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Social sharing of information goods—wherein a single good is purchased and shared through a network of
acquaintances such as friends or coworkers—is a significant concern for the providers of these goods. The

effect of social sharing on firm pricing and profits depends critically on two elements: the structure of the
underlying consumer network and the mechanism used by groups to decide whether to purchase at a given
price. We examine the effect of social sharing under different network structures (decentralized, centralized,
and complete), which reflect a range of market conditions. Moreover, we draw from the mechanism design
literature to examine several approaches to group decision making. Our results suggest that a firm can benefit
from increased social sharing if the level of sharing is already high, enabling a pricing strategy targeted primarily
at sharing groups rather than individuals. However, the point at which sharing becomes marginally beneficial
for a firm depends on both the distribution of group sizes (which derives from the network structure) and the
group decision mechanism. Additional insights are obtained when we extend the model to capture homophily
in group formation and the potential that a subset of consumers will never share for ethical reasons.
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1. Introduction
Sharing of information goods is not a new pheno-
menon, but until recently, its scope has been limited.
Historically, information goods such as music, stock
quotes, and university-course content were inexorably
attached to the CDs, newspapers, and classrooms
through which they were delivered. Today, many
information goods can be digitized and separated
from their physical media, and the nonrivalrous
nature of the digital format allows for broader shar-
ing among multiple simultaneous users. As noted
by Gopal and Sanders (1998), Varian (2000), Peitz
and Waelbroeck (2006), and others, it is now easy
for groups of consumers—whether they be family
members, friends, or colleagues—to share informa-
tion goods, with each consumer contributing to the
goods’ costs.

For example, whereas single newspaper subscrip-
tions have long been shared within families, the shar-
ing of a password for a subscription news website is
much less constrained (Hwang et al. 2009). Sharing of
passwords to online accounts has been documented
in music services (MusicAlly.com 2005), the real estate
multiple listing service (Messmer 2009), financial

analyses (Pritchard 1998, Burton-Taylor International
Consulting 2009), online supply chain exchanges
(Wilson 2008), and sports services (Romenesko 1997).
In the case of online music services, Stubblefield and
Wallach (2000, p. 2) note that “[o]f likely concern
to the recording companies, users can trivially share
passwords and 0 0 0 could easily pool their money, pur-
chase individual copies of music CDs 0 0 0and then the
whole cartel can access the music.” Similarly, many
financial analysts fear that putting stock tips online
would lead to lost revenue, as “too many small inves-
tors would club together to share a subscription to
the site” (Pritchard 1998). Indeed, the Financial Times
recently sued a major equity firm for alleged shar-
ing of log-in information among colleagues (Herman
2009), and specialized software has been developed to
help combat such activities (Messmer 2009).

In this paper we examine the impact of social
sharing of information goods such as subscription
websites on the pricing and profits of the producer
of the good. We define social sharing as sharing
of goods through a network of social acquaintances
(coworkers, friends, etc.). This is in contrast to anony-
mous sharing, exemplified by several well-publicized
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peer-to-peer networks in which goods are relayed
through an anonymous online proxy. Anonymous shar-
ing over peer-to-peer networks has increasingly been
reduced via technical means (see, for example, Smith
and Fowler 2011), whereas social sharing is more
difficult to combat. The result is that social shar-
ing, although perhaps receiving less media attention,
is substantially more damaging to firms—for exam-
ple, the value of financial information illegitimately
accessed through shared accounts each year is esti-
mated at $8 billion (Burton-Taylor International Con-
sulting 2009). In addition, social sharing differs from
anonymous sharing in terms of how the costs of the
acquired goods are divided among those who share it.
Although free riding is a potential issue in anonymous
sharing networks,1 social sharing groups can easily
solve free riding issues by excluding noncontributors.

Social sharing of information goods need not be
troublesome from a firm’s perspective. This is parti-
cularly true when firms are able to price discriminate
between sharing groups and individual consumers.
Owners of information property have often con-
fronted sharing with substantially higher prices. Jour-
nals are typically sold to libraries at much higher
prices than individual subscriptions (Ordover and
Willig 1978). Similarly, intertemporal price discrimina-
tion was used by firms to charge video rental stores
many times the price charged to home consumers for
movies (Mortimer 2007). These higher prices partially
appropriate multiple users’ values of the shared prod-
uct (Liebowitz 1985). However, whereas libraries and
video rental stores are easily distinguished from indi-
viduals, in contexts such as password sharing among
colleagues, groups of consumers can essentially form
their own private libraries, rendering such price dis-
crimination impossible.

We take a graph-theoretic approach to modeling
social sharing group formation, using well-established
social network structures to represent potential con-
nections among consumers. A consistent finding
across theoretical, behavioral, and empirical studies is
that the “ring” and the “star” structures—represen-
ting decentralized and centralized networks, respec-
tively—are appropriate stylized representations of the
types of social networks used for sharing informa-
tion goods. We consider both of these structures, as
well as a “complete” network, in which each person
is equally likely to form a direct link with every other
person. Next, using the mechanism design literature,
we consider two possible decision mechanisms within

1 It should be noted, however, that technical strategies such as
rewarding users who share with faster download speeds, some-
times to the complete exclusion of nonsharers (Hughes et al. 2005),
have reduced free riding in peer-to-peer settings to as little as 5%
in some cases (Andrade et al. 2005).

groups—where group members truthfully reveal their
valuations in an attempt to raise enough funds (effi-
cient mechanism) and where they actively seek to
understate their valuations by insisting that all group
members contribute equally (equal-pay budget-balan-
cing mechanism). The decision-making process emp-
loyed might be driven, for example, by the nature of
the social relationship between group members (e.g.,
family members versus coworkers).

Our main results and their implications for mar-
keting managers can be summarized as follows. First,
although managers might typically assume that incr-
eased social sharing is detrimental to profits, we show
that this need not be the case if they set prices accord-
ingly. In fact, regardless of the underlying network
structure, if sharing is already widespread, then addi-
tional sharing always increases firm profits. This is
because higher levels of sharing result in a consolida-
tion of the market, which makes it easier for the firm
to target its price toward sharing groups rather than
individuals. Once prices can be targeted to groups,
additional sharing (i.e., more group formation) increa-
ses firm profits, and thus efforts to combat it might
not be justified.

Second, we show that understanding the underly-
ing structure of the consumer network can help man-
agers determine the likely impact of sharing and their
optimal response to it. If the consumer network is cen-
tralized, then the market will consolidate more quickly
as sharing increases, and the switch to group pricing
will occur at lower levels of sharing activity. Thus,
firms facing a centralized network of consumers are
more likely to benefit from sharing than those fac-
ing a decentralized network. This differential effect
of network structure is particularly useful based on
empirical studies that have identified market condi-
tions under which a particular network structure is
likely to evolve. For example, the findings of Baker
and Faulkner (1993) suggest that a centralized (decen-
tralized) network may evolve in a market wherein
there is a low (high) need for concealment of shar-
ing activities. Because the need for concealment may
be a function of the strength of a particular market’s
antipiracy laws, our results suggest that managers
should consider the stringency of the regulatory envi-
ronment when determining their responses to social
sharing of their products.

Third, we show that managers should seek to
understand how their consumers collaborate within
groups to decide whether to purchase a good and
share it. We find that firms are more likely to bene-
fit from sharing when groups use an efficient decision
mechanism, such as when family members or friends
willingly reveal their true valuations to each other
and cooperate to make a purchase. On the contrary,
groups of consumers less inclined to be truthful about
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their valuations might use an equal-pay mechanism—
for example, financial professionals sharing access to
expensive reports or real estate agents sharing multi-
ple listing service access. Our results imply that efforts
to combat social sharing are more suited to the latter
examples. Finally, the interaction of the network struc-
ture and the group decision mechanism add several
nuances to our main findings.

