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Introduction
Glioblastoma Multiforme (GBM) is the most common and most 

aggressive type of primary brain tumor, with a median survival of 14 
months. Currently, the diagnosis of GBM requires surgical resection 
followed by pathological examination, and the standard therapy for 
patients with GBM includes maximal tumor resection, irradiation 
and chemotherapy, using oral temozolomide. Despite this treatment, 
the vast majority of tumors recur within the irradiation field, thus 
GBM continues to represent an enormous therapeutic challenge. 
Though our knowledge of the genome (microarray profile, mutational 
status and epigenetics) has been well studied for patients with GBM, 
relatively little is known about the downstream consequences. Using 
metabolomic profiling on patient samples, one can study the molecules 
that are the most downstream.

Metabolomics, using mass spectrometry (MS) based techniques, 
including gas chromatography/mass spectrometry (GC/MS), GC-MS/
MS, liquid chromatography/mass spectrometry (LC-MS), and LC-MS/
MS, offers an analysis of metabolite levels in biological samples [1,2]. 
Studies using metabolomics in various cancers, including gastric, lung, 
renal and colorectal have shown that there are common alterations 
in metabolism in patients with cancer, but have also shown disease 
specific alterations in metabolism [3-11]. Because of its peak resolution 
(ability to separate similar metabolites), high sensitivity and consistent 
reproducibility, GC/MS has been well established and widely utilized in 
metabolomic studies [12-14].

The present study examined urine samples from patients with GBM 
compared to those of healthy controls, to determine if there are GBM-
specific metabolites. Toward this end, samples were analyzed using 
both GC/MS and LC-MS/MS platforms, following protein extraction, 
allowing maximum recovery of small molecules. Additionally, the 
urine of patients with GBM pre- and post-radiation (RT) therapy was 
studied in an effort to identify metabolites of radiation exposure, and 
possibly radio response.

Materials and Methods
Urine collection and processing

Urine was collected prospectively on clinical study NCI04-C-0200, 
approved by the Institutional Review Board of the National Cancer 
Institute, NIH, from 2004 to present. The clinical and pathological 
characteristics of patients are shown in table 1. We also collected urine 
samples from 38 healthy untreated volunteers as controls. Samples were 
centrifuged at 3,000 rpm for 10 min at 4°C, to remove any sediment; 
supernatant was separated, aliquoted and stored at -20°C [15].

Metabolomics data processing and quality control

Each run included several technical replicate samples, created 
from a homogeneous pool containing a small amount of all study 
samples (homogenous pool). Instrument variability was determined 
by calculating the median Relative Standard Deviation (RSD) for the 
internal standards that were added to each sample, prior to injection 
into the mass spectrometers. Overall process variability was determined 
by calculating the median RSD for all endogenous metabolites (i.e. 
non-instrument standards), present in 100% of the homogenous pool 
samples, which are technical replicates of pooled samples. Values 
for instrument and process variability were 5% and 8%, respectively, 
within the standard acceptance limits.
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Metabolomic profiling

Global metabolomic profiling was carried out on three independent 
instrument platforms, to obtain broad coverage of the biochemical 
classes. This includes one gas chromatography/mass spectrometry 
(GC/MS), and two ultrahigh performance liquid chromatography/
tandem mass spectrometry (LC-MS/MS) platforms optimized for polar 
compounds, as well as for basic and acidic species. Detailed descriptions 
of these platforms, including instrumentation configurations and 
conditions, data acquisition, and software approaches for data 
handling, were previously described in detail [16,17]. The major 
components of the process are summarized as follows: Osmolality of 
the tested urine samples was measured on a Fiske® Model 210 Micro-
Sample Osmometer (Fiske Associates, Norwood, MA), using 20 μl of 
undiluted sample. Undiluted urine samples (100 μl) were extracted 
using an automated MicroLab STAR® system (Hamilton Company, Salt 
Lake City, UT), in 450 μl of methanol containing recovery standards. 

