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Abstract

We presentinovel approachn cateorizingartistsinto sub-
jective catggoriessuchas genre. We baseour methodon

co-occurrencesn the web, found with the Googlesearch
engine. A direct mappingbetweenartists and cateyories
proved to be unreliable. We usethe categyoriesmappedto

closelyrelatedartiststo obtainamorereliablemapping.The

methodis testedon a genreclassi cationtestsetwith con-

vincing results.Moreover, mood categorizationis explored
usingthesametechniques.
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1. Intr oduction

Webservicesn themusicdomainprovide all kindsof meta-
dataon music. Somemeta-datas objective andveri able,

like the yearof releaseof analbum or the nationalityof an
artist. Othermeta-dataoncernsghecateyorizationof music,
suchasthe assignmentf a genreto analbum or amoodto

asong.Althoughsuchinformationmaybe debatableit can
be helpful for auserin selectingmusic.

TheWorld Wide Web providesanoverwhelmingamount
of informationonthe musicdomain.Homepagesof artists,
fan pagesand album reviews give information to identify
catgyories(genresmoods)for music. Evenif someof the
sourcesontradicteachother we areoftenableto selectthe
mostappropriatecataory.

In this paper we presenta methodto automaticallycat-
egorizeartistsandtheir musicinto moodsandgenres.The
methodis basedon co-occurrencesntheeh We areinter
estedin nding the mostappropriatenappingfrom a given
setof cateyories.

In earlierwork on artist classi cationwith web datathe
numberof Googlehits for querieswith two artistswasused
[12, 15]. In this work we comparesuchan approachwith
moreef cient methodswith respecto thenumberof Google
gueries.Contraryto approache [8, 12], the methodsn-
troducecherearesimpleandunsupervised.
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This paperis organizedasfollows. In the next section
the problemstatements given. Section3 handleshreeal-
ternatve methodsin acquiringa mappingbetweenartists
and catgyories. Sincesucha mappingshoved to be unre-
liable, we acquireadditionalinformationand usethis in a
nal mappingin Section4. Two experimentsarediscussed
in Section5: the categyorizationof artistsinto genresand
into moods.Relatedwork canbefoundin Section6 andwe
concludein Section?.

2. Problem Description

Givenaretwo setsA andL. ThesetA consistof namef
artists,andthe setL containscategoriese.g.genresAlso a
mappingm : A ! L is given. We assumdhe setL to be
completeandconsequentlyve assumahateachu in A can
bemappedo atleastonev in L.

De nition. We call anelementm(u) 2 L the most ap-
propriate catgory for u 2 A if adomainexpertwould se-
lectm(u) fromthesetlL asthecateyorybestapplicableo u.

Problem. Given a setof artists A and a set of cate-
goriesL, nd for eachu 2 A themostappropriatanapping
m(u) 2 L.

We usethe webto extract suchinformationandassume
thatanartistcateyorizationcanbededucedrom it.

3. ThreeMethodsfor Categorizing Artists

In thissectionwe presenthreemethodgo cateyorizeartists
usingwebdata. The rst methodis basedon analyzingthe
numbersof co-occurrencesf artistsin A andcategoriesin
L ontheweh Toretrieve this datawe usethe Googlesearch
engine[4].

Theestimatechumberf Googlehitscan uctuatewhich
may leadto unexpectedresults[14]. Anotherdravbackof
this methodis, thatit requiresmary queriesto a searchen-
gine. For large setsof instanceghis can be problematic,
sincesearchenginescurrentlyallow only a limited amount
of automatedjueriesperday

In Sections3.2 and3.3 we presentwo alternatve meth-
odsthatdo not suffer from thesedravbacks.

3.1. Page-count-basednapping (PCM)
We areinterestedn a preliminary mappingm’. To obtain

sucha mappingwe performa Googlequery" a"," g" for



eachpair(a;g) 2 A L. Perqueryweextracttheestimated
numberof hits co(a; b).

co(a; b) = ‘thenumberof hitsfor query”a”, "b’ '

We assumehattheorderof a andbin thequerydoesnot
effectthe numberof hits, thusco(a; b) equalsco(b;a).

