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Abstract

Online communities need regular maintenance activi-
ties such as moderation and data input, tasks that typ-
ically fall to community owners. Allowing all mem-
bers to perform maintenance might make communities
more robust and valuable. A key challenge in creating
member-maintained communities is that we have little
knowledge of how to design interfaces to motivate con-
tributors. Social science theories of motivation may be
helpful for making and evaluating design choices. We
have used Karau and Williams’ collective effort model
to develop and evaluate designs that motivate members
by making salient the unique contributions they could
offer to a group. We also show that using oversight to
check contributions to a community database of movies
increases members’ motivation to contribute and that
peers can provide motivation as well as experts in this
domain. Our experiments suggest a number of design
elements and guidelines for increasing members’ moti-
vation to maintain their communities.

The Problem
Max is the movie czar, the de facto dictator of which movies
get into the MovieLens recommender system. He’s the
guardian of quality, the finder of movie facts, the defender
of decency–the final authority on film. This suits Max well;
he’s pleased with the quality of the movie database. Not
all MovieLens users agree, however. Max is busy and adds
movies slowly, and members sometimes disagree with his
criteria for including movies. Useful information (DVD re-
leases, MPAA ratings, etc.) is also not in the database.

Max’s community is not unique—many groups have a
Max. Most members’ contributions to an online commu-
nity pertain to what Preece calls its purpose (Preece 2000).
Members post to discussion groups, rate movies, receive rec-
ommendations, and read each others’ blogs. These contribu-
tions are visibly important and constitute the day to day busi-
ness of the community. However, communities need inputs
besides conversation, such as moderation, governance, and
the maintenance of databases (i.e., members, movies, FAQs,
and histories). These duties usually fall to the owners of the
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community (Butler et al. 2005), the people who envisioned
its existence and bought the machines.

Max doesn’t have to be the only person who adds movies.
MovieLens could be designed to allow all members to con-
tribute information. By taking advantage of all members’
knowledge and effort, member-maintained communities can
reduce their dependence on key members while increasing
their overall value to everyone and reflecting everyone’s de-
sires. However, letting members contribute is not a panacea.
Most systems have no interface for contributing. Members
need to be motivated to do the job and trained to do it well—
and perhaps watched also, because some will make mistakes
while others may sabotage the group.

Social scientists, particularly in the fields of social psy-
chology and economics, have tried to understand what mo-
tivates people to contribute to groups. Theories that address
motivation to contribute can be a valuable tool for designing
interfaces for member-maintained communities. We have
identified a number of potentially useful theories, includ-
ing social capital (Putnam 2000), communities of practice
(Lave & Wenger 1991), the problem of public goods (Hardin
1982), and economic models of why people contribute (e.g.,
(Rabin 1993)). The primary tool we have used so far is Ka-
rau and Williams’ collective effort model of motivation in
group contexts (Karau & Williams 1993).

In this paper we report on our use of the collective ef-
fort model in designing interfaces that motivate people to
contribute to an online community. We provide a high-level
look at how designers can make use of the model, as well
as brief reports on two experiments using the model to so-
licit contributions of ratings and of discussion posts. We
then report in more detail on how we used the model to
reason about how editorial oversight would affect the qual-
ity and quantity of movie information members contributed
to MovieLens. As predicted, oversight improved database
quality, reduced antisocial behavior, and increased the quan-
tity of contributions. We close with a sketch of our plans to
use the model, along with economists’ theories of why peo-
ple contribute to public goods, to intelligently match tasks
with people who are likely to do them.

The Collective Effort Model
Karau and Williams’ collective effort model (Figure 1) inte-
grates theories based on a number of earlier studies showing
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Figure 1: A slightly simplified version of Karau and
Williams’ collective effort model. Motivation depends on
how well effort translates to performance, how effectively
performance generates outcomes, and how much people
value the outcomes. People derive motivation both from in-
dividual goals and group goals.

that people tend to contribute less in group contexts than
they would on their own (e.g., (Kerr 1983; Harkins 1987)),
a phenomenon called social loafing (Latane, Williams, &
Harkins 1979). The model builds on Vroom’s expectancy-
value model (Vroom 1964), which suggests that one’s mo-
tivation to make a given effort depends on how well one’s
effort will translate into good performance, whether good
performance will lead to good outcomes, and how much one
values those outcomes. The collective effort model posits
that people reason about this both for their own outcomes
and for the group; further, in groups, people also consider
whether their contribution matters to the group. All other
things being equal, as elements in the model increase, so
does motivation. For example, a better interface that allows
people to enter twice as many movies for a given amount of
effort should increase their motivation to contribute.

