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Abstract of the Dissertation

Title: Citizen Centric Stakeholder Theory: Sentiment and Behavior Analyses in

Social Media
By: Ussama Yaqub
Dissertation Directors:

Dr. Vijayalakshmi Atluri & Dr. Jaideep Vaidya

In a relatively short period of time, social media has gained significant importance as a
mass communication and public engagement tool. Rapid dissemination of information
through social media platforms such as Facebook and Twitter, provides individuals and
organizations with the ability to broadcast their message to a wide audience instantly and
directly. Hence, we now witness almost all public and private organizations with a pres-
ence on popular social networks. However, unlike conventional media, social media allows
users to wield tremendous influence over popular discussion topics and events. While in
traditional media, the narrative is built by a group of established influencers, discussions
remain fluid and decentralized on social networks. Although some users do wield more
sway than others, all citizens utilizing the platform are stakeholders who have to be recog-
nized and managed if any entity wishes to use these platforms to carry out their mission.
The primary goal of this research is to perform analysis of the social media data to gain
insights and to better understand the nature of the discourse taking place on popular social
media platforms and how sentiment, keywords and users impact these discussions. Such
understanding is important to enable prime movers of social media to accurately identify
and engage their stakeholders, enabling them to foster more meaningful communication

with online social network users.
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Towards this end, this dissertation has made the following contributions: First, it has de-
veloped a framework to analyze social media usage by adopting the time tested stakeholder
theory for social media. It has proposed a Citizen Centric Stakeholder Theory for Social
Media, where all users of social media platforms are treated as stakeholders. Second, it has
utilized the above framework to investigate the nature and characteristics of social media
usage by citizens from around the world. It has evaluated this participation through senti-
ment and user behavior analysis. As a case study, this dissertation has applied this citizen
centric stakeholder theory to analyze Twitter data gathered during US Presidential Elec-
tions of November 2016 and UK General Elections of June 2017. Third, it has evaluated
the social media communication of public sector organizations operating in the Northeast
US to understand their communication strategy in terms of sentiment and message con-
tent. Fourth, it has studied the subjectivity and polarity of Twitter data with respect to
the location of Tweets. Finally, a web-based system for geospatial visualization of current

sentiments associated with a hashtag or word in Twitter messages has been developed.
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Chapter 1

Introduction

We are now living in an era of momentous technological disruptions, which are transform-
ing businesses, industries and overall society at a breakneck pace. One such disruptor is
social media. Use of social media has increased exponentially over the last few years. Plat-
forms such as Facebook and Twitter have not only changed the way we interact with one
another but also how we share news and comment on world events at almost real time.
These networks have provided their users with the power to decide which news event is
more interesting or relevant for them. The potential of users to start trends and make some
news more popular than others has remarkably changed how events are reported. People
are now increasingly relying on them not only to interact with one another but also to read
and share news, discuss important events and engage in political conversations. Addition-
ally, proliferation of smart phones has further facilitated the use of this medium, allowing
users to communicate without any limitation on time or location.

Facebook and Twitter are two of the largest social media networks in terms of the users.
Facebook is the most popular social network and as of the 4th quarter of 2016, has 1.86
billion monthly active users [85]. Twitter on the other hand, averaged 328 million monthly
active users as of 1st quarter of 2017 with as many as 500 million messages a day [87].

This massive number of people utilizing social media for information gathering and



expressing their views has provided a unique opportunity for e-government initiatives,
specifically with regards to communication between government institutions and citizens
[61]. Over the years, governments around the world have worked to increase openness and
transparency into the working of their institutions [11]. Social media in particular can play
a constructive role in this regard. From civic services to police department, information
sharing through Facebook and Twitter has provided organizations with the opportunity to
increase institutional responsiveness and enhance citizen engagement [61, 28]. Recently
there has also been an increase in interest in the use of social media during disaster com-
munication. A wide range of studies suggest that information sharing networks, such as
Twitter, can be very useful in times of crisis by quickly and effectively disseminating rel-
evant news [78, 6, 75, 95, 48]. This can be especially beneficial for developing countries
where state institutions have a relatively weak mechanism of public engagement and infor-
mation dissemination.

Usage of social media has also increased during elections. The opportunity presented to
engage with millions of online users has been recognized by politicians and political parties
globally [77]. The potential role of social media in elections was first highlighted during the
US Presidential elections of 2008. During those elections, the campaign of Barak Obama
aggressively used Twitter to post campaign updates and inform followers with opportu-
nities to volunteer [10]. Since then, use of social media has been growing globally for
political campaigning during general elections. In the recently concluded US Presidential
Elections of 2016, and the general elections of United Kingdom of 2017, Twitter played a
very important role in the dissemination of information regarding various policy points for

candidates and their respective political parties.



1.1 Motivation: Why Social Media Analyses?

The use of social media for advertising, publicity, campaigning and news will only con-
tinue to grow in the foreseeable future. One example of this growing importance of social
media is by Forrester report [2], according to which internet marketing spending in United
States alone will reach $103 billion by year 2019, surpassing broadcast and cable television
advertising combined. Thus use of social media to engage users and to create an effective
viral message will be of prime importance in the future. Governments, politicians, busi-
nesses and non-profit sector, now maintain a presence on social media to ensure they fully
capitalize on this new medium of communication. Hence understanding social media users
sentiment, their characteristics and behavior can greatly help any mover of online social
networks to create a cogent and effective message.

This global rise in usage of social media has expanded the emerging field of techno-
social systems, which aims to comprehend and predict behavior of users utilizing these
networks [13]. Research in Twitter analytics concerning election prediction and candidate
popularity have grown tremendously over the years as where some studies have even gone
so far as to state that sentiment analysis of tweets can potentially be used as a substitute for
traditional polls monitoring consumer confidence and political approval ratings [72].

Although this area of study is still evolving and a debate on the efficacy of using Twit-
ter sentiment analysis to predict elections and other real world events still continues, this
area is nonetheless generating a lot of enthusiasm [60]. Social media provides researchers
access to large amounts of user data cheaply and quickly for analysis. Hence we are now
witnessing an increased research in the area of social media analyses. From evaluation of
marketing campaign success to predicting elections, the role of social media analytics will

grow in the future as organizations move towards data driven decision making.



1.2 Problem Statements

In this dissertation we tackle the following four problems associated with social media
analysis.

Firstly, due to the relatively decentralized nature of these networks, it becomes impor-
tant to categorize social media users based on their online traits. Doing this will enable us
to analyze these individuals based on their online attributes and better target them with our
message.

To solve this problem of user categorization on social media, we develop a framework
by adopting the time tested stakeholder holder theory. Stakeholder theory was developed
in the 1980s to help managers understand and deal with various stakeholders of the orga-
nization. Adapting the stakeholder theory for social media will allow us to better identify
users on social media. This framework will also help us understand behavior and sentiment
of users during online conversations.

Secondly, research in social media data analytics concerning election prediction and
candidate popularity have grown tremendously over the years. Various approaches and
methodologies have been proposed to gauge public sentiment during elections.

In this dissertation, we applied citizen centric stakeholder theory framework to evaluate
user sentiment and retweeting behavior on Twitter data gathered during US elections of
2016 and UK elections of 2017.

Thirdly, social media creates a tremendous opportunity for these public sector organiza-
tions to use established platforms such as Facebook and Twitter for bi-directional commu-
nication with citizens. Although most public sector organizations now maintain presence
on social media, they are yet to exploit all the potential offered by this new medium of
communication.

In this dissertation, we gather social data posts made by the official accounts of these
organizations to gauge their communication strategy in terms of sentiment and message

content.



Finally, there is rich user meta-data available with each message that is downloaded

from Twitter. So far only few variables of from this data are being used in data analyses.

We utilized Twitter user location data to examine user subjectivity and polarity. We

used data collected during the US Elections 2016 for this analyses, by mapping sentiment

for each presidential candidate according to states. A web-based application was developed

for this purpose, which allows for visualization of sentiments associated with a hashtag or

word in Twitter messages by plotting them on a map.

1.3

Contributions of this Dissertation

The key contributions made by this dissertation are following:

Performed data mining on Twitter data gathered during US Presidential Elections of

2016 to gauge sentiment and behavior of users commenting during the elections.

Created a theoretical framework which using stakeholder theory which can be used

to evaluate social media discussions.

Applied this framework on Twitter election data gathered during US Presidential

Elections 2016 and UK General Elections of 2017 to study user sentiment and retweets.

Evaluated social media communication, in terms of sentiment and message content,

of organizations operating in various areas of public service in the Northeast US.

Analyzed Twitter sentiment in terms of location by examining the subjectivity and

polarity of Twitter data with respect to location of tweets.

Finally, we developed a web-based application that allows for visualization of current
sentiments associated with a hashtag or keyword in Twitter messages by plotting

them on a map.



Fig. 1.1 shows all the studies conducted in this dissertation along with the proposed

future work.

1.4 Organization of the Dissertation

This dissertation is organized as follows. In the second chapter we will define our method-
ology for data gathering and cleaning along with describing the tools and methodology
for sentiment analysis and data analysis. Chapter 3 presents a study of Twitter mining for
user sentiment and behavior analysis. In chapter 4 we provide background on the popular
Stakeholder Theory and explain its adaptation for social media while in chapter 5 we dis-
cuss the applications of this theory on Twitter discourse during the US Elections of 2016
and UK General Elections of 2017. In chapter 6 we analyze social media communication
of public sector organizations in terms of sentiment and message content while in chapter 7
of the dissertation we perform location based analysis of Twitter election data. In chapter 8
we present our web-based application, developed for the purpose of location based Twitter
subjectivity and polarity analyses while in the final chapter we present our contributions

and future work.



\ Future Worh

STUDY 4: STUDY 5: STUDY 6:
ST Application on ST Application on ST to Analyze
Election Data Twitter Location Online Comm. Of
Data Public Orgs

STUDY 1: STUDY 2: STUDY 3:
Twitter Mining for Location Based Analysis of Social
User Sentiment Analysis of Media Comm. of
and Behavior Twitter Data Public Orgs.

Figure 1.1: Dissertation overview. Four studies completed in this dissertation, along with
the 2 planned as future work.



Chapter 2

Data Preparation Methodology

The role of Internet and communication technologies (ICT) in modern society cannot be
understated. Individuals and institutions around the world are trying to increase public en-
gagement by utilizing Web 2.0 [11, 61]. This provides a quick and cost effective platform to
political actors and state institutions to communicate quickly and directly with public [43].
For example, Twitter is now being used by city governments to benefit their populations
by raising information awareness in a simple, low cost fashion. The idea is to enhance the
responsiveness of different branches of local governments that deal primarily in performing
tasks on behalf of the citizens and interacting with them [61].

Along with governance, Twitter sentiment analysis is also used in vast array of areas
related with governance and public trust ranging from predicting resentment against gov-
ernment policies to predicting general election results [20, 93]. Various models have been
developed that try to understand the user behavior and retweeting on Twitter [99].

In light of this important role played by Twitter in the general elections, our aim was
to utilize user and candidate generated data to understand the nature and behavior of the
online discussion. Our approach relied on data gathered from Twitter and performing data
analytics to understand the nature of discussions and user behavior on the micro-blogging

site. Our methodology comprised of the following steps:
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Figure 2.1: Methodology steps involved in Twitter Data Analysis.

Use of search terms, location co-ordinates, Facebook and Twitter pages to gather user

data.

Data cleaning and extraction.

Sentiment tagging and classification of text messages.

Importing data in MySQL database to perform data analysis.

Development and formulation of hypotheses and derive findings through data analy-

sis, proving or disproving the hypotheses.

We employed Python to gather and clean Twitter and Facebook data. SentiStrength
[86], an open source software, was used to identify message sentiment while data analysis

was performed using the MySQL database. Fig.2.1 displays the above mentioned steps.

2.1 Data Gathering

We utilized Twitter streaming API for data collection [7]. The streaming API allows near

real time access to global stream of Twitter data. For this dissertation we collected Twitter
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data for the US Presidential Elections November 2016 and UK General Elections of June
2017. We have also gathered data from Twitter and Facebook of public sector organizations
that utilize these social media platforms for public engagement and communication.

The US presidential elections were held on 8th November 2016. The dataset for these
elections was downloaded for 12 days starting from 29th October until 9th November.
Scientific studies use hashtag or keywords to download messages as presence of keywords
indicate message relevance to the given topic. In our case, we use the keywords ‘Trump®,
‘Clinton‘ and ‘Election2016° to download tweets. Here we have the two major candidate
names along with an impartial term to capture neutral sentiment.

Voting for UK general elections was held on 8th June 2017. Here we downloaded
data for 15 days starting from 26th May 2017 to 9th June 2017. The tweets were down-
loaded containing the keywords, ‘Jeremy Corbyn°, ‘Theresa May*, ‘Tories‘, ‘Labour‘ and
‘GE2017¢. Here we used names of the two major political parties and their heads along
with the neutral terms of ‘GE2017°.

Scientific studies using Twitter messages either employ hashtags or specific keywords
to collect relevant data. Both approaches follow the same principle that hashtags or key-
words indicate messages’ relevance to a given topic [77].

Using search terms to download data makes these datasets partial for election studies
and are biased in such a way some members of the population are less likely to be included.
Hence the results of this study regarding social media stakeholder theory will be applicable
to the use of social media during general elections only.

Along with keywords, we have also used location parameters to download Twitter data
using the streaming API. Here we created a bounded box along a geographical location
and all location tagged tweets emanating from that bounded area are captured. However
a very small percentage of tweets are location tagged (between 1 to 2%). For each tweet
downloaded, we extracted metadata details such as tweet time and date, its id, creator id

and user name, location, etc.
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Facepager application was used to download Facebook data for analysis [31]. Facepager
allows users to fetch public available data from Facebook by using JSON based API. We
used Facepager to download posts and comments from Facebook pages of public organi-
zations and famous individuals. The comments and posts also contained metadata such as

likes, shares etc.

2.2 Sentiment Analysis Process

With data cleaned and relevant tweet fields extracted, the text messages are then analyzed
and tagged with sentiments using SentiStrength [86]. SentiStrength is a freely available
software that has been used to perform sentiment analysis in various studies utilizing Twit-
ter data [33, 20, 32]. One of the advantages of using SentiStrength is that the tool has been
specifically developed to capture sentiment of short, informal texts [92]. Studies conducted
on short texts have shown this tool to be able to capture positive sentiment with 60.6% ac-
curacy and negative sentiment with 72.8% accuracy [91]. Hence, this makes SentiStrength
an ideal tool for our exploratory analysis. SentiStrength operates by assigning two scores
to each text message it analyzes. It assigns a negative and a positive score, with the scores
ranging between [-1, -5] and [1, 5], respectively. A score of -1 or 1 indicates a somewhat
neutral text sentiment while a score of -5 or 5 indicates a very high negative or positive
sentiment respectively. In-order to classify a tweet as overall positive or negative, we as-
signed a total sentiment score to each tweet. To do this, we have added both the positive
and negative sentiment scores for each tweet as a total sentiment.

Sentiment(total) = Sentiment(positive) + Sentiment(negative)

Thus, a total sentiment score of 4 (or -4) indicates a strong positive (or negative) sen-
timent for the tweet respectively while if the total score adds to O then the tweet can be
classified as neutral. Finally, the sentiment tagged text messages and the associated meta-

data are stored in MySQL database for further analysis.
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2.3 Data Cleaning

To increase accuracy of our analysis, the next step is to remove noise from our dataset.
Presence of spam on Twitter is a well-known phenomenon. Although Twitter tries hard
to identify and remove automated accounts, not all bots are easily identifiable as social
bots are designed specifically to impersonate human behavior. Much research has been
conducted to identify automated non-human activity on Twitter. It has been found that up
to 10.5% of Twitter accounts might be bots [24]. Studies have also concluded that as high
as 9% of tweets are generated by automated accounts [42]. In order to identify and remove
spam present in our dataset in the form of automated activity, we have removed tweets
belonging to accounts having abnormally high tweet rates. Through literature review of
various studies, we have discovered that users tweeting over 150 times a day can be safely
classified as bots [89]. We have found this to be a safe assumption and decided to remove
all tweets from our dataset where the associated account had an average of over 150 tweets
a day. We have also removed from our dataset, tweets associated with accounts having
names such as iPhone giveaways etc. as these tweets are not intended to add towards the

political discussion but are rather promotional in nature.

2.4 Data Classification

We performed quantitative analysis of our data set. For this purpose, we utilized following

proxies for our Twitter dataset:

e Tweets that are not original and are retweeted by the user contain RT string at the
beginning of the message. Original tweets do not contain this string. Furthermore, in
our dataset, retweets have their original creation date and tweet id. These fields are

NULL for new tweets.

e Hashtags (#) make user tweets searchable, enabling them to become part of Twitter
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trends.

e When a user tweets directly to another twitter user, the message begins with @ char-
acter. Hence, tweets beginning without @ are broadcast intended for all audiences

while tweets starting with @ are direct messages.

These proxies help us to perform analysis regarding citizen-to-citizen interaction, pop-

ular messages and frequent discussion topics.
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Chapter 3

Twitter Mining for User Sentiment and

Behavior

3.1 Related Work

The potential role social media can play in political events was first highlighted during
the US Presidential elections of 2008. Twitter played an important part in the campaign
of Barack Obama. The Obama campaign made effective use of Twitter to post campaign
updates along with informing followers of opportunities to volunteer [10]. During the 17
months of the election campaign starting from April 2007 to Election Day November 5th
2008, the Obama campaign posted 262 twitter messages and gained approximately 118,000
new followers [38]. In light of this successful Twitter campaign, all major candidates and
political parties now have some form of presence on social media.

Furthermore, with an average of 328 million monthly active users as of 1st quarter of
2017 [87], Twitters massive user base has provided political actors with the opportunity to
share their message across quickly and cheaply without going through the traditional media
briefings and news conferences [77] and to receive the number of opinions without going

through formal opinion surveys or polls.
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The emerging field of techno-social systems aims to comprehend and predict this be-
havior. Research in Twitter analytics concerning election prediction and candidate popu-
larity have grown tremendously over the years as well [93, 99, 55, 103, 79]. Some studies
have even gone so far as to state that sentiment analysis of tweets can potentially be used
as a substitute for traditional polls monitoring consumer confidence and political approval
ratings [72]. Although this area of study is still evolving and generating a lot of enthusi-
asm, nonetheless, a debate on the efficacy of using Twitter sentiment analysis to predict
elections and other real world events still continues [37, 65, 54]. Important questions such
as how representative Twitter users are of general population remain to be answered. These
issues become acute when these analyses are conducted on data obtained from developing
countries where a relatively small percentage of population has access to internet.

Another aspect is the varying levels of user activity. Some users are far more active on-
line than others online thus having a greater “weight” to their opinions when compared with
the low activity users. There also exists much noise on Twitter in the form of automated
activity and spam, which exploit trending topics to advertise various unrelated products or
content. Different solutions have been proposed to differentiate between human activity
and that generated by bots [24].

Other studies have looked at how the information spreads on social networks and what
role sentiment plays in diffusion [33]. Most agree that sentiment does play an important
role in information diffusion on twitter. Some have gone as far as saying that there exists a
positivity bias in information spread and that positive tweets are retweeted more and reach
a wider audience than negative tweets [32, 33].

With regards to the use of Twitter in politics, researchers have examined the ways in
which Twitter influences communication of mainstream news and journalism. Recent re-
search shows that social media in general and twitter in particular are playing an important
role for mainstream media as a news source. This can be in form of a quote, background

information or policy issues outlined through Twitter messages by politicians or other po-
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litical actors such as news commentators and observers [73]. Twitter is now ever more used
as news agenda building tool for mainstream media [96, 50]. This was a very commonly
observed phenomenon during the recently concluded US elections of 2016. Utilization of
Twitter by politicians and their campaigns is a popular subject of study. Usage of Twitter
during the campaign cycle of 2008 in USA by Barack Obama generated interest in under-
standing Twitter’s role in political campaigns [5, 10]. Similar research was also conducted
in analyzing Twitter activity of US Congress members during their election campaigns.
Studies showed that congress members frequently posted information on Twitter regarding
their political positions on various issues along with details of issues relating with their
constituencies [38, 39].

Social media user behavior analysis has also been conducted from the knowledge cre-
ation and sharing perspective in e-government context. Studies have been conducted on
evaluating knowledge creation and sharing behaviors depending on the level of activity of
individual Twitter users [84]. User tweeting behavior in-terms of reusing existing content
vis-a-vis new content creation can be dependent upon how frequently they tweet.

In the recent US Presidential Elections of 2016, Twitter played a very important role in
the dissemination of information regarding various policy points for both major Presidential
contenders, Hillary Clinton and Donald Trump. Both candidates had millions of followers
on Twitter and had their tweets closely monitored by public and by the mainstream media.
A similar trend was observed in the General Elections held in the United Kingdom on 8th
June 2017.

Although it is hard to quantify the role Twitter played in the 2016 elections, majority
agree that it was significant. The role of on-line fake news became a hot topic after the
surprising result of the US Presidential Elections [3, 4]. The impact of was so significant
that prior to the United Kingdom General Elections of June 2017, Facebook advertised
full-page print ads in British national dailies featuring tips for spotting fake news. This

realization of the importance of social media means that political players cannot ignore it’s
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role during elections. The power of social media as a communication channel, does not lie
only in its ability to share their political agenda but also as a real-time two-way channel
to continuously monitor and measure public reactions. Overall, social media presents an
exciting avenue of opportunity for politicians, campaigners and political activists to not
only broadcast their message but also to engage in dialogue with proponents of competing
political ideas and ideologies.

