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Abstract. Information Need (IN) is a complex phenomenon due to the
difficulty experienced when realising and formulating it into a query for-
mat. This leads to a semantic gap between the IN and its representation
(e.g., the query). Studies have investigated techniques to bridge this gap
by using neurophysiological features. Music Information Retrieval (MIR)
is a sub-field of IR that could greatly benefit from bridging the gap be-
tween IN and query, as songs present an acute challenge for IR systems.
A searcher may be able to recall/imagine a piece of music they wish to
search for but still need to remember key pieces of information (title,
artist, lyrics) used to formulate a query that an IR system can process.
Although, if a MIR system could understand the imagined song, it may
allow the searcher to satisfy their IN better. As such, in this study, we aim
to investigate the possibility of detecting pieces from Electroencephalo-
gram (EEG) signals captured while participants “listen” to or “imagine”
songs. We employ six machine learning models on the publicly available
data set, OpenMIIR. In the model training phase, we devised several ex-
periment scenarios to explore the capabilities of the models to determine
the potential effectiveness of Perceived and Imagined EEG song data in
a MIR system. Our results show that, firstly, we can detect perceived
songs using the recorded brain signals, with an accuracy of 62.0% (SD
5.4%). Furthermore, we classified imagined songs with an accuracy of
60.8% (SD 13.2%). Insightful results were also gained from several ex-
periment scenarios presented within this paper. Overall, the encouraging
results produced by this study are a crucial step towards information re-
trieval systems capable of interpreting INs from the brain, which can help
alleviate the semantic gap’s negative impact on information retrieval.

Keywords: Information systems - Information retrieval - Music Re-
trieval - Brain - EEG - Machine Learning.

1 Introduction

All Information Retrieval (IR) systems aim to satisfy searchers” Information
Needs (IN). Many IR systems rely on the searcher to assess their information
requirements and convey them to the system, typically in the form of queries
[58]. However, conventional queries may suffer from semantic gaps between the
searcher’s true IN and their formulated query [54,17]. Various studies [34] have
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tried to alleviate this problem by designing an IR system capable of under-
standing INs from biological features. Studies such as [36] focus on the use of
Functional Magnetic Resonance Imaging (fMRI) to analyse the Blood Oxygena-
tion Level Dependent (BOLD) signals to detect which areas of the brain are
more active in the process of realising IN. Alternative methods to fMRI, such as
Electroencephalograms (EEG), have been employed to understand further how
INs are realised within a subject [28].

A subdivision of the IR field that may greatly benefit from the development
of an IR system that can interpret INs from the brain is Music Information Re-
trieval (MIR) [46]. MIR is exploring and organising enormous amounts of music
or music information based on its relevance to specific queries [46]. Recently this
area has seen the use of EEG data to extract music-related information from
subjects [30,15,49]. Prior studies have shown the ability to extract the tempo
and meter of the music stimuli subjects are exposed to from their EEG data [50].
At the same time, others have successfully utilised EEG data that was recorded
while a subject listened to a segment of music. To then determine which song
the subject perceives solely from their brain signals.

Although these prior studies have demonstrated the potential of Perceived
EEG song data for extracting music-related information [51, 49|, they have yet
to effectively demonstrate the ability of Imagined EEG song data to extract
song-related information for potential use within an IR system, which could then
be consolidated into a MIR system, allowing for more efficient satisfaction of a
searcher’s IN. Thus, to start building towards a brain-driven MIR system, in
this study, we aim to answer the following research questions:

— RQ1: “Is it possible to classify a song from subjects’ EEG data whilst Per-
cewing a given song?”’

— RQ2: “Is it possible to classify a song from subjects’ EEG data whilst Imag-
ining a given song?”

— RQ3: "How similar are Perceived and Imagined EEG data? and can they be
used interchangeably for training and testing of machine learning models"

— RQ4: “How much of a song would a subject have to Perceive/Imagine before
the system can produce accurate results?”

