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Abstract. This paper introduces Sharing-Mart (S-Mart), an online digital trading platform developed at Princeton University to perform social ﬁle sharing experiments on top of technological networks as overlays.
It describes the S-Mart system, the experiments conducted, and incentivization aspects which can be investigated using S-Mart. In the ﬁrst
part of the paper, the S-Mart system and the experiments conducted are
explained, and the economic behaviors and dynamics of package auctions run on S-Mart are described. The major experimental observation
that stands out here is that Internet users are less incentivized to share
content on competitive applications, whose success depends on the cooperation of other users in the system. To alleviate incentivization issues
in these applications, in the second part of the paper a mathematical
framework is proposed that derives user population threshold values,
which hint at the necessity of a certain base population strength in SMart for co-operation to take place amongst all the users. An outline of
two experiments to validate the theory is presented.
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1

Introduction

The combination of existing business models based on digital content and the
proliferation of Web 2.0 technologies such as blogs and social networking sites
(i.e., YouTube, Vimeo, and Flickr) suggests the potential and feasibility of a
market for user generated content. The value and demand for user generated
content is much more complex to quantify and raises several challenges that are
fundamental to classical economics. First, determining the value of user generated content is akin to monetizing information which is highly subjective and
therefore cannot be accurately deﬁned using a ﬁxed or marked price. Second,
classical economics emphasizes methods to eﬃciently allocate scarce resources
primarily comprised of private tangible goods. However, user generated content
within an electronic market place is more aptly characterized as a public or intangible good subject to multiplicity and abundance. To eﬀectively address these two
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challenges, an open market pricing mechanism is required to enable consumers
to provide the appropriate signaling function, specify preferences, and ration
resources. We have developed a fully operational online virtual money ﬁle sharing system, known as Sharing-Mart (http://sharingmart.princeton.edu),
which enables the transaction of digital goods using ﬁxed price and multi-winner
auctions. Sharing-Mart is the content equivalent of physical exchange markets
such as eBay and Amazon and provides the opportunity to examine many different theoretical dimensions of auction theory, which can be substantiated or
falsiﬁed through human subject experiments. In this paper, we touch upon the
following four important facets of the Sharing-Mart (S-Mart) system.
– We brieﬂy describe the Sharing-Mart system, its architecture, and the principles behind its operation. (See Section 2.)
– We give an overview of our experimental designs that were conducted on
the S-Mart system, i.e., we describe the auction games played by users in
each experiment and how subjects for the experiments were recruited via
Facebook. (See Section 3.)
– Through our experiments we study the economic behaviors and dynamics
of package auctions for public goods in a virtual economy. We also observe
through our preliminary experiments that cooperation amongst users (a desired property for the successful1 working of the system) is not perceived as
a dominant strategy, thereby indicating that our provided incentive to make
users sell/contribute, is not powerful enough. (See Section 4.)
– In order to overcome the problem of strongly incentivizing users to contribute
content, we propose voluntary as well as involuntary settings on the S-Mart
framework, which are both realistic and practically implementable, and promote users to contribute content unselﬁshly. We give an explanation of our
settings, and describe the computation of population threshold parameters
based on the settings. The population threshold parameters provide the SMart administrator with a valuable estimate of the mandatory presence of
a certain number of users for an application in the S-Mart system so that
the application is deemed eﬀective in regard to unselﬁsh content contribution. Our incentive settings and related analysis will also prove useful to
knowledge management system (KMS) networks [4,5,6], in which a major
challenge is to incentivize knowledge sharing amongst users by accounting
for the dynamics of competition and cooperation at an organizational level.
(See Section 5.)

