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ABSTRACT

We have developed a computational framework to atharize
social network dynamics in the blogosphere at iidial, group
and community levels. The framework is importanaddressing
problems related to targeted advertizing and unaleding
network resource usage patterns. Secondly, weshlsa how to
determine the utility of the mined knowledge, byretating it
with an external time series (the stock market)r flamework is
comprised of three steps. First, we model featates individual
level along different dimensions as activity chéeastics,
communication influence, spatial graph propertidese features
are used to extract groups and their evolutionoSgcwe model
features at a group level using assortativity, abi@ristic path
length and aggregate individual characteristickatgroup-level.
These group features are used to extract groumtype
(unsupervised clusters). Third, we characterizemanities using
several activity based and temporal measures: texhgensity (to
capture consistency), conductance, coverage (totumap
cohesiveness), group-type entropy and size entropy.

To test our model, we have analyzed postings onctimsumer
electronics web magazine, Engadgeiv(v.engadget.coprelated
to four topics (Apple, Nokia, Microsoft and Googl€)ur results
show that the community macro characteristics adécators of
different event types (positive / negative). WeabBsh the utility
of the extracted groups, by showing that they mtetlie stock
market movement well (89%) and removal of importgraups
reduces predictability by 26% on the average.
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1. INTRODUCTION

This paper deals with the problem of characterizing
communication dynamics of the blogosphere at meltgzales —
individual, group and community. Secondly, we preg@oan
innovative method to establish the utility of thetracted
knowledge, by correlating the mined knowledge vathexternal
time series data (the stock market).

Understanding social network communication dynamicss
several important applications. It can be used drparations to
assess the impact of targeted advertizing, asasgetheir product
releases. It can be used by telecommunication coiep#o assess
the network resource usage patterns, including tiroas well as
predicting potential hot-spots.

In several social network problems (e.g. commuamitjraction),
determining the utility of the extracted knowled@ethe sense —
“is the mined knowledge useful?”) is difficult doe the absence
of ground truth. Typically, we analyze the propestiof the

extracted knowledge (e.g. graph based metrics sash
conductance / coverage, when we extract sub-grapss)a
measure of quality. However these measures donfatni us of
the utility of the mined data. In this paper, weswar the utility
question, by correlating the mined data with a seically

related, but independent time series data (stockkeha
movement).

Our Approach: We define multi-scale characterization to be the
ability to capture the diverse aspects of participain
communication at different levels — individuals,ogps and
communities. It captures the substantive, the &irat and the
dynamic aspects of how people communicate in sogbdorks;
and it acknowledges how communication dynamics ifferdnt
levels could impact the overall temporal and bebr@liproperties

of a large population. A diagrammatic representatibthe multi-
scale characterization is shown in Figure 1.

Individuals

Groups

Figure 1. Schematic representation of multi-scale
characterization. A social network of individuats shown. The
individuals form groups; which can be organized idifferent
types at the community level. Individuals in eachup-type are
shown in a different color.

Community

Our main contributions are as follows:

a. Characterizing social networks dynamics at indigidgroup
and community levels. A fine-grained, multi-scatemporal
analysis can help us understand the evolutionapecs
(organization, dynamics) of social networks &s emergent
property of individual and group interactionThey can
aggregate together the salient characteristics eafple and
suggest a more coherent view of the nature of camuation
and long-running sentiments within a community.

b. Validating the multi-scale characterization usifiy:degree of
predictability of external events (here we consider
predictability of stock market movements of comgariy the
characterized communities), anid degree ofesilienceof the
characterized communities due to removal of impdcffoups.
Resilience is observed using two techniques: whatteze is a
decrease in predictability of the external everg tiu removal
of the best predictable group, and the measurehahge in
composition entropy of the rest of the communitye da the
removal.



Our notion of a community is associated with conypaames as
topics; however our framework could easily be usked
characterizing communities on any arbitrary topic.

We consider a social network where the bloggerscangmenters
(termed as individuals) participate in communicatan a variety
of topics. First, we extract three kinds of featuf@r individuals —
activity characteristics (response time to blogtpoparticipation
measure, and consequence of participation in coruation),
influence on local neighborhood (e.g. probabilityf o
communication / delay) and spatial graph based umeas(e.g.
betweenness centrality). Second, we extract groamps their
evolution using a temporal clustering technique] [based on
mutual awareness expansion. For each such groupextvact
several features. They include aggregated propesfisndividuals
within the group, as well as macro-level properaéghe group
level such as assortativity and characteristic pattyth. These
features are then used to cluster groups into rdifte‘types’.
Communities are analyzed using several measuresporal
density (to capture consistency of group-types otiene),
conductance, coverage (to capture cohesivenessypgype
entropy and size entropy (to capture temporal dycsgm

We have analyzed postings (over 20 weeks of bldg)da the
widely read technology blog, Engadgewwiw.engadget.coin
related to four topics (Apple, Nokia, Google andcMgsoft).

Additionally, the authors marked events extractesinfa wide
variety of news sources as positive, negative agpecialized

events. We observe that the community’s group Biuteopy is a
useful indicator of positive and negative eventse Tesults show
that the community discussing topic Apple is obsdrto be a
moderately responsive community where communicasomore

editor-driven. While the community discussing tog@oogle is
observed to be a consistent, highly responsiveesioa and high
influence community. It is dominated by people wae not
information writers but who often act as the comivators

generating ‘chatter’ in the community.