In this chapter of our dissertation, we investigate the citizen engagement in the political
discourse that took place on Twitter during the US Presidential Elections of 2016 by ana-
lyzing the citizen’s sentiments and behavior. Our goal is to answer the following research

questions:

e Topic and sentiment analysis of Twitter elections dataset: The aim here is to detect
if there is a significant correlation between the sentiment and topics discussed on
Twitter with the actual citizen opinion and real world events and breaking news of the
period. This relationship between sentiment and popular trends on Twitter with the
real-life events shows the citizen engaged Tweets can be used as a good predictor of
the importance of certain topics and the opinion of public regarding the two primary

Presidential candidates and the elections in general.

e Sentiment and impact analysis of tweets by the presidential candidates: The purpose
of this analysis was to utilize candidate tweets to evaluate the sentiment of messages
posted by both candidates in the last days of their campaign. This allowed us to assess
the overall message propagated by each candidate. We also assessed the impact of
candidate tweets on the sentiment of the overall discussions taking place on Twitter

during this period.

e Analysis of social media user’s behavior: The social media usage behavior analyses
aims to identify how much Twitter users were using the online forum to speak their

minds and engage with one another. The usage behaviors of social media users in-
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cludes whether there was diversity of opinions and open interaction between users,
or whether Twitter was used as an echo chamber, where few opinions were repeated

over and over again as retweets with little one-to-one interaction between users.

We performed data analytics on Twitter data to answer these research questions. Over
3.1 million tweets were gathered for 21 days consecutively, starting from 29th of October,
up until 18th of November 2016. We collected 150,000 tweets per day on average, which
were then used to analyze user behavior and sentiment during this period. In addition, we
also analyzed tweets posted by the two major Presidential Candidates, Hillary Clinton and
Donald Trump, both of whom used Twitter actively for electioneering. We considered all

messages of both candidates leading up to Election Day (8th of November).

3.2 Data

United States of America has the highest number of Twitter users in the world. As of May
2016, there are approximately 67.5 million active users of the microblogging site in the
country [87]. This large user base combined with a significant event such as the elections
makes Twitter data an ideal case study of social media usage in political discourse. Fur-
thermore, both presidential candidates made extensive use of social media for campaigning.
Twitter was used for various purposes: from outlining policies on issues such as security,
economy and healthcare to promoting slogans. Twitter was one of the favorite communi-
cations tool for Donald Trump, who utilized it regularly to react to news concerning his
candidacy and other issues of importance as they rose before and after a hotly contested
election.

The data preparation methodology is explained in detail in chapter 2 of the dissertation.
In total, 3,108,058 user tweets were used for this study.

A total of 209,370 tweets were identified as having generated by abnormally high ac-

tivity accounts or by accounts that had names or descriptions that can be classified as spam.



19

Table 3.1: Dataset Statistics

Tweets per User Total Tweets Total Users % all users % of all tweets

1 781,575 781,575 69.09% 26.96%

2 309,675 154,964 13.70% 10.68%

3 178,293 59,487 5.26% 6.15%

4 127,424 31,896 2.82% 4.40%
5 or more 1,501,726 103,310 9.13% 51.81%
Total 2,898,693 1,131,232 100% 100%

After excluding the spam tweets, we were left with 2,898,688 tweets for 21 days generated
by 1,131,232 unique users. It is interesting to note here that while the average tweet per
user in our data set was 2.56, the top 9% of the users were responsible for almost 52% of
the tweets while around 69% of users have only 1 associated tweet. Table 3.1 below has

the dataset details.

3.3 Research Questions

As discussed earlier, aim of this Twitter mining study was three-fold. Firstly, we wanted
to perform sentiment and topic analysis of user tweets to see their correlation with the real
world events and breaking news in context of the elections. Secondly, we aimed to assess
the impact of political candidate’s tweets on the sentiment and discussions of the political
discourse taking place on Twitter during this period. Finally, we wanted to evaluate the
Twitter as a platform for political discussions with respect to exchanging original thoughts
and ideas and interaction between citizens. We now hypothesized these three areas of

Twitter research and then tested those hypotheses through data analysis.

3.3.1 Topic and Sentiment Analysis of Twitter Messages

Our first objective was to comprehend political discourse on Twitter by the users. Here we

wanted to study the popular topics of discussions along with the sentiment of the Twitter
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messages and discover their correlation with the real world events and opinions. The pur-
pose of this analysis was to measure how accurately Twitter reflected the public mood and
concerns regarding the elections.

Due to the instant nature of communication on Twitter, the microblogging site can be
used as a real time latest news identification tool. Several studies have been conducted in
this regard, which attempt to identify real world events by analyzing Twitter streaming data
[63]. Studies have claimed that based on trending topics based on active time period of
tweets showed that as many as 85% of topics are headlines or persistent real world news
[22]. Studies have also claimed that Twitter allows users to engage in real-time discus-
sion of live televised broadcasting. Hence during major sports, entertainment and political
events, Twitter is used to provide running commentary of real-time world events as they
unfold on live television [44]. Thus, we can state that analysis of daily tweets can provide
us with the current news events taking place in the real world. We analyzed our Twitter
dataset to search for most high frequency daily terms. We then matched these terms with
the most important election related news items of the day.

Similarly, Twitter sentiment has also been used in various studies ranging from predict-
ing elections to calculating approval ratings. Studies have been conducted for example to
discover correlation between tweets sentiment and public opinion polls. A high correla-
tion of 80% was claimed by one study between the Index of Consumer Sentiment (ICS),
conducted by Reuters, and Twitter sentiment [72]. The study also found high correlation
between Gallups daily tracking poll for job approval rating of President Barack Obama and
Twitter sentiment over the course of 2009. According to the authors this high correlation
between Twitter sentiment analysis and public survey data indicated potential of tweets as
a substitute for the traditional polls [72].

We used our Twitter dataset to evaluate the sentiment associated with both candidates.
We examined which candidate had better sentiment in the online Twitter discussions prior

to the Election Day. The result was compared with the polls conducted during this period
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in time, majority of which had declared Hillary Clinton ahead of Donald Trump.

Hence, in light of the above discussion, we proposed the following hypothesis:

Hypothesis 1 (H1): Frequency of popular terms in Twitter discussions and Sentiment
of Twitter messages are correlated with real world events of significance and with public
opinions of the citizens regarding the elections.

The above hypothesis helped us in identifying the association between Twitter and real
world events and opinions during the elections. In order to test this hypothesis, we per-

formed the following data analytical steps:

e Sentiment analysis of the entire Twitter dataset, and of tweets mentioning both can-

didates, calculating average daily sentiment from Oct 29th Nov 18th 2016.

e Analysis of the most frequently appearing terms in the Twitter conversations during
the elections, comparing these with the significant real world events and breaking

news.

We believe that our large dataset allowed us to accurately identify public sentiment
towards the elections and both of the candidates along with detecting the important events

that took place during this period.

3.3.2 Sentiment and Impact Analysis of Candidate Twitter Messages

The second component of our study was to analyze Twitter messages of both candidates,
Donald Trump and Hillary Clinton. The objective of this analysis was to evaluate the nature
and sentiment of the messages conveyed by each candidate along with assessing the impact
of those tweets on the overall political discourse on Twitter.

The first step in this regard was to perform sentiment analysis of tweets by both candi-
dates during the last days of election campaign. Twitter sentiment analysis has been used

in the past to understand message and profile of political candidates. Tumasjan et al [93]
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used sentiment of Twitter messages to understand the political positions of various candi-
dates during the German federal elections. The authors discovered that Twitter sentiment
does indeed correspond to the offline political landscape and similar sentiment profiles for
example of Angela Merkel and Frank-Walter Steinmeier did indeed reflect their consensus
building political style.

We too performed sentiment analysis of the Twitter messages posted by both candidates
during the last 10 days of election campaign. This helped us evaluate sentiment of the
campaign tweets propagated by both camps enabling us to discern which candidate had
a more positive message. However, we also wanted to assess the impact, if any, of these
messages posted by each candidate on the overall political sentiment expressed towards on
Twitter during this period. We believe that in context of general elections, Twitter messages
by the political candidates have an impact on the overall online discussion taking place
online.

Hence we propose the following hypothesis: Hypothesis 2 (H2): Sentiment of mes-
sages by political candidates during the election campaign has an impact on the sentiment
of the overall political discourse taking place on Twitter.

In order to test the above hypothesis, we performed the following data analytical steps:

e Analysis of Twitter messages by both Presidential candidates during the last 10 days

of election campaign, from Oct 29th Nov 7th 2016.

e Evaluate impact of candidate tweets in terms of sentiment on all election related

discourse taking place on Twitter during this period.

3.3.3 Analysis of User Behavior

Along with the sentiment analysis, we also wanted to observe the behavior of ordinary
users who engaged in Twitter conversations during the course of the Presidential Elections

2016. In this case, we wanted to discern how actively Twitter users were participating in
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election related discussions. We were particularly interested in understanding the role of
Twitter in context of discussion concerning candidates and elections. There remain ques-
tions regarding social medias ability to act as a platform encouraging diversity of opinion,
interaction between users and conception of original thoughts and ideas. There has been
research which suggests contrary to this view with regards to online political discussions,
suggesting that Twitter can work as an echo-chamber, where few established opinions are
restated again and again [26].

The objective of our behavioral analysis was to establish whether Twitter users were
using the online forum to speak their minds and engage with one another. In this regard we
looked at two areas in our dataset: content creation and message targeting.

Content creation on social media remains a very interesting subject of study. Re-
searchers have looked at the question of why some content becomes popular and is retweeted
thousands of times while many other tweets are never retweeted [14]. The relationship be-
tween social ties and the similar types of content that users create and share online along
with the motivation to create new content is also an important issue to understand in this
regard [102]. Furthermore, for political online social media content, researchers have ob-
served a high rate of reusability [63].

In terms of message dissemination, Twitter allows users to broadcast their message to
multiple people with one single tweet. However, Twitter also lets its users interact one-to-
one by addressing a person directly. This enables them to respond to other user’s tweets
paving way for a dialogue. Various studies regarding conversations on Twitter during elec-
tions have stated that people do not only use Twitter to post their political opinions but
also engage in interactive discussions [93]. Nonetheless, direct messaging also creates
complexities for users in having to handle multiplicity and one-to-one conversations at the
same time [62]. Management of audience especially becomes challenging as the number
of followers of a user grows.

Based on the above discussion, we assumed similar behavior amongst users of our



24

dataset and believed that there were a high number of retweets. We also thought that
there would be less one-to-one messages in our dataset. In light of the above discussion,
regarding content and user interaction, we proposed the following hypothesis:

Hypothesis 3 (H3): Majority of users commenting on the elections were not creating
new content in the form of original tweets nor were they engaging in interactive discussions
with one another but were rather acting passively, rebroadcasting the already available
information and ideas with other people in their network.

We performed the following data analysis steps to test the above hypothesis:

e Analysis of all tweets in the dataset for retweets and original tweets.

e Analysis of Twitter dataset for direct messages between users.

If the above data analyses supported our hypothesis, it would mean that most of the
users utilizing Twitter for elections were mostly passive and reusing content or thoughts
other users created by simply retweeting them. Fig.3.1 displays the three hypotheses and

the related data analyses that will be performed for their testing.

3.4 Data Analysis

We now present the results of our data analysis and test the hypotheses that we developed

in the previous section.

3.4.1 Topic and Sentiment Analysis of Twitter Messages

The question of this study was the topic and sentiment analysis of the Twitter messages by
users during the elections 2016. Here we performed sentiment analysis of user tweets to
observe their correlation with public opinion regarding the two candidates and the elections.

We also looked at the most frequent keywords and topics under discussion during this time
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Figure 3.1: Hypotheses and related data analysis.

period to evaluate how interrelated popular Twitter topics are with the real world events and
breaking news. The objective of our analysis was to test hypothesis 1 (H1) in assessing how
accurately Twitter conveyed real world public opinion and key events. We took sentiment
as a proxy for public opinion while frequent keywords as important events taking place
during this time period. Following are the results of our analysis regard.

Dataset and Candidate Sentiment: Our preliminary data analysis involved analyzing
the overall sentiment of entire dataset and of both candidates individually. With all tweets
tagged with sentiment scores, we calculated the average daily sentiment of the entire dataset
along with tweets mentioning only Trump or Clinton in-order to create a comparison among
them. We plotted this daily sentiment in the form of a timeline show in Fig.3.2.

The purpose of this analysis was to identify the overall sentiment of the Twitter conver-
sations related with elections 2016 along with the sentiment of discussions involving both
presidential candidates. In our opinion, the candidate having a better sentiment in Twitter

conversations would enjoy a better opinion among the general public.
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Figure 3.2: Average daily sentiment of tweets containing terms “Trump” and “Clinton”.

We discovered that the average daily sentiment was negative for all 21 days of mes-
sages. Not only was it negative overall, but also for both candidates. Fig.3.2 shows the
average daily sentiment of all tweets in the database along with average daily sentiment of
tweets containing the terms Clinton or Trump.

We believe that this finding coincides accurately with the ground reality. The campaign
of both Presidential candidates has been declared as one of the most negative in the history
of US Presidential elections [18]. The bitter nature of this negative campaign is reflected
in the user tweets made during this period regarding both candidates and the elections in

general.

Positive, Negative and Neutral Sentiment Tweets: While the daily average sentiment
was negative for all days, the number of neutral tweets in the database was higher than
the negative and positive tweets. However, neutral tweets have a zero assigned sentiment
score and thus have little effect on the daily average sentiment value. Fig.3.3 exhibits the
percentage of neutral, negative and positive tweets in our dataset for each day.

We also observed that there were more tweets with negative sentiment than positive.
This finding was different from other studies that have been conducted using SentiStrength

to perform sentiment analysis of Twitter messages [33, 20, 32]. These overall negative
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Figure 3.3: Daily percentage of negative, positive and neutral tweets.

scores might indicate the bitter nature of the political campaign associated with Elections
2016. The negative score might also be due to the fact that almost 90% of tweets in our
dataset contained either or both candidate names (Clinton or Trump) and the negative senti-
ment thus indicates strong negative feeling exhibited towards these two candidates by their
opponents.

Candidate Popularity: Prior to the elections, most polls conducted by various orga-
nizations showed Hillary Clinton leading Donald Trump [1]. Table 3.2 shows the result of
most well-known polls conducted between 29th of October to 7th November. We wanted
to contrast these poll results with the sentiment trend from our dataset. By creating daily
sentiment average of tweets associated with terms “Clinton” and “Trump”, we wanted to
determine which candidate had the better sentiment score and thus favorable opinion among
Twitter users.

In the subsequent sentiment analysis of our data, we discovered that Donald Trump
was leading Hillary Clinton. Using first 10 days of pre-election day data, from Oct 29th to

Nov 7th, we observed that tweets containing only the keyword Trump had a lower average
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Table 3.2: Polls results for elections

Date Poll Clinton Trump
‘ 6-Nov ‘ Economist/YouGov ‘ 49 ‘ 45 ‘
| 5-Nov | Fox News | 48 |44 |
| 5-Nov | Bloomberg | 46 | 43 |
| 5-Nov | ABC News/Wash Post | 49 |46 |
| 5-Nov | NBC News/SM | 51 |44 |
| 5-Nov | CBS News | 47 143 |
| 5-Nov | IBD/TIPP | 43 42
| 5-Nov | Monmouth | 50 |44
| 5-Nov | LA Times/USC | 43 |48 |
| 4-Nov | NBC News/WSJ | 48 143 |
‘ 3-Nov ‘ Reuters/Ipsos ‘ 44 ‘ 40 ‘
| 31-Oct | CBS News/NYT | 47 |44 |

negative sentiment than tweets containing only Clinton. Fig.3.4 depicts this sentiment trend
in the form of a timeline. As the sentiment was fluctuating for both candidates during these
ten days, we created a polynomial trend line of degree 2 in-order to make this sentiment
difference more observable. We can establish here that the sentiment trend associated with
Donald Trump was consistently less negative than Hillary Clinton.

To further reinforce this finding, we performed t-test on the daily sentiment average
shown in Fig.3.4. Following were our null and alternate hypothesis:

Ho— > Clintonsentiment >= TTumpsentiment

Hi— > Clintonsentiment < TTumpsentiment

We used F test for sample variance and t-test for hypothesis testing. Test results are

shown below:
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Figure 3.4: Average daily sentiment of user tweets for both candidates and polynomial
trend lines of degree 2.

t-stat 1.87

P(Tj=t) one tail | 0.038

t critical one tail 1.73

As the t-stat value was higher than the t critical value, we rejected the null hypothe-
sis and accepted the alternate hypothesis, stating that the sentiment of tweets mentioning
Donald Trump was indeed more positive than Hillary Clinton. This finding was contrary
to majority of the pre-election polls predicting a Hillary Clinton victory. This result how-
ever, does reflect the general public opinion as Donald Trump was eventual victor in the
elections performing surprisingly better than the polls had indicated.

Twitter for reflection of current news: Finally for hypothesis 1, we wanted to test
whether popular Twitter discussion topics reflected significant election related events.

In order to test for this assumption, we created a word cloud of the most popular terms

used in our dataset. We found that different terms were popular before and after the elec-
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Figure 3.5: Frequency diagram of popular discussion topics.

tions. Fig.3.5 shows popular terms and their occurrence on each day. Here we observed
that some terms were popular prior to the Election Day and became relatively obscure post
elections. For example WikiLeaks, Emails and FBI were popular discussion topics before
8th of November but became irrelevant later on as the candidate associated with them lost
the elections. On the other hand, term such as Protest was infrequent prior to the Election
Day but becomes popular later on due to the street protests that ensued post elections. Fi-
nally, terms like Obama remained relatively frequent during this entire period. This was
due to President Obamas presence in the news for campaigning before elections and help-
ing president elect in transition post elections.

These popular terms in Twitter conversations indicated election related events, discus-
sions and news as they occurred in real time. We can also detect this by closely observing
the peaks of frequent terms in Fig.3.5. For example, FBI and Email both peak sharply
on 6th of November. This was the very same day on which FBI made the announcement
that they have completed their review of emails and do not recommend any action against
Hillary Clinton.

Likewise, we can spot the term Obama abruptly peaking on 10th November, which is
the day President Barack Obama met President-Elect Donald Trump in the white house, 2

days after his election victory. This was the most important news item for that day and we



31

Table 3.3: Three most frequent daily terms.

1ot ond 3rd
29-Oct  Email(s) FBI Wikileaks

30-Oct FBI Email(s) Wikileaks

31-Oct Email(s) FBI Wikileaks

1-Nov  FBI Email(s) Clinton Foundation
2-Nov  FBI Email(s) Clinton Foundation
3-Nov  FBI Email(s) Wikileaks

4-Nov  FBI Email(s) Wikileaks

5-Nov  Wikileaks Email(s) Obama

6-Nov  FBI Email(s) Obama

7-Nov  Email(s) Obama  FBI
8-Nov  Obama Email(s) Wikileaks
9-Nov  Obama Racist Protest

10-Nov Obama Protest Racist

11-Nov Obama Protest Racist

12-Nov  Protest Obama  Racist

13-Nov Obama Protest Racist

14-Nov  Protest Obama  Racist

15-Nov  Protest Obama  Racist

16-Nov Obama Protest Racist

17-Nov  Obama Protest Racist

18-Nov Obama Racist Protest

can see it reflected on the Twitter conversations occurring that day.

Finally, the term Protest peaked on 12th of November. By this time post-election
protests were being held against the electoral results in many major cities of the United
States and remained daily headline news item. Table 3.3 displays the top 3 most popular
terms for each day from 29th October to 18th of November.

Another interesting observation regarding this phenomenon can be witnessed in trend
of the term Melania. Melania Trump gave her first major campaign speech in Pennsylvania
on 3rd of November 2016. She was one of the most mentioned terms on Twitter that day,
remaining relatively obscure before and after that event. Fig.3.6 plots this trend.

Hence we can state that our initial assumption of popular Twitter keywords reflecting
important news events of the time is supported by our data analysis and we can state that

frequency of popular terms in Twitter discussions can indeed be utilized to identify signifi-
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Figure 3.6: Daily frequency chart for tweets mentioning “Melania”.

cant real world events and news that were taking place during the elections 2016.

In light of our data analysis above, we can claim that there exists sufficient evidence for
us to claim support for Hypothesis 1. The overall negative sentiment of the entire election
related dataset for all days, points towards a historical negative and bitter campaign that
was fought during the elections 2016 [18]. Both of the candidates, on average, had negative
associated sentiment. However, sentiment for Donald Trump was less negative than Hillary
Clinton and he did manage to win the elections against the predictions of all major polls
(Fig.3.2). Finally we have seen that the most frequently appearing terms on Twitter were
the most important election related events taking place during that day. Hence we can
claim that Twitter does accurately reflect the public opinion and important topics of concern

regarding the elections.

