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Abstract

Introduction Gliomas represent the tumors of the central nervous system that originate from glial cells. Overall survival
predictions and treatment regimen selection are based on accurate tumor diagnosis and grading. However, the diagnosis of
glioma remains critically dependent on either invasive biopsies or advanced imaging.

Objective This exploratory study aims to assess the diagnostic potential of urine specimens for discriminating gliomas from
controls and identify the dysregulated pathways in a North Indian cohort. Urine is an ideal non-invasive candidate, requires
no prior preparation, and considerably increases patient compliance.

Method Urine samples from 50 glioma patients were analysed with "H NMR (Nuclear Magnetic Resonance) spectroscopy
and compared with those of healthy controls. Statistical analysis was performed in MetaboAnalyst 6.0 to identify significantly
perturbed metabolites. Diagnostic performance was assessed using the Receiver Operating Characteristic (ROC) curve, and
the Random Forest model was used to evaluate classification accuracy. Pathway enrichment and topology analysis based
on the KEGG (Kyoto Encyclopedia of Genes and Genomes) database were performed to identify dysregulated pathways.
Results "H NMR metabolic analysis of urine samples revealed seven statistically significant (p<0.05) metabolites namely
acetate, pyruvate, creatinine, dimethylamine, glutamine, alanine and carnitine. This panel of metabolites displayed excellent
diagnostic capability with an Area Under the Curve of 0.90 as measured by a multivariate ROC curve. The random forest
model efficiently differentiated glioma from control samples using significant metabolites. Disruption in the primary energy
pathways of the body and in the metabolism of major amino acids was observed in the pathway analysis.

Conclusion Integration of these urinary signatures into current clinical practice can serve as an additional diagnostic tool
and a non-invasive screening method for populations at risk. They can also be monitored in real time, thus aiding in adaptive
treatment strategies and therapy assessment.
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TOCSY  Total correlation spectroscopy
WHO World health organisation

1 Introduction

Gliomas are a type of central nervous system (CNS) tumor
that arise in glial cells and then invade the brain paren-
chyma. They are predominant and most aggressive pri-
mary brain tumors, accounting for about 80% of all brain
malignancies (Hanif et al., 2017). Gliomas encircle astro-
cytic tumors (astrocytoma, anaplastic astrocytoma and glio-
blastoma), oligodendrogliomas, ependymomas, and mixed
gliomas, among which glioblastoma is the most malignant
and frequently occurring (Ohka et al., 2012). Glioma was
classified based on histological features, but due to several
limitations, the WHO (World Health Organisation) revised
this classification in 2021 to include molecular pathology
and a genetic perspective as well (Louis et al., 2021).

In the case of glioblastomas, despite being identified for
the first time in 1863 by Rudolf Virchow, there is still no
effective targeted therapy (Virchow, 1863—1867). Currently,
MRI is predominantly used for diagnosis and monitoring of
gliomas; however, it often lacks specificity in distinguish-
ing metastases from primary tumors and pseudoprogression
from true progression (Neska-Matuszewska et al., 2018).
Therapeutic strategies involve maximal safe surgical resec-
tion followed by radiotherapy and chemotherapy. Never-
theless, the vast majority of glioma cases experience tumor
recurrence after initial treatment and limited responsiveness
to subsequent lines of therapy (Shergalis et al., 2018). Stan-
dard prescribed drugs, including temozolomide, confer only
modest benefits and are frequently associated with adverse
effects (Chamberlain, 2010).

Evidently, the inter and intratumoral heterogeneity of
gliomas makes them challenging to treat and contributes to
therapy resistance and recurrence (Sottoriva et al., 2013).
There is a need for reliable and non-invasive biomark-
ers that overcome the limitations associated with imaging,
tumor heterogeneity, and the blood-brain barrier.

At first, glioma manifests itself with common symptoms
like headache, nausea, blurred vision, etc., which are easily
ignored, and the tumor advances even before the person gets
to know. These symptoms result from increased intracranial
pressure, edema and infiltration of functional brain regions
(Weller et al., 2015). Metabolic programming is greatly
rewired by glioma to sustain its growth, and these changes
in the metabolite pattern can occur years before clinical
presentation (Bjorkblom et al., 2016; Jonsson et al., 2020).
Due to the direct impression of metabolic activity that it
provides, metabolomics has been extensively used for bio-
marker studies in malignancies of prostate, breast, kidney
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and colon, among others (Brezmes et al., 2022; Budczies
et al., 2012; Cheng et al., 2019; DeFeo et al., 2011; Gao et
al., 2012).