2

Sharing-Mart System

Sharing-Mart is a virtual money based ﬁle sharing system developed at Princeton
University, which allows diﬀerent digital rights (e.g., view only, download, and
1

We emphasize here that for an application like sharing course notes, cooperation
amongst the users is essential for increasing the overall knowledge of students, although the application is inherently competitive. Thus, in such an application, students need to contribute/sell their knowledge content for the better working of the
system but may not, if strong incentives are not provided.
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resell rights) of various ﬁle types (e.g., video, audio, graphics and documents)
to be traded by means of diﬀerent transaction styles (e.g., marked price transactions and multi-winner auctions). S-Mart has recently been integrated with
Facebook to enable rapid and increased interaction and analysis of users within
the S-Mart social network. Anyone with a Facebook account can use their Facebook identity to access S-Mart. The Sharing-Mart system can be accessed, either
by visiting the main website http://sharingmart.princeton.edu and clicking
on the Facebook icon, or by adding the application to a user’s application list on
his/her main page within Facebook, by selecting the Sharing-Mart application
from the Application Directory. The ﬁrst time the system is accessed, a user will
need to complete a brief registration form which will also initialize the user’s
personal homepage or directory within the system. Subsequently, each time a
user accesses the application she will be presented with her personal login screen
which will display information regarding past purchases and sales of digital content as well as other statistics regarding usage and popular content. SharingMart has several features such as the ability to view the most popular content,
search for content, user statistics, and the ability to sell and purchase content
using online auctions. The full list of features as well as a user manual can be
found at http://sharingmart.princeton.edu/HTML-User-Manual-v1.htm.
The Sharing-Mart auction mechanism is implemented as a Vickrey-Clarke-Grove
(VCG) auction, and at the same time enables the sale of multiple objects similar
to package auctions [7].

3

Experimental Designs

In this section, we brieﬂy describe two experimental designs that we conducted
using the Sharing-Mart system. These experiments extend our previous research
(open only to Princeton students) [1], in which agent-based competition was
examined among seven graduate students at Princeton as a part of a homework
problem set. Further details regarding the experimental analysis in this research
are available in our technical report [20].
While auctions are generally competitive by nature, we further amplify the inherent competition through experiments which investigate the desire of students
to cooperate with other students by contributing their knowledge in the form
of digitized course notes. This allows us to not only examine diﬀerent auction
conﬁgurations such as package auctions [7] but also diﬀerent patterns of human
behavior.
3.1

Subject Recruitment

Subjects were recruited for two experiments from two undergraduate courses
in social networking and systems analysis and design. There were 25 student
subjects in each class. Additional subjects were also recruited using Facebook.
A user account on Facebook, Share Mart, was used to recruit one hop neighbors from 5 students. A total of 64 members joined the Share Mart group and
advertisements were broadcast to all Share Mart friends.
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Both experiments were based on a word game, and each subject was provided
with details of the experiment and rules for winning the game. Winners in the
ﬁrst and second experiment would receive a monetary reward of up to $50.00
and $25.00, respectively.
3.2

Game Description

The objective of the word game used in each experiment is to purchase and
correctly organize all the letters for a hidden word. Each subject is instructed
to sell and buy letters using an online auction in Sharing-Mart to collect all the
letters. The winner of the game received a monetary prize if she/he is the ﬁrst
player to determine the word, and/or the player who maximizes his/her token
balance by selling letters. Therefore, players can win the game by selling and/or
buying letters and there is no limit on the number of times each letter can be
sold.

