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Abstract

Medulloblastoma (MB) is the most common malignant brain tumor in children. There remains an unmet need for
diagnostics to sensitively detect the disease, particularly recurrences. Cerebrospinal fluid (CSF) provides a window into
the central nervous system, and liquid biopsy of CSF could provide a relatively non-invasive means for disease diag-
nosis. There has yet to be an integrated analysis of the transcriptomic, metabolomic, and lipidomic changes occur-
ring in the CSF of children with MB. CSF samples from patients with (n =40) or without (n=11; no cancer) MB were
subjected to RNA-sequencing and high-resolution mass spectrometry to identify RNA, metabolite, and lipid profiles.
Differentially expressed transcripts, metabolites, and lipids were identified and their biological significance assessed by
pathway analysis. The DIABLO multivariate analysis package (R package mixOmics) was used to integrate the molecu-
lar changes characterizing the CSF of MB patients. Differentially expressed transcripts, metabolites, and lipids in CSF
were discriminatory for the presence of MB but not the exact molecular subtype. One hundred and ten genes and
ten circular RNAs were differentially expressed in MB CSF compared with normal, representing TGF-3 signaling, TNF-a
signaling via NF-kB, and adipogenesis pathways. Tricarboxylic acid cycle and other metabolites (malate, fumarate, suc-
cinate, a-ketoglutarate, hydroxypyruvate, N-acetyl-aspartate) and total triacylglycerols were significantly upregulated
in MB CSF compared with normal CSF. Although separating MBs into subgroups using transcriptomic, metabolomic,
and lipid signatures in CSF was challenging, we were able to identify a group of omics signatures that could separate
cancer from normal CSF. Metabolic and lipidomic profiles both contained indicators of tumor hypoxia. Our approach
provides several candidate signatures that deserve further validation, including the novel circular RNA circ_463, and
insights into the impact of MB on the CSF microenvironment.
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Introduction

Medulloblastoma (MB) is the most common malignant
tumor of the cerebellum in children, and it accounts
for 10-15% of pediatric central nervous system (CNS)

*Correspondence: tgarrett@ufl.edu; jperera2@jh.edu
"Bongyong Lee and Igbal Mahmud: Joint first authors

! Department of Oncology, Sidney Kimmel Comprehensive Cancer tumors [1]. MB has a propensity to invade and dissemi-

Center, School of Medicine, Johns Hopkins University, 1650 Orleans St, nate in the cerebrospinal fluid (CSF), with disseminated

Balti MD 21231, USA . . . e

3aD more, ’ - CNS disease occurring in 30-40% of cases at initial
epartment Pathology, Immunology and Laboratory Medicine, College ) : >

of Medicine, University of Florida, 1395 Center Drive, Gainesville, FL 32610, diagnosis and most patients at recurrence [2]. The cur-

USA rent diagnosis of MB is based on clinical assessment,

Full list of author information is available at the end of the article . . . . . .
imaging, and subsequent histopathological examination

©The Author(s) 2022, corrected publication 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0
International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes

were made. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/. The Creative Commons Public Domain Dedication waiver
(http//creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated in a
credit line to the data.


http://orcid.org/0000-0002-5926-3687
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40478-022-01326-7&domain=pdf

Lee et al. Acta Neuropathologica Communications (2022) 10:25

of biopsies, with magnetic resonance imaging (MRI)
and lumbar puncture often performed to monitor treat-
ment responses and to detect recurrences [3]. Although
recent advances in imaging have improved MB detec-
tion and monitoring, there remain unmet needs for
diagnostics to sensitively detect the disease at both ini-
tial presentation and at recurrence. This latter need is
particularly important, since recurrences (particularly
subependymal metastatic disease within the ventricles)
do not always enhance on MRI, and, when present, her-
ald incurable disease that is nearly always fatal [4, 5].

The 2016 World Health Organization Classification
of Tumors of the Nervous System reclassified MB into
four subtypes: WNT (wingless) activated, SHH (sonic
hedgehog) activated, group 3, and group 4 based on
histopathological and molecular features [6]. More
recent studies with increased cohort sizes have iden-
tified intra-subtypes and described a total of twelve
subgroups [7, 8]. Despite this considerable progress in
the molecular characterization of MB, the biology and
impact of the disease on the CSF microenvironment
is still poorly understood, despite the tumor microen-
vironment contributing to cancer progression, metas-
tasis, and resistance and potentially providing a rich
source of biomarkers that can be sampled relatively
non-invasively to chart the course of disease.

Liquid biopsies—the molecular analysis of biofluids—is a
minimally-invasive method that shows promise for disease
detection and monitoring through the measurement of cir-
culating tumor cells, DNA, RNA, or extracellular vesicles
in the urine, CSF, and blood samples [9]. Although blood
has most commonly been used as the biofluid of choice
for liquid biopsy, its sensitivity for CNS tumors tends to be
poor due to biomarkers of interest not crossing the blood—
brain barrier [10]. However, CSF bathes the brain and spi-
nal cord and therefore provides a window to tumors arising
in the CNS and disseminating in the CSE. Furthermore,
many patients with MB have hydrocephalus that needs to
be drained to reduce intracranial pressure and prior to sur-
gery. Many studies have attempted to detect biomarkers in
the CSF in adult patients with CNS tumors [11], but few
have analyzed the metabolite, lipid, transcriptomic, and
genomic profiles in the CSF of children [10, 12-15]. To
date, there has yet to be an integrated analysis of the tran-
scriptomic, metabolomic, and lipidomic changes occurring
in the CSF of children with MB. This is in no small part due
to technical difficulties in: (i) global RNA-sequencing of
messenger RNAs (mRNAs) and circular RNAs (circRNAs)
in CSE, which contains low concentrations of RNAs that
are susceptible to fragmentation and degradation; and (ii)
the ability to profile metabolites and lipids, which have only
recently been facilitated by the advent of high-resolution,
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high-sensitivity, and high mass accuracy mass spectrom-
eters [16].

To obtain an integrated understanding of the patho-
biological impact of MB on the surrounding microen-
vironment of the CSF and as a precursor to biomarker
identification, we analyzed the transcriptomic, metabo-
lomic, and lipidomic landscapes of CSF samples obtained
from forty patients with primary or recurrent MB and
eleven normal controls. In doing so, we establish that
patients with MB have a unique transcriptomic, metabo-
lomic, and lipidomic landscape in their CSF that might be
helpful for diagnosis and monitoring and that reflects bio-
logical changes consistent with the presence of MB in the
CNS.

Materials and methods

CSF samples

Details of the CSF samples analyzed are shown in Addi-
tional file 4: Table S1. The Institutional Review Board (IRB)
at each institution approved the protocol for CSF collec-
tion, and all patients provided written informed consent.
The eleven normal samples were purchased from BiolVT
(Westbury, NY USA), Discovery Life Sciences (Huntsville,
AL USA), and Lee Biosolutions (Maryland Heights, MO
USA); thirty samples were from the Children Brain Tumor
Tissue Consortium (CBTTC); five samples were from
Johns Hopkins University (JHU); and five samples from
Johns Hopkins All Children’s Hospital (JHACH). Cell-free
CSF samples were snap-frozen without further processing
and stored at — 80 °C until sample preparation.

