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ABSTRACT evidenced by the ongoing discussions to establish a

There is a growing interest in developing and thenAudlo Mood Classification” (AMC) task at the Music

evaluating Music Information Retrieval (MIR) system Information Retrieval Evaluation eXchange (MIREX)

that can provide automated access to the mo&g]’ this lack of common understanding is inhibgin

. ; . : rogress in developing and evaluating mood-related
dimension of music. Mood as a music access featur

: : tcess mechanisms. In fact, it was the MIREX
zg\;v:r\i/bee:’i{sa?gtnvg'?lsltgﬂ?jzrrfjﬁggg g‘ngh?géneatei;%ﬁ discussions that inspired this study. Thus, thigepds
. S . P intended to contribute our general understanding of
be highly idiosyncratic. To better understand hoe W ousic mood  issues by formally exploring the
migh}f deve”Iop mTthqu for cfolmprehensi\ijely Olezll/elg)pinrelationships between: 1) mood and genre; 2) moad a
and formally evaluating useful automated mood aces .. .. ' !
techniques, we explore the relationships that masi %mSt’ and, 3) mood and recommended usage (see

: ) L below). It is also intended to contribute more
with genre, artist and usage metadata. Stausimzailyses_ specifically to the MIREX community by providing
of term interactions across three metadata codiesti

recommendations on how to proceed in constructing a
(Al I Musi cGui de. com epi ni ons. com and Last . fm) P 9

. ) : o possible method for conducting an “AMC” task.
reveal important consistencies within the genre-inoo

d artist d relationshi Th istericiad Our primary dataset is derived from metadata found
and artis-mood refationsnips. These consistene W{'thin theAl | Musi cGui de. com(AMG) site, a popular

us to recommend a cluster-based approach th%usic database that provides professional reviawds a

OVercomes Specific term-relategl pro“blems by crga‘?n metadata for albums, songs and artists. Secondsdsy d
relatively small set of data-derived “mood spactwsit . e
sets were derived frorapi ni ons. comandLast.fm

could form the ground-truth for a proposed MIREXthemselves both popular music information services.

Automated Mood Classification” task. The fact that real world users engage with thepdces
allows us to ground our analyses and conclusiotiswi
realistic social contexts of music seeking and
. consumption.
1.1 MusicMoodsand MIR Development In a previous study [5], we examined a relatively
In music psychology and education, the emotionahovel music metadata type: “recommended usage”. We
component of music has been recognized as the mogkplored the relationships between usages and gasre
strongly associated with music expressivity [6]. ditu well as usages and artists using a set of 11 user
information behaviour studies (e.g., [10]) haveoals recommended usages provided bypi nons.com a
identified music mood as an important criterioncubg ~ website specializing in product reviews written by
people in music seeking and organization. Severatustomers. Because both music moods and usages
experiments have been conducted to classify mugsic hinvolve subjective reflections on music, they caaryw
mood (e.g., [7][8][9]). However, a consistent andgreatly both among, and within, individuals. It is
comprehensive understanding of the implicationstherefore interesting to see whether there is aalle
opportunities and impacts of music mood as botlrelationship between these two metadata types. We
metadata and content-based access points stibelhe explore this question by examining the set of album
MIR community. Since mood is a very subjective ooti common to the AMG mood dataset and our
there has yet to emerge a generally accepted moagpi ni ons. com usage dataset [5].
taxonomy that is used within the MIR research and The rest of the paper is organized as follows:iSect
development community. For example, each of2 describes how we derived the mood categories insed
aforementioned studies used different mood categori the analyses. Sampling and testing method is destri
making meaningful comparisons between them difficul in Section 3.Sections 4 to 6 report analyses of the
Notwithstanding that there is a growing interest inrelationships between mood and genre, artist andeus
tackling mood issues in the MIR community--asrespectively. In Section 7, the results from Sertid-6