4

Experimental Results

This section presents the results from two experiments in which subjects were
required to purchase and sell four diﬀerent ﬁles using the Sharing-Mart online
auction module. Each experiment consisted of two rounds with multiple auctions
in which subjects were required to purchase all the ﬁles. This type of auction
conﬁguration is most similar to a package auction [7]. The reason for designing
the game as a package auction or auction of multiple objects with two rounds
was to automate and simplify the process of generating items of interest for
all subjects, and to discourage subjects from bidding their entire token balance
in one auction. If the game consisted only of one auction, and the winner of
the auction received the reward, then every player would be incentivized to bid
his/her entire token balance to win the game and the demand function would
simply be deﬁned by the maximum token balance (all players have the same
initial token balance). Since the tokens are virtual currency and do not represent
any real value to the players, requiring players to purchase all ﬁles discourages
players from bidding their entire token balance for one ﬁle and encourages them
to sell the ﬁles they have won in previous auctions if their token balance drops
below a certain threshold. This is the basis for designing the game as a package
auction and motivating or incentivizing players to participate in the game. The
two rounds are used to “seed” the players with items of interest to all players and
then to let the dynamics of the game drive the activity in the system. In the ﬁrst
round the ﬁles were individually auctioned by the S-Mart Operator and subjects
were required to bid on each ﬁle. This process “seeded” the group with digital
content which would be in high demand by all players in the system. Since it is
highly unlikely that one player would win all auctions in the ﬁrst round, a player
who won and paid too much for a ﬁle would have to sell her ﬁle to replenish her
token balance in order to purchase the remaining ﬁles in the second round. This
motivated players to contribute to the system by selling their ﬁles and let the
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dynamics of supply and demand drive the activity in the system. Also even more
noteworthy is the implicit motivation for subjects to contribute content in the
second round. This corresponds to encouraging cooperation among players in
a competitive environment and is analogous to students contributing or selling
their course notes to other students in the same class. Incentivizing cooperation
is one of the main challenges in this research and also a main challenge for
many other ﬁle-sharing systems and is typicallly known as the free rider problem
[14,15,16,17,18,19].
The hidden word for Experiment I was “sink” and the hidden word for Experiment II was “calf.” In both experiments all subjects had the same initial token
balance. In Experiment I, all subjects had an initial balance of 1200 tokens and
in Experiment II, all subjects had an initial balance of 500 tokens. The letters
were sold in four separate auctions in Round 1 with diﬀerent initial prices (reserve prices). In addition, the reward for winning the game in Experiment I was
equivalent to $50.00 and the reward for winning the game in Experiment II was
$25.00. Details of initial price (I-Price) and ﬁnal price (F-Price) for Round I of
each experiment is provided in Table 1.
We have developed several research questions to examine the issue of incentivizing content contribution in competitive environments. Three research
questions form the basis for understanding economic behavior subject to the
experimental conﬁguration using the Sharing-Mart system. Our ﬁrst research
question, Q1, investigates the ﬁnal price subjects paid for content as a function
of the initial price charged for the content and the subjects’ token balances.
Speciﬁcally, are subjects with greater purchasing power ultimately more active
in the system, and are they more incentivized to engage in future contributions
compared to subjects who have less purchasing power?
Table 1. Initial and Final Prices for Experiments I and II
Auction# (Filename) Letter
1 (1.pdf)
N
2 (2.pdf)
S
3 (3.pdf)
K
4 (4.pdf)
I
Experiment
Round I

I-Price F-Price
16
450
14
550
11
600
19
850
I
Token Balance = 1200
Reward = $50.00
Keyword = “SINK”

Letter
F
C
A
L

I-Price F-Price
2
325
3
500
8
500
4
490
II
Token Balance = 500
Reward = $25.00
Keywork = “CALF”

Our corresponding ﬁrst hypothesis, H1, states: Subjects who pay more for
files perceive greater benefit and therefore will contribute/participate more in the
system. We therefore expect that since players in Experiment I had larger initial
token balances compared to players in Experiment II, the winners in Experiment
I would be more active participants in the game compared to the winners in
Experiment II. For Experiment I, subject 1 and subject 7 won the auctions in