Total RNA isolation from CSF and library preparation

for RNA-seq

Briefly, 0.2 ml of CSF was mixed with 1 ml of QIAzol (Qia-
gen, Hilden, Germany) and incubated for 5 min at room
temperature. Next, 0.4 ml of chloroform was added and
mixed. The aqueous phase was obtained by centrifugation
at 14,000 x g for 15 min at 4 °C, and RNAs were isolated
using the miRNeasy Mini kit (Qiagen) according to the
manufacturer’s protocol. To perform library generation
with the NuGen Ovation Solo system, the purified RNAs
were concentrated using the RNA Clean & Concentra-
tor kit (Zymo Research Corp), and libraries were prepared
according to the manufacturer’s instructions. Library quan-
tities were estimated using a KAPA library quantification
kit (Roche Sequencing and Life Science, Wilmington, MA).

cDNA generation and whole transcriptome amplification
from CSF for quantitative real-time PCR (qRT-PCR)
validation

Total RNAs were isolated from 0.1 ml CSF using a
miRNeasy Mini kit (Qiagen) and further concentrated
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using the RNA Clean & Concentrator kit (Zymo Research
Corp). cDNA generation and whole transcriptome ampli-
fication were performed using a REPLI-g WTA single cell
kit (Qiagen) according to the manufacturer’s instructions.
10 ng of amplified cDNA was used for the qRT-PCR
reaction. qRT-PCR was performed using a Power SYBR
Green PCR master mix (Applied Biosystems, Waltham,
MA) in the QuantStudio 3 and 5 Real-Time PCR Systems
(Thermo Fisher Scientific, Waltham, MA) as previously
described [17]. The average Ct value of two genes, beta-
actin (ACTB) and ribosomal protein S28 (RPS28), were
used as endogenous controls. The primer sequences for
the genes are listed in Additional file 3.

Global metabolite and lipid extraction
For global metabolomics, 50 pL of CSF samples thawed
on ice were used. For monitoring metabolite extraction,
20 pL of metabolite internal standard mixture contain-
ing L-leucine-D10 (4 pg/mL), L-tryptophan-2,3,3-D3
(40 pg/mL), (4 pg/mL), L-tyrosine-13C6 (4 pg/mL), caf-
feine-D3 (4 pg/mL), succinic acid-2,3,3,3-D4 (4 pg/mL),
L-leucine-13C6 (4 pg/mL), L-phenylalanine-13C6 (4 pg/
mL), N-BOC-L-tert-leucine (4 pg/mL), and N-BOC-L-
aspartic acid (4 pg/mL) in 0.1% formic acid in water was
added to CSF prior to protein precipitation. L-leucine-
D10, creatine-D3, L-tryptophan-2,3,3-D3, succinic acid-
2,3,3,3-D4, and caffeine-D3 were purchased from CDN
Isotope (Pointe-Clarie, Quebec, Canada). L-tyrosine-
13C6, L-leucine-13C6, and L-phenylalanine-13C6 were
purchased from Cambridge Isotope laboratories, Inc.
(Tewksbury, MA). N-BOC-L-tert-leucine and N-BOC-L-
aspartic acid were purchased from Acros Organics (Fair
Lawn, NJ). After adding the internal standard mixture,
the samples were vortex mixed and stored on ice.

Global metabolite extraction was performed using
1 mL ice-cold methanol (80%) for 20-30 min with
occasional vortexing. The samples were centrifuged at
20,000 rpm for 10 min at 4 °C to pellet. The superna-
tant (500 pL) was transferred to a new tube and dried
under nitrogen gas flow at 30 °C. The dried sample was
reconstituted in 0.1% formic acid in water (50 pL) con-
taining injection standards including BOC-L-tyrosine
(2 pg/mL), BOC-L-tryptophan (2 pg/mL), and BOC-
D-phenylalanine (2 pg/mL). The remaining 500 pL of
supernatant from methanol precipitation was transferred
to 15 mL glass tubes for global lipidomic extraction fol-
lowing a modified version of the Folch extraction [18].
Briefly, 20 pL of internal standard mixture containing
lysophosphatidylcholine (LPC 17:0), phosphatidylser-
ine (PS 14:0/14:0), phosphatidylcholine (PC 17:0/17:0),
phosphatidylglycerol (PG 14:0/14:0), phosphatidylethan-
olamine (PE 15:0/15:0), sphingomyelin (SM d18:1/17:0),
ceramide (Cer d18:1/17:0), diacylglycerol (DG 14:0/14:0),
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triacylglycerol (TG 15:0/15:0/15:0), bis(monacyl-glycero)
phosphate (BMP 14:0 (S,R), and Lyso SM(d17:1) each
at 100 ppm in 2:1 chloroform:methanol was added.
Except for TG, all other lipid standards were purchased
from Avanti Polar Lipids (Alabaster, AL), while TG
was purchased from Sigma-Aldrich (St. Louis, MO).
Extraction was performed by adding ice cold 4:2:1
chloroform:methanol:water (v:v:v), and the organic
phase was collected using low speed centrifugation at
3500 rpm for 10 min at 4 °C. Collected organic phase was
dried down under nitrogen flow and reconstituted in 50
uL of isopropanol plus 1 pL of injection standard mix-
ture containing LPC(19:0), PC(19:0/19:0), PG(17:0/17:0),
PE(17:0/17:0), PS(17:0/17:0), and TG(17:0/17:0/17:0)
each at 100 ppm in 2:1 chloroform:methanol. Metabo-
lomic and lipidomic samples were run separately and, for
each sequence, solvent blanks, extraction blanks (with-
out internal standard), neat quality controls (amino acid
internal standards mixtures), pooled samples (normal
pooled mixture of all normal replicates, 5 pL each and
cancer pooled mixture of all cancerous samples, 5 pL
each) were also prepared for evaluation of extraction and
data collection efficiency.

Metabolomic data acquisition

High-pressure liquid chromatography coupled to high-
resolution tandem mass spectrometry (LC-HRMS/MS)
was used for data collection. Chromatographic separa-
tion for metabolomics was achieved using reversed phase
chromatography with a C18-pfp column (Ace, Aberdeen,
Scotland; 100 x 2.1 mm, 2 um). The mobile phases con-
sisted of solvent A (0.1% FA in H,O) and solvent B (ace-
tonitrile). The system was held constant from 0—3 min at
100% A, then mobile phase B was ramped from 0 B to
80% over 10.0 min (3—13 min) and then held constant
at 80% B for 3 min (13—-16 min) with a flow rate of 350
pL/min and column temperature of 25 °C. For equilibra-
tion, the system was returned to initial conditions with
0% B and the flow rate was increased to 600 pL/min. The
flow rate was reduced back to 350 pL/min before the
next injection. The data collection time per sample was
20.50 min. Both positive (injection volume 2 pL) and
negative ion polarity (injection volume 3 pL) in full scan
mode (35,000 mass resolution) were acquired.

Lipidomic data acquisition

Chromatographic separation for lipidomics was achieved
on a Waters Acquity C18 BEH column maintained at
50 °C (2.1 x 100 mm, 1.7 um particle size, Waters, Mil-
ford, MA). The mobile phases consisted of solvent A
(60:40 acetonitrile:water) and solvent B (90:8:2 isoprop
anol:acetonitrile:water), both with 10 mM ammonium
formate and 0.1% formic acid. The gradient elution was



Lee et al. Acta Neuropathologica Communications (2022) 10:25

ramped from 20% D to 98% D with a 0.5 mL/min flow
rate over 17.00 min followed by 3.00 min column flush
and re-equilibration. The flow rate was 500 pL/min. Sam-
ples were analyzed in positive and negative electrospray
ionization on a Thermo Scientific Q-Exactive mass spec-
trometry with Dionex Ultimate 3000 UHPLC (Thermo
Scientific, San Jose, CA). Data-dependent (ddMS2-top5)
MS/MS and AIF (All-ion fragmentation) data were
obtained on pooled samples per group for identification
purposes.

