis and a higher 
risk of metastasis[7]. MLS treatment is two-fold, consisting of surgical resection for localized 
primary disease, and thereafter radiation therapy or cytotoxic chemotherapy in both 
advanced and metastatic disease. Although MLS is sensitive to conventional radiation and 
chemotherapy treatments, up to 40% of tumors can progress to local or distant relapse[8]. 
Alternative biology-driven strategies aimed at reducing the cytotoxic effect of these 
treatments on patients and increasing the survival benefit are starting to be exploited[9–11]. 
These novel strategies encompass targeting the mTOR pathway, whose dysregulation 
depends on PIK3CA mutations[12,13], and survivin (BIRC5) which was found to be essential 
for MLS survival[14].

Matrix-assisted laser desorption/ionization mass spectrometry imaging (MALDI-MSI) is an 
analytical technique that enables the spatially-correlated molecular analysis of various 
molecular classes directly from tissue[15,16]. MALDI-MSI measures hundreds of biomolecular 
ions simultaneously without labeling or a-priori knowledge, making it a highly suitable 
technique for direct molecular assessment of tissue samples and the identification of 
molecular signatures associated with prognosis[17] or therapeutic response[18]. In combination 
with on-tissue protein digestion, MALDI-MSI has recently been successfully utilized 
in the analysis of formalin-fixed paraffin-embedded (FPPE) tissues in a region-specific 
manner[19,20], including investigation of molecular alterations in soft-tissues sarcomas[21]. 
In that study, an increase of high-mannose type N-glycans was associated with tumor 
progression[21]. Moreover, a new technology has been recently designed to differentiate 
between histological tissue regions or sarcoma subtypes in real time. This approach would 
enable sarcoma classification based on lipid MS molecular profiles acquired directly from 
tumor biopsies for in vivo real-time intraoperative surgical margin assessment[22]. Although 
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grade MLS regions of interest, in addition to the whole MLS tissue environment. Finally, 
as a proof of concept for integrating microproteomics and MALDI-MSI, we support our 
findings by comparing proteins quantified in the microproteomics analysis with proteins 
identified by MALDI-MSI on a larger number of FFPE MLS tissue samples. 

MALDI-MSI is able to provide new insights into the proteins specific to MLS morphological 
subtypes, a more in-depth analysis of the proteome could additionally identify which 
enzymes are responsible for the altered glycosylation profiles in the different tumor grades. 
Nowadays proteomics approaches are able to identify and quantify proteins associated 
with tumor subtypes, which enables discovery of tumor-specific molecular pathways and 
cellular functions, and can thus be beneficial in clinical decision making[23,24]. Moreover, 
a proteomic analysis may also identify specific biological and cellular processes that in 
combination with the pathologist’s annotation and the patient’s molecular data could 
improve the classification of MLS. 

FIGURE 1. H&E stained images of the low, intermediate and high-grade regions from MLS tissues. The 

images display the increased cellularity from low to high-grade regions.

Microproteomics is a platform that uses liquid chromatography tandem mass spectrometry 
(LC-MS/MS) to simultaneously identify and quantify hundreds of proteins from laser capture 
microdissection (LCM) of tissue sections[25]. Indeed, while LCM provides high regional 
specificity by isolating distinct areas of tissues, it is the application of shotgun LC-MS/MS 
analysis on the microdissected tissue regions that enables deeper proteome coverage 
which further elucidates molecular mechanisms of specific biological features[26]. Previous 
approaches have combined proteomics analysis with MALDI-MSI in efforts to confirm 
changes in protein expression that were detected by MALDI-MSI and to further elaborate 
localized variations in the proteome[27,28]. Most recently, a new strategy applying both 
microproteomics and MALDI-MSI on the same tissue slice section has been developed, 
with the aim of reducing potential sources of error introduced by the application of these 
two techniques in sequential fashion[29].

In the present study, we evaluate the application of microproteomics in quantifying the 
proteome of fresh frozen MLS tissue samples. We further exploit the applicability of our 
microproteomics approach by comparing the proteomes of both myxoid and intermediate-
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XR MALDI-FTICR (Bruker Daltonics, Bremen, Germany) equipped with a dynamically 
harmonized ParaCell. MS data were acquired in positive ion mode in the mass range 600-
3500 m/z with an average resolving power of 54,000 over the analyzed mass range, using 
150 laser shots per spot and a 100 μm × 100 μm pixel size. 

HISTOLOGY STAINING AND ANNOTATION
After MALDI-MSI analysis of the proteolytic peptides, excess DHB MALDI matrix was 
removed with two ethanol (70 % in deionized water) washes of 1 min each.  The TMA was 
stained with haematoxylin and eosin (H&E) and scanned by a digital slide scanner (IntelliSite 
Pathology Ultra-Fast Scanner, Philips, Eindhoven, the Netherlands). The scanned histology 
images were co-registered to the MALDI-MSI data in flexImaging 5.0 (Bruker Daltonics). 
The individual cores were further annotated by an expert pathologist to identify a total of 
157 regions of interest (ROIs) which differentiated the three morphological classes: low, 
intermediate and high-grade areas and exclude empty pixel from the analysis. 

MALDI-MSI DATA ANALYSIS 
FlexImaging 5.0 was used to export the raw MALDI-MSI datasets to imzML. The imzML-
files were loaded and combined in the rMSIproc R package[31], after which spectral 
processing, pixel-to-pixel-based spectral alignment, recalibration, normalization and m/z 
feature extraction were performed. In total, 1605 m/z features were extracted from the ROI 
average spectra which were grouped according to the morphology. Hierarchical stochastic 
neighbor embedding (HSNE) analysis[32] was performed on the complete peak matrix and 
was used to find molecular patterns able to differentiate the various morphological groups. 
Additionally, the MALDI-MSI data was imported in SCiLS Lab (2016b, Bruker Daltonics) 
to perform a receiver operating characteristic (ROC) analysis and find m/z features 
characteristic for a morphological class (AUC>0.8 and AUC<0.25). Identification of the 
m/z features was based on accurate mass matching against the MSI mass list (https://
ms-imaging.org/wp/msi-mass-list/) and a previously published mass-list of m/z identity 
assignments[20].

LASER CAPTURE MICRODISSECTION (LCM)
All experiments were performed using a laser capture microdissection system from PALM 
Technologies (Carl Zeiss MicroImaging GmbH, Munich, Germany) consisting of a PALM 
MicroBeam and RoboStage for high-throughput sample collection, and PALM RoboMover 
(PALM Robo software, version 4.6 Pro). Cell counting was performed on the 6 µm thick 
sections collected on PEN glass slides in order to obtain 50 x 104 cells from an area of 
approximately 0.5 mm2, which resulted in a varying number of microdissections according 
to each grade region. Prior to performing LCM, slides were first air-dried, rehydrated using 

MATERIALS AND METHODS

TISSUE SAMPLING
A tissue microarray (TMA) was constructed from FFPE MLS tissues from 32 patients 
diagnosed at Leiden University Medical Center (the Netherlands), according to the “Code 
for Proper Secondary Use of Human Tissue in the Netherlands’’[30]. The TMA contained 
two paraffin blocks and consisted of 141 needle core biopsies with a 1.5 mm diameter 
obtained from three distinctly classified morphological regions in the MLS tumor: low, 
intermediate and high-grade areas. For MALDI-MSI analysis, 6 µm thick sections were cut 
using a microtome and deposited on poly-L-lysine and indium-tin-oxide (ITO) coated glass 
slides (Bruker Daltonics, Bremen, Germany), dried overnight at 37 °C and thereafter stored 
in the dark at 4 °C until further treatment. For shotgun microproteomics analysis, fresh-
frozen MLS tissue samples from a single patient (anonymized patient ID: L1518-5) were 
used. Tissue sections of 6 µm thickness were collected on polyethylene naphtalate (PEN) 
coated glass slides, dried at room temperature for 30 s, washed with 70 % ice cold ethanol 
for 30 s, quickly dipped in absolute ethanol, air-dried for 2 min and finally stored at -80 °C. 
In addition, two sections each 10 µm thick were collected directly into EppendorfTM LoBind 
tubes (Eppendorf AG, Hamburg, Germany) and immediately stored at -80 °C. 

