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ABSTRACT 

TRUTHS AND RUMORS ON TWITTER:  ANALYSIS OF THE SPATIOTEMPORAL 

DISTRIBUTION OF GEOLOCATED TWEETS 

John J Naylor, MS 

George Mason University, 2017 

Thesis Director: Dr. Arie Croitoru 

 

Twitter, one of the most popular online social media sites, has become a place for users to 

gather during world events and share information.  As tweets are succinct and can be 

spread to large user groups with relative ease, the speed at which users can ingest 

information and then spread it further is high. This quick read-it and share-it paradigm 

has been one of the reasons for the fast growth of Twitter. At the same time the rapid 

nature of Twitter has created challenges with whether the information shared on it is 

either true or a rumor due to the lack of a formal scrutinizing process that is more 

common in traditional news outlets. In view of this challenge, this thesis aims to explore 

the possible existence of a relationship between the veracity of a tweet and its 

spatiotemporal spread. There have been several prominent events where rumors quickly 

spread through Twitter, one of which is the 2013 Boston Marathon Bombing that resulted 

in three people being killed and leaving 264 others injured.  In the twenty-four hours 
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following the bombings, tens of thousands of geolocated tweets were sent concerning the 

Boston Bombing, containing both truth and rumors. Using the 2013 Boston Bombing 

event as a case study, this thesis examines the existence of patterns in the spatiotemporal 

spread of rumors and truths on Twitter using a set of techniques, namely spatiotemporal 

graphs, a logistic regression, and the Jaccard coefficient. Results from these analyses 

suggest that information veracity does not alter the overall spatiotemporal spread of 

information on Twitter, and provides additional insights into the spatiotemporal spread of 

information on a global scale.
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1. INTRODUCTION 

1.1  Twitter and Rumors 
From its beginning in 2006 Twitter has grown from a new social media page, to 

one of the largest and most used social media sites where there are currently over 313 

million monthly users are on the site (Twitter, 2017).  Twitter is a micro-blogging site 

that allows a user to upload text, URL links, pictures or videos, and share them around 

the world to followers who subscribe to that user’s tweets.  When a user publishes a 

tweet, anyone who follows them sees the tweet in their own timeline.  That subscriber 

then has the option to retweet the tweet meaning they can then share it with their own 

followers.  This spread of information in a rapid manner has allowed Twitter to be used 

as a platform where anyone can post breaking news, and thus has allowed for the rapid 

dissemination of information by anyone over a virtual space bound only by followers and 

retweets, all in under 140 characters (Castillo et al., 2011).  If a user sees something 

happening, they can tweet about it to their followers, who in return can retweet it to their 

followers and so on.  The power of news dissemination no longer is held by traditional 

news sources like newspapers and cable news networks.  A bottom-up approach for quick 

dissemination of information is what makes Twitter and social media differ from the 

more traditional top-down news dissemination that has been the standard for centuries 

(Schneckenberg, 2009). The ability to give common users the capacity to relay new and 

vital news stories allows Twitter to relay real-time information to a large group of people 
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in a very short duration of time. As a result, Twitter is an apt environment for the spread 

of breaking-news either from a news source or from people who are at the scene and can 

report what they see and experience (Castillo et al., 2011).   

The rapid rise of this information “of the people, from the people” has shown how 

Twitter can be used beyond the scope of daily minutia, to being used as a tool to report 

planned and unplanned events that are of broader public concern.  Twitter and other 

social media sites have been used to monitor natural disasters (Crooks et al., 2013), as 

well as to disseminate emergency related information within potentially affected 

communities. Among social media platforms Twitter is particularly suited to monitor and 

spread such information due to the immediacy of the service and its wide reach.  The 

ability to quickly spread information out in the aftermath of an event has allowed Twitter 

to be embraced by police departments, government agencies and emergency response 

organizations.  After real-world events, people go to social media sites like Twitter to 

gain information and check for updates, while also using Twitter as a place to share their 

opinions and talk about the event with others (Gupta et al., 2013).   While true 

information is certainly on Twitter, there is also the chance for rumors and 

misinformation to be spread to users all over the world.  Fake accounts, phishing 

attempts, spam, identity theft and rumors are all part of the social media experience and 

have been a serious problem in the immediate aftermath of major events (Gupta et al., 

2013; Mendoza et al., 2010). 

As a result, some concerns have been recently raised about the use of Twitter as a 

reliable source of breaking news (Petrovic et al., 2013).   While some of the rumors on 
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Twitter can be unintentionally spread, some tweets are sent with a malicious intent to 

cause disruptions or even generate mass panic.  One such example is when a Pro-Assad 

Syrian hacking group took over the Associated Press’ Twitter account and sent out a 

tweet about explosions at the White House.  This tweet will be discussed later on in this 

chapter.  

There are several definitions of what a rumor actually is, but the literature within 

the realm of social media rumors uses the definition from the Encyclopedia of 

Psychology: “an unverified proposition for belief that bears topical relevance for persons 

actively involved in its dissemination” (Rosnow and Kimmel, 2000). This works well in 

the confines of Twitter because of the relevance that people feel towards information that 

they spread via retweets, especially in major events. In general, rumors arise and spread 

when there are ambiguities of a situation or when people feel a need to be secure (Kwon 

et al., 2013; DiFonzo et al., 2007).  In the minutes or hours after a tweet is sent out, it 

may be difficult to determine whether it is a rumor or not.  Sometimes tweets at first seem 

like a rumor, but later turn out to be true because a piece of information is later verified.  

This is why the research for this study is using Twitter data from an event that has long 

since ended and the truths and rumors are known.  Additionally, information that is once 

thought to be false but is later determined to be true will not be considered a rumor for 

this project.  What will be considered rumors, are those tweets that are confirmed as 

either false or remain unverified (Kwon et al., 2013).  

The rumors and truths that spread on Twitter do so through the networks 

associated with the users of the social network (Herrman, 2012).  Some users may be part 
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of very small networks with only a few followers (and where information does not travel 

as far), while others might have a larger network with thousands of followers.  Generally 

the more followers someone has, the more eyes will see their content.  Followers are 

subscribed to a user’s Twitter feed, and get updates whenever they share a tweet, or 

retweet something that they have seen from their subscriptions.  This network of 

followers and retweets allow for the information to be spread quickly as it is shared by 

people with more and more followers.  It is therefore imperative to develop tools and 

methods for early identification of the spread of rumors in social media – and in 

particular Twitter. This is the topic this thesis addresses. Specifically, the proposed 

research aims to explore the spatiotemporal spread of authentic and rumored information 

on Twitter as an indicator to the type of information that is relayed. 

1.2  Motivating Examples 
Two recent incidents over Twitter give a prime example of how a rumor tweet can 

cause serious problems.  They vividly illustrate why rumor detection within tweets and 

the subsequent analysis of the spatial propagation of the rumor tweets is vital for law 

enforcement agencies as well as the traditional news sources. 

1.2.1  The Associated Press Twitter Hack 
In April 2013 a tweet was sent out, shown in Figure 1 from the Associated Press’ 

(AP) official Twitter account.  The tweet informed the AP’s Twitter followers that there 

had been two explosions at the White House and that President Obama had been injured 

(Washington Post, 2013).  Within seconds of the tweet, news had reached the New York 

Stock Exchange and the Dow Jones Industrial Average plummeted 150 points, losing 
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close to $200 billion to investors (USA Today, 2013). Though the rumored tweet was 

corrected and was deleted by the Associated Press just a few minutes later, the message 

continued to exist on the service to allow for over four thousand retweets (a way by 

which followers of one Twitter feed, can then share tweets to their followers). 

 

 

  

 
Figure 1 The tweet sent out from the AP's hacked Twitter account (AP, 2013). 

 

 

  

In a briefing that occurred after the erroneous tweet appeared, White House 

spokesman Jay Carney told reporters that, "…the president is fine, I was just with him." 

Julie Pace, AP's chief White House correspondent, reiterated during the briefing that 

"…anything that was just sent out about any incident at the White House is actually 

false" (Washington Post, 2013).   

 A wire statement issued later by the Associated Press explained that the midday 

tweet "…came after hackers made repeated attempts to steal the passwords of AP 

journalists." A group called the Syrian Electronic Army then claimed credit for the hack 
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as reported by NBC News.  Social media accounts associated with the CBS News 

programs "60 Minutes" and "48 Hours" were then compromised on the following 

Saturday (USA Today, 2013). The same group, known for its pro-Assad politics, also 

took credit for the attacks, as well as earlier attacks on the Twitter accounts of the 

National Public Radio and the British Broadcasting Company.  While the stocks 

eventually came back to their pre-tweet values and the Twitter accounts were controlled 

again by their rightful owners, the damage had been done and a new national security 

threat was born (Washington Post, 2013).  