158

C. Leberknight et al.

Round I and for Experiment II subject 7 and subject 12 won the auctions in
Round I. Based on the results from Figure 1a and Figure 1b it can be observed
that subjects who won auctions in the ﬁrst round did contribute/participate
more in the system compared to other subjects. Speciﬁcally, the results indicate
winners in Experiment I Round I were more active throughout the entire game
compared to the winners in Round I of Experiment II. This supports our ﬁrst
hypothesis and suggests individuals with a larger token balance may participate
more in the system compared to individuals with smaller token balances. We
may therefore expect that one parameter that may inﬂuence contributions to the
system is an individual’s token balance. Individuals with larger token balances
may have a greater perceived beneﬁt of using the system compared to individuals
who have smaller token balances. To conﬁrm this conjecture we might investigate
varying token balances across all users in the system to test whether subjects
are incentivized to participate based on their initial token balances.
A secondary goal of this research is to determine whether the economic behavior of players in the experiments follow real world patterns that are observed
in real economies and auctions. In a real economy it is expected that consumers
who have larger budgets will bid higher than those with a smaller budget if the
”true value” of the item auctioned is public information. Therefore, in these experiments involving the transaction of digital goods we expect that Experiment
I, with a reward of $50.00, will have higher ﬁnal prices than the Experiment
II with a reward of $25.00. That is, ﬁles will have a higher demand and consequently higher sale price in Experiment I compared to Experiment II. Based on
the results in Table 1, the average ﬁnal price over all four ﬁles is 612.5 tokens
in Experiment I compared to 453.75 tokens in Experiment II. Therefore, the
higher token balance in Experiment I of 1200 tokens resulted in a higher average
ﬁnal price (612.5) for all items compared to Experiment II which had a lower
token balance of 500 tokens and lower average ﬁnal price (453.75) for all items.
However, it is unclear thus far from the analysis whether the higher ﬁnal prices
were due to the higher reward, higher initial token balance or arrangement of
initial prices for each ﬁle. In addition, since the tokens merely serve as a proxy
for the reward, the analysis of the reward amount may prove more useful. As
a result, in future experiments the reward amounts will be reversed keeping all
other parameters (token balance, initial price sequence) constant. This will help
to clarify whether the reward amount or token balance is the stronger predictor
of ﬁnal prices.
Thus far, the analysis has examined only the activity corresponding to Round
I in which players were only allowed to purchase ﬁles. Round II accounts for situations in which players are free to choose whether they would like to purchase
or sell content. Even though the reward, token balance, and auction duration
are greater in Experiment I, there is more activity or demand in Experiment
II, Round II compared toExperiment I, Round II. This contradicts the previous
results observed between Experiments I and II in Round I. In Round I, longer
auction durations and higher initial token balances and reward amounts, are
associated with higher ﬁnal prices. Therefore, within group (Experiment I and
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II) demand was greater in Round I compared to Round II, but between group
demand (i.e. between experiments) demand was greater in Round I for Experiment I compared to Experiment II Round I, and less in Experiment I Round
II compared to Experiment II Round II. The diﬀerences in demand within and
between experiments for both rounds is presented in Figure 1. The total number
of bids per round and experiment is depicted in Figure 1. Here it can be observed
that a total of 66 bids were placed in Round II in Experiment II and only 46
bids were placed in Round II in Experiment I. In addition, the higher number
of bids within each experiment between Round I and Round II, undescore the
challenge of incentivizing users to contribute content. More people bid in Round
I when there were only buy options. In Round II, players could buy and sell and
there were fewer bids which suggest fewer players chose not to bid.
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Fig. 1. Total number of bids per round and experiment

To gain deeper insight and a possible explanation for the diﬀerence in demands,
the next step in this analysis examines the activity in Round II to explicitly understand why lower values (token balance, reward amounts and auction durations)
generated more activity in Round II, Experiment II compared to Round II, Experiment I. An analysis of the number of bids per ﬁle per round and the number of
times ﬁles were sold per round is provided in Figure 2. The results highlight which
ﬁles were in greatest demand and the saturation of ﬁles in the system. While the
results indicate there are fewer bids in Round II of Experiment I compared to
Round II in Experiment II, Figures 2(a) and 2(c), also illustrate that there were
more winners in Round II of Experiment I compared to Round II in Experiment
II, Figures 2(b) and 2(d). The larger number of transactions or bids observed in
Round II of Experiment II suggests that demand for the ﬁles was greater compared to the demand for ﬁles in Round II of Experiment I. This is because even
though the incentive was lower in Experiment II (i.e. the rewards was $25.00 compared to $50.00 in Experiment I) it is likely that more bids were placed based on
the observation that there were fewer winners. That is the supply of ﬁles in the
system was lower for Experiment II, Round II compared to Experiment I, Round
II. Fewer winners sggests the market was not as saturated with ﬁles since fewer
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subjects obtained the ﬁles which. According to the fundamental principles of supply and demand a lower supply is typically associated with a higher demand and
higher price. An analysis of the ratio of the average initial prices to the token balance conﬁrms that the behavior observed in these experiments corresponds to the
expected behavior in a real economy. Speciﬁcally, since the ratio in Experiment II
Round II is 16.8% compared to a ratio of 12.58% in Experiment I Round I, average
initial prices for ﬁles relative to the respective initial token balances demonstrate
that greater demand does indeed correspond to higher prices for intangible goods
such as digital content.
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Fig. 2. Number of bids vs. ﬁles sold