Metabolomics characterizes the small-molecule down-
stream products of genomic and proteomic processes in the
body and thus provides a direct representation of the bio-
chemical phenotype (Horgan & Kenny, 2011). Among the
analytical techniques employed for metabolomics, NMR
has been playing a pivotal role due to its robustness, high
degree of reproducibility, easy sample preparation, quan-
titative and non-destructive nature (Markley et al., 2017).
It enables simultaneous detection and quantification of
a broad range of metabolites, making it valuable for bio-
marker research. NMR spectroscopy has been extensively
used in glioma metabolomics for tissue and biofluid analy-
sis (Jothi et al., 2020; Kelimu et al., 2016; Lee et al., 2019).

For a considerable time, urine has served as a valuable
biofluid in human health assessment, as reflected by early
observations such as the link between sweet-tasting urine
and diabetes mellitus or the presence of albumin in urine as a
marker of kidney disease (Armstrong, 2007). Advancement
of omics technologies has enabled comprehensive analysis
of liquid biopsies (Dinges et al., 2019) facilitating insights
into the disease biology, biomarker discovery, progression
and monitoring as well as therapy response (Amelio et al.,
2020; Diaz et al., 2023; Mukherjee et al., 2024).

Urine NMR metabolomics has been a well-established
tool in disease research, whether it be for epidemiology
studies, differential diagnosis, early screening or tracking
prognosis and treatment (Bruzzone et al., 2020; Chasapi et
al., 2022; Tynkkynen et al., 2019; Yu et al., 2025). Using
urine for NMR-based metabolomics is advantageous as it
allows for non-invasive collection and direct spectral acqui-
sition without prior processing or extraction, thus permitting
large-scale screening (Bouatra et al., 2013; Ruiz-Rodado et
al.,2021). Larkin et al., 2016 demonstrated that brain metas-
tases can be diagnosed from micrometastatic stages using
urinary metabolomics, highlighting the clinical translational
potential of this approach. Few studies have analysed the
metabolic profile in urine to understand gliomas through
mass spectroscopy (Shi et al., 2021; Tandle et al., 2013), but
urinary NMR metabolomics remains relatively unexplored
in glioma research.

Using NMR-based metabolomics and urine as the sam-
ple, we aim to detect and simultaneously quantify metabo-
lites that can distinguish glioma cases from controls in the
North Indian cohort, as region specific dietary habits, envi-
ronment and genetic background influence the metabolome.
We have compared control vs. individual grades as well as
control vs. combined grades.

Candidate biomarkers can assist in diagnosis, and cor-
responding altered pathways can help provide a deeper
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understanding of the disease’s pathogenesis and monitor
response to treatment.

2 Materials and method

This study included patients with diffuse gliomas (WHO
grades 2, 3, and 4; astrocytoma, oligodendroglioma, and
oligoastrocytoma not otherwise specified), histologically
classified according to the fifth edition of the WHO clas-
sification. Adults aged 16 years or older were included, and
these patients underwent stereotactic biopsy and resective
surgery at the Department of Neurosurgery, Sanjay Gandhi
Post Graduate Institute of Medical Sciences (SGPGIMS),
Lucknow, during October 2020 to March 2022. All the sub-
jects provided well-informed written consent.

2.1 Sample collection

First pass morning urine collected midstream in sterile urine
containers immediately pre-operative, was taken from the
patients to which sodium azide was added and then it was
stored at —80° C until analysis.

Table 1 Clinical characteristics of the glioma cases included in the
study showing age, gender, type and duration of the symptoms shown
by the patients

Characteristics N (%)
Age

Study — Mean (n=>50) 42.3 years
Control — Mean (n=10) 44.8 years
Gender

Study (n=50)

Male 33 (66)
Female 17 (34)
Control (n=10)

Male 2 (20)
Female 8 (80)
KPS on admission

<80 20 (40)
>80 30 (60)
KPS on discharge

<60 10 (20)
>60 40 (80)

Duration of symptoms

Mean 19.74 months
Median (IQR) 5.5 months (15.25)
Headache 28 (56)

Vomiting 3(6)

Seizures 29 (58)

Motor deficit 14 (28)

Sensory deficit 2 (4)

Cranial nerve deficit 9 (18)

2.1.1 Inclusion criteria

1. >16 years and <65 years of age.

2. Histologically confirmed astrocytoma or oligodendro-
glioma or their combination.

3. Operated for the first time at SGPGI.

2.1.2 Exclusion criteria

Lack of consent.

Children< 16 years.

Recurrent gliomas.

Any other comorbidities such as chronic kidney dis-
ease, diabetes, significant liver dysfunction and other
active infection.

b=

The patients were evaluated according to the department’s
protocol, taking into account their clinical history and stan-
dard neurological examination. Contrast-enhanced MRI
was performed for all patients. Based on the tumor’s size,
location, and symptoms, either stereotactic biopsy or open
surgery was performed. Following this, adjuvant therapy
was given and histopathological diagnosis was documented.

