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ABSTRACT 
	Social media allows people to receive, engage in, and share weather information. Users of the social media platform Twitter actively share weather content via tweets, which researchers can acquire through an Application Programming Interface (API). APIs return tweet content, as well as temporal and spatial characteristics (latitude and longitude coordinates). Tweets can then be mapped and studied spatiotemporally through Geographic Information System (GIS) software. For this work, I compared how tweets spread (“diffuse”) over space and time during two natural hazard events in the United States. The first case study is a winter weather event that The Weather Channel named “Winter Storm Gia” (WSG). WSG occurred from 11 to 14 January 2019 and impacted the Rockies, Mid-West, Ohio River Valley, and Mid-Atlantic. The second case study is a tornado outbreak in the Southeast that occurred in early March 2019, and resulted in 80 tornadoes (“Storm Prediction Center Storm Reports for 3/3/19,” 2019). I adapted the methods used by Lee, Lay, Chin, Chi, and Hsueh (2014); specifically, I used the Nearest Neighbor Index (NNI) and regression analysis to study tweet diffusion. I also examined the tweet locations using the ArcGIS “Directional Distribution (Standard Deviational Ellipse)” tool. For both events, tweets peaked on the event day, but for the tornado outbreak, there was also a rebound in tweets after the event that was not present after WSG. Tornado-outbreak tweets were also less concentrated in cities than was the case in WSG. This suggests population dynamics (distance to individual tornadoes) affects winter weather (tornado-outbreak) tweet diffusion. Lastly, I found regression analysis of NNI values not to be a suitable method for analyzing tweet diffusion of weather events. The results were limited by a small sample size of tornado-outbreak tweets. Understanding how weather information spreads on Twitter is important for individuals who communicate information to communities. This includes National Weather Service (NWS) forecasters, emergency managers, media personnel, and governmental officials. 
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CHAPTER ONE
[bookmark: _Toc56194374][bookmark: _Toc56898368]INTRODUCTION
	Technologic innovations result in improved weather forecasting and communication, allowing for the public to access and share continuous weather information (Morss et al., 2017). However, lives are still lost to hazardous weather events, even with advanced forecasting and communication techniques available. The infamous April 2011 tornado outbreak demonstrates this discontinuity, as all 300 fatalities from this event were located within counties warned for severe weather by the National Weather Service (NWS) (Hayes, 2012). There appears to be some barriers to risk communication during hazardous weather, as effective weather communication remains a challenge. Ripberger et al. (2014) found the public listens to some, but not all tornado-related information, communicated by the NWS. Communication issues are likely seen across many natural hazard events, and these barriers are not just specific to weather events.
	Social media is a relatively new technology that can be used to help spread information before, during, and after weather events (Houston et al., 2015). There are several social media platforms, one of them being Twitter. Twitter is consistently ranked a top social media platform annually across usage surveys (Perrin & Anderson, 2019), and is used during hazardous weather events (Cooper et al., 2015a, 2015b; Ripberger et al., 2014). The demographic of Twitter users largely includes young (18 to 24 years old), educated (college-level) individuals who live in urban locations (Perrin & Anderson, 2019). Twitter users interact through tweets that include written or multimedia commentary, formatted in 280 characters or less (“Counting characters,” 2020). Tweets can include words, pictures, videos, or links to other online content (“About different types of Tweets,” 2020). It is not uncommon to see tweets that discuss or debate current events (Palen, Vieweg, Liu, & Hughes, 2009; Qu, Wu, & Wang, 2009). 
	During a hazardous weather event, Twitter may be used to spread information from forecasters to the public. Ripberger et al. (2014) analyzed tweets during the 2012 summer season and found the presence of tornado watches and warnings triggered heightened tornado-risk awareness in Twitter users. Ripberger et al. (2014) claimed hazardous weather messaging must be “receive[d], [paid] attention to, and [understood]” to resonate with the general public. The public’s receptiveness to weather risks may even contain a temporal element. According to Mason et al. (2018), Tennesseans believed their likelihood of receiving information about tornado risks is lower at night. Additionally, approximately 25% of Tennesseans used social media to receive weather updates (Mason et al., 2018). Thus, social media’s use during weather events should continue to be explored.
	In my thesis, I compared how the diffusion of tweets varied across two natural hazard case studies in the United States. Winter Storm Gia (WSG), a winter event given this name by The Weather Channel, is my first case study. WSG developed in early to mid-January 2019. It caused flight delays and power outages across the Rockies, Mid-West, Ohio River Valley, and Mid-Atlantic from 11 to 14 January 2019. A tornado outbreak, located in the Southeast, is my second case study. It caused 80 tornadoes, 23 fatalities, and 104 injuries in early March 2019 (“Storm Prediction Center Storm Reports for 3/3/19,” 2019). The research question I aim to answer about these events is: How does the diffusion of tweets vary between a multi-day, synoptic-level winter storm and a regional, one-day tornado outbreak.
CHAPTER TWO
[bookmark: _Toc56194376][bookmark: _Toc56898369]BACKGROUND
[bookmark: _Toc56898370]2.1 Twitter data in academic research
	Twitter data are researched across many academic disciplines. Atmospheric science (Ripberger et al., 2014), emergency management (Bohannon, 2016), epidemiology (Bahk et al., 2016), marketing (Paniagua & Sapena, 2014), risk perception (Hoekstra et al., 2011), and data science (Hu, 2018) are among the disciplines with peer-reviewed literature involving Twitter. Tweets can reveal socioeconomic health patterns (Nguyen et al., 2017), spatial movement of individuals during a hurricane evacuation (Martín, Li, & Cutter, 2017), skepticism regarding vaccines (Bahk et al., 2016), and hysteria over H1N1 (Chew & Eysenbach, 2010) or influenza outbreaks (Stilo, Velardi, Tozzi, & Gesualdo, 2014). Twitter, therefore, offers exciting research opportunities.
	Since many social media users write in the first-person, tweets can provide insight into one’s life experience (Alexander, 2014; Ukkusuri, Zhan, Sadri, & Ye, 2014). For example, tweets posted during a severe weather event can reveal what people are thinking, feeling, seeing, and experiencing before, during, and after the event (Alexander, 2014; Houston et al., 2015; Qu et al., 2009; Ripberger et al., 2014). Scholars also find Twitter an interesting data source for research because tweets are posted in “quasi-real time” (Alexander, 2014; Houston et al., 2015; Martín et al., 2017). Thus, researchers can analyze first-hand accounts as weather events are happening in near real-time.