1.2.2  The Boston Bombing 
A similar instance of a rumor being spread over Twitter happened shortly after the 

2013 Boston Bombing and during the hunt for those responsible.  In the aftermath of the 

bombing the FBI released photographs, Figure 2, of who they believed were responsible 

for the attack. In the pictures the FBI described them as Suspect 1 and Suspect 2, 

“Suspect 1 is wearing black hat. Suspect 2 is wearing a white hat” (FBI, 2013).  Soon 

afterwards a rumor began to circulate on Twitter and other social media sites about the 

identity of the alleged Boston Marathon bombers. The story began with speculation that a 

missing Brown student, Sunil Tripathi, was one of the Boston bombers (The Atlantic, 

2013).  This rumor was started after someone who went to high school with him said that 

she thought she recognized him in the surveillance photographs released by the FBI (The 

New York Times, 2013).   Shortly thereafter another person, Kevin Michael (Twitter 

handle @KallMeG), a cameraman for the Hartford, Connecticut CBS affiliate, tweeted, 

"BPD scanner has identified the names: Suspect 1: Mike Mulugeta Suspect 2: Sunil 



7 

 

Tripathi. #Boston #MIT" (The Atlantic, 2013). Other media people including Digg's Ross 

Newman, Politico's Dylan Byers, and Newsweek's Brian Ries also tweeted about the 

police scanner identification (Kang, 2013). Then, at 3:00 a.m. eastern, @YourAnonNews, 

the online activist group Anonymous’ Twitter feed, tweeted out, "Police on scanner 

identify the names of #BostonMarathon suspects in gunfight, Suspect 1: Mike Mulugeta. 

Suspect 2: Sunil Tripathi."  @YourAnonNews' tweet was retweeted more than 3,000 

times, spreading this rumor across the world in a matter of seconds. By this time, there 

was full-on frenzy as thousands upon thousands of tweets poured out, many celebrating 

new media's victory in trouncing old media and patting each other on the back for a job 

well done in identifying the suspects through crowd-sourcing. However, within a few 

hours NBC's Brian Williams had confirmed with his sources that two Chechnyan 

brothers were the primary suspects in the case, thereby putting an end to the late night 

rumors and focusing the world’s attention to these two previously unknown brothers (The 

Atlantic, 2013). 

 

 

 



8 

 

 
Figure 2 FBI released photos asking for information of these two men (FBI, 2013). 

 

 

 

1.2.3  An Emerging Need 
These two examples demonstrate not only just how quickly rumors can spread 

through Twitter and social media site but also the negative aspect in the propagation of 

rumors that can lead to other more serious consequences (Hill, 2012).  As that rumored 

information is spread, it can lead to false accusations of individuals who can have their 

reputation tarnished for life or in the case of the stock market, a loss of millions of 

dollars.  These may be extreme cases, but they are a vivid demonstration of how 

important it is to detect rumors as early as possible in order to stop their propagation and 

mitigate their impact.  The issue of detecting rumors and estimating their impact is of 
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great interest to police departments and federal security agencies who wish to use social 

media, but are reluctant to do so due to their limited ability to assess the credibility of the 

information that they gather. 

1.3 Overview of What Follows 
 

The remainder of this thesis is organized as follows.  Chapter 2 discusses the 

previous research that has been done regarding Twitter as a news source, how rumors and 

truths behave on Twitter and the spatiotemporal distribution of tweets after large-scale 

events.  That is then followed by the research question in Chapter 3 that fills in the gaps 

in the research already done.  Chapter 4 discuss the data and the methods used against 

that data in order to answer the research question.  This chapter will go into detail about 

how the data was collected and then queried in order to get the tweets needed for this 

research.   Following comes Chapters 5 and 6 where the results found will be dissected to 

determine what the results say and how they either answer the research question. 

Following those chapters comes the conclusion in Chapter 7 and the future of work will 

be discussed to see how the research can be improved upon. 



10 

 

2.  PRIOR WORK 

Prior work on the detection of rumors in social media and the analysis of their 

spatial spread can be grouped into four categories: (1) Twitter as a new and emerging 

news media outlet, (2) the credibility of information on Twitter, (3) the spatial 

propagation of Tweets and (4) the use of Twitter during major events/disasters.  

2.1  Twitter as a News Outlet 
No longer are people getting their news and information from only the 

mainstream media or newspapers, but rather from many different pathways (Nahon et al., 

2013).  Nowadays information can be disseminated to a huge amount of people by use of 

emails, text messages, and smartphone applications, all in real time (Zhang et al., 2013).  

Twitter, as a microblog sites, has become the place where people go to get their breaking 

news as well as a place where breaking news outlets get their news (Becker et al., 2011; 

Li et al., 2012; Weng et al., 2011; Zhang et al., 2013).  The trending topics section on 

Twitter has been compared to as the equivalent of headline news that would be used by 

the mainstream media (Kwak et al., 2010).  For many users, Twitter has become a 

primary source of news because of its real-time nature as posts are made as the events are 

happening and the reactions are live (Petrovic et al., 2013).   In a Pew Research Center 

study conducted in 2016, 62% of U.S. adults get news on social media, with 18% doing 

so often. This is an increase from a similar study in 2012 where only 49% of adults said 

the same.  Within this same study nearly 60% percent of Twitter users get their news 

from Twitter (Gottfried and Shearer, 2016).  Their research also indicates that though 
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Twitter has a smaller user base, 16% of U.S. adults, than platforms such as YouTube or 

Facebook, it has a larger portion of that user base going to Twitter to get their news.   

In some instances it has been shown that in a comparison between when news 

breaks on Twitter vs. traditional newswires, Twitter reported breaking news first (Kwak 

et al., 2010; Sakaki et al., 2010). Other studies show a different take on that idea by 

concluding that in limited cases, Twitter can be quicker to the debut reporting such as for 

sporting events and very localized matters, but for major events that there is no evidence 

that it can replace traditional newswire providers (Petrovic et al., 2013). This is because 

of the sheer volume of Tweets that are sent out and that most of the events that are 

reported on Twitter and not on newswire are time-sensitive and therefore would lose their 

value by the time traditional media reports on them. Twitter can report earlier on some of 

these events but they are general events that are localized and don’t garner national or 

widespread coverage (Kwak et al., 2010). 

Twitter and newswire streams also discuss similar topics, as found when the texts 

of both were compared.  The tweets were found to be on similar stories and headlines of 

related news articles, but that there was dissimilarity in the content of the full article.  

Twitter stories capture the main topics correctly, but when it comes to the details and 

content, they do not always align well with traditional newswire streams (Subasic and 

Berendt, 2011).   

Another difference that was found was in the temporal length of the news cycles 

and how long specific stories continued to be discussed. Twitter users tend to lose interest 

after about two days from an event while the traditional newswire sources will continue 
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the conversation even days after the event (Nahon et al., 2013).  Some research has also 

been done concerning the half-life of a tweet, or in other words the time at which the 

tweet has reached the peak rate of engagement and then declines exponentially.   

Researchers have found that on average after only 24 minutes the tweet has already 

reached its half-life and will continue to decline in engagement and spread throughout the 

Twittersphere (Rey, 2014).  This is further evidence showing not only the rapid 

dissemination of news on Twitter, but also that Twitter is more a news stream that is 

running in real time where stories come and go quickly (Nahon et al., 2013).   

Several newspapers and other news outlets are more frequently turning to Twitter 

not only to tweet out information, but also as a way to monitor conversations and report 

on what is being said.  More traditional media outlets (e.g., CNN, The New York Times) 

have begun to use and report on tweets as a way of breaking stories as well as showing 

the ongoing conversation.  Twitter accounts that are most likely to be used by these 

traditional outlets are those that are (1) popular, meaning they have a large amount of 

followers, and (2) have content that is relevant to the story and trustworthy (Zhang et al., 

2013).  

