


Cultural transmission modes of music sampling traditions

suggestethattheymaybeculturallytransmitted[6], which could occurasadirectresultof
collaborationbetweerartistsor asanindirect effectof community membership.

Beforethe digital age artistsmayhavedependedipon collaboratordor acces$o the physi-
calsourcematerialsand expensivéardwarerequiredfor sampling[7]. In the 1990snewtech-
nologiedike compressedigital audioformatsanddigital audioworkstationsnadesampling
more accessibl® abroaderaudiencd8]. Furthermore the widespreadvailabilityof the
internetandsocialmediahavedelocalizedcommunities[9], andallowedglobalmusic®scenes®
to form aroundsharednterestsbeyondpeer-to-peefile sharing[10, 11]. Individualsin online
musiccommunitiesnow haveacces#o the collectiveknowledgeof othermemberqd12,13],
andthereis evidencehat online communitiesplayakeyrolein musicdiscovery14].
Although musiciangemainconcentratedn historicallyimportant musiccities(i.e.NewYork
City andLosAngelesn the United States)15, 16], online musiccommunitiesalsomakeit
possiblefor artiststo establisttollaborativerelationshipsndependentlyof geographidocation
[17]. If moreaccessibleamplingtechnologiesndacces$o collectiveknowledgehaveallowed
artiststo discoversamplesourcesndependentlyof collaboration[18], thenthe strengthof
culturaltransmissiorvia collaborationmayhavedecreasedverthe lastcoupleof decades.
Similarly,if online musiccommunitieshavecreatedopportunitiesfor interactionsbetween
potentialcollaboratorsthengeographigroximity mayno longerstructuremusicalcollabora-
tion networks.

Studiesof the cultural evolutionof musichaveprimarily investigatediiversityin musical
performance$19] andtraditions[20], macro-scal@atternsandselectivgpressure
musicalevolution[21+24],andthe structureand evolutionof consumemetworks[14,25,26].
Although severatliffusion chainexperimentdaveaddressetiow cognitivebiaseshape
musicaltraits during transmissior{27+29] fewstudieshaveinvestigatedhe mechanism®f
culturaltransmissioratthe populationlevel[30, 31]. The practiceof samplingdrum breaksn
hip-hop andelectronicmusicis anidealresearchmodelfor culturaltransmissiorbecausef
(1) theremarkablyhigh copyfidelity of sampledmaterial,(2) the reliabledocumentationof
samplingeventsand (3) the availabilityof high-resolutioncollaborationanddemographic
datafor theartistsinvolved.Exhaustiveonline dataset®f sampleusageand collaboration
makeit possiblgo reconstructetworksof artistsandtrackthe diffusion of particulardrum
breaksrom the early1980g0 today.Furthermore thetechnologicathangeshat have
occurredoverthe sametime periodprovideanaturalexperimentor howthe digital agehas
impactedculturaltransmissiormore broadly[32].

Theaim of the currentstudywasto determinewhetherdrum breaksareculturally trans-
mitted throughmusicalcollaborationnetworks,andto identify the factorsdriving the evolu-
tion of thesenetworks We hypothesizedhat (1) drum breaksareculturallytransmitted
throughmusicalcollaborationnetworks,andthat (2) the strengthof culturaltransmissiorvia
collaborationwould decreaseafterthe year2000 For clarification,the alternativeto thefirst
hypothesiss culturaltransmissioroccurringoutsideof collaborativerelationshipgi.e.inde-
pendentsampladiscoveryia?crate-diggingdn recordstoresor online). Previousstudieshave
investigatedimilar questionausingdiffusion curveanalysig30], but the validity of inferring
transmissiommechanismé$rom cumulativeacquisitiondatahasbeencalledinto question[33].
Instead weappliednetwork-basediiffusion analysigNBDA), arecentlydevelopedtatistical
methodfor determiningwhethernetwork structurebiaseshe emergencef anovelbehavior
in apopulation[34]. AsNBDA is mostusefulin identifying sociallearning,anability thatis
assumedo bepresentin humans,t hasbeenprimarily appliedto non-humananimalmodels
suchasbirds,whalesandprimateg[35+37],but the ability to incorporateindividual-levelvari-
ablego nodesmakest uniquelysuitedto determiningwhatfactorsbiasdiffusion moregener-
ally. Additionally, we hypothesizedhat (3) collaborationprobability would be decoupledrom
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geographigroximity aftertheyear2000.To investigatehis weappliedseparabléemporal
exponentiarandomgraphmodeling(STERGM)adynamicextensiorof ERGMfor deter-
mining the variableghat biasnetworkevolution[38].

