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Cajal Blue Brain Project

Organization and research lines
Participating institutions: Universidad Politécnica de Madrid (UPM) and Instituto
Cajal from Consejo Superior de Investigaciones Cientı́ficas.

Objectives: Micro-anatomical studies of neuronal cells, their morphology and
function.

Part of the International Blue Brain Project Initiative.
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Computational Intelligence Group

Organization and research lines
Advanced Computation.

Computer Vision.

Data Mining.

Heuristic Optimization.

Neuroinformatics.
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Figure: Basic BCI/BMI paradigm.
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Figure: Collective-VCNA paradigm.
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Current machine learning algorithms used for
BCIs

Methods
Classification methods.
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Advanced machine learning algorithms for BCIs

Characteristics
Efficient.

Scalable.

Highly parallelized.

Information-fusion-centered approaches.

Model generators.

Simultaneously-solving approaches.
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Advanced machine learning algorithms for BCIs

Examples
Probabilistic graphical models.

Multi-objective optimization methods.

Network-based inference methods.

Regularization.

Information-fusion strategies.

Transfer learning algorithms.

Multi-dimensional classifiers.

Collaborative filtering.
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Probabilistic graphical model

Graphical models

A probabilistic graphical model for X = (X1,X2, . . . ,Xn) encodes a graphical
factorization of a joint probability distribution p(x)

It has two components:
A structure S (e.g. directed acyclic graph for Bayesian networks).
A set of local marginal probability values.

S represents a set of conditional independence assertions between the
variables.
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EDAs

Estimation of distribution algorithms

EDAs

Use a probabilistic model to represent the selected
population

Machine learning methods are used to learn and sample
the models

Some variants can deal with problems where variables
exhibit strong interactions

Probability theory as a solid theoretical fundation for the
study of EDAs

Other names

Probabilistic model-building EDAs (PMBGAs)

Iterated density estimation of distribution algorithms (IDEA)
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EDAs

Dt

Selection ρs
t (x)

Learning ρa
t (x)

Sampling
Dt+1

Figure: Joint probability distributions determined by the components
of an EDA. Dt , Dt+1: populations at generation t and t + 1; ρs

t (x),
ρa

t (x): Joint probability distributions determined by selection and the
probabilistic model approximation.
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EDAs

Complexity of the probabilistic model

Univariate models
Variables are independent

No interaction is modeled

Very efficient model

p(x) =
∏

i p(xi)

Multivariate models
Can represent variables
interactions

Variables are grouped into,
some time overlapping,
factors
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Multi-objective optimization

Multi-objective optimization

Pareto dominance
We consider a maximization problem with k objective functions
fi (x) → R, i ∈ {1, . . . , k}, where the vector function f maps each solution x to an
objective vector f (x) = (f1(x), . . . , fk (x)) ∈ Rk

It is also assumed that the underlying dominance structure is given by the Pareto
dominance relation that is defined as ∀x, y ∈ X , x �F′ y ⇐⇒ fi (x) ≤ fi (y) ∀i ,
where F ′ is a set of objectives with F ′ ⊆ F := (f1, . . . , fk )

The Pareto (optimal) set is given as {x ∈ X |6 ∃y ∈ X \ {x} : y �F x ∧ x �F y}.
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Multi-objective optimization
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Figure: Pareto front (stars) and dominated solutions (blue dots) for a
bi-objective problem
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Multi-objective optimization

Pseudocode of EBNA for a multi-objective problem

1 BN0 ← (S0,θ
0) where S0is an arcless dag and θ

0 is
uniform

2 p0(x) =
∏n

i=1 p(xi) =
∏n

i=1
1
ri

3 D0 ← Sample M individuals from p0(x)
4 t← 1
5 do {
6 DSe

t−1 ← Select N individuals from Dt−1 using
Pareto-ranking selection.

7 S∗
t ← Use local search to find one network

structure that optimizes scoring metric
8 θ

t← Calculate θt
ijk using DSe

t−1 as the data set
9 BNt ← (S∗

t ,θ
t)

10 Dt ← Sample M individuals from BNt
11 } until Stop criterion is met
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Multi-objective optimization

Different EDAs according to the optimization
problem

Types of optimization

Multi-objective BOA (Khan et al:2002,Laumanns and
Ocenasek:2002,Pelikan et al:2005)

Multi-objective mixture-based IDEAs (Thierens and
Bosman:2001)

Multi-objective Parzen-Based EDA (Costa and
Minisci:2003)

Voronoi-based EDA multi-objective optimization (Okabe et
al:2004)

Multi-objective UMDA (Zinchenko et al:2007)



Cajal Blue Brain Project Machine learning methods in BCI Experimental results Conclusions

Network-based inference methods

Networks

Network measures
Networks are ubiquitous in the analysis of complex systmes.