[bookmark: _Toc56898371]2.2 Twitter Application Programing Interfaces (APIs)
	Application Programming Interfaces (APIs) are required to access Twitter data and associated metadata (Zornoza, 2019). APIs act as conduits and connect researchers to databases where information is stored (Hoffman, 2018). Individuals must adhere to specific Twitter protocols to gain API access. A special type of login, known as a Developer Account, must be created and authorized (Zornoza, 2019). Developers are assigned an application with four passwords that together allow API access (“Access tokens,” 2019): Access token; Access token secret; Consumer key; and Consumer key secret. When these four passwords are incorporated into coding scripts with additional conditional logic, tweets specific to the researcher’s questions can be obtained. Twitter offers various official APIs that have different capabilities, shortcomings, data limits, and prices (Kim, Nordgren, & Emery, 2020). Some APIs are free (e.g., Streaming and Searching) while others cost money (e.g., Firehose and PowerTrack). 
	Streaming and Searching are Twitter’s two free APIs. They differ in the way tweets are returned to the researcher. The Streaming API is a “push” system because tweets are delivered (pushed) in real-time, as they are posted to Twitter (Kim et al., 2020). Meanwhile, the Searching API is a “pull” system because tweets are queried (pulled) from storage upon request (Kim et al., 2020). The Searching API is subjected to a seven-day window (“Search Tweets Standard search API,” 2020), meaning only tweets from the prior week are searchable. Searching the history of a specific Twitter user’s profile is one work around to this limited time window. The Streaming API is not limited to seven days; however, due to its “on-demand” nature and inability to search into the past, the Streaming API is most appropriate when researchers have adequately planned and strategized parameters to enter into the API (Kim et al., 2020). The Searching API is better suited for more spontaneous events where the researcher may want to look back in time for tweets.
	The Searching and Streaming APIs are not without limitations. Concerns begin with the API tweet sampling itself (Wang, Callan, & Zheng, 2015). The Streaming API returns up to 1% of tweets shared publicly that match queried criteria (Morstatter, Pfeffer, & Liu, 2014). It is important to note that samples returned by APIs are inconsistent, and probably not truly indicative of all possible tweets that meet certain criteria. Kim et al. (2020), for example, noticed vast differences in sampled tweet quality throughout the duration of their study. Additionally, confusion results from Twitter lacking adequate API documentation. Many researchers accept the APIs as “black boxes,” and do not fully understand how they work (Morstatter et al., 2014; Wang et al., 2015). I found documentation lacking, vague, and too advanced for the layperson. Kim et al. (2020) agreed, writing, “to date, no clear guidance exists about the advantages and limitations of each API” and “data vendors provide insufficient technical guidance [for researchers] to make informed or transparent decisions” (page 1). Biases—via Twitter’s API sampling algorithm (Morstatter et al., 2014) as well as socioeconomic status, geographic location, age, and demographics (Malik, Lamba, & Nakos, 2015)—are also reported. Nevertheless, despite known limitations, many researchers continue to use Twitter’s free APIs over more expensive options. 
	Firehose and PowerTrack are two of Twitter’s paid API options. Though arguably more powerful than the free APIs, sources suggest that Firehose and PowerTrack are quite expensive (Morstatter et al., 2014; Morstatter, Pfeffer, Liu, & Carley, 2013). Both claim access to every public tweet since Twitter began in 2006 (Kim et al., 2020); thus, a large advantage over the free APIs is the sheer number of tweets available. The main difference between Firehose and PowerTrack is the way the data are processed. PowerTrack improves tweet accessibility because it allows greater control, flexibility, and filtering techniques than Firehose (Kim et al., 2020). Because Firehose and PowerTrack can easily return one million tweets or more per search, without access to computer scientists or individuals specializing in machine learning, data processing and cleaning can quickly become overwhelming. 
[bookmark: _Toc56898372]2.3 Twitter within the weather community
	The weather community has begun using Twitter data to observe how the general public experiences weather. Houston et al. (2015) detailed how people use social media before, during, and after disasters. Before a disastrous weather event, governmental leaders or local news sources might tweet informative or educational content. The general public can engage with these posts and learn how to remain safe (Houston et al., 2015). During a weather event, the general public may share live reports or alert loved ones of safety via Twitter (Houston et al., 2015). Tweets after weather events may lead to disaster-related volunteering or fundraising opportunities (Houston et al., 2015). Houston et al. (2015) also noted that socioeconomics may be a conversation topic after disasters, as people become more aware of the affected communities and recognize any social injustices.
	Major weather events are sometimes studied using Twitter data. Ukkusuri et al. (2014) examined the content of tweets from the 2013 tornado in Moore, Oklahoma. Many tweets exhibited themes similar to those discussed by Houston et al. (2015); for example, there were tweets reporting tornado damage locations, identifying needs of local residents, and coordinating fundraising efforts (Ukkusuri et al. 2014). Bohannon (2016) and Kryvasheyeu et al. (2016) analyzed Twitter data from Superstorm Sandy (2012). Their results showed that east coast emergency management agencies used Twitter to coordinate storm relief efforts (Bohannon, 2016; Kryvasheyeu et al., 2016). Emergency managers tracked Sandy-related tweets and immediately allocated resources to locations of Sandy tweet hotspots (Bohannon, 2016). Martín et al. (2017) studied Twitter activity in coastal South Carolina before and after Hurricane Matthew (2016) warnings were issued. Based upon locations of Twitter usage, Martín et al. (2017) extrapolated the percentage of community members who evacuated due to the hurricane, and their result nearly matched the evacuation rate often seen in post-hurricane surveys (Martín et al., 2017).
[bookmark: _Toc56898373]2.4 Causes and types of diffusion
	Agents are anything that causes, propagates, or leads to diffusion—the spread of events or information over space and time. Diffusion and agents were not clearly defined in any particular study; rather, these definitions came from a synthesis of ideas from various studies (Altay & Pal, 2014; Le Texier & Caruso, 2017; Schramm, Trainor, Shanker, & Hu, 2010). The term agent is also commonly found in epidemiology literature. The Centers for Disease Control and Prevention defines agents as factors that lead to disease (“Principles of Epidemiology: Glossary,” 2014). Twitter is an agent because it leads to the spread of information. Tweets are also examples of agents because they spread ideas.
	Gould (1969) described four types of diffusion: hierarchical, expansion, contagious, and relocation diffusion. Spatiotemporal events likely exhibit at least one type of diffusion. However, since diffusion is largely a byproduct of human dynamics, diffusion type classification may change over time. Spatiotemporal events may even simultaneously display multiple diffusion types (Gould, 1969). 
	Hierarchical diffusion occurs when information is vetted before spreading (Gould, 1969), and is similar to the idea of “gate keeping” in communication studies (Welbers & Opgenhaffen, 2018). Certain authoritative individuals, known as “gate keepers,” decide and selectively filter what information is shared (Welbers & Opgenhaffen, 2018). As Gould (1969) explained, a hierarchical structure is evident as the idea or object spreads. Few people are at the top of the hierarchy. The number of people interacting and exposed to the agent increases over time.
	Expansion diffusion occurs when diffusion increases with time (Gould, 1969). “Gate keeping,” bureaucratic levels, and regulations are not present in expansion diffusion, which differentiates it from hierarchical diffusion. Certain individuals can, however, affect the rate of expansion diffusion (Welbers & Opgenhaffen, 2018). Malcolm Gladwell, author of The tipping point: How little things can make a big difference, explained this idea in his “Law of the Few” (Gladwell, 2002). Gladwell (2002) claimed these individuals—called “Connectors,” “Mavens,” and “Salesmen”—effectively join, acquire, and sell ideas. Connectors, mavens, and salesmen likely increase the speed of expansion diffusion.
	Contagious diffusion spreads by direct contact (Gould, 1969). Direct contact takes multiple forms. Physical distance is one form of direct contact, as people in close proximity tend to communicate and share ideas freely. Virtual space, defined by Shaw and Sui (2018) as “cyberspace, telecommunication space, and social space,” provides another means for direct contact (Ma, 2011). Text messages and email communication are examples of direct contact via the virtual space, as recipients receive information directly from senders. Messages sent through social media, such as tweets, are also examples of contagious diffusion that occur in the virtual space (Welbers & Opgenhaffen, 2018). 
	Finally, relocation diffusion occurs when information or ideas are transported from one location to another (Gould, 1969). People often cause relocation diffusion; ideas, trends, and societal beliefs “relocate” as people physically move from one location to another (Gould, 1969). Relocation diffusion in the virtual space happens when people share content across social media platforms. Each social media platform has different user demographics (Perrin & Anderson, 2019), and different networks of people. Therefore, content shared across social media (say, Instagram to Twitter) transports (“relocates”) information.
[bookmark: _Toc56898374]2.5 Spatiotemporal diffusion barriers 
	Various factors can affect how diffusing agents spread spatiotemporally. Gould (1969) describes four different classifications of diffusion “barriers:” Technological, cultural, psychological, and physical barriers. Each barrier slows the spread of diffusing agents (Gould, 1969). 
	Technological barriers occur when electronic resources are lacking, unavailable, inadequate, or faulty (Gould, 1969). Some aspect of technology prevents one from accessing or sharing digital information. Users access Twitter via cellular data or WIFI connections, both of which may be weak and unreliable in rural communities. Thirteen percent of Twitter users live in rural locations (Perrin & Anderson, 2019). Technological barriers can therefore isolate some Twitter users. Studies relying on Twitter may have skewed or biased data if voices are not completely inclusive.
	Cultural barriers are socially constructed sociological groups (Gould, 1969). Examples include belief system, education level, dialect, family heritage, language spoken, linguistics, morals, opinions, political affiliation, religious practice, sexual orientation, social class, and tax bracket (Gould, 1969). These groups, though socially constructed, can lead to tension. Critical Race (Vaught & Castagno, 2008) and Marxist (Wolff & Zalta, 2017) theories describe some conflicts. Cultural barriers can prevent diffusion agents from spreading if people are not willing to cross groups (Gould, 1969), thus, impacting spatiotemporal diffusion. Cultural barriers may even affect who uses social media. A lack of user diversity may exist since Twitter skews towards younger and more educated individuals (Perrin & Anderson, 2019). Some people may be less-receptive to Twitter or have preconceived beliefs and opinions towards the platform. 
	Unlike cultural barriers, which are sociologically driven, psychological barriers are perceptions of the mind (Gould, 1969). One’s own internal dialog influences actions that can affect how diffusion agents spread. Gould (1969), Hägerstrand (1967), and Gladwell (2002) discuss observed patterns of individual behavior. The terminology used to describe behaviors include “Inventors,” “Early Adopters,” “Early Majority,” “Late Majority,” and “Laggards” (Gladwell, 2002; Gould, 1969). When the terms are considered in this order, they make an ordinal scale that forms normal and S-shaped distributions (Gould, 1969). Psychological barriers may affect Laggards (who latch onto information later) more than individuals of the Early Majority, and may influence the rate of diffusion spread. Additionally, one may have personal insecurities or concerns over privacy that may inhibit Twitter use. The decision to join or participate in social media is a personal choice. Therefore, there might be some internal and psychological barriers that could prevent one from actively participating in Twitter. 
	The final barriers are physical, which are defined as blockades created by a location’s landscape (Gould, 1969). Many landforms on Earth create physical, topographic, and naturally-forming barriers that can physically obstruct diffusion movement. Examples include lakes, oceans, hills, and mountains (Gould, 1969). If cellular or WIFI reception is not available because a location is remote, mountainous, or densely-forested, the physical landscape may lead to physical and technological barriers.
[bookmark: _Toc56898375]2.6 Quantitatively studying spatial diffusion
	Researchers have used various approaches to quantify spatial diffusion. Hägerstrand used maps and diagrams to depict interactions between humans (Hägerstrand, 1967) and different social classes (Cliff, Pred, & Hägerstrand, 1992). Hägerstrand (1967) also took the quantitative approach of Monte Carlo experimentation in his famous work, Innovation diffusion as a spatial process. Monte Carlo experimentation is complex, and involves random sampling in different scenarios (Holmes, 2004). Hägerstrand’s methods were especially impressive because all supporting mathematics were calculated without a computer (Cliff et al., 1992).  Moreover, researchers including Rey, Murray, and Anselin (2011) and Gregory and Patuelli (2015) showed spatiotemporal diffusion using Moran’s I statistics presented through scatterplots. These scatterplots were unique because locations were displayed along axes. Thus, these scatter plots, first conceptualized by Rey et al. (2011), can display diffusion processes over space and time. Poison distributions and Bayesian statistics were used by Acharya, Cao, Xu, Chen, and Pandit (2018) to study the diffusion of Dengue Fever. Lastly, some researchers have used the Nearest Neighbor Index (NNI) and Standard Deviational Ellipses (SDEs) to show diffusion, and these are the methods I used in my thesis.
	NNI can be used to quantitatively analyze the spatial diffusion of point data. Ecologists Philip Clark and Francis Evans developed and first published on NNI (Clark & Evans, 1954). NNI algorithms are based on two calculated distances. The algorithms first identify the distance between a data point and its closest adjacent point (“nearest neighbor”). I call this “Distance One.” Then, the algorithms analyze a hypothetical random point data distribution. Next, calculations identify distances between a hypothetical point and its nearest neighbor. I call this “Distance Two.” NNI is defined as the quotient of Distance One and Distance Two (Clark & Evans, 1954). Data are clustered and aggregated (dispersed and random) when NNI is closer to zero (one) (Clark & Evans, 1954). Data are uniform when NNI is closer to 2.1491 (Clark & Evans, 1954). Lee, Li, Wang, Wang, & Li (2020) applied NNI in their analysis of cancer (in Kaohsiung City, Taiwan in 2011), dengue fever (in Kaohsiung City, Taiwan from 2003 to 2008), crime (in Akron City, Ohio from 2008 to 2012), and 911 calls (in Portland, Oregon from 2013 to 2015). Wilkins and Ford (2007) showed data used in NNI studies are not limited to sociology, epidemiology, and human dynamics. Wilkins and Ford (2007) studied sand dunes formation and spread via NNI. Lee et al. (2014) used NNI and regression to categorize the spread of Targets, Walmarts, Dengue Fever cases, and mushroom farm locations. I explain their work in further detail in Chapter Three, as the methods used in Lee et al. (2014) are the foundation for the first part of my analysis. 
	Another quantitative approach to spatial diffusion is the SDE. Standard deviation, calculated mathematically as the square root of variance, indicates the proximity of data around its mean (Sullivan & LaMorte, 2016). Low standard deviations (values generally less than one) suggest sample data are packed closer together, whereas higher values imply data points are farther apart (Sullivan & LaMorte, 2016). One, two, and three standard deviations are said to capture roughly 68%, 95%, and 99.7% of data, respectively (Galarnyk, 2018). Various GIS software can examine spatial point data by means of SDEs. This includes ArcGIS Pro, software offered through the Environmental Systems Research Institute (ESRI). “Directional Distribution (Standard Deviational Ellipse)” is the specific ArcGIS Pro tool used in my thesis (“How Directional Distribution (Standard Deviational Ellipse) works,” n.d.). Ellipses are drawn and scaled based upon standard deviations of x (latitude) and y (longitude) values within point data (“How Directional Distribution (Standard Deviational Ellipse) works,” n.d.). 
	