We use the stock market data for each of the fompany names,
as the independent time series to validate the dnine
characteristics. We show that the extracted graahlpswy high
predictability of the stock market movement (89%y aemoval

of groups with high predictability makes the comities less
resilient by decreasing mean predictability by 26%.

Related Work: There has been considerable work on modeling
characteristics of bloggers at an individual lewhkajima et al.
in [12] identify important bloggers based on comiwation
activity. They determine ‘hot’ conversations in thgosphere
through agitators and summarizers by establishiagrichinants.
In [16] Song et al. identify opinion leaders, whe aesponsible
for disseminating important information to the blogtwork,
using a variation of the PageRank algorithm. In earier work
[5] on modeling social context for predicting conmzation
flow, we characterized individuals based on theifoiimation
roles in communication, e.g. ‘generators’ and ‘agators’.

Characterization of ‘micro-laws’ of communities ralso been of
interest to researchers. Ching et al. in [4] preskra learning
approach that discovered agent dynamics drivingugioo of

social groups in a community. They associated rdans to

personal attributes: like people could be ‘soddal'outgoing’ and
groups could be ‘central’ inviting several members.

Prior work has also been done to quantify grouppeiple as
communities at a macro-level. Toivoren et al. ifi][fpresented a
model for an undirected growing network useful itudying
socio-dynamic phenomena. They analyzed the stralctur
properties of the network usirgclique method for quantifying
the communities. In [15] Palla and Barabasi dewetbp model
for analyzing social group evolution. They observeidtinct
characteristics governing the evolution of large amall groups
and concluded that knowledge of membership stghalitd time
commitment could be used to estimate the lifetinfethese
groups. There has been work on mining customeriamsnfrom
free text [7] using sentiment classification tecjugs as well. In a
recent similar work [8], Huang et al. investigateatauthorship
networks for modeling network evolution and preidigt future
collaboration between authors. They characteriasgludon at
the community level and at the individual level ateleloped a
stochastic model to predict future collaborations.

There are several limitations of prior work. Ouy labservation is
that we do not have a unified understanding tharatterizes
interactionsacrossmultiple scales — individuals, emergent groups
and communities. This is because the nature of aherall
communication cannot be deciphered on the basia single
individual or even a set of individuals.

The rest of the paper is organized as follows. Weoduce our
data model in section 2. In sections 3, 4 and Sdescribe our
framework for individual, group and community cheeaization.
In sections 6 and 7, we discuss the dataset, empetal results
and the validation of our framework. We concludesettion 8
with our contributions and directions towards fetwork.

2. DATA MODEL

In this section we introduce the data model usetlimpaper. We
have chosen to investigate the technology blog,aHget. It

primarily discusses topics related to consumerteaics. It is

highly influential and is a forum of active discigss. Only

Engadget editors can post news stories, and oniodmed

readers can comment, thus creating a high quatfiyrrhation

source. In this specific blog, the comments carobivo types:

those posted in response to the original blog o, responses
to a comment (we term them as direct replies). Note all blogs

have this feature. Each editor also tags the pdtt melevant

terms. These discussions allow us to develop atraabsco-

occurrence based social network using its blog spomtd

comments. The data model used to generate thislsoeiwork

can therefore be described by a 3-tup\é {, } having the
following entities:
a. A set of individuals — bloggers and comment&fs; {i |i =1

.. N},

b.A set of posts ; each postp is associated with an author
(blogger)i, a time stamp of postingand a tag cloud ,, giving
the following tuple, {(, t;, )} for eachp,

c. A set of comments on each pogtin ; each comment has an
author (commentejf)and time stamp, tuple {(j,t.)}.

The relationships between these entities are slikigure 2.



Bloggers /
commenters

Comments

Tags

Comment on a post
Comment (reply) to a comment
Tag on a post

Individual writes a blog post
Individual writes a comment

Figure 2: Data model describing bloggers / commeniérposts
, comments and tags ,.

Now we introduce our method of constructing a comitation
co-occurrence based social network using the 3t{y] , }.
Since we are analyzing communication activitiegnafividuals,
edges in our graph are considered directed. Hemcesacial
network is represented by the directed graplv, E) where,

a. The node¥/ are the bloggers and commenters.

b. The edge£ represent communication between the nodes. Each

edge has two attributes: probability of communiatiand
delay. Since the edges are directed, an edge fade into j
gives the probability of communicatigie; and an associated
delayd;e; when usej writes a comment following uséron a
set of blog posts.
In order to simplify our graph, we consider that edge exists
between two nodes if it satisfies the following ta@nditions: the
mean time difference between their comments isthess or equal
to , andi’s comment is at most comments prior tg’s. This
construction is based on the assumption that pgriomffected
by a person only within a certain time interval and due to a
certain number of comments written priotjto

Each topic sensitive graph is generated by filterin
communication using the tag associated with a psghe topic.
This creates reliable filters as the tag was sugdesy a human
being (the blog editor). The tag filter used instimaper is the
name of a company. Classifier based techniques rbitraay
topics are also possible, but may introduce aduffi;moise into
the analysis. Based on this data model, we noweptesur
computational framework of multi-scale characteita

3. INDIVIDUAL CHARACTERIZATION

We now present our computational model for indialdu
characterization. Individual characterization hdge¢ parts:
characterizing the individual's communication aityiy

characterizing how much a person influences heghiieirhood to
communicate and the spatial properties of a pesstmtation in

the social network along with the different intimgoles that

affect her communication.