ON-TISSUE DIGESTION
Tissue section samples for MALDI-MSI analysis were processed by sequential on-tissue 
digestion as previously described[20]. Briefly, following deparaffination tissue samples were 
initially digested by applying 15 layers of PNGase F (100 ng/μL in deionized water) using a 
SunCollect pneumatic sprayer (SunChrom, Friedrichsdorf, Germany) at a rate of 10 μL/min. 
After overnight incubation, six layers of MALDI matrix (5 mg/mL α- 2,4-hydroxycinammic acid 
(α-CHCA) in 50% ACN and 0.1% TFA) were homogeneously deposited using a SunCollect 
sprayer (first layer: 10 μL/min, second layer: 20 μL/min, third layer: 30 μL/min, and three 
more layers: 40 μL/min) enabling N-glycan MALDI-MSI analysis (data not reported in this 
study)[21]. The excess of α-CHCA MALDI matrix was then removed with two ethanol (70 % in 
deionized water) washes of 1 min each before 15 layers of trypsin (20 ng/μL in deionized 
water) were homogeneously deposited using a SunCollect sprayer at a rate of 10 μL/min. 
Overnight incubation was performed at 37 °C in a saturated environment (50% methanol 
in deionized water) after which MALDI matrix (20 mg/mL 2,5-dihydroxybenzoic acid (DHB) 
in 50% ACN and 0.1% TFA) was applied using the SunCollect system as described above, 
and then followed by proteolytic peptide analysis. 

MALDI-MSI DATA ACQUISITION
MALDI-MSI analysis of the proteolytic peptides was performed on a 9.4 T Bruker SolariX 
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ratio based on total reporter ion intensities determined during the mixing ratio check run 
and dried before fractionation.

OFFLINE BASIC REVERSED-PHASE (HPH) HPLC FRACTIONATION
Digested TMT-labeled peptides were reconstituted with loading solution (10 mM NH4OH, 
pH 10) and loaded on a Kinetex 5µm EVO C18 100Å 2.1 × 150 mm column (Phenomenex) on 
an Agilent 1100 Series system (Agilent Technologies, Germany) operated at 0.200 mL/min. 
The peptides were eluted through a 105 min fractionation gradient: 0-2 min 100 % solvent 
A; 2-2.01 min 2 % solvent B; 2.01-8 min 12 % solvent B; 8-55 min 35 % solvent B; 55-62 min 
55 % solvent B; 62-65 min 100 % solvent B; 65-74 min 100 % solvent A; 74-85 min 100 % 
solvent A; 85-105 min 100 % solvent A. Solvent A consisted of 10 mM ammonium formate 
pH 10, solvent B consisted of 10 mM ammonium formate in 90 % ACN pH 10. Fractionation 
was performed using an Agilent 1100/1200 Automatic Fraction Collector into a 96-well 
plate. A total of 67 fractions were collected. The early fractions (until 8 min) were pooled 
together as fraction 1, while the rest were first concatenated into one fraction per every 
3 wells (e.g. fraction 2 (well A9, A12 and B3); fraction 3 (well B6, B9 and B12) and so on) 
resulting in 21 fractions which were further pooled and concatenated in the following way: 
Fraction 2-12, 3-13, 4-14, 5-15, 6-16, 7-17, 8-18, 9-19 and 10-20. The final 11 fractions were 
dried in a SpeedVac operating at 37 °C and stored at -80 °C until further analysis.

LC-MS/MS ANALYSIS
Nanoflow LC-MS/MS was performed by coupling an Agilent 1290 Infinity II system (Agilent 
Technologies, the Netherlands) to a Q-Exactive HF mass spectrometer (Thermo Fisher 
Scientific). Peptides from each fraction were resuspended in 10 % FA and 1 µg sample was 
loaded onto an in-house packed trap column (100 µm i.d. × 2 cm, 3 µm resin, ReproSil-Pur 
C18 AQ, Dr. Maisch GmbH, Germany) at a flow rate of 5 µL/min in 100% loading solvent 
A (0.1% FA, in HPLC grade water). After 10 min of loading and washing, peptides were 
transferred to an analytical column (75 µm i.d. × 50 cm, 2.7 µm resin, Poroshell 120 EC-C18 
(Agilent) and separated at a flow rate of approximately 300 nL/min at room temperature 
using a 115 min gradient: 0-5 min 100 % solvent A; 5-5.10 min solvent 15 % B; 5.10-100 
min 45 % solvent B; 100-104 min 100 % solvent B; 104-115 min 100 % solvent A. Solvent 
B consisted of 0.1 % FA in 80 % ACN. The MS instrument method consisted of data-
dependent acquisition (TopN), in which one full scan (375-1,600 m/z, R = 60,000) at a 
target of 3x106 ions was first performed, followed by 15 data-dependent MS/MS scans with 
higher-collisional dissociation (target 105 ions, max ion fill time 115 ms, isolation window 1.2 
m/z, normalized collision energy 32%, R = 60,000). Dynamic exclusion of 16 s was enabled. 
Precursor ions with unassigned charge state as well as charge state of 1, 6, 7, 8 or higher 
than 8 were excluded from fragmentation.

deionized water for 15 s, stained using haematoxylin for 30 s, washed using deionized 
water for 15 s and washed with increasing percentage of ethanol solution for 15 s each time 
(50 %, 70 %, 100%). Finally, the slides were dipped in absolute ethanol for 30 s and airdried. 
LCM was performed in duplicate using a 40× ocular lens and a 355 nm laser for cutting 6 
µm thick sections of tissue and catapulting the isolated low and intermediate regions into 
EppendorfTM LoBind tubes. The LCM tissue sections obtained were stored at -80 °C until 
further analysis.

LCM SAMPLE PREPARATION 
LCM tissue sections were lysed, reduced, and alkylated in 80 µL lysis buffer containing 1 
% (w/v) sodium deoxycholate (SDC) (Sigma-Aldrich), 10 mM TCEP, 40 mM chloroacetamide 
(Sigma-Aldrich), and 100 mM Tris pH 8.0 (Sigma-Aldrich) supplemented with phosphatase 
inhibitor (PhosSTOPTM, Roche) and protease inhibitor (cOmpleteTM mini EDTA-free, Roche). 
Thereafter the LCM tissue sections were heated for 5 min at 95 °C and subsequently 
sonicated with a Bioruptor Plus (Diagenode, Seraing, Belgium) in combination with 
protein extraction beads (Diagenode) for 20 cycles of 30 s. Proteins obtained from the 
homogenized LCM tissue sections (estimated at 25 µg per sample) were next diluted 1:2 
with 1 % SDC in 100 mM Tris, pH 8.0, and finally digested overnight at 37 °C with trypsin 
(Promega) at an enzyme/substrate ratio of 1:50 and Lys-C (Wako Chemicals) at an enzyme/
substrate ratio of 1:75. Sample clean-up was performed by first precipitating SDC using 2% 
formic acid (FA) and thereafter desalting peptides in an automated fashion on an AssayMAP 
Bravo Platform (Agilent Technologies). Briefly, reversed-phase C18 cartridges (#5190-6532) 
were primed with 100 µL of wash buffer (50 % ACN/0.1 % TFA v/v in deionized water) and 
equilibrated with 100 µL of loading buffer (0.1% TFA in deionized water) after which peptide 
samples diluted into 150 µL loading buffer were loaded onto the cartridge. The loaded 
cartridges were washed with 75 μL of loading buffer, before the desalted peptides were 
eluted with 50 μL of elution buffer (70 % ACN/0.1 % TFA v/v in deionized water), dried down 
on a SpeedVac (37 °C) and stored at -80 °C until further analysis.

IN-SOLUTION TMT LABELING
Desalted peptides were reconstituted in 40 µL of 87.5 % 50 mM HEPES pH8.5 buffer in 
ACN (v/v). Labeling was performed by adding 10 µL of six TMT 10-plex labeling reagents 
(10 µg/µL in ACN) and incubating each sample for 1.5 h at room temperature with mixing 
at 300 rpm. To check the labeling efficiency and mixing ratio, 2 µL from each individual 
sample was pooled and analyzed by a single 2 h LC-MS/MS method using a Q-Exactive HF 
(Thermo Fisher Scientific, Bremen, Germany) as described below. The labelling reaction 
was thereafter quenched by addition of 3 μL of 5 % hydroxylamine and incubation for 15 
min at room temperature with mixing at 300 rpm. Samples were then combined in a 1:1:1:1:1:1 
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RESULTS AND DISCUSSION

MICROPROTEOMICS EXPERIMENTAL DESIGN
In this study, we set out to design a tissue analysis platform from which we can identify, 
quantify and characterize proteome changes that occur during MLS tumor progression. 
Initially, whole tissue sections (WTS) obtained from a single patient were put on PEN coated 
glass slides and stained by H&E to enable grade assignment after which high precision 
LCM was used to excise and isolate 0.5 mm2 areas from low and intermediate regions 
of fresh-frozen MLS samples. Cell counting was performed to ensure each isolated LCM 
sample contains approximately 25 µg (50 x 104 cells) of protein amount[38], which resulted 
in LCM samples containing cells isolated from five low graded tissue regions and two 
intermediate graded tissue regions. 