3.4.2 Sentiment and Impact Analysis of Candidate Twitter Messages

In the second phase of our data analyses, we wanted to test hypothesis 2 (H2). Here we

wanted to evaluate the sentiment of candidate tweets before the voting day and assess their
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Table 3.4: Candidate tweets and their average sentiment

- Average_Sentiment | Tweets
Donald Trump 0.3925 110
Hillary Clinton -0.0125 320

impact on the election related discourse on Twitter.

Sentiment analysis of candidate tweets: During the election campaign, both Presi-
dential candidates used Twitter extensively for communication. They did not use it only
for interaction with their followers but also to reaffirm policy positions, promote slogans
and to attack their opponent.

In the previous section, we evaluated the sentiment on Twitter for both candidates for
10 days prior to the Election Day. In this section, we analyze the sentiment of the tweets
generated by Hillary Clinton and Donald Trump Twitter accounts. As was the case with
the user tweets, we utilized SentiStrength to calculate the sentiment of candidate tweets.
We wanted to evaluate the sentiment of messages conveyed by both candidates on Twitter.
We then evaluated the impact of these messages on the overall Twitter discourse. We
can observe from Table 3.4 that Donald Trump sent a total of 110 tweets with an average
sentiment of 0.3925, while Hillary Clinton tweeted 320 times with her messages having a
slightly negative average sentiment of -0.0125. Fig.3.7 plots the daily sentiment trends for
tweets by both candidates.

Here we can detect that the average sentiment of tweets originating from Donald Trump’s
account had a higher positive sentiment when compared with Hillary Clinton’s tweets. To
create a smoother trend, we utilized a polynomial trend of degree 2 for both candidates.
With this we were able to clearly observe that the daily average sentiment of Trump tweets
was more positive than Clinton.

To further reinforce this claim, we performed t-test on the average daily sentiment of
tweets by both candidates. Following were our null and alternate hypothesis:

Hy— > SentimentofTweetsciinton >= Sentimento fTweetSrrymp
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Figure 3.7: Daily average sentiment of tweets by both candidates from 29th Oct — 7th Nov.

H,— > SentimentofTweetsciinton < SentimentofTweetsrrymy

We used F test for sample variance and t-test for hypothesis test. Following are the test

results:

t-stat
P(T;j=t) one tail

t critical one tail

2.59
0.00916
1.73

As the t-stat value was higher than the t critical value, we rejected the null hypothesis

and accepted the alternate hypothesis, stating that sentiment of tweets by Donald Trump

was indeed more positive than tweets by Hillary Clinton. We also analyzed tweets by both

candidates for frequently used terms. The idea here was to discover the most often used

terms in-order to better understand the message conveyed by both candidates. Tables 3.5

and 3.6 show the most frequently used words in tweets along with the average sentiment of

those messages.
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Table 3.5: Hillary Clinton Tweets Table 3.6: Donald Trump Tweets

Hillary Clinton 320

Total Tweets
Donald Trump 110

Total Tweets

‘ Term Num of Tweets % of Total Avg. Sent ‘ ‘ Term Num of Tweets % of Total Avg. Sent ‘

Hillary 122 38.13% 0.1475 Thank(s) 31 28.18% 1.2903
Donald/Trump 71 22.19% -0.4225 Hillary/Clinton 30 27.27% -0.3333
Vote 59 18.44% 0.2373 Great 18 16.36 % 1.4444

We can observe from Table3.5 that the most frequently used word by Hillary Clinton
was Hillary which appeared in over 38% of her tweets with an average positive sentiment
of 0.14. This was followed by the terms Donald and Trump appearing together or sepa-
rately in over 22% of her tweets. The average sentiment of messages mentioning Donald
Trump was highly negative, with a score of -0.4225. We can assume that most of these mes-
sages were highly critical of her opponent. Finally, the third most tweeted term was vote
appearing in over 18% of her tweets with an average positive sentiment of 0.237. It appears
that Hillary campaign was eager to encourage people to go out and vote and believed that
a high voter turnout would be to their advantage.

From Table3.6 we can observe that the most frequently used word in Donald Trumps
tweets was Thank(s) appearing in 31% of his tweets with a highly positive average sen-
timent of 1.29. The second most used term was Hillary/Clinton, which appears in 30%
his tweets and has an average negative sentiment of -0.33. This again shows that, just like
Hillary Clintons messages, these tweets were very critical of his opponent. Both candidates
used Twitter to attack each other and a significant percentage of their tweets had a negative
sentiment because of this behavior. Finally, the third most frequently used term by Donald
Trump was Great, which appear in over 16% of his tweets with a very positive sentiment
of 1.44.

Impact of candidate sentiment on Twitter discussion: We stated in the previous sec-

tion that for 10 days prior to the elections, tweets mentioning Donald Trump had a less
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Table 3.7: Dataset Statistics

Date Trump Tweets Sent Trump Clinton Tweets Sent Clinton

29-Oct 57,598 202812 41,630 20.4866
30-Oct 55,200 203374 47,246 20.4084
31-Oct 58,468 20.3862 40,778 204136
1-Nov 54,165 203754 41,663 20.4294
2-Nov 59,310 20.4899 37,823 205596
3-Nov 61,644 20.3034 37,474 0.3794
4-Nov 64,362 204691 37,024 20.5889
5-Nov 62,721 204743 38,499 20.45

6-Nov 63,837 20.4064 41,627 20.4042
7-Nov 76,795 202311 25,851 20.3493
Total 614,100 0373 389,615 20.448

negative sentiment than those mentioning Hillary Clinton. We also observed that tweets
created by candidate Trump had a higher positive sentiment than candidate Clinton. Now
we wanted to gauge the effect of candidate tweets on the overall sentiment displayed to-
wards them on Twitter during this time period. The purpose of this analysis was to evaluate
how much of an impact candidate tweets had on the overall political discourse related with
election and regarding both of the candidates. In the previous section, we calculated the
daily sentiment of tweets mentioning Trump and Clinton only, without any overlap. In or-
der to gauge the effect of Tweets by the two candidates on their own sentiment, we removed
retweets of messages by both candidates from our dataset in-order to measure the impact
of sentiment of their own messages on discussions regarding them.

Table 3.7 shows us that the tweets mentioning Trump only amounted to a total of
614,100 while tweets mentioning Clinton numbered 389,615. As these tweets mention only
one term, either Trump or Clinton, and do not contain both keywords, hence the retweets
of opposing candidate were already removed. Removing Hillary Clinton retweets from

tweets mentioning Clinton and Donald Trumps retweets from tweets mentioning Trump,
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Table 3.8: Retweets of candidate tweets

‘ ‘ Tweets ‘ Average Sentiment ‘ % of Total ‘
| Hillary Clinton | 983 | -0.4425 | 024% |
| Donald Trump | 1897 | 1.7559 | 031% |

Table 3.9: Most popular tweets of each candidate.

Thank you! https://t.co/34ATTgICTz

| Candidate | Tweet | Sentiment | Retweets |
RT @HillaryClinton: It’s time for Trump to
Hillary Clinton | answer serious questions about his ties to -1 2481
Russia. https://t.co/D8oSmyVAR4
RT @realDonaldTrump: So nice - great
Donald Trump | Americans outside Trump Tower right now. 2 1145

we discover that 983 retweets in the Clinton dataset were her own tweets while for Donald
trump this number was 1897. Table 3.8 shows the sentiment and percentage of total for
these messages.

The share of retweets that are part of subsets used to calculate sentiment for each can-
didate was less than 1%. Hence we can safely state that the retweets of the two candidates
make up a very small part of our overall dataset used to calculate sentiment of both can-
didates and had negligible effect on the sentiment of discussion taking place on Twitter.
Thus hypothesis 2 (H2) is not supported by our data analysis. However, we can notice that
Donald Trump retweets had a very high positive sentiment while the average sentiment of
Hillary Clinton retweets was negative. This is also reflected from the most retweeted tweet
by the two candidates in our Twitter corpus prior to November 8th. The most retweeted
Hillary Clinton tweet had a sentiment of -1 while the most retweeted Trump tweet had a

sentiment of 2. Table 3.9 shows the most frequently retweeted messages of both candidates:
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Figure 3.8: Tweeting behavior of users.  Figure 3.9: Popular news outlets mentioned.

3.4.3 Analysis of User Behavior

We now present the results obtained through analysis of our data that helped us refute or
verify our initially developed hypothesis (hypothesis 3) regarding user behavior.

Content Creation: Studies have shown that number of retweets on Twitter usually
ranged from 1.44% to 19.1% of all messages [93]. Majority of the tweets created on Twitter
are never retweeted. However, this was contrary to our finding where in our dataset number
of retweets was as high as 70%. Majority of the users in our dataset, commenting on the
elections were not creating any new content but rather reusing the information already
present. Furthermore, 100 most retweeted tweets appeared 7081 times in our dataset at an
average of almost 71 times each. This behavior of high retweets was present amongst all
user groups regardless of the number of followers they had or the frequency with which
they tweeted. For top 100 users with followers and friends greater than 10,000, 79% of
their tweets were retweets while for the bottom 100 users with 1 follower and 1 friend this
number was 72%. The statistics are shown in Fig.3.8. This reusing of the information
corroborates the study conducted by McKenna et al. [63] who discovered that 87% of
political bloggers provide links to news articles and other blogs in their blog posts. Fig.3.9
shows the most popular news outlets mentioned in the tweets.

Message Targeting: In order to test our message targeting assumption, we looked at
all the tweets in our database that started with the expression @. Other studies have also

utilized a similar approach to gauge interactive discussions on Twitter [93]. We discovered
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Figure 3.10: The line graph displays percentage of users with high and low followers en-
gaging with other Twitter users through direct messages. The bar graph shows percentage
of messages that were direct.

that few tweets were targeted to other users directly and this low one-to-one interaction
with other users was significantly less for users who had a large number of followers. For
the entire dataset, users engaged in direct messaging formed only 9.66% of all users while
direct messages accounted for only 6.17% of all tweets. This number is lower than that
of 10% claimed by other studies analyzing political discussions on Twitter in context of
elections [93]. Fig.3.10 shows the percentage of direct messages created by users with
high and low number of followers while fig.3.11 shows the sentiment of direct messages
according to user followers. We can observe from these two diagrams that users with high
following engage less in direct one-to-one communication with other users. We can also
see that direct messages of these users have less negative sentiment. Hence hypothesis 3
(H3) was supported by our dataset: majority of Twitter users were not creating new content
but retweeting information amongst their network. They also did not engage in one-to-one
discussions with other users and primarily use the platform to simply rebroadcast already

present opinions.
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Figure 3.11: Sentiment of direct messages by users according to their number of followers.
Users with large following on average have less negative sentiment when interacting with
other Twitter users.

3.5 Findings

We now present the findings of our data analyses.

3.5.1 Twitter as Indicator of Real World Events and Opinion

We found ample support for Hypothesis 1 in our data analysis. As discussed, many stud-
ies have claimed the effectiveness of Twitter to gauge public opinion and to predict real
world events including elections [72], [93], [20]. Our research concurs with these find-
ings. We found a negative overall sentiment for all election related tweets which resembles
the historically bitter and negative election campaign for US Presidential elections 2016
[18]. Similarly, although both candidates had negative sentiment overall, tweets mention-
ing Trump had a comparatively better sentiment than those mentioning Clinton (Fig.3.4).
This finding is in contrast with most polls conducted during this period that showed Hillary

Clinton leading Donald Trump, predicting a Hillary Clinton win. However, the election
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results were contrary to the polls and Twitter sentiment was a better measure is this regard.

We also observed that in context of Elections 2016, Twitter remained a good proxy
to identify the most significant daily events that are taking place. Several studies have
looked at Twitter streaming data as a source for identifying current news and real world
events [91], [17]. They have concluded that Twitter trends are usually the most important
events of the day and can be used to predict headline news. There has been much debate
on the usability of Twitter sentiment to gauge public opinion and various studies have
claimed that Twitter sentiment analysis is indeed a good measure of public opinion [99]. We
believe that by finding support for hypothesis 1, we can state that in case of US Elections
2016, Twitter proved to be an accurate indicator of public opinion and of important election
related events.

While most polls sample a couple of thousands of users to gauge candidate popularity,
analysis of data from social media outlets such as Twitter allow for a much larger sample
size. In our study, we analyzed around 2.9 million tweets made by over 1.1 million users.
This large sample size allows us to make an accurate assessment of general public sentiment

and topics of importance.

3.5.2 Sentiment of Twitter messages by Candidates during Elections

2016

In sentiment analysis of candidate tweets for 10 days prior to elections, we observed
that Twitter messages of Donald Trump had a significantly higher positive sentiment than
Hillary Clintons tweets. We detected a similar pattern in the frequently used terms by both
candidates shown in Tables 3.5 and 3.6. Two of the three most frequently used words in
tweets by Donald Trump were Thank(s) and Great. These words gave his tweets a higher
positive sentiment. However, as we can see from Table 3.8 that candidate tweets formed a
very small portion of our dataset in the form of retweets. Hence, they had negligible effect

on the overall sentiment exhibited towards these candidates on Twitter. Thus we do not find
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support for hypothesis 2 in our data analysis and state that candidate tweets had no impact
on the sentiment of overall political discourse that took place in Twitter.

Nonetheless, we can state here that, Donald Trump ran a more positive campaign on
Twitter compared to Hillary Clinton. His messages had more positive words and generated
a greater positive sentiment around his campaign.

We also observe that both candidates mentioned each other frequently in their tweets
and employed a very negative tone. This is evident from Tables 3.5 and 3.6, where tweets

from both candidates mentioning other candidate’s name had a highly negative sentiment.

3.5.3 User Behavior on Twitter during Elections 2016

According to our data analysis, we believe that although Twitter is a popular tool for po-
litical discussions and debate, a very small number of users dominate this platform. Table
1 displays this dominance, where almost 52% of all tweets in our dataset originate from
around 9% of the users while over 69% users accounted for only 26% of total tweets. Sup-
port for hypothesis 3, further solidifies this conclusion as 70% of tweets in our dataset
were retweets. Hence, majority of users were passively following trends and discussions
through retweets and did not actively participate in conversations by expressing their orig-
inal thoughts.

Support for (H3) also indicates that in context of US elections 2016, Twitter was pri-
marily used to spread political opinion and not to discuss these opinions with other users.
Only 6.17% of messages in our sample were direct messages. This finding of using Twitter
for broadcasting rather than engagement for political conversations is in contrast with other
Twitter studies conducted during elections that claim people use the social media platform
to engage in interactive discussions [93].

These results answer our initial question regarding political discourse on Twitter in
context of US elections 2016. Little diverse and original opinions existed on the social

media platform while few users interacted with each other. Twitter acted primarily as an
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echo chamber, where users re-broadcasted few stated opinions.

3.6 Discussion

For this Twitter mining of election, we analyzed approximately 2.9 million Twitter mes-
sages related with the US Presidential elections of 2016. These tweets were collected over
a period of 21 days, before and after the elections that were held on November 8th. The
tweets were filtered based on their text mentioning either the two major Presidential candi-
dates (Clinton and Trump) or the term Election 2016.

One purpose of this study was to gauge if there existed a significant correlation between
the sentiment and the topics discussed on Twitter with the citizen’s opinions and real world
events and breaking news related with the elections. Our data analysis affirmed this cor-
relation, by supporting hypothesis 1. We discovered an overall negative public sentiment
towards the election and both candidates. This is in line with the bitter election campaign
executed by both major candidates (Table 3.5 and 3.6) [18]. We also learned that in con-
text of the elections 2016, a timeline of Twitter trends and frequently used words could be
utilized to identify events of significant importance as they happened.

We discovered that Donald Trump had a more positive campaign message than Hillary
Clinton. He used more positive words and created a positive sentiment around his cam-
paign. However, we found little evidence supporting hypothesis 2, and believe that these
messages did not have a significant impact on the overall sentiment of the political dis-
course taking place on Twitter.

In terms of user behavior, it was observed that little original content was created by
users during discussions and most were rather retweeting. We also saw that a very small
percentage of messages were direct and contrary to findings by some other studies, majority
of the users did not engage in direct one to one conversations with each other. These find-

ings support hypothesis 3 and points to the use of Twitter as a broadcasting platform where
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users simply restated opinions and not as a stage to engage in interactive conversations with

other users or to create original thoughts and ideas.
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Chapter 4

Citizen Centric Stakeholder Theory

In this chapter of the dissertation, we will discuss role of social media for organizational
communication along with providing background into stakeholder theory which was devel-
oped during the 1980s in the area of organizational management. Stakeholder theory has
been the topic of discussion in thousands of research articles. We will discuss some of the

important ones here that are most pertinent to our research.

4.1 Background

Social media data analysis has become a very important topic of study in recent years.
Platforms such as Facebook and Twitter have not only changed the way we interact with
one another but also on how we share news and comment on world events at almost real
time. The power of users to start trends and make some news more popular than others has
remarkably changed how events are reported. One example of this growing importance of
social media is by Forrester report [2], according to which internet marketing spending in
US will reach $103 billion by year 2019, surpassing broadcast and cable television adver-
tising combined. This high level of advertisement spend on internet is an indication of the
realization of the importance of online user presence and activity.

Not only commercial but public organizations are also using social media to their ad-
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vantage. High level of public connectedness through social media has changed the way
local and national government institutions interact with public. For example, almost all
police departments of large US cities have presence on multiple social media platforms in-
cluding Facebook and Twitter [16]. This enables them to quickly engage an get citizen help
on any impending emergency. Local governments providing civic services such as garbage
collection and infrastructure maintenance are also using social media to get feedback from
citizens on priority of public works.

Recently, the idea of e-governance and smart city has also taken hold globally. Internet
has provided policy makers with the opportunity to increase government awareness and
institutional responsiveness while enhancing citizen engagement. It has been indicated
that efforts by government to increase public participation in the affairs of government and
taking greater input into decision making can improve public trust in government [52].

Social media has also enabled policy makers to collect data created by citizens for
analysis. The hope is that this data deluge in the form of big data will provide policy makers
with a more sophisticated, wider-scale, finer-grained and real-time understanding of their
constituents [53]. Facebook too has become a popular tool with regards to communication
between government institutions and citizens [45]. Majority of public sector organizations
now manage Facebook pages thorough which they communicate with the community in

which they operate.

4.2 Stakeholder Theory

Stakeholder Theory was developed in the area of organizational management during the
1980s as a tool for the managers to identify relevant stakeholders of the organization [35].
The theory stated that while obligation of an organization towards its stockholders have
long been emphasized, the modern corporate should also take its stakeholders into con-

sideration. Stakeholders are groups to which an organization is responsible in addition to
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stockholders. These include not only organization shareholders but also employees, cus-
tomers, suppliers, lenders and society in general. The theory argues that by identifying
stakeholders and their relationship with the organizations, managers can better operate in
their working environment. Stakeholder theory has gained prominence over the years and
has been applied not only in business ethics but also in areas like corporate social respon-
sibility, human resource, management and law [49, 76]. Recently, it has also been adapted
for application in the context of e-government [34]. It is reasoned that application of stake-
holder theory for e-governance does not cause a conceptual mismatch, as the government
objective of providing services to citizens is similar to an organization looking after its
stakeholders.

The stakeholder theory utilizes the notion of stakeholder salience to categorize/prioritize
different types of stakeholders. This salience theory identifies different types of stakehold-
ers using three measures: power, legitimacy and urgency [66] as shown in Fig. 4.1. Below

we have a brief definition of these three stakeholder traits:

e Power: Stakeholder power is defined as the ability to influence the firm. Stakeholders

possessing power are in a position to carry out their will on the organization.

e [egitimacy: Stakeholder legitimacy is defined as validity of relationship with the

firm. This relationship can be contractual or in the form of a legal or moral claim.

e Urgency: Stakeholder urgency is defined as criticality of stakeholder‘s claim on the
firm. Thus urgency defines the intensity to which a stakeholder‘s claim calls for

immediate action.

The study states that managers give priority to stakeholders based upon these features.
Furthermore, there can be stakeholders who possess more than one salience, i.e., a group
of people might have both power and legitimacy attributes. Priority of such stakeholders

is higher than those who possess only one attribute. Hence, stakeholders who possess



48

Power

Legitimacy Urgency

Figure 4.1: Stakeholder saliences of power, legitimacy and urgency. A definitive stake-
holder is defined as one who possesses all three features.

all three salience attributes — power, legitimacy and urgency — are described as definitive
stakeholders and managers are required to attend to their needs immediately.

There have been past attempts to adopt stakeholder theory for social media [81]. On
social media, stakeholder saliences will change to reflect the nature of the platform, as
here salience needs to be evaluated based on their influence and content shared on social
media. Sedereviciute et al. [81], for instance, adapted stakeholder theory for social media
where stakeholder saliences are based on the characteristics of online networking sites,
where using social network analysis , power is defined as the central position of user in a
social network while both legitimacy and urgency are defined as the content shared by the
users. However, this model defines legitimacy and urgency in terms of the content shared
by users. We believe that both legitimacy and urgency cannot be defined only in terms of
content shared by a user but rather indicate distinct online user behaviors. In the following
section of the paper, we present our own adaptation of stakeholder salience theory for social

media.
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Figure 4.2: Stakeholder classification based on attributes.

4.2.1 Stakeholder Theory Salience

One important aspect of stakeholder theory development is the notion of stakeholder salience
[66]. Developed in 1997, Stakeholder salience is evaluated using three measures: power,
legitimacy and urgency. The study states that managers give priority to stakeholders based
upon these features.

