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ABSTRACT

Musicstreamingplatformsenablepeopletoaccessmillionsoftracksusingcomputersandmobile
devices.However,userscannotbrowsemanuallymillionsoftrackstofindmusictheylike.Building
recommendersystemssuggestingmusicfittingthecurrentcontextofauserisachallengingtask.
A deeper understanding for the characteristics of user-curated playlists naturally contributes to
morepersonalizedrecommendations.Togetadeeperunderstandingofhowusersorganizemusic
nowadays,weanalyzeuser-curatedplaylistsfromthemusicstreamingplatformSpotify.Basedon
theaudiofeaturesofthetracks,wefindanexplanationofdifferencesintheplaylistsusingaPCA
andareabletogroupplaylistsusingspectralclustering.Ourfindingsaboutplaylistcharacteristics
canbeexploitedinaSVD-basedmusicrecommendersystemandourproposedclusteringapproach
forfindinggroupsofsimilarplaylistsiseasytointegrateintoarecommendersystemusingpre-or
post-filteringtechniques.
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INTRoDUCTIoN

Inthelastdecade,newtechnologieshavepavedwayfornewdistributionchannelsfordigitalcontent
(e.g.,musicstreamingplatformslikeSpotify1orAppleMusic2).Atthesametime,mobiledevicesas
smartphonesortabletsenabletheiruserstoaccessmillionsoftracksonthosestreamingplatforms
in various situations throughout the whole day. These developments make music organization a
highlyinterestingtopic:thechallengefortheusersistofindmusictheylikeintheoverwhelming
varietyofmusicofferedbymusicstreamingplatforms.Inprinciple,usersneedtonavigatethrough
theirmusiccollectiontofindthemusictheyaimtolistentoduringdifferentactivitiesorsituations
(Kamalzadeh,Baur,&Möller,2012).Inordertoassistusersinbrowsingthesepossiblyextensive
collections,streamingplatformsheavilyrelyonrecommendersystems,butalsoonhumaneditors.A
deeperunderstandingforthecharacteristicsofplaylists,inparticularhowuserscuratetheirplaylists
cannaturallycontributetomorepersonalizedandbetterrecommendations.

Inthefieldofmusiclisteningbehavioranalysesandrecommendersystems,socialmediaplatforms
areexploitedtogatherrelevantdataforsuchanalyses.Nowadays,asubstantialnumberofpeople
sharewhattheyarelisteningtoatthemomentusingso-called#nowplaylingtweetsonTwitter.This
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makesTwitter,which is theworld’s leadingmicro-bloggingplatformserving320millionactive
users3,avaluabledatasource.Twitterhasalreadybeenexploitedforvariousanalysesofuserlistening
behavior(Hauger,Schedl,Košir,&Tkalčič,2013;Zangerle,Pichl,Gassler,&Specht,2014)aswell
asforrecommendersystems(Pichl,Zangerle,&Specht,2015;Schedl&Schnitzer,2014;Zangerle,
Gassler,&Specht,2012).Earlier,automaticplaylistgeneration,asaformofmusicrecommendation,
wasstudiedintensively(Alghoniemy&Tewfik,2001;Aucouturier&Pachet,2002;Flexer,Schnitzer,
Gasser,&Widmer,2008;Logan,2002;Pampalk,Pohle,&Widmer,2005;Pauws&Eggen,2002).
IntheiranalysisofuserdataderivedfromWebJay,aformerweb-basedplaylistservice,Slaneyand
White(2006)foundthatpeoplepreferdifferenttypesofmusicandthatuserscreateplaylistsbiased
tothesetypesofmusic.Furthermore,Cunninghametal.(2004)haveshownthatpeoplecategorize
musicaftertheintendeduse.Complementarytothis,Kamalzadehetal.(2012)foundthatpeople
categorizemusicbyactivitiesand/orthemoodintheirmusiclibraries.However,aproblemforthe
generalapplicabilityofthosequalitativestudiesisthesmalldatasetintermsofusers,playlistsand
listenedtracks.Inordertoovercomethisdataproblem,weexploitarecentlypublisheddatasetof
Spotifyusers(Pichl,Zangerle,&Specht,2016).Thisdatasetenablesaprofoundquantitativeanalysis
ofthemusicalattributesofthetracksformingupdifferentplaylists.

