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ABSTRACT

A common structural element of Western tonal music is
the change of key within a melodic sequence. The present
paper examines data from a set of experiments that were
conducted to analyse human perception of different modu-
lations of key. EEG recordings were taken of participants
who were given melodic sequences containing changes in
key of varying distances, as well as atonal sequences, with
a behavioural task of identifying the change in key. Analy-
sis of EEG involved derivation of 122120 separate depen-
dent variables (features), including measures such as inter-
electrode spectral power, coherence, and phase. The paper
presents a novel method of performing semantic dimension
reduction that produces a representation enabling high ac-
curacy identification of out-of-subject tonal verses atonal
sequences.
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1 Introduction

The analysis of brain scans with a view to accurately iden-
tifying the semantic processing of the subject has received
increasing attention recently [1]. Analysis of human per-
ception of musical tonality has also received some atten-
tion, although these studies are mainly concerned with
evoked potential (ERP) paradigms (e.g. [2} 13]]) or locali-
sation of activity from fMRI (e.g. [4}3]).

In the present study we are concerned with distin-
guishing between different tonal and atonal stimuli through
long-term changes in observed electroencephalography
(EEG) recordings of the subjects. EEG is the measurement
of electrical activity produced by the brain as recorded from
electrodes placed on the scalp. In the present study we will
use single EEG trials as inputs to machine learning algo-
rithms. We believe that EEG is ideally suited to studying
musical stimuli due to its high temporal resolution. How-
ever EEG recordings are notoriously noisy and making reli-
able cross-subject predictions has proved difficult even for

simple tasks. Indeed we will see that a naive application of
support vector machines (SVMs) to the collected signals is
unable to make out-of-subject predictions much better than
chance, although within-subject predictions were possible.
The contribution of this paper lies in both the application
and the method. Firstly this is a new EEG dataset from a
novel experimental design. Secondly the method for clas-
sification of EEG signals using the additional information
from the pitch kernels is novel. Finally, the key contribu-
tion of the paper will be the demonstration of a novel se-
mantic dimension reduction method that makes use of a
complex description of the stimuli to identify key dimen-
sions in the space of signals that highly correlated with the
stimulus. Using even a simple nearest neighbour classifier
in this semantic space can achieve very high accuracy in
both within-subject and out-of-subject prediction.

The goal is then to discover statistical relationships
between musical structure and EEG recordings of partici-
pants to the same music. The proposed analysis to achieve
this is based on the premise that the brain represents struc-
tural elements of the auditory signal that it receives through
shifting patterns of activity. This activity may take many
forms, ranging from generalised changes in activity in cer-
tain brain regions to more complex relationships. By taking
a multivariate approach to the signal processing of the EEG
signal, it is possible to analyse a wide range of such rela-
tionships. As such pairwise electrode comparisons, which
provide an indication of communication between brain re-
gions, are of paramount importance. The analysis to date
has included pairwise statistics such as cross power and co-
herence. Cross phase is another interesting statistic that is
investigated, as it indicates that there may be an increase (or
decrease) in synchrony between brain regions. The collec-
tion of statistics derived from the EEG analysis procedure
will then be compared with the features derived from the
audio recordings in order to seek common patterns.

In order to use the additional information from the
stimuli to aid classification, the stimuli must be encoded
through a kernel designed to capture the melodic and har-
monic structure of a musical score available in a simple



midi format. The kernel chosen for the present study cap-
tures distances between musical sequences embedded into
pitch-class space, which is ideal for separating sequences
according to their tonality and key structure.

Section [2] gives details of the setup and protocol of
the experiment upon which the analysis was performed, in-
cluding details of the EEG data preprocessing . Section
gives details about the process of the multivariate sig-
nal processing techniques used to extract features from the
EEG data for classification. Section [] describes the ma-
chine learning analysis approaches taken, including con-
ventional SVM analysis as well as a semantic dimension
reduction method based on KCCA.

2 Experiment

The data under examination in this paper was produced by
an EEG experiment conducted in partnership with the Uni-
versity of Magdeburg. The principal hypothesis was that
neural patterns should reflect relative changes in the key of
music that a listener is attending to. In order to examine
this, a series of stimuli (chord sequences) were constructed
and ordered such that there were the following five experi-
mental conditions:

Distant key
Close key
Same key

No key (atonal)
Initial

Nk =

2.1 Participants

16 right-handed participants (9 female, 7 male), aged 19 to
31, with normal hearing took part in the experiment. None
had received any formal musical education. All partici-
pants gave written informed consent to the study, which
was approved by the ethics committee of the University of
Magdeburg.