2 Background

2.1 Information Need Complexity

Information need (IN) is one of the key concepts in IR theory [24]. The subjective
nature of IN makes it complex for IR systems to fully comprehend [44]. The
source of this complexity lies in the IN’s paradoxical nature, meaning that unlike
many other essential human needs such as hunger or fatigue, the information that
a subject requires to satisfy their needs is most likely unknown to the searcher.
In prior studies, this has been explained by the idea that an IN is “intangible and
visceral” and thus is “unknowable and non-specifiable”, this creates a conundrum
for the searcher such that if they are unable to create a query proficient enough
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for an IR system to understand and retrieve relevant documents, then they are
unable to satisfy their IN [4,7]. An IN can link to a discrepancy in knowledge
[2, 3], uncertainty [61,26], anxiety [8], dissatisfaction [52], or doubt [54]. Many
researchers have attempted to better understand this complex phenomenon in
the past [2,26,53|. Searchers will realise an internal IN when presented with a
gap within their Anomalous States of Knowledge (ASK) [4]; this, in turn, sets the
search process into motion. A searcher would begin this process by transposing
their IN into a suitable query processable by an IR system, this then prompts
the IR systems to retrieve documents likely relevant to the initial query to fulfil
the searchers IN [§], followed by the searcher reviewing the documents presented
by the IR system and taking in any relevant information to satisfy their IN [36].
Unfortunately, it is common that when reviewing the output of the IR system,
searchers will find that their IN is not sufficiently satisfied [43] firstly, since the
IN was not formulated correctly. Secondly, due to the transformation of the IN
into a query represented by keywords, which are considered to be noisy and
uncertain [17] as they are limited as to how close they can be to the IN [54].

2.2 NeuraSearch

Recently, studies have begun utilising neurophysiological features from searchers
in an attempt to understand IN information, this area of research has gone un-
der the term NeuraSearch [28, 31]. The widely utilised neuro-imaging modalities
for this purpose include EEG [41,37,1, 13, 18,20, 32, 34, 33,57, 35], Functional
Magnetic Resonance Imaging (fMRI) [32,34, 37, 39, 40], Magnetoencephalogra-
phy (MEG) [23], Functional Near Infrared Spectroscopy (fNIRS) [27,29]. Among
these powerful techniques, EEG has drawn more attention from researchers be-
cause of its high temporal resolution (millisecond scale) and unobtrusiveness.
EEG can be deployed in both clinical settings, such as to predict patients’
epileptic seizure [56], stroke [19], or brain tumour [22], and non-clinical settings,
including detecting fatigue [11], or performing a recognition task [9] or a reali-
sation of IN [10]. Research conducted by [28,6,21] saw the utilisation of EEG,
which has a high temporal resolution that allows for real-time capture of brain
signals and Event-Related Potentials (ERP) to observe the brain whilst partic-
ipants developed an IN. It can facilitate information acquisition performance
[60]. The findings of this study [59] showed that the realisation of an IN is devel-
oped within the brain before the consciousness of the subject observes it. With
the development of the understanding and processing of INs from neurophysi-
ological features [48,55], the possibility of using said features within practical
applications to overcome the issue of noisy and ill-defined IN queries becomes
even more feasible [1,28]. A core area within IR that suffers substantially from
the use of keyword queries is that of MIR. This is because current MIR systems
require users to present their query using metadata such as the song title, lyrics,
or the artist’s name [46]. However, if the IN needs to be defined and the searcher
cannot recall these pieces of information, they may have to imitate the desired
song through singing/humming [51]. As a result, MIR may benefit significantly
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from an IR system capable of processing internally imagined song information
as a query and obtaining relevant documents to the imagined song query [42].

2.3 Neuroscience and MIR

Recent works have begun incorporating neurophysiological data with Music In-
formation Retrieval (MIR) applications. An early example of using EEG within
MIR can be found in [45], where researchers had 10 participants listen to 7
short melody segments ranging from 3.26 to 4.36 seconds. A logistic regression
classifier was utilised to classify the ERP of each trial. This study showed an
above random classified accuracy that, when applied to individual subjects, var-
ied from 25% to 70%, whereas when applied across all subjects, it ranged from
35% to 53%. Within works by [51], the researchers created the OpenMIIR data
set, which contains the EEG data of participants who were recorded while ex-
posed to several short music segments, as well as the recordings of those same
participants asked to then imagine the song segment. This data set was then
used in a follow-up study by [50], in which the researchers attempted to classify
which song the participants were perceiving/imagining. A Support Vector Ma-
chine (SVM) and a Neural Network (NN) were used to classify the music from
the perceived EEG data. The results showed that the SVM had a classification
accuracy of 27.59% for the perceived data, and the NN had a classification accu-
racy of 27.22%, which is significantly higher than random classification (8%). In
a more recent study by [38], the authors use the perceived EEG song data from
the OpenMIIR data set to train various machine learning models on 9 out of
the ten subjects, where the last subject was used for evaluating the models. The
results from their study presented a song classification rate varying from 52.5%
to 24%. Although these previous studies have achieved accuracy scores substan-
tially higher than random classification (8%), there is still room for significant
improvement in overall classification accuracy and prediction variance. As well
as this, there has been no reporting of the above random classification of the
Imagined song segments. This is arguably the most significant part of creating
a MIR system capable of interpreting IN directly from a subject’s brain hence
why the findings presented within this paper are of great significance to tackling
this problem.

