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Abstract

Online communities are connecting hordes of individuals generating rich social network data.
The social capital that resides within these networks gelgrunknown. We propose to create a gen-
eral framework for measuring and leveraging social capasked upon explicit social networks, implicit
affinities, and the mobilization of social resources. Thailing quantitative models are used to charac-
terize social capital in several online communities.

1 Introduction

The science of building and discovering communities iseasingly important as the Internet becomes
the largest collection of ideas, personalities, and cefiun history. The continual emergence of new on-
line communities requires better techniques for undedatgnthese phenomena. Online communities, also
referred to as neo-tribes [20], have proliferated the h@er In particularthe blogospherethe growing
community of people that read and write Weblogs, has beer itih@n doubling each year [38]. These
communities represent groups of individuals connecteddnyeswell-defined, explicit relation, such as a
shared medical condition in a health community, a trustedax link in a business network, or an estab-
lished friend or family relationship in a photo-sharing aommity. Online communities continue to rise in
popularity by bringing people together to socialize, wargdther, and communicate.

The amount of data generated by these communities far exesedything collected previously. In the
past, the available social network data has been limitedvandstatic. For instance, it has been prohibitively
expensive for researchers to survey individuals requgstach to name their friends, allowing a simple
social network graph to be created for analysis. Due to ttreased ability to connect on the Internet, social
network data is available, not only for static snapshots$,dgnamically over time. The social graph that
is now becoming available online is more comprehensive amtingnt than those generated from manual
surveys.

Social capital is a fundamental idea that originates intjgali science and sociology (e.g., see [27]).
“Unlike other forms of capital, social capital is not posses by individuals, but resides in the relationships
individuals have with one another.” [16]. Social capitastiers reciprocity, coordination, communication,



and collaboration. It has been used to explain, for exantpe; certain individuals obtain more success
through using their connections with other people. In aarigting study about CEO compensation, Bel-
liveau and colleagues show that social capital plays afsignt role in the level of compensation offered to
CEOs [3]. In another study on social capital in the workp]dedckson concludes that “good networks help
people to get good jobs” [13].

Social capital within a community is grounded on:

1. relationships (e.g., see [11])
2. individuals’ attributes (e.g., see [33, 13])
3. available social resources (e.g., see [27])

To exploit (1) and (2) above, we find it useful to distinguisgtieen two types of connections among
individuals, as follows.

e An explicit connection links individuals together based on a well-ag&firelationship, such as “is a
friend of” or “collaborates with.” Individuals thus linkeate aware of the explicit connections among
them.

e An implicit connection links individuals together based on looselyngefiaffinities, or inherent sim-
ilarities, such as similar hobbies or shared interestsiviehahls thus linked may not be aware of the
similarities in attitudes and behaviors that exist amormgrth

We callexplicit social network$ESNS), social networks built from explicit connectionslamplicit affinity
networks(IANs), social networks built from implicit connectionsy@dfocus on their complementary natures
in the context of social capital. While there is no consehdeénition of social capital, most definitions
focus on the value of social relations in achieving someviddal or group benefit. Indeed, “social capital
can be viewed as based on social similarity, the shareda#ifiitis or activities that indicateowone knows
someone.” [3] (emphasis added). In this sense, socialatapibaturally interested in implicit connections.
On the other hand, social capital can really only accrue wheiniduals are aware of it, that is when they
establish explicit connections among themselves.

We have shown elsewhere how to build IANs from individualsresented as collections of attributes
and associated value sets, where links are created whameverdividuals share an attribute whose value
sets overlap [39]. For example, the characterizations bleTa give rise to the IAN marked by dotted lines
in Figure 1. The solid lines correspond to possible expticitnections that make up an ESN over the same
set of individuals. We call a network that has both implicitlaxplicit links ahybrid network

In regards to (3), Lin suggests that accessing social ressuwithin a network should consider the
position of ego in hierarchical structures, the nature eftia between ego and the other actors, and the
location of the ties in the networks [27].

