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ABSTRACT

Online communitiesneed regular maintenanceactvities
suchas moderationand datainput, tasksthat typically fall
to community owners. Communitiesthat allow all mem-
bersto participatein maintenanceasks have the poten-
tial to be more robust and valuable. A key challengein
creatingmembermaintainedcommunitieds building inter
faces,algorithms,andsocialstructureghat encourageeo-
ple to provide high-qualitycontritutions. We useKarauand
Williams' collective effort modelto predicthow peerand
experteditorial oversightaffect members'contributionsto a
movie recommendatiowebsiteandtestthesepredictionsn
a eld experimentwith 87 contritutors. Oversightincreased
boththequantityandquality of contributionswhile reducing
antisocialbehaior, andpeerswereaseffective at oversight
asexperts. We draw designguidelinesandsuggestevenues
for futurework from our results.
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INTRODUCTION

Chadis themovie czar thedefactodictatorwho determines
which movies are includedin MovieLens. MovieLensis
anonlinerecommendesystemthat hasthousand®f active
usersandaround8,000movies—almostall of which Chad
entered.He is the guardianof quality, the nder of movie
factsthedefendeof deceng, andthe nal authorityon Im.
This control suitsChadwell. He is pleasedwith the quality
of his system$ movie database.

CommunityLabis a collaboratve project of the University of
Minnesota,University of Michigan, and Carngjie Mellon Univer-
sity. http://www.communitylaborg/

Permissionto malke digital or hard copiesof all or part of this work for
personalor classroomuse is grantedwithout fee provided that copies
are not madeor distributed for pro®t or commercialadwantageand that
copiesbearthis notice and the full citation on the ®rst page. To copy
otherwise, or republish, to post on seners or to redistribute to lists,
requiresprior speci®cpermissiorand/orafee.

CHI 2005 April 2—7,2005,Portland,Oregon, USA.

Copyright 2005ACM 1-58113-998-5/05/0004 : $5.00.

Not everyoneagrees. Chad addsmovies slowly, because
MovieLensis one of his mary actvities'. Somemembers
don't understand—oagreewith—his movie inclusion cri-
teria(“widespreadJ.S.theatricalrelease”) Whenmembers
requestmovies, Chadrarely responds.Despitehis pride in
MovielLensi,it isincomplete Somerecentmoviesarenotyet
in the databasesomemovies enteredlast year have since
beenreleasedon DVD and needto be updatedin Movie-
Lens; somememberswant MPAA ratings, which Movie-
Lensdoesnot provide; andsoon.

Many groups, online and off, have a Chad. They rely

on key memberswho manageand maintain the commu-
nity. Thesetasksincludemoderationgovernancewelcom-
ing new membersandbuilding FrequentlyAsked Question
(FAQ) lists. Suchmaintenanc¢asksarecritical to the com-
munity but typically fall to the communitys owners[2],

thosewho createdthe site, boughtthe machinesmaintain
the software and monitor the communitys health. By con-
trast, most members'contritutions to an online commu-
nity pertainto the day to day businessof the community
what Preececalls its purpose[16]. Memberspostto dis-
cussiongroups,ratemovies, receive recommendationgnd
readeachothers'blogs. Thesecontributionsarevisibly im-

portantbut do not sustainthe communitys infrastructure.

Member-maintained comm unities

Chaddoesnot have to be the only personwho addsmovie
information. MovieLenscouldallow everyoneto addmovie
information as well asrate movies. We believe that such
membemaintainedcommunitiescan be more robust and
valuable than ownermaintainedcommunities. Member
maintaineccommunitieanreducetheirrelianceonkey in-
dividuals,drav ontheresourcesf all membergo addvalue
to thegroup,andscaleasthe communitygrows.

With the promisecomechallenges.Most online communi-
ties have no way for membergo help. Peopleoffer to add
movies, but MovieLenshasno interfaceto let them. Even

it it did, MovieLenswould needto make contritutorsaware
of the opportunityandshav themhow to performthetask.
Evenwith help,somepeoplewill do a poorjob, while oth-

ersmay deliberatelysabotagehe community Theinterests
of membersnaynotalignwith thoseof owners—tryadding

1As Putnampointsout, peoplewho arewilling to contribute often
have no shortageof groupswilling to acceptheir help[17].



alink to a competitorin an Amazonbook review. Though
we know thatpeoplearewilling to contritute someeffort to
maintenancg5], successfumembesmaintainedcommuni-
tieswill often needto motivate peopleto contritute more.
As one MovieLens memberwrote, “| don't want to add
movies. | wantthemto betherefor me’”

Ourlong-termresearclguestionaddresseall of thesechal-
lenges:How can we designmedanisms—interfaces|go-
rithms, economiesand social structues—thatallow com-
munitiesto maintainthemselveand encouage membes to
providevaluablecontributions?

Using editorial oversight to improve contrib utions

We createda mechanisnthat allows MovieLensmembers
to contribute movie information,a taskthatformerly fell to

Chadalone. In this paper we explore how editorial over

sight—using other peopleto review contritutions—afects
the quality and quantity of movie information MovieLens
membersontribute. Oversightis animportantsocialmech-
anismemployed by successfuinembermaintaineccommu-
nitiesincluding SlashdotAmazon,andWikipedia.

We conducteda eld experimentaskingMovieLensmem-
bersto add information for movies othermembershad al-

readysuggestedWe divided participantsnto threegroups:
(1) a no oversightgroupwhosecontritutionswent directly
to the database(2) a peeroversightgroupwhosework was
checled by anothermember;and (3) an expert oversight
group,checled by a movie expert. We told half of the sub-
jectsin eachgroupabouttheamountof oversightthey would

receve. We expectedoversightto leadto a morevaluable
databasemoretotal contritutions,andlessantisociabehar-

ior. The experimentcon rmed theseexpectations.Further
it shavedthatpeeroversightworkedaboutaswell asexpert.

