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frequently-used chemotherapeutic agents 
act on DNA replication, including cisplatin 
and doxorubicin, which are commonly used 
to treat highly proliferative cancers (3). In 
parallel to targeting DNA metabolism, also 
oncogenic pathways can be therapeutically 
targeted. For instance, tumors harboring 
activating EGFR mutations or genomic EGFR 
amplification become addicted to EGFR-
mediated signal transduction that in turn 
makes them sensitive to therapeutic EGFR 
inhibition. Indeed, treatment of non-small cell 
lung cancer (NCSLC) patients with EGFR-
targeting tyrosine kinase inhibitors (TKIs), 
such as erlotinib, is specifically effective in 
tumors harboring defined EGFR mutations 
(4). Similarly, colorectal cancers (CRC) 
with wild-type (wt) KRAS or BRAF, two 
components of the MAPK signaling pathway 
downstream of EGFR, respond to treatment 
with the EGFR-targeting monoclonal 
antibody (mAb) cetuximab (5). 
 Responses of patients to cancer 
treatment, regardless of single or combination 
treatment, is currently assessed by changes 
in tumor size using radiological assessment 
every 2-3 months using RESIST 1.1 criteria 
(6). Although changes in tumor size is a good 
proxy for effectivity of chemotherapeutics, it 
takes a relatively long time before becoming 
evident. Assessing the efficacy of targeted 
agents is further challenged by the fact that 
they are often administered in combination 
therapies. The contribution of individual 
components to tumor responses is difficult 
to distinguish in combination treatments 
without drug-specific readouts, and might 
result in unnecessary treatment. Therefore, 
to allow timely assessment of drug-specific 
efficacy, and rapid switching to alternative 
treatment modalities, it would be highly 
beneficial to accurately measure whether 
a given cancer treatment is still effective. 
For this purpose, dynamic biomarkers of 
treatment response – effect sensors – are 
of interest that can be continuously assessed 
during the course of treatment. 
 Although genome-wide analyses are 
commonly used as discovery platforms to 
capture functional drug responses, gene 

Abstract 

 Systemic treatment of cancer patients 
with chemotherapeutics commonly involves 
DNA damaging agents, such as the DNA-
intercalating agent doxorubicin and the 
DNA-crosslinking agent cisplatin. Increasingly, 
conventional treatments are combined with 
molecularly targeted drugs that target key 
oncogenic pathways, including the epidermal 
growth factor receptor (EGFR). Treatment 
responses to cancer drugs is radiologically 
assessed based on tumor size. However, to 
allow timely assessment whether cancer 
cells respond to individual agents in such 
combination therapies is challenging. 
Therefore, dynamic biomarkers that monitor 
drug-specific treatment effects, coined ‘effect 
sensors’, are of interest. To identify effect 
sensors, we assessed proteomic responses 
to EGFR-targeting and DNA-damaging 
drugs using SILAC-based quantitative mass 
spectrometry after plasma membrane 
enrichment. We here describe 7 data sets of 
drug-induced protein expression in 4 breast, 
2 non-small cell lung cancer, and 1 colorectal 
cancer cell line model, containing 1,197 to 
3,186 proteins per data set. The resulting 
data can be used to identify tissue- and 
drug-specific changes in protein expression, 
whose further validation is likely to provide 
potential dynamic biomarkers to read out 
drug-specific efficacy to EGFR targeted 
therapies and DNA damaging agents.

Background and Summary

 Cancer is a genetic disease that 
originates and evolves from accumulating 
mutational event in oncogenes and tumor 
suppressors (1). Oncogenic mutations 
frequently occur in growth-promoting 
pathways, including the epidermal growth 
factor receptor (EGFR) signaling route 
(2). Oncogenic mutations also come with 
actionable vulnerabilities. Especially the 
higher rates of cell division, and the frequent 
inactivation of DNA damage response 
(DDR) components makes cancer cells 
more sensitive to chemotherapeutics. Many 
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effect sensors may require proteomic 
interrogation of proteins that are dynamically 
expressed or released by tumor cells in 
response to specific treatments (Figure 1A). 
Indeed, using quantitative proteomics using 
stable isotope labeling of amino acids in cell 
culture (SILAC), we previously identified 
and validated MUC1 as an effect sensor for 

expression does not necessarily predict 
protein levels and does not per se reflect 
pathway activation status (7,8). Specifically, 
effects of drug treatment frequently involve 
rewiring of parallel signaling pathways at 
the post-translational level, and therefore 
might not be captured adequately by genetic 
analyses (9). Thus, identification of potent 

