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Abstract

MINING SPATIAL ASPECTS OF CYBERPHYSICAL COMMUNITIES
Xu Lu, PhD
George Mason University, 2014

Dissertation Director: Dr. Anthony Stefanidis

This dissertation studies the newfound concept of cyberphysical communities, focusing
in particular on their manifestation through social media activities, and on the role of
distance in communities formed in physical and cyber spaces. We use the term
cyberphysical in the context of this dissertation to refer to communities that comprise
physical members (i.e. individuals) whose communications are observed in the cyber
space (and in particular through social media). The main objective of this dissertation is
to investigate whether the well-accepted Tobler’s First Law in the physical space is also
applicable to these cyberphysical communities. Simply put, Tobler’s First Law states that
while everything is related to everything else on the Earth’s surface, near things are more

related than distant things.



While this has long been an accepted concept for activities and processes manifesting
themselves in the physical space, newfound capabilities to interact through cyber space
have introduced the potential to interact and form communities regardless of the cost of
physical distance. Cyber interactions offer the potential to bypass the physical distance,
and allow people to interact with anyone, anywhere in the world. The question still
remains: does physical distance limit or drive the spatial distribution of cyberphysical
communities, making them subject to Tobler’s Law? While there have been some partial
studies of issues related to this question, there is still a lack of a thorough study of the
spatial characteristics of cyberphysical communities, and this is the gap that this
dissertation is attempting to bridge. By comparing the distance distributions for three
cyber communities and three physical communities, we show how distance plays an

important role in cyberphysical communities.



Chapter 1.  Introduction

Fostered by Web 2.0 and corresponding technological advancements, social media and
social networks have become massively popular during the last decade. An increasingly
sizeable portion of such content is geolocated, which enables new types of data mining
processes for a variety of applications. The rapidly emerging and quickly prevailing
social media and resulting networking activities present us the opportunity to rethink and
redefine the social concept of community, and further the concept of the human landscape.
In the context of this dissertation we use the term human landscape to refer to the spatial
distribution of human population characteristics. These novel cyber-interaction systems
provide us the ability to access massive amounts of streaming data, whose volumes,
variety, and rates are comparable to the standards used to characterize big data
applications (Vatsavai et al, 2012; Croitoru et al, 2014a). These data provide
information about a variety of human activities, which can be mined to derive human

landscape content at spatial and temporal resolution unheard up to now.

However, the analysis of such data also bring forth substantial challenges, for example,

how to transform social media observations into real world knowledge, or assessing the



extent to which the cyber communities can serve as a proxy to corresponding physical
communities. This dissertation makes a contribution to science by addressing such
challenges, aiming to advance our ability to understand social dynamics from the
perspective of community, especially focusing on the spatial distribution of such

communities, and the factors that bring them together or keep them apart.

This dissertation studies the emerging cyberphysical communities, focusing in particular
on their manifestation through social media activities, and on the role of physical distance
on the formation of such communities across the physical and cyber spaces. We use the
term cyberphysical in the context of this dissertation to refer to communities that
comprise members from the physical space (i.e. individuals) whose communications are
observed in cyber space (and in particular through social media). A main premise of this
dissertation is the investigation of the Toblerian nature of such cyberphysical
communities, i.e. assessing whether Tobler’s First Law of geography is also applicable to
these cyberphysical communities. Simply put, Tobler’s First Law states that while
everything is related to everything else on the Earth’s surface, near things are more
related than distant things (Tobler, 1970). While this has long been an accepted concept
for activities and processes manifesting themselves in the physical space, interaction
through cyber space is not thus limited: one can interact and form communities with any

users, regardless of physical proximity. But wile one can, does one do?