1 INTRODUCTION
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undergo a corroboration analysis using an indep@nde columns) as the similarity measure between eaahopai
dataset fromLast.fm Section 8 concludes the paper mood labels. Second, an agglomerative hierarchical
and provides recommendations for a possible MIREXclustering procedure using Ward’s criterion [1] was

“Audio Mood Classification” task. applied to the similarity data. Third, the resulté&wo
cluster sets (derived from album-mood and song-mood
2 MOOD CATEGORIES pairs respectively) were examined and found to I28ve
mood labels out of the original 40 that were caesity
2.1 Mood Labelson AMG grouped into 5 clusters at a similar distance leVable

1 presents the resultant 5 mood clusters along téth

AMG claims to be “the mﬁSt comprehensive muSiCeonstituent mood terms ranked by the number of
reference source on the plariedhd supports access t0 ;qqgciated albums.

music information by mood label. There are 179 mood
labels in AMG where moods are defined as “adjestive|Clusterl| Cluster2 | Cluster3 |Cluster4| Cluster5
that describe the sound and feel of a song, allarm, | Rowdy | Amiable/ | Literate | Witty Volatile
overall body of work?and include such terms as | Rousing |Good natured \istful |Humorous  Fiery
“happy”, “sad”, “aggressive”, “stylish”, “cheerful’etc. |Confident| Sweet | BittersweeiVhimsical| Visceral
These mood labels are created and assigned to mufieisterous  Fun Autumnal|  Wry Aggressive
works by professional editors. Each mood label iteas |[PassionateRollicking | Brooding | Campy | Tense/anxiouis
own list of representative “Top Albums” and its olst Cheerful | Poignant Quirky Intense
of “Top Songs”. The distribution of albums and ssng Silly
across these mood lists is very uneven. Some ma®@ds Taple 1. Popular Setmood label clustering results
associated with more than 100 albums and songs whil . .

others have as few as 3 albums or songs. Thisesreat Note the high level of synonymy within each cluste

data sparseness problem when analysing all 179 mocif!d the low level of synonymy across the clustéhss
labels. To alleviate this problem, we designed ehre State of affairs suggests that the clusters aréh bot
alternative AMG datasets: reasonable and potentially useful. The high level o

synonymy found within each cluster helps to definel

1.Whole Set Comprises the entire 179 AMG mood clarify the nature of the mood being captured bettan

label set. Its “Top Album” lists include 7134 album g single term label could (i.e., lessens ambiguiBgr
mood pairs. Its “Top Song” lists include 8288 song-this reason, we are NOT going to assign a terml kabe

mood pairs. any of these clusters in order to stress that theot

2. Popular SetComprises those moods associated witiSPaces” associated with each cluster is really the
more than 50 albums and 50 songs. This resulted iad9regation of the mood terms represented withat ea

40 mood labels and 2748 album-mood and 326§°UMN:
song-mood pairs.
3 SAMPLING AND TESTING METHOD
3.Cluster Set Many albums and songs appear in

multiple mood iabel lists. This overlap can be!l €ach of the following sections, we analyse the
exploited to group similar mood labels into several"€lationship of mood to genre, artist and usagegusur
mood clusters. Clustering condenses the datfi'ée datasets. We focus on the “Top Album” lisesr
distribution and gives us a more concise, higherach of these sets rather than their “Top Songs lis
level view of the mood “space”. The set of albumsPecause the album is the unit of analysis on
and songs assigned to the mood labels in the modgPi Ni ons. comto which we will turn in Section 6 when

clusters forms our third dataset (described below). 00king at usage-mood interactions. o
At the heads of Sections 4-6, you will find

2.2 Mood Clustering on Top Albumsand Top Songs  information about the specific (and slightly vam)n
sampling methods used for each of the relationships
results, it is advantageous to use more than ane of ~ €XPlored. In general, the procedure is one of gathe
the available data. The AMG dataset provides tweovsi  UP the albums associated with a set of mood |adreds
“Top Albums” and “Top Songs”. Thus, we performed their genre, artist or usage information and then
the following clustering methods independently @thb ~ €oUNting the number of [genreartistjusage]-modutlla
the “Top Albums” and the “Top Songs” mood list data Pai's that occur for each album. The overall sample
of thePopular Set space is the total number of [genrelartistjusagejen
First, a co-occurrence matrix was formed such thal@Pel pairs across all relevant albums.