Network descriptors can be used to compare natural, random and artificial
networks.

Network measures provide clues for identifying organizational principles and
particular characteristics of a given dynamic process that is being executed in
the network

Structural measures of brain networks can provide a very rich landscape of the
brain structural and functional organization.
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Network-based inference methods

Networks and network descriptors

Definition
Simplest case: An undirected graph G = (V ,E), where
V = {v1, . . . , vn} is the set of vertices (or nodes) and
E = {e1, . . . , em} is the set of edges between the nodes.

Also directed, and weighted graphs can be considered as
networks.

Networks in neuroscience
Brain networks.

Interaction graphs of neuron model parameter
conductances.

Interaction graphs of neurons involved in spike generation.

MEG analysis.
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Network-based inference methods

Networks

Local and global network measures
Network descriptors can be used to compare natural, random and artificial
networks.

Network measures provide clues for identifying organizational principles and
particular characteristics of a given dynamic process that is being executed in
the network

Structural measures of brain networks can provide a very rich landscape of the
brain structural and functional organization.

Local network characteristics (e.g. node degree, clustering coefficient) serve to
characterize and differentiate between their particular roles in the brain structural
organization.

Global network measures (e.g. modularity, degree distribution, etc.) reveal, from
a different perspective, characteristics aspects of cortical network organization.
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Network-based inference methods

Networks

Local network measures
1 Betwenness centrality
2 Pair distance
3 Node eccentricity
4 Clustering coefficient
5 Indegree
6 Outdegree
7 Motif frequency, M = 3
8 Maximum modularity
9 Vertex participation coefficient
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Network-based inference methods

Networks

Global network measures
1 Assortativity coefficient
2 Characteristic path length
3 Network radius
4 Network diameter
5 Ndensity
6 Number of vertices
7 Number of edges
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Network-based inference methods

Network measures

Figure: All motifs (M = 3) which appear in the correlation graphs
learned from MEG data.
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Network-based inference methods

Probabilistic analysis of networks

Representing sets of networks

Representation: A binary vector x = (x1, . . . , xn) with n components, one for
each possible arc in the network. xi = 1 if the arc i is included in the current
network, xi = 0 otherwise.

A set of binary vectors is represented using a PGM.

Applications

Classification: Estimate the probability that a given network G′ belongs to the
class of networks represented by G.

Inference: Estimate how likely is that a given arc is present in the class of
networks represented by G.

Optimization: Use the PGMs to sample similar (optimized) networks using
estimation of distribution algorithms (EDAs).
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Network-based inference methods

Network analysis of PGMs

PGM network analysis

Structural components of PGMs can be analyzed as networks.

Network descriptors unveil characteristics of the original problem.

Applications

Classification:

1 Choice of the network descriptors.
2 Interpretation of classes.
3 Choice of the classifier.

Inference: Predict the connectivity of missing links and detect false positive
connections.

Optimization: PGMs learned in optimization using EDAs can be described using
network measures.
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Network-based inference methods

Problem definition

Challenge
Challenge question: Apply a classifier to predict in which direction four subjects
were covertly attending.

Evaluation of the results: Contestants should report the classification rate
(proportion of correctly classified trials) for each subject as computed using
leave-one-out cross-validation and report the classification procedure.
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Network-based inference methods

Experimental conditions

Description of the experimental benchmark
A total of 128 trials were collected per condition (top, right, bottom, and left) eight
subsequent sessions, interspersed by 1 min rests.

Each trial started with the presentation of the cue for 400 ms, after which
subjects had 2500 ms to covertly attend to the indicated direction.

After the delay period, the square at the indicated direction turned either green or
red for 40 ms.

The subjects were asked to count the number of times the target location turned
green over all eight sessions.

There was a 1500 ms rest between trials.
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Network-based inference methods

Problem approach

Description of the experimental benchmark
We focus on a 1-D version of the problem (right VS left classification).

Information about only four subjects is used for the experiments.

Information from 254 channels.
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Solution approach

Solution aproach

Combined machine learning approach
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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Solution approach

Problem approach

Factors in MEG data analysis

Type of information.

