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a b s t r a c t
Nonnegative matrix factorization (NMF) is a blind source separation (BSS) algorithm which is based on the
distinct constraint of nonnegativity of the estimated parameters as well as on the measured data. In this study,
according to the potential feasibility of NMF for fMRI data, the four most popular NMF algorithms, corresponding
to the following two types of (1) least-squares based update [i.e., alternating least-squares NMF (ALSNMF) and
projected gradient descent NMF] and (2) multiplicative update (i.e., NMF based on Euclidean distance and NMF
based on divergence cost function), were investigated by using them to estimate task-related neuronal activities.
These algorithms were applied ﬁrstly to individual data from a single subject and, subsequently, to group data
sets from multiple subjects. On the single-subject level, although all four algorithms detected task-related
activation from simulated data, the performance of multiplicative update NMFs was signiﬁcantly deteriorated
when evaluated using visuomotor task fMRI data, for which they failed in estimating any task-related neuronal
activities. In group-level analysis on both simulated data and real fMRI data, ALSNMF outperformed the other
three algorithms. The presented ﬁndings may suggest that ALSNMF appears to be the most promising option
among the tested NMF algorithms to extract task-related neuronal activities from fMRI data.
© 2013 Elsevier Inc. All rights reserved.

1. Introduction
Functional magnetic resonance imaging (fMRI) has been widely
adopted as a noninvasive method to explore brain function based on
blood oxygenation level-dependent (BOLD) signal variation associated
with the neuronal activity. The methods applied in analyzing fMRI data
were dominated by model-based approaches (e.g., GLM [1]) in the
early years. These approaches assume the hemodynamic response
function (HRF) to be known and then model a regressor using the given
HRF to estimate the most likely voxel response. However, the modeled
regressor may not represent the exact changes in BOLD signals. Also, it
is difﬁcult to model a regressor for some experiments.
In this case, data-driven approaches have been introduced and
widely adopted in the last decade. Data-driven methods treat fMRI data
in the context of a blind source separation (BSS) problem, which does
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not need any kinds of prior information to produce both time courses
and spatial maps. Multivariate approaches have been proposed with
regard to the BSS problem. Some representative multivariate BSS
algorithms regarding fMRI analysis are principal component analysis
(PCA) [2], independent component analysis (ICA) [3], independent
vector analysis [4] and canonical correlation analysis [5]. Among these,
ICA together with a PCA dimension reduction step [6] is the most
commonly used BSS approach. It ﬁnds statistically independent
components in a subspace that has been obtained using PCA. Previous
studies have proved that this approach can yield meaningful and
reliable components [7–10]. As there are several kinds of ICA algorithms
(e.g., Infomax, FastICA, Jade) based on different optimization approaches to get independent components, the performances of these
different ICA algorithms were evaluated in previous research studies
[10]. The other BSS algorithms, although were rarely applied in fMRI
studies, were also explored by researchers. For example, in Ref. [11],
the author evaluated the performance of three factor analysis algorithms on fMRI data in both the spatial and temporal domains.
A previous literature indicated that the validity of ICA algorithms on
fMRI data was linked to their ability in handling the sparse components
effectively [12]. From this point of view, nonnegative matrix factorization (NMF) is a potentially viable data-driven multivariate analytical
option, as it decomposes nonnegative datasets into a linear combination
of sparse and part-based nonnegative features. Taking its well-known
application on facial images for example, it decomposes a dataset of
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face images into a set of sparse features representing connotative parts
such as mouth, nose and eyes [13,14]. It has also been widely applied in
many other areas, including biomedical applications, e.g., encoding the
electric neuronal activity [14], characterization of genetic types [15]
and tumor classiﬁcation [16]. Also, there are several studies that have
introduced NMF into the ﬁeld of fMRI study [17–20]. Among these,
Refs. [17] and [19] introduced NMF to analyze fMRI time series. Ref.
[17] was a region of interest (ROI) analysis that analyzed BOLD time
series in a speciﬁc brain region, whereas Ref. [19] was a data-driven
multivariate approach which pays more attention to ﬁnding a whole
brain neuronal activity map.
For this wide range of applications of the NMF method, and inspired
by its potential feasibility for fMRI data, we did an exploratory
experiment that investigated the performance of four basic NMF
algorithms with two different types of updating rules in estimating
task-related neuronal activities from fMRI data. They were primarily
assessed on the single subject level and, later, on the group level for both
simulated data and visuomotor task fMRI data. The rest of this article is
organized as follows: Section 2 describes the materials and methods
used in our experiment; it contains a short review of NMF algorithms
and a description of the data sets and the experimental steps. Section 3
presents experimental results revealing the performance of different
NMF algorithms. We discuss a little bit more elaborately the interesting
aspects of the work in Section 4 and give a conclusion in Section 5.
2. Materials and methods
2.1. Nonnegative matrix factorization algorithms
NMF is an algorithm that decomposes a 2D nonnegative input
data matrix into two nonnegative output matrices with a reduced
number of parameters compared to the original input data, which
provides an option to obtain an efﬁcient feature extraction. The NMF
model can be expressed as
X≈WH