We selected in-solution digestion since in our experience the entire sample processing 
procedure was ~1.5x faster than multi-enzyme digestion filter-aided sample preparation 
(MED FASP)[39], and has previously been shown to be reproducible for protein quantification 
of LCM samples[40]. Although protein precipitation is typically included to minimize 
contaminants[41], we excluded this step to prevent sample losses in our workflow, which 
is a concern because of the limited protein amounts in the LCM samples. Indeed, in our 
preliminary analyses of liposarcoma WTS, samples subjected to protein precipitation 
demonstrated a higher spread of protein median intensities when comparing two technical 
replicate analyses, which could suggest that the higher variability was induced by sample 
handling (data not shown).

We selected isobaric TMT labeling on peptides for relative protein quantification since 
the approach offers broad multiplexing capabilities with highly precise quantification[42]. 
Additionally, previous studies have demonstrated the feasibility of applying in-solution 
TMT labeling workflows in quantifying proteins from limited sample amounts of as low 
as 25 µg[43]. In order to reduce sample complexity and increase the depth of proteome 
coverage, we made use of orthogonal chromatographic separations based on reverse-
phase chromatography at high and low pH[44,45]. Here, pooled TMT-labeled peptides were 
first fractionated by off-line high-pH reverse-phase chromatography and the concatenated 
fractions (n=10) were subsequently separated on low-pH reverse-phase chromatography 
coupled to a Q-Exactive HF mass spectrometer for online LC-MS/MS analysis. The 
complete microproteomics workflow is depicted in Figure 2. 

LC-MS/MS DATA ANALYSIS
The MS/MS RAW files from fractions 2 to 10 were processed using Proteome Discoverer 
version 2.2.0.388 (Thermo Fisher Scientific) with the integrated Sequest HT search 
engine. Fraction 1 was discarded due to a low number of spectra acquired. Spectra were 
matched to a Swiss-Prot Homo Sapiens database (version October 2017, 20,237 entries) 
supplemented with a common contaminants database (245 entries). Carbamidomethylation 
of cysteine residues (+57.021 Da), and TMT tags on peptide N-terminal and lysine residues 
(+229.163 Da) were configured as static modifications, while methionine oxidation (+15.995 
Da) and peptide N-terminal acetylation (+42.011 Da) were set as dynamic modifications. 
For the labeling efficiency check, TMT tags on peptide N-terminal and lysine residues 
were configured as dynamic modifications. Parent ion tolerance was set at 50 ppm, 
and fragment mass tolerance at 0.05 Da. Two missed trypsin cleavages were allowed. 
Each of the reporter ion peaks was corrected to account for isotopic overlap according 
to the Thermo Fisher instruction sheet, and the co-isolation threshold was set to 50. At 
least one unique peptide was required for matching a protein entry to its identification, 
and results were filtered to a 1 % false discovery rate using the Percolator algorithm[33]. 
Peptides representing contaminants were excluded from the dataset, and only proteins 
containing at least two peptides in all samples (n=6) were selected for quantification 
analysis. TMT quantification channels were normalized according to the median sweeping 
method in which protein abundances are corrected by subtracting the median abundance 
column of reporter ion abundances of each channel from each median polished value 
per peptide spectral match[34]. Gene ontology enrichment was performed with PANTHER 
database, using the PANTHER GO-Slim analysis which includes a Mann-Whitney U test with 
Bonferroni correction for multiple testing[35,36]. Only terms with a corrected p value below 
0.05 compared to the Homo Sapiens reference set were selected. The Significance B test 
was calculated by using the ratio of intermediate to low normalized abundances versus 
intermediate normalized abundances[37].
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to WTS samples. Similarly, the multi-scatter plot in which normalized abundance intensities 
are compared also exhibits high correlation (R > 0.9) between matched paired replicates, 
whereas LCM cell populations isolated from both the low and intermediate regions differ 
from the WTS (Figure 3B).

In concordance with the findings of others, we detected the cancer-testis antigen NY-ESO-1 
(CTAG1B) which has recently been shown to be almost universally expressed (> 90 %)in 
MLS [46–49], and is currently being tested as an immunotherapeutic target in a pilot study on 
MLS patients[50].  Differential expression of NY-ESO-1 abundance is similar in both low (1.4-
fold upregulated) and intermediate (1.5-fold upregulated) tissue regions when compared to 
the WTS, as depicted in Figure 3C.

FIGURE 3. A. Distribution of normalized abundances of reporter ions are shown as violin plots for 

all TMT channels. WTS samples (129N, 130N) and LCM samples (127C, 128C for Low grade; 129C, 

130C for Intermediate grade) shows similar data density profiles. B. Multi-scatter plot of normalized 

abundances of WTS, intermediate (Int) and low graded regions. Pearson correlation (R) is calculated 

from a comparison of two technical replicates each of low, intermediate (Int) and WTS samples. C. 

Expression level of the biomarker NY-ESO-1 quantified in both the low and intermediate (Int) regions. 

D. Correlation of protein abundances quantified in both low and intermediate (Int) regions with respect 

to the whole tissue slice.

FIGURE 2. Microproteomics workflow of fresh frozen MLS samples. MLS tissue sections are collected 

both as whole tissue sections (WTS) and as microdissected regions of low and intermediate (Int) areas 

after annotation and LCM (Tissue collection). Proteins from all samples are extracted, digested and 

desalted before being labelled with TMT tags. The pooled sample is fractionated using basic high-pH 

reversed phase (HpH) separation, and fractions are concatenated and pooled before LC-MS/MS analysis 

(Sample preparation). Significantly regulated proteins identified in microproteomics analysis are then 

compared to the m/z features detected in MALDI-MSI analysis of FFPE samples (Data comparison).

MICROPROTEOMICS DATA VALIDITY AND QUALITY
To assess the validity of our workflow we evaluated the quality of the dataset. A good 
labelling efficiency of 99 % was achieved on the total number of peptide N-termini and 
lysine residues in which 98 % peptide N-termini were labeled and 100 % lysine residues 
were labeled[42]. We identified 26.8 % of the recorded MS/MS spectra (PSMs), which 
corresponds to 11,706 unique peptides and 2522 proteins groups. We further filtered 
the identified protein groups to ensure robust protein identification by excluding single-
peptide identifications, resulting in 1714 quantified protein groups which were considered 
for subsequent analysis. 

Figure 3A shows the distribution of (median)normalized intensities for each quantification 
channel, in which higher similarity in distribution is evident for LCM samples in comparison 
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FIGURE 4. Legend on the previous page.

MICROPROTEOMICS DIFFERENTIATES LOW AND INTERMEDIATE MLS TISSUE GRA-
DE REGIONS
We first investigated whether microproteomics data captures differences in the local 
proteome of the low and intermediate graded MLS tissue regions with respect to the whole 
tissue by examining the differential expression levels of protein groups quantified in the 
two regions with respect to the WTS. Figure 3D evidences the high correlation (R = 0.963) 
of the fold changes between the two LCM areas with the exception of COL1A2 which is 
overexpressed in the intermediate grade. COL1A2 is a fibril-forming collagen protein found 
mostly in connective tissue. Interestingly, extracellular matrix genes have already been 
found overexpressed in patients with intermediate prognosis of soft tissue sarcoma[51]. In 
order to identify which biological processes are represented by these quantified proteins, 
we performed a statistical enrichment test using the PANTHER GO-Slim analysis[35,36]. Our 
analysis revealed that biological processes involved in immune response and multicellular 
organism processes - including cell recognition and cytokine production - are present in 
both LCM regions, with higher significant enrichments found in the intermediate grade 
region (Figure 4A). Remarkably, this immune signature has been identified in a recent 
study of 206 adult soft tissue sarcomas further evidencing the importance of studying 
the tumor microenvironment per sarcoma type in efforts to increase the success rate of 
immunotherapy[52]. Additionally, our data revealed the enrichment of endocytosis and 
mRNA metabolic processes in the intermediate graded tissue regions compared to the 
WTS. Overexpression of these processes is known to promote oncogenesis[53,54]. 

