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LIntelligent Systems Group

LIntelligent Systems Group

¢ ISG belongs the University of the Basque Country

e San Sebastian, North of Spain. European Capital of the Culture
in 2016

¢ Research topics of the group.
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LPrevious and current research on BCls

¢ Although the most of the results used in the presentation has
been obtained in the University of the Basque Country. There
are some results in collaborations with researchers with other
institutions.

e Research on the analysis of EEG and MEG data was achieved
in the Technical University of Madrid with P. Larranhaga and C.
Bielza.

e Joint research on optimization-based methods for classification
of EEG data was done in the INRIA center in Rennes, France, in
the group led by Anatole Lecuyer.

e Finally, recent research on transferability of classifiers and
emotion recognition has been done this year with researchers
from Wellington University in New Zealand and Shanghai
University.
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BCI review

What a brain computer interface is?
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What a brain computer interface is?

@ Communication system that translates brain activity into
commands for a computer or other devices.
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BCI review

What a brain computer interface is?

@ Communication system that translates brain activity into
commands for a computer or other devices.

@ Allows users interaction with their environment by using
only brain activity, without using peripheral nerves and
muscles.
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LBcl review

e So the first question is what a BCl is? Anybody knows what a
BCl is?

e Basically, they are systems that translates the brain activity into
commands.

e Therefore, direct communication is possible between the brain
and the computer.

e This talk gives a general explanation of how this is possible and
presents some of the machine learning problems involved, as
well as some recent approaches.
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Figure : Left) Components of a brain computer interface. Right) BCI
diagram
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e These are typical components of a BCI.

e There is brain cap that contains the electrodes to measure the
signals.

e Then there is a signal processor unit that records the electrical
signals.

e Then there is a computer where signals are decoded and
transformed into commands.

¢ Commands can be shown as feedback on the screen or used by
another peripherical device.
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Figure - Left) Wet skullcap (also brain cap or electrode cap). Right) Dry brain cap with fewer channels.
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e One important concept in BCls is that of electrode caps and
channels.

e A cap is used to record the signals from the brain and each
electrode is usually called a channel.

e Usually, for electroencephalographic recordings, some gel is
needed to increase the conductivity of the electrical signal. The
caps that use these systems are usually called wet caps.

e There are other caps that do not require the gel and are called
dry caps.
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Figure - Position of 64 electrodes in the the scalp.

e learning methods for BCls



Review

User & Assistant Co-Evolufion
=

Intelligent
Assistant

J
Figure : Different brain computer interfaces.
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e There are different types of BCls.

e Here, there is one BCI to type directly to the computer. This
means that imagine the letters and the BCls recognize our
imagination. | will explain how this works later.

e Then, there are neuroprothesis, where the BCls converts the
signals in commands for an arm or legs prothesis.

¢ In another example, a disabled person uses a BClI for giving
commands to a robot or peripheral device.

e Finally, there is some recent work on using BClI for navigation in
virtual environments.
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BCI applications

Applications

@ Neuroprosthesis and assistive tools for disabled users.
@ General man-machine communication.
@ Control games or virtual environments (Lalor et al.:2005).

@ Control driving and aircraft simulators (Bayliss and
Ballard:2000).

@ Moving maps in two dimensions (Trajo et al.: 2006).

@ Evolving images in real time (Bigdely and Makeig:2009).
@ Space applications (Rossini et al: 2009)

@ Emotion recognition (Ruo-Nan et al: 2012)
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LBCI applications

@ Emotion recognition (Ruo-Nan et al: 2012)

¢ In addition to the previous applications, there are other
applications like controling driving simulators, evolving images,
or being able to recognize emotions while watching movies.
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BCI review

BCI classifications

@ According to BCI paradigm.

@ Offline vs Online analysis.

@ Invasive vs Non-invasive.

@ Evoked vs Spontaneous input.

@ Type of signal: Time vs Frequency domain.

@ Asynchronous vs Synchronous communication.
@ According to device type.
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BClI review

e Now | present a review of some different BCls. This review is
from the literature and the idea is that you can get a global
picture of BCls.

This review is also useful for the second part of the presentation.
There many possible criteria to classify BCI.

| will explain some of these criteria.
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BCI review

BCI classifications

@ According to BCI paradigm.

@ Offline vs Online analysis.

