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Abstract
An Analysis of the Structure and Evolution of Networks
Guangying Hua
Chair of the Supervisory Committee:
Professor Dominique Haughton
Mathematical Sciences Department
As network research receives more and more attention from both academic
researchers and practitioners, network analysis has become a fast growing field
attracting many researchers from diverse fields such as physics, computer science,
and sociology. This dissertation provides a review of theory and research on different
real data sets from the network perspective. The focus is primarily on the structure
and dynamics of social networks.
This dissertation is divided into three essays. The first essay examines a
professional online community, and to the best of our knowledge, it is the first paper
to address the social network of physicians. The detailed exploratory study and
structure analysis show the main characteristics of the network. Moreover, we
investigate the correlation between demographic information and physicians‟ online
activities. The findings shed light on the existing literature about the analysis of social
media and professional social networking sites.
The second essay presents a model to find overlapping communities in
networks. Our approach is based on clique percolation method, which breaks the
assumption that each node can only belong to one cluster. Thus, it enables the analysis
of a node‟s multiple roles in the network. Content analysis is conducted as a way to
iv

validate the community mining results and to help us better understands the
community structure and dynamics.
The third essay investigates the U.S. air transportation network. It explores the
dynamics of the U.S. air transportation system and how it evolves over time. The
mechanism driving the evolution of the network is proposed, examined and tested in
the study. We find that aging effect and preferential attachment are the two
mechanisms driving the evolution of the U.S. air transportation network. The network
evolution model can be extended to analyze other networks as well.
In summary, my study on SNA applies an interdisciplinary perspective to
analyze real network data. The dissertation empirically analyzes data from different
fields, from transportation to social media. Methodologically, a new method is
proposed to uncover the overlapping communities in the network. The examination of
theoretical concepts, such as reciprocity and assortativity, are presented in the
dissertation.
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Chapter 1 Introduction
1.1 Background
1.1.1 Introduction to Social Network Analysis
Social network analysis (SNA) has emerged as a set of methods for the analysis of
social structures--methods that specifically allow an investigation of the relational
aspects of these structures. SNA has been attracting increasing attention from
different disciplines ranging from physics to sociology in recent years (Barabasi &
Albert, 1999). Progress in the study of SNA has been rapid over the past decade. SNA
can be used to map and measure relationships and flows between people, groups,
organizations, and information/knowledge processing entities (Hanneman & Riddle,
2005). The study of the Web through SNA has lead to the creation of new and
powerful web search engines; and the study of social networks has led to new insights
about the spread of disease and techniques for controlling them (Newman, 2006;
Newman, Barabási, & Watts, 2006). It can also be used to visually construct a
realistic dynamic complex network, discover patterns, find emerging properties, track
the dynamics and growth of networks, and so on. Based on mathematics, especially
network and graph theory, SNA provides both a visual and a mathematical analysis of
human relationships. Through SNA, we seek to understand a set of phenomena or
data, especially their structures and the interconnected entities. The network
perspective is of great importance for business and management research since it
provides a systematical way to examine the relationships among different entities in
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the business practice. For example, we can understand how customer networks affect
customer behavior and thus affect managerial practice.
With the advance of Information and Communication Technology (ICT), the
interaction between people has been expanded to the Internet and online communities.
Computers link people, organizations, and knowledge, and hence, are social networks
(Wellman, 2001). With the extreme popularity of social networking sites such as
Facebook, LinkedIn, and Twitter in the last few years, it is becoming a fruitful and
challenging research area. SNA has been an important research method for examining
the Web and online communities. As explained in Wasserman and Faust‟s book
Social Network Analysis, “SNA provides a precise way to define important social
concepts, a theoretical alternative to the assumption of independent social actors, and
a framework for testing theories about structured social relationships” (1994).

1.1.2 Network Foundation
We usually use a network to represent a complex system in social science. A network
consists of a set of actors and ties connecting actors from sociological points of view.
The actors in the network represent people or groups while the ties show relationships
or flows between the actors. Actors and ties are two main concepts in SNA. There is
less agreement on the notation of SNA. Different notations may be found in the
literature, such as actors and ties, nodes and links, or vertices and edges. However, the
underlying mathematical base is the same, graph theory.
Definition: A graph 𝐺 consists of a nonempty set of elements called nodes and
a list of pairs of these elements called links. The set of nodes of the graph G is
denoted by 𝑉(𝐺), and the set of links is denoted by 𝐸(𝐺). If 𝑢 and 𝑣 are nodes of G,
2
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then a link of the form (𝑢, 𝑣) is said to connect 𝑢 and 𝑣. Based on the features of
nodes and links, we can classify networks into different categories. Figure 1.1 shows
some examples of different types of networks.
Directed vs. undirected: Links with direction indicate the information flow in the
network; links with no direction imply that the relationship represented by a link is
symmetric.
Weighted vs. unweighted: Weighted networks are defined as the ones where each link
has a value. Each link represents the relationship and the value indicates a measure on
the relationship, also named as the strength of the link.
One-mode vs. two-mode: If all nodes in the network belong to the same group, we say
it is a one-mode network. If the nodes belong to two different groups, then it is a twomode network. If we have a university community network, we can define it as a onemode network if we don‟t differentiate between professors and students. However, if
we categorize the members as professors or students, then we can consider the
network a two-mode network.

1.1.3 Topological Features of Networks
A number of studies have shown that many complex networks exhibit some common
features such as small-world properties and power-law degree distribution. Here, we
give definitions for a few essential concepts used in the dissertation.
Degree
The degree is a measure of node centrality in the network. It indicates the
number of connections that a given node has. For a given node, its neighbors are those
nodes which have a direct link with it. The degree for a node k is the number of its
3
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neighbors. The degree defined here includes in and out degrees. The network degree
centralization measures how centralized the degree of the whole network is. This
measure reaches its maximum value of 1 with a star graph and reaches its minimum
value of 0 with a circle graph where all nodes have the same degree.
Betweenness
Betweenness is proposed by Freeman and measures the extent to which a
particular node lies “between” the other nodes in the graph (Wasserman & Faust,
1994). This centrality index is calculated by the proportion of the number of shortest
paths going through a given node. The interaction between two nonadjacent nodes
might depend on the other nodes that lie on the paths between the two. A node with
relatively low degree may play the role of an intermediary in the network and so
might be central to the network. A higher betweenness implies that the node lies
between many of the nodes via their shortest paths and thus has great influence over
what flows in the network.
Degree Distribution
The degree measures how connected a node is in the network. It is the number
of a node‟s connected neighbors. The degree distribution of a network can be
described in different ways depending on the network. A very common feature is the
power-law degree distribution. P k = Ck −α , where C is a constant, α is the
coefficient, and k is the degree.
Average shortest path (distance)
When we consider the paths between a pair of nodes, there are probably many
differing path lengths. A shortest path is referred to as a geodesic. The distance
4
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between two nodes is defined as the length of a geodesic between them. The average
shortest path is the average of the smallest distance between pairs of nodes. The
average shortest path measures the network distance of a distributed network and
shows how well a network is connected.
Diameter
Easy to be confused with average path length, the diameter is the longest of
the shortest path lengths among reachable pairs of nodes. The diameter of a network
measures how far apart the farthest two nodes are in the network (Wasserman &
Faust, 1994).
Clustering Coefficient
The clustering coefficient measures the strength of sub-group formation and
the density of the network. The clusters are defined as a group of nodes within which
the connections are dense but between which they are sparser. Clusters reflect a
tendency for neighbors of a given node to be connected. Clustering coefficients can be
used to uncover clusters in the network. The clustering coefficient was introduced by
Watts and Strogatz (Watts & Strogatz, 1998) and is defined as the probability that a
node‟s neighbors are all connected with each other. For an undirected network, it can
be written as:
𝐶𝑖 =

2𝐸𝑖
𝑘𝑖 (𝑘𝑖 − 1)

Where 𝑘𝑖 is the degree of node 𝑖 and 𝐸𝑖 is the total number of links among node 𝑖‟s
neighbors. Note that in an undirected network, if the degree of node i is k i , there are
k i (k i −1)
2

links among node i ‟s neighbors if the graph is complete. The Clustering
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coefficient reflects to what extent a node‟s neighbors are also neighbors, and thus
measures how well connected the neighborhood of the node is. If the neighborhood is
fully connected, 𝐸𝑖 =

𝑘 𝑖 (𝑘 𝑖 −1)
2

, the clustering coefficient is 1 and a value close to 0

means that there are hardly any connections in the neighborhood. The average cluster
coefficient is defined as
𝐶=

𝑛
𝑖=1 𝐶𝑖

𝑛

,

and shows the tendency of the network to form clusters. Clustering coefficients of
many real world networks range from .1 to .5 (Girvan & Newman, 2002).
Model-Based Networks
Random Network: The concept of a random network was proposed by Erdős
and Rényi (Erdős & Rényi, 1959). It assumes that every node in the network has the
same opportunity to connect to a new node. It turns out that in a random network, all
nodes have approximately the same number of neighbors. Though random networks
may not often be observed empirically, they play a very important role in the study of
network models (Goldenberg, Zheng, Fienberg, & Airoldi, 2010).
Scale-Free Network: Due to the scale invariance of the power-law
distribution, a network with a power-law degree distribution is also called a scale-free
network. For a power law P,
𝑃 𝑚𝑘 = 𝐶(𝑚𝑘)−𝛼 = 𝐶𝑚−𝛼 𝑘 −𝛼 = 𝑚−𝛼 𝑃(𝑘).
𝑃(𝑘) is the cumulative probability of nodes with degree 𝑘. Scaling 𝑘 by a constant
factor yields a proportional change to 𝑃(𝑘), independent of the absolute value of 𝑘.
The scale-free property can lead us to infer observations from one scale to another.
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Small-World Network: Networks which are characterized by a high average
cluster coefficient and a low average shortest path are designated as small-world
networks (Watts & Strogatz, 1998). Many real-world networks exhibit small-world
network characteristics.

1.2 Interdisciplinary Research on Network Analysis
1.2.1 The Development of the Social Network Paradigm
SNA evolves at the juncture of anthropology, sociology, and mathematics. Various
methods are used in SNA for different purposes. For example, mathematics and
statistics are used to model the network and systematically represent it; graphs and
other visual aids are employed to map the network structure; positional analysis is
used for sociometric data since it captures the status in social and business life
(Wasserman & Faust, 1994). As a set of research methods from a network point of
view, SNA is guided by formal theory organized in mathematical terms and grounded
in the systematic analysis of empirical data.
Network research in the social science field has grown exponentially (Borgatti
& Foster, 2003), as shown in Figure 1.2(a). This number of publications is based on
the criteria that the title or abstract include the keywords social network. We apply the
same criteria to find the recent trend of SNA in social science. As shown in Figure
1.2(b), the past twenty years also show an exponential growth with social network
research.
Advances in the understanding of the structure and dynamics of complex
networks provide a firm foundation for an interdisciplinary integration of theory and
research on SNA (Poole & Hollingshead, 2005). The study of SNA has been an
7
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important endeavor in sociology, statistics, computer science, organizational studies,
and recently physics. Researchers from these different fields work together and are
forming the interdisciplinary field of SNA, as shown in Figure 1.3.
Sociology: SNA is strongly rooted in sociology, which provides the behavioral
aspects of SNA (Freeman, 2004). Indeed, the sociologist J. A. Barnes was the first
researcher to use the word “social network” in his study (Barnes, 1954). A detailed
exploration of SNA in social science can be found in Borgatti and his colleagues‟
paper in 2009 (Borgatti, Mehra, Brass, & Labianca, 2009). SNA emphasizes patterns
of interaction and communication as the key to understanding social life. It developed
out of analytical insights from social anthropology and methodological leads from
sociometry (Marsden, 1990). Sociologists examine social ties within a social structure
through SNA.
Organizational Studies: The network approach views organizations in
society as a system of objects joined by a variety of relationships (Tichy, Tushman, &
Fombrun, 1979). Tichy et al. predicted that significant advances in this area could be
made in organization theory and research. However, the network approach was
underutilized during the 1970s. Since then, a lot of research has been conducted using
the network approach to analyze research questions around organizations such as the
structure of virtual organizations (Ahuja & Carley, 1999), productivity (Reagans &
Zuckerman, 2001), supply chain management (Borgatti & Li, 2009), and governance
(Jones, Hesterly, & Borgatti, 1997). A detailed review of network analysis in
organizational studies is available from Borgatti & Foster (Borgatti & Foster, 2003).
The organizational social network approach is discussed in Kilduff & Tsais‟ book
(Kilduff & Tsai, 2003).
8
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Mathematics/Statistics: Mathematics and statistics play an important role in
the underlying base of SNA. Graph theory is the mathematical foundation of SNA. A
set of nodes and a set of links are the most common mathematical concept to
represent a social network. Studies of network evolution rely heavily on statistical
modeling. The social scientist Jacob Moreno, the founder of the journal Sociometry in
1937, was the first researcher to study individual networks in a systematic manner,
and he was the first network researcher to use mathematics in SNA (Fienberg, Meyer,
& Wasserman, 1985).
Physics: Researchers in physics are interested in the study of complex systems
and mainly focus on the mechanisms of complex networks. They try to understand the
mechanisms behind various networks. Topics such as small world properties, degree
distributions, community structure, and assortativity are highlighted by physicists
doing research on complex networks (Albert & Barabasi, 2002; Newman, 2003a,
2003b, 2003c; Sen, 2006). Moreover, in the field of physics the dynamics and
evolution of networks are gaining more and more attention (Dorogovtsev & Mendes,
2002). However, for physicists, online and offline social networks are no more than
another complex system such as metabolic networks, transportation networks, mobile
phone networks and so on. They tend to simplify relationships in social networks and
focus on mechanisms, not various relationships and dynamics in social networks.
Computer Science: Network analysis in this field is triggered by the vast
amount of online information available on the Web and, in particular, increasingly on
social networking sites. Advanced computer science and technology can meet the
computational demands of SNA. Ever since the early days of both SNA and computer
science, Freeman has emphasized how the computer and SNA have grown together
9
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(Freeman, 1988). Computer science and technology have advanced remarkably
quickly. Researchers in this field are not only able to perform computational studies,
but also uncover very interesting research topics related to SNA. The Web, online
communities, and especially rapidly growing online social networking sites provide
fruitful information for researchers to explore. Google‟s search engine algorithm is
mostly based on SNA concepts. An emerging research field is that of social media
analytics (Melville, Sindhwani, & Lawrence, 2009), which draws on SNA and
computer science.
Physics, statistics, and computer science provide very strong analytical and
computational methods which are needed to foster the prosperity of network analysis
as a science (Watts, 2003, 2007). Researchers from sociology, anthropology, and
management science are focused on individual behavior, institutional incentives, and
cultural norms. They examine the relationship between networks and society deeply
and carefully.
There has been a significant amount of work on SNA and its applications in
many different areas, such as citation networks (Cardillo, Scellato, & Latora, 2006;
Newman, 2004), economic and business networks (Gay & Dousset, 2005), viral
marketing (Bampo, Ewing, Mather, Stewart, & Wallace, 2008), transportation
networks (Guimerá & Amaral, 2004), biology networks (Dorogovtsev & Mendes,
2003), the Web (Broder et al., 2000), and online communities (Benevenuto,
Rodrigues, Cha, & Almeiday, 2009). There is increasing attention to the application
of SNA in business and marketing research and practice. With the advance and
popularity of Web 2.0, people have become more connected than ever. The
connectivity is changing consumer and business markets. To understand and leverage
10
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the connectivity in the customer network, SNA provides a new perspective to
understand these fast growing data.
In sum, SNA is both a theory--a way of looking at the world, and a
methodology--a set of techniques for making sense of the world (Wellman, 2008).
Martin & Wellman argue that SNA is a perspective and a paradigm (Marin &
Wellman, 2010; Martin & Wellman, 2010).