2.2 Experimental Design

The stimuli consist of sequences of chords, with each stim-
ulus in a single key (or no key). All sequences consist of
16 chords with onsets at 500ms intervals and with duration
filling the entire 500ms, giving a total length of 8s. The ex-
perimental conditions are defined by contiguous stimulus
triplets with changes in relative key (listed below). Rela-
tive key is established by tonal stimuli, and reset by atonal
stimuli. Stimuli from the first three conditions are followed
by a stimulus from condition four as a contrast and a re-
set of relative tonality. 48 stimuli required altogether, all
chordal (in root position), of which 32 are tonal and 16
atonal. Tonal stimuli to be transposed as required to ful-
fil experimental role. First stimulus in each tonal pair is to
be in C major, to eliminate any long-term tonality effects
(or at least to take advantage of them); second is in either

F# major (condition 1), G major (condition 2) or C major
(condition 3). In total there were 48 ‘initial’, 48 ‘atonal’,
16 ‘close’, 16 ‘distant’ and 16 ‘same’ trials per participant,
giving a total of 144 trials.

Ordering Principles:-

(1) Each condition should appear an equal number
of times (2) Each different melody type (a,b etc.) should
appear an equal number of times (3) The three conditions
should appear in each permutation (to minimise condition
order effects) (4) Each different melody type should be
used once for each of the three main conditions (to min-
imise individual melody effects) (5) Each tonal pair in the
conditions should use the same stimulus (6) Each tonal pair
should be followed by a unique atonal stimulus to reset
tonality (and provide a control condition) (7) Same order
for each run and for each subject (for direct comparison in
subsequent analysis)

2.3 EEG Measurements

EEG recordings were acquired at the Leibniz Institute for
Neurobiology (Magdeburg, Germany). 64 unipolar chan-
nels, including 2 Electrooculogram (EOG) channels and
one nose reference electrode were recorded at a sam-
pling of 500H z and a resolution of 0.1xV. Across all
participants the voltage range was 3.2767mV and the
impedance was less than 5k€2. The music was played to
the participants using a Terratec EWX 24/96 soundcard,
Black Cube Linear Science amplifier by Lehmann Audio
(www.lehmannaudio.de), and Eartone 3A Insert Earphones
502 using binaural presentation. The volume of the am-
plifier was at notch 6. Stimulus delivery and scanning
coordination were controlled with Presentation© soft-
ware (Neurobehavioural Systems Inc, Albany, USA) using
a custom-written script.

2.4 Data Preprocessing

Muscular activity related to eye movements and eye blinks
alter the electromagnetic fields around the eyes and typi-
cally introduce artefacts into the EEG, especially in frontal
regions. A number of algorithms have been proposed to
correct for EOG artefacts, which all correct for EOG arte-
facts by subtracting a proportion of one or more EOG chan-
nels from the EEG channels. A study by [6] evaluated
four correction techniques by correcting blinks, vertical
and horizontal eye movements from 26 subjects. The study
concluded that in the absence of specific calibration pro-
tocols, the method described by [7], based on multiple re-
gression, was the best solution. The approach taken by [8]]
was based on the algorithm suggested by [7], with modifi-
cations described in [9]. This latter method was chosen for
the present study.

Prior to time-frequency analysis, the data was filtered
using two-way least-squares FIR filtering. Digital filters:
0.2H z low pass filter. 100H z high pass filter. The 50H z



component of the signal was removed using a notch filter
between 49H z and 51 H z due to AC mains signal.

The electrodes were then re-referenced using the nose
electrode.

3 Feature Extraction

The data from the 64 channel EEG system at 500Hz sam-
pling rate was imported as a single matrix such that the
format was [channels x frames]. The data was segmented
into 8 second epochs, giving 144 epochs per subject. These
epochs have a one-to-one correspondence with the experi-
mental stimuli. This results in a data matrix of shape [chan-
nels x frames x epochs].

3.1 Time-Frequency Analysis

A multitaper spectrum is produced by averaging multiple
windowed FFTs generated with a set of orthogonal data
tapering windows known as discrete prolate spheroidal se-
quences (DPSS) or Slepian functions. Since each of the
windows in a specific sequence is uncorrelated, an unbiased
average spectrum can be produced. A multitaper spectrum
offers no greater frequency resolution than a single tapered
spectrum. In fact, the spectral peaks resulting from the
algorithm have a flat-topped envelope shape which makes
the central frequency determination more difficult. What is
gained is a reduced-variance spectral estimator that retains
a high dynamic range. [10]

Using DPSS, inter-channel coherence, cross phase
and cross power were computed, for all pair-wise combina-
tions of channels, excluding the EOG electrodes and nose
reference electrode. Cross power simply refers to the ra-
tios of the power within each of the frequency bandwidths.
The coherence function measures the correlation between
two signals as a function of the frequency components they
contain, and is therefore a correlation spectrum [[L1[12]]. Tt
determines the likelihood of two stochastic signals arising
from the same generating process.