@ Invasive vs Non-invasive.

@ Evoked vs Spontaneous input.

@ Type of signal: Time vs Frequency domain.

@ Asynchronous vs Synchronous communication.
@ According to device type.
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BClI review

e Now | present a review of some different BCls. This review is
from the literature and the idea is that you can get a global
picture of BCls.

This review is also useful for the second part of the presentation.
There many possible criteria to classify BCI.

| will explain some of these criteria.
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BCI paradigms

@ P300 evoked potentials.

@ Mu and beta rhythms and other activity from sensorimotor
cortex.

@ Visual evoked potentials.

@ Slow cortical potentials.

@ Neuronal ensemble activity.
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BClI review

e A BCI paradigm is a particular neuro-biological process that can
be used as a framework for implementing a BCI.
e This is better understood with one example
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BCI paradigms

@ Mu and beta rhythms and other activity from sensorimotor
cortex.

@ P300 evoked potentials.

@ Visual evoked potentials.

@ Slow cortical potentials.

@ Neuronal ensemble activity.
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L Rev'ew v v: 'd beta rhythms and other activity from sensorimotor

evoked potentials

BClI review

e The first paradigm is related to the rythmic activity in the
sensorimotor cortex.
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BCI review

Rhythms

@ delta rhythm (1-4 Hz)

@ theta rhythm (4-8 Hz)

@ alpha and mu rhythms
(8-13 Hz)

@ beta rhythm (13-25 Hz)

@ gamma rhythm (25-40 Hz)

Figure : Brain rhythms.
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BCl review

Figure  Brainhythms.

¢ Different mental activity has associated different rythms in the
brain.

e These rythms are localized in different regions of the brain and
have different frequencies.
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Figure : Geometric mapping between body-parts and
motor/somatosensory cortex (Blankertz et al. 2008).
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¢ In the somatosensory cortex there are areas specialized in the
different parts of the body.

¢ In this figure you see that there are areas specialized in the
motor movements, for instance the movements of the arms and
legs.

¢ When we execute a movement with the hands. In the
corresponding area of the cortex there is a particular type of
activity.

e The interesting thing is that by imagining these movements a
similar electrical activity is produced in these areas.



Review

BCI review

Oscillatory brain activity and BCI: Examples

@ Mu-oscilations are decreased in amplitude when movements of body parts are
imagined or performed.

@ Changes in mu-rhythm are localized over the part of the sensorimotor cortex
corresponding to the body part.

@ Alpha rythms show high power over parietal and occipital areas in the absence
of visual stimulation, which is then reduced in anticipation of visual targets.

@ The topography of alpha also rhythms becomes spatially selective.
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e The first paradigm is related to the rythmic activity in the
sensorimotor cortex.

e Therefore is we measure the electrical activity of the area
related to the hands or the legs and we observe a change of
activity, then we can use the imagination of movements as a way
to communicate.

e The BCI paradigm will try to identify these changes.
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Figure : Motor imagery. Event related desynchronization (Blankertz
et al. 2008).
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Figure  Motor imagery. Event reated desynchvonization (Blarkertz
etal. 2008).

e Here we can see the change of activity in the brain when two
different movements are imagined.
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BCI paradigms

@ Mu and beta rhythms and other activity from sensorimotor
cortex.

@ P300 evoked potentials.

@ Visual evoked potentials.

@ Slow cortical potentials.

@ Neuronal ensemble activity.
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BClI review

e Now | will explain a completely different paradigm that is called
the P300.
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Figure : P300 response to an unexpected or odd stimulus.
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Figure : P300 response to an unexpecied or 00d stimus.

e P300 is a particular activity that appears in the brain when a rare
stimulus is perceived.

¢ It happens in the central area of the brain and occurrs
approximately 300 miliseconds after the stimuli. This explains its
name.
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BCI review

@ P300 is a positive deflection of EEG appearing
approximately 300 ms after the presentation of rare or
surprising, task-relevant stimuli.
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e P300 is a particular activity that appears in the brain when a rare
stimulus is perceived.

e Now | will explain how the P300 paradigm is used to for a BClI
speller.
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Figure : BCl speller.
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e This shows a person that is going to type using her mind.
e The first thing is to imagine a letter.

