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Abstract Social Networks build up a representation of the social structure on the
Internet by enabling new ways of communication and understanding of human re-
lations. These networks generate big amounts of information on which we can ap-
ply mining techniques in order to extract knowledge. Different works have studied
many aspects of social networks, but just a few of them focused on text mining in
social networks. In this work, we focus on the Twitter social network features and
specifically on the use of this network by a representative, and well known, user’s
behaviour. We extracted all the contents that previously Senator and then President
Barack Obama has shared in this service in the course of last three years, and applied
a text-analysis knowledge discovery methodology to it. This methodology allowed
us to build a meaning-making process on our dataset. In this process, we success-
fully conducted a cluster analysis that helped collecting Barack Obama’s Twitter
contents in groups. Studying the results, we perceived that these clusters could be
interpreted as a mirror of his political strategy. Finally, we discuss the application of
this method for other social networks.
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1 Introduction

The aim of this work is twofold: to present a research methodology applied to the
field of study that transcends the boundaries of several disciplines, such as commu-
nication research (in the field of political communication studies, and cultural and
media research), psycholinguistic research, data mining techniques, new social net-
works analysis, etc., and to highlight the main findings of this research in order to
evaluate the effectiveness and utility of such a methodology for new studies to be
made in the future.

More particularly, our interest is linked to two main issues. On the one hand,
the analysis of the meaning-making process unfolded (within a specific communi-
cation system, that of Twitter) in the course of a complex political communication
process (the American election campaign and first two years of Barack Obama’s
presidency). On this plan, we will highlight how new Social Network systems (as
Twitter) have jumped into the world of political communication being taken, as they
are, for powerful media to be used and to refer to. The study of the relationship be-
tween political communication and Social Networks provides one of the pillars on
which this study grounds. On the other hand, it grounds on the need for improving
the analysis of the political communication process through the use of knowledge
mining techniques. Specifically, we used a textual-statistical tool for carrying a con-
tent analysis and text mining of Twitter Social Networks messages.

Political information cannot be merely considered a linear presentation of con-
tents and/or information between a sender and a receiver. Each political communi-
cation system can be understood in terms of the complex interconnections between
political systems, media (and journalistic organizations in general) and citizens [5].
As political communication is itself a historically situated and strategically deter-
mined meaning-making process (socially instituted by a [small] group of people to
affect, influence or inspire a [larger] group of people) we might regard it as a way of
organizing and shaping a certain “version of the world” [4]. Because of that, study-
ing the communication processes that a political source enables, does not only mean
to identify the content roots of the messages given, but also to connect this content
to the goals that the political source aims to give to its messages [5].

Here-on we are going to introduce a study about the Tweets (messages posted on
the Twitter Social Network) sent by US president Barack Obama since his presen-
tation to the Primaries up to his current Presidency.

Twitter offers a Social Networking and micro-blogging service, enabling the
users to read and post messages, or Tweets, to others. Tweets have certain fixed
characteristic. They are text-based and formed by up to 140 characters. They are
public on the service web page by default, and users can subscribe to a certain user’s
messages by becoming a “follower”, and may follow his/her tweets. The ever in-
creasing impact of Twitter on the Internet, with more than 175 million users [13]
since its creation in July 2006, is worth mentioning.

We consider the text-analytical methodology useful for the extraction of the main
“knowledge forms” provided through the Tweets (messages) available on the Twit-
ter platform selected, and furthermore hypothesize that it is helpful for understand-
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ing the meaning-making process deployed in the underlying political communica-
tion.

Against this background, the contribution of this chapter is four-fold. Firstly, we
present a methodology that allows the analysis of the posts of a user on the Twitter
Social Network. Secondly, we conduct an experiment by applying our methodology
over a representative user of this Social Network. Thirdly, we interpret the results
of the experiment applying the meaning-making process. Finally, we discuss the
proposed methodology and consider its application to other Social Networks.

The remainder of this chapter is organised as follows. Section 2 presents the
related work in Knowledge Mining in Social Networks. Section 3 gives an overview
of the proposed methodology to extract knowledge from the Twitter Social Network.
Section 4 introduces the performed experiment and its results. Section 5 concludes
the study and proposes avenues for future work.