Tumor vs normal total RNA analysis

We used the ultra-fast FASTQ preprocessor package
fastp [19] for quality control and filtering the fastq read
data of CSF samples. STAR 2.7 [20] was used to aligned
the filtered fastq files to Ensemble human genome v100.
The read counts form aligned bam files were quantified
using the featureCounts package [21]. One normal CSF
sample was removed from downstream analysis, since
it had an extremely low gene count. Additionally, low
count genes from raw data (total expression across the
sample < 2) were removed. The count data were then nor-
malized using trimmed mean of M-values (TMM) scale
normalization using edgeR [22]. Those genes with counts
per million reads mapped (CPM) values>2 in at least in
three samples were chosen for downstream analysis. We
used the limma-voom [23] workflow to identify the dif-
ferentially expressed (DE) genes and gene signatures for
two groups: MB vs normal. Heatmaps and volcano plots
were plotted using R version 4.0.3.

Tumor vs normal circular RNA analysis

To remove the ribosomal RNA (rRNA) from reads,
fastq files were first mapped to human ribosomal DNA
complete repeating unit (GenBank: U13369.1) using
bowtie-2 read aligner [24]. The unmapped reads were
filtered and extracted using a combination of samtools
and bedtools for circular RNA detection. The human
reference DNA and gene annotation files were down-
loaded from Ensembl v100. The reads were aligned to
the human reference genome to generate SAM files using
the BWA-MEM tool. The CIRI2 [25] work-flow was used
for circular RNA (circRNA) detection from aligned SAM
files. The circRNAs identified by CIRI2 were aggregated
to an RNA vs sample count matrix format using the
circM tool [26]. Sample CBTTC-3459 was removed since
it had an extreme circRNA count compared with other
samples for differential analysis. Analysis of differentially
expressed circRNA was performed with the DEseq2 R
package [27]. circRNA counts were very small compared
with total RNA counts, so we preferred DEseq2 to limma
to increase the sensitivity of differential analysis. The
p-values were adjusted using the Benjamini & Hochberg
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method for controlling the false discovery rate. Python
and R packages were used to generate plots and graphs
for circRNA expression.

Tumor vs normal global metabolite and lipid processing
and identification

For lipidomics data analysis, LipidMatch Flow was used
for file conversion, peak picking (implementing MZMine
2 [28]), blank filtration, lipid annotation [29], and com-
bining positive and negative datasets. LipidMatch Flow
was used to annotate ions using data-dependent MS/
MS analysis. For metabolomics data analysis, metabolites
were identified with MZmine 2.0 and matching metabo-
lite retention time and m/z values to an internal library of
over 1000 metabolites representing level 1 identification
following metabolomics standards initiative guidelines.
MetaboAnalyst 5.0 [30] was used for data processing
with the following parameters: peak intensity table, sam-
ples in columns unpaired, missing value estimation used
to replace by a small value (half of the minimum posi-
tive value in the original data, none of the features were
removed in this step), data filtering by relative standard
deviation (RSd=SD/mean), normalized by sum (to cor-
rect the instrumental and the technical variation), data
transformed using log transformation, and data scaled
using autoscaled (to allow a more direct comparison
between features of greatly varying intensities). Principal
component analysis (PCA), an unsupervised statistical
model, and hierarchical clustering heatmap analysis were
employed to visualize variance and emphasize variations
in both metabolomic and lipidomic analyses. Metabolic
pathway analysis was conducted using the Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) pathway database
by matching metabolite sets with human metabolome
(https://www.genome.jp/kegg/pathway.html). Metabolite
set enrichment (fold enrichment) was investigated using
MetaboAnalyst (open source R package).

mixOmics data integration

Diablo models from mixOmics R package [31] were
used to perform integrative analysis of transcriptom-
ics, metabolomics, and lipidomics data. Thirty patient
CSF samples (6 normal, 24 cancer) with all three omics
datasets were taken for integration. The output of each
dataset from their analyses described above was sorted
according to p-values, and the top 100 features from each
dataset were input into DIABLO for analysis.

Results and discussion

Transcriptomic profiles of CSF from patients

with and without medulloblastoma

Most studies attempting to profile CSF have focused on
circulating tumor DNA (ctDNA) due to the relative ease
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of analysis of stable DNA fragments, including in MB
[12, 32, 33]. Despite CSF also containing RNAs, due to
their low abundance and lability, most studies have used
targeted approaches to profile miRNAs and mRNAs in
CSF from patients with various CNS tumors. Recogniz-
ing the need to systematically profile RNAs in biofluids
due to their biomarker potential, Hulstaert et al. recently
published a comprehensive atlas of the extracellular
transcriptomes of human biofluids, including CSF, but
their analysis was limited to a comparison of profiles of
patients with hydrocephalus and glioblastoma and no
MB patient was profiled [34]. There has yet to be a com-
prehensive and systematic analysis of RNA species in the
CSF of MB patients.

We therefore established global transcriptomic differ-
ences in the CSF of patients with (n=40) and without
(n=11) MB representing different molecular subtypes
(Additional file 4: Table S1). Each CSF samples showed
varied read counts and mapping rate (Fig. 1a). By both
principal component analysis (PCA) and unsupervised
clustering, CSF samples separated into two distinct
groups according to the presence or absence of MB
(Fig. 1b—d). Although, there was no clear separation into
molecular subtypes, one hundred and ten genes were dif-
ferentially expressed in CSF samples from patients with
and without MB (Fig. 1c, Additional file 4: Table S2, and
Additional file 4: Fig. S1; log2 fold-change (FC) <-2 or>2;
adjusted p-value<0.05) that were enriched for several
pathways by geneset enrichment analysis (GSEA) [35]:
TGEF-P signaling (SKI, FKBPIA, ID2, RHOA, BMPRIA;
false discovery rate (FDR) 2.59E-04), TNF-a signaling via
NEF-kB (TSC22D1, DUSPI, ID2, KLF9, FOS, IL6ST, SATI;
FDR 1.19E-03), and adipogenesis (ALDH2, CMPKI,
APOE, UQCRIO0, TOBI, YWHAG; FDR 4.51E-03). TGE-
has previously been implicated in the progression of MB
[36], perhaps by suppressing the anti-tumor effects of
cytotoxic T cells [37], and the other identified pathways
warrant further exploration.

We next examined expression of circular RNAs (circR-
NAs), a novel class of non-coding (nc)RNAs with a cova-
lently closed loop structure derived from the host gene’s
RNA splicing by back splicing. Although generally pre-
sent at low abundance [38], since circRNAs do not have
exposed ends, they are more resistant to degradation and
more stable than linear RNAs [39], making them ideal
biomarkers for detection in human biofluids including
blood [40], saliva [41], semen [42], urine [43], and CSF
[34]. CircRNA expression levels in CSF were low, rang-
ing from mean read counts 203 to 1850 in samples from
MB patients and only 8.57+5.09 in normal samples.
Nevertheless, 10 circRNAs were differentially expressed
between MB and non-MB groups (log2 FC<-1 or>1;
adjusted p-value<0.1) (Fig. 1e, Additional file 4: Table S3,
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Additional file 1). Of these, circ_463 was the most upreg-
ulated and abundant circRNA in MB CSF, as confirmed
by qRT-PCR (Fig. 1f).

