


suggestedthat theymaybeculturallytransmitted[6], whichcouldoccurasadirectresultof
collaborationbetweenartistsor asanindirect effectof communitymembership.

Beforethedigital age,artistsmayhavedependeduponcollaboratorsfor accessto thephysi-
calsourcematerialsandexpensivehardwarerequiredfor sampling[7]. In the1990s,newtech-
nologieslike compresseddigital audioformatsanddigital audioworkstationsmadesampling
moreaccessibleto abroaderaudience[8]. Furthermore,thewidespreadavailabilityof the
internetandsocialmediahavedelocalizedcommunities[9], andallowedglobalmusicªscenesº
to form aroundsharedinterestsbeyondpeer-to-peerfile sharing[10,11].Individualsin online
musiccommunitiesnowhaveaccessto thecollectiveknowledgeof othermembers[12,13],
andthereisevidencethatonlinecommunitiesplayakeyrole in musicdiscovery[14].
Althoughmusiciansremainconcentratedin historicallyimportant musiccities(i.e.NewYork
City andLosAngelesin theUnited States)[15,16],onlinemusiccommunitiesalsomakeit
possiblefor artiststo establishcollaborativerelationshipsindependentlyof geographiclocation
[17]. If moreaccessiblesamplingtechnologiesandaccessto collectiveknowledgehaveallowed
artiststo discoversamplesourcesindependentlyof collaboration[18], thenthestrengthof
cultural transmissionviacollaborationmayhavedecreasedoverthelastcoupleof decades.
Similarly,if onlinemusiccommunitieshavecreatedopportunitiesfor interactionsbetween
potentialcollaborators,thengeographicproximity mayno longerstructuremusicalcollabora-
tion networks.

Studiesof theculturalevolutionof musichaveprimarily investigateddiversityin musical
performances[19] andtraditions[20], macro-scalepatternsandselectivepressuresin
musicalevolution[21±24],andthestructureandevolutionof consumernetworks[14,25,26].
Althoughseveraldiffusionchainexperimentshaveaddressedhowcognitivebiasesshape
musicaltraitsduring transmission[27±29],fewstudieshaveinvestigatedthemechanismsof
cultural transmissionat thepopulationlevel[30,31].Thepracticeof samplingdrum breaksin
hip-hopandelectronicmusicisanidealresearchmodelfor cultural transmissionbecauseof
(1) theremarkablyhighcopyfidelity of sampledmaterial,(2) thereliabledocumentationof
samplingevents,and(3) theavailabilityof high-resolutioncollaborationanddemographic
datafor theartistsinvolved.Exhaustiveonlinedatasetsof sampleusageandcollaboration
makeit possibleto reconstructnetworksof artistsandtrackthediffusionof particulardrum
breaksfrom theearly1980sto today.Furthermore,thetechnologicalchangesthathave
occurredoverthesametime periodprovideanaturalexperimentfor howthedigital agehas
impactedcultural transmissionmorebroadly[32].

Theaimof thecurrentstudywasto determinewhetherdrum breaksareculturallytrans-
mitted throughmusicalcollaborationnetworks,andto identify thefactorsdriving theevolu-
tion of thesenetworks.Wehypothesizedthat (1) drum breaksareculturallytransmitted
throughmusicalcollaborationnetworks,andthat (2) thestrengthof cultural transmissionvia
collaborationwoulddecreaseaftertheyear2000.Forclarification,thealternativeto thefirst
hypothesisiscultural transmissionoccurringoutsideof collaborativerelationships(i.e.inde-
pendentsamplediscoveryviaªcrate-diggingºin recordstoresor online).Previousstudieshave
investigatedsimilarquestionsusingdiffusioncurveanalysis[30], but thevalidity of inferring
transmissionmechanismsfrom cumulativeacquisitiondatahasbeencalledinto question[33].
Instead,weappliednetwork-baseddiffusionanalysis(NBDA), arecentlydevelopedstatistical
methodfor determiningwhethernetworkstructurebiasestheemergenceof anovelbehavior
in apopulation[34]. AsNBDA ismostusefulin identifyingsociallearning,anability that is
assumedto bepresentin humans,it hasbeenprimarily appliedto non-humananimalmodels
suchasbirds,whales,andprimates[35±37],but theability to incorporateindividual-levelvari-
ablesto nodesmakesit uniquelysuitedto determiningwhatfactorsbiasdiffusionmoregener-
ally.Additionally,wehypothesizedthat (3) collaborationprobabilitywouldbedecoupledfrom
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geographicproximity aftertheyear2000.To investigatethisweappliedseparabletemporal
exponentialrandomgraphmodeling(STERGM),adynamicextensionof ERGMfor deter-
mining thevariablesthatbiasnetworkevolution[38].