2 Related work

This section introduces the different theories related to meaning-making processes
and gives an outlook on text analysis in literature, which are both highly relevant for
our study.

2.1 Theories of meaning-making process

In the traditional conception, “meaning” is statically referred as the way a certain
content (significance) associates to a peculiar word (signifier) that carries it and that
accounts for it. In this conception, each discrete meaning can be considered as a
piece of social knowledge, that is usually taken for granted in a certain community.
According to this, if one says “dog”, it is fairly sure that each bystander will un-
derstand that he/she is referring to a domestic, hairy animal, usually considered a
man’s best friend, which keeps company to its masters.

To have an emblematic example of this vision, let us think of a “dictionary”.
In a dictionary, any sign (the words) corresponds to a certain meaning (or to few
meanings), conceived as the content(s) conveyed by a given definition.

This traditional meaning conception has been strongly criticised. Current mean-
ing conceptions are more and more inclined to shape meaning models by claiming
for an intrinsic dynamicity and systemicity concern. These theories, despite their
reciprocal differences, converge by underlining three main points:

1. Each way of communicating (e.g. be it a message, a discourse or a piece of in-
formation) is not to be intended in a unique, universal and objective manner.
Namely, it is not to be conceived as conveying univocal meanings that are to be
interpreted as neutrally taken for granted. These theories rather claim that the
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meanings that a way of communicating enables should always be interpreted
as the by-products of a contingent and socially-constructed process that is dis-
tributed over time [16]. In this sense, the meaning of a message does not only
rely on (and not only depend on) the words that are used to pass on that mes-
sage (the what, that is the content, of a way of communicating), but has to be
interpreted in the light of the context and of the intentions for which it has been
produced (that is, for its goal, the why of the message), according to the ways in
which the message was construed (the how), and in relation to the type of sender
and addressee of that message (the who and the to whom).

2. A meaning always emerges as a construction procedure occurring in the course
of time. It becomes a meaning-making process. In this sense, people understand
a meaning in terms of their competence to give sense, within a context, to the
associations among present signs and subsequent signs [16].

3. Finally, and as a consequence of the first two points, meaning is not conveyed
in terms of a discrete sign, but displays a complex matrix of interacting signs
that altogether help building the general meaning of communication. Complex
signs (a number of discourses combined together and that people might experi-
ence in terms of a theme, a subject, an argument, a thesis, and others) structure
themselves dynamically (sometimes assuming a transient form, some other crys-
tallising within social representations) in ways that people, on one hand, experi-
ence and use to interpret the messages (communication, discourses, information,
etc.) they receive in their living context and, on the other hand, are produced
and reproduced by people themselves over time, according to how much they are
used. Meanings are thus constantly produced and reproduced, over time: some of
them are short-living; others structure themselves in long-lasting representations
[17][18].

This basic conception of meaning-making can be applied either to everyday com-
munication or to understand a complex communication process, such as that of po-
litical communication and of new social media (or of their combined use), as in the
case of this work.

2.2 Text analysis in literature

Text mining, also known as text data mining or text analytics, is the research area
that seeks to achieve representative information from text. To wit, knowledge mining
form text. The classic text mining procedure is composed by the text structuring,
derivation of patterns in the data, evaluation of the results and interpretation of the
results.

Some of the most popular techniques in text mining are text categorization, text
clustering, concept/entity extraction, production of granular taxonomies, sentiment
analysis, document summarising, and modelling of relations between instances.
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Furthermore, text analysis has been used in many research areas such as secu-
rity applications, biomedical text mining, software and applications, online media
applications, marketing applications, sentiment analysis or academic applications.

In our experiment we are using T-LAB, a software solution that includes a set of
linguistic and statistical tools for content analysis and text mining, which makes it
perfect for the purpose of our study. T-LAB features may be classified in three main
areas:

• Co-Occurrence Analysis (including Word Association, Comparison between
Word pairs, Co-Word Analysis, Concept Mapping, Sequence Analysis and Con-
cordances).

• Thematic Analysis (including Modelling of Emerging Themes, Thematic Anal-
ysis of Elementary Contexts, Sequences of Themes, Key Contexts of Thematic
Words and Thematic Document Classification).

• Comparative Analysis (including Specificity Analysis, Correspondence Analy-
sis, Multiple Correspondence Analysis, Cluster Analysis and Contingency Ta-
bles).