In the realm of emergency and crisis management there is a push to use social 

media as a way to gain information that otherwise might be lost (Palen & Liu, 2007; 

Palen et al., 2010; Qu et al., 2011), collaborate in decision making (Heverin & Zach, 

2012), and to use the power of crowdsourcing to help in response efforts (Starbird & 

Palen, 2011). 
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2.2  Credibility on Twitter 
When a crisis event happens in the real world, there is now a secondary event that 

takes place in the world of social media (Starbird et al., 2014).  Information is shared and 

gathered, and people both at the site of the event and around the world join in the 

conversation.  This has made social media an integral part of a crisis event with people at 

the location of the crisis turning to social media to seek information (Antoniou & 

Ciaramicoli, 2014; Starbird et al., 2014; Palen & Liu, 2007).  Additionally, the 

information on social media can be used by emergency responders to locate the areas that 

will need the most attention and where they should focus their attention (Latonero & 

Shklovski, 2011; Hughes & Palen, 2012).  It has been found that the propagation of 

tweets within the realm of Twitter networks showed that rumors differ from tweets that 

corresponded to facts.  This is because rumors were more questioned by the Twitter 

community (Mendoza et al., 2010).  It has also been observed that the vocabulary that is 

used in the aftermath of a disaster has a very low variance. This suggests that users are 

sending out tweets about common/global topics which make the network more orderly as 

it responds (Mendoza et al., 2010).  

In addition to the spread of rumors on social media, there is also a process of self-

correction of tweets by Twitter users to identify and correct the rumors (Mendoza et al., 

2010; Starbird et al., 2014).  Correction on Twitter takes place by users no longer 

retweeting or forwarding that information among their followers or by tweeting that the 

info is false.  When a tweet is retweeted (RT @username), it is shared with those that 

follow the user that retweeted it. The more retweets, the more visibility the tweets gains 

as it spreads amongst users.  During a major event, retweets make up a large percentage 
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of the total amount of tweets that are sent out with 50% of retweets occurring in the first 

hour after an event, and then 75% by the end of day one (Kwak et al., 2010). 

Correction on Twitter also can occur when the rate of retweeting reduces, thereby 

spreading to less and less users. If the information is not being retweeted, there is less 

visibility and therefore its spread slows.  There is also correction in Twitter when users 

question the rumors which thereby stop the fast paced spread of the rumored information.  

Rumor and correction seem to have similar patterns of rising and falling in popularity, 

but they exhibit different magnitudes and there is some time of lag between the beginning 

of the rumor and the time of correction (Mendoza et al., 2010; Starbird et al., 2014).  This 

suggests that the spread of rumors and correction happen near to each other but there is a 

difference in the number of tweets with the rumors having a much higher prevalence. 

Some rumors can spread at such low levels that correction never reaches significance 

(Starbird et al., 2014).   

2.3  Spatial Propagation of Tweets 
Social media has been a growing source of timely news dissemination, but it is 

also being used as a means to gather information spatially.  When users send out tweets, 

they often are talking about a specific geographic area which can help those monitoring 

social media to know where the event is taking place. 

This information that is being sent out is not explicitly geographic in nature but 

rather contains geographic information that needs to be harvested and processed (Cheng 

et al., 2010). This type of geographic information is referred to as Ambient Geographic 

Information (AGI) (Stefanidis et al., 2012) and is different from the more traditional VGI 
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(volunteered geographic information) (Goodchild, 2007; Fritz et al., 2009; Goodchild and 

Glennon 2010).  VGI is considered a crowdsourcing concept in that it invites users to 

provide information on what they are experiencing and then ties that to their precise 

location. For example, a popular mobile app today, Waze (Waze, 2017), asks users to 

give information about driving conditions. As users report incidents such as ice on the 

road or a police trap ahead, Waze can then alert other drivers of the upcoming event.  

This VGI crowdsourcing of information differs from the AGI view of the crowd-

harvesting of the geographic data (Crooks et al., 2013). Twitter data for the most part is 

considered AGI rather than VGI because tweets do not always have geographic 

information and users often are not intentionally and purposely providing geographic 

information. 

When a  Twitter user decides to provide their location, they can do so by either 

directly giving the information directly or the user’s IP address can be used to geolocate 

them (Eriksson et al., 2010; PARC, 2011; Poese et al., 2011).  Such AGI data can come 

in three different forms namely (1) the user’s specified location from their profile 

information data, (2) more precise coordinate data derived from the GPS location of the 

device used or (3) a descriptive place name such as a state or city name (Crooks et al., 

2013; Cheng and Wicks, 2014). 

Several studies have been done in order to explore the spatial propagation of 

Twitter information.  Crooks et al., (2013) looked at the spread of Twitter users 

mentioning an earthquake after the 2011 quake on the East Coast of the United States. 

They found that only minutes after the earthquake there were close to 100,000 geolocated 
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tweets from people who felt the earthquake.  This was found to be comparable to the 

USGS map of “Did You Feel It?” that asks users whether or not they felt the earthquake 

(Atkinson and Wald, 2007).  They also observed that over time the amount of tweets 

mentioning an earthquake spread out quickly as well as shifted from a report of an 

earthquake to a report about news of an earthquake (Crooks et al., 2013).  In addition, it 

was also found that as time progressed that the spread of tweets spread out from a “geo-

social epicenter” (Crooks et al., 2013).   

Additionally this idea of the spatiotemporal dissemination of tweets is addressed 

in research dissecting the tweets surrounding Hurricane Sandy in 2012 (Shelton et al., 

2014).  They found that large metropolitan areas such as New York City are not entirely 

united on what the tweets are about regarding the hurricane as people have different 

experiences during the event, even if they are in the same general area as other Twitter 

users.  Also seen in their dataset was that a number of places that experienced significant 

damage were also major producers of hurricane related tweets while on the other hand 

some of the worst damage had very little Twitter activity (Shelton et al., 2014).  This idea 

of hardest hit areas not having a lot of Twitter activity led the researchers to surmise that 

users in these areas had power outages or other more pressing matters that took 

precedence over sending out tweets.  Shelton et al. finally describe the need to look at 

various scales of the Twitter data in order to observe tweets that may be locally specific 

and how the use of Twitter data in the immediate aftermath of a disaster can be 

inappropriate because of the complexities that may exist (Shelton et al., 2014). 
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2.4  Twitter Use after Major Events 
Petrovic et al. (2013) delved further into the concept of the newsworthiness of 

Twitter in order to check whether Twitter could replace the traditional newswire for 

breaking news.  Petrovic et al. gathered and monitored the tweets and news stories over a 

77 day period to see whether Twitter reported on events first, or if the events were first 

seen in the traditional news venues such as newspapers and 24 hour news television 

stations.  The research objective was to answer questions such as, whether the newswire 

and Twitter cover different events, which one will report news faster, or what types of 

events does Twitter report first vs what events do newswires report first.   

Their answer to the first question was that while Twitter covers most of the same 

stories as newswire the reverse is not the same. This is probably because of the sheer 

volume of Tweets that are sent out, and that most of the events that are reported on 

Twitter and not on newswire are time-sensitive and therefore would lose their value by 

the time traditional media reports on them. When news events are reported on both 

newswire and Twitter they found that there is no evidence that one reports on an event 

sooner than the other would. Twitter can report earlier on some of these events but they 

are general events that are very localized and don’t garner national or widespread 

coverage (Petrovic et al., 2013).  

Another question relates to whether there is a spatiotemporal aspect to the spread 

of such rumors.  Several papers have already looked at event detection in geospatial data, 

which can be applied to rumor detection (Qu et al., 2011, Mendoza et al., 2010).  A 

research team (Qu et al., 2011) has used Twitter to monitor who was able to feel an 

earthquake around China by geolocating tweets with topics of the earthquake.  Another 
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team used social media to monitor Haiti after the earthquake there to see what areas were 

the most heavily hit and where the most help was needed (Oh et al., 2010).   None of 

these studies, however, looked at the spatiotemporal spread of truths and rumors on 

Twitter after large events, which is the topic of this research effort. 
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3.  RESEARCH OBJECTIVE 

This study aims to investigate whether there is a difference between rumor tweets 

and true tweets and how they spread spatially over time.  Tweets will be gathered, sorted, 

mapped and then analyzed to see if patterns can be found to distinguish between truth and 

rumor on Twitter by looking at their respective spatial propagations.  

Previous studies have shown that there is a marked difference between how rumor 

tweets and true tweets spread within the Twitter community, but there is a lack of studies 

that focus on the spatial propagation of these two different kinds of tweets.  Rumors on 

Twitter follow a general pattern of a very fast spread through the network before self-

correction occurs and the spread of the rumor will slow considerably.  Truths on the other 

hand usually follow a more slow spread pattern with slow growth but a more sustained 

propagation though the network (Gupta et al., 2013, Mendoza et al., 2010).  