This differs from the cross-correlation function,
which involves calculating Pearson product-moment cor-
relation coefficients for the two signals at various displace-
ments of sampling interval. Quantitative analysis [12] has
shown that the cross-correlation sometimes fails in situa-
tions where coherence does not, as well as being more ex-
pensive to compute. Complementary to the computation
of the coherence spectrum is the phase spectrum, which
indicates the phase relationship between two signals as a
function of frequency - information that is lost using ordi-
nary spectral methods. An important feature of all of these
methods is that they are independent of amplitude, as the
amplitudes of electrodes are known to vary greatly both
within and between recording sessions.

The resulting 256 fourier coefficients for each of the
measures were divided into bands, providing estimates of
spectral power within the following recognised frequency

bandwidths:

delta (0.3-3.9Hz)
theta (4-7.9Hz)
alpha (8-13Hz)
betal (13-19Hz)
beta2 (20-30Hz)

In addition,

low gamma (30-42Hz)
40Hz (38-42Hz)

mid gamma (43-63Hz)
high gamma (64-100Hz)
general gamma (30-100Hz)
global (0.01-100Hz)

bandwidths were computed. There were 61 channels af-
ter removal of EOG/nose reference. After calculating the
DPSS, the data were split into the 11 bands listed above.
For each measure we calculated the mean and variance
(i.e. Gaussian fitting): There were then 61x11x2 PSD
values; 61x61x11x2 Cross-PSD values, 61x61x11x2 co-
herence values; 61x61x11x2 cross-phase values. How-
ever clearly only the upper diagonal parts of the inter-
electrode comparison matrices are needed. These features
were then concatenated to create a large feature vector of
length 122120 for classification.

4 Results
4.1 SVM Analysis

The data was standardised across the features to obtain
“standard normal” random variables with mean 0 and stan-
dard deviation 1. The data for each subject was split ran-
domly into 75% train, 25% test and then concatenated to
form the full training and test sets. The same random
split was applied for all of the analysis. Classification was
performed using the SVM-Light Support Vector Machine
implementation [13] with linear, rbf and laplace kernels
(where the laplace kernel is the same as the rbf kernel ex-
cept that the 2-norm is replaced with a 1-norm). 5-fold
cross validation was performed on the training set to dis-
cover best setting of the C and sigma parameters, before
testing on the separate test set. Table [I| shows the test er-
rors for the SVM classifier on the split of the data described
above. The significance of the classifier was evaluated us-
ing the upper bound of the cumulative distribution function
of the binomial distribution of a random classifier, calcu-
lated as follows:

)2
Q(nPnk)) (1)

p < exp <

where n is the number of trials (test examples), p is
the probability of success (0.5 for a random classifier) and
k is the test error of the classifier.



Table 1. Test errors for within-subject SVM classification.
** denotes significance at the p < 0.001 level (see text)

Test Linear RBF Laplace
Tonal vs Atonal ~ 0.2298**  0.1175%*  (0.2742%*
Close vs Distant ~ 0.3125%*  0.2422**  0.4375

Same vs Distant  0.2656**  0.2344**  (.2109**
Same vs Close 0.2031%**  0.1641**  0.1641**

Table Rl shows the leave-one-out test error for each of
the participants using a linear kernel. In this test the data
from 15 of the participants is used as the training set and
the data from the remaining participant is used as the test-
ing set. This is a much more difficult test, in the sense
that we are now trying to learn features that can generalise
from one set of brains to a new brain. It is therefore not
surprising that with a subject pool of only 16 participants
the classification errors are close to chance for most sub-
jects. Results (not given) for the rbf and laplace kernels
were not significantly different. It is interesting to note that
the distinction between “close” and “distant” gives the best
classification results rather than tonal vs atonal. As such
it appears that conditions with key changes result in more
consistent prediction across brains than those for process-
ing atonal music.

