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Abstract

Aims: To evaluate the accuracy of single-voxel Magnetic Resonance
Spectroscopy (‘H-MRS) as a non-invasive diagnostic aid for pediatric brain
tumours in a multi-national study. Our hypotheses are (1) that automated
classification based on 'H-MRS provides an accurate non-invasive diagnosis
in multi-centre datasets and (2) using a protocol which increases the

metabolite information improves the diagnostic accuracy.

Methods: 78 patients under 16 years old with histologically proven brain
tumours from 10 international centres were investigated. Discrimination of 29
medulloblastomas, 11 ependymomas and 38 pilocytic astrocytomas was
evaluated. Single-voxel MRS was undertaken prior to diagnosis (1.5Tesla
PRESS, PROBE or STEAM, TE 20-32 ms, and 135-136 ms). MRS data was
processed using two strategies, determination of metabolite concentrations
using TARQUIN software and automatic feature extraction with Peak
Integration. Linear Discriminant Analysis was applied to this data to produce
diagnostic classifiers. An evaluation of the diagnostic accuracy was performed

based on resampling to measure the Balanced Accuracy Rate (BAR).

Results: The accuracy of the diagnostic classifiers for discriminating the three
tumour types was found to be high (BAR 0.98) when a combination of TE was
used. The combination of both TE significantly improved the classification

performance (p < 0.01, Tukey’s test) compared with the use of one TE alone.



Other tumour types were classified accurately as glial or primitive

neuroectodermal (BAR 1.00).

Conclusions: "H-MRS has excellent accuracy for the non-invasive diagnosis
of common childhood brain tumours particularly if the metabolite information is
maximised and should become part of routine clinical assessment for these

children.



1 Introduction

Brain tumours are the most prevalent form of solid cancer in children and the
most common cause of death from cancer in childhood. Magnetic Resonance
Imaging (MRI) is a key investigation in the initial diagnostic work-up of these
patients, confirming the presence of a mass, its relationship to surrounding
structures and the existence of metastatic disease. Sometimes, a diagnosis is
made from clinical information combined with the MRI scan findings such as
in children with Neurofibromatosis Type | and an optic pathway glioma.
However, the conventional MR images are inaccurate in discriminating
between most childhood brain tumours and a diagnosis is usually made from
biopsy samples taken at operation with the histology of the tumour being used
to formulate the treatment plan. Whilst histopathology provides a definitive
diagnosis there would be several advantages to obtaining an accurate non-

invasive diagnosis.

For tumours where surgical resection is not the initial therapeutic option, an
accurate non-invasive diagnosis would avoid an invasive procedure. For
tumours where surgery is undertaken at diagnosis, accurate diagnostic
information on the tumour type prior to initial surgery would help surgical
decision-making, allow timely adjuvant therapy planning and aid discussions
with the family. A common site for childhood tumours is the cerebellum and
surgical resection is usually the initial therapeutic intervention. However, the
importance of a complete resection varies between the tumour types. A
complete macroscopic resection is highly prognostic for ependymomas [1, 2],

whereas small amounts of residual medulloblastoma (up to 1.5cm?) are not of



prognostic significance if treated with radiotherapy and chemotherapy [3] and
small residual masses of pilocytic astrocytoma may be observed without
further treatment [4]. Histopathology is usually not available for several days
after the operation and intraoperative histopathology is commonly used to
inform the surgeons of the likely tumour type but the techniques available are
not accurate [5] and this strategy does not allow patient-specific clinical
management planning prior to surgery. With improved adjuvant treatment,
therapeutic strategies may evolve to ones in which surgery is undertaken at a

later point, which is already common for childhood tumours outside the brain.

Histopathology remains the ‘gold standard’ for classifying childhood brain
tumours and is the basis for treatment planning in the majority of cases.
However, patients with identical histopathological diagnosis can respond in
different ways to treatment and there is increasing evidence that additional
information from tumour biology can improve the classification [6]. Advances
in imaging have allowed tissue properties to be probed non-invasively giving
important insights into in vivo tumour biology [7]. The aims of modern imaging
are therefore not just to give a non-invasive histological diagnosis but rather to

improve the classification of tumours.

