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ABSTRACT

Music documents are often classified based on genre and mood. In recent years,
features from lyrics text have been used for classification of musical documents and
the feasibility of lyrics features to classify musical documents has been shown. In
this study an approach to lyrics based musical genre classification was presented
which utilizing mood information. From the analysis of the lyrics text in the data
collection, correlation of terms between genre and mood was observed. Based on
this correlation of terms, new weighting equation with combine weights from genre
and mood was introduced and implemented in two different ways. Ten musical
genre and mood categories were selected respectively based on asummary from the
literature. Musical genre classification experiments were performed using a test
collection consists of 1000 English songs. To confirm present approach can
improve the genre classification, experiments were conducted using similar
weighting metric from previous study. Experimental results with new weighting
equation reveal improvement in musical genre classification.

Keywords: Musical genre classification, music information retrieval, lyrics, term

weighting equation, tf-idf

INTRODUCTION

With the advances in computers and network technology,
a great amount of digital music documents are being created
and stored. Managing these large collections requires effective
Music Information Retrieval (MIR) systems where documents
relevant to a user query can be retrieved. Users commonly
access and retrieve musical document using queries such as
musical excerpts, lyrics text, musical genre or musical
mood.

Musical genres such as pop, country and soul are labels
created and used by human for descnbing music
(Tzanetakis and Cook, 2002). One other way in musical
classification 1s to classified musical documents based on
mood such as sad, happy and angry. Users often want to
search for music, based on certain genre or mood. Therefore,
many studies have been conducted in the area of musical genre
and mood classification (Hu et al., 2009, Laurier et al., 2008;
Neumayer and Rauber, 2007).

Musical genre and musical mood classification in MIR
has been widely based on audio features extracted from digital

WWW.ansinet.com

musical recordings. In recent vears, a combination of lyrics
text and audio features are used for musical classification
(Hu and Downie, 2010a; Laurier ef al., 2008; Mayer ef al,
2008a; Yang and Lee, 2004). Researchers start to classify
musical documents based on the features extracted from lyrics
text (Kim and Kwon, 2011; Van Zaanen and Kanters, 2010).
To date, most musical classification task are solely based on
either genre or mood. However, researchers have started to
exploit musical classification by looking at the correlation
between genre and mood (Lin et al., 2009).

The work presented in this study was premised on the
belief that genre and mood would be complementary. A new
approach on musical genre classification based on the
correlation between genre and mood using lyrics text was
proposed. As correlated terms were found to exist in the lyrics
text, new weighting equations to improve the performance of
musical genre classification were introduced in this study. In
present study by experiments using these proposed weighting
equations the classification results were significantly
outperforms the traditional genre classification which used
solely genre information.
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One of the earliest studies in mood classification that
combined the used of lyrics text and audio features in MIR
was carried out by Yang and Lee (2004). However, they only
carried out the experiment with significant small dataset which
was 145 songs with lyrics. Laurier et al. (2008, 2010) study
had confirmed the relevance of the lyrics to convey emations
or at least that the mood expressed in music and acoustical
data is correlated with information contained in the text. Their
study had shown that the combination of audio and lyrics
features offer an improvement in the classification
performance.

Hu et al (2009), used only lyrics features to classify 18
mood categories derived from user tags. They examined the
role that lyrics text can play in improving audio musical mood
classification. Hu and Downie (2010a), studied that mood
classification in music can be significantly improved when
combining lyrics and audio features. Van Zaanen and Kanters
(2010) experimental results based on lyrics, show that word
metrics (lyrics text) provide a valuable source of information
for automatic mood classification of music. In their research,
metrics such as term frequencies and Term Frequency Times
Inverse Document Frequency (tf-idf) values are used to
measure relevance of words to the different mood categories.
Brilis et al. {2012) presented a case-study evaluation of
different classification algorithms for songs represented by
audio and lyrics features and achieved accurate results in their
experiments. However, their research only involved Modemn
Greek music. Kumar and Minz (2013) had introduced the use
of Senti Word Net for mood classification of lyrics text data.
Oh etal. (2013) propose music mood classification using intro
and refrain parts of lyrics. However, for both of these studies,
the dataset included were very limited 1.e., 145 songs and
followed by 100 songs.

