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Abstract

In this paper we present a simple and easy to use tool box that can be used for  social media content
analytics in the world of Twitter . The tool box was developed primarily for researchers with minimal
computing background who wish to visually analyze the content of tweets (text and the associated
metadata such as screen -names, hashtags, mention s, etc.) across the twitter -defined timeline or a
user -specified timeline. The tool  box is open source and built on top of the R programming platform, R -
Shiny and R -word cloud . The tool box uses a word cloud approach to vi sualize both the metadata and

the N-gram text sequences that make up the tweets co llection (the tweet s corpus). F ilter mechanism s
of the tool box allow the researcher to control for the type and amount of data displayed in the
associated word clouds i allow ing for a finer resolution of analysis

Keywords: Text - Analytics, Visual - Analytics , twitter, R-shiny, word -cloud , N-grams .

1. INTRODUCTION tweets i typically related by hashtags, keywords
or authors. We will refer to this dataset of
Social media sites are a rich source of data for tweets as the tweets  -corpus.
researchers and practitioners to analyze. This is Typically  acquiring the tweets to form the
especially true of Twitter as it provides a fireal - i s far f ivial. Twitter d
time window into the opinions, hopes, beliefs, twe (_ats corpus IS far from tr|V|a_. witer oes not
complaints and dreams of its users, and the pr0\_/|de a non -progra_mmatlc mechanism o
insights  that it aggregates can  provide easily download the public tweets of any user
marketers, product developers, sales, digital (except_ your—own _tweets). A number of
journalists, sociologists, educators -- really, the _(l:_ompanles (Gnlp,_ exporﬁweet.cqm,
entire  enterprise - with deep, rich and witonomy.com) do provide downloads of public
spontaneous feedback on vir Ewﬁe}:\slf Prgfe_% Iﬁlo)yverr,oapnlilméa%rof ofhyare
etal. 2013). toos_ are vallab_le_tha _aIIow one t__ ree_ly_
acquire tweets (within Twitter -specified limits).

Each tweet , although only 140 characters in Tweets can al so be captured b
length, has an associated collection of scrapingo software or by wutilizin
interesting metadata that i Tn avhiah d pavide$ haecessa tot tweer 615 via a
username ( screen-name), timestamp, geo - programming language such as Python or R.
location (if enabled) , hashtags, retweet -count, The Twitter Capture and Analysis Toolset (Borra
favorite -count, et c . A resear cher Oefal #804a4) prevaes a freely dvailable software
typically consist of a large number of related distribution that can be used to capture tweets T
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however it requires users to have some
familiarity with system administration concepts
as the package is meant to be deployed in a

(or sequences of one word) in the text. The
word fAMaryo i-grtameahidr it ambo i s

fifth one -gram. During

N-gram  analysis

Linux environment . It also provides summaries iinsignificantd words suc
in the form of pie charts and line graphs. are frequently dropped.
. |l ambo are amon erektiag 2mgra
Once acquired, a tweets -corpus presents an in the phrase 9 9 granes
analysis challenge to those individuals who are ’
not comfortable with programming. Many freely - There are numerous freely -available tools to
available software libraries are available to assist generate word clouds. They vary from simple
in the analysis of tweets (and other social media web -based tools such as wordle.net to
data and free -form text). However, many sophisticated code libraries (e.g. the R -based
require the user to have extensive previous word cloud package) that allow users to
programming skills. We created our tweets - calibrate almost all aspects of cloud creation.
corpus analysis tool box to help address this We use the R -based word cloud in combination
issue 1 allowing individuals without the with RWeka and tm packages to facilitate the
programming background to visually analyze the analysis beyond the 1 -gram (Feinerer et al.
corpus and associated metadata. 2008, 2015; Hornik, et al. 2009; Fellows 2014).
2 RELATED WORK Word clouds, by their very nature, provide
’ pictureodo insight into a
Analysis of twitter data is certainly not an occurring with great.er frequency are placed in a
unexplore d topic. Many powerful tools have been larger or more domm_ant font or color. Examples
developed to analyze social media data pf word clouds usedlln our tool box can be found
(including Twitter). Several of these tools in subsequent sections below. Almost all the
require no programming background and word c loud tools we have examingd operat_e
provide rich insight into the data. However, this ﬁ,loletly i at ﬂt]he f 1 -gram flevelh ! d g.raphlcally
analysis is almost exclusively focused on the flustrating ‘the frequency of each word In a
social media metadata i how often was your corpus. .How.eve.r, our tool ~ box  supports word
tweet retweeted, how many people are following cloud wsuallz_atlon of I_arger N-grams. The
you, how many people mentioned a specific tool box provides user interface comrols that
hashtag, etc. To date, there has been little focus alrlor\;v the vL\j/iS;ﬁr t(:i:]pﬁg'fy nl;l—grar:w Sr'lzen(l#: -t1EiJIt4r-
on easy -to-use tools for the analysis of tweets gral S) {imetine screen -name €
text - more specifically tools that allow a pptlons. Mqre |nfo_rmat|on is provided in the
researcher to visualize the central themes of a implementation sections below.
set of tweets and how these themes evolved .
over time. Natural Language Processing
Although our tool box is meant to assist the
The paper by Zimmer and Proferes (Zimmer et researcher to perf orm intelligent analysis on the
al. 2014) provides an overview of how Twitter tweets text we, as of yet, do not perform any
data is being used by researchers. It found t hat form of sophisticated natural language
content analysis was the dominant form of processing on the text. This type of processing
analysis performed on tweets. Content analysis, might take the form of sentiment analysis or
as defined in their p a p e r , othersforno of ematufalwWénguage undersktanding
within a tweet was used in part of the analysis in wherein the tool box attempts to classify the text
some wayo. We envhoswilbbeusedur tnsare manner 1 for example, classify the kind
mainly for conten t analysis but it also supports of speech act intended by the creator of the
analysis of some of the metadata associated tweet (Searle 1969 ) or labeling a tweet as either
with the tweets corpus . Word clouds (sometimes positive or negativ e toward a particular
also referred to as tag clouds) are the central company, product , situa tion or an event
visualization elements of our analysis tool. - .
Traditional theory, algorithms and tools that
Word Clouds have been developed to analyze text from a
We use a word cloud approac  h (Viégas et al corpus linguistics perspective (McEnry et al.
2007, 2008, 2009) to visualize the N -grams and 20123 B!rd et al. 2009; Feinerer .et al. 2008,
the metadata of a tweets -corpus. An N -gram is 2015; Miller 1995) do not necessarily work well
defined as a continuous sequence c')f N  -words in for socia | media based text. Social media textis
some block of text. For example, in the phrase typically grammatically incorrect, uses words
~ ' e ' N that are not in the dictionary and emb eds
A Mar had a [Iiithere reefivd 1a Agoains . .
y symbols, urls, hashtags, mentions and emoji(s)
©2016 ISCAP (Information Systems & Computing Academic Professionals) Page 2