This Page-Count-basedapping(pcm) is simpleandin-
tuitive. If we are for example interestedin catejorizing
music artist into genres we analyzethe numberof hits to
gueriesfor combination®f the namesof theartistandeach
genre.AssumingJohniy Cashto bea countryartist,we ex-
pectthat more documentscontainboth the terms Country
andJohnny Cash thanReggae andJohnny Cash.

Pera 2 A wecouldmaptheg 2 L with the mosthits.
However, we obsere that frequently occurring categories
in L have alargerprobabilityto be mappedo ary artistin
A. For example,the query "Pop' resultsin 8 times more
hits thanthe query' Disco'. Although we considerBoney
M asa disco-actthe query Boney M, pop givestwice the
amountof hits as Boney M, disco. This obsenation leads
to anormalizedapproachinspiredby the pointwisemutual
informationtheory[9].

Fora 2 A andg 2 L, we de ne a scoringfunction
S(a; g) betweerthetwo asfollows.

co(a; 9)
1+ ZbeA co(b;0)

In the denominatowe add1 to the sumof all co-occur-
renceswith g to avoid dividing by O.

Now we have computedhescoredor all pairs,we select
apreliminarymappingm’ for all a 2 A. Perartistwe select
thecategoryg 2 L with thehighestscoreS.

S(a; ) = (1)

m’(a) = amgmax,., S(a; h) @)
UsingPCcM we thusneedto performjAj jLj queries.

3.2. Pattern-basedmapping (PM)

Thismapping(PM) is basednoccurrencesf termsin phra-
sesontheweh Weobsere combination®f termsin phrases
that expressthe relation we are interestedin. For exam-
ple, if we areinterestedn the relationbetweenartistsand
their genres,an appropriatephrasethat links termsof the
two couldbe ‘(artist) is one of the biggest (genre) artists’.

The methodworks as follows. We composea number
of patternghatexpressthe categyorizationof theartistsin A
into cateyoriesof L. We caneithercomposehesepatterns
manually or useatrainingsetto automaticallynd patterns
[7].

We combinethe patternawith aninstanceof eitheroneof
theargumentsf therelationit re ects. We usethesecombi-
nationsof a patternandaninstanceasa queryto the search
engine[7]. For example,if we have the pattern “(genre)

artist such as (artist)”, we useit in queriesin combinations
with all namesof genresandartists. For example,we use
this patternbothfor the query “Country artists such as” and
for the query “artists such as Prince”. In the resultsfor the
rst query we identify artistsin A, while in the resultsfor
thesecondjuerywe searckor genresn L relatedto Prince.
Thesequeriesprovide accesgo relevantdata. Fromthe
excerptsreturnedoy the searchengine we thusidentify the
elementf eitherA or L to measurghe numberof co-oc-
currencef the pairs. Hence,usingPm co(a; b) is de ned
asfollows.
co(a;b) = “numberof occurrencesf a
whenqueryingpatternsontainingh +
“numberof occurrencesf b
whenqueryingpatternsontaininga’

UsingPMm weonly needm (jAj+jLj) querieswith m the
numberof patternsexpressinghe mappingm. We usethe
samescoringfunction (1) to obtaina preliminarymapping

).
3.3. Document-basedmnapping (DM)

In the Document-basetMapping (bM) we collectthe rst
k URLs of the documentseturnedby the searchenginefor
somequery Thesek URLS arethe mostrelevant for the
guery submittedbasedon the ranking usedby the search
engine[4].

In the rst phaseof thealgorithm,we queryall elements
in both A andL andcollectthe top k documentdor each
of the queries.For the artistsin A, we retrieve eachdocu-
mentusingthe URLs found by the searchengine.We count
the occurrence®f the cateyoriesin L in theretrieved doc-
umentsfor the intermediatemappingm’. From the docu-
mentsretrievedwith aninstanceg 2 L, we similarly extract
theoccurrencesf artistsin A.

Thedocumentobtainedusingbm arethe mostrelevant
for eachelementa 2 A. For the artistsqueriedwe ex-
pectfanpagesthe homepageof theartist,entriesin music
databassitesandsoon. Thegenresor stylesmentionedn
thesepageswill mostprobablyre ect theartistqueried.

