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ABSTRACT

Information about our local environment is everywhere on
the Internet and other information and communication tech-
nologies (ICT), especially in certain forms of social media.
Our engagement and interaction with this information in
our daily social lives, as individuals and groups, has grown
tremendously in the past decade and continues to do so.
This is an early research proposal that aims at looking be-
yond detection of events in the “real-world” via social media
and wants to ask how we can gauge from the social media
data how well individuals and groups of community-based
individuals are doing. My goal is to do this by finding use-
ful measures of social indicators, in particular community
well-being and its possible relationship with the collective
stress and/or tranquility of communities, in social media.
Moreover, I would like to see if we can influence individ-
uals and groups through their social networks in order to
change or modify their behavior on the basis of this data.
This research, then, seeks to engage in the fields of social
media use, the evaluation of community well-being, and the
mechanisms of influence in social networks. This project is
important in helping us better understand how social media
plays a role in communities and how we might increase the
utility of this ubiquitous and very popular online technology.
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1. INTRODUCTION

Social media has afforded us expanded ways in which to com-
municate and exchange information with each other. The
rich content that it provides comes from us, its users, who
share it with one another through interactive websites with

integrated social networks. Social awareness streams (SAS),
a special type of social media, encompass “real-time” infor-
mation streams generated by Internet services like Twitter?!,
Facebook?, FourSquare®, and Flickr* [41]. SAS are at the
forefront of changing the framework of how our society uti-
lizes information. They are used by many millions of people
on a daily basis to help them stay connected by communi-
cating via brief messages, typically in public or semi-public
forums. These real-time technologies also yield very large
amounts of data from, and about, the people communicating
and their communities, both virtual [28] and geographically-
localized [46]. But looking beyond events being detected,
how can we gauge from the data how well individuals and
groups of community-based individuals are doing in their
everyday lives?

I want to find reliable measures of community well-being by
looking at data in user-generated informational technologies,
like social media/SAS (or in other instances, in personally-
carried monitoring devices like smart phones, health moni-
tors or other wearable computing devices). There are many
aspects to what might be termed “community well-being”: a
measure of civic unrest, the health of its aggregate popula-
tion, the financial stability or wealth of its aggregate popu-
lation, the level of education of its population, and so on. I
propose to detect some of these aspects in social media/SAS
data and hope to show that when these well-being measures
are low, we begin to see signs of stress and anxiety on indi-
vidual and community bases. Likewise, when these measures
are high, we see what I term as “tranquility” of individuals
and community groups. The tranquility of a community is
important for community leaders looking to assuage possible
concerns from the citizenry about abnormal health and/or
safety events concerns that can arise from widespread anx-
iety. This anxiety can be due to health epidemics, a rise
in police or fire fighter activity, natural disaster occurrences
and their aftermaths, or extreme weather occurrences: in
short, anything that might disrupt the lives of people’s daily
lives.

Furthermore, I would like to see if we can influence indi-
viduals and groups to change or modify their behavior on
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the basis of this data and information we might gleam from
their social networks. Once data is aggregated and analyzed,
what manner of feedback via the social network might prove
to be the most effective and why? The motivation is to bet-
ter understand how influences through social networks can
help ease or moderate the level of anxiety that people and
groups of people are feeling vis-a-vis their community. Like-
wise, this might help us better understand if this feedback
mechanism can be used effectively to agitate communities
in order to give rise to community activism (e.g. get peo-
ple more motivated about community-level causes/perceived
threats or even global ones, like climate change)?

2. RESEARCH QUESTIONS

My research questions can be put in two groups: ones that
address the issues of identifying the stress or tranquility of
communities from their online social behaviors, and ones
that address how we might influence the stress or tran-
quility of communities through modification of their on-
line social behaviors. In order to formulate my first group
of research question, I will need to identify/define three
sets of categories of things that can be found in social me-
dia/SAS sources: the set of dimensions of community well-
being dcws, the set of indicators of individual stress, is,
and the set of indicators of individual tranquility, ir.

RQ1: How do the dimensions of community well-being (set
dcws), as found in a social media/SAS message, relate to
the indicators of stress and/or tranquility (sets is, and ir) in
the same message? Additionally, what might a wide-reaching
measure of an aggregated measure or index of online com-
munity well-being from social media/SAS sources be?

RQ2: How can one model a standard method for measuring
online community well-being that parallels a “golden stan-
dard” of community well-being (like those used in sociological
or quality-of-life studies)?

