






spatial and distinct temporal patterns for all modalities. Each wr (i.e. mode-3
fiber) indicates the between-subject variations. Indeed, in accordance with the
above intuition, each frontal slice (i.e. matrix for a fixed third index) in (2) is
defined through the same spatial and temporal patterns pairs, but with different
proportions according to the mode-3 fibers (i.e. weightings across subjects).
As the periodicity of the time courses drives our interest in the factors of this
decomposition, they are sorted in decreasing order of the value maxiMπ(sr;i),
such that s1 contains the most periodic time course from one modality.

The fast and scalable algorithm CP-OPT, using the L-BFGS optimization
method, is employed to compute the CP models for various R values [14]. It is
implemented in the open-source Tensor Toolbox [15].

4 Results

This section presents how model (2) can extract periodic time courses as a func-
tion of the number R of factors and illustrates the three-way patterns obtained
on the EEG data set described in Sect. 2. The factor time courses sr;i, and
their periodicity in particular, are compared to the raw EEG recordings at elec-
trode FCZ, since they depict the highest periodicity and would hence be the
analyzed signals if no factorization was employed [6]. The significance level of
the statistical tests is set to 5%.
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Fig. 1: Periodicity measure Mπ of (a) the first temporal patterns s1;i and of (b)
all patterns sr;i as a function of the number R of factors. The dotted horizontal
lines indicate the periodicity at FCZ, averaged over the subjects for each condi-
tion. In (a), a marker below the plot for a given R indicates that the periodicity
of the pattern represented with the same marker is significantly different from
the mean periodicity at FCZ (one-sample t-tests, Holm-Bonferroni corrected).

The number R of factors considered in the CP approximation needs to be
determined. Intuitively, too small R would not enable separating the noise from
the periodic activity of interest (e.g. if R = 1, the whole EEG activity needs to
be approximated in the sole factor), whereas too large R could tend to spread
this activity among several factors. The periodicity of the temporal patterns s1;i
are reported in Fig. 1a, with one color and marker for each modality i. For all
R ≥ 2, the periodicity of the extracted pattern is significantly larger than the
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Fig. 2: Time courses averaged over the cycles and frequency transforms of the
first factors s1;i when R = 6 (dark blue lines), and of the EEG at FCZ (subject-
level curves in blue and mean curves over the subjects in black and dotted). The
stimulation temperatures are shaded and a star indicates a significant difference
between the amplitudes at FCZ and of s1;i at k · f? (one-sample t-tests).
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Fig. 3: First three (a) spatial patterns p1, p2 and p3 and (b) between-subject
weightings w1, w2 and w3, when R = 6 (r being the factor index).

one of the signal at FCZ for all conditions except c2. The absence of periodicity
gain for all R for condition c2 suggests that there is indeed no periodic response
for this condition, as the periodicity at FCZ was not significant in Sect. 2. Also,
Fig. 1b indicates the periodicity of sr;i for all r = 1, . . . , R, the factors being
ordered in decreasing order of maxiMπ(sr;i). It can be noted that the first time
course s1;i is the most periodic for all three first conditions i and all R, suggesting
that employing shared spatial patterns for the conditions is indeed relevant.

Fig. 2 illustrates s1;i extracted when R = 6 compared to the signals at the
single electrode FCZ. One can observe that considering all the channels and
subjects at once in the CP model improves the SNR of the periodic components,
while preserving their temporal dynamics, especially the latencies of the peaks.

Finally, Fig. 3 depicts the first spatial patterns {pi}3i=1 and subject weightings
{wi}3i=1 obtained when R = 6. The first extracted topography is consistent
with the nature of the considered stimuli [4] and w1 indicates that the first
spatio-temporal factor is reflected in all subjects with well-balanced proportions,
whereas the second and third factors appear to be more subject-specific.
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5 Conclusion

This paper shows that tensor approximations can be employed to enhance the
SNR of some EEG responses. In particular, we found a relevant spatial pat-
tern shared by four modalities and associated with modality-specific periodic
time courses, reflecting the SSR of all subjects. Employing unsupervised tensor
factorizations enables (1) avoiding overfitting a given criterion, (2) highlighting
temporal activity patterns from all subjects with a higher SNR than the raw
mean signals and (3) considering all the modes of a multi-way data set at once,
without requiring further averaging nor data selection. These encouraging re-
sults motivate further works to study the model fitting and its robustness as a
function of both the model and the sample sizes and to enlarge its application.