1.2.2 How SNA Differs from Other Approaches
SNA differs from conventional approaches to studying social phenomena in one very
important way: it assumes that actors are all interdependent. This assumption is
radically different from that of traditional research approaches which assume that
what actors do, think, and feel is independent of whom they know. SNA focuses on
relationships between actors rather than attributes of actors. In social science,
relational data are of great importance since they capture the structure of social
actions. SNA assumes that the way members in a group communicate affects some
features of that group.
The major difference between network data and conventional data is that
conventional data focuses on actors and attributes; network data focuses on actors and
relations. Moreover, the relations themselves are just as fundamental as the actors that
the relations connect. Matrices and graphs are used in SNA to represent the network
data, since they can summarize and present a lot of information quickly and easily, as
well as force us to be systematic and complete in describing patterns of social
relations.
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SNA also employs a set of terms to describe the properties of actors and
networks (please see glossary in the end for definitions). To understand networks and
their actors, we evaluate the location of actors in the network. Density, centrality, and
cliques are some of the most important conceptual ideas in SNA. These quantities
measure the various roles and clusters in a network. The density measures how much
a graph differs from a complete graph. The centrality measures how important an
actor is in a network. Cliques are used to find a cohesive subgroup, within which
actors are usually highly connected with each other (Wasserman & Faust, 1994).
Social ties among actors can be quite different in terms of types and ranges. With
different measures, we can find who the connectors, leaders, and isolated members
are, where the clusters are and who is in them, who is in the core of the network, and
who is on the periphery.
Since SNA deals with relational data within a network, there are some
limitations. First, there is the boundary of the network, usually imposed by
researchers (D. Knoke & Yong, 2007). A network often has a large number of
connections. It is very difficult to examine the whole network due to limited time and
effort, so researchers‟ subjectivity is often involved in imposing a boundary on the
network. Second, the definition of relational data is arbitrary. Relational data can vary
greatly because the relationship is a social interaction among actors. For example, in
defining friendship, different people may have very different views about friendship.
SNA cannot capture subtle differences in relationships, but it can address this problem
by considering strength and information flow. To step into the exploration of how
different these friendships are among actors, content analysis can be undertaken to
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complement SNA. Content analysis shows the various types of relationships and
detailed information flows in networks.

1.3 Research Interest and Motivation
1.3.1 Research Motivation
Complex networks, especially online social networks, are full of dynamics.
Understanding the mechanism underlying these networks is of great importance to us.
More relational information is involved. The network perspective provides a new
angle to understand complex phenomena in real life. To study a complex system from
a network perspective is the first and primary goal in my research. That is, I consider
the structure of connections or ties among different people or entities. Social networks
have been shown to be important channels for the diffusion of information and social
influence. The structure of relations and actors has important behavioral, perceptual
and attitudinal consequences for both individual units and for the system as a whole
(S. Knoke & Kuklinski, 1992).
Many complex systems can be represented by networks. Many networks exist
in real life, such as transportation networks, social networks, the Web, etc. We can
also model scientific collaboration networks, and network connections on social
media. Many complex real networks have been proven to display some common
features. However, each network is different and full of information to be explored.
The network perspective can enhance our understanding of individuals and collectives
(Lazer et al., 2009). Therefore, the network analysis approach is my first choice.
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Moreover, current social network analysis needs a strong combination of
statistics, information systems, and business knowledge. Given my background in
these three fields, I can use my knowledge to a great extent in the field of SNA.
I am interested in examining real networks, such as transportation,
collaboration between academics, and online communities. The airline transportation
network is regarded as one of the most complex. The transportation network, as key to
the infrastructure of a country or region, is critical to its business and economic
development. The Internet offers an entirely different channel for understanding what
people are saying, and how they are connecting (Watts, 2007). User-generated
information is prevalent on social media and the Social Web and to have a presence
on the Social Web is very important for current business (Evans & McKee, 2010).
Hence, the Social Web provides unforeseen opportunities for business and marketing.
Moreover, it is a fruitful area for researchers to explore.
Not only do those traditional networks need to be explored from the network
perspective, but also new media provide a vast amount of data that needs to be
analyzed. Online social networks are expanding every day and have become part of
people‟s lives. People share information, opinions, experiences, perspectives on
almost everything. Therefore, social media facilitate people‟s conversations and
interactions online. The information spread is a many-to-many model. With the
network approach, we can better understand how people share and create content and
how they interact. Understanding the dynamics of the networks and users‟ behavior
can be very helpful in improving the network platform and finding possible ways of
retaining more users. We are having a changing nature of consumer and business
markets due to globalization and more importantly, demand is growing fast in the
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understanding of online social networks. One of the most promising application areas
would be social media marketing. Consumers are connected now through online
social media.
Not only can social network analysis help us understand the topology structure
of the network, but it also can help us extend the application into many different
areas. Computational social science is emerging as a field to study online individuals
(Lazer, et al., 2009). Online communities grow quickly and more and more people
than ever from young to old are involved with online communities. The content
created by these users is exploding.
In short, these real networks are complex in nature. Studying these complex
networks with unprecedented breadth and depth will have important implications for
us. The results will advance our understanding and provide insights into the structure
and dynamic of real networks.

1.3.2 Research Map
Networks exist with rich information. My main research interests are the dynamics of
the network, from topological features, community structure, to the evolution of the
network.
I have three main objectives in my study. First, it is to provide a detailed
exploration of a professional social network site, where unique network features will
be presented. Second, it is to find interesting communities within the network. Third,
it is to understand how networks evolve over time.
Paper I: Even though social networking sites are very popular all around the
globe, social networks for professionals have not received much attention from the
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scientific community. We study how physicians interact with each other from the
perspective of network analysis. The network of physicians is of great importance for
both researchers and practitioners due to the importance of physicians‟ decisions
opinions on clinical related issues. In our study, we treat each physician as a node, and
the link between them represents their interaction through posting and comments. We
study the topological features of the network of physicians. Structural statistics, such
as power-law degree distribution, reciprocity, assortativity, and bow-tie structure are
studied. The topological study helps us to better understand how the online physician
community works. Moreover, physicians‟ demographic information is included in our
analysis to uncover features of the network. Understanding how demographic
information on ProWeb is related to online activity is very important for attracting
and keeping physicians actively participating in discussions.
The focus of this research is descriptive and exploratory, laying out how an
online community is structured and how it operates. It examines how the network is
structured, who connects to whom, and how people interact with each other. The
network data in this paper enables us to study the communication and interaction
between large numbers of people in ways that are difficult, if not possible, in most
other social settings. To the best of our knowledge, this is the first study on social
networks for physicians only. The unique feature of the dataset and the detailed
structure study make it a very valuable contribution to the current literature.
Paper II: Detecting Overlapping Community Structure in a Network
Community structure has been detected in some complex networks and also
has been regarded as an important research area. Understanding the community
structure of a network is of great importance in order to further understand the
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structural and functional properties of the network. While the vast majority of
community mining methods cluster the data into mutually exclusive partitions, many
real network datasets have inherently overlapping community structures. Overlapping
community mining methods break the assumption that each node can only belong to
one cluster and thus enable the analysis of a node‟s multiple roles in the network.
This study provides a review of current overlapping community mining
methods with a discussion of issues around community mining. One issue is the
omission of a well-recognized community definition; the other is the evaluation of
community mining results. As the most common method, Clique Percolation Method
is applied. We integrate text mining to perform content analysis. Our results uncover
different types of communities in the network. The integration of overlapping
community mining and the content analysis leads to valuable insights not available
from traditional community mining results.
Paper III: How the U.S. Air Transportation Network Evolves Over Time
Network evolves all the time. There is increasing need to understand how the
network evolves over time. Air transportation networks are regarded as dynamic and
complex. This study focuses on the U.S. air transportation network, which is one of
the most diverse and dynamic transportation networks in the world. All of the data are
drawn from the U.S. Bureau of Transportation Statistics (BTS). The topology features
show that the network is a scale-free small-world network; the degree distribution
follows a truncated power-law. Study of the network also confirms the impact of 9/11
on the U.S. air travel industry. A discrete dynamic model is constructed to investigate
the evolution of the network. Our analysis offers direct confirmation for the existence
of preferential attachments in the air transportation network. We conclude that both
17
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the aging effect and preferential attachments are the two mechanisms driving the
network evolution.

1.3.3 Contributions
My study on SNA applies an interdisciplinary perspective to real network data. Three
papers collectively shed light on the structural and analytical challenges and
implications of such networks and contribute to our understanding of a complex
network. This study employs network approach for a social media and a traditional
transportation network. It seeks to narrow the gap between statistical modeling to
exploratory social network analysis by examining different types of real networks.
Through empirical work on real network data, this dissertation makes some
contributions to the existing literature in the following ways.
First, this study provides a review of theory and research on different real data
sets from the network perspective. An exploration of the interdisciplinary background
of SNA is presented. The primary research fields that provide the intellectual
underpinning of the network are identified, including sociology, physics, statistics,
organizational studies, and computer science. How each field contributes to the
development of SNA is discussed. This short review emphasizes the interdisciplinary
roots of SNA and states that SNA is not only a methodology and a theory, but also a
paradigm guiding researchers. The SNA as a research approach is well used in each
following chapters.
Second, different networks are empirically analyzed in this study, especially
online communities for professionals. Emerging patterns of sociability on social
media is explored. The study of social networking sites has gained much attention
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recently. However, to the best of our knowledge, there is no study about any
physician social networking site. A detailed exploration of a physician online
community contributes to filling this vacancy. Unlike social networking sites open to
the public, the site under study is exclusively for physicians. Understanding the
engagement and discussion patterns of physicians are of great importance to retain
users and keep them participating. The findings shed light on the existing literature
about the analysis of social media and social networking sites. Moreover, due to its
feature for physicians, the analytical framework and findings are very important for us
to understand an expertise community.
Third, this dissertation methodologically tests a network evolution model with
the air transportation network data. Through the model, we can find the underlying
mechanism driving the evolution of the air transportation network. Possible reasons
driving the dynamic of the network are verified in chapter 4. The network evolution
model can be extended to analyze other networks as well. With the fast growth of
social media, there is a strong need to understand the dynamics of online social
networks. With the power of modeling the evolution of the network, we can
understand the driving forces of network changes. It has powerful applications in viral
marketing. We can track and understand how the information in viral marketing
spreads and what the possible drivers of successful viral marketing campaigns are.
Last but not least, communities in the network are not only considered to be
structural modules but also have functional importance. The detection of communities
will help us better understand the structure, nature, and dynamics of real communities.
A social community is full of social interactions. Our approach is to find overlapping
community structure in the network, which is vital for social networks due to the
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multiple roles a person has in society. The community structure also shows how
people use the social network. To better understand the community structure, content
analysis is employed to uncover some patterns not necessarily identified by SNA.
Integrating content analysis with a network approach shows the potential of one
possible research area under SNA, topic or content based SNA.
In summary, the dissertation empirically analyzes data from different fields,
from transportation to social media. Methodologically, a new method is proposed to
uncover the overlapping communities in the network. The mechanism driving the
evolution of the U.S. air transportation network is proposed, examined and tested in
the study. The examination of theoretical concepts, such as reciprocity and
transitivity, are presented in the dissertation. Important implications arise from
network analysis of social media.
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Chapter 2 Structure and Dynamics of an Online Expertise
Community

“The Web is more a social creation than a technical one. I designed for a social effect
– to help people work together – and not as a technical toy. The ultimate goal of the
Web is to support and improve our web like existence in the world”
---Tim Berners-Lee, Weaving the Web (Berners-Lee & Fischetti, 2001)
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2.1 Introduction to the Online Expertise Community
Advances in information technology have enabled people to expand their
communication and interaction activities to online communities. The number of users
on social networking sites such as Facebook has been growing exponentially, from 1
million active users by the end of 2004 to over 500 million active users by March
20111 . There was also an exponential growth in the number of users of Twitter from
late 2008 until 2009 and now it continues to acquire new users linearly at the rate of
about 8 million per month2. The popularity of online communities, especially social
networking sites, has attracted more and more researchers from different fields to
explore this phenomenon. Many studies have been undertaken to analyze online
communities and social networking sites, such as Facebook (Lewis, Kaufman,
Gonzalez, Wimmer, & Christakis, 2008), a general online community (Han & Kim,
2008), and online social networks (Fu, Liu, & Wang, 2008). The findings of these
studies help us understand the structural features of these communities.
In addition to those social networks open to the public, there are some
professional social networks available to relevant people only. In these networks,
people seek and share information and knowledge. It has been stated that these
phenomena can be analyzed through the network approach by considering the
relations among people (Borgatti & Cross, 2003). Online expertise seeking and
sharing communities share similar features with all social networks. Some research
examines the online information or expertise seeking and sharing communities from

1

http://www.facebook.com/press/info.php?statistics

2

http://techcrunch.com/2009/10/05/twitter-data-analysis-an-investors-perspective/
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various points of view, including an ethnographic point of view (Turner, Smith,
Fisher, & Welser, 2005) and a network approach (J. Zhang, Ackerman, & Adamic,
2007). However, online communities may differ in terms of the characteristics of the
users, the social interaction range and structure, and the design of the software
supporting the community (de Souza & Preece, 2004).
In the age of Web 2.0, information, especially user generated content, is
becoming more prevalent online. The Web is connected through links. The interaction
between users in an online community connects them and forms a network. Many
online social networks show that the content is created by very few of the users but is
consumed by the vast majority. In our study, we are going to explore a particular
social networking website. For confidentiality purposes, we fictitiously name it
ProWeb. It is similar to other social networking websites in the way it fosters
discussions and information sharing and seeking. However, its special feature,
targeting specific professional users, physicians, makes it a very unique website.
It is of great importance to examine a professional network such as ProWeb.
Its target audience consists of physicians and healthcare professionals, so it is very
different from any other online social networks open to the public. Social networks in
health care settings have been examined for a long time (West, Barron, Dowsett, &
Newton, 1999). However, limited research has been done with the social networks of
physicians. The interactions among physicians are expected to show some findings
useful to business practitioners, especially for pharmaceutical companies. The
increased importance of virtual communities of physicians has the potential to
improve the lives of many patients (Mukherjee & McGinnis, 2007). The ties among
physicians are strengthened by the use of a physician online social network and more
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information can flow directly in the system (Camacho, Landsman, & Stremersch,
2010). Moreover, the examination of one single network contributes to the literature
in the way it provides an example of a particular scale, expertise sharing social
network. To the best of our knowledge, this paper provides the first social network
analysis of a physicians‟ network to be found in the literature.
The aim of our study is to perform an exploratory analysis to examine the
properties of ProWeb‟s posting community and to visualize it. Furthermore, we are
interested in the social interactions between users through the network structure. We
hope to find some patterns in the network. In this chapter, we explore these questions:
1) What are the main characteristics of ProWeb‟s posting Network? 2) What are the
patterns of user activity? 3) How are network measures related to the demographic
profile of users? 4) How can the network be visualized?
The rest of this chapter is organized as follows. The dataset and research scope
are introduced in Section 2.2. In-depth exploratory analysis results are presented in
Section 2.3. Then in Section 2.4, users‟ online activities are examined with their
demographic information. Medical specialty analysis is presented in Section 2.5. This
chapter concludes with a discussion of findings and implications for both research and
practice.

2.2 ProWeb Posting Network
2.2.1 ProWeb Network Data
The data we analyzed come from a professional community, ProWeb. ProWeb is one
of the communities exclusively accessible by physicians in the U.S. It is a social
networking site that connects physicians in order to speed up information sharing and
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dissemination (Porter, 2008). Figure 2.1 shows a screenshot of the ProWeb. Each user
has an alias name in the community, and the registration takes steps to ensure that the
users are qualified. Users can post a topic to ask a question, make comments on
postings or give follow-up comments.
There are several characteristics associated with the ProWeb posting network.
First, it is a gated network where only qualified people are allowed to register. This is
a community of people who have a specific shared interest. Second, users are the
driving force for the growth of the website. User-generated content is pervasive in the
community. ProWeb is a place for users to learn about and share their experiences.
Online interactions take place in a space that is neither distinctly professional nor
distinctively personal.

2.2.2 Research Scope
A network often exists with many connections, so it is very difficult to examine the
whole network due to limited time and resources. Researchers‟ subjectivity is often
involved in imposing a boundary on the network. We examine data from January 1st,
2009 to March 31st, 2009 to analyze ProWeb‟s postings and comments network. The
examination of network structure is dependent on the selection of the sample and time
frame of the sample (Shi, Tseng, & Adamic, 2007). However, Shi et al in their studies
on the blogosphere have demonstrated that samples of the network may differ
significantly in their coverage but still show consistency in their aggregate network
properties (Shi et al., 2007). Therefore, we can still gain some insightful information
based on data gathered during this three-month period.
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ProWeb is a network and users are connected through postings and comments.
We define the network in the following way. Each node represents a user who can
create or comment on a post. A link indicates information sharing between nodes
through commenting. The direction of the link indicates how discussion flows among
users through the network, from comment maker to posting creator. The value of a
link indicates how many comments were made from one user to another‟s post. A
node with many inbound links indicates that the user received many comments.
Figure 2.2 shows how the community is mapped to the network. The three
columns on the left on Figure 2.2 display three different postings created by users A,
B and C, respectively. Each posting has several comments made by different users.
For example, the posting created by A received three comments, two comments from
user D and one from B.
We focus our study on the ProWeb network which excludes loops because
loops only reflect the information flow from one person to himself/herself. We also
excluded multiple lines which represent multiple comments; instead, we used single
lines between nodes with weights. The weight of each line indicates the number of
comments. Thus, we define the ProWeb posting network as a directed and weighted
network.