Furthermore, there can be stakeholders who possess more than one salience i.e. a group
of people might have both power and legitimacy attributes. Priority of such people is
thus higher than those who possess only one attribute. Hence, users who possess all three
salience attributes, power, legitimacy and urgency are described by the paper as definitive
stakeholders and managers are required to attend to their needs immediately.

Fig.4.2 displays the 8 types of stakeholders based on the number of attributes present.

Following is an explanation of these stakeholder types:

1. Dormant stakeholders: these stakeholders possess power and hence can impose
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their will on the organization. However, they neither possess the legitimacy nor the
urgency in relationship with the firm. Hence is argued that their power remains dor-

mant.

. Discretionary stakeholders: these stakeholders possess the legitimacy, however,

they do not have the power nor the urgency.

. Demanding stakeholders: these stakeholders have urgent claims on the firm. How-
ever, they do not possess the power nor legitimacy. Hence these are demanding

stakeholders.

. Dominant Stakeholders: these stakeholders possess both power and legitimacy and
hence have a confirmed dominance over the organization. Hence these stakeholders
are called dominant as they not only have legitimate claims over the organization but

also keep the power to act upon them.

. Dangerous Stakeholders: these stakeholders have power and urgency; however,
their claims lack legitimacy. The study classifies them as dangerous as due to the ur-
gency of their claims along with the power they yield, these stakeholders can attempt

to coerce the firm into illegitimate activity to in-order fulfill their claims.

. Dependent Stakeholders: these stakeholders have legitimacy over the firm and also
have urgency to their claims. However, as they do not possess any power, they are
dependent upon others to fulfill their claims. Hence they are termed as dependent

stakeholders.

. Definitive Stakeholders: these stakeholders have all three attributes. They have le-
gitimate claims, their claims are urgent and they also possess the power over the firm
to act upon them. Managers of the firm are required to attend to these stakeholders

immediately.
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8. Non-stakeholders: these entities lie outside the stakeholder salience model. They
dont possess any power, nor have any legitimate or urgent claims over the firm. Hence

for the organization, these entities are classified as non-stakeholders.

The stakeholder salience study was an attempt to further explain the original stake-
holder theory put forward in the 1980s. It tries to explain why some stakeholder claims
are worthy of higher priority than others for an organization. The paper develops on the
original theory where each stakeholder is evaluated based solely on the legitimacy of their
status. The salience study expands into other attributes such as power and urgency in order

to better understand which stakeholders really count for the managers of a firm.

4.2.2 Stakeholder Theory Adoption for Social Media

There have been attempts to adopt stakeholder theory for social media. As discussed in
the previous section, stakeholder saliences were developed to identify the significance and
importance of different stakeholders with respect to the organization. These, salience are
defined as Power, Legitimacy and Urgency where many stakeholders might possess more
than one salience.

On social media, these stakeholder attributes will change to reflect the nature of the
platform. Sedereviciute et al. [81] adapted stakeholder theory for social media. Here
stakeholder saliences are based on the characteristics of online networking sites. They
utilize social network analysis to describe the stakeholder features. Thus power is defined
as the central position of user while the legitimacy and urgency as defined through content
shared. A user who shares a lot of content relevant to the organization becomes a legitimate
stakeholder while someone who shares a lot of content online has the urgency salience.
Hence stakeholders’ power relates to his or her central position in the online community. A
user with a large number of followers on Twitter has high power due to her ability to reach

a large audience with a message.
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Figure 4.3: Stakeholder groups as a function of their salience in social media [81].

Legitimacy relates with the relevance of the topic under discussion. A social media
user discussing and sharing a lot of news regarding police departments online will become
a legitimate social media stakeholder of police departments. Finally, urgency is defined
by the frequency of discussions under a particular topic. As, Urgency and Legitimacy,
both relate with content creation, hence according to Sedereviciute et al. [81] these two
dimensions can be treated as one. Fig 4.3 describes these stakeholder salience in context of
social media.

We believe however, that the approach used by this model does not define stakeholder
saliences adequately with regards to social media. Both legitimacy and urgency cannot
be defined only in terms of content shared by a user but rather indicate distinct online
user behaviors. In the following section of the paper, we present our own adaptation of

stakeholder salience theory for social media.

4.3 Citizen Centric Stakeholder Theory for Social Media

In this dissertation we perform social media data analysis to evaluate its usage for commu-
nication with citizens. This communication can be between organizations and citizens or

by political leaders during general elections. One method of performing such an analysis
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is by understanding the behavior and sentiment of social media users. We can evaluate
this through analyzing popular retweets, sentiment expressed towards individuals and or-
ganizations of importance, content creation, direct messages, popular trends and keywords
etc.

In-order to achieve this goal of developing a thorough understanding of social media
usage, we want to be able to better identify social media users. To accomplish this, we
attempt to develop a framework for social media users. We will be utilizing popular, time
tested Stakeholder Theory for development of this framework. Specifically, we want to be
able to create a citizen centric stakeholder theory, which treats all social media users as
stakeholders.

Development of such a framework can help enable organizations and individuals, who
utilize the web to engage with citizens on a mass scale, to better identify their target au-
dience. A framework developed using stakeholder theory as a foundation can help these
employers of social media to distinguish between various social media users. Such a dis-
tinction can enable them to identify the users they want to target specifically in order to
create a better communication and reception for their message online, getting their mes-
sage clearly to social media users.

Adoption of stakeholder theory for social media is a challenging task as there are mil-
lions of users online and thus millions of possible stakeholders to identify and engage.
Nonetheless, we believe that positive identification of these stakeholders can enables social
media users to target the ones most critical to their message and hence enable effective
communication or message propagation online.

Our approach is to create a stakeholder theory for social media that is citizen centric. As
all organizations or political leaders utilize social media to engage with users, social media
stakeholder theory attempts to identify for them, social media users, based on the saliences
of Power, Legitimacy and Urgency. However, application of stakeholder theory on social

media is different in its dynamics than from an organizational setting as in this case we
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are trying to identify and categorize millions of users as stakeholders. Following are the

characteristics of these stakeholders on social media that will determine their saliences:

e Power: Power (which can also be viewed as influence) of stakeholders on a social
media platform is determined by their importance in the social network [81]. It is
observed that even large networks are usually driven by very few individuals who
act as hubs around whom most of the activity is organized [88]. Hence actors who
have a central position in the network have a greater potential to influence conver-
sations. This network factor remains vital in social media as well, since online so-
cial networks resemble an enormous network where stakeholders create and share
information [88]. For example, a stakeholder with large following has the poten-
tial to propagate her message to a large audience. Celebrities and influential people
have millions of followers on Facebook and Twitter and any statement for or against
any cause or political candidate has the potential to become major news. Similarly,
celebrity endorsements on social media can generate positive publicity for a candi-

date. Hence stakeholder power can be defined as the following equation:

power = number of followers

In context of social media, users with a large following possess the power salience
and have the potential to impact online discourse in terms of setting specific agenda

by directing conversation and by framing the discussion topics.

e Legitimacy: Legitimacy of social media stakeholders relates with their status and

reputation on social media.

A study by Chu et al. [24] on detection of automation on Twitter created a parameter
of user reputation to discriminate between human and automated activity. The study
examined 500,000 Twitter users for this purpose. It stated among other findings

that a measure of account reputation can be used to distinguish human activity from
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bot. The study formulates that humans have a near equal number of followers and
friends. This is not true for bots as in-order for bots to create a bigger network, the
common strategy is to follow a large number of users in hope that some of these users
will follow them back. The study defined account reputation using the following

equation:

num of followers

Account Reputation =

p num of followers + numof friends
The above equation assigns an account reputation value between 0 and 1, with ac-
counts having value close to 1 being highly reputed. The study concluded that ma-

jority of bots or automated accounts had a reputation of less than 0.5.

Stakeholder theory defines legitimacy as validity of stakeholder relationship with the
firm [66]. On Twitter a valid account is one which is operated by a human user and is
not an automated account. Hence in Twitter setting, we define legitimacy as account

reputation.

However, in context of our citizen centric stakeholder theory, legitimacy differenti-
ates not only between automated and human Twitter users but also between different
human users. Hence some users have a higher reputation by having more followers
than friends. Celebrity accounts on Twitter for example have millions of followers
while they in turn follow a very small number of other users. This high ratio of fol-
lowers compared to friends gives their Twitter accounts high reputation and assigns
their online content more legitimacy than other users with a lower number of follow-
ers compared to friends. On the other hand, a stakeholder who follows more users
than is followed by will have a negative legitimacy value. A stakeholder who follows

a large number of other users, but is followed by few users cannot be considered to



56

possess high legitimacy as few users are interested in hearing what that person has to

say. Hence stakeholder legitimacy can be calculated using the following equation:

followers>

legitimacy = log( Foll
ollows

Here followers are those users who follow the stakeholder on Twitter while follows
is the number of other Twitter users whom the stakeholder follows. We are taking
log of the followers and follows ratio in-order to keep the legitimacy variable value
in a manageable range. Hence this enables us to objectively evaluate stakeholders
legitimacy who have followers and friends ranging from millions to few dozens.
Taking the example of Katy Perry, who as of October 2017, has over 105 million
followers on Twitter but is only following 2014 other users. By the above formula
her legitimacy value will be 5.71. This will be one of the highest legitimacy values

for a Twitter user as a large audience is interested in hearing her message

Urgency: Urgency on social media is defined in terms of the overall online activity of
a stakeholder. Thus the amount of content posted, shared and liked by a stakeholder
will determine the level of urgency. The more intense and frequent stakeholders
participation in discussions on particular topics, the higher will be their urgency.
Stakeholders gain this salience by actively participating in online discussion along
with frequently sharing relevant content on social media. A stakeholder can gain
urgency by not only actively posting messages and content online but by also sharing
and liking posts created by other stakeholders. Hence both active and passive forms
of propagation can be included in defining urgency. However the weights could be
assigned to these activities reflecting their level of engagement. For example, the

following equation can describe the urgency of a stakeholder on Twitter:
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Urgency = ((0.75 * numberoftweets) + (0.25 * numberoffcworites))

Here we assigned a higher weight to tweets and lower to favorites as online tweeting
is a more engaging activity than liking messages of other users. Thus a stakeholder
tweeting and favoring messages of other Twitter users frequently has a higher ur-
gency compared with a stakeholder rarely tweets to likes tweets of other users. The
above saliences defined in stakeholders in terms of citizen centric stakeholder theory
for social media where online users of social media are the central figures. These
saliences can change over time based on changing activity and online influence of
stakeholder. As we have discussed earlier, possessing a combination of two or more

saliences increases the importance of a single or group of stakeholders.

The above saliences defined in terms of citizen centric stakeholder theory, in this appli-
cation of stakeholder theory, we have kept the social media users as the central figures. As
discussed earlier, a combination of two or more saliences increases the urgency of engaging
a single or group of stakeholders. Fig 4.4 graphically shows the three dimensions of the

stakeholder theory in terms of characteristics of social media users.
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Figure 4.4: User saliences as defined by the Citizen Centric Stakeholder Theory.

4.4 Citizen Centric Stakeholder Theory Applications

We believe that citizen centric stakeholder theory can be applied in broad areas of social
media research. It can be used to categorize social media users resulting in identification
of key participants in an online discussion. These users would have a high degree of influ-
ence on the sentiment of topics of discussion. Analyses of these key participants can help
explain the prevalent sentiment and opinions on social media discourse. Identification of
key participants can also help gauge how effective an organization or individual is in their
social media communication in terms of targeting the right individuals with their message
and allaying their concerns through direct communication.

This theory can also be used to evaluate social media communication of users to under-
stand sentiment and message propagation. Traits such as power, legitimacy and urgency

can help explain why tweets of certain users are retweeted more than others [88, 36]. Sim-



59

ilarly it is observed that users with a large following usually maintain a positive sentiment
and avoid contentious topics and debates as they do not know which of their followers
might be offended by their statement [62].

Furthermore, rather than analyzing sentiment of tweets, we believe that focus should
be made on analyzing sentiment of users. For example, One of the well documented phe-
nomenon on Twitter is the fact that a very small number of users monopolize political
discussions on Twitter [14, 99]. Thus with participation being lopsided, utilizing sentiment
of tweets or evaluating volume of tweets or terms mentioning a particular candidate or po-
litical party as an indicator of popularity become dubious. Hence we believe that in order to
accurately gauge public opinion using Twitter sentiment, researchers should take sentiment
of individual users in consideration.

In the next chapter, we will apply our citizen centric stakeholder theory to analyze
Twitter data collected during US elections of 2016 and UK elections of 2017. Using stake-
holder salience described above, we will evaluate the impact of these attributes on message

sentiment and propagation as retweets.
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Chapter 5

Citizen Centric Stakeholder Theory

Application on Twitter Election Data

We will now utilize the citizen centric stakeholder theory, proposed in chapter 4 to analyze
social media data. Here we will use two case studies. The first involves the use of Twitter
data gathered during the US Presidential Elections of 2016 and the UK General Elections
of 2017. We will use the stakeholder theory to analyze user behavior and sentiment, par-
ticularly in terms of retweets and message propagation. Stakeholder theory will allow us
to identify whether reputation and following plays a vital role on why some tweets are

retweeted more than others.

5.1 Background and Motivation

The advent of social media networks has dramatically transformed the way people com-
municate and share information with each other. These networks have provided their users
with the power to decide which news event is more interesting or relevant for them. There-
fore network effect in terms of views of a video or number of followers of a celebrity play
a huge part in determining the content that goes viral [36, 74]. Thus, unlike conventional

media, social media allows users direct influence over popular discussion topics. While in
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traditional mainstream media, narrative is built by a group of established influencers, dis-
cussions remain fluid and decentralized on social networks. Hence, in order to fully benefit
from all the bidirectional features of social media platform, organizations and individuals
employing social media for marketing or communication must actively observe and partic-
ipate in the information sharing processes taking place online. However, although all users
can influence the Twitter discussions, some users have more influence than others when it
comes to message propagation and the ability to influence opinions of other users. One
of the well documented phenomenon on Twitter is the fact that a very small number of
users monopolize the entire discussion [99, 15]. Hence although Twitter allows researchers
to evaluate tens of millions of tweets generated by millions of distinct users, the resulting
conclusions are unconvincing due to the bias of a very small group of users accounting for
majority of tweets. Thus it becomes crucial for employers of Twitter to identify influential
users on the social media platform in-order to focus more attention towards the segment of
users who have the biggest impact on online discussions. In this section of the dissertation,
we apply the citizen centric stakeholder theory, developed in the previous chapter, to ana-
lyze message propagation and sentiment on Twitter. By evaluating stakeholders based on
salience, we analyze the impact of these features can have on retweets and message senti-
ment. Furthermore, we also assess the impact of stakeholder sentiment on their retweets.
Some studies have claimed that tweets with positive sentiment reach more users than tweets
with negative sentiment [33]. Hence along with stakeholder salience, we also assess im-
pact of stakeholder sentiment on message retweets. However, rather than using sentiment
of individual tweets, we create a stakeholder sentiment parameter, where sentiment of all
tweets created by a stakeholder are averaged to assign a stakeholder sentiment. We use
stakeholder sentiment variable to determine its impact on message propagation.

In the recently concluded US Presidential Elections of November 2016, and UK Gen-
eral Elections of June 2017, Twitter played a very important role in election campaigning.

As of 2017, USA has approximately 69 million while UK has 16.4 million monthly ac-
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tive users of the microblogging site [87]. Thus candidates and political parties involved
in both elections had millions of followers on Twitter and used the social media platform
to frequently communicate their stance on important policy points such as immigration,
economy, security etc. As multiple studies analyzing Twitter election data have observed
that a large number of tweets in election related Twitter datasets are retweets [100], under-
standing why some tweets are retweeted millions of times while most are never retweeted
remains an important research topic.

Thus we attempt to understand the role of stakeholder salience on message retweet
and sentiment during political discourse that took place on Twitter during the US and UK
elections. By utilizing data from two elections that took place a year apart in two different
countries, our findings will be compelling if we get similar results in both datasets. Our

study makes the following key contributions:

e Development of a theoretical framework of social media stakeholder theory that can

be used to categorize social media users based on stakeholder theory saliences.

e Evaluating the role of stakeholder saliences on retweets and sentiment of tweets.

e Finally, appraising the impact of stakeholder sentiment on retweets.

Findings from this study will enable employers of social media to better understand
online users and dynamics of conversation taking place on social networks. Using our
categorization of stakeholders, they will be able to segment their target audience based on
tangible attributes, enabling them to effectively target them with their message, as the goal
of any social media campaign is to reach a large online audience.

As a test case for our citizen centric social media stakeholder theory, we apply it on
Twitter data to test our hypotheses of whether the salience factors play a role in explain-
ing message sharing and sentiment. We will examine these questions using data gathered

during the US and UK elections of November 2016 and June 2017.
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5.2 Hypothesis Development

We now develop our research hypotheses using the social media stakeholder theory. We
describe the impact of stakeholder salience on message propagation and sentiment on Twit-

ter.

5.2.1 Stakeholder Retweets on Twitter

Various studies have looked at the dynamics of message propagation on Twitter. Especially
with regards to political discourse, it has been observed that the number of retweets in
discussions remain very high [99, 93]. We discover a similar pattern in US and UK elec-
tions datasets. Almost 72% of the tweets of US dataset were retweets while for the UK
dataset, number of retweets was more than 75% of messages. Hence understanding why
some tweets are retweeted millions of times while most are never retweeted remains an
important research topic.

In this paper, we look at the dynamics of message propagation. We assess the impact of
stakeholder salience, and sentiment on the number of their retweets. To calculate retweets
of a stakeholder, we need to first identify all stakeholders who have created at-least one
original message (not a retweet). Retweets of all original messages by a stakeholder will
then be added to create a stakeholder retweets variable. The following equation is used to
calculate the average number of retweets for all tweets of a stakeholder, denoted as variable

SR:

SR = %ZZRTM (5.1)

i=1 j=1

Here n is the total number of original tweets by a stakeholder while m is the total
number of retweets. Each original tweet is represented as ¢ while each retweet is shown
as j. Here i € set of original tweets by the stakeholder defined as I = {iy,is,3...,3,}. A

higher SR value will indicate higher retweet rates for a stakeholder tweets.
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5.2.2 Stakeholder Sentiment on Twitter

In this section, we hypothesize if the salience factors also influence the sentiment of tweets
by stakeholders. Rather than calculating individual sentiment of each tweet, we investigate
the sentiment of each stakeholder to understand the impact of salience factors on stake-
holders, but not on the individual tweets. Specifically, we are calculating sentiment of each
stakeholder instead of individual tweets for two reasons. Firstly, one of the well docu-
mented phenomenon on twitter is the fact that a very small number of users monopolize
discussion on Twitter [14]. We detect a similar pattern in both of our datasets. Only 3.25%
users were responsible for almost 57% of all tweets in our US Twitter corpus. Similarly for
the UK dataset, 2.25% users were responsible for over 50% of all tweets.

Hence with participation being so lopsided, techniques utilizing sentiment of tweets
or evaluating volume of tweets mentioning a particular candidate or political party as an
indicator of popularity become dubious [15, 19, 93]. We believe that in order to accurately
gauge the popularity of a candidate on Twitter, researchers should look at the sentiment
and behavior of individual users rather than the number of tweets mentioning a particular
candidate or political party. In this way, we would be able to cater for the bias in the data.

Secondly, as we are treating all social media users as stakeholders and are evaluating
them based on their attributes such as power, legitimacy and urgency. Hence we will also
evaluate message propagation based on sentiment profile of stakeholders by creating a sen-
timent values for each Twitter user and then observe the number of retweets that user has.
This stakeholder sentiment S.S is defined as an average sentiment of all the tweets in the

following equation:

1 n
58 =~ Zl ST (5.2)

Here ST is the sentiment of each individual stakeholder tweet while n is the total num-

ber of stakeholder tweets.
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5.3 Role of Stakeholder Salience on Message Propagation
and Sentiment

In this section, we use the stakeholder saliences of power, urgency and legitimacy, defined
in the previous section, and examine their impact on message propagation and sentiment
on Twitter. We now develop several hypotheses to evaluate the role of each salience on

message propagation and sentiment.

5.3.1 Role of Stakeholder Power in Retweets and Sentiment

Our first set of hypotheses evaluates the role of stakeholder power on message propaga-
tion and sentiment. On Twitter, power translates into number of followers of a stakeholder
while the message propagates in the form of retweets. Message propagation on Twitter re-
mains one of the most active areas of academic research. While some tweets are retweeted
thousands of times, most tweets are never retweeted. Message content such as hashtags
and URL have a strong relationship with retweeting [88]. Similarly studies have also dis-
covered a strong linear relationship between retweets and the number of followers a user
has on Twitter [88]. We expect that a similar pattern may be discovered in our election
datasets, where stakeholder with larger number of followers will have more retweets of
their messages.

In terms of sentiment, it is observed that Twitter stakeholders with a large following
usually maintain a positive sentiment and try to avoid contentious topics and debates [62].
This self-censorship of avoiding divisive topics and issues stems from the fact that hav-
ing a large following, a stakeholder might not know which of their followers they might
end up offending with their remarks [62]. As in our model, stakeholder power is directly
correlated with the number of followers, we expect a similar behavior. Hence we propose
the following hypotheses with regards to the impact of stakeholder power on retweets and

sentiment;:
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Hypothesis 1 (H1): Stakeholders with high Power have a higher number of retweets.

