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Abstract 
Music has many benefits for our mood and feelings, especially so when we get to choose our 
own favorite music. However, accessing one's favorite music is not as easy for everyone. For 
motorically disabled and locked-in people, interacting with devices used for listening to music is 
challenging since it requires physical interaction. Machine learning classification methods used 
with EEG could prove useful for detecting individual musical preferences, extracted without any 
physical or verbal interaction. The two most common methods within EEG-based classification 
are Artificial neural networks (ANN) and Support vector machines (SVM). This study compares 
the performance of these two methods, when used with the DEAP dataset of EEG-monitored 
participants watching music videos. This comparison can help with gaining insight into which 
machine learning method is most appropriate for music preference detection, contributing 
towards more accurate predictions of motorically disabled people’s musical preferences. 
 
The participants in the DEAP dataset rated watched music videos by preference from 1 to 9, of 
which we trained the classification models to separate between higher (chosen as ratings 8 to 9) 
and lower ratings. From the results it is concluded that ANN performs better than SVM in terms 
of accuracy, with ANN performing at roughly 86% and SVM at 85%, while the SVMs were 
substantially faster to train. These accuracy scores were obtained from two ANN and SVM 
models using the optimal parameter and channel configurations, which were calculated through 
extensive testing. The accuracies are however likely achieved due to an imbalanced dataset, 
with too few data samples of higher ratings in proportion to lower, leading to biased classifiers 
that work well on our dataset but has probably close to random classification performance. 
Alterations to our methods could give better performing classifiers, and would also lead to more 
meaningful comparisons of ANN and SVM for EEG-based musical preference prediction. 
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Sammanfattning 
Musik har många fördelar för vårt humör och våra känslor, synnerligen när vi får lyssna på vår 
favoritmusik. Det är däremot inte lika enkelt för alla att komma åt sin egen favoritmusik. För 
rörelseförhindrade och personer med inlåsningssyndrom är det utmanande att interagera med 
de enheter som används för att lyssna på musik eftersom att de kräver fysisk interaktion. 
Maskininlärningsmetoder för klassificering av EEG-data skulle kunna vara användbara för att 
upptäcka individuella preferenser av musik utan fysisk eller verbal interaktion. De två vanligaste 
metoderna inom EEG-baserad klassificering är Artificiella neurala nätverk (ANN) samt 
Stödvektormaskiner (SVM). Studien jämför prestanda av dessa metoder på DEAP-datasetet av 
EEG-övervakade deltagare, för att få insikt i vilken maskininlärningsmetod som är mest 
användbar för klassificering av musikpreferenser. Jämförelsen kan bidra till insikter om vilken 
maskininlärningsmetod som passar bäst för klassificering av musikpreferenser, vilket skulle 
kunna bidra till precisare klassificeringar av musikpreferenser bland personer med 
rörelsehinder. 
 

Deltagarna i DEAP-datasetet betygsatte musikvideorna utifrån preferens på en skala mellan 1 
till 9, vilket användes för att träna klassificeringsmodellerna för att separera mellan högre (valda 
som betyg 8 till 9) och lägre betygsättningar. Från resultaten är det slutställt att ANN presterar 
bättre än SVM vad gäller noggrannhet, där ANN presterar runt 86% och SVM kring 85%, medan 
SVM var avsevärt snabbare att träna. Dessa noggrannheter erhölls från en ANN och SVM 
genom att använda de optimala parameter- och kanal-konfigurationer, vilka beräknades genom 
omfattande tester. Noggrannheterna är däremot troligtvis uppnådda på grund av ett obalanserat 
dataset, med för få datapunkter med högre betyg i proportion mot de lägre, vilket leder till 
partiska klassificerare som fungerar väl på vårt dataset men som troligtvis har en 
klassificeringsprestanda närmre slumpen. Ändringar i våra metoder skulle kunna ge bättre 
presterande klassificerare, och skulle också kunna leda till mer meningsfulla jämförelser av ANN 
och SVM för EEG-baserad klassificering av musikpreferenser. 
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1 Introduction 
Music is an important part of many people’s lives. It has been shown to be effective for 
regulating mood, by choosing songs based on the mood experienced [1]. Furthermore, using 
PET scanning to spot dopamine release, it is found that listening to pleasurable music, selected 
subjectively by participants, induces dopamine release and causing a reward trigger in the 
brain. Also, selecting one’s own favorite music is likely to maximize the pleasurable feelings felt 
[2]. Besides helping with mood regulation and stimulating pleasurable feelings, music in general 
is also proven to be helpful in reducing symptoms of depression [3].  
 
Not everyone has the same ability of utilizing the many benefits of music. Living with motoric 
disabilities may impair many areas of everyday life. Some motoric disabilities might even restrict 
a person's ability to interact with its surroundings to the degree of not being able to control 
devices used for playing music, such as smartphones, stereos or TVs, meaning that they lack 
the possibility of listening to music of their own choice. A more serious condition is the locked-in 
syndrome, meaning the locked-in person can typically not move anything besides their eyes and 
eyelids, though remaining in consciousness [4]. Because of the many positive effects of 
listening to music, and perhaps specifically to one’s preferred music, this can be a significant 
disadvantage for such people who may not be able to express their music preferences. Even 
more unfortunate is the fact that restrictions on recreational activities is a risk factor for 
unhappiness in locked-in patients [5]. Using music in line with a motorically disabled person’s 
preferences could then be useful for treating unhappiness, since it offers a recreational activity 
and also brings earlier mentioned benefits of music. 
 
Electroencephalography (EEG) could be a useful tool for detecting individuals musical 
preferences whose verbal or motoric communication is restricted. EEG is a non-intrusive 
method which uses electrodes to measure the electrical activities in the brain, meaning that 
thoughts, emotions and reactions to stimuli can be acquired. Machine learning methods are 
commonly used for classification and analysis of EEG data [6], which can be used to infer 
emotional states and reactions in individuals. Support vector machines (SVM), is a widely used 
machine learning method for diagnostic classification of EEG data for e.g, epilepsy [6]. Another 
machine learning method, Artificial neural networks (ANN), have also shown great potential 
when used in EEG classification [7]. However, the potential performance of ANN within EEG 
analysis is still uncertain as they have several issues which need to be handled [7]. It has even 
been shown for some EEG classification problems that SVM outperform ANN [8]. In other 
cases, ANN perform significantly better [9].  
 
