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Research context

Advanced ML algorithms for brain signal analysis

Desired characteristics

@ Efficiency and scalability
@ Highly parallelized and simultaneously-solving approaches

@ Information-fusion-centered approaches and model generators
o

@ Probabilistic graphical models
Multi-objective optimization methods
Network-based inference methods
Transfer learning algorithms
Multi-dimensional classifiers
Collaborative filtering
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Research context

Advanced ML algorithms for brain signal analysis

Previous results

@ MEG data analysis competition held at the BIOMAG-2010
conference, Dubrovnik, Croatia (Winners, ex aequo).

@ Challenge: Predicting the direction (left, right) of covert
attention from MEG data.

@ Solution based on:

@ Information fusion (raw data, correlations and network descriptors).

@ Regularized logistic regression.

@ Multi-objective optimization based on probabilistic modeling for channel
selection

@ Santana, Bielza, Larrafiaga:(2010) Classification of MEG
data using a combined machine learning approach
Submitted. )
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Solution approach

Problem definition

Challenge

@ Challenge question: Design and implement a classifier that takes as an input the
MEG signals of the test samples (one second of time) and produces as an
output the predicted class label (the type of the video stimulus).

Some particularly challenging characteristics

@ Problem dimensionality (1380 x 204 x 200).
Class imbalance problem with five classes.
Potential inter-session variability.

Prediction is based on the 1s window alone.

Samples are given in random order.
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Solution approach

Solution approach

Main characteristics

@ Use information from all frequencies.

@ Simultaneously use features from different sources of
information.

@ Apply feature selection using statistical tests.

@ Combine different types of (supervised and unsupervised)
ensembles of classifiers.
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Type of information

Type of information

Type of information

Q Raw data: Construct a raw data vector adding every 4 contiguous time series
data points.

9 Channel correlation: Correlation matrix from raw time series.

Q Mutual information between channels: Matrix of mutual information between raw
time series.

Q Topological network measures from interaction graph.

Type of information | Factors | No. features
Raw 50 x 204 10200
Correlation (203 x 204)/2 20706
Mutual Inf. (203 x 204)/2 20706
Interaction graph | (13 x 204) +7 2669

o
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Type of information

Type of information

Interaction graph

The interaction graph G = (V, A) is such that
V = {v1,...,V204} is the set of vertices and arc a; ; between
vertices v; and v; is defined as:

1 if  i<j,erj>05
aj=4q —1 if i<jcrj<-05
0 if otherwise

where cr denotes correlation

@ Network measures are extracted from the interaction
graph.
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Type of information

1 -082 043 002 094

~0.82 1 013 089 -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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Type of information

Network measures

Local (for each vertex) Global (for the graph)

0 Betwenness centrality

e Pair distance

a Node eccentricity

G Clustering coefficient

© Indegree

Q Outdegree

0 Motif frequency, M = 3

e Maximum modularity

Q Vertex participation coefficient
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Q Assortativity coefficient
Q Characteristic path length
Q Network radius

0 Network diameter

e Ndensity

© Number of vertices

@ Number of edges




Type of information

Network measures

e e >

Figure: All motifs (M = 3) which appear in the interaction graphs
learned from MEG data.
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Feature selection

Feature selection

Feature selection criterion

@ For a feature to be selected it should discriminate between
at least one pair of classes.

»

Feature selection method

@ Apply a statistical test to each feature for each pair of (the
five) classes.

@ Wilcoxon rank sum test of equal medians.
@ Parameter oo = 10~° was fixed for all the tests.

@ Number of statistical tests:
6 x (10200 + 20706 + 20706 + 2669) x 10 = 3,256, 860.

o
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Feature selection

Feature selection

Selected features for each type of information and
frequency

Information-Freq | Full | 2Hz | 5Hz | 10Hz | 20Hz | 35Hz

Raw 236 0 0 0 0 0
Correlation 547 64 | 122 501 806 | 3566
Mutual Inf. 31 5 14 49 98 356

Interaction graph 16 0 0 39 61 349
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Feature selection

Feature selection

Features discriminating subsets of classes

Classes | Feat. || N. | Classes | Feat. || N. Classes Feat.
{1,2} | 134 |[11 | {1,2,3} | 575 || 21 | {1,2,3,4} | 3940
{1,3} | 171 || 12 | {1,2,4} | 3575 || 22 | {1,2,3,5} | 4612
{1,4} | 2877 || 13 | {1,2,5} | 4171 || 23 | {1,2,4,5} | 6576
{1,5} | 3302 || 14 | {1,3,4} | 3274 || 24 | {1,3,4,5} | 6350
{2,3} | 531 || 15 | {1,3,5} | 3744 || 25 | {2,3,4,5} | 6712
{2,4} | 2971 || 16 | {1,4,5} | 5960 || 26 | {1,2,3,4,5} | 6860
{2,5} | 3838 || 17 | {2,3,4} | 3604
{3,4} | 2319 || 18 | {2,3,5} | 4423
{3,5} | 2818 || 19 | {2,4,5} | 6266
{4,5} | 3710 || 20 | {3,4,5} | 5519