Methods

All datausedin thecurrentstudywerecollectedin Septemberof 2018,in compliancewith the
termsandconditionsof eachdatabase.For theprimary analysis,thethreemostheavilysam-
pleddrum breaksof all time,ªAmen,BrotherºbyTheWinstons,ªThink (About It)º byLyn
Collins,andªFunkyDrummerº byJamesBrown,wereidentifiedusingWhoSampled(https://
www.whosampled.com/).Thereleaseyearandcreditsfor eachsonglistedashavingsampled
eachbreakwerecollectedusingdatascraping.In orderto avoidnamedisambiguation,only
artists,producers,andremixerswith activeDiscogslinks andassociatedIDs wereincludedin
thedataset.In orderto investigatepotentialshiftsin transmissionstrengtharound2000,the
samemethodwasusedto collectdatafor theeightsongsin theªMost SampledTracksºon
WhoSampledthatwerereleasedafter1990(seeS1Appendix).Oneof these,ªI'm Goodºby
YG,wasexcludedfrom theanalysisbecausethesampleisprimarily usedbyasingleartist.
Eachsetof samplingeventscollectedfrom WhoSampledwastreatedasaseparatediffusion.
All analyseswereconductedin R(v 3.3.3).

Collaborationdatawereretrievedfrom Discogs(https://www.discogs.com/), acrowd-
sourceddatabaseof musicreleases.All collaborativereleasesin thedatabasewereextracted
andconvertedto amasterlist of pairwisecollaborations.Foreachdiffusion,pairwisecollabo-
rationsincluding two artistsin thedatasetwereusedto constructcollaborationnetworks,in
whichnodescorrespondto artistsandweightedlinks correspondto collaborationnumber.
Althoughsomeindirect connectionsbetweenartistsweremissingfrom thesesubnetworks,
conductingtheanalysiswith thefull datasetwascomputationallyprohibitiveandincomplete
networkshavebeenroutinelyusedfor NBDA in thepast[35,36,39].

Individual-levelvariablesfor artistsincludedin eachcollaborationnetworkwerecollected
from MusicBrainz(https://musicbrainz.org/),acrowdsourceddatabasewith morecomplete
artist information thanDiscogs,andSpotify(https://www.spotify.com/), oneof themostpop-
ular musicstreamingservices.Genderandgeographiclocationwereretrievedfrom theMusic-
brainzAPI. Wheneverit wasavailable,theªbeginareaºof theartist,or thecity in whichthey
begantheir career,wasusedinsteadof their ªareaº,or countryof affiliation, to maximizegeo-
graphicresolution.Longitudesandlatitudesfor eachlocation,retrievedusingtheDataScience
Toolkit andGoogleMaps,wereusedto calculateeachartist'smeangeographicdistancefrom
otherindividuals.Albunack(http://www.albunack.net/),anonlinetool whichdrawsfrom
bothMusicbrainzandDiscogs,wasusedto convertIDs betweenthetwo databases.Popularity
andfollowerswereretrievedusingtheSpotifyAPI. An artist'spopularity,aproprietaryindex
of streamingcountthat rangesbetween0and100,isabetterindicatorof their long-termsuc-
cessbecauseit iscalculatedacrosstheir entirediscography.Followersisabetterindicatorof
currentsuccessbecauseit reflectsuserengagementwith artistswhoarecurrentlymoreactive
on theplatform.DiscogsIDs areincompatiblewith theSpotifyAPI, soartistnameswere
URL-encodedandusedastextsearchterms.

