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ABSTRACT
Online communitiesneed regular maintenanceactivities
suchasmoderationanddatainput, tasksthat typically fall
to communityowners. Communitiesthat allow all mem-
bers to participatein maintenancetasks have the poten-
tial to be more robust and valuable. A key challengein
creatingmember-maintainedcommunitiesis building inter-
faces,algorithms,andsocialstructuresthatencouragepeo-
ple to providehigh-qualitycontributions.WeuseKarauand
Williams' collective effort model to predict how peerand
experteditorialoversightaffectmembers'contributionsto a
movie recommendationwebsiteandtestthesepredictionsin
a �eld experimentwith 87contributors.Oversightincreased
boththequantityandqualityof contributionswhile reducing
antisocialbehavior, andpeerswereaseffective at oversight
asexperts.We draw designguidelinesandsuggestavenues
for futurework from our results.
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INTRODUCTION
Chadis themovie czar, thedefactodictatorwhodetermines
which movies are included in MovieLens. MovieLens is
anonlinerecommendersystemthathasthousandsof active
usersandaround8,000movies—almostall of which Chad
entered.He is the guardianof quality, the �nder of movie
facts,thedefenderof decency, andthe�nal authorityon�lm.
This controlsuitsChadwell. He is pleasedwith thequality
of his system'smovie database.
� CommunityLabis a collaborative project of the University of
Minnesota,Universityof Michigan,andCarnegie Mellon Univer-
sity. http://www.communitylab.org/
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Not everyoneagrees. Chadaddsmovies slowly, because
MovieLensis oneof his many activities1. Somemembers
don't understand—oragreewith—his movie inclusioncri-
teria(“widespreadU.S.theatricalrelease”).Whenmembers
requestmovies,Chadrarely responds.Despitehis pride in
MovieLens,it is incomplete.Somerecentmoviesarenotyet
in the database;somemovies enteredlast yearhave since
beenreleasedon DVD and needto be updatedin Movie-
Lens; somememberswant MPAA ratings,which Movie-
Lensdoesnotprovide;andsoon.

Many groups, online and off, have a Chad. They rely
on key memberswho manageand maintain the commu-
nity. Thesetasksincludemoderation,governance,welcom-
ing new members,andbuilding FrequentlyAskedQuestion
(FAQ) lists. Suchmaintenancetasksarecritical to thecom-
munity but typically fall to the community's owners [2],
thosewho createdthe site, boughtthe machines,maintain
thesoftwareandmonitor thecommunity's health. By con-
trast, most members'contributions to an online commu-
nity pertainto the day to day businessof the community,
what Preececalls its purpose[16]. Memberspost to dis-
cussiongroups,ratemovies,receive recommendations,and
readeachothers'blogs.Thesecontributionsarevisibly im-
portantbut donot sustainthecommunity's infrastructure.

Member ­maintained comm unities
Chaddoesnot have to be the only personwho addsmovie
information.MovieLenscouldallow everyoneto addmovie
information as well as rate movies. We believe that such
member-maintainedcommunitiescan be more robust and
valuable than owner-maintainedcommunities. Member-
maintainedcommunitiescanreducetheir relianceonkey in-
dividuals,draw ontheresourcesof all membersto addvalue
to thegroup,andscaleasthecommunitygrows.

With thepromisecomechallenges.Most onlinecommuni-
ties have no way for membersto help. Peopleoffer to add
movies, but MovieLenshasno interfaceto let them. Even
it it did, MovieLenswould needto make contributorsaware
of theopportunityandshow themhow to performthe task.
Evenwith help,somepeoplewill do a poor job, while oth-
ersmaydeliberatelysabotagethecommunity. Theinterests
of membersmaynotalignwith thoseof owners—tryadding

1As Putnampointsout,peoplewho arewilling to contributeoften
havenoshortageof groupswilling to accepttheir help[17].



a link to a competitorin an Amazonbook review. Though
weknow thatpeoplearewilling to contributesomeeffort to
maintenance[5], successfulmember-maintainedcommuni-
ties will often needto motivatepeopleto contribute more.
As one MovieLens memberwrote, “I don't want to add
movies. I wantthemto betherefor me.”

Our long-termresearchquestionaddressesall of thesechal-
lenges:How can we designmechanisms—interfaces,algo-
rithms, economies,and social structures—thatallow com-
munitiesto maintainthemselvesandencourage members to
providevaluablecontributions?

Using editorial oversight to impr ove contrib utions
We createda mechanismthat allows MovieLensmembers
to contributemovie information,a taskthat formerly fell to
Chadalone. In this paper, we explore how editorial over-
sight—usingotherpeopleto review contributions—affects
the quality and quantity of movie information MovieLens
memberscontribute.Oversightis animportantsocialmech-
anismemployedby successfulmember-maintainedcommu-
nitiesincludingSlashdot,Amazon,andWikipedia.

We conducteda �eld experimentaskingMovieLensmem-
bersto add information for movies othermembershadal-
readysuggested.We dividedparticipantsinto threegroups:
(1) a no oversightgroupwhosecontributionswent directly
to thedatabase;(2) a peeroversightgroupwhosework was
checked by anothermember;and (3) an expert oversight
group,checkedby a movie expert. We told half of thesub-
jectsin eachgroupabouttheamountof oversightthey would
receive. We expectedoversightto leadto a morevaluable
database,moretotalcontributions,andlessantisocialbehav-
ior. Theexperimentcon�rmed theseexpectations.Further,
it showedthatpeeroversightworkedaboutaswell asexpert.

THEORY: WHY DO PEOPLE CONTRIBUTE?
Social dilemmasarise when a group would bene�t if its
membersmadea certainchoice,but its membershave an
incentive to make theoppositechoice[4]. Consider�shing
in a lake. If everyone�shes without limit, thelakewill soon
empty, so the communitybene�ts when peoplelimit their
catch. But for any oneperson,the rationalchoiceis to �sh
fully. After all, oneperson's restraintwill not save thelake,
no matterwhateveryoneelsedoes.In the long run, theen-
tire communityloses.This is anexampleof the tragedyof
thecommons[8] socialdilemma.