Since there is no obvious choice of machine learning method for classifying musical preferences 
using EEG, it could be beneficial to compare the two most widely used methods within EEG 
analysis for this specific problem, ANN and SVM. A more informed selection of machine 
learning method when using EEG for classifying music preference would have great potential 
use in assisting with motorically disabled, or locked-in people and their ability to listen to their 
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prefered music. Our project will use a dataset, consisting of EEG monitored participants 
watching music videos, to perform such a comparison. In this study, we aim to provide insights 
as to which of these two offers a more robust and computationally sustainable solution for the 
problem of music preference classification. The research question is as follows.  
 

How does ANN and SVM compare in classifying musical preferences, on a dataset of EEG 
recordings of participants watching music videos? 

1.1 Scope 
This study uses the DEAP dataset which is a collective effort from several institutions [10]. The 
dataset contains EEG recordings from participants who viewed a selection of music videos and 
ranked them according to a number of states such as liking, valence, arousal, etc. The dataset 
is used for training and testing the machine learning methods in this study. Since only this 
dataset will be used, there are restrictions to how general conclusions this study may make. 
This is due to potential differences in this dataset compared to other datasets performing similar 
EEG recordings, our study performed on another dataset could give different results. The DEAP 
dataset also contains music videos, instead of only music. Although music videos contains extra 
visual information in addition to the music, it might still be applicable for predicting musical 
preferences. However, this study lack any objective argument for the connection between the 
preference of music videos and only music. If this connection is too loose, music video 
preference detection would still be a useful substitute for music preference detection, since the 
entertainment value is similar and many of the benefits of music should also be found in music 
videos. 
 
Since the study compares the performance of ANN and SVM and both methods are 
configurable in many ways, it is important to consider several configurations of both to maximize 
the performance of both methods. For SVM most of the possible configurations will be 
considered. For ANN the variations between network structures may be much more complex, 
thus a need arises to limit the number of variations considered, without risking its optimal 
working setting too much.  
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2 Background 

2.1 Supervised machine learning 
The type of machine learning relevant to the study is called supervised. This means that the 
goal of the machine learning methods, in our case SVM and ANN, is specified through giving 
labels to the data, a process called labeling. Each data sample consist of several features, 
whose values could indicate what specific label to give the data sample. Labeling is used when 
training the models to recognize the connection between input data samples and their classes, 
that the model should be able to differentiate between. Providing the trained models with input 
data is the process of classification, as the models guess on what labels are appropriate to give 
the data. When training, there is a risk for overfitting, meaning that the training process creates 
a model with the belief that the training data is almost completely representative for the 
classification problem; overfitting leads to models performing poorly when used on other data 
than that used for training. 
 
In the case of music preference classification using EEG, EEG recordings of people watching 
and listening to music videos can be used as input. The labeling is done by asking the 
participants to rate if they liked or disliked the music. The models are trained and tries to find a 
connection between EEG data and likes or dislikes. The output from the trained models, when 
new data is used as input, are guesses on whether the recorded person prefered the music, or 
not. This is a case of binary classification, where two outcomes of labels, also called classes, 
are possible. The outcomes are usually referred to as positive (prefered the music) or negative 
(disliked the music).  
 
The classification performance of a model is measured through testing on data not used in 
training. The data is divided into training and testing partitions, where the training partition is 
used for training the model and the testing partition is used to test how many of the unseen data 
samples the model correctly classifies. The percentage of correctly classified data samples is 
called the accuracy of a classifier. A flow chart explaining the overall procedure of training and 
testing classifier models can be found in Fig 1 below, where EEG recordings are used as input 
data. 
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Fig 1. Flow chart over training and testing procedure. Produced from training is a model with the ability to classify the input data 

samples as belonging to one of several classes. The accuracy is obtained by classifying with this model on testing data. 

 
 
Given a dataset of labeled data, one has to choose how to split it into training and testing data. 
One problem when only using a single part of the data for testing as in Fig 1, is that the data 
might not be homogenous. If we are unlucky, we choose a particularly odd part of the data for 
testing, which stands out in its labeling of the data from the other data samples. It might always 
label a specific type of data sample different from how the rest of the dataset does. This means 
that using this part of the data for testing, the testing results will be unfairly negative. A better 
idea is to use as many parts of the data as possible for testing, and average the results. This 
concept is called k-fold cross validation, where k is how many testing partitions to split the data 
into. Averaging the results is done by dividing the sum of the accuracies by k. 
 

2.1.1 Balancing of class labels 
Another implementation choice that has to be made for a classifier, is that of balancing the 
distribution of labels. When one of the class labels outnumber the other, it is called a majority 
class. If this majority is large enough, perhaps too large, the data is called skewed or 
imbalanced. Skewness usually has negative impacts for classifiers, as it tends to prefer to 
classify test samples as the majority class. Choosing a more balanced label distribution usually 
introduces fewer errors [11]. However, skewness can capture the “natural” distribution (as found 
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in real life) between classes. This means that the classification accuracy might still be high, 
despite the classifier sometimes erroneously favoring majority class samples. As an example to 
illustrate this, consider the case of classifying a rare disease. If this disease is found only in 2% 
of the population, a classifier achieving 98% accuracy would only have to guess that everyone it 
is asked to classify, does not have the disease. The same is true for a classifier trained on 
imbalanced data, since it favors the majority class it can perform well when tested on 
imbalanced data. However, if tested on a dataset with unusually large amounts of minority class 
samples, it will likely perform poorly. 
 
 

2.1.2 Receiver Operating Characteristic and Precision-Recall curves 
 
A receiver operating characteristic (ROC) curve can be used to illustrate how a binary classifier 
performs in terms of distinguishing between two classes. It adds another metric beyond 
accuracy when evaluating the performance of a classifier. In binary classification, the outcomes 
of classification fall into four categories as displayed in Fig 2, true positive, true negative, false 
positive and false negative. These are used for building a ROC curve. 
 
 

True positive 
(TP, correctly classified as positive) 

False positive 
(FP, incorrectly classified as positive) 

True negative 
(TN, correctly classified as negative) 

False negative 
(FN, incorrectly classified as negative) 

Fig 2. The four outcomes of binary classification. 

