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Abstract. The explosive growth of Web-based social applications over the last 10 years has led
people to engage in online communities for various purposes: to work, learn, play, share time and
mementos with friends and family and engage in public action. Social Computing Applications
(SCA) allow users to discuss various topics in online forums, share their thoughts in blogs, share
photos, videos, bookmarks, and connect with friends through social networks. Yet, the design of
successful social applications that attract and sustain active contribution by their users still remains
more of an art than a science. My research over the last 10 years has been based on the hypothesis
that it is possible to incorporate mechanisms and tools in the design of the social application that can
motivate users to participate, and more generally, to change their behavior in a desirable way, which
is beneficial for the community. Since different people are motivated by different things, it can be
expected that personalizing the incentives and the way the rewards are presented to the individual,
would be beneficial. Also since communities have different needs in different phases of their
existence, it is necessary to model the changing needs of communities and adapt the incentive
mechanisms accordingly, to attract the kind of contributions that are beneficial. Therefore User and
Group (Community) Modeling is an important area in the design of incentive mechanisms. This
paper presents an overview of different approaches to motivate users to participate. These
approaches are based on various theories from the area of social psychology and behavioral
economics and involve rewards mechanisms, reputation, open group user modeling, and social
visualization. Future trends are outlined towards convergence with the areas of persuasive systems
design, adaptive/personalized systems, and intelligent social learning environments.
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Introduction

The explosive growth of Web-based social applications over the last 10 years has
led people to engage in online communities for various purposes: to work, to learn,
to share time and mementos with friends and family and engage in public action.
Social Computing Applications (SCA) allow users to discuss various topics in
online forums, share their thoughts in blogs, share photos, videos, bookmarks, and
connect with friends through social networks. Yet, the design of successful SCA
that attract and sustain active contribution by their users, still remains more of an
art than a science. For every successful one, there are thousands that have failed.
There has been research over the last 10 years in the areas of human-computer
interaction and the social sciences on how and why people engage in large
successful SCA. Advances have been made (mostly by the Web 2.0 industry) in
developing technologies for social infrastructures for online communities and social
networks, e.g. Wordpress, Tumblr, etc. Practical guides and even software patterns
have appeared on how to design social interfaces to attract participation (Kim,
2000, Porter, 2009, Crumlish & Malone, 2010). Yet, these “best practices” and
“lessons from the trenches” make sense in retrospect looking at successful SCA,
but there are no general recipes or methodologies of how to develop new SCA from
scratch.

In the past 10 years, the research community has been searching for a
methodology for attracting participation by designing reward mechanisms
(incentive mechanisms) inspired by different behavioral science theories, using a
trial and error approach. The hypothesis is that it is possible to incorporate in the
design of the social application incentive mechanisms and interventions that can
motivate users to participate, and more generally, to change their behavior in a
desirable way, which is beneficial for the community.

Why is this area relevant to User Modeling and Personalization? It is well
known that different people are motivated by different things in different ways, so it
can be expected that personalizing the incentives and the way the rewards are
presented to the individual would increase the effect of the incentives on their
motivation. Also groups of users and online communities have different needs of
contributions in different phases of their existence (Jones & Rafaeli, 1999). For
example, in the beginning, any contributions help the community to “take off”, but

later, high quality contributions are important and mechanisms to emphasize high-
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quality contributions become a necessity. Modeling the changing needs of
communities and adapting the incentive mechanisms accordingly can help attract
the kind of contributions when they are most needed. Therefore User and Group
(Community) Modeling is an area that can provide valuable insights and techniques
in the design of adaptive incentive mechanisms for participation.

This paper presents an overview of different approaches to motivate users
to participate and contribute to online communities, with some of the main
problems illustrated with systems designed and evaluated in the ARIES and
MADMUC Labs at the University of Saskatchewan over the last 10 years. These
approaches cover a spectrum of incentive mechanisms: from extrinsic, through
social, to intrinsic. Some of them are based on different theories from the area of
social psychology and behavioral economics and involve economics rewards
mechanisms, reputation, open group user modeling, and social visualization. The
next section presents some of the main challenges in design of motivation
mechanisms and approaches that address them. Then directions of future

development and convergence with other active research areas are presented.

Theories Inspire Design Approaches to Motivating User Participation

Why people act in particular ways is a fundamental question that has been in the
focus of economists and psychologists since these disciplines exist. While space
limitations do not permit presenting a detailed overview of theories of motivation,
the following brief overview aims to highlight the main perspectives on motivation
that exist in literature. This will help to identify the problems in designing social
infrastructures motivating users to participate that are discussed in this section.
More comprehensive reviews of theories of motivation and how they have been
used in design of social systems can be found in (Ling et al., 2005) and (Kraut &

Resnick, forthcoming).

Economic view of motivation: example design and challenges

Classical Economics approaches the issue of motivation by assuming that people
are rational agents who act to maximize their utility (payoff) in a world where
behaviours have certain payoffs (negative or positive). Thus to make people behave

in particular way, one needs to create an appropriate system of incentives (rewards)



for the desirable behaviours. Incentive mechanism design (also called just
“mechanism design”) is a very active area of research in mathematical economics
and game theory. The goal is to design rules of encounter that, when followed by
the participants, will ensure that the overall system fulfils a particular goal, or fits a
set of criteria, e.g. optimize the joint welfare for all participants, ensure fair chance
for them to maximize their utilities, or simply to maximize the utility of the owner
of the system. The diversity of motivations that may exist among the members of
the community is not taken into account; they are all utility maximizers and follow
the same rules. The payoffs for particular actions may be subjectively different, i.e.
each participant may have her own unique utility function. Most of the applications
of mechanism design are in tightly constrained systems, auctions. Approaching the
problem of motivating participation in a community as an economic mechanism
design emphasizes the benefit of the system or community as a whole, rather than

that of the individual users.

Economic Mechanism Design (Marketplace)

An example of an economic mechanism based on virtual currency can be
found in a peer-help community called “I-Help” (Greer et. al., 1998). The
mechanism regulated the demand and supply of help in the community (Vassileva
et. al, 1999), (Kostuik & Vassileva, 1999). Students could be buyers and/or sellers
of help on various questions/topics. Virtual currency was used to complete trades.
The price depended on the scarcity of helpers competent in answering a question on
a given topic at the moment of the request. The accumulated currency by students

was exchanged at the end of the term for something of real-world value.