each cell of the matrix was the number of albunts (o 10 test for significant [genrelartistjusage]-moaiel
songs) shared by two of the 40 “popular’ mood label Pairs, we chose the Fisher's Exact Test (FET) FAT
specified by the coordinates of the cell. PearsondS used to examine the significance of the

correlation was calculated for each pair of rows (o @SSociation/dependency between two variables (n ou
case [genrelartistlusage]-mood), regardless of hehet

the sample sizes are small, or the data are very
Al 1 Musi caui de. com “About Us”. unequally distributed. All of our significance testere
%Al 1 Misi cGui de. com “Site Glossary”. performed using FET.

In order to obtain robust and more meaningful €rist




4 MUSIC MOODSAND GENRES

Each album in each individual “Top Album” list is
associated with only one genre label. However,
album can be assigned to multiple “Top Album” mood
lists. Thus, our genre-mood sample space is adltiagi

combinations of genre and mood labels with each

sample being the pairing of one genre and one moo
label.

4.1 All Moods and Genres

There are 3903 unique albums in 22 genres iMthele
Set This set contains 7134 genre-mood pairs, but thei
distribution across the 22 genres is very skewetth wi
4564 of them involving the “Rock” genre. In order t

compensate for this “Rock” bias, we conducted our

association tests on the whole dataset as wellnaa o
dataset excluding Rock albums. Table 2 shows tk& ba
statistics of the two datasets. The mood labelstiiy’,
“Snide” and “Sugary” were exclusively involved with
“Rock” which resulted in a “non-Rock” mood set afel
labels.

Samples | Moods | Genres| Unique Albums
+Rock 7134 179 22 3903
- Rock 2570 176 21 1715

Table 2. Whole Setounts (+/- Rock genre)
The FET results on th&Vhole Setwith “Rock”

e top (by frequency) 16 genre-mood pairs.

Samples| Moods | Genres|Unique albums
+ Rock| 2748 40 21 1900
] - Rock 927 40 20 714
Table 4. Popular Setounts (+/- Rock genre)
Genre| Mood # Genre Mood | #
R&B Sensual | 51 Electronica Fun 6
Jazz Fiery 28 Gospel Joyous| %
Vocal |Sentimenta] 15 Latin Rousing | 5
Country| Sentimental 15 | Soundtrack | Theatrical| 3
Rap Witty 14 Reggae Druggy| 3
Comedy Silly 8 World Confident| 2
Blues | Rollicking | 8 |Easy Listenin Fun 2
Folk Wistful 8 | Avant-Garde| Volatile | 2

significant relations ap < 0.05 in the “with Rock” set
and 54 pairs in the “non-Rock” set. 41 pairs invwodv

16 genres are significant in both sets. Table Sents

Table5. Popular Setop-ranked genre-mood pairs

Because of the exclusion of less popular moods,
some genres are shown to be significantly related t
different moods than those presented in Table @.,(e.
“Blues”, “Electronic”, “Rap”, “Gospel”, etc.). Not¢hat
these term changes are not contradictory but rathesr
suggestive of an added dimension to describing s mo
general “mood space”. For example, in the case of
“Folk” the two significant mood terms are “Earneatid

albums gives 262 genre-mood pairs whose associationWistful”. Similarly, the combination of “Joyous” rai

are significant ap < 0.05. Analysis of the “non-Rock”
subset yielded 205 significant genre-mood pair§. af7
these pairs are significant in both subsets andhvevl7

“Spiritual” mood terms better describes “Gospelarth
either term alone. See also “Latin” (“Spicy”, “Rang")
and “Reggae” (“Outraged”, “Druggy”).

genres. Table 3 presents these 17 genres and ghe tQ 3 nMood Clusters and Genres

ranked (by frequency) associated moods.