Hypothesis 2 (H2): Stakeholders with high power have higher positive sentiment.

5.3.2 Role of Stakeholder Legitimacy in Retweets and Sentiment

We earlier defined legitimacy in terms of the stakeholder reputation on social media. We
defined status of a stakeholder as the log ratio between the number of Twitter users who are
followers of the stakeholder and the number of Twitter users who the stakeholder follows.

These celebrities who are active on Twitter and have a large following and high repu-
tation are retweeted far often than ordinary users. Studies have discovered that celebrities
with large following are retweeted extensively [36]. Similarly, a strong positive linear cor-
relation exists between the number of followers of users and the number of retweets of their
messages [88].

Studies have also discovered that human users on Twitter, usually follow and are fol-
lowed by almost an equal number of users [24]. This is not true for Twitter bots as to create
a bigger network, the common bot strategy is to follow a large number of users in hope
that some of these users will follow them back. Thus automated accounts results in high
negative legitimacy values, which indicates the low legitimacy.

To determine if stakeholder legitimacy has any impact on retweets and sentiment, we
propose the following hypotheses:

Hypothesis 3 (H3): Higher legitimacy results in higher number of retweets for a stake-
holder.

Hypothesis 4 (H4): High legitimacy positively influences sentiment of a stakeholder.

5.3.3 Role of Stakeholder Urgency in Retweets and Sentiment

We have expressed stakeholders® urgency in terms of the overall activity on a social media

platform. On Twitter, stakeholders gain urgency through tweeting and by liking tweets of
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other users. Hence, along with number of tweets posted, we will also take into considera-
tion the number of tweets a user marks as favorite.

While measures such as followers, retweets etc. have been looked at intensively, utility
features such as favorites have mostly been overlooked in Twitter research [97]. In this
study, we consider both the number of tweets a user is creating and the number of tweets
a user marks as favorites in the definition of urgency, as an overall indicator of the level of
online activity. However as marking tweets as favorites is a passive form of activity when
compared with posting messages, we assign favorites of a stakeholder lesser weightage
than number of tweets as discussed in chapter 4. Hence in terms of determining the impact
of urgency on stakeholder retweets and sentiment, we propose the following hypothesis:

Hypothesis 5 (HS): Higher urgency influences higher number of retweets for a stake-
holder.

Hypothesis 6 (H6): Higher urgency influences stakeholder sentiment more positively.

5.3.4 Role of Stakeholder Sentiment in Message Propagation

Finally, we want to evaluate the impact of stakeholder sentiment on stakeholder retweets.
Role of sentiment in message propagation on Twitter remains a popular topic of research.
Some studies have claimed that tweets with positive sentiment reach a wider audience than
those with negative sentiment [33]. Contrary to these findings, our preliminary analysis,
as shown in Figs 5.2 and 5.3, indicate that a large number of negative tweets have been
retweets in both US and UK datasets. In addition, both datasets show that the retweet rates
of negative sentiment tweets is higher than tweets with positive sentiment (Fig 5.14). Hence
we question if negative sentiment tends to generate higher retweets than positive when it
comes to election related discourse. Thus, along with analyzing the role of stakeholder
salience in message propagation, we pose the following hypothesis to investigate if the

stakeholder sentiment S'S impacts on the number of stakeholder retweets S R:
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Figure 5.1: Hypothesis model for evaluating the impact of stakeholder salience and senti-
ment on message retweets on Twitter.

Hypothesis 7 (H7): Higher negative sentiment SS of a stakeholder will result in a
higher retweets S R.
The above seven hypotheses can be represented in the form of the social media stake-

holder model shown in Fig 5.1.

5.4 Data Preparation Methodology

Our data collection and cleaning methodology is explained in chapter 2 of this dissertation
in detail. For this study we utilized data gathered during US and UK elections of 2016
and 2017 respectively. In total, we used around 30 million tweets gathered during the US
elections and 10 million tweets during elections in the UK. Table 5.1 provides an overview

of both datasets.
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Table 5.1: Statistics of US and UK Twitter datasets collected during 2016 and 2017 elec-
tions respectively. Majority of tweets in both datasets are retweets.

Tweets Total Total Original  Retweets Retweets
Tweets Users Tweets %

US Elections 29,098,834 5,708,690 8,153,615 20,945,219 71.98%
UK Elections 9,910,453 1,321,392 2,475,075 7,435,378  75.03%

5.4.1 Sentiment Analysis

Using SentiStrength, we assigned sentiment scores to all tweets. The process of assigning
sentiment scores to text messages is explained in chapter 2 in detail. Our preliminary
sentiment analysis of both datasets reveal that there are more negative sentiment tweets
than positive. This finding is different from other studies that have used SentiStrength to
evaluate sentiment of tweets [33]. Figs 5.2 and 5.3 show the distribution of tweets for in
terms of their sentiment values.

We observe similar distribution pattern of tweets for both US and UK election datasets
where negative sentiment tweets are higher in number than the positive sentiment tweets.
Although the highest number of tweets for any sentiment value are neutral with 0 sentiment,
tweets with negative sentiment far outnumber tweets with positive sentiment. Thus both
datasets are skewed to the left with a skewness coefficient of -0.36 for US and -0.38 for UK
datasets respectively.

After our initial data exploration, in the next section, we proceed to in-depth analyses

of data in-order to test our hypothesis.

5.5 Descriptive Analyses

We now discuss the results of our data analysis. Like most election related Twitter studies,
we discovered that a small number of users and tweets accounted for majority of retweets
during both US and UK elections. The dataset collected during the US elections of Nov

2016, only 100,000 tweets were retweeted 15.2 million times while only 8% users in the



70

16M 14,126,371
14M

1zmM
10M
BM

&M
am 3,087,521

IM 1,467,799 . 1,149,093
67,526 m e 101,790 3,079
-3 -2

5,448,067
3,647,588

Tweets in Millions

0 —
-4 -1 0 1 2 3 4

Sentiment

Figure 5.2: Distribution of tweets in US elections 2016 dataset in terms of sentiment polar-
ity. We can observe that roughly half of the tweets are neutral (sentiment = 0). However,
the number of negative tweets is 10,070,913 and is more than double that of positive sen-
timent tweets which amount to 4,901,550 making the distribution skewed to the left with a
skewness coefficient of -0.36.
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Figure 5.3: Distribution of tweets for UK elections 2017 dataset in terms of sentiment
polarity. Highest number of tweets have neutral (sentiment = 0). However, we can
observe that just like US Election 2016 dataset, number of negative sentiment tweets is
much higher 3,555,524 than positive sentiment tweets which number at 1,884,001 making
the distribution skewed to the left with a skewness coefficient of -0.38.
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Figure 5.5: Shows the relationship between
users and number of tweets during the US
elections. Only 500,000 or 8% users are re-
sponsible for over 20 million or 69% of all
tweets.

Figure 5.4: Displays the relationship be-
tween tweets and retweets during the US
elections. Only 100,000 tweets account for
over 15.2 million or 72% of all retweets.

dataset accounted for 69% of all tweets. Fig 5.4 and 5.5 display this dominance where
a small number of tweets and users account for a very large percentage of retweets and
tweets respectively. We discover a similar pattern for the UK elections of 2017 where only
100,000 tweets were retweeted over 6.2 million times while top 100,000 tweeters, had 6.8
million messages in our dataset accounting for almost 70% of all tweets in the gathered.
Figs 5.6 and 5.7 show this dominance.

In order to test our hypothesis of stakeholder salience and sentiment, we identified over
2 million users in the US dataset and over 479,000 users in the UK dataset who created
at-least one original tweet. We then looked at all the retweets these tweets created in our
dataset. Table 5.2 provides details of users from these two datasets.

We calculated the stakeholder retweet SR and sentiment SS variable for each of the
stakeholders shown in table 5.2 by utilizing the methodology described in the hypothesis
development section. Both of these variables are used as dependent variables in our data

analysis for hypothesis testing related with stakeholder salience.
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Figure 5.7: Shows the relationship between
users and number of tweets during the UK
elections. Only 100,000 or 7% users are re-
sponsible for over 6.8 million or 69% of all
tweets.

Table 5.2: Stakeholders with one or more original tweets and retweets of all their original

tweets in our datasets.

Tweets Stakeholders

with at Stakeholder Retweets

least one original tweet retweets  per stake-

holder

US Elections 2,007,169

9,555,757 2.32

UK Elections 479,171

4,908,180 4.55
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5.6 Stakeholder Salience Impact on Retweets and Senti-
ment

We can see from table 5.2 that majority of tweets in both US and UK dataset are retweets.
We have also observed that majority of tweets in both datasets have negative sentiment
(Figs 5.2 and 5.3). This is consistent with our previous studies in US elections where we
discovered a larger number of negative sentiment messages than positive [100].

To evaluate how stakeholder salience impact retweets and sentiment, we developed the
hypotheses shown in Fig 5.1. The first six hypotheses relate with stakeholder salience. We
hypothesized in H1, H3 and HS5 that higher stakeholder salience of power, legitimacy and
urgency will lead to higher number of stakeholder retweets. For each individual salience,
we grouped stakeholders in increasing order based on their salience values and calculated

average number of retweets for each group. We now test our hypothesis using the data.

5.6.1 Power

Stakeholders of both datasets were divided into groups based on power. We get an 22 value
of 0.57 and 0.86 for retweets and sentiment for power respectively for the US dataset.
Fig 5.8 shows the stakeholder power relationship with retweets and sentiment for US
dataset. We discovered correlation coefficients of power both as positive and statistically
significantly for both derived variables (0.99, p <0.01 and 0.91, p <0.01 for SR and SS
respectively).

For the UK elections dataset, we have an R? of 0.66 and 0.79 for retweets and sentiment
respectively. Fig 5.9 displays the stakeholder power relationship with retweets and senti-
ment. We discovered a significant and positive correlation between power and stakeholder
retweets SR (0.98, p <0.01). However, surprisingly the relationship between stakeholder
power and sentiment was negative (-0.24, p >0.05). This negative correlation was insignif-

icant however as the p value was greater than 0.05.
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Figure 5.8: Stakeholder power in relation with stakeholder retweets and sentiment during
US elections.

300 o
R® = 0.7928
w 200 01 =
G g
o
E 150 -01s E
=
£ 300 -7~ 02 &
- —
-
50 ~ o -0.25
oy
o -0.3
B o § £ £ &£ £ £ 8 28 ¢ 5§ = @8 ©
2 ¥ 3 B 2y N B o = R B
w g wl w = o
2
Power

Retweet == = Sentiment

Figure 5.9: Stakeholder power in relation with stakeholder retweets and sentiment during
UK elections.
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Figure 5.10: Impact of stakeholder legitimacy on retweets and sentiment during US elec-
tions.

Hence we can state that with our data analysis, we find support for hypothesis 1 in both
US and UK elections datasets and conclude that stakeholder power does indeed impact
message retweets. However we did not find sufficient support for hypothesis 2, as while in
the US dataset, we found a significant positive relationship between sentiment and power,

this relationship was negative and insignificant in the UK dataset.

5.6.2 Legitimacy

Legitimacy was the second stakeholder salience that we tested on our datasets in terms
of its impact on stakeholder retweets and sentiment. We have explained the calculation
of legitimacy salience in the hypothesis section. We organized our stakeholders based on
legitimacy values ranging from greater than 2 to less than -1.5.

We discovered an R? value of 0.63 and 0.84 for retweets and sentiment respectively
for the US elections dataset. Fig 5.10 shows the relationship of stakeholder legitimacy
with retweets and sentiment. We discovered a significant and positive correlation between
stakeholder legitimacy with SR and S'S (0.69, p <0.01 and 0.88, p <0.01 respectively).

For the UK elections dataset, we got an R? of 0.85 for stakeholder retweets SR and

0.36 for stakeholder sentiment SS. Fig 5.11 shows the impact of stakeholder legitimacy
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Figure 5.11: Impact of stakeholder legitimacy on stakeholder retweets and sentiment during
the UK elections.

on retweets and sentiment during UK elections. We discovered a significant and posi-
tive correlation between legitimacy and stakeholder retweets (0.89, p <0.01). In case of
stakeholder sentiment however, although the correlation between legitimacy and SS was
positive, it was statistically insignificant (0.23, p >0.05).

We found support for hypothesis 3 in both US and UK elections datasets in our data
analysis and can state that stakeholder legitimacy has a significant positive impact on mes-
sage retweets. However, we did not find sufficient support for hypothesis 4, as while in the
US dataset, we found a significant positive relationship between sentiment and legitimacy,

this relationship was insignificant in the UK dataset.

5.6.3 Urgency

Finally, we analyze the impact of stakeholder urgency on retweets and sentiment. We
calculate urgency of a stakeholder as defined in the hypothesis section of the paper. We
then plot stakeholder retweets and sentiment against these values.

Fig 5.12 shows urgency impact on stakeholder retweets and sentiment during the US
elections. We get an R? of 0.92 and 0.83 for retweets and sentiment respectively. We found

a significant positive relationship between urgency and stakeholder retweet SR (0.97, p
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Figure 5.12: Impact of stakeholder urgency on stakeholder retweets and sentiment during
the US elections.

<0.01). However, we discovered a negative correlation between urgency and stakeholder
sentiment S.S (-0.2, p >0.05).

For the UK elections dataset, we had a R? of 0.93 and 0.84 for retweets and senti-
ment. Fig 5.13 displays the stakeholder power relationship with retweets and sentiment for
UK dataset. We discovered positive correlation between urgency and stakeholder retweet
SR and negative for stakeholder sentiment S.S. In both cases however, the correlation
was statistically significant (0.97, p <0.01 and -0.90, p <0.01 for retweets and sentiment
respectively).

We found support for hypothesis 5 in both US and UK elections datasets in our data
analysis and can state that stakeholder urgency has a significant positive impact on message
retweets. However, we did not find sufficient support for hypothesis 6, as while we discov-
ered a negative correlation between urgency and sentiment in both datasets, the relationship

was insignificant in the US dataset.
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Figure 5.13: Impact of stakeholder urgency on stakeholder retweets and sentiment during
the UK elections.

5.6.4 Role of Stakeholder Sentiment in Message Propagation

Along with stakeholder salience, we also evaluate the role of stakeholder sentiment SS in
Twitter message propagation. Some studies have claimed that positive sentiment reaches
more audience than negative. It is claimed that positive sentiment retweets reach a larger
audience than negative [33]. As we can observe from Figs 5.2 and 5.3, majority of the
tweets in our datasets have a negative sentiment. We observed a similar trend for retweets in
both datasets where a larger proportion of retweets had a negative sentiment than positive.

Fig 5.14 shows the percentage of retweets in both US and UK datasets in terms of sen-
timent. We can observe here that retweets of negative sentiment are in a higher percentage
than positive.

Here we can observe that both datasets exhibit similar behavior in terms of sentiment
and retweets. Tweets with positive sentiment are retweeted lesser than negative retweets,
and the lowest number of retweets are for the most positive value +4. Plotting a polynomial
line of degree 2 and executing polynomial regression on them, we get an R? of 0.82 and
0.86 for UK and US datasets respectively.

However, in order to categorize stakeholder retweets by sentiment, we calculated the



79

80.00%

75.00%

Percentage of Retweets
o ~
o =]
g g

60.00%
55.00%
50.00%
-4 -3 -2 -1 o 1 2 3 4
Sentiment
Retweet_US Retweet_UK

Figure 5.14: Percentage of retweets for each sentiment value in the US and UK datasets.

stakeholder retweet S R and stakeholder sentiment S'S by taking an average of and of all of
stakeholder‘s original tweets. Fig 5.15 shows the relationship between these two variables.
We used SS' as independent and SR as the dependent variable. We can observe a very
similar pattern for both US and UK election datasets where highest number of retweets per
stakeholder are for those stakeholders who had a slightly negative overall sentiment.

For both datasets we discovered a negative correlation between sentiment and retweets,
indicating that stakeholders with negative sentiment have a higher number of retweets.
However, the correlation was insignificant for both datasets (p >0.05) and hence hypothesis

7 is not supported by our data analysis.

5.7 Hypotheses Testing Results

Table 5.3 provides a summary of the stakeholder salience correlation with retweets and
sentiment for US and UK election datasets.

We can observe from table 5.3 that stakeholder salience of power, legitimacy and ur-
gency have a significant positive correlation with higher retweets per stakeholder in both

US and UK datasets. Hence hypotheses 1, 3 and 5 are supported by our data analyses.
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Figure 5.15: Impact of stakeholder sentiment on retweet rates for USA and UK election.
Stakeholders with sentiment between -1 and -0.5 have the highest retweet rates in both
datasets.

Table 5.3: Correlation matrix of stakeholder salience of power, legitimacy and urgency with
stakeholder retweets SR and stakeholder sentiment SS for US and UK election datasets.
Last table row shows the impact of stakeholder sentiment SS on stakeholder retweets SR.
Values with * indicate statistically significant correlation with p <0.01.

SR(US) SR(UK) SS@US) SS(UK)
Power 0.99* 0.98* 0.91* -0.24
Legitimacy 0.69* 0.89%* 0.88%* 0.23
Urgency 0.97* 0.97* -0.20 -0.90*
SS -0.12 -0.13 - -
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Figure 5.16: Model with hypotheses results.

On the other hand, power and legitimacy have a positive correlation with sentiment in
both datasets, however this correlation is insignificant for the UK dataset. For urgency,
the correlation with sentiment is negative in both datasets, however for the US dataset,
this correlation is insignificant. Thus hypotheses 2, 4 and 6 are not supported by our data
analyses.

Finally, we observe from table 5.3 that correlation between stakeholder sentiment S.S
and stakeholder retweets SR is negative for both datasets. However, the relationship is
insignificant and hence hypothesis 7 is not supported by our analysis. Table 5.4 briefly
describes the hypotheses result. Fig5.16 shows which hypotheses from our model are sup-

ported and not supported by the data analyses.

5.8 Discussion

5.8.1 Impact of Salience on Stakeholder Retweets

Support for hypotheses 1, 3 and 5 in both US and UK datasets suggests that stakeholder

salience does indeed play a significant role in message propagation on Twitter during gen-
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Table 5.4: Results of hypotheses test. 3 out of 7 hypotheses are supported by our test result.

Hypothesis

Explanation

Result

Hl

Stakeholder power was positively and signifi-
cantly correlated with stakeholder retweets dur-
ing US and UK elections (0.99, p <0.01 and
0.98, p <0.01).

Supported

H2

Stakeholder power had both positive and nega-
tive correlation with stakeholder sentiment dur-
ing US and UK elections respectively (0.91, p
<0.01 and -0.24, p >0.05).

Unsupported

H3

Stakeholder legitimacy was positively and sig-
nificantly correlated with stakeholder retweets
during US and UK elections (0.69, p <0.01 and
0.89, p <0.01).

Supported

H4

Stakeholder legitimacy was positively corre-
lated with stakeholder sentiment during US and
UK elections. However in case of UK the cor-
relation is insignificant (0.88, p <0.01 and 0.23,
p >0.05).

Unsupported

HS5

Stakeholder urgency was positively and signifi-
cantly correlated with stakeholder retweets dur-
ing US and UK elections (0.97, p <0.01 and
0.97, p <0.01).

Supported

H6

Stakeholder urgency was negatively correlated
with stakeholder sentiment during US and UK
elections. However for US dataset the correla-
tion is insignificant (-0.20, p >0.05 and -0.90, p
<0.01).

Unsupported

H7

Stakeholder sentiment is negatively correlated
with stakeholder retweets during US and UK
elections. However the correlation is insignifi-
cant for both datasets (-0.12, p >0.05 and -0.13,
p >0.05).

Unsupported
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eral elections. Validation of hypothesis 1 suggests that more followers of a stakeholder
leads to more retweets while support for hypothesis 3 affirms that legitimacy, calculated as
a log ratio between followers of stakeholders and users she follows, also has a significant
positive impact on message retweets. These finding are similar to results of other studies
that have looked into the relationship between user followers and retweets [88]. It is not sur-
prising to observe that during elections, stakeholders behaved as any large social network
driven by very few individuals around which everything is organized [9]. Thus actors who
have a central position in the network have a greater potential to influence conversations
and this network factor remains vital in our election datasets as well.

Finally, support for hypothesis 5 indicates that users with high urgency have more
retweets. As urgency is measured by the number of messages created and liked by a stake-
holder on Twitter, it indicates a high level of activity and this activity translates into a large
number of retweets. This too appears to reaffirm some of the results shown by other studies
looking into Twitter retweets stating that a user has more influence by having an active
audience who retweet [21]

Overall, stakeholder salience of power, legitimacy and urgency do a good job of ex-
plaining retweets during elections on Twitter, with our hypotheses validated on both US
and UK election datasets. Thus we can state that our stakeholder salience model can be
utilized to understand retweets during election related discussions on Twitter. This can be
beneficial for candidates and political parties, who use Twitter for political campaigning.
By targeting stakeholders that rank high on power, legitimacy and urgency, they can create

a bigger impact and reach a larger audience with their message on Twitter.