Figure 1 
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Figure 1 
A) Effect sensor principle. Cancer cells depend on growth stimuli to support high proliferation rates. This can be 
intervened by pharmacological targeting of growth factor receptors, or by DNA damage-inducing chemotherapeutics. 
Loss of growth signaling or induction of DNA damage will elicit a molecular response, which might be utilized as 
readout as effective targeting tumor cell responses. B) Overview of drug treatments and cell lines used for each 
cancer type EGFRi: EGFR inhibitor; EGFR mAb: cetuximab; NSCLC: non-small cell lung cancer; CRC: colorectal 
cancer. C) Workflow of SILAC-MS used to generate proteomic analysis of drug-induced protein expression. 
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Results and Technical Validation

 To discover effect sensors for EGFR-
targeting therapeutics (Figure 1A), the 
changes in abundance of membrane proteins 
were measured using SILAC-MS (Figure 1B). 
Three breast cancer cell lines (SUM-149, 
SKBR3 and BT-474) and two NSCLC cell 
lines (HCC827 and H292) were treated 
with the EGFR inhibitor erlotinib, and a 
CRC cell line (SW403) was treated with 
the EGFR-targeting antibody cetuximab 
for 48 hours (Figure 1B). Doses of the 
various treatments were determined by 
cell viability or clonogenic survival assays, 
and sensitivity was for similar light (L) and 
heavy (H) labeled cell lines (Figure 2A, 
Table 1). To control for variation induced by 
metabolic labeling, a reverse SILAC labeling 
was performed (Figure 1C). Complete lists 
of identified proteins by SILAC-MS for each 
replicate can be found in Data record 1, 
depository PXD005985 and PXD006414. A 
substantial overlap in identified proteins was 
detected for each pair of replicates (Figure 
2B), as well as considerable overlap between 
cell lines of each tumor type; 74.53–78.13% 
(1197/1606 and 1197/1352) for NSCLC 
and 61.24–73.03% (1305/2131, 1305/2120, 
and 1305/1787) for breast cancer (Table 2, 
Figure 2B). Importantly, strong correlations 
between fold changes were observed 
between cell lines, suggesting comparable 
biological responses to EGFR targeting 
in each tumor type (Figure 2B). To assess 
whether previously described pathways 
were affected by EGFR targeting, gene set 
enrichment analysis (GSEA) was performed 
using the ‘hallmarks’ gene sets (Figure 2C) 
(10). In all three cell line panels, EGFR 
targeting resulted in enrichment of proteins 
involved in oxidative phosphorylation, 
adipogenesis, and peroxisome function 
(Figure 2C), suggesting a switch in metabolic 
dependency (11,12). The loss of expression 
of PI3K/AKT/MTOR pathway components, 
a well-known downstream signaling axis of 
EGFR involved in promoting proliferation, 
is in line with inhibition of EGFR function 
(2). Similarly, loss of proteins regulated by 

EGFR therapeutics in breast cancer cell lines 
(Chapter 3, this thesis). 
 The dependency on oncogenic signaling 
can vary greatly between cancer types, 
and different agents that target the same 
oncogenic pathway may instigate different 
cellular responses. To yield effect sensors 
that generically reflect EGFR inhibition, it is 
necessary to analyze proteomic responses in 
multiple different EGFR-dependent cancer 
models, and their responses to various EGFR 
targeting agents. To this end, we analyzed 
the proteomic responses of two NSCLC 
models to the EGFR inhibitor erlotinib, and 
assessed the response of a CRC model to 
the EGFR-targeting monoclonal antibody 
cetuximab. In parallel, we studied responses 
to chemotherapeutic agents that induce 
cytotoxicity through damaging DNA. 
Specifically, we measured the proteomic 
responses of SUM-149 and MB-231 breast 
cancer cells to cisplatin and doxorubicin, 
with the aim to discover effect sensors to 
DNA damaging agents.