THEORY: WHY DO PEOPLE CONTRIBUTE?

Social dilemmasarise when a group would bene t if its
membersmadea certain choice, but its membershave an
incentive to make the oppositechoice[4]. Consider shing

in alake. If everyone shes withoutlimit, thelake will soon
empty so the communitybene ts when peoplelimit their
catch. But for arny oneperson the rationalchoiceis to sh

fully. After all, onepersonsrestraintwill notsase thelake,
no matterwhateveryoneelsedoes.In thelong run, the en-
tire communityloses. This is an exampleof the tragedyof
thecommong8] socialdilemma.

Contrikutionstoward communitymaintenanceanbe mod-
elledasakind of socialdilemma,the problemof providing
publicgoodd9]. Publicgoodshavetwo distinguishingchar
acteristics.Oncethey areproducedgveryonecanconsume
them. Further one persons consumptiondoesnot prevent
othersfrom enjoying thegoodaswell. Nationaldefenseand
opensourcesoftwarearetwo examplesof publicgoods.The
productsof communitymaintenancectiities, suchasmod-
erationnpostsandmovie informationaddedo adatabase,
arepublicgoodsaswell.

Public goodsare a socialdilemmabecauseational people
might decidethatif otherscareenoughto provide thegood,

individual
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Figure 1. A slightly simplied version of Karau and
Williams' collective effort model.

they neednot expendthe effort to help provide it them-
selves[12]. For instancea smallpercentagef public radio
listenerscontribute mongy. The restarefree riders, enjoy-

ing the bene tswithoutthe cost. Whenpeoplefreeride, the
publicgoodis underprovided;thecommunitywould bene t

if moreof thegoodwereproduced.However, not everyone
freerides. Many experimentshave shavn that peoplecon-
tributeto public goodsundersomeconditions[5].

Social psychologistsstudy the related problem of social
loa ng, the obsenation that peopleoften expendless ef-
fort whenworking in a groupthanthey would alone. Re-
searcherbave proposecnumberof account®f socialloaf-
ing. Forexample Kerrblamedtreeriding [12]. Harkinssug-
gestsmorespeci cally, thatpeoplework lesswhenit is hard
for othersto evaluatetheir individual contritutions[10].

The collective effort model

Karau and Williams integrate theseand other accountsof
socialloa ng into their collective effort model[11], a gen-
eral modelfor understandindnow peopleare motivatedto
contribute to groups. The model (seeFigure 1) is basedon
VVroom's expectang-valueaccountof motivation[24]. This
accountsuggestshatone's motivationfor a giveneffort de-
pendson how well that effort translatesnto performance,
what outcomesthe expectedlevel of performancas likely
to leadto, andhow muchthoseoutcomesarevalued. The
model positsthat peopleconsiderthesefactorsboth from
anindividual anda group perspectie. Further in the case
of groups,peopleconsiderwhethertheir effort will make
a contrikution to the group's performanceandwhetherthat
contritution will matterto the group’s overall performance.

We believe the collective effort modelis arich tool for ana-
lyzing designs Broadly, the modelsuggestshat motivation
increasesvhenconnectiondbetweerelementsn the model
strengthen.For example,giving peoplea tool that reduces
the effort requiredto adda FAQ entry shouldincreaseheir
motivationto do so, all otherthingsbeingequal.By calling
out theseconnectionsthe modelcanhelp designerseason
aboutmotivationandsuggesstratgiesfor increasingt.

Considera professodecidinghow to structurea grouppro-
grammingassignmentThe modelsuggeststudentswill be
unmotivatedif they think their efforts won't contritute to
the group’s performanceij.e., if they have no specialskills



to share. The professomight form groupswherestudents
have unique, required skills and, importantly make stu-
dentsawarethattheir skills areuniquesothatthey cansee
their contrikution matters.Ludford et al. tried a similar ap-
proachin anonlinediscussiorgroup,telling peoplewhohad
unique,relevantinformationto addto a corversationabout
their specialnessrhistacticincreaseaontributions[15].

We alsocould usethe modelto think aboutwhetherleader
boardsJike Amazon.cons list of top reviewers,encourage
contributions. The model suggestdeaderboardsmight in-
creasemotivationby giving peoplea way to gain individual
recognition,anoutcomemary peoplevalue. Leaderboards
alsocandemonstratehat one’s effort visibly contributesto
the group's performance.However, long-time participants
have an adwvantageover nevcomers,who may decidethat
they cannever catchup and earnrecognition. Newcomers
might alsoreasorthat contrituting a few reviews will mean
nothingto the Amazoncommunity which hasthousandsf
peoplewho have written hundredsf reviews each.In other
words,leaderboardanightactuallyreducenevcomers'mo-
tivationto contritute. A leaderboardshaving bothall-time
andrecenttop contributors might prove to be a moreeffec-
tive designfor increasingall membersmotivation.

OVERSIGHT IN MEMBER-MAINTAINED COMMUNITIES
We now examinehow the useof oversightmight improve
membeimaintainedcommunities. We choseoversightbe-
causeconsideringsuccessfutommunitieded usto realize
thatoversightcanhelpby both discouragingow valuecon-
tributionsandmotivatingvaluablecontritutors.

Examples of comm unities that use oversight

Below, we discusshow we usedthe modelto analyzehow

oversightwould affect contributionsto online communities.
To groundthe discussionwe introducethreerepresentatie

online communitieswhere membermaintenancectities

include oversight: Slashdot,Amazon,and Wikipedia. We

alsobrie y describepeeroversightin MovielLens.

