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MRSI has shown potential in the diagnosis and prognosis of glioblastoma multiforme (GBM) brain tumors, but its use
is limited by difficult data interpretation. When the analyzed MRSI data present more than two tissue patterns,
conventional non-negative matrix factorization (NMF) implementation may lead to a non-robust estimation. The
aim of this article is to introduce an effective approach for the differentiation of GBM tissue patterns using MRSI
data. A hierarchical non-negative matrix factorization (hNMF) method that can blindly separate the most important
spectral sources in short-TE 1H MRSI data is proposed. This algorithm consists of several levels of NMF, where only
two tissue patterns are computed at each level. The method is demonstrated on both simulated and in vivo short-TE
1H MRSI data in patients with GBM. For the in vivo study, the accuracy of the recovered spectral sources was
validated using expert knowledge. Results show that hNMF is able to accurately estimate the three tissue patterns
present in the tumoral and peritumoral area of a GBM, i.e. normal, tumor and necrosis, thus providing additional useful
information that can help in the diagnosis of GBM. Moreover, the hNMF results can be displayed as easily interpretable
maps showing the contribution of each tissue pattern to each voxel. Copyright © 2012 John Wiley & Sons, Ltd.
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INTRODUCTION

Glioblastomamultiforme (GBM), themost common and aggressive
type of brain tumor in adults, is characterized by extensive hetero-
geneity. Thus, the tumoral region of GBMs can consist of several
tissue patterns, namely normal tissue (hereafter simply called
‘normal’), actively growing tumor tissue (referred to as ‘tumor’)
and necrotic tissue consisting of dead cells (referred to as ’necrosis’)
(1,2). Moreover, GBMs are highly infiltrative and present patterns
very similar to those of other brain tumors (i.e. metastasis, lower
grade gliomas). These characteristics have posed serious difficulties
in the diagnosis and prognosis of GBM. The identification and
localization of normal, tumor and necrosis patterns can provide
added value to the clinical investigation of GBMs for the guidance
of therapy and determination of prognosis (i.e. the presence and
amount of tumor and necrosis indicate the aggressiveness).
MRI is commonly used for the initial diagnosis of brain tumors,

but with rather poor specificity (3,4). With standard MRI methods
(T1-, T2-weighted imaging), it is currently not possible to reliably
differentiate between necrosis, tumor and normal tissue in
GBMs. Recently, MRSI (5), which combines the anatomical locali-
zation of MRI and the spectral information of MRS (6), has
become increasingly popular as an additional noninvasive tool
for the clinical diagnosis of brain tumors. MRSI provides spectral
patterns of specific chemical contents in multiple voxels within a
two- or three-dimensional observation grid, from which the
spatial distribution of several metabolites can be estimated.
The concentrations of metabolites change under disease
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conditions and thus can help in the separation between normal
brain and brain tumors (7,8). Moreover, previous studies have
shown that we can reliably detect necrotic tissue with MRSI (9–11).

Several factors of MRSI spectral variability, such as the partial
volume effect (i.e. the presence of several tissue patterns within
one voxel), the chemical shift displacement effect (i.e. spatial
mismatch between the excited volume of interest for different
metabolites, resulting in suppressed or enhanced contributions
from some metabolites in voxels along the borders of the
selected volume), magnetic field inhomogeneity and measure-
ment noise cause difficulties in the interpretation of multi-voxel
MRSI data. In this context, blind source separation (BSS) techni-
ques are gaining interest from researchers for the analysis of
MRS(I) data as they have shown certain interesting properties,
such as a straightforward approach for the analysis of the data
without the need for prior knowledge, a better interpretation
of the complexity of the data by allowing the decomposition of
the mixture of acquired spectra under investigation and easily
interpretable results for clinicians. Thus, under the assumption
that MRSI data are linear mixtures of tissue-specific spectral
profiles, called sources (or constituent spectra), BSS methods
can estimate the sources and their mixing coefficients (or
abundances) in a set of mixed spectra, without (or with very
little) prior knowledge. For example, Ochs et al. (12) used a
Bayesian framework to simultaneously obtain sources and their
abundances. Szabo de Edelenyi et al. (13) detected tissue
patterns inside the tumor region using independent component
analysis. Non-negative matrix factorization (NMF), firstly
presented by Lee and Seung (14), is a BSS method which does
not require the sources to be independent or orthogonal. It fits
very well with the fact that the constituent MRSI spectra of brain
tumors are highly correlated in many cases. NMF was first intro-
duced to solve the tissue pattern differentiation problem on
long-TE MRSI data by Sajda et al. (15). Their constrained NMF
has been proven to be a very efficient tool for the extraction of
physically meaningful spectral sources (15–17). The applications
in these articles focus on distinguishing between abnormal and
normal brain tissue. However, for GBMs there are two distinct
patterns of abnormal tissues, namely tumor and necrosis.

In this article, we propose a novel hierarchical non-negative
matrix factorization (hNMF) method to accurately estimate the
three most important tissue patterns for GBMs (normal, tumor
and necrosis). Its benefits are proven on short-TE MRSI data.
The proposed method recovers each tissue pattern step by step.
An optimized thresholding procedure is employed to ensure
that the three recovered spectra are as uncorrelated as possible.
Spatial distributions are estimated using non-negative least
squares (NNLS) fitting (18). Preliminary studies have been pre-
sented previously (19,20). Here, we describe the proposed hNMF
method. We then evaluate its performance in comparison with
one-level NMF (direct application of NMF with the number of
sources chosen to be three) and expert labeling in a simulation
and an in vivo study.