2.3 Exploratory Network Structure Analysis
We employ social network analysis techniques in the exploration of this online
community. The software Pajek is used in our study to analyze and visualize networks
(Nooy, Mrvar, & Batagelj, 2005). There are 6,295 users, 3458 postings, and 63,733
comments in the network. The diameter of the network, that is the longest of the
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shortest paths among reachable pairs of users, which can be connected to each other,
is 9, which is a bit larger than a typical six degree separation social network.

2.3.1 Description of ProWeb Posting Data
There are five different posting types in the posting network. Type 4 postings
represent physician-to-physician postings in the network, which are created by users.
All other types of postings are created either by ProWeb or a third party for a
particular purpose. We find that over 90 percent of postings are initiated by users.
This confirms that the network is self-organized, and that its users are the driving
force in the network dynamics. User participation through postings and comments is
dominant in the community.
In addition to analyzing the whole network, for the purpose of comparison, we
broke down the network based on posting types. Here we focused on the type 4
physician-to-physician posting network. Table 2.2 displays the comparison between
this network and the whole network. The density and average degree are very similar.
Density measures the connectivity, so that the density of a complete network is 1.
Both Table 2.1 and Table 2.2 show that there is not much difference between
the whole network and the physician-to-physician network. Therefore, the discussion
in the community between users is dominant.

2.3.2 Small-world Effect
A small-world effect is characterized by a small diameter and high clustering
(Amaral, Scala, Barthelemy, & Stanley, 2000). Small-world effects have been proven
to exist in many real networks (Kleinberg, 2001; Watts & Strogatz, 1998). The small27
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world effect states that the average shortest path between every pair of reachable
nodes is short given the total number of nodes in the network (Kleinberg, 2001).
The distance between two nodes is defined as the length of (that is, the number
of links in) the shortest path between them, while the diameter of a network is the
largest distance between any two nodes in the network (Jackson, 2008). The diameter
of the ProWeb posting network is 9, shorter than the estimated diameter of the WWW
which is 11 (Albert, Jeong, & Barabasi, 1999), larger than the diameter 6 of Twitter
(Java, Song, Finin, & Belle, 2007). The model proposed by Albert et al in 1999 for
WWW diameter prediction yields the formula (Albert, et al., 1999):
< 𝑑 >= 0.35 + 2.06𝑙𝑜𝑔
(𝑁)
In our network with N = 6,295, the predicted diameter is < 𝑑 >= 0.35 +
2.06 log N ≈ 8.18, which is quite close to the actual diameter based on the network.
The formula is based on the WWW data in 1999 and may not still hold true for the
prediction of diameter for the current WWW. Due to the vast amount of web pages
online, it is very hard, if not impossible, to capture every single web page to calculate
the diameter. The extent of the challenge in obtaining a complete topological map of
the web was discussed over a decade ago (Lawrence & Giles, 1999), and it keeps on
getting more complicated.
The clustering coefficient was introduced by Watts and Strogatz in 1998 and is
defined as the probability that a node‟s neighbors are all connected with each other
(Watts & Strogatz, 1998). For a random network with n nodes, the clustering
coefficient is proven to be 𝑂(𝑛−1 ) (Shi, Tseng, & Adamic, 2007). However, Watts
and Strogatz found empirical evidence demonstrating that clustering coefficients are
relatively large in real-life small-world networks compared to random networks
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(Watts & Strogatz, 1998). The clustering coefficient for the Web graph is .29
(Newman, 2003c), .19 for a co-authorship network (Newman, 2004), and around .06
for the blogosphere (Shi, et al., 2007). The clustering coefficient for our network is
.0624, very similar to that of the blogosphere found in Shi et al‟s study (Shi, et al.,
2007). These clustering coefficients are large compared with random networks with
the same number of nodes. It suggests the prevalence of closed triads in the network.
Besides clustering coefficients, reciprocity is another measure of cohesion.
Reciprocity is an indicator of the occurrence of mutual connections between two
nodes, calculating how often A links to B and B links to A. It is the proportion of the
mutual connections to the overall connections. The reciprocity of the ProWeb network
also shows the online interaction and communication between two users. In the
ProWeb posting network, the reciprocity value is .034, meaning that around 3.4% of
links are reciprocal. The low reciprocity in the network suggests a low possibility that
friendship is common. Given the features of expertise-related discussion, the low
reciprocity suggests that interactions resulting in friendship are not common in the
network. Therefore, contributions occur without regard to expectations of reciprocity
from others. This finding is consistent with findings for electronic networks that
people contribute their knowledge when they perceive that it enhances their
professional reputations, when they have the experience to share, and when they are
structurally embedded in the network (McLure Wasko & Faraj, 2005).

2.3.3 Scale-free Degree Distribution
A scale-free network is a member of a class of power-law networks where highdegree nodes tend to be connected to other high degree nodes (Mislove, Marcon,
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Gummadi, Druschel, & Bhattacharjee, 2007). Scale-free networks emerge in the
context of a growing network where new nodes connect preferentially to the most
highly connected nodes, and they are also small-world networks (Amaral, et al.,
2000). A stationary scale-free network has the property of self-organizing, going
beyond the particulars of the individual systems.
There are three classes of small-world networks based on different
characteristics of degree distribution according to the research of Amaral et al.
(Amaral, et al., 2000): scale-free networks (degree distribution decaying as a power
law); broad-scale networks (degree distribution has a power law regime followed by a
sharp cutoff), and single-scale networks (degree distribution with a fast decaying tail).
All three of these degree distributions exhibit power-law features.
In our analysis, degree is defined as the number of people interacting with a
user. The direction of the link indicates the flow of information. In and out degrees
measure different aspects of a node. The in-degree measures how many people
commented on the user‟s postings, while the out-degree measures how many people
received comments from the user. All degree is the sum of in and out degrees.
The degree distribution can be described as a typical power-law distribution,
where the degree here includes both in and out degrees of each node. Many users have
only a few interactions with others through comments; whereas, very few users have
over several hundred interactions with others. About 80 percent of users have an indegree of 0, receiving no comments; the distribution is not exactly power-law
distributed. Both degree and in-degree distribution reveal that the network is a broadscale network, but still belongs to the small-world network class (Amaral, et al.,
2000). The degree distribution is highly right-skewed. The majority of the nodes have
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a small degree, while a few of the nodes have a much higher degree. There are 4,972
nodes with degree 0, accounting for 79% of nodes. Through the examination of
degree, we find that the participation rate is relatively low. How to retain users and
keep them active in the network is really of great importance for business practice.
The business model of ProWeb is to provide survey results and opinions of physicians
on health care reforms and policies, clinical trials, and so on for a third-party.
Therefore, engaging users with high participation is of great importance for the
success of ProWeb as a company.
We fit a power-law distribution to the degree distribution, characterized by
P K ≥ 𝑘 ∝ k −α , where α is the power-law exponent, k is the degree. The coefficient
is listed in Table 2.3. Both the in-degree and out-degree distributions in our network
are consistent with our hypothesis that the degrees are power-law distributed. A more
detailed procedure about power-law distributions can be found in Clauset et al.‟s
paper (Clauset, Shalizi, & Newman, 2009).
The distribution of in-degrees and out-degrees are quite different. In-degrees
contain some outliers. These outliers have extremely large in-degrees, and turn out to
be the website managers. The out-degree distribution displays a fast decaying tail. The
underlying cause of the difference between in and out degree is link asymmetry.
Unlike friendship social networks where the links between people are symmetric, the
link here is not symmetric. Users who made comments on many people‟s postings
will not necessarily receive comments from many people as well.
However, in-degrees and out-degrees are positively correlated (.202 Pearson‟s
test/ .059 Kendall‟s tau). People who tend to participate more on the forum are more
likely to receive more comments than others who tend to participate less.
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2.3.4 Assortativity
Assortativity (the Pearson correlation between the degrees of two adjacent nodes, see
Xu & Chen, 2008) measures the node similarity in the network. It is a measure of the
tendency for nodes in networks to connect preferentially to other nodes that are like or
unlike them in some way (Newman, 2003b). Newman proposed the definition of
assortativity and also gave a scalar measurement for it (Newman, 2003b). The
assortativity coefficient r has been used in several research projects, such as online
social network sites (Mislove, et al., 2007), and dark webs (Xu & Chen, 2008). The
value of assortativity coefficient ranges from -1 to 1, from disassortative to
assortative. A network with a 0 assortativity coefficient is potentially a random graph
where there is no assortative mixing. A network is said to show assortative mixing if
the nodes in the network that have many connections tend to be connected to other
nodes with many connections (Newman, 2003b). Disassortative mixing occurs when
nodes with many connections tend to be connected to nodes with few connections.
Many technological and biological networks have been proven to display
disassortative features, with assortativities such as -0.067 for Web and -0.189 for
Internet, -0.326 for the food web in a freshwater lake (Newman, 2003), while many
social networks have assortative mixing patterns (Newman, 2003b). However, social
networks don‟t always display assortative mixing patterns. Xu and Chen‟s study on
dark networks finds that both assortativity and disassortativity exist in different
networks, -0.14 for Meth World, -0.24 for Dark Web, but .17 for the Gang Network
(Xu & Chen, 2008). Mislove, et al.‟s work on online social networks also confirms
that not all social networks display assortativity. Moreover, disassortativity does
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appear in some online social networks, -.202 for Flickr and -0.033 for YouTube
(Mislove, et al., 2007).
Assortative mixing can have a profound effect on the structural properties of a
network (Newman, 2003b). It is very important to develop a better understanding of
assortativity which describes who tends to be connected to whom in a network, since
it plays an important role in influencing processes such as the diffusion of behavior
and information.
We calculated the assortativity coefficient for the network, and found it to be
-0.145. This means that the network is disassortative, and that well connected nodes
are connected with other nodes with few connections. Giving the special characteristic
of the network which is a place for users to share and seek expertise, more connected
people tend to connect with people with few connections. We note that Cyworld, the
largest social networking site in South Korea, has been tested for its negative
assortativity value (Ahn, Han, Kwak, Moon, & Jeong, 2007). Cyworld has attracted
over 18 million users, over one third of the South Korean population3. Every user has
a minipage on Cyworld. They can make friends and write on their own or their
friends‟ minipage. They can also have an avatar to play games and exchange virtual
goods. Cyworld has many features that encourage the creation of hubs. For example,
it has a club service where club organizers tend to acquire many friends through club
activities (Ahn, et al., 2007).
In such a disassortative network, the removal of high-degree nodes would
result in the network having fewer connections. Such a network is more vulnerable to

3

http://www.squidoo.com/cyworld

33

Chapter 2 Structure and Dynamics of an Online Expertise Community

targeted attack than assortative networks (Newman, 2003). It also suggests that a giant
component does not form as easily as it does in assortative networks. The
disassortativity of the networks suggests that connected components in the network
are not as likely to be of the giant core. If one person makes a post, the discussion of
the post is more likely to be confined mostly to the core group and less likely to
spread to the whole community. Therefore, there is a high possibility of forming
many small communities on ProWeb. As some discussions are specialty specific, it is
understandable to have small communities in the network.

2.3.5 The Bow-tie Phenomenon
The Bow-tie structure is used to map the topology of the Web taking into account the
orientation of links and the existence of disconnected components (Baldi, Frasconi, &
Smyth, 2003). A strongly connected component (SCC) is a sub-network within which
every pair of nodes can be connected by at least one path. The largest SCC is the
maximal sub-network of a network.
The overall network can be categorized into four parts: SCC, IN, OUT and
TENDRILS. The first part is SCC, the largest SCC and the central core of the whole
network, within which all pairs of nodes can be connected. This component contains
most of the prominent users. IN consists of nodes that can reach to SCC but are not
reachable from SCC. Those might be the group of users who like to give comments
but have not received many comments. OUT consists of nodes that are reachable from
SCC but do not link back to it. These are users who always receive comments but do
not give comments back. The last part, TENDRILS, consists of nodes that can neither
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reach nor be reached from the core SCC. We could expect that the nodes are more
heterogeneous in the TENDRILS part of the network.
Our analysis reveals the microstructure of the community within the period
under study. The size of SCC is relatively small, around 12% of the whole network.
These people constitute the core of the posting network and are the highly active
people in the sense of making connections. IN has a much higher percent compared to
OUT, which means many people connect to the core through making comments while
fewer people receive comments from the core. TENDRILS accounts for 46% of all
nodes. OTHERS here represent those nodes which are neither reachable from these
other parts nor reachable to other parts. The bow tie analysis of the network shows
that over half of the nodes are highly connected, since over half of nodes belonging to
IN, SCC or OUT. Unlike the relatively balanced bow-tie structure of the Internet, the
bow-tie structure of the ProWeb posting network is not balanced, but instead is
skewed toward the IN side. More physicians tend to give comments instead of
receiving comments. It suggests that some motivation to stimulate the participation in
ProWeb is needed.

2.4 ProWeb User Activity Analysis
2.4.1 User Activity Analysis
The ProWeb community network is dynamic and is undergoing constant changes.
New users continue to join ProWeb. New postings are created every day. Discussions
are happening every hour. Network dynamics are of great interest to both researchers
and practitioners. We have focused on the individual level to examine the network,
while taking into account more background knowledge.
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There are 3,458 postings in that period, with 6,295 users involved in the
discussion. 78.9% of them make comments on postings but do not create a posting on
their own. There are 63,733 comments in the network, and fewer than 4% of postings
receive no comments. All of these findings are based on the mapped network we got
from ProWeb.

2.4.2 Correlations
Each user is associated with his/her gender, years in the profession, specialty, and so
on. We have integrated network measures with demographic information about users.
By doing this, we hope to get a clearer picture of the relationship between their
posting activity and their background information. Spearman‟s rank analysis releases
the assumption of normality, homoscedasticity, and linearity (Lehmann & D'Abrera,
1998). It‟s non-parametric measure of statistical dependence between two variables.
It tests whether the two variables co-vary or not. In other words, as the ranks of one
variable increase, the ranks of the other variable are more likely to increase or
decrease. It is the non-parametric alternative to a correlation analysis.
In-degree and out-degree measure the number of people interacting with the
user, while in-strength and out-strength measure the number of comments interacting
with the user. Therefore, the strength considers the weight of the link in the network
and shows the importance of interaction among different users. Closeness is a
measure of how close a node is to all other nodes. Take the ProWeb for example: a
physician is central if he/she can quickly interact with all others. As a measure of
centrality for nodes, closeness relies heavily on economic considerations (Wasserman
& Faust, 1994). Here we consider closeness, because in an expertise sharing network,
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it would be very important to understand how information flows among physicians.
The in-closeness and out-closeness consider directions of communication links in the
network.
We performed a Spearman rank analysis for network measures and users‟
demographic information. Our analysis shows that age and year in the profession are
highly correlated.
Age
Age is negatively correlated with in-degree, but positively correlated with outdegree. Consistently, age is also negatively correlated with input closeness centrality,
but positively correlated with output closeness centrality. The results imply that older
people are more experienced, and more likely to answer people‟s questions and less
likely to receive comments from others. Considering the fact that most of postings and
comments are for expertise sharing, these correlations make a lot of sense. More
senior people tend to give advice instead of seeking help. This finding helps the
administrator of ProWeb to better target senior physicians to solicit their opinions on
healthcare related topics.
Years in profession
The number of years in the profession is negatively correlated with in-degree
and in-strength. In-degree and in-strength are the measures of the discussion
information flow to the user. More experienced people are less likely to receive more
comments. One possible explanation is that those experienced users raise tough
questions and fewer people can participate or discuss the questions. Seeking help for
rare or tough cases is common in the network. To give answers or contribute to the
discussion one requires profound specialty knowledge and experience.
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Gender
The correlation test also finds that gender does not have any effect on these
network measures. In an online community like ProWeb, gender information is not
disclosed. Very few online discussions are gender-related. The gender of physicians
shows no effect on their online activities.
Betweenness is negatively related with years in profession and age, -.079 and
-.036 respectively. Since betweenness measures the connectivity of a user in the
network, the negative coefficient suggests that higher betweenness associates with a
lower value of years in profession. This implies that people with fewer years in
profession are more likely to act as gatemen to connect through postings/comments.
The correlation analysis shows that age and years in profession are two main
factors associated with physicians‟ online activities. Gender shows no effect at all.