Circ_463, also known as ciRS-7 or CDR1as, was origi-
nally identified as a highly expressed circRNA in human
and mouse brains [44]. It contains 73 miR-7 seed targets
and functions as a miR-7 sponge with an unknown role in
the brain [45]. In cancers, ciRS-7 promotes growth and
metastasis of esophageal squamous cell carcinoma [46],
and its silencing in melanoma drives IGF2BP3-mediated
invasion and metastasis [47]. In multiple myeloma, its
expression is downregulated in immunomodulatory drug
resistant cell lines, and depletion of ciRS-7 increased the
CpG methylation of its host gene LINC00632 [48]. While
there have been a few very recent reports of circRNA
expression in MB tissues and cells demonstrating poten-
tial oncogenic function for overexpressed transcripts
[49-51], this is the first circRNA analysis of CSF in MB
patients. Therefore, circ_463 appears to be pleiotropic,
with overexpression in CSF samples of MB patients sug-
gesting a novel oncogenic role in this context.

The metabolic differences in CSF from patients
with and without medulloblastoma
Global metabolomics has become an important unbiased
approach to identify diagnostic, prognostic, and predic-
tive biomarkers in human disease [17, 52], and altered
metabolism is a hallmark of cancer cells, which need to
adapt to their nutrient-poor microenvironment to sustain
their viability [53]. Although it is clear that cancer cells
have altered metabolism, it is less clear to what extent
this influences the CNS microenvironment and the CSF.
Like other tumors, several studies have established that
metabolism is altered in primary and recurrent MB,
including decreased fatty acid oxidation, increased lipo-
genesis, and a glycolytic phenotype reflected in the detec-
tion of MB by "®FDG-PET [54]. However, there have been
fewer comprehensive studies of the CSF metabolome in
CNS tumors and in MB specifically. Metabolite analysis
of the CSF in glioma patients identified differences in the
abundance of 43 metabolites compared with controls
[55], while in MB, Reichl et al. detected upregulation of
hypoxia-induced proteins and metabolites (up-regulation
of tryptophan, methionine, serine and lysine) in MB CSF
[56]. However, the full metabolomic landscape of CSF in
MB has not been accurately or fully quantified.
Therefore, we performed comprehensive untargeted
metabolic profiling of the brain CSF samples using ultra
high-pressure liquid chromatography and high-resolu-
tion mass spectrometry (UHPLC-HRMS). Metabolite
data were collected in a randomized manner to avoid
bias. Using flank feature filtering (BFF) to eliminate false
peaks, 3995 true metabolic features were identified, of



Lee et al. Acta Neuropathologica Communications (2022) 10:25 Page 6 of 14

STAR: Alingment Scores

10

Samples

PC2(7.6%)
o
(o)
o
&
&
&
&

-10 ° Normal

0 20 40 60 80 100

Percentages -15 -10 -5 0 5
EEm Uniquely mapped Mapped to too many loci EEE Unmapped: other PC1 ( 53.1 ‘y )
1%

B Mapped to multiple loci EEE Unmapped: too short
HZAZNCSDH
°
2 AC107074.1
~

AC010974.2
AL353763.2
AC107074.1
HP1BP3
CSDE
H2AZ2
LN7C

FOS 0.
PNN ) ! ) )
YWHAG 2.5 0.0 2.5 5.0
DYNC1I2

CALM2 log2FoldChange
SPG21
SELENOF E
WAC 2 class 4
ACP1
APOE Ge Unknown b
PNPO Group 3/4
BRD4 1 | Group 4
BMPR1A
DCAKD Normal
PGD SHH
TAB2 WNT
FAM229B 0
SCD5
ADIPORT
MORF4L1
UQCRI0 | 1 -
MTCH1 N .I
TOB1

. g .
veszs v -25 00 25 5.0
TuBAtA log2FoldChange
CLNS1A F
AP3S1 circ_463
FKBP1A
AMD1
HNRNPDL
GLTP
D2
YWHAE
DAZAP2
HIGD1A
HIPK3

-log10(adjPval)

circ_463

-log10(adjPval)

—
N
o

Normal

WNT

SHH 10
G-Unknown

ZFAND3

60 Group 3/4
Group 4 -20
40
CALM1

CAMK2N il S | Normal Cancer
o . N L

ATP1B1 ™ ,,,

ARLGIP1 &

o
o
IS)

80

-ACt

Average Counts

Fig. 1 Global transcriptomic differences in the CSF of patients with (n=40) and without (n=11) MB. A Mapping rate of each CSF sample. B
Principal component analysis of CSF samples using the 48 most differentially expressed genes showing clear separation of normal CSF samples
from MB CSF samples. C Unsupervised clustering of samples using the 48 most differentially expressed genes showing clear separation of normal
CSF samples from MB CSF samples. D Volcano plot showing significantly up- or downregulated genes in CSF. E Volcano plot for differentially
expressed circRNAs between normal vs MB CSF samples. F Top 5 circRNAs expression in different subgroups and gRT-PCR validation of circ-463




Lee et al. Acta Neuropathologica Communications (2022) 10:25

which 352 metabolites were identified as level 1 (high-
est level of confidence in the annotation). Similar to the
transcriptomic profiles, PCA and unsupervised cluster-
ing of differentially expressed metabolites revealed clear
separation of metabolic profiles between normal and MB
CSF (Fig. 2a and c) but not between different molecular
subtypes. The majority of differentially regulated metab-
olites (FC>1.5; FDR p<0.05) were upregulated in MB
samples (Fig. 2b and Additional file 4: Table S4). Explora-
tory pair-wise metabolite profile discrimination between
normal and different MB sub-groups confirmed that dif-
ferentially expressed metabolites clearly distinguished
different molecular subgroups of MB (Additional file 4:
Fig. S2). Uniquely elevated (Additional file 4: Fig. S3) and
downregulated (Additional file 4: Fig. S4) metabolites in
the different MB subtypes were analyzed using volcano
plot-based differential statistical analysis (p-value <0.05,
fold change > 1.5).