ð1Þ

Here, the input nonnegative matrix X of size M× N (where M is
the number of input vectors and N is the number of elements in each
input vector) is decomposed into an M× K nonnegative weight
matrix W and a K×N nonnegative basis matrix H, where K is the
number of basis (usually KbMN/(M+ N) [13]).
The earliest version of NMF was proposed by Paatero and Tapper
[21] under the name of positive matrix factorization. They reﬁned it in
Ref. [22] by using a constraint of nonnegativity instead of positivity.
Later, Lee et al. proposed their NMF algorithms which used multiplicative update rules in 1999 [13] and in 2001 [23]. Lin [24] proposed a
least squares with projected gradient method for NMF. A number of
researchers appended additional constraints such as sparseness to the
nonnegative property in order to improve the performance of the feature extraction or algorithm stability, e.g., Refs. [14,25–27]. In general,
almost all derivative forms of NMF originate from two NMF groups
containing four popular algorithms described in detail as follows.
2.1.1. Group 1: Least-squares update NMF
2.1.1.1. Alternating least-squares NMF. Alternating least-squares NMF
(ALSNMF) [22] ﬁnds W and H by minimizing the Euclidean distance
between X and WH:
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number of basis to be estimated, is derived from the least-squares
solutions. Particularly, each of the two parameters (i.e., W and H) is
iteratively updated using the remaining parameter with its most
recent values in each by a least-squares step:




 
−1
T
T −1
T
T
W ¼ XH HH
;H ¼ W W
W X
þ

where [x]+=max{0, x} denotes setting all negative elements in x to 0.
This approach is the “block coordinate descent” method in a
bound-constrained optimization [24], where one block is ﬁxed and
the other block of variables is minimized under corresponding
nonnegative constraints.
2.1.1.2. Projected gradient descent NMF. Projected gradient descent
NMF minimizes the Euclidean distance cost function Eq. (2) by
taking a step size approach in the direction of steepest descent to
ﬁnd a stable and convergent point for both W and H. It is a gradient
descent least-squares method. A general form is shown as follows:
h
i
h
i
T
T
W ¼ W−εW ðWH−XÞH
; H ¼ H−εH W ðWH−XÞ
þ

þ

W; H

1
2
‖X−WH‖ ; w:r:t:; W ij ≥0; H ij ≥0; ∀i; j
2

ð2Þ

The solution of this problem, which is overdetermined due to the
greater number of observations (i.e., input data) compared to the