In orderto identify whethersocialtransmissionbetweencollaboratorsplayedarole in sam-
pleacquisition,orderof acquisitiondiffusionanalysis(OADA) wasconductedusingtheR
scriptfor NBDA (v 1.2.13)providedon theLalandlab'swebsite(https://lalandlab.st-andrews.
ac.uk/freeware/).OADA usestheorder in whichindividualsacquireatrait to determine
whetherits diffusion isbiasedby thestructureof thesocialnetwork[40]. OADA wasutilized
insteadof time of acquisitiondiffusionanalysis(TADA) becauseit makesno assumptions
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aboutthebaselinerateof acquisition[34]. Foreachartist,orderof acquisitionwasdetermined
by theyearthat theyfirst usedthesamplein their music.Samplingeventsfrom thesameyear
weregiventhesameorder.Gender,popularity,followers,andmeandistancewereincludedas
predictorvariables.Forgender,femaleswerecodedas-1,maleswerecodedas1,andindividu-
alswith otheridentitiesor missingvalueswerecodedas0.Forpopularity,followers,andmean
distanceeachvariablewascenteredaroundzero.Asocial,additive,andmultiplicativemodels
werefit to all threediffusionscollectivelywith everypossiblecombinationof individual-level
variables.Standardinformation theoreticapproacheswereusedto rank themodelsaccording
to Akaike'sInformation Criterion correctedfor samplesize(AICc). Modelswith aΔAICc< 2
wereconsideredto havethebestfit [41]. Thebestfitting modelwith themostindividual-level
variableswasrun separatelyto assesstheeffectsof eachvariableon socialtransmission.Effect
sizeswerecalculatedaccordingto [36]. An additionalOADA wasconductedusingtheseven
diffusionsfrom after1990.Individual-levelvariableswereexcludeddueto insufficientdemo-
graphicdata.An additivemodelwasfit to theOADA, andseparatesocialtransmission
parameterswerecalculatedfor eachdiffusionto identify differencesin transmissionstrength.
Additiveandmultiplicativemodelsgiveidenticalresultsin theabsenceof individual-levelvari-
ables,sono modelcomparisonwasnecessary.

In order to assesstheeffectsof individual-levelvariableson networkevolution,STERGM
wasconductedusingstatnet(v 2016.9),anRpackagefor networkanalysisandsimulation.
STERGMisadynamicsocialnetworkmethodthatmodelstheformationanddissolutionof
links overtime [38]. Collaborationeventsinvolvingartistsfrom eachdiffusionwerecom-
binedto constructstaticcollaborationsubnetworksfor eachyearbetween1984and2017,
whichwerethenconvertedinto anundirected,unweighteddynamicnetwork.Earlyyears
not continuouswith therestof theeventdata(i.e.1978and1981)wereexcludedfrom the
dynamicnetwork.In order to determinewhetherthevariablesbiasingnetworkstructure
havechangedovertime, theanalysiswasconductedseparatelywith thedatafrom 1984-1999
and2000-2017.For eachtime periodasetof STERGMmodelswith everypossiblecombina-
tion of individual-levelvariableswerefit to thedynamicnetworkusingconditionalmaxi-
mum likelihoodestimation(CMLE).AlthoughSTERGMcanbeusedto separatelymodel
both theformationanddissolutionof links, this analysiswasrestrictedto theformer.
Gender,popularity,andfollowerswereincludedto investigatehomophily,whilemean
distancewasincludedto assessits effecton link formation.AsSTERGMcannotberun
with missingcovariates,NA valuesin popularity(6.39%),followers(6.39%),andmeandis-
tance(38.49%)wereimputedusingtherandomforestmethod.Themodelsfrom eachperiod
wererankedaccordingto AIC, andthebestfitting models(ΔAIC < 2) with themostindi-
vidual-levelvariableswererun separatelyto assesstheeffectsof eachvariableon network
evolution.