Table 1 summarises the clinical characteristics of the gli-
omas, while Table 2 shows the radiological characteristics
of the tumors. Histopathologically, 44% (22 cases) of the
tumors were Grade 2, followed by Grade 4 (34%, 17 cases),
and the remaining 22% (11 cases) were Grade 3. All the
grade 4 tumors were of IDH wild type. Histopathological
characters are listed in Table 3.

In the patient group comprising 50 individuals, 33 patients
were male, and 17 were female (M: F~2:1). The mean age
of the patients was 42.3 years (range 18-84 years). BMI
data was available for a subset of patients and these values
were in the normal BMI range according to Indian refer-
ence standard. The symptoms persisted for a mean of 19.7
months. Headache and seizures were the most frequently
observed symptoms. 28% (n=38) of the cases had some form
of motor deficit.

Ten healthy individuals (8 female, 2 male) with an aver-
age age of 44.8 years, no history of neurological disorder or
systemic disease and no prescribed medication were taken
as the control group for the study. Sample collection and
storage methods were identical between the groups.

2.2 Sample preparation for NMR spectroscopy
The urine samples were thawed at room temperature, then

vortexed and centrifuged (at 10,000 rpm for 5 min at 4 °C)
to remove unwanted particulates. 540 pL of urine from the
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Table 2 Radiological features of the tumor highlighting the location,
size, lobes involved and whether or not characteristics like cystic
degeneration, enhancement and calcification are present

Characteristics N (%)
Side of tumor

Left 20 (40)
Right 27 (54)
Bilateral 3(6)
Size

<4 cm 13 (26)
>4 cm 37(74)
Preoperative hydrocephalus 1(2)
Location of tumors

Frontal 21 (42)
Temporal 16 (32)
Insula 4(8)
Parietal 4(8)
Corpus callosum 3(6)
Occipital 1(2)
Thalamus 1(2)
Lobes involved

1 30 (60)
2 18 (36)
3 2 (4)
Cystic degeneration 14 (28)
Enhancement 31 (62)
Calcification 1(2)
Hemisphere

Confined to one 45 (90)
Involving both 5(10)

Table 3 Histopathological characteristics of the tumor showing the

grades and type

Characteristics N (%)
Glioma type

Glioblastoma 17
Other types 33
WHO grade

Grll 22 (44)
Gr III 11 (22)
Grlv 17(34)

top layer was mixed with 60 pL of Phosphate Buffer in D,0O
containing 0.5 mM TSP in an Eppendorf tube. After vortex-
ing the mixture, 550 ul was transferred to a 5-mm NMR
tube (Wilmad, USA).

2.3 NMR measurements

Experiments were performed on BRUKER AVANCE
IIT 800-MHz NMR spectrometer equipped with CPTCI
cryoprobe. 1D NOESY spectra with water presaturation
(Aranibar et al., 2006) using the sequence noesyprld (as
per Bruker’s pulse program library) were recorded for each
sample. The spectra thus obtained were pre-processed using
TopSpin v3.6.1, including phase correction and baseline
adjustment. The acquisition parameters were as follows:
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spectral width of 20 ppm with 192 scans (8 dummy scans),
64 k data points, an acquisition time of 3s, and a relaxation
delay of 6.5s. Calibration was done by taking the TSP reso-
nance at 6 (0) as a reference. 2D spectra comprising HSQC
(Heteronuclear Single Quantum Coherence), TOCSY (Total
Correlation Spectroscopy), and J-RES (J-resolved) spectra
were recorded for the pooled sample.

2.4 Metabolite assignment

1D-"H NMR spectra of the urine samples outline the array of
metabolites represented by the different peaks. Resonances
were assigned using chemical shift libraries available in
databases such as HMDB (Human Metabolome Database,
https://www.hmdb.ca/) and BMRB (Biological Magnetic
Resonance Bank, https://bmrb.io/). For further verification
of the assignment, 2D spectra including TOCSY, HSQC,
and J-RES were used. Chemical shift values of the assigned
metabolites are listed in Table 4. Quantification was per-
formed using TSP as the reference, with curve fitting in
Chenomx NMR Suite v8.4 (Chenomx Inc., Edmonton, AB,
Canada).

2.5 Data filtering

Samples were excluded if the recorded spectra were of low
quality (very low signal to noise ratio, prominent artefact
peaks obscuring the metabolites of interest, distorted base-
lines). Samples lying outside the 95% confidence ellipse in
the initial PCA of the normalized spectra were considered
as outliers and were also excluded. In this way, a total of 15
samples (10 from grade 2, 2 from grade 3 and 3 from grade
4) were filtered from the study.