Incontrasttothewell-researchedfieldofautomaticplaylistgeneration,weaimtodeepenour
understandingforthecharacteristicsofplaylistscreatedbyhumanusersandhence,shiftourfocus
fromautomaticplaylistgenerationtotheanalysisofplaylists.Toconductthisstudy,werequirea
datasetcontaininginformationaboutusersandtheirplaylists.Inapreviousanalysiswefoundthata
substantialportionofso-called#nowplayingtweetsrefertoSpotify(Pichl,Zangerle,&Specht,2014).
Inthiswork,weexploitadatasetcontainingthesubsetoftheSpotifyusersofthe#nowplayingdataset
andtheirplaylists(Pichletal.,2016).Intotal,webaseouranalyseson1,137usersandtheir18,296
playlists.Weareparticularlyinterestedinstudyingthemusicalattributesofthetracksformingup
differentplaylists.Therefore,weutilizetheEchoNestacousticalattributescontainedinthedataset.
Ouranalysesbasedonthisdatasetareparticularlydrivenbythefollowingresearchquestions(RQ):

• RQ1:Howcanweobserveandexplainacousticaldifferencesbetweenplaylistsusingclustering
techniques?

• RQ2:Howdousersutilizeplaylistsofdifferenttypestoorganizetheirmusic?

Themaincontributionofthisworkisaquantitativeanalysisoftheplaylistgenerationbehaviorof
Spotifyusersusingmachinelearningtechniques.WefindthatusingaPrincipalComponentAnalysis
(Pearson,1901),weareabletoexplaindifferencesusingcontent-basedmusicfeatures.Inanextstep,
weusespectralclusteringtoclusterplaylistsaccordingtotheirmusicalfeaturesintofivecluster.
Wedeterminethenumberofclustersbyananalysisoftheexplainedvarianceandananalysisofthe
eigenvalues.Weobservethatonaverage,eachusercreatesplaylistswithinthreedifferentclusters.
Moreover,weobserve,that19.94%ofalluserscreateplaylistsinallfiveclusters,suggestingthat
usersarrangedifferentstylesofmusicindifferentplaylists.Complementarytothat,wefindthat
althoughnearlyhalfoftheuserscreateplaylistswithclassicalandrap-stylemusic,theseplaylists
accountonlyfor8and7%ofallplaylists.Moreover,wedetectaclusterwhere91%ofalluserscreate
playlistsinasitcontainsaformof“feel-good”popularmusic,servingasacommonmusicalground
acrossallusers.Ouranalysesalsoshowthatpeopledonotnecessarilygrouptheirmusicbygenre.
Weconsidertheinsightsgainedinthisworktobeusefulforimprovedautomaticplaylistgeneration
andmusicorganization.
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Theremainderofthisarticleisstructuredasfollows:Inthefollowingsection,wepresentworks
relatedtothepresentedanalyses.Section3subsequentlyintroducesthedatasetandinSection4,
webrieflypresentthemethodsusedtoanalyzeuser-createdplaylists.Section5presentstheresults
oftheconductedanalyses,whicharefurtherdiscussedinSection6wherewealsopointoutfuture
work.Section7concludesthisarticle.

RELATED woRK

In literature, several studies about music organization can be found. Cunningham et al. (2004)
conducteda studyonhowpeopleorganizeCDsandMP3files,basedon interviewsandon-site
observationsoffocusgroups.Theyfoundthatfacilitiesforcreatingplaylistsareademandedfeature.
Ina later study,basedonanonlinesurvey,Kamalzadehetal. (2012) found thatpeopleprefera
minimalamountofinteraction.Atthesametime,userswantthemusictomatchtheirmoodandwant
tobeabletochangethemoodofthemusicplayed(Kamalzadehetal.,2012).Asforminimizingthe
requiredinteractionwithmusicsystems,theautomaticgenerationofplaylistswasstudiedintensively
startingfromtheearly2000s.Wecategorizetheseapproachesinto(i)approachesmainlyutilizing
contentormetadataand(ii)hybridapproachesincorporatinguserfeedbackinadditiontothedata
sourcesmentionedbefore.

Withrespectto(i),thereareapproachesthatfacilitateaseedsongalongwiththetraditional
k-nearestneighborsapproachtofindsimilarsongstothegivenstartsong(Logan,2002).Further,
approachesinwhichtheuserselectsastartandanendsongwithasmoothtransitioninbetween
(Flexeretal.,2008)andapproachesbasedonuser-definedconstraints(Aucouturier&Pachet,2002)
havealsobeenproposed.Theusedconstraintsmaybecontent-based,i.e.,thetempoofasong,or
basedonmeta-informationlikethegenre(Alghoniemy&Tewfik,2001;Aucouturier&Pachet,2002).
Withrespectto(ii),wefindapproachesincorporatingthecontexts-of-use.Inthiscase,metadataof
tracksisusedtoclustersimilarsongstoplaylistsanduserswereaskedtojudgethesuitabilityofthis
clusterforcertaincontexts-of-use(Pauws&Eggen,2002).Besidesthis,alsotheskippingbehavior
combinedwithcontent-basedfeatureshasbeenexploited.Skippingasongasanindicatorfordislike
isusedinordertoavoidaddingsongswiththesamecontent-basedfeaturestotheplaylistasthe
skippedone(Pampalketal.,2005).