Knowing how much social capital exists within these comrtiasiallows us to more effectively answer
important questions, such as:



e Who should a community newcomer attempt to connect with?

e What influence does an individual have upon online friendgiims of mobilizing them to act? (e.g.,
click a link, respond to a question)

e Who should one connect with in order to gain access to additiesources?
e How heterogenous is an individual’s network and what bogtthindging opportunities exist?

e Do the attributes gleaned from an individual’s data streaemsaccurately describe how the individual
hopes to be perceived?

e What social resources were mobilized within the communitgirdy the past month?

e Which individuals tend to mobilize the most social resogfe

We propose to formalize the notion of social capital by ewhamn previous metrics by incorporating
the mobilization of social resources through purposivéoast This includes evaluating nodes based not
only on their relationships and attributes, but on theiiaaesources. The result is a quantitative model for
characterizing social networks and providing social atizgythat aid in decision making.

2 Related Work

We have organized the most relevant work related to thisarekén the sub-sections below.

2.1 Social Network Analysis

For decades, researchers have performed social netwolgksianaA plethora of structural properties and
measures have been invented for social network analysjs l[dt&restingly, most properties and measures
have been designed for static social networks. Some, howsayeh as nodal degree, diameter, and density,
can easily be adapted to capture aspects of network evolotier time (e.g., see [45, 37]). Recently,
some researchers have begun to study the dynamics of setink formation and evolution, leading to
the discovery of several interesting patterns such as dggyeer laws and shrinking diameters (e.g., see
[22, 24, 25, 35, 41]). Dynamic social network analysis teghes are increasingly important as the pertinent
data becomes available.

Centrality measures have historically been used to deterihie relative importance of a particular node
within a network graph. For instance, Google’'s PageRangrilgn utilizes a form of centrality to provide
ranked search results [32]. Common centrality measurésdecegree, betweenness, closeness, and eigen-
vector centrality [45].Degree centralityconsists simply of the in-degree or out-degree of a padicubde
[17]. Often, high in-degree centrality represents popiylawhile high out-degree centrality represents gre-
gariousnessBetweenness centralitpkes a different slant by calculating the shortest pathsd®n every
node within the network and assigning high values to noddsdied in more shortest paths, thus signifying
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which nodes are most “central” [18{Closeness centralitis the mean shortest path geodesic distance be-
tween the node and all other nodes reachable from it [2]. ,Tthesnode with the lowest value is the closest
to the most other node&igenvector centralitys the principal eigenvector of the adjacency matrix degnin
the network [7]. The eigenvector provides a score for eacte mathin the network such that a high scoring
node is one that is adjacent to nodes that are themselvesdagimg. In addition, the notion of individual
centrality has been extended for application on groupsJ4p,All of these centrality measures can provide
a measure of individual (or group) importance that is baséelyson the connections in the network.

2.2 Social Capital

The notion of social capital has been around for at least tgerowever the surge of theory and research
has been during the last two decades. Sociologists appkavédeen most aggressive in studying the topic
[27], while political scientists have made it popular [33he interest in social capital has since expanded
to other areas including business, computer science, ggogoorganizational studies, and health.

Two main components of social capital have been defined: ibgrabcial capital and bridging social
capital [33, 34]. Bonding social capital refers to the vaissigned to social networks among homogeneous
groups of people. Bridging social capital refers to the gahssigned to social networks among socially
heterogeneous groups of people. As described in [30], theciptual distinction [between bonding and
bridging social capital] should be seen as a continuum rdttan a dichotomy because in practice many
groups serve both bridging and bonding functions, but ne¢svoan be classified as falling closer to one end
of this spectrum or the other.” Associations and clubs gibrccreate more bonding social capital; neigh-
borhoods and choirs tend to create more bridging sociatalapiVhereas bonding social capital increases
through closure, as individuals strengthen existing lak®ng themselves, bridging social capital increases
through brokerage, as individuals establish new linksscstructural holes [10]. Erickson argues that net-
work variety (i.e., bridging capital) is a form of social aab valuable to both employers and employees in
the hiring process [13]. In order to create either bondinprimlging social capital, individuals must interact.

In general, bonding interactions are more likely to occamtlridging interactions [27]. Interacting
homogeneously (i.e., bonding) “should be the expectedaser pattern of interactions observed”, because
it requires the least effort [27]. On the other hand, intengcheterogeneously (i.e., bridging) demands
effort due to resource differentials and the lack of shassdisients and is therefore relatively less likely to
occur [27].