Results

Thethreemostheavilysampleddrum breaksof all time werecollectivelysampled6530times
(n1 = 2966,n2 = 2099,n3 = 1465).4462(68.33%)of thesesamplingeventswereassociated
with validDiscogsIDs,correspondingto 2432uniqueartists(F:n = 143,5.88%;M: n = 1342,
55.18%;Otheror NA: n = 947,38.94%),andincludedin theprimary OADA andSTERGM.
Theeightsamplesreleasedafter1990werecollectivelysampled1752times(n1 = 284,n2 = 260,
n3 = 248,n4 = 198,n5 = 194,n6 = 193,n7 = 192,n8 = 182).1305(74.53%)of thesesampling
eventswereassociatedwith validDiscogsIDs,correspondingto 1270uniqueartists,and
includedin theadditionalOADA.
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NBDA

Thebestfitting modelfrom theprimary OADA, whichwasmultiplicativeandincludedall
four individual-levelvariables,canbeseenin Table1.In supportof our first hypothesis,alike-
lihood ratio testfoundstrongevidencefor socialtransmissionoverasociallearning(ΔAICc =
141;p< 0.001).Basedon theeffectsizes,transmissionappearsto bemorelikely among
females(p< 0.01)andlesslikely amongartistswhoaremorepopular(p< 0.001)andhave
morefollowers(p< 0.001).Meandistanceisnot asignificantpredictorof transmission
(p = 0.89).Thediffusionnetworkanddiffusioncurvefor all threedrum breaksincludedin the
primary OADA areshownin Fig1andS1Fig,respectively.All othermodelsfit to theprimary
OADA canbefound in S1Appendix.

Theresultsof theadditionalOADA, conductedusingthesevendiffusionsfrom after1990,
canbefound in S1Appendix.A likelihoodratio testfoundstrongevidencefor socialtransmis-
sionoverall(ΔAICc = 88;p< 0.001).Contraryto our secondhypothesis,linearregression
foundno significantrelationshipsbetweeneithermeanyearof diffusionandsocialtransmis-
sionestimate(R2 = 0.20,p = 0.31)or medianyearof diffusionandsocialtransmissionestimate
(R2 = 0.17,p = 0.36)(seeS2Fig).

STERGM

Forboth time periodsthesecondbestfitting STERGMmodels(ΔAIC < 2) includedall four
individual-levelvariables,theresultsof whichcanbeseenin Table2.All othermodelscanbe
found in S1Appendix.Acrossbothperiodsthereappearsto behomophilybasedon popularity
(p< 0.001)andgender(M: p< 0.001;F:ps< 0.05).In supportof our third hypothesis,mean
distancenegativelypredictslink formationonly before2000(p< 0.001).Additionally, there
isaheterophiliceffectof followersonly after2000(p< 0.001).Basedon theeffectsizes,there
hasbeenanearlythree-folddecreasein thestrengthof homophilyamongfemales.Conversely,
thestrenghof homophilybypopularityhasactuallyincreasedsince2000.Theresultsof the
STERGManalysisassumingdifferenttransitionyears(e.g.1994,1996,1998,2002,2004,
2006)canbefound in S1Appendix.Linearregressionfoundsignificantpositiverelationships
betweenbothpopularityandnumberof collaborations(R2 = 0.048,p< 0.001)andfollowers
andnumberof collaborations(R2 = 0.090,p< 0.001)(seeS3Fig).

A goodness-of-fitanalysiswasconductedbygeneratingsimulatednetworks(n = 100)from
theparametersof thebestfitting modelandcomparingthemto theobservednetworkstatistics

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

Popularity -0.013 0.86 < 0.001

Followers -9.6E-8 0.92 < 0.001

Meandistance -1.8E-9 1 0.89

Likelihood Ratio Test

AICc p
With socialtransmission 14719 < 0.001

Without socialtransmission 14860

Thetop panelshowsthemodelestimate,effectsize,andp-valuefor eachindividual-levelvariable.Thebottompanel

showstheAICc for themodelwith andwithout socialtransmission andthep-valuefrom thelikelihoodratio test.

https://doi.org/10.1371/journal.pone.0211860.t001
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[42]. Forboth time periods,theglobalstatistics(i.e.gender,popularity,followers,meandis-
tance)from thesimulatednetworkswerenot significantlydifferentfrom thoseobserved,indi-
catingthatbothmodelsaregoodfits for thevariablesin question.Structuralstatistics(i.e.
degree,edgewisesharedpartner,minimum geodesicdistance)from thesimulatednetworks
weresignificantlydifferentfrom thoseobserved,indicatingthatbothmodelsarenot goodfits
for thestructuralpropertiesof thenetwork.Theresultsof thisanalysiscanbefound in S1
Appendix.