3 Methodology

The main steps of this study are EEG signal acquisition, artefact removal, feature
engineering, model evaluation and EEG music classification. Details of each step
will be described in the following sections.

3.1 Data set

Within this study, the OpenMIIR dataset was used to provide subject EEG data
[61]. The dataset contains the EEG signals of 10 subjects recorded using 64 + 2
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EEG electrodes sampled at a frequency of 512 Hz. As well as this, the horizontal
and vertical EOG channels were recorded to capture the eye movements of the
subject. The dataset was produced by having each subject perceive and imagine
12 short pieces of music 5 times to create repetitions. Each song ranged between
7 to 16 seconds in length whilst their EEG data was recorded. The short music
segments are taken from a variety of musical pieces that varied across musical
genres, songs that were recorded without lyrics, songs where the lyrics have
been removed and purely instrumental pieces. Although the original dataset was
captured under four various conditions, we only make use of one of those four
conditions for this study, this being the recording of the subject’s EEG data
whilst they are perceiving a short music segment.

3.2 EEG Preprocessing

During EEG recording it is commonplace for electrical activities caused by the
actions of the individual to affect the data causing artefacts to form. These are
unwanted signal fragments that can negatively impact measurements and skew
results. Thus, it is a crucial step to remove these artefacts to the best of our
ability, to achieve this we made use of the MNE python toolbox [12]. Firstly,
“bad” channels that had previously been marked by the dataset creator were
removed from the raw dataset. This was then followed by performing channel
interpolation.

Often during EEG recording the skin-electrolyte—electrode interface pro-
duces a drift in voltage which can be picked up by the EEG electrodes [16],
to account for this, we filtered out these drifts using EEG using a bandpass filter
with a frequency ranging from 0.5 Hz to 40 Hz. Another artefact that may be
present in the data is the electrical interference caused by the subject blink-
ing their eye, to handle this, we applied the Independent Component Analysis
(ICA) technique which computes the independent components within the raw
dataset allowing us to remove any components that share a high correlation
with the EOG channels. The 64 EEG channels were then reconstructed from the
remaining independent components.

3.3 EEG Feature Extraction

To capture significant EEG signal characteristics, we generated features from
the processed EEG data. The details of features in their categories are discussed
below:

1. Morphological features: the number of peaks, average non-linear energy
and the curve length were extracted. Features and three morphological fea-
tures were extracted in two different ways. Firstly, they were calculated at
four frequency bands theta (4-8 Hz), alpha (8-13 Hz), beta (13-25 Hz), and
low gamma (25-40 Hz).

2. Statistical features: skewness, mean, and kurtosis were computed to iden-
tify the distribution of the signal.[25] was calculated to describe time-varying
processes
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3. non-linear features: The approximate entropy (ApEn) and Hurst expo-
nent (H) were used to quantify the unpredictability of fluctuations over a
time series as well as measure the self-similarity of the time series, respec-
tively.

3.4 Models

Machine learning techniques, particularly advanced models such as deep learn-
ing, have been employed to accurately extract variance characteristics in EEG
data for song identification[47]. Therefore, to investigate the research questions,
we adopted the six machine learning models: GNB, SVM, GRU, BGRU, LSTM,
and BLSTM, in our analysis. These models have been widely used in the EEG
signal for classification [5,25]. GRU, BGRU, LSTM, and BLSTM are beneficial
for learning sequential data with long-term dependencies [62].

Table 1. Deep learning model architectures

Model |Layers/Nodes
GRU |G256-G128-D12
BGRU |BG256-G128-D12
LSTM |L256-L128-D12
BLSTM|BL256-L128-D12

The architectures of the deep learning models are shown in Table 1. G, BG,
L, BL, and D correspond to GRU, BGRU, LSTM, BLSTM, and Dense layer,
respectively. For example, BL256-L128-D12 implies that there is a BLSTM layer
with 256 units, an LSTM layer with 128 units and since there are twelve classes
in our analysis, a Dense layer with twelve outputs for each model. Softmax
activation was implemented in the last layer. This work implemented a dropout
rate of 0.2, and Adam was used to train all deep-learning models. Additionally,
early stopping was utilised to prevent an over-fitting issue. Furthermore, we
stopped training after the model’s performance stopped increasing after 200
epochs.