Figure : BOI spoller.
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Figure : Schematic representation of the P300-speller as seen by the
user on the display.
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Figure : P300 speller and P300 response.
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Figure : P30D speller and P300 response.

e Finally when the target letter appears a potential is generated.



Review

P300 speller

Common experimental framework

@ Training phase: A classifier receives a training set of brain
data recorded from a set of EEG channels during the
identification of a set target characters which are also
passed to the classifier.

@ Test phase: New brain recordings are passed to the
classifier. Based on previous training, the task is the
prediction of the target characters.

Santana Machine learning methods for BCls
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dlassifier. Based on previous
predicion of the target characters.

Common experimental framework

re
9, the task s the

e In order to create a BCI for the speller. We need to give it a
number of training examples where we know in advance which is
the target letter.

e Later, we use the speller for new experiments where we do not
know the letter.
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Figure : Brain-actuated wheelchair using P300 (lturrate et al: 2008)
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e The P300 paradigm can be used in other contexts. For example,
this person is shown a number of pictures of rooms of the house.

¢ When the room he wants to moves appears, there is a P300
potential and the wheelchair can move to that place.
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Figure : Different BCI paradigms (Wolpaw et al. 2002).

antana Machine learning methods for BCls



2015-03-17

Machine learning methods for BCls
LBrain Computer Interfaces
LReview

e This is summary of BCI paradigms

Figure : Difrent B paradigms (Walpaw ot al. 2002).
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BCI classifications

@ According to BCI paradigm.

@ Offline vs Online analysis.

@ Invasive vs Non-invasive.

@ Evoked vs Spontaneous input.

@ Type of signal: Time vs Frequency domain.

@ Asynchronous vs Synchronous communication.
@ According to application.

o

According to device type.
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BCI data acquisition

BCl recording

@ Electroencelographic data (EEG).

@ Electrocorticography (ECog)

@ Neuronal recording from implanted microelectrodes.
@ Near-infrared functional brain imaging (NIR)

@ Magnetoencelographic data (MEG).

Santana Machine learning methods for BCls
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BCI data acquisition

There are different technologies to measure brain signals.
BCls have been conceived using some of these technologies.
Here there is a list of the most commonly applied.

Of this list, the two that are most frequently used are the EEG
and MEG ones.
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Machine learning for BCls

Application areas |

@ Classification: Decoding information from brain signals.

Santana Machine learning methods for BCls



Problems
Machine learning in BCls Classification methods
Advanced machine learning methods

Machine learning for BCls

Application areas |

@ Classification: Decoding information from brain signals.

@ Human adaptation: Implementing adaptive feedback
mechanisms to enhance proper control of
electrophysiological signal.
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Machine learning for BCls

Application areas

@ Classification: Decoding information from brain signals.

@ Human adaptation: Implementing adaptive feedback
mechanisms to enhance proper control of
electrophysiological signal.

@ BCI adaptation: Adapting BCI to subject characteristics.

ot
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e Now we focus on one of the component of BCls that is most

related to Computer Science. This is about the algorithms that
are used as part of the BCI.

¢ We can identify three general problems where algorithms from

machine learning are needed.

e The second problem is human adaptation. This is, how can we

modify the feedback that the user receives so he could enhance
the control over the BCI.

e Finally, the other problem is how can the BCI be adapted to the

way the user uses it. For instance, if the user makes a frequent
mistake of one type, the BCI could be adapted to predict and
deal with this type of mistake.
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Figure : Machine learning based BCI system (Blankertz et al. 2008).
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Classification methods in BCls

Classification

@ BCI can be seen as a pattern recognition system (Lotte et
al:2007).

@ Classification is used to identify patterns of brain activity.
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3 BCI can be soen as a pattern recognition system (Lotte et
al2007)

Classification methods in BCls « Clasiaion s sad ot pators f b vt |

e The first problem is Classification. Here the problem is, given the
brain signals, how to classify them in a given command.

e For example, in the example we have seen before about typing
letters, the questions is what letter the subject wants to write.

¢ |t can be also one possible choice between different options.
Each choice can be identified as a class.
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‘TargetNonTarget Voltage Difference Topography at 300ms

Figure : P300 speller and P300 response.
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Classification methods in BCls

Classification

@ BCI can be seen as a pattern recognition system (Lotte et
al:2007).

@ Classification is used to identify patterns of brain activity.