Our base model assumes, following the graph-theo-
retic literature, that all possible connections between
consumers are equiprobable and that sharing always
occurs across realized links. Additional insights are
obtained in §6 from several relaxations of these assum-
ptions. First, we consider homophily, where a group is
more likely to contain similar consumers than dissim-
ilar ones. Whereas correlation among group members’
valuations reduces the benefit of statistical averaging
of those valuations, we show that, surprisingly, shar-
ing in homophilic groups may nevertheless enhance
profits. Second, we examine the effect of a subset of
consumers who refuse to share despite opportunities
to do so, perhaps because of ethical concerns. We show
that the growth of this ethical consumer segment may
actually decrease profits, as it constrains a firm from
pricing optimally for groups who do share. Across the
core model and extensions, and from a methodologi-
cal perspective, we show that firm profits depend on
both the distribution of group sizes arising from the spe-
cific network structure and the group decision mech-
anism. Thus, optimal pricing can be pursued even
without in-depth knowledge of the network structure
by instead focusing on the proportion of consumers
who share the good and the number of consumers
with whom they share.

To our knowledge, this is the first paper to analyze
the pricing and profit implications of sharing infor-
mation goods within groups while explicitly consid-
ering the social network structures that give rise to
the groups and the group decision mechanisms that
determine whether a purchase is made. In formulat-
ing our model and its extensions, we draw on a broad
set of literatures, as described in the next section. Our
unique approach to this problem enables us to pro-
vide new insights for managers who are interested
in how social network structures and group dynam-
ics should inform their firm’s reactions to sharing
among consumers. We also provide a novel modeling
framework for marketing researchers that uses graph
theory to incorporate social networking concepts into
pricing models.

2. Related Literature
This paper relates to the extant marketing and infor-
mation systems literatures on sharing digital products.
Much of this research has focused on the network

effects of sharing. Conner and Rumelt (1991) and Shy
and Thisse (1999) show that copying software may
have a positive effect on a monopolist’s profit when
markets exhibit network externalities, such as word-
of-mouth information transfer from a larger installed
base (see Givon et al. 1995). Sharing may also allow
for product sampling before purchase (Bhattacharjee
et al. 2003). More recently, Jain (2008) analyzes digi-
tal piracy in a competitive market. With competition,
sharing by price-sensitive consumers results in higher
equilibrium prices for all firms, which may outweigh
any negative effects of piracy. Whereas the above-
mentioned models require either network effects on
the consumer side or competition-softening effects
on the firm side to obtain positive effects of sharing for
a firm, in this paper we show that profit gains can be
possible in a monopolist setting as well, even without
network effects.

Also related to this paper are studies on deterrents
of digital piracy, such as improved functionality of
legal websites, perceived risk from piracy, and concern
for social norms (Sinha and Mandel 2008); or drivers
of piracy, such as higher prices (Cheng et al. 1997).
In one of the first papers to address group formation
to purchase information goods, Gopal and Sanders
(1998) assume that consumers deterministically form
into identical groups of optimal size given the pricing
and control decisions of a firm. In reality, heteroge-
neous groups are likely to form, depending proba-
bilistically on the underlying social network structure,
as described in our model setup below.

Our work also relates to the economics literature,
where prior research has shown that the sharing of
information goods can lead to higher profits for firms
(Bakos et al. 1999, Varian 2005). Peitz and Waelbroeck
(2006) provide a comprehensive survey of the eco-
nomics literature on illicit sharing. Most closely related
to our work is Bakos et al. (1999), who show that
firms can profit from consumer sharing because shar-
ing “reshapes demand” by summing the valuations
of consumers in groups. Because the sum of valua-
tions exhibits less variance than the valuations them-
selves, this enables firms to increase profits. We show
that this profit effect depends on both the structure of
the underlying social network and the decision mech-
anism employed within groups. The reduction of vari-
ance within groups is accompanied by an increase in
variance across groups as groups of different sizes
form. The implications of sharing depend on which
of the two effects dominates. Building on Bakos et al.
(1999), our paper is the first to consider explicitly
how sharing groups might arise. Moreover, whereas
Bakos et al. (1999) make the common assumption
that groups fully aggregate members’ valuations, we
also consider inefficient decision mechanisms, which
may more accurately reflect many real-world groups.
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Finally, Bakos et al. (1999) assume that all links
between consumers are equally likely; however, we
also consider the case of homophily, or preferential
attachment between people with similar valuations,
as well as the possibility that some subset of con-
sumers will not consider sharing at all.

In the following section we develop our model
and describe in detail our approaches to modeling
both consumer network structures and group decision
mechanisms.

3. Model
We consider a monopolist producer of an information
good faced with consumers who may share the good
via a social network. We begin with a simple example
to highlight some of the intuition of the results that
follow. Consider a marketplace consisting of three
consumers who value a particular good at $11, $12,
and $16, respectively. In the absence of sharing, the
profit-maximizing firm would set a price of $11, earn-
ing a profit of $33 (ignoring production costs). If shar-
ing is a possibility, there are five different network
structures that could be realized. First, each consumer
can be independent, as considered above. Second, the
three consumers could form a single group, purchas-
ing and sharing a single copy among themselves.
In this case, the firm could charge a maximum of $39,
the sum of all consumer valuations, in the best-case
scenario where a group fully aggregates the values
of its individual members. Thus, selling to a single
group of consumers allows for higher profits than
selling to each consumer individually.

Finally, three other configurations allow two of the
three consumers to form a group: (i) ($111$12), $16;
(ii) ($121$16), $11; and (iii) ($111$16), $12. If (i) is real-
ized, the firm selects a price of $16 at a profit of $32,
as the group purchases a single good to share. The
corresponding price and profit for (ii) and (iii) are
($281$28) and ($271$27), respectively. In this example,
any of these three consumer configurations results
in lower profits than the firm selling to independent
consumers. Here, although each group aggregates its
members’ values, the heterogeneity in group sizes
reduces profits.

The above-mentioned example is oversimplified in
three important ways. First, in reality the firm can-
not observe individual consumer valuations. Second,
the firm cannot observe the sharing groups that have
formed—instead, it must set a price that is opti-
mal given the probabilistic formation of all possible
groups. Third, group valuations need not always fully
reflect the sum of members’ valuations. We address
the first point by modeling each consumer’s valua-
tion of the good as a random variable. Our approach
to the the second and third points is described in the

following subsections, where we discuss and formal-
ize both the social networks that give rise to sharing
groups and the decision mechanisms that groups use
to make purchase decisions.

3.1. Consumer Networks
A social network is a collection of people and a set of
possible social ties between them, often represented
by a random graph (Newman et al. 2002). We consider
the ring, star, and complete network structures. These
represent, respectively, social networks that are highly
decentralized, highly centralized, and complete (in
that each person is equally likely to form a direct
link with every other person).2 Although any of these
structures may theoretically evolve, following the
larger game-theoretic and graph-theoretic literature,
our primary focus in the subsequent analysis is on the
ring and star network structures. The complete net-
work will be examined separately as an extension (see
§6.1). The rationale for this focus is as follows. In a
seminal paper, Bala and Goyal (2000) show that only
two network structures—the ring and the star—are
strict Nash equilibria of strategic network formation.
Other models of strategic formation also converge to
either a star (Feri 2007) or a ring (Deroian 2009). Ring
and star structures receive not only theoretical sup-
port but are consistent with both behavioral stud-
ies and many real-world networks. Falk and Kosfield
(2003) experimentally confirm much of the theoreti-
cal results in Bala and Goyal (2000), highlighting con-
ditions under which a ringlike structure is likely to
evolve. Goeree et al. (2009) experimentally show that
some individuals in a network have a lower opportu-
nity cost of networking and hence are more likely to
be central nodes. As such, they demonstrate that het-
erogeneity of agents and information asymmetry are
primary facilitators in the evolution of star networks.
In a large-scale empirical study, Yahoo! Research finds
that a significant fraction of online social networks are
star topologies (Kumar et al. 2010). In another empiri-
cal study, Baker and Faulkner (1993) find that groups
formed to conduct illicit activities favor decentralized
(e.g., ring) network structures to allow for conceal-
ment and increase the difficulty of uncovering a group
leader. When there is less need for concealment, Baker
and Faulkner (1993) find that a centralized star net-
work might be employed. Overall, the behavioral and
empirical literatures strongly support both the ring
and star topologies as likely social network structures
from which sharing groups might arise.