ð4Þ

A representative method proposed by Lin [24] adaptively
changes the scalar values of learning rates, i.e., εW andεH, to ensure
sufﬁcient minimization of the cost function. In our experiment, Lin's
algorithm was employed; it is denoted as cjlinNMF in the remaining
parts of this article.
2.1.2. Group 2: Multiplicative update NMF
2.1.2.1. Multiplicative update NMF based on the Euclidean distance cost
function. Lee et al. [13] proposed an NMF algorithm using
multiplicative update rules based on the Euclidean distance cost
function Eq. (2) in 1999. It is simple to implement. The elements of
W and H are multiplied by certain factors as follows:
h

XHT

i

h

i
WT X

ij
jt

 ; h jt ¼ h jt  T
w ij ¼ w ij 
WHHT ij
W WH jt

ð5Þ

As there is no negative element in the original input data matrix,
and also because the zero elements of W and H are not updated
during iterations, the above update rules ensure that all the elements
in W and H are strictly nonnegative for all iterations. We abbreviate
this multiplicative update NMF algorithm as eucNMF in this article.
2.1.2.2. Multiplicative update NMF based on a divergence cost function.
In 2001, the same authors, Lee et al. [23], proposed another multiplicative update NMF taking the Kullback–Leibler divergence as its
cost function in the following form:
min DKL ðXjjWHÞ

x it
−x it þ ½WHit ; w:r:t:; W ij ≥0; H ij ≥0; ∀i; j
¼ ∑ x it ln
½WHit
it

W;H

ð6Þ

Strictly speaking, it is a form of positive matrix factorization, as
the Kullback–Leiber divergence cost function is not well deﬁned if
any xit or [WH]it is equal to 0. The deduced update rules are:
I

T

min f ðW; HÞ ¼

ð3Þ

þ

w ij ¼ w ij

∑t¼1 h jt x it =½WHit
T
∑t¼1 h jt

; h jt ¼ h jt

∑i¼1 w ij x it =½WHit
I

∑i¼1 w ij

ð7Þ

In order to distinguish it from eucNMF, this multiplicative update
NMF is referred to as divNMF through the article.
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2.2. Data and analysis
For fMRI data, the NMF model can be illustrated by Fig. 1. The
input data matrix X is the BOLD matrix. The ith row in the basis
matrix H represents the ith spatial map, and the ith column in the
weight matrix W can be viewed as a time course corresponding to
the ith spatial map in H. In Fig. 1, according to the non-negativity
property of NMF algorithms, the decomposed spatial map matrix and
time course matrix are both nonnegative. They can be viewed as
positive baseline's biased matrices, i.e., each spatial map or time
course is biased with its individual positive baseline. After subtracting the baseline from corresponding spatial map or time course, it
will have zero mean with both positive and negative values.
In order to evaluate the performance of NMF algorithms, we
conducted an evaluation experiment in which the algorithms were
used to estimate task-related neuronal activities from the single
subject and a group of multiple subjects using both simulated data
and real fMRI data.
2.2.1. Generation of simulated data
Fig. 2 shows the simulated data which were generated according
to the model:
D ¼ TA  SA þ TB  SB þ C þ N

ð8Þ

SA and SB represented two source spatial maps (both have a size
of 30×30 pixels) related to tasks A and B. Both SA and SB contained
two activations in positive intensity and one deactivation denoted by
a negative value. All activations and deactivation were in size of 4×4
pixels. The spatial maps were convolved with a smooth kernel
matrix to get smoothing. Two different time courses, denoted by TA
and TB, which were obtained by convolving 120 time points with an
HRF corresponded to SA and SB, respectively. Then the spatial maps
SA and SB were reshaped into row vectors and mixed with the time
courses TA and TB, resulting in a 120×900 mixed dataset. The
ultimate dataset D was obtained by adding a positive constant C
which represents the baseline signal and a zero mean Gaussian
noise N with the contrast-to-noise ratio of 3.9. We generated data
for 15 subjects with randomly assigned baseline levels and Gaussian
noise. All the data were checked to ensure their nonnegativity.