Multivariate analysis of automated MRS processing is a powerful technique
that can yield rapid and robust results and promises to translate into routine
clinical practice. However, a multi-centre evaluation of these techniques is
required. Although a large number of multi-centre studies on automatic
classification of brain tumours has been reported in adults [8-15], these

results cannot be extrapolated to children since the overall distribution of the



tumour types, locations and etiology differs markedly from that of adults [16-
19]. Establishing the optimal MRS acquisition protocol is important and MRS
can potentially give accurate quantification of more metabolites by using a
longer acquisition, which combines Short echo time (Short-TE) and Long echo
time (Long-TE) MRS [20], but this has currently not been reported in pediatric
brain tumours. The present study investigates the accuracy of tumour
metabolite profiles measured by 'H-MRS as a diagnostic aid for common
childhood brain tumours. The main aim of this work is, to evaluate the
automatic classification of pediatric brain tumours in a large multi-centre 'H-
MRS study. In addition we test whether increasing the metabolite information
available improves the automatic classification of pediatric brain tumours by
comparing the combination of Short-TE and Long-TE MRS with the use of one

echo time (TE) alone.
2 Methods
2.1 Data acquisition

The study includes 97 patients under 16 years old (mean age 7.3+4.7) with
histologically proven brain tumour collected from 10 international centres in
the framework of the eTUMOUR project (2004-2009) [21]. Histopathological
diagnoses were validated in the context of clinical setting and radiological
images and reviewed by the multidisciplinary Clinical Validation Committee.
MRS data was reviewed for quality control by expert spectroscopists of

eTUMOUR [8, 22].



The classes considered in this study were defined according to the WHO
histological classification of the CNS tumours [23]. The cases were distributed
as follows: 38 Pilocytic Astrocytoma (PILOA), 20 of them in the Posterior
Fossa (PF); 11 Ependymoma grade Il (EPEN), 7 in the PF; 29
Medulloblastoma (MED), all in the PF; Additionally we included 10 Diffuse
Astrocytoma (DASTRO), 3 in the PF; 3 Subependymal giant cell astrocytoma
(SASTRO), 2 in the ventricular atrium and 1 in the frontal lobe; one
Supratentorial PNET located in the frontal lobe; 3 Atypical Teratoid Rhabdoid
Tumour (ATRT), 2 in the PF; and 2 Pineoblastoma (PINEOB) in the pineal

region. Table 1 documents the available cases.

Acquisition protocols for clinical, radiological and histopathological data were

defined to ensure the compatibility of the data acquired [22, 24].

Single voxel 'H-MRS at 1.5T from 90 patients were acquired at Short-TE and
61 spectra at Long-TE from Philips, Siemens and General Electric scanners.
All patients had just one voxel placed and none were scanned on another
occasion or scanner. Both TE were acquired in 54 patients with no change in
voxel position or other parameters. Conventional MRI required for the clinical
assessment of the child, including contrast enhanced imaging, was performed
prior to the MRS acquisition. For each patient, the voxel was placed within the
tumour to maximise the contrast enhancing region covered or, if non-
enhancing, the high T2 region, whilst avoiding necrosis and CSF identified on
the structural images. Voxels were cubic, with a side length of 1.5cm or
2.0cm, with 248 or 128 acquisitions respectively. Review of the voxel position

was undertaken by the clinical validation committee. The acquisition protocols



for Short-TE included PRESS, PROBE or STEAM sequences, with Recycling
Time (TR) of 1500-2000ms, TE of 20 or 30ms, spectral width of 500-2500Hz,
and 512, 1024 or 2048 data-points. Long-TE spectra were acquired with
PRESS sequence with TR of 1500-2020ms, TE of 135 or 136ms, spectral

width of 1000-2500Hz and 512 or 2048 data-points.

2.2 MRS processing

Two MRS processing methods were compared: MRS quantitation of
metabolite concentrations using the TARQUIN software (version 4.1.1) [25];
and the automatic feature extraction technique of Peak Integration (Pl) [15,

26].

MRS processing with TARQUIN was performed with the standard metabolite
library provided [25]. 21 metabolite, lipid and macromolecule variables were

quantified. Details are given in the Supplementary Material.

The PI technique was also applied to estimate the relative concentration of
metabolites. Pl automatically estimates with proportionality to the
concentration of 11 main metabolites for Short-TE and 8 metabolites for Long-
TE MRS [15, 26]. Details of these estimations are given in the Supplementary
Material. Pl was applied after a semiautomatic processing pipeline defined in

[20].

12 cases failed the inclusion criteria for QC mainly due to poor SNR.