Methods

All datausedin the currentstudywerecollectedn Septembeof 2018,n compliancewith the
termsand conditionsof eachdatabaseror the primary analysisthe threemostheavilysam-
pleddrum breaksof all time,2Amen, Brother®by The Winstons,@Think (About It)° by Lyn
Collins,and@Funky Drummer® by Jame®rown,wereidentified usingWhoSampledhttps://
www.whosampled.com/Thereleasgrearand creditsfor eachsonglistedashavingsampled
eachbreakwerecollectedusingdatascrapingln orderto avoidnamedisambiguationpnly
artists,producersandremixerswith activeDiscogdinks andassociatetDs wereincludedin
thedatasetln orderto investigatgotentialshiftsin transmissiorstrengtharound2000 the
samemethodwasusedto collectdatafor the eightsongsn the2Most Sampledrracks®on
WhoSampledhat werereleaseafter1990(seeS1Appendix).Oneof thesed'm Good°hy
YG,wasexcludedrom the analysidvecaus¢éhe samplds primarily usedby asingleartist.
Eachsetof samplingeventscollectedrom WhoSampledvastreatedasa separataliffusion.
All analysesvereconductedn R (v 3.3.3).

Collaborationdatawereretrievedfrom Discogqhttps://www.discogs.conyacrowd-
sourceddatabasef musicreleasedll collaborativereleases the databasevereextracted
andconvertedo a masterlist of pairwisecollaborationsFor eachdiffusion, pairwisecollabo-
rationsincluding two artistsin the datasetvereusedto constructcollaborationnetworks,in
whichnodescorrespondo artistsandweightedinks correspondo collaborationnumber.
Although someindirect connectiondetweerartistsweremissingfrom thesesubnetworks,
conductingthe analysiswith the full datasetvascomputationallyprohibitive andincomplete
networkshavebeenroutinely usedfor NBDA in the past[35, 36,39].

Individual-levelvariabledor artistsincludedin eachcollaborationnetworkwerecollected
from MusicBrainz(https://musicbrainz.org/)acrowdsourcedlatabasevith morecomplete
artistinformation than Discogsand Spotify(https://www.spotify.corf), oneof themostpop-
ular musicstreamingservicesGenderandgeographidocationwereretrievedfrom the Music-
brainzAPI. Whenevelit wasavailablethe2beginarea®f the artist, or thecity in whichthey
begantheir careerwasusedinsteadof their 2area®,or country of affiliation, to maximizegeo-
graphicresolution.Longitudesandlatitudesfor eachlocation,retrievedusingthe DataScience
Toolkit and GoogleMaps,wereusedto calculateeachartist'smeangeographidistancerom
otherindividuals.Albunack(http://www.albunack.net/)an online tool which drawsfrom
both Musicbrainzand Discogswasusedto convertlDs betweerthe two database$opularity
andfollowerswereretrievedusingthe SpotifyAPI. An artist'spopularity,aproprietaryindex
of streamingcountthatrangesetweerD and 100,is abetterindicator of their long-termsuc-
cesdecausd is calculatecacrosgheir entire discographyFollowerss abetterindicator of
currentsuccesbecausd reflectsuserengagementith artistswho arecurrentlymoreactive
on the platform. DiscogdDs areincompatiblewith the SpotifyAPI, soartistnameswvere
URL-encodedindusedastextsearcherms.