MATERIALS

Data acquisition protocol

The MRSI data were acquired at the University Hospital of
Leuven (UZ Leuven) on a 3-T MR scanner (Achieva, Philips, Best,
the Netherlands), using a body coil for transmission and an
eight-channel head coil for signal reception. The MRSI protocol

had the following imaging parameters: point-resolved spectros-
copy (PRESS) (21) was used as the volume selection technique;
TR/TE = 2000/35ms; field of view, 16 cm� 16 cm; volume of
interest, 8 cm� 8 cm (maximum size); slice thickness, 1 cm;
acquisition voxel size, 1 cm� 1 cm; reconstruction voxel size,
0.5 cm� 0.5 cm; receiver bandwidth, 2000 Hz; samples, 2048;
number of signal averages, 1; water suppression method,
MOIST; shimming, pencil beam shimming; first and second
order, parallel imaging with SENSE factor: left–right, 2; anterior–
posterior, 1.8; 10 circular 30-mm outer-volume saturation bands
in order to avoid lipid contamination from the skull.

Patients

In this study, we used 12 MRSI datasets for the purpose of
validating the proposed method. The MRSI data were acquired
prior to any treatment from 10 patients with brain tumors that
were subsequently diagnosed as GBM. The diagnosis was
based on histological examination and followed the rules of
the World Health Organization (WHO) classification for tumor
grading (22). These 12 datasets were visually validated as
having sufficient quality (23,24) and as containing three tissue
patterns (normal, tumor and necrosis). The institutional review
board approved the study. Written informed consent was
obtained from all patients before their participation in the
study.

In vivo data preprocessing

The raw MRSI data were exported from the Philips platform after
standard post-processing (zero filling in k space, transformation
from k space to normal space, automatic phase correction and
eddy current correction).
The MRSI PRESS excitation volumes varied in size from patient

to patient, with a maximum size of 16� 16 voxels. In the MRSI
PRESS excitation volume, some spectra of insufficient quality
were excluded according to the criteria described in refs.
(23,24) [low signal-to-noise ratio (SNR), baseline distortion, large
linewidths and asymmetric lineshapes as a result of poor
shimming, contamination by significant chemical shift displace-
ment effects, etc.]. The low-quality spectra were usually at the
border of the PRESS excitation volume, where significant
lipid contamination and obvious distortion from the chemical
shift displacement effect were present. For each dataset, the
percentage of discarded voxels varied according to the different
number of low-quality spectra identified in each case. The final
size of each selected grid (within the PRESS excitation volume)
ranged from 5� 8 to 12� 14 (Table 1).
We removed the residual water components using Hankel–

Lanczos singular value decomposition with partial reorthogo-
nalization (HLSVD-PRO) (25), setting the model order to 30
and the passband from 0.25 to 4.2 parts per million (ppm).
The in-house software, SPID (26), developed on the Matlab plat-
form, was used. The spectra were aligned in frequency using
the unsuppressed water signals as reference frequency. The
real parts of the preprocessed spectra were truncated to the
region 0.25–4.2 ppm, resulting in m = 519 points. Spectral
normalization was not necessary as spectra of different scales
for different patients did not influence the NMF results. To
guarantee the non-negativity for NMF, the negative values
were set to zero as they were caused by noise.
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Simulation study

We simulated anMRSI grid whichmimics real data for patients with
GBM. The simulated grid contained 99 voxels of spectra specific to
normal tissue, nine spectra specific to tumor tissue, two spectra
specific to necrosis and 33 mixed spectra (21 normal/tumor and
12 tumor/necrosis). The mixed spectra were linear combinations
of spectra specific to different tissues in different percentages
(see Fig. 1e). The simulated spectra were combinations of nine
metabolite profiles (two simulated lipid profiles, Lip1 and Lip2,
and seven metabolite profiles measured in vitro on the same
scanner as the patients; see the ‘Data acquisition protocol’ section)
and included creatine (Cre, singlets at 3.03 and 3.9 ppm), glutamate
(Glu, between 2.04 and 2.35ppm and at 3.74ppm), myo-inositol/
glycine-containing region (Myo, broader resonance at around
3.56ppm), phosphocholine (PCh, peak at about 3.22 ppm),
N-acetylaspartate (NAA, singlet at 2.01 ppm), alanine (Ala, doublet
at 1.47 ppm), lactate (Lac, doublet at 1.33 ppm), lipid at 1.3 ppm
(Lip1) and lipid at 0.9 ppm (Lip2). These metabolites were chosen
as they are significant biomarkers for normal brain tissue, tumoral
tissue and necrotic tissue in pathology (8) with the considered
NMR protocol.
For each tissue pattern, we considered the spatial variability

of the simulated spectra from different voxels by randomly
generating the amplitude and damping (line broadening) of
each metabolite around a mean value with a certain standard
deviation (see Appendix A). As phase and frequency shifts can
usually be reliably corrected in preprocessing procedures, these
two parameters were set to zero.
The simulated time-domain MRSI signals, each having 2048

points, were Fourier transformed into the frequency domain,
and the spectra obtained were then truncated from point 442
to point 960, which corresponds to the frequency range of
interest: 0.25–4.2 ppm.
In order to emulate the variability caused bymeasurement noise

within an MRSI grid, white Gaussian noise was independently

added to the time-domain signal of each voxel before Fourier
transformation. The SNR was computed in the time domain as
the ratio of the power of the signal to the noise standard deviation.
For a time-domain signal y, the power of the signal is computed as
the squared Euclidean norm of the time-domain signal ||y||2

divided by the length m of the spectrum, transformed to dB:

Psig ¼ 10 log10
yk k2
m

Examples of the simulated tissue-specific spectra are given in
Fig. 1b–d, showing how different SNR levels influence the
spectra. Examples of the in vivo spectra from a patient with
GBM are also given in Fig. 1a for comparison.