In principle, every arrow and node in Figure 1 provides a
way for designers to evaluate or critique their designs. Some
critiques, such as making more efficient and usable inter-
faces to increase the performance for a given effort, are fairly
obvious1. Others, however, are more subtle. People will be
more likely to contribute if they value good outcomes for
the group. This suggests that people who are more attached
to a group are more likely to contribute to it—thus designs
that induce people to form groups or teams such as the ESP
Game (von Ahn & Dabbish 2004) may increase motivation.
Further, a number of studies in the sub-area of persuasive
computing have shown that people react socially to com-
puters much as they do to people (Nass & Moon 2000). It
might be possible to build a credible computer player for the
ESP Game using standard information retrieval techniques;
persuasive computing suggests people would likely be just
as motivated to contribute picture labels when playing the
computer as they are when playing with another human.

As another example, consider the top reviewers feature
at amazon.com, shown in Figure 2. Amazon encourages
members to write reviews of the items it sells, essentially

1However, designers regularly forget the basics. For example,
the interface for updating a restaurant’s information in ChefMoz,
http://chefmoz.org/cgi-bin/update.pl, is complex.

 

Figure 2: Amazon’s top reviewers list. The interface makes
contributions salient by showing a list of most helpful re-
viewers, as well as providing individual recognition through
icons next to each top reviewer’s name.

getting recommendation content for free from its members.
Amazon readers can then vote on whether a particular re-
view is helpful. These votes are used to identify amazon’s
most helpful reviewers, who receive recognition on a list of
top reviewers as well as a “top N reviewer” icon next to
the reviews they write. Naively applying the collective ef-
fort model suggests that recognizing top contributors will
increase people’s motivation to contribute. First, by show-
ing people that they are among the most helpful members
on amazon, it makes it clear that their contributions matter
to the group. Second, the icons provide recognition and vis-
ible status, an individual outcome many people value.

However, newcomers are at a distinct disadvantage. They
might look at the top reviewers list and decide that no mat-
ter how hard they work, they could never catch up to people
who had been there for a while—no matter how good their
performance, they will never achieve the outcome of individ-
ual recognition. Seeing that top reviewers have contributed
hundreds of reviews, newcomers might also decide that their
contribution of a few reviews will not matter to the group.

In other words, the model predicts that systems that recog-
nize all-time top contributors may motivate long-time mem-
bers but reduce the motivation of newcomers. Recognizing
both all-time and recent valuable contributors might moti-
vate a larger part of amazon’s audience to write reviews.

Experiments Using the Model
We have conducted several experiments where we have used
the collective effort model to design interface elements and
predict how people will react to them. Below, we report
briefly on two experiments showing that people contribute
more when they believe their contributions are unique. We
then report in more detail recent work showing how the
checking of contributions affects people’s motivation to con-
tribute to a community database. All three experiments
use the MovieLens recommender system as an experimental
platform. MovieLens (see Figure 3) is a relatively loose but



 

Figure 3: Getting a recommendation for a comedy using the
MovieLens movie recommender.

active community, with several thousand members who log
in regularly to rate movies and receive recommendations.

Uniqueness Motivates Contributions

The collective effort model predicts that if people believe
their effort makes a significant contribution to the group’s
performance, they will be more motivated to contribute. One
way to help people see their effort is important is to identify
unique skills a contributor brings and make them aware of
their special value to the group.

In one experiment, we invited MovieLens users to partic-
ipate in online discussions of movies (Ludford et al. 2004).
Subjects were assigned to one of eight small (about 30
member) discussion groups. The experiment lasted for five
weeks; subjects were asked to contribute at least once per
week and encouraged to discuss anything related to movies.
The experimenters also posted a feature topic every week
and notified subjects about the feature topic by email.