2.3 Classification and evaluation



The diagnostic classification problem of discriminating between EPEN, PILOA
and MED, the three most common pediatric tumour types, is addressed in this
study. Since EPEN and PILOA tumours can be found in brain locations other
than the PF whereas MED are found only in the PF, training was undertaken
twice, once using the tumour cases located in the PF and then with those in
any brain location. Classifiers were designed and evaluated using features
from Short-TE and Long-TE alone and a combination of both TEs, Short-
TE+Long-TE. Our results were compared with those in previous studies [27-

30].

Based on the results of previous studies [15, 20, 26, 29, 30], we chose Linear
Discriminant Analysis (LDA) as the classification technique. Classifiers were
evaluated with a k-Random Sampling Train-Test strategy and the
performance measured with Balanced Accuracy Rate (BAR), which is the
average of the success rate obtained for each tumour class [31]. Details about

the evaluation methodology are described in the Supplementary Material.

3 Results

3.1  Spectral features

Several key features allow visual discrimination of PILOA, EPEN and MED.
Figures 1 and 2 show the Short-TE and Long-TE mean spectra of the tumour
types. Minimum differences are found between the mean spectra of the
tumours in the PF and those in any location. All tumour spectra display an
increase in Cho peak (3.2ppm) with respect to Cr peak (3.0ppm). NAA

(2.0ppm) presents a less prominent peak in MED and EPEN compared with



PILOA. Elevation of macromolecules and lipids (0.9ppm and 1.3ppm) is
observed in Short-TE. Regarding Long-TE, the inverted peak of Lac at

1.3ppm is distinguished in PILOA and EPEN but not in MED.

3.2 Univariate metabolite comparison

Tables 2 and 3 show the metabolite concentrations estimated with TARQUIN
in Short-TE and Long-TE for the three tumour types found in any brain
location. The Kruskal-Wallis test for the analysis of the variance (a=0.05) was
applied to determine the significant differences in metabolite concentrations of
PILOA, EPEN and MED. Both Cho components, Glycerophosphocholine
(GPC) and Phosphocholine (PCh) (p=<0.01) showed significant differences. Cr
and Tau concentrations were significantly different in both TEs (p=0.01).
Differences in the ml concentrations (p<0.01) were significant in Short-TE.
Macromolecules and lipids at 0.9, 1.3 and 2.0ppm (p<0.05, p<0.01 and

p=<0.01, respectively) exhibited statistical differences in Short-TE MRS.

3.3 Classification

Table 4 summarizes the classification results in the discrimination of PILOA,
EPEN and MED found in the PF and those in any brain location. The table
shows the performance when using Short-TE, Long-TE and Short-TE+Long-
TE. Each discrimination was undertaken with the quantitation estimated with

TARQUIN and PI.

The discrimination of the three classes obtained a BAR of 0.79 for Short-TE,

0.83 for Long-TE and 0.98 for Short-TE+Long-TE. The best performance was
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obtained with Short-TE+Long-TE, showing a significant improvement (p<0.01,
Tukey’s test, a=0.01) compared to the best performance obtained with either
TE alone. The BAR of the classifiers trained with tumours from any location
was slightly higher than that of the models trained only with the PF tumours.

Comparable performances were obtained with TARQUIN and PI.

Figure 3 shows the clustering of cases in LDA latent spaces from Short-TE,
Long-TE and Short-TE+Long-TE obtained for the discrimination of PILOA,
EPEN and MED located in the PF. In addition, Figure 3-d shows the
corresponding result from Short-TE for the three tumour types in any brain

location.

Other tumour types were classified as glial or primitive neuroectodermal
according to the result with the classifier developed for PILOA, EPEN and
MED. A BAR of 0.91 was obtained with Short-TE, 0.67 for Long-TE and 1.00
was achieved with Short-TE+Long-TE. Figure 4 shows how these other
tumour types cluster when projected onto Figure 3-d and illustrates the
potential for generalization of our classifiers to other tumour types: The ATRT
and PNET cases fall close to the boundaries of the MED area, the only
exception being the ATRT case located in the frontal lobe. The DASTRO and
SASTRO cases are spread all over the PILOA and EPEN area, never within

the MED area.

