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μ rhythm



[T. Dupré la Tour, L. Tallot, L. Grabot, V. Doyère, V. van Wassenhove, Y. Grenier, A. Gramfort,
(2017) PLOS Computational biology]
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μ rhythm

CFC: High frequency bursts coupled with slow waves



[T. Dupré la Tour, L. Tallot, L. Grabot, V. Doyère, V. van Wassenhove, Y. Grenier, A. Gramfort,
(2017) PLOS Computational biology]

μ rhythm

CFC: High frequency bursts coupled with slow waves

Neural signals exhibit
diverse and complex 

morphologies
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There is a lot more in 
EEG/MEG signals
than we believe



Convolutional Sparse Coding (CSC) 
for learning the morphology of

neural signals

1

Code: https://alphacsc.github.io

Multivariate Convolutional Sparse Coding for Electromagnetic Brain Signals, (2018),
T. Dupré la Tour,   T. Moreau, M. Jas, A. Gramfort, Proc. NIPS Conf.

Learning the Morphology of Brain Signals Using Alpha-Stable Convolutional Sparse Coding, 
(2017), M. Jas, T. Dupré la Tour, U. Simsekli, A. Gramfort, Proc. NIPS Conf.
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Shape of brain rhythms matter
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[Cole and Voytek, 2017]

μ rhythm
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Problem of linear filtering:

Raw signal

Filtered signal
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Shape of brain rhythms matter
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[Cole and Voytek, 2017]

μ rhythm

asymmetry

Problem of linear filtering:

Raw signal

Filtered signalAfter linear filtering everything 
looks like a sinusoid!
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From ICA to CSC
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https://pypi.python.org/pypi/python-picard/0.1

Independent Component  Analysis (ICA)



Alexandre Gramfort                                 Machine Learning on EEG  

From ICA to CSC
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https://pypi.python.org/pypi/python-picard/0.1

Independent Component  Analysis (ICA)

X S
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From ICA…
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https://pypi.python.org/pypi/python-picard/0.1

X

=

A S

= + +…

a1 aks1 sk

+ +…

https://pierreablin.github.io/picard/auto_examples/plot_ica_eeg.html 

https://mne.tools/stable/auto_tutorials/preprocessing/plot_40_artifact_correction_ica.html

https://pierreablin.github.io/picard/auto_examples/plot_ica_eeg.html
https://mne.tools/stable/auto_tutorials/preprocessing/plot_40_artifact_correction_ica.html
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…

… to CSC

8

https://pypi.python.org/pypi/python-picard/0.1
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…

⇤

Topography waveform temporal activations

… to CSC
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https://pypi.python.org/pypi/python-picard/0.1
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…

⇤

Topography waveform temporal activations

… to CSC
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https://pypi.python.org/pypi/python-picard/0.1
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convolution

   CSC allows to learn jointly
• topography (ie. localization)
• signal waveform
• when waveform occurs
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Multivariate CSC

9

[Multivariate Convolutional Sparse Coding for Electromagnetic Brain Signals, (2018),
T. Dupré la Tour,   T. Moreau, M. Jas, A. Gramfort, Proc. NeurIPS Conf.]
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Signal from the striatum of a rodent

CSC on LFP

10

https://pypi.python.org/pypi/python-picard/0.1

[Learning the Morphology of Brain Signals Using Alpha-Stable Convolutional Sparse Coding, 
(2017), M. Jas, T. Dupré la Tour, U. Simsekli, A. Gramfort, Proc. NIPS Conf.]

~80	Hz
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Signal from the striatum of a rodent

CSC on LFP

10

https://pypi.python.org/pypi/python-picard/0.1

[Learning the Morphology of Brain Signals Using Alpha-Stable Convolutional Sparse Coding, 
(2017), M. Jas, T. Dupré la Tour, U. Simsekli, A. Gramfort, Proc. NIPS Conf.]