Our analysis now shifts focus from investigating the issues surrounding content
contribution to examining the activity associated with winners of the game. Our
ssecond research question, Q2 is: Do players that bid the most number of times
win the game?. This question is examined with the corresponding hypothesis,
H2, which claims the higher the number of bids the higher the probability of
winning the game. The intuition is that more aggressive or motivated players
will bid more during the auctions compared to players who are less motivated,
and are therefore more likely to win the game. However, we see that the three
winners of the game in Experiment I, Figure 3(b) are subjects 8, 9 and 12 and
only subject 8 is among the top three players who bid the most number of times
(Figure 3(a) subjects who bid the most are subjects 7, 8 and 11). In Experiment
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II also showed similar results. In Experiment II there was only one winner,
subject 7, who was not among the subjects who bid the most number of times
(Figure 3(c) and 3(d)). This suggests that other factors or behavior may have
contributed to winning strategies.

Experiment I

Experiment I

Total # of bids per player

Total # of times players won an auction
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(a)
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Fig. 3. Number of bids vs. number of auctions won

5

Incentivizing User Cooperation

The major experimental observation that stands out from our experimental results in the previous section is the challnege of calibrating a proper incentive for
motivating Internet users to share content in competitive applications, whose
success depends on the co-operation of other users in the system. In this section,
we propose a mathematical framework that derives user population threshold
values, which hint at the necessity of a certain base population strength in SMart for co-operation to take place amongst all the users. We compute (1) the
contributor threshold value (CTV), which is deﬁned as the minimum number of
S-Mart users required to contribute valuable content (without any social inﬂuence) for all the S-Mart users to willfully contribute valuable content on a given
topic, and (2) the socially influenced population threshold (SIPT), which we deﬁne to be the population of S-Mart users on a given topic required, in order to
maximize the incentive of each S-Mart user to contribute valuable content on
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the given topic. Complete details regarding the notations and derivation of CTV
and SIPT are available in our technical report [20]. We describe our application
setting as applied to the S-Mart system. Next, we outline two experiments that
we wish to conduct in the near future, to validate the theory as proposed in the
mathematical framework.
5.1

Application Settings

We assume the following two types of settings: 1) S-Mart users share content on
a particular topic without experiencing any regulation, social inﬂuence, quality
demands, or central monitoring. This implies that S-Mart users may or may
not contribute content, depending on their free will, and social friends of SMart users logged on to S-Mart cannot inﬂuence their friends to contribute.
Content, if contributed by S-Mart users could be of any quality, and there is no
central monitoring taking place to test S-Mart user misbehavior. By the term
”misbehavior”, we mean either ”withholding” behavior, or ”cheating” behavior,
i.e., contributing useless content, despite having good content. This setting is
realistic of applications such as casual course notes sharing amongst students,
where there is no pressure on anyone to contribute and 2) S-Mart users share
content on a particular topic without any regulation, but there is a central
monitoring system in place to detect2 with a certain probability of success on
whether S-Mart users withhold information or share low quality content despite
having good quality content. Once user misbehavior above a certain level is
detected, the S-Mart system can impose certain punishments on all the S-Mart
users interested in a given topic. We will discuss punishments further in Section
5. In this setting, S-Mart users may be inﬂuenced by social friends on not to
withhold information so as to avoid global punishment laid down by S-Mart
on all users relevant to a given topic. We assume here that social inﬂuence
always motivates users to act altruistically. This inﬂuence can be exerted via
Facebook like social sites, given that the S-Mart application is embedded in a
social networking site. An example of an application ﬁtting this setting is faculty
administered collaborative learning. In this application, students of a class (ex.,
MATH 101) share course documents (related to homework sets) with other fellow
students, and are awarded positive points for sharing valuable content, but the
whole class gets negative points for exceeeding a certain degree of misbehavior
(if detected)3 . The points contribute to the ﬁnal grades of the students in the
class.

