
The Big Picture of Glioblastoma Malignancy: A Meta-Analysis of
Glioblastoma Proteomics to Identify Altered Biological Pathways
Anna K.W. Tribe, Melanie J. McConnell, and Paul H. Teesdale-Spittle*

Cite This: ACS Omega 2021, 6, 24535−24544 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: Glioblastoma is a highly malignant cancer with no
effective treatment. It is vital to elucidate the mechanisms which
drive glioblastoma in order to identify therapeutic targets. The
differences in protein expression between glioblastoma, grade I−III
glioma, and normal brain tissue reflect the functional alterations
driving malignancy. However, proteomic analysis of glioblastoma has
been hampered by the heterogeneity of glioblastoma and the variety
of methodology used in its study. To reduce these inconsistencies,
we performed a meta-analysis of the literature published since 2015,
including 14 datasets from eight papers comparing the whole
proteome of glioblastoma to normal brain or grade I−III glioma. We
found that 154 proteins were commonly upregulated and 116
proteins were commonly downregulated in glioblastoma compared
to normal brain. Meanwhile, 240 proteins were commonly
upregulated and 125 proteins were commonly downregulated in glioblastoma compared to grade I−III glioma. Functional
enrichment analysis revealed upregulation of proteins involved in mRNA splicing and the immune system and downregulation of
proteins involved in synaptic signaling and glucose and glutamine metabolism. The identification of these altered biological pathways
provides a basis for deeper investigation in the pursuit of an effective treatment for glioblastoma.

■ INTRODUCTION
Glioblastoma multiforme (GBM), or glioblastoma, is both the
most common and the most aggressive form of malignant brain
cancer.1 Current treatments are only minimally effective,
resulting in a five-year survival rate of 7%.1 GBM arises from
the glial cells of the brain and is classified by the World Health
Organization (WHO) as a grade IV astrocytoma.2 Glioblas-
toma was the first cancer to undergo large-scale genetic
analysis by The Cancer Genome Atlas project in 2008.3 This
study identified common genetic alterations in GBM, such as
amplification and mutation of EGFR, mutation and loss of
heterozygosity affecting TP53, loss of NF1, and mutation of
P13KCA/PIK3R1.3 These aberrations, along with PTEN
deletion, PDGFRA amplification, and IDH1 mutation, were
used in the landmark Verhaak et al. study in 2010 to classify
GBM tumors into genetically defined subtypes: classical,
mesenchymal, proneural, and neural.4 Further transcriptomics
analysis has resulted in the removal of the neuronal
classification.5 Due to the great advances in the genetic
characterization of brain tumors, in 2016 the WHO
classification system was updated to include molecular features
alongside the traditional histological parameters.6 Glioblasto-
ma tumors are now classified as isocitrate dehydrogenase
(IDH)-wild type or IDH-mutant, which tends to correspond to
primary (de novo) and secondary (arising from lower grade
tumors) GBM, respectively.6

While the genetic alterations in GBM are highly informative,
it is vital to gain as deep an understanding of the proteomic
changes, as these are the functional consequences of
modifications to the genome. For this purpose, mass
spectrometry is a valuable tool in the study of GBM, both in
basic research and the identification of biomarkers.7,8

Increasingly, mass spectrometry is poised to complement or
eventually replace traditional diagnostic methods of GBM
presence, stage, and subtype.8 The high sensitivity of mass
spectrometry and its ability to investigate multiple protein
biomarkers simultaneously has shown it to be a promising
diagnostic tool in various biological samples, including biopsy
tissue, cerebrospinal fluid (CSF), blood plasma, urine,
extracellular vesicles, and even fluid from cavitating ultrasound
aspirators used during tumor removal.8−14 Many studies have
investigated alterations in protein expression in GBM and
several papers have reviewed potential GBM biomarkers in
tumor tissue, CSF, plasma, and serum.14−18 However, there is
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no recent comprehensive review of the literature that
determines which proteins and therefore which biological
processes are commonly differentially regulated in GBM. This
would provide a view of the global functional changes that
occur in GBM tumors compared to low-grade glioma (LGG)
and normal brain tissue.
A decade ago, Deighton et al. published a review of the