If a spatial propagation pattern is found to be different between truths and rumors 

on Twitter, it would be beneficial for the community at large in helping to determine 

what tweets are true and which ones are not.  The ability to find fake news and quickly 

debunk it or stop its spread is of keen interest to news organizations and social media 

sites.  Such organizations feel the need to stop the spread of misinformation on their sites 

as it could lead to loss of credibility as a trusted source for news as well as some talk of 

complicity in cases where they do not do enough to stop the rumored news from 

spreading on their site.  If there is indeed a difference between the spatiotemporal 

propagation of true and rumor information on Twitter, this research could potentially help 
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in the early detection and eventually finding of stories that are true and those that are 

rumors.  

 

 



21 

 

4.  DATA 

4.1  Data Collection 
The data for this project was collected using the Twitter streaming API following 

the Boston Bombing event using the Geosocial Gauge at George Mason University’s 

Center for Geospatial Intelligence (Croitoru et al., 2013; Stefanidis et al., 2013). 

Collection of the tweets started one hour after the first bomb exploded at the finish line of 

the Boston Marathon, occurring at 18:49:43 UTC.  The very first tweet in the dataset is 

shown below as Figure 3. 

 

 

 

 
Figure 3 The first tweet in the collection with its metadata minus geolocation. 

 

 

 

The tweets were gathered for 24 hours and a total of 3,830,041 tweets make up the 

Boston Bombing 24 hour dataset.  Within this dataset there are 18,015 (0.4%) tweets that 

have precise geolocation, and another 1,997,818 (52.1%) with geolocation determined by 

information provided by the user.  This dataset was stored in a MongoDB database and 

was accessed using MongoChef, an IDE for MongoDB (MongoDB, 2016; MongoChef, 

2016). Only the tweets that had some sort of geolocation data associated with them, as 
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seen in Figure 4, were used further in this study because the spatiotemporal aspect of how 

rumors and truths spread is the main focus of the research. 

 

 

 

 
Figure 4 A tweet that is geolocated to the user's precise coordinates. 

 

 

 

4.2  Data Preparation 
Once the data was in an appropriate database, they were queried in order to find 

the tweets that could be classified as either a truth or a rumor so that they could be 

compared against each other to see any noticeable differences in how they spread 

spatially. 

 Gupta et al (2013), identified in their work a list of the most commonly retweeted 

tweets in their own Boston Bombing dataset.  They then classified each tweet as either 

rumor, true or N/A (N/A tweets are those that are not fact dependent such as 

“#PrayForBoston” or “#BostonStrong”).  These classified tweets by Gupta et al. were 

used to identify the most common rumors in the 24 Hour Boston Bombing dataset 

provided by GMU.  It should be noted that the Gupta et al. dataset of Boston Bombing 

tweets was collected over 200 hours after the bombing took place, allowing them to 



23 

 

gather far more tweets including truths and rumors surrounding the suspects, police 

chase, and manhunt. These topics are not part of the dataset that was made available for 

this research because they fall outside of the 24 hour collection window.  The top tweets 

from the Gupta et al. dataset are shown below in Table 1. 

 

 

 
Table 1 Gupta et al.'s top tweets of the Boston Bombing (Gupta et al. 2013). 

 
 

 

 

Using the table provided by Gupta et al. (2013) as a guide, the 24 hour Boston 

Bombing dataset was queried in order to find tweets that fit three main criteria, (1) the 

tweet needed to be categorized as either a truth or a rumor, (2) the tweet needed to be 
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retweeted several hundred or thousands of times in order to collect a large amount of data 

for analysis and (3) the tweet needed to have geolocation data as part of its metadata.  

After filtering the dataset, ten different tweets were identified as candidates for further 

investigation.  There are some similarities between these ten tweet groups and the tweets 

identified by Gupta et al. (2013), and these should be seen as a subset of the full Boston 

Bombing dataset that they used.  Similar tweets identified in both tables include; tweets 

about the death of an 8 year-old girl, tweets asking for RTs in exchange for a $1 

donation, reports of runners donating blood after the marathon, doctors describing 

injuries, and the tweets about the death of an 8 year-old boy.  Each tweet group is listed 

in Table 2 below. 

It should be noted that even though Gupta et al.’s (2013) work is heavily cited and 

used in this research, there is a key difference between what was done in their research 

and what is researched here.  Their work dealt with observing how truths and rumors 

within the Twitter network spread and did not do any research into the spatial spread of 

those tweets over time. Gupta et al. (2013) looked at the network of users and their 

followers and how that affected the spread of rumors and truths through the 

Twittersphere. This research differs from the Gupta work because it works and testes 

against only tweets that are geolocated and does not look at how tweets spread within the 

network. 
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Table 2 The Ten Tweet Groups. 

RTs Tweet Text Category Label 1st Tweet 

Time (UTC) 

8,673 @NBCSN: Reports of Marathon Runners that 

crossed finish line and continued to run to 

Mass General Hospital to give blood to 

victims  

Rumor Blood 04-15-2013 

20:58:37 

335 @AP: Cellphone service shut down in Boston 

to prevent remote detonation of explosives, 

official says: 

Rumor Cell 04-15-2013 

20:59:17 

4,599 @fenvirantiviral: Doctors: bombs contained 

pellets, shrapnel and nails that hit victims 

#BostonMarathon @NBC6 

Truth Doctors 04-16-2013 

14:16:56 

6,199 @BostonMarathons: For each RT this gets, $1 

will be donated to the victims of the Boston 

Marathon Explosions. #DonateToBoston 

Rumor Dollar RT 04-15-2013 

20:31:11 

695 @BostonGlobe: BREAKING NEWS: Source: 

Investigators found circuit board believed used 

to trigger marathon bombs. via 

@shelleymurph 

Truth Globe 04-16-2013 

18:49:05 

949 @AP: BREAKING: Intelligence official: 2 

more explosive devices found at Boston 

Marathon; being dismantled 

Rumor More 

Bombs 

04-15-2013 

20:19:56 

520 @AP: BREAKING: Person briefed on probe: 

Boston explosives made of pressure cookers 

with metal, ball bearings –MM 

Truth Pressure 04-16-2013 

16:04:20 

6,386 @HopeForBoston: R.I.P. to the 8 year-old boy 

who died in Boston’s explosions, while 

running for the Sandy Hook kids. 

#prayforboston 

Rumor Sandy Boy 04-16-2013 

00:19:05 

22,313 @HopeForBoston: R.I.P. to the 8 year-old girl 

who died in Boston’s explosions, while 

running for the Sandy Hook kids. 

#prayforboston 

Rumor Sandy Girl 04-15-2013 

23:41:57 

1,975 @911BUFF: BOSTON: POLICE AND FBI 

URGING ANYONE WITH VIDEO OF THE 

FINISH LINE AT THE TIME OF THE 

EXPLOSION SHOULD PLEASE COME 

FORWARD 

Truth Video 04-15-2013 

20:43:01 
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One takeaway from this group of tweets is the difference in the number of RTs of 

rumors versus truths.  Rumors have a much quicker spread rate on Twitter and therefore 

have the higher number of retweets, while truths have a much slower rate of spreading 

(Gupta et al., 2013).  Another takeaway is to note that rumors are not always spread by 

people with malicious intent but can also be spread by news organizations like the 

Associate Press and others who tweet out misinformation only because they were given 

the wrong evidence and they tweeted it out before it was fact-checked.  

These ten tweets were then put into time series graphs.  These graphs were used to 

highlight how the tweets spread over time and help to illustrate how rumors and truths 

behave in order to give an impression on what the timeline for each tweet looks like.  A 

five minute running average was used to smooth out the data and better show the trend 

line.  These graphs show a wide variance in how each tweet propagated over time and are 

shown below (Figure 5-Figure 14). 
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Figure 5 Timeline of tweets in the Blood group. 

 

 

 

 
Figure 6 Timeline of tweets in the Cell group. 
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Figure 7 Timeline of tweets in the Doctors group. 

 

 

 

 
Figure 8 Timeline of tweets in the Dollar RT group. 
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Figure 9 Timeline of tweets in the Globe group. 

 

 

 

 
Figure 10 Timeline of tweets in the More Bombs group. 
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Figure 11 Timeline of tweets in the Pressure group. 

 

 

 

 
Figure 12 Timeline of tweets in the Sandy Boy group. 
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Figure 13 Timeline of tweets in the Sandy Girl group. 