Challenge in creating an appropriate market model for the community

While introducing currency and market is fairly straightforward, challenges
arise, related to the specifics of the community in which the market is introduced.
I-Help, for example, was a learning community, where the main traded good was
help.

Help is quite a different good from tangible goods (such as those traded on
eBay). In any group there are weaker students who mostly need help and are rarely

able to provide help to others. In a pure market-based system, these students are



likely to become “bankrupt”, i.e. unable to buy help anymore, thus being shut out
of the system.

In I-Help, of course, such an outcome was undesirable, since the main goal
of the system was to increase the knowledge of all students by creating incentives
to students who had knowledge to give help and by giving a fair chance to everyone
to buy help. Therefore, a “social welfare system” had to be introduced. However,
providing a fresh supply of virtual money (e.g. a weekly allowance) complicated
the economy significantly, leading to inflation. The total amount of currency was
no longer fixed but could grow unlimited which made it hard to match adequately
the virtual currency earned by the students with real world rewards. An economic
approach to this problem, by introducing taxation on earnings, would have
complicated further the mechanism and would likely have been de-motivational for
active helpers. Putting a cap on the earnings of active helpers would have also been
a disincentive to continue helping after they had reached the cap. The pedagogical
goal of the system was to encourage students to always help, even if they were the
top helpers in the community, since one learns more by helping than by receiving
help. This could not be achieved with the economic model of I-Help, where the
currency was injected in the system from outside, rather than generated from within
the community, while knowledge was a positive externality that was generated
from within the community during help sessions, but formally unaccounted for in

the model.

Challenge in designing the user view of the mechanism

Another challenge arising in the system design is how much of the underlying
economic model should be revealed to the user. This is a general problem with all
incentive mechanisms, whether they are based on a market model, a game-like
system where users collect points or earn reputation (as discussed in the next
section), or on a psychological theory of motivation. In I-Help, since the general
purpose of the system was to facilitate learning, it was important to keep the
students’ attention focused on learning, rather than on trading help and earning
currency. For this reason, instead of having the users explicitly trading for help, as
in Google Answers, the economic transactions (negotiating for the price and
dealing with the payments) were delegated to the software infrastructure (the

personal agents of the uses), who maintained models of user preferences with



respect to price, availability, topics of competence etc. For details on the
negotiation approaches used by the agents, see (Mudgal & Vassileva, 2000; Pinoto,
et al, 2004).

Challenge in adapting at run time the parameters of the mechanism.

Another challenge is that often the mechanism is a part of a dynamic
system and it often requires user input to adapt the rewards dynamically to the
situation at hand. For example, in I-Help the mechanism did not consider the
quality of help exchanged in the price negotiation, but only the help demand/
supply ratio at the moment. It could happen that after a help session started, one of
the parties discovered that the session was a waste of time. The system, however,
allowed students to quit a session at any time to avoid being charged for useless
chatter. A time-meter mode of payment (similar to a telephone call), i.e. the price
per minute of help was negotiated by the agents, instead of a total price for the
session, thus allowing any partner to interrupt the chat-session if they feelt they
were not getting value from it.

An alternative solution, more typical of current online communities is to
collect feedback (ratings) after the session by both partners and compute reputation
for each helper and helpee. This would allow the agents of users with high
reputation to charge higher prices for their services and would have also provided

an incentive for users to give good help.

Other social applications using market mechanisms
Many early (between 2000 and 2006) multi-user systems used market mechanisms
and virtual currency, cashed in either real dollars, in better performance, or in
reputation. One can find a variety of economic models as theoretical proposals in
the area of multi-agent systems and peer-to-peer (p2p) systems, e.g. the use of
micro-payments to motivate contributions to (Golle et al, 2001). In some p2p
communities, such as BitTorrent, the accumulated micro-payments are earned by
sharing more files, staying online, offering good bandwidth and are “cashed” in
better performance in terms of download speed.

Two large-scale communities similar to I-Help, but not in educational
context, are Google Answers (Rafaeli et al, 2008), and more recently,

YahooAnswers. Google Answers operated between 2001 and 2006 and was based



on a market model using real dollars. However, research into the user motivations
in these communities, e.g. (Rafaeli et al, 2007) shows that the participation of
experts is associated with a hybrid of economic and social motivators, such as
“star” ratings, and user feedback on answers. The monetary rewards were
responsible for the demise of Google Answers, since the community was ridden by
gamers trying to exploit the system and make money, while not providing any
valuable answers and causing a lot of user complaints.

To avoid following into Google Answer’s steps, Yahoo Answers uses a
modified currency mechanism that rewards active users with a range of honor
badges (“power users”, “top contributor”, etc.) that are visible to other users and
represent their reputation in the community. This kind of mechanism is in line of

modern behavioral economics, and incentive mechanism designs along these

theories will be discussed in the next section.

Behavioral economics view of motivation

In contrast to classical economics, behavioral economics views people as
irrational and investigates, most often experimentally, the social, cognitive and
emotional factors in understanding the economic decisions of individuals. Many
findings of Behavioral Economics relate to why people make certain choices and
what drives or motivates people’s behaviors, showing that many theoretically sound
economic mechanisms are not psychologically valid and fail when tried with real
users (Ariely, 2008). Ernst Fehr and his colleagues (Fehr, 1998), and others (e.g.
Armin Falk, Matthew Rabin) studied psychological phenomena, such as "fairness",
"inequity aversion", and "reciprocal altruism", which put in question the classical
economics assumption of "perfect selfishness." Other studies have shown that the
introduction of extrinsic rewards undermines or entirely replaces intrinsic
motivation (Lepper et al, 1973). The area became popular with the recent book
“Predictably Irrational” by Dan Ariely (2008). The ideas from behavioral
economics in the context of proliferating social networking sites, smart phones and
pads with sensors, gave rise to user engagement design approaches aiming to
increase participation on SCA (Crumlish & Malone, 2010; Porter, 2008). One
major direction is the so called “Gamification” of SCA, or introducing elements of

game in the design of the user interaction with SCA.