Fig. 2. Simulated data: (A) task-related spatial maps, where the white blocks
indicate the activation and the black blocks denote the deactivation; (B) taskrelated time courses.

2.2.2. Real fMRI data and preprocessing
We used Buckner's fMRI dataset [28] downloaded from fMRIDC
(http://www.fmridc.org, accession no. 2-2000-1118 W). The data
were recorded from 14 young participants, as well as 14 nondemented and 13 demented older participants, performing one-trial
and two-trial pseudo-randomly intermixed visuomotor tasks. The
basic task paradigm was that participants pressed a key with their
right index ﬁngers upon the onset of a visual stimulus of 1.5 s
duration. The visual stimulus was an 8-Hz counter-phase ﬂickering
(black to white) checkerboard subtending 12° of visual angle [28].
The one-trial condition indicated that the stimulus was presented in

Fig. 1. NMF model for fMRI data.
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2.2.3. Application of NMF to simulated data and real fMRI data
NMF algorithms were applied to both simulated data and real
fMRI data to carry out single-subject level and group-level analysis.
In order to ensure the nonnegative property, as well as to coordinate
with the conventional application approaches of the NMF algorithms [13–16], no additional preprocessing step (e.g., centering)
was performed on the input data matrix.
In the single-subject level analysis, we ﬁrst ran NMF algorithms on
each individual dataset separately (dataset size: 120×900 for simulated data, 124×64343 for fMRI BOLD matrix), resulting in a time course
matrix and a spatial map matrix for each subject. In the training
process, the time courses were scaled to unit variance, and the
corresponding spatial patterns were scaled in the opposite direction to
ensure that the product of W and H remained the same. The number of
components was set to three for the simulated data, with a prior
knowledge that we generated two task-related components and one
Gaussian noise component. For fMRI data, the number of components
was set to 10 by experience. For each subject and each algorithm, the
task-related component was selected as the one whose time course
exhibited the highest correlation with the previously modeled
regressor. The spatial pattern of the task-related component was
transformed into z-scores of zero mean and unit variance [3,6,7] (i.e.,
z ¼ ðx−μÞ=σ , where x is the value of each voxel in a selected spatial
map, μ and σ are the mean and standard deviation of this spatial map).
As the time courses had already been scaled to unit variance in previous
NMF training, the selected task-related time course was only shifted to
zero mean to complete the z-score calculation. This z-score transformation step made the previous nonnegative time courses and spatial
maps reveal positive values as well as negative ones. Then a randomeffect analysis using a one-sample t test was performed on these zscored spatial maps to infer the group-level activation pattern. The
corresponding task-related time courses from each subject were
averaged. Additionally, we evaluated the reproducibility for both
estimated spatial and temporal patterns for those algorithms that
effectively estimated the task-related neuronal activities, by applying
each algorithm 20 times to each subject's fMRI data.
To apply the algorithms to data from a group of multiple
subjects, an ad hoc procedure using a temporal concatenation [6]
was adopted, in which subjects' data matrices were temporally
concatenated to form a group-level 2D matrix (1800×900 for the
simulated data and 1736×64,343 for the fMRI BOLD matrix). In
order to eliminate subject discrepancy caused by distinct baseline

Fig. 3. Experimental paradigm and modeled task-related regressor.