Contributionstowardcommunitymaintenancecanbemod-
elledasa kind of socialdilemma,theproblemof providing
publicgoods[9]. Publicgoodshavetwo distinguishingchar-
acteristics.Oncethey areproduced,everyonecanconsume
them. Further, oneperson's consumptiondoesnot prevent
othersfrom enjoying thegoodaswell. Nationaldefenseand
opensourcesoftwarearetwo examplesof publicgoods.The
productsof communitymaintenanceactivities,suchasmod-
erationsonpostsandmovie informationaddedto adatabase,
arepublicgoodsaswell.

Public goodsarea socialdilemmabecauserationalpeople
might decidethatif otherscareenoughto provide thegood,
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Figure 1. A slightly simpli�ed version of Karau and
Williams' collective effort model.

they neednot expend the effort to help provide it them-
selves[12]. For instance,a smallpercentageof public radio
listenerscontribute money. The restarefree riders,enjoy-
ing thebene�tswithout thecost.Whenpeoplefreeride, the
publicgoodis under-provided;thecommunitywouldbene�t
if moreof thegoodwereproduced.However, not everyone
free rides. Many experimentshave shown that peoplecon-
tributeto publicgoodsundersomeconditions[5].

Social psychologistsstudy the related problem of social
loa�ng, the observation that peopleoften expend less ef-
fort whenworking in a groupthan they would alone. Re-
searchershaveproposedanumberof accountsof socialloaf-
ing. For example,Kerrblamesfreeriding [12]. Harkinssug-
gests,morespeci�cally, thatpeoplework lesswhenit is hard
for othersto evaluatetheir individualcontributions[10].

The collective effor t model
Karau and Williams integratetheseand other accountsof
social loa�ng into their collective effort model[11], a gen-
eral model for understandinghow peoplearemotivatedto
contribute to groups.Themodel(seeFigure1) is basedon
Vroom's expectancy-valueaccountof motivation[24]. This
accountsuggeststhatone's motivationfor a giveneffort de-
pendson how well that effort translatesinto performance,
what outcomesthe expectedlevel of performanceis likely
to leadto, andhow muchthoseoutcomesarevalued. The
model posits that peopleconsiderthesefactorsboth from
an individual anda groupperspective. Further, in the case
of groups,peopleconsiderwhethertheir effort will make
a contribution to thegroup's performanceandwhetherthat
contributionwill matterto thegroup's overall performance.

We believe thecollective effort modelis a rich tool for ana-
lyzing designs.Broadly, themodelsuggeststhatmotivation
increaseswhenconnectionsbetweenelementsin themodel
strengthen.For example,giving peoplea tool that reduces
theeffort requiredto adda FAQ entryshouldincreasetheir
motivationto do so,all otherthingsbeingequal.By calling
out theseconnections,themodelcanhelpdesignersreason
aboutmotivationandsuggeststrategiesfor increasingit.

Considera professordecidinghow to structurea grouppro-
grammingassignment.Themodelsuggestsstudentswill be
unmotivated if they think their efforts won't contribute to
the group's performance,i.e., if they have no specialskills



to share.The professormight form groupswherestudents
have unique, requiredskills and, importantly, make stu-
dentsawarethat their skills areuniqueso that they cansee
their contribution matters.Ludford et al. tried a similar ap-
proachin anonlinediscussiongroup,telling peoplewhohad
unique,relevant informationto addto a conversationabout
their specialness.This tacticincreasedcontributions[15].

We alsocouldusethe modelto think aboutwhetherleader
boards,like Amazon.com's list of top reviewers,encourage
contributions. The modelsuggestsleaderboardsmight in-
creasemotivationby giving peoplea way to gain individual
recognition,anoutcomemany peoplevalue. Leaderboards
alsocandemonstratethatone's effort visibly contributesto
the group's performance.However, long-timeparticipants
have an advantageover newcomers,who may decidethat
they cannever catchup andearnrecognition. Newcomers
might alsoreasonthatcontributing a few reviews will mean
nothingto theAmazoncommunity, which hasthousandsof
peoplewho havewritten hundredsof reviews each.In other
words,leaderboardsmightactuallyreducenewcomers'mo-
tivationto contribute. A leaderboardshowing bothall-time
andrecenttop contributorsmight prove to bea moreeffec-
tivedesignfor increasingall members'motivation.

OVERSIGHT IN MEMBER­MAINTAINED COMMUNITIES
We now examinehow the useof oversightmight improve
member-maintainedcommunities.We choseoversightbe-
causeconsideringsuccessfulcommunitiesled us to realize
thatoversightcanhelpby bothdiscouraginglow valuecon-
tributionsandmotivatingvaluablecontributors.

Examples of comm unities that use oversight
Below, we discusshow we usedthe modelto analyzehow
oversightwould affect contributionsto onlinecommunities.
To groundthediscussion,we introducethreerepresentative
online communitieswheremembermaintenanceactivities
includeoversight: Slashdot,Amazon,andWikipedia. We
alsobrie�y describepeeroversightin MovieLens.

Slashdot: moderating others' posts
Slashdotlets technogeekstalk technospeak.Membersread
andcommenton storiespostedby editorsandothermem-
bers'comments.Membersaresometimesallowedto moder-
atecomments.Moderatingacommentwith a+1 or -1 rating
andadescriptorsuchasFunny or Redundanttakesafew sec-
onds.Moderationsareaggregated;readerscanchooseto see
only highly ratedcommentsor to seeeverything,a scheme
LampeandResnickcall distributedmoderation [13].