2.4.3 Hubs and Authorities
We would like to find out whether there are leaders in the network, and if yes, how
they collaborate and make an impact on the network. To do this, we find hubs and
authorities first.
We employ Kleinberg‟s Hubs and Authorities algorithm (also known as HITS
algorithm) to find hubs and authorities in the community (Kleinberg, 1999). Here 𝑆 is
the space of all nodes. 𝑢 is any node belong to space 𝑆, and p → u represents the link
from p to u. For node 𝑝, the hub and authority score are defined in the following
ways
Hub is defined as
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Hub p =

Authority(u)
u∈S,p→u

Authority is defined as
Authority p =

Hub(v)
u∈S,v→p

At the initial stage, both hub and authority values are set to 1. And then
iterative steps begin. A node is a good hub if it points to many good authorities. A
node is a good authority if it is pointed to by many good hubs. The definition of both
hub and authority is recursive.
The top ten hubs and authorities are listed in Table 2.6. User 7922 is both a
good hub and a good authority. The identification of hubs and authorities allows us to
categorize the nodes into three different classes: information seeking, information
sharing, and information trading. Similar studies can be found in Java et al.‟s paper on
Twitter (Java, et al., 2007).
Information seeking: users have received many comments from other users
and hence more information flows to them.
Information sharing: users tend to make comments on the posts of many
people and they serve as experts in the network. They tend to provide professional
advice to others.
Information trading: users both receive and give comments. They are very
active in the network. The community is a place for them to share their expertise as
well as improve their expertise. Moreover,
The categorization of users based on their participation in the network enables
us to find different types of users. And this can be used to find experts in the network.
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Due to its nature fostering discussions, we can easily identify the experts in the
network.

2.5 Specialty Analysis
We argue that ProWeb is an expertise social network. The specialties of physicians
may play a very important role in determining the discussion topics, interactions
between users, and so on. There are 65 different specialties. Based on the
categorization of the American Board of Medical Specialties 4 , we group these
subspecialties into twenty super specialties.

2.5.1 Specialty and Gender Comparison
This section addresses to what extent the ProWeb physician community maps the real
physician community in the U.S. According to the American Medical Association
(AMA), the distribution of physicians‟ specialties and gender is as follows. We use
2006 data published by the AMA, which is the most recent data open to the public.
There is a 3-year gap, but the distribution of physicians‟ specialty is unlikely to have
changed much. Thus, we use the data as a baseline with which to compare our
ProWeb data. From Figure 2.8 and Figure 2.9, we can say that ProWeb mimics real
physicians in terms of gender and the specialties we listed here. There are 5% of
physicians with missing gender information. Both the AMA and ProWeb show that
around 72% of physicians are male.
The specialty distribution in terms of seven specialties is listed below. These
seven specialties account for half of the physician population in the US and on

4

http://www.abms.org/who_we_help/physicians/specialties.aspx
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ProWeb, respectively. AMA data and ProWeb data show a very similar shape, with
Internal Medicine being dominant in both datasets.
The data show that the AMA and ProWeb have similar distributions in terms
of gender and specialty. The gender distribution within seven specialties also confirms
the high similarity between AMA and ProWeb data. Male physicians are dominant in
each specialty, especially in anesthesiology.
The number of users in each specialty has a positive relationship with the
interactions within that specialty, which confirms that the more people in a specialty,
the more interactions they generate. With 𝑅 2 being 47%, the correlation is not very
strong, since the number of users only accounts for about half of the variation of the
interaction within specialties. Other factors also influence the interaction within
specialties. The specialty of anesthesiology is very active and generates much more
discussion compared to other specialties.

2.5.2 Inter-Specialty Analysis
There is rich information about the interaction among physicians in different
specialties. Exploring how these different specialties interact with each other would
be very useful and insightful for understanding the strong connection between
physicians in different specialties. Discussion and interactions among different
communities exists. Physicians communicate with others regardless of their
specialties.
Including the administrator category, there are 21 categories in total. There are
interactions almost within every pair of specialties except the specialty of thoracic
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surgery. Due to the small number of people specializing in thoracic surgery and its
relatively narrow focus, only a few connections come from this specialty.
The correlation between the number of incoming and outgoing comments is
shown on Figure 2.13. These two variables are highly correlated due to extent of the
back and forth discussion. The regression line does not include the category of
administrator because of its different role in the network.
Network visualization is always a good way to generate intuition for the
network. The graphs in this section use the following node size and color definition.
The node size is proportional to the number of comments and the node color
represents different degrees. Considering the direction of links, the two graphs on
Figure 2.14 show a different direction of the network, incoming and outgoing links.
With the exception of the administrator group, all specialties show a consistency of
change in terms of size. ProWeb offers surveys to solicit opinions from physicians on
various topics including healthcare topics and clinical trials. Therefore, it has a large
number of incoming links and a relatively small number of outgoing links.
The number of users in each specialty has a positive relationship with the
interactions within that specialty. It confirms that the more people in a specialty, the
more interactions they generate. The number of users in each specialty has a positive
relationship with the degree and strength of each specialty, the number of physicians
and the number of comments. This suggests that the more people in a specialty, the
more interactions they generate within and outside of the specialty. Both in-degree
and out degree have a positive linear relationship with the number of users in each
specialty.
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2.6 Conclusion and Discussion
Drawing on a unique data set with unprecedented granularity about the structure and
the use of a professional social network, this study presents the first study on a
physician social network. Through a detailed description and topological study, some
special findings are associated with our data: ProWeb posting network has some
unique and interesting characteristics.
The topology analysis reveals a degree distribution where only a few users
made many comments while the vast majority made a few comments. Moreover, the
network is found to be dissortative, physicians with a high degree tend to connect
with physicians with a low degree. The bow-tie structure analysis confirms that the
network is not balanced. More people tend to answer questions instead of asking
questions. These topological features of ProWeb suggest that there is a need to keep
users more engaged.
An in-depth study shows that users‟ activity in the network is related to their
demographic background. Age and years in profession correlate with some network
measures. These correlations help us to extract more information from the network
and understand its dynamics. To keep users active, drawing on demographic
information can help ProWeb attract more people to participate.
Based on the findings of topological features, we can summarize that ProWeb
is a self-organized network, physicians are the driving force. However, the
participation rate is low. Even though ProWeb offers a new way to connect
physicians, the connectedness is expected to be improved. There is a strong need for
new incentives to motivate users to drive the success of ProWeb.
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Our results can be used for further work to understand the structure of social
networks. The study on users‟ activity can be extended to better understand users‟
participation and engagement and identify which factors may lead users to different
engagement levels. In addition to its substantive contributions, this study has also has
important methodological implications. To understand an online community from the
network approach enables us to examine the phenomenon from a structural point of
view.
While our data have allowed us to explore some questions that previous
literature had been unable to consider, there are some issues which our data are not
suited to examine. Our study does carry some limitations. This chapter presents a
phenomenological description of a professional social network community, and thus
there is limited knowledge on whether our findings can be extended to other
professional social networks as well. The network definition in the study is arbitrary.
First, the network data are drawn from a short period (three months). The posting
network evolves over time. Our analysis at one point in time cannot generalize to how
the network evolves over time. Second, the relationship in the network is simplified
since based on postings/comments. Relational data can vary because the relationship
is the social interaction among actors. More detailed information had to be neglected
in this study. SNA can capture diverse, overlapping networks of relationships that are
observed in daily life, but with difficulty. We ignored the properties of various
relationship definitions and did not step into the exploration of how different these
relationships are among users.
We would like to extend our study in many directions in the future.
Understanding the mechanism of user behavior will help us better understand users‟
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engagement in the network. Moreover, discovering communities within the network is
our next goal to pursue. The community structure of a network shows more detailed
information about how the network is structured and organized. We can understand
how information flows in the network. Understanding the community structure can
help both researchers and practitioners to better control and manage social networks.
More business implications can be found through understanding the community
structure of the networks.
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“Virtual communities are social aggregations that emerge from the Net when
enough people carry on … public discussions long enough, with sufficient human
feeling, to form webs of personal relationships in cyberspace.”

---Howard Rheingold, 1993 (Rheingold, 1993)

“The Internet is no longer a separate world for the in-group millions of people
routinely come online. Rather than isolating users in a virtual world, the Internet
extends community in the real world, and connects people through individualized and
flexible social networks rather than fixed and grounded groups. ”

---Berry Wellman, 2004 (Wellman, 2004)

46

Chapter 3 Overlapping Community Mining in Expertise Network

3.1 Introduction
With the popularity of social networking sites such as Facebook and Twitter, people‟s
interactions have spread all over the Web. These social media are rapidly
transforming how we build professional relationships and work collaboratively (Jue,
Marr, & Kassotakis, 2010). The social media take various forms and functions such as
discussion forums, blogs, and wikis. We have Facebook and Twitter for everybody,
LinkedIn for professional social networks, Wikipedia for collaborating to share
knowledge. The key to social media is participation. There are tremendous amounts of
user-generated information online. Therefore, studies on online social networks have
received a lot of attention recently.
As an important research area, community structure has been detected in some
complex networks (Girvan & Newman, 2002). Understanding the community
structure of networks is of great importance to further understand the structural and
functional properties of the network (Palla, Derenyi, Farkas, & Vicsek, 2005). Take
social networks for example. Social interaction is the basis for solidarity, shared
norms, identity, and collective behavior. People in communities share common needs,
interests, or practice, and they also constitute the basic units of social experience
(Ackerman et al., 2004). Uncovering the community structure would enable us to find
the interactions among higher levels.
In this chapter, we would like to explore the community structure of a social
network for physicians. To the best of our knowledge, this is the first paper addressing
a physician social network. We are interested in this physician social network because
this is a social network different from other online social networks such as Facebook
and Twitter. This is a network only for physicians, an expertise network. Their
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interaction and communication patterns may different from those of other social
networks. Moreover, the existence of the physician network is not only for social
networking purposes but also for knowledge sharing among physicians.
Our goal in this study is to find overlapping communities in this physician
social network. We argue that the traditional mutually exclusive partition method is
not appropriate for social networks, especially for dense networks. We will allow
multiple memberships for some people in the network based on their participation in
different communities. The most common method, the clique percolation method
(CPM), is used and adapted in order to find the overlapping community structure in
the network. Moreover, we categorize the communities into different types to show
the heterogeneity across communities. To better validate our results, we consider the
topic information and also interview an expert to help us better understand the
community structure.
This chapter is organized in the following way. In section 2, we provide an
introduction about expertise sharing networks and the importance of addressing such
networks. A literature review on community mining follows in section 3. Section 4
explains the methodology and how we use CPM to find communities. In section 5, we
provide a deeper understanding of the community mining results. This chapter
concludes with a summary for the study and a discussion of possible implications.

3.2 Expertise Sharing Network
3.2.1 Expertise Sharing and Beyond
Expertise sharing as a form of knowledge management focuses on the self-organized
activities of the organization‟s members (Ackerman, Pipek & Wulf, 2003).
Knowledge and expertise cannot be separated from the communities that create it,
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use, and transform it. Communities of practice always involve the sharing and
transforming of knowledge and expertise.
Communities of Practice consist of people with a common interest who
interact to share information and to solve problems in their area of expertise (Haas,
Aulbur & Thakar, 2003). Within an expertise sharing network, the identification and
establishment of Communities of practice can be of great importance to impact the
success and quality of expertise sharing. Communities of Practice can also relate to
online communities given much communication among group members can be online
(Ramage, 2010). The establishment of strong communities are vital for knowledgeintensive practice. This is especially true particular for healthcare professionals.
Through Communities of Practice on ProWeb, physicians can build up their
professional identity and share their knowledge and expertise across specialty
boundaries. Communities are not limited by physicians‟ location and speciality;
through ProWeb, they can easily share their knowledge.
ProWeb, as a social network for physicians, facilitates knowledge sharing and
discussion. Physicians collaborate on challenging patient cases, share observations
and compare insights. So it is really a place for physicians to use the power of
collective wisdom; it enables physicians to discuss new clinical findings, exchange
observations about products and devices, and work together to improve patient care.
However, a network like ProWeb is more than expertise sharing. Physicians
can have an informal information exchange. ProWeb enables physicians to take
collective responsibility for managing the knowledge they need and clinical trial
related issues. Moreover, it provides a channel for informal discussions among
physicians. Topics such as health care reform, physician-patient relationships, and
clinical trials are prevalent on ProWeb. Therefore, categorize physicians by their
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expertise is not enough. The network is for expertise sharing and also for social
networking purposes.
Our main research focus is to take the initial step to understand the community
structure of the ProWeb. We take the systematic network approach to understand the
community structure. This study will shed light on existing literature of expertise
sharing networks.

3.2.2 Research Scope
We focus our study on the ProWeb network. Our main focus is the interactions among
physicians. Therefore, we treat each physician as a node; there is a link between two
physicians if they have some interactions through posting/comments. Thus, we define
the ProWeb as an undirected network. More information about ProWeb can be found
in the previous chapter. The mapping is shown on Figure 3.1. The four columns on
the left display four postings created by users A, B, C, and E, respectively. Each
posting has several comments made by different users. If users have a connection
through postings/comments, there is a link between them. For example, the posting
created by A received three comments, two comments from user D and one from B.
In the mapped network, there is a link connecting A with B and D, respectively. Since
we are interested in their discussion, we define ProWeb as an undirected network.
In this chapter, we focus our study on finding the community structure on
ProWeb. How physicians interact with each other, or whether there are small
communities existing online are of great importance to understand the whole network.
Understanding community structure can contribute to the safety and quality of care
for physicians and their patients. Moreover, the interactions among physicians are
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highly associated with community structure. Identifying the property of community
structure can help us better understand physicians‟ online activity.

3.3 Review of Overlapping Community Structure Mining
3.3.1 Community Mining Methods
Scholars have been devoted great efforts to community mining recently. Many
methods have been proposed to discover communities in networks. The traditional
clustering techniques can be used to analyze relational data too. For example, partition
clustering can be very useful if the number of clusters is specified in advance. The
goal of partition clustering is to partition the network into k clusters and minimize a
cost function based on distances between points. The most popular partition technique
is k-means clustering. The cost function is the total intra-cluster distance (Fortunato,
2010). There are still many networks about which the number and size of the
communities is unknown. Some networks may have a hierarchical structure, which
can be found in some social networks or biological networks.
In addition to these traditional methods, Girvan and Newman proposed a new
divisive method (GN for short) for finding communities in a network (Girvan &
Newman, 2002). They focused on the centrality of links, such as link betweenness.
Their method shows that the community structure divides the network into different
parts based on connectivity. A quality measure of community mining called
modularity, is proposed by Newman & Girvan (Newman & Girvan, 2003). A recent
detailed review of community mining can be found in Fortunato‟s paper (Fortunato,
2010).
Modularity is defined in the following way according to Newman & Girvan,
𝑄=

𝑖
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For a network with k communities, we define a 𝑘 × 𝑘 symmetric matrix 𝑒 whose
element 𝑒𝑖𝑗 is the fraction of all links in the network that connect nodes in community
𝑖 to nodes in community 𝑗. The row column 𝑎𝑖 =

𝑗

𝑒𝑖𝑗 , represents the fraction of

links that connect to nodes in community 𝑖. This modularity measures the community
structure in terms of a random network. If the number of within-community links is
no better than random, we will get 𝑄 = 0. If there is a strong community structure,
the value of 𝑄 approaches 1. Newman and Girvan also show that the range for 𝑄 is
from 0.3 to 0.7 for most networks. It‟s not very common to get values much higher
than .7.
Due to the complexity of networks, a node may be active in more than one
community. For example, in a hobby network, a person may belong to several interest
groups. The methods mentioned above are very useful, but cannot uncover any
overlapping communities. Each node is assigned to a single cluster. There is a strong
need for overlapping community mining in dense networks, especially in social
networks.
Overlapping community methods have recently received a lot of attention by
scholars. The most popular method is the Clique Percolation Method (CPM) (Palla, et
al., 2005). The key idea in CPM is k-clique percolation. A k-clique is a complete
subgraph with k nodes. Two k-cliques are adjacent if they share k-1 nodes. The union
of adjacent k-cliques is called a k-clique chain. Two cliques are connected if they are
part of a k-clique chain. A k-clique community is the largest connected subgraph
obtained by the union of a k-clique and of all k-cliques which are connected to it.
Since k-clique communities can share nodes, they can overlap.
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CPM, as the most popular technique to detect overlapping communities, has
been extended to analyze weighted and directed networks. Weighted CPM is used to
analyze weighted networks (Farkas, Ábel, Palla, & Vicsek, 2007) and directed CPM
is proposed to analyze directed networks (Palla, Farkas, Pollner, Derényi, & Vicsek,
2007).
Gregory and his colleagues proposed several methods based on GN‟s
algorithm and label propagation technique, a semi-supervised learning approach.
Some other methods have been proposed to find overlapping communities in
networks. Lee et al. recently published a paper proposing a new method that uses
maximal cliques as seeds to find communities (Lee et al., 2010).
These methods discussed above can be categorized into divisive algorithms,
agglomerative methods, and optimization methods. Divisive algorithms detect some
links based on certain criteria and then remove them. Agglomerative methods merge
similar nodes or communities recursively. Optimization methods aim to maximize an
objective function. CPM and its extensions are agglomerative methods.