These features can be applied over any type of text (speech transcripts, news-
paper articles, responses to open-ended questions, transcriptions of interviews and
focus groups, legislative texts, company documents, books, etc.). Nevertheless, to
our knowledge, this is the very first time that Social Network texts are studied in
this way.

T-LAB has been used broadly in many previous works. We may recall the fol-
lowing in order to refer to the scientific use and references about it [1] [3] [15] [19]
[2] [11] [10] [16].

3 Methodology

This section introduces the methodology we used for carrying out this experiment:
the model of analysis, the meaning-related methodology and the procedure.

3.1 Model of Analysis

According to our standpoint, the Tweets collected can be analysed according to the
representational contents they convey. Barack Obama (and his staff) have actually
managed to build a certain kind of relationship with the Twitter users through these
contents.

Representational contents are to be interpreted as the contingent expressions of
the meanings made explicit in the production of tweets. We have to remark that
tweets convey their meanings not only by themselves, but according to the con-
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tingent conditions in which they have been posted (their chronological disposition,
their sequentiality, the kind of message given, etc.).

This means that each representational content is not a ready-made fact, but al-
ways the fruit of a construction enabled by the production of the messages [20].
Therefore, each tweet works as a signifier by conveying a broad spectrum of mean-
ings, some of which made explicit by the situation and, because of that, probably
reproduced over time.

3.2 Proposed analysis

The method of analysis we use is addressed to the identification of the similarities
in the messages’ ways of using signifiers (words) in order to connote the meanings
they are conveying.

This method is grounded on the general assumption that meanings are shaped
in terms of lexical variability. This means that words like “native”, “origin”, and
“residence” might convey the meaning of “protective motherland” (even if this
word is not used in the discourse) if, and only if, it is used together with words like
“home” and “care”.

In other cases, on the contrary, if associated with words like “insecure”, “vi-
olence” and “abuse”, the same words might contribute to the construction of the
meaning of a “fearful Nation”.

In our view, any word should be seen as a polysemic sign. Words could poten-
tially convey infinite significations, reduced to a finite number thanks to the co-
occurrence with other words. Thus, we do not have to look at the meaning of a
single word (since, from a theoretical standpoint, its meanings could be infinite) but
to the meanings emerging throughout the aggregation to other words.

As a result, the meaning of a message can be intended as the probability distri-
bution value associated to a pattern of associated signs. Thus, after the analysis, a
meaning emerges together with the probability of certain signs to be used together,
while other signs are absent.

3.3 Procedure

The corpus containing all the Twitter messages was analysed by the computer-aided
text analysis software: T-LAB [6] [7] [8] [9].

Figure 1 represents the general methodology of text mining with this solution.
The procedure starts with a text gathering of the corpus (in our case the Tweets of
Barack Obama). Next, this corpus is formatted to make the dataset usable by the
application. After importing the corpus to the application, we select the lexical tools
to be used and the most representative key words, if appropriate. Then, thanks to the
analysis tools, we obtain an output report that serves as a basis for interpretation.
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Fig. 1 Text mining methodology with T-lab

In order to identify the main representational contents that characterise the Twit-
ter messages collected, we submitted the messages corpus to cluster analysis. This
cluster analysis provides a statistical classification. Specifically, a “grouping” of
certain “objects” into classes, on the basis of the properties of the objects being
classified. The objects in each group are considered members of the same class (the
parts forming a same theme) but, from a complementary point of view, these parts
are defined by the equality of the whole theme, an equality that creates the bonds
between the parts. Because of that, the words composing the sentences of a theme
(may) change, but the composite “thematic whole” still remains the same.

In the present case, cluster analysis assembled the sentences of the text accord-
ing to a criterion of maximal internal homogeneity and, correspondingly, maximal
external differentiation.

Each cluster is thus marked by a specific set of words that tend to occur together
in similar sentences, while each of these words tends not to occur with other words:
this means that it is not the frequency of a certain word itself which is significant,
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but the recurring combination of that word with some other words throughout the
text messages. According to our methodology, we conceptualise each cluster as the
expression of a correspondent set of meanings highlighted by the combination of
the Tweets. Each set of meanings enucleated a specific content that emerges as the
by-product of the discursive chain produced by the messages. We interpret this dis-
cursive chain as a Theme characterising parts of the messages, which differs from
any other Theme emerging through the analysis.