Data records

 All proteomic data sets used are available 
at the ProteomeXchange repository. SILAC-
MS of erlotinib treatment in breast cancer 
cell lines SKBR3, BT-474 and SUM-149 can 
be found at ProteomeXchange repository 
at PXD005985. SILAC-MS of erlotinib 
treatment in NSCLC cell lines HCC827 and 
H292, cetuximab in CRC cell line SW403, 
cisplatin and doxorubicin treatment in 
breast cancer cell lines SUM-149 and MDA-
MB-231 can be found at ProteomeXchange 
repository at PXD006414. Both repositories 
contain RAW data files generated from 
LC-MS/MS, and all SILAC quantifications 
generated by MaxQuant in txt format. The 
‘Normalized-H/L ratio’ of identified proteins 
by MaxQuant from ProteinsGroups.txt for 
each individual data set have been combined 
in a single data matrix in Data record 1 
(Datamatrix_all_log2.xlsx) and was used for 
subsequent analysis of overlapping proteins 
and gene set enrichment analysis (GSEA).
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Figure 2: Effect sensors of EGFR targeting. 
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set, and described the use of MUC1 as an 
effect sensor for EGFR targeting in vivo 
(Chapter 3, this thesis). Interestingly, two 
erythrocyte membrane proteins, EPB41L1 
and STOM, comprise the most affected 
membrane proteins in the NSCLC data set, 
while MME - a marker of acute lymphocytic 

MYC and E2F transcription factors, together 
with loss of G2-M checkpoint proteins, 
indicates decreased proliferation-associated 
transcription, likely induced by a cell cycle 
arrest in G1-phase (13). We previously 
validated the top 10 membrane-associated 
proteins of the breast cancer erlotinib data 

Figure 2 (Continued)
A) Sensitivity of indicated cell lines to EGFR targeting drugs erlotinib or cetuximab. B) SILAC-MS measurement 
of fold change in protein expression after 48 hours treatment with erlotinib or cetuximab compared to control 
treatment. Overlap in identified proteins, or between technical replicates is shown for each cancer type. C) Cancer 
hallmarks significantly enriched in erlotinib- or cetuximab-treated cancer cells. D) Highest mean fold change (log2) 
identified by SILAC-MS of all proteins E) and membrane proteins induced by drug treatments.

Table 1: Drug IC50 and treatment dose
EGFR targeting Cancer Cell line Dose used IC50 Batch 1 Batch 2
Erlotinib Breast SUM-149

SKBR3
BT-474

10 µM 2.81 µM
5.72 µM
5.76 µM

H/L L/H

Erlotinib NSCLC H292 
HCC827

500 nM 
20 nM

102.5 nM 
3.85 nM

H/L L/H

Cetuximab Colorectal SW403 20 mg/ml - H/L L/H

DNA damaging
Cisplatin Breast SUM-149

MB-231
1 µM 0.41 µM

24.24 µM
H/L
L/H

L/H
L/H

Doxorubicin Breast SUM-149
MB-231

100 nM 207.8 nM
306.3 nM

H/L L/H

H =  heavy SILAC labeling; L = light SILAC labeling

Table 2: Description of proteins identified 
Cancer/ 
Data set

Cell line Treatment # proteins 
data set

% B1 / B2 vs 
both

# proteins 
cancer type

% of combined 
data set 

Breast SUM-149
SKBR3
BT-474

Erlotinib 2120
2131
1787

92.6 / 90.5
84.2 / 97.7
88.2 / 91.0

1305 62.7%

NSCLC H292 
HCC827

Erlotinib 1606
1532

74.3 / 88.0
65.8 / 50.1

1197 68.3%

Colorectal SW403 Cetuximab 3186 89.5 / 91.0 3186 25.7%
EGFR - - 818 - - -
Breast SUM-149 Cisplatin

Doxorubicin
3586
4111

63.5 / 86.6
88.8 / 91.2

3186 68.8%

Breast MB-231 Cisplatin
Doxorubicin

3594
3374

91.1 / 87.9
87.7 / 91.3

2700 81.1%

DNA damaging - - 2191 - - -
B1 =  Batch 1; B2 =  Batch 2; % of combined data set shows the overlap of a single dataset with the combined 
EGFR or combined DNA damaging dataset.
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Figure 3: Principal component analysis EGFR. 
A) Principal component analysis on proteins induced in combined data set of EGFR 
targeting. Highest ranked proteins of principle component 1 (PC1) are shown for 
all proteins, and membrane proteins detected. B) Cancer hallmarks significantly 
enriched by EGFR targeting across multiple data sets. C) Clustering by similarity of 
significantly enriched Reactome pathways. Size of nodes represents significance of 
enrichment and pathways are color-coded by similarity of the described pathway.
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was found, which is a glycoprotein involved 
in anchoring of AKT to plasma membrane 
(Figure 3A). Furthermore, pathway analysis 
using the hallmarks gene sets on the 
protein rankings of Component 1 showed 
enrichment of the same hallmarks found 
in Figure 2C, suggesting that a common 
EGFR targeting response can be identified, 
even though the combined data set 
contains reduced complexity (Figure 3B). 
Furthermore, pathway analysis using the 
Reactome pathway database showed large 
clusters of downregulated pathways involved 
in cell cycle progression, DNA replication, 
and RNA to protein processing (Figure 3C). 
This suggests that inhibition of proliferative 
processes by EGFR targeting is present in 
all three data sets, and that key components 
driving these processes are abundantly 