In orderto identify whethersocialtransmissiorbetweercollaboratorplayedarolein sam-
pleacquisition,order of acquisitiondiffusion analysifOADA) wasconductedusingthe R
scriptfor NBDA (v 1.2.13)providedon the Lalandlab'swebsitg https://lalandlab.st-andws.
ac.uk/freeware/YOADA usegheorderin whichindividualsacquireatrait to determine
whetherits diffusionis biasedoy the structureof the socialnetwork [40]. OADA wasutilized
insteadof time of acquisitiondiffusion analysigTADA) becausé& makesno assumptions
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aboutthe baselingateof acquisition[34]. For eachartist,order of acquisitionwasdetermined
by the yearthattheyfirst usedthe samplan their music.Samplingeventfrom the sameyear
weregiventhe sameorder. Gender popularity,followers,and meandistancewvereincludedas
predictorvariablesFor genderfemalesverecodedas-1, maleswverecodedasl, andindividu-
alswith otheridentitiesor missingvaluesverecodedasO. For popularity,followers,andmean
distancesachvariablewascenteredaroundzero.Asocial additive,and multiplicativemodels
werefit to all threediffusionscollectivelywith everypossiblecombinationof individual-level
variablesStandardnformation theoreticapproachesvereusedto rank the modelsaccording
to Akaike'sInformation Criterion correctedior samplesize(AlC.). Modelswith aAAIC < 2
wereconsideredo havethe bestfit [41]. The bestfitting modelwith the mostindividual-level
variablesvasrun separatelyo assesthe effectsof eachvariableon socialtransmissionEffect
sizeswverecalculatedaccordingto [36]. An additional OADA wasconductedusingthe seven
diffusionsfrom after1990.Individual-levelvariablesvereexcludeddueto insufficientdemo-
graphicdata.An additivemodelwasfit to the OADA, and separatsocialtransmission
parametersverecalculatedor eachdiffusionto identify differencesn transmissiorstrength.
Additive andmultiplicativemodelsgiveidenticalresultsin the absencef individual-levelvari-
ablessono modelcomparisorwasnecessary.

In orderto assesthe effectof individual-levelvariableson networkevolution, STERGM
wasconductedusingstatnet(v 2016.9)an R packagdor networkanalysisandsimulation.
STERGMs adynamicsocialnetworkmethodthat modelsthe formation and dissolutionof
links overtime [38]. Collaborationeventsnvolving artistsfrom eachdiffusion werecom-
binedto constructstaticcollaborationsubnetworkgor eachyearbetweerl984and 2017,
whichwerethen convertednto anundirected,unweighteddynamicnetwork.Earlyyears
not continuouswith therestof the eventdata(i.e. 1978and 1981)wereexcludedrom the
dynamicnetwork.In orderto determinewhetherthe variablesiasingnetworkstructure
havechangedvertime, the analysisvasconductedseparatelyith the datafrom 1984-1999
and2000-2017For eachtime periodasetof STERGMmodelswith everypossiblecombina-
tion of individual-levelvariablesverefit to the dynamicnetworkusingconditionalmaxi-
mum likelihood estimation(CMLE). Although STERGMcanbeusedto separatelynodel
boththe formation and dissolutionof links, this analysisvasrestrictedto the former.
Gender popularity,andfollowerswereincludedto investigathomophily,while mean
distancewasincludedto assests effecton link formation. As STERGMcannotberun
with missingcovariatesNA valuesn popularity (6.39%)followers(6.39%)and meandis-
tance(38.49%wereimputedusingtherandomforestmethod.The modelsfrom eachperiod
wererankedaccordingto AIC, andthe bestfitting models(AAIC < 2) with the mostindi-
vidual-levelariablesvererun separatelyo assesthe effectof eachvariableon network
evolution.

Results

Thethreemostheavilysampleddrum breaksof all time werecollectivelysampleds530times
(ny=2966 1, = 2099 n3 = 1465)4462(68.33%pf thesesamplingeventsvereassociated
with valid DiscogdDs, correspondingo 2432uniqueartists(F:n = 143,5.88%M: n = 1342,
55.18%Qtheror NA: n = 947,38.94%)andincludedin the primary OADA and STERGM.
Theeightsampleseleasedfter 1990werecollectivelysampledl752times(n, = 284,15, = 260,
nz=248,n,=198,n5=194,ng = 193 ,n, = 192,ng = 182).1305(74.53%pf thesesampling
eventsvereassociatewith valid DiscogdDs, correspondingo 1270uniqueartists,and
includedin theadditional OADA.
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Table 1. The results of the multiplicative model for the OADA including all individual-level variables.
Multiplicative Model—Order of Acquisition

