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ABSTRACT  
We have developed a computational framework to characterize 
social network dynamics in the blogosphere at individual, group 
and community levels. The framework is important in addressing 
problems related to targeted advertizing and understanding 
network resource usage patterns. Secondly, we also show how to 
determine the utility of the mined knowledge, by correlating it 
with an external time series (the stock market). Our framework is 
comprised of three steps. First, we model features at an individual 
level along different dimensions as activity characteristics, 
communication influence, spatial graph properties. These features 
are used to extract groups and their evolution. Second, we model 
features at a group level using assortativity, characteristic path 
length and aggregate individual characteristics at the group-level. 
These group features are used to extract group-types 
(unsupervised clusters). Third, we characterize communities using 
several activity based and temporal measures: temporal density (to 
capture consistency), conductance, coverage (to capture 
cohesiveness), group-type entropy and size entropy. 

To test our model, we have analyzed postings on the consumer 
electronics web magazine, Engadget (www.engadget.com) related 
to four topics (Apple, Nokia, Microsoft and Google). Our results 
show that the community macro characteristics are indicators of 
different event types (positive / negative). We establish the utility 
of the extracted groups, by showing that they predict the stock 
market movement well (89%) and removal of important groups 
reduces predictability by 26% on the average. 

Keywords 
Blogosphere, individual, group, community, influence 
propagation, intrinsic roles, graph centrality, social network 
analysis, stock market movement. 

1. INTRODUCTION 
This paper deals with the problem of characterizing 
communication dynamics of the blogosphere at multiple scales – 
individual, group and community. Secondly, we propose an 
innovative method to establish the utility of the extracted 
knowledge, by correlating the mined knowledge with an external 
time series data (the stock market). 

Understanding social network communication dynamics has 
several important applications. It can be used by corporations to 
assess the impact of targeted advertizing, as well as their product 
releases. It can be used by telecommunication companies to assess 
the network resource usage patterns, including growth, as well as 
predicting potential hot-spots.  

In several social network problems (e.g. community extraction), 
determining the utility of the extracted knowledge (in the sense – 
“is the mined knowledge useful?”) is difficult due to the absence 
of ground truth. Typically, we analyze the properties of the 

extracted knowledge (e.g. graph based metrics such as 
conductance / coverage, when we extract sub-graphs), as a 
measure of quality. However these measures do not inform us of 
the utility of the mined data. In this paper, we answer the utility 
question, by correlating the mined data with a semantically 
related, but independent time series data (stock market 
movement).   

Our Approach:  We define multi-scale characterization to be the 
ability to capture the diverse aspects of participants in 
communication at different levels – individuals, groups and 
communities. It captures the substantive, the structural and the 
dynamic aspects of how people communicate in social networks; 
and it acknowledges how communication dynamics at different 
levels could impact the overall temporal and behavioral properties 
of a large population. A diagrammatic representation of the multi-
scale characterization is shown in Figure 1. 

 

Our main contributions are as follows: 

a. Characterizing social networks dynamics at individual, group 
and community levels. A fine-grained, multi-scale, temporal 
analysis can help us understand the evolutionary aspects 
(organization, dynamics) of social networks as an emergent 
property of individual and group interaction. They can 
aggregate together the salient characteristics of people and 
suggest a more coherent view of the nature of communication 
and long-running sentiments within a community.  

b. Validating the multi-scale characterization using: (i) degree of 
predictability of external events (here we consider 
predictability of stock market movements of companies by the 
characterized communities), and (ii ) degree of resilience of the 
characterized communities due to removal of impactful groups. 
Resilience is observed using two techniques: whether there is a 
decrease in predictability of the external event due to removal 
of the best predictable group, and the measure of change in 
composition entropy of the rest of the community due to the 
removal. 

Individuals Groups Community 

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



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

We consider a social network where the bloggers and commenters 
(termed as individuals) participate in communication on a variety 
of topics. First, we extract three kinds of features for individuals – 
activity characteristics (response time to blog posts, participation 
measure, and consequence of participation in communication), 
influence on local neighborhood (e.g. probability of 
communication / delay) and spatial graph based measures (e.g. 
betweenness centrality). Second, we extract groups and their 
evolution using a temporal clustering technique [11] based on 
mutual awareness expansion. For each such group, we extract 
several features. They include aggregated properties of individuals 
within the group, as well as macro-level properties at the group 
level such as assortativity and characteristic path length. These 
features are then used to cluster groups into different ‘types’.  
Communities are analyzed using several measures: temporal 
density (to capture consistency of group-types over time), 
conductance, coverage (to capture cohesiveness), group-type 
entropy and size entropy (to capture temporal dynamics). 