2
3

The system can detect misbehavior based on information from other users, or by its
own monitoring.
Punishing everyone is a strategy to induce each user to contribute valuable content.
Given that users are generally social and that Facebook like social websites can host
an S-Mart application, it may not be that diﬃcult to identify users who have cheated.
Eventually the cheaters would end up losing their social value amongst friends due
to the whole class suﬀering because of them.
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Computing CTV

Suppose there are n Sharing-Mart users comprising of content producers and
consumers, on a certain topic of common interest. We assume that each producer
in S-Mart has a certain initial amount of content with itself regarding the topic.
Producers could be consumers and vice-versa. By the term ’topic’, we refer to a
subject, information about which is useful to the members of S-Mart interested in
the subject, ex., the topic could be Lagrange Multipliers in a MATH 101 calculus
course. Let Ui (N C|γ) be the utility of a non-cooperative user, i, in S-Mart,
when γ members in S-Mart decide to contribute content on a topic. Here, a noncooperative user is an S-Mart user who either withholds information or provides
low-quality content inspite of having better quality content. The contributors are
assumed to be altruistic and share the best content they have with the S-Mart
users. Similarly, we denote by Ui (C|γ) the utility of the same non co-operative
user, i, in S-Mart, when it turns co-operative (contributes), and γ members in
S-Mart decide to contribute something on a topic. Throughout the rest of the
paper, we use the terms ‘co-operation’ and ‘contribution’ interchangeably. We
state the following relationship on an individual level:
Ui (N C|γ) > Ui (C|γ), 0 ≤ γ < n.

(1)

The above inequality states that on an individual level, a non-cooperative SMart user is better oﬀ withholding content rather than sharing it with others,
as it diminishes the user’s strategic advantage. By withholding content, a non
cooperative user enjoys all the beneﬁts of other’s contributions without giving
anything away itself.
However, on the group level we derive the following relationship:
Ugrp (0) < Ugrp (k), kt < k ≤ n.

(2)

This equation implies that a group of size k greater than a threshold kt , beneﬁts
in co-operation more that when no one in the group co-operates, because if
everyone were to withhold content, there would be no beneﬁt to the group, and
in turn to any individual. We consider a group utility function to be the utility of
S-Mart system. Thus, from equations (1) and (2), we observe that a user will not
want to contribute individually, but might not beneﬁt anything if all members
in the group behave in the same manner. In this section, we propose a way to
reverse the sense of inequality (1) such that S-Mart members are individually
incentivized to contribute valuable content for the beneﬁt of the system.
An individual user i’s utility function when it contributes
Ui (C) = di · N U Ci − fi

zi

j=1

cij = Bi − fi

zi


cij .

(3)

j=1

It is evident that when user i decides to be non-cooperative, its utility function,
Ui (N C) equals di · N U Ci = Bi . Thus Ui (N C) > Ui (C). En-route to computing
Contributor Threshold Value (CTV), we execute the following two steps: 1)
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We derive kt , the minimum number of S-Mart users amongst the n users, whose
positive contribution results in the group utility being more than the utility when
none of the users co-operate, i.e., Ugrp (0). kt from equation 2 arises due to the
fact that contributing content places a cost on users, and as a result the beneﬁt
due to co-operation amongst a certain number of users should exceed the cost of
contribution before any group activity to take place and 2) Having executed step
1, we ensure that contribution is eﬃcient on the group level beyond a certain
size. However, it does not help reverse the sense of inequality (1). In this step,
we propose a system that provides bonuses to users who contribute, such that
they can be compensated for their contribution costs. The system reverses the
sense of inequality (1) and individually incentivizes S-Mart users to contribute
content.
We omit the detailed derivation steps to computing CTV due to lack of space.
The reader is referred to [20] for more details. In a system with n users, in which
each user has z units of content about a particular TOI, each with identical value
v; each user incurs a cost c for contributing a unit of content and contributes a
fraction, f of its total accumulation; the degree of content overlap between any
two users on a particular TOI is cov, and the degree to which any user i gains
from N U Ci is d; and the events of content overlap between users i and j, and
between users i and k are statistically independent, the closed form expression
for CTV is given as
2c
))
ln(1 − cov(1 + vd
(4)
CT V =
ln(1 − cov)
Sensitivity Analysis. Based on the CTV expression, we observe that CTV values
increase with increasing vc values. This is intuitive as the cost incurred by a user
for sharing topic information increases w.r.t. the beneﬁts obtained, and as a
result users are less incentivized to contribute and the critical number increases.
We also observe that CTV values increases with increasing d values. This result
is intuitive as well because higher values of d imply that a user beneﬁts more
from the shared information pool and this happens only when the critical number
increases.
5.3