As for genre classification Neumayer and Rauber (2007)
studied for genre classification investigated the correlation of
the combinational approach using and audio features. In depth
studies using lyrics features in genre classification were
performed by Mayer et af. (2008a) and Mayer and Rauber
(2010}, Lyrics features that used in their study includes thyme
pattern, part of speech characteristic and text statistic features.
In their study, lyrics texts were processed using the Bag-of-
Words features and then weighted by tf-idf.

According to Lin ef al. (2009) musical genre and mood
have been studied widely in MIR field; however, the intrinsic
correlation between them seldom explored. Therefore, using
digital music document they present a statistical association
analysis to examine and exploit the correlation between
musical genre and mood. In this study, correlation between
musical genre and mood will be study closely using lyrics text.
Based on the analysis of the lyrics text in the data collection,
correlation of terms between genre and mood will be observed
and utilized in improving musical genre classification.

APFROACH

Bag-of-Words (BOW) are collections of unordered words
disregarding grammar. Each word or term is assigned with a
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value as their weights according to their importance or
significance for the classification with the process called
“term-weighting”. Term weights can be calculated in many
ways. The term weighting strategies based on Term Frequency
Times Inverse Document Frequency (tf-1df) schemes and other
weighting schemes will be discuss.

The tf-idf weighting scheme for lyrics text: According tothe
study Van Zaanen and Kanters {2010), tfadf was used to
describe the relative importance of a term for a particular
musical mood class. Therefore, the relative importance of a
term for a particular mood class will be similarly used but it is
for musical genre class. The tf-idf value of each term in the
lyrics text 1s used as weights to indicate relevance with respect
to genre class. With this method, genres are described by the
combined lyrics of all songs that having that particular genre
class assigned.

The approach described have indicated that lyrics of all
songs of a particular genre are taken and combine as if they are
one genre document, i.e., when there are 100 lyrics under
genre reggae, this 100 lyrics will be combine and become one
document, name as “Reggae document”. This “Reggae
document” will now only describing a particular genre which
isreggae. This means that each genre class will corresponds to
one document.

The tf-1df consists of two components which are term
frequency (tf) and inverse document frequency (idf). The tf
measures the importance of term t in document, 1.e., genre, d
with n occurrences of the term in document d, divided by h,
total number of occurrences of all terms in document d:

tf,, =

td

n
. M

In this case, tf measures the frequency of a term occurs
with a particular document, representing genre. Terms having
high frequency in the lyrics of a particular genre will have a
higher tf for that given genre.

One of the problem commonly encounter when using tfis
that most terms that having high frequency are usually
function words, such as “that”, “1s” or “and”. These function
words do not really help in classifying lyrics to genres as they
do not carry any meaning that can represent a particular genre
class. What are required to be taken into consideration are
terms that occur in one or more genre classes:

. N
df =log — 2
idf, =log— 2)

t

where, 1df measures the importance of atermin a document. In
Eq. 2, the total number of documents, representing genres, N
is divided by document frequency df, the number of
documents in the collection that contain term t and taking the
logarithm of that quotient. In this study for music lyrics
situation, when a term 1s found in the lyrics text of one or only
a few genres, the idf will be high. The 1df value by itself is not
particularly useful as it is too coarse-grained especially when
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there are only a few of genre classes, however idf can be
combine with tf to produce a composite weight for each term,
resulting in the tf-idf:

tf -idf , , = tf, , < idf, 3)

where, tf-1df 1s used to calculate the relevance of a term for a
particular genre: High tf-idf values indicate high relevance of
the term to the genre.

The tf-idf provides for one particular term, a weight for
each of the genre classes. A song lyrics is always containmore
than one word, whichallows for a more robust computation of
the relevance of the genre document for the Iyrics. According
to Van Zaanen and Kanters (2010), tfadf values of all the
terms in the lyrics text for classification can be combined by
adding the values of the separate terms.

Asten genre classes are included in this study, combining
the lyrics of all songs of a particular genre as one document
results in having ten genre documents. Ten documents are
obviously less than the amount of documents normally under
consideration in a tf-idf setting. It is noteworthy that, many
terms will found in all genres, which means that in those cases
the idf will be zero which results in a zero tf-idf for all genre
classes for that particular term. This becomes a very useful
aspect of tfadf weights in a small document collection.
Specifically, terms that do not related in deciding the correct
genre of lyrics, such as function words, are automatically
filtered out, as they are having zero tf-df value.