The co-occurrencefunctionis herethusde ned asfol-
lows.

co(a;b) = “numberof occurrencesf a
in documentsoundwith “b" ' +
“numberof occurrencesf b

in document$oundwith “&

Theco-occurrencebetweerartistsandgenresagain are
usedfor an intermediatemappingusing the samescoring
function.

This methodrequiresonly jAj + jLj queries.However,
additionaldatacommunications requiredsinceeachof the
documentsasto be downloadedinsteadof usingonly the
dataprovided by the searchengine.



4. Impr oving Precisionusing Additional
Information

Sincethe preliminarymappingshavedto beunreliable(see
Section5), we obsenre the needfor additionaldata.We use
the assumptiorthatrelatedartistsoften sharethe samecat-
egory. The otherway around,if two artistsareboth known
for thesamecateyory (e.g.romanticmusic),we expectthem
to occuroftenin the samecontext. We thususetheworking
hypothesighatstronglyrelatedartistsin generalrecateyo-
rizedwith the sameelementn L.

We acquireco-occurrencebetweenartists(Section4.1)
usingPCM, PM or DM asdescribedn the previous section.
We usethisinformationin a nal mappingm (Sectior4.2).

4.1. Finding co-occuencesbetweenartists

We considemartiststo berelated whenthey frequentlyoccur
in the samecontet. Themethodsecm, PM andbMm canbe
usedto gathernumbersof co-occurrenceso(a; b) between
artistsa andb.

Perpair(a;b) 2 A A we computethescoreT, similar
tothescoreS in (1).

co(a; b)
1+ 37, y2a CO&Y) 3, s COX; b)

The scoringfunction T is symmetricin its aguments.
Again,we donotusea majority votingto preventfrequently
occurringinstancego be stronglyrelatedto mary otherin-
stancesFor example,anartistlike Madonna is expectedto
co-occura lot with mary otherartists,dueto large number
of web pagesnentioningMadonna (26 million hits).

In PcM we combinethe namef two artistsinto aquery
andextractthenumberof Aits. Usingthis methodthis phase
requiresjAj? queries. The total numberof Googlequeries
for the Pcm methodis thusjAj (JAj + jLj).

If weusePM to obtainthenumberof co-occurrencebke-
tweenartists,we canspecifytherelatednesbetweerartists.
For example,we canbesolelyinterestedn artistswho have
playedtogether A patternsuchas “(artist) recorded a duet
with (artist)” could be suitablefor this purpose.This phase
of themethodconsistof k jAj queriegwith k thenumber
of patterns)leadingto atotal Googlecompleity of jAj+jL |

In the document®btainedwith the bm methodwe only
expect namesof other artiststhat are strongly connected
with the artist queried. We reusethe documentsbtained
by queryingthe artistsin the rst phase.This methodthus
requiregAj + jLj queriedn total.

T(a;b) = ©))

4.2. Combineresultsin nal mapping

We combinethe scoresT with the preliminarymappingm’
asfollows. Perartista, we inspectm’ to determinghecate-
gorythatis assignednostoftento a andits n closestelated
artists.We thusexpectthatthe mostappropriatecateyory v

for a is mostoftenmappecdby m’ amongthe nearesneigh-
borsto a.

Perinstancea 2 A, we constructan orderedlist with a
andits n nearesheighborsA = (ap;a;;:::;;a,) with a =
ay asits rst element. For eacha; in A withi > 0 holds
T(a;a;) T(aja;41).

For a nal mappingm of artistsa to acateyoryin L, we
inspectthe mostoccurringcateyory mappedoy m’ to a and
its n nearesheighbors.

m(a) = agmax,c.( Y I(a;h))

0<i<n

with

v_ |1 ifm(a;)=h
(&ih) = { 0 otherwise.
If two categorieshave anequalscore,we selectthe rst

occurringone. Thatis, the category thatis mappedoy m’ to
a or to theartistmostrelatedto a.

5. Experiments

We presentwo experimentf our methodin themusicdo-
main.

In the rst, we cateyorizea list of 224 artistinto genres
[8]. Contraryto prior work [8, 12], we donotclusterrelated
artists,but areinterestedn a mappingof artiststo genres.
We thusexplicitly labeleachartistwith agenre.