For my second group of research questions, I aim to answer:

RQ3: How can we enact an online influence on a commu-
nity’s well-being based on what we might learn from the first
two research questions?

3. WHAT IS SOCIAL MEDIA?

The Internet has afforded us social interactions like never
before: both with the ease to “reach out and touch some-
one” and, increasingly, with richer media that enhances the
computer-mediated communicative experiences. These ex-
periences are not just about sharing content, but impor-
tantly also about creating it. Moreover, I think that user-
created content is the biggest differentiating factor with this
new set of online media, which within this last decade of
what has been termed Web 2.0, have loosely been termed
“social media”. Like many of its Web 2.0 cousins, I posit
that social media usually meets the following criteria:

1. It operates in connected data networks, most critically,
the Internet,

2. It is accessed from a myriad of computing platforms,
including mobile communication devices,

3. It is inherently multimedia in nature: in other words,
it not only deals with textual information, but also
pictures, videos, and audio,

4. Tt is designed with an emphasis on its users’ participa-
tion and interaction with one another,

5. It not only allows, but promotes and bolsters the cre-
ation and sharing of user-created content, both indi-
vidually and collaboratively, and

6. It allows us to do new things (i.e. enables new af-
fordances) in our social interactions, whether between
individuals or groups, and in all aspects of life (i.e.
when engaging in routine communication, or for en-
tertainment purposes, or in the workplace).

7. It allows us to create content and share it based on
part or the whole of one or more articulated social
networks.

Social media allows users to seek information with relatively
little effort. The interfaces are easy to use for navigation of
the information and the information itself comes in inher-
ently rich structures. Because of this, social media sources
have an inherent advantage over more traditional collections
of documents when performing information retrieval tasks,
even if the quality of the content varies [2]. This new me-
dia has become an important conduit to preserve work and
social connections in everyday life.

Furthermore, the flexibility of these less-bounded, spatially
dispersed social networks creates a demand for more collab-
oration in communication and information seeking. That
demand does not seem to be ebbing any time soon; for ex-
ample, Facebook continues to grow and its users shows no
signs of fatigue. Additionally, social media’s pervasive pres-
ence in people’s online activities is a large contributor to
their motivations of everyday information seeking behaviors
[37].

4. PAST WORK
4.1 Location-Based Social Media Data

Although social media and its use in information seeking,
searching, and retrieval is a relatively new phenomenon, the
combination of its ubiquity and ease-of-access, its inherent
richness of information, and its natural facilitation of social
networking make it a powerful (and very low-cost) emerging
way to seek, share and analyze information.

The widespread popularity of social networking services on
social media offers new opportunities for studying human
behavior in urban settings [27, 46]. Past scholarship has
examined people’s activity on social media to model the
dynamic borders of cities [14]. Others have observed the
patterns of keywords on social media that emerge quite pre-
dictably across cities in the United States and England [42],
or across several cultures [22].

In terms of methodologies used to extract patterns that
made sense, the literature emphasizes that high-specificity
of search terms, high-volume of collected data, and the right
clustering algorithms were essential to getting good results
[56, 27].



Certainly, using social media and SAS as sources for infor-
mation has its challenges. This type of data is known to be
noisy [41], the reliability of present geo-location tags in the
data is known to be questionable, and people post in dif-
ferent quantities at different times, giving way to temporal
fluctuations in the volume of messages produced, which can
have undesirable effects on data collection [42].

4.2 Community Well-being

The concept of well-being as a social indicator has been stud-
ied extensively in sociology to aid in generally defining and
measuring quality of life. While well-being may be argued to
be a subjective concept, social indicators are established sets
of measurement. Both social indicators (seen as “objective”
guides) and subjective well-being measures are necessary to
evaluate the quality of life of a society [16].

Models for measuring social indicators of well-being have
been proposed in various ways, for instance in a recent re-
port by the Aboriginal Affairs and Northern Development
Canada (AANDC) [1], which conducts studies on aborig-
inal Canadian communities, the four main components of
a community’s well-being were income, education, housing,
and labor force. A study by White [54] emphasizes 3 di-
mensions, which encapsulate the aforementioned Canadian
report’s components quite well: material, social, and human
concerns. White et al. apply these 3 dimensions to studying
communities in order to address the practical concerns of
standards of living, social relations and public goods, and
human capabilities and attitudes to life, respectively. To
further show more nuanced detail in these components or
dimensions, Miles et al. [39] propose a ‘six-by-six’ model for
measuring community well-being in a Queensland, Australia
based study. This model is composed of six dimensions of
well-being (covering wealth, public safety, personal health,
diversity, governance, and environment or infrastructure),
with each dimension additionally made up of six indicator
headings.