 

 

 

 

 
Figure 14 Timeline of tweets in the Video group. 
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4.3  Mapping the Tweets 
After the ten tweet groups were identified and put into time series graphs they 

were mapped based upon their latitude and longitude data provided by the data collection 

system (Geosocial Gauge), which is given either by precise geolocation or location based 

on the user’s profile (Croitoru et al., 2013; Stefanidis et al., 2013).  The data was 

uploaded to Carto, an online GIS program that allows for the user to edit maps on the fly 

and make dynamic maps quickly in order to identify pattern (Carto, 2017).  These maps 

can be shared with the public who can then interact with the map to gain more valuable 

insight.  Carto also gives users the ability to create maps that show differences over time 

and can be beneficial to answering spatiotemporal questions (Carto, 2017).  As well as 

torque maps, heat maps and cluster maps can also be viewed in order to more accurately 

spot variances in the data. 

After uploading the datasets, heat maps were created to determine if there were 

areas that were worth investigating further especially those that had a higher than usual 

concentration of tweets.  These heat maps represent areas of tweets and is calculated 

based on the kernel density function (Carto, 2017). 

These maps were then visually inspected for hot spots or patterns of the spatial 

spread of tweets.  What was instead found was similar to a population map of where 

people live across the globe.  This is caused by the fact that where population centers are, 

will also be places where there are users on Twitter sending out tweets.  Generally when 

broadly collecting Twitter data over time, the footprint of urban population areas appear 

and a general population map is produced.  Differences in how tweets spread that may be 

seen on smaller scales, are lost when the dataset is too large and the geolocation is not 
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precise.  The geolocation of tweets that use the user’s profile to determine where the user 

lives will group tweets together to the same point on the map, thereby losing diversity at 

city, state or even country levels.  For example, users that are geolocated to “Boston, 

MA” would have their tweets geolocated to the centroid of Boston, along with every 

other user who is also geolocated to that city.  This created a large number of tweets 

placed on same spots throughout the map, essentially losing a large chunk of important 

data contained in cities, especially within the metro of Boston itself.  If there exist any 

patterns of how the tweets spread spatiotemporally, it was not seen at the city level.  

Below are the heat maps for each of the ten tweets where the color scale for tweet density 

goes from very low (blue) to very high (red) (Figure 15-Figure 24).  Note that the color 

scale thresholds and values used to determine the scale are unique for each map of tweet 

group.  These maps cannot be directly used to compare across the other heat maps shown.  
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Figure 15 Heat map for the tweets in the Blood group. 

 

 
Figure 16 Heat map for the tweets in the Cell group. 
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Figure 17 Heat map for the tweets in the Doctors group. 

 

 
Figure 18 Heat map for the tweets in the Dollar RT group. 
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Figure 19 Heat map for the tweets in the Globe group. 

 

 
Figure 20 Heat map for the tweets in the More Bombs group. 
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Figure 21 Heat map for the tweets in the Pressure group. 

 

 
Figure 22 Heat map for the tweets in the Sandy Boy group. 

 



38 

 

 
Figure 23 Heat map for the tweets in the Sandy Girl group. 

 

 
Figure 24 Heat map for the tweets in the Video group. 
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5.  RESULTS 

With the tweets classified into 10 different tweet groups and then mapped to show 

their location, further work was completed in order to identify patterns and correlations 

between truths and rumors.  Four different approaches were used to help draw a 

conclusion. These four approaches seek to find different ways to see the data to try and 

glean any information about how they spread and if there were difference in their 

spatiotemporal distribution. The four tests used were (1) placing the tweets into 

time/distance graphs, (2) running the data through a logistic regression, (3) clustering the 

tweets based on the EM clustering method, and (4) running the tweets through Jaccard’s 

coefficient of similarity; all of these done in an attempt to find if rumors and truths on 

Twitter behave differently in the spatiotemporal realm.  

5.1 Time/Distance Graphs 
In the 2011 Virginia earthquake research by Crooks et al. (2013), tweets from 

users who reported feeling an earthquake were analyzed to see how those tweets spread 

spatiotemporally.  This was done by comparing the time of the tweet from the time of the 

earthquake and the distance of the epicenter to the tweet’s location.  Their resulting graph 

was the model used in this research to compare tweet groups in the Boston Bombing 

dataset to identify spatiotemporal patterns in how the tweets spread.  

In this study, the location of the first bomb’s detonation was used as the origin 

point where all distances would be calculated from.  Using the latitude and longitude of 

each tweet, the distance from Boston was determined using the Spherical Law of Cosines 
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formula shown below (Equation 1).  This calculates the distance (d) between two points 

on a sphere when their latitude (∅1, ∅2) and longitude (γ1, γ2) are known and the radius (r) 

of the Earth is considered to be approximately 6,371 km.  

 

 

  

Equation 1 The Spherical Law of Cosines 

𝑑 = arccos(sin ∅1 ∗ sin ∅2 + 𝑐𝑜𝑠∅1 ∗ 𝑐𝑜𝑠∅2 ∗ cos(∆𝛾)) ∗ 𝑟 
 

 

 

The graphs below illustrate how the tweets behave over time as well as help to 

identfy any patterns that result in being either closer or distant from bomb detonation.  

These graphs (Figure 25-Figure 34) place the tweets on an x/y plane where the y-axis 

represents the time in seconds since the first tweet of each group, and the x-axis 

represents the distance (in km) from the event the tweets are mentioning. 
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Figure 25 Spatiotemporal graph for the Blood group. 

 

 
Figure 26 Spatiotemporal graph for the Cell group. 
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Figure 27 Spatiotemporal graph for the Doctors group. 

 

+  
Figure 28 Spatiotemporal graph for the Dollar RT group. 
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Figure 29 Spatiotemporal graph for the Globe group. 

 

 
Figure 30 Spatiotemporal graph for the More Bombs group. 
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Figure 31 Spatiotemporal graph for the Pressure group. 

 

 
Figure 32 Spatiotemporal graph for the Sandy Boy group. 
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Figure 33 Spatiotemporal graph for the Sandy Girl group. 

 

 
Figure 34 Spatiotemporal graph for the Video group. 
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5.2  Logistic Regression 
The second method then used was the Logistic Regression model (Cox, 1958).  

This is a statistical regression model where the dependent variable is categorical and is 

considered multidimensional.  In this instance, that dependent variable is the tweet type 

(rumor/truth) while the independent variables are the time since the first tweet and the 

distance from Boston.  The Logistic model uses these independent variables to estimate 

the probability of whether each tweet is either a truth or a rumor. It then will take the 

correct classification and test to see how well it classified the data on its own. It will 

predict which of the independent variables (distance/time) is the best indicator of whether 

a tweet is a truth or a rumor, if either is a good indicator. 

Before the test was run, a decision was made to limit the temporal time of each 

tweet to only the first ten minutes with the hopes that they would then show a clear 

spatiotemporal spread from Boston across the country and the world.  This is similar to 

what was done in the study by Crooks et al. (2013), where only the first few hundred 

seconds of tweets were mapped in order to get the true spatiotemporal spread of the 

tweets.  Without doing this, the graphs quickly loss all spatiotemporal spread because of 

the tweets reaching population centers and becoming similar to maps showing 

populations across the globe. Since the spreading of tweets from a center would be best 

seen in the few minutes after the first tweet, the rest of the tweets outside of the ten 

minute window were removed.  Doing so also removed the Dollar RT group of tweets 

from further consideration because of the very low retweeting rate in the first ten minutes 

of its lifespan.  Left were then nine tweets, five rumors and four truths. 
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After this was completed, the nine tweets were placed into a dataset where they 

were placed into just two categories, truth or rumor.  Next each group was randomized 

and the first 500 tweets from each were selected and put into a final dataset for 

classification.  In the end the dataset contained 500 rumors and 500 truths, from all nine 

tweet groups and all under the ten minute mark.   

 The tweets were then loaded into WEKA, a data mining program, that can 

classify the data to be used in analysis (University of Waikato, 2016).  Below is a graphic 

illustrating the time/distance graph from the selected randomized tweets (Figure 35). 

 

 

 

 
Figure 35 A time distance graph of 1000 randomized tweets, 500 of each type. 
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After loading the tweets into WEKA, the logistic regression model was 

completed. This model gives as its results four main sections of data. The first two 

sections give information about the variable coefficients and the odds ratio.  The variable 

coefficients are the weights that are applied to each attribute before combining them 

together in the logistic regression equation. The larger the coefficient the more sway it 

has in the logistic regression equation.  The logistic regression model equation is shown 

below (Equation 2) where 𝑝 is the probability, 𝛽0 is the intercept, and 𝛽1𝑥1 is the 

regression coefficient multiplied by some value of the predictor. 

 

 

 

Equation 2 The logistic regression model. 