5.8.2 Impact of Salience on Stakeholder Sentiment

In terms of the impact of stakeholder salience on sentiment, we did not find sufficient
support for hypotheses 2, 4 and 6. For hypothesis 2, although stakeholder power had a

significant positive correlation with sentiment in the US election dataset, this relationship
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was negative for the UK dataset. This negative relationship is contrary to other studies that
have looked at Twitter sentiment stating that users with a large following usually maintain a
positive sentiment and try to avoid contentious topics as they might not know which of their
followers they might end up offending [62]. This was not true during UK elections where
we can observe from Fig 5.9 that stakeholders with the highest following exhibited a high
negative sentiment in their messages. However, this negative correlation was insignificant
with p >0.05 and hence we do not find significant support for hypothesis 2 in our data
analysis.

Legitimacy had a positive correlation with S\S and although we discovered a significant
positive relationship between legitimacy and S.S during US elections, the correlation was
insignificant during the UK elections. Hence hypothesis 4 was not supported by our data
analysis in both datasets.

Finally, hypothesis 6 was not validated by our data analysis and we discovered a neg-
ative correlation between stakeholder urgency and sentiment. This shows that majority of
the stakeholders who were tweeting frequently and liking tweets had a negative sentiment.
A large number of negative sentiment tweets and retweets in both election datasets indicate

that majority of the activity originated from users who exhibited a negative sentiment.

5.8.3 Impact of Stakeholder Sentiment on Retweets

Along with salience, we also tried to evaluate the impact of stakeholder sentiment S'S on
stakeholder retweets S R during elections. We discovered that stakeholder with negative
sentiment S.S had higher retweets S R on average than stakeholder with positive sentiment
for both US and UK datasets (Fig 5.15). We also discovered that tweets with higher nega-
tive sentiment are retweeted more than tweets with positive sentiment. Fig 5.14 shows this
relationship where increase in positive sentiment leads to decrease in retweet percentage.
However, although stakeholder with -1 sentiment had the highest number of retweets

in both datasets (Fig 5.15), and we discovered a negative correlation between stakeholder
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sentiment S'S and retweets SR, we could not find significant support for hypothesis 7.
Hence our hypothesis of negative stakeholder sentiment leading to a higher number of
retweets is not supported.

A negative overall sentiment seen in both datasets does however indicates the unpleas-
ant nature of modern elections. The US elections 2016 saw one of the most historically
bitter and negative presidential election campaigns [18]. The UK elections too saw an in-
creased use of social media for negative campaigning. Hence negative sentiment on Twitter

reflects this overall negativity witnessed during the US and UK elections.
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Chapter 6

Analyses of Social Media communication

of Public Sector Organization

Along with analysis of election data, we also evaluate the social media communication
strategy of public sector organizations. For this study, we collected data from both official
Facebook and Twitter pages of various organizations operating in the area of public service.
Analysis of this data will help us determine how these organizations are utilizing social
media in terms of message sentiment and content. We will also evaluate how nature of
organizational work affects this communication. Findings from this study will help these

organizations foster better communication with the citizens.

6.1 Motivation

The global population continues to increase at a rapid pace while the resources at disposal
of government institutions remain finite. With the turn of the century governments around
the world are facing new challenges such as mass urbanization and growth in the cities.
Large cities bring their own set of challenges such as law and order and providing effective
civic services. To meet these new challenges, governments around the world are moving

towards new technologies.



87

Over the last couple of years, the idea of smart cities has emerged globally where digital
governance with the help of information and communication technologies (ICT) enable an
effective and efficient governance [70]. One aspect of this effort is the use of social media
for communication with the citizens by public sector organizations. The proliferation in use
of social media has created new possibilities for public organizations to engage citizens in
government work. These efforts are now being made at the national level such as the Open
Government Directive in the U.S. which emphasized core principals of open governance
by encouraging government agencies to benefit from these new platforms [25]. Since then,
government agencies have come a long way in using social media for communication with
citizens. For example, according to a survey by the International Association of Chiefs
of Police (IACP), approximately 96.4% of 553 U.S. law enforcement agencies use social
media [47]. In this chapter of the dissertation, we investigate the nature and sentiment of
communication by public sector organizations on Facebook and Twitter. For this purpose
we collect posts and tweets of these organizations and analyze them for sentiment and

content. The goal of our research is to answer the following questions:

e How usage of social media differs for various organizations depending on the nature
of their operations? The goal here is to evaluate the sentiment of messages posted by
these organizations online along with the content and frequency of these messages

in-order to evaluate organization’s online communication strategy.

6.2 Related Work

By using already available social media platforms, public organizations can save funds that
would be required to develop and maintain customized solutions to interact with citizens.
It also allows government institutions to have candid communication with their citizens.
One such attempt was the creation of social media platform to facilitate bidirectional com-

munication between local government and citizens where the system allows Newark City
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Government to connect with residents, enabling them to request several public services
[61]. The platform’s primary method of communication is through the Twitter social net-
work allowing its users to send and receive short messages.

Social media also help in increasing openness and transparency into the working of
public organizations [11]. Studies have shown that from civic services to police depart-
ments, information sharing and public engagement through Twitter can lead to greater
transparency and more confidence of citizens on their state and local institutions [43].

Law enforcement agencies are actively using social media platform as this enables them
to handle crimes more effectively while promoting a harmonious relationship between po-
lice and community. One such example is the use of Twitter by the London Metropolitan
Police (MET) and Greater Manchester Police (GMP) during the British riots of 2011 [29].
Studies have also indicated that by using social media. Police forces can increase their
perceived legitimacy by enabling transparency and participation [40].

Researchers have also looked at the potential role of social media in public transit ser-
vices. For example, studies have looked at how Twitter can be used to gauge transit rider
satisfaction [27]. Sentiment analysis is performed on tweets shared by transit riders. Simi-
larly, researchers have also looked at the role Twitter can play in development of transport
policy and planning along with effective operations of transport system [80]. The benefit of
using social media for this purpose in comparison to using traditional surveys to measure
riders’ satisfaction and creating policies is that the cost of data collection is minimal. Fur-
thermore, data can be gathered in real time from a large segment of users, providing policy
makers and operation managers access to a large quantity of user data in a relatively short

amount of time.



89

6.3 Analysis of Social Media Communication

As discussed earlier, the aim of this research is to understand the characteristics of com-
munication by public sector organizations that takes place on Facebook and Twitter. In this

section, we discuss the hypothesis development which will be tested by our data analysis.

6.3.1 Sentiment Analysis of Organizational Communication

Sentiment analysis of social media communication is being used in vast array of areas re-
lated with governance and public trust. These analysis range from predicting resentment
against government policies to forecasting general election results [20, 93]. Similarly, role
of sentiment in online message propagation remains a popular topic of research. For exam-
ple, some studies have claimed that tweets with positive sentiment reach a wider audience
than those with negative sentiment [33]. Hence in-order to reach a wider audience, organi-
zations should create a positive message.

However, we also believe that the nature of organization‘s work plays an important role
in determining the sentiment of organizational communication. For example, law enforce-
ment agencies primarily use social media to disseminate information and alerts regarding
crimes, traffic alerts, safety notices to citizens on an urgent basis [47]. This would be dif-
ferent from alerts by a public transport authority such as MTA (New York City) or SEPTA
(Philadelphia) where most messages pertain with train and bus schedules and delays.

Research Question 1: How nature of organization’s work affects sentiment of organi-

zation‘s social media messages?

6.3.2 Frequency Analysis of Organizational Communication

In this research, we examine social media communication of public sector organizations
on two different platforms, Facebook and Twitter. Organizations have various goals when

engaging on social media. These goals could be disseminating information or creating a
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call for action. Hou and Lampe [46] create a framework to evaluate the social media com-
munication of non-profit organizations. They divide the communication into 3 categories,
information, community and action. Using our Facebook and Twitter data, we evaluate
how frequently organizations are communicating with citizen.

Research Question 2: How frequently these organizations are using social media for

communication?

6.3.3 Message Framing by Organizations in Twitter Communication

Message framing on Twitter is an important area of research. For example, adding hashtags
(#) to keywords in Twitter and Facebook by message posters makes them searchable by
other online users and now play an important role in the context of coverage and discussion
of news [84]. The use of hashtag allows users to become part of trends and also enables
them to reach a large audience by making their messages searchable.

We believe that a similar trend will be observed in the organizational communication
on Twitter and Facebook. As these organizations use social media to inform public and
broadcast critical alerts, they will be more concerned about making their tweets and posts
more searchable than ordinary users having fewer followers and lesser number of messages.
By framing their messages using hashtags, organizations are able to reach a broader audi-
ence, making their messages more searchable. Thus we will answer the following research
question:

Research Question 3: How organizations use # to make their tweets more searchable

for users?
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6.3.4 Direct Communication by Organizations in Twitter Communi-

cation

Twitter not only allows it‘s users to broadcast their message to many people but also lets
them interact one-to-one by addressing a person directly. Using* @ ”’before a particular user
name, is an effective way for users to interact with each other [90]. This enables them to
respond to other user‘s tweets paving way for a dialogue and bi-directional communication.
Various studies regarding conversations on Twitter have stated that people do not only use
Twitter to post opinions but also engage in interactive discussions [93]. Nonetheless, direct
messaging creates complexities for users in terms of target audience, especially for users
with a large following in having to handle multiplicity and one-to-one conversations at the
same time [62]. Management of audience becomes challenging as the number of followers
of a user grows. Almost all Facebook and Twitter accounts of the organizations used in
this study have followers ranging from tens of thousands to millions of users. Examining
tweets of the public organization for direct messages can help us understand agencies*
social media practices in the context of engaging public users for building community
relationship along with addressing citizens* needs.

Research Question 4: What is the nature of communication of the organizations?
How much do they engage in direct messaging with other users, creating a conversation

and answering user queries directly?

6.4 Methodology

For this study, we used Facebook and Twitter posts of public sector organizations. Our
approach relied on performing data analytics to understand the nature and sentiment of the
posted by these organizations on the social media sites. We performed sentiment analy-
sis using SentiStrength software. Details of this process are provided in chapter 2 of the

dissertation.
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Table 6.1: 3,200 tweets and 1,561 Facebook posts were collected for each organization.
This table displays the daily average of tweets and posts made by each organization.

Organization Facebook Posts per day Tweets per day
Boston Police 1.85 4.8
Philadelphia Police 1.73 4.93
NY Police Dept. 1.12 10.22
NY Dept. of Motor Veh. 0.9 2.5
Penn Dept. of Motor Veh. 1.76 4.48
NY Energy 1.82 4.33
PPL Electric 1.76 4.13
NY Metro 0.9 228.57
SEPTA 1.26 103.23

6.4.1 Dataset

Public organizations that have official presence on both Facebook and Twitter are selected
for this study. This data is downloaded from the official Facebook pages and Twitter han-
dles of the organizations. Facepager application is used for this purpose [31]. Twitter on
the other hand provides access to past 3,200 tweets for any account. Fig 2.1 in chapter 2
of the dissertation shows the methodology steps involved in data gathering, preparation,
sentiment classification and final analysis.

In total we downloaded Facebook and Twitter posts of 9 public organizations on 9th
April 2018. These agencies operated in the areas of law enforcement, transportation, transit
and electricity providers. We selected at least 2 public organizations from each of these 4
areas and collected the last 3,200 tweets and 1,561 posts for each organizations. Table 6.1
shows the organizations and the number of days it took for each organization to make these

posts and tweets.

6.5 Data Analyses Results

We now present the results of our data analyses.
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Table 6.2: Example of a typical tweet by New York Police Department, Boston Police
Department and Philadelphia Police Department.

| Organization | Tweet

"WANTED: Six male teens for assaulting a
New York Police 14-year-old boy in front of 1251 Stebbins Ave
#Bronx at 10:30pm on Sunday”

”"UPDATE: Victim Identified in Death
Boston Police Investigation in the Area of 1 Costello Circle in
South Boston https://t.co/ArUlcVZ2vo”

”Wanted: Suspect for Commercial Robbery in
Philadelphia Police | the 17th District [VIDEO]
https://t.co/4ALLV4aAoiH”

6.5.1 Sentiment Analysis of Organizational Communication

The first research question relates with the sentiment analysis of the organizational com-
munication on social media. Fig 6.1 displays the sentiment on Twitter and Facebook for all
organizations under study. We notice similar sentiment intensity for all organizations on
both platforms.

We also observe that police departments have a much more negative sentiment overall
than other organizations. This is due to the fact that majority of their messages are crime
alerts or other broadcasts related with public safety. Table 6.2 shows some of the tweets by
the three police departments we have used in this study

Hence in answering RQ1, we can state that the nature of organizational work does

indeed play an important role in the sentiment of their messages.

6.5.2 Frequency Analysis of Organizational Communication

The second research question looks at how frequently public organizations utilized Face-
book and Twitter to communicate with citizens. Fig. 6.2 shows the number of daily Face-

book posts and tweets made by each organization under study.
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Figure 6.1: Sentiment of tweets and Facebook posts of public organizations under study.
We can observe similar sentiment for both Twitter and Facebook for each organization.

Table 6.3: Example of a typical tweet by MTA and SEPTA.

| Organization | Tweet

“Norristown: Train #8266 going to Elm St is
SEPTA operating 10 minutes late. Last at Queen
Lane.”

”Northbound 6 trains are running with delays
MTA because of an unruly passenger at Grand
Central-42 St.”

Here we can observe that on Facebook, almost all organizations had a similar rate of
postings as shown in table 6.1. However, on Twitter, we observe a very large number of
daily tweets for SEPTA and MTA, both public transportation providers in Philadelphia and
New York City respectively. These organizations have to communicate regularly with their
riders, keeping them up-to-date with any delays with the trains. Table 6.3 provides an
example of SEPTA and MTA tweet, hundreds of which are made everyday to inform riders

of any delays in operations of trains and buses.
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Figure 6.2: Average number of tweets and Facebook posts of organizations in a day.

6.5.3 Message Framing by Organizations in Online Communication

The third research question looks at how messages are framed by public organizations on
Twitter. As discussed earlier, using hashtags to make tweets more popular is one way to
achieve this. Fig. 6.3 shows the percentage of hashtags in Facebook posts and tweets made
by each organization.

There is no clear pattern in terms of utilization of hashtags by the organizations. We dis-
covered few hashtags in the tweets made by MTA while in SEPTA tweets a high percentage

contained hashtags although both organizations operate in the area of public transport.

6.5.4 Direct Communication by Organizations in Twitter Communi-
cation

Along with framing, we also looked at Twitter messages of these organizations for di-
rect communication, evaluating whether they are fully utilizing bi-directional nature of the
platform. We wanted to quantify the degree of these organizations‘ engagement in direct
conversations with their users. As discussed, Twitter allows users to broadcast their mes-

sage to multiple people along with letting them interact one-to-one by addressing a person
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Figure 6.3: Percentage of tweets by public organizations containing hashtags. Hashtags
makes it easier for Twitter users to identify important trends allowing for tweets to become
more popular.

Table 6.4: Correlation matrix between direct message tweets and tweets containing hash-
tag(#)

- Direct Messages | Tweets with #
Direct Messages 1
Tweets with # -0.8137 1

directly, enabling online dialogue.

We evaluated organizational communication for dialogue by looking at all the tweets in
our database that start with the expression “@”. Other studies have also utilized a similar
approach to gauge interactive discussions on Twitter [93]. Fig 6.4 shows the percentage of
tweets that are direct messages.

We observe that usage of hashtags and direct messages are in inverse correlation for
most of the organizations. We can see this from Fig 6.5. Table 6.4 displays this negative

correlation which is statistically significant (p <0.01).
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Figure 6.4: Percentage of twitter messages direct messages by public organizations.
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Figure 6.5: Percentage of twitter messages that are direct messages and have hashtags for
all organizations under study.
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6.6 Discussion

The purpose of this data analyses was to evaluate social media communication of organiza-
tions operating in various areas of public service in Northeast US. We wanted to understand
how sentiment and content of messages by organizations is affected by their area of opera-

tions. We will now discuss the results of our data analyses.

6.6.1 Difference in Usage of Social Media by Public Organization

The foremost question under discussion is how the message sentiment, content and fre-
quency changes for various organizations utilizing social media for public engagement
depending on the nature of their operations.

For example, in terms of sentiment, we discovered a correlation between message sen-
timent and organization’s field of work. Fig 6.1 shows sentiment of Facebook and Twitter
messages of all organizations under study. We discover that sentiment of all organizations
is similar on Facebook and Twitter. This is due to the fact that important messages are
broadcast simultaneously on both platforms, resulting in uniformity of sentiment. We also
observed that police organizations generally have a negative sentiment messages due to
their nature of communication with the citizens, appraising them on crime alerts and public
safety messages. Table 6.2 provides examples of broadcast messages by the three police
departments.

In frequency analysis, we discovered that almost all organizations used Twitter more
frequently than Facebook. The number of daily Facebook posts for all organizations was
somewhat similar as shown in table 6.1. However, on Twitter, there was a huge variance
in terms of number of daily tweets. Here we observe that New York Metro and SEPTA
(transportation authority of Philadelphia) are far more active on Twitter. These two organi-
zations tweeted over 228 and 103 times a day on average respectively. This indicates the

use of Twitter as a tactical tool by these organizations, where train and bus delays or other
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transport related disruptions were broadcast regularly to the users.

Finally for message framing and direct communication, we observe an inverse correla-
tion between the two (table 6.4). This shows us that either an organization is focused on
using social media for broadcasting or for direct one-to-one communication.

The above analyses helps us discern the different ways in which organizations utilize

social media depending on the nature of their operations.
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Chapter 7

Location Based Twitter Analysis

High level of public connectedness through social media has changed the way local and na-
tional public institutions interact with citizens. For example, almost all police departments
of large US cities have presence on multiple social media platforms including Facebook
and Twitter [16]. This presence enables them to quickly engage and get citizen help on
any impending emergency. Local governments providing civic services such as garbage
collection and infrastructure maintenance are also using social media to get feedback from
citizens on priority of public works [61]. The idea of e-governance and smart city is tak-
ing hold globally and Internet has provided policy makers with the opportunity to increase
government awareness and institutional responsiveness through citizen engagement. It has
been indicated that efforts by government to increase public participation in the affairs
of government and taking greater input into decision making can improve public trust in
government [52].

One area that has also witnessed an increase in use of Twitter is that of electoral cam-
paigning. With the growing importance of Twitter as a communication tool, politicians
and political parties now maintain a significant presence on the micro-blogging platform.
This surge in Twitter usage for political campaigning during elections has also increased

interest of researchers of data analysis. Election prediction using Twitter data is becoming
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a popular research area [83, 93] where citizen sentiment is utilized to estimate candidate
performance in general elections [100].

However there is still supplementary Twitter meta-data that has not been used in data
analysis. For example, while measures such as followers, re-tweets etc. have been looked
at intensively in Twitter data analysis, utility features have mostly been overlooked [97].
One such feature is that of location. Twitter allows user to enter their location information
in their profile. Although this attribute is optional, a significant number of users still choose
to provide their city/state and country information voluntarily which is downloaded with
each tweet as metadata. While a large number of election related studies have utilized
Twitter data, from terms frequency to sentiment analysis, in-order to predict elections and
evaluate candidate popularity, none have used Twitter location parameters. We believe that
by utilizing location information, we can get a more accurate understanding of the on-
ground public opinion. For example, recently in some elections around the world, a strong
political divide is observed between urban and rural areas or between services based and
manufacturing based zones where economic policies have unequal impact on the regions
within a country. By utilizing location data, we can accurately gauge support levels for
candidates and policies on each region or part of the country, giving us a more detailed
picture of public opinion.

Sentiment analysis of Twitter messages, can be defined as a host of activities centered
on text mining. Through sentiment analysis, researchers try to understand the attitudes,
opinions, views and emotions from text using Natural Language Processing (NLP). Thus
although sentiment analysis is primarily associated with classifying opinions in text into
categories such as “’positive”, “negative” or “neutral”, it also involves subjectivity analysis,
where parts of speech such as adjectives, adverbs and some group of verbs and nouns are
taken as indicators of a subjective opinion [51].

In this study, we make the following two contributions. First, we study the subjective

and polarity of Twitter data with respect to the location of Tweets. Findings from this
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research will enable further fine grained sentiment analysis of Twitter data by using the
location variable, allowing for more accurate results of user sentiment and behavior analysis
[101]. Second, we present a web-based application that enables collection and analysis of
Twitter data [82]. Here the user inputs a keyword and from there on, the application fetches
live tweets, extracts their text, calculates user location, performs data analysis and creates
a map allowing us to visualize the current trend associated with the user input term. This
analysis platform also facilitates researchers to analyze tweets that were gathered in the
past during a particular event. The motivation behind building this application is to provide
a single automated platform, which serves as a complete end-to-end system for sentiment
analysis and visualization of Twitter location data.

We use Twitter data gathered during the US Elections of 2016 as a case study. In this
section of the dissertation, we will utilize this web-application to perform subjectivity and

polarity analyses of Twitter location data making the following contributions:

e Subjectivity analysis of location data, allowing us to gauge effectiveness of the plat-

form in plotting subjectivity of tweets on a map for visualization.

e Polarity analysis of location data, evaluating accuracy of the platform in plotting

sentiment and opinion of Twitter users on a map.

7.1 Related Work

Large number of Twitter users, coupled with the APIs made available by the micro-blogging
site, has allowed researchers from all over the world to engage in Twitter data analysis. This
interest has led to the emerging field of techno-social systems which aims to comprehend
and predict future events [8, 94].