However, while there exist many studies that focus on di-
mensions of well-being, not too many of them present uni-
fied definitions. Many scholars agree on the importance of
“well-being” in assessing the balance and happiness of both
individuals and groups. Of the few definitions in the litera-
ture, Dodge et al.[17] offer this concise one: the stable well-
being of individuals is when they have the psychological,
social and physical resources they need to meet a particular
psychological, social and/or physical challenge.

4.3 Behavioral Research of Influence

in a Social Network
To answer my third research question (RQ3), I am consid-
ering one of two approaches: either a social networking ex-
periment using online crowdsourcing, or a lab study where I
can observe participants behavior as they interact with one
another in a simulated social network.

4.3.1 Social networks

The mesh of our relationships to one another is a big part of
what defines us as social beings; in fact, the eminent sociol-
ogist Georg Simmel [47] tells us that society itself is nothing
more than a web of relations. Social network theory es-

pouses the idea that a social actor’s position in a network
partially determines the constraints and opportunities that
he or she will encounter [6]. This is why identifying and an-
alyzing that position is useful for predicting actor outcomes,
such as performance, influence, or indeed most any other
social behavior. Actors in networks are always discussed in
regards to the links or relationships that exist between them.
These relationships are the fundamental component of net-
work theory and distinguish network analysis from other re-
search approaches. The theoretical concepts, the data under
study, and the analysis performed is all about the relation-
ships among the units in the studied network. The ways in
which actors in a network are able to influence the flow of re-
sources because of what manner of a central role they play
amongst other actors describes the social structure of the
environment [51]. We are generally not interested in what
the actor might do; only that the actor is part of a social
structure. Moreover, a social network is often studied as a
snapshot (or series of snapshots) of the structure of relations
in one particular point in time [51]. As it happens, a com-
mon criticism of social network research is that not enough
attention is paid to network dynamics [52].

Usually we ascribe “strong ties” to relations between peo-
ple of a core network: like members of a family, or close
friends. Amongst each other, strongly tied people exhibit
higher levels of intimacy, more emotional exchanges, more
self-disclosure, more frequent interactions, and higher re-
ciprocities [26]. There is a range to all of these characteris-
tics and where they delineate between different tie strengths
is open to interpretation by different scholars [26, 34, 21].
For instance, the frequency of interactions between strongly
tied social actors does not seem to be as important in kinship
ties as it is with other “inner-circle” people that need certain
maintenance of the tie strength, such as the case of friends
and work colleagues. Ties and their strength attributes can
therefore vary over time, growing as people get to know each
other better and declining as the reason for some strong as-
sociations reaches some conclusions [32]. Strongly tied social
actors are usually self-motivated, often because of positively
affective feelings for one another (“philos relationship”), to
share resources with each other and usually make themselves
available to one another [34].

It is easy therefore to intuitively understand “weak ties” as
those between mere acquaintances, for instance. Strongly
tied pairs provide high velocity paths to information al-
ready circulating in their tightly knit network, which means
that these actors have access to the same resources. If they
wanted new information or fresh resources, they would nec-
essarily have to go outside their strong tie network. The
“strength of weak ties”, then, is that they provide connec-
tions to others outside the strong tie network along with
their new resources. These weak ties can help someone gen-
erate creative ideas, find a job, or get information on the
competition [24, 25, 9]. A corollary to this seems to be that
when people search for informational resources, they will
need to access networks beyond their strong-tie ones [31].

4.3.2  Social Capital

Each social actor has control over certain resources and when
two actors are tied to one another in a social network, they
have the potential to exchange these resources, be they ma-



terial (e.g. funds or goods) or non-material (e.g. informa-
tion). Social capital facilitates purposeful actions of actors
and is not inherent in one thing or one person (the way,
say, human capital is), but rather it derives its value from
being. The definition of social capital is expressed by its
function: at once it is the structure of contacts in a network
(this is about how you can reach to actuate resources) and
the resources they each hold (about who you can reach) [12].
Scholars of social networks regard the importance of social
capital very highly [10].