We next performed KEGG metabolic pathway analy-
sis of significantly differentially expressed metabolites
(hypergeometric test, relative betweenness centrality,
p-value<0.05) (Fig. 3a). The TCA cycle, alanine, aspar-
tate, and glutamate metabolism, and arginine biosyn-
thesis pathways were all upregulated in MB, particularly
in SHH, group 3/4, and group 4 tumors. Given that
CSF metabolic profiles did not discriminate between
molecular subgroups, we established which metabo-
lites were uniformly expressed in all MB subtypes and
might therefore be candidate diagnostic biomarkers
for MB. a-ketoglutarate (Fig. 3b), fumarate (Fig. 3c),
hydroxypyruvate (Fig. 3d), malate (Fig. 3e), and succi-
nate (Fig. 3f) from the TCA cycle and N-acetyl-aspar-
tate (Fig. 3g) from the alanine, aspartate, and glutamate
metabolism pathway were all significantly elevated in all
different sub-groups of MB; citrate, isocitrate, and trans-
aconitate (Additional file 4: Fig. S5A-C; TCA cycle) and
GABA (Additional file 4: Fig. S5D; alanine, aspartate, and
glutamate metabolism) showed minor but significant
downregulation in MB. For validation, a-ketoglutarate,
fumarate, malate, and succinate (Fig. 3h) from the TCA
cycle and N-acetyl-aspartate were all significantly upreg-
ulated by targeted quantification (Fig. 3i). Finally, anser-
ine (Additional file 4: Fig. S5E; histidine and beta-alanine
metabolism) and S-(5’-adenosyl)-L-methionine (arginine
biosynthesis; Additional file 4: Fig. S5F) were significantly
upregulated and 5-oxo-L-proline (glutamine and gluta-
mate metabolism; Additional file 4: Fig. S5G) significantly
downregulated in MB compared with normal. Collec-
tively, these data suggest that a broad range of metabo-
lites in the CSF, particularly those involved in the TCA
cycle, distinguish MB from normal. This is consistent
with a more general model of proliferating MB cells not
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only using the TCA cycle to fuel the need for reducing
equivalents in the form of NADPH [53] but to provide
metabolic precursors for the biosynthesis on non-essen-
tial amino acids, since upregulated a-ketoglutarate indi-
cates (i) a continuous supply of glutamine maintaining
the integrity of the cell cycle [57]; (ii) maintaining the
cell’s ability to synthesize citrate for energy production
and de novo lipogenesis, since a-ketoglutarate is oxi-
dized to oxaloacetate to maintain citrate production and
oxaloacetate can be converted to malate and then pyru-
vate to produce NADPH in a glucose-independent man-
ner [58].

Lipidomic alterations in medulloblastoma CSF
Lipids are fundamental and abundant biomolecules in
cells that have structural, transport, energy storage, and
cellular signaling roles. Unsurprisingly, therefore, they
all play critical roles in many diseases including cancer
[59]; however, there is little available information on the
lipid profiles of human MB. Tissue analysis suggests that
human MBs may have high lipid levels, at least in con-
trast to other pediatric brain tumors [60], and a lipidomic
analysis of a mouse model of SHH MB determined 34
upregulated lipids associated with metastasis [61]. Given
that biofluid lipidomes might provide a rich source of
biomarkers and provide insights into the underlying biol-
ogy of MB, we proceeded to examine CSF lipid profiles.
Using LipidMatch, 727 lipids were identified in all sam-
ples including predicted lipids (Additional file 2), and
14 of these were differentially expressed based on fold
change threshold 1.5 and p-value<0.05 (11 lipid species
elevated and 3 downregulated) in the CSF of MB patients
compared with normal (Fig. 4a). To understand the role
of specific lipids in MB, we conducted lipid class analy-
sis between MB and normal. Total triacylglycerols (TGs;
n=171) were significantly upregulated in MB (Fig. 4b)
and diacylglycerols (DGs; n=17) (Fig. 4c), monogalac-
tosyldiacylglycerol (MGDG; n=19) (Fig. 4d), choles-
terol ester (CE; n=14) (Fig. 4e), phosphatidylcholine
(PC; n=85) (Fig. 4f), N-hexadecanoyl hexosylceramide
(HexCer; n=6) (Fig. 4g), sphingomyelin (SM; n=51)
(Fig. 4h), and oxidized lipids including oxLPC (lysophos-
phatidylcholine; n=2), oxLPE (lysophosphatidylethan-
olamine n=1), oxPC (n=20), oxPE (n=21), and oxTG
(n=13) (Fig. 4i) were significantly downregulated in MB
compared with normal. Together with the increase in
a-ketoglutarate noted above, these lipid profiles might
reflect a state of hypoxia in MB CSF because (i) cancer
cells accumulate TGs due to hypoxia [62]; and (ii) hypoxia
can create a deficit of glucose-derived acetyl-CoA,
requiring the conversion of a-ketoglutarate into citrate
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Fig. 2 Global metabolic alterations in MB. A Unsupervised PCA-based multivariate analysis of CSF global metabolic profile between normal (n=6)
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so that it can be then used to generate acetyl-CoA [63].
From the practical perspective, CE, HexCer (CerG1), and
SM may be promising CSF biomarkers for MB.

Integrative analysis of transcriptome, lipidome,

and metabolome

Given that the transcriptome, lipidome, and metabolome
are integrated and interrelated biological systems that
modulate phenotype, we next performed a multivariate
analysis to integrate the molecular changes character-
izing the CSF of MB patients using the data integration
analysis for biomarker discovery DIABLO method in
the mixOmics R package [64]. The DIABLO method

identified several important features discriminating can-
cer from normal through interrogation of correlations
between the three omics datasets.

The first component of sparse partial least-squares dis-
criminant analysis (SPLS-DA) [65] of the combined tran-
scriptomic, metabolomic, and lipidomic datasets clearly
discriminated normal from MB CSF samples (Fig. 5a),
with the transcriptomic and metabolomic data show-
ing the highest discriminatory capacity and correlations
(Fig. 5b and Additional file 4: Fig. S6). To obtain the best
discriminative features, the minimum loading coefficient
for the first component of sPLS-DA was set at+0.15 for
each data block. This filtering (Fig. 5¢ and d) identified
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n=19 transcripts, n=28 metabolites, and n=16
lipids that best distinguished MB from normal samples
(Fig. 5e). Among 19 RNA transcripts, ten were validated
by qRT-PCR (Additional file 4: Fig. S7). The integra-
tion of data using multi-omics tools is indispensable for
cancer metabolism studies [66]. Finally, to visualize the
between-omics correlations in the DIABLO analysis, a
Circos plot (Fig. 5f) revealed a number of strong positive
and negative correlations; for example, UFM1 was posi-
tively correlated with S-adenosyl-L-methionine (Pear-
son’s r=0.76) and LPC 17:0 (Pearson’s r=0.6) and LPC
17:0 was positively correlated with S-adenosyl-L-methio-
nine (Pearson’s r=0.66). UFM1 (ubiquitin-fold modifier
1) has been identified as an important factor associated
with microcephaly by affecting cell cycle regulation and
cancer development [67] while, in a preliminary study,
S-adenosyl-L-methionine found to modulate cell cycle
progression in cancer [68]. We further analyzed the
MAGIC (Medulloblastoma Advanced Genomics Inter-
national Consortium  (https://plone.bcgsc.ca/project/
magic) [7]; Additional file 4: Fig. S8 and Additional file 4:
Fig. S9) datasets and found 17 out of the 19 differentially
expressed RNAs in different MB subtypes (Fig. 5f).

Conclusion

This is the first comprehensive, integrated molecular
analysis of the CSF of MB patients and its comparison
with normal CSF and the first to establish global tran-
scriptomic and lipidomic profiles in the CSF of patients
with MB. Our study provides proof-of-principle that all
three molecular approaches can be successfully applied
to CSF samples not only to discriminate MB patients
from those without the disease (i.e., for biomarker dis-
covery), but also to provide new insights into the patho-
biology of the disease. Since the molecular profiles
were discriminatory for the presence of MB but not
the exact molecular subtype, the molecular changes in
the CSF microenvironment seem to reflect general fea-
tures of MB existing in that anatomical compartment.
In particular, the metabolic and lipidomic profiles both
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contained indicators of tumor hypoxia. Our analy-
sis provides a number of candidate biomarkers that
deserve further validation, including the novel circular
RNA circ_463. Due to the presence of the blood-brain
barrier, CSF analysis is an ideal means to identify and
assay for biomarkers arising from brain tumors that
might not necessarily reach the circulation. CSF is eas-
ier to collect and less invasive than tissue biopsy and we
now show that it provides a comprehensive landscape
of the transcriptomic, metabolomic, and lipidomic
status of MB. CSF can be used not only for primary
diagnosis but also to predict responses to treatment
and recurrence by monitoring biomarker levels after
surgery, radiotherapy, and/or chemotherapy [69] Ide-
ally, CSF should be collected after surgery to establish
a baseline for predicting future events, and a separate
CSF sample could be taken during radiographic follow-
up to help establish the predictive value of these CSF
biomarkers for recurrence or response to therapy [70].
Since CSF sampling is the part of standard care for
patients with CNS tumors other than MB, CSF-based
biomarkers hold promise for the accurate assessment of
other CNS tumors.

