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Abstract

Background Meningiomas are the most prevalent primary brain tumors. Due to their increasing burden on
healthcare, meningiomas have become a pivot of translational research globally. Despite many studies in the field
of discovery proteomics, the identification of grade-specific markers for meningioma is still a paradox and requires
thorough investigation. The potential of the reported markers in different studies needs further verification in large
and independent sample cohorts to identify the best set of markers with a better clinical perspective.

Methods A total of 53 fresh frozen tumor tissue and 51 serum samples were acquired from meningioma patients
respectively along with healthy controls, to validate the prospect of reported differentially expressed proteins and
claimed markers of Meningioma mined from numerous manuscripts and knowledgebases. A small subset of Glioma/
Glioblastoma samples were also included to investigate inter-tumor segregation. Furthermore, a simple Machine
Learning (ML) based analysis was performed to evaluate the classification accuracy of the list of proteins.

Results A list of 15 proteins from tissue and 12 proteins from serum were found to be the best segregator using a
feature selection-based machine learning strategy with an accuracy of around 80% in predicting low grade (WHO
grade |) and high grade (WHO grade Il and WHO grade Ill) meningiomas. In addition, the discriminant analysis could
also unveil the complexity of meningioma grading from a segregation pattern, which leads to the understanding of
transition phases between the grades.

Conclusions The identified list of validated markers could play an instrumental role in the classification of
meningioma as well as provide novel clinical perspectives in regard to prognosis and therapeutic targets.
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Introduction

The discovery of cancer biomarkers has played a mas-
sive role in improving early screening and diagnosis, risk
stratification, determining response to certain medica-
tions, monitoring disease progression and predicting
prognosis. Over the past decade, advancements in mass
spectrometry have significantly boosted the field of pro-
teomics. As a result of these advances, proteomics has
now forayed into clinical practice in comprehending
the biology of diseases like cancers and infectious dis-
eases [1]. It has accelerated the discovery of biomarkers,
improvement of therapy modalities and the identifica-
tion of new drugs. The advent of various consortia like
CPTAC (Clinical Proteomics Tumor Analysis Consor-
tium) and HUPO (Human Proteome Organization) has
further unleashed the power of proteomics in clinical
applications [2—4]. At the data analysis front, the recent
advancements in several stand-alone tools and databases
have facilitated the development of integrated omics
pipelines and meta-analysis workflow that expedites the
understanding the disease pathophysiology, identification
of newer biomarkers, and predicting novel therapeutic
modalities [5, 6]. A perfect cancer biomarker is defined
as one that is highly specific, selective, easily detectable at
an early stage of the disease, and measurable at a low cost,
however, identifying a biomarker with all these desired
features is a highly arduous task [7, 8]. The early diag-
nosis and treatment of brain-related tumors and other
cancers continues to be challenging even today. Despite
many advancements, there have been multiple challenges
in clinical translation of many potential biomarkers.

Meningiomas are one of the most frequently occur-
ring intracranial tumors accounting for around 37% of
all brain tumors [9]. Meningiomas arise from meningeal
layers and according to the recent classification by World
Health Organization (WHO) are divided into three
grades (I, I1, and III) [10] based on their histopathological
features. Though most meningiomas remain benign [9],
about 1-3% turn malignant with good survival rate, how-
ever, surgical resection of tumors present near crucial
brain regions pose a greater challenge to the operating
surgeon [11]. Radio-diagnostic techniques like MRI and
CT scans are majorly employed for the prefatory diagno-
sis of meningiomas [12] aiding in stratifying tumors into
two types based on their location, viz. skull base and con-
vexity. However, there still remains a need to identify bio-
markers that can help in early diagnosis and predicting
prognosis.

The recent advancements in Omics-based technologies
have facilitated the identification of various biomarkers
and demonstrated their role in understanding tumori-
genesis and progression. On the genomics front, loss of
heterozygosity (LOH) in chromosome 22q and causative
variants in a tumor suppressor gene, neurofibromatosis
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type 2 (NF2), have been associated with the formation
of Meningiomas [13, 14]. Recent studies have also illus-
trated the mutations in TERT promoter regions in grade
III meningiomas, along with alterations in SMARCEI1
and BAP1 that have been reported widely in clear cell
and the rhabdoid subset of meningiomas [15, 10]. Com-
prehensive methylome profiling led to dividing menin-
gioma into six sub-classes and predicting survival
outcomes [16]. Meanwhile, there are also parallel efforts
undertaken at the proteomics front to comprehend the
pathophysiology of meningioma and identify prognos-
tic markers using high-throughput technologies. Studies
have revealed the perturbations in PI3K/AKT pathways
and different signalling cascades, along with identifica-
tions of a number of differentially regulated proteins
in diseased states like EGFR, CKAP4, NEK9, SF2/ASF
(splicing factor) and HK2 [12, 17]. Several groups have
attempted to identify grade-specific protein markers in
the serum but need more comprehensive quantification
and validation in larger cohorts and across grades. Pro-
teins like Apolipoprotein E and A-I, hemopexin, alpha-
2-macroglobulin, apolipoprotein B, and antithrombin-III
have been reported as predictive markers [18]. Similarly,
immunoassays have revealed a set of proteins like amphi-
regulin, CCL24, CD69, Prolactin, and caspase-3 to be
upregulated in Meningioma [19]. Autoantibody screen-
ing has also revealed proteins like IGHG4, CRYM,
EFCAB2, STAT6, CCNBI, etc., to be differentially regu-
lated across grades of Meningioma [20].