3.3.2 Research Gaps
Despite the increasing research attention to detecting communities in networks, there
are some unresolved issues associated with community mining. Addressing these
issues is of great importance to the literature. These issues are identified as follows.
First, there is no clear definition of community. The common view among
researchers is the view of a community, which consists of a group of nodes that have
many links to each other, but only a few to outside nodes (Newman, et al., 2006). The
density within the community is high, while the density among groups is relatively
sparse. There should be high homogeneity within the communities and high
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heterogeneity between communities. This working definition partly leads to the
second issue around community mining.
The second issue is the results evaluation. So far, there is no good evaluation
of the community mining results. Different community mining methods claim that
their methods outperform others. This problem was identified by pioneers
Lancichinetti & Fortunato (Lancichinetti & Fortunato, 2009). Due to the complexity
of networks, the evaluation of community mining results is very challenging. There is
an increasing need to evaluate community mining results.
Third, nodes in networks may be highly active in different communities and
hence may belong to more than one community, resulting in the presence of
overlapping communities. For some networks, especially in social networks, people
may play different roles in different communities, which means they have multiple
memberships. For example, a person on Facebook may belong to different
communities, such as his high school friends‟ group, his college friends‟ group, or his
colleagues. In a network of experts like ProWeb, physicians have interactions with
others in different specialties. They may share opinions on health care related reform
and policies, or they collaborate on special cases. Simply placing a person in only one
group will be arbitrary and also miss a lot of information.
To address the above issues in this chapter, we would like to incorporate group
cohesion in finding communities. We argue that only highly connected people can be
part of a community core. Moreover, we enable the possibility of multiple
memberships for each person, which allows us to loot at overlapping communities
and also enables us to understand the different roles of a person in different
communities. Once we have the community mining results, we would like to consider
some content analysis to complete the results.
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3.4 CPM Based Methodology
3.4.1 Clique and CPM
Many overlapping community methods employ the idea of clique percolation. In
graph theory, a clique is a sub graph where every node is connected to every other
node in the sub graph. Therefore, a clique is a complete graph. A maximal clique is a
complete graph not contained in any other complete graphs. Figure 3.2 shows two
maximal cliques, one is a k=4 clique, the other is a k=5 clique.
There are four k=4 cliques in Figure 3. 3, {A, B, C, D} {B, C, D, E} and {C,
D, E, F}. The union of the 4-cliques is {A, B, C, D, E, F}. A 4-clique is adjacent to
other 4-cliques if and only if they share 3 nodes. Therefore, a chain of 4-cliques can
be achieved by starting from one 4-clique and then finding its neighbors - that is any
4-cliques adjacent to it. Percolation of cliques is a chain of adjacent k-cliques. Starting
from a maximal clique, find its neighbors and then keep growing the chain until
reaching the boundary.
There are many different methods to find maximal cliques. One of the most
popular algorithms is Bron and Kerbosch‟s depth-first search algorithm. Figure 3.4
illustrates how this method works to find maximal cliques for a simple network. To
simplify the search process, we start from a small graph. Node E has the largest
number of neighbors and then is selected as the starting node. For each step, there will
be two categories of nodes. One category is the neighbors of the selected node for that
step; the other category is the nodes not connected with the selected node. In each
step, we look for a node with more neighbors. Thus, there is one selected node in each
step. We repeat this process until reaching the end. Therefore, from each step, the list
of all those selected nodes will be a maximal clique.
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The key process in CPM is to find all maximal cliques, and then start from one
single clique, and find a chain of connected cliques. Based on Bron and Kerboschl‟s
algorithm, we can find all maximal cliques in a network. Therefore, we find the chain
of connected maximal cliques. In the end, a chain of maximal cliques will be regarded
as a community.
CPM is very suitable for finding overlapping communities in very dense
networks. However, there are some pros and cons of using this method. For very large
networks, it‟s less likely to be very dense. For example, for a large scale social
network, the density of the network is not very high, but there still exists a community
structure with some people highly active in different communities.

3.4.2 Distribution of Maximal Clique Size for Random Networks
The CPM method is very useful for random graphs or random networks. The key
assumption for random networks is the equal probability that any two nodes will be
connected.
The expected total number of k-cliques in a random network is
𝑁 𝑘 − 𝑐𝑙𝑖𝑞𝑢𝑒 =

𝑛 𝑘(𝑘−1)/2 𝑛𝑘 𝑘(𝑘−1)/2
𝑝
=
𝑝
𝑘
𝑘!

where p is the probability of two nodes being connected by a link, n is the number of
nodes in the network (Palla, Barabasi, & Vicsek, 2007). Note that 𝑘(𝑘 − 1)/2 is the
number of links in a k-clique. Given a fixed number of nodes n, the value of p
depends on the number of links in the network. The more links, the greater the value
of p.
Figure 3.5 displays the clique size distribution for two simulated random
networks. Both are based on a network with 100 nodes, but the size of maximal
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cliques is different. The biggest maximal cliques with size 7, as shown in Figure
3.5(a). The probability p is relatively big for this simulated network. The distribution
of the network shows the potential to be symmetric. Starting with the same network,
we increase the value of p by adding more links in the network. Thus, there are bigger
maximal cliques and the distribution of clique size is closer to symmetric. From
Figure 3.5(a) to Figure 3.5(b), networks with the same number of nodes but different
number of links, we can see a change of the clique size distribution closer to a normal
distribution.
It appears that as n increases, the shape of the distribution will be close to
symmetric. The results from the simulated networks show that even for a network
with 100 nodes, the distribution of maximal clique size is close to normal. This holds
true with a bigger n, the number of nodes in a network (Palla, Barabasi, & Vicsek,
2007).

3.4.3 Distribution of Maximal Clique Size for the ProWeb Network
Based on Bron and Kerboschl‟s algorithm, we can find all maximal cliques in the
ProWeb network. For any random network, the clique size distribution should be
symmetric as long as n is big. However, for ProWeb, our clique finding results show
that the distribution is not bell-shaped. Instead, the mixture of two normal
distributions can fit the data very well as shown in Figure 3.6. Moreover, the size for
the largest maximal clique is 18. Given the number of nodes in the network, it is very
uncommon to have the maximal clique be as large as 18.
Since the distribution shown in Figure 3.6 is not normally distributed, we take
a closer look at the maximal cliques in the network. We find in maximal cliques with
at least 16 nodes, there are only 72 users. These 72 users are all well connected and
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they account for all maximal cliques with a size of at least 16. This finding leads to
the consideration of giant components in the network. Therefore, if we continue our
community search starting with these 72 users, we can only find a giant component in
the end.
In order to find niche community structures, we would like to rule out the
effect of the links among these 72 users, and then we find all maximal cliques again.
The new maximal clique size distribution is shown on Figure 3.6. So we see that the
maximal of clique size drops down dramatically from 18 to 8. In addition, the number
of small maximal cliques has increased a great deal due to the connection ruled out
between the 72 users.
The dramatic change from Figure 3.6 to Figure 3.7 also confirms the existence
of a giant component in the network. The core of the giant component is the 72 users.
As mentioned above, when we continue our community search starting from the
largest maximal clique, we can only get a giant component in the end.
The degree distribution of the network shifts due to the removal of links
among those 72 nodes from the original network. But the shift doesn‟t change the
power-law distributed degree. This leads to the invariance of the structural property of
networks, which implies that the structural property is identical between the reduced
network and the original network (Takemoto, Oosawa, & Akutsu, 2007).

3.4.4 Methodology for Community Mining
We now give a summary of community mining steps: We begin with finding all
maximal cliques. Instead of generating communities from these maximal cliques, we
would like to prune the network to have smaller maximal cliques. The pruning is
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based on the distribution of maximal clique size. A simulated random network is used
as a baseline for community finding.
Once we start from maximal clique percolation to find community cores, we
would like to compare the similarity of any two percolations of maximal cliques. The
similarity is based on
𝑆𝑖𝑗 =

|𝑁𝑖 𝑁𝑗 |
(𝑁𝑖 + 𝑁𝑗 )/2

Where 𝑁𝑖 = number of nodes in clique 𝑖. Here we set the criteria as .85. This criteria
measures how alike two community cores are. It reaches 1 if two community cores
are identical, 0 if they have no nodes in common. Once community cores are
finalized, the communities are generated.
Finding all maximal cliques using CPM is not enough for uncovering the
community structure in the network. Here we show how we start from finding all
maximal cliques, check the distribution of clique size to get a general idea about the
structure. If there are some unusually large sizes of maximal cliques shown, we have
to take some steps to prevent the results of a giant core only community. The purpose
of this community mining is to find those community cores and then expand these
cores, if possible. The main characteristic of this method is the fixed and dense
community cores in each community.

3.5 Community Mining Results
3.5.1 Community Mining Results Summary
Our results show that there is one giant community and many small communities in
the network. The giant component consists of those 72 users in the network. The
distribution of membership is shown in Figure 3.9. It suggests a log-linear decreasing
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trend with the increase of membership. The majority of nodes belong to at most one
community. Only around 200 nodes belong to two communities, and a small number
of nodes belong to more than two communities. Even though we allow multiple
memberships of nodes in the network, the vast majority of nodes still belong to no
more than two communities.

3.5.2 Community Types
The communities are not only different in terms of size, but also different in their
communication topics. Based on their discussion topics, we find that there are three
major different types of communities.
First, we have the general discussion type community. Communities within
this type tend to discuss anything, from healthcare reform to clinical trials, and even
patient and physician relationships.
Here are some examples of the general topics.
“It's a brand new year with all the hopes and possibilities that weren't realized
last year. I hope it will be a year of happiness, good times, prosperity and love for all
of you.”
“Saving for retirement...using cash balance plan with 401(K)”
Secondly, we have the inter-specialty discussion type community. It usually
involves two groups of people with different specialties. For example, there is a lot of
interaction between family medicine and internal medicine physicians, OB/GYN and
anesthesiology. The inter-specialty discussions usually initiate collaboration among
different specialties.
“A patient I've been seeing for about a year now, a woman in her early 20's
with schizoaffective disorder, bipolar type, has been chronically delusional in spite of
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multiple antipsychotic trials. …… Has anyone ever heard of this or seen this before?
What are the risks of long term nicotine patches? Anyone have any thoughts or ideas
how to proceed from here?”
Thirdly, we have the intra-specialty discussion type community. This type of
community consists of a group of people within the same specialty. They can discuss
anything related to their specialty. For example, they can talk about special or rare
cases together.
“Northwest Anesthesia Seminars: Good, Bad or Ugly?”
“Narcotic Waste Procedures in Anesthesia Depts.”
This community categorization is validated by an expert from ProWeb. We
did an interview with the expert for half an hour to better understand the community
structure and dynamics on ProWeb. The expert confirms that there are various types
of communications. The topics range from issues of interest to physicians such as
health care reform or clinical trials to patient-physician relationship issues. As a social
network for physicians, there are two main categories of discussions on ProWeb, one
is about clinical trials and the other is not about clinical trials. The clinical trial
discussions cover all specialties. Clinical trial-related discussions foster expertise and
knowledge sharing. One the other hand, non-clinical trial discussion is more for social
purposes. Physicians can exchange ideas about job listings, work, politics and reform.
Therefore, ProWeb really provides a channel for physicians to reach each beyond the
boundary of space and time.
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3.5.3 Community Visualization
Visualization is a very effective way of displaying the interaction among different
communities. In this section, we show interactions among communities at various
levels.
The graph in Figure 3.10 displays the interactions among five communities;
each community is composed of people with the same specialty. Some people are
very active within their community and also have very strong connections with people
in other specialties, such as node 442, 155, 191, and 264. This explains why
overlapping community mining is very appropriate for the ProWeb data. By
examining community structure in the network, we can find different types of
communities in the network, and moreover, we can identify the multiple roles of some
physicians.
Even within the same specialty, small communities can exist, as shown in
Figure 3.11. There are three communities obtained via our community mining
method. All these three communities are within pediatrics. For each community, there
is a core consisting of a few people and some other people attached to this core. Given
the nature of ProWeb, to cluster people into communities simply based on specialties
could lead to inappropriate or misleading conclusions. For example, physicians from
different specialties discuss health care reform a lot. If we only group them by their
specialty, we would lose a lot of information. Because of the existence of interspecialty discussion and some niche groups within specialties, the overlapping
community mining is very relevant to the ProWeb data. We can find expertise sharing
in the same specialty and across specialties to improve the quality of patient care.
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3.6 Content Analysis
The purpose of content analysis is to complement the community mining methods and
results. We would like to show the common themes being discussed in ProWeb.

3.6.1 Topic Identification
We did content analysis in this section because insights in community mining results
alone are not enough. The content of discussion must be taken into account. This way
we can achieve the quality of the discussion and have a better understanding of the
community structure of the network (de Laat, 2002) .
We try to find common words in the ProWeb discussions. By applying the
same criteria, the top 20 words from postings and comments are listed in Table 3.3
and Table 3.4. They share some similar words but each also features different words.
ProWeb as a term shows up in postings quite a lot. Given ProWeb itself often posts
some surveys to get physicians‟ opinion on some medical issues. Therefore, it has a
high frequency in postings.
Table 3.4 shows the top 20 words in comments. Thanks are a very important
word in their discussion. Given the fact that the discussion topics are ranging from
patients care, health care reform, and any information interesting to them, the high
frequency of thanks is understandable.
The words in comments are more likely to appear than those in postings. But
in general, words like thanks, patients, medicine, hospital, clinics, practice appeared
in comments much more often than they do in postings.
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3.6.2 Discussion Themes
Based on keyword findings, we can go deeper to find the common themes in the
discussion. This is done by cluster analysis of the words.
Figure 3.12 shows that during the time period we examined, there are a few
themes going on. The cluster of the keywords shows that that there are some words
appearing together. The clustering is based on word similarity. If two keywords are
always appearing in the same postings/comments, then they will have a very high
correlation. As shown in Figure 3.12, words like 2009, doctors, physicians, patients
appear quite often. Given the data is from the year 2009, 2009 has a very high
frequency.

3.6.3 Discussion Themes by the Giant Core
Through the community mining results in section 3.5, we know that there exists a
giant core. It only consists of 72 physicians, but has very high interaction within the
giant core and to the rest of the network. We found that these 72 physicians‟
discussion account for one third of the discussions. And around half of their
discussions are among themselves. To better understand this giant core, we did text
mining to find some discussion themes among these people. Some of the texts mining
results are shown in Table 3.5. We selected five clusters to show the common topics
these 72 physicians talked about. Based on the descriptive terms in each cluster, we
categorize clusters into different main themes.
Those 72 physicians talked more about the health care reform, patient care,
and cost of health care and social purposes. A deeper understanding can be gained
through the results of text mining.
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On ProWeb, a significant amount of discussion is about social purposes
including response to some postings. This serves the purposes of socializing with
other physicians in the network, which explains that ProWeb is a social networking
site for these physicians.
In addition, healthcare related costs including healthcare reform are highly
discussed by these physicians. Topics such as the patient-physician relationship and
healthcare reform are highly associated with physicians. Thus, they are very
commonly discussed on ProWeb.
In the end, there are some discussions about patient care and children-related
health care. Very specific cases are less likely to be discussed by these physicians due
to their different specialities.
Based on the findings through text mining, we can say that the interactions
among these physicians are mainly about healthcare related topics and social
networking.