CHAPTER THREE
[bookmark: _Toc56194384][bookmark: _Toc56898376]DATA AND METHODS
[bookmark: _Toc56898377]3.1 Case studies
	I researched two natural hazard case studies in the United States that varied in spatial size and temporal duration. The first case study was WSG, a winter storm that occurred 11 through 14 January 2019. It spanned 2.5k kilometers, and stretched from the Rockies to Mid-Atlantic (Jackson, 2019). WSG is considered a “synoptic” hazard, which includes meteorological events that range 100 to 5k kilometers in size. Temporally, synoptic events last up to a few weeks, but no less than a few days, in duration (DeCaria, n.d.). WSG formed from a Pacific Northwest low-pressure system on 9 January (Jackson, 2019). The system strengthened over the next 36 hours, and gained energy from a second low-pressure in the Gulf. Continental polar air from Canada, meeting the moisture from the Gulf, allowed for winter weather (Jackson, 2019). WSG reached maximum intensity on 13 January with hundreds of reported power outages, flight cancellations, and car accidents (Jackson, 2019). Central Missouri saw the highest snowfall totals, with reports nearing 51 centimeters (Jackson, 2019). I hypothesize WSG will demonstrate hierarchical and relocation diffusion, because weather information passes through various NOAA offices before reaching the general public (hierarchical diffusion). I also expect tweets to “follow” WSG’s progression across the United States, which would suggest relocation diffusion.
	My second case study is a tornado outbreak, in the Southeast, on 3 March 2019. The tornado outbreak was linked to a low-pressure system on the border of Texas and Louisiana. This low-pressure system was seen on the 1200Z (8:00 am Eastern) surface analysis map for 3 March (Santorelli, 2019b). Cold air from Missouri and Arkansas (Santorelli, 2019a) and warm air from Florida intersected over Alabama (“Tornadoes of March 3, 2019 Event Summary for Central Alabama,” n.d.). Rotating winds and unstable air led to supercell storm formation (“March 3rd, 2019 Tornado Outbreak,” 2019). Eighty tornadoes formed, according to preliminary data from the Storm Prediction Center (Storm Prediction Center, 2019). The outbreak caused 104 injuries (“Storm Prediction Center Storm Reports for 3/3/19,” 2019). Twenty-three people died in one EF4 tornado that hit Beauregard and Smiths-Station (Lee County), Alabama (“Beauregard-Smiths Station Tornado - March 3, 2019,” n.d.; Di Liberto, 2019). The NWS office in Birmingham, Alabama, reported this historic tornado was 1.6 kilometers wide, 43 kilometers long, and had maximum sustained winds of 274 kilometers per hour (“Beauregard-Smiths Station Tornado - March 3, 2019,” n.d.). Its classification varies depending on the frame of reference. The entire outbreak area is of the synoptic scale because it is quite large and encompasses 1.7k kilometers, while an individual tornado is small and of the microscale. The tornado outbreak also developed and dissipated faster than WSG; thus, the two case studies have different spatiotemporal characteristics that lead to interesting analysis. I hypothesize the tornado outbreak will demonstrate contagious and expansion diffusion. People can discuss the tornado outbreak both in physical (“real world”) and virtual (Twitter) space, which satisfies contagious diffusion’s element of “direct contact.” I predict more people will become aware of the tornado-outbreak during each day of the forecast period (28 February to 2 March), which demonstrates expansion diffusion.
[bookmark: _Toc56898378]3.2 Data	
[bookmark: _Toc56898379]3.2.a Meteorological data
	To accompany my analysis, I used various forms of meteorological data. I first gathered archived NWS watch, warning, and advisory shapefiles from the Iowa Environmental Mesonet  (see Iowa State University, 2019). Watch, warning, and advisory shapefiles assisted in pre-processing WSG tweets, as described in greater detail in the “Filtering tweets using different approaches” section. I gathered two forms of Storm Prediction Center meteorological data for the tornado-outbreak case study: Convective Outlook maps and Preliminary Storm Reports. Convective Outlooks, which are issued daily, indicate locations of predicted severe convective weather such as thunderstorms and tornadoes. Convective Outlook categories range in order of least to most risk, as follows: “Thunderstorms,” “Marginal,” “Slight,” “Enhanced,” “Moderate,” and “High.” Generally, Convective Outlook maps display Thunderstorm as their largest risk area, and High risk indicates a particularly dangerous event for a smaller area. The second form of meteorological data for the tornado-outbreak case study, Storm Prediction Center Preliminary Storm Reports, are best estimates of tornado latitude and longitude (“Severe Weather Event Summaries,” 2018). I use Storm Prediction Center Preliminary Storm Reports to compare tornado-outbreak tweets with reported tornado locations on 3 March 2019. While these data are only preliminary (2014 was the most recent year for available verified storm reports at the time of analysis), these preliminary values are suitable for the purposes of this thesis. 
[bookmark: _Toc56898380]3.2.b Twitter data
	I asked Dr. Yingjie Hu, Assistant Professor of Geography at the University of Buffalo, for assistance in collecting tweets. He used the Streaming API when we decided we would study the event a couple of days in advance (the case for both studies), and the Searching API to add more days earlier in the forecast period prior to our decision to study the event (the case for WSG). He set a geographic boundary, reported in Figure 1, to constrain sampled tweet locations. I provided Dr. Hu with specific keywords to use in the APIs, listed in Table 1.
	APIs returned 25,836 tweets related to WSG and 14,983 tweets related to the tornado-outbreak case study. I originally included action terms for the tornado tweets so that I could analyze shelter-seeking behaviors, but many tweets were noisy and off-topic. Some tweets mentioned “shelter,” but were actually referring to animal shelters and pet adoptions. Additionally, tweets occasionally mentioned “weather” quite generally even though the phrase “severe weather” was searched in the APIs. For WSG, some tweets mentioned the word “winter,” but were actually referring to an alcoholic beverage by the same name. Date ranges to retrieve tweets from the APIs also included additional days, both leading up to and following each case study. This proved it was necessary to filter tweets and remove irrelevant data as best as possible.
[bookmark: _Toc56898381]3.3 Filtering tweets using different approaches 
[bookmark: _Toc56898382]3.3.a Filtering tweets by time and location
	I used the Twitter Advanced Search (see “Advanced Search,” 2020) to first gain a sense of when reputable sources tweeted about either case study. The Twitter Advanced Search can retrieve tweets based on keywords, date posted, username, and language (“Advanced Search,” 2020). The Weather Channel has a massive presence in the weather community, and is now known for naming winter storms (“The Weather Channel Announces Winter Storm Names for
[image: ]
[bookmark: _Toc56898489]Figure 1: API sample regions. Geographic boundaries marking the latitude and longitude coordinates where the APIs searched for tweets in WSG (a) and the tornado outbreak (b).