Amazon: rating review helpfulness
Amazonencouragesmembersto review books. Thesere-
views are displayedon the book's web pageon Amazon.
Eachreview asks“Wasthis review helpful to you?” Read-
ersmayvoteyesor noor reportthereview asinappropriate.
Again, moderationis a low costactivity. The mosthelpful
reviews for a bookaredesignatedasSpotlightReviews and
placedprominentlyon thepage.Readervotesalsoareused
to identify valuablereviewers,whogetrecognitionbothona
topreviewerslist andwith aspecialiconnext to theirnames.

Wikipedia: editing encyclopedia articles
Wikipediais building acollaborativeencyclopediausingthe
wiki modelof groupediting [25]. Anyonecanedit a wiki
page,but every changeis loggedandcanbeeasilyrepealed
by later editors. Many regular wiki usersusethe “Recent
Changes”button to seeactivity in the entirewiki, so they
canreversechangesthey view asharmful or improve new
content. Userswho careabouta particularpagemay sub-
scribeto all changesto thepagesothey cankeepawatchful
eyeonmodi�cations.Wikipediausesthesefeaturestogether
to enforceits neutralpointof view philosophy andto quickly
correctmistakesanddeliberatevandalism[23].

MovieLens: verifying movie information
MovieLensasksmembersto help build its movie database
by enteringmovie informationandcheckinginformationen-
teredby others. After onememberaddsinformationfor a
movie, anothermemberis asked to verify the information.
MovieLensis explicitly anonymous,sothereis no commu-
nicationbetweenmembersor recognitionof valuablecon-
tributors.Verifying amovie's informationtakesseveralmin-
utesand often requiresseekinginformation suchas video
releasedatesonotherwebsites.

Ourexamplecommunitiesall employ oversightto helpiden-
tify quality contributions. We now usethe collective effort
modelto examinehow oversightmightaffect themotivation
of peopleto contributeto member-maintainedcommunities.

Discoura ging low­quality contrib utions
Not all contributions to a community are valuable. Off-
topicconversation,newbiequestions,incorrectFAQ entries,
�amesandtrolls, spam,andcontent-freepostslike“just test-
ing” all representcontributions that most memberswould
like to avoid. Too many low-quality contributionscanactu-
ally drive away valuablememberswho decidethat thecost
of participatingis toohigh [22].

A key componentin themotivationof spammersandtrolls
is thatby postingadvertisementsor in�ammatory messages
(individualperformance),they getresponses(individualout-
come).Distributedmoderationschemeslike Slashdot's can
severthisconnectionby featuringvaluablecontributionsand
tucking low-quality contributionsaway into a dustycorner
of the interface. The collective effort model predictsthat
reducingthelink betweenpostinga messageandgettingre-
sponsesshouldreducespammers'andtrolls' motivation to
make low-qualitycontributions.

Another commonlow-quality contribution is vandalism—
deleting the contentsof a wiki pageone �nds offensive,
for instance.Graf�ti is a real-world analogue.Gangsmark
their territory, wantingeveryoneto feel their presence.Just
asNew York City dramaticallyreducedsubway graf�ti by
quick removal [7], editing in onlinecommunitiescanerase
the tracesof vandals. In fact, pagedeletionsin Wikipedia
arecorrectedin anaverageof threeminutes[23]. According
to themodel,tacticslike quick editing that remove the link
betweenanindividual's contributionandthegroup's perfor-
manceshouldreducevandals'motivation.



Motiv ating valuab le contrib utor s
Oversightmaydomorethanjust keeppeoplein line. It also
mayencouragecontributions. Distributedmoderationleads
morepeopleto readvaluablecomments.Thecollective ef-
fort model predictsthat high-quality posterswill be more
motivatedif they know they will have morereaders.Ama-
zonalsorecognizesmemberswhowrite valuablereviewsby
putting them on the list of top reviewers. This makes the
connectionbetweenamember'seffortsandtheirvalueto the
group'sperformancemoresalient,whichthemodelsuggests
will increasemotivationto contribute.

The collective effort modelalsopredictsthat helpingpeo-
ple achieve betterperformancefor a given effort will mo-
tivate themto contribute. Oversightcando this in several
ways. Wikipedia's changetracking help editors be more
ef�cient by concentratingtheir effort on articlesthey most
value. Mentoringandfeedbackalsocanimprove contribu-
tors' ability to turn effort into performance.Both Slashdot
andAmazonprovidefeedbackin theform of qualityratings.

Collaborative editingcanstrengthenthe link betweeneffort
andcontribution to the group's performance,if peoplebe-
lieve otherswill improve on their contributions. Wikipedia
articlesoften startasstubs, tiny blurbsabouta topic of in-
terestthat othermemberseventually improve. Peoplepost
stubshoping that more knowledgeablememberswill ex-
pandon their effort. Likewise, MovieLensmemberswho
areafraidof makingmistakesmightbemorewilling to con-
tributeif they know someonewill checktheirwork.

Finally, the model predictsthat oversightis importantbe-
causeit reassureshigh-qualitycontributorsthat their contri-
butionsmatter. Reducingthe impactof low-quality contri-
butionsmakeshigh quality work mattermoreto thegroup's
performance.Slashdotgetsa seaof low-quality contribu-
tions,but goodones�oat to the top. Reducinglow-quality
contributions also leadsto bettergroup outcomes—alive-
lier discussion,abetterarticle,arichermoviedatabase—that
Thorn andConnolly arguewill keephigh-qualitymembers
comingbackto getmore,andto givemoreaswell [22].

EXPERIMENT: ADDING MOVIES TO MOVIELENS
We testedseveralof thesepredictionsin a �eld experiment
usingMovieLens.MovieLensis amovie recommendersys-
tem that performsthe dual roles of providing good movie
recommendationsasaservicewhileservingasaplatformfor
researchin recommendersystems(e.g.,[3,18]) andmorere-
cently, onlinecommunities(e.g.,[1,15]). It hasabout80,000
registeredusers,thousandsof whom log in regularly and
8,000movies.Onaverage,membersrateabout120movies.