Followingupthispriorresearch,inthiswork,wefocusonhowusersfacilitatetheirplaylistson
themusicstreamingplatformSpotify.IncontrasttoCunninghametal.(2004)andtoKamalzadeh
et al. (2012), we approach this topic quantitatively using a broad user base gathered from the
Spotifyplatform.Thisisdoneinordertolayafoundationforfuturemusicdatabasesandlibraries,
recommendersystemsornewformsofplaylistgeneration.

DATA SET

Inthissection,weprovidedetailsaboutourdatasetaswellasthemethodsutilizedfortheperformed
analyses,beforediscussingandinterpretingtheresultsinthesubsequentsection.

Fortheanalysespresentedinthiswork,weuseanovel,publiclyavailabledatasetofSpotify
users(Pichletal.,2016).Weusethisdataset,astothebestofourknowledgeitistheonlypublicly
availabledatasetcontainingtracksalongtheiraudiocharacteristicsorganizedinplaylists.Thedataset
contains1,133Spotifyusers,organizing796,024distincttracksin18,296playlist.Onaverage,the
datasetfeatures18.25playlistswithastandarddeviation(SD)of19.07and1,084.07(SD=2,659.45)
tracksperuser.Furthermore,itcontainstheaudiosummaryEchoNestintermsofacousticalfeatures.
Hence,foreachtrackitcontainsthedanceability,energy,loudness,speechiness,acousticness,liveness
andtempo.WegiveastatisticalsummaryofthedatasetinTable1.
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Data Cleaning and Aggregation
Asweaimtogetadeeperunderstandingformusicplaylists,wehavetofilterformusicaltrackswithin
ourdataset.Thus,werestrictthedatasettotrackswithaspeechinessof0.66orbelow.Thetracks
withaspeechinessthatishigherthan0.66aremostlikelyaudiobooks,accordingtotheSpotifyAPI
documentation.Toanalyzetheacousticfeaturesofeachplaylist,weaggregatetheacousticfeatures
of the individual tracks for eachplaylist in thedata setusing thearithmeticmean.To show the
dispersionofthetracksformingaplaylist,westatethemeanaswellasthemeanabsolutedeviation
(MAD)ofeachacousticattributeinTable2.WemakeuseoftheMADasitisarobustmeasure
withrespecttooutliers(Leys,Ley,Klein,Bernard,&Licata,2013).Thetableshowsthatexceptfor
loudness,thevarianceofeachoftheacousticcharacteristicsofthetracksinsideaplaylistislowand
theMADisrarelyhigherthanthemean.Thus,wecanconcludethataggregatingthecharacteristics
oftheindividualtrackstoplaylistcharacteristicsusingthemeanisrepresentative.Further,weargue
thataggregatingtheloudnessoftheindividualtrackstoaplaylistloudnessisnotreasonable:the
varianceamongtheloudnessinthetracksofaplaylististoohigh.In99.99%ofallcases,theMAD
ishigherthanthemean.Therefore,wedroptheloudnesscharacteristicfortheconductedplaylist
analyses.Furthermore,asaprincipalcomponentanalysis(PCA)analysisworksoptimalwithnormal
distributedvariables,weperformedaShapiro-Wilk-Test(Royston,1992).Forallvariablesthetest
stronglyindicates(p-value<0.01)thattheacousticfeaturesarenormallydistributed(Royston,1995).

METHoDS

Inafirststep,weaimtoidentifyvariablesthatexplainmostofthevarianceinthedatasetandhence,
differencesintheuser-generatedplaylistsinregardtoacousticfeatures,whichreflectsRQ1.Inorder
tofindthesevariables,weconductaPCA(Pearson,1901).ThePCAisbasedonthestandardized
matrixtoavoidproblemswithdifferentscales.Wecomputetheprincipalcomponents(PCs)using

