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Introduction

Motivation

Speech imagery classification: Decode speech components
from the analysis of neural activity.

Phoneme and word classification have been achieved.

Classification accuracy depends on type of neurological
recording (invasives versus external recordings).

Ideal: Use speech imagery decoding for brain computer
interfaces (BCIs).
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Problem

Aspects that influence speech imagery decoding

Experimental framewok (e.g. how blocks of words are
presented?)

Feature extraction method.

Choice of the classifier.
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Goals

Relevant general questions

Can the behavior of different classification approaches reveal
alternative causal mechanishms in brain processes?

Can the behavior of the classifiers could be used to group
subjects with similar underlying mechanisms?
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Goals

Relevant questions

How different classifiers behave for the speech imagery
decoding problem?

How is the choice of the classifiers related with the feature
extraction technique?

How to combine the classifiers to increase accuracy in this
problem?
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Related work

Research directions

Other classification approaches to speech imagery decoding.

Comparative analysis of classifiers and feature representation
for brain decoding scenarios.

A. A. Torres-Garćıa, A. C. Reyes-Garćıa, and L. Villaseñor-Pineda. Toward a silent speech interface based on unspoken speech. Proceedings of the International

Conference on Bio-inspired Systems and Signal Processing (Biosignals 2012), pages 370–373. SciTePress, 2012.

W.-L. Zheng, R. Santana, and B.-L. Lu. Comparison of classification methods for EEG-based emotion recognition. In Proceedings of the 2015 World Congress

on Medical Physics and Biomedical Engineering, pages 1184–1187. Springer, 2015.
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Problem description

Experimental framework

EEG data is recorded from 3 subjects.

Each subject performs three mental tasks: imaginary speech of the English
vowels /a/ and /u/, and a no action state as control.

50 trials were performed for each task, resulting in a total of 150 trials per
subject.

Problem

Classification task: Decide between the three classes Imaginary speech of the English
vowels /a/ and /u/, and a no action state.

C. S. DaSalla, H. Kambara, M. Sato, and Y. Koike. Single-trial classification of vowel speech imagery using common spatial patterns. Neural Networks,

22(9):1334–1339, 2009.
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Feature selection

Common spatial patterns

Construct a number of distinctive time-series whose variances contain the most
discriminative information between the classes.

The raw EEG data of a single trial is represented as an N × T matrix E , where
N is the number of channels and T is the number of samples per channel.

The first two and the two last CSPs were used. Each CSP produces a vector of
128 features.

We used the same data investigated in Dasalla et al:2009.

H. Ramoser, J. Muller-Gerking, and G. Pfurtscheller. Optimal spatial filtering of single trial EEG during imagined hand movement. Rehabilitation Engineering,

IEEE Transactions on, 8(4):441–446, 2000.

C. S. DaSalla, H. Kambara, M. Sato, and Y. Koike. Single-trial classification of vowel speech imagery using common spatial patterns. Neural Networks,
22(9):1334–1339, 2009.
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Classification approaches

Classifiers

Regularized logistic regression with norm l1 (Ll1)

Regularized logistic regression with norm l2 (Ll2)

Linear discriminant analysis (LDA)

k-nearest neighbor classifier (KNN) algorithm with k = 3 and using the
Euclidean distance

Gaussian naive Bayes classifier (GNB)

Gradient boosting (GB) with the number of trees nt = 100 and the maximum
depth of the tree maxd = 11

Random forests (RF) with nt = 100 and maxd = 11

Decision tree (DT) maxd = n

Randomized decision trees (RDT)

Nearest-centroid classifier using Euclidean distance (NCC)
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Experiments

Goals

Evaluate the performance of the classifiers across subjects and tasks when all
the information is used.

Determine how the choice of the CSP component impacts the classification
accuracy.

Subjects and tasks

Three subjects: s1, s2, s3.

Three tasks:

F1: vowels /a/ VS no action state.
F2: vowels /a/ VS vowel /u/.
F3: vowels /u/ VS no action state.

R. Santana Supervised classification of vowel speech imagery



Introduction
Speech imagery decoding

Experiments
Conclusions

Experiments

Methods

Classifiers learned using training data and evaluated on test
data.

30 repetitions of the learning process.

One classifier is learned using 29 of the 30 epochs, tested on
test data.

Accuracy estimates are computed using the 30 experiments.
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Experiments

Comparison of the classifiers

S/F Logistic l1 Gaussian Naive Bayes Rand. decision tree
F1 F2 F3 F1 F2 F3 F1 F2 F3

S1 72 ± 3 83 ± 2 68 ± 3 90 ± 1 92 ± 1 92 ± 0 87 ± 2 95 ± 2 84 ± 3
S2 62 ± 3 67 ± 2 57 ± 3 78 ± 2 64 ± 2 59 ± 1 79 ± 4 78 ± 4 71 ± 4
S3 57 ± 3 65 ± 2 55 ± 4 62 ± 2 80 ± 1 62 ± 2 68 ± 4 75 ± 3 57 ± 4

Logistic l2 Gradient boosting Nearest centroid classifier
F1 F2 F3 F1 F2 F3 F1 F2 F3