As theorized by Linpersonalandsocial resourcesan be characterized for individual actors. These
resources are defined as either material goods (e.g. landesiocar, and money) or symbolic goods (e.g.,
education, memberships in clubs, reputation, or fame)sdpal resources (i.e., human capital) are in the
possession of the individual, while social resources, (&@cial capital) are accessible through social con-
nections [27]. Resources gained through bridging interastare perceived to be of greater worth as they
are more likely to be dissimilar than the resources alreadilable.

Lin characterizesccessand mobilizationas theoretical approaches that describe how social cégpital
expected to produce returns [28]. Access estimates thergrbsocial capital (known to be) available to
an individual. This approach is based on the assumptiorttibaamount of accessible social capital largely



Type of Focus
Type of Actor Internal External

Individual Ones relationships

with others

Me <~ Them

Group Structure of the Structure of the

relationships within| relationships of the
the group group with outsiderg

Us«+ Us Us <« Them

Table 1: Forms/Views of Social Capital (adapted from [8])

determines the returns, without regard to the particultioms taken to use the social capital. Alternatively,
the theoretical approach of mobilization reflects “a séb&cdf one or more specific ties and their resources
from the pool for a particular action at hand” [28]. For exdeypsing a specific contact having certain
resources (e.g., a highly trafficked blog, or domain-knalgt to boost sales on an e-commerce site could
be indicative of mobilized social capital.

The focus of social capital may be on the relations one speicifividual maintains with other in-
dividuals, on the structure of the relations within a grod@igndividuals, or on a combination of these [1].
Borgatti and Everett attempt to summarize these (and Qthienss of social capital using a 2x2 table, which
considers both type of actor and type of focus, as shown ifeTa[8].

There are further variations on these views. For examplébE® suggested that having a few powerful
friends is more important than having many powerless fedidd], an idea taken up in a recent individual-
external study, where social capital for an event was defasethe number of organizers with whom the
actor is friends [26].

3 Project Description

In this section, we provide an overview of the proposed waleng with areas where experiments will be
conducted.
3.1 Preliminary Work

We have begun formalizing the notion of social capital byyding a mathematical model that reflects some
of the main requirements (e.g., bonding and bridging)adiin previous attempts (e.g., see [33]). There
are several key features to our model, which we detail indleviing sections.

1. The distinction between potential and realized socipitabis made.



IAN Link
Yes No
Yes | Realized Bonding| Realized Bridging

ESN Link

No | Potential Bonding| Potential Bridging

Table 2: Potential vs. Realized Social Capital in Hybriduaks.

2. Bonding and bridging social capital are not reciprocal.

3. The model can be readily applied to available communitg.da

3.1.1 Potential vs. Realized Social Capital

Because individuals are complex entities whose attituaes keehaviors are prone to change over time,
IANs are intrinsically dynamic, evolving with such things their participants’ age, occupation, interests,
and life’s circumstances (e.g., marriage, retirement)e matwork continually and automatically shifts as
new participants create and current ones update their @arofiideed, small changes to one individual's
profile may have many (unexpected) effects on the overailtsire of the IAN.

Every time an individual’s profile changes (e.qg., by addingew attribute or a new value to an existing
attribute) the corresponding update creates an oppayttorinew implicit connections to arise. Some are
created immediately with individuals who share aspects®iupdated profile, while others are established
later as other individuals undergo related changes. Irstae, IANS capture thmotentialfor social capital.

On the other hand, changes to an ESN are more purposeful ealizéml. An individual chooses pre-
cisely which other individuals to connect with. Such chanlgave a direct impact on the social capital of the
underlying community. Hence, we can interpret IANs as aapguthe potential for social capital, and ESNs
—overlayed on IANs— as measuring realized social capitairédver, depending on the kinds of implicit
connections that may exist among the same individuals, analetermine what form of social capital is
being affected and how.

Table 2 summarizes the relationship between potential @alized social capital based on the connec-
tions of a hybrid network.