Table 1. Data set statistics

Measure Mean SD Median

AverageTracksperUser 1,084.07 2,659.45 478

AveragePlaylistsperUser 18.25 19.07 11.00

AverageTracksperPlaylist 75.13 945.20 16.00

Table 2. Aggregated acoustical features - variance per playlist

Attribute Number of tracks with MAD > 
Mean Relative Portion

tempo 0 0.00%

energy 61 0.34%

speechiness 39 0.21%

acousticness 1,392 7.67%

danceability 2 0.01%

loudness 18,145 99.99%

valence 101 0.56%

instrumentalness 978 5.39%
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thecorrelationsmatrixincontrasttothecovariancematrix,acommonmethodforconductingPCAs
(Jolliffe,1986).Inafurtheranalysis,wemakeuseofk-Meansclustering(MacQueen&others,1967)
toaggregateplaylistsintogroups(ortypes).WeestimatekusingthePCAconductedinthefirststep
asproposedbyDingandHe(Ding&He,2004).

PCAandk-Meansaremethodstoexplainlinearrelationships.Toadditionallyfindnon-linear
relationships and thus different (or more) groups of playlists, we apply normalized cut spectral
clusteringasproposedby(Shi&Malik,2000).Spectralclusteringisagraph-basedapproach,where
thenormalizedcutcriterionpartitionsthegraphintogroupswithahighintra-groupsimilarlyand
simultaneouslyalowinter-groupsimilarity(Shi&Malik,2000).Thedifferentclusteringmethods
areappliedaimingtoanswerRQ2andhence,targetatfindingcertaintypesofplaylists.Tofinduser
typescreatingsuchplaylists,werelyonseveralcorrelationandsimilaritymeasuresasweaimtofind
correlationsbetweenuserscreatingcertainplaylistsincertainclusters.

Inthenextsection,wepresentedtheapplicationoftheintroducedmethodstothepresenteddataset.

RESULTS

Inthissection,wepresenttheresultsoftheanalysesconductedusingthemethodsdescribedinSection
4.Firstly,weelaboratetheresultsregardingRQ1,findinggroupsofplaylists,beforefocusingonthe
usersandthus,onRQ2.

Groups of Playlists
Basedontheaggregateddatasetdescribedintheprecedingsection,weconductaPCA.Figure1
depictsabiplotofthefirsttwoPrincipalComponents(PCs),whereeachplaylistisrepresentedas
adot.Thisallowsanalyzinghalfofthevariationwithintheplaylistsdataset.ThefirstPConthe
x-axisdistinguishesacousticandinstrumentalplaylistsfromplaylistsfocusingontempoandenergy
aswellasplaylistsfocusingonvalenceanddanceability.Thisis,astheloadingvectorofPC1only
hasnegativesignsforacousticnessandinstrumentalnessandthuscontraststhosetwoattributesfrom
theotherattributes.ByonlyusingthefirstPC,weareabletoexplain27%ofthevariation.

Analogously,weobservethatthesecondPConthey-axisdividesmoreinstrumentalplaylists
andplaylistswithhightempoandenergyfromplaylistswhicharemoreacousticaswellasplaylists
withhighdanceability,valenceandspeechinessvalues.Again,thisisastheloadingvectorofPC2
hasnegativesignsforlatterattributes,whereastheformerthreeattributesarepositivelysigned.By
usingthesecondPC,weareabletoexplainanother19%ofthevariation.Byusingourweb-based
analysistool4,weallowmultimediaresearcherstoinvestigatearbitrarycombinationsofPCs.Inthis
work,wecomplementouranalysisbylookingatPC3:PC3separatestrackswithhighspeechiness
valuesfromtherest.UsingthefirstthreePCs,weareabletoexplain61%ofthevariance.Each
furtheraddedPCadds10%orlessexplainedvariance.

BasedonthefindingsoftheconductedPCA,weaimtopartitionoursetofplaylistsintoclusters
ofplaylists:instrumentalandacousticplaylists,playlistsfocusingonvalenceanddanceabilityalong
withspeechinessandplaylistfocusingontempoandenergy.Hence,weapplyk-Meansclustering
withk=3tok=7.Clusteringinto3clustersleadstoclustersthatarebasedonthefirsttwoPCs
(asdescribedabove),whereasclusteringinto7clustersleadstoclustersbasedoneachoftothe7
acoustical features.This is shown inFigure2,wheredifferentk-Meanssolutionsareplotted for
differentk.Eachpointrepresentsaplaylist,plottedagainstPC1andPC2.Thecolorandshapeofthe
pointsrepresenttheclustermembership.