FIGURE 4. A.Biological processes identified in both low and intermediate (Int) regions after PANTHER 

GO-Slim analysis. B. Significance B test showing which proteins expression levels are significant 

different (p < 0.001) in the intermediate-grade and the low-grade.
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TABLE 1 CONTINUED.
Uniprot Accession Gene name Description Ratio

P04264 KRT1 Keratin, type II cytoskeletal 1  0.69
P35527 KRT9 Keratin, type I cytoskeletal 9 0.80
P08123 COL1A2 Collagen alpha-2(I) chain 1.92

On the contrary, 11 proteins were upregulated in the low region, among which only two 
(ORM1 and APOC1) have a differential expression of more than 1.4-fold change (Table 1). 
ORM1 (Alpha-1-acid glycoprotein 1) is involved in the immune system response[60] together 
with C4BPB (C4b-binding protein beta chain)[61] and FCN2 (Ficolin-2)[62], while APOC1 
(Apolipoprotein C-I) is a component of both triglyceride-rich lipoproteins and high-density 
lipoproteins, which are important in the metabolism of plasma lipoproteins[63]. The findings 
gleaned from our microproteomics data reflect the nature of the intercellular myxoid 
stroma that is still present in the tumor growth regions undergoing transition from low 
to high grade, and further supports the importance of mRNA biological processes which 
may play a role in the grading stage. Although these results were obtained from analysis 
of tissue originating from a single patient, they reflect significant biological findings which 
were also found by others in previous studies[52].

MICROPROTEOMICS COMPLEMENTS MALDI-MSI
To complement our findings on a larger number of samples and evaluate the opportunity 
to use a multidimensional approach for the MLS proteome analysis, we performed 
MALDI-MSI analysis on a tissue microarray which was previously constructed from FFPE 
MLS tissues isolated from a cohort of 32 patients[21]. HSNE analysis was performed as 
dimensionality reduction of the entire dataset which enabled the discrimination between 
low and intermediate clusters[32]. A ROC analysis of the clusters showing higher separation 
resulted in the annotation of five m/z features in the low region and 12 m/z features in 
the intermediate region (Table 2).  Of the five m/z features in the low region none were 
identified. Eight out of 12 m/z features in the intermediate region were identified as H2A1B, 
H2A1Bisotope, H4, H4isotope, MYH9, ACTB, ACTBisotope, and KRT8.  H2A1B, H2A1Bisotope, H4, 
H4isotope are proteins originating from different histone variants (H2A, H4) and are known 
to be expressed in MLS[20]. ACTB (Actin, cytoplasmic 1) is a component of the cytoskeleton 
and mediator of cell motility[64], whereas MYH9 (Myosin-9) also plays an important role 
in cytoskeleton reorganization[65]. KRT8 (Keratin, type II cytoskeletal 8), as previously 
observed in our microproteomics data, is related to the family of cytokeratins which are 
generally expressed in sarcoma[56].

Next, to investigate significant protein features between the intermediate and low grade 
MLS regions, we performed a statistical Significance B test[37] on the normalized protein 
expression levels of these two regions. We found ten up-regulated proteins (> 1.4-fold) 
in the LCM intermediate region including KRT1, KRT9, DSP, HMGN2, HNRNPAB, MDK, 
COL1A2, JUP, EDF-1, HMGA1 (Figure 4B, Table 1). DSP (Desmoplakin) and JUP (Junction 
plakoglobin) are desmosomal components involved in cell-cell connectivity[55], while 
KRT1 and KRT9 are cytokeratins usually known as markers of differentiation in soft tissue 
tumors[56]. HMGA1 (High mobility group protein A1) and HMGN2 (Non-histone chromosomal 
protein HMG-17) are proteins present in neoplastic cells and they participate in regulatory 
processes including chromatin structure and regulation of gene expression. Interestingly, 
HMGA1 is able to bind the matrix- and scaffold-associated regions (MARs and SARs, 
respectively) of chromatin, and this interaction is vital for organizing independent DNA 
domains that function in both replication and transcription[57]. The final two proteins, EDF-1 
(Endothelial differentiation-related factor 1) and MDK (Midkine) are known to be involved 
in cell differentiation. High levels of EDF-1 transcript have been observed in endothelial 
cells in Kaposi’s sarcoma in comparison to spindle cells[58], whereas MDK is notably 
overexpressed in alveolar soft part sarcoma and represents a targetable molecule due to 
its role in angiogenesis regulation[59].

TABLE 1. List of proteins significantly (p < 0.001) expressed in the intermediate and low regions 

according to the Significance B test. Ratio column contains the ratio of intermediate to low normalized 

abundances.
Uniprot Accession Gene name Description Ratio

P02763 ORM1 Alpha-1-acid glycoprotein 1 -1.22
P02654 APOC1 Apoliprotein C-I -0.75
P20742 PZP Pregnancy zone protein -0.46
P20851 C4BPB C4b-bi protein beta chaining -0.44
P37840 SNCA Alpha-synuclein -0.42
Q15485 FCN2 Ficolin-2 -0.40
P07093 SERPINE2 Glia-derived nexin -0.38

A0A0C4DH38 IGHV5-51 Immunoglobulin heavy variable 5-51 -0.38
SNTB2 SNTB2 Beta-2-syntrophin -0.38
P20908 COL5A1 Collagen alpha-1(V) chain -0.37

A0A075B6R2 IGHV4-4 Immunoglobulin heavy variable 4-4 -0.35
P21741 MDK Midkine 0.50

O60869 EDF1 Endothelial differentiation-related factor 1 0.52
Q99729 HNRNPAB Heterogeneous nuclear ribonucleoprotein A/B 0.52
P05204 HMGN2 Non-histone chromosomal protein HMG-17 0.53
P14923 JUP Junction plakoglobin 0.57
P17096 HMGA1 High mobility group protein HMG-I 0.58
P15924 DSP Desmoplakin 0.59
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combination of both technologies could be further applied on more extensive studies to 
elucidate the mechanisms responsible for development of MLS from low- to high-grades 
in larger patient cohorts, and potentially discover new therapeutic targets.
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TABLE 2. List of m/z features detected and assigned by MALDI-MSI for both low and intermediate 

regions. 
  m/z features Assigned Description
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944.537 H2A1B Histone H2A type 1

945.541 H2A1Bisotope Histone H2A type 2 (isotope)

1138.574 MYH9 Myosin-9

1198.713 ACTB Actin, cytoplasmic 1

1199.717 ACTBisotope Actin, cytoplasmic 1 (isotope)

1320.674 KRT8 Keratin, type II cytoskeletal 8

1325.761 H4 Histone H4

1326.765 H4isotope Histone H4 (isotope)

1920.97 Unknown Unknown 

2271.116 Unknown Unknown

2272.117 Unknown isotope Unknown (isotope)

lo
w

 g
ra

de

2182.026 Unknown Unknown

2725.277 Unknown Unknown

2738.264 Unknown Unknown

2739.267 Unknown Unknown

2740.26 Unknown Unknown

CONCLUSION
Microproteomics as a platform has recently been demonstrated as a valid advantageous 
approach for the localized molecular analysis of morphologically heterogeneous tissues 
such as breast cancer tissue extracts in comparison to whole tissue lysates[66]. The major 
benefit is in providing increased depth of proteomics analysis due to reduced matrix 
complexity and a subsequently higher number of detected proteins. The integration of 
such a platform with MALDI-MSI could represent a powerful complementary approach 
for in-depth proteomics analysis of specific tissue region. In this study, we examined the 
feasibility of a microproteomics workflow for the quantification of LCM regions from a patient 
diagnosed with MLS. As a quantification strategy we selected TMT labelling and applied 
orthogonal fractionation to our samples to ensure high proteome coverage. Functional 
analysis identified cytoskeleton components of the background matrix overexpressed in 
the intermediate grade, and these findings were also supported by MALDI-MSI analysis 
which was performed on a higher number of patients. Whilst comparatively fewer proteins 
were identified from the m/z features that were extracted from MALDI-MSI data, the 
proteome coverage afforded by microproteomics further confirms its ability to provide 
in depth-understanding of localized regions of interest in tumor samples. Altogether, 
our proof of concept dataset demonstrates the feasibility of combining MALDI-MSI with 
microproteomics to investigate intra-tumor heterogeneity in MLS tissue samples. Such a 
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SUMMARY

Integrative multi-omics represents a powerful approach to study molecular mechanisms 
involved in tumorigenesis and drug resistance in several cancer models such as cell lines, 
and also in human tissues. This thesis explores the application of multi-omics in different 
tumor models across different cancer types, and further demonstrates the benefits and 
challenges of integrating omics datatypes, which can assist in reaching the ultimate goal 
of improved therapeutic response in patients.