leukemia was most significantly upregulated 
in this CRC cell line (Figure 2D, E). 
 To identify effect sensors of EGFR 
targeting, across the three included 
cancer entities in this study, we compiled 
the overlapping proteins of all data sets 
containing EGFR-targeting drugs in a 
single data set. Although this approach 
results in loss of tissue-specific proteins, it 
allows to highlight proteins that commonly 
show altered abundance. Using principal 
component analysis (PCA) we captured the 
sources of variation in this combined data 
set into individual components (Figure 3A). 
Of the individual components identified, 
component 1 most strongly resembled the 
mean fold change across all three cancer 
models. Among the top induced proteins 
and membrane proteins, periplakin (PPL) 
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these agents predominantly target highly 
proliferative cells. It is likely that DNA 
damaging drugs elicit a variety of biological 
responses, beyond initiation of DNA repair, 
which might be utilized as effect sensors. To 
create a data set to uncover such factors, 

expressed across 6 cell lines describing a 
core proteome.  
 Multiple chemotherapeutic drugs 
directly or indirectly damage DNA, most 
frequently by interfering with DNA 
replication. Through this mode of action, 

Figure 4: Effect sensors of DNA damage inducing agents.
A, B) Sensitivity of breast cancer cell lines SUM-149 and MB231 to cisplatin (A) or doxorubicin (B). C) SILAC-MS 
measurement of fold change (FC) in protein expression after 48 hours treatment with cisplatin or doxorubicin 
compared to control treatment in SUM-149 (top) or MB231 (bottom). Overlap in identified proteins is shown for 
each cell line. D) Overlap in protein expression induced by cisplatin or doxorubicin as DNA-damage responsive 
versus non-responsive profile in and visualized as heatmap in the bottom panel. E) Cancer hallmarks significantly 
enriched in the DNA-damage responsive or unresponsive profiles. F) Clustering by similarity of significantly 
enriched Reactome pathways for the DNA-damage responsive profile. G) Highest fold change of all proteins, and 
membrane proteins induced in the DNA-damage responsive profile.
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231 are ER-negative breast cancer cell lines. 
This may be an early response to counteract 
DNA damage-induced apoptosis, as this was 
previously shown for cisplatin-treated lung 
cancer cell lines (16). Furthermore, analysis 
of altered pathways using the Reactome 
database confirms enrichment of cell cycle 
proteins and showed a negative enrichment 
of RNA splicing pathways (Figure 4F), 
which has previously been described as 
a direct response to DNA damage (17). 
Amongst the 2,191 proteins, three proteins 
classified as membrane proteins could be 
found induced above the threshold of 1.5-
fold change. Specifically, PRC1 and CIT 
were identified that localize to membranes 
during the cytokinesis in mitosis, which 
due to the short duration of mitosis may 
not be ideal membrane markers (Figure 
4G). Furthermore, glycoprotein MCAM 
was identified, which is localized at the cell 
surface (Figure 4G). MCAM was previously 
associated with poor prognosis of triple-
negative breast cancers, and functions in cell 
migration and angiogenesis (18). Although no 
link with DNA damage has been described 
yet, MCAM might be an interesting target 
for further study as an effect sensor of DNA 
damage.

Usage notes

The breast and lung cancer data sets on 
erlotinib treatment were acquired on an LC-
MS/MS Orbitrap configuration, whereas the 
colon/cetuximab and cisplatin/doxorubicin 
data sets were acquired on a LC-MS/
MS Q-Exactive-Plus. These latter analyses 
resulted in higher total numbers of proteins 
identified.