WhenMovieLensstarted,the databasewasfull of inaccu-
rate information and duplicatemovies becausethe task of
addingmoviesfell to gradstudentsin theirsparetime. Chad
wasanearlyMovieLensmemberwho lovedtheservicebut
hatedtheproblemswith thedatabase.Hevolunteeredto take
over, cleanedup themess,andhascontributedinformation
for about6000 movies, addingnew releasesfrom the last
� veyearsaswell asaneclecticselectionof oldermovies.
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Figure 2. A simpli�ed overview of the experiment. Sub-
jects were assignedto oneof thr eeoversight groupsand
assignedmovies fr om the suggestionqueuein the order
received. At the end,we compared contributions against
information fr om other movie data sites.

Memberssometimeswant to ratemovies thatarenot in the
database.In August 2003 we addedan interfacefor sug-
gestingmovies by enteringtheir title and Internet Movie
Database(IMDb, http://akas.imdb.com/)id. Wedecidednot
to askpeopleto addall of the informationfor a movie for
two reasons.First, we wantedto keepmembersfrom wast-
ing time enteringinformation for movies that Chadwould
not accept. Second,Chadwantedto entermovie informa-
tion himselfto ensurehighquality.

The suggestionfeaturewas a hit, with 500 suggestionsin
the �rst month and 3000 in the �rst year. Memberssug-
gestedsomany movies thatChadcouldnot keepup, creat-
ing a large backlogandmakingMovieLensmemberswho
felt they werebeingignoredunhappy. Thebacklogof sug-
gestedmoviesprovideda reservoir of maintenancetaskswe
couldaskmembersto performin theexperiment.

Figure2 givesanoverview of theexperiment.Subjectswere
assignedto one of threeoversightmechanisms;half were
told aboutaboutthemechanism.Eachsubjectwasassigned
to only onecondition.Weaskedsubjectsto addinformation
for movies that other membershad suggestedor to check
informationthatotherssubjectshadadded.At theendof the
experiment,weusedinformationfrom othermovie websites
to evaluatequalityandcountedusefulandtotalcontributions
to measurequantity. Wealsoconducteda survey opento all
MovieLensmembers,askingthemhow they thoughtvarious
oversightmechanismswouldaffectboththeirwillingnessto
contributeandthequalityof MovieLens.

Hypotheses about oversight in MovieLens
The collective effort model suggestsseveral hypotheses
abouthow oversightwould affect the quality and quantity
of movie informationcontributedby MovieLensmembers.

Our �rst hypothesisis that oversight will reduceantiso-
cial behavior. Peoplecanmake low-quality contributionsto
MovieLensin severalways:

� Inaccurateor incompleteinformation: misspella foreign
title or fail to includevideoreleasedates.



� Deliberatesabotage:enterbogusor obsceneinformation.

� “Hijack” a movie: insteadof the movie assignedby
MovieLens,addadifferentmovie.

Deliberatesabotageis a low-quality, antisocialact. We also
considerhijackingsto be anti-social. To be fair to all, we
wantedto addmoviesin theorderthey weresuggested.Peo-
ple who add their own movies put their interestsaheadof
the community's. We believe subjectsin oversightgroups
will expecthijackingsandsabotageto be corrected,which
accordingto thecollective effort modelshouldreducetheir
motivationto make theseanti-socialcontributions:

HypothesisLessAntisocial Behavior.
Moreoversightleadsto lessantisocialbehavior.

We alsowonderedwhetheroversightwould encourageeach
individual contributor to be more accuratewhen adding
movie information: would knowing thatsomeonewould be
checkingtheir work motivatepeopleto try harder? When
we�rst discussedthisquestion,wedisagreedaboutwhether
oversightwould decrease,increase,or have no effect on the
accuracy of individual contributions. The collective effort
model,alas,cansupportall threeviewpoints.

� Peoplewill think their poor contribution will not affect
thegroup's performancebecausesomeoneelsewill �x it.
Oversightreducesquality.

� High-quality contributorswill decidetheir contributions
mattermoreto thegroup'sperformancewhenlow-quality
contributionsaresuppressed.Oversightincreasesquality.

� Peoplevalue the outcomeof having more movies in
MovieLens so much that they try their best no matter
what.Oversightdoesnotmatter.

We decidedthat the combinationof reducinglow-quality
contributionsandmotivatinghigh-qualitycontributorswould
be the strongesteffect, and thus that oversightwould in-
creasetheaccuracy of eachindividual contribution:

HypothesisBetter Contrib utions.
More oversightleadsto higherquality initial contribu-
tions.

Ourthird hypothesisdealswith theeffectof oversightonthe
�nal quality of information that makes it into MovieLens.
No matterwhat effect oversighthason individuals' accu-
racy whenenteringmoviesinitially, weexpectthataprocess
whereeachcontribution is checkedwill resultin ahigher�-
nalqualitydatabasethanano-oversightprocessthatdoesn't
checkcontributions:

HypothesisBetter Database.
Moreoversightleadsto higher�nal qualityinformation
in thedatabase.

Our fourth hypothesisis thatoversightwill affect thequan-
tity of contributions. The collective effort model predicts
that oversight inhibits low-quality contributors and moti-
vateshigh-qualitycontributors.Webelieve thatmostpeople
aregoodandthata majority wantto make highquality con-

tributions,soweexpectoverallmotivation—andquantityof
contributions—toincrease:

HypothesisMor eContrib utions.
Moreoversightleadsto morecontributionsoverall.

Finally, we hypothesizethat telling peopleaboutoversight
matters. In the model,motivation dependson stronglinks
betweeneffort, performance,andoutcomes.Telling people
aboutthe existenceof oversightwill increaseits effect be-
causepeoplewill seetheseconnectionsmoreclearly:

HypothesisKnowledgeIs Power.
Knowing that oversight is presentor absentwill in-
creasetheeffectof oversight.