While at their early onset these newfound capabilities gave rise to critical views that led
even to extreme statements pronouncing the death of distance'” in that context, these
views regarding the cyber space’s power to vanquish geography have been widely
retracted’ recently. The question still remains: does physical proximity limit or drive the
spatial distribution of cyberphysical communities, and are these communities Toblerian
in their nature? While some relevant issues have been partially studied in the past, there is
still a lack of a thorough study of the spatial characteristics of corresponding
communities in the cyber and physical spaces, and this is the gap that this dissertation is
attempting to bridge. More specifically, this dissertation aims to identify the role of
physical distance in cyberphysical spaces from the perspective of communities, as they
are formed through cyber interactions. As part of this effort, we will be comparing the
spatial characteristics of cyberphysical communities to corresponding physical

communities.

The potential practical benefits from this challenging scientific topic are manifold,
spanning the whole range from improving our response to natural disasters to enhancing
marketing and information dissemination operations. By providing a geospatial approach

to this problem, we will also advance human geography by gaining additional

! http://hbswk.hbs.edu/archive/2234 . html
* http://www.economist.com/node/598895
* http://politi.co/IgBRXcJ



understanding of the spatial characteristics of communities, and the factors that bring

them together or keep them apart in today’s era of cyber-communications.

1.1 Social Media and GeoSocial Networks

Since its emergence, social media has been altering human interactions by providing a
novel platform for community formation. As Web 2.0 altered the scope of the Internet,
evolving it from an information access platform to an information dissemination and
human interaction environment, community formation has expanded beyond its
traditional physical and technological limitations. While people had always been taking
advantage of technology to interact and communicate beyond the limits that physical
distance would impose (e.g. using networks to transmit though-provoking philosophical
words in the renaissance, or the telegraph and telephone over the past two centuries, and
email more recently) the emergence of social media represents a watershed moment in
community formation. For the first time people can form instantaneously globe-spanning
communities focused on a wide variety of thematic topics (see e.g. Stefanidis et al,
2013a; Crooks et al., 2014), or act as hybrid sociocultural sensors and contribute news
and views during natural or man-made disasters (Goodchild, 2007; Stefanidis et al.,

2013b).

Through social media, people not only post information online, but they act socially: they

interact with each other, update their status, share opinions, and form social networks.



Participation in such activities has moved well beyond being the niche of a
technologically versed minority to become a global phenomenon. Facebook, for example,
reached 1.3 billion users at the time that this dissertation is written (July 2014)*, to tie

China as the word’s most populous community.

At the same time, Location-Based Social Networks (LBSNs), such as Foursquare,
Gowalla and Brightkite, are also becoming popular. In LBSN, people share their current
location with a broader on-line social network by “checking in” at various locations. But
even beyond LBSNs, numerous social media platforms support the publishing of
geotagged content, so that people can upload their pictures (Flickr), express their
opinions (Twitter), post their updates (Facebook) with a location tag (Valli and Hannay,
2010). Accordingly, social media content is becoming increasingly geospatial in nature,
and mining such data is the subject of geospatial analysis. Furthermore, as these nuggets
of information are communicated at unparalleled rates, with massive amounts of digital
data generated and accessed every single second (Figure 1), we are encountering a big
geosocial data paradigm (Croitoru ef al., 2014a), that is bringing forth both opportunities

and challenges.

* http://www.insidefacebook.com/



ON THE INTERNET, WE ALL KNOW THINGS CAN MOVE AT A LIGHTNING-FAST PACE.
IN JUST A MINUTE, YOU CAN READ THROUGH AND COMPOSE A FEW TWEETS ALONG
WITH LOOK AT DOZENS OF FACEBOOK PHOTOS. THAT SAID, WE'VE PULLED TOGETHER
THIS INFOGRAPHIC TO GIVE YOU AN UPDATED VIEW OF EVERYTHING THAT HAPPENS
ONLINE IN 60 SECONDS DURING 2013.
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Figure 1. Online content generated per minute as of 2013°

1.2 Communities in Cyber and Physical Spaces

As the Internet has become globally accessible, participation in it is leading to the
emergence of a cyber culture and cyber societies (Deuze, 2006). These cyber societies are
built upon the same structural elements as physical societies as shown in Table 1. Each

person has physical identity (or identities), and interactions among individuals lead to the

> Source: http://blog.qmee.com/qmee-online-in-60-seconds/ last access: 10/16/2013




establishments of links and, potentially, friendships. As more people connect with each
other they gradually form communities. Similar to physical societies, a person can have
one or more identities in cyber space. Through online interaction, people can become

cyber acquaintances, and form cyber communities.