Gamifiation and game mechanics
“Gamification” is “the integration of Game Mechanics in non-game environments
to increase audience engagement, loyalty and furm” (www.gamification.org, for

academic references see Deterding et al, 2011a, 2011b). The related area of
practical expertise called ”Game Mechanics” has accumulated a number of
patterns, rules and feedback loops, that are motivational, create user engagement
and loyalty and can be applied to develop game-like elements in virtually any
application or community. Examples of the most commonly used patterns are:
ownership (allowing the user/player to own things, such as points, tokens, badges,
since it creates loyalty to the application, game or community); achievements
(providing a virtual or physical representation of having accomplished something
that can be easy, difficult, surprising, funny, and accomplished alone or as a group),
status (computing and displaying a rank or level of a user), community
collaboration and quests (posing challenges to the users related to time-limit or
competition, that can be resolved by working together).

Reputation has been used in online communities to motivate participation
for a long time. Slashdot pioneered this approach by introducing the notion of
“karma” in the mid 1990ies to reward users who gave good comments with
visibility and power in the community. Currently most social sites provide ways for
users to build their reputation based on the ratings received by their contributions.
The most prominent examples are eBay’s seller and buyer reputation ratings and
Amazon’s reviewer ratings. Yet, designing successful reputation schemes can be

quite challenging.

Challenge in selecting what user actions to reward with reputation and status

The difference between status and reputation is that while status can be
earned by the user in isolation, by performing certain actions, reputation is based on
the opinion of other users about the user or her contribution. Reputation can be
developed, for example, by posting articles that earn very high ratings. Rock groups
and celebrities on Twitter measure their reputation by the number of fans /
followers. Users on Facebook keep track of their reputation by the number of
friends they have. However, the term “reputation” has been used often

interchangeably with status. For example, Amazon calculates what they call
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“reputation” of book reviewers based on the number or reviews they have written
(this would be their status in our definition) and the ratings these reviews have
obtained (this would be their reputation according to our definition).

It is not straightforward to select for a particular community which user
actions should be rewarded with status and/or reputation, what privileges should be
granted, and for what levels of status and/or reputations.

Next, this challenge will be illustrated with an example from the design of
Comtella (Vassileva, 2002) - an online community infrastructure based on a P2P
architecture to support sharing files with academic papers among a research group
or class, thus something like a predecessor of academic paper sharing sites like
CiteULike, Zotero or Mendeley.

The first incentive mechanism applied in Comtella (Bretzke & Vassileva,
2003; Cheng & Vassileva, 2005a) rewarded users with points for actions that were
beneficial for the community (contributing new papers, downloading papers from
others and making them available for sharing with others). These were actions that
the user had full control of and did not reflect the opinion of other users of the
user’s actions. Thus the reward was called “membership level / status” rather than
“reputation”. Each user was classified, depending on the accumulated points into
one of three different status levels (gold, silver, bronze). Different status levels
implied different privileges (e.g. interface appearance, number of ratings to give
out). The results of the evaluation of this mechanism showed a significant but short-
term increase of participation. There were attempts by some users to game the
system, by performing unreasonably high numbers of the rewarded actions (Cheng
& Vassileva, 2005a). Since the quality of the contributions was not evaluated, the
users’ participation in the system deteriorated due to the overwhelming amount of
low-quality contributions and the resulting cognitive overload (Jones & Rafaeli,
2002).

Other online communities define status-levels based on other criteria, which
are harder to game, for example, since how long the user has been a member of the
community (i.e. “member since”). However, this definition of status can be used
only for long-term communities, and may not be motivational for new members.

If increasing participation was the only goal, the first Comtella incentive
mechanism based on status was quite effective. However, due to the problem of

gaming, that could not be tackled without introducing a measure of quality of



contribution in the mechanism, so reputation had to be introduced in the next
version of Comella.

The reputation of a user was calculated as a function of the ratings received
by the user’s contributions by other users. However, incentivizing users to rate the
contributions of others is not easy; this is again a problem of increasing
participation (of different kind), encountered by all systems that rely on user ratings
(e.g. recommender systems). To encourage users to rate, a market-based model
with virtual currency (c-points) was introduced. The user could earn c-points by
rating a resource and could spent them to promote her own contributions (like
Google’s sponsored links). The currency model was very successful in stimulating
ratings, and resulted in twice higher amount of ratings generated by the
experimental group versus the control group in a controlled experiment. With many
ratings, the computation of user reputation became more accurate.

Unfortunately, in most real communities and applications, there are also
general system goals, similar to those existing in the area of market design. For
example, it may be desirable that the user contributions follow a particular time
pattern since usually the early contributions are more important than late
contributions, since they set the tone of future contributions, provoke users to
respond or share their own contributions. Later on, as the volume of contributions
increases, it becomes important to get users to rate the contributions of others, so
that good resources can be found more easily. Also high quality contributions
should be rewarded at any time. Therefore, a need arises to create dynamic
incentives that “orchestrate” the individual user behaviors to produce a harmonic
overall behavior of the system. For this the patterns of Game Mechanics become

insufficient.

Dynamic, Adaptive and Personalized Rewards and Reputation
No general theories or guidelines exist for designing mechanisms with dynamic
rewards. They are crafted according to the specific needs of the community. As an
example, the second version of the Comtella incentive mechanism is presented
here.

The new incentive mechanism aimed to encourage contribution of links to
high-quality articles, to discourage excessive contribution and to encourage timely

contributions (Cheng and Vassileva, 2005b). The rewards for each participative
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action (contributing papers and contributing ratings) were increased or decreased
dynamically according to the individual’s reputation for contributing high quality
papers and high quality ratings. Since Comtella was deployed in an educational
context, where students were sharing articles related to the weekly topics discussed
in their class, one of the overall goals was to ensure that students shared their
articles early in the week, so that there was time for their colleagues to read, rate
and comment them. So the weight of each action depended on the day of the week
and on the number of resources that had been already contributed by the
community. To prevent over-contributions by students who might have tried to
game the system to achieve high status, there was also a personal cap on the
number of rewarded contributions which depended on the quality of the previous
contributions by the user and the desired number of contributions for the week for
the entire community, set by the instructor. In this way the status of the user was
calculated based on dynamic, adaptive rewards that took into account a model of
the community’s needs and the model of the individual contributions of each user.

