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Motivation
Normal-hearing individuals are remarkably good at following only
one out of several conversations in a multi-talker environment, the
so-called "cocktail party problem" (Cherry, 1953). This is often very
challenging and unpleasant for hearing-impaired people, even
while using hearing aids. To help hearing-impaired listeners in such
environments, there is a great interest in developing a cognitive
controlled hearing-aid, which can adjust the relative gain of the
different sound sources based on which sound source the listener
is attending to. Such a hearing-aid would work as a brain-computer
interface (BCI), controlled by the selective attention of the listener.
The purpose of the present work was to develop a BCI with simple
stimuli that will allow an EEG measure of selective attention to be
used as a robust control signal in real-time. A robust BCI would
allow us to evaluate training effects, i.e., whether subjects can
learn to use selective attention to control a stimulus feedback.

Results
The effect of attention on steady-state responses

Classification performance of the BCI

•

•
•
•
•
•

Auditory steady-state responses (ASSRs) at the repetition frequencies are detectable when
averaging epochs, and the magnitude of the ASSRs are relatively higher when the stimulus is
attended to compared to when it is ignored.
The ASSRs are not visible in the power spectral density plots corresponding to non-averaged EEG
data, which will be used for the real-time analysis.
The ASSRs are found to be extremely weak EEG signals, with poor signal-to-noise ratio, and many
averages and a quite long signal duration is needed to decrease the noise.

•
•

The performance of the classification is above chance, with an accuracy of 66%.
The average information transfer rate is 1.43 bits/min (for 4 seconds of data).
The accuracy vary a lot from subject to subject, and from trial to trial.
The general tendency is that the accuracy increase as a function of time.
In Figure 4, the results from the present study is compared to results from previous studies. Of these studies,
only the present study and the study by Felix et al. (2015) is based on online analysis.

Can recorded EEG signals be used to classify in real-time which
sound stream of tone-pips the listener is attending to?
Furthermore, are the listeners able to use visual neurofeedback
to improve the performance?

Method
Participants: 4 normal-hearing listeners (3 male, 25-30 years)
Stimuli:
Figure 1: Two 20 second streams of
tone pip sequences, presented to
each ear separately. To the right ear, a
stream with a carrier frequency of 440
Hz and a repetition rate of 4 Hz was
presented, and a carrier frequency of
800 Hz and a repetition rate of 7 Hz to
the left ear.

Behavioural task:
The subjects were instructed to attend to one of the sound
streams while ignoring the other one. To make this easier, they
were asked to detect deviants in the attended stream. Both
streams contained several short dips in sound level, acting as
targets.
Two of the participants also received visual feedback in real time,
showing the system’s classification of which stream they where
attending to.
Data acquisition:
EEG was recorded using BioSemi ActiveTwo system with 32
electrodes according to the international 10-20 system. The
software OpenViBE was used for recording.
Data analysis and classification:
Common spatial pattern (CSP) ﬁlters were used to extract feature
vectors which in turn were classiﬁed by a support vector machine
(SVM) classiﬁer. The software OpenViBE was used for the real-time
analysis and classification.
Evaluation:
The classiﬁcations were evaluated in terms of classiﬁcation
accuracy and information transfer rate (ITR).
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where N is the number of classes, P the classiﬁcation accuracy, and
T the time interval for each selection in minutes.

Figure 2: EEG power spectral density averaged across all participants, trials, and electrodes,
calculated with the fast Fourier transform (FFT) algorithm.

Figure 4: The evaluated classiﬁcation as a function of signal duration from the literature compared to the present study.

The effect of attention on alpha band power

Online classification with visual neurofeedback

•
•

•

Attending to right/left decrease the alpha power at electrodes at the contralateral hemisphere.
Attentional modulation index (AMI) = α𝑙𝑒𝑓𝑡 − α𝑟𝑖𝑔ℎ𝑡 /α𝑙𝑒𝑓𝑡 +α𝑟𝑖𝑔ℎ𝑡

Figure 3: The topography of the normalized difference in alpha power between attending to
left and right. A positive AMI indicates a larger activity recorded at the electrode for
attention-left trials and negative AMI a larger activity for attention-right trials.

•

The classification accuracy increase from the first 10 trials to the last 10 trials, both when receiving visual
feedback and not.
No signiﬁcant difference between the groups is found.

Table 1: The classiﬁcation accuracy for the 10 ﬁrst and the 10 last trials under to the two conditions
with and without visual feedback

Discussion
• The attentional effect on both ASSRs was only observed for two out of four subjects. Variation between subject is a common problem in BCI research.
• One of the main reasons for the low classiﬁcation performance of the BCI is probably due to a problem of overﬁtting. This means that the model, i.e., the
extracted features and classiﬁer, is "overreacting" to minor ﬂuctuations in the training data, which cause unnaturally high accuracy for the training data without
being generalized to the test data. The problem could be due to poorly generalization of the common spatial pattern algorithms.
• The BCI performance were found to be sensitive to adjustments of analysis parameters.
• No effect of neurofeedback was found, but this needs to be tested for several participants in future studies. The results are to a high degree affected of a great
trial-to-trial variation. The lack of improvement due to feedback could also be affected of the relatively low accuracy of the classiﬁcation showed to the
listeners.
• The performance improvement from the first to the last trials could also suggest an effect of training.

Conclusion
• The study supports previous findings by showing that SSRs are
modulated by selective attention, also at slower rates, and that
spatial attention to either the left or right auditory stimulus
decreased the alpha power at electrodes on the contralateral
hemisphere.
• The auditory selective attention was decodable with 32-channel EEG
and the average classification accuracy in real-time was 66%.
• Problem of overfitting.
• The results did not show an ability to control visual neurofeedback.
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