Slashdot: moderating others' posts
Slashdotetstechnogeeksalk technospeakMembersread
and commenton storiespostedby editorsand othermem-
bers'commentsMembersaresometimesillowedto moder
atecommentsModeratingacommentwith a+1 or -1 rating
andadescriptosuchasFunry or Redundantakesafew sec-
onds.Moderationsareaggregated;readersanchooseo see
only highly ratedcommentsr to seeeverything,a scheme
LampeandResnickcall distributedmodeation [13].

Amazon: rating review helpfulness
Amazonencouragesnemberso review books. Thesere-
views are displayedon the book's web pageon Amazon.
Eachreview asks"Wasthis review helpful to you?” Read-
ersmayvoteyesor no or reportthereview asinappropriate.
Again, moderationis a low costactiity. The mosthelpful
reviews for a book aredesignateds SpotlightReviews and
placedprominentlyon the page.Readewotesalsoareused
to identify valuablereviewers,who getrecognitionbothona
top reviewerslist andwith aspeciaiicon next to theirnames.

Wikipedia: editing encyclopedia articles

Wikipediais building a collaboratve eng/clopediausingthe
wiki modelof group editing [25]. Anyone can edit a wiki
page,but every changes loggedandcanbe easilyrepealed
by later editors. Many regular wiki usersusethe “Recent
Changes™button to seeactiity in the entire wiki, so they
canreversechangeghey view asharmful or improve new
content. Userswho careabouta particularpagemay sub-
scribeto all changedo the pagesothey cankeepa watchful
eyeonmodi cations. Wikipediausegshesefeaturesogether
to enforceits neutralpointof view philosoply andto quickly
correctmistalesanddeliberatevandalism[23].

MovieLens: verifying movie information
MovieLensasksmembergo help build its movie database
by enteringmovie informationandcheckinginformationen-
teredby others. After one memberaddsinformationfor a
movie, anothermemberis asled to verify the information.
MovieLensis explicitly anorymous,sothereis no commu-
nication betweenmembersor recognitionof valuablecon-
tributors. Verifying amovie'sinformationtakesseveralmin-
utesand often requiresseekinginformation suchasvideo
releasalateson otherwebsites.

Ourexamplecommunitiesall employ oversightto helpiden-
tify quality contrikutions. We now usethe collective effort
modelto examinehow oversightmight affectthemotivation
of peopleto contrituteto membermaintaineccommunities.

Discoura ging low-quality contrib utions

Not all contributions to a community are valuable. Off-

topic corversationnewbie questionsincorrectFAQ entries,
amesandtrolls, spamandcontent-fregoostdik e “just test-
ing” all representontributions that most memberswould
like to avoid. Too mary low-quality contritutionscanactu-
ally drive away valuablemembersvho decidethat the cost
of participatingis too high[22].

A key componenin the motivation of spammersandtrolls
is thatby postingadwertisement®r in ammatory messages
(individual performance)they getresponseéndividual out-
come). Distributedmoderatiorschemedik e Slashdots can
severthisconnectiorby featuringvaluablecontritutionsand
tucking low-quality contributions away into a dusty corner
of the interface. The collective effort model predictsthat
reducingthelink betweempostinga messagandgettingre-
sponseshouldreducespammersandtrolls’ motivation to
make low-quality contrikutions.

Another commonlow-quality contrikution is vandalism—
deleting the contentsof a wiki pageone nds offensie,

for instance.Grafti is areal-world analogue.Gangsmark
their territory, wantingeveryoneto feel their presenceJust
asNew York City dramaticallyreducedsubway grafti by

quick removal [7], editingin online communitiescanerase
the tracesof vandals. In fact, pagedeletionsin Wikipedia
arecorrectedn anaverageof threeminuteg[23]. According
to the model, tacticslike quick editing thatremove the link

betweeranindividual's contritution andthe group’s perfor

manceshouldreducevandals'motivation.



Motiv ating valuable contrib utor s

Oversightmaydo morethanjust keeppeoplein line. It also

may encourageontributions. Distributedmoderatiorieads
morepeopleto readvaluablecomments.The collective ef-

fort model predictsthat high-quality posterswill be more

motivatedif they know they will have morereaders.Ama-

zonalsorecognizesnembersvho write valuablereviews by

putting them on the list of top reviewers. This makesthe

connectiorbetweera members efforts andtheirvalueto the

group’s performancenoresalient,whichthemodelsuggests
will increasemotivationto contrikute.

The collective effort modelalso predictsthat helping peo-
ple achiese better performancefor a given effort will mo-
tivatethemto contribute. Oversightcando this in several
ways. Wikipedia's changetracking help editors be more
efcient by concentratingheir effort on articlesthey most
value. Mentoringandfeedbackalso canimprove contribu-
tors' ability to turn effort into performance.Both Slashdot
andAmazonprovide feedbackn theform of quality ratings.

Collaboratve editing canstrengthernthelink betweereffort
and contrikution to the group's performancejf peoplebe-
lieve otherswill improve on their contributions. Wikipedia
articlesoften startasstubs tiny blurbsabouta topic of in-
terestthat othermemberseventuallyimprove. Peoplepost
stubshoping that more knowledgeablememberswill ex-
pandon their effort. Likewise, MovieLensmemberswho
areafraidof makingmistalesmight bemorewilling to con-
tributeif they knonw someonewill checktheirwork.

Finally, the model predictsthat oversightis importantbe-
causet reassurefigh-qualitycontritutorsthattheir contri-
butionsmatter Reducingthe impactof low-quality contri-
butionsmalkeshigh quality work mattermoreto the group’s
performance.Slashdotgetsa seaof low-quality contritu-
tions, but goodones oat to thetop. Reducinglow-quality
contributions also leadsto bettergroup outcomes—dive-
lier discussionabetterarticle,arichermovie database—that
Thornand Connolly aguewill keephigh-qualitymembers
comingbackto getmore,andto give moreaswell [22].