Immunoassays are widely applied in conventional clini-
cal diagnostics settings for their sensitivity and robust-
ness. While immunoassays like ELISA are considered
as the gold standard for routine clinical settings [21];
the associated challenges like cross-reactivity, limited
throughput, low sensitivity, time and labour intensive-
ness, have compelled clinicians to seek and researchers
to shift their focus towards developing MS-based clini-
cal assays. Because of the high throughput nature and the
rapid development of MS technologies are fostering Point
Of Care (POC) devices in clinical settings to directly ana-
lyze biological materials like blood, tissue, sweat, urine,
saliva, etc. [22, 23]. Similarly, the targeted proteomics
approaches like the Multiple (or selected) reaction
monitoring-mass spectrometry (MRM/SRM) have been
employed to validate proteomic biomarkers. Numer-
ous studies have implemented MRM/SRM methods for
relative and absolute quantification) of proteomic bio-
markers in biofluids like plasma, urine [24, 25] as well as
tissues [26]. The multiplexed SRM assays are extensively
used and found to be highly reliable and reproducible for
the sensitive and accurate quantification of proteins [27].
A significant achievement is standardizing the analysis of
vitamin D levels in blood serum [28].
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In this study, we have validated a list of potential mark-
ers reported in numerous manuscripts, popular knowl-
edgebases, and data repositories using 53 fresh frozen
tissue and 51 serum samples of Indian origin. The study
optimized and selected unique peptides for each protein
reported and verified using an MRM-based targeted pro-
teomics approach. In addition to this, data analysis strate-
gies like discriminant analysis, statistical analysis, feature
selection and ML approaches were implemented to iden-
tify a list of 15 markers from tissue and 12 markers from
serum, with ~80% accuracy in predicting high grade and
low grade meningioma despite huge heterogeneity, sub-
types and transition phases between the grades. This is
one of the first studies which has attempted to verify and
validate reported markers in such a large number of fresh
frozen tissue and serum of Meningioma, which could be
referred to as proof of concept to move forward in clini-
cal diagnosis of meningioma.

Materials and methods

Ethics approval and informed consent

The study has been approved by the Institutional Eth-
ics Committee of the Advanced Centre for Treatment
Research and Education in Cancer (ACTREC), Tata
Memorial Hospital (TMH), Mumbai, India, and IIT
Bombay (ACTREC-TMC IEC No.149). The participants
provided their due consent for participation in the study.

Sample collection

All the experiments were performed in accordance with
the Institute’s Biosafety Guidelines. Surgically resected
tumor tissues and serum (from peripheral blood col-
lected during the surgery) were taken for proteomics
analysis. Surgically resected tumor tissues were collected
from 23 low grade Meningiomas (WHO grade I) and 18
high grade Meningiomas (grade II and III), compared
with 8 control tissues and 4 Glioma/Glioblastoma tis-
sue samples. Serum samples were collected from 17 low
grade Meningioma (WHO grade I) and 14 high grade
Meningioma (WHO grade II and III) samples, along with
6 healthy controls and 14 Glioblastoma samples. The rel-
evant clinical information is provided in Table S1. In this
study, the experimental pool samples were prepared by
pooling all samples and subjected to protein extraction
and data acquisition to monitor the instrumental varia-
tion as well as to analyse the stability of the peptides.

Mining and preparation of protein list

Text-mining, literature survey, popular knowledgebases
curation, and results of discovery proteomics stud-
ies were thoroughly checked to develop a list of pro-
tein markers linked to Meningioma pathogenesis. The
proteins were further mapped with the biological path-
ways and diseases-gene association networking hubs to
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narrow the list. The knowledge bases used for the cura-
tion of markers are eDGAR [29], PubPular [30], Dis-
GeNET [31], BIONDA [32], and Harmonizome [33]. In
addition, ProteomeXchange [34], PRIDE [34], OmicsDi
[35], and Pubmed [36] were also used to mine the pro-
teomics studies related to Meningioma. The biological
interpretation was made using DisNor [36], KEGG [37],
and Meta-Scape databases [38].

Preparation of tissue and serum samples

The samples from fresh frozen tumor tissues and unde-
pleted serum samples were prepared for proteomic anal-
ysis, as previously reported [39, 26]. The protein from
tissue specimens (~50 mg) was extracted with the lysis
buffer composed of 8 M urea, Tris-HCI buffer (pH 8.0),
and a Protease Inhibitor Cocktail (PIC) (Sigma Aldrich®)
complex. 50 ug proteins from both serum and tissues
were reduced with TCEP, followed by alkylation with
iodoacetamide (IAA). The reduced and alkylated proteins
were subjected to enzymatic digestion by trypsin (Pierce,
Thermofisher Scientific). After overnight incubation for
16 h at 37 °C, the digests were concentrated by vacuum
drying and reconstituted in 0.1% (v/v) formic acid (FA).
The in-house C18 stage tips were used for desalting. The
desalted peptides were further dried and reconstituted
using 0.1% (v/v) FA. The Scopes method was used for
quantifying the peptides by measuring O.D. values at 205
and 280 nm.

Transition list preparation

Proteins and their peptides for MRM experiments were
selected based on published data, submitted discovery
experiments, and information available in SRM Atlas.
The transition list was prepared in Skyline daily using
the Uniprot accession IDs for the target protein taking
the human UniProt database as background proteome.
Peptide length was set to 8—20 amino acids [40]. The pep-
tides were filtered out based on uniqueness for each pro-
tein checked from NextProt [41] and 0 missed cleavages.
The transition list included y-ions from “first ion” to “last
ion” corresponding to +2 and +3 precursor ion charge.
Method files were created for the unrefined transition
list for the selected proteins. Initial optimization was
performed using the sample pool to select the peptides
and their transitions for each protein. The optimal pep-
tides and their transition for each protein were chosen
by monitoring the sample pool. The transition list of the
peptides for both tissue and serum is available in Table S2
and S3 respectively.

Data acquisition using LC/MS

The data was acquired using a TSQ Altis Mass Spectrom-
eter (ThermoFisher Scientific) connected with an HPLC
system (Dionex Ultimate 3000 -ThermoFisher Scientific).
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Peptides were separated using Hypersil Gold C18 column
(1.9 pm, 100%x2.1 mm, ThermoFisher Scientific). MRM
runs were performed using a flow rate of 450 pL/min,
a cycle time of 2 s, and a resolution of 0.7 m/z (Q1 and
Q3) over an LC gradient of 10 min. The solvent system
included 0.1% FA and 100% Acetonitrile (ACN). The data
obtained was further analyzed using Skyline daily where
peak selection and refinement were made based on con-
sidering the peak shape, dot product and retention time.
For further statistical analysis, the values for peak area
were exported, and peptide-wise comparison was made.

Experimental design for tumor tissue and serum sample

A total of 49 and 24 selected proteins with more than 2
unique peptides and at least 3 transitions for each pep-
tide were optimized in multiple pools and analysed in 53
tissue and 51 serum samples respectively. The tissue sam-
ples included 8 controls, 4 Glioma, 23 low grade menin-
gioma, and 18 high grade meningioma while serum
samples included 6 controls, 14 GBM, 17 low grade
meningioma, and 14 high grade meningioma (Table
S1). The schematic outline of the experimental plan for
the targeted proteomics-based validation of tissue and
serum samples has been provided in Fig. 1 A and 2A
respectively.