Computing SIPT

In this section, we study the role of social influence and S-Mart punishments
in ensuing co-operative behavior amongst S-Mart users in socially selﬁsh applications (e.g., sharing course notes/lectures). It is evident that if every S-Mart
user w.r.t to a TOI contributes, we are guaranteed a successful operating S-Mart
system with every user doing its best to help the other users gain knowledge.
However, in reality this is hardly the case. Users are non-cooperative by nature
and do not want to share valuable content with others. In such situations, social
inﬂuence from friends, or imposing punishments upon detecting selﬁsh behavior
could change user mindset in favor of contributing valuable content. Given the
tremendous popularity of social networking websites, its not diﬃcult to embed
and administer educational S-Mart applications on a site like Facebook (refer
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to application setting 2 in Section I). In such cases, it is important that each
user is incentivized to contribute for the beneﬁt of the whole system. The entire system could represent a course in an university, in which one of the main
goals of the instructor is to facilitate collaborative learning amongst students
for altruistic knowledge dissemination. In this section, we compute the socially
inﬂuenced population threshold (SIPT), which we deﬁne to be the number of
members(users) needed in a system functioning on the S-Mart framework such
that each user in the system is maximally incentivized to co-operate.
Let Wi be the probability that user i withholds or cheats on valuable information. Let Di denote the probability that the S-Mart system detects this
misbehavior. We deﬁne Pi to be the probability that user i withholds information and the system (we use the term ‘system’ and ’S-Mart system’ interchangeably) detects it. We assume independence of the events that users cheat
and the system detects, and denote Pi to be the product of Wi and Di . We
also assume that the S-Mart system imposes a punishment if it detects any user
misbehaving.
Thus,the probability P that at least one user withholds content
n
1 − i=1 (1 − Wi · Di ). Given that the system punishes all the users once it
detects any misbehavior, a user could either be 1) insensitive to any punishment, or 2) concerned about the punishment. Let Uinc denote the utility of a
user not concerned with punishments imparted by S-Mart. We formulate Uinc as
(Ui + P Mi )P + Ui (1 − P ), where Ui denotes the individual utility of an S-Mart
user when it decides to co-operate, i.e., Ui (C), or the utility when it chooses not
to co-operate, i.e., Ui (N C), and P Mi < 0 is the punishment imparted to user
i by S-Mart. A user concerned with punishments would try its best to avoid it.
Individually, he would not want to cheat, and would also want others not to
cheat. One way a user could prevent others from misbehaving is by inﬂuencing
its friends, who in turn inﬂuence their friends, and so on. Given that the SMart application is embedded in a social networking site friend inﬂuence should
be possible. Let Uic denote the utility of a user concerned with punishments imparted by S-Mart. We formulate Uic as (Ui +P Mi −CSIi )P  +(Ui −CSIi )(1−P  ),
where Ci is the social inﬂuence index of user i, where Ci  [0, 1]. This quantity
indicates the degree to which a user is inﬂuenced by his friends to not withhold
valuable content for the beneﬁt of S-Mart. CSIi denotes the cost to user i for
not withholding valuable information/content due to social inﬂuence, when in
fact he would have preferred selﬁsh behavior without the social inﬂuence. P  is
the probability that at least one user, after being socially
inﬂuenced, is caught
n
misbehaving in the system. We denote P  by 1 − i=1 Wi · (1 − Ci ) · Di . The
diﬀerence in utility, Uidif f , between user i’s mindset of being concerned and
unconcerned about S-Mart punishments is given as
Uidif f = Uic − Uinc .