@ Performance depend on the features and the classification
algorithms.

Santana Machine learning methods for BCls
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e The problem is that the performance will depend on the features
and the classifiers.
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Types of features used for BCI

@ Amplitude values of EEG signals (Kaper et al: 2003).
@ Band powers (Pfurtscheller et al: 1997).

@ Power spectral density (Chiappa and Bengio: 2004).
@ Time-frequency features (Wang et al: 2004).

@ Inverse model-based features (Qin et al: 2004).

Santana Machine learning methods for BCls
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Classification methods in BCls

e The type of features refers to what kind of information will
extracted from the brain signals.

¢ Different types of features have been applied. These features
should be related to the BCI paradigm that is used for the BCI.

e For instance in the P300 example the features could be the
amplitude of the signal in the central channel.
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Figure : Different BCI paradigms (Wolpaw et al. 2002).

antana Machine learning methods for BCls



2015-03-17

Machine learning methods for BCls
LMachine learning in BCls
LClassification methods

e For different paradigms we may use different features.

Figure : Difrent B paradigms (Walpaw ot al. 2002).



Problems
Machine learning in BCls Classification methods
Advanced machine learning methods

Classification methods in BCls

Feature properties

@ Noise and outliers.
@ High dimensionality.
@ Time information.
@ Non-stationarity.

@ Small training sets.

Santana Machine learning methods for BCls
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Classification methods in BCls

e However, there are several characteristics that make the
classification problem hard.

e There can be noise associated to the measurements.

e Since signals are time series, the dimensionality of the data is
very high.

¢ Finally, usually we have relatively small number of experiments
and training sets.



Problems
Machine learning in BCls Classification methods

Advanced machine learning methods

wy + wie =10

oupst
Output Layer

;:,\)g\mmy 4

) wla =0 Second Hiddor
Layar
(Layer )

First Hidden
Layer
(Layer2)

Q O O g Layer
T Bias Node (Layer 1)
wpy + w' oz <0
upport vector o

Figure : Classification approaches to BCI.

e learning methods for BCls




2015-03-17

Machine learning methods for BCls
LMachine learning in BCls
LClassification methods

¢ You have probably worked with different classification problems
and classifiers.

e The same or similar classifiers can be applied in BCI.

e Among the most commonly applied classifiers are linear
discriminant analysis and support vector machines.
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Current machine learning algorithms used for

BCls

Linear classification methods

@ Fisher linear discriminant analysis.
@ Support Vector Machines.
@ Common Spatial Pattern (CSP) algorithm.

Non-linear classification methods

@ Neural networks.
@ Fuzzy inference systems.
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Current machine learning algorithms used for BCls

¢ You have probably worked with different classification problems
and classifiers.

e The same or similar classifiers can be applied in BCI.

e Among the most commonly applied classifiers are linear
discriminant analysis and support vector machines.
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General BCI systems

@ BCI2000 (Schalk et al: 2004)
@ BioSig (Schloegl et al: 2007)
@ BCl++ (Maggi et al: 2008)

@ Openvibe (Renard et al: 2010)
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e An important issue is which is the software available for BCls..

e There are many software available on internet, most of them is
free.

¢ | have worked with the Openvibe software, developed at INRIA,
that | reccommend.
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Advanced machine learning algorithms for BCls

Characteristics

@ Efficient.

@ Scalable.

@ Highly parallelized.

@ Information-fusion-centered approaches.
@ Model generators.

@ Simultaneously-solving approaches.

Santana Machine learning methods for BCls
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note[itemize]

These are some guidelines to developing machine learning algorithms for BCI.

We need fast, efficient algorithms.

They need to scale in number of channels and number of subjects.

They may fusion different types of recording, for instance eye tracking.

We would like also a model of how the brain regions influence the BCI.
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Advanced machine learning algorithms for BCls

Probabilistic graphical models.
Multi-objective optimization methods.
Network-based inference methods.
Regularization.

Information-fusion strategies.
Transfer learning algorithms.
Multi-dimensional classifiers.

¢ ¢ 6 6 ¢ ¢ ¢
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note[itemize]

Here are some examples of the techniques we are
investigating.
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Probabilistic graphical models

Potential PGM applications in BCI

@ Modeling relationships between mental states and brain
recordings.

@ Representing probabilistic dependencies between brain
regions learned from recorded signals.