S1 68 ± 3 83 ± 2 61 ± 3 66 ± 6 82 ± 6 64 ± 6 82 ± 1 88 ± 2 64 ± 2
S2 74 ± 2 67 ± 2 57 ± 3 64 ± 3 68 ± 5 70 ± 5 66 ± 2 63 ± 4 59 ± 2
S3 57 ± 3 64 ± 1 57 ± 3 61 ± 6 69 ± 5 50 ± 4 59 ± 1 66 ± 1 52 ± 3

LDA Random forest SVM
F1 F2 F3 F1 F2 F3 F1 F2 F3

S1 72 ± 3 79 ± 4 66 ± 3 87 ± 3 96 ± 2 81 ± 4 79 ± 3 82 ± 4 72 ± 3
S2 65 ± 4 65 ± 4 60 ± 4 75 ± 3 74 ± 5 70 ± 5 71 ± 5 72 ± 4 60 ± 5
S3 57 ± 3 65 ± 3 47 ± 3 68 ± 4 77 ± 3 59 ± 6 67 ± 4 80 ± 3 56 ± 4

KNN Decision tree
F1 F2 F3 F1 F2 F3

S1 77 ± 2 87 ± 1 77 ± 2 67 ± 4 84 ± 5 62 ± 6
S2 61 ± 2 66 ± 1 64 ± 1 63 ± 4 66 ± 6 69 ± 5
S3 67 ± 2 71 ± 1 58 ± 2 61 ± 6 68 ± 4 50 ± 4
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Comparison of the classifiers

Classifiers Ll1 Ll2 LDA KNN GNB GB RF DT RDT NCC Tot.
Logistic l1 0 5 5 2 1 3 0 3 0 3 22
Logistic l2 3 0 4 2 1 3 0 4 1 3 21

LDA 4 5 0 1 2 3 0 3 0 3 21
KNN 4 2 2 0 3 6 0 6 2 6 31

Gaussian Naive Bayes 1 2 0 2 0 7 5 7 4 7 35
Gradient boosting 4 3 5 3 0 0 1 7 0 5 28

Random forest 1 2 0 5 2 1 0 8 5 9 33
Decision tree 4 2 5 3 1 2 1 0 0 4 22

Randomized decision tree 1 1 0 2 3 2 4 2 0 9 24
Nearest centroid classifier 4 5 4 2 2 3 0 4 0 0 24

Total 26 27 25 22 15 30 11 44 12 49 0
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Classifiers
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Figure : Classification accuracies obtained by GNB, RF, and RDT using
features associated to each of the four CSP for all pairs of tasks and
subjects.
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Experiments

Comparison of the classifiers

S/F Logistic l1 Gaussian Naive Bayes Randomized decision tree
F1 F2 F3 F1 F2 F3 F1 F2 F3

S1 69 ± 3 82 ± 2 66 ± 3 87 ± 0 87 ± 0 73 ± 2 87 ± 2 88 ± 2 72 ± 3
S2 62 ± 2 65 ± 3 56 ± 3 78 ± 1 75 ± 1 73 ± 2 76 ± 3 74 ± 4 71 ± 4
S3 50 ± 4 72 ± 2 56 ± 3 70 ± 1 79 ± 2 66 ± 1 71 ± 4 75 ± 3 61 ± 3

Logistic l2 Gradient boosting Nearest centroid classifier
F1 F2 F3 F1 F2 F3 F1 F2 F3

S1 76 ± 1 77 ± 1 64 ± 2 75 ± 5 76 ± 3 63 ± 3 85 ± 1 81 ± 1 61 ± 3
S2 60 ± 3 63 ± 2 55 ± 2 70 ± 5 70 ± 4 59 ± 6 68 ± 1 64 ± 2 58 ± 2
S3 61 ± 3 68 ± 2 59 ± 3 60 ± 8 71 ± 6 61 ± 3 58 ± 2 72 ± 1 65 ± 3

LDA Random forest
F1 F2 F3 F1 F2 F3

S1 59 ± 7 61 ± 8 53 ± 9 83 ± 3 86 ± 2 73 ± 3
S2 54 ± 4 60 ± 5 59 ± 4 73 ± 3 74 ± 2 65 ± 4
S3 60 ± 7 56 ± 8 50 ± 6 71 ± 5 71 ± 3 60 ± 3

KNN Decision tree
F1 F2 F3 F1 F2 F3

S1 77 ± 0 82 ± 1 65 ± 0 73 ± 6 72 ± 4 61 ± 3
S2 61 ± 2 69 ± 2 71 ± 1 69 ± 5 66 ± 5 59 ± 7
S3 69 ± 2 70 ± 1 64 ± 1 60 ± 5 69 ± 5 60 ± 3
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Conclusions

Exhaustive investigation of the performance of classification
algorithms for a speech imagery decoding problem.

Previously obtained results were improved for all tasks and
subjects.

Simpler classifiers like Gaussian naive Bayes can outperform
the results obtained with SVM and other complex classifiers.

Classifiers can critically vary their performance accross
subjects and tasks.
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Future work and open questions

Future work

Investigate how the variability of the speech imagery process
is manifested among the subjects.

Evaluate the behavior of multi-class classifiers.

Design ensembles of classifiers that combine the output of the
binary classifiers.

Contrastive analysis of the relevant features found by the
different classifiers for each task.

Compare with other feature extraction techniques.
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