EXPERIMENT: ADDING MOVIES TO MOVIELENS

We testedseveral of thesepredictionsin a eld experiment
usingMovieLens.MovieLensis amovie recommendesys-
tem that performsthe dual roles of providing good mavie
recommendationssaservicewhile servingasaplatformfor
researclin recommendesystemge.g.,[3,18]) andmorere-
cently onlinecommunitiege.g.,[1,15]). It hasabout30,000
registeredusers,thousandsof whom log in regularly and
8,000movies. Onaveragemembergateabout120movies.

When Movielensstarted the databasevasfull of inaccu-
rate information and duplicatemovies becausehe task of
addingmoviesfell to gradstudentsn their sparetime. Chad
wasan early MovieLensmembemwho lovedthe servicebut
hatedtheproblemswith thedatabaseHe volunteeredo take
over, cleanedup the mess,andhascontribtutedinformation
for about6000 movies, addingnew releasedrom the last
ve yearsaswell asaneclecticselectionof oldermovies.

Movies assigned to groups in order suggested

Suggestion
Queue:
Roxanne | No Oversight | | Peer Oversight | |Expert Oversight|
. One user First user One user
Kaitei Gunkan i l adds adds
TgﬁoRe‘;d | Peer Queue | Expert Queue |
B Second user Expert
Pink Panther l checks l checks
MovieLens Database
Quantity, quality Movie Info Movie Data
metrics Verifier Websites

Figure 2. A simpli ed overview of the experiment. Sub-
jects were assignedto one of thr eeoversight groupsand
assignedmovies from the suggestionqueuein the order
receved. At the end, we compared contributions against
information from other movie data sites.

Memberssometimeavantto ratemoviesthatarenotin the
database.In August2003we addedan interfacefor sug-
gestingmovies by enteringtheir title and Internet Movie
Databas€IMDb, http://akas.imdlzom/)id. We decidednot
to askpeopleto addall of the informationfor a movie for
two reasonsFirst, we wantedto keepmemberdrom wast-
ing time enteringinformation for movies that Chadwould
not accept. Second,Chadwantedto entermavie informa-
tion himselfto ensurehigh quality.

The suggestiorfeaturewas a hit, with 500 suggestionsn
the rst monthand 3000in the rst year Memberssug-
gestedso mary moviesthat Chadcould not keepup, creat-
ing a large backlogand making MovieLensmembersvho
felt they werebeingignoredunhappy. The backlogof sug-
gestedmoviesprovidedareserwir of maintenanceéaskswe
couldaskmembergo performin the experiment.

Figure2 givesanoverview of theexperiment.Subjectavere
assignedo one of three oversightmechanismshalf were
told aboutaboutthe mechanismEachsubjectwasassigned
to only onecondition.We asledsubjectdo addinformation
for movies that other membershad suggestedr to check
informationthatotherssubjecthadadded At theendof the
experimentwe usedinformationfrom othermaovie websites
to evaluatequality andcountedusefulandtotal contributions
to measurejuantity We alsoconducteda suney opento all
MovieLensmembersaskingthemhow they thoughtvarious
oversightmechanismsvould affect boththeir willingnessto
contritute andthe quality of MovieLens.

Hypotheses about oversight in MovieLens

The collective effort model suggestsseveral hypotheses
abouthow oversightwould affect the quality and quantity
of movie informationcontritutedby MovieLensmembers.

Our rst hypothesisis that oversightwill reduceantiso-
cial behaior. Peoplecanmake low-quality contrikutionsto
MovielLensin severalways:

Inaccurateor incompleteinformation: misspella foreign
title or fail to includevideoreleasealates.



Deliberatesabotageenterbogusor obscenénformation.

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

Deliberatesabotagés a low-quality, antisocialact. We also
considerhijackingsto be anti-social. To be fair to all, we
wantedto addmoviesin theorderthey weresuggestedPeo-
ple who addtheir own maovies put their interestsaheadof
the communitys. We believe subjectsin oversightgroups
will expecthijackingsand sabotageo be corrected which
accordingto the collective effort modelshouldreducetheir
motivationto make theseanti-socialcontributions:

HypothesisLessAntisocial Behavior.
More oversightleadsto lessantisocialbehavior

We alsowonderedwvhetheroversightwould encourageach
individual contributor to be more accuratewhen adding
movie information: would knowing that someoneavould be
checkingtheir work motivate peopleto try harder? When
we rst discussedhis questionwe disagreedboutwhether
oversightwould decreaseincreasepr have no effect onthe
accurag of individual contritutions. The collective effort
model,alas,cansupportall threeviewpoints.

Peoplewill think their poor contritution will not affect
thegroup's performancdecaussomeonelsewill x it.
Oversightreduceguality.

High-quality contributors will decidetheir contritutions
mattermoreto thegroup's performancavhenlow-quality
contritutionsaresuppressedoversightincreaseguality.

Peoplevalue the outcome of having more movies in
MovieLens so much that they try their bestno matter
what. Oversightdoesnot matter

We decidedthat the combinationof reducinglow-quality
contritutionsandmotivatinghigh-qualitycontritutorswould
be the strongesteffect, and thus that oversightwould in-
creaseheaccuray of eachindividual contribution:

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

Ourthird hypothesigiealswith theeffectof oversightonthe
nal quality of informationthat makesit into MovieLens.
No matterwhat effect oversighthason individuals' accu-
ragy whenenteringmoviesinitially, we expectthata process
whereeachcontritutionis checledwill resultin a higher -
nal quality databas¢hana no-oversightprocesghatdoesnt
checkcontritutions:

HypothesisBetter Database.
More oversightleadsto higher nal qualityinformation
in thedatabase

Our fourth hypothesiss that oversightwill affect the quan-
tity of contributions. The collective effort model predicts
that oversightinhibits low-quality contributors and moti-
vateshigh-qualitycontritutors. We believe thatmostpeople
aregoodandthata majority wantto make high quality con-

tributions,sowe expectoverall motivation—andquantityof
contritutions—toincrease:

HypothesisMor e Contrib utions.
More oversightleadsto more contributionsoverall.