Based onEq. 3, Van Zaanen and Kanters (2010) evaluated
the effects of adding additional tf to tf-idf in classifying
moods. A modified tf-idf function: Linearly combining the tf
metric to tf-idf was introduced, resulting in tf+tf-idf. The
results of their experiment using tf+tf-idf in musical mood
classification had shown improvement in accuracy.

Sublineartf scaling: For assigning a weight for each term in
the document, a number of alternatives to tf-idf have been
considered. According to Manning ef af. (2008), it seems
unlikely twenty occurrences of a term in a document truly
carry twenty times the significance of a single occurrence.
There has been considerable research into variants of term
frequency that go beyond counting the number of occurrences
of a term. The modification proposed is sublinear tf scaling
where we use instead the logarithm of the term frequency (tf),
which assigns a weight given by:

WLy =

{1 +logtf, ,iftf,, >0

0 otherwise

As defined by Manning ef al. (2008), the weighting
equation will be modified by replacing tf-idf by wi-df as
shown in Eq. 2:

wt —idf, , = wf, , x idf, (4)
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wi ; = Weight of term t in document d
idf, = Inverse document frequency of a term t (log N/df)

N = Total number of documents in a collection
dfi, = Number of documents inthe collection that contain a
termt

WI-idf weighting scheme for lyrics text: Musical genre and
mood provide complementary descriptions of music content
and often correlate with each other (Lin ef af., 2009). For
example, a punk rock song is often aggressive or angry and a
blues song 1s more likely to be sad. From the analysis of the
lyrics text in the data collection, correlation of terms between
genre and mood was observed. Based on this correlation of
terms, new weighting equations with combine weights from
genre and mood were introduced and implemented in two
different ways.

InEq. 2, wf, ;refers to the weight of term t in document d.
In the new weighting equations, wi; ;will be continue to used,
however d will be denoted for genre document, “d,”.
Therefore, the weight for a term in genre document would be
given by:

wf-idf ,, = wf,, xidf, (5)
Where:
wi, 5, Weight of term t in document genre document d,
idf; = Inverse document frequency of a term t (log N/df)
N = Total number of documents in a collection,
df, = Number of documents in the collection that contain

atermt

By considering correlation between genre and mood,
given a term t in document d,, t would also appear in one or
more mood documents, d,. When a few of mood documents
are having term t, the total number of these mood documents
was need to know. Therefore, M as the total number of mood
documents that contain term t is introduced. In order to
emphasis the correlated terms, wi-idf, ; would be confined to
the correlated terms and therefore be denoted as:

Using the tf+tf-idf notion as proposed by Van Zaanen and
Kanters (2010), wi-idf, ,, is combine linearly with resulting in
Eq. 6. In addition to linearly combining this correlated term
weights, the effects of non-linearly adding 1s also investigated
inEq. 7:

Lwf -idf = {i | W, <idf, ﬂ + wh—idf, (6)

dp=1

a’

NLwf -idf = {H [ wi,, xid, ﬂ xowh —idf, . (7)

dy=1

m
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Where:

wl, = Weight of term t in moeod document d that
contains term t

why = Waeight of term t in genre document d,

M = Total number of mood documents that contain
term t

idfy, = Inverse document frequency of a term t (log N/df,)

N = Total number of documents in a collection

dfi = The number of documentsin the collection that

contain a term t
MATERIALS AND METHODS

The test collection and data preprocessing was used,
followed by illustration of musical genre and mood categories
in this study. Then the results of present classification
experiments, were presented where the performance of
musical genre classification using various weighting equations
was compared.

Test collection: Music information retrieval research in
general suffers from a lack of a commonly acknowledged test
collection due to different reasons. Nonetheless, some
collections were available to the public such as uspop2002
collection (Berenzweig ef al., 2003). However, the genres of
the songs in this collection i.e., Rock, Rap, Electronica and
Country were different with the genre categories in this study.
Due to the unavailability on getting a standardized test
collection, Test collection i.e., 1000 English songs selected
randomly from a private collection for the classification
experiments was designed.

Data preprocessing: Lyrics text has unique structures and
characteristics. Most lyrics consist of sections such as intro,
verse, chorus and instrument. Repetitions of words and
sections are very common. However, very few available lyrics
texts were found as verbatim transcripts, 1.e., a full transcript
of converting spoken word into text such that a message is
captured exactly the way it has been spoken (in our case, full
transcript of converting the word sang 1n the song into lyrics
text). Instead, repetitions were annotated as instructions like
“repeat chorus 2x” and “back to intro” (Hu et al., 2009).