In the secondexperimentwe mapartiststo themoodas-
sociatedvith theirmusicusingwebdata.To ourbestknowl-
edge,no previouswork addressethis issue.Basedon data
of MoodLogic[10], weassigmmoodsto alist of artistsusing
themethodpresented.

5.1. Genre categorization

We addedhll namesof artistsin thelist composedy Knees
etal. [8] to thesetA. This list consistsof 14 genresgach
with 16 artists.

The genresmentionedn the list arenot all suitablefor
nding co-occurrencesFor example,the term classical is
ambiguousand Alternative Rock/Indie is not a term fre-
guentlyused. We thereforemanuallyrewrote the namesof
the genresinto unambiguou®nes(suchasclassical music)
andaddedsomesynoryms. After collectingthe numbersof
co-occurrencebetweenartistsand genreswe summedup
the scoresof the co-occurrence$or synoryms. Thus, for
eachartista the numberof co-occurrencesvith the terms
Indie and Alternative rock areaddedto the co-occurrences
of a with thegenreAlternative Rock/Indie.

We performedthe experimentthreetimes,usingeachof
themethodgdescribedo obtainthe co-occurrences.

Motivated by the resultsin [12], for PCM we usedthe
allintitle option. We alsoaddedthe extra term music
for nding co-occurrencebetweertheartists.For example
the terms Bush and Inner Circle co-occurreda lot on the



"#1 (artists OR bands OR

acts OR musicians) like #0"
"#1 (artists OR bands OR

acts OR musicians) such as #0"
"#1 (artists OR bands OR acts

OR musicians) for example #0"
"#0 and other #1 (artists

OR bands OR acts OR musicians)"

Table 1. The four patternsfor artist (#0) - genre (#1) relation.

"like  #0 and #1"

"such as #0 and #1"
"including #0 and #1"
"for example #0 and #1"
"namely #0 and #1"

"#0 and #1"

"#0 #1 and other"

Table 2. patternsfor artist - artist relation.

web, dueto Americanpolitics. By addingthe term music
we restrictoursehesto documentsiandlingmusic.

For Pm we selectedor the genre-artistelationsthe pat-
ternsin Table 1 from a list of patternsfound expressing
this relation[7]. We consideredwo artistsrelated,if the
two co-occurin someenumeration. Sincewe are not in-
terestedn the natureof the relatednesbetweerartists,we
selectedyeneraknumeratiompatterngTable2) to obtainco-
occurrences.

In Table 3 the performanceof the preliminary mapping
canbefoundfor the threemethodgn = 0). We wereable
to mapall artiststo agenre.Co-occurrencebetweergenres
andartiststhuscouldbefoundusingpcm, Pm aswell asbM.
The latter performsbest. With respectto the preliminary
mapping,the methodwith the smallestamountof Google
queriesperformsbest. The datafound on the bestranked
documentss thusreliable.

Using bM only few relatedartistscan be found on the
documentsvisited. This leadsto a stableperformanceor
the nal mappingwhenexpandingthe list of relatedartists
(Figurel). Thatis, we only considerartiststhatco-occurat
leastonce. Contraryto especiallypcMm, large numbersof n
do notdeteriorateghe precision.

The performanceof the pattern-basednethodstrongly

method n=0  best (corresponding)

PCM 71.4 813 (13)
PM 722 88.8 (8)
DM 83.9 871 (5)

Table 3. Precision(%) without related artists and best preci-
sion per method.

improvesby consideringelatedartists thebestperformance
is obtainedfor n = 8. All methodsperformbestfor values
of n betweerb and13. TheRock n’ Roll artistsprovedto be
themostproblematido cateyorize. Theartistsin thegenres
classical, blues andjazz wereall correctlycateyorizedwith
thebestscoringsettings.

With the supervisednethoddiscussedn [8] a precision
of 87%wasobtainedusingcomplex machindearningtech-
niguesandarelatively largetrainingset.In [12] a precision
of up to 85% precisionwasobtainedusingO(jAj2) Google
gueries.We canconcludethatour simpleandunsupervised
methodproducessimilar results. A importantobseration
is, that the bestscoring methods(document-and pattern-
based)arethe onesperformingonly O(jAj + jGj) Google
gueries. Our approachis thuswell suitedfor categorizing
largersetsof artists.