4 Discussion

This is the first study of MRS as a non-invasive diagnostic aid in childhood

brain tumours to be performed across a large number of centres. Limited
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single-centre studies have been reported including the non-invasive diagnosis
and characterization of EPEN, MED and PILOA: Wang et al. [27] collected
data from 26 patients using a Long-TE MRS technique. They obtained an
accuracy of 0.85 discriminating the three tumour types using the metabolites
ratios NAA:Cho and Cr:Cho. Arle et al. [28] obtained an accuracy of 0.88 with
a neural network using metabolites ratios of NAA, Cho and Cr from MRS data
of 33 patients. Schneider et al. [29] combined Short-TE MRS and diffusion-
weighted imaging data from 17 patients, obtaining an accuracy of 1.00 when
applying an LDA with seven variables from the diffusion-weighted image and
six metabolites. Davies et al. [30] used an automated method for fitting MRS
data of 35 patients to quantify 25 metabolite, lipid and macromolecule
concentrations and used this as an input to an LDA. They reported an
accuracy of 0.93 when discriminating the three tumour types. In our study, the
performances of classifiers using one TE were similar to those reported in

these studies [27-30].

Significant differences in metabolite concentrations of PILOA, EPEN and MED
were found. Cho was higher (p<0.01) in MED (grade 1V) and EPEN (grade II)
compared to PILOA (grade 1) in agreement with Cho as an indicator of cell
proliferation and tumour malignancy [17, 18]. EPEN and MED have higher
concentrations of lipids and macromolecules, associated with hypoxia,
apoptosis and necrosis and linked to high malignancy and poor survival [33,
34]. As previously reported [35, 36, 37], Tau concentration is significantly

higher in MED than glial tumours (p<0.01) and further investigation of the role

12



of this metabolite in these tumours is warranted. Low concentrations of Cr

were seen in PILOA as in previous studies but remain unexplained [30].

A significant improvement (p<0.01, Tukey’s test, a=0.01) in the diagnosis
rates was obtained when the metabolite information was increased with the
combination of both TEs compared to the performance when using either TE
alone. This finding has been reported for adult cases in [20] but not for

pediatric brain tumours.

Estimation of metabolite concentrations was performed with the TARQUIN
software (Tables 2 and 3) which is a highly automated and stable method for
determining metabolite concentrations from MRS data and allows a non-
expert user to process MRS spectra at various echo times without difficulty.
The use of TARQUIN quantitation in automatic Decision Support Systems
(DSSs) provides a powerful clinical tool. The CURIAM DSS [37, 38]
incorporates the classifiers developed in this work, offering the possibility of
giving decision support both to the non-invasive diagnosis of brain tumours in

adults and children.

Future work should focus on optimising MRS in providing non-invasive
biomarkers of prognosis and whether it adds prognostic information to that

from histology and structural imaging.
5 Conclusion

'H-MRS data was collected at diagnosis from children with brain tumours in

10 international centres in Europe and South America and was used to test
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the ability of MRS to discriminate between different tumour types. Our results
show that particularly high diagnostic accuracies are achieved when MRS is
collected at two TEs and that this accuracy can be achieved with data
collected from multiple centres. MRS with automated processing and pattern
recognition provides a useful technique for accurate, non-invasive diagnosis
and classification of childhood brain tumours and thereby a powerful

diagnostic tool for clinical practice.

Acknowledgements

This work was funded by the European Commission (FP6-2002-
LIFESCIHEALTH 503094). Additional analysis was made available through
the CR UK and EPSRC Cancer Imaging Programme at the Children’s cancer
and Leukaemia Group in association with the MRC and Department of Health
(England) (C7809/A10342). We thank eTUMOUR partners for providing data,
in particular J. Capellades (IDI-Badalona), C. Majés (IDI-Bellvitge), A. Moreno
(Centre Diagnostic Pedralbes), J. Calvar (FLENI) and A. Capdevila (H Sant

Joan de Déu).

Conflict of interest statement

None declared.

14



REFERENCES

[1] R. Venkatramani, G. Dhall, M. Patel, et al: “Supratentorial ependymoma in
children: To observe or to treat following gross total resection?,” Pediatric

Blood & Cancer, pp. on—line, 2011.

[2] B. Horn, R. Heideman, R. Geyer, et al: “A multi-institutional retrospective
study of intracranial ependymoma in children: Identification of risk factors,”

Journal of Pediatric Hematology/Oncology, vol. 21, no. 3, pp. 203-211, 1999.

[3] A. L. Albright, J. H. Wisoff, P. M. Zeltzer, et al: “Effects of medulloblastoma
resections on outcome in children: A report from the children’s cancer group,”

Neurosurgery, vol. 38, no. n, pp. 265271, 1996.

[4] H. Ogiwara, R. M. Bowman, and T. Tomita: “Long-term follow-up of
pediatric benign cerebellar astrocytomas,” Neurosurgery, vol. 70, no. 1, pp.

40-8, 2012.