Estimate Effectsize p
Gender -0.11 0.81 <0.01
Popularty -0.013 0.86 < 0.001
Followers -9.6E-8 0.92 < 0.001
Meandistance -1.8E-9 1 0.89
Likelihood Ratio Test
AIC, p
With socialtransmisson 14719 < 0.001
Without socialtransmissbn 14860

Thetop panelshowsthe modelestimag, effectsize and p-valuefor eachindividual-levelvariable The bottom panel
showsthe AIC; for the modelwith andwithout socialtransmissbn andthe p-valuefrom thelikelihoodratio test.

https://cbi.org/10.1371durnal.por.0211860.t0D

NBDA

Thebestfitting modelfrom the primary OADA, whichwasmultiplicativeandincludedall
four individual-levelvariablescanbeseenn Tablel.In supportof our first hypothesisalike-
lihood ratio testfound strongevidencdor socialtransmissioroverasocialearning(AAIC. =
141;p < 0.001) Basedn the effectsizestransmissiorappearso bemorelikely among
femalegp < 0.01)andlesdikely amongartistswho aremore popular(p < 0.001)andhave
morefollowers(p < 0.001) Meandistances not asignificantpredictor of transmission

(p = 0.89).Thediffusion networkanddiffusion curvefor all threedrum breaksncludedin the
primary OADA areshownin Fig 1 and S1Fig,respectivelyAll othermodelsfit to the primary
OADA canbefoundin S1Appendix.

Theresultsof the additional OADA, conductedusingthe severdiffusionsfrom after1990,
canbefoundin S1Appendix.A likelihoodratio testfound strongevidencdor socialtransmis-
sionoverall(AAIC. = 88;p < 0.001) Contraryto our seconchypothesislinearregression
found no significantrelationshipetweereithermeanyearof diffusion andsocialtransmis-
sionestimateg(R? = 0.20,p = 0.31)or medianyearof diffusion andsocialtransmissiorestimate
(R?=0.17p = 0.36)(seeS2Fig).

STERGM

Forbothtime periodsthe secondestfitting STERGMmodels(AAIC < 2) includedall four
individual-levelvariablestheresultsof whichcanbeseenn Table2. All othermodelscanbe
foundin S1Appendix.Acrossboth periodsthereappeardo behomophilybasedn popularity
(p < 0.001)andgendern(M: p < 0.001F:ps < 0.05).In supportof our third hypothesismean
distancenegativelypredictslink formation only before2000(p < 0.001) Additionally, there
is aheterophiliceffectof followersonly after2000(p < 0.001) Basedn the effectsizesthere
hasbeenanearlythree-folddecrease the strengthof homophilyamongfemalesConversely,
the strenghof homophily by popularityhasactuallyincreasedince2000.Theresultsof the
STERGManalysisassuminglifferenttransitionyearge.qg.1994,1996,1998 2002 2004,
2006)canbefoundin S1Appendix.Linearregressioround significantpositiverelationships
betweerboth popularityandnumberof collaborationgR? = 0.048p < 0.001)andfollowers
andnumberof collaborationgR? = 0.090p < 0.001)seeS3Fig).

A goodness-of-fianalysisvasconductedby generatingsimulatednetworks(n = 100)from
the parameter®f the bestfitting modeland comparingthemto the observedetworkstatistics
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0 Uninformed © Newly informed e Previously informed

Fig 1. The diffusion of all three drum breaks through the combined collaboration network. At eachtime point individualswho havenot yetused
oneof thedrum breakginformed) areshownin white,individualswho first usedoneof the drum breaksn aprevioustime step(previoudy informed)
areshownin blue,andindividualswhofirst usedoneof the drum breaksn the currenttime step(newlyinformed) areshownin red.

https://doi.0g/10.137 1§urnal.pon®211860.9g001

[42]. For bothtime periods the globalstatisticqi.e.gender popularity,followers meandis-
tance)from the simulatednetworkswerenot significantlydifferentfrom thoseobservedindi-

catingthatboth modelsaregoodfits for the variablesn question Structuralstatisticqi.e.

degreeedgewissharedpartner,minimum geodesidistance)from the simulatednetworks
weresignificantlydifferentfrom thoseobservedindicatingthat both modelsarenot goodfits

for the structuralpropertiesof the network. Theresultsof this analysicanbefoundin S1