Finally, we hypothesizethat telling peopleaboutoversight
matters. In the model, motivation dependson stronglinks
betweereffort, performanceandoutcomes.Telling people
aboutthe existenceof oversightwill increaseits effect be-
causepeoplewill seetheseconnectionsnoreclearly:

Hypothesisknowledgels Power.
Knowing that oversight is presentor absentwill in-
creasethe effectof oversight.

Independent variables: oversight and visibility
We examinedthreeoversightmechanisms;orrespondingo
thevertical pathsin Figure?2.

No oversight one subjectaddsa movie, which goes
straightto thedatabase.

Peeroversight onesubjectaddsa maovie, anotherchecks
theinformation,whichthengoesto thedatabase.

Expertoversight onesubjectaddsa movie, a movie ex-
pertcheckstheinformationandaddsit to the databasé.

Thesemechanismsover two fundamentatiesigndecisions
relatedto oversight. First, is it neededat all? Secondcan
everyonepravide oversightor mustit be a choserfew? We

consideredtherissuese.g.,shouldoversightonly happen
for new itemsor shouldit be continuousasin awiki?), but

decidedto limit the experimentto threemechanismso re-

ducethe numberof subjecteeded.

We alsomanipulatedvhethersubjectsknew aboutthe level

of oversight. We thoughtthat, just as shermen might be
morelikely to obey catchlimits whenthey know gamewar

densare present,peoplemight be more affectedby over

sightif they knew their work would be checled. Eachsub-
ject wasassignedo oneof the threemechanismsWe told

half of the subjectsin eachmechanismaboutthe level of

oversighttheir contritution would receive. We told theother
half we weretrying severaldifferentwaysof obtainingaccu-
ratemovie informationfrom memberswithout detailsabout
oversight.We call thegroupswheresubjectknewn aboutthe
level of oversightvisible groups(NoneMs, PeerMs, andEx-

pert\Ms), andthe othersnot visible (NoneNV, PeerNV, and
ExpertNV). This gave usa 3 by 2 designwith oversightand
visibility asourindependentariables.

MovieLensmemberswere invited to participatethrougha
link on the main pageaskingthemto betatesta feature
for addingmavie information. Only memberswvho joined
MovieLensbeforethe experimentbeganwereinvited. Sub-
jectswho clickedthelink wererandomlyassignedo oneof

thesix groupsandpresentedvith instructionghatcontained
our manipulationandhelp on addingmoviesto MovieLens.

2Chadwastoo busyto participatein the experiment.We simulated
expertiseby having a MovieLensdevelopercheckmaovie informa-
tion againstothermovie websites.



Figure 3. The movie information interface.

After readingtheinstructions subjectscould proceedo the
movie informationinterface,shovn in Figure3.

Adding a movie to MovieLensis not easy Movies have al-
ternatditles; Ims oftenhave multiple releasedatespothin
theatresandon video; MovieLensasksfor ve representa-
tive actors. Theinterfaceprovidescopiousformattinghelp,
links to the assignednovie on several popularmovie sites,
andacceptseveraldateformats.lt still took subjectsanav-
erageof six minutesto addor verify amovie's information.

Whenever a subjectvisited the movie informationinterface,
theexperimentassignedhemeitherthe next movie from the
suggestiomueueor, if moviesneededatheckingn PeerMisor

PeerNV, a movie that neededchecking. The interfacedis-

playedthe assignednovie andaslked subjectgo addor ver-

ify the movie's information. The interfacealsoreinforced
the oversight manipulation. It remindedsubjectsin visi-

ble groupsthat they were addingor checkinginformation
andtold themwhetherthe informationwould go directly to

MovieLensor whoit would be checledby (seethetop para-
graphof Figure3). After makingacontribution, athankyou

pageagnin remindedsubjectsaboutthe manipulation.Sub-
jectsin thenon-visiblegroupssav moregeneridnstructions
askingthem to enterthe movie's information and telling

themtheir contritution would appeamvithin afew days.

Dependent variables: quality and quantity

We needednetricsfor the quantityandquality of contriku-

tions. Quantity hasan obvious metric: countthe number
of movies addedor checled. We alsocountedlive movies
(movies successfullyaddedto MovieLens)and hijackings
(wheresomeoneenteredinformationfor a differentmovie

thanthey wereassigned).We removed hijacked movies as
they cameto our attention. This normallytook abouta day;

becausenembersnailedtentimesduringthe experimentto

let us know abouthijacked movies. This surprisedus be-

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

Choosingquality metricswas more complicated. Movies

have several elds of information:title, genresreleasalates
(theatre,DVD, and VHS), actors, director and language.
We createdan automaticcheckingprogramto evaluatecon-

tribution quality by comparingcontrituted information to

movie informationfrom the samewebsitesour movie expert

used.High-quality contributionscontaincompleteinforma-

tion thatmatcheghe automaticchecler.

Note that althoughautomaticcheckingwas useful for our
experiment,it is not a generalanswerfor eithermeasuring
quality or for helpingpeopleperformmaintenanceasks. It
is notagoodgeneraktratgy for measuringquality because
mary tasks,like checkingWikipedia articles, do not lend
themselesto automation.Also, hanestingdatais not nec-
essarilyusefulfor helpingpeopledo maintenanceThough
it wastemptingto usethedataour checler hanestedo help
peopleentermovie information, doing so would have run
afoulof IMDb' stermsof use(andwould have madeit harder
to detectquality differencesn the experiment).