Feature selection and machine learning (ML) based
analysis

The analyzed files containing peak area values were
exported from the Skyline daily into an Excel sheet for
further ML and statistical analysis. The peptide corre-
lation of pool samples was performed to check for the
instrument variability (Fig. S1A and Fig. S2A). The pep-
tides have been filtered based on the coefficient of varia-
tion (CV) values in QC-Pool samples. Statistical analysis
and data visualization were carried out in Python and
Microsoft Excel. The Linear Discriminant Analysis (LDA)
plot was used to understand the cohorts. The Support
Vector Machine (SVM) classifier was used to classify the
low grade patients from high grade patients after compar-
ing different classifier algorithms like k Nearest Neigh-
bor (kNN), Random Forest, Naive Bayes, and Logistic
Regression algorithm. K-fold cross-validation (k=10)
was employed in evaluating the models’ performance, in
which the data was split into k randomly chosen subsets
of about equal size. One subset was then used to validate
the trained model using the remaining subsets. Finally,
the average of all k subsets was taken to evaluate the final
model performance score. The SVM linear model perfor-
mance was further evaluated and visually represented by
plotting the ROC-AUC curve and confusion matrix using
Python-based tools.
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Results

In this study, we identified a panel of proteins from tis-
sue and serum samples that can segregate meningioma
patients into low grade patients and high grade with
around 80% accuracy. This report, to our knowledge,
has for the first time attempted to verify and validate the
potential of identified meningioma markers using robust,
targeted proteomics. This study thus lays the foundation
to move a step forward towards the diagnosis as well as
prediction of disease prognosis of meningioma using tar-
geted proteomics approach.

Quality control check and assessment of instrumental
variation through pooled tumor samples

A pool sample consisting of all the tissue samples and all
the serum samples were prepared and run in-between
the samples to evaluate the instrumental variability
(Figs. 1B and 2B). A correlation coefficient greater than
0.95 (Fig. S1A and B, Fig. S2A and B) depicts that there
was no significant variability during data acquisition and
the instrument performance was comparable throughout
the experiment.

Linear discriminant analysis segregates the meningioma
samples cohort

The LDA of 53 tissue and 51 serum samples was per-
formed with the list of 183 and 118 peptides from 49
and 24 proteins respectively to understand the segrega-
tion between different cohorts. From the linear discrimi-
nant analysis, it is quite evident that the expression level
of the studied peptides and proteins in the cohort of
meningioma low grade and high grade samples showed
remarkably different characteristics in the control and
glioma sample cohort. However, the segregation between
low grade and high grade meningioma was unclear and
found to overlap (Fig. 1C). About 28.8% of the features
showed a maximum classification of high grade samples
from low grade samples, keeping a mixed population in
between (Fig. S1C). The classification plots showed some
low grade and high grade samples in the extreme of the
two cohorts. However, some samples appeared at the
intersection of the two grades. These samples showed the
heterogeneity in meningioma which could be a result of
the tumors transitioning from one grade to the other.

Alteration of tissue proteomics markers with respect to
meningioma tumor progression and pathogenesis

The partial segregation of the meningioma grades using
the LDA plots shows the commonalities and correlation
between the samples despite being two different clinical
grades. The classical strategy of identification of differ-
ential expression with significant t-test analysis identi-
fies promising grade-specific tissue markers due to the
biological variation and heterogeneity of the samples.
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Proteins like Profilin 1 (PFN1), H4 Clustered Histone 1
(H4C1), Annexin Al (ANXA1), S100 calcium-binding
protein All (S100A11) and Lactate Dehydrogenase
(LDH1) were found to be upregulated in high grade
Meningioma in comparison to low grade. However, Plec-
tin (PLEC) and Mucins (MUC4, MUC5A, MUC1) were
found to be downregulated in high grade Meningioma.
The sample-wise expression of these proteins has been
shown as a heatmap (Fig. S1D). The differential expres-
sion of proteins, like S100A11 (DGYNYTLSK and
CIESLIAVFQK), PFN1 (TFVNITPAEVGVLVGK and
TLVLLMGK), and PLEC (NLVDNITGQR and ALQA-
LEELR) with their peptides can be found in Fig. 1D, E,
and F. The expression level of peptides and proteins are
provided in Table S4.

Segregation profile of different patient cohorts deciphers
the potential of serum protein markers

A list of 24 proteins after peak refinement having more
than 2 peptides and atleast 3 transitions for each pep-
tide was taken for LDA to understand the segregation of
healthy control, GBM, low grade, and high grade menin-
gioma samples. The LDA plots showed clear segregation
between healthy control samples from the meningioma
and GBM sample cohorts. The high grade meningioma
sample cohort overlapped with the low grade menin-
gioma and GBM cohort (Fig. 2C). Around 23.5% of the
peptides showed segregation between the meningioma
grades (Fig. S2C).

Differential expression analysis to identify altered serum
markers in Meningioma

Normalised peak areas were used to calculate the fold
change for identifying the differentially expressed pro-
teins. Proteins like Transferrin (TF), Apolipoprotein B
(APOB), Cytochrome c oxidase subunit III (CO3), and
Albumin (ALBU) were found to be significantly altered
with a p-value<0.05 in high grade Meningioma, shown
as a heatmap in Fig. S2D. Expression levels of some sig-
nificant proteins like transferrin, gelsolin and apoli-
poprotein B have been represented with refined peaks
and group-wise box plots. The peptides represented for
Transferrin include SASDLTWDNLK and ASYLDCIR,
for Gelsolin include TGAQELLR and TASDFITK, and
those for Apolipoprotein B TEVIPPLIENR and TSS-
FALNLPTLPEVK. (Fig. 2D, E, and F). The peak area of all
the proteins and the peptides acquired after the analysis
is available in Table S5.