We have analyzed postings (over 20 weeks of blog data) on the 
widely read technology blog, Engadget (www.engadget.com) 
related to four topics (Apple, Nokia, Google and Microsoft). 
Additionally, the authors marked events extracted from a wide 
variety of news sources as positive, negative and specialized 
events. We observe that the community’s group type entropy is a 
useful indicator of positive and negative events. The results show 
that the community discussing topic Apple is observed to be a 
moderately responsive community where communication is more 
editor-driven. While the community discussing topic Google is 
observed to be a consistent, highly responsive, cohesive and high 
influence community. It is dominated by people who are not 
information writers but who often act as the communicators 
generating ‘chatter’ in the community.  

We use the stock market data for each of the four company names, 
as the independent time series to validate the mined 
characteristics. We show that the extracted groups show high 
predictability of the stock market movement (89%) and removal 
of groups with high predictability makes the communities less 
resilient by decreasing mean predictability by 26%.  

Related Work: There has been considerable work on modeling 
characteristics of bloggers at an individual level. Nakajima et al. 
in [12] identify important bloggers based on communication 
activity. They determine ‘hot’ conversations in the blogosphere 
through agitators and summarizers by establishing discriminants. 
In [16] Song et al. identify opinion leaders, who are responsible 
for disseminating important information to the blog network, 
using a variation of the PageRank algorithm. In our earlier work 
[5] on modeling social context for predicting communication 
flow, we characterized individuals based on their information 
roles in communication, e.g. ‘generators’ and ‘aggregators’. 

Characterization of ‘micro-laws’ of communities has also been of 
interest to researchers. Ching et al. in [4] presented a learning 
approach that discovered agent dynamics driving evolution of 
social groups in a community. They associated micro-laws to 
personal attributes: like people could be ‘social’ or ‘outgoing’ and 
groups could be ‘central’ inviting several members.  

Prior work has also been done to quantify groups of people as 
communities at a macro-level. Toivoren et al. in [17] presented a 
model for an undirected growing network useful in studying 
socio-dynamic phenomena. They analyzed the structural 
properties of the network using k-clique method for quantifying 
the communities. In [15] Palla and Barabasi developed a model 
for analyzing social group evolution. They observed distinct 
characteristics governing the evolution of large and small groups 
and concluded that knowledge of membership stability and time 
commitment could be used to estimate the lifetime of these 
groups. There has been work on mining customer opinions from 
free text [7] using sentiment classification techniques as well. In a 
recent similar work [8], Huang et al. investigated co-authorship 
networks for modeling network evolution and predicting future 
collaboration between authors. They characterized evolution at 
the community level and at the individual level and developed a 
stochastic model to predict future collaborations. 

There are several limitations of prior work. Our key observation is 
that we do not have a unified understanding that characterizes 
interactions across multiple scales – individuals, emergent groups 
and communities. This is because the nature of the overall 
communication cannot be deciphered on the basis of a single 
individual or even a set of individuals. 

The rest of the paper is organized as follows. We introduce our 
data model in section 2. In sections 3, 4 and 5 we describe our 
framework for individual, group and community characterization. 
In sections 6 and 7, we discuss the dataset, experimental results 
and the validation of our framework. We conclude in section 8 
with our contributions and directions towards future work.  

2. DATA MODEL 
In this section we introduce the data model used in this paper. We 
have chosen to investigate the technology blog, Engadget. It 
primarily discusses topics related to consumer electronics. It is 
highly influential and is a forum of active discussions. Only 
Engadget editors can post news stories, and only authorized 
readers can comment, thus creating a high quality information 
source. In this specific blog, the comments can be of two types: 
those posted in response to the original blog post, and responses 
to a comment (we term them as direct replies). Note, not all blogs 
have this feature. Each editor also tags the post with relevant 
terms. These discussions allow us to develop an abstract co-
occurrence based social network using its blog posts and 
comments. The data model used to generate this social network 
can therefore be described by a 3-tuple {V, � , � } having the 
following entities: 

a. A set of individuals – bloggers and commenters, V = {i | i = 1 
… N}, 

b. A set of posts � ; each post p is associated with an author 
(blogger) i, a time stamp of posting ts and a tag cloud � p, giving 
the following tuple, {(i , ts, � p)} for each p, 

c. A set of comments �  on each post p in � ; each comment has an 
author (commenter) j and time stamp tm tuple {(j,tm)}. 

The relationships between these entities are shown in Figure 2. 
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Figure 2: Data model describing bloggers / commenters V, posts 
� , comments �  and tags � p. 

Now we introduce our method of constructing a communication 
co-occurrence based social network using the 3-tuple {V, � , � }. 
Since we are analyzing communication activities of individuals, 
edges in our graph are considered directed. Hence our social 
network is represented by the directed graph �  (V, E) where, 

a. The nodes V are the bloggers and commenters. 
b. The edges E represent communication between the nodes. Each 

edge has two attributes: probability of communication and 
delay. Since the edges are directed, an edge from node i to j 
gives the probability of communication pi® j and an associated 
delay di® j when user j writes a comment following user i on a 
set of blog posts.  

