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Abstract

Online communities have become become a crucial ingredient of e-business. Supporting
open social networks builds strong brands and provides lasting value to the consumer. One
function of the community is to recommend new products and services. Open social
networks tend to be resilient, adaptive, and broad, but simplistic recommender systems can
be 'gamed' by members seeking to promote certain products or services. We argue that the
gaming is not the failure of the open social network, but rather of the function used by the
recommender. To increase the quality and resilience of recommender systems, and provide
the user with genuine and novel discoveries, we have to foster diversity, instead of closing
down the social networks. Fortunately, software increases the broadcast capacity of each
individual, making dense open social networks possible. Numerically, we show that dense
social networks encourage diversity. In business terms, dense social networks support a
long tail.
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1. Introduction

Social networks are sets of relationships created by interactions among individuals. They
constitute the fundamental ingredient of many innovation-diffusion models [12,13] as
well as viral-marketing models [14]. We distinguish two types of social networks. Closed
networks have barriers to entry and exit from the network, and connections between
individuals may be limited. In open networks, there are no such barriers. In particular, any
two individual may decide to form an ad hoc relationship. Private clubs, companies,
tribes, countries, industry organizations and professional corporations are examples of
closed social networks. Although restricted, closed social networks can be democratic or
even operate by consensus. By contrast, while in open social networks, any user can join
or leave the network at any time, the network itself might not be democratic or
egalitarian. Similarly, while participation on the Web is open, there is no mechanism to
ensure an equal visibility to all. The consumers of most large retailers form an open social
network and so does the blogosphere, even though some members (A-listers) may be
granted privileges or greater visibility. Being 'open' or 'closed' is a question of
membership, not of governance.

One of the primary function of a social network is to guide its members. Recommender
systems have become fashionable for their contribution to the success of some online
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retailers. Back in 2006, Marshall stated that 35% of all sales at Amazon.com are due to
their recommender system [10]. However, recommender systems have always existed: it
seems to be part of human nature to recommend to others good locations or resources. As
social networks become more open, more varied, and larger, their function as a
recommender system can either improve or collapse. Even though contributors to open
networks are often motivated by altruistic goals [39,40], online social networks have been
'gamed' by members seeking to profit from the network. For example, a popular Web-
based recommender system, Digg, had to change its recommendation process since
several users would collude to game the recommendations. Due to the popularity of Digg,
these users may have had financial incentives to artificially boost the popularity of some
news items. On this basis, Karp argued that completely open social networks have

failed [9]. Should we close social networks to prevent the abuse of their recommender
function? The ancestor of Wikipedia, Nupedia, was a closed peer system [38] and it failed
while the open Wikipedia thrived: clearly openness and low barriers to entry can have
tremendous benefits.

But what constitutes a good recommendation? The item being recommended has to have
some intrinsic qualities, such as correctness and elegance, but it should also have qualities
related to the community and the context, such as timeliness. Thus, the intrinsic qualities
of an item are defined against a social network. For example, a scientific journal, through
its review process, acts as a recommender system for scientists. If the editor of a journal
sends an alchemy research paper to 100 alchemists, he may get good reviews. If he sends
the same paper to a single chemist, he can expect a bad review. While traditional peer
review relies on a closed social network, there is an ongoing debate as to whether it is the
ideal system [11]. Alternative forms of peer review have been suggested, including
posting papers online and letting the community decide what is useful: such an alternative
would be based on an open network.

Users freely participate in open social network and do so only because the network is
useful to them or their peers. Individual can break relationships when they are no longer
useful. Thus, a good recommendation must be a natural output of an open social network,
as users would simply leave the network otherwise. However, any specific processing,
including peer review or commercial marketing, might be flawed even if it is supported
by the network for a time.

Electronic media support larger open social networks. Through email or Web sites, an
individual can interact with dozens, or even hundreds, of people a day. Computers can
also automate the construction of aggregations to summarize the data collected in the
social network. Digg, Slashdot, and many of Amazon's recommendation features are
examples of aggregations. Aggregations do not define social networks, but they can play
a pivotal role and they can be seen as the generalization of the simple recommendation.
Software has the potential to increase the usefulness of open social network by increasing
the density of the network: technology makes it possible for individuals to interact with
more individuals. The mail and the phone made it possible for people to interact with
friends far away, but the Internet has reduced dramatically the cost of each such



interactions.