2.6 Statistical analysis

Multivariate data analysis was performed using Metabo-
analyst 6.0 https://www.metaboanalyst.ca/ (Pang et al.,
2024). The data was normalized by sum to correct for dilu-
tion differences, log-transformed to minimize skewness and
auto-scaling was done before multivariate analysis. The
metabolite patterns were compared between control vs. dis-
cased (all grades combined), control vs. grades 2, 3 and 4
and control vs. individual grades. Unsupervised Principal
Component Analysis (PCA) was initially performed to iden-
tify trends and outliers in the data, followed by supervised
Partial Least Squares Discriminant Analysis (PLS-DA) with
5-fold cross-validation to assess group clustering and dif-
ferences. Variable Importance in Projection (VIP) scores
were evaluated using PLS-DA. Permutation analysis was
performed to determine whether the results were signifi-
cant. t-test and ANOVA (Analysis of Variance) were used
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Table 4 Table showing the assigned metabolites confirmed through Chenomx and 2D spectra. Chemical shifts of proton and carbon are depicted

S.N. Metabolite 'H Shift (ppm) 13C (ppm) J-coupling (Hz) Methods used

1. 2-hydroxybutyrate 0.87(t) 11.80 7.41 1-D, Chenomx, J-RES
1.73(m) - -
4(dd) - -

2. 2-hydroxyisobutyrate 1.36(s) 29.60 - 1-D, Chenomx, HSQC

3. 3-aminoisobutyrate 1.18(d) 17.80 - 1-D, Chenomx, J-RES, TOCSY
2.60(m) 42.10 -
3.02(dd) 45.10 -
3.09(dd) 45.10 -

4. 3-Hydroxyisovalerate 1.27(s) 30.87 - 1-D, Chenomx, HSQC
2.37(s) 52.33 -

5. Acetate 1.92(s) 26.08 - 1-D, Chenomx, HSQC

6. Adenine 8.17(s) - - 1-D, Chenomx
8.19(s) - -

7. Alanine 1.48(d) 19.07 - 1-D, Chenomx, HSQC, TOCSY
3.78(q) 53.30 -

8. Allantoin 5.38(s) 66.05 - 1-D, Chenomx, HSQC

9. Betaine 3.25(s) 56.01 - 1-D, Chenomx, HSQC
3.89(s) - -

10. Carnitine 2.44(m) 45.70 - 1-D, Chenomx, HSQC, TOCSY
3.23(s) 56.99 -
3.42(m) 72.68 -

11. Citrate 2.55(d) 47.33 - 1-D, Chenomx HSQC, TOCSY
2.70(d) 47.80 -

12. Creatine 3.03(s) 39.88 - 1-D, Chenomx, HSQC
3.93(s) 56.81 -

13. Creatinine 3.04(s) 33.08 — 1-D, Chenomx, HSQC
4.05(s) 59.29 -

14. Dimethyl sulfone 3.14(s) 44.12 - 1-D, Chenomx, HSQC

15. Dimethylamine 2.73(s) 37.44 - 1-D, Chenomx, HSQC

16. Formate 8.44(s) 174 - 1-D, Chenomx

17. Gluconate 3.65(m) 65.39 - 1-D, Chenomx HSQC, TOCSY
3.75(m) 75.40 -
3.82(m) 65.39 -
4.02(m) 73.65 -
4.12(d) 76.74 -

18. Glutamine 2.15(m) 29.20 - 1-D, Chenomx, HSQC, J-RES, TOCSY
2.44(m) 33.92 -
3.77(t) 57.20 6.16

19. Glycine 3.57(s) 44.67 - 1-D, Chenomx, HSQC

20. Glycolate 3.95(s) 64.05 - 1-D, Chenomx, HSQC

21. Hippurate 3.97(d) 46.75 - 1-D, Chenomx HSQC, TOCSY
7.55 131.75 -
7.63(tt) 135.25 -
7.83(dd) 130.06 -

22. Histidine 3.16(dd) 27.60 - 1-D, Chenomx HSQC, TOCSY
3.23(dd) 27.60 -
3.98(dd) 56.10 -
7.09(s) 127.00 -
7.90(s) 141.10 -

23. Isobutyrate 1.06(d) - 7.02 1-D, Chenomx, J-RES
2.36(m) - -

24, Lactate 1.33(d) 22.80 — 1-D, Chenomx HSQC, TOCSY
4.12(q) 71.69 -

25. N, N-Dimethylglycine 2.93(s) 46.40 - 1-D, Chenomx, HSQC
3.72(s) 61.62 -

26. Propylene glycol 1.14(d) 20.89 6.44 1-D, Chenomx HSQC, TOCSY, J-RES
3.44(dd) 69.41 -
3.54(dd) 69.43 -
3.88(m) 70.85 —
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Table 4 (continued)