In order to simplify our graph, we consider that an edge exists 
between two nodes if it satisfies the following two conditions: the 
mean time difference between their comments is less than or equal 
to � , and i’s comment is at most �  comments prior to j’s. This 
construction is based on the assumption that person j is affected 
by a person i only within a certain time interval and due to a 
certain number of comments written prior to j. 

Each topic sensitive graph is generated by filtering 
communication using the tag associated with a post as the topic. 
This creates reliable filters as the tag was suggested by a human 
being (the blog editor). The tag filter used in this paper is the 
name of a company. Classifier based techniques on arbitrary 
topics are also possible, but may introduce additional noise into 
the analysis. Based on this data model, we now present our 
computational framework of multi-scale characterization. 

3. INDIVIDUAL CHARACTERIZATION 
We now present our computational model for individual 
characterization. Individual characterization has three parts: 
characterizing the individual’s communication activity, 
characterizing how much a person influences her neighborhood to 
communicate and the spatial properties of a person’s location in 
the social network along with the different intrinsic roles that 
affect her communication. 

3.1 Communication Activity Characteristics 
In this section we describe each individual in a social network 
with respect to her communication activity over blogs. We 
consider a three dimensional activity characterization: 
responsivity to blog posts, measure of participation and 
consequence of the participation. 

Responsivity to blog posts: We characterize individuals with 
respect to the time taken to respond to blog posts. Response time 
of a comment is defined as the time elapsed between the 
publishing of the original blog post and the publishing of the 
comment. We define normalized responsivity as follows. Let tm be 
the time at which a comment (or the first comment when an 
individual posts multiple comments on the same blog post) was 
posted by individual i to a blog post p. Let us further assume that 
ts and te are, respectively, the publishing time of the post and the 
last comment on the post. Also, let � i be the rank of i’s comment, 
where the rank �  of a comment means that it is the � th comment on 
a blog post, ordered by time of posting. Then the normalized 
responsivity on post p is defined as an additive function which is 
minimized when individual i has responded early and her 
comment has low rank � i, 
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where � 1 and � 2 are two chosen weights and np is the total number 
of comments on post p. The mean responsivity R (i | tk) of 
individual i at time slice tk is therefore given as, 
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where Ni(tk) is the total number of comments made by individual i 
on posts written in time slice tk and 1 £ k £ K. For example, if 
there were 7 posts at a particular time slice and if an individual i 
commented on 3 of them, then Ni(tk) = 3. 

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

Consequence of participation: A person’s comment on a blog 
post could incur two kinds of consequences: (a) the person’s 
comment is followed by a large number of direct replies to this 
comment (ref. section 2 for the definition of replies), and / or (b) 
the mean response time of all comments after her comment is 
greatly reduced compared to that before her comment. We define 
the consequence of participation for a person i over a blog post p 
as, 
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where � 3 and � 4 are two chosen weights, q is the number of direct 
replies to i’s comment, np is the number of comments on blog post 
p, r1 is the mean response time of comments before i’s comment 
and r2 is the mean response time after i’s comment. The measure 
of consequence of participation O (i | tk) for i at time slice tk is 
therefore given as the average over all posts where i commented. 

3.2 Influence on local neighborhood 
In this section we characterize people by their influence on their 
local neighborhood due to their communication activity. A 
neighborhood is simply the set of nodes reachable from an 



individual in at most h hops. If a person influences her 
neighborhood to communicate with high probability, it means the 
person plays an important role in the social network. We note that 
a person can also comment due to an independent desire to 
communicate.  

Independent desire to communicate: We assume that a person 
comments based on her independent desire when her comment 
does not follow another comment within a response time 
difference of � . The independent desire to comment for person i at 
time tk is therefore given as the fraction of the number of 
comments which satisfies the above condition: 
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where � i is the set of all comments at time slice tk written by i 
which are not preceded by any other comment in the time interval 
� , ci is the set of all comments by i at tk and t (x Î � i) and t (x Î ci) 
are the times of posting of a comment x in the sets � i and ci 
respectively. 

For the comments written by individual i which are not due to her 
independent desire, we compute her influence on a local 
neighborhood. For this, we describe how to compute the 
probability of communication pj® i and the associated delay dj® i 
for a pair of individuals. 

Probability of communication and delay: We define the 
probability of communication of a person i following j as, 
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where� ci(t;j<i ) is the set of comments at time slice tk written by i 
which are preceded by j such that the difference in the comment 
times 	 ti,j �  �  and there are at most �  comments between the two,  
ci is the set of all comments by i at tk and t (x Î ci) is the time of 
posting of a comment x in the set ci. 

The associated delay dj® i between i and j is given as, 
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where 
 j<i  (i | tk) is the mean time difference between comment 
times and corresponding post times of i at tk for comments in set 
ci(j<i ), 
  (j | tk) is the mean time difference between comment 
times and corresponding post times for j at tk and 
  (i | tk) is the 
same value for all of i’s comments at tk. 