5.2. Mood categorization

Apart from a genre,music meta-datgrovidersoften asso-
ciateamoodwith anartist,songor album. MoogLogic[10]
distinguishesseven moods: upbeat, happy, sad, brooding,
aggressive, sentimental andromantic. Contraryto e.g.AMG
[1], with eachsongonly onemoodis associatedin thissec-
ond experiment,we investicate whetherthe samemethods
canbe usedwithout adaptationso identify the moodof the
musicof someartist. We hereusethe assumptiorthatfrom
the list of seven moodsa mostappropriateone canbe as-
signedto eachartist.

Sinceno prior work is known to usin this eld, we have
composedwo testsetsourseles! , basedndatafrom Mood-
Logic. We conductedhe experimenton a setof 230artists.
The setupwasequalto the rst experiment. We only used
differentpatterndor theidenti cation of co-occurrencelke-
tweenmoodsandartists(Table4).

We evaluatedthe performanceusing two setsets. The

rst setcontainsfor eachof the serenmoodsthetwo artists
thatcorrespondebestwith amood. For thesecondestset,

1 Seehttp://gijsg.dse.nl/ismir06
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Figure 1. Precisionfor genre categorization.



"#1 (mood OR tunes OR style) by #0"
"#1 (mood OR tunes OR style) like #0"
"#1 (mood OR tunes OR style) of #0"
"#0's  #1"

Table 4. Patterns for the mood (#1) - artist (#0) relation.

we usedalessstrictcriterion. If atleast70%of thesongsof
an artistwasassociatedvith onemood, we addedit to the
testset. This secondestsetcontains4? artists.

Figures2 and3 shaw the performancef thethreemeth-
odsin mood catgorization. Thesetestsindicatethat bm
aguinis themostconstanandreliable. It seemghatPcw™ is
unsuitedfor categorizing artistsinto moods. Although the
resultsarenotascorvincing asthegenrecatejorization,es-
pecially bm performssigni cantly betterthanthe baseline
of 14%,o0r 1 outof 7 correct.

Eventhoughthe datacollectedby D™ is sparsge.g.no
moodcouldbeassignedo R.E.M.),thistestshavs thatthis
methodis the mostreliable in mood cateyorization. The
performancef PM canbeexplainedby theobsenationthat
anartistandmoodsfrom this list occurrarelywithin a sen-
tence.Thehypothesighattakingrelatedartistsinto account
will reduceerrorsin the categorizationonly holdsfor DM.
Thistechniqguecompensatefor theartistsfor whichno pre-
liminary mappingcouldbefound.

The overall performancecould be improved by adding
synoryms for the moodsin the list. On the one handthe
terms brooding and upbeat are rare and on the otherhand
happy andsad do notalwaysre ect themoodof music.Ap-
parently the relative scoringfunction doesnot compensate
for this.

Unlikethemodelwith sevendistinctmoodsusedn Mood-
Logic, multiple moodsseemto be applicableto a single
artistor evento a singlesong.Especiallythedistinctionbe-
tweenupbeat and happy sometimeseemsarbitrary How-
ever, we expecta songnotto beboth aggressive androman-
tic. AMG assigngnultiple moodsto artists,for example21
of thesemoodsapply to Madonna. The document-based
methodgives rise to researchthe assignmenbf multiple
moodsto songsor artists.

6. RelatedWork

We obsere two areasof relatedwork: researchrelatedto
web-basedelationidenti cation andwork on artistclassi -
cationwith webdata.

Earlywork onrelationidenti cation from thewebcanbe
foundin [3]. Brin describes website-dependemipproach
to identify hypertet patternghatexpresssomerelation. For
eachweb site, such patternsare learnedand explored to
identify instanceghataresimilarly related. The ideaof us-
ing patterndor relationextractionis similarto pm, although
theextractedrelationarenot evaluated.
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Figure 2. Precisionfor mood categorizationwith small set.

artist-mood categorization large set

precision

1 1 1
0 5 10 15 20
number of neighbors considered

Figure 3. Precisionfor mood categorizationwith larger set.