Genre M ood # Genre Mood |#
R&B Sensual 5] Folk Earnest | §
Rap Street Smaft29 Latin Spicy 5
Jazz Fiery 28 World Hypnotic | 4
Electronicg Hypnotic | 20 Reggae Outraged 3
Blues Gritty 16| Soundtrack |Atmospheri¢ 3
Vocal | Sentimental 15 |Easy Listening Soothing| 2
Country | Sentimental 15 New Age Soothing| 2
Gospel | Spiritual 11| Avant-Garde| Cold 3
Comedy Silly 8

Table 3. Whole Setop-ranked genre-mood pairs

While it is interesting to note the reasonablenafss
these significant pairings, it is more importantriote
that each genre is associated with 10 significanbds
on average and that the mood labels cut acrosgetime
categories. This is strong evidence that genrenaoold

are independent of each other and that both provid

different modes of access to music items.
4.2 Popular Moods and Genres

The 40 mood labels in thBopular Setinvolve 2748
genre-mood pairs. Again, many of the pairs arehi t

In the Cluster Setthere are 1991 genre-mood cluster
combinations, covering 20 genres. Among them,
“Rock” albums again occupy a large portion of saapl
and thus we made an additional “non-Rock” subset
(Table 6). The FET significant results @ 0.05) on
the “with Rock” set contain 20 genre-mood pairs and
those on the “non-Rock” set contain 15 pairs. “Rock
was significantly related to Cluster 4 and $at 0.001.
The 14 pairs significant in both sets are showiable

7.

Samples|Clusterg Genres |Unique Albums
+Rock| 1991 5 20 1446
- Rock| 619 5 19 507

Table 6. Cluster Setounts (+/- Rock genre)

Genre| Mood | # Genre Mood | #
R &B |Clusterl] 71 Vocal Cluster3 18
Jazz | Clusterp 57 Vocal Cluster? 17
Rap | Cluster4 32 Comedy Cluster4 12
Rap | Clusterb 30 Latin Clusterl] 7
Folk | Cluster3 28 World Clusterl] 6
Country|Cluster3 24 | Avant-Garde | Clusterb 4
Blues |Clusterl 20 | Easy Listening| Cluster2| 4

“Rock” genre, and thus we performed FET on botls set Table7. Cluster Setop-ranked genre-mood pairs

with and without “Rock”. Table 4 presents the stats

of the two sets. There are 70 genre-mood pairs with



It is noteworthy that “R&B” and “Blues” are both mood terms that evokes a more robust sense of the
associated with Clusterl which might reflect theirgeneral mood evoked by these artists.
common heritage. Similarly, “Country” and “Folk” ear 53 Mood Clustersand Artists

both associated with Cluster3.

The Cluster Sefcontains albums by 920 unique artists.
Among them, 24 artists who have no less than 8tarti
mood pairs form a testing space of 248 artist-nyoaids.
Each album on AMG has a “Title” and an “Artist” lile =~ Table 10 presents the 17 significant artist-moacstelr
For albums combining tracks by multiple artistse th associations gi < 0.05.
“Artist” field is filled with “Various Artists”. In the

5 MUSIC MOODSAND ARTISTS

following analyses, we eliminated “Various Artista$ Art_|st Mood | # _Art|st . Mood | #
this label does not signify a unique analytic unit The Kinks [Cluster4 13 | Miles Davis | Clusterb 7

) Husker DU | Clustery 12 || Leonard CohenCluster3 7
5.1 All Moodsand Artists XTC Cluster4 9 Paul Simon | Cluster37