GBM proteomics literature.19 This review highlighted the
inconsistency between studies in the field, finding only 10
proteins differentially regulated in more than one of the 10
papers included in their analysis and no obvious biological
processes implicated.19 They speculated that the discrepancies
in methodology between the papers, including the control
tissue that the GBM or glioma tissue was compared to, may
have contributed to this lack of coherence.19 However, they
also cited the limitations of the proteomics technology
available at the time. Some of the studies reviewed used only
Western blot or 2-D gel electrophoresis (2-DGE) analysis,
while others included matrix-assisted laser desorption ioniza-
tion time of flight mass spectrometry or surface-enhanced laser
desorption ionization time of flight mass spectrometry.19 Only
two studies used a form of liquid chromatography (LC)
separation, which is now standard.19

Mass spectrometry technology has undergone great
advances over the last decade, enabling the detection of

thousands rather than hundreds of proteins in a single
sample.20 These advances arise from increased mass accuracy
and resolution, as well as gains in instrument sensitivity as a
result of technological advancements such as the growth in the
use of hybrid instruments, which allow for methods of ion
fractionation and storage and greater scan rates.21 For example,
constantly developing technologies such as the Orbitrap
developed by Thermo Fisher increase the number of peptides
that can be detected simultaneously.7,22 This results in
increased coverage of individual proteins, enabling detection
of lower abundance proteins and thus increasing coverage of
the proteome as a whole.7,22 Furthermore, quantitative analysis
has been refined with the development of isobaric tags for
relative and absolute quantification (iTRAQ), tandem mass
tags (TMT), and dimethyl labeling.23−25 Indeed, proteomic
technology and analysis software has now been developed to
allow simpler and cheaper label-free quantification.26 These
technical improvements have opened up proteomics as a
valuable and sensitive tool for a number of clinical
applications.27

Deighton et al. were only able to identify 99 differentially
regulated proteins across 10 papers published before the end of
2008.19 We hypothesized that improved proteomics techni-
ques over the intervening years have greatly increased the
available glioblastoma proteomics data, potentially providing

Figure 1. Flowchart of paper selection based on defined inclusion and exclusion criteria (see Methods).
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greater coherence. Therefore, we have collated the lists of
proteins found to be up- or downregulated in GBM compared
to controls published in eight papers between 2015 and the
end of 2020. This enabled the identification of proteins
commonly up- or downregulated in GBM. These were further
analyzed to determine the biological pathways and processes
likely to be affected by these changes. We anticipate that this
information will provide inspiration for future therapeutic
intervention.

■ RESULTS
Selected Literature. Eight papers published between 2015

and the end of 2020 were selected based on the defined criteria
(see Methods and Figure 1).28−35 As in the review by
Deighton et al. (2010), these studies varied in their
methodology, for example, in the GBM material used, the
chosen control, the sample processing, and the analysis.19

These parameters are summarized in Supporting Information
File 1, Table S1.
Fourteen datasets were extracted from the eight selected

papers (see Supporting Information File 1, Tables S2−S4).
This was because five of the eight papers selected performed
more than one comparative study that was relevant to this
meta-analysis.29−32,35 Gollapalli et al. (2017) separately
compared the same GBM tumor samples to peritumoral
samples and to grade II and III glioma samples.29 Similarly,
Ren et al. (2016) separately compared the same GBM tumor

samples to grade I, grade II, and grade III glioma tissue.31 In
both cases, the three comparisons were treated as three
separate datasets. Gimenez et al. (2015) separately compared
GBM tumor tissue from patients with a short survival time and
from patients with a long survival time to normal brain tissue.30