3.1 Communication Activity Characteristics

In this section we describe each individual in aigonetwork
with respect to her communication activity over gdo We
consider a three dimensional activity characteiopat
responsivity to blog posts, measure of participatiand
consequence of the participation.

Responsivity to blog posts:We characterize individuals with
respect to the time taken to respond to blog p&stsponse time
of a comment is defined as the time elapsed betwéen
publishing of the original blog post and the putiig of the
comment. We define normalized responsivity as fedloLett,, be
the time at which a comment (or the first commeitemw an
individual posts multiple comments on the same Ipogt) was
posted by individual to a blog posp. Let us further assume that
ts andt, are, respectively, the publishing time of the past the
last comment on the post. Also, letbe the rank of's comment,
where the rank of a comment means that it is tHcomment on
a blog post, ordered by time of posting. Then tleemalized
responsivity on pogp is defined as an additive function which is
minimized when individuali has responded early and her
comment has low rank,

k.

(tm - ts) + q2 1- i ,
(te - tS) n,
where ; and , are two chosen weights anglis the total number

of comments on posp. The mean responsivitR (i | t) of
individuali at time slicegy is therefore given as,

rip =q 1-

1)

1 N (&) _
riP(J); t ] tk
N (t) = ’
whereN;(ty) is the total number of comments made by individua
on posts written in time slicg and1 £ k £ K. For example, if

there were 7 posts at a particular time slice &rah iindividuali
commented on 3 of them, théi(t,) = 3.

R(i|t,) = 2

Measure of participation: Now we determine the degree of
participation in the communication on a specifiodl post
particular time slice,. We measure how frequently an individual
comments on the blog post, and the meabufe|t,) is therefore
given by the ratio of the number of comments i gpecific blog
post to the total number of posts that an individus involved in
at that time slice.

Consequence of participation: A person’s comment on a blog
post could incur two kinds of consequences: (a) fireson’s
comment is followed by a large number of directlie=pto this
comment (ref. section 2 for the definition of reglj, and / or (b)
the mean response time of all comments after hememt is
greatly reduced compared to that before her comnvatdefine
the consequence of participation for a persowmer a blog posp
as,

. I
W, (i) =g, L+, -

p 2

3)(

where ; and , are two chosen weightg,is the number of direct
replies toi's commentn, is the number of comments on blog post
p, r1 is the mean response time of commerygforei’s comment
andr, is the mean response tirafferi’'s comment. The measure
of consequence of participatidd (i | t,) for i at time slicety is
therefore given as the average over all posts wieyenmented.

3.2 Influence on local neighborhood

In this section we characterize people by theiluarice on their
local neighborhood due to their communication aigtiv A
neighborhood is simply the set of nodes reachabden fan



individual in at mosth hops. If a person influences her
neighborhood to communicate with high probabilityneans the
person plays an important role in the social neltwdfe note that
a person can also comment due to an independeire des
communicate.

Independent desire to communicateWe assume that a person
comments based on her independent desire whenonement
does not follow another comment within a responsaet
difference of . The independent desire to comment for persain
time t is therefore given as the fraction of the number of
comments which satisfies the above condition:

e
a(i |tk) —da) &

, 4
lc() )

t(xd g &

where ; is the set of all comments at time sligewritten byi

which arenot preceded by any other comment in the time interval
, G is the set of all comments bytt, andt (x1 ;) andt (xT ¢)

are the times of posting of a commeanin the sets; and ¢

respectively.

For the comments written by individuaivhich are not due to her
independent desire, we compute her influence onoeall
neighborhood. For this, we describe how to compthe
probability of communicatior,e; and the associated deldys,
for a pair of individuals.

Probability of communication and delay: We define the
probability of communication of a persofollowing j as,

(& <))

Piai (E) = et ‘C(t)‘

t(x 6} &

®)

where ¢(t;j<i) is the set of comments at time sligevritten byi
which are preceded bysuch that the difference in the comment
times t; and there are at mostcomments between the two,
G is the set of all comments hatt, andt (x1 ¢) is the time of
posting of a commentin the set..

The associated delaly,; betweeri andj is given as,

(’7?<i (i |tk)' “(’J |tk))
milty) '
where i (i | t) is the mean time difference between comment
times and corresponding post times ait t, for comments in set
c(<i), ( |t) is the mean time difference between comment

times and corresponding post times jfatt, and (i | t) is the
same value for all dfs comments at,.

©)

diei () =

Influence measure over a neighborhood:The measure of
influence of an individual on her local neighborddocorporates
measures of the probability of communication andoested
delay.

We consider a neighborhoo®, around individuali which
comprises all nodegwhich are at mosh hops (or edges) away
from i. Since we are computing howcould influence other
people, we consider only the out-going links froo construct

the neighborhood. The neighborhood size considerdds paper

ish=3.

For specific nodesandj, let there ben directed paths. The value

of a path withM nodes is defined as:
M1

=-log O Ped - (7)

i=1

The maximalvalue path betweenhand] is denoted asfi,,-. Then

the influence measure due toi on allj in neighborhoody; is

given by the mean N*i,,- over allj:

pilt)= V' ®)

“1Q g M
We can analogously compute the delay in propagatién

influence fromi to her neighborhood as the meamimal delay
path fromi over allj.