In consideration of this, to perform text analysis, the corpus, first of all, was
transformed in a digital “presence/absence” matrix. To do that, each Twitter mes-
sage was considered as a segment of the corpus (namely a Context Unit). Each
message, thus, represents a row of the matrix. All of the words present in the corpus
represent the columns of the matrix. Each cell of the matrix might then assume one
of the two levels of a binary code: “1” for “presence” of the given lemma in the
chosen message, “0” for “absence”.

Data was analysed according to a two-step procedure:

1. The cluster analysis algorithm was applied to the “messages x words” ma-
trix. This analysis allows us to obtain a representation of the corpus contents
through few and significant thematic clusters, each one characterized by the co-
occurrences of peculiar semantic traits.

2. As the analysis also allows the identification of a “meaning map” (given by the
relationships among the clusters and between the clusters, the words and the
variables present in the corpus) we studied the association between the Theme
distribution over time and according to specific periods of time.

The threshold value, according to corpus sizes, usually corresponds to the min-
imum value in the first and in the second range decile (10% or 20%). Anyway, in
order to guarantee the reliability of all statistical computations, the minimum T-LAB
threshold is fixed to “4”.

4 Experiment and results

This section introduces the carrying out of the experiment, as well as the result that
arose with it. We describe the dataset and the elementary contexts, and then analyse
the cluster results.

4.1 Dataset description

The corpus in analysis is composed of 895 Twitter messages or posts (also known as
Tweets), all of which displayed in the period between April 29, 2007 (when Senator
Barack Obama decided to enter the American presidential scenario) and September
6, 2010 (the moment in which we stopped collecting the Tweets, in order to analyse
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them). The corpus composes a text-document more than 50 pages long and collects
up to almost 16,000 occurrences (Tokens) and fairly 3,000 different lexical forms.
Table 1 summarises the dataset description.

We decided to hyphenate those multi words that in the English “natural” lan-
guage are considered to be single words (such as “New York” and not “New” and
“York” separately) or, for instance, web addresses (e.g. “http www barackobama com”
and not “http”, “www”, “barackobama” and “com”; all separately as it is encoded
in the text analysis system). By this intervention on the corpus, we reduced the
presence of single words (meaningless by themselves), such as “http” or recov-
ered the original meaning of some other (for instance, the use of the word “new”,
when it is referred to a substantive - e.g. “new health reform” - or when it is part
of a proper name - “New Hampshire”). Nevertheless, we maintained the original
corpus as much as possible.

Table 1 Dataset description

Element Amount
Tweets present in the corpus 895

Elementary contexts analysed 895
Tokens in the text 15988

Lexical forms present in the text 2970
Threshold frequency 4

Words used in the analysis 475

Tweets are formed by three main attributes. The first attribute is a unique id that
identifies each Tweet post. The second attribute is the text of the post itself. The third
and final attribute indicates the creation date and time of the Tweet posting. There
are also other attributes, such as the origin of the Tweet, geographic coordinates,
information about replies to other posts and absolute time.

For the purpose of our experiment, we consider that only the text and the creation
date and time are relevant. Furthermore, as in this dataset each Tweet has a different
date and time, we decided to group Tweet posts by creating a new variable that
replaced these data with periods.

These periods correspond to the most relevant moments of Barack Obama’s ca-
reer over the last few years. Table 2 represents the time ranges of the grouping. This
correlation is structured as follows: the Democratic presidential primaries, the Gen-
eral election campaign, the first half of the first year of presidency, the second half
of first year of presidency, the first half of second year of presidency, the second half
of second year of presidency. We think that this organisation of the dataset is most
representative, as the Tweets are balanced through the period, augmenting the data
representativeness.
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Table 2 Dataset periods

Period Dates Description

Democratic party presidential February 10, 2007 Obama announced his candidacy
June 7, 2008 Clinton ended her campaign

General election campaign June 7, 2008
November 4, 2008 Obama won the presidency

First semester of presidency November 4, 2008 First half of first year of presidency
Obama starts to govern

May 4, 2009

Second semester of presidency May 4, 2009 Second half of first year of presidency
November 4, 2009

Third semester of presidency November 4, 2009 First half of second year of presidency
May 4, 2010

Fourth semester of presidency May 4, 2010 Second half of second year of presidency
September 06, 2010 End of the dataset

4.2 Elementary contexts

This section introduces the elementary contexts gathered in each of the clusters that
were obtained.