Appendix.
Table 2. The results of the STERGM analyses for before and aft
STERGM
Effect size
Gender(F) 6.86
Gender(M) 1.70
Popularty 0.84
Followers 1.02
Meandistance 0.87

er 2000.
1984-1999

p
< 0.001

< 0.001
< 0.001
0.64
< 0.001

Effect size
2.23
2.43
0.54
1.96
0.99

Thetableshowshe effectsizeand p-valuefor gender popularity,followers,and meandistanceduring eachtime period.

https://da.org/10.137 1§urnal.pon®211860.t002

2000-2017

< 0.05
< 0.001
< 0.001
< 0.001
0.82
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Discussion

Usinghigh-resolutioncollaborationandlongitudinal diffusion data,we haveprovidedthefirst
guantitativeevidencehat musicsamplesreculturally transmittedvia collaborationbetween
artists.Additionally, in supportof the widespreadassertiorthatthe internethasdelocalized
artistcommunities we havefound evidencehat geographigroximity no longerbiaseghe
structureof musicalcollaborationnetworksafterthe year2000.Giventhat the strengthof
transmissiorhasnot weakeneaverthe sametime period, this finding indicatesthat collabo-
ration remainsakey cultural transmissiormodefor musicsamplingtraditions. Thisresult
supportstheideathattheinternethasenhancedatherthan disruptedexistingsocialinterac-
tions[9].

Genderappeardo playakeyrole in both networkstructureand culturaltransmission.
Acrossthe entiretime period, collaborationsveremorelikely to occurbetweerindividualsof
thesamegender Additionally, the probability of culturaltransmissiorappear¢o bemuch
higherfor femaleartists.This effectcould bearesultof the much higherlevelsof homophily
amongwomenbefore2000 Previousvork hassuggestethat high levelsof gendethomophily
areassociate@ith genderdisparity[43+45],whichis consistenwith the historic marginaliza-
tion of womenin musicproductioncommunitieg[1, 10,46]. Althoughthe proportion of
femaleartistsin the entiredatasets extremelylow ( ~ 6%),the reductionin homophilyamong
femaleartistsafter2000could bereflectiveof increasingnclusivity [47].

Artists with similar levelsof popularitywerealsomorelikely to collaboratevith eachother.
Theincreasen homophily by popularityafter2000could betheresultof anincreasean skew,
wherebyfewerartiststakeup agreatemproportion of the musiccharts[48]. In addition, the
probability of culturaltransmissiorappears$o behigheramonglesspopularartists,even
thoughtheyareslightlylesscollaborativeThis effectcould belinked to culturalnormswithin
aunderground®musicproductioncommunitiesIn thesecommunities collectivecultural pro-
ductionis sometimegrioritized overindividual recognition[49, 50]. This principle is best
demonstratedy the historic popularity of the white-labelreleasdéormat, wheresinglesare
pressedo blankvinyl anddistributedwithout artistinformation [49, 50]. In moreextreme
casedndividual artistswho experiencesomelevelof mainstreansuccessr presscoverage
risk losingcredibility,and mayevenbe perceivedasunderminingtheintegrity of their music
community[50,51]. Concernsaboutcredibility could causendividualsto selectivelgopyless
popularartistsor utilize moreraresamplegi.e. De La Soul'srefusalto sampleJame®8rown
and GeorgeClinton becausef their useby other populargroups[52]). Futureresearctshould
investigatevhetherthe 2high prestigeattachedo obscurity°[50] in thesecommunitiesmaybe
driving amodel-basediasfor samplesisedby lesspopularartistsor afrequency-baselias
for sampleshataremorerarein the population[53]. A frequency-basedoveltybiaswas
recentlyidentifiedin Westernclassicaiusicusingagent-basechodeling[31], andsimilar
methodscould beutilized for sampling.

Similarlyto popularity,the numberof followersanindividual hasnegativelypredictstrans-
missionprobability. However artistswith similar numbersof followerswereactuallylesdikely
to collaboratewnith eachotherafter2000.Thisresultcouldbedueto the factthatfollowersis a
betterindicator of current popularity,but haslowerresolutionfurther backin time. Newerart-
istswith inflatedfollower countswho collaboratewith older, historically-importantartists
with lowerfollowercountsmaystill beexpressindnomophily basedn overallpopularity.