3.3 Spatial Graph based Measures

In this section we characterize people with resgecseveral
traditional graph based properties which help udewstand the
local neighborhood topology. The measures are éeggatrality,
betweenness centrality, closeness centrality, g&gar centrality
and clustering coefficient [13] along with intringioles of people.
We briefly discuss the intrinsic roles of individsidn this section,
for details on the other spatial properties likatcaity measures,
readers are referred to the prior work [13].

Intrinsic Roles: The communication patterns of people are
affected by their habitual properties, independeft their
neighborhood and context. We consider two categariepeople
with respect to their inherent communication chimédstics —
leaders people who precede others in communication, and
followers people who tend to trail others in their commatiin
response. We consider that the leaders and followelr
information are the people with roles of hubs andharities
respectively in a social network. We use Kleinber¢dITS
algorithm [9] to determine two scores per persocan-authority
measureF saying the measure of ‘followership’ for the perso
and a hub measuile describing the measure of ‘leadership’ for
the person.

We now present our model for characterizing groums
individuals sharing similar behavior.

4. GROUP CHARACTERIZATION

In this section we discuss the characterizatiogrotips of people.
Groups are sets of people whose members shareasisutial
network characteristics. First we use the individirearacteristics
to discover groups. Second, we describe macro-featlires that
characterize the groups. And finally, we present ltlbe groups
can be clustered to determine different group-types a
community.

4.1 ldentifying groups

In this section we present the method of identdygroups of
people using individual characterization. We defidageh group to
consist of a set of individuals having similar ividual
characteristics. The similarity between a pair wdividuals is
defined using a diffusion kernel [10]. Based onstkimilarity
metric, we thereafter deploy an unsupervised dligfebased



group extraction algorithm [11] known as ‘mutual aeness
expansion’ (MAE) to extracG groups over each of the totdl
time slices.

We represent each of thd individuals as anF-dimensional
feature vector, where the features are the indalidharacteristics
discussed in section 3. We define an adjacencyimatbetween
a pair of individuals andj based of.? norm feature distances:

(i) =F.-F["- ©)

We further define the following generator for difan kernel
with  as the adjacency matrix,

z  fori=j

H = - i forit j ,

I

(10)
0 otherwise

where z is the degree of personin . The diffusion kernel
similarity matrixS, [10] is therefore given as,

S, =e ™, (11)

whereL is Laplacian oH and is the diffusion parameter.

Now we useSy(t) at each time slicg to extractG groups with
the help of the MAE algorithm in [11]. The algonthis based on
the idea that groups emerge due to observablenacfidirect
communication, in this work) among the member irdlials. For
example if Alice leaves a comment on Bob’s blogntiBob is
aware of Alice. If he reciprocates by leaving a oment on
Alice’s blog, then the awareness is ‘mutual’. MA&es a measure
called ‘symmetric social distance’ which is estigthtusing a
random walk process, to capture mutual awarenepaneing
among the individuals involved in communicationthién extracts
groups by maximizing the distance between two sefs
individuals. This form of group extraction is udeifu our case as
it incorporates metrics to evaluate the temporablgion of
groups structurally (activity-wise) and thematigaftopic-wise).
For each of theseéG groups, we now discuss their macro
characterization.

4.2 Group Characteristics
In this section we discuss the characteristicsofigs.

Macro-level group characterization: We define the individual
characteristics (as discusse G,
in section 3) at the group-
level so as to characterize
the groups at a macro-scale
The activity characteristicsG“
of each group (extracted
using MAE in section 4.1)
are the averages over all it
members, while the graph
based properties  like
influence on local
neighborhood, spatial measures and intrinsic ralescomputed
based on a ‘group graph’. A group graph is a soc&tivork
shown in Figure 3 where:

Individuals

Figure 3: A group-graph.

a.each node is a group, and

b.a directed edge between two nodgsand G, consists of two
attributes: the probability of communication andagle These
attributes are computed as the mean probability
communication and delay over the member individiralthe
two groups.

Assortativity and Characteristic Path length: Assortativity [13]

refers to the preference for a network's nodedtaxia to others
that are similar or different in some way. If theogps in the
group graph, defined above have high assortatyitieen there is
a high correlation among the groups in terms of roomication

characteristics. The characteristic path lengtraafraph is the
average shortest node-to-node distance and is aumeeaf the
cohesiveness of the graph. A small characteristib fength of a
group G, would mean that information flows in it throughtips
of short length.

4.3 Discovering group-types from groups

We briefly discuss our method of discovering graypes using
the group characteristics in the previous sub-gectiWe

categorize groups into sets (called ‘types’) whgitare similar
group-level characteristics. It is a global chazdeation, as the
group-types are extracted over all time slicesoriter extract the
group-types, we use the spectral clustering algorif14]. The

similarity between a pair of groups is defined agalsly as the
distance between two individuals (refer sectior).4The outcome
of the spectral clustering algorithm is a set afstérs each of
which represents a group-type.