Table 3 shows the results of the analysis. It represents the instance distribution
per clusters detected. We also calculated the summation, the average deviation, the
median and the standard deviation in order to validate the distribution of the dataset
among the clusters. The total variance between cluster variances is 0.14.

Table 3 Instance distribution per cluster and validation load

Elementary contexts Percentage
Cluster 1 130 14.66%
Cluster 2 189 21.31%
Cluster 3 261 29.43%
Cluster 4 144 16.23%
Cluster 5 163 18.38%

SUM 887 100
AVEDEV 38.08 4.29
MEDIAN 163 18.38
STDEV 51.70 5.83

There is a difference between the total number of instances of the dataset (895)
and the analysed elementary context instances (887). As we defined a threshold of
four occurrences in the text, the instances that do not enclose words reaching this
threshold (8, corresponding to 0.89% of the sentences of the text) are not considered.
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4.3 Elementary context in each cluster

The results of a thematic analysis of the elementary contexts were performed from
the analysis of the period variable in the dataset.

T-LAB, obviously, does not interpret the clustered contents in a proper sense;
it rather presents a complex output in which the “most significant” sentences and
words are displayed. Of course, the “significance” we are referring to is statisti-
cal, which is measured by a metrical index called test-value. So far, the higher the
test-value (either for a sentence and/or a word), the stronger the association of that
sentence or word for a cluster and, consequently, the more important that sentence/-
word is for the meaning interpretation of the cluster. Table 4 shows cluster distribu-
tion over the six periods of time in percentages. Figure 2 represents the data of the
previous table with a broken line plot graphic and Figure 3 represents the same data
with a bar graph plot graphic.

Table 4 Clusters distribution over the 6 periods before interpretation
Period Theme 1 Theme 2 Theme 3 Theme 4 Theme 5
Democratic Party Presidential
primaries

13.95% 6.20% 0.78% 5.43% 73.64%

General Election Campaign 75.00% 1.52% 0% 0.76% 22.73%
First Semester of Presidency 0% 57.14% 0% 0% 42.86%
Second Semester of Presi-
dency

2.36% 25.20% 60.63% 7.87% 3.94%

Third Semester of Presidency 2.13% 25.53% 46.10% 19.86% 6.38%
Fourth Semester of Presidency 1.90% 33.81% 25.24% 33.33% 5.71%
Total 14.66% 21.31% 29.43% 16.23% 18.38%

Nonetheless, it is not the presence of a certain theme itself what shapes the overall
meaning of the cluster. It is rather the redundancy of that theme across the sentences
of the corpus to allows the identification of a certain categorisation in a certain
cluster. For instance, in the case of the Tweet messages, the repetition of the health-
care reform theme shapes the ”health reform” meaning we assigned to Cluster 3. So
far, it is not an objective meaning-making process produced in the categorization of
the themes, but an inference process guided by the interpretation of the redundancy
of certain words in different sentences. To summarize what said above, we could
define two interpretation criteria:

1. One dealing with the association of a certain theme to a cluster and not to another.
The meaning assigned to a cluster is the fruit of the interpretation of the different
“signs” (sentences and words) it collects: certain signs are more associated (i.e.
more important and central) than others (less important and more peripheral) in
the construction of the hypotheses about the meaning recalled in a cluster.

2. The other referring to the redundancy of the thematic association displayed in the
cluster.

It is by an “abduction process” [14] [9] that we interpreted thematic clustering.
The themes are a hypothetical interpretation that we provided based on the analysis
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Fig. 2 Clusters distribution over the 6 periods before interpretation (broken line plot)

Fig. 3 Clusters distribution over the 6 periods before interpretation (bar graph plot)



Knowledge Mining from the Twitter Social Network 13

of the lemmas that each cluster encloses and refers to. Note that the themes are not
to be intended as fixed, nor should the themes each cluster refers to be interpreted
as fixed. Nevertheless, they help us generalise and interpret the results of Tweets
clustering.