3.5 Classification Scenarios

To address each research question, we created several experimental scenarios,
which are detailed as follows:

Scenario 1: Perceived/Imagined song classification To investigate RQ1
and RQ2, our model performs classification utilising the EEG signals of all
subjects, bar one subjects data, that was left out of the training set and used
for testing purposes, creating a 10-fold leave one out cross validation training
loop (LOOCYV). The task was performed twice using two distinct groups of data;
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perception (RQ1) and imagination (RQ2), and classification was performed for
each repetition in each stage to determine the difference in model performance

(RQ3).

Scenario 2: Interchanging of Perceived and Imagined EEG music clas-
sification To investigate RQ3 and determine whether imagined and perceived
songs can be classified interchangeably. Our models were trained with EEG sig-
nals from the perception stage and tested with EEG signals from the imagination
stage, and vice versa. Like the first experiment condition, we again rotated the
subject whose data was used to evaluate the model for both the perceived and
imagined states creating a 10-fold LOOCYV loop.

Scenario 3: Train/Test data limitation To investigate RQ4, we trained the
models the same way as in Scenario 1, but how we test our models is different.
After completing the model training procedure, we test our model utilising n%
of the initial portion of the data for each song repetition. The sizes of the testing
data set varied between 10%, 256%, 50%, 75%, and 100%.

3.6 Metrics

This study evaluates the model performance using accuracy, precision, and recall.

Accuracy is the sum of the number of true positives and true negatives
divided by the total number of examples.

Precision refers to the ratio of correct positive examples to the number of
actual positive examples.

Recall is calculated as the sum of true positives across all classes divided by
the sum of true positives and false negatives across all classes.

4 Results

In this section, we use a box plot to display the results for the models in several
experimental scenarios. Over the ten cross-validation sets, each box plot presents
five crucial pieces of information: the minimum, first, second (median), third, and
maximum quarterlies [14], where the red dot in the box represents the mean of
accuracy for each model.

4.1 Perceived/Imagined song classification

The results from training the models on the Perceived and Imagined datasets are
presented in Figure 1 and Figure 2. Figure 1 details that the highest performing
model trained on Perceived EEG song data is the LSTM at the fourth repetition
with an average accuracy score of 62.0% (SD 5.4%). This result helps to address
RQ1, demonstrating the ability of the techniques employed within this study
to provide a higher classification accuracy than that achieved by prior studies.
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As shown in Figure 2, the highest performing model is again the LSTM on the
fifth repetition with an average accuracy score of 60.8% (SD 13.2%). The result
achieved by the LSTM trained on Imagined EEG song data helps to satisfy RQ2.
Firstly, by showing that the techniques employed within this study can classify
songs solely from Imagined music EEG data. Secondly, the model achieved a
significantly higher classification score than random classification (8%). As well
as, this Imagined classification was within 2% of Perceived classification, demon-
strating the comparable performance of Imagined EEG data with Perceived EEG
data. Further observations of both figures show that each model achieves sim-
ilar results on both Perceived and Imagined data with slight variations. GRU,
LSTM, BRGU, and BLSTM’s accuracy appears to increase with the incremental
addition of each repetition into the training data set, except GNB and SVM.
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Fig. 1. Average results of models trained on Perceived song data

4.2 Testing Size Breakdown

The results of this experiment are presented in Figure 3 and Figure 4. The re-
sults illustrated in both figures highlight that the highest performing models
at the smallest test sample size of 2 (which translates to 10% of the compre-
hensive testing data) are the Perceived GNB/SVM achieving an accuracy of
30.3% (SD 6.6%) and the Imagined GNB/SVM both scoring 30.5% (SD 5.2%).
However, their accuracy falls behind the other models after the initial testing
segment. Interestingly, when observing the performance of GRU, LSTM, BGRU,
and BLSTM across both data types. We can see that segment sizes 10 (50% of
testing) and 15 (75% of testing) share similar accuracy scores; for example, the
highest Perceived model at segments 10 and 15 is the BLSTM with 57.3% (SD
5.5%) and 56.5% (SD 5.4%) respectively. Similarly, the highest Imagined model
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Fig. 3. Average results of models tested on the varied Perceived data set

at segments 10 and 15 is the LSTM which achieved 52.5% (SD 8.2%) and 53.4%
(SD 7.3%). As well as this, the increase from segment size 10 to segment size
20 (100% of testing) does increase the accuracy significantly, with the Perceived
BLSTM scoring accuracy of 64.1% (SD 6.9%) and the Imagined LSTM scoring
61.8% (SD 8.7%) on segment 20 (100% of the testing set). An important consid-
eration when viewing these results is that the song segments used for training
already average around 7’s in length. That means if we use 50% of the test set
and achieve a classification close to 50%, we are achieving that by using only
3.5’s of an entire song. These results help to address RQA4.
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Fig. 4. Average results of models tested on the varied Imagined data set