The presence of both implicit and explicit connections leetwindividuals indicates realized bonding
social capital as like individuals (IAN links) are connett® one another explicitly (ESN links). When
only implicit connections exist among individuals, one elvgs only potential for bonding social capital.
For example, in Figure 1, Amy and Bob have linked only imgljcindicating that there is a potential bond
that would be realized if they were to become friends. Theads of implicit connections when explicit
connections exist is an indicator of realized bridging s diverse individuals (no IAN links) are linked
to one another (ESN links). Finally, the absence of eithpe tyf connections highlights the potential for
bridging social capital, that would be realized when ESIKdiare establishet.

INote here that if IAN links were established first, this sitoa would of course turn into one of potential bonding sbcia



\ Individual | Attributes \

Amy Health: {Cancet, Habit: {Smoke
Bob Health: {Cancer, Alopecih
Cheryl | Health: {Cancek, Habit: {Smoke
Dan Habit: {Smokeg
Ed Health: { Alopecia}

Table 3: Sample Individuals and Attributes. The data cost#iree distinct attribute-values (i.eancer
alopecig andsmoke for two attributes:healthandhabit

Table 2 makes it clear that there is m@alizedbonding nor bridging social capital without explicit links
The amount of similarity implicit among individuals detéras the amount of bridging and/or bonding that
occurs within the network as explicit links are made or reetbvl huspotentialbonding or bridging occurs
among individuals when no explicit links are present amdregrt. Both implicit and explicit connections
are therefore necessary to calculate the network’s soajalad.

3.1.2 Bonding and Bridging Social Capital

Recall that a hybrid social network consists of an impliffinéty network (IAN) and an explicit social net-

work (ESN) defined over the same set of individuals. Hybritvoeks can thus be visualized by overlaying
ESNSs onto corresponding IANs. In social network analysimiteology, a hybrid network is a multigraph

having an explicit and implicit relation among actors (esge Figure 1).

Bob
033 \ CA / 033

0.5

Figure 1: Sample Hybrid Network. Each node is labeled with the individual's name and the Fafst
ter of each attribute they possess (see Table 3). Additigriaiplicit (dashed) edges are labeled with a
corresponding strength, while explicit (solid) links assamed to be of strength 1.

In [40], we showed how to derive an effective mathematicainigdation of social capital by exploiting

capital, rather than bridging social capital.



the complementarity of IANs and ESNs. We formalized aspefcs®cial capital to show precisely when the
community was either bonding or bridging for the particidantext. These analyses highlighted the effects
that individual changes had on the community; the occug@f@n individual bridging out or showing their
attributes in new areas was of particular interest.

We discussed the computation of realized social capitaichwas stated above requires both implicit
and explicit links. For implicit edges, the strengﬂjfw , of the connection between nodes i and j ranges
over [0,1] and is a measure of the similarity between the sddmnnects. For explicit edges, the strength,
sijN, of the connection between nodes i and j could be as simpl®g8, 1o reflect the presence or absence
of a link between the two nodes, but may also range over [0,thpture degrees of connectivity (e.g., best
friend vs. casual friend vs. acquaintance).

As mentioned earlier, social capital is comprised of the types of social capital. Therefore, the social

capital for an individual is the sum of the bonding capital and bridging capital:

sc(i) = b(i) + br(7)

We define theootential bonding social capitalf an individualz, wherelV is the set of individuals in the
network, as the sum of the individual's implicit similarisgrength to every other individual. That is,

poi)= Y stV
JEN,jF#i
Likewise, we define thpotential bridgingsocial capital of an individual as the sum of the individual's
implicit dissimilarity strength to every other individualhat is,

pbr(i) = > (1—s;')
JEN,jF#i
For a network, we define thaotential bonding (pbas the sum of each individual’s potential bonding

score divided by two. The division by two ensures that thepidl social capital shared between pairs of
individuals is counted only once rather than twice.

b= >_ien Pb(i)
2
Similarly, for a network, we definpotential bridging (pbr)social capital as:
pbr = ZieN;bT(i)

Normalized formulations of potential bonding and bridgthgt factor out the number of possible con-
nections among individuals are defined as:

2
npb = )pb npbr = pbr

2
N(N—1 N(N —1)



Intuitively, these normalized equations represent themial bonding/bridging opportunities without
regard to the network size. Thus, offering a metric for corimganetwork diversity. For example, a rela-
tively small niche network (e.g., Match.com) might be gty homogeneous compared to a large general
purpose network (e.g., MySpace.com). The range for eadtesétfunctions is [0,1]. Furthermore,

npb + npbr = 1

The bonding social capital realized by an individiiavhen (explicitly) connecting with individugl is
the product of the strength of the implicit edge by the sttlerud the explicit edge:

IAN (ESN

SU v]

Hence, as expected, if either the implicit strength or thaiex strength is 0, that is, if eitherand j
share nothing in common or they are not explicitly connectieein there is no bonding social capital. On
the other hand, if both implicit and explicit strengths ay¢htn bonding is maximized at 1.