http://iscap.info

h as i
iMary
int

Aibi g
corpus



2016 Proceedings of the Conference on Information Systems Applied Research

Las Vegas, Nevada USA

ISSN: 2167 -1508
v9 n4259

This makes it impractical to apply standard
corpus linguistics algorithms and tools to analyze
the content. (Maynard 2012) outlined many of

the challenges that face social media text
analytics .

Social Media Text Analytics

Social data is about the speech act itself , its
background and its illocutionary effect . Until
recently, except for the few that were

documented and historically speaking, almost all
speech acts went unnoticed. Those that have
been archived are in forms and formats that are

hard to access and subsequently hard to
analyze. The internet and the underlying social

medi a technologies however, provides us with
platforms to express thoughts, say what is in our

mind, make a comment , state a belief or
express an opinion , an emotion or a desire . It
also allowed for those thoughts to be captured

and stored in digital formats t hat are retrievable,
searchable, indexable, presentable and
analyzable . At any given moment in time, those
platforms allowed for the spawning of many
social media networks and the forking of
multiple communities.

Social media text bundles have a social ac tive
characteristic, are spur of the moment, do not
easily conform to the traditional natural
language processing rules, syntax and grammar.

It uses language in a way not governed by
traditional rules, it is free flowing, ambiguous

and less rules bound. So cial text is about the
intention of the speaker, has a performative
function and it is communication centric. In the
case of Twitter, a tweet is created on the fly, it

has a time component, a social aspect
component, an intertextuality component and a
para -textual component. When bundled
together, a tweet collection becomes a corpus
where each tweet is a rich document surrounded

by a bundle of metadata (timestamp, hashtags,
mentions, originality, status, geo -location, etc.
within the bundle), the corpus is multi -
dimensional and various aspects of it are
analyzable (Ferragina et al. 2015; Metaxas et al.
2015).

3. THE CASE FOR VISUAL TEXT ANALYTICS

Well -designed  visualizations are intuitive,
insightful, hypothesis generating, help dispel

myths, enable discoveries, emphasize a point of

view or help discover patterns in almost every

aspect of knowledge of our world. Terms like the

Aithinking
to the Swiss -German artist Paul Klee and have
been extensively used in the data visualization

literature. T he daunting challenge in social
media text analytics is to make the content of a
tweets -corpus visually available in a us eful and
presentable way for a researcher who is not a
programmer , however expert in the domain
content of the tweets -corpus. As John Tukey
(Tukey 1977), the great statistician stated . Tlie
greatest value of a picture is when it forces us to
notice what we never

Our tool box allows an individual who is
interested in performing ad -hoc analytics on a
tweet s-corpus to interactively and visually
analyze it and its metadata, across multiple
dimensions. We follow standard visualization
principles. The user (browser  -based) interface is
built around the R -word cloud, R -Shiny package
and its widgets (Chang et al. 2016), the
comput ing engine (server back -end) is built
around R, R t ext-analytics packages tm
(Feinerer et al. 2008) and RWeka (Hornik et al.
2009) .

As previously stated, we use a word cloud
approach to visualize the N -grams and the
metadata of a tweets  -corpus. We apply timeline
and metadata filters to allow the individua |
expert to get a better understanding of the
context within which the content (tweets) was
initially published. In our current implementation

the word cloud itself is not yet interactive T you
cannot directly manipulate and interact with the
generated wor d cloud (drill down on an N -gram
to view the corresponding tweets) . This is a
limitation of the R -word cloud package and the
R-graphing system i which we may not use in
future versions of the tool box. However, we
allow for the interactive control of the fr equency
ranges, N -gram count and font range. The
tool box allows the user to interactively and
easily slice the content across a timeline and
filter by the tweet author (screen-name ).