~80	Hz

CSC reveals CFC
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CSC on MEG
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https://pypi.python.org/pypi/python-picard/0.1
[Multivariate Convolutional Sparse Coding for Electromagnetic Brain Signals, (2018),

T. Dupré la Tour,   T. Moreau, M. Jas, A. Gramfort, Proc. NIPS Conf.]

•MEG vectorview
•Median nerve stim.
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CSC on MEG

11

https://pypi.python.org/pypi/python-picard/0.1
[Multivariate Convolutional Sparse Coding for Electromagnetic Brain Signals, (2018),

T. Dupré la Tour,   T. Moreau, M. Jas, A. Gramfort, Proc. NIPS Conf.]

•MEG vectorview
•Median nerve stim.

CSC reveals mu-
shaped waveforms
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CSC on MEG

11

https://pypi.python.org/pypi/python-picard/0.1
[Multivariate Convolutional Sparse Coding for Electromagnetic Brain Signals, (2018),

T. Dupré la Tour,   T. Moreau, M. Jas, A. Gramfort, Proc. NIPS Conf.]

•MEG vectorview
•Median nerve stim.

See the frequency 
harmonics

CSC reveals mu-
shaped waveforms



https://alphacsc.github.io



https://pypi.python.org/pypi/python-picard/0.1

https://alphacsc.github.io/auto_examples/multicsc/plot_sample_evoked_response.html



https://pypi.python.org/pypi/python-picard/0.1

https://alphacsc.github.io/auto_examples/multicsc/plot_sample_evoked_response.html



Self-supervised learning on EEG

2

Uncovering the structure of clinical EEG signals with self-supervised learning
Banville, H., Chehab, O., Hyvärinen, A., Engemann, D. and Gramfort, A. (2020)

ArXiv abs/2007.16104
Self-supervised representation learning from electroencephalography signals

Banville, H., Albuquerque, I., Moffat, G., Engemann, D. and Gramfort, A. (2019)
Proc. Machine Learning for Signal Processing (MLSP) .
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Deep Learning papers on EEG

15

[Deep learning-based electroencephalography analysis: a systematic review
Roy, Y., Banville, H., Albuquerque, I., Gramfort, A., Falk, T. and Faubert, J. (2019)

Journal of Neural Engineering 16: (051001).]
Figure 5: Number of publications per domain per year. To simplify the figure, some of the categories defined in Fig. 4
have been grouped together.

3.3.1 Quantity of data

We make use of two different measures to report the amount of data used in the reviewed studies: 1) the number of
examples available to the deep learning network and 2) the total duration of the EEG recordings used in the study, in
minutes. Both measures include the EEG data used across training, validation and test phases. For an in-depth analysis
of the amount of data, please see the data items table which contains more detailed information.

The left column of Fig. 6 shows the amount of EEG data, in minutes, used in the analysis of each study, including
training, validation and/or testing. Therefore, the time reported here does not necessarily correspond to the total
recording time of the experiment(s). For example, many studies recorded a baseline at the beginning and/or at the
end but did not use it in their analysis. Moreover, some studies recorded more classes than they used in their analysis.
Also, some studies used sub-windows of recorded epochs (e.g. in a motor imagery BCI, using 3 s of a 7 s epoch). The
amount of data in minutes used across the studies ranges from 2 up to 4,800,000 (mean = 62,602; median = 360).

The center column of Fig. 6 shows the amount of examples available to the models, either for training, validation
or test. This number presents a relevant variability as some studies used a sliding window with a significant overlap
generating many examples (e.g., 250 ms windows with 234 ms overlap, therefore generating 4,050,000 examples from
1080 minutes of EEG data [154]), while some other studies used very long windows generating very few examples
(e.g., 15-min windows with no overlap, therefore generating 62 examples from 930 minutes of EEG data [48]). The
wide range of windowing approaches (see Section 3.3.4) indicates that a better understanding of its impact is still
required. The number of examples used ranged from 62 up to 9,750,000 (mean = 251,532; median = 14,000).