[5] P. L. Kubben, K. J. ter Meulen, O. E. Schijns, et al: “Intraoperative MRI-
guided resection of glioblastoma multiforme: a systematic review,” The Lancet

Oncology, vol. 12, no. 11, pp. 1062-1070, 2011.

[6] D. Ellison, M. Kocak, J. Dalton, et al: “Definition of disease-risk
stratification groups in childhood medulloblastoma using combined clinical,
pathologic, and molecular variables,” J Clin Oncol, vol. 29, no. 11, pp. 1400—

1407, 2010.

15



[7] A. Peet, N. Davies, L. Ridley, et al: “Magnetic resonance spectroscopy
suggests key differences in the metastatic behaviour of medulloblastoma,”

Eur J Cancer, vol. 6, no. 43, pp. 1037-1044, 2007.

[8] A. R. Tate, J. Underwood, D. M. Acosta, et al: “Development of a decision
support system for diagnosis and grading of brain tumours using in vivo
magnetic resonance single voxel spectra,” NMR Biomed, vol. 19, no. 4, pp.

411-434, 2006.

[9] G. Hagberg: “From magnetic resonance spectroscopy to classification of
tumors. A review of pattern recognition methods,” NMR Biomed, vol. 11, no.

4-5, pp. 148-156, 1998.

[10] B. H. Menze, M. P. Lichy, P. Bachert, et al: “Optimal classification of long
echo time in vivo magnetic resonance spectra in the detection of recurrent

brain tumors,” NMR in Biomedicine, vol. 19, pp. 599-609, Aug 2006.

[11] L. Lukas, A. Devos, J. A. K. Suykens, et al: “Brain tumor classification
based on long echo proton MRS signals,” Artif Intell in Medicine, vol. 31, pp.

73-89, 2004.

[12] A. W. Simonetti, W. J. Melssen, F. Szabo de Edelenyi, et al:
“Combination of feature-reduced MR spectroscopic and MR imaging data for
improved brain tumor classification,” NMR Biomed, vol. 18, pp. 34-43, Feb

2005.

16



[18] A. Devos, L. Lukas, J. A. K. Suykens, et al: “Classification of brain
tumours using short echo time 1H MR spectra,” J Magn Reson, vol. 170, pp.

164-175, Sep 2004.

[14] Y. Huang, P. J. G. Lisboa, and W. El-Deredy: “Tumour grading from
magnetic resonance spectroscopy: a comparison of feature extraction with

variable selection,” Stat Med, vol. 22, pp. 147—164, Jan 2003.

[15] J. M. Garcia-Gébmez, J. Luts, M. Julia-Sapé, et al: “Multiproject-
multicenter evaluation of automatic brain tumor classification by magnetic
resonance spectroscopy,” Magn Res Mat Phys, Bio and Med, vol. 22, no. 1,

pp. 5-18, 2009.

[16] I. F. Pollack: “Brain tumors in children [review],” N Engl J Med, vol. 331,

pp. 1501-1507, 1994.

[17] 1. F. Pollack: “Pediatric brain tumors,” Semin Surg Oncol, vol. 16, pp. 73—

90, 1999.

[18] K. Imamura: “Proton MR spectroscopy of the brain with a focus in

chemical issues,” Mag Reson Med Sciences, vol. 2, no. 3, pp. 117-132, 2003.

[19] A. Rossi, C. Gandolfo, G. Morana, et al: “New MR sequences (diffusion,
perfusion, spectroscopy) in brain tumours,” Pediatric Radiology, vol. 40, pp.

999-1009, June 2010.

[20] J. M. Garcia-Gémez, S. Tortajada, C. Vidal, et al: “The effect of
combining two echo times in automatic brain tumor classification by MRS,”

NMR in Biomedicine, vol. 21, no. 10, pp. 1112-1125, 2008.

17



[21] eTUMOUR Consortium, “eTumour: Web accessible MR Decision support
system for brain tumour diagnosis and prognosis, incorporating in vivo and ex
vivo genomic and metabolomic data.” Website. FP6-2002-LIFESCIHEALTH
503094, VI framework programme, EC, http://www.etumour.net (Accessed:

20th February 2012).

[22] M. van der Graaf, M. Julia-Sapé, F. A. Howe, et al: “MRS quality
assessment in a multicentre study on MRS-based classification of brain

tumours,” NMR Biomed, vol. 21, no. 2, pp. 148-158, 2008.