We tried severalmetricsfor scoringa contrikution's quality.
A simpleversioncountsthe numberof correct elds, giving
partial creditin casesvhereit wasreasonabléo do so. For
example,if a subjectmisspelledoneactorandspelledfour
correctly they got0.8creditfor theactor eld. Wetriedver
sionsof the countingmetricthatweighedeach eld by how
oftenuserssearchonit (title 50 timesasoftenaslanguage,
for instance)andby how importantusersratedeach eld on
a1l to 5 scale(title is 3 timesasimportantas VHS release
date,for example). Weightedversionsof the metric corre-
late stronglywith the simplecount(r? > 0:80) sowe only
reportresultsusingthe countingmetric. Hijacks werecom-
paredto theassignednovie'sinformationjustlike ary other
contrikution, typically earningscoremearzero.

Total |[Contrib- | Total | Live
Group |Subjects| utors |Work | Movies|Hijacks
NoneMs 31 10 61 20 41
NoneNV 33 14 88 67 21
Peer\s 38 19 130 63 11
PeerNV 35 13 64 38 2
ExpertMs 32 17 140 | 109 11
ExpertNV 35 14 92 83 7

Table 1. A summary of participation in the experiment.

RESULTS

The experimentlastedsix weeks. A total of 204 usersfol-
lowedtheinvitation link, with 87 makingatleastonecontri-
bution. Table1 shavs how mary subjectswereassignedo
eachgroup,how mary contribtuted,andthe total numberof
contritutionsandmoviesaddedby eachgroup.

Contritutionsin MovieLenssuchasratingsandpostsoften
follow an exponentialdistribution—mostpeoplecontrikute
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Figure 4. Quality of the initial and nal contributions
for a movie. For NoneMs and Peer\s the initial and -
nal contributions were the same. No oversight performs
worseon nal quality, especiallyfor the None\s group.

alittle, a few contribute alot. Movie informationcontritu-

tionswerenoexception.A few earlysubjectenterediozens
of movies, so we cappedthe numberat contrikbutions per
subjectat 20 for fearof runningout of suggestionso add,a

fearthatwaswell-founded:

| alsodidn't like howyou cappedthe numberof addi-
tions| wasableto male. In all honestyl would have
addedseveral hundiedmore hadl beenallowed.

For theearlyuserswho madeover 20 contrikutions,we used
only their rst 20in our analysis.

How oversight affected quality
Figure4 shavstheaveragequality of contribtutionsmadeby
eachgroupat two stages:

Initial quality. The quality of theinitial contribution for
agivenmovie, whenit was rst addedby amember We
usethisto testour Better Contrib utions hypothesis.

Final quality: Thequality of theagivenmovie'sinforma-
tion whenit wasinsertedinto the database This we use
to testour Better Databasehypothesis.

We usedrepeatedneasure®ANOVAS to analyzethesedata,
with oversightand visibility as between-subjectsc ed ef-
fectsand subjectid asa randomeffect (an unbalancede-
peatedneasuresinceeachsubjectaddedup to 20 movies).

Oninitial quality, all groupsperformedaboutthe sameex-
ceptfor NoneMs, which was worsethan the others. Ex-
pertNV appeargo performslightly better Neitheroversight
nor visibility, nor their combination,hasa statisticallysig-
ni cant effect, asit turnsout thatalmostall of the variation
is explainedby differencesbetweenusers. This analysisis
basedn 460 movie entriescontritutedby 68 subjects.

Final quality wasin uenced by oversight. Here, NoneNV
and especially NoneMs lag behind all of the oversight
groups.A repeatedneasureANOVA, basedon 478 movie
entriesfrom 60 subjects shavs that oversighthasa signif-
icanteffect on quality, F (2;97) = 10:58 p < 0:.0L1 It ap-

Total work, live movies, and hijackings
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Figure 5. Total contributions, moviessuccessfullyadded,
and hijackings. Peeroversight groupsrequired two con-
trib utions per movie while other groups required only
one. Groupswith no oversight hijacked more movies.

pearghattherewaslittle differencebetweerpeerandexpert
oversight,but peoplewho weretold or who discoreredtheir
work would not be checled felt free to hijack movies and
malke low-quality contritutions. It alsosuggestshatthe ex-
tra quality addedby aneditormakesa difference.

How oversight affected quantity

For eachgroup, Figure5 shavs how mary contributionsit

made, the numberof movies successfullyadded,and the
numberof hijacked movies. Notethatpeeroversightgroups
neededwo contributionsto adda movie while othergroups
only neededone. The differencebetweentotal work and
live movies is wastedwork: contritutionstoward hijacked
moviesor maviesour expertrejectedastoo obscure.

Among the visible groups,Peeris and Expert\Ms did the
most work, the three non-visible groups much less, and
None\s the leastwork at all. The differencesarevisually
striking, but an ANOVA comparingthe averageamountof
work, using all 204 subjects,shaved that the differences
were not statistically signi cant, F(5;198) = 1:23p =
0:30. We cancombinegroupsbasedn how muchoversight
the group knew it would receve. PeerMs and Expert\s
knew therewould be oversight. NoneMs knew therewould
be none. The threenon visible groupsdid not know either
way. An ANOVA that comparesgroupsthat knew about
oversightthosethatknew aboutno oversight,andthosethat
didn't know eitherway shawvs thatquantitytendsto increase
with oversight,F (2; 201) = 2:56;,p = 0:08.

NoneNVandNoneMs commitsigni cantly morehijackings
thanothergroups, 2(5;495)= 119 p < 0:01. PeerMisalso
hadarelatively large proportionof hijacks,all of themper

petratecby onechecler who replacedall of theinformation
enteredby othersubjects.Surprisingly no oneattemptedo

enterbogusmovie informationduringthe experiment.