[bookmark: _Toc56898439]Table 1: API keywords. Keywords entered for each case study into the API.
	WSG Keywords
	Tornado Outbreak Keywords

	Winter Storm Gia
	Tornado

	
	

	Snow
	Wind

	
	

	Blizzard
	Hail

	
	

	 
	Funnel Cloud

	
	

	 
	Severe weather

	
	

	 
	Storm shelter

	
	

	 
	Shelter

	
	

	 
	Lowest level

	
	

	 
	Basement

	
	

	 
	Storm cellar

	
	

	 
	Evacuate

	
	






for 2019-2020 Season,” 2019). For these reasons, I searched The Weather Channel’s Twitter account (“@weatherchannel”) for the keyword “Winter Storm Gia.” The Weather Channel hints to a developing system in this tweet from 7 January: “A late-week snowmaker could impact parts South, Midwest and East…” (@weatherchannel, 2019a). I compared the date of The Weather Channel’s first tweet (7 January) to the date when NOAA’s Weather Prediction Center (“@NWSWPC”) first tweeted about a developing winter system. The Weather Prediction Center, another reliable source for weather information, first tweeted on 9 January: “Moisture begins to increase by Friday [10 January 2019] ahead of a developing low pressure system in the Southern Plains...” (@NWSWPC, 2019b). By 14 January, The Weather Channel began tweeting about a new winter storm: “After the weekend’s #WinterStormGia, another snowstorm is looking increasingly likely Friday [18 January 2019] -> next weekend in the Plains, Midwest and Northeast…” (@weatherchannel, 2019b). The Weather Prediction Center last posted a tweet related to this case study on 13 January: “#Snow is slowly tapering off over the Midwest and Ohio Valley but will continue into the evening over the interior Mid-Atlantic…” (@NWSWPC, 2019a). I, therefore, used 7 to 14 January 2019 as the WSG date range for my thesis. 
	For the tornado outbreak case study, I searched Twitter’s Advanced Search for the words “tornado,” “tornadoes,” “tornados,” and “south east.” I checked for tweets posted by Weather Underground (“@wunderground”), a sister company to The Weather Channel and another reliable source for weather information. Weather Underground first tweeted about potential severe weather on 28 February: “Sunday [3 March 2019] brings another chance for #severe storms across the South as our Coast-to-Coast storm brings #snow to the Plains and Northeast…” (@weatherunderground, 2019). The Weather Channel, which like Weather Underground is also owned by IBM’s The Weather Company, first reported the chance for severe weather in a tweet on 1 March: “BREAKING: #WinterStormScott has been named and will bring heavy #snow from the Rockies into the Northeast with a #severe storm threat across parts of the South…” (@weatherchannel, 2019c). The first tweet from the Storm Prediction Center was from 3 March, the day of the tornado outbreak itself: “2:02pm CST #SPC Day 1 Outlook Enhanced Risk: across parts of southern alabama, the far western florida panhandle, southwest and south-central georgia…” (@NWSSPC, 2019). The number of grammatical errors leads me to believe this was a tweet generated automatically. The Weather Channel indirectly mentioned the tornado-outbreak case study in an 8 March tweet: “Our latest thinking on Saturday’s [9 March 2019] #severe weather potential in the South, and whether Sunday’s [10 March 2019] threat is anything to worry about for areas recovering from last Sunday’s [3 March 2019] outbreak…” (@weatherchannel, 2019d). However, I last found a tweet on 5 March that directly mentions the tornado outbreak: “See the before-and-after images of the damage caused by Sunday’s [3 March 2019] EF4 #tornado in Alabama...” (@weatherchannel, 2019e). Therefore, 28 February through 5 March is the date range for the tornado-outbreak case study. The date ranges are summarized in Table 2.
	I first filtered tweets by date posted. Originally, I had tweets from 5 to 30 January 2019 for the WSG case study, from 23 February to 15 March 2019 for the tornado-outbreak case study. I filtered based upon the dates listed in Table 2. Peak WSG intensity occurred from 11 to 14 January while 3 March is the date when 80 tornados formed; thus, date ranges from 7 to 14 January (WSG) and 28 February to 5 March (tornado outbreak) include days before, during, and 

[bookmark: _Toc56898440]Table 2: Case study date ranges. Includes the forecast period, the event, and post-event tweets. 
	Case Study
	Start Date (2019)
	End Date (2019)

	WSG
	7 January
	14 January

	
	
	

	Tornado Outbreak
	28 February
	5 March

	
	
	















after both natural hazard events. Filtering by date reduced the tweet count from 25,836 to 5,053 (WSG) and from 14,983 to and 3,139 (tornado outbreak).
	I then filtered tweets based on location. I only included tweets from within counties forecasted for either WSG or the tornado outbreak. For WSG, I first downloaded NWS watch, warning, and advisory shapefiles from Iowa State University’s Iowa Environmental Mesonet. I then symbolized shapefiles (on ArcGIS Pro) so that it only included “winter weather advisory[ies],” “winter storm watch[es],” “winter storm warning[s],” and “blizzard warning[s]” from 8 to 15 January 2019. I used 8 January as the start date for identifying watches, warnings, and advisories because this corresponds to approximately 36 hours before WSG was at its peak. The NWS typically issues notices a few days prior to hazardous weather (“Watch/Warning/Advisory Definitions,” n.d.). I used the ArcGIS Pro “Clip” tool to subset only tweets posted from 7 to 14 January and within locations warned for WSG by the NWS. 
	To filter tornado-outbreak tweets by location, I first downloaded Convective Outlook shapefiles from the Storm Prediction Center. I loaded Convective Outlook data into ArcGIS Pro for 3 March. I again used the “Clip” tool to locate tweets relevant to my case study. Tweets posted on 3 March within at least the Thunderstorm Convective Outlook risk category were included in this subsection. This process reduced the WSG sample size from 5,053 to 3,021 tweets and the tornado-outbreak sample size from 3,139 to 540 tweets.
[bookmark: _Toc56898383]3.3.b Filtering tweets by relevancy
	I then manually filtered random samples of tweets for content. I used Python to randomly sample 500 WSG tweets, which was approximately 16% of WSG data. To be consistent, I also randomly sampled 16% of the tornado-outbreak tweets which resulted in 90 tweets. I then separated the randomly sampled tweets into different categories. I first identified those tweets relevant to my thesis, and grouped these together in a category I called “Yes.” I next indicated tweets possibly relevant to my thesis, and called this category “Maybe.” I grouped tweets irrelevant to my thesis in a “No” category. Tweets classified in the “Maybe” list needed additional consideration. Upon reexamination, “Maybe” tweets were either moved to “Yes” or “No” lists in an attempt to accurately classify tweets. 
	I created Python graphs to display the 20 most common words in the “Yes,” “Maybe,” and “No” lists to identify words most commonly used in irrelevant tweets. I removed punctuation, URLs, duplicate tweets, and stop words prior to graphing word frequencies. Stop word lists included API keywords used to acquire tweets (such as “Winter Storm Gia” and “tornado”). All characters in randomly sampled tweets were tokenized and converted to the lower case, which is a standard text-cleaning process. Figure 2 displays the 20 most common words in the WSG “No” list. I then removed any WSG tweet (whether in the 500 tweet random sample or not) that contained at least one of the following words: “Skiing,” “skiing,” “Drinking,” “drinking,” “Mountain,” “mountain,” “Ski,” “ski,” “Tubing,” “tubing,” “Snowboarding,” “snowboarding,” “Hops,” “hops,” “Snowboard,” and “snowboard.” Notice how words such as “day,” “today,” “first,” “park,” “12,” “river,” “last,” “like,” “Colorado,” “us,” “5,” and “35” appeared in Figure 2, but were not included in the list to remove tweets. I considered tweets containing any of these additional words as possibly related to WSG. Filtering in this way reduced the WSG tweet sample size from 3,021 to 2,881. Finally, I removed any duplicate tweets, which further reduced the WSG sample size to 2,844 tweets.
[image: C:\Users\Alyssa\Documents\Grad School\Masters thesis\Data Analysis\Feb_Gia_no.png]
[bookmark: _Toc56898490]Figure 2: Irrelevant WSG tweets. The 20 most common words from irrelevant WSG tweets within the sample of 500 random tweets. 