Inordertoformallydeterminetheoptimalnumberofclustersforournextanalyses,werelyon
thewidespreadmethodutilizingthegapstatistic(Tibshirani,Walther,&Hastie,2001).Thismethod
isbasedontheElbowCurve(Bishop,2006)orratherontheideathatitisimportanthowmuchthe
within-clustersumofsquares(WCSS)decreaseswithanincreasingnumberofclusters,astheWCSS
naturallydecreaseswiththenumberofclusters.Inourapproach,thegapstatisticindicatesthatfive
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clustersareanappropriatesolution.Weconfirmtheresultbyplottingthe“ElbowCurve”,whichis
inourcaseplottingthenumberofclustersvs.theWCSS.

Inafurtheranalysis,weapplyspectralclusteringasintroducedinSection4.Weapplythismethod
inordertofindnon-linearseparablegroupsofplaylists.Byconsideringtheexplainedvarianceto
determinethenumberofclusters(asfork-Means),weobservethatanalogouslytok-Means,alsofor
spectralclusteringtheoptimalnumberofclustersisfive.However,aswecanobserveinFigure3,we
getpartlydifferentsolutions,althoughthepartitioningbasedontheacousticalfeatures(explainedby
thePCA)issimilar.Hence,thegroupsofplaylistssharethesamecharacteristics,buttheassignment
ofplayliststothegroupsdiffers.Thisis,asthethresholdsfortheacousticalfeaturesdeterminingthe
clustermembershipsaredifferent.

Tocompareourtwoclusteringstrategies,werelyonR2 computedasR BSS

TSS
2 = ,whereBSS 

isthebetweenclustersumofsquaresandTSS isreferredtoasthetotalsumofsquares.Wefind

Figure 1. Biplot using PC1 and PC2
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thatspectralclusteringdeliversa53.7%betterresult(R2 75 8= . % )comparedtok-Meansclustering
(R2 49 3= . % ).Hence,wearguethatk-Meansandspectralclusteringfindthesameclusterarchetypes,
howevertheclusterassignmentismorepreciseifspectralclusteringisused.

Inanextstep,weaimtogetanoverviewoftheacousticalattributecharacteristicsofthefive
clusters.Therefore,wevisualizetheseasastardiagramforeachclusterasshowninFigure4.This
diagramshows thedifferent featuresand theirmanifestation in the fiveclusterscomputedusing
spectralclustering.

Cluster1containstracksfocusingonenergyandtempo,whereascluster2containstrackswithhigh
speechiness,energy,valenceanddanceabilityvalues.Cluster3israthersimilartocluster2,besides
thehighspeechinessvalues.Thisis,astheformeronecontainsmostlyrapmusic,incontradiction
tothelatter,whichcontainsdifferentformsofpopmusic.Thisobservationisunderpinnedbythe
genredistributionasdiscussedinSection5.2.Furthermore,wewitnessthathighdanceabilityvalues
correlatewithhighvalencevalues(Clusters2and3).Cluster5containstracksfocusingonacousticness

Figure 2. k-Means for k between 2 and 7
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andinstrumentalnessasthisclustermostlycontainsclassicalmusic.Again,thisisreflectedinthe
genredistribution.

To answer RQ1, there exist differences based on the audio characteristics of playlists. By
conductingaPCA,weareabletoexplain60%ofthevarianceusingthefirstthreePCs:weobserve
thatthefirstPCseparatesacousticandinstrumentalplaylistfromtherest.ThesecondPCseparates
playlistswithhighvalenceanddanceabilityfromtherest.ThethirdPCseparatestrackswithhigh
speechinessvalues.Basedonthesecharacteristics,weareabletoclusterplaylistsintofivedifferent
groupsusingspectralclustering.Thisisalreadyavaluableinsight.However,aimingtogetabetter
understandingofthedifferentclusters,weexplorethegenredistributionamongeachoftheclusters
inthenextsection.

Figure 3. Spectral clustering from 2 to 7 clusters
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Genre Distribution and Playlist Names
WeobtaingenreinformationforeachtrackusingthegenretagsprovidedbySpotify.Toderivea
genredistributionforeachclusterwecountthenumberofappearancesofeachgenreineachcluster.
Complimentarytothegenredistributions,wefurthermoreanalyzeattheplaylistnamesfacilitatedby

Figure 4. Star diagrams
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users.InTable3,welistthetop-5genresforeachcluster.Analogously,welistthetopterms(after
havingremovedEnglishstopwordsusingWordNet(Miller,1995))appearingintheplaylistnamesin
eachclusterinTable4.Thesefindingsshowthatforclusters2and5theplaylistnamesandthegenre
namesareveryconsistentandusethesamevocabulary.Incontrasttothat,fortheremainderofthe
clusters,theusedvocabularydiffers.Theplaylistnamescontaintemporal-aswellasactivity-related
terms.ThisiscongruentwiththefindingsofPichletal.(Pichletal.,2015)andisaninterestingtopic
forfuturework,asaprofoundanalysisofplaylistnamesisoutofscopeofthiswork.