In Chapter I, we extensively discuss one of the key enabling pillars of multi-omics, namely 
the technological advances of MS-based proteomics. These advances have empowered 
in-depth profiling of the human proteome highlighting the advantages in using MS to identify 
disease-specific proteins indicative of a particular cancer, and molecular pathway activities 
associated with both drug sensitivity and mechanisms of drug resistance. The decrease 
in cost-per-sample of such technologies over the last decade have further facilitated 
the application of proteomics on hundreds of samples, often with using multiplexing 
technologies, which further reduces the time-per-sample required for comprehensive 
analysis[1,2]. This applicability on large sample sizes has enabled studying molecular 
heterogeneity within cancer patient populations and has helped to bridge the gap between 
genomic information and biologic function in cancer. Although proteomics strategies are 
able to exploit cancer genomic information to better interrogate tumor-specific aspects 
of the proteome, they cannot capture the uniqueness of genomic alterations in cancer 
de novo [3]. Therefore, an important step in obtaining a clearer picture of cancer biology 
is considered to be integrating information from multiple data types such as genomics, 
transcriptomics, proteomics, metabolomics as well as different imaging techniques. 

Chapter II describes the integration of transcriptomics, proteomics and phosphoproteomics 
to investigate intrinsic and/or acquired resistance in WiDr wild type and WiDr PTPN11 KO 
colorectal cancer cell lines, after drug inhibition that target either BRAF(V600E) and/or 
EGFR. We initially focused on defining a suitable design of experiments to compare multiple 
data points, generate a customized protein sequence database using RNA-seq data, and 
filter the datasets after pre-processing for high quality data. We then used a custom-built 
Graphical User Interface (GUI) as a visualization tool to facilitate data comparison, which is 
arguably a laborious task for large datasets when no (semi-)automated data comparison 
tools are employed. In the second part we investigated drug response in both the wild-
type and KO cell lines and demonstrated that the main signaling responses depend on 
inhibition of BRAF(V600E), and that additional inhibition of EGFR further amplifies the 
observed effect. In comparing proteomics and transcriptomics data, we identified a set 

of genes that are exclusively downregulated at the protein level upon PTPN11 KO, which 
underscores the different but complementary information these data types can capture. 
This integrated omics analysis revealed both the inactivation of kinases and inhibition of 
genes downstream of the MAPK pathway, the subsequent upregulation of RTKs transcripts 
such as ERBB2 and ERBB3, and the increase of oxidative metabolic processes. Thus, using 
integrative multi-omics enabled us to capture a system-wide snapshot from all the different 
-omics data types and consequently elucidate the mechanisms involved in drug response.

Nowadays, the result of utilizing increasingly sophisticated instruments in probing 
scientific questions and applying extensive experimental designs implies generation 
of vast amounts of high-throughput omics data.  The necessity to collaboratively share 
such information within diverse research communities requires the development of 
robust statistical platforms, which enable analysis, distribution and eventual re-use of 
different omics data types. These guiding principles are the driving force behind the 
GO FAIR  initiative — a Global Open initiative designed to make research data Findable, 
Accessible, Interoperable and thus Reusable —which is aimed at building a common and 
trusted environment for data-driven research and innovation[4,5]. In order to facilitate this 
process, standard and automated analysis workflows should therefore be used. Chapter 
III exemplifies this paradigm on data analysis workflows, where we developed a Python 
library named PaDuA for (phospho)proteomics analysis. PaDuA provides a collection of 
tools that enable semi-automated data processing, filtering and statistical analysis both 
within the Jupyter notebook environment and in other scriptable systems. These Jupyter 
notebook files contain complete and detailed program documentation of the quantitative 
analysis steps optimized for MaxQuant output data and are amenable to both integration 
and customization within other tools and environments. The ease with which reproducible 
Jupyter notebooks are shareable strongly supports the standardization of analysis 
methods which is a recommended necessity for subsequent multi-omics data integration.

We put PaDuA to use in our central study integrating the colorectal cancer multi-omics 
datasets as described in Chapter II, and also later in analyzing phosphoproteomics data of 
MCF7 breast cancer cell lines upon treatment with CDK4/6 inhibitor. Chapter IV describes 
this breast cancer study, in which a multi-omics approach was designed to integrate copy 
number (CN) variation, global gene expression, and phosphoproteomics analyses on 

palbociclib-resistant models of MCF7 along with the long-term-estrogen-deprived (LTED) 
MCF7 derivatives. Combining these data types enabled us to identify that PI3K/AKT/mTOR, 
MAPK and ERBB pathways are mainly involved in drug resistance. The complete dataset 
further suggested that endocrine therapies or the concept of a drug holiday are possible 
complementary treatments to CDK4/6 inhibitors.
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OUTLOOK

THE FUTURE OF MULTI-OMICS IN CLINICAL PRACTICE
On the basis of recent advances, and multiple promising studies, we hypothesize that 
multi-omics profiling has great potential to improve clinical decisions for cancer diagnostics 
and prognosis[6–8]. From a qualitative and quantitative biomolecular viewpoint, each cancer 
patient presents a unique set of molecular features that contribute to development of 
cancerous tissue in that individual. Integrating the different molecular data obtained 
from omics analyses could enable discovery of tumor-specific molecular features and 
generation of a tumor molecular profile, which could then be utilized in stratifying patients 
into groups that may benefit from different treatment regimens[9].

To date, omics technologies (WGS or RNA-seq) have outperformed traditional clinical 
tests with respect to specificity and sensitivity[10], however MS-based proteomics lags 
further behind genomics technologies[11]. This low success rate, mainly due to technical 
and regulatory challenges, suggests there is still a considerable amount of development 
required before adopting multi-omics in clinical practice as highlighted in Chapter I. 

The technical challenges of applying MS-based proteomics in clinics include the limited 
dynamic range of these technologies in comparison to other traditional assays, the quality 
and storage condition of starting material, the complexity of the human proteome, and 
the reproducibility of statistical frameworks.  Most recently, new guidelines for simplified 
sample preparations[12,13], robust LC systems[14] and continued improvement of Orbitrap 
mass analyzers[15] are contributing to the next generation of fast, robust and reproducible 
processes for MS-based proteomics which would undoubtedly streamline the quality of 
the datasets obtained. 

Next to MS-based proteomics, we also anticipate that the integration of other data types 
such as metabolic profiles and MS-based tissue imaging will continue to contribute in 
guiding the discovery of more potential therapeutic targets in the future. On the one hand, 
metabolic changes are known to strongly influence tumorigenesis[16], and can represent a 
biomarker of efficacy or toxicity[17]. Studying metabolomics confers the ability to measure 
the result of the genotypic, environmental and physiological effects of drugs on cells, 
which provides a promising tool for predicting and assessing response to anticancer 
treatments. On the other hand, the role played by MS imaging (MSI) nowadays is 
evidenced by its progressive utilization in pharmaceutical R&D for quantitative bioanalysis 
of the spatial distribution of drugs, metabolites, formulations and pharmacodynamic 
biomarkers in tissues[18]. In fact, several reports describe how recent advancements in both 

A considerable challenge exists in research aimed at understanding the pathophysiology 
of rare diseases.  Indeed, the analysis of sufficiently large cohorts of rare disease samples 
is difficult as there are a limited number of reported patients, which consequently limits 
the number of samples available to analyze and derive data from. In such cases, the 
value of knowledge gained from combining multiple layers of information from limited 
samples becomes more apparent especially when defining pathophysiological molecular 
pathways and probing the mechanisms involved in these rare diseases. In Chapter V we 
investigated the ability to combine microproteomics and MALDI-MSI on limited amounts of 
sample material with the dual aim of identifying molecular mechanisms and discriminating 
different grade regions within myxoid liposarcoma (MLS) tissue. From this on-going piece 
of work, our preliminary results demonstrate the complementary benefit of integrating 
microproteomics and MALDI imaging data types. The data provide in-depth information on 
the molecular features and cellular processes potentially involved in tumor transition from 
low- to intermediate-grade during MLS tumor proliferation and development.