(5)

A user prefers being concerned about punishments to being unconcerned if
Uidif f ≥ 0. We perform an utility analysis and derive the value of SIPT as
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SIP T =

ln(1−W ·D)
ln{ ln[1−W
·(1−C)·D] }
·(1−C)·D]
ln{ [1−W
}
1−W ·D

(6)

The details of the derivation is omitted due to lack of space. The readers are
referred to [20] for further details.
Sensitivity Analysis. Based on the SIPT expression, we observe that SIPT values
decrease with increase in the values of D. The intuition behind this result is the
fact that with increasing values of D - the detection probability, the users would
willingly contribute for the fear of punishments, even in the case of a low number
of users present in the system. We also observe that the SIPT values decrease
with increase in the C values. This result is also intuitive as with increasing
social inﬂuence, it requires fewer of users to be present so as to maximize user
willingness to contribute content. However, we see that the SIPT values increase
with increase in W because an increase in the withholding probability of users
implies the requirement of greater number of users in the system to maximize
user willingness to contribute content.
5.4

Future Experiments

In this section we give an experimental outline of how to go about determining
CTV and SIPT values empirically. Our goal of conducting the experiments is to
validate the theory proposed in the mathematical framework.
Experiment outline to measure CTV: Assume a class assignment, for which students are required to write a class report regarding a given topic. (E.g., a survey
paper on routing protocols in wireless networks.) The students are evaluated
based on the quality of the report, which is determined by the number of salient
points in the report. Apart from some very common information, students would
vary w.r.t. one another in terms of topic points. We assume that there is a class
organizer such as the Professor or the teaching assistant (TA). We plan to conduct the experiment in two rounds. In the ﬁrst round, the Professor/TA gathers
topic points separately from each student. In the second round, the Professor/TA creates an online discussion board, in which students could share their
topic points. The sharing is not made compulsory; however, if students share
their knowledge, they are awarded a certain number of points for their contributions. The ﬂip side to this beneﬁt is that students might lose a competitive
advantage to other competitors. We measure this loss of advantage in terms of
a cost. The CTV value could be estimated by the Professor/TA in the second
round by observing the rate at which students upload content points. We expect
a sudden surge of content uploads over time. We need to keep track of the time
when the surge occurs, and identify the number of users just before the surge
occurs. This number will give us an estimate of the CTV.
Experiment outline to measure SIPT: We design a similar experiment to measure
SIPT. The only diﬀerence is that we incorporate social inﬂuence, misbehavior
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detection, and punishments. Social inﬂuence is a natural property and is not
within the control of the Professor/TA. We assume here that a student may
be positively inﬂuenced through chat or Facebook like mechanisms to willfully
contribute content. We capture misbehavior detection via student complaints
to the Professor/TA about someone having information and not sharing it, or
someone willfully sharing wrong information. Punishments are computed in the
form of points deducted from every student in the class. Similar to the experiment
to measure CTV, the experiment here will have two rounds and the Professor/TA
can estimate the SIPT from the second round by observing the contributing
population count at the time when a surge of content contribution occurs.

6

Conclusion

In this paper, we have described Sharing-Mart, a virtual ﬁle sharing platform,
and have investigated whether similar economic behavior is observed in the virtual economy as in a real economy. Two research questions and hypotheses (H1,
and H2) have been presented to understand the economic behaviors and dynamics of the package auction for public goods using the Sharing-Mart system.
H1, which states subjects who initally pay more for content are more likley to
particiapte more in the system compared to subjects who pay less, appears to
be true. However, analysis of the results for H2 indicate the hypothesis is not
supported. Therefore, while higher bid amounts may correpsond to high activity or participation the most active bidders and users who paid the most for
content do not necessarily win the game. The experimental observations also
highlight the challenge of calibrating proper incentives to motivate participation
and content contribtuion in competitive applications, whose success depends on
mutual cooperation amongst the users. To alleviate this problem we have proposed a mathematical framework that derives user population threshold values,
which hint at the necessity of a certain base population strength in S-Mart for
co-operation to take place amongst all the users.
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