 
 
The true positive rate (TPR) as defined in Equation 1 is the proportion of true positive 
classifications among all positive samples. While false positive rate (FPR), as defined in 
Equation 2, is the proportion of false positives among all negative samples. 

 
PR T =  TP

TP+FN   
Equation 1. True positive rate. 

 
PR F =  FP

FP+TN   
Equation 2. False positive rate. 

 
The ROC curve measures the TPR on the y-axis, and the FPR on the x-axis. The higher the 
values for TPR in the curve, the better will the classifier separate between classes. A linear line 
identifies that a classifier cannot distinguish between classes. 
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The precision-recall (PR) curve is another tool for evaluating the performance of a classifier, and 
as the ROC curve also uses TPR. However, the PR curve is better at evaluating classifiers that 
were trained on imbalanced data, as they exploit weaknesses in such classifiers that the ROC 
curve can miss [12]. Unlike the ROC curve, it measures the precision, defined as the proportion 
of correctly classified positive samples, among all samples classified as positive. TPR is 
measured on the x-axis, called recall, while the precision is used in the y-axis. In Fig 3 a good 
performing PR curve can be found to the left, while a worse curve indicating random 
classification performance is seen to the right, lying close to its baseline. The baseline in a PR 
plot is a horizontal line of value equal to the proportion of positive samples among all samples, 
and PR curves along this line indicate a random performance in classification. 
 

 
Fig 3. PR-curve with good performance (left) (source: https://scikit-learn.org). Random performance (right), as the curve lies at the 

dotted baseline. 

2.2 Support vector machines 
SVM is a supervised machine learning method. It finds the best line that geometrically 
separates classes of data points, when their feature values are plotted in a coordinate system. 
SVM are usually used together with a margin surrounding the separating line, to restrict the 
number of possible seperating lines. Using a margin leads to better generalization of the 
classifier. A classifier separating two classes (red and blue) with a margin can be found in Fig 4.  
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Fig 4. A trained SVM using the data samples (consisting of 2 features, x and y) of classes blue and red, to find a separating linear 
curve. The rightmost green sample will be classified as red, and the leftmost green sample as blue. A margin (dotted) is used to 

restrict the number of possible placements of the separating line, likely leading to a better performing classifier when used on other 
data. 

 
 

 
SVM may be configured by making alterations in its penalty value and by using different kernels. 
The penalty value holds the relative importance of finding a classifier separating all data points 
and keeping them outside the margin, and finding a wide margin for better generalization. A 
higher penalty value prioritises keeping data points outside of the margin, rather than having a 
wide margin. A kernel is used to transform data from one dimension to another, which is useful 
for higher complexity of data points. In this study we use linear, polynomial and the radial basis 
kernels as shown in Fig 5. Each kernel has its own parameters that affect the characteristics of 
the resulting classifier. Different configurations of both the penalty value and the kernels will 
have different impacts on the accuracy and performance of the classifier, depending on the data 
used for training and testing. 
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Name Description Expression 

Linear Linear kernel is more computationally efficient. It 
adjusts a straight line to separate data.  (x, x ) ′  

Polynomial Polynomial kernel uses parameter degree to adjust it’s 
shape to better fit the line as a polynomial curve to the 
data points. 

   ((x, x ) ) ′  + r d   

Radial Basis 
Function (RBF) 

RBF is less computationally efficient but yields more 
complex shapes in the separating line e−γ· x−x| ′|2  

Fig 5. Kernels used in this study. 

 

2.3 Artificial neural networks 
ANN is another supervised machine learning method, that can be used for binary classification 
just as SVM. It models the nature of the neural networks found in the human brain, with the 
input data being passed through different layers consisting of neurons, making alterations to the 
input data before finally outputting a binary classification. ANN can be adjusted in the number of 
layers and as well in how large each layer is, in terms of neurons. A neuron takes input from 
other neurons in previous layers, and outputs the result of passing a weighted summation of the 
input, through an activation function. One of the most common activation functions is the 
sigmoid function. This output is then used together with other neighbouring neurons from the 
same layer, as input for the following layers neurons. An illustration of a single layer and its 
function is shown in Fig 6. 
 
 

 
Fig 6. A single layer with three neurons in an ANN. Each neuron performs a weighted summation of all data passed to it, applies the 

sum to an activation function and outputs the result (number between 0 and 1). 
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Training the network corresponds to finding fitting values for the weights of each neuron, given 
the desired output of the entire network. This is usually done in steps, called epochs, using a 
certain subset of the total training data in each step, the size of the subset is called the batch 
size. The type of ANN considered in this study are feedforward neural networks, meaning that 
connections between neurons only are allowed to move forward to the next layer, without any 
cycles occurring. There are more additional alterations possible to ANN. One of which has 
proved useful for avoiding overfitting in ANN, is the regularization technique Dropout. The 
method removes connections between neurons at random, reducing the size of the network and 
the risk of overfitting [13]. 
 
An ANN consists at least of a first layer feeding to the rest of the network the data used as input, 
and an output which in the case of binary classification is a single neuron. Additional layers to 
these are called hidden layers. There are many parameters to adjust when training an ANN. A 
study performed by Mahfuzah Mustafa et al claim that the best ANN model is a result from 
optimizing the number of neurons in hidden layers, the epoch, momentum rate and learning 
rate. Using this, the study tries out different values for these parameters and chooses the model 
with the highest accuracy and lowest mean square error [14]. There are, however, other aspects 
to consider regarding the overall performance of an ANN. ANN are time-consuming to train in 
comparison to SVM, and this might be a relevant variable to consider when comparing machine 
learning methods, at least when the computing power at hand is limited. 

2.4 DEAP dataset 
The DEAP dataset contains EEG-recordings with meta-data and other physiological recordings, 
also included in the data are user forms, filled in by the participants. The dataset involves 16 
participants watching 120 one-minute pieces of music videos varying in mood and genre and 
rating them based on emotions they experience, whilst measuring physiological responses and 
EEG. Also, 32 participants have watched 40 of the 120 videos and have rated the experience 
while EEG-monitored as above.  
 