Table 2. Test errors for tonal vs atonal leave-one-out SVM
classification using a linear kernel. The numbers in paren-
theses represent the number of test examples. None of the
test errors reached significance at the p < 0.01 level

Subject Tonal v Close v Same v Same v
atonal (96) distant (32) distant (32) close (32)
1 0.4583 0.3438 0.3125 0.3750
2 0.4947 0.4688 0.3438 0.4375
3 0.4688 0.3438 0.3750 0.4062
4 0.4688 0.4375 0.5000 0.4062
5 0.4896 0.4688 0.5000 0.4062
6 0.5000 0.5000 0.4375 0.4688
7 0.4583 0.4688 0.4375 0.4375
8 0.4896 0.3750 0.3438 0.5000
9 0.4896 0.4375 0.5000 0.5000
10 0.4688 0.4062 0.3750 0.4688
11 0.4792 0.3438 0.5000 0.4688
12 0.4792 0.3125 0.4062 0.5000
13 0.4583 0.3750 0.4375 0.5000
14 0.5000 0.3750 0.5000 0.4062
15 0.4688 0.4375 0.3125 0.4688
16 0.5000 0.3125 0.3750 0.5000
mean 0.4795 0.4004 0.4160 0.4531
median 0.4792 0.3906 0.4219 0.4688

4.2 KCCA Analysis

Various methods have been proposed for searching for
common patterns between two sets of signals, including
kernel canonical correlation analysis (KCCA), which can
be viewed as a generalised form of kernel independent
components analysis [[14]. Canonical correlation analysis

(CCA) is a technique to extract common features from a
pair of multivariate data. KCCA is a nonlinear version of
this technique which allows nonlinear relations to be found
between multivariate variables effectively [15].

oK, K, 0
p = max :
a, /O/K%oz . ﬁ/KZQJﬁ

For this analysis it was necessary to calculate kernels
on the musical stimuli. For simplicity of analysis, the only
distinction being examined in this section is tonal vs atonal,
as the experimental setup does not lead to a simple calcula-
tion of relative pitch for stimuli that were presented follow-
ing silence. The midi audio files used to generate the exper-
imental stimuli were first embedded into pitch class space.
Pitch class space [[16] is the circular (quotient) space with
the result that differences between octave-related pitches
are ignored. In this space, there is no distinction between
tones that are separated by an integral number of octaves.
The pitch class vectors for each stimulus were then formed
into kernels using a squared exponential kernel. As a sanity
check, running an svm on these gives a test error of 0.0261,
showing that this kernel representation is valid. Perfect
classification was not achieved as there appear to be out-
lier stimuli, i.e. atonal sequences that appear tonal in this
represenation.

For the purposes of the KCCA analysis, a linear ker-
nel is used for the EEG, as the dimensionality of the RBF
kernel in this case is too high. Both kernels were projected
into Gram-Schmidt space using the partial Gram-Schmidt
decomposition outlined in [15]. The precision parameter
was set to 0.3 using a heuristic method. The use of this
decomposition results in an implicit regularisation, and as
such the KCCA regularisation parameter was set to zero.
Experimentation with different values of this parameter did
not show any improvement in results.

The kernels from each view were then projected into
the shared feature space using the top 100 resulting KCCA
directions. The test kernel for the EEG was also projected
into this space, and then normalised such that the L2-norm
of vector was 1. Using the 100 largest correlation values
and the corresponding projections, the labels given by the
corresponding example in the music kernel were used as
the classification. The reported errors are then the mean of
the differences between these labels and the true test labels.
This method is an extension of mate-based retrieval [[17],
and is given algorithmically below.

The classification results using the PNN classifica-
tion approach are given in table It can be seen that
this method is able to classify between the tonal and atonal
experimental conditions almost perfectly. As a compari-
son, we trained an SVM on the projection of the EEG data
into the shared feature space, using a linear kernel and 5-
fold cross validation to select the C parameter. The results
show that the PNN method performs competitively with the
SVM, whilst being essentially an unsupervised method. It
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Algorithm 1 Projected Nearest Neighbour (PNN) Classifi-
cation
1: Given Kernels from each view K, and K, dual weight vec-
tors o and 3 from KCCA, training labels y, and vectors of
train and test indices i and j respectively
2: Compute the projection of the training kernel of the first view

P, — K, [i,ia

3: Compute the projection of the train-test kernel of the second
view:

Py — K,[j,i]p

4: Compute the covariance matrix of the projections:

Cuy — PP,

5: Find the indices of the maximal values of each column:

z; = argmax (Cyy[i, j]) forj=1,....k

where k is the cardinality of j
6: Select the labels of the training examples of those indices as
the predictions:

Y« ylz]

is also much more computationally efficient as there are no
parameters to tune.

