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Abstract
Wepresentanovel approachin categorizingartistsinto sub-
jective categoriessuchas genre. We baseour methodon
co-occurrenceson the web, found with the Googlesearch
engine. A direct mappingbetweenartistsand categories
proved to be unreliable. We usethe categoriesmappedto
closelyrelatedartiststoobtainamorereliablemapping.The
methodis testedon a genreclassi�cationtestsetwith con-
vincing results.Moreover, moodcategorizationis explored
usingthesametechniques.

Keywords: Artist categorization,web,Google.

1. Intr oduction
Webservicesin themusicdomainprovideall kindsof meta-
dataon music. Somemeta-datais objective andveri�able,
like theyearof releaseof analbum or thenationalityof an
artist.Othermeta-dataconcernsthecategorizationof music,
suchastheassignmentof a genreto analbum or a moodto
asong.Althoughsuchinformationmaybedebatable,it can
behelpful for auserin selectingmusic.

TheWorld WideWebprovidesanoverwhelmingamount
of informationon themusicdomain.Homepagesof artists,
fan pagesand album reviews give information to identify
categories(genres,moods)for music. Even if someof the
sourcescontradicteachother, weareoftenableto selectthe
mostappropriatecategory.

In this paper, we presenta methodto automaticallycat-
egorizeartistsandtheir musicinto moodsandgenres.The
methodis basedon co-occurrenceson theeb. We areinter-
estedin �nding themostappropriatemappingfrom a given
setof categories.

In earlierwork on artist classi�cationwith webdatathe
numberof Googlehits for querieswith two artistswasused
[12, 15]. In this work we comparesuchan approachwith
moreef�cient methodswith respectto thenumberof Google
queries.Contraryto approachesin [8, 12], themethodsin-
troducedherearesimpleandunsupervised.
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This paperis organizedas follows. In the next section
theproblemstatementis given. Section3 handlesthreeal-
ternative methodsin acquiringa mappingbetweenartists
andcategories. Sincesucha mappingshowed to be unre-
liable, we acquireadditionalinformationandusethis in a
�nal mappingin Section4. Two experimentsarediscussed
in Section5: the categorizationof artists into genresand
into moods.Relatedwork canbefoundin Section6 andwe
concludein Section7.

2. ProblemDescription
Givenaretwo setsA andL. ThesetA consistsof namesof
artists,andthesetL containscategoriese.g.genres.Also a
mappingm : A ! L is given. We assumethesetL to be
completeandconsequentlywe assumethateachu in A can
bemappedto at leastonev in L .

De�nition. We call anelementm(u) 2 L the most ap-
propriate category for u 2 A if a domainexpertwould se-
lectm(u) from thesetL asthecategorybestapplicableto u.

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

We usetheweb to extractsuchinformationandassume
thatanartistcategorizationcanbededucedfrom it.

3. Thr eeMethods for CategorizingArtists
In thissection,wepresentthreemethodsto categorizeartists
usingwebdata.The�rst methodis basedon analyzingthe
numbersof co-occurrencesof artistsin A andcategoriesin
L ontheweb. To retrievethisdataweusetheGooglesearch
engine[4].

Theestimatednumbersof Googlehitscan�uctuatewhich
may leadto unexpectedresults[14]. Anotherdrawbackof
this methodis, that it requiresmany queriesto a searchen-
gine. For large setsof instancesthis can be problematic,
sincesearchenginescurrentlyallow only a limited amount
of automatedqueriesperday.

In Sections3.2and3.3we presenttwo alternative meth-
odsthatdonot suffer from thesedrawbacks.

3.1. Page-count-basedmapping (PCM)
We areinterestedin a preliminarymappingm′. To obtain
sucha mappingwe performa Googlequery" a"," g" for



eachpair(a;g) 2 A � L . Perquery, weextracttheestimated
numberof hits co(a;b).

co(a;b) = `thenumberof hits for query”a”, ”b” '

Weassumethattheorderof a andbin thequerydoesnot
effect thenumberof hits, thusco(a;b) equalsco(b;a).

