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Abstract-Magnetic Resonance Spectroscopic Imaging (MRSI)
provides useful information about chemical properties of the
tissue. In this paper, a new method was developed based on
dyadic Wavelet transform to extract metabolite information of
MRSI spectra like N-acetyl aspartate (NAA), Choline (Cho) and
Creatine (Cr). After differentiation of brain signals from
background, the Wavelet coefficients were processed in order to
detect peaks. It was tested and evaluated on simulated data and
real data of 10 patients. The accuracy of proposed method was
86% and 72% for simulated data and real data respectively.
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|. INTRODUCTION

Magnetic Resonance Spectroscopic Imaging (MRSI) is a
non-invasive technique that may offer promising results in
diagnosis characteristics of tumors [1]-[10]. MRSI measures
biochemical metabolites like N-acetyl aspartate (NAA),
Choline (Cho), Creatine (Cr), and Lipid-Lactate (Lip-Lac) of
the tissue. The peak area like Cho, Lip_Lac and area ratios
like Cho/Cr, Cho/NAA are proposed to be effective in
diagnosis the grade and type of tumors [1]-[4] and
differentiation of radiation necrosis from recurrence tumors
[5]-[6]. Cho, taking part in membrane construction, is
increased in tumors because of cell proliferation [1]. NAA,
involved in neuron and axons, decreases in tumors because of
neuron defects [1].  Cr, contained in energy production, is
expected to increase in tumors because of energy exhaustion
while weakly supported by data [1].

Based on metabolite benefits in diagnosis of brain
abnormalities, the metabolite peak characteristics should be
extracted at first. The low SNR MRSI spectra are sensitive to
inhomogenities of magnetic filed, so extensive processing is
needed for feature extraction [11]. Noise reduction, baseline
correction and differentiation of brain signals from
background can be mentioned as the preprocessing steps [11].
The metabolite characteristics like peak values, peak area and
bandwidth can be extracted from modified signal.

Wavelet transform (WT) has been widely used in

analyzing biomedical signals like MRSI [8], [11] and
Electrocardiogram (ECG) [12]-[13]. Wavelet analysis
outperforms ~ conventional  methods in  metabolite

determination [11] and R peak detection [12]. WT
decomposes signals into different resolutions (scales) based
on Wavelet basis. Using Wavelet coefficients at different
scales with various noise and artifact effects provides better
analysis results [13]. In [11], after some preprocessing steps,
the wavelet coefficients of modified signal are compared with
a threshold in order to extract metabolite peaks. Defining an
appropriate threshold would be challenging and may be
sensitive to baseline drift. To detect R peak in ECG signal, a
multi-scale procedure is done on wavelet coefficients that

makes the process to be less sensitive to baseline drift and
noise effect [12]-[13].

The aim of this work is to extract MRSI metabolites like
NAA, Cho and Cr using a dyadic Wavelet transform. After
differentiation of brain signals from background based on
signal energy, the signal is processed directly to extract
metabolites without any other pre processing. Simulated data
are developed to evaluate proposed method efficiency. The
results calculated for real data of 10 patients (provided at
Henry Ford Health (HFH) System, Detroit, MI) are compared
with those derived from Eigentool software developed at
HFH [14] to complete evaluation.

Il. METHODOLOGY
A. Quadratic Spline Wavelet

Quadratic Spline Wavelet is an appropriate tool in
detecting peaks like R, P and T peaks in ECG signal [12]-
[13], therefore it may be beneficial in detecting metabolite
peaks in MRSI signals. The Fourier Transform of proposed
spline wavelet is as follows:
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It offers generalized linear phase filters at different scales

with central point delay equal to 2~ —1 [13]. The frequency
responses of equivalent filters at different scales are shown in
Fig. 1. As shown, the spline filters cover different frequency
ranges at different scales. The spline wavelet produces a
positive maximum-negative minimum pair called modulo
maxima in the presence of uniphase wave at different scales.
The zero crossing point of modulo maxima refers to the peak
location with some delays. This delay increases at higher
scales. The wavelet coefficients of a simulated signal at scale
1 to 4 are shown in Fig. 2.
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Fig. 1. Frequency response of equivalent filters at different scales (j).