METHODS

Basics about NMF on MRSI data

NMF (14) is a family of BSS algorithms, in which a matrix X is
approximately factorized into the product of two matrices W and
H. NMF enforces the constraint that the factors W and H must be
non-negative. For short-TE 1HMRSI spectra, themetabolic informa-
tion is exhibited as peaks (either singlets or multiplets, possibly
with some overlap) pointing upwards in the real part of the spectra
(in absorption mode). After the preprocessing steps described
above, these spectra are non-negative. Thus, tissue pattern
differentiation based on MRSI spectra can be viewed as an NMF
problem, as follows: all n spectra from a selected region within
an MRSI excitation volume can be viewed as columns of a matrix
X, and each spectrum can be approximated by a linear mixture of
unknown spectral sources pertaining to r different tissue patterns
(16). This gives the model:

Xm�n ¼ Wm�rHr�n þ Noise [1]

where m represents the number of points in each spectrum, W is
an m� r matrix and each column represents the spectral source

Figure 1. (a) In vivo MRSI spectra from a patient with glioblastoma multiforme (GBM). (b)–(d) Simulated MRSI spectra reflecting different tissue
patterns and variable noise levels: signal-to-noise ratio (SNR) = 10 (b), 20 (c) and 30 (d). (e) The corresponding simulated spatial distributions for each
tissue type, where the scale goes from black (no contribution) to white (100% contribution). C, T and N represent normal, tumor and necrosis,
respectively. Ala, alanine; Cre, creatine; Glu, glutamate; Lac, lactate; Lip1, lipid at 1.3ppm; Lip2, lipid at 0.9ppm; Myo, myo-inositol; NAA, N-acetylaspartate;
PCh, phosphocholine.
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for a specific tissue pattern. Each row of the r� nmatrix H contains
themixing coefficients (interpreted here as abundances or concen-
trations of each tissue pattern in each voxel, which can only take
non-negative values). By reshaping each row of H to the size of
the selected region within the MRSI excitation volume, we can
obtain the spatial distribution (hereafter referred to as ‘h-map’) of
the corresponding constituent spectrum. ‘Noise’ is the additive
measurement noise.

The mathematical formulation of the basic NMF problem to
perform the factorization in Equation ([1]) is:

min
W;H

f W;Hð Þ ¼ 1
2

X �WHk k2F
subject to8ij; Wij; Hij≥0

[2]

Based on the work of Lee and Seung (14), a large number of
NMF algorithms have been proposed to solve the factorization
problem in Equation ([2]) (27–31). The results in this article were
obtained with the hierarchical alternating least squares (HALS)
algorithm (29,30), because HALS was proven to be superior to
other NMF implementations on simulated MRSI data in our pre-
liminary study (19).

hNMF for GBM

In the following, we present the hNMF method, which is
designed to recover the three most distinct tissue-specific
spectral patterns (i.e. normal, tumor and necrosis) in MRSI data
from patients with GBM, as well as their corresponding spatial
distributions (as shown in Fig. 2).

Step 1

First-level NMF. NMF is applied to the matrix of all spectra within
the selected grid with the number of sources chosen to be two.
Two spectral profiles and their corresponding h-maps (Hnormal

and Habnormal) are recovered. The spectral sources obtained are
automatically assigned to ‘normal’ and ‘abnormal’ tissue (Wnormal

and Wabnormal) based on the NAA/Lips ratio (where the NAA and
Lips values are estimated as the maximum intensity in the
frequency regions around 2.01 and 1.3 ppm, respectively). The
source with the higher NAA/Lips ratio corresponds to normal
tissue and the source with the lower NAA/Lips ratio corresponds
to abnormal tissue (8).

Step 2

Second level NMF. NMF is performed with two sources repeat-
edly, on several sets of voxels, and the best result is chosen, as
follows. Let us consider a variable threshold t on the magnitude
of the Habnormal map, according to which a mask f(t) is created,
i.e. a selection of ‘abnormal’ voxels having values of Habnormal

larger than t. For any fixed value of t, NMF with the number of
sources chosen to be two is applied to the set of currently
selected ‘abnormal’ spectra, leading to two sources, Wabnormal

1 (t)
and Wabnormal

2 (t). In order to choose the best mask f t̂
� �

from a
set of gradually decreasing masks, a reasonable trade-off is
sought, such thatWnormal,Wabnormal

1 (̂t) andWabnormal
2 (̂t) are mutually

least correlated, i.e.:

t̂ ¼ argmin corr1 tð Þ þ corr2 tð Þ þ corr3 tð Þð Þ [3]

where:

corr1 tð Þ ¼ corr Wnormal;W1
abnormal tð Þ

� �

corr2 tð Þ ¼ corr Wnormal;W2
abnormal tð Þ

� �

corr3 tð Þ ¼ corr W1
abnormal tð Þ;W2

abnormal tð Þ
� � [4]

and corr x; yð Þ ¼ x��xð ÞT y��yð Þ
x��xk k� y��yk k for any two vectors x and y of the same

length. �x and �y are the means of x and y, respectively.
The profiles W1

abnormal t̂
� �

and W2
abnormal t̂

� �
are automatically

assigned to necrosis and tumor tissue (Wnecrosis and Wtumor)
based on the Cho/Lips ratio (where the Cho and Lips values
are estimated as the maximum intensity in the frequency regions
around 3.22 and 1.3 ppm, respectively). Based on previous
studies (8), the source with the smaller Cho/Lips ratio is assigned
to necrosis and the other is assigned to tumor.