S.N. Metabolite 'H Shift (ppm) 13C (ppm) J-coupling (Hz) Methods used
27. Pyruvate 2.38(s) 29.40 - 1-D, Chenomx, HSQC
28. Succinate 2.42(s) 37.10 — 1-D, Chenomx, HSQC
29. Trigonelline 4.44(s) 51.20 - 1-D, Chenomx HSQC, TOCSY, J-RES
8.71(m) 149.33 -
8.97(m) 147.29 -
9.10(m) 147.29 -
30. Trimethylamine 4.88(s) 45.49 - 1-D, Chenomx, HSQC
31. Trimethylamine N-oxide 3.25(s) 62.19 - 1-D, Chenomx, HSQC
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Fig.1 Arepresentative 1D NOESY spectra of urine sample from patients (A) and control (B) highlighting some of the prominent metabolite peaks

to identify significant metabolites in two- and multiple-
group comparisons, respectively. Bonferroni correction was
applied to reduce the false discovery rate. Cohen’s d effect
size was calculated for the significant features in control
vs. disease comparison to account for the limited sample
size. Random forest was used as a complementary tool to
assess variable importance, followed by constructing mean
decrease in accuracy (MDA) plot that show the model’s
accuracy loss as each metabolite is removed.

Pathway analysis, that integrates enrichment and topol-
ogy scoring, based on KEGG database, was performed to
reveal the pathways that were most disrupted.

Receiver Operating Characteristic (ROC) curve analy-
sis was performed to assess how well the model predicts
the classes. Significant metabolites found through the #-test
were used to construct the curve.
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3 Result
3.1 "H NMR spectroscopy

A total of 35 spectra of glioma samples were included in the
analysis, comprising 12 from grade 2, 9 from grade 3 and 14
from grade 4. Figure 1 depicts a representative 1D NOESY
spectrum from the urine samples of diseased (1A) and con-
trol (1B) individuals, showing some of the prominent peaks,
while detailed assignment with respective chemical shifts is
listed in Table 4. 31 metabolites were identified, including
amino acids such as alanine, glutamine, histidine, pyruvate;
organic acids like pyruvate, lactate, acetate; energy com-
pounds like glucose, creatinine and creatine among others.
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Fig. 2 Multivariate statistical analysis done on Control vs. Disease
group using Metaboanalyst 6.0 on the urine samples. A Unsupervised
Principal Component Analysis (PCA) Score Plot for Control vs. Gli-
oma depicting significant clustering between the two groups. B Super-
vised Partial Least Square Discriminant Analysis (PLS-DA) Score Plot

for Control vs. Glioma shows the separation between groups while
taking into account the class labels. C VIP Score Plot for Control vs.
Glioma, metabolites having Variable Importance in Projection (VIP)
Score of >1 are considered important for separation between the two
classes
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3.2 Multivariate analysis and metabolic
fingerprinting

3.2.1 Glioma vs. control

PCA score plot shows cluster formation but the features
overlap for some of the samples (Fig. 2A). PLS-DA done
taking into account the class labels, showed clear group sep-
aration (Fig. 2B). The model displayed significantly good
fit and predictive power as the parameters associated with
the model i.e. R? which indicates the goodness of fit and Q?,
that shows the predictive capability of the model were high
(R?=0.80, Q*=0.57). Random permutation test (n=1000)
yielded a p-value of 0.001, further proving that the differ-
ence is not due to chance.

The metabolites with maximum VIP score were
2-hydroxybutyrate, dimethylamine, propylene glycol,
pyruvate, glutamine, carnitine, alanine, creatinine, 3-ami-
noisobutyrate, trimethylamine and trigonelline (Fig. 2C).
Seven metabolites were found to be significant out of which
acetate, pyruvate, creatinine and dimethylamine were
downregulated and glutamine, alanine and carnitine were
upregulated (Fig. 3). All the significant features had large
effect sizes (d>0.8), except for acetate, which still had mod-
erate effect size (0.73), as listed in Table S1 of SI.

Random forest classification using 1000 decision trees
for the control vs. diseased group showed an out-of-the-box
(OOB) error of 8.9% (Fig. 4A). This error was due to class
imbalance arising from the small sample size of controls.
Consistent results were seen in MDA plot (Fig. 4B), where
2-hydroxybutyrate, dimethylamine, pyruvate, acetate,
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Fig. 5 Multivariate Statistical Analysis taking into account Control vs.
Different grades of Glioma together. A PCA Score Plot for Control vs.
Different Glioma grades, clustering is not very distinct and some data
points from different groups tend to overlap. B PLS-DA Score Plot for

creatinine and glutamine were the top features leading to
reduction in classification accuracy when permuted.