The samples were divided into three equal aliquots for analysis in three 
independent platforms, as described. The samples destined for GC/
MS analysis were dried under vacuum desiccation for a minimum of 
24 h, and then derivatized under dried nitrogen, using bistrimethyl-
silyl-triflouroacetamide. The GC column was 5% phenyl and the 
temperature ramp was from 40°-300°C in a 16 minute period. Samples 
were analyzed on a Thermo-Finnigan Trace DSQ fast scanning single-
quadrupole mass spectrometer, using electron impact ionization. 
UPLC/MS was carried out using a Waters Acquity UHPLC (Waters 
Corporation, Milford, MA), coupled to an LTQ mass spectrometer 
(Thermo Fisher Scientific Inc., Waltham, MA), equipped with an 
electrospray ionization source. Two separate UHPLC/MS injections 
were performed on each sample: one optimized for positive ions and 
one for negative ions. Chromatographic separation, followed by full 
scan mass spectra, was carried out to record retention time, molecular 
weight (m/z) and MS/MS2 of all detectable ions presented in the 
samples.

Metabolites were identified by automated comparison of the ion 
features in the experimental samples to a reference library of chemical 
standard entries, that included retention time, molecular weight (m/z), 
preferred adducts, and in-source fragments, as well as their associated 
MS/MS2 spectra. This library allowed the rapid identification of 
metabolites in the experiment with high confidence.

IPA analysis

Expression values for metabolites differentially expressed in GBM 
pre-RT samples, compared to controls analyzed by Ingenuity Pathway 
Analysis (IPA). Metabolites were integrated into protein signaling 
networks, known to be active in GBM.

Statistical analysis

Missing values for a given metabolite were imputed with the 
observed minimum detection value, based on the assumption that 
they were below the limits of instrument detection sensitivity. All 
comparisons were performed using log2-transformed data and median 
centered data. All samples were normalized to osmolality. Differential 
expression analysis was performed by Welch’s two sample t-tests 
(GBM vs. healthy comparison), or matched pairs t-tests (pre-RT vs. 
post-RT). Multiple comparisons were accounted for with the False 
Discovery Rate (FDR) method [18]. Random forest analysis was used 
for predictive modeling and classification of samples into groups (e.g. 
GBM or healthy).

Random forests produce a single measure of importance for each 
predictor variable, and take into account interactions among variables, 
making them more likely to be given high importance relative to 
other variables. Random forest analyses were performed on selected 
metabolites at FDR (q ≤ 0.05), to classify GBM from healthy controls, 
and to differentiate Post-RT from Pre-RT samples. The accuracy of the 
predictive model was estimated using X-fold leave out cross validation. 
Unsupervised analysis was performed by hierarchical clustering, and 
survival significance of the metabolites was estimated by Kaplan-Meier 
analysis. We used 25th (q1) and 75th (q4) quartiles for dichotomizing 
each metabolite for patient samples, in comparison to controls that 
gave us the most significant relation with outcome, in estimating log 
rank statistic. All statistical analyses were generated using Array Studio 

Parameter Samples (n=39)

Sex, no. (%)

Male 29 (74.4)

Female 10 (25.6)

Age (year)

Median 55

Range 36-74

Mean 56.1

Std. Dev. 8.7

Age, no. (%)

<50 5 (12.8)

>50 34 (87.2)

KPS, no. (%)

≤80 7 (17.9)

>80 32 (82.1)

Median 90

RPA classification, no. (%)

V 8 (20.5)

IV 26 (66.7)

III 5 (12.8)

Prior Surgery, no. (%)

Biopsy 8 (20.5)

Subtotal resection 17 (43.6)

Total resection 14 (35.9)

Days from diagnosis to RT (days)

Median 33

Range 16-54

Mean 34.6

Working/not working

Working/not working 35 (89.7)

Not working 4 (10.3)

Table 1: Clinical and pathological characteristics of GBM patients.

KPS: Karnofsky Performance Score; RPA: Recursive Partitioning Analysis.
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software or R-bioconductor package (www.bioconductor.org). Array 
Studio, Array Viewer and Array Server and all other Omicsoft products 
or service names are registered trademarks or trademarks of Omicsoft 
Corporation, Research Tringle Park, NC, USA.

Results
Brain MRI

To show the extent of intra-cerebral disease and to demonstrate 
the typical volumes irradiated in a patient with GBM, figure 1 shows 
a patient’s brain MRI, including an overlay of a standard radiation 
treatment plan (Figure 1). On the left is a T1, post-contrast MRI, 
showing a contrast-enhancing lesion in the left parietal lobe before 
surgery. The middle image shows the same patient’s radiation therapy 
treatment plan. The light blue line encompasses the contrast-enhancing 
lesion, and the orange line encompasses the non-contrast-enhancing 
lesion, as defined by T2 MRI (T2 image not shown). The red line 
represents the area that received the radiation prescription dose of 60 
Gy. The right-most image shows the same patient 1 year after treatment, 
demonstrating a significant decrease in size and enhancement of the 
original tumor.