Step 3

NNLS re-estimation. We apply NNLS to the grid considered in step
1 using the sourcesWnormal,Wtumor andWnecrosis to re-estimate the
corresponding h-maps.

Remarks

(1) The f t̂
� �

region selected in step 2 excludes voxels containing a
mixture of normal tissue and tumor, as their presence hinders
the accuracy of the second-level NMF. With step 3, we aim to
re-estimate the mixture between normal and tumor tissue.

(2) At each decomposition level, the h-maps are normalized to
take values between zero and unity, which means that the
threshold t is also bounded between zero and unity. The
normalization is based on the maximum and minimum
values found in one of the tissue components. If hi is defined
as an arbitrary element of the h-map H, each element hi in
H is normalized in this way: normalized hi¼ hi�min Hð Þ

max Hð Þ�min Hð Þ
(3) For the initialization values needed by the NMF algorithm,

we used simulated spectra that reflect spectral tissue pat-
terns specific to normal, tumor and necrosis, as described
in detail in ref. (19) and in the ‘Simulation study’ section.
The h-maps are initialized with random numbers.

Performance evaluation for the simulation study

The simulation study aims to evaluate the performance of
the proposed hNMF algorithm compared with the one-level
NMF, i.e. the direct application of NMF with the number of
sources chosen to be three. The performance was evaluated at
different noise levels (SNR= 10, 15, 20, 25, 30). For each noise
level, both algorithms were applied on the simulated MRSI data
(see ‘Simulation study’ section).
The performance evaluation was conducted using two

measures. As the first, we computed the correlation coefficient R
between each source estimated by hNMF and the corresponding
representative tissue-specific spectrum Wrep, computed as the
average of all the simulated noiseless spectra pertaining to the
respective tissue pattern; for example, R ¼ corr Wnormal;W

rep
normal

� �

would be the correlation coefficient for the normal tissue pattern.
R takes values between ‘–1’ and ‘1’, where a value close to ‘–1’
indicates a negative correlation, one close to zero that the sources
are uncorrelated and one close to ‘1’ that the sources are highly
correlated with the representative tissue-specific spectra, and
therefore themethod reaches best performance. Then, the correla-
tion coefficients for the three tissue patterns are summed, leading
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to the ‘total correlation coefficient’ (total R), which indicates the
overall accuracy of the three recovered sources. The total R is
between ‘–3’ and ‘3’, with ‘3’ being a perfect result.
The second performance measure is the error rate of the

corresponding spatial distribution (h-map) for each tissue
pattern, which is calculated as:

Error Rate ¼
X

he � hsð Þ2
X

hs
2

[5]

where he is the estimated h-map from hNMF for that tissue
pattern, hs is the original simulated spatial distribution for the same

tissue pattern and
X

sums all the values in the grid. The error rates

of the three tissue patterns are summed, leading to the ‘total error
rate’, which indicates the overall accuracy of the estimated tissue
distribution. Obviously, the total error rate is greater than zero,
but it does not have a predefined upper bound.

Performance evaluation for in vivo data

The results of our in vivo study were also evaluated in two ways.
One method involved the calculation of the total correlation
coefficient (total R), in a similar manner to that described above.
However, instead of comparing the hNMF sources with the
simulated representative tissue-specific spectra, we compared
them with ‘ideal’ patient-specific and tissue-specific spectra
based on expert labeling of the in vivo spectra. More specifically,
the ‘ideal’ spectrum for each tissue pattern and for each grid was
computed as the average of all the spectra labeled by two
experts (SVC, UH) as a certain tissue pattern, i.e., normal, tumor
or necrosis, in the considered grid. Only spectra for which a
consensus was reached were considered, where the decision
was based on conventional T1- and T2-weighted MRI pre- and
post-contrast agent administration, as well as a prior knowledge
of MRS patterns in tumors (6,8) (e.g. increased Cho/Cre ratio and
absence of NAA for tumor, lipids for necrosis).

Figure 2. Scheme of the hierarchical non-negative matrix factorization (hNMF) algorithm. NNLS, non-negative least squares.
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The second method for the validation of the in vivo results was
based on a visual comparison of the h-maps with expert labeling.
Numerically, it is difficult to compare the accuracy of our h-maps
with expert labeling, as the h-maps contain numbers between
zero and unity, whereas the experts labeled each voxel as one
tissue or a mixture, without specifying percentages. As such,
we examined the quality of the h-maps by overlaying them with
the MR images and by comparison with expert labeling, after
translating the expert labeling into color maps.

RESULTS

First, the performance of hNMFwas demonstrated using simulated
MRSI data from patients with GBM by comparing the results with
the one-level NMF. We then applied hNMF to in vivo 1H MRSI data
from patients with GBM and compared the performance of the
proposed algorithm with one-level NMF and expert labeling.