𝑙𝑜𝑔𝑖𝑡 (
𝑝

1 − 𝑝
) = 𝛽0 ∗ 𝛽1𝑥1 +…+ 𝛽𝑘𝑥𝑘 

 

 

 

The second part produced is the odds ratio section.  These values indicate how 

much of an influence a change in that value will have on the final prediction.  It 

represents how the odd changes with a 1 unit increase in that variable when all other 

variables remain constant.  To put it simply, it is the exponential of the weight of the 

coefficient found.  Below in Figure 36, the WEKA output indicates that neither seconds 

nor distance has any statistically significant coefficients or odds ratios. 
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Figure 36 Part of the WEKA output file for Logistic Regression. 

 

 

 

After these two calculations, the last parts of the Logistic model are the summary 

table and confusion matrix.  The summary table lists basic information that gives the 

researcher the necessary knowledge of whether or not the logistic regression found 

anything significant.  It also gives a brief summation of what happened during the test 

and how it went.  Using 66% of the random tweets as the training data, it then had about 

a 50/50 chance on classifying tweets to either rumor or truth correctly.  Of the 340 tweets 

that were left, only 165 were correctly classified.  This is also reinforced by the confusion 

matrix shown below the summary.  It gives the counts of what truths and rumors were 

classified either correctly or incorrectly by putting the information into a 2x2 matrix. The 

confusion matrix shows that 120 truths were correctly identified as truths; while an 

additional 45 rumor tweets were correctly classified as rumors.  The remaining 175 

tweets of the test dataset were incorrectly identified and give the 51% incorrectly 
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identified tweets found in the summary table (Figure 37).  In the graph below, the 

resulting plot is shown indicating how well the model did after working through the 

training set. The tweets that were left over were then plotted and the graph shows which 

were correctly and incorrectly identified (Figure 38). 

 

 

 

 
Figure 37 The summary table and confusion matrix from WEKA. 
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Figure 38 Plot showing whether each tweet was correctly or incorrectly identified. 

 

 

 

5.3  Clustering 
After the time series graphs were created and the logistic regression was run, it 

was time to identify clusters that exist in each of the tweet topics to see if patterns 

existed.  The tweets were again loaded into WEKA and put through a clustering method 

called the Simple Expectation-Maximization (EM) method (Dempster et al., 1977; Block, 

2007).  This method iterates itself in order to find the maximum likelihood of each point 

belonging to each cluster.  This iteration algorithm alternates between the expectation (E) 

step and the maximization (M) step and then re-iterates through them until it finds 

convergence in the values of probabilities.   The E step is the expected value of the log 

likelihood function with respect to the conditional distribution of missing values (Z) 
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given observed data points (X) under the current estimate of the unknown parameters (𝜃) 

and is shown in Equation 3. 

 

 

 

Equation 3 Expectation Step. 

𝑄(𝜃|𝜃𝑡) = 𝐸𝑍|𝑋,𝜃𝑡[𝑙𝑜𝑔𝐿(𝜃; 𝑋, 𝑍)] 

 

 

 

The M step seeks to find the parameter that maximizes this quantity and is shown 

below in Equation 4. 

 

 

 

Equation 4 Maximization step 

𝜃𝑡+1 = 𝑎𝑟𝑔𝑚𝑎𝑥𝜃𝑄(𝜃|𝜃
𝑡) 

 

 

 

EM can decide how many clusters to create or that can be pre-defined by the user.  

In this case it was decided to let the EM clustering method determine the number of 

clusters itself as shown in Table 3 below.   
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Table 3 Each tweet group and the number of clusters. 

Tweet Group Number of Clusters 

Blood R1 5 

Cell R2 5 

Doctors T1 5 

Globe T2 4 

More R3 10 

Pressure T3 5 

Sandy Boy R5 4 

Sandy Girl R4 5 

Video T4 3 

 

 

 

Each tweet was run through the EM classifying algorithm on WEKA where each 

tweet data point was given a cluster ID. The tweets were then graphed back to the 

original spatiotemporal graphs as before, this time with the y-axis being only the first 600 

seconds (ten minutes) as well as coloring to indicate which cluster they were assigned to.  

The cluster number identifies are in order of distance from the origin meaning that 

Cluster0 for one tweet group is in the similar spot as Cluster0 is for another group.   

Below are the nine tweet groups graphed like before where the y-axis is the time the 

tweet was sent out since the first tweet of the group within the first ten minutes, while the 

x-axis is the tweet’s distance from the bomb blast in Boston.  Each tweet is colored by its 

EM cluster assignment for both the map of the tweets and the time/distance graph (Figure 

39-Figure 47). 
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Figure 39 EM cluster assignments and map for tweets in the Blood group. 
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Figure 40 EM cluster assignments and map for tweets in the Cell group. 
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Figure 41 EM cluster assignments and map for tweets in the Doctors group. 
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Figure 42 EM cluster assignments and map for tweets in the Globe group. 
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Figure 43 EM cluster assignments and map for tweets in the More Bombs group. 
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Figure 44 EM cluster assignments and map for tweets in the Pressure group. 
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Figure 45 EM cluster assignments and map for tweets in the Sandy Boy group. 
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Figure 46 EM cluster assignments and map for tweets in the Sandy Girl group. 
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Figure 47 EM cluster assignments and map for tweets in the Video group. 
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5.4  Jaccard Coefficient 
The last test that was run on the data was a continuation of the previous step of 

creating clusters within each tweet group.  These clusters were then each placed into 

ESRI’s ArcMap program and mapped by cluster (ArcGIS, 2017).  For each cluster, the 

buffer tool was used in order to create a space around each tweet to be used in comparing 

the areas of the clusters.  The buffer was set to 100 km in order to get a good area for 

each tweet and to later have overlap with other tweets in other clusters.  After a buffer 

was made for each tweet within each cluster, the intersection tool was used.  Each cluster 

was paired up with every other cluster in the dataset and the area of overlap between 

clusters was noted.  With 46 clusters, there were 2,070 cluster pairs to calculate and place 

into a distance matrix.  This was made easier by using ArcMap’s Model Builder, which 

can help to automate the workflow, shown in the figure below (Figure 48).  Each cluster 

was assigned to every other cluster in the dataset and their resulting intersection shape 

file was added to the map with a unique identifier for easier and faster recall.  An 

example map (Figure 49) showing the intersection of two clusters follows the model.  

R12 refers to the Blood tweet group (R1) Cluster2, while R33 indicates More Bombs 

(R3) Cluster3.  After the intersection of both of these layers was run, a new shapefile was 

created (R12R33) and mapped.  This maps help to understand exactly where the clusters 

overlap and how similar they are to each other. 
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Figure 48 A part of the model used to help automate the clustering assignments. 
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Figure 49 A representation of the intersection of two clusters. 

 

 

 

Once they were placed into a distance matrix, the Jaccard coefficient was 

calculated for each instance as shown in the table below (Table 4). The Jaccard 

coefficient is a statistic used for comparing the similarity and diversity of sets (Jaccard, 

1912).  In this research, the coefficient is comparing the similarity between clusters to 

find the overlap.  It is calculated using the size of the intersection of the set divided by the 

union of the set.  Below is the complete Jaccard coefficient table (Table 4) of all possible 

cluster pairs colored by the value of their similarity.  In the equation below (Equation 5)  

𝐴 and 𝐵 represent tweet clusters, where |𝐴 ∩ 𝐵| represents the area shared by both 
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clusters (intersection), divided by the size of the union of the clusters or the area covered 

by 𝐴 and 𝐵 but not where they overlap.  Figure 50 is an illustration of the Jaccard 

coefficient (Kulla, 2015). 

 

 

 
Equation 5 The Jaccard Coefficient. 

𝐽(𝐴, 𝐵) =
|𝐴 ∩ 𝐵|

|𝐴| + |𝐵| − |𝐴 ∩ 𝐵|
 

 

 

 

 

 
Figure 50 The intersection of sets A and B (Kulla, 2015). 
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Table 4 The Jaccard Coefficient calculated for each cluster pair, 2 parts. 
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With the distance matrix created, one last calculation was needed in order to more 

fully see the patterns that existed within the calculated Jaccard coefficients. Hierarchical 

clustering was used to see where cluster pairs are the most similar to each other, which 

can be visualized by a dendrogram (Everitt, 1998).   Hierarchical clustering seeks to build 

a hierarchy of clusters and links those that are similar together.  In this example, this 

method will link together clusters that have similar coefficient values. The method used 

in order to determine clusters was the average link method and is shown below (Equation 

6). This method clusters for all points i and j where |u| and |v| are the cardinalities of u 

and v respectively (Scipy, 2017).  Figure 51 gives an illustrative example of how the 

average link clustering method works. 