Table 1. Individual, friendship and community of physical and cyber society in physical

space
' ‘ L] E ’f ¥ "’
Q 8 y
Physical individual friendship community
Society
Cyber cyber identity online interaction cyber community
Society
Physical location rendezvous distribution
Space

Besides sharing similar structural elements, physical and cyber communities also share
one more issue that is of particular importance to this dissertation: they both interact with
and within the physical space (Wellman, 2001; Herrera, 2007). Such communities are
often formed around specific events that have a certain physical footprint, or extend their
mode of interaction from cyber to physical. Conversely, in physical space, people

function across locations, where they act and interact.



As physical and cyber communities are spread across the physical space, it is essential to
gain a better understanding of the spatial particularities of corresponding cyber and
physical communities that are formed around the same topic, and this is a focus of this
dissertation. Gaining such an insight is an essential step towards advancing our
understanding of how information is disseminated and used during marketing campaigns
(Kaplan and Haenlein, 2010), or at moments of crisis (see e.g, Sutton et al., 2008;
Croitoru et al, 2014b) to gaining a better understanding to the threat posed to established
societies by decentralized, leaderless, geographically dispersed groups of terrorists,
subversives, extremists, and dissidents (Ressler, 2006). Therefore, it is critical to
understand the community structures of the social network and to find out the crucial

nodes in the network in order to prevent terrorist attacks and reinforce security.

1.3 Problems and Objectives

This dissertation studies the newfound concept of cyberphysical communities, focusing
in particular on their manifestation through social media activities, and on the role of
distance in communities formed in physical and cyber spaces. We use the term
cyberphysical in the context of this dissertation to refer to communities that comprise
physical members (i.e. individuals) whose communications are observed in the cyber
space (and in particular through social media). The main objective of this dissertation is

to investigate whether the well-accepted Tobler’s First Law in the physical space is also



applicable to these cyberphysical communities. Simply put, Tobler’s First Law states that
while everything is related to everything else on the Earth’s surface, near things are more
related than distant things (Tobler, 1970). While this has long been an accepted concept
for activities and processes manifesting themselves in the physical space, newfound
capabilities to interact through cyber space have introduced the potential to interact and
form communities regardless of the cost of physical distance. If physical and cyber
communities are to follow Tobler’s Law, their members would tend to gravitate towards
their neighbors, leading to a propensity of local connections compared to distant, and to
heavily localized membership clusters in the physical space. Cyber interactions offer the
potential to bypass the physical distance, and allow people to interact with anyone,
anywhere in the world (Cairncross, 1997; Ratti ef al., 2010). The question still remains:
does physical distance limit or drive the spatial distribution of cyberphysical communities,
making them subject to Tobler’s Law? While there have been some partial studies of
issues related to this question (Hecht and Moxley, 2009), there is still a lack of a thorough
study of the spatial characteristics of cyberphysical communities, and this is the gap that

this dissertation is attempting to bridge.

More specifically, this dissertation addresses the following research questions:

*  What is the spatial distribution of interaction groups formed through social media?

* How to measure distance in cyberphysical space?



*  What is the meaning of distance in cyber and physical communities?
* Does Tobler’s First Law affect cyber and physical communities?

Solving these intriguing problems will facilitate the development of open source
geospatial intelligence (Caverlee et al., 2013; Stefanidis et al., 2014) and will bring a
unique understanding of the human landscape, its structure and organization, and its

evolution over time.
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Chapter 2.  Literature Review

The literature review will cover the previous research on the geospatial analysis on
physical and cyber communities, and the distance factor in cyberphysical spaces. Firstly
we will review and discuss the definition of “community” in physical and cyber spaces.
Secondly, we will review of geospatial analysis on physical community, mainly about
human mobility patterns of group of people. After that, we will review the geospatial
analysis on cyber community, which is basically about the Location-Based Social
Network (LBSN). Next, we will review the previous research on distance in physical
space, networks and many other fields. Finally, a restatement and discussion of research

questions on distance of physical and cyber communities will be given.