An important implication of the work described
above is that not all direct links between all consumers

2 Formal definitions of these structures are provided in §3.1.1. Our
focus here is simply on grounding our choices of network struc-
tures within the broader literature.
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have a positive probability, as is assumed by the com-
plete network topology. Rather, many consumer links
are indirect, made via intermediate consumers. Social
network studies largely confirm this finding and sug-
gest that direct links might be quite unlikely between
certain individuals because of their associations with
different communities (Girvan and Newman 2002,
Newman 2001). However, we remark that a positive
probability of all direct links between all individu-
als is theoretically possible. Such a “complete” graph
derives from the early work of Erdös and Rényi (1960),
and it has some support from the economics literature
(e.g., Jackson and Wolinsky 1996). Thus, we examine
the complete graph structure as a codicil to our main
results in §6.1.

3.1.1. Formal Definitions of Consumer Network
Structures. A random graph â = 8N1E1 q9 prescribes
a set of consumers, N = 811 0 0 0 1N 9, and a set of
edges, E, representing possible linkages between
consumers, each occurring independently with prob-
ability q.3 Define h as a set of the sizes of connected
components in a realization of â , representing the par-
tition of consumers into groups. Therefore, h is an
integer partition of N . For example, h= 8313129 repre-
sents eight consumers partitioned into three groups—
two with three members and one with two members.
The two structures of random graphs are defined by
the sets of vertices:

• Decentralized (ring): E = 8411251 421351 0 0 0 1
4N − 11N 51 4N1159.

• Centralized (star): E = 8411N 51 421N 51 0 0 0 1
4N − 11N 59.

Figure 1(a) provides an example of the decentral-
ized ring structure for an economy of eight consumers.
In the sample realization (represented by darkened
edges), the firm faces four groups: two consisting of
two consumers, one consisting of three consumers,
and one singleton. Figure 1(b) presents an example of
the centralized star structure, which comprises a sin-
gle entity with whom all other nodes have a potential
connection. Because peripheral nodes may only share
through the central node, at most one multiperson
group may arise under this structure (a five-consumer
group is shown in Figure 1(b)).

3.1.2. Expected Group Size Distribution. Given q
and the number of consumers in the market N , we

3 The assumption of independent q is relaxed in §6.2, where
homophily in link formation is considered. Furthermore, we note
that in reality q may be affected by the firm’s pricing decision
(Cheng et al. 1997). Linking q to price would require an ad hoc
assumption regarding the functional form of the linkage. Similar
to related work in this area (e.g., Bakos et al. 1999), for parsimony
such a linkage is not modeled here. A qualitative discussion of
the impact of a link between q and price in our context is pro-
vided in §7.

Figure 1 Network Structures, with Example Realizations

Network structures

2

1

8

7

6

5

4

3

1
7

6

5

4
3

28

Sample realizations

2

1

8

7

6

5

4

3

1
7

6

5

4
3

28

Resulting networks

{1, 2}, {3, 4, 5}, {6, 7}, {8}
h = {3, 2, 2, 1}

{2, 3, 5, 7, 8}, {1}, {4}, {6}
h = {5, 1, 1, 1}

(a) Decentralized (b) Centralized

define �k as the expected number of groups of size
k = 1121 0 0 0 1N . Note that

∑N
k=1 k�k = N . Furthermore,

when q = 0, �1 =N (no groups form), and when q = 1,
�N = 1 (all consumers form into a single group). The
following proposition derives �k for the decentralized
and centralized network structures.

Proposition 1.
For the decentralized network,

�k =Nqk−141 − q521 k ∈ 811 0 0 0 1N − 191

�N =NqN−141 − q5+ qN 0

For the centralized network,

�k =

(

N − 1

k− 1

)

qk−141 − q5N−k1 k ∈ 821 0 0 0 1N 91

�1 = 4N − 1541 − q5+ 41 − q5N−10

The proofs of all results can be found in the sup-
plemental appendix (at http://dx.doi.org/10.1287/
mksc.1120.0706). We first identify how group sizes
change with q, which we summarize in the following
corollary.

Corollary 1.1.

d�1

dq
< 01

d�N
dq

> 0 for all networks1

d�k
dq

> 0 ⇔ q <
k− 1
k+ 1

k ∈ 821 0 0 0 1N − 19

for the decentralized network1
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d�k
dq

> 0 ⇔ q <
k− 1
N − 1

k ∈ 821 0 0 0 1N − 19

for the centralized network0

For the centralized and decentralized networks, the
expected number of multiperson groups, �k 4k ≥ 25,
increases in q up to a threshold and then decreases.
This implies that at low levels of sharing activ-
ity, the market remains fairly fragmented, consisting
of individual consumers and small groups. Ceteris
paribus, a firm’s pricing problem is more difficult
when faced with such a heterogeneous market. For
q above the threshold, �k 4k < N5 decreases with q,
reflecting consolidation into larger groups with fewer
individual consumers. Corollary 1.1 establishes that,
for k <N − 2, this threshold value of q is higher in
the decentralized network than in the centralized one.
Thus, market consolidation into larger groups occurs
at lower levels of sharing likelihood in the centralized
network. This plays a critical role in the firm’s abil-
ity to raise prices in response to sharing activity, as
shown in the analysis in §4.

3.2. Group Decision Mechanisms
A group of consumers wishing to share an informa-
tion good must make two related decisions: whether
to purchase the good and how to divide its cost. Once
the good is purchased, it becomes a “public good”
in the sense that all group members benefit equally,
regardless of the amount paid. The behavioral and
theoretical economics literatures both examine how
individuals contribute to acquire a public good.

A potential issue with eliciting contributions toward
the acquisition of a public good is the incentive for
individuals to understate their true valuations of the
good. However, this issue does not necessarily exist
in all sharing groups. For example, close friends may
willingly reveal their valuations and simply purchase
the good whenever their values collectively exceed
its price. In other words, they will employ an effi-
cient mechanism (Clarke 1971). On the contrary, mem-
bers of groups without such close ties may understate
their true valuations, rendering the decision mecha-
nism inefficient. When efficiency cannot be attained,
the group mechanism can instead ensure “budget bal-
ancing,” i.e., the collection of payments that exactly
equal the price. We consider both the efficient and an
equal-pay budget-balancing mechanisms, described in
the following subsections.

3.2.1. Efficient Mechanism. Consider first the
case where either group members willingly reveal
their valuations or, alternately, a group devises a
mechanism (e.g., Groves-Ledyard) that leads to truth-
ful revelation in equilibrium. In both cases, the group’s
decisions are efficient, in that a purchase occurs pre-
cisely when the sum of all individual valuations

exceeds the price. Such an assumption is appropri-
ate, for example, when group members are willing
to cooperate with others within the group to acquire
the good. Whereas honest revelation of values and
cooperation in the absence of a mechanism may seem
unlikely in group decision making, experiments in
economics and psychology suggest that it is more
likely than commonly assumed.

Since Dawes et al. (1977), numerous experiments
have examined people’s contributions toward the pur-
chase of a public good. For example, groups may
exhibit cooperative behavior, and significant contri-
bution to public goods can occur without any mech-
anistic infrastructure or extrinsic incentives. Such
groups are motivated by a sense of altruism and reci-
procity, even among strangers (Croson 2007). Social
ties among group members further raise contributions,
even among people predisposed to acting selfishly
(Van Vugt and De Cremer 1999), as do experience and
repeated interaction (Ostrom 2000) and face-to-face
communication (Ledyard 1995, Ostrom 2000). Many
of these moderating psychological processes may be
present in groups of family and friends. Furthermore,
social and economic sanctioning of noncooperative
members also increase contributions (Gachter 2000).
Overall, experimental studies have found quite high
rates of successful purchase when it is efficient to
do so, sometimes approaching 90% (e.g., Bagnoli and
McKee 1991).