The right column of Fig. 6 shows the ratio between the amount of data in minutes and the number of examples. This
ratio was never mentioned specifically in the papers reviewed but we nonetheless wanted to see if there were any
trends or standards across domains and we found that in sleep studies for example, this ratio tends to be of two as
most people are using 30 s non-overlapping windows. Brain-computer interfacing is seeing the most sparsity perhaps
indicating a lack of best practices for sliding windows. It is important to note that the BCI field is also the one in
which the exact relevant time measures were hardest to obtain since most of the recorded data isn’t used (e.g. baseline,
in-between epochs). Therefore, some of the sparsity on the graph could come from us trying our best to understand
and calculate the amount of data used (i.e., seen by the model). Obviously, in the following categories: generation of
data, improvement of processing tools and others, this ratio has little to no value as the trends would be difficult to
interpret.

The amount of data across different domains varies significantly. In domains like sleep and epilepsy, EEG recordings
last many hours (e.g., a full night), but in domains like affective and cognitive monitoring, the data usually comes from
lab experiments on the scale of a few hours or even a few minutes.

3.3.2 Subjects

Often correlated with the amount of data, the number of subjects also varies significantly across studies (see Fig. 7).
Half of the datasets used in the selected studies contained fewer than 13 subjects. Six studies, in particular, used

11
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Challenges of ML on EEG
• Low signal-to-noise ratio (SNR)

• Strong variability (intra/inter-subjects)

• Expensive/Time-consuming to collect & annotate

16
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Example: Sleep recording (polysomnography)

Requires controlled 
environment  (e.g., clinic)

Need experts (e.g., sleep 
technologists) to annote the 
data manually

Variability between 
subjects and for the 
same subject from 
day-to-day
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Challenges of ML on EEG
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Example: Sleep recording (polysomnography)

Requires controlled 
environment  (e.g., clinic)

Need experts (e.g., sleep 
technologists) to annote the 
data manually

Variability between 
subjects and for the 
same subject from 
day-to-day

Question: 
Can we 

reduce our 
dependence 
on labels?



Self-supervisionSelf-supervision to the rescue

E.g.: Jigsaw puzzle task from Noroozi & Favaro (2016)

Other examples: word2vec, BERT, nonlinear ICA, etc.

In a nutshell: use the structure of the data to pretrain a feature 
extractor with a supervised (“pretext”) task – then use the features.

Original image Input patches Output

[Noroozi & Favaro 2016] use a deep neural network to solve 
the Jigsaw puzzle

Use the structure of the data to pretrain a 
feature extractor with a supervised pretext task –  

then use the features on a downstream task.



(Partial) History of SSL beyond EEG

18

 6

An incomplete look at self-supervision 
in other domains

...
Mikolov et al. 

word2vec
Doersch et al. 

Context prediction

Noroozi et al. 
Jigsaw puzzles

Misra et al. 
Shu#e & Learn

Hyvärinen &  
Morioka 

PCL

Hyvärinen et al. 
GCL

Devlin et al. 
BERT

Oord et al. 
CPC

He et al. 
MoCo

Chen et al. 
SimCLR

Computer vision

NLP

Nonlinear ICA

Application domains
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Pretext Task

19
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Other approaches: CPC [Oord et al. 2018],
PCL [Hyvärinen et al. 2017] etc.
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Downstream tasks on clinical EEG

20

Sleep staging:

Predict sleep stage from EEG 
(5-class: W, N1, N2, N3, R)

Pathology detection:

Is someone’s EEG pathological? 
(2-class: normal, abnormal)

Hypnogram
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Datasets

21

Two public datasets with hundreds of recordings:

•Sleep staging: Physionet Challenge 2018 (PC18) [Ghassemi et al. 2018]

•Pathology detection: TUH Abnormal EEG (TUHab) [López 2017]



Results: Prediction accuracy

22

SSL is better than full supervision when limited data is 
available, and competitive when all data is available.