High-throughput technologies have been used to char-
acterize cancer in multiple dimensions including genetic,
protein, transcriptomic, epigenetic, lipidomic, and metab-
olomic variations. Multivariate or integrative data analysis
is now emerging as a powerful tool in cancer biology [71]
[72]. Although it is challenging to pool independent data-
sets (RNA, protein, lipid, and metabolite) and combine
them into one, several algorithms [72], including DIABLO
used here [65], are providing robust statistical frameworks
for meaningful data integration. Identifying multivariate
molecular signatures in MB patients should provide infor-
mation about therapeutic efficacy, disease staging, patient
survival, and cancer recurrence.

Finally, it remains to be determined whether these
biomarkers are sufficiently sensitive to detect recurrent
disease or their optimal combination, which require
further validation in prospective cohorts.

(See figure on next page.)

and blue lines, respectively

Fig. 5 Sparse partial least-squares discriminant analysis. A sPLS-DA consensus plot for the combination of the three datasets showing complete
discrimination of the 30 CSF samples (24 medulloblastoma and six normal samples). B The individual contribution of each dataset to the sPLS-DA
final model, in each case showing the score plots for the two first components, indicating the best separation capability for transcriptome

data followed by metabolome and lipidome data. C Selected features shown in pyramid bar plot. Loading plot represents the top 19 RNAs, 28
metabolites, and 16 lipids contributing to group separation. D Sample scatterplot from plotDiablo displaying the first component in each dataset
(upper diagonal plot) and Pearson correlation between each component (lower diagonal plot). E Clustered image map (Euclidean distance,
complete linkage) of the multi-omics signature based on the 54 multi-omics signature identified on the first component. Samples are represented
in rows, selected features on the first component in columns. F The Circos plot (cut off: 0.7) shows positive or negative correlations denoted as red



https://plone.bcgsc.ca/project/magic
https://plone.bcgsc.ca/project/magic

Lee et al. Acta Neuropathologica Communications (2022) 10:25

Page 12 of 14

A

CSF with DIABLO

Block: Lipid

Block: Metabolite

5.0

254

average (weighted)

o 21
g
g
T o
N
9
g
g 2

-44

0.0

-2.54

-5.04

5.0

25

0.04

-254

Legend

-5

O Normal

variate 2

Block: RNA

/N Tumor

0

P
4
>

OAZ1
ZC3H15
IT™M2B
EIF2S1
MPHOSPH8

AC069277.2
RAB1A

UFM1

4

variate 1 - average

S
o
o
o

4202 48638
T

4
®

MG 17:2

AcCa 12:0.1
AcCa 16:0.1
OxPC 10:0/15:0
AcCa 14:1.4

LPC21:0
MG 20:1
LPC 16:0

Cer d10:0/14:0

MG 22:1

TG 18:0/18:0/18:0.1

So d17:1

LPC 16:0.1

So d18:2

PG 14:0/14:0

4202482810

RNA

Lipid

0.88

0.94 || 0.78

Metabolite

|  Normal & Tumor |

Fig. 5 (See legend on previous page.)

LPC17:0

. Normal

E

-5.04

254
0.0 ﬁ
254

[ T T T T 1

-0.2 02

0.1
@ cancer

-03 -0.1 00

Color key

20 2

£6 1401140
Sodrrt
04T 1001150
k1

I 2C3H15.

NeACETYL+ DL+ METHIONNE
L] Il FORNYLe Lo ETHIONYL PEPTIOE
NeACETYL+ DL+ GLUTAWIC AGID
ALPHA+ D+ GALAGTOSE 1+ PHOSPHATE

|I:
POAPT
S+ METHYLTHOADENOSINE
osvL

1 At
1 AN
PHOSPHOCHOLIE
2+ AMINOETHYL DINYDR OGEN PHOSPHATE

I HOMOVANLLATE

ADENOSINE 5+ HONOPHOSPHATE
AeCa 1414

i)

TRANS: CYCLOHEXANE  12+DIOL

HONO® ETHYL MALONATE
o

sPGar
Goums

G 201
WG 22:1
| Accatoor
G 172

AcGa 1201
T 1801801801
o210

Gersioonso
I | 2:HYDROXYPHENYLACETIC ACID
TRIGONELUNE

Sodaz

+0X0+ D+ PROLINE

GLIGERIC ACID
1 26-DIKYDROXYPYRIDINE

3420 HYDROXYPHENYLPR OPANOATE

23 anydroxysovaarate
GRM7 483

5 10
variate 1

(0]
B [ =
O
o 5 10

Legend

O Normal
/A Tumor

Metabolite

ADENOSINE 5'-MONOPHOSPHATE
GALACTURONIC ACID

NICOTINATE
2-HYDROXYPHENYLACETIC ACID
4-AMINOBENZOATE
N-ACETYL-DL-GLUTAMIC ACID
TRIGONELLINE
TRANS-CYCLOHEXANE-1 2-DIOL
5-METHYLTHIOADENOSINE
CAFFEINE

ETHYL DIHYDROGEN PHOSPHATE
“2-HYDROXYPHENYLPROPANOATE
Glycerophosphocholine.
PHOSPHOGLYCERIC ACID
GLYCERIC ACID

2,6-DIHYDROXYPYRIDINE

ADENOSYL
5-0X0-D-PROLINE

F

2
6o
o il

ceaFiooPialt

P —

oroBneStE

Correlations

g

Correlation cut-off
r=0.7

R OuONS

® Positive Correlation
® Negative Correlation




Lee et al. Acta Neuropathologica Communications (2022) 10:25

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540478-022-01326-7.

Additional file 1: The genomic coordination of MB upregulated circRNAs.
Additional file 2.: Lipid profile of MB and normal CSF samples.
Additional file 3: The list of gPCR primers.

Additional file 4.: Supplementary tables and figures.

Acknowledgements
We thank children’s brain tumor network (CBTN), JHACH, and JHU for provid-
ing CSF samples.

Authors’ contributions

Conceptualization: RJP, BL, SS, GJ, TG, IM; Data Curation: BL, IM; Bioinformatics
analysis: RP, RM; Mixomics analysis: RP; Project Administration: RJP; Resources:
CB, CGE; Supervision: RJP; Validation: BL; Visualization: BL, IP, RP; Writing—Origi-
nal Draft Preparation: BL, IM; Writing—Review and Editing: RJP, TG. All authors
read and approved the final manuscript.

Funding

Schamroth Project funded by lan’'s Friends Foundation to RJ.P, and G.J. The
Hough Foundation grant to RJ.P and G.J. This study was also supported by
1R37CA230400 for C.B and P30 CA006973 (JHU SKCCC) to RJ.P. CG.E, and CB.

Data availability
All CSF RNA-seq datasets have been deposited in the Gene Expression Omni-
bus (GEO) under accession number GSE189919.