3.7 Conclusion & Discussion
In this study, our goal was to understand the community structure in ProWeb. As a
social network for physicians, ProWeb has special features: it is a combination of
expertise sharing and social networking site for physicians. Their opinions through
discussions on ProWeb are very critical for pharmaceuticals and health care related
policy and reforms. ProWeb is very different from social networking sites such as
Facebook and Twitter accessible to anyone. Users are homogeneous in terms of their
profession. However, there exist different types of communities, and the communities
are not mutually exclusive; some physicians are very active across different
communities.
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To find the community structure, we applied CPM to discover community
cores. Communities are then generated based on the expansion of these community
cores. This study has uncovered the overlapping community structure existing in the
network. In fact, a search for community cores but not from the largest maximal
cliques enables us to find niche community structures. Once we have the community
mining results, three different types of communities are identified. They are general
discussion communities, inter-specialty discussion communities, and intra-specialty
discussion communities. The community structure of the network indicates that it is
neither hierarchical nor non-hierarchical. A group of people is the core of the network
(72 users). They are very active in the network and their interactions are very
intensive compared to others.
This study contributes to the existing community literature in several ways.
The overlapping community mining method releases the strict assumption that each
node can only belong to one community. The results of partitioning nodes into
different communities help us better understood the network. Since it leads us to
consider a user‟s multiple roles in it. More practical implications can be derived from
the findings. Based on the maximal clique expansion method, each community has a
very dense core inside it. Moreover, integrating content analysis in our study not only
helps us better understand how communities are different from each other, but also
helps us validate our community mining results. There is no golden rule to test the
quality of community mining. However, through content analysis, we can test whether
the community mining results are meaningful or not.
The study has some limitations. One of them is the lack of testing on bench
mark networks. We did a test on random networks, but failed to test any other real
networks except ProWeb. The methods proposed in this study are more problem
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driven. Our purpose is not to propose a method suitable for any networks. The second
limitation of this study is the integration of content analysis with community mining.
In this study, we showed our initial attempt to integrate these two methods together.
More research can be done to address the quality of community mining results.
In the future we would like to extend our study to weighted or directional
networks. Due to the complexity of networks, weights and directions of links are
often ignored in community mining. However, the weight and direction of links are
very important in networks. They represent more information about the interaction
between nodes. Ignoring the link directions may lead to strange results (Leicht &
Newman, 2008). Weights may contain additional information about nodes, indicating
the strength of relations between nodes. We would like to continue our study with the
consideration of the directions and weights of links in the networks. More information
about relations among nodes can be captured to achieve the full exploration of
networks. In addition, content based community mining could be our next goal to
achieve.
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Chapter 4 Network Dynamics of the U.S. Air Transportation
Network

“Like other critical infrastructures, the air transportation network has
enormous impact on local, national, and international economies. It is thus natural that
airports and national airline companies are often times associated with the image a
country or region wants to project”
---Guimera, Mossa, Turtschi & Amaral, 2005
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4.1 Introduction
Many biological, economic, and social systems are best described by networks
(Dorogovtsev & Mendes, 2003). The range of applications using network research has
grown exponentially. Researchers from different fields try to understand the
topological features of these real networks and their network growth and evolution
mechanisms (Barabasi & Albert, 1999; Borgatti, et al., 2009). Many different
networks have some common properties. Watts and Strogatz showed that many real
networks exhibit small-world properties rather than totally random or fully connected
ones (Watts & Strogatz, 1998). Small-world networks have two main characteristics:
a high clustering coefficient and a low shortest path distance (Barabasi & Albert,
1999). Most nodes in the network can be reached in a very small number of steps. In
small-world networks, if the distribution of degree follows a power-law distribution,
then the network is also a scale-free network. The mechanism behind a small-world
network is growth and preferential attachment (Barabasi & Albert, 1999). The growth
indicates that the network continuously expands with the increase of new nodes and
new links, while the preferential attachment states that highly connected nodes have a
higher probability of acquiring new links.
The range of application of network analysis has expanded to many areas,
such as social networks, transportation systems, communication networks,
bioinformatics, and so on. Air transportation networks are regarded as complex
networks full of dynamics and complexity. Examining them will not only help us
understand the features and dynamics of these networks, but also their importance to
society since they play a very important role in a country‟s infrastructure. Research
has been conducted on the topology of air transportation networks in different
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countries (Bagler, 2008; Guimerá, Mossa, Turtschi, & Amaral, 2005; Li & Cai, 2004).
These different air transportation networks not only show small-world properties, but
also exhibit some different properties. In the world-wide transportation network, there
is a different relationship among degree and betweenness; the most connected cities
are not necessarily the most central ones (Guimerá & Amaral, 2004). Both the
Chinese and Indian airport networks display a truncated power-law degree
distribution (Bagler, 2008; Li & Cai, 2004).
In this study, we focus on the U.S air transportation network, which is one of
the most diverse and dynamic transportation networks in the world. We examine the
network‟s topological features and the evolution of the network by considering the
change in the number of passengers and in the nature of connections over time. We
show that the U.S. air transportation network has different topological features
compared to the world wide air transportation network and that of other countries. To
trace the evolution of the U.S. air transportation network, we also model the growth of
links among cities based on preferential attachment. Our results show that both an
aging effect and preferential attachment influence the network evolution.
This chapter is organized as follows. Section 4.2 provides a brief literature
review on network modeling. The U.S. air transportation network data is described in
Section 4.3. We also present an exploratory network analysis to show the topological
features of the network and the dramatic impact of 9/11 on the network in this section.
Section 4.4 presents network dynamics which are modeled on the basis of preferential
attachment and an aging effect. This chapter concludes with a discussion of the
network properties and evolution and possible implications for network modeling.
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4.2 Network Modeling and Research Gaps
4.2.1 Network Modeling
In graph theory, a network is denoted as G = (V, E), where V is the set of nodes, while
E is the set of links among those nodes (Brandes & Erlebach, 2005). We write
E = {(u, v)|u, v ∈ V} . The links between nodes represent relations among nodes,
which can be undirected or directed. In a directed network, each link has an origin and
destination. The meaning of nodes varies in different networks. In social science,
nodes can represent people or organizations, and the links between them are always
referred to as ties. In a transportation network, each node can represent a city. The
relationship among the node varies accordingly. For example, friendship or kinship is
common in social network analysis (Hanneman & Riddle, 2005), while the
information flow is the link in an email communication network (Bird, Gourley, &
Swaminathan, 2006).
In the real world, many different systems such as genetic networks or the
World Wide Web are best described as networks with a complex topology
(Dorogovtsev & Mendes, 2003). A common property of many large networks is that
the degrees of nodes follow a scale-free power-law distribution (Watts & Strogatz,
1998). Many networks exhibit the feature of power-law degree distribution. Barabasi
and Albert proposed preferential attachment to describe the “rich-get-richer” effect
which leads to the power-law degree distribution (Barabasi & Albert, 1999). It the
most generative model in use today (Newman, 2010). This model states that the
probability of a link reaching a node is simply proportional to the node‟s degree.
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Besides this topological feature of networks, the dynamic of networks is
driven by growth and preferential attachment (Watts & Strogatz, 1998). Preferential
attachment has become a paradigm to explain the structure and evolution of complex
network. It states that the probability that a node i will connect to a new node j is
proportional to the current degree of node i, so that
𝑃 𝑘𝑖 =

𝑘𝑖
𝑗

𝑘𝑗

where k i , the degree of node i indicates the number of connections of node i to its
neighbors. Thus, a node with a higher degree has a higher probability to connect to
new nodes when the network grows. As mechanisms driving the evolution of many
complex networks, growth and preferential attachment have been identified and
modeled in many real networks, such as online social networks (Mislove, Koppula,
Gummadi, Druschel, & Bhattacharjee, 2008), networks of biotechnology firms (Gay
& Dousset, 2005), protein networks (Eisenberg & Levanon, 2003), and transportation
networks (Guimerá & Amaral, 2004; Guimerá, et al., 2005; Huber, 2006).

4.2.2 Research Gaps
Modelling the network, especially the air transportation network is of great
importance in understanding the evolution mechanism of networks. Air transportation
plays an integral role in our way of life. As one of the main infrastructures of a
country or region, it plays an important economic role. The research on air
transportation networks has attracted some researchers to examine these networks at a
country or regional level. From the network perspective, the world wide air
transportation network (Guimerá & Amaral, 2004; Guimerá, et al., 2005), and country
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level networks such as China (Li & Cai, 2004) and India (Bagler, 2008) have been
investigated. However, there is still something missing in the literature.
There is no research examining the U.S. air transportation network from the
network perspective. Even though some air transportation networks have been
investigated, the U.S. air transportation network is still worthwhile examining given
its importance in the life of the average American.
In addition, no research examined how air transportation networks evolve over
time. Networks change all the time due to various reasons including internal and
external reasons. The U.S. airline industry went through a massive restructuring due
to a series of events in 2001 including the 9/11 attack and the recession (Bhadra &
Texter, 2004). Investigating how the network changes over time can help us better
control the network. It will have great implications for the airline industry.

4.3 The U.S. Air Transportation Network Analysis
4.3.1 The U.S. Air Transportation Network Data
This study focuses on the US air transportation market; all of the data are drawn from
the U.S. Bureau of Transportation Statistics (BTS). Each airline is required to submit
its transportation schedule to BTS every quarter; this constitutes the data source for
the database T100 of BTS. The data cover 18 years from 1990 to 2009. Different
tables record the air transportation information from different perspectives. The table
we used is that from the T100 segment data. There are two types of data in T100:
market data and segment data. Market data are data from a passenger‟s perspective,
and contain the origin and destination airport on a passenger‟s itinerary. Segment data
are based on flight information and record every flight‟s origin and destination airport
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information, passenger totals, seats, and cargo information. Each segment reported in
T100 segment is unique, distinctly defined by air carriers and type of equipment
flown (Bhadra & Texter, 2004). In the air transportation network, we are interested in
the connections between cities, so we focus on T100 segment data. Within the T100
segment data, we only look at U.S. carriers which compose the U.S. airline industry
and dominate the U.S. air travel network.
A passenger‟s itinerary usually consists of one or more flight segments. Each
flight segment involves a non-stop flight between two airports. In our study, we focus
on cities instead of airports. Each node represents a city, and a link between cities
means there are non-stop flights between them. The total number of passengers
between any two cities is the weight of this link. We use a graph G to represent the
U.S. air transportation network, G = (V, E), where V is a set of nodes representing
cities, and E is a set of links representing the non-stop flight connections between the
cities. The adjacency matrix for the graph shows it is almost symmetric, which means
there are almost always back and forth flights between two cities. Therefore, the
network we analyze is undirected.
Once the data were extracted from BTS, some preprocessing was performed.
The database has much redundant information; for example, looking at non-stop
flights from Boston to Chicago, we see that there are several records with different
passenger numbers, so we group them all together based on year and the city pair (in
this example Boston, Chicago). The records in which the origin and destination city
are the same were excluded since they do not represent migration of people.
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4.3.2 Network Topological Properties
We select the 2007 network data (that was the most recent data in our database before
the 2008 and 2009 data available) as an example to show the topological properties of
the U.S. air transportation network. As we will see, our analysis shows that the U.S.
air transportation network exhibits small-world network properties. There are 1372
cities in the 2007 network data and 14,181 connections among them. The total density
of the network is 0.015, which indicates the whole network is far from fully
connected. The shortest path length L between any two nodes is defined as the
minimum number of cities that have to be passed through to get from the given node
to the destination. The average shortest path length shows how well a network is
connected. Most cities can be connected within two flights. The average distance
among cities is 3.23, and compared to the network size N, this number is very small.
The most distant nodes are Ophir Airport (OPH) in Alaska and Jackson, Carroll
Airport (KJK) in Kentucky, between which the distance is 8.
The average clustering coefficient for the 2007 network is .5341, which means
that the airport network is relatively well connected, considering the large number N
of nodes. The network degree centralization is 0.2559, which implies that the air
transportation network is far from a star graph; instead it is closer to a circle graph. In
our network, the degree of a city measures how many cities are connected with it
through non-stop flights. The average degree of the network is 8 and Atlanta
International Airport has the maximum degree 371. There are large differences in the
degrees among nodes, but the degree distribution shows some pattern, as we now
discuss.
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A degree power-law distribution is defined as follows: P K > 𝑘 ∝ k −α ,
where α is the power-law exponent, k is the degree. Figure 4.1 displays the function
𝑃(𝑘) of the degree k in a log-log plot. We cannot fit the data with a single line, which
means that the degree distribution doesn‟t follow a scale-free power-law distribution.
However, the data shows a two-regime power-law distribution with two different
exponents, with a turning point at degree k c around 145. We found that
P(K > 𝑘)~

k −α 1 , for k ≤ k c
k −α 2 , for k > k c

Approximate values for α1 and α2 are α1 = .6931 and α2 = 2.4759. As the
exponent increases from α1 to α2 , the tail of the cumulative degree distribution
decays faster than a power law would. This is consistent with the findings related to
the worldwide air transportation network (Guimerá & Amaral, 2004). A similar
property was found for the Chinese air transportation network (Li & Cai, 2004).
For the air transportation network, a city with a high betweenness means that
the city is central to the transportation network since there are quite a few connections
between pairs of cities which have to pass through this city to make the connection.
We calculated the betweenness with the software Pajek for each node and then
compared it with the degree (Nooy, et al., 2005). There is a correlation between
betweenness and degree; betweeness tends to increase with the degree. However, the
geographical location can influence the correlation between degree and betweenness.
Some cities have very high betweenness but relatively small degrees. For example,
the city of Anchorage in Alaska has the highest betweenness .2620, but its degree 165
is not very high. The special geographical position of Anchorage enables it to serve as
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a bridge, since many local cities in Alaska connect to the continental United States
through Anchorage.

4.3.3 9/11 Impact on the Aviation Industry
The U.S. aviation industry has evolved since the early twentieth century. The
deregulation in 1978 lowered the entry barrier for new airlines. Competition became
very severe and more and more airline companies strove to survive. A hub and spoke
network was developed, which lowered the cost of transportation and operations for
airlines. At the same time, there was a dramatic increase in the number of passengers
in the 1990s. Even though airlines experienced ups and downs in their profits, the air
transportation network had maintained a steady development until the tragic events of
September 11, 2001 (9/11). Since then, the aviation industry has been transformed
dramatically; Delta, United, US Airways and Northwest Airlines all declared
bankruptcy following the tragedy. The year 2001 was a turning point for the aviation
industry, when a massive restructuring occurred. Bhadra and Texter discussed the
large losses of the airline industry in 2001 (Bhadra & Texter, 2004). As we will see,
our network data also confirm the impact of this tragedy on the air transportation
network.
Our yearly network analysis shows that from 1990 to 2007, some new patterns
have arisen in the air transportation network. The number of passengers steadily
increased except during 2001 and 2002 as shown in Figure 4.2. We then scrutinize the
total number of passengers per month as shown in Figure 4.3. We found that the total
number of passengers for the first eight months increased by 0.33% from 2000 to
2001, but the total number of passengers for the last four months decreased by
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22.04%. The profitability of the aviation industry heavily relies on the number of
passengers. The decrease in the number of passengers, especially business travelers,
made airline companies face a much greater challenge. The dramatic change in
passenger numbers strongly shows the large impact of 9/11 on the U.S. air travel
industry.
Accordingly the number of cities in the network held relatively steady except
for a big jump from 2001 to 2002 as shown in Figure 4.4, which implies that the
network structure dramatically changed at that time. To interpret the sudden increase
in the total number of nodes in 2002, we analyzed the total number of carriers per
month. We found that in January 2002, 26 new airlines were added to the T100
segment record and that 25 of them are from Alaska. In October 2002, another 41 new
airlines were added nationwide. From 2001 to 2002, the number of nodes increased
from 691 to 1283. The sudden increase of the number of small airlines in Alaska and
of airlines nationwide explained the big jump in the number of nodes from 2001 to
2002. The investment on opening new connections among cities may have been
decided and implemented before 9/11.
Figure 4.5 displays the number of links per year from 1990 to 2007. Unlike the
big change in the number of nodes and passengers, the number of links in the network
has increased steadily, albeit more sharply after 2001.