Performance evaluation in the simulation study

The hNMF performance, namely the total R and total error rate
on simulated MRSI data, is illustrated in Fig. 3 as boxplots. When
increasing the SNR level, we can see that the total R of hNMF
increases and the total error rate of hNMF decreases. For all the
noise levels, we observe that the total R of hNMF is larger than
the total R of one-level NMF, and the total error rate of hNMF
is smaller than the total error rate of one-level NMF, which indi-
cates that hNMF performs better than one-level hNMF in
recovering the underlying spectral sources from mixed MRSI
spectra. We can also observe that the boxes of one-level NMF
are wider than those of hNMF, thus indicating a lack of robustness
of the one-level approach.

Need for threshold optimization

One of the novelties of the proposed hNMFmethod is the optimized
thresholding procedure (step 2 in ‘hNMF for GBM’ section), which
contributes towards finding the most distinct sources. The sources
estimated at the second-level NMF can be inaccurate if the best
mask is not properly chosen. To illustrate the need for threshold

optimization, as given in Equations ([3]) and ([4]), an example from
in vivo MRSI data is shown in Fig. 4, where the selected abnormal
region under the best mask f t̂

� �
is given in Fig. 4f and the

corresponding hNMF results in Fig. 4g. As can be seen, the
recovered spectral profiles correspond very well to the ‘ideal’
profiles. Comparing the h-maps, we also notice that the h-maps in
Fig. 4g correspond well to expert labeling, as shown in Fig. 4c. How-
ever, if the mask is not properly chosen, the results will be partially
incorrect. From Fig. 4e, the recovered tumor spectrum using the
wider selected abnormal region shown in Fig. 4d is very different
from the ‘ideal’ tumor spectrum. For the selected abnormal region
shown in Fig. 4h, which is much smaller than in Fig. 4f, the recovered
spectra are also inaccurate. The lipids in the recovered tumor spec-
trum are much higher than those of the ‘ideal’ spectrum (note the
highest peak in the middle spectrum in column Fig. 4i). For further
illustration, we calculate the total R between the recovered spectra
and the ‘ideal’ spectra under these three different thresholds. For
the wide mask in Fig. 4d, total R=2.77. For the small mask in Fig. 4h,
total R=2.69. For themask in Fig. 4f, under the optimal threshold, to-
tal R=2.94, which is the best of the three. Therefore, such results
demonstrate the importance of choosing the best threshold.

Need for spatial re-estimation

Figure 5 illustrates the need to apply NNLS (step 3 in ‘hNMF for
GBM’ section). Figure 5a shows the total error rates of the spatial
distributions in the simulation study for different noise levels. As
can be seen, the error rate for all noise levels before the use of
NNLS is much poorer than after NNLS re-estimation. This is
because the second-level NMF is applied on a mask. However,
the area around the thresholded region might also contain
mixed tissue. NNLS re-estimation can avoid the loss of border
information between normal and tumor tissues, thus obtaining
a more accurate spatial distribution for each tissue pattern over
the whole grid. An example of the hNMF results based on
in vivoMRSI data is also demonstrated in Fig. 5c. Figure 5b shows
the anatomical image. As can be seen, the tumor region appears
to be too tightly cropped before NNLS re-estimation, whereas
there are more voxels with a suspicion of some contribution
from tumor tissue after re-estimation using NNLS.

Figure 3. Performance evaluation on simulated MRSI data [signal-to-noise ratio (SNR) = 10, 15, 20, 25, 30]. For each noise level, the left boxplot shows
the results of one-level non-negative matrix factorization (NMF) with the number of sources chosen to be three, labeled as ‘1’. The right boxplot shows
the results of hierarchical non-negative matrix factorization (hNMF), labeled as ‘h’. (a) Total correlation coefficient (total R) of the three recovered spec-
tra. (b) Total error rate of the three estimated spatial distributions.
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Validation of tissue pattern differentiation on in vivo data

In order to validate the tissue differentiation ability for GBMs,
hNMF was applied to in vivo 1H MRSI data from patients with

GBM and compared with one-level NMF. As shown in Table 1,
hNMF is capable of recovering the three expected tissue patterns
for all the 12 datasets of patients with GBM, yielding total R
values between 2.70 and 2.96. One-level NMF only works in five

0.511.522.533.54

0.511.522.533.54

0.511.522.533.54

C

T

N

0.511.522.533.54

0.511.522.533.54

0.511.522.533.54

C

T

N

0.511.522.533.54

0.511.522.533.54

0.511.522.533.54

C

T

N

2 4 6 8 10 12 14

2

4

6

8

10

12

C

2 4 6 8 10 12 14

2

4
6

8
10

12

T

2 4 6 8 10 12 14

2

4
6

8
10

12

N

2 4 6 8 10 12 14

2

4
6

8
10

12

C

2 4 6 8 10 12 14

2
4

6
8

10

12

T

2 4 6 8 10 12 14

2
4

6
8

10

12

N

2 4 6 8 10 12 14

2

4
6

8
10

12

C

2 4 6 8 10 12 14

2

4
6

8
10

12

T

2 4 6 8 10 12 14

2

4
6

8
10

12

N

2 4 6 8 10 12 14

2

4
6

8
10

12

a

b

c

d f h

e g i

Figure 4. Illustration of the need for threshold optimization: dataset 2. C, T and N denote normal, tumor and necrosis, respectively. (a) Anatomical
T2-weighted MR image; (b) zoom on the selected grid; (c) additional information from expert labeling, where yellow indicates N/T, green indicates T,
cyan indicates C/T, blue indicates C and black indicates spectra of poor quality; (d, f, h) selected mask corresponding to three different thresholds; under
each of the three masks, the results of hierarchical non-negative matrix factorization (hNMF) are shown in (e), (g) and (i), respectively, in the form of the
recovered spectra and estimated h-maps for each tissue pattern. The recovered spectra using hNMF are shown in black. The red lines are the ‘ideal’
spectra for this patient according to expert labeling.

