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Motivation and objectives

Brain Computer Interfaces (BCIs)

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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Motivation and objectives

BCI applications

Applications

@ Neuroprosthetic development.

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 real time (Bigdely and
Makeig:2009).

@ Space applications (Rossini et al: 2009)
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Figure: Basic BCI paradigm.
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P300 paradigm

BCI classification

BCI data acquisition and BCI paradigm

@ BCI data acquisition: BCI data acquisition is related to the
way the brain signals are recorded (equipments and
procedure).

@ BCI paradigm: Refers to the brain mechanism by which a
given set of signals are associated to a particular stimulus
or mental task.
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P300 paradigm

BCI review

BCI data acquisition

@ Electroencelographic data (EEG).
Electrocorticography (ECog)
Neuronal recording from implanted microelectrodes.

)
o
@ Near-infrared functional brain imaging (NIR)
@ Magnetoencelographic data (MEG).
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P300 paradigm

BCI review

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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P300 paradigm

BCI review

@ 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.

Santana et al. A Direct Optimization Approach to the P300 Speller



P300 paradigm

Previous results on BCI data analysis challenges

Results MEG Data

@ MEG Data Analysis Competition held at the BIOMAG-2010
Conference. Winners (ex-aequo). santana, Bielza, Larrafiaga:(2010)
Classification of MEG data using a combined machine learning approach. Submitted.

@ MEG Mind-Reading challenge held by PASCAL2 at the
ICANN-ZO].]. Conference. 2nd pOSition. Santana, Bielza, Larrafiaga:(2011)

An ensemble of classifiers approach with multiple sources of information.
ot

Test other domains

@ Address BCls based on other paradigms and EEG data.
@ P300 is a classical BCI paradigm with multiple applications.
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P300 paradigm

BCI review

@ P300 is a positive deflection of EEG appearing approximately 300 ms after the
presentation of rare or surprising, task-relevant stimuli.

‘TargetNonTarget Voltage Difference Topography at 300ms
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Brain state classificatio

Figure: Schematic representation of the P300-speller as seen by the
user on the display.
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P300 paradigm

Figure: P300 speller and P300 response.
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P300 paradigm

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.
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Classification methods

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.
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Classification methods

Classification methods in BCls

Types of features used for BCI

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

@ Power spectral density values (Chiappa and Bengio:
2004).

@ Autoregresive and adaptive autoregresive parameters
(Penny et al: 2000).

@ Time-frequency features (Wang et al: 2004).
@ Inverse model-based features (Qin et al: 2004).
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Classification methods

Classification methods in BCls

Feature properties

@ Noise and outliers.
@ High dimensionality.
@ Time information.

@ Non-stationarity.

@ Small training sets.
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Classification methods

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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Ensemble approach to P300 speller
Brain state classification as optimization

P300 speller

Experimental framework

@ Training and test data from two different subjects.

@ Training set: Data recorded from 64 EEG channels during
the identification of 85 known characters.

@ Test set: Similar data for 100 unknown characters.

@ Problem: Using the training data, predict the characters in
the test set.
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Ensemble approach to P300 speller

Brain state classification as optimization

P300 Speller

Decision hyper-plane

The presence or absence of a P300 evoked potential from EEG features can be
considered a binary classification problem with a discriminant function having a
decision hyper-plane defined by:

w-f(x)+b=0 @)

where X is a feature vector, f(.) is a transformation function, w is a vector of
classification weights and b is the bias term.
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Ensemble approach to P300 speller

Brain state classification as optimization

P300 speller

et row and column

The resultant classification is taken as the maximum of the sum of scored feature
vectors for the respective rows, as well as for the columns:

r* = argmaxrows Z W - f(xirow) @

Irow

C* = argmaXcolumns Z W F (X)) (3)

lcolumn

The predicted character is located at the intersection of the predicted row and column
in the matrix.
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Ensemble approach to P300 speller
Brain state classification as optimization

P300 speller

Pure optimization approach

@ Find a suitable transformation of the brain signal to a
feature vector x.

@ Using an optimization algorithm, find an optimal weight
vector (maximal predicted accuracy) using the training data
W.

@ Evaluate the accuracy of the optimal solution using the test
data.

-
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Ensemble approach to P300 speller
Brain state classification as optimization

P300 speller

Extended optimization approach: Ensembles

@ Ensemble method: Weight vectors may specialize in
different types of brain signatures.

@ Ensembles may be more sensitive to the detection of the
P300 evoked potential.

@ A simple voting model is used: The character that receives
the highest number of votes by the weight vectors is
selected.
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Ensemble approach to P300 speller
Brain state classification as optimization

P300 speller

Issues to be considered

@ Set of channels ({Cy, . . ., Cnchannets }): Select all or only a subset from the
complete set of channels?

@ Time window (TW): Determining the optimal time window in terms of the
classification accuracy is also an optimization problem.

@ Number of features per time window (nFeat): Deciding which is the optimal
number of features to take is part of the optimization problem.