@ Unveil hidden relationships between channels signal
output which could eventually serve as brain signatures.

@ Modeling BCI demographics.
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note[itemize]

Probabilistic graphical models are used for representation and
prediction.
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Probabilistic graphical models

Bayesian networks
° e X 11 1 2 2 2

Xz 1 2 3 1 2 3
P(Xi=1| X1,X2)| Osnt Biz1 Busi Basr Ousi Baar

° o P(X=2 | XX0) | Bu B2 Bus2 Butz B2 B

P(X4=3|X|,Xz} O43 Ous 9-&)3 Bus Ousz Ouss
P(Xi=4 | X1,X2) Oas Ous Ouss Ouss Ousy O

e o P(X4=5|X|,Xz) Ous Bus Bus Ous Ouss Ouss

(a) Structure (b) Conditional probability table

@ Bayesian network: A probabilistic graphical model in which the graphical
representation is a directed acyclic graph.
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LAdvanced machine learning methods

LProbabilistic graphical models

e A PGM has two components, a graphical structure representing
conditional independence relationships between the variables
and a set of parameters describing the strength of the
relationships.

¢ In this example we show a Bayesian network, where the
graphical structure is a DAG, and the parameters are stored in
tables of marginal and conditional probability distributions.
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Regularization methods in BCI

Regularization
@ A technique used for model selection.

@ A complexity term is included in the model to penalize
extreme values.

@ Usually it is a good remedy against overfitting.

Regularization methods in BCls

@ Regularized common spatial patterns (Lotte and Guan:
2010).

@ Regularized linear discriminant analysis (Lei et al: 2009).
@ Regularized Fisher discriminant analysis (Hoffmann et al:

Santana Machine learning methods for BCls



2015-03-17

Machine learning methods for BCls
LMachine learning in BCls
LAdvanced machine learning methods

Regularization methods in BCI

LFiegularization methods in BCI

¢ In regularization we make certain assumptions about the model
and penalize models that are too complex.

e This is important in BCI because we generally have few cases
and a lot of possible feature. We need robust classifiers.
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Transfer Learning

Using transfer learning in BCls

@ Transfer learning: How to utilize data from different time
periods or domains to help the current learning task.

@ General goal: Transferring knowledge or information
accross domains or tasks.

@ Use in BClIs: Transferring knowledge between subjects.
Learn a classifier with one subject and adapt to classify
brain data from another subject.
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note[itemize]

In transfer learning we want to transfer information between
subjects or sessions.
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Open questions in BCI research

Open problems

@ Inter-subject and inter-session variability.
@ Using BCI without training.

@ Subject variability.

@ BCl interpretability.

@ Intuitive universal interface for BCI.

@ BCI demographics and BCl illiteracy.
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note[itemize]
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Optimization applied to BCI
There are many open problems in BCIl. Here are some.
BCI optimization problems

Optimization approaches

@ Many problems in BCI can be posed as optimization
problems.

@ Some classification problems can be addressed from the
optimization point of view.

@ Can we simultaneously optimize a problem and model the
relationships between its components?
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MEG channel selection problem

Covert attention paradigm

@ Attention may be differentiated according to its status as overt versus covert.
@ Overt attention is the act of directing sense organs towards a stimulus source.

@ Covert attention is the act of mentally focusing on one of several possible
sensory stimuli.

@ Covert attention to spatial locations in the visual field alone may be sufficient to
drive a BCI (van Gerven et al:2009).

@ Covert shifts in visual attention are paired by alpha-desynchronisation
contralateral and alpha-synchronisation ipsilateral in posterior sites.
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400 ms

Figure : Timeline of a trial in the covert attention experiment.
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P300 speller

Experimental framework

@ Training and test data from four different subjects.

@ Data sets: Data recorded from 274 MEG channels during
the presentation of 254 visual stimuli (128 left, 128 right).

@ Problem: Based on the recorded data, predict the direction
(left or right) the subject was covertly attending.

ot
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BCI optimization problems

Channel selection

Figure : Complete set of channels (left) and occitoparietal
channels(right).

Santana Machine learning methods for BCls



Multi-objective MEG channel selection
Optimization applied to BCI

Selection of optimal channels

Feature subset selection approach using optimization

@ Find the set of channels (features) whose corresponding variables, passed to the
classifier, give the best accuracy.