3.2.2. Budget-Balancing Mechanism. Although
efficiency is a reasonable reflection of reality in a sur-
prising range of real-world contexts (and a common
assumption in economic models), it is clearly not
achievable in all groups, particularly when coopera-
tion levels are low. We also consider the other side
of the theoretical coin, a mechanism that ensures
budget balancing but may lead to an understatement
of group members’ valuations and thus an inefficient
choice not to purchase despite the sum of group
members’ values exceeding the price. Finding an
optimal mechanism from among those that balance
the budget is the subject of active research. One class
of mechanisms, in particular, has been shown to have
strong efficiency properties and to uniquely satisfy
several desirable conditions (Dearden and Einolf 2003,
Norman 2004). The mechanism is also intuitively
simple and quite easy to implement, involving each
willing group member paying an equal share of the
price. We refer to such a mechanism as equal-pay
budget balancing. For example, two friends will acquire
a good at a price of $20 if each of them values it at
more than $10, or if one of them values it at more
than $20. Stated formally, a group of size n purchases
a good at price p if there exists an m ≤ n such that m
people value the good at least p/m. In practice, the
group asks if each member is willing to pay p/n. If all
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agree, the good is purchased and each pays an equal
share. Otherwise, the group checks whether n − 1
people are willing to each pay p/4n − 15, and so on.
Although this mechanism is clearly budget balancing,
it does not always lead to efficient decisions. For
example, a group of two consumers with values of
$8 and $16 would not purchase a good priced at $20
despite their total values exceeding the price. From
the perspective of the firm, this group does not fully
aggregate members’ values and thus is less profitable
than a group that does.

In summary, our efficient mechanism is consistent
with experimental evidence on sharing in social net-
works. On the other hand, many less close-knit
groups adopt a norm of equal payment by each
contributing member, despite heterogeneity in val-
ues (Levati et al. 2007). This is precisely captured by
the equal-pay budget-balancing mechanism described
above. Thus, when selecting stylized representations
of group decision making, both the efficient and the
equal-pay budget-balancing group mechanisms appear
appropriate.

3.3. Costless Sharing
Following the larger literature on sharing of informa-
tion goods (Varian 2005, Bakos et al. 1999), we assume
that sharing is without degradation of quality (i.e., is
costless). This is reasonable given the fact, noted by
Gopal et al. (2006) and others, that digital products
are fundamentally nonrivalrous in the sense that shar-
ing them does not reduce their utility. The example
of password sharing seems to be well suited to this
assumption, and researchers have suggested numer-
ous other cases where costless sharing is reasonable—
for example, social sharing of software (Varian 2000).4

We note that a separate but related research stream
addresses costly sharing, often based on digital rights
management initiatives, which attempt to impose
costs on duplication (Desai et al. 2011).

In the next section we analyze a firm’s pricing prob-
lem for both centralized and decentralized network
structures—first under the efficient group decision
mechanism and then under the equal-pay budget-
balancing mechanism.

4. Analysis
4.1. Efficient Mechanism Analysis
Each consumer’s valuation of the good is indepen-
dently distributed with distribution function F 4v5.
We begin with the efficient mechanism, so that a

4 As noted by Peitz and Waelbroeck (2006), when sharing is among
social acquaintances, supporting documentation or other supple-
mental information on the product can be obtained, minimizing the
utility differences between copies and originals.

group of size k purchases the good if the sum of
its members’ valuations exceeds the price. Therefore,
the distribution of the group’s valuation is given
by Fk4v5 = F 4v15 ∗ · · · ∗ F 4vk5, i.e., the k-fold convolu-
tion of F .

In the absence of sharing, the monopolist maxi-
mizes ç4p5= p41−F 4p55, the price times the chance of
purchase. In the presence of sharing, a firm’s problem
is more complex. A network structure yields a prob-
ability distribution over possible sizes of groups. The
resulting probability distribution is thus a random
convex mixture of convolutions. However, the follow-
ing claim shows that the network structure enters the
profit function only through the expected number of
groups of each size. Thus, the profit function for the
monopolist can be significantly simplified.

Claim 1. Define Fk4v5 as the distribution function of
the valuation of a group of size k, and define �k as the
expected number of groups of size k. The firm’s expected
profit is given by

ç4p5= p
N
∑

k=1

41 − Fk4p55�k0 (1)

The quantity demanded is the sum of the expected
number of groups of a given size times the probabil-
ity that a group of that size purchases the good. This
establishes that firm profits depend on the social net-
work structure only to the extent that different struc-
tures give rise to different values of �k. This allows us
to represent sharing networks in a fairly straightfor-
ward manner, requiring only a set of distributions of
group values and a vector representing the expected
number of groups of each size.

To derive specific results on firm profits, we first
must specify a distribution for consumer valuations.
We adopt the exponential distribution for v. The ex-
ponential distribution is desirable since the sum
of exponentials is given by the Gamma distribu-
tion, which can accommodate both fat tails and
asymmetry in distribution. The “fat-tail” property
of reservation values is supported by the market-
ing literature. For instance, Sonnier et al. (2007)
document that willingness to pay has substantial
mass in the tails of the support. Finally, although
it is common in stylized models to assume uni-
formly distributed consumer preferences, the uniform
distribution is not closed to convolutions, making
our analysis considerably less tractable. Addition-
ally, as the uniform distribution is bounded from
above, a firm can easily monitor sharing because
only groups would be willing to pay above the
upper bound. Results similar to those reported were
obtained for several parameterizations of the gamma,
chi-square, and Weibull distributions (available from
the authors upon request).
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For the exponential distribution, the density and
distribution of the k-fold convolution are given by

fk4v5=
vk−1

4k− 15!
e−v and

Fk4v5= 1 −

k
∑

i=1

vi−1

4i− 15!
e−v

= 1 −

k
∑

i=1

fi4v50

(2)

Because of the nontranscendental nature of this and
similar functions involving convolutions of random
variables bounded from below, this expression for
Fk4v5 precludes the derivation of an explicit closed-
form solution for the optimal price.5 However, the
results are quite stable for large N , enabling us to
optimize numerically, using N = 150 as a representa-
tive market size (the results are very similar, and all
insights discussed below persist when N > 150, altho-
ugh the computation of optimal profits and prices
becomes increasingly time intensive). It is important
to note that this numerical approach does not sacri-
fice generalizability in our context because the only
parameter in the model other than N is q. Thus, the
optimal profit and price dynamics for large N are com-
pletely characterized in general by the figures in this
section. Moreover, the initial profit impact of sharing
at low q and its eventual impact for high q are estab-
lished analytically in Claim 2.

Claim 2. (a) For q sufficiently low, profit is increasing
in q in the decentralized network and is decreasing in q in
the centralized network. (b) For q sufficiently high, profit
is increasing in q in the centralized network.6

Results for the decentralized network are illustrated
in Figure 2. In Figures 2(a) and 2(b), we see that profits
and prices are little changed in the decentralized case
for low values of q (although profits are increasing;
see Claim 2). This can be attributed to the fact that,
following Proposition 1, the number and size of multi-
person sharing groups gradually increases with shar-
ing activity. A firm considering higher prices faces a
trade-off between capturing added surplus from these
multiperson groups and losing sales from individu-
als (that is, groups of size one, the number of which
strictly decreases in q, as shown in Figure 2(b)). For
nearly all levels of sharing activity, the firm is able
to increase prices slightly to account for group for-
mation and avoid a negative profit impact. In other

5 Explicit results can be obtained if we consider a distribution on
an unbounded domain. However, allowing for negative valuations
of a product is not a reasonable reflection of reality, so the bounded
distribution is used.
6 The decentralized profit function presents mathematical difficul-
ties that preclude a complete analysis of its behavior for high q.
However, in the supplemental appendix we verify that profits are
increasing for high q in the decentralized case as well.