Most forms of data analysis typically follow a
three -phase process. Firs t is the data collection
phase wherein the necessary data is collected,
possibly from multiple sources which can be a
combination of  API(s), screen -scrapping,
purchase, etc . The second phase, which we will
refer to as the data repurposing and cleaning
phase, typically involves error checking and
transforming the data in to a format that can be
cleanly loaded into the software being used for
analysis. For example, t he creation date and
time of a tweet is usually in GMT (Greenwich
Mean Time ), converting it to  the current locale
may be necessary for meaningful analysis ;

édhyee O sered niglatebback i n Ohashtags and mentions are part of the body of

the tweets, they may need to be extracted out
for further analysis . The final phase is where the

©2016 ISCAP (Information Systems & Computing Academic Professionals)

http://iscap.info

Page 3

expected



2016 Proceedings of the Conference on Information Systems Applied Research

Las Vegas, Nevada USA

ISSN: 2167 -1508
v9 n4259

analysis actually takes place T data is typically
filtered, summarized and visualized. Our tool box
is meant to assist in this third phase - to make
the data analytics phase (of a tweets -corpus)
generic, repeatable, interactive, intuitive and

easy to use. The data collection and data
repurposing phases are b eyond the scope of this
paper. The current implementation assumes that

the tweet s-corpus has been created using the
twitteR package (Gentry 2015) . However, if the
data has been acquired using other methods
(Python -twitter API, purchased through a twitter
subsidiary or screen -scraped from the twitter
homepage ) we do assume that the data has
been converted into an R -dataframe format  form
that is compatible with twitteR reference
class list (Gentry 2015) . This format is shown in
Figure 1 - the underli ned attributes are the ones

6statu

shows the result of the regular expression filter
Anl . * prayo
tweet s-corpus. This regular expression is
filtering for all tweets (in the corpus) that
include the
t weet followed by the
the text. Note that this regular expression
allows an arbitrary number of words to appear
bet ween | etter Al 0 and
can also be done via the tweet sbauthor ( screen -
name ) and the date of the tweet s. This can be
seen in Figure 3 which
Dump Russi an
filtered on the  screen -name

he tooGoWamfAMANnal ysi so tab
0 interface elements that allow the user to
visualize the text of the tweet s-corpus using

b ei n gPope fFraricis e d

capital l etter
word

t he

il o at
Aiprayo

word T

shows the
V o d-koapus beinge et s
fifakedansavageo.

provi de

that are currently required by the tool box, the worg cllougs.fl:tlﬁ;ure 4 Shows a 3St -glram -bas%d R
hashtags and the mentions are extra cted from word clou ‘O e nbump ol 1, ump uss
the body of the tweetos textVOdkao t-oorpus.t sNote  that the user
interface ele ments below the word cloud allow
4. THE INTERACTIVE TOOL BOX the user to control the N-gram level (1, 2, 3 or
' 4-gram), as well as Ilimit s on (1) AfToken
The retrieval, in -depth manipulation, text \'j : er?i Lr'le Qdc\y ; tdlia\ilulvcrw]\‘/rgoetbs ?Iterlng 2—outthof
analytics, and presentation of the results require Me y g Na b e)q( 0 N eque_lf:eks, d'( )I Z
dexterity in programming which is lacking in aximum Number o -gram Tokens displaye
most of us. Our main goal is to abstract the Fo control for  which tweets data will be included
analytics phase and make it generic, repeatable, n :lheiizworc\i/ CrIOUdhi h idn dr W (rd3 )v ; n llz\?v nt ze Sc
interactive, intuitive and easy to use. This allows penalize - very .g a. ewa . e.y 0
a researcher from a non  -computing discipline to frequency tokens in the display - Filtering can b_e
achieve their goal of gaining an understanding, done on screen -name _and/or tweet s corpus slice
insight and knowledge of the content through of the date range. Additional elements (font size
iterative interactive analytics without needing to alnd dtci)kern nfdre;]L:jenC)q_) tg:]ov?rr:]t h(i);N tr;ethworld d
learn how to write or repurpose code. Allowing cloud 1S rendere € font size ot the clou
the none -algorithmic, non -programmer  to _elements and the number of elements appearing
visually analyze tweets -corpus across multiple n _thew ord cloud ., the most frequent tokens_are ~
dimensions di splayed with the highest AFont
' scale.
Table 1 briefly summarizes some of the datasets . . N
(tweets -corpora) that were used during the _Vafy'”g_ the N-gram level can provide significant
development and testing (piloting) of the insight into the tw_eet s-corpus. Two, three and
tool box. | n the following sections we present four -gram analysis _prOVIdes a more contextual
the various components of the tool box and their umsargeinoﬁ tEteir\wl\tlord?hlr 3 tr;?n:wrereltst a(;utjwthetrefore
functionality. All screenshots used in this paper ore Insig 0 a thread ot interrelate eets.
. o . We have found that 2, 3 and 4 -gram analysis is
were taken while utilizing the datasets in the . . .
previously mentioned  table particularly useful in the analysis of the tweets
' of competing groups i two or more groups with
The User Interface opposing messages. The tool box facilitates this
Upon startup, the tool  box presents the user with V|sual comparlson of multlple word clouds via . d L
three tabs (ALoad & View- ? %V % % o) N NeEwW Wi ndowo
Gram Analysiso and A Me t d’altl Qun dleg veth t(l)ellnefllterln

located near the top of the screen (Figures 2, 3,
4 and 5).
tab allows a user to import a tweets -corpus.
Once | oaded, the tweets -corpus is displayed in
tabular form and can be filtered (to allow
selective viewing of tweets) based on word or
regular -expression pattern matching. Figure 2

T ¥i lwoad Tweet s

the user |nterface |gure 4 & 5). A use of
3h§ fe%t%re |§ %scussed in greater detail in the
application section below.