Fig 1. The diffusion of all three drum breaks through the combined collaboration network. At eachtime point individualswhohavenot yetused
oneof thedrum breaks(informed)areshownin white,individualswhofirst usedoneof thedrum breaksin aprevioustimestep(previously informed)
areshownin blue,andindividualswhofirst usedoneof thedrum breaksin thecurrenttime step(newlyinformed)areshownin red.

https://doi.org/10.1371/journal.pone.0211860.g001

Table 2. The results of the STERGM analyses for before and after 2000.

STERGM 1984-1999 2000-2017

Effect size p Effect size p
Gender(F) 6.86 < 0.001 2.23 < 0.05

Gender(M) 1.70 < 0.001 2.43 < 0.001

Popularity 0.84 < 0.001 0.54 < 0.001

Followers 1.02 0.64 1.96 < 0.001

Meandistance 0.87 < 0.001 0.99 0.82

Thetableshowstheeffectsizeandp-valuefor gender,popularity,followers,andmeandistanceduring eachtime period.

https://doi.org/10.1371/journal.pone.0211860.t002
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Discussion

Usinghigh-resolutioncollaborationandlongitudinaldiffusiondata,wehaveprovidedthefirst
quantitativeevidencethatmusicsamplesareculturallytransmittedviacollaborationbetween
artists.Additionally, in supportof thewidespreadassertionthat theinternethasdelocalized
artistcommunities,wehavefoundevidencethatgeographicproximity no longerbiasesthe
structureof musicalcollaborationnetworksaftertheyear2000.Giventhat thestrengthof
transmissionhasnot weakenedoverthesametime period,this finding indicatesthatcollabo-
ration remainsakeycultural transmissionmodefor musicsamplingtraditions.Thisresult
supportstheideathat theinternethasenhancedratherthandisruptedexistingsocialinterac-
tions[9].

Genderappearsto playakeyrole in bothnetworkstructureandcultural transmission.
Acrosstheentiretime period,collaborationsweremorelikely to occurbetweenindividualsof
thesamegender.Additionally, theprobabilityof cultural transmissionappearsto bemuch
higherfor femaleartists.Thiseffectcouldbearesultof themuchhigherlevelsof homophily
amongwomenbefore2000.Previouswork hassuggestedthathigh levelsof genderhomophily
areassociatedwith genderdisparity[43±45],which isconsistentwith thehistoricmarginaliza-
tion of womenin musicproductioncommunities[1, 10,46].Althoughtheproportion of
femaleartistsin theentiredatasetisextremelylow (*6%),thereductionin homophilyamong
femaleartistsafter2000couldbereflectiveof increasinginclusivity[47].

Artistswith similar levelsof popularitywerealsomorelikely to collaboratewith eachother.
Theincreasein homophilybypopularityafter2000couldbetheresultof anincreasein skew,
wherebyfewerartiststakeup agreaterproportion of themusiccharts[48]. In addition,the
probabilityof cultural transmissionappearsto behigheramonglesspopularartists,even
thoughtheyareslightlylesscollaborative.Thiseffectcouldbelinked to culturalnormswithin
ªundergroundºmusicproductioncommunities.In thesecommunities,collectiveculturalpro-
duction issometimesprioritized overindividual recognition[49,50].Thisprinciple isbest
demonstratedby thehistoricpopularityof thewhite-labelreleaseformat,wheresinglesare
pressedto blankvinyl anddistributedwithout artist information [49,50].In moreextreme
cases,individual artistswhoexperiencesomelevelof mainstreamsuccessor presscoverage
risk losingcredibility,andmayevenbeperceivedasunderminingtheintegrity of their music
community[50,51].Concernsaboutcredibility couldcauseindividualsto selectivelycopyless
popularartistsor utilizemoreraresamples(i.e.DeLaSoul'srefusalto sampleJamesBrown
andGeorgeClinton becauseof their usebyotherpopulargroups[52]). Futureresearchshould
investigatewhethertheªhigh prestigeattachedto obscurityº[50] in thesecommunitiesmaybe
driving amodel-basedbiasfor samplesusedby lesspopularartistsor afrequency-basedbias
for samplesthataremorerarein thepopulation[53]. A frequency-basednoveltybiaswas
recentlyidentifiedin Westernclassicalmusicusingagent-basedmodeling[31], andsimilar
methodscouldbeutilizedfor sampling.