Feature topics were used to test the effect of providing
information about uniqueness. In half of the groups, the
system found three movies that each member had rated that
were relevant to the feature topic (e.g., romances for the
topic “What makes a love story click?”) and that few other
members of their group had rated2. The weekly email men-
tioned the movies chosen for each subject, along with how
many other discussion group members had rated the movie,
saying that this information might be relevant to the fea-
tured topic. Subjects who received this information on their
potential unique contributions made about twice as many
discussion posts on average as subjects who received un-
personalized mail that simply introduced the feature topic.

A second experiment used uniqueness information in an
email campaign to motivate people to contribute more rat-
ings to the community (Beenen et al. 2004). All subjects
were told that they had been specially chosen for the experi-

2The experimenters chose the set of relevant movies for each
topic by hand. Algorithms for automatically suggesting relevant
movies based on the conversation would be interesting future work.
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Figure 4: An overview of the oversight experiment.

ment because of their past contributions to MovieLens. Sub-
jects in the unique condition were told that they were chosen
because people with unusual tastes are especially valuable
to MovieLens. Subjects in the non-unique condition were
told they were chosen because people with typical tastes are
especially valuable to MovieLens. The system also listed
three movies the subject had rated; the unique group saw
movies few others had rated, while the non-unique group
saw movies many others had rated. Subjects whose mail em-
phasized their unusual tastes were more likely to log in dur-
ing the experiment and gave 18% more ratings than subjects
whose mail emphasized their typical tastes. These results
further support the prediction that designs which emphasize
uniqueness are more likely to motivate contributors.

Editorial Oversight Affects Motivation
The previous two experiments focused on the general prob-
lem of soliciting contributions to a group. In this section, we
provide a more detailed description of an experiment where
we asked MovieLens members to help maintain the database
by contributing information for new movies (Cosley et al.
2005). One key problem when building community reposi-
tories of information is that they are more valuable if the in-
formation is of high quality. This means we would like like
mechanisms that motivate people to contribute both more
and better quality information.

We chose to look at editorial oversight—having some-
one check the quality of contributions—as a potential mech-
anism. Many communities use oversight in an effort to
achieve higher quality information. We wanted to find out
what effect oversight would have on people’s motivation to
contribute information, as measured by quantity and quality.
We also wanted to find out if peers would be as effective at
providing oversight as experts.

Figure 4 shows an overview of the experiment. Subjects
were assigned to one of three oversight mechanisms: no
oversight, oversight from peers, or oversight from a movie
expert. We told half of the subjects in each group about the
level of oversight. Subjects were asked to add and verify
movie information. At the end of the experiment, we com-
pared subjects’ contributions to movie information available
on other websites to evaluate quality and counted total, use-
ful, and hijacked contributions to evaluate quantity.

We used the collective effort model to make a number of



predictions about the effect of oversight. For example, peo-
ple were asked to enter information for movies that other
members had suggested in the past. Nothing prevented them
from hijacking suggestions, adding movies they personally
cared about instead of those assigned by the system. The
model predicts that since oversight will reduce the link be-
tween performance (doing the hijacking) and outcome (hav-
ing the cared-about movie in MovieLens), oversight will re-
duce the motivation to hijack movies. The model also sug-
gests that transparency is important. Telling people about
oversight gives people more information to help them deter-
mine the outcomes their effort will provide, which should in-
crease the effect of oversight on motivation. Further, we pre-
dicted that oversight would reassure contributors that their
efforts would matter, instead of being drowned in a sea of
bad information, and thus that oversight would motivate
people to contribute more.

In all, we generated five hypotheses about the quality and
quantity of information members would enter:

• More oversight leads to fewer hijackings.
• More oversight leads to higher quality initial contribu-

tions.
• More oversight leads to more contributions overall.
• More oversight leads to higher final quality information

in the database.
• Knowing about oversight will increase its effect.

Group Subjects Contrib. Total Work Live 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

Table 1: A summary of participation in the experiment.

The experiment lasted six weeks. A total of 204 users
signed up; 87 made at least one contribution. Table 1 shows
how many subjects were assigned to each group, how many
contributed, and the total number of contributions made and
movies added by each group.

Figure 5 shows the average quality of contributions made
by each group at two stages:

• Initial quality: The quality of a given movie’s informa-
tion when it was first added by a member. Looking only
at the initial contribution for a given movie let us isolate
the effect of oversight on individuals’ motivation to enter
accurate information from the effect oversight would have
on final database quality because of the double-checking
of information.