@ A binary vector x = (xq, . .., Xo74) represents a possible subset of channels.
@ Estimate accuracy with (less costly) 2-fold cross-validation accuracy.

@ Simultaneously optimize the accuracy for all the subjects with multi-objective
optimization, (likely) sacrificing accuracy but increasing robustness.

@ Reevaluate with leave-one-out cross-validation accuracy only solutions in the
Pareto set.
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Problem approach

Factors in MEG data analysis
@ Type of information.

@ Type of classifier.
@ Channels from which information is extracted.
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Solution aproach

Combined machine learning approach

@ Apply a multi-variable channel information representation.

@ Use and combine different type of information (raw data, channels correlation,
interaction graphs).

@ Apply an efficient classification method (deals with up to 53841 variables and
254 cases).

@ Search for a subset of informative channels (out of 274) using a multi-objective
evolutionary-based optimization algorithm over the four subjects.

@ Use classification accuracy estimation to reduce the cost of the accuracy
evaluation step.

@ Apply leave-one-out cross-validation to the Pareto set of optimal solutions.
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Representation and type of information

Representation

@ Each channel is represented by a vector of m variables.

Type of information
@ Raw data: Average data from raw time series (m = 60).
@ Channel correlation: Correlation matrix from raw time series (m < 273).
@ Interaction graph topological measures: (m = 13 plus 7 global variables).
@ Combined representation: Raw data and channel correlation (m < 333).
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Representation and type of information

@ The original set of 600 time points is reduced to a set of 60
components by averaging in each component a time
window comprising 10 points.

@ The classifier will receive a vector of
n =60 x 274 = 16440 features.
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Representation and type of information

Correlation matrix

@ The correlation matrix between the time series
corresponding to all the channels for a given trial is
computed.

@ The classifier will receive a vector of n = 274273 = 37401
features corresponding to the upper triangular part of the
correlation matrix.
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Representation and type of information

Correlation graph

The interaction graph G = (V, A) is such that

V = {vq,..., w74} is the set of vertices and arc g; ; between
vertices v; and v; is defined in the following way:

1 if i<jandcr;>0.5

aij=4 —1 if i<jandcrj<-05
0 Jf otherwise

@ Network measures are extracted from the correlation
graph.
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1 -082 043 0.02 0.94

~0.82 1 013 0.89 —0.04

043 0.13 1 015 0.88

0.02 0.89 0.15 1 -0.73

0.94 —0.04 0.88 —0.73 1 S 4
a) b)

Figure : a) Initial correlation matrix. b) Interaction graph.
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Networks

How to construct networks from EEG and MEG data?
@ Channel correlation.
@ Mutual information.
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Network measures

o P

Figure : All motifs (M = 3) which appear in the correlation graphs
learned from MEG data.
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Classification

Classification
@ Regularized logistic regression classifier using elastic net
(Friedman et al. 2009).
@ /ambda selection: lambda that maximizes accuracy of the
training set.
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Multi-objective optimization

More than one objetive to optimize

@ What if more that one objective has to be optimized?

@ E.g.: Minimize number of channels and maximize
accuracy.

@ How to find a compromise between different objectives?
@ Find Pareto set approximations.
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Multi-objective EBNA

o BNy < (Sp, 6°) where Spis an arcless dag and 69 is uniform

Q rox =TI, P =TI, +
Dy < Sample M individuals from pg(x)
t1
do {
Dsi < Select N individuals from D;_ 4 using
Pareto-ranking selection.

St* <— Use local search to find one network
structure that optimizes scoring metric

BN; «+ (S, ")
Dy < Sample M individuals from BN;

e 6!« Calculate Gfl.k using D as the data set

} until Stop criterion is met
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all 274 channels (top)
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Answer to the challenge: Best achieved results using the combined type of
information

Subjects 1 2 3 4
Accuracy | 0.8701 | 0.8505 | 0.8031 | 0.8031
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Subject 3 Subject 4
Figure : Channels that were identified as relevant.
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Conclusions

Take-home message
@ Research on BCls is promising and challenging.
@ There are many open problems for machine learning.

Where to begin?
@ Find a good introductory book to BCls.
@ Find BCI data to test (plenty of data available on the web).
@ Get the right software.
@ Implement and try your machine learning approach.
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