) ) . Bob Dylan [Cluster3 9 [John Coltrane v

There are 2091 unique artists in dthole SetSome  [Eiyis Presley Cluster] 8 | Johnny Hartmd &S ©
artists contribute as many as over 30 artist-moaidsp Elton John [Clusterd 8 | David Bowie |Clusterd 6
each while 871 artists only occur once in the ddtasd  [Harry Nilssor Cluster4 8 | The Beatles | Clustef24
thus each of them only relates to one mood. Wetdini The Who | Clusters 8 | The Beach BoyCluster? 4
this analysis to artists who have at least 10 tamizod X Clustery 7 Nick_Lowe | Cluster2 4

pairs, which gave us 142 artists, 175 mood labets a
2241 artist-mood pairs. There are 623 significatista
mood pairs ap < 0.05. Table 8 presents the top 14 (by The associations presented in Table 10 are again
frequency) pair associations. Those familiar witese  quite reasonable. For exampl&he Beatlesand The
artists will find these results reasonable. Beach Boysre both related to Cluster2. The four artists

Table 10. Cluster Sesignificant artist-mood pairs

- - related to Cluster5 are all famous for their
Arnst . 'V'OOP' Artist M,OOd “uncompromising” styles. It is noteworthy that Cliers
Dav:/c\nl/_Bowne Theatrical The Grateful Deatd TY'PP_V members represent both the “Rock” (eldisker Di)
ire | Fractureq The Small Faces Whimsical | 54 w3575 (Miles Davis) genres further indicatitige
Wire Cold Randy Newmar) Cynical/Sarcasti . . .
T Rex Campy | Randy Newman Literate m_de_pendence of ,genre and mood to describe music.
The BeatlesWhimsical  Miles Davis | Uncompromising Slmllquy, Cluster3’s members of John, Cohen, Guie,
The Kinks | Witty | Thelonious Monk  Quirky and Simon also cut across genres.
Brian Eno | Detached| Talking Heads Literate

6 MUSIC MOODSAND USAGES

In each of the user-generated reviews of music CDs
presented orepi ni ons. com there is a field called
“Great Music to Play While” where the reviewer stée
a usage suggestion for the reviewed piece fronadyre

Table 8. Whole Setop significant artist-mood pairs

5.2 Popular Moods and Artists

The Popular Setcontains 1142 unique artists. 29 of

them appear in at least 9 artist-mood pairs, agdther made list of recommended usages prepared by the
contribute 372 artist-mood pairs that form theitest o jiiors. Each album (CD) can have multiple reviews
sample space. The results contain 68 significantlyacp review can be associated with at most one
associated artist-mood pairs pt < .0'05' Taple 9 recommended usage. Hu et al. [5] identified intémgs
presents the top 16 (by frequency) pair association  yo|ations between the recommended usage labels and

Artist M ood Artist M ood music genres and artists as well as relations antioag
David Bowie | Theatrical| The Small Face§ Whimsical usages themselves. In this section, we exploreilgess
David Bowie| Campy | The Small Face§  Trippy relations between mood and usage. The following
Talking Heads Wry Randy Newman| Literate usage-mood analyses are based on intersectionsdretw
Talking Heads Literate | Randy Newman|Cynical/Sarcastic our three AMG datasets and our earligi ni ons. com
The Beatles|Whimsical  Husker Du Fiery dataset which contains 2800 unique albums and 5691
The Beatles| Tri The Jesus & Mar . - inati

me seae Wigt?gl gt Frense/Anxious  album-usage combinations [5].
T. Rex Campy| The Velvet . 6.1 All Moodsand Usages
. : Literate
The Kinks | Witty Underground By matching the title and artist name of each albom

our Whole Setand theepi ni ons. com dataset, 149
albums were found common to both sets. As eachmalbu
may have more than one mood label and more than one
usage label, we count each combination of existing
+snood and usage labels of each album as one usage-
mood sample. There were 1440 usage-mood samples
involving 140 mood labels. 64 significant usage-ohoo
pairs are identified by FET g < 0.05. Table 11