The failure of an aggregation to be resilient or useful does not signify that the social
network has failed: the individuals composing the network will tend to stop using
defective tools and may find or compose new ones. The recommender creates a view of
the network, and it is this view which leaves the network open to gaming. For any large
scale open social network, such a view is necessarily a simplified or reduced version of
the social network: 1) it may only consider only part of the data and the connections 2) it
aggregates several connections together for conciseness 3) it may be static, providing
only a snapshot. In some cases, it may not even be possible for the software to consider
all of the possible connections: the size of the World Wide Web can only be
approximated [23,24]. Any attempt to present to a user a digestible summary requires
making assumptions about the network and the users. This limited view of the network
can be exploited.

Usefulness can be measured by the usage patterns of the recommendations. Because the
recommendation process itself belongs to the social network, an analysis based on
collected historical data maybe flawed unless we know how to model the users and their
interactions with each other and the software. Nevertheless, we should seek guiding
principles to develop more useful recommender systems.

2. What is diversity?

Diversity has long been valued in statistical surveying and research. Polling methodology,
for example, requires that surveyors construct samples in such a way as to ensure a genuine
cross-section of the population being polled; researchers attempt to match samples of the
population to the population as a whole based on samples of various attributes observed in
the population [47]. Coverage biases are a constant source of worry.

Diversity is defined as a high level of heterogenity in a collection of entities, that is, if the
entities in the collection are different from each other. The difference between entities may
be measured as the inverse of their similarity, as defined by Tversky (1977). In particular,
Tversky writes, "the similarity of objects is expressed as a linear combination, or a contrast,
of the measures of their common and distinctive features." The degree to which these
features overlap is the degree to which two entities are similar, and consequently, the degree
to which entities possess unique features is the degree to which they are different. A
collection of entities is diverse, therefore, if the entities in that collection display a high
degree of difference from each other, that is, if there is a high proportion of unique features
(that is, features possessed by fewer, not more, entities) in the set.

Tversky's measure is similar to Shannon's information content [27] measure: suppose that
in a set S of size n, the element i occurs with frequency f;, then the information content is
-Y'fi log, fi/n. The monotonicity of information content follows from Shannon's seminal
work. Using this last definition of diversity, given a fixed cardinality, the diversity is



maximized when all items are distinct. In Shannon's system, an element plays the role of a
feature in Tversky's measure. We might say that Tversky identifies the similarity of entities,
while Shannon identifies the similarity of messages. Each type of similarity - and
consequent diversity - plays a role in a network. Our work is directed toward the diversity
of entities, but we suggest that similar considerations may apply regarding the diversity of
messages.

We all know intuitively what a diverse set of entities is. Adapting an example from
Tversky [25], Russia and Jamaica form a diverse set of countries compared to either Cuba
and Russia, or Cuba and Jamaica. While there are several possible measures of diversity,
we postulate that diversity measures over sets should obey the following rules or axioms:

- The diversity of a singleton or empty set is naught. A recommendation containing a
single book has no diversity.

- Diversity is monotonic. Given sets A and B, the diversity of the union of the sets A
and B is at least as large as the diversities of sets A and B alone. This implies that if
A is a subset of B, then A has at most a diversity as large as B. That is, samples
always have diversity no greater than the original set.

-+ A diversity measure is a non-negative number.

These rules do not imply that diversity is distributive: the diversity of the union of A and B
may not be computable from the diversity of sets A and B alone. If we accept these axioms,
then the set Cuba, Jamaica and Russia, has at least the diversity of the set Russia and
Jamaica. A naive measure of diversity is the cardinality. Using this measure, a larger set is
automatically more diverse.

We can measure diversity geometrically. For example, if each data point can be represented
as a feature vector, the number of dimensions spanned by the data points can be a measure
of diversity. For example, if the feature vector is (in the Antilles, has an history of
communism), then Russia = (0,1), Cuba = (1,1), Jamaica = (1,0) and the set Russia and
Jamaica spans a two-dimensional space whereas Cuba and Russia spans a unidimensional
space. The number of dimensions could also be a fractional number [26]. Dimensionality is
always monotonic. Some structures may evolve over time. Even though any given snapshot
of the structure may have low diversity, the overall structure, over time, may demonstrate
diversity. For example, a conference behind held yearly, first in Russia, then in Cuba, then
in Jamaica, would have chosen a diverse set of locations.