The results of a controlled study evaluation with 21 students showed that the
mechanism was very effective and stimulated exactly the behavior that was desired.
The conclusion was that a mechanism with adaptive rewards to the individual
patterns of contribution and to the needs of the community could orchestrate/
conduct the desired patterns of behavior in the individual users, leading to a
sustainable level and higher quality of contributions. More details about the
incentive mechanism design and the study can be found in (Cheng and Vassileva,
2006).

To our best knowledge, there haven’t been other incentive mechanisms of
comparable complexity proposed in research literature. However, it is well possible
that such mechanisms have been implemented in real systems, but never revealed.
Generally, most successful large scale communities do not reveal details about the
incentive mechanisms that are deployed, since otherwise they would be challenged

by gamers.

Critical view of gamification
As explained above, the idea of adding game elements in non-game applications
and social sites has a lot of potential. Recently, however, some influential bloggers

(McDonald, 2010; Radia, 2010, Wu, 2011), have been critical to the gamification
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trend, pointing out while most of the current gamified sites make their users collect
points for trivial actions, thus devaluing the rewards. McDonald predicts on her
blog that soon it will be “Game over” for this type of applications. The reason is
that the ubiquitous points gathering is based on a simplistic economic and
behaviourist model and is leads to a motivation only for a short time. The current
hype of gamification will unavoidably disincentivize the most creative elite users,
who are most valuable for any community or social application. Both McDonald
and Radia emphasize the need of developing different types of games that foster a
sense of achievement rather than points and badges, that create intrinsic motivations
rather than replacing them with extrinsic rewards (points and badges), and that
reintroduce genuine play and genuine delight. As Deterding puts it (Bozarth, 2011):
“... we play games, because we inherently enjoy the activity. If you look further at
what makes an activity inherently enjoyable, then you see that games deliver on all
three things in the current major theory of intrinsic motivation, self-determination
theory: they give you experiences of competence, autonomy, and relateaness.”

It seems that despite the foray into designing simplistic rewards mechanisms
and the gamification of social sites, designers are turning again to the fundamental
questions about what motivates people, an area that has been actively studied by
classical disciplines like Psychology, and newer ones, like Social Psychology,

Organziational Behaviour, Media Studies.

Theories of Motivation and Approaches Inspired by Them

Motivation Theories from Psychology

Motivation has been studied extensively in the area of Psychology, where a wealth
of theories of motivation has been developed over the last 100 years. The focus of
these theories is the individual and her experiences with the environment and other
individuals, or society as a whole. It is impossible to provide here an overview of
any depth of the existing theories of motivation, due to their sheer number. To
navigate among the spectrum of theories, we will consider a distinction that could
be considered as a watershed between two clusters of influential psychological
theories of motivation. This is the distinction between extrinsic motivation (from
outside, driven by external rewards or pressure from the environment and other
individuals) and intrinsic motivation (from within, driven by interest or enjoyment

that the individual experiences from the activity). This classification serves the
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purposes of this article to help the reader navigate in the theories since the three
positions of the spectrum can be found in existing design patterns. However, we do
not claim that this classification has any larger validity. In fact the distinction
between the categories is quite blurred and there are researchers (e.g. Reiss, 2000)
who question even the distinction between intrinsic and extrinsic motivation,
emphasizing that it is all a matter of individual difference. Reiss (2000) proposes a
theory of 16 basic desires, which can exist simultaneously, or with different

strength at different times in different individuals.

“Super-theories”:
Self-determination theory (competence, autonomy, relatedness) (Deci & Ryan)

Theory of Planned behavior (Ajzen)

Needs-based theories. Social, Intrinsic, Extrinsic |  Rewards-based.
Maslow’s hierarchy Cognitive dissonance Reinforcement theory
Alderfer’s ERG theory (Festinger) Expectancy theory
Acquired needs theory Two-factor theory

Cognitive evaluation (Deci) Equity theory

Self-efficacy (Bandura)
Goal setting theory

<
<

v

Intrinsic Social Extrinsic

Figure 1: A spectrum of motivation theories in Psychology

Extrinsic motivation (rewards) is the focus of Skinner’s Reinforcement
Theory and the Expectancy theory. On the other side of the spectrum, intrinsic
motivation are in the focus of the needs-based theories of Maslow, Alderfer’s ERG
Theory, the Acquired Needs Theory, as well as Bandura’s (1997) Self-Efficacy
Theory and the Goal Setting Theory (Latham & Locke, 2002). In the middle of the
spectrum, the Herzberg’s Two Factor Theory, the Equity Theory and the
Cognitive Evaluation Theory consider the interplay of intrinsic, extrinsic and social

motivators.
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Explaining why certain game-design patterns work

Many of the abovementioned theories can explain the motivational effect of
the game design patterns mentioned previously. Clearly all these patterns provide
extrinsic rewards for the users which, according to extrinsic motivation theories,
should provide motivation in the users to perform the actions or behaviours that
lead to rewards (e.g. collect points, badges). Theories in the middle of the spectrum
explain the motivational effect of reputation, which has meaning only in a social
environment. On the other side, since different people consider different things as
rewarding, depending on their intrinsic needs, values and goals, the theories on the
Intrinsic end of the spectrum and those in the Social category explain the different
possible needs that people have. For example, the motivational effect of reputation
and status can be explained by all needs-based theories, like Maslow’s, Alderfer’s
ERG and the Acquired Needs theories, Social Psychology, which all point out to
the need of humans to socialize and seek social recognition and status. It can be
also explained by Bandura’s Self-Efficacy theory (1994), since usually social status
and reputation is a result of recognized mastery, which is one of the four major
sources of self-efficacy. A visible reputation in a group sets conditions for another
source of self-efficacy, social modeling, or witnessing people successfully
completing tasks or demonstrating mastery.