2.1 Physical Community and Cyber Community

2.1.1 The Concept of Physical Community

The concept and definition of community have been discussed over many years, yet there
is no single widely accepted or adopted definition. In fact, Hillery (1955) stated

ninety-four difference definitions of community. Researchers tend to give their own

11



definition based on their primary research interests. Therefore, the term "community"
refers to different things, depending upon who is using it and upon the context in which it

is used (Nelson, Ramsey, Verner 1960).

At first, the concept of community was locally constrained, almost synonymous with the
term neighborhood. Wellman and Leighton (1979) stated that the traditional definition of
community is a spatially compact set of people with a high frequency of interaction,
interconnections, and a sense of solidarity. Benedict Anderson (1983) stated about
Imagined Communities: “the members of even the smallest nation will never know most
of their fellow-members, meet them, or even hear of them, yet in the minds of each lives

the image of their communion.”

As the rise of the Internet and development of information technology, the concept of
community is also evolving. Social links between long distance relationships led scholars
to extend their view on non-local communities. Also, the social psychological aspect of
community was emphasized. Wellman (1979, 2001) stated that communities are based on
sociable and supportive social relations, and not on physical locality. In this sense, Gruzd
et al. (2011) stated community as “a set of people who share sociability, support, and a

sense of identity.”

2.1.2 The Concept of Cyber Community

The concept of “virtual community” was raised, but its definition was as troublesome as
Yy

12



community itself. The term virtual community was considered by many to be
synonymous with a class of group computer-mediated communication (Johns, 1997).
Hagel and Armstrong (1997) defined virtual communities as computer-mediated space
where there is an integration of content and communication with an emphasis on
member-generated content. Some did not agree with the use of “virtual community” as it
was completely different from traditionally defined community (Weinreich, 1997). Still,
there are many researchers trying to give a definition of virtual communities: Smith
(1992) defined virtual community as “a set of on-going many-sided interactions that
occur predominantly in and through computers linked via telecommunications networks”.
Erickson (1997) stated that virtual communities are "long term, computer-mediated
conversations". Porter (2004) defined virtual community as an aggregation of individuals
or business partners who interact around a shared interest, where the interaction is at least
partially supported and/or mediated by technology and guided by some protocols or

norms. He also delimitated a typology for the virtual community based on this definition.

2.1.3 Definition of “Community” in this Dissertation

The term community has a dynamic meaning, and its definition is evolving over time. It
is case-sensitive and dependent upon what context it is in. As we will focus on the
characteristics of cyber and physical communities and the relationship between the two,

we would emphasize on this aspect. Our definition of community is an aggregation of

13



individuals who interact with each other among at least one shared interest for a certain
period of time. In our opinion, the necessary conditions of a community, according to our

definition, are:

(1) Members. They are the main subjects that form the community.

(2) At least one shared interest among members. Community members may
communicate on various topics, but there should be one topic/interest in common that
brought them together.

(3) Interactions continue for at least a certain period. If interactions among members only
happens for very short period and then die out, the community is considered as dead

as well.

2.2 Geospatial Analysis on Physical Community

When applying geospatial analysis on physical community, lots of researches have been
done to explore human mobility patterns. Human mobility research observes, simulates
and predicts people’s movement patterns in the physical space. It is a branch of social
science, and it plays an important role in human geography, especially in urban planning,
traffic engineering, emergency evacuation and disaster response. Human mobility
analysis can be conducted at multiple scales, large to the whole country or world and
small to a single room. For country or even world scale, social scientists have been

examining the spatial pattern of migration for years. For region or city level, human
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mobility analysis plays a significant role in urban modeling and urban planning. For
building or room level, we can extract implicit scene structures (Lu et al., 2011) by

analyzing human mobility for better utilizing the indoor space.