4.4 Network Dynamics
We have shown that the U.S. air transportation network is not steady. It changes every
year with new added cities, new flight routes among cities, and with passenger
numbers going up and down each year. However, the network still falls into the
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category of a small-world scale-free network. Barabasi and Albert explain two
mechanisms which can drive a power-law distribution: growth and preferential
attachment (Barabasi & Albert, 1999). In this section, we discuss the evolution of the
network. In existing research which attempts to model the topological evolution of
networks, a very important assumption is that of the preferential attachment; in which
highly connected nodes increase their connectivity faster than their less connected
peers (Jeong, Néda, & Barabási, 2003). Preferential attachment has been shown to
arise in airport networks. Our analysis shows that only the number of connections has
displayed a steady increase within the past 20 years. However, we can observe in
Figure 4.6 a big jump in links between new added nodes from 2001 and 2002.

4.4.1 Network Modeling
In this section, we propose to model the evolution of the network as explained and
displayed graphically in Figure 4. 7.
At time 𝑇𝑖 there are n nodes in the network 𝑉 𝑇𝑖 = 𝑣1 , 𝑣2 , … , 𝑣𝑛 . At time
𝑇𝑖+1 m new nodes 𝑉𝑛𝑒𝑤 𝑇𝑖+1 = 𝑣𝑛+1 , 𝑣𝑛 +2 , … , 𝑣𝑛+𝑚 are added to the network.
The set 𝑉 𝑇𝑖 is defined as the set of old nodes at time 𝑇𝑖+1 , i.e. 𝑉𝑜𝑙𝑑 𝑇𝑖+1 = 𝑉 𝑇𝑖 .
Therefore we have 𝑉 𝑇𝑖+1 = 𝑉𝑜𝑙𝑑 𝑇𝑖+1

𝑉𝑛𝑒𝑤 𝑇𝑖+1 = 𝑣1 , 𝑣2 , … , 𝑣𝑛 +𝑚 .

The preferential attachment hypothesis states that the rate with which a node
with 𝜀 𝑇𝑖 links at time 𝑇𝑖 acquires new links at times 𝑇𝑖+1 depends on 𝜀 𝑇𝑖 . In our
case the evolution dynamics of the air transportation network can be modeled as in
(Jeong, et al., 2003):
𝜀 𝑇𝑖+1 − 𝜀 𝑇𝑖 = 𝑟 𝜀 𝑇𝑖

= 𝜀 𝑇𝑖

𝛼

Where 𝑟is a function of the degree of the old node at time 𝑇𝑖 .
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Since we analyze yearly network data, we have ∆𝑇 = 𝑇𝑖+1 − 𝑇𝑖 = 1 .
Considering the characteristics of the air transportation network, we determine the
rate r in the above equation numerically. In order to calculate the rate, we study the
new links established between the old nodes and newly added nodes
{ 𝑉𝑜𝑙𝑑 𝑇𝑖+1 , 𝑉𝑛𝑒𝑤 𝑇𝑖+1 } at time 𝑇𝑖+1 , and the links established between the old nodes
{ 𝑉𝑜𝑙𝑑 𝑇𝑖+1 , 𝑉𝑜𝑙𝑑 𝑇𝑖+1 }. The change in the number of links between old nodes also
shows how the network would self organize without new nodes. The solid lines in
Figure 4.7 represent the definition of the above links. As shown in Figure 4.6, the
number of links between new nodes { 𝑉𝑛𝑒𝑤 𝑇𝑖+1 , 𝑉𝑛𝑒𝑤 𝑇𝑖+1 } is much smaller than
for the links of type old-new or old-old, except for the year 2002, and the new links
established between the old nodes are dominant. When plotting the histogram (graph
omitted here) of the number of new links acquired by nodes with degree 𝜀 𝑇𝑖 , we
see that the histogram displays a long tail, so we use the median to estimate 𝑟 𝜀 𝑇𝑖
at each degree. We then fit the median for all different connections to a power
function. The network exhibits significant fluctuations, particularly for nodes with
large degrees.
For each year from 1991 to 2009, we fit a power function as in Figure 4.8 and
Figure 4.9, yielding
𝛼 = .46 ± .07,
as shown in Figure 4. 10. For rates with α < 1, the degree distribution follows a
stretched exponential (Krapivsky, Redner, & Leyvraz, 2000). It suggests there are
other possible factors impacting the degree distribution. That leads to our
consideration for the aging effect of nodes.
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4.4.2 Network Aging Effect
The aging effect of the network implies that even a very highly connected node will
stop acquiring new links after a given time. The node is still part of the network and
contributes to network statistics while it no longer receives new links. Therefore, the
aging of the vertices limits the effect of preferential attachment on the growth of the
network (Amaral, et al., 2000).
For the network aging effect analysis, we focus on the newly added nodes in
the air transportation network and study the growth behavior of new nodes. We find
that most of the new nodes show that the capability for continuously acquiring new
links will decay as the age of the nodes increases. The aging effect of the network is
modeled as:
𝑡

𝑛 𝑡 = 𝑛0 𝑒 −

𝜏

where 𝑛(𝑡) is the number of new nodes showing a link increment and 𝜏 is a time
constant. Here t is the age of the new nodes in the network. If a node is added to the
network at time 𝑇𝑖 then the age of the node at time 𝑇𝑗 is defined as 𝑡 = 𝑇𝑖 − 𝑇𝑗 . In
Figure 4.11, we plot the histogram of the number of new nodes showing a link
increment at different ages. The total number of new nodes is 1342, which is 𝑛(𝑡 =
0). At age 𝑡 = 1, 1015 new nodes continue to acquire new links, however only 103
new nodes show link increment at age 10. We fit the occurrences of new nodes
showing a link increment to the above exponential equation and find that 𝜏 is about 4
years. As shown in Figure 4. 11, the exponential decay model can fit the real data
very well.
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We define the number of links established by the new node 𝑖 at age 𝑗 as
𝑙𝑖𝑗 (𝑙𝑖𝑗 > 0). Figure 4.12 plots the median of the 𝑙𝑖𝑗 for all new nodes which acquire
new links at different ages 𝑗. Most of the nodes show an aging effect after they were
added to the network and their capacity to acquire new links decreases as age
increases. When 80% of the new nodes stop acquiring new links after age 5 as shown
in Figure 4.11, the median of the new link in Figure 4.12 begins to increase. Therefore
the growth of the network shows two regimes: for most of the new nodes especially
those with a smaller number of links, the aging effect is dominant; while for those
with a larger number of links, the effect of preferential attachment is dominant. The
growth mode of the new nodes depends on the initial condition, which is the number
of links established when the node was first added in the network. Therefore we
conclude that the growth pattern of the new nodes in the network results from a
combination of a network age effect and preferential attachment.

4.5 Conclusion & Discussion
On the basis of the topological analysis of the network, we have shown that the U.S.
air transportation network is a scale-free small-world network. Most cities are
connected within six steps, which is consistent with small-world network properties.
However, the distribution of the degree k does not follow a strict scale-free power-law
distribution. The distribution of k decays much faster. Thus, we fit the degree
distribution with a two-regime power-law distribution. The fast decaying feature of
the degree suggests that there are probably other factors influencing the network other
than self-organizing. Therefore, we have to consider the existence of other factors
influencing the dynamics of network.
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Our analysis not only confirms the existence of scale-free properties, but also
provides some insights on understanding the complexity of network dynamics. The air
transportation network is a dynamic environment that has a number of variants
(Bhadra & Texter, 2004). The growth of the air transportation network is influenced
not only by its dynamics, but also by social, economic, and political factors. Air
transportation patterns are strongly correlated with socioeconomic factors such as
population density and economic development (Guimera et al., 2005). The U.S. air
transportation network shows that a geographical factor plays an important role in
deciding the betweenness of cities. In addition, the attack of 9/11 dramatically
destabilized the whole air transportation network.
A discrete dynamics model is constructed to investigate the evolution pattern
of the network. Our analysis confirms the existence of preferential attachment in the
U.S. air transportation network. The growth rate follows a stretched power law (α <
1), which indicate the existence of sublinear attachment (Krapivsky, et al., 2000). Our
study also indicates that the aging effect has an impact on the growth of new nodes in
the network. Based on our data, the time constant is about 4 years. This finding is
important for the plan and investment of air transportation industry. We conclude that
both aging effect and preferential attachment are the two mechanisms driving the
evolution of new nodes in the U.S. air transportation network.
Network analysis has often been criticized for being static. Modeling the
dynamic change of networks over time is of great importance to fully capture the
dynamics in networks. Our study has great implications for uncovering the evolution
patterns of networks. This study can be extended to analyze social networks as well. It
shows a potential to serve as a base model to study complex networks, or even online
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social networks. It is obvious that there are more factors that should be considered to
model networks like online social networks, for example the changing growth rate.
However, our research provides an example of how to model the evolution of real
network and is an addition to the literature.
Our study confirmed the aging effect and preferential attachment driving the
evolution of the U.S. air transportation network. Further study can be conducted by
considering the latent variables such as economic and other policy factors which may
have an impact on the network evolution.
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Chapter 5 Conclusions and Perspectives
5.1 Conclusions
There has been the need for a better understanding of the SNA approach and its
application to complex networks, such as online social networks. A network approach
offers a different angle for looking at a dataset. It is a new perspective for analyzing
relational data. This dissertation is about SNA and how to use it in analyzing real
data. The empirical networks presented in this dissertation include an online
community network and the U.S. air transportation network. Online social networks
represent the current trend in network analysis, while the U.S. air transportation
network is a good example of a traditional complex network existing in real life. Both
networks are very common now, and examining them advances our knowledge about
these complex networks.
It has been found that these networks have some common features and also
exhibit different characteristics. Through a detailed exploratory analysis of ProWeb,
we found that it has some special features. One of these features is self-organizing
that is driven by physicians‟ online discussions. A small number of users accounts for
the majority of the content. The degree distribution is highly skewed toward the left.
The bow-tie structure also confirms that the network is not very balanced. Through a
comparison with AMA data, it is clear that ProWeb represents the U.S. physician
population. Physicians‟ online activity is associated to some degree with their age and
years in the profession. An expertise sharing network like ProWeb encourages its
users to participate. We found that ProWeb has its own special features that cannot be
easily copied from other online networks. Understanding the topological features of
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ProWeb has great implications for better engaging physicians in the online
discussions and encouraging them to be more involved in the network. Our
categorization of physicians into different groups also helps practitioners better
understand physicians‟ online engagement.
Besides a study of its topological features identified through SNA, community
mining is conducted to examine the community structure of ProWeb. The overlapping
community method negates the assumption that each person can only belong to one
community and enables us to examine the multiple roles of a person in the network.
Our overlapping community mining approach better captures the full picture of
physicians‟ activity. Moreover, the investigation of random networks and the ProWeb
network using CPM sheds light on the applicability of CPM.
In addition, content analysis is conducted to uncover the discussion topics and
keywords. The content analysis through text mining serves two purposes. One is to
validate the community mining results, and the other is to make sense of the
community mining results to provide interesting and meaningful interpretation of the
community structure of the network. The integration of content analysis with a
community mining approach shows the potential of combining two approaches
together to better understand online discussion networks.
The last paper examines the U.S. air transportation network. Through yearly
data, we showed how the network has evolved over time. The degree distribution
follows a truncated power-law. The network also confirms the 9/11 impact on the
U.S. air travel industry. A discrete dynamic model is constructed to investigate the
evolution of the network. Our analysis offers direct confirmation of the existence of
preferential attachment in the air transportation network. We conclude that aging
effect and preferential attachment are the two mechanisms driving the network
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evolution. The findings can help both researchers and policy makers to understand the
evolutionary pattern of a complex network like the U.S. air transportation network.
In sum, drawing on real network datasets, this dissertation investigates
topological features, community structure, and the evolution patterns of networks.
The network analysis approach enables us to understand topological features and
dynamics of the network over time. Some unique features as well as some common
features are found to exist in these networks. Online social networks are expanding
every day. Understanding the dynamics of the networks and users‟ behavior can be
very helpful in improving the network platform and finding possible ways to retain
more users.

5.2 Theoretical Implications
This dissertation aims to contribute to the field of network research. Due to its
interdisciplinary nature, network research has been an endeavor of many researchers
from different fields from social science to physics. This dissertation provides a
summary review of SNA and identifies key research streams in each field.
By studying the professional online social network ProWeb, this dissertation
provides valuable insights for individual level and community level research. Most
importantly, the in-depth study of ProWeb has added to our knowledge of the need for
and importance of understanding the online community from the network perspective.
Current research on online communities has not paid enough attention to the network
approach. Moreover, online expertise sharing networks are of great importance for us
to understand, since Communities of Practice are highly involved in these types of
networks. The study on ProWeb has provided an understanding of medium size social
networks and profound knowledge on professional or expertise networks.
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The study on the U.S. air transportation network resulted in identifying the
driving mechanisms behind the dynamics and evolution of the network. Preferential
attachment and aging effect are the two dominant factors driving the network
evolution. Through analyzing the U.S. air transportation network, we can find the
underlying mechanisms driving the evolution of networks in general.

5.3 Managerial Implications
In addition to theoretical contributions, this dissertation has provided new insights for
practical business management. The social network concepts and methods have
helped advance research in different disciplines, ranging from social psychology and
diffusion research, to communications, and to organizational studies, and update
marketing (D. Knoke & Yong, 2007; Wasserman & Galaskiewicz, 1994) .

5.3.1 Implications for Marketing Research
Social networks and their patterns of relationships are a fundamental fact of market
behavior (Arabie & Wind, 1994). There is increasing attention to the understanding of
marketing phenomena from the network approach (Wuyts, 2010).
Social media marketing as an emerging field shows a lot of potential for the
use of SNA. Due to the popularity of social networking sites, people express opinions
and exchange information online. This leads to viral marketing or word-of-mouth
marketing online. The importance of marketing through networks was identified by
Iacobucci & Hopkins about twenty years ago (Iacobucci & Hopkins, 1992). The
social structure of a digital network has been shown to play a critical role in the
performance of viral marketing (Bampo, et al., 2008). Now with the power of social
media, consumers are more connected than ever. Social media is a new marketing
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channel for businesses. Social media marketing presents new challenges for
marketing research.
Word-of-mouth marketing shows how information spreads in social networks
and the power of social networks and is very important for companies to survive and
succeed in the current competitive business world. The word-of-mouth dynamic is
most significant for airlines because it represents more than $118 million per year
according to a report by Forrester Research. Moreover, the marketing approach has
expanded from database marketing to social media marketing. Due to the popularity
of online social networks, more and more companies are doing marketing with social
media. The social media provides a new channel for marketing, but it also raises new
challenges for customer relationship management (CRM) programs. Social CRM, as a
social extension of CRM, is a more formalized process by which these customer
conversations are picked up and used to drive change and the evolution of businesses
(Evans & McKee, 2010). To achieve effective social CRM, the network approach
would be very relevant and useful in addressing issues related to connected customers.
In line with social media analytics, the SNA approach can be very useful for
marketing researchers and practitioners in identifying opinion leaders online and
keeping track of the information flow. Viral marketing has been studied and its
importance is receiving more and more attention (Leskovec, Adamic, & Huberman,
2007). However, there is a need for more sophisticated and targeted research for viral
marketing (Bampo, et al., 2008). With the power of SNA, companies can build their
social CRM with the help of social media analytics. Finding opinion leaders and
consumer communities would help companies to better serve and reach out to their
customers.

89

Chapter 5 Conclusions and Perspectives
Not only do researchers show great interest in viral marketing, but also
practitioners have already taken steps to use viral marketing in business practice.
Successful stories about using social targeting through the power of social network
can be found in media6degrees 5 . Multi-channel marketing including email and
database marketing has moved forward to online social media marketing.