B. Proposed method

The metabolite peaks are usually appeared on specific
locations in the MRSI signal. Therefore, a region of interest
(ROI) is defined for the signal to be processed. To
differentiate brain signals from background, the ROI energy
of each signal is computed and compared with a threshold. A
signal with normal metabolites called reference signal is
selected among brain signals.  Considering frequency
responses of equivalent filters at scale 1 to 4, we worked on
wavelet coefficients of scale 2 because it covers a moderate
range of frequency. The equivalent filter is a band pass filter
which suppresses noise and removes baseline effect in
processing. Therefore, the wavelet coefficients of ROI at
scale 2 are computed. Then positive maximum-negative
minimum coefficients are detected by thresholding and are
paired based on their distances producing modulo maxima.
The zero crossing points of modulo maxima with a delay
refer to the locations of peaks in the ROI. The metabolite
peaks are usually the dominant peak in their neighbors. After
detecting peaks in ROI and considering reference signal, a
specific range is defined to detect NAA as the dominant peak
in that area. The detected NAA peak of each signal is
transferred to the location of reference signal NAA in order to
align signals automatically. Then narrower ranges are
considered for Cho and Cr peaks based on reference signal in
order to detect two other metabolites.

1. RESULTS
The proposed method is tested and evaluated using real

data and simulated data. MRSI spectra of 10 patients were
processed to produce metabolite maps.

Fig. 2. The wavelet coefficients of simulated signal at scales 1 to 4. There are
delayed modulo maxima at different scales representing peak location.

For MRSI simulation, NAA, Cho and Cr peaks were
simulated using Gaussian functions with random widths,
amplitudes, and locations in order to create main signal [11].
The background signal created using a number of Gaussian
functions with appropriate width, location and amplitude was
added to the main signal [11]. The final simulated signal was
produced by adding white Gaussian noise to the signal
[11].The metabolite detection for a real data is shown in Fig.
3. For simulated data, the areas of detected metabolites
(NAA, Cho, and Cr) were compared with their actual values.
To evaluate method performance on real data, the results
were compared with the metabolites derived from Eigentool
Software [14]. The accuracy of detection for real and
simulated data are reported in Table I. The calculated
metabolite maps for one patient are shown in Fig. 4.

V. DISCUSSION

In this work, a novel method based on WT was
introduced for MRSI processing. It does not need any
preprocessing that may change or lose some of data
information and aligns spectra automatically respect to
reference signal. It is expected to be faster than previous
method [11] because no modified signal is required to be
produced. It performed well on simulated data, whereas the
proposed method results for real data were not as accurate as
[11]. Multi scale processing [12] can be suggested as an
alterative to improve performance. In this way, the detection
is started from scale 4 (containing the least noise effect) and
ends at scale 1 (having the least delay respect with peak
location). It may be also helpful to smooth spectra after peak
detection to calculate more accurate peak area.  Utilizing
match wavelet basis instead of spline basis may improve the
performance. Match wavelet basis are designed based on
spectra characteristics and may remove the delay between
zero crossing point of modulo maxima and the peak.

V. CONCLUSION

MRSI metabolites have shown high potential in diagnosis
brain  abnormalities.  Extracting accurate  metabolite
characteristics would be important in MRSI processing.
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Fig. 3. Metabolite detecting procedure for a real data. The first one is the
ROl related to a real data. Modulo maxima detection is shown in the second
subplot. The third subplot shows the detected peaks. The NAA, Cho and Cr
ranges are shown in the last subplot.
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Fig. 4. A 30-year —old man with right frontal brain tumor. a) T2-weighted
image. b) NAA metabolite map, c) Cr metablbolite map, d) Cho metabolite
map. The decrease of NAA, Cr and increase of Cho represents abnormal
region.

TABLE |
Accuracy of metabolite detection for real and simulated data

Real MRSI data Simulated MRSI data
Metabolite NAA Cho Cr NAA Cho Cr
Detection 70% 2% 76% 92% 70% 97%
Accuracy

In this paper, a Wavelet based method was proposed to
detect main metabolite peaks in MRSI signal without any
preprocessing. It is not sensitive to baseline drift and can be
developed to produce more accurate results using appropriate
Wavelet basis. The extracted features can be used to
differentiate brain abnormalities and manage treatment.

ACKNOWLEDGMENT

. We thank Ms. Lucie Bower for helping in dealing with
Eigentool software.