Results on sleep EEG

23[Banville et al. MLSP 2019]

SSL can uncover structure without human supervision



Results on TUH data

24

SSL can uncover clinically-relevant structure 
without human supervision

TS

CPC

PC18 TUHab
p(apnea) Age groups Age groups p(female)p(pathological)

A B
p(female)



MEG and EEG for precision medicine
and biomarkers

3

Manifold-regression to predict from MEG/EEG brain signals without source modeling
Sabbagh, D., Ablin, P., Varoquaux, G., Gramfort, A. and Engemann, D. (2019)

Advances in Neural Information Processing Systems (NeurIPS)

Predictive regression modeling with MEG/EEG: from source power to signals and cognitive 
states, Sabbagh, D., Ablin, P., Varoquaux, G., Gramfort, A. and Engemann, D. (2020), 

NeuroImage

Combining magnetoencephalography with magnetic resonance imaging enhances learning 
of surrogate-biomarkers, Engemann, D., Kozynets, O., Sabbagh, D., Lemaître, G., Varoquaux, 

G., Liem, F. and Gramfort, A. (2020), eLife



https://paris-saclay-cds.github.io/autism_challenge/

Precision medicine / Biomarkers



Predict of brain “fragility” for optimal drug dosage
across age

Joint work with:



•Problem: few / expensive 
data on outcome e.g. 
cognitive decline


• Idea: Predict widely available 
outcome; exploit correlation 
with the outcome of interest, 
e.g. age


•Brain Age Delta =                  
predicted age (PAD) - 
passport age

Cole et al. Mol. Psych. 2018 

Solution: Surrogate Biomarker e.g. Brain Age
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• Idea: Predict widely available 
outcome; exploit correlation 
with the outcome of interest, 
e.g. age


•Brain Age Delta =                  
predicted age (PAD) - 
passport age

Cole et al. Mol. Psych. 2018 

Solution: Surrogate Biomarker e.g. Brain Age
Kaplan-Meier

Liem et al 2017 NIMG

Using 
MRI

in the LBC1936 participants was 7.08 years and the root mean
square error was 8.85 years. The variability in brain-predicted age
was considerably greater than the variability in chronological age,
reflecting marked individual differences in brain structure in
participants aged approximately 73 (Figure 2b). As expected,
brain-PAD scores did not correlate with chronological age
(r=− 0.01, P= 0.79), indicating that deviations from healthy brain
ageing (that is, having an older- or younger-appearing brain) were
not related to underlying chronological age. Females’ brain-
predicted ages were, on average, younger than their chronological
age (mean (s.d.) brain-PAD=− 1.29 (7.87) years), whereas males’
were older (mean (s.d.) brain-PAD= 4.29 (8.58) years). This sex
difference was statistically significant (Wilcoxon rank-sum test,
W= 35431, Po0.001), hence sex was included as a covariate in all
further analyses.

Early mortality is associated with older-appearing brains
Having a higher brain-PAD score (that is, a brain that appears
older than one’s chronological age) was significantly associated
with mortality before the age of 80 (Po0.001); up to seven years
after neuroimaging assessment. Mean brain-PAD score for
deceased males (N= 43) and females (N= 30) was 8.13 (s.d. =
9.52) and 2.07 (s.d. = 9.27) years, respectively, compared to 3.76
(s.d. = 8.32) and − 1.64 (s.d. = 7.65) years for surviving males and
females (Figure 3). The relationship between mortality risk and
brain-PAD was tested using Cox proportional hazards regression
analysis, adjusting for age and sex. Survival was ascertained up to
7.9 years post-neuroimaging, and survival duration was right-
censored for surviving individuals based on days between
neuroimaging assessment and mortality ascertainment. Each extra
year of brain-predicted age (that is, having a brain-PAD score of
+1) resulted in a 6.1% relative increase in the risk of death
between age 72 and 80 (hazard ratio (HR) = 1.061, 95% confidence
interval (CI) = 1.031, 1.091, Po0.001). The assumptions of propor-
tional hazards were met by the model. An illustrative Kaplan–
Meier plot using the upper and lower tertiles of brain-PAD scores
in LBC1936 participants is shown in Figure 2b. The influence of