4.4 Cluster Analysis results

This Section aims to illustrate the theme interpretation. The interpretation is based
on the analysis of the lemmas and the distribution of the Tweets among the clusters.

Cluster analysis shaped 5 different ways to represent the political context dis-
played by Barack Obama and his staff since the moment of his presentation until
nowadays. As we already said, each cluster corresponds to a certain theme conveyed
by a different number of segments/messages sent by Twitter.

Table 5 introduces the listing of the first twenty words ordered by descending Chi
square value and organised by theme and the given interpretation. These data were
essential to perform the analysis.

Table 5 Listing of the first twenty words ordered by descending Chi square value and organised
by theme

Theme 1 Theme 2 Theme 3 Theme 4 Theme 5
Livestream American Reform http://wh.gov Visit

http://my.barackobama.com People Health Watch Live Head
Watch it live Work http://bit.ly Live Info

Rally President Congress Speak Iowa
Change we need Obama Call Question Debate

Hold Commitment Insurance Forward Tonight
Town Hall Gulf Wall Street Answer Text
Discussion Clean Energy Hear Move http://barackobama.com

Early Pass OFA (Organizing for America) Education Change
Vote for Change Coast Member Nuclear http://tinyurl.com
Watch the event Lose Yesterday Arne Presidential

Event Future Final Duncan City
Stream Mission Consumer Listen Live Campaign

Joe Historic Senate White House Poll
Economic Pay Law Economy Full

Energy Rights Protection Innovation Today
Clinton Combat Spread Job Msnbc

Conference Freedom Organize National Thought
Reno Create Video Best Look
Meet Recovery Important Tune Ask

Promote Change US Priorities Health Reform Social Issues Build Participation

4.4.1 Theme 1. Promote Change

The first Theme emerging through the analysis identifies two main elements that
could be synthesized as follows:
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On one hand, it is the proposal itself to be highlighted, and in this case Obama’s
proposal is identified first of all concerned with the political change (Change We
Need, Vote for Change) according to the previous situation and according to a few
central issues (Economic, Energy);

On the other hand, the encouragement sent to the citizens through the Tweets
helped them to get to know, get used to and participate to Obama’s proposal of a
new political strategy. This element is underlined by the explicit reference to follow
public debates live (Watch, Livestream, Watch it live, Watch the event) and interven-
tions as well (rally, Town Hall, Discussion, Event, Conference, Meet) or to connect
to Internet pages (http://my.barackobama.com) to deepen the issues presented.

According to these two elements, the first theme shapes the idea of a proposal
intending to promote change in the citizen to whom the messages are addressed:
they are entailed in a change suggestion in which they are also invited to explore
and get to know.

Numbered list of the most relevant Tweets by descending order of the “Promote
Change” theme:

1. In Fredericksburg VA. At a ”Change We Need ”rally with Joe Biden. Watch it
live at http://my.barackobama.com/livestream

2. In Lebanon VA. Holding a ”Change We Need ”Town Hall. Watch it live at
http://my.barackobama.com/livestream

3. In Farmington Hills MI. Holding a ”Change We Need ”Town Hall. Watch it live
at http my barackobama com/livestream

4. In Dunedin FL. Speaking at a Change We Need rally. Watch it live now at
http my barackobama com/livestream

5. In Reno NV. At a ”Change We Need ”rally. Watch it live at
http my barackobama com/livestream

4.4.2 Theme 2. US Priorities

The second Theme highlighted mainly refers to the political strategy to-be (Future)
that the president (President, Obama) presents the American Nation (American,
People) in order to commit (Commitment) to these topics. The questions highlighted
refer to some relevant political topics, such as: Work, Gulf, Mission, Combat, Clean
Energy, Rights, etc.

In this thematic nucleus, it seems that the Tweets associated highlight the political
agenda president Obama is pointing out to the Americans in order to underline the
priorities of his politics and, consequently, to illustrate the priorities the Nation has
to follow.

Numbered list of the most relevant Tweets by descending order of the “US Pri-
orities” theme:

1. This Labor Day know that I’m going to keep fighting to turn this economy around
put our people back to work and renew the American Dream.
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2. I made a pledge to the American people as a candidate for this office — and
tonight the American combat mission in Iraq has ended.