They also separately compared GBM tumor tissue from
patients with a short-survival time and from patients with a
long survival time to grade II glioma tissue.30 Up- and
downregulated proteins from the two GBM vs normal brain
comparisons were merged into a single dataset, as were the
GBM vs grade II glioma comparisons. This resulted in two
datasets in which the same GBM tumor samples were
compared to different controls.
Djuric et al. (2019) did not compare GBM to normal brain

or LGG; however, their supporting information contained
proteomics datasets which could be put to this use.35 The
datasets from whole proteomics analysis of three GBM
samples, one grade III anaplastic astrocytoma, and three
grade I pilocytic astrocytomas were included for analysis. The
three GBM samples were averaged and compared to the grade
III astrocytoma and to the three averaged grade I astrocytoma
samples separately, resulting in two datasets.
Buser et al. (2019) compared four different GBM tumors to

normal brain tissue.32 The expression ratios for each protein in
each of the four datasets were collated. Proteins with a value of
either ≥2 or effectively infinite value (i.e., present divided by
absent, or a large number divided by a very small number) in at

Figure 2. Most significant parent terms in (A) Gene Ontology Biological Process domain (GO:BP) and (B) Reactome functional enrichment
analysis of proteins downregulated in GBM compared to normal brain, ranked by the −log p value.
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least three of the four datasets were considered to be
upregulated. Proteins with two effectively infinite values and
two values ≤2 or not present across the four datasets were not
included due to the conflicting results. Proteins with one
effectively infinite value and three values ≤0.5 were considered
to be downregulated. The proteins with no effectively infinite
values were simply averaged, and proteins with average fold
changes ≥2 or ≤0.5 were included as up- and downregulated,
respectively, as usual.
Overall, four of the 14 datasets compared GBM to non-

cancerous control brain.29,30,32,34 Seven of the 14 datasets
compared GBM to grade I or II glioma.28−31,33,35 The
remaining three datasets compared GBM to grade III
glioma.29,31,35 The datasets comparing GBM to normal brain
were analyzed separately to the datasets comparing GBM to
LGG (including glioma grades I−III).
Differentially Expressed Proteins. Across the 14 datasets

from the eight papers, 8801 proteins were found to have
expression increased or decreased by at least 2-fold in GBM
samples compared to LGG or normal brain controls in at least
one of the datasets. Of these, 3949 (45%) were only identified
by Buser et al. (2019) as this paper achieved far more protein
identifications than any of the others.32 The increased
sensitivity of mass spectrometry technology over the last
decade is obvious. Even excluding the Buser et al. paper, 4852
differentially expressed proteins were identified, compared to
just 99 in Deighton et al. in 2010.19 Unsurprisingly, the
differentially expressed proteins identified by each paper
varied. This reflects the known heterogeneity of GBM tumors,
as well as the differences in the methodology used in each
study.36 Nevertheless, many proteins were commonly up- or

downregulated, revealing some consistency between the
studies.
Proteins were considered to be commonly upregulated or

downregulated in GBM compared to LGG if they were ≥2-
fold up- or downregulated, respectively, in at least three of the
ten relevant datasets. Due to the small number of studies
comparing GBM to normal brain, it was decided that proteins
had to be up- or downregulated in at least two of the four
relevant datasets to be considered commonly up- or down-
regulated, respectively.
There were 154 proteins upregulated and 116 proteins

downregulated in two or more of the four datasets comparing
GBM to normal brain and 240 proteins upregulated and 125
downregulated in three or more of the ten datasets comparing
GBM to LGG. Despite the difference between the LGG and
normal brain controls, 36 proteins were upregulated in
comparison to both controls and 24 proteins were down-
regulated in comparison to both controls.
The commonly up- and downregulated proteins were

interrogated using the Reactome pathway analysis tool and
the g:Profiler functional profiling tool.37,38 Twenty-three of the
154 proteins upregulated and 27 of the 116 proteins
downregulated in GBM compared to normal brain could not
be identified by Reactome. However, all but one of these
proteins (P14406) were identified by and included in the
g:Profiler analysis. Two of the upregulated proteins could not
be identified by g:Profiler but were identified by and included
in the Reactome analysis. Similarly, 77 of the 240 proteins
upregulated and 42 of the 125 proteins downregulated in GBM
compared to LGG could not be identified by Reactome.
However, all of the downregulated proteins and all but eight of
the upregulated proteins (Q9Y6R7, B4DDM6, B4DE40,