other variables previously related to mortality in this sample was
considered in a fully-adjusted model, as per Marioni and
colleagues.26 These were: Moray House Test IQ-type score at
age 11, paternal social class (five-point scale), years of full-time
education, APOE e4 carrier status, smoking status (never,
ex-smoker, current smoker), and self-reported hypertension,
diabetes and cardiovascular disease. Brain-PAD remained signifi-
cantly associated with mortality risk in this fully-adjusted model,
with a slight attenuation of the effect size (HR = 1.051, 95%
CI = 1.020, 1.083, Po0.001; Supplementary Table S1).

Variability in apparent brain-ageing relates to physical and mental
fitness
Brain-PAD score was also significantly related to a number of
measures that reflect characteristics of physical and mental fitness
in older age using linear regression (Supplementary Table 2). An
older-appearing brain, as indicated by a higher brain-PAD score,
was significantly associated with lower fluid cognitive perfor-
mance (standardised beta =− 0.121, P= 0.007), weaker grip
strength (standardised beta =− 0.060, P= 0.020), poorer lung func-
tion (standardised beta =− 0.072, P= 0.020) and slower walking
speed (standardised beta = 0.133. P= 0.004). Higher brain-PAD
score was also associated with higher allostatic load (standardised
beta = 0.097, P= 0.020), a composite measure of biological and
physiological parameters, designed to reflect biological ‘wear-and-
tear’ accumulated over a lifetime of stress adaptation. Reported
P-values were corrected for five tests using a 5% false discovery
rate.

Brain-PAD is not related to the prevalence of morbidity
Next, we examined the relationship between brain-PAD and the
presence of self-reported cardiovascular disease, stroke, and
diabetes. LBC1936 participants reported the following prevalence
of disease: cardiovascular disease = 26.9% (N= 180), diabetes =
10.2% (N= 68) and a history of stroke = 6.9% (N= 46). After
adjusting for sex, there was no significant association between
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Figure 3. Association of mortality with brain-predicted age difference and DNA-methylation-predicted age difference. (a) Grouped scatterplot
showing the relationship between brain-predicted age difference (brain-PAD) score (i.e., brain-predicted age—chronological age) and
mortality (alive=blue, dead= red), sub-divided by sex (female= circle, male= triangle). Mortality status was determined ~ 6 years after MRI
assessment. Horizontal black lines represent the median for each sub-group. (b) Kaplan–Meier plot of right-censored survival data since MRI
assessment. The two lines represent a tertile split based on brain-PAD score, with highest 33.3% being classed as high brain-PAD (red line)
indicating increased brain ageing and the lowest 33.3% (low brain-PAD, blue line) indicating reduced brain ageing. Crosses indicate censoring
points (i.e. age at last survival ascertainment). Dotted lines represent the 95% confidence intervals. (c) Figure depicts the receiver operator
characteristic (ROC) curves for four contrasting, nested, survival models. All models used mortality status as the response variables. The
predictor variables were Brain-PAD (red line, model 1), DNAm-PAD (blue line, model 5), Brain-PAD+DNAm-PAD (green line, model 4), Telomere
length+Brain-PAD+DNAm-PAD (grey line, model 3). The areas under the curve (AUC) are coloured-coded and appear next to each ROC curve.
MRI, magnetic resonance imaging.

Brain age predicts mortality
JH Cole et al

1388

Molecular Psychiatry (2018), 1385 – 1392

• High PAD is not good …


• Typically estimated with 
MRI!
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Age prediction: Which M/EEG features?