Table 9. Popular Setop significant artist-mood pairs

Like we discussed in Section 4.2, it is importamt t
note in Tables 8 and 9 the application of multiple
significant terms to individual artists. For exampl
Randy Newman is associated with “Cynical/Sarcastic
and “Literate” andwWire is associated with “Fractured”
and “Cold”. Again, we see that it is the “sum” biese



presents the most frequent usage-mood associdtions Last.fm is a website collecting music related
each of the 11 usage categofies information from the general public, including plais,
and variety of tags associated with albums, traaohs
artists, etc. Theast . f mtag set includes genre-related,
mood-related and sometimes usage-related tagsdhat
be used to analyse genre-mood, artist-mood andceusag
mood relationships.

Usage M ood #| Artist M ood

Go to sleeg Bittersweet | 12Hang wifriends Fierce
Driving Menacing | 11 Waking up | Cathartic|

Listening Epic 9| Exercising | Angry
Reading | Provocative | 7| Atwork |Menacing
Go out |Party/Celebratory5 | House clean Carefree
Romancing  Delicate 5

NW|h|~OH

7.1 Corroboration of Mood and Genre Associations

Last.fm provides webservicésthrough which the
general public can obtain lists of “Top Tracks”,0ff
Albums” and “Top Artists” for each user tag. As aee
interested in corroborating the significance of geare-
There are 84 common albums in fepular Seand the mood pairs uncovered in the AMG datasets, we
epi ni ons. com dataset, which yields 527 usage-moodobtained the 3 ast.fm “top lists” for tags named by
pairs. There are 16 pairs with 7 usages identifisd the genre-mood pairs shown in Tables 3 and 5. From
significant atp < 0.05. Table 12 presents the mostthese lists, we constructed three sample sets by
frequent usage-mood associations for each of thgeus collecting albums, tracks and artists with at lease
categories genre tag and one mood tag. The three sample sets
present three different “views” with regard to the
associations between genre and mood. A FET was
performed on each of the three sample sets. 21ec28
significant pairs presented in Tables 3 and 5 dse a
significantly associated in at least one of thet . fm
sample setgp(< 0.05). The 7 non-corroborated pairs are:

Table 11. Whole Setop significant usage-mood pairs

6.2 Popular M oods and Usages

Usage Mood | # Artist Mood | #
Go to sleepBittersweet 12 Go out Fun 5
Driving Visceral | 7 Exercising | Volatile | 3
Listening | Theatrical| 7 | House clean| Sexy 2
Romancing Sensual | 5

Table 12. Popular Setop significant usage-mood pairs “Electronica™“Fun”, “Latin"—“Rousing”, “Reggae”-
“Druggy”, “Reggae”-"Outraged”, “Jazz"-"Fiery”,
6.3 Mood Clustersand Usages “Rap"-"“StreetSmart”, and “World"-“Hypnotic”.

The same method was applied to the corroboration of
genre-mood cluster pairs. 12 of the 14 pairs inl@ &b
tested to be significantly associatedpat 0.05. The 2
non-corroborated pairs are: “Jazz"-Cluster5 and
“Latin"—Clusterl.

There are 66 albums included in both Blster Set
and theepi ni ons. com dataset, yielding 358 usage-
mood pairs. Table 13 presents the 6 significantspi

< 0.05).

Usage | Mood | # Usage Mood | #

Go to sleep | Cluster3 44 | Romancing | Cluster3|17

Driving  |Clustery 20 | Exercising | Cluster§13 Last . f mprovides a “Top Artists” list for each user tag
Hang w/friendsCluster4 19 | Goout | Cluster? 6 and a “Top Tags” list for each artist in its systee
Table 13. Cluster Sesignificant usage-mood pairs retrieved the “Top Artists” list for each of the ow
) _ labels in Table 8 and 9, as well as the “Top Tdgd”
The usage-mood relationship appears to be much leggy each of the artists. 17 of the 22 artist-moaétin

stable than the genre-mood and artist-moodraples 8 and 9 were corroborated either by suasissf
relationships. Only 6 of the 11 usages have smt jgeniifying the artists in the “Top Artists” listsf the
cluster relationships. We believe this instability a corresponding tags (10 pairs) or by identifying thgs
result of the specific terms and phrases used totde j, the “Top Tags’ lists of the corresponding agi€?