• Final quality: The quality of a given movie’s information
when it was inserted into the database. This allowed us to
look at how oversight’s checking of information affected
the bottom line quality of the database.

Differences on initial quality, though large, were not sta-
tistically significant because variation in quality between
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Figure 5: Initial and final contribution quality for a given
movie. For groups with no oversight, initial and final qual-
ity were the same. No oversight is worse on final quality,
especially in the group that knew they had no oversight.

users was huge. However, final quality in the no oversight
group was significantly worse than the quality of the peer
and expert oversight groups. Groups that knew about over-
sight did the most work and the group that knew there was no
oversight did the least. Groups with no oversight were also
much more likely to hijack movies whether we told them
about the lack of oversight or not. These differences were
both large and statistically significant.

A survey backed up these results. We told MovieLens
members about each of our mechanisms and asked them to
rate how well each mechanism would work and how likely
they would be to add movie information under that mech-
anism. People preferred expert oversight to peer oversight
and peer oversight to no oversight. Willingness to partici-
pate and estimated quality correlated strongly.

However, although people preferred expert oversight to
peer oversight in the survey, there was no difference in their
actual behavior. Peer and expert groups had essentially the
same initial and final quality and no differences in quantity
of contributions. The expert group did add more movies,
because every contribution from a member was matched by
a contribution from our movie expert.

Based on our findings, we developed several guidelines
for using oversight in maintaining community databases:

• Oversight improves outcomes and increases contribu-
tions. Use oversight to improve quality and reduce an-
tisocial behavior.

• We found no difference between peer and expert oversight
in quality or quantity. Use peer oversight to share the load.

• Telling people about oversight may increase their motiva-
tion to contribute. If you use oversight, say so.

• Major differences in quality can be attributed to individ-
uals. Identify skilled contributors, and improve the capa-
bilities of individual users, e.g., through training.

• A number of users said they didn’t see the experiment
invitation. Make opportunities to contribute obvious.

There are a number of caveats. We were excited that peers
and experts performed about as well at providing editorial



oversight in MovieLens because this means letting mem-
bers provide oversight is a reasonable strategy for building
member-maintained communities. However, a frequent crit-
icism of the Wikipedia collaborative encyclopedia3 is that
non-expert contributors harm its quality. It may be that as
the perceived need for expertise increases, people will only
accept oversight from experts. On the other hand, Wikipedia
has generated over 400,000 articles by letting peers provide
oversight. Contrast this with the extensive editorial review
process for the Nupedia collaborative encyclopedia—and
the 100 articles it produced.

Oversight done badly may reduce motivation. Consider
this response to someone who takes a minute to update
a restaurant’s phone number in the ChefMoz community
restaurant directory:

Your comments will be reviewed by an editor, who will
decide whether to include them in [ChefMoz]. This
may take as little as a week, or up to a few months...

It would not be hard to use the collective effort model to
analyze the ways this message might affect one’s motivation
to contribute in the future.

Finally, although people liked having oversight in the do-
main of adding information to MovieLens, many people are
philosophically opposed to other forms of oversight, such as
moderated discussion groups. More work is needed to deter-
mine the contexts in which oversight increases motivation.

From Guidelines to Algorithms
Our work thus far has focused on using the collective ef-
fort model at a high level and producing guidelines based
on theory-driven designs tested in field experiments. Con-
densing theory down to design guidelines is a useful step in
making theory more accessible to designers. We would like
to make theory even more useful by designing algorithms
for reasoning about motivation that can be directly deployed
when building communities. Below, we look at how eco-
nomics research might help us model and affect people’s
motivation to contribute to communities and briefly point
to other social science theories that designers of member-
maintained communities might find relevant.

Economists often model the problem of contribution to
groups as a public goods problem. Public goods are re-
sources that are non-excludable and non-rivalrous; that is,
once produced, everyone can consume them and one per-
son’s consumption does not affect another’s consumption.
National defense and open source software are two real-
world examples of public goods. Public posts, moderation,
FAQs, and contributions to a group-specific database are ex-
amples of public goods in online communities.