Figure 2 Profits and Prices in Decentralized Networks as a Function of
Sharing Probability
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words, prices remain relatively flat when sharing
activity is low—a finding that is consistent across all
of our analysis. However, at very high levels of shar-
ing (high q), most consumers are members of larger
groups, which allows the firm to raise prices aggres-
sively. This represents a transition from pricing geared
more toward individuals to pricing for groups. Over-
all, we find that when sharing networks are highly
decentralized, the presence of sharing is likely to have
very little effect on prices or profits, though both do
increase slightly with increased sharing. Profit func-
tions presented in Figure 2(c) further demonstrate
the sluggish change in the optimal price for most
levels of q.

Results for the centralized network are illustrated
in Figure 3. Unlike in the decentralized network,
low levels of sharing activity decrease firm profits.
Whereas the decentralized network allows many small
groups to form, the centralized network allows for
a maximum of one sharing group as a central node
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Figure 3 Profits and Prices in Centralized Networks as a Function of
Sharing Probability
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offers the only opportunity for consumers to con-
nect. At low levels of sharing activity, the firm mostly
disregards this sharing group and chooses an optimal
price for individual consumers. This lack of a pricing
response to sharing activity is detrimental to firm
profits, because one of the “individual consumers” is
actually a group in which consumers share a single
purchase. As sharing increases, the size of the central-
ized group eventually makes it optimal for a firm to
tailor its price to this group at the possible exclusion
of individual consumers.

There is a threshold level of sharing in the central-
ized network above which the firm switches to group
pricing. As established analytically in Claim 2, firm
profits are increasing in q for sufficiently high q under
this network structure. Profits in the centralized net-
work at various levels of q are illustrated in Figure 3(c).
Unlike under the decentralized structure, profits as
a function of price in this case are double-peaked
for 0 < q < 1, representing the profits from pricing

for individual consumers, optimized at the first peak,
and pricing for the group, optimized at the second
peak.7 Lemma 2 in the supplemental appendix estab-
lishes that there do not exist any other local maxima.
As q rises, the first peak becomes lower, as fewer
unconnected consumers remain, and the second peak
becomes higher, representing an increased chance of
a larger centralized group. The point at which a firm
switches to group pricing (the discontinuity in Fig-
ure 3(b)) is precisely the value of q at which the
second peak in Figure 3(c) becomes higher than the
first, and thus pricing for the group becomes more
profitable.

The difference in firm pricing strategies between the
two network structures is noteworthy. Recall that, as
established analytically by Corollary 1.1, the market
consolidates more quickly in a centralized network.
The effect of this consolidation is clear when com-
paring Figures 2(b) and 3(b). As shown in those fig-
ures, the faster consolidation enables a transition to
group pricing at a much lower level of sharing activ-
ity when social networks are centralized as opposed to
decentralized. This can also be seen from the change
in the expected number of individual customers, �1, in
Figures 2(b) and 3(b). Recall that this is a general result
given that q is the only parameter in the model other
than N , which does not affect the shape of the optimal
price or profit curves.

To summarize the findings in this subsection,
we highlight several new insights that have emerged
from our analysis thus far. First, we find that low lev-
els of sharing have little effect on optimal prices (see
Figures 2(b) and 3(b)). The profit effect of low levels of
sharing depends critically on the network structure,
with only centralized networks experiencing a profit
decline from sharing (see Figures 2(a) and 3(a), as well
as Claim 2). In addition, the firm’s shift to group pric-
ing takes place at lower levels of sharing in a central-
ized network than it does in a decentralized one (see
Figures 2(b) and 3(b)). Finally, if q is high enough to
justify group pricing, then firm profits are increasing
in q—i.e., when sharing activity is already high, the
firm prefers even more sharing activity at the margin
(see Figures 2(a) and 3(a), as well as Claim 2).

4.2. Budget-Balancing Mechanism Analysis
As described in §3.2.2, we consider an equal-
pay budget-balancing mechanism, wherein a group

7 The single-peaked profit function in the decentralized case (see
Figure 2(c)) is due to the “nondiscreteness” in optimal pricing for a
decentralized network. Specifically, with a decentralized network,
the firm is not simply choosing between pricing for unconnected
individuals and pricing for a single group (two discrete choices)
but instead faces many different sizes and combinations of groups.
For this reason, prices adjust smoothly, targeting increasingly larger
groups as q increases.
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purchases a good whenever there exist m members
willing to pay at least p/m. Denote by v4i1 k5 the ith
largest realized value in a group of size k. Then, the
maximum a group of size k would pay is equal to

Fk4v5= max
m≤k

mv4m1k50 (3)

Clearly, this distribution of group valuations is
stochastically dominated by the efficient decision
mechanism. This is due to the inefficient aggregation
of valuations in a budget balancing framework (also
highlighted in the simple example in §3.2), which
arises from the fact that surpluses are not transferred.
That is, a consumer will not be able to acquire a good
if her valuation is lower than her equal-portion alloca-
tion of the cost. This leads to a relatively lower proba-
bility of purchase for the group relative to an efficient
mechanism, where surpluses are transferred.

Despite this inefficiency, many of the insights from
our efficient mechanism analysis carry over to the

Figure 4 Profits and Prices in Decentralized Networks with
Budget-Balancing Decision Mechanisms as a Function of
Sharing Probability
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budget-balancing case (see Figures 4 and 5). The
marginal effect of q on profits, as with the efficient
mechanism, is positive when q is high enough to
justify group pricing. However, because of the lack
of transfer of surpluses, this move to group pricing
occurs at a higher level of q with the budget-balancing
mechanism. Furthermore, all of the findings from the
previous section that are solely driven by the network
structure persist under this alternative decision mech-
anism. For example, the threshold q at which the firm
moves to group pricing is still lower in a centralized
network than in a decentralized one, and the profit in
a centralized network is still double-peaked.

One notable difference between the decision mech-
anisms is that, under the budget-balancing mecha-
nism, no sharing (q = 0) is always preferred to any
positive level of sharing. Although this is an impor-
tant distinction, we remark that firms rarely directly
choose q, but rather, at best, may be able to influ-
ence the level of sharing within a specified range.

Figure 5 Profits and Prices in Centralized Networks with
Budget-Balancing Decision Mechanisms as a Function of
Sharing Probability
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Thus, the globally optimal value of q may be less ger-
mane than the impact of marginal changes in q. Taking
this marginal perspective, we find that most insights
persist—a threshold level of sharing still exists, above
which profits are increasing in additional sharing
activity and below which profits are decreasing in
sharing for the centralized network. However, we
do find one important caveat for the decentralized
network: when consumer groups use an equal-pay
budget-balancing mechanism, profits are decreasing
in sharing for most values of q. This is in sharp con-
trast to the efficient mechanism, under which prof-
its are never decreasing in q. Thus, for managers of
firms facing decentralized networks of consumers, the
marginal profit impact of sharing depends critically
on whether the group decision mechanism is efficient
versus equal-pay budget balancing.

Having established the main model results, before
moving on to extensions, we now provide an example
of how our model can be applied to generate manage-
rial guidance when real-world data on sharing activ-
ity are available.