Putnam describes two dimensions of social capital: bond-
ing and bridging. Bonding social capital allows access to
the resources from one’s core network: that is, from one’s
strong ties, so it is usually associated with trustworthiness
and social norms. Bridging social capital refers to those re-
sources most likely accessible from outside the core network:
in other words, from one’s weak ties, so it is typically dis-
cussed with outcomes such as volunteering, or acquiring new
information [43]. There is, unfortunately, no definitive con-
sensus on how to best measure social capital. Worse still is
that even with validated measures and techniques available,
scholars are not consistent in their use although there usu-
ally is intra-scholar consistency [3]. Past efforts focused on
equating social capital with levels of social trust or participa-
tion in voluntary associations [43]. Due to their sometimes
controversial findings (such as the sweeping declaration of
a decline in American social life), these measurement tech-
niques have been critiqued for not having convergent validity
within the measures and that these measures could not be
generalized beyond their social constructs and contexts [3].

4.3.3 Influence in Social Networks

When we want to ask the question, “How do people’s atti-
tudes change in a social network setting?” it turns out that
the attributes of people can only explain a small amount of
the differences in their attitudes. This is because people’s
attitudes are mostly shaped through interpersonal processes
that take place within people’s social networks [19]. There
are individuals that are better conduits of change in others’
attitudes and behaviors and are referred to as influencers,
or “influentials”.

Influence is typically dispersed in a social network as de-
scribed in the diffusion curve: an S-shaped curve whose y-
axis is number of people in the network because once adop-
tion starts happening, it tends to cascade rather quickly in
an exponential fashion, then it plateaus [44]. Influentials are
good at communicating with external change agents, have
greater social participation than others, tend to be better-off
financially, and are good at switching their innovative sides
on and off as the occasion calls for it. Watts and Dodds
found that that influenced events are actually driven by
a critical mass of easily influenced individuals [53]. What
makes them easily influenced is their position in their social
networks. It also seems that the joint distributions of influ-
ence and susceptibility have a big say about the propagation
of influential behaviors. Aral and Walker looked at both peo-
ple who influence others and people who are susceptible to
influence in a large data set of 1.3 million Facebook users.
The authors showed that the social network structure un-
derlies all of their results. As it turns out, influential people
were less susceptible to influence themselves and that they

clustered together in the network, while susceptible people
did not [4].

I could posit that the influencers should show high central-
ity measures. The flow of how influence moves in a network
typically comes down to the concept of centrality in network
analysis. There are several types of centrality measures,
such as degree centrality, closeness, betweenness, or eigen-
vector centrality [5]. Borgatti [5] cautions researchers that
the types of flow processes must be first identified before
the type of centrality measure is decided upon because of
the different assumptions made by these different measures.
Centrality is a property of a node’s position in a network.
The centrality of a node is, loosely speaking, about the con-
tribution the node makes to the structure of the network
[6]. The simplest measure of centrality is degree centrality,
which is merely the number of tie of a given type that a
node has. It can be further delineated as in-degree and out-
degree centrality measures, which classifies incoming versus
outgoing links to and from a node, respectively.

Degree centrality is very widely used when using measures
of network characteristics (be they social, organizational,
or other kinds of networks) to inform the researchers about
the actors. Examples include studies that located influential
people within a group with regards to their social structure
[23]. Degree centrality has been criticized as not adhering to
a strict definition because it does not take into account any
measures of the whole network beyond the adjacent nodes,
but it is nevertheless easy to calculate and popularly used.
Eigenvector centrality attempts to answer that criticism and
is a more sophisticated version of degree centrality, in that it
is calculated as the number of nodes adjacent to (i.e. linked
t0) a given node, but then each adjacent node is weighed by
its own centrality [6]. Examples of using eigenvector central-
ity measures in research includes studies wanting to uncover
influential authors of emerging messages on Twitter [40] and
to show academic departmental prestige is an effect of its
position within networks of association and social exchange

(8].

In addition to characterizing the nodes and edges of a net-
work, one can characterize the whole network as well. Net-
work density is a measure of cohesion of the network and
offers a general picture of the network [6]. Network density
is a popular measure to use because it can say much about
other network characteristics like the presence of structural
holes or network diversity; both of which have a negative
correlation with density. Social networks with high network
diversity are associated with many positive outcomes that
include more cultural tolerance [13] and access to diverse
information which can be helpful in finding a job [25].