We define theébondingsocial capital for an individual by summing the realized diog for all j in N
(except wherni = j). Thatis,

N\ IAN _ESN
by =Y sifNsi
JEN i

Likewise, bridging social capital for an individual is defined, where the imiplaffinity strength (i.e.,
s1AN) is replaced by the implicit dissimilarity strength (i.&.+~ s/*"). Thatis,

br(i) =Y (1—s/AN)sESN
JEN,j#i

Network bondingsocial capital is the sum of the bonding social capital fbiradividuals divided by
two, as follows.

2ien b(®)

b=
2

Network bridgingsocial capital is the sum of the bridging social capital fibiredividuals divided by
two, as follows.

zieN br (i)

br =
" 2

A normalized version of network bonding capital is calcethby dividing the bondinghj by the poten-
tial bonding pbr) currently available in the social network. That is,

nb = b/pb



A normalized version of network bridging capital is caldeth by dividing the bridging ) by the
potential bridging gbr) currently available in the social network. That is,

nbr = br/pbr

From the above formulation, we can see that bonding socmtatand bridging social capital are not
reciprocal of each other. Instead, their values are comlgldecoupled, allowing each to vary independently
of the other. The motivation for such a decoupling is foundhia following puzzle, posed by Putnam
(Personal Communication).

Too often, without really thinking about it, we assume thadfing social capital and bonding
social capital are inversely correlated in a kind of zermsalationship —if | have lots of bond-
ing ties, | must have few bridging ties, and vice versa. Asrapigcal matter, that assumption
is often false. In the US, for example, whites who have morewhite friends also have more
white friends. (This generalization is based on our extenanalysis of the 2000 Social Capital
Community Benchmark Survey.) In other words, high bondinghtnwell be compatible with
high bridging, and low bonding with low bridging. Of coursme can artificially create a zero-
sum relationship between bridging and bonding by askingt wtaportion of (say) friendships
are bridging or bonding, or on relative trust of in-groupsl aut-groups, but the result is a
mathematical trick, not an empirical finding.

Our formulation is not merely a mathematical trick, but isteml in what we understand to be the nature
of realized vs. potential bonding and bridging social apit

In [40], we report on the construction of a large hybrid sbe&work in the blogosphere and show how
social capital may be used to highlight important propsrtiethe network, as well as influence its behavior.

This allowed us to show how a hybrid network within the blgguare is not only connected explicitly
by the blogs they link to, but implicitly by the topics theyadse to write about. We showed that these
are not necessarily the same groups of blogs, suggestingnikegence of new sub-communities through
bonding. ldentifying these sub-communities has appbeain many domains. For example, the medical
community could use the hybrid graph to help patient comtieshaving implicit connections to connect
explicitly, thus forming support groups. The political daim could use hybrid graphs to determine where
political candidates should concentrate grass rootstefoiline. Furthermore, the expanding blogosphere
creates numerous social capital applications across magueldomains.

3.1.3 Data Availability

Social network data is currently being generated at an gedented level. Popular social media websites
such as, Facebook, MySpace, Blogger, and Twitter are dtlibgisocial graphs (ESN) and collecting user
attribute data (IAN). It is reported that millions of users @ontributing data to these sites everyday [36].
Much of this data is available for public consumption. Fostamce, the data on Twitter including
Followers and Updates is open for anyone to view and consufizeeanother example, there is a huge
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amount of data available in the public blogosphere inclgd@iplethora of rich data and explicit connections
among blogs.