Figure 3. Most significant parent terms in (A) GO:BP and (B) Reactome functional enrichment analysis of proteins downregulated in GBM
compared to LGG, ranked by the −log p value.
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B4DU58, B4DXI8, B4E2V5, B7Z8M7, and B3KSY4) were
identified by and included in the g:Profiler analysis. One other
protein was not identified by g:Profiler but was identified by
and included in the Reactome analysis.
For each of the four sets of proteins (up- and downregulated

in GBM compared to normal brain and up- and downregulated
in GBM compared to LGG), the five most significant parent
terms in the analysis results were identified (Figures 2−5,
Supporting Information File 1, Tables S5−S20). Terms were
not considered unless more than two of the proteins within the
term were identified by the meta-analysis.
Downregulated Proteins. Parent terms related to

synaptic signaling were the most significantly over-represented
in the analysis of proteins commonly downregulated in GBM
compared to normal brain (Figure 2). Significant parent terms
relating to glucose and ATP metabolism contained several
proteins involved in oxidative phosphorylation, as well as a few
involved in the tricarboxylic acid (TCA) cycle and glycolysis.
Other proteins in these terms were subunits of ATPases. Ion
transport parent terms were also identified; however, these
overlapped extensively with the synaptic signaling and ATP
metabolism terms. The GO:BP Brain Development term also
overlapped with the synaptic signaling terms, however, also
contained a few unique neuronal proteins, such as neurofila-
ments and contactin.
Analysis of the proteins downregulated in GBM compared

to LGG also identified over-represented neuronal system
terms, however, with much lower significance than in GBM
compared to normal brain (Figure 3). Metabolism of the
neurotransmitter glutamine was one of the most significant

parent terms in the GO:BP and Reactome analyses. The other
most significant GO:BP terms were related to cytoskeletal and
extracellular matrix components of neurons. Similarly, the
Reactome Extracellular Matrix Organization term included
both neuron-specific and more general extracellular matrix
proteins. RAF activation and inositol phosphate metabolism
were also over-represented in the Reactome analysis.

Upregulated Proteins. Parent terms related to mRNA
metabolism and particularly mRNA splicing were the most
significantly over-represented in the analysis of proteins
commonly upregulated in GBM compared to normal brain
(Figure 4). The more significant mRNA metabolism term
consisted mainly of the proteins included in the mRNA
splicing term, plus some ribosomal, proteasomal, and
cytoskeletal proteins. The GO:BP parent term DNA
Conformation Change contained several histone variants,
which comprised most of the Reactome term DNA Damage/
Telomere Stress Induced Senescence. The GO:BP term
Biological Process Involved in Symbiotic Interaction contained
proteins with a variety of functions, several of which
overlapped with the mRNA metabolism terms. The proteins
that were unique to this term were mostly annotated to
immune system and stress response terms, although many of
the proteins had multiple functions. The GO:BP term
Regulated Exocytosis consisted of a variety of proteins,
including some involved in the cytoskeleton and in anabolic
and catabolic processes.
Analysis of proteins upregulated in GBM compared to LGG

revealed processes that were distinct from those seen when
GBM was compared to normal brain. The most significantly

Figure 4. Most significant parent terms in (A) GO:BP and (B) Reactome functional enrichment analysis of proteins upregulated in GBM
compared to normal brain, ranked by the −log p value.
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over-represented parent terms were related to exo- and
endocytosis, immune system, platelets, and the extracellular
matrix. While the GO:BP term Regulated Exocytosis was
significantly over-represented in the analysis of proteins
upregulated in GBM compared to normal brain and compared
to LGG, the proteins within the term differed in the two
analyses. The GBM compared to the LGG Regulated
Exocytosis term consisted largely of proteins involved in the
immune system, as well as proteins related to the cytoskeleton
and blood clotting. This explains the extensive overlap between
this term and the GO:BP Leukocyte-Mediated Immunity term,
the Reactome Neutrophil Degranulation term and the
Reactome Platelet Degranulation and Hemostasis terms. The
proteins unique to the GO:BP Leukocyte-Mediated Immunity
term are components of immunoglobulin chains, human
leukocyte antigen, and the complement system.
The GO:BP term Biological Process Involved in Symbiotic