Cohort for global metabolomics

To determine if there were metabolites in the urine of patients 
with GBM that were differentially expressed compared to normal 
volunteers, metabolomic profiling was performed on three independent 
instrument platforms, one GC/MS and two LC-MS/MS. A total of 116 
urine samples; 38 from healthy volunteers and 39 matched samples 
from patients, before and after irradiation were studied. Metabolite 
levels were calculated by automated comparison of the ion features in 
the experimental samples, to a reference library of chemical standard 
entries. Following normalization to osmolality, log transformation and 
imputation with minimum observed values for each compound, we 
identified a total of 368 named metabolites across all groups.

Urinary metabolomic profiles distinguish GBM patients 
from healthy controls

To determine whether the 368 metabolites could identify patients 
with GBM, a Welch’s two-sample t-test was used.

This identified 46 metabolites that differed significantly (q ≤ 0.05), 
between healthy controls and the samples from patients with GBM, 
before they received radiation (Table 2, Figure 2a). Within the table are 
listed the biochemical name of each compound, as well as its curated 
super- and sub-pathways. Fold change values for pre-RT GBM vs. 
control samples, and corresponding p- and q-values are shown for 
each metabolite. From the 46 differentially expressed molecules, the 
majority of metabolites [19] were involved in amino acid metabolism, 
including the sub-pathways of glycine, serine and threonine 
metabolism (4 metabolites), glutamate metabolism (3 metabolites) and 
valine, leucine and isoleucine metabolism (3 metabolites) (Table 2). 
Other pathways included carbohydrate metabolism, lipid metabolism 
and nucleotide metabolism. The differences between the pre-RT and 
control samples are highlighted in the heatmap analysis (Figure 2a). 
In this unsupervised clustering, metabolite values are plotted on the 
y-axis, and individual samples are on the x-axis, “group”. Dark blue 
coloring within the cluster represent elevated metabolite levels, and 
yellow represents decreased metabolite levels.

Additionally, along the right most aspect of the cluster, the super-
pathway for each metabolite is color coded. To determine if the group 
of 46 molecules could classify samples as control or GBM, a Random 
Forest analysis was performed. The 46 molecules had a 77% predictive 
accuracy (Figure 2b). Thirty of 38 control samples and 29 of 39 pre-
radiation samples were correctly classified. Thus, the metabolites that 
are differentially expressed between the two groups may represent 
potential biomarkers for GBM.

Metabolites associated with improved survival

To determine if the metabolite levels in patients with GBM 
correlated with survival, we used Kaplan-Meier analysis. Of the 46 
metabolites, 6.5% showed a difference in patient survival, including 
mannitol, pyroglutamine and 7-methylguanine, when the values across 
all the samples were divided into quartiles (Figure 3). Mannitol was 
elevated in samples from patients with GBM compared to controls (2.2 
GBM/control), and Kaplan-Meier analysis showed that GBM patients 
having low mannitol levels (<qt1) had better survival (12.1 months, 
P=0.0263), compared to patients with high mannitol levels (>qt4, 
5.5 months) (Figure 3a). Pyroglutamine (0.76 GBM/control) and 7- 

Figure 1: A brain MRI image of one representative patient from this study, depicting a standard treatment plan for GBM. On the left is a T1, post-contrast 
MRI, showing a contrast-enhancing lesion in the left parietal lobe before surgery and before radiation therapy. The middle image shows the same patient’s treatment 
plan. The light blue line encompasses the contrast-enhancing lesion, and the orange line encompasses the non-contrast-enhancing lesion, as defined by T2 MRI. 
The red line represents the area that received the prescription dose of 60 Gy total. The right-most image shows the same patient 1 year after treatment.
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BIOCHEMICAL NAME KEGG HMDB SUPER 
PATHWAY SUB PATHWAY