In order to get the proper lyric texts in our test collection,
the collected lyrics were manually cleansed, which first
involves checking whether the fetched lyrics match the song,
followed by comparing three different versions of song in term
of spelling, lyrics structure (paragraphing) and the words used.
In this study, the lyrics preprocessing steps were done
similarly to other studies (Hu et al., 2009, Maver and Rauber,
2010). Instructions such as “chorus™ and “fade out” were
removed as they are not properly part of the lyrics and
replaced with the word itself to get the complete lyrics text
document.

Musical genre categories: Musical genre classification have
been focused in many MIR studies (L1 and Tzanetakis, 2001;
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Neumayer and Rauber, 2007). From the widely used websites
which categorized music by genre, allmusic.com and last.fm
refer to the genres categories in Mayer and Rauber (2010). A
total number of 10 genre types including pop, blue, country,
folk, R and B, reggae, grunge, punk rock, soul and metal in
test collection were selected.

For each song in the test collection, the genre was
determined using the social tag labeled by the listener from the
website stated above. Only those songs that have the same
genre tag from these two website were selected.

Musical mood: Various mood categories were used in
previous study in this field. The number of categories in
general range from four to twenty three categories
(Laurier ef al, 2008; Hu et al, 2009, Yang and Lee, 2004;
Huand Downie, 2010b). As ten genres were chosen, tenmood
categories were also chosen. These mood categories are happy
sad, angry, relaxed, calm, gloomy, romantic, confident,
disgusted and aggressive.

Inthis study, the relevancy of the mood of the songs inthe
test collection was done in several steps. Five under-graduate
students were {irst invited to label the mood of the songs in
present test collection. Given the song lyrics, they were asked
to read through the lyrics and label the mood of each of the
song using the mood categories used in this study including
happy, sad, angry, relaxed, calm, gloomy, romantic, confident,
disgusted and aggressive. The mood of the song in present test
collection was further verified using Conceptnet, a freely
available common sense knowledge base and natural language
processing toolkit withmood guessing functions. Summarizing
the result obtains from the under-graduate student and
conceptnet a comparison of mood relevancy was then
performed. If the mood of a song differed widely, another
Judgment was performed to decide the relevant mood for the
song,

RESULTS AND DISCUSSION

Classification accuracy was used as the performance
measure in this study. The WEKA* machine learning toolkit
was employed for this purpose. Three leaming algorithms,
k-Nearest-Neighbour (kNN), Naive Bayes (NB) and Support
Vector Machines (SVM) were chose similarly to the study by
Mayer et al. (2008b). The experiments were run based on a
ten-fold cross-validation and further averaged over five
repeated runs.

Five set of experiments were conducted with the baseline
1.e., thadf weighting equation and another {our variant tf-idf
weighting equations. In Table 1, the average results using three
differing learning algorithms for genre classification was
described. First, it can be noted that, the classification results
with different weighting equation are varies. When using tf-idf
weighting equation, the results ranges from 472222 to
65.5152. Country and Reggae achieved higher accuracy
compared to other genre tvpe, while Metal had the lowest
accuracy. In Country songs, some typical terms such as
“road”, “cowboy”, “house”, “highway”, “American” and
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Table 1: Average results of genre classification using different weighting equations

Genre tf-idf tf+tf-idf wi-idf, Lwf-idf Niwf-idf
Blue 62.6263 68.1467 654685 721236 69.5302
Country 64.9167 56.1030 67.3632 709742 70.0309
Folk 52.0833 76.1434 62.2984 79.1412 63.1864
Grunge 63.0407 70.2556 714675 74.5227 72.3763
Metal 53.0612 71.1207 69.6360 73.5632 71.1685
Pop 50.9259 753169 743747 76.9487 757179
Punk rock 47.2222 60.1877 61.3494 75.3806 63.9410
Reggae 65.5152 773169 754841 76.6494 75.6473
Rand B 51.8120 725921 72.5449 73.5449 73.0789
Soul 62.9230 74.1799 74.0672 744342 74.3119
“Whiskey™ could be identified while in Reggae songs, words CONCLUSION

like “dem”, “m1”, “haffi”, “fi”, “inna” and “jah” happen in a
high frequency. The occurrence of these typical terms
contributes to the higher classification accuracy in both of the
genre.