Similarlyto popularity,thenumberof followersanindividual hasnegativelypredictstrans-
missionprobability.However,artistswith similarnumbersof followerswereactuallylesslikely
to collaboratewith eachotherafter2000.Thisresultcouldbedueto thefactthat followersisa
betterindicatorof currentpopularity,but haslowerresolutionfurther backin time.Newerart-
istswith inflatedfollowercountswhocollaboratewith older,historically-importantartists
with lowerfollowercountsmaystill beexpressinghomophilybasedon overallpopularity.

Thereareseverallimitations to thisstudythatshouldbehighlighted.Firstly,thetime lag
inherentin theusereditingof WhoSampledmeansthatoldertransmissionrecordsaremore
complete.Algorithmsfor sample-detection[54] mayallowresearchersto reconstructfull
transmissionrecordsin thefuture,but theseapproachesarenot yetpubliclyavailable.
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Secondly,MusicBrainzandSpotifyhadincompletedemographicdatafor someartists(i.e.
genderandgeographiclocation),whichmayhaveintroducedbiasinto our modelestimates.
Lastly,Discogsprimarily documentsofficial releases,whichmeansthatmorerecentreleases
on streamingsiteslike Soundcloudarenot well-represented.In combinationwith theexclu-
sionof artistswithout DiscogsIDs, this indicatesthat lessprominentartistsmaybeunderrep-
resentedin thedataset.Fortunately,socialnetworksarefairly robustto missingdata,especially
whennetworksarelarge,centralized,anddisproportionatelyincludecentralnodes[55±57].
Additionally,simulationstudiesevaluatingtherobustnessof NBDA indicatethat it performs
wellunderfairly high levelsof samplingerror andbias[34,58±60],risksthataremitigated
by thefactthat thenetworkwasreconstructedfrom publishedcollaborationsratherthantem-
poralco-occurrencedata.Dataon collaborativerelationshipsbetweenartistsarelesslikely to
sufferfrom significantobservationerror because(1) theydo not haveto bestatisticallytrans-
formedor filteredbeforenetworkconstructionand(2) theyresultin culturalartifactsthatare
partof thepublic record.Thecrowd-sourcednatureof thesedataisunlikely to impactthe
results,giventhatcomparativestudiesof othercrowd-sourced,quantitativedatasetsindicate
that theyhavehighaccuracy[61±63].

Theresultsof thisstudyprovidevaluableinsightinto howdemographicvariables,particu-
larly genderandpopularity,havebiasedbothcultural transmissionandtheevolutionof collab-
orationnetworksgoinginto thedigital age.In addition,weprovideevidencethatcollaboration
remainsakeytransmissionmodeof musicsamplingtraditionsdespitethedelocalizationof
communitiesby theinternet.Futureresearchshouldinvestigatewhetherdecreasedhomophily
amongfemalesisactuallylinked to greaterinclusivity in themusicindustry(e.g.bookingrates,
financialcompensation,mediacoverage),aswellaswhethertheinverseeffectof popularityon
cultural transmissionprobabilityisaresultof amodel-basedbiasfor obscurityor afrequency-
basedbiasfor 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 informedindividualsison they-axis,andtheyearison thex-axis.
Althoughrecentresearchsuggeststhat inferring acquisitionmodesfrom diffusioncurvesis
unreliable,it appearsthat thecurvemayhavetheS-shapeindicativeof socialtransmission
prior to theearly-2000s.
(TIFF)

S2 Fig. The relationship between diffusion years and transmission strengths for all seven

diffusions included in the additional OADA. Themean(left) andmedian(right) yearsof dif-
fusionareon thex-axis,andthesocialtransmissionestimatesfrom theadditivemodelareon
they-axis.Linearregressionfoundno significantrelationshipsbetweeneithermeanyearof
diffusionandsocialtransmissionestimate(R2 = 0.20,p = 0.31)or medianyearof diffusion
andsocialtransmissionestimate(R2 = 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 thex-axis,andnumber
of collaborationsison they-axis.Linearregressionfoundsignificantpositiverelationships
betweenbothpopularityandnumberof collaborations(R2 = 0.048,p< 0.001)andfollowers
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andnumberof collaborations(R2 = 0.090,p< 0.001).
(TIFF)
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