Pre-RT GBM/Control
Welch's Two-sample t-test 

 Log-rank 
t-testFold 

Change p-Value q-Value

serine C00065 HMDB03406 Amino acid
Glycine, serine 
and threonine 
metabolism

0.63 <0.001 0.0071 0.0149

glycine C00037 HMDB00123 Amino acid
Glycine, serine 
and threonine 
metabolism

0.64 <0.001 0.0063 0.021

guanidinoacetate C00581 HMDB00128 Amino acid
Guanidino and 

acetamido 
metabolism

0.40 <0.001 0.0033 0.299

4-acetamidobutanoate C02946 HMDB03681 Amino acid
Guanidino and 

acetamido 
metabolism

1.44 <0.001 0.0003 0.681

urea C00086 HMDB00294 Amino acid Urea cycle; arginine-, 
proline-, metabolism 1.35 <0.001 0.0063 0.736

tigloylglycine HMDB00959 Amino acid
Valine, leucine 
and isoleucine 

metabolism
0.67 <0.001 0.0027 0.89

cysteine C00097 HMDB00574 Amino acid
Cysteine, 

methionine, SAM, 
taurine metabolism

1.67 <0.001 0.0071 0.9

N-acetylneuraminate C00270 HMDB00230 Carbohydrate Aminosugars 
metabolism 1.64 <0.001 0.0057 0.962

pyridoxate C00847 HMDB00017 Cofactors and 
vitamins

Vitamin B6 
metabolism 3.39 <0.001 0.0071 0.21

carnosine C00386 HMDB00033 Peptide Dipeptide derivative 0.34 <0.001 0.0014 0.0371
glycolate (hydroxyacetate) C00160 HMDB00115 Xenobiotics Chemical 0.72 <0.001 0.0071 0.0412

isobutyrylglycine HMDB00730 Amino acid
Valine, leucine 
and isoleucine 

metabolism
1.62 0.0010 0.0076 0.872

pyroglutamine* Amino acid Glutamate 
metabolism 0.76 0.0017 0.0119 0.351

ethylmalonate HMDB00622 Lipid Carnitine metabolism 1.50 0.0017 0.0119 0.0625

nicotinamide C00153 HMDB01406 Cofactors and 
vitamins

Nicotinate and 
nicotinamide 
metabolism

2.47 0.0018 0.0123 0.807

taurocholenate sulfate* Lipid Bile acid metabolism 0.64 0.0019 0.0124 0.928

kynurenine C00328 HMDB00684 Amino acid Tryptophan 
metabolism 1.65 0.0025 0.0154 0.744

glycocholenate sulfate* Lipid Bile acid metabolism 0.62 0.0030 0.0181 0.771

N-carbamylglutamate C05829 Amino acid Glutamate 
metabolism 1.70 0.0032 0.0186 0.783

xanthurenate C02470 HMDB00881 Amino acid Tryptophan 
metabolism 0.65 0.0035 0.0198 0.49

imidazole lactate C05568 HMDB02320 Amino acid Histidine metabolism 0.48 0.0042 0.0225 0.191

tiglyl carnitine HMDB02366 Amino acid
Valine, leucine 
and isoleucine 

metabolism
0.75 0.0043 0.0225 0.502

guanidine HMDB01842 Nucleotide Purine metabolism, 
guanine containing 1.60 0.0047 0.0238 0.774

4-hydroxyphenylpyruvate C01179 HMDB00707 Amino acid Phenylalanine & 
tyrosine metabolism 0.40 0.0056 0.0267 0.761

dihydrobiopterin C02953,C00268 HMDB00038 Cofactors and 
vitamins Folate metabolism 0.64 0.0056 0.0267 0.965

3-methyl-2-oxovalerate C00671 HMDB03736 Amino acid
Valine, leucine 
and isoleucine 

metabolism
0.59 0.0057 0.0267 0.686

anserine C01262 HMDB00194 Peptide Dipeptide derivative 0.12 0.0064 0.0291 0.0375

choline C00114 HMDB00097 Lipid Glycerolipid 
metabolism 1.39 0.0065 0.0291 0.499

2-(4-hydroxyphenyl)propionate C03080 Amino acid Phenylalanine & 
tyrosine metabolism 0.25 0.0068 0.0297 0.794

trigonelline (N'- ethylnicotinate) C01004 HMDB00875 Cofactors and 
vitamins

Nicotinate and 
nicotinamide 
metabolism

1.59 0.0076 0.0320 0.464

Table 2: Urinary metabolomic profile distinguishes GBM patients from healthy controls.
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1-methylhistidine C01152 HMDB00001 Amino acid Histidine metabolism 0.55 0.0080 0.0325 0.0338

dimethylglycine C01026 HMDB00092 Amino acid
Glycine, serine 
and threonine 
metabolism