[23] D. N. Louis, H. Ohgaki, O. D. Wiestler, et al: WHO classification of

tumours of the central nervous system. Lyon, France: IARC Press, 2007.

[24] M. Julia-Sapé, D. Acosta, M. Mier, et al: “A multi-centre, web-accessible
and quality control-checked database of in vivo MR spectra of brain tumour

patients,” Magn Reson Mater Phy, vol. 19, pp. 22-33, Feb 2006.

[25] M. Wilson, G. Reynolds, R. A. Kauppinen, et al: “A constrained least-
squares approach to the automated quantitation of in vivo 1H magnetic
resonance spectroscopy data,” Magn Reson Med, vol. 65, pp. 1-12, Jan.

2011.

[26] J. Luts, J-B. Poullet, J. M. Garcia-Gomez, A. Heerschap, et al: “Effect of
feature extraction for brain tumor classification based on short echo time 1H

MR spectra,” Magn Reson Med, vol. 60, no. 2, pp. 288—-298, 2008.

18



[27] Z. Wang, L. N. Sutton, A. Cnaan, et al: “Proton MR spectroscopy of
pediatric cerebellar tumors,” Am J of Neuroradiology, vol. 16, pp. 1821-1833,

1995.

[28] J. E. Arle, C. Morriss, Z. J. Wang, et al: “Prediction of posterior fossa
tumor type in children by means of magnetic resonance image properties,
spectroscopy, and neural networks,” J of Neurosurgery, vol. 86, pp. 755-761,

1997.

[29] J. F. Schneider, S. Confort-Gouny, A. Viola, et al: “Multiparametric
differentiation of posterior fossa tumors in children using diffusion-weighted
imaging and short echo-time 1H-MR Spectroscopy,” J Magn Reson Imaging,

vol. 26, no. 1, pp. 1390-1398, 2007.

[30] N. P. Davies, M. Wilson, L. M. Harris, et al: “ldentification and
characterisation of childhood cerebellar tumours by in vivo proton MRS,” NMR

Biomed, vol. 21, no. 8, pp. 908-918, 2008.

[31] I. Guyon, A. R. S. A. Alamdari, G. Dror, et al: “Performance prediction
challenge,” in IUCNN °06. International Joint Conference on Neural Networks,

pp. 1649—1656, 2006,

[32] C. Remy, N. Fouilhe, |. Barba, and et al, “Evidence that mobile lipids
detected in rat brain glioma by 1H nuclear magnetic resonance correspond to

lipid droplets,” Cancer Res, vol. 57, pp. 407-414, 1997.

[33] I. Martinez-Pérez, A. Moreno, |. Barba, et al: “Large lipid droplets

observed by electron microscopy in six human brain tumors with lipid 1H MRS

19



in vivo pattern,” in Abstracts of Soc Magn Reson Med, New York, p. 976,

1996.

[34] A. Panigrahy, M. D. Krieger, |. Gonzalez-Gomez, et al: “Quantitative short
echo time 1H-MR spectroscopy of untreated pediatric brain tumors:
Preoperative diagnosis and characterization,” A J Neuroradiology, vol. 27, pp.

560-572, 2006.

[85] A. C. Peet, S. Lateef, L. MacPherson, et al: “Short echo time 1H magnetic
resonance spectroscopy of childhood brain tumours,” Childs Nerv Syst, vol.

23, no. 2, pp. 163-9, 2007.

[86] A. Moreno-Torres, |. Martinez-Pérez, M. Baquero, et al: “Taurine
detection by proton magnetic resonance spectroscopy in medulloblastoma:

contribution to noninvasive differential diagnosis with cerebellar astrocytoma,

Neurosurgery, vol. 4, no. 55, pp. 824—8295, 2004.

[87] C. Séaez, J. Garcia-Gémez, J. Vicente, et al: “Curiam BT 1.0, Decision
Support System for Brain Tumour Diagnosis,” in ESMRMB 2009 Congress:
EPOS Posters, Paper Posters, Info-RESO, vol. 22, (Antalya, Turkey), p. 538,

Springer Berlin / Heidelberg, may 2009.

[38] C. Saez, J. M. Garcia-Gobmez, J. Vicente, et al: “A generic and extensible
automatic classification framework applied to brain tumour diagnosis in
HealthAgents,” The Knowledge Engineering Review, vol. 26, no. Special

Issue 03, pp. 283—-301, 2011.