Independent variab les: oversight and visibility
Weexaminedthreeoversightmechanisms,correspondingto
theverticalpathsin Figure2.

� No oversight: one subject adds a movie, which goes
straightto thedatabase.

� Peeroversight: onesubjectaddsa movie, anotherchecks
theinformation,which thengoesto thedatabase.

� Expertoversight: onesubjectaddsa movie, a movie ex-
pertcheckstheinformationandaddsit to thedatabase.2

Thesemechanismscover two fundamentaldesigndecisions
relatedto oversight. First, is it neededat all? Second,can
everyoneprovide oversightor mustit bea chosenfew? We
consideredotherissues(e.g.,shouldoversightonly happen
for new itemsor shouldit becontinuous,asin a wiki?), but
decidedto limit the experimentto threemechanismsto re-
ducethenumberof subjectsneeded.

We alsomanipulatedwhethersubjectsknew aboutthelevel
of oversight. We thoughtthat, just as �shermen might be
morelikely to obey catchlimits whenthey know gamewar-
densare present,peoplemight be more affectedby over-
sight if they knew their work would bechecked. Eachsub-
ject wasassignedto oneof the threemechanisms.We told
half of the subjectsin eachmechanismaboutthe level of
oversighttheircontributionwouldreceive. Wetold theother
half weweretrying severaldifferentwaysof obtainingaccu-
ratemovie informationfrom members,withoutdetailsabout
oversight.Wecall thegroupswheresubjectsknew aboutthe
level of oversightvisiblegroups(NoneVis, PeerVis, andEx-
pertVis), andtheothersnot visible (NoneNV, PeerNV, and
ExpertNV). Thisgaveusa3 by 2 designwith oversightand
visibility asour independentvariables.

MovieLensmemberswere invited to participatethrougha
link on the main pageasking them to beta test a feature
for addingmovie information. Only memberswho joined
MovieLensbeforetheexperimentbeganwereinvited. Sub-
jectswhoclickedthelink wererandomlyassignedto oneof
thesix groupsandpresentedwith instructionsthatcontained
our manipulationandhelponaddingmoviesto MovieLens.
2Chadwastoobusyto participatein theexperiment.Wesimulated
expertiseby having a MovieLensdevelopercheckmovie informa-
tion againstothermovie websites.



 

Figure 3. The movie information interface.

After readingtheinstructions,subjectscouldproceedto the
movie informationinterface,shown in Figure3.

Adding a movie to MovieLensis not easy. Movieshave al-
ternatetitles; �lms oftenhavemultiple releasedates,bothin
theatresandon video; MovieLensasksfor � ve representa-
tive actors.The interfaceprovidescopiousformattinghelp,
links to theassignedmovie on severalpopularmovie sites,
andacceptsseveraldateformats.It still tooksubjectsanav-
erageof six minutesto addor verify a movie's information.

Whenevera subjectvisitedthemovie informationinterface,
theexperimentassignedthemeitherthenext movie from the
suggestionqueueor, if moviesneededcheckingin PeerVisor
PeerNV, a movie that neededchecking. The interfacedis-
playedtheassignedmovie andaskedsubjectsto addor ver-
ify the movie's information. The interfacealso reinforced
the oversight manipulation. It remindedsubjectsin visi-
ble groupsthat they were addingor checkinginformation
andtold themwhethertheinformationwould go directly to
MovieLensor whoit wouldbecheckedby (seethetoppara-
graphof Figure3). After makingacontribution,a thankyou
pageagain remindedsubjectsaboutthemanipulation.Sub-
jectsin thenon-visiblegroupssaw moregenericinstructions
asking them to enter the movie's information and telling
themtheir contributionwouldappearwithin a few days.

Dependent variab les: quality and quantity
We neededmetricsfor thequantityandquality of contribu-
tions. Quantity hasan obvious metric: count the number
of movies addedor checked. We alsocountedlive movies
(movies successfullyaddedto MovieLens)and hijackings
(wheresomeoneenteredinformation for a differentmovie
thanthey wereassigned).We removed hijacked movies as
they cameto our attention.This normallytook abouta day,
becausemembersmailedtentimesduringtheexperimentto
let us know abouthijacked movies. This surprisedus be-

causeto know a movie is hijackedrequiresextra work. We
realizedthatsomepeopleweremonitoringour “NewestAd-
ditions” link andcheckingnewly addedmoviesfor us,much
aswiki userscanmonitorrecentlychangedpages.

Choosingquality metricswas more complicated. Movies
haveseveral�elds of information:title, genres,releasedates
(theatre,DVD, and VHS), actors,director, and language.
We createdanautomaticcheckingprogramto evaluatecon-
tribution quality by comparingcontributed information to
movie informationfrom thesamewebsitesourmovie expert
used.High-qualitycontributionscontaincompleteinforma-
tion thatmatchestheautomaticchecker.

Note that althoughautomaticcheckingwas useful for our
experiment,it is not a generalanswerfor eithermeasuring
quality or for helpingpeopleperformmaintenancetasks.It
is notagoodgeneralstrategy for measuringqualitybecause
many tasks,like checkingWikipedia articles,do not lend
themselvesto automation.Also, harvestingdatais not nec-
essarilyusefulfor helpingpeopledo maintenance.Though
it wastemptingto usethedataourcheckerharvestedto help
peopleentermovie information, doing so would have run
afoulof IMDb' stermsof use(andwouldhavemadeit harder
to detectqualitydifferencesin theexperiment).