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

We consider a neighborhood Qi around individual i which 
comprises all nodes j which are at most h hops (or edges) away 
from i. Since we are computing how i could influence other 
people, we consider only the out-going links from i to construct 

the neighborhood. The neighborhood size considered in this paper 
is h = 3. 

For specific nodes i and j, let there be n directed paths. The value 
of a path with M nodes is defined as: 
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The maximal value path between i and j is denoted as V*
i,j. Then 

the influence measure �  due to i on all j in neighborhood Qi is 
given by the mean of V*

i,j over all j: 
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We can analogously compute the delay in propagation of 
influence from i to her neighborhood as the mean minimal delay 
path from i over all j.  

3.3 Spatial Graph based Measures 
In this section we characterize people with respect to several 
traditional graph based properties which help us understand the 
local neighborhood topology. The measures are degree centrality, 
betweenness centrality, closeness centrality, eigenvector centrality 
and clustering coefficient [13] along with intrinsic roles of people. 
We briefly discuss the intrinsic roles of individuals in this section, 
for details on the other spatial properties like centrality measures, 
readers are referred to the prior work [13]. 

Intrinsic Roles: The communication patterns of people are 
affected by their habitual properties, independent of their 
neighborhood and context. We consider two categories of people 
with respect to their inherent communication characteristics – 
leaders, people who precede others in communication, and 
followers, people who tend to trail others in their communication 
response. We consider that the leaders and followers of 
information are the people with roles of hubs and authorities 
respectively in a social network. We use Kleinberg’s HITS 
algorithm [9] to determine two scores per person – an authority 
measure F saying the measure of ‘followership’ for the person, 
and a hub measure L describing the measure of ‘leadership’ for 
the person.  

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

4. GROUP CHARACTERIZATION 
In this section we discuss the characterization of groups of people. 
Groups are sets of people whose members share similar social 
network characteristics. First we use the individual characteristics 
to discover groups. Second, we describe macro-level features that 
characterize the groups. And finally, we present how the groups 
can be clustered to determine different group-types in a 
community. 

4.1 Identifying groups  
In this section we present the method of identifying groups of 
people using individual characterization. We define each group to 
consist of a set of individuals having similar individual 
characteristics. The similarity between a pair of individuals is 
defined using a diffusion kernel [10]. Based on this similarity 
metric, we thereafter deploy an unsupervised clustering based 



group extraction algorithm [11] known as ‘mutual awareness 
expansion’ (MAE) to extract G groups over each of the total K 
time slices.  

We represent each of the N individuals as an F-dimensional 
feature vector, where the features are the individual characteristics 
discussed in section 3. We define an adjacency matrix �  between 
a pair of individuals i and j based on L2 norm feature distances:  
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We further define the following generator for diffusion kernel 
with �  as the adjacency matrix, 
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where zi is the degree of person I in � . The diffusion kernel 
similarity matrix Sg [10] is therefore given as, 

,g e b-= LS                                                                                  (11) 

where L  is Laplacian of H and �  is the diffusion parameter. 

Now we use Sg(tk) at each time slice tk to extract G groups with 
the help of the MAE algorithm in [11]. The algorithm is based on 
the idea that groups emerge due to observable actions (direct 
communication, in this work) among the member individuals. For 
example if Alice leaves a comment on Bob’s blog, then Bob is 
aware of Alice. If he reciprocates by leaving a comment on 
Alice’s blog, then the awareness is ‘mutual’. MAE uses a measure 
called ‘symmetric social distance’ which is estimated using a 
random walk process, to capture mutual awareness expanding 
among the individuals involved in communication. It then extracts 
groups by maximizing the distance between two sets of 
individuals. This form of group extraction is useful in our case as 
it incorporates metrics to evaluate the temporal evolution of 
groups structurally (activity-wise) and thematically (topic-wise). 
For each of these G groups, we now discuss their macro 
characterization. 

4.2 Group Characteristics  
In this section we discuss the characteristics of groups. 

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

a. each node is a group Ga and  

b. a directed edge between two nodes Ga and Gb consists of two 
attributes: the probability of communication and delay. These 
attributes are computed as the mean probability of 
communication and delay over the member individuals in the 
two groups.  

Assortativity and Characteristic Path length: Assortativity [13] 
refers to the preference for a network's nodes to attach to others 
that are similar or different in some way. If the groups in the 
group graph, defined above have high assortativities, then there is 
a high correlation among the groups in terms of communication 
characteristics. The characteristic path length of a graph is the 
average shortest node-to-node distance and is a measure of the 
cohesiveness of the graph. A small characteristic path length of a 
group Ga would mean that information flows in it through paths 
of short length.  

4.3 Discovering group-types from groups 
We briefly discuss our method of discovering group-types using 
the group characteristics in the previous sub-section. We 
categorize groups into sets (called ‘types’) which share similar 
group-level characteristics. It is a global characterization, as the 
group-types are extracted over all time slices. In order extract the 
group-types, we use the spectral clustering algorithm [14]. The 
similarity between a pair of groups is defined analogously as the 
distance between two individuals (refer section 4.1). The outcome 
of the spectral clustering algorithm is a set of clusters each of 
which represents a group-type.  