Table 3. Test errors for within-subject classification for
Tonal vs Atonal using KCCA projected nearest neighbour
(PNN) and SVM classification. ** denotes significance at
the p < 0.001 level

Classifier #Train # Test Linear
KCCA + PNN 1152 383 0.0183%#:
KCCA + SVM (linear) 1152 383 0.0157%:*

Table [ shows the leave-one-out test error for each
of the participants using the PNN classification approach,
along with the SVM trained on the projection of the EEG
data into the shared features space, again using a linear ker-
nel and 5-fold cross validation to select the C parameter.
The results show that the PNN method performs compet-
itively with the SVM, whilst both signficantly outperform
the naive SVM approach (see table [2).

5 Discussion

The results demonstrate that using standard modern signal
processing and machine learning techniques with careful
manipulation of the data can enable us to differentiate be-
tween certain patterns of brain activity. Coherence analysis
and other types of cross-spectral analysis may be used to
identify variations which have similar spectral properties

Table 4. Test errors for leave-one-subject-out KCCA pro-
jected nearest neighbour classification. * and ** denote
significance at the p < 0.01 and p < 0.001 level respec-
tively

Participant KCCA +PNN KCCA + SVM (linear)
1 0.2708 0.1667%*
2 0.2737 0.2421

3 0.3125 0.2500

4 0.2083%* 0.1667%*
5 0.4062 0.2500

6 0.2500 0.2500

7 0.5625 0.1667%*
8 0.2500 0.2500

9 0.2708 0.2500
10 0.1667%* 0.1667%*
11 0.7396 0.2500
12 0.2500 0.2500
13 0.1562%%* 0.1667%*
14 0.3542 0.2500
15 0.2500 0.2500
16 0.4688 0.1667%*
mean 0.3244 0.2183
median 0.2708 0.2500

(high power in the same spectral frequency bands) if the
variability of two distinct time series is interrelated in the
spectral domain. In the present study we were able to reli-
ably distinguish between whether a listener was attending
to tonal or atonal music. This can be considered to be a
task of high-order cognitive processing, rather than a sim-
ple sensory input task. As the differentiation was based on
properties of the EEG over relatively long timespans (i.e.
the length of an epoch, or 8 seconds), this is clearly not due
to simple evoked potentials, but instead represents a more
fundamental change in the pattern of processing over time.

Further analysis using KCCA demonstrated that
through the use of unsupervised methods it is possible to
significantly improve the classification accuracy. We devel-
oped a new classification method using the shared semantic
space given by projections from KCCA weight vectors to-
gether with a nearest neighbour method. This was able to
distinguish between the tonal and atonal experimental con-
ditions with a high degree of accuracy. The PNN method is
not only nonparametric, it is basically free given the labels
on the second view. Since this is common for the experi-
mental paradigm presented (i.e. not limited to analysis of
music).

We also showed that an SVM trained on projected
data performed extremely well. We attribute the success
of both of these methods as being due to the KCCA pro-
jections acting as a data cleaning step, in which a form
of semantic dimensionality reduction is occurring. As the
musical stimuli are sufficiently distinct between conditions,
the additional information extracts the directions correlated
with the differing experimental conditions. The key ingre-
dient in the approach is the introduction of a clean source of
data that encodes a complex description of the experience
of the subject. We believe that this approach to information



extraction has enormous promise in a wide range of signal
processing and time series data analysis tasks.

We were also able to reliably discriminate between
subtler discriminations in the task of the listener, such as
distinguishing a move from one key to a close or distant
key. However the results were not as convincing as for the
tonal-atonal distinction. There are several possible reasons
for this. Firstly, there were fewer examples of these events
by a factor of 3, which on its own increases the difficulty in
learning. Secondly, the cognitive task is clearly much more
subtle than the tonal vs atonal case, and as such the changes
in patterns of activity are likely to be much more subtle, al-
though this is of course speculative. Finally, the type of re-
lationship between the patterns of activity in this case may
be qualitatively rather than quantitatively different, mean-
ing that the signal processing techniques employed were
unable to detect them (as opposed to the learning algo-
rithm). Further experiments with larger datasets (more rep-
etitions or more participants) could provide the answers to
these questions.

EEG data is notoriously noisy and unreliable, so it is
extremely encouraging that it is possible to generate reli-
able discriminations using fully automatic procedures. It is
usual to perform artefact rejection by hand during the pre-
processing stage, as well as other manual techniques. The
present study used automatic techniques at every stage of
the process (preprocessing, feature extraction, data treat-
ment, and classification). The methods presented demon-
strate the ability to reliably discriminate between brain sig-
nals associated with different sequences of music in both
within-subject and out-of-subject paradigms.
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