We tried severalmetricsfor scoringa contribution's quality.
A simpleversioncountsthenumberof correct�elds, giving
partialcredit in caseswhereit wasreasonableto do so. For
example,if a subjectmisspelledoneactorandspelledfour
correctly, they got0.8creditfor theactor�eld. Wetriedver-
sionsof thecountingmetricthatweighedeach�eld by how
oftenuserssearchon it (title 50 timesasoftenaslanguage,
for instance)andby how importantusersratedeach�eld on
a 1 to 5 scale(title is 3 timesasimportantasVHS release
date,for example). Weightedversionsof the metric corre-
latestronglywith thesimplecount(r 2 > 0:80) sowe only
reportresultsusingthecountingmetric. Hijackswerecom-
paredto theassignedmovie's informationjust likeany other
contribution, typically earningscoresnearzero.

Total Contrib- Total Li ve
Group Subjects utors Work Movies Hijacks

NoneVis 31 10 61 20 41
NoneNV 33 14 88 67 21
PeerVis 38 19 130 63 11
PeerNV 35 13 64 38 2

ExpertVis 32 17 140 109 11
ExpertNV 35 14 92 83 7

Table1. A summary of participation in the experiment.

RESULTS
The experimentlastedsix weeks. A total of 204 usersfol-
lowedtheinvitation link, with 87makingat leastonecontri-
bution. Table1 shows how many subjectswereassignedto
eachgroup,how many contributed,andthetotal numberof
contributionsandmoviesaddedby eachgroup.

Contributionsin MovieLenssuchasratingsandpostsoften
follow an exponentialdistribution—mostpeoplecontribute
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Figure 4. Quality of the initial and �nal contributions
for a movie. For NoneVis and PeerVis the initial and �-
nal contributions were the same.No oversight performs
worseon �nal quality, especiallyfor the NoneVis group.

a little, a few contributea lot. Movie informationcontribu-
tionswerenoexception.A few earlysubjectsentereddozens
of movies, so we cappedthe numberat contributions per
subjectat 20 for fearof runningout of suggestionsto add,a
fearthatwaswell-founded:

I alsodidn't like howyoucappedthenumberof addi-
tions I wasable to make. In all honestyI would have
addedseveral hundredmorehadI beenallowed.

For theearlyuserswhomadeover20contributions,weused
only their �rst 20 in ouranalysis.

How oversight affected quality
Figure4 showstheaveragequalityof contributionsmadeby
eachgroupat two stages:

� Initial quality: The quality of the initial contribution for
a givenmovie, whenit was�rst addedby a member. We
usethis to testourBetter Contrib utions hypothesis.

� Final quality: Thequalityof theagivenmovie's informa-
tion whenit wasinsertedinto thedatabase.This we use
to testourBetter Databasehypothesis.

We usedrepeatedmeasuresANOVAs to analyzethesedata,
with oversightand visibility as between-subjects�x ed ef-
fectsandsubjectid asa randomeffect (an unbalancedre-
peatedmeasure,sinceeachsubjectaddedup to 20movies).

On initial quality, all groupsperformedaboutthe sameex-
cept for NoneVis, which was worsethan the others. Ex-
pertNV appearsto performslightly better. Neitheroversight
nor visibility, nor their combination,hasa statisticallysig-
ni�cant effect, asit turnsout thatalmostall of thevariation
is explainedby differencesbetweenusers.This analysisis
basedon460movie entriescontributedby 68subjects.

Final quality was in�uenced by oversight. Here,NoneNV
and especially NoneVis lag behind all of the oversight
groups.A repeatedmeasuresANOVA, basedon 478movie
entriesfrom 60 subjects,shows that oversighthasa signif-
icanteffect on quality, F (2; 97) = 10:58; p < 0:01. It ap-
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Figure5. Total contributions, moviessuccessfullyadded,
and hijackings. Peer oversight groupsrequired two con-
trib utions per movie while other groups required only
one.Groupswith no oversight hijacked moremovies.

pearsthattherewaslittle differencebetweenpeerandexpert
oversight,but peoplewhoweretold or whodiscoveredtheir
work would not be checked felt free to hijack movies and
make low-quality contributions.It alsosuggeststhattheex-
traqualityaddedby aneditormakesa difference.

How oversight affected quantity
For eachgroup,Figure5 shows how many contributionsit
made,the numberof movies successfullyadded,and the
numberof hijackedmovies.Notethatpeeroversightgroups
neededtwo contributionsto adda movie while othergroups
only neededone. The differencebetweentotal work and
live movies is wastedwork: contributions toward hijacked
moviesor moviesourexpertrejectedastooobscure.

Among the visible groups,PeerVis and ExpertVis did the
most work, the three non-visible groupsmuch less, and
NoneVis the leastwork at all. The differencesarevisually
striking, but an ANOVA comparingthe averageamountof
work, using all 204 subjects,showed that the differences
were not statistically signi�cant, F (5; 198) = 1:23; p =
0:30. Wecancombinegroupsbasedonhow muchoversight
the group knew it would receive. PeerVis and ExpertVis
knew therewould beoversight.NoneVis knew therewould
be none. The threenon visible groupsdid not know either
way. An ANOVA that comparesgroupsthat knew about
oversight,thosethatknew aboutnooversight,andthosethat
didn't know eitherwayshowsthatquantitytendsto increase
with oversight,F (2; 201) = 2:56; p = 0:08.

NoneNVandNoneVis commitsigni�cantly morehijackings
thanothergroups,� 2(5; 495) = 119; p < 0:01. PeerVisalso
hada relatively largeproportionof hijacks,all of themper-
petratedby onechecker who replacedall of theinformation
enteredby othersubjects.Surprisingly, no oneattemptedto
enterbogusmovie informationduringtheexperiment.

How people think oversight affects contrib utions
Our post-experiment survey of people's attitudestoward
oversightsupportstheseresults. We invited all MovieLens
usersto evaluate� ve oversightmechanisms:no oversight,
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Figure 6. Users' estimatesof how well various over-
sight mechanismswould work. Userspreferred experts
to peersand peersto no oversight. Estimatedquality and
motivation to participate correlatedstrongly.

peeroversight,expert oversight,strict peer oversight,and
ongoingoversight. Strict peeroversightis like peerover-
sight, except a movie is checked until someonedoesnot
changeany information. Ongoingoversight,like no over-
sight,letsmembersaddmoviesdirectly to thedatabase,but
thenany membercanedit a movie at any time. Severalpeo-
plenotedongoingoversightis similar to wiki-style editing.