Selection of top features for better segregation of

meningioma grades using ML based classification strategy
The list of 49 proteins for tissue and 24 proteins for
serum was used for feature selection and ML for which
a schematic is provided in Fig. 3A. The analysis has been
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performed separately for tissue and serum taking only
the high grade as group 1 and low grade meningioma
samples as group 0. A list of 15 proteins for tissue and 12
proteins for serum were selected based on the Gini index
and Gain ratio (Fig. 3B and C). Furthermore, the selected
feature was used to build and optimize the classification
model to separate the low grade from high grade menin-
gioma. After optimization of the classification models,
the SVM showed the best classifier with a mean accuracy
of 0.8 in serum and tissue, with a 10-cross-fold validation
(Fig. 3D and E). Furthermore, the top feature pair was
identified using rank projection and evaluated the clus-
tering of the meningioma samples using Principal Com-
ponent Analysis (PCA) for both serum and tissue. The
analysis showed that a combination of MUC4 and MUC1
followed by SPTB2 and S100A11 showed segregation as a
marker pair between low grade and high grade meningi-
oma in tissue. Interestingly, a combination of Transferrin
(TF) and FN1 along with TF and APOB showed better
segregation as serum markers for meningioma grades.
Finally, the performance measurement for ML classifica-
tion and its accuracy have been shown as confusion plots
for both tissue and serum (Fig. 3H and I). A few of these
markers, along with the peak area of unique peptides in
regard to meningioma grades and spectral library, are
shown in Fig. S3A-F.

Discussion

The increasing incidence of brain tumors and cancer in
general has brought the issue of unmet needs in screen-
ing, diagnosis and prognostic markers to the forefront.
Conventional antibody-based techniques are plagued
with issues like low dynamic range, cross-reactivity or
availability for timely and efficient management [28]
warranting the need to establish alternative laboratory
diagnostic modalities. MRM is one such modality with
great reproducibility and accuracy [26, 27]. MRM has
established its utility in screening, diagnosis, predicting
treatment response and prognosis for haematological
malignancies and prostate cancer among others. Despite
advancements in identifying markers that help improve
diagnosis in other cancers, the clinical translation rate
for meningioma is very low. There are several studies
on meningioma reporting the role of different proteins
in meningioma pathophysiology [12, 42, 19, 18, 43, 44].
However, these protein candidates still require validation
before deploying them for diagnostic purposes. The cur-
rent study has been designed with an aim to verify and
validate the potential of the previously reported protein
markers using targeted proteomics approach for menin-
gioma grade classification. The quantitative data was
obtained for 183 unique peptides (corresponding to 49
proteins) for tissue samples, and 118 unique peptides (24
proteins) for the serum samples. Also, among the studied



Halder et al. Clinical Proteomics (2023) 20:41 Page 8 of 12

3A.

Xl

Data Visualization

In|| =

Snectialiibary Peak Refinement
Development

Skyline
Feature Selection
and ML

Classification Panel in Tissue samples of Meningioma Classification Panel in Serum samples of Meningioma

|
|
3B. o2 3C.
018 DGainrato ©Gini | g2 wGalnrato  wGinl
g 0.18
0.16 |
0.16
0.14 1 014
0.12 I o 012
[ 4
g 01 | S 0.1
S 008 | @ oo0s
0.06 0.06
0.04 I
0.04
0 I 0
588839z 28z:z83%F 52583588z 338%23
o ' o =
o = I o = [TREY zZ
3D. % = =2 2l a o % 8 g E E IGE- 3 z = 3 % E :
S n 9 i
T r—""/ ] | g P S &
s o ) 1 e B
1 ——As I T
e /" 5 T
2 / le
& % X
o 4 /
g1 |/ g Naive Bayes (0.805 15 -
2 7 aive Bayes (0.805) & Naive Bayes (0.710)
o / KNN (0.805) 1
g / I g KNN (0.613)
= / Tree (0.634) = Tree (0.613)
/ Random Forest (0.780) I Random Forest (0.581)
SVM (0.854) | SVM (0.806)
AdaBoost (0.707) | AdaBoost (0.484)
3F. False Positive Rate . False Positive Rate
: ® 0 = Low Grade 3G. © 0=Low Grade
— Hi | =
MUG4 and MuG1 @ =Hioh Grade gp7R ang 510011 TFandFNT  ®'=HohGrade 104 apoB
e 3 e » s e
g e 0° o E @ . .‘. Ip_u o o 10l % 0o ®
S a0 ° 4 e 2 . o o e ol . .
e e L ° . 3 08 - ° 0s) > °
| * e ° o _ 1 ® , o 0: Wi
& 5o ° 8 ) e ¥l osfy o, [} o8 B 8 i e
s . -l e " .
L) ° . ° .
04 - o o . o | 07, . w— 07} & 4 -
L] ) L]
n " . .. . . — I, . o o
B | e 03, |
° ~ . .
s . . ° B s e .? 1 * == 0 :?
e A - 5 = =
Muct S100A11 3l APOB
3H. 5 13l
| >
23 ! 17
0 1
: 0
|
18 1 14
1 ' 1
|
I
> 25 16 41 | > 21 10 31
1
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samples, 25 of 41 meningioma tissue and 22 of 32 serum
samples were females depicting the disparity in menin-
gioma occurrence across sexes which aligns with the fact
that meningiomas are 2% times more prevalent among
females than males [45, 46] .

The peptide level segregation in 53 tissue samples,
showed an interesting pattern wherein the control cohort
had no overlap with meningioma and glioma cohorts.
The glioma cohort was found to have a clear segrega-
tion between low grade and high grade meningioma,
indicating the potential of these peptides and proteins as
meningioma-specific markers. The combination of these
peptides show good inter-tumor segregation but requires
further validation in a large glioma sample cohort owing
to the heterogenous nature of gliomas, especially grade
IV gliomas. Notably, between low grade and high grade
meningioma, instead of the desired discrete segregation
a significant overlap was observed. The overlapping sam-
ples in the intersection of the low grade and high grade
cohort could help draw multiple inferences. One hypoth-
esis could be that it represents the transition phase
between the grades, multiple sub-types, or heterogene-
ity. However, the list of protein markers has the poten-
tial to comprehend and unveil the underlying molecular
pattern, thus, assisting in efficient segregation of menin-
gioma tumors. Conversely, the peptide level classifica-
tion rather than the protein level in 51 serum samples
shows better segregation between the low and high grade
meningioma with few overlapping samples. Another
interesting observation is the overlap and commonali-
ties between normal and low grade meningioma which
is also perhaps the reason that early onset and drastic
alteration of proteome profile in the bloodstream in the
benign stage is not much reported. Similarly, the high
grade meningioma cohort had overlap with GBM rather
than with meningioma, representing the commonalities
between the aggressiveness of the two different and most
prevalent brain tumors.