CimianoandStaabdescibea methodto usea searchen-
gineto verify a hypothesisrelation[6]. For example,if we
areinterestedn the’is a' or hyporym relationandwe have
a candidateinstancepair (Nile, river) for this relation, we
canusea searchengineto queryphrasegxpressinghis re-
lation (e.q. “rivers such as the Nile”). The numberof hits
to suchqueriesis usedto determinethe validity of the hy-
pothesis Contraryto our method,a majority voting is used.
In [11] varioustechniquesrediscussedo identify relations
betweenconceptsfrom the web for a questionanswering
system.

In [2] anumberof document®n art stylesarecollected.
Namesof paintersare identi ed within thesedocuments.
The documentsare evaluatedby countingthe numberof
paintersin atraining set(of e.g.expressionists) thatappear
in thedocumentPaintersappearingnthebestrankeddoc-
umentsthenaremappedo the style. This methodsdiffers
from DM in two aspects.First we do not collecta constant
amountof web pages but we collectweb pagesfor all el-
ementsin the setsA andL. Secondly De Boer et al. use
a training setand pageevaluation, wherewe just obsere
co-occurrences.

Thenumberof Googlehizs for pairsof termscanbeused



to computea semantiaistancebetweenterms[5]. Thena-
ture of the relationis not identi ed, but the techniquecan
for examplebe usedto clusterpainters. In [15] a similar
methodis usedto clusterartistsusingsearchenginecounts.

In [12], the numberof Google hits of combinationsof
artistsis usedin classifying artists. In Pcm we usethe
sametechniquedo obtainthese gures, but do notusema-
chinelearningtechniquego interpretthem. Moreover, we
map artiststo cateyoriesinsteadof clusteringthem. Co-
occurrencebetweerartistsusingsearctenginehitscanalso
be usedto discover prototypicalartistspergenre[13].

A documenbasedechniquen artistclassi cationis de-
scribedin [8]. For all artists,a numberof documentss
collectedusing a searchengine. For setsof relatedartists
a numberof discriminatve termsis learned. Theseterms
are usedto classify the other artists using supportvector
machines. The documentsare obtainedin a similar way
in our document-basethethod. However, we restrictour
selhesto identifying namesof artistsand catgyorieson the
documents.

7. Conclusionsand Futur e Work

We have discussedhreealternatve methodsto obtain co-
occurrencedetweentermsusing a searchengine. These
methodsareappliedto gain a preliminarymappingbetween
artistsand catgyoriessuchas genre. Whenrelatedartists
sharethe samecatayory, themutualdistancebetweenrartists
canbeusedto obtaina morereliablemapping.

The threealternatves usedhave a different compleity
with respectto the numberof queriesto a searchengine.
Themethodusingpatternsandthe oneusingcompletedoc-
umentsarelinearto thenumberof itemsin thesetsof artists,
wherethe page-count-basedappingis quadratic.This dis-
tinction is importantfor cateyorizing large setsof artists,
sincesearchenginesallow only a limited amountof auto-
matedqueriesperday

In the rst experimentwe shaved thatwe canprecisely
catgorize artiststo genreswherethe mostef cient meth-
odswith respecto the Googlecomplity performbest.

Thesecondxperimentconsisteaf themappingof artists
to the moodsassociatedvith their music. This novel ap-
proachin artist categyorizationhad encouragingesults,but
isopentoimprovement.Thedocument-basesiethodseems
bestsuitedto cateyorizeartistsinto moods.

Thetwo experimentsshaovedthatthe methodawith least
amountof queriesgive the bestresults. We shaved that
simpleandunsupervisednethodscanbe usedfor areliable
catgorization. Therefore thesemethodsarewell suitedto
beappliedto largerdata-sets.

In future work, we want to further explore the eld of
automaticallycategorizing musicinto moods. We will in-
vesticatemethodgo cateyorizesongsor albumsratherthan
artists. Moreover, the moodsidenti ed in the experiment
arelesssuited,sincethe termsare ambiguous.Automatic

identi cation of termsassociateavith moods(analogougo
work in [8]) is aninterestingoptionto explore. Finally, we
planto testthe methodsausinga richer categyorization,since
we currentlyonly identi ed afew broadgenresandmoods.
The meta-dataon moodsprovided by AMG canbe usedas
abenchmark.
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