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Overview

• Lecture 1: Machine Learning Tools for BCI

- Introduction to BCI 

- Sensory motor rhythms classification

- Non-stationarity, mixed effects

• Lecture 2

• P300 BCI, ERP classification

• Patterns vs Filters

• Shrinkage

• Multimodal analysis

• Pitfalls



Noninvasive Brain-Computer Interface

DECODING



‚Brain Pong‘ with BBCI



[From Birbaumer et al.] [From Pfurtscheller et al.]

Noninvasive BCI: clinical applications
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BBCI: Leitmotiv: ›let the machines learn‹



EEG basiertes nichtinvasives BCI

[From Vigario]



The cerebral cocktail party problem

• use ICA/NGCA 
projections for artifact 
and noise removal

• feature extraction and 
selection  

[cf. Ziehe et al. 2000, Blanchard et al. 2006]



Towards imaginations: Modulation of Brain Rhythms

IMAGINATION of left arm

Single channel



Variance I: Single-trial vs. Averaging

Single channel



Variance II: Session to Session Variability

maps



Variance III: inter subject variability [l vs r]



BCI with machine learning: training



BBCI paradigms

- healthy subjects untrained for BCI

A:  training 20min: right/left hand imagined movements

→ infer the respective brain acivities (ML & SP)

B:  online feedback session

Leitmotiv: ›let the machines learn‹



BBCI paradigms

- healthy subjects (BCI untrained)  perform "imaginary” movements (ERD/ERS)

- instruction: imagine 

- squezzing a ball, 

- kicking a ball, 

- feel touch

Leitmotiv: ›let the machines learn‹



Playing with BCI: training session (20 min)



Machine learning approach to BCI: infer prototypical pattern

Inference by CSP Algorithm



Common Spatial Pattern Analysis



Common Spatial Patterns for 2 classes

[cf. Blankertz et al. 2008, Lemm et al. 2005, Dornhege et al. 2006, 
Tomioka & Müller in Press]



CSP at work



Distribution of EEG features



BBCI Set-up

Artifact removal

[cf. Müller et al. 2001, 2007, 2008, Dornhege et al. 2003, 2007, Blankertz et al. 2004, 2005, 2006, 2007, 2008]



What can Machine Learning tell us about physiology?

[cf. Blankertz et al. 2001, 2006]
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BCI with machine learning: feedback



Spelling with BBCI: a communication for the disabled I



Spelling with BBCI: a communication for the disabled II 



Future Issues: Shifting distributions within experiment



Splitting into stationary and nonstationary subspace: SSA 

invert
[cf. Bünau, Meinecke, Kiraly, Müller PRL 09]



SSA



Inverting the SSA Mixing Model



SSA: Algorithm idea



Application to Brain-Computer-Interfacing



Real Man Machine Interaction



Towards a subject independent BCI decoder



Model formulation



Linear Mixed Effects Model: intuition

[Fazli, Müller et al. 2011]



Towards industrial applications of BCI Technology

[Blankertz et al 2010 Front. Neurosci.]

Technology



Towards Application: Predicting drowsiness

[Kohlmorgen, Müller et al 2007]



Application: Cognitive workload and drowsyness assessment

[Kohlmorgen, Müller et al 2007]

Assess workload with
BCI and balance it by
smart driver assistent
system

Assess cognitive
alertness



Before-after
Future issues: sensors

Popescu et al 2007



Before-after



Conclusion

•  BBCI: non-invasive with high Information transfer rates for the Untrained
•  BBCI: Untrained, Calibration < 20min, data analysis <<10min, BCI experiment

•  5-8 letters/min mental typewriter on CeBit 06. Brain2Robot@Medica 07, lNdW 09

•  Machine Learning and modern data analysis is of central importance for BCI et al
•  Applications: communication vs. measuring/monitoring (DECODING)

Rehabilitation:  TOBI EU IP, stroke
Computational Neuroscience: Bernstein Centers Berlin
Man Machine Interaction: brain@work

•  BBCI Sensors, software: IDA spinoffs
•  towards no training, towards industrial applications

• ‚illiterates‘, nonstationarity, wireless EEG 

FOR INFORMATION SEE: 
www.bbci.de
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BCI Competitions

For BCI IV Competition see www.bbci.de 



FOR INFORMATION SEE: www.bbci.de

Machine Learning open 
source software initiative: 
MLOSS see

www.jmlr.org
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ERP Analysis



Neurophysiological Background for ERPs



Experimental Design



Single subject ERPs for Hex-o-spell



Topographies of ERP components



Classification of temporal features



Extraction of spatial features



The r^2 matrix of differences



Spatial features



A linear classifier as a spatial filter



Classification results of spatial features



Extraction of spatio-temporal features



Spatio-temporal features



Classification results for spatio-temporal features



Bias in estimating covariances



Bias in estimating covariances II



A remedy for classification



Modelselection



Regularized LDA at work



Investigating the impact of shrinkage



ERP and noise



Spatial structure of noise



Understanding spatial filters



Understanding spatial filters II



Impact of shrinkage on the spatial filters



Optimal selection of shrinkage parameters



Result of Classification with shrinkage



Summary spatio-temporal classification



CCA: correlating apples and oranges



CCA: correlating apples and oranges



kCCA: solving CCA on data kernels



tkCCA: correlating apples and oranges over time



Experimental Setup



Temporal Kernel CCA



Results tkCCA: spatial dependencies and HRF



Finale: Caveats in Validation



Hall of pitfalls in single-trial EEG analysis (and beyond)



Block design



Slowly varying variables



A validation test



Results of validation test



Further remarks & summary