Though the list of all these proteins from both serum
and tissues are reported as markers in literature and
holds biological relevance, a smaller and more precise
panel could help in further validation and clinical impli-
cation. Both feature selection and statistical analysis
have been performed to select a small subset of 15 and
12 best classifiers for tissue and serum, evaluated using
SVM classification strategy. Among the top 15 protein
markers identified in tissue samples, in high grade and
low grade comparison, Mucins (MUC), Annexin Al
and S100 protein were also present. These are reported
IHC markers for meningioma and other cancer diagno-
ses [47, 48]. Mucin plays an active role in protecting the
epithelial cell layers, and different studies suggest their
role in malignancy by inhibiting stress-induced apoptosis
and regulating gene transcriptions [49]. Clinical reports
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and studies have validated the importance of Mucin in
meningioma diagnosis [50]. Our study identified mucins
like MUC1, MUC4, and MUCS5A as significantly altered
proteins in meningioma grade comparison. In addition,
MUCI1 and MUC4 were identified as top-ranked clas-
sifiers with the best segregation in pair feature projec-
tion plots. Annexin Al (ANXAI) is a known regulator
in brain tumors like glioblastoma and assists in tumor
immune escape through enhanced IL8 production and
NF-kB (p65) activation [51, 26]. We have observed its
higher expression levels in high grade samples and high
scores of gini index and gain ratio to classify the low
and high grades. Another potential cancer marker S100
calcium-binding protein A11 (S100A11), reported in all
types of cancer and have a significant correlation with
tumor-associated macrophages (TAM), tumor-asso-
ciated fibroblasts (TAF), and Treg cells [52]. It has also
been reported in the context of Meningioma and Glio-
blastoma tumor progression and unfavorable progres-
sion [12] and [53]. In this study, SI00A11 was found to
be significantly upregulated in high grade meningioma.
It also showed maximum segregation between the grades
along with Spectrin beta chain (SPTB2) in the pair fea-
ture projection plot. Using these diagnostic markers like
MUCI, S100A11, and ANXAI, this approach could be
tested out as an alternative to confirm the early prognosis
of Meningioma.

Apart from these markers, Plectin (PLEC) and Profilin
1 (PEN1) that are previously reported as metastasis regu-
lators in different cancers [54, 55], showed differential
expression in our study. Plectin, a cytoskeleton and cell
migration marker, have been observed to be down-regu-
lated in our high grade Meningioma samples. In a study
by Perez et al,, it has been reported that misregulation of
plectin induces genomic instability and increased acti-
vation could eradicate malignancies [54] and thus refer-
ring to a hint that Plectin could be downregulated in high
grade tumors. On the other hand, up-regulation of PFN1
in high grade meningioma, could be connected with the
stiffness of the extracellular matrix found in aggressive
tumor tissues, which promotes proliferation [56]. More-
over, the overall biological network of the proteins such
as Aldolase A and Spectrins, featured for ML classifica-
tion, regulates the Cadherin binding and is involved in
cell adhesion.

Serum markers showed better segregation of grades
in meningioma and a list of 12 proteins recorded a class
accuracy of ~80%. We found an upregulation of Trans-
ferrin (TF) in low grade patients compared to high grade
serum samples. According to the published reports,
transferrin receptor 1 showed a higher expression in high
grade tumor tissues of meningioma and different can-
cers [57, 58]. The higher grade of transferrin receptor 1
expression indicates a higher degree of iron consumption
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and lower levels of transferrin in serum [59]. TF has also
shown as one of the promising markers due to better
segregation with high accuracy in ML, and could further
be correlated with altered iron metabolism and its link
with cancer progression and metastasis [60]. Similarly,
Apolipoprotein B (APOB), which is significantly altered
in meningioma in our study, has been associated with
cancers and brain tumors [61, 62]. A study by Zhou et
al. illustrated the importance of apolipoprotein profiles
and serum ferritin in maintaining homeostasis where the
relationship was studied in the context of brain tumors
and aggressiveness [63]. Another serum protein found
to be significantly altered in our study was Fibronectin
(FN1). Though FN1 is altered in malignancies, its role
has been poorly understood [64]. The combination of
TF and FN1 has been identified as one of the important
pair features and showed good classification of menin-
gioma grades. In addition to these markers, we identified
Gelsolin (GSN) as a significantly downregulated protein
in high grade meningioma. Despite GSN having been
reported in meningioma multiple times, there has been
no clarity regarding its expression in meningioma grades.
However, a study published by Chiu et al. has reported
lower expression of circulating GSN in Head and neck
cancer and hypothesised that GSN is not only regulating
cellular morphology but cell apoptosis as well [65].

In conclusion, we explored and validated the poten-
tial of different meningioma biomarkers reported in lit-
erature, repositories, and knowledgebases in serum and
tissue samples in the Indian population. The clinical diag-
nosis of meningioma still relies majorly on immunohis-
tochemistry and gene mutation analysis despite the rapid
advancement in the field of proteomics. Despite the pres-
ence of a long list of proteins with biomarker potential,
only a few proteins truly showed potential to segregate
the different grades of meningioma. Our observation of
transitional tumors exhibiting characteristics of grade I
and grade II meningioma in addition to the existing prob-
lem of tumor heterogeneity could be a significant obstacle
challenging biomarker discovery. However, monitoring
serum markers could be a step in the right direction for
monitoring the progression of the patients in a non-inva-
sive manner. The successful validation of these proteins
in a larger cohort of samples from different populations
can help design the panel of protein biomarkers for early
diagnosis and prognosis of meningioma.

Supplementary Information
The online version contains supplementary material available at https://doi.
0rg/10.1186/512014-023-09426-9.

Supplementary Material 1
Supplementary Material 2

Supplementary Material 3

Page 10 of 12

Supplementary Material 4
Supplementary Material 5

Supplementary Material 6

Acknowledgements

We are grateful to the repositories and databases available which have been
the major support to build the portal. We are thankful to Mass Spectrometry
Facility IIT Bombay (MASSFIITB) for sample generation. We are also obliged
to Saicharan Ghantasala and Ayushi Verma for reviewing the data and
manuscript. We also acknowledge Servier Medical Art for providing scientific
images.

Authors’ contributions

Study Design and Experimental Workflow: AH.,, D.B, S.S., Sample Collection
and Clinical interpretation: E.S,, AM and PS,, Sample Preparation and
Experiment setup: AH, DB, A.C, S.A, Data Acquisition: D.B,, AH., A.C, M.N.
Data Analysis: D.B, AH., AC, S.A, DY, SP,GS, MN,G., Machine Learning and
Feature selection: D.B, AH., G.R.B, Data Visualization: D.B,, AH., A.C., Manuscript
writing and review: AH, D.B, AC.S.A, DY, SP, GS, MN, ES, AM, PS.GRB.
S.S. All authors reviewed the manuscript.