Table 2. Interchanging of Perceived and Imagined for train/test

Trained on/Tested on Model ~Mean Precision (SD) Mean Recall (SD) Mean Accuracy (SD)

Perceived/Imagined GNB  31.8%, (5.9%) 32.0%, (6.8%) 32.0%, (6.8%)
SVM  43.7%, (12.7%) 43.7%, (12.4%)  43.7%, (12.4%)
GRU  59.2%, (7.4%) 60.0%, (9.0%)  60.0%, (9.0%)
LSTM  62.1%, (8.5%) 63.4%, (9.4%) 63.4%, (9.4%)
BGRU 59.7%, (10.6%) 59.9%, (10.9%)  59.9%, (10.9%)
BLSTM 62.1%, (8.5%) 63.6%, (8.8%) 63.6%, (8-8%)
Imagined/Perceived GNB  25.6%, (6.2%) 19.1%, (5.6%) 19.1%, (5.6%)
SVM  34.5%, (4.3%) 34.0%, (4.6%) 34.0%, (4.6%)
GRU  57.4%, (8.8%) 57.5%, (8.9%)  57.5%, (8.9%)
LSTM  61.2%, (8.3%) 61.4%, (7.5%) 61.4%, (7.5%)
BGRU 54.6%, (7.9%) 56.3%, (8.7%)  56.3%, (8.7%)
BLSTM 61.2%, (8.3%) 61.2%, (8.2%)  61.2%, (8.2%)

4.3 Changing of Perceived and Imagined for train/test

The results of this scenario are detailed in Table 2 for the initial case of training
the models on the perceived data set and evaluating them on the imagined data.
We can observe that the highest performing model for this case is the BLSTM
with a score of 63.6% (SD 8.8%). Furthermore, in the case where we trained on
the imagined data and evaluated the perceived data. The model with the highest
accuracy is the LSTM, with a score of 63.4% (SD 7.5%). The results highlight
the comparable nature of Perceived and Imagined EEG song data. The findings
of this experiment scenario help to directly address RQ3.

5 Discussion and Conclusion

The findings from our first experiment scenario, as seen in Figure 1 and Figure
2, directly address RQ1 and RQ2. These results give significant weight to the
points made earlier in the introduction on the effectiveness of Imagined EEG

10
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data to extract IN-related data that can then be used to provide the searcher
with documents capable of satisfying their IN. In our case, we have successfully
extracted a potential IN (an Imagined song) directly from neurological features
(recorded EEG data) and created a system capable of interpreting those features
into data that a standard IR system could then understand. From these initial
findings, we can also see the similar nature of Perceived and Imagined data.
Although the EEG data for Perceived and Imagined are collected under two
different conditions, the models appear to share performance across both types,
this could imply that the process of Perceiving and Imagining a song follows
a similar process within the brain and produces a pattern that the machine
learning models can identify.

The second experiment scenario was designed to address RQ3. The results
from this experiment were displayed in Table 2. We observe that the models
can classify songs from a data type (e.g. Perceived or Imagined) that it had yet
to be trained on, at a similar classification rate across both data types. The
models produced classification results comparable to those presented in the first
experiment scenario when the models were trained and evaluated on the same
data type, this adds further weight to the point that Perceiving and Imagining
a song can produce similar EEG outputs that the models can interpret. This
implies that for a real-world brain-driven MIR system, that no matter what data
type the searcher presents to the system, it will likely be capable of classifying
the song correctly.

Experiment scenario three results are displayed in Figures 3 and 4. The find-
ings from this experiment highlighted the ability of the models to detect the
songs with 50% accuracy when given only 3.5s of the music segment, this has
significant implications for a brain-driven MIR system as it would be the sys-
tem’s goal to limit the time a searcher would have to Perceive/Imagine a song
while producing the most optimal classification results.

In conclusion, this study investigated the use of neurophysiological features to
represent searchers IN better. To help bridge the semantic gap between searchers
IN. In particular, we focused on using neurophysiological characteristics within
the MIR domain. Furthermore, we examined the EEG recordings of Perceived
and Imagined music stimuli to assess their capabilities within a brain-driven
MIR system. The findings produced by this study demonstrate the ability of our
techniques to achieve Perceived song classification significantly higher than that
achieved by prior studies. As well as this, we are the first to report above high
accuracy classification of Imagined song stimuli from EEG data.
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