3.2 Proposed Work

Up to this point, we have described social capital withostdssing the role that specific social resources
have within social networks. Recall that Lin characterizes social capital is expected to produce returns
through accessible social resources that can be mobil2Zed28]. The bonding and bridging measures
focused on in our preliminary work provide an intuitive sered the homogeneity and connectedness of
a community over time. However, these metrics alone faildooant for how social capital is expected
to produce returns. In order to be able to give an accountifgpw social capital is being used within a
community, specific resources available through sociaheotions must be considered.
The next stages of our research will address the following:

1. Evaluate nodes based on their relationships, attributes, rad social resources.An important area
of research is improving our understanding about how muclakecapital each individual has access
to within a given community. Flow models [21] may be used taleste nodes to include social
resources. Flow models incorporate a measure of prestggdlan explicit links, however, they do
not consider how similar nodes are (i.e., implicit affirstizased on individuals’ attributes).

2. Identify a set of measurable social resources accessiblethin online communities. These re-
sources might include referring visitors, guest authgrshiki contributions, blog comments, exposed
sponsor information, job information, and exposure to $deaproducts. These social resources will
be chosen within the context of a particular domain so thatdisults of this research can be directly
applied to existing online social networks. Part of the ldmae will be to make sure that many of
these social resources are measurable within the comnufnitierest. It is possible that some simple
measures, such as unique visitors to a site, which are glfe=idg collected, may serve as a good
starting point and could easily be used with existing data.

3. Formalize the notion of accessible and mobilized social resrces. Our current social capital mod-
els will be extended to include social resources identifiedhe previous point). These modifications
will provide a measure based upon the social capital addedsi an individual over time and a mech-
anism for dynamically tracking social resources as theyrakilized. These additions will provide a
more accurate assessment of the social capital availalelectoindividual and within a given online
community.

4. Run experiments to validate our formal models of social capal. To validate the models above,
experiments will need to be conducted that compare the atstrsocial capital to known values of
social capital within publicly available community datdsseExperimental areas are detailed in the
next section (3.3) and validation is discussed in Section 4.
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3.3 Experimental Areas

In this section, we describe the areas where online commanitll be studied.

3.3.1 Twitter

Twitter is an open community that was estimated to have 4ikomiusers in November of 2008 [31] and
was ranked as the third largest social network behind MySpad Facebook in February 2009 [44]. This
relatively new community allows users to contribute shogefform status updates about themselves and
follow the updates of others. The status updates, callegts are a rich source of data that can be used
to build implicit affinity networks, while the following antbllowers information can be used for explicit
social network links. Furthermore, rich status updaterimfation among individuals including web links
and re-tweets that might be used to quantify mobilized $oesources.

3.3.2 Blogosphere

Experiments within the blogosphere can be conducted teaser our understanding of this important phe-
nomenon. For these experiments, we extract an explicitar&tand generate an implicit affinity network
based on blog links and entries. Rather than modeling blognuanities based solely on explicit hyper-
linked cross-references as in [23], we model them with arigitpverlay, based on blog content. We have
performed preliminary experiments in this domain, whicmdestrate promise [40].

Here, ablog refers to a single online journal, ldog entryrefers to an entry in such a journal, and a
bloggerrefers to an author of a blog. To build an IAN from the spacelofib, we represent each blogger as
an individual (a single blog may have multiple authors) hvattributes and associated values that we mine
from the individual's blog entries.

Determining blogger’s attributes is a significant sub-tdwl allows for various feature extraction tech-
nigues to be used. In previous studies we have used pratimbidirichlet processes [43, 5, 6, 4] to discover
attributes that represent the underlying concepts thajgelis tend to write about, rather than simply the
terms they choose to use. In subsequent studies, we willncento use this approach, yet alternative
techniques will be considered as they arise.

As the entire blogosphere is difficult, if not impossiblectapture and study, our experiments will focus
on a sample of the blogosphere. For example, a commdahitpuld be sampled from a publicly defined
set of blogs, such as a Leaderboard onTechMeme. Anothebpitdgswould be to randomly select blogs
from one or more blog aggregators (e.g., Technorati, GoBglader, Bloglines). Yet another possibility,
would be to choose a blog to start from and then spider all@tplicit links within the blog recursively
up to some finite level. Alternatively, sampling from the diephere could be discussed with an expert in
the Statistics department. A handful of these methods cexgth be compared to determine which should
be used for larger studies.