Funding

The study was supported through the MHRD-UAY Project (UCHHATAR
AVISHKAR YOJANA) (UAY-(MHRD)), project #IITB_016 (2017) to S.S. MASSFIITB
(Mass Spectrometry Facility at IIT Bombay) from the Department of
Biotechnology (BT/PR13114/INF/22/206/2015). We also thank MERCK-COE
(DO/2021-MLSP) for their extended support. AH was funded by the Ministry
of Education, India through the Prime Minister's Research Fellowship (PMRF)
programme. D.B. was funded by the University Grants Commission (UGC)
through UGC fellowship programme.

Data Availability

The targeted proteomic datasets are deposited in the PeptideAtlas SRM
Experiment Library (PASSEL).

1. Targeted Proteomics Dataset of Serum:
http://www.peptideatlas.org/PASS/PASS03806

2. Targeted Proteomics Dataset of Tissue:
http://www.peptideatlas.org/PASS/PASS03808

Declarations

Consent for publication
All the authors have approved the final version of the manuscript and have
provided the consent for publication.

Conflict of interest
The authors declared no competing conflict of interest.

Competing interests
The authors declare no competing interests.

Author details

'Department of Biosciences and Bioengineering, Indian Institute of
Technology Bombay, Powai, Mumbai 400076, India

Motilal Nehru National Institute of Technology, Allahabad 211004, UP,
India

3Department of Bioscience & Bioengineering, Indian Institute of
Technology Guwahati, Guwahati 781039, Assam, India

“CSIR-Institute of Genomics and Integrative Biology, Sukhdev Vihar,
New Delhi 110025, India

*Institute for Systems Biology, 401 Terry Ave N, Seattle, WA 98109, USA
Koita Centre for Digital Health, Indian Institute of Technology Bombay,
Powai, Mumbai 400076, India

7Department of Pathology, Tata Memorial Centre, Mumbai, India
8Department of Neurosurgery, Tata Memorial Centre, Mumbiai, India
“Medical Technology Research Centre, Anglia Ruskin University,
Cambridge Campus, East Rd, Cambridge CB1 1PT, UK


https://doi.org/10.1186/s12014-023-09426-9
https://doi.org/10.1186/s12014-023-09426-9
http://www.peptideatlas.org/PASS/PASS03806
http://www.peptideatlas.org/PASS/PASS03808

Halder et al. Clinical Proteomics (2023) 20:41

1%Department of Bioengineering and Therapeutic Sciences, University of
California, San Francisco, 185 Berry St., Suite 290, San Francisco, CA
94107, USA

Received: 12 May 2023 / Accepted: 21 August 2023
Published online: 29 September 2023

References

1. Aslam B, Basit M, Nisar MA, Khurshid M, Rasool MH. Proteomics: Technologies
and their applications. J Chromatogr Sci. 2017;55:182-96.

2. Ellis MJ, Gillette M, Carr SA, Paulovich AG, Smith RD, Rodland KK, et al. Con-
necting genomic alterations to cancer biology with proteomics: the NCI Clin-
ical Proteomic Tumor Analysis Consortium. Cancer Discov. 2013;3:1108-12.

3. Omenn GS. Advances of the HUPO Human Proteome Project with broad
applications for life sciences research. Expert Rev Proteomics. 2017;14:109-11.

4. Frantzi M, Latosinska A, Kontostathi G, Mischak H. Clinical proteomics: closing
the gap from Discovery to implementation. Proteomics. 2018;18:21700463.

5. Halder A Verma A, Biswas D, Srivastava S. Recent advances in mass-spec-
trometry based proteomics software, tools and databases. Drug Discov Today
Technol. 2021;39:69-79.

6. Verma A, Halder A, Marathe S, Purwar R, Srivastava S. A proteogenomic
approach to target neoantigens in solid tumors. Expert Rev Proteomics.
2020;17:797-812.

7. Witkowska HE, Hall SC, Fisher SJ. Breaking the bottleneck in the protein
biomarker pipeline. Clin Chem. 2012;58:321-3.

8. lwamoto N, Shimada T. Recent advances in mass spectrometry-based
approaches for proteomics and biologics: great contribution for developing
therapeutic antibodies. Pharmacol Ther. 2018;185:147-54.

9. Alruwaili AA, De Jesus O. Meningioma. StatPearls [Internet]. Treasure Island
(FL): StatPearls Publishing; 2023 [cited 2023 May 5]. Available from: http://
www.ncbi.nim.nih.gov/books/NBK560538/.

10.  Louis DN, Perry A, Wesseling P, Brat DJ, Cree IA, Figarella-Branger D, et al. The
2021 WHO classification of tumors of the Central Nervous System: a sum-
mary. Neuro Oncol. 2021;23:1231-51.

1. Abbritti RV, Polito F, Cucinotta M, Lo Giudice C, Caffo M, Tomasello C, et al.
Meningiomas and proteomics: focus on new potential biomarkers and
molecular pathways. Cancer Genomics Proteomics. 2016;13:369-79.

12. Mukherjee S, Biswas D, Epari S, Shetty P, Moiyadi A, Ball GR, et al. Comprehen-
sive proteomic analysis reveals distinct functional modules associated with
skull base and supratentorial meningiomas and perturbations in collagen
pathway components. J Proteom. 2021;246:104303.

13. Baser ME, Poussaint TY. Age associated increase in the prevalence of
chromosome 22q loss of heterozygosity in histological subsets of benign
meningioma. J Med Genet. 2006;43:285-7.

14. Lee S, Karas PJ, Hadley CC, Bayley VIC, Khan AB, Jalali A, et al. The role of
Merlin/NF2 loss in Meningioma Biology. Cancers (Basel). 2019;11:1633.

15. BiWL, Prabhu VC, Dunn IF. High-grade meningiomas: biology and implica-
tions. Neurosurg Focus. 2018;44:E2.

16. Sahm F, Schrimpf D, Stichel D, Jones DTW, Hielscher T, Schefzyk S, et al. DNA
methylation-based classification and grading system for meningioma: a
multicentre, retrospective analysis. Lancet Oncol. 2017;18:682-94.