	Using a similar approach, I next created Python graphs to display the 20  most common words in the “Yes,” “Maybe,” and “No” tornado-outbreak tweets. I removed punctuation, URLs, duplicate tweets, and stop words (with the addition of API keywords used to acquire tweets such as “tornado” and “shelter”). I tokenized and converted all tweets to lowercase and created my graphs. I removed tornado-outbreak tweets that contained certain words that are identified in Figure 3. I did not include the words “pressure,” “feels,” “gust,” “weather,” “nne,” “rain,” “temperature,” “n,” “today,” “104mph,” “temp,” “89mph,” “360f,” “000in,” “93,” “light,” “11mph,” “86,” and “361f” in my criteria of tornado-outbreak tweets to remove. It seems many of these phrases were the result of automated weather station readings that happen automatically report to Twitter. I found these tweets problematic because auto-generated tweets are not from actual people, and could possibly create unreliable data. Automated weather stations almost always report humidity. I used this to my advantage, and removed any tornado-outbreak tweet (whether in the 90 tweet sample or not) that contained the word “humidity.” The filtering process reduced the tornado-outbreak tweet sample size from 540 to 330. 
	Skimming the remaining tornado tweets showed they still contained irrelevant data; thus, I manually filtered the tornado outbreak-tweets a second time. I did not complete a second manual filter on the WSG tweets. I randomly sampled 90 tweets from the 330 tornado outbreak tweet sample, and classified the tweets as “Yes,” “Maybe,” and “No.” Figure 4 shows the updated 20 most common words in the “No” list. I additionally removed tornado-outbreak tweets (whether in the 90 tweet sample or not) that contained the words “Pressure,” 
[image: C:\Users\Alyssa\Documents\Grad School\Masters thesis\Data Analysis\Tornado\Tornado_no_words.png]
[bookmark: _Toc56898491]Figure 3: Irrelevant tornado-outbreak tweets (first filter pass). The 20 most common words from irrelevant tornado-outbreak tweets within the sample of 90 random tweets. 





[image: C:\Users\Alyssa\Documents\Grad School\Masters thesis\Data Analysis\Tornado\tor330No.png]
[bookmark: _Toc56898492]Figure 4: Irrelevant tornado-outbreak tweets (second filter pass). The 20 most common words from 90 irrelevant tornado outbreak tweets within the 330 tornado outbreak tweet random sample. 




“pressure,” “Temp,” and “temp.” As a result, the tornado-outbreak sample size was reduced from 330 to 217 tweets. Removing duplicate tweets further reduced the sample size to 213.
[bookmark: _Toc56898384]3.4 Nearest Neighbor Index (NNI)
	One technique I used to analyze data was the Nearest Neighbor Index (NNI), which I used as the response variable in the regression model, described in detail in the following methods subsection. NNI relies on the statistical concept “nearest neighbor.” Nearest neighbor calculates the distance between any arbitrary point and its closest “neighboring” point. The overall NNI calculation uses the average calculated nearest neighbor distance, the numerator of Equation One. 
Equation One
NNI is therefore a ratio and a unitless value. It compares the average distance between points to the average distance of arbitrary points. 
	I used a “for” loop in R, alongside the “nni” function (Evans, n.d.) to calculate NNI values for my Twitter data. I first stored tweet latitude and longitude values in a spatial data frame. I took the first tweet’s coordinates and calculated NNI. Since the system contained only one point, NNI resulted in an “infinite” value. Next, I added a second tweet and calculated NNI. I then calculated NNI after adding a third tweet, a fourth tweet, a fifth tweet, and so on through all tweets in the data frame. I used the following line of code to produce these NNI values:

I followed these steps in both case studies, and saved calculated NNI values in a data frame for analysis.
[bookmark: _Toc56898385]3.5 NNI and regression analysis
	I used NNI values in a regression model based on methods used by Lee et al. (2014), who evaluated the effectiveness of spatiotemporal diffusion regression models for point data. For their work, Lee et al. (2014) examined the spread of mushroom farms, Dengue Fever, Targets, and Walmarts over space and time. NNI was the response (dependent) variable while time was the exploratory (independent) variable. They modeled the data using different base equations such as linear, quadratic, cubic, inverse, power, logarithmic, logistic, S-curve, compound, exponential, and growth (see Lee et al. (2014) chart on page 6). Next, they compared coefficient of determination (R2) values across regression model runs to determine what types of spatiotemporal diffusion classifications (contagious, expansion, hierarchical, and relocation) were best represented by each equation. Lee et al. (2014) attributed higher R2 values as increased assurance that any arbitrary spatiotemporal case study can be modeled by a respective regression base equation. Contagious and expansion diffusion events were found to be best modeled via an inverse base regression equation of the form:

Conversely, hierarchical and relocation diffusion events were found to be best modeled by a cubic base regression equation:

	I used similar methods to determine how spatiotemporal tweet diffusion varies between WSG and the tornado-outbreak case study. Unlike the examples presented by Lee et al. (2014), I did not first associate case studies with diffusion classifications (contagious, expansion, hierarchical, and relocation) prior to data analysis; instead, I aim to use the findings by Lee et al. (2014) to assign a diffusion classification suggested by the regression results. 
	For each of the case studies, I cleaned the NNI data using R’s Tidyverse. Next, I calculated elapsed time from any arbitrary tweet and the first tweet. I then converted elapsed time from seconds to hours to more easily interpret results. I removed “infinite” and “not a number” (NaN) values. Clark and Evans (1954) report NNI values less (more) than one indicate clustered (dispersed) data, while NNI values close to 2.1491 indicate uniform data. I removed outliers, by means of two standard deviations, prior to performing regression. There were 35 outliers in the WSG case study, and 6 for the tornado outbreak. I then used the following line of R code to run cubic regression models:

The “poly” function is used for polynomial regression, in this case, cubic polynomial regression (as indicated by the number three). I made “NNI” and “hours” the response and exploratory variables, respectively. The parameter “raw = TRUE” prevents calculation using orthogonal polygons (R-core R-core@R-project.org, n.d.). I ran inverse regression models using this code line: 

The “Inhibit Interpretation/ Conversion of Objects” (“I”) function (“Inhibit Interpretation/Conversion of Objects,” n.d.) prevents binary division, which is what the “/” symbol means to R (“R Language Definition,” 2020). Binary division would be problematic because values in “NNI” and “hours” are numeric (base ten) not binary (base two). The “augment” function in the “broom” package (Hayes, n.d.) reports regression model standard error, fitted values, and residuals among other parameters for assessing model quality:

[bookmark: _Toc56898386]3.6 Standard Deviational Ellipse (SDE)
	I used SDE as an alternative method to quantitatively study spatiotemporal diffusion. I used the “Directional Distribution (Standard Deviational Ellipse)” tool in ArcGIS Pro to map SDEs atop case study tweet layers. This tool provided detailed SDE properties such as “Mean Center Location,” “Standard Distance,” “Rotation,” “Shape Length,” and “Shape Area.” “Mean Center Location” is defined by X and Y coordinate centroids. Standard deviation, along the X and Y axes, is how to interpret “Standard Distance.” Standard distance is particularly useful because it defines the SDE’s overall shape and is not effected by the SDE’s area. “Rotation” defines the SDE’s positioning and alignment, whether titled horizontal or more vertical. “Shape Length” and “Shape Area” report SDE length and area, respectively.
	I used “Mean Center Location” and “Shape Area” in my analysis for each case study. I then used R to calculate how the SDE’s X component, Y component, and Shape Area changed throughout case studies. 

The phrase “” was used to access data (whether X component, Y component, or Shape Area) stored one time step in the future while the phrase “” subtracted this value from data stored in the current time step. The difference shows the change in SDE components, and provides information about how the tweets diffused over time. 














CHAPTER FOUR
[bookmark: _Toc56194396][bookmark: _Toc56898387]RESULTS
[bookmark: _Toc56898388]4.1 Daily tweet counts over case study periods
	I noticed similar, yet uniquely distinguishable, temporal tweet patterns across both case studies. Figure 5a shows daily WSG tweet counts from 7 January to 14 January 2019. Tweets remained fairly steady across the first two days in the WSG case study, as there was only a difference of three tweets between 7 January and 8 January (69 and 71 tweets on each day, respectively). The Weather Channel had only just begun to report a potential winter storm. Tweet counts reached 172 on 9 January, but dipped to 93 on 10 January. Counts then rose quite dramatically—by 850%—from 10 January (93 tweets) to 12 January (884 tweets). WSG traversed through the Central Plains and Ohio River Valley on these days, and caused numerous flight cancelations (Jackson, 2019). Tweet counts again rose between 12 and 13 January, but at a less steep slope than previously observed. These days, 12 and 13 January, saw the highest counts seen across any two-day period. Figure 6 shows a comparison of tweet locations during the forecast period before the event (6a) versus midway through WSG (6b). Tweet counts plummeted from 934 on 13 January to 296 on 14 January. By this point in the storm’s track, WSG had already passed peek intensity. The system was dissipating, and social media interest had already moved onto the next winter storm, as shown by a tweet saying, “After the weekend’s #WinterStormGia another snowstorm is looking increasingly likely Friday [18 January 2019] -> next weekend in the Plains, Midwest and Northeast…” (@weatherchannel, 2019b).
	The daily tweet frequency during the tornado-outbreak case study exhibited a different pattern (Figure 5b). Only 15 tweets were observed on 28 February—the lowest single-day total
[image: ]
[bookmark: _Toc56898493]Figure 5: Daily tweet counts. Daily WSG (a) and tornado-outbreak (b) tweet counts.
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[bookmark: _Toc56898494]Figure 6: WSG tweets on two different days. WSG tweets, shown by blue dots, for 7 January 2019 (a) and 12 January (b). WSG snowfall was most widespread from 11 to 14 January 2019. There are noticeably more tweets on 12 January than 7 January 2019.


seen across my entire thesis. There was no pre-event dip in tweet counts for the tornado-outbreak case study, as observed in WSG between 9 and 10 January. Tweet counts steadily rose between 1 March (20 tweets) and 2 March (30 tweets), as word of a possible tornado outbreak spread through news sources such as The Weather Channel. Figure 7 compares the location of tweets on 28 February (7a), when Weather Underground first mentioned the tornado outbreak, versus a few days later on 1 March (7b). Tweet counts reached a maxima on 3 March (60 tweets). The Storm Prediction Center reported over 80 tornadoes on this day. Tweet counts dropped considerably from 3 March (60 tweets) to 4 March (41 tweets), but rose again slightly on 5 March (46 tweets). WSG counts, conversely, never increased post-event and instead dropped dramatically.
[bookmark: _Toc56898389]4.2 Spatiotemporal diffusion regression analysis
	For my regression analysis, NNI and time are the response (dependent) and explanatory (independent) variables, respectively. Figure 8 shows NNI plotted against elapsed time (in hours) since the first WSG tweet (). The purple line in Figure 8a shows a cubic regression fit for WSG, which is modeled by Equation Two and resulted in an R2 value of 0.836.