Figure 5. (a) Total error rates of spatial distributions evaluated for different noise levels on simulated MRSI data. The dots represent the total error rates
calculated before the use of non-negative least squares (NNLS) and the asterisks represent the total error rates after the use of NNLS. (b) Anatomical
T2-weighted MR image: dataset 1. (c) Estimated spatial distribution of three tissue patterns on in vivo MRSI dataset 1. The left maps show the result
without NNLS. The maps in the right column show the spatial distribution over the whole grid after NNLS re-estimation. SNR, signal-to-noise ratio.
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cases as, in the others, at least two of the three sources have very
similar patterns. For those five cases in which one-level NMF
works, the total R of one-level NMF is smaller than that of hNMF.
These numbers fully demonstrate that one-level NMF is limited
in accurately revealing the underlying tissue patterns for in vivo
1H MRSI data, and that hNMF is a more efficient alternative for
tissue pattern differentiation.

We show two examples of in vivo experiments in Figs 6 and 7.
Similar results were obtained for the other in vivo experiments.
The results of hNMF are shown in Fig. 6d, e and Fig. 7d, e.

In Fig. 6a, the anatomical image in the first row clearly
demonstrates a tumoral lesion with central necrosis in the left
parietal lobe. The zoom on the selected grid is shown in the
second row and expert labeling is translated into a color map in
the third row of Fig. 6a. From Fig. 6b, c, it can be seen that the
one-level NMF algorithm fails. In Fig. 6b, the recovered sources
from one-level NMF are in black, overlaid with the ‘ideal’ spectra
in red. We can see that the source showing necrosis (third row in
Fig. 6b) is correctly determined by one-level NMF and corresponds
to the areas of necrosis on the anatomical image. However, the first
and second rows in Fig. 6b both show spectral patterns of normal
tissue. In this case, the normal area is separated into two subareas,
as shown in Fig. 6c. The spectral differences between these two
profiles are caused by the chemical shift displacement effect rather
than by a biological difference in tissue patterns. By contrast,
Fig. 6d, e shows the results of hNMF. The three spectra in black in
Fig. 6d represent the recovered normal, tumor and necrosis
sources. They show high similarity with the ‘ideal’ spectra in red.
The corresponding h-maps are shown in Fig. 6e and correspond
very well with the anatomical image and the expert labeling. In
the second row in Fig. 6e, the red color shows the higher concen-
tration of the corresponding tumoral source shown in the second
row in Fig. 6d. In the second row of Fig. 6e, orange, yellow, green
and cyan reflect partial tumor cell content, i.e. voxels with a
suspicion of tumor infiltration. The total R of hNMF is 2.94, which
shows a very high correlation between the recovered sources
and the ‘ideal’spectra. However, the total R of one-level NMF is only

1.95, which is much lower, mainly because of differences in the
tumor spectral profile.
Figure 7 shows a typical case of a patient with GBM with only

discrete macroscopic necrosis. One-level NMF and hNMF were
applied to the selected grid as shown in the second row in Fig. 7a.
The anatomical image is in the first row of Fig. 7a. Expert labeling
was translated into a color map, shown in the third row in Fig. 7a.
Figure 7b, c shows that one-level NMF failed to recover the three
correct tissue patterns. As in the first example, the differences in
spectral separation are caused by the chemical shift displacement
effect as the one-level NMF sources in the first two rows in Fig. 7b
both represent normal tissue. The first two h-maps in Fig. 7c both
represent the spatial distribution of normal tissue. The sources
correctly recovered by hNMF are shown in Fig. 7d for normal,
tumor and necrosis, and Fig. 7e shows the corresponding spatial
distribution. Although the anatomical image in Fig. 7a does not
show necrosis, the locations of these three tissue patterns were
confirmed by expert labeling. The colors between red and blue
in the second row in Fig. 7e reflect mixed tissue and suggest
how tumor possibly infiltrates into the surrounding regions. We
also calculated the total R for a quantitative comparison of
accuracy. The total R of one-level NMF is 2.35 and that of hNMF is
2.96, showing that the three tissue patterns are well separated in
the data. These results demonstrate the efficiency and superiority
of hNMF in recovering underlying sources from MRSI data.