168 169

6 6



models based on machine-learning which utilizes training datasets from integrated multi-
omics data represent a powerful and exciting approach to assist researchers in optimizing 
therapeutic strategies for personalized medicine[41–43].

TOWARDS PERSONALIZED MEDICINE AND PRECISION OMICS
The evolution of different omics technologies has immensely contributed to clinically 
relevant research initiatives such as TCGA (The Cancer Genome Atlas) and CPTAC (Clinical 
Proteomic Tumor Analysis Consortium), which have demonstrated the ability to identify 
molecular alterations and proteomic signatures associated with oncogenesis with the aim 
of improving diagnosis, treatment and prevention in cancer[44]. The final goals of the CPTAC 
initiative in the next few years are to deliver community resources including databases of 
tumor-specific proteomes with proteogenomic correlation, and to verify protein targets 
using a catalog of multiplexed quantitative assays that are applied using standard operating 
procedures (SOPs)[45,46].

In the near future I envision the multi-omics approach evolving towards the novel concept 
of human phenomics, which considers a combination of both large-scale and deep 
phenotyping studies performed in smaller groups of individuals to accelerate personalized 
medicine[47]. These phenomics profiles can highlight previously unrecognized patient-
specific trends and add statistical support through repeat measurements. Phenomics 
profiling can thus be an effective technique of detecting large-scale or pathway-level 
alterations[6,7] whilst also being cost-effective in contrast to performing thousands of 
individual tests.

Finally, beyond the scope of the multi-omics studies performed in this thesis, the multi-omics 
concept is also revolutionizing our understanding of disease at the individual cell level. 
Termed “Single-cell analysis”, the technological approach enables in-depth interrogation 
of different molecular levels including DNA, RNA and protein on one unit cell in contrast to 
tissue sample analysis that utilizes hundreds to thousands of cells[48] [49] [50,51]. The advances 
made in single-cell multi-omics tools, including CyTOF and single-cell RNAseq [52], offer 
an invaluable opportunity to reconstruct cell lineage trajectories, identify cell subtypes 
from a heterogeneous cell population and decipher the regulatory mechanisms between 
omics[53–55]. Despite the technical limitations related to implementing such new disruptive 
techniques, single-cell analysis provides invaluable information that presents, arguably, a 
very reliable approach for understanding tumor heterogeneity. Making sense of differences 
between tumors of the same origin in different patients (inter-tumor heterogeneity) or 
differentiating distinct subpopulations of cancer cells within tumors, metastatic sites and 
primary foci (intra-tumor heterogeneity) has a direct clinical impact on elucidating drug 

matrix application devices[19–21] and MALDI mass spectrometers[22,23] have expanded the 
possibilities of performing robust quantitative MSI (qMSI). Using stable-isotope standard 
(SIS) peptides, Anderson et al. demonstrated the ability of MALDI-TOF MS to measure 
high-to-medium abundance peptide biomarkers with a quantitative precision similar to 
that achieved in immuno-Multiple Reaction Monitoring (MRM) assays[24]. Since then, qMSI 
methods have rapidly developed towards the direct application of internal standards to 
the tissue surface[25]. This approach has evolved into the current concept of using targeted 
MALDI-MSI as a support platform in preclinical evaluation of both drug concentrations 
and metabolites. The pharmacodynamic analysis of changes in the ratio of released 
metabolites could, for example, be used to provide spatially resolved evidence when 
determining compound action on target[26].

The integration of imaging information with metabolomic profiling is therefore expected 
to facilitate precision oncology[27]. Furthermore, in situ analysis of tumors has the potential 
to complement and enhance diagnoses in pathology by revealing general biochemical 
pathways which can be used both to classify tumor subtypes and to identify previously 
unknown molecular aberrations that correlate with the patient’s prognosis[28]. In fact, 
the most recent technological advances, including the MasSpec Pen[29], Intelligent Knife 
Sampling (iKnife™)[30] and SpiderMass[31], have been demonstrated to enable in vivo 
analysis of tissue samples during surgery. These novel systems exemplify how MS can be 
implemented in pathology laboratories to provide informative molecular profiles of tumor 
biopsies in real time, which can greatly accelerate diagnostic decisions in clinical practice.

INTELLIGENT INTEGRATION OF OMICS DATASETS
In similar fashion to modern Big Data initiatives in other fields of research, relevant policies 
and infrastructures are required to enable large-scale multi-omics data availability in a well-
structured, transparently regulated and easily accessible manner[32,33]. Over the past few 
years, a growing number of large-scale collaborations have been started to carry out multi-
omics studies and integrate established data management platforms. These initiatives 
have applied machine-learning methods on omics data that incorporate available datasets 
in order to gain better insight into biological systems[34,35]. Considering that development 
of both sophisticated computational tools and standardized protocols is necessary for 
effective data integration, modeling and visualization, several publicly available data 
portals have been recently designed to access, analyze, and compare cancer multi-
omics data within and across tumor types for both clinicians and biologists[36–39]. The novel 
possibilities afforded by artificial intelligence (AI) are also advancing the development of 
cognitive systems in order to process data intelligently, derive meaningful information and 
suggest new experiments based on machine-produced hypotheses[40]. Such predictive 

170 171

6 6



REFERENCES

1. N. Rauniyar, J. R. Yates, J. Proteome Res. 2014, 

13, 5293–5309.

2. P. J. Jannetto, R. L. Fitzgerald, Clin. Chem. 2016, 

62, 92–98.

3. J. A. Alfaro, A. Sinha, T. Kislinger, P. C. Boutros, 

Nat. Methods 2014, 11, 1107–1113.

4. M. D. Wilkinson, M. Dumontier, Ij. J. Aalbersberg, 

G. Appleton, M. Axton, A. Baak, N. Blomberg, J.-

W. Boiten, L. B. da Silva Santos, P. E. Bourne, et 

al., Sci. Data 2016, 3, 160018.

5. M. D. Wilkinson, S.-A. Sansone, E. Schultes, P. 

Doorn, L. O. Bonino da Silva Santos, M. Dumontier, 

Sci. Data 2018, 5, 180118.

6. R. Chen, G. I. Mias, J. Li-Pook-Than, L. Jiang, H. Y. 

K. Lam, R. Chen, E. Miriami, K. J. Karczewski, M. 

Hariharan, F. E. Dewey, et al., 2012, 148(6),1293-

307.

7. N. D. Price, A. T. Magis, J. C. Earls, G. Glusman, R. 

Levy, C. Lausted, D. T. McDonald, U. Kusebauch, 

C. L. Moss, Y. Zhou, et al., Nat. Biotechnol. 2017, 

35, 747–756.

8. L. P. Matic, M. Jesus Iglesias, M. Vesterlund, M. 

Lengquist, M.-G. Hong, S. Saieed, L. Sanchez-

Rivera, M. Berg, A. Razuvaev, M. Kronqvist, et al., 

JACC. Basic to Transl. Sci. 2018, 3, 464–480.

9. Cancer Discov. 2014, 4, 1108.

10. D. W. Craig, J. A. O’Shaughnessy, J. A. Kiefer, J. 

Aldrich, S. Sinari, T. M. Moses, S. Wong, J. Dinh, A. 

Christoforides, J. L. Blum, et al., Mol. Cancer Ther. 

2013, 12, 104–16.

11.  S. Sidoli, K. Kulej, B. A. Garcia, J. Cell Biol. 2017, 

216, 21–24.

12.  N. A. Kulak, G. Pichler, I. Paron, N. Nagaraj, M. 

Mann, Nat. Methods 2014, 11, 319–324.

13. S. J. Humphrey, O. Karayel, D. E. James, M. Mann, 

Nat. Protoc. 2018, 13, 1897–1916.

 

14. N. Bache, P. E. Geyer, D. B. Bekker-Jensen, O. 

Hoerning, L. Falkenby, P. V Treit, S. Doll, I. Paron, 

J. B. Müller, F. Meier, et al., A Novel LC System 

Embeds Analytes in Pre-Formed Gradients for 

Rapid, Ultra-Robust Proteomics Downloaded 

From, MCP Papers In Press, 2018.

15.  S. Eliuk, A. Makarov, Annu. Rev. Anal. Chem. 2015, 

8, 61–80.

16. J. R. Cantor, D. M. Sabatini, Cancer Discov. 2012, 

2, 881–98.

17. B. Madhu, G. L. Shaw, A. Y. Warren, D. E. Neal, J. R. 

Griffiths, Metabolomics 2016, 12, 120.