3.3 Different glioma grades vs. control

Although the clusters are seen as somewhat merged in the
dimensionality reduction analysis (Fig. 5A, B), the groups
gradually tend to separate from each other. This separation
is higher in PLS-DA. More severe glioma grades were more
distinct from the control, whereas low-grade gliomas were
relatively close to it. PLS-DA was cross-validated to ensure
there was no overfitting (R>=0.80, Q*>=0.51). To further
ensure the model’s predictability, a permutation test was
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Control vs. Different Glioma grades showing the gradual shift of the
different clusters as the severity of grades increases. C VIP Score Plot
displaying top metabolites that are bringing about the separation

performed, yielding a p-value of 0.01. 3-aminoisobutyrate,
dimethylamine, glutamine, creatinine, 2-hydroxybutyrate,
carnitine, alanine, glycine, trigonelline, histidine, pyruvate,
propylene glycol and trimethylamine had maximum VIP
scores (Fig. 5C). Analysis of Variance (ANOVA) showed
2-hydroxybutyrate, pyruvate, creatinine, dimethylamine
and dimethyl sulfone to be significant; group comparisons
having p value <0.05 were annotated with “*’ (Fig. 6). Mean
SD plot for all the metabolites is given in Fig S1 of SI, where
some metabolites show progressive change from control to
higher grades, and some showing more variability in higher
glioma grades, highlighting the metabolic heterogeneity of
glioma.
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Fig. 6 Box plot of the metabolites identified to be significantly per-
turbed through ANOVA in comparison of Control with the different
grades. 2-hydroxybutyrate was upregulated while pyruvate, creatinine
and dimethylamine were downregulated in all the grades when com-

Multivariate analysis was performed to compare the gli-
oma grades individually with the control cases. It is clear
from Fig. 7 that, across all three grades, a clear difference
was observed as they clustered separately from healthy
controls.

Pathway analysis revealed major perturbation in the fol-
lowing pathways- (1) Glycine, Serine and Threonine metab-
olism, (2) Pyruvate metabolism, (3) Histidine metabolism,
(4) Glyoxylate and dicarboxylate metabolism, (5) Citrate
(TCA) cycle, (6) Glycolysis/Gluconeogenesis, (7) Alanine,
aspartate and glutamate metabolism (Fig. 8). A graphical
representation is shown in Fig. 9.

Area under the curve in multivariate ROC analysis (Fig.
10) for the significant metabolites was 0.90 for Control vs.
Diseased (95% CI 0.76 to 0.98), indicating that the model
distinguished the groups with high sensitivity and specific-
ity and had excellent diagnostic potential.

Table 5 reveals the discriminatory metabolites identified
as important in the fold change analysis and with VIP val-
ues>0.90. The variance explained by the principal compo-
nents in PCA, the R? and Q2 from PLS-DA cross-validation,
and the p-values obtained from permutation test across 1000
iterations in the different cases are shown in Table 6.

4 Discussion

Glioma manifests itself as a highly aggressive and fatal
brain tumor, having an array of complications and heteroge-
neity with limited treatment options; therefore, patients with
glioma need to be treated with utmost care and minimally
invasive tests and monitoring methods must be devised to
look over the condition.

Metabolomics has proven to be an efficient technique
for novel biomarker discovery and understanding underly-
ing biochemical pathways. Urine metabolomics is benefi-
cial as it requires no prior preparation, is non-invasive and
increases patient compliance considerably. Moreover, in

pared with control. Group comparisons with significant p-value are
marked with star (*). Number of star i.e. ¥, “¥*’_ <*¥**>apd “*¥***’ cor-
respond to p-values less than 0.05, 0.01, 0.001 and 0.0001 respectively

conditions such as glioma, where there are several critical
health risks, urine-based tests will be highly advantageous.
Although the urine composition may vary due to factors
such as age, diet, hydration status, etc., we have minimized
these variations by following the same procedure of urine
collection for all the subjects and scaling, log transforma-
tion and normalization of the concentration profile (Emwas
et al., 2016).

Creatinine has a major role in energy metabolism. There
is a significant decrease in levels of muscle-derived metabo-
lites in biofluids in the case of sarcopenia i.e., muscle wast-
ing (Stretch et al., 2012) and often secondary sarcopenia
is seen in patients suffering from cancer, wherein cancer
cachexia and metabolic dysregulation can cause muscle
atrophy, thus reducing creatinine production and excretion.
Increased consumption of creatine phosphate by aggressive
tumors to meet their energy requirement may also lead to
lower levels of its breakdown product, i.e. creatinine (Wyss
& Kaddurah-Daouk, 2000), which is also in accordance
with previous reports that suggest creatinine levels tend to
be lower in high-grade tumors (Baranovicova et al., 2019;
Morén et al., 2015).

Urinary excretion of 2-hydroxybutyric acid can be a
readout of systemic oxidative stress as it is produced from
2-oxobutyrate that arises as a result of increased glutathi-
one flux through the trans-sulfuration pathway (Ponti et al.,
2024). It was correlated with cases of lactic acidosis or keto-
acidosis, which is common in cancer patients, as the energy
balance is highly disturbed (Zhao et al., 2024).