Methods

Cell culture, SILAC labeling, and reagents
 Human breast cancer cell lines SUM-149, 
SKBR3, BT-474, and MB-231, human NSCLC 
cell lines H292 and HCC827, and the human 
CRC cell line SW-403 were all obtained 
from ATCC. SUM-149 cells were cultured 
in HAM’s media (Gibco), supplemented 

differences in protein abundance induced 
by cisplatin (CISP) or doxorubicin (DOXO) 
treatment in breast cancer models were 
measured using SILAC-MS (Data record 1 
and depository PXD006414). The breast 
cancer cell line SUM-149 showed sensitivity 
to both cisplatin and doxorubicin, whereas 
MB-231 cells were insensitive to cisplatin, 
and sensitive to doxorubicin (Figure 4A, B; 
Table 1). The proteomic changes observed 
in SUM-149 cells showed strong correlation 
(R=0.6973) between cisplatin and 
doxorubicin treatments, suggesting a similar 
biological response (Figure 4C). By contrast, 
a relatively low correlation (R=-0.0247) was 
found between proteomic changes induced 
by cisplatin and doxorubicin treatment 
in MB-231 cells (Figure 4C). Of note, the 
proteomic changes in doxorubicin-treated 
MB-231 cells did correlate with proteomic 
changes in both cisplatin- and doxorubicin-
treated SUM-149 measurements (R=0.4478; 
Figure 4D). Thus, the underlying molecular 
response appears analogous to the response 
upon cisplatin and doxorubicin treatment in 
the SUM-149 cells (Figure 4D). Concluding, 
a DNA damage response profile to cisplatin 
and doxorubicin was established in these 3 
data sets, which can be compared to a ‘non-
responsive’ profile of MB-231 cells treated 
with cisplatin (Figure 4D). 
 DNA damage, as induced by cisplatin 
or doxorubicin treatment, induces cell 
cycle checkpoints, and arrests cells in G2 
(14,15). Such a G2 cell cycle arrest was 
clearly distinguishable in our analyses based 
on the top proteins of which abundance 
was induced in the ‘responsive profile’ 
being G2 and mitosis-specific proteins (e.g. 
CCNB1, CENPF, KIF11 and CDC20), and 
the enrichment of the ‘G2-M checkpoint’ 
pathway of the hallmarks gene sets (Figure 
4E). Interestingly, an enrichment of the 
‘estrogen late response’ hallmark was found, 
which describes genes induced by 24 hours of 
estrogen treatment in cell lines. This suggests 
activation of the estrogen receptor (ER) and 
expression of ER-target genes in SUM-149 
and MB-231 in response to cisplatin, which is 
surprising considering that SUM-149 and MB-
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with 5% fetal calf serum (FCS; brand), 5 
µg/ml insulin (Sigma-Aldrich), and 1 µg/ml 
hydrocortisone (Sigma Aldrich). SKBR3 and 
HEK293T cells were cultured in DMEM high 
glucose (Gibco), supplemented with 10% 
FCS. MB-231 cells were cultured in DMEM 
low glucose (Gibco), supplemented with 10% 
FCS. BT-549, H292, and HCC827 cells were 
cultured in RPMI (Gibco), supplemented with 
10% FCS. BT-474 cells were cultured in RPMI 
(Gibco), supplemented with 10% FCS and 
2 mM L-glutamine (brand). Stable isotope 
labeling of cell lines was done with RPMI or 
DMEM-high glucose media (Silantes), with 
unmodified arginine (Arg) and lysine (Lys) 
(light, L) or Arg10 and Lys8 (heavy, H). SUM-
149 cells were adjusted for growth in DMEM-
SILAC media by gradual culturing in mixtures 
of HAM:DMEM. Cells were cultured in SILAC 
media for 5 passages (~17 days) and near-
complete incorporation (>99%) of isotopes 
was measured for each heavy-labeled cell 
line. Where indicated, treatment of cell lines 
was done with erlotinib (LC Laboratories), 
cisplatin (Pharmachemie BV) or doxorubicin 
(Pharmachemie BV). For cell viability assays, 
cells were cultured in presence of increasing 
doses of the indicated drug for 96 hours, after 
which the metabolic activity was measured 
by conversion of 3-(4,5-dimethylthiazol-2-
yl)-2,5-diphenyltetrazolium (MTT; Sigma-
Aldrich) into formazan.
 
Fractionation 
 Prior to SILAC-MS analysis, cell 
membranes were enriched using the 
‘Subcellular Fractionation Kit’ (Pierce) and 
protein concentrations were measured 
with the bicinchoninic acid (BCA) assay 
(Thermo Scientific). Membrane fractions 
from ‘drug-heavy’/’control-light’ and label-
swapped conditions were then mixed in a 
1:1 ratio based on protein concentration, 
and subjected to gel-electrophoresis for 
size-separation. Treatment with the solvent 
of each chemical compound was used as a 
control; DMSO for erlotinib, and water for 
cisplatin and doxorubicin.