5. COMMUNITY CHARACTERIZATION 
In this section we present the characterization of the social 
network communities. A community comprises groups of 
individuals who communicate on a particular topic. In our work, 
the topics are taken as the tags of the names of technology 
companies. Now, given a topic, the communities are extracted 
(from the blog Engadget) as follows. First, we identify all blog 
posts relevant to the topic. Then we extract groups of individuals 
communicating over these posts based on the MAE algorithm 
discussed in section 4.1 The groups are further categorized into 
different ‘types’ (section 4.3) which thus characterizes the 
community.  

We define five different measures to characterize group-types in a 
community. Temporal density, conductance and coverage help us 
analyze the activity dynamics of the communities, per group-type. 
Group-type entropy and size entropy characterize the topic 
communities temporally. 

Temporal Density: Temporal density of a group-type Cx in a 
community determines how many individuals belong to its 
member groups at each time slice. A group-type is consistent in a 
community if the number of individuals in it is high over time. It 
is therefore given as the reciprocal of the entropy of the fraction of 
individuals (normalized over total number of individuals) in its 
member groups, at each time slice: 
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where fk
x is the fraction of people in the groups of group-type Cx 

at time k. 

Figure 3: A group-graph. 



Conductance and Coverage: Conductance [3] is a measure of 
how ‘well-knit’ a graph is. A community with group-types having 
small conductance is cohesive because the similarities of 
characteristics with non-member groups are small relative to the 
similarities of either group-type members or non-group-type 
members. Coverage is defined as the fraction of edges that are 
within a group-type with respect to those between group-types. A 
community having group-types with higher coverage has higher 
cohesiveness.  

Group-type entropy: We define the group-type probability 
 x of a 
certain group-type Cx at a time slice tk as the ratio of the number 
of groups Ga that belong to Cx to the total number of groups G at 
that time slice. Hence the group-type entropy over all group-types 
in C at tk is given as, 
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Size entropy: It is used to determine the characteristics of a 
community at a particular time slice based on the sizes of the 
member groups in its group-type distribution. Let us define B bins 
over the sizes of the different groups G at time slice tk. We define 
the ‘size probability’ � b of a certain size bin b Î  B to be the ratio 
of the number of groups of size b to the total number of groups G 
at time slice tk. The size entropy over all bin sizes at time tk is 
given as, 
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Now we will discuss the experimental results used to verify the 
model of multi-scale characterization. 

6. EXPERIMENTAL RESULTS 
In this section we describe our dataset and the results of multi-
scale community characterization relating to the four topic 
communities. We present the results on all four topic 
communities; but visualizations are shown only for Apple and 
Google due to space constraints. First we describe our dataset; 
then discuss the temporal dynamics of the communities, followed 
by analysis of their activity dynamics. 

Engadget Dataset: We executed a web crawler on the gadget-
discussing blog called www.engadget.com [1] to collect data. We 
have chosen four different topics– Apple, Microsoft, Google and 
Nokia to capture diverse community dynamics. The crawled data 
included the 3-tuple {V, � , � } as discussed in section 2. For 
analysis we considered the top 10% commenters (based on 
number of comments) corresponding to each topic. The duration 
of the crawl was from Sep 9, 2007 to Jan 20, 2008. The 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 dynamics of multi-scale 
characterization of two topic communities on a per time slice (per 
week) basis. We will denote the communities discussing topics 
Apple, Google, Microsoft and Nokia as communities A, G, M and 
N. In the analysis, the groups in A over all 20 weeks were 
organized into 10 group-types and the groups in G into 7 group-
types.  

Figure 4 gives a temporal representation of the multi-scale 
characterization for topics Apple and Google, over a span of 20 
weeks from Sep 9, 2007 to Jan 20, 2008. The figures show (a) the 
groups at each week (as bubbles), extracted using the MAE 
algorithm as discussed in section 4.1, and (b) the group-types that 
each group belongs to (the colors of the bubbles) – extracted 
using the spectral clustering algorithm in section 4.3. Since we 
have a fixed number of individuals at each week, there exist a 
certain number of people every week who do not participate in 
communication. We denote these non-communicating people with 
a white bubble in Figure 4. Each of the visualizations is further 
associated with corresponding group-type entropy and size 
entropy which characterize the multi-scale characterization on the 
basis of the number of different group-types and the sizes of the 
groups at each time slice. 

In order to understand the dynamics of the multi-scale 
characterization of these topic communities, we refer to several 
external events related to the companies. The purpose of 
correlation with these events is to observe the dynamics of the 
multi-scale characterization prior to significant events and the 
resultant evolving sentiments in the communities, characterized as 
different ‘states’. 