Twitter sentiment analysis is one such area where research ranges from predicting re-
sentment against government policies to predicting general election results [20, 15]. In-

crease in use of Twitter by politicians during general elections has resulted in increased
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research of understanding role of Twitter during electoral campaigns [5]. Similar research
was also conducted in analyzing Twitter activity of US Congress members during their
election campaigns where these candidates frequently posted information on Twitter re-
garding their political positions on various issues [38, 39].

Several measures have been proposed in research to predict comparative strength of
political candidates on Twitter. One such measure is that of ‘relative support‘ used during
the analysis of Spanish Presidential Elections of 2011 and Italian parliamentary elections
of 2013 [15, 19]. The relative support measure utilizes time series slope of accumulated
Twitter messages mentioning each candidate to compute their support on Twitter.

However, while there has been an exponential growth in the research pertaining with
public opinion and sentiment prediction using Twitter, a debate still exists on the efficacy of
the methods employed [37, 65]. As Twitter data does not contain important demographic
information such as age,sex, income, education etc. doubts exist over how representative
data sample is of general population.

Researchers have also examined the ways in which Twitter chatter can potentially influ-
ence mainstream media. It is shown that twitter is now playing an important role as a news
source for mainstream news [73]. Twitter is now ever more used as news agenda building
tool for mainstream media [30, 31]. This was a very commonly observed phenomenon
during the recently concluded US elections of 2016.

Social media has also enabled policy makers to collect data created by citizens for
analysis. Data deluge in the form of big data allows policy makers to develop a more
sophisticated, wider-scale, finer-grained and real-time understanding of their constituents
[53]. Facebook too has become a popular tool with regards to communication between
government institutions and citizens [45]. Majority of public sector organizations now
manage Facebook pages thorough which they communicate with the community in which

they operate.
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7.2 Subjectivity and polarity analysis

Sentiment analysis of Twitter messages involves a host of activities which includes un-
derstanding the attitudes, opinions, views and emotions from text using Natural Language
Processing (NLP). Other terms used for sentiment analysis are subjectivity analysis, opin-
ion mining, and appraisal extraction. The words sentiment, opinion and polarity are used
interchangeably but there are differences between them.

In this paper we are performing two message level classifications. These are:

e Subjectivity Classification: e.g. how subjective or objective is a particular message.

e Polarity Classification: e.g. how positive or negative is a particular message.

Various sets of features can be considered when evaluating any text for subjectivity and
polarity analysis. For example, vocabulary features such as unigrams and bigrams can help

detect domain specific opinionated expressions [23].

7.2.1 Subjectivity

Subjectivity analysis of the text is a part of sentiment analysis, where using Natural Lan-
guage Processing (NLP) researchers classify a text as opinionated or not opinionated [51].
Presence of certain terms such as adjectives, adverbs and some group of verbs and nouns
are taken as indicators of a subjective opinion. Thus subjectivity analysis is the classifica-
tion of sentences as subjective opinions or objective facts. Hence for a set of messages in a
dataset, through subjectivity analysis, we identify sentences that are subjective from those
that are objective. Speech patterns such as use of adjectives along with nouns are used as
an indicator for subjectivity of a statement [51].

We have utilized Python TextBlob for the Natural Language Processing (NLP) to per-
form subjectivity analysis on our dataset. Python TextBlob is a popular NLP tool available

for free which can be used to perform text subjectivity analysis. Subjectivity of every tweet
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was calculated with the help of the textblob library which uses a built-in model to calculate
the subjectivity value. Table 7.1 shows the range of subjectivity values. A value close to 0
indicates an objective text while a value close to 1 indicates a highly subjective text. Details

on the working of Python NLP in are provided in Bird, Klein and Loper 2009 [12].

7.2.2 Polarity

Once through subjectivity analysis we determine whether a sentence is opinionated or not,
we perform polarity analysis of the text to ascertain whether it expresses a positive or neg-
ative opinion [51]. The purpose of polarity analysis, is to determine the emotional attitude
of text writer with respect to the topic under discussion [58]. With Twitter gaining popu-
larity as a communication tool, interest in analyzing it‘s data to determine public mood or
opinion towards a topic or a popular personality has also grown [93, 72]. Polarity analysis
enables us to gain that insight, by quantifying the sentiment of text. The text can thus be
classified as negative, positive or neutral. Several tools are available for sentiment analy-
sis of short text. In this case, just as with subjectivity analysis, we have utilized Python
TextBlob package for the polarity analysis on our dataset.

Polarity analysis using Python Textblob, words in the lexicon are assigned scores for
negative and positive polarity. These polarity scores range from -1 to 1, where -1 represents
extremely negative sentiment while 1 represents extremely positive sentiment respectively.
A polarity score of 0 suggests a neutral sentiment.

Using the python Textblob, polarity scores were assigned to tweets for both candidates.
Textblob uses a built-in model to calculate the polarity values. These tweets were orga-
nized based on the states from which they originated. In order to get a distinguishable
polarity score, the original polarity scores for both candidates were scaled by a factor of
100. Table 7.1 briefly describes the polarity metrics.

We will use a tweet by Donald Trump made during the election campaign and captured

in our dataset to further explain the concept of subjectivity i.e. opinion and polarity:



106

Table 7.1: Subjectivity and polarity calculation.

Metric Explanation Scale

Subjectivity Measure of text as fact or opinion 0O to 1

Polarity Text sentiment -1 to +1

e Message: @realDonaldTrump: So nice —great Americans outside Trump Tower

right now. Thank you!
e Subjectivity: nice, great.
e Polarity: positive.

The above tweet ranks high in subjectivity and expresses a highly positive sentiment.
Following is another example from literature showing subjectivity and polarity in a sen-

tence [51]:
e Message: The story of the movie was weak and boring!
e Subjectivity weak, boring.

e Polarity: negative.

7.3 Analysis of US Election Tweets

In this study, we try to understand the characteristics of Twitter discussion based on their
location. For this purpose we utilized Twitter data collected during the US Presidential
Elections 2016. In this section, we discuss the research questions that we developed to test

on this data.

7.3.1 Subjectivity Analysis

The first research question relates with the analysis of Twitter location data to evaluate the

subjectivity of user messages during the elections. There has been several studies on user
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behavior on Twitter during elections. Some of the research studies have suggested users as
less than factual with their online comments and that they use Twitter as an echo-chamber,
where few opinions are restated repeatedly [26]. High level of recycling tweets is also a
well documented phenomenon. Many recent studies into Twitter analysis during general
elections have observed that little original content was created by users during discussions
and most engage in re-tweeting [15, 99]. Similarly, a high level of heterogeneous user
behavior was also discovered on Twitter during the Venezuelan protests of 2010 [68].

Our purpose of analyzing user subjectivity is to evaluate whether Twitter users were
tweeting or re-tweeting facts during political debate or whether most of their messages
were emotional subjective opinions. Furthermore, Twitter content creation remains an in-
teresting area of study as researchers analyze why some tweets becomes popular and are
re-tweeted more than other messages [102]. This phenomenon is also detectable in political
discussions where researchers have observed a high rate of content reuse [63].

Based on the above discussion, we wanted to analyze user content in terms of subjec-
tivity. Hence we propose the following research question:

Research Question 1: How subjectivity scores for each candidate varied across states
and who was mentioned in more subjective tweets?

To answer this question, we performed the following data analysis:

e Subjectivity analysis of the Twitter dataset using location attribute. Average subjec-

tivity score for each candidate is calculated.

e Comparing the state-wise subjectivity scores for both candidates, to gauge which

contestant was mentioned in more subjective tweets.

7.3.2 Polarity Analysis

Polarity analysis, also known as the emotion or sentiment calculation of a text, has gained

a lot of popularity in the domain of text mining. The purpose of polarity analysis is to
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determine the attitude of text writer with respect to the topic under discussion [58]. People
are increasingly using Twitter to comment on various topics or share their opinion about
an event or a popular personality. Hence polarity analysis can help in measuring public at-
titudes and perception towards important events and developments. Examples of research
studies utilizing Twitter sentiment range from election prediction to stock price forecast
[67, 99]. Similarly, in terms of approval ratings, studies have discovered a strong corre-
lation between Twitter sentiment and public opinion polls with some claiming as high as
80% correlation between the two [72]. This high correlation can be taken as an indication
of the potential of Twitter for public polls.

However, while there has been an abundance of research in the area of Twitter senti-
ment analysis, little research has been performed evaluating Twitter sentiment in context
of location. We believe that analysis taking location into consideration can help during
elections by allowing candidates to focus on their areas of strength and weakness by allo-
cating resources more efficiently and according to the geographical needs. Furthermore,
metadata associated with each tweet is rich in detail and amongst other variables also in-
cludes user location. In our study, we use this location attribute to evaluate the sentiment
of both presidential candidates across the 10 most populous states of US. We then compare
these sentiment scores of the two candidates with the election results. This will allow us to
evaluate how indicative Twitter location data is of public opinion in these states. Hence we
have the following research question:

Research Question 2: How sentiment of Twitter messages based on state location
correlates with the real world sentiment of the public towards the two candidates?

To answer this research question, we performed the following data analytical steps:

e Polarity analysis of the Twitter dataset organized into US states using location at-

tribute. Average sentiment for both candidates is calculated for each state.

e Comparing this state-wise sentiment with the actual election result to test the accu-

racy of Twitter sentiment analysis based on location.
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7.3.3 Case Selection

As it is not mandatory for Twitter users to share their location information, many tweets
contain null or some arbitrary value for location variable. This greatly reduced the number
of tweets used in our data analysis. In total 3,341,324 tweets with valid user location values
were gathered from all 50 states of the US for this study.

Although we use tweets from all states to construct US sentiment maps for both can-
didates shown in Fig. 7.3 and 7.4, for our two research questions, we utilized tweets from
only the 10 most populous states of the US. These 10 states contain almost 54% of US
population and accounted for over 60% of all tweets in our dataset. With a large population
and thus a large Twitter user base, we were able to consistently gather a sizeable number
of daily tweets from each of these states for both candidates. This allowed us to better
determine average sentiment values for users tweeting from these states as a small number
of tweets could result in error due to an atypical sample. Table 7.2 shows the number of
tweets collected from these 10 states of the US, which were used for state-wise subjectivity
and polarity analysis.

We can observe an instance of this anomaly in the Fig. 7.3 where along with democratic
strongholds of California, New York, Washington, Illinois etc. Hillary Clinton enjoys a
high positive sentiment in South Carolina as well, which is a strong Republican state. This
aberration is down to the fact that very few location tweets were collected from South
Carolina and further still, very few of those tweets mentioned Hillary Clinton. Hence this
sentiment is not an accurate representation of the ground reality. In future to cater for this
inconsistency, we will gather data for a longer period of time, ensuring that a sufficiently

large, representative sample is collected from all states.
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Table 7.2: Number of tweets collected from each of the 10 states that were utilized for
subjectivity and polarity calculations.

State Tweets % of all tweets
California 471,501 14.11%
Florida 312,364 9.35%
Georgia 103,426 3.10%
Illinois 106,893 3.20%
Michigan 80,994 2.42%
New York 316,114 9.46%
North Carolina 103,421 3.10%
Ohio 98,593 2.95%
Pennsylvania 106,849 3.20%
Texas 314,021 9.40%
Total 2,014,176 60.28%

7.4 Data Preparation Methodology

Our data gathering and cleaning process is explained in chapter 2 of the dissertation. Twitter
data collected consisted of numerous fields and metadata. We were interested in extracting
only a few of the fields from this data. Fields such as tweet text, location, followers count,
friends count, and time of tweet were extracted. A dictionary was also created to map
most popular cities in the USA to their respective states if state information was missing.
Although we downloaded over 15 million user tweets from Nov 1st to Nov 8th, we were
able to correctly extract 3,341,324 tweets using our location dictionary. However while
all 50 states were represented in our dataset, we decided to utilize the 10 largest states by
population for our analysis. We used these 10 states as they were well represented in our
data and accounted for over 60% of all tweets in our dataset. Table 7.2 provides details of

tweets from these states.

7.5 Results

We now present the results of our data analysis. These results will be utilized to corroborate

hypotheses that we developed in the previous section.
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Figure 7.1: Subjectivity scores of each candidate across the 10 most populous states of the
US.

7.5.1 Subjectivity Analysis

We performed subjectivity analysis of tweets for both candidates using the Twitter loca-
tion data. The subjectivity analysis involves trying to determine how emotion, speculation,
opinion, sentiment are expressed in natural language [98]. While message polarity deter-
mines the positive or negative connotation of a text, subjectivity analysis tries to discern
whether the text is subjective in the form of an opinion, belief, emotion or speculation or
objective as a fact [59].

We evaluate tweets from 10 states of the US during the elections 2016 in terms of their
subjectivity. We wanted to gauge which of the two candidate had a higher subjectivity in the
tweets mentioning them. Fig. 7.1 displays the subjectivity scores of the tweets mentioning
both candidates in the 10 most populous states of the US.

We can observe from Fig. 7.1 that tweets mentioning Donald Trump have a higher
subjectivity score for all 10 states compared with those mentioning Hillary Clinton. To
further distinguish the divergence between subjectivity scores of the two candidates, we

perform t-test on their subjectivity values. Following are our null and alternate hypotheses:
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Figure 7.2: Overall subjectivity score of each candidate across all states of US.

HO_ > ClintonSubjectim’ty = TTumpSubjectivity

HI_ > ClintonSubjectivity 7£ TrumpSubjectivity

We used F test for sample variance and t-test for hypothesis testing. Test results are

shown below:

t-stat 7.35
P(T <=t) two tail | 7.96629E-07

t critical two tail 2.10

As the t-stat value is higher than t critical, we can reject the null hypothesis and accept
the alternate hypothesis stating that tweets mentioning Donald Trump were more subjective
than those mentioning Hillary Clinton. This phenomenon of high subjectivity of tweets
mentioning Donald Trump was observed for all states of the US. Fig. 7.2 shows overall

subjectivity for both candidates across all states.
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Figure 7.3: Overall sentiment of Tweets mentioning Hillary Clinton across all states of the
US. Darker shades indicate higher positive sentiment.

-

Figure 7.4: Overall sentiment of Tweets mentioning Donald Trump across all states of the
US. Darker shades indicate higher positive sentiment.
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Figure 7.5: Polarity scores for each candidate across the 10 most populous states of the US.

7.5.2 Polarity Analysis

Along with subjectivity analysis, we have also used location data to perform polarity anal-
ysis of tweets mentioning Hillary Clinton and Donald Trump in 50 sates of US during
elections 2016. With all tweets tagged with polarity scores, we calculate average polarity
of each state using Tweets location. Fig. 7.3 and 7.4 show the polarity map of US for both
Hillary Clinton and Donald Trump respectively. Dark color indicates higher polarity and
hence more positive sentiment for the candidate.

To closely examine and compare polarity of the two candidates, just like subjectivity
analysis, we utilize data from the 10 most populous states of the US shown in table 7.2.
The purpose of this analysis is to identify the overall sentiment of each state towards these
candidates in the Twitter conversations during the elections. We wanted to evaluate how
this polarity score compares with the actual results of the elections 2016. Out of these 10
states Donald Trump won 7 while Hillary Clinton was victorious in 3. Fig. 7.5 shows the
polarity scores.

Here we can observe that Hillary Clinton has a higher polarity score than Donald Trump

in only California. However, Illinois and New York States, are within the margin of error
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Table 7.3: Polarity scores and standard errors of tweets mentioning Hillary Clinton and
Donald Trump created by users in the 10 most populous states of the US. Higher polarity
score indicates higher positive sentiment. Last column indicates the eventual winner of the
State in 2016 Presidential Elections.

State Clinton Polarity Trump Polarity Error Clinton Error Trump Election Winner
California 4.59 4.19 0.20 0.27 Clinton
Florida 3.12 5.65 0.40 0.25 Trump
Georgia 3.45 5.34 0.36 0.28 Trump
Illinois 4.26 4.55 0.35 0.32 Clinton
Michigan 3.55 5.20 0.41 0.23 Trump
New York 4.71 5.07 0.40 0.23 Clinton
North Carolina 3.46 5.74 0.37 0.19 Trump
Ohio 3.44 5.27 0.38 0.25 Trump
Pennsylvania 3.64 5.34 0.37 0.19 Trump
Texas 3.13 5.42 0.36 0.24 Trump

for both candidates. Hillary Clinton won both of these states. Table 7.3 shows the polarity
scores and error terms along with the eventual winner of these states in the elections.

It has been reported that Donald Trump enjoyed better sentiment on social media than
Hillary Clinton [100]. He had more followers than Hillary Clinton and used Twitter more
frequently with his tweets generating greater media attention. We can observe similar

results in our location analysis where he enjoys better polarity score in 9 out of 10 states.

7.6 Discussion

We will now discuss the results of our data analysis.

7.6.1 Subjectivity Analysis

For our first research question, we performed subjectivity analysis of Twitter messages
during US elections 2016. Here again we used Twitter location data to analyze which can-
didate was mentioned in more subjective tweets. Results of subjectivity analysis are shown
in Fig. 7.1. We can observe that tweets mentioning Donald Trump were more subjective

than those mentioning Hillary Clinton. This phenomenon was observed across the board in
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all 10 states under study. We discovered a similar result for all states shown in Fig. 7.2.

Much research has been conducted regarding user behavior on Twitter. It is observed
that a small number of users drive discourse on Twitter with a lack of debate and diver-
gence of opinion [15, 68]. In our subjectivity analysis, we have observed that tweets men-
tioning Donald Trump were more emotional and opinionated than factual. This high sub-
jectivity was apparent during the election campaign where a bitter and negative campaign
was fought by both candidates with Donald Trump creating much controversy through his
tweets [30].

A high subjectivity score does not indicate a higher propensity for a voter to vote. What
it does indicate however is that Twitter users mentioning Donald Trump in their tweets were

more opinionated.

7.6.2 Polarity Analysis

For our second research question, we performed polarity analysis for both presidential
candidates in terms of Twitter location data. Polarity scores of both candidates for all 50
states are shown in Fig. 7.3 and 7.4. To perform a comparative analysis for both candidates,
we calculated polarity for 10 most populous states of the US.

Results of polarity analysis for these states are shown in Fig. 7.5 and in table 7.3. Our
polarity analysis was able to correctly gauge public sentiment in 8 out of the 10 states
under study. However for two states, Illinois and New York, where Hillary Clinton was
victorious, our dataset shows Trump as having better sentiment among the Twitter users
from those states. However, it should be noted that for both of these states the difference
between the polarity scores of the candidates is within the margin of error. Non-the-less,
we state that our polarity analysis of Twitter location data remains inconclusive.

Twitter data analysis for election prediction has become an popular area of research.
Many studies have claimed to effectively predict elections by determining public opinion

utilizing Twitter data analysis [93, 72]. On the other hand, doubt has also been expressed
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by highlighting the limitations of utilizing Twitter data for election prediction [37, 65].
Our result using Twitter location data to gauge public sentiment towards candidates using
Twitter is somewhat inconclusive. Out of the 10 states used for data analysis, sentiment
of 8 was correctly predicted. Two states were predicted incorrectly, however for both of
these states the polarity scores of the two candidates were within the margin of error. We
believe that further analysis of Twitter location data, where location is looked in more
detail including city and county level can generate interesting results for understanding

public opinion towards political candidates.

7.7 Conclusion and Future Work

In this research study, we have presented a web-based application that can be used to per-
form subjectivity and polarity analysis of Twitter location data. This analysis can be per-
formed real time by fetching live tweets or on historical data fetched in the past. The
application can also extract user location data from tweets and use it to plot subjectivity
and polarity on a map allowing us to perform user sentiment and behavioral analysis based
on their location. We believe that this ability to map user sentiment and objectivity provides
tremendous benefit over traditional Twitter sentiment analysis. Rather than of evaluating all
users as a whole we are able to distinguish their opinions based on geographical location.
We tested our research questions by using Twitter location data collected during the US
Presidential Elections 2016 as a case study. We analyzed over 3.3 million Twitter messages
gathered from all 50 states of the US. Almost 60% of these messages were generated in
the 10 most populous states and these states were utilized to answer our three research
questions. Data was accumulated for 8 days, from Nov 1st to Nov 8th 2016 and messages
were filtered based on their containing the keywords Clinton and Trump. Although many
research studies have utilized Twitter data for election sentiment and user behavior analysis

during general elections, no study so far has utilized the location attribute of tweets. The



118

primary purpose of this study was to utilize this location information, contained in the
message metadata to create a more sophisticated and detailed analysis of user subjectivity
and polarity during the elections. It was observed that tweets mentioning Donald Trump
were more subjective in nature than those mention Hillary Clinton. This was observed in
all 10 states under study and was verified by the data analyses conducted to answer the
research questions. In terms of polarity, we had mixed results, where Clinton had higher
polarity than Trump in only California. However for the other states that she won in the
elections but had lower polarity in our data analysis, the scores were within margin of error.

In future, we would like to expand this study by performing analysis of more detailed
location information. By dividing US states into rural and urban areas we can further
refine our location sentiment analysis as rural urban divide plays a very important role in
elections. With exact location analysis, sentiment and behavior of users towards political
candidates can be understood with greater accuracy.