17. DunnJ, Ferluga S, SharmaV, Futschik M, Hilton DA, Adams CL, et al. Proteomic
analysis discovers the differential expression of novel proteins and phospho-
proteins in meningioma including NEK9, HK2 and SET and deregulation of
RNA metabolism. EBioMedicine. 2019;40:77-91.

18. Sharma S, Ray S, Moiyadi A, Sridhar E, Srivastava S. Quantitative proteomic
analysis of meningiomas for the identification of surrogate protein markers.
Sci Rep. 2014;4:7140.

19. Erkan EP, Strobel T, Dorfer C, Sonntagbauer M, Weinhdusel A, Saydam N,
et al. Circulating tumor biomarkers in Meningiomas reveal a signature of
Equilibrium between Tumor Growth and Immune Modulation. Front Oncol.
2019;9:1031.

20. Gupta S, Mukherjee S, Syed P, Pandala NG, Choudhary S, Singh VA, et al.
Evaluation of autoantibody signatures in meningioma patients using human
proteome arrays. Oncotarget. 2017,8:58443-56.

21, Alhajj M, Zubair M, Farhana A. Enzyme Linked Immunosorbent Assay. Stat-
Pearls [Internet]. Treasure Island (FL): StatPearls Publishing; 2023 [cited 2023
Jun 28]. Available from: http://www.ncbi.nlm.nih.gov/books/NBK555922/.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32

33.

34.

35.
36.

37.

38.

39.

40.

41.

42.

43.

45.

Page 11 of 12

Ihling C, Téanzler D, Hagemann S, Kehlen A, Huttelmaier S, Arlt C, et al. Mass
Spectrometric Identification of SARS-CoV-2 proteins from Gargle Solution
samples of COVID-19 patients. J Proteome Res. 2020;19:4389-92.

Giri K, Maity S, Ambatipudi K. Targeted proteomics using parallel reaction
monitoring confirms salivary proteins indicative of metastatic triple-negative
breast cancer. J Proteom. 2022;267:104701.

Kontostathi G, Makridakis M, Zoidakis J, Vlahou A. Applications of multiple
reaction monitoring targeted proteomics assays in human plasma. Expert
Rev Mol Diagn. 2019;19:499-515.

Mermelekas G, Vlahou A, Zoidakis J. SRM/MRM targeted proteomics as a tool
for biomarker validation and absolute quantification in human urine. Expert
Rev Mol Diagn. 2015;15:1441-54.

Ghantasala S, Pai MGJ, Biswas D, Gahoi N, Mukherjee S, Kp M, et al. Multiple
reaction monitoring-based targeted assays for the validation of protein
biomarkers in brain tumors. Front Oncol. 2021;11:548243.

Song E, Gao Y, Wu C, ShiT, Nie S, Fillmore TL, et al. Targeted proteomic assays
for quantitation of proteins identified by proteogenomic analysis of ovarian
cancer. Sci Data. 2017:4:170091.

Banerjee S. Empowering Clinical Diagnostics with Mass Spectrometry. ACS
Omega. 2020;5:2041-8.

Babbi G, Martelli PL, Profiti G, Bovo S, Savojardo C, Casadio R. eDGAR: a
database of Disease-Gene Associations with annotated Relationships among
genes. BMC Genomics. 2017;18:554.

Lau E, Venkatraman V, Thomas CT, Wu JC, Van Eyk JE, Lam MPY. Identifying
High-Priority Proteins across the human diseasome using semantic similarity.
J Proteome Res. 2018;17:4267-78.

Pifiero J, Bravo A, Queralt-Rosinach N, Gutiérrez-Sacristan A, Deu-Pons J,
Centeno E, et al. DisGeNET: a comprehensive platform integrating informa-
tion on human disease-associated genes and variants. Nucleic Acids Res.
2017;45:.D833-9.

Turewicz M, Frericks-Zipper A, Stepath M, Schork K, Ramesh S, Marcus K, et
al. BIONDA: a free database for a fast information on published biomarkers.
Bioinform Adv. 2021;1:vbab015.

Rouillard AD, Gundersen GW, Fernandez NF, Wang Z, Monteiro CD,
McDermott MG, et al. The harmonizome: a collection of processed datasets
gathered to serve and mine knowledge about genes and proteins. Database
(Oxford). 2016;2016:0aw100.

Jarnuczak AF, Vizcaino JA. Using the PRIDE database and ProteomeXchange
for Submitting and Accessing Public Proteomics Datasets. Curr Protoc Bioin-
formatics. 2017;59:13311-12.

White J. PubMed 2.0. Med Ref Serv Q. 2020,39:382-7.

Lo Surdo P, Calderone A, lannuccelli M, Licata L, Peluso D, Castagnoli

L, et al. DISNOR: a disease network open resource. Nucleic Acids Res.
2018,46:D527-34.

Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes.
Nucleic Acids Res. 2000;28:27-30.

ZhouY, Zhou B, Pache L, Chang M, Khodabakhshi AH, Tanaseichuk O, et al.
Metascape provides a biologist-oriented resource for the analysis of systems-
level datasets. Nat Commun. 2019;10:1523.

Suvarna K, Biswas D, Pai MGJ, Acharjee A, Bankar R, Palanivel V, et al.
Proteomics and machine learning approaches reveal a set of prognostic
markers for COVID-19 severity with drug repurposing potential. Front Physiol.
2021;12:652799.

MacLean B, Tomazela DM, Shulman N, Chambers M, Finney GL, Frewen B,

et al. Skyline: an open source document editor for creating and analyzing
targeted proteomics experiments. Bioinformatics. 2010,26:966-8.

Gaudet P, Michel P-A, Zahn-Zabal M, Britan A, Cusin |, Domagalski M, et al. The
neXtProt knowledgebase on human proteins: 2017 update. Nucleic Acids
Res. 2017;45:D177-82.

Mukherjee A, Ghosh S, Biswas D, Rao A, Shetty P, Epari S, et al. Clinical pro-
teomics for Meningioma: an Integrated Workflow for quantitative proteomics
and Biomarker Validation in Formalin-Fixed paraffin-embedded tissue
samples. OMICS. 2022,26:512-20.

Papaioannou M-D, Djuric U, Kao J, Karimi S, Zadeh G, Aldape K; et al. Pro-
teomic analysis of meningiomas reveals clinically distinct molecular patterns.
Neuro Oncol. 2019;21:1028-38.