Inanextstep,welookintowhetherthereisadifferenceinthegenredistributionamongthe
clusters.Therefore,werelyonthePearsonSimilaritytocomputesimilaritiesbetweenthedifferent
genresappearingintheindividualclusters.Thus,inafirststep,wecounthowmanytimeseachof
thedistinctgenresoccursineachcluster.Inasecondstep,weapplythetwosimilaritymeasureson
allpairsofclusters.

InEquation1,weshowthecomputationofthePearsoncorrelationcoefficient.InthisEquation,
X andY representvectorscontainingthecountsofthedifferentgenresinClusterxandrespectively
thecountsofthegenresClustery.

Equation1:PearsonCorrelationCoefficient

Table 3. Top-5 Genres of each cluster

Cluster Top-5 Genres

Cluster1 folk-pop,indiefolk,singer-songwriter,chamberpop,folkrock

Cluster2 hiphop,popraprap,alternativehiphop,gangsterrap

Cluster3 pop,dancepop,popchristmas,permanentwave,synthpop

Cluster4 permanentwave,alternativerock,indietronica,indierock,indiepop

Cluster5 classicalchristmas,classical,soundtrack,romantic,bowpop

Table 4. Top-5 Terms appearing in playlist names of each cluster

Cluster Top-5 Playlist Terms

Cluster1 christmas,love,james,motion,jazz

Cluster2 rap,hip,hop,hiphop,roots

Cluster3 love,summer,party,dance,soul

Cluster4 black,love,day,dance,punk

Cluster5 motion,classical,piano,orchestra,bach

Table 5. Genre Similarities between the clusters using Pearson Correlation

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Cluster 1 1 0.22 0.77 0.62 0.35

Cluster 2 0.22 1 0.50 0.24 0.04

Cluster 3 0.77 0.50 1 0.77 0.24

Cluster 4 0.62 0.24 0.77 1 0.29

Cluster 5 0.35 0.04 0.24 0.29 1
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RefertoTable5.Weobserveonestrongcorrelationbetweencluster1and3 ρ =( )0 77. aswell
asamoderatecorrelationbetweencluster1and4 ρ =( )0 62. ,whichweleadbacktothedifferent
formsofpop-musicgenresinthosethreeclusters.Hence,ourmethodbasedonacousticalfeatures
providesdifferent results thancategorizingplaylistsusing the trackgenres.Categorizingplaylist
solelybythegenrewouldleadtoacategorycontainingtheplaylistsofcluster1and3aswellasparts
ofcluster4.

Moreover, we observe weak correlations of several clusters. This implies that the same
genres,mainlydifferentformsofpopmusic,appearamongseveralclusters.E.g.,wecanfindthe
“popchristmas”-genreinalmostallclusters.Hence,wearguethatusersdonotnecessarilygroup
tracksbysamewaysasgenresgrouptracks.Inotherwords,usersusethesamegenresindifferent
playlists.Inaddition,weobservethatthecorrelationcoefficientisnearly0betweenCluster2(the
“rapCluster”)andCluster5(the“classicalmusicCluster”),confirmingthatrap-stylemusicisrather
differentfromclassicalmusic.TheseresultsareconsistentforPearsonandJaccardSimilarity.

Besidesanalyzingthegenredistributionoftheplaylist-clusters,wealsostudytheuserdistribution
amongtheclustersinthenextsection.

Users Among Clusters
Inthissection,weanalyzetheuserdistributionamongtheclustersrepresentingplaylistswithsimilar
acousticfeatures.Weinvestigatehowmanyuserscreateplaylistsonlyinasinglecluster(i.e.,they
onlylistentoasingletypeofmusicwithrespecttoacousticfeatures)andhowmanyuserscreate
playlistsindifferentclusters.InTable6,westatethenumberofusersandthenumberofclustersin
whichtheycreatedplaylists.Weobservethat65.75%oftheusersorganizetheirmusicinplaylists
belongingtothreeormoreclusters.19.94%oftheuserscreateplaylistsamongallfiveclusters,the
maximum.Onaverage,auserisrepresentedin3.08clusterswithamedianof3(SD=1.36).Fromthe
medianandmean,wecanseethatthenumberuserswithrespecttothenumberofclustersisequally
distributed.Theaveragenumberofusersperclusteris631.60withamedianof183(SD=232.39).