Declarations

Ethics approval and consent to participate

All studies were conducted with the approval of the Institutional Review
Board (IRB) at Johns Hopkins University. All patients were provided written
informed consent and CSF were collected.

Consent for publication
All authors have approved the manuscript and agree with its submission.

Conflicts of interests
The authors declare that they have no competing interests.

Author details

'Department of Oncology, Sidney Kimmel Comprehensive Cancer Center,
School of Medicine, Johns Hopkins University, 1650 Orleans St, Baltimore,

MD 21231, USA. 2Johns Hopkins All Children’s Hospital, 600 5th St. South, St.
Petersburg, FL 33701, USA. *Department Pathology, Immunology and Labora-
tory Medicine, College of Medicine, University of Florida, 1395 Center Drive,
Gainesville, FL 32610, USA. “Sanford Burnham Prebys Medical Discovery
Institute, 10901 N. Torrey Pines Road, La Jolla, CA 92037, USA. °Department

of Neurosurgery, Johns Hopkins University School of Medicine, Baltimore, USA.
5Department of Pathology, Johns Hopkins University School of Medicine, 720
Rutland Avenue, Baltimore, MD 21205, USA. 7Departmem of Bioinformatics
and Computational Biology, The University of Texas MD Anderson Cancer
Center, Houston, TX 77030, USA.

Received: 20 December 2021 Accepted: 4 February 2022
Published online: 24 February 2022

References

1. Ostrom QT et al (2020) CBTRUS statistical report: primary brain and
other central nervous system tumors diagnosed in the United States in
2013-2017. Neuro Oncol 22(12 suppl 2):iv1-ivo6

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Page 13 of 14

Du S et al (2018) Clinical characteristics and outcome of children with
relapsed medulloblastoma: a retrospective study at a single center in
China. J Pediatr Hematol Oncol 40(8):598-604

Srinivasan VM et al (2016) Modern management of medulloblastoma:
Molecular classification, outcomes, and the role of surgery. Surg Neurol
Int 7(Suppl 44):51135-51141

Packer RJ et al (1999) Treatment of children with medulloblastomas with
reduced-dose craniospinal radiation therapy and adjuvant chemother-
apy: A Children’s Cancer Group Study. J Clin Oncol 17(7):2127-2136
Weintraub L et al (2014) Misdiagnosing recurrent medulloblastoma: the
danger of examination and imaging without histological confirmation. J
Neurosurg Pediatr 13(1):33-37

Louis DN et al (2016) The 2016 world health organization classification
of tumors of the central nervous system: a summary. Acta Neuropathol
131(6):803-820

Northcott PA et al (2017) The whole-genome landscape of medulloblas-
toma subtypes. Nature 547(7663):311-317

Cavalli FMG et al (2017) Intertumoral Heterogeneity within Medulloblas-
toma Subgroups. Cancer Cell 31(6):737-754

Connolly ID et al (2016) The “liquid biopsy”: the role of circulating DNA
and RNA in central nervous system tumors. Curr Neurol Neurosci Rep
16(3):25

Escudero L et al (2020) Circulating tumour DNA from the cerebrospinal
fluid allows the characterisation and monitoring of medulloblastoma. Nat
Commun 11(1):5376

. Shankar GM et al (2017) Liquid biopsy for brain tumors. Expert Rev Mol

Diagn 17(10):943-947

Wang Y et al (2015) Detection of tumor-derived DNA in cerebrospinal
fluid of patients with primary tumors of the brain and spinal cord. Proc
Natl Acad Sci U S A 112(31):9704-9709

Burgos KL et al (2013) Identification of extracellular miRNA in human
cerebrospinal fluid by next-generation sequencing. RNA 19(5):712-722
Drusco A et al (2015) A differentially expressed set of microRNAs in
cerebro-spinal fluid (CSF) can diagnose CNS malignancies. Oncotarget
6(25):20829-20839

Talari NK et al (2016) Altered tryptophan metabolism in human meningi-
oma. J Neurooncol 130(1):69-77

. Ghosh A, Nishtala K (2017) Biofluid lipidome: a source for potential diag-

nostic biomarkers. Clin Transl Med 6(1):22

Lee B et al (2020) Integrated RNA and metabolite profiling of urine liquid
biopsies for prostate cancer biomarker discovery. Sci Rep 10(1):3716
Folch J, Lees M, Sloane Stanley GH (1957) A simple method for the
isolation and purification of total lipides from animal tissues. J Biol Chem
226(1):497-509

Chen S et al (2018) fastp: an ultra-fast all-in-one FASTQ preprocessor.
Bioinformatics 34(17):i884-i890

Dobin A et al (2013) STAR: ultrafast universal RNA-seq aligner. Bioinfor-
matics (Oxford, England) 29(1):15-21

Liao Y, Smyth GK, Shi W (2014) featureCounts: an efficient general
purpose program for assigning sequence reads to genomic features.
Bioinformatics 30(7):923-930

Law CW, et al (2016) RNA-seq analysis is easy as 1-2-3 with limma,
Glimma and edgeR. F1000Res, 5

Ritchie ME et al (2015) limma powers differential expression analyses for
RNA-sequencing and microarray studies. Nucleic Acids Res 43(7).e47
Langmead B, Salzberg SL (2012) Fast gapped-read alignment with Bowtie
2. Nat Methods 9(4):357-359

GaoY, Zhang J, Zhao F (2018) Circular RNA identification based on muilti-
ple seed matching. Brief Bioinform 19(5):803-810

Hansen TB (2018) Improved circRNA Identification by combining predic-
tion algorithms. Front Cell Dev Biol 6:20

Love MI, Huber W, Anders S (2014) Moderated estimation of fold change
and dispersion for RNA-seq data with DESeq2. Genome Biol 15(12):550
Pluskal T et al (2010) MZmine 2: modular framework for processing, visu-
alizing, and analyzing mass spectrometry-based molecular profile data.
BMC Bioinform 11:395

Koelmel JP et al (2017) LipidMatch: an automated workflow for rule-
based lipid identification using untargeted high-resolution tandem mass
spectrometry data. BMC Bioinform 18(1):331


https://doi.org/10.1186/s40478-022-01326-7
https://doi.org/10.1186/s40478-022-01326-7

Lee et al. Acta Neuropathologica Communications (2022) 10:25

30.

31.

32.

33.

34

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

Pang, Z, et al, MetaboAnalyst 5.0: narrowing the gap between raw spectra
and functional insights. Nucleic Acids Res, 2021. 49(W1): p. W388-W396.
Rohart F et al (2017) mixOmics: An R package for ‘omics fea-

ture selection and multiple data integration. PLoS Comput Biol
13(11):1005752-e1005752

LiJ, et al (2020) Reliable tumor detection by whole-genome methylation
sequencing of cell-free DNA in cerebrospinal fluid of pediatric medul-
loblastoma. Sci Adv 6(42)

De Mattos-Arruda L et al (2015) Cerebrospinal fluid-derived circulating
tumour DNA better represents the genomic alterations of brain tumours
than plasma. Nat Commun 6:8839

Hulstaert E et al (2020) Charting extracellular transcriptomes in the
human biofluid RNA atlas. Cell Rep 33(13):108552

Subramanian A et al (2005) Gene set enrichment analysis: a knowledge-
based approach for interpreting genome-wide expression profiles. Proc
Natl Acad SciU S A 102(43):15545-15550

Aref D et al (2013) Canonical TGF-beta pathway activity is a predictor of
SHH-driven medulloblastoma survival and delineates putative precursors
in cerebellar development. Brain Pathol 23(2):178-191