5. COMMUNITY CHARACTERIZATION

In this section we present the characterizationtted social
network communities. A community comprises groupk
individuals who communicate on a particular topicour work,
the topics are taken as the tags of the names abindéogy
companies. Now, given a topic, the communities extacted
(from the blog Engadget) as follows. First, we iifgnall blog
posts relevant to the topic. Then we extract grafpadividuals
communicating over these posts based on the MARErighgn
discussed in section 4.1 The groups are furthexgoaized into
different ‘types’ (section 4.3) which thus charaiztes the
community.

We define five different measures to characterioaig-types in a
community. Temporal density, conductance and caeshelp us
analyze the activity dynamics of the communitiesy, group-type.
Group-type entropy and size entropy characterize tbpic
communities temporally.

Temporal Density: Temporal density of a group-typg, in a
community determines how many individuals belong it®
member groups at each time slice. A group-typeissistent in a
community if the number of individuals in it is higover time. It
is therefore given as the reciprocal of the entrofhe fraction of
individuals (normalized over total number of indiuals) in its
member groups, at each time slice:
”(Cx) :K;’

1+ - (£ logf))

k=1

(12)

wheref is the fraction of people in the groups of groypetC,
at timek.

of



Conductance and CoverageConductance [3] is a measure of
how ‘well-knit” a graph is. A community with groufgpes having
small conductance is cohesive because the sinegriof
characteristics with non-member groups are smédtive to the
similarities of either group-type members or noowgr-type
members. Coverage is defined as the fraction ot®dbat are
within a group-type with respect to those betweeyupg-types. A
community having group-types with higher coverags higher
cohesiveness.

Group-type entropy: We define the group-type probabilityof a
certain group-typ&, at a time slicey as the ratio of the number
of groupsG, that belong taC, to the total number of grous at
that time slice. Hence the group-type entropy alegroup-types
in C atty is given as,

H, (t) =

Size entropy It is used to determine the characteristics of a
community at a particular time slice based on tizessof the
member groups in its group-type distribution. LetdefineB bins
over the sizes of the different groupsat time slicet,. We define
the ‘size probability’ , of a certain size bib 1 B to be the ratio

of the number of groups of siketo the total number of grouis

at time slicet,. The size entropy over all bin sizes at titpés
given as,

H,(t)=

Now we will discuss the experimental results usederify the
model of multi-scale characterization.

Vlog V. 13)

logCc,ic

gloge. (14)

logByi g

6. EXPERIMENTAL RESULTS

In this section we describe our dataset and theltsesf multi-
scale community characterization relating to theurfdopic
communities. We present the results on all four ictop
communities; but visualizations are shown only Agple and
Google due to space constraints. First we desaibedataset;
then discuss the temporal dynamics of the commasjifollowed
by analysis of their activity dynamics.

Engadget Dataset:We executed a web crawler on the gadget-
discussing blog calledww.engadget.coril] to collect data. We
have chosen four different topics— Apple, Micros@bogle and
Nokia to capture diverse community dynamics. Tremed data
included the 3-tupleY, , } as discussed in section 2. For
analysis we considered the top 10% commenters dbase
number of comments) corresponding to each topie. diration

of the crawl was from Sep 9, 2007 to Jan 20, 200@. details of
the data are shown in Table 1.

Table 1: Statistics of Engadget dataset for four topics.

Topics #Editors #Posts #Commenters #Comments

Apple 24 187 573 4,683

Google 19 114 347 2,049

Microsoft 22 129 432 4,134

Nokia 18 98 260 1,642

6.1 Community Temporal dynamics

In this section we analyze the temporal dynamicsnafti-scale
characterization of two topic communities on a e slice (per
week) basis. We will denote the communities disiogssopics
Apple, Google, Microsoft and Nokia as communittesG, Mand
N. In the analysis, the groups i over all 20 weeks were
organized into 10 group-types and the group& imto 7 group-

types.

Figure 4 gives a temporal representation of the tirsoble

characterization for topics Apple and Google, oaespan of 20
weeks from Sep 9, 2007 to Jan 20, 2008. The figshes (a) the
groups at each week (as bubbles), extracted usingMAE

algorithm as discussed in section 4.1, and (bptbep-types that
each group belongs to (the colors of the bubblegxtracted
using the spectral clustering algorithm in sectibB. Since we
have a fixed number of individuals at each weekrehexist a
certain number of people every week wio not participate in
communication. We denote these non-communicatioglpevith

a white bubble in Figure 4. Each of the visualaasi is further
associated with corresponding group-type entropyl a@ive

entropy which characterize the multi-scale charagon on the
basis of the number of different group-types arel gizes of the
groups at each time slice.

In order to understand the dynamics of the mubiec
characterization of these topic communities, werréd several
external events related to the companies. The pearpof

correlation with these events is to observe theadyos of the
multi-scale characterization prior to significanteats and the
resultant evolving sentiments in the communitiésracterized as
different ‘states’.