Thus, our axioms of diversity can be applied to graphs. For example, the maximal number
of incoming links to a node is such a possible diversity measures. Many indicators related
to diversity have been proposed on networks. The in-degree is the number of links to a
node, the out-degree is the number of links out of a node, whereas the degree of a node is to
the total number of links to other nodes from this node. Hubs in a network are nodes with
high degree. We say that a network is disassortative if nodes having few degrees link to
nodes having higher degrees. The betweenness is a measure of how frequently a given link



is part of the shortest path between any two nodes: in a more diverse network no link
should dominate all others and the betweenness should therefore tend to be flat. The
average shortest distance between nodes is another related metric and so is the diameter of
the graph (the largest distance between any two nodes).

Calculations of diversity are subject to perspective and point of view. While a theoretical
diversity metric could be calculated with referenced to all features possessed by all entities
in the set, such a measure is rarely possible or desired. As Tversky notes, calculations of
similarity will take into account which of those features are salient or important to the
calculation taking place. For people taking a tropical vacation, for4 example, Jamaica and
Cuba are more similar, while for those interested in Cold War era governments, Cuba and
Russia are more similar.

3. Diversity in Open Social Networks

In an open social network, the entities connected are individual people. In this environment,
'diversity' is typically defined as the distribution of a sample across a selection of
representative population groups as identified by salient features, such as age, race, gender,
language, location, and related properties (it could be argued that the salience of the
features in such a set is related to the diversity of the messages they would send to each
other).

In an open social network, there is naturally a constant flow of new individuals and changes
in the structure of the network. So all things being equal, a social network that is open will
also be diverse. But openness does not entail diversity; an open social network in a
homogenous society would itself most likely be homogeneous. Also, self-selection may
ensure some form of homogeneity. Moreover, while, diversity does not inherently require a
large network, we expect worldwide open social networks to be diverse.

Given a large enough random sample, current polling methodologies predict accurately the
result of democratic consultations. For other applications, Bourdieu [15] commented that
we could not weight each individual as a unit and ultimately put into question the summary
of a population by simple aggregations. John Stuart Mill and Alexis de Tocqueville referred
to the tyranny of the majority: left unchecked, majorities may put their interests far above
the minorities' interests. For this reason, most democratic systems do not rely exclusively
on proportional votes. Ensuring that elected officials will come from various regions of a
country using representative democracy is one approach to ensure some diversity.

Representativity in a social network can be obtained with democracy or random and fair
samples. However, the representativity of the view is not essential nor necessarily useful.
As an example, suppose that you have a probability p of appreciating any given
recommendation. Suppose the recommendations are statistically independent. If two of
your peers recommend the book 4, the probability that you appreciate either or both
recommendations is p+(1-p)p = 2(p-p*/2). If a third peer recommends book B, the



probability that you will appreciate his recommendation is p. Hence, whereas you are more
likely to appreciate book A because more users recommended, you are not twice as likely to
appreciate it: the weight of the two peers who recommended book 4 went from p to p-p*/2.
In a more realistic model, the two users recommending book 4 may not be considered
statistically independent, and thus, their weight would be even less. Certainly, the task of
recommending to a particular individual a given product or service requires more than
representativity.

McNee et al. [1] point to how some recommender systems fail because they do not produce
useful recommendations. They stress that serendipity requires diversity in the
recommendations—it is not useful to recommend ten highly similar products—and novelty.
In other words, good recommendations maximize the flow of information [16] — ie., it
must contain several distinct new elements to the individual. Hence, if a given individual is
a known fan of Céline Dion, recommending the last two Dion albums is likely to be a
suboptimal recommendation.

4. Do social networks achieve diversity?

We have already observed that even a large open social network may not achieve diversity.
It may be difficult to measure precisely the properties of multimodal open social networks.
For example, Grippa et al. [32] have shown that relying on email traces alone may
underestimate democratic exchanges and overestimate the influence of a core group. It is
likely that the same bias exists if we only capture one form of interaction between users.
Ochao and Duval [45] have studied user-generated content from available online traces.
They divided the systems into three categories. The most diverse (Amazon Reviews, Digg,
FanFiction and SlideShare) have 10% of the users contribute 40% to 60% of the content. In
the second category (Furl, LibraryThing and Revver), 10% of the users contributed between
60% to 80% of the content. In the last category (Scribd and Merlot) few users contributed
most of the content. The first category receives a more diverseinput from users.