 

 

 

Equation 6 Average link method for hierarchical clustering. 

𝑑(𝑢, 𝑣) = ∑
𝑑(𝑢[𝑖], 𝑣[𝑗])

(|𝑢| ∗ |𝑣|)
𝑖𝑗
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Figure 51 A diagram showing the average link method of clustering (Züfle, 2016). 

 

 

 

After the dendrogram was created, the program then created a similarity matrix to 

show where the clusters are and how they group together.  The matrix represented in 

Figure 52 shows from dark blue to dark red the Jaccard coefficient for each cluster from 

low to high and where they are in relation to the dendrogram of clusters.  The 

dendrogram is labeled to show which clusters are similar to each other by which ones are 

linked in the same “branch” of the tree.  The height at which two clusters are merged in 

the dendrogram reflects their relative distance. Following the dendrogram is the 

inconsistency table (Table 5) listing each link of the hierarchical cluster tree.  The 

inconsistency coefficient characterizes each link in a cluster tree by comparing its height 

with the average height of the other links at the same level of the hierarchy. The higher 

the value of this coefficient, the less similar the objects connected by the link (Jain and 

Dubes, 1988; MathWorks, 2017; Mullner, 2011; Zahn, 1971).  
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Figure 52 The dendrogram and similarity matrix identifying clusters. 
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Table 5 Inconsistency Table 

Mean Height of 

Links 

Standard 

Deviation of 

Links 

Number of 

Links 

Inconsistency 

Coefficient 

0.1219 0 1 0 

0.1417 0.0265 2 0.7071 

0.1613 0.0403 3 1.0219 

0.1980 0.0366 3 0.9342 

0.2946 0 1 0 

0.2683 0.0634 4 1.1933 

0.3669 0 1 0 

0.3820 0 1 0 

0.3232 0.0802 4 1.2324 

0.4049 0.0544 3 0.8041 

0.4207 0 1 0 

0.4273 0.0854 2 0.7071 

0.4898 0 1 0 

0.5123 0 1 0 

0.4527 0.0676 3 0.9480 

0.4629 0.0496 3 1.1125 

0.5372 0 1 0 

0.4774 0.0715 5 1.1060 

0.5557 0.0260 2 0.7071 

0.5189 0.0824 2 0.7071 

0.5450 0.0397 6 1.3249 

0.5604 0.0679 2 0.7071 

0.5537 0.0837 3 0.8298 

0.6332 0 1 0 

0.5668 0.1089 2 0.7071 

0.5881 0.0844 5 1.1606 

0.6311 0.0582 3 1.0607 

0.5543 0.1277 3 1.1111 

0.6317 0.0735 6 1.5551 

0.6707 0.0682 5 1.6304 

0.6731 0.1447 3 0.9102 

0.7334 0.0902 4 1.0967 

0.7923 0.0903 3 0.9231 

0.9079 0 1 0 

0.9157 0 1 0 

0.7788 0.1285 6 1.3756 

0.8729 0.0825 4 1.1684 

0.9313 0.0794 4 1.0637 

1.0218 0.0556 3 1.0490 

1.0273 0.0823 4 0.8537 

1.0752 0.1203 4 1.0985 

1.1857 0.0795 3 0.8352 

1.2513 0.0433 3 0.9894 

1.0996 0.2817 6 1.3274 
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6.  DISCUSSION 

With the work completed and the results gathered, the time came to try and 

understand what the data was showing.  Was there a difference in how rumors spread 

versus truths on Twitter?  Which of the above methods did the best job in answering this 

question and what ultimately was learned from this process? 

6.1  Time/Distance Graphs 
Figure 25-Figure 34 give an initial first impression of what the data will look like 

and gave an indication of how the data spread over time as seen in the time/distance 

graphs shown in Section 5.1.  There are several of these graphs that show clear indication 

of clustering in both place and time.  One of the major clusters that can be easily seen are 

those tweets that have clusters near the 5,000 km mark and 400 minutes since the first 

tweet.  These tweets when placed on a map (Figure 15-Figure 24) indicate that they are 

western Europeans who are retweeting the news that they are reading from the United 

States.  It is also interesting to observe the vertical lines in most all of the graphs.  These 

indicated population centers around the world that are retweeting the information 

throughout the time the tweets were collected.  Those tweets that are furthest away are 

those being retweeted in Australia and Eastern Asia.  

It was also interesting that these time/distance graphs show very little self-

correcting in these tweet groups.  Within each group there are a few tweets that are in-

fact users trying to stop the spread of the rumors, but they are a vast minority when 

compared to the other users who spread the information without verification.  This was in 
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direct contrast to what Gupta et al. (2013) found when they saw a self-correction trend 

appear in their rumor groups.  One possibility why there is little correction found is 

because of the length of time these tweet groups were collected. Only 24 hours of Twitter 

data was collected, with some tweet groups only having collection of a few hours as seen 

by the graph for Dollar RT (Figure 8) where the cutoff of the data collection stopped any 

further tweets being gathered.  The self-correction seen by Gupta et al. (2013) was most 

likely seen later in the lifetime of the tweet that fell outside of this dataset’s collection.    

Other graphs that were found to be interesting include those that have a delayed 

response in retweets.  This is especially the case with the Dollar RT tweet in Figure 28. 

This was first sent out, but did not spread very well at first.  Only after a few hours did it 

suddenly spike in popularity and spread globally very quickly.  As said before, because of 

this slowed response, it was not an ideal candidate to move forward with because of this 

strange behavior.   

One last tweet that was noteworthy was the tweet concerning the truth that the 

doctors at the hospital reported the bombs contained pellets and other small shrapnel 

shown in Figure 27. This tweet behaved differently than any other tweet in our dataset 

and this oddity was originally seen during the mapping of the tweets.  This map was the 

most different in that the spread of the tweets over the world seemed to only be in the 

centroid areas of the country or states.  This indicates that the user only specified a state 

or country in their bio.  Additionally, the tweets spread temporally in waves.  This can be 

seen in the graph where there are clear horizontal lines crossing with vertical lines, 

indicating high amount of tweets all at once in the same areas.  These two behaviors 
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indicate the possibility that these are being retweeted by bots or fake users on Twitter.  

These bots are programmed to retweet in order for that tweet to have higher visibility 

because of the higher number of retweets.  This potential bot behavior was noted in the 

final results but no further actions were taken. 

Lastly it should be noted that the distance derived from the tweets is based on 

their geolocation. This geolocation was taken both from precise coordinates as well as 

from the user’s stated profile location. Because the vast majority of geolocation came 

from the profile location, there can be problems with inferring where the tweets are 

located because of the generalization that occurs with this location data.  There could be 

thousands of users tweeting from near the bomb blast site, but because their location data 

puts them in “Boston, MA” or even tourists from out of the city, they would be 

geolocated to their city’s/state’s centroid, further away from the site where they actually 

are tweeting.  This idea loses some of the spatial information that would be beneficial in 

drawing conclusions about the spread of tweets.  

These graphs and what they showed very little similarity when compared to 

similar graphs made by Crooks et al. (2013) in the Virginia Earthquake research 

mentioned in Section 2.3.  In their study there was clear indication of a spatiotemporal 

spread of tweets where the closer you were to the earthquake’s epicenter, the faster you 

tweeted about it.  It was the hope in this research that the same would be seen with tweets 

with close proximity to the Boston Bombing site, but there was no indication of such a 

phenomenon.  
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6.2  Logistic Regression 
The Logistic Regression test (Section 5.2) was the next step in the process and 

gave a clear indication of where the rest of the research was headed.  When the test was 

first run with a dataset of randomized tweets, it performed well and gave about a 76% 

chance of being able to identify rumors but this was found to be caused by incorrect ways 

of gathering and randomizing the tweets.  The rumors were highly disproportioned 

compared to the truths and thus threw off the Logistic regression.  When the tweets were 

more fairly randomized and put into the dataset there were 500 truths and 500 rumors, 

seen in Figure 35.  During this testing it was determined that it was no better at 

determining whether a tweet was a truth or a rumor than flipping a coin.  A success rate 

of around 50% does not indicate that there is any discernable difference in how the two 

different types of tweets behave. Furthermore, the confusion matrix (Figure 37) shows 

that the regression had a high failure rate when it came to identifying the tweet type.  The 

logistic regression was one of the first steps to drawing a conclusion about what the data 

was showing about how truths and rumors spread.  A success rate of 80% or higher 

would have been an indication of a difference between how rumors and truths behave.  