4.3.4 Crowdsourcing for behavioral research

Crowdsourcing, in the context of behavioral research, is gen-
erally understood to be a job outsourced to any number
of everyday people using their time to do questionnaires,
take tests, and engage in experiments for the benefit of
the researchers. This large set of people are usually will-
ing to perform short and/or simple tasks for low pay. The
largest provider of online crowdsourced pools of participants
is Amazon’s Mechanical Turk (AMT) [33, 36]. In a study
aimed at finding out if network topology has an effect on con-



tributions of cooperation between people in a social network,
Suri and Watts ran an experiment using AMT to recreate
these different network topologies and had participants in-
teract as conditional cooperators. They found that network
topologies did not influence cooperation dynamics, but that
positive effects of cooperation of individuals in the network
were indeed influential, but only to their direct neighbors.
Furthermore, people increased their contributions more in
response to high-contributing neighbors (the opposite was
found to be true as well) [48].

5. PROPOSED METHODOLOGY

This work is still in progress and is intended as a proposal for
a dissertation. As such, I am presenting a proposed method-
ology to pursue. For RQ1 and RQ2, I am fairly certain about
the path I should take with the data collection and initial
analysis, as the next 2 subsections discuss in more detail.
However, for my third research question concerning an ex-
amination of how to best influence people’s well-being vis-
a-vis their community, I have not made a commitment as to
what methodology to use. I have instead opted, for this par-
ticular forum, to explore more than one idea to tackle RQ3.
For example, I would like to engage in an analysis of social
networks. However, recreating the personal social network
of every individual who posts relevant messages in social
media in this context of community well-being is highly im-
practical. This is why the approaches I am entertaining are
of an experimental nature. One such approach may possi-
bly use crowdsourcing and various simulations of influence
through a variety of personal network structures. Another
approach may involve observing participants in a lab setting
using an online tool where I can control for environmental
factors and vary information exchanges online and subjec-
tive affects of the participants and observe for influence and
change in subjective well-being factors.

5.1 Data Collection

As previously mentioned, I will have to create a set of key-
words that describe dimensions of community well-being,
dcws, a set of keyword indicators of individual stress, ig,
and a set of keyword indicators of individual tranquility, iT.
The subjective (individual) and community well-being liter-
ature will be my main source for these [16, 15, 55, 39, 54,
17].

I propose collecting social media/SAS data from more than
one source to lessen the effect of bias. Interesting candidates
include Twitter and Reddit® because of their popularity and
because of their relatively straight-forward application pro-
gramming interface (API). Twitter has about 288M monthly
users and is a heavily visited website, ranked 8th worldwide
and in the United States, according to Alexa.com®, a com-
mercial provider of Web traffic data. Twitter allows its users
to post short textual messages, or “tweets”, which are up to
140 characters long. Additionally, Twitter users can anno-
tate their messages in various ways in order to, among other
things, impart additional information about themselves in
the form of metadata such as names, nicknames, gender, af-
filiations, what their messages are about or how they might
best be classified (implemented with the use of hash-tags,

Swww.reddit.com
Swww.alexa.com

for example, “#Hillary2016”), when their messages were sent
(using time stamps), and where they are located (which can
take the form of a location name or geographic coordinates
of latitude and longitude). Reddit sees about 168M users
a month and is also one of the most visited websites, rank-
ing 10th in the US, according to Alexa.com. It is a social
voting site that calls itself the “voice of the internet” and is
comprised of over 9,500 communities, or “subreddits”. Each
subreddit is independent and moderated by a team of vol-
unteers. Many of these subreddits are community-specific
and are ready repositories of local information.

The APIs that both Twitter and Reddit supply to developers
and researchers allows for very large amounts of data to be
collected. Collected data via these APIs, especially in the
case of Twitter, may be incomplete (i.e. I may not be able to
get 100% of all tweets sent out at any given moment), but the
volume of data that I can acquire over time will, hopefully,
be more than sufficient in terms of scale and diversity for
this project.

When collecting the data, I will utilize queries made up of
words and groupings of words derived from the set of di-
mensions of community well-being dcws. Additionally, I
will focus on collecting data from a limited set of geograph-
ical locations to target messages coming from specific local
communities. Ideally, I would like these different geographic
locations to be randomly selected and to reflect a fair cross-
section of society, but there is an inherent limitation with a
lot of social media/SAS: its use is not fully, nor equally, rep-
resented by all groups in society. As such, my expectations
might best be set to run this research in more or less urban
settings in North America where there are more quotidian
users of social media. Additionally, the users of services like
Reddit might introduce a skew to the findings, as they are
overwhelmingly young (18 to 29 year old) males [18]. If I
run my automated collection efforts via a customized crawler
program over several days, I expect to collect at least a few
tens of thousands of messages, based on prior work I have
done in collecting social media data.