isolation in a task trial, while the two-trial condition involved a pair of
stimuli with an inter-trial interval of 5.36 s in a task trial. The
functional images were acquired by using a Siemens 1.5-T Vision
System (Erlangen, Germany) with the following parameters: repeat
time=2.68 s, echo time=37 ms, ﬁeld of view=24 cm, acquisition
matrix=64×64, ﬂip angle=90°, slice thickness=8 mm, involving 16
contiguous slices with interleaved sequence order. For each subject, 4
separate runs with 15 trials per run were recorded, yielding 128
sequential whole-brain image acquisitions for each run.
We took the 14 young subjects' run01 data for our experiment. As
there was no dummy scan performed at the beginning, the ﬁrst four
image volumes were discarded to allow longitudinal equilibrium. The
data were preprocessed by SPM8 (http://www.ﬁl.ion.ucl.ac.uk/spm/
software/spm8/) according to the typical fMRI preprocessing procedure: slice timing differences were corrected for each volume, and the
volumes were realigned for movement correction. Then data were
spatially normalized into the standard Montreal Neurological Institute
(MNI) space with 3-mm isotropic voxels and smoothed with an 8-mm 3
full-width at half-maximum Gaussian kernel, resulting in 53×63×46
voxels. The experimental paradigm of run01 is illustrated in Fig. 3. We
then convolved it with an assumed HRF to obtain the modeled taskrelated regressor of run01 for later use.
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signals, we removed the mean from each subject's data before
temporal concatenation, then added the same randomly assigned
baseline level to each subject's data to ensure nonnegativity. The
goal of this temporal concatenation was to estimate the common
spatial maps shared by all subjects at the group level, together with

the corresponding subject-level time courses with differences
among subjects. The NMF algorithms were applied to the
concatenated 2D matrix. The number of components was still
ﬁxed at three for the simulated data, while for the fMRI data, taking
the huge data size into consideration, the number of components

Fig. 4. Single-subject level results for simulated data: (A–D) Detected activation and deactivation (Pb1e−5), as well as time courses obtained using (A) ALSNMF, (B) cjlinNMF, (C)
divNMF and (D) eucNMF; (E) Pearson's correlation of spatial and temporal patterns from each subject with the reference.
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Fig. 5. Group-level results for simulated data: (A–D) Detected activation and deactivation (|z|N2.0), as well as time courses obtained using (A) ALSNMF, (B) cjlinNMF, (C) divNMF
and (D) eucNMF.

was changed to 29 based on minimum description length (MDL)
criteria [29]. The time course matrix was separated into individual
time courses and normalized to have zero mean and unit variance.
Then a mean time course was calculated for each component. For
fMRI data, the task-related component was also selected with the
aid of the modeled regressor. The associated spatial map was then
converted to a z-score map. Voxels with their absolute z-scores
greater than some threshold were considered as active voxels [3,7].
In order to make a comparison of the NMF algorithms, reference
spatial and temporal patterns were designed: for artiﬁcial data, the
simulated spatial maps and time courses were directly used as
ground truth. The reference spatial and temporal patterns for real
fMRI data were adopted from the results of Infomax using the same
data sets under the same experimental settings (e.g., number of
components) due to the conﬁrmation of Infomax's reliability by

previous research studies [7–10]. Pearson's correlation coefﬁcients
were used to measure the performance of the estimated spatial and
temporal patterns. Furthermore, we created masks of task-related
appropriate Brodmann areas (BAs) [8]: BAs 1, 2, 3, 4 and 6 in the left
hemisphere, which include left-side somatosensory and motor
areas; BAs 17, 18 and 19 in both hemispheres containing the visual

Table 1
Pearson's correlation with the reference for simulated data in the group analysis

ALSNMF
cjlinNMF
divNMF
eucNMF

Spatial map A

Spatial map B

Time course A

Time course B

0.9747
0.8790
0.7387
0.8506

0.9497
0.8924
0.8480
0.8797

0.9977
0.8916
0.9070
0.9486

0.8924
0.8948
0.7790
0.9820
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Fig. 6. Single-subject level results for fMRI data: (A) activation and deactivation maps of four NMFs and Infomax (reference) (uncorrected Pb.01); (B) mean time courses of four
NMFs; (C) Pearson's correlation of spatial and temporal patterns from each subject with the reference.
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Table 2
Number of voxels (only activation) in estimated task-related components that
overlapped with the BA masks
Left somatosensory and
motor area mask

Visual area mask

BA
1

BA
2

BA
3

BA
17

Single-subject level ALSNMF
0
(Pb.01)
cjlinNMF
0
Infomax 11
Group level (|z|N1.5) ALSNMF
0
cjlinNMF
3
Infomax
4