7.2 Corroboration of Mood and Artist Associations

the usage activities (also see Section 7.3). pairs). The 5 non-corroborated artist-mood paictuithe:
The Beatles*Whimsical”, The Grateful DeadTrippy”,
7 EXTERNAL CORROBORATION Miles Davis—“Uncompromising”, Thelonious Monk

“Quirky”, and David Bowie—"Campy”.
It is always desirable to analyse multiple indegertd ~ To corroborate artist-mood cluster pairs, we
data sources whenever conducting analyses ®ombined the “Top artists” lists of all the mootéds in
relationships. In this section we take our refahip each cluster. By the same method, 15 of the 1% jrair
findings from Sections 4-6 and attempt to re-fihérh  Table 10 (except for Miles Davis—Cluster5 and John

using sets of data fromast . f m Note that we are only Coltrane with Johnny Hartma—Cluster3) were
looking for corroboration, not definite “proof” wtteer  corroborated.

the AMG findings are “true” or “false”. That is, ware , .
exploring theLast . f mdata sets to see whether, or not,’-3 Corroboration of Mood and Usage Associations
our approach is sound and whether it merits furtheUsing the same method as in Section 7.1, we Huittet
development. sample sets based on top albums, tracks and awiists

! Usage labels modified for space reasons. See [Sfrfginal labels. Zhtt p: / / ww. audi oscr obbl er. net/dat a/ webservi ces




at least one usage tag and one mood tag that &gpear evaluation itself, the human evaluators would begi
Tables 11 and 12. Please note that some of theeusagxemplars from each of the 5 (or so) clusters i@ gi
tags are not available imast . f msuch as “Hanging out them an understanding of their “nature”. The lidite
with friends”, and “Romancing”. Others have verwfe number of clusters increases the probability ofueatar
occurrences, such as “Cleaning the house”. We tded consistency. Scoring would be based on the agreemen

locate tags similar to these phrases (e.g., “hangut”,
“cleaning”). Thus, results from this dataset diselo
quite different associations than those from the &AM
sets. The only 3 pairs corroborated ape < 0.01):
“Going to sleep”-“Bittersweet”, “Driving"-"Menacirigy
and “Listening”-“Epic”.

By combining the albums/tracks/artists lists with a
the mood labels in each cluster, we corroboratéyg 2n
usage-mood cluster pairs found in Table 13: “Gdmng
sleep”-Cluster3 @ = 0.001), “Driving"-Cluster5 g <
0.015). Again, these observations indicate that the
relationship between usage and mood is not staldlésa
most likely dependent on the specific vocabularies
present in the datasets they are derived from.

8 RECOMMENDATIONS

The usage-mood relationships are not stable entmgh
warrant further consideration. However, the genosth
and artist-mood relationships explored in this gtud
show great promise in helping construct a meaningfu
MIREX “AMC” task. The corroborative analyses using
the Last . f mdata sets provide additional evidence that
the nature of these two relationships is generalilze
beyond our original AMG data source.

Mood term vocabulary size (and its uneven
distribution across items) is a huge impedimenth®
construction of useable ground-truth sets (e.g.,GAM
179 mood terms). Throughout this study we saw that
many of the individual mood terms were highly
synonymous or described aspects of the sam
underlying, more general, “mood space”. Thus, we

found that decreasing mood vocabulary size in some

ways actually clarified the underlying mood of ttems

being described. We therefore recommend that MIREX
members consider constructing an “AMC” task based
upon a set of “mood space” clusters rather than

individual mood terms. The clusters themselves need

not be those presented here but should be rekativel

e

between system and evaluator assigned cluster
memberships.
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