Interaction was significantly over-represented in the analysis of
proteins upregulated in GBM compared to normal brain and
compared to LGG. However, the proteins annotated to this
term in the two analyses barely overlapped. In the GBM
compared to LGG analysis, this term overlapped extensively
with the immune system terms, but also contained many
ribosomal proteins and other proteins involved in protein
production.
Implications for Prognosis. Proteins in the parent

GO:BP functional enrichment terms identified by the meta-
analysis were investigated for prognostic relevance using
GEPIA (Supporting Information File 1, Tables S21 and
22).39 Notably, high expression of many proteins in the terms

upregulated in GBM compared to LGG was significantly
correlated with poorer overall survival or disease-free survival
(Supporting Information File 1, Table S22). Most significant
were the leukocyte elastase inhibitor (SERPINB1), fermitin
family homolog 3 (FERMT3), and matrix metalloproteinase-9
(MMP9), which were significantly correlated with poorer
disease-free survival (p = 0.00026, 0.004, and 0.0044,
respectively) and NPC intracellular cholesterol transporter 2
(NPC2) and collagen alpha-1(VI) chain (COL6A1), which
were significantly correlated with poorer overall survival (p =
0.0044 and 0.0059 respectively) and also less significantly
correlated with poorer disease-free survival (p = 0.032 and
0.027, respectively) (Supporting Information File 2, Figures
S1−S5). These proteins are mostly involved in cell adhesion
and proteolysis. SERPINB1, MMP9, and NPC2 were grouped
into both the GO:BP Regulated Exocytosis and Leukocyte
Mediated Immunity terms. FERMT3 was grouped into only
the GO:BP Regulated Exocytosis term and COL6A1 was in
the GO:BP Extracellular Matrix Organization Term. In
contrast, overexpression of 60S ribosomal protein L18
(RPL18), found to be commonly upregulated in GBM
compared to LGG, was significantly correlated with better
prognosis (Supporting Information File 2, Figure S6). This
protein was grouped into the GO:BP term Biological Process
Involved in Symbiotic Interaction.

■ DISCUSSION

Analysis of GBM proteomics is hampered by the known intra-
and intertumoral heterogeneity of GBM tumors and
compounded by the variation in the methodology used by

Figure 5. Most significant parent terms in (A) GO:BP and (B) Reactome functional enrichment analysis of proteins upregulated in GBM
compared to LGG, ranked by the −log p value.
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different studies.36 While individual papers identify differ-
entially expressed proteins in GBM, the proteins identified and,
therefore, the conclusions drawn vary. The strength of this
meta-analysis is that it combined 14 datasets comparing the
GBM proteome to the proteomes of normal brain tissue or
LGG. This filtered out the noise created by the heterogeneity
of the methodology and of GBM tumors themselves to identify
proteins that were commonly differentially expressed across
several datasets. As only these common proteins were carried
through to functional enrichment analysis, we can determine
with more certainty which biological pathways are most
commonly differentially regulated in GBM.
Just a decade ago, Deighton et al. were unable to identify any

biological pathways that were differentially regulated in GBM
despite analyzing whole proteome data from 10 papers.19 Their
study was limited by the available technology, which identified
only 99 differentially expressed proteins. Only 10 were
common to more than one paperall involved in either
apoptosis or cellular response to stress. In this meta-analysis,
the superior sensitivity of the technology employed in eight
more recent papers allowed the identification of 8801
differentially expressed proteins. In at least two of the four
datasets comparing GBM to normal brain, 154 proteins were
upregulated and 116 proteins were downregulated, while in at
least three of the 10 datasets comparing GBM to LGG, 240
proteins were upregulated and 125 proteins were down-
regulated. The detection of so many differentially expressed
proteins made it possible to identify several pathways which
are significantly altered in GBM.
One of the most striking alterations in the proteome of