0.73 0.0081 0.0325 0.675

allantoin C02350 HMDB00462 Nucleotide Purine metabolism, 
urate metabolism 2.30 0.0086 0.0334 0.196

sucrose C00089 HMDB00258 Carbohydrate

Fructose, mannose, 
galactose, starch, 

and sucrose 
metabolism

2.29 0.0087 0.0334 0.674

gallate D01398,C01424 HMDB05807 Xenobiotics Food component/
Plant 0.51 0.0088 0.0334 0.382

N4-acetylcytidine HMDB05923 Nucleotide
Pyrimidine 

metabolism, cytidine 
containing

1.51 0.0090 0.0334 0.948

riboflavin (Vitamin B2) C00255 HMDB00244 Cofactors and 
vitamins

Riboflavin 
metabolism 3.46 0.0107 0.0389 0.455

N2-acetyllysine C12989 HMDB00446 Amino acid Lysine metabolism 1.35 0.0111 0.0394 0.257

7-methylguanine C02242 HMDB00897 Nucleotide Purine metabolism, 
guanine containing 0.83 0.0114 0.0396 0.0223

mannitol C00392 HMDB00765 Carbohydrate

Fructose, mannose, 
galactose, starch, 

and sucrose 
metabolism

2.20 0.0117 0.0396 0.0803

taurolithocholate 3-sulfate C03642 HMDB02580 Lipid Bile acid metabolism 0.47 0.0119 0.0396 0.312

glutamine C00064 HMDB00641 Amino acid Glutamate 
metabolism 1.51 0.0138 0.0453 0.706

homocitrulline C02427 HMDB00679 Amino acid Urea cycle; arginine-, 
proline-, metabolism 1.44 0.0145 0.0453 0.0908

threonate C01620 HMDB00943 Cofactors and 
vitamins

Ascorbate and 
aldarate metabolism 2.62 0.0146 0.0453 0.182

phosphate C00009 HMDB01429 Energy Oxidative 
phosphorylation 1.23 0.0146 0.0453 0.727

threonine C00188 HMDB00167 Amino acid
Glycine, serine 
and threonine 
metabolism

0.74 0.0161 0.0490 0.0115

Red represents increase and green represents decrease fold changes

KEGG: Kyoto Encyclopedia of Genes and Genomes; HMDB: The Human Metabolome Database

methylguanine (0.83 GBM/control) levels were both reduced in GBM 
patients, compared to controls (Figure 3b and 3c). For both metabolites, 
the patient survival was 4 months in patients that had lower levels (in 
<qt1) verses 10.1 months in patients that had higher levels (in >qt4), 
with p=0.029 and p=0.00482, respectively. Whether these metabolites 
are GBM specific or related to general tumor metabolism will require 
further detailed study.

IPA analysis

To further define the molecular pathways that may be involved 
in GBM pathology, we used IPA to analyze the 46 metabolites, 
differentially expressed between control and GBM urine samples. 
The top network with a score of 37, had 15 (out of 46) molecules that 
were differentially expressed between control and GBM urine samples. 
The top three Molecular and Cellular Functions are associated with 
amino acid metabolism (8 metabolites), small molecule biochemistry 
(19 metabolites), and molecular transport (16 metabolites). The 
top network is shown in figure 4. This network has the metabolites 
that were over-expressed in the samples from patients with GBM, 
highlighted in red, and the under expressed metabolites highlighted in 
green. Furthermore, by expanding the metabolite network to include 
signaling molecules pre-defined by IPA, we show that these metabolites 
are interconnected by signaling molecules known to be involved in 

GBM pathology, including PI3K, AKT, ERK and ERK1 [20,21]. As large 
scale genomic analysis of GBM has demonstrated that these signaling 
pathways are often mutated in GBM, these abnormally expressed 
metabolites may represent the end product of these abnormal signaling 
pathways [22].