The tool 6s fiMet adat a
access to the interface elements that allow the
user to visualize the metadata ( screen -name s,
mentions, hashtags and applications used)
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associated with the tweets -corpus. Figure 5
show s a metadata analysis of the Narendra Modi
tweets -corpus. In this  figure we see a word
cloud corresponding to the individual & (screen -
name s) that are referenced (mentioned) in the
tweets. The prime minister mentioned himself
(@narendramodi) most frequentl y (206 times).
The screen-name @pmoinidia is mentioned 82
times while @un is mentioned only 37 times.
The screen-name metadata analysis gives the
user of the toolbox insight into the inner circles
and the interest of the prime minister. The
tool box also al lows for the analysis and the
comparison of the hashtag s, and underlying
application used to emit the tweet (iPhone,

Galaxy, Blackberry, the kind of twitter -app,
etc.).

5. THE APPLICATIONS OF THE TOOLBOX

While developing and testing the tool box we

collaborated with a number of our colleagues
(across multiple disciplines) to utilize the tool

in academic research and in the classroom. In
this section we briefly describe some of this
work in the hope that it will inspire others to use
the tool box for similar or new areas of research
and pedagogy.

box

Colleagues in the Management Department
utilized the tool box in the development of a
crisis management  study on how executives at

Stoli Group USA handled a social media crisis

during the same study  -related time period. Note
the sharp difference in the message and tone in
the 3 -grams of the two competin g voices.
analyst can also compare the content in Figure 6
to the overall content in Figure 4 for the same
ti me period. It is cl
message is winning over the Stoli
message.

During t he Popeds recent
United States a colleague in the Religion
department utilized the 3 -gram word clouds (of

t he P otpeetS)sgenerated by our tool box to
facilitate classroom discussions. After showing

the word clouds (containing 3 -gram phrases) to

the students, the instructor found t hat
individual phrase or, more often than not, a
number of closely connected phrases led them
[the students] to begin a conversation about a
topic that was forming in their minds but they
had not yet articulated

Another colleague in the Religion department is
utilizing the tool box to visualize the tweets of
I ndi abds Pri me Mi ni
colleague is planning on having his students
utilize the toolbox in a class on topics in
contemporary religion and science.

An

ear t hat

-team

up to

An ad hoc Session with the Tool Box
While analyzing the Stoli -tweets, a colleague
asked the question: What was Mr. Savage

tweeting about the day before he published the

t

i An

tf

(2015)

ha

st erThsNarendr a

that began in the summer of 2013 when fiDan idumpstolio fidumpRussianVodkao h:
Savage 0, an LGBT activist and sex advice Avatar? The 2013 -07-23 tweets were not part  of
columnist  (https://twitter.com/fakedansavage ), the G_nlp dataset that we acquwedj alsq when we
called for a boycott of Stolichnaya vodka acquired the dataset, our queries filtered on
because of its perceived Russian origins. The hgshtagsa and ”gt ; ?creen ;nétlwmttet(S). Using the
Russian Government was being sharply criticized a V?nced ﬂ?earct eta urewoth : er.codmth ht lwe
for the passing of discriminatory anti  -gay laws. Cip ur? e?;: \;vee T i e er;(ga\:;ﬁ the idm ¢
Savageos Twitter messages R\{gicgplt)e? nev(\éeﬁdégt(hs)'tgz.ttlg eAPlso
show solidarity with, and to draw international € tweels - an using - the e we
attention to the plight of, the gay, leshian, bi - acquired the data_and '°ad?d It into t_he tOOIbO).('
sexual and transgender (LGBT) community in The process Qrowdeq us with an insight into Mr.
Russia. The tweets that comprised the ca se ngag_eos I nt er_est s at .I arge andN
. hi s |ntere.|st. in c£reating t he n
study wer e purchased dlrecI.IjX] Rfrom Wlhf(etosh ht d
subsidiary, Gnip  (https://www.gnip.com/ ). The nFi ; p3 \u/is Slilzinn ?h 3013 a 007 23 t\?vst ina 9s an
dataset provided access to all relevant historical Eh gute Itz. SUF"’.I 9 7e " d i -t f'eg S
tweets (those containing hashtags such as ne oro ?X ( |gl:_ren ), ag\éven tus 0 rm' |
#dumpstoli and #dumprussianvodka) over a 40 answers 1o questions we di 0 previously
day period between July 23 - September 1, propose to investigate K We were also able to
2013. Utilizing the tool  box our colleagues found colmtpzrtte tgtel_corltent V\'I:'th h|s4twvt\e/ets as bl tthey
several trends in the tweets - who the influential :e ake 0 thOI case (Figure ).t € wefre a etho
tweeters were; what was the sentiment of the ﬁra(;: m Re a_mnomrjlr;\c/em;nd 9 ¢ We farc
related tweets (those utilizing the relevant umpRUsSSsI a 0 @mp st @vataro
hashtags) and the main geographic locations we were also able to find out where it all started, X _
that the tweets were emanating from. Figure 6 gs It v(;a s g?ilz;o,i 910;9 5'\(/)”\ ' h S ahv ageos Ul
shows a 3 -gram word cloud comparison of the i ) ‘ rt] d- Ao } t . rgW e? € - B
Stoli company tweets and Dan Savage tweets etweete : 0s ! € c ca a
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2014 OLYMPI CS I N RUS S| gedayated fword mcloud is currently not
@BrianKentMusic, 12 hours later (2013 -07-24 interactive. As part of the long term

13:51:54) he announced his avatar. These are enhancement of the toolbox , we want to
the typ es of capabilities we want to give to the implement an interactive Web -GL, SVG-based

word cloud wherein a researcher can drill down
ysiegr theotokems idisplaytee in ItHe gverd ¢ e cloud

investigator  of the content to facilitate their
anal ysi s. To allow them to

Anal ysi so through t he fi S e iselfc to fuetherd inveBtigdtet ¢he ounderlying
ifiSchemati zeo, fiBui |l d Ciddékes 0, coniehte and cor@sponding dweets
a Presentationo (Pirolli et al 2005) .