Based on Cam-CAN data [Taylor et al. 2017] https://www.cam-can.org/

https://www.cam-can.org/
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Stacking method: Wolpert 1992, Liem et al. 2017, NIMG; Karrer et al. 2019, HBM,  …

How shall we combine MEG with MRI?
And is it worth the effort?

Multimodal input data
anatomical MRI

functional MRI

MEG

Layer I: Ridge Regression Age predictions Missing value coding

Layer II: Random Forest Regressor

tree = 1tree = 1

subject #i

age = 50

age #i = 53

age = 57 age = 5�

tree = ... tree = B
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Stacking method: Wolpert 1992, Liem et al. 2017, NIMG; Karrer et al. 2019, HBM,  …

How shall we combine MEG with MRI?
And is it worth the effort?
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Stacking method: Wolpert 1992, Liem et al. 2017, NIMG; Karrer et al. 2019, HBM,  …

How shall we combine MEG with MRI?
And is it worth the effort?
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Stacking method: Wolpert 1992, Liem et al. 2017, NIMG; Karrer et al. 2019, HBM,  …

How shall we combine MEG with MRI?
And is it worth the effort?
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Overview on all features

Liem et al 2017 NIMG

NEW!

Engemann et al. (2020) eLife



Predicting brain age from MRI & MEG enhances 
predictive performance & cognitive phenotyping

Engemann et al. (2020) eLife - Cam-CAN dataset 
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Predicting brain age from MRI & MEG enhances 
predictive performance & cognitive phenotyping

Engemann et al. (2020) eLife - Cam-CAN dataset 



What if I don’t have 
MRI and only 

electrophysiology?



Covariance

: MEG/EEG signals
C
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: number of channels
: number of time samples

Definition [Covariance]:

Set of non-negative

symmetric matrices [Engemann & Gramfort,


Neuroimage 2017]

Remark:  Estimation 
of cov. requires care⌃i =

XiX>
i

T
2 SC+ ⇢ RC⇥C
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Predicting from M/EEG source power
Without biophysical source localization (estimation of z)

z

s

?

Objective: predict target from M/EEG

Neurophysiological genera�or

��a�is�ical �o�el

biomedical outcome

statistical sources

M/EEG signals

Maxwell's eq. neural mechanism

� �

� !
f " log#s$%

Problem: A is unknown

Sabbagh et al. 2019 (NeurIPS) 2020 (NIMG)

Use cov. as representation

Idea: use affine invariant

distances between covariances

Take out volume conduction

using Riemannian distance

⌃i =
SiS>

i

T
2 SC+ ⇢ RC⇥C
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dG(⌃1,⌃2) = k log(⌃� 1
2

1 ⌃2⌃
� 1

2
1 )kF
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Simulations
Are shortcuts — in principle — possible?

z

s

?

Objective: predict target from M/EEG

Neurophysiological genera�or

��a�is�ical �o�el

biomedical outcome

statistical sources

M/EEG signals

Maxwell's eq. neural mechanism

� �

� !
f " log#s$%

We have empirical and 
mathematical proven 
statistical consistency

Sabbagh et al. 2019 (NeurIPS) 2020 (NIMG)
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EEG can in principle be substituted for MEG 



Conclusion

• Neuroscience signals are under exploited

• Need for better models and tools

• Need more interdisciplinary work (CS, ML, 
stats, neuro, physics…)

• If you want the maths look at papers…



Alex Gramfort                            Pushing the limits of MEG and EEG with ML  

“All models are wrong but some come with good open source 
implementation and good documentation so use those.”



http://scikit-learn.org



MNE software for processing MEG and EEG data,  A. Gramfort, M. Luessi, E. Larson, D. Engemann, D. 
Strohmeier, C. Brodbeck, L. Parkkonen, M. Hämäläinen, Neuroimage 2013

https://mne.tools/

https://mne.tools/


Thanks !

GitHub : @agramfort Twitter : @agramfort
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