Radiation-induced changes in urine metabolites

Next, we explored if radiation treatment resulted in any changes in 
the patient’s urine metabolite profile. We compared metabolite levels 
in GBM patient’s pre and post-RT using random forest analysis. A 
predictive accuracy of 73% could be obtained for classifying all GBM 
samples into either pre- or post-radiation treatment groups (Figure 
5a). The confusion matrix in figure 5a shows that 26 out of 39 post-RT 
samples were correctly classified, whereas 31 of the 39 pre-RT samples 
were correctly classified. Notably, N-acetylated metabolites, including 
N-acetylphenylalanine, Nacetyltryptophan, N-acetyltyrosine, and 
N-acetylproline were significantly elevated in patient urine post- 
RT. Additionally, TCA cycle intermediates, including citrate, 
iso-citrate, alpha-ketoglutarate, succinate, fumarate, malate and 
2-hydroxyglutarate were significantly elevated post-RT (Figure 5b). 
Thus, there is potentially a set of metabolites following irradiation that 
are distinct from those found in patients with GBM, that may be useful 
as biomarkers of radiation exposure.
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Figure 2: Urinary metabolomic profile distinguish GBM patients from healthy controls.  (a) Welch’s two-sample t-test was used to identify metabolites that 
differed significantly between GBM groups (magenta), compared to control (untreated healthy, blue). In this unsupervised clustering, metabolite values are plotted 
on the y-axis and individual samples are on the x-axis, “group”. Dark blue coloring within the cluster, represent elevated metabolite levels and yellow represents 
decreased metabolite levels. Additionally, along the right most aspect of the cluster the super-pathway for each metabolite is colorcoded.
(b) The confusion matrix from a Random Forest analysis shows that GBM samples could be separated from control samples, with a 77% predictive accuracy. 
Thirty of 38 control samples and 29 of 39 pre-radiation samples were correctly classified.

Discussion
Glioblastoma multiforme are a heterogeneous group of 

tumors based on genomic profiling, yet clinically they have a fairly 
homogeneous response, with the majority of tumors recurring 
within 14 m of diagnosis, and within the surgical cavity [19,23]. This 
homogeneous response suggests common pathways may be found 
across genetic subgroups. Alternatively, the homogeneous response 
also suggests that the microenvironment of the tumor, in this case 

normal brain, may influence the phenotype, and thus, response of the 
GBM tumor. In this study, we used urinary metabolomic profiling 
to assess changes in the metabolic processes in patients with GBM. 
Human urine is a metabolite-rich matrix, readily available via non-
invasive sampling techniques, and as such, is highly amenable to global 
metabolic profiling studies in human health and disease [5].

The current study examined urine samples from patients with 
GBM, compared to those of healthy controls, to look for GBM-specific 
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Figure 3: GBM-associated changes in metabolites could affect survival. The significantly different metabolites between GBM and controls were analyzed 
using a Kaplan-Meier analysis. Three metabolites; mannitol (a), pyroglutamine (b) and 7-methylguanine (c) that were significantly different in pre-radiation (pre-
RT) samples (as shown in the ratio), compared to controls, are plotted as a survival curve. Metabolite values across all the pre-RT samples were divided into four 
quartiles based on the median value. The first quartile (qt1) values were compared to the fourth quartile (qt4) values. The differences were significant, as shown in 
the respective p values. PFS: progression free survival.

metabolites. Using a combined chromatography/mass spectrometry 
based approach; we identified 46 significantly altered metabolites in 
GBM patient urine samples, compared to control samples. Our results 
suggest significant perturbations in pathways related to amino acid, 
nucleotide and carbohydrate metabolism. This is consistent with the 
reported pathways over expressed in samples from patients with GBMs 
in three recent studies [24-26]. In our study, the specific metabolites, 
glutamine and N-carbamylglutamate, were both elevated in the urine 
of patients with GBM. Glutamine is the most abundant amino acid 
in mammals and acts as fuel for the Krebs cycle. It is also involved 