Another ad hoc Session with the Tool

Another question that was raised: Has Pope
Francis 6 message changed between
Christmases? With our toolbox and using filters

(Dec. 20 -31%) of 2013, 2014, and 2015 (Figure

8); the data provided an abundance of insight
into the overarching themes. In 2015 messa ges
about prosecution and suffering predominated

as compared to the 2013 and 2014 messages

Tool box
box we paid a close
attention t o tmalkeng Mddlel nfer e
Intelligence Analysisbo
Card et al. 1999). A Model -View-Controller
(MVC) pattern approach was used to build the
tool box. The user interface (the View), is built
on top of R -Shiny, R -data table and R -word
cloud packages. The R -word cloud p ackage is
used to render the N -grams of the text and the
metadata. The back -end server (the Controller),
is built on top of basic R, RWeka (Hornik et al.
2009), R -tm text mining package (Feinerer et al.
2013) and R-helper packages. The R-Shiny
server (Chang et al. 2016) manages the
reactivit y of the user interface and encapsulates
the set of utility functions needed to interface
with the data (Model) to perform the text -
analytics functions on the tweets -corpus. The
Model encapsulates the data and the set of
functions used to retrieve, query, clean and
manipulate a tweets corpus.

The Implementation of the
In designing the tool

6. FUTURE WORK

Work continues on improving the usability and

the feature set of our text analy tics tool box . Our
future plans include accepting a tweet S-corpus in
both  CSV and JSON formats, enabling live
querying of t witter so that a twitterer and their
circle of friends information can be displayed for

a given screen-name, incorporat ing a higher
resolution view of the timeline to the hour and
possibly minute  or even the second level is a
high priority , includ ing user interface elements

@GP r

7. CONCLUSIONS

Twitter data is playing an increasing role in
research conducted across a variety of fields. In
2010, the Library of Congress and Twitter signed
an agreement for the Library of Congress to
retrieve and store all of the public tweets and on

an ongoing basi s. Eventually the tweets will
become availabl e fiin a
wayo (Library of Congress
not clear as to when and how this data trove will
become available. This also emphasizes the
need for new approaches and different ana lytics
tools to be developed.

| |, . 1999, 2
\R/e ha\'/e |mepltemerzlated an extégnsglb?e tool 0

box for
the visual intelligent analysis of a tweets -corpus.
This tool box makes the analysis process

repeatable, and the results are replicable. It was
primarily designed for individuals w ho typically
possess no programming background such as
social scientists and
contributions include visual N-gram (1, 2, 3 and
4 -gram) analysis of a tweets -corpus in
combination with filter mechanisms that can be

used to ref ine the granular level of analysis. The
tool box is open source and freely available.

Finally, one common misunderstanding of the
framework is that it just produces pretty  word
cloud s. While t he framework does indeed display
aesthetically appealing word clo uds, its power
however is in the analytics back -end that
enables the visual ization of content . Social
event s fade away as fast as they come to life.
This framework allows for the instant analytics

of social media content within the context of
Twitter. An a rticle, an event, a comment that
spurred a storm of ~ Twitter -based reaction can be
instantly  analyzed and its  background
investigated by a digital journalist, a
commentator, or an opinion article writer . Our
toolbox facilitates the contextualization of the
parts.
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§ :Reference class 'status'

App endices and Annexures

Anatomy of a Tweet
[package "twitteR"] with 17 fields

.. 8 text : chr "I had 15,000 people in Phoenix but @politico said \"the rooms capacity is
just over 2000.\" But said Bernie Sanders had 11,000"| __truncated__

..% favorited : logi FALSE

..§ favoriteCount: num 3239

..% replyToSN : chr(0)

..% created : POSIXct[1:11, format: "2015-08-22 20:13:21"

..§ truncated : Togi FALSE

..% replyToSID + chr(o)

..% id : chr "635182993334792193"

..% replyTolUID : chr(0)

..% statusSource : chr "<a href=\"http://twitter.com/download/android\" rel=\"nofollow\"=
Twitter for Android</a-="

..% screenName : chr "realDonaldTrump"

..$ retweetCount : num 1970

..% 1sRetweet : Togil FALSE

..% retweeted : Togil FALSE

..% longitude : chr "-74.6971706"

..% latitude : chr "40.6546378"

..%5 urls :'data.frame': 0 obs. of 4 variables:

. --%url : chr(0)

. ..% expanded_url: chr(0)

. ..$ dispaly_url : chr(0)

. ..% indices : num({0)

Figure 1: The structure of a twitteR

tweet

Tweet Subject Tweet Timeline Acquisition Comments
Count Method
Pope Francis 795 2013 -03-17A | twitteR API Pope Francis tweets
2015 -12-31
Narendra Modi 4,034 2014 -12-10A | twitteR API Prime Minister Modi tweets
2015 -12-31
John Stewart 3,010 2015 -08-08A | twitteR API Last Night of the Daily
2015 -08-09 Show
Elton John 4,099 2015 -03-16 twitteR API Dolce & Gabbana Feud
Keith Olberman 1,238 2015 -02-17A | twitteR API Feud with Penn State &
2015 -02-24 suspension by ESPN
Saudi Leaks 5,671 2015 -6-20 twitteR API Comments on Saudi leaks
Dump Stoli, Dump 53,954 2013 -07-23A Purchased+ Tweets were Purchased
Russian Vodka 2013 -09-01 Python +R + from GNIP for a case study
ScreenScrapping
Sarah Palin 16,347 2009 -11-19A | twitteR API Mrs. Palin timeline & Palin
2015 -09-11 related tweets.
Donald Trump 30,264 2015 -06-28A | twitteR API Mr. Trumpds tin
2015 -09-10 Trump related tweets
1600 Pennsylvania 16,061 2016 -01-01A | Google Maps We used Google Maps API
Ave Washington DC 2016 -01-13 +Twitter API(s) & Twitter geo -location tags