ThisPage-Count-basedMapping(PCM) is simpleandin-
tuitive. If we are for example interestedin categorizing
musicartist into genres,we analyzethe numberof hits to
queriesfor combinationsof thenamesof theartistandeach
genre.AssumingJohnny Cashto beacountryartist,weex-
pect that moredocumentscontainboth the termsCountry
andJohnny Cash thanReggae andJohnny Cash.

Pera 2 A we couldmaptheg 2 L with themosthits.
However, we observe that frequentlyoccurringcategories
in L have a largerprobability to bemappedto any artist in
A. For example,the query `Pop' resultsin 8 times more
hits thanthe query ' Disco'. Although we considerBoney
M asa disco-act,the queryBoney M, pop givestwice the
amountof hits asBoney M, disco. This observation leads
to a normalizedapproach,inspiredby thepointwisemutual
informationtheory[9].

For a 2 A and g 2 L, we de�ne a scoring function
S(a;g) betweenthetwo asfollows.

S(a;g) =
co(a;g)

1 +
∑

b∈A co(b;g)
(1)

In thedenominatorwe add1 to thesumof all co-occur-
renceswith g to avoid dividing by 0.

Now wehavecomputedthescoresfor all pairs,weselect
apreliminarymappingm′ for all a 2 A. Perartistweselect
thecategoryg 2 L with thehighestscoreS.

m′(a) = argmaxh∈LS(a;h) (2)

UsingPCM wethusneedto performjAj � jL j queries.

3.2. Pattern-basedmapping (PM)
Thismapping(PM) is basedonoccurrencesof termsin phra-
sesontheweb. Weobservecombinationsof termsin phrases
that expressthe relation we are interestedin. For exam-
ple, if we areinterestedin 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 patternsthatexpressthecategorizationof theartistsin A
into categoriesof L . We caneithercomposethesepatterns
manually, or usea trainingsetto automatically�nd patterns
[7].

Wecombinethepatternswith aninstanceof eitheroneof
theargumentsof therelationit re�ects. Weusethesecombi-
nationsof a patternandaninstanceasa queryto thesearch
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 thequery“Country artists such as” and
for thequery“artists such as Prince”. In theresultsfor the
�rst query, we identify artistsin A, while in the resultsfor
thesecondquerywesearchfor genresin L relatedto Prince.

Thesequeriesprovide accessto relevantdata. Fromthe
excerptsreturnedby thesearchengine,we thusidentify the
elementsof eitherA or L to measurethenumberof co-oc-
currencesof thepairs. Hence,usingPM co(a;b) is de�ned
asfollows.

co(a;b) = `numberof occurrencesof a
whenqueryingpatternscontainingb' +
`numberof occurrencesof b
whenqueryingpatternscontaininga'

UsingPM weonly needm�(jAj+ jL j) queries,with m the
numberof patternsexpressingthemappingm. We usethe
samescoringfunction (1) to obtaina preliminarymapping
(2).

3.3. Document-basedmapping (DM)
In the Document-basedMapping(DM) we collect the �rst
k URLs of thedocumentsreturnedby thesearchenginefor
somequery. Thesek URLs are the most relevant for the
query submittedbasedon the ranking usedby the search
engine[4].

In the�rst phaseof thealgorithm,we queryall elements
in both A andL andcollect the top k documentsfor each
of the queries.For the artistsin A, we retrieve eachdocu-
mentusingtheURLs foundby thesearchengine.We count
theoccurrencesof thecategoriesin L in the retrieveddoc-
umentsfor the intermediatemappingm′. From the docu-
mentsretrievedwith aninstanceg 2 L, wesimilarly extract
theoccurrencesof artistsin A.

ThedocumentsobtainedusingDM arethemostrelevant
for eachelementa 2 A. For the artistsqueriedwe ex-
pectfanpages,thehomepageof theartist,entriesin music
databasesitesandsoon. Thegenresor stylesmentionedin
thesepageswill mostprobablyre�ect theartistqueried.

