
Neural Correlates of bow learning technique 

Angel Blanco1 and Rafael Ramírez1 

1 Music and Machine Learning Lab, Universitat Pompeu Fabra, Barcelona 
lncs@springer.com 

Abstract. In this work we want to study the process of learning a musical in-
strument through the use of audio descriptors and EEG. Twelve subjects parti-
cipated in our experiment. Subjects were divided into two groups: a group of 
people who has never played the violin before  (six subjects) and a group of 
experts (more than six years playing the violin). Participants were asked to 
perform a violin exercise during eighteen trials while the corresponding audio 
to each trial was recorded together with their EEG activity. Beginners showed 
significant differences between the beginning of the session and the end cor-
responding to an improve in the quality of the sound recorded while experts 
maintained their results. On the other hand, beginners showed more power in 
the High Beta frequency band (21-35Hz) than experts although the power val-
ues decreased during the session correlated with an improvement in the scores 
of the exercise.  
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1 Introduction 

Previous research has investigated the presence of biomarkers during human sensori-
motor learning using EEG. For instance, it has been observed that linear and bilateral 
EEG alpha, as well as high theta increases in power, correlated with enhanced kine-
matics in participants during the performance of a visuomotor task which required 
learning and adaptation, while the control group did not show variations in kinematic 
and electrophysiological parameters [1]. 

The aim of this work is to find EEG biomarkers associated to different cognitive 
states during the process of learning a musical instrument, taking the violin as a case 
study. For that purpose we have used audio descriptors to track the quality of the 
sound generated by beginners during their learning process and at the same time we 
record their EEG activity. We also recruited a group of experts violinists (experience 
> 3 years) to compare both results. 
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2 Materials & Methods 

2.1 Participants 

Twelve adults participated in the study. Participants granted their written consent and 
procedures were positively evaluated by the CIREP, Barcelona, Spain, under the ref-
erence number X. Participants were asked to fill a form with questions regarding their 
level of musical studies and their primary instruments. Only participants who had 
never played the violin will conform  the beginners group (BG), while participants 
with a high-level profile in violin playing conformed the expert group (EG). Partici-
pants were recruited in person at the university campus. Before starting, participants 
received a written consent form and were informed about their task, the experimental 
procedures and their right to withdraw from the experiment at any moment. To pro-
ceed with the study each participant must have agreed to participate and signed the 
corresponding consent form. 
2.2 Materials 

The Emotiv EPOC EEG system [2] was used for acquiring the EEG data. It consists 
of 16 wet saline electrodes, providing 14 EEG channels, and a wireless amplifier. The 
electrodes were located at the positions AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, 
FC6, F4, F8, AF4 according to the international 10–20 system. The data were digi-
tized using the embedded 16-bit ADC with 128 Hz sampling frequency per channel 
and sent to the computer via Bluetooth. The impedance of the electrode contact to the 
scalp was visually monitored using Emotiv Control Panel software. We collected the 
data using the OpenViBE platform [3]. The data was processed in EEGLAB [10] 
under the Matlab environment [4]. 

The sound of each violin trial was recorded using a Zoom recorder [5] and proc-
essed later in Matlab using the yin algorithm [6], which is a commonly used pitch 
detection algorithm based upon autocorrelation, to extract audio features in order to 
assess the quality of the audio produced by the subjects. 

 
2.3 Method 

Participants will be divided in two different groups: six total beginners in violin play-
ing and six experts. First, participants filled a questionnaire with questions related to 
their musical ability. Then, participants belonging to the beginner group were shown a 
ten minutes instructional video on stance and violin position found in the web (refer-
ence web), and were asked to play eighteen trials consisting of four up and down 
bowing movements (playing the A open string), making clear to the participants that 
their main objective was achieving a stable tone and dynamics. Participants also 
watched a video reference of an expert executing the same exercise. Then, partici-
pants were asked to initiate a trial and to start producing sound with the instrument 
after the indication of the experimenter. Participants were free to take as many breaks 
as they wanted through the experiment although, every five trials participants had the 
opportunity to review as many times as they wanted the reference expert video.  
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EEG power computation. Before starting, participants imitated the movement and 
gestures of the exercise, holding the violin and moving their right arm without using a 
the bow and therefore without generating any kind of sound. The EEG activity was 
recorded from each one of these three trials in order to be used as a baseline reference 
to compute later the ERD/ERS for each real trial.  