20



Acronyms

Ala

Asp

ATRT

BAR

Cho

CNS

Cr

DASTRO

DSS

EPEN

GABA

Glc

Gin

Glu

Gix

Gly

GPC

Alanine

Aspartate

Atypical Teratoid Rhabdoid Tumour

Balanced Accuracy Rate

Choline

Central Nervous System

Creatine

Diffuse Astrocytoma

Decision Support System

Ependymoma grade I

Y Aminobutyric acid

Glucose

Glutamine

Glutamate

Glutamate + Glutamine

Glycine

Glycerophosphocholine

21



Gua

Lac

LDA

Long-TE

MED

ml

MMLip09

MMLip13

MMLip20

MR

MRI

MRS

NAA

PCh

Pl

PILOA

PINEOB

PF

Guanidinoacetate

Lactate

Linear Discriminant Analysis

Long echo time

Medulloblastoma

myo-Inositol

Macromolecules and lipids components at 0.9 ppm

Macromolecules and lipids components at 1.3 ppm

Macromolecules and lipids components at 2.0 ppm

(Nuclear) Magnetic Resonance

Magnetic Resonance Imaging

Magnetic Resonance Spectroscopy

N-Acetyl Aspartate

Phosphocholine

Peak Integration

Pilocytic Astrocytoma

Pineoblastoma

Posterior Fossa

22



PNET

PRESS

PROBE

ppm

SASTRO

Scyllo

Short-TE

STEAM

Tau

TE

TR

WHO

Supratentorial PNET

Point-Resolved Spectroscopy

Proton Brain Exam

parts per million

Subependymal giant cell astrocytoma

scyllo-inositol

Short echo time

Stimulated Echo Acquisition Mode

Taurine

Echo Time

Recycling Time

World Health Organization

23



Figure 1 Short-TE mean spectra of tumours located in the PF (left) and in any other location than
PF (right) with standard deviation by the shaded region. Number of patients is indicated beneath

each graph.
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Figure 2 Long-TE mean spectra of tumours located in the PF (left) and in any other location than
PF (right) with standard deviation by the shaded region. Number of patients is indicated beneath

each graph.
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Figure 3 LDA latent space for the discrimination of PILOA, EPEN and MED located in the PF
using Pl applied to: a) Short-TE; b) Long-TE; and c) both echo times. Each triangle represents
the centroid of each cloud of samples. Figure d) represents the LDA latent space for
discrimination of PILOA, EPEN and MED using PI applied to Short-TE for tumours located in the

PF (represented with “x') and other locations (represented with "o').
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Figure 4 LDA latent space for the discrimination of Medulloblastoma (MED), Pilocytic
Astrocytoma (PILOA) and Ependymoma grade Il (EPEN) using Pl applied to Short-TE. The
proyection of Subependymal giant cell astrocytoma (SASTRO), Diffuse Astrocytoma (DASTRO),
Atypical Teratoid Rhabdoid Tumour (ATRT), Supratentorial PNET (PNET) and Pineoblastoma

(PINEOB) is shown.
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Table 1 Number of cases.

Total

Label Short-TE  Long-TE Short-TE+Long-TE | different
cases

PILOA 37 27 26 38
EPEN 9 7 5 11
MED 28 15 13 29
SASTRO 2 3 2 3
DASTRO 8 8 6 10
ATRT 3 0 0 3
PNET 1 1 1 1
PINEOB 2 0 0 2
TOTAL 90 61 54 97
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Table 2 Estimated metabolite concentrations (mM) at several ppm calculated with TARQUIN
relative to total water from Short-TE spectra. The standard error of the concentrations is given
in brackets. The p-value of the analysis of the variance (Kruskal-Wallis test, «=0.05) is shown for

discrimination of PILOA, EPEN and MED when significant differences are observed.