Theco-occurrencesfunction is herethusde�ned asfol-
lows.

co(a;b) = `numberof occurrencesof a
in documentsfoundwith “b” ' +
`numberof occurrencesof b
in documentsfoundwith “a” '

Theco-occurrencesbetweenartistsandgenresagain are
usedfor an intermediatemappingusing the samescoring
function.

This methodrequiresonly jAj + jL j queries.However,
additionaldatacommunicationis requiredsinceeachof the
documentshasto bedownloadedinsteadof usingonly the
dataprovidedby thesearchengine.



4. Impr oving PrecisionusingAdditional
Inf ormation
Sincethepreliminarymappingshowedto beunreliable(see
Section5), we observe theneedfor additionaldata.We use
theassumptionthat relatedartistsoftensharethesamecat-
egory. Theotherway around,if two artistsarebothknown
for thesamecategory(e.g.romanticmusic),weexpectthem
to occuroftenin thesamecontext. Wethususetheworking
hypothesisthatstronglyrelatedartistsin generalarecatego-
rizedwith thesameelementin L .

We acquireco-occurrencesbetweenartists(Section4.1)
usingPCM, PM or DM asdescribedin theprevioussection.
Weusethis informationin a �nal mappingm (Section4.2).

4.1. Finding co-occurencesbetweenartists

Weconsiderartiststo berelated,whenthey frequentlyoccur
in thesamecontext. ThemethodsPCM, PM andDM canbe
usedto gathernumbersof co-occurrencesco(a;b) between
artistsa andb.

Perpair (a;b) 2 A � A wecomputethescoreT, similar
to thescoreS in (1).

T(a;b) =
co(a;b)

1 +
∑

y,y 6=a co(a; y) �
∑

x,x6=b co(x; b)
(3)

The scoringfunction T is symmetricin its arguments.
Again,wedonotuseamajorityvotingto preventfrequently
occurringinstancesto bestronglyrelatedto many otherin-
stances.For example,anartist like Madonna is expectedto
co-occura lot with many otherartists,dueto largenumber
of webpagesmentioningMadonna (26million hits).

In PCM wecombinethenamesof two artistsinto aquery
andextractthenumberof hits. Usingthismethodthisphase
requiresjAj2 queries.The total numberof Googlequeries
for thePCM methodis thusjAj � (jAj + jL j).

If weusePM to obtainthenumbersof co-occurrencesbe-
tweenartists,wecanspecifytherelatednessbetweenartists.
For example,wecanbesolelyinterestedin artistswhohave
playedtogether. A patternsuchas“(artist) recorded a duet
with (artist)” couldbesuitablefor this purpose.This phase
of themethodconsistsof k � jAj queries(with k thenumber
of patterns),leadingtoatotalGooglecomplexity of jAj+ jL j

In thedocumentsobtainedwith the DM methodwe only
expect namesof other artists that are strongly connected
with the artist queried. We reusethe documentsobtained
by queryingtheartistsin the �rst phase.This methodthus
requiresjAj + jL j queriesin total.

4.2. Combine resultsin �nal mapping

We combinethescoresT with thepreliminarymappingm′

asfollows. Perartista, weinspectm′ to determinethecate-
gorythatis assignedmostoftento a andits n closestrelated
artists.We thusexpectthatthemostappropriatecategory v

for a is mostoftenmappedby m′ amongthenearestneigh-
borsto a.

Perinstancea 2 A, we constructanorderedlist with a
andits n nearestneighbors,A = (a0; a1; :::; an) with a =
a0 asits �rst element.For eachai in A with i > 0 holds
T(a;ai) � T(a;ai+1).

For a �nal mappingm of artistsa to a category in L , we
inspectthemostoccurringcategorymappedby m′ to a and
its n nearestneighbors.

m(a) = argmaxh∈L(
∑

0≤i≤n

I (ai; h))

with

I (ai; h) =
{

1 if m′(ai) = h
0 otherwise.