5.3.2 Implications for Business Management
Network research can provide profound findings and implications for social science,
especially for business management. Networks as a structure existing in organizations
and societies can be used to identify collaboration and information flows. The
pervasiveness of IT and Social Web have facilitated the change of corporate functions
around the globe (Agarwal, Gupta, & Kraut, 2008). People in the network will be
independent, empowered, highly specialized, and more connected than ever. The
design of organizations is facing a radical change. Thus, it presents a major
opportunity for organizational theory and information systems researcher to look at
how these changes will be influenced by and, in turn, influence the interplay between
digital and social networks (Agarwal, et al., 2008).
In the field of management study, a very important theory about the diffusion
of innovation is proposed by Rogers, which draws on the assumption of networked
entities (Rogers, 2003). Various models are presented to study the diffusion of
innovations (Valente, 2005). The structure of underlying networks is an important
determinant for diffusion behaviours (Weitzel, Beimborn, & Konig, 2006). It has been
utilized as an eligible approach for understanding the acceptance of technology by

5

http://media6degrees.com/
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firms (Sykes, Venkatesh, & Gosain, 2009). Moreover, the social network approach
has also been used to empirically examine the competitive dynamics within and
between firms regarding the use of information technology infrastructure (Chellappa
& Saraf, 2010).
There are collaboration networks at various levels for organizations, regions,
and countries. Researchers in examining the collaboration among different business
entities use a systematic approach in understanding business and economic
relationships. More and more organizations face the problem of creating and
managing their knowledge. In a learning organization, workers are encouraged to
share and develop knowledge together (de Laat, 2002). Workers tend to form
networks of expertise to facilitate individual learning, collaboration, and to discuss
work related problems together (McDermont, 1999). Unlike an analysis at the
individual level, the network approach can be used to analyze the collaboration
among different companies. Through the network approach, we can consider the
relationships among physicians and get a deeper understanding of the network.
Further research can be conducted to examine the collaboration patterns and expertise
sharing in the network.

5.4 Outlook and Future Study
Network analysis has been a fruitful research area, and many researchers from
different fields have been contributing to developing this new field. Thus, there are a
variety of perspectives and methods in network analysis. However, even though it has
gained great popularity in recent years, research on network analysis has not yet
become a well-defined research area cultivating interdisciplinary study. There is a lot
of work to be done.
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First, I would continue my investigation of the community structure in
networks because the exploration of finding communities within networks requires a
lot of further attention. More detailed information in the network should be
considered, such as weight or direction of links, which would give us better insights
on the interactions among nodes. Community mining has been growing quickly as a
very important research area within SNA. Understanding the whole network and its
community structures will help us better understand the dynamics and information
flows in the network, which would enables us to find knowledge associated with
different networks. By doing this, a much clearer picture about network structure
could emerge.
Second, integrating content analysis with network analysis is very important.
The integration of content analysis and SNA will become an important research area
and could result in many practical implications. SNA provides a systematic
exploration of networks. However, a simple and homogenous relationship can hardly
capture the dynamic relations in the network. Content analysis can complement SNA
in the sense that it considers profound information on the relationships within the
network. Therefore, content analysis is vital for SNA. This integration could lead to
the detection of discussion topics and themes among social networks.
Third, a very promising and applicable research area is emerging, namely
social media analytics, which combines the power of social media and social network
analysis, Given the enormous size of social media, such as the blogosphere and wikis,
and the popularity of social networking sites such as Facebook and Twitter, social
media analytics will be a very important research area appealing to both researchers
and practitioners. The research area of social media analytics integrates the power of
analytics, behavioral study, and information systems. Social media analytics are at the
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core of putting the Social Web to work in business (Evans & McKee, 2010). The
application of social media analytics will have a huge impact on business practices. If
social media marketing is the next generation of business engagement, social media
analytics will be the key to measuring and improving the effectiveness of social media
marketing by identifying the power of connected customers across the Social Web.
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Figure 2. 5 Log-log plot of degree distribution

99

Figure 2. 6 Bow-tie mode of the ProWeb Network

Figure 2. 7 Bow-tie mode of the Internet (Broder, et al., 2000)
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Figure 2. 10 Physician specialty and gender in the U.S. (2006)
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Figure 2. 11 Physician specialty and gender in ProWeb (2009)

102

number of interactions within specialty

2500
y = 1.123 x + 216.585
R² = 0.471

2000
1500
1000
500
0
0

500

1000

1500

2000

number of users

Figure 2. 12 Number of interactions within specialty vs. number of users
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Figure 2. 13 Incoming comments and outgoing comments analysis
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Color represents various degree (green=21; pink=20; orange=19; blue =18;
purple=17; yellow =16; red =14; blue green=10; blue=4)

(a) Node size is proportional to the number of incoming comments

(b) Node size is proportional to the number of outgoing comments
Figure 2. 14 Specialty visualization
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Figure 3. 1 ProWeb network mapping

k=4 clique

k=5 clique

Figure 3. 2 Clique examples

Figure 3. 3 Union of three k=4 cliques
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Figure 3. 4 Bron and Kerbosch algorithm: depth-first search
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N=100, p=0.35

(b) N=100, p=0.65
Figure 3. 5 Distribution of clique size for random networks with n=100
Note: From (a) to (b) is based on the same number of nodes in the network, but the
number of links is increased. Thus, the value of p is increased from 0.35 to 0.65.
107

12000
10000

6000
4000
2000
0

0

5

10

15

20

Clique size

Figure 3. 6 Maximal clique size distribution for ProWeb
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Figure 3. 8 Community power-law degree distribution
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Figure 3. 9 Histogram of number of communities a node belongs to

109

Anesthesiology

Urology

Surgery

Pediatrics

Psychiatric

Figure 3. 10 Visualization for community discussion

Figure 3. 11 Visualization for sub-community within pediatrics
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Figure 3. 12 Keywords cluster analysis
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Figure 4. 1 Graph of P(k) for the 2007 network
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Figure 4. 2 Total number of passengers per year
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Figure 4. 5 Total number of links per year
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Figure 4. 7 Diagram of the network evolution model
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Figure 4. 8 Preferential attachment rate in 1991
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Figure 4. 9 Preferential attachment rate in 2007
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Table 2. 1 Frequency table of posting types

Posting type

Posting meaning

Frequency

Freq%

1

Client-funded posting

542

.85

2

ProWeb-funded posting

135

.21

3

Case conference posting

4855

7.62

4

Physician-to-physician posting

58119

91.19

5

Grand round posting

82

.13

Table 2. 2 Network statistics comparison

Network Type

Whole network

Physician-toPhysician network

# of nodes

6295

5829

# of links

32,334

30,428

Density

.0016

.0017

Average degree

10.27

10.44

Diameter

9

9

Average path length

3.44

3.34

Reciprocity

.034

.037

Assortativity

-.145

-.151

Clustering coefficient

.0624

.0622
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Table 2. 3 Degree fitting coefficients

Coefficient Intercept
In-degree

-1.302

.373

Out-degree

-1.194

.207

All degree

-1.246

.648

Table 2. 4 Bow-tie partition

Frequency

Percent

OTHERS

2

.0

SSC

743

11.8

IN

2084

33.1

OUT

562

8.9

TUBES

4

.1

TENDRILS

2900

46.1
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Table 2. 5 Spearman rank correlation results

Age

Years in profession

In-degree

-.098

-.119

Out-degree

.056

*

In-strength

-.099

-.119

Out-strength

.038

*

betweenness

-.036

-.079

In-closeness

-.093

-.117

Out-closeness

-.085

*

*indicates non significant correlation at .05 level
Table 2. 6 Top 10 hubs and authorities

Rank

User

Authority

User

Hub

1

10957

.5665

15767 .7566

2

69573

.5629

55316 .2257

3

7922

.2832

5684

4

10000646 .2206

27604 .1792

5

42654

.2092

40000 .1644

6

5180

.1819

33317 .1461

7

10000754 .1555

5096

8

33723

.1203

12641 .1150

9

40367

.0830

7922

10

1208

.0813
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43158 .1125

.1966

.1410

.1133

Table 2. 7 Frequency distribution of specialties
No

Super specialty

Percent

1

Allergy and Immunology

25.3%

2

Anesthesiology

12.0%

3

Dermatology

10.3%

4

Emergency Medicine

7.6%

5

Family Medicine

6.7%

6

Internal Medicine

5.8%

7

Neurology

5.3%

8

Obstetrics/Gynecology

5.1%

9

Ophthalmology

5.1%

10

Orthopedic Surgery

2.7%

11

Otolaryngology

2.4%

12

Pathology

2.3%

13

Pediatrics

1.7%

14

Physical Medicine and
Rehabilitation

1.6%

15

Psychiatry

1.5%

16

Radiology

1.4%

17

Surgery

1.4%

18

Thoracic Surgery

0.9%

19

Urology

0.5%

20

Others

0.4%
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Table 3. 1 Review of overlapping community mining methods

Category

Author

Method

(Palla, Barabasi, et al.,
Clique based 2007; Palla, et al., 2005;
Palla, Farkas, et al., 2007)
method

Modularity
based
method

Partition
based
method

All others

Main Idea

CPM;
weighted
CPM;
directed
CPM

Find cliques in the
network and then form
the union of connected
cliques

(Lee, Reid, McDaid, &
Hurley, 2010)

Greedy
Clique
Expansion
(GCE)

Find maximal cliques as
seeds and then optimize
modularity until two
communities are almost
identical

(Gregory, 2007 )

ClusterHierarchical clustering;
Overlap NG extending GN‟s algorithm
Algorithm
based on the betweenness
centrality measure

(S. Zhang, Wang, &
Zhang, 2007)

Fuzzy
c-means
clustering

Integrating
GN‟s
modularity
measure,
spectral mapping and then
fuzzy c-means clustering

(Evans & Lambiotte,
2009)

Partition
links

(Pizzuti, 2009)

Genetic
Algorithm

Optimize fitness function

(Nepusz, Petróczi,
Négyessy, & Bazsó,
2008)

Node
similarity

Merge similar nodes to
generate clusters
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of Partition links instead of
nodes
into
different
communities

Table 3. 2 Method to find overlapping communities in ProWeb

 Step 1: Find all maximal cliques
 Step 2: Check the distribution of clique size
 Show the distribution of clique size
 Truncate the left tail by removing links composing the unusual large
size of cliques
 Step 3: Generate community cores
 Choose maximal cliques and then generate community cores (seeds)
based on CPM
 Merge community cores based on similarity to get final community
cores
𝑆𝑖𝑗 =

|𝑁𝑖 𝑁𝑗 |
(𝑁𝑖 + 𝑁𝑗 )/2

 Step 4: Expand cores to generate communities
 Add nodes based on their connection to the core
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Table 3. 3 Top 20 words in postings
Weighted
Similar Words
Percentage (%)
0.96 patient, patient', patiently, patients,
patients', 'patient's'

Word

Count

patients'

3009

years

1921

0.61 year, yearly, years, 'years

using

1279

0.41 use, used, useful, usefully, usefulness, uses,
using

medically

1251

0.40 medic, medical, medicalize, medically,
medicals, medicating, medication,
medications

timing

1244

0.40 time, time', timed, timely, times, timing

getting

1177

0.38 get, gets, getting

physicians'

1083

0.35 physician, physicians, 'physicians,
physicians'

health

1012

0.32 health, 'health, healthly

pains

988

0.32 pain, paine, painful, pains

sees

956

0.31 see, seeing, sees

normals

947

0.30 normal, 'normal, normal', normality,
normalization, normalize, normalized,
normalizes, normalizing, normally, normals

works

921

0.29 work, worked, 'worked, working, workings,
works

proweb

920

0.29 ProWeb

new

788

0.25 New

taking

786

0.25 take, 'take, takes, taking

old

784

0.25 old, 'old, olds

history

778

0.25 histories, history

knowing

767

0.24 know, knowing, knows

going

760

0.24 go, going

hospitals

756

0.24 hospit, hospital, hospitalization,
hospitalizations, hospitalize, hospitalized,
hospitalizing, hospitals
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Table 3. 4 Top 20 words in comments

Word
patients'

Count
2148

Weighted
Similar Words
Percentage (%)
0.98 patient, patient', patients, 'patients,
patients'

getting

1530

0.70 get, gets, getting

using

1247

0.57 use, used, useful, uses, using, 'using

agreeing

1073

0.49 agree, agreed, agreeing, agrees

timing

991

0.45 time, 'time, timed, timely, times, timing

seeing

934

0.42 see, seeing, sees

know

908

0.41 know, knowing, knows

going

903

0.41 go, going

works

864

0.39 work, worke, worked, working, works

making

854

0.39 make, makes, making

goods

845

0.38 good, 'good, goodness, goods

years

839

0.38 year, yearly, years

cases

766

0.35 case, cases

thanks

705

0.32 thank, thanked, thankful, thankfully,
thanking, thanks

medications

655

0.30 medic, medical, medically, medicating,
medication, medications

posts

638

0.29 post, posted, posting, postings, posts

well

635

0.29 well, 'well, wellness, wells

taking

635

0.29 take, 'take, takes, taking

many

611

0.28 mani, many

says

601

0.27 say, saying, sayings, says
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Table 3. 5 Summary of discussions among giant core

Main Themes
Patient care

Healthcare
reform

Healthcare
related topics

General topics

General topics

Social
purposes
Response to
postings

Descriptive Terms
+ show, + religion, + case, +
woman, + answer, + exist,
andrea33333, + abortion, god,
+ life, + question, human, +
issue, different, + reason
+ right, obama, + 's, right, +
world, + country, sayaah, +
man, + society, + agree, +
idea, different, + problem, +
mean, + government
+ government, + practice,
money, + pay, + year, patient,
+ system, + physician, +
doctor, + child, health, +
insurance, + hospital, + care,
+ patient
+ time, + run, + eat, + office,
+ make, + buy, + call, + hour,
+ day, + week, money, + start,
+ put, + send, + state
+ come, + people, + live, +
dog, + know, + want, + old, +
family, + mean, + thing, +
man, + hear, + feel, + like, +
keep
+ good, + see, + bad, luck, +
movie, + hope, + point, +
thing, news, + guy, + sound, +
post, + feel, + idea, + week
+ find, + post, + post, + read,
+ story, + love, proweb, +
link, + article, + funny, +
book, thank you, + comment,
+ write, + great
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Freq

Percentage

RMS Std.

1438

14%

0.12696

1249

12%

0.12445

2731

27%

0.12530

1412

14%

0.12465

982

10%

0.12031

521

5%

0.10944

967

9%

0.11719

Glossary of Terms
Adjacency matrix: a square matrix consisting of zeros and ones. Ones indicate that a
pair of nodes are connected, zeros means no connection.
Average path length: it measures the average number of links between any two
nodes through the shortest path. For a complete network, the average path length is 1.
Betweenness: Originally proposed by Freeman, it measures the extent to which a
particular node lies “between” the other nodes in the graph. This centrality index is
calculated by the proportion of the number of shortest paths going through a given
node.
Centrality: it is a way of measuring the importance of nodes in network. It can have
different measures, such as degree centrality, closeness centrality, betweenness
centrality, and so on.
Clique: a subgraph in a network, where every node is connected to other nodes.
Clustering coefficient: a measure of the tendency that a node‟s neighbors are
neighbors as well.
Degree: it is the number of neighbors of a node in a network. For a directed network,
both has in and out degrees. The indegree is the number of links linked to the node,
while the outdegree is the number of links from the node to others.
Degree centrality: the number of connections that a node has in a network. For
directed network, it can be divided into two components: indegree centrality and
outdegree centrality.
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Density: the number of links in the network divided by the maximum number of links
that are possible. If all nodes are all connected to all other nodes, then the density is 1.
If there is no link in the network, then the density is 0.
Homophily (also known as assortativity/assortative mixing): it is the Pearson
correlation between the degrees of two adjacent nodes; see Xu & Chen, 2008. It
measures the node similarity in the network. It is a measure of the tendency for nodes
in networks to connect preferentially to other nodes that are like them in some way.
K-clique: a subgraph comprised of k nodes, which are all connected
Preferential attachment: it states that highly connected nodes have a higher
probability of acquiring new links in a network.
Power-law degree distribution: the degree follows a power-law distribution. It has
been found in many networks.
Reciprocity: it indicates the extent that if A has a link with B, then B also has a link
with A. It can be measured as the number of reciprocated links divided by the number
of dyads
Scale-free network: a network with a power-law degree distribution
Social networks: a set of social actors and the relations that connect them. In social
networks, the relation can be friendship, colleague, collaborator, and so on.
Small-world network: it represents a type of network which has a high clustering
coefficient and a small average shortest path. Many real-world networks exhibit
small-world network characteristics.
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