Respondentsevaluatedthemechanismsin two ways:

� Estimatedquality: How well wouldeachoversightmech-
anismwork for gettingaccurateinformation?

� Estimatedmotivation: How likely would they be to add
movie informationif MovieLensusedthatmechanism?

Figure 6 shows the results. Low quality and motivation
correspondto ratingsof 1, while high quality andmotiva-
tion correspondto ratingsof 5. Peoplepreferexpert over-
sight and shunno oversightcomparedto the peermecha-
nisms.An ANOVA showedsigni�cant differences(quality,
F (4; 404) = 11:19; p < 0:01 on 82 responses;motivation,
F (4; 400) = 59:03; p < 0:01 on 81 responses).Willing-
nessto participateandestimatedquality correlatedstrongly,
r 2 > 0:52 for all � vesystems.

DISCUSSION
Our theoreticalanalysisandresultsraisea numberof issues
for discussion.We begin by analyzingtheevidencefor and
againstthehypotheses:

� Less Antisocial Behavior was supported.Groupswith
nooversightcommittedmany morehijackings.

� Better Contrib utions wasnotsupported.Groupswith no
oversightmadelower-quality initial contributionsbut the
differencewasnot statisticallysigni�cant.

� Better Databasewassupported.The quality of movies
that reachedthe MovieLens databasewas signi�cantly
lower for groupswith nooversight.

� Mor e Contrib utions hadsomesupport.Quantitytended
to increasewith oversight,andsurvey respondentswere
morewilling to contributewith moreoversight.

� Knowledge Is Power was supported. Knowing about
oversightaffectedbothquantityanddatabasequality.

Oversight improved both the quantity and overall quality
of information addedto MovieLens with no negative ef-
fects.Below, wediscussotherissuesraisedby ourresultsin-
cludingtherelationshipbetweenpeersandexperts,between
ownersandmembers,andbetweentheoryanddesignin on-
line communities.

From peers to exper ts
Although whensurveyed, peopleclearly preferredexperts,
in the experimentpeeroversightdid aboutas well as ex-
pert oversighton both the quantityandquality of contribu-
tions. This is important.For every contribution a subjectin
ExpertVis andExpertNV made,our expert had to make a
matchingcontribution. Thisdoesnotscale.Sincepeerover-
sight works aboutaswell asexpert, designersof member-
maintainedcommunitiesshould considerletting members
provideoversightaswell ascontent.

Teasingout whenpeerandexpert oversightwork bestwill
beimportant.Peerandexpertoversightachievedroughlythe
samequality in a domainof structured,factualinformation.
In Wikipedia the contenthaslessstructure,containsargu-
mentsaswell as facts,andsometimesrequiresspecialized
knowledge. How do peerscompareto expertsin domains
like Wikipedia?Otherfactors,suchasthesizeof a commu-
nity andhow its membersregardauthority, arealsolikely to
impacthow acommunityrespondsto oversight.

The collective effort model suggeststhat mechanismsfor
improving userperformancesuchas training and mentor-
ing may be important. Uservariability accountedfor large
differencesin contribution quality. Reducingthis variabil-
ity throughimproving everyone's competencemayamplify
theeffect of mechanismssuchasoversight.Themodelalso
predictsthat increasingindividuals' competenceshouldin-
creasetheirmotivationtocontribute—thoughthiseffectmay
becounteredby thefactthatgoingthroughtrainingincreases
the costof participating. Finally, high quality contributors
shouldfeel reassured—andmoremotivated—knowing that
theaveragecontributionwill beof higherquality.

Oneway to approachtrainingandmentoringis to structure
maintenancetasksaroundrolesthatrequiremoreor lessex-
pertise. The ideaof communitiesof practice[14] suggests
thatrole structuresencouragethegrowth of membersin the
community. Having multiple rolesalsoallows membersto
make the kinds of contributionsthey preferandallows de-
signersto usestatusandpowerto rewardandrecognizecon-
tributors,bothof whicharelikely to increasemotivationac-
cordingto thecollectiveeffort model.

From owner s to member s
Moving from owner to membermaintenanceposesrisks.
Themovecanthreatenkey memberslike Chad:

I amproudof thework I havedone...thisis like an ar-
chitect havingto watch his building beingtorn down.
I fear that any more than a few daysof this and the
cleanupwill becomeincomprehensible...youhaveto re-



memberhow IMDb keepstheir stuff clean!! It' s cer-
tainly notbywayof theusers!!

Losing Chadwould be costly; his contributionshave great
value. How cangroupskeepkey contributorscontent,es-
peciallywhentheir interestsareat oddswith thoseof other
members?“What moviesshouldbeaddedto MovieLens?”
hasa simpleanswerwhenChaddoesall the work: what-
ever Chadadds.A naturalway to further includemembers
in maintainingMovieLenswould be to let them help de-
cidewhatgetsadded.But they want to addlots of movies:
obscuremovies, TV movies, and non-U.S.releases.This
is at oddswith Chad's vision of MovieLens,while a large
in�ux of movies might be badfor our recommendational-
gorithm. Designinga mechanismfor addingmovies that
balancesChad's wishes,theneedsof thealgorithm,our re-
searchgoalsandthedesiresof memberswill beachallenge.

A broader look at quality
In thispaper, wecalledanewbiequestionalow-valuecontri-
bution. But for theasker, for lurkerswith thesamequestion,
andfor memberswhowantto demonstratetheir knowledge,
the contribution hashigh value. Even the quality of movie
informationis notasclear-cutaswemight like. Somemem-
bershaveveryhighstandards:

Inaccuraciesmake[IMDb] a �r ststoponly...MovieLens
wouldhaveto �nd peoplewhohaveat minimumaccess
to a set of referencebooksbeginning with basic vol-
umes...andwho specializefurther in a givengenre or
form(e.g. post-warAmericanundergroundcinema..)