When using wi-idf,,, weighting equations the
classification experiment, the results ranges from 61.3494 to
754841, It is clear from the results that classification
performance was improved. Reggae achieved the highest
accuracy again under this weighting scheme. The same
scenario as described i.e., the occurrence of typical words 1s
highly likely the reason why reggae still performed better
compared to other genre categories.

When combining the weight of mood with weight of
genre, it can be observed that better results than with the using
solely genres weights was achieved. Especially for Lw{-idf
weighting equation, those improvements are statistically
significant when compared to tf-idf weighting equation. The
result ranges from 70.9742 to 79.1412 with Lwf-idf whereby
with NLwf-idf the result ranges from 63.1864 to 75.7179. The
biggest improvement of classification accuracy was achieved
by Punk Rock which improved from 47.2222 to 75.3806.
Other genres that improve greatly were Pop and R and B.

To confirm present approach where Lw{-idfand NLw{-1df
welghting equations can improve musical genre classification
accuracy, experiments using tf+tf-idf metric as introduced was
also performed by Van Zaanen and Kanters (2010). Compared
to Lwf-idf and NLwi-idf weighting equations, tf+tf-idf metric
yields worsen performance with the results ranges from
56.1030 to 77.3169. With Lwif-idf, nine out of ten genres
achieve higher accuracy compared to tf+tf-idf, while with
NLwi-idf; eight out of ten genres outperform tf+tf-idf. It is
interesting to note that tf-+f-idf metric achieves better results
in reggae compared to both Lw-idf and Nlwf-df. Regarding
the better results in reggae using tf+tfadf metric, the
contribution of typically terms found in Reggae songs was
thought. As discussed earlier, Reggae songs contain terms such
as “dem”, “mi”, “hatfi” etc. in a high frequency. Those words
render to well distinguishable a Reggae song without
considering the underlying mood of that specific song,

Compared to the baseline results achieved with tf-idf
weighting equation, all four variant tf-idf weighting equations
yield better performance. It can be noted that, higher results
especially for Lwf-idf, followed by Nlwf-idf was achived. The
improvements thus indicate that the Lwf-idf and NLwf-idf
weighting equations well classified genre.
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Music Information Retrieval is focus on solely genre
classification. However, researchers have revealed that this
narrow focus has limited the possibilities in enhancing the
performance of classification task. In fact, genre and mood
provide complementary descriptions of music and correlate
with each other.

In this study, A new approach on musical genre
classification based on the correlation between genre and
mood using lyrics text was presented. The aim of this study is
to improve the performance of lyrics-based musical genre
classification. From the analysis of the lyrics text in the data
collection, correlation of terms between genre and mood was
observed. Based on this correlation of terms, new weighting
equation with combine weights from genre and mood was
introduced and implemented in two different ways: Linear
and non-linear. The performance of linear (Lwf-idf) and
non-linear (NLw{-idf) weighting equations clearly indicates
that adding additional weights when classify genre is a
promising approach. Musical genre classification with
Lwf-idf and NLwf-idf weighting equations reveals
improvement in accuracy and Lwf-idf equation showed the
best results.

REFERENCES

Berenzweig, A., B. Logan, D.P.W. Ellis and B. Whitman,
2003. A large-scale evaluation of acoustic and subjective
music similarity measures. Proceedings of the 4th
International Society for Music Information Retrieval
Conference, October 27-30, 2003, Baltimore, Maryland,
USA.

Brilis, S.., E. Gkatzou, A Koursoumis, K. Talvis,
K.  Kermanidis and [ Karydis, 2012. Mood
Classification Using Lyrics and Audio: A Case-Study
in Greek Music. In: Artificial Intelligence
Applications and Innovations, Thadis, L., T. Maglogiannis,
H. Papadopoulos, K. Karatzas and S. Sioutas (Eds.).
Springer, Boston, USA, ISBN: 9783642334115,
pp: 421-430.

Hu, X and J.5. Downie, 2010a. Improving mood classification
in music digital libraries by combining lyrics and audio.
Proceedings of the 10th Annual Joint Conference on
Digital Libraries, June 21-25, 2010, Gold Coast, Australia,
pp: 159-168.

| Volume 15 | Issue 2 | 2015 |



J. Applied Sci,, 15 (2): 289-294, 2015

Hu, X andI.5. Downie, 2010b. When lyrics outperform audio
for music mood classification: A feature analysis.
Proceedings of the 11th International Society for Music
Information Retrieval Conference, August 9-13, 2010,
Utrecht, Netherlands, pp: 619-624.