REFERENCES

[1] A. Magalhaes, W. Godfrey, Y. Shen, J. Hu, W. Smith,
“Proton Magnetic Resonance of Brain Tumors Correlated
with Pathology,” Acad Radiol., vol. 12, no.1, pp. 51-57, Jan.
2005.

[2] L.G. Astrakas, D. Zurakowski, A.A. Tzika, M.K. Zarifi,
D.C. Anthony, U.D. Girolami, N.J. Tarbell, P.M. Black,
“Noninvasive Magnetic Resonance Spectroscopic Imaging
Biomarkers to Predict the Clinical Grade of Prediatric Brain
Tumors,” Clinical Cancer Research, vol. 10, pp. 8220-8228,
Dec. 2004.

[3] T. Kimura, K. Sako, T. Gotoh, K. Tanaka, T. Tanaka, “In
Vivo Single-voxel Proton MR Spectroscopy in Brain Lesions
with Ring-like Enhancement,” NMR in Biomedicine, vol. 14,
pp. 339-349, 2001.

[4] A. Lin, S. Bluml, A.N. Mamelak, “Efficiency of Proton
Magnetic Resonance Spectroscopy in Clinical Decision

Making for patients with Suspected malignant Brain
Tumors,” Journal of Neuro-Oncology, vol. 45, pp.69-81,
1999.

[5] P. Weybright, P.C. Sundgren, P. Maly, D.G. Hassan, B.
Nan, S. Rohrer, L. Junck, “Differentiation Between Brain
Tumor Recurrence and Radiation Injury Using MR
Spectroscopy,” AJR, vol. 185, pp. 1471-1476, Dec. 2005.

[6] J.P. Rock, L. Scarpace, D. Hearshen, J. Gutierrez, J.L.
Fisher, M. Rosenblum, T. Mikkelsen, “Assosciations Among
Magnetic Resonance Spectroscopy, Apparent Diffusion
Coefficients and Image-Guided Histopathology with Special
Attention to Radiation Necrosis,” Neurosurgery, vol. 54, no.
5, May 2004.

[71 AW. Simonetti, W.J. Melssen, F.S. de Edelenyi, J.J.A.
van Asten, A. Heerschap, L.M.C. Buydens, “Combination of
Feature-reduced MR Spectroscopic and MR Imaging Data for
Improved Brain Tumor Classification,” NMR in Biomedicine,
vol. 18, pp. 34-43, Jan. 2005.

[8] D. Li, W. Pedrycz, N.J. Pizzi, “Fuzzy Wavelet Packet
Based Feature Extraction Method and Its Application to
Biomedical and Signal Classification,” I|EEE Trans.
Biomedical Engineering, vol. 52, no. 6, pp. 1132-9, June
2005.

[9] D. Axelson, I.J. Bakken, I.S. Gribbestad, B. Ehrnholm, G.
Nilsen, J. Aasly, “Application of Neural Network Analyses to
In Vivo H Magnetic Resonance Spectroscopy of Parkinson
Disease Patients,” Journal of MRI, vol. 16, pp. 13-20, 2002.
[10] A.Y. Shahmorad, H. Soltanian-Zadeh, R.A. Zoroofi,
“MRSI Brain Lesion Characterization Using Wavelet
Transform and Fuzzy Clustering,” World Congress on
Medical Physics and Biomedical Engineering, Sydney,
Australia, Aug. 24-29, 2003.

[11] A.Y. Shahmorad, H. Soltanian-Zadeh, R.A. Zoroofi, P.
Zamani, “Wavelet-Based Methods for Analysis of Magnetic
Resonance Spectroscopic Imaging,” World Congress on
Medical Physics and Biomedical Engineering, Sydney,
Australia, Aug. 24-29, 2003.

[12] J.P. Martinez, R. Almedia, S. Olmos, P. Rocha, P.
Laguna, “A Wavelet-Based ECG Delineator: Evaluation on
Standard Databases,” IEEE Trans. Biomedical Engineering,
vol. 51, no. 4, pp. 570-581, April 2004.

[13] Sh. Badizadegan, Z. Torbatian, H. Soltanian-Zadeh,
“Extraction of ECG Characteristic Points by Wavelet
Transform,” 14th Iranian Conference on Elec. Eng.
(ICEE’06), Tehran, Iran, May 16-18, 2006.

[14] EigenTool, www.radiologyresearch.org/eigentool.htm