Short-TE

Tumour type p-value
Metabolite PILOA (mM) EPEN (mM) MED (mM) PILOA vs EPEN vs MED
Ala 0.9 (0.9) 2.5(2.3) 0.6 (0.5) -
Cr 1.3 (1.1) 3.4 (1.5) 3.6 (1.9) <0.01
Gle 2.7(1.7) 2.3(1.8) 1.9 (1.2) <0.01
Gin 3.7(1.9) 6.7 (3.0) 4.1 (3.1) -
Glu 2.0 (1.6) 3.1 (3.2) 2.5(1.5) -
ml? 2.1 (1.9) 9.0 (5.3) 5.3 (3.2) <0.01
Lac 2.4 (1.9) 3.2 (4.3) 2.9 (3.0 -
NAA 1.6 (1.4) 1.1 (0.3) 1.5 (1.0) -
Scyllo 0.7 (0.8) 0.6 (0.4) 0.9 (0.5) <0.05
Tau 1.8 (1.3) 1.8 (1.6) 4.5 (3.6) <0.01
GPC 0.9 (0.4) 1.6 (0.5) 2.2(1.2) <0.01
PCh 1.6 (2.4) 1.3 (1.0) 2.2 (1.6) <0.01
-CrCH, 1.7 (1.8) 3.2(1.9) 1.3 (1.1) -
Gua 1.8 (1.7) 1.2(1.2) 2.1 (2.0) -
GABA 3.8 (7.9) 2.2(1.7) 2.9 (3.5) -
Asp 9.1 (24.2) 4.5 (3.6) 3.6 (2.7) -
Cho: GPC+PCh 1.4 (1.6) 2.4(1.1) 4.1(1.4) <0.01
Glx: Glu+Gin 4.9 (2.2) 8.9 (4.2) 5.5 (3.1) <0.05
MMLip09 4.9 (2.9) 8.1 (5.5) 8.3 (5.9) <0.05
MMLip13 7.7 (7.0) 27.3 (17.6) 20.5 (18.9) <0.01
MMLip20 6.2 (2.9) 10.8 (3.3) 11.3 (5.2) <0.01

@ Concentration of ml may contain Gly contribution. Gly was not included in the TARQUIN basis-set.

29



Table 3 Estimated metabolite concentrations (mM) at several ppm calculated with TARQUIN

relative to total water from Long-TE spectra. The standard error of the concentrations is given in

brackets. The p-value of the analysis of the variance (Kruskal-Wallis test, «=0.05) is shown for

discrimination of PILOA, EPEN and MED when significant differences are observed.

Long-TE

Tumour type

p-value

Metabolite PILOA (mM) EPEN (mM) MED (mM) PILOA vs EPEN vs MED
Ala 0.5 (0.5) 0.9 (1.1) 1.4 (0.8) <0.05
Cr 1.8(1.9) 5.8 (2.2) 5.6 (2.1) <0.01
Glc 2.1 (1.9) 7.2 (5.4) 3.0 (1.8) -
GIn 3.3 (2.1) 7.2 (3.5) 3.4 (2.1) -
Glu 2.8 (2.8) 5.3 (1.9) 5.8 (2.3) -
ml° 7.5 (10.4) 24.1 (14.8) 31.1 (14.5) <0.01
Lac 2.0 (1.5) 2.2 (1.0) 1.9 (1.7) -
NAA 1.9 (1.2) 2.4 (1.3) 2.3 (1.6) -
Scyllo 0.3 (0.3) 0.9 (0.6) 0.8 (0.6) -
Tau 1.6 (2.6) 4.3 (4.5) 6.9 (6.4) <0.01
GPC 0.8 (1.1) 2.1 (1.3) 41 (4.2) <0.01
PCh 1.9 (2.0) 3.0 (0.9) 5.7 (5.6) <0.01
-CrCH, 0.7 (0.8) 3.9 (3.2) 3.4 (3.1) -
Gua 0.7 (0.5) 1.5 (0.1) 0.7 (0.4) -
GABA 1.5(1.1) - 1.3 (0.8) -
Asp 1.5 (0.6) 2.4 (1.3) 3.4 (3.1) -
Cho: GPC+PCh 2.4 (2.7) 4.3 (1.9) 9.5 (5.9) <0.01
Glx: Glu+Gin 5.7 (3.1) 10.5 (4.9) 7.4 (3.5) -
MMLip09 0.4 (0.3) 1.8 (1.1) 0.5 (0.2) <0.05
MMLip13 1.3 (1.3) 9.2 (8.8) 3.6 (2.0) <0.05
MMLip20 2.0 (2.5) 1.6 (1.3) 1.2(0.9) -

P Concentration of ml may contain Gly contribution. Gly was not included in the TARQUIN basis-set.
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Table 4 Balanced Accuracy Rate (BAR) of the classifiers trained with Short-TE, Long-TE and

combination of both echo times (Short-TE+Long-TE) for discrimination of PILOA, EPEN and

MED.
PILOA vs EPEN vs MED
Cases from tumours located in the PF Cases from any brain tumour location
Short-TE Long-TE  Short-TE+Long-TE Short-TE  Long-TE  Short-TE+Long-TE
TARQUIN | 0.67 0.94 0.96 0.79 0.83 0.98
Pl 0.65 0.62 0.90 0.76 0.69 0.92
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