GBM was the downregulation of neuronal system proteins,
particularly proteins involved in synaptic vesicle release,
compared to normal brain. This is reflective of the postsynaptic
role of glioma cells in neurogliomal synapses, compared to the
pre- and postsynaptic functions of neurons and astrocytes in
the normal brain.40−43 Notably, the synaptic signaling term
contained glutamate transporter excitatory amino acid trans-
porter 2 (EAAT2). This protein is abundant in normal brain
and expression is lost in GBM, disrupting extracellular
glutamate homeostasis and enhancing GBM growth, survival,
and invasion.44

Proteins involved in glucose and ATP metabolism were
downregulated in GBM compared to normal brain. The
downregulation of glycolysis proteins hexokinase 1 (HK1) and
brain-specific fructose-biphosphate aldolase C (ALDOC) is in
line with previous literature; however, the downregulation of
ATP-dependent 6-phosphofructokinase (PFKP) is not.45−47

PFKP catalyzes a rate-limiting step in glycolysis, which would
be expected to be vital to the Warburg effect often observed in
GBM.45−49 Two understudied TCA cycle enzymes, 2-
oxoglutarate dehydrogenase (OGDH) and malate dehydrogen-
ase (MDH2), were downregulated, as was IDH3α, which has
previously been found to be upregulated in GBM.50 Down-
regulation of oxidative phosphorylation complex IV (cyto-
chrome c oxidase) subunits in GBM compared to normal brain
is concordant with previous literature.49,51 However, expres-
sion of complexes III and V (cytochrome b-c1 and ATP
synthase), found by this meta-analysis to be downregulated,
has previously been shown to be unchanged in GBM
compared to normal brain, although a decrease in complex
III activity has been observed.49,51

Notably, several of the proteins assigned to the ATP
metabolism terms were ATPases, which also made up a large

proportion of the ion transport terms. These included subunits
of vacuolar ATPases, which have been shown to be
differentially expressed between GBM and LGG.52 Subunits
of sodium/potassium ion transporter ATPases were also
downregulated, including the β2 subunit, which is known to
be downregulated in GBM and to inhibit invasion if
overexpressed.53

Proteins related to glutamine and glutamate metabolism
were downregulated in GBM compared to LGG. This included
the downregulation of aspartate aminotransferase (GOT1),
glutaminase kidney isoform (GLS), and glutamate dehydro-
genase 1 (GLUD1), which are involved in the conversion of
glutamine to alpha-ketoglutarate via glutamate.54−56 Although
this meta-analysis did not filter by IDH mutation status, it is
likely that a higher proportion of the LGG tumors than the
GBM tumors included contained an IDH1 mutation.57,58

Rather than converting isocitrate to alpha-ketoglutarate as part
of the TCA cycle, mutant IDH1 converts alpha-ketoglutarate
to the oncometabolite 2-hydroxyglutarate (2-HG).59 Hence,
glutaminolysis is upregulated to feed alpha-ketoglutarate into
both the TCA cycle and into the production of 2-HG by
mutant IDH1.59 Therefore, it is probable that the down-
regulation of glutamine and glutamate metabolism in GBM
compared to LGG is reflective of the lower proportion of
IDH1 mutant tumors in GBM.
In the analysis of the commonly upregulated proteins, the

most notable alteration in GBM compared to normal brain was
the upregulation of mRNA processing, particularly mRNA
splicing. Alternative splicing is important in tumors and more
than 1000 splicing events have prognostic significance in
GBM.60,61 This meta-analysis indicated that splicing machinery
is highly upregulated in both GBM and LGG; however, specific
mRNA splicing events have previously been shown to differ
between GBM and LGG.61 The other proteins commonly
upregulated in GBM compared to normal brain showed less
obvious trends, with several related to the immune system,
stress responses, metabolism, or the cytoskeleton, and many
with multiple functions.
The immune system stood out as being commonly

upregulated in GBM compared to LGG, with p values as
low as 1.5 × 10−30. The significant upregulation of immune
system proteins in GBM is likely to reflect differences in tumor
infiltration by immune cells rather than changes to the
proteome of the tumor cells themselves. As there was no
corresponding downregulation of different immune system
proteins, this upregulation could indicate that immune
infiltration increases in GBM, rather than reflecting a change
in the nature of the infiltrate. However, this is a complex area.
Myeloid cells can be significantly lower in GBM compared to
LGG and tumor-infiltrating CD4 T cells have been shown to
decrease in GBM compared to LGG, while CD8 T cells may or
may not increase between grade II glioma and GBM.62,63