Sentiment definition: The events used for correlation (in Figure
4) were collected from Google Finance [2] which tsoa wide
range of new stories from reliable sources like N¥ Times,
Reuters, CNN Money, Forbes, MarketWatch and WSay Tere
categorized by the authors as positive, negativentsv or
specialized events in order to analyze the eventirsents.
Positive events (+) were considered to be oneshwivare related
to product releases, tie-ups or partnerships wiierocompanies
or quarterly results. Negative event3 comprised news related to
lawsuits made by other parties (like parent infemgnt), low
quarterly results or negative rumor about some yerbdr service.
We also characterized certain events as specialt®ys) in
relation to a company, for example, Google's reeasf
OpenSaocial or their stake on Facebook. This is Uimshe effect
of these events in the evolution of positive orateg sentiment
in the community is ambiguous, due to their spdoudanature of
impact in the long run. Note that in our time pdriof analysis,
we do not observe special events with respect feAp

Now we analyze the temporal dynamics of the comtiesi

a. Sentiment on positive even&ep 19, Oct 22, Nov 30 and Jan 1
(weeks 2, 7, 11 and 17) are associated with peséixents for
Apple. We observe low group-type entropy on theseks.
Weeks 2, 3 and 20 are associated with positive tevéar
Google. The community is characterized by low groyye
entropy.

b. Sentiment on negative everitge observe that Nov 15, Dec 21
and Jan 20 are associated with negative events. The



corresponding weeks (10, 14 and 20) exhibit highugrtype
but low size entropy. Weeks 13 and 15 are markeddnggative
events for Google. We observe comparatively higiupftype
and size entropies: there is no evidence of angenégroup or
group-type that characterizes the communication.

c. Sentiment on special evenWe categorize events on weeks 7

and 9 as special events as they relate to spéeifipenings for
Google. We observe low size entropy, due to thergamee of
a single large group.

Both communityA andG are characterized (ref. Table 2) by low

group type entropy for positive events. Low groypet entropy
implies the presence of a dominant group type. Negavents
are characterized by high group type entropiesbfath topics.
High group type entropy implies a wide variety obgps. Group
type entropy helps to distinguish between positimel negative
events.

Table 2: Observed features and their relationship to event

sentiments.

Apple Google

Positive events Low group-type entropy Low group-type entropy

High group-type entropy, low
size entropy

High group-type entropy, high

Negative events .
size entropy

Special events Low size entropy

Interestingly communitieg andG differ in their size entropy for
negative eventsA(— low size entropyG — high size entropy).
Low size entropy indicates that no single group tates the
discussion. Hence for the communify negative events are
characterized by lots of different group types, awitere each
group roughly has the same size. Whereas for corityni

negative events have many different group types,there are
groups with large memberships.

The specialized events for communi®yare characterized by a
state of low size entropy. Communication in thistetis marked
by a group of large size.

6.2 Community Activity dynamics

In this section we analyze the activity dynamicstef four topic

communities over the span of 20 weeks of analy$is.analyze
them along the three different features as showirigure 5:

temporal density, conductance and coverage. Ths plwow the
values of the measures for each group-type in eacimunity,

aggregated over 20 weeks. In order to further cierze the
observations about activity dynamics of communitiesde from

Figure 5, we use measures of certain individugufes as shown
in Table 3.

For communityA, we observe low temporal density for all the
group-types. This means that the subscription apfeeto a
particular group-type is volatile across time; gt group-type
seems to characterize the community consistenéy many time
slices. We also observe low conductance, implyiogrounity A
is considerably cohesive; along with low coverag®lying that
there is substantial inter-group-type communicatioWwe
conjecture this is an artifact of the large numiieApple-gadget-
friendly individuals on Engadget who are interestedliscussing
a wide variety of topics related to the company. gammunityG,
we observe that the temporal densities of groupsy®, 5 and 7
are high, implying they are consistently presergraeveral time
slices. Groups 5 and 7 are dominant, with low catahce and
high coverage.

week | 0c0Qe 000000000 ( (000000 . 09/19: Google Inc.
week 2 000000000 0000000080000 I' -@- 09/19: Apple Inc. and immdlg:;gg’fzgf
week ©006000060000000000 000000 ! T-Mobile announce
exclusive partnership -@_ 09/27: Answers
week 4 [ Iy )e@odoco@e 000 for iPhone in Germany Corporation's pact with
Google Inc. extended for

ek 5 000Q@00000¢ 1Y ) 0 two more years
weges oo 10/22:Apple Inc. issues Y
week 6 0000000000000000 000000 Q1 2008 guidance

week 7 0000000000000000000000000

3 . -@— estimates

wek8 0@000000000000000002000000

above analysts'

10/24: Microsoft Corp. and
Google Inc. vie for 5%-10%
stake in Facebook

11/15: Wi-LAN Inc.

—@)— 11/02:Google Inc.

launches OpenSocial to
spread social applications
across the Web

O 12/19:U.S. Feds fine
Google, Microsoft, Yahoo!

Y 000000000600 020000 g i
e i initiates litigation for
H atent infringement
week 10 0000000000000 0 000000 .. —O— Zgainst App?e Inc
wek 1l 0000@@os0000000000 00000 11/30: Apple Inc. and
ke S aas AT&T Inc. plan to sell
week2 @ 25008 200 UNE iPhone capable of working
. " o on 3G networks
week 13 (T X 1) (LI XY {
weck 14 000@00@@0@0c000ee@OO0000 —O— 12/21: Apple rumor

site to shutdown in

OlZl26:AppeaIS Court
hands Google Inc.
setback in patent case

01/15: Clearwire

week 15 00000800 o000 [ LY I 1] settlemer
week16 @o000@e00cede@0d0® 0@o0de

01/10: Apple to cut the
week 17 o0 Qoc00@ 000 )0 © eDe price of iTunes in Britain
week 18 000000 00doce 00 °
week 19 Do@eoQ06c0o00b0 00000 01/20: Apple earnings

week 20 Gcoccefosc@oe@Pe [ 1] Outlook

Group- Size Entropy
Groups ype
Entropy

Topic: Apple

Up, but stock falls on

Corporation and Google
collaborate to offer
searc!