For example, let’s focus on the Theory of Social Comparison (Festinger,
1957). This theory was generalized a few years later by Festinger and became part
of his Theory of Cognitive Dissonance. It states that people tend to compare
themselves with others, who they perceive as similar to them, in order to evaluate
or enhance some aspects of the self (Suls et al., 2002). Whether the social
comparison serves a self-enhancement function depends on whether the comparer
assimilates or contrasts his or her self relative to superior or inferior ones. Two
processes can be observed: assimilation, facilitated by the belief that one can obtain
the same status as the target (the role-model), and contrast — comparison with
dissimilar ones to enhance or protect the subjective well-being and thereby satisfy
the self-enhancement motive.

The Social Comparison Theory can explain the motivational effect of the
leader-board pattern in game mechanics and has been the inspiration for design of
incentive mechanisms in several research projects. In Comtella, we sought to

encourage upward assimilation by visualizing the status and reputation of users
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using a star-sky metaphor (Bretzke & Vassileva, 2003). Each user was shown as a
star on a night sky with colour - corresponding to the status (gold, silver, bronze),
brightness -corresponding to the reputation of the user, and size - corresponding to
the number of shared papers (Sun and Vassileva, 2006). We found that many users
checked their reputation status in the visualization, and that users who checked their
status more frequently contributed more. Similar results have been reported by
other authors proposing similar incentive mechanisms based on reputation status
and social comparison. For example, (Farzan et al., 2008) show 2 times increase of
contributions in the Beehive system, using a reputation-based approach similar to
Comtella. Others (Chen, Harper, Konstan and Li, 2007), (Harper et al., 2007) show
5 times increase in the number of monthly movie ratings when shown the median of
user contribution in a monthly newsletter. It seems that social comparison can be
used as a powerful incentive and effectively increase contributions to online

communities.

Theories of motivation from other areas

More recently, newer areas of social science, such as Social Psychology,
Educational Psychology, Organizational Science, and Sociology (Media Studies)
have contributed more theories focusing on motivation in particular types of
environments. For example, in workplace and organizational context, the Collective
Effort Model explains the motivation for contributing to teamwork. Other theories,
such as the Common Identity Theory, and the Common Bond theory also explain
motivations for contribution to a group. In the area of Educational Psychology, the
Self-efficacy Theory and Goal-setting Theory explain and predict motivation to
learn. In the area of Social Psychology important theories have been developed to
explain persuasion with application in marketing (advertisement) and behavioural
change (e.g. encourage physical fitness, or smoking cessation): The Trans-
theoretical model, the Social Comparison Theory and the more general Theory of
Cognitive Dissonance, and the Theory of Discrete Emotions (Cialdini, 2002).
Theories specific to human motivation for consuming or being involved in
particular media have appeared in the area of media studies, e.g. the Needs and
Gratifications theory (Katz et al, 1973) which explains the users motivation to
interact with particular media with their inherent needs for entertainment,

information and which can be hampered by irritation.
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These newer theories have more emphasis on intrinsic motivation and
therefore hold a promise to inspire newer motivational patterns and incentive
mechanisms that emphasize achievement, altruism and genuine delight of gaming

(in contrast to the currently used gamification patterns).

“Gentle” approaches appealing to intrinsic motivation and reciprocity

Social comparison, status and reputation can clearly provide a strong motivation for
participation for a large part of the users. However, there are users that are immune
to reputational incentives, but are willing to contribute to a cause they believe in, to
help their friends, or to make a difference through their actions to the benefit of the
community. Theories like the Common Identity Theory and Common Bond from
the area of Organizational Behavior explain such motivations. The common identity
theory makes predictions about the causes and consequences of people’s attachment
to the group as a whole, while the common bond theory makes predictions about the
causes and consequences of people’s attachment to individual group members. The
causes of common identity are social categorization, interdependence and
intergroup comparison (Turner et al, 1985; Turner, 1987). After studying existing
discussion forums, CMU researchers (Ren et al., 2007) suggest a set of design
suggestions to encourage users in communities based on either of these two

principles to integrate better and be more productive members:

” [dentity-based communities should have clear mission statements and
policies to keep conversation on topic, can tolerate anonymity and large
numbers of participants, and can conduct all communication in public forums.
By contrast, bond-based communities should phrase their mission statements to
encourage members to engage in and to tolerate conversations on wide-
ranging topics, and would improve if the numbers of participants were limited,
and if they had mechanisms for private communication and identifying
members”. (Ren et al., 2007)

We also explored motivational approaches aiming to appeal to the users’ intrinsic
motivations. One of these approaches (Sahib & Vassileva, 2009) was inspired by
the Common Identity Theory, and the other two approaches (Webster & Vassileva,
2007; Raghavun & Vassileva, to appear) were inspired by the Common-Bond
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Theory and the Theory of Reciprocation (Fehr et al, 1998). While the evaluation
results of our approaches based on the Common Identity and Common-Bond
Theory were inconclusive, the reciprocation-inspired mechanism (Webster &
Vassileva, 2006) was successful in engaging users to develop reciprocal
relationships among each other. The theory of reciprocation (Fehr, et al 1998),
states that people generally tend to return favors received from others. We designed
a visualization that shows the relationship between the user (viewer) and the other
users with respect to the two sides of the relationship: how much the other user
tends to view the posts of the viewer and how much the viewer tends to view the
posts of the other user. We expected that realizing who views their posts would
trigger users to reciprocate by viewing / rating their posts in return. A controlled
study with nearly 80 users showed that the reciprocity visualization stimulated the
build-up of a significantly higher number of reciprocal relationships in the
experimental group than in the control group. More details are provided in

(Webster and Vassileva, 2006).

Summary

In summary, this section gave a broad overview of existing approaches, design
patterns and theories related to motivating participation in social applications.
There exist simple approaches and design patterns that have been shown to
successfully engage users, and are widely applied in the gamification of social
applications. Yet, these approaches are only able to ensure that users perform
certain actions and are unable to steer the social system towards a desirable overall
behavior. An approach using adaptive dynamic incentives guided by community
needs model and individual user models was presented briefly, that was
demonstrated to orchestrate a particular overall time- and activity pattern beneficial
for the entire community. Finally, some of the most often cited theories of
motivation that have inspired research on design of motivational patterns and
mechanisms, emphasizing those providing intrinsic and social motivation were

presented. The next section makes an attempt to outline future trends in the area.
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Future Trends

It is hard to predict the future for an area so closely connected to one of the
fastest growing areas of Computer Science — Social Computing. Yet, it seems safe
to outline several trends.