SBoo~v~ouhrwnrZ

Santana MEG Challenge results



Multi-logistic regression

Affinity propagation

Regression tree
Classification Ensemble combination

Classification approach

Classification methods
@ Regularized multi-logistic regression classifier (Friedman
et al. 2009).

@ Affinity propagation (Frey and Dueck, 2007).
@ Regression trees (Quinlan,1992).

@ For each classification method, there is one ensemble of
36, 16 and 26 classifiers, respectively.

@ 5-fold cross-validation is used to estimate classification
accuracy for the supervised methods.
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Multi-logistic regression

Affinity propagation

Regression tree
Classification Ensemble combination

Classification

Regularized multi-logistic regression

@ Regularized multi-logistic regression classifier using elastic net (Friedman et al.
2009).

N m
% > logp(y') = A " Pa(8)]
j=1 I=1

where
Pa(B) = (1 fa) ||ﬁ|||2+04\ﬁ|\|1

- (32— +alsl]

=1

is maximized over {3y, 8} € R™(P+1) using the elastic net implementation (Zou and
Hastie, 2005).

W
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Multi-logistic regression

Affinity propagation

Regression tree
Classification Ensemble combination

Classification

Regularized multi-logistic regression

@ ac{01,02,...,1.0}.

@ )\ selection: Test accuracy for 100 different A values found
along the regularization path.

@ Select all models (out of 10 x 100) with classification
accuracy above 0.98 (without cross-validation).

@ The final ensemble contains 36 models.
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Multi-logistic regression

Affinity propagation

Regression tree
Classification Ensemble combination

Classification

Affinity propagation
@ Message-passing-based clustering method.

@ Input: Set of points, similarity values between the points,
and a preference value for each point.

@ Output: Set of clusters and an exemplar for each cluster.

Supervised classification
@ Training and test samples are clustered together.
@ Only training samples can be exemplars.
@ Test samples are assigned the class of its exemplar.
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Multi-logistic regression

Affinity propagation

Regression tree
Classification Ensemble combination

Classification

Ensemble of AP-based classifiers

@ 26 reduced datasets are created from the different subsets
of features.

@ 11 similarity measures are used (e.g. Euclidean,
correlation, cosine, etc.).

@ Affinity propagation is applied to the (26 x 11 = 286)
combinations.

@ Clusterings with accuracy above 0.6 are selected (16 out
of 286).
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Multi-logistic regression

Affinity propagation

Regression tree
Classification Ensemble combination

Classification

Regression tree

@ Find a binary tree where each non-terminal node is split
based on the values of the features.

@ Input: Set of points and corresponding classes.
@ Output: A regression tree.

@ The Matlab implementation (function CLASSREGTREE)
was used. )
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Multi-logistic regression

Affinity propagation

Regression tree
Classification Ensemble combination

Classification

Regression tree
@ The 26 reduced datasets are used.
@ Tree regression is run for each data set.
@ Trees with accuracies above 0.45 are selected.
@ All the 26 regression trees were selected.
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Multi-logistic regression
Affinity propagation
Regression tree

Classification Ensemble combination

Classification

Ensemble combination

@ For each classification method, class probabilities were
computed from the set of ensembles classifiers.

@ Weights for multi-logistic and tree regression are computed
from the accuracies obtained using cross-validation.

@ Weight for AP is equal to weight for regression trees.

Voting scheme

Santana MEG Challenge results




Results

Results

Challenge results

\ Partial results H Final results

Multi-Log | Aff. Prop. | Tree-Reg || Voting
Acc. 0.6202 0.5712 0.5084 || 0.6325
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Results

Conclusions

Main conclusions

@ Combination of different types of information increases classification accuracy.

@ Fine-grained separation between mental states may be enhanced by
combination of brain signatures of different nature (frequencies and type of
information).

@ Use of unsupervised classification can support good classification results.

Possible extensions and future work
@ Evaluate contribution of each type of information to accuracy results.
@ Improving feature selection step.
@ Investigate the possible physiological interpretability of most relevant features.
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Results
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