Gate D et al (2014) T-cell TGF-beta signaling abrogation restricts medul-
loblastoma progression. Proc Natl Acad Sci U S A 111(33):E3458-E3466

Li HM, Ma XL, Li HG (2019) Intriguing circles: conflicts and controversies in
circular RNA research. Wiley Interdiscip Rev RNA 10(5):e1538

Su M et al (2019) Circular RNAs in Cancer: emerging functions in hall-
marks, stemness, resistance and roles as potential biomarkers. Mol Cancer
18(1):90

Li S et al (2018) exoRBase: a database of circRNA, INcRNA and mRNA in
human blood exosomes. Nucleic Acids Res 46(D1):D106-D112

Bahn JH et al (2015) The landscape of microRNA, Piwi-interacting RNA,
and circular RNA in human saliva. Clin Chem 61(1):221-230

Liu B et al (2019) Characterization of tissue-specific biomarkers with the
expression of circRNAs in forensically relevant body fluids. Int J Legal Med
133(5):1321-1331

Kolling M et al (2019) Circular RNAs in urine of kidney transplant

patients with acute T cell-mediated allograft rejection. Clin Chem
65(10):1287-1294

Hansen TB et al (2011) miRNA-dependent gene silencing involving Ago2-
mediated cleavage of a circular antisense RNA. EMBO J 30(21):4414-4422
HansenTB et al (2013) Natural RNA circles function as efficient microRNA
sponges. Nature 495(7441):384-388

Li RC et al (2018) CiRS-7 promotes growth and metastasis of esophageal
squamous cell carcinoma via regulation of miR-7/HOXB13. Cell Death Dis
9(8):838

Hanniford D et al (2020) Epigenetic silencing of CDR1as drives IGF2BP3-
mediated melanoma invasion and metastasis. Cancer Cell 37(1):55-70
Jakobsen T, et al. (2021) Genome-wide circular RNA expression patterns
reflect resistance to immunomodulatory drugs in multiple myeloma cells.
Cancers (Basel), 13(3)

LvT et al (2018) Dysregulated circular RNAs in medulloblastoma regulate
proliferation and growth of tumor cells via host genes. Cancer Med
7(12):6147-6157

Zhao X, Guan J, Luo M (2021) Circ-SKA3 upregulates ID3 expression by
decoying miR-326 to accelerate the development of medulloblastoma. J
Clin Neurosci 86:87-96

Rickert D et al (2021) Circular RNA profiling distinguishes medulloblas-
toma groups and shows aberrant RMST overexpression in WNT medul-
loblastoma. Acta Neuropathol 141(6):975-978

Tan SK et al (2021) Obesity-dependent adipokine chemerin suppresses
fatty acid oxidation to confer ferroptosis resistance. Cancer Discov
11(8):2072-2093

Pavlova NN, Thompson CB (2016) The emerging hallmarks of cancer
metabolism. Cell Metab 23(1):27-47

Tech K, Deshmukh M, Gershon TR (2015) Adaptations of energy metabo-
lism during cerebellar neurogenesis are co-opted in medulloblastoma.
Cancer Lett 356(2 Pt A): 268-72

Ballester LY et al (2018) Analysis of cerebrospinal fluid metabolites in
patients with primary or metastatic central nervous system tumors. Acta
Neuropathol Commun 6(1):85

Reichl B et al. (2020) Determination of a tumor-promoting microenviron-
ment in recurrent medulloblastoma: a multi-omics study of cerebrospinal
fluid. Cancers (Basel), 12(6)

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

Page 14 of 14

DeBerardinis RJ et al (2007) Beyond aerobic glycolysis: transformed

cells can engage in glutamine metabolism that exceeds the require-
ment for protein and nucleotide synthesis. Proc Natl Acad Sci U S A
104(49):19345-19350

Son J et al (2013) Glutamine supports pancreatic cancer growth through
a KRAS-regulated metabolic pathway. Nature 496(7443):101-105
Mahmud |, Garrett TJ (2020) Lipidomics in human cancer and malnutri-
tion. New techniques for studying biomembranes. CRC Press, pp 9-24
Bennett CD et al (2018) Tissue metabolite profiles for the characterisation
of paediatric cerebellar tumours. Sci Rep 8(1):11992

Huang D et al (2020) Lipidome signatures of metastasis in a transgenic
mouse model of sonic hedgehog medulloblastoma. Anal Bioanal Chem
412(25):7017-7027

Mylonis | et al (2012) Hypoxia causes triglyceride accumulation by
HIF-1-mediated stimulation of lipin 1 expression. J Cell Sci 125(Pt
14):3485-3493

Wise DR et al (2011) Hypoxia promotes isocitrate dehydrogenase-
dependent carboxylation of alpha-ketoglutarate to citrate to support cell
growth and viability. Proc Natl Acad Sci U S A 108(49):19611-19616
Rohart F et al (2017) mixOmics: An R package for ‘omics feature selection
and multiple data integration. PLoS Comput Biol 13(11):e1005752

Le Cao KA, Boitard S, Besse P (2011) Sparse PLS discriminant analysis: bio-
logically relevant feature selection and graphical displays for multiclass
problems. BMC Bioinform 12:253

Cantor JR, Sabatini DM (2012) Cancer cell metabolism: one hallmark,
many faces. Cancer Discov 2(10):881-898

Yu L et al (2020) The UFM1 cascade times mitosis entry associated with
microcephaly. FASEB J 34(1):1319-1330

Mosca L et al (2020) Effects of SadenosylLmethionine on the invasion and
migration of head and neck squamous cancer cells and analysis of the
underlying mechanisms. Int J Oncol 56(5):1212-1224

Zorofchian S et al (2019) Circulating tumour DNA, microRNA and
metabolites in cerebrospinal fluid as biomarkers for central nervous
system malignancies. J Clin Pathol 72(4):271-280

Mattox AK, Yan H, Bettegowda C (2019) The potential of cerebrospinal
fluid-based liquid biopsy approaches in CNS tumors. Neuro Oncol
21(12):1509-1518

Liang M et al (2015) Integrative data analysis of multi-platform cancer
data with a multimodal deep learning approach. IEEE/ACM Trans Comput
Biol Bioinform 12(4):928-937

Pavel AB, Sonkin D, Reddy A (2016) Integrative modeling of multi-omics
data to identify cancer drivers and infer patient-specific gene activity.
BMC Syst Biol 10:16

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

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Medulloblastoma cerebrospinal fluid reveals metabolites and lipids indicative of hypoxia and cancer-specific RNAs
	Abstract 
	Introduction
	Materials and methods
	CSF samples
	Total RNA isolation from CSF and library preparation for RNA-seq
	cDNA generation and whole transcriptome amplification from CSF for quantitative real-time PCR (qRT-PCR) validation
	Global metabolite and lipid extraction
	Metabolomic data acquisition
	Lipidomic data acquisition
	Tumor vs normal total RNA analysis
	Tumor vs normal circular RNA analysis
	Tumor vs normal global metabolite and lipid processing and identification
	mixOmics data integration

	Results and discussion
	Transcriptomic profiles of CSF from patients with and without medulloblastoma
	The metabolic differences in CSF from patients with and without medulloblastoma
	Lipidomic alterations in medulloblastoma CSF
	Integrative analysis of transcriptome, lipidome, and metabolome

	Conclusion
	Acknowledgements
	References