5.2 Coding of Social Media Data

Once collection is made, the next step is for these messages
to be processed in order to remove duplicates or irrelevant re-
turns. Following this, I will use content analysis methods to
classify the messages based on keywords and keyword com-
binations to primarily ascertain what keywords were used,
with what frequencies, and in which messages. These and
other general statistical information will enable me to also
compare the occurrence of these keywords against the set
of keyword indicators of individual stress, is, and the set of
indicators of individual tranquility, ir.

I will develop a coding scheme to classify the collected mes-
sages. This will be done using content or thematic analysis
[38, 7]. I will also recruit at least one other information
professional to utilize my coding scheme and classify the
messages. | will aim to get an acceptably high measure for
reliability using Krippendorff’s alpha [35] or Cohen’s kappa
[11].

With the coded data, I now have new variables representing
the various keywords, their frequencies of appearance, and



other properties, as well as all the message identifiers and
their other properties. I would first run Pearson correlations,
which could give me an indication of linear association be-
tween the variables. I will also need to do some analysis of
variance (ANOVA) to examine the differences between vari-
ables’ means and other variations. Following that effort, the
next step will be to try to fit these variables into a prediction
model using linear regression (LR) and/or binary logistic re-
gression (BLR) analysis, should there be binary variables in
my data. Depending on initial findings, factorial ANOVA,
and maybe other nonlinear regression techniques may need
to be used [50].

In order to give some validation to the data analysis and any
index calculation I might make of online community well-
being, I would like to compare my findings with secondary
sources. In North America, there are some governmental
and non-governmental public databases with ample data on
their communities. In the United States, the US Census
data is made available through the Internet via a public
FTP site”. This includes the very rich data of the American
Community Survey (ACS), a continuous statistical survey
that samples a small percentage of the population of the
United States every year (the latest data currently available
is from the 2013 survey). The ACS contains demographic,
economic, financial, education, and other data on respon-
dents. The data is made available in aggregated form (i.e.
US-wide) as well as broken down by various geographic areas
(state, county, county subdivision, city, school districts, to
name but some of them). Canada’s population census data
is also available to the public online®. Additionally, both the
United States and Canada have open databases online®,°
that also include data on aspects of community well-being.

5.3 Analysis of Social Network Data

For RQ3, I want to study the possible ways to influence in-
dividuals’ sense of community well-being by examining their
social networks. Information about social networks is best
gathered by questionnaires, interviews, diaries, observations
and via computer monitoring [20]. The characteristics of
someone’s social network can be ascertained using certain
survey techniques that can give a sense of someone’s bond-
ing social capital and bridging social capital. Bonding so-
cial capital is best measured using multiple generators and
several studies have used name generators for such a pur-
pose [30, 29]. For example, a survey might do best to have
two questions that are name generators. Those would ask
about “important matters” and “especially significant ties”.
Bridging social capital is best measured with the position
generator [49], a 22-item questionnaire used in prior work I
have previously published [3]. The sum of the items on this
scale can be used as a measure of bridging social capital,
which can be an indicator of the extent of one’s weak ties.

6. IMPLICATIONS

This project is important in helping us better understand
how social media plays a role in communities. The impli-
cations of this research are that, on a practical level, we
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might be able to observe in real time (and possibly pre-
dict) disruptive community events by gauging community
well-being through social awareness stream and other so-
cial media data. If this proves successful in the long term,
I can imagine using similar techniques to focus on other
indicators of community concerns, such as political stabil-
ity, economic health and public transportation flow. This
research can also increase the utility of social media plat-
forms for understanding local communities. Moreover, it
can add to local community information systems, founded
on evidence-based, human-centered research and computa-
tion. From an Information Science theoretical perspective,
this project might augment the everyday life information
seeking (ELIS) model [45] to consider information seeking
behavior in regards to local communities, not just individu-
als.

In conclusion, the ubiquitous nature of information on our
local environment is well represented in online social media.
This research will add to our existing understanding of this
phenomenon as our engagement with this information, as
individuals and communities, grows.
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