Equation Two
	Similar to the approach of Lee et al. (2014), I compared R2 values across different regression model runs. The WSG case study was not well-modeled by inverse regression (Figure 8b), as the R2 value was lower at 0.459. Equation Three is the “line of best fit” for the WSG inverse regression model.
[image: ]
[bookmark: _Toc56898495]Figure 7: Tornado-outbreak tweets on two different days. Tornado-outbreak tweets, showed by blue dots, on 28 February 2019 (a) versus 1 March 2019 (b). Atmospheric conditions leading to the tornado outbreak started to form on 1 and 2 March 2019. There are noticeably more tweets on 1 March than 28 February 2019.


[image: ]
[bookmark: _Toc56898496]Figure 8: WSG regression analysis. NNI of WSG tweets (points) versus elapsed time. Purple line models cubic regression (a) and inverse regression (b).



Equation Three
	Cubic and inverse regression were not suitable models for the tornado-outbreak case study. The cubic model, for instance, had a R2 value of 0.159. The purple line, seen in Figure 9a, poorly fits the data. This lack of fit is especially evident between hours 0 and 25, along the x axis. Data are widely scattered both above and below the purple “line of best fit,” which is modeled by the following equation:

Equation Four
The inverse regression model performed worse (R2 value 0.123) than the cubic model, as seen in Figure 9b. Equation five produces the “line of best fit” for the inverse regression model:

Equation Five
[bookmark: _Toc56898390]4.3 Standard Deviational Ellipse (SDE) analysis
	I used the “Directional Distribution (Standard Deviational Ellipse)” tool in ArcGIS Pro to analyze changes in SDE location and area over two-day periods. Results are best conceptualized with respect to the Cartesian coordinate system. The x-axis can be broken up into “positive-x” and “negative-x” while the y-axis can be broken into “positive-y” and “negative-y” axes (Figure 10).
[image: ]
[bookmark: _Toc56898497]Figure 9: Tornado-outbreak regression analysis. NNI of tornado-outbreak tweets (points) versus elapsed time. Purple line models cubic regression (a) and inverse regression (b).
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[bookmark: _Toc56898498]Figure 10: SDE mean center location reference axes.

	Table 3 reports changes in SDE mean center locations for the WSG case study. Locations shift in both positive and negative directions along the X and Y axes, described in Figure 10. Between 7 and 8 January (first row in Table 3), SDE mean center location shifted 150 km in the positive-x direction and 19 km in the negative-y direction. Then, between 8 and 9 January (second row in Table 3), SDE mean center location shifted 174 km in the positive-x direction and 45 km in the positive-y direction. The remaining rows in Table 3 can be interpreted similarly. The first row (7 to 8 January) is the only instance when one X or Y column increases while the other decreases. Across other time periods, one component (either X or Y) increased while the other component (either X or Y) decreased. Mean center locations, throughout WSG, are mapped in Figure 11. Table 4 shows the change in SDE area for the WSG case study. The SDE decreased in size and became more concentrated from 7 to 8 January (change in SDE shape area of -3.8+E08) and from 8 to 9 January (change in SDE shape area of -2.7E+08). SDE area increased over the next few days before decreasing again from 11 to 12 January. Figure 12 shows where tweets were located each day, along with SDEs (purple polygons) and mean centers (purple dots). 
	Similar to WSG, I observed both positive and negative changes in mean center location and SDE area for the tornado-outbreak case study. Some days had positive changes in both X and Y axes while other days showed negative X and Y axes changes, as seen in Table 5. The date range of 3 to 4 March was the only time when one component (either X or Y mean center location) increased while the other decreased. I observed this general trend, of values both increasing and decreasing throughout time, when analyzing SDE area too. SDE mean center locations throughout the tornado-outbreak case study are mapped in Figure 13. SDE area
[bookmark: _Toc56898441]Table 3: Properties of SDE mean centers for WSG tweets. “X (km)” and “Y (km)” are the X and Y components to the location of the mean center. “X Standard Distance (km)” and “Y Standard Distance (km)” are standard deviations along the X and Y axes. “Delta X (km)” and “Delta Y (km)” are the change in X and Y components.
	Date Range
	X (km)
	Y (km)
	X Standard Distance (km)
	Y Standard Distance (km)
	Delta X (km)
	Delta Y (km)

	7 Jan
	1,054
	364
	1487
	206
	150
	-19

	8 Jan
	1,203
	345
	933
	197
	
	

	8 Jan
	1,203
	345
	933
	197
	174
	46

	9 Jan
	1,377
	391
	554
	179
	
	

	9 Jan
	1,377
	391
	554
	179
	-201
	-61

	10 Jan
	1,176
	329
	817
	218
	
	

	10 Jan
	1,176
	329
	817
	218
	-412
	-62

	11 Jan
	764
	267
	1040
	234
	
	

	11 Jan
	764
	267
	1040
	234
	145
	30

	12 Jan
	909
	298
	918
	192
	
	

	12 Jan
	909
	298
	918
	192
	296
	20

	13 Jan
	1,206
	318
	982
	166
	
	

	13 Jan
	1,206
	318
	982
	166
	-44
	-4

	14 Jan
	1,162
	314
	1215
	429
	
	



[image: ]
[bookmark: _Toc56898499]Figure 11: Daily mean center locations for WSG tweets.









[bookmark: _Toc56898442]Table 4: Properties of SDE area for WSG tweets.
	Date Range
	Shape Area (km)
	X Standard Distance (km)
	Y Standard Distance (km)
	Change in Shape Area (km)

	7 Jan
	9.6E+08
	1487
	206
	-3.8E+08

	8 Jan
	5.8E+08
	933
	197
	

	8 Jan
	5.8E+08
	933
	197
	-2.7E+08

	9 Jan
	3.1E+08
	554
	179
	

	9 Jan
	3.1E+08
	554
	179
	2.5E+08

	10 Jan
	5.6E+08
	817
	218
	

	10 Jan
	5.6E+08
	817
	218
	2.1E+08

	11 Jan
	7.6E+08
	1040
	234
	

	11 Jan
	7.6E+08
	1040
	234
	-2.1E+08

	12 Jan
	5.5E+08
	918
	192
	

	12 Jan
	5.5E+08
	918
	192
	-4.0E+07

	13 Jan
	5.1E+08
	982
	166
	

	13 Jan
	5.1E+08
	982
	166
	1.1E+09

	14 Jan
	1.6E+09
	1215
	429
	



[image: ]
[bookmark: _Toc56898500]Figure 12: WSG SDE maps. WSG SDE map for 7 January (a), 8 January (b), 9 January (c), 10 January (d), 11 January (e), 12 January (f), 13 January (g), 14 January (h) 2019 where blue points are tweets, purple polygons are SDEs, and purple points are mean center locations.

[bookmark: _Toc56898443]Table 5: Properties of the SDE mean centers for the tornado-outbreak tweets. “X (km)” and “Y (km)” are the X and Y components to the location of the mean center. “X Standard Distance (km)” and “Y Standard Distance (km)” are the standard deviations along the X and Y axes.  “Delta X (km)” and “Delta Y (km)” are the change in X and Y components. 
	Date
	X (km)
	Y (km)
	X Standard Distance (km)
	Y Standard Distance (km)
	Delta X (km)
	Delta (km)

	28-Feb
	1,041
	-443
	423
	167
	-105
	-130

	1-Mar
	936
	-573
	553
	283
	
	

	1-Mar
	936,472
	-573
	553
	283
	191
	162

	2-Mar
	1,128
	-410
	584
	176
	
	

	2-Mar
	1,128
	-410
	584
	176
	-30
	-114

	3-Mar
	1,098
	-524
	316
	159
	
	

	3-Mar
	1,098
	-524
	316
	159
	-119
	22

	4-Mar
	980
	-502
	488
	161
	
	

	4-Mar
	980
	-502
	488
	161
	49
	53

	5-Mar
	1,028
	-449
	405
	161
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[bookmark: _Toc56898501]Figure 13: Daily mean center locations for tornado-outbreak tweets.








increased over some date ranges and decreased over others. The increase in SDE area on 3 to 4 March is the most notable. The SDE is smaller and more concentrated over southeastern Alabama and central Georgia on 3 March. By 4 March, the SDE is more expansive, spreading from Mississippi to central South Carolina, as seen in Table 6. Figure 14 shows where tweets were located each day, along with SDEs (purple polygons), and mean centers (purple dots).