In gel digestion, LC-MS/MS, and database 

searching
 SILAC-MS of breast cancer cell lines was 
previously described (Chapter 3, this thesis). 
Gel lanes were cut into 22 slices for in-gel 
trypsin digestion. Each slice was further cut 
into 1 mm pieces and completely destained 
using 100 mM ammonium bicarbonate 
(ABC) in 50% acetonitrile (ACN). A 
reduction and alkylation step was performed 
to block cysteines. Briefly, 10 mM DTT in 
100 mM ABC was added to the gel pieces 
and incubated for 30 minutes at 55°C. Next, 
55 mM iodoacetamide in 100 mM ABC was 
added and incubated for 30 minutes at room 
temperature. Gel pieces were dehydrated 
and re-swelled in 10 ng/µl trypsin solution 
in 100 mM ABC at 37°C overnight. Peptides 
were fully extracted after incubating with 
5% formic acid for 20 minutes.  Online 
chromatography of the extracted tryptic 
peptides was performed using an Ultimate 
3000 HPLC system (Thermo Fisher 
Scientific) coupled online to a Q-Exactive-
Plus mass spectrometer with a NanoFlex 
source (Thermo Fisher Scientific), equipped 
with a stainless-steel emitter. Tryptic digests 
were loaded onto a 5 mm × 300 µm internal 
diameter (i.d.) trapping micro column packed 
with PepMAP100, 5 µm particles (Dionex) in 
0.1% formic acid at the flow rate of 20 µl/
minute. After loading and washing for 3 min, 
trapped peptides were back-flush eluted 
onto a 50 cm × 75 µm i.d. nanocolumn, 
packed with Acclaim C18 PepMAP RSLC, 2 
µm particles (Dionex). Eluents used were 
100:0 H2O/acetonitrile (volume/volume 
(V/V)) with 0.1% formic acid (Eluent A) 
and 0:100 H2O/acetonitrile (v/v) with 0.1% 
formic acid (Eluent B). The following mobile 
phase gradient was delivered at the flow rate 
of 250 nl/min: 1–50% of solvent B in 90 min; 
50–80% B in 1 min; 80% B during 9 min, and 
back to 1 % B in 1 minutes and held at 1% 
A for 19 which results in a total run time of 
120 minutes. MS data were acquired using 
a data-dependent acquisition (DDA) top-
10 method dynamically choosing the most 
abundant not-yet-sequenced precursor 
ions from the survey scans (300–1650 Th) 
with a dynamic exclusion of 20 seconds. 
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MS Data analysis
 To curate the data sets, identified proteins 
were excluded based on the following criteria: 
‘marked potential contaminant or reverse 
protein by MaxQuant’, ‘only identified by 1 
peptide’, and ‘only identified by either light 
or heavy labelled peptide’. A second round of 
exclusion was performed for uncharacterized 
proteins without corresponding Entrez 
Gene Entry. From the remaining SILAC-MS 
analysis, log2 protein ratios were compiled 
in a single data matrix. Protein isoforms 
were averaged to a single protein ratio for 
each data set. The finalized data matrix was 
subjected to principal component analysis 
(PCA), to delineate components that explain 
experimental variation. Pathway analysis was 
performed on pre-ranked listed using GSEA 
for enrichment gene sets from MSigDB. 
Enrichment was tested for significance 
with 1,000 permutations of multiple testing 
correction, selecting gene sets with false 
discovery rate lower (FDR) than p = 0.05. 

Survey scans were acquired at a resolution 
of 70,000 at mass-to-charge (m/z) 200 with 
a maximum inject time of 50 milliseconds 
or AGC 3e6. DDA was performed via 
higher energy collisional dissociation 
fragmentation with a target value of 1x10E5 
ions determined with predictive automatic 
gain control in centroid mode. Isolation of 
precursors was performed with a window 
of 1.6 m/z. Resolution for HCD spectra was 
set to 17,500 at m/z 200 with a maximum 
ion injection time of 50 milliseconds. 
Normalized collision energy was set at 28. 
The S-lens RF level was set at 60 and the 
capillary temperature was set at 250°C. 
Precursor ions with single, unassigned, or 
six and higher charge states were excluded 
from fragmentation selection. MS-spectra 
analyzed with MaxQuant (version 1.5.3.12) 
containing the integrated Andromeda search 
engine and searched against the human 
proteome downloaded from the UniProt 
database, using a false discovery rate of 0.01 
at the protein and peptide level.
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