Sentiment definition: The events used for correlation (in Figure 
4) were collected from Google Finance [2] which posts a wide 
range of new stories from reliable sources like The NY Times, 
Reuters, CNN Money, Forbes, MarketWatch and WSJ. They were 
categorized by the authors as positive, negative events or 
specialized events in order to analyze the event sentiments. 
Positive events (+) were considered to be ones which were related 
to product releases, tie-ups or partnerships with other companies 
or quarterly results. Negative events (� ) comprised news related to 
lawsuits made by other parties (like parent infringement), low 
quarterly results or negative rumor about some product or service. 
We also characterized certain events as special events (S) in 
relation to a company, for example, Google’s release of 
OpenSocial or their stake on Facebook. This is because the effect 
of these events in the evolution of positive or negative sentiment 
in the community is ambiguous, due to their speculative nature of 
impact in the long run. Note that in our time period of analysis, 
we do not observe special events with respect to Apple. 

Now we analyze the temporal dynamics of the communities: 

a. Sentiment on positive events: Sep 19, Oct 22, Nov 30 and Jan 1 
(weeks 2, 7, 11 and 17) are associated with positive events for 
Apple. We observe low group-type entropy on these weeks. 
Weeks 2, 3 and 20 are associated with positive events for 
Google. The community is characterized by low group-type 
entropy. 

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



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

c. Sentiment on special events: We categorize events on weeks 7 
and 9 as special events as they relate to specific happenings for 
Google. We observe low size entropy, due to the emergence of 
a single large group.  

Both community A and G are characterized (ref. Table 2) by low 
group type entropy for positive events. Low group type entropy 
implies the presence of a dominant group type. Negative events 
are characterized by high group type entropies for both topics. 
High group type entropy implies a wide variety of groups. Group 
type entropy helps to distinguish between positive and negative 
events.   

Table 2: Observed features and their relationship to event 
sentiments. 

Apple Google  

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

Negative events 
High group-type entropy, low 
size entropy 

High group-type entropy, high 
size entropy 

Special events �  Low size entropy 

Interestingly communities A and G differ in their size entropy for 
negative events (A – low size entropy, G – high size entropy). 
Low size entropy indicates that no single group dominates the 
discussion. Hence for the community A, negative events are 
characterized by lots of different group types, and where each 
group roughly has the same size. Whereas for community G, 

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

The specialized events for community G are characterized by a 
state of low size entropy. Communication in this state is marked 
by a group of large size. 

6.2 Community Activity dynamics  
In this section we analyze the activity dynamics of the four topic 
communities over the span of 20 weeks of analysis. We analyze 
them along the three different features as shown in Figure 5: 
temporal density, conductance and coverage. The plots show the 
values of the measures for each group-type in each community, 
aggregated over 20 weeks. In order to further characterize the 
observations about activity dynamics of communities made from 
Figure 5, we use measures of certain individual features as shown 
in Table 3. 

For community A, we observe low temporal density for all the 
group-types. This means that the subscription of people to a 
particular group-type is volatile across time; no single group-type 
seems to characterize the community consistently over many time 
slices. We also observe low conductance, implying community A 
is considerably cohesive; along with low coverage, implying that 
there is substantial inter-group-type communication. We 
conjecture this is an artifact of the large number of Apple-gadget-
friendly individuals on Engadget who are interested in discussing 
a wide variety of topics related to the company. For community G, 
we observe that the temporal densities of group-types 3, 5 and 7 
are high, implying they are consistently present over several time 
slices. Groups 5 and 7 are dominant, with low conductance and 
high coverage. 

12/21: Apple rumor 
site to shutdown in 
settlement 

Topic: Apple 

Figure 4: Temporal dynamics of two topic communities in the duration of 20 weeks, Sep 9, 2007 – Jan 20, 2008. Vertical axis represents 
time and each bubble is a group, represented on the horizontal axis. The colors of the bubbles imply the group-types they belong to; white 
bubbles representing groups of non-communicating people at each week. The nature of group evolution is illustrated using two features: 
group-type and size entropy, which can be correlated with a set of external events (+ / �  / S). All values are normalized in [0,1]. 

Topic: Google 

01/10: Apple to cut the 
price of iTunes in Britain 

01/20: Apple earnings 
Up, but stock falls on 
Outlook 

09/19: Apple Inc. and 
T-Mobile announce 
exclusive partnership 
for iPhone in Germany 

10/22: Apple Inc. issues 
Q1 2008 guidance 
above analysts' 
estimates 

11/15: Wi-LAN Inc. 
initiates litigation for 
patent infringement 
against Apple Inc 

11/30: Apple Inc. and 
AT&T Inc. plan to sell 
iPhone capable of working 
on 3G networks 

09/19: Google Inc. 
introduces Google 

Gadget Ads 

09/27: Answers 
Corporation's pact with 

Google Inc. extended for 
two more years 

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

stake in Facebook 

11/02: Google Inc. 
launches OpenSocial to 

spread social applications 
across the Web 

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

setback in patent case 
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search 
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A closer examination (ref. Table 3) using features values for 
response time (r), consequence of communication participation 
(O), influence propagation (� ) and leadership (L) and follower-
ship (F) reveals several interesting insights.   