When considering the geospatial factors with the physical communities, most researchers
aim to construct mobility models to simulate and predict human mobility patterns for
group of people. Musolesi and Mascolo (2006) proposed a mobility model based on
social network theory, which allows individuals to be grouped together based on social
relationships. In their model, the grouping is mapped into a topographical space with
movements influenced by the strength of social ties. Zignani et al. (2012) defined a
concept called the “geo-community”, which merged both “location” and “community”
together. They analyzed real GPS datasets of human mobility traces, quantitatively
described geo-communities and inferred the probability distribution of all the features of
human behavior. Wu and Wang (2013) studied human mobility among different types of
communities and described the communities with the most probable activities. Through
the analysis of digital footprint data, they found that there existed a strong correlation in
daily activity patterns within the group of people who live in the same type of

communities.

2.3 Geospatial Analysis on Cyber Community

When combining geospatial analysis with cyber community, there are large amounts of
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researches dealing with Location Based Social Network (LBSN). Human mobility
patterns have also been studied based on LBSN. Noulas et al. (2011) presented a
large-scale study of user behavior on an LBSN (Foursquare). They analyzed user
check-in dynamics over space and time, discussed how different behaviors succeeded
each other. Their research demonstrated how LBSN could reveal meaningful
spatial-temporal patterns and offer the opportunity to study both user mobility and urban
spaces. Cho et al. (2011) studied the human mobility patterns through cell phone location
data and two LBSN data. They found that “humans experience a combination of periodic
movement that is geographically limited and seemingly random jumps correlated with
their social networks.” Periodic behavior can explain 50%~70% of all human movements,
while social relations can explain 10%~30%. They also found that the friendship
probabilities declined as the distance between two people increased, though there were
some interesting minor pits. They even developed a human mobility model based on their

findings, which can predict location and dynamics of human movements.

Recently, Roick and Heuser (2013) reviewed the current research activities of LBSN. In
this review paper, they presented a comprehensive definition of LBSN, provided an
overview of research activities, and also concluded a research agenda from existing
research directions. They pointed out that only a few LBSN have been studied thoroughly;

the exploitation of geographic information and information retrieval from LBSN has just
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started. Few studies have been conducted in applying LBSN data with natural hazard

response and monitoring diseases.

Other research activities focus on how to infer social relationship and detect events based
on geospatial locations of people (Ritterman et al., 2009; Culotta, 2010; Sugumaran and
Voss, 2012). Many researches have been done on the topic of friendship prediction and
recommendation on LBSN. Crandall ef al. (2010) investigated the extent to which social
ties between people can be inferred from co-occurrence in time and space. They
developed a probabilistic model and applied it to data from a social media site (Flickr).
They found that even a very small number of co-occurrences could result in a high
empirical likelihood of a social tie. Cranshaw et al. (2010) improved the friendship
prediction model as they did not only consider the number of co-locations, but also took
other properties into consideration. They examined the location traces of 489 users of
location sharing social network for relationships between the users’ mobility patterns and
structural properties of their underlying social network, and they developed 67 different
features to describe the social network and location properties. Using these features, they
provided a model for predicting friendship between two users by analyzing their location
trails. Their work showed a potential future direction: the relationship between online and
offline social behavior. Sadilek ef al. (2012) explored the interplay between people's

location, interactions, and their social ties within a large real-world dataset. They
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proposed a system to predict friendship based on friendship formation patterns, content of
messages and user locations. Their system could also predict user’s location based on a

scalable probabilistic model of human mobility.

There have also been lots of researches focusing on detecting cyber communities using
geospatial location information. Qi ef al. (2013) designed online algorithms for online
community detection using location data collected in real time through social sensing
mobile applications. Gennip et al. (2013) proposed a spectral clustering model to identify
social communities among gang members in Los Angeles based on social interactions
and geographic locations of the individuals. They discussed different ways of encoding
the geosocial information using graph structures and corresponding influence on the
clustering results. Hannigan et al. (2013) argued that current community detection
approaches often ignore the spatial location of people; thus they proposed a novel method
to detect spatially-near communities. They introduced a new metric to measure the
quality of a community partition in a geolocated social network, called “spatially-near
modularity”. Based on their method, the ideal community will be partitioned with respect

to both social ties and geographic location.