Finally, we note another important potential benefit of IAN$he blogosphere. Explicit links, captured
by hyper-linked cross-references, are “already knownh® bloggers, while affinities are implicit and
therefore may not be known to bloggers. In particular, béyggnay not realize how or where they fit within
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a particular community based on blog entry content. Ouriciipinks (i.e., affinities) are derived from text
in a blogger’s blog entries. Thus, an IAN might be used torimfdloggers as to where they reside in the
implicit network. For example, are they blogging about gjsirthat few others in the community are (i.e.,
bridging) or are they blogging about the same things thatynadimers are (i.e., bonding opportunity)? The
notion of social capital is used to understand the stateeoEdmmunity.

3.3.3 Medical Communities

Online medical communities are also becoming increasieglymon. In general, they are designed to
enable patients to discuss symptoms and treatments and sog@ort. Daily Strength [12], for example,
is a community that offers support groups on many differeatlical conditions, including those that are
less common. For some of the more common conditions, indiggercommunities have been created,
for example, there is a separate community for breast cd@tdung cancer [29], testicular cancer [42],
and bladder cancer [9]. In addition, some of these commasiticorporate doctors and other experts that
provide advice and treatment options. Although, medicppsut groups have existed for some time, only
recently have they become available online, thus offeriagyrunexploited affinities among individuals.

We propose to conduct experiments within the medical doneeshow the direct applicability to success
of these communities. Individuals within these commuasitéen share the challenges they face in hopes
that they can find others in their same situation. Howevenetimes these individuals are not able to find
the desired support group and remain isolated even thougdrtvith related challenges exist within the
community. The experiments we plan to conduct will measieesbcial capital within these communities.

3.3.4 Language Acquisition

We also wish to include an experimental area, namely theddieanguage Acquisition, that iotan online
community. We do this to compare the validity and signifi@n€the proposed modeling with traditional
social scientific evaluation.

The Linguistics department at Brigham Young University (BYs very interested in acquiring new lan-
guages and how to do it more effectively. Some researchdnssidepartment have been studying the effects
of social networks on language acquisition. Past studigs molved testing subjects on language profi-
ciency and various surveys that seek to understand behanctrding social interactions, while abroad in a
foreign country. BYU maintains a number of study abroad paots which provide significant opportunities
for research in the social sciences.

We have currently been collaborating with linguistics egshers to design upcoming studies. We have
been using the insights we have gained through our prelmpiegerimentation in online communities and
the social capital literature. Lastly, they are interedtethe additional analysis that our proposed model
could provide.
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4 Validation

Our proposed quantitative model of social capital in ontioenmunities will be validated using an ensemble
of techniques as briefly described below:

e Twitter #1: We will generatgj (5 <= j <= 25) ego networks for an assortment of individuals where
the bonding/bridging social capital ranking is known amtimgj groups, or at least agreed upon by
some number of individuals (5 <= k <= 10). Next, the individual social capital will be modeled.
The results will then be compared using the non-parametaarVhitney U/Wilcoxon rank-sum
test. Lastly, meaningful qualitative examples will be pdad.

e Twitter #2: To begin this experiment, a sdt of new Twitter accounts will be created and assigned
names that will initially vary only by a random two-digit nioer appended to the username (e.g.,
johnl2, johnb4, john6b), where5 <= |A| <= 50 . A selection of Twitter usersl/, will be
sampled from the Twitter public timeline until the the numbé&individuals is greater than or equal
to |A| * f4, such that the number of individuals A is evenly divisible by the number of accounts
in A (i.e., |[U|mod|A| = 0), wheref 4 is the number of individuals that each account will be alldwe
to follow during the entire study. Furthermore, the statpdaies for each of the userslihwill be
retrieved and used to describe individuals by the conteyt llave published through Twitter. Next,
each of the accounts (¢ A) will publish s (wherel0 <= s <= 100) status updates focused on a
niche topic (e.g., web development, shopping at walmaotjhat an implicit affinity network can be
built among all individuals iV U A. Each account will be assigned a strategy for determininigtwh
individual to follow next. These planned strategies areddelow.