5. Model Application: Calibration of q
We have established that the profit impact of
increased sharing depends on the current level of q.
In practice, firms might find the estimation of q to be
challenging. However, our model can be used to cali-
brate q using data on the number of illegal copies in a
particular industry. The expected proportion of illegal
copies is given by 1−

∑

�k41−Fk4p55/
∑

k�k41−Fk4p55.8

One can calibrate q by setting p = p∗4q5 in this expres-
sion (that is, assuming optimal pricing) and searching
for the q that gives rise to the proportion of copies
observed in practice. Consistent with our problem for-
mulation, this approach assumes that q is not directly
affected by price (see Footnote 3). Thus, we remark
that it yields a rough approximation of q, but nev-
ertheless, one that can provide general guidance in
some real-world contexts.

As an example, the percentage of software obtained
through illegal copies in North America is estimated
to be 21% (Business Software Alliance 2008). Assum-
ing optimal pricing, the levels of q that give rise to this
proportion are q = 0012 (decentralized, efficient), q =

0009 (centralized, efficient), q = 0013 (decentralized,
budget balancing), and q = 0008 (centralized, budget
balancing). We can draw two implications from these
numbers. Locally, in all except the efficient decentral-
ized model, profits are decreasing in q in the neigh-
borhoods of these values (see Figures 2–5), indicating

8 This proportion is increasing in p for both star and ring network
structures. Note also that, under no sharing, �1 =N , and the above
measure is 0; when �N = 1, the measure reduces to 4N − 15/N . For
the calibration, we use N = 150. As noted previously, it can be con-
firmed that the results are stable for larger N .

that, at present piracy rates, efforts to combat piracy
are justified. At these levels of piracy, it is optimal for
firms to price for individuals rather than groups, and a
significant price increase is not an optimal response to
illicit sharing in the North American software indus-
try. This is consistent with anecdotal evidence that
software firms are not dramatically increasing prices
but are experiencing reduced profits as a result of shar-
ing. However, a firm’s optimal response to illicit shar-
ing might be very different in markets where piracy is
much more prevalent, such as in China, where there
is an estimated 80% piracy level, and portions of Latin
America (Business Software Alliance 2008). The lev-
els of q that give rise to such high piracy rates are
q = 0067 (decentralized, efficient), q = 0035 (centralized,
efficient), q = 0070 (decentralized, budget balancing),
and q = 0056 (centralized, budget balancing). In such
a context, the effect of marginal changes in sharing
activity on firm pricing and profits will clearly be quite
different, because a shift to group pricing might be
optimal at these levels of q, depending on the network
structure.

These simple examples of software piracy are effec-
tive in demonstrating how our model might be
applied to inform pricing strategies in a specific real-
world context. A word of caution, however, is in order
here. As with any model application, the quality of
the outputs is limited by the quality of the inputs.
In our calibration above, we implicitly assume that
sharing group formation is confined within the physi-
cal boundaries of a particular country. Although such
an assumption is likely valid in our context of social
sharing, it might not hold in some cases. In reality,
firms might have more detailed data on the extent
and geographic scope across which their products are
shared. If so, they can use their data to perform their
own model calibrations following the example we
provided.

Next, we examine several extensions to our main
model; these enable us to provide additional insights
into cases where, for example, a highly connected net-
work structure exists, homophily is present in groups,
or a subset of consumers who will never share exists.

6. Extensions
6.1. Complete Network
In this subsection, we consider a “complete” net-
work, where every consumer is potentially directly
connected to every other consumer. Stated formally,
given a random graph â = 8N1E1 q91 in a complete
network, the set of edges is given by E =

⋃

i<j4i1 j5 for
all i1 j ∈ N = 81121 0 0 0 1N 9.

Unlike the star and ring structures, nonasymptotic
properties of complete networks are rarely obtain-
able in closed form. In our context, explicit solutions
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Figure 6 Profit for the Complete Network Structure
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for �k cannot be derived in closed form for the com-
plete network,9 but we can obtain them numerically.
Asymptotically, �k has a discontinuity at q = 1/N ,
below which the graph contains only small connected
components and above which precisely one large com-
ponent emerges (Erdös and Rényi 1960). When q >
lnN/N , the graph is almost surely connected (Erdös
and Rényi 1960).

Profits for the complete network as a function of
sharing activity are illustrated in Figure 6. Note that
the complete network behaves similarly to our cen-
tralized network—profits decrease with sharing ini-
tially, until a critical point is reached and sharing
activity becomes profit increasing. The initial dip in
profit is more pronounced for the inefficient (equal-
pay budget-balancing) mechanism, because firms are
less able to appropriate consumers’ valuations.

The primary difference between the results for the
complete network and those of the centralized star is
that the shift to group pricing and its accompanying
rapid increase in profits occur at a very low level of
q under a complete structure (note the horizontal axis
scale difference between Figure 6 and Figures 3(a) and
5(a)). This is driven by the fact that the number of
possible links in the complete network is significantly
higher than in the star (on the order of N 2 rather than
N ). Many more links form at a given q, and thus, the
complete network quickly exhibits a large connected
component. Overall, the complete network seems to
suggest robustness for our model, as its insights are
qualitatively similar to those of the centralized net-
work, differing primarily in the threshold level of q.

6.2. Homophily
So far, we have assumed that all links within the con-
sumer network are equiprobable. Although consistent

9 Finding a complete subgraph of size k was one of the first prob-
lems shown to be NP-complete (Karp 1972). In particular, the
solutions involve transcendental equations, a problem that plagues
even many simpler models of random graphs (Newman 2003).

with most of the literature on random graphs, this
does not capture the fact that consumer valuations and
network formation may not be independent. In real-
ity, individuals may be more likely to have social ties
with those that are similar to them. The resulting cor-
relation among the valuations of group members is
termed “homophily” (Lazarsfeld and Merton 1954) or
“assortativity” (Newman 2003). Homophily may arise
from one of two processes. First, homophily can be a
case of “similarity breeds connection” (Lazarsfeld and
Merton 1954, McPherson et al. 2001, Newman 2003),
where individual valuations are distributed indepen-
dently, and groups tend to form among individuals
with similar valuations. McPherson et al. (2001) note
that this conception of homophily influences connec-
tions in a host of networks, including those formed for
information exchange. Alternatively, one can envision
that homophily might be a function of the opposite
dynamic, “connection breeds similarity.” In this inter-
pretation, consumers form groups according to some
random process (through work relationships, friends,
etc.), and then each group collectively determines a
group valuation. In the specific context of unethi-
cal behavior among group members, both of these
processes appear to be significant (Brass et al. 1998).
Although similarity breeding connection and connec-
tion breeding similarity are distinct social processes,
the primary effect of either is that group members’ val-
uations become correlated. We remark that similarity
breeds connection is the traditional interpretation of
homophily in the literature on social network theory
that provides the methodological basis for this paper
(McPherson et al. 2001). Thus, this interpretation is our
focus here. However, the connection breeds similarity
case is also addressed at the end of this section.

6.2.1. Similarity Breeds Connection. We examine
the impact of correlated valuations within a group
by introducing a link probability that depends on the
difference in consumers’ valuations. In our model,
a consumer is completely characterized by a valua-
tion of the product. We use this valuation, v, to intro-
duce assortative mixing by scalar properties (Newman
2003, Section III). Although a number of other con-
sumer characteristics might drive homophily, includ-
ing age, occupation, and income (Girvan and Newman
2002, Newman 2003), these will lead to similar for-
mulations if they are correlated with valuations, as
income may be.10 We use the following function to
transform the unbounded difference between a pair
of consumer valuations, vi −vj , into a probability, qi1 j ,
bounded by 0 and 1:

qi1 j ≡
1

1 + x�vi − vj �
y
0 (4)

10 Specifically, if homophily is driven by a trait correlated with val-
uation, then we lose no generality by concentrating on the reduced-
form correlation structure among valuations.
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Figure 7 Profit When Links Form Through Preferential Attachment Under No 4y = 05, Intermediate 4y = 0055, and High 4y = 55 Degrees of Homophily
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The probability of a link qi1 j is decreasing in the
absolute value difference. The parameter y is a mix-
ing scalar (see Newman 2003) that controls the degree
of preferential attachment, and x is a scaling param-
eter. We investigated three different values of y (0,
0.5, and 5) to capture the effect of homophily of vari-
ous strengths. For each value of y, x was calibrated to
maintain an average link probability of q. The results
reported are for q = 005 (results for other q do not
change the insights). The no homophily case (y = 0)
is equivalent to our main model, where link proba-
bility is independent of valuations. At a high degree
of homophily (y = 5), preferential attachment is very
strong, and the likelihood of a link between indi-
viduals with highly disparate valuations is extremely
small. This may be analogous to very strong cliques in
high schools (a classic setting for homophily), where
groups are very likely to consist only of sufficiently
similar individuals. The intermediate homophily case
(y = 005) reflects a context wherein the probability of a
link between two people of very different valuations
is smaller than for ones with more similar valuations,
but it is still nontrivial.