For each subject and each single-trial, the power spectral density (PSD) is com-
puted from each electrode using Welch's overlapped segment averaging estimator. 
The power of eleven frequency bands were extracted corresponding to Delta (1-4Hz), 
Theta(4-8Hz), Alpha(8-13Hz), Beta(13-24Hz) and Gamma(30-50Hz), and the low 
Theta(4-5Hz), Alpha(8-10Hz), Beta(14-20Hz) and the high Theta(6-8Hz), Alpha(11-
13Hz), Beta(21-35Hz) components of the bands. Each power value was standardized 
using the ERD/ERS equation (1). We also computed, as extra descriptors, the average 
power values of the right (AF4,F4,F8,FC6) and left (AF3,F3,F7,FC5) frontal lobes 
together with the average values of both frontal hemispheres and another one with the 
average value of all the electrodes for each band.  
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Extraction of audio features. Generated violin sound was recorded for each trial and 
processed independently. First, we extracted sound descriptors from the audio signal 
of each trial using the Yin algorithm implementation in Matlab [7]. This Matlab im-
plementation first windows the signal, using a windows size which depends in the 
sample rate and the minimum frequency (30Hz by default), and for each windows it 
computes three different parameters which are: the fundamental frequency in octaves 
(reference: 440), the aperiodicity measure (the ratio of aperiodic to total power), and 
the period-smoothed instantaneous power. With those parameters we can compute 
sound descriptors as Dynamic Stability or Pitch Stability which can be used to assess 
the quality of an instrument sound as reported by Romani et al [8]. Finally, The in-
verse values of Dynamic Stability and Pitch Stability together with Aperiodicity were 
normalized by subtracting the mean. The average value of the three descriptors for 
each trial conforms a unique descriptor called Sound Instability.  

3 Results 

3.1 Audio Analysis 

The results of Sound Quality along trials of the beginners compared with experts can 
be seen in Figure 1. The number of trials were divided into three time periods and 
averged: Early (between trial one and six), Middle (between trial six and twelve) and 
Late (between trial thirteen and eighteen). One-way Anova for the three time periods 
was performed for each group in order to see differences between means reflecting 
the average learning process of the participants. Significant differences were obtained 
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for the beginner group (p<0.25, p=0.00003) but not for the expert group (p<0.25, 
p=8.844).  

 

Fig.1. Box plot with the Sound Instability scores of each subject for each trial. We can see the 
scores of the beginner group in blue colour and the scores of the Expert group in red.  

3.2 EEG Analysis 

EEG data was first analyzed to see differences between beginners and experts using 
Information Gain feature selection in Weka [9] for all and each one of the three peri-
ods of time. Thirty five features over one hundred ninety eight were  chosen by the 
ranker method. These features included: Gamma, Beta (Low and High), Alpha and 
High Theta in the frontal cortex, both parietal and temporal hemispheres, and in the 
right occipital hemisphere.  

Seven machine learning algorithms were evaluated using a meta classifier comput-
ing the result first, for the best feature selected and later for the best feature selected 
plus the second one until ten. This method will allow us to see when the results stop 
increasing thus avoiding overfitting. The learning algorithms chosen were: J48, 
SMO(c=1.0), SMO(c=2.0), IBk(k=1), IBk(k=3), IBk(k=5) and Multilayer Perceptron. 
The results were obtained using a ten fold cross-validation. 

Best results during the three periods were achieved by IBk(k=1) with a classifica-
tion accuracy of 87.09% in the early period using five features before the results stabi-
lized: High Beta in both frontal lobes and Gamma in the right parietal and occipital 
lobe. A classification accuracy of 94.84% in the middle period using also a number of 
five features: Gamma in left temporal lobe, the average Alpha value of all the elec-
trodes, and High Beta and Alpha in both frontal lobes. And finally, a classification 
accuracy of 94.38% in the late period using the following five features: High Alpha in 
both frontal lobes, Gamma in left temporal lobe, High Beta in both frontal lobes and 
Low Beta in right occipital lobe.  

High Beta together with Alpha in the frontal cortex seemed to be the most relevant 
frequency bands when used to classify between beginners and experts for each time 
period. In Figure 2 we can see the mean and standard deviation of High Beta com-
pared between beginners and experts.  
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Fig.2. High Beta power in the Frontal Cortex compared to baseline. As we can see, specially 

at the beginning of the session, High Beta values are bigger in beginners rather than experts. 
 
However when comparing alpha values in the frontal lobe between Beginners and 

Experts (Figure 3) we can see how Experts showed higher amplitude than beginners 
in this specific frequency band while beginners didn't showed big variations.  

 

 
Fig.2. Alpha Power in Frontal Cortex compared to Baseline. As we can see, Experts showed 

higher values of Alpha power than beginners while performing the trials. 

4 Conclusions 

Results of the audio analysis shows how while beginners improved the quality of the 
generated songs along trials experts maintained stable results, thus allowing us to 
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interpret differences between the brain signals of beginners and experts which are not 
time dependent (like fatigue or tiredness) and may reveal the effects of levels of ex-
pertise and skill acquisition.  

We have seen how the High Beta band together with Alpha in the frontal cortex 
seemed to be the best feature that allowed us to classify the EEG data between begin-
ners and experts using IBk (k=1) machine learning algorithm. Experts showed greater 
Alpha amplitudes than beginners while on the other hand beginners showed greater 
High Beta amplitudes. Nevertheless High Beta values decreased near to the expert 
levels between the middle and late period while Alpha remained stable in beginners 
throughout the session. 
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