18. S. Schulz, M. Becker, M. R. Groseclose, S. Schadt, 

C. Hopf, Curr. Opin. Biotechnol. 2019, 55, 51–59.

19. A. Fülöp, M. B. Porada, C. Marsching, H. Blott, B. 

Meyer, S. Tambe, R. Sandhoff, H.-D. Junker, C. 

Hopf, Anal. Chem. 2013, 85, 9156–9163.

20. C. Esteve, E. A. Tolner, R. Shyti, A. M. J. M. van den 

Maagdenberg, L. A. McDonnell, Metabolomics 

2016, 12, 30.

21. F. P. Y. Barré, B. Flinders, J. P. Garcia, I. Jansen, 

L. R. S. Huizing, T. Porta, L. B. Creemers, R. M. A. 

Heeren, B. Cillero-Pastor, Anal. Chem. 2016, 88, 

12051–12059.

22. J.-H. Rabe, D. A. Sammour, S. Schulz, B. Munteanu, 

M. Ott, K. Ochs, P. Hohenberger, A. Marx, M. 

Platten, C. A. Opitz, et al., Sci. Rep. 2018, 8, 313.

23. J. Stauber, L. MacAleese, J. Franck, E. Claude, M. 

Snel, B. K. Kaletas, I. M. V. D. Wiel, M. Wisztorski, 

I. Fournier, R. M. A. Heeren, J. Am. Soc. Mass 

Spectrom. 2010, 21, 338–47.

24. N. L. Anderson, M. Razavi, T. W. Pearson, G. 

Kruppa, R. Paape, D. Suckau, J. Proteome Res. 

2012, 11, 1868–78.

25. C. W. Chumbley, M. L. Reyzer, J. L. Allen, G. A. 

Marriner, L. E. Via, C. E. Barry, R. M. Caprioli, Anal. 

resistance and new therapeutic strategies[56]. This new frontier of research, I believe, will 
shed light on the variability of drug response in patient populations, and thus presents a 
novel opportunity for drug discovery and development. 

172 173

6 6



36–46.

50. H. Specht, N. Slavov, J. Proteome Res. 2018, 17, 

2565–2571.

51.  B. Budnik, E. Levy, G. Harmange, N. Slavov, 

Genome Biol. 2018, 19, 161.

52.  J. R. Heath, A. Ribas, P. S. Mischel, Nat Rev Drug 

Discov. 2016, 15(3), 204-16.

53. Y. Hu, Q. An, K. Sheu, B. Trejo, S. Fan, Y. Guo, 

Front. Cell Dev. Biol. 2018, 6, 28.

54.  C. Bock, M. Farlik, N. C. Sheffield, Trends 

Biotechnol. 2016, 34, 605–608.

55. L. Chappell, A. J. C. Russell, T. Voet, Annu. Rev. 

Genomics Hum. Genet. 2018, 19, 19,15-41..

56. M. Tellez-Gabriel, B. Ory, F. Lamoureux, M.-F. 

Heymann, D. Heymann, Int J Mol Sci. 2016, 17(12), 

pii: E2142.

Chem. 2016, 88, 2392–2398.

26. R. Ait-Belkacem, V. Bol, G. Hamm, F. Schramme, 

B. Van Den Eynde, L. Poncelet, F. Pamelard, J. 

Stauber, B. Gomes, SLAS Discov. Adv. Life Sci. 

R&D 2017, 22, 1182–1192.

27. K.-H. Yu, M. Snyder, Mol. Cell. Proteomics 2016, 

15, 2525–36.

28. K.-H. Yu, C. Zhang, G. J. Berry, R. B. Altman, C. 

Ré, D. L. Rubin, M. Snyder, Nat. Commun. 2016, 

7, 12474.

29. J. Zhang, J. Rector, J. Q. Lin, J. H. Young, M. Sans, 

N. Katta, N. Giese, W. Yu, C. Nagi, J. Suliburk, et 

al., Sci. Transl. Med. 2017, 9, eaan3968.

30. J. Balog, S. Kumar, J. Alexander, O. Golf, J. Huang, 

T. Wiggins, N. Abbassi-Ghadi, A. Enyedi, S. 

Kacska, J. Kinross, et al., Angew. Chemie Int. Ed. 

2015, 54, 11059–11062.

31. P. Saudemont, J. Quanico, Y.-M. Robin, A. Baud, J. 

Balog, B. Fatou, D. Tierny, Q. Pascal, K. Minier, M. 

Pottier, et al., Cancer Cell 2018, 34, 840–851.e4.

32. H. M. Berman, M. J. Gabanyi, C. R. Groom, J. 

E. Johnson, G. N. Murshudov, R. A. Nicholls, 

V. Reddy, T. Schwede, M. D. Zimmerman, J. 

Westbrook, et al., IUCrJ 2015, 2, 45–58.

33. The European Parliament, The Council of the 

European Union, Off. J. Eur. Union 2016.

34. Y. Li, F.-X. Wu, A. Ngom, Brief. Bioinform. 2016, 19, 

bbw113.

35. R. Argelaguet, B. Velten, D. Arnol, S. Dietrich, 

T. Zenz, J. C. Marioni, F. Buettner, W. Huber, O. 

Stegle, Mol. Syst. Biol. 2018, 14, e8124.

36. S. V Vasaikar, P. Straub, J. Wang, B. Zhang, 

Nucleic Acids Res. 2018, 46, D956–D963.

37. J. Fernandez-Banet, A. Esposito, S. Coffin, I. B. 

Horvath, H. Estrella, S. Schefzick, S. Deng, K. 

Wang, K. AChing, Y. Ding, et al., Nat. Methods 

2016, 13, 9–10.

38. S. Ghandikota, G. K. K. Hershey, T. B. Mersha, 

Bioinformatics 2018, Bioinformatics. 2018, 15, 

34(18), 3160-3168

39.  A. Maes, X. Martinez, K. Druart, B. Laurent, S. 

Guégan, C. H. Marchand, S. D. Lemaire, M. 

Baaden, J. Integr. Bioinform. 2018, 15, 34(18), 

3160-3168.

40. Y. Chen, J. D. Elenee Argentinis, G. Weber, Clin. 

Ther. 2016, 38, 688–701.

41. D. R. Barnidge, R. C. Tschumper, J. D. Theis, 

M. R. Snyder, D. F. Jelinek, J. A. Katzmann, A. 

Dispenzieri, D. L. Murray, J. Proteome Res. 2014, 

13, 1905–1910.

42. S. Tasaki, K. Suzuki, Y. Kassai, M. Takeshita, 

A. Murota, Y. Kondo, T. Ando, Y. Nakayama, Y. 

Okuzono, M. Takiguchi, et al., Nat. Commun. 

2018, 9, 2755.

43. D. Grapov, J. Fahrmann, K. Wanichthanarak, S. 

Khoomrung, Omi. A J. Integr. Biol. 2018.

44. M. J. Ellis, M. Gillette, S. A. Carr, A. G. Paulovich, 

R. D. Smith, K. K. Rodland, R. R. Townsend, C. 

Kinsinger, M. Mesri, H. Rodriguez, et al., Cancer 

Discov. 2013, 3, 1108–12.

45.  E. S. Boja, H. Rodriguez, Clin. Proteomics 2014, 11, 

22.

46. E. Boja, Ž. Težak, B. Zhang, P. Wang, E. Johanson, 

D. Hinton, H. Rodriguez, Nat. Med. 2018, 24, 

1301–1302.

47. G. FitzGerald, D. Botstein, R. Califf, R. Collins, K. 

Peters, N. Van Bruggen, D. Rader, Science 2018, 

361, 552–553.

48. C. Spits, C. Le Caignec, M. De Rycke, L. Van 

Haute, A. Van Steirteghem, I. Liebaers, K. Sermon, 

Nat. Protoc. 2006, 1, 1965–1970.

49. E. Hedlund, Q. Deng, Mol. Aspects Med. 2018, 59, 

174 175

6 6



A
Samenvatting
Curriculum Vitae
Acknowledgements

177



SAMENVATTING

Geïntegreerde multi-omics is een krachtige techniek om moleculaire mechanismen te be-
studeren die betrokken zijn bij tumorigenese en resistentie tegen geneesmiddelen in ver-
schillende kankermodellen, zo als cellijnen en menselijke weefsels. Dit proefschrift bes-
chrijft de toepassing van multi-omics in verschillende tumor modellen en toont daarnaast 
de voordelen en uitdagingen van de integratie van deze datatypes, wat kan bijdragen 
aan het bereiken van het uiteindelijke doel van verbeterde therapeutische respons bij 
patiënten.