4
1
45
0
58
6

0
0 128 934
0
0
40 807
125 138 136 948
0
0
2 732
130 153 268 142
46
80
30 582

BA
4

BA
6

BA
18

BA
19

2373 1946
1659
853
2398 1994
1854 1189
263
172
1297
791

area. The NMF and Infomax results were compared to these BA
masks to calculate the overlap in number of voxels.
3. Experimental results and analysis
3.1. Results on simulated data
Fig. 4A–D shows the task-related activation and deactivation
detected from t-score images by each NMF algorithm (Pb1e−5), as
well as the mean time courses calculated from 15 subjects' zeromean unit-variance time courses. The least-squares update NMFs
(i.e., ALSNMF and cjlinNMF) detected more integrated activation and
deactivation than the multiplicative update NMFs (i.e., divNMF and
eucNMF). Moreover, the time courses estimated by ALSNMF showed
less distortion than that obtained by the other three NMF algorithms.
As Pearson's correlation coefﬁcient of each subject's spatial maps
and time courses was calculated with the references (i.e., the
simulated spatial and temporal patterns), Fig. 4E exhibits the mean
and standard deviation of all the subjects' correlation coefﬁcients. It
indicates that the least-squares update NMFs (i.e., ALSNMF and
cjlinNMF) surpass the multiplicative update NMF algorithms (i.e.,
divNMF and eucNMF) with higher correlation and lower standard
deviation in decomposition of spatial maps, which is more
important as our experimental target is to estimate spatial activation
and deactivation.
Fig. 5 is the group-level results of detected activation and
deactivation, which are thresholded at |z|N2.0 on the z-scored spatial
maps. Among these four NMF algorithms, the activation and
deactivation estimated by ALSNMF were the most comparable to
the original source and contained less artifacts compared to that
obtained by the other three NMFs. Although the time courses
estimated by ALSNMF were not the most superior one, its spatial
maps displayed the highest correlation with the reference of both
tasks (see Table 1).
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Table 3
Two-sample t test on mean and standard deviation of correlation between ALSNMF
and cjlinNMF

Spatial map
Time course

Mean

Standard deviation

ALSNMFNcjlinNMF at Pb2.6e−6
No signiﬁcant difference

No signiﬁcant difference
ALSNMFNcjlinNMF at Pb.005

3.2. Results on fMRI data
The results of the single-subject level analysis on fMRI data are
displayed in Fig. 6 with the activation and deactivation thresholded
at uncorrected Pb .01. They indicate that the multiplicative update
NMFs (i.e., divNMF and eucNMF) failed to accurately detect visuomotor task-related neuronal activities. The estimated statistically
signiﬁcant voxels showed randomly distributed patterns, which
have no direct relation with the adopted visuomotor task paradigm.
The least squares NMFs (i.e., ALSNMF and cjlinNMF) revealed the
task-related activation. Since the activation is more meaningful than
the deactivation for the visuomotor task, we mainly investigated the
detected activation. For ALSNMF, cjlinNMF and Infomax, the
number of active voxels that overlapped with the BA masks was
calculated and displayed in Table 2. Although the activation in the
visual area seemed similar for all these three algorithms, ALSNMF's
result was more comparable with that of Infomax. Moreover, it
contained fewer artifacts, such as the activation in insula and rightside inferior frontal gyrus implied by cjlinNMF. However, ALSNMF
and cjlinNMF mainly detected the supplementary motor area (SMA)
as the motor task-related active brain region, whereas Infomax
found motor activation not only in SMA but also in the left-side
primary motor cortex (PMC), which is a more dominant motor area
for motor tasks involving the right index ﬁnger.
For the least-squares update NMF algorithms (i.e., ALSNMF and
cjlinNMF) that detected visuomotor task-related neuronal activities, an
additional reproducibility test was performed in which these two
algorithms were executed 20 times on each subject's fMRI data. The
mean and standard deviation of the spatial and temporal patterns'
correlation with the reference (i.e., the spatial map and time course
obtained by Infomax) are presented in Fig. 7. Then a two-sample t test
was performed on these mean values and standard deviations (shown
in Table 3). Although ALSNMF has a higher standard deviation in
the time courses' correlation, implying that its reproducibility in
extracting time courses is slightly deﬁcient compared to cjlinNMF, the
spatial maps obtained by ALSNMF present much higher correlation
than that achieved by using cjlinNMF, which is more signiﬁcant
because our main goal is to estimate neuronal activities.
Fig. 8 exhibits the group-level results for 14 subjects' temporally
concatenated BOLD matrix (|z|N1.5 on the z-scored spatial maps).