DISCUSSION AND CONCLUSIONS

This study explored the efficiency of a new method, hNMF, for
the recovery of normal, tumor and necrosis tissue patterns for
patients with GBM using short-TE MRSI data. The development
of this method was motivated by the fact that one-level NMF
consistently fails in this task. The reason for this failure probably
lies in the fact that the tissue-specific spectral profile of tumor is
not sufficiently uncorrelated from a linear combination of other
tissue patterns: normal and necrosis. hNMF looks for the three

Table 1. First 3 columns: Summary of in vivo MRSI datasets. Last 2 columns: Tissue differentiation comparison between hierarchical
non-negative matrix factorization (hNMF) and one-level non-negative matrix factorization (NMF) for all 12 datasets that contain
three tissue patterns. ‘X’ denotes failure to recover three sources, i.e. at least two sources have very similar patterns. For cases in
which three sources were recovered, we give the total R values in the table. More detailed results for dataset 1 and dataset 2 are
shown in Figs 6 and 7, respectively. The entire field of view is 32� 32 voxels

Dataset Size (in voxels) of PRESS
excitation volume

Size (in voxels) of
selected grid

Total R of hNMF Total R of one-level NMF

1 16� 16 11� 13 2.94 X
2 16� 16 12� 14 2.96 X
3 16� 16 7� 7 2.74 2.66
4 16� 16 7� 7 2.81 X
5 16� 16 10� 14 2.91 2.76
6 16� 16 11� 11 2.95 X
7 16� 12 11� 7 2.70 X
8 16� 16 6� 8 2.81 X
9 16� 16 5� 8 2.86 2.62
10 8� 9 8� 7 2.93 X
11 16� 8 11� 7 2.93 2.52
12 16� 12 11� 3 2.90 2.67

PRESS, point-resolved spectroscopy.
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most distinct (but possibly correlated) tissue-specific spectral
profiles by optimizing a mask on the abnormal region, which is
meant to exclude voxels containing a mixture of tumor and nor-
mal tissue patterns. The mixing coefficients are finally computed
as the h-maps corresponding to each tissue pattern.

A hierarchical application of NMF has also been presented in
refs. (15,17), but only a fixed threshold was used to generate a
mask for data selection. The MRSI data used in refs. (15,17) had
a different protocol from ours [i.e. a multislice MRSI sequence
(32) instead of PRESS localization]; consequently, the stages of
the hierarchical approach were different: an initial stage was
devoted to finding the brain tissue within the whole head
image, and subsequent stages were meant to differentiate
between normal brain tissue, tumor, water and lipids. Our
hierarchical method was applied directly to brain tissue data
and was able to differentiate three tissue patterns instead of
only two (i.e. normal and abnormal) in the region encompassing
the tumor. Another difference from refs. (15,17) was the NNLS
re-estimation added as the last step of the hNMF method; this
avoids the loss of information at the border between tissue
patterns, which may otherwise occur as a result of thresholding.
In our in vivo results, it can be seen that there is no clear border
between tissue patterns for GBM data. This feature can be attrib-
uted to the effect of the point spread function, but also to the
infiltrative nature of glial cells.

The previous studies (15–17) were limited to long-TE 1H MRSI
(TE/TR = 280/2300ms). However, short-TE spectra provide more

diagnostic information than long-TE spectra, but are potentially
more challenging than long-TE spectra because of the more
complex spectral profiles. According to Majós et al. (33), more
resonances are visible at short TE than at long TE because the
signal intensity from compounds with strong J modulation may
be lost at long TE. One of their most important conclusions is that
short-TE 1H MRS produces a slightly more accurate diagnostic
outcome in general, including the diagnosis of GBM. To date, there
has been no evidence to show that tissue differentiation using
NMF on short-TE spectra gives good results. Our experiments
demonstrate that hNMFworks properly on short-TE 1HMRSI spectra.
Su et al. (16) chose to use absolute spectra instead of real-valued

absorption mode spectra to guarantee non-negative spectra for
the NMF algorithm, because the linearity of the model can be
approximately maintained when peaks do not overlap significantly
and the noise level is low. However, these two assumptions are
not met in our study which uses short-TE data, where highly
overlapping resonances and high noise occur. Therefore, we
opted to use the real part of the spectra, similarly to the study
of Szabo de Edelenyi et al. (13).
We applied the hNMF method to spectra from a single MRSI

dataset at a time. Other authors have applied NMF or other
BSS methods on collections of MR spectra acquired from
different patients [e.g. single-voxel MRS (34,35)]. The advantage
of working patient-wise is twofold: first, there is no need to
collect a database of spectra from different patients; and, second,
interindividual differences are accounted for within the method

Figure 8. Variation of spectra between patients. (a) The ‘ideal’ spectra (average tissue-specific spectra labeled as a single tissue pattern by experts) in
the 12 datasets for each tissue pattern are shown in green. Two ‘ideal’ spectra are highlighted in red and black to illustrate typical variability. (b) Recov-
ered spectra using hierarchical non-negative matrix factorization (hNMF) across the 12 datasets for each tissue pattern are shown in green. The red and
black spectra in (b) correspond to the same datasets as in (a).
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itself, without the need for a calibration mechanism (e.g. feature
extraction) to bring the datasets to a common ground. Indeed,
variations in tissue-specific MRSI spectra from different patients
with GBM can be observed between individuals as a result of inter-
patient anatomical variability and of measurement conditions (in
particular, magnetic field inhomogeneities). Thus, the ‘ideal’spectra
obtained from expert labeling do not reflect the exclusive contri-
bution from a single homogeneous tissue in MRSI data, but should
be understood as being representative spectra for the most dis-
tinct patterns contained within the considered MRSI dataset. The
variations are higher for abnormal tissue, i.e. tumor and necrosis,
than for normal tissue (see Fig. 8). Metabolite concentrations also
change during the temporal development of tumors, depending
on factors such as tissue perfusion, supply of nutrients, cell density,
etc. This suggests that the use of common (simulated) tissue-spe-
cific spectral profiles to fit data from all patients would result in
some inaccuracies.
In this study, the performance evaluation of hNMF was carried