Topic: Google

Figure 4: Temporal dynamics of two topic communities in theation of 20 weeks, Sep 9, 2007 — Jan 20, 2008id4k axis represents

time and each bubble is a group, represented ohdhzontal axis. The colors of the bubbles impilg group-types they belong to; white
bubbles representing groups of non-communicatirgpigeat each week. The nature of group evolutioifiustrated using two features:

group-type and size entropy, which can be corrélati¢h a set of external events (+ / S). All values are normalized in [0,1].



Figure 5: Activity dynamics of two topic communities in the

Nokia_NGage, cellPhone,
0.70 0.24 0.32 0.22 0.78 navigator, Nokia N95,
Vodafone, nseries

18 editors. 260

Nokia non-editors

Interesting observations can also be made fordpies Microsoft
and Nokia. We observe that community is has very fast
response timeg£0.19), however the communication is relatively
less influential ©=0.39, =0.43). It is also characterized by a few
leaders I(=0.77). The Nokia community has a long response tim
(r=0.70), where the individuals do not have much uiafice
(0=0.24, =0.32), and are likely to be follower5%£0.78).

7. VALIDATION

In this section we validate our model by observitige
predictability of stock market movements anesilience of
communities due to group removal. Resilience duegtoup
removal is estimated using: (a) change in predilitalf stock
market movements, (b) change in composition entafprest of
the community due to the group removal. First, vigcuks the
dataset that was used to determine stock markeements of
companies. Second, we explain our validation fraotewand
then we explain the results of validation with mspto stock

duration Sep 9, 2007 - Jan 20, 2008. The community movement predictability and resilience due to groemoval.

characteristics (temporal density, conductance avérage) are
shown for each group-type over 20 weeks.

A closer examination (ref. Table 3) using featuxedues for
response timer), consequence of communication participation
(O), influence propagation Y and leadershipL] and follower-
ship ) reveals several interesting insights.

We see that group-types A is further characterized by low
responsivenessr£0.74) where communication is more editor-
driven, because all of the 24 Engadget editors sterhave
communicated. We also observe that the editors Hagh
influence measure £0.63) on the rest of the community and they
often acquire the role of information authoritiagedo their high
leadership value.

For communityG, we see that it is characterized by relativelyhhig
responsivenessr£0.36) and high average influence measure
(0=0.71, =0.71) on the rest of the community.

Table 3: Activity dynamics of topic communities. Respongadi

(r), consequence of communication participati@), (influence

propagation () and leadershipL) and follower-ship E) values

(ref. section 3) are shown for different group-tymer the span
over 20 weeks.

Topics Individual ) r (¢] L F Communication tag cloud
Representation
Apple 24 edltprs, 573 074 059 063 0.72 031 AppIeStore, MacbookPro,
non-editors iPhone
QuickTime, GoogleVideo,
19 editors, 347 GoogleMaps, Google
Google non-editors 036 0.71 071 066 041 Phone, GoogleOS, internet,
rumor, software, speculation
. WindowsVista, YahooDeal,
Microsoft 22°dI0rs: 432 419 39 0.43 0.77 0.23 bid, takeover, Xbox 360,
non-editors

Xbox live, anti-trust

Validation Dataset: Due to the lack of ground truth to validate
social group extraction, we are motivated to usexernal data
source to cross-validate our model. Since we aadirdg with
technological companies, it is useful to verify ttiearacterization
of the different communities using their predictiépiof stock
market movement of the corresponding companies. §tbek
market returns for the four companies (as per tHSDAQ
index) were collected from Google Finance [2]. Védlected the
stock returns at the close of each day in the saneeduration as
the crawl. The stock movement at the end oftday a companyg
was computed as,
yc‘ — (jt +/ 1-1)’

J e
where , is the stock return of the company at daye further
subtract the overall NASDAQ index from this retusn as to
capture the effect of the entire market movement.

(15)

Validation framework: We are motivated to use a validation
framework which can verify the usefulness of theraoted
knowledge (or the multi-scale characteristics @f tommunities).
We use predictability and group resilience as \aiah metrics.

Predictability: The communication dynamics or characteristics of
the extracted groups could lerrelated with events external to
the community. In other words, there would be highrelation if
the characteristics of the groups coptédictthe external event.

Resilience:The removal of the characteristic groups wouldlezn
the community less resilient by significantly altering the
composition of the remaining groups. This will reduhe degree
of its correlation with external events. It will faft the

communication dynamics of the rest of the groupsnayeasing

their characteristic path length (measure of colessss).



We measure predictability as follows. We incremiytaain and
test a Support Vector Regressor [6] for each imldigl in each
community (using the individual characteristicsepwall weeks.
Let (i) is the predicted stock market movement for peisan
time slicek for companyc. The predictability for persom is
therefore given asf| - ()| / Y wherey’, is the actual stock
movement at time,. We determine the predictability of a group
G, at time slicety to be the average of the predictabilities of @ll i
members.