On theotherhand,25 movieswereaddedwith no informa-
tion exceptthetitle. No onecomplainedaboutthesemovies
andmany wereratedoften.Peopledid mentionthemin sur-
vey commentsbut mostsaidtheincreasedvolumeof movies
madeup for thelapsesin quality.

This remindsus that quality is in the eye of the beholder.
Distributedmoderationdoesa goodjob of giving theover-
sight taskto everyone,but it makesonly aggregatequality
judgments.It mightbebetterto usepeople's ratingsasinput
to a collaborative �ltering system[19], allowing eachmem-
berof thecommunitytogivemoreweightto themoderations
of peoplethey agreewith.

From hijac ker to freedom �ghter?
In the experimentwe asked peopleto add information for
movies othermemberssuggested.Many suggestionswere
hijacked:memberschosetoenterdatafor amovie they cared
aboutratherthanfor themovie they wereaskedto add.We
consideredhijackingsto be low-quality becausethey vio-
lated our goal of fair processingof the suggestionqueue.
SomeMovieLensresearchersarguethathijackingswerenot
necessarilylow-quality contributions. Maybethe hijackers
were freedom�ghters, looking out for the communityby
addingmoviesthey thoughteveryonewouldwantinsteadof
obscuremoviesthatonepersonhadsuggested.3

3To test this theory we addedtwenty hijacked movies and the
movies they replacedto MovieLens.We thenwatchedratingsbe-
havior over a periodof four weeks,andtherewasno differencein

Realmember-maintainedcommunitiesshouldallow mem-
bersto “scratchtheir own itch”. Thecollective effort model
is clear that aligning individual and group outcomeswill
increasemotivation to contribute. We expect that designs
likeWikipediathatallow membersto choosetasksaremore
likely to succeed.In retrospect,it wasamistaketo seekfair-
nessin processingthe suggestionqueuebecauseit placed
individualmotivationin oppositionto groupmotivation.

From theor y to design, and back
Using social sciencetheory to drive andcritique designis
promising,but not foolproof. For instance,the collective
effort modelhasseveralweaknesses.It doesnotdirectlyac-
count for the cost of an effort. Cost can be factoredinto
valuing outcomesbut shouldbe explicitly considered.The
modelalsodoesnot addressopportunitycostandhow peo-
pledecidebetweencoursesof action.Factorsthataffectmo-
tivationsuchasduty andmorality do not �t neatlyinto the
model. Finally, motivation is hard to quantify, and as we
saw, themodelsometimesmakesambiguouspredictions.

Theory must be applied carefully. We originally specu-
latedthatoversightwould reducecontributions.Wefocused
on thecollective effort model's predictionsaboutinhibiting
low-quality contributions,andonly later realizedthatover-
sight will reassure—andmotivate—high-qualitycontribu-
torsaswell. Socialscientistswhocanidentify relevanttheo-
riesandeasethefriction whentheoriescollideareavaluable
asset.Theoryproperlyusedcanhelp designersavoid mis-
takesandsuggestapproachesthey otherwisemight not con-
sider. Applying socialsciencetheoryto designis a promis-
ing, but under-exploredapproach[1].

We alsobelieve in usingdesignto help probetheory. The
collectiveeffort modelwasprimarily derivedfrom carefully
controlled lab experimentson somewhat unrealistic tasks
suchasshoutingin a group. The resultsof the �eld exper-
iment supportusingthe model in real online communities,
whereboth“real” and“online” extendthereachof themodel
beyondlab experiments.Whentheoryinformsdesign,both
standto bene�t.

CONCLUSION
Basedon our �ndings, we offer a numberof guidelinesfor
online communitydesignerswho wish to useoversightin
helpingmembersmaintaintheir communities.

� Oversight improves outcomesand increasescontribu-
tions. Useoversightmechanismsto improve quality, re-
duce antisocialbehavior, and help reducethe risks of
member-maintainedcommunities.

� We found no differencesbetweenpeerandexpert over-
sightin qualityor quantityof contributions.Take thebur-
denoff of communityownersandshareit with themem-
bers.Someof themreallywantto help.

� Major differencesin quality canbeattributedto individu-
als. Increasethequality of contributionsby selectingfor

ratingsbehavior betweentheoriginal andthereplacementmovies.
Thissuggeststhatthehijackedmovieswerenot morepopularthan
themoviesthey replaced.



thebestcontributors,andby improving thecapabilitiesof
individualusers,e.g.,throughtraining.

� Telling peopleaboutoversightmayincreasetheirmotiva-
tion to contribute.Tell themaboutoversightto encourage
goodcontributorsanddiscouragebadones. (We do not
recommendlying aboutoversight.Userswill �nd out.)

� A numberof userssurveyedsaidthey did notseeour invi-
tationlink. Make opportunitiesto contributeobvious.Do
notassumethatignoringanoffer is intentional.

Wealsoencouragedesignersandresearchersin onlinecom-
munity to incorporatetheoryinto their designpractice.Re-
searchershave developeda numberof tools such as rep-
utation systems(e.g., [20]), social proxies(e.g., [6]), and
mechanismsfor makingcontributionsvisible(e.g.,[21]) that
might be useful in helping motivate membersto maintain
their communities.We believe thatusingtheoryto critique
anddrivedesignof suchfeatures,alongwith focusedexper-
imentationto validatethedesignchoices,is aneffectiveway
to understandhow andwhento apply thesemechanismsto
supportmember-maintainedcommunities.Wehopethatour
explorationof the valueof oversighthelpsotherdesigners
andresearchersin their efforts to build anddeploy systems
thathelppeoplediscover—andbuild—communityonline.
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