[bookmark: _Toc56898444]Table 6: Properties of SDE area for the tornado-outbreak tweets.
	Date
	Shape Area (km)
	X Standard Distance (km)
	Y Standard Distance (km)
	Change in Shape Area (km)

	28-Feb
	2.2E+08
	423
	167
	2.71E+08

	1-Mar
	4.9E+08
	553
	283
	

	1-Mar
	4.9E+08
	553
	283
	-1.69E+08

	2-Mar
	3.2E+08
	584
	176
	

	2-Mar
	3.2E+08
	584
	176
	-1.65E+08

	3-Mar
	1.6E+08
	316
	159
	

	3-Mar
	1.6E+08
	316
	159
	8.80E+07

	4-Mar
	2.5E+08
	488
	161
	

	4-Mar
	2.5E+08
	488
	161
	-4.10E+07

	5-Mar
	2.1E+08
	405
	161
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[bookmark: _Toc56898502]Figure 14: Tornado-outbreak SDE maps. Tornado-outbreak SDE maps for 28 February (a), 1 March (b), 2 March (c), 3 March (d), 4 March (e), and 5 March 2019 (f) where blue dots are tweets, purple polygons are SDEs, and purple points are mean center locations.




CHAPTER FIVE
[bookmark: _Toc56194401][bookmark: _Toc56898391]DISCUSSION
[bookmark: _Toc56898392]5.1 WSG diffusion over space and time
	WSG daily tweet counts mirrored what Kryvasheyeu et al. (2016) observed in their analysis of Superstorm Sandy. Superstorm Sandy tweet counts increased as the system strengthened and news media began reporting its potential impacts (Kryvasheyeu et al., 2016). These Twitter users are the Early Adopters and Early Majority, described by (Gladwell, 2002). Tweet counts peaked as Sandy made landfall, and decreased shortly after (Kryvasheyeu et al., 2016). Similarly, WSG tweet counts generally increased in days leading up to the event (7 to 10 January 2019); however, there was one anomaly from 8 to 9 January when tweet counts dropped. I speculate two reasons for the anomaly: one, people possibly dismissed warnings about a developing winter storm; or on the complete opposite spectrum, people were preparing for WSG and did not have time to tweet. A thorough tweet content analysis would be needed to determine factors leading to the dip, while a statistical analysis would be needed to verify significance. WSG tweets peaked on 13 January, during the storm’s most intense period from 11 to 13 January 2019. Perhaps tweet counts were high due to the system’s vast spatial extent from the Rockies to the Mid-Atlantic, which would cause many people to simultaneously live through WSG, and this shared experience perhaps encouraged people to tweet. People seemed to quickly move onto other pursuits after WSG, as tweet counts dropped steeply from 13 to 14 January. The Weather Channel immediately began tweeting about the next winter storm, “After the weekend’s #WinterStormGia another snowstorm is looking increasingly likely Friday [18 January 2019] -> next weekend in the Plains, Midwest and Northeast…” (@weatherchannel, 2019b).
	Locations of WSG tweets did not follow the storm’s progression. WSG formed over the Mid-West on 11 and 12 January. The system reached the Ohio River Valley on 13 January, and Mid-Atlantic hours later. WSG moved offshore starting 14 January, and completely dissipated by 15 January (Jackson, 2019). I expected tweet concentrations to follow the storm’s path, from the Rockies to the Mid-Atlantic, and thereby demonstrate relocation diffusion. However, regardless of the day, I observed high concentrations of tweets over the Ohio River Valley and Mid-Atlantic. These regions have a mix of urban and rural settings, but high population densities in cities such as St. Louis, Indianapolis, Pittsburgh, and Washington D.C. It is likely these cities influenced mean center locations, presented in Figure 12. Individuals who make up Twitter’s young (18 to 24) and educated (college-level) demographic (Perrin & Anderson, 2019) often live and congregate within cities. Population dynamics likely pulled SDE mean center locations towards the heavily populated east coast, and also affected the diffusion of tweets because they were always centered in populated areas.
[bookmark: _Toc56898393]5.2 Tornado-outbreak tweets over space and time
	Tweet counts from the tornado-outbreak case study also followed observations of Sandy described by Kryvasheyeu et al. (2016), as tweet counts increased in days leading up to the event (28 February to 2 March 2019) and decreased immediately following peak tweets on 3 March 2019. However, different from WSG, tweet counts slightly rebounded afterwards on 5 March. I observed the general pattern in tweet counts rather than examining the rebound’s statistical significance. Gladwell (2002) described people, such as those who tweeted on the final day of the tornado-outbreak case study, as Laggards. It is possible that attention spans are greater after a tornado outbreak when compared to a hazardous winter weather event, thus reaching the attention of Laggards. Houston et al. (2015) noted that social media posts often highlight damages after natural hazard events. Tweets from 5 March possibly discuss the outbreak’s impact, especially in terms of damages and fatalities. Twenty-three residents of Lee County, Alabama, died in one particular tornado (Gore, 2019). Post-event tweets likely expressed condolences for persons directly affected. Regression did not well model the change in NNI over time during the tornado outbreak. This is perhaps related of the complex nature of the case study. The tornado-outbreak’s spatial extent is of the synoptic scale, but an individual tornado is of the microscale. Cubic and inverse regression models had difficulty capturing such complex event, as indicated by low R2 values for the tornado outbreak.
	Population dynamics did not skew tornado-outbreak SDE mean center locations during the forecast and event period (28 February to 3 March) as was the case in the WSG study. Rather, proximity to reported tornado events seems to influence SDE mean center locations the most. Tornado-outbreak tweets also followed the event’s forecast area fairly well from 28 February to 3 March. The 28 February and 1 March SDEs closely matched locations highlighted for Thunderstorm risk by Storm Prediction Center Convective Outlook maps (Dial, 2019; Mosier & Bentley, 2019). There were also clusters of tweets in southern Georgia and eastern Alabama on 3 March. This area almost perfectly aligns with the Enhanced risk seen on the Storm Prediction Center 3 March Convective Outlook map (Gleason & Karstens, 2019).
	Tweets were not consistent with locations of Storm Prediction Center risk levels on 4 and 5 March (Gleason & Bentley, 2019; Mosier & Bentley, 2019). I hypothesize this is because the event itself had already passed, so Convective Outlooks from 4 and 5 March are not related to my study. Tweets from 5 March displayed clustering around Atlanta, Georgia, suggesting an urban post-event bias in tweet. This shift towards urban tweet locations may be more prominent after high-impact events, because the news media reports the aftermath and draws the public’s attention. People directly impacted by the tornado outbreak spend time cleaning and recuperating, but people farther away in cities may have the time to tweet. Also, tornado risk is less obvious during the forecast period than winter weather which can be predicted more accurately. The rise in post-event tweets might indicate that the tornado outbreak might have caught some people off-guard. The growth of SDE supports the hypothesis that interest was broader after the event. I would need additional research to confirm whether this happened after different tornado outbreaks, or was unique to my case study.
	Though individuals across a whole region may prepare for a potential tornado outbreak, relatively few people are directly affected by any one tornado’s path. Individual tornado events are spatially-constrained to a particular location. Tornadoes cause immense damage, but only to a specific location rather than the region at large. Communities more directly affected may more actively tweet about a weather event than ones farther away. Kryvasheyeu et al. (2016) observed this relationship in their analysis of tweets during Superstorm Sandy. Distance to hazardous weather events may explain why I observed fewer tweets near cities in the tornado-outbreak case study. On the other hand, WSG impacted cities such as Chicago and Washington D.C. The fact that WSG impacted cities could explain why I saw increased Twitter activity in these locations.
[bookmark: _Toc56898394]5.3 Tweet diffusion barriers during hazardous weather events
	Some barriers described by Gould et al. (1969) possibly affected the diffusion patterns I observed. It may be more difficult to study Twitter diffusion patterns across remote and rural locations. Such places may experience technological, cultural, and physical barriers. Cellular data or a WIFI connection is needed to access Twitter, both of which may be lacking in a remote or rural location (technological and physical barrier). Residents of such locations may also not fit the typical Twitter user demographic (cultural barrier), and therefore may be at a disadvantage to receiving weather information via Twitter. Tornado outbreaks generate greater emotional response than winter weather. Tornadoes can effect entire communities and families, whereas winter weather generally passes with minimal impact. People may feel at-risk during a tornado-outbreak, and feel a greater sense of fear that may inhibit one from tweeting (psychological barrier). Tweets were clustered in urban locations throughout all WSG, but only during the finals days in the tornado-outbreak case study. From 28 February to 3 March, I observed tornado-outbreak tweets in locations directly impacted by the event. These people likely felt vulnerable to the severe weather, and expressed concerns on Twitter. People farther away from tornado locations possibly felt invincible, and therefore were less interested in tweeting until the news reported damages. 
[bookmark: _Toc56898395]5.4 Uncertainties using regression to analyze spatiotemporal diffusion events
	I used methods outlined by Lee et al. (2014) to compare the diffusion of tweets within two natural hazard case studies. Lee et al. (2014) examined how point data diffused through applications of nearest neighbor and regression, specifically identifying hierarchical, relocation, expansion, and contagious diffusion within point data. While these methods were successful for Lee et al. (2014), I found fairly low R2 values in all regressions except WSG’s cubic model (R2 of 0.836). Low R2 values indicate regression models failed to depict data variance. WSG’s inverse model had an R2 value of 0.459 while R2 values for the tornado outbreak’s cubic and inverse models were 0.159 and 0.123, respectively. Although R2 is unimpressive in the tornado outbreak, both case studies reported highest R2 values with the cubic regression model. 
	Per Lee et al. (2014)’s findings, higher cubic regression R2 values indicate that data exhibit hierarchical or relocation diffusion. However, I see aspects of all four diffusion classifications in each case study, which may be why a single model did not perform well. Hazardous weather information trickles through various “gate keepers” before it reaches the general public (hierarchical diffusion). Winter and tornadic weather information first passes through NOAA’s Weather Prediction Center (located in College Park, Maryland) and Storm Prediction Center (located in Norman, Oklahoma), respectively. Weather Prediction Center and Storm Prediction Center staff members then share information to NOAA regional centers and Weather Forecast Offices (WFOs). The 126 WFOs nationwide distribute information within their local communities. Media outlets, government officials, and emergency managers then broadcast weather information to the general public. National NOAA offices, local WFOs, and community leaders act as “gate keepers.” The public is only made aware of weather information after first passing through different sources. I also can identify evidence of expansion diffusion. Tweet counts generally grew in days preceding each case study event. Cognizance of WSG and the tornado outbreak “expanded” over time. Expansion can also be “contagious” (contagious diffusion) when users engage with weather information through their Twitter network (direct contact). Examples of engagement include actively writing and disseminating weather information, or reading and absorbing weather content posted previously by another user. Direct contact, through the virtual space, exists in either case because Twitter users interact through a shared social media network. Tweets are, therefore, often contagious. I observed relocation diffusion broadly when I analyzed the change in SDE mean center locations. SDE mean centers “relocated,” from one place to another, throughout the course of each event. I expected some relocation to be evident with WSG because of the system’s progression west to east, which may be why NNI was best modeled with the cubic regression.
[bookmark: _Toc56898396]5.5 Limitations
	The time required to filter tweets was one limitation to my thesis work. As a result of my manual filtering process and its limits, some tweets that passed through were irrelevant to my study. Tweets related to Mardi Gras is one example. Many of these tweets contained the tornado-outbreak keyword “hail,” but were in reference to holiday festivities. The words “Mardi Gras” did not appear in Figures 3 or 4, which is why I did not eliminate these tweets from my study. Machine learning can be used in future studies to more efficiently filter tweets. 
	Sample sizes, and keywords used to acquire tweets were also limitations. Tornado-outbreak (WSG) tweets were acquired by inputting 11 (3) keywords into the API. The API initially returned 14,983 tornado outbreak and 25,836 WSG tweets. Upon filtering, 213 tornado outbreak and 2,881 WSG tweets remained. I therefore used only 1.42%  tornado outbreak and 11.15%  tweets in my data analysis. Tornado-outbreak tweets, acquired through the API, were noisy and largely off-topic. The keyword “basement” presented issues which I determined through my attempt at filtering tweets through random samples. Instead of tweets mentioning “basement” in a protective-action sense such as, “I’m going to the basement because there are reports of a tornado near,” some tweets referred to The Basement (a bar in Atlanta, Georgia). I noticed similar issues with the keywords “hail” and “shelter,” when I tried to filter tweets. “Hail” tweets largely referenced Mardi Gras festivities while “shelter” tweets promoted animal shelters. I thought more API keywords would result in higher quality tweets that were more related to the tornado outbreak itself, but this was not the case. I suggest that researchers user fewer, more specific keywords to yields more relevant tweets from Twitter’s APIs. Low sample size may also be attributed to removing duplicate tweets, as part of my tweet cleaning scheme. It is possible that retweeted tweets were removed when eliminating duplicates. Expansion diffusion may be observed by analyzing retweets. For example, expansion diffusion would be observed if many people retweeted a celebrity’s tweet. The tornado-outbreak sample size would likely be larger if duplicate tweets (and consequently, retweets) were not eliminated. This would possibly alter tweet count, NNI, regression, and SDE results.