The EEG recordings follows the international 10-20 system, which is a widely used standard 
describing the placement of electrodes on the scalp. The recording used 32 AgCl-type 
electrodes. The recording sampling rate is 512 Hz. The used data is split up in 32 .dat files, one 
for each participant. Each file contains two arrays, the one describing the EEG data has 
dimensions 40x40x8064 and contains all the EEG signals (8064 spread out over 63 seconds) 
for each recording channel, for each of the 40 watched music videos. The first 32 channels are 
EEG while the other 8 are physiological recordings such as temperature, respiration or 
plethysmographic recordings. The other array contains the labeling of the data, with dimensions 
40x4 describing valence, arousal, dominance and liking ratings submitted by this participant for 
all the 40 music videos. 
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2.5 Related work 

2.5.1 Applications of EEG analysis 
The Music imagery information retrieval (MIIR) project has attended the task of being able to 
detect a musical piece being imagined by a EEG monitored participant [15]. The study recorded 
EEG data from participants imagining short musical pieces, of which the authors mention a few 
options for analysis, including beat tracking, fingerprinting and tempo estimation. These 
approaches are different from using a classifier such as a SVM or ANN, in that they directly 
observe features of the data to extract information of the music being imagined. Musical 
information could for example be the tempo of the music, which in turn can be used to have a 
better chance of deducing the correct imagined musical piece. 
 
Another significant difference to our study is that our project aims to compare SVM and ANN to 
classify responses and liking of music, while MIIR aim to extract which songs the participants 
are imagining. The MIIR project still does contribute towards the same purpose as this study. By 
gaining information of which musical pieces are being imagined by participants, the system 
could simply ask the participants to imagine songs they like. In this way, the system could still 
build a record of the participants favorite songs. 

2.5.2 Studies using DEAP dataset 
A number of studies have been performed using the DEAP dataset, either using the data for 
statistical analysis or for classification. One study performed by the authors of the DEAP dataset 
have investigated, among other things, correlations between the EEG signals and the user 
ratings in the dataset. Also analysed was the distribution of the ratings of the music videos, 
where a few videos were noticed to be given more extreme ratings than others [10]. Another 
study also using the DEAP dataset for emotion recognition and classification uses CPPN 
(Compositional pattern-producing network) which is a variation on ANN [16]. Neither of the 
studies do however compare several machine learning classification methods on the data. 

2.5.3 Comparison of machine learning methods 
Studies comparing SVM and ANN for a specific application within EEG based prediction, seems 
to be quite relevant within this research area. One study states that comparisons of SVM and 
ANN always provides fruitful results. The study compares these two machine learning methods 
in eye event inflicted EEG data. It is concluded that for such data used for this specific problem, 
SVM has better accuracy than ANN. The SVM had a maximum accuracy of 90.8% while the 
ANN had 86.8%. Other measurements of performance than accuracy were not used. The study 
compared SVM with polynomial, linear, quadratic and radial basis kernels, whilst using two 
different network configurations for the ANN [8]. Another study, comparing ANN and SVM for 
drowsiness detection found instead ANN to have better performance [9]. The study used EEG 
data from 10 participants and used ROC curves together with measuring classification accuracy 
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as comparison metrics. For handling the data, they used a Fourier transform on the EEG data 
and perform averaging in several frequency domains resulting in 9 features. 

3 Method 
In the comparison between ANN and SVM in classification of music preference, the first step is 
to format the EEG-data to fit the hardware limitations without substantial reductions in prediction 
quality. Fourier transformations on cropped parts of the data were used to limit computation 
workload. The best possible configurations of both machine learning methods should then be 
gathered by optimizing parameters and selecting optimal channels. A comparison of the both 
methods via t-test, which is used to indicate the significance of our results, and Precision-Recall 
curves were made to measure the classification performance of our trained models. Also, 
comparisons of training time between SVM and ANN were performed using the optimal 
channels and configuration. We also compared the classification accuracy when using different 
types of input data, such as raw EEG data and Fourier transformed data, both of varying sizes. 

3.1 Preprocessing 
Preprocessing of the EEG data is provided by the DEAP dataset. The EEG data was 
downsampled to 128 Hz and EOG (Electrooculography) artefacts (eye movements), were 
removed. A bandpass frequency filter from 4.0-45.0Hz was applied [10]. 
 

3.2 Data manipulation 
The DEAP dataset contains ratings by the participants of their preference of the watched music 
videos, on a continuous scale from 1 to 9. The 32 participants, watching 40 music videos each, 
are the main source of data for the project as we are interested in their preference ratings of the 
watched music videos. These ratings are used together with the corresponding EEG data to 
train the SVMs and ANNs. To obtain access to the data, we needed to ask the owners of the 
dataset for permission, which they granted.  
 
Since the aim of the project is to be able to detect positive preference of music, it was decided 
that a binary classification was suitable, where the dataset is divided into two parts indicating 
very negative/negative and a stronger positive preference of the music. The data is examined to 
choose a dividing rating that enough captures a higher preference, without skewing the data too 
much by having too few positive samples. This analysis of the data is found in 4.1 Statistical 
analysis. This will lead to an imbalanced dataset, with more data samples of one of the classes 
than the other. Just for examining the effects of imbalancing the data, another experiment will 
be run on an even distribution between the two classes. Precision-recall curves will be produced 
for both the balanced and imbalanced classifiers. 
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Since the DEAP dataset contains 32 participants, watching and rating 40 music videos, with 
EEG data spread out on 32 channels, some manipulation of the data is needed before training 
the SVMs and ANNs. Firstly, as described in 3.3 Channel selection, the three most important 
channels are chosen to reduce the input data size. However, the EEG data is still spread out on 
3 channels each consisting of 8064 sized vectors of EEG activity. To compress the data into 
one single unit, these 3 channels were added one after the other, sequentially, in a vector of 
size 3*8064 = 24192. This was feasible time-wise for training the SVM, but training the ANN 
with input data of this size was too time demanding. It was instead chosen that each channel in 
this 24192 size vector should be cropped and passed through a Fourier transform, using the 
amplitude data obtained from the transform. Doing this, each channel was compressed from 
size 8064 to 20 for the ANNs, and 250 for the SVMs since a larger data size, unless too large, is 
assumed to increase classification performance for SVM, while a size larger than 250 would 
consume more training time than the ANNs when training on size 20. Using the first 20 and 250 
elements of the EEG channels is an alternative to for example using averaging techniques as in 
[9], and the resulting performance of the classifiers can have implications in which stages 
musical preference happens in the brain. If proven to be inefficient, our study and methods can 
simply be replicated with other formatting approaches. 