Type of classifier.

Channels from which information is extracted.
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Solution approach

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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Solution approach

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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Solution approach

Representation and type of information

Raw data
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× 274 = 16440 features.
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Solution approach

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 = 274·273
2 = 37401

features corresponding to the upper triangular part of the
correlation matrix.
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Solution approach

Representation and type of information

Correlation graph

The interaction graph G = (V ,A) is such that
V = {v1, . . . , v274} is the set of vertices and arc ai,j between
vertices vi and vj is defined in the following way:

ai,j =







1 if i < j and cri,j > 0.5
−1 if i < j and cri,j < −0.5

0 if otherwise

Network measures are extracted from the correlation
graph.
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Solution approach

a) b)
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Figure: a) Initial correlation matrix. b) Interaction graph.
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Solution approach

Correlation graphs

Network measures
1 Betwenness centrality
2 Pair distance
3 Node eccentricity
4 Clustering coefficient.
5 Indegree
6 Outdegree
7 Motif frequency, M = 3
8 Maximum modularity
9 Vertex participation coefficient
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Solution approach

Classification

Classification
Regularized logistic regression classifier using elastic net (Friedman et al. 2009).

lambda selection: lambda that maximizes accuracy of the training set.
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Solution approach

Accuracy results for the four types of information and all 27 4 channels (top) and
occipitoparietal channels (bottom)
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Solution approach

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 = (x1, . . . , x274) 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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Solution approach

Extended information approach

Adding information to selected channels
Example
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Results

Answer to the challenge: Best achieved results using the comb ined type of
information

Subjects 1 2 3 4
Accuracy 0.8701 0.8505 0.8031 0.8031
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Subject 1 Subject 2

Subject 3 Subject 4

Figure: Channels that, from the analysis of their corresponding
non-zero coefficients in the regularized models, were identified as
relevant.



Cajal Blue Brain Project Machine learning methods in BCI Experimental results Conclusions

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.65

0.7

0.75

0.8

0.85

0.9

A
cc

ur
ac

y

α
 

 

 Raw Corr Comb. Graph

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0.65

0.7

0.75

0.8

0.85

0.9

0.95

A
cc

ur
ac

y

α
 

 

 Raw Corr Comb. Graph

Subject 1 Subject 2

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

A
cc

ur
ac

y

α
 

 

 Raw Corr Comb. Graph

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.45

0.5

0.55

0.6

0.65

0.7

0.75

A
cc

ur
ac

y

α
 

 

 Raw Corr Comb. Graph

Subject 3 Subject 4

Figure: Accuracy of the classification results as a function of the
parameter α.



Cajal Blue Brain Project Machine learning methods in BCI Experimental results Conclusions

0 10 20 30 40 50 60
0

100

200

300

400

500

600

700

800

F
re

qu
en

cy

time
0 10 20 30 40 50 60

0

100

200

300

400

500

600

700

F
re

qu
en

cy

time

Subject 1 Subject 2

0 10 20 30 40 50 60
0

100

200

300

400

500

600

700

800

900

F
re

qu
en

cy

time
0 10 20 30 40 50 60

0

100

200

300

400

500

600

700

800

F
re

qu
en

cy

time

Subject 3 Subject 4

Figure: Number of non-zero coefficients for each of the 60 variables
describing the raw information component of the combined
information and computed from all channels represented by the
solutions of the Pareto set.
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Analysis of the Pareto set solutions

Most informative channels can be automatically extracted from Pareto set of
solutions and compared with a priori known sets of involved brain areas.

The accuracy provided by each channel can be estimated by averaging
accuracies of solutions where each channel is involved.

Channels that were in at least 80% of Pareto set solutions (black) and average channel classifi cation
accuracy (color)
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Conclusions

Main contributions
Multi-variable channel representation that increases the amount of information
used by the classifier.

Innovative combination of different types of information that increases
classification accuracy.

Channel subset selection as a novel approach that increases classification
accuracy and avoids the need of using a priori information about the brain areas
involved in the mental process.

Multi-objective optimization approach that simultaneously searches for best
subject classifiers and globally good (likely robust) classifiers.

Possible extensions and future work
Use the same strategy with other types of information (e.g. ICA, other kinds of
regularization, different interaction graph topological measures, etc.).

Differences between Pareto set points could be used for analyzing interindividual
variability in functional brain activity.
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