3. On Labor Day we honor the American worker and reaffirm our commitment to
the great American middle class. http://j.mp/a3RjbF

4. While making progress today we renew our commitment to ensuring that women
receive equal pay for equal work. http://j.mp/akQWEj

5. Stand with me in backing Clean Energy. Send a clear message that the American
people are ready for a clean-energy future. http://j.mp/cKspy5

4.4.3 Theme 3. Health Reform

The third Theme, differently from the two previous ones, expresses a specific topic
(that of Health Reform) to which the different co-occurring words give form. In this
case, the political reformist direction that Obama submits seems protective (Pro-
tection) and innovative to all the people this reform is addressed to (Consumer).
Despite of its apparent reformist and protective content, the words co-occurring in
the cluster underline how this reform does not appear to be linearly welcomed: it
rather appears much debated in the political centres (Congress, Senate), and also
strongly opposed and contrasted within other constituted economical power centres
(Wall Street).

In this cluster, thus, the health-care reform shapes up as a very controversial
topic, strongly wished by some (those who take part to the presidential policy), as
well as powerfully disliked and fought by rivals (in particular within the economic
circles). If the presidential Twitter messages underlines the importance (important)
to sustain the reformist actions in terms of a response/action of participation (called
“Organizing for America”), this call also highlights the presence of a clear oppo-
sition between opposed factions in the political field. This is why the third Theme
appears to be the most radicalised and the most emotionally charged and, at the
same time, the theme in which the enthusiastic request to contribute to the political
demand by an action of participation is most present.

Numbered list of the most relevant Tweets by descending order of the “Health
Reform” theme:

1. Have video skills? Want to help pass health reform? Enter OFA’s Health Reform
Video Challenge: http://bit.ly/SHdr3 #hc09

2. Since August OFA supporters have made over 800k calls to Congress to support
health reform. Help break 1 million today: http://bit.ly/5-b

3. Health reform just took a huge step — but the insurance lobby is working hard
to stop it. Urge Congress to pass real reform: http://u. nu/6jhi3

4. As Congress prepares for final votes on Wall Street reform tell your member of
Congress that you support reform. http://j.mp/bhyaXG

5. Health reform debate moving soon to the full Congress. it s time to be heard.
Help OFA reach 100000 calls on 10/20: http://bit.ly/10-20
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4.4.4 Theme 4. Social Issues

The Tweets associated to the fourth Theme, similarly to the second cluster enucle-
ated by the analysis, encourage citizens to get to know and take part in Obama’s
presidential strategy, mainly by identifying the most important and problematic So-
cial Issues of his political agenda. These Issues concern the four most important
National elements: economical (Economy, Innovation, Job – and not comprehended
in the first 20 words: Growth and Business), educational (Education, update), envi-
ronmental (Nuclear, Plant, and not in the first 20 words: Oil and Spill) and security
elements (Terrorist, Security). These social issues seem to be concerned with two
more elements: on one hand they are not limited to the US Nation (as in the second
Theme) but entail the entire world (world); and, on the other hand, they are presented
as related to the urge (urgent) to respond to the crisis that president Obama has to
face. Furthermore, the Theme explicitly recalls the invitation to follow (Watch Live,
Listen live) official (White House) speeches, meetings and interventions (Speak,
Question, Answer) live.

Numbered list of the most relevant Tweets by descending order of the “Social
Issues” theme:

1. Speaking about education reform at the National Urban League 100th Anniver-
sary Convention. Watch live at 10: 05 a. m. ET. http://wh.gov/live

2. Speaking about today’s monthly job numbers report the best in four years at
11am ET. Watch live: http://wh.gov/live

3. Speaking from the White House Rose Garden on the urgent need to extend un-
employment benefits. Watch live at 10: 30 am ET. http://wh.gov/live

4. Hosting small-business owners & speaking on the importance of small businesses
in our economy. Watch live @ 11: 15 am ET: http://wh.gov/live.

5. Taking questions from young African leaders from 47 nations at a White House
Town Hall meeting. Watch live at 2 pm ET. http://wh.gov/live

4.4.5 Theme 5. Build Participation

The fifth and final Theme refers to the need to present Senator Obama as a poten-
tial future president, running for the electoral campaign, and highlights the main
topic he is concerned about, that of the commitment to Change. The presentation
of Barack Obama’s campaign (Campaign) is made by the encouragement (En-
courage) to attend, participate and listen to his Presidential Campaign, either lo-
cally (Iowa, City, Location) or daily (Today, Tonight), to follow (Look) his talks
(Visit, Debate) or to watch what is presented on the Internet or on TV (Info, Text,
http://barackobama.com, http://barackobama.com, Msnbc).