One indication that a network is diverse is that different people interact. According to Kelly
et al. [6], discussion in political newsgroups is overwhelmingly across clusters of the like-
minded, not within them. According to Fu et al. [18], blogging networks present
disassortative mixing patterns: very connected bloggers tend to mix with lesser connected
bloggers. Kolari et al. [28] have reported that even though internal corporate blogs are
biased locally—American blogs tend to link to other American blogs—there are significant
conversations across blogs from different countries as long as they share a common
language (English). Kossinets and Watts [30] have suggested that, in university-based
social network, homophily with respect to individual attributes such as status, gender, and
age mostly has an indirect effect on the topology of the network, operating on constraints
such as selection of courses and extra-curricular activities.

Another indication that a network is diverse is that it cannot be easily manipulated: we
cannot find a few superinfluential people. Braha and Bar-Yam found [29] that whereas a



small number of highly connected nodes can have great importance in the connectivity of
the network, these hubs change quickly over time. Thus, targeting hubs may have little
effect on the network. In effect, whereas a given individual may have a large impact on the
network at a given time, we cannot rely on the effect to be easily reproducible. Thus
diversity may arise because fast changes are possible.

Santos et al. [34] have shown that the more individuals interact, the more they must be able
to adjust their partnerships quickly, otherwise cooperation becomes unprofitable and selfish
interest prevails. They made their demonstration using computer simulations of the
Snowdrift and Stag-hunt games, and Prisoner dilemma. If individuals can only adjust
slowly their social ties, defectors (people motivated exclusively by their self-interest)
eventually wipe out cooperators. If the individuals can adjust quickly their social ties,
cooperators dominate. Each cooperator tends to become a hub: attracting other individuals
who will benefit from the relationship. The diversity of the network as measured by the
maximum number of relationships an individual can collect is maximized when rate with
which individuals can change their social ties is sufficient to sustain a few cooperators, who
will become popular individuals. We can imagine that at any given time, individuals may
opt to become cooperators or defectors depending on their needs, objectives, and on the
state of the network. While a closed social network may prevent these changes, they appear
unavoidable in an open network.

The frequent occurrences of few important hubs is defining ingredient of the so-called
scale-free networks. A network is said to be scale-free if the degree distribution of the
nodes follow a power law. That is, the number of nodes having degree & is proportional to &
“ for some positive constant a. It is believed that a wide range of networks are scale-

free [7,35]. Scale-free networks are also believed to be more resilient because few nodes
operate at any given time as a hub whose destruction may have a noticeable impact on the
connectivity of the network. Scale-free networks commonly exhibit the small-world
phenomenon: whereas all nodes are not connected, we can go from any node to any other in
few steps [36]. This ideas is sometimes popularized under the label "Six degrees of
separation."

However, hubs and scale-free networks are not required to observe the small-world
phenomenon. We say that a graph is regular if all nodes have the same degree. Using a
hyper-rectangle, we are able to construct a regular graph having n nodes and log n diameter
with maximal degree log n. Simply start with a 4-node rectangular graph: you have 4 nodes
and a diameter of 2. Move to a 8-node cubic graph: you have 8 nodes and a diameter of 3.
Generalizing this construction, you have 2d nodes and a diameter of d. In turn, a
logarithmic growth of the diameter cannot be avoid: suppose that you have a graph with
diameter D and maximal degree z. Starting from any node, we can reach any other node in
D step, after one step we have visited at most z nodes, after two steps at most z2 nodes and
so on. Hence, the graph can have at most n = zD nodes or D = logz n. However, larger
networks may have larger maximal degrees [37].

We define the density as the average number of links or edges per node. Intuitively, if



individuals are linked to more people, they may have a more diverse input. To quantify this
hypothesis, we generated 1000-node networks using Barabasi-Albert preferential
attachment models (Barabasi and Albert, 1999). Networks are built as follows: initially, we
have two nodes linked together, then we add a new node one at a time. Each node will form
K edges with the existing nodes. The existing nodes are picked at random with a probability
proportional to its current number of edges to some power p. In the event where a node is
picked several times, only one edge is formed. For p = 0, we have a random graph, whereas
for p = 2, we have a graph with strong preferential attachment: most nodes will have only K
links, while very few have many more.

Hubs contribute to reduce the diameter of a network. By bringing more diverse people
closer together, they may contribute to diversity. To quantify the impact of hubs on the
diameter for each each value of pin 0, 1, 2 and each value of K'in 1, 2, 3, 4, 5, we
generated 20 random graph and computed the average diameter (see Table 1). We see that
whereas strong hubs (p = 2) substantially reduce the diameter for a fixed density, their
effect diminish quickly as the graph density increases. For a dense network (K = 5), there is
no difference in the average diameter between having no preferential attachment and linear
preferential attachment, for this particular experiment.