One clear trend, that has been ongoing for years now, is exploring further
which of the numerous contemporary theories of motivation in the areas of social
psychology and behavioral economics can be usefully applied in designing reward
mechanisms for particular types of communities.

A number of other trends concern the influences among different fields and
their tendencies for convergence (see Figure 2):

One trend seems to be a convergence between the area of incentive
mechanism design and the quickly growing area of design of persuasion systems.

Parallels exist between the design of user-adaptive systems and incentive
mechanism design, which can inspire more work on designing personalized
incentives and social visualizations using approaches developed in the area of open
user modeling.

Parallels exist also between the design of adaptive learning environments
and the incentive mechanism design, and a cross-fertilization may bring interesting

insights and useful new techniques to benefit both fields.

Psychology =~ Mobile/Ubi Social UM/ Areas
Computing Psychology Adaptation
\ / -7\ ---27
\ / — - — - A’ -
\ ,/ PO ISEL i 3‘ Sub-areas
. Incentive Mechanism
Persuasion ~ *¢---%
T~ __- Design
v &« = N fl .
Improving Health / Self-directed Application
. . areas
Environment learning

Figure 2. The existing (solid arrows) and possible future influences (dotted arrows)

between areas, sub-areas and applications.
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Exploring designs of mechanisms inspired by theories of motivation

A number of theories of motivation exist in the literature, which could possibly
inspire the design of incentive mechanisms for participation in online communities
(Ling et al, 2005). Apart from the Social Comparison Theory and Theory of
Discrete Emotions, mentioned in the previous section, researchers have started
exploring systematically approaches based on theories from the area of
Organizational Behavior, e.g. the Common Identity Theory (Ren et al., 2007), the
Uses and Gratifications Theory, the Organizational Commitment Theories (Lampe
et al, 2010). However, since theories of motivation have been developed in many
different fields, in addition to Psychology and Social Psychology, e.g. in
Educational Psychology, Organizational Science, Behavioral Economics, the
supply of relevant-looking theories is likely to warrant many years of research.

There are certain challenges ahead: incentive mechanisms that are applied in
a real community are rarely grounded on a single theory; usually they rely on
motivations along two or three theories in combination. It is therefore hard to
attribute success or failure to a particular theory. It is also very hard to control
external factors that can influence participation in unpredictable ways, e.g. certain
external events that may fascinate the community and trigger unexpected bursts of
participation, software or system failures that can kill participation if they happen in
a critical phase at the start. Moreover, the success of particular incentive
mechanism design in one community does not guarantee that the same mechanism
will be successful in another community, so there will be a great need of repeated
studies in different conditions to confirm earlier findings.

To avoid the long and laborious experimental design with many
uncontrolled variables in real online communities, there have been already attempts
to use computer simulation (especially Multi-Agent Simulation) to predict the
effect of specific incentive mechanism in a community with a certain distribution of
user types in the population (Mao, Grassmann & Vassileva, 2005), (Ren & Kraut,
unpublished manuscript). It would be natural to see also attempts for theoretical
modeling and formalization for very specific mechanisms under narrow constrains,

along the lines of game theoretic mechanism design.
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Convergence of Incentive Mechanism Design, Persuasion and

Personalization

The area of Persuasion, also called “Captology” by its creator, BJ Fogg (2003) has
been developing rapidly over the last few years, with the proliferation of smart
phones that can extend the scope of interventions in real contexts. The focus of
most researchers in the area of Persuasion is on influencing people to change their
motivation, attitudes, and real world behaviors for their own benefit (e.g. eat
healthier, exercise more) or for the benefit of the environment and their real
community (save electricity, share rides, etc.). A great number of theories of
motivation from the fields of Psychology and Social Psychology have been used as
a theoretical underpinning of persuasive interventions in various domains, mostly
health-related (healthy eating, exercise or smoke-cessation). Some of these theories
are (Consolvo, McDonald, Landay, 2009): the Goal-Setting theory, the
Reinforcement theory, Equity theory, Expectancy theory, Activation theory, Affect
perseverance, Attribution theory, Cognitive Dissonance, Self-Efficacy theory
(Bandura, 1997), Control (Choice) theory, Drive (or Drive Reduction) theory,
Endowed Progress theory, Cognitive Evaluation theory, Reactance theory, Positive
Psychology theory, and theoretical models of motivation, such as the Collective
Effort Model, the Trans-Theoretical Model, and others. Most of these theories and
models are related to the motivation of an individual to act in their environment,
which implicitly includes other people and communities, but they do not explicitly
address the motivation of a person to contribute to a community.

A level of personalization is usually present in most persuasive approaches,
e.g. the content of messages or interventions shown to the user changes depending
on sensor data (number of steps made during the day, blood sugar level or number
of heart-beats per minute, etc.). However, as Nguen & Masthoff (2010) argued,
there hasn’t been much work on selecting or adapting the persuasion approach and
the type of interventions to the user, which is surprising, since the most effective
behavioral determinants, behavior change techniques and modes of delivery depend
on the individual. Yet, we have seen a growing interest towards the area of
persuasion among user modeling researchers (Paris & Collineau, 2010),
(Berkovsky et al, 2010), (Freyne & Berkovsky, 2010), (Freyne et al, 2010),
(Kimani et al, 2010).
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The interventions (e.g. reminders, visualizations, personal agent’s
interventions) used by persuasion applications typically address the user in
isolation, based on predicted by the theory reaction of the user according to the
specific theory on which the approach is based. Recently, however, persuasion
researchers have started to include the user’s friends and family as actors in the
motivational interventions (Lin et al, 2006), (Khaled et al, 2006) and generally have
sought to engage the user’s social network as a source of persuasion (Munson et al,
2010). This can be seen as a trend towards convergence with the area of incentive
mechanism design for communities.