2.4 Spatial Factor on Physical and Cyber Spaces

The key spatial factor in this dissertation is distance. The topic of distance has been

studied for many years by scholars from different backgrounds, whereas nowadays there
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are still many research papers dealing with distance. In this section, the distance
measurement in physical space, networks and other fields will be reviewed. In the end,
the dissertation topic on distance in cyberphysical communities will be briefly introduced

and discussed.

2.4.1 Distance in Physical Space

Distance in geography is traditionally viewed as a geometric concept. The most common
measurement of distance is Euclidean distance. For two points on the Euclidean plane

(x1,¥1), (x2,¥2), the Euclidean distance dj is defined as:

dp = (%1 — x2)2 + (1 — ¥2)?
Another measurement of distance is called Manhattan distance, also known as city block
distance. It is measured by the sum of the absolute differences of two points’ coordinates.
For two points on the Euclidean plane (x,Y;), (x3,¥>), the Manhattan distance d,, is
defined as:
dy = |x1 = x2| + |y1 — y2|

There are some other measurements of distance that have been used in other scenarios,

such as Chebyshev distance, Mahalanobis distance, etc.

2.4.2 Distance in Networks

Distance in networks is traditionally defined in terms of network connectivity, path
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lengths or node centrality, etc. (Newman, 2009). In graph theory, distance of two vertices
is defined as the number of edges in a shortest path connecting them. Similarly in
network analysis, distance of two nodes is defined as the number of minimum steps from

one node to another.

2.4.3 Distance in Other Fields

Besides the mathematical definition of distance, there are many kinds of distance
measurements that have extensive practical applications. For example, the weighted
distance (cost distance) is widely used to estimate the “cost” from an origination to a
destination. The weight (cost) might be complicated and can be calculated in multiple
ways, such as spatial length, traveling time, toll cost, etc. It is very useful in

transportation management, travel planning, logistic routing and supply chains.

Not only do geographers care about distance, scholars in other science fields also study
on it. In business and economy, the cross-national distance is crucial to company and
industry. Ghemawat et al. (2001) argued that we should consider not only geographic
distance, but also three other dimensions of distance: cultural distance, administrative or
political distance, and economic distance. Based on these four dimensions of distance,
they performed a case study on expanding market for a company. Berry et al. (2010)
extended the dimensions of distance into nine dimensions, which were economic,

financial, political, administrative, cultural, demographic, knowledge, global
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connectedness and geographic distance. They provided a method to measure such
distances and discussed their impacts on business in detail. There is also a branch of
socio-psychology called proxemics, to study the relationship between spatial distance and
social relationship of individuals. For example, Matthews and Matlock (2011) conducted
three experiments on spatial distance and social relationships, and they found that people
tends to get close with friends and try to avoid strangers, which implies that social
distance and spatial distance are conceptually linked. Such research shows how important
distance is, and it is very inspiring to study the role of distance in cyberphysical

communities.

2.4.4 Distance in Cyberphysical Communities

Although there have been lots of studies on distance from different aspects, only a few
studied distance from the perspective of community in cyberphysical space. The findings
of previous research indicated that spatial proximity increase the probability that two
individuals establish an online connection, and geographic closeness could influence the

formation of cyber communities (Brown et al., 2012).

Kaltenbrunner et al. (2012) studied the social interactions and geographic locations on
users from an LBSN, and they found that the geographic distance strongly affects how
social links are created, however, social interactions are only weakly affected by distance.