Nassiri F, Liu J, Patil V, Mamatjan Y, Wang JZ, Hugh-White R, et al. A clinically
applicable integrative molecular classification of meningiomas. Nature.
2021;597:119-25.

Cea-Soriano L, Wallander M-A, Garcia Rodriguez LA. Epidemiology of menin-
gioma in the United Kingdom. Neuroepidemiology. 2012,39:27-34.


http://www.ncbi.nlm.nih.gov/books/NBK560538/
http://www.ncbi.nlm.nih.gov/books/NBK560538/
http://www.ncbi.nlm.nih.gov/books/NBK555922/

Halder et al. Clinical Proteomics

46.

47.

48.

49.

50.

52.

53.

54.

55.

56.

57.

(2023) 20:41

SunT, Plutynski A, Ward S, Rubin JB. An integrative view on sex differences in
brain tumors. Cell Mol Life Sci. 2015;72:3323-42.

Boulagnon-Rombi C, Fleury C, Fichel C, Lefour S, Marchal Bressenot A, Gau-
chotte G. Immunohistochemical Approach to the Differential diagnosis of
Meningiomas and their mimics. J Neuropathol Exp Neurol. 2017;76:289-98.
Hongsrichan N, Rucksaken R, Chamgramol Y, Pinlaor P, Techasen A, Yongvanit
P, et al. Annexin A1: a new immunohistological marker of cholangiocarci-
noma. World J Gastroenterol. 2013;19:2456-65.

Kufe DW. Mucins in cancer: function, prognosis and therapy. Nat Rev Cancer.
2009;9:874-85.

Kong X, TuYY, Zhong W, Wu HB. [Expression of mucin-4 in meningiomas and
its diagnostic significance]. Zhonghua Bing Li Xue Za Zhi. 2020;49:727-32.
Chen R, Chen C,Han N, Guo W, Deng H, Wang Y, et al. Annexin-1 is an
oncogene in glioblastoma and causes tumour immune escape through the
indirect upregulation of interleukin-8. J Cell Mol Med. 2022,26:4343-56.
JiX,Qin X, Huang X, Wang W, Li H, Zheng C, et al. STO0A11: a potential car-
cinogen and prognostic marker that correlates with the Immunosuppressive
Microenvironment in Pan-Cancer. J Cancer. 2023;14:88-98.

Wang H, Yin M, Ye L, Gao P, Mao X, Tian X, et al. STO0A11 promotes Glioma
Cell Proliferation and predicts Grade-Correlated unfavorable prognosis.
Technol Cancer Res Treat. 2021;20:15330338211011960.

Perez SM, Brinton LT, Kelly KA. Plectin in Cancer: from biomarker to therapeu-
tic target. Cells. 2021;10:2246.

Wang Y, LuY, Wan R, Wang Y, Zhang C, Li M, et al. Profilin 1 induces Tumor
Metastasis by promoting Microvesicle Secretion through the ROCK 1/p-MLC
pathway in Non-Small Cell Lung Cancer. Front Pharmacol. 2022;13:890891.
SunY, Deng R, Zhang K, Ren X, Zhang L, Li J. Single-cell study of the extracel-
lular matrix effect on cell growth by in situ imaging of gene expression.
Chem Sci. 2017;8:8019-24.

Ugar T, Gurer |. Prognostic importance of transferrin receptor expression and
correlation with K1-67 labelling indices in intracranial meningiomas. Br J
Neurosurg. 2003;17:525-9.

58.

59.

60.

61.

62.

63.

64.

65.

Page 12 of 12

Shen', Li X, Dong D, Zhang B, Xue Y, Shang P. Transferrin receptor 1 in cancer:
a new sight for cancer therapy. Am J Cancer Res. 2018;8:916-31.

Jeong SM, Hwang S, Seong RH. Transferrin receptor regulates pancreatic
cancer growth by modulating mitochondrial respiration and ROS generation.
Biochem Biophys Res Commun. 2016;471:373-9.

Brown RAM, Richardson KL, Kabir TD, Trinder D, Ganss R, Leedman PJ. Altered
Iron Metabolism and Impact in Cancer Biology, Metastasis, and Immunology.
Front Oncol. 2020;10:476.

HeY, Chen J, MaY, Chen H. Apolipoproteins: New players in cancers. Front
Pharmacol. 2022;13:1051280.

Han C, HeY, Chen L, Wang J, Jiao S, Xia X, et al. Low expression of APOB
mMRNA or its Hypermethylation predicts favorable overall survival in patients
with Low-Grade Glioma. Onco Targets Ther. 2020;13:7243-55.

Dowling P, Palmerini V, Henry M, Meleady P, Lynch V, Ballot J, et al. Transferrin-
bound proteins as potential biomarkers for advanced breast cancer patients.
BBA Clin. 2014;2:24-30.

Rick JW, Chandra A, Dalle Ore C, Nguyen AT, Yagnik G, Aghi MK. Fibronectin in
malignancy: Cancer-specific alterations, protumoral effects, and therapeutic
implications. Semin Oncol. 2019;46:284-90.

Chiu C-T, Wang P-W, Asare-Werehene M, Tsang BK, Shieh D-B. Circulating
plasma gelsolin: a predictor of favorable clinical outcomes in Head and Neck
Cancer and Sensitive Biomarker for Early Disease diagnosis combined with
Soluble Fas ligand. Cancers (Basel). 2020;12:1569.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.



	﻿A large-scale targeted proteomics of serum and tissue shows the utility of classifying high grade and low grade meningioma tumors
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Ethics approval and informed consent
	﻿Sample collection
	﻿Mining and preparation of protein list
	﻿Preparation of tissue and serum samples
	﻿Transition list preparation
	﻿Data acquisition using LC/MS
	﻿Experimental design for tumor tissue and serum sample
	﻿Feature selection and machine learning (ML) based analysis

	﻿Results
	﻿Quality control check and assessment of instrumental variation through pooled tumor samples
	﻿Linear discriminant analysis segregates the meningioma samples cohort
	﻿Alteration of tissue proteomics markers with respect to meningioma tumor progression and pathogenesis
	﻿Segregation profile of different patient cohorts deciphers the potential of serum protein markers
	﻿Differential expression analysis to identify altered serum markers in Meningioma
	﻿Selection of top features for better segregation of meningioma grades using ML based classification strategy

	﻿Discussion
	﻿References