Dimethylamine is formed by degradation of symmetric
and asymmetric dimethylarginine, post-translational meth-
ylation of arginine residues catalysed by protein arginine
methyltransferases and through microbial metabolism of
methylamine (Tain & Hsu, 2017; Tang et al., 2013). To
compensate for the heightened requirement of methyl
groups associated with the DNA and histone modifications
and epigenetic changes (particularly hypermethylation),
methylamines may be increasingly diverted to one carbon
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metabolism (Locasale, 2013), thus decreasing their renal
excretion. Moreover, glioma patients exhibit gut dysbio-
sis with depletion of microflora involved in methylamine
metabolism (Wang et al., 2024), further leading to reduced
urinary dimethylamine levels.

Glioma cells also exploit fatty acids for harnessing
energy and NADH, NADPH, and FADH2 are needed for
cellular growth and proliferation (Carracedo et al., 2013).
It was assumed that glioma cells rely on aerobic glycolysis

@ Springer

predominantly; however, Maher et al., 2012 studied the
metabolism of human brain tumor in situ and concluded that
less than half of the Acetyl-CoA pool was derived from glu-
cose, which means that apart from the Warburg effect, there
is significant fatty acid oxidation (FAO) in glioma cells (Lin
et al., 2016). For FAO, carnitine is crucial. Despite being
recycled, carnitine also plays a role in other cellular pro-
cesses; hence, cells require sustained carnitine availability.
Elevated urinary carnitine levels may be a byproduct of
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Fig. 8 Pathway analysis module of Metaboanalyst 6.0 incorporates
p values from enrichment analysis and pathway impact values from
topology analysis to highlight the disturbed pathways. Pathways hav-
ing impact>0.08 were considerably perturbed which include 1. Gly-
cine, serine and threonine metabolism, 2. Pyruvate metabolism, 3.
Histidine metabolism, 4. Glyoxylate and dicarboxylate metabolism,
5. Citrate (TCA) cycle, 6. Glycolysis/Gluconeogenesis, 7. Alanine,
aspartate and glutamate metabolism and 8. Glutathione metabolism

the tumor’s increased demand for FAO, increasing carni-
tine turnover and total flux. Solute carriers (SLC) coding
genes SLC6 and members of SLC22 are responsible for the
movement of hydrophilic carnitine inside the cell (Juraszek

Glycolysis/Gluconeogenesis |

Citrate cycle

et al., 2021), among which SLC22A5 (Fink et al., 2019) is
a high-affinity transporter of carnitine and is found to be
overexpressed in primary and recurrent glioblastomas; other
carnitine transporters that regulate its homeostasis are dys-
regulated in cancers (Console et al., 2020). Additionally, gut
dysbiosis evident in glioma can also lead to altered carnitine
metabolism and excretion (Koeth et al., 2013).

When [1,6-1>C] glucose and [1,2-*C] acetate were
infused together into mouse models, it was revealed through
13C NMR that the tumor brain shows higher uptake of ace-
tate than the normal brain (control) (Mashimo et al., 2014).
Acetate metabolism is driven by FAO and the overexpres-
sion of Acetyl-CoA synthetase (ACSS2), which promotes
acetate uptake, (Liu et al., 2022) impacts systemic levels
and consequently its concentration in urine.

Glutamine performs a multitude of roles, ranging from
replenishment of TCA cycle intermediates, nitrogen source
for synthesis of amino acids, purines, and pyrimidines, as
well as uptake of essential amino acids, activation of the
mTOR (mammalian target of rapamycin) pathway, glutathi-
one synthesis, and synthesis of glutamate in the brain (Mir-
veis et al., 2023; Newsholme et al., 2003). Despite being a
non-essential amino acid, it becomes conditionally essential
in glutamine addicted malignancies. (Obara-Michlewska
& Szeliga, 2020; Wise et al., 2008). High glutamine flux
due to increased expression of transporters (ASC2, LAT1)
(Cormerais et al., 2018) accompanied by cancer-associated
muscle proteolysis and hepatic amino-acid metabolism
(Fearon et al., 2012) can influence its level in urine.

To cope with the persistent nutrient shortage, neoplasms
need a supply of TCA cycle intermediates as the catabolic
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Fig.9 Major pathways involved in the glioma metabolism as deduced from our analysis. Levels of the metabolites that were detected is shown with
the help of red arrows. Direction of the arrows indicates their concentration in disease condition when compared with control
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Fig. 10 A Multivariate ROC Curve
constructed using the significant
features shows the model’s ability
to predict whether the sample is of
Control or Disease group, AUC for
this curve was 0.90 with confi-
dence interval from 0.76 to 0.98
indicating good diagnostic poten-
tial of the candidate metabolites

as biomarker. B Predicted class
probabilities for each sample given
by the model
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Table 5 Statistical data reveals the metabolites crucial for discrimina-
tion between Control vs. Disease and Control vs. individual grades.
The listed metabolites came to be significant in fold change analysis
(values are listed) where values>1 in fold change shows that concen-

tration was higher in urine of patients than in control. Cut off threshold
for VIP score was taken to be 0.90, values were obtained from PLS-DA
models. The statistically significant metabolites from #-test are marked