3.3 Channel Selection 
To reduce the dimension of the input data, and by doing so also the training time, an exhaustive 
channel selection algorithm is used for finding the three, and the single, most important 
channels. The exhaustive search for one single channel is performed in order to gain orientation 
in what channels are more important than others, while the three selected channels will be used 
for training the SVMs and ANNs used for the comparison. The algorithm tests classifiers trained 
on all combinations of 3 out of the 32 channels, and selecting the combination achieving highest 
accuracy. The same is done with the single channel. The tests are performed using test data 
from random splits of the dataset, using 33% for testing and the rest for training. To investigate 
whether different channels are important for different classifiers, the algorithm is run using both 
SVM and ANN configured as described in Fig 6 and Fig 7.  
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Parameter Value 

C 1 

gamma 0.01 

kernel rbf 

Fig 6. Configuration for SVM 

 
 

Layer Value 

1 300 

2 200 

3 Dropout 

Fig 7. Configuration for ANN 
 

 
Channel selection does not only reduce training time but also avoids other issues associated 
with having a large number of features in the input data. 3 channels are chosen because more 
than 3 would be too computationally heavy, timewise. The algorithm iterates through all 4960 
combinations of the 32 channels whilst taking a mean of 10 summative results in accuracy from 
the corresponding classifier, and using the combination with highest mean as the final selection 
of channels, which will be used in training and testing of the SVMs and ANNs. 50 tests are 
performed for each classifier when using a single channel. 
 

3.4 Training and configuration of SVMs and ANNs 
An SVM can be configured in three ways: different kernels, penalty value and changing 
parameters within the kernel functions. Since there are only three parameters to be adjusted, it 
is a straightforward process to adjust these to find the optimal configuration. For an ANN the 
possible configurations are many more. Because of the large number of possible parameters to 
adjust, and the many variations of different ANNs, the focus will be on adjusting the parameters 
mostly relevant to the structure of the ANN, the number of neurons/layers and using Dropout. A 
sigmoid activation function is therefore used for all networks, and all dropout layers are 
restricted to dropping half of the connections in the layer. Configuring the ANNs concerns 
adjusting the number of layers, from 1 to 4, with each layer of size either 100, 250, 750 or 1000. 
All possible permutations of the layer sizes are used. No repetition of layer sizes is allowed. For 
each such permutation, all possible combinations of adding dropout to layers is considered. At 
least one layer uses dropout in all configurations. This gives rise to 568 configurations to test in 
ANN. Testing all 568 configurations is however too time consuming, which was realized after 
running 49 configurations. According to our calculations, running each configuration 10 times 
and randomly only picking one fifth of the remaining 519 configurations would reduce the testing 
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time enough for the project to be finished in time. 49 configurations were tested according to the 
setup as described above. Reducing the remaining configurations to a fifth means that 152 
configurations in total were tested.  
 
Furthermore, a batch size of 128 is used and each model is given 20 epochs, since these 
values for the parameters gave stabilized high training accuracies when training of a few 
networks experimented with finished. For SVM, radial basis, polynomial and linear kernels are 
used. With radial basis, new configurations of the model are trained using gamma and penalty 
values ranging from 0.001 to . For polynomial kernel, degrees are varied from 1 to 6.1010  
Penalty values are varied for polynomial and linear kernels the same way as for radial basis. 
Gamma was set to  in polynomial kernel to reduce training time, which for some reason 10−7  
unknown took a lot of time for gamma values above . A total of 201 different SVM 10−7  
configurations were tested. 
 
 

ML-method(kernel) Parameters Description Domain range for testing 

SVM    

 Penalty value Eases the restrictions in how the 
hyperplane is separated as data 
points are let to be within the 
boundary, to a certain degree 

1010−2 →  10  

(Polynomial Kernel)    

 Degree The degree of the polynomial. 1  4→  

 Gamma Smaller gamma leads to higher 
variance, but less bias  

set to 10−7  

(Radial Basis)    

 Gamma Smaller gamma leads to higher 
variance, but less bias 

1010−9 →  3  

(Linear)    

ANN    

 Number of 
layers 

More layers can increase 
accuracy, but might cause 
overfitting. 

1  4→  

 Layer size Same as above. Dropout can also 
be used between layers. 

100, 250, 750, 1000 

Fig 8. Testing parameters of SVM and ANN. 
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3.5 Testing 
To compare the classification performance of SVM and ANN, first an optimal configuration is 
calculated for the two methods respectively, after which these two can be compared to each 
other. To calculate the optimal configurations, each configuration described in 3.4 Training and 
configuration of SVMs and ANNs is tested 20 times to obtain a mean of classification accuracy. 
Ideally, even more than 20 tests should be run. More than 20 tests would not be feasible 
time-wise for this study, however. To reduce testing time, only the first 49 ANNs were tested 20 
times each, as the others were only run 10 times. 
 
Each test is done with a random split of training and testing data, with 33% testing data and the 
rest used for training. This would on average produce similar results as k-fold cross validation, 
with k = 3. The sample standard deviations of the accuracies, for each configuration, are 
controlled that they are low to make sure that the calculated mean is reliable and close to the 
expected value. The two best performing configurations, in terms of accuracy, are selected as 
candidates for both SVM and ANN. Finally, a t-test is performed on the two chosen candidates 
where 150 tests each are used for comparison. A t-test with independent means but dependent 
variance is used, since most of the variance in the results will be due to different data used for 
training and testing, which is varied equally for both the SVMs and ANNs. 
 

4 Results 

4.1 Statistical analysis 

4.1.1 Distribution of preference ratings 
The distribution of preference ratings in the dataset is central to the study. Preferences of the 
music videos were gathered on a scale from 1 to 9. The mean preference rating over the total 
1280 submitted ratings is 5.52 and is distributed as shown in Fig 9. As seen in Fig 9, ratings of 
6, 7 or 8 were the three most common ratings. A rating of 8 or higher was only given in 19% of 
all the rated music videos, and 6% of all the ratings were 9. 8 was chosen as the dividing rating 
because it hopefully captures a small enough portion of the votes to indicate a stronger positive 
preference of the music, but not as small as the rating 9 which could, due to the relative small 
number of samples, lead to a too imbalanced set of data samples. This lead to the choice of 8 
as the dividing rating in the classification problem, dividing the data samples in a class indicating 
positive preference (if the rating was 8 or higher) or a lower preference class. 
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Fig 9. The number of occurrences of each preference rating, from the total 1280 ratings submitted by the participants. 