So it seems that in the future there will be a stronger cross-fertilization
between the areas of Persuasion and Incentive Mechanism Design: on one hand —
expanding the range of motivations to contribute not only to online communities,
but also to real ones, incentivizing users to engage in volunteering and civic action,
and on the other — mobilizing the user’s community and social network to help
users achieve their personal goals in real life, e.g. eat healthier, quit smoking,

exercise more, and engage more in common activities with their friends and family.

Convergence of the Areas of User-Adaptive Systems Design and

Incentive Mechanism Design

The purpose of incentive mechanisms is to change the state of the user (her
goals, beliefs, motivations), i.e. to adapt the individual user to the benefit of the
overall system or community. This is the opposite of the purpose of user-adaptive
environments, which is to adapt the system to the needs of the individual user (see
Table 1). Most work on incentive mechanism design can be viewed as orthogonal
to personalization, since it based on the assumption that a community needs not
personalized, but common rules for rewarding user behavior, to ensure fairness.

However, stepping up from the individual (micro) to the community
(macro) level, an incentive mechanism can be viewed an adaptation mechanism
towards the behavior of a community of users. It monitors the actions of the
community represented in a community model, or in a collection of individual user
models, and makes adaptations to the interface, information layout, or functionality
of the community, to respond to the changes in the user model according to some

predefined goal (e.g. maximizing participation). The parallels between adaptation
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mechanism in a personalized environment and an incentive mechanism in an online

community are summarized in table 1.

Table 1. Parallels between Personalization Mechanism and Incentive Mechanism

Personalization mechanism in user-
adaptive system (micro-level)

Incentive mechanism
in an online community (macro-level)

User model:
-individual user’s preferences,

interests, ratings, knowledge, goals...

Community model:

-community participation, represented
according to a certain set of metrics
Individual models:

- individual participation represented

according to certain metrics

Purpose of adaptation:
Optimizing system behavior towards
the individual user

- recommending content of
interest for the user,

- adapting interface to the
preferences / level of
knowledge/ experience /
current goal of the user,

- stimulating reflection in

user,...

Purpose of adaptation:
Optimizing system behavior with respect
to all the users in the system
- increasing the number and quality
of user contributions,
- binding the users in social ties,
- enticing users to commit to a
common goal,
- making the community self-
sustainable, ensuring growth and

stability...

Adaptation interventions:

- showing recommendations, sorting
list of search results, reducing
complexity of interface or text, visual

signaling, ...

Adaptation interventions:

- providing rewards for particular actions
(individually weighted),

-visualizing the community adaptively to

emphasize particular incentives

What follows from this parallel? User modeling researchers may focus their

attention on incentive mechanism design and community modeling as a more

general case of adaptation and user-modeling. There exists already some work on

group user modeling (UMUALI special issue on Group User Modeling in 2006).

While the design of user adaptive systems is often guided by insights from
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psychology, esp. cognitive psychology (in the case of adaptive learning
environments), the design of incentive mechanisms is guided by theories from
social psychology, organizational science and behavioral economics. Evaluation
methodologies used in the area of user-adaptive systems design will likely have to
be modified to be applicable in evaluating incentive mechanisms. The reason is that
it is extremely hard to do controlled studies in online communities. The effect of
the incentive mechanisms depends on the stage of the lifetime of the community
(Lampe et al, 2010) in which they are applied. While studies involving large
established communities are relatively easy to do (of course, if the researchers have
access to data-sets from such communities), they are of relatively lesser value for
practice, since the impact of incentives on an already established and active
community is not so vital, as it is in new communities that are just starting.
Attracting sufficient number of participants for experiments is harder since there
aren’t many users of the community at all. Yet the benefits of a mechanism that is

effective in the early phase are much larger.

Combining Different Incentive Mechanisms in One System

It seems logical that incentive mechanisms need to be personalized, because every
person has different motivations, depending on personality, gender, age, education,
stage in life, cultural background, interests, priorities, etc. As we saw in section 2,
most existing incentive mechanisms are not personalized. Even in the adaptive
rewards version of Comtella (Cheng and Vassileva, 2006) where the weights of
different activities (i.e. the rewards) depended on a model of the user’s previous
contributions, the mechanism as a whole was still the same for all users, geared
towards earning reputation, status and power in the community.

There is a good reason for having just one incentive mechanism in a
community: designing an incentive mechanism is like making the rules of a game.
Normally, all the players in a game are bound to follow the same rules. However, if
the game is complex enough, it has many rules and some players may choose to
follow mostly some of the rules, while not violating the others. For example, in a
massive multiplayer game, like World of Warcraft (WoW) players can choose
different roles and follow different goals and rules (Nardi and Harris, 2006).
Similarly, there may be several incentive mechanisms embedded in a community,

e.g. one targeting the people who are motivated by reputation, another one — for
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people mostly motivated by power, and a third one — for people motivated by
building balanced relationships with other users. While the resulting system will not
be necessarily “personalized”, it will provide an opportunity for users to choose and
pursue their intrinsic personal motivations and set their goals, accordingly. Yet the
introduction of different mechanisms in the same system is not straightforward.
Interactions between different incentive mechanisms can lead to mutual cancelling
out of their motivational effects, as some studies in Behavioural Economics show
(Ariely, 2008). The investigation of the motivational effects of different incentives,
their combinations and side-effects is currently an active area of research in
behavioral economics. Online communities design can contribute to this research
by providing a test-bed for implementing mechanisms according to certain theories
and observing how their effects play out in the community.

Social visualization is a good candidate for personalization. Erikson (2003)
postulates that “Everyone sees the same thing: no customization” for Social
Visualization, to ensure that the community has a common stage of action where
everyone can observe everyone else, and social norms can get established.
However, another one of his postulates states that the visualization does not need to
show exact data, and that some exaggeration or the opposite can be justified
depending on the goal. If the user is known to be competitive, a default social
visualization encouraging social comparison and emphasizing the difference
between the user and her peers in the dimensions of desirable action will be
probably a more effective motivator, than a social visualization encouraging social
bond and reciprocation. Yet, following the other Erickson’s principles, the user
should still have access to the other social visualizations, if multiple alternative

ones have been developed to motivate different types of users.