In terms of the decision mechanisms employed
by groups, there are several reasons to believe that
groups formed by homophily are likely to use efficient
decision mechanisms.11 However, for completeness,
we examine centralized and decentralized network

11 Homophily implies some knowledge of the preferences of
other group members. Thus, strategically understating one’s value

structures using both efficient and budget-balancing
mechanisms. Our results are obtained by simulating
5,000 networks for each value of the mixing scalar y.
Each simulation step proceeds as follows: (i) draw
a value for each of 150 nodes from the exponen-
tial distribution, (ii) compute the probability of each
potential link given Equation (4), and (iii) randomly
draw edges according to the computed probabilities.
As before, the potential links and each group’s will-
ingness to pay are computed based on the network
structure and group decision mechanism.

The effects of homophily on firm profits are illus-
trated in Figure 7, which depicts profit as a function of
price.12 Although not immediately apparent from that
figure, the shapes of the optimal profit curves do not
seem to change with homophily. This includes central-
ized network profits, which still exhibit the double-
peaked shape as with our base model. However, to
more easily observe the impact of homophily on opti-
mal profits, in Figure 7 we “zoom in” to the peak at
which profits are maximized. Although the core intu-
ition from our main analysis persists, the presence of
homophily does suggest some nuances to the insights,
which we discuss below.

becomes more difficult. In addition, because homophily likely leads
to stronger group ties, this implies higher levels of voluntary
cooperation in contribution to a public good (Van Vugt and De
Cremer 1999).
12 Graphs for profit as a function of q confirm the intuition dis-
cussed in this section. They are omitted here for brevity but are
available from the authors upon request.
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Intuitively, one might expect homophily to reduce
firm profits, because one of the advantages of group
formation is that it reshapes demand by pooling
disparate consumers together, statistically averaging
high- and low-value consumers (Bakos et al. 1999).
This result is observed as expected for efficient cen-
tralized networks, where the values of group mem-
bers depend on the value realized by the central node.
A high-value central node leads to a group of high-
value consumers, whereas a low-value central node
leads to a group of low-value consumers. As the
firm is unaware of the central node’s value, a priori,
homophily merely increases the variance of demand
faced by the firm.

However, we find that the insights of Bakos et al.
(1999) do not hold for the other three cases illus-
trated in Figure 7. In the decentralized, efficient mech-
anism, profits increase with the level of homophily.
Here, homophily has the effect of aggregating low-
value consumers (of which there are many) while
leaving high-value outliers as singletons. This focused
aggregation among low-value consumers is ideal
from the firm’s standpoint, and the effect of stronger
homophily is higher profit for the firm. Furthermore,
when groups use the inefficient budget-balancing
decision mechanism, the profit impact of homophily
is unambiguously positive. With equal payment by
all group members, a higher valuation by one mem-
ber need not increase the group’s willingness to pay.
Hence, the firm cannot appropriate this heterogene-
ity of valuations within groups, and it prefers group
members to have similar valuations—that is, it prefers
homophily. Overall, we find that, unless the firm faces
a centralized consumer network that employs an effi-
cient decision mechanism, profits are enhanced when
homophily is present in the sharing group formation
process.

6.2.2. Connection Breeds Similarity. An alterna-
tive to the traditional conception of homophily is the
idea that a group, instead of bringing similar peo-
ple together, shapes the valuations of its randomly
grouped members. In other words, connection breeds
similarity. Regardless of exactly how the group influ-
ences valuations, the valuation of a group of size k
can be represented by a single random variable with
a cumulative distribution function, Gk4v5. Notably, in
this context, the group valuation Gk4v5 is not a con-
volution of k random variables, because each group
member’s valuation is entirely characterized by the
valuation of the group. In other words, there are
no individual valuations to mix. It is straightforward
to obtain a profit equation directly analogous to the
expression obtained for independent group formation
in Claim 1 by substituting Gk4v5 for Fk4v52 ç4p5 =

p
∑N

k=141 − Gk4p55�k. The derivation of this follows

directly from the proof of Claim 1, with the substitu-
tion of Gk4v5 for Pr8p ≤ vk9, since the group’s valua-
tion is no longer a k-fold convolution.13 The fact that
this profit function has a similar structure to the one
analyzed in Claim 1 suggests that our methodology
can be applied to the case where connection breeds
similarity as well.

6.3. Ethical Considerations
In this section we consider the possibility that some
consumers may never participate in sharing, perhaps
for ethical or moral reasons. In the terminology of
Desai et al. (2011, p. 1013), these consumers may
have a very high “moral/psychological cost” associ-
ated with engaging in illegal activities. For brevity,
the results provided are for the efficient group mecha-
nism. No new insights are obtained if budget balanc-
ing within groups is assumed instead.

The analysis of a subset of consumers who never
share in a centralized network is relatively straightfor-
ward. Consider a fraction of consumers, � ≥ 0, who
never share even when connected to other consumers.
Assuming that the central node does share (otherwise,
no sharing occurs for any q), the probability of a shar-
ing link forming is analogous to q̂ = q41 −�5. Thus, the
probability of a group of size k forming, �k, is reduced
since it is now a function of q̂ < q. An increase in non-
sharing consumers pushes this effective q lower, mak-
ing the insights from our main model for smaller q
more likely to be relevant. Because sharing is less ben-
eficial for the firm at lower q, the existence of a seg-
ment of nonsharing consumers constrains the firm’s
price reaction for the consumers who are willing to
share. If q is sufficiently high, the gradual introduc-
tion of nonsharing consumers does not change the
firm’s focus from pricing to sharing groups but results
in lost sales from the nonsharing consumers. In these
cases, the firm would always prefer that all con-
sumers consider sharing.

For the decentralized network, the impact of non-
sharing consumers is more involved. Randomly posi-
tioning nonsharing consumers within a ring structure
would create methodological complications because
nonsharers would “break” the ring into a series of
linear segments. We take a simplified approach here,
modeling the � nonsharing consumers as singletons,
with the remaining 1 − � consumers (who will share