Table 1: Tweets -corp ora used in testing the toolbox
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http://127.0.0.1:5047 | 21 | Openin Browser | | "Ef Publish -
Load & View a Tweets dataset MN-Gram Ana|y5|5 Metadata Ana|y5|5 i

Choose a .RData File

_fex795_Jan04_UTDF Rdata

Show E entries Search: Show / hide columns

text favorited

M.* pray ®

| am happy to pray today with the Lutheran community in Rome. May God bless all who work for
dialogue and Christian unity.

| am deeply saddened by the terrorist attacks in Paris. Please join me in prayer for the victims and
their families. #PrayersForParis

| ask you to join me in praying for my trip to Cuba and the United States. | need your prayers.

©

| am happy to pray today with the Lutheran community in Rome. May God bless all who work for
dialogue and Christian unity.

| am deeply saddened by the terrorist attacks in Paris. Please join me in prayer for the victims and
their families. #PrayersForParis

| ask you to join me in praying for my trip to Cuba and the United States. | need your prayers.
| pray every day for all who are suffering in Irag. Please join me. hitp://it.co/10d1EpV4zg

| ask all Catholic parishes and communities to offer a special prayer this weekend for Iragi Christians.

(+)
()
(+)
(+)
(+)

| ask all men and women of goodwill to join me in praying for Iragi Christians and all vulnerable
populations.

| ask all people of good will to join us today in praying for peace in the Middle East. #weprayforpeace

| ask all of you to pray for the victims of the floods in Bosnia and Herzegovina, in Serbia and in other
countries in the region.

| join the March for Life in Washington with my prayers. May God help us respect all life, especially the
most vulnerable

| ask all of you to join me in prayer for the victims of Typhoon Haiyan / Yolanda especially those in the
beloved islands of the Philippines

| thank everyone who participated in the prayer vigil and the fast for peace #prayforpeace

In this Year of Faith, we pray to the Lord that the Church may always be a true family that brings
Goda s love to everyone.

| am close to the families of all who died in the Oklahoma tornado, especially those who lost young
children. Join me in praying for them.

© © 09© © © @ ©

It would be a good idea, during May, for families to say the Rosary together. Prayer strengthens family
life.

Showing 1 to 17 of 17 entries (filtered from 795 total entries) Previous

4 | 1 |

Figure 2: Load & View a Tweets dataset tab: Pope Francis tweets, with a regular expression filter
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Load & View a Tweets dataset MN-Gram Analysis Metadata Analysis

oose a.RData File

gnipAllOrdered53954_UTDF.Rdata

Upload complete

text screenName created status Source
A fakedansavage (o] A A
Best piece M've read on Wienergate 2.0: hitp:it.co
5 2 .04
5 A2e0mQtUl1 fakedansavage 2013-07-23 21:04:34 web
"Some pink boys may benefit simply from meeting a
62 swishy gay man..." Some required reading from fakedansavage 2013-07-23 21:368:30 web
@AliceDreger: hitp:it. co/mSMMPAEXA
@JoeMyGod {@PeterLaBarbera Klan denied booth space .
54 at NAACP meeting. Film at 11 fakedansavage 2013-07-23 21:37:34 web
24 Cuch: hitp:/it. co/@8XTKSysQFn fakedansavage 2013-07-23 214716 web
253 @lustdice Okay. fakedansavage 2013-07-23 23:55:47 web
254 RT @jbarro: Carlos Danger for Secretary of Awesome fakedansavage 2013-07-23 23:56:28 web
So... not a fan? Agd ~A @lustdice: @fakedansavage <a href="http:/twitter com/download
272 Your ideals regarding cheating are S0 wrong. You are an  fakedansavage 2013-07-24 00:15:55 fiphone” rel="nofollow™=Twitter for
ASS5 with no morals. Trashing yr book A¢a ~A iPhone</a=
) ) <a href="http:/twitter. com'download
RT @NickHanauer: Another proud conservative gun nut. . ) . I
281 hitp:/it c0/G12Us4Q0Gi fakedansavage 2013-07-24 00:20:27 .f’lphune rel="nofollow"=Twitter for
iPhone=/a=
=a href="hitp:/itwitter. com'download
339 {@javicuna Because 'm dainty and prim, of course. fakedansavage 2013-07-24 01:27:23 fiphone™ rel="nofollow"-Twitter for
iPhone</as
RT @BrianKentMusic: it's time to call a BOYCOTT OF THE <a href="http:/ftwitter. com/download
346 2014 OLYMPICS IN RUSSIA. This wiolation of Human fakedansavage 2013-07-24 01:3%:50 fiphone” rel="nofollow"=Twitter for
Rights, beatings, peaceful.. http:Agd ~A2 iPhone</a=
RT @joshtpm: NYT: Woman In Weiner's Sex Chat Made <a href="http:/twitter. com'download
452 Contact To Chide Him For First Scandal hitp:/it.co fakedansavage fiphone” rel="nofollow"=Twitter for
IYLNPgnF QK= #hegreatpersuader iPhone<fa>
Judging from my mail... there are guys out there who'll <a href="http:/twitter com/downlioad
509 wranna be this straight guy's gay roommate. http:/it.co fakedansavage fiphone” rel="nofollow"=Twitter for
FoWeXN'Obvo @kenneth212 iPhone</a=
RT @gabrielarana: Dutch tourists arrested under Russia's <a href="http:/twitter com/download
519 anti-gay "propaganda” law banned from the country for 3 fakedansavage 2013-07-24 12:07:20 fiphone” rel="nofollow"=Twitter for
yrs. hitp:/it.co/pxiDoS7TVyk iPhone<fa>
RT @JustinCSnow: Lesbian couple married in <a href="http:/twitter com/download
520 Pennsylvania as county officials defy state’s same-sex fakedansavage 2013-07-24 12:14:30 fiphone” rel="nofollow"=Twitter for
marriage ban hitp:it. coWF2yvbz5Im iPhone</a=
RT @hudsonism: Dear Sochi, Please read Olympic <a href="http:/twitter com/download
535  Principle Number 6 and get back to me. hitpiit.co fakedansavage 2013-07-24 12:42:49 fiphone” rel="nofollow™=Twitter for
fTlBitcCL1a iPhone<fa=
. . . =a href="http:/twitter. com/download
kaitrinh briel There's a diff bet: “not
gag  @haitrinh @gabriclarana There's a diff between “no fakedansavage 2012-07-24 124750 fiphone” rel="nofollow>Twitter for
great” and "actively persecuting. "
iPhone=/a=
A must-read post by @sullydish about Anthony Weiner:
g 2 a0
567 htp:Jit cofin nLERy fakedansavage 2013-07-24 13:30:48 web
@_Ridley_ @sullydish Disagree with that pointi¢a -a
575 Andrew wil get push back on it, and you'll see readers’ fakedansavage 2013-07-24 13:33:33 web
letters. Post otherwise brilliant.
A new avatar for your Twitter feed. hitp:iit.co e
614 JUAID2INTWE fakedansavage 201M3-07-24 13:51:54 web
Figure 3: Mr Savageds timeline when dumpstoli, dumpRussi anVoc
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[ File Edit View History