Wearealsointerestedinwhetherwecanfindclusters,whicharepopulatedbythesameusers.
I.e.,whetherifusersthatcreateaplaylist inclusterA,arethesameuserthatcreateaplaylist in
clusterB.Therefore,welookatthecorrelationbetweentheclustersintermsofusershavingcreated
playlistsinthoseclusters.Asthedataisordinaloratleastdiscretebetween1and54,whichisthe
maximumnumberofplaylistsausercreatedwithinacluster,weapplySpearman’srankcorrelation
coefficientasshowninTable7.

Table 6. User distribution in number of clusters

Clusters Users Relative Portion

>1 1027 100.00%

>2 936 82.61%

>3 745 65.75%

>4 503 44.40%

>5 226 19.94%
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Wedonotobserveanystrongcorrelationbetweentheindividualclusters ρ >( )� .0 7 ,nevertheless
thereareseveralmoderatecorrelations ρ >( )0 5. betweentheclusters.Itisworthtomentionthat
cluster2, the“rapcluster”,doesnothaveanymoderatecorrelationswithotherclusters.Cluster
number5,the“classicalmusiccluster”onlyshowslowmoderatecorrelationwithclusternumber1.
However,everyclusterexceptcluster2(rap)doeshavethesemoderatecorrelationstoclusternumber
1, the “folk cluster”, a cluster containing different forms of folk music according to the genre
distribution.Further,clusters3and4alsoshowamoderatecorrelation.Withrespecttotheacoustic
attributesof these twoclusters, theyarerathersimilar,except for thefact thatclusternumber3,
containingpopmusic,showshighervaluesforvalenceanddanceability.Weinterpretthisas“feel
goodmusic”.

Complementarytothis,toestimatetheoverallpopularityoftheclusters,wecomputethenumber
ofusersandplaylistsineachclusterasshowninTable8.

Wefindthat91%ofalluserscreatedplaylistsinclusternumber3,the“feelgoodmusic”-cluster.
Inaddition,38%ofallplaylistsarelocatedinthiscluster.Interestingly,about40%ofalluserscreated
playlistsinthe“rap”or“classicalmusic”clusters,howeverplaylistsinthoseclustersonlyaccount
for7andrespectively8%ofallplaylists.Thismeansthatahighnumberofpersonscreateplaylists
withraporclassicalmusic,whileatthesametime,thenumberofplaylistswithrespecttothetotal
numberofplaylistislow.Thismeans,thatclassicalmusicorrapmusiccanbeconsideredasniche
musicwithrespecttothenumberofplaylists

DISCUSSIoN AND FUTURE woRK

Summingupourresults,wefindandexplaindifferencesintermsofacousticfeaturesacrossthe
playlistsusingalinearPCA.Basedonthis,weclusterplaylistsintofiveclusters(orgroups)ofplaylists
usingspectralclustering.Usingk-Meansyieldsthesameresultsconsideringthenumberofclusters
andclustercharacteristicshoweverR2 ismuchsmaller.Hence,weargueforusingspectralclustering.

Table 7. User-cluster correlations

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Cluster 1 1.00 0.36 0.61 0.54 0.54

Cluster 2 0.36 1.00 0.42 0.34 0.25

Cluster 3 0.61 0.42 1.00 0.54 0.35

Cluster 4 0.54 0.34 0.54 1.00 0.46

Cluster 5 0.54 0.25 0.35 0.46 1.00

Table 8. Users and playlist per cluster

Cluster Users % Playlists % Pls./Users

1 712 69% 4,385 25% 6.16

2 388 38% 1,241 7% 3.20

3 932 91% 6,664 38% 7.15

4 722 70% 3,978 23% 5.51

5 404 39% 1,331 8% 3.29
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Onaverage,auserisrepresentedin3clusters(SD=1.36),whichindicatesthatoneuserprefers
differentstylesofmusic.Thissupportsqualitativestudiesthatpeoplepreferdifferentstylesofmusic
dependentonthe intendeduseor themood(Cunninghametal.,2004;Kamalzadehetal.,2012)
quantitatively.Moreover,weshowthatthosestudiesarealsovalidnowadaysformusicsteaming
platforms.Alongwiththat,wefound,thatthegenreclassifiesmusicdifferenttoourclassification
basedonacousticalattributes.Asthesamegenresarepresentinseveralclustersandplaylists,we
arguethatclassifyingmusicforcertainplaylistsbasedonthegenreisnotreasonable.Furthermore,
weseethatdifferenttypesofmusic(intermsofacousticalattributes)aretaggedwiththesamegenre.
Basedonthesefindingsweargue,thatnovelapproachesforclassifyingtracksinmusicdatabases
andlibraries,aspresentedinthenextparagraph,couldbevaluabletousers.Connectedtothiswe
findthatahighnumberofuserscreateplaylistswithraporclassicalmusic,whileatthesametime,
thenumberofplaylistswithrespecttothetotalnumberofplaylistislow.Thismeans,thatclassical
musicorrapmusiccanbeconsideredasnichemusicwithrespecttothenumberofplaylists,however
notasnichemusicwhenconsideringthenumberofusers.Additionally,thenumberofuserscreating
playlistsinbothclustersislow.Gettingacloserlook,wefindthatthoseusersmostlycreateplaylists
inallclusters.