In Hoofdstuk I wordt een van de belangrijkste pijlers van multi-omics, de technologische 
vooruitgang van MS (massa-spectrometrie)-gebaseerde proteomics, welke de uitvoerige 
profilering van het menselijke proteoom mogelijk heeft gemaakt, uitvoerig besproken.  
Beschreven wordt wat de voordelen zijn van het gebruik van MS om eiwitten te identifice-
ren die indicatief zijn voor bepaalde kankertypes alsmede moleculaire signaalroutes die 
gerelateerd zijn aan zowel de gevoeligheid voor geneesmiddelen als de mechanismen 
van geneesmiddelresistentie. De daling van de kosten per experiment van deze technol-
ogieën in het afgelopen decennium heeft de toepassing van proteomics op grote schaal 
mogelijk gemaakt, vaak met behulp van multiplexingtechnologieën, waardoor de tijd die 
nodig is voor een uitgebreide analyse nog verder wordt verkort. Deze toepasbaarheid op 
grote schaal heeft het bestuderen van moleculaire heterogeniteit tussen kankerpatiënten 
mogelijk gemaakt en heeft geholpen de kloof te overbruggen tussen informatie op ge-
noom niveau en de biologische functies in kanker. 

Hoewel we met de technologieën in proteomics in staat zijn de bekende informatie uit het 
genoom over kanker te gebruiken om tumor-specifieke aspecten van het proteoom beter 
te onderzoeken, kunnen onbekende veranderingen niet gedetecteerd worden. Daarom 
is een belangrijke stap bij het verkrijgen van een duidelijker beeld van kankerbiologie het 
integreren van informatie uit meerdere datatypen zoals genomics, transcriptomics, pro-
teomics, metabolomics en verschillende beeldvormingstechnieken.

Hoofdstuk II beschrijft de integratie van transcriptomics, proteomics en phosphoproteom-
ics om de intrinsieke en / of verworven resistentie in WiDr wildtype en KO WiDr PTPN11 col-
orectale kankercellijnen na remming van BRAF (V600E) en / of EGFR te onderzoeken. We 
hebben ons in eerste instantie gericht op het definiëren van een geschikt experimenteel 
ontwerp om meerdere vergelijkingen te kunnen maken. Hiervoor is een aangepaste eiwit-
sequentie-database opgezet met behulp van data verworven uit RNA-seq experimenten. 
De data is vervolgens uitvoerig geanalyseerd en gefilterd om geschikt te maken voor vi-

sualisatie met een op maat gemaakte grafische gebruikersinterface (GUI) als een visualisa-
tietool om gegevensvergelijking mogelijk te maken, wat aantoonbaar een moeizame taak 
is voor grote datasets wanneer geen (semi-) geautomatiseerde data vergelijkingstools 
worden gebruikt. In het tweede deel onderzochten we geneesmiddelrespons in zowel 
de wildtype en KO cellijnen en toonde aan dat de belangrijkste effecten in signalering 
afhankelijk waren van inhibitie van BRAF (V600E) en dat verdere remming van EGFR het 
waargenomen effect verder versterkt. Bij het vergelijken van proteomics en transcriptom-
ics data, hebben we een set genen geïdentificeerd die exclusief geremd zijn op eiwit 
niveau in PTPN11 KO, maar niet op transcript level, wat het belang van de integratie van 
deze datatypes onderstreept. Deze geïntegreerde omics analyse toonde zowel in-acti-
vatie van kinases en remming van genen in de MAPK pathway, de daaropvolgende hogere 
expressie van RTK transcripten zoals ERBB2 en ERBB3 en de toename van oxidatieve me-
tabole processen. Het gebruik van geïntegreerde multi-omics stelde ons in staat om een 
systeembrede momentopname van alle verschillende omics datatypen vast te leggen en 
de mechanismen die betrokken zijn bij medicijnrespons op te helderen.

Tegenwoordig zorgt het gebruik van steeds geavanceerdere instrumenten bij het onder-
zoek naar wetenschappelijke vraagstellingen en de complexe experimentele ontwerpen 
tot het genereren van enorme hoeveelheden data. De noodzaak om deze data te delen 
met de onderzoeksgemeenschap vereist ontwikkeling van robuuste statistische platforms 
die analyse, distributie en uiteindelijk hergebruik hiervan mogelijk maken. Deze uitgang-
spunten zijn de drijvende kracht achter het GO FAIR-initiatief — een Global Open initiatief 
om onderzoeksgegevens Findable, Accessible, Interoperable en  Reusable te maken. 
GO-FAIR is gericht op het opbouwen van een gemeenschappelijke en vertrouwde om-
geving voor data-gedreven onderzoek en innovatie. Om dit proces te vergemakkelijken, 
moeten daarom gestandaardiseerde en geautomatiseerde analyse-workflows worden 
gebruikt. Hoofdstuk III is een voorbeeld van dit paradigma over workflows voor gegeven-
sanalyse, waar we een Python-library ontwikkelden met de naam PaDuA voor (phospho-)
proteomics-analyse. PaDuA biedt een verzameling tools die semi-geautomatiseerde 
gegevensverwerking, filtering en statistische analyse mogelijk maken, zowel binnen de 
Jupyter-notebookomgeving als in andere systemen. Deze Jupyter-notebookbestanden 
bevatten complete en gedetailleerde programmadocumentatie van de kwantitatieve anal-
ysestappen die zijn geoptimaliseerd voor data geïdentificeerd en gekwantificeerd met 
behulp van MaxQuant en zijn geschikt voor zowel integratie als aanpassing binnen andere 
hulpprogramma’s en omgevingen. Het gemak waarmee reproduceerbare Jupyter-note-
books kunnen worden gedeeld, ondersteunt sterk de standaardisatie van analysemetho-
den, wat een noodzaak is voor latere multi-omics data integratie.
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We hebben PaDuA gebruikt in onze studie waarin de multi-omics datasets met colorectale 
kanker worden geïntegreerd, zoals beschreven in Hoofdstuk II, en later ook bij het anal-
yseren van de phospho-proteomics data van MCF7-borstkanker cellijnen na behandeling 
met een CDK4/6-remmer. Hoofdstuk IV beschrijft deze borstkankerstudie, waarin een 
multi-omics benadering werd opgesteld om variatie in kopie-aantallen, globale genex-
pressie en phospho-proteomics analyses te integreren op palbociclib-resistente modellen 
van MCF7 samen met de modellen waarbij langdurig-oestrogeen is onthouden. Door deze 
verschillende datatypes te combineren, konden we vaststellen dat PI3K/AKT/mTOR, MAPK 
en ERBB-pathways voornamelijk betrokken zijn bij resistentie tegen geneesmiddelen. De 
volledige dataset suggereerde verder dat endocriene therapieën of het concept van een 
drug-holiday mogelijke aanvullende behandelingen voor CDK4/6-remmers zijn.

Een aanzienlijke uitdaging bestaat in onderzoek gericht op het begrijpen van de pathofy-
siologie van zeldzame ziekten. De analyse van voldoende grote cohorten van zeldzame 
ziektemonsters is moeilijk, omdat er slechts een beperkt aantal gemelde patiënten is, 
waardoor het aantal beschikbare monsters om te analyseren wordt beperkt. In dergelijke 
gevallen wordt de toegevoegde waarde van kennis verkregen uit combinaties van meer-
dere databronnen duidelijker, vooral wanneer pathofysiologische moleculaire pathways 
worden gedefinieerd en de mechanismen worden onderzocht die bij deze zeldzame ziek-
ten zijn betrokken. In Hoofdstuk V hebben we de potentie onderzocht van de combinatie 
microproteomics met MALDI MS-imaging (MSI) op gelimiteerde hoeveelheden monster-
materiaal met het tweeledige doel moleculaire mechanismen te identificeren en verschil-
lende grade-gebieden binnen myxoïde liposarcoom (MLS) -weefsel te onderscheiden. Uit 
dit lopende onderzoek laten onze voorlopige resultaten het complementaire voordeel 
zien van het integreren van microproteomics met MALDI-beeldvorming. De data bieden 
diepgaande informatie over de moleculaire kenmerken en cellulaire processen die mo-
gelijk betrokken zijn bij de overgang van tumoren van laag naar een gemiddeld gradiënt 
tijdens MLS-tumorproliferatie en -ontwikkeling.
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