If two categorieshave anequalscore,we selectthe �rst
occurringone.Thatis, thecategory thatis mappedby m′ to
a or to theartistmostrelatedto a.

5. Experiments
Wepresenttwo experimentsof ourmethodin themusicdo-
main.

In the �rst, we categorizea list of 224artist into genres
[8]. Contraryto prior work [8, 12], wedonotclusterrelated
artists,but areinterestedin a mappingof artiststo genres.
We thusexplicitly labeleachartistwith agenre.

In thesecondexperimentwe mapartiststo themoodas-
sociatedwith theirmusicusingwebdata.To ourbestknowl-
edge,no previouswork addressesthis issue.Basedon data
of MoodLogic[10], weassignmoodsto alist of artistsusing
themethodpresented.

5.1. Genre categorization
Weaddedall namesof artistsin thelist composedby Knees
et al. [8] to thesetA. This list consistsof 14 genres,each
with 16artists.

The genresmentionedin the list arenot all suitablefor
�nding co-occurrences.For example,the term classical is
ambiguousand Alternative Rock/Indie is not a term fre-
quentlyused.We thereforemanuallyrewrote thenamesof
thegenresinto unambiguousones(suchasclassical music)
andaddedsomesynonyms.After collectingthenumbersof
co-occurrencesbetweenartistsandgenres,we summedup
the scoresof the co-occurrencesfor synonyms. Thus, for
eachartist a the numberof co-occurrenceswith the terms
Indie andAlternative rock areaddedto theco-occurrences
of a with thegenreAlternative Rock/Indie.

We performedtheexperimentthreetimes,usingeachof
themethodsdescribedto obtaintheco-occurrences.

Motivatedby the resultsin [12], for PCM we usedthe
allintitle option. We alsoaddedtheextra termmusic
for �nding co-occurrencesbetweentheartists.For example
the termsBush 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)"

Table1. The four patterns for 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"

Table2. patterns for artist - artist relation.

web, dueto Americanpolitics. By addingthe term music
werestrictourselvesto documentshandlingmusic.

For PM we selectedfor thegenre-artistrelationsthepat-
terns in Table 1 from a list of patternsfound expressing
this relation [7]. We consideredtwo artistsrelated,if the
two co-occurin someenumeration.Sincewe are not in-
terestedin thenatureof therelatednessbetweenartists,we
selectedgeneralenumerationpatterns(Table2) to obtainco-
occurrences.

In Table3 the performanceof the preliminarymapping
canbefoundfor the threemethods(n = 0). We wereable
to mapall artiststo agenre.Co-occurrencesbetweengenres
andartiststhuscouldbefoundusingPCM, PM aswell asDM.
The latter performsbest. With respectto the preliminary
mapping,the methodwith the smallestamountof Google
queriesperformsbest. The datafound on the bestranked
documentsis thusreliable.

Using DM only few relatedartistscanbe found on the
documentsvisited. This leadsto a stableperformancefor
the �nal mappingwhenexpandingthe list of relatedartists
(Figure1). Thatis, we only considerartiststhatco-occurat
leastonce.Contraryto especiallyPCM, largenumbersof n
donotdeterioratetheprecision.

The performanceof the pattern-basedmethodstrongly

method n = 0 best (correspondingn)
PCM 71.4 81.3 (13)
PM 72.2 88.8 ( 8)
DM 83.9 87.1 ( 5)

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

improvesbyconsideringrelatedartists,thebestperformance
is obtainedfor n = 8. All methodsperformbestfor values
of n between5 and13. TheRock n’ Roll artistsprovedto be
themostproblematicto categorize.Theartistsin thegenres
classical, blues andjazz wereall correctlycategorizedwith
thebestscoringsettings.

With thesupervisedmethoddiscussedin [8] a precision
of 87%wasobtainedusingcomplex machinelearningtech-
niquesanda relatively largetrainingset.In [12] aprecision
of up to 85%precisionwasobtainedusingO(jAj2) Google
queries.We canconcludethatour simpleandunsupervised
methodproducessimilar results. A importantobservation
is, that the bestscoringmethods(document-and pattern-
based)arethe onesperformingonly O(jAj + jGj) Google
queries. Our approachis thuswell suitedfor categorizing
largersetsof artists.