How people think oversight affects contrib utions

Our post-perimentsuney of peoples attitudestoward
oversightsupportstheseresults. We invited all MovieLens
usersto evaluate ve oversightmechanismsno oversight,
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Figure 6. Users' estimatesof how well various over-
sight mechanismswould work. Userspreferred experts
to peersand peersto no oversight. Estimated quality and
motivation to participate correlatedstrongly.

peeroversight, expert oversight, strict peer oversight,and
ongoingoversight. Strict peeroversightis like peerover
sight, excepta movie is checled until someonedoesnot
changeary information. Ongoingoversight,like no over
sight,letsmembersaddmoviesdirectly to the databasehut
thenary membercanedita movie atary time. Severalpeo-
ple notedongoingoversightis similar to wiki-style editing.

Respondentevaluatecthe mechanism two ways:

Estimatedquality: How well would eachoversightmech-
anismwork for gettingaccuraténformation?

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

Figure 6 shaws the results. Low quality and motivation
correspondo ratingsof 1, while high quality and motiva-
tion correspondo ratingsof 5. Peoplepreferexpert over

sight and shunno oversightcomparedto the peermecha-
nisms. An ANOVA shaved signi cant differenceqquality,

F(4;404) = 11:19;p < 0:01 on 82 responsesnotivation,
F (4;400) = 59.03p < 0:01 on 81 responses)Willing-

nesgo participateandestimatedjuality correlatedstrongly
r?2> 0:52forall vesystems.

DISCUSSION

Ourtheoreticalanalysisandresultsraisea numberof issues
for discussionWe beagin by analyzingthe evidencefor and
againstthe hypotheses:

Less Antisocial Behavior was supported. Groupswith
no oversightcommittedmary morehijackings.

Better Contrib utions wasnot supportedGroupswith no
oversightmadelower-quality initial contributionsbut the
differencewasnot statisticallysigni cant.

Better Databasewas supported. The quality of movies
that reachedthe MovieLens databasewas signi cantly
lower for groupswith no oversight.

Mor e Contrib utions hadsomesupport.Quantitytended
to increasewith oversight,and surey respondentsvere
morewilling to contributewith moreoversight.

Knowledge Is Power was supported. Knowing about
oversightaffectedboth quantityanddatabaseuality.

Oversightimproved both the quantity and overall quality

of information addedto MovieLenswith no negative ef-

fects.Below, wediscustherissuegaisedby ourresultsin-

cludingtherelationshipbetweerpeersandexperts,between
ownersandmembersandbetweertheoryanddesignin on-

line communities.

From peers to experts

Although whensuneyed, peopleclearly preferredexperts,
in the experimentpeeroversightdid aboutaswell as ex-
pertoversighton both the quantityandquality of contritu-
tions. This is important. For every contritution a subjectin
ExpertMis and ExpertNV made,our expert hadto malke a
matchingcontribution. This doesnot scale.Sincepeerover-
sight works aboutaswell as expert, designersof member
maintainedcommunitiesshould considerletting members
provide oversightaswell ascontent.

Teasingout whenpeerand expert oversightwork bestwill
beimportant.Peerandexpertoversightachiezedroughlythe
samequality in adomainof structuredfactualinformation.
In Wikipedia the contenthaslessstructure,containsargu-
mentsaswell asfacts,and sometimegequiresspecialized
knowledge. How do peerscompareto expertsin domains
like Wikipedia? Otherfactors suchasthe sizeof acommu-
nity andhow its membersegard authority arealsolikely to
impacthow a communityrespondgo oversight.

The collective effort model suggestghat mechanismdor
improving user performancesuch as training and mentor
ing may be important. Uservariability accountedor large
differencesin contritution quality. Reducingthis variabil-
ity throughimproving everyones competencenay amplify
the effect of mechanismsuchasoversight. Themodelalso
predictsthatincreasingndividuals' competencehouldin-
creasaheirmotivationto contritute—thougtthis effectmay
becounteredy thefactthatgoingthroughtrainingincreases
the costof participating. Finally, high quality contritutors
shouldfeel reassured—anthore motivated—knaving that
theaveragecontritution will be of higherquality.

Oneway to approachtraining andmentoringis to structure
maintenanceéasksaroundrolesthatrequiremoreor lessex-
pertise. The ideaof communitiesof practice[14] suggests
thatrole structuresencouragéhe grovth of membersn the
community Having multiple rolesalsoallows memberdo
male the kinds of contritutionsthey preferandallows de-
signergo usestatusandpowerto rewardandrecognizecon-
tributors,bothof which arelik ely to increasemotivationac-
cordingto the collective effort model.

From owners to member s
Moving from owner to membermaintenanceposesrisks.
Themove canthreaterkey memberdike Chad:

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



memberhow IMDb keepstheir stuf clean!! It's cer
tainly notby way of the uses!!

Losing Chadwould be costly; his contritutions have great
value. How cangroupskeepkey contritutors content,es-
peciallywhentheir interestsare at oddswith thoseof other
members?'What movies shouldbe addedto MovieLens?”
hasa simple answerwhen Chaddoesall the work: what-
ever Chadadds. A naturalway to furtherincludemembers
in maintainingMovieLenswould be to let them help de-
cidewhatgetsadded.But they wantto addlots of movies:
obscuremovies, TV movies, and non-U.S.releases. This
is at oddswith Chads vision of MovieLens,while a large
in ux of movies might be badfor our recommendatioml-
gorithm. Designinga mechanisnfor adding movies that
balancesChads wishes,the needsof the algorithm,our re-
searchgoalsandthedesiresof memberwill beachallenge.