Furthermore, neither independent variable (distance and time) was determined to have 

any significant impact on the classification. 

6.3  Clustering/Jaccard Coefficient 
Clustering the data was an important next step in order to complete the Jaccard 

coefficient and finally have the dendrograms and heat map showing which clusters are 

most similar.  When choosing the clustering method it was important that every point be 

part of a cluster and that the clustering parameters stay the same through each tweet 
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group. This was done using EM clustering within the WEKA program, and is discussed 

in Section 5.3. DBSCAN and others were used, but each one had their limitations.  The 

biggest downside was the variety of tweets and how they spread over space and time was 

not consistent with each other.  Each tweet needed different parameters in order to get 

adequate clustering results.  Most of the time the clustering threshold was not high 

enough and left a majority of the tweets being considered outliers while only a few were 

actually clustered.  With EM clustering, the process and methods could be and were the 

same for each tweet while also having all the tweets part of a cluster.  Additionally, the 

final EM clusters of the tweets seemed to create clusters where humans might also 

consider clusters to be.  These clusters were created in the graph space and then mapped 

to give a clear picture of where the clusters were in relation to each other across the 

globe.  Figure 39 through Figure 47 show both of these graphs and indicate that while 

there is some similarity in where the clusters occupy space there are some differences in 

how they spread temporally.   

After the clustering, the final step was using the Jaccard coefficient and then 

performing a hierarchical cluster analysis on the data to see which cluster pairs were most 

similar, shown in Figure 52. Once this figure was created, it was observed that there was 

no pattern as to which cluster pairs would be similar or not.  In a more ideal setting it 

would be seen that clusters from true tweets would be clustered together while the same 

would happen with rumor clusters.  Instead there seemed to be no clear pattern as to what 

tweets were put together as both rumors and truths were side by side in the dendrogram.  

This also indicates that there seem to be no clear and direct correlation between the 
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spatiotemporal distribution of truths and rumors in any of the above mentioned methods 

used.  
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7.  CONCLUSION 

Twitter is a place where breaking news thrives.  The short and concise messages 

that can be sent out are perfect to relay bits of information to a large audience almost 

instantaneously.  Especially in cases of large scale events, this dissemination of 

information can help to spread news to those who need to take shelter or those who are 

near to an event and need to know where they can go for safety. Many times during 

events like these, there are instances of truth and rumors being spread on Twitter that 

only add to the confusion.  Sometimes this misinformation is spread because news 

sources and other reputable organizations are just given the wrong information and 

decide to post what they have instead of going through the normal process of fact-

checking and verification.  The hunger from their viewers and customers is so strong that 

the news organizations feel the needs to give out the information as fast as they receive it.  

This causes instances of incorrect information being spread that later need to be corrected 

and redacted.  Other times this misinformation that is spread in the aftermath of an event 

is caused by those who are doing so knowing that the information that they are spreading 

is false.  

In the case of the Boston Bombing, there were plenty of instances of both truths 

and rumors being spread in the 24 hours after the bombing event.  Misinformation was 

spread by both reputable sources and not.  In all cases, the rumors spread very quickly 

and spread across the globe in a matter of minutes.   Some of the largest rumors that were 

spread in the dataset were those that concerned the death of an 8 year old boy or girl that 
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was running on behalf of the Sandy Hook children.  This rumor had some evidence of 

truth to it, in that there was a death of a little boy who was standing near the finish line of 

the race, but there was no link to that boy and Sandy Hook.  This is a key component of 

rumors, there needs to be some aspect of truth to it in order for it to spread as far as 

possible.  Another example of this was the rumor spread that was sent out by NBC Sport 

Networks official Twitter account that said runners of the marathon were finishing the 

race and then continuing on to the nearby hospital to donate blood.  Though there were 

reports of blood donations increasing in the aftermath of the attack, no evidence points to 

marathon runners doing so after finishing their race.  It makes for a nice story but 

ultimately was untrue.  

The dataset used in this project had 10 tweets of both rumors and truths that were 

spread in the aftermath of the Boston Bombing.  Tweets that had geolocation data were 

then mapped in order to determine if there were noticeable patterns in how they behaved 

over time and if so it would help to indicate that a tweet was either a truth or a rumor 

without the need for outside verification.  

Through the use of time/distance graphs, there seemed to be some patterns that 

existed in how some tweets behaved. Though a more clear spread from the bomb blast 

site was not seen, there existed patterns that helped to indicate that this was a global 

event.  The tweet groups were then investigated further with the use of a logistic 

regression to determine if truths and rumors could be determined by how they behaved.  

This regression test was unfruitful in that it returned results that were no better than 50/50 

in trying to calculate if an individual tweet could be classified as either a rumor or a truth.  
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A higher success rate would have indicated that there was some difference in how the 

tweets behaved, but this unfortunately was not the case. 

This was also seen with the Jaccard coefficient that was tried last. This involved 

taking the tweets and running them through the EM clustering method. After clusters had 

been found they were then mapped and then their intersections with other clusters from 

the other tweets was calculated.  This then gave the Jaccard coefficient of similarity 

which is a measure of how similar two objects are to each other. When those numbers 

were then put into a similarity matrix and dendrogram tree, it was found that there were 

no distinct patterns in how the truths and rumors behaved.  Both rumors and truths were 

clustered together with no way to draw any conclusions with how they behave.  This 

leads to the conclusion that there was no significant difference in the spatiotemporal 

behavior of tweets either classified as truths or rumors.  

 It should be cautioned though that this was just one test case over 24 hours.  

While it is safe to say that the dataset and methods used in this research indicate no 

differences in the spatiotemporal patterns of truths and rumors, it would be unfair to say 

that this would be the case in all future instances.  This research was done on a relatively 

small dataset over a very short amount of time.  If more precise geolocated tweets could 

be collected then more accurate location information would help in reaching a conclusion 

about the spread of truths and rumors.  
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7.1  Future Work 
This work that was done on the Boston Bombing dataset was only a small part of 

a larger puzzle of social media in the now current spread of fake news. With the rise of 

fake news on other platforms such as Facebook and other political websites, the need to 

determine what is real and what is not is even now more important.  This idea of finding 

and exploiting fake news has now become a national topic of conversation with websites 

taking proactive approaches to let their readers know what may or may not be a real story 

that is being shared on their sites.   

The research presented here can be further expanded in several directions. First 

this research in this niche of both rumors in Twitter and the spatiotemporal spread of 

tweets should focus on the corrections seen in the tweets and the content/sentiment of the 

tweets themselves.  This was not touched upon in the paper, but further investigation in to 

whether tweets that seek to correct rumors that are spreading could yield results showing 

that as the correction builds, the spread of the rumor slows and spreads less.  This 

correction was seen in just a few tweets in the dataset used, but again, this could be 

because of the shortness of the data collection window and the rumor chosen.  

Next, content analysis of the tweets and their language could help in identifying 

why some rumors spread better than others.  An interesting example of this is why the 

Sandy Girl tweet had 3 times the amount of retweets than the Sandy Boy tweet, seen in 

Table 2 The Ten Tweet Groups.  The tweets are almost identical except for only one 

word being different, that being either the word “girl” or “boy.”  Investigating why the 

one word change had such an impact on the spread of this rumor could help in identifying 
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rumors in the future as their content is analyzed for keywords that rumors have seen to 

contain in the past. 

Another idea for the work ahead would be to identify what users and profiles have 

tweeted rumors in the past and which profiles can be trusted.  This would lead to a 

“trustworthiness score” where each user was ranked on how often or how likely they 

were to tweet out rumors.  Users with low scores could then be compared to twitter 

handles that had a high trustworthiness score to see if differences arose in how their 

tweets spread over both space and time.  This is an idea that is already being used in other 

social media sites such as Facebook where a link to be posted by a user is quickly 

checked against a database of known “fake stories” and if it matches, a message will 

appear informing the user that what they are about to share has been identified as being 

untrue.  This idea could be helpful also in Twitter if a user is warned before they retweet 

something that what they may be sharing with their network is known to be false.   

Future work would also take larger sets of data with more instances of rumors and 

truths in order to see if the more data that is out there can help to determine between the 

two.  As more data is collected, especially those tweets with precise geolocation 

metadata, it might be easier to see the very small differences that may exist within rumors 

and truths.  This would help news organizations and intelligence agencies in determining 

what is true and what is not, thereby helping the spread of correct information and 

stopping the rise of rumors. 
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