& Shiny - runApp Options 3 Twitter Analysis

12

Load & View a Tweets dataset MN-Gram Analysis Metadata Analysis

v
offer gay russians gay russians asylum

6“ boycott russian products " |gbt activists gndnrsg
S usa must offer and the bo
2 ! e s
= stoli vodka to must offer gay

ts at olympics

open letter from ) )
ws in russia vodkas and "h'must speak out

o
o 2
ympians must speak Bm dumping stoli decides 1o boyaott from our ceo
bars in west YOU should 275 yodka to protest ignt baycatt offer h
must boycott russian all russian vodkas 8 boycott russian vodka nathing else about
vodka over russia why the stoli if you haven
=
..J gay bar decides ussian Igbt activists
to the Igbt ch|cago gay bar stoli boycott is

of russian vodkag® " veu

gay bars in

boycott of russian * i ares

he boycott of
2why you should arrest gay athletes
the Igbt communlty t
s  the stoli boycott
dump russian vodka
Ehe ga‘\; boyeott  stoli vodka over
e ot it boycotting russian vodka
| russian vodkas and
_an open |stter dymping stoli all
Is misg 'C'c' and  gioli gay boycott
elseu\here protesting anti
« uk dump russianto lgbt boy jcott ing
misguided and dangerous ng)ywood remavir
human rights situation

8
=t
E3
Eg

=

i@ russian vodka

responds to s

will arrest ga
olympics time for

gay laws in

russian vodka is

russian vodka boycott

to boycott stoli
to protest anti

il

vodka boyoott i

4
mj
=

b\_; boycotting russi

I:ar to pour

activists endome boycotts

d removing pr, t-df russlan
situation in russia

[T WordCloud in new Window

Select a timeline Show 25 ~ entries Showhidecolumns,
2013-07-24 - 2013-07-31 Search:
screenName: token count
Al - ) ) g
N-Grams Tokens:
1 boycott of russian 626
3-Grams -
2 of russian vodka 511
Token Frequency: 3 why you should 309
5,000
— 4 the Igbt community 287
5 boycott stoli vodka 282
Maximum Tokens:
O 50 1.500 5 chicago gay bar 281
-
7 the stoli boycott 281
8 gay bar decides 274

Font size Scale:

o] = 9 bar decides to 273
I
10 dump russian vodka 272
Figure 4: N-grams Analysis Tab: View all 3 -grams of text in the dumpstoli tweets dataset
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|
ubmit ] WordCloud in new Window
Select a timeline Show E] entries Show / hide columns
2015-01-01 - 2015-12-31 Search:
screenName: token count
narendramodi 4034 -
Metadata Tokens:
| _ 421 narendramodi 206
Mentions -
479 pmoindia g2
Token Frequency:
0 ED 5.000 659 un a7
.‘ i
- o ) 8 abeshinzo 22
Maximum Tokens 140  david_cameron 22
1 1.500 : .
@ 350 makeinindia 21
—

- s e e e e 255 indiafrica2015 20
Font size Scale: 617  sushmaswaraj 18
o @ s

| 343  leehsienloong 16
76 ashrafghani 15 =

5: Metadata Analysis tab: P.M. Narendra Modi mentions

©2016 ISCAP (Information Systems & Computing Academic Professionals)
http://iscap.info

Page 12



2016 Proceedings of the Conference on Information Systems Applied Research
Las Vegas, Nevada USA

ISSN: 2167 -1508
v9 n4259

nycdumpsstol may beneit smply
ants Includi
°’ﬂvf°°'“‘°"e moscow tlmes recognlzes
cockxan mems ae Igbt fakedansavage dumpstoli