Hu, X, I. Downie and A. Ehmann, 2009. Lyric text mining in
music mood classification. Proceedings of the 10th
International Society for Music Information Retrieval
Conference, October 26-30, 2009, Kobe, Japan,
pp: 411-416.

Kim, M. and H.C. Kwon, 2011. Lyrics-based emotion
classification using feature selection by partial
syntactic analysis. Proceedings of the 23rd IEEE
International Conference on Tools with Artificial
Intelligence, November 7-9, 2011, Boca Raton, FL.,
USA., pp: 960-964.

Kumar, V. and S. Minz, 2013. Mood classification of lyrics
using sentiwordnet. Proceedings of the International

Conference on Computer Communication and
Informatics, January 4-6, 2013, Coimbatore, Tamil Nadu,
India, pp: 1-5.

Laurier, C., I. Grivolla and P. Herrera, 2008. Multimodal
music mood classification using audio and lyrics.
Proceedings of the 7th International Conference on
Machine Learning and Applications, December 11-13,
2008, San Diego, CA., USA_, pp: 688-693.

Laurier, C., O. Meyers, J. Serra, M. Blech, P. Herrera and
X. Serra, 2010. Indexing music by mood: Design and
integration of an automatic content-based annotator.
Multimedia Tools Appl., 48: 161-184.

Li, T. and G. Tzanetakis, 2001. Automatic musical genre
classification of audio signals. Proceedings of the 2nd
International Society for Music Information Retrieval
Conference, October 15-17, 2001, Indiana, USA.

Lin, Y.C, Y.H. Yang, HH. Chen, I.B. Liao and Y.C. Ho,
2009. Exploiting genre for music emotion classification
Proceedings of the THEE International Conference on
Multimedia and Expo, June 28-July 3, 2009, New York,
pp: 618-621.

Manning, C.D., P. Raghavan and H. Schutze, 2008. An
Introduction to Information Retrieval. Cambridge
University Press, USA., ISBN-13: 9780521865715,
Pages: 482.

WWW.ansinet.com

294

Mayer, R. and A. Rauber, 2010. Multimodal Aspects of
Music Retrieval: Audio, Song Lyrics-and Beyond? In:
Advances in Music Information Retrieval, Ras, Z. and
A. Wieczorkowska (Eds.). Springer, New York, USA |
ISBN-13: 9783642116735, pp: 333-363.

Mayer, R., R. Neumayer and A. Rauber, 2008a. Combination
of audio and lyrics features for genre classification n
digital audio collections. Proceedings of the 16th ACM
International Conference on Multimedia, October 26-31,
2008, Vancouver, Canada, pp: 159-168.

Mayer, R., R. Neumayer and A. Rauber, 2008b. Rhyme and
style features for musical genre classification by song
lyrics. Proceedings of the 9th International Conference on
Music Information Retrieval, September 14-18, 2008,
Philadelphia, PA., USA., pp: 337-342.

Neumayer, R. and A. Rauber, 2007. Integration of text and
audio features for genre classification in music
information retrieval. Proceedings of the 29th European
Conference on IR Research, April 2-5, 2007, Rome, Italy,
pp: 724-727.

Oh, S., M. Hahn and J. Kim, 2013. Music mood classification
using intro and refrain parts of lyrics. Proceedings of the
International Conference on Information Science and
Applications, June 24-26, 2013, Suwon, South Kore,
pp: 1-3.

Tzanetakis, G. and P. Cook, 2002. Musical genre classification
of audio signals. IEEE Trans. Speech Audio Process.,
10: 293-302.

Van Zaanen, M. and P. Kanters, 2010. Automatic mood
classification using T{ * IDF based on lyrics. Proceedings
of the 11th International Society for Music Information
Retrieval Conference, August 9-13, 2010, Utrecht,
Netherlands, pp: 75-80.

Yang, D. and W.S. Lee, 2004. Disambiguating music emotion
using software agents. Proceedings of the 5th International
Society for Music Information Retrieval Conference,
October 10-14, 2004, Barcelona, Spain.

| Volume 15 | Issue 2 | 2015 |



	JAS.pdf
	Page 1