Thus, this theme mainly organizes itself on the need to make the population feel
the wish to participate in the presentation of this presidential Candidate, in order to
support him in his electoral campaign.

Numbered list of the most relevant Tweets by descending order of the “Build
Participation” theme:
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1. In Myrtle Beach heading to tonight’s debate at 8pm on CNN. Please visit
http://barackobama.com to watch my speech from Dr. King’s church.

2. Watch the VP debate at 9pm ET tonight and cheer on Joe. Also remind your
friends to visit http://voteforchange.com & register to vote.

3. In Iowa and heading to today’s NPR/Iowa Public Radio Presidential Debate.
Watch it live at 2pm ET by visiting http://www.npr. org

4. Asking for your vote today. For polling location info visit http://VoteForChange.com
or call 877-874-6226. Make sure everyone votes!

5. In Iowa this week and heading to the Iowa State Fair later this afternoon - Visit
http iowa barackobama com/roadtochange for full schedule.

4.4.6 Distribution of the cluster percentages in the different periods

Table 6 shows the distribution of the Tweet dataset among the categories and the
time periods in terms of absolute number of Tweets and in terms of percentages.
If we analyse which period has the most relevance per category, we find out the
following correspondence:

• Promote change was more relevant on the General election campaign.
• US Priorities was more relevant on the the first semester of presidency.
• Health Reform was more relevant on the second and third semester of presidency.
• Social Issues was more relevant on the fourth semester of presidency.
• Build Participation was more relevant on the Democratic presidential primaries.

In order to provide a validation to this correspondence, we submitted the data
to a Pearson’s Chi-Square test. Results confirm our previous considerations, high-
lighting statistically significant relationships between Periods and Themes (chi-
square=951.730, d.f.=20, P=0.000).

Table 6 Distribution of the Tweets dataset among the categories and the time periods with theme
interpretation, indicating the absolute number of Tweets (N) and the percentages (%)

XXXXXXXPeriod
Category Promote Change US Priorities Health Reform Social Issues Build Participation Total

N % N % N % N % N % N %
Democratic Party Presidential Primaries 18 13.95 8 6.20 1 0.78 7 5.43 95 73.64 129 100

General Election Campaign 99 75.00 2 1.52 0 0.00 1 0.76 30 22.73 132 100
First Semester of Presidency 0 0.00 4 57.14 0 0.00 0 0.00 3 42.86 7 100

Second Semester of Presidency 3 2.36 32 25.20 77 60.63 10 7.87 5 3.94 127 100
Third Semester of Presidency 6 2.13 72 25.53 130 46.10 56 19.86 18 6.38 282 100
Fourth Semester of Presidency 4 1.90 71 33.81 53 25.24 70 33.33 12 5.71 210 100

General 130 14.66 189 21.31 261 29.43 144 16.23 163 18.38 887 100
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5 Conclusion

In this chapter, we put together the word of meaning-making and the need for im-
proving the analysis of the political communication process in the domain of So-
cial Networks. Specifically, we focused on the political communication of Barack
Obama in the Twitter Social Network service extracting knowledge forms from his
Tweets messages.

We introduced a general methodology to analyse the messages of the Twitter
Social Network users and performed an experiment with it. The results represent
the mined knowledge from Barack Obama’s Tweets.

The results seem to show an evident relationship between the political agenda
of Barack Obama in each period of time and the Tweet posts that were shared on
the Twitter Social Network. These results appear to indicate that there is a relation
between users’ behaviour on the Social Networks and their real life chores. Further-
more, we demonstrated that the proposed method is able to extract and represent
knowledge from the Twitter Social Network by extracting valuable information.

We consider that the proposed methodology may be applied to other research
areas among the meaning-making process. It could help new issues, related to Social
Networks (such as marketing, user profiling or trend analysis), to emerge.

Future work will focus on applying the proposed methodology to other represen-
tative users of Twitter and other Social Networks data.
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