>you should dump human rights situation ,neqby i

stand strong proud s

o pride
something
russian govt for'** ok

ciate th

ceotothe O &
jinefew ex = Tletter from our

for boycotting stoli

the russian lgbtour ceo to "5 dpeopleneedlo ie;t:'c:alg‘igsglsdomg fak%dansavage dumps‘()lcle?&uwimﬂf‘lq" Jovs
32 eviden sex O
s Aot D) O E M 29 < richest men = ¢ decides to dumpstoli = qwrugmu
3 (matter what you, > zn o
torussian govtequality for years () £ 35 5 s biggest gay 8 ¢ case for boycotting e
standing up to @an open letter - 30 2= nfel ] i B swishy
wetiedto cheers to equality @© Yot (B 5§ 2e dS time tOt D at russian copsulate 58 é SIS
we thank you contine fo_stand = 883588 ii.... cf reba zwy %os thank you for =% sreedasyum o
the governmentare  for equality for O @ 25 2 E o 28 £ gay bar decides & e g Lo
for your support S <R EEE 5.8 2 o i g Estoll | rUSSlan§§ @ 33 88
868 3 ge g 28 52
we appreciatd s i o cheers to that (i = 2 § £ ge0d 3 . 'gmmgwoaxa boycott or russian 3528
call your poiticians = —fEgEs = OEE &§
£ folrayiora cheers to YOU $855:5¢ thankﬂsw_ggmgof rugs@n vodKa e, 22
52 E°5 &

lrom‘ °'é'pf:(fmk, th k?| fO th

n it looks like S — "o
ty for all 3- 985

aboutdoing what @A Igbt activists endorse

to stand forvecalinour, .. O > ? > — dump russian vodka

russlan company and

we appre:

lasses to you
e e Stand for equali ty andthankaTer |z B CmAY D savage love letteras human rights £2 I8 0
of the few ndfeibeaet £8 direading fi no asc ru551an Igbt activists
ekt the |gbt communit mk,mm“m 5 required reading r m D 4= 2T EC paid from my mail
we think we g y kickedusout £ & T promaig s 3E Oog20"
our giasses oStanding for equality ““GEERN,, S € situation in Tussia © Z — Qeass should dump stoli
-ad an open the Tussian govt  equality and fair 5o v > D 491) Dhyopies in2a14
uolo vussmn (mnpamcswhu have nc\lrﬁght :em VO“ um & S avatar is looking e o b rown incredible hypocrisy
A post by sullydish epigraphinmy > 03 >2 ’,%;x in savage love
cookincmonthy meabbev\vehw wehooam story is bmng : in russia dwmn' < ES"W“’" 8 iciee floating around
we were kicked N0 matter what wmmormuahw looks pre 3

L fakedansavage thank you

A s about doing " our get
stiledgenius ixdaily rakMansavaqe

eeting
]US’ qot threatened

of vodka bottied

olympic principle number

Dan Savages Tweets

-24 & Jul -31 of 2013

likely to leave:

Stoli Team Tweets

Figure 6: Comparing 3 -grams of relevant tweets between Jul

your argument thatyho backed marriage
same prop 8
special episode of ~ guadruples down on

raped in churches OPenly gay peopleyhan we started
parents tell your often as they ~ same advice give

supports amending usconstitutionmy new book SSues dont disqualify tipsy when we

side side of guy supports amending raped at dennys
take Kids to illegal dick issues drunk when we fost d viol
- equality side side dont disqualify him protests and violence
= erupts in anti convo with arishapiro o cheating ca
> glaad isnt having backed marriage equality monkeys falls apart
5 thatthere are at dennys as 5rqument that we  in trouble too
talk about my o 1act that there 5 are still monkeys  got raped at side of cheating
tell your friends g dick issues dont 8 americansavage convo W|th_ kids to dennys
) by his logic ® advice give to  down on intolerance there are stil
to take kids 'ZIJ dEI‘Inys as often x advice f[:r will ban gay mar”age =

that we evolved

wa who backed mcheatlng ca voters Zabout that americansavage < get raped in Swould be illegal

at the fact c about my new © ©
when we ﬁnlshedlsnt having it . cacn ac 8 guy supports b3 % 2z 58 i wifes in trouble
no stuffed animals 8 mastermind accuses ¥ 26 = & T 5 volersinwa
school bio teachers falls apart ataccuses marriage equality o > ® = g Svitters illegal dick
prop & guy for will kate all new parents astheyget © £ 8 § T o we evolved from
his logic cheating @mending usconstitution to E=Em o500 3
and violence becausegivetoal =8 € a S5 8 &
from monkeys falls  apart at the S Y %92 Stoban gay
the fact that gick issues disqualify@re haitis biggest = S 2e=> overy special episode
to all new jt would be arishapiro and talk if kids got © 5 58
new parents tell  but david vitters detail aboutthat o = ©
of the savage david vitters ilegal gay people are = e
peaple are haitis evolved from monkeys & ® <O
were fipsy when haitis biggest problemhigh school bio s * i)
that preachers wifes marriage equality side - =
mastermind accuses marriage & ~ © {he savage lovecast
) = T they get raped
on intolerance outreach o =
prop 8 mastermind 2
that americansavage convo 3 wieniers legal dick

usconstitution to ban £

Figure 7: 3-gram tweets of Mr. Savage on 2013
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Figure 8: A 3-gram tweets of Pope Francis around Christmas 2013, 2014 & 2015
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