choose those having the highest potential bonding capital

choose those having the highest potential bridging capital

choose those having bonding/bridging closest to 50%

choose randomly

Some additional baseline strategies to consider:

choose those having the fewest followers

choose those having the most followers

choose those having the median number of followers

choose those having the smallest difference between fetiand following

choose those having the largest difference between fotbamd following

Next, each account will take turns following users drawmfr@ using the strategy they have been
assigned. Throughout the study, each of|theTwitter accounts will publish identical status updates
for their twitter stream at approximately the same time tfv@nmore, many of the status updates will
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contain links (e.qg., bit.ly links) that will be tracked whelicked and matched with the corresponding
account inA. After all of the users i/ have been selected by the accountd iand all status updates
have been published the study will end. The following stiaswill be plotted overtime for each
account:

number of followers

number of click-thrus

number of personal website click-thrus (tracked by a biirll)
individual bonding capital

individual bridging capital

Lastly, the results will be presented and discussed. Thdtsesf this study hope to show whether
or not choosing a bonding/bridging strategy produces Bagmitly higher returns (e.g., number of
followers, click-thrus, personal website click-thrus).

Medical Blogs A selection ofm (1 <= m <= 10) medical blogs will be selected to seed a medical
blog network that is focused on a particular ailment (elgpecia, alcoholism, autism, cancer). Next
the network of study will be extended to the explicit sociatworkn (1 <= n <= 5) degrees of
freedom away from the seed blogs. Next, the explicit so@alork along with a meaningful implicit
affinity network will be tracked overtime and analyzed usthg proposed social capital modeling.
Lastly, meaningful qualitative examples will be identifiad investigated.

Language Acquisitiort We will apply the proposed modeling on one or two currentigs per-
formed by researchers in the BYU Linguistics departmente fidtus of these studies is centered
upon the effects of social networks on language acquisitibime linguistics researchers will use a
traditional social scientific approach to analyze the datiaile we independently analyze the data
using the proposed method. Analyses will then be comparddctantrasted to highlight the benefits
and limitations of the proposed model. Furthermore, theaiehers performing the upcoming studies
have agreed to collect some additional individual atteldeta that will be used for implicit affinities
in our model. The results of this study will be available & é&md of the summer (September 2009).

5 Dissertation Schedule

An approximate schedule including relevant milestonesrésgnted in Table 4. Additionally, a list of
published and potential papers is presented in Table 5.

6 Conclusion

We have proposed to create a quantitative model for chaiaotg social capital within social networks.
This entails evaluating nodes based on their relationshithsbutes, and social resources. The result is a
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March-April 2009
May-Jun 2009
Jun 2009
May-Jun 2009

July-September 2009
September 2009

October 2009
December 2009
January 2010
February 2010

March 2010

Submission of proposal to advisor (first and second drafts)
Submission of proposal to committee members (final draft)
Schedule Dissertation Proposal

Collect relevant data for Twitter and blog experiments
Develop social capital modeling and research

Assist in developing language acquisition experiments
Perform Twitter and blog experiments

Perform analysis on language acquisition study

Perform analysis on Twitter and blog experiments

Prepare dissertation with latest results and findings
Submit dissertation to advisor (first and second drafts)
Submit dissertation to committee members (final draft)
Schedule Dissertation Defense

Dissertation Defense

Table 4: Approximate Schedule

mathematical model of social capital that incorporatestiobilization of social resources whenever avail-

able.
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Submit/(Published) Description

(2008) Social Capital in the Blogosphere: A Case Study
In Papers from the AAAI Spring Symposium on Social InforraatProcessing
(2008) Social Capital in Online Communities
In PIKM 08: Proceeding of the 2nd PhD workshop on Informatmal knowledge management
(Sep 2009) Implicit Affinity Networks and Social Capital
Information Technology and Management (Journal)
Nov 2009 Measuring Social Resources in Online Communities
SBP: Social Computing, Behaviour Modeling, and Prediction
WWW: World Wide Web Conference
Jan 2010 Social Capital through Social Mediar Twitter Capital
ICWSM: Conference on Weblogs and Social Media
KDD: Knowledge Discovery and Data Mining
May 2010 The Latent Value in Social Networks
SocialCom: IEEE International Conference on Social Comgut
SNA-KDD: Social Network Mining and Analysis

Table 5: Papers
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