with star
Comparison Metabolites VIP Fold Level
Score change
Control vs. Alanine* 1.29 3.33 Up
Disease Succinate 0.94 3.20 Up
Carnitine* 1.22 2.85 Up
Lactate 0.91 233 Up
2-hydroxybutyrate 1.67 2.12 Up
Pyruvate* 1.49 0.49 Down
Control vs. Alanine 0.98 2.54 Up
Grade 2 Carnitine 0.99 2.30 Up
Adenine 1.04 2.08 Up
2-hydroxybutyrate 1.48 2.01 Up
Pyruvate 1.37 0.49 Down
Succinate*® 1.89 0.33 Down
Propylene glycol 1.04 0.22 Down
Control vs. Alanine* 1.35 4.28 Up
Grade 3 Carnitine* 1.39 2.96 Up
Lactate 1.08 2.52 Up
Acetate* 1.34 0.48 Down
Trigonelline 1.15 0.46 Down
Dimethylamine* 1.63 0.45 Down
3-aminoisobutyrate  1.19 0.39 Down
Pyruvate* 1.48 0.32 Down
Control vs. Alanine 1.23 342 Up
Grade 4 Carnitine 1.22 3.24 Up
2-Hydroxybutyrate 1.40 2.53 Up
Adenine 0.90 2.08 Up

processes are activated to promote biosynthesis. Pyruvate
carboxylation and glutaminolysis are the two anaplerotic
pathways that come to rescue under the above conditions,
but the former is downregulated in malignant cells, and
thus glutaminolysis, resulting in the formation of glutamate
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Table 6 1st Principal Component (PC1) and 2nd Principal Component
(PC2) from Principal Component Analysis (PCA). R? and Q? values
are from the cross-validation of the PLS-DA model. p-values are from
permutation analysis of the model based on 1000 iterations

PCl PC2 R Q? p-value
) %)
Control vs. Glioma 17.9 15.6 0.80 0.57 0.001
Control vs. different 17.9 15.6 0.80 0.51 0.01

grades

and ultimately o-ketoglutarate (a TCA cycle intermediate)
becomes crucial for anaplerosis (DeBerardinis et al., 2007).

Disrupted energy metabolism is a hallmark of cancer
cells. Pyruvate dehydrogenase (PDH) complex (PDC) is a
multienzyme complex made of three components (E1, E2
and E3). The core of E1 PDH is composed of two a and two
B subunits, and it decarboxylates pyruvate to form acetyl-
CoA and therefore provides a link between glycolysis and
the Krebs cycle. Pyruvate dehydrogenase kinase (PDK)
inactivates PDH by phosphorylating serine residues in the
o subunit of E1. PDK shows increased activity in glioma
cells, thereby decreasing the rate of acetyl-CoA formation
and increasing lactate production from pyruvate (Jha & Suk,
2013).

Apart from the perturbed energy balance that would
result as a consequence of changes in succinate levels, suc-
cinate has also been implicated as an oncometabolite in
tumorigenesis that can also bring about post-translational
modifications in proteins (Zhang & Lang, 2023). Succinate
was found to be altered significantly in grade 2 glioma as
compared to the control.

Disturbed energy regulation, homeostasis, redox imbal-
ance, and biosynthetic support are also evident from the
pathways that are disturbed.

The urinary profile observed in our study is thus con-
sistent with the profound metabolic rewiring observed in
gliomas, supporting both enhanced glycolytic flux and reli-
ance on other substrates. Changes in systemic amino acid
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mobilization and cancer-specific catabolism, reflected by
altered muscle proteolysis, are further evident from our
findings. Together, these observations support increased
substrate demand and the consequent host response, high-
lighting glioma-specific metabolic stress.

There is evidence that gliomas may cause partial disrup-
tion of the blood-brain barrier, resulting in systemic changes
driven by the tumor (Digiovanni et al., 2024; Solar et al.,
2022). It is thus essential to address and understand these
metabolic alterations at a deeper level. This understanding
can help establish non-invasive liquid biopsy biomarkers
for timely diagnosis, monitoring treatment, and recurrence,
and for the development of targeted metabolic therapies.
Although this is a pilot study, the significant alterations
observed in features such as glutamine, carnitine, and
acetate, among others, may have potential as non-invasive
markers for disease monitoring and treatment.

4.1 Future prospects

Novel targeted metabolic treatments can be explored, keep-
ing in mind the alterations in metabolome. Inhibitors of
different carnitine transporters responsible for increased
carnitine flux can be employed to visualise the effect of
reversing carnitine concentrations. The effect of blocking
the PDK enzyme is another dimension that warrants further
exploration. Pyruvate carboxylase-mediated anaplerotic
flux is another central avenue that can be utilised to keep
glioma cell proliferation under check.
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