Bridging Open User Modeling and Social Visualization

Parallels exist also between the area of open user modeling and social visualization
(see Table 2). Open learner modeling (Bull, et al., 2007), has been an active
direction in user modeling for 15 years now. Most of the works in this area focus on
one-to-one systems aiming to open the learner model to the learner. With some

notable exceptions, e.g. (Mazza & Dimitrova, 2007; Ullman and Kay, 2007), not
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much has been done so far for multi-user systems, like collaborative learning

systems, e-learning systems and online learning communities.

Table 2. Parallels between Open User Modeling and Social Visualization

Open User Modeling, Interaction
Analysis, Social Network Analysis

Social Visualization

User model:

- individual user’s preferences,
interests, likes, dislikes,
knowledge, goals...

- user utterances

- communication acts between

Community model:

- community participation,
represented according to a
certain set of metrics

Individual models:

- individual participation

users represented according to certain
metrics
Purpose: Purpose of adaptation:

- stimulating reflection in user,

- recommending content of
interest, focusing attention on
important items to learn

- informing teacher / moderator
/manager about the class / group

/ team’s state.

- stimulating social awareness

- creating a stage for social events
to happen and social norms to
emerge

- ultimately, increasing
motivation, engagement,

participation

Adaptation interventions:
- emphasizing important areas

according to certain criteria

Adaptation interventions:
- visualizing the community adaptively

to emphasize particular incentives

The area of group or community modeling is still young. Group models can

represent interactions among members of a group, individual contributions or

relationships, or collaboration activities, stages, phases and processes (Soller,

2001). Just like opening up individual models, opening group models to the users

offers many advantages. It can help learners reflect on their progress in the

group context, understand the problems others face. By externalizing the social

model of the group, certain social norms are enforced and certain user behaviors are

observed (Sun and Vassileva, 2006, 2007).
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In the area of Computer Supported Collaborative Learning (CSCL) and
Computer Supported Collaborative Work (CSCW), a stream of research on
Interaction Analysis finds patterns in the interactive/ collaborative activities in the
group and represents the results in an appropriate way to the teacher / moderator.
Researchers in CSCW from the Human-Computer Interaction community have
produced a stream of work on social visualization, aimed at revealing a view of the
other users and their activities in the community to the users, so that they can self-
regulate their behaviors accordingly, mostly with respect to synchronizing their
activities. In fact, these researchers are doing open group modeling.

A generalization of Interaction Analysis in the context of larger networks
and communities is called Social Network Analysis (Spiliopoulu & Falkowski,
2007, Paliouras, 2012). It has emerged as an area with a similar goal, to analyze
data from user interactions and create maps of user relationships to inform
managers, community moderators, teachers and users themselves. Typically data-
mining techniques are applied in the analysis of large data-sets containing
interaction data from online communities (e.g. discussion forums or blogs),
organizations (e.g. organizational email archives), or collaboration networks (e.g.
from large archives of co-authored papers).

There is an obvious link between the areas of Interaction Analysis,
Community Visualization and Open User / Learner Modeling and the researchers
working in these areas can learn from the experience of the others. For example, the
question of how to represent visually the information from the user / group model
or the results of interaction analysis in a way that it is understandable and useful is
common for all these areas. Also common is the fundamental question which data
to open (visualize), which depends on the goals set for the community or
organization by its owner or manager (e.g. teacher, moderator, funding agency,

etc.).

Incentive Mechanism Design and Self-Directed Learning

With the availability of vast user-generated repositories of learning materials, many
see the future of education in self-directed, life-long learning (Collins and
Halverson, 2009). The main problem becomes to motivate the learner to explore the
available resources, participate in learning communities, and to maintain her level

of motivation until she achieves her goals. This makes self-directed learning a
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particularly interesting application area to deploy and evaluate persuasive
interventions and incentive mechanisms. Intelligent Tutoring Systems researchers
have leveraged increased engagement and learning by incorporating game-like
features (e.g. in Quest to Learn -www.q2l.org) within learning environments
(Burleson, 2005), (Jackson et al, 2009), (Rowe et al, 2010). However, instructional
planning on a macro-level has not been approached as a problem of persuasive
intervention design or incentive mechanism design. Using concept maps of the
subject area (Sosnovsky & Dicheva, 2009) and Al planning techniques, paths for
achieving particular learning goals can be generated. Previous work on course
sequencing and dynamic courseware generation (Brusilovsky & Vassileva, 2003)
can be used as a basis to inform content goal generation with integrated rewards to
generate personalized learning plans. They will appear to the learner as paths of
discovery in a game space, on a meta-level, creating curriculum-like structures of
learning challenges, augmented with incentives (e.g. reputation or status-based, or
credential-based), for achieving these challenges, adapted to the motivations (e.g.

intrinsic, extrinsic, social) that might exist in the individual learner.

Conclusions

An important issue that was not discussed in this paper yet is the ethics of
motivating people to stimulate particular behaviours. While it was implicitly
assumed that motivational and incentive mechanisms are designed for “good”
purposes, nothing prevents their exploitation for commercial purpose (we are
already seeing very high interest in gamification from companies), and for darker
purposes. One possible response (Kraut & Resnick, forthcoming) is that any design,
whether it has explicit purpose to motivate or not, is motivational to a certain
degree, since it shapes the user’s experience and interaction. So it is better to be
aware of this fact, and to responsibly include motivation in the design.
Motivating users to pursue particular goals or behaviors has gained importance in
several different research areas:

- the design of online community infrastructures requires building incentives
for participation in the interaction with the user, to deal with the cold start
problem and to ensure sustainability for the communities.

- the design of persuasive systems aimed to help motivate users to adopt

healthy lifestyles relies on understanding how to motivate users.
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- the design on learning environments seeks to tap into the underlying learner
motivations.

User modeling can play a key role in all these areas, since motivation is always
personal. The design if incentive mechanisms can include personalized rewards and
can adapt the rewards offered to the benefit of both the user and the entire
community. There are interesting challenges lying ahead for user modeling
researchers: investigating further how insights from theories of motivation and
participation from the area of social sciences can be applied to guide the design of
incentive mechanisms, how to adapt the motivational approach to the individual
without disturbing the effects of the general incentive mechanism in the
community, how to create models of groups and communities that can support
adaptive incentive mechanisms, how to design open group models and social

visualizations with particular motivational purpose.
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