Thereareseveralimitations to this studythat shouldbe highlighted.Firstly, the time lag
inherentin the userediting of WhoSampledneanghatoldertransmissiorrecordsaremore
complete Algorithmsfor sample-detectiofb4] mayallowresearchert reconstructfull
transmissiorrecordsin the future, but theseapproachearenot yetpublicly available.
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SecondlyMusicBrainzand Spotifyhadincompletedemographialatafor someartists(i.e.
genderandgeographidocation),which mayhaveintroducedbiasinto our modelestimates.
Lastly,Discoggprimarily documentfficial releasesyhich meanghat morerecentreleases
on streamingsiteslike Soundcloudarenot well-representedn combinationwith the exclu-
sionof artistswithout DiscogdDs, this indicatesthat lesgprominent artistsmaybeunderrep-
resentedn the datasetFortunately socialnetworksarefairly robustto missingdata,especially
whennetworksarelarge centralizedanddisproportionatelyincludecentralnodeg55+57].
Additionally, simulationstudiesevaluatinghe robustnes®f NBDA indicatethatit performs
wellunderfairly high levelsof samplingerror andbias[34,58+60]risksthataremitigated

by thefactthatthe networkwasreconstructedrom publishedcollaborationgatherthantem-
poralco-occurrencelata.Dataon collaborativerelationshipsbetweerartistsarelesdikely to
sufferfrom significantobservatiorerror becausél) theydo not haveto bestatisticallytrans-
formedor filtered beforenetwork constructionand (2) theyresultin cultural artifactsthatare
partof the publicrecord.The crowd-sourcedhatureof thesedatais unlikely to impactthe
results giventhat comparativestudiesof other crowd-sourcedquantitativedatasetindicate
thattheyhavehighaccuracy61+63].

Theresultsof this studyprovidevaluabldansightinto how demographio/ariablesparticu-
larly genderand popularity,havebiasedooth cultural transmissiorandthe evolutionof collab-
oration networksgoinginto the digital ageIn addition, weprovideevidencehat collaboration
remainsakeytransmissiormodeof musicsamplingtraditions despitethe delocalizatiorof
communitiesby theinternet. Futureresearctshouldinvestigatavhetherdecreasetiomophily
amongfemalegs actuallylinked to greatetinclusivityin the musicindustry (e.g.bookingrates,
financialcompensationmediacoverage)aswell aswhetherthe inverseeffectof popularityon
culturaltransmissiorprobability is aresultof amodel-basediasfor obscurityor afrequency-
basediasfor novelty.

Supporting information

S1 Appendix. Statistical output, goodness-of-fit tests, and supplementary analyses.
(PDF)

S1 Fig. The combined diffusion curve for all three drum breaks included in the primary
OADA. Theproportion of informedindividualsis on the y-axis,andthe yearis on the x-axis.
Althoughrecentresearclsuggestthatinferring acquisitionmodesfrom diffusion curvess
unreliable it appearshatthe curvemayhavethe S-shapéndicativeof socialtransmission
prior to the early-2000s.

(TIFF)

S2 Fig. The relationship between diffusion years and transmission strengths for all seven
diffusions included in the additional OADA. The mean(left) andmedian(right) yearsof dif-
fusionareon the x-axis,andthe socialtransmissiorestimatedrom the additivemodelareon
the y-axis.Linearregressiorfound no significantrelationshipsetweereithermeanyearof
diffusion andsociattransmissiorestimate(R? = 0.20,p = 0.31)or medianyearof diffusion
andsocialtransmissiorestimatg(R? = 0.17,p = 0.36).

(TIFF)

S3 Fig. The relationship between popularity and followers and the number of collabora-
tions for each artist in the dataset. Popularityandfollowersareon the x-axis,andnumber
of collaborationds on the y-axis.Linearregressioriound significantpositiverelationships
betweerboth popularityandnumberof collaborationgR? = 0.048p < 0.001)andfollowers
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andnumberof collaborationgR? = 0.090p < 0.001).
(TIFF)
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