In summary, the heterogeneity of GBM tumors presents a
major challenge for researchers aiming to identify changes that
occur during the tumorigenesis of GBM. This is evident in the
disparate results obtained by the 14 datasets used in this meta-
analysis. Selecting the proteins commonly up- or down-
regulated across multiple studies allowed identification of the
pathways and processes most commonly altered in GBM. This
meta-analysis identified significantly altered expression of
proteins involved in mRNA splicing, synaptic signaling, glucose
and glutamine metabolism, and the immune system, which
adds valuable support to the role of these pathways in GBM.
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Further analysis showed that expression of many of the
proteins upregulated in GBM compared to LGG was
correlated with poorer survival. Future studies can be guided
by these common themes to identify targets for future
therapies, which could improve the dire prognosis of GBM.

■ METHODS
Inclusion and exclusion criteria for literature selection.
Inclusion criteria:

1 Included in PubMed.
2 Published between 1st January 2015 and 22nd January
2021.

3 Contained the search terms “glioblastoma OR glioma”
AND “proteom* OR “mass spectrometry””.

Exclusion Criteria.

1 Not a scientific paper.
2 Duplicate (i.e., each paper was only considered once
even if it appeared more than once in the search results).

3 Not a primary research article (e.g., a review article,
etc.).

4 Not human material studied.
5 Not glioblastoma studied.
6 Not glioblastoma tissue studied (e.g., cell lines, blood,
exosomes, etc.).

7 No proteomics performed.
8 No mass spectrometry performed.
9 No whole proteomics mass spectrometry performed.
10 Not glioblastoma compared to normal brain or glioma

grades I−III.
11 Not the whole tumor studied (e.g., a chosen section).
12 Not original publication of proteomics data.
13 Proteomics data not available.
14 No quantification performed.

Collation of Data. From each paper, proteins found to be
at least 2-fold up- or downregulated in GBM compared to the
control were collated (Supporting Information File 1, Tables
S2−S4). A 2-fold change was selected as this was the most
commonly used cut-off in the selected literature and was
considered to indicate a definite change in expression levels.
Protein names or codes listed in the supporting information
were matched to UniProt accession numbers and vice versa as
necessary. Some protein names or accession numbers were
found to be obsolete and so were excluded from the
spreadsheet. Others had been merged into another UniProt
entry. In this case, the protein was included in the spreadsheet
with its updated name and accession number. Any non-human
proteins identified were excluded.
Functional Enrichment Analysis. Functional enrichment

analysis was performed using g:Profiler version e102_eg49_-
p15_7a9b4d6 to search against the Gene Ontology Biological
Process (GO:BP) database for Homo Sapiens.38 Statistical
domain scope was set to “Only annotated genes”, significance
threshold was set to “g:SCS threshold”, and user threshold was
set to 0.05. The term size range was set at 2−1000 to avoid
broad, uninformative terms. These results were then validated
using the “Analyse Data” tool of Reactome version 75.37 The
default setting “Project to human”, which converts non-human
accession numbers to human equivalents was left selected,
although all non-human proteins had already been removed
from the data. Interactors were not included. Again, only terms
with sizes ≤1000 proteins were included.

Survival Analysis. Survival analysis was performed using
the GEPIA survival plot function.39 The Uniprot accession
numbers of proteins in the parent terms identified in the
functional enrichment analysis were converted to Ensembl
gene IDs and entered into the software. The GBM dataset was
selected for the analysis. Methods were set to first overall
survival and then disease-free survival (RFS) to generate plots
for both. The group cutoff was set to median and the axis units
to months. The software calculated the hazard ratio based on
the Cox PH Model and 95% confidence intervals were
included on the plots. Genes were considered to be
significantly correlated with survival if the Logrank p value
was ≤0.05.
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