in amino acid and protein synthesis, as well as NADPH production, 
which is required for additional biosynthesis pathways [27]. Wibom 
et al. [26], showed that glutamate, glutaric acid and pyroglutamic acid 
were all elevated in GBM samples, compared to “normal” extracellular 
fluid taken directly from patients, using microdialysis. Likewise, 
Borodovsky et al. [24] measured increased glutamine in primary tumor 
samples from patients with gliomas. Extending from these clinical 
studies, increased glutamine was also measured in tumors, using an 
orthotopic mouse model of primary human GBM lines; thus, the 
preclinical model may be recapitulating the clinical scenario, at least for 
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Figure 4: Ingenuity Pathway Analysis of metabolites that differed significantly between GBM groups compared to control (untreated healthy) after a Welch’s two-
sample t-test analysis. 
The top network has shown here. This network has the metabolites that were over-expressed in the samples from patients with GBM highlighted in red, and the under 
expressed metabolites highlighted in green. AKt was identified as a major hub molecule, with direct/indirect interactions with metabolites.

this metabolite [28]. It has been reported that several of the signaling 
pathways that promote oncogenesis also reprogram glutamine 
metabolism, leading to tumor cell “glutamine addiction” [29]. To 
further evaluate the interactions of the metabolites and the underlying 
signaling pathways that may be involved, we used IPA to run curated 
comparisons. As shown in figure 4, pathways known to be involved in 
GBM signaling were found within our networks, including PI3K, AKT 
and ERK. The PI3K-AKT signal transduction pathway is controlled by 
the tumor suppressor gene PTEN, which is often deleted or mutated in 
GBM, leading to the constitutive activation of the PI3K-AKt pathway 
[30,31]. AKT can also be activated through the mammalian target of 
rapamycin (mTOR); moreover, Akt activates mTOR among other 
molecules [32,33]. In our data, we showed an interaction between the 
AKT pathway and 15 metabolites, significantly altered in GBM. Some 
of the direct AKT substrates, such as ERK and JNK, are also part of 
this network. Although from the present study we cannot draw any 
interpretation of the involvement of AKT, we show how metabolomic 
approaches may help link the genomic and phenotypic changes seen 
in GBM [2].

In addition to the GBM only metabolites, we also studied the 
urine of patients with GBM pre- and post-RT, to identify metabolites 

that may be produced secondary to radiation exposure. We observed 
significant alterations in the levels of N-acetylated metabolites and 
metabolites involved with the TCA cycle following radiation, including 
citrate, isocitrate, alpha-ketoglutarate, succinate, fumarate and malate. 
Urinary excretion of acetylated metabolites following radiation has 
been previously reported [34]. Elevated levels of TCA cycle metabolites 
were also observed in our study. The excretion of these molecules 
may be secondary to oxidative stress caused by the radiation. This is 
consistent with data from Wibom et al. [26], who measured increased 
citrate and succinate levels in samples from patients with GBM that 
were irradiated. However, Wibom et al. [26] reported additional 
molecules from the TCA cycle, not found in our study. These 
differences may be due to the type of sample used for the metabolomic 
studies (brain microdialysates in the Wibom et al. [26] and urine in 
our study), as well as variation of the reference library used in each 
study. Wibom et al. [26] measured 151 metabolites, but only 67 were 
“named”, compared to the 368 metabolites “named” in our reference 
library. Recently, studies of low-dose ionizing radiation on mice has 
shown that metabolites belonging to lipids, amino acids, fatty acids 
and nucleotides categories were elevated after RT treatment [35,36]. 
However, further analysis is needed to determine the significance of the 
elevation of TCA cycle intermediates, after irradiation.
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Figure 5: Radiation-induced changes in urine metabolites.  Comparison of metabolite levels in pre- and post-radiation (RT) patients using random forest 
analysis. (a) A predictive accuracy of 73% was obtained for classifying all GBM samples into either pre- or post-RT treatment group. 31 out of 39 pre-RT samples 
were correctly classified, whereas 26 of the 39 post-RT samples were correctly classified (b) Multiple TCA cycle intermediates accumulated in urine with radiation 
treatment.

In summary, our study showed a distinct signature of altered urine 
metabolite levels in GBM patients, with disrupted metabolic pathways 
related to amino acid, carbohydrate and nucleotide metabolism. The 
alterations in several metabolites were correlated to progression free 
survival in the patients with GBM. Additionally, altered metabolites 
following irradiation were distinct from those found in patients, prior 
to irradiation, and may be useful as biomarkers of radiation exposure. 
These results demonstrate the use of metabolomics in the study of 
GBM disease pathology and biomarker discovery.
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