References

[1] A. Cichocki, D. Mandic, L. De Lathauwer, G. Zhou, Q. Zhao, C. Caiafa, and H. A. Phan.
Tensor decompositions for signal processing applications: From two-way to multiway
component analysis. IEEE Signal Processing Magazine, 32(2):145–163, 2015.

[2] E. Acar, D. M. Dunlavy, T. G. Kolda, and M. Mørup. Scalable tensor factorizations with
missing data. In Proceedings of the 2010 SIAM international conference on data mining,
pages 701–712. SIAM, 2010.

[3] A. Hyvärinen. Independent component analysis: recent advances. Phil. Trans. R. Soc.
A, 371(1984):20110534, 2013.

[4] D. Mulders, C. de Bodt, N. Lejeune, A. Mouraux, and M. Verleysen. Spatial filtering
of EEG signals to identify periodic brain activity patterns. In LVA-ICA, pages 524–533.
Springer, 2018.

[5] R. Sameni, C. Jutten, and M. B. Shamsollahi. Multichannel electrocardiogram decompo-
sition using periodic component analysis. IEEE transactions on biomedical engineering,
55(8):1935–1940, 2008.

[6] M. Cohen and R. Gulbinaite. Rhythmic entrainment source separation: Optimizing anal-
yses of neural responses to rhythmic sensory stimulation. NeuroImage, 147:43–56, 2017.

[7] B. Blankertz, S. Lemm, M. Treder, S. Haufe, and K.-R. Müller. Single-trial analysis and
classification of ERP components – a tutorial. NeuroImage, 56(2):814–825, 2011.

[8] N. Sidiropoulos, L. De Lathauwer, X. Fu, K. Huang, E. Papalexakis, and C. Faloutsos.
Tensor decomposition for signal processing and machine learning. IEEE Transactions on
Signal Processing, 65(13):3551–3582, 2017.

[9] T. G. Kolda and B. W. Bader. Tensor decompositions and applications. SIAM review,
51(3):455–500, 2009.

[10] F. Miwakeichi, E. Martınez-Montes, P. A. Valdés-Sosa, N. Nishiyama, H. Mizuhara, and
Y. Yamaguchi. Decomposing EEG data into space–time–frequency components using
parallel factor analysis. NeuroImage, 22(3):1035–1045, 2004.

[11] M. Mørup, L. K. Hansen, and S. M. Arnfred. ERPWAVELAB: A toolbox for multi-
channel analysis of time–frequency transformed event related potentials. Journal of neu-
roscience methods, 161(2):361–368, 2007.

[12] E. Acar, C. Aykut-Bingol, H. Bingol, R. Bro, and B. Yener. Multiway analysis of epilepsy
tensors. Bioinformatics, 23(13):i10–i18, 2007.

[13] F. Cong, Q.-H. Lin, L.-D. Kuang, X.-F. Gong, P. Astikainen, and T. Ristaniemi. Tensor
decomposition of EEG signals: a brief review. Journal of neuroscience methods, 248:59–
69, 2015.

[14] E. Acar, D. M. Dunlavy, and T. G. Kolda. A scalable optimization approach for fitting
canonical tensor decompositions. Journal of Chemometrics, 25(2):67–86, 2011.

[15] B. W. Bader, T. G. Kolda, et al. Matlab tensor toolbox version 2.6. Available online,
February 2015.

ESANN 2019 proceedings, European Symposium on Artificial Neural Networks, Computational  Intelligence 
and Machine Learning.  Bruges (Belgium), 24-26 April 2019, i6doc.com publ., ISBN 978-287-587-065-0. 
Available from http://www.i6doc.com/en/.