Table 1

Average network diameter with respect to the number of edges per node (K) and type of
preferential attachment (p)

p=0 p=1 p=2
K=1 24.8 16.8 5.1
K=2 8.8 7.4 4.9
K=3 6.9 6.0 4.0
K=4 6.0 5.0 4.0
K=5 5.0 5.0 3.9

However, the diameter might be a misleading measure of diversity: a group structure with a
single leader (hub) has a small diameter, but it may not be very diverse. To better quantify
diversity, we injected 50 distinct diseases in these networks. A disease is first seeded into
one individual. Individuals pass on the disease to each of their neighbors with a probability
of 50% each as long as the neighbor is not already infected. Individuals can catch several
diseases, but they can catch a given disease only once. Because all diseases are initially
equal, we wish them to see them infect a comparable number of people. We define the
popularity of a disease as the number of people infected. This disease model can be applied
to model crudely how new products or new ideas spread: if an idea are not intrinsically
better, it should not unduly gain overwhelming popular as it would reduce the diversity of
ideas.

In Fig. 1, we present the relative popularity of the various diseases for different types of



networks. Our results are the average of 50 different trials. We see that increasing the
density of the network invariably flattens the popularity curve, a desirable property.
Increasing the number of edges per node has a less significant effect on networks without
strong preferential attachment (see Fig. 1.c) and is most important for networks without
preferential attachment (see Fig. 1.b). In these particular experiments, the best diversity is
achieved without preferential attachment, within a dense network.

0.1 .
b edge
2 edges
0.08 4 edaes ----------------

10 edoes
0.06
0.04
0.02
0

0 5 10 15 20 25 30 35 40 45 50
a) p = 0 (without preferential attachment)

0.1 - - -
1 edge
2 edges
0.08 4 edges
10 edges
0.06
0.04
0.02
0 L 1 L n
0 5 10 15 20 25 30 35 40 45 50
byp=1
0.1 ‘ - -
1 edge
2 edges
0.08 r 4 edges
10 edges
0.06
0.04 \
0.02  frmmmmmmmmsmmmmmss gty Stnsssnpggumm,
0

0 5 10 15 20 25 30 35 40 45 50
c)p=2
Fig. 1. Relative disease popularity relative to the number of edges per node (K) for random
networks with preferential attachment parameter p

In social networks where there is almost no broadcast limit, that is, any given node can be
linked to many other links, increasing the density of the graph is an efficient approach to
achieve diversity. This may partially explain why Leskovec et al. [37] found that the



average distance between nodes diminishes and the density increases as more nodes join
networks.

4. Should social-network aggregates seek diversity?

Schwartz observed that diversity can be a source of stress [22]. Similarly, in Information
Retrieval, there is a constant tension between precision—the accuracy of the result set—
and recall—the completeness of the result set (akin to diversity). Fewer, but hopefully more
accurate, information sources is sometimes thought to be better. For this reason, engineers
commonly apply the Probability Ranking Principle (PRP): the document most likely to be
relevant are presented first to the user. The PRP may actually contribute to diminish the
diversity of the result set: to the query term nail, a system may produce a set of documents
having to do with fingers and anatomy, but no documents about hammers and construction.
In an informal test, none of the first 20 documents returned by Google using the term nail
had to do with construction. However, Chen and Karger [46] have presented a new
objective function for Information Retrieval which automatically enhances diversity. They
seek to maximize the probability that one of the first few documents returned is relevant,
instead of ranking the document by probability of relevance. Such a system would attempt
to present a diverse set of documents to the users so that at least one document is relevant.

Seth [4] points out that good information must be relevant, diverse and reliable. According
to Surowiecki [44], diversity of opinions leads more reliable decisions. Meanwhile,
Rheingold [2] suggests that a more diverse online community increases one’s chances of
finding relevant information. Florida has shown that diversity is tied with innovation and
prosperity [43]. Hong and Page have produced mathematical models showing that sets of
diverse individuals can solve problems better than homogeneous sets of highly skilled
individuals [48].

In machine learning, a common meta-learning algorithm is to combine multiple learning
algorithms [17]: it works best when combining diverse learning algorithms. Mobasher et al.
[19] have shown that it is possible to mount attacks against a recommender system without
much knowledge of the system itself. They have shown that it is difficult to identify attacks
as even a low volume of data can still have a significant impact. They argue that algorithms
mixing different predictions computed in radically different ways, are more robust.