5.2. Mood categorization
Apart from a genre,musicmeta-dataprovidersoften asso-
ciateamoodwith anartist,songor album. MoogLogic[10]
distinguishesseven moods: upbeat, happy, sad, brooding,
aggressive, sentimental andromantic. Contrarytoe.g.AMG
[1], with eachsongonly onemoodis associated.In thissec-
ond experiment,we investigatewhetherthe samemethods
canbeusedwithout adaptationsto identify themoodof the
musicof someartist. We hereusetheassumptionthatfrom
the list of seven moodsa mostappropriateonecanbe as-
signedto eachartist.

Sinceno prior work is known to usin this �eld, we have
composedtwo testsetsourselves1 , basedondatafromMood-
Logic. We conductedtheexperimenton a setof 230artists.
Thesetupwasequalto the �rst experiment.We only used
differentpatternsfor theidenti�cation of co-occurrencesbe-
tweenmoodsandartists(Table4).

We evaluatedthe performanceusing two set sets. The
�rst setcontainsfor eachof thesevenmoodsthetwo artists
thatcorrespondedbestwith amood.For thesecondtestset,

1 Seehttp://gijsg.dse.nl/ismir06
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"#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"

Table4. Patterns for the mood (#1) - artist (#0) relation.

weusedalessstrictcriterion. If at least70%of thesongsof
anartistwasassociatedwith onemood,we addedit to the
testset.Thissecondtestsetcontains47artists.

Figures2 and3 show theperformanceof thethreemeth-
ods in mood categorization. Thesetestsindicatethat DM

again is themostconstantandreliable.It seemsthatPCM is
unsuitedfor categorizing artistsinto moods. Although the
resultsarenotasconvincingasthegenrecategorization,es-
pecially DM performssigni�cantly betterthanthe baseline
of 14%,or 1 outof 7 correct.

Even thoughthedatacollectedby DM is sparse(e.g.no
moodcouldbeassignedto R.E.M.),this testshows thatthis
methodis the most reliable in mood categorization. The
performanceof PM canbeexplainedby theobservationthat
anartistandmoodsfrom this list occurrarelywithin a sen-
tence.Thehypothesisthattakingrelatedartistsinto account
will reduceerrorsin the categorizationonly holdsfor DM.
This techniquecompensatesfor theartistsfor whichnopre-
liminary mappingcouldbefound.

The overall performancecould be improved by adding
synonyms for the moodsin the list. On the onehandthe
termsbrooding andupbeat arerareandon the otherhand
happy andsad donotalwaysre�ect themoodof music.Ap-
parently, the relative scoringfunctiondoesnot compensate
for this.

Unlikethemodelwith sevendistinctmoodsusedin Mood-
Logic, multiple moodsseemto be applicableto a single
artistor evento asinglesong.Especiallythedistinctionbe-
tweenupbeat andhappy sometimesseemsarbitrary. How-
ever, weexpectasongnot to bebothaggressive androman-
tic. AMG assignsmultiple moodsto artists,for example21
of thesemoodsapply to Madonna. The document-based
methodgives rise to researchthe assignmentof multiple
moodsto songsor artists.

6. RelatedWork
We observe two areasof relatedwork: researchrelatedto
web-basedrelationidenti�cation andwork onartistclassi�-
cationwith webdata.