 

4.1.2 Familiarity 
The participants also entered familiarity of the music videos during the trials. There is a weak 
correlation of 0.42 as seen in Fig 10 between positive preference and familiarity of the music 
videos. 
 

Covar 1.44426493 

Correlation 0.419595594 
Fig 10. The correlation between familiarity of the music videos, and higher preference ratings. 

 

4.1.3 Comparing input data formats 
We compared different input formats for SVM and ANN, using optimized channels and 
configurations gathered from the following sections, and how well those data formats performed. 
The tests were run 150 times for SVM, and 10 for ANN since it is more time consuming. The 
Fourier transform of size 20 uses the accuracy result from the parameter optimization process in 
4.3 Optimizing parameters, where 150 tests were run. For SVM, the Fourier transformed 
EEG-data is of size 250. Following this is a Fourier transform of full size (8064) and lastly the 
raw channels of EEG data with 8064 data points. It was found, as seen in Fig 11 that the 
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difference in accuracy between the input data format reached a maximum of about 0.2 percent 
units with a sufficiently low standard deviation, for SVM. For ANN, a drop in accuracy was 
observed when using the raw EEG data as presented in Fig 12. 
 

 
Fourier with cropped 
input of size of 250 

Fourier with full size 
input of channel size 

Raw full EEG data as 
input 

Average accuracy 0.8595 0.859 0.857 
Fig 11. Input formats and their accuracies for SVM. 

 
 

 
Fourier with cropped 
input of size of 20 

Fourier with full size 
input of channel size 

Raw full EEG data as 
input 

Average accuracy 0.864 0.861 0.754 
Fig 12. Input formats and their accuracies for ANN 

 
 
 
 
 

4.2 Channel Selection 

4.2.1 Channel selection using one channel 
The single channel selection process searched all channels one by one to find the one channel 
with the highest importance for achieving good accuracy. The configuration parameters of the 
SVMs and ANNs were not optimised in this procedure. Fourier transforms of input size 250 for 
SVM, 20 for ANN, were used to reduce the dimension of the data. The accuracies over all 32 
channels, both when using ANN and SVM, are illustrated in Fig 13 below in perspective of the 
electrodes placements on the scalp. For ANN, the accuracies vary from 0.843 to 0.890 and 
0.855 to 0.863 for SVM. 
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Fig 13. To the left is a heatmap (white to red) of accuracies using single channels with SVM. To the right an ANN was used. 

 
 

4.2.2 Channel selection using three channels 
The exhaustive search for the optimal combination of 3 channels provided the following results, 
as seen in Fig 14 and Fig 15 for SVM and ANN respectively.  
 
 

Best channel range (SVM) Accuracy 

AF4, Fz, P8 0.875853658536585 
Fig 14. Best performing combination of channels for SVM. 

 
 

Best channel range (ANN) Accuracy 

Fp1, FC5, FC2 0.9097560958164495 
Fig 15. Best performing combination of channels for ANN. 

4.3 Optimizing parameters 
The comparison between SVM and ANN has to be such that both models have to be given an 
adequate chance of displaying its potential. This is done by optimizing the parameters of the 
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methods. First, an arbitrary configuration of both ANN and SVM is presented, to then be 
compared with the optimal configurations that were the results from the optimization algorithms. 
The three optimal channels from the channel selection, for SVM and ANN respectively, are used 
in all classifiers. 

4.3.1 Before Optimizing 
Using the selected channels from the channel selection process, and random configurations, 
produced the results given in Fig 16, for ANN and SVM. For SVM, penalty parameter is set to 1 
and gamma is set to 1 divided by the number of features in the dataset. The ANN consists of 
two layers, of sizes 300 and 200 followed by Dropout to the output layer. The data is Fourier 
transformed to size 250 and 20 for SVM and ANN respectively. 150 tests were run for both. 
 

 Mean Standard deviation 

SVM 0.858 0.015339 

ANN 0.865 0.002935 
Fig 16. Two randomly chosen configurations, and their performance. 

 

4.3.2 After Optimizing 

4.3.2.1 SVM configuration 

Described below in Fig 17 is the configuration for SVM with the highest observed accuracy in 
the exhaustive search. The results over all parameters are shown in Fig 18, where blue means 
higher accuracy. Only a plot using radial basis is used since it was shown to be the best one in 
the configuration tests.  
 
 
Kernel Penalty gamma accuracy Standard Deviation 

rbf 100 0.0001 0.864 0.01681768597 
Fig 17. Best performing configuration for SVM. 
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Fig 18. Heat map over rbf kernel parameters gamma and penalty value. 

 
 

 
In Fig 19 the best configurations of each kernel is presented. As the sample standard deviation 
is 1-2%, and each kernel has an accuracy of roughly 86%, there is not a significant difference in 
performance among these. However, radial basis still has the highest accuracy and the 
configuration in Fig 17 is chosen as the candidate for SVM. 
 

Kernel Accuracy Standard Deviation 

Linear 0.863 0.018150495749301 

Polynomial 0.86 0.0163212374591397 

Radial Basis 0.864 0.016817685974777 

 
Fig 19. Results for each kernel’s best performing configuration. 

 
 

26 



 

4.3.2.2 ANN configuration  
As the tests of the ANNs were finished there were two configurations contending for highest 
accuracy. One configuration with 90.2% was less reliable, with only 10 tests run, and the other 
with 90.1% was more reliable since 20 tests were run. Another test of these two, with 150 
testing rounds, was run to elect one of those candidates as the better performing configuration. 
The less reliable one had a significant drop in accuracy, averaging 85,6%. The other had 86,4% 
accuracy and was elected as the candidate configuration for ANN. This configuration can be 
found in Fig 20. 
 

Layer Nodes 

1 (with dropout to layer 2) 1000 

2 (with dropout to output layer) 750 

Output 1 
Fig 20. Final candidate for ANN. 

4.4 Running the final test for ANN and SVM 
The last test used the optimal 3 channels and configurations of SVM and ANN to run 150 tests 
of both these models. The results from the tests are shown in Fig 21 and display a slightly 
higher accuracy for ANN.  
 