CHAPTER SIX
[bookmark: _Toc56194408][bookmark: _Toc56898397]CONCLUSION
	I researched how tweet diffusion varies spatiotemporally during two case studies. I refer to WSG as a “multi-day, synoptic” system because it occurred over multiple days and regions. I consider my second case study, a tornado outbreak, a regional event because it occurred in the Southeast. Technically, this event is also caused by synoptic-scale forcing, but the storms actually causing the tornadoes are mesoscale in nature. Though atmospheric conditions favored severe weather for days prior, I selected 3 March for my second case study because 80 tornadoes formed on this day. WSG covered more space (2.5k kilometers versus 1.7k kilometer) than the tornado-outbreak area. Thousands of people lost electricity during WSG and 23 people lost their lives during a particular tornado in central Alabama. Both hazardous weather events created a human impact; however, daily tweet counts indicate people remained interested in the tornado outbreak longer than WSG.
	The tweets for this work were acquired by inputting keywords into Twitter’s Streaming and Searching APIs. The APIs produced 25,836 WSG and 14,983 tornado-outbreak tweets. Filtering techniques reduced counts to 2,844 (WSG) and 213 (tornado outbreak) tweets. I first observed daily tweet counts. Pre-event tweets steadily rose in the tornado-outbreak case study, but dipped one day in WSG. The greatest number of tweets occurred during the peak of each hazardous weather event. Post-event, tweet counts dropped immediately following event peaks, but, tweets rebounded slightly on the final day of the tornado-outbreak case study. 
	I analyzed tweet diffusion in two different ways. First, I used methods outlined by Lee et al. (2014); specifically, I regressed NNI values over time using cubic and inverse regression models. My regression models generally performed poorly, especially in the tornado-outbreak case study, as indicated by low R2 values. This finding suggests regression is not a suitable method for classifying hazardous weather tweet diffusion. High variance was observed over early hours in the regression analysis (as seen in Figures 8 and 9). This is possibly attributed to NNI calculations based on too few points. In other words, there is possibly a minimum number of NNI values that must be present in a system prior to using as the dependent variable in a regression model. A complicated pattern emerges, as tweets are shared in virtual space while weather systems move across physical space. The tornado-outbreak case study also exists over multiple scales. The entire event is of the synoptic scale, while an individual tornado is of the microscale. Simple regression models cannot account for complex phenomena that occur over multiple spaces and, as is the case in the tornado outbreak, multiple scales. Next, I analyzed the data using SDEs, and assessed how tweet mean center locations changed throughout the duration of the events. WSG tweets did not seem to follow the system’s path. Concentrations were consistently highest in the Ohio River Valley and Mid-Atlantic, even though WSG formed over the Great Plains and Mid-West first. Tornado-outbreak SDE and tweets aligned with locations warned for severe convective weather by the Storm Prediction Center, rather than locations with high population densities. The final two days are an exception, as tweet counts rose due to broader interest in the overall event. My findings support the hypothesis that WSG demonstrated relocation diffusion because R2 values were highest in the cubic regression model. Expansion diffusion was not observed in the tornado-outbreak case study, as originally predicted. R2 values were rather low, and the event’s complicated nature was not well-modeled via regression.
	My thesis, in combination with ongoing and future works in this area, will help the research community better understand when people become aware of natural hazard events and information. Multidisciplinary research rooted in psychology, sociology, and human dynamics can be used to approach the topics of weather awareness and spatiotemporal information diffusion from multiple angles. A thorough content analysis can be used for a more comprehensive analysis of tweet diffusion. Tweets often convey emotion, opinion, and tone—none of which were captured by my thesis because I only examined tweet counts and tweet locations. Had the APIs provided more relevant tweets, I would have looked into this further. Additional research examining tweet content may help researchers better understand when and how people become mindful of weather information shared on social media. 
	Future studies may also determine whether results are unique to my case studies, or if other weather events lead to similar findings. Specifically, it is unclear whether other tornadoes generate interest on Twitter after initial events pass, suggested by my tornado-outbreak case study. Future studies can use my methods to study tweet diffusion throughout different contemporary or historical case studies. Hu (2018) examined tweets counts before, during, and after Hurricane Irma (2017); however, methods used did not include NNI, regression, or SDE. Coastal NWS offices may take particular interest in studies analyzing hurricane-related tweet diffusion to gain insight of what community members are thinking and feeling during a hazardous weather event. Such valuable information can help community leaders better educate and inform the public during a potentially chaotic situation.
	While WSG impacted multiple regions including the Rockies, Mid-West, Ohio River Valley, and Mid-Atlantic, I did not perform a comprehensive regional tweet analysis. There are likely different barriers as well as social, cultural, or climatological factors that may help explain tweet behavior across different regions. Mid-Westerners, for instance, may be more conditioned to winter weather than people in the Mid-Atlantic. The Southeast, though studied as one area in my tornado-outbreak case study, can likely break down into smaller sub-regions. Each sub-region may also have different factors that could influence one to tweet. For example, people who live in rural locations may have more personal experience with tornadoes than individuals who live in cities. Future research can determine the effect of regions on tweet patterns. 
	I noticed SDEs and Convective Outlook risk levels aligned fairly well in the tornado-outbreak case study. One additional future study may include quantitatively comparing the overlap of SDEs and Convective Outlook risk levels in future tornado outbreaks. While this was the original goal for my work, the sample size in my study limits my ability to draw these conclusions. 
	I believe my research is important for communities. Local NWS forecasters, emergency managers, media personnel, and government officials routinely share weather information with the public. These individuals can use my research and similar works to understand how weather information spreads on Twitter, and improve hazardous weather communication or education efforts. Community leaders can use the findings I presented to better understand human experience during hazardous weather events. 
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