Earlywork onrelationidenti�cation from thewebcanbe
found in [3]. Brin describesa website-dependentapproach
to identify hypertext patternsthatexpresssomerelation.For
eachweb site, such patternsare learnedand explored to
identify instancesthataresimilarly related.Theideaof us-
ing patternsfor relationextractionis similar to PM, although
theextractedrelationarenotevaluated.
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CimianoandStaabdescibea methodto usea searchen-
gineto verify a hypothesisrelation[6]. For example,if we
areinterestedin the`is a' or hyponym relationandwe have
a candidateinstancepair (Nile, river) for this relation,we
canusea searchengineto queryphrasesexpressingthis re-
lation (e.g.“rivers such as the Nile”). The numberof hits
to suchqueriesis usedto determinethe validity of the hy-
pothesis.Contraryto ourmethod,amajorityvoting is used.
In [11] varioustechniquesarediscussedto identify relations
betweenconceptsfrom the web for a questionanswering
system.

In [2] a numberof documentson art stylesarecollected.
Namesof paintersare identi�ed within thesedocuments.
The documentsare evaluatedby counting the numberof
paintersin a trainingset(of e.g.expressionists) thatappear
in thedocument.Paintersappearingonthebestrankeddoc-
umentsthenaremappedto the style. This methodsdiffers
from DM in two aspects.First we do not collecta constant
amountof web pages,but we collect web pagesfor all el-
ementsin the setsA andL. Secondly, De Boer et al. use
a training set and pageevaluation,wherewe just observe
co-occurrences.

Thenumberof Googlehits for pairsof termscanbeused



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

In [12], the numberof Googlehits of combinationsof
artists is usedin classifying artists. In PCM we use the
sametechniquesto obtainthese�gures, but do not usema-
chinelearningtechniquesto interpretthem. Moreover, we
map artists to categories insteadof clusteringthem. Co-
occurrencesbetweenartistsusingsearchenginehitscanalso
beusedto discover prototypicalartistspergenre[13].

A documentbasedtechniquein artistclassi�cationis de-
scribedin [8]. For all artists,a numberof documentsis
collectedusinga searchengine. For setsof relatedartists
a numberof discriminative termsis learned. Theseterms
are usedto classify the other artistsusing supportvector
machines. The documentsare obtainedin a similar way
in our document-basedmethod. However, we restrictour-
selvesto identifying namesof artistsandcategorieson the
documents.

7. Conclusionsand Futur eWork
We have discussedthreealternative methodsto obtainco-
occurrencesbetweentermsusing a searchengine. These
methodsareappliedto gainapreliminarymappingbetween
artistsand categoriessuchas genre. When relatedartists
sharethesamecategory, themutualdistancebetweenartists
canbeusedto obtainamorereliablemapping.

The threealternativesusedhave a differentcomplexity
with respectto the numberof queriesto a searchengine.
Themethodusingpatternsandtheoneusingcompletedoc-
umentsarelinearto thenumberof itemsin thesetsof artists,
wherethepage-count-basedmappingis quadratic.Thisdis-
tinction is important for categorizing large setsof artists,
sincesearchenginesallow only a limited amountof auto-
matedqueriesperday.

In the �rst experimentwe showed thatwe canprecisely
categorizeartiststo genres,wherethe mostef�cient meth-
odswith respectto theGooglecomplexity performbest.

Thesecondexperimentconsistedof themappingof artists
to the moodsassociatedwith their music. This novel ap-
proachin artist categorizationhadencouragingresults,but
isopento improvement.Thedocument-basedmethodseems
bestsuitedto categorizeartistsinto moods.

Thetwo experimentsshowedthatthemethodswith least
amountof queriesgive the best results. We showed that
simpleandunsupervisedmethodscanbeusedfor a reliable
categorization.Therefore,thesemethodsarewell suitedto
beappliedto largerdata-sets.

In future work, we want to further explore the �eld of
automaticallycategorizing music into moods. We will in-
vestigatemethodsto categorizesongsor albumsratherthan
artists. Moreover, the moodsidenti�ed in the experiment
are lesssuited,sincethe termsareambiguous.Automatic

identi�cation of termsassociatedwith moods(analogousto
work in [8]) is an interestingoptionto explore. Finally, we
planto testthemethodsusinga richercategorization,since
we currentlyonly identi�ed a few broadgenresandmoods.
Themeta-dataon moodsprovidedby AMG canbeusedas
abenchmark.
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