Brown et al. (2012) studied the spatial and social properties of two online communities

21



with location-sharing features. They found that community structure in social networks
may arise from both social and spatial factors. Therefore, it is beneficial to extract the
information about places where people go to facilitate new community detection methods
and community evolution models. They further studied the structural properties of an
LBSN (Brown et al., 2013). They reconstructed the same LBSN into social community
and spatial community (local-focused community), and they discovered that these two
communities had very different graph structural properties. They found that local-focused
communities could be more valuable for friend suggestion and place recommendation. As
for the community evolution, social communities are more stable while local-focused

communities can be very transient or very stable.

Researches on social and spatial distance of communities have many practical
applications. For instance, Rothenberg et al. (2005) studied the spatial and social distance
of an urban group of people in Colorado Spring, Colorado, of their risk for the sexually
transmitted disease, HIV. They found that the HIV-positive subgroup people are tightly
spatial clustered, and they are all within six steps away in the social network. They also
found that social connections reflect geographic proximity, which could be a crucial
element in the dynamics of disease transmission among groups. Tayebi et al. (2012)
examined the relation of spatial and social distances in a crime network in Los Angeles.

They found a strong correlation between social and spatial distance of crime offenders,
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which indicated that offenders who are socially close are also spatially close. As shown
above, such research is very helpful in understanding how disease transmits through
group, and what crime network structures are in the physical world. Despite the
importance of linking spatial and social distance in communities, the amount of such

research is very limited.

With the process of globalization, it is very easy and common for people to connect with
other entities from anywhere of the world, whereas people still live locally and need local
resources. In fact, geographic proximity might be more important with the Internet
revolution, according to Goldenberg and Levy (2009). To explain such phenomenon,
Robertson (1995) popularized an idea called “Glocalization”, for which he explained as
people think globally while act locally. Therefore, people may “exist” in multiple times
and places: physically in one time and one place, virtually link to many other places and

time zones (Mok et al., 2010).

When considering the cluster of people — groups and communities, we expect similar
patterns. Although communities might be associated with a particular location (e.g.
headquarter, populated place, place of interest), they are virtually connected to many
other places by their social links. They have a level of affinity between them. So we can
compare communities in terms of discussion topics, keywords etc., and find affinity

distance metrics that express, for example, New York City, NY is closer to Los Angeles,
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CA than Austin, TX. This can be used to compare distant communities (e.g. an affinity
distance between NY and LA) and also to identify the dispersion of a single community
(as a metrics of homogeneity). There are many challenges when dealing with this issue,
such as how to compare two places through different interested communities, how to link
communities in cyberphysical spaces, how to define and calculate affinity distance

metrics. This dissertation will shed lights on such problems.
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Chapter 3. Corresponding Communities in Cyber and Physical Space

In this section, we will focus on the spatial factors of corresponding communities in
cyber and physical spaces. Our objective is to identify a community in the physical space
and compare it to its closest cyberphysical counter-part. Firstly, we will introduce our
datasets for the communities. Secondly, we will discuss the correlation between the
corresponding communities and explain how level of spatial aggregation affects the
correlation. After that, we will examine the distance from point of interest and the
participation index. Then, we will test the hypothesis for goodness of fit for the two
communities to see whether they follow a certain distribution. Finally, we will perform
temporal analysis on the cyberphysical community dataset and show how we can use

these data to detect interest events.

3.1 Datasets

In order to select a case study that is both sufficiently large and spatially distributed to

support meaningful analysis, and sufficiently distinct so that it can be identified in social
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media content, we chose the community of interest formed around a large higher

education institution, namely George Mason University (GMU).

Furthermore, as studies have indicated that there exists a strong relationship between the
alumni community and the branding presence of a university (McAlexander ef al., 2006)
we can reasonably argue that the alumni community in physical space can serve as a
close counterpart to the cyber community for the study. Accordingly, we choose the
alumni community of GMU as a representative sample of the spatial distribution of that
community in physical space. As its cyberspace counterpart, we chose the online
community formed in Twitter as part of a discussion about the same university. Given
these datasets, the task is to compare these two communities in terms of their spatial
patterns in order to gain insight on how observed patterns in geolocated social media

compare to the corresponding community in physical space.

3.1.1 Physical Space Community: Alumni Dataset

In order to establ