Fig. 7. Correlation bars of reproducibility test for (A) spatial maps and (B) time courses.
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Fig. 8. Group-level results for fMRI data: (A) activation and deactivation maps of four NMFs and Infomax (reference) (|z|N1.5); (B) time courses of four NMFs.

Multiplicative update NMFs (i.e., divNMF and eucNMF) still fail to
correctly estimate the task-related neuronal activities. For ALSNMF,
cjlinNMF and Infomax, the number of active voxels that overlapped
with the BA masks was calculated and displayed in Table 2 as well.
ALSNMF's result was still the most comparable with that of Infomax,
except that it only found slight activation in the left PMC. The spatial

map of cjlinNMF was greatly inferior to that at the single-subject
level, in which the presented activation in the visual area was widely
different from the reference. However, it indicated the task-related
activation in the left PMC, which might cause the time course to still
have a high correlation with the reference (see Table 4).
4. Discussion

Table 4
Pearson's correlation of spatial map and time course with the reference for each NMF
algorithm in the group analysis of fMRI data

Spatial map
Time course

ALSNMF

cjlinNMF

divNMF

eucNMF

0.8650
0.9038

0.1443
0.8440

0.0896
0.3218

0.0151
0.2356

In this study, we explored the feasibility of different NMF
algorithms performing BSS in order to estimate task-related
neuronal activities from fMRI data, which has not been investigated
before. We implemented four types of NMF algorithms, corresponding to two groups of update rules (i.e., least-squares update rules and
multiplicative update rules), on simulated data and visuomotor task
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fMRI data. We ﬁrst tested them in single-subject level analysis and
then measured their performance at the group level by temporally
concatenating each subject's data.
NMF algorithms have the common property in that the input data
matrix, decomposed weight matrix and basis matrix are all
nonnegative. This property corresponds with the fact that fMRI
data are nonnegative. From the point of view of neuroscience, the
ﬁring rates of neurons are never negative, and also synaptic
strengths remain positive. This virtue appears obvious if NMF is
modeled as a neural network. NMF executes BSS directly without
any preprocessing procedures and decomposes the original data into
feature-based meaningful parts. In the fMRI experiment, the taskrelated neuronal activities cause different BOLD signal changes in
related voxels, which can be treated as features in NMF. As described
in the previous section, although the decomposed spatial map matrix
and time course matrix are both nonnegative, they can be viewed as
positive baseline's biased matrices. After subtracting the baseline
from corresponding spatial map, the spatial map will have both
positive and negative values containing activation as well as
deactivation. In this case, it is reasonable to apply NMF in the fMRI
data analysis.
Least-squares update NMF algorithms (i.e., ALSNMF and
cjlinNMF) seem to have the capability of estimating neuronal
activities. In single-subject level analysis, both ALSNMF and cjlinNMF
detected meaningful neuronal activities through BSS. However, the
performance of cjlinNMF declined obviously in group-level analysis
on real fMRI data. One possible reason for this is that cjlinNMF is
sensitive to the initialization of weight matrix W and basis matrix H
[30]. This weakness may become critical when using a data set with a
huge size. In cjlinNMF's training process, it will terminate once it has
satisﬁed the termination condition that each updating term of the
parameters (i.e., the second half of Eq. (4)) is less than a threshold.
For a huge data set, it probably terminates at a point that is not very
far from the initial matrix. The initialization of W and H also has an
inﬂuence on ALSNMF's outcome, which is revealed by the reproducibility test. In order to eliminate this effect in the ALSNMF
decomposition, we can take some approaches, such as executing it
several times and doing a random-effect analysis. Besides, in
ALSNMF, the updating of one parameter has no direct relationship