We see that group-types in A is further characterized by low 
responsiveness (r=0.74) where communication is more editor-
driven, because all of the 24 Engadget editors seem to have 
communicated. We also observe that the editors have high 
influence measure (� =0.63) on the rest of the community and they 
often acquire the role of information authorities due to their high 
leadership value. 

For community G, we see that it is characterized by relatively high 
responsiveness (r=0.36) and high average influence measure 
(O=0.71, � =0.71) on the rest of the community. 

Table 3: Activity dynamics of topic communities. Response time 
(r), consequence of communication participation (O), influence 
propagation (� ) and leadership (L) and follower-ship (F) values 
(ref. section 3) are shown for different group-types over the span 
over 20 weeks. 

 Topics Individual 
Representation 

r O �  L F Communication tag cloud  

Apple 
24 editors, 573 
non-editors 

0.74 0.59 0.63 0.72 0.31 
AppleStore, MacbookPro, 
iPhone 

Google 
19 editors, 347 
non-editors 

0.36 0.71 0.71 0.66 0.41 

QuickTime, GoogleVideo, 
GoogleMaps, Google 
Phone, GoogleOS, internet, 
rumor, software, speculation 

Microsoft 
22 editors, 432 
non-editors 

0.19 0.39 0.43 0.77 0.23 
WindowsVista, YahooDeal, 
bid, takeover, Xbox 360, 
Xbox live, anti-trust 

Nokia 
18 editors. 260 
non-editors 

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

 

Interesting observations can also be made for the topics Microsoft 
and Nokia. We observe that community M is has very fast 
response times (r=0.19), however the communication is relatively 
less influential (O=0.39, � =0.43). It is also characterized by a few 
leaders (L=0.77). The Nokia community has a long response time 
(r=0.70), where the individuals do not have much influence 
(O=0.24, � =0.32), and are likely to be followers (F=0.78). 

7. VALIDATION 
In this section we validate our model by observing the 
predictability of stock market movements and resilience of 
communities due to group removal. Resilience due to group 
removal is estimated using: (a) change in predictability of stock 
market movements, (b) change in composition entropy of rest of 
the community due to the group removal. First, we discuss the 
dataset that was used to determine stock market movements of 
companies. Second, we explain our validation framework and 
then we explain the results of validation with respect to stock 
movement predictability and resilience due to group removal. 

Validation Dataset: Due to the lack of ground truth to validate 
social group extraction, we are motivated to use an external data 
source to cross-validate our model. Since we are dealing with 
technological companies, it is useful to verify the characterization 
of the different communities using their predictability of stock 
market movement of the corresponding companies. The stock 
market returns for the four companies (as per the NASDAQ 
index) were collected from Google Finance [2]. We collected the 
stock returns at the close of each day in the same time duration as 
the crawl. The stock movement at the end of day t for a company c 
was computed as, 
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where � t is the stock return of the company at day t. We further 
subtract the overall NASDAQ index from this return so as to 
capture the effect of the entire market movement.  

Validation framework:  We are motivated to use a validation 
framework which can verify the usefulness of the extracted 
knowledge (or the multi-scale characteristics of the communities). 
We use predictability and group resilience as validation metrics.  

Predictability: The communication dynamics or characteristics of 
the extracted groups could be correlated with events external to 
the community. In other words, there would be high correlation if 
the characteristics of the groups could predict the external event. 

Resilience: The removal of the characteristic groups would render 
the community less resilient by significantly altering the 
composition of the remaining groups. This will reduce the degree 
of its correlation with external events. It will affect the 
communication dynamics of the rest of the groups by increasing 
their characteristic path length (measure of cohesiveness). 

Figure 5: Activity dynamics of two topic communities in the 
duration Sep 9, 2007 – Jan 20, 2008. The community 
characteristics (temporal density, conductance and coverage) are 
shown for each group-type over 20 weeks. 

 



We measure predictability as follows. We incrementally train and 
test a Support Vector Regressor [6] for each individual in each 
community (using the individual characteristics) over all weeks. 
Let � c

k(i) is the predicted stock market movement for person i at 
time slice k for company c. The predictability for person i is 
therefore given as |yc

k - �
c
k(i)| / y

c
k, where yc

k is the actual stock 
movement at time tk. We determine the predictability of a group 
Ga at time slice tk to be the average of the predictabilities of all its 
members.  

Now we measure resilience as follows. We remove the group Ga 
with the maximum predictability at time tk. Groups are then 
extracted at tk+1 excluding people in Ga and their predictabilities 
computed. Let � b be the group with maximum predictability at 
time tk+1. We observe the change in best predictability before and 
after removal of Ga

 at time tk+1. If the best predictability due to 
removal of Ga decreases, it means that the topic community is less 
resilient to removal of Ga; implying Ga was impactful. We also 
compute the mean composition entropy of the new � b groups with 
respect to each group Gd without removal at tk+1. Composition 
entropy is a measure which tells us about how the composition of 
each of the new groups � b is affected due to removal of Ga.  The 
intuition is that if the mean composition entropy of all the new 
groups is low (i.e. removing Ga did not affect the composition of 
the other groups), then the removed group Ga (which was the best 
predictable group), was an isolated group and thus impactful. 