13 Beyond accommodating this conception of homophily, this gen-
eral formulation without restriction on Gk4v5 suggests that this
model structure can be adapted to several inquiries beyond those
considered here. For example, one can incorporate costly sharing
by specifying Gk4v5 to be the k-fold convolution of individual val-
uations net of the costs of producing k − 1 copies. Within-group
network externalities can also be incorporated by specifying a Gk4v5
that stochastically dominates the convolution of the valuations of k
unconnected individuals.
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Figure 8 Price vs. Profit for the Decentralized Network for Various
Nonsharing Proportion �
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with connected consumers) in a ring network. The
impact of nonsharing in this context depends on the
optimal pricing scheme in our main model. If pricing
primarily for individuals is optimal in the main model,
then very little changes when we assume that � con-
sumers will certainly remain individuals. This can be
seen in Figure 8(a), which shows profits as a function
of price when q is low (q = 0005) for various �. At this
level of q, the firm in our main model is still pricing
primarily for individuals (see Figure 2 and Claim 2).
The fact that three curves in Figure 8(a) are nearly per-
fectly overlapping shows that, as � increases, neither
price nor profits change dramatically in this context.
Contrast this with Figure 8(b), which shows profits
as a function of price when q = 0095 for various �.
At this level of q, the firm has shifted under our main
model to pricing primarily for groups (see Figure 2
and Claim 2). Thus, when some consumers are desig-
nated as singletons by assumption, the firm faces the
exact same dilemma as in the centralized network—
pricing for individuals versus pricing for groups. This
results in a double-peaked profit function that repre-
sents profits from each of these two pricing schemes,
as seen in Figure 8(b). As in the centralized case from
our main analysis, the firm’s optimal price is deter-
mined by which of the two peaks is higher. The value
of � at which the profit from pricing to groups (sec-
ond peak) is higher than the profit from pricing to

individuals (first peak) is exactly the point at which
group prices become optimal.14 In this way, � displays
a tipping point that has interesting managerial impli-
cations. If many consumers are unwilling to share
(� is high), then individual pricing is optimal, and
the firm benefits from additional nonsharing individ-
uals. If few consumers are unwilling to share (� is
low), then the firm would prefer that none exhibited
this restraint, because it has already made the shift
to pricing for groups. In other words, if a culture
of sharing already exists, the firm might prefer that
as many consumers as possible adopt that culture,
whereas the existence of a large amount of nonshar-
ers may influence a firm to discourage sharing among
the few who do.

Overall, the results from the model extensions in
this section suggest robustness of our key findings.
Specifically, the fundamental effect of sharing on firm
profits is quite similar across all extensions. This gen-
erality derives from the fact that, as established by
Claim 1, the expected number of groups of size k, �k,
and the distribution of the valuation of a group of
size k, Fk4v5, are sufficient to determine the optimal
price of an information good that is shared within
consumer networks. We find that, as our parameter
of interest q changes, the effect on group sizes �k is
primarily a function of the network structure. Fur-
thermore, the valuation of a group of a particular
size Fk4v5 is primarily a function of the group deci-
sion mechanism. Numerous caveats and finer-grained
insights are obtained when we consider other con-
textual factors such as link probability (exogenous,
driven by homophily, or moderated by ethical con-
cerns). These caveats are quite interesting, and some
are counterintuitive, but none represents a dramatic
departure from our core insights in §4. The manage-
rial implications of our findings are summarized and
discussed in the following section.

7. Managerial Implications and
Future Research

In this paper we use a graph-theoretic approach to
analyze how sharing of information goods affects
monopolist profits when the social network struc-
tures that give rise to groups of consumers are explic-
itly considered. To our knowledge, ours is the first

14 Up to this point, we have used the terms “pricing for individu-
als” and “pricing for groups” rather loosely in the context of the
decentralized network, but this analysis allows us to be more pre-
cise. Specifically, if a firm would respond to an increase in � with
a discontinuous (alternatively, gradual) reduction in price, then it
is currently pricing primarily for groups (individuals). It can be
shown that this shift in price response occurs precisely where the
probability of a sale to a singleton is equal to the per-consumer
probability of a sale to a group.
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paper to consider probabilistic group formation via
social networks in order to purchase an informa-
tion good, as well as the pricing and profit implica-
tions of such activities under different group decision
mechanisms. In particular, we analyze three types of
network structures—decentralized, centralized, and
complete—and two types of decision mechanisms
within groups, efficient and equal-pay budget balanc-
ing. We find that both network structure and decision
mechanism have important pricing and profit impli-
cations for the firm. When groups make decisions
efficiently, firm profits are never reduced by decen-
tralized sharing, provided the firm responds to shar-
ing optimally. This optimal response is nearly always
a modest price increase, although a large price hike is
warranted if sharing crosses a relatively high thresh-
old. When sharing is centralized, if the level of sharing
is low, then a price increase cannot offset the negative
impact of sharing, and profits suffer. However, under
this structure the large price hike is optimal at much
lower levels of sharing, and above that point, fur-
ther sharing does increase firm profits. When sharing
within groups is inefficient (equal-pay budget balanc-
ing), the pricing insights do not change, but the profit
impact of sharing is more negative, because groups do
not fully aggregate the valuations of group members.

From a managerial standpoint, our findings suggest
an important link between the strength of antipiracy
efforts in a given market and a firm’s optimal
response to sharing activity. Government support of
antipiracy efforts varies widely, and it is minimal in
some markets (Gopal and Sanders 1998). We suggest
that, in a market with weaker antipiracy laws, con-
sumers will place less importance on concealing their
illicit sharing. Following Baker and Faulkner (1993),
this relative unimportance of concealment implies
that sharing networks would tend to be centralized
in nature. On the other hand, if antipiracy laws
are strict, then concealment becomes more impor-
tant, and decentralized networks are more likely. Our
results enable us to suggest a link between this logic
and a firm’s global pricing strategy for information
goods. As shown above, a firm can be much more
aggressive in shifting to a pricing strategy that targets
groups when the underlying network is centralized.
Furthermore, if such a group pricing strategy is opti-
mal, then profits are always increasing with additional
sharing activity. The implication, then, is that firms
should take a different approach to pricing depend-
ing on the strength of antipiracy laws. In markets with
strong antipiracy laws, sharing networks are likely to
be decentralized, so an increase to group pricing is
unlikely to be justified. However, the firm can benefit
from sharing by enacting small-scale price increases.
In markets with weak antipiracy laws, sharing net-
works might be centralized, and a shift to group pric-
ing is more likely to be optimal.

A product category perspective can also be applied
to our findings. Sharing of business-related product
categories, such as financial reports or real estate list-
ing services, might involve individuals who are less
inclined to reveal their true valuations. In such a
context, an equal-pay approach akin to our budget-
balancing mechanism may be more likely. Our results
suggest that, in these cases, firms find it more diffi-
cult to reap benefits from sharing. Thus, managers in
such product categories should be more aggressive in
combating sharing. On the other hand, managers for
products typically shared among friends (e.g., music)
may be able to reap the benefits of social sharing
comparatively easily, because the group mechanism is
more likely to be efficient. In essence, firms may not
directly observe group mechanisms, but the nature of
the product may be a good indication of them. The
example of sharing music is interesting because the
negative effects of sharing are often argued in the con-
text of this category. Our results offer a different out-
look, suggesting that products shared among friends
are less likely to reduce firm profits when prices are
adjusted accordingly.

Several limitations to the insights provided in this
paper should be noted. First, for parsimony we
assume that the individual propensity to share q is
independent of price. As noted above, an explicit link
between price and q would require an ad hoc assump-
tion regarding the functional form of the relationship.
However, we conjecture that the effect of such a link
on our insights can be suggested without additional
analysis. Consider the region of q in which, in our
main model, an increase in q leads to higher profits.
If q increases with p, then any increase in price in
this region will further increase q (and thereby prof-
its). In effect, in this region the firm would increase
price more than what is suggested by our results. Con-
versely, if the firm is in a region where higher q is
detrimental to profits, the logic works in the opposite
direction, and the firm will increase price less than
what our results suggest.

A second limitation stems from the fact that,
although substantial price increases are not uncom-
mon for institutional customers such as libraries or
video rental stores, they might encounter resistance
when applied to the price faced by consumers. Thus,
whereas our model does suggest that such actions
could be profitable, a word of caution is advised, as
there are likely other behavioral factors to be consid-
ered. Further research could investigate the degree of
social acceptance of such a policy and the impact of
this acceptance on a firm’s optimal decisions when
faced with sharing of its information goods.

Finally, we use a static framework in this paper,
using established reduced-form representations of
the strategic network formation process. The explicit
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modeling of sequential network formation, which
might require a simpler setup than the one used in
this paper, could yield additional insights into the
impact of social sharing on prices and profits.

Electronic Companion
An electronic companion to this paper is available as
part of the online version at http://dx.doi.org/10.1287/
mksc.1120.0706.
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