Now we measure resilience as follows. We removegtioeip G,
with the maximum predictability at tim&. Groups are then
extracted aty,; excluding people ir, and their predictabilities
computed. Let , be the group with maximum predictability at
time t,.,. We observe the change in best predictability feefmd
after removal ofG, at timet,,;. If the best predictability due to
removal ofG, decreases, it means that the topic communitysi le
resilient to removal of5,; implying G, was impactful We also
compute the mean composition entropy of the ngwgroups with
respect to each grou@y without removal at,,,;. Composition
entropy is a measure which tells us about how timeposition of
each of the new groups, is affected due to removal &, The
intuition is that if the mean composition entroplyadl the new
groups is low (i.e. removin®, did not affect the composition of
the other groups), then the removed gr@ifwhich was the best
predictable group), was an isolated group and ithpsactful.

It is computed by comparing the composition gfwith respect
to each groufis, atty., extracted without removal. It is given by,

(16)

where 4, is the composition ‘probability’ given by the matof
the number of individuals in, who also belong to a grougy at

Topic: Apple

te+1 to the number of individuals iny,

Validation results of Predictability: Figure 5 gives the predicted
stock market movement for topics ‘Apple’ and ‘Gosigbver
time. Comparing across the actual stock movemeanatice that
the extracted groups exhibit high predictabilityem accuracy of
89%).

Figure 5: The predicted values of stock market movement for
two topics as shown across actual movement. Meadiqiability

(or accuracy) ~89% show that our framework yieldghh
prediction. The values are normalized in the rgnbel].

Validation results of Resilience:As the first step to validate the
property of resilience (ref. Figure 6) due to gragmoval, we
observe the characteristics of the removed groapsdmmunity
Ain Table 4. We notice that there are a large nurabeditors in
the removed groups who have high leadership vahrets the
values ofr, O, , L andF are similar to the dominant groups of
editors who characterize the community (ref. sec@®).

Hence the removed groups at different time slitesacterize the
community. As the second step, we notice from Fgarand

Topic: Google

Figure 6: Validation of multi-scale characterization using tproperty of resilience due to group removal. Visealization is shown
for two topic communities over the duration of 2@eks, Sep 9, 2007 — Jan 20, 2008. Red bubblebeamgraups that are removed
(having best predictability); blue bubbles dendte groups with best predictability in the next tistiee after removal of red bubbles.
Note, the stock movement predictability is decrdadige to group removal (first bar plot) and the position entropy is low (second
bar plot) — implying the characterized groups aeaningful. All values are normalized in the ran@el]].



Table 4 that the removal of the best predictabilitpup lowers
the predictability (27%) and composition entropy2@) in the
next week. Moreover, the mean characteristic patigth of the
community is increased due to group removal, inmgyless
cohesiveness in communication. Hence removal ofsethe
characteristic groups affects the resilience of cbenmunity by
lowering predictability and mean composition enyrofimilar
observations can be made for the communities oilcgdpoogle,
Microsoft and Nokia with decrease of mean predititstof 26%
and low composition entropy of 0.21. This suggdsist our
characterization of the individuals and the groisgseaningful.

Table 4: Analysis of community resilience showing (a)
predictability of stock movement, and (b) changgiedictability
and composition entropy due to group removal. Tiwease in
characteristic path length) @due to group removal and measures
O, , L andF (ref. section 3) for the removed groups are also
shown, averaged over all 20 weeks, to validateirntipact of the
removed groups.

Topics  Predictability g?ecéi:?zsilii?y g;r;);‘))zsition | r (0] L F

Apple 89.52% 24.65% 0.28 +0.54 0.68 0.61 0.56 0.64 0.22
Google 87.36% 19.23% 0.35 +0.32 0.21 0.68 0.67 0.73 0.28
Microsoft  88.24% 23.42% 0.26 +0.67 0.33 0.29 0.440.88 0.35
Nokia 87.85% 29.68% 0.15 +0.35 0.830.18 0.470.52 0.37

8. CONCLUSIONS

In this paper, we have developed a computatiormahdmork to
characterize social network dynamics in the blopesp at
multiple scales: individual, group and communitydks. We
proposed that the evolutionary aspects (organizatiynamics)
of social networks aran emergent property of individual and
group interaction. Secondly, we addressed the important problem
of establishing the utility of the extracted sociaktwork
knowledge, by proposing a correlation based appreawe show
that the mined data correlates well with an exterdaut
semantically related time series. In our validat&trategy, we
propose two measures — predictability of the tineies, and
degree of resilience when a group is removed.

We considered a social network where the bloggerd a
commenters participate in communication on a varéttopics.
First, we extracted three kinds of features foivittlials — activity
characteristics, influence on local neighborhood spatial graph
based measures. Second, we extracted groups d@neé\bkition
using a temporal clustering technique based on ahatwareness
expansion. For each group, we extracted severatonfaatures
used to cluster groups into different types. Comities were
then analyzed using several measures: temporal itgens
conductance, coverage, group-type entropy andesizepy.

Our results on a large dataset analyzed four tofgsple,

Google, Microsoft and Nokia) showed that macro Uezg are
useful in understanding communities with respectet@nts’

sentiment, as well as in understanding communigyatteristics.
Our validation framework showed that the mined @aitauseful —
they are highly correlated with the stock markeveroent (89%),
and when we remove impactful groups, predictabiliglls

significantly (26%). Our framework and results csgrve as a
starting point to several interesting directionsuture work. The
different states of the topic communities can db&o used as
predictors of mood or sentiment in response toreatevents.
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