Diversity has been identified as a desirable property of recommender systems. McNee et
al. [1] observe that the current breed of collaborative filtering algorithms, which often
focuses on similarity between users, lead to personalized recommendations which are too
predictable and ultimately not very useful to the users. Fleder and Hosanagar [20] have
shown that a recommender system can actually decrease diversity. McGinty and

Smyth [21] consider the role of recommendation diversity in conversational recommender
systems: as you propose various options to the users, you need to ensure that these options
cover a broad spectrum of choice so that the value of the user feedback is maximized. To
ensure diversity, they weight the possible recommendations not only by their similarity to



the user profile, but also by the dissimilarity to other recommendations.
5. Models and strategies for diversity

The long tail [8] is an hypothesis according to which e-commerce is increasing transactions
of relatively unpopular items which, grouped together, form a sizeable fraction of the sales.
Oestreicher-Singer and Sundararajan [31] have surveyed a large online retailer and
concluded that the influence of hyperlinks is to redistribute demand between products in a
way that flattens the overall distribution. In a case study, Elberse and Oberholzer-Gee [33]
found that online retailing appears to shift sales towards the tail of the distribution, even
though fewer star products appear to account for an even greater proportional of total sales:
an even longer tail accompanies a shorter head. It does appear that the hyperlinked nature
of the Web, with the multiple paths to and from any given site, helps supports the long tail.

Randomness is a practical strategy to ensure diversity while preventing gaming. As an
application scenario, consider a democratic vote whereas any candidate getting more than
10,000 votes is elected. Clearly, such a system is sensitive to small cliques of similar people
who choose to focus their votes on one particular candidate. We could, instead, pick the
candidates at random, whereas the probability that any given candidate is picked is
proportional to the corresponding number of votes. If the tail of the distribution of
candidates account for 50% of the votes, then 50% of the elected candidates will be from
the tail. Moreover, it is difficult for a small group to game such a system: they need to get a
sizable fraction of the votes before they can have an effect. This random approach can be
coupled with a weak for of thresholding: any candidate with fewer than K votes is
dismissed before the random selection, and all candidates deduct K from the total of their
votes. An interesting example of a robust recommender system based on randomness is the
Slashdot [5] moderation system. Each registered users collect karma points over time by
being active in the system in a positive way. Once a user has a sufficient amount of karma
he may be randomly selected to review the comment section of a story. The user cannot
transfer this moderation privilege: he must use it at once or lose the chance to moderate. It
is difficult to game such a system.

Another road to diversity is representative democracy. In a social network, similar users are
clustered either by their voting patterns and social links. Sets of similar users get a single
vote. An equivalent view to this model is to weight original users more than conforming
people: a user should be weighted according to the conditional information [42] of its votes.
Simply clustering users geographically, as in traditional representative democracy may not
suffice. Unfortunately, it may be difficult in practice to capture enough information in a
single software applications to fully characterize clusters of similar users. Even if we were
given all the information, choosing the most appropriate similarity measure may also prove
to be a challenge. Similarity between users in a network may be defined topologically: two
nodes are equivalent if we can exchange them without changing the structure of the
network. Thus, users in a disconnected clique are all identical.



Timeliness is also a key ingredient. By making it more difficult for strong cliques and hubs
to remain over time, we ensure a constant flow of new contributions. Self-reinforcing
biases are diminishing diversity. However, it may not be wise to dismiss the past too
quickly and become amnesic.

Ultimately, users should avoid relying on a single aggregation strategy to filter content.
Indeed, diverse information sources form a more resilient system (see Section 4). For
online retailers, the corresponding strategy is to offer a diverse set of aggregations to the
users, including personalized ones. Retailers should seek to maximize the probability that at
least some of what they offer to the users [46] is relevant, instead of simply ranking by
probable relevance. Web sites like Digg offer several aggregations (technology, science,
gaming and so on) to provide some measure of diversity. They should also help users grow
their own personal social networks by making it easy and fast for people to interact directly,
visualize, terminate and grow relations [3].

6. Conclusion and future work

It is difficult to find limitations on how useful and resilient software and recommendations
based on social networks can be. However, it is easy to determine the limitations resulting
from a closure of the social networks. By limiting the diversity of sources and opinions,
reliability and relevance may both be diminished.
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