with its current value in a present iteration. It only depends on the
original input data and another parameter matrix. This property
allows ALSNMF to escape from a poor path during the iterative
process and avoids convergence near the initialization points.
The group of multiplicative update NMF algorithms (i.e., eucNMF
and divNMF) presented tolerable results for simulated data, but failed
to estimate task-related activation for real fMRI data. In Ref. [31], it is
mentioned that this group of NMF algorithms may converge to a
stationary point which is not the local minimum. The risk that the
algorithms cannot converge to a local minimum point is probably
much higher for large data sets such as the raw BOLD fMRI matrix.
Also, it possibly causes a substantial residual error for highdimensional data sets as mentioned in Ref. [32]. Moreover, Plis et al.
[33] showed that correlated noise would make multiplicative update
NMF algorithms fail to decompose the data, which may be the case for
the real fMRI data.
In this experiment, we used the modeled regressor to select the
task-related component. In the single-subject analysis, the right
ﬁnger-related motor activation detected by NMF was mainly located
in SMA, which was not accordant with the ICA result and experiential
knowledge that it should have the left PMC activation as well. For
this point, we inspected the selected NMF component for each
individual. For some subjects, the selected components contained the
left PMC activation, but for the others, the left PMC showed
activation in the unselected components, which caused the ﬁnal tmap containing no left PMC activation at the deﬁned threshold.
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Although there is still no direct evidence that NMF approach can be
beyond ICA methods in the analysis of task-related fMRI data, our
work may point out an alternative multivariate analysis approach.
Since the NMF does not have any stringent assumption on the
obtained components, it is believable that the performance of
ALSNMF still has space to be improved [19]. For our experiment, it
is possible that the activation in the left PMC might be well detected
in the task-related component if some additional constraints are
added during the training process.
Another potentially important issue is that, in practice, it is
critical to make an appropriate decision on the number of
components in the NMF decomposition, and the choice is very
often problem dependent. In our experiment, we set the component
number to 3 for the simulated data according to our prior
knowledge. For the fMRI data, the number was set to 10 by drawing
on experience for the single-subject data and it was evaluated to be
29 by MDL criteria for group data. We chose these values based on
the reason that a much smaller number may cause incomplete
decomposition and a much larger one will possibly split the
integrated components. However, evaluating the NMF decomposition result according to the number of components, as well as ﬁnding
proper criteria for component number setting, will be an interesting
topic for future research. Also, the problem that the activation in the
left PMC was not contained in selected task-related spatial maps for
some subjects might be improved with a different setting of the
component number.

5. Conclusion and further research
We did an exploratory experiment that evaluated the performance of four different NMF algorithms in estimating task-related
neuronal activities from fMRI data. The result showed that leastsquares update NMF algorithms (i.e., ALSNMF and cjlinNMF) worked
well on single-subject data. At the group level, ALSNMF outperformed
cjlinNMF in detecting neuronal activities. In comparison, multiplicative
update NMF algorithms (i.e., divNMF and eucNMF) performed much
worse in that they failed to accurately ﬁnd the task-related brain regions.
In brief, ALSNMF may be the most viable and useful NMF algorithm in
the context of estimating task-related neuronal activities from fMRI data.
The aim of our further research will be to improve ALSNMF, to make
it more applicable in the ﬁeld of estimating neuronal activities from
fMRI data.
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