A broader look at quality

In thispaperwe calledanewbie questioralow-valuecontri-

bution. But for theasler, for lurkerswith the samequestion,
andfor membersvho wantto demonstratéheir knowledge,
the contribution hashigh value. Even the quality of movie

informationis notasclearcutaswe mightlike. Somemem-
bershave very high standards:

Inaccuraciesmale[IMDDb] a r ststoponly...MaovieLens
wouldhaveto nd peoplewhohaveat minimumaccess
to a setof refeencebooksbeginning with basic vol-
umes...andvho specializefurther in a givengenre or
form (e.g. post-warAmericanundegroundcinema..)

Onthe otherhand,25 movieswereaddedwith no informa-
tion exceptthetitle. No onecomplainedaboutthesemavies
andmary wereratedoften. Peopledid mentionthemin sur
vey commentdut mostsaidtheincreasediolumeof movies
madeup for thelapsesn quality.

This remindsus that quality is in the eye of the beholder
Distributed moderationdoesa goodjob of giving the over-
sighttaskto everyone,but it makesonly aggreate quality
judgmentslt mightbebetterto usepeoples ratingsasinput
to acollaboratve ltering system[19], allowing eachmem-
berof thecommunityto give moreweightto themoderations
of peoplethey agreewith.

From hijac ker to freedom ghter?

In the experimentwe asled peopleto add information for

movies other memberssuggested Many suggestionsvere
hijacked: memberghoseo enterdatafor amovie they cared
aboutratherthanfor the movie they wereaskedto add. We
consideredhijackingsto be low-quality becausehey vio-

lated our goal of fair processingof the suggestiomueue.
SomeMovielLensresearcherarguethathijackingswerenot
necessariljjow-quality contritutions. Maybethe hijackers
were freedom ghters, looking out for the community by
addingmoviesthey thoughteveryonewould wantinsteadof

obscuremoviesthatonepersorhadsuggested.

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

Real membetmaintainedcommunitiesshouldallow mem-
bersto “scratchtheir own itch”. The collective effort model
is clear that aligning individual and group outcomeswill
increasemotivation to contritute. We expectthat designs
like Wikipediathatallow memberdo choosdasksaremore
likely to succeedlIn retrospectit wasamistale to seekfair-
nessin processinghe suggestiomueuebecauset placed
individual motivationin oppositionto groupmotivation.

From theory to design, and back

Using social sciencetheoryto drive and critique designis
promising, but not foolproof. For instance,the collective
effort modelhasseveralweaknessedt doesnotdirectly ac-
countfor the costof an effort. Costcan be factoredinto
valuing outcomesbhut shouldbe explicitly considered.The
modelalsodoesnot addresopportunitycostandhow peo-
ple decidebetweercourse®f action. Factorsthataffect mo-
tivation suchasduty andmorality do not t neatlyinto the
model. Finally, motivation is hardto quantify andaswe
saw, themodelsometimesnakesambiguougredictions.

Theory must be applied carefully We originally specu-
latedthatoversightwould reducecontributions. We focused
on the collective effort model's predictionsaboutinhibiting

low-quality contributions,andonly later realizedthat over-

sight will reassure—ananotivate—high-qualitycontriku-

torsaswell. Socialscientistavho canidentify relevanttheo-
riesandeasehefriction whentheoriescollide areavaluable
asset. Theory properly usedcan help designersavoid mis-

takesandsuggestapproachethey otherwisemight not con-
sider Applying socialsciencetheoryto designis a promis-
ing, but underexploredapproach1].

We alsobelieve in usingdesignto help probetheory The
collective effort modelwasprimarily derivedfrom carefully
controlled lab experimentson somevhat unrealistictasks
suchasshoutingin a group. Theresultsof the eld exper

iment supportusingthe modelin real online communities,
whereboth“real” and“online” extendthereachof themodel
beyondlab experiments Whentheoryinforms design,both

standto bene t.

CONCLUSION

Basedon our ndings, we offer a numberof guidelinesfor
online community designersvho wish to useoversightin
helpingmembersnaintaintheir communities.

Oversight improves outcomesand increasescontritu-
tions. Useoversightmechanismso improve quality, re-
duce antisocial behaior, and help reducethe risks of
membermaintaineccommunities.

We found no differencesbetweenpeerand expert over-
sightin quality or quantityof contrikutions. Take the bur-
denoff of communityownersandshareit with the mem-
bers.Someof themreally wantto help.

Major differencesn quality canbeattributedto individu-
als. Increasehe quality of contritutionsby selectingfor

ratingsbehaior betweerthe original andthe replacemeninovies.
This suggestshatthe hijacked movieswerenot morepopularthan
themoviesthey replaced.



the bestcontrikutors,andby improving the capabilitiesof
individual usersg.g.,throughtraining.

Telling peopleaboutoversightmayincreaseheir motiva-
tion to contritute. Tell themaboutoversightto encourage
good contrikutors and discouragebad ones. (We do not
recommendying aboutoversight.Userswill nd out.)

A numberof userssuneyedsaidthey did notseeour invi-
tationlink. Make opportunitieso contritute obvious. Do
notassumehatignoringanoffer is intentional.

We alsoencouragelesignerandresearcheri onlinecom-
munity to incorporatetheoryinto their designpractice.Re-
searcherdiave developeda numberof tools suchas rep-
utation systems(e.g., [20]), social proxies(e.g.,[6]), and
mechanism$or makingcontrikutionsvisible (e.g.,[21]) that
might be usefulin helping motivate membersto maintain
their communities.We believe that usingtheoryto critique
anddrive designof suchfeaturesalongwith focusedexper
imentationto validatethedesignchoicesjs aneffective way
to understandhow andwhento apply thesemechanisms$o
supportmembermaintaineccommunities We hopethatour
exploration of the value of oversighthelpsotherdesigners
andresearcherm their efforts to build anddeplo/ systems
thathelp peoplediscorer—andbuild—communityonline.
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