We would also like to expand this study to other countries of the world. Rather than
using geo-location, we created a dictionary to map location information provided by users.
By expanding this dictionary to states and regions of other countries of the world, we can

create a similar detailed sentiment map.
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Chapter 8

Twitter Analyses and Visualization

System

In this dissertation, we also present a web-based system which can be used for collection of
Twitter data, extraction of the metadata, analyze the data based on the extracted metadata
parameter (which can be location) and finally visualize the subjectivity and polarity asso-
ciated with a keyword in Twitter messages. The keyword can be present in the message
in the form of a hashtag, phrase or it can simply be a word. As the user enters the key-
word, the application is able to fetch live tweets, extracting text from each tweet, mapping
user location, while calculating subjectivity and polarity of each tweet. We then plot these
scores on a map allowing us to visualizes the trend associated with selected keyword.

During past few years, we have witnessed a flurry of research activity in the area of
Twitter sentiment analysis [20, 99, 33]. These analysis are applied to a variety of fields
like analyzing reviews and responses for serving customers efficiently. Our system also
facilitates a researcher to analyze tweets that were fetched from past. The motivation be-
hind building this system was to provide a single automated platform, which serves as a
complete end-to-end system for sentiment analysis and visualization.

Along with real-time Twitter data analysis, we can also use the platform to calculate
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and visualize subjectivity and polarity of tweets that are downloaded previously and are
present in the form of a dataset. In our study of Twitter location data, we have utilized
this application for the case study involving data collected during US elections 2016 for

analysis and visualization.

8.1 Motivation

As discussed throughout this dissertation, Twitter sentiment analyses is now used in vari-
ous areas related with governance. However, data collection and analyses of sentiment and
location visualization are not straight forward, delaying governments or researcher in uti-
lizing Twitter to gauge public opinion on various topics and issues related with governance,
elections, protests etc.

The primary goal behind development of the web platform for data collection, analysis
& visualization is to enable researchers and policy makers to quickly and accurately map
sentiment of any topic under discussion on Twitter. The application can perform real-time
sentiment analyses based on keyword provided by the user, mapping that sentiment on the
map allowing for easy visualization. This enables researchers and policy makers to perform
quick analysis of any breaking news or current event. In short the goals of the application

are following:

e To provide researchers with a tool that enables them to perform sentiment analysis

on tweets in real-time based on a keyword.
e To gain insights in location and temporal variations of citizen sentiments

e To identify the locations of citizens dissatisfaction regions

Furthermore, the data-dictionary developed for the application can retrieve a large num-
ber of location based tweets which is not possible using geo-tagged tweets only. State and

city names in both long and short forms along with cities with same name but present in
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different states of the US are mapped in the correct state. This allows researchers and
other users of the application to collect a large sample of location tweets enabling them to

perform meaningful analyses of citizen’s subjectivity and polarity.

8.2 System Design

The system is built using flask framework and Python as a platform. The application has
a static web form, which allows a user to enter the search string (hashtag, a phrase or a
word) and select the number of tweets that are to be visualized. Once the form is submit-
ted, a script executing at the back-end of the system will fetch live tweets and calculate
subjectivity and polarity of user tweeting to be plotted on graphs.

Figure 8.1 shows the system architecture, displaying it’s major operations. The process
begins with input query from user in the form of a search string and the desired number
of tweets for processing. The Flask framework processes this request while Twitter API is
used to fetch live tweets. The system then performs data cleaning and location extraction
along with subjectivity and polarity calculations. JSON and javascript is then used to plot

the final results. Figure 8.2 displays the execution process of the application.

8.3 Location Parsing

One of the function performed by this application is that of extracting the location of a user
from tweet metadata. For this purpose, a string parser was created to extract user location
provided in the location field from the tweet meta-data. The location variable is parsed
and extracted by comparing and mapping the location text with a dictionary containing all
interesting locations.

The challenge of location data however is the fact that it is present in various different
forms. For example, location for some users has text only. For example, our location study

of US elections 2016 described in 7, location columns of most contained prominent US
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Figure 8.1: Application architecture.
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Figure 8.2: System execution process.

cities along with country name. Hence some location parameters were set as Los Angeles,
USA; NYC, USA; Chicago, USA; San Francisco, USA; etc. Moreover, some location text
had state short form and country name such as TX, USA; CA, USA; IL, USA; NV, USA;
etc. To extract precise states from such location definitions, we created a dictionary to map
prominent cities against state names. Here we also created and mapped state names versus
the short form of state represented by two letters. Pseudo code for the location extraction

is given in algorithm 1.

8.4 Subjectivity & Polarity Analysis

The application can be used for subjectivity and polarity analysis of user texts. Subjectivity
analysis is defined as the classification of sentences as subjective opinions or objective
facts. Hence for a set of messages in a dataset, through subjectivity analysis, we identify
sentences that are subjective from those that are objective. Speech patterns such as use of
adjectives along with nouns are used as an indicator for subjectivity of a statement [51].

Polarity analysis is the sentiment analysis of text. Just as with subjectivity analysis,
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Algorithm 1 Parse the state name from user location
Parsing state name for user location

states_list = “list of states
temp_list = []
while index in “length of dataframe* do
location = “user location*
while state in states_list do
if re.search(state,location): then
temp_list.append(state)
break

dataframe[’ State_User’] = temp_list
end if
end while
end while

we utilized Python TextBlob package for polarity analysis on our dataset. Polarity analysis
using Python Textblob, words in the lexicon are assigned scores for negative and positive
polarity. These polarity scores range from -1 to 1, where -1 represents extremely negative
sentiment while 1 represents extremely positive sentiment respectively. A polarity score of
0 suggests a neutral sentiment. Using the python Textblob, polarity scores are assigned to

user texts. Pseudo code for subjectivity and polarity calculation are is given in algorithm 2.

Algorithm 2 Calculate subjectivity and polarity of each user.
subjectivity = []
polarity = []

while index in “length of cleansed_dataframe* do
wiki = TextBlob(“tweet_text*)
subjectivity.append(wiki.sentiment.subjectivity)
polarity.append(wiki.sentiment.polarity)

end while

cleansed _dataframe [‘Subjectivity ‘] = subjectivity
cleansed_dataframe [ ‘Polarity ‘] = polarity
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Figure 8.3: Sentiments of term ‘#WaterCrisis® from around the world. Shades of green
represent positive sentiment while pink represents negative sentiment.

8.5 Data Visualization

The application can be used to create visual aides, representing the data as scatter plots,
bar graphs and map plots. To create these visualizations, a JSON string is created using
plotly library which is rich in methods to plot various types of graphs. For each graph, a
JSON is created and provided to the front-end of the application for creating the required
visualizations. A plotly JavaScript file is imported in the static web page which takes

information from JSON string and plots the various graphs.

8.6 Experimental Results

This section showcases the application results with search string ‘#Watercrisis‘. Water
shortage around the world is a major concern and we wanted to gauge the public sentiment
around this important public issue. By utilizing the Twitter search API, the application
fetched 1,164 tweets from around the world. Sentiment from these tweets are plotted on

the map shown in Fig. 8.3.
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8.7 Benefits of Web-application

Although there are several online applications available for Twitter sentiment analysis [71]
our platform provides several advantages. First, not only does it fetch tweets real time
using the Twitter streaming API but it can also be used to analyze tweets that we have
collected in the past and are present in an external database. This allows us to rerun our
analysis on old data and on a larger dataset. The US election data utilized in this paper
was collected during the US elections in November 2016, however using our application
we were able to analyze over 15 million tweets collected during this time period and were
able to identify 3.3 million tweets with user provided location that were used to calculate
polarity and subjectivity of the two presidential candidates, Hillary Clinton and Donald
Trump.

The second advantage of our platform is the data dictionary that we created to identify
user location. Most of the Twitter location analysis are performed on geo-location data
collected from user device. This has to be explicitly enabled by the user and only 1-2%
of tweets contain user geo-location data as part of metadata [57, 41]. Furthermore, the
streaming API, used to download Twitter data allows users to retrieve at most 1% sample
of all tweets on Twitter [69]. Thus utilizing streaming API to download tweets based on
geo-location parameters severely restricts the number of messages that can be retrieved.

In our application platform, we utilize the location provided by Twitter user. This en-
ables us to use a larger number of tweets for our analysis. The challenge of location data
however is the fact that it is present in various different forms. For example, our location
study of US elections 2016 presented in this paper, user locations were presented in several
different formats. As discussed in chapter 7, location columns of some users contained
location information in varying formats where some locations would contain city and state
while others would share state and country. Even state and city names could be in both
long and short forms such as TX, USA or NYC, NY etc. Furthermore, many cities with

same name occur in different states of the US. Our location dictionary maps prominent
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cities against state names while also mapping state names versus the short form of state

represented by two letters. Pseudo code for the location extraction is given in 1.

8.8 System Limitations

A drawback of our approach is that unlike geo-tagged tweets, where location is very precise
and accurate, user provided location can be imprecise or inaccurate. Non-the-less this ap-
proach enabled us to gather over 3.3 million location based tweets for 8 days of November
2016 (1st - 8th November) using the streaming API. By updating our dictionary with states
and cities of other regions of the world, we can perform our location analysis of subjectivity
and polarity of tweets for other countries as well.

Another limitation of the system is that we have not conducted any study gathering
feedback of researchers and policy makers in terms of their preferences and requirements
in such a system. So far only we have utilized the web-based application for location
based sentiment analysis. Furthermore no empirical study has been conducted as yet where
user evaluations of the system are gathered. Hence it is hard to determine right now, how
effective the system is in helping end users achieve their intended goals while utilizing this

tool.
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Chapter 9

Contribution and Future Work

9.1 Contributions

In this dissertation we presented a framework to analyze social media usage by adopting
stakeholder theory for social media. We proposed a Citizen Centric Stakeholder Theory for
Social Media, where all users of social media platforms are treated as stakeholders. This
framework was used to investigate the nature and characteristics of social media usage
by citizens from around the world. We evaluated this participation through analyses of
stakeholder sentiment and online behavior.

Using the citizen centric stakeholder theory, we analyzed social media data collected
during various events. We analyzed Twitter data collected during the US Presidential Elec-
tion of 2016 and during the UK General Elections of 2017. We discovered that stakeholder
salience such as power, legitimacy and urgency do indeed played a significant role in mes-
sage propagation on Twitter.

This dissertation also presented Twitter mining study into the US elections and discov-
ered an overall negative public sentiment towards the election and both major Presidential
candidates. We learned that in context of the elections 2016, a time-line of Twitter trends

and frequently used words could be utilized to identify events of significant importance as
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they happened. In terms of user behavior, it was observed that little original content was
created by users during discussions and most were rather retweeting. We also saw that
a very small percentage of messages were direct and contrary to findings by some other
studies, majority of the users did not engage in direct one to one conversations with each
other.

Taking the sentiment analyses forward, we utilized location data to map Twitter user
sentiment according to states during the 2016 US Presidential elections. We analyzed over
3.3 million Twitter messages gathered from all 50 states of the US. Primary purpose of
this study was to utilize this location information, contained in the message metadata to
create a more sophisticated and detailed analysis of user subjectivity and polarity during
the elections. It was observed that tweets mentioning Donald Trump were more subjective
in nature than those mention Hillary Clinton. This was observed in all 10 states under study
and was verified by the data analyses conducted to answer the research questions. In terms
of polarity, we had mixed results, where Clinton had higher polarity than Trump in only
California. However for the other states that she won in the elections but had lower polarity
in our data analysis, the scores were within margin of error indicating that further research
into this area can yield a more detailed and accurate picture of public opinion.

In this dissertation, we also presented a web-based system which can be used for col-
lection of Twitter data, extraction of the metadata, analyze the data based on the extracted
metadata parameter (which can be location) and finally visualize the subjectivity and polar-
ity associated with a keyword in Twitter messages. The subjectivity and polarity analysis
of 2016 US Presidential elections were performed using this tool.

Finally, we gathered Facebook and Twitter data for various public sector organizations,
evaluating their messages in terms of sentiment and content. It was observed that nature of
organization’s operations have an impact on the sentiment of the messages. For example,
police organizations generally had a negative sentiment of messages due to their nature of

communication with the citizens, appraising them on crime alerts and public safety mes-
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sages. Similarly, some organizations used Twitter as a tactical tool, tweeting hundreds of
messages everyday appraising their users of current situation. Transportation organizations
such as MTA and SEPTA (Philadelphia public transit)frequently updated their riders of any
delays in buses or trains. We also observed an overall negative correlation between message
framing, such as using hashtags (#) and direct one-to-one communication, indicating that
most organizations either use Twitter for broadcasting or for direct communication with
their customers.

Insights from this research will allow us to better understand the nature of discourse
taking place on popular social media platforms and how sentiment, keywords and users be-
havior impacts these discussions. It will also enable us to perform more detailed sentiment
analyses, especially in terms of location. In future we can evaluate the spatial aspect of
social media sentiment in more detail, where county or even city level sentiment can be
calculated. This will allow policy makers to find out exactly not only the general public
sentiment but also it’s degree across various geographical locations. The web-based appli-
cation in will facilitate in this research, by providing a single automated platform, which
serves as a complete end-to-end system for sentiment analysis of Twitter messages along
with their visualization based on location on the map.

Furthermore, citizen centric stakeholder theory, provides a framework to analyze users
of social media based on attributes such as power, legitimacy and urgency. Social media
allows users to directly influence discussion topics. This effectively turns citizens utilizing
social media into stakeholders who have to be recognized and managed. Citizen centric
stakeholder theory can thus become an effective tool to evaluate popular online discussions.
This will allow movers of social media for marketing, political campaigning or for other

causes to create a more effective and robust message, targeted to the right stakeholder.
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Organization Communication User Sentiment
on Social Media on Social Media

Police
MNYPD
Philadelphia Police
Boston Police

Transportation
MTA
SEPTA

Utilities
MNY Power Authority
PPL Electric

Dept. of Motor Vehicle
NY Dept. of M otor Veh.
Penn Dept. of Motor Veh.

Figure 9.1: Framework for analyses of public sector organizations on social media. Here
we evaluate the sentiment and characteristics of social media messages by public sector or-
ganizations. We also gauge sentiment and behavior of users discussing these organizations
on social networks.

9.2 Future Work

9.2.1 Analyses of Social Media communication of Public Sector Orga-

nizations

In future we will expand the scope of public organization study described in 6. In expanding
the scope of the study, we will not only evaluate sentiment and content of organizations’
messages on social media but also perform sentiment analyses of tweets by the citizens
discussing these organizations. This will allow us to not only evaluate the impact of their
social media communication on behavior and sentiment of social media users enabling us
to evaluate the effectiveness of communication strategy utilized by these organizations. We
can observe a schematic of the framework that will be used to evaluate organization and
user messages shown in Fig 9.1.

We will also utilize the social media framework to categorize messages of the orga-
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nizations into various categories. This categorization will help us gain understanding of
the communication strategy of the organizations. Social media framework was developed
to identify the communication strategies of organizations using social media for commu-
nication. Broadly speaking, the communication tactics of the organizations are divided
into three categories. These are described as push, pull and networking strategies utilized
by organizations for interaction [47, 64]. Table 9.1 displays these strategies along with the

mechanisms used to implement them. This study will try to answer the following questions:

o How public sector organizations use Push, Pull and Networking strategies on so-
cial media? This study will help us understand how different organizations based on
their nature of work and area of operation, are able to utilize the strategy best suited
to their purpose. Most of the organizations simply use Facebook and Twitter due to
the presence of a large number of users on the platform. However, both social media
platforms allow for rich bi-directional communication which can be very beneficial

to many organizations that are right now using them as a broadcasting tool.

¢ How message sentiment and characteristics differ for organizations utilizing so-
cial media for public engagement? We will analyze Facebook posts and Twitter
messages of the organizations based on their target audience and nature of service
provided. Hence for example a local electricity provider might utilize online social

networks differently than a police department.

e What are difference and similarities in user sentiment and behavior on social
media with respect to organizations under study? Here we want to observe the
changing user behavior with a change in the organization being discussed. Hence
sentiment and message content discussing a police department would be different

than the sentiment and behavior when discussing public transit service.

By answering these questions, we hope to achieve the following objectives:
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Table 9.1: Framework for measuring social media strategies of public sector organizations.

‘ Tactic ‘ Description ‘ Mechanism ‘

Number of followers.
Number of likes.
Number of daily Messages.

Inform and educate through

One-way push
yP broadcast and announcement.

Retweets.
Hashtags.
Information requests from public.

Engagement through bi-directional

Two-way pull .
communication.

Direct messages, replies.
Tips to improve public safety, health.
Following citizens.

Two way interaction for

Networking community building.

o Identifying the intended audience of public organizations online by using stakeholder

theory.

e Identifying the online communication strategy of the organizations by using the so-

cial media framework and by evaluating the message sentiment.

e Evaluate reputation of various government organizations on social media and how,
if any, improvement in this reputation is due to their social media communication

strategy.

Findings from this analyses will help these organizations foster better communication
with the citizens. It will also enable them to get feedback on their operations, allowing

them to further improve their processes.

9.2.2 Stakeholder Theory Application on Twitter Location Data

In future we would also like to apply the citizen centric stakeholder theory for social media
on Twitter location data. By applying stakeholder theory on location data, we would be
able to better identify stakeholders in-terms of their relevance to the organizations. For
example a Twitter user residing in a certain city, his tweets about the police department or
any other public service organization of that city should carry more weightage than users

who do not live in the area.
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The location aspect also gains importance because of the fact that services provided
by any public organization, or any candidate contesting elections from a particular con-
stituency are bound to a certain physical geographic location. These organizations and
individuals face challenges of managing relationships within ever-growing users of social
networks, as social media allow all kinds of users to interact with them directly. However
many of these users are outside of the local communities being served by these organiza-
tions or are not constituents of the individual candidate. Hence priority of these stakehold-
ers will be less than those who reside in the local community and provide feedback using
social networks.

In chapter 4 we introduce a stakeholder with saliences such as power, legitimacy and
urgency, defining these traits in terms of social media. For this study, we will define stake-
holder legitimacy in-terms of location. Hence any social media user residing in the commu-
nity served by an organization will have higher legitimacy as a stakeholder and will require
closer attention than non-local stakeholders.

Studies have discovered that local users, participate on social media by providing more
supportive and positive messages along with requests that are more actionable. On the other
hand, it is reported that messages from non-local users are driven more by the national trend
of sentiment towards an organization, such as police brutality, rather than actual concerns
about issues such as public safety [47].

In this study we will try to answer the following research questions:

e How online user sentiment differs according to location? Here we will gauage
sentiment of online users according to location in an effort to determine how senti-
ment of users, residing in a local community of an organization or a political candi-
date changes compared to those users who are non-local, commenting from a national

or international perspective.

e How user sentiment differs in different parts of the world? Here we will ob-

serve sentiment of people tweeting in one location is different from other parts of
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the world. We will evaluate sentiment, content generation etc. to discover particular
traits. This will also help us understand whether people residing in a certain coun-
try/region are generally more skeptic or optimistic online and does this behavior also

extends towards government, its institutions and individuals.

e How organizations interact with stakeholders based on their location? Here we
will analyze the message of the organization based on the salience of their audience.
We will evaluate the sentiment and nature of the tweets by the organization and how
caters to its audience in terms of their location. Hence we will try to determine

whether local stakeholders are treated differently than non-local.

9.2.3 ICT for Closer Public Interaction and Trust
Motivation

The role of Internet and communication technologies ICT in modern society cannot be un-
derstated. This can be seen by the Digital Agenda for Europe (2010-2020) put forth by the
European Commission in 2010. Governments and institutions around the world are trying
to increase transparency into their working[11]. Furthermore, the movement to increase
public participation in government through social media has also gained momentum with
time. Web 2.0 provides a quick and cost effective platform to political actors and state
institutions to communicate directly with public, disseminating information without go-
ing through the traditional media channels[43, 56]. Close and direct public interaction is

intended to increase public trust on the public institutions.

Twitter as tool for communication and gauge for public trust evaluation

In this study we would like to understand the impact of social media communication by
government institutions with public and how effective this method is enabling public par-

ticipation and increasing trust. We will try to understand whether the ICT enabled initia-
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tives help build public trust in the institutions. Our approach will utilize social media data
analytics performed on data generated on microblogging platforms such as twitter. Here we

will perform sentiment analysis of this data and evaluate trust as a measure of sentiment.

Pakistan perspective

We will be conducting this study from Pakistan’s perspective, following the tweets of var-
ious state actors and institutions and how effective they are in generating public trust by
directly communicating with them. Pakistan has a total population of over 200 million
with a relatively low internet penetration. However a large segment of the population is
young and utilizes social media to engage in discussions and express political opinions.
Over the last couple of years, important institutions of state such as the armed forces
now actively engage in tweeting in-order to convey policy statements directly to the masses.
The purpose is to directly interact with the public without going through traditional media
channels. We will evaluate whether this approach has resulted in generating greater public

trust or otherwise.

Approach

We will be performing quantitative research methods collecting data for analysis using
surveys and tweets. The objective is to understand how effective twitter is in increasing
public awareness and trust on the state institutions. Surveys can be conducted online while
several tools are available to gather and perform sentiment analysis of twitter data.
Through exploratory analysis of sentiment of twitter data, our aim is to track the ef-
fectiveness of social media as a communication channel between state institutions leading
to greater trust. We will be hypothesizing that an increase in positive sentiment signals

increasing public trust in state institutions and vice-versa.
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