 SVM ANN 

Average accuracy 0.858 0.864 

Standard Deviation 0.015 0.018 
Fig 21. The final accuracies for the SVM and ANN candidates, after running 150 tests each. 

4.4.1 T-test 
A t-test was used with the data from running the final test, to see if there is a significant 
difference in the accuracies of the two models. The two-tailed t-test gave the following result 
shown in Fig 22, indicating a very low p-value. The result of the t-test is significant at 
significance level less than 0.01. 
  
p-value 0.004 

Significance level <  0.01 
Fig 22. Result of the t-test. 
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4.4.2 Precision-Recall 
In order to check the quality of the final two classifiers, PR curves were constructed.  PR curves 
using a balanced distribution of classes (removing 20% of all samples of class negative 
preference) were used to measure the impact of using imbalanced data. As seen in Fig 19, the 
curve for the optimal SVM configuration is close to the baseline, meaning the classification can 
be assumed to be approximately random. The curve on the balanced data performs similarly. 
For ANN the difference of the curves, as seen in Fig 20, between balanced and imbalanced 
data were slightly increased compared to that of SVM, by 3 percentage points.  
 

        
 

Fig 19: Precision-Recall using optimal SVM on imbalanced(left) or evenly(right) distributed data. 
 

 
Fig 20. Precision-Recall using optimal ANN on imbalanced(left) or evenly(right) distributed data. 
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4.5 Training time comparison 
Both SVM and ANN were trained using optimal channels and configurations, on Fourier 
transformed data as described in the method chapter, of sizes 8064, 4032, 2016, 1008, 504 and 
252. 10 tests were run for each size. The results are plotted in Fig 21 below. 
 

 
Fig 21. The average training time for SVM and ANN, with data sizes from 252 to 8064. 

 

5 Discussion 

5.1 Reliability of results 
As mentioned in the Methods chapter, a few restrictions were made when testing the ANNs to 
reduce the testing time. The original plan was to test 568 configurations for ANN, but 152 were 
tested instead. The number of configurations for SVM remained. Because of the way the 
reduction of configurations were made, mainly the dropout layer combinations were reduced. 
This means that there still are many permutations of layer sizes tested. Due to the small 
variance in performance, it is unlikely that any much better performing configurations would 
have been found without the reduction, as all tested configurations performed no large 
differences in accuracy. Also, the best performing ANN was shown to have significantly better 
accuracy than SVM, meaning that this reduction in the number of tested configurations of ANNs, 
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could not negatively affect the end results for ANN. Roughly the same number of ANNs and 
SVMs were tested making the comparison fair. 
 
Another question that needs to be dealt with is that the highest achieved accuracies in the 
channel selection, are higher than those of the chosen final candidates for SVM and ANN. In a 
worst case scenario, we simply did not test each configuration in the channel selection enough 
times to have a reliable result. This could be the case, since the testing was done on random 
splits of the testing data, instead of a perhaps more robust cross-validation approach. With each 
configuration having a sample standard deviation of roughly 1%, or less, an explanation of the 
better performing channel selection configurations would simply be that they could as well have 
performed 1% worse, while the final candidates from the parameter optimization process could 
have performed 1% better. Also, only 10 tests were run in the channel selection, compared to 
20 in the parameter optimization, these selections were done because of hardware and time 
limitations, as mentioned in Method. 150 rounds were used in the final test between the final 
candidates for SVM and ANN, explaining the further drop in accuracy. However, despite 
choosing two random configurations and comparing these to the optimal ones, using 150 tests, 
the accuracies were similar. This shows that there possibly is no large impact from optimizing 
the parameters, as two random configurations have similar accuracies as the ones picked from 
the optimization algorithm. This could be explained by, as discussed in 5.2 Quality of classifiers, 
that all trained classifiers are close to performing randomly. This means that there potentially 
does not exist anything to optimize as all configurations are equally poor. 

5.2 Quality of classifiers 
The models are trained on imbalanced data split up in samples with preference ratings of 8 or 
higher, and all lower ratings. No balancing of this data is done, as the natural distribution arising 
from the data split is used, with 19% positive classes indicating positive preference. Such a 
configuration could be beneficial in specific scenarios. If the distribution between the classes 
(19%-81%) is natural, meaning that this is the true ratio (as found in nature) between the 
preference ratings, our classifiers will achieve said accuracy results on average, when similar 
music playlists as used in our study are played for random selections of people. This is only due 
to the fact that the classifiers are biased towards classifying the majority class, and hence brings 
similar value as a random classifier classifying the majority class in 81% of the time. Also, if 
used on a person with a very specific taste in music, and the songs played just happen to fall in 
this person's taste, the classifier would likely still classify roughly 81% of the music as being 
disliked by this person.  
 
The only positive aspect from the accuracy results is that they achieve slightly more than 81% in 
accuracy, probably indicating better than random performance. This is also seen in the PR 
curves as the curves are not completely aligned with the baseline. The classifiers must then 
have learned, although to a very limited extent, some of the characteristics of the problem of 
musical preference classification. A step towards better performing classifiers could be by 
balancing the data. A note of caution, however, is that the PR curves indicate no difference in 
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performance between the optimal classifiers when used with balanced, or imbalanced data. This 
could indicate that balancing the data would not lead to better classifiers. We only used two 
classifiers for these plots, meaning that it is likely that other configurations of ANN and SVM, 
using balanced data, could result in much better PR curves. 
 
Another obvious action in trying to improve the classifiers, is in using other formats on the input 
data used for training. Only the first 20 to 250 data points of EEG data (out of 8064) were used, 
and besides that also a restricted amount of 3 (out of 32) EEG channels. Many of these 
formatting choices were made due to computational restrictions for this project. For the 
reduction from 8064 down to 250 and 20 in data size, it was even shown that this seemed to not 
affect the accuracy negatively. This is however likely due to that using 8064 points from each 
EEG channel simply leads to overfitting, meaning that the classifiers adjust themselves too 
much to the training data while performing worse on unseen data. So the reduction in data size 
possibly affects the classifiers ability to learn negatively, but this is compensated for by the 
increase in accuracy from reducing overfitting along with the data size. Recommended would be 
to use averaging techniques, such as in [9], as this would utilize all information present in the 
EEG data while still only having very few features, reducing the risk of overfitting. This could 
lead to the classifiers performing better in terms of PR curves, which would make for a more 
reliable comparison between the two methods.  
 