Theinsightspresentedabove(i.e.utilizingtherapmusicvs.classicalmusicclusters)canbea
valuableinputforarecommendersystemtoassessthe(dis-)similarityofusers.Therefore,weplan
tointegratetheinsightsgainedinthisworkintoarecommendersysteminafuturework.Ourdataset
containsroughly700,000tracks.Thechallengeofarecommendersystemistoselectasmallnumber
oftracksauserislikelytoenjoy(i.e.,only16,whichisthemediannumberoftracksinaplaylist).By
applyingourpresentedclusteringtechnique,thenumberofpotentialrecommendationcandidatescan
bereduced:Ifauseriscurrentlylisteningtotracksbelongingtoaspecificcluster,arecommender
systemshouldonlyconsidertracksasrelevantbelongingtothiscluster.Thistechniqueisknownas
pre-filtering(Adomavicius&Tuzhilin,2010)andnaturallyrequirestherecommendersystemtobe
abletoinferthecurrentclusterfromthecurrentsongselection.Therecommendationalgorithmof
choiceweapplypre-filtertowouldbesingularvaluedecomposition(SVD),asbothalgorithmsyield
tothesameresultsusingdifferentcomputationstrategies.Anotherpossibleapplicationusingour
findingsanddataistocreateuserclassificationsforrecommendersystems,i.e.basedonminingfor
associationrulesinourdataset.Possibleruleswouldbe(i)thatuserswhocreateplaylistsinrapand
classicalmusicclustersareuserscreatingplaylistsinallclusteror(ii)userssolelycreatingplaylists
intherapclusterwouldnotcreateaplaylistintheclassicalmusiccluster.

Besides this, evenmore interesting thanpre-filteringorcreatingassociation rules, as it is a
trendingtopicincurrentresearch,arecontext-awarerecommendersystems.Hence,weplantotag
eachoftheclusterswithacertainmoodortheintendeduse.AsalreadymentionedinSection2,
peoplewanttohaveverylittleinteractionwiththeirmusicdatabasesandlibraries,butstillwantto
getmusicmatchingtheirmoodortheiractivities.Thus,apossibleapplicationcouldprovidesearch
facilitiescapableoffindingmusicfittingagivensituation.Thisiswhytaggingourclusterswith
thisinformationwouldenablepresentingmusictousersbasedonclustersmatchingtheiractivities
andmoods.OneapproachwillbetoexploittheplaylistnamesasproposedbyPichletal.(2015).

CoNCLUSIoN

Inthisarticle,wepresentananalysisofuser-generatedplaylistsonthemusicstreamingplatform
Spotify.ThisstudyfacilitatesarecentdatasetcontainingSpotifyplaylistdataforaprofoundquantitative
analysis.Ourmaincontributionisanovelstudyexplainingthedifferencesandcommonalitiesamong
user created playlist. We show that “feel-good” popular music is serving as a common musical
groundacrossallusers.91%ofalluserscreateatleastoneplaylistinthe“feelgoodmusic”-cluster.
Additionally,weobserved, thatclassicalmusicandrapmusiccanbeconsideredasnichemusic
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withrespecttothenumberofplaylists,howevernotasnichemusicwhenconsideringthenumberof
users.Furthermore,userscreatingplaylistsinboth,therapandtheclassicalmusiccluster,arerare.

Further,wefoundthatuserslistentodifferentstylesofmusic(oratleastorganizedifferentstyles
ofmusicintheirlibraries).Weconsiderthesefindingsasimportantfoundationsforunderstanding
andcreatinguser-centricmusicrecommendationsystemsinfutureworks:Ournovelfindingsabout
playlistcharacteristicscanbeeasilymodeledinaSVD-basedrecommendersystemasaPCAcanbe
computedusingSVD.Furthermore,itispossibletoleveragethepresentedcomputationofgroups
ofplaylistsinpre-orpost-filteringrecommendationapproaches.
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