A key characteristic of public goods is that they are sus-
ceptible to free riders, people who consume the good with-
out helping to produce it. For instance, a small percentage
of public radio listeners contribute money; non-contributors
free ride on the few. Selfishly rational people might reason
that if others care enough to provide the good, they need not
expend the effort (Kerr 1983). A number of lab experiments

3http://www.wikipedia.org/

have demonstrated this tendency to free ride in public goods
situations (see (Ledyard 1995)).

However, not everyone free rides. Many experiments
have shown that people contribute to public goods under
some conditions (Dawes & Thaler 1988). In other words,
people sometimes do not maximize their own individual util-
ity. Economists have responded by modelling factors in ad-
dition to the value and cost of a contribution. For example,

• Reciprocity: people make or withhold contributions to
others based on how others treat them (Rabin 1993).

• Inequality aversion: people adjust their effort based on
their perception of what others contribute on average
(Fehr & Schmidt 1999).

• Increasing social welfare: people sometimes make deci-
sions that increase the welfare of all, especially those who
are worse off (Charness & Rabin 2002).

This line of research holds promise for building member-
maintained communities. Most likely, different people are
motivated to different degrees by each of these factors. An
algorithm might be able to model how much a particular per-
son is motivated by reciprocity, inequality aversion, social
welfare, rational self-interest, and so on by observing their
behavior in the community. It could then use the model to
present interfaces that are most likely to motivate that per-
son. For example, the COMTELLA peer-to-peer file sharing
system tries to model whether people are altruistic, rational,
or selfish based on their file-sharing behavior. The interface
shows graphs of contribution and consumption as well as
motivational images and text, choosing which graphs, im-
ages, and text to show based on its inferences about each
user’s motivation (Bretzke & Vassileva 2003).

It may also be profitable to consider aspects of tasks that
theories predict might affect motivation (such as task diffi-
culty or the task’s value to the individual and to the group).
If we can compute proxies for difficulty and value, we can
build models that use information about both tasks and peo-
ple to algorithmically match people with tasks they are most
likely to do. One reason Wikipedia works is that it highlights
recently changed pages so members can review others’ con-
tributions. However, Wikipedia gets thousands of contribu-
tions per day, making it hard for people to find contributions
they might care about. By intelligently routing changes to
people who are most likely to care about checking them, we
can increase motivation to contribute and the quality of our
database while reducing contributors’ workload.

Other social science theories may offer insights regard-
ing contribution that the collective effort model and pub-
lic goods theory do not provide. Social capital is the idea
that relationships between people are a valuable resource
that provide access to otherwise privileged information or
interactions (Putnam 2000). Contributions to both specific
members of a community (Lesser 2000) and to the collective
interest of the community (Coleman 1988) can help build a
reservoir of social capital that encourages further contribu-
tions and allows members to make requests of others in the
community. Social capital is an attractive idea for design-
ing online communities because, although it can be hard to
measure offline, online communities can track and measure



members’ activities. They can then use the data collected
to help members of the community see each others’ contri-
butions. Technologies such as reputation systems (Resnick
et al. 2000) and tools for revealing social information (e.g.,
(Smith 1999)) are examples of systems that can use mea-
sures of social capital to provide recognition and status.

The theory of communities of practice (Lave & Wenger
1991) addresses the evolution of groups that share common
knowledge. A community of practice facilitates the growth
of members in the course of “assuming an identity as a prac-
titioner, of becoming a full participant, an oldtimer” (Lave
1993). One way to analyze the kinds of contributions peo-
ple make to communities is through the roles they assume
(Preece 2000). The theory suggests designs that structure
maintenance tasks to provide multiple roles that require in-
creasing levels of expertise and commitment may prove use-
ful. In a community with discussions, for example, members
may move from lurkers to question askers, then to answer-
ing questions, and from there to building FAQs, moderating
discussion, and mentoring new members.

Conclusion
Although social science theory is hard to apply directly to
system design, our experience suggests that careful consid-
eration of these theories can improve the chances of success
when asking people to contribute to a community. We have
conducted several experiments that use the collective effort
model to generate and evaluate mechanisms for increasing
people’s motivation to contribute to a group. By provid-
ing successful examples of the use of theory and identify-
ing guidelines based on theory-driven field experiments, it
should be easier for designers to incorporate theory into their
design processes. Future work that explores other promis-
ing theories and distills theory into directly usable computa-
tional tools promises to further increase our ability to build
successful member-maintained communities.
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