Comparing two classifiers only performing slightly better than random, but one of them (ANN) 
with consistently slightly better accuracy, confirmed at a significance level of 0.01, certainly is 
difficult to draw conclusions from. What this could possibly mean, is despite both our SVM and 
ANN performing just slightly better than random, ANN has a small advantage in accuracy. This 
accuracy is however, as already mentioned, not reliable. This could at beforehand just as well 
mean that ANN has a slightly stronger bias towards classifying the majority class, as this in our 
case results in higher accuracy. As both classifiers achieve better than 81% accuracy, this can 
however not be the case. Favoring the majority class can not lead to accuracies higher than 
81% in our dataset. The difference between ANN and SVM at roughly 85% to 86% accuracies, 
must then be due to other reasons, perhaps the ANN having learned the problem of musical 
preference classification better. This comparison is however not enough to gain a good insight 
into which machine learning method to prefer, as probably none of the models we have trained 
would be useful in real life settings. As stated, one way of achieving better performing models 
would be to consider other data formats. Additional to this, balanced data needs to be tested as 
well for training the classifiers. Hopefully, some of these, or other, alterations to our methods 
could result in better performing classifiers, which would make a comparison between them 
worth more. 

5.3 The classification problem 
The classification problem can be modeled in many ways. It would likely be too difficult for the 
machine learning methods to discern between the each of the nine ratings. Binary classification 
should be suitable since the purpose of the project is to detect whether positive preference of 
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music is present or not. The dataset was divided into two classes which indicates disliking or 
liking of the music. A question also central to this study is what dividing rating is appropriate to 
capture the liking of the music videos. A dividing rating of 8 was chosen since ratings 8 and 9 
represent a small enough portion of the ratings to divide the population of data justly to the 
intended classification problem.  
 
How preference was rated by the individual participants, may be an important piece of 
information that we did not have. It is possible that the songs used in the DEAP dataset were 
rated relative to each other, where a 9 would mean that the song was among the better ones in 
this particular selection. Other participants may have rated the songs on an absolute scale, 
surpassing the experiment selection and only giving high ratings to songs they really like 
universally. Since we do not know which approach to rating the participants used, it is not 
possible to know whether 8 is a good dividing rating to capture stronger positive preference of 
the music. 
 
Analysing the distribution of preference ratings, it was found that the ratings were shifted to 
higher values, with the mean rating being 5.52. This means that the participants were more 
likely to give slightly higher ratings to the music videos. It is possible that the music itself 
represents the participant selection’s average music preference, or that the population has a 
tendency to give higher ratings. The correlation between familiarity and liking is another factor. 
 
It is complicated to recognize how judgment and behaviour of the participants affects our study 
and how much of our results are due to biases in the population. Investigations in the 
psychology behind the participants patterns in their ratings, and deduction in the methods used 
when collecting the data is a crucial factor to reliable and well performing classifications. To 
generalize the comparison of ANN and SVM for musical preference classification, other similar 
studies needs to be done on other populations. 
 
The relevance of the music video materials are a point of interest. We did conduct that there 
was to some extent representative accuracy in the predictions. It is therefore fair to state that 
the music videos had some, but possibly minor impact on the results. A much greater accuracy 
could be flagging for deficiencies in the data, for bias or some other error in the calculations, 
however this is suggested not to be the case. How using music-videos instead of music affected 
our research question is unclear as studies regarding the difference in brain signal patterns 
between music and music-videos has to be done to determine this. 

5.4 Time aspects 
Already well known within machine learning is that SVM is much faster to train than ANN. This 
was verified in our results. This could be an important metric on which to base a decision of 
whether to use ANN or SVM, especially if there are computational limitations as was the case 
for this study. Further on, there was no observed trade-off in quality and time when switching 
over to Fourier transforms for the ANN and SVM in our earlier tests as seen in 4.1.3 Comparing 
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input data formats. Our adjustment of the Fourier transform first reduces the dimension of each 
datapoint from 8064 to 250 and 20, to reduce the computation time, and then calculates the 
Fourier transform. Limiting the data into intervals could be important in order to avoid input data 
of high dimensions, since they increase the risks of overfitting. With a sampling rate of 128 Hz, 
250 and 20 data points would capture 2 seconds and 150 milliseconds respectively. This is only 
one interval of many possible, and more intervals could be tried since they could have different 
relevance for training classifiers. 
 
Since there was a weak correlation between liking and familiarity, it is possible that using a 
shorter interval of the first few seconds of the measurement would be sufficient for the classifier 
to provide accurate results. This is because familiarity of a music video probably happens very 
quickly, possibly within the short span of the data we have used. This would only work if the 
feeling and process of experiencing familiarity can be captured in EEG. Limiting the data to the 
first 150-2000 milliseconds probably was too narrow, and it raises the question whether the 
short time span is sufficient for the classifier to detect either liking or familiarity patterns. 
Familiarity could, however, have been captured during this short span since the classifiers did 
perform slightly better than random. It is of course not clear if this is due to familiarity being 
captured in the EEG. It is reminded that the correlation between familiarity and high preference 
was weak, and the connection should be taken lightly. Patterns other than familiarity could be 
present in the EEG data which would be used in the classification process. Future studies would 
need to discover this aspect. However, other tests in the future may want to weigh in the 
familiarity aspect also, as long as the model is not dependent only on familiarity. 

5.5 Final conclusions 
ANN perform better than SVM with 86.4% against 85.8% in accuracy, when tested on hundreds 
of configurations along with optimal choices of EEG channels. This advantage in accuracy is 
however not substantial, as neither ANN or SVM managed to perform much better than a 
random classifier. The high accuracies are due to testing on an imbalanced dataset, with 
classifiers biased towards the majority class. SVM is significantly faster to train, making it a 
better choice for use within projects with limitations in computation power. Improvements in data 
formatting, where averaging over the entire EEG channels is used, could prove useful for 
achieving better performing classifiers, and also a more trustworthy comparison between SVM 
and ANN for EEG-based musical preference classification. Our results would however indicate 
that detecting musical preferences using these machine learning classification methods on EEG 
data, is a difficult task. 
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