out in a controlled environment, i.e. the in vivo data used for
method validation came from patients with histopathologically
confirmed GBM, chosen to contain necrotic tissue; in addition,
expert quality control was performed. However, hNMF should
ideally be applied as an initial data exploration tool to differentiate
tissue patterns for any brain lesion, i.e. as a compact manner of
representing the most important information in MRSI datasets to
clinicians. With regard to quality control, recent studies have shown
the potential for automation (24); such methods are based on
supervised classification and require a training step on a large num-
ber of expert-labeled spectra, therefore falling outside the scope of
this article. However, in the absence of an automatic preprocessing
step for quality control, practical advice for 1H MRSI data acquired
under similar conditions to those in this study would be to crop
the excitation volume by two to three rows and columns of voxels
at each side in order to safely eliminate the most common artifacts:
chemical shift displacement effect and lipid contamination.
Furthermore, the number of tissue-specific sources should be

detected automatically. The most common choice would be
between two or three tissue patterns. When one of the two
sources obtained in step 1 presents obvious characteristics of
necrosis [i.e. Lips/(Lips + Cho+NAA)> 60%, as in ref. (2)], it is
certainly beneficial to continue with step 2 and step 3 of hNMF
in order to obtain three sources. If necrosis is not present, the
problem is reduced to the application of only one-level NMF
with two sources (i.e. step 1 of hNMF).
Currently, our results are significant for patients with GBM,

because the differentiation of viable tumor and necrosis is an
indicator of the level of aggressiveness, and the estimation of
the corresponding location of each tissue pattern might provide
additional guidance for surgery or radiotherapy. However, the
potential of hNMF is not limited to tissue pattern differentiation
of GBMs using MRSI data. In principle, this hierarchical method
could be adapted to solve other problems requiring more than
two sources or more levels.
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APPENDIX A: PARAMETERS FOR SIMULATED MRSI SIGNALS

We simulated time-domain MRSI signals as a combination of
nine metabolite signals based on the formula:

y tð Þ ¼
X9

k¼1

Ampk �Metk tð Þ � expðj � phasek � dampk
�t þ j � freqk � tÞ þ noise

where Ampk is the amplitude of metabolite k, dampk is the
damping of metabolite k, freqk is the frequency shift of
metabolite k, phasek is the phase shift of metabolite k, Metk is the
time-domain metabolite signal for metabolite k and j= sqrt(�1).
The values in Tables A1-A3 are adapted from the spectral simula-

tion module of SPID software (26). Metabolites measured in vitro are
normalized to the same unit. The simulated lipids are normalized to
the same scale as the othermetabolites, i.e. norm(Lip1) =norm(NAA)
and norm(Lip2)=norm(NAA).

Table A1. Normal

Metabolite

Cre Glu Myo PCh NAA Ala Lac Lip1 Lip2

Amplitude Mean (103) 389 444 307 123 552 96 12 1.3 1.5
SD (103) 76 96 93 6 93 60 8.9 0.8 0.7

Damping Mean (10–3) 9.4 9.0 8.5 6.6 8.4 6.9 6.2 4.1 8.7
SD (10–3) 1.4 2.3 2.5 3.6 2.3 4.4 4.2 4.4 3.1

Frequency shift 0 0 0 0 0 0 0 0 0
Phase shift 0 0 0 0 0 0 0 0 0

Ala, alanine; Cre, creatine; Glu, glutamate; Lac, lactate; Lip1, lipid at 1.3 ppm; Lip2, lipid at 0.9 ppm; Myo, myo-inositol; NAA,
N-acetylaspartate; PCh, phosphocholine; SD, standard deviation.

Table A2. Tumor

Metabolite

Cre Glu Myo PCh NAA Ala Lac Lip1 Lip2

Amplitude Mean (103) 304 374 306 173 202 295 317 1.7 1.8
SD (103) 146 182 149 108 95 309 328 1.0 1.0

Damping Mean (10–3) 9.4 9.0 8.5 6.6 8.3 6.9 6.2 4.1 8.7
SD (10–3) 1.4 2.3 2.5 3.6 2.3 4.4 4.2 4.4 3.1

Frequency shift 0 0 0 0 0 0 0 0 0
Phase shift 0 0 0 0 0 0 0 0 0

Ala, alanine; Cre, creatine; Glu, glutamate; Lac, lactate; Lip1, lipid at 1.3 ppm; Lip2, lipid at 0.9 ppm; Myo, myo-inositol; NAA,
N-acetylaspartate; PCh, phosphocholine; SD, standard deviation.
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Table A3. Necrosis

Metabolite

Cre Glu Myo PCh NAA Ala Lac Lip1 Lip2

Amplitude Mean (103) 10 74 44 6.5 4.9 97 43 8864 3244
SD (103) 107 134 9.4 30 70 60 33 3.7 2.4

Damping Mean (10–3) 7.8 9.3 7.4 8.3 9.8 9.5 10 89 70
SD (10–3) 3.9 1.9 3.8 3.3 1.2 2.1 0.4 0.3 0.1

Frequency shift 0 0 0 0 0 0 0 0 0
Phase shift 0 0 0 0 0 0 0 0 0

Ala, alanine; Cre, creatine; Glu, glutamate; Lac, lactate; Lip1, lipid at 1.3 ppm; Lip2, lipid at 0.9 ppm; Myo, myo-inositol; NAA,
N-acetylaspartate; PCh, phosphocholine; SD, standard deviation.
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