@ The vector of weights has (nchannels x nFeat) variables.
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Ensemble approach to P300 speller

Brain state classification as optimization
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Figure: Position of the original 64 electrodes. The 23 selected channels were: P1, Pz, P2, PO7, PO3, POz,
PO4, P08, 01, Oz, 02, Iz, P3, P4, CP3, CP1, CPz, CP2, CP4, C1, Cz, C2 and FCz.




Ensemble approach to P300 speller

Brain state classification as optimization

P300 speller

Parameters of the optimization problem

@ Time window size: 755ms.

@ Number of feature per window: 5.

@ Weight ranges w; € [—10, 10].

@ Number of variables n = 23 x 5 = 115.
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Ensemble approach to P300 speller
Brain state classification as optimization

P300 speller

Optimization algorithms

(*]
(*]
(*]

DE-1 : Psize: 20, CR: 0.5, F: 0.5, Sel.: random
DE-2 : Psize: 50, CR: 0.5, F: 0.5, Sel.: random

GA-1 : Psize: 50, CX : BLX-a, Mutation: Gaussian, CX Prob.: 0.9, Mut. Prob.:
0.01, Sel.: tournament 2, elitism: 100%

GA-2 : Psize: 50, CX : BLX-«, Mutation: Gaussian, CX Prob.: 0.9, Mut. Prob.:
0.01, Sel.: tournament 2, elitism: 50%

GA-3 : Psize: 50, CX : BLX-«, Mutation operator: Gaussian, CX Prob.: 0.9, Mut.
Prob.: 0.1, Sel.: tournament 2, elitism: 100%

GA-4 : Psize: 50, CX : BLX-a, Mutation: Gaussian, CX Prob.: 0.9, Mut. Prob.:
0.1, Sel.: tournament 2, elitism: 50%

RHC : The maximum number of random changes is equal to the maximum
number of allowed evaluations.

GODE-1 : Psize: 20, CR: 0.5, F: 0.5, Probability of OBL po = 0.4 ,Sel.: random
GODE-2 : Psize: 50, CR: 0.5, F: 0.5, Probability of OBL p, = 0.4 ,Sel.: random
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Ensemble approach to P300 speller
Brain state classification as optimization

P300 speller

Extended optimization approach: Ensembles

@ How to decide which weight vectors are part of the
ensemble?

@ k-best ensemble: The k optimal solutions with the highest
accuracy (in the training set) are selected.

@ k-worst ensemble: The k optimal solutions with the lowest
accuracy (in the training set) are selected.

@ For k = 1 we have the usual optimization approach.
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Ensemble approach to P300 speller

Brain state classification as optimization

P300 speller
Alg/k 1 3 5 10 15 20 25

DE -1 0.69 | 0.73 | 0.74 | 0.77 | 0.79 | 0.80 | 0.79
DE —2 0.73 | 0.74 | 0.78 | 0.76 | 0.77 | 0.77 | 0.78
GA-1 0.64 | 0.69 | 0.75 | 0.75 | 0.74 | 0.76 | 0.77
GA -2 0.75 | 0.78 | 0.78 | 0.80 | 0.80 | 0.80 | 0.79
GA-3 0.69 | 0.76 | 0.78 | 0.79 | 0.78 | 0.79 | 0.79
GA-4 0.71 | 0.74 | 0.76 | 0.77 | 0.78 | 0.80 | 0.80
RHC 0.65 | 0.75 | 0.81 | 0.80 | 0.79 | 0.79 | 0.79
GODE —1 | 0.73 | 0.76 | 0.77 | 0.78 | 0.79 | 0.79 | 0.80
GODE —2 | 0.72 | 0.74 | 0.78 | 0.79 | 0.77 | 0.78 | 0.78

Table: Accuracy results computed from the test-data and averaged
between the two subjects. Results have been achieved with different
k-best ensembles.
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Brain state classification as optimization

DEL
—5—DE2
—5—GAL
GA2
085 —+—GA3
GAd
@ —=— Random-HC ©
o 08 0
@ —+— GODE1 2
] ?
L) —<— GODE2 @
= 075 = DE1
[y z —o—DE2
< o —v—GAL
5 5 W
8 or 8 o7 GA2
< < —*— GA3
GA4
065 065 —%— Random-HC
—#— GODE1
—<— GODE2
06 06
o 25 0 25

5 10 15 0 5 10 5 2
Number of solutions in the ensemble Number of solutions in the ensemble

Figure: Results of the k-worst ensembles for the two subjects.
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Brain state classification as optimization

Ensemble approach to P300 speller
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Figure: Mapping between training and test predicted accuracies.
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Ensemble approach to P300 speller

Brain state classification as optimization
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Figure: Similarities between the optimal solutions using the
Euclidean and correlation distances.
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Conclusions

Conclusions and future work

Conclusions

@ The k-best and k-worst ensembles have been proposed as feasible ways to
combine the information contained in different solutions.

@ We have achieved average classifications accuracies over 0.8 using only a
subset of the 64 channels available.

@ Evaluation of the different facets related to the direct optimization approach and
illustration of the benefits in obtaining a set of possible solutions.

@ To analyze the problem for a wider sets of channels.

@ A more sophisticated preprocessing of the signals should be added to our
algorithm.

@ To add more information to the fitness function. This information could be related

with the robustness of the fithess values when the number of repetitions is
decreased.
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