It is computed by comparing the composition of � b with respect 
to each group Gd at tk+1 extracted without removal. It is given by, 
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where � d,b is the composition ‘probability’ given by the ratio of 
the number of individuals in � b who also belong to a group Gd at 

tk+1 to the number of individuals in � b.  

Validation results of Predictability:  Figure 5 gives the predicted 
stock market movement for topics ‘Apple’ and ‘Google’ over 
time. Comparing across the actual stock movement, we notice that 
the extracted groups exhibit high predictability (mean accuracy of 
89%).  

Validation results of Resilience: As the first step to validate the 
property of resilience (ref. Figure 6) due to group removal, we 
observe the characteristics of the removed groups for community 
A in Table 4. We notice that there are a large number of editors in 
the removed groups who have high leadership values and the 
values of r, O, � , L and F are similar to the dominant groups of 
editors who characterize the community (ref. section 6.2).  

Hence the removed groups at different time slices characterize the 
community. As the second step, we notice from Figure 6 and 

Figure 6: Validation of multi-scale characterization using the property of resilience due to group removal. The visualization is shown 
for two topic communities over the duration of 20 weeks, Sep 9, 2007 – Jan 20, 2008. Red bubbles are the groups that are removed 
(having best predictability); blue bubbles denote the groups with best predictability in the next time slice after removal of red bubbles. 
Note, the stock movement predictability is decreased due to group removal (first bar plot) and the composition entropy is low (second 
bar plot) – implying the characterized groups are meaningful. All values are normalized in the range [0, 1]. 

Topic: Apple Topic: Google 

Figure 5: The predicted values of stock market movement for 
two topics as shown across actual movement. Mean predictability 
(or accuracy) ~89% show that our framework yields high 
prediction. The values are normalized in the range [-1, 1]. 



Table 4 that the removal of the best predictability group lowers 
the predictability (27%) and composition entropy (0.28) in the 
next week. Moreover, the mean characteristic path length of the 
community is increased due to group removal, implying less 
cohesiveness in communication. Hence removal of these 
characteristic groups affects the resilience of the community by 
lowering predictability and mean composition entropy. Similar 
observations can be made for the communities on topics Google, 
Microsoft and Nokia with decrease of mean predictability of 26% 
and low composition entropy of 0.21. This suggests that our 
characterization of the individuals and the groups is meaningful. 

Table 4: Analysis of community resilience showing (a) 
predictability of stock movement, and (b) change in predictability 
and composition entropy due to group removal. The increase in 
characteristic path length (l) due to group removal and measures r, 
O, � , L and F (ref. section 3) for the removed groups are also 
shown, averaged over all 20 weeks, to validate the impact of the 
removed groups. 

 Topics Predictability  Decrease in 
Predictability  

Composition 
entropy 

    l   r   O     �     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 0.44 

 

0.88 0.35 

Nokia 87.85% 29.68% 0.15 +0.35 0.83 0.18 0.47 0.52 0.37 

8. CONCLUSIONS 
In this paper, we have developed a computational framework to 
characterize social network dynamics in the blogosphere at 
multiple scales: individual, group and community levels. We 
proposed that the evolutionary aspects (organization, dynamics) 
of social networks are an emergent property of individual and 
group interaction.  Secondly, we addressed the important problem 
of establishing the utility of the extracted social network 
knowledge, by proposing a correlation based approach – we show 
that the mined data correlates well with an external, but 
semantically related time series. In our validation strategy, we 
propose two measures – predictability of the time series, and 
degree of resilience when a group is removed.  

We considered a social network where the bloggers and 
commenters participate in communication on a variety of topics. 
First, we extracted three kinds of features for individuals – activity 
characteristics, influence on local neighborhood and spatial graph 
based measures. Second, we extracted groups and their evolution 
using a temporal clustering technique based on mutual awareness 
expansion. For each group, we extracted several macro features 
used to cluster groups into different types.  Communities were 
then analyzed using several measures: temporal density, 
conductance, coverage, group-type entropy and size entropy. 

Our results on a large dataset analyzed four topics (Apple, 
Google, Microsoft and Nokia) showed that macro features are 
useful in understanding communities with respect to events’ 
sentiment, as well as in understanding community characteristics. 
Our validation framework showed that the mined data are useful – 
they are highly correlated with the stock market movement (89%), 
and when we remove impactful groups, predictability falls 
significantly (26%). Our framework and results can serve as a 
starting point to several interesting directions to future work. The 
different states of the topic communities can also be used as 
predictors of mood or sentiment in response to external events. 
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